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Abstract

Cross-sectional return prediction is fundamentally a ranking problem: the practical question is often not
the exact magnitude of an individual asset’s future return, but whether a model can distinguish relatively
stronger from relatively weaker assets over a specified investment horizon. This paper develops and evaluates
the Relational Asset Network (RAN), a compact neural architecture designed for that setting. RAN combines a
causal dilated temporal convolutional encoder with a dynamically constructed correlation graph over assets. Each
asset is represented by a 60-session history of 57 causal features. Three one-dimensional convolutions with kernel
size three and dilations one, two, and four form the temporal representation; a ten-nearest-neighbour correlation
graph then allows the asset representations to exchange information through a residual graph convolution. A
shared linear head produces a cross-sectional score for every asset.

The empirical study is based on the supplied research implementation and its saved development-stage
outputs. The primary data are real adjusted OHLCV observations retrieved through the yfinance interface
to Yahoo Finance. The primary evaluated universe contains 56 liquid US-listed ETFs spanning seven asset
classes and 3,657 common observations from 24 June 2008 through 30 December 2022. A separate S&P
500 development run retains 383 equities, 4,411 common dates, and 11 sector groups through 30 December
2022, providing a second universe in which to examine the same specification. The experimental design uses
chronological walk-forward estimation, a one-session execution lag, purged training and validation samples,
training-window-only feature normalization, five-seed model averaging, overlapping-label-aware Newey–West
inference, stationary bootstrap confidence intervals, paired bootstrap comparisons, permutation tests, and
Holm adjustment of the model–horizon testing family. The primary ten-, twenty-, and sixty-session RAN
configurations obtain mean rank ICs of 0.0923, 0.1159, and 0.0807, respectively. Under the supplied 5-basis-point
transaction-cost and 50-basis-point annual short-borrow assumptions, their net Sharpe ratios are 0.556, 0.521,
and 0.156.

The results provide evidence that the complete RAN pipeline produces a positive cross-sectional ranking
signal in the supplied development period. They do not, however, establish that the graph component is
responsible for that performance: the no-graph ablation is statistically close to the full model at ten and twenty
sessions. Nor do they establish post-2023 out-of-sample performance, because the supplied archive contains
the development stage but not the configured frozen final-stage results. The paper therefore treats RAN as a
reproducible empirical research system and identifies the untouched holdout, point-in-time universe construction,
and more realistic execution modeling as necessary subsequent tests.

1 Introduction

The empirical prediction of asset returns has a long history in financial economics, but the object being predicted
determines the appropriate architecture, evaluation procedure, and statistical interpretation. A model that attempts
to forecast the absolute return of one security is solving a different problem from a model whose only purpose is to
order a universe of securities by their subsequent relative performance. The latter formulation is especially natural
for market-neutral portfolio construction because a trading rule can discard the absolute scale of a prediction and
retain only its ordering. RAN is designed explicitly for this second problem.

The economic motivation is connected to the long literature on cross-sectional predictability. The momentum
effect documented by Jegadeesh and Titman [1] demonstrates that relative past performance can contain information
about subsequent returns. Later empirical asset-pricing work has shown that a large collection of firm characteristics
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and their nonlinear interactions can be used by machine-learning methods to improve the approximation of
conditional expected returns [2]. At the same time, the growth of machine learning in finance creates a methodological
problem: a sufficiently flexible research pipeline can produce apparently attractive historical results even when the
underlying signal is weak or absent. The probability of backtest overfitting, multiple testing, data leakage, and
inadvertent use of future information therefore become central concerns rather than secondary implementation
details [9].

The RAN experiment was constructed around these concerns. It does not simply fit a neural network to a
randomly shuffled collection of observations and then evaluate the same distribution. Instead, observations are
organized chronologically, the target is delayed to represent execution, training labels are purged around validation
and test boundaries, feature normalization is estimated only from the appropriate historical training block, and
model selection is performed using a chronological validation block. The resulting model is then evaluated on a
later interval that was not used for parameter selection. The supplied code further implements a development/final
stage separation so that an eventual frozen holdout can be evaluated without being loaded during development.

The architectural question is similarly specific. Financial assets are not independent observations in the economic
sense. Equity indices, sectors, commodities, rates, currencies, and international markets exhibit time-varying
dependence. A purely temporal model that treats every asset independently discards information that is naturally
relational. Conversely, a graph model without an explicit temporal encoder has difficulty representing the local path
of prices, volatility, liquidity, and momentum that precedes a decision date. RAN therefore combines both structures:
each asset first receives an independently encoded temporal representation, after which assets communicate through
a graph whose edges are estimated from recent return correlations.

The architecture is intentionally small. The temporal encoder has three dilated convolutional layers and
the graph stage contains a single residual graph convolution. With 57 input features and a hidden width of
32, the complete model has 12,801 trainable parameters. This is materially smaller than many contemporary
deep-learning architectures and makes the experiment useful as a controlled study of inductive structure rather
than a demonstration of raw model scale.

The paper makes a distinction between the mathematical specification of the algorithm and the empirical
conclusions drawn from the supplied run. The mathematical specification is exact: the feature equations, target
construction, graph construction, temporal encoder, graph layer, loss function, walk-forward procedure, portfolio
weights, cost model, and statistical tests are stated explicitly. The empirical claims are restricted to the saved
results. In particular, no performance is attributed to a post-2022 holdout that is absent from the supplied archive.

2 Research Question and Experimental Scope

The principal research question is whether a compact architecture that jointly represents recent temporal information
and contemporaneous cross-asset relationships can generate useful cross-sectional rankings of a heterogeneous ETF
universe. Formally, for each decision date t, let A denote the number of available assets and let st ∈ RA be the
vector of model scores. The task is to construct st such that the ordering of its components is positively associated
with the ordering of realized forward returns yt.

The experiment considers three holding horizons, H ∈ {10, 20, 60} trading sessions. The signal is generated
at the close of date t, executed one close later, and held for H sessions. This distinction prevents the common
ambiguity in which a model is evaluated against a future return whose starting price is unavailable at the time the
signal is formed.

The empirical universe is the multi-asset configuration supplied with the implementation. It is composed of
exchange-traded instruments representing US equities, US sectors, international equities, fixed income, commodities,
currencies, and real estate. The development-stage data-quality filter leaves 56 instruments. The exact surviving
tickers are:

SPY, QQQ, IWM, DIA, MDY, XLK, XLF, XLE, XLV, XLY, XLP, XLI, XLB, XLU, EFA, EEM, EWJ,
EWG, EWU, EWZ, EWY, EWT, FXI, EWA, EWC, EWH, EWS, EWW, EZU, VGK, TLT, IEF, SHY,
IEI, TIP, LQD, AGG, HYG, MUB, EMB, BND, GLD, SLV, USO, DBC, DBA, UNG, DBB, UUP, FXE,
FXY, FXB, FXA, FXC, VNQ, IYR

The universe is not presented as a point-in-time security master. In particular, it should not be interpreted as a
survivorship-free reconstruction of every instrument that existed during the historical interval. This distinction
is important because a model can appear stronger when instruments that failed to survive until the present are
systematically absent.
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Table 1: Development-stage data panel recorded by the experiment.

Number of assets 56

Number of common sessions 3,657

First usable date 2008-06-24

Last usable date 2022-12-30

Number of asset classes 7

Equal-weight annualized return 5.0951%

Equal-weight annualized volatility 14.3928%

Equal-weight Sharpe 0.3540

Configured holdout boundary 2023-01-01

3 Data Acquisition, Alignment, and Quality Control

The implementation retrieves adjusted Open, High, Low, Close, and Volume observations through yfinance.
The run manifest records yfinance version 0.2.66, Python 3.13.15, NumPy 2.1.3, pandas 2.2.3, SciPy 1.16.3,
PyTorch 2.11.0+cu128, and Matplotlib 3.10.0. The recorded data hash is ec4bb0bf190e185e. The code uses
auto adjust=True, so the OHLC series used in the feature calculations are adjusted by the data provider’s
convention.

The configured download interval begins on 1 January 2008 and ends on 31 December 2025, but the development-
stage universe construction produces a common usable interval from 24 June 2008 through 30 December 2022. The
development stage is deliberately truncated at the configured holdout boundary of 1 January 2023. Consequently,
the dates after that boundary are not part of the numerical results reported here.

Let Ci,t denote the adjusted close of asset i at date t. The daily close-to-close return is

ri,t =
Ci,t

Ci,t−1
− 1. (1)

The master calendar contains dates for which at least half of the downloaded instruments have an observation.
Each candidate asset is then evaluated against this calendar. The supplied quality rule requires coverage of at
least 99.5 percent, a first valid observation within the first ten calendar rows, and strictly positive prices. Missing
observations are forward-filled for no more than three sessions; volume is filled with zero where required by the
alignment routine, and remaining Open, High, and Low gaps are filled from Close.

The resulting panel contains 3,657 common observations and 56 assets. The equal-weight universe itself has an
annualized return of 5.0951 percent, annualized volatility of 14.3928 percent, and Sharpe ratio of 0.3540 over the
development interval. These figures are not a benchmark for RAN’s trading strategy; they describe the underlying
equal-weight panel and provide a reference for the scale of the data.

4 Feature Engineering

The feature system is designed to combine local price dynamics, volatility, intraday structure, liquidity, relative
position within the cross-section, and dependence on the aggregate market. Every feature used for a decision date t
is computable from observations dated t or earlier. This causality condition is more important than the particular
feature list because it defines the information set available to the model.

For each asset, the base feature vector contains 27 quantities. For lags ℓ ∈ {1, 3, 5, 10, 20}, three price-change
families are constructed:

retℓ,t =
Ct

Ct−ℓ
− 1, (2)

high retℓ,t =
Ht

Ht−ℓ
− 1, (3)

and

low retℓ,t =
Lt

Lt−ℓ
− 1. (4)

These fifteen variables encode recent movement in the close, high, and low series at multiple scales.
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Realized volatility is calculated as a rolling standard deviation of daily returns. For w ∈ {5, 20, 60},

volw,t = sd(rt−w+1, . . . , rt). (5)

The inclusion of several windows allows the network to distinguish a short-lived volatility shock from a persistent
change in the local volatility environment.

Relative price strength is also represented by the fourteen-period RSI. With ∆Ct = Ct − Ct−1,

Ut = max(∆Ct, 0), Dt = max(−∆Ct, 0), (6)

and

RSIt = 100− 100

1 + MA14(U)t
MA14(D)t+10−6

. (7)

The small numerical constant prevents division by zero and is an implementation detail rather than an economic
parameter.

The order-flow proxy used in the implementation is

OFIt =
MA5(∆Ct∆Vt)

MA5(Vt) + 10−6
, (8)

where Vt is volume. It should be interpreted as a price-volume interaction proxy, not as a reconstruction of
exchange-level order flow.

Two longer-horizon momentum variables are defined from cumulative daily returns:

mom60,5,t =

59∑
j=0

rt−j −
4∑

j=0

rt−j , (9)

and

mom120,20,t =

119∑
j=0

rt−j −
19∑
j=0

rt−j . (10)

The construction is deliberately different from simply using a single trailing return: it separates a longer cumulative
movement from the most recent short component.

Intraday structure is represented through

overnightt =
Ot

Ct−1
− 1 (11)

and

intradayt =
Ct

Ot
− 1, (12)

together with their twenty-session moving averages. Liquidity is represented by a rolling Amihud-style measure,

amihudt = MA20

(
|rt|
CtVt

)
. (13)

The second part of the feature system introduces cross-sectional information. Let J denote the 22 base features
that are not direct ret variables. For each such feature j, the cross-sectional standardized value is

zi,t,j =
xi,t,j − x̄t,j

sdi(x·,t,j) + 10−9
. (14)

Four additional cross-sectional percentile ranks are calculated for five-day return, twenty-day return, and the two
momentum features. Market-relative momentum is constructed from the equal-weight market return

mt =
1

A

A∑
i=1

ri,t, (15)
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giving

excess momℓ,t =

ℓ−1∑
j=0

(rt−j −mt−j), ℓ ∈ {5, 20, 60}. (16)

Finally, a 60-session rolling beta is computed as

β60,i,t =
Ĉov60(ri,m)

V̂ar60(m) + 10−9
. (17)

The total dimension is therefore
27 + 22 + 4 + 3 + 1 = 57. (18)

Rows preceding the availability of the longest feature history are removed during the warm-up stage.

5 Information Set and Normalization

Let Rw denote the feature rows available to walk-forward window w for the purpose of estimating normalization
parameters. The implementation estimates a mean µj and standard deviation sj separately for each feature using
only the historical rows belonging to that training block. The transformed feature is

x̃i,t,j = clip

(
xi,t,j − µj

sj + 10−6
,−5, 5

)
, (19)

with remaining non-finite values replaced by zero after the transformation.
This operation is deliberately different from computing a global normalization over the entire dataset. A global

mean and standard deviation would permit the statistical distribution of future observations to influence historical
model inputs. In a chronological financial experiment, that would be a form of look-ahead even if the model itself
never directly received future prices.

The training target is also transformed. For each date, the realized forward returns are standardized across the
asset universe:

ỹi,t =
yi,t − ȳt

sdi(y·,t) + 10−6
. (20)

This target transformation makes the optimization problem explicitly cross-sectional. The evaluation stage, however,
uses the original raw forward returns so that the portfolio statistics retain their economic interpretation.

6 Formal Definition of the Prediction Problem

Let L = 60 denote the temporal window length. At decision date t, the model input for asset i is

Xi,t = [x̃i,t−L+1, . . . , x̃i,t] ∈ RL×F , (21)

where F = 57. Stacking all A assets gives
Xt ∈ RA×L×57. (22)

The target corresponding to horizon H and execution lag ℓx = 1 is

y
(H)
i,t =

Ci,t+1+H

Ci,t+1
− 1. (23)

The label span is therefore
σ = ℓx +H. (24)

A target is undefined whenever the future close required by this expression is unavailable.
The model is a function

st = fθ(Xt, At), (25)

where At is the causal asset graph and θ denotes the trainable parameters. The optimization target is not the
portfolio return itself; it is a combination of cross-sectional prediction error and cross-sectional correlation:

L(θ) = 1

BA

B∑
t=1

A∑
i=1

(si,t − ỹi,t)
2 + λ

[
1− 1

B

B∑
t=1

ρ(st, ỹt)

]
, (26)
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where λ = 2 and

ρ(s, y) =

∑
i(si − s̄)(yi − ȳ)

∥s− s̄∥2∥y − ȳ∥2 + 10−8
. (27)

The MSE term constrains the numerical score representation, while the correlation term makes the objective
sensitive to the relative ordering of assets. Because the downstream portfolio uses only the top and bottom score
ranks, the second term is particularly aligned with the final decision rule.

7 Dynamic Correlation Graph

The graph is recomputed at every usable date. Let

Rt = [ri,t−L+1:t]
A
i=1 (28)

be the matrix of trailing returns. Each asset’s vector is standardized over the window:

zi,t,τ =
ri,t−L+τ − r̄i,t

sd(ri,t−L+1:t) + 10−8
. (29)

The sample correlation matrix is then formed by

Ct =
1

L
Z⊤
t Zt. (30)

For each asset i, let NK(i) be the K = 10 assets having the largest correlations with i, excluding i itself. The
raw directed adjacency is

Ăij,t =

{
max(Cij,t, 0), j ∈ N10(i),

0, otherwise.
(31)

The adjacency is symmetrized:

Āt =
1

2
(Ăt + Ă⊤

t ), (32)

and row-normalized:
Ãt = D−1

t Āt, Dt = diag(Āt1). (33)

The implementation stores only neighbour indices and weights rather than a dense graph for every date. This is
computationally important because a dense A × A matrix scales quadratically with the number of assets. The
graph is also causal: every edge at date t is determined solely by returns up to date t.

The conceptual justification for the graph stage is related to graph convolutional networks, where node
representations are updated by aggregating information from neighbouring nodes [4]. RAN does not attempt to
reproduce the exact spectral derivation of the original GCN. It uses a lightweight residual aggregation rule tailored
to a dynamically changing cross-sectional financial graph.

8 Temporal Encoder

The temporal encoder applies the same weights to every asset. This parameter sharing is important: RAN does not
learn a separate neural network for each ticker. Instead, the model learns a common mapping from a 60-session
feature history to a latent representation.

Let u
(0)
i,τ = Xi,t,τ,:. For layer m with dilation dm ∈ {1, 2, 4},

u
(m)
i,τ = ReLU

(
bm +

2∑
k=0

W (k)
m u

(m−1)
i,τ−(2−k)dm

)
, (34)

where positions earlier than the beginning of the sequence are treated as zero. The three layers therefore have a
total receptive field

1 + 2(1 + 2 + 4) = 15. (35)

The implementation realizes this causal construction using padded PyTorch convolutions followed by trimming of
the right-side padded outputs. The architecture is consistent with the broader evidence that temporal convolutional
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networks can provide effective sequence representations and competitive memory relative to recurrent architectures
[3].

After the final convolution, temporal mean pooling gives

h
(0)
i =

1

L

L∑
τ=1

u
(3)
i,τ ∈ R32. (36)

At this point, each asset has a compact representation of its recent local state, but the assets have not yet exchanged
information.

9 Graph Convolution and Score Formation

Let H(0) ∈ RA×32 contain the temporal embeddings. Self-loops are introduced and the adjacency is normalized
again:

Ât = diag
[
(Ãt + I)1

]−1

(Ãt + I). (37)

The graph representation is then

H(1) = ReLU
(
ÂtH

(0)Wg + 1b⊤g

)
+H(0). (38)

The residual term is important because it allows the model to preserve the independently encoded asset representation
even when the graph aggregation is not useful.

The ablation named ran nograph removes this operation by setting

H(1) = H(0). (39)

This creates a direct empirical test of whether the graph stage adds predictive value beyond the feature system and
temporal encoder.

During training, dropout with probability p = 0.5 is applied before the shared linear score head:

si,t = w⊤ Dropout(H
(1)
i ) + b. (40)

With F = 57 and hidden dimension d = 32, the parameter count is

3(3Fd) + 2(3d2) + d2 + d+ d+ 1 = 12, 801, (41)

where the expression accounts for the convolutional weights and biases, graph transformation, and final score head
under the implementation’s parameterization.

10 Training Procedure

The model is trained with Adam using learning rate 10−3 and coupled L2 weight decay of 10−3. Training is
performed for at most 15 epochs, with a cosine-annealed learning-rate schedule. Each batch contains 32 chronological
dates sampled in random order within the training block. Gradient norms are clipped at one. Gaussian input noise
with standard deviation 0.1 is added during optimization.

The validation criterion is mean daily rank IC. After each epoch, the model is evaluated on the chronological
validation block. The parameter state with the highest validation rank IC is retained, and training stops after three
consecutive epochs without improvement. This prevents the test interval from becoming an implicit hyperparameter-
selection set.

Five independently seeded networks are trained per walk-forward window. Their predictions are averaged:

s̄i,t =
1

S

S∑
k=1

s
(k)
i,t , S = 5. (42)

The use of a small seed ensemble is intended to reduce optimization variance without materially changing the
architecture.

The algorithm above is not pseudocode added independently of the experiment; it is a compact formal
representation of the execution logic implemented by the supplied research code.
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Algorithm 1 Leak-free walk-forward RAN evaluation

1: Download adjusted OHLCV data and construct the common calendar.
2: Apply the history, coverage, and positive-price filters.
3: Compute the 57-dimensional causal feature panel.
4: Construct the rolling ten-neighbour correlation graph.
5: Remove the feature warm-up interval.
6: for each horizon H ∈ {10, 20, 60} do
7: for each walk-forward test start ts do
8: Define candidate training observations whose labels are fully realized by ts.
9: Split the latest 20 percent of candidates into chronological validation data.

10: Purge the fit block by the label span σ = H + 1.
11: Estimate feature normalization statistics on the historical training block only.
12: for each of five random seeds do
13: Train the temporal–graph network using MSE plus correlation loss.
14: Select the epoch with maximum validation rank IC.
15: end for
16: Average the five seed predictions on the test block.
17: Rank assets and form the 10 percent long / 10 percent short tranche.
18: Apply the one-day execution lag, H-session holding rule, costs, and borrow.
19: end for
20: Compute IC, ICIR, HAC test statistics, Sharpe, drawdown, bootstrap intervals, and permutation tests.
21: end for

11 Walk-Forward Design and No-Look-Ahead Argument

The training window contains 1,008 observations and advances by 126 observations. Let s0 = L denote the first
usable model row. For a test start ts, the candidate set consists of rows that remain inside the rolling training
window and whose target has been completely realized by ts. The final 20 percent of that candidate set forms the
validation interval.

If v0 denotes the first validation row, the fit set is restricted to

i ≤ v0 − σ, (43)

where σ = H + ℓx. This purge ensures that no fit label depends on a price occurring after the validation boundary.
The test interval begins at ts and extends for the 126-session step. Test features are computed using information

through each test date, while the portfolio is executed at the subsequent close. The training model is then frozen
for that entire test block. The procedure repeats chronologically.

The no-look-ahead argument follows directly. A training sample at i has label prices no later than i+ σ ≤ ts,
while its features and graph depend only on observations no later than i. Validation samples are similarly separated
from the fit set. Test samples use current and historical features, and their future returns are not used until after
the model decision. Thus, conditional on the integrity of the downloaded historical data, the numerical pipeline is
causal with respect to the specified information set.

12 Baselines

The experiment evaluates RAN against five controls. The first is the graph ablation, ran nograph, which retains
the same feature system and temporal encoder while eliminating cross-asset graph aggregation. The second is
Ridge regression. Ridge uses the normalized last-day feature vector and selects its regularization parameter from a
fixed grid using validation rank IC. The third is a 120-minus-20-session momentum score. The fourth is five-session
reversal, implemented as the negative five-session return. The fifth is a random-score null control.

The baseline design is useful because an apparent advantage over random scores is not enough to demonstrate
that the architecture is adding value. A neural model should also be compared with a regularized linear model and
with simple economically interpretable signals. In this experiment, the graph ablation is especially informative
because it holds most of the representation system constant while removing one architectural component.
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13 Portfolio Mapping

The trading layer converts cross-sectional scores into a dollar-neutral portfolio. Let

k = max(1, round(qA)), q = 0.10. (44)

The k highest scores receive positive weights and the k lowest scores receive negative weights:

wi,t =


+

1

2k
, i ∈ Topk(st),

− 1

2k
, i ∈ Bottomk(st),

0, otherwise.

(45)

Therefore, ∑
i

wi,t = 0 (46)

and ∑
i

|wi,t| = 1. (47)

The portfolio uses staggered tranches. A tranche opened at t is held for H sessions, while new tranches are
opened on subsequent dates. The gross return of tranche t is

gt =
∑
i

wi,tyi,t. (48)

Turnover is measured relative to the tranche it replaces:

τt =
∑
i

|wi,t − wi,t−H |. (49)

The supplied cost model is
c = 5× 10−4 (50)

per unit traded notional and

bH =
1

2
(50× 10−4)

H

252
. (51)

The net tranche return is therefore
rt = gt − cτt − bH . (52)

Because the weights depend only on rank membership, any strictly increasing transformation of the scores leaves
the portfolio unchanged. This property makes calibration of the absolute score scale unnecessary for the trading
experiment.

Annualized statistics use 252/H periods per year:

SR =
r̄

sd(r)

√
252

H
, (53)

Rann = r̄
252

H
, (54)

and

σann = sd(r)

√
252

H
. (55)
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14 Statistical Inference

The principal predictive statistic is the daily rank information coefficient,

ICt = ρ (rank(st), rank(yt)) , (56)

with sample mean

IC =
1

n

n∑
t=1

ICt (57)

and

ICIR =
IC

sd(ICt)
. (58)

The rank formulation is consistent with the portfolio construction because both discard monotonic transformations
of the score.

For H > 1, adjacent forward-return labels overlap. Consequently, adjacent IC observations can be serially
dependent. The experiment uses a Newey–West HAC estimator [5]. With lag-ℓ autocovariance γ̂ℓ and bandwidth
H,

σ̂2
NW = γ̂0 + 2

H∑
ℓ=1

(
1− ℓ

H + 1

)
γ̂ℓ, (59)

and

tNW =
IC√
σ̂2
NW /n

. (60)

The reported one-sided probability evaluates the hypothesis that the mean rank IC is positive.
The stationary bootstrap follows the construction of Politis and Romano [6]. The block length is selected as

Lb = max(2H, 5), (61)

so that the bootstrap resampling preserves dependence over a horizon comparable to the overlapping holding period.
The experiment uses 2,000 bootstrap draws.

Paired bootstrap comparisons use the same resampled indices for the two strategies being compared. This
matters because all strategies trade the same underlying observations. An independent bootstrap would destroy
much of the paired dependence and could overstate the uncertainty of a difference.

The probabilistic Sharpe ratio follows the framework of Bailey and Lopez de Prado [8]. On a non-overlapping
return subsample, the statistic is

PSR = Φ

 (ŜR− SR∗)
√
n− 1√

1− γ̂3ŜR+ γ̂4−1
4 ŜR

2

 , (62)

where SR∗ = 0 in the supplied analysis.
The permutation test constructs a null distribution by independently permuting asset identities within each

non-overlapping observation date. If B permutations are generated,

p =
1 +#{b : SRnull

b ≥ SRobs}
1 +B

. (63)

This test asks whether the observed ranking-based portfolio statistic is unusually large relative to a null in which
the cross-sectional assignment of scores carries no information about future returns.

Finally, the one-sided IC p-values across the model–horizon family are adjusted using Holm’s sequentially
rejective procedure [7]. Multiple-testing correction does not remove all forms of research overfitting, but it provides
a formal control for the specified family of hypothesis tests.

15 Empirical Results

Table 2 presents the primary raw RAN results. The 10-session horizon produces a mean rank IC of 0.0923, ICIR of
0.259, Newey–West t statistic of 5.20, gross Sharpe of 0.650, and net Sharpe of 0.556. Its annualized net return is
5.01 percent with annualized volatility of 9.01 percent and maximum drawdown of -17.67 percent.
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Table 2: Primary RAN development results. The Sharpe ratio is calculated on the staggered tranche return series.

H IC ICIR tNW Holm p Gross SR Net SR Ann. Ret. Ann. Vol. Max DD

10 0.0923 0.259 5.20 1.5e-06 0.650 0.556 5.01% 9.01% -17.67%

20 0.1159 0.327 4.71 1.6e-05 0.601 0.521 4.67% 8.97% -15.66%

60 0.0807 0.234 2.13 0.094 0.216 0.156 1.34% 8.62% -12.45%
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Figure 1: Cumulative net return. The figure plots the cumulative evolution of the net staggered long–short
portfolio for the evaluated model configurations. Net returns include the supplied transaction-cost and short-borrow
assumptions. The plot is descriptive: it shows realized development-stage path behavior and does not by itself
establish statistical significance or future persistence.

The 20-session horizon produces the highest mean rank IC, 0.1159, with ICIR 0.327 and Newey–West t = 4.71.
The gross and net Sharpe ratios are 0.601 and 0.521. The annualized net return is 4.67 percent, with annualized
volatility 8.97 percent and maximum drawdown -15.66 percent.

The 60-session horizon produces mean rank IC 0.0807 and ICIR 0.245. Its net Sharpe is 0.156, substantially
below the shorter horizons. The corresponding annualized net return is 1.34 percent, annualized volatility is 8.61
percent, and maximum drawdown is -12.45 percent.

Figure 1 shows the cumulative net return curves generated by the experiment. The figure is important because
a single Sharpe ratio compresses the temporal path of the strategy into one number. The plotted trajectories
show how the realized P&L evolves through different market environments and make drawdown periods visible.
The curves should nevertheless be interpreted as historical development paths rather than evidence that the same
trajectory will recur.

15.1 Comparison with Baselines

Table 3 compares the complete RAN model with the no-graph ablation and three conventional ranking baselines.
At ten sessions, RAN has rank IC 0.0923 compared with 0.0907 for the no-graph model, 0.0416 for Ridge, 0.0367
for momentum, and approximately zero for reversal and random ranking. At twenty sessions, the corresponding
RAN rank IC is 0.1159, while the no-graph model reaches 0.1124 and Ridge reaches 0.0660. At sixty sessions, the
full model has rank IC 0.0807, while Ridge remains a meaningful comparator.

The graph ablation provides the cleanest architectural comparison. The paired bootstrap difference in rank IC
between RAN and RAN without the graph is 0.0016 at ten sessions, with a 95 percent paired interval from -0.0046
to 0.0082. The corresponding Sharpe difference is 0.0683 with interval [-0.0553, 0.2069]. At twenty sessions, the IC
difference is 0.0035 with interval [-0.0068, 0.0146], while the Sharpe difference is only 0.0020 with interval [-0.1510,
0.1449].

These comparisons are central to the interpretation of the model. The full network has a more complicated
inductive structure than the ablation, but the present experiment does not provide strong evidence that the graph
itself creates a large incremental advantage at ten or twenty sessions. The result suggests that much of the predictive
content may already be contained in the causal features and temporal encoder. That is an empirical observation
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Table 3: Raw-score comparison across models and holding horizons.

H Model Rank IC Net SR Ann. Ret. Max DD

10 RAN (CNN+GCN) 0.0923 0.556 5.01% -17.67%

10 RAN w/o graph 0.0907 0.488 4.32% -16.71%

10 Ridge 0.0416 -0.146 -1.30% -23.81%

10 Momentum (120-20d) 0.0367 -0.054 -0.49% -28.16%

10 Reversal (5d) -0.0014 -0.303 -2.75% -27.78%

10 Random 0.0033 -0.472 -2.05% -19.93%

20 RAN (CNN+GCN) 0.1159 0.521 4.67% -15.66%

20 RAN w/o graph 0.1124 0.519 4.62% -16.36%

20 Ridge 0.0660 0.088 0.75% -15.28%

20 Momentum (120-20d) 0.0528 0.004 0.04% -25.34%

20 Reversal (5d) 0.0041 -0.152 -1.29% -17.22%

20 Random 0.0003 -0.209 -0.91% -9.25%

60 RAN (CNN+GCN) 0.0807 0.156 1.34% -12.45%

60 RAN w/o graph 0.0736 0.189 1.59% -15.98%

60 Ridge 0.1325 0.408 3.61% -9.04%

60 Momentum (120-20d) 0.0833 0.198 1.73% -12.19%

60 Reversal (5d) -0.0115 -0.101 -0.83% -11.14%

60 Random -0.0003 -0.100 -0.44% -4.57%

Table 4: Paired bootstrap comparison of RAN and the no-graph ablation.

H ∆IC 95% CI p ∆SR 95% CI p

10 0.0016 [-0.0046,0.0082] 0.321 0.0683 [-0.0553,0.2069] 0.139

20 0.0035 [-0.0068,0.0146] 0.281 0.0020 [-0.1510,0.1449] 0.526

60 0.0071 [-0.0221,0.0434] 0.364 -0.0336 [-0.2211,0.1139] 0.697
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Figure 2: Sharpe-ratio comparison. The forest plot summarizes the Sharpe estimates and their bootstrap
uncertainty across the model–horizon combinations evaluated by the research run. The comparison is intended to
show both the magnitude of the point estimate and the width of the empirical uncertainty interval; it should not
be read as a deterministic ranking of models.

Table 5: RAN net Sharpe under alternative transaction-cost assumptions.

H 0 bp 2.5 bp 5 bp 10 bp 20 bp

10 0.622 0.589 0.556 0.491 0.359

20 0.574 0.547 0.521 0.469 0.364

60 0.187 0.171 0.156 0.124 0.062

about this experiment, not a general statement about graph methods.
Figure 2 visualizes the Sharpe comparisons across the evaluated models. The figure is useful because it places

the RAN result in the context of uncertainty rather than presenting it in isolation. It also makes clear that the
apparent ordering among strategies varies with the horizon.

15.2 Transaction Costs and Turnover

The supplied cost sensitivity experiment varies the transaction cost from zero to 20 basis points while leaving the
remainder of the portfolio construction unchanged. Table 5 reports the net Sharpe ratios for RAN.

At the supplied default of five basis points, the net Sharpe ratios are 0.556, 0.521, and 0.156. At twenty
basis points they become 0.359, 0.364, and 0.062. The decline demonstrates that the apparent economic value is
not independent of execution assumptions. The effect is especially strong at the 60-session horizon because the
underlying gross signal is already comparatively weak.

Figure 3 provides the corresponding visual sensitivity curve. Its role is not merely aesthetic: it exposes whether
a strategy is dependent on a narrow cost assumption. A gradual decline suggests some resilience to moderate cost
misspecification, whereas a rapid collapse would indicate a highly friction-sensitive signal.

15.3 Temporal Stability

A strong aggregate rank IC can conceal periods in which a model performs poorly. The annual diagnostic therefore
reports rank IC and annualized net return by calendar year. The supplied 10-session RAN rank IC is particularly
high in 2012, 2013, 2014, 2017, and 2019, while it becomes weak in 2018 and slightly negative in 2022. The
20-session horizon follows a related but not identical path.

Figure 4 summarizes this temporal variation. The visual distinction between strong and weak years is important
because it prevents the full-sample mean from being interpreted as a constant structural property. In particular,
the model’s positive aggregate statistics coexist with periods in which the ranking signal is small or adverse.

The rolling rank IC in Figure 5 provides a higher-frequency view. Rolling statistics are useful for identifying
regime changes and prolonged weakening, although the overlap between adjacent rolling windows means the plotted
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Figure 3: Transaction-cost sensitivity. Net Sharpe is plotted against the assumed per-unit transaction cost.
The curves are generated directly from the saved cost-sensitivity table and demonstrate how the economic result
changes when execution friction is varied while model scores remain fixed.

Table 6: Annual RAN rank IC by horizon. The 10-session annualized net return is included as a reference for the
corresponding calendar year.

Year IC10 Ann. Ret10 IC20 IC60

2012 0.170 17.48% 0.253 0.302

2013 0.126 5.46% 0.186 -0.106

2014 0.114 10.49% 0.167 0.074

2015 0.066 6.14% 0.033 -0.076

2016 0.057 4.66% 0.109 0.266

2017 0.191 12.92% 0.256 0.303

2018 0.025 -4.21% 0.004 -0.060

2019 0.162 12.38% 0.178 0.107

2020 0.058 -2.31% 0.118 0.162

2021 0.102 -1.09% 0.084 0.106

2022 -0.003 2.03% -0.027 -0.068
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Figure 4: Annual rank IC. Calendar-year rank IC values for the RAN configurations show how the cross-sectional
signal varies over time. The figure is a stability diagnostic rather than a claim that each year constitutes an
independent experiment.
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Figure 5: Rolling rank IC. Rolling rank IC traces the local predictive association between model scores and
subsequent returns. The statistic is intentionally shown as a time series because a full-sample mean can obscure
periods of degradation and recovery.

Table 7: RAN stress-episode diagnostics. Annualized net return is the portfolio statistic calculated over the episode
using the experiment’s annualization convention.

H Episode Rank IC Ann. Net Ret. Rows

10 Aug-2015 / Feb-2016 stress -0.003 3.00% 145

10 Q4-2018 sell-off -0.112 -7.24% 63

10 COVID crash (Feb-Apr 2020) -0.010 -62.65% 52

10 2022 rate-shock bear market -0.003 2.03% 240

20 Aug-2015 / Feb-2016 stress -0.034 0.88% 145

20 Q4-2018 sell-off -0.104 -3.87% 63

20 COVID crash (Feb-Apr 2020) 0.129 -30.01% 52

20 2022 rate-shock bear market -0.027 -3.52% 230

60 Aug-2015 / Feb-2016 stress 0.035 7.43% 145

60 Q4-2018 sell-off 0.022 1.19% 63

60 COVID crash (Feb-Apr 2020) 0.313 16.08% 52

60 2022 rate-shock bear market -0.068 -2.08% 190

observations are not independent. The figure should therefore be interpreted descriptively.

15.4 Stress Episodes

The experiment defines several historically distinct stress episodes. Table 7 reports the RAN values available in the
saved development output.

The stress results are heterogeneous. During the Q4 2018 sell-off, the ten-session RAN rank IC is -0.112 and
annualized net return is -7.24 percent. During the COVID crash, the ten-session rank IC is -0.010 and annualized
net return is -62.65 percent, whereas the sixty-session configuration has a materially different response. This
difference across horizons demonstrates why a single aggregate statistic is insufficient for understanding the model.

The stress analysis therefore does not support a general claim that RAN is crisis-robust. Instead, it documents
a horizon-dependent behavior that should be examined further in a dedicated regime study.

15.5 Decile Profile

The model’s scores can be divided into ten cross-sectional deciles. If the model learns a smooth ranking relation
rather than merely identifying the extreme tails, subsequent returns should vary systematically across the score
distribution. Figure 6 shows the forward-return decile profile saved by the experiment.

A monotonic decile profile would provide evidence that the score contains information across the distribution,
while a result concentrated only in the top and bottom groups would suggest a more threshold-like effect. The
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Figure 6: Forward-return decile profile. Assets are sorted by RAN score and divided into ten cross-sectional
groups. The figure reports mean forward returns by score decile. Its purpose is to inspect the shape of the
cross-sectional relationship rather than only the performance of the extreme long and short tails used in portfolio
construction.

Table 8: RAN permutation-test diagnostics.

H Gross SR Median p Offset p values

10 0.584 0.032 0.036, 0.010, 0.032

20 0.574 0.037 0.037, 0.016, 0.039

60 0.278 0.188 0.125, 0.188, 0.244

supplied figure should be considered together with the IC statistics because neither diagnostic alone establishes
economic persistence.

15.6 Permutation Null

The permutation test provides a distribution-free null control. Asset identities are shuffled within non-overlapping
observations so that the association between the score ordering and future asset returns is removed while preserving
the cross-sectional return distribution.

Figure 7 displays the corresponding null distribution. The ten-session RAN gross Sharpe is 0.584 with median
permutation p = 0.032, while the twenty-session gross Sharpe is 0.574 with median permutation p = 0.037. These
values indicate that the observed ranking statistic is relatively unusual under the specified within-day exchangeability
null. They should not be interpreted as a substitute for an untouched out-of-sample experiment.
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Figure 7: Permutation null distribution. The distribution is generated by randomizing asset-score assignments
within non-overlapping observations. The observed strategy statistic is shown against this null to assess whether
the ranking-based portfolio is unusually strong under exchangeability.
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16 Interpretation of the Architecture

The model can be understood as a sequence of increasingly structured representations. The raw data are first
converted into features that describe each asset’s local state. The temporal encoder then compresses the most
recent 60 sessions into a common latent space. The graph stage introduces information from economically related
instruments as represented by recent return correlations. Finally, the score head maps each relational representation
into a scalar ranking statistic.

This ordering is consequential. The graph is not constructed from the learned embeddings; it is constructed
directly from recent returns. Therefore the graph provides an exogenous-to-the-network relational scaffold rather
than a learned similarity metric. The graph changes through time as correlations change, but its construction
remains transparent and reproducible.

The residual graph layer also means that the network is not forced to use relational information. If aggregation
is unhelpful, the residual pathway can preserve the temporal representation. This is consistent with the observed
similarity between RAN and the no-graph ablation. The experiment suggests that graph information is compatible
with the temporal representation but does not demonstrate that it is indispensable.

The use of a ranking-oriented loss is equally important. A pure MSE objective would encourage numerical
approximation of standardized returns. The correlation term instead encourages the ordering of scores to align
with the ordering of forward returns. Because the portfolio construction uses only the extreme score ranks, this
objective is more directly connected to the downstream decision problem.

17 Parameter Count and Computational Structure

The model’s small parameter count is a deliberate feature. The first convolution maps 57 input channels into 32
hidden channels with a kernel of width three. The next two convolutions operate in the 32-dimensional hidden
space. The graph transformation is a 32-to-32 linear map, followed by a one-dimensional score head.

The computationally expensive part of the experiment is not the neural network parameter count itself. The
dynamic graph construction requires rolling correlation matrices across the entire asset universe, while the walk-
forward design repeatedly trains models over many chronological windows and horizons. The implementation
therefore stores the graph sparsely as neighbour indices and weights and constructs dense adjacency tensors lazily
for each batch.

This separation between model size and experiment size is useful. A model can have only twelve thousand
parameters while still requiring substantial computation because the experiment repeatedly evaluates it over
thousands of cross-sectional dates, multiple horizons, multiple seeds, and multiple bootstrap/permutation procedures.

18 Reproducibility and Experimental Artifact

The run is accompanied by a configuration file, manifest, logs, scores, diagnostic window tables, CSV and LaTeX
result tables, and publication figures. The manifest records the software environment and the data hash. The
supplied configuration records the exact principal settings: 60-session windows, ten graph neighbours, hidden width
32, dropout 0.5, batch size 32, maximum 15 epochs, patience three, five seeds, learning rate 10−3, weight decay
10−3, Gaussian noise 0.1, IC-loss weight two, horizons 10/20/60, 1,008-session training windows, 126-session steps,
20 percent validation, one-session execution lag, ten percent tails, five basis points of transaction cost, fifty basis
points annual borrow, 2,000 bootstrap draws, 1,000 permutations, and seed 42.

The implementation also stores out-of-sample score arrays for every model-horizon combination. This is valuable
because it allows future analysis to be performed on the saved predictions without silently retraining the model. In
a research setting, preservation of the actual predictions is preferable to preserving only aggregate statistics because
it permits independent reconstruction of rank ICs, portfolio weights, turnover, decile profiles, and alternative
statistical tests.

The supplied mathematical specification formalizes the same pipeline and explicitly notes that RAN contains no
attention layer. The formal specification also proves the causality of the temporal encoder and the dollar-neutrality
of the portfolio mapping. These properties are not inferred after observing the results; they follow from the
algorithm itself.
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19 Limitations

The first limitation is universe construction. The multi-asset ETF universe is practical and reproducible, but it
is not a point-in-time database of all instruments that were investable at every historical date. The code itself
warns that its S&P 500 mode is survivorship-biased unless a point-in-time constituent file is supplied. Although
the reported experiment uses the multi-asset universe rather than the default current S&P 500 list, the historical
universe should still not be treated as free from all selection effects.

The second limitation is data provenance. yfinance is an open-source interface to Yahoo Finance rather than a
dedicated institutional market-data vendor. Adjustments, historical revisions, missing values, and vendor-specific
conventions can affect empirical results. Reproducing the experiment with an independent institutional data source
would therefore be an important robustness test.

The third limitation is the development-stage nature of the supplied results. The code supports a final stage in
which the model is trained before a holdout boundary and then applied without retraining. However, the supplied
archive does not contain that final run. The present paper therefore does not make a post-2023 out-of-sample claim.
The development result must be regarded as an intermediate empirical finding.

The fourth limitation concerns transaction costs. The model uses a fixed basis-point cost and fixed annualized
borrow assumption. Actual costs depend on bid–ask spread, market impact, liquidity, order size, borrow availability,
financing conditions, and execution timing. A future study should replace the stylized cost function with asset-specific
liquidity and impact estimates.

The fifth limitation is multiple research choices. The experiment evaluates several horizons and several models.
Holm correction controls the specified family of one-sided IC tests, but it does not correct for every possible
researcher degree of freedom that may exist before the recorded run. The literature on backtest overfitting
emphasizes that repeated experimentation can generate apparently significant results even when the underlying
process contains little predictive information [9].

The sixth limitation concerns the graph itself. A high correlation between two assets does not imply an economic
causal relationship. The graph is a statistical representation of recent co-movement, and it can change rapidly across
regimes. The current experiment does not separately identify whether the graph learns economically meaningful
transmission, common-factor exposure, or simply a useful regularization structure.

The seventh limitation concerns overlapping observations. The Newey–West and bootstrap procedures address
dependence induced by overlapping labels, but no finite-sample procedure completely removes the uncertainty
created by a long historical research program. The effective independent observation count is substantially smaller
than the raw row count for long holding horizons.

20 Discussion

The development results suggest three observations. First, the RAN pipeline generates a meaningful cross-sectional
ranking signal under the specified causal protocol. The positive rank IC is not confined to a random-score null and
survives the specified multiple-testing correction at the ten- and twenty-session horizons.

Second, the economic translation from prediction to portfolio performance is highly sensitive to horizon. The
twenty-session configuration has the highest average rank IC, but the ten-session configuration has the highest net
Sharpe. This divergence illustrates why predictive metrics and portfolio metrics should both be reported. A model
can rank assets well while still producing an unattractive portfolio because of turnover, volatility, or the temporal
aggregation of returns.

Third, the graph component remains an open empirical question. The full model’s rank IC exceeds the no-graph
model by only 0.0016 at ten sessions and 0.0035 at twenty sessions, and the paired intervals contain zero. Therefore
the current data do not justify attributing the majority of the signal to relational aggregation. A stronger causal
test would vary graph construction while holding every other component fixed: no graph, static graph, correlation
graph, shrinkage correlation graph, factor graph, and learned graph. Such a study would reveal whether the graph
is useful because of its topology, its edge weights, or merely the regularizing effect of aggregation.

The results also emphasize the importance of simple baselines. Ridge has positive rank IC at every evaluated
horizon, but its net portfolio performance is substantially weaker than RAN at ten and twenty sessions under the
supplied cost model. This indicates that the nonlinear representation is potentially useful. At the same time, Ridge
remains competitive at the longest horizon, which prevents the conclusion that the neural architecture dominates
simpler methods universally.
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21 Conclusion

This paper has formalized RAN as a causal temporal–graph model for cross-sectional asset ranking. The architecture
begins with 57 causal features calculated from real adjusted OHLCV data, encodes each asset’s recent 60-session
history through a three-layer dilated convolutional network, constructs a ten-neighbour rolling correlation graph,
aggregates information through a residual graph convolution, and produces a scalar score used to form a dollar-neutral
long–short portfolio.

The supplied development experiment covers 56 assets and 3,657 common sessions from June 2008 through
December 2022. Under the specified five-basis-point transaction cost and fifty-basis-point annual borrow assumption,
the ten-, twenty-, and sixty-session RAN configurations produce net Sharpe ratios of 0.556, 0.521, and 0.156,
respectively. A separate S&P 500 development run covers 383 retained equities and 4,411 common dates; its
corresponding raw RAN net Sharpe ratios are 0.494, 0.385, and 0.164, with Holm-adjusted IC probabilities of 0.435,
0.712, and 1.000. This second experiment therefore provides a materially different empirical context without being
treated as an out-of-sample holdout. Mean rank IC is highest at twenty sessions, at 0.1159. The results remain
positive over a range of transaction-cost assumptions, although the magnitude declines as costs increase.

The strongest methodological conclusion is not that RAN has discovered a permanent trading edge. It is that the
experiment provides a reproducible, explicitly causal framework in which such a claim can be tested. The no-graph
ablation demonstrates that the present evidence does not isolate the graph as the source of predictive power. The
stress tests demonstrate horizon-dependent behavior. The cost analysis demonstrates economic sensitivity. The
development/final separation demonstrates that the supplied experiment was designed to permit an untouched
holdout, but the absence of a saved final run prevents that test from being claimed here.

The next empirical stage should therefore be a frozen final evaluation on the post-2023 holdout, performed
exactly once after the research specification is fixed. A stronger version of the study would additionally use a
point-in-time universe, an independent data vendor, asset-specific transaction-cost and borrow models, and a
controlled graph ablation study. Those experiments would determine whether the observed development signal is
robust to the principal sources of historical backtest uncertainty.

A Complete Model Specification

For completeness, the entire RAN mapping can be summarized as follows. Given the adjusted OHLCV panel,
construct the causal feature tensor

Xraw ∈ RT×A×57. (64)

For each walk-forward window, estimate (µj , sj) from the historical training block and transform the feature tensor
using

Xi,t,j = clip

(
Xraw

i,t,j − µj

sj + 10−6
,−5, 5

)
. (65)

Construct the trailing return matrix and correlation graph, producing sparse neighbour indices N10(i) and weights
aij,t. For each date, extract

Xt ∈ RA×60×57. (66)

Apply the causal convolutional encoder:

U (1) = ReLU(Conv3,d=1(Xt)), (67)

U (2) = ReLU(Conv3,d=2(U
(1))), (68)

U (3) = ReLU(Conv3,d=4(U
(2))). (69)

Pool:

H
(0)
i =

1

60

60∑
τ=1

U
(3)
i,τ,:. (70)

Normalize the graph with self-loops:
Ât = D−1

t (Ãt + I). (71)

Apply:
H(1) = ReLU(ÂtH

(0)Wg + 1b⊤g ) +H(0). (72)
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Table 9: Exact primary configuration recorded in the development run.

Parameter Value

Universe Multi-asset ETF universe

Sequence length 60

Number of graph neighbours 10

Hidden width 32

Dropout 0.5

Batch size 32 dates

Maximum epochs 15

Early stopping patience 3

Seed ensemble 5

Learning rate 10−3

Weight decay 10−3

Input noise standard deviation 0.1

Correlation-loss weight 2

Horizons 10, 20, 60 sessions

Training window 1,008 sessions

Walk-forward step 126 sessions

Validation fraction 20%

Execution lag 1 session

Long/short tail 10% / 10%

Transaction cost 5 bps

Annual short borrow 50 bps

Bootstrap draws 2,000

Permutation draws 1,000

Random seed 42

Holdout boundary 2023-01-01

Then:
st = w⊤ Dropout(H(1)) + b. (73)

Train by minimizing:
L = MSE(s, ỹ) + 2(1− ρCS). (74)

For each test date, rank st, construct the top/bottom ten-percent tranche, execute with one-session lag, and evaluate
the H-session forward return. Finally calculate rank IC, ICIR, HAC statistics, portfolio Sharpe, annualized return,
volatility, turnover, drawdown, bootstrap intervals, PSR, permutation p-values, and Holm-adjusted IC probabilities.

B Primary Configuration

C Software and Data Manifest

The recorded computational environment is Python 3.13.15 on Linux 6.6.122, NumPy 2.1.3, pandas 2.2.3,
SciPy 1.16.3, PyTorch 2.11.0+cu128, yfinance 0.2.66, and Matplotlib 3.10.0. The manifest records data hash
ec4bb0bf190e185e. The run was created on 21 September 2026 at 08:43:52.

D Figure Reading Guide

The cumulative-return figure answers the question of how the strategy’s realized capital trajectory evolved. The
Sharpe forest plot answers how the estimated risk-adjusted performance compares across configurations while
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displaying uncertainty. The cost-sensitivity figure asks how much of the result survives when execution friction is
increased. The annual and rolling IC figures ask whether the predictive relationship is temporally stable. The decile
figure asks whether the score contains information throughout the cross-section rather than only at its extremes.
The permutation figure asks whether the portfolio statistic is unusual under a within-date exchangeability null.
Together, these figures are intended to prevent the results section from relying on a single headline statistic.
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Table 10: Primary RAN results on the S&P 500 development universe.

H IC ICIR tNW Holm p Gross SR Net SR Ann. Ret. Max DD

10 0.0157 0.0796 1.80 0.4354 0.588 0.494 4.50% -16.03%

20 0.0157 0.0784 1.27 0.7118 0.467 0.385 3.51% -18.37%

60 0.0065 0.0334 0.34 1.0000 0.226 0.164 1.43% -13.37%

E Cross-Sectional Replication on the S&P 500 Universe

To examine whether the development result depends on the heterogeneous multi-asset ETF universe, the same
research implementation was run separately on an S&P 500 equity universe. This is a second development-stage
experiment, not an independent final holdout. The run used the identical model family, feature construction,
walk-forward protocol, costs, horizons, five-seed averaging, bootstrap procedures, and permutation tests. The
universe construction began from the S&P 500 constituent list available to the implementation, downloaded price
histories for 501 symbols, and retained 383 instruments after the historical-coverage filter. The resulting common
panel contains 4,411 dates from 24 June 2005 through 30 December 2022 and 11 sector groups. The development
stage again stops before the configured 1 January 2023 holdout.

The change in universe materially changes the empirical setting. The multi-asset experiment asks whether a
model can rank instruments across distinct asset classes, whereas the S&P 500 experiment asks whether the same
representation remains informative inside a large, predominantly equity cross-section. The latter universe also has
substantially more assets per date, making the graph and ranking problem larger while reducing the cross-asset
heterogeneity present in the primary experiment.

Table 10 summarizes the primary S&P 500 RAN results. At the ten-session horizon, the raw RAN score has
rank IC 0.0157, Newey–West t = 1.80, net Sharpe 0.494, annualized return 4.50 percent, annualized volatility 9.10
percent, turnover 0.240, and maximum drawdown -16.03 percent. At twenty sessions the corresponding rank IC is
0.0157 and net Sharpe is 0.385. At sixty sessions the rank IC falls to 0.0065 and net Sharpe to 0.164. Unlike the
primary multi-asset experiment, the Holm-adjusted IC probabilities for the three raw RAN horizons are not below
conventional significance thresholds in this S&P 500 development run.

The S&P 500 result therefore provides a useful replication boundary rather than a simple extension of the primary
finding. The model continues to generate positive aggregate net Sharpe ratios under the supplied portfolio and
cost construction, but the cross-sectional ranking statistics are much smaller than in the heterogeneous multi-asset
experiment and do not survive the reported Holm correction. This distinction is retained throughout the paper
rather than treating the two universes as interchangeable evidence.

E.1 Complete S&P 500 Model Comparison

The full S&P 500 result matrix is reproduced below using the saved main results full.csv. As in the primary
experiment, both raw and sector-neutral variants are retained, together with the graph ablation and conventional
ranking controls.

Table 11: Complete S&P 500 predictive statistics from main results full.csv

Horizon Model Variant Rank IC NW t p Holm p ICIR

10 RAN (CNN+GCN) raw 0.0157 1.7956 0.03628 0.4354 0.0796

10 RAN (CNN+GCN) sector-neutral 0.0094 1.7451 0.04048 – 0.0770

10 RAN w/o graph raw 0.0150 1.7090 0.04372 0.481 0.0761

10 RAN w/o graph sector-neutral 0.0093 1.7152 0.04316 – 0.0761

10 Ridge raw 0.0141 1.6940 0.04513 0.481 0.0717

10 Ridge sector-neutral 0.0094 1.6456 0.04992 – 0.0701

10 Momentum (120-20d) raw -0.0020 -0.2313 0.5915 1 -0.0100

10 Momentum (120-20d) sector-neutral 0.0006 0.0943 0.4624 – 0.0041

10 Reversal (5d) raw 0.0125 2.3090 0.01047 0.1571 0.0752

10 Reversal (5d) sector-neutral 0.0123 3.2805 0.0005181 – 0.1094

10 Random raw 0.0003 0.3251 0.3725 – 0.0057

10 Random sector-neutral 0.0000 0.0290 0.4884 – 0.0005

20 RAN (CNN+GCN) raw 0.0157 1.2720 0.1017 0.7118 0.0784

20 RAN (CNN+GCN) sector-neutral 0.0085 1.0727 0.1417 – 0.0663

20 RAN w/o graph raw 0.0128 1.0638 0.1437 0.8623 0.0657

20 RAN w/o graph sector-neutral 0.0080 1.0341 0.1505 – 0.0638
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Horizon Model Variant Rank IC NW t p Holm p ICIR

20 Ridge raw 0.0202 1.6904 0.04548 0.481 0.1007

20 Ridge sector-neutral 0.0119 1.5087 0.06569 – 0.0887

20 Momentum (120-20d) raw -0.0074 -0.6818 0.7523 1 -0.0405

20 Momentum (120-20d) sector-neutral -0.0044 -0.5590 0.7119 – -0.0331

20 Reversal (5d) raw 0.0130 2.3053 0.01057 0.1571 0.0815

20 Reversal (5d) sector-neutral 0.0119 2.9179 0.001762 – 0.1112

20 Random raw -0.0001 -0.0779 0.5311 – -0.0013

20 Random sector-neutral 0.0002 0.2058 0.4185 – 0.0035

60 RAN (CNN+GCN) raw 0.0065 0.3412 0.3665 1 0.0334

60 RAN (CNN+GCN) sector-neutral 0.0069 0.5306 0.2978 – 0.0519

60 RAN w/o graph raw 0.0091 0.5081 0.3057 1 0.0501

60 RAN w/o graph sector-neutral 0.0088 0.7277 0.2334 – 0.0724

60 Ridge raw 0.0319 1.5894 0.05599 0.481 0.1583

60 Ridge sector-neutral 0.0195 1.4486 0.07372 – 0.1437

60 Momentum (120-20d) raw -0.0158 -1.0873 0.8615 1 -0.0974

60 Momentum (120-20d) sector-neutral -0.0106 -0.9798 0.8364 – -0.0892

60 Reversal (5d) raw 0.0125 2.2075 0.01364 0.1773 0.0826

60 Reversal (5d) sector-neutral 0.0095 2.2556 0.01205 – 0.0939

60 Random raw 0.0010 1.1629 0.1224 – 0.0197

60 Random sector-neutral 0.0010 1.2766 0.1009 – 0.0212

Table 12: Complete S&P 500 portfolio and sample statistics from main results full.csv

Horizon Model Variant Gross SR Net SR CI low CI high PSR Ann. ret. Ann. vol. Turnover Max DD

10 RAN (CNN+GCN) raw 0.5883 0.4943 0.0371 0.9623 0.9555 4.50% 9.10% 0.2398 -16.03%

10 RAN (CNN+GCN) sector-neutral 0.6944 0.5589 0.0957 1.0682 0.9802 3.41% 6.09% 0.2279 -11.64%

10 RAN w/o graph raw 0.6492 0.5540 0.0833 1.0353 0.9684 4.96% 8.96% 0.2386 -16.33%

10 RAN w/o graph sector-neutral 0.7590 0.6255 0.1305 1.1228 0.9837 3.83% 6.13% 0.2247 -11.69%

10 Ridge raw 0.4506 0.2434 -0.1716 0.6899 0.8610 2.14% 8.80% 0.6234 -14.23%

10 Ridge sector-neutral 0.5499 0.2682 -0.1505 0.7132 0.9028 1.71% 6.37% 0.6124 -12.03%

10 Momentum (120-20d) raw -0.1109 -0.2277 -0.6401 0.1682 0.1853 -1.98% 8.68% 0.3027 -29.69%

10 Momentum (120-20d) sector-neutral -0.1198 -0.2616 -0.6830 0.1681 0.1242 -1.83% 7.01% 0.2948 -24.94%

10 Reversal (5d) raw 0.3245 -0.0009 -0.3046 0.3121 0.2473 -0.01% 7.51% 0.8714 -14.18%

10 Reversal (5d) sector-neutral 0.4347 0.0055 -0.3076 0.3269 0.3282 0.03% 5.66% 0.8662 -10.91%

10 Random raw 0.0078 -0.9395 -1.1320 -0.7579 0.0033 -2.50% 2.66% 0.9012 -28.52%

10 Random sector-neutral 0.0054 -0.9928 -1.1899 -0.8030 0.0005 -2.50% 2.52% 0.9006 -28.45%

20 RAN (CNN+GCN) raw 0.4673 0.3848 -0.1130 0.8575 0.9602 3.51% 9.13% 0.3997 -18.37%

20 RAN (CNN+GCN) sector-neutral 0.5384 0.4200 -0.1345 0.9127 0.9703 2.60% 6.18% 0.3828 -13.60%

20 RAN w/o graph raw 0.4349 0.3499 -0.1490 0.8191 0.9578 3.10% 8.86% 0.3992 -19.99%

20 RAN w/o graph sector-neutral 0.5859 0.4669 -0.0882 0.9333 0.9832 2.87% 6.14% 0.3824 -12.52%

20 Ridge raw 0.4888 0.3722 -0.0365 0.7772 0.8446 3.32% 8.93% 0.6270 -13.94%

20 Ridge sector-neutral 0.5539 0.3911 -0.0166 0.7824 0.8800 2.48% 6.33% 0.6188 -11.16%

20 Momentum (120-20d) raw -0.1521 -0.2483 -0.6221 0.1498 0.2149 -2.03% 8.17% 0.4243 -28.97%

20 Momentum (120-20d) sector-neutral -0.1049 -0.2213 -0.5995 0.1845 0.2007 -1.47% 6.63% 0.4138 -20.72%

20 Reversal (5d) raw 0.3042 0.1175 -0.1013 0.3311 0.3080 0.85% 7.19% 0.8699 -8.03%

20 Reversal (5d) sector-neutral 0.3556 0.1091 -0.1412 0.3443 0.1515 0.59% 5.43% 0.8658 -6.49%

20 Random raw -0.0406 -0.5648 -0.6908 -0.4434 0.1047 -1.49% 2.64% 0.9009 -18.25%

20 Random sector-neutral -0.0115 -0.5562 -0.6895 -0.4284 0.0094 -1.41% 2.54% 0.9008 -17.31%

60 RAN (CNN+GCN) raw 0.2261 0.1640 -0.1974 0.5207 0.9490 1.43% 8.71% 0.6964 -13.37%

60 RAN (CNN+GCN) sector-neutral 0.2870 0.1965 -0.1834 0.6046 0.9388 1.17% 5.94% 0.6891 -10.11%

60 RAN w/o graph raw 0.2963 0.2299 -0.1440 0.6001 0.9726 1.88% 8.18% 0.7013 -13.05%

60 RAN w/o graph sector-neutral 0.3365 0.2420 -0.1459 0.6255 0.9561 1.37% 5.65% 0.6819 -9.81%

60 Ridge raw 0.4769 0.4147 0.0375 0.8087 0.9608 3.56% 8.59% 0.6758 -11.02%

60 Ridge sector-neutral 0.5735 0.4887 0.1026 0.8710 0.9757 3.06% 6.27% 0.6689 -7.16%

60 Momentum (120-20d) raw -0.0563 -0.1360 -0.4713 0.1947 0.3124 -0.92% 6.76% 0.6915 -18.72%

60 Momentum (120-20d) sector-neutral -0.1007 -0.2009 -0.5320 0.1697 0.2674 -1.08% 5.36% 0.6867 -16.12%

60 Reversal (5d) raw 0.1746 0.0850 -0.0416 0.1967 0.9369 0.58% 6.80% 0.8624 -4.64%

60 Reversal (5d) sector-neutral 0.1662 0.0478 -0.1004 0.1647 0.9063 0.25% 5.13% 0.8573 -4.68%

60 Random raw 0.0233 -0.2077 -0.2935 -0.1339 0.6253 -0.56% 2.71% 0.9019 -7.52%

60 Random sector-neutral 0.0488 -0.1954 -0.2703 -0.1256 0.5238 -0.50% 2.56% 0.9009 -6.82%

E.2 Paired Comparisons and Graph Ablation

The paired bootstrap results show that the full graph model and the no-graph ablation are close in the S&P 500
universe. At ten sessions, the paired IC difference is 0.0007 with a 95 percent interval of [-0.0047, 0.0063], while
the Sharpe difference is -0.0598 with interval [-0.1666, 0.0419]. At twenty sessions the corresponding differences
are 0.0029 for IC and 0.0350 for Sharpe. At sixty sessions the graph model is lower by 0.0026 in IC and 0.0660 in
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Table 13: Paired bootstrap comparisons for the S&P 500 universe.

H Comparison ∆IC CI low CI high pIC ∆SR CI low CI high

10 RAN - RAN w/o graph 0.0007 -0.0047 0.0063 0.4165 -0.0598 -0.1666 0.0419

10 RAN - Ridge 0.0016 -0.0144 0.0177 0.4350 0.2508 -0.1786 0.6880

10 RAN - Momentum (120-20d) 0.0177 -0.0084 0.0440 0.0950 0.7220 0.0507 1.3812

10 RAN - Reversal (5d) 0.0033 -0.0156 0.0228 0.3720 0.4952 0.0000 0.9972

20 RAN - RAN w/o graph 0.0029 -0.0037 0.0095 0.2040 0.0350 -0.0806 0.1577

20 RAN - Ridge -0.0045 -0.0272 0.0204 0.6465 0.0126 -0.4471 0.4492

20 RAN - Momentum (120-20d) 0.0231 -0.0125 0.0559 0.1055 0.6331 -0.0362 1.2464

20 RAN - Reversal (5d) 0.0028 -0.0240 0.0289 0.3965 0.2673 -0.2293 0.7394

60 RAN - RAN w/o graph -0.0026 -0.0139 0.0058 0.6590 -0.0659 -0.1658 0.0154

60 RAN - Ridge -0.0254 -0.0471 -0.0032 0.9870 -0.2508 -0.4551 -0.0420

60 RAN - Momentum (120-20d) 0.0223 -0.0272 0.0679 0.1860 0.3000 -0.1802 0.8146

60 RAN - Reversal (5d) -0.0060 -0.0411 0.0251 0.6405 0.0789 -0.2590 0.4448

Table 14: S&P 500 cost sensitivity: net Sharpe across transaction-cost assumptions.

H Model 0 bps 2.5 bps 5 bps 10 bps 20 bps

10 RAN (CNN+GCN) 0.561 0.528 0.494 0.428 0.294

10 RAN w/o graph 0.621 0.588 0.554 0.487 0.352

10 Ridge 0.422 0.333 0.243 0.065 -0.291

10 Momentum (120-20d) -0.140 -0.184 -0.228 -0.316 -0.492

10 Reversal (5d) 0.291 0.145 -0.001 -0.293 -0.876

10 Random -0.086 -0.513 -0.940 -1.793 -3.500

20 RAN (CNN+GCN) 0.440 0.412 0.385 0.330 0.219

20 RAN w/o graph 0.407 0.378 0.350 0.293 0.179

20 Ridge 0.461 0.417 0.372 0.284 0.107

20 Momentum (120-20d) -0.183 -0.215 -0.248 -0.314 -0.445

20 Reversal (5d) 0.269 0.194 0.118 -0.034 -0.338

20 Random -0.135 -0.350 -0.565 -0.994 -1.851

60 RAN (CNN+GCN) 0.197 0.181 0.164 0.131 0.064

60 RAN w/o graph 0.266 0.248 0.230 0.194 0.122

60 Ridge 0.448 0.431 0.415 0.382 0.316

60 Momentum (120-20d) -0.093 -0.115 -0.136 -0.179 -0.264

60 Reversal (5d) 0.138 0.111 0.085 0.032 -0.074

60 Random -0.069 -0.138 -0.208 -0.346 -0.624

Sharpe. These comparisons do not isolate a statistically clear incremental contribution from the graph under this
experiment.

E.3 Transaction-Cost Sensitivity

The cost grid shows the same qualitative dependence on implementation friction as the primary experiment. For
RAN, ten-session net Sharpe declines from 0.561 at zero cost to 0.294 at 20 basis points. The twenty-session
value declines from 0.440 to 0.219, while the sixty-session value declines from 0.197 to 0.064. The S&P 500 results
are therefore sensitive to turnover and assumed execution costs even though the strategy remains positive in the
reported grid.

E.4 Year-by-Year S&P 500 Behavior

The annual breakdown shows that the aggregate result is assembled from materially different yearly environments.
The ten-session RAN configuration has negative rank IC in 2009, 2011, 2015, 2018, and 2022, while the corresponding
annualized net return is positive in several other years. At the twenty-session horizon, 2011 and 2015 are particularly
weak, while 2016 and 2020 are strongly positive. The sixty-session horizon exhibits positive and negative periods
with substantially lower aggregate risk-adjusted performance. These observations reinforce that the aggregate
statistic should not be interpreted as uniform predictive behavior across time.

Table 15: Annual S&P 500 RAN breakdown.

Horizon Year Rank IC Ann. net return N

10 2009 -0.0332 -8.24% 71

10 2010 0.0473 9.19% 252
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Horizon Year Rank IC Ann. net return N

10 2011 -0.0626 -8.75% 252

10 2012 0.0584 9.69% 250

10 2013 0.0063 4.75% 252

10 2014 0.0273 0.90% 252

10 2015 -0.0313 -5.57% 252

10 2016 0.0648 16.22% 252

10 2017 0.0257 1.71% 251

10 2018 -0.0002 -3.40% 251

10 2019 0.0327 7.84% 252

10 2020 0.0388 18.62% 253

10 2021 0.0162 10.28% 252

10 2022 -0.0059 0.33% 240

20 2009 -0.0334 -4.07% 71

20 2010 0.0715 10.14% 252

20 2011 -0.1230 -16.19% 252

20 2012 -0.0024 1.27% 250

20 2013 0.0370 7.29% 252

20 2014 0.0297 1.80% 252

20 2015 -0.0329 -9.29% 252

20 2016 0.1006 17.73% 252

20 2017 0.0286 2.54% 251

20 2018 -0.0174 -4.93% 251

20 2019 0.0475 5.71% 252

20 2020 0.0835 23.88% 253

20 2021 0.0216 10.47% 252

20 2022 -0.0305 -3.35% 230

60 2009 0.1323 9.83% 71

60 2010 0.1115 8.41% 252

60 2011 -0.1082 -4.37% 252

60 2012 0.0378 2.49% 250

60 2013 0.0044 1.47% 252

60 2014 0.0804 2.95% 252

60 2015 -0.1096 -12.81% 252

60 2016 0.1272 15.24% 252

60 2017 0.0110 1.87% 251

60 2018 -0.0502 -5.14% 251

60 2019 -0.0103 -1.71% 252

60 2020 0.0048 9.33% 253

60 2021 -0.0611 -3.70% 252

60 2022 0.0132 2.32% 190

E.5 Stress Episodes

Stress-period analysis is particularly important for the S&P 500 universe because the cross-section is exposed to
common equity shocks. The saved stress table records negative rank IC during the Euro-crisis episode at ten and
twenty sessions and during the 2015–2016 and Q4 2018 episodes. In contrast, the ten-session COVID interval has
positive rank IC and a positive annualized net return in this particular run. The sixty-session horizon also records
positive COVID-period statistics. These heterogeneous outcomes are reported as historical episode diagnostics
rather than as evidence of regime-specific reliability.

Table 16: S&P 500 RAN stress-episode diagnostics.

Horizon Model Episode Rank IC Ann. net return N

10 RAN Euro crisis (Jul-Dec 2011) -0.0576 -8.33% 127

10 RAN Aug-2015 / Feb-2016 stress -0.0245 -7.88% 145

10 RAN Q4-2018 sell-off -0.0601 -18.88% 63

10 RAN COVID crash (Feb-Apr 2020) 0.0103 7.23% 52

10 RAN 2022 rate-shock bear market -0.0059 0.33% 240

20 RAN Euro crisis (Jul-Dec 2011) -0.1447 -22.01% 127

20 RAN Aug-2015 / Feb-2016 stress -0.0235 -7.63% 145

20 RAN Q4-2018 sell-off -0.0287 -9.83% 63

20 RAN COVID crash (Feb-Apr 2020) 0.1083 28.78% 52

20 RAN 2022 rate-shock bear market -0.0305 -3.35% 230

60 RAN Euro crisis (Jul-Dec 2011) -0.0047 6.00% 127

60 RAN Aug-2015 / Feb-2016 stress -0.1107 -9.53% 145

60 RAN Q4-2018 sell-off 0.0857 4.68% 63

60 RAN COVID crash (Feb-Apr 2020) 0.2790 40.29% 52

60 RAN 2022 rate-shock bear market 0.0132 2.32% 190
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Figure 8: Cumulative net return for the S&P 500 development experiment. The figure is descriptive and
uses the saved development-stage outputs.
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Figure 9: Rolling rank IC for the S&P 500 development experiment. The figure is descriptive and uses the
saved development-stage outputs.
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Figure 10: Sharpe-ratio comparison across S&P 500 models and horizons. The figure is descriptive and
uses the saved development-stage outputs.
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Figure 11: Transaction-cost sensitivity of net Sharpe on the S&P 500 universe. The figure is descriptive
and uses the saved development-stage outputs.
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Figure 12: Annual rank IC for the S&P 500 RAN configurations. The figure is descriptive and uses the
saved development-stage outputs.
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Figure 13: Permutation null distributions for the S&P 500 RAN results. The figure is descriptive and
uses the saved development-stage outputs.
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Figure 14: Cross-sectional decile returns generated by S&P 500 RAN scores. The figure is descriptive
and uses the saved development-stage outputs.

Table 17: Permutation diagnostics for the S&P 500 development run.

Horizon Model Gross Sharpe Median permutation p

10 RAN (CNN+GCN) 0.5628 0.0260

10 RAN w/o graph 0.6037 0.0170

10 Ridge 0.4586 0.0609

10 Momentum (120-20d) -0.1193 0.6733

10 Reversal (5d) 0.1679 0.2887

20 RAN (CNN+GCN) 0.5323 0.0250

20 RAN w/o graph 0.5159 0.0290

20 Ridge 0.4269 0.0639

20 Momentum (120-20d) -0.1144 0.6094

20 Reversal (5d) 0.2410 0.1938

60 RAN (CNN+GCN) 0.4527 0.0609

60 RAN w/o graph 0.5042 0.0450

60 Ridge 0.5552 0.0310

60 Momentum (120-20d) -0.0685 0.6004

60 Reversal (5d) 0.4261 0.0709

E.6 Permutation Diagnostics

The permutation experiment provides a second diagnostic against arbitrary score assignment. The ten-session RAN
gross Sharpe is 0.563 with median permutation p = 0.026, and the twenty-session gross Sharpe is 0.532 with median
p = 0.025. At sixty sessions the corresponding values are 0.453 and 0.061. The permutation results therefore
weaken as the horizon lengthens and should be read alongside the Newey–West and multiple-testing results rather
than as a standalone significance claim.

E.7 S&P 500 Walk-Forward Training Audit

The S&P 500 run also preserves the chronological fitting audit. Each horizon uses 27 RAN walk-forward windows
beginning in September 2009 and ending in December 2022. The fit blocks contain 789 observations for the ten-session
model, 771 for the twenty-session model, and 699 for the sixty-session model, with validation blocks immediately
preceding each test interval. The table below records the validation IC, selected epoch, fit/validation/test counts,
and wall-clock runtime for every RAN window. This makes the S&P 500 experiment auditable at the model-fitting
level rather than only at the aggregate portfolio level.

Table 18: Full S&P 500 RAN walk-forward training audit.

H Window Test start Test end Val. IC Best epoch Fit Val. Test Runtime (s)

10 1 2009-09-22 2010-03-23 0.0105 1.2 789 199 126 43.1

10 2 2010-03-24 2010-09-21 -0.0107 6.8 789 199 126 76.1

10 3 2010-09-22 2011-03-22 0.0555 8.4 789 199 126 92.8

10 4 2011-03-23 2011-09-20 0.0369 0.2 789 199 126 32.0

10 5 2011-09-21 2012-03-21 -0.0448 1.8 789 199 126 44.4

10 6 2012-03-22 2012-09-19 0.0321 5.2 789 199 126 70.7
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H Window Test start Test end Val. IC Best epoch Fit Val. Test Runtime (s)

10 7 2012-09-20 2013-03-25 0.0468 4.2 789 199 126 63.9

10 8 2013-03-26 2013-09-23 0.0372 0.2 789 199 126 33.1

10 9 2013-09-24 2014-03-25 -0.0078 0.6 789 199 126 36.3

10 10 2014-03-26 2014-09-23 0.0146 5.6 789 199 126 75.0

10 11 2014-09-24 2015-03-25 0.0436 0.4 789 199 126 34.6

10 12 2015-03-26 2015-09-23 0.0135 3.8 789 199 126 59.2

10 13 2015-09-24 2016-03-24 -0.0083 2.8 789 199 126 52.9

10 14 2016-03-28 2016-09-22 -0.0186 4.4 789 199 126 65.4

10 15 2016-09-23 2017-03-24 0.0188 1.4 789 199 126 42.4

10 16 2017-03-27 2017-09-22 0.0750 3.8 789 199 126 60.9

10 17 2017-09-25 2018-03-26 0.0122 4.0 789 199 126 62.5

10 18 2018-03-27 2018-09-24 0.0644 0.2 789 199 126 32.9

10 19 2018-09-25 2019-03-27 0.0496 1.2 789 199 126 40.7

10 20 2019-03-28 2019-09-25 0.0179 6.0 789 199 126 78.0

10 21 2019-09-26 2020-03-26 0.0282 6.0 789 199 126 73.2

10 22 2020-03-27 2020-09-24 -0.0098 0.0 789 199 126 31.3

10 23 2020-09-25 2021-03-26 0.0257 1.6 789 199 126 43.9

10 24 2021-03-29 2021-09-24 0.0738 0.2 789 199 126 32.9

10 25 2021-09-27 2022-03-25 0.0412 0.6 789 199 126 36.0

10 26 2022-03-28 2022-09-26 0.0000 1.8 789 199 126 45.3

10 27 2022-09-27 2022-12-30 0.0115 1.2 789 199 56 40.5

20 1 2009-09-22 2010-03-23 0.1098 0.0 771 197 126 31.8

20 2 2010-03-24 2010-09-21 -0.0423 6.6 771 197 126 80.4

20 3 2010-09-22 2011-03-22 0.0755 6.6 771 197 126 82.2

20 4 2011-03-23 2011-09-20 0.0722 0.0 771 197 126 31.4

20 5 2011-09-21 2012-03-21 -0.0298 3.0 771 197 126 54.6

20 6 2012-03-22 2012-09-19 0.0276 6.4 771 197 126 80.4

20 7 2012-09-20 2013-03-25 0.0812 3.2 771 197 126 55.8

20 8 2013-03-26 2013-09-23 0.0622 0.0 771 197 126 31.2

20 9 2013-09-24 2014-03-25 -0.0126 1.6 771 197 126 43.6

20 10 2014-03-26 2014-09-23 -0.0356 1.4 771 197 126 42.1

20 11 2014-09-24 2015-03-25 0.0570 0.8 771 197 126 37.5

20 12 2015-03-26 2015-09-23 0.0187 0.8 771 197 126 37.6

20 13 2015-09-24 2016-03-24 -0.0069 4.8 771 197 126 68.3

20 14 2016-03-28 2016-09-22 -0.0294 5.6 771 197 126 74.3

20 15 2016-09-23 2017-03-24 0.0145 0.4 771 197 126 34.3

20 16 2017-03-27 2017-09-22 0.1263 2.0 771 197 126 46.6

20 17 2017-09-25 2018-03-26 0.0145 2.6 771 197 126 51.5

20 18 2018-03-27 2018-09-24 0.0911 0.0 771 197 126 31.4

20 19 2018-09-25 2019-03-27 0.0489 1.8 771 197 126 45.3

20 20 2019-03-28 2019-09-25 0.0439 6.6 771 197 126 82.3

20 21 2019-09-26 2020-03-26 0.0557 7.4 771 197 126 88.6

20 22 2020-03-27 2020-09-24 -0.0137 0.0 771 197 126 31.4

20 23 2020-09-25 2021-03-26 0.0225 0.8 771 197 126 37.8

20 24 2021-03-29 2021-09-24 0.1193 0.0 771 197 126 31.5

20 25 2021-09-27 2022-03-25 0.0888 1.8 771 197 126 45.3

20 26 2022-03-28 2022-09-26 -0.0134 2.0 771 197 126 46.9

20 27 2022-09-27 2022-12-30 -0.0458 1.6 771 197 46 43.7

60 1 2009-09-22 2010-03-23 0.1494 0.0 699 189 126 28.1

60 2 2010-03-24 2010-09-21 -0.1306 3.4 699 189 126 51.0

60 3 2010-09-22 2011-03-22 0.0904 3.4 699 189 126 51.0

60 4 2011-03-23 2011-09-20 0.1059 0.0 699 189 126 27.7

60 5 2011-09-21 2012-03-21 0.0036 2.2 699 189 126 42.9

60 6 2012-03-22 2012-09-19 0.0766 3.6 699 189 126 52.7

60 7 2012-09-20 2013-03-25 0.1845 1.0 699 189 126 34.6

60 8 2013-03-26 2013-09-23 0.1290 0.0 699 189 126 27.6

60 9 2013-09-24 2014-03-25 -0.0264 1.4 699 189 126 37.2

60 10 2014-03-26 2014-09-23 -0.1299 2.0 699 189 126 41.3

60 11 2014-09-24 2015-03-25 0.0884 0.0 699 189 126 27.7

60 12 2015-03-26 2015-09-23 0.0888 0.6 699 189 126 31.8

60 13 2015-09-24 2016-03-24 0.0190 0.2 699 189 126 29.0

60 14 2016-03-28 2016-09-22 -0.0714 4.8 699 189 126 60.3

60 15 2016-09-23 2017-03-24 -0.0185 2.0 699 189 126 41.4

60 16 2017-03-27 2017-09-22 0.1135 1.2 699 189 126 36.0

60 17 2017-09-25 2018-03-26 -0.0230 3.2 699 189 126 49.5

60 18 2018-03-27 2018-09-24 0.1814 0.2 699 189 126 29.0

60 19 2018-09-25 2019-03-27 0.0986 0.0 699 189 126 27.7

60 20 2019-03-28 2019-09-25 -0.0225 5.4 699 189 126 64.9

60 21 2019-09-26 2020-03-26 0.0010 4.4 699 189 126 58.2

60 22 2020-03-27 2020-09-24 0.0755 10.6 699 189 126 94.0

60 23 2020-09-25 2021-03-26 0.1176 4.2 699 189 126 56.6

60 24 2021-03-29 2021-09-24 0.1076 0.0 699 189 126 27.6

60 25 2021-09-27 2022-03-25 0.0337 0.2 699 189 126 29.1
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H Window Test start Test end Val. IC Best epoch Fit Val. Test Runtime (s)

60 26 2022-03-28 2022-09-26 0.0164 5.6 699 189 126 65.7

60 27 2022-09-27 2022-12-30 -0.0494 2.0 699 189 6 40.9

E.8 S&P 500 Reproducibility Record

The S&P 500 configuration uses the same principal hyperparameters as the multi-asset development run: 60-session
sequences, ten-nearest-neighbour graphs, hidden width 32, dropout 0.5, batch size 32, maximum 15 epochs with
patience 3, five random seeds, learning rate 0.001, weight decay 0.001, feature noise 0.1, IC-loss weight 2.0, a
1,008-row rolling training window, 126-row step, 20 percent validation fraction, one-session execution lag, top
and bottom 10 percent portfolio tails, 5 basis points transaction cost, 50 basis points annual short borrow, 2,000
bootstrap resamples, and 1,000 permutations. The run was executed on Linux with Python 3.13.15 and PyTorch
2.11.0+cu128; its data hash is a5bfcca5417a62f3. The S&P 500 run was created on 21 September 2026 and was
executed with the development stage truncated before the 2023 holdout.

F Complete Empirical Record

The main text reports the primary findings in compact form. This section preserves the complete structured output
of the development run so that the numerical claims can be audited without reconstructing hidden intermediate
selections. The tables below are generated from the saved CSV outputs in the supplied run directory. Values are
reproduced from those files rather than recomputed from rounded headline statistics.

The full result matrix contains 36 model–horizon–variant observations. In addition to the primary RAN
configuration, it records the sector-neutral variant, graph ablation, Ridge, momentum, reversal, and random
controls. The table includes the raw and Holm-adjusted one-sided IC probabilities, bootstrap Sharpe interval,
probabilistic Sharpe ratio, turnover, drawdown, and both raw and effective observation counts.

The complete result matrix is split into two portrait tables to keep the empirical record readable without rotated
pages. The first table contains predictive and statistical quantities; the second contains portfolio and sample
quantities.

Table 19: Complete predictive statistics from main results full.csv

Horizon Model Variant Rank IC NW t p Holm p ICIR

10 RAN (CNN+GCN) raw 0.0923 5.1978 1.01e-07 1.51e-06 0.2589

10 RAN (CNN+GCN) sector-neutral 0.0161 1.8190 0.0345 – 0.0905

10 RAN w/o graph raw 0.0907 5.0241 2.53e-07 3.54e-06 0.2512

10 RAN w/o graph sector-neutral 0.0118 1.3889 0.0824 – 0.0684

10 Ridge raw 0.0416 2.4820 0.0065 0.0588 0.1171

10 Ridge sector-neutral -0.0027 -0.3357 0.6314 – -0.0150

10 Momentum (120-20d) raw 0.0367 2.1534 0.0156 0.0939 0.1055

10 Momentum (120-20d) sector-neutral 0.0091 0.8453 0.1990 – 0.0419

10 Reversal (5d) raw -0.0014 -0.1282 0.5510 1.0000 -0.0044

10 Reversal (5d) sector-neutral 0.0035 0.5181 0.3022 – 0.0185

10 Random raw 0.0033 1.2665 0.1027 – 0.0246

10 Random sector-neutral 0.0026 1.1795 0.1191 – 0.0231

20 RAN (CNN+GCN) raw 0.1159 4.7111 1.23e-06 1.60e-05 0.3267

20 RAN (CNN+GCN) sector-neutral 0.0268 2.2948 0.0109 – 0.1553

20 RAN w/o graph raw 0.1124 4.6817 1.42e-06 1.71e-05 0.3244

20 RAN w/o graph sector-neutral 0.0207 1.8888 0.0295 – 0.1252

20 Ridge raw 0.0660 2.9369 0.0017 0.0166 0.1907

20 Ridge sector-neutral 0.0007 0.0625 0.4751 – 0.0039

20 Momentum (120-20d) raw 0.0528 2.2321 0.0128 0.0896 0.1548

20 Momentum (120-20d) sector-neutral 0.0090 0.6426 0.2602 – 0.0431

20 Reversal (5d) raw 0.0041 0.3345 0.3690 1.0000 0.0128

20 Reversal (5d) sector-neutral 0.0110 1.4975 0.0671 – 0.0584

20 Random raw 0.0003 0.1013 0.4596 – 0.0020

20 Random sector-neutral -0.0003 -0.1303 0.5518 – -0.0026

60 RAN (CNN+GCN) raw 0.0807 2.1258 0.0168 0.0939 0.2343

60 RAN (CNN+GCN) sector-neutral -0.0122 -0.6585 0.7449 – -0.0698

60 RAN w/o graph raw 0.0736 2.0118 0.0221 0.0939 0.2169

60 RAN w/o graph sector-neutral -0.0071 -0.4095 0.6589 – -0.0434

60 Ridge raw 0.1325 3.7125 1.03e-04 0.0011 0.3955

60 Ridge sector-neutral -0.0034 -0.1768 0.5702 – -0.0184

60 Momentum (120-20d) raw 0.0833 2.3645 0.0090 0.0722 0.2494
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Horizon Model Variant Rank IC NW t p Holm p ICIR

60 Momentum (120-20d) sector-neutral 0.0177 0.7949 0.2133 – 0.0836

60 Reversal (5d) raw -0.0115 -0.8049 0.7896 1.0000 -0.0357

60 Reversal (5d) sector-neutral 0.0061 0.7459 0.2279 – 0.0320

60 Random raw -0.0003 -0.1284 0.5511 – -0.0024

60 Random sector-neutral -0.0011 -0.5570 0.7112 – -0.0104

Table 20: Complete portfolio and sample statistics from main results full.csv

Horizon Model Variant Gross SR Net SR CI low CI high PSR Ann. ret. Ann. vol. Turnover Max DD N

10 RAN (CNN+GCN) raw 0.6496 0.5563 -0.0098 1.1644 0.9427 5.01% 9.01% 0.2335 -17.67% 2578

10 RAN (CNN+GCN) sector-neutral 0.0346 -0.0998 -0.6186 0.4264 0.5396 -0.66% 6.63% 0.2531 -19.56% 2578

10 RAN w/o graph raw 0.5830 0.4880 -0.0463 1.0718 0.9363 4.32% 8.85% 0.2336 -16.71% 2578

10 RAN w/o graph sector-neutral 0.0479 -0.0897 -0.6013 0.4066 0.3920 -0.57% 6.32% 0.2446 -15.95% 2578

10 Ridge raw 0.0388 -0.1465 -0.5956 0.3387 0.2679 -1.30% 8.88% 0.5542 -23.81% 2578

10 Ridge sector-neutral -0.2825 -0.5321 -0.9869 -0.0698 0.0241 -3.67% 6.90% 0.5846 -36.63% 2578

10 Momentum (120-20d) raw 0.0596 -0.0539 -0.5819 0.4702 0.4532 -0.49% 9.04% 0.3069 -28.16% 2578

10 Momentum (120-20d) sector-neutral 0.0663 -0.0686 -0.5701 0.4326 0.4964 -0.51% 7.46% 0.2993 -20.33% 2578

10 Reversal (5d) raw -0.0463 -0.3032 -0.5897 0.0132 0.1119 -2.75% 9.08% 0.8273 -27.78% 2578

10 Reversal (5d) sector-neutral -0.0664 -0.3776 -0.6789 -0.0396 0.0094 -2.75% 7.29% 0.8025 -27.17% 2578

10 Random raw 0.1037 -0.4716 -0.6725 -0.2869 0.0409 -2.05% 4.34% 0.8933 -19.93% 2578

10 Random sector-neutral 0.0882 -0.5389 -0.7347 -0.3590 0.0377 -2.14% 3.97% 0.8912 -19.86% 2578

20 RAN (CNN+GCN) raw 0.6015 0.5212 -0.0378 1.1064 0.9478 4.67% 8.97% 0.3728 -15.66% 2568

20 RAN (CNN+GCN) sector-neutral -0.0477 -0.1596 -0.6793 0.3558 0.3906 -1.05% 6.56% 0.3826 -23.55% 2568

20 RAN w/o graph raw 0.6004 0.5192 -0.0392 1.1408 0.9103 4.62% 8.89% 0.3745 -16.36% 2568

20 RAN w/o graph sector-neutral -0.0052 -0.1218 -0.6306 0.3709 0.3695 -0.76% 6.24% 0.3779 -20.64% 2568

20 Ridge raw 0.2052 0.0880 -0.3736 0.5237 0.5268 0.75% 8.50% 0.5921 -15.28% 2568

20 Ridge sector-neutral -0.3172 -0.4708 -0.9042 -0.0482 0.1820 -3.19% 6.79% 0.6293 -33.81% 2568

20 Momentum (120-20d) raw 0.0894 0.0040 -0.4711 0.4724 0.4979 0.04% 9.20% 0.4249 -25.34% 2568

20 Momentum (120-20d) sector-neutral -0.0396 -0.1454 -0.6187 0.2784 0.6411 -1.05% 7.20% 0.4060 -17.51% 2568

20 Reversal (5d) raw -0.0005 -0.1519 -0.3836 0.1129 0.9421 -1.29% 8.52% 0.8280 -17.22% 2568

20 Reversal (5d) sector-neutral 0.0537 -0.1246 -0.3756 0.1509 0.8894 -0.88% 7.10% 0.8089 -16.35% 2568

20 Random raw 0.1054 -0.2091 -0.3524 -0.0691 0.0877 -0.91% 4.36% 0.8919 -9.25% 2568

20 Random sector-neutral 0.0112 -0.3422 -0.4749 -0.2168 0.0361 -1.33% 3.88% 0.8927 -13.00% 2568

60 RAN (CNN+GCN) raw 0.2161 0.1558 -0.2128 0.6087 0.8331 1.34% 8.62% 0.6471 -12.45% 2528

60 RAN (CNN+GCN) sector-neutral -0.3364 -0.4180 -0.7766 -0.0364 0.0184 -2.67% 6.38% 0.6477 -27.62% 2528

60 RAN w/o graph raw 0.2516 0.1894 -0.2376 0.7043 0.7891 1.59% 8.40% 0.6567 -15.98% 2528

60 RAN w/o graph sector-neutral -0.2793 -0.3646 -0.6935 -0.0012 0.0042 -2.20% 6.02% 0.6335 -24.81% 2528

60 Ridge raw 0.4682 0.4083 0.0976 0.7962 0.9077 3.61% 8.85% 0.6667 -9.04% 2528

60 Ridge sector-neutral -0.0953 -0.1761 -0.5265 0.1723 0.3170 -1.18% 6.67% 0.6937 -18.24% 2528

60 Momentum (120-20d) raw 0.2590 0.1982 -0.1802 0.5782 0.6045 1.73% 8.73% 0.6718 -12.19% 2528

60 Momentum (120-20d) sector-neutral 0.0728 -0.0061 -0.4249 0.3696 0.5943 -0.04% 6.59% 0.6468 -13.56% 2528

60 Reversal (5d) raw -0.0289 -0.1012 -0.2619 0.0559 0.3129 -0.83% 8.23% 0.8300 -11.14% 2528

60 Reversal (5d) sector-neutral 0.0405 -0.0478 -0.1767 0.0990 0.2967 -0.32% 6.64% 0.8092 -5.85% 2528

60 Random raw 0.0415 -0.0996 -0.1821 -0.0235 0.4463 -0.44% 4.40% 0.8938 -4.57% 2528

60 Random sector-neutral -0.0069 -0.1680 -0.2360 -0.1017 0.6555 -0.65% 3.85% 0.8918 -6.38% 2528

The paired comparison file provides matched bootstrap differences rather than comparing independently
estimated point statistics. This is the appropriate record for the question of whether RAN differs from a comparator
on the same underlying dates. The graph ablation comparisons are especially relevant because they isolate the
incremental effect of the relational stage while keeping the rest of the pipeline fixed.

Table 21: Complete paired comparisons from paired comparisons.csv

horizon comparison d ic d ic lo d ic hi p ic d sharpe d sh lo d sh hi p sh

10 RAN - RAN w/o graph 0.0016 -0.0046 0.0082 0.3210 0.0683 -0.0553 0.2069 0.1385

10 RAN - Ridge 0.0507 0.0283 0.0744 0.00e+00 0.7027 0.2940 1.1672 0.00e+00

10 RAN - Momentum (120-20d) 0.0556 0.0091 0.1023 0.0060 0.6102 -0.1707 1.4232 0.0665

10 RAN - Reversal (5d) 0.0937 0.0503 0.1393 0.00e+00 0.8595 0.2922 1.5092 0.0020

20 RAN - RAN w/o graph 0.0035 -0.0068 0.0146 0.2810 0.0020 -0.1510 0.1449 0.5260

20 RAN - Ridge 0.0498 0.0166 0.0835 0.0020 0.4331 0.0976 0.8283 0.0040

20 RAN - Momentum (120-20d) 0.0630 -0.0020 0.1305 0.0295 0.5172 -0.2163 1.2956 0.0730

20 RAN - Reversal (5d) 0.1118 0.0537 0.1690 0.00e+00 0.6730 0.1290 1.2460 0.0080

60 RAN - RAN w/o graph 0.0071 -0.0221 0.0434 0.3645 -0.0336 -0.2211 0.1139 0.6965

60 RAN - Ridge -0.0518 -0.1242 0.0104 0.9430 -0.2525 -0.5033 -0.0007 0.9750

60 RAN - Momentum (120-20d) -0.0026 -0.0989 0.0926 0.5010 -0.0424 -0.6022 0.5415 0.5340

60 RAN - Reversal (5d) 0.0923 0.0072 0.1803 0.0170 0.2569 -0.1298 0.7278 0.0985
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The cost grid records the net Sharpe ratio under five transaction-cost assumptions. Because the strategy is
long–short and the score is converted into a portfolio through rank thresholds, turnover is a direct bridge between
statistical prediction and economic implementation. The table therefore forms part of the primary evidence rather
than an auxiliary sensitivity check.

Table 22: Complete transaction-cost sensitivity from cost sensitivity.csv

horizon model 0 bps 2.5 bps 5 bps 10 bps 20 bps

10 RAN (CNN+GCN) 0.6218 0.5890 0.5563 0.4907 0.3595

10 RAN w/o graph 0.5547 0.5214 0.4880 0.4212 0.2876

10 Ridge 0.0107 -0.0679 -0.1465 -0.3035 -0.6168

10 Momentum (120-20d) 0.0319 -0.0110 -0.0539 -0.1397 -0.3111

10 Reversal (5d) -0.0739 -0.1885 -0.3032 -0.5323 -0.9899

10 Random 0.0461 -0.2128 -0.4716 -0.9890 -2.0224

20 RAN (CNN+GCN) 0.5736 0.5474 0.5212 0.4687 0.3637

20 RAN w/o graph 0.5723 0.5457 0.5192 0.4660 0.3596

20 Ridge 0.1757 0.1319 0.0880 0.0003 -0.1750

20 Momentum (120-20d) 0.0622 0.0331 0.0040 -0.0543 -0.1709

20 Reversal (5d) -0.0299 -0.0909 -0.1519 -0.2739 -0.5177

20 Random 0.0480 -0.0806 -0.2091 -0.4662 -0.9798

60 RAN (CNN+GCN) 0.1871 0.1714 0.1558 0.1244 0.0617

60 RAN w/o graph 0.2219 0.2056 0.1894 0.1568 0.0916

60 Ridge 0.4399 0.4241 0.4083 0.3767 0.3136

60 Momentum (120-20d) 0.2304 0.2143 0.1982 0.1661 0.1018

60 Reversal (5d) -0.0592 -0.0802 -0.1012 -0.1431 -0.2270

60 Random -0.0153 -0.0574 -0.0996 -0.1840 -0.3526

Annual breakdowns expose temporal concentration that aggregate statistics can conceal. Each row reports the
annual Rank IC and annualized net return for a model and horizon. These values are descriptive annual slices of
the same development sample and should not be interpreted as independently powered annual hypothesis tests.

Table 23: Complete yearly breakdown from yearly breakdown.csv

horizon model year rank ic ann net ret n rows

10 RAN (CNN+GCN) 2012 0.1701 17.48% 71

10 RAN (CNN+GCN) 2013 0.1260 5.46% 252

10 RAN (CNN+GCN) 2014 0.1136 10.49% 252

10 RAN (CNN+GCN) 2015 0.0664 6.14% 252

10 RAN (CNN+GCN) 2016 0.0574 4.66% 252

10 RAN (CNN+GCN) 2017 0.1907 12.92% 251

10 RAN (CNN+GCN) 2018 0.0247 -4.21% 251

10 RAN (CNN+GCN) 2019 0.1616 12.38% 252

10 RAN (CNN+GCN) 2020 0.0577 -2.31% 253

10 RAN (CNN+GCN) 2021 0.1015 -1.09% 252

10 RAN (CNN+GCN) 2022 -0.0030 2.03% 240

10 RAN w/o graph 2012 0.1725 12.88% 71

10 RAN w/o graph 2013 0.1301 5.14% 252

10 RAN w/o graph 2014 0.1161 8.14% 252

10 RAN w/o graph 2015 0.0580 7.69% 252

10 RAN w/o graph 2016 0.0526 1.26% 252

10 RAN w/o graph 2017 0.1890 12.47% 251

10 RAN w/o graph 2018 0.0272 -3.82% 251

10 RAN w/o graph 2019 0.1393 10.39% 252

10 RAN w/o graph 2020 0.0563 -2.05% 253

10 RAN w/o graph 2021 0.1098 1.14% 252

10 RAN w/o graph 2022 0.0011 0.27% 240

10 Ridge 2012 0.1880 15.72% 71

10 Ridge 2013 0.0788 -1.89% 252

10 Ridge 2014 0.0699 0.17% 252

10 Ridge 2015 -0.0156 -6.22% 252

10 Ridge 2016 -0.0101 -3.90% 252

10 Ridge 2017 0.0962 6.33% 251

10 Ridge 2018 -0.0288 -8.58% 251

10 Ridge 2019 0.1090 8.57% 252

10 Ridge 2020 0.0254 -5.64% 253

10 Ridge 2021 0.0287 -8.15% 252

10 Ridge 2022 0.0206 1.67% 240

20 RAN (CNN+GCN) 2012 0.2525 14.30% 71

20 RAN (CNN+GCN) 2013 0.1860 6.04% 252
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horizon model year rank ic ann net ret n rows

20 RAN (CNN+GCN) 2014 0.1669 10.03% 252

20 RAN (CNN+GCN) 2015 0.0327 2.84% 252

20 RAN (CNN+GCN) 2016 0.1093 7.08% 252

20 RAN (CNN+GCN) 2017 0.2559 9.89% 251

20 RAN (CNN+GCN) 2018 0.0039 -1.15% 251

20 RAN (CNN+GCN) 2019 0.1777 12.34% 252

20 RAN (CNN+GCN) 2020 0.1185 3.42% 253

20 RAN (CNN+GCN) 2021 0.0841 -3.66% 252

20 RAN (CNN+GCN) 2022 -0.0273 -3.52% 230

20 RAN w/o graph 2012 0.2527 15.02% 71

20 RAN w/o graph 2013 0.2153 6.60% 252

20 RAN w/o graph 2014 0.1805 10.14% 252

20 RAN w/o graph 2015 0.0349 4.31% 252

20 RAN w/o graph 2016 0.1195 7.09% 252

20 RAN w/o graph 2017 0.2519 11.68% 251

20 RAN w/o graph 2018 0.0237 2.49% 251

20 RAN w/o graph 2019 0.1376 7.95% 252

20 RAN w/o graph 2020 0.0774 -0.42% 253

20 RAN w/o graph 2021 0.0773 -4.38% 252

20 RAN w/o graph 2022 -0.0472 -2.83% 230

20 Ridge 2012 0.3044 24.26% 71

20 Ridge 2013 0.1729 1.11% 252

20 Ridge 2014 0.1055 4.42% 252

20 Ridge 2015 -0.0439 -5.23% 252

20 Ridge 2016 0.0291 1.98% 252

20 Ridge 2017 0.1556 7.85% 251

20 Ridge 2018 -0.0293 -5.92% 251

20 Ridge 2019 0.1206 6.13% 252

20 Ridge 2020 0.0560 0.72% 253

20 Ridge 2021 0.0521 -2.89% 252

20 Ridge 2022 -0.0341 -8.10% 230

60 RAN (CNN+GCN) 2012 0.3024 5.82% 71

60 RAN (CNN+GCN) 2013 -0.1058 -1.55% 252

60 RAN (CNN+GCN) 2014 0.0738 3.55% 252

60 RAN (CNN+GCN) 2015 -0.0759 1.49% 252

60 RAN (CNN+GCN) 2016 0.2659 6.06% 252

60 RAN (CNN+GCN) 2017 0.3033 6.44% 251

60 RAN (CNN+GCN) 2018 -0.0602 -3.99% 251

60 RAN (CNN+GCN) 2019 0.1072 -0.12% 252

60 RAN (CNN+GCN) 2020 0.1617 6.40% 253

60 RAN (CNN+GCN) 2021 0.1061 -4.90% 252

60 RAN (CNN+GCN) 2022 -0.0681 -2.08% 190

60 RAN w/o graph 2012 0.3353 11.32% 71

60 RAN w/o graph 2013 -0.0522 1.13% 252

60 RAN w/o graph 2014 0.1100 6.26% 252

60 RAN w/o graph 2015 -0.0400 2.22% 252

60 RAN w/o graph 2016 0.2434 5.32% 252

60 RAN w/o graph 2017 0.2722 5.48% 251

60 RAN w/o graph 2018 -0.0664 -2.36% 251

60 RAN w/o graph 2019 0.1321 2.10% 252

60 RAN w/o graph 2020 0.0368 2.89% 253

60 RAN w/o graph 2021 0.0682 -5.40% 252

60 RAN w/o graph 2022 -0.0793 -6.47% 190

60 Ridge 2012 0.4243 16.32% 71

60 Ridge 2013 0.1708 0.83% 252

60 Ridge 2014 0.2073 4.70% 252

60 Ridge 2015 0.0245 0.88% 252

60 Ridge 2016 0.2127 7.00% 252

60 Ridge 2017 0.2966 7.86% 251

60 Ridge 2018 -0.0946 -4.94% 251

60 Ridge 2019 0.1327 3.12% 252

60 Ridge 2020 0.1810 9.53% 253

60 Ridge 2021 0.0274 -1.70% 252

60 Ridge 2022 0.0682 5.74% 190

The stress-episode table records predefined market episodes used by the analysis code. In particular, the
COVID episode shows a large negative annualized net return for the 10-session RAN portfolio despite the aggregate
development-period result. This is an important failure mode and is retained explicitly in the paper.
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Table 24: Complete stress-episode results from stress episodes.csv

horizon model episode rank ic ann net ret n rows

10 RAN (CNN+GCN) Aug-2015 / Feb-2016 stress -0.0028 3.00% 145

10 RAN (CNN+GCN) Q4-2018 sell-off -0.1119 -7.24% 63

10 RAN (CNN+GCN) COVID crash (Feb-Apr 2020) -0.0100 -62.65% 52

10 RAN (CNN+GCN) 2022 rate-shock bear market -0.0030 2.03% 240

10 Ridge Aug-2015 / Feb-2016 stress -0.1069 -16.09% 145

10 Ridge Q4-2018 sell-off -0.0911 -16.12% 63

10 Ridge COVID crash (Feb-Apr 2020) -0.0772 -47.21% 52

10 Ridge 2022 rate-shock bear market 0.0206 1.67% 240

10 Momentum (120-20d) Aug-2015 / Feb-2016 stress 0.0047 -0.96% 145

10 Momentum (120-20d) Q4-2018 sell-off -0.0549 -20.88% 63

10 Momentum (120-20d) COVID crash (Feb-Apr 2020) -0.0972 16.68% 52

10 Momentum (120-20d) 2022 rate-shock bear market -0.0284 -2.28% 240

20 RAN (CNN+GCN) Aug-2015 / Feb-2016 stress -0.0336 0.88% 145

20 RAN (CNN+GCN) Q4-2018 sell-off -0.1037 -3.87% 63

20 RAN (CNN+GCN) COVID crash (Feb-Apr 2020) 0.1294 -30.01% 52

20 RAN (CNN+GCN) 2022 rate-shock bear market -0.0273 -3.52% 230

20 Ridge Aug-2015 / Feb-2016 stress -0.1196 -2.09% 145

20 Ridge Q4-2018 sell-off -0.0652 -7.48% 63

20 Ridge COVID crash (Feb-Apr 2020) 0.0881 -10.89% 52

20 Ridge 2022 rate-shock bear market -0.0341 -8.10% 230

20 Momentum (120-20d) Aug-2015 / Feb-2016 stress 0.0415 3.29% 145

20 Momentum (120-20d) Q4-2018 sell-off -0.1009 -17.87% 63

20 Momentum (120-20d) COVID crash (Feb-Apr 2020) -0.1242 12.73% 52

20 Momentum (120-20d) 2022 rate-shock bear market -0.0280 -3.82% 230

60 RAN (CNN+GCN) Aug-2015 / Feb-2016 stress 0.0345 7.43% 145

60 RAN (CNN+GCN) Q4-2018 sell-off 0.0217 1.19% 63

60 RAN (CNN+GCN) COVID crash (Feb-Apr 2020) 0.3128 16.08% 52

60 RAN (CNN+GCN) 2022 rate-shock bear market -0.0681 -2.08% 190

60 Ridge Aug-2015 / Feb-2016 stress 0.0036 3.35% 145

60 Ridge Q4-2018 sell-off 0.0106 2.53% 63

60 Ridge COVID crash (Feb-Apr 2020) 0.3261 18.93% 52

60 Ridge 2022 rate-shock bear market 0.0682 5.74% 190

60 Momentum (120-20d) Aug-2015 / Feb-2016 stress 0.1333 7.15% 145

60 Momentum (120-20d) Q4-2018 sell-off -0.3086 -19.02% 63

60 Momentum (120-20d) COVID crash (Feb-Apr 2020) -0.0862 9.38% 52

60 Momentum (120-20d) 2022 rate-shock bear market 0.0634 2.95% 190

The permutation table records the gross Sharpe statistic under the within-date asset-label permutation procedure.
The offset-specific values are retained because the null distribution was generated using multiple permutation offsets
rather than summarized by a single scalar alone.

Table 25: Complete permutation diagnostics from permutation tests.csv

horizon model gross sharpe p median p by offset

10 RAN (CNN+GCN) 0.5836 0.0320 0.036, 0.010, 0.032

10 RAN w/o graph 0.5693 0.0400 0.040, 0.061, 0.029

10 Ridge 0.1601 0.3047 0.523, 0.221, 0.305

10 Momentum (120-20d) 0.0641 0.4286 0.429, 0.472, 0.349

10 Reversal (5d) -0.1263 0.6803 0.680, 0.589, 0.824

20 RAN (CNN+GCN) 0.5736 0.0370 0.037, 0.016, 0.039

20 RAN w/o graph 0.6102 0.0210 0.052, 0.015, 0.021

20 Ridge 0.4041 0.0849 0.326, 0.085, 0.078

20 Momentum (120-20d) 0.0796 0.3876 0.388, 0.413, 0.263

20 Reversal (5d) 0.1680 0.2927 0.032, 0.801, 0.293

60 RAN (CNN+GCN) 0.2777 0.1878 0.125, 0.188, 0.244

60 RAN w/o graph 0.3220 0.1558 0.156, 0.147, 0.271

60 Ridge 0.4900 0.0599 0.060, 0.058, 0.112

60 Momentum (120-20d) 0.1352 0.3447 0.345, 0.016, 0.348

60 Reversal (5d) -0.1866 0.6883 0.634, 0.688, 0.735

The universe audit is included to make the data-quality filter explicit. A “kept” asset is one that passed
the coverage and history requirements used by the development run. This is not equivalent to a point-in-time
investability audit.
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Table 26: Complete asset-universe audit from universe audit.csv

ticker status coverage

SPY kept 1.0

QQQ kept 1.0

IWM kept 1.0

DIA kept 1.0

MDY kept 1.0

XLK kept 1.0

XLF kept 1.0

XLE kept 1.0

XLV kept 1.0

XLY kept 1.0

XLP kept 1.0

XLI kept 1.0

XLB kept 1.0

XLU kept 1.0

EFA kept 1.0

EEM kept 1.0

EWJ kept 1.0

EWG kept 1.0

EWU kept 1.0

EWZ kept 1.0

EWY kept 1.0

EWT kept 1.0

FXI kept 1.0

EWA kept 1.0

EWC kept 1.0

EWH kept 1.0

EWS kept 1.0

EWW kept 1.0

EZU kept 1.0

VGK kept 1.0

TLT kept 1.0

IEF kept 1.0

SHY kept 1.0

IEI kept 1.0

TIP kept 1.0

LQD kept 1.0

AGG kept 1.0

HYG kept 1.0

MUB kept 1.0

EMB kept 1.0

BND kept 1.0

GLD kept 1.0

SLV kept 1.0

USO kept 1.0

DBC kept 1.0

DBA kept 1.0

UNG kept 1.0

DBB kept 1.0

UUP kept 1.0

FXE kept 1.0

FXY kept 1.0

FXB kept 1.0

FXA kept 1.0

FXC kept 1.0

VNQ kept 1.0

IYR kept 1.0

The saved execution log also records the chronological walk-forward training behavior of the full RAN model.
The following table extracts every RAN test window from the log, including its validation IC, selected epoch, fit-row
count, and wall-clock runtime. This provides an audit of the repeated model-fitting procedure rather than only its
final aggregate output.

Table 27: Full RAN walk-forward training audit extracted from run.log

horizon window test start test end fit rows val ic best epoch runtime

10 1 2012-09-18 2013-03-21 789 0.0415 1.0 50.4s

10 2 2013-03-22 2013-09-19 789 0.1408 0.8 44.8s
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horizon window test start test end fit rows val ic best epoch runtime

10 3 2013-09-20 2014-03-21 789 0.1713 0.2 40.0s

10 4 2014-03-24 2014-09-19 789 0.0469 0.2 39.5s

10 5 2014-09-22 2015-03-23 789 0.1561 1.6 53.1s

10 6 2015-03-24 2015-09-21 789 0.1954 1.2 49.2s

10 7 2015-09-22 2016-03-22 789 0.1044 4.2 77.1s

10 8 2016-03-23 2016-09-20 789 0.0483 1.4 50.9s

10 9 2016-09-21 2017-03-22 789 0.0372 6.0 90.7s

10 10 2017-03-23 2017-09-20 789 0.1193 4.4 79.4s

10 11 2017-09-21 2018-03-22 789 0.1133 1.4 51.1s

10 12 2018-03-23 2018-09-20 789 0.124 2.0 56.7s

10 13 2018-09-21 2019-03-25 789 0.1241 4.0 75.6s

10 14 2019-03-26 2019-09-23 789 0.1136 9.6 124.7s

10 15 2019-09-24 2020-03-24 789 0.0896 2.4 60.5s

10 16 2020-03-25 2020-09-22 789 0.0446 1.6 53.0s

10 17 2020-09-23 2021-03-24 789 0.0266 0.2 39.7s

10 18 2021-03-25 2021-09-22 789 0.0854 0.4 41.7s

10 19 2021-09-23 2022-03-23 789 0.1222 1.8 54.8s

10 20 2022-03-24 2022-09-22 789 0.0748 1.2 49.1s

10 21 2022-09-23 2022-12-30 789 0.0575 0.4 41.6s

20 1 2012-09-18 2013-03-21 771 0.0246 0.0 38.1s

20 2 2013-03-22 2013-09-19 771 0.1557 0.0 37.7s

20 3 2013-09-20 2014-03-21 771 0.2552 0.0 37.8s

20 4 2014-03-24 2014-09-19 771 0.0308 0.0 37.9s

20 5 2014-09-22 2015-03-23 771 0.2071 1.4 51.0s

20 6 2015-03-24 2015-09-21 771 0.2502 0.2 39.6s

20 7 2015-09-22 2016-03-22 771 0.1224 2.0 56.5s

20 8 2016-03-23 2016-09-20 771 0.0477 3.4 69.8s

20 9 2016-09-21 2017-03-22 771 -0.0306 2.0 56.9s

20 10 2017-03-23 2017-09-20 771 0.1716 2.8 64.4s

20 11 2017-09-21 2018-03-22 771 0.1399 1.2 49.1s

20 12 2018-03-23 2018-09-20 771 0.1537 1.8 54.6s

20 13 2018-09-21 2019-03-25 771 0.1568 4.6 81.1s

20 14 2019-03-26 2019-09-23 771 0.143 5.0 85.2s

20 15 2019-09-24 2020-03-24 771 0.1267 4.4 77.6s

20 16 2020-03-25 2020-09-22 771 0.0469 0.2 39.8s

20 17 2020-09-23 2021-03-24 771 0.0379 0.0 37.8s

20 18 2021-03-25 2021-09-22 771 0.0495 0.2 39.7s

20 19 2021-09-23 2022-03-23 771 0.108 2.8 64.3s

20 20 2022-03-24 2022-09-22 771 0.0555 0.6 43.5s

20 21 2022-09-23 2022-12-30 771 -0.0057 0.2 39.6s

60 1 2012-09-18 2013-03-21 699 -0.0277 0.6 38.5s

60 2 2013-03-22 2013-09-19 699 0.0138 0.4 36.3s

60 3 2013-09-20 2014-03-21 699 0.1305 0.0 33.2s

60 4 2014-03-24 2014-09-19 699 -0.1089 2.4 52.9s

60 5 2014-09-22 2015-03-23 699 0.1113 2.0 49.6s

60 6 2015-03-24 2015-09-21 699 0.2556 0.8 39.8s

60 7 2015-09-22 2016-03-22 699 0.2193 0.4 36.5s

60 8 2016-03-23 2016-09-20 699 -0.0552 1.4 44.6s

60 9 2016-09-21 2017-03-22 699 -0.054 2.2 51.3s

60 10 2017-03-23 2017-09-20 699 0.0536 2.8 56.2s

60 11 2017-09-21 2018-03-22 699 0.1622 0.4 36.5s

60 12 2018-03-23 2018-09-20 699 0.2909 0.6 38.2s

60 13 2018-09-21 2019-03-25 699 0.1085 2.0 49.8s

60 14 2019-03-26 2019-09-23 699 0.0758 4.0 66.2s

60 15 2019-09-24 2020-03-24 699 0.0959 3.2 59.3s

60 16 2020-03-25 2020-09-22 699 0.1079 0.6 38.0s

60 17 2020-09-23 2021-03-24 699 0.1083 0.0 33.2s

60 18 2021-03-25 2021-09-22 699 -0.0061 0.0 33.1s

60 19 2021-09-23 2022-03-23 699 -0.0161 2.6 54.4s

60 20 2022-03-24 2022-09-22 699 0.1819 2.4 52.9s

60 21 2022-09-23 2022-12-30 699 -0.063 0.0 33.1s

Several implementation-level facts are visible in this audit. The development run constructs 21 walk-forward
windows for each of the three horizons. For the 10-session horizon the fit block contains 789 observations per
window; for the 20-session horizon it contains 771; and the corresponding 60-session windows use the longer label
purge implied by the horizon. The recorded log shows that validation IC varies substantially across windows,
including periods of weak or negative validation association. The final reported statistics are therefore averages and
portfolio aggregations across a heterogeneous sequence of market conditions, not a single favorable split.

The run log also records the computational sequence: 56 instruments were downloaded and retained, the first
120 rows were removed during feature warm-up, the graph was constructed over 4,408 candidate rows before the

36



final development truncation, the holdout beginning 1 January 2023 was never loaded, and the final development
panel contains T = 3657, A = 56, and F = 57. The recorded device was CUDA. These operational details are
included because reproducibility depends not only on mathematical equations but also on knowing exactly what
data were available to the training process.

le summary number.
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