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Question. Do characteristic histories carry information about (a) Standard multi-head attention (b) Saturated attention (ours) (c) Conditional factor model SACT (K=3)
conditional factor exposures beyond the latest cross-section? each head outputs d/H dims every head outputs all d dims , - , SACT (k=30) 1B
How to estimate highly parameterized attention-based asset | | ] Zii et

o ) ) ) ) i s saturated attention Bii CAE (K=5) - .
pricing models in the low signal-to-noise ratio setting? scaled scaled |  scaled ) xM ' '
scaled | scaled | scaled dot prod. ‘ dot prod. dot prod. CAE (K=30) - -0.25
. . oy do do do . 5 iy
This paper. SACT (Saturated Attention Conditional pmzl_ pmfﬂ_ pm;_ (el ' oo mom D 000
Transformer) has these contributions: (i) saturated attention; ' 3 S S char. 'e‘:f?‘*d P
) t-1, Tt : rotation t rice Mom - -, - -
(ii) a conditional factor model built on top of it; (iii) shows the | | portfolios x W Price Mom S 025
economic value of attention architecture and characteristic Concat = Output Projection werage = Output Projection velue 050
paths; (iY) shows thaj[ 'V_”- models is complementary to (a) Standard multi-head attention projects into H equal dimension subspaces and recombines them S o
conventional factor timing. through a learned output projection, so the heads estimate complementary pieces rather than Ensemble - .38
replicates. Under the common fixed-total-width convention, the design requires H | d. P AP S E S e
& 7 7 . R &
(b) Saturated attention instead keeps a d-dimensional output in every head and averages the 5 %@* o dgo* &« &
resulting summaries, which contracts estimation variance. : : .
. : . : : , SACT and CAE consume identical characteristics yet correlate
2 MOdel Summary (c) The operator parameterizes path-dependent loadings B, while a linear factor branch builds latent y

between 0.33 and 0.51 — far from redundant.

factors f, from characteristic-managed portfolios so that every factor maps back to stocks.
Factor momentum is negatively correlated with both ML

models, so SACT is no repackaged factor-timing rule. Factor
momentum earns its ensemble weight through covariance,

Input — characteristic history
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. e not stand-alone return (gross Sharpe 0.45).
Conditional factor structure 5 Emplrlcal Results
r..=BZ, )L +¢
Lt B( l’t_l) t Lt Gross Performance Sharpe Sortino  Ann.Return MaxDD BvsSPY
SACT (K = 5) 142 2.29 55% 11.0%  0.045 7 - Feature Importance
Tradable latent factors
SACT (K =10) 1.53 2.84 5.8% 6.9% 0.035
f=Wp-(ZZ,+NI)1ZT, SACT (K = 20) 1.80 3.10 6.8% 7.1% 0.036 Perturbation importance: zero-fill one characteristic in
SACT (K = 30) 1.80 3.48 7.0% 4.9% 0.044 validation, record the improvement in pricing MSE.
o) LxP K . .- .
f(k)' Rb > R 'fhth’la trj,”s‘cormter mfa.pp”tg' Its Z”laltca:?alt SACT (K = 40) 171 2.93 65%  6.4%  0.031 S ——
oken becomes the loading vector. f,is a learned latent factor ow Risk | ]

; ) g k - CAE (K = 5) 1.12 1.54 6.9%  13.0% 0.221 ] —
portfolio by rotating Fama—MacBeth characteristic-managed . . rceruale | E—
portfolios, so every latent factor maps back to stock holdings. CAE (K=10) 1.28 1.84 6.8%  10.3% 0.106 Debt Issuance 1 [

_ N - _ . CAE (K = 20) 1.30 172 6.4%  10.0%  0.073 g oo —
:Ethlmatedbjfmtlyccljrl prlcmgd!\;IfSE +tL2, Wcllth e:.ar.lE/. s;optplng and CAE (K = 30) 1.57 2.44 7.4% 7.0% 0.042 3 iy | :
oW Leverage -
ensemble models over different random initialization. CAE (K = 40) 144 239 6.5% 9.3% 0.023 v Leveraae |'
Factor Momentum 0.45  0.65 3.7% 18.7%  -0.156 e e | —
ize and Liquicity | [
SPY 0.51 0.72 7.8%  50.8% 1.000 e andtanay | | | | | | |
Y —0.004 —0.003 —0.002 —0.001 0.000 0.001 0.002
3 - Data & Experiment Ensemble (SACT + CAE + Factor Mom.) 211 4.8 9.4%  3.6%  -0.017 Mean Normalsed mportance
Cumulative Gross Returns
. Net of 10bps Cost Sh Sorti T
Data. CRSP monthly U.S. returns, 1975-2024; strictly out-of- — — SACT (K=5) CAE (K=5) Factor Mom. eto ps -0s arpe >ortino Turnover T k
.. = SACT (K=30) == CAE (K=30) ++++ Spy~/ : = 5 . . .
sample 2000-2024. 153 characteristics (Jensen—Kelly— 2.0 1 Ensemble SAONECSY) 126 230 177 a eaways
Pedersen, 13 themes), rank-normalized to [-0.5, 0.5], lagged . i CAE (K=30) 0.99 1.53 2.31 U —
. . 5 | _ very K, gr , Wi wer
1/4/6 months for reporting delays. >17,000 firms, =4,000 per g e SACT (K=5) 0.95 1.49 1.53 i E
] o ) v CAE (K=5) 0.75 1.03 1.80 turnover (1.77 vs 2.31).
month; no sector, price or missingness filters. g = : : :
_ ' o 2 7 Factor Momentum 0.00 0.00 2.81 Characteristic paths pay off where point-in-time signals weaken:

Protocol. Rolling 10y train / 5y validation / 1y test; annual % ] Ensemble e DT pp post-2020 Sharpe 1.02 (L=1) - 1.37 (L=120).
refit, monthly rebalance. e - - - _ ;

3 Saturated attention makes the sequence model work in low SNR
Portfolio. Monthly tangency portfolio over the K latent 001 ¥ Ablations. Saturated vs concat-head at H=3: Sharpe data — Sharpe 1.62 — 1.73, Sortino 2.66 — 3.58.
factors, mapped back to the largest 1,000 stocks by market os S 1.73/1.62; post-2020 1.50 / 0.93. Context length Honest bound: prior to 2020, majority of the gap to CAE is

cap, lwll, = 2 (=100/100 long—short) for every model. o e amn m o ahe ot L=1vs L=120: post-2020 Sharpe 1.02 - 1.37; architectural, not temporal.
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