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A Study on Portfolios Using Simulated Annealing and Tabu
Search Algorithms

0| Al

Woo Sik Lee

{Abstract)

Metaheuristics' impact is profound across many fields, yet domestic financial
portfolio optimization research falls short, particularly in asset allocation. This study
delves into metaheuristics for portfolio optimization, examining theoretical and
practical benefits. Findings indicate portfolios optimized via metaheuristics outperform
the Dow Jones Index in Sharpe ratios, underscoring their potential to enhance
risk-adjusted returns significantly. Tabu search, in comparison to Simulated Annealing,
demonstrates superior performance by efficiently navigating the search space. Despite
these advancements, practical application remains challenging due to the complexities
in metaheuristic implementation. The study advocates for broader algorithmic
exploration, including population-based metaheuristics, to refine asset allocation strategies
further. This research marks a step towards optimizing portfolios from an extensive
array of financial assets, aiming for maximum efficacy in investment outcomes.
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Table 1. Pseudocode for the Simulating Annealing

Begin
Set algorithm’s parameter and input the data
Genemte a random point within the search space
Lat heta represent the smmber of states needed to be tested before reaching tharmal equilibeinm
While the stopping condition has not been reached.
Fori ingange | toheta
Ceeate 2 new state
If the new state is superior to the current one
Accept the new sohrtion as the cogrent state
Otherwise
Generate a mndom mmber between 0 and 1
Calenlste the acceptance probability of the new sohition
If this probahilty exceeds the random mumber
Accept the new sohrtion as the cucrent state
EndIf
End If
Mt &
Reduce the temperatuse
End While
Cratpst the final schetion as the optimal state
End
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Table 2. Pseudocode for the Tabu Search

Begin
Set algoathm’s parameter and input the data
Generte 3 mandom point within the search space
Let v be the best solution observed thms far
Set the enrrent point as ¥
While the stopping condition has not yet been resched
Search locally aconnd the cucrent exploration point
If every neighbors are listed in the tabu list
Tecminate the slgosthm and retarn
Elseif
MMove the explogmtion point to the optimal non-tsbu sohtion neadby
If the new point is an improvement over .\’
Update v
EndIf
Update the tabu kst
End while
Charpuat V'
End
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Table 3. Performance of Asset Allocation
Return Volatility | Sharpe Ratio
Index 0.1332 0.1136 1.1721
SA 0.1564 0.1221 1.2807
TS 0.1499 0.1064 1.4087
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