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ABSTRACT

Federated Learning (FL) enables multiple clients to collaboratively
learn a machine learning model without exchanging their own local
data. In this way, the server can exploit the computational power of
all clients and train the model on a larger set of data samples among
all clients. Although such a mechanism is proven to be effective
in various fields, existing works generally assume that each client
preserves sufficient data for training. In practice, however, certain
clients may only contain a limited number of samples (i.e., few-shot
samples). For example, the available photo data taken by a specific
user with a new mobile device is relatively rare. In this scenario,
existing FL efforts typically encounter a significant performance
drop on these clients. Therefore, it is urgent to develop a few-shot
model that can generalize to clients with limited data under the FL
scenario. In this paper, we refer to this novel problem as federated
few-shot learning. Nevertheless, the problem remains challenging
due to two major reasons: the global data variance among clients
(i.e., the difference in data distributions among clients) and the
local data insufficiency in each client (i.e., the lack of adequate local
data for training). To overcome these two challenges, we propose a
novel federated few-shot learning framework with two separately
updated models and dedicated training strategies to reduce the
adverse impact of global data variance and local data insufficiency.
Extensive experiments on four prevalent datasets that cover news
articles and images validate the effectiveness of our framework
compared with the state-of-the-art baselines. Our code is provided!.
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1 INTRODUCTION

The volume of valuable data is growing massively with the rapid
development of mobile devices [4, 34]. Recently, researchers have
developed various machine learning methods [5, 57, 61] to analyze
and extract useful information from such large-scale real-world
data. Among these methods, Federated Learning (FL) is an effective
solution, which aims to collaboratively optimize a centralized model
over data distributed across a large number of clients [7, 13, 22, 62].
In particular, FL trains a global model on a server by aggregating the
local models learned on each client [2]. Moreover, by avoiding the
direct exchange of private data, FL can provide effective protection
of local data privacy for clients [31]. As an example, in Google
Photo Categorization [12, 33], the server aims to learn an image
classification model from photos distributed among a large number
of clients, i.e., mobile devices. In this case, FL can effectively conduct
learning tasks without revealing private photos to the server.

In fact, new learning tasks (e.g., novel photo classes) are con-
stantly emerging over time [50, 59]. In consequence, FL can easily
encounter a situation where the server needs to solve a new task
with limited available data as the reference. In the previous example
of Google Photo Categorization, as illustrated in Fig. 1, the server
may inevitably need to deal with novel photo classes such as the
latest electronic products, where only limited annotations are avail-
able. Nevertheless, existing FL works generally assume sufficient
labeled samples for model training, which inevitably leads to un-
satisfying classification performance for new tasks with limited
labeled samples [14]. Therefore, to improve the practicality of FL in
realistic scenarios, it is important to solve this problem by learning
an FL model that can achieve satisfactory performance on new
tasks with limited samples. In this paper, we refer to this novel
problem setting as federated few-shot learning.

Recently, many few-shot learning frameworks [15, 44, 52, 55]
have been proposed to deal with new tasks with limited samples.
Typically, the main idea is to learn meta-knowledge from base classes
with abundant samples (e.g., photo classes such as portraits). Then
such meta-knowledge is generalized to novel classes with limited
samples (e.g., photo classes such as new electronic products), where
novel classes are typically disjoint from base classes. However, as
illustrated in Fig. 1, it remains challenging to conduct few-shot
learning under the federated setting due to the following reasons.
First, due to the global data variance (i.e., the differences in data
distributions across clients), the aggregation of local models on the
server side will disrupt the learning of meta-knowledge in each
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Figure 1: The two challenges of federated few-shot learning
as an example in Google Photo Categorization: local data
insufficiency and global data variance.

client [23]. Generally, the meta-knowledge is locally learned from
different classes in each client and thus is distinct among clients,
especially under the non-IID scenario, where the data variance
can be even larger among clients compared with the IID scenario.
Since the server will aggregate the local models from different
clients and then send back the aggregated model, the learning
of meta-knowledge in each client will be potentially disrupted.
Second, due to the local data insufficiency in clients, it is non-trivial
to learn meta-knowledge from each client. In FL, each client only
preserves a relatively small portion of the total data [1, 13]. However,
meta-knowledge is generally learned from data in a variety of
classes [15, 52]. As a result, it is difficult to learn meta-knowledge
from data with less variety, especially in the non-IID scenario, where
each client only has a limited amount of classes.

To effectively solve the aforementioned challenges, we propose
a novel Federated Few-shot Learning framework, named F2L. First,
we propose a decoupled meta-learning framework to mitigate the
disruption from the aggregated model on the server. Specifically,
the proposed framework retains a unique client-model for each
client to learn meta-knowledge and a shared server-model to learn
client-invariant knowledge (e.g., the representations of samples), as
illustrated in Fig. 2. Specifically, the client-model in each client is up-
dated locally and will not be shared across clients, while the server-
model can be updated across clients and sent to the server for ag-
gregation. Such a design decouples the learning of meta-knowledge
(via client-model) from learning client-invariant knowledge (via
server-model). In this way, we can mitigate the disruption from
the aggregated model on the server caused by global data variance
among clients. Second, to compensate for local data insufficiency
in each client, we propose to leverage global knowledge learned
from all clients with two dedicated update strategies. In particular,
we first transfer the learned meta-knowledge in client-model to
server-model by maximizing the mutual information between their
output (i.e., local-to-global knowledge transfer). Then we propose a
partial knowledge distillation strategy for each client to selectively
extract useful knowledge from server-model (i.e., global-to-local
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knowledge distillation). In this manner, each client can leverage the
beneficial knowledge in other clients to learn meta-knowledge from
more data. In summary, our contributions are as follows:

e Problem. We investigate the challenges of learning meta-
knowledge in the novel problem of federated few-shot learn-
ing from the perspectives of global data variance and local
data insufficiency. We also discuss the necessity of tackling
these challenges.

Method. We develop a novel federated few-shot learning
framework F2L with three essential strategies: (1) a decou-
pled meta-learning framework to mitigate disruption from
the aggregated model on the server; (2) mutual information
maximization for local-to-global knowledge transfer; (3) a
novel partial knowledge distillation strategy for global-to-
local knowledge distillation.

Experiments. We conduct experiments on four few-shot
classification datasets covering both news articles and im-
ages under the federated scenario. The results further demon-
strate the superiority of our proposed framework.

2 PRELIMINARIES
2.1 Problem Definition

In FL, given a set of I clients, i.e., {C(i) }le, where I is the number
of clients, each C(!) owns a local dataset D (). The main objective
of FL is to learn a global model over data across all clients (i.e.,
{D® }{:1) without the direct exchange of data among clients. Fol-
lowing the conventional FL strategy [13, 32, 36], a server S will
aggregate locally learned models from all clients for a global model.

Under the prevalent few-shot learning scenario, we consider a
supervised setting in which the data samples for client c@ are
from its local dataset: (x,y) € Z)(i), where x is a data sample, and
y is the corresponding label. We first denote the entire set of classes
on all clients as C. Depending on the number of labeled samples
in each class, C can be divided into two categories: base classes
Cyp and novel classes Cp, where C = C, UCp, and C, N Cp, = 0. In
general, the number of labeled samples in Cy, is sufficient, while it is
generally small in C, [15, 44]. Correspondingly, each local dataset
can be divided into a base dataset Dél) ={(x,y) e DD :y ey}

and a novel dataset Z),gi) = {(x,y) € [JON y € Cu}. In the
few-shot setting, the evaluation of the model generalizability to
(i)

novel classes Cy, is conducted on D,,’, which contains only limited

labeled samples. The data samples in DY will be used for training.
Then we can formulate the studied problem of federated few-shot
learning as follows:

DEFINITION 1. Federated Few-shot Learning: Given a set of I
clients {C(’-)}{:1 and a server S, federated few-shot learning aims
to learn a global model after aggregating model parameters locally

learned from Z)Igi) in each client such that the model can accurately

predict labels for unlabeled samples (i.e., query set Q) in D,gi) with
only a limited number of labeled samples (i.e., support set S).

More specifically, if the support set S consists of exactly K la-
beled samples for each of N classes from Z),(ll) , and the query set Q
is sampled from the same N classes, the problem is defined as Feder-

ated N-way K-shot Learning. Essentially, the objective of federated
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few-shot learning is to learn a globally shared model across clients

that can be fast adapted to data samples in Z),(li) with only limited
labeled samples. Therefore, the crucial part is to effectively learn
meta-knowledge from the base datasets {Z)Igi) }zI':1 in all clients.
Such meta-knowledge is generalizable to novel classes unseen dur-
ing training and thus can be utilized to classify data samples in

each Z),(ii), which consists of only limited labeled samples.

2.2 Episodic Learning

In practice, we adopt the prevalent episodic learning framework for
model training and evaluation, which has proven to be effective in
various few-shot learning scenarios [9, 10, 40, 52, 56]. Specifically,
the model evaluation (i.e., meta-test) is conducted on a certain num-
ber of meta-test tasks, where each task contains a small number of
labeled samples as references and unlabeled samples for classifica-
tion. The local model training (i.e., meta-training) process in each
client is similarly conducted on a specific number of meta-training
tasks, where each task mimics the structure of meta-test tasks. It
is worth mentioning that meta-training tasks are sampled from

the local base dataset Dlgi) of each client, while meta-test tasks are

sampled from the local novel dataset Z),(li). That being said, the
class set of samples in meta-training tasks is a subset of Cj,, while
the class set of samples in meta-test tasks is a subset of C,, which
is distinct from Cp,. The main idea of federated few-shot learning is
to preserve the consistency between meta-training and meta-test
so that the model can learn meta-knowledge from clients for better
generalization performance to novel classes Cp,.

Specifically, to construct a meta-training task 7~ in client c®

from its local base dataset Dlgl), we first randomly sample N classes
from Z);”. Then we randomly select K samples from each of the N
classes (i.e., N-way K-shot) to establish the support set S. Similarly,
the query set Q consists of Q different samples (distinct from S)
from the same N classes. The components of the meta-training task
7 is formulated as follows:

S ={(x1,y1), (x2,92), . . ., (XNxK> YNxK) }»
Q= {(q1.97). (q2.93).- .. (a0, yp) },
T =1{S,Q},

1

where x; (or g;) is a data sample in the sampled N classes, and
yi (or y;) is the corresponding label. Note that during meta-test,
each meta-test task shares a similar structure to meta-training tasks,

(

except that the samples are from the local novel dataset Z)ni) , which

are distinct from Z)b(i).

3 METHODOLOGY

In this part, we introduce the overall design of our proposed frame-
work F?L in detail. Specifically, we formulate the federated few-
shot learning problem under the prevailing N-way K-shot learning
framework. Our target of conducting federated few-shot learning
is to learn meta-knowledge from a set of I clients {c® }{:1 with
different data distributions, and generalize such meta-knowledge to
meta-test tasks. Nevertheless, it remains difficult to conduct feder-
ated few-shot learning due to the challenging issues of global data
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variance and local data insufficiency as mentioned before. There-
fore, as illustrated in Fig 2, we propose a decoupled meta-learning
framework to mitigate disruption from the servers. We further
propose two update strategies to leverage global knowledge. The
overview process is presented in Fig 3.

3.1 Decoupled Meta-Learning Framework

3.1.1 Federated Learning Framework. We consider a server-model,
which consists of an encoder g4 and a classifier fy that are shared
among clients. We denote the overall model parameters in the
server-model as ¢. Specifically, g4 : R? — Rk is a function that

maps each sample into a low-dimensional vector hy € RK, where d
is the input feature dimension, and k is the dimension of learned
representations. Taking the representation hy as input, the classifier

fo: Rk - C, maps each hy to the label space of base classes Cp,

and outputs the prediction py € RIC¢|, where each element in Py
denotes the classification probability regarding each class in Cj,.
Following the prevalent FedAvg [36] strategy for FL, the training
of server-model is conducted on all clients through T rounds. In
each round ¢, the server S first sends the server-model parameters
¢ to all clients, and each client will conduct a local meta-training
process on 7 randomly sampled meta-training tasks. Then the server
S will perform aggregation on parameters received from clients:

# =1 @

I
ot
i
i=1

where q?lt denotes the locally updated server-model parameters by

client 1) on round t. $**! denotes the aggregated server-model
parameters which will be distributed to clients at the beginning of
the next round. In this way, the server can learn a shared model for
all clients in a federated manner.

Although the standard strategy of learning a single shared model
for all clients achieves decent performance on general FL tasks [13,
36], it can be suboptimal for federated few-shot learning. Due to
the global data variance among clients, the aggregated model on
the server will disrupt the learning of meta-knowledge in each
client [23]. As a result, the local learning of meta-knowledge in
clients will become more difficult. In contrast, we propose to further
introduce a client-model, which is uniquely learned and preserved
by each client, to locally learn meta-knowledge. In other words, its
model parameters will not be sent back to the server for aggregation.
In this manner, we can separate the learning of client-model (meta-
knowledge) and server-model (client-invariant knowledge) so that
the learning of meta-knowledge is not disrupted.

Specifically, for client €@ the client-model also consists of
an encoder gy, and a classifier fy,. We denote the overall model

parameters in the client-model for client c® as ;. In particular,
the encoder gy, takes the representation hy learned by the encoder
q¢ in server-model as input, and outputs a hidden representation
hy € RK. Such a design ensures that the client-model encoder
qy, does not need to process the raw sample and thus can be a
small model, which is important when clients only preserve limited
computational resources [6]. Then the classifier fy, maps hy to
predictions py, € RN of the N classes.
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Figure 2: The illustration of our decoupled meta-learning
framework. § denotes the client-model, which will be locally
kept in each client. ¢ denotes the server-model, which will
be aggregated and sent to the server.

3.1.2  Local Meta-training on Clients. Based on the episodic learn-
ing strategy, in each round, the training process of each client
¢ is conducted through 7 steps, where each step is a local up-
date based on a meta-training task randomly sampled from the
local base dataset Déi). In particular, for client ¢ on round
t=1,2,...,Tand steps = 1,2,...,7, we denote the sampled meta-
task as 7?’5 = {Slt S, Qf’s}. To learn meta-knowledge from meta-
task 7;t’5, we adopt the prevalent MAML [15] strategy to update
client-model in one fine-tuning step and one meta-update step. We
first fine-tune the client-model to fast adapt it to support set Sit’s:

'ZFS l//l-t’s —apVy Ly (Sit’s; {¢it’s’ ‘pit’s})’ ¢

where Ly, is the fine-tuning loss, which is the cross-entropy loss

calculated on the support set Sl.t’s. Here, ay, is the learning rate,
and l,blt S (or ¢f ) denotes the parameters of client-model (or server-
model) on round ¢ and step s. Then we update the client-model
based on the query set Qit’sz

U= ety (@) @
where Ly is the loss for client-model on the query set Ql.t’s, and ay,
is the meta-learning rate for . In this regard, we can update client-
model with our global-to-local knowledge distillation strategy. For
the update of server-model, we conduct one step of update based
on the support set and parameters of client-model:

B = 90— ayVy Ly (ST A9, )
where £¢, is the loss for the server-model, and ag is the meta-
learning rate for ¢. In this manner, we can update the server-model
with our local-to-global knowledge transfer strategy. After repeat-
ing the above updates for 7 steps, the final parameters of server-
model gbl” is used as gfbvlt in Eq. (2) and sent back to the server for
aggregation, while the client-model (with parameters W,t ') will be
kept locally. By doing this, we can decouple the learning of local
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meta-knowledge in client-model while learning client-invariant
knowledge in server-model to avoid disruption from the server.

3.2 Local-to-Global Knowledge Transfer

With our decoupled meta-learning framework, we can mitigate the
disruption to the learning of local meta-knowledge in each client.
Nevertheless, we still need to transfer the learned meta-knowledge
to server-model (i.e., Local-to-global Knowledge Transfer), so that
it can be further leveraged by other clients to handle the local
data insufficiency issue. Specifically, to effectively transfer local
meta-knowledge, we propose to maximize the mutual information
between representations learned from server-model encoder g4 and
client-model encoder gy, In this way, the server-model can maxi-
mally absorb the information in the learned local meta-knowledge.

3.2.1 Mutual Information Maximization. Given a meta-training
task 7 = {S, Q}, as described in Sec. 3.1, the server-model encoder
q¢ and client-model encoder gy will output hy and hy, for each
sample, respectively. By stacking the learned representations of
samples in the support set S (|S| = D, where D = N X K), we can
obtain the representations of support samples learned by the server-
model, i.e., H¢ € RDXk, and the client-model, i.e., Hl/, € RP*k For
simplicity, we omit the annotations of round t, step s, and client i.
The objective of maximizing the information between Hy and Hy
can be formally represented as follows:

D D o
2, D p(hi i) log

i=1 j=1

J1hi .
p(k) b )
p(h;9)
where h; (or h]’r//) is the i-th row of Hy (or Hy). Since the mutual

information I(Hy; Hy ) is difficult to obtain and thus infeasible to
be maximized [39], we re-write it to achieve a more feasible form:

p(h) ;)
P h{puﬁ)

max I(Hy; Hy) = max
6 VT

D D
. - in . J.
I(Hy:Hy) = Z; ;p(h¢|h¢, $)p(h);$) log
™)
Since the support set S of size D is randomly sampled, we can
assume that the prior probability p(hl]//; ¢) follows a uniform dis-

tribution, and set it as p(hj ;) = 1/D. According to the Bayes’
theorem, the Eq. (7) becomes:

D D
I(Hy:Hy) = - Z} le(h;|h¢, 9) (log(p(h) b §)) +1og D) .
1= ]:
o (®)
We next present alternative strategies to estimate p(h; |hljp; ¢) and
Jhi - 4) i .
p(hy [hy: @) in detail

3.2.2  Estimation ofp(hés|hljk;¢). Since the client-model is fine-
tuned on the support set S of the meta-task 7", we can leverage the
classification results of the client-model to estimate p(h;|h] 5 9).

We denote C(j) as the set of sample indices in the support set S
that shares the same class as the j-th sample (including itself),
ie, C(j) = {k : yr = yj,k = 1,2,...,D}. Here, we first set
p(hfﬁ|hj ;) =0 forall i ¢ C(j), since we assume the client-model
can only infer representations from the same class. Intuitively, in the
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Figure 3: An illustration of the overall process of our framework F?L. Specifically, each client receives the server-model from
the server at the beginning of each round. To perform one step of local update, each client first samples a meta-task (2-way
2-shot in the illustration), which consists of a support set and a query set, from the local data. Then the server-model and
the client-model will both compute output for the support samples and query samples. After that, the server-model and
the client-model are updated via mutual information maximization and knowledge distillation, respectively. Finally, the
server-model is sent back to the server for aggregation, while the client-model is locally preserved by each client.

case of i € C(j), which means the i-th and the j-th samples share
the same class, p(h? |hj ;) can be considered as the confidence of
client-model regarding the class of the j-the sample. Therefore, it
should reflect the degree to which the sample representation h{/; is
relevant to its class. Utilizing the client-model classification output
(i.e., normalized class probabilities) for the i-th sample pi// e RN,

we can compute p(h;|hj ;¢) as follows:

Py, () o
hi|hj~ - % if i € C(j) 9
p( ¢ ‘/l,gﬁ - ZkEC(j)plll(y]) ’ ©)
0 otherwise

where p;(y ) € R denotes the classification probability for the i-th
sample regarding class y; (y; = yj when i € C(j)).

3.2.3 Estimation of p(h{/'/lh;,); ¢). Next we elaborate on how to

estimate p(h{/./|hi ;¢). Although we can similarly leverage the clas-

sification results of the server-model, such a strategy lacks gener-
alizability. This is because the server-model aims at classifying all
base classes instead of the N classes in each meta-training task. We
instead propose to estimate p(h]jlllh;; ¢) based on the Euclidean

distance (divided by 2 for simplicity) between learned represen-
tations of the server-model and the client-model. Specifically, we
normalize the distances with a softmax function:

exp (IR, -~ 1 12/2)
Skecq exp (I, - S [12/2)
Then if we further apply the £ normalization to both h; and
j R A DR Ry -
hl//, we can obtain ||h¢ h},/||2./2 1 h¢ v Moreover, since
the value of 221 Z?:I p(h;|h{b; ¢) equals a constant D, the term

p(k), b ) = (10)
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>2, zle p(hfﬁ|h‘jp; #) - log(D)/D in Eq. (8) is also a constant and

thus can be ignored in the objective:

D D
=3 > pbi I §) log (D) = - D+ log (D) = log (D) . (11)
i=1 j=1

Combining the above equations, the optimal server-model param-

eter ¢* for the final optimization objective (i.e., maxg [(Hy; Hy))
can be obtained as follows:

¢* = argmax I(Hg; Hy) = argmin Ly (12)
¢ ¢

Here L1 is defined as follows:

D D
Lo = % D ph ;) log(p(h [hi: §))

i=1 j=1
i, i
_ ii py ) (b by 13
D & Y . k( o)
j=1ieC(j) kec(j) Py\Yj

i .
. Py (y)) Z xp (h; h{;)

_— g >
Ykec(j) Pllj(yj) (keC(i) )

where we exchange the order of summation over i and j for clarity.
It is noteworthy that L7 is different from the InfoNCE loss [18,
39], which considers different augmentations of samples, while
L focuses on the classes of samples in S. Moreover, L also
differs from the supervised contrastive loss [25], which combines
various augmentations of samples and label information. In contrast,
our loss targets at transferring the meta-knowledge by maximally
preserving the mutual information between representations learned
by the server-model and the client-model. More differently, the term
pi// i)/ Zkec() p{j/ (y;) acts as an adjustable weight that measures

the importance of a sample to its class. Combining the objective
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described in Eq. (13) and the standard cross-entropy loss, we can
obtain the final loss for the server-model:

Ly =1 =) Lce(S) + AmrLmr, (14)
where Lcg(S) is defined as follows:
L osl
Lep(S) =4 Zl ]Zl y, log s (¢)). (15)

where pfﬁ(c i) € R denotes the classification probability for the i-th
support sample belonging to the j-th class c; in Cp, computed by
the server-model. Here yéj = 1if the i-th support sample belongs to

cj, and yéi = 0, otherwise. Moreover, Apr € [0, 1] is an adjustable
hyper-parameter to control the weight of £ ;.

3.3 Global-to-Local Knowledge Distillation

With the learned meta-knowledge in each client transferred from
the client-model to the server-model, other clients can leverage
such meta-knowledge to deal with the local data insufficiency issue.
However, since each meta-task only contains N classes, directly
extracting meta-knowledge in the server-model can inevitably in-
volve meta-knowledge from other classes, which can be harmful to
the learning of local meta-knowledge from these N classes in each
client. Instead, we propose a partial knowledge distillation strategy
to selectively extract useful knowledge from the server-model, i.e.,
global-to-local knowledge distillation.

3.3.1 Partial Knowledge Distillation. Specifically, we focus on the
output classification probabilities of the server-model regarding
the N classes in support set S while ignoring other classes. In this
regard, we can extract the information that is crucial for learning
local meta-knowledge from these N classes and also reduce the
irrelevant information from other classes.

Particularly, we consider the same meta-task 7~ = {S, Q}. We de-
note the output probabilities for the i-th query sample g; in Q (with
label y;) of the server-model and the client-model as pfﬁ e RIC! and

pf# € RN, respectively. It is noteworthy that the N classes in this
meta-task, denoted as Cp,, are sampled from the base classes Cy, (i.e.,
|Cm| = N and Cp, € Cp). Therefore, the output of server-model
(ie., p;) will include the probabilities of classes in Cp,. In particu-
lar, we enforce the probabilities of in C;, from the client-model to
be consistent with the probabilities of the same classes from the
server-model. As a result, the learning of local meta-knowledge can
leverage the information of data in the same N classes from other
clients, which is encoded in the server-model. In this regard, we can
handle the local data insufficiency issue by involving information
from other clients while reducing the irrelevant information from
other classes not in Cy,. In particular, by utilizing the output of the
server-model as the soft target for the client-model, we can achieve
an objective as follows:

1Q
)

i=1

N
Lxp = P ACHITACH] (16)

-1

~

where c; is the j-th class in Gy, (i.e., the N classes in meta-task 7).
qfﬁ(c ;) and qf//(c ;) are the knowledge distillation values for cj from
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server-model and client-model, respectively. Specifically, the values
of q:ﬁ(c ) and q]’r//(c ;) are obtained via the softmax normalization:

; exp(z (c;)/T)

U = SN exp(al (/) o
,~ exp(z,(c})/T;)

W I e (/T o

where zfﬁ(cj) are zib(cj)) are the logits (i.e., output before softmax

normalization) of class c; from server-model and client-model, re-
spectively. T; is the temperature parameter for the i-th query sample.
In this way, we can ensure that 2?1:1 q(’]S (cj) = Zﬁ.\il q:b(cj*) =1

3.3.2 Adaptive Temperature Parameter. Generally, a larger value of
T; denotes that the client-model focuses more on extracting infor-
mation from the other classes in Cp, [19] (i.e., {c|c € Cm, ¢ # yi}),
denoted as negative classes. Since the classification results can be
erroneous in the server-model, we should adaptively adjust the
value of T; for each meta-task to reduce the adverse impact of ex-
tracting misleading information from the server-model. However,
although negative classes can inherit useful information for clas-
sification, such information is generally noisier when the output
probabilities of these negative classes are smaller. Therefore, to
estimate the importance degree of each negative class, we consider
the maximum output logit for negative classes to reduce potential
noise. Particularly, if the probability of a negative class from the
server-model is significantly larger than other classes, we can con-
jecture that this class is similar to y; and thus potentially contains
the crucial information to distinguish them. Specifically, the tem-
perature parameter T; for the i-th query sample g; is computed as
follows:

maXce Cpy,c#y; eXP(Z;s ()

Ti=0o (19)

exp(7 ()
where o(-) denotes the Sigmoid function, and y; is the label of
gi. In this way, the temperature parameter T; will increase when
the ratio between the largest probability in negative classes and
the probability for y; is larger. As a result, the client-model will
focus more on the negative class information. Then by further
incorporating the cross-entropy loss on the query set Q, we can
obtain the final loss for the client-model:

Ly =(1-kp)Lce(Q) + AkpLkD, (20)
where Lcg(Q) is defined as follows:
1Ly .
Lep(@ = =5 D, ) e, logpy (c)). (21)

i=1 j=1
where pli//(c 7) is the probability of the i-th query sample belonging
to class c¢; computed by the client-model. yéj = 1if the i-th query
sample belongs to c;, and yéj = 0, otherwise. Moreover, Axkp €
[0,1] is an adjustable hyper-parameter to control the weight of
Lkp- In this manner, the client-model can selectively learn useful

knowledge from both the local and global perspectives, i.e., global-
to-local knowledge distillation.
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3.4 Overall Learning Process
With the proposed losses .£¢ and ‘CW’ on each round, we can con-
duct meta-training on each client c@ by sampling 7 meta-training

tasks from the local base dataset Db(l). The detailed process is
described in Algorithm 1. After T rounds of meta-training on all
the clients, we have obtained a model that accommodates com-
prehensive meta-knowledge for federated few-shot learning. For
the meta-test phase, since we have aggregated learned local meta-
knowledge from each client to the server-model, we can leverage
the server-model to generate data representations for classification.
Specifically, during evaluation, for each meta-test task 7~ = {S, Q}
sampled from local novel datasets {D,(,') }Ll in all clients, we follow
the same process as meta-training including fine-tuning, except that
the meta-update process is omitted. The output of the client-model
will be used for classification.

4 EXPERIMENTS

In this part, we conduct extensive experiments to evaluate our
framework F2L on four few-shot classification datasets covering
both news articles and images under the federated scenario.

4.1 Datasets

In this section, we introduce four prevalent real-world datasets
used in our experiments, covering both news articles and images:
20 Newsgroup [28], Huffpost [38], FC100 [40], and minilma-
geNet [52]. In particular, 20 Newsgroup and Huffpost are online
news article datasets, while FC100 and minilmageNet are image
datasets. The details are as follows:

e 20 Newsgroup [28] is a text dataset that consists of informal
discourse from news discussion forums. There are 20 classes
for documents in this dataset, where each class belongs to
one of six top-level categories. The classes are split as 8/5/7
for training/validation/test, respectively.

Huffpost [38] is a text dataset containing news headlines
published on HuffPost? between 2012 and 2018. Generally,
the headlines are significantly shorter and less grammatical
than the 20 Newsgroup dataset. Moreover, each headline
belongs to one of 41 classes, which are then split as 20/5/16
for training/validation/test, respectively.

FC100 [40] is an image classification dataset based on CIFAR-
100 [27]. Specifically, this dataset contains 100 image classes,
where each class maintains 600 images with a low 32 X
32 resolution. The classes are split as 60/20/20 for train-
ing/validation/test, respectively.

minilmageNet [52] is an image dataset extracted from the
full ImageNet dataset [8]. This dataset consists of 100 im-
age classes, and each class maintains 600 images with a
resolution of 84 x 84. The classes are split as 64/16/20 for
training/validation/test, respectively.

4.2

To validate the performance of our framework F2L, we conduct
experiments with the following baselines for a fair comparison:

Experimental Settings

Zhttps://www.huffpost.com/
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Local. This baseline is non-distributed, which means we train
an individual model for each client on the local data. The
meta-test process is conducted on all meta-test tasks, and
the averaged results of all models are reported.

FL-MAML. This baseline leverages the MAML [15] strategy
to perform meta-learning on each client. The updated model
parameters will be sent back to the server for aggregation.
FL-Proto. This baseline uses ProtoNet [44] as the model in
each client. The classification is based on the Euclidean dis-
tances between query samples and support samples.
FedFSL [14)]. This method combines MAML and an adversar-
ial learning strategy [17, 43] to construct a consistent feature
space. The aggregation is based on FedAvg [36].

During meta-training, we perform updates for the client-model
and the server-model according to Algorithm 1. Finally, the server-
model that achieves the best result on validation will be used for
meta-test. Then during meta-test, we evaluate the server-model
on a series of 100 randomly sampled meta-test tasks from local

novel datasets {Z),(Il) }le in all clients. For consistency, the class
split of Cp, and C,, is identical for all baseline methods. The clas-
sification accuracy over these meta-test tasks will be averaged as
the final results. The specific parameter settings are provided in
Appendix C.3. For the specific choices for the encoder and classifier
in server-model and client-model (i.e., g, f3, gy, and f) and model
parameters, we provide further details in Appendix C.1. Note that
for a fair comparison, we utilize the same encoder for all methods.

4.3 Overall Evaluation Results

We present the overall performance comparison of our framework
and baselines on federated few-shot learning in Table 1. Specifically,
we conduct experiments under two few-shot settings: 5-way 1-
shot and 5-way 5-shot. Moreover, to demonstrate the robustness
of our framework under different data distributions, we partition
the data in both IID and non-IID settings. For the IID partition, the
samples of each class are uniformly distributed to all clients. For
non-IID partition, we follow the prevailing strategy [21, 60] and
distribute samples to all clients based on the Dirichlet distribution
with its concentration parameter set as 1.0. The evaluation metric
is the average classification accuracy over ten repetitions. From the
overall results, we can obtain the following observations:

e Our framework F2L outperforms all other baselines on vari-
ous news article and image datasets under different few-shot
settings (1-shot and 5-shot) and data distributions (IID and
non-IID). The results validate the effectiveness of our frame-
work on federated few-shot learning.

Conventional few-shot methods such as Prototypical Net-
work [44] and MAML [15] exhibit similar performance com-
pared with the Local baseline. The result demonstrates that
directly applying few-shot methods to federated learning
brings less competitive improvements over local training.
This is because such methods are not proposed for feder-
ated learning and thus lead to unsatisfactory training per-
formance under the federated setting.

The performance of all methods degrades at different extents
when the data distribution is changed from IID to non-IID.
The main reason is that the variety of classes in each client
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Table 1: The overall federated few-shot learning results of various models on four datasets under IID and Non-IID settings
(5-way), where accuracy and standard deviation are reported in %. The best results are presented as bold.

Dataset 20 Newsgroup Huffpost
Distribution 1D Non-IID 11D Non-1ID
Setting 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
Local 31.53£1.68 | 42.73+1.51 | 29.64+1.81 | 41.01 £2.40 34.02£1.67 | 49.95+1.54 | 33.09+2.28 | 47.18+£1.43
FL-MAML 32.890+1.86 | 44.34+1.66 | 31.60 +1.44 | 43.84+1.97 37.47 £1.43 | 52.85+1.43 | 36.01 +£2.17 | 50.56 + 2.08
FL-Proto 35.62+2.07 | 46.04£1.92 | 32.79+1.41 | 43.82+1.85 37.87+1.23 | 51.90 £1.43 | 34.05+1.35 | 50.52 +1.33
FedFSL 36.56 +1.41 | 46.37+1.82 | 35.84+1.49 | 45.89+1.72 39.18+1.42 | 53.81+1.36 | 37.86 +1.46 | 52.18 +£1.82
F?L 39.80 +1.80 | 49.64+1.32 | 39.00 +1.36 | 49.44+1.98 || 4212 +2.12 | 57.88 £2.17 | 41.64+1.81 | 57.12 £ 1.87
Dataset FC100 minilmageNet
Distribution IID Non-1ID IID Non-IID
Setting 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
Local 33.45+1.68 | 50.89 +1.56 | 32.40+1.76 | 50.29 +£2.24 || 47.82+1.68 | 64.30 +1.59 | 46.81+2.03 | 64.06 +1.45
FL-MAML 3410+ 1.29 | 50.66 +£1.68 | 36.06 +1.78 | 50.35 + 1.57 49.74 £1.40 | 65.55+1.57 | 47.64+1.36 | 63.56 +1.13
FL-Proto 36.11+£1.49 | 54.74+2.05 | 3554+ 1.71 | 52.31£1.76 51.32+£1.41 | 66.67 +£2.06 | 50.82+1.82 | 65.09+1.90
FedFSL 39.38 +£1.95 | 52.25+1.84 | 38.60 +2.00 | 53.90 +1.80 55.75+2.06 | 70.59 +£1.97 | 53.52+2.01 | 69.56 +£1.86
F?L 42.52 +£2.06 | 58.60 +2.09 | 42.56 £2.25 | 59.52+2.14 || 56.72 £1.79 | 74.23 +2.32 | 56.16 £ 2.05 | 73.24+ 2.02
60 - 60 strategy so that the client-model will also be sent to the server for
S I— E;RQ’[ Sssl o EZI{QI}/I aggregation. We refer to this variant as F2L\M. Second, we remove
g S0 g Il::iIL‘\A g S0 g ;it\A ‘ the local—to—.global k.nowledge tral'nsfer modu'le so that the meta-
2 2 knowledge in the client-model will be effectively transferred to
% 4 A % 45 ‘ the server-model. This variant is referred to as FPL\T. Third, we
840 ﬂ_ﬂﬂﬂ_{ﬂ 840 Fﬁ—Hﬂ—rﬂ ‘ eliminate the global-to-local knowledge distillation loss. In this
35 Nd L5 NS 35S0 NT 15 NS way, the client-model canr.lot leverage the global knowledge i'n
(a) FC100 (b) Huffpost the server-model for learning meta-knowledge. We refer to this

Figure 4: Ablation study of our framework on FC100 and
Huffpost. I-K (or N-K) denotes the setting of 5-way K-shot
under IID (or non-IID) distributions. M denotes the decoupled
framework, T means the local-to-global knowledge transfer,
and A demotes the global-to-local knowledge distillation.

results in a more complex class distribution and brings diffi-
culties to the classification task. Nevertheless, by effectively
transferring the meta-knowledge among clients, our frame-
work is capable of alleviating such a problem under the
non-IID scenario.

e When increasing the value of K (i.e., more support samples
in each class), all methods achieve considerable performance
gains. In particular, our framework F2L obtains better results
compared to other baselines, due to our decoupled meta-
learning framework, which promotes the learning of meta-
knowledge in the support samples.

4.4 Ablation Study

In this part, we conduct an ablation study on FC100 and Huffpost
to validate the effectiveness of three crucial designs in F?L (similar
results observed in other datasets). First, we remove the decoupled
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variant as F2L\A. The overall ablation study results are presented
in Fig. 4. From the results, we observe that F2L outperforms all
variants, which verifies the effectiveness of the three designs in
F2L. Specifically, removing the design of local-to-global knowledge
transfer leads to significant performance degradation. This result
demonstrates that such a design can effectively aggregate learned
meta-knowledge among clients and thus bring performance im-
provements. More significantly, without our decoupled strategy, the
performance deteriorates rapidly when federated few-shot learning
is conducted in the non-IID scenario. This phenomenon verifies
the importance of mitigating the disruption from the server in the
presence of complex data distributions among clients.

4.5 Parameter Sensitivity Study

4.5.1  Effect of Apr and Agp. In this section, we further conduct
experiments to study the sensitivity of several parameters in our
framework F2L. During the process of transferring and achieving
meta-knowledge, we introduce two novel losses Ly; and Lgp,
respectively, along with the traditional cross-entropy loss. To em-
pirically evaluate the impact brought by different values of Ay
and Agp in Eq. (14) and Eq. (20) , we adjust the values of Ay and
Ak p from 0 to 1 and present the results in Fig 5. From the results,
we can observe that the performance generally increases with a
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Figure 5: The results with different values of 1)y and Axp on
Huffpost under the non-IID setting.
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Figure 6: The results of non-IID federated 1-shot and 5-shot
learning on FC100 regarding the number of clients.

larger value of Aps7, while decreasing with Ay approaches 1. The
results indicate the importance of transferring learned local meta-
knowledge, while also demonstrating that the cross-entropy loss is
necessary. On the other hand, the performance first increases and
then degrades when a larger value of Ak p is presented. That being
said, although partial knowledge distillation can enable each client
to benefit from the global data, a larger Axp can potentially lead to
more irrelevant information when learning local meta-knowledge.

4.5.2  Effect of Client Number. In this section, we study the robust-
ness of our framework under the scenario with a varying number
of clients. In particular, we keep the total training data unchanged,
which means with more clients participating in the training pro-
cess, each client preserves fewer training samples. As a result, the
training performance will be inevitably reduced. Specifically, we
partition the total training data into I = 1,2, 5, 10, 20, and 50 clients.
Note that I = 1 denotes the setting of completely centralized train-
ing. The results on FC100 with 1-shot and 5-shot settings are pre-
sented in Fig 6 (we have similar results for other datasets and omit
them for brevity). From the results, we can observe that all meth-
ods encounter a performance drop in the presence of more clients.
Nevertheless, our framework F2L can reduce the adverse impact
brought by more clients through effectively leveraging the global
knowledge learned from all clients. In consequence, the perfor-
mance degradation is less significant for F2L.

5 RELATED WORK

5.1 Few-shot Learning

The objective of Few-shot Learning (FSL) is to learn transferable
meta-knowledge from tasks with abundant information and gen-
eralize such knowledge to novel tasks that consist of only lim-
ited labeled samples [9, 11, 45, 49, 56]. Existing few-shot learning
works can be divided into two categories: metric-based methods
and optimization-based methods. The metric-based methods target
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at learning generalizable metric functions to classify query samples
by matching them with support samples [35, 46, 54]. For instance,
Prototypical Networks [44] learn a prototype representation for
each class and conduct predictions based on the Euclidean distances
between query samples and the prototypes. Relation Networks [46]
learn relation scores for classification in a non-linear manner. On
the other hand, optimization-based approaches generally optimize
model parameters based on the gradients calculated from few-shot
samples [24, 37, 41, 53]. As an example, MAML [15] proposes to
optimize model parameters based on gradients on support sam-
ples to achieve fast generalization. In addition, LSTM-based meta-
learner [41] adjusts the step size to adaptively update parameters
during meta-training.

5.2 Federated Learning

Federated Learning (FL) enables multiple clients to collaboratively
train a model without exchanging the local data explicitly [16, 22, 30,
47, 58, 63]. As a classic example, FedAvg [36] performs stochastic
gradient descent (SGD) on each client to update model parame-
ters and send them to the server. The server averages the received
model parameters to achieve a global model for the next round.
FedProx [32] incorporates a proximal term into the local update of
each client to reduce the distance between the global model and
the local model. To deal with the non-IID problem in FL, recent
works also focus on personalization in FL [1, 3, 13, 48]. For instance,
FedMeta [6] incorporates MAML [15] into the local update pro-
cess in each client for personalization. FedRep [7] learns shared
representations among clients. Moreover, FedFSL [14] proposes to
combine MAML and an adversarial learning strategy [17, 43] to
learn a consistent feature space.

6 CONCLUSION

In this paper, we study the problem of federated few-shot learning,
which aims at learning a federated model that can achieve satisfac-
tory performance on new tasks with limited labeled samples. Never-
theless, it remains difficult to perform federated few-shot learning
due to two challenges: global data variance and local data insuffi-
ciency. To tackle these challenges, we propose a novel federated
few-shot learning framework F2L. In particular, we handle global
data variance by decoupling the learning of local meta-knowledge.
Then we leverage the global knowledge that is learned from all
clients to tackle the local data insufficiency issue. We conduct ex-
tensive experiments on four prevalent few-shot learning datasets
under the federated setting, covering both news articles and images.
The experimental results further validate the superiority of our
framework F2L over other state-of-the-art baselines.
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Federated Few-shot Learning

A NOTATIONS

In this section, we provide details for the used notations in this
paper and their corresponding descriptions.

Table 2: Notations used in this paper.

Notations Definitions or Descriptions
S the server
I the number of clients
c® the i-th client
Cp, Cn the base class set and the novel class set
D;i), Dfli) the local base and novel datasets in C()
7.8.Q a meta-task and its support set and query set
v, @ the client-model and the server-model
hy representations learned by client-model
hy representations learned by server-model
Py the output probabilities by client-model
Py the output probabilities by server-model
N the number of support classes in each meta-task
K the number of labeled samples in each class
D the number of support samples in each meta-task
Q the number of query samples in each meta-task
afy the learning rate for fine-tuning
ag, ay the meta-learning rates for ¢ and ¢
T the number of training rounds

T the number of local training steps
the loss weight for the mutual information loss
the loss weight for the knowledge distillation loss

B ALGORITHM

We provide the detailed training process of our framework F?L in
Algorithm 1.

Algorithm 1 Detailed training process of our framework F2L.

Input: A set of I federated clients; a local update objective Ly
for server-model; a local update objective Ly, for client-model;

number of training rounds T; number of local training steps 7.

Output: A trained server-model ¢ and a unique client-model ¢;
for each client C(V in {C(i)}le.
1: fort=1,2,...,Tdo

2. for each client C() in {C) }5:1 in parallel do

3 fors=1,2,...,7do

4 Sample a meta-task ‘7?’5 = {Sl.t’s, Qf’s};

5 Fine-tune client-model ; on Sit’S according to Eq. (3);

6: Update server-model on Sf *$ with Eq. (5) and Eq. (14);

7 Update client-model on Qit’s with Eq. (4) and Eq. (20);

8 end for

9:  end for

10:  Each client returns the updated parameters of server-model
to the server;

11:  The server sends back averaged parameters of server-model
to each client;

12: end for
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C REPRODUCIBILITY
C.1 Model Details

In this section, we introduce the specific choices for the encoders
and classifiers in both server-model and client-model (i.e., 945 f¢,

q]r/,, and f]r//)

C.1.1  Server-model Encoder qy4. For the server-model encoder, we
adopt different models for news article datasets and image datasets.
In particular, for news article datasets 20 Newsgroup and Huff-
post, we leverage a biLSTM [20] with 50 units as the server-model
encoder. For the image datasets FC100 and minilmageNet, follow-
ing [42, 50], we utilize a ResNet12 as the server-model encoder.
Similar to [29], the Dropblock is used as a regularizer. The number
of filters is set as (64, 160, 320, 640).

C.1.2  Client-model Encoder qy. Considering that the client-model
is required to process the entire support set in a meta-task for
learning local meta-knowledge, we propose to further utilize a
set-invariant function that takes a set of samples as input while
capturing the correlations among these samples. In practice, we
leverage the Transformer [51] as the client-model encoder gy, to
process the entire support set:

1h2

L (22)

(h1 h2

gy hD) = Transformer (h

14

where h; (or h://) denotes the representation of the i-th sample in

S learned by the server-model encoder gy (or client-model encoder
qy)- With the Transformer, the representations learned by the client-
model can effectively capture the correlations among samples in
the entire support set S for learning meta-knowledge.

C.1.3  Server-model Classifier fg and Client-model Classifier fy.
The classifiers fg and f;, are both implemented as a fully-connected
layer, where the output size is |Cp | for fy and N for fy, as described
in Sec. 3.1.

C.2 Baseline Settings

In this section, we provide further details in the implementation of
baselines in our experiments.

e Local. For this baseline, an individual model is trained for
each client over the local data. Specifically, we use the same
architecture of encoders in our framework to learn sample
representations.

e FL-MAML. For this baseline, we leverage the MAML [15]
strategy and set the meta-learning rate as 0.001 and the
fine-tuning rate as 0.01. The encoders are the same as our
framework.

e FL-Proto. For this baseline, we follow the setting in Pro-
toNet [44] with the same encoders in our framework. The
learning rate is set as 0.001.

o FedFSL [14]. For this baseline, which combines MAML and an
adversarial learning strategy [17, 43], we follow the settings
in the public code and set the learning rate as 0.001. The
adaptation step size is set as 0.01.
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C.3 Parameter Settings

For our framework F2L, we set the number of clients as 10. The
number of training steps 7 in each client is set as 10, and the number
of training rounds T is set as 200. Moreover, the meta-learning

rates ay and ay are both set as 0.001 with a dropout rate of 0.1.

The fine-tuning learning rate ay; is set as 0.01. We leverage the
Adam [26] optimization strategy with the weight decay rate set
as 10~%. During the meta-test, we randomly sample 100 meta-test
tasks from novel classes C, with a query set size |@Q| of 5. In order
to preserve consistency for fair comparisons, we keep identical
meta-test tasks for all baselines. The loss weights Aysr and Axp are
both set as 0.5. The default value of I is set as 10.
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