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ABSTRACT

Federated Learning (FL) enables the collaborative training of models across heterogeneous edge devices while preserving data

privacy; however, its performance degrades significantly under domain shift. While integrating Vision-Language Models (VLMs)

can mitigate this, existing prompt-tuning methods typically remain coupled to the massive VLM backbone during inference,

rendering them impractical for resource-constrained edge devices. To address this challenge, we propose CLIP-assisted

Domain-Invariant Federated Learning (CDIFed), which decouples the VLM from the deployment model to enhance robustness

without incurring high inference latency. This framework integrates a Text-Guided Domain Adapter, implemented as a parameter-

efficient bottleneck module, which aligns visual features with invariant text-based anchors to filter domain-specific noise while

maintaining class-discriminative semantics. CDIFed operates through a communication-efficient two-phase framework: clients

first adapt a frozen CLIP teacher, and then the adapted teacher supervises the training of a lightweight student network

via feature knowledge distillation. Unlike previous approaches, the heavy VLM is discarded after adaptation, and only the

student model parameters are transmitted to the server for aggregation. Experiments on the Digits and Office-Caltech

benchmarks demonstrate that CDIFed significantly outperforms state-of-the-art methods in federated domain generalisation

while maintaining the inference efficiency required for heterogeneous edge devices.

1 Introduction

The proliferation of data generated on resource-constrained edge devices has created immense opportunities for training

powerful machine learning models. However, centralising this data can be unworkable because of strict privacy regulations,

communication overheads, and the bandwidth limitations inherent to distributed edge networks. To mitigate these constraints,

Federated Learning (FL) has been established as a pivotal framework. Within this paradigm, numerous local clients participate

in the joint optimisation of a global model orchestrated by a central node, while retaining their raw datasets locally to ensure

confidentiality. The standard process, demonstrated by the FedAvg1 algorithm, involves clients training a model on their local

data and transmitting only the updated model parameters to the server for aggregation.

Despite its efficacy, FL faces substantial hurdles due to the intrinsic non-IID nature of local data. As reviewed by Bhanbhro

et al.2, these hurdles are particularly acute in heterogeneous edge computing environments, where differences in device

capabilities, data distribution, and model requirements significantly degrade performance. A predominant challenge lies

in statistical heterogeneity, characterised by divergent data distributions among participants (e.g., variations in P(y)). To

address this in resource-constrained edge systems, recent methods such as those by Wu et al.3 have employed strategies like

prototype-based knowledge distillation and two-stage feature extraction to manage non-IID data. In the context of image

classification, this implies that a specific client might exclusively hold samples from a subset of categories, whereas others

contain disjoint label sets. Methods such as FedProx4 have tried to mitigate the “client drift” caused by this type of heterogeneity

by regularising local training. Recent advancements also include joint exploration of drift and forgetting5, privacy-preserving

AI frameworks for smart cities6, and adaptive hierarchical clustering for resource-constrained IoT devices7.

Furthermore, a distinct yet critical obstacle in practical deployments is domain shift. This phenomenon manifests as

covariate shift, wherein the marginal distribution of input features, denoted as P(x), exhibits significant discrepancies across

clients, notwithstanding the alignment of the label space.9. For example, in real-world IoT deployments, a smart home security

system must recognise objects (e.g., ’person’, ’package’) across a fleet of heterogeneous cameras. One user may deploy a

high-definition indoor camera with warm lighting, while another uses a doorbell camera with a fisheye lens and night-vision

infrared capabilities. Similarly, in mobile computing, image signal processors (ISPs) from different smartphone manufacturers

produce distinct colour profiles and noise patterns for the same scene. In these cases, a model trained on data dominated by one

specific device type or environmental condition learns features specific to that domain’s visual style (e.g., the green tint of night



Figure 1. In a Federated Learning setup, a model often learns features specific to high-quality data (left). When deployed to

heterogeneous edge devices (right), the standard global model fails to recognise the same object due to statistical divergence in

visual styles (covariate shift), despite the semantic label remaining the same.

vision). Standard aggregation methods, such as FedAvg, fail in this setting because averaging the parameters of models trained

on such visually distinct sensor domains results in a global model that generalises poorly across the ecosystem.

To directly address this issue, the field of Federated Domain Generalisation (FDG) has emerged. Previous work in FDG has

largely focused on three categories of methods. Some methods employ regularisation techniques to encourage the model to learn

domain-invariant representations by suppressing domain-specific correlations10, 11. Others propose architectural modifications,

such as disentangling the model into shared domain-invariant and private domain-specific components12, 13. A third line of work

attempts to explicitly align the feature distributions from different client domains14. While these approaches have advanced the

field, they are often applied to networks trained from scratch. Their effectiveness can be limited when the domain discrepancy

across clients is large, as learning robust, generalisable features from scratch under these conditions is fundamentally difficult15.

This limitation has motivated a shift towards leveraging large-scale pre-trained models. In particular, Vision-Language

Models (VLMs) such as Contrastive Language-Image Pre-training (CLIP)16 offer a promising foundation. By utilising a

massive dataset of hundreds of millions of image-text pairs, CLIP establishes a shared embedding space that directly connects

visual imagery with human language. This process compels the model to learn abstract, semantic features that are inherently

more robust to domain variations, as it learns the core concept of an object rather than its context-specific appearance17.

In this study, we propose a novel framework, CLIP-assisted Domain Invariant Federated Learning (CDIFed), to explicitly

leverage the domain generalisation capabilities of CLIP within a communication-efficient FL setting. An overview of the

proposed framework is illustrated in Fig. 2. Directly federating a large model such as CLIP is infeasible due to excessive

communication costs. Therefore, CDIFed employs a two-phase knowledge transfer process. First, on each client, a pre-trained

CLIP model is adapted to the local data domain using a parameter-efficient adapter module. This creates a powerful, specialised

“teacher” model without updating the entire network. The adapter’s bottleneck structure acts as a regulariser, filtering out

domain-specific noise while retaining semantic information. Second, the rich, domain-invariant knowledge from this teacher is

distilled into a much smaller, lightweight “student” model (e.g., a ResNet18). Crucially, only the parameters of these compact

student models are transmitted to the server for aggregation. This decoupled approach ensures training stability by providing a

fixed teacher target and improves efficiency by allowing the computationally heavy text encoder to be offloaded after the initial

adaptation. Crucially, this method preserves the low communication overhead necessary for practical FL, while still enriching

the final global model with CLIP’s robust features.

Our contributions are described as follows:

1. We propose CDIFed, a federated learning framework which suppresses domain-specific visual noise using a text-guided

domain filter and through fine-tuning of a local CLIP-based teacher with knowledge distillation to a lightweight student

model.

2. We introduce a decoupled two-phase training strategy that utilises the domain-invariant properties of text supervision for

adaptation, while ensuring communication efficiency and training stability during aggregation.

3. We conduct experiments on the Digits and Office-Caltech benchmarks, demonstrating that CDIFed significantly outper-

forms existing state-of-the-art FL methods.
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2 Related Work

2.1 Federated Learning with Statistical Heterogeneity

Statistical heterogeneity in federated learning (FL), often termed Non-IID data, arises when client data distributions differ

substantially, which can impede convergence of methods such as FedAvg1. This motivates two main research directions:

mitigating heterogeneity to learn a single robust global model, or learning personalised models for each client.

The global model direction targets client drift, where local optimisation moves away from the global objective. A common

remedy is to constrain local updates: FedProx4 adds a proximal term that penalises large deviations from the global parameters,

stabilising training without extra communication. Other methods explicitly correct drift: SCAFFOLD19 uses control variates to

adjust local gradients, while FedNova20 normalises updates to account for heterogeneous computation and data sizes. FedDyn21

further improves stability via dynamic regularisation. Complementary work improves aggregation; FedMA22 constructs the

global model by matching and averaging hidden units with similar feature signatures, avoiding naive averaging of permutable

layers.

Personalised FL (pFL) instead argues that a single global model can be suboptimal under strong heterogeneity, and

seeks client-specific models that still benefit from collaboration. In a multi-task framing, Ditto23 learns a personalised

model regularised towards a shared global model, enabling local specialisation. Model decoupling personalises only selected

components; FedBN24 keeps Batch Normalisation layers private to handle client-specific feature statistics while federating the

remaining parameters.

However, these approaches primarily address label-space variation and are less suited to domain shift, where visual style

differs markedly across clients. In contrast, our framework explicitly targets domain (covariate) shift by leveraging the semantic

priors of Vision–Language Models to extract domain-invariant features.

2.2 Federated Domain Generalisation

The primary objective of Federated Domain Generalisation (FDG) is to train a robust global model using diverse, decentralised

source domains, ensuring it maintains high performance on unseen target domains.

One major line of work focuses on applying regularisation techniques to encourage the model to learn domain-invariant

representations. For instance, FedSR10 employs a dual-regularisation strategy: it utilises L2-norm regularisation to synchronise

marginal distributions among clients, alongside a conditional mutual information regulariser to filter out domain-specific

correlations. Similarly, the Domain Adaptive Regularisation (DAR) module in DapperFL11 applies a regularisation term to the

model’s encoder to learn robust features. Extending this idea to an unsupervised context, FedGaLA25 identifies a link between

domain shift and gradient misalignment, proposing a method that aligns gradients at both the local and global levels to promote

generalisation from unlabelled data.

A second strategy involves modifying the model architecture or the aggregation process to separate domain-specific

knowledge from domain-invariant knowledge explicitly. Methods like Disentangled Federated Learning (DFL)12 and Federated

Domain Shift Eraser (FDSE)13 propose decomposing the model into two parts: a domain-invariant component that is shared

and aggregated globally, and a domain-specific component that is kept private to each client. This disentanglement allows the

model to learn generalisable features while still personalising for local data characteristics.

A third approach is to align the feature distributions across different domains directly. FedADG14 accomplishes this through

federated adversarial learning. Each client attempts to align its local data distribution with a common reference distribution. A

key contribution in FedADG is that this reference distribution is not fixed but is adaptively generated to be the centroid of all

source domains, which helps to minimise information loss during the alignment process.

2.3 Federated Learning with Pre-trained Models and CLIP

Incorporating large vision–language models (VLMs) such as CLIP into federated learning (FL) introduces practical concerns:

transmitting the full VLM parameters is communication-inefficient. Recent work therefore emphasises parameter-efficient

adaptation and knowledge transfer, aiming to preserve foundation-model generalisation whilst controlling compute, memory,

and per-round communication.

A dominant approach is Parameter-Efficient Federated Tuning (PEFT), where clients freeze the VLM backbone and federate

limited task-specific parameters. Adapter-based methods, such as FedCLIP, update only compact adapters. Prompt-based

tuning further reduces trainable state; FedRSCLIP employs dual prompts for global and personal knowledge, ZeroDFL uses

peer-to-peer prompt sharing, and DiPrompT learns disentangled prompts.

Despite their training efficiency, prompt and adapter methods generally remain coupled to the heavy VLM at inference:

edge devices must still execute the CLIP backbone to apply learned prompts or adapters. Consequently, inference latency

and memory footprint remain dictated by the underlying VLM architecture (e.g., ViT-B/ViT-L), which is prohibitive for many

low-power edge devices and excludes weaker clients from participation.
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To mitigate deployment cost, hybrid frameworks increasingly treat CLIP as a teacher and distil its knowledge into lightweight

students. CLIP2FL adopts a client-side teacher–student design and, on the server, leverages the public CLIP text encoder to

build semantic class prototypes for data-free re-balancing. TriplePlay proposes a related framework that integrates CLIP-derived

supervision to improve robustness under non-IID distributions. However, these approaches typically distil from a static teacher

or strictly bind student training to the server-side VLM, lacking a mechanism to specialise the teacher for local domains prior to

distillation.

Our work follows this PEFT-and-distillation trajectory but introduces a strictly decoupled architecture. Each client first

adapts a pre-trained CLIP model via a parameter-efficient adapter to obtain a domain-specialised teacher. Subsequently, the

client trains a lightweight student through feature distillation. Only the student participates in the federation and is deployed.

This decouples inference cost from VLM scale whilst retaining foundation-model supervision during training, enabling

deployment on constrained devices without invoking the VLM.

3 Preliminaries

3.1 Contrastive Language-Image Pre-training (CLIP)

CLIP16 functions as a multi-modal system aimed at aligning visual and linguistic information within a shared latent space. The

architecture utilises a dual-encoder structure, consisting of an image encoder EI(·) and a text encoder ET (·). Given a batch of N

image-text pairs {(xi, ti)}
N
i=1, where xi is an image and ti is the corresponding text description, the model generates normalised

feature vectors vi = EI(xi)/∥EI(xi)∥ and ti = ET (ti)/∥ET (ti)∥.
The core learning goal is to enforce high cosine similarity between corresponding image-text pairs (xi, ti), while simultane-

ously distancing mismatched pairs within the same batch. This is achieved by optimising a symmetric cross-entropy loss over

the similarity matrix, scaled by a learnable temperature parameter τ . This pre-training paradigm enables the model to learn

robust, transferable visual features aligned with natural language concepts, facilitating effective zero-shot generalisation.

3.2 Parameter-Efficient Fine-Tuning (PEFT) with Adapters

Retraining all parameters of massive pre-trained foundations like CLIP is computationally prohibitive and memory-intensive

for downstream applications. Also, fully fine-tuning can cause the catastrophic forgetting phenomenon, which causes the model

to forget previously trained data. Parameter-Efficient Fine-Tuning (PEFT) strategies mitigate these issues by modifying only a

fraction of the model’s weights while keeping the bulk of the network static.

Adapters33 represent a specific PEFT approach involving the injection of compact neural modules between the pre-existing

layers of a frozen backbone. During the fine-tuning process, the original model weights remain frozen, and only the parameters

of these newly added adapters are trained.

The adapter’s signal is merged with the frozen layer’s output via a skip connection. Typically, adapters utilise a bottleneck

design that first projects features into a lower-dimensional space and then expands them back to the original dimension. This

“down-up” projection mechanism significantly limits the trainable parameter count while serving as an information bottleneck

to preserve general knowledge. By forcing the features through a compressed latent representation, the adapter is encouraged to

retain essential semantic information while discarding high-frequency noise or domain-specific artefacts.

4 Methods

Our framework employs CLIP16, as a source of domain-invariant knowledge. On each client, this knowledge is first fine-tuned

to the local data distribution and then distilled into a lightweight student model. The student models, which are trained to mimic

the feature representations of the fine-tuned CLIP, are the sole participants in the federated aggregation process. This approach

enhances the generalisation capability of the final global model without incurring the high communication and computation

costs associated with federating large models.

Our framework is built upon a standard federated learning architecture involving a central server and a collection of K

distinct clients, denoted by k ∈ {1, . . . ,K}. Each client k possesses a private local dataset Dk = {(xi,yi)}
Nk
i=1, where Nk = |Dk|

is the number of local samples. Each data point consists of an input xi ∈ X from an input space and a corresponding label

yi ∈ Y from a label space. The clients’ data is not shared with the server or other clients.

The core challenge we address is federated domain generalisation. In this setting, the data distribution is heterogeneous

across the clients. In this setup, the local dataset Dk possessed by each client is sampled from a unique probability distribution,

represented as Pk(x,y). We operate under the assumption of a covariate shift, which is characteristic of domain shift problems.

This means that the marginal distribution of the inputs varies across clients, while the conditional distribution of labels given

the inputs remains unchanged. Formally, for any two distinct clients k and j:

Pk(x) ̸= Pj(x), but Pk(y|x) = Pj(y|x). (1)
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Figure 2. Architectural overview of the proposed CDIFed framework. On each client, a pre-trained CLIP model is adapted

once (Phase 1). Subsequently, this adapted teacher model guides the training of a smaller student model via feature distillation

(Phase 2). Only the parameters of the student model are shared with the central server for global aggregation.

Our objective is to learn a single global model w that generalises well across all K client domains. Let fw : X →Y denote

the model and ℓ(·, ·) be a task-specific loss function (e.g., cross-entropy). The local objective for each client k is to minimise its

empirical risk on its own data:

Lk(w) =
1

Nk
∑

(xi,yi)∈Dk

ℓ( fw(xi),yi). (2)

The primary objective of this federated framework is to identify the optimal model parameters, w∗, which effectively minimise

the global loss function, L(w), which is the average of the local empirical risks:

w∗ = argmin
w
L(w) where L(w) =

K

∑
k=1

Nk

N
Lk(w), (3)

and N = ∑
K
k=1 Nk is the total number of samples across the network.

4.1 Framework Overview

We propose CLIP-assisted Domain Invariant Federated Learning (CDIFed), a framework designed to mitigate domain shifts

by leveraging the robust representations of a pre-trained Vision-Language Model. The method decouples the extraction of

domain-invariant features from the communication-constrained aggregation process. The local training procedure for each

client k consists of two distinct phases (illustrated in Figure 2):

1. Phase 1: Fine-tuning CLIP for Domain-Invariant Features. Before joining the federated rounds, a local CLIP-based

teacher model is fine-tuned on the private dataset Dk.

2. Phase 2: Domain-Invariant Feature Distillation. In subsequent communication rounds, the adapted teacher guides the

training of a lightweight student model via feature distillation.

This decoupled design is motivated by two key factors: stability and efficiency. First, end-to-end training (simultaneously

optimising the adapter and the student) introduces instability, as the student model is forced to mimic a moving target whose

feature space is constantly shifting. By fixing the teacher’s parameters after Phase 1, we provide a stable objective for the

distillation process. Second, the CLIP text encoder is only required to provide semantic supervision during the adaptation phase.

By completing the adaptation in Phase 1, clients can offload the text encoder from memory during the recurring communication

rounds of Phase 2, significantly reducing the computational burden on edge devices.
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Figure 3. Each client sends their trained model to the server in every communication round. The server creates a global model

by aggregating the transmitted models by federated averaging, then distributes the global model to all clients.

4.2 Phase 1: Fine-tuning CLIP for Domain-Invariant Features

To adapt the model to local domains without the computational cost of full fine-tuning, we employ a PEFT strategy using a

residual adapter.

Adapter Architecture. Let EI(·) and ET (·) denote the frozen visual encoder and text encoder of the pre-trained CLIP

model, respectively. We introduce a trainable adapter module A(·), comprising a down-projection layer Wdown, a non-linear

activation σ (ReLU), and an up-projection layer Wup.

The adapter encoder for each client is formally defined as φ(·), which represents a weighted aggregation of the frozen

encoder’s output and the adapter’s transformation. For an input image x, the adapted feature representation φ(x) is formulated

as:

φ(x) = (1−α)EI(x)+α ·A(EI(x)), (4)

where A(z) =Wup(σ(Wdownz)). Here, z = EI(x) represents the intermediate embedding from the frozen CLIP encoder, and

α ∈ [0,1] is a hyperparameter controlling the residual blending ratio.

Beyond parameter efficiency, this bottleneck architecture serves as an information filter. By compressing the high-

dimensional CLIP features into a low-rank latent space, the adapter acts as a structural regulariser34, 35. It encourages the model

to retain dominant semantic features while suppressing high-frequency domain artefacts or noise that do not contribute to the

core concept.

Text-Guided Filtering Objective. During Phase 1, the parameters of the image encoder EI and the text encoder ET remain

frozen; only the adapter parameters θA are optimised using the local dataset Dk. To construct the classification targets, we

generate a text prompt Tc for each class c ∈ C (e.g., “a photo of a {class}”). These prompts are encoded and normalised to form

static semantic anchors {tc}c∈C :

tc =
ET (Tc)

∥ET (Tc)∥
. (5)

Similarly, we define the normalised adapted visual feature as v = φ(x)/∥φ(x)∥. The loss function aims to maximise the

cosine similarity score computed between the adapted image features and their corresponding ground-truth text anchors. The

probability of the ground-truth label y is given by:

p(y|x) =
exp(⟨v, ty⟩/τ)

∑c∈C exp(⟨v, tc⟩/τ)
, (6)
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where τ is the temperature parameter. Finally, we minimise the negative log-likelihood:

L
(k)
adapter = E(x,y)∼Dk

[− log p(y|x)]. (7)

This objective serves as the Text-Guided Domain Filter. The text embeddings tc (e.g., representing “a photo of a backpack”)

act as static, domain-agnostic anchors. These embeddings encapsulate the semantic concept of the object but contain no

information regarding lighting, camera noise, or background style.

To minimise Ladapter, the adapter A must modify the visual features φ(x) to maximise their correlation with ty. Since ty

is invariant to the visual domain, the adapter is implicitly forced to suppress any information in EI(x) that is uncorrelated

with ty—specifically, the domain-specific pixel statistics. Consequently, the bottleneck structure of the adapter combined with

the text-alignment objective filters out high-frequency domain artefacts, retaining only the semantic structure required for

classification.

4.3 Phase 2: Domain-Invariant Feature Distillation

In the federated learning rounds, we transfer knowledge from the frozen, adapted teacher to a trainable student network f
(k)
student.

The student comprises a feature extractor hk and a classifier head Ck,

f
(k)
student(x) =Ck(hk(x)). (8)

Feature Space Alignment. The feature dimension of the teacher, dteacher, typically differs from that of the lightweight

student, dstudent. To facilitate feature-based distillation, we introduce a learnable linear projector Pk : Rdteacher → R
dstudent to

map the teacher’s representations into the student’s feature space. The projector is not aggregated and trained throughout the

federation process.

Joint Objective. The student model and projector are optimised jointly. The total local objective L
(k)
total is a weighted sum of

the task classification loss and the distillation loss:

L
(k)
total = L

(k)
cls +λL

(k)
distil, (9)

where λ regulates the distillation strength.

The classification loss L
(k)
cls is the standard cross-entropy between the student’s predictions and ground-truth labels:

L
(k)
cls = E(x,y)∼Dk

[ℓCE(Ck(hk(x)),y)] . (10)

The distillation loss L
(k)
distil minimises the Mean Squared Error (MSE) between the student’s features and the projected

teacher’s features, encouraging the student to mimic the domain-invariant structure of the CLIP embeddings:

L
(k)
distil = Ex∼Dk

[

∥hk(x)−Pk(φk(x))∥
2
2

]

. (11)

We explicitly select feature-based distillation over the more conventional logit-based distillation (e.g., minimising Kullback-

Leibler divergence). We posit that logits primarily convey class probability distributions, which may not fully encapsulate

the domain-invariant semantics learned by the teacher in Phase 1. In contrast, the intermediate feature embeddings φk(x)
contain the rich, structural information aligned with the text anchors, effectively filtering domain-specific noise. By enforcing

alignment in the feature space, the student is compelled to replicate the teacher’s internal representation mechanism rather than

merely mimicking its final decision confidence. This hypothesis is empirically validated in our ablation studies, where feature

distillation demonstrates superior robustness compared to logit distillation.

After local updates, only the parameters of the student model {hk,Ck} are transmitted to the server for aggregation via

Federated Averaging (Figure 3). Crucially, this ensures that the heavy CLIP backbone and the adapter are never required during

deployment, as the student model becomes a standalone entity capable of domain-invariant inference. The full algorithm is

described in Algorithm 1.

5 Experiments

To validate the proposed CDIFed framework, we performed extensive empirical tests focusing on its ability to handle domain

shifts. This study addresses two primary research questions: (1) Can CDIFed achieve superior performance compared to

existing state-of-the-art FL methods tailored for domain generalisation? (2) What is the specific impact of each individual

module within our method on the final accuracy?
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Algorithm 1: CLIP-assisted Domain Invariant Federated Learning (CDIFed)

Input :Pre-trained CLIP {EI ,ET}, K Clients with data Dk, Global Rounds T

Output :Global Student Model parameters wT

1 Server: Initialise global student model w0;

/* Phase 1: One-time Teacher Adaptation */

2 for client k = 1, . . . ,K do

3 Construct class text embeddings {tc} using ET ;

4 Initialise local Adapter Ak;

5 for epoch m = 1, . . . ,Mlocal1 do

6 Sample batch (x,y)∼Dk;

7 Update Ak by minimising L
(k)
adapter (Eq. 7);

8 Fix Teacher φk(·) with trained Ak;

9 Discard/Offload Text Encoder ET ;

/* Phase 2: Federated Distillation Loop */

10 for round t = 0, . . . ,T −1 do

11 Server: Distribute wt to all clients;

12 for client k = 1, . . . ,K do

13 wt
k← wt ;

14 Initialise/Load Projector Pk;

15 for epoch m = 1, . . . ,Mlocal2 do

16 Sample batch (x,y)∼Dk;

17 Compute teacher features z = φk(x);
18 Compute student features and logits using wt

k;

19 Update wt
k and Pk by minimising L

(k)
total (Eq. 9);

20 Send updated wt+1
k to Server;

21 Server: Aggregation wt+1← ∑
K
k=1

1
K

wt+1
k ;

22 return wT

5.1 Experimental Setup

To ensure a fair comparison, we adopt an evaluation protocol from recent work in federated domain generalisation11. The

details of using datasets and the federation protocol are described below.

Datasets and Data Partition We evaluate our method on two standard domain generalisation benchmarks: Digits and

Office-Caltech as depicted in Figure 4.

• Digits: We utilised this standard evaluation suite for domain generalisation tasks, which encompasses four unique

digit recognition subsets: MNIST41, USPS42, SVHN43, and Synthetic Digits (SYN)44. While MNIST and USPS are

comprised of simple grayscale handwritten samples, SVHN introduces greater complexity through coloured, real-world

imagery of house numbers set against cluttered backgrounds. Finally, SYN offers synthesised character data, introducing

a significant stylistic shift from the other real-world datasets, making it challenging for generalisation.

• Office-Caltech45: This dataset serves as a benchmark for real-world object recognition across four distinct domains:

Caltech (C), which contains standard object photography; Amazon (A), characterised by products on clean white

backgrounds commonly found in online stores; Webcam (W), which consists of low-fidelity images captured via typical

web cameras; and DSLR (D), offering high-resolution photography with distinct lighting and focus effects. The domain

shifts in this benchmark are representative of real-world variations caused by different camera sensors, lighting conditions,

and image quality, providing a practical test of our method’s capabilities.

The simulation environment involves a central server coordinating with 10 distinct clients. Adopting the protocol described

by Jia et al.11, we randomly distribute the 10 clients among the domains of a given benchmark, ensuring that each domain

is assigned at least one client and each client is assigned to exactly one domain. To simulate a challenging non-IID and

domain-shifted scenario, we generate local client datasets by randomly sampling a small proportion of the data from their
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Figure 4. Example samples of each domain.

assigned domain. This proportion is set to 1% for the Digits benchmark and 20% for Office-Caltech, reflecting the varying

complexity and scale of the datasets.

Implementation Details All experiments are implemented in PyTorch46. For the student models that participate in federated

aggregation, we use a ResNet-10 model for the Digits benchmark and a ResNet-18 model18 for the Office-Caltech benchmark.

For our proposed CDIFed framework, the teacher model is a pre-trained CLIP model with a ResNet-50 visual backbone. For the

text-guided adaptation in Phase 1, we utilise the standard prompt template “a photo of a {class}” to generate class embeddings.

The federated learning process is simulated for 100 communication rounds, with all 10 clients participating in each round.

During local training for all frameworks, we use the Adam optimiser with a batch size of 64, a learning rate of 1e-3, and a

weight decay of 1e-5. For CDIFed, the parameter-efficient adapter tuning (Phase 1) uses a learning rate of 1e-3. The feature

distillation process (Phase 2) employs a student learning rate of 1e-4, and the distillation loss weight, λ , is set to 1.0. The

adapter follows a bottleneck design with a reduction ratio of 4 (i.e., channel dimension cin→ cin/4→ cin). The adapter output

is combined with the original post-encoder feature via residual blending with coefficient α = 0.2. The values of Mlocal1 and

Mlocal2 are 10 and 20, respectively.

5.2 Comparison with State-of-the-Art Methods

We evaluate all frameworks on the Digits and Office-Caltech benchmarks to assess their domain generalisation capabilities.

The results are detailed in Table 1 and Table 2.

Performance on Digits Benchmark As shown in Table 1, our method, CDIFed, achieves a state-of-the-art global accuracy of

80.27%. This represents a significant improvement over all baseline methods, surpassing the next best-performing framework,

DapperFL, by a margin of 5.97 percentage points. A key observation is the dramatic performance gain on the most challenging

synthetic (SYN) domain, where CDIFed achieves 61.26% accuracy, nearly 24 points higher than the runner-up. This suggests

that the domain-invariant features learned via CLIP distillation are particularly effective at generalising to artificial, out-of-

distribution data. While maintaining highly competitive performance on traditional domains like MNIST and USPS, the

exceptional result on SYN underscores our method’s robustness against severe domain shifts.

Table 1. Comparison of model accuracy (%) on the Digits benchmark. Our method, CDIFed, demonstrates superior global

accuracy, with a particularly strong performance on the challenging SYN domain.

Framework MNIST USPS SVHN SYN Global

FedAvg1 95.89 86.84 78.39 33.63 71.81

MOON36 93.03 78.38 84.45 25.97 69.44

FedSR10 96.77 86.15 81.48 31.64 73.89

FPL37 95.54 87.69 83.74 34.73 74.17

FedDrop38 89.48 82.51 72.98 29.35 66.85

FedProx4 96.68 83.96 76.69 30.95 70.74

FedMP39 94.16 85.30 81.37 35.12 72.29

NeFL40 84.98 88.49 78.41 36.02 67.64

DapperFL11 96.25 86.30 82.45 37.26 74.30

CDIFed (Ours) 96.12 87.05 76.67 61.26 80.27
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Table 2. Comparison of model accuracy (%) on the Office-Caltech benchmark. CDIFed achieves the highest accuracy on all

individual domains and outperforms the runner-up by 7.92% globally.

Framework Caltech Amazon Webcam DSLR Global

FedAvg1 66.07 76.84 65.52 56.67 64.54

MOON36 65.62 75.79 72.41 53.33 61.86

FedSR10 62.95 78.95 75.86 50.00 65.47

FPL37 63.84 82.63 65.52 60.00 65.45

FedDrop38 66.07 79.47 56.90 53.33 60.58

FedProx4 61.61 71.05 68.97 46.67 62.08

FedMP39 65.62 75.79 56.90 66.67 62.34

NeFL40 54.91 71.05 77.59 66.67 62.26

DapperFL11 64.73 81.58 74.14 66.67 67.75

CDIFed (Ours) 71.88 80.00 74.14 76.67 75.67

Performance on Office-Caltech Benchmark The superiority of CDIFed is further solidified on the more complex real-world

images of the Office-Caltech benchmark, with results presented in Table 2. Our method achieves a global accuracy of 75.67%,

outperforming all baselines. Notably, CDIFed not only achieves the best overall performance but also secures the highest

accuracy on each of the four individual domains.

5.3 Ablation Studies
To validate the contributions of the core components within CDIFed, we conduct a series of ablation studies on the Office-

Caltech benchmark. We analyse the performance impact of removing the adapter fine-tuning, replacing the CLIP teacher, and

removing the student feature extractor. The results are summarised in Table 3.

Table 3. Ablation study of CDIFed’s components on the Office-Caltech benchmark. Results show that each component is

critical to achieving the final performance.

Variant Global Accuracy (%)

CDIFed (Full Model) 75.67

Without Adapter Fine-tuning 73.14

ImageNet pre-trained Teacher 72.33

Federated Linear Classifier 12.32

Effect of Adapter Fine-tuning In this variant, we remove the adapter module and distil knowledge directly from a frozen,

off-the-shelf CLIP model. The global accuracy drops from 75.67% to 73.14%. This degradation demonstrates the importance

of Phase 1 of our method. By performing parameter-efficient fine-tuning, we create a fine-tuned teacher for each client, which

provides more relevant and effective guidance to the student model than a generic, non-adapted CLIP model.

Effect of CLIP as Teacher To quantify the benefit of using a Vision-Language Model, we replace the CLIP teacher with

an ImageNet-pretrained ResNet-50 model, as it is standard practice in knowledge distillation. This change results in a more

significant performance degradation, with accuracy falling to 72.33%. This highlights that general-purpose representations

learned by CLIP provide a substantially better foundation for domain-invariant feature distillation compared to models trained

solely on image classification tasks like ImageNet.

Effect of Student Feature Extractor We analyse a variant where the ResNet student architecture is removed, and the

system aggregates only a simple linear classifier. In this case, the student model becomes f
(k)
student(x) = Ck(x), without the

feature extractor h(x) in Equation (8). This experiment isolates the contribution of the student’s feature extraction capabilities.

Performance degrades to 12.32%, a result comparable to random guessing. This confirms that aggregating a lightweight feature

extractor is essential for retaining the domain-invariant knowledge distilled from the CLIP teacher, whereas a simple linear

probe fails to capture the necessary semantic structure in a federated setting.

5.4 Scalability and Interpretability Analyses
Scalability with Number of Clients To evaluate the scalability of our approach, we conducted an experiment on the Digits

benchmark, varying the number of participating clients from 10 to 50. As the number of clients increases, the global model
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Figure 5. Scalability analysis on the Digits benchmark with varying numbers of participating clients (K ∈ {10,25,50}).
While the performance of FedAvg stagnates due to its inability to resolve increased domain heterogeneity, CDIFed exhibits a

significant performance gain (+17.16%) over FedAvg at K = 50, demonstrating its ability to effectively leverage larger, more

diverse federated datasets.

Figure 6. GradCAM visualisations for the backpack class across four domains from the Office-Caltech dataset. The top row

(FedAvg) shows inconsistent and diffuse attention, often focusing on background elements. The bottom row (CDIFed)

demonstrates consistent localisation of the object, suggesting its ability to learn domain-invariant features.

gains access to a broader distribution of data across different domains. Figure 5 presents the results of this experiment.

FedAvg shows only marginal improvement as more clients are added. This is because the standard aggregation scheme

cannot effectively reconcile the conflicting updates from clients with disparate data distributions. Without a mechanism to

learn shared representations, the global model fails to benefit from increased data diversity and cannot extract domain-invariant

features.

In contrast, CDIFed’s accuracy improves substantially with more clients, increasing by nearly 10 percentage points from

10 to 50 clients. This demonstrates that CDIFed successfully extracts domain-invariant knowledge and fully benefits from

increased data exposure, highlighting its scalability and robustness in heterogeneous federated environments.

GradCAM Visualisation To qualitatively assess the learned representations, we employ Gradient-weighted Class Activation

Mapping (GradCAM)47 to visualise the model’s attention. Figure 6 illustrates the class activation maps for the “backpack”

class from the Office-Caltech dataset across four domains.

The top row shows that the baseline FedAvg’s global model often fails to localise the object of interest. Its attention is

diffused and frequently focuses on the background, indicating that the FedAvg captures domain-specific correlations. In contrast,

the bottom row shows that the global model trained with CDIFed consistently focuses its attention on the backpack, regardless

of the domain. The activation maps are concentrated on the object, which confirms that CDIFed learns domain-invariant and

more generalisable representations.
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(a) FedAvg Global Model (b) CDIFed Global Model

Figure 7. t-SNE visualisation of feature embeddings from the global models trained on the Office-Caltech benchmark. Colour

denotes the class label, and marker shape denotes the source domain. (a) The feature space of the FedAvg model shows

significant entanglement of class and domain features, indicating poor generalisation. (b) The CDIFed model learns features

that are well-clustered by class, irrespective of domain.

Feature Space Visualisation To qualitatively assess the domain-invariance of the learned representations, we visualise the

feature space of the final global models trained by FedAvg and our proposed CDIFed. We extract the feature embeddings from

the penultimate layer of each global model for all samples in the Office-Caltech test sets and project them into a 2D space using

t-SNE48.

The results are presented in Figure 7. In these visualisations, each point represents an image sample, where the colour

indicates its true class and the marker shape (e.g., circle, square, triangle) indicates its source domain. Figure 7a shows the

feature space of the model trained with FedAvg. The features are highly scattered and intermingled, with only weak class-wise

separation. Points of the same colour fail to cluster, and samples from different domains overlap significantly. This pattern

reflects a form of representation collapse and indicates that the FedAvg global model is unable to learn stable, domain-invariant

representations; its features remain entangled with domain-specific information and do not form meaningful clusters.

In contrast, Figure 7b illustrates the feature space of the CDIFed global model. We observe distinct, well-separated clusters,

where each cluster predominantly consists of a single colour. Critically, these class-based clusters contain a mix of different

marker shapes, signifying that samples from different domains are mapped to the same region of the feature space if they

belong to the same class.

5.5 Analysis of Inference Efficiency and VLM Dependency

A critical distinction between CDIFed and prompt-learning approaches is the computational requirement during deployment.

Methods such as DiPrompT26 typically retain the heavy VLM backbone (e.g., ResNet-50 or ViT) at inference time to process

learned prompts. In contrast, CDIFed is designed to decouple the inference process from the VLM, deploying only the

lightweight student model. To quantify this trade-off, we conducted a comparative analysis on the Office-Caltech benchmark,

Table 4. Comparison of Accuracy and Inference Cost on Office-Caltech.

Method Inference Model GFLOPs # of param. Accuracy

DiPrompT26 CLIP (ResNet-50) 4.7 38.0 M 89.93

CDIFed (Ours) ResNet-18 1.8 11.2 M 75.67

DiPrompT (Decoupled) ResNet-18 1.8 11.2 M 63.16

CDIFed (Logit Distill) ResNet-18 1.8 11.2 M 70.90
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focusing on inference cost (GFLOPs and number of parameters) and the impact of removing the VLM.

Table 4 presents the results. The standard DiPrompT method achieves a high global accuracy of 89.93%. However, this

comes at the cost of running the full CLIP image encoder during inference, requiring 4.7 GFLOPs per image. When we

enforce a realistic edge-device constraint by removing the VLM and distilling the DiPrompT model into a ResNet-18 (via logit

distillation), the performance collapses to 63.16%. This drastic 26.8% degradation indicates that prompt-tuning methods rely

heavily on the inherent capacity of the frozen VLM rather than explicitly transferring domain-invariant knowledge to a portable

model.

Conversely, CDIFed maintains a robust accuracy of 75.67% using only a standalone ResNet-18, which requires just 1.8

GFLOPs—a 2.6× reduction in computational cost compared to the coupled baseline. Crucially, our method outperforms the

decoupled DiPrompT variant by over 12 percentage points (75.67% vs. 63.16%). This demonstrates that CDIFed’s Phase 2

effectively transfers semantic robustness to the student, whereas prompt tuning fails to retain performance when the VLM

scaffolding is removed.

Feature vs. Logit Distillation. We further validated our choice of feature-based distillation. As shown in Table IV, replacing

our feature alignment objective with standard logit distillation (minimising KL-divergence) reduces CDIFed’s accuracy from

75.67% to 70.90%. This confirms that aligning intermediate representations captures richer, domain-invariant structural

information than merely matching the final class probabilities.

Student Capacity Sensitivity. Finally, we analysed the impact of the student’s capacity. Reducing the student to a

ResNet-10 causes a significant drop to 60.18%, indicating a minimum capacity is required to inherit CLIP’s knowledge.

However, increasing the student to a ResNet-50 yields only marginal gains (76.12%), suggesting that performance is primarily

driven by the quality of the teacher’s domain-invariant supervision rather than the student’s raw parameter count.

6 Conclusion

Most existing Federated Learning (FL) research focuses on statistical heterogeneity but does not address domain shift, which

commonly arises across diverse edge devices deployed in real-world settings. To resolve this, the global model must learn feature

representations that remain consistent across different client environments. This paper proposed CDIFed, a framework that

leverages the robust semantic priors of the CLIP vision-language model to extract domain-invariant features from heterogeneous

edge clients. By employing a parameter-efficient, text-guided domain filter and subsequent knowledge distillation, CDIFed

effectively trains a lightweight student model. Crucially, this decoupled approach produces domain-invariant representations

that enable efficient and robust global aggregation across resource-constrained edge devices, bypassing the prohibitive inference

costs typically associated with massive foundation models. Experiments on the Digits and Office-Caltech benchmarks showed

that CDIFed achieves higher global accuracy than current state-of-the-art FL methods, highlighting its practical applicability

within IoT and edge computing ecosystems.

Data Availability

The datasets analysed during the current study are available in the MNIST repository, https://www.kaggle.com/dat

asets/hojjatk/mnist-dataset; the USPS repository, http://www.cad.zju.edu.cn/home/dengcai/Da

ta/MLData.html; the SVHN repository, https://www.kaggle.com/datasets/stanfordu/street-vie

w-house-numbers; the Synthetic Digits (SYN) repository, https://www.kaggle.com/datasets/prasunroy/

synthetic-digits/data; and the Office-Caltech repository, https://github.com/ZhangJUJU/OfficeCal

techDomainAdaptation.
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