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Abstract

Multivariate time series forecasting is essential in domains
such as finance, transportation, climate, and energy. How-
ever, existing patch-based methods typically adopt fixed-
length segmentation, overlooking the heterogeneity of local
temporal dynamics and the decoding heterogeneity of fore-
casting. Such designs lose details in information-dense re-
gions, introduce redundancy in stable segments, and fail to
capture the distinct complexities of short-term and long-term
horizons. We propose TimeMosaic, a forecasting framework
that aims to address temporal heterogeneity. TimeMosaic em-
ploys adaptive patch embedding to dynamically adjust granu-
larity according to local information density, balancing motif
reuse with structural clarity while preserving temporal con-
tinuity. In addition, it introduces segment-wise decoding that
treats each prediction horizon as a related subtask and adapts
to horizon-specific difficulty and information requirements,
rather than applying a single uniform decoder. Extensive eval-
uations on benchmark datasets demonstrate that TimeMosaic
delivers consistent improvements over existing methods, and
our model trained on the large-scale corpus with 321 billion
observations achieves performance competitive with state-of-
the-art TSFMs.

Code — https://github.com/BenchCouncil/TimeMosaic

1 Instruction

Multivariate time series forecasting plays a critical role in
numerous real-world domains (Qiu et al. 2025a,c), such as
finance (Hu et al. 2025a), transportation, climate, health-
care, and energy management. These applications require
accurate and efficient modeling of intricate temporal re-
lationships among multiple correlated variables. Recently,
forecasting methods employing patch-based representations
have shown remarkable performance and have become in-
creasingly prevalent (Chen et al. 2024; Jin et al. 2024; Ku-
drat et al. 2025; Nie et al. 2023). Patch-based approaches ex-
cel at capturing localized temporal structures and mitigating
noise through segmented encoding. Recently proposed time
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Figure 1: Comparison between existing fixed-patch models
and our adaptive patching design, highlighting differences in
input representation and prediction structure.

series models, such as Sundial (Liu et al. 2025), also use
patch-based time series segmentation to organize event con-
texts for benchmarking time series foundation models. Typi-
cally, these methods divide input sequences into fixed-length
patches, implicitly assuming uniform information density
and temporal complexity across the entire sequence.

However, real-world time series often exhibit significant
variability in local information density (Huang et al. 2023;
Warren Liao 2005). Segments characterized by complex or
abrupt changes inherently contain higher information den-
sities, whereas smoother or stationary regions possess rel-
atively lower densities. Current methods employing fixed-
size temporal segments disregard this inherent variability,
resulting in inadequate modeling of information-rich re-
gions and redundant encoding in smoother ones. Beyond
local variability, empirical evidence (Xie et al. 2025) also
reveals two key structural properties: motif reuse, charac-
terized by Zipf-like frequency distributions, and structural
clarity, measured by latent-space separability (see Section 2
for definitions and illustrations), which further highlight
a structural limitation of fixed-length patching: it cannot
simultaneously preserve reusable long-range patterns and



maintain well-delimited local boundaries. A similar limita-
tion has been observed in autoregressive image generation,
such as DQ-VAE (Huang et al. 2023), where fixed-size re-
gion encodings likewise fail to adapt to diverse structural
patterns.

These observations indicate that the limitations of fixed-
length patching are not incidental but stem from a deeper
property of time series data: heterogeneity. On the input
side, local temporal regions vary greatly in complexity and
information density, which we refer to as encoding hetero-
geneity. On the output side, forecasting horizons differ in
both difficulty and information requirements, which we refer
to as decoding heterogeneity. Addressing these two dimen-
sions of heterogeneity is crucial for advancing time series
forecasting.

Overall, multivariate time series forecasting faces two
fundamental challenges: @ Encoding heterogeneity. Fixed-
length segmentation fails to adapt to the variability of local
temporal complexity, leading to a trade-off between reusing
long-term motifs and preserving clear structural boundaries.
@ Decoding heterogeneity. Forecasting demands differ
substantially across horizons: short-term forecasting mainly
rely on recent local information, while long-term forecast-
ing require modeling more abstract and uncertain dynamics
over broader contexts. Existing methods typically overlook
this asymmetry by applying a single decoder to all horizons.

To address these challenges, we propose TimeMosaic, a
unified forecasting framework that integrates adaptive patch
embedding and segment-wise decoding. On the input side, it
employs an adaptive granularity patching strategy inspired
by dynamic quantization (Huang et al. 2023), segmenting
sequences into variable-length patches according to local
temporal information density to balance motif reuse and
structural clarity while preserving strict temporal continu-
ity. On the output side, a segment-wise prediction module
based on multi-task prompt tuning (Liu et al. 2021; Craw-
shaw 2020a) treats different horizons as related subtasks, us-
ing horizon-aware prompts to capture segment-specific dif-
ficulty without altering the backbone. As shown in Figure 1,
this design enables TimeMosaic to adaptively capture tem-
poral heterogeneity and improve forecasting precision.

We summarized our main contributions as follows:

¢ We propose TimeMosaic, a novel forecasting framework
that explicitly addresses both encoding heterogeneity and
decoding heterogeneity in multivariate time series.

We design an Adaptive Patch Embedding module that
dynamically allocates region-specific patch sizes accord-
ing to local information density, effectively balancing
motif reuse with structural clarity.

* We introduce a segment-wise prompt tuning strategy that
models horizon-specific difficulty and information re-
quirements by treating each prediction segment as a dis-
tinct subtask within a unified multi-task framework.

2 Related Work

Patch-based Time Series Forecasting. Patch-based mod-
els such as PatchTST (Nie et al. 2023), Patchwise (Ku-
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Figure 2: Zipf deviation and Silhouette score. These results
are obtained by extracting patches of different lengths from
a large-scale collection of time series forecasting datasets
(see Appendix A), followed by K-Means clustering under
various cluster settings.

drat et al. 2025), TimeFilter (Hu et al. 2025b), and Time-
LLM (Jin et al. 2024) typically use fixed-length patches,
implicitly assuming uniform temporal complexity. Multi-
granularity methods like PatchMLP (Tang and Zhang 2025),
PathFormer (Chen et al. 2024), and DualSG (Ding et al.
2025) allow variable patching but often disturb temporal
consistency due to overlapping or misordered segments (Ap-
pendix Fig. 7). In contrast, our approach adapts patch sizes
to local information density while preserving strict chrono-
logical order.

Zipf Conformity and Clustering Clarity. Temporal
patches exhibit Zipf-like frequency distributions (Xie
et al. 2025; Axtell 2001) and clear clustering struc-
tures (Rousseeuw 1987). Zipf conformity reveals reusable
motifs for compact representation, whereas clustering clar-
ity measures pattern separability in latent space. Fixed-
length patching cannot balance both: larger patches enhance
motif reuse but blur boundaries, while smaller ones sharpen
separation yet fragment long-term patterns, as shown in Fig-
ure 2'. Our adaptive patching reconciles this trade-off by
dynamically allocating granularity based on local density.

Multi-task Learning and Prompt-based Adaptation.
MTL (Ruder 2017; Crawshaw 2020b) enhances generaliza-
tion via shared representations, while prompt-based adapta-
tion (Lester, Al-Rfou, and Constant 2021; Xia et al. 2024)
has shown strong efficiency in LLMs (Laban et al. 2023;
Zhang et al. 2024; Cao et al. 2024). We extend this paradigm
to time series forecasting with horizon-aware prompts that
flexibly adapt to segment-specific patterns, unlike static
basis-reconstruction methods (Huang et al. 2025).

! Appendices are available at https://arxiv.org/abs/2509.19406
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Figure 3: Overall architecture of TimeMosaic. (a) The input multivariate series is segmented by the Adaptive Patch Embedding
module into variable-granularity patches via learnable region-aware decisions. (b) Learnable prompt tokens are injected and
interact with patch embeddings through multi-head attention, as illustrated by the attention maps. (c) Channel-level normaliza-
tion follows iTransformer (Liu et al. 2024). (d) Segment-wise forecasting is performed from short- to long-term.

3 Proposed Method
3.1 Adaptive Patch Embedding

To effectively model temporal heterogeneity in time series,
we introduce an Adaptive Patch Embedding (APE) module
that adjusts patch granularity based on local dynamics.

Patch Granularity Search Space. We refer to regions as
local partitions of the input used for adaptive patching, and
segments as forecast sub-horizons used in multi-task predic-
tion. This distinction allows us to separately model spatial
encoding and temporal decoding. Given an input time series
r € RBXOXL we divide the sequence into R = L/ fiax
non-overlapping regions, where f,.x is the maximum patch
length in the candidate set:

]::{flaf27afK}a f1<f2<<fK (1)

Each candidate patch size fj, represents a different temporal
granularity. For each region, our goal is to select the most
suitable fj, to match its local information density.

Region-wise Granularity Classification. To predict the
optimal patch size for each region, we employ a lightweight
classifier Gy:

gr = g@(x’r‘) € IRI{7 97“ = arg m}?“XgT,ku (2)
where g, is the predicted logits over candidate patch sizes
for region z,., and 6,. is the index of the selected patch size.
The classifier is shared across all regions and channels, and
is implemented as a two-layer MLP. To ensure end-to-end
differentiability, we apply the Gumbel-Softmax (Jang, Gu,

and Poole 2017) during training.

Patch Alignment and Embedding. After determining the
patch size fy _ for region x,, we unfold it into patches of size

fo,:

2, = Lineary, (Unfold(z,; fy,)) € RN-xd 3)
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where z,. is the embedded patch sequence, N, = fiax/fo,
is the number of patches in region r, and d is the embed-
ding dimension. Each patch is projected to a shared latent
dimension d using a dedicated linear layer.

To maintain a uniform input shape across regions, we up-
sample all patch sequences to a fixed length N = fi,.x/ fmin
using replication:

Z. = RepeatPad(z,; N). “)

where Z, is the length-aligned patch sequence for region
r, padded to N = fiax/ fmin using replication. RepeatPad
preserves temporal alignment and avoids introducing artifi-
cial content. In practice, we find it more stable than interpo-
lation or learned resampling under varying patch configura-
tions.

All region patch embeddings {Z1,...,Zg} are concate-
nated and enriched with positional encodings to form the
final input:

Z = PE (Concat(zy, . . . € RB-OXN-Rxd

&)

where Z is the final encoder input sequence after adding
positional encodings, PE(-) denotes the positional encoding
function, and R is the number of input regions. We explore
several alternative designs for positional encoding, including
fixed, learnable, and hybrid schemes, which are analyzed in
Section 4.

,ZR))

Regularization via Budget Loss Without constraints, the
classifier may degenerate to always selecting the finest patch
size. To avoid this, we introduce a budget loss to match the
empirical distribution of selected granularities to a prede-
fined target:

K-1

Lougger = > (1 — ir)?

k=1

(6



where 7 is the desired usage ratio of patch size fj, and 7 is
the actual usage in the current batch. The last ratio is defined
by normalization:

K-1 K-1
rk=1=Y 1 Fx=1-Y f ©)
k=1 k=1

Training Objective. We jointly optimize the forecasting
loss and the budget regularization. The total training loss is
defined as:

‘Ctolal = ‘Cforecasl + )\Ebudgetv (®)

where Liorecast 18 the standard mean squared error (MSE) be-
tween the prediction g and ground truth y:

B
1 ~ (1 [
£forecast = E Z ||y() - y( )”%

i=1

©))

A is a hyperparameter balancing the two terms.

3.2 Prompt Tuning for Segment-wise Forecasting

We formulate multi-interval time series forecasting as a
segment-wise multitask learning problem, where each fore-
cast segment corresponds to an individual prediction sub-
task. To achieve parameter-efficient segment adaptation, we
draw inspiration from Prompt Tuning (Lester, Al-Rfou, and
Constant 2021; Liu et al. 2021) and extend it to the tempo-
ral domain. Specifically, we design learnable segment-aware
prompts to inject segment-specific inductive biases into a
shared encoder, allowing the model to specialize its atten-
tion behavior for each segment without modifying backbone
parameters.

Following standard practices in prompt tuning, these
prompts are inserted only into the key and value paths of
the attention mechanism, while the query vectors are derived
exclusively from the input data. This asymmetric design
ensures that the original data tokens retain their semantic
role as information seekers, while prompts act as soft guid-
ance to steer the attention focus in a segment-aware man-
ner. Compared with adapter-based or decoder-tuning ap-
proaches, prompt tuning achieves similar segment-level spe-
cialization with fewer trainable parameters and better modu-
larity, as prompts can be flexibly added or removed without
altering the shared encoder.

For a given segment & € {1,...,K}, we associate a
prompt embedding ¢, € R4 and prepend it to the input
representation X € R"*:;

X, = Concat(¢,,, X). (10)

To preserve a clear functional separation between prompts
and data tokens, we apply a prompt-masked attention mech-
anism. In the self-attention computation, query vectors are
derived exclusively from data tokens, while key and value
vectors include both data and prompts:

Q. =XW?, Kip=XWEK, V,=X,W". (11)

This allows the segment-aware prompt to modulate atten-
tion flow and inject task-relevant semantics, while being ex-
cluded from explicit decoding.
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After encoding, each segment is decoded by a segment-
specific head fi(-;6y), yielding the prediction Y(*) ¢
Rmk X C:

Y8 = fi(Hy; 04),

where Hy, is the shared encoder output.

This segment-wise prompt tuning framework enables
flexible modeling of segment-specific dynamics, improves
parameter efficiency, and avoids interference across sub-
tasks. All encoder parameters remain frozen during training,
and only prompts {¢, } and decoding heads {6} are up-
dated.

(12)

4 Experiments

We thoroughly evaluate the proposed TimeMosaic on vari-
ous time series forecasting applications, validate the general-
ity of the proposed framework and further delve into the ef-
fectiveness of adaptive patch embedding and Segment-wise
Forecasting in other models.

Datasets. We conduct extensive experiments on 17 real-
world multivariate time series datasets, which are di-
vided into long-term and short-term forecasting tasks. For
long-term forecasting, we use ETThl, ETTh2, ETTml,
ETTm?2 (Zhou et al. 2021), Weather, Traffic, Electricity,
ExchangeRate (Wu et al. 2023), Solar-Energy (Lai et al.
2018), and Wind (Location1-4) (Xie et al. 2025). For short-
term forecasting, we adopt four benchmark traffic datasets:
PEMSO03, PEMS04, PEMS07, and PEMS08 (Wang et al.
2024, 2025b).

Baselines. We choose the last state-of-the-art LTSF
models, including TimeFilter (Hu et al. 2025b), Sim-
pleTM (Chen et al. 2025), PatchMLP (Tang and Zhang
2025), xPatch (Stitsyuk and Choi 2025), DUET (Qiu et al.
2025b), PathFormer (Chen et al. 2024), iTransformer (Liu
et al. 2024), TimeMixer (Wang et al. 2024), PatchTST (Nie
et al. 2023), FreTS (Yi et al. 2023), DLinear (Zeng et al.
2023), LightTS (Zhang et al. 2022) as baselines for our ex-
periments. We compared the ability of zero-shot with the
GPT4TS (Zhou et al. 2023) and LLMTime (Nate Gruver
and Wilson 2023).And we compare against pre-trained foun-
dation time series models, including TimeMoE (Shi et al.
2025), MOIRAI (Woo et al. 2024), Chronos (Ansari et al.
2024), TimesFM (Das et al. 2024), and Moment (Goswami
et al. 2024), using the parameter settings as specified in their
respective publications.

Evaluation Metrics. Following previous works, we use
Mean Squared Error (MSE) and Mean Absolute Error
(MAE) metrics to assess the performance.

Channel Modeling Strategy. Although our core design
centers on segment-wise forecasting with adaptive patch
granularity, handling multivariate inputs remains essential.
To ensure compatibility, we incorporate a modular chan-
nel modeling component, which supports both Channel-
Independent (CI) (Nie et al. 2023) and Channel-Dependent
(CD) (Hu et al. 2025b) schemes. Specifically, we provide
multiple instantiations ranging from simple per-variable
modeling to prompt-augmented or calendar-aware variants.



Models TimeMosaic | SimpleTM TimeFilter xPatch PatchMLP DUET PathFormer | iTransformer | TimeMixer PatchTST DLinear

(Ours) (2025) (2025) (2025) (2025) (2025) (2024) (2024) (2024) (2023) (2023)
Metric | MSE MAE | MSE MAE | MSE MAE | MSE MAE|MSE MAE | MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE
ETTm! |0.381 0.381[0.391 0.403]0.395 0.407[0.391 0.402]0.401 0.407|0.416 0.407]0.392 0.385]0.409 0.411]0.381 0.3960.387 0.398|0.407 0.409
ETTm2 [0.273 0.314[0.283 0.325]0.282 0.329]0.283 0.3270.287 0.331[0.286 0.328[0.269 0.314]0.293 0.334[0.279 0.325[0.279 0.323]0.350 0.400
ETThl |0.425 04240442 04360463 0447|0446 0.439]0.455 04450447 04400454 0428]0.450 0.442]0.445 04390432 04310462 0459
ETTh2 [0.363 0.388[0.424 0.413]0.389 0.422[0.409 0.405]0.402 0416|0379 0.400]0.372 0.397[0.386 0.407 [0.381 0.404|0.376 0.402]0.556 0.516
Weather |0.251 0.267|0.258 0.282]0.242 0.273 [0.264 0.284 [0.254 0.289[0.269 0.304]0.242 0.266 | 0.346 0.276 | 0.309 0.360 | 0.264 0.283]0.265 0.317
Traffic | 0458 0.2830.545 0.347[0.461 0309 [0.520 0.335]0.495 0.337]0.628 0.3920.581 0.343[0.453 0.303[0.499 0.291]0.486 0.3140.627 0.387
Electricity | 0.187 0.279[0.248 0.284[0.170 0.266 [ 0.209 0.292]0.224 0.289[0.216 0.311[0.214 0.293[0.225 0.310]0.185 0.294[0.205 0.2920.215 0.305
Exchange | 0.348 0.403 [0.356 0.411[0.366 0.411]0372 0410|0374 0.412[0.356 0.400|0.375 0.411]0366 0.4140.385 0.423[0.359 0.401]0.354 0.420
Solar |0.240 0.270[0.315 0.333]0.248 0.270]0.248 0.276[0.255 0.280[0.349 0.350]0.255 0.258[0.378 0.350[0.292 0.2810.326 0.397|0.256 0.304
Table 1: Averaged forecasting results under unified experimental settings. For long-term forecasting tasks, we use a fixed

lookback window of L = 96. Long-term forecasting results are averaged over four prediction lengths: T' = {96, 192, 336, 720}.
The best model is in boldface, and the second best is underlined. See Table 20 in Appendix G for complete results.
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Figure 4: Segments of different sizes on five datasets with a
prediction length of 192. Left: MSE. Right: MAE.

These options are fully pluggable and do not interfere with
the main forecasting pipeline. By default, we adopt the
Channel dependent strategy. A comprehensive description
and comparison of all variants are provided in Appendix D.

Implementation Details. All the experiments are imple-
mented in PyTorch (Paszke et al. 2019), and conducted on
eight A800 GPU. Even in recent studies, it is common to set
drop_last = True during data preprocessing (Chen et al.
2025; Wang et al. 2025a), and this issue has been explicitly
discussed in the TFB (Qiu et al. 2024), highlighting its po-
tential impact on evaluation fairness. Following the time se-
ries forecasting benchmark TFB’s settings (Qiu et al. 2024),
we do not use the "drop last” trick during the testing phase to
ensure a fair comparison. Our benchmark comprehensively
includes 20+ state-of-the-art forecasting models across 17
real-world datasets, ensuring a fair comparison by unifying
implementation settings and avoiding over-tuning parame-
ter. And some approaches (Hu et al. 2025b) discard the use
of EarlyStopping, which in our view disregards the essential
role of the validation set. Therefore, when integrating with
other methods, we consistently retain this setting to ensure
fair and reliable evaluation.

Unified Experimental Settings. To ensure fair compari-
son, we conduct two types of experiments. For long-term
forecasting, we follow the unified evaluation protocol pro-
posed by TimesNet (Wu et al. 2023), using a lookback length

Model Variant MSE MAE
Baseline 0.277 0.326
+ Adaptive Patch Embedding (APE) 0.258 0.302
+ APE and Segment-wise Prompt Tuning 0.254 0.301

Table 2: Ablation study of each component on five datasets.
See datils in Appendix Table 14.

Granularity MSE MAE
[8, 16] 0.231 0.288

[8, 32] 0.228 0.286

[8, 16, 32] 0232 0.290
[8, 16, 64] 0.230 0.289
[8, 32, 64] 0.235 0.289
[4, 8, 16, 321 0.232 0.290
[8, 16, 32, 64] 0.228 0.286

Table 3: Impact of patch granularity on six datasets, see de-
tails in Appendix Table 13.

L = 96 and prediction lengths T' = 96, 192, 336, 720 across
all long-term datasets. For short-term forecasting, we adopt
a fixed prediction length 7" = 12, which is commonly used
in traffic prediction tasks. The lookback length is also set to
L = 96. The averaged results under this unified setting are
reported in Table 1. Table 1 presents results across all models
using best configurations obtained via hyperparameter tun-
ing, including the number of layers, attention heads, hidden
dimension (dpodel), and feedforward dimension (dg), with a
lookback window of 96. In contrast, Table 5 reports results
with an identical parameter setting shared by all models, us-
ing a longer lookback window of 320.

Ablation Experiments. We evaluate the contributions of
each component in Table 2. Adaptive Patch Embedding
(APE) improves performance by enabling input-aware to-
kenization, while segment-wise prompt tuning further en-
hances accuracy through localized decoding. Table 3 shows
the results of different patch size combination. Figure 4
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Methods‘ TimeMosaic ‘TimcMoEl ‘TimcMth‘ MOIRATL ‘ MOIRAI, ‘ Chronosy, ‘ Chronosg ‘ TimesFM ‘ Moment

Metric | MSE MAE | MSE MAE | MSE MAE | MSE

MAE | MSE

MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE

96
192
336
720

0.367
0.395
0.410
0.422

0.395
0412
0.423
0.443

0.350
0.388
0411
0.427

0.382
0412
0.430
0.455

0.357
0.384
0.411
0.449

0.38
0.404
0.434

0.477

—

0.381
0.434
0.495
0.611

0.38
0.41
0.44;
0.51

ETThl

8
5
5
0

0.376
0.412
0.433
0.447

0.392
0.413
0.428
0.444

0.384
0.441
0.475
0.472

0.379
0412
0.430
0.446

0.394
0.455
0.499
0.520

0.381
0.414
0.444

0.476

0.414
0.465
0.503
0.511

0.404
0.434
0.456
0.481

0.688
0.688
0.675
0.683

0.557
0.560
0.563
0.585

‘Avg ‘0‘399 0.418 | 0.394 0.419 | 0.400 0.424 | 0.480 0.43

9 10.417

0.419 | 0.443 0.416 | 0.467 0.428 | 0.473 0.443 | 0.683 0.566

96
192
336
720

0.190
0.249
0.305
0.396

0.276
0.313
0.347
0.407

0.197
0.250
0.337
0.480

0.286
0.322
0.375
0.461

0.201
0.258
0.324
0.488

0.291
0.334
0.373
0.464

0.211
0.281
0.341
0.428

0.31
0.35

ETTm2

0.27.

0.428

410.205
0.275
0.329

0.437

8
5

0.273
0.316
0.350
0.411

0.177
0251
0.305
0.419

0.244
0.293
0.327
0.394

0.180
0.251
0.315

0.421

0.251
0.298
0.338
0.403

0.202
0.289
0.360
0.462

0.270
0.321
0.366
0.430

0.260
0.289
0.324
0.394

0.335
0.350
0.369
0.409

| Avg | 0.285 0336|0316 0.361]0.317 0365|0315 034

30311

0.337]0.288 0314|0291 0.330 | 0328 0.346 | 0.316 0365

Table 4: Zero-shot forecasting results on two datasets. TimeMosaic is trained with an input length of 512 and an output horizon
of 720. The symbols s, b, and [ represent the small, base, and large versions, respectively. See details in Appendix Table 24.

Models TimeMosaic | SimpleTM TimeFilter xPatch PatchMLP DUET iTransformer | TimeMixer PatchTST DLinear FreTS

(Ours) (2025) (2025) (2025) (2025) (2025) (2024) (2024) (2023) (2023) (2023)
Metric | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE
ETTm!l [0.360 0.377|0.350 0.379 {0.399 0.408 [ 0.354 0.386|0.374 0.396 | 0.360 0.380 | 0.386 0.406 [ 0.356 0.385|0.372 0.399 | 0.357 0380 | 0.369 0.391
ETTm2 |0.256 0.310 [ 0.263 0.318 | 0.278 0.330|0.262 0.322|0.269 0.324 | 0.257 0.314|0.293 0.338 | 0.265 0.323|0.278 0.332|0.282 0.348 | 0.284 0.339
ETThl |0.412 0.423|0.428 0.438|0.511 0.482|0.446 0.445|0.462 0.460|0.414 0.429|0.487 0.475|0.430 0.438 | 0.503 0.485|0.429 0.444]0.461 0.465
ETTh2 |0.363 0.393|0.377 0.404 [ 0.402 0.421 {0.354 0.397 | 0.380 0.416|0.344 0.389 | 0.411 0.425|0.358 0.396 | 0.398 0.427|0.492 0.478 | 0.495 0.483
Weather |0.231 0.256 | 0.230 0.267 | 0.231 0.270 | 0.224 0.262 [ 0.230 0.267 | 0.248 0.280 | 0.237 0.272|0.227 0.266 | 0.236 0.271 | 0.246 0.299 | 0.230 0.277
Traffic | 0.433 0.287|0.468 0.336|0.420 0.284 | 0.430 0.300 | 0.525 0.382 | 0.462 0.330|0.463 0.335|0.444 0.316 | 0.428 0.297 | 0.445 0.308 | 0.461 0.313
Electricity | 0.170 0.263 | 0.180 0.277 | 0.167 0.260 | 0.170 0.264 | 0.200 0.302 | 0.185 0.287 [ 0.180 0.277 | 0.173 0.267 | 0.173 0.272|0.170 0.269 | 0.171 0.270
Wind 0.774 0.680 | 0.779 0.690 | 0.815 0.703 | 0.762 0.682 | 0.772 0.689 | 0.762 0.683 [ 0.807 0.701 | 0.762 0.684 | 0.811 0.710|0.744 0.681 | 0.742 0.680
Solar 0.226 0.241|0.272 0.314 [ 0.200 0.255|0.200 0.253 | 0.250 0.288 | 0.265 0.289 | 0.232 0.280 | 0.224 0.276 | 0.221 0.262|0.255 0.315]0.212 0.267

Table 5: Averaged forecasting results under a unified and more fair evaluation setting with a farther lookback window. Compared
to Table 1, Table 5 offers a fairer comparison by adopting an extended lookback window, which better supports models like
DUET and TimeFilter to realize their potential. Moreover, we fix key hyperparameters such as d_model, d_f f, learning rate,
and training epochs, avoiding test-set-based tuning and ensuring a fair evaluation. See details in Appendix G and Table 21.

demonstrates that segmented prediction consistently outper-
forms non-segmented baselines, while showing robustness
across different segment sizes, see details in Appendix Fig-
ure 12. We adopt a fixed segment length of L/3 without
cherry-picking.

Main Results. As shown in Table 1, TimeMosaic consis-
tently achieves the best or second-best performance across
all benchmarks. In the more fair comparison shown in Ta-
ble 5, our method also achieves competitive performance.
Furthermore, TimeMosaic demonstrates robust performance
under longer lookback windows, as illustrated in Figure 6.
See short-term forecasting results in Appendix Table 17. Ta-
ble 6 compares the best hyperparameter configurations of
seven SOTA models, where all models are tuned under the
same search protocol. Due to the extremely high computa-
tional cost, each model requires exploring 10,800 different
parameter settings, we only report results on seven models
across five datasets.

Zero—shot. To assess cross-dataset generalization, we
conduct zero-shot forecasting where models are trained
on one dataset and tested on another. As shown in Ap-
pendix Table 23, TimeMosaic consistently achieves the
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best performance across all transfer settings, outperform-
ing GPT4TS (Zhou et al. 2023), DLinear, and PatchTST. In
addition, we further scale up TimeMosaic on the BLAST
dataset (Shao et al. 2025) with an input length of 512 and
an output horizon of 720. This large-scale setting (27M pa-
rameters, trained on two V100 GPUs for about 40 hours)
allows a direct comparison with recent time series founda-
tion models (TSFMs). The results (Appendix J, Tables 4 and
16) show that TimeMosaic achieves zero-shot performance
on par with representative TSFMs such as TimeMoe (Shi
et al. 2025), Moirai (Woo et al. 2024), Chronos (Ansari et al.
2024), TimesFM (Das et al. 2024), and Moment (Goswami
et al. 2024) while maintaining a moderate model size and in-
ference cost. This confirms that the architectural choices of
adaptive patch embedding and segment-wise decoding re-
main effective even at the foundation-model scale.

Efficiency Analysis. Appendix Table 15 reports forecast-
ing error and efficiency under the unified search protocol de-
scribed in Appendix Section I. For each dataset and model,
we first conduct hyperparameter search and select the con-
figuration that achieves the lowest validation error averaged
over MSE and MAE. We then measure parameter count,



TimeFilter
(2025b)

TimeMosaic
Ours

SimpleTM

Models (2025)

DUET
(2025b)

DLinear
(2023)

PatchTST
(2023)

TimeMixer
(2024)

iTransformer
(2024)

Metric MSE MAE MSE MAE MSE MAE

MSE

MAE

MSE MAE MSE MAE MSE MAE MSE MAE

ETTml
ETTm?2
ETThl
ETTh2

Weather

0.342 0.367
0.250 0.305
0.397 0.417
0.348 0.383
0.223 0.251

0.346 0.378
0.257 0.316
0.416 0.434
0.358 0.396
0.220 0.259

0.353 0.377
0.253 0.317
0.414 0.429
0.347 0.394
0.220 0.261

0.354
0.253
0.406
0.334
0.240

0.377
0.313
0.425
0.384
0.277

0.348 0.380
0.256 0.318
0.410 0.430
0.359 0.399
0.223 0.260

0.356 0.378
0.262 0.326
0.419 0.437
0.412 0.433
0.240 0.291

0.356 0.385
0.267 0.325
0.425 0.438
0.362 0.398
0.230 0.269

0.349 0.392
0.256 0.315
0416 0.428
0.349 0.392
0.229 0.265

Table 6: Results under the hyperparameter search setting described in Appendix Section I. The lookback window is selected
from {96, 192, 320,512}, and the best configuration is reported for each model. This setup ensures that the comparison reflects
each model’s optimal performance rather than a fixed setting constraint. As far as we know, we are the first open source

parameter search script. See details in Appendix Table 22.

Query Patch
Query Patch
Query Patch

iTransformer

SimpleTM PatchTST

Query Patch

Query Time-
Frequency Token
Query Token

—— ]

Key Time-
Frequency Token

Key Patch

Key Token

Figure 5: Attention Pattern Visualization Across Models.
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0.20f
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Figure 6: Sensitivity of multivariate forecasting performance
to look-back window size (MSE). We evaluate four models
across five input lengths (7" = 192) on Weather. See more
details in Appendix G.

inference latency, and GPU memory usage at this setting.
This protocol anchors every method at its best attainable
error level within the same search space and avoids biased
comparisons that could arise from deliberately changing hy-
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perparameters to influence efficiency. The results show that
TimeMosaic achieves competitive or leading error on all five
datasets, for example attaining the lowest MSE on ETTm2
and the lowest MAE on Weather, while keeping parame-
ter scale in the range of a few hundred thousand, which is
substantially smaller than SimpleTM or iTransformer. Al-
though its inference time is higher than that of extremely
lightweight models such as iTransformer, it remains within
a reasonable margin and consistently uses moderate mem-
ory. The slightly slower inference mainly arises from the
segment-wise step-by-step decoding design, and this behav-
ior is consistent with our experimental observations. Over-
all, TimeMosaic presents a balanced error—efficiency perfor-
mance, showing that its gains stem from architectural design
rather than hyperparameter tuning.

Visualization. Existing models differ in their attention
interaction schemes. PatchTST slices each variable into
temporal patches and applies self-attention across patches
within the same variable. iTransformer treats each variable
as a token and performs self-attention across channels. In
contrast, SimpleTM constructs time-frequency tokens via
wavelet transforms and enables joint attention across both
time and channels. Our TimeMosaic instead interacts pri-
marily through learnable prompt embeddings assigned to
different forecast segments, guiding the model to specialize
decoding over distinct temporal intervals in Figure 5.

5 Conclusion

We proposed TimeMosaic, a forecasting framework that
jointly addresses the dual challenges of encoding hetero-
geneity and decoding heterogeneity in multivariate time se-
ries. Through adaptive patch embedding, TimeMosaic dy-
namically adjusts granularity according to local informa-
tion density, ensuring both motif reuse and structural clarity
while maintaining temporal coherence. Complementarily,
segment-wise prompt tuning enables horizon-aware fore-
casting by treating different prediction segments as related
subtasks within a unified multi-task paradigm. Extensive ex-
periments verify that TimeMosaic achieves consistent im-
provements in forecasting accuracy and efficiency. In future
work, we will extend TimeMosaic to streaming scenarios
and investigate its potential for large-scale pretraining to-
wards time series foundation modeling.
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