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ABSTRACT

We propose WaveLSFormer, a learnable wavelet Transformer for intraday long-
short trading. A trainable filter bank produces low/high-frequency components
and a low-guided high-frequency injection module fuses them stably. The model
outputs risk-budgeted positions and is trained with a trading-aware objective com-
bining soft-label supervision with ROI and Sharpe oriented regularization. On
five years of hourly U.S. equity data across six industries and ten seeds, WaveLS-
Former improves both ROI and Sharpe over matched MLP/LSTM/Transformer
baselines.

Track: Research Track

1 INTRODUCTION

Financial time series are noisy, non-stationary, and heavy-tailed, and profitable structure may only
emerge at particular temporal scales. With large historical datasets, deep learning has become a
standard tool for modeling nonlinear market dependencies Kohzadi et al. (1996); Ozbayoglu et al.
(2020); Zhang et al. (2024a); Giantsidi & Tarantola (2025); Li et al. (2025). A persistent obstacle
is objective mismatch: many pipelines optimize point-wise forecasting losses (e.g., MSE/MAE),
whereas trading performance is determined by sequential position decisions and risk exposure, so
predictive accuracy does not necessarily translate into robust out-of-sample returns Krauss et al.
(2017). Moreover, assets within the same segment co-move and exhibit lead–lag effects, motivating
group-level modeling rather than treating each series in isolation Ozbayoglu et al. (2020); Giantsidi
& Tarantola (2025).

Wavelet transforms provide a natural multi-scale decomposition and have been widely used as fixed
preprocessing for financial forecasting Peng et al. (2021); Rao et al. (2022); Zhang et al. (2024b);
Ziółkowski (2025); Wu et al. (2025). In parallel, Transformers have become a dominant architecture
for sequential modeling like natural language processing Li et al. (2026), and wavelet–Transformer
hybrids combine multi-scale inputs with attention for improved forecasting Vaswani et al. (2017);
Zhou et al. (2021); Sasal et al. (2022); Wei et al. (2025); Ping et al. (2025). For trading, two limi-
tations remain: many hybrids rely on fixed wavelets and evaluate mainly under forecasting metrics,
and cross-frequency fusion is often handled implicitly, allowing unstable high-frequency compo-
nents to dominate learning under market noise.

To address these gaps, we propose WaveLSFormer, an end-to-end intraday trading policy that out-
puts continuous long/short positions for a group of related assets. WaveLSFormer couples a learn-
able wavelet front-end with a Transformer backbone: the filter bank is optimized jointly with a
trading-aware objective to learn task-adaptive frequency bands, and we introduce low-guided high-
frequency injection (LGHI) that computes attention from the low-frequency branch and injects
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high-frequency cues through a gated residual pathway for stable fusion. Predicted positions are
rescaled to satisfy a fixed risk budget, aligning learning with practical portfolio construction.

1) We introduce WaveLSFormer, replacing fixed wavelet preprocessing with an end-to-end
learnable wavelet filter bank coupled with a Transformer backbone for intraday long/short
trading.

2) We propose stable cross-frequency fusion via LGHI with gated residual control, and inte-
grate risk-budget rescaling to produce practical long/short positions.

3) On five years of hourly U.S. equity data (29.10.2020–29.10.2025) across six industries and
ten random seeds, WaveLSFormer improves overall ROI from 0.225 ± 0.056 to 0.607 ±
0.045 and Sharpe from 1.024± 0.122 to 2.157± 0.166.

2 PROBLEM FORMULATION

At hour t, the policy observes a rolling window of multi-asset log returns Xt ∈ Rd×L and outputs
a long/short position for a target asset j⋆. We compute a raw logit pt = fθ(Xt−1) and map it to
wt = tanh(pt/2) ∈ [−1, 1]. A fixed validation-calibrated scaling w̃t = h(wt) enforces a constant
risk budget (Appendix A.4.2). The gross return is Rt = 1 + w̃t(exp(ℓj⋆,t) − 1) and the ROI
over horizon T is ROIT = exp

(∑
t∈T logRt

)
− 1. We also report a Sharpe-style score on Rt

(Appendix A.4).

3 ARCHITECTURE

WaveLSFormer combines a learnable wavelet front-end with a standard Transformer. It decomposes
prices into low-frequency trends and high-frequency residuals, fuses them, and feeds a Transformer
encoder for position prediction. We therefore detail the front-end-filter parameterization, regulariza-
tion, and cross-frequency integration that injects high-frequency cues into the low-frequency path.

3.1 NEURAL WAVELET FILTERS

As widely known, financial data contains a low info-noise ratio that causes the training process to
always be misled by high-frequency noise gradient. To deal with this issue, we implement neural
wavelet blocks as roles of low-pass and high-pass filters to re-balance the proportion of input info and
noise. Low/high-pass filters are learnable 1D FIR convolution kernels. We regularize their spectra.
We regularize the learned filter bank in the frequency domain to encourage complementary low/high
responses and reduce band overlap. Implementation details are deferred to Appendix A.5.1.

3.1.1 LOW-GUIDED HIGH-FREQUENCY INJECTION

To fuse low-frequency and high-frequency information while maintaining training stability, we in-
troduce a low-guided high-frequency injection (LGHI) module. Let L ∈ RT×d denote the low-
frequency representations and H ∈ RT×d the corresponding high-frequency representations. Dif-
ferent from standard cross-attention, where Q comes from one sequence and K,V come from the
other, we compute the attention map only from the low-frequency branch and use it to inject high-
frequency values. Concretely, we define

A(L) = softmax

(
(LWQ)(LWK)⊤√

dk

)
,

Z(L,H) = A(L) (HWV )WO,

where WQ,WK ∈ Rd×dk and WV ∈ Rd×dv are projection matrices and WO is the output projec-
tion. The final fused representation is given by a gated residual injection:

Y = L+ β Z(L,H), β = σ(γ), (1)

where γ is a learnable scalar controlling the overall scale of the injected high-frequency residual.
This design encourages the model to preserve the stable low-frequency backbone while selectively
incorporating high-frequency cues, because the attention weights are determined by L and are there-
fore less sensitive to noisy high-frequency fluctuations.
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4 TRAINING DESIGN

Training choices, such as loss, optimizer, and learning-rate schedule, strongly influence trading out-
comes. Because convenient objectives may misalign with deployment metrics, low training loss can
still generalize poorly. We therefore present: (i) a differentiable surrogate objective, (ii) a stabilized
optimization setup for heavy-tailed financial noise, and (iii) validation/checkpoint selection based
on trading performance.

4.1 LOSS FUNCTION DESIGN

We train WaveLSFormer to output continuous long/short positions while aligning optimization with
realized return and risk (details in Appendix A.7).

4.2 TRADING-AWARE OBJECTIVE

We use a soft-label position loss to avoid overly sharp supervision when returns are near zero. Let
Pt = σ(pt) and set the probabilistic target yt = σ(k ℓj⋆,t) with a fixed calibration constant k > 0.
The per-step loss is

Ltrade(t) = −yt logPt − (1− yt) log(1− Pt). (2)

4.3 RETURN AND RISK REGULARIZATION

To discourage unrealistic overfitting with extremely large training returns, we impose a soft cap on
batch-level ROI. For a mini-batch B spanning HB steps, define

LB =
∑
t∈B

ℓj⋆,t, RB = exp(LB)− 1. (3)

With an annual cap Rmax
ann and Hyear steps per year, we set the batch threshold

TB = (1 +Rmax
ann )

HB/Hyear − 1, (4)
and use a one-sided quadratic penalty

Lpenalty = λroi

[
max(RB − TB, 0)

]2
. (5)

We further encourage risk-adjusted return with a differentiable Sharpe-style regularizer computed
over the mini-batch,

Lsharpe = exp

(
−α ·min

( 3√
K

,
E[Rp]

σ(Rp) + ε

))
, (6)

where K is the annualization factor in Equation 12, α > 0 controls strength, and ε stabilizes training.

4.3.1 NEURAL WAVELET LOSS

The neural wavelet loss is a weighted sum
Lwavelet = λspec

(
Llow + Lhigh

)
+ Loverlap + Lparseval + Lratio,

and the overall training objective is
Ltrain = Ltrade + Lpenalty + Lsharpe + Lwavelet. (7)

see Appendix A.7.4 for formulae. In experiments, we select checkpoints based on the best ROI as
shown in Appendix A.7.7

5 EXPERIMENT

5.1 EXPERIMENT SETUP

5.1.1 DATA SPLIT, LEAKAGE PREVENTION, AND MODEL SELECTION

We use five years of hourly U.S. equity data (29.10.2020–29.10.2025) with a temporal
70%/10%/20% train/val/test split (5292/756/1512 hours). Hyperparameters are manually tuned due
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Table 1: Overall average performance and model complexity of all backbones with and without
the wavelet front-end. Numbers are averaged over 6 industry groups and 10 random seeds. Model
complexity is reported as parameter count and FLOPs per forward pass. Best ROI and Sharpe are in
bold, second best are underlined.

Model Params (M) FLOPs (G) Avg. ROI Avg. Sharpe

MLP 8.146 3.468 0.075±0.023 0.813±0.311
MLP + Wavelet 8.151 10.412 0.165±0.045 1.079±0.139
LSTM 12.538 492.614 0.191±0.029 1.656±0.495
LSTM + Wavelet 13.298 530.862 0.317±0.049 1.879±0.221
Transformer 15.928 665.921 0.225±0.056 1.024±0.122
WaveLSformer (ours) 15.943 659.742 0.607±0.045 2.157±0.166

to limited resources. To prevent leakage, all preprocessing is fit on the training period only, includ-
ing ARR-based industry selection, DTW similarity filtering, and Granger-causality filtering with
BH-FDR correction; all models share the resulting per-industry datasets. After forming industry-
level asset groups, we compare WaveLSFormer with LSTM and MLP baselines. Unless noted,
WaveLSFormer uses dmodel = 512, dff = 1024, nheads = 128, input length 96, 6 encoder layers
and a 128-dim time2vec embedding. Transformer variants use ProbSparse attention with distillation
for efficiency. We train each model for 80 epochs over 10 seeds (batch 256, lr 10−5) with a two-
phase wavelet schedule: 30 epochs to stabilize learnable filters under spectral regularization, then
checkpoint selection by validation trading metrics. For each seed, we select the phase-2 checkpoint
with the highest validation ROI and evaluate on the test set, reporting mean±std over 10 runs on the
held-out test set.

Figure 1: Per-industry ROI (a) and Sharpe ratio (b) for MLP, LSTM, and Transformer backbones
with and without the neural wavelet front-end. Bars show mean over ten seeds and error bars denote
one standard deviation, including six industries and the overall average.

5.2 OVERALL RESULTS

Among the 14 candidate industries in Table 4, we compute the training-only annualized rate of return
(ARR) of an intraday strategy and retain those with ARR ≥ 10%. The resulting six industries are
fixed for all experiments to prevent leakage and to focus on potentially profitable, sufficiently liquid
sectors; we then highlight Renewable Energy and Retail Consumer Goods (the lowest ARR) for de-
tailed analysis. For each selected industry, constituent stocks are fed into the model via the pipeline
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above; we select the checkpoint with the highest validation return and evaluate under three execution
modes, ”Long & Short, Long Only, and Short Only”, with additional per-industry curves in the ap-
pendix (Figs. 10–15). We compare WaveLSFormer against parameter-/FLOP-matched MLP, LSTM,
and Transformer backbones, each with and without the learnable wavelet front-end. Fig. 1 shows
consistent gains across industries, and Table 1 reports mean ROI/Sharpe over six industries and ten
seeds, where WaveLSFormer performs best without disproportionate scaling (Appendix A.10).

5.3 ABLATION STUDY

The ablation study in Appendix A.9 shows that learnable filters and LGHI account for most gains.

6 CONCLUSION

In this paper, we proposed WaveLSFormer, a learnable wavelet-based Transformer for intraday
long-short equity trading that combines a neural wavelet front-end with a Transformer backbone
and outputs continuous long/short positions under a fixed risk budget. WaveLSFormer optimizes a
trading-aware objective that couples soft-label supervision with ROI- and Sharpe-oriented regular-
ization, targeting risk-adjusted returns rather than point-wise forecasting accuracy. Across five years
of hourly U.S. equity data from 29.10.2020 to 29.10.2025 over six industry groups and ten random
seeds, WaveLSFormer consistently outperforms matched MLP, LSTM, and Transformer baselines
with and without wavelet front-ends. Overall, WaveLSFormer achieves 0.607 ± 0.045 ROI and
2.157 ± 0.166 Sharpe, while the plain Transformer attains 0.225 ± 0.056 ROI and 1.024 ± 0.122
Sharpe. Across backbones, the neural wavelet module improves profitability with modest compu-
tational overhead, and ablations confirm that learnable filters and gated cross-frequency injection
drive the gains rather than backbone capacity alone.
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A APPENDIX

A.1 ADDITIONAL DETAILS FOR PROBLEM FORMULATION

A.2 INPUT WINDOWS AND MODEL OUTPUTS

We consider the instruments in a given industry, including related ETFs and sector indices. We index
instruments by j ∈ {1, . . . , d} and hourly bars by t ∈ {1, . . . , T}. For instrument j, let Openj,t and
Closej,t denote the open and close prices at time t. The simple return and log return of bar t are

rj,t :=
Closej,t
Openj,t

− 1, ℓj,t := log(1 + rj,t). (8)

In our experiments, we use the log price return ℓj,t defined in Eq. equation 8 and collect

rt = (r1,t, . . . , rd,t)
⊤, ℓt = (ℓ1,t, . . . , ℓd,t)

⊤ ∈ Rd.

We adopt a rolling-window formulation: at decision time t the model observes

Xt =
[
ℓt−L+1, . . . , ℓt

]
∈ Rd×L,

with columns ordered from oldest to most recent. Additional channels are absorbed into d.

Given Xt−1, the model outputs a scalar trading signal

pt = fθ(Xt−1) ∈ R,

where fθ is WaveLSFormer. We map pt to a bounded position via

wt = 2σ(pt)− 1 = tanh
(pt
2

)
, (9)

so wt > 0 corresponds to long and wt < 0 corresponds to short. |wt| controls position magnitude.

7



ICLR 2026 Workshop on Time Series in the Age of Large Models (TSALM)

As discussed in Section A.4.2, using wt directly can confound signal quality with aggressiveness.
We therefore apply a global risk-budget scaling calibrated on the validation set and define the exe-
cutable position as

w̃t = h(wt) ∈ [w̃min, w̃max],

where h(·) is a fixed piecewise-linear mapping that enforces a prescribed average leverage and clips
extremes. In long-short experiments we set w̃min = −L and w̃max = L, while in long-only or
short-only settings one bound is set to zero. Section A.4.2 gives the exact form of h(·).

A.3 RETURN REPRESENTATION

In each experiment we select one target asset j⋆ ∈ {1, . . . , d} whose trading performance we eval-
uate, and treat the remaining instruments as auxiliary series providing contextual information. This
reflects a common use case in industry-level trading, where a trader is primarily interested in a partic-
ular stock or ETF, but leverages signals from other stocks within the same sector. The single-period
realized return of the trading strategy between t and t+ 1 is then

Rt+1 = 1 + w̃t · rj⋆,t+1 (10)

The return on investment (ROI) of the trading strategy over an evaluation period T is

ROIT = exp
(∑
t∈T

log(Rt)
)
− 1. (11)

A.4 OPTIMIZATION TARGET

From a trading perspective, the goal is not to minimize a point-wise prediction error, but to control
the distribution of realized strategy returns. In our setting the single–period return of the strategy
between t and t+ 1 is Eq. equation 10 and over an evaluation horizon T , the corresponding ROI is
Eq. equation 11.

Maximizing return alone is not sufficient in practice, since extremely volatile strategies with large
draw-downs are usually unacceptable. A standard risk-adjusted performance measure in finance is
the annualized Sharpe ratio, defined on simple returns Rt as

Sann =
√
K

E[Rt − rf/K]√
Var(Rt − rf/K)

, K ≈ 252× 6.5, (12)

where rf is the annual risk-free rate. In our hourly–bar backtests, Rt is already a small return per
bar. For model comparison on a fixed dataset we (i) treat the risk–free rate as negligible, like rf ≈ 0.
(ii) drop the constant

√
K, which only rescales all Sharpe values by the same factor. (iii) calculate

the expectation and variation over T . Throughout the paper we therefore report a raw Sharpe ratio
of the form

ST =
E[Rt]√
Var(Rt)

, (13)

and interpret it as a scale–free, risk–adjusted score rather than a directly tradable quantity.

Ideally, we would like the learned policy to achieve a good trade–off between cumulative return and
Sharpe ratio. Conceptually, this can be formulated as a multi–objective optimization problem over
the model parameters θ,

max
θ

(
ROIT (θ), ST (θ)

)
,

The exact loss components and their implementation details are given in Section 4.1.

A.4.1 WAVELET-BASED SIGNAL NOISE DECOMPOSITION

At short horizons, financial returns exhibit low signal-to-noise ratios. Following wavelet denois-
ing, we decompose the target log return into a slowly varying component and a rapidly fluctuating
residual,

ℓj⋆,t = st + nt,
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where st captures low-frequency structure (e.g., trend) and nt aggregates high-frequency, largely
unpredictable variations. Over an interval T , we define the effective SNR as

SNRT =
Vart∈T [st]

Vart∈T [nt] + ε
, (14)

with a small ε > 0 for numerical stability.

In WaveLSFormer, a neural wavelet front-end performs a learnable time-frequency decomposition
of the raw log-return sequence {ℓj⋆,t} into approximations of {st} and {nt} using finite-impulse-
response low-/high-pass filters. We learn filters that increase SNR relative to the raw series while
producing features that benefit the downstream trading objective. To this end, we add frequency-
domain regularizers that promote low-/high-frequency separation and encourage the filter pair to
behave approximately as a tight frame; details are given in Section 3.

Given multivariate histories Xt−1 and the next-step return ℓj⋆,t, our goal is to learn a mapping fθ that
outputs trading signals pt whose induced positions wt maximize risk-adjusted strategy performance,
aided by the wavelet front-end that improves the effective SNR of the input.

A.4.2 POSITION RULE UNDER A FIXED RISK BUDGET

Equation 9 bounds the trading signal, so a single trade never exceeds full long/short exposure. Yet
different models can induce very different distributions of wt: some outputs saturate near ±1, while
others concentrate around 0. Using wt directly would therefore confound signal quality with aggres-
siveness, since strategies with larger average |wt| effectively take larger bets and thus realize larger
gains and losses.

To normalize risk across models, we estimate a global scale on the validation set Dval with length
Tval = |Dval|. We compute the mean absolute magnitude sval and rescale the signal as ŵt

sval =
1

Tval

∑
t∈Dval

|wt|, ŵt =
wt

sval
, (15)

so the validation-period average of |ŵt| is close to one.

To suppress tiny and noise-dominated trades, we apply a dead zone with threshold τ > 0 and set
τ = 0.01 in all experiments. We then enforce an optional leverage cap and scale by a target average
leverage L > 0 (we use L = 1), yielding the executable position in Equation 16:

w̃t =

{
0, |ŵt| < τ,

max(−L,min(L, ŵt)), otherwise.
1

Tval

∑
t∈Dval

|w̃t| ≈ L, (16)

By constructing a fixed risk budget, up to sparsification from the dead zone, so models are evaluated
under a comparable risk budget. The scale sval is estimated once on Dval and kept fixed for testing
and online simulation, ensuring a consistent and implementable mapping from network outputs to
positions at a pre-specified risk level.

A.5 ADDITIONAL DETAILS OF NEURAL WAVELET FILTERS

A.5.1 FIR CONVOLUTION KERNELS AND CLASSICAL DISCRETE–TIME FILTERS

In our neural wavelet front-end, each learnable filter is implemented as a one-dimensional finite
impulse response (FIR) convolution kernel. Let x[n] denote a discrete-time input signal and let
θ = (θ0, . . . , θL−1) be the convolution kernel of length L. A standard conv1d layer with stride 1
and no dilation computes

y[n] =

L−1∑
k=0

θk x[n− k], (17)

which is exactly the input and output relation of a linear time-invariant (LTI) discrete-time filter.

For an LTI system, the sequence h[n] is defined as the response to a discrete-time unit impulse

δ[n] =

{
1, n = 0,

0, n ̸= 0

9
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Substituting x[n] = δ[n] into Equation 17 yields

y[n] =

L−1∑
k=0

θk δ[n− k] = θn,

for n = 0, . . . , L− 1 and y[n] = 0 otherwise. Hence the impulse response of the filter is h[n] = θn,
so the FIR convolution kernel and the time-domain impulse response are the same object that the
trainable parameters {θk} directly define the filter’s behavior in the time domain.

The discrete-time frequency response of an LTI filter is defined as the complex gain applied to a
complex exponential input x[n] = ejωn. Using Equation 17 we obtain

y[n] =

L−1∑
k=0

θk e
jω(n−k) = ejωn

L−1∑
k=0

θk e
−jωk.

Thus ejωn is an eigenfunction of the system and the corresponding eigenvalue

H(ejω) =

L−1∑
k=0

θk e
−jωk =

L−1∑
k=0

h[k] e−jωk (18)

is the frequency response. Equation 18 is exactly the discrete-time Fourier transform (DTFT) of the
impulse response h[n]. Therefore, for an FIR filter, the frequency response is simply the Fourier
transform of the convolution kernel. This provides a direct bridge between the learnable parameters
in the neural network and the classical time–frequency interpretation of digital filters.

A.5.2 DIFFERENTIABLE SPECTRAL REGULARIZATION VIA RFFT

Let θ ∈ RL be a real-valued FIR kernel and θ̂ = F(θ) its DFT. In matrix form, θ̂ = Fθ with a
fixed F ∈ CL×L. Hence F is linear and differentiable everywhere, with constant Jacobian F. In
practice we use rFFT, which is an optimized implementation of the same linear map specialized to
real inputs (exploiting conjugate symmetry).

This enables differentiable frequency-domain regularization. A generic spectral regularizer is

Lspec(θ) =
∑
k

ρ
(
|θ̂k|
)
,

∂Lspec

∂θ
= FH ∂Lspec

∂θ̂
, (19)

where ρ(·) is differentiable and FH the Hermitian transpose (i.e., inverse DFT up to scaling). Equiva-
lently, back-propagation through rFFT amounts to applying an inverse FFT to the frequency-domain
gradient. Therefore, adding Equation 19 on rFFT-transformed learnable kernels preserves differen-
tiability and allows end-to-end training with standard optimizers.

To enforce complementary low/high-frequency coverage, we penalize high-frequency energy in the
low-pass filter and low-frequency energy in the high-pass filter, add an overlap term to sharpen
separation, and use Parseval and shape losses to constrain energy and frequency-response form;
details are in Section 4.3.1.

A.6 DATA CONSTRUCTION PIPELINE

Our model is designed to directly optimize a trading objective rather than minimize a point-wise
forecasting error. Therefore, we focus on economic performance, such as annualized return and
Sharpe ratio, as the primary evaluation metrics, rather than MSE/MAE.

A.6.1 DATA COLLECTION

We construct an intraday U.S. equity dataset from two sources. We obtain price and volume data
from the commercial API provider polygon.io, and download one-hour OHLCV bars for each stock
over roughly the past ten years, providing multi-year coverage at intraday resolution.

We obtain sector and industry classifications from StockAnalysis1, which publishes curated U.S.
stock lists by sector and industry. We extract symbols for each industry and use this stock-industry
mapping to define the cross-sectional universe and the industry-group experiments in Section 5.

1https://stockanalysis.com/
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A.6.2 DATA PREPROCESSING

We consider hourly bar-based intraday trading. Each stock is represented by OHLCV bars, and at
the beginning of hour t the model observes past bars and selects the position to hold over hour t+1,
making within-bar price change a natural primitive. Because price levels vary widely across securi-
ties, we use scale-free inputs by converting prices to intraday returns: Equation 8 computes the log
percentage change of the close relative to the open, which stabilizes variance, partially symmetrizes
gains and losses, and yields smoother dimensionless features for hourly modeling.

A.6.3 STOCK SELECTION

We build industry-level stock groups as multi-asset inputs. For each industry with a liquid U.S.-listed
ETF, we collect constituent stocks traded on major U.S. exchanges and treat the ETF as an economic
proxy for the sector. We quantify similarity in recent price dynamics by computing Dynamic Time
Warping (DTW) distances between candidates’ historical log-change series over a fixed look-back
window, where DTW is robust to local time shifts. Using the training period, we set the empirical
median (50th percentile) of DTW distances as a threshold and retain stocks whose distance to the
industry reference is below this value, filtering idiosyncratic outliers and preserving coherent trend
shapes as illustrated in Fig. 2. We then apply non-parametric Granger causality tests to the DTW-
selected set and remove stocks that show no predictive relation with the target asset.

A.6.4 FINANCIAL SECURITIES WITH GRANGER-TYPE CAUSALITY

We assume that same-industry stocks exhibit co-movements and lead-lag effects. We quantify such
dependencies using nonparametric Granger causality Diks & Panchenko (2006), where xt Granger-
causes yt if adding lags of xt significantly improves predicting yt beyond using lags of yt alone.

For each industry universe, we run pairwise tests on the log-change series of candidate securities
to obtain a directional p-value matrix. We then apply Benjamini-Hochberg FDR control and retain
securities whose adjusted p-values with respect to the target asset are below 0.05 in at least one
direction. The retained securities form the final multi-asset input set. Fig. 3 illustrates the selected
stocks in Renewable Energy, and Table 2 reports the full adjusted p-value matrix, which reveals the
directed dependence structure within each industry universe.

Figure 2: Stock codes selected under DWT.
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Figure 3: Stock selected after Granger causality filter in the renewable energy industry.

Table 2: BH-FDR-adjusted p-value matrix for pairwise tests on hourly log-percent-change series.
Smaller values indicate stronger evidence of dependence. Bold entries denote significant pairs under
FDR control (padj < 0.05); bold tickers indicate the retained assets.

AEP ATO AWK CMS CNP CWEN EIX EVRG IDA NEE OTTR PEG PNW POR WEC XEL
AEP 1 0.8107 0.7066 0.7824 1 0.3241 0.8397 0.9305 0.8041 0.8434 0.3984 0.4637 0.6562 0.9759 0.9506 0.8379
ATO 0.3984 1 0.3984 0.3241 0.3984 0.6317 1 1 1 0.8041 0.3812 1 0.7737 0.9759 0.3812 0.5568
AWK 1 0.7002 1 1 0.9759 0.0846 1 0.7393 0.8379 0.4262 0.456 0.8379 0.9305 0.8041 0.8379 0.6723
CMS 0.0521 1 0.3716 1 0.9506 0.3984 0.8379 1 0.8379 0.3835 0.8379 1 0.8813 0.6592 0.3812 0.3487
CNP 0.0505 0.3984 0.3241 0.4262 1 0.4262 0.9612 0.4838 0.7276 0.3984 0.3984 0.8107 0.3798 0.3984 0.3241 0.2143
CWEN 0.0124 0.0846 0.0326 0.0221 0.0297 1 0.0576 0.0648 0.1123 0.0001 0.7909 0.0326 0.3812 0.1703 0.0326 0.0345
EIX 0.3812 0.8107 0.3487 0.5568 0.296 0.9955 1 1 0.8107 0.3984 0.7025 0.8379 0.3487 0.4262 0.4262 0.4701
EVRG 0.0297 0.2143 0.0149 0.0558 0.1048 0.8107 0.52 1 0.3716 0.1719 0.3241 0.3467 0.2443 0.3812 0.0505 0.0912
IDA 0.4181 0.7737 0.4262 0.3812 0.1836 0.6062 0.8379 0.6235 1 0.3812 0.596 0.9759 0.3984 0.3342 0.3984 0.7409
NEE 0.7909 0.3449 0.3812 0.4262 0.6396 0.8107 0.8731 0.503 0.2482 1 0.6235 0.8409 0.5043 0.3812 0.5805 0.4397
OTTR 1 0.6062 0.9759 0.942 0.8379 0.9506 0.8434 0.296 0.6235 1 1 0.6396 0.6592 0.9759 0.7096 0.8107
PEG 0.0687 0.3812 0.0326 0.0846 0.4262 0.9421 0.5308 0.5006 0.604 0.0846 0.4106 1 0.3812 0.296 0.3984 0.296
PNW 0.8379 0.9759 0.7409 1 1 0.5985 0.7393 0.9759 1 0.3241 1 1 1 0.9759 0.9305 0.9633
POR 0.3984 0.8813 0.3161 0.3984 0.4713 0.9791 0.9759 0.8321 0.9759 0.2213 0.6988 0.8107 0.7224 1 0.3812 0.8321
WEC 0.531 1 0.4262 0.4262 1 0.3487 0.7909 0.8379 0.7409 0.4838 0.8379 0.8713 0.9421 0.9759 1 0.2443
XEL 1 0.9305 0.9573 0.9759 0.9123 0.3812 0.4397 0.8813 0.9305 0.8379 0.8321 0.3812 0.9791 0.9759 1 1

A.7 ADDITIONAL DETAILS OF LOSS DESIGN

In stock trading, the ultimate objective is to maximize realized profit rather than to minimize point-
wise prediction error. Therefore, the training loss should be a simple, differentiable surrogate that
aligns with return optimization and provides stable gradients. In generic time-series forecasting,
models are typically trained to predict the next-step target value, where MAE or MSE are standard
choices. However, in financial settings, minimizing MAE/MSE on prices or returns is often weakly
correlated with trading performance and thus is not well suited for learning profit-seeking decisions.
The discussion about drawbacks of regression losses in trading optimization is in Appendix A.7.1.

A.7.1 DRAWBACKS OF REGRESSION LOSSES

Many financial time-series models train neural networks as return forecasters by minimizing point-
wise regression losses such as MSE or MAE. Given a future log return ℓ̂t, they learn ℓt = fθ(xt)
via

Lreg = E
[
loss(ℓt, ℓ̂t)

]
, loss ∈ {MSE, MAE}. (20)
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While statistically convenient, Lreg is misaligned with trading: performance is driven by the position
w̃t and the resulting P&L Rt = w̃t ℓt, not by the numeric forecast error of ℓt. Consequently, lower
regression error does not necessarily translate to higher ROI/Sharpe. The mismatch is exacerbated
by the asymmetric economic cost as a wrong sign under high exposure is far more damaging than a
small magnitude error on a correct trade, whereas MSE/MAE penalize deviations symmetrically.

Moreover, under noisy and non-stationary returns, minimizing Lreg mainly encourages approximat-
ing E[ℓt | xt], which offers no guarantee of improved Rt or risk-adjusted performance. Therefore,
we do not treat the network as a pure forecaster. Instead, we interpret its output as a continuous
trading position w̃t ∈ [−1, 1] (flat if w̃t ∈ [−0.01, 0.01]) and optimize a trading-aligned objective,

Ltrade = −E
[
w̃tyt

]
+ λΩ(w̃t),

where Ω(·) regularizes leverage, turnover, or excessive position variability.

A.7.2 STOCK DIRECTION AND TANH POSITION LOSS

The Stock Direction loss treats the sign of the model output as a long/short signal: go long if pt > 0,
short if pt < 0, and optionally trade only when |pt| > τ to filter low-confidence positions. The
resulting position in Equation 11 is defined in Equation 9. Following Equation 8, let rt and ℓt
denote the simple and log returns.

To turn multiplicative ROI into additive form, we use the small-return approximation. For |rt| < 0.1,

log(1 + rt) = rt −
r2t
2

+O(r3t ),

so ℓt ≈ rt with leading error r2t /2 ≤ 0.005 when |rt| ≤ 0.1. Hence we approximate

ROI ≈ exp
(∑

t

sign(pt) ℓt

)
− 1,

and define the corresponding trade loss as

Ltrade = − exp
(∑

t

sign(pt) ℓt

)
.

The Tanh position loss replaces the all-in direction decision by a continuous position size on the
target asset using tanh(pt) ∈ [−1, 1] as

Ltrade = − exp
(∑

t

tanh(pt) ℓt

)
. (21)

A.7.3 SIGMOID POSITION LOSS

Direct position optimization with the Stock Tanh loss often suffers from gradient saturation: as out-
puts approach the bounds, tanh′(·) becomes small and updates vanish. We also avoid log(tanh(·))
objectives, whose logit gradient

d

dpt
log(tanh(pt)) =

1− tanh2(pt)

tanh(pt)
,

is ill-conditioned near the origin and still decays as |pt| grows. Instead, we treat pt as the logit of a
Bernoulli variable indicating willingness to go long and perform the signed position mapping only
at inference.

Ignoring transaction costs and position constraints, the ROI-optimal policy is fully long for rt ≥ 0
and fully short otherwise, so we cast trading as a binary classification problem:

yt =

{
1, rt ≥ 0,

0, rt < 0.

We train in probability space with a weighted logistic loss, so gradients depend on the confidence
gap between σ(pt) and yt and remain informative; at inference, we map σ(pt) to a smooth exposure
in [−1, 1] via Equation 9.

13
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To emphasize economically significant moves, we weight each sample by the absolute log return
|ℓt| (e.g., +100% and −50% have equal |ℓt|). The resulting Stock Sigmoid loss is

Ltrade(t) =

{
− log

(
σ(pt)

)
|ℓt|, rt ≥ 0,

− log
(
1− σ(pt)

)
|ℓt|, rt < 0,

(22)

which mitigates saturation in Stock Tanh while aligning optimization with the sign and magnitude
of future returns.

A.7.4 NEURAL WAVELET LOSS FORMULAE

Our low-/high-pass filters are implemented as 1D FIR convolutions. As discussed in Section A.5.1,
the convolution weights W correspond to the impulse responses, whose discrete Fourier transform
gives the frequency responses. Therefore, the rFFT of the filter parameters directly yields the spec-
trum on the grid

k

nfft
, k ∈

[
0, 1, . . . ,

nfft

2
+ 1
]
.

With hourly data, we set nfft = 81 to cover month-level frequencies. We regularize the learnable
filter bank in the frequency domain to encourage clear low-/high-pass separation and avoid degen-
erate solutions. Let |Glow|2 :=

∑
ω|Glow(ω)|2 and |Ghigh|2 :=

∑
ω|Ghigh(ω)|2 be the total spectral

energies on a discrete grid ω ∈ [0, π]. We penalize out-of-band energy using a frequency-weighted
power term with p = 2 in all experiments:

Llow =
∑
ω

(ω/π)p |Glow(ω)|2, Lhigh =
∑
ω

(1− ω/π)p |Ghigh(ω)|2,

Loverlap = |Glow|2 · |Ghigh|2, Lparseval =
(
|Glow|2 + |Ghigh|2 − 2

)2
.

To balance the two branches, we further impose an energy-ratio hinge loss. Define ρ as following
and penalize ρ outside [ρmin, ρmax]

ρ =
|Ghigh|2

|Glow|2 + ε
, Lratio = max

(
ρ− ρmax, 0

)
+max

(
ρmin − ρ, 0

)
. (23)

A.7.5 REGRESSION LOSS VS. SOFT-LABEL LOSS

Motivated by the above discussion, we replace regression with a soft-label classification objective
that focuses on return direction and economically relevant magnitude, while treating the output as a
proxy for position.

With regression, the model minimizes Equation 20 to predict the future log return. Trading then
relies on a separate hand-designed mapping h : R → [w̃min, w̃max], such as the clamping rule
in Equation 16, and sets w̃t = h(ℓt). As a result, Lreg optimizes only return accuracy, whereas
ROI/Sharpe depends on the untrained composite decision rule and can differ substantially even when
Lreg is similar.

To remove this layer, we form a soft target using a scaled sigmoid,

yt = σ(k ℓ̂t),

where k > 0 controls saturation. The network outputs a logit pt with Pt = σ(pt) and is trained
with soft-label cross-entropy. At inference, we convert pt to an executable position using the same
squashing and risk-budget mapping described in Section 2, so the optimized scalar becomes the
trading signal up to a fixed monotone transform.

Soft labels offer three advantages: they penalize sign errors on large moves more than small devia-
tions, learn a decision signal rather than a return forecast, and integrate naturally with the Sharpe-
oriented regularizer in Section 4.1.

Table 3 shows Renewable Energy results with identical architecture and optimization. We disable the
Sharpe regularizer and only change the supervised loss (MSE, MAE, or soft-label). The soft-label
objective yields higher ROI and Sharpe than regression despite comparable error on ℓt, supporting
soft-label training for trading signals.
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Table 3: Comparison of regression losses and soft-label loss on Renewable Energy with 10 seeds. All
models share the same WaveLSFormer architecture and optimization setup, the Sharpe regularizer
is disabled for all rows to isolate the effect of the supervised loss.

Loss ROI (test) Sharpe (test)

MSE 0.078± 0.039 0.586± 0.275
MAE 0.125± 0.061 0.899± 0.355
Soft-label 0.377± 0.045 1.943± 0.311

A.7.6 TANH LOSS VS. SOFT-LABEL LOSS

We observed that optimizing Transformers for U.S. equity trading is highly sensitive to the loss de-
sign. When using the tanh-based objective in Equation 21, training often stagnates because the tanh
nonlinearity saturates, producing near-zero gradients and effectively “deadlocking” the optimizer.
We diagnosed this behavior by monitoring the ℓ2 norm of parameter gradients, which frequently
collapsed toward zero, and found that an overly small initial learning rate further increases the like-
lihood of getting trapped in poor local optima. However, the soft-label loss overcomes this drawback
and produces a stable training process.

(a) Tanh loss function leads to gradient vanishing.

(b) Soft-label loss function has stable and continuous gradients.

Figure 4: Loss curve and gradient of tanh and soft-label loss functions

A.7.7 VALIDATION METRIC AND MODEL SELECTION

We train the network by minimizing the loss in Equation 7, but our goal is to maximize out-of-
sample trading performance rather than validation cross-entropy. Using the probability-to-position
rule in Equation 16, the cumulative strategy return on the validation set is

Rval =
∑
t∈Dval

w̃trt,

or, in the risk-adjusted setting, a Sharpe-like ratio computed from the sequence {w̃trt}.

Crucially, Lval and Rval are not necessarily monotonic. The threshold-based decision rule in Equa-
tion 16 can flip actions near boundaries with minimal change in Lval yet a large change in Rval.
Moreover, cross-entropy weights samples roughly uniformly, whereas Rval is dominated by a small
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Table 4: Industry-level annualized rate of return (ARR) used for sector selection. Industries with
ARR ≥ 10% are retained for subsequent experiments.

Industry ARR (%) Selected
Biotechnology 33.98505 Yes
Regional Banks 5.706405 No
Engineering Construction 8.208481 No
Electronic Components 8.899873 No
Information Technology Services 8.718001 No
Medical Devices 12.48685 Yes
Semiconductors 14.11355 Yes
Software Application 7.635932 No
Specialty Industrial Machinery 4.412272 No
Utilities Electric 4.132072 No
Real Estate REITs 2.451229 No
Renewable Energy 10.14711 Yes
Life Insurance 12.77445 Yes
Retail Consumer Goods 11.83257 Yes

number of large moves: improving calibration on many small-return samples may reduce Lval with
little impact on Rval, while better capturing large profitable moves can slightly worsen Lval but sub-
stantially improve Rval.

Therefore, we use soft-label cross-entropy as a differentiable surrogate for optimization, but per-
form early stopping and hyperparameter selection solely based on Rval. In practice, we select the
checkpoint with the highest validation ROI, using Lval only as a diagnostic for optimization stability.
We use a soft-label objective for position learning, as it consistently yields higher ROI/Sharpe than
regression losses under identical architectures Appendix A.7.5.

A.8 HYPERPARAMETER SENSITIVITY ANALYSIS

A.8.1 λroi IN OVERFITTING PENALTY

The hyperparameter λROI controls the strength of the ROI-aware penalty and thus how aggressively
the model is encouraged to maximize profit during training: small values make the constraint nearly
inactive, whereas large values strongly discourage ROI-constraint violations.

To analyze its effect, we sweep

λroi ∈ {0.0, 0.1, 0.3, 0.5, 0.7, 1.0, 1.2},

train the model under the same configuration for each setting, and record the final training ROI over
the full 4-year horizon together with the corresponding val ROI and Sharpe ratio. Results are shown
in Fig. 5.

We observe a clear dependence on λroi. Too small a value yields weak regularization and overly
aggressive policies that can produce inflated training ROI, while too large a value makes training
overly conservative and substantially reduces ROI. In a mid-range of λroi, training ROI stabilizes
around 6 over the 4-year horizon and val ROI/Sharpe achieve their best values, which we adopt as a
stable operating regime.

A.8.2 γ IN LOW-GUIDED HIGH-FREQUENCY INJECTION

This subsection analyzes the scalar gate that controls the strength of LGHI. Empirically, overly large
gate values cause vanishing gradients for LSTM backbones and exploding gradients for Transformer
backbones, motivating a small-gate initialization.

Let Lt ∈ Rd be the low-frequency representation at time t and Ht the corresponding high-frequency
input. LGHI produces a refinement Zt(Lt, Ht) ∈ Rd, and the fused output follows Equation 1.
Here, γ is a learnable scalar and β = σ(γ) ∈ (0, 1) controls the overall contribution of LGHI:
β ≈ 0 yields an almost purely low-frequency representation, while β ≈ 1 heavily relies on the
high-frequency refinement.
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Figure 5: Sensitivity of cumulative ROI to the ROI-aware penalty coefficient λroi on the Renewable
Energy industry. The left y-axis shows training cumulative ROI over the training horizon, and the
right y-axis shows validation ROI and Sharpe. All values are reported as mean±std over ten random
seeds.

The gate scales not only the forward contribution but also the backward signal to LGHI parameters
θZ . By the chain rule,

∂L
∂θZ

=
∂L
∂Yt

∂Yt

∂Zt

∂Zt

∂θZ
= β

∂L
∂Yt

∂Zt

∂θZ
,

where L denotes the training objective. Thus, larger β linearly amplifies gradients w.r.t. θZ , while
also increasing the scale of Yt fed into the backbone.

Effect with LSTM backbones With an LSTM backbone, Yt enters recurrent transitions whose
gates use sigmoid and tanh. As β increases, the magnitude of Yt tends to grow, pushing gate
pre-activations into saturation where σ′(x) and 1 − tanh2(x) become small. Consequently, the
recurrent-step Jacobian tends to have a spectral radius below 1, and the backpropagated gradients
decay through time:

∂L
∂(ht, ct)

=

(
T−1∏
k=t

Jk

)
∂L

∂(hT , cT )
,

leading to vanishing gradients and early training plateaus for moderately large β.

Effect with Transformer backbones In contrast, a Transformer backbone forms a deep stack of
residual blocks with Layer Normalization:

X(ℓ+1) = LN
(
X(ℓ) + F (ℓ)(X(ℓ))

)
.

A first-order approximation yields a layer Jacobian of the form

J (ℓ) ≈ I + β J̃ (ℓ).

Thus, increasing β raises the effective layer-wise gain, and the backward signal can grow through
the product of Jacobians:

∂L
∂X(0)

=

(
L−1∏
ℓ=0

J (ℓ)

)
∂L

∂X(L)
,

which may cause exploding gradients when the spectral radius exceeds 1 across many layers. In our
experiments, setting β ∈ {0.01, 0.1, 0.5, 1.0} shows stable training for small/moderate gates, while
β = 0.5 and β = 1.0 quickly become numerically unstable as shown in Fig. 6.

Initialization strategy Across backbones, overly large gates can stall optimization by saturating
LSTM gates and causing vanishing gradients, or by over-amplifying deep residual stacks in Trans-
formers and triggering exploding gradients. Therefore, we initialize β to a very small value so
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Figure 6: Effect of the LGHI module β on training loss and gradient norms for Transformer back-
bones. Curves correspond to β = 0.01 (red), β = 0.1 (black), β = 0.5 (green), and β = 1.0
(orange).

that LGHI starts as a weak perturbation of the low-frequency path. Specifically, we parameter-
ize β = σ(γ) and initialize γ = −5, yielding β0 = σ(−5) ≈ 0.0067. This keeps the mapping
close to the identity at initialization and avoids both LSTM saturation and excessive amplification
in deep Transformer stacks. Since γ is learnable, the optimizer can increase β when the refine-
ment Zt(Lt, Ht) is beneficial; otherwise, β remains small and the model behaves close to a purely
low-frequency baseline.

A.8.3 λspec IN NEURAL WAVELET LOSS

The hyperparameter λspec weights the spectral-shaping term in the wavelet loss. Smaller values
relax frequency-domain constraints and allow more task-driven filters, while larger values enforce
cleaner low-/high-pass behavior but can reduce flexibility.

We sweep

λspec ∈ {0, 0.3, 1, 3, 10, 30, 100},

keeping all other settings fixed, and evaluate validation ROI and Sharpe. Fig. 7 summarizes the
results on Renewable Energy. We select λspec using validation performance to avoid test-set leakage,
and report test results with the selected value in the main results section.

Figure 7: Validation-set sensitivity of λspec in the wavelet loss on the Renewable Energy industry.
Bars report validation ROI on the left y-axis, and the dashed line reports validation Sharpe ratio on
the right y-axis. All values are reported as mean±std over ten random seeds.

18



ICLR 2026 Workshop on Time Series in the Age of Large Models (TSALM)

Overall, performance peaks in a moderate range. Too small λspec weakens spectral shaping and can
yield less stable filters, while too large λspec over-regularizes optimization and degrades ROI and
Sharpe. We use λspec = 10 as the default unless otherwise stated.

A.9 ADDITIONAL DETAILS OF ABLATION STUDY

A.9.1 EFFECT OF USING ONLY A SINGLE FREQUENCY BRANCH

We evaluate whether both frequency branches are necessary by comparing the full model
(Low+High) with two ablations: Low-Freq only and High-Freq only. Table 5 shows that removing
either branch consistently hurts performance. Across most industries, Low-Freq only outperforms
High-Freq only in ROI and Sharpe, indicating that slowly varying trends are more informative than
high-frequency residuals alone. However, Low+High achieves the best average ROI/Sharpe with
lower seed variance, suggesting that the high-frequency branch provides complementary short-term
refinements, whereas relying solely on high-frequency signals reduces mean performance and in-
creases training instability.

Table 5: Effect of two frequency branches. Results are mean ± std over ten seeds. Best in each row
is red.

Industry Metric Full
Low+High

Only
Low-Freq

Only
High-Freq

Biotechnology ROI 0.601 ± 0.034 0.305 ± 0.028 0.133 ± 0.050
Sharpe 1.695 ± 0.050 0.902 ± 0.117 0.429 ± 0.185

Semiconductors ROI 1.104 ± 0.053 0.561 ± 0.052 0.244 ± 0.092
Sharpe 2.555 ± 0.081 1.360 ± 0.176 0.646 ± 0.279

Renewable
Energy

ROI 0.423 ± 0.074 0.225 ± 0.021 0.098 ± 0.037
Sharpe 2.775 ± 0.365 1.477 ± 0.191 0.702 ± 0.303

Life
Insurance

ROI 0.185 ± 0.004 0.094 ± 0.009 0.041 ± 0.015
Sharpe 1.472 ± 0.039 0.783 ± 0.101 0.372 ± 0.161

Medical
Devices

ROI 0.669 ± 0.049 0.340 ± 0.032 0.148 ± 0.056
Sharpe 1.979 ± 0.167 1.053 ± 0.136 0.501 ± 0.216

Retail Consumer
Goods

ROI 0.659 ± 0.055 0.334 ± 0.165 0.145 ± 0.286
Sharpe 2.465 ± 0.293 1.312 ± 0.161 0.624 ± 0.329

Overall (avg.) ROI 0.607 ± 0.045 0.310 ± 0.051 0.135 ± 0.089
Sharpe 2.157 ± 0.166 1.148 ± 0.147 0.546 ± 0.246

A.9.2 SHARPE REGULARIZER ABLATION

To quantify the benefit of explicitly optimizing a trading-oriented objective, we ablate the Sharpe
loss term by training two WaveLSFormer variants with identical architectures, optimization settings,
and data splits: (i) Soft-label only and (ii) Soft-label with a Sharpe loss computed from per-step P&L.
For each industry and seed, both variants share the same training schedule and differ only in whether
the Sharpe term is included. Table 8 reports industry-level test metrics averaged over 10 seeds with
checkpoints selected by validation ROI. Adding the Sharpe loss improves risk-adjusted performance
and often increases ROI while reducing maximum draw-down, suggesting that prediction-only train-
ing is insufficient and that directly regularizing the mean-volatility trade-off yields more favorable
risk-return profiles.

Beyond ROI and Sharpe ratio, we report maximum draw-down (MDD) on the test set as a comple-
mentary risk measure. Let Wt denote the cumulative wealth process. The draw-down at time t and
the maximum draw-down over the test period are

Dt = 1− Wt

maxs≤t Ws
, MDD = max

t
Dt.

A.9.3 EFFECT OF LEARNABLE WAVELET FILTERS

We evaluate the proposed neural wavelet layer by replacing fixed filters in the same Transformer
backbone. We compare three front-ends: (i) Neural Wavelet, which learns the filters jointly with the
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Figure 8: Equity curves with and without the Sharpe loss for Renewable Energy. Top: cumulative
ROI on validation and test. Bottom: cumulative market return. The model without Sharpe loss
(red) shows deeper and more frequent test draw-downs, whereas the Sharpe-aware model (orange)
produces a smoother equity curve with smaller draw-downs at a similar final ROI, reflecting more
conservative exposure in risky periods.

trading objective using Parseval, overlap, and pass-band regularizers; (ii) Classic Wavelet, a fixed
wavelet transform; and (iii) Transformer only, which uses raw price features. As shown in Table 6,
Neural Wavelet attains the best test ROI and Sharpe in almost all industries under matched capacity,
and also yields smaller maximum draw-down and more stable performance across seeds, indicating
that learnable, regularized wavelet filters extract more tradable signals than fixed transforms or no
decomposition.

A.9.4 LOW-GUIDED HIGH-FREQUENCY INJECTION

We further examine how the low and high frequency branches should be fused. In the proposed
design, the low-frequency representation attends to the high-frequency branch via a LGHI block.
As a comparison, we remove the LGHI module and simply concatenate the two branches followed
by a linear projection, while keeping the overall model size comparable. The multi-industry, multi-
seed results are reported in Table 7.

Across all industry groups, the LGHI design consistently outperforms simple concatenation in terms
of both ROI and Sharpe ratio, and also exhibits smaller variance across seeds on average. This
confirms that allowing the low-frequency branch to selectively attend to high-frequency details is
more effective than treating the two branches as independent features.

A.10 ADDITIONAL DETAILS FOR BASELINE COMPARISONS

A.10.1 PER-INDUSTRY PERFORMANCE

We compare MLP, LSTM, and Transformer backbones with and without the neural wavelet front-
end, using dmodel = 512 for all models. WaveLSFormer uses dff = 1024, nheads = 128, L = 6
encoder layers, sequence length 96, temporal embedding dimension 128, and pre-layer normaliza-
tion. The MLP baseline has 10 fully connected layers with 512 hidden units, and the LSTM baseline
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Table 6: Multi-seed, multi-industry comparison of Transformer-based backbones with different
front-ends. Results are reported as mean ± std over ten seeds. Best results in each row are high-
lighted in red.

Industry Metric Neural wavelet
Transformer

Classic wavelet
Transformer

Plain
Transformer

Biotechnology ROI 0.601 ± 0.034 0.323 ± 0.021 0.124 ± 0.066
Sharpe 1.695 ± 0.050 1.086 ± 0.048 0.511 ± 0.189

Semiconductors ROI 1.104 ± 0.053 0.416 ± 0.021 0.333 ± 0.021
Sharpe 2.555 ± 0.081 1.293 ± 0.071 1.134 ± 0.035

Renewable
Energy

ROI 0.423 ± 0.074 0.261 ± 0.033 0.169 ± 0.018
Sharpe 2.775 ± 0.365 1.723 ± 0.161 1.173 ± 0.113

Life
Insurance

ROI 0.185 ± 0.004 0.144 ± 0.004 0.120 ± 0.010
Sharpe 1.472 ± 0.039 1.206 ± 0.027 0.976 ± 0.086

Medical
Devices

ROI 0.669 ± 0.049 0.462 ± 0.067 0.289 ± 0.036
Sharpe 1.979 ± 0.167 1.475 ± 0.178 1.060 ± 0.125

Retail Consumer
Goods

ROI 0.659 ± 0.055 0.468 ± 0.143 0.317 ± 0.187
Sharpe 2.465 ± 0.293 1.850 ± 0.132 1.291 ± 0.185

Overall (avg.) ROI 0.607 ± 0.045 0.346 ± 0.048 0.225 ± 0.056
Sharpe 2.157 ± 0.166 1.439 ± 0.103 1.024 ± 0.122

Table 7: LGHI module vs simple concatenation. Results are mean ± std over ten seeds. Best in each
row is red.

Industry Metric LGHI Concat

Biotechnology ROI 0.601 ± 0.034 0.203 ± 0.037
Sharpe 1.695 ± 0.050 0.640 ± 0.040

Semiconductors ROI 1.104 ± 0.053 0.374 ± 0.022
Sharpe 2.555 ± 0.081 0.964 ± 0.060

Renewable Energy ROI 0.423 ± 0.074 0.150 ± 0.035
Sharpe 2.775 ± 0.365 1.047 ± 0.165

Life Insurance ROI 0.185 ± 0.004 0.063 ± 0.012
Sharpe 1.472 ± 0.039 0.555 ± 0.034

Medical Devices ROI 0.669 ± 0.049 0.227 ± 0.028
Sharpe 1.979 ± 0.167 0.747 ± 0.076

Retail Consumer Goods ROI 0.659 ± 0.055 0.222 ± 0.154
Sharpe 2.465 ± 0.293 0.930 ± 0.130

Overall (avg.) ROI 0.607 ± 0.045 0.207 ± 0.048
Sharpe 2.157 ± 0.166 0.814 ± 0.083

Table 8: Sharpe loss ablation by industry on the test set. Results are reported as mean ± standard
deviation over 10 random seeds for ROI, Sharpe ratio and maximum draw-down (MDD, %).

Industry Soft-label only Soft-label + Sharpe (ours)
ROI Sharpe MDD (%) ROI Sharpe MDD (%)

Biotechnology 0.511 ± 0.061 1.187 ± 0.190 17.203 ± 2.962 0.601 ± 0.034 1.695 ± 0.050 10.658 ± 1.932
Semiconductors 0.938 ± 0.113 1.789 ± 0.286 11.413 ± 1.965 1.104 ± 0.053 2.555 ± 0.081 7.071 ± 1.282
Renewable Energy 0.377 ± 0.045 1.943 ± 0.311 10.508 ± 1.809 0.443 ± 0.064 2.775 ± 0.365 6.510 ± 1.180
Life Insurance 0.157 ± 0.019 1.030 ± 0.165 19.810 ± 3.410 0.185 ± 0.004 1.472 ± 0.039 12.273 ± 2.225
Medical Devices 0.569 ± 0.068 1.385 ± 0.222 14.735 ± 2.537 0.669 ± 0.049 1.979 ± 0.167 9.128 ± 1.655
Retail Consumer Goods 0.267 ± 0.032 1.068 ± 0.171 19.109 ± 3.290 0.659 ± 0.055 2.465 ± 0.293 11.838 ± 2.146
Overall (avg.) 0.470 ± 0.056 1.400 ± 0.224 15.463 ± 2.662 0.553 ± 0.035 2.000 ± 0.122 9.580 ± 1.736

uses a 2-layer LSTM with 512 hidden units. We report mean±std over ten random seeds and syn-
chronize stochastic components across models for fair comparison.
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Table 9 reports test ROI and Sharpe by industry and on average. The wavelet front-end improves
both metrics for every backbone, and LSTM-based models consistently outperform MLP, consistent
with prior evidence that recurrent and attention architectures better capture long-range dependencies
and regime shifts in financial time series Nelson et al. (2017); Moghar & Hamiche (2020); Bao et al.
(2017); Kabir et al. (2025); Mozaffari & Zhang (2024). Overall, WaveLSFormer achieves the best
performance with a parameter budget comparable to LSTM variants, reaching 0.607 ± 0.045 ROI
and 2.157±0.166 Sharpe, compared with 0.225±0.056 ROI and 1.024±0.122 Sharpe for the plain
Transformer. Fig. 9 shows smoother equity growth with smaller draw-downs than the strongest non-
wavelet baselines in Renewable Energy and Retail Consumer Goods.

A.10.2 MODEL COMPLEXITY AND OVERALL PERFORMANCE

Table 1 reports model complexity and trading performance for each backbone with and without
the neural wavelet front-end. MLP is a lightweight reference with 8.146M parameters and 3.468G
FLOPs, while LSTM and Transformer are substantially more expensive at 12.538M/492.614G and
15.928M/665.921G. To rule out brute-force scaling, we report parameters and FLOPs for paired
comparisons within each backbone. The wavelet module introduces only small capacity changes,
increasing parameters to 8.151M for MLP, 13.298M for LSTM, and 15.943M for Transformer. Its
computational overhead is modest, with LSTM FLOPs increasing by 7.8% and Transformer FLOPs
slightly decreasing by 0.9%.

At comparable complexity, the wavelet front-end consistently improves performance. On average,
MLP improves from 0.075 ROI and 0.813 Sharpe to 0.165 and 1.079, and LSTM improves from
0.191 ROI and 1.656 Sharpe to 0.317 and 1.879. WaveLSFormer achieves the best overall ROI and
Sharpe with virtually the same parameter count and slightly fewer FLOPs than the vanilla Trans-
former. It also surpasses Wavelet+LSTM, improving ROI from 0.317 to 0.607 and Sharpe from
1.879 to 2.157. These gains without disproportionate scaling suggest that the improvement is driven
by the inductive bias of the neural wavelet front-end and its integration with the Transformer back-
bone, establishing a new Pareto frontier of performance versus complexity.

Table 9: Per-industry comparison of MLP, LSTM and Transformer backbones with and without the
wavelet front-end. Results are mean ± std over ten seeds. The best in each row is red.

Industry Metric MLP Wav.+MLP LSTM Wav.+LSTM Trans. Wav.+Trans.

Biotechnology ROI 0.041± 0.013 0.092± 0.024 0.106± 0.016 0.173± 0.026 0.124± 0.066 0.601± 0.034
Sharpe 0.405± 0.157 0.553± 0.074 0.823± 0.242 0.934± 0.102 0.511± 0.189 1.695± 0.050

Semiconductors ROI 0.110± 0.035 0.246± 0.064 0.285± 0.043 0.465± 0.069 0.333± 0.021 1.104± 0.053
Sharpe 0.899± 0.349 1.227± 0.164 1.826± 0.537 2.072± 0.227 1.134± 0.035 2.555± 0.081

Renewable Energy ROI 0.053± 0.020 0.139± 0.013 0.159± 0.017 0.221± 0.022 0.169± 0.018 0.423± 0.074
Sharpe 0.851± 0.431 1.490± 0.054 1.482± 0.366 1.656± 0.061 1.173± 0.113 2.775± 0.365

Life Insurance ROI 0.040± 0.013 0.089± 0.023 0.103± 0.015 0.168± 0.025 0.120± 0.010 0.185± 0.004
Sharpe 0.774± 0.301 1.056± 0.141 1.572± 0.462 1.783± 0.195 0.976± 0.086 1.472± 0.039

Medical Devices ROI 0.095± 0.030 0.214± 0.056 0.248± 0.037 0.404± 0.060 0.289± 0.036 0.669± 0.049
Sharpe 0.840± 0.327 0.995± 0.133 1.707± 0.502 1.937± 0.212 1.060± 0.125 1.979± 0.167

Retail Consumer
Goods

ROI 0.110± 0.028 0.208± 0.089 0.245± 0.047 0.471± 0.093 0.317± 0.187 0.659± 0.055
Sharpe 1.110± 0.301 1.154± 0.267 2.527± 0.862 2.895± 0.528 1.291± 0.185 2.465± 0.293

Overall (avg.) ROI 0.075± 0.023 0.165± 0.045 0.191± 0.029 0.317± 0.049 0.225± 0.056 0.607± 0.045
Sharpe 0.813± 0.311 1.079± 0.139 1.656± 0.495 1.879± 0.221 1.024± 0.122 2.157± 0.166
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(a) Renewable Energy

(b) Retail Consumer Goods

Figure 9: Equity curves on the test period for (a) Renewable Energy and (b) Retail Consumer Goods.
For each sector we compare the non-wavelet MLP and LSTM, the wavelet-enhanced MLP and
LSTM, and WaveLSFormer.
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Figure 10: Strategy return curve of renewable energy

Figure 11: Strategy return curve of retail consumer goods

Figure 12: Biotechnology: trading performance curve.
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Figure 13: Life Insurance: trading performance curve.

Figure 14: Medical Devices: trading performance curve.

Figure 15: Semiconductor: trading performance curve.
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