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ABSTRACT

Personalized federated learning (PFL) aims to share global knowledge while
tailoring models to heterogeneous clients. However, traditional PFL methods
face two key challenges: (i) reliance on aggregation-based model updates to
form shared information makes training sensitive to data heterogeneity; and (ii)
repeated on-client training and transmission of full model parameters or gra-
dients yield substantial computational and communication overhead. Inspired
by vision—-language models (VLMs) such as CLIP, we pursue an alternative
paradigm that adapts a frozen backbone through lightweight modules that lever-
age language-anchored priors. Specifically, we propose Personalized Federated
Adaptation via Prototype—Text Contrastive Alignment (FedPACT), which treats
a client-specific personalized prototype cache and a shared text head as the only
trainable and communicated components. Clients update only their prototypes to
fit local distributions, while the server refines the shared text head by contrastively
aligning the text embeddings with personalized prototypes. Our theoretical anal-
ysis shows that the shared text head improves convergence of the personalized
prototype cache by enlarging the prototype—text margin. Experiments demon-
strate that FedPACT achieves superior personalized and global performance over
state-of-the-art methods.

1 INTRODUCTION

Federated learning (FL) (McMahan et al., 2017} |Singh et al., 2022) enables collaborative model
development across distributed data silos while keeping data local. In many practical deployments,
however, client data exhibit pronounced non-independent and identically distributed (non-1ID) char-
acteristics arising from domain shift, feature distribution mismatch, label imbalance, and even miss-
ing classes on subsets of clients (Zhang et al.,2022a;|Wang et al.,|2024). These forms of data hetero-
geneity degrade the utility of a single global model and can yield per-client performance drops, i.e.,
negative transfer, when the global distribution is misaligned with local distributions (Wang et al.,
2020; |Acar et al.l 20215 |Wang et al., 2024)). Personalized federated learning (PFL) formulates col-
laboration across heterogeneous clients as a multi-task learning problem, jointly optimizing related
yet distinct client models via (i) regularization based coupling (Smith et al.,|2017; Deng et al., 2020;
T Dinh et al., 2020; Huang et al., 2021), (ii) meta learning (Jiang et al.| [2019; [Fallah et al., |2020),
(iii) model decomposition (Collins et al., [2021}; [Liang et al.l [2020; |Oh et al.| 2021), and (iv) group-
aware collaboration (Ghosh et al., [2020; L1 et al.l 2023 [Lu et al.l 2023)), thereby mitigating data
heterogeneity. Despite their effectiveness, most PFL methods still face two key challenges. First,
data heterogeneity can cause shifts in local models, with the extent of these shifts increasing with the
depth of the model (Luo et al.,2021). As a result, some PFL methods that aggregate client gradients
or model parameters may produce suboptimal shared information, making the model performance
highly sensitive to data heterogeneity (Wang et al.,|2020; |Acar et al., 2021} Wang et al.,[2024). Sec-
ond, most PFL methods still involve iterative on-client training of sizable local/shared components
and repeated exchange of parameter updates for the shared part across rounds, leading to nontrivial
computation and communication overhead (Lee & Leel 2021} |Yang et al., 2023)).

Recent progress in Vision—Language Models (VLMs) (Jia et al., 2021; |Kim et al., 2021) offers an
opportunity to rethink traditional PFL frameworks. Models such as CLIP (Radford et al.,[2021) are
trained at web scale and provide robust and transferable visual representations paired with language-
grounded text embeddings. Notably, VLMs expose a semantic interface through prompts and class
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names that can steer prediction without modifying the visual backbone. This property suggests a
paradigm shift for PFL: rather than repeatedly retraining and transmitting large models, it is possible
to adapt a frozen VLM using small modules that exploit pretrained text features as stable, cross-
client semantic anchors (Zhang et al.,[2022b)). Under non-1ID data, such anchors help counter client
drift by aligning local decision boundaries to a common language-informed space, and they mitigate
missing-class scenarios by providing meaningful targets even where local examples are scarce.

Guided by these insights, we introduce Personalized Federated Adaptation via Prototype—Text Con-
trastive Alignment (FedPACT), which freezes the pretrained image encoder and divides the learn-
able components into two lightweight modules to address the challenges of high communication
and computation costs. Specifically, visual features are generated by the frozen image encoder and
processed by two trainable components: the shared text head, which provides language-grounded
class directions and outputs scores aligned with global semantics, and the personalized prototype
cache, which computes affinities between the input and stored prototypes to generate client-specific
scores. These scores are then combined via a residual connection to produce the final prediction. To
mitigate the sensitivity of parameter aggregation to data heterogeneity, we propose prototype—text
contrastive alignment to update the shared text head. The server uses contrastive learning to update
the shared text head, treating each personalized prototype with its class text embedding as a positive
example and pairing it with other class texts as negatives. On the client side, the shared text head
remains fixed while each client optimizes its personalized prototype cache using local data, adapt-
ing decision boundaries to the local distribution while maintaining alignment with the shared text
head. Repeating these steps enables the shared text head to capture global information and remain
robust to non-IID data, while the personalized prototypes effectively adapt to local data, ensuring
personalized performance.

Contributions. We summarize our contributions as follows:

* We propose a novel VLM-based PFL framework that freezes the pretrained image encoder
and personalizes a lightweight client-side prototype cache, with a server-side shared text
head facilitating cross-client knowledge transfer and aggregation.

* We design an alternating prototype—text contrastive alignment scheme. On clients, the
shared text head remains fixed while each client optimizes its personalized prototype cache
using local data, adapting decision boundaries to its distribution. On the server, contrastive
learning updates the shared text head using the personalized prototypes, steering it toward
directions supported across clients.

* We establish a margin-controlled local convergence bound, demonstrating that enlarging
the feature—text margin accelerates convergence. We further prove that contrastive updates
to the shared text head enlarge the global prototype—text margin, and this gain transfers
to the local prototype—text margin when the personalized prototypes do not significantly
deviate from the global prototypes, thereby improving local convergence.

2 RELATED WORK

2.1 PERSONALIZED FEDERATED LEARNING

FL enables collaborative model training across a central server and multiple clients without sharing
raw data. However, pronounced data and system heterogeneity often render a single global model
inadequate. PFL reframes FL as multi-task optimization that jointly learns related yet distinct client
models while exploiting cross-client commonality. Representative directions are as follows. First,
regularization based methods couple client objectives through shared constraints or priors so that
models share a common structure while allowing client-specific deviations, balancing transfer and
personalization with convergence guarantees (Smith et al.| [2017; |Deng et al., 2020; [T Dinh et al.,
2020; Huang et al., |2021). Second, meta learning based methods learn an initialization or proxi-
mal prior, e.g., MAML-style meta-initialization, that enables rapid on-client adaptation (Jiang et al.,
2019; [Fallah et al. 2020). Third, model structure based methods either share a global backbone
while personalizing lightweight local layers (Collins et al., 2021} |Liang et al.,[2020;|Oh et al.| [2021)
or learn layer-wise aggregation weights that leverage inter-user similarity for personalized layer-
wise aggregation (Ma et al.,[2022). Fourth, group-aware collaboration discovers latent client groups
and trains per-group models via data-distribution-based or game-theoretic clustering. (Ghosh et al.,
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2020; Li et al., 2023} |Lu et al., 2023). Despite their effectiveness, most PFL methods still require
iterative training of sizable local or shared components and repeated transmission of shared param-
eters across rounds, incurring substantial computation and communication costs. Recent studies
therefore integrate VLMs to leverage frozen pretrained backbones and confine personalization to
lightweight modules (Lu et al.; (Ghiasvand et al., 2025), thereby alleviating on-client computation
and communication costs.

2.2 FEDERATED LEARNING WITH VLMS

VLMs such as CLIP are trained at web scale on paired image—text data and learn aligned, language-
grounded embeddings that transfer robustly across tasks via promptable interfaces, which makes
them attractive foundations for FL. where data heterogeneity, and resource constraints dominate.
Freezing VLM backbones while adapting only small, semantics-aware modules enables FL systems
to reduce computation and communication cost and to stabilize collaboration via a shared language-
grounded prior. Recent work on FL with VLMs falls into three families. First, prompt-tuning
methods learn textual prompts or prompt generators to steer a frozen VLM, where FedTPG employs
text-conditioned prompt generation to improve generalization to unseen classes and datasets (Ghi-
asvand et al.} 2025; Guo et al.,[2023} |Q1u et al., [2024)). Second, LoRA/adapter-based PEFT replaces
full-model updates with low-rank or adapter inserts that are the only communicated/optimized pa-
rameters (Sundaram et al.,|2019; [Zhang et al., [2022bj |Han et al.| 2024)), improving efficiency under
data heterogeneity. For instance, TriplePlay (Imteaj et al., [2024) combines LoRA with quantiza-
tion and long-tail handling to accelerate convergence and reduce bandwidth; FedCLIP (Lu et al.)
attaches attention-based adapters to retain model generality while support local adaptation; pFed-
MMA (Ghiasvand et al., [2025)) introduces multi-modal adapters with a globally shared projection to
balance personalization and global generalization; FAA-CLIP (Wu et al.,|2025) trains a lightweight
feature adaptation module with domain-adversarial alignment for cross-domain robustness. Third,
cache-based methods construct a key—value cache from the few-shot training set and adapt CLIP
via feature retrieval. For instance, CacheFL (Y1 et al., 2025) initializes a class-balanced cache via
generative synthesis and aggregates only cache parameters, while FedPGA (Liu & Huang, [2025)
employs prototype-guided cache to mitigate inter-client shifts.

Note that prompt-tuning—based methods still require backpropagation through the entire model dur-
ing local training, imposing nontrivial client-side compute and memory cost. LoRA/adapter-based
PEFT and cache-based methods, especially VLM-based PFL approaches such as FedCLIP and
pFedMMA, still rely on gradient aggregation of local modules and can inherit sensitivity to non-
IID data. In contrast, our proposed FedPACT replaces weight averaging with contrastive alignment
between client-side personalized prototype caches and the server-side shared text head, improving
robustness to data heterogeneity while maintaining low computation and communication overhead.

3 METHODOLOGY

3.1 PRELIMINARY

Consider a PFL scenario with K clients indexed by K = {1,2, ..., K}. Each client k holds a local
dataset Dy, = {(x;,y;) }i5 with class set Y = {1,..., N'}. A personalized federated objective can
be written as

min 3 e By, [((S(x W, ), )] + 72w, ) . (1)
twih@ ek

where S(-) is the scoring function, £(-) is the classification loss, wy, are client-specific parameters,
¢ are shared parameters that couple clients, {2 penalizes deviation from the shared representation,

and 7, = ﬁ In this work, we consider PFL for VLMs with a pretrained image encoder,
ke

where each input  is mapped to a unit-norm feature f = f(x) € R® with embedding dimension C.
Inspired by (Zhang et al., 2022b)), personalization is realized by a client-side personalized prototype
cache V;, € RV XY while language-grounded semantics are encoded by a server-side shared text
head H € RV*C The class logits are decomposed into a cache term and a text term:

S(£; Vi, H) = ap(fVy ) +fH, @
where ¢(z) = exp[—S(1 — z)] with a, § > 0.
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Figure 1: Overview of the FedPACT framework. Different shapes denote the personalized prototype
cache and the shared text head, while colors indicate different classes. Initialization: Each client
constructs local prototypes and uploads them to the server; the server aggregates these local proto-
types to initialize the personalized prototype cache and, in parallel, initializes the shared text head
from class names using a text encoder. Training: The server broadcasts the shared text head, which
is kept frozen on each client. Clients then update their personalized prototype cache using local
features (see equation [5)) and upload the updated cache to the server. The server refines the shared
text head by contrastively aligning it with the received prototype caches (see equation [§)), thereby
completing one communication round.

3.2 ALTERNATING PROTOTYPE-TEXT CONTRASTIVE ALIGNMENT

The alternating optimization over V and H implements a bi-level scheme: clients minimize em-
pirical risk with respect to V,, and the server updates H by a contrastive objective constructed from
personalized prototypes. We detail the three building blocks below.

Initialization. At round ¢ = 0, each client computes local prototypes by averaging normalized
features:

Ven=—— Y 1), 3)

D
| k7n| (x7y)EDk,7L

where n € Y, Dy, = {(X,y) € Dy : y = n}, and uploads the local prototypes to the server. The
server aggregates the local prototypes to form global prototypes

o ZkexPrnl Ven
" Zke)c ‘Dk,n| ’

and broadcasts V = [Vy;...;Vy] to all clients. Then each client initializes its cache as V and the

4)

server initializes the shared text head by encoding the class names c¢,, with a text encoder h%o) —
h(cn), and H®) = Hepp = [h§0); s h§3)].

Client-Side Prototype Personalization. At communication round ¢, each client k receives the
current shared text head H(*) and updates only its personalized prototype cache V, by minimizing
the local objective

win L (Vis HO. D) = By, [fee (5 (£00: Vi HO ) y) |, 5)

where /cg denotes the standard cross-entropy loss. During local training, the shared text head
remains frozen and serves as a fixed semantic reference, keeping local updates aligned with the
common language-grounded space. After completing local training, each client uploads the updated
V. to the server.
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Algorithm 1 Alternating Prototype—Text Contrastive Alignment

Require: Client set /C, client datasets {Dy, }, rounds I, local epochs T', frozen encoder f(-), initial
text head H(®) = Hepp.

# Initialization (=0)
for each client k in parallel do
compute local prototypes vV, ,, and upload the local prototypes to the server
end for o o
Server: compute global prototypes ¥V,, and set V = [V;...; Vy]; broadcast V to all clients

Dhwn

fort=1...1 —1do
# Client step
for each client k in parallel do
9: update V), by minimizing £, (Vi; H, Dy) > see equation

P HRD

10: upload updated V,(f) to the server

11: end for

12: # Server step

13: construct SV = { (v,(;)n, n) } from received V() = {V,(j)}

14: update H by minimizing £,(H; S®)) > see equation
15:  broadcast updated H**Y to all clients
16: end for

Server-Side Contrastive Text Adaptation. At communication round ¢, the server receives per-
sonalized prototype caches from clients V() = {V( )}ke)c and construct a labeled prototype set
S = {(vk n) | k € K, n € Y}, where v,(c)n is the class-n prototype embedding given by
the n-th row of V,(j). The shared text head H with rows {h,, },,cy is then updated by minimizing
a contrastive InfoNCE loss (Oord et al., 2018) that pulls matched text—prototype pairs (h,,, v,(j)n)

together while pushing the same prototype away from all non-matching class texts { (h;, V,(:)n)} jokn

hT / T)
Lajign(H; SO) Tk Clog —— ( : ©6)
) = 3 |1 S o ()

with temperature 7 > 0. To limit semantic drift from the original VLM space, we add a stability
regularizer:

N
1
- _ = (0)
L) = = 3 (B bil). ™
In summary, the server solves
min £,(H; W) = Lajgn(H: S©) + Aet Lreg (H), (8)

with Aig > 0 and broadcasts the updated H to all clients to complete the round one communication
round.

Summary. The overall procedure is summarized in Algorithm [I] Repeating equation [5and equa-
tion [§] yields progressive prototype—text contrastive alignment: the shared text head evolves into
language-anchored vectors that capture global information and remain robust under non-IID vari-
ability, while personalized prototype caches adapt decision boundaries to local distributions. The
scheme requires no backbone retraining and communicates only prototypes, offering both computa-
tion and communication efficiency.
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4 THEORETICAL ANALYSIS

In this section, we provide a theoretical analysis to better understand how the shared text head H
controls the convergence of personalized prototype cache updates. Our analysis is based on the
following assumptions:

Assumption 1. (Smoothness) For each client k and round t, the local loss L(+) is Lv-smooth in
V. ie, forall V,V', |[VvLr(V) = VvL,(V')|| < Lv|V - V'|.
Assumption 2. (Bounded Gradient Variance) For each client k, the mini-batch stochastic gradient

2
O-C

gr computed with batch size b has bounded variance: E [Hgk — VvLp(Vi) ||2} <5

Given a shared text head H = [hy;...;hy], define the margin induced by H for a feature f with
label y as
mu(f,y) = fThy —maxfThj. 9)
J#y

Then, we obtain the margin-controlled local convergence, as stated in the following theorem:
Theorem 1. When Assumptions hold, given the shared text head H, number of SGD steps T’

and the learning rate n < i the convergence rate of personalized prototype cache V, is given by
0
2(L(V}") — £F)
nl

N -1 —m
+ nLv(aﬁ)Q%E(ﬂy)wk [emmmt)],

(10)

min E {HVVKIC(V,(:))HZ} <

0<t<T

where L3, := infy L (V) is the optimal objective value for client k.

Theorem [I] highlights the role of the shared text head, which can tighten the local convergence
bound by enlarging local margins my (f, y), thereby improving the local convergence performance.
Therefore, we analyze the effect of the server-side contrastive text adaptation, i.e., the update of the
shared text head H, specified in equation[6] Define the global margin as the sum of margins over all
personalized prototypes as

MMH) =Y "m > mu(Venn), (11)
keK  ney
we obtain the following Lemma.
Lemma 2. If the update in equation [6] strictly decreases the contrastive objective, i.e.,
Ealign(H(Hl)) < Ealig”(H(t)), the global margin satisfies

M(HETD) > M (HED). (12)

Lemma [2| establishes a strict increase in the global margin M (H), indicating that the shared text
head H is progressively aligned with directions supported by personalized prototypes. Building on
Lemmal[2] let v,, denote the global prototype for class n defined in equationd] we have the following
theorem.
Theorem 3. If the update strictly decreases the contrastive objective, i.e., L’al,-gn(H(tH)) <
Latign(H®), then there exists ¢ € (0, 1) such that, for any local prototype vy, ,, satisfying

vlnvn

—— >, (13)
VeVl

the local prototype—text margin strictly increases at the next iterate:

T (t+1) (vk,m n) > My (vkm,n). (14)

Theorem |3|implies that the update direction steers each class-specific vector of the shared text head
toward the subspace spanned by the federated centroids {v,, },,. Consequently, if a client prototype

T
v, is sufficiently aligned with its centroid, i.e., % > ¢ for some ¢ € (0, 1), the global

margin improvement established by Lemma [2]transfers to a strict increase in the local prototype—text
margin, yielding mge+1) (Vi,n, 7) > My (Vi,n, n) and thereby enhancing local convergence. We
will further investigate the effect of the alignment in our experiments.
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Table 1: Test accuracy (%) for FedPACT and baselines with ResNet-50 backbone.

Non-IID (p) Method Flower DTD  Pets Cars UCF Caltech Food SUN Aircraft EuroSAT Mean
CLIP-RN50 6594 4220 8580 55.66 61.56 85.80 77.30 58.53 17.19 37.59 58.76

FedPGA 69.35 47.81 87.65 58.69 6574 90.30 78.10 63.67 18.90 53.22 63.34

—01 CacheFL 6748 4569 8749 5749 6434 8990 77.84 61.85 18.15 47.19 61.74
p="1 FedPACT-G  90.58 56.74 87.11 65.05 70.18 90.59 74.11 64.66 19.68 77.89 69.66
Tip-Adapter ~ 80.85 57.92 91.20 76.76 77.74 81.51 68.82 68.77  40.97 71.10 71.56

ECALP 6246 51.69 6526 5582 59.55 6274 5897 59.15 40.53 49.60 56.58

FedPACT-P 9457 72.01 90.08 79.11 81.73 9515 7930 77.93 42.29 83.74 79.59

FedPGA 72.59 51.06 87.74 6146 67.17 9039 7832 6544 19.74 56.73 65.06

CacheFL 7093  46.69 87.71 58.85 6693 9091 78.04 64.08 20.19 50.56 63.49

FedPACT-G 9034 57.80 87.38 6530 7127 9043 7552 65.66 21.75 78.16 70.36

Tip-Adapter ~ 71.63  47.72 88.32 67.90 7083 79.17 63.10 59.53  30.11 63.32 64.16
ECALP 39.74 3640 4452 4057 3943 5037 4565 4206 2751 44.28 41.05
FedPACT-P  92.14 66.17 89.02 71.89 77.65 9282 7835 7237 3230 79.16 75.19

p=03

Table 2: Test accuracy (%) for FedPACT and baselines with ViT-B/16 backbone.

Non-IID (p) Method Flower DTD  Pets Cars UCF Caltech Food SUN Aircraft EuroSAT Mean
CLIP-ViTB/16  71.38 4439 89.07 65.27 66.75 9294 86.11 62.55 2484 47.77 65.11
FedPGA 74.18 4894 4894 68.03 72.80 94.69 86.21 6873  29.55 60.02 69.36

—01 CacheFL 7251  47.64 90.27 66.61 7285 9477 86.34 66.61 2535 53.31 67.63
p=0 FedPACT-G 9423 6123 91.88 73.67 7819 9460 8556 70.17 2751 80.78 75.78

Tip-Adapter 84.82 56.80 9348 8343 8361 8131 7414 7053 50.13 77.61 75.59

ECALP 6296 5193 65.02 62.84 6348 6343 6403 6268 47.10 53.30 59.68
FedPACT-P 96.51 74.08 93.55 8538 86.22 97.28 88.18 8175 52.23 84.74 83.99
FedPGA 78.48 5230 9122 70.85 7423 9485 8635 7092 29.73 67.22 71.61
CacheFL 7572 48.05 9120 67.68 75.18 9525 86.50 6899  28.05 63.69 70.03

FedPACT-G 94.68 61.41 9245 7387 7877 9396 8573 7097 31.26 80.86 76.40

Tip-Adapter 7792 4788 9146 75.68 7736 7857 7030 60.86  37.72 71.28 68.90
ECALP 39.99 37.89 4733 4584 4253 5134 49.14 4454 3514 36.67 43.04
FedPACT-P 95.17 68.11 93.65 80.07 82.18 95.84 8740 76.74 4291 82.39 80.45

5 EXPERIMENTS

5.1 EXPERIMENTAL SETTINGS

Implementation Details: Unless otherwise specified, we simulate a federated network with K = 10
clients. The client model adopts CLIP with ResNet-50 (He et al.,2016) and ViT-B/16 (Dosovitskiy
et al., 2020) backbones, initialized from the official pretrained weights (Radford et al.| [2021). We
set the number of global rounds to I = 10. The personalized prototype cache is updated for ' = 20
local epochs per round, while the shared text head is trained for 7' = 100 epochs at the server.
We use the AdamW optimizer and set the mini-batch size to 16 for both the personalized prototype
cache and the shared text head. The hyperparameters a and (3, as well as the learning rates for
both components, follow the settings in (Zhang et al., 2024). To induce label-distribution skew,
we employ a Dirichlet allocator: for each dataset, per-client class proportions are sampled from
Dir(p). Each client then draws examples up to its budget according to these proportions, yielding
majority/minority class mixtures and potentially missing classes. Data heterogeneity is controlled
by p, where a smaller p indicates stronger non-IID.

Baselines: We evaluate accuracy under two testing protocols. (i) Global generalization: inference
uses the server-trained shared text head (denoted FedPACT-G). As baselines, we include two cache-
and VLM-based FL methods, FedPGA (Liu & Huang| 2025) and CacheFL (Y1 et al., 2025). (ii)
Personalization: inference uses each client’s locally trained personalized prototype cache (denoted
FedPACT-P). As baselines, we consider distributed variants of two few-shot vision—language adap-
tation methods, Tip-Adapter (Zhang et al.,2022b) and ECALP (Li et al.), both of which personalize
on local data.

Datasets: We evaluate on ten widely used image classification datasets: Flowers102 (Nilsback &
Zisserman), 2008)), Caltech101 (Fei-Fei et al., [2004), OxfordPets (Parkhi et al., [2012)), StandfordCars
(Krause et al., 2013), UCF101 (Soomro et al.l |2012), FGVCAircraft (Maji et al.| [2013), Food101
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Figure 2: Performance comparison between FedPACT-P and FedPACT-w/o-H with ResNet-50
backbone.

(Bossard et al.|[2014)), SUN397 (Xiao et al.,2010), DTD (Cimpoi et al.} 2014), and EuroSAT (Helber
2019). We adopt a few-shot setting, selecting 1, 4, 8, and 16 training samples per class, and
evaluate on the full test sets; client-specific training and test subsets are partitioned via Dir(p).

5.2 PERFORMANCE EVALUATION

We evaluate the performance of the proposed method across different datasets and varying lev-
els of data heterogeneity. The experimental results using ResNet-50 and ViT-B/16 backbones are
presented in Table[T]and Table[2] respectively. The number of few-shot samples is set to 8. The per-
sonalized methods, FedPACT-G, Tip-Adapter, and ECALP, display the average test accuracy across
all clients. From the experimental results, it is evident that FedPACT achieves the best performance
in both generalization and personalization. Specifically, FedPACT-G shows a significant accuracy
improvement over FedPGA and CacheFL, especially under severe data heterogeneity p = 0.1.
FedPACT-G achieves a performance gain of 6 points with ResNet-50 and ViT-B/16. This demon-
strates that the contrastive learning approach effectively steers the shared text head towards direc-
tions supported by client prototypes, making it more robust to data heterogeneity than aggregation-
based knowledge fusion methods. On the other hand, FedPACT-P outperforms the baselines across
different backbones and levels of data heterogeneity, indicating that the personalized local prototype
cache updates help adapt the model to the local data distribution. The introduction of the shared text
head also integrates global knowledge into the local model, enhancing its robustness. Note that, as
heterogeneity decreases, FedPACT-P and the two personalized baselines experience a slight drop in
overall accuracy. This is because lower heterogeneity implies that clients have more label-rich test
sets, which raises the performance requirements during the test phase.

5.3 VALIDATION OF THEORETICAL ANALYSIS

In this subsection, we experimentally validate the effectiveness of the proposed server-side con-
trastive text adaptation and the results of theoretical analysis. First, we define FedPACT without
shared text head updates as FedPACT-w/o-H, where each client keeps the initial CLIP text features
fixed and trains the local personalized prototype cache. Based on Theorem 3] we define the client
T -
prototype alignment score as » % In Fig. , we present the accuracy of FedPACT-P
and FedPACT-w/o-H across different datasets, the minimum client prototype alignment score dur-
ing the FedPACT-P update process, and the test-set margin improvement ratio for the updated shared
text head of FedPACT-P compared to the original text features. The experiments are conducted with
an 8-shot setting and p = 0.1. The experimental results show that on the Flowers102 and EuroSAT
datasets, all clients exhibit a high alignment score, greater than 0.9. In these cases, the margin gain
of the shared text head can be effectively transferred to the local margin gains of the clients, resulting
in a significant accuracy improvement for FedPACT-P compared to FedPACT-w/o-H. Moreover, the
margin improvement ratio for the local text sets reaches a high proportion, achieving up to 84%. In
contrast, on the FGVCAircraft dataset, some clients exhibit a deviation from the global prototype,
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Figure 3: Performance Comparison of FedPACT and baselines under different number of shots per
class with ResNet-50 backbone.

with the lowest alignment score being just 0.25. In this scenario, the margin gain of the shared
text head cannot be transferred to the local margin gains, leading to a decrease in accuracy and a
lower margin improvement ratio for the local text sets. Thus, while FedPACT-P demonstrates an
overall accuracy improvement over FedPACT-w/o-H across multiple datasets, in specific cases such
as FGVCAircraft, directly using the original text features yields better model performance, as seen
with the FedPACT-w/o-H.

5.4 ABLATION STUDY

Number of Clients K: We test the performance Tgple 3: Average accuracy (%) of FedPACT-G
of the proposed FedPACT-G and FedPACT-P on  3pd FedPACT-P under different number of shots

ten datasets with varying numbers of clients, per class with ResNet-50 backbone.
where number of clients are set to 10, 20, and 50,

number of few-shot samples is set to 8, and p = Num of Clients K =10 K =20 K =50
0.1, as shown in Table E} The experimental re- CLIP-RN50 5875 58.75 58.75

sults indicate that FedPACT consistently delivers
significant performance improvements across dif-
ferent number of clients, demonstrating strong ro-
bustness to an increasing number of clients. No-

FedPGA 62.37 61.75 61.49
CacheFL 61.74 61.31 60.67
FedPACT-G 69.66 69.92 69.53

tably, FedPACT-G maintains an accuracy above  1ip-Adapter 7156 6990  67.23
69%, indicating its excellent scalability to multi- ECALP 56.58 52.51 41.80
FedPACT-P 79.59 79.56 74.10

client federated learning scenarios.

Number of Shots per Class: We evaluate the

performance of the proposed FedPACT-G and FedPACT-P across ten datasets with [1,4, 8, 16] shots
per class and p = 0.1, as presented in Fig. [3] The experimental results show that FedPACT-P
performs lower than Tip-Adapter in the 1-shot setting. However, as the number of shots increases,
both FedPACT-G and FedPACT-P achieve significant accuracy improvements over the baselines,
with FedPACT-P showing a marked performance gain compared to Tip-Adapter, highlighting the
advantages of alternating prototype—text contrastive alignment.

6 CONCLUSION

We introduced FedPACT, a parameter-efficient PFL framework based on VLMs that freezes the im-
age encoder, personalizes lightweight personalized prototype caches, and collaborates via a shared
text head updated through prototype—text contrastive alignment. We derived a margin-controlled lo-
cal convergence bound showing that enlarging the feature—text margin tightens convergence bound.
We proved that contrastive updates to the shared text head enlarge the global prototype—text margin,
and this gain transfers to the local prototype—text margin when the personalized prototypes do not
significantly deviate from the global prototypes, thereby improving local convergence. Empirically,
FedPACT achieved superior personalized and global accuracy than state-of-the-art methods.
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LLM USAGE STATEMENT

This work was conceived, designed, and executed by the authors. A large language model was used
to copy-edit author-written drafts (grammar, phrasing, and minor formatting).
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A APPENDIX

A.1 PROOF OF THEOREMII]

We first refine Assumption [2]using a margin-controlled variance bound, then prove Theorem 1.

Lemma 4. Fix client k and a shared text head H = [hy; ... ;hy]. let g, denote the unbiased mini-
batch gradient estimator of Vv L1, (V) computed from a batch of size b. Under the feature f = f(x)
with ||f||2 = 1 and the cache logits S, = aw(fv;j)ﬂ{j =y} +fth, with ¢(z) = exp[-B(1 — 2)],
the mini-batch gradient gy, has bounded variance:

} < (af)* (N -1)
b

E [Hgk ~ Vv L (Vi) E (s )~ [~ R0V, (15)

where my(f,y) := f "h, — max;, f h;.

Proof. The per-sample cross-entropy gradient w.r.t. the correct-class row vy, , is

Ve loe = (py — DaBo(f vy, )f, (16)

where p, is the predicted accuracy of class n. Then using ¢ € (0, 1], p € [0,1] and ||f|| = 1, we can
obtain

Vv, feell® < (aB)*(1 —py). (17)
Adding the cache increases the correct-class logit,
S, =f"h,+ap(f vy,) >f'h,. (18)
~—— N——
text cache

exp(Sy)

Since the softmax probability p, = o is strictly increasing in Sy, we have plextreache > plext
j J

y
hence

1— p;/ext+cache S 1— p;ext. (19)
For the text-only logits z; = f "hy,

. Zj TRy
text __ E]?’fy €

1—pt < (N = 1)e~muEy), (20)

1+ Zjiy es T
Combining this with [|Vy, lcg|® < (a8)?(1 — p,) yields

IV, feull* < (@B)*(N — 1)emmo), 21)
Define the per-sample gradient
(%) == Vv L (Vi; f(x), ), (22)

with (x,y) ~ D. The mini-batch estimator is

b
1 iid.
o =73 ;g(xm (x,y) ™ Dy (23)
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Since only the y-row of Vy, {cg is nonzero, the per-sample gradient matrix has a single nonzero
row and hence

2 —m
lge ()1 = [ Vv, Ler||” < (aB)*(N — 1)emmE), (24)
Taking expectation over (x,y) ~ Dy, yields
E[lg(0[1?] < (aB)? (N = 1) E(ugpp, [0 0] 25)

By independence of the b samples,

Var(gy) = 5 Var(g(x) < 3 E[lg)I?), 26)

where the last step uses Var(X) = E[X||? — ||[EX]||?> < E||X||?>. Combining equation [25| and
equation 26| gives

@\H

2

2 o N -1 —m
]E[Hgk — Vvﬁk(vk)H ] = Var(gx) < 7( f) (b )]E(z,y)NDk [e H(f’y)} , 27
which completes the proof. O

Then, we begin to derive the margin-controlled local convergence. By L+ -smoothness of £ and
the update V,(:H) = V,(:) - ng,(f),

/ Lyn?
E[@(VS*”)] <E[Lo(Vi)] —nE[IVL(VOI?] + ZZEE(lgIP]). @8)
Decompose g =VL (V(f)) + f(t) with {,(f) = g,(:) - Vvﬁk(V,(:)). Then

E[,ckw,i””)]sn«:[cw,i”)}—(n b VLV + DELE]EO]. @)

Withn < 7- - we have 1 — L‘g"Q > 4, hence
TR (9L (Vi) < BIL(VE) - £u(VE)] + PV 0 (30)
2 k k > k k k k 9 k .
Summing ¢ = 0to 7" — 1, we have
2(Ly,(VO) — £x)
: (t)y)12 k k (t)
Jmin B[IVL(VIP] < S5 e vy Z E e G
where £} := infy £(V) is the optimal objective value for client k. By Lemma E], we have
E[||& %] < M E (¢ 4)~D, [e”™#F¥)] and substitute this bound gives
Li(V?) - £} N-1 —ma (£
o, B[ Vv Li(Vi)IP] < 2t T ), ILy(aB)?! b )E(f,y)~m [emmmE],
(32)
which completes the proof.
A.2  PROOF OF LEMMAU[2]
The gradient of M (H) with respect to H is:
VaM M) =Y " m > Vamu(Ven,n). (33)

kex ney

For each prototype vy ,, the margin gradient Vymg (v, n) is a matrix where only the rows
corresponding to the true class n and the hardest negative class j; ,, = argmax;-, thvk,n are
non-zero:

om Vion, lf.] =n
i = Vi, ifj=j%=argmax;s, thvkm (34)
Oh; .

0, otherwise.
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Thus, Vi M (H) is a weighted sum of these sparse gradients. The gradient of L, With respect to
h; is:

8£ i Ol
T align Z L —’“ (35)
n€y
where /, ,, is InfoNCE loss for vy, ,,. Then, we can obtain
Ol n _ {i(pk,n(ﬂ) —Dviy,, ifj=n (36)
8hj %pk,n(j)vk,m if j 5& n.

Now, agﬁ" 2 can be decomposed into two parts. The first is the positive pull term. This comes from

the loss terms where j = n, which is
7r
—- Z : Z — Phon () Vi (37)

This term pulls h; towards prototypes of class j and aligns with the positive part of 8M (.e.,

>k Tk 2on L(j = n)Vy ») because both encourage increasing h [ vy, ; for class j. The second is the
negative push term. This comes from the loss terms where j # n, which is

IS TSI # mpenlvin. (38)
k n

This term pushes h; away from prototypes of other classes and aligns with the negative part of gTM
(e, = > Tk 22, 13 = Jf: ) Vi,n) When py . (5) is large for j being the hardest negative class for
some prototype. Specifically, if j is the hardest negative for prototype vy ,,, then py, ,,(j) is large,

and the push term contributes in the direction of —vy, ,,, which matches the negative part of %.
Thus, overall, 885}1“%" is approximately opposite to gﬁf , resulting in
OM 0Ly
: align < 07 (39)
Oh;’ Oh;

for each j. Using the first-order Taylor expansion:
MHEDY ~ MEHO) + <VHM(H(t)), HD H(t)>F . (40)
Substituting the update H*+1) — H®) = —pVg Lyie(H®), we get:
M(H) ~ MHY) = (VaM (HY), Vi LanH?)) @1)

Since (VaM (H®), Vi Laign(HY)), < 0, it follows that M (HD) > M(H®) for suffi-
ciently small n. Thus, the global margin sum M (H) increases monotonically with each gradient
descent update.

A.3 PROOF OF THEOREM [3]

>nex | Prnl Vin
Zke}C ‘Dk,n\

mu(Vin,n) = vy b, —max;2, v h;, andlet j* = arg max;, v;  h; be the hardest negative
class. As shown in equation the gradient of m with respect to H is given by:

Letv, = denote the global prototype for class n. The local margin is defined as

T
vaH(Vk,ru TL) = [0, e 7Vk,na ey *Vk,ny ey 0] s (42)
where the only non-zero rows correspond to the true class n and the hardest negative class j*.

Applying a first-order Taylor expansion, the margin at the next iteration can be approximated as:

Mmypze+1) (Viens 1) & My (Vin, 1) — 1 <vaH(t) (Viens 1), VHﬁalign(H(t))>F . (43)
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Hence, for a sufficiently small learning rate 7, the margin increases if the Frobenius inner product is
negative. This inner product expands to:
T acahgn T 8£ahgn

<vaa VHL"align> = Vg, n ah k n ah

(44)

o
Under the condition that % > ¢, the prototype vy, ,, is highly aligned with the global

v
prototype v,, and, by the separation of different class prototypes, is distant from prototypes of other
classes. We now analyze the two terms in the inner product.

First, consider the gradient of the loss with respect to the true class embedding:

6£align 1
T}ln = 77—7]\[ ;ﬂ'k_/(l —pk/7 ( Vk’ n + Z,ﬂ—k/ gﬂpk’ n’ Vk/ ' (45)

The product V,;r" 85 4 js dominated by the first term, which is large and negative due to the high

similarity vkmka,n and the fact that (1 — pys ,(n)) > 0. The second term is small and positive
because both the probability py ,,»(n) and the inter-class similarity V;Invk/,n’ are low for n’ # n.

Next, consider the gradient with respect to the hardest negative class embedding:

aﬁai n *
8h"g =— § m Y I(j YA = prr o (57)) Vi v
j*

n'

ZM/ZHJ # 0 )P (5% ) Vs - (46)

The product vgn% is dominated by the part of the second summation where n’ = n. This
9 3%

contribution is large and positive because: (i) pr’ ,(j*) is high since j* is the hardest negative class
for prototypes of class n, and (i) the similarity v, vy, is high. The first term in the gradient is
small and negative since the similarity v;nvk/, 4+ is low for j* # n.

9 Lalign O Laign I :
Therefore, v,:n aﬁlg is a negative value, while Vk n 3L Y s a positive value. Consequently, their

difference is negative for a sufficiently high ¢, ensuring the inner product is negative. It follows that
Mg+ (Vi n, ) > My (Vg n, 1) for a sufficiently small 7.

A.4 FULL RESULTS OF ABLATION STUDY ON THE NUMBER OF SHOTS PER CLASS

As shown in Fig. ] we present the full results of the ablation study on the number of shots per
class. It can be observed that, except for the Food101 datasets where the performance of FedPACT-
G is lower than the baseline, the accuracy of the other datasets significantly exceeds the baseline
as the number of shots increases. Notably, on the FGVCAircraft dataset, while FedPACT performs
worse than both baselines at lower numbers of shots, its accuracy significantly improves and sur-
passes the baselines when the number of shots reaches 16. This indicates that the prototype-text
contrastive alignment method can effectively learn knowledge from datasets with larger amounts of
data, thereby enhancing model performance.

A.5 EXPERIMENTAL RESULTS USING GPT3-GENERATED PROMPTS

We initialize the shard text head with superior text features (Zhang et al., [2024), where the class-
specific prompts are generated by GPT-3. The experimental results using ResNet-50 and ViT-B/16
backbones are presented in Table ] and Table [5] respectively. The number of few-shot samples is
set to 8. Experimental results show that, although the accuracy of FedPACT-G and FedPACT-P still
surpasses the baselines on most datasets, there is no significant performance improvement compared
to Table[I]and Table[2] when using this improved initialization. This indicates that the prototype-text
contrastive alignment method itself is robust and effective in optimizing the model, and therefore,
its performance does not see significant improvement with better initialization.
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Figure 4: Performance Comparison of FedPACT and baselines under different number of shots per
class with ResNet-50 backbone.
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Table 4: Test accuracy (%) for FedPACT and baselines with ResNet-50 backbone and GPT3-
generated prompts.

Non-IID (p) Method Flower DTD  Pets Cars UCF Caltech Food SUN Aircraft EuroSAT Mean
CLIP-RN50  66.22 48.64 8504 5737 5858 89.57 7699 62.63 19.44 40.10 60.45
FedPGA 70.48 54.08 8648 60.53 6339 9091 77.70 6589 21.75 50.12 64.13
CacheFL 69.27 51.60 8626 5928 63.79 9132 7757 6474 20.70 44.96 62.94

p=01 FedPACT-G  90.17 59.28 87.11 65.13 7042 9120 7427 6484 19.65 79.27 70.13
Tip-Adapter ~ 81.14  60.90 90.24 77.49 7821 83.65 6842 7039 4242 75.28 72.81

ECALP 61.59 5144 6492 5624 5929 61.65 5833 59.10 39.52 50.55 56.26
FedPACT-P 9444 7325 89.58 79.36 81.00 95.62 78.53 78.28 41.89 82.66 79.46
FedPGA 7345 5697 8714 63.08 6606 9091 78.14 66.86 22.50 53.58 65.86
CacheFL 7227 5290 86.59 6048 67.17 9132 7789 66.41  21.90 51.86 64.87

FedPACT-G  89.77 5940 86.94 65.66 70:76 9128 7483 6572  23.01 78.91 70.62

Tip-Adapter ~ 72.68 51.79 88.64 68.75 69.82 8252 63.03 6197 31.16 64.02 65.43
ECALP 40.06  36.55 44.17 40.79 39.79 50.44 4539 4184  27.19 42.84 40.90
FedPACT-P 9270 66.36 88.88 72.70 76.32 9278 7741 7284 3341 80.94 75.43

p=03

Table 5: Test accuracy (%) for FedPACT and baselines with ViT-B/16 backbone and GPT3-
generated prompts.

Non-IID (p) Method Flower DTD  Pets Cars UCF Caltech Food SUN Aircraft EuroSAT Mean
CLIP-ViTB/16  72.88 53.31 90.30 66.04 67.04 9424 8587 6795 27.33 54.25 67.92

FedPGA 7726 5638 91.06 69.36 7198 9501 8634 71.38 31.26 57.23 70.72

—01 CacheFL 7523 5556 90.84 67.17 72777 9517 8623 7050 2841 55.79 69.76
p=1 FedPACT-G 9428 6478 9242 7431 7793 9424 8538 70.70 26.46 79.72 76.02
TAdapter 8546 59.77 93.19 84.11 8472 8332 7436 7206 51.62 79.58 76.81

ECALP 6323 51.82 6472 62777 6440 62.69 64.03 6274 47.86 54.20 59.84
FedPACT-P 96.13 75.81 94.01 8535 8643 9749 87.81 82.01 52.08 83.50 84.06

FedPGA 81.00 60.28 91.39 71.60 74.15 9590 8649 7218 3141 58.79 72.31

CacheFL 79.58 56.26 91.66 69.11 7550 9594 86.48 71.80  30.15 58.51 71.49

p=03 FedPACT-G 9428 65.84 9229 73.66 77.50 9444 8579 71.73  30.96 79.84 76.63
TAdapter 7840 50.54 9249 76.67 77.99 8327 7123 63.55 38.74 68.45 70.13

ECALP 40.47 3792 4633 46.64 4277 5120 49.46 4505 3537 42.45 43.76

FedPACT-P 9523 7118 93.88 80.14 82.10 96.24 86.95 77.61 44.56 81.84 80.97
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