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Abstract

Scaling attention-based forecasting models to high-dimensional multivariate time
series often comes at the cost of cross-channel interactions. Many existing efficient
architectures avoid the quadratic cost of dense attention by restricting communica-
tion to compressed representations or removing multivariate interactions altogether.
We introduce Native Sparse Time Attention, which enables fine-grained interac-
tions while scaling linearly in the number of channels for fixed sparsity budgets.
This efficiency exposes a tunable accuracy–compute frontier and enables longer
contexts, which can improve forecasting performance under memory constraints.

1 Introduction

Patch-based multivariate Transformers can preserve both when an observation occurred and which
channel produced it, but dense attention over the resulting grid is expensive. With P patches and C
channels, the grid requires up to P 2C2 attention scores per head. This limitation becomes a bottleneck
on the GTWSF dataset, where seven patches and 3,850 channels produce 26,950 tokens. Dense
attention over this grid evaluates up to 726 million attention scores per head in every layer. Such
quadratic growth makes dense cross-channel attention particularly costly in the high-dimensional
settings where cross-channel information may be most useful (Liu et al., 2025).

Eliminating cross-channel interactions entirely avoids this cost, but also removes potentially useful
dependencies among series. Yet channel-independent models remain competitive with elaborate
multivariate architectures (Zeng et al., 2023; Nie et al., 2023; Xu et al., 2024), suggesting that
exhaustive interaction between all pairs of channels is often unnecessary. Several multivariate
architectures therefore avoid dense pairwise attention while retaining some cross-channel interaction,
including approaches based on routing mechanisms (Zhang & Yan, 2023; Liu et al., 2024a). A
remaining design challenge is to preserve the efficiency gains of compression while retaining direct
access to the original tokens when cross-channel interactions are needed.

Our key idea is to make the relationship type explicit in the attention operator. We decompose the
visible history into three complementary views (cf. Figure 2). A univariate branch attends densely to
the query channel’s visible history, a compression branch compresses each cross-section into a system-
level state, and a selection branch retrieves a small set of patches and channels at full resolution. This
decomposition preserves exact same-channel temporal dependence while representing cross-channel
context through compressed and selectively retrieved interactions rather than exhaustive pairwise
attention. The three-path design is inspired by Native Sparse Attention (Yuan et al., 2025), but
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reinterprets its local, compression, and selection paths according to the structure of multivariate time
series.

Our main contributions are:

• We introduce Native Sparse Time Attention (NSTA), a three-path attention operator that
distinguishes same-channel and cross-channel relationships without channel positional
embeddings or channel-indexed parameters (Section 3).

• We show that NSTA’s attention computation and score-activation memory scale linearly
with the number of channels for fixed temporal and channel-selection budgets (Section 3.6).

• We show that NSTA exposes a controllable accuracy–compute frontier relative to dense
Time Attention. Sparse operating points can match or modestly improve dense attention at
substantially lower attention cost on some datasets, whereas stronger sparsification incurs a
controlled accuracy cost on others (Section 4.3).
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Figure 1: Left: forecasting MSE on Traffic (C = 862) at fixed budgets kp = 4, kc = 32. Right:
speedup by stage at C = 862. Sparsification costs little accuracy while reducing wall-clock cost.

We discuss related approaches and their relationship to Native Sparse Time Attention in Section A.

2 Rethinking Relationship Modelling

Multivariate time series exhibit different types of dependencies. At the univariate level, the future
evolution of each variable may depend on specific past observations through temporal structures such
as autocorrelation or seasonality (Box et al., 2015). Capturing these dependencies naturally requires
direct access to individual historical observations.

Cross-channel dependencies can take more heterogeneous forms. In particular, multiple variables may
co-move in response to common underlying factors (Stock & Watson, 2002; Fama & French, 1993).
When such shared structure is present, a substantial part of the relevant information can often be
summarized through a compact representation of the overall cross-sectional state. Other dependencies
are more localized. Idiosyncratic shocks may propagate across a limited set of related channels,
much like congestion spreading to neighboring links in a traffic network or lead-lag relationships in
finance (Zhao & Shen, 2024; Hou, 2007). Capturing such interactions requires access to the relevant
channel-specific observations, as they cannot, in general, be recovered from an aggregate summary
alone. We therefore use different attention operators for different dependency types.

Table 1: Cross-channel attention design space.

Cross-channel strategy Fine-grained access Channel complexity

Independent ✗ O(C)

Compressed ✗ O(C)

Dense ✓ O(C2)

Sparse ✓ O(C)
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We call a cross-channel interaction fine-grained when a query can attend directly to individual channel-
specific representations rather than only to a pooled or intermediate summary. Dense attention over
the full grid provides this access, but requires up to O(P 2C2) attention scores.

Most existing efficient designs reduce this cost by restricting cross-channel interactions. Channel-
independent models process each channel separately (Zeng et al., 2023; Nie et al., 2023; Xu et al.,
2024), yielding linear complexity in C but eliminating direct cross-channel attention. Other ap-
proaches mediate channel interactions through compressed or intermediate representations (Zhang
& Yan, 2023; Liu et al., 2024a), reducing computation at the cost of direct fine-grained access to
individual channel representations.

3 Architecture

3.1 Overview

Native Sparse Time Attention operates through three branches, each defining a different query-key-
value representation and attention pattern. Following Liu et al. (2025), RoPE is applied along the
temporal axis in each attention branch. The outputs of the three branches are combined through
learned gates, as described in Section 3.5.

Figure 2: Overview of the Native Sparse Time Attention mechanism, visually inspired by Yuan et al.
(2025). Left: the three parallel attention branches. Right: Corresponding attention patterns, with
green indicating computed attention scores and white indicating skipped interactions.

The mechanism supports both causal and non-causal attention by applying the corresponding visibility
constraints consistently across all three branches. The mechanism is applied independently across
attention heads. For clarity, we describe a single head below and omit the head index from the
notation.

3.2 Univariate Branch

Let hp,c ∈ RD denote the embedded token at patch p and channel c. For each channel independently,
the univariate branch applies standard self-attention over the sequence (hp,c)

P
p=1 along the patch axis.

Queries attend only to observations from the same channel, preserving exact temporal access at full
resolution without introducing cross-channel interactions; the channel axis contributes only a linear
factor to the cost, since no query attends across channels. This branch supplies the purely temporal
component of the representation, while cross-channel structure is provided by the compression and
selection branches (Sections 3.3 and 3.4).
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Each channel token is projected with branch-specific matrices Wu
Q,W

u
K ,Wu

V ∈ Rdmodel×D into
univariate queries, keys, and values. Each query attends over the visible patches of its own channel,
Pp = {1, . . . , p}.

3.3 Compression Branch

At each patch, the compression branch summarizes the C channel representations into a single
system-level token. This branch aims to capture broad system-level context, while fine-grained
cross-channel interactions are delegated to the selection branch (Section 3.4).

Let Hp = [hp,1, . . . ,hp,C ]
⊤ ∈ RC×D collect the channel representations at patch p. A learned

scorer upool ∈ RD assigns pooling weights wp over channels, which are used to form the compressed
representation h̄p ∈ RD:

wp = softmax

(︃
Hp upool√

D

)︃
, h̄p = H⊤

p wp =

C∑︂
c=1

wp,c hp,c (1)

The pooled representation is projected with branch-specific matrices Wc
K ,Wc

V ∈ Rdmodel×D into
compression keys and values, while channel tokens are projected into branch-specific queries with
Wc

Q ∈ Rdmodel×D. Each query then applies standard attention over the compressed representations
of the visible patches Pp = {1, . . . , p}.

αc
p,c = softmax

p′∈Pp

(︃ ⟨qc
p′,c, k

c
p′⟩√

dmodel

)︃
(2)

3.4 Selection Branch

The selection branch performs hierarchical sparse retrieval across both time and channels. It reuses
quantities produced by the compression branch: the compressed representation h̄r for patch-level
routing and the pooling weights wr,c (Eq. 1) for channel-level routing. As illustrated in Figure 3, it
first selects kp historical patches and then kc channels within each retained patch.

Figure 3: Overview of the hierarchical patch and channel selection mechanism.

Patch selection. For query patch p, we rank visible historical patches by the compression attention
score (Eq. 2) averaged across channel queries:

sp =
1

C

C∑︂
c=1

αc
p,c, Rp = top-k

p′∈Pp

(︁
sp,p′ ; kp

)︁
. (3)

Channel selection. For each retained patch r ∈ Rp, the kc channels with largest pooling weights are
retained, yielding at most kpkc fine-grained candidates:

Cr = top-k
c∈{1,...,C}

(︁
wr,c; kc

)︁
, Sp =

{︁
(r, c) : r ∈ Rp, c ∈ Cr

}︁
. (4)
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Both routing stages are shared across channel queries: Rp is common to all queries in patch p, while
Cr depends only on the retained patch. This query-shared routing is what preserves linear scaling
in C. Although routing is shared, each query computes its own attention weights over the selected
candidates.

The selected original tokens hr,c are projected with branch-specific matrices Ws
Q,W

s
K ,Ws

V ∈
Rdmodel×D. Each channel query attends over Sp, with logits biased by the pooling weight of each
retained token:

αs
p,c = softmax

(r,c′)∈Sp

(︃ ⟨qs
p,c, k

s
r,c′⟩√

dmodel

+ λ logwr,c′

)︃
(5)

Routing prior and gradient flow. The term λ logwr,c′ acts as a learned prior over retained tokens
and provides a differentiable path to the channel router despite the non-differentiable top-k operations.
λ is a learnable temperature parameter. Thus the pooling mechanism is trained not only through the
compression branch but also through the downstream use of selected tokens.

3.5 Gating Mechanism

Learned gates combine the three branch outputs, following Yuan et al. (2025). Let B = {u, c, s} index
the branches. For each branch, an independent sigmoid gate gbp,c is computed from the embedded
token. The gated branch outputs are then summed:

op,c =
∑︂
b∈B

gbp,c o
b
p,c. (6)

3.6 Complexity Analysis

The univariate and compression branches attend over at most P temporal representations per query.
The selection branch attends over at most kpkc retrieved tokens. With fixed kp and kc, NSTA scales
linearly with the number of channels C.

Table 2: Attention-score complexity of representative interaction strategies. Projection and feed-
forward costs are omitted; NSTA assumes retrieval budgets fixed independently of C.

Method Cross-channel access Complexity Scaling in C

PatchTST None O(HCP 2d) Linear
Timer-XL with Time Attention Dense O(HC2P 2d) Quadratic
Timer-XL with NSTA Sparse O(HCP (P + kpkc)d) Linear

4 Experiments

Native Sparse Time Attention is evaluated along four dimensions: forecasting performance relative
to Time Attention (Section 4.1); computational scaling with respect to the number of variates
(Section 4.2); the accuracy–compute trade-off induced by the retrieval budgets (kp, kc) (Section 4.3);
and performance under long lookback windows, particularly on high-dimensional datasets. Full
experimental details, including datasets, hyperparameters, retrieval budgets, metrics, and efficiency
measurement protocols, are provided in Appendix C. Ablation studies are provided in Appendix D.3 .

4.1 Forecasting Accuracy under Matched Configurations

NSTA is evaluated as a drop-in replacement for the Time Attention operator in Timer-XL (Liu
et al., 2025), with the backbone, tokenisation, optimiser, and training schedule held fixed across
configurations. The lookback window is set to 672, and we consider prediction horizons of 96, 192,
336, and 720. To avoid dataset-specific tuning, NSTA uses the same sparse configuration across
all experiments, with kp = 4 and kc = 32. Both Time Attention and NSTA are evaluated within
the same Timer-XL decoder-only architecture, and results are averaged over three random seeds.
Forecasting accuracy remains close to Time Attention on most benchmarks.
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Table 3: Multivariate long-term forecasting under the Timer-XL one-for-all setting (Liu et al., 2025).
MSE and MAE are averaged over prediction horizons with input length 672. NSTA uses kp = 4 and
kc = 32 for all datasets. Full horizon-specific results are reported in Table 8.

Models
Timer-XL Timer-XL Timer∗ UniTST∗ iTransformer∗ DLinear∗ PatchTST∗ TimesNet∗ Stationary∗ Autoformer∗

(with NSTA) (2025) (2024c) (2024a) (2024b) (2023) (2023) (2022) (2022) (2021)

Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

ECL 0.163 0.254 0.156 0.249 0.161 0.251 0.163 0.257 0.164 0.258 0.165 0.265 0.169 0.268 0.201 0.303 0.265 0.358 0.289 0.379

ETTh1 0.407 0.431 0.415 0.434 0.418 0.436 0.429 0.447 0.421 0.445 0.426 0.444 0.412 0.435 0.495 0.491 0.505 0.513 0.517 0.528

Traffic 0.386 0.261 0.380 0.255 0.384 0.259 0.385 0.265 0.384 0.274 0.423 0.298 0.391 0.275 0.602 0.322 0.630 0.347 0.684 0.433

Weather 0.234 0.272 0.242 0.276 0.232 0.270 0.231 0.272 0.266 0.291 0.239 0.291 0.226 0.268 0.264 0.293 0.308 0.329 0.435 0.455

Solar-Energy 0.220 0.259 0.230 0.256 0.233 0.249 0.241 0.275 0.213 0.291 0.222 0.283 0.202 0.269 0.213 0.295 0.254 0.315 0.265 0.325

∗
Results taken from the Timer-XL paper (Liu et al., 2025).

4.2 Empirical Scaling with the Number of Channels

We evaluate empirical scaling by varying only the number of input channels C. NSTA uses fixed
budgets kp = 3 and kc = 128. We evaluate C ∈ {256, 512, 768, 1024, 1536, 2048, 3072, 4096} and
report median inference and forward+backward latency. Implementation details are available in C.6.
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Figure 4: Empirical scaling with the number of input channels C. From left to right: inference
latency, forward+backward latency, and incremental peak allocated memory for Time Attention and
NSTA. OOM denotes configurations exceeding available device memory.

Figure 4 shows that NSTA becomes increasingly advantageous as dimensionality grows. While it
incurs some overhead at small C, its latency scales substantially more slowly than Time Attention,
which eventually exceeds available device memory. At C = 2048, NSTA is 6.38× faster at inference
and 6.81× faster for forward+backward computation.

4.3 Accuracy–Efficiency Trade-off

We sweep the retrieval budgets (kp, kc) and evaluate forecasting MSE at horizon 96 over three runs,
together with measured inference latency. Implementation details are provided in Appendix C.6.

50 75 100 125 150 175 200 225
Inference Latency (ms)

0.344

0.346

0.348

0.350

0.352

0.375
0.376

Fo
re

ca
st

in
g

M
SE

kp

1
2
3
4
5
6
7

32
64
128
256
512
862

kc

kp

1
2
3
4
5
6
7

Model
PatchTST
TimerXL
Crossformer

Figure 5: Accuracy–efficiency trade-off on the Traffic dataset (C = 862, P = 7). Coloured markers
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Dense Timer-XL provides the corresponding dense-attention operating point, while PatchTST serves
as a channel-independent reference. We additionally compare against Crossformer (Zhang & Yan,
2023). All evaluated NSTA configurations outperform PatchTST on both datasets. Timer-XL with
NSTA matches the forecasting accuracy of Timer-XL with Time Attention at horizon 96 while
achieving 3.4× lower inference latency. Additional results characterising the accuracy–compute
trade-off in measured GFLOPs on the Traffic and Global Temperature datasets are reported in
Appendix D.

4.4 Trading Sparsity for Context Length

The efficiency gains from NSTA allow longer input contexts on GTWSF-Temp (C = 3850). Time
Attention fits with a lookback of 48 but exceeds device memory at lookback 168 in our implementation
(batch size 1, NVIDIA H100 80 GB, FlashAttention enabled), while NSTA remains feasible.

Table 4: GTWSF-Temp (C = 3850). NSTA uses kp = 3, kc = 256. Time Attention exceeds device
memory at lookback 168. Mean ± std over three seeds.

Lookback 48 Lookback 168

MSE MAE MSE MAE

Timer-XL with Time Attention 7.17±0.011 1.79±0.004 OOM
Timer-XL with NSTA 7.48±0.009 1.83±0.001 6.93±0.004 1.76±0.005
PatchTST 7.89±0.001 1.89±0.002 7.32±0.001 1.82±0.002

At lookback 48, NSTA is less accurate than Time Attention (7.48 vs. 7.17 MSE). At lookback 168,
however, NSTA improves to 6.93 MSE, while dense attention is no longer feasible. Sparsity therefore
trades some accuracy at fixed context for the ability to use a longer context, resulting in a better
operating point under the same memory constraint.

4.5 Analysis

We report the share of the layer’s output vector attributable to each branch. Figure 6 reveals a clear
layer-dependent reallocation of contribution across the three branches on Traffic.
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Figure 6: Layer-wise branch contributions on Traffic and Global Temperature.
The branch profiles vary across depth, indicating stage-specific rather than fixed contributions to
the representation hierarchy. Differences between Traffic and Global Temperature further show
that this allocation is data-dependent. Together, these results suggest that the three branches serve
complementary roles whose relative importance varies with both network depth and dataset structure.

5 Conclusion and Future Work

The experiments suggest that sparsity is most useful in multivariate forecasting when viewed as a
resource allocation mechanism rather than as a direct substitute for dense attention. At a fixed context
length, reducing the number of cross-channel interactions can incur an accuracy cost. However,
the resulting reduction in memory and computation makes larger channel sets and longer lookback
windows feasible, which can lead to a better overall operating point.

The current evaluation is limited to supervised forecasting with fixed variable sets and architectures.
Extending NSTA to transfer-learning and foundation-model settings, particularly across datasets with
heterogeneous variable sets, is a natural direction for future work.
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This work focuses on time-series forecasting. We do not identify any direct ethical risks specific to
the proposed method.

7 Reproducibility Statement

The appendix provides the implementation details, including dataset descriptions, metrics, model
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A Related Work

Temporal and cross-channel structure. Multivariate forecasting architectures differ in the de-
pendencies exposed to attention. PatchTST preserves fine-grained temporal structure within each
channel but removes direct cross-channel interaction (Nie et al., 2023), while iTransformer attends
across channel tokens after compressing temporal history into channel-level representations (Liu
et al., 2024b). Crossformer, UniTST, and Timer-XL retain both temporal and channel structure more
explicitly through two-stage, unified, or Time Attention over patch–channel representations (Zhang
& Yan, 2023; Liu et al., 2024a,c, 2025). NSTA builds on this explicit patch–channel formulation but
separates the resolution of temporal and cross-channel interactions: exact same-channel temporal
dependencies are preserved, whereas cross-channel information is captured through compressed
global context and selectively retained fine-grained interactions. Thus, NSTA retains the Timer-XL
forecasting formulation while reducing interaction cost on the patch–channel grid.

Efficient cross-channel interaction. Several multivariate architectures reduce direct cross-channel
interaction through intermediate routing structures. Crossformer communicates through learned
router vectors (Zhang & Yan, 2023), UniTST uses a dispatcher mechanism (Liu et al., 2024a),
and DUET learns sparse channel relations through frequency-domain soft clustering (Qiu et al.,
2025). While these designs constrain cross-channel communication, DUET still constructs pairwise
channel-relation matrices, retaining quadratic dependence on the number of channels. Unlike these
approaches, NSTA combines compressed global communication with sparse direct access to the
original patch–channel tokens. The compression branch captures broad cross-sectional structure at
low cost, while the selection branch preserves fine-grained interactions for informative patches and
channels.

Sparse and efficient attention. Efficient-attention methods reduce self-attention cost through
low-rank projections (Wang et al., 2020), kernel feature maps (Choromanski et al., 2021), or sparse
query selection (Zhou et al., 2021), but generally treat interactions over a one-dimensional token
sequence uniformly. NSA instead decomposes attention into compression, selection, and local
paths (Yuan et al., 2025). NSTA adapts this principle to multivariate forecasting, but its selection
mechanism is reformulated for the two-dimensional patch–channel grid. Rather than selecting from a
flat token sequence, NSTA performs structured two-stage retrieval over the temporal and channel
dimensions, enabling sparse access to fine-grained P ×C interactions. Exact same-channel temporal
attention replaces the local path, while compression summarizes cross-sectional context at each patch.
By sparsifying only the costly cross-channel dimension, NSTA reduces attention complexity from
quadratic to linear in the number of channels under fixed retrieval budgets.

Channel identity and structural compatibility. Architectures with an explicit channel dimension
differ in how channel identity is encoded. PatchTST shares its encoder across channels, while
iTransformer derives channel tokens from their observed histories (Nie et al., 2023; Liu et al., 2024b);
other models, including Timer-XL and TimePerceiver, may incorporate variable-specific positional or
channel information (Liu et al., 2025; Lee & Lee, 2025). NSTA instead encodes same- versus cross-
channel relationships structurally: projections are shared across channels and routing is permutation
symmetric along the channel axis. It therefore requires neither channel-indexed parameters nor a
fixed channel ordering or vocabulary. Transfer across systems with different variable sets is left for
future work.
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B Detailed Complexity Analysis

Let P be the number of temporal patches, C the number of channels, H the number of heads, and d
the per-head dimension. We write k̃p = min(kp, P ) and k̃c = min(kc, C) for the effective retrieval
budgets, and suppress the batch dimension and the constant factors induced by causal masking. We
count attention scores S; the query–key cost is d · S throughout, so the two scale identically.

Score counts. In Time Attention each of the PC queries attends to all PC keys, giving Sdense =
O(HP 2C2). In NSTA, the univariate branch attends within each channel over the P patches and
the compression branch provides one key–value pair per patch, each contributing O(HCP 2); the
selection branch retrieves at most k̃p patches and k̃c channels within each, and this candidate set is
shared by the C channel queries of the query patch, contributing O(HCPk̃pk̃c). Hence

SNSTA = O
(︂
HC

(︁
P 2 + P k̃pk̃c

)︁)︂
. (7)

For fixed P , H , d, kp, kc and C > kc we have k̃c = kc, so both terms are linear in C against O(C2)
for dense attention. The separation depends on maintaining a bounded channel budget: if kc ≥ C
then k̃c = C, channel sparsification is disabled, and the selection term is quadratic again.

Routing and projection overhead. Routing adds no quadratic dependence on C. Pooling is linear
in the number of input tokens. Patch routing is shared across the C queries of a patch and, under
the default channel-aggregated formulation, costs O(HP 2d); channel routing is computed once
per key patch and head and reused on retrieval, costing O(HPC). Selection keys and values are
projected only after channel selection, costing O(PHk̃cDd) rather than projecting all PC tokens.
All remaining token-wise projections are linear in C.

Score-activation memory. Score memory follows the counts above, O(SNSTA) against
O(HP 2C2), and masking state obeys the same qualitative scaling. These are logical activation
counts, not peak device memory, which additionally depends on the attention kernel, tensor material-
ization, checkpointing, and allocator behaviour; empirical peak memory is reported in Section 4.2.
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C Experimental Details

C.1 Datasets

We evaluate on widely used multivariate forecasting benchmarks together with a high-dimensional
benchmark used to probe the regime NSTA targets.

• ETT (Zhou et al., 2021) records seven variables associated with electricity transformers
from July 2016 to July 2018. ETTh1 and ETTh2 are sampled hourly; ETTm1 and ETTm2
every 15 minutes.

• ECL (Wu et al., 2021) records the hourly electricity consumption of 321 clients.
• Traffic (Wu et al., 2021) contains hourly road occupancy rates from 862 sensors on San

Francisco Bay Area highways between January 2015 and December 2016.
• Weather (Wu et al., 2021) contains 21 meteorological factors recorded every 10 minutes at

the Max Planck Institute for Biogeochemistry weather station during 2020.
• Solar-Energy records the power production of 137 photovoltaic plants in 2006, sampled

every 10 minutes.
• GTWSF (Wu et al., 2023) is drawn from the National Centers for Environmental Information

and contains hourly average temperature and wind speed measurements from 3850 stations
worldwide spanning 2019 to 2021. We use the temperature subset, denoted GTWSF-Temp,
which provides C = 3850 channels and is the highest-dimensional benchmark in our
evaluation.

We follow the data processing and train/validation/test protocol of Wu et al. (2022), splitting chrono-
logically to prevent leakage. Table 5 summarises the dimensions, split sizes, and forecasting settings.

Table 5: Dataset descriptions. Dim. is the number of channels C. Length gives the number of time
points in the (train, validation, test) splits. Setting gives the input→output lengths.

Dataset Domain (frequency) Dim. Setting Length (train, val, test)

ETTh1, ETTh2 Electricity (hourly) 7 672 → {96, 192, 336, 720} (8545, 2881, 2881)
ETTm1, ETTm2 Electricity (15 min) 7 672 → {96, 192, 336, 720} (34465, 11521, 11521)
ECL Electricity (hourly) 321 672 → {96, 192, 336, 720} (18317, 2633, 5261)
Traffic Transportation (hourly) 862 672 → {96, 192, 336, 720} (12185, 1757, 3509)
Weather Climate (10 min) 21 672 → {96, 192, 336, 720} (36792, 5271, 10540)
Solar-Energy Energy (10 min) 137 672 → {96, 192, 336, 720} (36601, 5161, 10417)
GTWSF-Temp Climate (hourly) 3850 48 → 24 (12280, 1755, 3509)

C.2 Baselines

Our primary comparison is against Time Attention, obtained by running the Timer-XL architecture
with its original attention operator under the same backbone, data pipeline, and training schedule;
this isolates the effect of the attention operator. PatchTST (Nie et al., 2023) provides a channel-
independent reference point without cross-channel interactions.

Results marked with ∗ in Tables 8 and 3 for Timer, UniTST, iTransformer, DLinear, PatchTST,
TimesNet, Non-stationary Transformer, and Autoformer are reported by Liu et al. (2025) under the
same one-for-all protocol and input length 672, and are reproduced here without modification. We
did not rerun these baselines.

C.3 Implementation Details

All experiments are implemented in PyTorch. We use the Adam optimiser (Kingma & Ba, 2017) with
(β1, β2) = (0.9, 0.999) and the MSE training objective. Accuracy experiments are run on NVIDIA
H100 GPUs; the latency and memory measurements are run on a single NVIDIA RTX A6000.

Because NSTA is evaluated as a drop-in replacement for Time Attention, we adopt the per-dataset
model and optimisation configuration of Timer-XL without modification. These configurations are
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listed in Table 6. No hyperparameter search was performed for NSTA beyond the sparsity budgets
reported in Appendix C.4.

Table 6: Model and optimisation configurations. L is the number of Transformer blocks, D the
residual width, dk the per-head dimension, H the number of heads, Psize the patch size, and LR
the initial learning rate. These follow Liu et al. (2025) and are shared by NSTA and dense Time
Attention.

Dataset L D dk H Psize LR Batch size

ETTh1, ETTh2 1 1024 128 8 96 0.0001 32
ETTm1, ETTm2 1 1024 128 8 96 0.0001 32
ECL 5 512 64 8 96 0.0005 4
Traffic 4 512 64 8 96 0.0005 4
Weather 4 512 64 8 96 0.0005 32
Solar-Energy 6 512 64 8 96 0.0001 16
GTWSF-Temp 3 1024 128 8 24 0.0001 8

Gates are initialised so that all three branches contribute equally at initialisation.

C.4 Sparsity Budgets

The retrieval budgets (kp, kc) are the only NSTA-specific hyperparameters. Table 7 records the
budgets used in each experiment. In Section 4.1 we deliberately fix a single aggressive configuration
across all datasets rather than tuning per dataset, so that the reported numbers measure the cost of
uniform sparsification rather than the best achievable accuracy.

Table 7: Retrieval budgets by experiment.

Experiment kp kc

Matched configurations (Sec. 4.1, Tables 3, 8) 4 32
Scaling benchmark (Sec. 4.2, Fig. 4) 3 128
Trade-off sweep, Traffic (Sec. 4.3, Fig. 7) {1, . . . , 7} {32, 64, 128, 256, 512, 862}
Trade-off sweep, GTWSF-Temp (Sec. 4.3, Fig. 8) {1, 2} {32, 64, 128, 256, 512, 1024, 2048, 3850}

Configurations with kc = C disable channel sparsification and are included in the sweeps as the
dense-channel limit discussed in Appendix B.

C.5 Metrics

We report mean squared error and mean absolute error, following prior work. For a univariate series
X ∈ RT with prediction ˆ︁X ,

MSE =
1

T

T∑︂
i=1

(︁
Xi − ˆ︁Xi

)︁2
, MAE =

1

T

T∑︂
i=1

⃓⃓
Xi − ˆ︁Xi

⃓⃓
. (8)

For multivariate series both metrics are additionally averaged over the channel dimension. Table 3
reports the mean over the four horizons {96, 192, 336, 720}; the accuracy–efficiency sweeps in
Section 4.3 use the mean MSE over three seeds at horizon 96 only, so the two sets of numbers are not
directly comparable.

C.6 Efficiency Measurement

Latency and memory. The scaling benchmark of Section 4.2 uses a controlled synthetic setting
in which only the number of channels C varies. We use a three-layer model with D = 512,
dff = 2048, eight heads, P = 7 patches, batch size one, and BF16 autocast, and sweep C ∈
{256, 512, 768, 1024, 1536, 2048, 3072, 4096}. We report the median over 300 timed executions
following warm-up on a single NVIDIA RTX A6000.

For figure 5, we report wall-clock inference latency measured on a single NVIDIA RTX A6000
(PyTorch 2.6, CUDA 12.4). We measure the latency of one forward pass of the complete forecaster
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in evaluation mode under torch.no_grad, on a batch of B = 4 lookback windows spanning all
C = 862 Traffic channels, i.e. an input tensor of shape [4, 672, 862] mapped to a prediction of shape
[4, 96, 862]. A single timed call therefore emits 4 × 96 × 862 = 331,008 predicted values. The
measured region covers the entire model: patch embedding, all encoder layers, the output head and
the instance de-normalisation. It excludes data loading and collation. We report the median of 50
timed iterations after 10 warm-up iterations, cycling over three distinct input batches, with a CUDA
synchronisation at every timing boundary. All models are compiled with torch.compile.

Attention GFLOPs. The horizontal axis of Figures 7 and 8 counts floating-point operations in
the attention operator of a single layer. For Time Attention this is the query–key and score–value
cost over the full P × C grid; for NSTA, it is the sum of the three branch costs of the mechanism,
with routing and pooling. Isolating the operator this way makes the budgets comparable across
configurations that share a backbone; absolute end-to-end cost is correspondingly higher for every
point.

Attention GFLOPs are measured rather than derived analytically, using PyTorch’s FlopCounterMode,
with the counter scoped to the attention operator of a single layer. The reported values therefore count
each multiply–accumulate as two floating-point operations and cover the query–key, score–value,
routing, and pooling matrix multiplications actually executed by each configuration.

C.7 Ablation Protocol

The branch ablation of Section D.3 progressively enables the compression and selection branches on
top of the univariate path, holding the backbone, retrieval budgets, and training schedule fixed. When
a branch is disabled, its gate and projections are removed rather than zeroed, so the ablated models are
strictly smaller. Because selection consumes the pooling weights produced by compression (Eq. 1),
selection cannot be enabled without compression, and the univariate-plus-selection configuration is
therefore not evaluated. Each configuration is trained with three random seeds; we report the mean
and standard deviation.

C.8 Gates Analysis

Branch contribution. The gate gbp,v alone does not measure how much the branch b contributes to
the layer: it is a scalar applied to ob

p,v . We measure the contribution after the output projection WO,
which distributes over Eq. 6:

yp,v = WOop,v =
∑︂
b∈B

WO
(︁
gbp,v o

b
p,v

)︁⏞ ⏟⏟ ⏞
yb
p,v

, (9)

We define the contribution of branch b as the projection of its term onto that vector:

ρbp,v =

⟨︁
yb
p,v, yp,v

⟩︁⃦⃦
yp,v

⃦⃦2 ,
∑︂
b∈B

ρbp,v = 1, (10)

We report ρb averaged over every token (p, v) and over three seeds.
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D Supplementary Results

D.1 Multivariate Forecasting Results

Table 8: Full multivariate forecasting results. We perform rolling forecasts with a single model trained
on each dataset, using a lookback length of 672 and prediction horizons in {96, 192, 336, 720}.

Models Timer-XL Timer-XL Timer∗ UniTST∗ iTransformer∗ DLinear∗ PatchTST∗ TimesNet∗ Stationary∗ Autoformer∗

(with NSTA) (2025) (2024c) (2024a) (2024b) (2023) (2023) (2022) (2022) (2021)

Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

E
T

T
h1

96 0.371 0.404 0.369 0.400 0.371 0.404 0.379 0.415 0.387 0.418 0.369 0.400 0.373 0.403 0.452 0.463 0.452 0.478 0.467 0.499
192 0.401 0.424 0.411 0.427 0.407 0.429 0.415 0.438 0.416 0.437 0.405 0.422 0.405 0.425 0.474 0.477 0.484 0.510 0.492 0.523
336 0.415 0.436 0.433 0.442 0.434 0.445 0.440 0.454 0.434 0.450 0.435 0.445 0.423 0.440 0.493 0.489 0.511 0.522 0.519 0.531
720 0.441 0.461 0.449 0.466 0.461 0.466 0.482 0.482 0.447 0.473 0.493 0.508 0.445 0.471 0.560 0.534 0.571 0.543 0.589 0.560

Avg 0.407 0.431 0.415 0.434 0.418 0.436 0.429 0.447 0.421 0.445 0.426 0.444 0.412 0.435 0.495 0.491 0.505 0.513 0.517 0.528

E
T

T
h2

96 0.297 0.351 0.298 0.354 0.285 0.344 0.343 0.398 0.304 0.362 0.305 0.371 0.289 0.347 0.340 0.374 0.348 0.403 0.358 0.397
192 0.356 0.391 0.367 0.400 0.365 0.400 0.376 0.420 0.372 0.407 0.412 0.439 0.360 0.393 0.402 0.414 0.408 0.448 0.435 0.451
336 0.370 0.410 0.399 0.429 0.412 0.440 0.399 0.435 0.418 0.440 0.527 0.508 0.389 0.420 0.452 0.452 0.424 0.457 0.454 0.475
720 0.432 0.460 0.447 0.470 0.468 0.487 0.419 0.457 0.463 0.476 0.830 0.653 0.398 0.440 0.462 0.468 0.448 0.476 0.479 0.492

Avg 0.364 0.403 0.378 0.413 0.382 0.418 0.384 0.428 0.389 0.421 0.518 0.493 0.359 0.400 0.414 0.427 0.407 0.446 0.431 0.454

E
T

T
m

1 96 0.302 0.347 0.299 0.349 0.281 0.338 0.289 0.348 0.311 0.365 0.307 0.350 0.285 0.346 0.338 0.375 0.414 0.414 0.466 0.466
192 0.354 0.376 0.354 0.380 0.330 0.368 0.332 0.375 0.353 0.390 0.337 0.368 0.329 0.372 0.371 0.387 0.524 0.482 0.504 0.496
336 0.390 0.399 0.394 0.404 0.367 0.393 0.365 0.397 0.387 0.411 0.366 0.387 0.363 0.394 0.410 0.411 0.541 0.497 0.574 0.530
720 0.449 0.435 0.463 0.443 0.432 0.433 0.421 0.431 0.452 0.445 0.419 0.419 0.421 0.426 0.478 0.450 0.578 0.509 0.596 0.558

Avg 0.374 0.389 0.378 0.394 0.352 0.383 0.352 0.388 0.376 0.403 0.357 0.381 0.349 0.385 0.399 0.406 0.514 0.475 0.535 0.512

E
T

T
m

2 96 0.182 0.264 0.182 0.265 0.175 0.257 0.171 0.260 0.183 0.272 0.167 0.263 0.172 0.259 0.187 0.267 0.237 0.306 0.255 0.339
192 0.249 0.309 0.242 0.306 0.239 0.301 0.228 0.230 0.250 0.315 0.230 0.311 0.233 0.299 0.249 0.309 0.330 0.387 0.279 0.335
336 0.301 0.343 0.296 0.342 0.293 0.342 0.282 0.336 0.311 0.356 0.298 0.361 0.280 0.331 0.321 0.351 0.404 0.424 0.331 0.374
720 0.389 0.400 0.382 0.395 0.392 0.407 0.380 0.398 0.417 0.419 0.432 0.446 0.357 0.382 0.497 0.403 0.525 0.486 0.413 0.450

Avg 0.280 0.329 0.275 0.327 0.275 0.327 0.265 0.306 0.290 0.340 0.282 0.345 0.261 0.318 0.314 0.333 0.374 0.401 0.320 0.374

E
C

L

96 0.128 0.221 0.127 0.220 0.129 0.221 0.130 0.225 0.133 0.229 0.138 0.238 0.132 0.232 0.184 0.288 0.185 0.287 0.256 0.357
192 0.149 0.241 0.144 0.237 0.148 0.239 0.150 0.244 0.158 0.258 0.152 0.251 0.151 0.250 0.192 0.295 0.282 0.368 0.291 0.376
336 0.167 0.259 0.159 0.253 0.164 0.256 0.166 0.262 0.168 0.262 0.167 0.268 0.171 0.272 0.200 0.303 0.289 0.377 0.290 0.379
720 0.207 0.295 0.193 0.284 0.201 0.289 0.206 0.297 0.205 0.294 0.203 0.302 0.222 0.318 0.228 0.325 0.305 0.399 0.320 0.403

Avg 0.163 0.254 0.156 0.249 0.161 0.251 0.163 0.257 0.164 0.258 0.165 0.265 0.169 0.268 0.201 0.303 0.265 0.358 0.289 0.379

Tr
af

fic

96 0.347 0.240 0.345 0.237 0.348 0.240 0.359 0.250 0.353 0.259 0.399 0.285 0.359 0.255 0.593 0.315 0.610 0.322 0.675 0.412
192 0.369 0.251 0.366 0.247 0.369 0.250 0.373 0.257 0.373 0.267 0.409 0.290 0.377 0.265 0.596 0.317 0.626 0.346 0.679 0.423
336 0.387 0.262 0.383 0.256 0.388 0.260 0.386 0.265 0.386 0.275 0.422 0.297 0.393 0.276 0.600 0.319 0.633 0.352 0.688 0.440
720 0.439 0.292 0.426 0.281 0.431 0.285 0.421 0.286 0.425 0.296 0.461 0.319 0.436 0.305 0.619 0.335 0.651 0.366 0.693 0.457

Avg 0.386 0.261 0.380 0.255 0.384 0.259 0.385 0.265 0.384 0.274 0.423 0.298 0.391 0.275 0.602 0.322 0.630 0.347 0.684 0.433

W
ea

th
er

96 0.155 0.206 0.160 0.210 0.151 0.202 0.152 0.206 0.174 0.225 0.169 0.229 0.149 0.202 0.169 0.228 0.185 0.241 0.355 0.409
192 0.201 0.250 0.208 0.254 0.196 0.245 0.198 0.249 0.227 0.268 0.211 0.268 0.194 0.245 0.222 0.269 0.286 0.325 0.421 0.450
336 0.254 0.290 0.262 0.295 0.249 0.288 0.251 0.291 0.290 0.309 0.258 0.306 0.244 0.285 0.290 0.310 0.323 0.347 0.452 0.465
720 0.328 0.342 0.338 0.347 0.330 0.344 0.322 0.340 0.374 0.360 0.320 0.362 0.317 0.338 0.376 0.364 0.436 0.401 0.513 0.496

Avg 0.234 0.272 0.242 0.276 0.232 0.270 0.231 0.272 0.266 0.291 0.239 0.291 0.226 0.268 0.264 0.293 0.308 0.329 0.435 0.455

So
la

r-
E

ne
rg

y 96 0.186 0.230 0.182 0.224 0.212 0.230 0.190 0.240 0.183 0.265 0.193 0.258 0.168 0.237 0.180 0.272 0.199 0.290 0.206 0.296
192 0.212 0.251 0.214 0.246 0.232 0.246 0.223 0.264 0.205 0.283 0.214 0.274 0.189 0.257 0.199 0.286 0.243 0.307 0.254 0.328
336 0.226 0.266 0.239 0.264 0.237 0.253 0.250 0.283 0.224 0.299 0.233 0.291 0.212 0.277 0.220 0.301 0.264 0.322 0.272 0.330
720 0.257 0.290 0.287 0.292 0.252 0.266 0.292 0.311 0.239 0.316 0.246 0.307 0.240 0.305 0.251 0.321 0.310 0.339 0.326 0.347

Avg 0.220 0.259 0.230 0.256 0.233 0.249 0.241 0.275 0.213 0.291 0.222 0.283 0.202 0.269 0.213 0.295 0.254 0.315 0.265 0.325

First-place count 6 5 10 13 2 10 2 2 1 0 3 6 17 9 0 0 0 0 0 0

∗
Results taken from the Timer-XL paper (Liu et al., 2025).
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D.2 Accuracy-Efficiency Trade-off

Accuracy improves with the channel budget, from 7.62 at kc = 32 (≈ 102 GFLOPs) to 7.20
at kc = C (≈ 377 GFLOPs), while kp ∈ 1, 2 has little effect. Dense Timer-XL remains best
(7.17, ≈ 307 GFLOPs), but NSTA progressively approaches dense accuracy as compute increases:
kc = 2048 reaches 7.26 at ≈ 248 GFLOPs.
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Figure 7: Accuracy–efficiency trade-off on the Traffic dataset (C = 862, P = 7). Coloured markers
denote configurations of NSTA (ours), with colour encoding the channel budget kc and marker shape
encoding the patch budget kp. White markers denote the benchmarks models.
On Traffic (C = 862, Figure 7), the best NSTA configurations reach MSE ≈ 0.3447 at 30–37
attention GFLOPs, matching Timer-XL (0.3452 at ≈ 87 GFLOPs) at roughly one third of the
attention cost.
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Figure 8: Accuracy–efficiency trade-off on the GTWSF-Temp dataset (C = 3850, P = 2). Accuracy
improves monotonically with the channel budget kc, tracing a controllable operating curve rather
than an interior optimum.

NSTA offers lower-compute operating points with a controlled accuracy trade-off, yielding a dataset-
dependent accuracy–compute frontier rather than uniformly dominating dense Time Attention.

D.3 Ablation Studies

The compression and selection branches are progressively added to the univariate path (Table 9). The
full model achieves the lowest MSE on Weather, Traffic, and GTWSF-Temp, while matching the
univariate baseline on Solar within run-to-run variation. Compression alone does not consistently
improve performance, whereas adding selection recovers or improves accuracy across all datasets,
consistent with complementary roles for coarse cross-channel context and fine-grained retrieval.
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Figure 9: Forecasting MSE as a function of
the channel retrieval budget kc for kp ∈ {1, 2}.
Increasing kc consistently improves accuracy,
while the effect of kp is comparatively small.
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Figure 10: Forecasting MSE as a function of
the channel retrieval budget kc across kp ∈
{1, . . . , 7}. Performance depends only weakly
on kp and exhibits a non-monotonic trade-off
with kc.

Table 9: Ablation of the NSTA branches. Results are mean ± standard deviation over three runs;
lower is better. Lookback window is 672 for Solar, Weather and Traffic and 48 for GTWSF-Temp.
Selection branches use kp = 4, kc = 32 on Traffic, Solar and Weather datasets and kp = 3 and
kc = 256 for GTWSF-Temp.

Dataset Branches Metrics

Uni. Comp. Select. MSE ↓ MAE ↓

Solar
✓ 0.220 ± 0.015 0.259 ± 0.012
✓ ✓ 0.232 ± 0.010 0.273 ± 0.008
✓ ✓ ✓ 0.219 ± 0.016 0.261 ± 0.007

Weather
✓ 0.245 ± 0.007 0.279 ± 0.005
✓ ✓ 0.245 ± 0.004 0.277 ± 0.001
✓ ✓ ✓ 0.234 ± 0.003 0.272 ± 0.001

Traffic
✓ 0.389 ± 0.002 0.265 ± 0.003
✓ ✓ 0.396 ± 0.008 0.269 ± 0.004
✓ ✓ ✓ 0.382 ± 0.002 0.258 ± 0.002

GTWSF-Temp
✓ 7.828 ± 0.003 1.874 ± 0.001
✓ ✓ 7.612 ± 0.015 1.849 ± 0.002
✓ ✓ ✓ 7.481 ± 0.009 1.831 ± 0.001

To test whether the ranking itself carries signal rather than merely acting as a regulariser, ranked
selection is compared with uniform random selection of the same number of fine-grained interactions.
The random subset is resampled at every forward pass, with all other components, hyperparameters,
and compute budgets held fixed (Table 10). Ranked selection performs better on all three datasets.

Table 10: Ablation study on the selection strategy. Results are reported as mean ± standard deviation
across runs. Lower is better. Lookback is 672 for Traffic and ECL, 168 for GTWSF-Temp.

Dataset kp kc Selection Strategy MSE ↓ MAE ↓

Traffic 2 32 Top-ranked 0.386 ± 0.003 0.262 ± 0.002
Random 0.413 ± 0.010 0.274 ± 0.008

ECL 2 32 Top-ranked 0.160 ± 0.001 0.251 ± 0.002
Random 0.163 ± 0.001 0.254 ± 0.003

GTWSF-Temp 2 256 Top-ranked 6.989 ± 0.048 1.767 ± 0.004
Random 7.079 ± 0.124 1.778 ± 0.016

The selection-branch routing prior is further ablated on Traffic across five values of kc, with kp = 4.
Enabling the prior improves MSE at every budget, with a mean reduction of 2.1% across matched
runs (Table 11).
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Table 11: Effect of the selection-branch routing prior on Traffic Dataset. Each entry is the mean
over the {96, 192, 336, 720} rolling horizons, averaged over three seeds. ∆ is the paired MSE
improvement from enabling the bias. All configurations use kp = 4 and lookback 672.

No prior Prior ∆

kc MSE MAE MSE MAE MSE %

32 0.3922 ± 0.0039 0.2637 ± 0.0030 0.3857 ± 0.0024 0.2576 ± 0.0013 0.0095 2.5
64 0.3903 ± 0.0034 0.2618 ± 0.0012 0.3852 ± 0.0020 0.2607 ± 0.0038 0.0051 1.3

128 0.3897 ± 0.0041 0.2611 ± 0.0016 0.3817 ± 0.0013 0.2564 ± 0.0003 0.0080 2.1
256 0.3923 ± 0.0045 0.2618 ± 0.0029 0.3808 ± 0.0023 0.2565 ± 0.0010 0.0115 3.0
512 0.3891 ± 0.0025 0.2620 ± 0.0031 0.3822 ± 0.0009 0.2561 ± 0.0006 0.0069 1.8

Avg. 0.3907 0.2621 0.3825 0.2575 0.0082 2.1

Enabling the score bias improves Traffic MSE in all 15 matched runs (five channel budgets × three
seeds), by 0.0082 on average (2.1%), and MAE in 14/15 runs by 0.0046 on average.
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Figure 11: Attention maps for the three branches on ETTh1 dataset.
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