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Abstract. Federated learning (FL) in heterogeneous environments re-
mains challenging because client models often differ in both architec-
ture and data distribution. While recent approaches attempt to address
this challenge through client clustering and knowledge distillation, simul-
taneously handling architectural and statistical heterogeneity remains
difficult. We introduce COSMOS, a model-agnostic framework that en-
ables server-side personalization using only pseudo-label communication.
Clients train local models and predict on the public data; the server
clusters clients by prediction similarity, trains a cluster-specific model
for each group using its own compute, and distills the resulting mod-
els back to clients. We provide the first theoretical analysis showing
that distillation from the learned cluster models can yield exponen-
tial personalization risk contraction, going beyond the convergence-to-
stationarity guarantees typically provided in model-agnostic FL. Exper-
iments across benchmarks demonstrate that COSMOS consistently out-
performs all model-agnostic FL baselines while remaining competitive
with state-of-the-art personalized FL methods. More broadly, our re-
sults highlight personalized server-side learning with pseudo-labels as a
promising paradigm for scalable and model-agnostic federated learning
in highly heterogeneous environments.

Keywords: Federated Learning · Personalized Federated Learning.

1 Introduction

Federated learning (FL) is a distributed training paradigm where clients collab-
oratively train one or more server-side models without disclosing local data [12,
18,22]. Motivated by the heterogeneity of client data distributions, a host of per-
sonalized FL (PFL) methods has been developed to tailor models to individual
clients [1,3,16,29]. However, most existing FL schemes still presume some struc-
tural knowledge or compatibility of client model architectures. This imposes a
significant practical barrier, as clients may often wish to use whatever model
architecture best fits their needs, or make use of proprietary architectures that
they would not wish to disclose. Consequently, an important practical need in
FL is to be model agnostic, allowing clients using whatever models they choose
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to simply “plug in” to the FL scheme. The implication of model-agnostic FL is
that it disallows any communication about model parameters or gradients.

Despite the clear practical need, the problem of model-agnostic FL remains
underexplored, particularly when clients simultaneously differ in both data dis-
tributions and model architectures. Existing model-agnostic approaches there-
fore rely on output-level communication, typically utilizing a shared unlabeled
dataset [1,3,16]. Such datasets provide a common reference set on which hetero-
geneous models can exchange predictive signals without revealing parameters or
private data. In many practical deployments, such datasets are readily available
through public corpora (e.g., web-scraped images or text), synthetic generation,
or institutionally shared benchmark pools. As a result, prediction-based commu-
nication has emerged as one of the most practical mechanisms for enabling col-
laboration across heterogeneous models in FL. Moreover, by using pseudo-labels
instead of parameters or gradients, communication efficiency can be improved
significantly, which has been widely recognized as a critical concern in FL as the
wireless and other end-user connections are typically slower, more expensive and
less reliable [26].

To the best of our knowledge, COMET [3] is the closest prior work that
targets the crossover. However, COMET has three major limitations. First, the
server acts solely as a passive coordinator, neglecting the significant computa-
tional resources potentially available at the server side that could be leveraged
to facilitate personalization. Second, its reliance on heuristic K-means clustering
necessitates prior knowledge of the cluster count K and lacks a formal mech-
anism for personalization when the underlying client diversity is high. Conse-
quently, COMET’s theoretical framework is restricted to standard convergence-
to-stationarity for non-convex objectives, providing no formal guarantees regard-
ing personalization performance or risk reduction.

We address all these limitations with COSMOS (Clustered Output-based
Server Models). While a high-capacity server has the potential to assist clients,
it is highly non-trivial whether the server can effectively learn from the noisy,
heterogeneous pseudo-labels provided by the clients in the first place. COSMOS
explicitly overcomes this bottleneck through careful algorithmic design. Specif-
ically, COSMOS enables clients to train arbitrary local models on their private
data and use them to generate pseudo-labels on a shared unlabeled dataset.
The server then performs distance-controlled clustering to group clients with
similar data distributions and trains a dedicated teacher model for each cluster.
Notably, COSMOS does not require the dataset to match client distributions
exactly, only that it provides broad coverage of the input space. As we show in
the experiments (Section 6), COSMOS remains effective even when the public
dataset constitutes only a small fraction of the overall training data. At the same
time, the quality of this public pool remains a genuine limiting factor: when cov-
erage is poor or the public/private distribution shift is severe, both clustering
quality and pseudo-label reliability can degrade, so public-data construction is
an important practical design choice rather than a free assumption.
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Another critical gap in all existing model-agnostic PFL literature is the ab-
sence of risk contraction guarantees. To address this, we provide the first end-
to-end analysis of personalization risk contraction. To achieve this level of rigor,
we leverage standard tools from semi-supervised learning (SSL) theory [14, 31],
including expansion-based connectivity and bounded pseudo-label error. They
allow us to derive general sufficient conditions for exponential risk contraction
without restricting the model class. Importantly, these assumptions are used
only for analysis and do not impose constraints on the practical implementation
of COSMOS.

Our main contributions are:

1. Algorithmic Framework. We present COSMOS, the first model-agnostic
PFL framework where the server actively trains cluster-specific models using
clients’ pseudo-labels.

2. Theoretical Guarantee. We establish an end-to-end exponential contrac-
tion of personalization risk bounds for COSMOS under sufficient conditions,
providing the first general risk contraction guarantee in model-agnostic PFL.

3. Empirical Evaluation. We demonstrate that COSMOS not only consis-
tently outperforms existing model-agnostic FL methods but also maintains
competitive performance in homogeneous settings, while reducing communi-
cation from parameter sharing by 1-2 orders of magnitude.

2 Related Work

Classical Federated Learning. Federated learning was introduced through
FedAvg [22], which trains a single global model by aggregating client weight
updates. While simple and communication-efficient, FedAvg suffers with non-
IID data, motivating methods such as FedProx [18] and SCAFFOLD [12] that
stabilize optimization via proximal or control-variance corrections. Nonetheless
these methods converge to a single global model and do not offer personalization.
Model-Agnostic, Model-Heterogeneous, and Knowledge-Distillation–
Based Federated Learning. Since classical federated learning communicates
parameters or their updates, it requires every model on the clients and the server
to share the same architecture. To provide greater flexibility, a number of model-
heterogeneous approaches, such as communicating instance-level representations
as in FedHeNN [21], or abstract class prototypes as in FedProto [30], have been
proposed to relax the architectural homogeneity assumption, as have many per-
sonalized FL methods (see below). However, while model-agnostic approaches
are necessarily model-heterogeneous, most model-heterogeneous methods are
not model-agnostic, since they still impose some architectural constraints. Addi-
tionally, model-agnostic FL is necessarily knowledge-distillation–based FL (KD-
FL) [23]. Nevertheless, many KD-FL methods still rely on parameter aggrega-
tion at certain stages [2, 19, 25, 34]. To our knowledge, only FedMD [16] and
COMET [3] explore purely model-agnostic FL using soft labels, while FedCT [1]
relies on hard labels. Recently, the communication efficiency of pseudo-labels
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has also been leveraged in federated multi-view clustering (e.g., CeFMC [20])
although its objective is orthogonal to ours.

Personalized Federated Learning (PFL). Almost all practical federated
learning settings exhibit statistical heterogeneity, where different clients’ local
distributions can vary substantially. Personalized federated learning (PFL) ad-
dresses this by learning client-adapted models [29]. Existing PFL approaches
can be broadly grouped by whether they maintain a single shared server model
or a small number of server-side models. In the first group, a single global
model is adapted to each client via meta-learning (Per-FedAvg [8]), regularization
(pFedMe [6], Ditto [17]), adaptive mixing of local and global models (APFL [5]),
representation refinement (FedBABU [24]), or hypernetwork-based parameter
generation (pFedHN [27], FedSelect [28]). In the second group, clustered PFL
methods explicitly maintain multiple server-side models and assign clients to
them, as in IFCA [10], FedGroup [7], AutoCFL [11], and pFedCK [33]. To the
best of our knowledge, only COMET is also a model-agnostic PFL approach [3].
However, it requires one to specify the number of clusters K in advance, and
applies standard K-means clustering, which is heuristic and not easily amenable
to theoretical personalization guarantees.

Theory for Model-Agnostic FL. While theoretical convergence results
abound for conventional FL schemes, model-agnostic settings as well as per-
sonalization make such results significantly more challenging. The earliest
model-agnostic FL approach, FedMD [16] does not provide any theoretical
guarantees. A recent FedCT method [1] requires an oversimplified assumption
directly that the training algorithms always yield monotone increasing accuracy
to achieve convergence. The theoretical analysis for COMET [3], on the other
hand, requires linear models and a Gaussian data distribution to obtain gener-
alization results. Thus, there are no general sufficient conditions on risk bound
contraction for model-agnostic personalized FL. We bridge this gap by adopting
the analysis tools from the semi-supervised learning literature [31].

3 Model

We consider a federated learning scenario for M -class classification with N
clients and a server. Each client i ∈ [N ] has a private labeled dataset Di =
{(xij , y(xij))}j with xij drawn i.i.d. from its local distribution Di over the in-
put space X , and y(xij) the true label of xij . We assume that each Di ad-
mits a density function pi(x). A client i trains a model fi : X → [0, 1]M with
∥fi(x)∥1 = 1 from a hypothesis class Hi that can be distinct for each i, repre-
senting, for example, distinct neural network architectures for different clients.
A server, in turn, has a hypothesis class HS and can train a collection of models
H = {h1, . . . , hK} ⊂ HS , where hk : X → [0, 1]M and ∥hk(x)∥1 = 1 for each k.
In our setting, the value of K is obtained endogenously as part of the training
procedure. Furthermore, let π : [N ] → [K] be a mapping (also obtained dur-
ing training) which assigns each client i to a corresponding server model hπ(i).
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Fig. 1. Overview of the four steps in the COSMOS workflow.

Finally, following prior work on PFL, we assume availability of an unlabeled pub-
lic dataset U = {xj} of size n = |U |, with each xj drawn i.i.d. from a global
distribution Q over X . We assume that Q admits a density function q(x). It
is not difficult to obtain unlabeled datasets of this kind, for example, scraping
(open-license) images or text from the internet, or generating it synthetically.

To formalize the learning objective, we introduce some additional notation.
Let g be a classification model with outputs a distribution over M classes (i.e.,
pseudo-labels). We use A ◦ g(x) = argmaxm∈[M ][g(x)]m to denote the predicted
class (i.e., the class with the highest probability under g). Further, let RD(g) =
Ex∼D[ℓ0−1{A ◦ g(x), y(x)}] denote the risk (probability of a mistake) of g under
distribution D, where ℓ0−1 is the 0 − 1 loss, and Errx∈D(g) = 1

|D|
∑

x ℓ0−1{A ◦
g(x), y(x)} denote the hard label prediction error over a dataset D.
Learning Objective: Our goal is to train a collection {hk} of K personalized
server models, along with a client-to-model mapping π, which minimizes the per-
sonalization risk, defined as the average risk over the N clients: R†(h1, . . . , hK) =
1
N

∑N
i=1 RDi(hπ(i)).

4 Algorithmic Approach

At the high level, the proposed COSMOS framework involves iteratively fine-
tuning the client and server models using pseudo-labels collected from one an-
other. As shown in Figure 1, clients generate pseudo-labels for global data using
locally trained models, which the server clusters and aggregates to train cluster-
specific models. The resulting pseudo-labels are iteratively returned to clients
for local model refinement. We enable personalization by creating and training a
small collection H of K server models, with each server model hk specialized to
a subset of similar clients obtained through clustering. More precisely, COSMOS
proceeds in two phases: 1) the pre-training and clustering (PTC) phase and 2)
the iterative federated fine-tuning (IFFT) phase.
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4.1 The Pre-Training and Clustering Phase

The pre-training and clustering phase involves four steps: 1) local pre-training,
2) clustering, 3) server-side distillation, and 4) client-side distillation.
Step 1: Local Pre-Training. We pre-train each client i’s model fi locally on
Di for E0 epochs using conventional (e.g., cross-entropy) loss. We refer to the
resulting client models as f

(1,1)
i , where the first superscript refers to the time

step (t = 1) and the second means that the client models are trained (or fine-
tuned, in the IFFT phase) on local data (as opposed to global data U with
server-provided pseudo-labels, as in Step 4 below). Each client i then generates
pseudo-labels over the global set U , f (1,1)

i (U), and sends these to the server.

Step 2: Client Clustering. Upon receiving pseudo-labels f
(1,1)
i (U) from all

clients i, the server proceeds to cluster the clients into K clusters {Gk}Kk=1 based
on pseudo-label similarity. Our goal is to find the minimum number of clusters
K with respect to a given distance function. However, this problem is NP-hard
and the best known approximation has computational complexity exponential
in the data dimension [9]. On the other hand, while numerous heuristic cluster-
ing approaches have been proposed, they cannot be easily used to provide risk
convergence guarantees.

To address this challenge, we propose the following greedy approach, which
is amenable to theoretical analysis (see Section 5.1). We define the distance be-
tween two clients i, j as their pseudolabels’ ℓ1 distance, i.e. d(t)(i, j) = |f (t,1)

i (U)−
f
(t,1)
j (U)|1. Define the set Ni(B0, C) of B0-close neighbors of a client i among

clients in C as Ni(B0, C) = {j|j ∈ C \{i}, d(1)(i, j) ≤ B0}. At the high level, our
algorithm greedily selects a client with the most B0-close neighbors among those
not previously selected, and defines a new cluster associated with this client and
its neighbors, proceeding until all clients belong to some cluster. This is made
more precise in Algorithm 1. The resulting clustering scheme induces a cluster
assignment function π which maps each client i to a cluster k. Notably, we need
not know the number of clusters upfront, as this is endogenous to our clustering
approach. While B0 can be treated as another hyperparameter for clustering,
this hyperparameter is theoretically grounded: it is directly connected to the
personalization guarantees of our framework. In practice, this means COSMOS
is not hyperparameter-free: although K is not supplied directly, the threshold
B0 must still be tuned, for example by validation performance or a communica-
tion/compute budget.
Step 3: Server-Side Distillation. Our next step is to train the server-side
model in each cluster k based on the pseudolabels received from all clients.
Specifically, fix a cluster Gk and a datapoint x ∈ U . The server update for
each cluster model h(1)

k (where the superscript references iteration) and x ∈ U
then uses the aggregate pseudo-labels over all clients in this cluster which we
define as f̄

(1)
k (x) = 1

|Gk|
∑

i∈Gk
f
(1,1)
i (x) for clients i ∈ Gk, i.e., the average of

the pseudo-labels of the clients in the k-th cluster. Finally, the server performs
gradient-based training for each cluster-specific model k to minimize the follow-
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Algorithm 1: Greedy Clustering.
Input: Clients 1, . . . , N with associated hard label vectors {yi}; clustering

parameter B0.
Output: The number of clusters K and the associated collection of client

clusters G = {Gk}Kk=1.
Initialization: C = [1, . . . , N ], G = {∅}, K = 1
while C ̸= ∅ do

i∗ ∈ argmaxi∈C |Ni(B0, C)|
GK = {i∗ ∪Ni∗(B0, C)}
G = G ∪ GK ; C = C \ GK ; K = K + 1

ing objective:

Ĵ(h
(1)
k ; ℓ) =

∑
x∈U

[
ℓ(hk(x), f̄

(1)
k (x)) + λ rB(h

(1)
k ; ℓ)(x)

]
, (1)

where ℓ(·, ·) is a loss function and rB(·, ℓ) an input-specific regularization term.
The role of the regularization term in our setting is to train the models which
are locally smooth (related to the consistency and robustness properties cen-
tral to our theoretical analysis in Section 5). Specifically, let T denote a set
of permissible data augmentations (e.g., image translations and rotations) and
fix d to be a small radius capturing minor perturbations around augmented
data points (in particular, we assume that d is significantly smaller than the
typical norm of x). For an input x ∈ X , define its transformation ball as:
B(x) = {x′ ∈ X : ∃T ∈ T s.t. ∥x′ − T (x)∥ ≤ d}. Next, let the neighborhood
N (x) of a point x be the set of inputs whose transformation balls intersect with
B(x): N (x) = {x′ : B(x) ∩ B(x′) ̸= ∅}. Let S ⊂ N (x) be a finite sample of
the neighborhood of x (e.g., obtained by rejection sampling). We now define a
regularization term for any model g as rB(g; ℓ)(x) :=

∑
x′∈S

{
ℓ(g(x′), g(x))

}
. We

use the same loss function for the supervised term and regularized term, but
allowing different loss functions is also admissible. We motivate this form of reg-
ularization more precisely in Section 5. This server-side stage is also the main
additional systems cost of COSMOS relative to passive-server methods such as
COMET: the total server work scales with the number of clusters, the size of
the public pool, and the chosen server architecture, although the cluster models
can be trained in parallel when compute is available.

After gradient-based training for each server-side model h(1)
k using the objec-

tive (1), we send the resulting pseudo-labels h
(1)
k (U) to clients in cluster Gk.

Step 4: Client-Side Distillation. Finally, each client i fine-tunes its local
model f (1,2)

i , where the second superscript refers to the second round of local
fine-tuning based on the pseudo-labels h

(1)
π(i)(U). We use the following objective:

F̂ (f
(1,2)
i ; ℓ) =

∑
x∈U

wi(x)
[
ℓ(f

(1,2)
i (x), h

(1)
π(i)(x)) + λ rB(f

(1,2)
i ; ℓ)(x)

]
, (2)
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where wi(x) are the client-specific weights of data in U that allow for im-
portance sampling techniques (see Section 5). In practice, we find that setting
wi(x) = 1 for all i and x is effective in practice, and avoids the need to make
assumptions about the local and global distribution differences.

4.2 The Iterative Federated Fine-Tuning Phase

After the PTC phase, we enter an iterative FL phase in which we alternate 1)
local fine-tuning, 2) server-side distillation, and 3) client-side distillation over a
fixed number of iterations. We now describe each step for a fixed iteration t.
Step 1: Local Fine-Tuning. The PTC phase effectively serves as iteration
t = 1. In any IFFT iteration t ≥ 2, the local fine-tuning step for client i

starts from the model f
(t−1,2)
i (obtained by fine-tuning on the public data U

annotated with the server’s pseudo-labels, as described in Step 3 below), and
performs supervised training on its labeled local dataset Di = {(x, y)} to ob-
tain f

(t,1)
i . Concretely, as before, client i approximately minimizes the empirical

risk with a calibrated surrogate loss ℓ such as cross-entropy loss R̂ℓ,Di
(f) =

1
|Di|

∑
(x,y)∈Di

ℓ
(
f(x), y

)
). For the contraction analysis, we explicitly assume this

supervised update is classification-safe: with high probability over the local sam-
ple and optimization noise, it does not increase the true 0–1 risk on Di beyond
the generalization slack. After fine-tuning, the pseudo-labels f

(t,1)
i (U) are then

sent to the server to fine-tune the model ht
π(i).

Step 2: Client-Side Distillation. In iteration t, each server model k ∈
[1, . . . ,K] is fine-tuned on the pseudo-labels f

(t,1)
i (U) received from clients

i ∈ Gk in a way that closely mirrors Step 3 of the PTC phase. That is, we
define f̄

(t)
k (x) = 1

|Gk|
∑

i∈Gk
f
(t,1)
i (x) for i ∈ Gk. The server model h(t)

k is then

fine-tuned using the objective (1), with h
(1)
k replaced by h

(t)
k and f̄

(1)
k (x) replaced

by f̄
(t)
k (x). The server then sends pseudo-labels h

(t)
k (U) to clients i ∈ Gk for all

k.
Step 3: Client-Side Distillation. Finally, we fine-tune each client i from the
pseudo-labels h(t)

π(i)(U) using the objective from Equation 2 (as in Step 4 of PTC),

in which we replace f
(1,2)
i with f

(t,2)
i and h

(1)
π(i) with h

(t)
π(i).

5 Personalization Guarantees

In this section, we analyze the population risk of COSMOS with respect to the
client distributions {Di}Ni=1. We provide such guarantees both for the individ-
ual client models, as well as for the overall personalization risk on the server.
This analysis entails several technical challenges. First, as clustering is NP-hard,
heuristic approaches are typically used, and it is therefore not evident how to
achieve convergence guarantees for personalization risk for algorithms that lever-
age clustering (as COSMOS does). Second, it is clear that arbitrary distributions
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Di (of the client data) and Q (of global data) cannot achieve convergence. For
example, if Q puts all mass on a single datapoint, the clustering step will fail.
Prior approaches deal with this issue by making strong distributional assump-
tions, such as assuming a Gaussian data distribution [3]. We aim to obtain general
sufficient conditions on the data distributions. Third, we wish to make minimal
assumptions on the nature of client and server models, unlike prior approaches
that require linearity for generalization bounds [3, 27].
Notation: Before diving into the technical details, we define some useful nota-
tion. For a client i, let Si = supp(Di) ⊆ X denote the support of i’s local data dis-
tribution and Sc

i = X \Si be its complement. We write Ui = U∩Si for the client-
supported portion of public data and U c

i = U \Ui for its complement. Let Q(Si)
denote the probability of Si under Q. Let Qi := Q(· | Si) denote the restriction of
Q to Si, with density qi(x) = q(x)/Q(Si). Let Qc

i := Q(· | Sc
i ) . For any functions

g and g′, and input x, define G(g, g′, ℓ) = ℓ(g, g′)+λrB(g; ℓ). Then, we can write
the server-side cluster k’s objective Ĵ(hk) =

∑
x∈U G(hk, f̄k, ℓ)(x), where hk is

the server-side model and f̄k the aggregate model over clients in the kth clus-
ter. Similarly, we can write F̂ (fi; ℓ) =

∑
x∈U wi(x)G(fi, hπ(i), ℓ)(x) for a client

i’s model fi. It will also be useful to define Ĵi(hk; ℓ) =
∑

x∈Ui
G(hk, f̄k, ℓ)(x)

and Ĵc
i (hk; ℓ) =

∑
x∈Uc

i
G(hk, f̄k, ℓ)(x) for the server, and similarly, F̂i(fi; ℓ) =∑

x∈Ui
wi(x)G(fi, hπ(i), ℓ)(x) and F̂ c

i (fi; ℓ) =
∑

x∈Uc
i
wi(x)G(fi, hπ(i), ℓ)(x) for

each client i. Ĵi and F̂i are the server and client objectives with respect to the
public data Ui restricted to support of i’s data distribution, whereas Ĵc

i and
F̂ c
i are these objectives on the portion of U outside client i’s support. Since

U = Ui∪U c
i for each i, we can also note that Ĵ(hk; ℓ) = Ĵi(hk; ℓ)+ Ĵc

i (hk; ℓ) and
F̂ (fi; ℓ) = F̂i(fi; ℓ) + F̂ c

i (fi; ℓ).
Moreover, insofar as our interest is in convergence (in terms of true risk), the

objectives for the clients and server defined above are only estimates thereof. The
true objective of each server-side cluster is J(hk; ℓ) = Ex∼Q[G(hk, f̄k, ℓ)(x)], with
Ji(hk; ℓ) = Q(Si)Ex∼Qi [G(hk, f̄k, ℓ)(x)]; J

c
i (hk) = Q(Sc

i )Ex∼Qc
i
[G(hk, f̄k, ℓ)(x)];

and we define F (fi; ℓ), Fi(fi; ℓ), and F c
i (fi; ℓ) analogously for each client i. While

cumbersome, the key consideration that this notation enables us to deal with
is how well-behaved the objective functions of the server and clients are on the
supported and unsupported parts of the public data.

5.1 Clustering

Our risk analysis relies on a controlled within-cluster pseudo-label distance B
over the shared unlabeled set U . In particular, the greedy clustering procedure
in Section 4.1 enforces this property in the first round by constructing clusters
with threshold B0, where B0 ≤ B. In subsequent rounds, bounded in-cluster
disagreement is expected to continue to hold because all clients are anchored to
the same public set and distill from the same cluster-level teacher in each round.
This condition is the mechanism that lets us control how much a cluster-level
aggregation step can degrade client i’s pseudo-labels, which leads to Lemma 1.
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Without an explicit bound, similarity-based clustering may work well empirically
but offers no convergence guarantees: aggregation within a cluster can introduce
uncontrolled label error.

We additionally require clients to have confidence margin on Ui to prevent
small within-cluster discrepancies from flipping argmax labels. This is reasonable
because f

(t,1)
i is obtained by fine-tuning on client i’s labeled data, so its predic-

tions on the in-support public subset Ui are expected to be sufficiently decisive.
Formally, for any g(x) mapping inputs to a distribution over labels [M ], define
the margin ∆g(x) = g(x)(1) − g(x)(2), where g(x)(m) denotes the m-th largest
coordinate of g(x).

Condition 1 For each iteration t and cluster k, the within-cluster pseudo-label
distance is bounded: maxi,j∈Gk

d(t)(i, j) ≤ B. Moreover, for each client i there
exists γ > 0 such that for every x ∈ Ui, ∆f

(t,1)
i

(x) ≥ γ.

Lemma 1. For each client i, Errx∈Ui
(f̄

(t)
k ) ≤ Errx∈Ui

(f
(t,1)
i ) + 2B

γ |Ui| .

5.2 Data and Objective Conditions

Our next challenge comes from the server’s reliance on the public unlabeled
pool U : since it never observes clients’ labeled data, any guarantee must ensure
that the distribution Q induced by U provides adequate coverage of each local
distribution Di. In particular, a key requirement is that the public distribution Q
does not under-cover nor over-concentrate on regions where client i has support.
We formalize this as the following condition.

Condition 2 (Distributional coverage) For each client i with local data dis-
tribution Di that has density pi, wi,1 = supx∈Si

pi(x)
qi(x)

and wi,2 = supx∈Si

qi(x)
pi(x)

are bounded.

We note that we can in principle construct U to be sufficiently diverse, or define
a sampling distribution Q to have a strictly positive density over X , such as a
Gaussian distribution. Then, if X is bounded (for example, X = [0, 1]m, as for
normalized image data), the condition will hold for reasonable Di (since the sup
is over its support).

Furthermore, we must ensure convexity for a well-conditioned optimization
landscape, and that data points outside the support of each client’s distribu-
tion do not excessively interfere with learning from client-supported data, where
pseudo-labels are expected to be more accurate. To capture this, we require key
data-dependent regularity conditions on the server and client objectives, J, Ĵ , F ,
and F̂ , captured by the following definition.

Definition 1 (Locally well-conditioned Objective). We say a differentiable
function Φ(θ; ℓ) is (µ,L)-locally well-conditioned if

1. Φi is µ-strongly convex: ∇2Φi(θ) ⪰ µI for µ > 0.
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2. ∇Φc
i is L2-Lipschitz continuous: ∥∇Φc

i (θ)−∇Φc
i (θ

′)∥ ≤ L∥θ − θ′∥ ∀θ, θ′ for
some 0 < L < µ.

3. ∥∇Φ̂c
i (θ

∗)∥ ≤ τ where θ∗ = argminθ Φ̂i(θ).

In the following, we note that the functions F , F̂ , J , and Ĵ are, effectively,
functions of parameters of the models they are constructed around, whether
these are the server-side models hk or the client-side models fi.

Condition 3 For all clients i and COSMOS iterations t:

1. F (θ
(t)
i ; ℓ), F̂ (θ

(t)
i ; ℓ), J(θ(t)k ; ℓ), and Ĵ(θ

(t)
k ; ℓ) are locally well-conditioned, and

2. The pseudolabels generated by any pairs of parameters θ, θ′ from the same
hypothesis class are L1-Lipschitz continuous: supx∈X

∥∥θ(x) − θ′(x)
∥∥
∞ ≤

L1 ∥θ − θ′∥.

The final regularity condition bounds how often inputs fall arbitrarily close to
the decision boundary, so that a small change in the objective does not frequently
flip the predicted label. Concretely, we adopt a standard Tsybakov-style margin
condition for the optimal classifiers.

Condition 4 (Confidence margin condition) For each client i, let f∗
i ∈

argming∈Hi Fi(g; ℓ) and let h∗
i ∈ argming∈HS

Ji(g; ℓ). Then for all i, there exist
constants C > 0 and α > 0 such that ∀t ≥ 0, Pr

(
∆f∗

i
(x) ≤ t

)
≤ C tα and

Pr
(
∆h∗

i
(x) ≤ t

)
≤ C tα.

5.3 Pseudolabel and Label Conditions

While our clustering controls the additional error introduced by aggregation,
and our data/objective conditions support stable gradient-based optimization, a
purely pseudo-label-based method still requires additional structure to be prov-
ably effective. In particular, the pseudo-labels must carry nontrivial information
about the ground truth, and the ground truth labels should satisfy some struc-
tural connectivity so that the learner can generalize beyond the pseudo-labeled
points rather than merely memorizing arbitrary functions. These conditions are
what enable learning from pseudo-labels, inducing the weak-to-strong general-
ization we observe at the server’s end [14].

Specifically, we adopt the expansion-and-robustness framework of [31], which
expresses label connectivity via input-space transformations T and associated
neighborhoods N (x) of a given input x (see Section 4.1, Step 3). For a subset
V ⊆ X , define N (V ) as the union of neighborhoods of its points: N (V ) =⋃

x∈V N (x). Expansion ensures that if a set V contains a small fraction of a
given class, then closing V under the neighborhood operator N (·) captures a
larger fraction of that same class.

Definition 2 ((b, c)-expansion). A distribution D satisfies (b, c)-expansion if
for every class m and ∀V ⊆ X with Prx∼D|x∈V [y(x) = m] ≤ b, we have
Prx∼D|x∈N (V )[y(x) = m] ≥ min{cPrx∼D[y(x) = m | c ∈ V ], 1}.
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To quantify the probability that pseudo-labelers make mistakes for any client
i and iteration t, define

b = sup
t,i

max
{
Qi

(
M(h

(t)
π(i))

)
, Qi

(
M(f̄

(t)
π(i))

)
,

Di

(
M(h

(t)
π(i))

)
, Di

(
M(f̄

(t)
π(i))

)}
,

where M(f) := {x ∈ X : A ◦ f(x) ̸= y(x)}.
The following natural condition requires that the probability b of pseudo-

labeling errors is not too large, as well as inputs with a given class are sufficiently
well-connected.

Condition 5 (Effective pseudo-labelers) b ≤ 1
3 .

Complementing expansion, robustness formalizes the idea that inputs close
in the input space share the same labels. We characterize this property in terms
of robustness loss.

Definition 3. For a function f and distribution D, robustness loss is the frac-
tion of examples that are not robust to input transformations:

RB(f,D) = Ex∼D

[
1
{
∃x′ ∈ N (x) : f(x′) ̸= f(x)

}]
.

Condition 6 (Label connectivity) For every client i and true classifier
y(x), Qi and Di satisfy (b, c)-expansion for some c > 3 and max{RB(y,Qi),
RB(y,Di)} ≤ ρ.

5.4 Risk Contraction

We now put these tools together to provide bounds for the client-side and server-
side risk. Proofs are omitted for space. Define c = min

{
c, 1

b

}
. Suppose that 1)

c > 2w1w2 + 1, where w1 = maxi{wi,1} and w2 = maxi{wi,2}, 2) λ = 2c
c+1 , 3)

Conditions 1–6 hold, and 4) each supervised local update is classification-safe:
with high probability, the update from f

(t−1,2)
i to f

(t,1)
i does not increase the

true 0–1 risk on Di beyond the lower-order generalization slack.

Theorem 1. For any client i at any iteration t, with probability at least 1−δ, its
server model h(t)

π(i)’s risk is contracting: RDi
(h

(t)
π(i)) ≤ κ1 RDi

(f
(t,1)
i )+Õ(n−1/2),

where κ1 = 2w1w2

c−1 < 1 and the lower order term hides constants and poly-log
terms in n.

Theorem 2. Let κ2 = 4w1w2

(c−1)2 < 1. For each client i and iteration t, with prob-

ability at least 1− δ, RDi

(
f
(t,2)
i

)
≤ κ2 RDi

(
f
(t−1,2)
i

)
+ Õ

(√
log(1/δ)

n

)
.

Applying a union bound, we obtain a contraction of the personalization risk
bound at an exponential rate.
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Fig. 2. Comparison of COSMOS and model-agnostic baselines on four benchmarks.
Client models consist of MobileNet and SqueezeNet architectures. Curves show mean
client accuracy over rounds (Top-1 for CIFAR-10/100 and EMNIST; Top-5 for Tiny
ImageNet).
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Fig. 3. Performance of COSMOS and heterogeneous-model baselines on CIFAR-100
under different mixtures of client architectures. Each subfigure corresponds to a distinct
architecture combination.

Corollary 1 (Personalization Risk Bound). With probability at least 1− δ
personalization risk after T iterations is

R†
(
h
(T )
1 , . . . , h

(T )
K

)
≤ 1

N

N∑
i=1

κT
2 RDi

(
f
(1,1)
i

)
+ Õ

(√
log(T/δ)

n

)
.

Moreover, for sufficiently large n and T , personalization risk drops below the
risk from local training alone.

6 Experiments

Experiment Setup: We construct client datasets using Dirichlet non-IID par-
titioning with concentration parameter α [32]. Specifically, the label space is
partitioned into five disjoint groups, each containing 20% of the classes, and
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clients are assigned to one group. For each class, its samples are distributed
among the clients within the same group according to a Dirichlet draw. To in-
troduce limited cross-group exposure and better reflect realistic data sharing, a
fraction of each client’s local samples (10%) is pooled, randomly shuffled, and
uniformly redistributed across all clients. Our unlabeled dataset U consists of
20% of all training data. We use accuracy as the efficacy measure.

We selected client architectures among 4 options: AlexNet, ResNet18, Mo-
bileNet, and SqueezeNet. We use VGG16 for the server. Our focus is on the
model-agnostic setup, where we compare COSMOS with the only three truly
model-agnostic baselines (all others require knowledge of client model architec-
ture; see Section 2): FedMD [16], FedCT [1], and COMET [3].

We use four image classification benchmarks: EMNIST-balanced [4], CIFAR-
10 and CIFAR-100 [13], and Tiny ImageNet [15]. The main experiments use 25
clients over 10 communication rounds, using Dirichlet non-IID sampling (α = 5).
Each data point in the figures reflects the mean client accuracy over three ran-
dom seeds. Because all compared model-agnostic baselines exchange predictions
on the shared pool, communication cost is naturally tied to the size of U and the
label dimension; even so, prediction exchange remains far cheaper than param-
eter sharing in our setting. For example, the per-client transmission cost is 0.38
MB for pseudo-labels versus 113.36 MB for parameter transfer on CIFAR-10,
and 3.81 MB versus 114.76 MB on CIFAR-100.
Results: Figure 2 presents the main results across all four benchmarks in the
model-agnostic setting with α = 5. In all cases, COSMOS outperforms all model-
agnostic baselines by a large margin. Moreover, its advantage increases with
increasing task complexity (from EMNIST to TinyImageNet). This trend is sta-
ble across the additional heterogeneity settings α ∈ {1, 100}: COSMOS remains
strongest on the harder benchmarks and does not lose its advantage when het-
erogeneity is either increased or relaxed.

Figure 3 evaluates COSMOS under different mixtures of client architectures.
Across all combinations, COSMOS remains robust to heterogeneity in client ca-
pabilities, including settings with a high proportion of weaker models (AlexNet),
maintaining substantial performance edge over baselines. These gains are not
free: COSMOS improves further when the shared public pool is larger and the
server model is stronger, which is consistent with the theoretical coverage as-
sumptions and with the additional computation required to train cluster-specific
teachers.

Finally, we analyzed the sensitivity of COSMOS to key design choices and
hyperparameters (including temperature T and weight of the regularization term
λ). We find that COSMOS is quite robust to small changes in λ, with T = 1
and λ = 5 yielding the best performance.

7 Conclusion

In this work, we introduce COSMOS, a framework that addresses a critical bot-
tleneck in federated learning: achieving high-performance personalization while
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remaining fully model-agnostic. By allowing clients to utilize arbitrary (even
proprietary) architectures through the communication of predictions on a shared
unlabeled pool, COSMOS removes the structural barriers that have historically
limited the deployment of PFL in diverse, real-world ecosystems. We establish
a general end-to-end theoretical analysis of risk (generalization) bound contrac-
tion of our framework that significantly generalizes past theoretical results in
this setting. We also validate the algorithm’s effectiveness against state-of-the-
art baselines across multiple benchmarks. Current experiments are limited to
image classification, and a key next step is to study more severe public/private
distribution shift as well as additional modalities and decentralized variants of
the framework.
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