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Abstract—We present TSGFM, a Time Series Graph Foun-
dation Model for network monitoring data analysis, based on
spatiotemporal Graph Neural Networks (GNN). Inspired by the
success of foundation models in achieving generalization and
adaptation, TSGFM leverages pretraining on diverse multivariate
timeseries (MTS) data from multiple domains to enable effective
zero-shot analysis in network monitoring tasks. We compare
TSGFM performance against five state-of-the-art AI/ML models
in seven zero-shot forecasting scenarios, using five MTS datasets
from different domains. Evaluations demonstrate that TSGFM
achieves superior performance in six out of seven zero-shot
testing scenarios. Most notably, in zero-shot network monitoring
analysis, TSGFM surpasses all competing models by at least 18 %,
even without training on any network monitoring data.

I. INTRODUCTION

Network monitoring is critical to maintain network perfor-
mance and reliability, with multivariate time series (MTS)
analysis enabling key tasks such as anomaly detection and
forecasting [1], [2], [3]. Forecasting network behavior is
particularly challenging due to traffic complexity and vari-
ability [4]. Deep learning methods have become prominent in
MTS analysis for their ability to model complex dependencies.
Zero-shot learning further enhances these models by allowing
generalization to new tasks without retraining. In recent years,
foundation models have emerged as an effective means to
realize zero-shot learning systems [5]. Their success stems
from extensive pretraining on diverse data, which enables them
to adapt to new tasks under zero-shot or few-shot conditions.

Inspired by this new paradigm, we introduce the Time Series
Graph Foundation Model (TSGFM), a spatio-temporal Graph
Neural Network (GNN) designed for zero-shot MTS fore-
casting. TSGFM captures complex relationships by modeling
inter-dependencies among different time series (i.e., spatial
correlations) and internal temporal dynamics within each time
series (i.e., temporal correlations). To effectively represent
these correlations, TSGFM employs an attention-based graph
structure, modeling each time series as a node connected
through spatial edges in a full-mesh topology, and temporal
edges that link nodes across consecutive timesteps.

To assess TSGFM performance, we conduct extensive eval-
uation using five publicly available datasets spanning multiple
diverse domains. We compare TSGFM with a broad selection
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of state-of-the-art deep learning models used as baseline,
including more traditional neural architectures as well as
advanced graph-based architectures.

We perform zero-shot testing and cross-validation, training
models on a collection of datasets and testing them on an
unseen dataset. TSGFM achieves superior performance in
six out of seven zero-shot testing scenarios, outperforming
all competing models by at least 18% in zero-shot network
monitoring, and maintaining a simple and interpretable graph
representation.

II. TIME SERIES GRAPH FOUNDATION MODEL

TSGFM is a GNN-based model that incorporates spatial and
temporal information from correlated time series to predict
future values of each time series. To address the challenge of
spatiotemporal time series forecasting, we propose a founda-
tion model designed to capture complex dependencies across
multiple datasets. TSGFM leverages graph-based representa-
tions to encode both spatial and temporal correlations between
time series. Figure 1 shows an overview TSGFM’s architecture
and workflow for multivariate time series forecasting. Sliding
windowing for context, node embeddings for time-series, spa-
tial and temporal attention, spatiotemporal merge, and readout
stages are described next.

A. Spatiotemporal Graph Data Representation

We represent each time series as a node within a graph,
enabling the model to exploit the inherent relationships be-
tween time series from the same dataset. We construct fully-
connected graphs for each dataset, and create spatial edges
between each node pair from the same dataset in order to
facilitate the propagation of spatial information between time
series in the same dataset. When handling multiple datasets,
we generate NV fully-connected graphs for each time interval
t. To capture temporal correlations, we introduce temporal
edges that connect each node n at timestep ¢ to itself at future
timesteps ¢/, where ¢’ = ¢t + At and At € {1,2, ...}, forming
edges of the form (n',n'), allowing the model to learn the
evolution of each time series over time. Inspired by [6], we add
a feature At to every temporal edge, representing the relative
temporal distance between the two nodes.
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Fig. 1: TSGFM’s architecture and workflow for multivariate time series forecasting.

TABLE I: Overview of the publicly available datasets.

Dataset | Description
. Electrical consumption, generation, pricing, and weather data
Spain .
from Spain
Operational data from two electricity substations, including
ETThl - .
transformer oil levels and temperature readings
Exchange Daily exchange rates of eight foreign currencies from 1990
to 2016
Twelve different time series with a five-minute granularity,
TELCO . .
representing mobile network measurements
Abilene | Traffic matrix data collected from the Abilene network

We implement a sliding window of size W in the tempo-
ral dimension, defining the context of the model. For each
timestep ¢, we generate N independent graphs — one per
dataset — where each node contains the value of a specific
time series at that time. The sliding window produces a total
of N x W graphs, capturing both the spatial structure at each
time step and the temporal progression across the windows.

B. Underlying spatiotemporal GNN model

We implement a Message Passing Neural Network (MPNN)
to harness the proposed data representation. We design a
message passing composed of two phases executed in parallel:
(i) a temporal message passing, and (ii) a spatial message
passing. Let a node represent a time series at a specific
timestep within the sliding window. We begin by projecting
the node features into a hidden representation by using a
Multilayer Perceptron (MLP), resulting in an initial hidden
state h,, for each node n. This is followed by 7 message
passing iterations, where both spatial and temporal information
is propagated. In the temporal message passing phase, we
generate an embedding for the temporal edges, denoted as
hte, using the At attribute, which represents the relative
temporal distance between the source and destination nodes.
For each temporal edge te; ¢4 connecting the source node s to
a destination node d, we assign an attention coefficient v ,,
computed as:

MLP(hg, hte. ,, ha) (1)
Y s eNi(d)one, , - s )

where hs; and h, are the embeddings of the source and
destination nodes, respectively, and htes, . 1s the temporal

atesﬁd

mtd =

edge embedding derived from the relative time difference
At between s and d. The attention coefficients ., , are
then used to weight the incoming messages received by each
node during the aggregation: for each destination node d, we
aggregate the incoming messages from its incoming temporal
neighbors, NV;(d), by performing a weighted sum of the source
node embedding. Similarly, we model spatial dependencies by
assigning attention coefficients to spatial edges between nodes
representing different time series at the same timestep. For
each spatial edge se(s,d) we compute:

Oee,, = MLP(hy, hy) 3)
ms, = Z s € Ni(d)ae, , - hs 4)

Where hg and hg are the embeddings of the source and
destination nodes, respectively. Rather than updating the node
embedding separately with the spatial and temporal messages,
ms, and my,, respectively, we first merge these messages
in mg,, and update the node embedding using an update
function h!, = update(hq,ms,). Finally, after T' iterations,
we use the hidden states of the nodes from the final timestep
in the sliding window (i.e., t = W — 1) to produce the
forecasting output for each time series at the next timestep
using a readout function Y}V = readout(hl;).

III. EVALUATION
A. Experimental Setup

1) Datasets: we evaluate TSGFM using five publicly
available datasets spanning various domains, including two
datasets from the energy sector [7], [8], a stock-market finance
dataset [9] and two datasets from both fixed-line [10] and
mobile networks [11]. Table I reports the datasets used in
the evaluations. To assess the zero-shot performance and
robustness of TSGFM to adapt to new domains, we generate
all possible permutations of the datasets using a 4-to-1 split,
where four datasets are used for training and one for testing
in each permutation. Table II describes the five permutations.
The training datasets are further split into 90/10 for train-
ing/validation. We apply min-max to normalize the data.

2) Baseline models: we conduct a comprehensive compar-
ison of TSGFM with a range of representative and state-of-
the-art methods to evaluate its performance in MTS forecast-
ing. The baseline models include simpler and more complex



TABLE II: Dataset permutations used for training and testing.

TABLE IV: Dataset permutations used for training and testing
(network scenarios).

Permutation | Training Testing

A Exchange, Abilene, TELCO, ETThl Spain Permutation Training Testing

B TELCO, Exchange, Spain, ETThI Abilene NET-A Exchange, Spain, ETTh1 TELCO

C Exchange, Spain, Abilene, ETTh1 TELCO NET-B Exchange, Spain, ETTh1 Abilene

D Spain, Abilene, TELCO, ETThl Exchange

E Exchange, Spain, Abilene, TELCO _ | ETThI TABLE V: Testing performance of forecasting models on

) network dataset permutations.
TABLE III: Zero-shot forecasting performance on all five
i Perm.
dataset permutations. M NET-A NET-B Ave.
Model
— Perm. A B c D E Avg. MAE RMSE MAE RMSE|MAE RMSE
odae
MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE [MAE RMSE RNN 1135 1.027 1.686 1.029 1.629 1.029

RNN 123 113 162 104 099 1.00 125 129 097 094 | 152 105 FreTS 1.096 1.003 1.185 1.016 |1.176 1.015
FreTS 091 086 125 101 111 101 075 0.86 099 096 |1.20 1.00 BasicSTGNN [1.474 1.103 3.307 1.293 [3.117 1.273
BasicSTGNN| 132 1.08 216 112 1.02 099 175 157 098 095 |1.96 111 FourietGNN |1.673 1.860 4.832 5.013 |4.505 4.687
FouriertGNN [ 1.03 096 329 282 098 098 075 086 100 098 |283 245
GAT-AD 098 0.82 132 122 140 117 475 529 200 212 |134 122 GAT-AD 1654 1243 2353 1286|2281 1282
TSGFM 100 100 100 1.00 100 100 100 100 100 100 |1.00 100 TSGFM 1.000 1.000 1.000 1.000 |1.000 1.000

architectures to study how different complexities and design
decisions influence the final results.

We compare against basic spatiotemporal architectures, such
as a simple spatiotemporal GNN. This model initializes the
hidden state of each node using a RNN, which encodes a
sliding window of length W, and updates the node states itera-
tively through message passing. We also evaluate against GAT-
AD [12], a Graph Attention Network (GAT)-based model that
incorporates dynamic attention mechanisms to capture spa-
tiotemporal dependencies. We also include FourierGNN [13],
a GNN-based architecture that combines frequency domain
transformations to efficiently capture spatial and temporal
relationships. For non-graph baselines, we include RNNs,
which are well-suited for processing sequential data. Finally,
we compare with FreTS [14], which leverages frequency-
domain transformations and simple MLP architectures.

3) Experimental settings: all models use the same training,
validation and testing datasets, the same split sizes, and the
same data normalization strategy. Specifically, we use z-
score normalization in all datasets, and we use the mean and
standard deviations from each dataset to normalize its data
samples. Since we are working in a foundation scenario, where
the models are supposed to be trained with vast amounts of
data, we cannot assume a training dataset distribution. For
this reason, we also normalize the testing samples with the
distribution of the testing data set. In all executions, we use
a fixed seed s = 42 for the sake of reproducibility. All the
models are trained using the Mean Absolute Error (MAE) loss
function, a learning rate of n = 0.001, and we set 7' = 1 for
TSGFM. We set up early stopping with a patience of 4 epochs
based on the training loss.

B. TSGFM vs. Baselines

Table III shows the testing performance obtained by TS-
GFM and the baseline models for each permutation scenario,
in terms of MAE and RMSE. All metrics are normalized with
respect to TSGFM, allowing for a direct comparison. The

final column reports the average performance of each model,
weighted by the number of samples of each dataset.

TSGFM consistently outperforms all competing models
when considering the overall weighted performance. Although
FourierGNN achieves competitive results in several permuta-
tions, its poor performance on the Abilene networking dataset
— used in permutation B and the largest dataset in the evalu-
ation — significantly impacts its overall average performance,
making it the worst-performing model in aggregate. Across
permutations A, C, and E, TSGFM and FourierGNN demon-
strate nearly identical performance, indicating that our model
is equally effective at capturing spatiotemporal dependencies.
However, in permutation B, TSGFM clearly outperforms
FourierGNN, highlighting its robustness on larger and more
complex datasets. While FourierGNN performs well in some
cases, its severe underperformance on the Abilene dataset
highlights its lack of robustness.

To further investigate the feasibility of applying foundation
models trained on non-network data to the networking domain,
we introduce two new evaluation permutations: NET-A and
NET-B, as detailed in Table IV. These permutations are
specifically designed to evaluate the extent to which learned
temporal and structural patterns from non-network datasets can
be effectively transferred to network-specific scenarios. The
goal is to assess how well TSGFM generalizes to network
monitoring tasks without direct exposure to network traffic
data during pre-training. Table V reports the performance
results on the testing datasets for NET-A and NET-B. Results
show that TSGFM consistently outperforms all baseline mod-
els across both scenarios, by at least 18% when compared
to FreTS, but largely outperforming all the other baselines.
TSGFM demonstrates its superior ability to capture mean-
ingful correlations and extract relevant features from diverse
data sources. This strong performance suggests that TSGFM
effectively transfers learned knowledge from non-network data
to network-specific forecasting tasks, reinforcing its potential
for network monitoring applications.
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