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Abstract

The existing federated learning (FL) methods for spatio-
temporal forecasting fail to capture the inherent spatio-
temporal heterogeneity, which calls for personalized FL. (PFL)
methods to model the spatio-temporally variant representa-
tions. While contrastive learning is promising in tackling
spatio-temporal heterogeneity, the existing methods are nonef-
fective in distinguishing positive and negative pairs and can
hardly apply to PFL paradigm. To tackle this limitation, we
propose a novel PFL method, named Federated dUal sEmantic
aLignment-based contraStive learning (FUELS), which can
adaptively align positive and negative pairs based on seman-
tic similarity, thereby injecting precise spatio-temporal het-
erogeneity into the latent representation space by auxiliary
contrastive tasks. From temporal perspective, a hard negative
filtering module is introduced to dynamically align heteroge-
neous temporal representations for the supplemented intra-
client contrastive task. From spatial perspective, we design
lightweight-but-efficient prototypes as client-level semantic
representations, based on which the server evaluates spatial
similarity and yields client-customized global prototypes for
the supplemented inter-client contrastive task. Extensive exper-
iments demonstrate that FUELS outperforms state-of-the-art
methods, with impressive communication cost reduction.

1 Introduction

Spatio-temporal forecasting aims to predict the future trends
with historical records from distributed devices. Given the
masses of generated data, a better way is decentralized pro-
cessing, thus significantly decreasing transmission latency
(Meng, Rambhatla, and Liu 2021). Federated Learning (FL)
enables distributed devices (termed clients) to collaboratively
optimize a shared model without the disclosure of local data,
which can release the concerns on privacy leakage and simul-
taneously achieve comparable performance with centralized
learning methods (McMabhan et al. 2017). Therefore, FL. gen-
erates great promise for spatio-temporal forecasting tasks
and a multitude of relevant methods have been proposed (Li,
Li, and Wang 2021; Li and Wang 2022). Since the server
can only have access to local model parameters, these FL
methods cannot exploit a joint spatio-temporal correlation-
capturing module like centralized methods (Li et al. 2018; Li
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Figure 1: Spatio-temporal heterogeneity inside traffic flows.

and Zhu 2021). Generally, most of them decouple the spatio-
temporal correlation, and evaluate spatial correlation in the
server by Graph Neural Networks (Zhao et al. 2020; Lin et al.
2021) and temporal correlation at clients by Recurrent Neural
Networks (Zhu and Wang 2021; Mahdy et al. 2020).

Nevertheless, these FL forecasting methods cannot cap-
ture the inherent spatio-temporal heterogeneity by adopting
shared model parameters across clients. As shown in Fig.
1, in wireless traffic prediction (Zhang et al. 2021), traffic
patterns of two base stations (BSs) are spatio-variant (traffic
distribution of two clients varies) and time-variant (traffic
patterns in the morning and evening are diverse). The spatio-
temporal heterogeneous traffic patterns call for personalized
federated learning (PFL) methods to tackle with differenti-
ated representations in the latent space from spatio-temporal
level. However, the existing PFL methods mainly focus on in-
creasing the generalization ability of local models by sharing
diverse knowledge across clients (Karimireddy et al. 2020;
Tan et al. 2022a; Chen et al. 2023), which can hardly work
on coupled spatio-temporal heterogeneity.

Contrastive learning has emerged as an effective technique
which shows great promise in improving PFL paradigm
to address spatio-temporal heterogeneity. Generally, con-



trastive learning can minimize the agreement between dis-
parate semantic representations (negative pairs), which can
increase representations’ differentiation, thereby injecting
spatio-temporal heterogeneity into the latent representation
space. Since there are no explicit semantic labels in spatio-
temporal forecasting, it is a challenge to determine positive
and negative pairs. In (Ji et al. 2023), for spatial heterogeneity,
learnable embeddings are introduced for clustering regions’
representations, which can hardly apply to PFL paradigm,
due to the exposure of raw data and frequent communication
in the process of parameter optimization. For temporal het-
erogeneity, region-level and city-level representations of the
same time stamps make up positive pairs, otherwise negative
pairs, which ignores semantic similarity among representa-
tions of different time stamps (termed hard negatives). Hence,
it remains a question to exactly determine negative and
positive pairs when adopting contrastive learning in PFL
paradigm for tackling spatio-temporal heterogeneity.

To this end, we propose a novel PFL method, named
Federated dUal sEmantic aLignment-based contraStive
learning (FUELS), which can dynamically establish positive
and negative pairs based on spatio-temporal representations’
similarity, hence guaranteeing the validity of spatio-temporal
heterogeneity modeling. From temporal perspective, we pro-
pose a hard negative filtering module for each client, which
can adaptively align true negative pairs for intra-client con-
trastive task so as to inject temporal heterogeneity into tempo-
ral representations. From spatial perspective, we define proto-
types as client-level semantic representations which directly
serve as the communication carrier, thus enabling sharing
noise-robust knowledge across clients in a communication-
efficient manner. We propose a Jensen Shannon Divergence
(JSD)-based aggregation mechanism, which firstly aligns ho-
mogeneous and heterogeneous prototypes from clients and
then yields client-customized global positive and negative
prototypes for inter-client contrastive task to increase the
spatial differentiation of local models. We summarize the key
contributions as follows.

To the best of our knowledge, this is the first PFL method
towards spatio-temporal heterogeneity, where local training
is enhanced by two well-crafted contrastive loss items to
increase prediction models’ ability of discerning spatial
and temporal heterogeneity.

* We dynamically evaluate the heterogeneous degree among
temporal representations and design a hard negative filter-
ing module. Furthermore, we propose a JSD-based aggre-
gation mechanism to generate particular global positive
and negative prototypes for clients, striking a balance be-
tween sharing semantic knowledge and evaluating spatial
heterogeneity.

We validate the effectiveness and efficiency of the pro-
posed FUELS from both theoretical analysis and extensive
experiments.

2 Related Work

Federated Learning for Spatio-Temporal Forecasting.
Due to the effectiveness of FL, there have been many works
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focusing on incorporating FL into spatio-temporal forecast-
ing tasks (Zhang et al. 2021; Perifanis et al. 2023; Zhang,
Zhang, and Shihada 2022). These FL methods aim to eval-
uate the decoupled spatial and temporal correlation at the
server and at the clients respectively by split learning (Meng,
Rambhatla, and Liu 2021), clustering (Liu et al. 2020; Zhang
et al. 2021), online learning (Liu et al. 2023), and so on.
However, all of these methods ignore the spatio-temporal
heterogeneity and yield prediction results for different time
stamps or different clients with the shared parameter space.

Personalized Federated Learning. PFL tackles with the
problem of inference performance decline aroused by statis-
tics heterogeneity across clients. The existing PFL. methods
can be divided into 2 categories, i.e., clients training a global
model or training personalized local models. Methods in
the first category aim to increase the generalization of the
global model by designing client-selection strategy (Yang
etal. 2021; Li et al. 2021) or adding proximal item to original
functions (Karimireddy et al. 2020; Li, He, and Song 2021)
In the second category, researchers modify the conventional
FL procedure by network splitting (Arivazhagan et al. 2019;
Bui et al. 2019; Liang et al. 2020), multitask learning (Smith
et al. 2017; Ghosh et al. 2020; Xie et al. 2021), knowledge
distillation (Li and Wang 2019; Zhu, Hong, and Zhou 2021;
Lin et al. 2020) and so on. However, all of these works fail to
solve the decoupled spatio-temporal heterogeneity.

Contrastive Learning. In contrastive learning, embed-
dings from similar samples are pulled closer and those from
different ones are pushed away by constraining the loss func-
tion (Chen et al. 2020; He et al. 2020). Due to its effective-
ness, contrastive learning has been applied to many scenarios,
i.e., graph learning (Li et al. 2022; You et al. 2020; Zhu
et al. 2021), traffic flow prediction (Ji et al. 2023; Yue et al.
2022; Woo et al. 2022), etc. Furthermore, some researches
have focused on introducing contrastive learning into PFL
paradigm mainly for handling statistics heterogeneity (Li,
He, and Song 2021; Tan et al. 2022c; Yu et al. 2022; Mu
et al. 2023). However, all of these methods focus on improv-
ing the performance on image classification. How to tackle
with the spatio-temporal heterogeneity in PFL paradigm by
contrastive learning remains an open problem.

3 Problem Formulation

Without loss of generality, we formulate the spatio-temporal
forecasting problem for wireless traffic prediction, which is
also applicable to other scenarios. Given /N BSs as clients
in the FL paradigm, the n-th BS has its traffic observations
V,, = {vk |k € [1, K]}, where v} € R denotes the detected
traffic volume of client n at the k-th time stamp. Based on
sliding window mechanism (Zhang et al. 2021), V,, can be
divided into input-output pairs (samples), which is denoted
as D,, = {(xk;y¥)}. Thereinto, y& = v¥ denotes the value
to be predicted. ¥ = (cv), pvk), where cvf € R¢, pvk €
RY, and ¥ € R cvf = (vh=¢,..-  vF=2 vE~1) and
pvk = (vE=ap ... yE=2P yk=P) denote two historical traf-
fic sequences to evaluate the closeness and periodicity of
traffic data. c, ¢, and p represent the size of close window, the
size of periodic window, and the periodicity of traffic volume.
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Figure 2: An overview of the proposed FUELS. (a) Each client performs local training by the supplemented inter- and intra-
client contrastive loss items for spatio-temporal heterogeneity. (b) The designed periodicity-aware prototype works as the
communication carrier. (¢c) The JSD-based aggregation generates client-customized global prototypes.

Since BSs are deployed at different locations, the detected
traffic data across different BSs have diverse distributions.
Therefore, in PFL paradigm, each BS tends to learn its own
prediction model for performance improvement. The objec-
tive can be formulated as

z'”

where f(-) represents prediction model. £(-) denotes the
loss function. D = Zibvzl |D,,| denotes the total number of
samples over all IV clients. w,, denotes the model parameters
of client n.
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4 Methodology

We firstly provide an overarching depiction of FUELS, as
is shown in Fig. 2. In macroscopic view, local training is
enhanced by two designed contrastive loss items (Fig. 2 (a)).
From temporal perspective, we propose a hard negative filter-
ing module for true negative alignment. From spatial perspec-
tive, we employ prototypes as communication carrier (Fig. 2
(b)), and generate specific global prototypes (Fig. 2 (c¢)) for
spatial heterogeneity evaluation. We elaborate the technical
details in the following parts.

4.1 Prediction Model Architecture

(i) encoder en(d,; X,,) : REx(e+a) _ RBXdr parameter-
ized by 6,,, maps X,, € RE*(¢+9) into a latent space with d,
dimensions, where (X, Y;,) denotes a batch of training sam-
ples from D,, with batch size B. Actually, X,, = (V,, V/;P),

where V,¢ € RBX¢ and VP € RE*4, we adopt two w1dely
used Gated Recurrent Unit (GRU) models to evaluate the
closeness and periodicity from V¢ and VP, denoted as
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closeness-GRU (GRU,) and periodicity-GRU (GRU,,) re-
spectively. GRU,(6¢; V.¢): RBX¢ — RBX¥ s parameter-
ized by 6. GRU, (67; V,P): RBX7 — RBXF is parameter-
ized by 6P. We denote the representation of X,, output by the
encoder en as r,, € RB*4r which can be formulated as r,, =
en(6,; X,,) = concat [GRU, (6% V¢ ); GRU, (6% VY]

(i) decoder de(¢,,;-) : RE*dr — RBEX1 g linear layer
parameterized by ¢,,, outputs the final predicted result Y,
from the representation, i.e., Y, = de(pn;rs).

(iii) projector pr(f,;-) : RBXdr — RBEXds 3 lin-
ear layer parameterized by 0,,, transformed the represen-
tations to the targeted prototype dimension d,,. We denote

=pr(ln;rn).

4.2 Intra-Client Contrastive Task for Temporal
Heterogeneity

In (Liu et al. 2022), hard negatives are filtered out based on
traffic closeness but those out of the preset closeness scope
can still form negative pairs, which may perturb the latent
semantic space. Therefore, we propose a hard negative filter-
ing module to align representations by semantic similarity
and then design a intra-client contrastive task to maximize
the divergence of negative pairs, thereby injecting precise
temporal heterogeneity into temporal representations.
Firstly, we adopt the temporal shifting manner in (Liu et al.
2022) to generate the augmented dataset for client n, which

is denoted as D,,. For X,,, the correspondmg augmented

batch is denoted as X,,. We denote 7/, = pr(en(X,)) and

7 € REXd» The procedure of hard negative filtering is

formulated as

SM = exp (sim (r,, 7)) /7); Z = ReLu (SM & W,,),

71’ n



where SM € RP*5 denotes the similarity matrix, sim(-, -)
denotes the cosine similarity and 7 denotes the temperature
factor. W,, € RB*E denotes the learnable filtering matrix
and © denotes the Hadamard product. Let 7, ; € R4 denote
the i-th row of 7/ , i.e., the temporal representation of the i-th
time stamp of X ,. If Z;, ; = 0(¢ # b), we treat TA;” as a hard
negative of rih » (The augmented representation at time step ¢
is a hard negative of the raw representation at time step b.). If
Zp; > 0,7, ; is seen as a true negative of ), , and 7 is added
into TNy, Ideally, Z,,(1 < b < B) should be equal to 0,
as we can also filter out the positive pairs (detailed results in
Section 6.3).

By this procedure, (raw and augmented) representations
with similar semantics at different or same time stamps can
be filtered out. The subsequent contrastive task will repel the
representations with differing semantics (true negatives) so as
to validly inject temporal heterogeneity into representations.
We can obtain the intra-client contrastive loss item as

’ 1 ZB: SMy,,
intra — 55 -
B & & SMy, + Sicrn, SMy’

where S M, ;, represents the similarity of positive pair and
SMj,; denotes that of negative pair. Under the constraint of
Lintra» the prediction model will generate traffic representa-
tions with great temporal distinguishability.

@

4.3 Inter-Client Contrastive Task for Spatial
Heterogeneity

Local Prototype Definition. In conventional FL paradigm,
model parameters serve as communication carriers which
are not compact and hardly preserve well the spatial hetero-
geneity. Inspired by prototype learning, where prototypes
aggregate the representations of samples with the same labels
and thus can carry the class-specific semantic knowledge,
we can extract the client-level prototype to carry the client-
specific knowledge.

We start with a concatenation-based prototype, which is
formulated as

R,, = concat[r, |r!, = pr(en (X,)), (X, Y,) € D,],

where R,, denotes the local prototype of client n. D,, can
be divided into |D,,|/B batches, with batch size equal to
B and hence R,, € RIP»I*d» Each client should transmit
|D,,| x d,, parameters to the server at each training round,
which potentially incurs more communication overhead than
conventional FL. methods with D,, increasing.

Given the periodicity of traffic data, if we set the batch
size B equal to the traffic periodicity p, representations of
different batches will have similar distribution, as they all
carry the traffic knowledge within a periodicity. Therefore,
we can fuse these representations from different batches to
obtain the periodicity-aware prototype as

R, = AVG [, |rl, = pr(en (X,)),¥(X,,Y,) € D,],
where AVG represents the averaging operation. Therefore,
R, € RE*%_ When employing periodicity-aware proto-
type as communication carrier, the number of communica-
tion parameters keeps stable regardless of local dataset size,
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and is significantly fewer than the parameter size of local
prediction model (see Section 6.1). Furthermore, compared
with the aforementioned concatenation-based prototype, the
periodicity-aware prototype is less affected by traffic noise
and thus contains more available client-specific knowledge.
Therefore, in FUELS, we adopt the periodicity-aware proto-
type as communication carrier, unless otherwise stated.

JSD-Based Aggregation. The diversity of traffic data
across clients results in the distribution difference over
R,(1 < n < N), which can be evaluated by JSD at the
server. Let JS(R,||R.,) € R denote the JSD value between
R,, and R,,. According to the calculation logic, if the het-
erogeneity between R,, and R,, is stronger, JS(R,||Rym)
will be higher. Given a threshold 3, if JS(R,||Rm») < B,
the server considers client n and m share similar knowledge
and have homogeneous traffic data. Then, R,,, will be added
into PC,,, which denotes the set of positive prototypes for
client n. Otherwise, R,,, will be put into N'C,,, which denotes
the set of negative prototypes for client n. Finally, the server
performs customized aggregation for client n as

>

PR, = > RniNR,
‘,PC Ry €PCh |NC | RneNC,
where PR,, € RB*% and NR, € RP*% represent the
global positive and negative prototypes for client n respec-
tively.

It is worth noting that the computation complexity of JSD

ms

values is O ( NN , which can hardly apply to forecasting

2
tasks with masses of clients. The server can randomly select
several clients as participants each round, with the selection
ratio is «. Therefore, the JSD values of those clients which
are not selected can be reused. The computation complexity

can be reduced by O W) The reduction

enlarges significantly with /V increasing.

Inter-Client Contrastive Loss. After aggregation, the
customized global positive and negative prototypes are dis-
tributed to the corresponding clients. Each client can fur-
ther enforce the spatial discrimination of its local prediction
model by approaching the positive prototype and keeping
away from the negative prototype in the training process. We
define the inter-client contrastive loss item as

1 B
Linter = E Z -
b=1

108Spos = €xp (sim (79,6, PRnp) /T) ,

l0s5p0s

losspoS + lossneg

3)
108Speq = €xp (sim (74, NRnp) /T),

where PR, , and NR,, ;, € R% denote the b-th row of PR,,

and N R,, respectively. Under the constraint of L;,c, the

local prediction models can be empowered with spatial per-

sonalization.

4.4 Local Training and Inference

In the training process, client n inputs the representation r,,
from the encoder en to the decoder de for generating the
predicted values. Then, it calculates the prediction loss as

Lyrea (0560 Y V) = | @




Algorithm 1: Traning process of FUELS

Input: D,,, D, n=1,--- ,N, p, 3, 7, .
1 SERVEREXECUTE:
2 Tnitialize {PR,}_, and {NR,}"_ .
3 Initialize the set of local prototypes R.
4 fort=1,2,--- ,Tdo
Randomly select NV« clients.
for each selected client n in parallel do
R, +ClientExecute (n, PR,, NR,)
L Update R,, in R.
Yield PC,, and RC,,,n € [N] based on JSD

values.
1
10 PR, = e > Repc, Bm:

NR, = W}jﬂl > k. enc, Bm,¥n € [N].

11 Function ClientExecute (n, PR,, NR,):
12 for each epoch do

® 9 N W

h-4

13 Initialize the set of representations R,, = 0.

14 for (X,,,Y,, Xn) do

15 Tn < en(Xy,);rl < pr(ry,); 7,
pr(en(X,))

16 Ry Rp+{rl,}

17 Calculate Lintra, Linters and Lyreq via
Eq. (2), (3), and (4).

18 L+ Eintra + L:inter + pEpTEd

19 Update 4,,, ¢, and 6,, via gradient

L descent.
20 | Rn < AVG(R,).
21 return R,

Therefore, the local loss function £ in Eq. (1) is defined as
a combination of Lj,trq, Linter, and Lyreq, which is formu-
lated as

£ (60 ns Oy Woi X, Yo, Xy PRo NRo)  (5)
=Lpred (57“ On; X, Yn) /Isupervised loss

+Lintra ((5n, On, Wi X, X") llintra-client loss
+pLinter On, 0n; Xn, PR, NR,) , /linter-client loss

where p denotes the additive weight of L;,,z.-. Then, client
n performs gradient descent to update local parameters. The
training process of FUELS is elaborated in Algorithm 1.
After the training process, the local encoders are of great
personalization to generate spatio-temporal heterogeneous
representations. Therefore, in the inference process, each
client just needs to input the test samples into the encoder
and then decoder to obtain prediction results in an end-to-end
manner.

5 Model Analysis
5.1 Generalization Analysis

We provide insights into the generalization bound of FUELS.
The detailed proof and derivations are presented in Appendix
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1.1. For ease of notation, we use the shorthand £ (w,,) :=
£ (8us @ns 00 Woi X Yo, Xy PRo, NRy, ).

Assumption 5.1. (Bounded Maximum) The Loss function
L(+) has an upper bound, i.e., max £L(-) < C,C < oo.

Theorem 5.2. (Generalization Bounded) Let w},,n € [1, N|
denote the optimal model parameters for client n by FUELS.
Denote the prediction model f as a hypothesis from F and d
as the VC-dimension of F. With the probability at least 1-k:

N N
|Dn| Dnl ./ .
max [Z D L (wn) - Z D L (w7l)‘|

N =

2d.  eD a2p2 1
<1/ L0 2 1
\/Dlog 7 +\/ 5 logfi, (6)

where e denotes the Euler’s number. Theorem 5.2 indicates
that the performance gap between FUELS and the optimal
parameters is related to the VC-dimension of F, which can
be narrowed by carefully-selected prediction networks.

5.2 Convergence Analysis

We provide the convergence analysis of FUELS and the de-
tailed proof is presented in Appendix 1.2. We begin with
the commonly-used assumptions in FL works (Kairouz et al.
2021).

Assumption 5.3. (Bounded Expectation of Gradients) The
expectation of gradient of loss function £(-) is uniformly
bounded, i.e., E(||VL()]]) < G.

Assumption 5.4. (Lipschitz Smooth) The loss function £
is Li-smooth, i.e., L(w) — L(w') < (VL(w'),w —w') +
Ly||w — w'||?, Vw,w', 3Ly > 0.

Assumption 5.5. (Lipschitz Continuity) Suppose h : A; X
As X -+ — Ag is Lipschitz Continuous in A;, i.e., 3L,V
aj7&j € ‘Aja Hh(alv"' 7aj7"') 7h(a17"’ 7dj,"')H <
Lh |(lj — dj .

Let wf%t denote the local model parameters of client n at
the 7-th iteration in the ¢-th FL round, where 0 < ¢ < 7T —1
and 0 < ¢ < I — 1. T and I denote the total number of FL
rounds and local iterations respectively.

Theorem 5.6. (Convergence Rate) Let Assumption 5.3 to 5.5
hold. Let L (w9 o) — £ (w},) = A. If clients adopt stochastic
gradient descent method to optimize local prediction models
with the learning rate equal to n, for any client, given £ > 0,
after

A
r= &I(n— Lin?) — pnLp,Nal?G )
FL rounds, we can obtain
| Tl ' )
TS E[IVe@ )] <¢ @
t=0 i=0
wih LyNalG
y < £ PLnNalG ©

L€
Theorem 5.6 provides the convergence rate of FUELS. By
adopting the learning rate 1 computed via Eq. (9), after T" FL
rounds (calculating T via Eq. (7)), the expectation of model
updates will not exceed the given arbitrary value .



Dataset | Net \ Electricity \ METR-LA \ PEMS-BAY
Metric | MSE MAE Comms | MSE MAE Comms | MSE MAE Comms | MSE MAE Comms
FedAvg 2.02 0.60 100737 | 0.34 0.40 100737 | 0.22 0.24 100737 | 0.05 0.12 100737
FedProx 1.76 0.61 100737 | 0.39 0.45 100737 | 0.21 0.23 100737 | 0.06 0.13 100737
FedRep 2.50 0.69 100608 | 0.27 0.35 100608 | 0.29 0.28 100608 | 0.07 0.15 100608
pFedMe 1.62 0.62 100737 | 0.77 0.71 100737 | 0.26 0.27 100737 | 0.10 0.16 100737
PerFedAvg | 1.65 0.64 100737 | 0.29 0.39 100737 | 0.53 0.44 100737 | 0.14 0.21 100737
FedProto 2.56 0.90 6144 0.70 0.67 6144 0.88 0.58 73728 0.64 0.54 73728
FedPCL 4.99 1.34 106881 0.98 0.82 106881 1.27 0.71 174465 | 0.97 0.67 174465
CNFGNN | 2.28 0.87 72065 1.01 0.49 72065 091 0.57 72065 0.79 0.59 72065
FCGCN 2.57 0.92 / 4.20 1.30 / 2.17 0.96 / 0.82 0.51 /
FedGRU 2.19 091 / 1.04 0.61 / 0.98 0.78 / 0.76 0.56 /
FUELS ‘ 0.96 0.51 768 ‘ 0.24 0.34 768 ‘ 0.19 0.23 4608 ‘ 0.04 0.11 36864

Table 1: Performance comparisons. “Comms” refers to the number of parameters each client sends to the server per round.

5.3 Model Complexity

The number of parameters each client uploads is O(Bd,,),
which is much more lightweight than model parameters (de-
tailed results in Section 6.1). The computation cost at clients
in FL training round can be summarized as O(I(3FE +
2FF +2FD)), where FE, FF, and F D represent the com-
putation cost of encoder en, W,,, and decoder de respectively
for a batch in the forward propagation. Given the light weight
of W,,, most of additional computation cost results from
encoding the augmented data. In Appendix 1.3, we further
provide detailed comparison of computation and communi-
cation complexity.

6 Experiments

Baselines: The baselines cover a wide range of relevant meth-
ods, which can be classified into 3 categories: TYPE 1 (per-
sonalized federated learning methods): FedAvg (McMahan
et al. 2017), FedProx (Li et al. 2020), FedRep (Collins et al.
2021), PerFedAvg (Fallah, Mokhtari, and Ozdaglar 2020),
and pFedMe (T Dinh, Tran, and Nguyen 2020); TYPE 2
(federated prototype learning methods): FedProto (Tan et al.
2022b) and FedPCL (Deng and Yang 2023); TYPE 3 (fed-
erated learning methods for spatio-temporal forecasting):
CNFGNN (Meng, Rambhatla, and Liu 2021), FedGRU (Liu
et al. 2020), and FCGCN (Xia, Jin, and Chen 2022).
Settings. Our evaluations are conducted on four widely-
used benchmark datasets: Net (Zhang et al. 2021), Electricity
(Liu et al. 2024), METR-LA (Meng, Rambhatla, and Liu
2021) and PEMS-BAY (Meng, Rambhatla, and Liu 2021).
Detailed introduction of datasets and experimental imple-
mentations are provided in Appendix 2. We use Mean Square
Error (MSE) and Mean Absolute Error (MAE) as metrics.

6.1 Main Results

The evaluation results of the baselines and our proposed
method are presented in Table 1. In all methods except
FCGCN and FedGRU, each device serves as a FL participant
client. Therefore, we assess the “Comms” of these methods.

We have the key observations that FUELS shows promising
performance by consistently outperforming all the baselines.
Moreover, the communication cost of clients in FUELS is
significantly lower than that in the baselines. Specifically,
compared with the second communication-efficient method
FedProto, FUELS provides 87.5%, 87.5%, 99.94%, and
50% communication overhead reduction on four datasets
respectively. We attribute such superiority to the designed
contrastive tasks and novel communication carrier.

Effectiveness. Fig. 3 (a) and (b) show the predicted values
of four methods on Net dataset and the cumulative distri-
bution functions (CDFs) of MSEs over all clients. While
the predicted values of these methods have similar prediction
performance at the smooth traffic sequences, FUELS can gen-
erate more accurate results in fluctuating traffic sequences,
which further underscores the effectiveness of FUELS in
tackling heterogeneous temporal patterns. The area under the
CDF curve of FUELS is larger than those of the other three
methods, which indicates that clients’” prediction MSEs in
FUELS distribute around lower values. Specifically, 90% of
clients have prediction MSEs lower than 2, while the cases
for FedProx, pFedMe and PerFedAvg are 71%, 73% and 75%
respectively.

Efficiency. Fig. 3 (c) shows the training MSE versus the
communication amounts over all clients. We observe that
given the same MSE, the communication amounts in the
other three methods are significantly higher than those in
FUELS on both datasets. Specifically, when MSE reaches
the convergence, FUELS will reduce about 97% communi-
cation overhead compared with FedProx. FUELS can yield
superior prediction performance with the baselines and simul-
taneously reduce the communication cost to a great extent,
which indicates the efficiency of FUELS.

6.2 Ablation Study

We compare FUELS with the following 4 variants. (1) w/o
inter: Only the intra-client contrastive loss item is adopted;
(2) w/o intra : Only the inter-client contrastive loss item is
adopted; (3) w/o p-aware : Concatenation-based prototypes
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Figure 3: Effectiveness and efficiency comparison on Net dataset: (a) Visualization of forecasting results; (b) MSE CDFs over

clients; (c) Training MSE versus communication amounts.
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Figure 4: Performance comparison of FUELS and four vari-
ants on Net dataset.

are adopted instead of periodicity-aware prototypes; (4) w/o
W : Dynamic hard negative filtering is omitted. The prediction
performance of FUELS and the above variants on Net dataset
is shown in Fig. 4. We have the following key observations.
(1) The increased prediction errors of w/o inter and w/o intra
compared with FUELS indicate that inter- and intra-client
contrastive loss items can benefit the local training from dif-
ferent perspectives. (2) With concatenation-based prototypes,
the prediction performance may be impacted by the noise
in representations and “Comms” will significantly increase
to 227928. (3) The higher error in w/o W indicates that the
proposed dynamic filtering module can effectively filter out
hard negatives and keep the semantic structure consistent.

6.3 Case Study

Relatedness Between Local Prototype and Traffic Data.
We randomly select several clients to visualize the correla-
tion between prototypes and local datasets. The results are
shown in Fig. 2(a) and (b) of the Appendix. We calculate
the similarity of local training datasets based on JSD and set
the threshold as 0.00065, which is also the 50-th percentile
of these JSD values. We observe that clients’ correlation is
consistent with the JSD-based results. Therefore, we claim
that the designed local prototypes can effectively express
client-specific knowledge.

Visualization of Dynamic Hard Negative Filtering. The
illustration of parameters in W, for a randomly selected
client is presented in Fig. 3 of the Appendix. If a parame-
ter in W, is over 0, the corresponding value in Z will be
over 0. Almost all the values on the diagonal are less than
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0, which represents that positives are filtered out. The filter-
ing approach can filter out hard negatives within or without
closeness scope and simultaneously avoid the error filtering
of true negatives within closeness range.

6.4 Combination with Privacy Protection
Mechanisms

We incorporate FUELS with privacy-preserving mechanisms
in case of the privacy leakage in the communicated pro-
totypes. We add different types of random noise with
Laplace, Guassian, and exponential distribution to the lo-
cal prototypes in FUELS. The results indicate that there
is no significant performance degradation after noise injec-
tion, which demonstrates that FUELS is noise-robust and
accommodates for differential privacy strategies. Details are
presented in Appendix 3.3.

6.5 Additional Experimental Results in Appendix

Due to space limitation, we provide auxiliary experimental
results in Appendix, including effect of prototype size (in
Appendix 3.2), hyperparameter investigation (in Appendix
3.1), and error bars (in Appendix 4).

7 Conclusion

We propose FUELS for tackling the spatio-temporal het-
erogeneity by adaptively aligning the temporal and spatial
representations according to semantic similarity for the sup-
plemented intra- and inter-client contrastive tasks to preserve
the spatio-temporal heterogeneity in the latent representation
space. Note-worthily, a lightweight but efficient prototype is
designed as the client-level representation for carrying client-
specific knowledge. Experimental results demonstrate the
effectiveness and communication efficiency of FUELS.

Limitations & Future Works. The potential limitation
of FUELS is the increased computation cost for augment
data. In the future work, we will explore more computation-
efficient contrastive approaches. Moreover, since the commu-
nication carrier is independent of network structures, FUELS
can be built over heterogeneous local prediction models, pre-
trained models, or even large models, which will be explored
in future studies.
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