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Abstract

Motivated by recent progress in long-context sequence modelling, this study
examines whether modern forecasting methods can support intermediate-horizon
equity selection and whether a bounded numerical memory can make their
evidence more inspectable. We implement a memory-centered framework in
which forecasts are constructed from eligible historical records, their completed
63-session returns, and an explicit aggregation rule; the memory can operate
independently or alongside neural predictors. The evaluation compares 16 policies
across 103 equities in six markets, represented by 204 continuous market/run
accounts over 1,568 union sessions from 2020 through 2025. Similarity memory
averages the outcomes of 25 precedents selected by Euclidean distance between
standardized, six-session-pooled annual feature windows. Controls include random
eligible precedents, an unconditional historical mean, plain nearest neighbours,
ridge and neural predictors, momentum, and passive equal weight. Passive equal
weight has the highest mean-market Sharpe (0.636) and six-year annualized
return (11.91%). Similarity memory records Sharpe 0.245 and annualized return
2.99%, below random memory (0.423) and the historical prior (0.352). All six
prespecified memory contrasts are negative, and neither these comparisons nor the
two gate-versus-mixture contrasts reject at the 5% level after Holm adjustment.
A complete six-fold execution generated more than four million policy predictions;
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its summaries report full required-forecast coverage and reproduce the primary
analysis. The framework makes the retrieval calculation decomposable, but the
multi-year evidence does not show that similarity selection improves portfolio
performance.

Keywords: Historical analogue retrieval, Equity selection, Time-series representation,
Portfolio evaluation, Selective prediction, Financial machine learning

JEL Classification: C45 , C52 , C58 , G11 , G17

1 Introduction

Recent work on Transformers raised a practical question for this study: can sequence
models that represent long contexts also support equity decisions held for more than
a few sessions? Financial forecasting makes that extension difficult. Outcomes arrive
slowly, market regimes change, and a forecast that appears accurate on average may
still produce poor selections after trading costs and path-dependent exits. We therefore
study a 63-exchange-session target and evaluate the resulting signals through a common
portfolio engine rather than treating forecast accuracy alone as sufficient evidence.

A second motivation was to make the basis of a decision easier to inspect. Instead of
adding a language model or an open-ended retrieval-augmented generation layer, we use
a bounded, task-specific memory of numerical market states and completed outcomes.
The memory runs alongside the forecasting models and can also be evaluated on its
own. For any admitted query, its calculation is defined by the eligible records, their
distances, their realized forward returns, and the aggregation rule. This construction
does not make the forecast correct by design, but it makes the retrieval contribution
identifiable and, when the query and neighbour records are retained, reviewable at
case level.

The empirical design separates two questions that are sometimes conflated. First,
does the framework provide a reproducible route from historical evidence to a forecast
and then to a position? Second, does similarity-based selection add investment value
relative to simpler alternatives? The memory bank stores pooled annual feature windows
and completed outcomes, admits records only after their labels have matured, and
excludes exact same-ticker matches. At each query it selects 25 precedents and averages
their subsequent returns. The resulting forecast can stand alone or be combined with
a temporal Transformer or multilayer perceptron (MLP) through a fixed mixture or
an adaptive gate. Random retrieval, an unconditional historical prior, conventional
predictors, momentum, and passive equal weight provide matched references under
the same execution rules.

The final evaluation spans 2020–2025 and maintains separate portfolios for six
markets. Its most important result is also the one that differed from the earlier single-
year development evidence. Passive equal weight has the strongest mean-market Sharpe,
while similarity memory trails random memory by 0.1777 and the historical prior
by 0.1070. Neither difference is statistically resolved, and every prespecified memory
contrast has a negative point estimate. The experiment does not identify one cause for
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this reversal: broader regime coverage, the chosen pooled representation, Euclidean
distance, and the corrected production protocol may all matter. We therefore report it
as negative evidence about the implemented similarity rule, not as a general rejection
of historical memory.

The main contribution is a specified interface between memory construction, neigh-
bour selection, forecast aggregation, optional neural mixing, and portfolio execution. It
allows the retrieval mechanism to be audited separately from the neural predictor and
tested against controls that preserve the same eligible information set. The empirical
contribution is a matched comparison of 16 policies with paired inference for the same
mean-market Sharpe statistic shown in the performance table. The Transformer and
MLP are comparison backbones rather than new neural architectures, and the paper
does not claim that the memory layer guarantees reliability, correctness, or regulatory
compliance.

2 Related work

Multivariate Transformers learn contextual representations from temporal inputs
(Zerveas et al. 2021), while PatchTST uses patching and channel-independent processing
for forecasting (Nie et al. 2023). These approaches motivate comparisons, not an
assumption that a forecasting representation automatically defines a useful distance
space. The mean-pooled multivariate Transformer evaluated here is not a PatchTST
replication: it averages six daily rows before feature projection and uses a single
multivariate stream.

Retrieval augmentation separates a parametric model from an external collection
of examples. Language-model retrieval (Borgeaud et al. 2022) and multi-horizon
forecasting with retrieval augmentation (Yang et al. 2022) demonstrate ways to
combine these information sources. Their success does not establish the incremental
value of equity analogues, where outcomes are delayed and market conditions change.
We therefore compare similarity-based retrieval with random eligible records and a
historical-prior policy rather than treat retrieval itself as evidence of useful information.

Momentum provides an established financial reference (Jegadeesh and Titman 1993),
while its risk properties vary across episodes (Barroso and Santa-Clara 2015; Daniel
and Moskowitz 2016). Here division by volatility is fixed across forecast-producing
policies. It is an allocation transformation, not a security-level Sharpe estimate. A
positive constant forecast already produces inverse-volatility ranking, making the
historical-prior comparator important.

Model selection and backtest inspection can exaggerate apparent performance dif-
ferences (Cawley and Talbot 2010; Bailey and López de Prado 2014). Serial dependence
complicates Sharpe comparisons (Ledoit and Wolf 2008). The fixed-length moving-
block construction follows the dependent-observation bootstrap framework of Künsch
(1989); Politis and Romano (1994) provides related stationary-bootstrap context. The
reported reanalysis uses synchronized moving calendar-week blocks and symmetric
intervals, without establishing exact finite-sample coverage.
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3 Data, predictions, and historical memory

3.1 Universe, observations, and chronology

The panel contains 103 retained equities: United States 18, India 18, China 18, Brazil
15, France 17, and United Kingdom 17. It was selected from 108 requested liquid
securities using continuity and venue criteria. The accompanying identifier manifest
records the retained and excluded securities. The panel is survivorship-conditioned
rather than a point-in-time historical constituent universe.

Inputs comprise 23 technical price–volume features covering returns and momentum,
volatility, volume, moving-average relations, drawdown, and price location. The scaler
is fitted once per fold on all admitted training rows pooled across the six markets
from 2013 through the fold cutoff, uses population standard deviations floored at 10−4,
and clips standardized values to [−5, 5]. Online Resource 1 provides the exact feature
dictionary. The prediction window for a close-t decision excludes the current session
and ends at t− 1:

Xi,t = [x̃i,t−252, . . . , x̃i,t−1]
⊤ ∈ R

252×23. (1)

The pooled-window systems construct 42 non-overlapping six-session means,

Xi,t,p,f =
1

6

5∑

a=0

Xi,t,6p+a,f , p = 0, . . . , 41, (2)

Here the row index of X is zero-based and f = 1, . . . , 23, yielding 966 values after
flattening. This spans the full year but removes within-patch daily order. We therefore
call it a pooled input window, not an uncompressed daily window. Let Cmodel

i,t denote

the causal model-price close used by feature and label construction, and let Otrade
i,t

and Ctrade
i,t denote the raw as-traded open and close used by the portfolio engine. The

stored target is

r63i,t =
Cmodel

i,t+63

Cmodel
i,t

− 1 (3)

on the native exchange calendar. This is a forecasting label and ranking proxy, not the
payoff directly traded by the portfolio. A close-t signal is executed at Otrade

i,t+1, pays entry
costs, and may exit before the 63-session ceiling through the trailing rule; consequently
the label includes a close-to-next-open interval that is not executable after signal
formation and ends at a different price and potentially different date from the realized
trade. The reported portfolio returns are calculated from the actual simulated fills
and exits, but the study does not claim that minimizing label error is identical to
maximizing net traded return.

The final release uses six annual walk-forward folds. For evaluation year y ∈
{2020, . . . , 2025}, neural training records and memory-bank origins end by 31 December
of year y − 3, validation queries use year y − 2, and mixture/gate development uses
year y − 1. Neural checkpoints use seeds 7, 17, and 37. Completed 63-session labels
and 126-session memory-maturity windows must be available by the applicable cutoff.
Account state is continuous across fold boundaries rather than restarted annually. The
release contains 204 market/run accounts and 1,568 union sessions from 1 January
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2020 through 31 December 2025. The repaired query identities restore admission after
the fold boundary, but the protocol and evaluation history were inspected during
development; the comparison is not presented as an untouched confirmation test.

The model-price adapter defines a base-100 causal series by

Cmodel
i,t = Cmodel

i,t−1

Si,tC
trade
i,t +Di,t

Ctrade
i,t−1

, (4)

where Si,t is the split ratio and Di,t is the cash distribution per pre-action share.
Features and targets use the corresponding model-price OHLC and split-normalized
volume, whereas fills, valuation, and stops use raw as-traded prices. In the public
production runner, this adapter is called with an empty action list and quote-unit
multiplier 1.0; the tracked release therefore does not demonstrate ingestion of nontrivial
split, dividend, or quote-unit records. The vendor cache was assembled retrospectively
rather than preserved as contemporaneous point-in-time snapshots. The universe is not
a historical constituent panel and no point-in-time-universe claim is made. The results
remain research simulations with data-vintage, corporate-action, and survivorship
limitations.

3.2 Memory-only prediction and selection controls

A historical record contains an identifier, market, origin, pooled window, and completed
forward outcomes. Each fold constructs its memory bank only from history permitted
by that fold’s chronology. Admission retains a completed 126-session outcome window
on the precedent’s exchange calendar, even when the predictor uses only the 63-session
return. Required outcome availability must precede the query; an origin-date cutoff
alone is insufficient.

The global eligible pool excludes exact same-ticker records. Selected origins from
the same ticker must be at least 21 native sessions apart, with at most three selected
precedents per ticker. These controls do not establish issuer/affiliate-wide isolation
or independence of overlapping 63-session outcomes. Let ui,t = vec(Xi,t). Similarity
retrieval scans records in increasing distance

d(i, t; j) = ∥ui,t − uj∥22 (5)

and accepts the first k = 25 satisfying the restrictions. Its forecast is

r̂mem
i,t =

1

25

∑

j∈Ni,t

r63j . (6)

For every admitted query, Equation 6 is exactly decomposable into the eligibility checks,
25 selected record identifiers, their distances and stored returns, and the uniform
aggregation weights. These objects provide a citation-like audit trail that documents the
empirical basis of the forecast and permits the signal-formation process to be inspected
and reconstructed. The sealed pipeline reports complete required-forecast coverage and
fallback status, but the coverage manifest and query-level neighbor records are omitted
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from the tracked compact release and therefore cannot be independently inspected
there. Exhausting a provisional candidate buffer is not equivalent to exhausting the
eligible pool; expansion and insufficient-neighbor handling are part of the fixed retrieval
configuration.

Random memory replaces distance order with random priority and applies the same
finite-neighbor restrictions. Seeds 7, 17, and 37 produce separate executed policies, not a
forecast-averaged ensemble. Its pseudorandom stream is derived from the bank identity,
fold year, corrected query identifier, and master seed; the final recovery regenerated
this control where the earlier fold-prefix defect changed that seed. This is constrained
random-priority retrieval, not necessarily uniform sampling over all feasible sets.

Plain KNN uses the same 966-dimensional standardized pooled input, squared
Euclidean distance, k = 25, arithmetic target mean, exact same-ticker exclusion, record-
ID tie break, and unconditional-mean fallback as similarity memory, but removes
the three-per-ticker cap and 21-session within-ticker spacing rule. Annual ridge is
refit once per fold on admitted training records through 31 December of y − 3. It
predicts the 63-session model-price return from the 966-dimensional pooled vector
using deterministic float64 ridge regression, equal total weight for each represented
market, penalty 0.001∥β∥22, and an unpenalized intercept; it has no seed realization.

The historical-prior policy supplies the unconditional memory-bank target mean
to every query without nearest-neighbor selection. With a fixed fold-specific bank, its
constant forecast has undefined Spearman correlation and, after volatility normalization,
induces inverse-volatility ranking when positive. It is an unconditional economic
baseline that differs from similarity memory in localization and query-ticker eligibility;
it is not an isolating test of local conditioning. Figure 1 summarizes the comparison.

3.3 Neural predictors and mixtures

The frozen temporal Transformer accepts (B, 42, 23) pooled windows, projects each
patch to width 64, adds sinusoidal positions, and applies two encoder layers with
four heads, feed-forward width 128, GELU, and dropout 0.1. Attention pooling is
followed by a 128-dimensional linear projection, LayerNorm, and a scalar head. The
MLP consumes the row-major flattened annual representation in R

966 and uses 966 →
64 → 128 → 1: LayerNorm follows each hidden linear map, with a single GELU after
the first LayerNorm. Training, bank construction, validation, and query evaluation
share the identical standardized-and-clipped 42-patch representation. Both backbones
output decimal-return predictions; frozen checkpoints use seeds 7, 17, and 37. Online
Resource 1 specifies checkpoint selection and distinguishes the final 966-input MLP
from the legacy single-patch branch.

A legacy input diagnostic found maximum batch-dependent latent and prediction
differences of 1.46×10−6 and 1.19×10−7 in evaluation mode. This supports the tested
tensor implementation, not predictive generalization. Transformer latents varied across
observations, but their centered leading component accounted for approximately 64–
75% of variance. Such concentration motivates testing the metric, not declaring that
attention necessarily destroyed information.

Fixed mixtures use
r̂λi,t = (1− λ)r̂basei,t + λr̂mem

i,t . (7)
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a FROM OBSERVATIONS TO A NEURAL FORECAST

lagged window

252× 23 → 42× 23

input projection
23 → 64

projection

Transformer ×2
4 heads • FF 128

temporal encoder

attention pooling
ht ∈ R

64

summary

Linear 64 → 128
LayerNorm

latent state

ℓt ∈ R
128

return head
r̂baset

prediction

MLP alternative: flattened 42 × 23 pooled window (966 values)
→ 64 / LayerNorm / GELU → 128 / LayerNorm → scalar forecast.

Training and query evaluation use the same annual pooled representation.

b HISTORICAL MEMORY: RETRIEVE, AVERAGE, RANK

query ut

eligibility

mature
cross-
ticker

cap 3
gap 21

record memory

uj • date

ticker • r63j

Euclidean distance; k = 25

63-session returns

r̂mem = 1
25

∑
j r

63
j

S = r̂/(v21 + 10−4)

rank 1

rank 2

rank 3

long-only • three positions

c CHOOSE THE FORECAST; KEEP ACTIVE EXECUTION FIXED

Direct neural
r̂ = r̂base

Memory only
r̂ = r̂mem

Fold-specific mixture
λ∗b,o,y

o ∈ {MSE, SR}

Linear logistic gate
r̂ = (1 −

g)r̂base + gr̂mem

Three slots → next-open fills → trailing exits / 63-session cap;
costs per side: 10 bps commission + 5 bps modeled slippage.

Fig. 1 From observations to forecasts and positions. (a) Both backbones use the 42-patch annual
representation; the MLP flattens it to 966 values. (b) Memory retrieves the same pooled input and
takes a uniform return mean; no learned latent is required. (c) Four alternative forecasts share active
execution. The histogram is schematic

The development grid is {0, 0.10, 0.25, 0.50, 1}. For backbone b, objective o, and
evaluation year y, write the selected coefficient as λ∗

b,o,y. The MSE objective is

JMSE
b,y (λ) =

1

6

6∑

m=1

1

3

∑

s∈{7,17,37}

1

|Dm,y−1|
∑

q∈Dm,y−1

[
(1− λ)r̂baseb,s,q + λr̂mem

q − r63q
]2

, (8)

where Dm,y−1 contains admitted development queries whose labels mature by the
development cutoff. The Sharpe objective analogously averages development-market
net portfolio Sharpe across seeds and markets. The smallest grid value wins ties within
tolerance 10−12. Coefficients are frozen before evaluation. The compact tracked release
does not export the numerical λ∗

b,o,y table, so the figures and text do not assign
single-year scalar values to the six-fold policies; exact coefficient recovery requires the
excluded fold-level prediction/selection artifacts.

The selective gate substitutes gi,t = sigmoid(a⊤zi,t + b) for λ, where zi,t ∈ R
3 con-

tains standardized gate diagnostics, not the neural latent. Its ordered raw vector is
(|r̂base|, |r̂base − r̂mem|, |r̂mem|)⊤. Each channel is normalized using fold-specific devel-
opment means and population standard deviations floored at 10−4 before the linear
logistic map. Trailing asset volatility enters allocation separately. These magnitude and
disagreement diagnostics are not calibrated epistemic uncertainty. Gate fitting mini-
mizes equal-market weighted mixed-forecast squared error on the development year
immediately preceding each evaluation fold. Initialization is a = 0, b = −1.0986; Adam
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uses learning rate 0.05, weight decay 10−3, and 50 steps. Parameters and transforma-
tions remain fixed during the associated evaluation year. Gate fitting targets prediction
error, whereas the Sharpe-selected constant mixture targets net Sharpe: these are
implemented alternatives, not capacity comparisons under identical objectives.

3.4 Shared allocation and execution

Forecast-producing arms use

Si,t =
r̂i,t

v21i,t + 10−4
, (9)

Here v21 is the unannualized sample standard deviation (ddof = 1) of 21 consecutive
model-price close returns. Evaluation queries require a valid 252-session feature window,
so undefined volatility values are excluded rather than filled at execution. No memory-
tail penalty is added in the final comparison. Active portfolios have at most three
slots, with daily close signals executed at the next recorded as-traded open. Only finite
positive scores are eligible; candidates are ranked by descending score with security
identifier as the deterministic secondary key. Holdings are not continuously rebalanced.
Online Resource 1 specifies slot funding, affordability, holding-age boundaries and
accounting measures.

Each market account starts with nominal capital of 100,000 account units. The
common engine uses a close-triggered percentage trailing exit, a one-session minimum
stop hold, and a 63-session holding ceiling. With current peak Pt and ATR-to-price
ratio at, the stop condition is

Ctrade
i,t − Pi,t

Pi,t
< −max(0.10, 2.5ai,t). (10)

This is the rule labeled “Chandelier” in the reports, not an intraday guaranteed-price
stop. Each side applies 10 basis points commission and 5 basis points modeled slippage.
Spreads beyond that slippage allowance, taxes, nonlinear impact, and realistic capacity
are not separately modeled.

Final open positions are marked to the final close for NAV metrics. Synthetic
calendar-end trade records, where retained for trade summaries, deduct hypothetical
exit fees without cash-settled liquidation. Their P&L differs from terminal NAV by
those hypothetical fees. The accounting identity reconciles these conventions; it is not
an independent performance test. We emphasize NAV-based portfolio outcomes rather
than interpret synthetic closeouts as actual fills.

The conventional controls include direct 21-session momentum, volatility-scaled
21-session momentum, and passive equal-weight buy-and-hold. Momentum uses
Cmodel

t /Cmodel
t−21 −1 directly as its score; the volatility-scaled variant divides that score by

v21t + 10−4. They are economic references, not exact architecture ablations. A positive
constant prior under Equation 9 ranks stocks by inverse volatility; it does not size every
holding inversely to volatility. Online Resource 1 gives the complete 16-policy contract,
preprocessing, missing-query behavior, realization count, ranking, and execution rules.
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3.4.1 A worked positive-signal example

Figure 2 follows one hypothetical query from eligible records to a positive ranking
score. Suppose 25 eligible precedents comprise five records each with 63-session returns
of −4%, 2%, 6%, 14%, and 22%. Their uniform mean is 8%. With a base forecast of
3% and a given gate output of 0.60, the mixed forecast is 6%. Allocation volatility
of 0.015 gives S = 0.06/(0.015 + 10−4) ≈ 3.974. This can earn an entry only relative
to competing scores and available slots. The example is arithmetic, not a fitted gate
replay or an observed profitable trade; a positive forecast is not a known future return.

a FIXED BANK MATURITY

observable by the bank cutoff

excluded post-cutoff region

31 Dec (y − 3)

s1

complete 126-session outcome

eligible

s2

complete outcome
eligible

s3

unobserved remainder excluded

bank admission: 126-session outcome complete by cutoff cap 3 / ticker
gap ≥ 21 sessions

b ELIGIBLE ANALOGUES TO EMPIRICAL EVIDENCE

query ut

eligibility filter
ticker ̸= query

global eligible pool
ut

eligible neighbours

Euclidean Top-k
k = 25

selected historical returns

each record has weight 1/25

schematic distribution
memory forecast

r̂mem = 1
25

∑
j r

63
j

c ONE POSITIVE-SIGNAL EXAMPLE (illustrative arithmetic)

25 eligible records; five at each return

−4% 2% 6% 14% 22%

Uniform mean

Total: 2.00

2.00/25 = 0.08

+8%

Base fore-
cast: +3%
Given gate:
g = 0.60

0.40(3%) +
0.60(8%)

+6%

Volatility: 1.5%

S =
0.06

0.015 + 10−4

3.974
Positive score

If this score wins a vacant slot, entry occurs at the next open. The future return is still unknown.
Hypothetical records and gate output explain the mechanism; they are not an observed successful trade.

Fig. 2 From eligible history to a positive signal. Outcome maturity governs bank admission (a);
ticker and spacing controls constrain Euclidean neighbor selection (b). The displayed cutoff is the
fold-specific bank cutoff. Panel (c) is the canonical illustrative example: memory 8%, base 3%, and gate
0.60 yield a 6% forecast, not a known future profit. Distribution shapes are schematic and example
values are hypothetical

4 Evaluation and statistical comparison

4.1 Portfolio and forecast criteria

Net Sharpe is the primary portfolio endpoint; annualized return, maximum drawdown,
and trade activity describe economic behavior. Metrics are calculated within each
continuous local-market run. Neural policies have three checkpoint realizations, random
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memory has three retrieval realizations, and deterministic policies are reported once
per market. The final report contains 204 continuous market/run accounts across 16
policies, not 204 independent market histories.

For policy A, let RA,m be its number of realizations in market m. Displayed mean
Sharpe is

T (A) =
1

6

6∑

m=1

⎡
⎣ 1

RA,m

RA,m∑

r=1

SRA,m,r

⎤
⎦ . (11)

Run-level Sharpe uses daily net returns, a zero return benchmark, population standard
deviation (ddof = 0), and the common annualization factor

√
252. The displayed

return is the compound annual growth rate over the fixed six-calendar-year evaluation
span. For N observed sessions with mean return r̄ and σ2

r = N−1
∑

t(rt − r̄)2,

SR =
√
252

r̄

σr + 10−9
, CAGR6 = exp

(
1

6

N∑

t=1

log(1 + rt)

)
− 1. (12)

The canonical run-summary function sets Sharpe to zero when σr ≤ 10−8; Online
Resource 1 distinguishes the development-engine and bootstrap numerical conventions.
Daily win rate is N−1

∑
t 1{rt > 0}, not the fraction of profitable closed trades. The

weights in Equation 11 are statistical: there is no common-currency global portfolio or
FX hedge behind the mean. Return and drawdown are likewise summaries of run-level
metrics, not outcomes of an averaged NAV path.

Legacy forecast criteria are mean squared error (MSE) in squared decimal-return
units and Spearman correlation pooled across asset–date predictions within each mar-
ket/run. The 2020–2025 release used here provides the continuous portfolio return
series and primary portfolio contrasts; it does not promote the earlier 2024 forecast sum-
maries to six-year validation. Portfolio performance therefore should not be interpreted
as a corresponding ranking of forecast accuracy.

4.2 Paired inference for the displayed statistic

The eight primary contrasts are similarity memory versus random memory (P1),
historical prior (P2), plain nearest neighbors (P3), annual ridge (P4), direct MLP
(P5), and direct Transformer (P6), followed by MLP gate versus its Sharpe-selected
mixture (P7) and Transformer gate versus its Sharpe-selected mixture (P8). Each

original-sample estimate is ∆̂A,B = T (A)− T (B) on the same sample.
Original-sample and bootstrap contrasts use Equation 11, not the Sharpe of cross-

market averaged returns. The latter depends on cross-market covariance and cannot
be converted using a universal

√
6 factor. The reported unrounded identity check is

|∆̂− [T (A)− T (B)]| ≤ 10−10.
The reanalysis uses 10,000 paired moving-block draws with four consecutive calen-

dar weeks per block, following fixed-length moving-block resampling for dependent
observations (Künsch 1989). Returns from 1 January 2020 through 31 December 2025
are grouped into 314 Monday-boundary calendar weeks. For each account and week,
the analysis stores the sum of returns, squared returns, log gross returns, and observed
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session count, producing a 204 × 314 × 4 sufficient-statistics array. Sampled week
indices are synchronized across policies, markets, and realizations. Counts retain each
exchange’s observed sessions rather than assuming five observations per week. Blocks
do not wrap; concatenated blocks are truncated to 314 sampled weeks. The saved
random seed is 42.

Each draw recomputes run-level Sharpe and six-year CAGR from the sampled
sufficient statistics and aggregates them as in Equation 11. Write e(b) = ∆(b) − ∆̂ for
the centered difference in draw b, with B = 10,000. The first-order centered symmetric
marginal interval and two-sided p-value are

c0.95 = Q0.95

(
{|e(b)|}Bb=1

)
, CI0.95 = [∆̂− c0.95, ∆̂ + c0.95], (13)

p =
1 +

∑B
b=1 1{|e(b)| ≥ |∆̂|}

B + 1
. (14)

Here Q0.95 denotes the empirical 95th percentile with linear interpolation. These are not
studentized or simultaneous intervals. Holm adjustment covers the eight primary Sharpe
p-values P1–P8 jointly (Holm 1979). Neither these intervals nor resampling makes
previously inspected periods an untouched holdout or corrects survivorship-conditioned
universe construction.

5 Results

5.1 Final policy comparison

Table 1 reports the production-verified 2020–2025 configurations. Passive equal weight
has the highest mean-market Sharpe, 0.636, and annualized return, 11.91%. Annual
ridge follows at Sharpe 0.444. Pure pooled-window memory records annualized return
2.99%, Sharpe 0.245, and mean maximum drawdown −35.31%. These are point-estimate
rankings, not established expected-performance differences.

Random memory has Sharpe 0.423 and the historical prior 0.352, both above
similarity memory at 0.245. Memory’s differences are −0.1777 versus random memory
and −0.1070 versus the prior. Plain nearest neighbors, annual ridge, direct MLP, and
direct Transformer also have higher mean-market Sharpe point estimates. This ordering
indicates that the implemented similarity rule did not add portfolio value over its
matched controls across the production-verified period; it is not a causal decomposition
of returns into risk and predictive components.

Memory is also not best on the reported risk descriptors. Its mean maximum
drawdown is −35.31%, compared with −34.93% for passive equal weight, −33.64%
for random memory, and −34.37% for the historical prior. The Sharpe-selected MLP
mixture has the smallest drawdown magnitude among the active policies in Table 1,
but the table does not establish a statistically superior expected drawdown.

5.2 Incremental performance remains uncertain

All primary intervals span zero (Table 2; Figure 3). Holm-adjusted p-values range
from 0.7487 to 1.0000. P4, memory minus annual ridge, is the closest unadjusted
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Table 1 Final 2020–2025 multi-year comparison. Entries are equally weighted market
summaries after averaging realizations within markets. Return is CAGR over the fixed
six-calendar-year span; drawdown is the mean run-level maximum drawdown; and the final
column is the mean number of ledger trade records, including synthetic terminal closeouts,
across market/run accounts. Returns and drawdowns are percentages. Ordering does not
imply statistical superiority.

System CAGR (%) Sharpe Max drawdown (%) Ledger records

Passive equal weight 11.91 0.636 −34.93 33.0
Ridge annual 7.20 0.444 −39.01 180.0
MLP mixture (Sharpe) 6.16 0.425 −29.79 171.3
Random memory 6.21 0.423 −33.64 161.1
MLP gate 6.41 0.416 −34.42 169.2
Transformer gate 5.96 0.412 −36.64 171.9
Transformer mixture (MSE) 5.19 0.393 −36.32 171.9
MLP direct 6.21 0.383 −36.79 173.1
Historical prior 4.44 0.352 −34.37 157.3
Momentum 21 5.33 0.349 −35.42 173.0
Transformer mixture (Sharpe) 4.37 0.312 −36.36 180.6
KNN plain 4.01 0.295 −37.64 172.7
Transformer direct 3.82 0.274 −42.80 181.3
MLP mixture (MSE) 3.12 0.250 −36.42 170.6
Memory only 2.99 0.245 −35.31 172.0
Volatility-scaled momentum 21 1.26 0.146 −38.97 167.0

Notes. The six-year comparison contains 204 continuous market/run accounts over 1,568 union
sessions. Neural and random-memory policies are averaged across their released realizations
before equal market weighting. The 2024 component tables in Online Resource 1 are retained as
explicitly legacy development evidence and do not replace these multi-year results.

Table 2 Primary differences in mean market Sharpe over 2020–2025. Marginal symmetric 95%
intervals use four-week calendar blocks and 10,000 draws; Holm adjustment covers P1–P8 jointly.

ID Candidate minus comparator ∆ SR 95% interval Raw p Holm p

P1 Memory − random −0.1777 [−0.4156, 0.0602] 0.1416 0.9911
P2 Memory − prior −0.1070 [−0.3901, 0.1761] 0.4508 1.0000
P3 Memory − KNN plain −0.0497 [−0.3043, 0.2049] 0.7061 1.0000
P4 Memory − ridge annual −0.1984 [−0.4318, 0.0350] 0.0936 0.7487
P5 Memory − MLP direct −0.1380 [−0.3819, 0.1059] 0.2686 1.0000
P6 Memory − Transformer direct −0.0290 [−0.2580, 0.2000] 0.7987 1.0000
P7 MLP gate − MLP mixture (Sharpe) −0.0091 [−0.1940, 0.1759] 0.9200 1.0000
P8 Transformer gate − Transformer mixture (Sharpe) 0.0996 [−0.0689, 0.2681] 0.2415 1.0000

comparison to conventional significance, but its estimate is negative (−0.1984), its
interval is [−0.4318, 0.0350], and its adjusted p-value is 0.7487. P8 is the only positive
point estimate: the Transformer gate exceeds its Sharpe-selected mixture by 0.0996,
with interval [−0.0689, 0.2681] and raw p = 0.2415. Neither similarity selection nor
adaptive gating is established as superior on the primary endpoint. Conversely, the
intervals do not establish equivalence or exclude economically relevant differences.
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Fig. 3 Primary differences in mean market Sharpe over 2020–2025. Circles mark original-sample
estimates; capped lines show marginal symmetric 95% block-bootstrap intervals; the dashed reference
denotes zero. All intervals span zero; Holm-adjusted inference appears in Table 2

The final release reports the four-week primary specification for P1–P8. Earlier
two- and eight-week sensitivity tables belong to the single-year legacy analysis and are
not presented as sensitivity evidence for the production-verified six-year comparison.

5.3 Production verification

On 18 September 2026, the complete six-fold workflow was executed through the
production runner using the authenticated 36 neural checkpoints and six ridge baselines,
without neural retraining. The run generated 4,066,060 policy-prediction records across
119,590 fold-specific evaluation queries, with no missing required forecasts and no
non-finite predictions. It then reconstructed all 204 continuous market/run accounts
over the same 1,568-session horizon. The resulting P1–P8 point estimates, confidence
intervals, and raw and Holm-adjusted probabilities reproduced the corrected recovery
analysis; the archived-return replay matched the released analysis at tolerance 10−10.
This production execution is a computational confirmation of the reported comparison
rather than an additional independent market sample.

5.4 Market heterogeneity

Table 3 distinguishes aggregate from uniform market leadership. Similarity memory
has positive Sharpe in Brazil, India, the United Kingdom, and the United States, and
negative Sharpe in China and France. It exceeds both the prior and random-memory
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Table 3 Sharpe by market for final candidates and matched controls over 2020–2025,
averaging realizations within markets. Positive Sharpe is not necessarily a benchmark
win.

System Brazil China France India UK US

Passive equal weight 0.428 0.481 0.446 1.223 0.173 1.067
Ridge annual 0.375 −0.315 0.021 1.068 0.363 1.152
MLP mixture (Sharpe) 0.393 −0.116 0.292 0.796 0.426 0.758
Random memory 0.386 −0.317 0.523 0.600 0.561 0.785
MLP gate 0.147 −0.008 0.338 0.756 0.229 1.031
Transformer gate 0.403 −0.022 0.037 0.982 0.095 0.975
MLP direct 0.546 −0.179 0.236 0.657 0.101 0.938
Historical prior 0.466 −0.367 0.269 0.775 0.372 0.599
Momentum 21 0.512 −0.086 −0.044 0.715 −0.063 1.061
Transformer direct −0.130 −0.087 −0.213 0.759 0.198 1.119
Memory only 0.341 −0.229 −0.086 0.336 0.236 0.874

control only in China and the United States. Positive levels are not benchmark wins
or evidence of positive alpha.

The prior-relative difference is approximately +0.275 in the United States and
+0.138 in China, but negative in the other four markets. Production accounting reports
no missing required forecasts for admitted queries. The tracked bundle does not include
the full coverage manifest, however, and the daily return series contains extended flat
segments for some China and India market-years. Those segments can reflect cash-only
portfolios or periods without admitted eligible queries; they are not interpreted as
evidence of stable market-specific performance without the corresponding coverage
record. No new market-specific selection rules are fitted to these outcomes.

5.5 Legacy development ablations

These development results precede the MLP representation correction and are retained
as legacy exploratory evidence, not evaluations of the corrected MLP. Component
studies are separate branches, not a cumulative stack retaining every module. The
first mean-only comparison fixes mixing at 0.25. Transformer pooled-input memory
yields Sharpe 0.410, versus 0.100 for uniform latent-cosine memory and 0.275 for
direct prediction. MLP values are 0.659, 0.595, and 0.758. Neither latent retrieval nor
unconditional mixing benefits every backbone.

A learned 32-dimensional key raises Transformer latent-retrieval Sharpe from 0.100
to 0.253, below the pooled-input reference. On MLP the learned-key estimate is 0.507,
below random projection (0.694) and the original latent (0.595). This does not establish
that projection resolves anisotropy or that all forecasting latents are unusable for
retrieval.

Aggregation was tested on learned-key neighbors. Learned logit adjustment gives
Transformer Sharpe 0.171, matching fixed softmax at displayed precision and below
uniform weighting (0.253). Enriched values were instead tested with pooled-input
neighbors. Additional 21-session returns leave the displayed portfolio metrics nearly
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unchanged; drawdown enrichment does not improve Sharpe. These observations concern
the tested configurations, not every aggregation model or additional outcome field.

In the legacy risk extension, a memory-tail coefficient of 0.20 reduces pure-memory
Sharpe from 0.972 to 0.664 and increases drawdown magnitude; no such term enters
the final comparison. Online Resource 1 preserves these branch tables descriptively.
Their MLP results and earlier significance labels are not evidence for the corrected
MLP configurations.

5.6 Legacy gate diagnostic

The release retains an unchanged pre-correction gate diagnostic of 25,753 observations.
Online Resource 1 labels those bins as legacy evidence: they have not been regener-
ated for the corrected MLP gate and do not establish its mechanism. The corrected
comparison supports only the aggregate forecast and portfolio results reported in
Table 1.

6 Discussion

The study began from the possibility that longer-context sequence modelling could be
extended to an intermediate investment horizon. The results do not show that using a
Transformer, or placing historical memory beside it, is sufficient to produce a stronger
portfolio. Across the production-verified multi-year matrix, memory-only selection
does not lead the ranking and trails each of its six primary comparators. Similarity
memory also underperforms random eligible retrieval and the unconditional historical
prior on the displayed Sharpe point estimates. The additional local geometry therefore
failed to improve the tested policy, even though it used the same matured information
set as its closest controls.

This finding separates auditability from predictive value. A bounded numerical
memory does not need a language-generation component to connect a forecast with
historical cases. Where the query and neighbour records are retained, reviewers can
examine the eligibility rule, selected episodes, distances, outcomes, and aggregation
arithmetic. That evidence trail can support model review and governance, but it does
not certify that the analogues are economically relevant or that the resulting decision
is correct. In hybrid policies, the final account must also include the neural forecast,
mixture or gate, volatility normalization, ranking, and execution rules.

The reversal from the earlier 2024 development ordering was the most consequential
empirical outcome. The present design cannot attribute that reversal to a single
mechanism. A fixed Euclidean metric may not remain meaningful across market regimes;
six-session pooling removes within-patch order; completed 63-session returns may be
weak labels for trades governed by next-open entry and path-dependent exits; and
similarity in standardized technical features may not imply similarity in future returns.
These are research hypotheses arising from the comparison, not explanations established
by the reported experiments. They motivate testing alternative representations and
retrieval metrics under the same matched-control design.

The production release establishes a portfolio ranking rather than a new six-
year forecast-metric ranking. Legacy 2024 diagnostics suggested differences between
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predictive and portfolio criteria, but those diagnostics should not be treated as multi-
year confirmation. Portfolio outcomes depend on entry into a small selected set, holding
paths, costs, and risk normalization, not simply average prediction error.

The Transformer comparison neither proves overparameterization nor establishes an
architectural performance limit. Mean pooling, objective, regularization, and distance
metric are specific to the implementation. Simple-model point estimates and anisotropy
do not isolate these explanations. The Transformer gate has a higher Sharpe point
estimate than its Sharpe-selected mixture, but P8 remains statistically unresolved;
the MLP gate is slightly below its corresponding mixture in P7. Gate and selector
objectives also differ.

6.1 Limitations

The production execution establishes computational completeness and numerical
reproducibility for the reported comparison, but several features delimit external inter-
pretation. The walk-forward years and protocol were inspected during development,
and the curated universe is survivorship-conditioned rather than a point-in-time con-
stituent panel. The 63-session close-to-close model-price label is a forecasting target
rather than the exact next-open-to-exit realized payoff, and the retrospectively assem-
bled cache does not demonstrate nontrivial corporate-action or quote-unit ingestion in
the evaluated run. Uniform fees and omitted market impact, taxes, FX conversion,
and capacity also simplify execution. Finally, complete forecast accounting applies
to admitted queries; the untracked full coverage manifest limits external diagnosis of
some flat market-year intervals, and the block bootstrap conditions on the observed
markets and fitted policies. These qualifications define the scope of generalization and
reconstruction rather than alter the internally reproduced portfolio comparison.

The public release separates tracked analytical results from the larger prediction and
execution artifacts. The return-based replay recomputes return/Sharpe summaries and
paired inference and matches the production analysis at tolerance 10−10; it is not an
independent retraining exercise. Large prediction arrays, account ledgers, checkpoints,
and the full coverage manifest remain outside the tracked publication-grade commit,
while their production summaries and digests provide the documented audit trail.

Despite the development repository’s name, the evaluated method combines
supervised/non-parametric prediction with a deterministic policy. It is not an offline
reinforcement-learning agent, and comparisons with reinforcement-learning algorithms
are not inferred.

7 Conclusion

We developed this study to test whether modern sequence models could support
intermediate-horizon equity decisions and whether a task-specific historical memory
could expose the evidence used alongside those models. The resulting framework links
matured historical episodes, retrieval rules, neural forecasts, and portfolio execution
without requiring a language model. Its components are separable, so the contribution
of similarity retrieval can be reconstructed and tested rather than inferred from a final
score alone.
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The production-verified 2020–2025 comparison gives a cautious answer. Passive
equal weight has the highest mean-market return and Sharpe point estimates. Pooled-
input memory records Sharpe 0.245 and trails random memory, the historical prior,
plain nearest neighbours, ridge, MLP, and Transformer controls. None of the eight
primary contrasts establishes superiority at the 5% level after Holm adjustment. More
than four million policy-prediction records and the archived-return replay reproduce this
comparison, but they do not turn the inspected evaluation period into an independent
confirmation sample.

The central lesson is that an inspectable memory mechanism and a profitable
similarity signal are different achievements. The framework provides a disciplined
way to study historical evidence and neural–memory interaction, whereas the current
multi-year results provide no incremental portfolio advantage for the implemented
analogue rule or adaptive gates. Future work should retain the same temporal controls
and matched baselines while testing whether alternative state representations, distance
measures, and outcome definitions make the retrieved cases economically informative.

Supplementary information. Online Resource 1 provides supplementary walk-
forward fitting and execution methods, the final multi-year inference specification,
the feature dictionary, release access instructions, and explicitly labeled legacy 2024
development evidence.
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