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How to Construct a Portfolio ?
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Classic Mean-Variance (MV) Portfolio
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w € R": a weighting vector with n assets I' e R™*™: covariance matrix of the daily return vectors

Portfolio
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ODbjective

» To promote sparsity, we

0% iIntroduce an explicit sparsity
control.

» We develop three new
strategies and incorporate
them into an optimization
problem.

» We backtest the current
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Any pain points to it? markets, such as S&P500 and
 Non-sparse results ¢ Sensitive to inputs FTSE?_’E)O'
 Not practical . Less predictive ability | » EXperiment results

demonstrate the superior

u € R": a mean return vector 1 a risk aversion parameter that controls trade-off between risk and return performance of our €,-SMART

Methodology

compared with the old ones.

In the project, we propose an improved design for the €,-norm MV model by incorporating smart
beta strategies. Then, we develop the corresponding algorithm and simulation scheme.
The main overview of our method Is below:

Strategy 1: Using short term linear . . . .
Extract stock data from yahoo/finance g weighf:d averagge return 50‘;’;;:’:?}; t:':'s problem as an optimization problem
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Datasets Total Total samples
Assets (Days)

variance of variance of
portfolio returns trend following trading signals momentum
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S&P500 489 1508 g Strategy 2: Integrate tendency : mw}irnE wTI‘w — )IulinearTw - EleFEMAW + Ewascore“’I q
(2018/01/01- signals cwT1 = 1 <K
2023/12/31) st.w'l=1,|w|, <K.

FTSE350 315 1513
(2018/01/01-
2023/12/31)

Apply the Alternating Direction Method of Multipliers algorithm to

solve the optimization problem

Algorithm 1 f£,-SMART for Portfolio Optimization

Input: R, K, A, @, f, &, pp, C, p MAX,
Initialize: T, @y ear Tepas Xocorer Wor Kigen t
While not converge do:
L 2zl = H, (8), where § =w' + y'/pt
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i wtt = (af + p1+ C11T + BTy, + 6X inear + PIZFL =yt 4 C1)
it FI:+'J — .rt 4 p(wt-i-] — 3"”1)

fv. p'1 =min{sp, p, ..}
E+1 L
v. Kb, =max{K;,, — 1K}

end while

Output: w

Ujinear linear weighted average return vector in a short-term period.
I'epma: is the covariance matrix of the tendency signals.

Strategy 3: Assets re-weighting X.core: IS the diagonal asset reweighting matrix.
according to normalized trading a,2, B and & : control the preferences to the strategies.
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Rolling window for training and operation The welght Performance
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2. Calmar ratio (CR)
Rp

Maximum Drawdown

Early termination: If the cumulative return of ' 3. Sortino ratio (SR) = E—:
the portfolio falls below our expected value 0.02

after a 10-day testing period. R, =Actual or expected portfolio return,
0.05 we use the annualized return here.

0 04 =Standard deviation of the downside

R e S u I t S 3 L20-SMART and £20-norm MV compared to the market performance of the index Performance metrics Comparison fOI' FTSE 350 dataset

returns, €,-
SMART can
beat the market.
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L0-SMART and £0-norm MV compared to the market performance of the index Performance metrics comparison for S&P 500 dataset

and Calmar :
_ : S&P500 result
ratio evaluation, s (K = 30)

outperforms the
comparison
method.
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