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1 Introduction
Machine learning methods are now used at most stages of trading strategies (Kelly and Xiu, 2023), and
clustering has become one of the standard ways to form peer groups for relative-value trading. A clustering-
based statistical arbitrage strategy makes two decisions that are usually evaluated together: it partitions
the cross-section into comoving peer groups, and a trading model builds a book, a set of long and short
positions, on that partition, typically from returns residualized against the market. The effectiveness of each
component is then inferred from the Sharpe ratio of the two together (Jin et al., 2023; Lee and Chang, 2026;
Brutti et al., 2026), even though end-to-end performance does not identify which component produced it.
To closely examine the contribution of clustering to statistical arbitrage, we ask three questions: how much
the clusterizer and the trading model each contribute, and whether through the mean or the volatility of
the payoff; whether different clusterizers recover different information; and whether what the clusterizer
contributes could be obtained instead from traditional factor models, from a reversal factor, or from per-stock
peer regressions.

The grouping of the cross-section has been studied for far longer than the strategies that trade it, and the
groups have come from three sources. An industry taxonomy supplies them in advance (Bhojraj et al., 2003).
The groups can instead be estimated from returns, usually from the correlation matrix (Mantegna, 1999),
which Tola et al. (2008) put to work in portfolio construction and Jin et al. (2023) cluster for statistical
arbitrage. Most recently, the groups have been learned directly against a trading objective: Lee and Chang
(2026) fit the grouping and the model that trades it jointly, inside one transformer. Economic taxonomy, the
statistical structure of returns, and the trading objective itself have all been brought to bear on how the
groups are formed.

A second strand of literature asks what a strategy does with such a partition. Relative-value trading has
been extended since Gatev et al. (2006) documented the profitability of trading a single mean-reverting spread.
Avellaneda and Lee (2010) replaced the pair with the residual left after removing a systematic component; a
partition supplies another such component, the group mean. Clustering-based strategies are a more recent
line of work. Jin et al. (2023), Lee and Chang (2026), and Brutti et al. (2026) each contribute clusterizers of
their own together with the strategy they support. Jin et al. (2023) compare five spectral clusterizers, four of
them signed, under one rule. Their object is the performance of alternative spectral clusterizers; ours is the
contribution of clustering itself within the trading pipeline.

To the best of our knowledge, no previous study compares clusterizers from different families under a
common trading model, or separates what the partition contributes from what the model contributes. When
the two are evaluated together, a higher Sharpe ratio may come from a better partition, from a better model,
or from the way the two match, so end-to-end performance alone cannot attribute the gain. Attribution also
requires the mean and the volatility of the payoff to be examined separately. Guijarro-Ordonez et al. (2025)
examine both for factor-based statistical arbitrage, reporting the Sharpe ratio, mean, and volatility of every
model they fit and varying the factor construction under different signal models, but clustering enters their
study only as a remark.

We examine the clusterizers and the trading models separately. For the clustering stage, we compare 12
clusterizers from six families (geometric, hierarchical, eigenstructure-based, learned, trading-driven, and a
sector taxonomy) against two controls. The controls are a single all-market group (K = 1) and a uniform
random partition with the same number of groups as the real partitions. This paper introduces two of the
six families: trading-driven clusterizers, which optimize a soft assignment against the payoff of the book the
assignment induces and then harden the assignment into a partition, so that a grouping trained on a trading
objective can still be compared with one that was not; and sssnet (He et al., 2022), a signed-graph neural
network brought to statistical arbitrage for the first time. Our objective is not to estimate the best attainable
performance of each clustering family, but to compare what their partitions contribute under a common
downstream pipeline.

For the trading stage, we trade every partition under two trading components: a fixed cross-sectional rule
(adapted from Jin et al. (2023)) and a neural trading head in the design of Guijarro-Ordonez et al. (2025),
with the long convolution of Fu et al. (2023) in place of their transformer. Because the fixed rule has no
fitted parameter, its performance comes from the partition alone; the neural trading head then shows how
the conclusions change when a fitted model is placed downstream of the partition. Both components are run
on the same panel, the 500 largest US equities, daily, over 27 years.
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The comparison rests on three standards. First, the two controls measure the cost of a missing partition
and of a wrong one separately. Second, ranking gaps are judged against the dispersion of the design’s own
replications, the trading head refitted across its seeds and the partition redrawn under its own seed. Third, a
Sharpe gap is split into a mean part and a volatility part (Section 4.3), because the sample does not measure
the two equally (Section 3.7). Together, these standards turn an end-to-end performance comparison into
a component-level evaluation: the controls identify whether the component contributes, the replications
show whether competing implementations can be distinguished, and the decomposition identifies the channel
through which the performance gap arises.

Clustering lowers the volatility of the book and raises its alpha; the neural trading head widens the alpha
advantage while narrowing the volatility benefit. First, demeaning the signal within real peer groups removes
the comovement those groups share, and the book built on the demeaned signal runs about 40% less volatile
than either control under the fixed rule, and about a third less under the trading head (Section 4.1). Second,
a return demeaned within its peer group is a sharper relative-value input, and at the rule-based component
the two controls hold the lowest alphas of the 14 books (Section 4.1). Under the neural trading head the
alpha advantage widens over both controls, especially over the random control, so a wrong partition costs
more under the head than under the fixed rule.

The neural trading head raises alpha at all 14 arms while raising volatility by proportionally less
(Section 4.4). The ranking it produces largely agrees with the rule-based component’s, so the ranking reflects
the quality of the partition as a trading input rather than the trading model that produced it, though the
middle of the ranking moves by up to five places and the gap between the two controls closes.

We find that the 12 clusterizers group stocks on different principles and produce partitions that agree
little by the adjusted Rand index, yet trade highly correlated books. Whichever way they draw the groups,
demeaning within them removes far more comovement than the random control removes, and far more than
no clustering, which removes nothing; ten of the 12 remove nearly the same amount (Section 4.2). The
resemblance also grows down the pipeline, in the trading positions the partitions induce and again in the
payoffs those positions earn, until two different clusterizers differ about as much as one clusterizer differs
from its own refit (Section 5.4). Thus, the data clearly distinguish a real partition from the no-clustering
and random controls, but provide much weaker separation among the clusterizers themselves. Most adjacent
gaps in the Sharpe ranking lie within the run-to-run variation in the gap itself (Section 5.1). A clusterizer
is not even stable against itself: redrawing the partition’s own seed rearranges most of what switching the
algorithm rearranges, and the neural trading head enlarges rather than damps the Sharpe movement that
redraw causes (Section 5.2). The clusterizers’ Sharpe ratios differ mainly through the volatility of their books;
their positions are highly similar. Because the books are this similar, re-selecting the trailing best each year
does not outperform an equal weight of all 12 (Section 5.4). The inputs a clusterizer is given matter on the
scale of the whole span between clusterizers: a longer estimation window moves the Sharpe ratio by as much
as that span, and a different number of groups by more than two fifths of it, so the Sharpe ratio separates
inputs more sharply than algorithms (Section 5.5).

Neither a factor model nor per-stock peer regressions make a partition redundant. Guijarro-Ordonez
et al. (2025) remark that latent factor estimation can, under appropriate assumptions, take the place of
clustering. Taken as stated, the remark would make the clustering stage redundant, so we test it. After the
leading principal components, and again the Fama–French factors, are projected out, every real partition
loses at most about half of the variance share it explains, and none falls to the share a random partition
with the same number of groups would remove (Section 6.1). In the time series, every book retains positive
and significant alpha after controlling for the standard factors, a short-term reversal factor, and the leading
principal components; the reversal factor absorbs no more than half of any alpha and more of the controls’
than of the clusterizers’. Regressed on the same pipeline run without clustering, every clusterizer’s book keeps
between two fifths and two thirds of its alpha while the random control’s keeps almost none (Section 6.2).

Because clustering is a special case of peer-based trading, in which every stock in a group shares one peer
set, we also compare it with per-stock peer regressions, in which each stock has its own. Peer regressions
are a stronger substitute than the factors, and in the cross-section they do absorb much of what a partition
summarizes, which neither the principal components nor the Fama–French factors do. The peer regressions
do not, however, fully absorb what the partitions earn. Against the peer books and the factors together, both
controls lose their alpha entirely while most of the 12 clusterizers keep theirs. Regressed the other way, the
peer books keep their alpha against the equal weight of all 12 (Section 6.3). The two constructions summarize

2



similar comovements but trade differently on them.
The article proceeds as follows. Section 2 places the design in the literature. Section 3 sets out the

panel, the 12 clusterizers, the two controls, and the two trading components. Section 4 decomposes what the
clustering contributes, gives the mechanism, and measures what the trading head adds on top of it. Section 5
compares the 12 clusterizers against the noise of the design. Section 6 tests whether factor models or per-stock
peer regressions make the partition redundant, then charges trading costs, under which no daily-rebalanced
book is net positive at five basis points one-way. Section 7 concludes. The appendix gives the per-clusterizer
construction, the trading head’s architecture and schedule, and the additional results the text refers to.

2 Related Literature
This article combines two strands of previous work: methods for recovering peer-group structure from stock
return time series, and modern statistical arbitrage strategies. In this section, we briefly review the literature
in each strand, and highlight the gap that our work fills.

Industry taxonomies are the usual benchmark for a similarity-based clustering, and the evaluation criterion
is how much contemporaneous return comovement the groups explain. Taxonomies such as the Standard
Industrial Classification (sic), the North American Industry Classification System (naics), and the Global
Industry Classification Standard (gics) partition the cross-section according to a classifying body’s judgment
about firms’ primary lines of business. Bhojraj et al. (2003) show that gics outperforms sic, naics, and the
48-industry algorithm of Fama and French (1997) on that criterion; the other three perform similarly to one
another, and the gics advantage is sharpest among large firms. Chan et al. (2007) likewise find that within-
industry comovement is strongest among large caps, and that finer gics levels separate comovement further.
They also report that industry partitions are more homogeneous out of sample than groups obtained by
statistical cluster analysis. Peers can also be chosen firm by firm rather than read from a shared classification
(Bhojraj and Lee, 2002), a construction we return to in Section 6.3.

The correlation matrix of stock returns also contains information about market structure: the structure it
encodes is hierarchical and tree-like (Mantegna, 1999; Mantegna and Stanley, 1999) and it behaves differently
in calm and in crash periods (Onnela et al., 2003). That information can be extracted in several ways: by
hierarchical linkage (Tola et al., 2008), by its spectrum (MacMahon and Garlaschelli, 2015; Rohe et al., 2011),
and by signed-graph methods that separate positive from negative correlation (Cucuringu et al., 2019; He
et al., 2022; Uddin et al., 2024). A partition is also a factor model with grouped loadings (Ando and Bai,
2017), which is the form in which we later ask whether a factor model makes it redundant. A partition of the
cross-section is used as a restriction in covariance estimation, where it is normally read from a taxonomy:
Alves et al. (2024) restrict the residual covariance of the S&P 500 to ten sic sectors. The linkage, spectral,
and signed-graph methods all start from the same correlation matrix; Section 5 and Section 6 ask whether
they recover different information from it, and whether what they recover survives a factor model or a
per-stock peer regression. We study what a clusterizer contributes to trading, holding the trading model
fixed at each of two models in turn, while 12 clusterizers and two controls read the same panel.

Machine learning has entered statistical arbitrage stage by stage. Gatev et al. (2006) formalize pairs
trading as a rules-based relative-value arbitrage and document its profitability over decades of US data. The
selection step has been automated by machine learning, from return similarity (Sarmento and Horta, 2020)
and from firm characteristics (Han et al., 2023). Avellaneda and Lee (2010) replace the pair with a factor or
ETF decomposition and bet on an Ornstein–Uhlenbeck “s-score” built on the residual. The trading model
itself was then learned from data: Krauss et al. (2017) benchmark deep networks, gradient-boosted trees,
and random forests on lagged returns of the S&P 500 cross-section, Fischer and Krauss (2018) test long
short-term memory networks on the same data, Guijarro-Ordonez et al. (2025) learn the trading signal and
its allocation jointly on the residuals of a factor model, and Epstein et al. (2025) learn the latent factors
themselves with an attention mechanism over firm characteristics. The models come from a wider machine
learning program in asset pricing and financial econometrics (Gu et al., 2020; Kelly et al., 2019; Zhang et al.,
2024, 2025). Each applies machine learning to a different input of a trading strategy: expected returns, factor
loadings, volatility, and covariances. We take one such model, a neural trading head trained on the Sharpe
ratio of its own book, and ask what it adds to a partition held fixed and whether it erases the difference
between a real partition and a random one.
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The signal these strategies trade is a reversal, and the reversal literature has already found that demeaning
within a group sharpens it. Short-term reversal itself dates to Jegadeesh (1990) and Lehmann (1990). Da
et al. (2014) find that sorting on returns within industries nearly doubles the return of the standard reversal
strategy on large stocks, because industry momentum otherwise masks the reversal; Hameed and Mian (2015)
document that intra-industry reversals are larger, more stable, and present among large liquid stocks, and
decompose the unconditional reversal into intra- and inter-industry parts; and Blitz et al. (2013) obtain a
similar gain by reversing the residuals of a factor model. Our within-group demeaning is the same operation
with the industry replaced by a statistical partition. These studies establish the value of conditioning reversal
on economically or statistically related peers, but do not compare alternative grouping methods against both
no-grouping and random-grouping controls; the two controls and the mean–volatility split of this paper supply
that comparison. Section 6.2 then adds a market-wide reversal factor to the spanning regressions and finds
that it absorbs more of the controls’ alpha than of the clusterizers’, far more at the rule-based component.

Clustering methods can also generate the partition-based residuals a statistical arbitrage strategy trades.
Jin et al. (2023) first brought a signed spectral method (sponge, Cucuringu et al., 2019) to statistical
arbitrage, on the correlation matrix of market residuals of US equities; Lee and Chang (2026) learn the
clustering and the model that trades it jointly, end to end, inside a transformer encoder on cryptocurrency
futures. Brutti et al. (2026) cluster return deviations with a noise-robust clusterizer, build the partition to be
orthogonal to the sector taxonomy, and show over 2012–2024 that the reversion payoff survives residualization
against standard benchmarks; they also trade a no-clustering benchmark under the same rule. Comparisons
across these studies are few, and those that exist either vary the clusterizer and the trading model together
or, as in Jin et al. (2023), compare variants within one family. We separate the two effects, ask whether
clusterizers that disagree on the groups recover different information, and judge their ranking against the
noise of the design’s own replications.

3 Data and Experimental Design
In this section we hold every element of a statistical arbitrage pipeline fixed except the clusterizer and the
trading model, and we state what the resulting comparison estimates. A clustering-based statistical arbitrage
strategy has two stages. A clusterizer divides the cross-section of Nt stocks into K groups: it maps the
day’s panel of residual returns to a partition. A trading model then bets on relative value within each group.
We trade every partition under both a fixed cross-sectional rule and a neural trading head. Throughout,
clusterizer denotes the algorithm, clustering the operation it performs, and partition the grouping it produces.
The two-stage design—extract a relative-value residual, then bet on it—follows the deep statistical arbitrage
line of Guijarro-Ordonez et al. (2025) and Epstein et al. (2025). Comparing partitions inside such a pipeline
has precedents in Jin et al. (2023), within the spectral family, and in Brutti et al. (2026), whose no-clustering
benchmark our rule-based results corroborate, though not its turnover reduction (Section 6.4).

Write the day-t partition Pt as a membership matrix

Zt ∈ {0, 1}Nt×K , Zt1K = 1Nt
, (1)

so that [Zt]ik = 1 exactly when stock i belongs to group k, and the constraint records that every stock belongs
to exactly one. The object we vary is Zt. It is formed from the panel of residual returns and re-estimated
every trading day. Equivalently, Zt is a factor loading matrix restricted to be one-hot: every stock loads on
exactly one group, with unit weight. An unrestricted Λt ∈ RNt×K (K principal components, say) lets every
stock load on every component. Both are rank-K descriptions of the same cross-section, which makes them
comparable.

Let πt(Z) denote the payoff of the book the trading component produces from a partition Z. We estimate
the map

Z 7−→
(
µ(Z), σ(Z)

)
, µ(Z) = E

[
πt(Z)

]
, σ2(Z) = Var

[
πt(Z)

]
, (2)

and the organizing claim of this article is that clustering moves σ more than it moves µ. Figure 1 draws the
pipeline that produces πt: every arm, one clusterizer or control traded at one component, shares every stage
except the partition. Section 6 uses the loading-matrix equivalence of Equation (1) directly, comparing Zt
against principal components at matched rank K.
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12 + 2 = 14 arms
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demeaning sit
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fixed; two variants
× 2 = 28 books

payoff πt
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Daily US equities, top 500 by market capitalization: raw returns rit on Nt names.
6,913 out-of-sample days, 8 July 1997–27 December 2024, shared by every arm.
r̃it = rit − β̂it rmt, β̂it from the 60 days [t− 59, t], market = SPY, a traded instrument.
Computed once, before any partition exists: a common input, identical for every arm.

C: the sample correlation of the residual panel R̃ = (r̃it),
formed each trading day on the same 60-day window that fixes
β̂it.

Ten of the 14 read C or a function of it; one reads R̃ directly;
three read nothing, though the sector table covers only part of the
book and the rest is placed by correlation. Every arm receives the
same C.

C on 7 Jul 2014

clusterizer reads

Geometric

Hierarchical

Eigenstructure

Learned

Trading-driven

Taxonomy

Controls

k-means on returns R̃
average linkage C
complete linkage C
spectral, unsigned |C|
PCA loadings eig C
spongesym C+,C−
sssnet signed C
Sharpe C and the payoff
Sortino C and the payoff
Sharpe (EW) C and the payoff
Sharpe (graph) C and the payoff
gics nothing, where covered
K = 1 (all-market) nothing
random partition nothing

Zt, the same day

sit = r̃it − |Ck(i)|−1
∑

j∈Ck(i)
r̃jt

The market is removed above; the peer group is removed here.
A group of size one leaves nothing to remove, and those names
carry no position that day.

peer means, 7 Jul 2014

(a) Rule-based. Five-day sum of sit, sign flipped: long what
has fallen behind its peers, short what has run ahead, equal
weight each side. Gross 2, net 0: dollar neutral by construction,
with no fitted parameter.

(b) Neural trading head. Thirty-day path of running sums
of sit, one channel per stock; parallel kernel widths 2, 4, 8 into a
long-convolution head, no attention.

∑
i
|wit| = 1 fixes gross

and leaves net free, so the book is not dollar neutral. Refitted
walk-forward every 125 days; five seeds.

sit paths, 7 Jul 2014

πt =
∑

i
wit ri,t+1

Residuals build the grouping and the signal; the payoff is earned on raw returns.

The estimand is the pair Z 7→
(
µ(Z), σ(Z)

)
, reported as two numbers rather than as one Sharpe ratio.

µ(Z) = E
[
πt(Z)

]
: the mean of the payoff σ(Z) = sd

[
πt(Z)

]
: its volatility

Figure 1: The strategy pipeline. This figure shows the stages of the pipeline as horizontal bands, one per stage. The
arms differ only in the partition band, whose second column lists the input each clusterizer uses; every other band is
common to all arms. Raw returns bypass the residual construction and re-enter at the payoff. The four insets are
computed from the panel and from the k-means partition the runs used (K = 30, re-estimated daily) for 7 July 2014,
a day with Nt = 500 names, all 30 groups occupied, the largest holding 78 names and six holding one, which carry no
position. C is ordered by that day’s groups; Zt is the membership matrix with columns sorted by group size. The
paths are 26 of the 478 eligible names, 30 days of cumulative peer-demeaned residual return in percent, with the five
days the rule-based component reads shaded.
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3.1 The Panel
We build the panel from daily CRSP data obtained through WRDS, covering 1990 to 2024. The traded
universe is the 500 names with the largest market capitalization as of the previous close, reselected daily.
This restriction keeps the comparison in a large, liquid-equity universe while allowing membership to evolve
using only information available at the previous close. The names must be common stock with a full residual
history over the estimation window.1 The return is CRSP’s close-to-close return adjusted for splits and
dividends. Every result in this article is computed on the 6,913 out-of-sample trading days that all 14 arms
(the 12 clusterizers and the two controls) share at both trading components, 8 July 1997 to 27 December
2024. The neural trading head is pre-trained on the first 1,000 days on which a book can be formed, and
the walk-forward loop begins on the day after the last of them. The panel’s date labels run one trading day
ahead of the Fama–French calendar; the offset is corrected before any regression on the factor file, and no
statistic computed within the panel depends on it (Appendix A.7).

3.2 Residualization
To remove the market factor, we residualize every stock’s return against the S&P 500 exchange-traded fund
(SPY) using a single-factor market model. Writing rit for the raw return on stock i and rmt for the market
return,

r̃it = rit − β̂it rmt, β̂it =
Ĉov[t−59, t]

(
ri, rm

)
V̂ar[t−59, t]

(
rm
) , (3)

the estimation window running over the 60 trading days ending at t inclusive; the window length follows
Avellaneda and Lee (2010). The ratio in Equation (3) is the least-squares slope from a regression of ri on rm
with an intercept; the intercept is not subtracted, so r̃it is a market-hedged return, which we call a “residual”
for brevity, rather than the regression residual itself. The position formed at the close of day t earns ri,t+1,
which lies outside every estimation window, so no position uses information about the return it earns; the
convention is shared by all 14 arms.2

Equation (3) involves no Zt and is computed once. The residual panel R̃ = (r̃it) is therefore a common
input: every clusterizer is the map R̃ 7→ Zt evaluated at the same argument. The residuals drive the clustering
and the trading signal, but the book is settled in raw returns: πt in Equation (2) accumulates rit, not r̃it.

3.3 The Clusterizers
We compare the 12 clusterizers, using a common 60-day estimation window wherever the partition is estimated
from returns or correlations. Table 1 lists them by family, with what each clusterizer reads and how each
is constructed.3 Each clusterizer receives the same R̃, targets the same K, and passes its Zt to the same
trading stage. K is 30 throughout, the fixed-K benchmark of Jin et al. (2023); Appendix A.6 sweeps it. We
do not tune any clusterizer’s settings to its trading results. Each runs at one pre-specified setting, because
the question is how much a downstream Sharpe ratio can tell apart different partitions, not which setting of
any one method is best. Appendix A.1 gives each clusterizer’s construction, and Appendix A.3 the partitions
it produces.

Three features of the list matter later. First, the families differ in the information they use as well as in
the algorithm, and the window experiment of Section 5.5 finds sensitivity to the length of the estimation
window concentrated in the clusterizers that read individual eigenvectors of the correlation matrix. Second,
the four trading-driven clusterizers optimize the partition against the Sharpe or Sortino ratio itself rather
than against any other measure of cluster quality. Whether using the payoff helps is then an empirical

1CRSP share codes 10, 11, and 12.
2Ending the window at t − 1 instead, with every partition held fixed and the trained component not rerun, moves each

rule-based book’s Sharpe ratio by less than 0.04, well inside the dispersion of Section 5.1. The volatility reduction from clustering
is unchanged to the first decimal and the alpha advantage over either control is marginally larger, so the convention retained
here is conservative.

3The list omits density-based clustering (DBSCAN, OPTICS), standard in pairs selection since Sarmento and Horta (2020),
because it returns a variable number of clusters and discards unclustered names, which a design matching K across arms cannot
accommodate; Appendix A.2 finds the cost of discarding names inside the noise of a single refit. Modularity-based community
detection also chooses its own K, and single-linkage clustering is omitted for chaining.
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Table 1: The 12 clusterizers

Clusterizer Reads Window (days) Construction

Geometric
k-means on returns R̃ directly 60 k-means on the residual return

vectors in Euclidean space; forms no
correlation matrix

Hierarchical (Mantegna, 1999; Tola et al., 2008)
Average linkage C 60 agglomerative clustering on

D = 1−C
Complete linkage C 60 the same, complete rather than

average linkage

Eigenstructure (MacMahon and Garlaschelli, 2015; Cucuringu et al., 2019)
Spectral (unsigned) eigenvectors of |C| 60 spectral clustering on the unsigned

correlation
PCA loadings eigenvectors of C 60 k-means on the 10 leading

eigenvector coordinates
sponge a signed-Laplacian

pencil
60a the symmetric variant spongesym, on

the positive and negative parts of C;
unlike the row above it uses the signb

Learned (He et al., 2022)
sssnet C, as a signed graph 60 a signed-graph network trained on a

clustering objective, warm-started
from spongec

Trading-driven
Sharpe C and the payoff 60 a soft assignment optimized against

the realized Sharpe ratio of the book
it produces, hardened by arg max

Sortino C and the payoff 60 the same, downside deviation
replacing the standard deviation

Sharpe (EW) C and the payoff 60 the same objective exponentially
weighted, decay 0.99d

Sharpe (graph) C and the payoff 60 the assignment comes from a
signed-graph network, and the
objective matches the trading signal’s
30-day horizon

Taxonomy (Bhojraj et al., 2003)
gics nothing, on the

names it covers
— a static sector classification; names

outside the table are placed by
correlatione

Controls
No clustering (K = 1) nothing — one all-market group, so the trading

rule demeans against the whole
cross-section

Random partition nothing — a uniform random partition redrawn
each day, matched to the real
partitions in K

Notes. This table lists the 12 clusterizers, the object each reads, its estimation window, and its
construction. Every clusterizer receives the same R̃ and targets the same K. Identifiers used in
the runs are given in Appendix A.5.
a Every clusterizer that forms a correlation matrix reads the same 60 trading days. sponge is
estimated at 21 days in its original implementation; the arm carried here is its 60-day variant, so
that a comparison across clusterizers is not a comparison of windows. The substitution does not
disadvantage sponge (Appendix A.5). The three arms marked — form no correlation matrix at
all.
b Groups of fewer than two members are handled differently: sponge, Sharpe, and Sortino
reassign such a member to its most correlated group, while the other nine clusterizers leave it
and the trading stage drops it. For the three that reassign this is immaterial; under k-means on
returns, the one clusterizer with a material singleton rate, the deletion changes the traded book,
and Appendix A.2 measures its cost.
c Run once to produce a fixed set of daily partitions used by all five seeds, like the other stochastic
clusterizers (Appendix A.1).
d Sharpe (EW) differs from Sharpe in more than the weighting, so the clean contrast is Sharpe
against Sortino.
e The table is a single snapshot covering roughly 54% to 73% of the universe by era, so it carries
survivorship and coverage bias by construction. The names it does not cover, about 35% of the
book on a given day, are assigned to the group they correlate with most strongly, so the arm that
is actually traded is a taxonomy–correlation hybrid; the Reads column records the taxonomy
alone.
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question, and with our design it does not: one of the four finishes near the top of the ranking and three in
the lower half (Section 5.1). Third, we include gics to give the comparison a non-statistical reference point,
and carry its coverage caveat (Table 1, note e) wherever it appears.

3.4 The Two Trading Components
We trade every partition twice: once by a fixed cross-sectional rule with no fitted parameter, and once by a
neural trading head fitted on a Sharpe ratio loss. Both components begin by demeaning within the same
partition: on each day we subtract from every stock’s residual the average residual of its own group,

sit = r̃it −
1

|Ck(i)|
∑

j∈Ck(i)

r̃jt, (4)

where Ck(i) is the group holding stock i. Equation (4) is the second of two residualizations in the design: the
first, in Equation (3), removes the market; this one removes the peer group.

The rule-based component sums Equation (4) over the past five days and holds every stock with a negative
sum long and every stock with a positive sum short, equally weighted within each side:

wit =


+1/n+

t , if
t∑

v=t−4
siv < 0,

−1/n−t , if
t∑

v=t−4
siv > 0

, (5)

with n+
t and n−t the number of stocks on each side. The rule is adapted from Jin et al. (2023), who trade

the same within-cluster reversal on raw returns, with weights normalized within each cluster rather than
across the book. The book is long what has recently fallen behind its peers, the mean-reversion bet. Writing∑
i |wit| for its gross exposure and

∑
i wit for its net, Equation (5) gives 2 and 0 respectively: dollar neutrality

holds by construction here, and will not hold at the trained component. The book is fully determined by the
partition.

The trained component replaces that rule with a neural trading head in the design of Guijarro-Ordonez
et al. (2025): a convolutional extractor applied to the residual path, followed by a scoring network, with every
parameter fitted to maximize the Sharpe ratio of the book itself. We replace their transformer with the long
convolution of Fu et al. (2023), as Epstein et al. (2025) do. For each stock the head reads the 30-day path of
running sums of Equation (4) and returns a weight through a fixed chain,

xit
Conv2,4,8−−−−−−−→ uit

LongConv−−−−−−−→ hit
FFN−−−−→ git

c tanh( · /c)−−−−−−−−→ fit
/
∑

j
|fjt|

−−−−−−−−→ wit,

a multi-scale convolution, a long convolution with one kernel weight per step, a two-layer scoring network, and
a soft clamp followed by a rescaling to gross exposure one. The parameters maximize the in-sample Sharpe
ratio of the payoff Equation (6), less three regularization penalties, and are refit as the sample rolls forward:
pre-trained once on the first 1,000 days, then refit every 125 trading days on the trailing thousand. Every
arm uses the same head, with constants fixed in advance. The only choices made within a run, early stopping
and the learning-rate schedule, are confined to the trailing training window; the seeds of Section 3.6 vary this
fitting and nothing else. Appendix A.4 gives the architecture, the objective, and the schedule. Beyond the
fitted model, the head also reads a longer signal window, 30 days against the rule’s five. Section 4.4 separates
the model from the window by rerunning the fixed rule on a 30-day signal.

The rescaling fixes gross exposure and leaves
∑
i wit free, so unlike Equation (5) it is not dollar neutral:

mean absolute net exposure runs 0.06 to 0.18. Runs are screened for one-sided books, a day holding no long
or no short position; no run reported in this article fails the screen. The head’s objective also divides by
a standard deviation, so the trained component targets the second moment directly, while the rule-based
component does not.

Either component turns weights into the payoff of Equation (2),

πt =
∑
i

wit ri,t+1, (6)
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and the return on the right is the raw return of Equation (3): residuals build the partition and the signal,
but the payoff is earned on raw returns.

3.5 Two Controls
To measure what a partition is worth, we compare every result below against two control arms. The first sets
K = 1, a single group, so the cluster-relative signal is measured against the whole cross-section rather than a
peer group. This control answers whether clustering is worth performing at all. The second assigns each stock
to one of K groups uniformly at random, independently across stocks and redrawn every trading day, reading
nothing from R̃. The random control removes only the information: 30 groups, the same cluster-relative
construction, the same trading model, and the same signal window all remain, so it separates the mechanics
of grouping from the information in the groups. It differs from the placebo of Brutti et al. (2026), which
permutes long and short assignments within clusters and so tests the signal rather than the partition.

3.6 Seeds and Conventions
We train each configuration five times, at seeds {1, 2, 3, 4, 5}. The seed varies only the initialization of the
trading head, so dispersion across seeds is dispersion in the fitted model at a fixed clustering; every dispersion
figure below, including the pooled benchmark of Section 5, is computed across a configuration’s own fits.

Nine of the 12 clusterizers are stochastic. Each has its daily partitions generated once and cached, and
used by all five runs, so a training seed moves only the fit; sssnet, which in its original form computes its
partition at run time, is run once to produce such a fixed set (Appendix A.1). The partition itself is redrawn
only in Section 5.2.

Throughout, the Sharpe ratio of a payoff series is
√

252 times its mean divided by its standard deviation,
with no risk-free subtraction: the books are self-financing and long-short, so their return is already an excess
return. Tables report either the mean of the per-seed Sharpe ratios or the Sharpe ratio of the seed-averaged
payoff, as each note states. Averaging the payoffs first cancels part of the variation between fits, so the second
is larger, by 0.16 to 0.22.

3.7 What the Design Can Resolve
We close the section by stating what the design can and cannot resolve. A comparison of trading strategies is
a comparison of estimated moments, and the same sample estimates a volatility with

√
2 times the precision

of a mean. For a return series of length T and volatility σ,

se(σ̂) = σ√
2T

, se(µ̂) = σ√
T
. (7)

A Sharpe ratio is therefore asymmetric in its own resolution before any data are seen: whatever a study of
this kind can say about the denominator, it can say less firmly about the numerator. A comparison carries
information only when the spread in a moment is large relative to the precision with which that moment is
measured.

The 19 arms of Appendix A.5, the 14 above plus five 21-day window variants, trade the same names on
the same days, so their payoffs correlate at ρ̄ = 0.854 on the seed-averaged books. The common component
of the estimation error cancels between them, so the measurement error used below is the idiosyncratic part.4

The two moments fall on opposite sides of what the design can resolve. We split the sample at 2001, 2009,
and 2016 and measure across the 19 arms of Appendix A.5: differences in volatility run between 13 and 21
times their own measurement error in every period, with no trend across the four periods. Differences in
mean return run from 2.2 times theirs in the first period to below one in the last two periods (0.98 and 0.63).

4Estimates of a variance inherit the square of the correlation between the underlying series, so the shared component of the
volatility error is ρ̄ 2 = 0.729 and not 0.854; carrying ρ̄ through would raise the volatility ratios reported here by about a third.
The correlation is measured on seed-averaged payoffs; on single runs it runs from 0.757 to 0.799.
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Table 2: Book volatility and factor alpha: 12 clusterizers against the two controls, within each trading component

Level (%/yr) Change from clustering

Trading component 12 clusterizers K = 1 Random against K = 1 against Random

Volatility Rule-based 4.77–6.18 9.30 8.83 −41.9% −38.7%
Trained 2.88–3.80 5.07 4.89 −35.4% −33.0%

Alpha Rule-based 8.05–8.81 7.27 7.43 +15.6% +13.1%
Trained 5.89–7.02 5.44 5.33 +20.0% +22.5%

Notes. This table reports the annualized volatility and the annualized alpha of the rule-based and
trained books of the 12 clusterizers and the two controls, and the change from each control’s level
to the clusterizers’. All 14 arms are measured on the 6,913-day window of Section 3.1 (July 1997 to
December 2024), with the common 60-day estimation window wherever the partition is estimated from
returns or correlations. Rule-based books carry gross exposure 2 and trained books gross 1, and the
two components also differ in signal window, so only within-component comparisons are meaningful.
Alphas are against the Fama–French five factors (Fama and French, 2015) plus momentum (Carhart,
1997), FF5+MOM below, with Newey–West(21) standard errors; each payoff is paired with the factor
return of the calendar day on which it was realized. The two trading components label their books
differently: the rule-based series by decision day, the trained series by a date label that runs one
trading day ahead of the factor file’s, so the join is same-day for the rule-based series and lagged one
day for the trained series. Trained volatilities are computed per head seed and averaged over the five
seeds; trained alphas are on the payoff averaged over the five head seeds. Change is the ratio of the 12
clusterizers’ mean level to the control’s, minus one, computed on unrounded values; those means are
5.41 and 3.27 for volatility and 8.41 and 6.52 for alpha. Averaging the trained payoff series over seeds
before measuring volatility gives 2.66–3.48 for the clusterizers against 4.44 and 4.18 for the controls,
changes of −32.3% and −28.1%.

4 Decomposing Portfolio Performance
In this section, we show that a real partition has two benefits: it lowers the volatility of the payoff, and it
raises its alpha. We measure both benefits within each trading component. We then measure how much
comovement each partition removes and show that a random partition removes only the amount that any
grouping into K sets removes by construction (Section 4.2). We decompose the Sharpe gap between grouped
and control books into a mean part and a volatility part (Section 4.3), and finally turn the comparison around
and measure what the trading head adds to a partition held fixed (Section 4.4).

4.1 Volatility and Alpha
Clustering cuts book volatility by 28% to 42% in every combination of trading component, control, and
convention (Table 2). Under both components the least volatile control book sits far above the most volatile
of the 12 clusterizers’ books. The neural trading head narrows the gap against both controls without closing
either, from 41.9% to 35.4% against the all-market control and from 38.7% to 33.0% against the random
control.

Every clusterizer produces a reduction in volatility. The 12 trained books span 2.88% (k-means on returns)
to 3.80% (spectral clustering), a band of 0.9 points, while either control sits about a point above the band’s
top. Across the 12 trained books the highest volatility is 32% above the lowest, the highest alpha only 19%
above (Table 2), so their Sharpe ratios differ mainly through volatility. Figure 2 puts the two moments on
one plot: the 12 clusterizers form a narrow band in alpha and a wide one in volatility, and both controls fall
outside both bands, below in alpha and above in volatility. The rule-based books, at twice the gross exposure,
take the same shape. The volatility reduction is a property of clustering, not of a well-chosen partition, and
Section 5 returns to how little the choice of clusterizer matters downstream.

Clustering also raises alpha, and unlike the volatility benefit the size of the gain depends on which
trading component reads the signal. At the rule-based component both controls sit below every one of the 12
clusterizers (7.27% per year for no clustering and 7.43% for the random partition, against 8.05% to 8.81% for
the clusterizers). The same fixed rule therefore earns 15.6% more alpha on the twice-residualized signal of
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Figure 2: Alpha against volatility at the trained component. This figure plots each arm’s annualized alpha against
the annualized volatility of its book, both at the trained component over the 6,913-day sample (July 1997 to December
2024). Alphas are against FF5+MOM with Newey–West(21) standard errors on the seed-averaged payoff, and
volatilities are computed per head seed and averaged over the five seeds, the conventions of Table 2. The shaded band
spans the 12 clusterizers’ alphas. Four clusterizers are named: k-means on returns at the lowest volatility, the graph
Sharpe clusterizer at the highest alpha, gics at the second-highest volatility with a mid-band alpha, and spectral
clustering at the highest volatility and the lowest alpha; the eight unnamed circles are the remaining clusterizers,
whose coordinates the replication package lists. The two controls are red.

Equation (4) than on the all-market control’s signal, and 13.1% more than on the random control’s. Because
the rule-based component has no fitted parameters and the arms differ only in the signal they receive, the
extra alpha can come only from the signal the partition supplies.

The neural trading head widens the alpha advantage over both controls, far more over the random control
than over the all-market control (against the six factors of Table 2; with a short-term reversal factor added,
the rule-based advantage exceeds the trained one, Section 6.2). Against the all-market control the advantage
rises from 15.6% to 20.0%; against the random control it rises from 13.1% to 22.5%. The same asymmetry
appears arm by arm. Both advantages are positive at every one of the 12 clusterizers. Formed seed by seed,
so that the dispersion across a clusterizer’s five head seeds is preserved, the advantage over the all-market
control exceeds twice that dispersion at only four of the 12, while the advantage over the random control does
so at seven. The count is the same under either dispersion, the clusterizer’s own across its five seeds or the
figure pooled over the 12, though not the same four. A wrong partition therefore costs more under the neural
trading head than under the fixed rule (Section 4.4). The random control earns less alpha than K = 1 under
the head (5.33 against 5.44), a gap that plausibly reflects what the two signals contain. Demeaning within a
random group subtracts the average of roughly 16 unrelated stocks, so the random signal is the K = 1 signal
perturbed by a component that carries little systematic peer information, and the trained component reads a
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corrupted copy of the signal it reads under K = 1.

4.2 Variance Removed by Group Demeaning
Group demeaning removes between a tenth and a quarter of the cross-sectional variance under a real partition,
and only the mechanical floor under a random one. We measure directly how much of the cross-sectional
variance of the market residuals the group demeaning of Equation (4) removes. For each arm we take each
day’s market residuals (Section 3.2), subtract each stock’s own group mean, and record the share of variance
that disappears. For the 12 clusterizers the share runs from 10.8% for the sector taxonomy to 26.4% for
k-means on returns, and the other 10 lie within about two percentage points of one another (17.0% to 19.1%).
Ten of the 12, though they disagree widely on the partition (Section 5.2), remove nearly the same share.

For the K = 1 control the same quantity is zero by construction: its one group’s mean is the cross-sectional
mean, around which the variance is already measured. The K = 1 signal is therefore residualized only once,
against the market, while a signal after clustering is residualized twice.

The random control measures the part of the removed variance that has nothing to do with structure.
Subtracting a group mean removes some variance even when the groups are meaningless, and the amount can
be computed: with K random groups over Nt stocks it is (K − 1)/(Nt − 1) in expectation, 5.88% at K = 30
on the 494.3 names the rule-based book trades on an average day. The random control measures 5.93%.
Everything it removes is therefore this mechanical part, and its book remains one of the two most volatile of
the 14 books. Removing variance from the signal helps only when the variance removed is real comovement.

Less comovement in the signal produces less volatility in the book. With the common movement removed,
the positions the head builds on the signal comove less, and in the spanning regressions of Section 6.2 the 12
clusterizers’ trained books carry 42% less market beta than the all-market control and 35% less than the
random control. Across the three cases (no clustering, random, real), removal share and book volatility rank
in the same order at both trading components (Section 4.1). A partition degraded step by step toward a
random one traces the same relation continuously: the removal share falls toward the floor and book volatility
rises at every step (Appendix A.8).

Balance within groups contributes little to the volatility reduction. The demeaned signal sums to zero
within each group, and the book could inherit that balance, but a typical group’s longs and shorts are out of
balance by 16% to 23% of the group’s total position, about three quarters of the level that random signs on
the same weights would produce. The one exception is gics, whose imbalance exceeds its own random level.

4.3 Decomposing the Sharpe Gap
Most of a partition’s Sharpe advantage over either control comes through volatility. Because the log Sharpe
ratio is the log mean minus the log volatility, the log-Sharpe gap between the clusterizers’ books and a control
book splits exactly into a mean part and a volatility part,

log SRg − log SRc = (logµg − logµc)− (log σg − log σc). (8)

Across the four cells of Table 3, the volatility part is 82.0% of the gap over the K = 1 control at the trained
component, and between 75% and 83% overall, largest at the rule-based component against the random
control. Arm by arm, in the trained cells the share is lowest for the graph Sharpe clusterizer against the
K = 1 control and for gics, the coarsest partition, against the random control, down to 68%; no other
clusterizer goes below 69% in any cell. In this split, the return the controls earn from factor exposure counts
as mean; measured on calendar-aligned alphas instead, the mean part rises to 29.4% against K = 1 and
33.6% against random in the two trained cells. Under either measure, the volatility reduction accounts for
most of a partition’s Sharpe advantage.

4.4 What the Trading Head Adds
Sections 4.1 to 4.3 held the trading component fixed and varied the partition. We now hold the partition
fixed and ask what the neural trading head adds to it. At matched gross exposure it raises alpha at every one
of the 14 arms and raises volatility at every arm by proportionally less. The ranking of the 12 clusterizers
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Table 3: Mean and volatility parts of the log-Sharpe gap to each control

Trading component Control Gap Mean part Volatility part Volatility share

Rule-based K = 1 0.667 0.124 0.543 81.4%
Rule-based Random 0.590 0.100 0.490 83.0%
Trained K = 1 0.533 0.096 0.437 82.0%
Trained Random 0.532 0.131 0.401 75.4%
Notes. This table reports the log-Sharpe gap between the 12 clusterizers’ mean book and each
control and its split into a mean part and a volatility part, by trading component. All arms use
the common 60-day window, on the 6,913-day window of Section 3.1 (July 1997 to December
2024). The clusterizers’ mean book takes the mean over the 12 clusterizers of the annualized mean
and of the annualized volatility; each control uses its own. Gap is the left side of Equation (8);
the mean part is logµg − logµc, the volatility part log σc − log σg , and the share is the volatility
part over the gap. In the trained cells µ and σ are computed per head seed and averaged over
the five seeds; averaging the payoff series over seeds first gives shares of 80.2% and 71.6% in the
two trained cells. The rule-based component has no training seed. Arm by arm, in the trained
cells the share is lowest for the graph Sharpe clusterizer against the K = 1 control and for gics
against the random control, down to 67.8%. Replacing the means with calendar-aligned alphas in
the trained cells gives a mean part of 0.182 against K = 1 and 0.203 against random, a share of
29.4% and 33.6% for the mean.

Table 4: Alpha and volatility at the two trading components, and the change between them

Alpha (%/yr) Volatility (%/yr)

Rule-based Trained Gain Rule-based Trained Ratio

12 clusterizers 4.03–4.40 5.89–7.02 +1.56 to +2.94 2.38–3.09 2.88–3.80 1.17–1.24
K = 1 3.63 5.44 +1.80 4.65 5.07 1.09
Random 3.72 5.33 +1.61 4.41 4.89 1.11

Notes. This table reports each arm’s alpha and volatility at the two trading components and
the change from the rule-based to the trained component. All 14 arms at the common 60-day
window, on the 6,913-day window of Section 3.1 (July 1997 to December 2024); alphas are against
FF5+MOM with Newey–West(21) standard errors, each component joined to the factor file on its
own realization calendar (Appendix A.7); rule-based cells are divided by two to match the trained
component’s gross exposure of one. Gain is the trained alpha minus the rule-based alpha, in
percentage points; Ratio is the trained volatility over the rule-based volatility. Both are computed
arm by arm on unrounded values, as are the divided-by-two cells; the 12-clusterizer row is therefore
the range of the per-arm values, not the difference or ratio of the printed ranges. Volatility columns
are computed per head seed and averaged and alpha columns are on the seed-averaged payoff,
both as in Table 2; the rule-based cells here are the rule-based entries of that table halved.

is largely the same under either component; the gap between the two controls also closes, and that closing
shows what training does to a partition that carries no information.

The two trading components differ in two ways, the model and the signal window (5 against 30 days,
Section 3.4), so any difference between them bundles the two changes. Rerunning the rule-based component
with a 30-day window widens the alpha advantage over the controls to +38.7% and +35.8%, and the head
still adds alpha at every arm over that rerun, so the longer signal window alone does not account for the
head’s alpha improvement. That rerun also sets the base against which the head’s advantage is measured.
At the head’s gross exposure, the 30-day window moves the fixed rule’s gap to either control by at most
0.04 alpha points but lowers the alphas themselves to 1.4% to 2.3% a year across the 14 arms, with neither
control’s alpha distinguishable from zero (t = 1.6 and 1.7). The larger relative advantage therefore comes
from the smaller base. In alpha points the head’s gap to either control is roughly twice the fixed rule’s at
either signal window, 1.9 to 2.5 times.

Table 4 reports each arm against itself across the two trading components, with the rule-based book
divided by two to match the head’s gross exposure. The head adds alpha at every arm, controls included,
and raises volatility at every arm, by 9% to 24%, even though its objective divides by the standard deviation.

The rule-based ranking largely remains the same under the neural trading head (Figure 3). Across the
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Figure 3: Sharpe-ratio ranks at the two trading components. This figure plots the 12 clusterizers ranked by Sharpe
ratio at each trading component, on the matched 60-day estimation window over the 6,913-day sample; the trained
column is the mean of the five per-seed Sharpe ratios. A clusterizer that changes rank by three places or more is
drawn in black. The Spearman rank correlation between the columns is +0.85.

12 clusterizers the Spearman rank correlation between the two components’ rankings is +0.85 (p = 0.0004).
Three clusterizers keep their rank, the largest move is five places, and both ends of the ranking are the same
at both components: k-means leads, and spectral clustering and gics are the two lowest.

The random control’s edge over the K = 1 control does not survive training. At the rule-based component,
where the book is a deterministic function of the partition, the random control earns a higher Sharpe ratio
than the K = 1 control, 0.89 against 0.83. At the trained component the two are level on the mean-of-per-seed
convention, 1.28 against 1.28, and on the seed-averaged book the random control’s edge is only 0.04, 1.50
against 1.46, so under the head they are indistinguishable. Paired by seed, the difference is 0.00 with a
standard deviation of 0.08 across five fits (t = 0.00), and its sign changes from fit to fit. Training therefore
makes a wrong partition more expensive. One explanation, consistent with Section 4.1, is that the fixed
rule bets small, equal amounts everywhere, so the noise a random partition adds largely cancels, whereas a
trained model fits whatever structure the labels imply, even when there is none or it is wrong.

5 Comparing the Clusterizers
This section compares the 12 clusterizers against the variation the design itself produces when a training run
or a partition draw is repeated. Their partitions disagree, yet the books they produce move together, and
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their Sharpe ratios separate the top of the ranking from the bottom without separating neighbors in the
middle. Section 5.1 measures how far the gap between two clusterizers moves when only the training run
changes, and uses that dispersion as the benchmark for the ranking. Section 5.2 redraws the seed behind
each partition and finds that the leader of the ranking depends on the draw. Section 5.3 runs the formal
tests. Section 5.4 follows the differences between clusterizers at three points along the pipeline, from the
partition to the payoff, and draws the consequence for choosing among them. Section 5.5 turns to the two
inputs that do move the results, the estimation window and the number of groups.

5.1 Variation across Training Runs
Most adjacent gaps in the Sharpe ranking are smaller than the run-to-run variation in the gap itself. A
ranking compares two arms, so the dispersion a gap must be judged against is the dispersion of the difference
between them, not of either arm’s level. The two are not interchangeable here, and the reason can be
measured. In the 12 × 5 matrix of per-seed Sharpe ratios, 27% of the variance is a shift shared by every
arm: a seed that trains one configuration well trains all 12 well. The five seed means span 0.41, half the 0.83
between the best and the worst clusterizer. A shared shift moves every arm together and can reorder nothing.
Only the interaction between arm and seed can, and it carries 8% of the variance.

Pooled across the 11 adjacent pairs, the standard deviation of a gap across its five training runs is 0.103,
on 44 degrees of freedom, with a 95% interval of [0.085, 0.130]. Measured on the levels instead, the dispersion
is 0.168 on 48 degrees of freedom, a fifth of the span between the best and the worst clusterizer. We report
both and judge the gaps against the paired figure, which is the error term a comparison across a common set
of seeds calls for.5

The 12 mean-of-per-seed Sharpe ratios span 1.742 to 2.567, and nine of the 11 adjacent gaps are smaller
than 0.103; the count is eight at the interval’s lower end and nine at its upper. Both exceptions sit at the ends
of the ranking. k-means on returns leads the second clusterizer by 0.139, and gics leads spectral clustering
at the bottom by 0.245, the only gap that also exceeds the dispersion of the levels. The nine gaps between
them run from 0.001 to 0.090.

Even the separation at the top does not fix the leader. k-means on returns is first at four of the five seeds
and complete linkage at the fifth. Only the bottom of the ranking is fixed: spectral clustering is last at every
seed. The ordering is therefore not expected to replicate between neighbors (Figure 4).

5.2 Variation across Partition Draws
The training-seed dispersion of Section 5.1 leaves out the variation in the partition itself. Every stochastic
clusterizer’s daily partitions were generated once and cached, and all five training runs use the same partitions
(Section 3.6). Redrawing the partition measures how much that draw moves the results. This subsection is
reported on a different basis from the rest of the paper: five partition draws, each traded by a single training
run at head seed 42, so that the partition axis is isolated. The five training seeds of Section 3.6 do not enter
here.

For the nine stochastic clusterizers, each redrawn five times (partition seeds 1 to 5; the cached partition of
the rest of the paper is a separate draw), the adjusted Rand index (ari; Hubert and Arabie, 1985) between
two draws of the same clusterizer averages 0.30, against 0.19 between two different clusterizers. Expressed as
disagreement, one minus the index, a redraw of the seed produces 87% of the disagreement that a change of
clusterizer produces. The average hides three levels that do not overlap. The four trading-driven clusterizers
agree with their own redraw at 0.21 to 0.28, the four other stochastic clusterizers at 0.32 to 0.45, and sssnet
at 0.18, so stability against the seed is a property of the family.

Redrawing the partition moves the Sharpe ratios as well; the largest range grows from 0.21 under the
fixed rule to 0.38 under the neural trading head, though not every clusterizer moves more. At the rule-based
component, which has no training noise, the draw already moves the leader (Figure 5a): spectral clustering is
last under all five seeds, but k-means on returns is first under only three of them, Sharpe (graph) and PCA
loadings under one each. The largest range across the five draws is 0.21, for k-means on returns, 36% of the

5This is a different safeguard from the data-snooping corrections of White (2000), Hansen et al. (2011), and Bailey and
López de Prado (2014), which take each measured statistic as given and protect a comparison against selection across many
tests. The dispersion measured here is the statistic’s own run-to-run noise, so the two safeguards are complements.
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Figure 4: Per-seed Sharpe ratios against the dispersion of a gap. This figure plots the per-seed Sharpe ratios of
the 14 arms at the trained component over the 6,913-day window. Each row is one arm: circles are its five per-seed
Sharpe ratios, the tick its mean. The bar at the top right is not an interval around a center; its length is one pooled
paired-difference standard deviation, 0.103, the distance two adjacent means must exceed, and it is meant to be laid
against the horizontal distance between two neighboring ticks. Nine of the 11 gaps between adjacent clusterizer means
fall inside it; the two that do not are marked, at the top and the bottom of the ranking. Measured on the levels
instead the dispersion is 0.168, and by that wider figure 10 of the 11 gaps fall inside. Both controls sit below every
clusterizer run.

0.58 between the best and the worst of the 45 rule-based books (nine clusterizers at five partition seeds); the
random control, whose labels are redrawn daily under any seed, moves 0.08.

Under the neural trading head the leader still depends on the draw and the movement is larger. When
the head is rerun with its own seed pinned on the same redrawn partitions, k-means is first at four of the five
draws and sponge at the other. The largest range across the five draws grows by three quarters, to 0.38 for
sponge, and the random control moves 0.39 (Figure 5b), as much as it moves across the five head seeds
(0.41, Figure 4). The trained component, which might be expected to average the draw away, instead enlarges
it, and for a partition that carries no information it converts the draw into as much variation as a refit does.
sssnet, redrawn like the others, moves by 0.15 at the rule-based component and by 0.13 under the head,
the fifth-largest and the smallest ranges among the nine. A ranking computed from one partition draw per
clusterizer therefore carries a source of variation that rerunning the training leaves in place and enlarges.

5.3 Formal Inference
Formal tests reach the same conclusion, that the ranking separates its top from its bottom but not its
neighbors. The comparisons above use no hypothesis test; Table 5 reports tests on the 12 clusterizers’
seed-averaged books at the matched 60-day window, over the 6,913 days all arms share. A model confidence
set at the 90% level keeps six of the 12 clusterizers, the six with the highest Sharpe ratios, so it divides the
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Figure 5: Redrawing the partition seed at each trading component. This figure plots the Sharpe ratio of each
stochastic clusterizer under five partition seeds. The labels on the horizontal axis name those partition seeds, not
the training seeds of Section 3.6, which are held fixed here. (a) The rule-based component is deterministic, so every
movement is the partition draw itself. Spectral clustering is last under all five seeds; k-means (black) is first under
three of them, and the largest range is 0.21. The panel tracks the nine stochastic clusterizers; the three deterministic
ones, with no seed to redraw, are the dashed horizontals. (b) The trained component, with the head seed pinned at 42
and the same nine clusterizers. k-means (black) is first at seeds 2 to 5, sponge (dashed) at seed 1. The largest range
across the five draws is larger here than at the rule-based component, and so is the random control’s. The random
control is red in both panels.

ranking in the middle rather than removing only the weakest arms; the two elimination statistics differ, TR
keeping two. The set holds the partition draw of Section 5.2 fixed and could only widen with it. Pairwise
Ledoit–Wolf tests find 21 of 66 differences that survive a Holm correction (Holm, 1979), none of them between
neighbors in the ranking. The adjacent pair closest to significance, the sector taxonomy against spectral
clustering at the bottom of the ranking, has a raw bootstrap p-value of 0.004 that the correction raises to
0.15. The Sortino–Sharpe pair, the one clean objective contrast in the design, differs by 0.13 with a standard
error of 0.09.

Part of the spread is the annualization itself. Daily Sharpe ratios are scaled by
√

252, which assumes away
serial dependence. On non-overlapping 21-day returns, 329 blocks in place of 6,913 days, the spread across
the 12 seed-averaged books falls from 0.88 to 0.40, the 90% set keeps 11 of the 12 under Tmax and nine under
TR, and one of the 66 pairs survives Holm. The separation between clusterizers is visible day by day and
modest at monthly frequency.

The gap to the controls survives at both horizons. Every clusterizer earns a higher Sharpe ratio than
both controls, the confidence set discards both, and the pairwise gap is significant for all 12 against each
control daily. At 21 days five separate from K = 1 and five from the random control, a loss of power rather
than a change of sign.

5.4 Between-Clusterizer Differences and the Choice among Clusterizers
Two different clusterizers’ books correlate at 0.61 on average in their daily position vectors. Whether 0.61 is
close or far requires a reference point, and the design supplies an internal one. Every configuration is fitted
five times (Section 3.6), so we can measure how much one clusterizer differs from itself when it is refitted at
a fixed partition. We run that comparison at three points along the pipeline (Table 6): the partition, the
positions it induces, and the payoff those positions earn. At each point the comparison reports how much
two different clusterizers resemble each other, how much one clusterizer resembles itself under a redraw of its
own randomness, and the ratio of the two.
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Table 5: Statistical tests on the 12 clusterizers

Procedure Question Result

Model confidence set,
90%

which clusterizers could be
best?

keeps 6 of 12 under Tmax and 2 under TR

Ledoit–Wolf, all pairs which differences are real? 21 of 66 past Holm; none adjacent
Sortino vs. Sharpe does the objective matter? +0.1260 (s.e. 0.0919)
Non-overlapping 21-day
returns

does
√

252 inflate the
spread?

spread 0.8758 → 0.4044; 90% set keeps
11 of 12 under Tmax, 9 under TR; 1 of 66
past Holm

Every clusterizer vs.
both controls

do all clusterizers beat
both controls?

yes: 12 of 12 above both, at both horizons

Notes. This table reports the outcome of each test on the 12 clusterizers’ seed-averaged payoffs;
Tmax and TR are the two elimination statistics of the model confidence set. All five rows are
computed on one basis: the 12 clusterizers at the matched 60-day window, over the 6,913 trading
days every arm shares (Section 3.1), on seed-averaged payoffs, so the spreads are not comparable
with the paired dispersion of Section 5.1. Model confidence sets follow Hansen et al. (2011);
pairwise tests follow Ledoit and Wolf (2008), on a circular block bootstrap (block 21 trading days,
5,000 draws, studentized bootstrap p-values). “Past Holm” counts the pairs whose difference
survives the Holm step-down correction (Holm, 1979) over the 66 pairs at the 5% family-wise
level.

Table 6: Similarity between clusterizers and to their own refits at three stages of the pipeline

Across clusterizers Clusterizer against itself Ratio

Partition (ari) 0.193 0.296 0.65
Positions, trained component 0.612 0.704 0.87
Daily payoff, trained component 0.815 0.805 1.01
Notes. This table reports how similar two clusterizers are at three stages of the pipeline, how
similar a clusterizer is to its own refit, and the ratio of the two. ari is the adjusted Rand index. In
the partition row the across-clusterizer cell covers all 66 pairs of the 12, while the against-itself
cell covers the nine stochastic clusterizers, whose partitions were redrawn, on the refit days inside
the same window; the position and payoff rows cover all 12 in both columns. The “against itself”
column is likewise not the same object in every row: in the first row it is the same algorithm at a
redrawn partition seed, in the last two the same partition at a redrawn head seed. Adjusted Rand
indices are computed day by day on the names two partitions share; every pair overlaps on at least
95% of the names except those involving the sector taxonomy, whose snapshot covers about two
thirds of the traded universe. Against either control the index is 0.000 over all 24 pairs, which
is why the controls are not shown. Positions are the daily weight vectors, correlated across the
union of the two books’ names with absent names entered at zero, on all 6,913 common days and
averaged over the five seeds. Payoff correlations are per seed and pair arms at the same seed, so the
seed is not itself a source of difference; seed-averaging the payoffs first raises the across-clusterizer
figure to 0.886 and is not comparable to the row shown.

In the partition itself the ratio of the two indices is 0.65 (0.193 against 0.296), so two clusterizers resemble
each other about two thirds as much as a clusterizer resembles its own redraw. Expressed as disagreement,
one minus each index, the same two numbers give the result of Section 5.2. In the positions the partition
induces the ratio rises to 0.87, and in the payoffs those positions earn it reaches 1.01. Two different clusterizers
produce payoffs that correlate as strongly as one clusterizer does with itself refitted.

Figure 6 shows that the resemblance is nearly uniform across pairs. No pair of clusterizers stands out and
none falls away: the 12 clusterizers’ pairwise position correlations run from 0.581 to 0.657, and every one
of them lies between 81% and 96% of the diagonal of its own row. Sorting the clusterizers by Sharpe ratio
produces no block structure, so the arms at the bottom of the ranking hold much the same positions as the
leaders, at higher volatility (Section 4.1). The small differences that remain follow the families rather than
the Sharpe ranking. The two hierarchical clusterizers are the most similar pair among the 12 (0.657 against
an average of 0.61 over all pairs) and the eigenstructure clusterizers are mildly cohesive (0.635). The four
trading-driven clusterizers, which share an objective but not a representation, are as similar to each other as
to the other clusterizers (0.604 within, 0.604 against the others).

The controls give a reference for how low the correlation falls between books that differ in substance.
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Figure 6: Position-vector correlation between arms. This figure shows the daily position-vector correlation between
every pair of the 14 arms at the trained component over the common 6,913-day window, ordered by Sharpe ratio. The
diagonal is not one: it is each arm against itself at a different seed, so every cell can be compared against the diagonal
of its own row. The two controls are set off by a divider line.

Relative to a clusterizer’s correlation with its own refit, 0.704, the correlation drops by 0.09 between two
clusterizers (to 0.612) and by 0.25 between a clusterizer and a control (to 0.450); the first drop is 36% of
the second. The two controls correlate with each other at 0.71, more than either correlates with its own
refit under a redrawn head seed, 0.55 and 0.51; every clusterizer’s own-refit correlation is 0.67 to 0.74. No
clustering and a random partition therefore deliver much the same book, and retraining on a structureless
signal is noisier than retraining on any partition. The instability is in the fit rather than the partition. The
K = 1 control has no partition seed to redraw, and the random control’s labels carry no structure under any
seed, so the random control’s Sharpe ratio moves as much when the label stream is redrawn as when the
training seed is (0.39 across partition draws against 0.41 across head seeds, Section 5.2).

Because the 12 books are this similar, ex ante selection among individual clusterizers does not improve
upon a simple diversified combination of their books. The equal-weight book earns a Sharpe ratio of 2.505
on the seed-averaged payoff, above nine of the 12 books on that convention. Re-selecting the trailing best
clusterizer each January leaves a gap to the equal-weight book whose confidence interval covers zero at
every look-back considered (Figure 7). The result is familiar from the forecast-combination literature: when
candidates are exchangeable up to noise, equal weights are hard to beat (Timmermann, 2006).
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Figure 7: Selecting the trailing best clusterizer against holding all 12. This figure plots two comparisons of the
seed-averaged trained books. (a) Cumulative log return of the equal-weight book and of three selection rules, each of
which re-selects on the first trading day of each calendar year the clusterizer with the highest Sharpe ratio over the
trailing one, three, or five years and holds it for the year; series are scaled to equal volatility. (b) Each clusterizer’s
Sharpe ratio minus the equal-weight book’s, with 95% circular block-bootstrap intervals (block 21, 5,000 draws); black
marks the clusterizers whose interval excludes zero, gray those whose interval includes it. All books are seed-averaged
trained books over the 6,913-day sample, and panel (b) is ordered by that convention’s Sharpe ratio rather than by
the mean-of-per-seed ranking of Figure 4.

Five of the 12 clusterizers, however, sit reliably below the equal-weight book, by 0.17 to 0.60 in Sharpe
ratio; the intervals are from a circular block bootstrap over days (block 21, B = 5,000). One of the five,
Sharpe (EW), the exponentially weighted variant, has a gap of 0.27 against a range of 0.30 across its own
five partition draws, so its shortfall is not separated from the movement its own partition seed produces;
of the other four, two clear their range and two have deterministic partitions and no such range to clear.
Three clusterizers score above the equal-weight book, k-means, Sharpe (graph), and complete linkage, by
0.27, 0.13, and 0.05; only k-means’ interval excludes zero, [0.10, 0.44]. Its margin of 0.27 is about the size
of the 0.29 range its own five partition draws produce, so the one advantage the day bootstrap resolves is
not separated from the partition axis. Differences of this size do not identify a best clusterizer. They do
identify the clusterizers to avoid, and the clusterizers furthest below the equal-weight book are the most
volatile (Section 4.1).

5.5 The Estimation Window and the Number of Groups
Two upstream inputs move the Sharpe ratio on the scale of the span between clusterizers: the length of a
clusterizer’s estimation window, which moves it by as much as the whole span, and the number of groups
K, which moves it by up to 0.36 away from the K = 30 used throughout, more than two fifths of the span.
The comparisons above hold both fixed. Holding the algorithm, the panel, the trading head, and the seeds
fixed, we lengthen the window from 21 days to 252. Spectral clustering gains +0.88 in Sharpe ratio and PCA
loadings +0.66, each monotone across the intermediate windows and paired by seed, while average linkage,
which uses the same correlation matrix, moves 0.00. The difference between those responses is the clean
comparison, because the arms use the same input; against average linkage, the window response of spectral
clustering is +0.88 and of PCA loadings +0.67, the same sign in every seed. The two clusterizers that gain
are the two that use individual eigenvectors of the correlation matrix, and three arms registered in advance
to separate that account from its rival (that low starters gain most) move as the eigenvector account predicts
(Appendix A.9).

The number of groups is the second input. Of five clusterizers swept at K ∈ {10, 30, 50} (five seeds each,
Appendix A.6), three rise monotonically in K, while k-means on returns and spectral clustering peak at 30
and fall by 0.09 and 0.14 between 30 groups and 50. For the four other than spectral clustering, coarsening to
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10 groups costs 0.20 to 0.36 in Sharpe ratio, and refining to 50 changes it by −0.09 to +0.22. The gain from
more groups cannot be split between finer structure and the finer demeaning of Section 4.2 without a random
control at each K, which was not run; one run per K would not suffice (Appendix A.6). A downstream
Sharpe ratio therefore distinguishes changes in the information supplied to the clusterizer and in the number
of groups, but discriminates much less sharply among algorithms given the same input.

6 Factors, Peers, and Costs
A partition is a special case of a factor model, and clustering a special case of peer-based trading. As a
factor model, it fixes each stock’s loading at 1 on its own group’s mean and 0 on every other group’s mean,
whereas the latent factor literature estimates loadings freely (Fan et al., 2013). Guijarro-Ordonez et al. (2025)
remark in passing that “under appropriate assumptions a clustering problem can be solved by a latent factor
estimation.” As a choice of peers, it gives every stock in a group the same peer set, whereas the simplest
alternative gives each stock its own peer set, the names most correlated with it. This section asks whether
either general construction already contains everything a partition contributes. Against factor models the test
has two parts: in the cross-section, what a partition still explains after factors are projected out (Section 6.1);
in the time series, whether the books the partitions produce are spanned by the standard factors, by a reversal
factor, by the leading principal components, or by the same pipeline run without clustering (Section 6.2).
Against per-stock peers, Section 6.3 replaces the partition with per-stock peer regressions and asks the same
question of the books. Finally, Section 6.4 asks whether the same books’ returns survive trading costs.

6.1 Cross-Sectional Projections
We ask how much of the cross-sectional variance of a day’s residuals a partition can explain, and how much
of that it still explains after the leading principal components are projected out. For each of the 6,913
out-of-sample days, we take the day’s cross-section of market residuals (Section 3.2), apply the partition’s
same-day labels, and record the share of cross-sectional variance that demeaning within groups removes, the
quantity measured in Section 4.2. The names used here are those with a complete 252-day residual history,
the window on which the principal components are estimated: 479 to 500 a day for the 11 clusterizers other
than the sector taxonomy, and 322 for gics. The traded book of Section 4.2 has 494 names a day and is
not the same set, which is why its numbers differ slightly from those here. We then project out the leading
m principal components, estimated on the trailing 252 days and strictly before the day, and record what
share the partition explains of what is left. If a low-dimensional latent factor representation captures the
same cross-sectional structure as the partition, projecting out a few leading components should substantially
reduce the variance share the partition subsequently explains.

Projecting out the five leading components removes only about half of what a real partition explains
(Figure 8a). The k-means partition explains 0.265 of the day’s cross-sectional residual variance; after
five components are projected out it still explains 0.160 of the remainder, 60% of its unconditional share.
Across the 12 clusterizers the retention at five components runs from 44% to 61%, the sector taxonomy
at the bottom and spectral clustering at the top. The random control sits at the degrees-of-freedom floor
(K−1)/(N −1) = 0.0597 that K arbitrary groups remove from any cross-section, 0.0600 before the projection
and 0.0599 after. The floor is computed on the universe used here; on the traded universe of Section 4.2 the
same formula gives 0.0588, the 5.88% reported there. The K = 1 control is zero by construction.

Matching the k-means partition’s share of the day’s cross-section takes about 17 principal components on
the 79% of days when 30 suffice, and on the other 21% even 30 are not enough (Figure 9). That count is
specific to k-means: the other 11 are matched by 7 to 11 components, and 30 fall short on 0.2% to 3.0% of
days. Block-bootstrap standard errors on every mean in this subsection are 0.001 to 0.005 and are omitted
from the figures.

The Fama–French factors absorb even less than the principal components: after the full six-factor set the
12 clusterizers keep 50% to 68% of their unconditional shares (Figure 8b). We rebuild the same exercise with
the stocks’ trailing loadings on nested Fama–French sets in place of principal components (CAPM, then three,
five, and six factors). Every real partition’s share declines gently, and none comes close to the floor. For
the k-means partition the sequence is 0.246, 0.206, 0.185, 0.178. Against the principal-component sequence,
the whole six-factor set removes about as much as three statistical components and less than five, and that
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Figure 8: Partition share after projecting out principal components and after projecting out Fama–French loadings.
This figure plots the share of the day’s cross-sectional residual variance each partition explains once a set of common
factors is projected out, over the 6,913-day sample. The two panels share a vertical axis, so the two projections can be
compared directly. (a) The leading principal components, projected out one, three, and five at a time. (b) The stocks’
trailing loadings on nested Fama–French sets, estimated on the same trailing 252 days as the principal components
and on the aligned calendar (Appendix A.7); the two dotted horizontals mark where k-means sits in panel (a) at three
and at five components. In both panels k-means on returns is black and the other 11 clusterizers gray; the random
control is the dashed red line, which sits on the floor (K − 1)/(N − 1) and retains 99.9% or more of its share at every
projection, and the K = 1 control is zero by construction.

ordering holds for every one of the 12 rather than for k-means alone. The random control keeps 99.9% or
more of its share under every one of the seven projections. Its share is only the degrees-of-freedom floor,
which no projection can remove, so full retention is the expected result. The K = 1 control is again zero.

Loadings conditioned on characteristics absorb the least: removing the span of the four characteristics
available on this panel (size, momentum, short-term reversal, and realized volatility) leaves every real partition
with 77% to 85% of its share, more than survives three statistical components. Size is the log of market
capitalization at the close of day t, momentum the return from day t− 252 to day t− 21, short-term reversal
the return over the 21 days ending on day t, and realized volatility the standard deviation of raw returns over
the 60 days ending on day t. Each is standardized across the day’s cross-section, and a missing value is set to
zero after standardization. Unlike the principal components, which are estimated strictly before the day, size,
reversal, and volatility are measured through day t itself. The same-day information favors the span, not
the partition, so the retention reported here is, if anything, understated. The span bounds what any factor
model with characteristic-linear loadings could absorb, the instrumented principal components (IPCA) family
included (Kelly et al., 2019), whatever its coefficients. The four characteristics explain 0.13 of the day’s
cross-sectional residual variance on their own, and the random control again stays at its floor. Accounting
characteristics are not available on this panel, so the bound is for these instruments, not for every instrument
set. Under every projection, every real partition keeps a positive excess over its own floor; under the principal
components, how much it keeps depends on the number projected out and on the floor (Appendix A.10).

6.2 Book Spanning Tests
The time-series part of the factor test asks whether the standard factors span the books’ returns, that is,
whether each book’s alpha against those factors is zero (Barillas and Shanken, 2017). Table 7 regresses every
arm’s payoff on the Fama–French five factors (Fama and French, 2015) plus momentum (Carhart, 1997), at
both trading components, with each component’s payoffs matched to the factor returns of the days on which
they are realized (Appendix A.7). No book is spanned. Every alpha is positive, with t between 4.1 and 10.7,
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Figure 9: Principal components needed to match a partition. This figure plots, for each clusterizer, the mean number
of leading principal components that explain as much of the day’s cross-section as its partition does, over the 6,913-day
sample. The search stops at 30 components: the mean is taken over the days on which 30 suffice, and the percentage
beside each bar is the share of days on which they do not. k-means on returns is black and the other 11 clusterizers
gray; the dashed red line is the random control.

and the factors explain little of any of these series (R2 at most 0.21 for the 12 clusterizers). The alphas of
Section 4.1 are therefore not compensation for exposure to these factors.

These rejections are not artifacts of the finite-sample size of the t-tests. A Monte Carlo calibrated to each
book’s own tails and dependence puts their empirical size at 6.6% at nominal 5%, and the critical value
corrected for the worst-behaved book, 2.2 in t units, is far below the smallest t of 4.1 (Appendix A.11).

The rule-based component is itself a five-day reversal, so the natural factor to add is one that prices
reversal. The short-term reversal factor of the French library reverses the prior 20 trading days rather
than five, but it is the closest traded factor, and the lower block of Table 7 adds it to FF5+MOM. At the
rule-based component the factor absorbs about a quarter of the clusterizers’ alpha and about two fifths of the
controls’ (Figure 10): the clusterizers’ alphas, 8.05% to 8.81% under FF5+MOM, fall to 6.18% to 7.00%, the
K = 1 control’s falls from 7.27% to 4.22%, and the random control’s from 7.43% to 4.57%. The clusterizers’
advantage over the controls therefore widens, from +15.6% and +13.1% to +54.5% and +42.8%. Under the
neural trading head every book loads on the factor at only 0.05 to 0.07; the alphas fall by about a tenth and
the advantage barely moves. Every one of the 28 books remains unspanned. The reversal the factor prices
is the market-wide part; demeaning within a real group removes that part from the signal and keeps the
part that is relative to the group. This is the intra- and inter-industry decomposition of Hameed and Mian
(2015) in spanning form, with a statistical partition in place of the industry and with the two controls that
the industry studies lack. The head loads on the factor lightly whatever the partition, so it collects little
of the reversal premium the controls earn under the fixed rule; that is why the rule-based advantage now
exceeds the trained one, the reverse of the ordering in Section 4.1.

The leading principal components, which absorb about half of a partition’s cross-sectional share (Sec-
tion 6.1), absorb almost none of its alpha. Adding the five leading components as daily factors, estimated on
the trailing 252 days as in Section 6.1, moves every alpha in Table 7 by at most 0.08 points and every R2 by
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Figure 10: Alpha before and after the short-term reversal factor. This figure plots, for each arm, its alpha on
FF5+MOM (open circle) and its alpha once the short-term reversal factor is added (filled circle), on the 6,913-day
sample, from the regressions of Table 7. (a) The rule-based component; (b) the trained component. Within each
panel the arms are ordered by their FF5+MOM alpha, the two controls are red, and the dotted vertical marks the
lowest alpha with the reversal factor among the 12 clusterizers. The rule-based book has gross exposure 2, the head’s
1, so the panels carry separate horizontal axes and only within-panel comparisons are meaningful.

at most 0.02.6
The closest benchmark of all is the pipeline run without clustering. The K = 1 book of the same trading

component shares the universe and the signal window, and differs from a clusterizer’s book only in the
grouping, so regressing one on the other asks directly what the grouping adds (Table 8). Every clusterizer
keeps alpha against it, 4.48% to 5.73% a year at the rule-based component (t from 6.9 to 8.2) and 2.39% to
4.70% under the head (t from 5.8 to 9.4), with loadings of 0.37 to 0.65, and adding FF5+MOM changes these
alphas little. The random control keeps almost none: its book loads on the K = 1 book at 0.93 and 0.90 with
an R2 of 0.97 and 0.92, and its alpha is 0.69% (t = 2.3) at the rule-based component and 0.40% (t = 1.7)
under the head. The alpha each clusterizer keeps against the K = 1 book is 52% to 68% of its FF5+MOM
alpha in Table 7 at the rule-based component and 41% to 68% under the head; this alpha is relative value
within the group, and a random grouping supplies almost none of it.

Under FF5+MOM the factor loadings also separate the controls from the clusterizers: at the trained
component the K = 1 control loads on the market at 0.105 and the random control at 0.093, against 0.051 to
0.077 for the 12 clusterizers. At the rule-based component, where the book is dollar-neutral by construction,
the range is compressed (R2 0.05 to 0.07 everywhere), and the market loadings sit between 0.05 and 0.06 for
the clusterizers and at 0.07 for both controls. This pattern is the volatility reduction of Section 4.1 in factor
terms: a real partition leaves the trained book with less factor exposure than a missing or a random one.

The clusterizers’ advantage over the controls holds after 2009 as well as before. Split at January 2009
(Table 9), alphas fall everywhere in the later period, from 9%–16% to below 5% a year, but the separation

6Each component’s daily return is the payoff of the unit-gross book of residuals whose weights are the component’s loading
vector from the trailing window, sign-aligned from day to day. The five factors have annualized volatilities from 13.5% down to
5.6% and insignificant premia.
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Table 7: Spanning against FF5+MOM, with and without a short-term reversal factor, within each trading component

Rule-based component Trained component

α tα R2 βRev α tα R2 βRev

FF5+MOM
12 clusterizers 8.05–8.81 6.4–7.6 0.05–0.07 — 5.89–7.02 8.2–10.7 0.14–0.21 —
K = 1 7.27 4.1 0.05 — 5.44 6.8 0.24 —
Random 7.43 4.4 0.05 — 5.33 7.1 0.22 —

FF5+MOM+Reversal
12 clusterizers 6.18–7.00 5.3–6.6 0.27–0.31 0.16–0.21 5.24–6.38 7.5–10.4 0.21–0.30 0.05–0.07
K = 1 4.22 2.5 0.25 0.30 4.80 6.1 0.28 0.06
Random 4.57 2.8 0.25 0.28 4.65 6.3 0.27 0.07

Notes. This table reports spanning regressions of each arm’s payoff on the six factors, and
on the six factors plus a short-term reversal factor, at each trading component, for the 12
clusterizers and the two controls at the common 60-day window, on the 6,913-day window
of Section 3.1 (July 1997 to December 2024). Alphas are in percent a year. FF5+MOM
is the Fama–French five factors plus momentum. Reversal is the daily short-term reversal
factor (ST_Rev) of the Ken French data library (CRSP vintage 202606): the average
return of the two low-prior-return portfolios minus the two high-prior-return portfolios
from 2×3 independent sorts on size and prior return, with prior return measured over days
−20 to −1 and the portfolios formed daily; βRev is its loading. Newey–West(21) standard
errors (Newey and West, 1987); trained cells are on the seed-averaged payoff; each trading
component is joined to the factor file on its own realization calendar (Appendix A.7). The
rule-based book has gross exposure 2, the head’s 1; only within-component comparisons
are meaningful.

Table 8: Spanning against the no-clustering book of the same trading component

On the K = 1 book With FF5+MOM added

α tα β R2 α tα

Rule-based component
12 clusterizers 4.48–5.73 6.9–8.2 0.37–0.59 0.53–0.81 4.37–5.67 6.9–8.3
Random 0.69 2.3 0.93 0.97 0.64 2.1

Trained component
12 clusterizers 2.39–4.70 5.8–9.4 0.42–0.65 0.48–0.69 2.46–4.77 5.8–9.5
Random 0.40 1.7 0.90 0.92 0.39 1.7

Notes. This table reports regressions of each clusterizer’s payoff, and of the
random control’s, on the K = 1 book of the same trading component, which
shares the universe and the signal window and differs only in the grouping;
β is the loading on the K = 1 book, and alphas are in percent a year. The
last two columns add FF5+MOM to the regressors. Sample, calendar, and
conventions are those of Table 7, with Newey–West(21) standard errors and
trained cells on the seed-averaged payoff. The bands cover the 12 clusterizers.

between clusterizers and controls remains on three measures. First, in both eras and at both trading
components, the controls are more volatile than every clusterizer. Second, every alpha t falls, but the ordering
is unchanged: over 2009–2024 the lowest clusterizer t (2.6 at the trained component, 2.8 at the rule-based
component) exceeds the highest control t (2.5 and 2.1). Third, at the trained component the alpha advantage
over the K = 1 control is larger in the later era, +29.3% over 2009–2024 against +20.2% before, with all
12 clusterizers above that control in the earlier era and 11 of the 12 in the later, spectral clustering the
exception. With the reversal factor added, the rule-based controls are no longer significant after 2009 (t = 1.5
and 1.7) while every clusterizer at that component remains so (t from 2.6 to 3.6); at the trained component
the controls keep t = 2.1 and 2.2, below every clusterizer (2.3 to 5.3).
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Table 9: Spanning against FF5+MOM by era, 1997–2008 and 2009–2024

1997–2008 2009–2024

α (%/yr) tα σ (%/yr) α (%/yr) tα σ (%/yr)

Trained component
12 clusterizers 10.6–12.1 9.1–10.4 2.6–3.2 2.0–3.2 2.6–5.5 2.7–3.6
K = 1 9.41 7.0 4.4 2.15 2.3 4.4
Random 9.29 7.1 4.2 2.09 2.5 4.1

Rule-based component
12 clusterizers 14.2–16.2 6.4–7.4 5.3–6.5 3.4–4.4 2.8–3.9 4.4–5.9
K = 1 12.89 4.0 10.4 3.64 1.9 8.4
Random 13.03 4.3 9.8 3.78 2.1 8.1

Notes. This table reports the spanning regressions of each arm’s payoff on FF5+MOM,
split at January 2009, with the same series and calendars as the FF5+MOM block of
Table 7, on the 6,913-day window of Section 3.1; σ is the era’s realized annualized
volatility of the same series, so the trained σ is that of the seed-averaged payoff, the
convention quoted in the notes to Table 2 rather than the per-seed levels in its cells.
Only within-component comparisons are meaningful.

6.3 Per-Stock Peer Regressions
The second general construction is the per-stock peer set. We build two per-stock peer books on this panel:
for every stock, we take its 20 most correlated names over the trailing 21 days, regress its residual return on
theirs (fit windows of 60 and 252 days give the two books), and pass the resulting per-stock residual to the
same trading head. The peer sets overlap, are not shared, and involve no partition. Each book is a single
head run at seed 42, and peer selection itself is deterministic, so no dispersion is available for these two arms
and we make no level comparison against the clusterizers.

In the cross-section, the peer construction absorbs much of what a partition explains. None of the factor
projections above comes close. When the measurement of Section 6.1 is rerun with the peer-fitted component
removed from each stock first, retention falls to 25% to 32% of the unconditional shares for 10 of the 12
clusterizers, against 44% to 61% under five principal components; k-means retains 52%, inflated by its
singletons (Appendix A.10), and gics 17%. Adding the principal components after the peer removal changes
almost nothing (at most one point of retention for 10 of the 12 clusterizers, and at most five for the two
exceptions), so the joint span of peers and factors is, for this purpose, the peer span. The random control
remains at its floor through every stage, retaining 99.7%.

The payoffs separate the clustering and the peer-regression strategies even though the cross-section does
not. Table 10 regresses every arm’s payoff on the two peer books, on the six pre-specified factors, and on
both together. Against the factors alone every arm keeps its alpha, as in Section 6.2. Against the peer books
the results divide. Both controls lose their alpha entirely, the K = 1 book to −1.6% a year (t = −2.2) and
the random book to −1.4% (t = −2.0), so whatever this pipeline earns without a real partition, two per-stock
peer regressions earn as well. Of the 12 clusterizers, four keep theirs: 0.8% to 1.5% a year, at t between
2.1 and 3.9. The other eight fall between −0.81% and 0.74% (t from −1.7 to 1.8); the weakest is spectral
clustering, which is also the arm that gains nothing in K (Section 5.5), has the highest volatility (Section 4.1),
and sits furthest below the equal-weight book (Section 5.4). Adding the factors on top of the peer books
raises every one of the 12 alphas, by 0.17 to 0.47 points; adding the reversal factor as well moves them by no
more than 0.11 points, since the peer books already absorb what it would. The factors raise the alphas and
take common variation out of the residual, and both effects sharpen the t-statistics: eight of the 12 clear a t
of 1.96 against the peer books and the factors together, against four on the peer books alone.

The two controls show that this alpha comes from the grouping itself and not from the stages around
it. The controls use the same residualization, the same signal window, and the same trading head, with a
random partition or none. If those stages produced the alpha, the controls would keep alpha against the peer
books as well. They keep none.

Regressed the other way, on the equal weight of all 12 clusterizers, the peer books keep their alpha as
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Table 10: Spanning against peer books, factors, and both

On the peer books On the six factors On both

α (%/yr) tα α (%/yr) tα α (%/yr) tα

12 clusterizersa −0.81–1.45 −1.7–3.9 5.89–7.02 8.2–10.7 −0.35–1.68 −0.7–4.5
K = 1 −1.63 −2.2 5.44 6.8 −0.82 −1.2
Random −1.42 −2.0 5.33 7.1 −0.74 −1.1

Peer book, 60-day fit, on
the clusterizers’ equal
weight

2.52 5.5

Peer book, 252-day fit, on
the clusterizers’ equal
weight

2.32 6.8

Notes. This table reports spanning regressions of each arm’s payoff on the two peer books, on the
six factors (the Fama–French five factors plus momentum), and on both, and of each peer book on
the equal weight of the 12 clusterizers. Alphas are in percent a year. The six-factor columns repeat
the trained-component regressions of the FF5+MOM block of Table 7 for comparison. Clusterizer
payoffs are seed-averaged over the five head seeds; the peer books are single runs at seed 42. All series
are panel-internal, so the regressions share one calendar; the factor file is joined at a one-day lag, as
elsewhere in this section. Newey–West(21) t-statistics.
a All three ranges cover the 12 clusterizers. On the peer books four of the 12 keep a t above 1.96; on
the peer books and the six factors together, eight do.

well: 2.5% and 2.3% a year (t = 5.5 and 6.8). The two constructions summarize much the same comovement,
yet most clusterizer books earn alpha the peer books do not, and the peer books earn alpha the clusterizer
books do not. Since the 12 clusterizer books differ little among themselves (Section 5.4), the alpha that
survives appears to attach to the class of peer set, shared or per-stock, rather than to the choice within a
class. A clusterizer’s closeness to the peer books is not significantly related to its Sharpe ratio at the 5% level
(Appendix A.12); the volatility of the books separates the clusterizers (Section 4.1).

6.4 Transaction Costs
The last question is whether the books’ returns survive trading costs. The books turn over about two fifths of
their notional every day: 38.2% to 46.9% one-way across the 14, a spread of 23% against a spread of 101% in
gross Sharpe ratio, both as the top relative to the bottom of the 14. Turnover is therefore much less dispersed
across partitions than gross Sharpe ratios. Break-even sits at 2.7 to 3.8 basis points one-way, and at daily
rebalancing no configuration is net positive at five.

At costs below break-even, the net Sharpe ranking follows the gross ranking; at costs above break-even, it
follows turnover. At one and two basis points every one of the 12 clusterizers holds a higher net Sharpe ratio
than either control, the two controls remain the two lowest of the 14 books, and the net ordering correlates
with the gross ordering at ρ = 0.98 and 0.91. At five basis points that correspondence largely dissolves. The
rank correlation with gross falls to about 0.3; gics, eleventh of the 12 on gross Sharpe ratio, is the least
negative book; k-means on returns falls from first to a tie for seventh of the 14, level with spectral clustering
to three decimals; and both controls move up among the clusterizers, K = 1 above four of the 12 and the
random control above one. Turnover sorts the arms at that level, and turnover is not a measure of clustering
quality. The arm that rises furthest, gics, is also the arm whose book depends least on its own labels: about
a third of the names it trades on a given day are assigned by the nearest-correlation fill rather than by the
sector table (Table 1, note e), so its low turnover cannot be attributed to the taxonomy. Average linkage
shows the same reordering without that qualification, turning over 39.7% and finishing fourth at five basis
points. The gross ranking is therefore not an ordering of economic value, and every comparison in Section 4
and Section 5 is a gross comparison and should be interpreted as one. Appendix A.13 gives the cost model,
the full table, the same measurement on the rule-based component, and the limitations of the exercise.
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7 Conclusion
This paper separates the two decisions a clustering-based statistical arbitrage strategy makes: how to group
stocks and what model to trade within the groups. It measures what the clustering contributes against a
no-clustering control and a random-partition control, at a fixed trading rule and under a neural trading head.
A real partition lowers the volatility of the book, by about 40% relative to either control under the fixed rule,
and raises its alpha. The volatility reduction belongs to the clustering and every clusterizer supplies it; the
neural trading head widens the alpha advantage, most against the random partition, so a wrong partition
costs more under a fitted model.

More broadly, informative clustering is much easier to distinguish from the controls than competing
clustering algorithms are from one another. Whether an informative partition is used matters far more than
which one. The 12 clusterizers disagree about the partition but largely agree about the book, and their
Sharpe ratios differ mainly through the volatility of their books. Their payoffs correlate with one another as
strongly as with their own refits, most adjacent clusterizers in the Sharpe ranking are closer together than
the run-to-run variation in their gap, and redrawing the partition seed changes the leader at both trading
components. A downstream Sharpe ratio distinguishes changes in the information a clusterizer uses and in
the number of groups it forms; given the same input, it discriminates much less sharply among algorithms. Ex
ante selection on past performance does not outperform a simple equal-weight combination of the 12 books.

The comovement a partition captures is only partly absorbed by principal components or by the Fama–
French factors in the cross-section, and the partition’s books are not spanned by either, by a short-term
reversal factor, or by the same strategy traded without clustering. Per-stock peer regressions absorb much of
what a partition explains in the cross-section, yet most of the 12 clusterizer books keep their alpha against
the peer books and the factors together, and the peer books keep theirs against the equal weight of all 12.
The two constructions appear to differ in the class of peer set, shared or per-stock, rather than in the choice
within a class. None of these books survives a five-basis-point one-way cost at daily rebalancing: break-even
sits below four basis points one-way, and at five no book is net positive.

Two rules for evaluating partitions follow. A comparison of partitions should include a trading component
with no fitted parameter, so that what the partition contributes is not confounded with what the model fits;
a fitted model narrows the volatility benefit and widens the alpha benefit. A ranking of partitions should
first check its gaps against seed and partition-draw noise. The two controls, the two noise benchmarks, and
the split of the Sharpe gap into its mean and volatility parts apply unchanged to the comparison between
shared and per-stock peer sets, which is the open question this design leaves.

Data availability
The CRSP daily data underlying this article were obtained under license through Wharton Research Data
Services and cannot be redistributed; the replication package contains the code that rebuilds the panel from
the CRSP daily files and the checksums that identify the panel used here. The GICS sector memberships
used by one arm are likewise licensed, and the partitions derived from them are provided in their place.
The factor returns were derived from a publicly available source, the Kenneth R. French data library
(https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html). The derived data
underlying the tables and figures—the daily return of every book, the positions of the trained runs, the partition
caches, and the training logs—are available on Zenodo at https://doi.org/10.5281/zenodo.22241254
under a CC BY 4.0 license (Zhu et al., 2026). The code, with the checks that tie the printed values to these
files, is available at https://github.com/lzwbh/clustering-statarb-replication under an MIT license.
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A Appendix: Data, Implementation, and Additional Results
This appendix has two parts. Appendix A.1 to Appendix A.7 give the construction of each clusterizer, the
treatment of degenerate groups, the realized partition sizes, the trading head’s architecture and schedule,
the identifiers under which every arm was run, the sweep over the number of groups, and the calendar
offset between the panel and the factor file. Appendix A.8 to Appendix A.13 give the additional results the
text refers to, in the order in which the text refers to them: an experiment that degrades a real partition
continuously toward a random one, the mechanism behind the estimation-window effect, three robustness
checks on the factor and peer comparisons, and the transaction-cost calculation in full. Data and code are
available as described in the Data availability statement.

A.1 The Clusterizers in Detail
All clusterizers receive the same input: the day’s universe of Nt stocks (Section 3.1) and the trailing window of
market residuals Rtr ∈ R60×Nt , 60 days ending at t. All but gics target K = 30 groups. Where a correlation
matrix appears it is C = corr(Rtr), the Nt ×Nt sample correlation of the window’s columns.

k-means on returns. Each stock is treated as the point of its own 60 residual returns in R60, and k-means
with Euclidean distance partitions those points (30 clusters, 4 restarts). No correlation matrix is formed.
Because the coordinates are unstandardized, distance is dominated by volatility. High-volatility names sit far
from everything and often become singletons (about 10 a day), whose members the trading stage later drops
(Table 1, note b).

Average and complete linkage. Agglomerative clustering on the dissimilarity D = 1−C: start from
singletons and repeatedly merge the two closest clusters until 30 remain. The two clusterizers differ only in
how the distance between clusters is defined: the average of all cross-pair dissimilarities, or the maximum.
Both are deterministic, so the same input gives the same partition and there is no seed to vary.

Spectral, unsigned. Spectral clustering on the affinity |C|: eigenvectors of the graph Laplacian of |C|
embed the stocks, and k-means groups the embedded points. Taking absolute values means a strong negative
correlation counts as a strong link.

PCA loadings. The 10 leading eigenvectors of C give each stock a 10-dimensional coordinate, its loadings
on the top 10 principal components, and k-means groups those coordinates. Stocks are grouped by which
factors they load on.

sponge. Cucuringu et al. (2019) give two variants. We use the symmetric one, spongesym, and sponge in
this paper always means that variant. The correlation matrix is split into its positive part C+ = max(C, 0)
and negative part C− = max(−C, 0), and the method solves a generalized eigenproblem on the two signed-
graph Laplacians (both regularization parameters set to 1), seeking groups with positive correlation inside
and negative correlation across. k-means on the resulting embedding gives the labels. Unlike in the unsigned
spectral clusterizer, the sign of a correlation is information here. A post-processing step reassigns members of
groups smaller than two to their most correlated group.

sssnet. sssnet is the signed-graph neural network of He et al. (2022), trained on a clustering objective.
The signed graph is built from the same 60-day correlation matrix, node features are the identity, and training
is warm-started from a sponge partition. In its original form it computes its partition at run time from
a random-number stream shared with the trading head. In this paper it is run once, with daily seeds, to
produce a fixed set of daily partitions for the whole sample, 23 July 1993 to 30 December 2024, which the
five head seeds then share, exactly as for the other eight stochastic clusterizers; its partitions under seeds 1 to
5 are generated the same way. Across the five partition draws the rule-based book moves by 0.15 in Sharpe
ratio and the trained book at head seed 42 by 0.13 (2.398 to 2.527), the fifth-largest and the smallest ranges
among the nine stochastic clusterizers (Section 5.2).
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The trading-driven family. Four clusterizers replace the clustering criterion with a trading objective: a
soft assignment matrix over K groups is optimized directly against the payoff of the rule-based book that the
assignment would produce, then hardened by argmax. The objective is evaluated on the trailing 252 trading
days of residuals ending the day before the partition is applied, so no return from that day onward enters the
partition. All four warm-start from a sponge partition, balance group sizes by a Sinkhorn step, and penalize
groups whose members are too weakly correlated (a cohesion floor). The four differ in the objective and in
the parameterization: Sharpe maximizes the plain Sharpe ratio of the induced book; Sortino replaces the
standard deviation in that objective with the downside deviation; Sharpe (EW) is a variant of Sharpe that
weights recent days exponentially (decay 0.99 over a 252-day window, so the oldest day carries 8% of the
newest day’s weight) and differs from Sharpe in more than the weighting (Table 1, note d); Sharpe (graph)
produces the assignment with a signed-graph network rather than free logits, and evaluates the objective on
the 30-day horizon the trading signal uses.

gics. A static sector table, from a single S&P 1500 snapshot: the taxonomy itself reads no return data; the
correlation fill for the uncovered names does. The table covers 54% to 73% of the universe depending on the
era. The remaining names, about 35% of the book on a given day, are assigned to the group with which they
correlate most strongly, so the traded arm is a taxonomy–correlation hybrid. Its realized number of groups is
the number of sectors in the snapshot, exactly 10 on every day of the sample, not K. The snapshot predates
the separation of real estate into an eleventh sector in 2016.

The two controls. K = 1 places every stock in one group. Random draws each stock’s label uniformly
from the 30 groups, independently each day, reading nothing.

A.2 Two Policies for Degenerate Clusters
The pipeline treats clusters of fewer than two members in two ways, and which treatment an arm receives
depends only on which code generated its partition. sponge’s generation path repairs them: each orphaned
member is merged into its most correlated group, and the stock stays in the book. The Sharpe and Sortino
clusterizers inherit the same repair. Every other clusterizer passes its labels on unrepaired, and the trading
stage then deletes every member of a sub-minimum cluster from that day’s book.

The asymmetry is nominal for 11 arms and material for one. Where the repair applies it has almost
nothing to repair (0.13 groups per day for sponge, a handful of days in the whole sample for the other two),
and every clusterizer except k-means on returns produces at most 0.6 singletons per day. k-means on returns
produces 9.8 singleton labels per day, which the trading stage deletes as 8.65 names per day, and at the
trained component its traded book holds 491.3 names against 499.5 to 500.0 for every other arm.

The cost of the asymmetry is measured; on this panel it is too small to resolve. A second arm trades
the same k-means partitions with singleton members merged rather than deleted, which is k-means under
sponge’s policy. That arm earns 0.04 less in Sharpe ratio on the five-seed average and runs 0.05 percentage
points more volatile. Neither difference survives its own dispersion: the Sharpe gap carries t = −0.9 on four
degrees of freedom and changes sign across the five seeds, and the volatility gap runs from 0.00 to +0.24
across them. Set against k-means’ own head-seed standard deviation of 0.112, the gap between the two arms
sits inside the noise of a single arm’s refit. Harmonizing the policy in either direction would therefore move
the leading clusterizer by less than its run-to-run noise, and imposing the deletion policy on sponge would in
addition rebuild every one of its partitions to change 0.0 names per day. The repair can also empty a label, so
sponge realizes 29.9 clusters per day against a nominal 30, as does sssnet, whose partition is warm-started
from a sponge partition; no other data-driven arm falls short of its nominal K. We keep each clusterizer’s
own policy and state it.

A.3 Partition Size Distributions
Nominally every arm but gics and the K = 1 control targets K = 30. In realized terms they differ widely
(Table 11), and the differences do not track performance: over the 12 clusterizers, the Spearman correlation
between effective K and the mean-of-per-seed Sharpe ratio is −0.15 with p = 0.63.
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Table 11: Realized partition shape, mean over all 6,913 out-of-sample days

Arm Effective K Largest group Singletons/day Groups < 5/day

Sharpe (EW) 29.26 22.1 0.00 0.07
Sortino 29.08 23.1 0.00 0.06
Sharpe 28.98 23.5 0.00 0.08
Sharpe (graph) 28.58 24.9 0.01 0.06
Random 28.36 25.5 0.00 0.01
PCA loadings 26.86 30.9 0.01 0.12
Spectral (unsigned) 23.83 40.7 0.01 0.95
sponge 23.54 40.7 0.00 1.30
sssnet 22.36 40.8 0.00 1.81
Complete linkage 22.25 49.8 0.00 0.38
Average linkage 12.09 99.3 0.55 6.90
k-means on returns 9.90 102.0 9.81 14.48
gics 8.08 55.4 0.00 0.66
K = 1 1.00 500.0 0.00 0.00
Notes. This table reports the realized shape of each arm’s partition. Effective K is the inverse-
Simpson index of the group-size distribution. All rows are measured on each arm’s main partition
over the 6,913-day window; averaging instead over the five partition redraws moves the k-means
entry from 9.90 to 9.97 and no other entry by more than 0.02. Effective K is not the label count
logged with each run, and for k-means on returns the two diverge sharply: that arm carries
30 labels of which roughly 10 are singletons, whose members the trading stage removes, so the
number of groups actually traded is about 20.

A.4 The Trading Head
The head maps the cluster-relative residual of Equation (4) to a weight through the chain displayed in
Section 3.4, with clamp constant c = 0.05. The stages are as follows. Stock i enters the head on day t as the
30-day path of running sums of the cluster-relative residual Equation (4),

xit =
( t−29+u∑
v=t−29

siv

)29

u=0
∈ R30, (9)

a single channel, not 30 features and not several channels. Three convolutions of kernel width 2, 4, and 8 run
in parallel over that path (the sense in which the extractor is multi-scale). The branches are merged by a
data-driven gate. The day’s cross-sectional amplitude spectrum, averaged over names and split into three
frequency bands, passes through a softmax with a learned bias, and the resulting weights pair the highest
band with the narrowest kernel. The merged output passes to a long-convolution layer: a learned kernel as
long as the signal window itself, soft-thresholded toward zero, applied in the frequency domain and combined
with a learned skip connection, after which the score is read from the last step of the path. The sequence
model is therefore a learned long convolution and not self-attention; the head computes no attention at any
point. Writing gθ for the resulting score and fθ = c tanh(gθ/c) for its soft clamp at c = 0.05,

wit =
fθ
(
xit; Zt

)∑
j

∣∣fθ(xjt; Zt
)∣∣ , θ̂ = arg max

θ

Et∈T
[
πt(θ)

]√
Vart∈T

[
πt(θ)

] , (10)

with T the current training window and πt the payoff of Equation (6). The clamp binds: the cross-sectional
standard deviation of gθ is 0.05 to 0.18 across the runs of this article, median 0.10, so a one-standard-deviation
score already sits in the nonlinear range of the clamp. The executed loss adds three regularization penalties to
the negative of this ratio; Table 12 gives the configuration, penalties included, read from the code as executed.

Reproducibility. Four runs of the k-means-on-returns configuration at head seed 42, on the same code
and panel, return Sharpe ratios of 2.8243, 2.8478, 2.8868, and 2.8940 on the common calendar, a standard
deviation of 0.033 and a range of 0.07. Floating-point arithmetic on the GPU is not reproducible at that
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Table 12: Trading-head configuration and training schedule

Quantity Value

Input
Signal window 30 days
Channels 1 (cumulative sum of the cluster-relative

residual)

Architecture
Convolution filters 8
Kernel widths (parallel) 2, 4, 8
Long-convolution kernel length 30 (the signal window)
Soft-threshold on that kernel 0.001
Trading-head hidden width 16
Dropout 0.25

Objective and sizing
Loss Negative Sharpe ratio of the book
Regularizers added to the loss L1 on raw bets 10−3; concentration

5× 10−3; margin ranking 0.05b

Soft clamp on scores ±0.05 (c tanh(g/c), before normalization)
Normalization ‖w‖1 = 1, gross exposure 1.0a

Walk-forward schedule
Pre-training sample first 1,000 days
Pre-training epochs 80
Refit frequency every 125 trading days
Fine-tuning sample trailing 1,000 days
Fine-tuning epochs 40
Learning rate, pre-train / fine-tune 5× 10−4 / 10−4

Weight decay 5× 10−4

Batch size 125 days
Early-stopping patience, pre-train / fine-tune 15 / 10 epochs
Validation split last 15% of each call

Notes. This table lists the trading head’s architecture, objective, and training schedule.
a The L1 step fixes gross exposure and preserves whatever long-short ratio the head produces; it does
not impose dollar neutrality. Mean absolute net exposure is 0.06 to 0.18 on runs that pass the validity
screen of Section 3.4 and 1.0 on those that fail it.
b The L1 term is the mean absolute raw bet gθ, before the soft clamp and the L1 normalization; the
margin term also acts on gθ. The code carries a hard position clip at ±0.04 and a volatility-targeting
scalar applied at inference before a second L1 rescaling; the clip never binds on any run-day of this
article (largest |wit| is 0.006), so the scalar cancels in the rescaling and both are inert. The concentration
term is the Herfindahl index of the long leg plus that of the short leg; the margin term is a hinge of
margin 0.01 on the agreement in sign between the predicted and the realized ordering of 64 random
stock pairs per day. Gradients are clipped at norm 1.
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scale, and differences within that range carry no information. Every weight file used in Section 5.4 and
Section 6.4 was verified before use by reconstructing the run’s own logged payoff from it to machine precision;
the exported vector’s L1 norm was also checked against the run’s logged gross leverage and against one, on
all 12 clusterizers and both controls at five seeds each.

A.5 Identifiers in the Replication Package
The clusterizers are named for what they optimize rather than by the identifiers under which they were run.
The mapping, in the order of Table 1: k-means on returns is kmeans_ret; average and complete linkage
are agglo_avg and agglo_complete; spectral (unsigned) is spectral_unsigned; PCA loadings is pca_load;
sponge and sssnet keep their names; Sharpe, Sortino, Sharpe (EW), and Sharpe (graph) are sharpe_fixed,
sortino, fv2a, and fv3sm; gics is gics. The two controls are k1 and random. The two peer books of
Section 6.3 are separate arms, shipped as peer_w60 and peer_w252. The estimation-window variants of the
clusterizers carry the window as a suffix, as in agglo_avg_w252.

The resolution statement of Section 3.7 is measured across a wider set than the main tables: the 12
clusterizers of Table 1, the two controls, and five window variants (average linkage, complete linkage, k-means
on returns, PCA loadings, and spectral (unsigned), each at a 21-day estimation window), 19 in all. sponge
at 60 days is one of the 12 rather than a variant; at the rule-based component it earns a Sharpe ratio of
1.59 against 1.50 for the 21-day original, so the common window does not disadvantage it. At the trained
component the five 21-day variants move the mean Sharpe ratio, relative to the 60-day arms, by +0.11
(average linkage), −0.31 (complete linkage), −0.07 (k-means on returns), −0.39 (PCA loadings), and −0.36
(spectral).

A.6 The Number of Groups
K is fixed at 30 throughout the body. Five clusterizers were rerun at K = 10 and K = 50, five seeds each,
everything else identical (Table 13). Three of the five rise monotonically in K; k-means and spectral clustering
peak at K = 30, falling by 0.09 and 0.14 from 30 to 50. The sweep does not include a random control at
the new K values. A finer partition removes extra cross-sectional variance from any panel, structured or
not: (K − 1)/(Nt − 1) = 1.8%, 5.9%, and 9.9% at K = 10, 30, 50 on the 494.3 names of Section 4.2. This
mechanical component of the gain therefore cannot be separated from the structural component with the
controls that were run. A random partition moves 0.39 between draws of its own randomness at K = 30
(Section 5.2, trained component, head seed pinned) and 0.41 across the five head seeds (Figure 4), so a
subtraction from one run per K would have no valid replication unit.

Table 13: Sharpe ratio by number of groups, trained component

K = 10 K = 30 K = 50

k-means on returns 2.21 2.57 2.48
Average linkage 1.95 2.15 2.37
Complete linkage 2.07 2.34 2.55
PCA loadings 1.99 2.28 2.32
Spectral (unsigned) 1.69 1.74 1.61

Notes. This table reports the Sharpe ratio of five
clusterizers at three values of K. Mean of per-
seed Sharpe ratios, five seeds per cell, on the 6,913-
day window of Section 3.1; across-seed standard
deviations run 0.09 to 0.25. Differences quoted in
the text are computed on unrounded means. The
remaining seven clusterizers were not swept.

36



A.7 The Calendar Offset between the Panel and the Factor File
The factor regressions of Section 6 required fixing an error in the panel’s date labels. The labels run one
trading day ahead of the factor file’s: the return the panel books under a date was realized on the previous
trading day. The error surfaced as an inconsistency, an R2 of 0.003 between the panel’s SPY return and
the Fama–French market factor, impossible for two series that track the same market, and the lagged
cross-correlation identifies the offset. The panel’s SPY return correlates with the Fama–French market factor
at −0.06 contemporaneously and at +0.977 at a lag of one day. Each of the eight largest SPY moves in
the panel is dated one trading day after the Fama–French date of the same move, and every panel date is a
Fama–French trading day, so the offset is in the labels, not the holidays.

The two trading components also label their payoffs differently. The rule-based component books a payoff
under the day the position was formed; the trained component books it under the label of the day it was
realized. With the panel’s labels one day ahead, the same calendar day’s payoff is matched to the factor file
same-day at the rule-based component and with a one-day lag at the trained component. Every regression
in this paper pairs each payoff with the factor return of the day on which it was realized. Joining either
trading component at the wrong phase collapses R2 to below 0.01 and books the factor premium into alpha:
misalignment hides exposure rather than creating it.

The offset changes no internal statistic: Sharpe ratios, volatilities, turnover, and everything in Section 6.1
relabels uniformly. The only affected objects are regressions against external data, so it went unnoticed until
one was inconsistent. We have not determined whether the labels were shifted by the data vendor or by a lag
convention in the panel’s construction. The offset is recorded and corrected.

A.8 Degrading One Partition toward a Random One
The 12 clusterizers supply only three levels of comovement removal, but intermediate levels can be constructed.
We take one partition draw of the PCA-loadings clusterizer and replace a fraction q of each day’s labels with
uniform random ones, so the partition degrades continuously from the real one (q = 0) toward a random one
(q = 1). Figure 11 displays the result: the removal share falls from 19.1% to 5.88% and book volatility rises
from 5.19% to 8.84%, monotonically at every step. Full corruption reaches the floor to three decimal places,
and the two endpoints coincide with the real arm and with the random control. The volatility reduction is a
continuous function of how much real comovement the labels carry.

A.9 The Estimation Window
Section 5.5 finds that a longer estimation window raises the Sharpe ratio of spectral clustering and of PCA
loadings and leaves average linkage where it was. Random matrix theory supplies a reason the two clusterizers
that gain should be the sensitive ones: both read individual eigenvectors of the sample correlation matrix, and
at N = 500 a population eigenvalue must exceed 1 +

√
N/T to be recoverable at all (Baik et al., 2005). The

threshold is 5.9 at T = 21, under which only the market mode survives, against 2.4 at T = 252, under which
sector-scale structure does. A rival explanation, however, fits the same six observations, three clusterizers at
two windows. The largest gains go to the clusterizers that started lowest, and a regression of the gain on the
21-day starting level fits with r = −0.93. The two explanations make the same prediction on every arm in
the sweep. We therefore registered, in advance, three arms on which they differ by construction, and ran
them. Average linkage at K = 10 starts low, so the rival predicts a large gain and the eigenvector account
almost none; the observed gain is +0.04. The random control starts lowest of all, so the rival must predict
the largest gain in the design, while the labels are drawn by a random number generator that cannot read
the window; the observed gain is −0.11, negative in four of the five seeds. PCA loadings at K = 50 reads
eigenvectors, so both accounts predict a gain; the observed gain is +0.33. The eigenvector account survives,
since it predicts which arms move and in which direction, and the two arms that use no eigenvector do not
move. The account misses the sign of the interaction with K: for PCA loadings the same 60-to-252-day move
is worth +0.27 at K = 30 against +0.33 at K = 50, so the window effect strengthens as the partition is
refined. We have no account of that.

Figure 12 shows the 60-to-21-day step of the same sweep against seed noise. That step contains the
account’s one exception: complete linkage, which reads the same correlation matrix as average linkage and no
eigenvector, loses 0.31, outside its across-seed band. No p-value is quoted for the window responses: a paired
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Figure 11: Corrupting a real partition, one fraction of labels at a time. This figure plots book volatility against the
share of cross-sectional variance the corrupted partition removes. Each point is a full 6,913-day rule-based backtest of
the PCA-loadings partition with a fraction q of each day’s labels redrawn uniformly; two independent corruption
draws per q nearly coincide. The dotted verticals mark the degrees-of-freedom floor (K − 1)/(N − 1) and the intact
partition’s share. The cross is the random control itself.

test across five fits rests on four degrees of freedom, so each step is judged against its arm’s own across-seed
band instead. Average linkage, which moves 0.00 over the whole sweep (Section 5.5), peaks at 120 days,
mid-sweep.

A.10 Robustness of the Cross-Sectional Projection
The measurement of Section 6.1 depends on how many principal components to project out and which floor
to judge the result against. Estimating the number of factors is a literature of its own (Bai and Ng, 2002;
Onatski, 2010; Ahn and Horenstein, 2013), and we do not enter it. At m = 1, 3, 10 the k-means partition
retains 83%, 68%, 50%, and every real partition keeps a strictly positive excess over its floor at every m tested:
the sign of the result is robust to m; the magnitude is not. The floor must also be matched to the partition’s
own shape. Net of it, retention at five components is 28% to 49% across the 12 clusterizers, and gics, with 10
realized groups on a 322-name universe, has a floor of 0.028, not the 0.060 of Section 6.1. Against the wrong
floor its net retention at 10 components would come out negative, an artifact of over-subtraction. Two details
of the protocol qualify these numbers. The retention ratio divides two R2s with different denominators: the
share of the post-projection remainder is not a variance decomposition of the original cross-section. The
measurement here also counts every group, singletons included, each of which fits its own member exactly.
Under the trading convention of Section 3.3, which deletes singleton members, k-means on returns measures
0.264 on the traded universe with singletons counted (Section 4.2) and 0.216 without them, against the 0.265
here.
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Figure 12: Changing only the estimation window. This figure plots the per-seed Sharpe ratio at the trained
component of the 60-day arm (circles) against its 21-day variant (diamonds); the shaded band spans ±1 across-seed
standard deviation of the 60-day arm, and the horizontal lines are the two windows’ seed means. All five 21-day
variants of Appendix A.5 are shown. The two clusterizers that read individual eigenvector coordinates lose 0.39 and
0.36, about two and a half times their own band, and complete linkage loses 0.31; k-means on returns moves −0.07
and average linkage +0.11, both inside their own band.

A.11 Size of the Spanning Tests
The t-statistics of the FF5+MOM block of Table 7 divide by a Newey–West long-run variance at 21 lags,
and with heavy tails and serial dependence a test of this form can reject more often than its nominal level.
We measure its size directly. For each of the 28 books, the null distribution is rebuilt from block-resampled
residuals (21-day blocks, 5,000 replications per book under each of four independent seeds), with the factor
matrix held at its sample values and the betas re-estimated on every draw. The empirical size at nominal 5%
is 6.6% pooled across the books and 5.3% to 7.6% book by book. The spread comes from the denominator:
dependence cumulated over the 21 lags is about 1.7 times as large in the trained books, so the trained
books over-reject more. Correcting the size moves the critical value from 1.96 to 2.2 in t units even at the
worst-behaved book, and the smallest t in that block is 4.1 (2.5 in the block with the reversal factor), so the
rejections are not heavy-tail or dependence artifacts.

A.12 Distance to the Peer Books and Performance
The share of each clusterizer’s payoff variance the two peer books explain runs from 0.52 to 0.57, with a
positive relation to the clusterizer’s Sharpe ratio that falls just short of the 5% level (Spearman ρ = 0.57,
p = 0.051). The overlap between a clusterizer’s positions and the peer books’ runs from 0.43 to 0.48, or 0.60
to 0.65 of what that clusterizer shares with its own refit, with a positive relation to its Sharpe ratio that does
not reach significance at the 5% level (ρ = 0.56, p = 0.06). The two peer books share 0.49 of their positions
with each other, about as much as either shares with a clusterizer.

A.13 Transaction Costs in Detail
Costs are charged on the positions the runs actually held, so the turnover below is measured from those
positions rather than inferred from the payoffs (Appendix A.4); because the L1 normalization pins the gross
book to one (Section 3.4), a position is a share of it. Table 14 reports turnover, the one-way cost at which
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Table 14: Turnover, break-even cost, and net Sharpe ratios

Gross Return Turnover Break-even Net Sharpe ratio

Sharpe (%/yr) (%/day) (bps) 1 bp 2 bps 5 bps

12 clusterizers 1.74–2.57 6.62–7.60 38.2–43.8 3.17–3.79 1.20–1.86 0.67–1.16 −1.24 to −0.67
K = 1 1.28 6.47 44.6 2.90 0.83 0.38 −0.96
Random 1.28 6.25 46.9 2.66 0.79 0.31 −1.15

Notes. This table reports each book’s gross Sharpe ratio, annual return, one-way turnover, break-even
cost, and net Sharpe ratio at three cost levels. Trained component, five head seeds, each statistic
computed per seed and averaged, on the 6,913-day window of Section 3.1 (July 1997 to December 2024).
Positions are the weight vectors the runs produced, at gross exposure one. Turnover is one-way, half of∑

i
|∆wit|; the break-even and the net columns charge the full traded notional at the stated one-way

rate. Break-even is the one-way rate, in basis points (bps), at which annual return reaches zero. All
arms use the common 60-day estimation window of Table 1; the bands cover the 12 clusterizers, and
the two controls are reported on their own rows.

each book’s annual return reaches zero, and net Sharpe ratios at three cost levels. Gross returns run 6.3% to
7.6% a year. At five basis points one-way the same books pay 9.6% to 11.8% a year in cost. Because gross
return and cost scale together, the break-even does not depend on leverage.

The reordering reported in Section 6.4 is not an artifact of the trading head. We run the same measurement
on the rule-based component, whose book carries gross exposure two rather than one, and normalize both to
the same exposure. Its five-day signal window is rebuilt daily, and its positions correlate with the previous
day’s at 0.46 on average across the clusterizers, with 27% of names changing sign. Counted one-way and per
unit of gross exposure, the rule-based books turn over 23.1% to 30.8% of their exposure a day against the
head’s 38.2% to 46.9%, and earn 3.9% to 4.6% a year against the head’s 6.3% to 7.6%. The head trades 1.46
times as much per unit of exposure and earns 1.63 times as much, and the two nearly cancel: break-even at
the rule-based component is 2.75 to 3.74 basis points against 2.66 to 3.79 at the trained component. The
reordering is sharper without the head: on the rule-based component the two controls finish first and third at
five basis points, against ninth and thirteenth at the trained component.

The nearest published comparison finds a much larger turnover reduction from clustering, and we cannot
reconcile the two. Brutti et al. (2026) report that clustering cuts turnover sharply in their setup, from 87.9%
to between 24.2% and 24.4%, and charge no costs; our configurations show a far smaller gap, the K = 1
control turning over 44.6% against a clustered range of 38.2% to 43.8%. Rebalancing frequency is the likely
cause (our books are rebuilt every day), but we have not measured it, and we record the divergence as an
open question rather than a finding.

Five limitations apply. The cost model is a proportional one-way charge with no market-impact term, and
a book rebuilt daily on 500 names is where market impact would be largest. Borrow costs on the short side
are not modeled. The panel is US large capitalizations, the most liquid case available, so the break-even here
is an upper bound for the same design on a broader universe. The cost figures are at K = 30 only; whether
the ordering above survives the sweep of Appendix A.6 is unmeasured. Finally, the books are rebuilt daily,
and a longer holding period would lower turnover roughly in proportion; its effect on the break-even is left to
future work.
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