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ABSTRACT

Recent studies in multivariate time series (MTS) forecasting reveal that explicitly
modeling the hidden dependencies among different time series can yield promising
forecasting performance and reliable explanations. However, modeling variable
dependencies remains underexplored when a sequence of MTS under different
regimes (stages) is continuously accumulated. Due to the potential distribution
and dependency disparities, the underlying model may encounter the catastrophic
forgetting problem, i.e., it is challenging to memorize and infer different types
of variable dependencies across different regimes while maintaining forecasting
performance. To this end, we propose a novel Structural Knowledge Informed
Continual Learning (SKI-CL) framework to perform MTS forecasting under the
continual learning setting, which leverages the structural knowledge to characterize
the dynamic variable dependencies within each regime. Specifically, we first
develop a deep forecasting model with a graph learner that enables fine-grained
dynamic MTS modeling. Next, we impose a regularization scheme to ensure the
consistency between the learned variable dependencies and the structure knowledge
(e.g., physical constraints, domain knowledge, feature similarity). Finally, we
develop a representation-matching memory replay scheme to tackle the catastrophic
forgetting problem, which maximizes the temporal coverage of MTS data to
efficiently preserve the underlying temporal dynamics and dependency structures of
each regime. Thoroughly empirical studies on synthetic and real-world benchmarks
validate SKI-CL’s efficacy and advantages over the state-of-the-art in tackling
continual MTS forecasting tasks. In addition, SKI-CL can accurately infer learned
dependencies in the test stage based on MTS data without knowing the identities
of different regimes.

1 INTRODUCTION

Multivariate time series (MTS) forecasting aims to predict the future horizons of multiple time series
based on their historical values and has shown its importance in various applications, e.g., healthcare,
traffic control, energy management, and finance [Jin et al.| (2018)); (Gonzalez-Vidal et al.| (2019);
Guo et al.{(2019);|Zhang et al.|(2017)). Accurate forecasting not only relies on capturing temporal
dynamics of the historical multivariate time series data, e.g., autoregressive integrated moving average
(ARIMA) Box et al.| (2015)), deep convolutional neural networks [van den Oord et al.| (2016); Bai et al.
(2018); Borovykh et al.[(2017)), recurrent neural networks |Bai et al.[|(2018)); Lai1 et al.| (2018); |Shih
et al.[|(2019), and transformer models|Zhou et al.| (2021); Wu et al.| (2021);Zhou et al.| (2022); [Liu
et al.|(2021)), but also relies on modeling dependency structures among different time series |(Graves
(2013); La1 et al.| (2018); Shih et al.| (2019). However, the nonstationary nature of most MTS data
implies that the structural dependencies among different time series vary across time. To make it
worse, in real-world applications, different regimes (stages) of MTS data are often continuously
collected under different internal logic of the target system.

To develop an effective forecasting model that can handle continuously accumulated MTS data
from different regimes and infer the dependency structures accordingly, there are two fundamental
challenges. The first one is how to model dependency structures among different time series by
incorporating the structural knowledge of the target system. Recently, there is increasing evidence
suggesting that jointly optimizing the inferred structure toward the existing structural knowledge and
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Figure 1: The proposed SKI-CL framework for continual MTS forecasting. The training objectives for each
regime contains the current training data and the memory buffer. After training at each regime, the structural
knowledge and samples selected by our representation-matching scheme are added to the current memory. At
testing phase, SKI-CL is able to dynamically infer faithful dependency structures for different regimes without
accessing the memory buffer.

forecasting objectives can render reliable explanations and competing performance Shang & Chen
(2021)). The structural knowledge can be available in different formats, e.g., physical constraints such
as traffic networks, power grids, and sensor networks |L1 et al.| (2017); |[Luo et al.|(2021); Khodayar
& Wang| (2018); [Yan et al.| (2018)), or dependencies (correlations) that are inferred or derived from
raw data by leveraging either domain knowledge or traditional statistical methods |Chen et al.| (2022);
Duan et al.|(2022)); Lin et al.| (2021)); |Cao et al.| (2020); |Shang & Chen|(2021)). The second challenge
is how to keep track of the latest regime of MTS data while maintaining the performance on existing
regimes. One potential solution is to retrain the forecasting model periodically over the newly
collected regime to incorporate the latest structural knowledge. This method, however, will lead to
the catastrophic forgetting problem, i.e., the model performance will deteriorate over existing regimes
as their associated structural knowledge cannot be maintained. Note that joint training may not be a
feasible solution due to the memory constraints of storing all historical data (different regimes) and
the computational complexity of handling an ever-increasing number of diverse scenarios.

In this paper, we present a novel Structural Knowledge Informed Continual Learning (SKI-CL)
framework that incrementally learns and preserves meaningful dependency structures for MTS
forecasting. As shown in Figure[I] the key idea is to exploit structural knowledge to characterize
the variable dependencies within each different regime. Specifically, we first design a dynamic
graph structure learning module that captures the temporal patterns to construct the parameterized
interactions between all variable pairs. Instead of learning a single fixed graph structure Bai et al.
(2020); 'Wu et al.[ (2020), our module dynamically infers dependency structures (in the form of
graphs) based on different MTS input windows to cope with the dependencies variations within each
regime, thus enabling non-stationary MTS modeling. We further enforce the consistency between the
learned structures and the structural knowledge by designing an adaptive regularization scheme that
accommodates different forms of structural knowledge that exist in MTS. Four common scenarios
regarding the description of dependencies and the availability of structural knowledge is considered,
i.e., the discrete/continuous edge description, and fully/partially observed structural knowledge.
Finally, we present a novel representation-matching memory replay scheme to tackle the catastrophic
forgetting problem, which maximizes the temporal coverage of MTS data to efficiently preserve
the underlying temporal dynamics and dependency structure of each regime (Figure [T[{middle)). By
jointly learning from the current regime and the constructed memory, the obtained model is able to
maintain the forecasting performance and infer the learned structures from the existing regimes.

In summary, our work makes the following four contributions. (1) We present a novel Structural
Knowledge Informed Continual Learning (SKI-CL) framework to perform MTS forecasting and
infer dependency structures under the continual learning setting. (2) We develop a dynamic graph
structure learning module to capture temporal dependencies and infer dependency structures, and
employ an adaptive regularization scheme to incorporate structural knowledge. (3) We propose a
novel representation-matching memory replay scheme to maximize the temporal coverage of MTS
data and preserve the underlying temporal dynamics and dependency structures of each regime.
(4) Thoroughly experiments on one synthetic dataset and three benchmark datasets demonstrate
the superiority of SKI-CL over the state-of-the-art in continual MTS forecasting and dependency
structure inference.
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2 RELATED WORK
2.1 MODELING DEPENDENCIES IN MULTIVARIATE TIME SERIES FORECASTING

In recent years, modeling variable dependencies of MTS has received increasing attention for
forecasting tasks. Early methods apply linear or convolution transformations to capture variable
dependencies in an implicit recurrent process |Lai et al.[|(2018)); |Graves| (2013));Shih et al.| (2019),
which fall short of modeling the non-Euclidean interactions due to the underlying fully-connected
or translation-invariant assumptions. The advent of Graph Neural Networks (GNNs) has inspired
the formulation of variable dependencies as a given or learnable graph, with variables being nodes
and pairwise relationships being edges. Existing literature models the dependency structures based
on different topological perspectives and temporal granularity (e.g., undirectedYu et al.|(2018)) and
directed graph |Li et al.[(2017), static |Bai et al.| (2020); [Wu et al.| (2020) and dynamic graphs|Ye
et al.| (2022); |Cao et al.| (2020), single or multiple layers |Lin et al.| (2021)). On the other hand,
structural knowledge has been an important component in GNN-based forecasting methods. In many
tasks such as the traffic \Guo et al.[(2019); [Li et al.| (2017) and skeleton-based action prediction Yan
et al.| (2018), structural knowledge is explicitly presented as spatial connections. In other cases
without an explicit topological structure, the structural knowledge can be drawn from either domain
knowledge (e.g., transfer entropy [Duan et al.| (2022), Mel-frequency cepstral coefficients Lin et al.
(2021)) or feature similarity (e.g., the correlations of decomposed time series Ng et al.| (2022}, KNN
graph Shang & Chen|(2021))). Their promising results suggest the capability of structural knowledge
to convey meaningful dependency information. Our proposed method enforces the consistency
between the learned graph structures and the structural knowledge so as to characterize the underlying
relation-temporal dependencies and improve the continual MTS forecasting performance.

2.2 CONTINUAL LEARNING IN MULTIVARIATE TIME SERIES FORECASTING

Deep learning models resort to continual learning to address the catastrophic forgetting issue when
sequentially adapting to new tasks. Existing literature in continual learning lies in three folds: the
experience-replayed methods [Rolnick et al.| (2019), the parameter-isolation methods Rusu et al.|
and regularization-based methods |[Kirkpatrick et al.|(2017);Li & Hoiem| (2017). Current continual
learning works have been extensively studied on images Wang et al.[(2022), texts Ke & Liul (2022), and
graph data Zhang et al.| (2022a3b). However, much less attention is drawn to time series data, and the
focus has primarily been on classification and forecasting tasks without explicitly addressing complex
variable dependencies |Gupta et al.| (2021); |[He & Sick (2021). How to maintain the meaningful
dependency structures and forecasting performance over different regimes is underexplored. Our
proposed SKI-CL tackles this issue by jointly optimizing the inferred structure toward the existing
structural knowledge and forecasting objectives based on samples drawn from the current regime and
a representative memory.

We also notice that recent efforts have been made to perform forecasting |Pham et al.| (2022);|Zhang
et al.[(2023)) and/or topology identification Money et al.|(2021); Natali et al.| (2022); [Isufi et al.
(2019); |Zaman et al.|(2020) from MTS data in an online learning setting, which focus on adapting the
forecasting model and dependency structure from the historical MTS data to future unseen data. On
the contrary, our study aims to maintain the forecasting performance and infer the learned structures
from the existing regimes while continuously updating the model over the latest regime. Without
forgetting the structure knowledge that has been acquired previously, the model can easily cope with
similar regimes that may be encountered in the future. In addition to online MTS forecasting, we
discuss the relationships between our study and other related research topics in Appendix [B}

3 METHODOLOGY

In this section, we first formulate the continual MTS forecasting task with dependency structure
learning. Then, we introduce the proposed framework including the structural knowledge-informed
graph learning model and the representation-matching sample selection scheme for continual MTS
forecasting, as shown in Figure [2and Figure [[(middle), respectively.

3.1 PROBLEM STATEMENT

We first introduce the MTS forecasting task in a single regime (stage). Let X € RV X7 denote the
MTS data containing N variables and T' total time steps, where X, ; € RY*1 denotes ¢-th time
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Figure 2: The proposed SKI-CL Model for dependencies modeling and MTS forecasting.

step across all variables and X; . € R¥*T denotes i-th variable. Our target is to learn a model that
includes a dynamic graph inference module G (-) summarizing a historical 7-step window of MTS as
a graph to encode the dependency structure, as well as a forecasting module F (-) predicting the next
7/ time steps based on the input window and inferred graph. Mathematically, at a starting time step t,

the corresponding forecast is defined as: X. ;17 rir—1 = F(X.tr1,G( X pitrr1))-

We further extend the forecasting task to a continual learning setting. In continual learning, there
exist S distinct regimes of MTS data with different dependencies and temporal dynamics. The
model can only access MTS data of the current regime. Denoting the data of s-th regime as
X () the objective is to learn a model to minimize the forecasting error across all seen regimes:

F*.G* = argming g 35 | L (X-(i:)t+7—17 X:()‘ZLT:HTJFT_I) with L being the loss function. We

assume there is a readily available or extracted structural knowledge A € R™ <N (either partial or
completed) at each regime that serves as a reference to characterize the underlying dependencies.

3.2 STRUCTURAL KNOWLEDGE INFORMED GRAPH LEARNING FOR MTS FORECASTING

Dynamic Graph Inference Module. Different from the existing works that generate a static graph
at the regime level Wu et al.| (2020); Bai et al.| (2020); Shang & Chen| (2021, we aim to model
the non-stationary variable dependencies of MTS as a dynamic graph at the granularity of an input
window. Therefore, as shown in Figure 2] we construct a dynamic graph inference module that more
precisely reveals the relation-temporal dynamics in a single regime and has the capacity to handle
dependencies change when the regime shifts.

In this module, each edge is explicitly modeled for all node pairs, which is parameterized as
follows. For a possible edge connecting node ¢ and j, we use the stacked convolution p times
along the temporal dimension as a feature extractor to yield node embedding z; and z; (i.e.,

z; = (FCo Conv[p])(XM:H_T_l)) which are concatenated as the edge embedding. Next, p’
fully connected layers finalize the generation of a parameterized edge as A;; = FCl (zillzj). The

output graph A € RV*N summarizes the variable interactions from the temporal dynamics within a
sequence, and can be further utilized to generate the forecasts.

Incorporating Structural Knowledge for Dependencies Characterization. To learn a faithful
dynamic graph structure that characterizes the underlying dependencies of each regime, we incor-
porate structural knowledge as a reference in learning objectives. In real-world MTS modeling, the
edges can be either continuous if we can quantify the strength in the context, or binary if we are
more confident of the connection in a qualitative sense (e.g., physical connections). Moreover, it also
interleaves with the fact that if the structural knowledge can be fully observed, as in many cases we
are only confident in the existence of certain relationships.

To fully leverage different forms of structural knowledge in dependency structure learning, we design
an adaptive scheme that imposes different constraints on the parameterized graph in the objective
function, which is denoted as L¢ as shown in Figure 2] (left). If an edge is treated as a binary variable,
we activate the parameterized edge with a sigmoid function to approximate the Bernoulli distribution

Aij ~ Bern(6;;), where P(Aij = 1) = §,; is the probability that an edge is forming between node
7 and node j. Then, we encourage the probability of edge to be consistent with the prior, which

essentially minimizes the binary cross entropy: Lg = ), ; —A;;log6;; — (1 — A;j) log (1 — 0;5).

4
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If an edge is treated as a continuous variable, we activate the parameterized edge with a ReLU
function to remove the weak connections, and enforce the consistency between the numerical values
of the parameterized edge and prior, representing a similar interaction strength. This is achieved by

the MSE objective L = = > 1A — Agj||2. So far, we have discussed the cases when structural
knowledge is readily available/fully observed. For partially observed structural knowledge, we only
enforce the consistency between the known entries in the structural knowledge and corresponding
parameterized edges, as the dynamic graph inference module is still able to capture and infer the
underlying dynamic dependencies via optimizing based on the existing structural knowledge and the

forecasting objective.

Graph-based Forecasting Module. To further exploit the structural and temporal dependencies and
render forecasts, we design a graph-based forecasting module consisting of multiple Temporal Graph
Convolution (TGConv) blocks, as shown in Figure E} In each block, we leverage a dilated causal
convolution Bai et al.| (2018)); [van den Oord et al.| (2016) to effectively captures forward dynamics
of time series. The dilated causal convolution operation on a 1D sequence input h is expressed as
ry = ’,f;ol f(k) - hy—q.r., where r; denotes the ¢-th step of obtained representation r, d represents
dilation factor, f(k) is the convolution kernel with size k. Since dilated causal convolution exclusively
processes univariate time series, we facilitate the modeling of dependencies in MTS by exchanging
and aggregating information through the learned structure, denoted as A. This is achieved by a simple
yet effective message-passing neural operation [Morris et al.|(2019), given the collection of univariate
representations (rq,- -+ ,ryn):

MessagePassing ;(r;) = Wir; + Wy Z €ji-Tj )
JEN(4)

where A/ (i) represents the neighbors of variable i, e, ; € A denotes an edge weight, W(,) denotes
the learnable weights, and the bias term is omitted for simplicity.

We stack both operations to construct a TGConv block, with an optional 1 x 1 convolution tackling
the possibly different dimensions between the residual input and output. Finally, a fully connected
layer serves as a regressor projecting sequence representations onto the forecasts. We adopt the
mean squared error between the forecasts and the ground truths as the main learning objective Lp.
The total learning objective function for each regime consists of the forecasting objective and the
consistency regularization weighted by a hyperparameter \.

t=t4+7+7'—1
Liotal = Lr + ALg = = Z | X. . — X:,t”2 +Aq 2)
t=t+T1

3.3 REPRESENTATION-MATCHING SAMPLE SELECTION FOR CONTINUAL MTS FORECASTING

To tackle the forgetting of variable dependencies and temporal dynamics 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. According to the principle of maximum entropy (Guiasu &
Shenitzer]| (1985)), we can best represent the underlying knowledge of MTS in each regime with the
largest entropy, namely, with the most diverse partitions/modes of relational and temporal patterns.
Inspired by this principle and its success in characterizing temporal distribution |Du et al.{(2021), we
perform a distribution characterization by splitting the MTS data to the most diverse modes on the
representation space (i.e., the representation of all time-consecutive sequences/samples that encode
variable dependencies and temporal dynamics), which is formulated as a constrained optimization
problem:

max  max 1 Z D (M;, M;)

0<K<Kgni, Nk —
1<i#j<K 3)

s.t. Vi, A < M| < A2;Z (M| =n,
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where D(-, -) can be any distribution-related distance metric, n is the number of training samples in
a single regime, Al, A2 and K are hyperparameters to avoid trivial partitions and over-splitting,
M denotes the subset of representations that corresponds to contiguous samples. Specifically, we
choose the Deep Correlation Alignment (CORAL) Sun & Saenko| (2016) to measure the temporal

distribution similarity, i.e., D(-,-) = ﬁ HC(.) — C(_) H o where ¢ is the number of dimensions
for each hidden state, C(-) denotes the second-order statistics (covariance matrix). The detailed
optimization procedure is explained in Appendix [A]

After the most diverse modes are obtained, the distribution of a regime can be efficiently preserved by
selecting a small number of the most representative samples of each mode. The selection algorithm is
shown in Algorithm I} where we select samples that minimize CORAL to ensure that the selected
small number of samples are well aligned/matched to each mode of MTS. By iterating all modes, we
update the memory buffer as the union of all selected sample sets.

3.4 SEQUENTIAL TRAINING AND TESTING WITH SKI-CL

We briefly introduce the pipeline of continual MTS forecasting, as shown in Figure[I] At the training
phase of i-th regime, the training objectives Ligime-i contains the objective for the current training
samples, denoted as Lcyrene and that for the memory of previous i-1 regimes, denoted as Lyemorys
where Liegimei = Leurrent + 0Lmemory, With o being the weight of memory loss.

After training, the structural knowl-
edge of the current regime is saved in
the structural memory and the train-
ing samples are selected to enrich the
MTS memory as aforementioned. At
the testing phase, SKI-CL is able to
maintain the forecasting performance
on the queries of testing samples from
all regimes up to the current one, and
accordingly recover the learned depen-
dency structures informed by the struc-
tural knowledge of each regime (as
shown in Figure [T[right)). Unlike other
graph structure learning methods for
continual MTS forecasting, our method
is able to dynamically infer faithful dependency structures for existing and current regimes without
accessing the memory buffer, which is more practical in real world applications.

Algorithm 1 Representation-Matching Sample Selection

1: Input: Sample representation H, hyperparameters A,
As, Ky, memory budget for a single regime Ny, the
number of training samples in a single regime n

2: Split H into modes M1, ..., Mk by optimizing

3: Initialize an empty memory buffer S for a regime

4: for k + 1to K do

5: Ngample < 05 ngelect <= N X %; S < {}

6: while DNsample < Dgeler dO

7 Tselected < IIlllnD (Hsui, HMk) > ¢ S
8 S = 8 U Tgelected> DNgample +=1

9
10:

S=5Us
Output: The memory buffer S

4 EXPERIMENTS
4.1 EXPERIMENTAL SETUP

Datasets To evaluate the performance of SKI-CL on continual MTS forecasting, we conduct ex-
periments 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 |Denton| (2005) that is used in [Liu et al.| (2022b) under continual
learning setting. The statistics of these datasets are summarized in Table[l] For Traffic-CL and
Solar-CL, the structural knowledge is the spatial proximity of the sensor/station. For HAR-CL, the
partial structural knowledge is drawn from the domain-specific motion dynamics. For synthetic data,
structural knowledge is the feature similarity of different variables. The edges from the structural
knowledge are binary for Traffic-CL and HAR-CL, and continuous for Solar-CL and Synthetic-CL.

Baselines We compare SKI-CL with a number Table 1: Summary of Datasets
of dependency-modeling-based forecasting meth- o0 Traffic-CL Solar-CL. HAR-CL Synthetic-CL
ods and commonly used continual learning meth-

ds t 1 th tast hic f tti . # of nodes 22 50 9 10
0ds to resolve the catastropniC Torgetung I1SSU€ o)) time steps 106,848 52,560 600,576 24,000
in sequential training. The forecasting methods  #of regimes 7 5 4 4
include statistical model VAR [Liitkepohl (2005), ~ Regime year state - activity - adjacency

Structure avail.  Completed Completed Partial Completed

ARIMA Box et al.| (2015)), and deep learning mod-




Under review as a conference paper at ICLR 2024

Table 2: 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(x 10~ 2)
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
VAR 88.19 126.01 58.38 80.58 167.30 534.42 205.27 658.80 19.59 28.38 1.93 219 2234 3270 9.18 13.54
ARIMA ¢ 141.75 159.89 77.61 7740 1497 1892 475 292 40.68 52.87 235 238 4224 4351 1339 1298
TCNyeq 1688 28.67 377 683 203 484 006 024 1485 2342 3.60 506 430 490 0.66 0.99
TCNyir 1570 2653 170 322 199 479 010 019 1391 22.15 2.64 293 379 463 046 073
TCNierd 1555 2621 149 281 201 482 013 023 1387 22.08 205 288 372 461 035 0.67
TCN,, 1551 2623 146 280 198 473 -0.05 002 13.66 21.78 182 259 329 430 034 0.61
TCNers+ 1546 2568 133 249 195 469 -0.07 -0.02 13.56 21.55 1.69 228 3.00 4.00 028 0.32
ESGieq 1877 3002 646 1007 280 577 128 174 17.63 2684 728 9.41 898 14.19 1.32 1.98
ESG nir 1824 2983 502 825 203 483 025 049 1725 2663 401 521 895 1391 121 1.81
ESGherd 1749 2864 482 745 192 472 013 053 1722 2659 399 513 894 1388 111 1.74
ESG., 16.40 2750 3.05 534 201 482 024 044 17.15 2584 4.63 533 884 1386 121 1.62
ESGers+ 1740 2921 401 697 191 457 009 021 1620 2432 518 6.00 881 13.77 1.02 1.42
GTSyq 1726 29.11 233 348 219 520 027 059 1644 2541 368 510 651 889 1.88 3.39
GTS pir 17.17 29.08 213 331 215 516 0.4 0.68 1583 2485 327 491 644 857 131 2.86
GTSherd 1700 29.01 217 298 211 506 0.3 030 1565 2433 199 286 634 823 118 181
GTS.. 1583 2620 1.12 252 201 475 012 005 1506 23.52 200 273 559 632 044 0.69
GTSerss 1584 2605 1.15 233 194 457 -025 -0.19 1480 23.01 152 188 543 6.67 023 0.30
MTGNN, 19.88 3294 7.83 1268 212 475 038 044 1486 2258 259 3.61 1026 1492 1.16 1.81
MTGNN ir 1801 31.84 503 897 200 473 021 040 1459 2252 224 353 892 1291 1.07 133
MTGNNperg 17.93 3070 490 840 1.89 468 0.13 035 1409 2250 1.13 162 811 12.88 103 1.27
MTGNN,, 1579 2652 276 487 194 462 0.4 025 1359 2185 191 279 870 13.69 0.61 121
MTGNNuerss 1540 2599 222 410 190 457 006 0.14 1357 2175 1.63 240 863 1351 0.50 092
Autoformer,,, 23.92 4040 258 442 604 1141 053 156 1997 2876 281 3.08 515 687 053 046
Autoformer,; 23.85 40.13 221 407 595 11.18 087 1.14 1857 2793 145 288 512 673 032 037
Autoformer,y 2390 4021 243 429 591 11.12 090 120 1878 28.03 142 266 500 6.65 023 024
Autoformer., 2326 3898 128 200 583 1089 049 132 1842 2705 129 201 502 666 024 025
Autoformerg.;s 22.11 37.34 108 192 534 929 021 1.14 1812 2691 1.12 185 497 661 0.18 023
PatchTST,, 19.11 3250 234 297 264 532 072 043 1791 27.13 7.18 688 485 593 159 1.78
PatchTST,,;; 19.04 3223 228 279 261 530 070 040 17.82 26.89 682 481 483 586 155 1.72
PatchTSTheq 1896 3210 221 267 260 530 0.68 035 1773 2684 6.62 479 480 579 143 1.68
PatchTST., 1877 3150 198 201 257 527 047 030 1757 2640 6.02 469 472 526 1.03 154
PatchTSTues,  18.53 3134 175 198 253 517 043 028 17.12 2613 579 432 464 513 083 088
DLinears, 19.69 3275 291 283 347 656 117 112 1732 2631 271 343 481 581 164 157
DLinear; 1937 3225 217 259 345 651 1.02 101 1687 2612 267 301 479 573 147 140
DLineary.q 1953 3240 225 268 341 650 103 1.00 1683 2581 257 291 477 570 1.59 1.46
DLinear., 19.19 3230 173 214 337 643 093 098 1671 2575 213 285 474 520 123 143
DLinear .+ 19.02 3197 175 193 325 637 083 079 1658 2547 192 277 421 488 112 1.13
TimesNet.q 1777 2991 3.13 693 392 7.8 146 251 1838 2761 433 515 518 6.13 172 2.03
TimesNet,y; 1753 2961 244 532 377 715 122 157 1827 27.59 401 508 512 605 169 1.97
TimesNety;q 1738 2953 256 583 383 7.0 1.03 144 1801 27.53 346 503 510 603 168 1.95
TimesNet,, 1725 2933 197 419 355 7.02 042 091 17.84 27.07 328 401 493 590 142 1.90
TimesNetyr,,  17.13 2928 156 4.02 345 655 037 090 17.73 2686 3.1 3.87 481 588 132 178
SKI-CLyq 1730 2938 438 7.80 202 473 030 050 1473 2331 391 507 470 585 197 3.46
SKI-CLyic 1577 2632 195 347 198 469 035 056 13.65 21.77 261 382 453 501 167 221
SKI-CLirg 1545 2573 1.82 328 200 470 033 052 1371 21.82 253 367 444 482 123 2.02
SKI-CL,, 1543 2560 1.69 292 195 467 011 023 1358 21.57 182 250 339 452 030 038
SKI-CLgers+ 1539 2557 1.63 287 191 460 010 021 13.50 2147 174 242 333 443 028 030
SKI-CL 1524 2533 150 271 175 446 009 006 1341 2130 1.64 208 324 424 0.15 023

els including TCN (2018),
(]:[)2020 AGCRN [Bai et al,

ao et al.| (2020), Autoformer Wu et al.|

StemGNN |C

LSTNet Lai et al.| (2018), STGCN [Yu et al.| (2018), MTGNN Wul

(2020), GTS Shang & Chen| (2021]
2021), PatchTST Nie et al|(2022),Dlinear [Zeng|

and G Ve et al| 2022),

(2023), TimesNet|Wu et al| (2022) where STGCN and GTS use structural knowledge and ESG
learns a dynamic graph in MTS modeling. All forecasting methods are first evaluated on sequential
training without any countermeasures (denoted as seq). The continual learning methods employ the
memory-replay-based methods including the herding method (denoted as herd) Rebuffi et al.

the randomly replay training samples (denoted as er), a DER++ method |Buzzega et al.| (202
enforces a L, knowledge distillation loss on the previous logits (denoted as der++) and a MIR method
that selects samples with highest forgetting for experience replay (denoted as mir) . For the proposed
SKI-CL, we also evaluate our proposed representation-matching sample selection scheme.

2016),

0) that
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Figure 3: The Structure Visualizations on Traffic-CL and Solar-CL datasets.

Evaluation Metrics 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) [Lopez-Paz & Ranzato| (2017);[Zhang et al|(2022a).
The AP at i-th regime is defined as AP = 22:1 P, j/ifori > 1, where P; ; denotes the performance
on regime j after the model has been sequentially trained from stage 1 to 7. Similarly, the Average

Forgetting is defined as AF = Z;:(PH —P;,)/(i —1) fori > 2. Besides the forecasting
performance, we also evaluate AP and AF on the learned dependency structures, where the average
precision (Prec.) and average recall (Rec.) are used for a binary graph, MAE and RMSE are used for

a continuous graph. More details of datasets, baselines, and evaluations are provided in Appendix [C]

4.2 PERFORMANCE EVALUATION FOR CONTINUAL MTS FORECASTING

In this paper, we focus on a multi-horizon continual forecasting task. Table [2] summarizes the
experiment results of selected baselines (full experiment results are shown in Appendix Table [7)
and our proposed SKI-CL method with variants for 12 horizon predictions (the corresponding
standard deviations and results for different horizons are provided in Table []and [8] Appendix [F|
respectively.). Based on the results, we show that statistical methods, such as VAR and ARIMA,
cannot perform well under continual learning settings and all other forecasting methods suffer from
obvious performance degradation (AF) in sequential training, indicating the existence of catastrophic
forgetting phenomenons when regime shifts. In addition, the memory-replay-based methods generally
alleviate the forgetting issues with better APs (lower RMSE and MAE) and smaller relative AFs.
SKI-CL and its variants (SKI-CL; and SKI-CLgc+) consistently achieve the best or the second-
best APs, showing advantages over other models equipped with memory-replay-based methods
(e.g., MTGNNger4+, TCNer, GTSger++) since SKI-CL explicit imposes a regularization to enforce the
consistency between the learned dynamic graphs and the structure knowledge. These observations
demonstrate that learning a dynamic structure is beneficial for nonstationary MTS modeling, and
the structural knowledge helps to characterize the general variable behaviors in each regime. Even
partially observed structural knowledge can serve as a valid reference to learn the dependency
structures. Finally, the proposed SKI-CL achieves better APs or less AFs when the AP metrics are
comparable, suggesting the superiority of our representation-matching scheme that maximizes the
coverage of dependencies and temporal dynamics.

4.3 PRESERVING FAITHFUL DEPENDENCY STRUCTURES

We also evaluate how the baselines and our method preserve the learned structures that are highly
correlated to the structural knowledge. Specifically, we compare SKI-CL with GTS on Traffic-
CL dataset, and ESG on Solar-CL dataset to investigate the binary edges and continuous edges,
respectively. The results of the learned structures and structural knowledge are shown in Figure 3]
where the average performance and average forgetting are also annotated. It is clear that SKI-CL is
able to alleviate the forgetting of the learned structures on both datasets at the testing phase, while
the baselines fail to model the nonstationarity of MTS in different regimes. This observation also
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Figure 4: The Structure Similarity Matrices on Traffic-CL and Solar-CL datasets.

Table 3: Analysis of A on Traffic-CL Table 4: Analysis of Memory Budget on Traffic-CL
Forecasting Performance Structure Similarity

A Forecasting Performance Structure Similarity
AP AF AP AF Ratio

MAE RMSE MAE RMSE Prec. Recall Prec. Recall

AP AF AP AF
MAE RMSE MAE RMSE Prec. Recall Prec. Recall

0.01 1542 2608 230 413 052 046 -052 -0.57

0.01 1522 2531 153 274 084 080 -0.10 -0.12
0.1 1539 2597 212 407 084 075 -0.11 -0.19
! 0.05 1449 2435 116 203 086 079 -0.10 -0.13
0.5 1533 2568 168 307 085 078 -008 -0.11

0.1 1444 2403 077 123 084 078 -007 -0.13
1 1522 2531 153 274 084 080 -010 -0.12

0.2 1425 2374 085 134 089 080 -006 -0.14
2 15272551 170 3.10 085 079 -008 -0.14 0.5 1418 2306 055 079 090 081 -0.05 -0.09
5 1531 2563 204 356 083 072 -0.16 -0.24

suggests the importance of dynamic structure learning and the incorporation of structural knowledge,
to maintain a faithful structure at each regime. We further visualize the similarity matrices between the
structures inferred by SKI-CL and structural knowledge, as shown in Figure d] Each cell corresponds
to the aforementioned P ;, i.e., the performance on regime j after the model has been sequentially
trained from stage 1 to ¢, where ¢ and 5 denote the row number and column number, respectively. We
observe that the inferred structures at the testing phases of each regime still reveal similarities to the
structural knowledge, by comparing the values of each row with the diagonal ones.

We emphasize that we don’t intend to use structural knowledge as a ground truth. We have demon-
strated that exploiting structural knowledge helps to reduce the performance degradation between
consecutive regimes. Besides, it is beneficial to have the model aligned with the structural knowledge
for a better interpretation of each regime. We provide a case study on the Synthetic-CL dataset as a
demonstration in Figure [0} Appendix [G]. More visualization results are provided in Appendix D]

4.4 HYPERPARAMETER ANALYSIS

We perform experiments on the Traffic-CL dataset to validate the effectiveness and sensitivity of
two key hyperparameters in SKI-CL, the weight of structure regularizer A (1 by default) and the
memory budget (sampling ratio) at each regime (0.01 by default). As shown in Table [3| within a
small range, the model is relatively stable in terms of A, resulting in similar average performance
and average forgetting on forecasting performance as well as the inferred structure similarity. We
also study the model performance when the memory budget varies in Table[d] We can observe that a
larger memory budget can achieve better forecasting performance and less forgetting. Meanwhile,
the structure similarity is relatively stable regarding the memory budget. The exploration of other
hyperparameter settings is provided in Appendix [E]

5 CONCLUSION

In this paper, we propose a novel Structural Knowledge Informed Continual Learning (SKI-CL)
framework to perform continual MTS forecasting, which exploits the structural knowledge to char-
acterize the dynamic variable dependencies within each regime. We first design a dynamic graph
learning model for fine-grained dynamic MTS modeling and impose a regularization scheme that
ensures the consistency between the learned structure and the variable dependencies revealed by
structural knowledge. We further alleviate the catastrophic forgetting by developing a 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 SKI-CL on continual MTS forecasting tasks.
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A REPRESENTATION-BASED DISTRIBUTION CHARACTERIZATION

A.1 OPTIMIZING THE OBJECTIVE FOR COVERAGE MAXIMIZATION

Inspired by the principle of maximum entropy, we perform a distribution characterization by splitting
the MTS data into the most diverse modes on the representation space, which incorporates variable de-
pendence and temporal information. The distribution characterization splits the hidden representation
by solving a constrained optimization problem whose objective is formulated as:

max  max 1 Z D (M;, M)

0<K<Koni,,nxg K 4=
1<i#j<K )

s.t. Vi, Ay < M| < AQ;Z (M;| =n,

where D(-, -) can be any distribution-related distance metric, n is the number of training samples in
a single regime, A1, A2 and K are hyperparameters to avoid trivial partitions and over-splitting,
M denotes the subset of representations that correspond to contiguous samples. The optimization
problem can be computationally intractable and the closed-form solution may not exist. We adopt
the greedy algorithm proposed by (2021). First, we obtain the ordered representation set
from the trained model for single regime data. Then, for efficient computation, we evenly split the
representation into N parts and randomly search the value of K in {2,3,4--- N — 1} Denote the
start and the end index of the representation by A and B respectively. We first consider K = 2 by
choosing the first splitting point C from all candidate splitting points via maximizing the distance
metric D (M ¢, Mcp). After C is determined, we then consider K = 3 and use the same strategy
to select another point D. A similar strategy is applied until the number of representation modes is
obtained.

B RELATION TO OTHER RESEARCH TOPICS

Our method characterizes dynamic variable dependencies of MTS data within each regime to perform
continual MTS forecasting tasks. The dynamic variable dependencies modeling and continual
adaptation nature relate our method to two research topics, i.e., the dynamic graph learning and
learning with temporal drift of MTS. Dynamic graph learning focuses on adapting to the changes in
the explicit graph structure and possibly features over time, and leverage it to facilitate downstream
tasks (e.g., node classification (2022a), link prediction [Wang et al| (2021), community
detection (2022)). In contrast, our proposed continual multivariate time series forecasting
method needs to discover underlying dependencies structure of variables over different regimes
(stages), by capturing the temporal dynamics of MTS data. On the other hand, temporal drift of
MTS represents the phenomenon where the data distribution of the target MTS changes over time in
unforeseen ways, where the approaches are often more reactive and focused on adapting to changes
in data distribution for a specific task |Du et al.[(2021); Kim et al.|(2021); |Lee et al.| (2022). Based on
the notion, it is important to emphasize the continual adaptation nature of continual learning setting
regarding the temporal drifts, where the catastrophic forgetting happens due to the shifts over multiple
regimes. That being said, continual MTS forecasters need to handle a variety of regimes, not just
adapt to changes in data distribution for a single one, which is to some degree more realistic and
challenging. Temporal drift represents a specific challenge within this broader spectrum of adaptation.

Moreover, while the aforementioned topics as well as our study deal with the evolving data, the
learning objectives can be very different. For the temporal drift methods, the objective is to adapt
the forecaster to these new MTS patterns by effectively detecting, responding to, and learning from
these changes. Similarly, the focus of dynamic graph learning is to adapt its model to cope with the
structural and possible feature changes. However, the main focus this paper is to prevent the model
from forgetting previously learned knowledge (coupled temporal dynamics and variable dependencies
in our scope) when adapting to new MTS distributions.
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C DATASETS, BASELINES AND EVALUATIONS FOR CONTINUAL MTS
FORECASTING

C.1 DATASETS

Traffic-CL Following the fashion in PEMSD3-Stream|Chen et al., we construct the Traffic-CL dataset
based on the PEMSD3 benchmark for continual MTS forecasting tasks. The PEMSD3 benchmark
data was collected by the Performance Measurement System in California |Chen et al.|(2001) in
real-time by every 30 seconds and further aggregated to 5-min granularity. The PEMSD3-Stream
dataset contains traffic data from 2011 to 2017. Specifically, data within a month period from July
10th to August 9th from every year was selected, where the traffic network keeps expanding from
year to year. The adjacency matrix for 7-th year is extracted by applying a Gaussian kernel to the
spatial all pairwise distances between two traffic sensors, as shown in Equation 5]

d?. . .
R} L <
i 4] exp ( ag) ,i#j and di; <e )
0, otherwise

where d;; denotes the spatial distance between sensor i and j. o4 and e are the standard deviation and
a predefined threshold (controlling the sparsity of the adjacency matrix, set as 1), respectively.

Based on the constructed PEMSD3-Stream dataset, we make the following modifications to further
simulate distinct regimes in the setting of continual forecasting. For each year, we rank and select
the top 100 traffic sensors with the largest node degrees, based on which we randomly select 22
sensors as a set representing a part of the major traffic. Next, we transform the continuous adjacency
weights to binary ones by a threshold, and use it as the structural knowledge. As such, each regime is
represented by a different portion of a temporally expanding traffic network from different years, with
a binarized structural prior and MTS data defined accordingly. The input horizon for the Traffic-CL
dataset is 12.

Solar-CL We build our continual MTS forecasting dataset based on the database for NREL’s Solar
Power Data for Integration Studieﬂ which contains 5-minute solar power data for near 6,000
simulated photovoltaic power plants in the United States for the year 2006. Note that the data in
Alabama with a 10-minute granularity is also known as the commonly used Solar dataset in many
existing MTS studies Wu et al.| (2020); [Lai et al.| (2018)); |Cao et al.|(2020); Liu et al.| (2022b).

kJ/m?). Based on the statistics’| and the aggregated MTS data at 10-minute, we select five states,
Massachusetts/MA (3944 kJ/m?) - Arizona/AZ (5755 kJ/m?) - North Carolina/NC (4456 kJ/m?)
- Texas/TX (5137 kJ/m?) - Washington/WA (3467 kJ/m?) as five regimes representing different
sunlight patterns in different spatial locations. For each state, 50 photovoltaic power plants are
randomly selected, where the spatial information is also used as a valid structural prior, as plants that
are geographically close share similar weather and sunlight conditions at a local level. Specially, we
first extract the longitude and latitude for each plant and calculate the pairwise geographic distances
among all plant pairs. Based on all pairwise distances, we generate the adjacency matrix by applying
a Gaussian kernel in Equation [3] where we set € = oo, indicating a fully connected continuous graph.
The input horizon for the Solar-CL dataset is 24.

We construct different regimes}ijl states with different average annual sunlight levels (measured by

HAR-CL We leverage the class boundaries in MTS classification data to construct different regimes
in forecasting tasks. Specifically, we build our continual forecasting dataset based on a commonly
used MTS Classification benchmark, the Human Activity Recognition (HAR) dataset/Anguita et al.
(2013bza) in the UCI databaseﬂ where the data is collected from a group of 30 volunteers from
19-48 years, wearing a Samsung smartphone on the waist and performing six activities of daily living
(Walking, Walking upstairs, Walking downstairs, Standing, Sitting, Lying). Each MTS sequence
contains 128 time steps and 9 variables that are recorded based on the accelerometer and gyroscope,
including the linear accelerations, the angular velocities, and total accelerations along the X-Y-Z axis.
The detailed setup for data collection can be found in Figure 1 of |Anguita et al.|(2013a).

1https://www.nrel.gov/qrid/solarfpowerfdata.html
https://worldpopulationreview.com/state-rankings/sunniest-states

https://archive.ics.uci.edu/ml/datasets/Human+Activity+Recognition+Using+Smartphones
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We notice that different human activities naturally form distinct regimes with unique temporal
dynamics, where deep learning methods easily achieve over 94% classification accuracy Wang et al.
(2019). Motivated by this fact, we construct the continual HAR forecasting dataset considering the
following details. Firstly, we select Walking, Walking upstairs, Walking downstairs, and Lying as
four different regimes in our task. Secondly, each regime contains over one thousand sequences that
are not always temporally connected due to different volunteers. As such, we iterate all sequences
and construct the input-output MTS windows in each 128-step sequence, after which all windows
are stacked as the training/validation/testing data in one regime. Secondly, we try to build the
structural knowledge for each regime based on the domain knowledge. We’ve already known that
linear accelerations are highly correlated to total accelerations along each axis, regardless of the
activities, but the dependencies among other variables are not very clear. Therefore, we examine
the Pearson correlations of all training sequences for each regime, where the mean of correlation
matrices demonstrate distinct patterns, and validate the strong correlations between linear and total
accelerations. However, the standard deviations are only small at the diagonal and the aforementioned
entries, suggesting a varying and uncertain structure for other variable pairs. To this end, we check a
small (15-th) percentile of each entry in the absolute correlation matrix, and apply a threshold to get
a binary mask representing the variable dependencies that we are confident of. Note that we only
regularize the learned structures to be consistent with the partially observed structural knowledge
at the masked entries. As such, we simulate the structured scenario when we are not aware of the
completed structural knowledge of MTS. The input for the HAR-CL dataset has 12 steps.

Synthetic-CL Lastly, we generate the synthetic data based on Non-repeating Random Walk |Denton
(2005)), which is used in [Liu et al|(2022b)) for the evaluation of the learned graph structure in a single
regime. Next, we introduce how to generate the MTS data for continual forecasting tasks.

Firstly, we describe how to generate the MTS data step by step. At time step ¢, given a dynamic
weighted adjacency matrix W), X = A/ (W-DXE-D o) € RV*!, where A denotes the
Gaussian distribution, o € R controls the variance, /N denotes the number of variables, and X g
randomly initialized from the set [—1, —0.5, 0.5, 1]. Secondly, we describe how the W (*) is generated
and how to construct different regimes based on W (). Assuming there are L total time steps, we
define W) as one of .S constant matrices (G(l), ...,G )), where G() is a Laplacian of sparsified
random adjacency matrix with sparsity ¢, spanning | L /S| time steps (|-| denotes the floor function).
As such, each regime is represented by MTS data with time steps from (i — 1) x |[L/S]| toi x |L/S],
with the corresponding weighted adjacency matrix W) = G Specifically, we set the number
of variable N = 10, the total time steps L = 24, 000, the number of regimes S = 4, the standard
deviation of noise o = 0.01, and the matrix sparsity § = 0.1.

There are two main differences between the synthetic setting of |[Liu et al.| (2022b) and our work
despite the setting of continual learning. Firstly, we don’t reinitialize the value of each variable
when the dynamic weighted adjacency matrix transits to a different one in order to preserve the
temporal continuity of MTS data across different regimes. Secondly, the evaluation of graph structure
learning is also different due to the forecasting setting. In this particular synthetic dataset, the
dynamic weighted adjacency matrix W) describes the data generation process at the single-step
level, which can be treated as the ground truth if the non-linear part of W(*) in the model learns an
identity mapping with Gaussian noise. As the graph learned in |Liu et al.|(2022b) is under the setting
of single-step prediction, the W (") itself is a reasonable reference for evaluation. In our cases of
performing multi-horizon forecasting, the matrix W (*) raised to a higher power can also demonstrate
how the dynamic is propagated in a sequence. In our exploration, we don’t assume W) is explicitly
given as the structural prior. Instead, we exploit the Pearson correlation of the generated MTS data
and formulate a binary structural prior based on strong absolute correlations, where we will examine
if the learned graph structure is able to reveal the variable interactions in W (), The input horizon for
the Synthetic-CL dataset is 12.

C.2 BASELINES
In this part, we introduce the state-of-the-art baseline methods evaluated in our paper.

* TCN|Bai et al.|(2018)): Temporal convolution networks (TCN) models the temporal causality
using causal convolution and do not involve structural dependence modeling.
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e LSTNet|Lai et al|(2018): LSTNet leverages the Convolution Neural Network (CNN) with a
kernel spanning the variable dimension to extract short-term local variable dependencies,
and the Recurrent Neural Network (RNN) to discover long-term patterns based on the
extracted dependency patterns for MTS forecasting.

* STGCN/Yu et al.[(2018): STGCN jointly captures the spatial-temporal patterns by stacking
spatial graph convolution layers that perform graph convolution using continuous structural
knowledge and temporal-gated convolution layers that capture temporal dynamics based on
the yielded spatial representations.

* MTGNN|Wu et al.| (2020): MTGNN learns a parameterized graph with top-k connections for
each node, and performs mix-hop propagation for graph convolution and dilated inception for
temporal convolution. The parameterized graph is purely optimized based on the forecasting
objective. At the testing stage, the inferred graph is static due to the fixed parameters.

* AGCRN [Bai et al.[(2020): AGCRN models the dependencies graph structure as a product
of trainable node embedding and performs graph convolution in the recurrent convolution
layer for MTS forecasting. The node embedding and yielded graph are purely optimized
based on the forecasting objective. At the testing stage, the inferred graph is static due to the
fixed parameters.

* GTS|Shang & Chen/(2021): GTS infers steady node representations and global node relations
from entire training MTS data. The learned dependency structure is used in Diffusion
Convolution Recurrent Neural Networks (DCRNN) for MTS forecasting. The parameterized
graph is optimized based on the forecasting objective as well as the regularization based on
binary structure priors. At the testing stage, the graph is sampled from learned binary edge
distributions.

* ESG|Ye et al.|(2022): ESG learns evolving and scale-specific node relations from features
extracted from MTS data. A series of dynamic graphs representing dynamic correlations are
utilized in sequential graph convolution and temporal convolution. The dynamic graphs are
learned via the optimization of feature extraction layers based on the forecasting objective.
At the testing stage, the graphs are dynamics inferred based on each MTS input window.

* StemGNN Cao et al.| (2020): The Spectral Temporal Graph Neural Network (StemGNN)
is a Graph-based multivariate time-series forecasting model, which jointly learns temporal
dependencies and inter-series correlations in the spectral domain, by combining Graph
Fourier Transform (GFT) and Discrete Fourier Transform (DFT).

* Autoformer(Wu et al.|(2021)): Autoformer is a Transformer-based model using decomposition
architecture with an Auto-Correlation mechanism to capture cross-time dependency for
forecasting.

* PatchTST|Nie et al.|(2022): PatchTST model uses channel-independent and patch techniques
to tokenize input time series and perform time series forecasting by utilizing the vanilla
Transformer encoders.

* Dlinear Zeng et al.|(2023): DLinear adopts trend-seasonal components decomposition tech-
niques for time series data and applies MLP-based architectures for time series forecasting.

* TimesNet [Wu et al.| (2022): TimesNet model leverages intricate temporal patterns by
exploring the multi-periodicity of time series and capture the temporal 2D-variations in 2D
space using transformer based backbones.

The differences between the graph learning baselines and our method are illustrated in Table [5
Compared with the state-of-the-art method, our proposed SKI-CL backbone model learns a dynamic
graph for nonstationary MTS modeling, which is also capable of incorporating structural knowledge
with different forms and availability scenarios so as to characterize the dependency structure and
temporal dynamics of each regime.

Training Details The dynamic graph inference module consists of 3 stacked 2D convolutional layers.
Using Cjy,, Cyyt to denote the number of channels coming in and out, the parameters of these
convolutional layers are [ C;,, = 1, Cyyt = 8, kernel size = (1,2), stride = 1, dilation =2 ], [C;,, =
8, Cout = 16, kernel size = (1,3), stride = 1, dilation = 2 ] and [C};,, = 16, C,; = 32, kernel size
= (1,3), stride = 1, dilation = 2 ] respectively. Each batched output is normalized using the Batch
Norm2d layer. The hidden dimension for the node feature project is set at 128. For optimization,
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Table 5: Taxonomy of Graph Learning Methods for MTS Forecasting

Method Learnable Dynamic  Use Prior Structure Form Structure Availability

Binary Continuous Complete  Partial

X v/ 4 X

STGCN
AGCRN
MTGNN
ESG
StemGNN
GTS
SKI-CL

NSISNTNIN|SNSN x>
NI | NN X[ X
SIS X[ X[ %%

we train SKI-CL with 100 epochs for every stage under Adam optimizer with a linear scheduler.
For the learning rate schedule, we use a linear scheduler, which drops the linear rate from 0.0001
to the factor of 0.8 for every 20 epochs. The data split is 6/2/2 for training/validation/testing. We
use a batch size of 32/64/64 for the Traffic-CL, Solar-CL and HAR-CL datasets and use a batch
size of 8 for our synthetic dataset. Considering the sizes of datasets, the default memory for each
regime is 1% for Traffic-CL and Synthetic-CL and 0.1% for Solar-CL and HAR-CL, respectively.
We also weigh the examples in the current stage and in memory differently. We apply a weighted loss
regarding the sizes of memory and training data, as stated in the manuscript, and we also construct a
data loader that guarantees the balance between training data and memory data. For the setting of our
distribution characterization scheme, the default values are N = 10 and K = 7. We implement our
models in Pytorch. All experiments are run on one server with four NVIDIA RTX A6000 GPUs. We
will release our code upon paper acceptance.

C.3 EVALUATIONS

Multi-horizon MTS Forecasting We use two common evaluation metrics for multi-horizon MTS
forecasting, Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE), which are given as:

. 1 < A
MAB(Y,Y) = = "|yi — 4l ©)
t=1

N

where 7 is the number of time steps, §; is the forecasting results at ¢-th time step and y; is the
corresponding ground truth. Besides, ¢ and ¢ denote the mean values of ground truth and forecasting
results, respectively.

Learning Faithful Dependency Structures For continuous edge variables, we still use MAE and
RMSE to measure the similarity between the learned weighted graphs and continuous structural
knowledge in an average sense, where the 7 in Equations [6] and [7] denotes the entry of adjacency
matrix. For binary edge variables, we use the average precision (Prec.) and recall (Rec.) to measure
the similarity between the learned dependency structures over all testing MTS input windows and the
binary structural prior at each regime, which are given as:

Prec. — — & ®)
T TPtFP
TP
Ree = TP+ TN ©
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GTS Prec. (AP): 0.64 Prec. (AF): -0.028 Rec. (AP): 0.53 Rec. (AF): -0.37
SKI-CL Prec. (AP): 0.88 Prec. (AF): -0.08 Rec. (AP): 0.81 Rec. (AF): -0.10

Figure 5: Visualization of Learned Structures on Traffic-CL Dataset.

where TP denotes the number of identified edges that exist in the structural prior, TN denotes the
number of non-identified that do not exist in the structural prior, FP denotes the number of identified
edges that do not exist in the structural prior, and FN denotes the number of non-identified edges that
exist in the structural prior.

Continual MTS Forecasting and Dependency Structures Preserving We adopt two widely used
metrics to evaluate the performance on continual MTS forecasting and dependency structures pre-
serving, i.e., the Average Performance (AP) and Average Forgetting (AF) [Lopez-Paz & Ranzato
(2017); Zhang et al.| (2022a)), where the AP and AF at ¢-th regime are defined as:

9

P,
AP ="t v
> = Vi > 1 (10)
J=1
i—1 (Pi; —P,.)
— 2y 753 P>
AF ;:1 Vi > 2 (11

where P; ; denotes the performance on regime j (including the forecasting performance and structure
similarity) after the model has been sequentially trained from stage 1 to i.

Even if we provide both metrics for performance evaluation, we need to emphasize the superiority of
average performance over average forgetting in continual learning. Average performance provides
a direct measure of how well a learning system is performing on a task or set of tasks. It reflects
the system’s ability to retain previously learned knowledge over past regimes while adapting to new
information. While average forgetting is a relevant metric in assessing the memory capabilities of a
learning system, it does not provide a complete picture of the learning system’s retention abilities.
The average performance takes into account both the retention of old knowledge and the acquisition
of new knowledge, providing a more comprehensive evaluation of the learning system’s performance.
Therefore, we use average performance as the main evaluation metric and average forgetting as an
auxiliary metric to measure knowledge retention and model adaptivity.
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MTGNN Prec. (AP): 0.53 Prec. (AF): 0.00 Rec. (AP): 0.42 Rec. (AF): 0.00
GTS Prec. (AP): 0.91 Prec. (AF): -0.01 Rec. (AP): 0.88 Rec. (AF): -0.01
SKI-CL Prec. (AP): 0.88 Prec. (AF): -0.01 Rec. (AP): 0.87 Rec. (AF): -0.004

Figure 6: Visualization of Learned Structures on Synthetic-CL Dataset.

D VISUALIZATION OF LEARNED DEPENDENCY STRUCTURES

In this section, we provide case studies of the learned dependency structures for continual MTS
forecasting on all datasets, as shown in Figure S][6][7, and[§]. For binary edge scenarios, we compare
our proposed SKI-CL with MTGNN,, and GTS,;, which only support discrete edge formulation
and yield better performance over other baselines. For continuous edge scenarios, we compare our
SKI-CL with ESG; that only support continuous edge formulation. For ESG,,, we visualize the
generated graph at the last step representing the temporal dynamics of the whole sequence. All the
results are plotted after the model is trained at the last regime, where the average structure similarities
over all testing windows are also annotated under the case visualizations.

We first discuss the results on the Traffic-CL dataset as shown in Figure[5} As MTGNN directly
learns a parameterized graph, it can only infer one fixed dependency structure reflecting the model at
the latest regime. That being said, even if the model with experience replay is able to maintain the
forecasting performance over the past regimes, the inferred graph fails to preserve the learned unique
variable dependencies for each regime. Similarly, GTS infers a graph based on parameterized edge
distributions, which also reveals the dependencies in a static sense. The incorporation of structural
knowledge helps GTS characterize each regime in continual learning, which renders more relevant
dependency structure for each regime. Nevertheless, learning a static edge distribution over regimes
falls short of handling varying relational and temporal dynamics in complex environments. Another
inherent drawback of GTS is that GTS has to access the training data and memory buffer when
inferring graphs at the testing stage, which is not realistic for practical model deployment in real-
world applications. Compared to these baselines, our model yields better forecasting performance
(as shown in the manuscripts, as well as Table [§] and a faithful dependency structure that is more
consistent with structure knowledge for each regime. These observations demonstrate the importance
of the joint design of the dynamic graph inference module and the regularizer based on a structural
prior.

For results on Synthetic-CL dataset as shown in Figure[6] the aforementioned observations still hold
despite the comparative performance of GTS due to the simplicity of this dataset. Moreover, our
model and GTS regularized with strong absolute correlations are able to render binary structures that
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Regime 1: MA Regime 2: AZ Regime 3: NC Regime 4:TX Regime: WA

ESG MAE (AP): 0.35 MAE (AF): 0.01 RMSE (AP): 0.51 RMSE (AF): 0.01
SKI-CL MAE (AP): 0.17 MAE (AF): 0.03 RMSE (AP): 0.23 RMSE (AF): 0.05

Figure 7: Visualization of Learned Structures on Solar-CL Dataset.
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Figure 8: Visualization of Learned Structures on HAR-CL Dataset.
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Table 6: Hyperparameter analysis for distribution characterization

Forecasting Performance(x 10~ 2y Structure Inference Performance

NK 7 ap AF AP AF
MAE RMSE MAE RMSE Prec. Recall Prec. Recall
5 3 354 435 0.30 0.38 0.69 0.60 -0.11 -0.17
10 3 334 427 020 0.27 0.65 0.69 -0.04 -0.11
10 5 3.27 425 0.18 0.25 0.80 0.78 -0.01 -0.06
10 7 324 424 0.15 0.23 0.76 0.76 -0.06 -0.08
15 5 345 4.18 0.27 0.33 0.75 0.71 -0.06 -0.12
15 10 3.26 4.25 0.15 0.21 0.86 0.75 -0.06 -0.09

capture the single-step and multi-step variable interactions of the ‘ground truth’ dynamic adjacency
matrix W* and its 12th power (the input window size) for each regime.

We next discuss the results on the Solar-CL dataset as shown in Figure[7] where the edge is formulated
as a continuous variable. It is clear that our proposed SKI-CL still gains advantages in terms of pre-
serving a faithful continuous dependency structure for each regime. Instead, ESG that learns dynamic
graphs still falls short of capturing a relevant structure due to the lack of regime characterizations.

Finally, we investigate our method on the HAR-CL dataset (as shown in Figure[8) when the structural
knowledge is partially observed. Here, we do not evaluate the structure similarity due to the
incompleteness of the prior as a referencing graph. Instead, we focus on how our model leverages the
limited but confident knowledge in dependency structure learning. It can be seen that MTGNN fails to
capture the important relationships that reveal in the structural knowledge. Besides, GTS consistently
inferred a fully connected graph at the testing stages (even if we have tuned the temperature in
the Gumbel-Softmax module), which renders a less meaningful dependency structure. Instead, the
proposed SKI-CL exploits partial knowledge and renders faithful structures. For example, SKI-CL is
able to capture the correlations of linear accelerations, angular velocities, and total accelerations within
three axes, and the irrelevance between accelerations and angular velocities, which is reasonable in a
binary sense for lying down behavior. Besides, even if the partial structural knowledge is the same
for walking upstairs and walking downstairs, the SKI-CL is able to identify different dependencies
patterns for different activities. It demonstrates the effectiveness of the SKI-CL on partially observed
structural knowledge, suggesting a certain generalizability of our proposed framework in MTS
modeling.

E HYPERPARAMETERS ANALYSIS

In this section, we supplement additional analysis of distribution characterization hyperparameters,
namely the granularity IV (10 by default) and the mode number K (7 by default), using Synthetic-CL
dataset. As shown in Table [6] for a fixed N, a relatively large K facilitates inferred structure-
preserving and mitigated the forgetting in time series forecasting. When N and K are close, average
performance and average forgetting behavior are insensitive to the choice of these hyperparameters.
However, a small N degrades the structure-preserving ability as the average forgetting on precision
and recall increases.

F EXPERIMENTAL RESULTS FOR DIFFERENT HORIZON FORECASTING

Table[§]summarize the experiment results of baselines and our proposed SKI-CL method with variants
for different horizon forecasting performance based on three rounds of experiments. We intentionally
select 3-horizon prediction on Traffic-CL and Solar-CL datasets as the settings in Wu et al.|(2020) and
Cao et al.|(2020). While for HAR-CL and synthetic-CL dataset, 6-horizon prediction performance is
reported. Based on the results, the memory-replay-based methods generally alleviate the forgetting
issues with better APs and smaller relative AFs. Under different horizon prediction settings, SKI-CL
and its variants (SKI-CL,, and SKI-CLge+) still consistently achieve the best or the second-best APs,
demonstrating its advantages over other baseline methods.
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Table 7: 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 (x10~2) Synthetic-CL(x 10~ 2)

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
VARGeq 88.19 126.01 58.38 80.58 167.30 534.42 205.27 658.80 19.59 2838 193 2.19 2234 3270 9.18 13.54
ARIMAeq 14175 159.89 77.61 77.40 1497 1892 475 292 40.68 52.87 235 238 4224 4351 1339 1298
LSTNetyeq 2701 4287 11.19 1672 3.5 576 112 114 1600 2396 278 3.77 24.13 3135 546 732
LSTNet,;; 2179 3537 439 521 273 551 093 084 1573 23.14 145 1.67 2144 2723 057 072
LSTNetperg 2086 3356 324 458 309 571 108 099 1506 2298 137 159 2031 2622 036 043
LSTNet,, 2067 3338 321 483 249 518 025 032 1479 2244 079 086 20.12 2617 1.01 1.08
LSTNetgerst 2005 3222 266 396 244 513 016 020 1496 2183 070 0.83 20.14 2608 033 0.76
STGCNseq 3045 49.51 1391 2077 299 575 081 099 1736 2638 179 225 889 13.67 455 7.36
STGCNyir 2563 43.07 851 927 286 569 073 090 1725 2580 140 211 857 13.58 420 6.82
STGCNperg 2489 4142 504 851 283 562 067 074 1730 2584 149 216 850 1321 3.80 646
STGCNe; 28.53 47.63 938 1579 281 557 081 095 1619 2481 115 196 7.77 1210 3.56 5.99
STGCNgerss 27.06 4577 778 13.88 271 560 056 053 1605 23.53 094 116 7.64 1137 277 5.06
AGCRN g 21.84 3593 7.87 1206 4.02 732 -041 -039 1801 2591 1.0 1.62 1458 2368 137 175
AGCRN 2003 3452 3.3 701 381 692 -033 -035 1551 2357 083 1.03 1440 2256 133 1.65
AGCRNyerg 1863 3132 239 419 314 578 -023 -0.13 1565 23.92 021 193 1442 2258 131 167
AGCRN; 1858 31.00 2.82 517 211 407 -1.77 -253 1526 2325 032 051 13.67 2098 056 1.11

AGCRNyepst 1829 3041 258 456 436 7.63 -0.65 -086 1523 2323 0.28 049 13.14 2062 125 1.54

StemGNN;eq 18.53 3123 448 744 279 553 042 052 1619 2481 221 3.01 13.83 2001 191 1.88
StemGNN,,,;; 17.73 2975 221 517 275 551 015 039 1611 2393 1.53 1.77 1275 1923 1.13 1.45
StemGNNj¢ g 17.55 2963 1.73 329 278 550 105 1.16 16.07 23.77 1.04 153 12.69 1846 1.10 1.30
StemGNNe, 17.01 28.68 2.07 3.69 273 552 004 0.6 1595 2332 121 125 1213 18.18 0.65 0.59
StemGNNge  17.26 2921 163 329 220 4.88 -0.04 002 1578 2312 1.01 092 1219 1798 0.26 0.61

TCNseq 16.88 28.67 3.77 6.83 2.03 484 006 024 1485 2342 3.60 506 430 490 0.66 0.99
TCNpyir 1570 2653 170 322 199 479 010 0.19 1391 22.15 264 293 379 4.63 046 0.73
TCNperd 1555 2621 149 281 201 482 0.3 023 13.87 22.08 205 288 372 461 035 0.67
TCNer 1551 2623 146 280 198 473 -0.05 0.02 13.66 21.78 1.82 259 329 430 034 0.61
TCNyer++ 1546 2568 133 249 195 469 -0.07 -0.02 1356 21.55 1.69 228 3.00 4.00 0.28 0.32
ESGyeq 18.77 30.02 646 10.07 280 577 128 1.74 17.63 26.84 7.28 941 898 14.19 132 1.98
ESG i, 1824 29.83 502 825 203 483 025 049 1725 2663 401 521 895 1391 121 181
ESGyerq 17.49 2864 482 745 192 472 013 053 1722 2659 399 513 894 13838 1.11 1.74
ESGe 16.40 2750 3.05 534 201 482 024 044 17.15 2584 4.63 533 884 1386 121 1.62
ESGyers+ 17.40 2921 4.01 697 191 457 009 021 1620 2432 518 6.00 881 1377 1.02 142
GTSseq 1726 29.11 233 348 219 520 027 059 1644 2541 3.68 510 651 889 1.88 3.39
GTSi; 17.17 29.08 2.13 331 215 516 0.14 068 1583 2485 327 491 644 857 131 286
GTSpherd 17.00 29.01 2.17 298 211 506 0.13 030 1565 2433 199 286 634 823 1.18 181
GTSer 1583 2620 1.12 252 201 475 012 005 1506 2352 2.00 273 559 632 044 0.69
GTSger++ 15.84 2605 1.15 233 194 457 -025 -0.19 1480 2301 152 188 543 6.67 023 030
MTGNN;eq 19.88 3294 7.83 12,68 212 475 038 044 1486 2258 259 3.61 1026 1492 1.16 181
MTGNN,;, 18.01 31.84 503 897 200 473 021 040 1459 2252 224 353 892 1291 1.07 133
MTGNNeq 17.93 3070 490 840 189 468 0.13 035 1409 2250 1.13 162 811 1288 1.03 127
MTGNN;; 1579 2652 276 487 194 462 014 025 1359 2185 191 279 870 13.69 0.61 121

MTGNNers 4 1540 2599 222 410 190 457 006 0.14 1357 21.75 1.63 240 863 1351 0.50 0.92

Autoformerseq  23.92 4040 258 442 604 1141 053 156 1997 2876 281 3.08 5.5 6.87 053 046
Autoformer,;;  23.85 40.13 221 4.07 595 1118 087 1.14 1857 2793 145 288 512 6.73 032 0.37
Autoformeryq 2390 4021 243 429 591 11.12 090 1.20 1878 28.03 142 266 5.00 6.65 023 0.24
Autoformere, 2326 3898 128 200 583 1089 049 132 1842 27.05 129 201 502 6.66 024 025
Autoformerye.. 22.11 3734 1.08 192 534 929 021 1.14 1812 2691 1.12 1.85 497 6.61 0.18 0.23

PatchTSTyeq 19.11 3250 234 297 264 532 072 043 1791 27.13 7.18 6.88 485 593 159 1.78
PatchTST,,;, 19.04 3223 228 279 261 530 070 040 17.82 26.89 6.82 4.81 483 586 155 1.72
PatchTSTy g 18.96 32.10 221 267 260 530 068 035 17.73 26.84 6.62 479 480 579 143 1.68
PatchTST,, 18.77 3150 1.98 201 257 527 047 030 17.57 2640 6.02 469 472 526 1.03 1.54
PatchTSTg..,., 1853 3134 1.75 198 253 517 043 028 17.12 26.13 579 432 464 513 083 0.88
DLinearseq 19.69 3275 291 283 347 656 1.17 1.12 1732 2631 271 343 481 581 1.64 1.57
DLinear,;, 19.37 3225 217 259 345 6.51 1.02  1.01 16.87 26.12 267 3.01 479 573 147 140
DLineary,qq 19.53 3240 225 268 341 650 103 1.00 16.83 2581 257 291 477 570 159 146
DLineare, 19.19 3230 1.73 214 337 643 093 098 1671 2575 213 285 474 520 123 143
DLinear ey 4 19.02 3197 1.75 193 325 637 083 079 1658 2547 192 277 421 488 1.12 1.13
TimesNetgeq 17.77 2991 3.13 693 392 7.8 146 251 1838 27.61 433 515 518 6.13 1.72 2.03
TimesNet,,; 17.53 2961 244 532 377 7.5 122 157 1827 2759 401 508 512 6.05 1.69 1.97
TimesNetpe q 17.38 2953 256 583 3.83 7.0 103 144 18.01 2753 346 503 510 6.03 1.68 1.95
TimesNete, 1725 2933 197 419 355 7.02 042 091 17.84 27.07 328 401 493 590 142 190
TimesNetger, 4 17.13 2928 156 4.02 345 655 037 090 17.73 26.86 3.11 3.87 481 588 132 1.78
SKI-CLseq 17.30 2938 4.38 7.80 2.02 473 030 050 1473 2331 391 507 470 585 197 346
SKI-CL;; 1577 2632 195 347 198 469 035 056 13.65 21.77 2.61 3.82 453 501 1.67 221
SKI-CLjperg 1545 2573 1.82 328 200 470 033 052 1371 21.82 253 3.67 444 482 123 202
SKI-CLe 1543 2560 1.69 292 195 467 0.1 023 1358 21.57 1.82 250 339 452 030 0.38
SKI-CLger4+ 1539 2557 1.63 287 191 460 0.10 021 13.50 2147 1.74 242 333 443 0.28 0.30
SKI-CL 1524 2533 150 271 175 446 009 006 1341 2130 1.64 208 324 424 0.15 023

We also provide the standard deviation of AP and AF for the above continual forecasting performance,
as shown in Table[9] It can be seen that the standard deviation of SKI-CL is generally comparative or
lower to other variants except the Synthetic-CL dataset.
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Table 8: Experiment Results for Different Horizon Prediction (3-step Horizon Prediction for Traffic-CL and
Solar-CL and 6-step Horizon Prediction for HAR-CL and Synthetic-CL) (Lower MAE and RMSE for AP mean
better; When AP is comparable, lower MAE and RMSE for AF mean better. )

Traffic-CL (3) Solar-CL (3) HAR-CL (6) (x1072)  Synthetic-CL (6) (x 10~ 2)

Model
ode AP AF AP | AF AP | AF AP | AF

MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE
VARq 7336 104.97 70.26 97.19 59.30 196.75 72.88 242.41 18.04 27.37 101 128 18.61 27.33 7.70 11.40
ARIMA 141.53 159.81 77.65 78.19 14.93 19.12 584 3.71 41.02 53.11 242 211 4225 4353 13.41 13.01
TCNyeq 13.89 2212 257 477 093 271 012 0.13 1271 2046 298 435 381 337 026 033
TCNhera 1362 2197 163 189 090 264 004 003 11.85 1934 1.70 253 277 331 023 031
TCN,, 1321 2185 1.58 163 092 264 003 002 11.68 1898 154 229 267 3.18 0.18 0.22
TCNgers+ 1350 21.90 148 157 087 263 003 005 11.63 1897 146 211 273 329 0.15 0.17

Autoformers.,  18.19 30.22 2937 423 3.19 647 082 1.69 1679 2478 1.83 198 3.83 538 0.35 024
Autoformeryq 17.72 2.67 1.89 3.02 289 534 0.67 123 1601 2412 158 1.78 371 526 031 0.20
Autoformer,, 16.07 26.82 136 254 254 5.02 0.13 023 1566 23.88 157 158 3.65 526 024 0.17
Autoformerg.. 16.17 27.01 1.74 293 247 479 0.2 033 16.14 2428 159 156 352 501 0.17 0.13

LSTNet,q 24.89 3949 1050 15.63 245 477 1.09 145 1413 2190 4.05 549 2531 3371 7.44 10.61
LSTNetyeq 19.11 30.68 322 473 226 443 081 089 13.12 20.66 2.64 3.66 19.75 26.28 0.60 0.90
LSTNet., 1829 2942 255 395 187 410 037 055 12.65 20.06 2.08 294 1931 2476 0.31 0.77
LSTNetgers+ 17.94 2896 203 3.18 1.78 398 0.18 0.28 1255 1994 1.85 2.86 1892 2426 0.77 0.57
STGCNieq 26.80 42.22 1190 1448 3.14 630 1.86 3.16 1652 25.04 521 652 821 1290 227 4.63
STGCNhera 26.53 4356 936 1479 257 599 1.5 265 1541 2397 412 569 553 865 142 337
STGCN,, 2554 4243 829 11.71 241 4838 1.10 1.52 15.11 2354 372 425 512 849 1.15 176
STGCNyer++ 2553 4243 8.12 10.03 226 441 066 063 1551 23.64 352 413 695 11.12 186 2.89
AGCRNjq 16.13 2621 3.65 529 144 321 031 060 13.82 21.88 297 4.06 13.00 21.16 0.99 047
AGCRNerq 1517 2532 159 271 130 3.14 0.11 033 1232 20.63 2.03 396 1218 19.27 0.12 0.16
AGCRN,, 14.88 2472 147 243 127 3.04 0.10 0.04 1228 2054 198 3.03 10.84 16.82 0.10 0.17

AGCRNgers+ 15.02 2515 141 266 1.17 3.01 0.03 0.03 1201 20.18 1.76 295 1240 19.56 025 0.23

StemGNN;q 1410 2351 192 163 130 3.10 024 028 1731 2543 631 723 11.71 17.77 154 1.01
StemGNNperq 1378 23.01 098 1.03 1.17 292 022 025 1651 2503 521 423 9.17 1397 1.03 0.65
StemGNN,, 1349 2259 036 042 100 273 004 005 1643 2483 519 4.13 838 1295 0.96 0.97
StemGNNgersw  13.37 2242 031 037 1.03 287 0.04 0.07 1625 2451 510 4.01 9.02 13.65 0.89 0.85

ESGyeq 14.62 23.83 372 539 175 293 092 083 16.57 2507 534 621 868 1395 1.06 157
ESGherd 1453 2379 326 471 101 278 0.14 027 1431 23.17 448 539 7.61 1225 0.71 1.15
ESG., 13.07 2211 1.62 293 115 271 032 025 1421 2301 437 521 721 11.65 0.61 089
ESGuers+ 1392 23.17 252 398 098 267 0.16 021 14.10 22.87 4.13 4.83 8.08 1295 0.35 0.52
GTS;q 1520 27.09 323 732 120 3.19 0.19 048 1444 2341 351 4.63 490 6.71 0.56 0.61
GTShera 1433 2355 282 378 1.03 269 0.05 0.10 13.78 22.89 3.08 4.05 471 6.66 0.13 0.20
GTS,, 1454 2465 196 358 094 267 0.08 0.05 1338 2245 295 397 441 640 0.13 0.19
GTSgers+ 1407 2412 125 339 096 267 005 0.15 1334 2241 293 3.89 439 639 0.12 0.18
MTGNN;q 1442 2394 334 513 114 276 032 030 1287 20.66 351 480 7.63 1244 0.59 0.67
MTGNNerd 13.55 2255 213 335 096 269 0.3 023 1198 19.78 242 3.61 743 11.99 045 0.61
MTGNN,; 1395 2229 203 302 095 274 005 0.16 11.30 18.67 1.51 215 6.38 10.13 0.35 0.53
MTGNNer++ 1299 21.86 124 224 091 272 0.03 0.10 11.27 18.64 122 1.81 631 10.10 0.18 0.41
SKI-CLjq 13.81 2316 252 425 090 263 0.09 0.14 1241 1937 254 378 372 526 202 3.10
SKI-CLjerg 1291 21.80 143 255 087 265 007 0.12 11.78 19.04 1.89 295 3.11 4.18 023 045
SKI-CL., 1266 21.21 126 227 088 264 005 006 11.67 1895 154 235 285 3.60 0.17 0.16
SKI-CLyer++ 1261 21.20 1.10 1.72 085 256 0.04 005 11.55 18.84 1.40 206 233 3.05 0.10 0.13
SKI-CL 1249 2101 093 1.60 0.82 254 0.02 0.02 11.01 1825 121 1.78 2.01 285 0.05 0.03
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Table 9: Standard Deviations for 12 Horizon Prediction.

Traffic-CL Solar-CL HAR-CL (x1072) Synthetic-CL(x 10~ 2)

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

LSTNet,, 042 065 055 074 008 003 009 003 041 051 045 0.61 048 064 081 0.17
LSTNet,;; 021 027 042 064 005 005 008 004 032 043 039 058 047 041 042 0.11
LSTNetyer 0.17 021 040 060 004 003 007 003 028 042 044 057 043 045 039 0.12
LSTNet,q 0.19 025 039 065 002 007 005 005 034 048 067 052 040 040 041 0.11
LSTNetycr.. 007 013 0.5 021 003 005 004 004 028 037 029 045 030 035 049 0.6l
STGCNqq 1.09 191 130 225 007 009 0.1 012 035 047 037 031 102 162 0.60 0.90
STGCNpi 171 149 190 271 008 022 003 014 025 043 031 023 027 060 039 0.57
STGCNjer 154 210 172 250 011 030 007 031 028 027 020 032 038 059 036 0.63
STGCNiyg 1.65 141 187 294 007 0.6 005 0.19 027 041 025 027 025 063 042 059
STGCNers+ 158 218 1.77 254 010 027 015 035 023 027 019 025 038 059 042 0.60
AGCRN,q 044 058 045 088 033 026 024 035 061 051 041 037 026 079 0.3 035
AGCRN,; 037 041 037 070 027 032 033 020 053 041 035 044 035 083 031 051
AGCRNjerq 049 099 038 092 036 026 043 0.17 048 052 055 059 028 095 0.36 047
AGCRN, 031 036 034 064 015 035 031 013 058 047 039 040 030 089 025 050

AGCRNger++ 056 1.15 043 0.85 029 027 037 0.18 045 062 049 056 030 095 032 0.21

StemGNN;q 022 018 077 124 0.6 013 018 0.19 025 047 023 031 095 044 038 058
StemGNN ;i 020 023 032 043 0.9 020 014 026 029 035 031 022 024 027 042 028
StemGNNierq 025 043 072 085 0.5 019 015 0.13 028 033 026 024 045 070 040 043
StemGNN g 0.16 0.16 021 022 0.17 0.18 0.14 022 023 039 027 021 026 026 049 032
StemGNNgerr+ 029 040 065 0.89 012 0.11 019 007 028 041 029 031 054 071 055 047

TCNieq 0.11 0.15 0.13 0.17 005 0.07 008 0.13 001 003 005 008 005 005 025 044
TCNpir 0.18 0.10 0.12 021 0.5 0.05 0.12 0.09 0.09 0.11 0.09 0.07 0.15 035 034 055
TCNhera 0.09 0.08 0.09 010 0.06 003 005 0.13 0.08 013 0.07 012 0.17 027 0.16 025
TCNmg 0.10 0.11 0.11 0.13 0.04 0.04 010 0.10 0.04 0.16 0.02 0.02 021 037 029 051
TCNyers+ 0.10 0.10 0.08 0.09 0.01 0.08 006 0.10 0.04 009 0.03 0.07 025 037 0.14 023
ESGyeq 048 0.70 0.65 087 0.62 067 076 0.83 031 030 035 031 010 0.65 035 033
ESGir 043 037 019 045 0.8 0.18 0.13 027 082 057 059 054 088 1.12 097 1.08
ESGera 045 052 041 048 0.6 030 020 036 073 132 101 133 051 056 055 041
ESGina 043 049 044 035 0.19 029 025 042 1.05 188 143 260 045 0.63 0.53 043
ESGyer++ 037 047 039 054 0.06 002 006 0.08 089 067 059 045 085 121 095 1.15
GTSseq 0.11 027 0.10 021 0.14 043 019 055 029 034 038 051 057 0.80 0.56 0.63
GTSpir 038 029 007 020 022 020 012 0.11 032 050 0.02 021 067 094 034 0.83
GTShera 020 052 028 070 0.10 023 007 0.0 055 075 040 0.70 054 057 021 040
GTSpng 0.18 029 020 039 0.03 0.14 006 0.08 058 081 051 065 043 045 028 042
GTSgers++ 023 028 0.16 0.19 0.04 0.15 007 021 030 045 0.11 020 061 095 048 085
MTGNN;eq 031 035 0.15 030 0.03 0.06 005 0.07 0.10 015 0.10 024 041 0.64 024 0.10
MTGNNie 035 0.12 017 015 0.05 0.12 0.10 0.18 0.11 023 031 031 053 052 025 0.19
MTGNNerd 0.11 029 033 031 013 0.5 011 022 009 039 026 036 060 058 0.17 0.27
MTGNN ¢ 0.10 0.12 0.12 0.17 0.03 005 o0.11 0.17 0.13 019 0.14 027 034 057 023 0.13

MTGNNer++ 0.15 025 035 054 0.06 002 008 007 017 016 0.18 023 048 056 021 0.17

Autoformery, 0.58 1.11 151 288 0.1 027 020 023 012 031 027 024 065 041 032 0.51
Autoformer,,; 0.69 123 075 133 0.10 024 021 037 022 039 018 025 040 031 0.19 0.30
Autoformer,.q 0.77 143 067 120 036 036 023 041 012 0.13 014 0.12 090 0.61 0.71 0.70
Autoformer,s 086 142 074 1.18 0.8 031 024 031 0.17 027 035 031 046 031 025 043
Autoformerg.,. 0.84 1.54 063 134 026 043 022 040 0.18 030 021 023 072 071 054 047

PatchTST.q 027 021 025 046 024 017 0.12 021 024 010 026 0.15 0.16 0.54 040 054
PatchTST i 0.13 0.11 0.17 021 029 0.2 021 023 021 0.11 0.09 0.10 032 042 049 057
PatchTSTherq 0.17 0.13 019 0.17 0.12 0.08 0.12 0.14 024 010 027 0.13 0.10 0.54 040 049
PatchTST., 0.146 025 0.19 0.18 0.16 009 0.09 017 0.07 009 0.08 009 0.14 011 026 035
PatchTSTy.. 020 0.15 004 0.16 014 0.10 015 031 015 027 017 0.19 026 023 021 048

Dlinear;. 021 019 023 036 018 021 017 018 0.6 011 026 026 0.14 025 039 053
Dlinear;; 025 024 023 022 0.9 013 015 0.2 0.15 029 0.11 0.14 032 053 036 049
Dlineary.q 0.15 0.17 0.17 025 0.14 022 013 026 0.12 037 0.18 027 025 0.14 021 043
Dlinear,, 023 0.17 018 0.12 011 0.14 016 023 014 031 027 023 022 046 0.56 0.62

Dlinear e+ 0.16 0.08 0.08 0.14 0.13 0.14 008 028 0.01 016 0.13 012 029 049 023 032

TimesNet,.q 0.17 0.14 023 022 0.09 013 0.15 008 0.16 021 0.11 0.14 032 053 036 049
TimesNet i, 0.12 0.16 0.18 020 0.10 0.08 0.14 0.12 0.14 0.12 027 021 0.14 025 031 035
TimesNeterq 0.14 0.19 0.17 025 0.14 020 009 026 0.15 037 0.09 032 023 0.14 021 043

TimesNet,, 008 0.10 0.12 020 0.18 0.13 0.12 020 0.09 0.15 0.07 024 0.11 021 0.18 036
TimesNet e+ 0.07 0.13 011 0.15 009 0.11 008 026 007 0.13 006 0.15 0.18 031 021 033
SKI-CLgq 030 040 039 054 0.03 003 004 0.04 003 002 004 017 017 026 0.17 023
SKI-CLy;r 0.14 031 022 020 0.01 003 008 0.02 001 022 022 029 036 031 0.11 021
SKI-CLjerq 0.15 021 0.14 020 0.05 0.07 007 0.09 005 012 0.15 019 0.18 025 025 036
SKI-CL;nq 0.04 0.10 0.04 0.16 0.06 006 005 0.10 0.02 009 023 021 016 022 035 049
SKI-CLger++ 0.04 0.07 012 0.17 004 005 008 0.11 004 0.12 015 0.13 025 029 0.15 0.11
SKI-CL 0.04 0.06 0.03 003 0.02 005 003 0.08 004 009 0.08 0.09 027 027 0.13 0.09
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Regime 1

Regime 2

Regime 3

Regime 4

Figure 9: A case study of SKI-CL on Synthetic-CL dataset. In each regime, red rectangles indicate the
correspondence between the ground truth time series (top-left) and the inferred variable dependencies (top-right),
red arrows indicate the comparisons between these ground truth values and corresponding predictions (bottoms).

G A CASE STUDY WITH INFERRED DEPENDENCY STRUCTURES AND
PREDICTION VISUALIZATIONS

We provide a case study on the Synthetic-CL dataset to illustrate the efficacy of SKI-CL, as shown in
Figure[9] Our analysis is based on the final SKI-CL model that has been sequentially trained over all
regimes. We select three variables (nodes) and visualize the testing data, where the temporal dynamics
obviously differ across four regimes. It is clear that SKI-CL can render a faithful dependency structure
that well aligns the similarity of variables in each regime (e.g., three nodes are highly similar to each
other in regime 1; only node 1 and node 2 are similar in regime 4). Moreover, SKI-CL gives relatively
accurate forecasts that capture each variable’s temporal dynamics of ground truths.
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