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Abstract

In real-world time-series modelling, graph structures are
widely adopted because they explicitly encode node topology
and capture complex network dynamics. In practice, however,
a complete graph is often partitioned across multiple parties;
each party can access only its local sub-graph and, owing
to privacy regulations, cannot share topology or data, creat-
ing pervasive data silos. Federated Graph Learning (FGL)
offers a privacy-preserving collaborative-learning paradigm,
yet current methods still face two key challenges: (1) the
graph topology itself contains sensitive structural informa-
tion, which can lead to privacy leakage if directly shared dur-
ing FGL; (2) cross-party edges are crucial for accurate mod-
eling, yet exploiting them without compromising privacy re-
mains a significant challenge. To overcome these obstacles,
we propose FedSkeleton, a privacy-preserving framework for
time-series prediction that comprises a Skeleton Construc-
tion Module and a Dual-stream Forecasting Module, enabling
global dependency capture without revealing the topology.
Extensive experiments show that FedSkeleton consistently
outperforms existing baselines and even surpasses models
trained in a centralized setting with full-graph access in cer-
tain cases. In addition, we conduct comprehensive security
analysis, communication-cost evaluation and scalability ex-
periments, demonstrating that FedSkeleton effectively resists
common attacks, keeps communication overhead manage-
able, and remains robust with respect to key hyper-parameters
and the number of participating parties.

Code — https://github.com/tsinghua-fib-lab/FedSkeleton

Introduction
Numerous real-world high-dimensional time series in real-
world scenarios are formed by dynamically changing at-
tributes of individual entities, whose evolution is typi-
cally driven by their interactions. These entities (as nodes)
and their interactions (as edges) jointly constitute a graph
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structure, such as financial networks and electric net-
works. Therefore, the problem of forecasting these high-
dimensional time series can be naturally converted into a
nodal dynamics prediction problem on graphs, which is in-
strumental for a wide spectrum of real-world applications
including anomaly detection (Miele, Bonacina, and Corsini
2022) and efficiency optimization (Shen et al. 2022). How-
ever, in practical applications, the data of different nodes
is often held by different organizations (e.g., governmental
agencies and corporations). Due to privacy concerns, these
organizations cannot disclose the attributes of their nodes or
even the topological relationships among them. Under the
circumstances, an important research question is how to ef-
ficiently implement federated learning between different or-
ganizations to forecast their nodal dynamics, while preserv-
ing the privacy of the graph data of each participating orga-
nization.

However, the problem of graph federated time-series fore-
casting is also a difficult task with several challenges un-
solved. First, existing federated graph learning algorithms
typically require the propagation and aggregation of node
embeddings across the complete graph topology (Chen et al.
2021; Liu, Li, and Gu 2021). Regardless of the private
information involved in node embeddings (e.g., node at-
tributes), the graph topology itself is sensitive and poten-
tially leads to privacy leaks. For example, in financial net-
works, edge information can disclose monetary transactions
between nodes. Thus, achieving federated time-series fore-
casting without revealing node attributes as well as topo-
logical information is a critical challenge. Second, since
nodal dynamics are inherently driven by interactions be-
tween nodes, the edges across different parties are a crucial
factor that should be considered in the prediction task. Ig-
noring inter-party edges will lead to inevitable performance
loss. How to incorporate inter-party interactions without re-
vealing private graph data is the second challenge.

To solve these challenges, in this paper, we propose
FedSkeleton, a federated graph learning framework to ef-
ficiently forecast time series on graphs while preserving the
privacy of the graph data of each participant. The core of
FedSkeleton is an elaborately-designed secure multi-party
graph skeleton construction algorithm that utilizes graph
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coarsening (Hashemi et al. 2024) and secret sharing (Blakley
1979) techniques to merge the attribute of K nodes into a su-
pernode, guaranteeing k-anonymity (Sweeney 2002) while
ensuring that the mapping between original nodes and su-
pernodes is only known to the node owner. As a result, the
private information of each node is obscured by aggregat-
ing K different nodes in the graph skeleton, which cannot
be traced back to the original graphs. Therefore, the graph
skeleton can encode both useful nodal dynamics and topo-
logical information of the original complete graph without
leaking privacy, which addresses the first challenge. Fur-
ther, based on the constructed graph skeleton, FedSkeleton
employs a local-global dual-stream forecasting mechanism,
where each participant trains a local Graph ODE (ordinary
differential equation) model on their private graphs, while a
global Graph ODE model is trained on the constructed graph
skeleton at the server. By collaboratively integrating infor-
mation from both local and global models during prediction,
FedSkeleton effectively models inter-participant node inter-
actions without compromising privacy.

Our contribution can be summarized threefold as follows:

• We propose a novel federated graph learning framework
for time-series forecasting, which constructs graph skele-
tons through graph coarsening and secret sharing tech-
niques to encode both useful nodal dynamics and topo-
logical information of the original complete graph with-
out leaking privacy.

• We propose a local-global dual-stream forecasting mech-
anism that collaboratively integrates information from
both local and global models during prediction, which
can incorporate inter-participant node interactions and
mitigate the performance decline caused by the non-
disclosure of original graph data of different participants
due to privacy concerns.

• Extensive experiments on four datasets demonstrate
that FedSkeleton achieves an average improvement of
42.48% compared with baselines. The result confirms
FedSkeleton’s capability to effectively balance privacy
protection and predictive performance while maintain-
ing a reasonable communication overhead, and ensuring
secure and efficient collaboration among parties without
excessive data transmission.

Preliminaries
Secret Sharing
We adopt the 2-out-of-2 secret sharing scheme from
ABY2 (Patra et al. 2021) in the two-party (2PC) setting.
It allow two parties (P0 and P1) to use secret shares to
jointly compute a function on their private inputs. Based
on the underlying algebraic structure of the computation,
there are two main sharing schemes. The first is Arith-
metic Secret Sharing, where computation is performed in
a ring Z2l . For each wire in the circuit with a value v,
party Pi (where i ∈ {0, 1}) holds an additive share, de-
noted [v]i, such that v = [v]0 + [v]1 (mod 2l). All lin-
ear gates (addition or subtraction) can be evaluated locally
and non-interactively. To securely evaluate a multiplication

gate, the protocol uses Beaver’s circuit randomization tech-
nique (Beaver 1991), which requires generating additively
shared random arithmetic triples during a setup phase. These
triples are then used in the online phase to compute the
shares of the product, which requires communication for
each multiplication gate. The second scheme is Boolean Se-
cret Sharing, namely the GMW protocol (Goldreich, Mi-
cali, and Wigderson 2019), which employs a function rep-
resented as a Boolean circuit (i.e., l = 1, operating in Z2).
In this scheme, values are shared using XOR-based secret
sharing, satisfying v = [v]0 ⊕ [v]1. Similarly, linear gates
(XOR gates) are non-interactive, while multiplication gates
(AND gates) require pre-computing a Boolean multiplica-
tion triple. This is typically achieved using 1-out-of-2 Obliv-
ious Transfer (OT), and can be optimized using 1-out-of-N
OT extension (Ishai et al. 2003).

Inter-Edges Issue in Federated Graph Learning
Consider a power-grid network jointly formed by several
utility companies. Let the global graph be G = (V,E) and
the sub-graph owned by company i be Gi = (Vi, Ei) with
node features Xi (historical generation time series). The
data held by company i, specifically the feature matrix Xi

and the local edges Ei, is retained locally and not shared
with other companies or the server. In contrast, the links be-
tween plants of different companies Eij = E ∩ (Vi × Vj),
which is also referred as inter-edges, are public to both com-
pany i and company j. Similar cross-organisation settings
arise in banking transaction networks and mobile-operator
base-station networks.

If these inter-edges are ignored during the training proce-
dure of the federated graph neural network (GNN) model,
each party learns on a disconnected sub-graph, and its local
objective degrades to

Fi(θ) = L
(
GNN(Ei,Xi; θ), yi

)
, (1)

which misses inter-subgraph dependencies and ultimately
harms global performance.

Problem Definition
In this work, we study a setting where the graph G =
(V,E,X) is partitioned among M parties, with each party
having access only to its own subset of the data. In partic-
ular, the data available to party i is represented by Gi =
(Vi, Ei,Xi), where Vi ⊂ V denotes the set of nodes that
belong internally to party i, and Xi = {xi(t) | t =
0, 1, 2, . . . , T − 1} comprises the time-series data corre-
sponding to those nodes. Since a node’s time-series data is
private, it is exclusively held by a single party. Moreover, we
define the border nodes for party i as V ∗

i = {v∗ | (v∗, v) ∈
E, v∗ ∈ Vi, v /∈ Vi}. Thus, in this paper, we assume that
different parties’ internal nodes satisfy Vi∩Vj = ∅, for each
i ̸= j. Ei is the set of edges accessible by party i, includ-
ing both inter edges E∗

i = {(v, v∗) | (v, v∗) ∈ E, v∗ ∈
V ∗
i , v /∈ Vi} and internal edges. The core task in our study is

to build a FL framework each parties maintains a subgraph
of the global graph and trains a model to predict future time-
series with observed history time-series, which is defined as
follows:
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Definition 1 (Federated Time-Series Forecasting). Given
multiple sub-graphs {Gi = (Vi, Ei,Xi)}Mi=1 owned by M
FL parties. FedSkeleton aims to coordinates all FL party
collaborative training to forecast future time series X̂i =
{x̂i(t) | t = T, T + 1, . . . , T +∆t} immediately following
an observable historical time series it owns Xobs

i = {x̂i(t) |
t = T − τ, T − τ + 1, . . . , T − 1}, meanwhile guarantees
that both the internal node time series data and the graph
topology remain private.

Method
Overall Framework
In this section, we present a detailed overview of the
FedSkeleton framework, as depicted in Figure 1. The frame-
work is composed of two main modules: the Dual-Stream
Forecasting Module and the Skeleton Construction Module.
The process of this framework is presented in Algorithm 1
of the Appendix.

Graph Skeleton Construction
Local Skeleton Construction Each FL participant inde-
pendently constructs a local skeleton by first generating
learnable node embeddings. The assignment matrix is then
computed to determine the mapping from original nodes
to supernodes, establishing a hierarchical structure. Finally,
GCNs are applied to aggregate node features into supern-
odes, forming a coarsened representation that maintains the
topological and dynamic properties of the original graph.

(i) Adaptive assignment matrix. To determine the num-
ber of supernodes, we utilize the reduction ratio γ. We ini-
tialize two sets of learnable embeddings: supernode embed-
dings ES ∈ RγN×2 and node embeddings E ∈ RN×2,
where each embedding encapsulates the dynamic behavior
of the associated original nodes. The assignment matrix is
computed as follows:

P = softmax(ẼSẼ
T ) ∈ {0, 1}γN×N , (4)

where the softmax function is applied row-wise. Here, Ẽ =
MLP(E) and ẼS = MLP(ES).

To enforce sparsity and ensure that the assignment matrix
approaches a one-hot structure, we minimize:

LE =
1

N

N∑
i=1

H(Pi),

where H represents the entropy function, and Pi denotes the
i-th column of P .

Additionally, to retain the topological structure of the
original graph, we introduce a regularization term:

LR = ||A− PTP ||F ,

where || · ||F denotes the Frobenius norm.

(ii) Node Aggregation. To model the temporal dynamics
of original nodes, we employ graph convolutional networks
(GCNs). The aggregated representation of the supernodes is
computed as:

H = σ(D̃− 1
2 ÃD̃− 1

2X)Θ1 ∈ RN×d, XS = PH ∈ RγN×d,
(5)

where D̃ =
∑

j Ãij , Ã = A + I , and Θ is a learnable
parameter.

The topological relationship between supernodes, also
known as the local skeleton, is given by:

AS = PAPT ,

Global Skeleton Merge After every party has produced
its local skeleton (AS

i , Pi), the server must stitch these
pieces together so that super-nodes belonging to different
parties are linked whenever an inter-edge exists. We decom-
pose this procedure into three reusable sub-modules, mirror-
ing the style of the Local Skeleton Build. The process of this
module is presented in Algorithm 2 of the Appendix.

(i) Pairwise block formulation. For each unordered party
pair (i, j), let Aij = E∗

ij , Aii = AS
i , Ajj = AS

j
and construct the block-diagonal assignment matrix P =
diag(Pi, Pj). The desired pairwise backbone is

As
(i,j) = PAP⊤ =

(
PiAiiP

⊤
i PiAijP

⊤
j

PjAjiP
⊤
i PjAjjP

⊤
j

)
. (8)

(ii) Secure off-diagonal computation. The diagonal
blocks C11 = PiAiiP

⊤
i and C22 = PjAjjP

⊤
j are com-

puted locally. The off-diagonal block C12 = PiAijP
⊤
j must

be obtained without revealing Pi, Pj or Aij . We perform a
Boolean-semiring matrix multiplication with

C12[u, v] =
∨
k

[
(PiAij)u,k ∧ (PT

j )k,v
]
, (9)

and realise every AND via Beaver triples over {0, 1} (Al-
gorithm 3 Secure Boolean MatMul in Appendix). Because
Aji = A⊤

ij , the second off-diagonal block is reused as
C21 = C⊤

12.

(iii) Block embedding and global merge. Let Ii (resp.
Ij) be the index range of party i (resp. j) in the global super-
node list. We embed As

(i,j) into the empty backbone B by

B[Ii∪Ij , Ii∪Ij ] ← B[ · ] ∨ As
(i,j), (10)

A Boolean OR ensures that repeated embeddings (from dif-
ferent pairs) only add connectivity, never delete it.

After all pairs are processed, B ∈ {0, 1}N∗×N∗
is a spar-

sified yet connectivity-complete global skeleton, it is ready
to guide downstream Dual-Stream Forecasting.

Dual-Stream Forecasting
We now define the forward ODE function for the latent dy-
namics dZ

dt of the skeleton. Taking into account that the evo-
lution of each node xi is influenced by its self-dynamics and
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Figure 1: The overall architecture of FedSkeleton.

coupling dynamics, the parameterized time derivative con-
sists of two terms: one denoting the self-dynamics function
f(Z) and another representing the interaction with neigh-
bors g(Z,A). Thus, the dynamic equation for each node is
given by:

dZ

dt
= f(Z) + g(Z,A), (6)

where f is an MLP and g is a GNN responsible for informa-
tion propagation:

g(Z,A) = σ(Aσ(ZΘ3)Θ2). (7)

Given the ODE function, the predicted trajectory of the
skeleton dynamics can be solved by any ODE solver as an
initial value problem:

ZT = Z0 +

∫ T

0

f(Zt) + g(Zt, A)dt, (8)

where the initial state Z0 = MLP (X) ∈ RN×1. This al-
lows us to predict the state of super-nodes at any continuous
time point T .

Local and Global Forecasting Both local forecasting (ex-
ecuted independently by each participant) and global fore-
casting (conducted on the global skeleton at the central
server) follow the same ODE-based modeling framework
described above. However, they differ in their scope and in-
formation flow.

(i) Local Forecasting. Each participant applies the ODE
model to its own subgraph, using a local adjacency matrix

Ai and local node features Xi. This process captures the
fine-grained temporal evolution of local structures.

Zi,T = Zi,0 +

∫ T

0

f(Zi,t) + g(Zi,t, Ai)dt.

(ii) Globa Forecasting. The central server applies the
same ODE framework to the global skeleton B, where
super-node’s aggregated time-series data XS

i structures
from multiple participants.

ZB
T = ZB

0 +

∫ T

0

f(ZB
t ) + g(ZB

t , B)dt.

The server’s global forecast ZB
T is a composite tensor con-

taining the coarse-grained information of all participants. To
distribute this back to the clients, we define a projection op-
erator πi. This operator extracts the segment relevant only
to that client from ZB

T based on the participant index i. This
client-specific segment, ZS

i,T , is defined as:

ZS
i,T = πi(Z

B
T ).

ZS
i,T is then sent to participant i for subsequent fusion.

Enhance Fusion Module: Upon completion of the global
forecast, the predicted global skeleton is partitioned, and the
relevant segments are sent back to the participants. Each par-
ticipant then enhances its local prediction by integrating en-
hanced results obtained from the coarse global information.
The fusion is achieved through the following formulae:

Zglo
i,T = σ

(
(MLP(Xobs

i )||MLP(ZS
i,T ))Θ4

)
,
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Yfinal = (1− α)Zi,T + αZglo
i,T .

By adjusting fusion rate α, participants can control the level
of fusion applied to their final forecast.

Security Analysis
We analyze the security of FedSkeleton from three layers.

(i) Data layer. Raw time-series and their labels always re-
main on the party. Only the 2-out-of-2 boolean shares (Pa-
tra et al. 2021) enter the Secure Multi-Party Computation
(MPC) pipeline. Because any single share is information-
theoretically independent of the underlying value and the
server never accesses plaintext or gradients, an adversary
cannot reconstruct samples or labels, nor perform member-
ship inference or GAN-based data-synthesis attacks.

(ii) Topology layer. Each party compresses its local graph
into k-anonymous (Sweeney 2002) super-nodes, then uses
Secure Boolean MatMul (algorithm 3) to comupute cross-
party edges and further binarises the result. Coarse ag-
gregation removes fine-grained structure, and binarisation
erases edge-count and degree information, blocking graph-
reconstruction and degree-based attribute-inference attacks.

(iii) Mapping layer. The node-to-super-node assignment
matrix Pi is never sent in plaintext; it appears only as
masked shares inside the MPC and is dynamically updated
during training. Consequently, neither a corrupted party nor
an honest-but-curious server can map super-node observa-
tions back to concrete nodes, making node-level member-
ship or attribute inference infeasible.

the (algorithm 3), and the overall framework that depends
on it, are privacy-preserving and correct in the two-party,
semi-honest setting. The detailed definition and proof are
provided in the Appendix.

Communication Overhead
FedSkeleton’s traffic naturally splits into a cold-start phase
and an online training loop. During cold start each party
pair (Pi,Pj) executes the Boolean-semiring protocol once,
sending one masked matrix each e ∈ {0, 1} γ|Vi|×|Vj | from
Pi and f ∈ {0, 1}γ|Vj |×γj from Pj ; every party then up-
loads its internal adjacency AS

i and the cross-block shares to
the server, which assembles and broadcasts the global binary
backbone B ∈ {0, 1}γN×γN . In each subsequent training
round the node-to-supernode mapping Pi may change, so
parties must re-run that same cross-block protocol and ex-
change fresh e, f matrices of identical size; meanwhile each
party uploads γ|Vi|d floats of super-node features XS

i , re-
ceives the same-sized coarse forecast slice Zi,T and returns
two scalar losses. All payloads scale linearly with the super-
node count γ|Vi|, where γ|Vi| ≪ |Vi| and is far smaller than
the full GNN parameter size |θ|. Consequently, even with
per-round party-to-party exchanges, the P2P load remains
only a fraction of the gradients or node embeddings trans-
ferred in conventional graph FL, and the party–server round
trip is just 2γ|Vi|d floats. Except for the one-off O(γN2)
server broadcast, cumulative training traffic grows only lin-
early with γ while preserving structural privacy and accu-

racy. The theoretical communication-overhead comparison
is provided in Appendix.

Experiments
Datasets
We evaluate FedSkeleton on four time-series graph
datasets (National Renewable Energy Laboratory 2006; Kim
et al. 2018), which include three real-world datasets and one
synthetic dataset, covering power-grid operation, public-
health surveillance, and generic network dynamics. Com-
plete data sources, preprocessing and sliding-window set-
tings are presented in Appendix A. Specifically, Solar con-
tains 137 nodes representing Alabama photovoltaic plants
with 10-minute power-output readings and is split into 2
parties; ChileNet models a Chilean generator–substation
grid with 218 nodes and 3 default parties; Syn is a 2,000-
node Barabási–Albert synthetic network governed by Hind-
marsh–Rose dynamics, evaluated under 5-, 20- and 50-party
partitions; Covid links 3,142 U.S. counties through adja-
cency edges, provides 500-day case counts, and treats each
state as a party for a total of 45.

Compared Algorithm
We compare FedSkeleton with three state-of-the-art algo-
rithms: (1) STGNCDE (Choi et al. 2022) integrates graph
convolutions and controlled differential equations for the
prediction of time series in graph-structured data. (2) MT-
GODE (Jin et al. 2023) combines spatial dependencies
through graph convolutions and temporal dynamics through
ODEs for multi-step forecasting. (3) FourierGNN (Yi et al.
2024) combines Fourier Transform and GNN to capture
spatio-temporal dependencies in the frequency domain. (4)
T-PATCHGNN (Zhang et al. 2024) splits irregular mul-
tivariate series into transformable patches and forecasts
with a Transformer–GNN hybrid. (5) NDCN (Zang and
Wang 2020) views GNN layers as continuous diffusion
ODEs, integrating node dynamics for sequence prediction.
(6) FedGC (Fu et al. 2025) condenses graphs federatively by
gradient-matching parties while safeguarding membership
privacy. (7) CNFGNN (Meng, Rambhatla, and Liu 2021)
decouples on-device temporal encoding and server-side spa-
tial GNN to model decentralized spatio-temporal data.

Experimental Setup
We categorize baselines into two learning regimes. In the
centralized regime, a single server has the complete graph
and all node features and trains each baseline end-to-end.
In the federated regime, topology and features remain iso-
lated within each party, and FL-enabled baselines follow
their official protocols. FedSkeleton is never trained on the
full graph; in all results it runs strictly under our federated
protocol, where each party keeps its own subgraph and the
server only receives the binary skeleton produced by our se-
cure construction, without raw features or edge counts. A
fully decentralized variant is obtained by setting, eliminat-
ing cross-party information exchange. See implementation
details in the Appendix.
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Solar ChileNet
NMSE MSE MAE RMSE NMSE MSE MAE RMSE

NDCN 0.6328 65.3593 4.3139 8.0845 0.1085 1191.1644 13.2282 34.5132
MTGODE 0.1920 30.0970 3.0341 5.4860 0.0800 840.8540 9.4250 28.9970
STGNCDE 0.2750 42.8610 4.4991 6.5426 0.2420 2549.2980 18.2940 50.4770
FourierGNN 0.1370 20.3730 2.2860 4.5140 0.0470 501.8770 7.0110 22.4020
Our model 0.1970 18.1340 2.3520 4.1980 0.0360 429.6340 5.8420 19.4330

Table 1: Average performance comparison on Solar and ChileNet (smaller is better). Bold = best, underline = second best.

Solar ChileNet
NMSE MSE MAE RMSE NMSE MSE MAE RMSE

t-PatchGNN 0.1493 25.1150 2.3190 4.8112 0.0400 452.1530 7.3579 20.1395
FedGC 0.7735 117.0280 9.4185 10.736 0.4287 4145.1114 40.5153 63.933
CNFGNN 0.7053 104.6111 5.3617 9.977 0.1041 1174.9940 15.6223 33.131
Our model 0.1970 18.1340 2.3520 4.1980 0.0360 429.6340 5.8420 19.433

Syn Covid
NMSE MSE MAE RMSE NMSE MSE MAE RMSE

t-PatchGNN 0.0047 0.0301 0.1187 0.1730 0.0213 3.158e+9 2.212e+3 3.167e+3
FedGC 0.3967 2.5369 1.1290 1.5858 0.8142 2.082e+9 1.551e+4 3.448e+4
CNFGNN 0.0022 0.0139 0.0911 0.1178 0.3069 1.182e+9 7.881e+3 1.712e+4
Our model 0.0005 0.0030 0.0348 0.0550 0.0040 4.501e+6 7.066e+2 2.122e+3

Table 2: Average performance comparison on four real-world datasets (smaller is better). Bold=best, underline=second best.

Main Results
Centralized performance Table 1 shows that FedSkele-
ton consistently outperforms every baseline on both Solar
and ChileNet. On Solar, FedSkeleton attains the lowest MSE
(18.13) and RMSE (4.20), cutting error by roughly 11%
and 7% relative to the second-best FourierGNN (20.37 /
4.51) and by 40–72% against MTGODE, STGNCDE and
the newly added NDCN. Although FourierGNN edges ahead
in NMSE and MAE, FedSkeleton still delivers the best over-
all accuracy. The advantage widens on ChileNet: FedSkele-
ton leads all four metrics, with an NMSE of 0.0360, 23%
lower than FourierGNN, 55% lower than MTGODE, 67%
lower than NDCN, and 85% lower than STGNCDE. Its
MSE drops to 429.63, improving on FourierGNN by 14%
and on MTGODE by 49%, while MAE (5.84) and RMSE
(19.43) are likewise the best recorded. Crucially, every base-
line is trained on the full graph topology, whereas FedSkele-
ton relies only on party-local subgraphs plus a privacy-
preserving global skeleton. Despite lacking complete topol-
ogy, the framework leverages secure cross-edge information
to surpass centrally trained models, underscoring FedSkele-
ton’s strength for time-series forecasting under federated,
privacy-constrained settings.

Federated Performance As Table 2 shows, under a fully
federated setting, FedSkeleton delivers either the best or
second-best scores on all four datasets and clearly outper-
forms the other three baselines overall. On Solar, it reduces
MSE to 18.13 and RMSE to 4.20, improvements of 28.0%
and 12.7% over the second-best algorithm T-PatchGNN. On
ChileNet, its NMSE is only 0.036, corresponding to 90.0%
of T-PatchGNN and 34.6% of CNFGNN. On the synthetic
Syn dataset, FedSkeleton achieves NMSE 5×10−4 and MSE

3 × 10−3, a further 4–5× reduction relative to CNFGNN.
Even on the highly imbalanced Covid dataset, FedSkeleton
remains ahead with an MSE of 4.50× 106, just 0.14% of T-
PatchGNN and 0.38% of CNFGNN, demonstrating robust-
ness to heterogeneous graph sizes. In summary, by leverag-
ing a privacy-preserving global skeleton to recover cross-
party topology, FedSkeleton consistently lowers forecasting
error and maintains superiority across all evaluation metrics.

Parameter Analysis
Impact of Compression Ratio In FedSkeleton, the com-
pression ratio γ controls the resolution of the global skele-
ton’s structure. Higher values of γ preserve more node-
level details, while lower values have coarser structure. This
section investigates the relationship between γ and predic-
tive accuracy. To evaluate the effect of γ on performance,
we conduct a parameter study using seven different values:
[0.05, 0.08, 0.1, 0.2, 0.3, 0.4, 0.5]. For clarity, we present
the performance trends of the model with varying γ values
at specific epochs: [10, 30, 40, 50], where all participants in
a given training session use the same γ. Figure 2 presents
the results for the Solar dataset. As the curves shown in
Figure 2(a) and (b), when the number of training epochs is
small, the impact of γ on performance is not significant. As
training progresses, higher values of γ lead to better predic-
tive accuracy, while γ values below 0.1 result in a noticeable
decline in performance. However, when γ exceeds 0.2, there
is no significant improvement in prediction performance.

Impact of Fusion Rate In this section, we explore the im-
pact of different fusion rates on the FedSkeleton framework,
conducting experiments on two datasets, Solar and Chile.
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Figure 2: Prediction loss trends measured by MAE and MSE
over different values of γ on the Solar dataset, with results
recorded at epochs 10, 30, 40, and 50.

Each FL party uses the same fusion rate by default, and we
examine the effect of varying α from 0 to 1 with a step size
of 0.1.

The upper row of Figure 3 shows the impact of α on the
Solar dataset, with prediction loss trends measured using
MAE and MSE at different epochs (10, 50, and 80). As we
can observe, when α is set to a low value (closer to 0), the
prediction relies primarily on local information, resulting in
higher loss values, particularly in long-term predictions. As
α increases, the model can incorporate more global informa-
tion, and the prediction error gradually decreases. However,
when α approaches 1, the MSE and MAE both start increas-
ing again, especially at later epochs. This suggests that ex-
cessive reliance on global forecasts may introduce noise or
excessive coarsening, leading to performance degradation.
The best performance is achieved for moderate values of
α (around 0.3 to 0.6), where local fine-grained details and
global structural information are optimally fused.

Both the Solar and Chile datasets show a similar trend re-
garding the influence of α. When α is too low (e.g., α = 0),
the model performs local-only forecasting, resulting in rel-
atively high MAE and MSE values due to the lack of suffi-
cient global structural information to generalize well. How-
ever, as α increases, the Chile dataset exhibits more perfor-
mance fluctuation compared to the Solar dataset. This indi-
cates that the balance between local and global forecasting
plays a more dynamic role depending on the dataset char-
acteristics. Overall, for both datasets, moderate values of
α yield the most stable and accurate predictions, confirm-
ing the necessity of balancing local and global fusion in the
FedSkeleton framework.

Impact of Federation Scale To assess robustness under
federation growth, we partition the synthetic dataset (Syn)
into three federation sizes, i.e., 5, 20, and 50 parties, keeping
the per-party data volume and all training hyper-parameters
identical to the main experiments. As the number of par-
ties increases, the total amount of data rises while commu-
nication and aggregation costs also grow. We report four er-
ror metrics and plot the two most indicative metrics, i.e.,
MSE and MAE, to visualize scaling trends. Figure 4 re-
ports performance when the synthetic Syn dataset is split
across 5, 20 and 50 parties. This shows that FedSkeleton is
the most scale-robust: its MAE increases only from 0.0348
to 0.0572 and its MSE increases from 0.0030 to 0.0090,
both showing only a moderate increase while remaining the
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Figure 3: Prediction loss trends measured by MAE and MSE
over different values of α on the Solar (top row) and Chile
(bottom row) datasets, with results recorded at epochs 10,
50, and 80.

lowest throughout. CNFGNN improves slightly as federa-
tion size grows (MAE 0.0911 → 0.0811; MSE 0.0139 →
0.0135) yet still lags FedSkeleton by roughly 40–140%.
T-PatchGNN is more scale-sensitive, with MAE dropping
from 0.1187 to 0.0611 and MSE from 0.0301 to 0.0090,
but it stays an order of magnitude worse than FedSkeleton.
Under both 20 and 50 party settings, FedGC’s MSE result
(around 6.2) shows a significant gap compared to FedSkele-
ton. This appears to suggest that when data splits are highly
heterogeneous, the effectiveness of FedGC’s compression
strategy in preserving structural information may be some-
what limited. Overall, FedSkeleton sustains the best error
levels even as communication and aggregation costs rise,
demonstrating superior scalability and robustness.
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Figure 4: Prediction loss trends measured by MAE (left) and
MSE (right) as the synthetic Syn dataset is partitioned across
5, 20, and 50 parties.

Additional Experiments
To quantify how graph compression affects privacy, we ran-
domly choose target nodes on the Solar dataset and let the

20725



server act as a latent attacker that is given partial raw data.
The attacker trains a model to infer the targets’ time–series
while FedSkeleton operates with seven compression ratios
γ ∈ {0.05, 0.08, 0.1, 0.2, 0.3, 0.4, 0.5}. Figure 5 plots the
attacker’s MAE and MSE throughout training. The curves
show that when γ < 0.08, both errors remain highest, indi-
cating the strongest privacy because many primitive nodes
are merged into the same super-node. For γ≥0.2 the errors
drop noticeably, meaning the attacker can more easily re-
cover single-node information. In short, very small compres-
sion ratios offer clear privacy gains, while improvements sat-
urate once γ exceeds 0.1. Full experimental details and the
exact attack-model definition are provided in the Appendix.
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Figure 5: Attack loss trends measured by MAE and MSE
over training epochs on the Solar dataset for different values
of γ.

Conclusion
In this paper, we propose a privacy-preserving federated
graph learning framework, named FedSkeleton, for collab-
orative time-series prediction tasks. FedSkeleton can strike
a better balance between forecasting utility and data privacy
with the enhancement of the two curated modules. Specifi-
cally, we first curate a skeleton construction method to ag-
gregate cross-party features in a privacy-preserving manner.
Subsequently, we introduce a dual-stream forecast mecha-
nism for mitigating the performance decline raised by the
privacy-preserving scheme. Extensive experiments on four
datasets demonstrate that FedSkeleton exhibits competitive
performance in federated graph learning for time-series fore-
casting. Future research can explore integrating different lo-
cal predictive models with the global skeleton to further in-
vestigate its capability in capturing and understanding com-
plex network topologies. Additionally, further studies can
focus on the security and robustness of supernodes, explor-
ing adversarial strategies in federated learning.
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