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Abstract

Multivariate Time Series (MTS) forecasting often faces challenges
due to evolving dependencies and catastrophic forgetting across dif-
ferent regimes. To address these challenges, we propose Knowledge-
Informed Time Series Forecasting, a novel framework that leverages
structural knowledge to capture and maintain regime-specific de-
pendencies, incorporating an innovative representation-matching
scheme to select representative multivariate time series samples for
memory replay. Experiments on synthetic and real-world datasets
demonstrate KI-TSF’s superior performance in forecasting accuracy
and dependency inference over state-of-the-art methods.
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1 Introduction

Multivariate time series (MTS) forecasting aims to predict future
samples from multiple time series based on their historical values
and has shown its importance in various applications [5, 6]. De-
spite the promising forecasting accuracy, MTS forecasters can only
handle one regime (i.e., a period that exhibits consistent statistical
properties or underlying dynamics) of MTS data. In real-world ap-
plications, different regimes of MTS data are often continuously
collected under different operational logic of the target system. In
this scenario, where regimes arrive sequentially, the major chal-
lenge for MTS forecasting models is to keep track of the latest
regime while maintaining forecasting performance on the previ-
ous ones. While an intuitive and efficient solution is to retrain the
forecaster periodically over the newly collected regime, this will
inevitably lead to the catastrophic forgetting issue, i.e., the learned
dependency structures cannot be maintained over existing regimes
and the forecasting performance will deteriorate accordingly, as
shown in Figure 1.
We address this challenge by introducing the Knowledge-Informed

Time Series Forecasting (KI-TSF) framework, which sequentially
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Figure 1: An illustration depicting the catastrophic forgetting of
learned dependency structures

learns and retains meaningful dependency structures across dif-
ferent regimes for multivariate time series forecasting. Addition-
ally, we propose a novel representation-matching memory replay
strategy, selecting MTS samples that maximize temporal coverage
and effectively preserve the underlying temporal dynamics and
dependency structures, thereby enhancing continual forecasting
performance.

2 Structural Knowledge Informed
Forecasting Model

Dynamic Graph Inference Module Different from the existing
works that generate a static graph at the regime level [1, 17], we
aim to model the variable dependencies of MTS as a dynamic graph
at the granularity of an input window. Following [12], we explicitly
model and parameterize each edge for all node pairs. For a possible
edge connecting node i and j, we use a temporal encoding function
as a feature extractor to yield node embedding z; and z; (i.e., z+ =
@ (X, t—r:t—1)) which are concatenated as the edge embedding. Next,
we use another generic mapping to finalize the edge generation
as Aij = ¥(zil|zj). The output graph A € RN*N summarizes the
variable interactions from the temporal dynamics within a sequence,
and can be further used to generate the forecasts. Note that there
are multiple choices to parameterize ® and ¥, where we use stacked
convolution layers and a multilayer perceptron (MLP), respectively.

To further exploit the structural and temporal dependencies and
produce forecasts, we design a graph-based forecasting module con-
sisting of multiple Temporal Graph Convolution (TGConv) blocks,
which leverage a dilated causal convolution [2, 15] to effectively
capture forward dynamics of time series.
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Table 1: Experiment Results for 12 Horizon Prediction. (Lower MAE and RMSE for AP mean better; When AP is comparable, lower MAE and

RMSE for AF mean better. )

Traffic-CL Solar-CL HAR-CL (x1072%) Synthetic-CL(x1072)
Model AP | AF AP | AF AP | AF AP | AF
MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE
VARseq 88.19 126.01 58.38 80.58 167.30 534.42 205.27 658.80 19.59 28.38 1.93 2.19 2234 32.70 9.18 13.54
ARIMASeq 141.75 159.89 77.61 77.40 1497 1892 4.75 2.92 40.68 52.87 235 238 4224 4351 13.39 1298
STGCNseq 30.45 49.51 13.91 20.77 2.99 5.75 0.81 0.99 1736 2638 1.79 225 889 13.67 4.55 7.36
TCNSeq 16.88 28.67 3.77 6.83 2.03 4.84 0.06 0.24 14.85 2342 3.60 506 430 490 0.66 0.99
GTSSeq 17.26  29.11 2.33 3.48 2.19 5.20 0.27 0.59 1644 2541 3.68 510 651 889 1.88 3.39
MTGNNSCq 19.88 32.94 7.83 12.68 2.12 4.75 0.38 0.44 1486 22.58 259 3.61 10.26 1492 1.16 1.81
PatchTSTseq 19.11 3250 2.34 297 2.64 5.32 0.72 0.43 1791 27.13 7.18 6.88 485 593 1.59 1.78
DLinearch 19.69 32.75 291 2.83 3.47 6.56 1.17 1.12 1732 2631 2.71 343 481 581 1.64 157
TimesNetSeq 17.77 2991 3.13 693 3.92 7.18 1.46 251 18.38 27.61 433 515 518 6.13 1.72 2.03
iTr::msformerSeq 16.23 27.83 2.33 3.41 2.87 5.84 1.23 1.31 16.03 25.08 4.87 535 6.28 7.72 152 192
OFA,. 19.10 32.48 2.21 243 3.04 6.33 1.26 1.57 1740 26.20 532 3.69 472 522 1.63 1.85
KI-TS! seq 1730 29.38 438 7.80 2.02 4.73 0.30 0.50 14.73 23.31 391 5.07 4.70 5.85 197 3.46
KI-TSF 15.23 25.32 151 272 1.75 4.46 0.09 0.06 13.41 21.30 1.64 2.08 3.24 4.24 0.15 0.23

Representation-matching Sample Selection for Temporal
Knowledge Coverage Maximization To tackle the forgetting
of variable dependencies and temporal Knowledge in sequential
training, we store a small subset of MTS samples and the structural
knowledge from the previous regimes for memory replay when
adapting the model to the current regime. Specifically, we propose
an efficient sample selection scheme that maximizes the temporal
and dependencies coverage of each regime given a limited memory
budget. We first perform a distribution characterization by splitting
the MTS data into the most diverse modes in the representation
space, which can be formulated as a constrained optimization prob-

lem: 1
= >, D(MiMy)
1<izj<K
st Vi, Ay < [M;] < Az;z IMi| = n
7

max max
0<K<Kjni," " ,ng

1

where D(-,-) can be any distribution-related distance metric, n is
the number of training samples in a single regime, A1, A2 and Kj are
hyperparameters to avoid trivial partitions and over-splitting, M
denotes the subset of representations that corresponds to contigu-
ous samples. Specifically, we choose the Deep Correlation Align-
ment (CORAL) [13] to measure the temporal distribution similarity,
ie,D(-) = # HC(.) - C(,)l
sions for each hidden state, C(-) denotes the second-order statistics
(covariance matrix).

;, where q is the number of dimen-

3 Experiment

3.1 Sequential Training and Testing Protocol

The experiments were conducted under the sequential training and
testing protocol. At the training phase of i-th regime, the training
objectives Liegime-i contains the objective for the current training
samples, denoted as Lcyrrent and that for the memory of previous
i-1 regimes, denoted as Lmemory. After training, the structural
knowledge of the current regime is saved in the structural memory
and the training samples are selected to enrich the MTS memory
as aforementioned.

During the testing phase, KI-TSF successfully retains its ability
to forecast for test sample queries from all previous and current
regimes, and accordingly recover the learned dependency struc-
tures. We adopt two metrics based on Mean Absolute Error (MAE)

and Root Mean Squared Error (RMSE) to evaluate the performance
on continual MTS forecasting, i.e., the Average Performance (AP)
and Average Forgetting (AF) [9, 18].

3.2 Experiment Result

Table 1 summarizes the comparison results of selected baselines ver-
sus our proposed KI-TSF method for 12 horizon predictions on three
public benchmark MTS datasets including the traffic (Traffic-CL),
solar energy (Solar-CL), and human activity recognition (HAR-CL),
as well as one synthetic dataset based on Non-repeating Random
Walk [4] that is used in [8] under continual learning setting. Based
on the experiment results in Table 1, we observe that statistical
methods, such as VAR [10]and ARIMA [3], cannot perform well
under continual learning settings and exhibit obvious performance
degradation (AF) in sequential training (i.e., seq).All deep learning
based baseline methods, including state-of-art forecasting models,
such as PatchTST [11], TimesNet [16], iTransformer [7], and even
OFA [14] that equipped with the large language model (LLM), also
suffer from obvious performance degradation (AF) in sequential
training (i.e., seq), suggesting the existence of catastrophic forget-
ting phenomenons when regime shifts. Finally, KI-TSF demonstrates
the advantages over other baseline models, showing learning a dy-
namic structure is beneficial for MTS modeling, and the structural
knowledge helps to characterize the general variable behaviors in
each regime.

4 Conclusion

In this work, we propose a novel Knowledge Informed Time Series
Forecasting (KI-TSF) framework to perform MTS forecasting and
infer dependency structures in the continual learning setting. We de-
velop a forecasting model based on dynamic graph learning and im-
pose a consistency regularization that exploits structural knowledge
to facilitate continual time series forecasting. We further exploit the
temporal knowledge by proposing a novel representation-matching
memory replay scheme, which maximizes the temporal coverage of
MTS data to efficiently preserve each regime’s underlying temporal
dynamics and dependency structure. Experiments on one synthetic
dataset and three real-world benchmark datasets demonstrate the
effectiveness and advantages of the proposed KI-TSF on continual
MTS forecasting tasks.
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