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Abstract

Spatiotemporal forecasting is fundamental to intelligent transporta-
tion and epidemic prediction, yet existing methods face challenges
in modeling complex inter-node dependencies and multi-scale tem-
poral dynamics. A key limitation lies in their reliance on symmetric
correlations, which fail to capture how perturbations propagate
directionally through real-world networks. To address this gap,
we propose Orion, a framework that learns directed dependency
structures grounded in Granger causality principles and validates
them through prediction-based consistency testing—a mechanism
notably absent in prior spatiotemporal graph learning methods
that provides a rigorous training signal beyond pure correlation
by testing whether learned edge weights remain consistent with
their predictive effects. Building on this foundation, our framework
further integrates: (1) the TE-CausGAT module, which estimates
time-varying directed dependencies considering both lagged and
instantaneous effects and integrates them with prior spatial struc-
tures through Bayesian fusion; (2) the Belt Block architecture for
efficient parallel multi-scale temporal modeling across hourly, daily,
and weekly patterns; (3) a three-stage progressive training strategy
that transitions from feature learning to directed structure learning
to end-to-end optimization. Empirically, Orion achieves state-of-
the-art performance on multiple real-world benchmarks: in traffic
forecasting, it improves MAE by 6.60% on METR-LA and 8.65% on
PEMS-08, with notable short-horizon gains on PEMS-04 though
long-horizon performance remains competitive rather than domi-
nant; in epidemic forecasting, it improves MAE by 22.70% on CA
and 37.73% on TX. DREAM-3 experiments confirm that learned
directed structures align well with ground-truth regulatory net-
works, while case studies on METR-LA demonstrate that discovered
dependencies correspond to known traffic propagation patterns.

CCS Concepts

« Information systems — Data mining; Spatial-temporal sys-
tems; « Applied computing — Forecasting.
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1 Introduction

Spatiotemporal forecasting underpins the modeling of complex dy-
namical systems across intelligent transportation and infectious
disease prediction. What most existing methods overlook is that
real-world spatiotemporal systems evolve through directed depen-
dency structures rather than merely symmetric correlations.
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Figure 1: Directed dependency propagation in METR-LA traf-
fic networks. (a) Traffic flow dynamics showing six nodes
before/after accident at T=0; node labels (A-F) correspond to
sensor IDs in legend. (b) Spatial snapshots: left shows road
topology; right shows temporal evolution at T=0, 5, 10, 20min.
Node colors indicate congestion severity (green—red). Green
dashed arrows: traffic flow direction; red solid arrows: influ-
ence direction discovered by our model.

To illustrate, we examine a highway interchange scenario during
morning rush hour (Figure 1). Traffic flows along the main road
C—B—A—D, with branch roads connecting nodes E and F. At
T=0min, an accident at Node A triggers asymmetric influence prop-
agation: A affects upstream B and branch F, but not downstream
D. By T=5min, B shows heavy congestion while E and F remain
unaffected. By T=10min, congestion propagates further to C (B—C)
with E lightly impacted. By T=20min, the directed chain A—>B—C
is fully established, F is more congested than E due to its more
direct connection to A, and D remains in free-flow throughout.
Discovering such directed dependencies—where influence propa-
gates asymmetrically with varying intensities—is precisely the goal
of Orion, enabling more accurate forecasting by leveraging these
asymmetric predictive relationships.
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Existing spatiotemporal forecasting methods have evolved from
generic architectures to specialized designs. Early studies applied
general deep learning architectures to spatiotemporal data: RNNs
[34] and Transformers [41] model temporal dependencies, while
GCN [24] and TCN [21] based on convolutions, and attention-based
GAT [42], capture spatial patterns in graph-structured data. How-
ever, these architectures lack spatiotemporal coupling and struggle
to capture complex spatial-temporal interactions simultaneously.
The second category designs coupled architectures for spatiotempo-
ral forecasting: DCRNN [25] integrates diffusion convolution with
GRU, GWNet [44] introduces adaptive adjacency matrix learning,
and AGCRN [3] and DGCRN [23] achieve spatiotemporal coupling
through message passing. However, these methods typically assume
static graph structures and treat inter-node dependencies as sym-
metric relationships, ignoring dependency directionality inherent
in real-world spatiotemporal systems. The third category explores
causal-inspired modeling: CaST [45] applies structural causal mod-
els to address confounding, while TESTAM [22] adaptively selects
spatial modeling strategies. However, these methods either rely on
strong assumptions or lack explicit directed dependency validation.

Despite advances in specific scenarios, these methods exhibit
four limitations: (1) neglecting dependency directionality, unable to
distinguish influence sources from targets; (2) static dependency as-
sumptions hindering dynamic structural adaptation; (3) single-scale
temporal modeling struggling to capture multi-period features; (4)
no existing method validates whether learned spatiotemporal graph
structures are consistent with their predictive effects. We propose
Orion to address these issues, with the following contributions:

e We introduce a prediction-based consistency validation
mechanism that, to our knowledge, is the first to validate
learned spatiotemporal dependency structures by testing
whether edge weights predict the actual sensitivity of down-
stream nodes to upstream masking, transcending correla
tion-based graph learning by providing a self-consistency
training signal that filters spurious edges.

o We design the TE-CausGAT module that estimates time-
varying directed dependencies in the Granger sense, pro-
viding interpretable and validatable dependency structures
whose primary value lies in structural discovery—confirmed
by DREAM-3 alignment with ground-truth networks—and
in growing importance at longer horizons. Bayesian fusion
integrates learned structures with prior spatial knowledge
for stability.

e We introduce the Belt Block architecture combining TE-
CausGAT with multi-head attention for parallel multi-scale
temporal modeling, trained via a three-stage progressive
strategy from feature learning to directed structure learning
to joint optimization.

e Orion achieves state-of-the-art results across five bench-
marks spanning traffic and epidemic domains, with DREAM-
3 experiments confirming that learned structures align with
ground-truth directed regulatory networks (AUC 0.6295 vs.
0.5915 for the best baseline).

Our code and supplementary materials are available at https:
//anonymous.4open.science/r/Orion_Supplementary_Material/

Anon.

2 Preliminaries

Definition 1 (Spatiotemporal Forecasting). Given a spatial net-
work G = (V, &, A) with N nodes and adjacency matrix A € RNVXN,
let X € RN*F denote node features at time ¢. The task is to
learn f : RV*PXT x @ — RN*H mapping historical observations
{(XE-T+1) XD} to future predictions {X(+1, . X+

Definition 2 (Granger-inspired Directed Dependency Graph).
Following Granger causality—where X Granger-causes Y if past
X improves prediction of Y—we define a dynamic directed depen-
dency graph C = {C®)}5_, where C*®) € [0, 1]¥*N captures di-
rected predictive dependencies for temporal segment s. Element
CE;) quantifies predictive influence from v; to v}, exhibiting asym-

metry (CS) * C;f)) and acyclicity (tr(eC(S)) — N =0) [48].
Definition 3 (Prediction-Based Consistency Validation). We
validate learned dependencies through prediction-based testing:
given edge weight C;;, we mask node v;’s contribution and mea-
sure the resulting prediction change at node v;. High consistency
between learned weights and observed prediction changes indi-
cates that the dependency structure captures genuine predictive
relationships rather than spurious correlations.

3 Methodology

As shown in Figure 2, during Orion’s forward propagation, the input
data generates three period tensors Xy, Xg, X,, € RV*FXL through
the LLM-enhanced retrieval mechanism, which are then trans-
formed into embedded representations E € RNV*9modetL through
embedding layers with positional encodings added. Three paral-
lel Belt Blocks independently process period data, sequentially
performing TE-CausGAT spatial attention, multi-head temporal
attention, and feedforward network operations, interspersed with
residual connections [14] and layer normalization [2]. The fusion
module receives branch outputs {Hy, Hy, Hy, } € RN*dmodel | inte-
grates three-period features through adaptive weighting and at-
tention, and generates predictions Xouzpur € RNxH through linear
projection. Notably, Orion adopts three-stage training: the first
stage learns feature representations, the second introduces directed
dependency regularization with frozen embedding layers, and the
third unfreezes parameters for end-to-end fine-tuning.

3.1 Fine-tuned LLM-enhanced Data Retrieval

Traditional methods rely on fixed temporal windows to select his-
torical reference data, which performs poorly when encountering
non-periodic variations. For example, traffic patterns during holi-
days differ significantly from those on regular weekdays, and fixed
retrieval of “the same time last week” may introduce irrelevant
pattern noise. To overcome this limitation, we propose a semantic
similarity-based intelligent retrieval mechanism. By fine-tuning
the TinyLlama-1.1B model on 100,000 temporal samples from the
PEMSO03 dataset (details in Appendix C), the LLM learns to un-
derstand semantic characteristics of temporal patterns, thereby
enabling retrieval of truly similar historical patterns across calen-
dar boundaries. As shown in Figure 3, taking the daily cycle as an
example, both the input sequence X, € RNV*F*T
t and the data from the same time periods over the past D days
are encoded using a fine-tuned large language model, extracting
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Figure 2: Overall architecture of the Orion framework. Three parallel Belt Blocks process hourly, daily, and weekly period data
independently. Bottom: three-stage progressive training strategy.

the average of the last hidden layer as the semantic embedding
z; € Rmbed_ The similarity between the current sequence and
candidate historical sequences is measured through a weighted
combination of cosine similarity and Euclidean distance:

lez j 1
T e T Weue
l1zill2 - 1lz;]]2
Each node selects its most similar historical cycle as Xy. It is im-
portant to emphasize that, with or without the LLM, all input data
are embedded through the same fully connected layer (nn.Linear)
with parameter dimensions F X dyodel, followed by positional en-
coding before being processed by the Belt Block. The role of the
LLM is intelligent data selection rather than feature extraction.
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Figure 3: Fine-tuned LLM-enhanced data retrieval. X, is di-
rectly extracted; X; and X,, are selected via semantic simi-
larity using fine-tuned TinyLlama-1.1B-Chat-v1.0.

3.2 Temporal Evolution Causal Graph Attention
Network (TE-CausGAT)
TE-CausGAT is the core module for learning and validating directed

dependency structures in Orion. We adopt the term “causal” in the
Granger causality sense throughout this work: a variable X is said

to Granger-cause Y if the past values of X contain information
that helps predict Y beyond what is contained in past values of
Y alone [11]. This predictive notion of causality is weaker than
Pearl’s interventional causality but is identifiable from observa-
tional time series data without requiring controlled experiments.
Our TE-CausGAT module learns such Granger-causal directed de-
pendencies and validates them through prediction-based consis-
tency testing.

3.2.1 Granger-inspired Directed Dependency Learning. Con-
volutions on Xinp,; yield multi-scale features through fusion in
TE-CausGAT. Next, Temporal segmentation divides the series into
S segments to capture causal evolution. Each segment s uses an
independent estimator for its causal structure. For segment s, causal
relationship strengths are computed by learning source and tar-
get node transformation matrices through time-weighted feature
aggregation combined with node embeddings:

Cc® =5(s® - (T®)T +B) (2)

Where $), T are source and target transforms, B is a bias ma-
trix, o is the sigmoid function, and the self-loop mask removes
diagonal elements. The Bayesian causal fusion mechanism inte-
grates segment-specific causal matrices through attention weights
(the prior graph structure does not explicitly contain causal rela-
tionships) and incorporates prior structures from the adjacency
matrix:

S
Crused = (1 - aprior) . Z Ws - C(s) + Aprior Cprior (3)

s=1

where w; denotes the attention weight for segment s satisfying
Zle ws = 1, Cprior the prior adjacency, and apior balances discov-
ered vs prior structures for stability. Subsequently, the dependency
propagation simulator employs a GRU mechanism [8] to model the
temporally dynamic propagation of perturbation effects:

h®) = GRU(Cfyea - X, h7Y) (©)
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where X(©) € RN*d ig the node features at time ¢, h(t) € RN*d
is the hidden state, and the matrix product Cgyseq - X® modu-
lates information flow between nodes. The causal matrix modu-
lates information flow between nodes and simulates the tempo-
ral propagation effects of node changes. To ensure the learned
causal graph maintains acyclicity, we employ computationally ef-
ficient polynomial approximations instead of the theoretically ex-
act but computationally expensive matrix exponential constraint
tr(ec(s) )—N = 0. Specifically, we penalize the trace of powers of the
normalized causal matrix: Lpag = Az - tr(éz) + A3 - tr(é3), where
C = Cpused/ || Crusedlloo, A2 = 0.1 and A3 = 0.01. This exploits tr(Ck)
counting k-cycles, suppressing cycles while remaining differen-
tiable and efficient. Although the polynomial approximation cannot
theoretically guarantee complete acyclicity, the causal graphs dis-
covered by Orion strictly satisfy the DAG property in subsequent
experimental learning (see in Appendix A.5 for details).
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Figure 4: Architecture of TE-CausGAT. Left: forward pathway
from multi-scale convolution to directed dependency estima-
tion and dependency-modulated attention. Right: prediction-
based validation (training only) filtering spurious edges.

3.2.2 Intervention-inspired Consistency Validation. The core
feature of TE-CausGAT is an intervention-inspired validation mech-
anism. Figure 5 illustrates how this mechanism tests whether learned
edge weights predict intervention responses. When intervening on
node i, the effect on downstream node j can be expressed under
linear approximation as Aj; = C;j - AX; + Xy Cij - AXg. We
implement this mechanism through four steps: randomly selecting
K intervention nodes for unbiased discovery; generating interven-
tion values v = tanh(g(c)) constrained to [—1, 1]; implementing
the masking operation by setting node values to v; and cutting
incoming edges, then propagating through GRU to simulate dy-
namics; finally evaluating consistency between causal strength and
observed effects through validity score, which is defined as:
Ay,
Vl_U =1 CU man(Agk) + €stab ©

Anon.

(b) Do-Intervention Test

(c) Refined Graph

(a) Initial Discovery

(b)

Figure 5: Prediction-based validation mechanism. (a) Mask-
ing a node’s contribution generates prediction change; valid-
ity score measures consistency with learned edge weights. (b)
Initial edges are tested and spurious correlations (red crosses)
are filtered.

This formulation is based on the causal invariance assumption: if
systematically removing X, from Y = f(X,, Xp, X¢, Xg) yields sig-
nificant change in Y, then X, carries predictively relevant influence
on Y. We use Lygiidiry to promote high validity on causal edges,

effectively filtering correlations that fail intervention tests. where

T, -
WM quantitatively es-
timates the relative causal influence, the C;; € [0, 1] represents

causal strength from node i to node j, Ajj; = |Q§.’°St - gﬁ“| is the

the normalized empirical effect

prediction change for node j, and €, = 1078 prevents division by
zero. The do-operation is an internal computationally simulated
intervention used for validation rather than a physical interven-
tion in the real world. A high validity score indicates consistency
between the learned causal strength and the intervention effect,
helping the model capture predictive dependencies, while a low
score clearly reveals spurious correlations. We emphasize that this
mechanism validates predictive relevance rather than interventional
causality in the Pearl sense. It provides a robust training signal
beyond pure correlation, thereby enabling Orion to filter spurious
correlations and learn directed dependency structures that are con-
sistent with their predictive effects—a desirable property we term
prediction-based consistency.

3.2.3 Causal-Modulated Attention. The validated causal matrix
enhances multi-head attention. Q,K, V are projected from multi-
scale temporal features. This mechanism operates through two com-
plementary pathways that synergistically integrate causal knowl-
edge: (1) dynamically scaling the value matrix based on causal prop-
agation effects, where a three-layer MLP generates position-specific
modulation strengths m(X, E) to amplify information on strong
causal paths while suppressing weak paths; (2) directly enhanc-
ing attention scores using the fused causal matrix. The complete
formulation is:

oK'
Output = softmax _d + AgateAscale Clused
k

(6)
: [V © (1 + gate (X, Byrop) Epmp)]l

where g, is a learnable gate, A;cqle is a fixed scaling coefficient,
Ctused represents the fused causal matrix, E,,op denotes propagation
effects, and m(-) is a three-layer MLP modulation function. This
design dynamically directs attention along validated causal paths
and adaptively adjusts their strength.
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3.3 Belt Block Architecture and Multi-Period
Attention Fusion

The Belt Block serves as our fundamental unit, sequentially apply-
ing spatial causal attention, temporal attention, and feedforward
transformation, augmented with residual connections. We instan-
tiate three parallel Belt Block branches corresponding to Hour,
Day, and Week periodicities, where each branch processes period-
specific data selected through our LLM-enhanced retrieval mecha-
nism. These branches independently capture distinct periodic pat-
terns while maintaining computational efficiency via TE-CausGAT
parameter sharing.

3.4 Three-Stage Progressive Training Strategy

Following curriculum learning [4], we adopt a three-stage progres-
sive training strategy. It moves from feature learning to causal
discovery to joint optimization, reducing local minima in complex
end-to-end training (weight scheduling in Appendix B.3).

Stage 1: Feature Representation Learning (Correlation-
Based Learning). Freeze all causal-related modules and focus on
spatiotemporal feature representation learning:

Lstagel = Lpred = MAE(Y> Y) (7)

This ensures embedding layers, multi-scale convolutions, and at-
tention mechanisms develop stable spatiotemporal representations.

Stage 2: Directed Structure Learning (Dependency Hypoth-
esis Formation). Freeze embedding modules and concentrate learn-
ing capacity on TE-CausGAT components:

Lstagez = -Epred + Acausal Lcausal_totab
8
Lcausalﬁtotal = Z w; L;. ( )
i

Stage 3: End-to-End Optimization (Intervention-based Re-
finement). Unfreeze all parameters for joint optimization of feature
learning and directed structure learning:

Lstagefﬁ = Lpred + /L:ausal . Lcausalﬁtutal + Areg . Lregularization (9)

4 Experiments

Datasets. We evaluate Orion on five spatiotemporal datasets: for
traffic forecasting, we employ PEMS04, PEMS08 [6], and METR-LA
for traffic flow prediction; we utilize CA-COVID and TX-COVID
datasets [10] for hospitalization prediction (details in Appendix D.1).
Baselines. We compare against 13 methods: statistical models (HA,
VAR), RNN-based models (DCRNN, AGCRN, DGCRN), CNN or
attention-based models (STGCN, GWNet, ASTGCN, MTGNN [43],
GMAN [47], STAEformer [26]), and causal-aware models (CaST,
TESTAM).

Implementation Details. The adjacency matrix is constructed
using a Gaussian kernel with o set to the median of non-zero dis-
tances. Datasets are partitioned 6:2:2 for traffic (7:1:2 for METR-LA)
and 8:1:1 for epidemic data. LLM retrieval is an optional module;
to ensure fair comparison, main results (Table 2) use fixed-period
retrieval, while LLM retrieval is evaluated independently (Table 3)
to demonstrate semantic retrieval potential. Evaluation metrics are
MAE, RMSE, MAPE (with threshold 5 for near-zeros), and L1 loss.
We use Adam [19] for 100 epochs. All baselines and Orion adopt
the same setup for fair comparison (see Appendix B for details).

Conference’17, July 2017, Washington, DC, USA

4.1 Main Experimental Results

Traffic Forecasting Performance. Table 2 reports results on three
benchmarks. On METR-LA, Orion attains MAE 2.66 (6.60% gain over
STAEformer) with improvements across all horizons. On PEMS08,
Orion delivers 8.65% average MAE improvement. On PEMS04,
Orion achieves the strongest short-horizon result (8.83% MAE im-
provement at Horizon-3 over TESTAM) but degrades at longer
horizons. We attribute this to PEMS04’s limited temporal coverage
(2 months) and its largest node count (307 nodes): fewer periodic
variations make the multi-period architecture and directed depen-
dency learning prone to overfitting. This contrasts with METR-LA
(4 months, 207 nodes) and PEMS08 (2 months, 170 nodes), where
sufficient data diversity or moderate network scale allows Orion to
maintain advantages. Short-term gains stem from TE-CausGAT’s
ability to capture immediate spatial propagation patterns. Statistical
models fail to capture nonlinear spatiotemporal dependencies (e.g.,
METR-LA MAPE > 13%), while recent methods (CaST, TESTAM)
narrow the gap, Orion’s directed dependency learning provides
consistent short-horizon advantages and competitive long-horizon
performance on 2 of 3 datasets.

Epidemic Forecasting Performance. Table 1 shows that Orion
generalizes to epidemic prediction, achieving MAE 291.31 on CA-
COVID (22.70% improvement over TESTAM) and 30.31 on TX-
COVID (37.73% improvement). Unlike traffic networks where spa-
tial relationships are physically constrained by road topology, epi-
demic spread involves socioeconomic factors and human mobility
patterns that cannot be captured by geographical proximity alone.
Here, Orion’s prediction-based validation—which integrates prior
spatial structure with learned dependencies—is particularly effec-
tive at filtering spurious correlations that arise from confounding
factors such as shared policy changes or reporting delays.

Table 1: Epidemic forecasting performance (lower is better).

Dataset DGCRN STAEformer CaST TESTAM Orion
CA 392.56 378.93 396.21 376.84 291.31
X 58.42 49.36 61.15 48.67 30.31

Effect of LLM-Enhanced Retrieval. We evaluate LLM retrieval
on 5-node subsets of PEMS08 and METR-LA, where the LLM selects
the most similar historical patterns from the past week and month
as tri-period input. Table 3 shows that, although overall improve-
ments are moderate (METR-LA reduces average MAPE by 10.57%,
PEMSO08 by 3.44%), gains in key scenarios are substantial: METR-
LA achieves 19.27% MAPE reduction at Horizon-3, and PEMS08
reaches 8.87% at Horizon-12 with a peak of 6.93% at Horizon-6.
RMSE shows minimal change (-0.15%) due to sensitivity to extreme
values, indicating enhancements primarily benefit typical patterns
rather than outliers.

4.2 Ablation Study And Directed Dependency
Validation

Ablation study. Table 4 shows that single-stage training causes the

largest degradation (18.36% MAE), confirming progressive training

is essential. Removing Bayesian fusion yields the largest single-
component loss (19.79% MAE), underscoring integrating priors with
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Anon.

Table 2: Traffic forecasting performance comparison with 12-step prediction horizon. MAPE values in %. Red bold: best

performance, underline: second best.

Dataset | Method | Horizon 3 | Horizon 6 | Horizon 12 | Average
| | MAE RMSE MAPE | MAE RMSE MAPE | MAE RMSE MAPE | MAE RMSE MAPE
HA 4.79 10.00 11.70 5.47 11.45 13.50 6.99 13.89 17.54 5.64 11.74 13.85
VAR 4.42 7.80 13.00 5.41 9.13 12.70 6.52 10.11 15.80 5.23 9.09 13.26
DCRNN 2.78 5.36 7.30 3.16 6.43 8.80 3.61 7.57 10.50 3.19 6.35 8.76
AGCRN 2.88 5.56 7.70 3.24 6.57 9.01 3.69 7.55 10.46 3.24 6.40 8.83
3 DGCRN 2.63 5.00 6.64 3.00 6.04 8.03 3.45 7.18 9.74 3.00 6.15 7.81
E STGCN 2.88 5.74 7.61 3.47 7.24 9.56 4.59 9.40 12.69 3.56 7.16 9.58
g GWNet 2.69 5.15 6.90 3.07 6.22 8.37 3.53 7.37 10.01 3.06 6.19 8.37
ASTGCN 4.84 9.25 9.19 5.41 10.59 10.11 6.48 12.49 11.61 5.38 10.90 10.38
MTGNN 2.68 5.17 6.86 3.04 6.16 8.17 3.48 7.22 9.85 2.98 5.79 7.92
GMAN 2.80 5.55 7.41 3.12 6.49 8.73 3.44 7.35 10.07 3.07 6.39 8.57
STAEformer 2.65 5.11 6.85 2.97 6.00 8.13 3.34 7.02 9.70 2.85 5.93 8.25
CaST 2.71 5.26 7.14 3.08 6.29 8.52 3.42 7.21 10.03 3.01 6.04 8.44
TESTAM 2.54 4.93 6.42 2.96 6.04 7.92 3.36 7.09 9.67 2.91 5.96 7.76
| Orion | 183 2.87 388 | 270 5.22 585 | 373 7.49 8.14 | 266 5.40 5.78
HA 28.92 42.69 2031 33.73 49.37 24.01 46.97 67.43 35.11 36.49 52.93 25.46
VAR 21.94 34.30 16.42 23.72 36.58 18.02 26.76 40.28 20.94 23.51 36.39 17.85
DCRNN 18,51 29.59 12.69 19.63 31.35 13.43 21.65 34.17 15.01 19.69 31.41 13.52
AGCRN 18.52 29.79 12.31 19.45 31.45 12.82 20.64 33.31 13.74 19.36 31.28 12.81
= DGCRN 18.27 28.97 12.36 19.39 30.86 13.42 21.09 33.59 14.94 19.39 29.18 13.46
)
2 STGCN 18.74 29.84 14.42 19.64 31.34 13.27 21.12 33.53 14.22 19.63 31.32 13.32
By GWNet 18.02 28.81 13.66 18.98 30.31 14.25 20.55 32.52 15.43 18.99 30.30 14.28
ASTGCN 19.35 30.58 13.41 21.24 33.42 14.78 25.08 38.95 18.35 21.37 34.04 15.21
MTGNN 18.65 30.13 13.32 19.48 32.02 14.08 20.96 34.66 14.96 19.50 32.00 14.04
GMAN 18.26 29.34 12.65 18.80 30.84 13.24 20.00 31.31 13.39 18.82 30.92 13.20
STAEformer 17.92 29.18 12.26 18.74 30.73 12.81 20.18 33.01 13.72 18.95 30.97 12.93
CaST 18.36 29.51 12.48 19.21 31.18 13.15 20.72 33.76 14.28 19.13 28.76 12.76
TESTAM 17.79 29.01 12.17 18.62 30.56 12.72 20.03 32.84 13.61 18.81 30.80 12.83
| Orion | 16.22 24.52 11.73 | 18386 28.65 12,63 | 2453 36.74 1520 | 19.04 29.31 12.52
HA 23.52 34.96 14.72 27.67 40.89 17.37 39.28 56.74 25.17 28.64 42.27 18.21
VAR 19.52 29.73 12.54 22.25 33.30 14.23 26.17 38.97 17.32 22.07 31.02 14.04
DCRNN 14.18 22.18 9.33 15.26 24.24 9.92 17.72 27.12 11.15 15.28 24.26 9.98
AGCRN 14.52 22.86 9.35 15.67 24.99 10.35 17.50 27.92 11.73 15.66 24.98 10.18
® DGCRN 13.89 22.07 9.19 14.92 23.99 9.85 16.73 26.88 10.84 15.01 24.62 9.58
(2}
= STGCN 14.95 23.48 9.87 15.92 25.36 10.42 17.65 28.03 11.34 15.98 25.37 10.43
& GWNet 13.72 21.71 8.80 14.67 23.50 9.49 16.15 25.95 10.74 14.67 23.49 9.52
ASTGCN 15.72 24.28 10.45 17.85 27.29 11.58 21.96 32.74 14.53 18.17 26.06 11.79
MTGNN 14.28 22.53 10.54 15.23 24.39 10.52 16.78 26.94 10.88 15.29 24.40 10.68
GMAN 13.80 22.88 9.41 14.62 24.12 9.57 15.72 26.47 10.56 14.81 24.19 9.69
STAEformer 13.48 21.91 8.76 14.46 23.86 9.41 15.96 26.63 10.54 14.63 24.13 9.57
CaST 13.64 21.74 8.79 15.83 25.33 9.86 17.31 29.01 10.88 15.59 25.36 9.84
TESTAM 13.41 21.79 8.71 14.38 23.73 9.34 15.87 26.48 10.45 14.55 24.00 9.50
| Orion | 1233 18.28 9.83 | 13.50 20.50 1079 | 15.18 23.37 1142 | 13.29 20.24 10.55

Table 3: Effect of fine-tuned LLM-enhanced data retrieval
(MAPE, %). Hardware details in Appendix B.2.

PEMS08 METR-LA
Horizon ‘ Metric ‘ ‘
| woLLM  w/LLM  Improv. | w/oLLM  w/LLM  Improv.
MAE 18.77 18.54 1.22% 243 2.26 7.00%
3 RMSE 32.54 32.05 1.50% 5.21 5.24 -0.71%
MAPE 9.80 9.64 1.63% 8.20 6.62 19.27%
MAE 21.02 20.64 1.82% 3.46 3.31 437%
6 RMSE 37.35 36.82 1.43% 8.38 8.37 0.10%
MAPE 11.40 10.61 6.93% 12.41 11.04 11.04%
MAE 25.50 25.10 1.59% 4.93 4.83 2.03%
12 RMSE 42.47 42.32 0.35% 1148 11.49 -0.05%
MAPE 13.76 12.54 8.87% 18.24 17.35 4.88%
MAE 21.21 20.86 1.64% 3.47 3.32 4.26%
Avg. RMSE 36.93 36.46 1.28% 8.48 8.49 0.15%
MAPE 11.06 10.68 3.44% 12.49 11.17 10.57%

learned dependencies. The TE-CausGAT ablation reveals a horizon-
dependent pattern: the variant without TE-CausGAT shows mar-
ginal MAE reduction at Horizon-3 (—2.19%) but progressive degra-
dation at Horizon-6 (+0.74%) and Horizon-12 (+2.63%). This reflects
spatial propagation—short-horizon prediction is dominated by tem-
poral autocorrelation, whereas longer horizons require modeling
how perturbations propagate across the network. This holds for
multi-period removal (+2.78% average, +8.17% at Horizon-12) and
single-scale convolution (+8.05% average, +15.09% at Horizon-12),
confirming spatial and temporal components grow more important
with horizon. Intervention validation removal increases MAE by
3.82%. Though moderate, this component serves a structural role:
it ensures learned edges are predictively reliable, as evidenced by
DREAM-3 AUC gain (0.6295 vs. 0.5915 best baseline). The MAE-
MAPE divergence reflects metric sensitivity: MAPE is dispropor-
tionately affected by near-zero values, while MAE captures accuracy
across all magnitudes.
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Table 4: Ablation study on PEMS-08. Parentheses show percentage change relative to full Orion.

‘ Horizon 3 ‘ Horizon 6 ‘ Horizon 12 ‘ Average
Component
‘ MAE RMSE  MAPE(%) MAE RMSE MAPE(%) MAE RMSE MAPE(%) ‘ MAE RMSE  MAPE(%)
Part 1: Architecture Components
Single Period 12.26(-057%) 18.83(+3.01%) 8.37(-14.88%) | 13.74(+1.78%) 21.65(+5.61%) 8.90(¢-17.52%) | 16.42(+8.17%) 25.97(+11.11%) 10.21(-10.60%) | 13.66(+2.78%) 21.36(+5.53%) 8.94(-15.26%)
w/o TE-CausGAT 12.06(-219%) 18.14(-0.77%) 8.93(-9.15%) | 13.60(+0.74%) 20.80(+1.46%) 10.04(-6.95%) | 15.58(+2.63%) 23.96(+2.52%) 11.18(-2.10%) | 13.37(+0.60%) 20.37(+0.64%) 9.85(-6.64%)

w/0 Multi-Period Fusion|12.03(-2.43%)

18.39(+0.60%) 7.30(-25.79%)

14.02(+3.85%) 21.71(+5.90%) 8.24(-23.63%)

16.88(+11.20%) 25.62(+9.62%) 10.07(-11.82%)

13.65¢+2.71%) 20.87(+3.11%) 8.20(-22.27%)

Single Stage Training 12.98(+5.27%) 19.25(+531%) 9.46(-3.76%) |15.85(+17.41%) 23.63(+15.27%) 11.19(:3.71%)|20.17(+32.87%) 29.55(+26.42%) 14.15(+23.91%)|15.73(+1836%) 23.19(+14.57%) 11.46(+8.63%)

Full Orion 12.33 18.28 9.83 13.50 20.50 10.79 15.18 23.37 11.42 13.29 20.24 10.55
Part 2: TE-CausGAT Components

Single Scale Conv 12.64(+251%) 19.35¢5.85%) 9.49(3.46%) | 14.44(+6.96%) 22.37(+9.12%) 10.82(+0.287%) [17.47(+15.09%) 26.96(+1535%) 12.65(+10.77%) | 14.36(+8.05%) 22.09(:9.17%) 10.75(+1.90%)

w/o Intervention 12.11¢1.81%) 18.72(+2.39%) 8.15(¢-17.09%)| 14.05¢+4.05%) 21.61(+5.42%) 10.10¢-6.40%)| 16.44(+833%) 25.17(+7.727) 11.48(+053%) | 13.80(+3.82%) 21.32(+533%) 9.93(-5.88%)

w/o Bayesian Fusion

13.22(+7.22%)

20.02(+9.52%) 8.98(-8.64%)

16.05(+18.89%) 24.67(+2034%) 10.02(-7.14%)

20.66(+36.10%) 31.50(+34.79%) 12.53(+9.72%)

15.92(+19.79%) 24.38(+20.51%) 9.91(-6.07%)

Full Orion ‘ 12.33

18.28 9.83

13.50 20.50 10.79

15.18 23.37 11.48

13.29 20.24 10.55

Table 5: Directed dependency discovery on DREAM-3 (AUC;
higher is better). Ground-truth structure used for evaluation.

Method PCMCI NGC eSRU LCCM NGM CUTS Orion

AUC 0.5517 0.5579 0.5587 0.5046 0.5477 0.5915 0.6295

Directed dependency validation on DREAM-3. To quanti-
tatively evaluate Orion’s capability in discovering directed depen-
dencies, we conduct experiments on the DREAM-3 gene regulatory
network dataset [29], which provides ground-truth causal structure
for benchmarking. As shown in Table 5, Orion achieves an AUC
of 0.6295, outperforming the strongest baseline CUTS (0.5915) by
6.42%. Traditional approaches such as PCMCI (0.5517) and NGC
(0.5579) are constrained by linear assumptions and fixed temporal
windows, while neural methods such as eSRU (0.5587) and NGM
(0.5477) lack validation mechanisms, often mistaking correlations
for directed influence, a gap that Orion’s intervention-based testing
directly addresses. The results confirm that our learned structures
closely match the ground-truth graph, effectively identifying pre-
dictively relevant dependencies that largely align with true causal
relationships.

4.3 Case Study: Real-World Application on
METR-LA

We validate Orion on METR-LA, whose sensors span major high-
ways (I-405, I-10, US-101). All analyses use the directed dependency
matrix averaged over test batches.

Spatiotemporal Evolution of Directed Dependencies. A
central advantage of Orion is that its learned directed dependency
matrices are time-varying, enabling interpretable analysis of how
inter-node influence structures evolve with traffic demand. Figure 6
visualizes these matrices as heatmaps for four representative peri-
ods, where edge counts range from 12,427 during the morning peak
(6-9 AM) to only 2,078 at night (7 PM-6 AM). Figure 7 and Table 6
further detail the network topology and key node roles at each
period. During the morning peak, the network exhibits a “one-to-
many” tree-like topology: Node 4 (I-10/I-405 interchange) alone has
an out-degree of 20, with influence extending up to 3.5 miles along

Table 6: Key source/target nodes across four periods. Infl.:
source out-degree. Src Cnt: target in-degree. Dep. Dist.: top-10
edge count by strength ($>0.7, M: 0.4-0.7, W<0.4).

Time Period ‘ Src Node Infl. ‘ Tgt Node Src Cnt Causal Dist.

Node 4 20 Node 79 2 Strong: 10
Morning (6-9h) Node 3 3 Node 14 2 Medium: 0
Node 8 2 Node 22 1 Weak: 0 (Total: 10)
Node 159 1 Node 139 2 Strong: 6
Off-Peak (9-16h) | Node 160 2 Node 131 3 Medium: 0
Node 4 2 Node 61 2 Weak: 4 (Total: 10)
Node 84 1 Node 84 5 Strong: 8
Evening (16-19h) | Node 14 2 Node 91 1 Medium: 0
Node 29 2 Node 77 1 Weak: 2 (Total: 10)
Node 174 3 Node 73 2 Strong: 0
Night (19-6h) Node 160 3 Node 150 2 Medium: 0
Node 56 1 Node 91 2 Weak: 10 (Total: 10)

northbound 1-405 and eastbound US-101; 65% of edges connect
adjacent sensors while 35% are long-range edges corresponding to
detour routes and ramp cascades. The evening peak reverses into a
“many-to-one” convergence pattern (9,123 edges), where Node 84 re-
ceives strong influences from five upstream nodes (9, 14, 29, 88, 176),
forming a bottleneck on I-405. During off-peak hours, dependency
density drops by 76.9% and long-range edges decline to 5%, yielding
a sparse multi-center structure. At night, only two independent
influence centers remain, Node 174 and Node 160, with dependency
strengths up to 0.9988. These evolving patterns are consistent with
known Los Angeles commuting dynamics and demonstrate that
Orion captures physically meaningful, time-varying directed in-
fluence structures rather than static symmetric correlations. Cru-
cially, because these structures identify where influence originates
and how it propagates, they directly inform actionable traffic man-
agement: Node 4’s high morning out-degree motivates upstream
ramp metering triggered below 40 mph; Node 84’s evening con-
vergence from five sources suggests diverting 30% of traffic when
>3 sources congest; the nighttime dual-center pattern supports
dedicated freight lanes at Node 174 and extended green lights at
Node 160; and the directed chain between Nodes 14-91 reveals
cascading risk addressable by intermediate speed limits.

768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809
810
811

812



813
814
815
816

817

823
824
825
826
827
828
829
830
831
832
833
834
835
836
837
838
839
840
841
842
843
844
845

846

859
860
861
862
863
864
865
866
867
868
869

870

Conference’17, July 2017, Washington, DC, USA

Off-Peak (9-161

(a) Morning (b) Off-Peak

vening Peak (16-19%) (Batch Average) Night (19-6h) (Batch Average)

(c) Evening (d) Night

Figure 6: Directed dependency matrices on METR-LA across
four time periods. Each cell (i,j) denotes dependency
strength from node i to node j; red = strong, blue = weak.
Note the progressive sparsification from (a) to (d).

5 Related Work

From statistical models to deep learning. Spatiotemporal fore-
casting has progressed from statistical methods to neural architec-
tures. Early approaches such as ARIMA [5] and VAR [18] captured
linear dependencies. Deep learning advanced the field: ConvLSTM
[36] combined CNNs and LSTMs for spatiotemporal feature extrac-
tion, Transformers [41] captured global temporal dependencies, and
iTransformer [28] demonstrated that inverted variate-dimension
attention yields strong performance. Large language models have
been repurposed for temporal reasoning: Time-LLM [16] repro-
grams frozen LLMs via prompt-based input transformation, and
Time-FFM [27] leveraged LLMs for temporal understanding. Graph
neural networks learned node representations through message
passing but remained limited to single-dimensional optimization.
A shared limitation is these methods learn symmetric correlations
without modeling dependency directionality.

Spatiotemporal coupling architectures. To jointly model spatial
and temporal dynamics, STGCN [46] introduced graph-temporal
convolution, DCRNN combined diffusion convolution with GRU,
Graph-WaveNet introduced adaptive adjacency learning, ASTGCN
[12] employed spatiotemporal attention, and DGCRN attempted
dynamic graph learning. D2STGNN [35] decoupled diffusion and in-
herent traffic signals, DSTAGNN [20] constructed dynamic spatial-
temporal aware graphs, and PDFormer [15] modeled propagation
delay effects. In the epidemic domain, MSGNN [32] proposed multi-
scale graph convolutions to capture cross-granularity spreading pat-
terns. Despite these advances, three limitations persist: (1) fixed or
slowly adapting adjacency matrices cannot represent time-varying
connectivity; (2) symmetry assumptions fail to distinguish influence
sources from targets; (3) single-scale temporal modeling struggles
to capture multi-period patterns.

Anon.

(a) Morning (b) Off-Peak
= A
2N
y ¢
(c) Evening (d) Night

Figure 7: Geographic projection of directed dependencies.
Node color: blue (source), red (target), green (balanced). Edge
color: red (>0.7), orange (0.4-0.7), yellow (<0.4). Compare
“one-to-many” in (a) with “many-to-one” in (c).

Causal-inspired spatiotemporal methods. Recognizing these
limitations, researchers integrated causal reasoning into forecasting.
Assaad et al. [1] categorize causal discovery into constraint-based,
score-based, and Granger-based families. PCMCI [33] relied on con-
ditional independence testing, NGC [39] and eSRU [17] learned
Granger causality [11], and LCCM [9] explored causal connections.
DYNOTEARS [31] extended structure learning to time-series un-
der acyclicity constraints, inspiring our DAG regularization. Re-
cently, CaST improves forecasting through learned causal graphs,
TESTAM uses spatiotemporal attention for causal discovery, and
in the epidemic domain, EpiGNN [49] incorporates epidemiolog-
ical knowledge into GNNs for heterogeneity-aware forecasting,
while Han et al. [13] unify physics- and data-driven modeling via
a causal STGNN. However, two limitations remain: static graph
assumptions—e.g., CaST uses a single matrix; and lack of validation—
learned structures may capture spurious correlations rather than
directed dependencies. Leveraging Granger causality and neural
causal discovery, we use prediction-based validation to extract pre-
dictive edges, avoiding assumptions of structural causal models.

6 Conclusion

We propose Orion, a spatiotemporal forecasting framework that
learns time-varying directed dependency structures via Granger-
inspired estimation and validates them through prediction-based
consistency testing, a mechanism that provides a training signal
beyond correlation by testing whether learned edge weights pre-
dict downstream sensitivity. Combined with multi-scale temporal
modeling (Belt Block) and progressive training, Orion achieves
state-of-the-art results across five traffic and epidemic benchmarks.
DREAM-3 and METR-LA analyses confirm that learned structures
capture relevant and physically interpretable dependencies.
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A Theoretical Foundations and Proofs

A.1 Granger Causality Foundation of
TE-CausGAT

We provide the theoretical foundation for TE-CausGAT based on
the Granger causality framework [11], which is the appropriate
formalism for learning directed predictive dependencies from ob-
servational time series data.

Definition (Granger Causality). A time series X is said to
Granger-cause another time series Y if, given all other relevant
information, past values of X provide statistically significant infor-
mation about future values of Y. Formally:

(Y| Yoo, Xpo1, .. ) < 02 (Y| Yyoq, .. ) (10)

where 0% (-|) denotes the conditional variance.

Connection to TE-CausGAT. Our learned directed dependency
matrix C©®) € [0, 1]V*N captures Granger-causal relationships in
a neural network framework. Specifically, Cf;) > 0 indicates that
node i’s historical information improves the prediction of node j in
temporal segment s. This interpretation aligns with the extensive
literature on neural Granger causality [17, 39].

Prediction-Based Validation Principle. Our validation mech-
anism tests whether the learned dependency strengths are con-
sistent with their predictive effects. The key insight is based on
the predictive relevance criterion: if removing node i’s contribution
significantly changes the prediction of node j, then node i carries
predictively relevant information for node j. This is operationalized
through our validity score (Equation 5), where Ajj; measures the
prediction change when node i’s contribution is masked.

Remark on Scope. We emphasize that Granger causality cap-
tures predictive rather than interventional causality. Our method
identifies which nodes carry predictive information for other nodes,
which is sufficient for forecasting applications. We do not claim to
recover the underlying structural causal model or to predict the
effects of real-world interventions.

A.2 Consistency Between Learned
Dependencies and Predictive Effects

We analyze the conditions under which TE-CausGAT learns depen-
dency structures that are consistent with their predictive effects.

Proposition (Prediction Consistency). Under the assumption
that the model has sufficient capacity to capture the true predictive
relationships, the learned dependency matrix C converges to values
where high-weight edges correspond to high predictive importance.

Justification. Consider the optimization objective in Stage 2
and Stage 3 training:

(11)

The validity loss Lyasigiry penalizes inconsistency between C;;
and the normalized prediction change Afj; /max; (Afy). Minimizing
this loss drives the model toward configurations where:

L= -Epred + Avalidity-cualidity +...

e Edges with high learned weights C;; correspond to node
pairs where masking node i significantly affects the predic-
tion of node j;

o Edges with low learned weights correspond to node pairs
with minimal predictive coupling.
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Anon.

This self-consistency mechanism helps filter out spurious cor-
relations that may arise from confounding factors or noise. While
we cannot guarantee identification of true causal relationships in
the interventional sense, this mechanism ensures that the learned
structure reflects genuine predictive dependencies that are useful
for forecasting.

Empirical Validation. The effectiveness of this consistency
mechanism is validated through:

o Shuffling Test (Section A.4): When node-effect corre-
spondences are randomly shuffled, both validity scores and
prediction performance degrade significantly, confirming
that the model learns genuine node-specific dependencies
rather than trivial patterns.

o DREAM-3 Benchmark (Table 5): On a dataset with known
ground-truth regulatory relationships, Orion achieves the
highest AUC among all baselines, demonstrating that learned
dependencies align with true directed relationships.

A.3 Practical Robustness of the Validation

Mechanism

Our prediction-based validation mechanism is designed with multi-
ple robustness enhancements to ensure reliable learning of directed
dependencies on complex real-world data.

While our theoretical derivation assumes local linearization, our
implementation fully captures nonlinear dynamics through multi-
scale temporal convolutions (8 different kernel sizes) and GRU
propagation mechanisms. The multi-scale temporal convolution
module in our code employs multiple time scales from 1 to 15,
ensuring simultaneous modeling of short-term perturbations and
long-term trends. The normalization term max (Afjx) combined
with the stability term €, = 1078 not only prevents numerical
instability but more importantly provides relative scale calibration
of node responses, making causal strengths comparable across
nodes of different magnitudes.

Our implementation through Bayesian fusion (Equation 3) intelli-
gently combines data-driven directed dependency learning with do-
main prior knowledge. When data evidence is sufficient, the model
relies on learned directed dependencies; when uncertainty exists,
prior knowledge provides guidance. This adaptive mechanism en-
sures our method remains robust under various data conditions.

The InterventionValidator class in our code implements an
intelligent intervention node rotation mechanism, ensuring all
nodes are systematically tested. By constraining intervention val-
ues within [—1, 1] through v = tanh(g(c)), we maintain numer-
ical stability while adequately exploring the intervention space.
The three-stage progressive training strategy (feature learning —
directed structure learning — end-to-end optimization) further
ensures reliable learning of directed structures.

Our method achieves 6.60% MAE improvement on METR-LA,
8.65% improvement on PEMS-08, and remarkable 22.70% and 37.73%
improvements on CA-COVID and TX-COVID respectively. These
results demonstrate the advantage of our Granger-inspired directed
dependency learning approach over pure correlation-based meth-
ods, by identifying predictively relevant directed dependencies
rather than superficial correlations, we achieve more accurate and
interpretable predictions.
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A.4 Safeguards Against Confirmation Bias

To prevent confirmation bias, our validation mechanism includes
three layers of independence guarantees: (1) intervention nodes
are randomly selected in each batch, independent of the current
dependency matrix; (2) intervention effects propagate through an
independently trained GRU, whose dynamics do not directly de-
pend on the learning of C; (3) the validity score uses normalized
relative effects, requiring the model to predict the correct ranking
of causal strengths rather than absolute values. Stress test experi-
ments show that after shuffling node-effect correspondences, the
model’s validity in late training significantly decreases (average
1.4%, p < 0.05) and prediction MAE degrades by 3.84%, validating
that the mechanism achieves high validity scores through learn-
ing predictively relevant directed dependencies rather than trivial
alignment.

To verify that the perturbation mechanism does not exhibit con-
firmation bias, we designed a Shuffling Test to examine whether
the model truly learns the dependency correspondences between
nodes. The test protocol is as follows: at each test epoch, we per-
form the standard intervention process on the current model to
obtain the intervention effects Agjj; for each node, then randomly
shuffle these effect values across different nodes and recalculate the
validity score. If the model relies on genuine directed dependen-
cies, validity should significantly decrease after shuffling; if trivial
alignment exists, there should be no significant difference before
and after shuffling. We conduct tests every 5 training epochs on the
PEMS-08 dataset, performing 30 random shuffles each time to cal-
culate statistical significance (using paired t-test with significance
level p < 0.05).

From Table 7, a clear two-stage pattern is evident: during early
training (Epoch 10), validity slightly increases after shuffling (neg-
ative drop magnitude) and is statistically insignificant, indicating
that causal relationships have not been sufficiently learned at this
stage. Starting from Epoch 15, validity consistently decreases af-
ter shuffling with statistical significance, proving that the model
has learned genuine node-effect dependency pairings. Notably, the
Week and Day cycles maintain significant validity drops (0.98%-
2.47%) throughout the training process, while the Hour cycle’s drop
approaches zero by Epoch 30, reflecting the convergence character-
istics of directed dependency learning at different time scales.

Table 7: Shuffling Test Results Throughout Training Process
(PEMS-08). Drop magnitude = (Original - Shuffled)/Original.

Epoch Period Original Shuffled Drop
Hour 0.1432 0.1420 0.84%

15 Week 0.1467 0.1434 2.28%
Day 0.1493 0.1465 1.85%

Hour 0.1414 0.1409 0.33%

25 Week 0.1470 0.1453 1.16%
Day 0.1504 0.1480 1.58%

From Table 8, after shuffling causal correspondences, the model
trained on the test set shows an increase in MAE from 13.29 to
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13.80 (3.84%) and RMSE from 20.24 to 21.33 (5.39%). This perfor-
mance degradation directly shows that the original model’s excel-
lent prediction performance depends on correctly learned directed
dependencies, rather than trivial alignment. Notably, MAPE slightly
decreases (-4.36%), possibly because the shuffled model has reduced
prediction bias at extremely low traffic values (where denominators
close to zero cause MAPE instability), but significant degradation
in overall MAE and RMSE still indicates the model’s dependence
on correctly learned directed structures.

Table 8: Impact of Shuffling Test on Prediction Performance

Model Configuration MAE RMSE MAPE(%) Performance Change
Original Model (No Shuffling) 13.29  20.24 10.55 Baseline
Shuffled Model 13.80 21.33 10.09 MAE13.84%, RMSET5.39%

Combining evidence from both validity decrease and prediction
performance degradation, our stress test validates the effectiveness
of the perturbation mechanism: the model must learn genuine inter-
node directed dependencies to simultaneously achieve high validity
scores and excellent prediction performance, rather than through
self-confirming trivial alignment.

A.5 DAG Constraint Effectiveness Analysis

We adopt the DAG constraint in polynomial approximation form:
Loag =Xz - tr(C) + 25 - tr(C?) (12)

where C = Ciused/|Crused|oo is normalized, with A, = 0.1, A3 = 0.01.
The main reasons for choosing this approximation are computa-
tional efficiency and numerical stability: the complete matrix expo-
nential constraint tr(e€) — N = 0 has computational complexity of
O(N?) for large-scale networks (METR-LA has 207 nodes, PEMS-04
has 307 nodes) and is prone to gradient explosion or vanishing dur-
ing backpropagation. In contrast, the polynomial approximation
only requires computing the trace of C? and C%, with reduced com-
plexity and smaller constants, making it numerically more stable.
Theoretically, tr(CX) computes the number of cycles of length k in
the graph. By penalizing tr(C?) and tr(C?), we suppress the most
common 2-cycles (bidirectional edges) and 3-cycles, which in prac-
tice can effectively constrain the acyclicity of the graph. Although
this cannot theoretically guarantee complete acyclicity (as cycles
of length >4 may exist), we observe in our experiments that this
constraint is sufficiently effective.

To quantitatively verify the actual effectiveness of the DAG con-
straint, we use topological sorting algorithms to detect cycles in
the learned directed dependency graph on the PEMS-08 dataset
(170 nodes). Under the condition of setting threshold=0.1 (used
to binarize the continuous dependency strength matrix), Table 9
presents the complete cycle statistics:

The results show that at threshold 0.1, the learned directed depen-
dency graph completely eliminates all cycles of any length (includ-
ing 2-cycles, 3-cycles, and 4-cycles and longer), strictly satisfying
the DAG property. This verifies the sufficiency of the polynomial ap-
proximation A,-tr(C?)+13-tr(C?) in practical applications, although
theoretically it cannot completely guarantee the absence of long
cycles, through appropriate weight settings (A, = 0.1 > A3 = 0.01,
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Table 9: Cycle statistics of learned directed dependency graph
(PEMS-08, threshold=0.1).

Anon.

Table 10: Differentiated hyperparameter configurations for
main experiments

Cycle Type Count Theoretical Max  Pct.

2-cycles (bidirectional) 0 14,365 (('7%)) 0.00%
3-cycles 0 804,440 (1)) 0.00%
4-cycles and longer 0 — 0.00%

prioritizing the penalization of short cycles), it can effectively elim-
inate all cycles in practice.

B Detailed Implementation and
Hyperparameters

This section provides comprehensive documentation of the Orion
framework’s complete implementation details, including all exper-
imental hyperparameter configurations, K-means node selection
strategies, and three-stage training weight distributions. Our ex-
periments encompass four components: main experiments, LLM-
enhanced retrieval comparisons, ablation studies, and causal discov-
ery validation. To ensure experimental reproducibility and repeata-
bility, all experiments set random seeds to 42, including Python,
NumPy, PyTorch random generators, and CUDA deterministic algo-
rithm modes, thereby guaranteeing consistent experimental results
under identical hardware environments.

B.1 Complete Hyperparameter Settings

B.1.1  Main Experiment Configuration. All datasets share consis-
tent configurations: prediction and input lengths of 12 time steps
(target_len = source_len = 12), segmentation into four periods—
6-9 (morning peak), 9-16 (daytime), 16-19 (evening peak), 19-6
(nighttime)—with dropout rate 0.1 [37], weight decay 1e-4, learning
rate decay factor 0.8 every 20 epochs. The three-stage training strat-
egy consists: Stage 1: 10 epochs of feature learning (Acqusar = 0),
Stage 2: 10 epochs of directed structure learning (A.qysq1 = 0.05,
freezing embedding_process), Stage 3: 80 epochs of end-to-end op-
timization (Acqyusqr = 0.03). GRU propagation mechanism enabled
(use_gru_propagation = True) to capture temporal dynamics effec-
tively, experiments conducted on specified environments (NVIDIA
A100-40GB for traffic datasets, RTX 2080Ti for epidemic datasets),
random seeds fixed at 42 ensuring full reproducibility.

We adopt differentiated hyperparameter configurations tailored
to dataset characteristics. COVID datasets, with limited sample sizes
(86 training samples and 30 test samples), employ smaller model
capacity (d_model = 32) and single Belt Block layer to prevent
overfitting. Learning rates are adjusted according to network scale
and convergence characteristics, with PEMS04 using the smallest
rate (0.0001) due to its largest network (307 nodes) to avoid gradient
explosion. COVID data intervention frequency is set to 2 (every
2 batches), higher than traffic datasets’ 10, to enhance directed
dependency learning in small-sample scenarios. Table 10 presents
hyperparameter configurations across all five datasets.
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Parameter PEMS08 PEMS04 METR-LA CA-COVID TX-COVID
Data Configuration

num_of_vertices 170 307 207 55 251

in_channels 3 3 1 3 3

train_ratio/val_ratio 0.6/0.2 0.6/0.2 0.7/0.1 0.8/0.1 0.8/0.1

num_weeks/days/hours 1/1/1 1/1/1 1/1/1 0/0/1 0/0/1
Model Configuration

d_model 64 64 64 32 32

d ff* 128 128 128 64 64

n_belt_block 2 2 2 1 1

head_t/head_f 4/4 4/4 4/4 2/2 2/2

Training Configuration
batch_size 128 64 96 16 16
learning_rate 0.005 0.0001 0.0005 0.005 0.001
Intervention Configuration
intervention_frequency 10 10 10 2
num_interventions 30 30 30 25 25

B.1.2  LLM-Enhanced Retrieval Comparison Configuration. To con-
trol variables and verify the independent contribution of LLM re-
trieval, we select 5 representative nodes from PEMS08 and METR-
LA datasets to construct subsets. The experimental design employs
strict variable control: maintaining all configurations identical ex-
cept for the use_lIm_embedding parameter. Historical data win-
dows are set to 4 weeks/6 days/1 hour, providing retrieval candi-
dates for the LLM. Model capacity is reduced (d_model = 8) to
accommodate small-scale networks and avoid overfitting, while
intervention frequency is increased to 2 to enhance directed de-
pendency learning effectiveness in small networks. As shown in
Table 11, this control ensures that performance differences can be
attributed to the LLM retrieval mechanism.

Table 11: LLM comparison experiment configuration (5-node
subset)

Parameter Configuration Value
num_of vertices 5
num_weeks/days/hours 4/6/1
d_model 8

dff* 16
n_belt_block 1
intervention_frequency 2
num_interventions 5
batch_size 128
learning_rate 0.0005

Unique Variable

use_llm_embedding False — True

B.1.3  Ablation Experiment Configuration. Ablation experiments
are based on the complete PEMS08 configuration, with different
components controlled through the ablation_mode parameter. We
systematically evaluate 8 key components, with all ablation vari-
ants maintaining identical training configurations to ensure fair
comparison.
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B.1.4 Dream3 Directed Dependency Validation Configuration. To
quantitatively evaluate Orion’s directed dependency learning capa-
bility, we conduct experiments on the DREAM-3 gene regulatory
network dataset. Unlike the main application scenario (traffic fore-
casting), DREAM-3 is configured as a static causal discovery task:
we set the number of temporal segments S = 1 to learn a single
time-invariant regulatory network C € R1%%100 adopting single-
step lag modeling (gene i at time t influences gene j at time ¢ + 1),
which aligns with the standard setting of the DREAM challenge.

Due to the specificity of the DREAM-3 dataset (only 21 time
points), specialized configurations are required to prevent over-
fitting: (1) a small learning rate (1le-5) and a lightweight model
(d_model=8) are used to adapt to the small data scale (21 time
points X 100 samples); (2) temporal segments are set to 1 since
gene expression data lacks daily periodicity; (3) the dependency
threshold is set to 0.05, stricter than traffic data (0.1), to avoid false
positive edges in biological networks. These configurations (Ta-
ble 12) are specifically designed for the unique characteristics of
biological time series data.

Table 12: Dream3 directed dependency validation experiment
configuration

Parameter Configuration Value
num_of vertices 100
learning_rate le-5

d_model 8
num_time_segments 1
batch_size 16
dependency_threshold 0.05

The perturbation validation mechanism is still employed in this
scenario (K=25 genes randomly intervened, with effects propagated
through GRU). The training process does not use the ground truth
network, and evaluation metrics such as AUC are calculated only
during assessment using the official DREAM scripts.All DREAM-3
experiments were conducted on an NVIDIA RTX 2080Ti (22GB)
GPU.

B.1.5 Intervention Implementation Details. Intervention node
selection: At the beginning of each batch, we use torch.randperm(N)
[:K] to randomly select K nodes (K=30 for traffic data, K=25 for
epidemic and DREAM-3 data). The selection process is independent
of the current model state and time period.

Intervention value generation: For the selected node i, the
intervention value is generated through v; = tanh(g;(c;)), where g;
is a node-specific learnable function and c; is noise sampled from a
standard normal distribution.

Intervention implementation: During GRU propagation, the
input of the intervened node is forced to be v;, and its incoming
edges are truncated, simulating the semantics of the do-operator.

Validity calculation: The intervention effect Aj; is calculated
by comparing predictions before and after intervention, then com-
pared with C;; to obtain the validity score (Equation 5). The entire
process is differentiable and trained end-to-end.
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B.2 K-means Node Selection Strategy

Due to the computational complexity of LLM retrieval being O(N X
H), where N is the number of nodes and H is the number of histor-
ical candidates, direct application on large-scale networks would
incur prohibitive computational overhead. Therefore, we employ
K-means clustering to select representative node subsets for LLM
comparison experiments. All LLM-enhanced retrieval experiments
were implemented on an NVIDIA RTX 5880 Ada (48GB) GPU with
Intel Xeon 6330 CPU and 107GB RAM.

The node selection process comprises four steps:

Step 1: Feature Extraction. For each node i, we extract a four-
dimensional feature vector from its time series data:

peak]

fi = [y, 01, pi(12), 1} (13)

where y; and o; are the mean and standard deviation of node i’s traf-
fic flow respectively, p;(12) is the autocorrelation coefficient at lag
12 steps (1 hour) capturing short-term periodicity, and rf’ °ak is the
peak hour flow ratio reflecting the node’s functional characteristics.

Step 2: K-means Clustering. We execute standard K-means
algorithm on the feature matrix F = [fy, ..., fN]T, setting cluster
number k =5 to obtain cluster centers C = {cy, ..., s}

Step 3: Representative Node Selection. From each cluster, we
select the node closest to the centroid as representative:

n; =arg$i§}||frz_cj||2 (14)
where S; denotes the node set of the j-th cluster.

Step 4: Connectivity Verification. We examine the connectiv-
ity of selected nodes in the adjacency matrix to ensure the subnet-
work maintains certain spatial connectivity.

As shown in Table 13, the METR-LA subset contains 3 isolated
nodes (nodes 29, 67, 127 with no edge connections), reflecting K-
means’ characteristic of selecting based on temporal features rather
than spatial topology. This selection strategy ensures diversity
in temporal patterns, providing comprehensive test scenarios for
LLM-enhanced retrieval—encompassing both spatially correlated
node pairs and spatially independent nodes with similar temporal
patterns, thereby thoroughly evaluating LLM retrieval effectiveness
across different scenarios.

Table 13: K-means node selection results for PEMS08 and
METR-LA datasets

New ID PEMS08 METR-LA
Original ID  Connectivity Original ID Connectivity
0 9 Connected 29 Isolated
1 10 Connected 67 Isolated
2 25 Connected 71 Connected
3 31 Connected 127 Isolated
4 166 Connected 156 Connected

B.3 Three-Stage Training Weight Configuration

The three-stage training strategy employs carefully calibrated loss
component weights to progressively transition from feature learn-
ing to directed dependency discovery. Table 14 details the individual
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loss component weights during Stage 2:

Lcausulﬁtaml = Wsparse-£sparse + Wualid-[-:validity + WeonnLconnect
(15)
Table 15 presents the complete loss weight evolution across all three
stages.

+ Wtemp'LtEmporal + Wdangag

Table 14: Directed dependency loss component weights in
Stage 2.

Causal Loss Component Weight (w;)
Sparsity (Lsparse) 0.01-0.02*
Validity (Lualidity) 0.5
Connectivity (Lconnect) 0.1
Temporal (Lsemporat) 0.01
DAG (Laag) 0.1

*Adaptive: 0.01 when avg validity >0.5, else 0.02

Table 15: Loss weight distribution across training stages

Loss Component Stage1 Stage2 Stage3
Prediction (Lprea) 1.0 1.0 1.0
Sparsity 0 0.0005  0.0003
Validity 0 0.025 0.009
Connectivity 0 0.005 0.0015
Temporal 0 0.0005  0.00015
DAG 0 0.005 0.0015
Weight Decay 0.0001 0.0001 0.0001

The sparsity weight (*) is dynamically adjusted based on validity
scores: when average validity exceeds 0.5, the weight decreases to
0.01 to encourage more connections; otherwise, it increases to 0.02
to enforce sparsity. This adaptive mechanism balances between
discovering sufficient directed dependencies and avoiding spurious
connections.

B.4 Multi-Scale Temporal Convolution Ablation

We conducted systematic ablation experiments on the selection of
kernel numbers in multi-scale temporal convolution to explain the
question of “why we choose 8 kernels”.

Experimental Setup: All experiments were conducted on the
PEMS-08 dataset, keeping all hyperparameters consistent except for

the kernel configuration (d_model=64, n_belt_block=2, batch_size=128,

learning_rate=0.005). We tested four kernel configurations: (1)
Single-3: a single kernel size k=3, serving as a baseline without
multi-scale modeling; (2) Sparse-4: sparse sampling of 4 key scales
[1,3,7,15], testing whether fewer kernels can cover key patterns; (3)

Anon.

model performance. First, Single-3 shows significant performance
degradation compared to Full-8 across all prediction horizons, par-
ticularly at long horizon (Horizon 12) where MAE increases from
15.18 to 17.99 (degradation of 18.5%) and RMSE from 23.37 to 27.81
(degradation of 19.0%), fully demonstrating that a single temporal
scale cannot adequately capture the complex periodic and trend
patterns in spatiotemporal data. Second, although Sparse-4 covers
both the minimum (k=1) and maximum (k=15) scales, its perfor-
mance still lags behind Full-8 by approximately 6.92% in MAE,
indicating that intermediate scales (k=5,9,11,13) are equally critical
for capturing temporal patterns between immediate response and
long-term trends (such as half-hour fluctuations) and cannot be
simply omitted.

In terms of computational efficiency, the training time of Full-
8 (52.7s/epoch) is comparable to Single-3, because the efficient
implementation of dilated convolutions allows the computation
of multiple kernels to be parallelized; however, the training time
of Dense-12 surges to approximately 45 minutes/epoch (2700s),
mainly due to the larger parameter count from 12 kernels, the
lack of efficiency advantages from dilated structures in consecutive
small kernels (k=2,4,6...), and increased memory and computational
overhead from denser feature fusion, making complete training
(100 epochs) require approximately 75 hours, which is unaccept-
able in practical applications. Finally, we choose odd kernel sizes
(1,3,5,...,15) instead of even numbers to maintain temporal symme-
try, because odd kernels have a clear “current” time point at the
center moment, while even kernels introduce a half-step temporal
offset, which may cause time alignment issues in causal inference.

As shown in Table 16, Full-8 is clearly superior in Pareto effi-
ciency: compared to Single-3, it achieves 7.26% MAE improvement
without increasing training time; compared to Sparse-4, it achieves
6.48% further improvement with even shorter training time (benefit-
ing from better parallelization), while the training cost of Dense-12
makes it impractical in real applications.

Table 16: Pareto Analysis of Training Time and Performance

Configuration MAE Training Time (h/100epochs) Efficiency Ratio
Single-3 14.33 1.46 Baseline
Sparse-4 14.21 1.61 -0.08% / +10.3%
Full-8 13.29 1.46 -7.26% | +0%
Dense-12 — ~75.00 — / +5000%

Based on systematic ablation experiments, the 8 odd kernel sizes
[1,3,5,7,9,11,13,15] achieve the optimal balance among performance,
computational efficiency, and interpretability, and are our recom-
mended configuration for PEMS-08 and all other datasets.

C LLM Fine-tuning Details

Full-8 (our configuration): dense sampling of 8 odd scales [1,3,5,7,9,11,13,15]Qur LLM is specifically fine-tuned on spatiotemporal data using
(4) Dense-12: ultra-dense sampling of 12 consecutive scales [1,2,3,...,12],

testing whether more kernels bring further improvements. All mod-
els were trained for 100 epochs using a three-stage training strategy
on NVIDIA A100-40GB GPUs.

As shown in Table 17, the experimental results clearly demon-
strate the multi-dimensional impact of kernel configuration on

14

a dataset of ~100,000 time series—prediction pairs from PEMS03.
Each sample contains 240 historical steps (one month of 5-minute
data) with 12-step predictions. This window design matches our
tri-period architecture: hourly (recent hours), daily (past 7 days),
and weekly (past 4 weeks). Similarity is computed with weights
Weosine = 0.7 and Weyclidean = 0.3 to balance semantic matching.
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Table 17: Detailed Performance Comparison of Different Kernel Configurations

‘ Horizon 3 ‘ Horizon 6 ‘ Horizon 12 ‘ Average ‘
Config | MAE RMSE MAPE | MAE RMSE MAPE | MAE RMSE MAPE | MAE RMSE MAPE | Time (s/ep)
3 979 1462  7.30 | 1324 2088  8.41 | 17.99 27.81 10.25 | 1433 2273  8.71 52.7
4 876 12.08 755 | 13.35 2006  9.62 | 17.46 2651  11.65 | 1421 21.81  10.16 57.9
8 9.44 1298 882 | 13.13 19.66 1041 | 15.18 23.37 1142 | 13.29 20.24 10.55 52.7
12 — — — — — — — — — — — — ~2700

C.1 Dataset Construction and Preprocessing

The construction of the fine-tuning dataset is critical for enabling
the LLM to understand time series prediction semantics. We sys-
tematically extracted approximately 100,000 training samples from
raw traffic flow data, with each sample containing 240 historical ob-
servations and their corresponding 12-step prediction targets. The
data is organized in ChatML format with the following structure:

{
"messages": [
{
"role": "user",
"content": "[240-step historical sequencel],
Predict traffic flow in next 12 steps."
Do
{
"role": "assistant",
"content": "[12-step future predictions]"
}
]
3

This conversational format enables the model to understand
the prediction task naturally. During preprocessing, all values are
normalized to [0, 1] and retain 4 decimal places. Given LLM input
token limitations (max_length=2048), we employ backward trun-
cation to prioritize recent observations. This strategy is justified
because: (1) recent data carries more predictive information in time
series forecasting; (2) early patterns appear repeatedly in training,
allowing effective pattern learning.

C.2 Training Configuration and Optimization
Strategy

The fine-tuning process employs a parameter-efficient training
strategy. The specific configurations are shown in Table 18.

Table 18: Fine-tuning hyperparameters and configurations

Hyperparameter Value Description
Batch size 16 Effective batch per GPU
Gradient accumulation 2 Equivalent batch size of 32

Initial learning rate 2e-5
Training epochs 5

AdamW optimizer learning rate
Prevent overfitting

Warmup steps 200 Linear warmup strategy
Max sequence length 2048 Context window limit
Weight decay 0.01 L2 regularization coefficient
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Training employs gradient checkpointing [7] to reduce memory
usage while utilizing mixed precision [30] training to improve effi-
ciency. The learning rate schedule adopts a linear warmup followed
by constant strategy to ensure stable model convergence.

C.3 Training Process and Convergence Analysis

During the training process, model perplexity steadily decreased
from an initial 8.3 to 2.1, indicating successful learning of the se-
mantic representation of spatiotemporal data. The validation loss
curve shows the model stabilized after epoch 3 without overfitting
phenomena. This is attributed to our early stopping strategy and
moderate regularization settings.

The fine-tuned model demonstrates powerful recognition capa-
bilities for temporal patterns. Even when the absolute value ranges
of input sequences differ, the model can accurately identify typical
traffic patterns such as "morning peak-off-peak-evening peak" and
retrieve the most similar historical patterns for matching. For in-
stance, the model successfully recognizes that a sequence with pat-
tern "early peak - stable flow - evening peak" semantically matches
similar daily patterns despite occurring on different calendar days.
This semantic understanding capability forms the core foundation
of our intelligent retrieval mechanism.

D Datasets and Evaluation
D.1 Dataset Statistics

Table 19 presents comprehensive dataset statistics. The traffic datasets
exhibit high-frequency sampling with rich feature dimensions,
while epidemic datasets present unique challenges with daily gran-
ularity and smaller sample sizes. This diversity enables thorough
evaluation of Orion’s generalization capabilities across varying
temporal scales and domain characteristics.

D.2 Evaluation Metrics Definition

We employ three standard evaluation metrics to comprehensively
assess prediction performance:

MAE = (16)
i=1 t=1
1 i i (1) _ )
RMSE = " — i)z (17)
N x H i=1 t=1 ' '
N H (1) _ ~(t)
100% y, ' =1
MAPE = 18
NxH Z Z (18)

maX(|yi(t) |> ethresh)
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(2) METR-LA (b) PEMS04 (c) PEMS08

Figure 8: Performance comparison across 12 prediction horizons on three traffic datasets.

Table 19: Dataset statistics

Dataset Steps Nodes Features Feature Names Interval TimeSpan Value Range Unit
Flow [0, 919] veh/h
PEMS04 16,992 307 3 Occupancy 5min Jan-Feb 2018 [0,0.772] ratio
Speed [3,85.2] mph
Flow [0, 1147] veh/h
PEMS08 17,856 170 3 Occupancy 5min Jul-Aug 2016 [0, 0.896] ratio
Speed [3,82.3] mph
METR-LA 34,272 207 1 Speed 5min Mar-Jun 2012 [0, 70] mph
Cases [0, 7928] count
CA-COVID 335 55 3 Population Daily Feb-Dec 2020 [0, 7602] normalized
Change Rate [-2263, 2446]  count/day
Cases [0, 2149] count
TX-COVID 335 251 3 Population Daily Feb-Dec 2020 [0, 2106] normalized
Change Rate [-569, 381] count/day
where yl.(t) and gf” represent the ground truth and prediction MAE measures average absolute deviation, providing a linear
for node i at time ¢ respectively, N is the number of nodes, H is the penalty for errors and being robust to outliers. RMSE applies qua-
prediction horizon, and €gyresh = 5 is a threshold to handle near-zero dratic penalty to errors, making it more sensitive to large deviations
values in traffic datasets. and suitable for applications where large errors are particularly

undesirable. MAPE provides a scale-independent percentage error
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measure, enabling fair comparison across different value ranges,
though it requires careful handling of near-zero values.

D.3 Data Preprocessing

Traffic datasets undergo preprocessing including IQR-based outlier
detection [40] and Savitzky-Golay smoothing [38] to handle sensor
noise, while epidemic datasets retain raw values due to their daily
aggregation nature. The preprocessing pipeline consists of: (1) miss-
ing value imputation using linear interpolation for gaps less than 3
time steps and forward-filling for longer gaps; (2) outlier detection
using the interquartile range method with a factor of 1.5; (3) noise
reduction through Savitzky-Golay filtering with window length
7 and polynomial order 2 for traffic data only; (4) normalization
using training set statistics for all splits to prevent data leakage.

E Supplementary Experimental Results
E.1 Performance Comparison Visualization

Figure 8 visualizes complete 12-horizon performance trajectories of
all methods across three traffic datasets, revealing distinct cluster-
ing. On METR-LA, statistical methods (HA, VAR) form the highest
error cluster with steep degradation curves. Deep learning methods
converge to a competitive band between MAE 3.0-4.0, with marginal
differences reflecting architectural variations. Orion establishes a
clearly lower trajectory, maintaining advantages across all horizons.
The visualization highlights Orion’s superior early-horizon perfor-
mance, where directed dependencies exhibit strongest predictive
power before uncertainty affects long-term predictions.

E.2 METR-LA Supplementary Analysis

Extended Prediction Results Analysis. Figure 9 demonstrates
Orion’s 600-step prediction results on 4 representative nodes from
METR-LA. Node 0 displays distinct V-shaped valleys (flow dropping
from 60 to 20), which Orion almost perfectly reproduces. Node 1’s
smoother pattern achieves the best MAE of 2.323. Node 2 exhibits
sudden changes—flow plummeting from 80 to 20 or surging from
40 to 100—with Orion accurately capturing both timing and magni-
tude. This sensitivity stems from multi-scale temporal convolutions
detecting both short-term disruptions and long-term trends. Node
3 presents oscillations between 40-70 combining regular periodicity
with irregular perturbations; Orion maintains 6.4% MAPE even
in complex segments. At extreme valleys approaching flow of 10,
the model shows slight overestimation but quickly self-corrects,
demonstrating TE-CausGAT’s generalization capability.

Temporal Attention Weight Analysis. Temporal attention
weight analysis (Figure 10) reveals the model’s sophisticated tem-
poral modeling mechanism. The global average attention heatmap
displays clear diagonal dominance with maximum weight reach-
ing 0.1179, concentrated on adjacent time steps, embodying traffic
flow’s Markovian properties. More interestingly, secondary atten-
tion peaks appear at t-6 and t-8 positions, corresponding exactly to
historical data from 1-1.5 hours ago (12 steps x 5 minutes). This "bi-
modal" attention pattern enables the model to simultaneously cap-
ture immediate dynamics and hourly periodicity, perfectly match-
ing urban traffic temporal characteristics.
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Figure 9: Extended prediction analysis for 4 representative
nodes over 600 time steps through 50 consecutive 12-step
sliding windows. Blue lines show ground truth, red dashed
lines show predictions, orange bands indicate error ranges,
and gray dotted lines mark prediction window boundaries.

Multi-Period Fusion Weight Analysis. Multi-period fusion
weight analysis (Figure 11) reveals surprising yet reasonable pat-
terns. Weekly period data receives the highest weight of 48.7%, far
exceeding hourly (26.4%) and daily (25.0%) periods. This finding
highly aligns with METR-LA’s actual traffic characteristics—Los
Angeles traffic shows significant differences between weekdays and
weekends, with weekly patterns’ importance surpassing daily vari-
ations. This adaptive weight allocation mechanism enables Orion
to automatically adjust multi-scale information fusion strategies
based on different datasets’ characteristics.

R
o m

(a) Global attention (b) Head 0 pattern

Figure 10: Temporal attention patterns in METR-LA. Maxi-
mum weight reaches 0.1179 with standard deviation of only
0.0084, demonstrating high stability.

Fusion Weight Matrix Average
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Figure 11: Multi-period fusion weight analysis.
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Anon.

Figure 12: Extended prediction results on PEMS08 for nodes 0-
3. Predictions generated using 50 consecutive 12-step sliding
windows for 600 time steps. Gray dotted lines mark prediction
boundaries and orange bands show absolute error ranges.

E.3 PEMS Datasets Supplementary Analysis

Since the PEMS04 and PEMSO08 datasets lack precise geographic
coordinates for sensors, we cannot perform spatial causality vi-
sualization analysis similar to METR-LA. This section focuses on
detailed visualizations of prediction performance and attention
mechanisms on these two datasets.

E.3.1 Extended Prediction Performance. Figures 12 and 13 present
prediction results on the PEMS datasets, which exhibit different
traffic characteristics and challenges.

PEMSO08 Regular Pattern Recognition. PEMS08 displays highly

regular traffic patterns. Nodes 0 and 1 exhibit clear rectangular
wave patterns—rapidly switching between high-flow plateaus and
low-flow valleys. Orion precisely identifies these binary state tran-
sitions, with the red prediction line accurately responding at each
transition point without delay or overshoot. Particularly for Node
0’s multiple deep valleys (flow dropping to near zero), the model
not only predicts the extreme low values at valley bottoms but
also accurately captures their duration. Node 2 demonstrates more
gradual fluctuations, where Orion similarly achieves good fitting
with only slight underestimation at individual peaks.

PEMS04 Sparse Flow Challenges. The most distinctive feature
of the PEMS04 dataset is extreme flow sparsity—multiple nodes
maintain near-zero flow for prolonged periods. Nodes 0 and 2 fre-
quently exhibit complete flow cessation, posing severe challenges
for prediction models. Orion demonstrates remarkable adaptabil-
ity: accurately maintaining zero predictions during zero-flow peri-
ods and responding promptly when flow resumes. However, Node
3’s anomalous MAPE value exposes limitations of the evaluation
metric—when ground truth values approach zero, even minimal
absolute errors can cause enormous relative errors. Nevertheless, vi-
sually, the red prediction line still closely adheres to the blue ground
truth, indicating the model’s actual performance far exceeds what
the MAPE metric suggests.

E.3.2  Temporal Attention Patterns. Figure 14 illustrates temporal
attention weight distributions for both datasets. PEMS08’s global
average attention presents a clear diagonal-dominant pattern with

Figure 13: Extended prediction results on PEMS04 dataset for
nodes 0-3, showing 600-step forecasts via 50 sliding windows.
Note the anomalous MAPE for Node 3 due to near-zero ground
truth values.

maximum weight 0.0882 on adjacent time steps and standard devia-
tion 0.0023, reflecting high stability. Head 0’s pattern reveals richer
structure with a secondary peak at t-6, corresponding to data from
1 hour ago (12 steps x 5 minutes), capturing hourly periodicity.
PEMSO04’s attention is more concentrated with maximum weight
0.0864 and standard deviation 0.0010. This tighter distribution may
relate to PEMS04’s shorter time span (2 months), with the model re-
lying more on recent observations. The reinforced diagonal pattern
indicates stronger Markovian properties in this dataset.
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(a) PEMS08 global attention

(b) PEMS04 global attention
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Figure 14: Temporal attention patterns on PEMS datasets.

Notably, fusion weights for both datasets show consistency
across attention heads, with minimal weight distribution differences
between different heads, validating the stability and robustness of
our multi-head fusion mechanism.
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E.3.3  Multi-Period Fusion Weights. The multi-period fusion weight
distribution provides insights into temporal scale preferences. As
shown in Figure 15, on PEMS08, average fusion weights for hour,
week, and day periods are 0.337, 0.322, and 0.341 respectively, show-
ing relatively balanced distribution. The batch-averaged standard
deviation is 0.015, indicating certain dynamics in weight allocation
across time segments. PEMS04 exhibits more uniform weight allo-
cation, with all three periods extremely close to 0.333 and standard
deviation of only 0.001. This balanced pattern suggests the model
considers information from all three temporal scales equally impor-
tant, possibly reflecting stronger regularity in traffic patterns where
periodic features at different scales all provide valuable predictive
information.
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Figure 15: Multi-period fusion weight distribution. Top:
PEMSO08. Bottom: PEMS04.

F Reproducibility Statement

To facilitate independent verification, we publicly release all exper-
iment code, configuration files, and data preprocessing scripts at
the anonymous repository linked in Section 1. Our implementation
is built on PyTorch 2.0+ with experiments conducted on NVIDIA
A100-40GB GPUs (traffic datasets), RTX 2080Ti-22GB GPUs (epi-
demic datasets), and RTX 5880 Ada-48GB GPU (LLM retrieval).
Deterministic execution is ensured by fixing all random seeds to 42
across Python, NumPy, PyTorch, and CUDA backends. Every hyper-
parameter is exhaustively documented in the appendix, including
three-stage training schedules (Tables 10-15), intervention details
(Appendix B), and preprocessing procedures (Appendix D.3). All
five datasets are publicly available benchmarks with standard com-
munity splits. The repository includes a comprehensive README . md
with step-by-step instructions for environment setup, data prepara-
tion, and end-to-end training.

G Limitations

Although Orion achieves strong results across five benchmarks, sev-
eral practical constraints should be noted. The intervention-based
validation requires extra forward passes during training, adding
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roughly 15-20% wall-clock overhead compared to a correlation-
only baseline; in practice this is kept manageable through the in-
tervention frequency hyperparameter and by restricting the causal
learning phase to 10 of the 100 total epochs, with no additional cost
at inference time. On PEMS04, which covers only 2 months with
307 nodes, the multi-period architecture tends to overfit at longer
horizons—a data scarcity issue rather than a modeling flaw, as the
same design yields consistent gains on METR-LA (4 months) and
PEMSO08 (170 nodes). Our polynomial DAG constraint penalizes
only 2- and 3-cycles and thus cannot theoretically rule out longer
cycles, though empirical verification via topological sorting detects
none on PEMS-08 at threshold 0.1 (Table 9). The TinyLlama retrieval
module has O(N x H) complexity, and due to limited GPU memory
availability, full-network LLM-based retrieval remains computa-
tionally prohibitive for datasets with hundreds of nodes, restricting
current evaluation to 5-node subsets obtained via K-means; all pri-
mary results reported in Table 2 rely on fixed-period retrieval and
are therefore unaffected by this constraint.

H Ethics Statement

This study uses exclusively publicly available datasets containing
no personally identifiable information. The traffic datasets (PEMS04,
PEMS08, METR-LA) consist of aggregated loop-detector readings
recording only vehicle counts, occupancy ratios, and speeds; the
COVID-19 datasets (CA-COVID, TX-COVID) provide county-level
hospitalization statistics from Dong et al. [10]; and the DREAM-3
dataset [29] comprises entirely synthetic gene expression trajecto-
ries. All usage complies with respective distribution licenses and
privacy regulations. Orion is designed as a decision-support tool
whose forecasts and dependency structures are intended to inform—
rather than replace—human judgment in traffic management and
public health planning. No human subjects were involved at any
stage of this research, and no demographic or sensitive attributes
are modeled or inferred.
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