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Abstract

While Transformers have revolutionized time series fore-
casting, they remain trapped by manual architecture de-
sign—every model uses the same attention mechanism, nor-
malization, and activation choices. What if we could auto-
matically discover the perfect architectural recipe for each
dataset? This work introduces STrans (Spontaneous Trans-
former), a comprehensive neural architecture search frame-
work for time series Transformers that simultaneously ex-
plores attention variants, normalization techniques, activation
functions, and encoding operations. Using differentiable ar-
chitecture search, STrans automatically discovers architec-
tures that outperform manually designed baselines. However,
the experiments reveal a surprising and counterintuitive find-
ing: complex searched architectures often fail catastrophi-
cally, while simpler configurations generalize better. This
”search overfitting” phenomenon challenges fundamental as-
sumptions about automated architecture design in time series
domains. The work not only advances automated model de-
sign but uncovers critical insights that will reshape how we
think about neural architecture search for temporal data.

Introduction

Time series forecasting is fundamental to critical appli-
cations from financial trading and energy management to
healthcare monitoring and climate prediction. Recent Trans-
former advances have significantly improved forecasting
performance, with models like Informer (Zhou et al. 2021),
Autoformer (Wu et al. 2021), and iTransformer (Liu et al.
2023) demonstrating remarkable capabilities in capturing
long-range temporal dependencies. However, these models
rely on manual architecture engineering, requiring extensive
domain expertise and iterative experimentation to determine
optimal combinations of attention mechanisms, normaliza-
tion techniques, and activation functions for specific time
series characteristics.

Neural Architecture Search (NAS) has emerged as a pow-
erful paradigm for automated model design, achieving no-
table success across various domains (Liu, Simonyan, and
Yang 2019). While recent surveys (Wen et al. 2022) have
explored NAS applications in Transformers and time series,
existing approaches often treat temporal data as generic se-
quential inputs, overlooking unique time series forecasting
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challenges: non-stationarity, seasonality, trend decomposi-
tion, and multi-horizon prediction with autoregressive de-
coding strategies.

Challenges. Applying NAS to time series forecasting
presents domain-specific challenges beyond standard se-
quence modeling. Current Transformer designs rely on man-
ual architecture selection, requiring extensive domain exper-
tise to determine optimal combinations of attention mech-
anisms, normalization techniques, and activation functions
for different temporal characteristics. Time series data ex-
hibits complex patterns like seasonality and non-stationarity
that demand specialized architectural components, while
forecasting tasks require design considerations that differ
fundamentally from classification. The intricate interactions
between temporal modeling components make automated
search prone to overfitting, particularly when architectures
must generalize across diverse time series domains.

Method. To address these challenges, this work presents
an automated architecture search framework tailored for
multivariate time series forecasting. The framework au-
tomatically discovers optimal architectural combinations
through differentiable architecture search over curated oper-
ation sets including attention variants, normalization strate-
gies, encoding operations, and activation functions. Using
mixed operations, the system efficiently explores the ar-
chitectural space and consistently achieves superior perfor-
mance across diverse temporal domains, demonstrating that
automated search can uncover domain-specific design prin-
ciples that outperform manually-designed architectures.

Contributions. This work makes several key contribu-
tions: (1) A comprehensive automated architecture search
framework for time series Transformers systematically in-
corporating domain knowledge about temporal patterns
and forecasting requirements. (2) Extensive experiments
across diverse temporal domains show automatically dis-
covered architectures consistently outperform manually-
designed state-of-the-art methods. (3) Identification and
analysis of critical ’search overfitting” phenomenon in time
series NAS, where complex automatically-discovered ar-
chitectures underperform simpler baselines, with proposed
mitigation strategies. (4) Detailed analysis of automated
search provides practical guidelines for deploying architec-
ture search in time series forecasting applications.



Related Work
Time Series Forecasting with Transformers

Transformer architectures have achieved remarkable
progress in time series forecasting. Informer (Zhou et al.
2021) introduced ProbSparse attention for efficient long
sequence processing, while Autoformer (Wu et al. 2021)
incorporated trend-seasonal decomposition within attention
mechanisms. FEDformer (Zhou et al. 2022) leveraged
frequency domain transformations, and Stationary (Liu
et al. 2022) addressed non-stationarity issues. Most notably,
iTransformer (Liu et al. 2023) achieved breakthrough per-
formance by inverting attention to operate across variates
rather than time steps.

Despite these advances, existing approaches rely on man-
ual architecture design, where researchers empirically select
attention mechanisms, normalization techniques, and activa-
tion functions. This limits exploration of potentially superior
architectural combinations across diverse temporal domains.

Neural Architecture Search

Neural Architecture Search has revolutionized automated
model design. Early approaches like NASNet (Zoph et al.
2017) and ENAS (Pham et al. 2018) demonstrated that
discovered architectures could outperform manual designs,
though with high computational costs. DARTS (Liu, Si-
monyan, and Yang 2019) reduced search costs through
continuous relaxation of discrete search spaces. Subse-
quent work like GDAS (Dong and Yang 2019) and PC-
DARTS (Xu et al. 2020) improved efficiency and addressed
memory limitations.

However, NAS application to time series remains limited.
While surveys (Chitty-Venkata et al. 2022; Wen et al. 2022)
explored NAS in Transformers and time series, existing ap-
proaches treat temporal data as generic sequences, over-
looking domain-specific characteristics like seasonality and
non-stationarity. Recent work like TransNAS-TSAD (Hag,
Lee, and Rizzo 2025) began exploring NAS for time series
anomaly detection, but comprehensive architecture search
for forecasting transformers remains unexplored.

STrans Architecture
Structure Overview

STrans introduces a searchable transformer architecture
that automatically discovers optimal combinations of atten-
tion mechanisms, normalization techniques, encoding op-
erations, and activation functions for time series forecast-
ing. The architecture employs mixed operations where each
component is a weighted combination of multiple candidate
operations.

Figure 1 shows the complete STrans architecture with its
searchable components and dual residual pathways. Algo-
rithm 1 in Appendix Algorithm presents the overall proce-
dure of the framework.

Mixed Operations Framework

The core innovation of STrans lies in its mixed operations
framework, which enables differentiable architecture search
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across multiple component types. Each mixed operation M
represents a weighted combination of candidate operations:

N
M(z) = w; - Oi(x), (1)
i=1
where O; denotes the i-th candidate operation, w; are
learnable architecture weights obtained through softmax
normalization, and N is the number of candidate operations.
The STrans encoder layer integrates multiple mixed oper-
ations within a dual residual pathway design:

x = MixedEnc] (residual) + MixedAttention(x),  (2)
x = MixedNorm1(z), 3)
x = MixedEnc2(residual) + FFN(z), 4)
x = MixedNorm2(z). 3

Here, MixedAttention explores different attention mech-
anisms for capturing temporal dependencies, MixedEncl
and MixedEnc2 represent searchable encoding operations
that replace standard identity residual connections, and
MixedNorm1 and MixedNorm2 enable exploration of var-
ious normalization strategies. The FFN component incorpo-
rates searchable activation functions within its feed-forward
computation.

This framework automatically discovers optimal architec-
tural combinations tailored to specific time series character-
istics, moving beyond manual design limitations.

Attention Operations

This work explores five attention mechanisms that cap-
ture token interactions through different computational
paradigms. Each mechanism operates on query €
REXLXHXD " yey | € RBXSXHXD and value V €
RBEXSXHXD matrices, where B denotes batch size, I and
S represent sequence lengths, H is the number of attention
heads, and D is the head dimension.

FullAttention (Vaswani et al. 2017): The standard
Transformer attention mechanism computes attention scores
through scaled dot-product operations:

T

QK
vD

where the scaling factor /D prevents the softmax function
from saturating in high-dimensional spaces.

ConcatAttention (Bahdanau, Cho, and Bengio 2015):
This mechanism applies separate linear transformations to
queries and keys, enabling asymmetric relationship model-
ing:

Attention(Q, K, V') = softmax ( > V, (6)

sh =, tanh(W.q; + Wlk), (7)

where W}, W2 € RP*PD are learnable transformation ma-
trices and v, € RP is a learnable attention vector.

BilinearAttention (Luong, Pham, and Manning 2015):
This approach models query-key interactions through a
learned bilinear transformation:

sj = qu Wik, (®)
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Figure 1: STrans Architecture: Complete overview showing mixed operations, dual residual pathways, and searchable compo-
nents including attention mechanisms, encoding operations, normalization techniques, and activation functions.

where W, € RP*P enables more expressive interactions
compared to standard dot-product attention.

DotAttention (Luong, Pham, and Manning 2015): This
mechanism emphasizes element-wise interactions between
queries and keys:

st

= v, tanh(Wa(g; © ky)),
where © denotes element-wise multiplication, Wy
RP*D and vy € RP.

MinusAttention (Gehring et al. 2017): This variant fo-
cuses on the differences between query and key representa-
tions:

©))
€

st =

! = v, tanh(W(g; — kt)), (10)

where W,,, € RP*P and v,,, € RP are learnable parameters
that emphasize dissimilarity patterns in the feature space.

Alternative Encoding Operations
Standard Transformers employ identity residual connections
to facilitate gradient flow (He et al. 2016). STrans expands
this design space by exploring alternative encoding opera-
tions that can enhance feature extraction and model expres-
siveness for temporal data:

Identity Encoding: The standard residual connection:
EnCidentity (2) = .

SwiGLU Encoding (Shazeer 2020): Applies gated linear
units for enhanced non-linearity:

Encswiglu(z) = SlLU(le) ® (WQI), (11)
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where SiLU(z) = z - o(z) and Wy, Wy € RP*P,
MLP-Mixer Encoding (Tolstikhin et al. 2021): Utilizes
simple multi-layer perceptrons:

Encmixer(as) = W2 . GELU(WliZT + bl) + b2. (12)

Multi-Scale Convolutional Encoding (Yu and Koltun
2016): Captures temporal patterns at different scales through
parallel convolutions with varying kernel sizes k;:

Enceony(2) = Concat [Conv;Cl (x), Convy, (), .
Convy, (z)].

Temporal Convolutional Network Encoding (Bai,
Kolter, and Koltun 2018): Employs dilated causal convo-
lutions for long-range temporal dependency modeling:

Enc, () = Residual(Convgjjaed (ReLU(Convgijea())))-
(14)
These encoding alternatives enable the framework to
adaptively select optimal feature transformation strategies
based on the specific characteristics of different time series
datasets.

)

Alternative Normalization Operations

Normalization techniques play a crucial role in stabilizing
training and improving model performance. The method ex-
plores three core normalization strategies that are particu-
larly suited for time series forecasting tasks:



Layer Normalization: The standard normalization ap-
plied across the feature dimension:
T
Vo2 +e

Batch Normalization: Normalizes across the batch di-
mension, adapted for sequential data:

LN(z) = +5 (15)

L —[UB
\/0123+e

where pp and 0% are computed across the batch and se-
quence dimensions.

Root Mean Square Normalization (RMSNorm): A
simplified normalization that eliminates the mean centering:

BN(z) +5 (16)

T

1 d 2
\/321':1$7:+6

Feed-Forward Network with Searchable
Activations

RMSNorm(z) =~ (17)

The feed-forward network in STrans maintains the standard
two-layer structure (Vaswani et al. 2017) while incorporat-
ing searchable activation functions to optimize non-linear
transformations:

FEN;pntermediate = MixedActivation(ConvlD(x)), (18)

FFNoutput = Conv1D(Dropout(FFNinteTmediate))7
(19)

FFN(z) = Dropout(FFNyiput)- (20)

The searchable activation functions include:

ReLU (Nair and Hinton 2010): f(z) = max(0, x) - pro-
vides computational simplicity and effective gradient flow.

GELU (Hendrycks and Gimpel 2016): f(x) = = - ®(z)
- offers smooth non-linearity with probabilistic interpreta-
tion.

Swish (Ramachandran, Zoph, and Le 2017): f(z) =
x-o(x) - self-gated activation combining linear and sigmoid
components.

ELU (Clevert, Unterthiner, and Hochreiter 2016):

f(x):{x ifzx >0

ale® —1) ifz<0 - provides smooth negative

values for faster convergence.
Leaky ReLU (Maas, Hannun, and Ng 2013): f(x) =
{am

r ifx>0 . L
. - prevents dead neurons while maintaining
ifx <0
computational efficiency.

The framework automatically discovers optimal activa-
tion functions for each layer through the architecture search
process, enabling adaptive non-linear transformations tai-
lored to specific time series characteristics.

X

Search method: Differentiable Architecture Search

The method builds upon the DARTS framework, extend-
ing it to handle the complex multi-component search space
designed for time series Transformers. The search process
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involves continuous relaxation of the discrete architecture
choice problem.

Architecture Parameterization: For each layer ¢ €
{1,2,..., L}, the framework maintains separate architec-
ture parameters for each component type:

Vi 14 £ 4 4 4
a( ) = {ae(lllzﬂ ar(lozmh x(103m27 énll’ £n227 (21)

where Oum, Onorms Oenc, and O, represent the opera-
tion sets for attention, normalization, encoding, and activa-
tion components, respectively. Note that this work maintains
separate normalization and encoding parameters for the dual
residual pathways in each layer.

Mixed Operation Computation: During the search
phase, each component computes a weighted combination
of all candidate operations. For the attention component in
layer ¢:

(©)

o o o et

0
eXp(O‘:(mzl,o)

4
exp(al o)

MixedAttention'” (x)

0(x)

(22)
Similar formulations apply to the dual normalization op-
erations (norml, norm2), dual encoding operations (encl,
enc2), and activation components within the fixed feed-
forward structure.
Bilevel Optimization Strategy: Following the DARTS
paradigm, architecture search is formulated as a bilevel op-
timization problem:

>

0€Oumn 0’ €Oy

(23)
(24)

min  Lyy(w*(a), @)
(e
s.t. w*(a) = arg min Ly (W, @)

where w represents the network weights, o denotes the
architecture parameters, and Ly, Lya are the training and
validation losses, respectively.

Architecture Derivation: After convergence, STrans de-
rives the final architecture by selecting the operation with
the highest weight for each component:

Ofur = arg max g,
0€ Oy ’

To enhance robustness, avoid local optima, and prevent
overfitting, the search stage generates multiple candidate
architectures by considering the top-k operations for each
component and enumerates their combinations, ultimately
selecting architectures based on their combined validation
performance scores.

Search Space Regularization: To further mitigate search
overfitting in time series scenarios with limited data, STrans
implements several regularization strategies:

» Early Stopping: Monitor validation performance during
search and halt when improvement stagnates
Architecture Parameter Regularization (Krogh and
Hertz 1991; Loshchilov and Hutter 2019): Apply L2
regularization to architecture parameters to prevent over-
confident selections

Operation Diversity Encouragement (Chen et al.
2019): Include entropy-based terms to maintain diversity
in operation selection during early search phases

(25)



Experiments

In this section, extensive experiments are conducted to vali-
date the STrans method.

Datasets and Setup

This work evaluates STrans on benchmark datasets spanning
multiple domains: ETT (ETTh1, ETTh2, ETTml1, ETTm?2)
for electricity consumption, Exchange for currency rates,
Weather for meteorological data, ECL for electricity load,
Solar-Energy for power production, and PEMS (PEMS03-
08) for transportation networks. See the datasets section in

the appendix.
Following standard protocols, the experiments use in-
put sequence length L;;, = 96 with prediction horizons

Lo € {96,192,336,720} for most datasets and Lo, €
{12,24,48,96} for PEMS datasets. Chronological train-
validation-test splits are adopted to prevent data leakage.

Evaluation Metrics
This work adopts two standard time series forecasting met-
rics:

Mean Squared Error (MSE):

N
1
MSE = — i — Gi)? 26
N ;(y ) (26)
Mean Absolute Error (MAE):
1
MAE = E_; v — il @7

where y; and §j; represent ground truth and predicted val-
ues respectively, and IV is the total number of predictions.
MSE emphasizes larger errors while MAE provides robust-
ness against outliers.

Compared Methods

STrans is evaluated against state-of-the-art time series fore-
casting models under identical experimental conditions.
State-of-the-Art Models: This work compares STrans
against competitive recent models: iTransformer (Liu et al.
2023), achieving breakthrough performance through in-
verted attention; PatchTST (Nie et al. 2023), employing
patch-based tokenization; Crossformer (Zhang and Yan
2023), utilizing hierarchical attention; FEDformer (Zhou
et al. 2022), leveraging frequency domain transformations;
Autoformer (Wu et al. 2021), incorporating decomposition
mechanisms; Stationary (Liu et al. 2022), addressing non-
stationarity; DLinear (Zeng et al. 2023), decomposing se-
ries with linear mappings; RLinear (Li et al. 2023), incorpo-
rating reversible normalization; TimesNet (Wu et al. 2022),
converting 1D series into 2D space; TiDE (Das et al. 2023),
employing encoder-decoder architecture; and SCINet (Liu
et al. 2021), utilizing convolution and interaction networks.
Implementation Details: All baselines use official im-
plementations with recommended hyperparameters. Exper-
iments are conducted on NVIDIA A800 GPUs with identi-
cal preprocessing, data splits, and training procedures. Early
stopping is applied based on validation performance.
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Experimental Settings

The experimental framework consists of two distinct phases:
architecture search and final model training, each with care-
fully tuned configurations to ensure robust and reproducible
results.

Search Phase Configuration

Architecture Parameter Initialization: Architecture pa-
rameters « are initialized using small random perturbations
to ensure balanced exploration across all candidate opera-
tions:

al) ~ N(0,0.01%) (28)

where [ denotes layer index, c represents component type
(attention, normalization, encoding, activation), and o indi-
cates operation index.

Network Weight Initialization: Model weights fol-
low standard initialization schemes: embedding layers use
Xavier uniform initialization, linear projections employ
Kaiming normal initialization, and normalization parame-
ters start with unit weights and zero biases.

Search Hyperparameters: Architecture search employs
the following configuration: architecture learning rate oy,
1 x 10~* with Adam optimizer (8; = 0.9, B2 = 0.999); net-
work learning rate w;, = 1 x 10™%; architecture weight de-
cay A\, = 1 x 1073; network weight decay A, = 3 x 10™%;
batch size adapted to dataset size and memory constraints;
gradient clipping at 5.0; gradient accumulation when neces-
sary; and cosine annealing scheduler with minimum learning
rate Nymin = 1 x 1072, The search phase runs for 50 epochs
with early stopping based on validation loss stagnation (pa-
tience = 10).

Final Selection: All the model genotypes are ranked by
their total score received, with the top 8 genotypes selected
for final training to ensure diversity while maintaining high
performance potential.

Training Phase Configuration

Training Hyperparameters: Final model training uses re-
fined hyperparameters: learning rate n = 1 x 10~% with
AdamW optimizer; batch size adapted per dataset complex-
ity; training for 50 epochs with early stopping (patience =
10); weight decay of 3 x 10~*; dropout rate of 0.1; gradient
clipping at 5.0; and cosine annealing learning rate schedule.

Model Configuration: STrans employs dataset-adaptive
architectural configurations with model dimensions and en-
coder layers selected based on input complexity and compu-
tational requirements; number of attention heads npeags = 8;
sequence length Lj, = 96; and TimeF temporal feature em-
bedding.

Main Results

Consistent Superior Performance: Tables 4 and 5 (Ap-
pendix Experimental Results) show STrans achieves con-
sistent improvements across datasets, demonstrating auto-
mated architecture search effectiveness. Notable gains in-
clude 3.0% on high-dimensional Solar-Energy (137 fea-
tures), 5.6% on financial Exchange data, and 8.5% on
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MSE MAE

Models
Length
Metric

TiDE
(2023)

MSE

SCINet
(2022)
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0.209(0.174
0.221
0.278

0.358

0.177
0.225
0.278
0.354

0.218
0.259
0.297

0.158
0.206

0.230
0.277
0.335
0.418

0.202 0.261
0.242 0.298
0.287 0.335

0.386

0.254
0.296
0.347

0.270

0.354 0.349 0.398

0.172
0.219
0.280
0.365

0.220
0.261
0.306
0.359

0.196
0.237
0.283
0.345

0.255
0.296
0.335
0.381

0.221
0.261
0.309
0.377

0.306
0.340
0.378
0.427

0.217 0.296
0.276 0.336
0.339 0.380
0.403 0.428

0.173 0.223
0.245 0.285
0.321 0.338
0.414 0.410

0.266 0.336
0.307 0.367
0.359 0.395
0.419 0.428

0.266 0.336
0.307 0.367
0.359 0.395
0.419 0.428

96
192
336
720

0.198
0.229
0.244
0.247

0.235
0.260
0.271
0.274

0.234
0.267
0.290
0.289

0.286
0.310
0.315
0.317

0.310
0.734
0.750
0.769

0.331
0.725
0.735
0.765

0.312
0.339
0.368
0.370

0.399
0.416
0.430
0.425

Solar-Energy| Weather

0.250
0.296
0.319
0.338

0.292
0.318
0.330
0.337

0.290
0.320
0.353
0.356

0.378
0.398
0.415
0.413

0.237
0.280
0.304
0.308

0.344
0.380
0.389
0.388

0.242 0.342
0.285 0.380
0.282 0.376
0.357 0.427

0.215 0.249
0.254 0.272
0.290 0.296
0.285 0.295

0.884 0.711
0.834 0.692
0.941 0.723
0.882 0.717

0.884 0.711
0.834 0.692
0.941 0.723
0.882 0.717

Table 1: Multivariate
second in

Weather forecasting versus iTransformer, validating that au-
tomated search discovers superior component combinations
over manual designs.

Ablation studies and analysis

Searched models on the benchmark datasets: I present
the optimal searched models in Figure 2. We can find that:
(a) The top-performing models on different tasks are dif-
ferent. For example, ETTh1 task utilizes Full, Bilinear, and
Minus Attention with hybrid convolutional and MLP com-
ponents. In comparison, The Exchange task uses the Cocat
and Bilinear Attention mechanisms.

Efficiency analysis: Table 2 shows time and GPU costs
for the Exchange task. Computational costs are tracked for
each pipeline stage with sequence length 96, prediction
length 96, and 8 input features. The search uses 50 epochs
with batch size 16 for architecture search and batch size 8§
for validation, achieving MSE of 0.084.

Model performance under different prediction lengths
This work systematically evaluates STrans performance
across varying prediction horizons to understand how fore-
casting accuracy degrades with extended prediction lengths.
Using ETTh1 and Exchange Rate datasets with fixed input

forecasting results across prediction lengths (96, 192, 336, 720) with

input length 96. Best in purple,

Stage Duration GPU Days
Architecture Search 59 min 10 sec 0.041
Model Validation 100 min 57 sec 0.070
Total Pipeline 160 min 7 sec 0.111

Table 2: Efficiency Analysis.

sequence length of 96, this study tests prediction lengths of
96, 192, 336, and 720 time steps to identify optimal fore-
casting windows for different temporal domains. The exper-
imental results are presented in Figure 3 and 4.

The key findings for this group of experiments are as fol-
lows:

Contrasting Degradation Patterns: ETTh1 exhibits sta-
ble linear degradation with only 27.0% MSE increase from
96 to 720 steps, reflecting predictable electrical systems with
seasonal patterns. Exchange Rate shows catastrophic expo-
nential deterioration with 908.5% MSE increase, revealing
inherent financial market volatility and non-stationarity that
makes long-term forecasting extremely challenging.

Architecture Robustness: With the same discovered ar-
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Figure 2: Searched STrans architectures on ETThl, Ex-
change, and Solar datasets. Each design reflects dataset-
specific temporal modeling strategies.

chitecture, STrans adapts well across domains. The shared
attention mechanisms and encoders capture both smooth
electrical trends and volatile financial patterns, confirming
the generalizability of its components.

Performance under different model dimensions: This
work examines how model dimension (128, 256, 512) af-
fects STrans performance on ETThl and Exchange Rate,
providing insight into suitable model capacity for time-
series forecasting.

Dimension 256 offers the best performance—efficiency
trade-off, improving MSE over dimension 128 by 1.16 % on
ETTh1 and 3.18 % on Exchange Rate. Dimension 512 pro-
vides no additional benefit—ETTh1 slightly degrades and
Exchange Rate remains unchanged—while incurring 4 x
higher computational cost, making 256 the preferred choice
in practice.
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Figure 3: STrans MSE performance across prediction
lengths for ETTh1 and Exchange Rate.

STrans MAE Performance vs Prediction Length
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Figure 4: STrans MAE performance across prediction
lengths for ETTh1 and Exchange Rate.

Dataset Dim MSE MAE Improv. Params
128 0.385 0.404 - 1.2M
ETThl 256 0.380 0.400 1.16%  4.5M
512 0381 0402 1.10% 17.8M
128 0.085 0.205 - 1.IM
Exchange 256 0.082 0.202 3.18% 4.2M
512 0.082 0.203 3.18% 16.5M

Table 3: Model dimension analysis on ETTh1 and Exchange
Rate datasets. Evaluation of STrans with model dimensions
dmoder € {128,256,512} using sequence length 96, predic-
tion length 96.

Conclusion

STrans introduces a comprehensive neural architecture
search framework for time series Transformers, automati-
cally discovering optimal combinations of attention mech-
anisms, normalization techniques, encoding operations,
and activation functions. Extensive experiments demon-
strate competitive performance across diverse temporal do-
mains, revealing that automated search can uncover domain-
specific design principles and establish new directions for
adaptive forecasting systems.
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