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Abstract

In this paper, we propose a novel framework that leverages
Large Language Models (LLMs) for predicting missing val-
ues in time-varying graph signals by exploiting spatial and
temporal smoothness. We leverage the power of LLM to
achieve a message-passing scheme. For each missing node,
its neighbors and previous estimates are fed into and pro-
cessed by LLM to infer the missing observations. Tested on
the task of the online prediction of wind-speed graph signals,
our model outperforms online graph filtering algorithms in
terms of accuracy, demonstrating the potential of LLMs in
effectively addressing partially observed signals in graphs.

Introduction

The application of Large Language Models (LLMs) in graph
machine learning tasks has increasingly gained research at-
tention. For example, traditional graph tasks such as sub-
structure counting and finding the shortest path can be
achieved by LLM (Chai et al. 2023; Wang et al. 2024). There
are many applications of graph learning, such as forecast-
ing weather recordings, predicting market crises in financial
data, and identification of autism patients (Yan, Kuruoglu,
and Altinkaya 2022; Qin and Kuruoglu 2024; Qin, Chen,
and Kuruoglu 2024). However, these tasks often are time-
varying multi-variate numeric signals containing missing
values, which is different from the language sequences com-
monly seen in LLM-related tasks. In our work, we developed
an online framework that leverages LLMs to predict missing
values in time-varying graph data. By online framework, we
mean that this framework operates in real-time, making pre-
dictions as new observations arrive, exploiting both spatial
and temporal smoothness in the time-varying graph signal.
The LLM model aggregates signals from neighboring nodes
and prior time steps, outperforming traditional methods in
accuracy.

Methodology

The proposed framework leverages the smoothness assump-
tion in Graph Signal Processing (GSP) on an online (real-
time) time-varying regression task. For a graph G with N
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nodes, we assume that the time-varying graph signals nodes
x[t] exhibits smoothness over time and space. This implies
that for an observation o[t] containing missing node obser-
vations, the ground truth x[t] can potentially be inferred
from the temporal trends or spatial proximity to other ob-
served values. In the context of graph-based formulation, a
transductive setting naturally appears where observed data
and unobserved data coexist, enabling the LLM to exploit
the intrinsic structure of the graph for more accurate predic-
tions on the unobserved nodes when the topological context
is fed into LLM along with the data (Liu and Wu 2023). In
GSP, the conventional method is to design a filter in a graph
convolution to process graph signals: &[t + 1] = &[t] + A,
with A, = Z(I; 0,LPo[t] ~ UXU” o[t]. Here &[t] is the
estimated «[t], L is the graph Laplacian matrix used to rep-
resent the graph, U is the eigenvector matrix of L, 6, are the
spatial parameters, and 3 are the spectral parameters. How-
ever, the inference power relies heavily on the redefinition of
the weight parameters, which is restricted by prior knowl-
edge of the underlying data and the operations defined by
the graph representation L. Additionally, conventional GSP
techniques process all the nodes at once using global oper-
ations, often neglecting the localities within individual node
neighborhoods.

To predict missing observations, our LLM framework
mimics a message-passing mechanism represented by local-
ized aggregation at each individual node:

agg(zy) = Q({(@olt] zult]) [ue No}), (1)

where for the node v in G, 2 is the aggregation function,
x,[t] is the signal on v and it has A, 1-hop neighbor-
ing nodes (including self-loop) denoted with the subscript
u = 1...N,. In GSP, the localized node adjacencies used
can be deducted from the adjacency matrix (Yan, Peng, and
Kuruoglu 2024). In our context, message passing techniques
to divide the global node observations olt] and the estima-
tion [t] into localized representation. Using message pass-
ing, data representation is on the local level: each node v
knows only its own signal and its one-hop neighboring node
signals (Gilmer et al. 2017). This localized representation of
graph signals is fed into the context and the prompt of LLM.
At each time step ¢, the current partial observation o,[t] of
a node, along with historical data (either observed or recon-
structed), is provided as the input to the LLM. The LLM
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Figure 1: One single iteration of the proposed algorithm

serves as a localized aggregation where its task 7 (v,,) is to
interpret input from the neighbors of a missing node v and
the previous estimate of &, [t — 1], then inferring the missing
observation Z,[t]. The online learning setup means that our
framework has to make quick predictions based on limited
observation, so we are making only 1-step predictions. The
algorithmic procedure is shown in Algorithm 1. Since this
aggregation is defined locally on each node, the aggregation
process is fed iterative to LLM for all NV nodes, which in
turn is mapped back onto each missing node observation.

In Algorithm 1, the process initiates by identifying any
new observations at time ¢. For each missing node v,, in G,
values from its own previous estimate and those of its neigh-
bors in the current observations olt] are collected. This col-
lected data, including neighbor values from past estimations
at t — 1, informs the LLM task 7 (v, ), which then predicts
the current value #,[t] for the missing node. This predic-
tion is iteratively performed for all missing nodes, culminat-
ing in a comprehensive state estimation &[t] for time ¢. By
employing Algorithm 1, the LLM iteratively learns the pat-
terns from spatial neighbors and temporal trends to predict
the missing data accurately. The approach also allows for the
integration of LLM predictions with graph-based structures,
enhancing the prediction process.

Experiment Results and Discussion

In our experiments, we employed time-varying hourly wind
speed graph signals with N = 197 nodes and T' = 95 time
points to validate the proposed methodology from (Yan, Ku-
ruoglu, and Altinkaya 2022). The data is uniformly set 30%
of the nodes to be missing. The GPT-3.5-turbo model from
the OpenAl API was utilized to predict these missing values
based on the temporal and spatial patterns in the data (Brown
et al. 2020). GPT-3.5-turbo is an advanced LLM, part of the

Algorithm 1: Online Prediction of Unobserved Nodes

1: while new observations olt] are available do

2 for each missing node v,, in unlabelled node set do
3 Collect the previous estimation of v,

4 Collect observed neighbor signals of v,, in o[t]
5: Form LLM task 7 (v,,) from aggregation (1)

6 Feed T (vy,) into LLM and let LLM predict &, [¢]
7 end for
8 Collect all &, [t]|,=1...as and form &[¢]
9: end while
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GPT-3 family, that excels in understanding and generating
human-like text. It can handle complex prompts and gener-
ate highly accurate predictions, making it suitable for tasks
involving pattern recognition and missing data prediction.

The GPT-3.5-turbo model was provided with the observa-
tions from the previous node to predict the missing values
for the same node at the next time point. By inputting only
one time point at a time, we can achieve online prediction
and prevent the LLM from peeking into future data. Addi-
tionally, in the prompt, we explicitly instruct it not to use
chat memory. Each algorithm is repeated 5 times. Then we
can calculate the MSE = 1= "% S™T (a;[t] — [t])°
of the predicted value and evaluate the results. In the experi-
ments, we used GLMS (D. Lorenzo et al. 2016) and G-Sign
(Yan, Kuruoglu, and Altinkaya 2022) as baseline GSP algo-
rithms for comparison. The result is shown as follows:

Based on the MSE comparison between different algo-
rithms, the results demonstrate that the GPT-3.5-turbo model
significantly outperforms both the GLMS and G-Sign algo-
rithms in handling missing data within graph structures. This
may be attributed to the fact that adaptive filters are primarily
designed for noise reduction and are less effective for pure
noiseless spatiotemporal prediction tasks compared to pow-
erful models like GPT, which suggests that the GPT model
holds substantial potential in addressing challenges related
to partially observed time-varying graph signals.

Limitations There are rare occasions (occurred on only one
node during our 5 experiment runs) where the model outputs
NaN values and the cause remains unclear. In such cases,
a practical workaround is employed: the missing values are
substituted with the average of the previous time points. Ad-
ditionally, batch-feeding N nodes tasks into LLM often re-
sults in the number of returns not being N. While the GPT
model demonstrates substantial potential, addressing these
limitations through complementary strategies remains nec-
essary to further improve its robustness in scenarios involv-
ing noisy, time-varying, and incomplete data.

Model MSE

GLMS Algorithm  3.396
G-Sign Algorithm  3.718
GPT-3.5-turbo 1.560

Table 1: MSE Comparison of Different Algorithms
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