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Introduction
Automated ST Forecasting

(a). general framework. (b) search module. 
(c) denotes mixed search space, encompassing 
both temporal and spatial operators.

Research Gap

The training time and accuracy comparison of manually-
designed and automated models on the METR-LA dataset.
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AutoSTF Framework
Hightlight

"

Temporal Search Module

Employed a directed acyclic graph (DAG) to 
facilitate the search for various 
combinations of temporal operators.

#

Multi-patch Transfer Module
Can explore finer-grained spatial and 
temporal dependencies in subsequential spatial 
search, and decrease redundant computations 
in the temporal feature dimension. 

#

Spatial Search Module
Design a new spatial search space to cover a 
wide range of spatial modeling paradigms and 
automatically optimize messages-passing 
across different layers.

#

(a) AutoSTF Framework

Temporal Search Module

Output Layers

Spatial Search Module

Multi-patch Transfer

Embedding Layers
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(b) Embedding Layers (c) Temporal Search Module

(d) Multi-patch Transfer (e) Spatial Search Module
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Existing automated spatio-temporal 
forecasting methods take an order 
of magnitude longer than 
manually-designed methods while 
yielding marginal prediction 
accuracy improvements.

Computational Cost

3800%
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Table 3: The performance of multi-step forecasting on tra!c "ow datasets.

Data Metric DCRNN STGCN GWN AGCRN MTGNN STID STHODE DeepSTUQ STJGCN STAEformer LightCTS AutoSTG AutoCTS AutoCTS+ AutoSTF

PE
M
S0
3 MAE 18.18 17.49 14.82 15.89 15.10 15.49 15.51 15.13 14.92 14.96 15.23 17.97 14.71 14.59 14.44

RMSE 30.31 30.12 25.24 28.12 25.93 28.43 26.16 26.77 25.70 26.03 26.21 28.47 24.54 24.21 23.94
MAPE 18.91% 17.15% 16.16% 15.38% 15.67% 16.03% 15.88% 14.03% 14.81% 15.06% 14.81% 18.08% 14.39% 14.02% 13.79%

PE
M
S0
4 MAE 24.70 22.70 19.16 19.83 19.32 19.25 19.61 19.11 18.81 18.41 18.79 20.46 19.13 18.95 18.38

RMSE 38.12 35.55 30.46 32.26 31.57 30.91 30.97 31.68 30.35 30.01 30.14 32.18 30.44 30.31 29.86
MAPE 17.12% 14.59% 13.26% 12.97% 13.52% 13.30 13.45% 12.71% 11.92% 13.36% 12.80% 13.77% 12.89% 12.75% 12.58%

PE
M
S0
7 MAE 25.30 25.38 21.54 21.31 22.07 20.69 21.71 20.36 19.95 20.64 23.24 26.77 20.93 20.77 19.50

RMSE 38.58 38.78 34.23 35.06 35.80 33.93 34.63 33.71 33.01 33.53 36.86 41.63 33.69 33.49 32.66
MAPE 11.66% 11.08% 9.22% 9.13% 9.21% 8.82% 9.82% 8.63% 8.31% 8.56% 9.87% 11.63% 8.90% 8.76% 8.14%

PE
M
S0
8 MAE 17.86 18.02 15.13 15.95 15.71 15.28 15.43 15.44 14.53 14.78 14.63 16.23 14.82 14.72 14.07

RMSE 27.83 27.83 24.07 25.22 24.62 24.85 24.39 24.60 23.73 23.97 23.49 25.72 23.64 23.43 23.17
MAPE 11.45% 11.40% 10.10% 10.09% 10.03% 9.92% 10.27% 10.06% 9.15% 9.71% 9.43% 10.25% 9.51% 9.45% 9.14%

STJGCN [58], STAEformer [29] and LightCTS [16], and 3 automated
models including AutoSTG [32], AutoCTS+ [46] and AutoCTS [45].
We provide the detailed description of baselines in Appendix B.2.

4.2 Overall Results of AutoSTF
Firstly, we present the main experiments for both multi-step (refer
to Table 2 and 3) and single-step (see Table 4) spatio-temporal fore-
casting. We adopt the convention of highlighting the best accuracy
in bold and underlining the second best accuracy.

Multi-step forecasting. As demonstrated in Tables 2 and 3,
AutoSTF outperforms all baseline models on all multi-step fore-
casting tasks across all evaluation metrics. In summary, the results
demonstrate that AutoSTF can produce highly competitive archi-
tectures adept at capturing spatio-temporal dependencies, leading
to enhanced forecasting accuracy.

In particular, comparedwith themost advancedmanual-designed
baseline LightCTS, our model achieved signi!cant improvements
on all datasets. For example, our model resulted in a (2.05%, 1.32%,
0.76%) and (4.23%, 3.11%, 2.31%) reduction in MAE for long-term (60
min), medium-term (30 min), and short-term (15 min) forecasting
on METR-LA and PEMS-BAY datasets, respectively. Furthermore,
our model demonstrated enhanced performance on other tra"c
#ow datasets compared to LightCTS, achieving a reduction in MAE
(2.18%), RMSE (0.93%), and MAPE (1.72%) for PEMS04, as well as a
decrease in the same metrics for PEMS08, with MAE (3.83%), RMSE
(1.36%), and MAPE (3.08%). Two crucial insights can be drawn from
our observations. Firstly, the experimental outcomes reveal that
AutoSTF is capable of automatically generating highly competitive
neural architectures that surpass human-designed models in perfor-
mance. secondly, no hand-designed model consistently outperforms
others across various tra"c #ow datasets. This implies that di$er-
ent datasets require distinct model architectures. Nonetheless, our
AutoSTF can adapt to these requirements by automatically design-
ing optimal neural architectures for di$erent tra"c #ow datasets,
ultimately yielding the most accurate forecasting results.

Moreover, when compared to the automated models, our pro-
posed AutoSTF demonstrates signi!cant advancements across all
datasets in terms of multi-step forecasting performance. Speci!cally,
compared with AutoCTS on long-term forecasting, our AutoSTF
results in a (3.46%, 0.70%, 2.34%), (4.23%, 1.65%, 2.98%), (3.92%, 1.91%,
2.40%), and (5.06%, 1.99%, 3.89%) improvement on the METR-LA,

Table 4: The performance of single-step forecasting.

Data Models 3-th 24-th
RRSE → CORR ↑ RRSE → CORR ↑

Solar-energy

MTGNN 0.1778 0.9852 0.4270 0.9031
AGCRN 0.1830 0.9846 0.4602 0.9016
LightCTS 0.1714 0.9864 0.4129 0.9084
AutoSTG 0.2094 0.9811 0.5066 0.8611
AutoCTS 0.1750 0.9853 0.4143 0.9085
AutoCTS+ 0.1657 0.9875 0.3980 0.9152
AutoSTF 0.1682 0.9882 0.3957 0.9175

Electricity

MTGNN 0.0745 0.9474 0.0953 0.9234
AGCRN 0.1033 0.8854 0.0994 0.9073
LightCTS 0.0736 0.9445 0.0952 0.9215
AutoSTG 0.1188 0.9070 0.0998 0.8846
AutoCTS 0.0743 0.9477 0.0947 0.9239
AutoCTS+ 0.0736 0.9483 0.0921 0.9253
AutoSTF 0.0732 0.9497 0.0935 0.9279

PEMS-BAY, PEMS04, and PEMS08 datasets, respectively, under the
MAE, RMSE, andMAPEmetrics. We can draw two key observations
as follows: Firstly, compared to other automated models, our pro-
posed AutoSTF achieves superior performance on both tra"c speed
and tra"c #ow datasets, demonstrating the e$ectiveness of our
framework in accurately capturing spatio-temporal dependencies.
Secondly, the experimental results also indicate that !ne-grained
spatial search and adaptive selection of the optimalmessage-passing
aggregation in di$erent layers can signi!cantly improve accuracy.

Single-step forecasting. In this experiment, we compared Au-
toSTF with other automated spatio-temporal forecasting models
and presented the results in Table 4 for the single-step forecast-
ing task. Consistent with prior research [45, 46], we present the
single-step forecasting results for the 3rd and 24th future time steps.
It should be noted that AutoSTG utilizes a prede!ned adjacency
matrix for its spatial graph convolution operators. However, since
this matrix is not available in single-step spatio-temporal datasets,
the spatial graph convolution operators can be excluded from Au-
toSTG’s search space when running it on such datasets.

Overall, AutoSTF outperformed the other models and achieved
state-of-the-art results on the Solar-Energy and Electricity datasets
for almost all forecasting horizons. Notably, AutoSTF demonstrated
a signi!cant improvement in the CORRmetric and outperformed all
other models on these datasets. The improvements achieved by Au-
toSTF on di$erent datasets highlight the importance of automated
solutions in identifying speci!c and optimal models.

The search time on all datasets The memory consumption

Overall results of multi-step forecasting on traffic flow datasets
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Figure 5: The search time of all the datasets.
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Figure 6: The memory consumption in the search phase.

4.3 E!ciency Study
For e!ciency, in this study, we place signi"cant emphasis on opti-
mizing the search e!ciency. We selected AutoCTS and AutoSTG,
which are among the most advanced automated spatio-temporal
forecasting models, as baselines for comparing the search time and
memory consumption in the search phase. It is important to note
that the experimental setup for AutoCTS+ [46] is signi"cantly dif-
ferent from that of AutoSTF, AutoCTS, and AutoSTG, as it involves
training an Architecture-Hyperparameter Comparator using a large
volume of samples to predict the "nal neural architecture. There-
fore, to ensure an accurate comparison, we excluded AutoCTS+
from the e!ciency evaluation. The e!ciency experiments were
conducted on a Linux Ubuntu server equipped with 2 V100 GPUs.

Figures 5 and 6 present a comparison of the average search time
per epoch and the memory consumption across di#erent datasets,
respectively. Our AutoSTF consistently demonstrates the best per-
formance in terms of search time across all datasets, highlighting
the e!ciency of our proposed framework. From the results, we can
draw two key insights as follows. Firstly, AutoCTS takes thousands
of seconds to complete an epoch search on most datasets, resulting
in excessive computational overhead and presenting signi"cant
challenges. In contrast, AutoSTF only takes hundreds of seconds
to complete the one epoch search, signi"cantly improving compu-
tational e!ciency. This demonstrates that decoupling the mixed
search space, reducing redundant temporal features and parameter-
sharing schemes for spatial search can e#ectively enhance com-
putational e!ciency. Secondly, regarding memory computations,

Table 5: Ablation studies on di"erent type datasets.

Dataset Models MAE RMSE MAPE Search Time / (s)

M
ET

R-
LA w/o TS 3.39 7.19 9.65 58.40

w/o MPT 3.38 7.19 9.85 152.12
w/o SS 3.53 7.58 10.66 95.89

AutoSTF 3.35 7.09 9.58 188

PE
M
S0
4 w/o TS 18.62 30.09 12.81 34.46

w/o MPT 18.67 30.14 12.86 87.93
w/o SS 18.58 30.06 12.71 58.96

AutoSTF 18.38 29.86 12.58 112

AutoSTF exhibits the smallest consumption on most datasets, indi-
cating its superior performance in terms of memory e!ciency. In
conclusion. the experimental results clearly demonstrate that our
model is signi"cantly more e!cient than AutoCTS and AutoSTG in
terms of search time and memory consumption across all datasets.

4.4 Ablation Study
To investigate the contribution of each key module to improving
the performance and e!ciency of the search phase of the proposed
AutoSTF model, we performed an ablation study on three variants
of AutoSTF. The three variants are described as follows: (1) "w/o TS"
refers to the model variant that omits the Temporal Search module,
instead utilizing a Linear layer as its replacement. (2) "w/o MPT" is
the model variant that removed the Multi-Patch Transfer module,
which means this model variant only contains a temporal-DAG
and a spatial-DAG. (3) "w/o SS" is the model variant that removed
the Spatial Search module. We present the experimental results in
Table 5 and provide a discussion of the "ndings.

Table 5 demonstrates that AutoSTF outperforms its variants,
each of which disregards a di#erent component of AutoSTF. Specif-
ically, AutoSTF achieves higher accuracy compared to w/o TS and
w/o SS, which highlights the e#ectiveness that AutoSTF achieved
by decoupling the mixed search space into temporal and spatial
space. Furthermore, AutoSTF signi"cantly outperforms the w/o
MPT variant, reinforcing the e#ectiveness of multi-patch trans-
fer in improving accuracy by incorporating temporal information
to model "ner-grained spatio-temporal dependencies. In terms of
search time, it can be concluded that the temporal search is the most
time-consuming part. This can be attributed to the inclusion of the
informer as the temporal operator in the temporal search, which
is a particularly computationally demanding model. Furthermore,
it should be noted that the search time of the w/o MPT variant is
lower than that of AutoSTF. This is because when the MPT module
is removed, the temporal search embedding is not split into multiple
patches. As a result, there is only one spatial-DAG to explore the
spatio-temporal correlation, leading to a reduced search time.

5 Related Work
This section emphasizes related work in two aspects: manually-
designed and automated models in spatio-temporal forecasting.

The manually-designed models. Existing manually-designed
models often propose complex algorithms to model the spatial-
temporal dependencies using domain-speci"c knowledge [29, 35,
49, 58]. In particular, many works [12, 21, 22, 33, 38, 51] involve
Spatial-Temporal Graph Neural Networks (STGNN) to explore the
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