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Overview

e 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]

e 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



European Trend-Following System

e {s¢} is continuous prices of a futures contract with

lag-1 difference d; and relative return ry:

dt = st — 841, Tt = s¢/84—1 — 1 (1)

e [Bouchaud2017], [Baz2015] specify weight:
1 d
wp = LI(’/)( t ) (2)

Ot Ot—1

o £() is EWMA filter with smoother v, 0 < v < 1:
LY () = (1 —v) ze +vLW)(z_1) (3)

o1 is EWMA volatility: oy = [£0) (d?)



American Trend-Following Systems

e American TF systems not studied in literature
extensively (sketches in [Curtis2007], [Covel2009])

e Average true range (ATR) as volatility measure

e A long position is initiated if the fast filter exceeds
the slow filter plus a buffer (v1 > vo):
£ () > £ (s4) 4+ g x ATR; (4)

where ¢q is the width of entry-point buffer



Position Sizing in American TF System
e The position size p!°"9 and the stop-loss:

St long
, stop-loss = st —p X ATR 5
ATR, Stoplosst t—p t (5)

where r IS risk multiple

long

p

p IS scale of stop-loss buffer
e [ helong position is closed if stop-loss is breached:

st < stopp—lossiong (6)

otherwise, the stop-loss is updated:

stop—lossimg = max {stap—lossiong , St — pAT Rt}



American TF system for Nasdaq index future

(A) EWMA slow/fast filters (log-scale)
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Time Series Momentum (TSMOM) System
e TSMOM ([Moskowitz2012], [Hurst2013], [Bal-

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

use 12 rolling returns:

1 M
wg = — > sign ( il 1) Otagget (7)
M =1 St_192 o

where: sign(x) is sign function
{s¢} is set of month end prices
dtarget 1S @annualised volatility target

of" is annualised volatility estimate



TSMOM system for Nasdaq index future

(A) Signal = sum of signed risk-adjusted returns

— Si |
3.00 Signa

2.00
1.00
0.00
-1.00

-2.00
(B) Position size

— Position
1.50

1.00
0.50

0.00

(C) Cumulative P&L
0.50 _
— Cumulative P&L
0.40
0.30
0.20
0.10
0.00

-0.10

31-Dec-10
31-Dec-11
31-Dec-12
31-Dec-13
31-Dec-14
31-Dec-15
31-Dec-16
31-Dec-17
31-Dec-18
31-Dec-19
31-Dec-20

31-Dec-21

31-Dec-22

31-Dec-23

31-Dec-24

10



European TF System using EWMA Filter
e EWMA filter ([HoIt1957]):

[,(V)(zt) =(1—-v) (zt + Vlzt_l + 1/2275_2 + )

(8)
=(1—-v)z+ VE(V)(zt_l)
e Smoothing parameter v, O <v < 1:
2
v =1 (9)
span + 1

where span is the lookback period
e [ he variance of EWMA filter for serially indepen-

dent variables {z:} with variance g is given by:
1

span

Yo (10)

Var [ﬁ(y)(zn)] =
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Variance-Preserving & Long-Short EWMA Filters

e Variance-preserving EWMA filter:

1 4+ v
\1l—v

£W) () = £V (z) (11)

e Variance-preserving Long-Short EWMA filter:

2812 oy = 1 20 () — 1,272 (2,,)

(12)
= 1.V (2,) — 1,£2) ()

with loadings l1, I» and lq, I5
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Illustration of Long-Short EWMA Filter
e Example: propagation of unit impulse using

£8W1Y2) (20 with {z) = (1,0,0,...)
v1 = 1-2/(long span+1),vo, = 1—2/(short span—+1)

Propagation of unit impulse at time t=1
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European Trend-Following System
1. Daily returns {r:} with volatilities {o:}

2. Volatility-normalized daily returns z;:

=" (13)
Ot—1

3. Signal s¢ iIs computed with either var-preserving
EWMA in Eq ((11) or long-short filter in Eq (12):

se =L (zp), s; = L1V () (14
4. Position size:
Wy = SgUt, Vp = U%git (15)

where otgrget 1S VOI-target & a = 260
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European TF for Nasdaq index future with vol target 15%
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(E1) Cumulative returns of the strategy: time series
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(A2) Volatility normalised returns: histogram
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(B2) EWMA filter signals: histogram
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Realised Cumulative Return of European TF System

e Cumulative return Fp over period T

T
Fr= 3% fi (16)
t=1
e [ he cun;ulative return of European TF system:
Otarget
Fpr = E(T
T a (T)
o0 m T
E(T)=@0-v) X v" ¥ (2t—2z7) (2t—m — 27T)
m=1 t=1
+ vT(21)?

where zr Is the sample mean zp = %zle 2t
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Expected Cumulative Return of European TF

e Consider a generic process for futures returns ry

under statistical measure P:

EY [ry] = p, Var® [r] =90
1

Y

E]P) _(Tt — N)(rt—m — :u)] — p(m)7 m=20,1,..

(17)

e Expected annual return of European TF system
in Eq (16) under P with T = 1y, ¥ = 1, pan = ap:

[ ].—V)

la'tamget\/a
\ %

: lgtarget ,LL2
! \/a an

Fy, =

S vMp(m) — 1
'm=0

(18)
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Turnover Analysis

e Futures vols range from 2% for STIR to 30%
for commodities

e Volatility-adjusted annualised turnover U; is stable
measure:
Ut = Vaoy |wy — wy_1| (19)

where o; is vol of daily returns and a = 260

e Assuming serially independent z;, the expected
turnover U; Is given in the leading order by:

2a
E [aU] = ﬁgtafrget\/l i (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

e For verification of analytical results, generate 10K
of Monte Carlo paths with 100 years of daily returns

e Compute MC estimates of annual return of Euro-
pean TF {F4,} and confidence 1.96stdev(F1,)/+/1000(

e Volatility target of instruments is 15%

e Span of EWMA filter in days:
{lw : 5, 2w : 10, 1m : 22, 3m : 65, 6m : 130, ly:
260, 2y : 520}
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Expected Annual Return for White Noise Process

rt = W+ €

(21)

where e; is normal with var 1/a & mean pgn = ap

e (A) Auto-correlation is zero, py(m) =0, m > 1

e | he expected annua

Fy, =

return Fly in Eq (

(latarget) 2

\ \/a Han

18

):
(22)
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Expected Annual Return for White Noise Process

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

05% Confidence intervals of Monte Carlo estimates
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Expected return for AR-1 process with zero drift

Tt = [+ Pri_1 T € (23)

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

Han — Al
e The auto-correlation of AR-1: pp(m) = ¢™
e Expected 1y of European TF in Eq (18):

— _ QU | lo target 9)
Fq,, = | L 24
ly Cly _1 QbV_ ' \/a an ( )

e Positive if ¢ > 0 when markets are diverging

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

e Panel (A): Auto-correlation for ¢ € {0.05,—-0.05}
e Panels (B) & (C): analytical values (dots) vs 95%

(A) Expected annual return of TF system
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Expected return for AR-1 with drift ., = 50% (per 100% vol)

e Negative mean-reversion at short periods is com-

(A) Expected annual return of TF system (B) Annualised volatility-adjusted turnover
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Long Memory ARFIMA Processes [Granger1980], [Hosking1981]
e ARFIMA (0,d,0) process is discrete-time ana-

logue of fractional Gaussian noise with fractional
order d

e Autocorrelation of r; is slowly decaying power:
ERN r 1 Dd—1

(A) AR-1 (B) ARFIMA(1,d,0) (C) ARFIMA(1,-d,0)
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Expected return for ARFIMA (1,d,0) processes with long-term
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Expected return for ARFIMA (1,d,0) processes with long-term
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European TF System and Kelly ratio, I
e Continuous-time dynamics for risky asset s(t) and

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

e Thevalue X (T) of portfolio with allocation weight

w to s(t) and 1 —w to b(¢) at time T
X(T)

X(0) = exp {(T + (. —r)w — ;szQ) T + JwW(T)}

e Consider maximisaicion of long-term growth:

max lim “E" log (e X (T))] (26)

T—o0 T

e [ he solution is given by the Kelly ratio:
« __ H—T
wh = (27)
O
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European TF System and Kelly ratio, 11
e Kelly ratio through Sharpe ratio & vol-target:

1 _
w*ZSX—,S:M ’ (28)

o) o)

e In reality, Sharpe ratios & vols are time-variate
e Instead, use estimates for t\ivo terms in Eq (29):
w* =S x = (29)

—~

o)

e For European TF, the weight wy = s x v+ defined
in Eq (115), Sharpe ratio is estimated using EWMA
filter of risk-adjusted returns z; (EWMA of daily
Sharpe ratios):

S = £W)(z) (30)
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Universe of Futures Markets
e Liquid contracts from 1962

I N S 2 S S

1 S&P_500 UST 2y SOFR_3M EURUSD GOLD CORN
2 NASDAQ UST 5y SONIA_3M GBPUSD BRENT COPPER WHEAT_SOFT
3 RUS2000 UST 10y EURIBOR_3M CHFUSD NYH_ULSD SILVER WHEAT_HRW
4 DJIA UST_10y_ULTRA AUS_90D CADUSD GASOLINE PLATINUM  WHEAT MINEAPOLIS
5 MSCI_EM UST_BOND CAD_3M JPYUSD GASOIL PALLADIUM WHEAT_MIL
6 ESTOXX50 UST_ULTRA AUDUSD ETHANOL TSI_IRON_ORE SOYBEANS
7 DAX GER 2y NZDUSD NAT GAS SOYB_MEAL
8 CAC GER 5y SEKUSD SOYB_OIL
9 AEX GER_10y NOKUSD CANOLA
10 FTSE100 GER_30y MXNUSD RAPESEED
11 SMI GILT LIVE_CATTLE
12 OMX30 JB_10Y LEAN_HOGS
13 NIKKEI225 OAT_10Y FEEDER_CATTLE
14 TOPIX CAN_10Y SUGAR_#11
15 ASX200 AUS_10Y WHITE_SUGAR
16 S&P/TSX60 BTP_10Y COFFEE_C
17 TAIEX ROBUSTA
18 HANG_SENG COCOA
19 HSCEI LONDON_COCOA
20 CHINA_A50 Cotton #2
21 NIFTY_50
e Transaction costs per volume ([Hurst2017])
Asset Class Time Period % Volume Costs
to 1992 0.34%
Equities 1993-2002 0.11%
from 2003 0.06%
to 1992 0.06%
Bonds 1993-2002 0.02%
from 2003 0.01%
to 1992 0.58%
Commodities 1993-2002 0.19%
from 2003 0.10%
to 1992 0.18%
Currencies 1993-2002 0.06%
from 2003 0.03% 30




Grid Backtest of European TF System
e Core parameters: long & short spans in days

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

e (B) Bear Sharpe ratio is realised during bear pe-
riods of 60/40 portfolio

e (C) Annualised avg costs

(A) Sharpe ratio (B) Bear Sharpe ratio (C) Annualised avg cost
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Grid Backtest of American TF System
e Core parameters: spans of long/short filters

e Entry-point width g & stop-loss width p: p =q =
5.0

(A) Sharpe ratio (B) Bear Sharpe ratio (C) Annualised avg cost
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Grid Backtest of TSMOM TF System
e Core parameters: number of returns L in one pe-

riod and number of periods M for aggregate signal

(A) Sharpe ratio (B) Bear Sharpe ratio (C) Annualised avg cost
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Base Comparison with SG Trend Index from 2000 to 2025YTD
e 2/20% management/performance fees

e Background colours: 16%/68%/16% worst/mid/be
quarters of 60/40 Equity/Bond portfolio

(A1) Cumulative performance (A2) Risk-adjusted performance table
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Long-Term Backtest from 1965

e Systems vol dependent on number of futures

e Robust perf in "

(A1) Cumulative log-performance
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Portfolio Volatility Targeting
e Portfolio volatility for current weights w:

v = Yl Tpw (31)

e 2 ; IS covariance matrix estimated using EWMA

model with a given lookback span

e All positions are rescaled using ratio R = ”“fgtget

e Pro: 1) risk-budget is fully utilized

2) return profile is smoother

e Cons: Positive skeweness of TF returns?
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ATR vs Volatility for Position Sizing: Empirical analysis
e European TF systems scale exposure by 1/o¢

e American TF systems scale exposure by 1/AT Ry

e (A) & (B): monthly ATR vs realised vol for S&P500
and UST 10Y future: 8~ 1 with R? =90%

(A) S&P 500 (B) UST 10Y (C) Gold
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Portfolio Vol-Targeting and Skeweness

e Apply Eq 31| for portfolio vol-targeting with span
for EWMA covariance from 30 to 260 days

e 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
e Boxplot of estimated ARFIMA for 1962-2004 &

2004-2024 aggregated by asset classes
(A): fractional order, (B): mean-reversion, (C): drift

e 1962-2004 period: stronger long memory feature

(A) Fractional order d (B) AR-1 coefficient phi (C) Mean annualised
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Instrument returns vs parameters of ARFIMA (1,d,0) process

e Instrument Sharpe vs param estimate for (A)
fractional order, (B) AR-1 coef, (C) drift
e 1962-2004: long memory feature is significant
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1.25 — Full sample: y=+3.36X+0.44, R2=29% — Full sample: y:+.1..27><+.0.52, R2=1%
o 1.00 s o 1.00 . .
2 0.75 . e S .
&2 050 : : £ 050 — —
" 0.25 /' : ] . T
> 0.00 = > 0.00
-0.25
-0.15 -0.10 -0.05 0.00 0.05 0.10 0.15 0.20 _0'538.06 -0.04 -0.02 0.00 0.02 0.04 0.06 0.08 0.10
x=Fractional order x=Fractional order
1.50 (B1) AR-1 coefficient: Period 1962-2004 1.50 (B2) AR-1 coefficient: Period 2005-2024
1.25 — Full sample: y=-2.06X+0.59, R*=16% — Full sample: y=+1.11X+0.50, R2=1%
o 1.00 . . o 1.00 5T
20.75 — L It e . = A L
20.50 R Y e 2 050 st e =
7 0.25 To—— 2 — - — T i : 5 0
> 0.00 = > 0.00
-0.10 -0.05 0.00 0.05 0.10 0.15 0.20 _0'538.08 -0.06 -0.04 -0.02 0.00 0.02 0.04 0.06 0.08 0.10 0.12
x=AR-1 coefficient x=AR-1 coefficient
(C1) Mean annualised: Period 1962-2004 1.50 (C2) Mean annualised: Period 2005-2024
1.25 — Full sample: y=+1.56X+0.42, R2=12% . 1.25 — Full sample: y=-0.50X+0.53, R2=1%" ..
o 1.00 . o 1.00
2 0.75 BT £ 0.75 Poe g,
2 0.50 TR e ISR Bl e 2 050 =
“ 0.25 —_— w 0.25
> 0.00 z = > 0.00
-0.25 -0.25
_0'595% -10% -5% 0% 5% 10% 15% 20% -8% -5% -3% 0% 2% 5% 8% 10% 12% 15%
x=Mean annualised x=Mean annualised

40



TF as Defensive Overlay for Long Portfolios [Sepp2019], [Sepp2020]
e (A) Identify Bear/Normal/Bull regimes of 60/40

Equity/Bond portfolio as 16%/68%/16% worst/mid/
quantiles of quarterly returns

e (B) : split total Sharpe ratio into regime-conditional
Bear/Normal/Bull Sharpe ratios

(A) Cumulative log-performance with regimes in the background 100 (B) Regime Conditional Sharpe ratios
— 60/40 Equity/Bond: Sharpe (rf=0)=0.43
— SG Trend: Sharpe (rf=0)=0.38 ““L e= Bull Sharpe
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Smart Diversification of Long-only Portfolios
e ConveX risk-reward frontier: x-axis is Bear Sharpe

(portfolio risk) & y-axis is Total Sharpe ratio
e Optimal: 50%/50% Balanced/TF system

e 2x leverage of 50%/50% Balanced/TF system is
Know as returns stacking

Total Sharpe vs Bear-Sharpe
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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

e 3 methods to design TF systems with similar
empirical performances

e 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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