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Overview

• TF Systems (CTAs, Managed Futures) are sys-

tematic strategies trading in futures markets

1) European TF systems from European CTAs:

CFM [Bouchaud2017], AHL [Baz2015]

2) American TF systems originate from “Turtle

Traders” in 1983 ([Faith2007])

3) Time Series Momentum (TSMOM) systems

originate from academic studies ([Moskowitz2012])
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Quantitative analysis of profitability of European TF system

i) Guassian framework: [Grebenkov2014], [Zaka-

mulin2020], [Martin2023], [Valeyre2025]

ii) Spread between long- & short-term realised vari-

ances: [Bouchaud2017]

• Our contribution:

1) Formulas for expected returns of European TF

system under generic process for futures returns

2) Formulation & empirical consistency of three

types of TF systems
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European Trend-Following System

• {st} is continuous prices of a futures contract with

lag-1 difference dt and relative return rt:

dt = st − st−1, rt = st/st−1 − 1 (1)

• [Bouchaud2017], [Baz2015] specify weight:

wt =
1

σt
L(ν)

 dt

σt−1

 (2)

• L(ν) is EWMA filter with smoother ν, 0 < ν < 1:

L(ν)(zt) = (1− ν) zt + νL(ν)(zt−1) (3)

σt is EWMA volatility: σt =
√
L(νσ)

(
d2t

)
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American Trend-Following Systems

• American TF systems not studied in literature

extensively (sketches in [Curtis2007], [Covel2009])

• Average true range (ATR) as volatility measure

• A long position is initiated if the fast filter exceeds

the slow filter plus a buffer (ν1 > ν2):

L(ν2)(st) > L(ν1)(st) + q ×ATRt (4)

where q is the width of entry-point buffer
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Position Sizing in American TF System

• The position size plong and the stop-loss:

plong = r
st

ATRt
, stop-losslongt = st − p×ATRt (5)

where r is risk multiple

p is scale of stop-loss buffer

• The long position is closed if stop-loss is breached:

st < stopp-losslongt (6)

otherwise, the stop-loss is updated:

stop-losslongt = max
{
stop-losslongt , st − pATRt

}
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American TF system for Nasdaq index future
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Time Series Momentum (TSMOM) System

• TSMOM ([Moskowitz2012], [Hurst2013], [Bal-

tas2015]) and risk-adjusted TSMOM ([Dudler2015])

use 12 rolling returns:

wt =
1

M

M∑
t=1

sign

 st

st−12
− 1

 σtarget

σant
(7)

where: sign(x) is sign function

{st} is set of month end prices

σtarget is annualised volatility target

σant is annualised volatility estimate
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TSMOM system for Nasdaq index future
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European TF System using EWMA Filter

• EWMA filter ([Holt1957]):

L(ν)(zt) ≡ (1− ν)
(
zt + ν1zt−1 + ν2zt−2 + ...

)
= (1− ν) zt + νL(ν)(zt−1)

(8)

• Smoothing parameter ν, 0 < ν < 1:

ν = 1−
2

span+1
(9)

where span is the lookback period
• The variance of EWMA filter for serially indepen-

dent variables {zt} with variance ϑ0 is given by:

Var
[
L(ν)(zn)

]
=

1

span
ϑ0 (10)
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Variance-Preserving & Long-Short EWMA Filters

• Variance-preserving EWMA filter:

L̃(ν)(zt) =

√√√√√1+ ν

1− ν
L(ν)(zt) (11)

• Variance-preserving Long-Short EWMA filter:

L̃S(ν1,ν2)(zn) ≡ l̃1L̃(ν1)(zn)− l̃2L̃(ν2)(zn)

≡ l1L(ν1)(zn)− l2L(ν2)(zn)
(12)

with loadings l1, l2 and l̃1, l̃2
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Illustration of Long-Short EWMA Filter

• Example: propagation of unit impulse using

L̃S(ν1,ν2)(zn) with {zt} = (1,0,0, ...)

ν1 = 1−2/(long span+1), ν2 = 1−2/(short span+1)
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European Trend-Following System

1. Daily returns {rt} with volatilities {σt}
2. Volatility-normalized daily returns zt:

zt =
rt

σt−1
(13)

3. Signal st is computed with either var-preserving

EWMA in Eq (11) or long-short filter in Eq (12):

st = L̃(ν)(zt), st = L̃S(ν1,ν2)(zt) (14)

4. Position size:

wt = stvt, vt =
σtarget√

aσt
(15)

where σtarget is vol-target & a = 260
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European TF for Nasdaq index future with vol target 15%
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Realised Cumulative Return of European TF System

• Cumulative return FT over period T :

FT =
T∑

t=1
ft (16)

• The cumulative return of European TF system:

FT =
lσtarget

ν
√
a

E(T )

E(T ) = (1− ν)
∞∑

m=1
νm

T∑
t=1

(zt − zT) (zt−m − zT)

+ νT (zT)
2

where zT is the sample mean zT = 1
T

∑T
t=1 zt
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Expected Cumulative Return of European TF

• Consider a generic process for futures returns rt

under statistical measure P:

EP [rt] = µ, VarP [rt] = ϑ

EP
1
ϑ
(rt − µ)(rt−m − µ)

 = ρ(m), m = 0,1, ...
(17)

• Expected annual return of European TF system

in Eq (16) under P with T = 1y, ϑ = 1, µan = aµ:

F̄1y =
lσtarget√a

1− ν

ν


 ∞∑
m=0

νmρ(m)− 1


+

lσtarget√
a

µ2an

(18)
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Turnover Analysis

• Futures vols range from 2% for STIR to 30%+

for commodities

• Volatility-adjusted annualised turnover Ut is stable

measure:
Ut ≡

√
aσt |wt − wt−1| (19)

where σt is vol of daily returns and a = 260

• Assuming serially independent zt, the expected

turnover Ut is given in the leading order by:

E [aUt] =
2a
√
π
σtarget

√
1− ν (20)
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Analysis of Expected Return under Specific Returns Dynamics

1) Autocorrelation profile

2) Mean/drift of the process for generating returns

• For verification of analytical results, generate 10K

of Monte Carlo paths with 100 years of daily returns

• Compute MC estimates of annual return of Euro-

pean TF {F̂1y} and confidence 1.96stdev(F̂1y)/
√
10000

• Volatility target of instruments is 15%

• Span of EWMA filter in days:

{1w : 5, 2w : 10, 1m : 22, 3m : 65, 6m : 130, 1y :

260, 2y : 520}
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Expected Annual Return for White Noise Process

rt = µ+ ϵt (21)

where ϵt is normal with var 1/a & mean µan = aµ

• (A) Auto-correlation is zero, ρT(m) = 0, m > 1

• The expected annual return F1y in Eq (18):

F̄1y =

lσtarget√
a

µ2an (22)
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Expected Annual Return for White Noise Process

• Panels (B) & (C): analytical values (dots) and

95% Confidence intervals of Monte Carlo estimates

for 1y return & turnover with µan ∈ {−0.5,0,0.5}
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Expected return for AR-1 process with zero drift

rt = µ+ ϕrt−1 + ϵt (23)

where |ϕ| < 1, ϵt is normal with var 1/a & mean

µan = aµ

• The auto-correlation of AR-1: ρT(m) = ϕm

• Expected 1y of European TF in Eq (18):

F̄1y = c1y

 ϕν

1− ϕν

 +
lσtarget√

a

µ2an (24)

• Positive if ϕ > 0 when markets are diverging

• Negative if ϕ < 0 when markets are mean-reverting
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Expected return for AR-1 process with zero drift

• Panel (A): Auto-correlation for ϕ ∈ {0.05,−0.05}
• Panels (B) & (C): analytical values (dots) vs 95%

Confidence intervals of MC
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Expected return for AR-1 with drift µan = 50% (per 100% vol)

• Negative mean-reversion at short periods is com-

pensated by positive drift for TF span > 6m
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Long Memory ARFIMA Processes [Granger1980], [Hosking1981]

• ARFIMA (0, d,0) process is discrete-time ana-

logue of fractional Gaussian noise with fractional

order d

• Autocorrelation of r̃t is slowly decaying power:

limk→∞ ρr̃k ∼ k2d−1
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Expected return for ARFIMA (1, d,0) processes with long-term

trend d = 0.02 and zero mean µan = 0.0
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Expected return for ARFIMA (1, d,0) processes with long-term

mean-reversion with d = −0.01 and mean µan = 0.5
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European TF System and Kelly ratio, I

• Continuous-time dynamics for risky asset s(t) and

bank account b(t) with rate r under P:
ds(t) = µs(t)dt+ σs(t)dW (t), b(t) = rb(t)dt (25)

• The value X(T ) of portfolio with allocation weight

w to s(t) and 1− w to b(t) at time T :
X(T )

X(0)
= exp


r + (µ− r)w −

1

2
σ2w2

T + σwW (T )


• Consider maximisation of long-term growth:

max
w

lim
T→∞

1

T
EP [

log
(
e−rTX(T )

)]
(26)

• The solution is given by the Kelly ratio:

w∗ =
µ− r

σ2
(27)
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European TF System and Kelly ratio, II

• Kelly ratio through Sharpe ratio & vol-target:

w∗ = S×
1

σ
, S =

µ− r

σ
(28)

• In reality, Sharpe ratios & vols are time-variate

• Instead, use estimates for two terms in Eq (29):

ŵ∗ = Ŝ×
1

σ̂
(29)

• For European TF, the weight wt = st× vt defined

in Eq (15), Sharpe ratio is estimated using EWMA

filter of risk-adjusted returns zt (EWMA of daily

Sharpe ratios):

Ŝ = L(ν)(zt) (30)
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Universe of Futures Markets

• Liquid contracts from 1962

• Transaction costs per volume ([Hurst2017])
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Grid Backtest of European TF System

• Core parameters: long & short spans in days

• (A) Sharpe ratio 2000-2025YTD (no perf fees)

• (B) Bear Sharpe ratio is realised during bear pe-

riods of 60/40 portfolio

• (C) Annualised avg costs
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Grid Backtest of American TF System

• Core parameters: spans of long/short filters

• Entry-point width q & stop-loss width p: p = q =

5.0
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Grid Backtest of TSMOM TF System

• Core parameters: number of returns L in one pe-

riod and number of periods M for aggregate signal
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Base Comparison with SG Trend Index from 2000 to 2025YTD

• 2/20% management/performance fees

• Background colours: 16%/68%/16% worst/mid/best

quarters of 60/40 Equity/Bond portfolio
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Long-Term Backtest from 1965

• Systems vol dependent on number of futures

• Robust perf in ”red” years of 60/40 portfolio
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Portfolio Volatility Targeting

• Portfolio volatility for current weights w:

vt =
√
wTΣtw (31)

• Σt is covariance matrix estimated using EWMA

model with a given lookback span

• All positions are rescaled using ratio R =
vtarget

vt

• Pro: 1) risk-budget is fully utilized

2) return profile is smoother

• Cons: Positive skeweness of TF returns?
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ATR vs Volatility for Position Sizing: Empirical analysis

• European TF systems scale exposure by 1/σt

• American TF systems scale exposure by 1/ATRt

• (A) & (B): monthly ATR vs realised vol for S&P500

and UST 10Y future: β ≈ 1 with R2 = 90%

37



Portfolio Vol-Targeting and Skeweness

• Apply Eq 31 for portfolio vol-targeting with span

for EWMA covariance from 30 to 260 days

• Skeweness of TF quarterly returns (y-axis) vs

Sharpe (x-axis) from 2000 to 2025YTD
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Empirical analysis using ARFIMA (1, d,0) model

• Boxplot of estimated ARFIMA for 1962-2004 &

2004-2024 aggregated by asset classes

(A): fractional order, (B): mean-reversion, (C): drift

• 1962-2004 period: stronger long memory feature
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Instrument returns vs parameters of ARFIMA (1, d,0) process

• Instrument Sharpe vs param estimate for (A)

fractional order, (B) AR-1 coef, (C) drift

• 1962-2004: long memory feature is significant
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TF as Defensive Overlay for Long Portfolios [Sepp2019], [Sepp2020]

• (A) Identify Bear/Normal/Bull regimes of 60/40

Equity/Bond portfolio as 16%/68%/16% worst/mid/best

quantiles of quarterly returns

• (B) : split total Sharpe ratio into regime-conditional

Bear/Normal/Bull Sharpe ratios
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Smart Diversification of Long-only Portfolios

• Convex risk-reward frontier: x-axis is Bear Sharpe

(portfolio risk) & y-axis is Total Sharpe ratio

• Optimal: 50%/50% Balanced/TF system

• 2x leverage of 50%/50% Balanced/TF system is

know as returns stacking
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Conclusions: Design of trend-following systems

1) Faster TF with focus on detection of short-term

auto-regressive trends

2) Medium-term TF capturing trends due to long-

memory

3) Long-term TF systems with focus on capturing

long-term drift

• 3 methods to design TF systems with similar

empirical performances

• Smart Diversification for long-only portfolios
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Disclosure

These slides and discussion represent my personal views.

These views do not represent an official view of my current and last

employers.

These views and discussion are not an investment advice in any possible

form.

Futures are associated with high risk.
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