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Abstract—We present TSGFM, a Time Series Graph Foun-
dation Model for zero-shot network monitoring, leveraging
spatiotemporal Graph Neural Networks (GNNs) to extract
transferable representations across diverse multivariate time
series (MTS) domains. Pretrained on heterogeneous time series
datasets, TSGFM enables generalization without task-specific
fine-tuning, addressing core challenges in dynamic network
environments. TSGFM is benchmarked across five real-world
MTS datasets and seven zero-shot forecasting scenarios, outper-
forming five state-of-the-art baselines in six out of seven tasks.
Most notably, in zero-shot network monitoring analysis, TSGFM
surpasses all competing models by at least 18%, even without
any prior exposure to network monitoring data. We further
compare TSGFM against leading Time Series Foundation Models
(TSFMs), including TimeGPT and TimesFM. TSGFM achieves
performance on par with TimeGPT, occasionally surpassing it,
and consistently outperforms TimesFM, while using significantly
less pretraining data and relying on a much simpler architecture.

A detailed analysis of TSGFM’s learned spatial attention
patterns reveals domain-specific connectivity structures. In par-
ticular, lower attention weights in network monitoring tasks
suggest that dense spatial graphs may be unnecessary, opening
opportunities for efficient spatial pruning without sacrificing
accuracy. This challenges prevailing assumptions favoring fully
connected spatiotemporal GNNs. To foster transparency and re-
producibility, we release the complete implementation of TSGFM
as open source, as well as the tested datasets.

Index Terms—Graph Neural Networks; Multivariate Time
Series; Time Series Foundation Models

I. INTRODUCTION

Modern network infrastructures — spanning cloud-native
systems, edge computing, and IoT ecosystems — require in-
telligent monitoring mechanisms to ensure reliability, perfor-
mance, and security. A core enabler of such mechanisms is
multivariate time series (MTS) analysis, which captures rich,
temporally-evolving signals essential for diagnosing anoma-
lies, forecasting behavior, and informing operational deci-
sions [1], [2], [3]. However, detecting anomalies and forecast-
ing future patterns in network settings remains challenging
due to the high dimensionality of network measurement data,
non-stationary traffic patterns, and the limited availability of
ground-truth data [4].

Traditional forecasting models for MTS data often struggle
to generalize across diverse network environments, requiring
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significant retraining and domain-specific adaptations. This
makes MTS forecasting particularly challenging, as it requires
models capable of capturing complex temporal patterns while
maintaining computational efficiency. While traditional sta-
tistical models for time series forecasting have been widely
explored, they often fall short when applied to the non-
stationary, non-linear, and noisy nature of network monitoring
data, resulting in suboptimal predictions. As a result, modern
deep learning approaches have gained traction in recent years
due to their ability to handle complex dependencies and gener-
ate more accurate, realistic forecasts [4]. Still, most models in
the literature frequently require dataset-specific training, which
is both resource-intensive and time-consuming.

To address these challenges, we explore zero-shot learning
— a strategy that empowers models to generalize to unseen
network scenarios without retraining. Recent breakthroughs in
foundation models have demonstrated how broad pretraining
on diverse data can enable such generalization [5]. While this
paradigm has reshaped natural language and vision domains,
it remains largely untapped for network monitoring.

In this work, we take a step in that direction by proposing
TSGFM, a spatiotemporal GNN architecture pretrained on
diverse MTS datasets to support zero-shot forecasting in
network environments. Rather than claiming full foundation
model capabilities, we position TSGFM as an early-stage
effort toward that vision, demonstrating that cross-domain
pretraining can enable significant improvements in network
telemetry analysis, even in zero-shot conditions. TSGFM cap-
tures complex relationships by modeling inter-dependencies
among different time series (i.e., spatial correlations) and
internal temporal dynamics within each time series (i.e., tem-
poral 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 an extensive evaluation using five publicly avail-
able datasets spanning multiple diverse domains. We compare
TSGFM with a broad selection of state-of-the-art deep learning
models, including more traditional neural architectures as well
as advanced graph-based architectures. We perform zero-shot
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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.

In addition, we benchmark TSGFM against recently pro-
posed Time Series Foundation Models (TSFMs), including
TimeGPT [6] and TimesFM [7], which have shown strong
performance in a wide range of forecasting tasks. Despite
the lightweight nature of TSGFM, it achieves competitive
results with TimeGPT and consistently outperforms TimesFM
across network monitoring datasets. TSGFM delivers this per-
formance while requiring orders of magnitude less pretraining
data and avoiding the complexity of large-scale architectures;
in fact, TSGFM operates with approximately 220K parame-
ters, making it around three orders of magnitude smaller than
TimesFM, TimeGPT, and other TSFM models. This makes
TSGFM substantially more efficient and deployable in prac-
tical settings. Unlike TSFMs, which often demand extensive
computational infrastructure for both training and inference,
TSGFM offers a scalable and resource-friendly alternative —
particularly advantageous for real-time network monitoring
scenarios where computational efficiency is critical.

This paper elaborates on our initial design of TSGFM
[8] (poster), where we introduced the concept of a graph
foundation model for time series analysis and provided pre-
liminary zero-shot evaluation results across multiple domains.
Different from [8], here we extend the evaluation with deeper
experimental analyses, benchmarking TSGFM not only against
traditional AI/ML and GNN baselines but also against re-
cent TSFMs. In addition, we conduct an in-depth study of
TSGFM’s learned spatial and temporal attention patterns,
showing that dense spatial graphs are often unnecessary and
that pruning can be applied without loss of accuracy.

The remainder of the paper is organized as follows: Sec-
tion II reviews the related work. Section III describes the main
concepts and architecture of TSGFM. Section IV reports the
results from our extensive evaluation and delves into potential
refinements to the model, based on an analysis of its self-
attention mechanism. Section V presents concluding remarks.

II. RELATED WORK

Foundation models are models pretrained with large
amounts of data, which allows them to learn a wide range
of distributions and to be used for inference in different,
unseen scenarios. This capability makes them specially suited
for scenarios in which few data samples are available for
training, or when limited computational resources are available
to train these models from scratch. There is a recent surge
in papers targeting the development of foundation models for
time series data [9], capable of generating accurate predictions
for diverse datasets not seen during training. The underlying
concept of these models is to rely on highly expressive, large-
scale architectures that are trained on millions or billions of
time series data points, coming from very diverse domains

and having high heterogeneity in terms of temporal behaviors
and characteristics. TimeGPT [6], PromptCast [10], LLMTime
[11], TimesFM [7], Lag-Llama [12], and FAE [13] are all
examples of novel foundation models for time series forecast-
ing, which target a zero-shot learning application. The main
limitation of foundation models for time series forecasting,
particularly in the context of network monitoring, lies in
their underlying hardware requirements. Due to their extensive
pretraining and large-scale architectures, these models often
demand significant computational resources, including high-
memory GPUs and large-scale distributed systems, making
them impractical for deployment in resource-constrained en-
vironments.

AI/ML models have been extensively applied to MTS fore-
casting, with Recurrent Neural Networks (RNNs) standing out
for their ability to model temporal dependencies. For example,
the authors of [14] use RNNs to forecast weather temperatures
and validate their approach on an hourly weather dataset
from five Chinese cities. However, RNNs face well-known
limitations such as vanishing and exploding gradients, which
hinder their performance on long sequences [15]. To mitigate
these issues, more advanced variants like Gated Recurrent
Units (GRUs) have been proposed. In [16], a GRU-based
architecture is used to handle MTS forecasting in the presence
of missing values, showing improved robustness.

More recently, Transformer architectures have gained trac-
tion for time series modeling due to their ability to capture
long-range dependencies through self-attention mechanisms.
For instance, [17] introduces a transformer-based model that
encodes the value of each time series at each timestamp as
individual tokens, enabling the model to learn spatial and tem-
poral correlations jointly, without requiring an explicit graph
structure. While this approach provides modeling flexibility,
it suffers from a major drawback: quadratic memory and
computation costs with respect to the number of time series,
making it impractical for large-scale telemetry datasets.

MTS data can naturally be represented as a graph, making
Graph Neural Networks (GNNs) a compelling choice for
modeling such data [18]. While temporal dependencies are
typically the dominant factor in forecasting tasks, spatial
relationships — such as correlations between different sensors
or metrics — can also carry valuable predictive signals. In
an MTS graph representation, each time series is modeled
as a node, and edges encode potential dependencies between
them. This structure enables GNNs to jointly learn from
both the temporal evolution of individual signals and their
interdependencies. Moreover, incorporating attention mech-
anisms further enhances GNNs by allowing the model to
dynamically weigh edge strengths, leading to more flexible and
accurate spatiotemporal modeling. In [19], the authors propose
a MTS forecasting model that considers intra and inter time
series correlations, represented by node-to-node dependencies
in a fully connected space-time graph, similar to [17]. To
address computational complexity, they introduce the Fourier
Graph Operator, which reduces dimensionality in the Fourier
space while preserving graph information. They compare their
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Fig. 1: TSGFM - Time Series Graph Foundation Model’s architecture and workflow for MTS forecasting. Sliding windowing
for context, node embeddings for time series, spatial and temporal attention, spatiotemporal merge, and readout stages.
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Fig. 2: TSGFM’s spatiotemporal graph representation.

proposal against baseline models representative of the state-of-
the-art using seven datasets containing different types of data
(including transport traffic, energy, web traffic) and prove that
their proposed method outperforms the baselines.

III. 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 step
toward a foundation model — designed to capture complex
dependencies across multiple datasets through pretraining and
generalization. TSGFM leverages graph-based representations
to encode both spatial and temporal correlations between time
series. Figure 1 shows an overview TSGFM’s architecture and
workflow for MTS forecasting. Sliding windowing for context,
node embeddings for time series, spatial and temporal atten-
tion, spatiotemporal merge, and readout stages are described
next.

A. Spatiotemporal Graph Data Representation

Our representation is designed to flexibly capture spatial and
temporal dependencies without relying on prior assumptions.
We represent each time series as a node within a graph,
enabling the model to exploit potential relationships between
time series in the same dataset. We opted for fully-connected
graphs so that the GNN can discover spatial correlations
automatically, with the spatial attention mechanism assigning
dynamic weights to each pair of nodes. This avoids imposing
a fixed topology and allows the model to focus on the most
relevant dependencies.

When handling multiple datasets, we generate N fully-
connected graphs for each time interval ¢. To capture temporal
correlations, we introduce temporal edges that connect each
node n at timestep ¢ to itself at future timesteps ¢, where
' = t+Atand At € 1,2, .... These edges of the form (n!, n'')
allow the model to learn how a past observation influences
future states in the same time series. Inspired by [20], we
add a feature At to every temporal edge, representing the
relative temporal distance between the two nodes. This design
leverages temporal attention to highlight which past timesteps
are most relevant for predicting future dynamics, effectively
modeling the temporal evolution of each series. An overview
of this representation is shown in Figure 2.

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
are 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 Qge, 4
computed as:

MLP(hS7htesyd7hd) (1)
> s € Nild)ae, , - hy @

ates,d =

mtd
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TABLE I: Overview of the five publicly available datasets
employed to evaluate TSGFM.

TABLE II: Dataset permutations used for training and testing.

where h; and hy are the embeddings of the source and
destination nodes, respectively, and hy., , is the temporal
edge embedding derived from the relative time difference
At between s and d. The attention coefficients e, , 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 ses ¢ we compute:

ases,d = MLP(hsahd) (3)
ms, = Y 5€N(d)e,, hs (4)

Where hs and hy 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 b/, = 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 YV = readout(h’;)). In total, the model
has 220K trainable parameters, with the largest share in the
GRU-based update (~99K), followed by the spatial (~33K)
and temporal (~37K) attention modules, while the embeddings
and readout MLP remain comparatively lightweight.

1V. EVALUATION

In this section, we assess and benchmark the performance
of TSGFM as a foundation model for MTS forecasting
across different domains, further studying its internal workings
through the analysis of its attention mechanisms. To foster
transparency and reproducibility, we release the complete
implementation of TSGFM as open source, as well as all the
tested datasets presented in this section (https://github.com/
BNN-UPC/Papers/wiki/TSGFM).

Permutation Training Testing
Dataset Description # TS| # samples A Exchange, Abilene, TELCO, ETThl Spain
Spain Eleptrical consumption, generation', 20 35K (hourly) B TELCO, Exchange, Spain, ETTh1 Abilene
pricing, and weather data from Spain C Exchange, Spain, Abilene, ETTh1 TELCO
Operational data from two electricity D Spain, Abilene, TELCO, ETThl Exchange
ETThl | substations, including transformer oil | 7 17.5K (hourly) E Exchange, Spain, Abilene, TELCO ETThl
levels and temperature readings
Exchnge | D extinge ot £ e e | 5| iy
Different time series with a A. Experimental Setup
TELCO | five-minute granularity, representing | 12 61K (57 1) Datasets: we evaluate TSGFM on five publicly avail-
typical data monitored in a mobile . R
ISP able datasets from diverse domains: two from the energy
Abilene Traffic matrix data collected from 13 48K () sector [21], [22], one from stock-market ﬁnanc.e [23], a}nd tV\{O
the Abilene backbone network from networking [24], [25]. Table I summarizes their main

characteristics. The datasets differ widely in the number of
series, sample size, and frequency. Both networking datasets
span about six months at 5-minute resolution: Abilene contains
nearly 48,000 traffic matrices with 132 Origin-Destination
flows derived from NetFlow and routing data, reported in units
of 100 bytes/5 minutes and showing clear diurnal and weekly
patterns; TELCO comprises twelve ISP time series covering
data usage, calls, and SMS, capturing realistic seasonal and
operational behaviors. In contrast, Exchange contains eight
daily financial time series spanning several decades, and the
energy datasets include between two and four years of multiple
hourly time series. This diversity in scale, frequency, and
domain makes the benchmark a rigorous test of TSGFM’s
generalization capabilities.

To evaluate 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% for training and
10% for validation.

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

First, we compare against basic spatiotemporal architec-
tures, 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 iteratively through message passing with their neighbors.

We also evaluate against GAT-AD [26], a Graph Attention
Network (GAT)-based model that incorporates dynamic at-
tention mechanisms to capture spatiotemporal dependencies.
Furthermore, we include FourierGNN [19], 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. These models main-
tain a hidden state that captures temporal correlations across
timesteps, making them ideal for modeling temporal data. In
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TABLE III: Zero-shot forecasting performance on all five
dataset permutations.

Perm.

A B C D E Avg.
Model
MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE|MAE RMSE
RNN 123 1.13 1.62 104 099 100 125 129 097 094 | 152 1.05
FreTS 091 086 125 101 1.11 1.01 075 086 099 096 120 1.00

BasicSTGNN| 1.32  1.08 2.16 1.12 1.02 099 175 157 098 095|196 1.11
FourierGNN | 1.03 096 329 282 098 098 0.75 086 100 098 |283 245
GAT-AD 098 082 132 122 140 1.17 475 529 200 212 (134 122
TSGFM 1.00 1.00 1.00 1.00 100 1.00 100 1.00 1.00 1.00 |1.00 1.00

our case, RNNs process sliding window sequences of size W,
where each sequence consists of W consecutive samples of
each time series. Furthermore, we compare with FreTS [27],
which leverages frequency-domain transformations and sim-
ple MLP architectures, demonstrating that lower-complexity
models can also be effective for MTS forecasting.

The selection of baselines ensures a comprehensive evalua-
tion of TSGFM against a variety of architectures, ranging from
classical models to modern frequency-enhanced and graph-
based approaches.

3) TSFM benchmark: to comprehensively evaluate TS-
GFM'’s zero-shot forecasting capabilities, we benchmark it
against recently proposed TSFMs, which are specifically
designed for generalization across datasets without retrain-
ing. We include two prominent TSFMs in our evaluation:
TimeGPT [6] is the first foundation model explicitly developed
for time series forecasting. It is based on a customized en-
coder—decoder Transformer architecture trained from scratch
on over 100 billion time points spanning diverse domains
such as finance, healthcare, meteorology, and energy. Un-
like models adapted from large language models (LLMs),
TimeGPT is purpose-built to minimize forecasting error. Its
strength lies in its ability to generalize to unseen datasets
through zero-shot inference. TimesFM [7] adopts a decoder-
only Transformer architecture inspired by LLMs, but is trained
exclusively on a mix of real-world and synthetic time series
data. Key architectural innovations include input patching
(analogous to tokenization), patch masking for robust training,
and output chunking to enable efficient long-horizon forecast-
ing. TimesFM has demonstrated strong zero-shot performance
across several benchmarks [7], but generally benefiting from
fine-tuning when tested in new data.

4) Experimental settings: all models use the same training,
validation, and testing datasets, the same split sizes, and the
same data normalization strategy. Specifically, we apply min-
max normalization to each dataset, scaling values to [0, 1]
using the minimum and maximum computed on the training
split of that dataset. In all executions, we use a fixed seed
s = 42 for the sake of reproducibility. All the experiments
are conducted in Python using Pytorch 2.4 and a single
NVIDIA RTX 3090 GPU. All the models are trained using
the Mean Absolute Error (MAE) loss function, a learning rate
of n = 0.001, and we set T' = 1 for TSGFM. We set up early
stopping with a patience of 4 based on the training loss (i.e.,
the training stops after 4 epochs with no improvement).
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Fig. 3: TSGFM predictions and ground truth values for two
testing time series in scenario C (TELCO).

In terms of context duration, we use a fixed context length
of W = 32, which defines the size of the input sliding
window. For the networking datasets, where measurements are
recorded at 5-minute intervals, this corresponds to a historical
window of 2 hours and 30 minutes. This choice strikes a
balance between capturing sufficient temporal dynamics and
maintaining computational efficiency, and is consistent across
all models to ensure a fair comparison.

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 and time series of each
dataset (i.e., by the number of single-value forecasts).

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 slightly outperforms
TSGFM in permutation D, the overall results suggest that
TSGFM offers a more consistent and reliable performance,
achieving a good forecasting accuracy without the added
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TABLE IV: Dataset permutations used for training and testing
(network scenarios).

Permutation Training Testing
NET-A Exchange, Spain, ETThl TELCO
NET-B Exchange, Spain, ETTh1 Abilene

TABLE V: Testing performance of forecasting models on
network dataset permutations.

Perm.
NET-A NET-B Avg.

Model

MAE RMSE MAE RMSE|MAE RMSE
RNN 1.14 1.03 1.69 1.03 |1.63 1.03
FreTS 1.10 1.00 1.19 1.02 | 1.18 1.02
BasicSTGNN| 1.47 1.10 3.31 1.29 (3.117 1.27
FourierGNN | 1.67 1.86 4.83 5.01 |4.51 4.69
GAT-AD 1.65 124 235 129 [228 1.28
TSGFM 1.00 1.00 1.00 1.00 | 1.00 1.00

complexity of a hyper-graph representation. More generally,
a model’s effectiveness should be evaluated based on its
consistency across diverse setups, rather than just its peak
performance in select scenarios. While FourierGNN performs
well in some cases, its severe underperformance on the
Abilene dataset highlights its lack of robustness. A model
that excels in certain conditions but fails drastically in others
cannot be considered reliable, as its effectiveness is highly
dependent on the specific dataset or setup. For completeness,
Figure 3 provides a visual comparison of the predicted and
actual values for two time series from the TELCO dataset
— mobile networks’ MTS data — in scenario C, as generated
by TSGFM. Predictions highlight TSGFM’s ability to capture
temporal patterns, showcasing how closely the model fore-
casting aligns with real-world network behavior with different
temporal patterns in this case.

To further investigate the feasibility of applying zero-shot
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
adapted from B and C (cf. Table II), but are specifically
designed to evaluate the extent to which learned temporal and
structural patterns from non-network datasets can be effec-
tively 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
pretraining, putting the emphasis on the general lack of labeled
data in the networking domain.

Table V reports the results on the two new permutations.
TSGFM consistently outperforms all baselines by at least 18%
compared to FreTS and by larger margins over the rest, high-
lighting its ability to extract correlations and transfer knowl-
edge from diverse data sources to networking scenarios. This
strong performance stems from two factors: (4) its capacity to
transfer temporal and structural patterns from heterogeneous
pretraining datasets, and (74) its attention-based GNN design,
which is well-suited to the non-stationary, bursty nature of

TABLE VI: Testing performance of TSGFM and TSFMs on
network dataset permutations.

Perm.

NET-A NET-B Avg.

Model
MAE RMSE MAE RMSE |[MAE RMSE
TimeGPT - GW|2.57 1.83 1.67 1.64 | 1.76 1.66

TimeGPT - SW | 1.19 1.07 0.90 0.90 |0.93 0.92
TimesFM - SW | 632 399 234 226 |2.73 243
TSGFM 1.00 1.00 1.00 1.00 |1.00 1.00
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Fig. 4: TSGFM predictions and actual time series for three
samples in the NET-B (Abilene) testing dataset.

network traffic. Together, these characteristics enable TSGFM
to generalize effectively to network-specific forecasting tasks,
reinforcing its potential as a robust and adaptable model for
network monitoring. For completeness, Figure 4 illustrates
three time series from NET-B (Abilene) along with TSGFM’s
predictions.

C. TSGFM vs. Time Series Foundation Models

Despite their sophistication and large-scale pretraining,
TSGFM achieves competitive results against TimeGPT and
consistently outperforms TimesFM in network monitoring.
Table VI summarizes performance on the network-specific
permutations NET-A and NET-B, with values normalized to
TSGFM for direct comparison. We evaluate the baselines on
all datasets, while TSFMs were restricted to TELCO and
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Abilene to assess their zero-shot capabilities in networking
scenarios.

TimeGPT is tested under two different input strategies:
growing window (GW), where the input window grows from
the beginning of the time series until each prediction point, and
sliding window (SW), where a fixed context length of W = 32
is used, identical to TSGFM and the other baselines. The
GW configuration represents the standard usage of TimeGPT,
where the model leverages an increasingly long historical
context to generate each forecast. This setting aligns with
the original design of TimeGPT, which assumes that more
context leads to better predictive performance. However, our
results reveal an interesting deviation from this expectation:
the SW version of TimeGPT, with a fixed context length,
consistently outperforms the default growing window setup
across all metrics. This observation suggests that, for network
monitoring tasks, longer historical windows do not necessarily
translate into better performance. On the contrary, shorter,
more recent contexts appear to be more informative for cap-
turing the underlying dynamics of network traffic, which often
exhibits short-term correlations and dynamic changes.

The sliding window version of TimeGPT achieves slightly
better average performance than TSGFM (7% lower MAE
and 8% lower RMSE on average), with robust results on
NET-B. However, the gap is small and within the variability
margin commonly observed in zero-shot settings. Notably,
this marginal improvement comes at the cost of significantly
higher model complexity and massive pretraining on over 100
billion timepoints. TimesFM, on the other hand, performs
consistently worse than both TimeGPT and TSGFM across all
metrics, with average errors more than 2.4x larger than those
of TSGFM. The most likely explanation for this performance
gap lies in the model’s inherent design: although TimesFM
is a foundation model capable of zero-shot forecasting, the
authors explicitly demonstrate that it benefits significantly
from fine-tuning on downstream tasks. In its out-of-the-box
form, without additional adaptation, TimesFM struggles to
generalize effectively to the network monitoring domain. This
highlights a critical limitation of certain TSFMs — namely,
that zero-shot capabilities do not always guarantee robust
performance in specialized or high-variability settings unless
accompanied by domain-specific adaptation.

Finally, it is important to emphasize the scale discrepancy
among the models. TSGFM operates with only 220K parame-
ters, compared to the 500M+ parameters of TimesFM and the
undisclosed but comparably large size of TimeGPT — in the
same order of magnitude as TimesFM. This makes TSGFM
approximately three orders of magnitude smaller than current
TSFMs, while achieving similar or better forecasting accuracy
in network-related tasks. This compact design enables low-
latency inference and makes TSGFM viable for deployment
in resource-constrained environments — a significant advantage
in real-world network monitoring applications, where memory
and computation budgets are often limited.

Frequency
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Fig. 5: Histograms of spatial attention coefficients for the
testing datasets in permutations A, B, and C using TSGFM.

D. Analysis of the Self-Attention Mechanism

The analysis of the attention coefficients generated by
the spatial attention mechanisms in TSGFM offers valuable
insights into the importance — and potential redundancy — of
fully connected spatial relationships. Figures 5a, 5b, and 5Sc
show histograms of the spatial attention coefficients (referred
to as alphas, cf. Section III-B) obtained during testing for
permutations A, B, and C. In permutations A and C, the
distributions exhibit a distinctly bimodal pattern, with attention
values clustering near 0 and 1, suggesting that the model relies
on a small set of key neighbors while disregarding the rest.
This implies that the fully connected graph could be pruned
to retain only the most relevant edges, simplifying the model
without sacrificing accuracy.

In contrast, the spatial attention distribution in permutation
B resembles a right-skewed distribution with no dominant
attention peaks. The majority of coefficients lie below 0.1,
indicating a broader spread of weakly influential neighbors.
This suggests that, in this particular scenario, spatial depen-
dencies are more diffuse and less informative, and no specific
set of neighbors clearly dominates the spatial message passing.
Overall, the variability in spatial attention patterns across
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Fig. 6: Spatial and temporal attention coefficient distributions
generated by TSGFM on the NET-B testing dataset.

datasets underscores a critical observation: a full-mesh spatial
attention mechanism is not always necessary. In many cases, a
sparser, more structured adjacency scheme may be sufficient,
or even preferable, as it reduces computational complexity and
memory usage without degrading performance.

We further examine this behavior in the NET-B permutation,
based on network monitoring data. Figure 6a presents the spa-
tial attention coefficients assigned by TSGFM during testing,
while Figure 6b shows the corresponding temporal attention
distribution. As previously observed in Figure 5b, the spatial
attention values in NET-B remain relatively low, with only
a few coefficients exceeding 0.16. This reinforces the notion
that only a small subset of spatial neighbors meaningfully
contribute to node updates. Notably, NET-B (Abilene) contains
the largest number of time series among all datasets, and thus
the densest spatial graph. Yet even here, the model effec-
tively relies on a reduced number of meaningful connections,
highlighting the potential to replace the full-mesh structure
with a sparser graph, leading to reduced dimensionality and
computational load.

Similarly, the histogram of temporal attention coefficients in
Figure 6b reveals that most temporal edges are assigned low
attention weights. This indicates that many past time steps con-
tribute minimally to the final prediction, and could potentially
be omitted without significant performance degradation. These
findings suggest that both spatial and temporal dimensions
contain redundant connections that can be safely pruned,
opening the door to more efficient and scalable variants of
TSGFM.

TABLE VII: Testing performance of TSGFM under different
spatial pruning levels (permutation NET-B, Abilene dataset).

Model MAE RMSE
TSGFM (K = 0.2) 1.11 1.00
TSGFM (K = 0.4) 1.04 1.00
TSGFM (K = 0.6) 0.92 0.99
TSGFM (K = 0.8) 0.99 1.00

TSGFM (no pruning) 1.00 1.00

A — TSGFM

=== TSGFM K=0.2

—- TSGFM K=0.4
TSGFM K=0.6
TSGFM K=0.8

0.2 0.4 0.6 0.8 1.0
Attention

Fig. 7: CDF of spatial attention coefficients for TSGFM in the
NET-B testing dataset.

E. Ablation Study: TSGFM Spatial Pruning

Based on the analysis in Section IV-D, where we observed
that a significant number of spatial edges may be redundant,
we now perform an ablation study to quantify the impact of
systematically pruning these edges on forecasting accuracy.
Specifically, we explore a spatial edge pruning strategy aimed
at reducing computational overhead while preserving predic-
tive performance. The pruning approach is based on computing
pairwise Euclidean distances between the hidden states of
source and destination nodes in each spatial graph, retaining
only the top K nearest neighbors for message passing. Here,
K represents a fraction of the total number of spatial edges,
and we vary this parameter to assess how different pruning
levels affect model performance.

To evaluate the effectiveness of this edge pruning strategy,
we tested TSGFM under varying pruning levels with K €
[0.2,0.4,0.6,0.8]. Table VII summarizes the results for the
NET-B scenario. The findings reveal that a substantial portion
of the spatial edges — up to 40% — can be removed without
a noticeable degradation in forecasting performance, high-
lighting the redundancy in densely connected spatial graphs.
Beyond that limit, pruning starts impacting performance, sug-
gesting that relevant information is being removed.

Figure 7 shows the cumulative distribution function (CDF)
of the spatial attention coefficients in the NET-B scenario
for TSGFM under different pruning levels. The curves shift
progressively to the right as the pruning becomes more ag-
gressive (i.e., as K decreases). This skew indicates that fewer
spatial edges receive near-zero attention values, meaning that
the model has fewer irrelevant spatial edges it can choose to
ignore. Despite this, Table VII shows that the model main-
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tains competitive forecasting performance even under high
pruning levels such as K = 0.2. This suggests that a large
number of spatial edges in the fully connected graph are not
essential for accurate forecasting, as long as the model has a
mechanism that can effectively prioritize the most important
spatial adjacencies among the reduced set of available ones.
Notably, the pruning strategy used is fully independent of
the attention mechanism itself — based solely on pairwise
Euclidean distances between node embeddings — ensuring that
the evaluation is unbiased and does not artificially favor the
attention patterns learned by the model.

V. CONCLUSIONS AND FUTURE WORK

We introduced TSGFM, a GNN-based model for zero-
shot multivariate time series forecasting. Its performance was
evaluated across five publicly available datasets spanning fi-
nance, energy, and network monitoring, and compared against
a diverse set of baselines, including MLPs, RNNs, and GNNs.
Results show that TSGFM consistently matches or outper-
forms all baselines across multiple evaluation permutations.
Notably, it achieves the best average performance overall and
remains competitive with the strongest baseline, FourierGNN,
while being significantly more stable on larger datasets such
as Abilene. To assess network generalization, we introduced
two network-specific scenarios, training only on non-network
data. In both cases, TSGFM clearly outperforms all baselines,
demonstrating strong transferability to network monitoring.

We also benchmarked TSGFM against two leading Time
Series Foundation Models: TimeGPT and TimesFM. Despite
being orders of magnitude smaller, TSGFM achieves per-
formance on par with TimeGPT and clearly outperforms
TimesFM, at least when no fine-tuning is considered — i.e., a
pure zero-shot setting. These results demonstrate that massive
pretraining and large-scale architectures are not strictly neces-
sary for strong zero-shot forecasting, particularly in specialized
domains like network monitoring.

Our analysis of spatial and temporal attention patterns
further reveals that many graph edges contribute minimally to
prediction performance. This motivates future work on adap-
tive graph construction, where edges are learned dynamically
rather than fixed a priori. We plan to explore trainable edge
mechanisms [28] that reduce redundancy, improve efficiency,
and tailor the graph topology to each dataset’s structure.

While this work provides strong initial evidence of TS-
GFM’s versatility and robustness, future efforts will expand
the evaluation to additional datasets, include more baselines,
and investigate its deployment in real-world systems.
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