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Abstract. A US firm must disclose a material event on Form 8-K within four business days. We ask whether
the representation a language model forms while reading these filings predicts the cross-section of returns once a
mandate’s constraints and trading costs are imposed. Following Chen et al. (2025), each filing is passed through
Gemma-2-9B-IT and the activations of the Gemma Scope sparse autoencoder at layer 20 are recorded. A ridge
regression, re-estimated annually, maps firm-month activations to next-month return ranks, and the firms with
the lowest forecasts form the short leg. The long leg ranks large firms on a characteristic score built with the
shrinkage estimator of Kozak, Nagel, and Santosh (2020), augmented with card-transaction growth and supply-chain
momentum. Weights are the projection of a beta-neutral target onto the constraint set at 8% ex-ante volatility.
From January 2021 to August 2026 the portfolio earns, net of costs, an information ratio of 0.82 against T-bill +
4% with a realised market beta of 0.13.

1 Data and design
We use the FIAM US stock panel and its 8-K corpus, keyed
by permno and dated by filing date. Signals are formed at
each month-end t from information dated t or earlier. The
portfolio is formed at the close of t+1 and its first return runs
from that close to the next. Models are re-estimated each
January on an expanding window that starts in February
2015. For test year Y , estimation ends in December Y −3
and hyperparameters are chosen on Y −2 and Y −1. We
report a validation period, 2019 to 2020, and a test period
from January 2021 to August 2026 (68 months, 1,421 trading
days). Short candidates are the 2,000 stocks with the highest
combined rank of market capitalisation and dollar volume,
as in Frazzini, Israel, and Moskowitz (2018), with a mar-
ket capitalisation of at least US$500m at formation. Long
candidates are the 500 largest stocks with a characteristic
score.

2 Signals
Sparse embeddings of 8-K text. Each filing is split
into item sections. In the notation of Chen et al. (2025),
let r

(l)
τ ∈ R3584 be the residual stream of Gemma-2-9B-IT

(Gemma Team, 2024) at layer l = 20 for token τ . The
Gemma Scope autoencoder (Lieberum et al., 2024) maps it
to the sparse code

z(l)
τ = f

(
Wer(l)

τ + be

)
∈ R131,072, (1)

where f is the JumpReLU activation of Rajamanoharan
et al. (2024). Let z̄s be the mean of z

(l)
τ over the tokens of

section s and Si,t the sections filed by firm i in month t. The
firm-month embedding is

xi,t = log
(

1 + 1
|Si,t|

∑
s∈Si,t

z̄s,F

)
∈ R4096, (2)

where F holds the 4,096 features with the largest variance
of log(1 + z) among those active in at least 0.5% of pre-2019
text. Each feature is demeaned within month and divided
by its pre-2019 standard deviation, giving x̃i,t.
Return forecast. As in Chen, Kelly, and Xiu (2022), we
regress the centred cross-sectional rank of next-month excess

return, yi,t+1 = rankt(re
i,t+1)/Nt − 1

2 , on x̃i,t:

β̂(α) =
(
X̃⊤X̃ + αλ̄I

)−1
X̃⊤y, (3)

where λ̄ is the mean eigenvalue of X̃⊤X̃ and α ∈
{10−2, . . . , 103}. Forecasts pi,t = x̃⊤

i,tβ̂ are averaged over
a firm’s recent filings with weight 2−k/h on a filing k months
old, h ∈ {1, 3, 6}. The pair (α, h) and the choice between
narrative items alone and all sections maximise the mean
monthly rank correlation with y over the validation years.
The short score si,t is the cross-sectional z-score of the fore-
cast, ranked within GICS sector as in Asness, Porter, and
Stevens (2000).
Short exclusions. Among stocks with a below-median
forecast, we exclude any in the top 30% of the cross-section
on one of three measures: analyst revision breadth, (up −
down)/estimates for the current fiscal year (Chan, Jegadeesh,
and Lakonishok, 1996); the change in breadth of ownership,
measured by the number of 13F holders (Chen, Hong, and
Stein, 2002); and the insider net purchase ratio, (P −S)/(P +
S) in shares over six months (Lakonishok and Lee, 2001).
Long score. Following Asness, Frazzini, and Pedersen
(2019), each signal is converted to ranks and standardised,
zk = (uk − ūk)/σ(uk) =

√
12 (uk − 1

2 ), and the long score is

Li,t = 1
2
(
zSC

i,t + zcard
i,t + zcust

i,t + zsupp
i,t

)
, (4)

with a missing signal set to zero. The characteristic score zSC,
ranked within GICS sector, uses the dual-penalty estimator
of Kozak, Nagel, and Santosh (2020). With F the returns
of top-minus-bottom decile portfolios on 147 characteristics,
and µ and Σ their sample mean and covariance, the SDF
coefficients are

b̂ = arg min
b

(µ − Σb)⊤Σ−1(µ − Σb)

+ γ2 b⊤b + γ1
∑

k |bk|,
(5)

with (γ1, γ2) chosen on the validation years, and a stock’s
score is c⊤

i,tb̂, where ci,t holds its centred characteristic
ranks, set to zero outside the top and bottom deciles.
Card-transaction growth is gi,t = ln

∑3
m=1 TXi,t−m −

1



ln
∑15

m=13 TXi,t−m, from Carbon Arc credit-card transac-
tion counts, motivated by the evidence in Agarwal, Qian,
and Zou (2021) that disaggregated consumer spending pre-
dicts returns. Customer momentum follows Menzly and
Ozbas (2010), CMi,t =

∑
j ̸=J(i) ωc

J(i)j re
j,t, where re

j,t is the
value-weighted excess return of industry j and ωc

J(i)j is the
share of industry J(i)’s output sold to industry j in the 2012
BEA use table. Supplier momentum uses input shares.

3 Portfolio construction

Selection. Let λ̂ be the walk-forward slope of monthly
returns on the score for each leg. A new position of size
v = NAV/125 in a stock with average daily dollar volume Vi,
filled at 1% of Vi per day, takes Di = v/(0.01Vi) days; the
average fraction of a month of H = 21 days for which it is
held is ϕi = 1−Di/(2H) for Di ≤ H and H/(2Di) otherwise.
Each leg holds the 125 stocks with the highest net expected
value

EVi,t = λ̂ |zi,t| ϕi − κi − cb
i , (6)

where κi is the expected price impact of entry and exit and
cb

i is one month of borrow fee for a short. Incumbents have
ϕi = 1 and κi = 0 and are retained while they rank in the
top 625, a buy/hold band in the spirit of Novy-Marx and
Velikov (2016).
Target weights. Longs are weighted in proportion to

√
MEi

and shorts in proportion to rank. The legs are scaled so that
β⊤wT = 0, with β the 60-month beta supplied in the panel.
Projection. The traded target is

w⋆ = arg min
w

∥w − wT ∥2
2

s.t. w⊤Σ̂w ≤ (0.08)2, β⊤w = 0,

∥w∥1 ≤ 2, |1⊤w| ≤ 0.5,

|wi| ≤ 0.05, wi wT
i ≥ 0 ∀i,∣∣ ∑

i∈g wi

∣∣ ≤ 0.20 ∀g ∈ G,

(7)

where G is the set of GICS sectors and Σ̂ is 252 times the
constant-correlation shrinkage estimator of Ledoit and Wolf
(2004) applied to the previous 252 daily returns. The problem
is a convex quadratically constrained program, solved with
CVXPY (Diamond and Boyd, 2016) and Clarabel (Goulart
and Chen, 2024).
Trading and costs. Orders are executed daily at no more
than 1% of each stock’s 126-day average dollar volume; drift
between formations is not traded. The net exposure and
sector limits are re-imposed at every close. Trading costs
are IBKR Pro Tiered commissions plus regulatory fees and
the price impact of Jensen et al. (2026), 0.1 τ2/Vi for a trade
of τ dollars. Borrow fees follow a curve fitted to the IBKR
short-availability list.

4 Evaluation
With daily benchmark bd = TB3MSd/25200 + 0.04/252, the
information ratio is

√
252 times the mean of rd−bd divided by

its standard deviation. Monthly statistics use compounded
monthly returns and

√
12. The Sharpe ratio and the Sortino

ratio (Sortino and Price, 1994) use returns in excess of the T-
bill, the latter with downside deviation measured below zero.

Table 1: Results net of all costs unless stated. IR is the infor-
mation ratio against T-bill + 4%.

Valid. Test
2019–20 2021–26

IR, daily / monthly 1.33 / 1.43 0.82 / 0.83
IR before costs, daily 1.00
IR, flat borrow fee, daily 0.63
IR to / from 27 Jun 2024, daily 1.02 / 0.52
Sharpe ratio, daily 1.74 1.31
Sortino ratio, daily 1.98
Volatility p.a. 9.7% 8.2%
Beta to S&P 500, daily / monthly 0.20 / 0.09 0.13 / 0.14
Maximum drawdown −9.1% −5.9%
Ending value of US$1bn US$2.16bn
FF5 + UMD alpha p.a. (t), daily 5.2% (2.11)
One-way turnover p.a. 4.9× 4.5×
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Figure 1: Value of $1, test period, daily. The dotted line marks
27 June 2024.

Beta is the OLS slope on the S&P 500. A separate program
that reads only the holdings file verifies every mandate rule
at each of the 1,421 closes.

5 Results
The average excess return of the portfolio after formation
rises from 0.07% on the first day (t = 1.06) to 3.29% after 63
trading days (t = 6.97). Predictability accrues over weeks,
hence monthly formation. In the Arcana US risk model,
US$538m of the US$1,271m cumulative profit is attributed
to residual returns. The short leg contributes US$382m of
this residual although its total profit is −US$143m. Its stocks
rise with the market but by less than their factor exposures
imply.

6 Limitations
First, filings published before the release of Gemma-2 on 27
June 2024 may be part of its training data. The information
ratio is 1.02 before that date and 0.52 after it, and we regard
the later figure as the more reliable estimate. Second, Carbon
Arc does not publish vintages of the card data, so the backtest
uses the current vintage lagged one month, and revisions
introduce look-ahead bias. Third, the realised beta of 0.13
arises from execution. Longs fill within a day and shorts
within a week or more, so the book is net long between
formations.
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