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A NOTATION

Table 6: Summary of notation used throughout the paper.

Symbol Description

xt Multivariate observation at time t, xt → RN

zt[i] The ith variable in zt, zt[i] → R

N Number of variables (dimension of the multivariate time series)
X Input sequence of past P observations, {zt1 , . . . , ztP }
P Number of historical time steps used for prediction
Y Target future value(s), {ztP+Q

} or {ztP+1
, . . . , ztP+Q

}
Q Forecast horizon (number of time steps to predict)
Sti Feature matrix at time ti, Sti → RN→D

D Number of features per variable (1 target + D−1 auxiliary features)
X Input sequence with auxiliary features, {St1 , . . . ,StP }
f(·) Prediction function mapping X to Y

A Adjacency matrix of the correlation graph
Adiag Stationary/self-term component of adjacency (variance structure)
Aoff Dynamic cross-variable correlation component of adjacency
Wdiag,Woff Trainable weights for stationary and dynamic adjacency parts
dmin Minimum node degree in the training set
TCV Dynamic correlation strength (e.g., ‖Aoff‖2F or Tr(H∆off))
σ2 Upper bound on entry-wise noise variance
u Scalar controlling global/dynamic correlation intensity
st Stationary component of xt

gt Dynamic/global-shift component of xt

εt Zero-mean idiosyncratic noise component of xt

R Mean-squared prediction risk, E‖Xt+1 − X̂t+1‖2F
H Hessian of a graph-level task y(X) (captures pairwise sensitivities)
∆off Off-diagonal covariance matrix of xt (dynamic correlations)

B THEORETICAL FOUNDATIONS: PROOFS

Theorem 3 (Locality under Stationarity). Let {Xi(t)}Tt=1 for i = 1, . . . , d be jointly wide-sense
stationary, zero-mean, ergodic time series with finite variances

σ2
i = E[Xi(t)

2].

Define

Aij =

∑T
t=1 Xi(t)Xj(t)

∑d
k=1

∑T
t=1 Xk(t)2

.

Then, as T → ∞,

Aij
a.s.−−→ εij(0)∑d

k=1 σ
2
k

, where εij(0) = E[Xi(t)Xj(t)].

Hence Aij depends only on the pair (i, j) via their zero-lag covariance, scaled by a constant inde-
pendent of (i, j): it is local up to a global constant. If, in addition, all σ2

i = σ2 (homoscedastic),
then

Aij
a.s.−−→ εij(0)

dσ2
=

ρij
d
,

where ρij is the Pearson correlation.

Proof. Write Aij as a ratio of empirical moments:

Aij =
1
T

∑T
t=1 Xi(t)Xj(t)

1
dT

∑d
k=1

∑T
t=1 Xk(t)2

· 1
d
.
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By stationarity and ergodicity,

1

T

T∑

t=1

Xi(t)Xj(t)
a.s.−−→ εij(0),

1

T

T∑

t=1

Xk(t)
2 a.s.−−→ σ2

k.

1

dT

∑

k,t

Xk(t)
2 =

1

d

d∑

k=1

( 1

T

∑

t

Xk(t)
2
)

a.s.−−→ 1

d

d∑

k=1

σ2
k.

Therefore,

Aij
a.s.−−→ εij(0)∑d

k=1 σ
2
k

.

The limit depends on (i, j) only through εij(0); the denominator is constant across all pairs. Hence
Aij is pairwise-local up to a global rescaling.

Step 6 (Role of smoothness). If each Xi is smooth in time (e.g., low-pass, bounded variation, or
strongly mixing), then deviations from the limit shrink faster:∣∣∣ 1T

∑

t

Xi(t)Xj(t)− εij(0)
∣∣∣ = OP(T

−1/2),
∣∣∣ 1T
∑

t

Xk(t)
2 − σ2

k

∣∣∣ = OP(T
−1/2),

with smaller constants for smoother processes. Thus locality holds approximately at finite T and
exactly as T → ∞.

Theorem 4 (Soft transitivity). Let A → Rd→d be a symmetric positive semidefinite (PSD) similar-
ity/adjacency matrix. Then for any triple (i, j, k) the following hold:

(i) Cauchy–Schwarz-type bounds (PSD consistency).

A2
ij ≤ AiiAjj , A2

ik ≤ AiiAkk, A2
jk ≤ AjjAkk.

Consequently, no pairwise similarity can be arbitrarily large relative to the corresponding self-
similarities.

(ii) Soft transitivity under cosine normalization. If, in addition, A is a correlation/cosine matrix
(i.e., Aii = 1 for all i so that Aij = cos θij for some angles θij → [0,π]), then

Aik ≥ cos(θij + θjk) ≥ 2AijAjk − 1.

Thus large Aij and Ajk force a quantitative lower bound on Aik.

This constitutes soft transitivity: triplewise similarities must be mutually compatible but need not
satisfy strict threshold-based transitivity.

Proof. (i) Since A is PSD, there exist vectors {z!}d!=1 in an inner-product space such that Apq =
〈zp, zq⇒ for all p, q. Applying the Cauchy–Schwarz inequality to each pair yields A2

ij = 〈zi, zj⇒2 ≤
‖zi‖2‖zj‖2 = AiiAjj , and analogously for (i, k) and (j, k).

(ii) If A is correlation/cosine normalized, write u! := z!/‖z!‖ so ‖u!‖ = 1 and Apq = 〈up, uq⇒ =
cos θpq with θpq the spherical (angular) distance. On the unit sphere the triangle inequality holds:
θik ≤ θij + θjk. Since cos is decreasing on [0,π],

Aik = cos θik ≥ cos(θij + θjk).

Using the identity cos(α + β) = cosα cosβ − sinα sinβ and sinα sinβ ≤√
(1− cos2 α)(1− cos2 β) ≤ 1 − cosα cosβ, one obtains the looser but simple bound

cos(α+ β) ≥ 2 cosα cosβ − 1, hence Aik ≥ 2AijAjk − 1.

Soft & Strict Transitivity The inequalities in (i) constrain magnitudes pairwise but do not impose
a threshold-type rule such as Aij ≥ τ ∧Ajk ≥ τ ⇒ Aik ≥ τ. Even under cosine normalization (ii),
the best universal lower bound is Aik ≥ 2AijAjk−1, which allows Aik to be small or even negative
unless Aij and Ajk are sufficiently large. Therefore PSD enforces indirect consistency (coherence
among triples) but not strict logical transitivity.
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Soft Transitivity Take three unit vectors in R2 at angles 0◦, 60◦, 120◦: ui = (1, 0), uj =

( 12 ,
√
3
2 ), uk = (− 1

2 ,
√
3
2 ). Then Aij = Ajk = cos 60◦ = 1

2 , but Aik = cos 120◦ = − 1
2 . Thus

for threshold τ = 1
2 , we have Aij ≥ τ and Ajk ≥ τ yet Aik < τ .

Proposition 3 (Strong Diagonality). Let X → RN→T collect N continuous-valued time series as
rows x%

i , and define the normalized Gram adjacency

A = XX%

Then:

(a) Diagonal anchoring.

N∑

i=1

Aii = 1.

(b) Off-diagonals shrink with frequent switching. Assume the time series are generated by a
piecewise-stationary, graph-switching process: there exists a regime process (St)Tt=1 taking val-
ues in a finite set R (transition graph), such that

xi(t) = s(St)
i (t) + εi(t),

where for each regime r → R the vector process {s(r)(t)}t is zero-mean, WSS within r, and differ-
ent regimes are uncorrelated (orthogonal) across time; noises εi are zero-mean, finite-variance,
and independent across i and from St. Let πr be the stationary frequency of regime r, and let M
be the number of switches of St over horizon T . If switching is frequent (i.e., the average segment
length T/M is bounded and the regime chain is mixing), then for i ,= j,

E[Aij ] =

∑
r∈R πr ε

(r)
ij (0)

∑N
k=1

∑
r∈R πr σ

(r)2
k +

∑N
k=1 σ

2
ε,k

and Aij = OP

(√
1

Teff

)
,

where ε(r)
ij (0) = E[s(r)i (t)s(r)j (t)] and σ(r)2

k = E[s(r)k (t)2], and Teff is the effective sample size
that increases as the switching rate increases (shorter correlation length). In particular, if the

cross-correlations average out across regimes (e.g.,
∑

r πr ε
(r)
ij (0) = 0), then E[Aij ] = 0 and

Aij
P−→ 0 faster as switching becomes more frequent, while the diagonal mass remains anchored

by (a). Hence A becomes increasingly diagonal-dominant.

Proof. (a) Immediate from the definition:
N∑

i=1

Aii =

∑N
i=1 ‖xi‖2

∑N
k=1 ‖xk‖2

= 1.

(b) Decompose the time horizon into consecutive segments {Im}Mm=1 on which the regime is con-
stant (St = rm for t → Im). Then

〈xi, xj⇒ =
M∑

m=1

∑

t∈Im

xi(t)xj(t)

=
M∑

m=1

∑

t∈Im

s(rm)
i (t)s(rm)

j (t)

︸ ︷︷ ︸
within-regime

+
M∑

m=1

∑

t∈Im

(
s(rm)
i (t)εj(t) + εi(t)s

(rm)
j (t)

)

︸ ︷︷ ︸
zero-mean

+
T∑

t=1

εi(t)εj(t)

︸ ︷︷ ︸
zero-mean

i'=j

.

By the orthogonality/mixing assumptions, the cross terms are mean zero and concentrate at the
OP(

√
Teff) scale. For the within-regime term,

E
[
〈xi, xj⇒


=
∑

r∈R

E

 ∑

t:St=r

s(r)i (t)s(r)j (t)
]
=
∑

r∈R

πr T ε(r)
ij (0),
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while

E
[
‖X‖2F


=

N∑

k=1

∑

r∈R

πr T σ(r)2
k +

N∑

k=1

T σ2
ε,k.

Dividing yields the stated E[Aij ]. Frequent switching reduces the correlation length, so Teff (effec-
tive independent samples) increases, sharpening concentration of Aij around its mean. If regime-
averaged cross-covariances cancel (e.g., oppositely signed across regimes or weak overall), then
E[Aij ] = 0 and Aij → 0 in probability as switching intensifies. The denominator is a sum of (non-
negative) variances across nodes and regimes, so the diagonal share

∑
i Aii = 1 remains fixed by

(a); hence relative off-diagonal weight diminishes, yielding diagonal dominance.

Remark 1 (When off-diagonals persist). If regimes share a common correlation backbone so that∑
r πr ε

(r)
ij (0) > 0 on a subset of pairs (i, j), those entries remain non-negligible. The matrix is still

diagonally anchored (trace(A) = 1), but exhibits structured off-diagonal blocks along the shared
backbone.

Lemma 1 (Population covariance under global regime shifts). Under the global-regime model
above, the population covariance decomposes as in equation ??. In particular, if u has at least
two nonzeros, then ∆ has nonzero off-diagonal entries wherever (uiuj) ,= 0.

Proof. Since st, gt, εt are mutually uncorrelated and Egt = 0,

∆ = Cov(st) + Cov(ugt) + Cov(εt) = ∆s + σ2
guu

% + ∆ε.

If ui ,= 0 and uj ,= 0 with i ,= j, then (σ2
guu

%)ij = σ2
guiuj ,= 0, hence ∆ij ,= 0 unless exactly

canceled by (∆s)ij , which is non-generic if ∆s is banded/diagonal-dominant.

Proposition 4 (Off-diagonal densification). If u has at least two nonzeros, then the rank-one term
σ2
guu

% is dense on the support of u, hence ∆ in equation ?? exhibits widespread off-diagonal entries.
Quantitatively, for any index i with ui ,= 0,

∑

j '=i

1{∆ij ,= 0} ≥
∑

j '=i

1{uj ,= 0} − #{coincidental cancellations by (∆s)ij},

which is maximal (dense) when ∆s is diagonal/banded and u is dense.

Proof. Immediate from Lemma 1, since (σ2
guu

%)ij = σ2
guiuj for i ,= j. Cancellations require

fine-tuned signs/magnitudes of (∆s)ij and are non-generic.

Proposition 5 (Loss of diagonal dominance). Suppose ∆s+∆ε is diagonally dominant with margins
Σi(∆s + ∆ε) ≥ δi > 0, where Σi(M) = |Mii|−

∑
j '=i |Mij |. Then for any u,

Σi(∆s + σ2
guu

% + ∆ε) ≤ Σi(∆s + ∆ε) + Σi(σ
2
guu

%).

Moreover, if

‖σ2
guu

%‖∞→∞ > min
i

δi,

then ∆ is not diagonally dominant.

Proof. Triangle inequality row-wise gives the first inequality. For the second claim, note that
‖M‖∞→∞ = maxi

∑
j |Mij | upper-bounds the worst-case row perturbation of diagonal domi-

nance. If the perturbation exceeds the smallest margin mini δi, at least one row loses diagonal
dominance.

C DYNGCN: DETAILS OF THEOREMS

Proposition 6. With the time series X and two assumptions 1) similarity can be propagated through
correlated variables and 2) each variable remains most similar to itself, the estimated correlation
structure of time series has a solution of analytical form (I − φA)−1, which can be approximated

by the m order adjacency matrix as g(A) =
∑k

i=0 φ
kAk.
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The correlation structure of time series can be expressed recursively under two natural conditions:
(1) similarity propagates through correlated variables, and (2) each variable remains most similar to
itself. Formally, for adjacency matrix A derived from pairwise correlations and balancing parameter
φ ≥ 0, the similarity matrix S satisfies

S = φAS+ I.

The unique closed-form solution is

S = (I− φA)−1 = I+ φA+ φ2A2 + φ3A3 + · · · .
Remark 2. A general correlation filter can be expressed as a polynomial in A,

g(A) = α0I+ α1A+ α2A
2,

which combines self-similarity, direct similarity, and second-order transitive similarity. Higher-
order filters naturally extend this form.

Theorem 5. Let A → Rn→n be the adjacency matrix of a graph (without self-loops), and let Xt →
Rn→p denote node features at time t. Suppose the dynamics follow a polynomial graph filter model

Xt+1 =
K∗∑

k=0

WkA kXt + εt,

where Wk → Rp→p are trainable weights, εt is zero-mean noise with bounded entry-wise variance
σ2, and all nodes in the training set TV have minimum degree dmin > 0.

Define the mean-squared prediction risk

R ! E
∥∥Xt+1 − X̂t+1

∥∥2
F
.

• A first-order GCN layer is of the form

X̂
(1)
t+1 = AXtW.

• A high-order correlation layer explicitly encodes multi-hop adjacency as

X̂
(K)
t+1 =

K∑

k=1

φk A
kXtW

k,

where φk are learnable scalar coefficients.

Then, the risk difference satisfies

RK −R1 ≤ −
∥∥∥

K∗∑

k=2

ΘkA
kXt

∥∥∥
2

L2
+ c1

σ2

T

K∑

k=2

κk(A,Xt) − c2
σ2

T

K∑

k=2

Σk(A),

for constants c1, c2 > 0 independent of n, T .

Here:

• Θk denotes the ground-truth filter coefficient at order k;

• κk(A,Xt) quantifies the conditioning of k-th order feature covariance;

• Σk(A) " d−1
min

∑
i |λi(A)|2k captures variance suppression due to multi-hop averaging,

with λi(A) the eigenvalues of A.

In particular, for sufficiently large T , K ≥ K∗, and non-trivial minimum degree dmin, the right-hand
side is negative, implying

RK < R1,

i.e., explicitly encoding higher-order adjacency reduces forecasting error under rapidly fluctuating
correlation dynamics.

Theorem 6. Consider a correlation graph G (without self-loops) whose adjacency is decomposed
as A = (WdiagAdiag + WoffAoff), where Adiag captures stationary (self/variance) terms and Aoff

encodes dynamic cross-variable correlations. Assume time series xt = st+ugt+εt, the minimum
node degree is dmin, with metric TCV . Then, as TCV increases, a GCN layer that only embeds
AdiagXW is less expressive (i.e., empirical risk defined in 1 if higher than a layer that separates
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them, e.g., WdiagAdiagX + WoffAoffX, where + denotes addition before applying a non-linear
transformation.

Proof.

X̂
diag
t+1 = σ(AdiagXtW), X̂

sep
t+1 = σ(WdiagAdiagXt +WoffAoffXt),

σ is 1-Lipschitz, xt = st + ugt + εt, Cov(εt) = D (diagonal), dmin > 0.

Hdiag ⊂ Hsep (set Woff = 0) ⇒ Bias2sep ≤ Bias2diag .

Let f#(Xt) = E[Xt+1 | Xt]. For any graph-level scalar task y, with Σ = ugt+εt, ∆ = Cov(Σ) =
u2∆off +D,

E[y(Xt +Σ)− y(Xt) | Xt] ≈ 1
2 Tr

(
H(Xt)∆

)
= 1

2




∑

u

Huu∆uu +
∑

u'=v

Huv∆uv



 .

Since ∆uv = u2(∆off)uv for u ,= v, the mixed Hessian couples to off-diagonal covariance. Thus,
locally (linearizing σ),

f#(Xt) = f#
diag(AdiagXt) + u2 f#

off(AoffXt) + rt.

Let Πdiag be the L2-projection onto the span of {AdiagXt}. Then

inf
W

E
∥∥f#(Xt)− σ(AdiagXtW)

∥∥2
F

≥
∥∥ (I −Πdiag)

(
u2f#

off(AoffXt)
)∥∥2

L2 ≥ c0 u
2 TCV ,

where TCV is any monotone off-diagonal strength (e.g. ‖AoffXt ‖2L2 or Tr(H ∆off)).

Let Φoff = AoffXt. Degree averaging gives

Var
[
(Φoff)i·


"

σ2

di
⇒

∥∥∥
1

T

∑

t

Φ%
offΦoff − E[Φ%

offΦoff ]
∥∥∥
op

"
σ2

T dmin
,

hence

Var(Hsep)−Var(Hdiag) ≤ c1
σ2

T dmin
.

With R = Bias2 +Var+noise,

Rsep −Rdiag ≤ − c0 u
2 TCV + c1

σ2

T dmin
⇒ Rsep < Rdiag

if u2 TCV > c1
c0

σ2

T dmin
. → dmin > c0

c1
T u2 TCV

σ2

D EMPIRICAL SETUP

D.1 EVALUATION ON SYNTHETIC BENCHMARK

Hyperparameter Tuning. We only report a subset of the tuned hyperparameters, which includes
but not limited to: learning rate 10(−2∼−4), hidden embedding size 28∼10, batch size 24∼9, number
of encoder and decoder layers 1 ∼ 3, number of attention heads 2 ∼ 8, kernel sizes 3 ∼ 7 and
rolling window sizes 12 ∞ (1 ∼ 3). For the electricity, solar and ETT datasets, we report the best
results obtained from Yi et al. (2023); Wu et al. (2023; 2020a).

Details of Synthetic Data Generation At time step t, the signal X(t) → RN→1 is sampled as
X(t) ∼ N

(
W (t − 1)X(t − 1), σ

)
, where N denotes the normal distribution, σ → R specifies the

variance, and X(0) is drawn from a discrete uniform distribution, W (t − 1) denotes a transition
matrix indicates the underlying graph topology behind time series. We construct Nw transition
graphs (G(1), . . . , G(Nw)), each encoding the structural and transitional statistics of the series within
a specific interval. Random walk sequences are generated on these graphs, forming the temporal
dynamics: variables correspond to independent walks but share the same transition graph within
an interval. Given a period Tp ≥ Nw, we divide it into Nw equal subintervals of length Ts. Each

subinterval is assigned a transition matrix, W (t) = G
(⌊

t mod Tp

Ts

⌋)
, with ∈·3 denoting the floor
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function. Within each Ts-interval, we simulate M independent random walks as the M -dimensional
time series. The parameter Nw directly governs dependency complexity: Nw = Tp reduces to the
static case (a single fixed transition graph), while smaller Nw induces faster switching, yielding
higher-order correlations. To further increase stochasticity and realism, we incorporate random
rewiring and Bernoulli noise. We highlight two extreme regimes of this construction and generate
six multivariate time series datasets of length 2400. Each dataset is split into training, validation,
and test subsets with a 7:1:2 ratio. Full algorithmic details, we provide algorithm table in Algo. D.1.

Algorithm 1 Generating MTS Data with the NPR Model

Require: Total length T of the MTS data, number of variables N , number of constant matrices Nw

Require: Cycle length Tp, standard deviation σ, matrix sparsity threshold δ
Ensure: Synthetic MTS data X ∈ R

T×N

1: Generate random orthogonal matrix P ∈ R
N×N

2: for i = 1 to Nw do
3: Σi = diag(|N (0, 1)|, . . . , |N (0, 1)|)
4: Gi = P

"
ΣiP, α = 0

5: Gi[Gi < α]← 0
6: while sparsity(Gi) > δ do
7: α← α+ 0.02
8: Gi[Gi < α]← 0
9: end while

10: Gi ← symmetric normalized Laplacian of Gi

11: end for
12: Initialize X← 0 ∈ R

T×N

13: Tl ← T/Tp

14: for t = 1 to T do
15: if (t− 1) mod Tp = 0 then

16: Initialize x ∈ R
N randomly from {−1,−0.5, 0.5, 1}

17: else
18: x ∼ N

(

G(t−1) mod Tp/Tl
·X[t− 1],σ

)

19: end if
20: X[t]← x

21: end for

Implementation All models are trained under a standardized setup with temporal splits of
60%/20%/20%, and early stopping of epoch 5 is applied based on validation Mean Absolute Error
(MAE). We adopt the same hyperparameter grids for parameters embedding sizes {32, 128, 512},
hidden sizes {16, 64, 128}, learning rates {10−3, 10−4, 10−5}, and batch sizes {32, 64, 128, 512}.

D.2 MORE DETAILS OF RQ2

Datasets & Metrics We consider dataset Traffic, Solar-Energy, Electricity and PEMS-BAY. We use
the same data splits (70%/20%/10%) as (Wang et al., 2023) for all models and report MAE and
RMSE of forecasting horizons with 12 time steps on five random seeds with enabled early stop.

Baselines We compare DYNGCN with the strong baselines in short term forecasting, similar to
(Wu et al., 2020a), which including An auto-regressive model, VAR-MLP: A hybrid model of the
multilayer perception (Zhang, 2003), A Gaussian Process (Frigola, 2015), LSTNet utilizing recur-
rent neural networks for cross variable correlation (Lai et al., 2018a), TPA-LSTM: An attention-
based recurrent neural network (Shih et al., 2019) and strongest baseline MTGNN (Wu et al.,
2020a).

Hyperparameter Tuning. We performed a grid search over a wide range of hyperparameter values
for all reported models. Due to limited space, we only report a subset of the tuned hyperparameters,
which includes but not limited to: learning rate 10(−2∼−4), hidden embedding size 28∼10, batch size
24∼9, number of encoder and decoder layers 1 ∼ 3, number of attention heads 2 ∼ 8, kernel sizes
3 ∼ 7 and rolling window sizes 12∞ (1 ∼ 3). For the baseline result, we report the best results ob-
tained from Yi et al. (2023); Wu et al. (2023; 2020a). We provide the details of data preprocessing,
split and hyperparameter tuninig in App. D.3
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D.3 MORE DETAILS OF RQ3

Dataset & Metrics. We finally evaluate DYNGCN on a real-world high-TCV data set. Specifically,
we select a subset from energy datasets in (Shao, 2025), Germany, France and two public datasets
(electricity and solar). It records electricity production in Germany and France in all generation
types for all available years. We use the consistent data splits (70%/20%/10%) for all models and
report Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE) of forecasting horizons
with 12 time steps on five random seeds with enabled early stop. The datasets span a wide correlation
spectrum. For instance, Germany and France exhibit larger magnitudes of TCV (near 1) compared
to the classic datasets (around 0.5), indicating stronger temporal fluctuations and heterogeneous
regional dynamics. For results on horizon 3,6 please refer to App. D.3.

Hyperparameter Tuning. We performed a grid search over a wide range of hyperparameter values
for all reported models. We report the tuned hyper-parameters, which includes but not limited to:
learning rate 10(−2∼−4), hidden embedding size 28∼10, batch size 24∼9, number of encoder and
decoder layers 1 ∼ 3, number of attention heads 2 ∼ 8, kernel sizes 3 ∼ 7 and rolling window sizes
12 ∞ (1 ∼ 3). For the electricity, solar and ETT datasets, we report the best results obtained from
Yi et al. (2023); Wu et al. (2023).

Baselines. We evaluate 20 baselines reported in Tab. 8, which includes three classical statisti-
cal methods Sims (1980); Box & Jenkins (1970); Box et al. (2015), three MLP-based approaches
Zeng et al. (2023); Oreshkin et al. (2020); Wang et al. (2024) and several RNN/CNN-based archi-
tectures Sen et al. (2019); Lai et al. (2018b); Bai et al. (2018); Zhang et al. (2017). We also in-
clude three advanced paradigms: 1) Transformer-based models Kitaev et al. (2020); Zhou (2021);
Wu et al. (2021); Zhou et al. (2022), which optimize temporal modeling via optimized attention
mechanisms; 2) Spectral GNN models Cao et al. (2020); ?); Yi et al. (2023), which leverage nonlin-
ear filtering in the spectral domain to capture spatial correlations; 3) Spatial graph-based approaches
Wu et al. (2019b; 2020b); Liu et al. (2022b), which rely on localized message passing mechanisms
to dynamically model and adapt to spatial dependencies.

Table 7: Dataset statistics and corresponding TCV values.

Dataset N Rows Windows B Step TCV

Germany 16 333,060 333,037 24 1 0.997
France 10 83,265 83,242 24 1 0.969
exchange rate 8 7,588 7,565 24 1 0.007
electricity 321 26,304 26,281 24 1 0.194
traffic 862 17,544 1,241 24 1 0.679
solar 137 52,560 12,342 24 1 0.323

Table 8: Mean MAE/RMSE for two dynamic-correlation energy datasets. We report MAE, RMSE
and MAPE at horizons 6 and 12. Best, second-best and third-best results are highlighted.

Germany (TCV = 1.097) France (TCV = 0.970)

Methods H=6 H=12 H=6 H=12 Rank

MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

VAR 0.210 0.340 0.191 0.243 0.381 0.215 0.155 0.241 0.132 0.177 0.260 0.151 11
DLinear 0.230 0.320 0.201 0.266 0.368 0.231 0.170 0.230 0.140 0.196 0.259 0.158 12
LSTNet 0.165 0.290 0.145 0.193 0.346 0.172 0.150 0.220 0.129 0.177 0.263 0.146 9
Autoformer 0.177 0.325 0.157 0.204 0.376 0.181 0.143 0.230 0.122 0.165 0.263 0.141 8.5
Informer 0.248 0.299 0.211 0.283 0.324 0.239 0.119 0.194 0.102 0.137 0.217 0.116 5
Reformer 0.259 0.331 0.222 0.297 0.361 0.247 0.124 0.208 0.106 0.141 0.233 0.119 10

FourierGNN 0.097 0.166 0.086 0.110 0.186 0.098 0.084 0.143 0.073 0.096 0.164 0.083 3
StemGNN 0.155 0.259 0.137 0.179 0.285 0.158 0.128 0.189 0.109 0.148 0.206 0.124 7.5
TPGNN 0.086 0.152 0.079 0.099 0.173 0.090 0.077 0.139 0.070 0.089 0.158 0.081 2
MTGNN 0.013 0.031 0.030 0.016 0.034 0.038 0.010 0.020 0.070 0.012 0.023 0.093 2.5
GraphWaveNet 0.009 0.021 0.028 0.013 0.028 0.040 0.010 0.020 0.069 0.012 0.025 0.092 1.5

DYNGCN +1 0.009 0.021 0.028 0.012 0.027 0.038 0.009 0.019 0.068 0.012 0.023 0.084 1
DYNGCN +2 0.008 0.019 0.023 0.010 0.022 0.030 0.008 0.016 0.060 0.010 0.020 0.079 0.5
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E ABLATION STUDY

Table 9: REAL DATA: EXCHANGE RATE —
Prefix-mean MAE/RMSE over the first H hori-
zons.

Dataset Exchange Rate

Methods Metrics H=1 H=3 H=6 H=12

D2 w. random
MAE 0.0070 0.0098 0.0093 0.0109
RMSE 0.0090 0.0128 0.0126 0.0151

D2 w. graph
MAE 0.0094 0.0091 0.0114 0.0117
RMSE 0.0127 0.0141 0.0156 0.0153

D2 Ours
MAE 0.0062 0.0079 0.0095 0.0088
RMSE 0.0088 0.0104 0.0133 0.0126

We evaluate the incremental contributions of
our two design choices under the same train-
ing protocol. Recall that D1 removes the sec-
ond (adaptive/temporal) graph and keeps a sin-
gle fixed/base graph; D2 denotes dual-graph
variants with targeted edits: (i) D2-rand re-
places the base graph with a random topol-
ogy while retaining the adaptive branch, and
(ii) D2-noTemp disables the adaptive/temporal
branch while keeping the base graph. Unless
otherwise noted, depth and optimization are
identical across variants. For tables reporting H → {1, 3, 6, 12}, the value at H=K is the prefix-
mean over the first K horizons.

Results on Synthetic. Across difficulty levels, the full model consistently yields the lowest
MAE/RMSE at both short and long horizons. On the Easy split, our model is best at H=1 and
maintains the lead through H=12; as difficulty increases (Medium → Hard/Very Hard), the margin
becomes more visible. These trends support that (i) keeping two graphs and (ii) mixing multi-hop
information are complementary; removing either part (D1 or D2-noTemp) hurts most at short hori-
zons, while corrupting the base topology (D2-rand) mainly degrades late-horizon stability.

Results on Exchange Rate. We observe the same pattern. The full model (SERIESGCN) out-
performs D1 and D2 for H=1, 3, 6, 12. D2-noTemp is notably worse at H=1∼ 3, indicating the
adaptive/temporal branch is crucial for near-term predictions. D2-rand remains competitive at short
horizons (the adaptive branch compensates for an imperfect base graph) but lags behind at H=12.
Overall, dual-graph aggregation with power mixing is the most robust across horizons.

Depth & order. Reducing each block from two spatial layers to one uniformly increases er-
ror—especially at H=12—demonstrating that per-block spatial depth stabilizes multi-step rollout.
Varying the spatial order (e.g., o=1 vs. o=2) yields consistent but smaller gains than keeping two
graphs: moderate order together with dual graphs offers a favorable accuracy–efficiency trade-off.

Table 10: SYNTHETIC: Ablation on graph variants under varying TGV.
Dataset Easy Medium Hard Very Hard

Methods Metrics 1 3 6 12 1 3 6 12 1 3 6 12 1 3 6 12

D2 Ours w. random graph
MAE 0.192 0.248 0.298 0.351 0.291 0.370 0.427 0.490 0.336 0.416 0.463 0.498 0.410 0.464 0.482 0.493
RMSE 0.384 0.425 0.460 0.496 0.489 0.539 0.575 0.600 0.516 0.568 0.574 0.605 0.551 0.566 0.573 0.580

D2 Ours w.o. remove graph second graph
MAE 0.193 0.249 0.300 0.352 0.292 0.369 0.429 0.489 0.338 0.414 0.467 0.503 0.414 0.465 0.486 0.497
RMSE 0.386 0.427 0.464 0.492 0.494 0.542 0.578 0.606 0.521 0.569 0.577 0.606 0.553 0.570 0.577 0.585

D1 Ours w.o 2nd graph
MAE 0.190 0.246 0.297 0.350 0.289 0.369 0.425 0.488 0.335 0.415 0.461 0.496 0.408 0.462 0.480 0.491
RMSE 0.382 0.423 0.458 0.494 0.488 0.537 0.573 0.598 0.514 0.566 0.572 0.602 0.549 0.564 0.571 0.578

Table 11: SYNTHETIC: Ablation on simplified architectures under varying TGV.
Dataset Easy Medium Hard Very Hard

Methods Metrics 1 3 6 12 1 3 6 12 1 3 6 12 1 3 6 12

only 1 GCN Layer
MAE 0.193 0.249 0.300 0.352 0.292 0.369 0.429 0.489 0.338 0.414 0.467 0.503 0.414 0.465 0.486 0.497
RMSE 0.386 0.427 0.464 0.492 0.494 0.542 0.578 0.606 0.521 0.569 0.577 0.606 0.553 0.570 0.577 0.585

only 1rd Adj
MAE 0.190 0.246 0.297 0.350 0.289 0.369 0.425 0.488 0.335 0.415 0.461 0.496 0.408 0.462 0.480 0.491
RMSE 0.382 0.423 0.458 0.494 0.488 0.537 0.573 0.598 0.514 0.566 0.572 0.602 0.549 0.564 0.571 0.578

Ours
MAE 0.192 0.248 0.298 0.351 0.291 0.370 0.427 0.490 0.336 0.416 0.463 0.498 0.410 0.464 0.482 0.493
RMSE 0.384 0.425 0.460 0.496 0.489 0.539 0.575 0.600 0.516 0.568 0.574 0.605 0.551 0.566 0.573 0.580
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