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Abstract—Time series forecasting remains constrained by a
fundamental assumption: all samples within a dataset can be
effectively modeled by unified parameters. This assumption
becomes limiting when samples exhibit heterogeneous spec-
tral characteristics—trending series concentrate energy in low
frequencies while volatile signals show high-frequency domi-
nance. Existing methods typically apply dataset-level transfor-
mations, making it difficult to exploit sample-specific spectral
structure. We propose PRISM, a spectral mixture-of-experts
framework built around three complementary components. First,
data-driven expert construction derives band-specific orthog-
onal transformations from band-filtered training correlations,
enabling each expert to operate in a decorrelated feature space
tailored to a distinct spectral regime. Second, lightweight FFT-
based routing assigns samples according to multivariate spectral
energy distribution, achieving O(NTlogT) complexity while
remaining physically interpretable. Third, test-time calibration
refines the selected transformations through low-rank orthogonal
parameterization and a conservative self-supervised predictive-
consistency objective, requiring only O(7'r) parameters with r <
T. Experiments on standard long-term forecasting benchmarks
show that PRISM delivers strong and consistent performance
against recent baselines while maintaining interpretability and
modest computational overhead.

Index Terms—Time series forecasting, mixture of experts,
frequency domain, spectral analysis, test-time adaptation.

I. INTRODUCTION

Deep learning has transformed time series forecasting
through architectures ranging from Transformers [17], [22]
to linear models [1], [23], yet contemporary methods operate
under an implicit constraint: unified parameters must simul-
taneously model all samples. This assumption proves prob-
lematic when samples exhibit fundamentally different spectral
characteristics—traffic flow during rush hours displays sharp
high-frequency fluctuations while weekend patterns follow
smooth low-frequency trends. Forcing a single parameter set
to capture these heterogeneous behaviors yields suboptimal
compromise solutions.

Recent works have explored frequency-domain transforma-
tions. FEDformer [30] and FreTS [24] operate in Fourier
space, while OLinear [1] constructs orthogonal transforma-
tions from temporal correlation matrices. However, these ap-
proaches employ dataset-agnostic transformations, a single
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Fig. 1. Conceptual comparison between unified transformation approaches

and PRISM. (a) Existing methods apply dataset-agnostic transformations
(single matrix W) to all samples regardless of spectral characteristics. (b)
PRISM constructs band-specific experts {Wk}fz1 from training correlation
matrices, routes samples via FFT-based spectral energy analysis, and calibrates
selected transformations at test time through low-rank orthogonal updates
W, < Wy, exp(2) optimized via self-supervised objectives.

global basis for all samples, failing to leverage the spectral het-
erogeneity inherent in training distributions. The fundamental
question remains: can we construct specialized transformations
for different spectral regimes and route samples accordingly?

The Mixture of Experts (MoE) paradigm offers a natural
solution through specialized sub-networks [7], [29]. Yet direct
application to time series encounters critical obstacles. First,
the notion of expertise domains that naturally emerges in
language (scientific vs. colloquial text) lacks clear tempo-
ral analogs. Second, token-level routing mechanisms incur
O(NT?) complexity for length-7" sequences. Third, without
strong inductive biases, experts collapse to redundant repre-
sentations.

PRISM addresses these challenges by grounding expert spe-
cialization in spectral characteristics. The framework partitions
the frequency spectrum into non-overlapping bands, constructs
band-specific orthogonal transformations from band-filtered



training correlations, and routes each sample using FFT-
derived spectral energy ratios with O(NT logT) complexity.
This design gives expertise a physically interpretable meaning
(frequency bands), keeps routing lightweight, and encourages
non-redundant expert behavior through explicit spectral spe-
cialization.

Beyond training-time configuration, PRISM incorporates
test-time calibration inspired by recent advances in test-time
training [13], [34]. By parameterizing transformation refine-
ments as low-rank skew-symmetric matrices, the framework
adapts to individual test samples through a small number of
self-supervised optimization steps while preserving orthogo-
nality. This requires only O(7'r) parameters with rank r < T,
enabling sample-specific adaptation without labeled test data.

Figure 1 illustrates the conceptual distinction from existing
approaches. Traditional methods apply fixed transformations
regardless of spectral content, while PRISM selects band-
specialized experts and optionally refines their transformations
per sample. The contributions are: (1) an interpretable spectral
basis for expert partitioning in time series forecasting, (2) low-
rank orthogonality-preserving test-time calibration for sample-
specific refinement, and (3) empirical evidence that these com-
ponents provide strong performance and diagnosable expert
specialization.

II. RELATED WORK

A. Time Series Forecasting and Frequency Methods

Contemporary forecasting spans Transformer-based mod-
els (PatchTST [22], iTransformer [17]), linear models
(DLinear [23], RLinear [27], TiDE [28], FITS [19]), and
convolutional/state-space designs (TimesNet [25], SCINet
[31], Mamba [26]). Frequency-domain methods include FED-
former [30], FreTS [24], FiLM [15], FilterNet [9], and OLinear
[1], which constructs orthogonal transformations from cor-
relation matrices. Classical spectral tools—Fourier analysis
[43], wavelets [44], and filter banks [45]—underpin many
of these approaches. Foundation models such as TimesFM
[12], Moirai [11], and Chronos [21] leverage large-scale pre-
training. All these methods apply unified parameters across
samples, whereas PRISM specializes experts to spectral
regimes.

B. Mixture of Experts for Time Series

Switch Transformer [29] and DeepSeek-MoE [7] demon-
strate expert specialization in language; Mixtral [37] and Soft
MoE [10] further refine routing and aggregation strategies. For
time series, TimeMOoE [8] partitions temporally, FreqMoE [2]
decomposes by frequency bands, Ada-MoGE [3] uses adaptive
Gaussian experts, MoGU [4] routes by uncertainty, Time-
MoE [38] scales to billion-parameter models, and MoHETS
[39] employs heterogeneous experts. Unlike these approaches,
PRISM grounds expert construction in band-specific orthog-
onal bases derived from spectral correlation structure.

C. Test-Time Adaptation

Test-time training [34] updates parameters during inference
using self-supervised objectives. TENT [32] adapts via entropy
minimization, NOTE [40] employs instance-aware normaliza-
tion, and EATA [14] introduces entropy-based filtering. For
time series, TimeMAE [41] and SIimMTM [42] apply masked
reconstruction during inference, ST-TTT [5] proposes spec-
tral calibrators, and Learning with Calibration [6] introduces
frequency-domain calibration. Low-rank efficient parameter-
ization via LoRA [33] and extensions [16] inspires our ap-
proach. PRISM differs by constraining calibration updates to
lie on the orthogonal manifold via skew-symmetric generators.

III. METHOD

As shown in Figure 2, PRISM addresses spectral hetero-
geneity through three principled innovations: band-specific
expert construction, spectral routing, and sample-specific cal-
ibration.

A. Problem Formulation and Motivation

Consider a multivariate time series forecasting task where
the input sequence X € RV*T contains N variates over T
timesteps, and the objective is to predict the future 7 steps
Y € RV*", Traditional approaches employ unified parameters
f to minimize:

M
0* = argmgmM;ﬁ(fe(Xi),Yi) (D

where £ denotes the loss function and M represents the
number of training samples.

This paradigm suffers from a critical limitation: samples
with distinct spectral distributions P;(w) require fundamen-
tally different optimal parameters 6;, yet unified training
produces a compromise solution 6* that may perform sub-
optimally across the distribution. The proposed framework
addresses this by decomposing the problem into frequency-
domain expert specialization.

B. Spectral Expert Construction

a) Frequency Band Partitioning: The frequency space
is partitioned into K non-overlapping bands {€i,...,Qx}
based on the training data’s spectral characteristics. For each
training sample X; € RV*T we compute an FFT indepen-
dently for each variate and aggregate the one-sided spectral
energy across all N variables:

N
Pi(wn) =Y |Finlwn)l®, m=0,....[T/2), @
n=1

where F; ,,(wp,) denotes the discrete Fourier coefficient of the
n-th variate at frequency bin w,,. The average spectrum over
all M training samples is

_ 1 M
Plwm) = 77 ZPi(wm). 3)
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Fig. 2. The overall architecture of PRISM. Stage 1 involves training expert-specific orthogonal transformations through spectral analysis and frequency
partitioning. Stage 2 performs inference using lightweight spectral routing and test-time calibration via low-rank orthogonal updates.

We apply K-means++ to the one-sided frequency bins,
weighted by P(w,,), and sort the resulting clusters by center
frequency to obtain contiguous bands. DC and Nyquist bins
(when T is even) are assigned to exactly one band. No extra
windowing or zero-padding is applied because all lookback
windows have fixed length 7T'.

b) Expert-Specific Transformations: Each expert k com-
prises two components: a frequency-adaptive orthogonal trans-
formation Q;, € RT*T and a specialized predictor network fy,.
Band filtering proceeds as follows: for each training sample,
the one-sided FFT bins belonging to {2, are retained, the cor-
responding conjugate bins are mirrored to preserve Hermitian
symmetry, and all remaining bins are zeroed; an inverse FFT
then yields a real-valued band-filtered signal ng) € RVXT,
The expert-specific temporal correlation matrix is constructed
by averaging over all M training samples and all N variates:

“4)

1 M N
G gy R

where igkn) € R” is the band-filtered trajectory of variate

n. We symmetrize Cj, < (Cj + C[)/2 numerically before
eigendecomposition to eliminate floating-point asymmetry:

Cr = QuALQy. 5)
Eigenvectors are sorted by descending eigenvalue magnitude.
The orthogonal matrix Qj serves as the expert’s transfor-

mation basis, decorrelating temporal dependencies within its
frequency band.

C. Lightweight Spectral Routing Mechanism

The routing mechanism assigns samples to experts using
the same multivariate spectral representation. Given input X,
we compute F = FFT(X) € CV*T once with complexity
O(NTlogT). Let By, denote the one-sided FFT bins belong-
ing to band . The normalized energy in each band is

Y s Somet [Fn(wim)[?
S SN | Fa(wm)?

Routing weights are obtained via temperature-scaled softmax:

K.

ep = (6)

geeey

exp(er/T)
Yois, exp(e; /)

where 7 is a learnable temperature parameter. This design
avoids the computational overhead of neural routers while
retaining an explicit link between spectral content and expert
selection.

(7

D. Test-Time Calibration

Test-time calibration adapts expert transformations to in-
dividual samples through efficient low-rank parameterization
(Figure 3). Rather than directly optimizing Q; € RT*T with
O(T?) parameters, we construct skew-symmetric matrices A
from low-rank factors Uy, V;, € RT*" (typically r = 16),
whose matrix exponential generates orthogonality-preserving
rotations.

a) Motivation: While Qj captures global statistics of
frequency band €2, individual test samples may deviate from
training statistics due to distribution shift or local nonsta-
tionarity. A lightweight calibration mechanism adapts expert
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Fig. 3. Technical details of test-time calibration via low-rank orthogo-
nal parameterization. (a) Skew-symmetric construction ensures orthogonality
preservation: low-rank matrices Uy, Vi, € RT*” form A}, whose matrix
exponential generates rotation exp(eAy). (b) Optimization loop: test sample
Xiest is transformed by pre-trained Qj and calibrated Qp, a predictive-
consistency loss (Eq. 9) regularizes the update, and 3-5 gradient steps refine
{Ug, V. } with O(T'r) parameters per expert.

transformations during inference without requiring labeled
data.

b) Low-Rank Orthogonal Calibration: Direct optimiza-
tion of Q. € RT*T is prohibitive due to O(T?) degrees
of freedom. Instead, a small-angle rotation is applied via the
matrix exponential:

Q1 = Q. exp(eAy) ¥

where € < 1 and Ay, is skew-symmetric to preserve orthog-
onality. The skew-symmetric matrix is parameterized in low-
rank form:

A, =U, V] -V, U], Ui Vi eR*" 9)
with rank r < T (typically r = 16).

c) Online Optimization: For a test sample X, the cal-
ibration parameters {Uy, Vk}ff:l are optimized via gradient
descent. The objective combines a predictive consistency term
with regularization:

K
min E ag HYk — Y?hb
{Uk,Vir}

k=1

2 K
IR SN VATS
k=1

(10)
where Y and Y denote predictions from pre-trained
and calibrated experts respectively. The first term acts as a
trust-region constraint in prediction space: absent target labels,
calibration makes conservative, sample-specific refinements
rather than inducing large forecast drift. The ¢5 penalty limits
update magnitude so that Q). remains close to Q. In prac-
tice, 3-5 steps suffice, and calibration can be disabled when
inference latency is the primary concern.
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Fig. 4. Test-time calibration mechanism. Given a test sample, its spectral
characteristics guide low-rank adjustments to expert transformations. The
calibration optimizes Equation 10 for 3-5 steps, enabling sample-specific
adaptation. Calibrated transformations Qj replace original Qj during in-
ference, improving prediction accuracy with minimal computational cost.

E. Computational Complexity Analysis

The proposed framework exhibits favorable computational
characteristics:
o Routing: O(NTlogT) for FFT + O(K) for weight
computation
« Expert transformation: K x O(NT?) for applying the
orthogonal bases, parallelizable across experts
o Test-time calibration: O(KT'r-I) where I is the number
of calibration iterations
Total complexity is O(NTlogT + KNT? + KTrI). With
small K (e.g., K = 3), low rank r, and optional calibration,
the added cost remains modest relative to heavier Transformer-
style forecasters while preserving interpretability.

IV. EXPERIMENTS
A. Experimental Setup

Datasets. Seven benchmarks: ETThl, ETTh2, ETTml,
ETTm?2, Weather, Electricity, Traffic. ETT datasets use
12/4/4 months train/validation/test splits [1], [22]; others
use default splits. Lookback: 96 or 336; horizons H &€
{96,192, 336, 720}.

Baselines. We compare against linear models (DLinear
[23], RLinear [27], FITS [19], OLinear [1]), Transform-
ers (PatchTST [22], iTransformer [17]), frequency methods
(FEDformer [30], FreTS [24], Fredformer [20], FilterNet [9],
Leddam [36]), MoE models (FreqMoE [2], TimeMoE [8]),
and TimeMixer++ [18].

Implementation. K = 3 experts from eigendecomposition
of band-specific correlation matrices. Bands via K-means++
on frequency bins weighted by spectral energy. Test-time
calibration: rank-16, 5 steps, learning rate 10~3. Training:
50 epochs, Adam (102 — 1075 cosine), batch 32, hidden
dim 512, RevIN [35]. Early stop after 10 epochs without
improvement. A100 GPUs, 5 seeds.

B. Main Results

Table I presents forecasting results across seven datasets
and four prediction horizons. We compare PRISM against



TABLE I
FULL RESULTS FOR LONG-TERM FORECASTING. PREDICTION LENGTHS € {96, 192,336, 720}. RESULTS ARE MEAN OVER 5 SEEDS (STD € [0.002,
0.006]). RED BOLD: BEST; BLUE UNDERLINE: SECOND BEST.

Models TimeMoE

(2025)

TimeMixer++
(2025)

PRISM OLinear | FreqMoE
(Ours) (2025) (2025)

FilterNet
(2024)

Fredformer
(2024)

Leddam
(2024)

iTransformer| PatchTST FITS
(2024) (2023) (2024)

Data| H |[MSE MAE|MSE MAE|MSE MAE|MSE MAE

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

MAE |MSE MAE|MSE MAE|

96
192
336
720

0.358 0.380
0.399 0.410
0.420 0.428
0.441 0.453

0.360 0.382
0.416 0414
0.457 0.438
0.463 0.462

0.363 0.385
0.405 0.416
0.424 0431
0.448 0.452

0.361
0.416
0.430
0.467

0.368 0.391
0.421 0.423
0.445 0.441
0.472 0.468

ETTh1

0.373 0.392
0.433 0.420
0.470 0.437
0.467 0.456

0.377 0.394
0.424 0.422
0.459 0.442
0.463 0.459

0.382 0.402
0.430 0.429
0.472 0.451
0.481 0.473

0.386
0.441
0.487
0.503 0.491

0.405
0.436
0.458

0.414 0.419
0.460 0.445
0.501 0.466
0.500 0.488

0.385 0.394
0.434 0.422
0.476 0.444
0.465 0.462

96
192
336
720

0.283 0.329
0.358 0.380
0.407 0.414
0.413 0.432

0.284 0.329
0.360 0.379
0.409 0.415
0.415 0.431

0.280 0.331
0.354 0.381
0.382 0.406
0.406 0.433

0.276
0.342
0.346
0.392

0.285 0.335
0.361 0.385
0.395 0.418
0.418 0.441

ETTh2

0.293 0.342
0.371 0.389
0.382 0.409
0.415 0.434

0.292 0.343
0.367 0.389
0.412 0.424
0.419 0.438

0.293 0.343
0.374 0.396
0.417 0.430
0.449 0.460

0.297 0.349
0.380 0.400
0.428 0.432
0.427 0.445

0.292 0.342
0.387 0.400
0.426 0.433
0.431 0.446

0.274 0.337
0.351 0.383
0.375 0.411
0.402 0.438

96
192
336
720

0.283 0.333
0.321 0.361
0.359 0.379
0.420 0.415

0.302 0.334
0.357 0.363
0.387 0.385
0.452 0.426

0.288 0.337
0.328 0.362
0.365 0.381
0.427 0.418

0.310
0.348
0.376
0.440

0.305 0.343
0.349 0.372
0.378 0.393
0.443 0.431

ETTm1

0.326 0.361
0.363 0.380
0.395 0.403
0.453 0.438

0.319 0.359
0.369 0.383
0.394 0.402
0.460 0.442

0.321 0.361
0.367 0.387
0.401 0.409
0.477 0.448

0.334
0.377
0.426
0.491

0.329 0.367
0.367 0.385
0.399 0.410
0.454 0.439

0.353 0.375
0.486 0.445
0.531 0.475
0.600 0.513

96
192
336
720

0.163 0.244
0.218 0.286
0.268 0.324
0.358 0.383

0.169 0.249
0.232 0.290
0.291 0.328
0.389 0.387

0.166 0.247
0.223 0.291
0.273 0.326
0.362 0.385

0.170
0.229
0.303
0.373

0.172 0.253
0.231 0.296
0.285 0.332
0.378 0.391

ETTm2

0.177 0.259
0.243 0.301
0.302 0.340
0.397 0.396

0.176 0.257
0.243 0.303
0.303 0.341
0.400 0.398

0.175 0.258
0.240 0.301
0.311 0.347
0.414 0.405

0.180 0.264
0.250 0.309
0.311 0.348
0.412 0.407

0.175 0.259
0.241 0.302
0.305 0.343
0.402 0.400

0.182 0.266
0.253 0.312
0.313 0.349
0.356 0.382

96
192
336
720

0.144 0.187
0.186 0.234
0.236 0.264
0.311 0.329

0.153 0.190
0.200 0.235
0.258 0.280
0.337 0.333

0.148 0.189
0.191 0.237
0.242 0.269

0.155
0.201
0.237
0.312

0.157 0.198
0.198 0.243
0.249 0.278
0.328 0.339

‘Weather

0.163 0.207
0.211 0.251
0.267 0.292
0.343 0.341

0.156 0.202
0.207 0.250
0.262 0.291
0.343 0.343

0.162 0.207
0.210 0.250
0.265 0.290
0.342 0.340

0.174
0.221
0.278
0.358

0.214
0.254
0.296
0.349

0.177 0.218
0.225 0.259
0.278 0.297
0.354 0.348

0.196 0.236
0.240 0.271
0.292 0.307
0.365 0.354

96
192
336
720

0.127 0.218
0.144 0.232
0.158 0.248
0.192 0.280

0.131 0.221
0.150 0.238
0.165 0.254
0.191 0.279

0.130 0.223
0.148 0.235
0.162 0.251
0.194 0.282

0.135
0.147
0.164
0.212

0.138 0.231
0.155 0.246
0.170 0.262
0.205 0.296

ECL

0.147 0.241
0.165 0.258
0.177 0.273
0.213 0.304

0.141 0.235
0.159 0.252
0.173 0.268
0.201 0.295

0.147 0.245
0.160 0.250
0.173 0.267
0.210 0.309

0.148
0.162
0.178
0.225

0.240
0.253
0.269
0.317

0.161 0.250
0.199 0.289
0.215 0.305
0.256 0.337

0.198 0.274
0.363 0.422
0.444 0.490
0.532 0.551

96
192
336
720

0.365 0.252
0.380 0.255
0.396 0.262
0.428 0.281

0.398 0.226
0.439 0.241
0.464 0.250
0.502 0.270

0.369 0.256
0.384 0.259
0.401 0.265
0.433 0.285

0.392
0.402
0.428
0.441

0.385 0.261
0.398 0.268
0.418 0.275
0.458 0.295

Traffic

0.406 0.277
0.426 0.290
0.437 0.292
0.462 0.305

0.426 0.276
0.458 0.289
0.486 0.297
0.498 0.313

0.430 0.294
0.452 0.307
0.470 0.316
0.498 0.323

0.395
0.417
0.433
0.467

0.268
0.276
0.283
0.302

0.446 0.283
0.540 0.354
0.551 0.358
0.586 0.375

0.601 0.361
0.603 0.365
0.609 0.366
0.648 0.387

eleven competitive baselines including two MoE methods
(FreqMoE, TimeMoE). PRISM attains the best MSE on most
ETThl, ETTml, ETTm?2, Weather, ECL, and Traffic settings,
while remaining competitive on ETTh2 where TimeMixer++ is
strongest. The gains over the MoE baselines suggest that com-
bining orthogonal decorrelation with spectral routing yields
a useful inductive bias, though the advantage is dataset-
dependent rather than uniform across all settings.

TABLE 11
COMPARISON OF TEST-TIME ADAPTATION STRATEGIES ON ETTH1 AND
ETTMI1. TENT APPLIES ENTROPY MINIMIZATION TO PRISM’S
PREDICTION LAYER. OLINEAR+TENT APPLIES TENT TO OLINEAR.
RESULTS AVERAGED OVER 5 SEEDS WITH STD IN PARENTHESES.

ETThl (MSE) ETTml (MSE)
Method H=96 H=336 H=96 H=336
OLinear 0.360.003) 0.457(.004) | 0.302.003) 0.387(.004)
OLinear+TENT | 0.361004) 0.459(.005)|0.304(.004) 0.389(.005)
FreqMoE 0.363(.003) 0.424.004) | 0.288(.003) 0.365(.004)
FreqMoE+TENT | 0.364(.004) 0.426(.005) | 0.290(.004) 0.367(.005)
PRISM w/o Calib|0.362.003) 0.425¢.004) | 0.287(.003) 0.364(.004)
PRISM+TENT 0.360.004) 0.423(.005) | 0.286(.004) 0.362(.005)
PRISM (Full) 0.358(.003) 0.420(.004) | 0.283(.003) 0.359(.003)

Table II compares PRISM’s calibration against TENT-style
entropy minimization applied to both PRISM and baselines.
TENT provides negligible or slightly negative impact on
OLinear and FreqMoE, likely because entropy minimization

on predictions lacks the structural constraint of our orthogonal
parameterization. PRISM’s low-rank calibration consistently
outperforms TENT variants, with statistically significant im-
provements (paired t-test, p < 0.05).

C. Ablation Studies

Table III examines component contributions on ETTh1 and
ETTm1 across all prediction horizons. Removing test-time
calibration consistently degrades performance, with average
MSE increases of 1.2% on ETThl and 1.5% on ETTml
(improvements significant at p < 0.05, paired t-test over
5 seeds), indicating that sample-specific adaptation provides
a measurable benefit across different horizons. Replacing
spectral routing with random expert assignment increases error
by 3.3-4.0%, demonstrating that the gains are not explained
by multi-expert capacity alone. Using a single expert (K =
1) yields performance close to OLinear, as expected since
single-expert PRISM approximates an orthogonal single-basis
baseline. These trends support the contribution of routing,
multi-expert specialization, and calibration, while motivating
stronger controls reported next.

D. Band Partitioning and Capacity-Matched Controls

Two natural questions arise: whether data-driven band par-
titioning is necessary, and whether the gains can be attributed
merely to additional parameters. Table IV addresses both



TABLE III
ABLATION STUDY ON ETTHI1 AND ETTM1 ACROSS ALL FORECAST HORIZONS. RESULTS: MEAN(s1D) OVER 5 SEEDS.

ETThl (MSE)

ETTml (MSE)

Configuration 96 192 336 720 96 192 336 720

PRISM (Full) 358003 3990003 4200004  44Lco0e) | 283003y 321003 359003 4200004

w/o Calibration | .362003 .404c00e 4250004 .4460005) | 287003y 326000 364004 426004

w/o Routing 370004 412004 4350005y  458c005) | 29400e  334c00s  .373c00n 4370005

Single Expert 3600003 416000  45Tc00ey  463c005) | 3020005  357co0s 38700 452005
through fixed-band controls and parameter-matched baselines. TABLE V

Fixed equal-width and log-spaced bands retain most of the
benefit, indicating that the design is not dependent on a specific
clustering heuristic; K-means partitioning provides a consistent
additional improvement by aligning boundaries with dataset-
specific spectral structure. Capacity-matched single-expert and
routing-agnostic multi-expert controls remain weaker than full
PRISM, supporting that the improvement is not explained by
parameter count alone.

TABLE IV
BAND-PARTITION AND CAPACITY-MATCHED CONTROLS ON ETTH1 AND
ETTMI.

‘ ETThl (MSE) ‘ ETTml1 (MSE)

Method H=96 H=336 | H=96 H=336
Equal-width bands 0.362 0.426 | 0.287 0.365
Log-spaced bands 0.361 0.425 | 0.286 0.364
K-means bands (ours) 0.358 0.420 | 0.283 0.359
Single expert (matched) | 0.363 0.432 | 0.289  0.369
Uniform routing 0.362 0.428 | 0.287 0.365
Random routing 0.371 0.436 | 0.295 0.375
PRISM (Full) 0.358 0.420 | 0.283 0.359

E. Sensitivity Analysis and Calibration Study

We examine sensitivity to key hyperparameters on ETThl
(H=96). For the number of experts: K = 2 yields 0.361,
K = 3 yields 0.358, K = 4 yields 0.359, and K = 5 yields
0.360—performance plateaus at K = 3. Table V provides a
detailed calibration analysis. Increasing the rank improves per-
formance up to r = 16, after which returns saturate. A small
number of update steps suffices: 3-5 steps work best, while
10 steps returns to 0.360/0.285 on ETTh1/ETTml, indicating
that over-optimization degrades the conservative refinement
behavior. The learning rate exhibits similar sensitivity: 1074
under-adapts (0.361), 10~3 (default) works best, and 102
causes instability (0.365). Among the tested self-supervised
objectives, predictive consistency outperforms entropy mini-
mization and reconstruction loss. Intuitively, predictive consis-
tency acts as a trust-region constraint: it permits adaptation that
improves the output while preventing drift from the pre-trained
expert’s behavior, analogous to proximal policy optimization
in reinforcement learning.

Under distribution shift (training months 1-8, testing
months 9-12 with different seasonal patterns), PRISM with
calibration achieves 0.372 MSE vs. 0.381 without calibration
(2.4% improvement), compared to 1.1% under i.i.d. condi-

CALIBRATION STABILITY ANALYSIS ON ETTH1 (H=96) AND ETTM1
(H=96). RESULTS REPORT MSE UNDER DIFFERENT CALIBRATION STEPS,
RANKS, AND SELF-SUPERVISED OBJECTIVES.

Setting | ETTh1 ETTml
No calibration (0 step) | 0.362  0.287
1 step 0.360  0.285
3 steps 0.3585 0.2835
5 steps 0.358  0.283
10 steps 0.360  0.285
r=4 0362 0.287
r=38 0.360  0.285
r =16 0.358  0.283
r =32 0.358  0.2835
Entropy minimization | 0.360  0.286
Reconstruction loss 0.363  0.289
Predictive consistency | 0.358  0.283

tions, confirming that calibration is most helpful when the test
sample deviates from training statistics.

Deployment considerations. Calibration adds 2.1-3.8ms per
sample (Table VII), corresponding to 3-5 gradient steps on
the low-rank factors. In latency-sensitive settings, calibration
is optional: the uncalibrated model remains competitive (Ta-
ble III). When enabled, calibration provides an accuracy—
latency trade-off that is most valuable under distribution shift.
For high-throughput pipelines, calibration can be applied se-
lectively to samples flagged as out-of-distribution by a spectral
energy threshold.

F. Routing Mechanism Visualization and Utilization

Figure 5 validates that PRISM’s spectral routing matches
samples to frequency-specialized experts on ETThI.

The left panel reveals natural spectral stratification: samples
0-100 concentrate energy in low-frequency bins, samples 100—
200 in mid-frequency, and samples 200-299 in high-frequency
bands. The right panel confirms that routing weights align with
these regimes without collapsing to a single expert. Table VI
quantifies utilization across datasets: every expert receives
non-trivial traffic, and the load pattern varies meaningfully—
Weather emphasizes the low-frequency expert while Traffic
allocates more to the high-frequency expert, matching their
dominant spectral content. Routing entropy remains high
(0.85-0.90), indicating no expert collapse.

To further verify expert specialization, we decompose test
predictions into frequency bands and compute band-specific
MSE. On ETThl, the low-, mid-, and high-frequency experts
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Fig. 5. Spectral routing visualization on ETTh1. (a) Training samples
exhibit spectral stratification into low-, mid-, and high-frequency regimes (sep-
arated by red lines). White dashed lines delineate band boundaries. (b) Test-
time routing weights show strong correspondence: Expert 1-3 are primarily
associated with low-, mid-, and high-frequency regimes, respectively.

TABLE VI
ROUTING UTILIZATION STATISTICS. TOP-1 LOAD DENOTES THE FRACTION
OF TEST SAMPLES FOR WHICH AN EXPERT RECEIVES THE LARGEST
ROUTING WEIGHT.

Dataset ‘ El top-1 load E2 top-1 load E3 top-1 load ‘ Entropy

ETThl 0.360 0.320 0.280 0.895
‘Weather 0.405 0.285 0.255 0.850
Traffic 0.275 0.315 0.375 0.865

each perform best on their corresponding spectral components
relative to a single-expert baseline (component-wise gains: low
12%, mid 9%, high 15%), indicating targeted specialization
rather than redundant representations.

G. Computational Efficiency

Table VII quantifies overhead. PRISM increases training
time by 12-18% over OLinear and inference by 6-10%.
Test-time calibration adds 2.1-3.8ms per sample depending
on sequence length. Memory grows linearly with K = 3
experts (2.8x single-expert parameters), remaining practical
for modern hardware and substantially below Transformer
baselines.

TABLE VII
COMPUTATIONAL EFFICIENCY COMPARISON ON ETTHI1. TRAINING TIME
PER EPOCH, INFERENCE TIME PER BATCH (BATCH=32), AND
CALIBRATION TIME PER SAMPLE.

Method | Train (s) Infer (ms) Calib (ms) | Params (M)
OLinear 42 12.3 - 0.52
FreqMoE 5.8 18.7 - 141
TimeMoE 6.1 214 - 1.68
iTransformer 8.9 45.2 - 5.12
PatchTST 7.6 38.1 - 4.23
PRISM w/o Calib 4.8 13.1 - 1.46
PRISM (Full) 4.8 13.4 2.8 1.46

V. CONCLUSION

This work identifies spectral heterogeneity as a useful axis
for expert partitioning in time series forecasting. PRISM
combines data-driven frequency-band-specific experts, FFT-
based routing, and low-rank orthogonality-preserving test-time

calibration in a single interpretable framework. Experiments
show strong performance across standard benchmarks, with
consistent gains over several recent MoE and test-time adap-
tation baselines. Additional analyses indicate that the method
benefits from data-driven band construction, avoids expert
collapse in routing, and gains robustness from conservative
sample-specific calibration. At the same time, the current
design still relies on fixed global bands and introduces optional
inference-time overhead when calibration is enabled. Future
directions include adaptive local band partitioning, stronger
nonstationary evaluation, and theoretical analysis of expert
specialization.
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