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Abstract 

Online portfolio selection based on Markowitz's mean-variance theory and Kelly's 
capital growth theory is a basic problem in financial engineering, which has attracted 
more and more attention and discussion in the fields of artificial intelligence and 
machine learning. Its main purpose is to distribute the existing wealth among investable 
assets in order to achieve the goal of maximizing the cumulative return. In view of the 
existing average inversion strategy without fully considering the noise data, slow trend 
and the characteristics of lagging, we use adaptive kaufman average to predict the price 
of the stock, which is based on stock market volatility, to avoid the short-term noise 
produced by false signals and lag of long-term trends, and use the PA of portfolio 
allocation algorithm. Theoretical analysis and empirical results shows that AMA strategy 
has superior performance in indicators such as cumulative income, CR, SR, DMM, etc. in 
DIJA data. 
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1. THE INTRODUCTION 

The aim of portfolio optimization is how to choose the optimal portfolio for investment under 
uncertain environment. The stock market is an extremely complex system with stock prices 
changing rapidly. The purpose of investors is to rationally allocate existing assets under the 
premise of unknown future information, constantly adjust investment strategies according to 
the current environment, and realize the maximization of investment returns. Therefore, the 
portfolio selection problem is an online decision problem. In recent years, machines learning 
and artificial intelligence algorithms have been widely applied to portfolio optimization. One of 
the representative strategies is reversal strategy, which makes use of the mean reversal of stock 
prices to maximize the cumulative return of investment. 

Although the existing mean inversion class strategy performs very well in many data sets, it 
does not perform very well in DJIA data sets, mainly because 1) The existing mean inversion 
class strategy cannot handle noise and outliers well.2) The weight of price data in different 
periods is consistent. 

2. RELATIVE WORK 

The main goal of Kelly's capital growth theory is to maximize the expected growth rate or 
expected logarithmic return of the portfolio. Several well-known online portfolio strategies can 
be obtained based on Kelly's investment theory. It can be divided into two main categories. The 
following is a brief introduction. 

1) Use historical data for prediction 
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This kind of strategy assumes that asset prices follow a normal distribution, and the historical 
average stock price can explain the market behavior well. This kind of strategy is mainly divided 
into the following two types: 

One is to use all historical price data to make predictions. It mainly includes strategies such 
as Constant Rebalanced Portfolios (CRP) [1, 2], Best CRP(BCRP)[3], Successive CRP(SCRP)[4], 
online Newton Step(ONS)[5] and so on. 

Another is use a set of similar relative prices to predict the next relative price. It mainly 

includes Nonparametric kernel based moving window( )[6],Nonparametric nearest 

neighbor( )[7],Correlation-driven nonparametric learning ( ) [8]and so on. This kind 

of algorithm mainly USES different similarity index to measure the similarity degree of relative 
price series, and constructs the similarity set to predict the next relative price. 

2) Use a single value for prediction 

This type of strategy assumes that the stock market follows the principle of mean reversal, 
and that stocks that have performed well and have not performed well will return to the mean 
level. 

It mainly includes Exponential Gradient (EG), Passive Aggressive Mean Reversion (PAMR), 
Confidence Weight Mean Reversion (CWMR), OLMAR, RMR and so on. EG[4] Takes the previous 
relative price as the predicted value of the next relative price; PAMR[9] and CWMR[10] Use the 
reciprocal of one relative price as the predicted value of the next relative price; OLMAR[11] Use 
moving averages or exponential smoothing to predict the next relative price; RMR[12] use the 
median estimator to predict the next relative price. 

In addition, there are other strategies, such as Universal Portfolios (UP), Anti-correlation (AC) 
and so on. 

Aiming at the characteristics of noise data, slow trend and lag that are not fully considered by 
the existing mean-reversal strategies, this paper proposes an online portfolio optimization 
algorithm based on Kaufman adaptive mean, focusing on the performance of indicators such as 
improving cumulative return rate on the DJIA data set. 

3. PROBLEM SET 

Suppose there are d classes assets and n periods in the financial market, where

is the close price in the t period,is the relative price in the t period, 

, the wealth will be increased by a factor. In the t period, the investors can 

according  to investment the assets, where  is the ratio of the i asset,

. 

In the t period, the Asset growth is , then in the n period, the cumulative wealth 

is , in general . The aims is to design to 

maximizing . 

This paper makes three basic assumptions: 1) Transaction costs: transaction costs or taxes 
are not considered.2) Market liquidity: We assume that we can buy or sell any number of assets 
at the closing price in any given trading period.3) Impact cost: We assume that market behavior 
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is not affected by our portfolio strategy. The above assumptions are not feasible in the ideal state, 
and the proposed strategy needs further discussion in reality. 

4. MODEL OF MOTIVATION 

According to the principle of mean reversal, a stock that is currently performing poorly is 
likely to perform better in the next period. OLMAR USES the average lagged price of the W 
period as the next stock price. RMR USES the median of the price series for the W period as the 
stock price for the next period. However, this mean-reversal strategy does not perform well in 
DJIA data set. Subject to frequent fluctuations in raw material prices, price data will contain a 
large number of noises and outliers. 

`In order to solve the problem of noise in financial time series, this paper firstly USES 
Kaufman adaptive moving average to predict stock price, and then updates the asset portfolio 
online with PA algorithm. 

5. KAUFMAN ADAPTIVE MOVING AVERAGE 

5.1. Kaufman Adaptive Moving Average 

1) Estimation of the efficiency ratio. 

 

                               (1) 

 

Where is the n-day change in price 

 

                            (2) 

 

And volatility, is the sum of the absolute value of daily price changes 

 

                           (3) 

 

2) Estimation of the AMA 

 

                (4) 

 

             (5) 

 

                            (6) 

 

                         (7) 
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Where  and  are the number of days in the fastest and slow applicable Simple Moving 

Averaging, respectively. The recommended parameters are n=10, slowest=2, fastest=30. 

5.2. Algorithm Design 

Optimizatio n Problem: OLMAR 

             (8) 

Proof: 

      (9) 

Where  and  are the Lagrangian multipliers. 

 

                  (10) 

 

                       (11) 

 

Multiplying both sides by ,we gey, 

 

                         (12) 

 

                             (13) 

 

Where  denotes the average predicted price relative. we get  

 

                      (14) 

 

            (15) 

 

Taking derivative with respect to  and set it to zero, we get 

 

            (16) 
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                     (17) 

 

So  

                         (18) 

6. EXPERIMENTS 

In this section, we analyze the experimental results of the proposed strategy and compare 
them with the mean-reversal strategy. All the source code and dataset for this work can be found 
in website: http://OLPS.stevenhoi.org/OLMAR. 

6.1. Experimental Tested on Real Data 

The dataset is as follow: 

 

Dataset Market Region Time frame #Periods #Assets 

DJIA Stock US 
Jan.14th 

2001-Jan.14th 
2003 

507 30 

6.2. Cumulative Wealth 

The state-of-art strategys are as follows: 

Market: uniform Buy-And-Hold(BAH) strategy;  

Best-Stock: a strategy in hindsight;  

BCRP: a strategy in hindsight;  

UP: where the parameters are set as 0 0.004, 0.005, 100, 500m S     ; 

EG: set best learning rate 0.05  ; 

ONS: ; 

Anticor: 
KB : the parameters are set 5,W   10,L  1.0c  ;  

NNB : the parameters are set 5,W   10,L   
1

0.02 0.5
1

l

l
p

L


 


;  

CORN: the parameters are set 5,W   1,P   0.1  ;  

PAMR: the parameters are set 0.5  ;  

CWMR: the parameters are set 0.5  . 

OLMAR: . 

The cumulative wealth is as follows: 
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methods DJIA 

Market 0.76 

Best-stock 1.19 

BCRP 1.24 

UP 0.81 

EG 0.81 

ONS 1.53 

 0.68 

 0.88 

CORN 0.84 

Anticor 2.29 

PAMR 0.68 

CWMR 0.68 

OLMAR 2.12 

RMR 2.58 

AMA 3.1643 

 

Empirical results show that: AMA's cumulative wealth is significantly higher than other 
strategies. 

6.3. Risk Adjusted Return 

indicators strategy DJIA 

CR 

OLMAR 0.9889 

RARA 1.6341.9 

AMA 2.7772 

SR 

OLMAR 0.7565 

RARA 1.0957 

AMA 1.5006 

MDD 

OLMAR 0.4395 

RARA 0.3705 

AMA 0.2774 

 

AMA strategy reaches the maximum value in CR and SR and the minimum value in MDD, 
showing the superiority of AMA strategy. 

7. CONCLUSION 

In this paper, an online portfolio optimization algorithm based on Kraft Man adaptive filter is 
proposed to avoid the false signal generated by short-term noise and the lag in long-term trend. 
The empirical results in the data set of DJIA show that COMPARED with OLMAR, RMR and other 
strategies, AMA performs well in cumulative rate of return, CR, SR, MDD and other indicators. 
Due to time constraints, the PERFORMANCE of AMA strategy in other data sets has not been 
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verified. Due to the advantage of Kaufman's adaptive moving average, it is believed that this 
strategy can also perform better. 
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