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Abstract

Vision foundation models (FMs) like CLIP have
exhibited exceptional capabilities in visual and lin-
guistic understanding, particularly in zero-shot in-
ference tasks. However, these models struggle with
data that significantly deviates from their training
samples, necessitating fine-tuning, which is often
infeasible in centralized settings due to data pri-
vacy concerns. Federated learning (FL) combined
with parameter-efficient fine-tuning (PEFT) offers
a potential solution, yet existing methods face is-
sues with domain-specific characteristics and out-
of-domain generalization. We propose Federated
Adapter Generalization (FedAG), a novel federated
fine-tuning approach that leverages multiple fine-
grained adapters to capture domain-specific knowl-
edge while enhancing out-of-domain generaliza-
tion. Our method uses quality-aware in-domain
mutual learning and attention-regularized cross-
domain learning to integrate domain-specific in-
sights effectively. Experiments on the CLIP model
with three domain-shifting datasets, ImageCLEF-
DA, Office-Home, and DomainNet, demonstrate
the superior performance of FedAG in both in-
domain and out-of-domain scenarios.

1 Introduction

Vision foundation models (FMs), such as pretrained
CLIP [Radford et al., 2021] and its variants [Li et al., 2023],
have demonstrated superior capabilities in understanding vi-
sual concepts and their linguistic descriptions. They have
been employed in a wide range of vision tasks, including im-
age classification, especially for zero-shot inference, thanks
to their large number of parameters and the extensive train-
ing data they leverage. However, these models still face chal-
lenges when confronted with input data significantly different
from their training samples. Therefore, fine-tuning becomes
essential. Traditional fine-tuning strategies are typically con-
ducted in a centralized manner. However, this approach is
often impractical, particularly for sensitive data like medi-
cal information, which is often distributed among different
clients and cannot be shared. This distributed scenario signif-

icantly complicates the fine-tuning process for vision founda-
tion models.

Recent studies have focused on addressing this challenge
by combining federated learning (FL) with fine-tuning of
vision foundation models, a technique known as federated
fine-tuning. Existing approaches [Xiao et al., 2023; Marchi-
sio et al., 2023; Chua et al., 2023; Khalid er al., 2023] typi-
cally aim to fine-tune these models without utilizing the entire
model, often employing layer-drop techniques [Sajjad et al.,
2023] to compress a full model into a sub-model. The sub-
model and an emulator are distributed to clients. Clients then
update this compressed sub-model with their private data with
the help of the emulator iteratively. The resulting sub-model
is eventually incorporated back into the full model to com-
plete the fine-tuning process. However, these compression
techniques fail to maintain alignment between the fine-tuned
compressed layers and the remaining layers, leading to per-
formance degradation in the fine-tuned models.

Federated parameter-efficient fine-tuning (PEFT) tech-
niques, such as FedCLIP [Lu et al., 2023] and FedPETun-
ing [Zhang et al., 2023], have emerged to address the afore-
mentioned problem. These approaches involve deploying the
foundation model with an additional adapter on each client,
which is then collaboratively trained like FedAvg [McMa-
han et al., 2017]. The aggregated adapter is subsequently
integrated into the foundation model to achieve fine-tuning.
Despite their straightforward and effective nature, federated
PEFT models still have several issues:

Indistinguishable in domain-specific charateristics. In
real-world applications, the data collected by clients may ex-
hibit different characteristics even for the same task. For in-
stance, the stylistic realism of an image can vary across dif-
ferent forms of visual art, such as painting, photography, and
digital art, leading to unique artistic expressions. However,
existing models typically employ a single adapter to capture
knowledge from mixed domains, resulting in a performance
gap compared to domain-specific adapters. Figure 1 (a) il-
lustrates the performance comparison between using a sin-
gle adapter for fine-tuning and employing separate adapters
for each domain on the CLIP model in a centralized manner,
using the DomainNet dataset with three domains: “clipart”,
“painting”, and “real”. It can be observed that despite using
data from all three domains to fine-tune the adapter, CLIP,,,
still performs worse than CLIP,,,;;;, which fine-tunes each
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Figure 1: In-domain and out-of-domain preliminary results.

adapter using only domain-specific data. This issue is ex-
pected to exacerbate in the federated fine-tuning setting due to
the heterogeneity of clients, leading to an aggregated adapter
inferior to centralized fine-tuning. These initial findings mo-
tivate us to develop domain-specific adapters for use in feder-
ated PEFT.

Incapable to out-of-domain generalization. While ex-
isting federated fine-tuning approaches can improve per-
formance compared to zero-shot inference on the original
models, they still struggle when faced with new or out-of-
domain data. To illustrate, consider the centralized fine-
tuning on the DomainNet dataset, where we evaluate the orig-
inal CLIP model (referred to as CLIP..,.,) and the fine-tuned
CLIP,,. on three new domains: “infograph”, “quickdraw”,
and “sketch”. Figure 1 (b) presents the results, with the
performance of CLIP,,,;;; representing the upper bound. It
can be observed that, while fine-tuning with a shared adapter
(CLIP,,,.) does improve performance compared to CLIP ..,
the degree of improvement is limited, as the results are far
from the performance achieved by CLIP,,,,,;;;. Therefore, it is
crucial to enhance the adapters’ capability for out-of-domain
generalization, especially in the federated fine-tuning setting.

However, addressing the aforementioned issue is challeng-
ing. On the one hand, it is hard to directly extend existing
work to model domain-specific characteristics. Sub-model
fine-tuning approaches encounter difficulties in compressing
multiple domain-specific sub-models and aggregating them.
Similarly, PEFT approaches face challenges in aggregating
adapters with diverse knowledge. On the other hand, equip-
ping the capability of out-of-domain generalization with fed-
erated fine-tuning is an open challenge in this domain and is
still underexplored by existing studies. Thus, it is urgent to
develop a new method to tackle these challenges simultane-
ously.

In this paper, we propose a novel federated fine-tuning ap-
proach named Federated Adapter Generalization (FedAG).
This approach employs multiple fine-grained adapters, allow-
ing the injection of domain-specific knowledge into corre-
sponding adapters while enhancing the capability of out-of-
domain knowledge generalization by jointly combining these
adapters. Unlike existing work, which either compresses a
sub-model for each client or deploys a foundation model, we
enable clients to have their domain-specific models represent-
ing the characteristics of their data. These client models are

trained with private data and uploaded to the server to inject
their domain-specific knowledge into the foundation model.

Specifically, each domain-specific client C,, with model
parameters W has a corresponding adapter A, at each com-
munication round ¢. Domain-specific knowledge is aggre-
gated into the adapter through a quality-aware in-domain
mutual learning module, aided by a set of domain-specific
synthetic data generated by Stable Diffusion [Rombach et al.,
2022]. To equip FedAG with the ability for out-of-domain
generalization, we develop a novel attention-regularized
cross-domain learning module, which attentively aggregates
all domain-specific adapters with a novel regularizer control-
ling the domain weights. The updated client models are then
distributed to the corresponding domains again for learning
in the next communication round.

We conduct experiments in the cross-silo federated fine-
tuning setting on the CLIP vision foundation model with three
domain-shifting datasets: ImageCLEF-DA, Office-Home,
and DomainNet. Experimental results demonstrate the effec-
tiveness of FedAG on both in-domain and out-of-domain val-
idations, performing close to or slightly better than the cen-
tralized fine-tuning baselines. Ablation studies and model in-
sight analysis validate the reasonableness of our model de-
sign.

2 Related Work

2.1 Foundation Model in Federated Learning

Foundation models (FMs) [Bommasani et al., 2021] have
demonstrated strong capabilities across various domains,
such as computer vision. However, the effectiveness of FMs
is heavily dependent on large amounts of publicly available
training data and the extensive size of model parameters. In
real-world applications, this dependency raises several prac-
tical challenges: (1) suboptimal performance in specific do-
mains due to limited access to relevant data, often restricted
by privacy concerns; (2) the substantial size of the mod-
els necessitates significant computational resources, thereby
limiting their applicability in various scenarios. Federated
learning (FL)[McMahan er al., 2017] presents a collabora-
tive machine learning framework wherein clients can jointly
train models without sharing their data, utilizing distributed
computational resources. Several research efforts have ex-
plored the integration of FMs within FL [Chen er al., 2024;
Guo et al., 2023; Lu et al., 2023; Su et al., 2024]. Addition-
ally, multiple surveys[Zhuang et al., 2023; Ren et al., 2024;
Woisetschliger er al., 2024] have reviewed the advancements,
open challenges, and future directions in this field.

2.2 Federated Fine-tuning of Foundation Models

To achieve better performance in specific domains, fine-
tuning FMs with domain-specific data is essential. FL facil-
itates this fine-tuning process by allowing the use of locally
stored data through distributed computational resources. Ex-
isting related research can be categorized into full FMFL tun-
ing [Deng et al., 2023; Fan er al., 2023], partial FMFL tun-
ing [Peng er al., 2024; Marchisio et al., 2022; Khalid et al.,
2023], and parameter-efficient FMFL fine-tuning [Lu et al.,
2023; Zhang ef al., 2023; Chua et al., 2023]. Our work falls
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Figure 2: Overview of the proposed FedAG framework.

into the parameter-efficient fine-tuning (PEFT) in FMFL. The
aforementioned studies typically require clients to possess
FMs, with the aim of mutual benefit. In contrast, our ap-
proach places the FM on the server side, representing a more
practical setting. Moreover, our objective is to enable clients
to collaboratively contribute to the FM model learning with
their specific domain knowledge without accessing local data.

3 Methodology

3.1 Model Input

The proposed model FedAG aims to iteratively inject domain
knowledge into the vision foundation model CLIP deployed
on the server through collaboration with N mutually exclu-
sive and independent domain-specific clients {C,--- ,Cn}
without sharing their private data {D;,--- ,Dn}.

To facilitate knowledge transfer while safeguarding
clients’ data privacy, the conventional approach involves
data-free knowledge transfer, where often random Gaus-
sian noise is utilized to distill knowledge from one model
to another [Chen er al, 2019]. Despite recent advance-
ments [Raikwar and Mishra, 2022], noise-based knowledge
transfer still encounters performance degradation compared
to using real data. To conduct effective knowledge trans-
fer, we leverage the open-source text-to-image model, Stable
Diffusion 2.0 [Rombach er al., 2022], to generate domain-
specific data S,, for each client C),. The details of synthetic
data generation can be found in §Sec. 4.1.

In practice, clients will share the style information (text
prompt or the generated textual inversion token) so that
domain-specific synthetic data {S;,---,Sy} can be gener-
ated on the server. Once synthetic data is generated, they
will be transferred to the corresponding clients to perform the
quality estimation. The communication of the synthetic data
is only a one-time cost and is often negligible.

3.2 Model Overview

The proposed FedAG model comprises two main updates:
the client update and the server update. The client update
module (§Sec. 3.3) is designed to train a local model f,, for
each client C), using their respective data D,,, where the pa-
rameters of f,, (i.e., W at the ¢-th communication round)
encapsulate the domain-specific knowledge. Additionally, it
estimates a data-quality score o’;' € al, for each synthetic

data instance s!, € S,. The client model parameters W,
and the estimated quality scores o, are then uploaded to the
central server for further processing.

During the server update (§Sec. 3.4) at the t-th com-
munication round, FedAG first learn the logits of synthetic
data using the CLIP framework. It then integrates the do-
main knowledge from W into the corresponding domain-
specific attention-based adapter A based on the learned log-
its through a quality-aware in-domain mutual learning mod-
ule. Furthermore, it extends the model’s capability to out-
of-domain knowledge using an attention-regularized cross-
domain learning module. Afterward, the updated client mod-
els (denoted as {W1,--- WY }) are redistributed to their
respective clients for another round of the client update. The
updates continue iteratively until FedAG achieves conver-
gence.

3.3 Client Update
Client Model Training At the ¢-th communication round,
client C,, will receive an updated model W!~! from the

server, which is trained using the synthetic data S,, in the
server update. Since the generated synthetic data S,, are dif-

ferent from the real domain data D,,, directly using V/\\7§f1 as
the initialized client model at the ¢-the communication round
(i.e., W! = WI=1) will be unsuitable.

Figure 3 displays the empirical experiment results of mod-
els trained with real and synthetic data on the Domain-
Net dataset in a centralized manner, where the model is
TinyViT [Wu et al., 2022]. Tt is evident from Figure 3 that
models trained with real data outperform those trained with
synthetic data by a significant margin. Therefore, replac-
ing the well-trained client model W' ~1 with the distributed

W1 arbitrarily would disrupt the clients’ training. To mit-
igate this issue, we propose the use of momentum update for
the client model as follows:

Wi = Wil (1— )WY (1)

where 7 is the hyperparameter. We then use the traditional
cross-entropy (CE) loss to train the client model’s parameters
WfL for the n-th client using D,, as follows:

| 1 - 4
min £}, := W Z CE(fu(x; W), ¥7), ()
" (xiwy;iz)eD”
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Figure 3: Performance comparison with synthetic and real data.

where f,, is a TinyViT model [Wu er al., 20221, | D,,| is the to-
tal number of private training data, x’, is the i-th data feature,
y? € {0,1}Ylis the corresponding label, and ) is the set of
distinct labels, which is shared by all domains. The trained
model W, via Eq. (2) contains the knowledge of the m-th
domain.

Quality Estimation for Domain-specific Synthetic Data
The synthetic dataset S,,, generated through stable diffusion,
is essential for the server update but presents an unknown
quality challenge. To address this, we propose estimating
data quality using a prototype-based similarity measurement
for each domain-specific set of generated data S,,, utilizing
the trained local model W .

Label-aware Prototype Representation Learning. Let DY de-
note the subset of training data with labels y € },,. For each
data instance x!, within DY, we first derive its feature repre-
sentation r’! using the layers of W before the prediction
layer. We then compute a prototype representation p¥¢ for
each label category y by averaglng the representatlons of all
data in DY, specifically, p¥'t = |Dy| le epy '

Similarity-based Data Quahty Estimation For the generated
data subset SY labeled y in the n-th domain, each instance

, € SY also receives a feature representatlon q ¢ through
Wt We then calculate the cosine snmlanty abt between
;t and the correspondmg prototype p¥'*, represented as

att = cos(q4t, p¥?). The vector of these similarity scores,

afl, for all generated data in S,, on the n-th client, is compiled
and prepared for upload to the server alongside W .

This methodology offers significant advantages: it ensures
that uploading synthetic data quality scores does not com-
promise the confidentiality of client data, and it allows each
client model to provide specific data-quality scores, thus en-
hancing the precision of the mutual learning process.

3.4 Server Update

Upon receiving the uploaded client models {W¥,--- W}
and their corresponding estimated data-quality scores
{ad, -+, al,}, the server integrates domain-specific knowl-
edge into the basic foundation model. This is achieved
by incorporating domain-specific attention-based adapters
{Al,--- A%}, each consisting of an identical multi-layer
block positioned after the feature extractor of the vision foun-
dation model CLIP.

CLIP-based Logit Learning The goal of FedAG is to in-
ject domain knowledge included in client model parame-
ters into the CLIP model in a parameter-efficient fine-tuning
way. Let Enc;,,,4() represent the forzon image encoder and

Ency,¢() be the forzon text encoder of CLIP. Let L, denote
the description of class label y, i.e., “a photo of a [class]”.
To learn the logit for an image s/, € S,,, we follow the CLIP
pre-training framework and take the image s¢, and all the la-

bel descriptions {L, }M1 as the input. In particular, we first

obtain the representations of s, and L,, using the correspond-
ing encoders as follows:
I! = Encipy(s), Ty = Encyu (Ly). (3)

Following FedCLIP [Lu et al., 2023], the image represen-
tation I, € R? will pass an attention-based adapter A,, to
obtain a fine-tuned domain-specific representation as follows:
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Iht = A! (I!)OT, = Softmax(MLPL*(Tanh(MLP>*(I%)))) 0T,
“)

where iﬁf € R4, d is the dimension size, and ® denotes the
element-wise dot product. MLP is the multi-layer perception.
Finally, we can obtain the domain-specific logit for the in-

put image as follows:
O O O O

rn

Ty o)

Quality-aware In-domain Mutual Learning To transfer
domain-specific knowledge from the client model W, to the
CLIP model (i.e., the corresponding adapter Af), an intu-
itive way is to conduct knowledge distillation [Hinton et al.,
2015] by treating W, as the teacher network and the adapter-
based CLIP as the student network. However, this simple
strategy presents several limitations: it overlooks the quality
of domain-specific synthetic data S,, involved in the distilla-
tion process and only allows unidirectional knowledge trans-
fer, which does not update the local model Wfl thus under-
utilizing the potential of the federated learning framework.
To overcome these shortcomings, we introduce a quality-
aware in-domain mutual learning strategy. This approach not
only ensures effective integration of domain-specific knowl-
edge into A but also facilitates dynamic updates of the lo-
cal model, leveraging the quality assessments of the synthetic
data to enhance the overall learning process. Note that we use

W to distinguish the updates of the client model W, on the
server. The loss function is defined as follows:

A, Tn = 22511| e Z@; ’“{KL(O“II@ " o
+KL(¢}'[165)}.
where
0" = fo(s th) it — softmax(¢ih)), (7)

Hj;t is the predicted probabilities by the client model 17\/\,2 on
each data instance s!, on the server, and %" is probabilities
ouputed by the CLIP model using Eq. (5). KL(:||-) is the
Kullback-Leibler divergence.

Attention-regularized Cross-domain Learning Using
Eq. (6), we can update the adapters and client models
simultaneously. However, such a design may only work for
data belonging to existing domains, i.e., there is a lack of
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generalization ability for out-of-domain data. We propose a
novel attention-regularized cross-domain learning strategy to
equip the proposed FedAG with the capability for dealing
with out-of-domain data.

In particular, for a synthetic data instance sﬁl e S,
we not only generate its logit ¢’ via Eq. (5) with the
domain-specifc adaptor Af but also from other adaptors

{AL, ... ,A;_l, Al 1, A}, We calculate the atten-

tion score B;" € R (k € [1,N]) for each adaptor using a
softmax function on top of an MLP layer and then obtained
the aggregated logit for each data as follows:

N
7,t i,t 4 1,t
n, = By by,
g g ®)

Byt -+, B'] = softmax([MLP(¢}"), - - - , MLP(¢p%')])-

The domain index n is known for each training data during
the training. Thus, the attention weight 3%! should be larger
than those obtained from the other adapters. We use this in-
tuition as prior knowledge to guide the model learning via an
attention-based regularize as follows:

7ﬂ2i17 ::L’il’.”’ j\}t])_ :z’t))v

®

RET = max (0, 6+max([6i"t, e

where 9 is the margin hyperparameter.
Server Optimization Based on Egs. (6), (7), (8), and (9),

we obtain the final loss function for the server update as fol-
lows:

1 N
1 t = —_— E L
AIE%/I\; g ’ N el jn +

>

[ CE(pit.y1)
(sh,yh)€ES

™ In-domain Prediction
(10)

b CB(e, L) +mzt}],
————

Cross-domain Prediction

where A" = {Af,--- AL}, W' = (Wi, ,va}’
k&t = softmax(n’?!), and X is the hyperparameter. The up-

dated client models W' = {W4, ... W4} will be redis-
tributed to the corresponding domain-specific clients for the
next communication round update.

3.5 Inference

FedAG will be trained iteratively using Egs. (2) and (10) un-
til converge. We then conduct the inference on the testing
data. For the in-domain scenario, where the domain index n
is known, we use the label index with the maximum value in
¢,, as the predicted label, i.e., §, = argmaxyy ... jy3(¢),)
via Eq. (5). For the out-of-domain testing where the domain
is unknown, we use the label index with the maximum value
in 1" as the predicted label, i.e., §* = argmaxy; ... jy3(n°)
via Eq. (8).

4 Experimental Setups

4.1 Datasets

Real Data To fairly validate the proposed model FedAG
in our experiments, we focus on the image classification task

on three commonly domain-shifting datasets. (1) Domain-
Net!. It totally has 569,010 images from 6 domains, in-
cluding clipart, infographics, painting, quickdraw, real, and
sketch. Each domain contains 48K to 172K images, cate-
gorized into 345 classes. (2) Office-Home dataset’. It has
15,500 images from 4 different dimensions: artistic images,
clip art, product images, and real-world images. Each domain
has 65 object classes. (3) ImageCLEF-DA?. It is a bench-
mark for the ImageCLEF 2014 domain adaption challenge,
including Caltech-256, ImageNet ILSVRC 2012, and Pascal
VOC 2012. There are 12 categories and 50 images in each
domain.

Since we are addressing both “in-domain” and “out-of-
domain” scenarios, we partition the domains in each dataset
into training and testing domains. The data in the testing
domains are exclusively used for evaluating out-of-domain
performance. For the training domains, we distribute each
domain’s data to each client. Specifically, we randomly se-
lect 90% of the data for client model training, reserving the
remaining 10% for in-domain validation.

Synthetic Data When training the proposed FedAG, we
also incorporate domain-level synthetic data generated by
Stable Diffusion V2*. The number of synthetic data for each
training domain equals 10% of the real domain data. For the
style-distinctive datasets, DomainNet and OfficeHome, syn-
thetic data can be readily generated using text prompts fol-
lowing the template “a photograph/drawing of $class in $style
style”. However, for ImageCLEF-DA, where the style in-
formation is implicit and challenging to articulate using text
prompts, we resort to generating synthetic data using textual
inversion [Gal et al., 2022]. Textual inversion entails deriv-
ing an appropriate text token corresponding to the implicit
style. We sampled 10 instances from each of the 12 classes
within the real ImageCLEF dataset and employed the Dif-
fuser library to perform textual inversion. Once the style
token is derived, the server utilizes a similar template, “a
$class in $style_token style”, to generate synthetic images for
ImageCLEF-DA.

4.2 Baselines

We compare the proposed FedAG with several baselines in
different settings, including zero-shot inference, centralized
training, and federated learning.

Zero-Shot Inference We directly use the original CLIP
model to predict the labels for given images in the test-
ing data. This zero-shot inference baseline is denoted as
CLIP,., 0.

Centralized Learning Since FedAG uses private domain
data {D;,---,Dn} for client training and synthetic data
{81, ,Sn} for server training, for a fair comparison, we
also use them together for the centralized training baselines.
This setting involves two kinds of centralized training: clas-
sical centralized training and fine-tuning on CLIP.

"https://ai.bu.edu/M3SDA/
Zhttps://www.hemanthdv.org/officeHomeDataset.html
3https://www.imageclef.org/2014
*https://huggingface.co/stabilityai/stable-diffusion-2
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Table 1: In-domain evaluation results. “Centra.” means the centralized learning, “FLFM” means federated learning with foundation models.

Settin Method ImageCLEF-DA Office-Home DomainNet
g Caltech ImageNet | Art Product Real | Clipart Painting Real
Zero-shot | CLIP..,, | 97.25 96.87 | 78.12  85.14 86.33 | 62.67 59.77 78.07
o | Classical | TinyViTcey, 85.41 82.06 62.81 83.97 76.32 | 53.44 58.32 77.01
g PEFT CLIPLoRA 98.49 95.45 85.01 87.92 88.44 | 68.15 65.66 83.28
@) CLIP yqapter 98.11 95.52 84.17 88.02 88.26 | 68.50 65.13 82.79
FedAvg 95.11 83.33 75.62  86.85 82.07 | 51.66 53.02 69.34
Classical FedAvg 90.06 80.25 61.33 75.51 74.68 | 48.27 43.87 62.06
3 FedProx 95.75 84.16 76.98 87.26 83.15 | 50.40 53.45 69.87
= FedProx ¢4 91.30 80.54 62.47  75.65 74.98 | 48.89 44.92 63.77
E FedClip 97.34 97.89 82.14  84.33 87.62 | 67.96 65.78 82.93
FLFM | FedOT 97.26 97.91 82.56  85.47 86.61 | 67.68 65.85 83.20
FedAG 98.62 98.56 8497 88.69 88.79 | 70.36 66.29 84.92

For the classical training, we directly train TinyViT with 5 Results

all data, denoted as TinyViT..,. We also choose two com-
monly used parameter-efficient fine-tuning methods, adapter
fine-tuning and LoRA [Hu et al., 2021] as baselines, which
are denoted as CLIP, gqp¢er and CLIP g 4. CLIP g pter Will
learn a shared adapter, but the number of parameters in the
adaptor is the same as that of FedAG, although FedAG is
equipped with several domain-specific adapters. We set the
rank for CLIP,r4 as 32.

Federated Learning We use two classical federated learn-
ing approaches, FedAvg [McMahan et al., 2017] and Fed-
Prox [Li et al., 2020], as baselines. These approaches are
trained only with client data without interacting with CLIP.
Since our model FedAG uses synthetic data for fine-tuning
the client models, in the experiments, we also fine-tuned Fe-
dAvg and FedProx on the server. The fine-tuned models are
denoted as FedAvg ¢, and FedProx s;.

The most relevant baselines are FedCLIP [Lu et al., 2023]
and FedOT [Xiao er al., 2023]. FedCLIP deploys a CLIP
model for each client and fine-tunes the adapter on the local
side. The adapters are uploaded to the server for aggregation,
similar to FedAvg. FedOT [Xiao er al., 2023] is a federated
version of Offsite-Tuning, where the CLIP model generates
a compressed model and an emulator, which are shared with
clients for their training.

4.3 Implementation Details

For each dataset, we assign each in-domain data to one client.
We utilize ViT_Tiny_patch16_224° for the client model and
ViT_B_32° for the image encoder for the server side. Our ex-
perimental setup involves 10 communication rounds. For the
local update, we set the local trainin epoch as 10, the local
learning rate as 0.0001, the batch size is 32, and the opti-
mizer used in the optimization is Adam. For the server up-
date, we set A = 0.1, v = 0.1, and § = 0.001, the epoch of
quality-aware in-domain mutual learning as 3, and the epoch
of adapter initilization as 5. All experiments are conducted
on an NVIDIA A6000 with CUDA version 12.0, running on
a Ubuntu 20.04.6 LTS server. All baselines and the proposed
FedAG are implemented using PyTorch 2.0.1.

Shttps://huggingface.co/WinKawaks/vit-tiny-patch16-224
Shttps://huggingface.co/openai/clip- vit-base-patch32

5.1 In-domain Evaluation

Table 1 presents the results of the in-domain evaluation,
where we train the models using the domains shown in the
table and conduct the testing with the head-out domain data.
We can observe that the proposed FedAG performs best on
all domains in all datasets. CLIP,.,, 1S a zero-shot learn-
ing model with CLIP, which does not use any training data.
We can observe that it performs better than the classical cen-
tralized learning approach TinyViT,.,, and federated learning
models FedAvg, FedAvg;, FedProx, and FedProx ¢;. These
comparisons prove the predictive power of foundation models
for downstream tasks.

The centralized PEFT approaches CLIP;,r4 and
CLIP,gqpter achieve comparable performance but outper-
form the zero-shot model CLIP,.,,, which confirms the
necessity of fine-tuning foundation models for boosting per-
formance. Although they are trained in a centralized manner
and perform the best among all baselines, their performance
is worse than that of FedAG. The reason is that these two
approaches only use one adapter or two low-rank matrices
to store mixed domain knowledge. However, our model
uses domain-specific adapters to capture the characteristics
of domains, thus leading to the best performance in the
in-domain evaluation. These results also validate the design
of multiple domain adapters.

For the classical federated learning approaches, we can ob-
serve that using synthetic data to fine-tune the aggregated
model on the server hurts the model training. These results
also confirm the necessity of employing the momentum up-
date in FedAG (i.e., Eq. (1)) for the client model before train-
ing again. When comparing with the federated fine-tuning ap-
proaches, we can find they also perform better than CLIP.,.,
but have performance gaps with centralized PEFT approaches
CLIPy g4 and CLIPg44pter- These results demonstrate the
efficacy of injecting domain knowledge into foundation mod-
els in a federated way.

5.2 Out-of-domain Evaluation

In the previous section, our main focus was on in-domain
evaluation. However, the ultimate goal of training a foun-
dation model is to make it applicable to various downstream
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Table 2: Out-of-domain results. “Centra.” means the centralized learning, “FLFM” means federated learning with foundation models.

Settin Method ImageCLEF-DA | Office-Home DomainNet
g Pascal Clipart Infograph Quickdraw Sketch
Zero-shot | CLIP,.,, | 82.13 | 61.07 | 3934 13.06 58.11
o Classical | TinyViT e, 71.66 42.66 20.15 10.67 40.75
E PEFT CLIP,ra 81.22 67.15 42.10 14.38 59.48
O CLIP,gapter 81.08 67.31 42.22 13.85 59.01
FedAvg 78.33 43.58 26.75 10.78 40.56
Classical FedAvg,,n 73.02 41.12 24.27 10.33 3791
3 FedProx 78.69 45.88 27.50 12.04 40.97
= FedProx sy, 72.68 40.75 24.63 11.89 38.54
E FedClip 82.45 64.44 41.65 12.89 59.23
FLFM | FedOT 82.10 65.27 40.70 15.51 60.30
FedAG 83.78 68.15 45.56 21.04 63.29
Table 3: Ablation study results on the DomainNet dataset.
Method In-domain Cross-domain
Clipart Painting Real || Infograph Quickdraw Sketch

FedAGmome 68.54 65.60 83.00 44.38 20.14 62.85

FedAGguality | 68.12 65.13 83.11 44.79 20.58 63.15

FedAGeross 70.04 66.11 84.13 40.63 15.70 59.04

FedAGyeg 68.26 64.05 81.08 42.01 17.55 61.69

FedAG 70.36 66.29 84.92 45.56 21.04 63.29

tasks, including inference on unseen data. To assess this ca-
pability, we conduct an out-of-domain evaluation using the
trained models used in Table 1 to validate the unseen do-
mains, the results of which are presented in Table 2.

For the out-of-domain evaluation, we observe similar
trends as in the in-domain evaluation, as shown in Table 1.
Specifically, FedAG outperforms all baselines, and CLIP..,.,
performs better than classical models. However, compared
to the in-domain evaluation results, the performance gaps
between the centralized PEFT models (i.e., CLIP;,r4 and
CLIP,4apter) and CLIPzero are not as significant. In fact,
their performance is even worse than that of FedOT in sev-
eral domains. These results highlight the limitations of exist-
ing models in generalizing out-of-domain knowledge.

In contrast to existing approaches, our proposed FedAG
consistently achieves superior performance, leading to sig-
nificant improvements in accuracy. For instance, in the
Quickdraw domain of the DomainNet dataset, our approach
demonstrates a 36% performance increase compared to the
best baseline FedOT. These results strongly indicate that our
model effectively handles out-of-domain knowledge.

5.3 Abaltion Study

We use the following baselines to validate the effectiveness
of our model design. FedAG,,,me does not use momentum
update (i.e., Eq. (1)) for the local model after receiving the
learned global model. FedAGgyqtity denotes removing data
quality estimation in Eq. (6). FedAG.,.ss denotes remov-
ing the module of attention-regularized cross-domain learn-
ing. FedAG,., means that we remove the designed attention-
based regularization term R in Eq. (10).

The results of the ablation studies on the DomainNet
dataset are presented in Table 3. It is evident that removing
each designed module results in a performance drop, under-
scoring the necessity of each module. Interestingly, the in-
domain results suggest that cross-domain learning may not
be as crucial compared to momentum updates and data qual-
ity estimation. However, in the out-of-domain evaluation,
FedAG.ross plays a significant role, as its removal leads to
a dramatic performance drop. These findings align with the
motivations behind our model design, emphasizing the im-
portance of the cross-domain learning module in addressing
the out-of-domain issue.

6 Conclusion

In this study, we introduced Federated Adapter Generaliza-
tion (FedAG), an innovative federated fine-tuning approach
designed to address the challenges of domain-specific char-
acteristics and out-of-domain generalization in vision founda-
tion models. Using multiple fine-grained adapters and novel
learning modules, FedAG effectively integrates domain-
specific knowledge and enhances generalization across di-
verse domains. Our extensive experiments on various
datasets validate the efficacy of FedAG, showing perfor-
mance improvements over traditional fine-tuning methods.
This work underscores the importance of developing feder-
ated learning strategies that respect data privacy while main-
taining high model performance across different domains,
paving the way for more robust and adaptable vision foun-
dation models.
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