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Abstract

Modeling inter-channel dependencies is important
for multivariate time series forecasting (MTSF).
However, in many cases, inter-channel dependen-
cies are time-varying and subject to noise inter-
ference, making it difficult for models to find a
balance between structural stability and temporal
adaptivity. Existing methods either use a single
global static structure, resulting in insufficient sen-
sitivity to temporal changes, or use local statis-
tical correlations to construct dependencies, but
local correlations are prone to introducing noise,
which may further amplify the impact of noise
during propagation. To address these issues, we
propose a Constraint-Guided Dynamic Graph Net-
work (ConDyGNet), whose core idea is “global ba-
sis, dynamic weights”. Specifically, ConDyGNet
learns a low-rank global basis as a shared structural
constraint and generates patch-wise basis mixing
weights to construct dynamic propagation graphs.
This maintains topological consistency while al-
lowing local adaptation and reducing the influ-
ence of local noise. We conducted extensive ex-
periments on eight public benchmark datasets and
multiple forecasting horizons, demonstrating that
ConDyGNet can learn more robust time-varying
inter-channel dependencies and achieve state-of-
the-art forecasting accuracy. The code is available
at https://github.com/constli67/ConDyGNet.

1 Introduction

Multivariate time series forecasting (MTSF) is challenging
because it requires simultaneously modeling dependencies
along both the temporal dimension and between channels.
MTSF has wide applications, including traffic flow forecast-
ing [Shu et al., 2021; Cao et al., 2025], weather monitoring
[Volkovs et al., 2023], energy analytics [Meng et al., 2024;
Wang et al., 2025], and financial investment [Fischer and
Krauss, 2018; Zhu ef al., 2024]. In recent years, deep learn-
ing has facilitated the rapid development of time series fore-
casting. Recurrent neural networks (RNNs) [Schirmer et al.,
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Figure 1: (a) Multiple variables change with the window size. (b)
The relationships between variables change over time windows; in
each window, we only show the three strongest relationships. This
demonstrates that the relationships between channels are dynamic.
(c) In a representative window, we compared the global matrix, the
unconstrained matrix, and our proposed structure. As can be seen
in the figure, the structure generated by our method is closer to the
global matrix, while the unconstrained method exhibits more noise.
This demonstrates the importance of structural constraints.

2022], temporal convolutional networks (TCNs) [Luo and
Wang, 2024], and Transformer-based models [Zhou et al.,
2022; Nie et al., 2023] have demonstrated excellent abilities
to learn dynamic changes along the temporal dimension.
Meanwhile, if we view multivariate time series as graph
signals, we gain a complementary new perspective: each vari-
able can be seen as a node in the graph, connected by under-
lying dependencies. This suggests that modeling the relation-
ships between variables is equally important. Based on this,
one line of work employs an explicit structure, first learning
the dependency graph between variables and then aggregating
information through message passing mechanisms [Wu et al.,
2020; Cai et al., 2024]. Another line of work relies on implicit
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interactions, such as channel-wise attention or hybrid mod-
ules, to fuse information between variables [Liu et al., 2024;
Wang et al., 2024].

While these methods have achieved some success, in many
cases, the dependencies between variables are time-varying
and noisy [Huang et al., 2023; Zhao et al., 2023; Liu ef al.,
2025]. The relationships between variables can change with
changes in the overall state or sudden events, and spurious
correlations often appear within the time window [Chen et
al.,2024a; Lin et al., 2025]. This leads to a dilemma between
stability and adaptability (Fig. 1). Using a single global static
dependency structure [Wu et al., 2020] can capture general
relationships between variables, but it cannot capture the dy-
namic evolution of these relationships over time. Conversely,
if dynamic graph learning is relied upon entirely for flexibil-
ity, the model is prone to overfitting to local windows, in-
troducing noise. Especially when the local window is finite,
noise can easily be mistaken for the true structure and further
amplified during subsequent propagation [Chen et al., 2024b;
Hu et al., 2025; Li et al., 2023]. Therefore, this dilemma
indicates that we need a new modeling approach: one that
can adapt to changes over time and effectively resist noise
interference, that is, one that can dynamically change while
maintaining structural controllability.

Based on the above discussion, we propose the
Constraint-Guided Dynamic Graph Network (ConDyGNet).
ConDyGNet first extracts a globally shared basis bank from
global correlations, thereby learning common inter-channel
interaction patterns. Then, for each time window, the model
only needs to predict window-specific mixing weights and
combine them with the shared basis to obtain the dependency
structure for that time window. We call this global basis, dy-
namic weights. This approach allows us to restrict the struc-
ture to a controlled subspace. ConDyGNet can both learn
temporal changes and avoid relearning the structure in each
temporal window, maintaining global structural consistency
and thus improving model stability. Furthermore, to sup-
press spurious associations during graph fusion, we decouple
“whether a connection exists” from “how strong a connection
is”: we first obtain sparse edge support through structure-
aware filtering, and then compute specific weights only on
these edges to prevent noise propagation. Our contributions
can be summarized as follows:

* We analyze the core issue of inter-channel modeling in
MTSEF: the trade-off between stability and adaptivity. Static
structures cannot capture changes in relationships over
time, while unconstrained dynamic graphs are easily dis-
turbed by local spurious correlations.

* We propose ConDyGNet, which follows the principle of
global basis, dynamic weights, and decouples structural
support from interaction strength. We also introduce a
structure-aware filtering mechanism to effectively suppress
spurious dependencies before graph fusion.

» Extensive experiments show that ConDyGNet achieves su-
perior performance on multiple public MTSF benchmarks,
achieving state-of-the-art results. Ablation studies and sta-
bility analysis further validate the benefits of global basis
guidance for noise suppression.

2 Related Work

2.1 Time Series Forecasting

In recent years, deep learning has played an important role
in the development of Multivariate Time Series Forecasting
(MTSF). RNN-based methods [Lin et al., 2023] use hidden
states to capture past information, but they often face the
vanishing gradient problem on long sequences. CNN-based
methods [Wu er al., 2023; Luo and Wang, 2024] use con-
volutional kernels to extract local features. Although they
can expand the receptive field to capture longer correlations,
they still struggle to model global information because of lo-
cality. Transformer-based methods [Zhang and Yan, 2023;
Nie et al., 2023; Liu et al., 2024; Wang ef al., 2024] use at-
tention mechanisms to capture long-term dependencies, and
they have become a mainstream paradigm. However, they
may ignore the temporal characteristics of time series, and
often require high computational cost for long sequences.
MLP-based methods [Zeng. et al., 2023; Das et al., 2023]
use a simple structure for efficient modeling. Despite these
advances, many models ignore inter-channel relationships or
fail to model their structure and dynamics. As a result, mod-
els cannot effectively handle complex relationships between
channels, and may amplify noise-induced spurious correla-
tions during propagation, which reduces prediction accuracy.

2.2 GNN:s for Inter-channel Relation Modeling

In recent years, graph neural networks (GNNs) have emerged
as a crucial paradigm in multivariate time series forecasting
(MTSF), primarily due to their ability to explicitly model
inter-channel relationships. Early research focused on spe-
cific domain tasks such as traffic prediction [Yu et al., 2017,
Li et al., 2018; Wu et al., 2019; Cini et al., 2023], where
natural spatial connectivity facilitates the direct definition of
graph structures. More recent work has applied GNNs to
more general MTSF scenarios. Since these scenarios of-
ten lack inherent spatial structures, models need to learn la-
tent inter-channel relationships. MTGNN [Wu et al., 2020]
can discover latent directed relationship matrices and per-
form predictions through mix-hop propagation. FourierGNN
[Yi et al., 2023] utilizes the frequency domain for message
passing, improving the efficiency of capturing long-term de-
pendencies. MSGNet [Cai et al., 2024] enhances model ro-
bustness through multi-scale graph propagation. TimeFilter
[Hu et al., 2025] filters out irrelevant spatio-temporal edges to
achieve fine-grained spatio-temporal modeling. Despite these
advancements, existing methods often struggle to effectively
suppress noise-induced spurious correlations while capturing
dynamically evolving relationships over time. This problem
is further exacerbated when the number of channels is large.
Therefore, constructing an inter-channel relationship model
in MTSF that simultaneously possesses dynamic adaptability
and noise resistance remains a challenging task.

3 Preliminaries

For multivariate time series forecasting, we denote X &
RE*L as the input time series, where C' represents the num-
ber of channels and L represents the look-back horizon. Our
goal is to forecast the next 7" time steps Y € RE*7T
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Figure 2: The overall architecture of ConDyGNet.

To model dynamic inter-channel relationships, we divide
X into P patches. We construct a corresponding relationship
matrix A, € RE*Y for each patch p. A,[i, j] represents the
gated interaction strength from channel j to channel ¢ in the
p-th patch. In our design, A, is generated jointly by the gate
and intensity, and restricted by basis structure constraints. By
filtering out suspicious noise edges, our design improves the
robustness of the model.

4 Method

4.1 Overview

As shown in Fig. 2, the core of ConDyGNet is in the combi-
nation of global basis and patch-wise dynamic weights, form-
ing a topology gate for the intensity matrix, which is realized
through four key components: (i) Patch Embedding Mod-
ule divides the input sequence into non-overlapping patches
and encodes each patch as a channel token representation H;;
(i) Constrained Structure Learning Module constructs a
low-rank basis and patch-wise dynamic weights and then fil-
ters them to obtain a topology gate, where the dynamic in-
tensity works together with the gate to form a dynamic graph
that can effectively suppress noise; (iii) Multi-hop Graph
Propagation performs multi-hop message passing on the dy-
namic graph at the patch level, aggregating neighborhood in-
formation to model the relationships between channels; (iv)
Channel-wise Temporal Attention uses self-attention at the
patch dimension for each channel to capture long-term tem-
poral relationships, and then flattens the sequence and applies
a linear projection to generate the outputs.

4.2 Patch Embedding

Inspired by PatchTST [Nie et al., 2023], in this stage, each
channel of the input sequence X € RE*Z is first divided into
non-overlapping patches, and each patch is then mapped to
an embedded patch token. Since the process is identical for
each channel, we use X to represent the multivariate input
and later operate on all channels in parallel. Formally, this
process can be formulated as follows:

{Xy,...,Xp} = Patching(X),

1
H = Embedding(X;,...,Xp). M

The length of each patch is S and the number of patches
is P = [L/S]. The Embedding(-) operation transforms
each patch from its original length .S to a hidden dimension D
through a trainable linear layer, resulting in embedded patch
tokens H € ROXFP*D,

4.3 Constrained Structure Learning

To inhibit the negative effects of noisy patch-wise dependen-
cies in inter-channel graph construction, we design a con-
strained structure learning method. The model learns a sparse
topology gate from the global basis and uses it to gate patch-
specific interaction intensities, thereby yielding a structure-
constrained patch-wise dynamic graph A, € [0,1]°*¢ for
message passing.

Dynamic Interaction Intensity

We first compute a channel-wise interaction score matrix for
each patch. Specifically, we use a standard scaled dot-product
scoring mechanism (including learnable projection matrices)
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to calculate pairwise interaction scores, and then use a Sig-
moid function to map the scores to a bounded range, thus
obtaining the intensity matrix. Let H, = H[:,p,:] € RE*D
denote the channel representations of the p-th patch. We com-
pute the pairwise interaction score matrix as

(H,Wo)(H,Wg)"
\/5 )

where Wq, W € RP*P are learnable projection matrices
shared across patches. We then obtain the intensity matrix by

W, =0(S,) € (0,1)9%, 3)

Sp = 2

where o () denotes the Sigmoid function. We choose Sig-
moid instead of Softmax to allow the connection strength of
each edge to vary independently, without the constraint of
probability normalization.

However, due to the limited patch length, directly comput-
ing the intensity matrix is likely to be affected by local noise.
Therefore, we introduce a sparse topology gate to further fil-
ter out unreliable edges, as detailed below.

Low-Dimensional Basis Construction

To obtain a robust topology gate, we avoid learning an uncon-
strained patch-specific topology in the full R“*¢ space, as
its O(C?) degrees of freedom per patch can be unstable and
prone to overfitting. Inspired by AGCRN [Bai et al., 20201,
we construct a set of shared basis modes, reducing the effec-
tive complexity to O(CR) with R <« C, where R is the rank
(i.e., the number of basis modes). Specifically, we maintain
a basis bank E € R¢*® shared across patches and generate
patch-adaptive structure via context-dependent basis mixing,
balancing global consistency and local adaptivity.

We initialize E from the training split in an offline manner
and only allow a lightweight in-subspace adaptation during
training. To obtain a stable spectral anchor, we construct a
global residual-affinity matrix AS*3%¢ on the training split; its
eigendecomposition provides a dominant spectral subspace
that captures recurring long-term dependency patterns and
constrains the basis bank to mitigate noisy patch-wise drift.
Since correlations on raw observations can be dominated by
shared trends and external factors, we first remove slow trends
to emphasize residual co-movements:

X' = AvgPool(Padding(X)),
X =X - X,

We then compute a scale-invariant residual affinity by cosine
similarity and keep non-negative evidence:

Ccos _ X (XS)T
1Xs 2 [1X2l3 Q)
Astatic — ReLU(CCOS>7

“

where ||X?||2 € R denotes the vector of row-wise £ norms
of X, and the division is performed element-wise.

Finally, we extract a dominant structural subspace from
Astatic by eigendecomposition:

Astatic _ UAUT, (6)

where U is orthonormal and A = diag()\q, ..., A¢), sorted
in descending order. Since AS'a'¢ summarizes the global
residual affinity patterns, its leading eigenvectors capture
significant and recurring interaction patterns shared among
channels. We only need a few leading eigenvectors, because
they preserve most of the structural energy while filtering out
noise. Accordingly, we take the top-R eigenvectors as our
initial basis g = U. 1.g. We then define the learnable basis
bank as the product of the initial basis and a learnable trans-
formation matrix:

E= E0Q7 (7)
where Q € R*® islearnable and initialized as identity. This
design aims to add constraints to the basis bank, restricting
it to the dominant subspace and preventing it from drifting
uncontrollably within the huge solution space. At the same
time, the model can still flexibly reweight and rotate the fea-
ture patterns according to the specific task through the trans-
formation matrix. Through this strategy of limiting degrees of
freedom, the learning process of the topological structure be-
comes more stable, thus exhibiting stronger robustness when
dealing with noisy short-window data.

Context-Aware Basis Mixing

For each patch p, we first calculate the routing weights over
the shared basis modes, and then mix them with the basis
bank to_obtain row-wise structural evidence. Specifically,
for channel ¢ in patch p, we obtain a routing representation
¥ (H,(7,:)) and measure its squared Euclidean distance to the
mode prototypes {u,. }2_;. Here, 1(-) is a lightweight projec-
tion and p,. € RY are shared mode prototypes in the routing
space, learned end-to-end. We use a softmin-style normaliza-
tion to convert these distances into mixture coefficients:

IL,(¢,r) = softmax, (— [l (H,(i,:)) — ,uTH§> ,
G,=ILE".

(®)

The distance-driven routing mechanism ensures that chan-
nels with similar patch contexts are mapped to neighboring
locations in the routing space, so their mixture weights will
be similar. This leads to smooth and interpretable mode as-
signments. Meanwhile, G, (¢,:) is a weighted mixture over
the shared basis bank, which restricts each row to an R-
dimensional subspace. It still allows the model to adapt
across patches and can naturally form asymmetric directed
structures across channels.

Row-wise Topology Gate

We sparsify the structure matrix obtained above by row-wise
normalization and Top-k filtration. First, we select only non-
negative entries, and then normalize each row by its off-
diagonal maximum:

G, = ReLU(G,),

G, (i, ) .

. Z 9

Gp(i,§) = { maxpmep: Gp(i,m)’ i 2
1 i=37.

If max,,-; Gp(i,m) = 0, we set all off-diagonal entries in
that row to 0. We then keep the strongest off-diagonal candi-
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dates per row while always retaining the self-loop:
Qi = {i} UTop-k(Gp(i,:)),

. G,(i,§), j€ ., (10)
M — p\Y I P,
p(i:J) {0, otherwise.

Here, Top-k(-) selects up to [k(C'—1)] largest non-zero en-
tries, where k& € (0,1) is a ratio controlling the sparsity
of each row. Top-k is only used for gating: gradients pass
through retained entries, while pruned ones receive zero gra-
dients. This ensures that each node can be connected to at
most [k(C' —1)] off-diagonal edges, and the diagonal entries
are fixed to 1.

Finally, we use element-wise fusion to obtain the dynamic
graph. The topology gate M, determines the connectivity
and W, provides the interaction intensities:

A, =M, OW,. (11)

Here, A, € [0,1]9%¢ denotes the patch-specific weighted
propagation graph for message passing.

4.4 Multi-hop Graph Propagation

After obtaining the patch-wise propagation graphs, we per-
form multi-hop graph propagation [Abu-El-Haija et al., 2019]
on each patch to obtain graph-enhanced patch tokens.

Let H,()O) € RE*P denote the channel tokens of patch p.
We perform graph propagation with a residual connection to
the root state. The propagation is defined as:

HY = sHY + (1-8) A, H™Y, (12)

where ¢ denotes the propagation depth and 8 € (0, 1) con-
trols the proportion of the root state retained at each propaga-
tion layer. A, is used directly as the propagation operator for
neighborhood aggregation.

We then combine representations from different propaga-
tion depths to obtain graph-enhanced patch tokens using fixed
and normalized fusion weights:

Luyp

H,= > ao/HJ, (13)
£=0

where {a,} are fixed normalized weights. We set {cy}
using a simple non-increasing decay over hop depth, with
ay x 1/(+ 1), which favorsshallow hops. Finally, we stack
{H,}/_, along the patch dimension to form Z € R“*"*D.

4.5 Channel-wise Temporal Attention

To model the inter-patch dependencies for each channel, we
use a self-attention block on its patch sequence for each chan-
nel independently. Let Z; € RFP*P denote the patch se-
quence of channel ?. We use a standard Transformer struc-
ture:

Z; = Z: + Attention( LN(Z;), LN(Z;), LN(Zy) )
. . (14)
ZX =7, + FFN(LN(Zi)).

Here, LN(-) represents Layer Normalization, Attention(-)
is multi-head self-attention and FFN(:) is the position-
wise feed-forward network. We collect {Z2**"}¢ | to form
zattn ¢ ROXPXD Fipglly, Za'n ¢ ROXPXD s flattened
and projected to the final output Y € RE*T

S Experiments
5.1 Setup

Datasets. We extensively benchmark our method on 8 well-
established datasets, including Weather, Traffic, Electricity,
Solar, and four ETT datasets (ETTh1l, ETTh2, ETTm1, and
ETTm2) [Zhou et al., 2021]. These datasets have been widely
used in time series forecasting literature. They cover diverse
sampling frequencies and variable dimensions, enabling a fair
and rigorous comparison with baseline methods.

Baselines. We compare our method with SOTA representa-
tive methods, including GNN-based methods: TimeFilter [Hu
et al., 2025], MSGNet [Cai et al., 2024]; Transformer-based
methods: TimeXer [Wang er al., 2024], iTransformer [Liu ef
al., 2024], PatchTST [Nie et al., 2023]; MLP-based methods:
DUET [Qiu et al., 2025], SOFTS [Han et al., 2024], DLinear
[Zeng et al., 2023]; CNN-based method: TimesNet [Wu et
al., 2023].

Implementation Details. ~ All experiments were imple-
mented using PyTorch and were run on an NVIDIA A800
80GB PCIe GPU. ConDyGNet used the Adam optimizer.
To improve training stability, we adopt a hybrid MAE loss
which incorporates both the time and frequency domains. For
fair comparison, all models used an input length of L=96
and a prediction length of 7' € {96,192,336,720}, with
MSE and MAE used as evaluation metrics. Dataset split-
ting: The ETT dataset used the official standard 12/4/4-month
train/validation/test split; other datasets were split in a 7:1:2
ratio.. Models were trained for 10 epochs (30 for Traffic)
with-an early stopping strategy (patience= 3). The learning
rate ranges from {le—3, be—4, le—4}, the batch size ranges
from {16, 32}, and the dropout ranges from {0.1, 0.3, 0.5}.
The patch length ranges from {2,4, 8,16, 32, 48}. The num-
ber of attention heads is fixed at 4. For the number of basis
modes R, 3 is chosen for the ETT dataset, 6 for the Weather
dataset, and 16 for all other datasets. The sparsity ratio is set
to 0.3, the propagation depth is set to 2, the root-state residual
weight is set to 5=0.2, and the random seed is fixed at 2021.

5.2 Results

We report the long-term forecasting results in Table 1. Across
8 datasets and 4 forecasting horizons, ConDyGNet achieves
the best or tied-best MAE in 30 settings and the best or tied-
best MSE in 25 settings. Remarkably, in 25 out of 32 cases,
our method achieves state-of-the-art performance on both
metrics simultaneously, demonstrating comprehensive supe-
riority over diverse baselines including Transformers, MLPs,
and GNNgs.

As shown in Table 1, ConDyGNet consistently achieves
the best performance. Notably, the large-scale datasets
present substantial challenges due to their high dimension-
ality and intricate temporal dependencies. ConDyGNet bal-
ances stability and adaptivity in modeling time-varying inter-
channel dependencies through constrained structure learn-
ing, yielding consistently strong forecasting accuracy. Quan-
titatively, on Electricity, ConDyGNet reduces the average
MSE/MAE by 9.1%/8.5%, 9.9%/4.5%, and 2.3%/3.5% com-
pared with TimeXer [Wang et al., 20241, DUET [Qiu et al.,
2025], and TimeFilter [Hu ez al., 2025], respectively.
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Datasets

Ours TimeFilter DUET TimeXer SOFTS

iTransformer

MSGNet  PatchTST  TimesNet DLinear

MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE

MAE MSE MAE MSE MAE MSE MAE MSE MAE

ETThl1

ETTh2

ETTml

ETTm?2

Weather

Electricity

Solar

Traffic

96 0.364 0.388 0.370 0.394 0.377 0.393 0.382 0.403 0.381 0.399 0.386
192 0.412 0.420 0.413 0.420 0.429 0.425 0.429 0.435 0.435 0.431 0.441
336 0.452 0.443 0.450 0.440 0.471 0.446 0.468 0.448 0.480 0.452 0.487
720 0.463 0.456 0.448 0.457 0.496 0.480 0.469 0.461 0.499 0.488 0.494

96 0.277 0.327 0.283 0.337 0.296 0.345 0.286 0.338 0.297 0.347 0.297
192 0.356 0.378 0.362 0.392 0.368 0.389 0.363 0.389 0.373 0.394 0.380
336 0.403 0.416 0.404 0.424 0.411 0.422 0.414 0.423 0.410 0.426 0.428
720 0.418 0.434 0.407 0.433 0.412 0.434 0.408 0.432 0.411 0.433 0.427

96 0.310 0.347 0.313 0.354 0.324 0.354 0.318 0.356 0.325 0.361 0.334
192 0.353 0.372 0.356 0.380 0.369 0.379 0.362 0.383 0.375 0.389 0.377
336 0.376 0.392 0.386 0.402 0.404 0.402 0.395 0.407 0.405 0.412 0.426
720 0.435 0.428 0.452 0.437 0.463 0.437 0.452 0.441 0.466 0.447 0.491

96 0.167 0.249 0.169 0.255 0.174 0.255 0.171 0.256 0.180 0.261 0.180
192 0.231 0.292 0.235 0.299 0.243 0.302 0.237 0.299 0.246 0.306 0.250
336 0.292 0.332 0.293 0.336 0.304 0.341 0.296 0.338 0.319 0.352 0.311
720 0.390 0.389 0.390 0.393 0.399 0.397 0.392 0.394 0.405 0.401 0.412

96 0.148 0.186 0.153 0.199 0.163 0.202 0.157 0.205 0.166 0.208 0.174
192 0.197 0.235 0.202 0.246 0.218 0.252 0.204 0.247 0.217 0.253 0.221
336 0.254 0.277 0.260 0.289 0.274 0.294 0.261 0.290 0.282 0.300 0.278
720 0.337 0.332 0.342 0.341 0.349 0.343 0.340 0.341 0.356 0.351 0.358

96 0.129 0.222 0.133 0.230 0.145 0.233 0.140 0.242 0.143 0.233 0.148
192 0.148 0.238 0.154 0.248 0.163 0.248 0.157 0.256 0.158 0.248 0.162
336 0.160 0.252 0.162 0.261 0.175 0.262 0.176 0.275 0.178 0.269 0.178
720 0.182 0.275 0.184 0.284 0.204 0.291 0.211 0.306 0.218 0.305 0.225

96 0.185 0.203 0.193 0.223 0.200 0.207 0.215 0.295 0.200 0.230 0.203
192 0.217 0.224 0.226 0.249 0.228 0.233 0.236 0.301 0.229 0.253 0.233
336 0.231 0.238 0.235 0.261 0.262 0.244 0.252 0.307 0.243 0.269 0.248
720 0.239 0.245 0.239 0.268 0.258 0.249 0.244 0.305 0.245 0.272 0.249

96 0.381 0.239 0.375 0.251 0.407 0.252 0.428 0.271 0.376 0.251 0.395
192 0.400 0.249 0.395 0.262 0.431 0.262 0.448 0.282 0.398 0.261 0.417
336 0.419 0.260 0.414 0.271 0.456 0.269 0.473 0.289 0.415 0.269 0.433
720 0.455 0.286 0.445 0.289 0.509 0.292 0.516 0.307 0.447 0.287 0.467

0.405
0.436
0.458

0.390 0.411 0.414 0.419 0.384 0.402 0.386 0.400
0.442 0.442 0.460 0.445 0.436 0.429 0.437 0.432
0.480 0.468 0.501 0.466 0.491 0.469 0.481 0.459
0.488 0.494 0.488 0.500 0.488 0.521 0.500 0.519 0.516

0.349 0.328 0.371 0.302 0.348 0.340 0.374 0.333 0.387
0.400 0.402 0.414 0.388 0.400 0.402 0.414 0.477 0.476
0.432 0.435 0.443 0.426 0.433 0.452 0.452 0.594 0.541
0.445 0.417 0.441 0.431 0.446 0.462 0.468 0.831 0.657

0.368 0.319 0.366 0.329 0.362 0.338 0.375 0.345 0.372
0.391 0.376 0.397 0.367 0.385 0.374 0.387 0.380 0.389
0.420 0.417 0.422 0.399 0.410 0.410 0.411 0.413 0.413
0.459 0.481 0.458 0.454 0.439 0.478 0.450 0.474 0.453

0.264 0.177 0.262 0.175 0.259 0.187 0.267 0.193 0.292
0.309 0.247 0.307 0.241 0.302 0.249 0.309 0.284 0.362
0.348 0.312 0.346 0.305 0.343 0.321 0.351 0.369 0.427
0.407 0.414 0.403 0.402 0.4000.408 0.403 0.554 0.522

0.214 0.163 0.212 0.177 0.218 0.172 0.220 0.196 0.255
0.254 0.212 0.254 0.225 0.259 0.219 0.261 0.237 0.296
0.296 0.272 0.299 0.278 0.297 0.280 0.306 0.283 0.335
0.349 0.350 0.348 0.354 0.348 0.365 0.359 0.345 0.381

0.240 0.165 0.274 0.195 0.285 0.168 0.272 0.197 0.282
0.253 0.184 0.292 0.199 0.289 0.184 0.289 0.196 0.285
0.269 0.195 0.302 0.215 0.305 0.198 0.300 0.209 0.301
0.317 0.231 0.332 0.256 0.337 0.220 0.320 0.245 0.333

0.237 0.208 0.243 0.234 0.286 0.250 0.292 0.290 0.378
0.2610.258 0.281 0.267 0.310 0.296 0.318 0.320 0.398
0.273°0:293:0.311 0.290 0.315 0.319 0.330 0.353 0.415
0.275 0.290 0.315 0.289 0.317 0.338 0.337 0.356 0.413

0.268 0.605 0.344 0.544 0.359 0.593 0.321 0.650 0.396
0.276 0.613 0.359 0.540 0.354 0.617 0.336 0.598 0.370
0.283 0.642 0.376 0.551 0.358 0.629 0.336 0.605 0.373
0.302 0.702 0.401 0.586 0.375 0.640 0.350 0.645 0.394

Table 1: Multivariate time-series forecasting results. Comparison with SOTA baselines. Best in bold, second best underlined.

5.3 Ablation Analysis Dataset Solar Weather ETTml
. . . . Metri MSE MAE MSE MAE MSE MAE
We conducted ablation testing to verify the effectiveness of etric 5 S 5
the ConDyGNet design. We chose four ablation methods and ConDyGNet  0.231 0.238 0.254 0.277 0.376 0.392
evaluated them on three datasets. The specific implementa- w/o-Constraint 0.235 0.240 0.257 0.281 0.385 0.399
tions are as follows: w/o-Dynamic  0.259 0.254 0.257 0.279 0.379 0.394
. i w/o-Intensity  0.237 0.242 0.256 0.279 0.379 0.393
1. w/o-Constraint: We removed the constrained structure w/o-Gate 0.236 0.240 0.257 0.280 0.381 0.396

Results Analysis.

modules and used unconstrained and learned correlation
matrices to replace them.

w/o-Dynamic: We removed dynamics and replaced them
with only a global static graph.

w/o-Intensity: We removed interaction intensity model-
ing and retained only topology gating.

w/o-Gate: We removed the topology gate, did not utilize
structure filtering, and only used interaction intensity.

Table 2 shows the results of the ablation

study. From the table, we can see that removing any mod-
ule decreases performance, showing that the design of each
module is effective and reasonable. We have summarized the
following improvements:

1

. Improvement of constrained structure: The result of
replacing the constrained structure with an unconstrained
and learned, patch-specific graph leads to worse perfor-
mance. This suggests that restricting structure estimation
to a controlled basis is very important.

Table 2: Ablation results of ConDyGNet under L = 96. We report
the MSE/MAE under T' = 336.

2. Improvement of dynamics: After removing dynamics
and replacing them with a global static graph, the perfor-
mance of the model has decreased a lot, especially on So-
lar. This is because Solar has a higher dimension and more
complex inter-channel relationships, making it difficult for
a global static graph to adapt to changes over different time
periods.

. Improvement of intensity and gate: Examining the re-
sults of w/o-Intensity and w/o-Gate variants, we can see
that decoupling intensity and gate is essential for robust
inter-channel relationships. Filtering out unreliable edges
and using intensity on the remaining edges can effectively
reduce noise.
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Figure 3: Sensitivity of the rank R on (a) Traffic and (b) Solar under
L=96 and T'=720. Lower is better for both MSE and MAE.

5.4 Model Analysis

Impact of the Rank R. In the constrained structure learn-
ing module, the rank R represents the number of basis modes
used for relationship modeling. In principle, R should pre-
serve the main inter-channel interaction patterns while avoid-
ing overfitting to noise, making an appropriate choice of
R crucial. We conduct experiments on two representative
datasets, Traffic and Solar, with R € {4, 8,16, 32,64} under
the long-horizon setting with input length =96 and predic-
tion length 7T'=720. As shown in Fig. 3, the performance on
both datasets exhibits a clear U-shaped trend, and the model
achieves the best results when R=16. When R is too small,
the basis space becomes overly compact, discarding informa-
tive interaction patterns and limiting the expressive power of
inter-channel relationship modeling. Conversely, when R is
too large, many minor and potentially noisy patterns are intro-
duced into the structural subspace, weakening the constraint
effect and increasing computational overhead. Overall, an ap-
propriate rank strikes a better balance between model expres-
siveness and structural regularization.

Dynamic Routing Weights. We visualize the dynamic
routing weights of each patch on the Weather dataset. For
each patch, we compute its routing distribution across R
bases and plot the evolution of this distribution along the
patch sequence. As shown in Fig. 4, the routing weights ex-
hibit two characteristics. First, most routing weights are con-
centrated on a few bases, indicating that the inter-channel re-
lationship structure can be well represented with only a small
number of bases. Second, the changes in routing weights be-
tween adjacent patches are relatively smooth, rather than fluc-
tuating drastically between patches. This suggests that the
routing dynamics usually evolve smoothly over time.

Robustness to Missing-Block Corruptions. To test the ro-
bustness of the models, we conduct missing-block experi-
ments during the testing phase without retraining and ob-
serve the changes in MSE for each method as the missing
block ratio increases. Fig. 5 shows the results of ConDyGNet
and two state-of-the-art GNN-based methods, TimeFilter [Hu
et al., 2025] and MSGNet [Cai er al., 2024], on the ECL
dataset with an input length of 96, under different missing
block ratios p € {0,0.05,0.10,0.15,0.20,0.30,0.40}. As
p increases from 0 to 0.40, the errors of all three methods
increase, but ConDyGNet exhibits the slowest degradation
and remains consistently lower than TimeFilter and MSGNet.
These results indicate that ConDyGNet has stronger robust-

0.35 7 rl r2 r3 r4 r5 16

0.30

Routing weight
s o o
e e
z 2 B

°
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Figure 4: Visualization of patch-wise basis routing weights on a rep-
resentative Weather sample (L=96, patch length 16, R=6). Each

group corresponds to a patch, and each bar denotes the channel-
averaged routing weight of a basis mode.

0.40 —e— (ConDyGNet
' TimeFilter
0.354 == MSGNet
%
= 0.301
0.25
0.20
0.0 0.1 0.2 0.3 0.4

Missing ratio

Figure 5: Robustness to corrupted input windows on ECL: MSE un-
der test-time missing-block corruption with varying missing ratios.

ness to missing-block perturbations. This demonstrates that
even with missing values, the global basis can effectively
keep the model within a constrained structural subspace, thus
significantly improving robustness.

6 Conclusion

Since the relationships between channels in multivariate
time series are often time-varying and noisy, we propose
ConDyGNet to more robustly capture such dynamic depen-
dencies. ConDyGNet follows the principle of “global basis,
dynamic weights”: it first decomposes the global relation-
ships into a low-rank basis and calculates mixed weights for
each patch to generate a patch-wise propagation graph. Si-
multaneously, it decouples the topology from the interaction
strength through sparse gating, effectively filtering out spu-
rious associations before message passing. Experimental re-
sults show that ConDyGNet achieves SOTA performance on
eight real-world datasets, demonstrating superior prediction
accuracy.
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