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應用機器學習預測利差交易的收益 

摘要 

本研究提出了一個類神經網路機制，可以及時有效的預測利差交易(carry 

trade)的收益。為了實現及時性，我們將通過 Tensorflow 和圖形處理單元(GPU)

來實作這個機制。此外，類神經網路機制需要處理具有概念飄移和異常值的時

間序列數據。而我們將透過設計的實驗來驗證這個機制的及時性與有效性。 

在實驗過程中，我們發現在演算法設置不同的參數將影響類神經網路的性

能。本研究將討論不同參數下所產生的不同結果。實驗結果表明，我們所提出

的類神經網路機制可以預測出利差交易的收益的動向。希望這個研究將對機器

學習和金融領域皆有所貢獻。 

 

關鍵字：機器學習，利差交易，類神經網路，TensorFlow，圖形處理單元 
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Application of Machine Learning to Predicting the Returns 

of Carry Trade 

Abstract 

This research derives an artificial neural networks (ANN) mechanism for 

timely and effectively predicting the return of carry trade. To achieve the 

timeliness, the ANN mechanism is implemented via the infrastructure of 

TensorFlow and graphic processing unit (GPU). Furthermore, the ANN 

mechanism needs to cope with the time series data that may have concept-

drifting phenomenon and outliers. An experiment is also designed to verify the 

timeliness and effectiveness of the proposed mechanism. 

During the experiment, we find that different parameters we set in the 

algorithm will affect the performance of the neural network. And this research 

will discuss the different results in different parameters. Our experiment result 

represents that the proposed ANN mechanism can predict movement of the 

returns of carry trade well. Hope this research would contribute for both 

machine learning and finance field. 

 

Keywords: machine learning, carry trade, artificial neural networks (ANN), 

TensorFlow, graphic processing unit (GPU) 
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1. Introduction 

1.1 Background 

Currently, artificial intelligence (AI) is booming and revolutionizing the 

decision making in virtually every aspect of finance and investments. Financial 

firms worldwide have begun to employ AI to tackle difficult tasks requiring the 

pattern recognition that cannot be done by conventional analytic techniques. 

Unlike other types of AI, artificial neural networks (ANN) mimic to some extent 

the processing characteristics of the human brain. As a result, ANN can draw 

conclusions from incomplete data, recognize patterns as they unfold in real time, 

and forecast the future. They can even learn from past mistakes (Trippi & 

Turban, 1992). 

In 1992, Trippi & Turban has already published a book “Neural networks in 

Finance and Investing: Using Artificial Intelligence to Improve Real World 

Performance.” They discuss neural networks successes and failures, as well 

as identify the vast unrealized potential of neural networks in numerous 

specialized areas of financial decision making. Topics include neural networks 

fundamentals and overview, analysis of financial condition, business failure 

prediction, debt risk assessment, security market applications, and neural 

networks approaches to financial forecasting (Trippi & Turban, 1992). 
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But before the 1990s, neural networks was limited by hardware and could 

not be quickly calculated. Theory itself could not be achieved at that time. On 

11 May 1997, developed by IBM's Deep Blue became the first computer chess-

playing system to beat a reigning world chess champion, Garry Kasparov 

(McCorduck, 2004). These successes were not due to some revolutionary new 

paradigm, but mostly on the tedious application of engineering skill and on the 

tremendous power of computers today (Kurzweil, 2005). In fact, Deep Blue's 

computer was 10 million times faster than the Ferranti Mark 1 that Christopher 

Strachey taught to play chess in 1951 (Cycle time of Ferranti Mark 1 was 1.2 

milliseconds, which is arguably equivalent to about 833 flops. Deep Blue ran at 

11.38 gigaflops.). This dramatic increase is measured by Moore's law, which 

predicts that the speed and memory capacity of computers doubles 

approximately every two years. The fundamental problem of "raw computer 

power" was slowly being overcome. 

1.2 Motivation 

McCulloch and Pitts (1943) created a computational model for neural 

networks based on mathematics and algorithms called threshold logic. This 

model paved the way for neural networks research to split into two distinct 

approaches. One approach focused on biological processes in the brain and 
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the other focused on the application of neural networks to artificial intelligence. 

Neural networks models in artificial intelligence are usually referred to as ANN. 

ANN have been applied broadly to the prediction in the field of financial time 

series data, with various successes in the past decades. For example: Kuan 

and Liu (1995) had investigated the out-of-sample forecasting ability of 

feedforward and recurrent neural networks based on empirical foreign 

exchange rate data; Walczak (2001) had discussed the effects of different sizes 

of training sample sets in neural networks on forecasting currency exchange 

rates; and Tsaih et al. (1998) had built a hybrid AI approach, which consists of 

a mixture of rule-based and ANN systems, to give advices to the investors of 

the Futures market, etc. However, almost all of the academics and practitioners 

had found that the ANN performances cannot meet the real-time requirement 

due to the constraint of computer’s hardware and software. 

Today, the computer hardware has to be designed in a multi-core manner 

to keep up with Moore's law. For instance, the graphic processing unit (GPU) 

has become an integral part of today’s mainstream computing systems. Over 

the past six years, there has been a marked increase in the performance and 

capabilities of GPUs. The modern GPU is not only a powerful graphics engine 

but also a highly parallel programmable processor featuring peak arithmetic and 
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memory bandwidth that substantially outpaces its CPU counterpart (Owens et 

al., 2008). In the research of Owens et al. (2008), Havok FX, a GPU accelerated 

game physics package and one of the first successful consumer applications 

of GPU computing, demonstrates the feasibility of building a hybrid system in 

which the CPU executes serial portions of the algorithm and the GPU executes 

data parallel portions. The overall performance of this hybrid system far 

exceeds a CPU-only system despite the frequent transfers between CPU and 

GPU, which are often seen as an obstacle to such hybrid system. Soon the 

increasing flexibility of GPUs should allow executing the complete pipeline, 

including broad phase collision, on the GPU for even greater performance.  

In turn, this also means that the computer software has to be written in a 

multi-threaded manner to take full advantage of the hardware. For instance, in 

2015, Google released its second-generation machine learning software, 

TensorFlow. It made easier for everyone to participate in machine learning. In 

fact, TensorFlow is not unique, and that there alternative framework out there 

like Theano, Torch, and Caffe, etc. But TensorFlow becomes more and more 

famous because the Google's artificial intelligence program AlphaGo beats the 

Go Human Champion, Lee Sedol, in 2016. TensorFlow is an interface for 

expressing machine learning algorithms, and an implementation for executing 
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such algorithms. A computation expressed using TensorFlow can be executed 

with little or no change on a wide variety of heterogeneous systems, ranging 

from mobile devices such as phones and tablets up to large-scale distributed 

systems of hundreds of machines and thousands of computational devices 

such as GPU cards. The system is flexible and can be used to express a wide 

variety of algorithms, including training and inference algorithms for deep neural 

networks models, and it has been used for conducting research and for 

deploying machine learning systems into production across more than a dozen 

areas of computer science and other fields, including speech recognition, 

computer vision, and robotics and so on (Abadi et al., 2016). 

TensorFlow takes computations described using a dataflow-like model and 

maps them onto a wide variety of different hardware platforms. It can range 

inference systems using single machines containing one or many GPU cards 

to large-scale training systems running on hundreds of specialized machines 

with thousands of GPUs (Abadi et al., 2016). They mention that careful 

scheduling of TensorFlow operations can result in better performance of the 

system, in particular with respect to data transfers and memory usage. 

From the aforementioned statements, we can say that there are rare 

industry-academic cooperation projects of using the infrastructure of 
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TensorFlow and GPU to implement an ANN mechanism for finance and 

investing. More specifically, we can identify the following theoretical and 

practical gap – there is no study of using the infrastructure of TensorFlow and 

GPU to implement the ANN mechanism for predicting returns of carry trade. 

1.3 Purpose 

To fill in the gap, this research derives an ANN mechanism for timely and 

effectively predicting the return of carry trade. To achieve the timeliness, the 

ANN mechanism is implemented via the infrastructure of TensorFlow and GPU. 

Furthermore, the ANN mechanism needs to cope with the time series data that 

may have concept-drifting phenomenon and outliers. An experiment is also 

designed to verify the timeliness and effectiveness of the proposed mechanism. 

After the training process, hoping the completed ANN mechanism will be 

able to predict accurately and reduce the risk of investors. In the future work, 

because the problem of concept drifting, new training data will need to put in 

the ANN mechanism. The more data use, the more accurate prediction. As time 

goes on, the ANN mechanism will constantly change for more proper model to 

conform to the financial tide. 

This is an experimental research, which combines machine learning field 

with finance field, and will use the newest develop tool of ANN to implement it. 
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The research is very different from the traditional statistical method used in the 

financial field, and also makes a forward-looking ANN development. Hope this 

research could contribute both machine learning and finance fields in the future. 
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2. Literature Review 

In this chapter, we will make the following four sections of literature review. 

The first section will refer to the relevant papers of the carry trade, and introduce 

the basic concept. The second section will mention the strategies of carry trade 

(Jordà and Taylor, 2012), to show some simple and more realistic 

fundamentals-augmented trading. The third section will discuss TensorFlow 

(Abadi et al., 2016), the newest develop tool of ANN, combined with GPU. The 

final section will introduce the decision support mechanism for coping with the 

outlier detection problem in the concept-drifting environment (Huang et al., 

2016). 

2.1 Carry Trade Background 

A carry trade is a strategy in which the trader invests in a high yielding 

instrument financed by borrowing in a low yielding instrument (Bilson, 2013). 

Historically, one of the most popular naive carry trades has been in the foreign 

exchange (FX) markets, an investor borrows funds in a low interest rate 

currency and lends those funds in a high interest rate currency (James et al. 

2012). Risky arbitraging based on interest rate differentials between two 

countries, and representative examples of the carry trades are Australian dollar 

(AUD) investments financed by Japanese yen (JYP) borrowings, and New 
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Zealand dollar (NZD) investments financed by Swiss franc (CHF) borrowings. 

The foreign exchange market is the most liquid financial market in the world. 

Traders include governments and central banks, commercial banks, other 

institutional investors and financial institutions, currency speculators, other 

commercial corporations, and individuals. According to the Bank for 

International Settlements (Triennial Central Bank Survey, 2016), the 

preliminary global results from the 2016 Triennial Central Bank Survey of 

Foreign Exchange and OTC Derivatives Markets Activity show that trading in 

foreign exchange markets averaged $5.1 trillion per day in April 2016. This is 

down from $5.4 trillion in April 2013 but up from $4.0 trillion in April 2010. 

Foreign exchange swaps were the most actively traded instruments in April 

2016, at $2.4 trillion per day, followed by spot trading at $1.7 trillion (Figure 1). 

 

1 Adjusted for local and cross- border inter- dealer double- counting (ie “ net- net” basis). 

Figure 1: Foreign exchange turnover 
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Economists have also been paying attention to the carry trade for a long 

time, and they visit and discuss questions: Are there returns to currency 

speculation? Are the returns predictable? Is there a failure of market efficiency? 

Jordà and Taylor (2012) collected and organized the state of the literature, how 

carry trade got there, and how carry trade relates to the interpretations of the 

current market turmoil, can be summarized in a just few points (Table 1). 

Table 1: Three points of the carry trade literature 

Point Reference Summary 

The first 

moment 

of returns 

Frenkel and Levich, 

1975; Frankel, 1980;  

Frankel, 1980; Fama, 

1984; Froot and 

Thaler, 1990; Bekaert 

and Hodrick, 1993; 

Clinton, 1998; Fujii and 

Chinn, 2000; Alexius, 

2001; Obstfeld and 

Taylor, 2004; and 

Sinclair, 2005 

There have been on average positive 

returns to naive carry trade strategies 

for long periods. Put another way, the 

standard finding of a “forward discount 

bias” in the short run means that 

exchange rate losses will not 

immediately offset the interest 

differential gains of the naive carry 

strategy. Interest arbitrage holds in the 

long run, and that the possible profit 

opportunities are a matter of timing. 
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The 

second 

moment 

of returns 

Burnside et al., 2006; 

Lustig and Verdelhan, 

2007; and Burnside, 

2011 

If positive ex-ante returns are not 

arbitraged away, one way to rationalize 

them might be that they are simply too 

risky (volatile) to attract additional 

investors who might bid them away. 

This explanation has much in common 

with other finance puzzles, like the 

equity premium puzzle. It is an open 

question whether carry trade strategies 

can reliably surmount that hurdle, even 

with diversification. 

The third 

moment 

of returns 

Burnside et al., 2011; 

and Brunnermeier et 

al., 2009 

Naive carry trade returns are 

negatively skewed. The lower-tail risk 

means that trades are subject to a risk 

of pronounced periodic crashes—

sometimes referred to as a peso 

problem. Such a description applies to 

the aforementioned disaster events 

suffered by yen carry traders in 2007 
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and 2008 (and their predecessors in 

1998). And while individual currency 

pairs may exhibit high skew, know that 

diversification across currency pairs 

can be expected to drive down 

skewness in a portfolio. But for Naive 

strategies some negative skew still 

remains under diversification, and it is 

then unclear whether excess returns 

are a puzzle, or required compensation 

for skew (and/or volatility). 

Bilson (2013) mentioned that there are three important sources of risk in 

the carry trade: 

1. Peso problem. The great economist Milton Friedman pointed out that 

the high interest rates paid on emerging market currencies could be 

due to hidden catastrophic events that had not yet occurred. The 

situation in Mexico where the central bank was maintaining a fixed, but 

unsustainable, exchange rate against the dollar. The markets 

recognized that the peso was eventually going to fail and priced this 
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risk into Mexican interest rates. Studies of the excess returns before 

the peso devaluation gave the false appearance of excess profits. 

2. Contagious crises in emerging markets. Because many of the players 

in the carry trade are present in all of the emerging market currencies, 

a crisis in one currency can carry over and cause additional chaos in 

other markets. 

3. Awareness of is the exposure of the trade to a financial crisis in the 

developed markets. During the global financial crisis of 2008, the carry 

trades were hit very hard. Because traders who were forced to liquidate 

positions to satisfy client demand for funds were using the most liquid 

markets, including foreign exchange and money markets, to obtain 

funds to cover withdrawals. 

2.2 Carry Trade Strategies 

In a carry trade, the only unknown is the behavior of exchange rates and 

at least since Meese and Rogoff (1983), the profession has mostly settled into 

a belief that fundamental explanations of the exchange rate have no predictive 

value in the short-run. 

Jordà and Taylor (2012) dismiss the profitability of the naive carry trade 

based only on interest differentials as poor given its performance in the financial 
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crisis of 2008, but they advocate simple modifications of the positions based on 

long-run exchange rate fundamentals that enhance its profitability and protect 

it from downside moves indicating a market inefficiency. Their work is 

sympathetic to a well-established view that asset prices can deviate from their 

fundamental value for some time, before a “snap back” occurs (Poterba and 

Summers, 1986; Plantin and Shin, 2007). 

Strict absence of arbitrage – defined as zero-cost investments that offer 

the possibility of gain with no possibility of loss – is a fundamental condition for 

equilibrium in asset markets. Jordà and Taylor (2012) knit together basic no-

arbitrage conditions in international economics to derive a predictive framework 

that nests commonly used carry trade strategies. Ultimately the goal will be to 

assess which of these strategies generates approximate arbitrage opportunities 

(in the sense of Bernardo and Ledoit, 1999). 

Ex-post nominal excess returns to a carry trade are: 

𝑥𝑡+1 = ∆𝑒𝑡+1 + (𝑖𝑡
∗ − 𝑖𝑡), (1) 

where 𝑒𝑡+1  is the log nominal exchange rate in U.S. dollars per foreign 

currency, and 𝑖𝑡 and 𝑖𝑡
∗ are nominal interest rates home (U.S.) and abroad for 

a riskless deposit with a one-period maturity. In a frictionless world, the carry 

trade is a zero-cost investment; thus, in the absence of arbitrage the expected 
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excess return to a risk-neutral investor should be zero, that is 𝐸𝑡𝑥𝑡+1 =

𝐸𝑡∆𝑒𝑡+1 + (𝑖𝑡
∗ − 𝑖𝑡) = 0. This is the well-known uncovered interest rate parity 

(UIP) condition (Jordà and Taylor, 2012). 

Excess returns can also be expressed in real terms. Let 𝑝𝑡+1 and 𝑝𝑡+1
∗  

denote the logarithm of the price level home and abroad so that 𝜋𝑡+1 = ∆𝑝𝑡+1 

is the domestic inflation rate (and similarly for the inflation rate abroad, 𝜋𝑡+1
∗ ). 

Define the real exchange rate as 𝑞𝑡+1 = �̅� + 𝑒𝑡+1 + (𝑝𝑡+1
∗ − 𝑝𝑡+1), then it is clear 

that Eq. (1) can be rewritten as: 

𝑥𝑡+1 = ∆𝑞𝑡+1 + (𝑟𝑡
∗ − 𝑟𝑡), (2) 

where 𝐸𝑡𝑟𝑡 = 𝑖𝑡 − 𝐸𝑡𝜋𝑡+1 denotes the real interest rate (and similarly for 𝐸𝑡𝑟𝑡
∗). 

Jordà and Taylor (2012) combined expressions (1) and (2) are naturally 

nested in the stochastic process of the stationary system (It would be 

straightforward to augment this model with an order-flow element, as in the VAR 

system of Froot and Ramadorai (2008).): 

∆𝑦𝑡+1 = [

∆𝑒𝑡+1
𝜋𝑡+1
∗ − 𝜋𝑡+1
𝑖𝑡
∗ − 𝑖𝑡

]. (3) 

Absence of arbitrage under risk-neutrality is directly linked to the 

predictability of the first row of ∆𝑦𝑡+1. Thus a natural predictor of ∆𝑒𝑡+1 is based 
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on a linear combination of lagged information on ∆𝑒𝑡+1, (𝜋𝑡
∗ − 𝜋𝑡), (𝑖𝑡

∗ − 𝑖𝑡),  and 

(𝑞𝑡 − �̅�). Analysis is based on a panel of nine countries: Australia, Canada, 

Germany, Japan, Norway, New Zealand, Sweden, Switzerland, and the United 

Kingdom set against the U.S. over the period January 1986 to December, 2008, 

observed at a monthly frequency (i.e., the “G10” sample). The dataset includes 

the end-of-month exchange rates and the one-month London interbank offered 

rates (LIBOR) and consumer price indices (CPI) for the U.S. and any of the nine 

counterparty countries (Jordà and Taylor, 2012). 

2.3 TensorFlow and GPU 

Abadi et al. (2016) introduce TensorFlow, their second-generation system 

for the implementation and deployment of largescale machine learning models. 

TensorFlow takes computations described using a dataflow-like model and 

maps them onto a wide variety of different hardware platforms, ranging from 

running inference on mobile device platforms such as Android and iOS to 

modest-sized training and inference systems using single machines containing 

one or many GPU cards to large-scale training systems running on hundreds 

of specialized machines with thousands of GPUs. Having a single system that 

can span such a broad range of platforms significantly simplifies the real-world 

use of machine learning system. 
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TensorFlow computations are expressed as stateful dataflow graphs. A 

TensorFlow computation is described by a directed graph, which is composed 

of a set of nodes. The graph represents a dataflow computation, with 

extensions for allowing some kinds of nodes to maintain and update persistent 

state and for branching. Clients typically construct a computational graph using 

one of the supported frontend languages (C++ or Python). An example 

fragment to construct and then execute a TensorFlow graph using the Python 

front end is shown in Figure 2, and the resulting computation graph in Figure 3 

(Abadi et al., 2016). 

 

Figure 2: Example TensorFlow code fragment 
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Figure 3: Example TensorFlow graph 

In a TensorFlow graph, each node has zero or more inputs and zero or 

more outputs, and represents the instantiation of an operation. Values that flow 

along normal edges in the graph (from outputs to inputs) are tensors, arbitrary 

dimensionality arrays where the underlying element type is specified or inferred 

at graph-construction time. Special edges, called control dependencies, can 

also exist in the graph: no data flows along such edges, but they indicate that 

the source node for the control dependence must finish executing before the 

destination node for the control dependence starts executing (Abadi et al., 

2016). 

The main components in a TensorFlow system are the client, which uses 

the Session interface to communicate with the master, and one or more worker 

processes, with each worker process responsible for arbitrating access to one 

or more computational devices (such as CPU cores or GPU cards) and for 
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executing graph nodes on those devices as instructed by the master. We have 

both local and distributed implementations of the TensorFlow interface. The 

local implementation is used when the client, the master, and the worker all run 

on a single machine in the context of a single operating system process 

(possibly with multiple devices, if for example, the machine has many GPU 

cards installed). The distributed implementation shares most of the code with 

the local implementation, but extends it with support for an environment where 

the client, the master, and the workers can all be in different processes on 

different machines. In our distributed environment, these different tasks are 

containers in jobs managed by a cluster scheduling system (Verma et al., 2015). 

These two different modes are illustrated in Figure 4 (Abadi et al., 2016). 

 

Figure 4: Single machine and distributed system structure 

Abadi et al. (2016) mention that careful scheduling of TensorFlow 

operations can result in better performance of the system, in particular with 

respect to data transfers and memory usage. Specifically, scheduling can 
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reduce the time window during which intermediate results need to be kept in 

memory in between operations and hence the peak memory consumption. This 

reduction is particularly important for GPU devices where memory is scarce. 

Furthermore, orchestrating the communication of data across devices can 

reduce contention for network resources. 

Szegedy et al. (2015) proposed a new version of ANN model called 

Inception-v4 which has a more uniform simplified architecture than Inception-

v3. Their study used the TensorFlow distributed machine learning system on 

NVidia Kepler GPU. They report 3.08% top-5 error on the ImageNet test set of 

the ImageNet classification challenge. Barzdins et al. (2016) used TensorFlow 

with a sliding-window technique to character-level English to Latvian translation 

of audio and video content. They built a LSTM layer of size 400, batch size 16. 

Training the network is performed on TitanX GPU for 24h. Babaeizadeh et al. 

(2017) proposed a hybrid CPU and GPU version of the Asynchronous 

Advantage Actor Critic (A3C) algorithm in TensorFlow. They demonstrate the 

significance speed up GA3C algorithm of hybrid CPU and GPU. They achieve 

a significant speed up with respect to its CPU counterpart. 
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2.4 A Mechanism for Effectively Detecting Outlier in the Concept Drifting 

Environment 

Huang et al. (2016) had derived a decision support mechanism (DSM) for 

effectively detecting outlier in the concept drifting environment. The DSM will 

identify the resulted type of all of the instances and then output a small amount 

of outlier candidates such that the decision maker to further double check that 

the outlier candidate is true or not. Due to only outputting a small amount of 

outlier candidates, it’s expected to achieve time-saving goal for decision maker. 

Their research includes four concepts that will be used in our research: concept 

drifting, outlier detection, envelope module, and moving window. 

The word “concept drifting” means the concepts are not stable and 

changing with time (Tsymbal, 2004). That is, as the time passes, the trend 

embedded in the observation data usually changes. Tsymbal (2004) mentioned 

the concept drifting environment makes learning a model from data a 

complicated task. Masud et al. (2010) also point out data feature not only 

becomes concept drifting but also potentially infinite, especially in time series 

data. Masud (2011) claims that an intelligence model should have the capability 

to modify its knowledge or concept based on new data distribution. 

Elwell and Polikar (2011) point out that the incremental learning can not 
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only learn new concept but also keep the existing and still relevant concept. In 

addition, incremental learning also tries to drop the unrelated concept away. 

Thus, Widmer & Kubat (1996) solve the incremental learning problem with 

moving window that they only keep the latest and relevant data in the window. 

In financial markets, most of the data stream is not stationary and infinite 

(Basu and Meckesheimer, 2007). Some domains name it “time series data”, as 

the word says a sequence of continuous data consist in the order of time, 

consider as an example the stock price in stock market or for a company. In 

other words, the data stream may match with time stamp (date, hour, minute, 

etc.). 

The feature of the time series data may encounter the fitting function is not 

clear, even it’s unknown and changeable frequently. But fortunately we can 

consider the data stream closer in timeline may be more correlated to the newer 

time-evolving trend (Basu and Meckesheimer, 2007). This concept is similar to 

the forgetting method mentioned before. Because of the higher similarity to 

current concept, we can give the higher weight to the data closer in timeline. 

Due to this feature, Basu and Meckesheimer (2007) used the median from the 

fixed amount neighborhood elements and a threshold to judge whether this 

element is outlier or not. 
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Hodge and Austin (2004) have defined the term “outlier detection” as 

detecting and removing anomalous observations from data. A variety of outlier 

detection algorithms aim to identify the observations which deviate 

considerably from the most of data and then purify the data. Tolvi (2002) takes 

the outliers’ side-effect into consideration while predicting monthly stock market 

index return via ARMA model. The result shows that the data sets without 

outliers, distinguished by autoregressive, get better predictions. Fitting the 

observations with outliers could decrease the effectiveness of the fitting function 

because that the outliers have a large influence on model estimation with their 

high fitting deviances. However, the definition of outliers varies from the 

respective domains. Mostly, the side-effect of outliers may affect our prediction 

or classification model (Lin, 2015). 

In the study of Huang et al. (2016), the definition of outlier is the 

observations far away from the fitting function deduced from a subset of the 

given observations, and the fitting function form is adaptive during the learning 

process (Tsaih and Cheng, 2009), where the fitting function is adaptive is 

caused by the resistant learning mechanism. 

When estimation is mentioned, the response 𝑦 is modeled as the function 

form 𝑓(𝑥, 𝑤) + 𝛿 , where 𝑤 is the parameter vector and 𝛿 is the error term. 
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The function 𝑓 is pre-defined and fixed during the process of deriving values 

for its associated 𝑤 from a set of given observations {(𝑥1, 𝑦1),… , (𝑥𝑁 , 𝑦𝑀)}, 

with 𝑦𝑐 being the observed response corresponding to the 𝐶𝑡ℎ observation 

with explanatory variables 𝑥𝑐. The least squares estimator (LSE) is a popular 

method for performing the estimation. 

If �̂� signifies as the estimation value of 𝑤, then LSE is defined to be the 

�̂�. The object is to minimizes ∑ (𝑒𝑐)2𝑁
𝑐=1 , where 

𝑒𝑐 = 𝑦𝑐 − 𝑓(𝑥𝑐 , 𝑤). (4) 

It’s obviously that outliers may gain a larger error 𝑒𝑐, and it also means 

this 𝑥𝑐 is far away from the fitting function 𝑓. And they give a tiny pre-specified 

error value ε as 10−6. 

In order to deal the outlier detection with resistant learning, Tsaih and 

Cheng (2009) implement an adaptive single-hidden layer feed-forward neural 

networks (SLFN) to solve it. The SLFN’s fitting function define as: 

𝑎𝑖(𝑥) ≡ 𝑡𝑎𝑛ℎ(𝑤𝑖0
𝐻 +∑𝑤𝑖𝑗

𝐻

𝑚

𝑗=1

𝑥𝑗) , 

 (5) 
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𝑓(𝑥) ≡ 𝑤0
𝑂 +∑𝑤𝑖

𝑂𝑡𝑎𝑛ℎ (𝑤𝑖0
𝐻 +∑𝑤𝑖𝑗

𝐻

𝑚

𝑗=1

𝑥𝑗)

𝑝

𝑖=1

, 

 (6) 

where 𝑡𝑎𝑛ℎ(𝑥) ≡
𝑒𝑥−𝑒−𝑥

𝑒𝑥+𝑒−𝑥
 ; 𝑚 is the number of explanatory variable 𝑥𝑗 ’s; 𝑥 ≡

(𝑥1, 𝑥2, … , 𝑥𝑚)
𝑇  ; 𝑝 is the number of adopted hidden nodes; 𝑤𝑖0

𝐻  is the bias 

value of the 𝑖𝑡ℎ hidden node; the superscript 𝐻 throughout the paper refers to 

quantities related to the hidden layer; 𝑤𝑖𝑗
𝐻  is the weight between the 𝑗𝑡ℎ 

explanatory variable 𝑥𝑗 and the 𝑖𝑡ℎ hidden node; 𝑤0
𝑂 is the bias value of the 

output node; the superscript 𝑂 throughout the paper refers to quantities related 

to the output layer; and 𝑤𝑖
𝑂 is the weight between the 𝑖𝑡ℎ hidden node and the 

output node. A character in bold represents a column vector, a matrix, or a set, 

and the superscript 𝑇  indicates the transposition. Furthermore, let 𝑤𝑖
𝐻 ≡

(𝑤𝑖0
𝐻 , 𝑤𝑖1

𝐻 , 𝑤𝑖2
𝐻 , … , 𝑤𝑖𝑚

𝐻 )𝑇 ; 𝑤𝑖
𝑂 ≡ (𝑤0

𝑂 , 𝑤1
𝑂 , 𝑤2

𝑂 , … , 𝑤𝑝
𝑂)𝑇 ; 𝑤𝐻 ≡

(

 

𝑤1
𝐻

𝑤2
𝐻

⋮
𝑤𝑝
𝐻
)

  ; and 𝑤 ≡

(𝑤
𝐻

𝑤𝑂
). 

Through this SLFN, the input information 𝑥  is first transformed into ≡

(𝑎1, 𝑎2, … , 𝑎𝑝)
𝑇 , and the corresponding value of 𝑓 is generated by 𝑎 rather 

than 𝑥. In other words, given the observation 𝑥, all of the corresponding values 

of hidden nodes are first calculated with 𝑎𝑖(𝑥) ≡ 𝑡𝑎𝑛ℎ(𝑤𝑖0
𝐻 + ∑ 𝑤𝑖𝑗

𝐻𝑚
𝑗=1 𝑥𝑗) for all 

𝑖  and corresponding value 𝑓(𝑥) is then calculated as 𝑓(𝑥) = 𝑔(𝑥) ≡ 𝑤0
𝑂 +
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∑ 𝑤𝑖
𝑂𝑝

𝑖=1 𝑎𝑖. 

Tsaih and Cheng (2009) propose that a resistant learning outlier detection 

algorithm with a tiny pre-specified ε value as 10−6 and they deduced a function 

form via SLFN which is trained by a given subset. With the resistant learning 

procedure, they allowed the SLFN can adapt the weight dynamically during 

training. By the way, they also performed both robustness analysis and deletion 

diagnostics. The ideas of robustness analysis is proposed by Rousseeuw and 

Van Driessen (2006) features for deriving an (initial) subset of 𝑚+ 1 reference 

observations to fit the linear regression model, ordering the residuals of all 𝑁 

observations at each stage and then augmenting the reference subset 

gradually based upon the smallest trimmed sum of squared residuals principle. 

In deletion diagnostics section, this idea is employed with the diagnostic 

quantity as the number of pruned hidden nodes when one observation is 

excluded from the reference pool. That means this SLFN will exclude the 

potential outlier at early stage prevent the SLFN from learning it. 

Above all, the weight-tuning mechanism, the recruiting mechanism, and 

the reasoning mechanism allow the SLFN to adapt dynamically during the 

process at the same time and explore an acceptable nonlinear relationship 

between explanatory variables and the response in the presence of outliers. 
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Huang et al. (2014) propose an envelope bulk mechanism integrated with 

the SLFN to cope with outlier detection problem. This outlier detection algorithm 

is performed with an envelope bulk whose width is 2ε. The ε is changed from a 

tiny value (10−6) to a non-tiny value (1.96) due to the envelope module. The 

value changes to 1.96 similarly according to the 5% significance level in given 

the distribution is normal. The standard to distinguish whether the instance is 

outlier or not is the instance’s residual is greater than ε ∗ γ ∗ σ, where σ is the 

standard deviation of the residual of the current reference observations and γ is 

a constant that is equal to or greater than 1.0, depending on the user’s 

stringency in the outlier detection. The smaller the γ value is, the more stringent 

the outlier detection is. Furthermore, if our requirements are stricter, we also 

can modify the ε value to an appropriate value. 

In brief, this envelope module allow us to wrap the response elements seen 

as inliers in the envelope. Vice versa, the response as outliers won’t wrap in the 

envelope. The quantity of the inliers is decided by the  ε and γ. The stricter 

parameter is, the less inliers inside the envelope. In other aspect of outliers, 

there will be more potential outliers determined by the envelope module. As 

stated in Huang et al. (2014), the resistant learning algorithm with the envelope 

module in Table 2. In step 2, 𝑘 can be referred to the percentage of potential 
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outlier, which means at least (1 − 𝑘) data will be wrapped into the envelope. 

For example, if there is approximately at least 95% non-outliers and at most 5% 

outliers, the SLFN will take 95% data into consideration while building the SLFN. 

Table 2: The resistant learning algorithm with the envelope module 

(Adapted from Huang et al., 2014). 𝑁 is the total amount of training data, 𝑚 

denotes the amount of input nodes, 𝑘 denotes the percentage of potential 

outlier, and the envelope width is 2ε. 

Step 1: Use the first 𝑚+1 reference observations in the training data set to set 

up an acceptable SLFN estimate with one hidden node. Set 𝑛 = 𝑚 + 2. 

Step 2: If 𝑛 > 𝑁 ∗ (1 − 𝑘), STOP. 

Step 3.1: Use the obtained SLFN to calculate the squared residuals regarding 

all 𝑁 training data. 

Step 3.2: Present the 𝑛 reference observations (𝑥𝑐 , 𝑦𝑐) that are the ones with 

the smallest 𝑛 squared residuals among the current squared residuals 

of all 𝑁 training data. 

Step 4: If all of the smallest 𝑛 squared residuals are less than ε (the envelope 

width), then go to Step 7; otherwise, there is one and only one squared 

residual that is larger than ε. 

Step 5: Set  �̃� = 𝑤. 
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Step 6: Apply the gradient descent mechanism to adjust weights  𝑤 of SLFN. 

Use the obtained SLFN to calculate the squared residuals regarding all 

training data. Then, either one of the following two cases occurs: 

(1) If the envelope of obtained SLFN does contain at least 𝑛 observations, 

then go to Step 7. 

(2) If the envelope of obtained SLFN does not contain at least n 

observations, then set 𝑤 =  �̃� and apply the augmenting mechanism to 

add extra hidden nodes to obtain an acceptable SLFN estimate. 

Step 7: Implement the pruning mechanism to delete all of the potentially 

irrelevant hidden nodes; 𝑛 + 1 → 𝑛; go to Step 2. 

Most of the moving windows store the most recent data in the first-in-first-

out data structure. Gama et al. (2014) think this feature reflect two processes 

in incremental learning: (1) learning process: update the model based on the 

latest data. And (2) forgetting process: discard data that is moving out of the 

window. However, in concept drifting environment, the difficult challenge is to 

select an appropriate type of moving window and the proper window size. We 

can consider two situations. (1) Is it suitable to adapt to high-changing rate 

environment with large window? The answer may be that large window is 

inappropriate, because the data related to current may not last for a long time. 
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(2) Is it proper to stable periods with short window? The answer we cannot sure, 

since a too short window worsens the performance of the system. Relatively, a 

large window may give a better performance in stable periods, but it reacts 

slowly to concept changes. So which one is the appropriate method may mostly 

depend on the data nature and problem’s requirement (Lin, 2015).  

In Figure 5, we show the conceptual moving window technique. We can 

clearly understand that some data will be discarded with time passing. This 

mechanism will reflect in discarding the out-of-date da-ta and retain the up-to-

date data. In some applications, the testing block may not have union with 

training data (Lin, 2015).  

 

Figure 5: Moving window concept 
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3. Experiment 

This research derives an ANN mechanism for timely and effectively 

predicting the return of carry trade. The ANN mechanism is derived based upon 

the one proposed in Huang et al. (2016) and is implemented via TensorFlow 

with GPU. An experiment is also designed to verify the timeliness and 

effectiveness of the proposed mechanism. The ANN mechanism corresponds 

to the U.K. against the U.S. over the period January 1990 to December 2016. 

The data is also monthly-based and there are totally 324 months. And the 

experimental environment is shown as Table 3. 

Table 3: The experimental environment 

 

The first section will discuss how to choose the input variables of the 

proposed ANN mechanism. It is based on the research of Jordà and Taylor 

(2012). The second section will introduce the experiment design. 

3.1 Variable Description 

Recall the stochastic process of the stationary system to a carry trade in 

Property Tool 

OS Ubuntu 16.04 LTS 

GPU NVIDIA Tesla k40c 2880 Cores 1.08GHz 

RAM DDR4 32G 

Language Python 2.7 

API Tensorflow r1.1 
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the previous chapter is: 

∆𝑦𝑡+1 = [

∆𝑒𝑡+1
𝜋𝑡+1
∗ − 𝜋𝑡+1
𝑖𝑡
∗ − 𝑖𝑡

]. (3) 

where Jordà and Taylor (2012) used the data set with the end-of-month nominal 

exchange rates, the one-month LIBOR, CPI for the U.S., and any of the nine 

counterparty countries.  

In a carry trade, the only unknown is the behavior of exchange rates (Jordà 

and Taylor, 2012). By using macro fundamentals, Hodrick (1991) forecasted 

the ℎ-period ahead exchange rate as: 

𝐸𝑡+ℎ = 𝛼0 + 𝛽1(𝑚
𝑡 −𝑚𝑡∗) + 𝛽2(𝑔

𝑡 − 𝑔𝑡∗) + 𝛽3(𝑖
𝑡 − 𝑖𝑡∗) + 𝛽4(𝜋

𝑡+1 − 𝜋𝑡+1∗)

+ 𝑡+ℎ, 

 (7) 

where 𝑚𝑡 is the log money supply of the home country, 𝑔𝑡 is log GDP of the 

home country, 𝑖𝑡 is nominal interest rate of the home country, and 𝜋𝑡+1 is the 

expected next-period rate of inflation of the home country. Notation of ∗ 

indicates the values of 𝑚𝑡, 𝑔𝑡, 𝑖𝑡 and 𝜋𝑡+1 from the counterpart country. For 

the estimation purpose, researchers may use the long-term government bond 

rate as a proxy for the expected inflation rate. 

Based on the above theories, the variables of input datasets for a month 
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interval (end-of-month) will include: (1) nominal exchange rates, (2) LIBOR, (3) 

CPI, (4) money supply, and (5) GDP. 

Data sources are from databases included the World Bank 

(http://data.worldbank.org), Quandl (https://www.quandl.com), FRED 

(https://fred.stlouisfed.org), and the National Accounts Main Aggregates 

Database (https://unstats.un.org/unsd/snaama/introduction.asp).  

3.2 Experiment Design 

The proposed ANN mechanism is shown in Table 4 and is implemented 

via TensorFlow with GPU. In sum, the proposed mechanism is extended from 

the mechanism of Huang et al. (2016) stated in Table 2. With an assumption of 

at most 5% data being outliers, 𝑘  of Table 2 is set to be 0.05. σ is the 

standard deviation of all 𝑁  data in the training block. The parameter 휀 

represents the designed deviation between desired and trained output. 
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Table 4: The proposed ANN mechanism 

There are one training block and one testing block in each window.  

𝑀 is the index of current window, 𝑁 is the sample size of training block, 𝐵 is 

the sample size of testing block, σ is the standard deviation of 𝑁 training 

data in the training block, and  휀 represents the designed deviation between 

desired and trained output. 

Step 1.1: Use the resistant learning algorithm with the envelope module stated 

in Table 2 (with envelope width  = 2 ∗ 𝜎 ) to learn the training block 

  {(𝑥(𝑀−1)∗𝐵+1, 𝑦(𝑀−1)∗𝐵+1+ℎ), (𝑥(𝑀−1)∗𝐵+2, 𝑦(𝑀−1)∗𝐵+2+ℎ), … , 

(𝑥(𝑀−1)∗𝐵+𝑁, 𝑦(𝑀−1)∗𝐵+𝑁+ℎ)} to obtain an acceptable SLFN and outlier 

candidates.  

Step 1.2: Remove the outlier candidates, and then use the SLFN obtained in 

Step 1.1 and the resistant learning algorithm (with envelope width = 

2 ∗ 휀) again to learn the remained data.  

Step 2: Apply the SLFN obtained in Step 1.2 to each data in the testing block 

 {(𝑥(𝑀−1)∗𝐵+𝑁+1, 𝑦(𝑀−1)∗𝐵+𝑁+1+ℎ), (𝑥(𝑀−1)∗𝐵+𝑁+2, 𝑦(𝑀−1)∗𝐵+𝑁+2+ℎ), 

… , (𝑥𝑀∗𝐵+𝑁 , 𝑦𝑀∗𝐵+𝑁+ℎ)}. 

Step 3: For more data, 𝑀 ← 𝑀 + 1 and GOTO Step 1; otherwise, stop. 

In Step 1.1, we use 𝑁 training data of the current window to obtain an 

acceptable SLFN via the envelope module of Huang et al. (2014). This step will 

let the SLFN to learn a fitting function 𝑓 wrapped with an envelope and the 
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obtained non-linear fitting function. 𝑁 ∗ 𝑘 data as outlier candidates, will not be 

wrapped into the envelope. 

In Step 1.2, we remove these outlier candidates directly. Then we use the 

resistant learning algorithm again, but with the narrower envelope width, to train 

the SLFN we get in Step 1.1 with the remained data (inlier). This step will 

attempt to allow the difference between desired and trained output to be within 

an appropriate range. 

In Step2, we use the SLFN which obtained by envelope module in Step 

1.2 to predict the long-term carry trade returns within the instances of testing 

block, where the size of testing block is 𝐵. 

In Step 3, the stopping criteria. If there is further data, it will slide to next 

window and go back to Step 1. On the other hand, there is no further data, and 

the algorithm will be finished. Here, the time series data is inputted sequentially 

in chronological order. 

For the ANN mechanism, the input 𝐱𝑡 ≡ (𝑥1
𝑡, 𝑥2

𝑡 , 𝑥3
𝑡 , 𝑥4

𝑡 , 𝑥5
𝑡 , 𝑥6

𝑡 , 𝑥7
𝑡 , 𝑥8

𝑡 , 𝑥9
𝑡)𝑇  is 

defined in Table 5. 𝑡  represents the time stamp in the time series data. 

According to Meese and Rogoff (1983), there is a belief that fundamental 

explanations of the exchange rate have no predictive value in the short-term. 

Therefore, the ANN mechanism is used to forecast the return of carry trade one 
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year later and thus the output is 𝑦𝑡+12. Here, 𝑦𝑡+12 references Eq. (1), Jordà 

and Taylor (2012) proposed ex-post nominal excess returns to a carry trade, 

as: 

𝑦𝑡+12 = ∆𝑒𝑡+12 + (𝑥6
𝑡 − 𝑥2

𝑡), (8) 

Table 5: The definition of all variables in the input vector 

𝐱𝑡 ≡ (𝑥1
𝑡, 𝑥2

𝑡 , 𝑥3
𝑡 , 𝑥4

𝑡 , 𝑥5
𝑡 , 𝑥6

𝑡 , 𝑥7
𝑡 , 𝑥8

𝑡 , 𝑥9
𝑡)𝑇at time epoch 𝑡 

Figure 6 shows the implementation of moving window concept in our 

experiment. The experiment adopts the sample size of training block 𝑁 = 100 

and the sequence-based window with slide 1-instance (𝐵 = 1). For instance, at 

the beginning, 𝑀 = 1. The training block consists of the 1st to 100th instances 

and the testing block is the 101th instance. As time goes, 𝑀 = 2, the 1st instance 

will be discarded and the training block will slide to the 2nd~101th instances. At 

Variable Definition 

𝒙𝟏
𝒕  nominal exchange rates 

𝒙𝟐
𝒕  12-month LIBOR for the U.S. 

𝒙𝟑
𝒕  CPI for the U.S.  

𝒙𝟒
𝒕  money supplies for the U.S.  

𝒙𝟓
𝒕  GDPs for the U.S.  

𝒙𝟔
𝒕  12-month LIBOR for the U.K. 

𝒙𝟕
𝒕  CPI for the U.K. 

𝒙𝟖
𝒕  money supplies for the U.K. 

𝒙𝟗
𝒕  GDPs for the U.K. 
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the same time, the testing block also will slide to the 102th instance. The process 

continues until there is no further data. 

 

Figure 6: The implementation of moving window concept in our experiment 

In sum, with the elaboration of Table 4 at the 𝑀th window, the envelope will 

wrap up 95 least residual instances in the training block {(𝑥𝑀 , 𝑦𝑀+12),… 

, (𝑥𝑀+99, 𝑦𝑀+111)} after Step 1.1. The other 5 instances that do not be wrapped 

into the envelope will be removed. In Step 1.2, the SLFN obtained from Step 

1.1 will be trained again using the remained 95 instances. In Step 2, the testing 

stage begins. The SLFN obtained from Step 1.2 will be applied to the testing 

instance (𝑥𝑀+100, 𝑦𝑀+112). Figure 7 represents the flowchart of our proposed 

algorithm.  

M = 1 

M = 2 

M = 3 

M = 212 

(1~100)           (101) 

(2~101)           (102) 

(3~102)         (103) 

(212~311)            (312) 

(𝑥𝑡 , 𝑦𝑡+12) 
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The resistant learning algorithm with 

the envelope module 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7: The flowchart of our proposed algorithm 

Initial n=m+2 cases 

The resistant learning algorithm with the 

envelope module (with envelope 

width=2 ∗ 𝜎) to learn the training block 

M = 1 

Set up an SLFN with 

one hidden node 

n > N*(1-k)? 

Use the obtained SLFN to calculate the 

squared residuals regarding all N training data 

No 

Present n cases that with the 

smallest n squared residuals 

The smallest n squared 

residuals are less than 

the envelope width? 

 
Reasoning sub-mech-

anism (Pruning) 

Save w 

Weight-tuning mechanism (BP) 

The envelope of ob-

tained SLFN does contain 

at least n observations? 

Restore w 

Remove the outlier candidates 

The resistant learning algorithm 

(with envelope width=2 ∗ 휀) again 

to learn the remained data 

 

Use the obtained SLFN to predict 

the long-term carry trade returns 

within the instances of testing block 

M = M+1 

More data? Recruiting sub-mechanism 

(Cramming) 

Yes 

No 

Yes 

No 

Yes 

No 

End 

Yes 

Prediction mechanism 
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4. Experiment Result 

During the experiment, we find that different 휀 we set in the algorithm will 

affect the performance of the neural network. We try four different value of 휀 

( 휀 = 0.75, 0.5, 0.25, 0.1) for the 1st window with the training block 

{(𝑥1, 𝑦13), … , (𝑥100, 𝑦112)} and the testing instance (𝑥101, 𝑦113). σ, the standard 

deviation of 100 training data in the training block, for the 1st window is about 

1.5409. Table 6 shows the total number of adopted hidden nodes and training 

time spent in different 휀.  

Table 6: Total number of adopted hidden nodes and training time spent in 

different 휀 

In the proposed ANN mechanism Step 1.1, the 1st resistant learning (RL), 

four different  휀 tests are with the same envelope width (2 ∗ 𝜎). However, in 

𝜺  
1st RL (envelope 
width = 2*σ) 

2nd RL (envelope 
width = 2*ε) 

The 1st Window 

0.75 

Total number 
of adopted 

hidden nodes 
4 64 64 

Time Spent 
(hh:mm:ss) 

00:15:51 10:30:06 10:45:57 

0.5 

Total number 
of adopted 

hidden nodes 
10 104 104 

Time Spent 
(hh:mm:ss) 

00:49:58 27:40:48 28:30:46 

0.25 

Total number 
of adopted 

hidden nodes 
10 120 120 

Time Spent 
(hh:mm:ss) 

00:52:13 43:04:34 43:56:47 

0.1 

Total number 
of adopted 

hidden nodes 
9 175 175 

Time Spent 
(hh:mm:ss) 

 00:35:56  75:10:48  75:46:44 
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previous Table 2, the resistant learning algorithm with the envelope module, 

when apply the augmenting mechanism to add extra hidden nodes in Step 6 

(2), α is random. It causes random weights for these extra hidden nodes, and it 

also affects the different total number of adopted hidden nodes. The experiment 

result shows that the mean total number of adopted hidden nodes is 8.25, with 

maximum 10 adopted hidden nodes and the minimum 4 adopted hidden nodes, 

and the mean of training time spent is 00:38:30 (hh:mm:ss). All tests are done 

in an hour. 

In the proposed ANN mechanism Step 1.2, the 2nd RL (with envelope 

width  = 2 ∗ 휀 ), different 휀  makes the significantly different result. Figure 8 

shows the total adopted hidden nodes and training time spent in different 휀 for 

the 1st window. The blue line represents the trend of total adopted hidden nodes, 

and the orange line represents the trend of time spent. According to the results, 

the smaller 휀 causes the larger total number of adopted hidden nodes and the 

longer training time spent. 
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Figure 8: Total adopted hidden nodes and training time spent in different 휀 

for the 1st window 

 Figure 9 shows the envelope module of the 1st RL to identify potential 

outliers in 휀 = 0.75. After the 1st RL, No. 27, 28, 30, 31 and 32 instances in the 

training block is identified as outlier candidates. Figure 10 shows the actual and 

predicted return of carry trade in 휀 = 0.75 after the 2nd RL for the 1st window. 

All inlier instances are also wrapped in the envelope of the 2nd RL. The 

predicted return of carry trade for the testing instance is 0.9850. 
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Figure 9: The envelope module of the 1st RL to identify outliers in 휀 = 0.75 

 

Figure 10: Actual and predicted return of carry trade in 휀 = 0.75 
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Figure 11 shows the envelope module of the 1st RL to identify potential 

outliers in 휀 = 0.5. After the 1st RL, No. 24, 27, 30, 31 and 32 instances in the 

training block is identified as outlier candidates. Figure 12 shows the actual and 

predicted return of carry trade in 휀 = 0.5 after the 2nd RL for the 1st window. All 

inlier instances are also wrapped in the envelope of the 2nd RL. The predicted 

return of carry trade for the testing instance is 1.0088. 

 

Figure 11: The envelope module of the 1st RL to identify outliers in 휀 = 0.5 
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Figure 12: Actual and predicted return of carry trade in 휀 = 0.5 

Figure 13 shows the envelope module of the 1st RL to identify potential 

outliers in 휀 = 0.25. After the 1st RL, No. 27, 28, 30, 31 and 32 instances in the 

training block is identified as outlier candidates. Figure 14 shows the actual and 

predicted return of carry trade in 휀 = 0.25 after the 2nd RL for the 1st window. 

But there is the only one instance of the remained data not in the envelope of 

the 2nd RL, No. 88. The predicted return of carry trade for the testing instance 

is 1.0691. 
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Figure 13: The envelope module of the 1st RL to identify outliers in 휀 = 0.25 

 

Figure 14: Actual and predicted return of carry trade in 휀 = 0.25 
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Figure 15 shows the envelope module of the 1st RL to identify potential 

outliers in 휀 = 0.1. After the 1st RL, No. 24, 27, 30, 31 and 32 instances in the 

training block is identified as outlier candidates. Figure 16 shows the actual and 

predicted return of carry trade in 휀 = 0.1 after the 2nd RL for the 1st window. 

But there are three instances of the remained data not in the envelope of the 

2nd RL, No. 58, 67 and 74. The predicted return of carry trade for the testing 

instance is 1.1142. 

 

Figure 15: The envelope module of the 1st RL to identify outliers in 휀 = 0.1 
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Figure 16: Actual and predicted return of carry trade in 휀 = 0.1 

In Figure9～16, the gray dotted lines represent the envelope module 

wrapped the response instances seen as inlier instances in the envelope, the 

blue dashed line represents the trend of actual return of carry trade, and the 

orange solid line represents the trend of predicted return of carry. When 휀 is 

smaller, the actual and predicted return of carry trade is more consistent in the 

training block without outlier candidates after the 2nd RL. 

In Table 7, we calculate mean and variance of deviation between actual 

and predicted return of carry trade in different 휀 for the 1st window. For inlier 

instances in the training block of all tests, mean and variance of deviation are 

less than 𝜎 (1.5409) after the 1st RL, and they are also less than 휀 after the 
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2nd RL. For testing instance, when 휀 is smaller, the deviation between actual 

and predicted return of carry trade is also smaller after the 2nd RL. But the 

deviation between actual and predicted return of carry trade after the 1st RL has 

the chance to be smaller than after the 2nd RL. 

Table 7: Deviation between actual and predicted return of carry trade in 

different 휀 

Table 8 shows accuracy of movement prediction in different 휀 for the 1st 

window. After the 1st RL, it recognizes positive movement well, but barely 

identifies negative movement for the training instances. However, it accurately 

recognizes both positive movement and negative movement after the 2nd RL for 

the training instances. For the testing instance, it can predict the movement well 

in any 휀. 

𝜺  

1st RL (envelope width = 2*σ) 
2nd RL (envelope width = 
2*ε) 

inlier (95)  
training   
instances 

all (100)  
training   
instances 

1 testing  
instance 

inlier (95)  
training   
instances 

1 testing  
instance 

0.75 

Mean of 
Deviation 

0.6185 0.6845 0.6507  0.2461 0.6324 

Variance of 
Deviation 

0.1666 0.2554 / 0.0606 / 

0.5 

Mean of 
Deviation 

0.5563 0.6823 0.6071  0.1059 0.6086 

Variance of 
Deviation 

0.1851 0.5660 / 0.0220 / 

0.25 

Mean of 
Deviation 

0.4676 0.6407 0.4816  0.0566 0.5483 

Variance of 
Deviation 

0.1415 0.7554 / 0.0070 / 

0.1 

Mean of 
Deviation 

0.5880 0.7185 0.5028  0.0099 0.5032 

Variance of 
Deviation 

0.1782 0.5773 / 0.0010  / 
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Table 8: Accuracy of movement prediction in different 휀 

Table 9 represents the 1st～3rd window deviation between actual and 

predicted return of carry trade for testing instance in different 휀. We try two 

different value of 휀  (휀 =0.75, 0.5). The experiment result shows that the 

smaller 휀 might have better predictive ability. 

Table 9: The 1st～3rd window deviation between actual and predicted return of 

carry trade for the testing instance in different 휀 

 Table 10 shows the 1st～3rd window accuracy of movement prediction in 

different 휀. After the 2nd RL, it accurately recognizes both positive movement 

and negative movement for the training instances of all windows in both 휀 =

𝜺 
Actual 
Move-
ment 

1st RL (envelope width = 2*σ) 
2nd RL (envelope width = 
2*ε) 

inlier (95) 
training  
instances 

all (100) 
training  
instances 

1 testing  
instance 

inlier (95) 
training  
instances 

1 testing  
instance 

+ - + - + - + - + - 

0.75 
+ 93/93 N/A 98/98 N/A 1/1 N/A 93/93 N/A 1/1 N/A 

- 2/2 N/A 2/2 N/A N/A N/A N/A 2/2 N/A N/A 

0.5 
+ 93/93 N/A 98/98 N/A 1/1 N/A 93/93 N/A 1/1 N/A 

- 2/2 N/A 2/2 N/A N/A N/A N/A 2/2 N/A N/A 

0.25 
+ 93/93 N/A 98/98 N/A 1/1 N/A 93/93 N/A 1/1 N/A 

- 2/2 N/A 2/2 N/A N/A N/A N/A 2/2 N/A N/A 

0.1 
+ 93/93 N/A 98/98 N/A 1/1 N/A 93/93 N/A 1/1 N/A 

- 2/2 N/A 2/2 N/A N/A N/A N/A 2/2 N/A N/A 

Condition 
1st window  
deviation 

2nd window  
deviation 

3rd window 
deviation 

Mean of   
deviations 

𝜺 =0.75 0.6324 1.1471 1.0004 0.9266 

𝜺 =0.5 0.6086 1.1233 0.9766 0.9028 
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 0.75 and 0.5. For the testing instance of all windows, it can predict the 

movement well in any 휀. 

Table 10: The 1st～3rd window accuracy of movement prediction in different 휀 

  

Con-
dition 

Actual 
Move-
ment 

1st window  2nd window 3rd window  

inlier (95) 
training  
instances 

1 testing  
instance 

inlier (95) 
training  
instances 

1 testing  
instance 

inlier (95) 
training  
instances 

1 testing  
instance 

+ - + - + - + - + - + - 

0.75 
+ 93/93 N/A 1/1 N/A 93/93 N/A 1/1 N/A 93/93 N/A 1/1 N/A 

- N/A 2/2 N/A N/A N/A 2/2 N/A N/A 2/2 N/A N/A N/A 

0.5 
+ 93/93 N/A 1/1 N/A 93/93 N/A 1/1 N/A 93/93 N/A 1/1 N/A 

- N/A 2/2 N/A N/A N/A 2/2 N/A N/A 2/2 N/A N/A N/A 
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5. Conclusion and Future Work 

This research derives an artificial neural networks (ANN) mechanism for 

timely and effectively predicting the return of carry trade. To achieve the 

timeliness, the ANN mechanism is implemented via the infrastructure of 

TensorFlow and GPU. In order to cope with the time series data that may have 

concept-drifting phenomenon and outliers, we adopt the incremental learning 

strategy to cope with changing environment problem.  

During the experiment, we find that different 휀 we set in the algorithm will 

affect the performance of the neural network. In previous Table 6, the smaller 

휀  causes the larger total number of adopted hidden nodes and the longer 

training time spent. Because the smaller 휀 is with the more stringent condition, 

the fitting function is more complicated, and needs more adopted hidden nodes 

to achieve the condition. It is reasonable that training time grows up and up, 

because as adopted hidden nodes increase, the neural network will need more 

computations to deal with. 

Our experiment result represents that the proposed ANN mechanism can 

predict movement of the returns of carry trade well. We found some valuable 

issues in the experiment:  

1. Issue on application field. Although we obtain the ANN algorithm which 
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has already designed, it still needs a lot of great effort to apply to the 

real-world solution. Especially, numbers are very sensitive in finance 

field, so it is important that we must consider how to set suitable 

parameters of module and type of moving window carefully. 

2. Issue on new technology. Tensorflow is a new software for the machine 

learning, and it is immature. The version of Tensorflow is constantly 

changing because it is still developing and growing. We need to solve 

the problem with try and error because of its lack of information.  

3. Issue on hardware. The modern GPU operation is different from the 

older GPU and CPU we known well. It is a highly parallel programmable 

processor. How to schedule its operations and result in a better 

performance of memory usage is a problem. The program we designed 

must correspond to this issue. 

This research still has some research limitations and future goals as 

following: 

1. The hardware we used in this research can be improved. As we use 

more powerful hardware, the training time may be reduced. Use the 

more powerful hardware will lead to what result? Will it be faster than 

the training time spent in this research? It is a worthy of study. 
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2. Try to finish learning all windows for the entire experiment. Because 

of the time limit, we just test less parts of the experiment. A complete 

result of the entire experiment may reveal more information. 

3. Have better ability to predict. Although the proposed ANN mechanism 

can predict movement of the returns of carry trade well, it does not 

predict the returns of carry trade precisely now. The solution is to 

improve the settings of the proposed ANN mechanism to make its 

result closer to the real-world result. 
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Appendix 

Appendix 1: Actual and predicted return of carry trade in 휀 = 0.75 for the1st 

window 

1st RL (envelope width = 2*σ) 2nd RL (envelope width = 2*ε) 

inlier (95) 

training 

actual 

return of 

carry 

trade 

inlier (95) 

training 

predicted 

return of 

carry 

trade 

all (100) 

training 

actual 

return of 

carry 

trade 

all (100) 

training 

predicted 

return of 

carry 

trade 

 testing 

actual 

return of 

carry 

trade 

testing  

predicted 

return of 

carry 

trade 

inlier (95) 

training 

actual 

return of 

carry 

trade 

inlier (95) 

training 

predicted 

return of 

carry 

trade 

all (100) 

training 

actual 

return of 

carry 

trade 

all (100) 

training 

predicted 

return of 

carry 

trade 

 testing 

actual 

return of 

carry 

trade 

testing  

predicted 

return of 

carry 

trade 

6.3815  5.2525  6.3815  5.2525  1.6174  0.9667  6.3815  6.3815  6.3815  6.3815  1.6174  0.9850  

6.6821  5.2525  6.6821  5.2525     6.6821  6.6821  6.6821  6.6821    

6.7138  5.2525  6.7138  5.2525     6.7138  6.7138  6.7138  6.7138    

6.7717  5.2525  6.7717  5.2525     6.7717  6.7717  6.7717  6.7717    

6.3801  5.2525  6.3801  5.2525     6.3801  6.3801  6.3801  6.3801    

6.2173  5.2525  6.2173  5.2525     6.2173  6.2173  6.2173  6.2173    

6.5193  5.2525  6.5193  5.2525     6.5193  6.5193  6.5193  6.5193    

6.2606  5.2525  6.2606  5.2525     6.2606  6.2606  6.2606  6.2606    

6.0944  5.2525  6.0944  5.2525     6.0944  6.0944  6.0944  6.0944    

4.5768  5.2525  4.5768  5.2525     4.5768  4.9347  4.5768  4.9347    

4.4589  5.2525  4.4589  5.2525     4.4589  4.9347  4.4589  4.9347    

5.3146  5.2525  5.3146  5.2525     5.3146  4.9347  5.3146  4.9347    

5.5834  5.2525  5.5834  5.2525     5.5834  4.9347  5.5834  4.9347    

4.6507  5.2525  4.6507  5.2525     4.6507  4.9347  4.6507  4.9347    

4.6213  5.2525  4.6213  5.2525     4.6213  4.9347  4.6213  4.9347    

4.6376  5.2525  4.6376  5.2525     4.6376  4.9347  4.6376  4.9347    

4.4699  5.2525  4.4699  5.2525     4.4699  4.9347  4.4699  4.9347    

4.0073  5.2525  4.0073  5.2525     4.0073  4.0073  4.0073  4.0073    

4.3704  5.2525  4.3704  5.2525     4.3704  4.9347  4.3704  4.9347    

4.6978  5.2525  4.6978  5.2525     4.6978  4.9347  4.6978  4.9347    

4.4440  5.2525  4.4440  5.2525     4.4440  4.9347  4.4440  4.9347    

4.9524  5.2525  4.9524  5.2525     4.9524  4.9348  4.9524  4.9348    

5.5586  6.2733  5.5586  6.2733     5.5586  6.0848  5.5586  6.0848    

6.5399  6.2733  6.5399  6.2733     6.5399  6.0849  6.5399  6.0849    

5.6073  5.2525  5.6073  5.2525     5.6073  4.9348  5.6073  4.9348    

5.2840  6.2733  5.2840  6.2733     5.2840  5.2839  5.2840  5.2839    
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   5.9406  4.2047        5.9406  4.0500    

   5.6192  4.2047        5.6192  4.0500    

5.2441  4.2047  5.2441  4.2047     5.2441  5.2441  5.2441  5.2441    

   5.6436  4.2047        5.6436  4.0500    

   6.5110  4.2047        6.5110  4.0500    

   7.0004  4.2047        7.0004  4.0500    

5.0658  4.2047  5.0658  4.2047     5.0658  5.0658  5.0658  5.0658    

2.8291  3.1839  2.8291  3.1839     2.8291  2.8999  2.8291  2.8999    

2.5534  3.1839  2.5534  3.1839     2.5534  2.8999  2.5534  2.8999    

2.7951  4.2047  2.7951  4.2047     2.7951  3.5310  2.7951  3.5310    

2.3810  3.1839  2.3810  3.1839     2.3810  2.8999  2.3810  2.8999    

2.2054  3.1839  2.2054  3.1839     2.2054  2.8999  2.2054  2.8999    

2.2646  3.1839  2.2646  3.1839     2.2646  2.8999  2.2646  2.8999    

2.8594  4.2047  2.8594  4.2047     2.8594  2.7300  2.8594  2.7300    

2.2041  0.9667  2.2041  0.9667     2.2041  2.2041  2.2041  2.2041    

2.2652  0.9667  2.2652  0.9667     2.2652  2.2652  2.2652  2.2652    

1.9552  0.9667  1.9552  0.9667     1.9552  1.9552  1.9552  1.9552    

2.1369  0.9667  2.1369  0.9667     2.1369  2.1369  2.1369  2.1369    

2.2730  0.9667  2.2730  0.9667     2.2730  2.2730  2.2730  2.2730    

1.9184  0.9667  1.9184  0.9667     1.9184  1.9184  1.9184  1.9184    

1.5224  0.9667  1.5224  0.9667     1.5224  0.9841  1.5224  0.9841    

1.4624  0.9667  1.4624  0.9667     1.4624  0.9841  1.4624  0.9841    

1.6454  0.9667  1.6454  0.9667     1.6454  0.9841  1.6454  0.9841    

0.9732  0.9667  0.9732  0.9667     0.9732  0.9841  0.9732  0.9841    

1.0854  0.9667  1.0854  0.9667     1.0854  0.9841  1.0854  0.9841    

0.5886  0.9667  0.5886  0.9667     0.5886  0.9841  0.5886  0.9841    

0.5210  0.9667  0.5210  0.9667     0.5210  0.9841  0.5210  0.9841    

0.3892  0.9667  0.3892  0.9667     0.3892  0.9841  0.3892  0.9841    

0.8271  0.9667  0.8271  0.9667     0.8271  0.9841  0.8271  0.9841    

1.1294  0.9667  1.1294  0.9667     1.1294  0.9841  1.1294  0.9841    

1.1895  0.9667  1.1895  0.9667     1.1895  0.9841  1.1895  0.9841    

0.9068  0.9667  0.9068  0.9667     0.9068  0.9841  0.9068  0.9841    

0.1788  0.9667  0.1788  0.9667     0.1788  0.1788  0.1788  0.1788    

0.2458  0.9667  0.2458  0.9667     0.2458  0.9842  0.2458  0.9842    

0.5440  0.9667  0.5440  0.9667     0.5440  0.9842  0.5440  0.9842    

1.0480  0.9667  1.0480  0.9667     1.0480  0.9842  1.0480  0.9842    

0.8255  0.9667  0.8255  0.9667     0.8255  0.9842  0.8255  0.9842    

1.0955  0.9667  1.0955  0.9667     1.0955  0.9842  1.0955  0.9842    

1.2402  0.9667  1.2402  0.9667     1.2402  0.9842  1.2402  0.9842    

1.5663  0.9667  1.5663  0.9667     1.5663  0.9842  1.5663  0.9842    
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1.2389  0.9667  1.2389  0.9667     1.2389  0.9842  1.2389  0.9842    

1.0511  0.9667  1.0511  0.9667     1.0511  0.9842  1.0511  0.9842    

0.8696  0.9667  0.8696  0.9667     0.8696  0.9842  0.8696  0.9842    

1.0363  0.9667  1.0363  0.9667     1.0363  0.9842  1.0363  0.9842    

0.8370  0.9667  0.8370  0.9667     0.8370  0.9842  0.8370  0.9842    

0.9930  0.9667  0.9930  0.9667     0.9930  0.9842  0.9930  0.9842    

1.0482  0.9667  1.0482  0.9667     1.0482  0.9842  1.0482  0.9842    

0.9641  0.9667  0.9641  0.9667     0.9641  0.9842  0.9641  0.9842    

0.7451  0.9667  0.7451  0.9667     0.7451  0.9842  0.7451  0.9842    

0.5950  0.9667  0.5950  0.9667     0.5950  0.9842  0.5950  0.9842    

0.4614  0.9667  0.4614  0.9667     0.4614  0.9842  0.4614  0.9842    

0.0305  0.9667  0.0305  0.9667     0.0305  0.0305  0.0305  0.0305    

-0.1099  0.9667  -0.1099  0.9667     -0.1099  -0.0723  -0.1099  -0.0723    

-0.0760  0.9667  -0.0760  0.9667     -0.0760  -0.0778  -0.0760  -0.0778    

0.2755  0.9667  0.2755  0.9667     0.2755  0.9845  0.2755  0.9845    

0.9495  0.9667  0.9495  0.9667     0.9495  0.9845  0.9495  0.9845    

1.2752  0.9667  1.2752  0.9667     1.2752  0.9845  1.2752  0.9845    

1.2400  0.9667  1.2400  0.9667     1.2400  0.9845  1.2400  0.9845    

0.8830  0.9667  0.8830  0.9667     0.8830  0.9845  0.8830  0.9845    

0.7226  0.9667  0.7226  0.9667     0.7226  0.9845  0.7226  0.9845    

0.7358  0.9667  0.7358  0.9667     0.7358  0.9845  0.7358  0.9845    

0.7625  0.9667  0.7625  0.9667     0.7625  0.9845  0.7625  0.9845    

0.8026  0.9667  0.8026  0.9667     0.8026  0.9845  0.8026  0.9845    

1.8287  0.9667  1.8287  0.9667     1.8287  1.8287  1.8287  1.8287    

1.5603  0.9667  1.5603  0.9667     1.5603  0.9846  1.5603  0.9846    

1.6108  0.9667  1.6108  0.9667     1.6108  0.9846  1.6108  0.9846    

1.5960  0.9667  1.5960  0.9667     1.5960  0.9846  1.5960  0.9846    

1.6453  0.9667  1.6453  0.9667     1.6453  0.9846  1.6453  0.9846    

1.9033  0.9667  1.9033  0.9667     1.9033  1.9033  1.9033  1.9033    

1.7226  0.9667  1.7226  0.9667     1.7226  0.9847  1.7226  0.9847    

1.8081  0.9667  1.8081  0.9667     1.8081  1.8081  1.8081  1.8081    

1.7587  0.9667  1.7587  0.9667     1.7587  1.7587  1.7587  1.7587    

1.7455  0.9667  1.7455  0.9667     1.7455  1.7456  1.7455  1.7456    

1.4290  0.9667  1.4290  0.9667     1.4290  0.9850  1.4290  0.9850    
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Appendix 2: Actual and predicted return of carry trade in 휀 = 0.5 for the 1st 

window 

1st RL (envelope width = 2*σ) 2nd RL (envelope width = 2*ε) 

inlier (95) 

training 

actual 

return of 

carry 

trade 

inlier (95) 

training 

predicted 

return of 

carry 

trade 

all (100) 

training 

actual 

return of 

carry 

trade 

all (100) 

training 

predicted 

return of 

carry 

trade 

 testing 

actual 

return of 

carry 

trade 

testing  

predicted 

return of 

carry 

trade 

inlier (95) 

training 

actual 

return of 

carry 

trade 

inlier (95) 

training 

predicted 

return of 

carry 

trade 

all (100) 

training 

actual 

return of 

carry 

trade 

all (100) 

training 

predicted 

return of 

carry 

trade 

 testing 

actual 

return of 

carry 

trade 

testing  

predicted 

return of 

carry 

trade 

6.3815  5.9183  6.3815  5.9183  1.6174  1.0103  6.3815  5.9198  6.3815  5.9198  1.6174  1.0088  

6.6821  5.9183  6.6821  5.9183    6.6821  6.6822  6.6821  6.6822    

6.7138  5.9183  6.7138  5.9183    6.7138  6.7139  6.7138  6.7139    

6.7717  5.9183  6.7717  5.9183    6.7717  6.7718  6.7717  6.7718    

6.3801  5.9183  6.3801  5.9183    6.3801  5.9197  6.3801  5.9197    

6.2173  5.9183  6.2173  5.9183    6.2173  5.9197  6.2173  5.9197    

6.5193  5.9183  6.5193  5.9183    6.5193  6.5194  6.5193  6.5194    

6.2606  5.9183  6.2606  5.9183    6.2606  5.9195  6.2606  5.9195    

6.0944  5.9183  6.0944  5.9183    6.0944  5.9192  6.0944  5.9192    

4.5768  5.9183  4.5768  5.9183    4.5768  4.5768  4.5768  4.5768    

4.4589  5.9183  4.4589  5.9183    4.4589  4.4589  4.4589  4.4589    

5.3146  5.9183  5.3146  5.9183    5.3146  5.3147  5.3146  5.3147    

5.5834  5.9183  5.5834  5.9183    5.5834  5.9192  5.5834  5.9192    

4.6507  5.9183  4.6507  5.9183    4.6507  4.6507  4.6507  4.6507    

4.6213  5.9183  4.6213  5.9183    4.6213  4.6213  4.6213  4.6213    

4.6376  4.5249  4.6376  4.5249    4.6376  4.5257  4.6376  4.5257    

4.4699  4.5249  4.4699  4.5249    4.4699  4.5257  4.4699  4.5257    

4.0073  4.5249  4.0073  4.5249    4.0073  4.0074  4.0073  4.0074    

4.3704  4.5249  4.3704  4.5249    4.3704  4.5257  4.3704  4.5257    

4.6978  4.5249  4.6978  4.5249    4.6978  4.5257  4.6978  4.5257    

4.4440  4.5249  4.4440  4.5249    4.4440  4.5257  4.4440  4.5257    

4.9524  4.5249  4.9524  4.5249    4.9524  4.5256  4.9524  4.5256    

5.5586  5.5586  5.5586  5.5586    5.5586  5.5586  5.5586  5.5586    

  6.5399  3.7245      6.5399  3.7246    

5.6073  4.5249  5.6073  4.5249    5.6073  5.6073  5.6073  5.6073    

5.2840  5.2840  5.2840  5.2840    5.2840  5.2840  5.2840  5.2840    

  5.9406  3.7245      5.9406  3.7242    

5.6192  5.6192  5.6192  5.6192    5.6192  5.2098  5.6192  5.2098    
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5.2441  3.7245  5.2441  3.7245    5.2441  5.2441  5.2441  5.2441    

  5.6436  3.7245      5.6436  3.7239    

  6.5110  3.7245      6.5110  3.7239    

  7.0004  1.3536      7.0004  1.3529    

5.0658  3.7245  5.0658  3.7245    5.0658  5.0658  5.0658  5.0658    

2.8291  3.7245  2.8291  3.7245    2.8291  2.8291  2.8291  2.8291    

2.5534  3.7245  2.5534  3.7245    2.5534  2.5534  2.5534  2.5534    

2.7951  3.7245  2.7951  3.7245    2.7951  2.7951  2.7951  2.7951    

2.3810  3.7245  2.3810  3.7245    2.3810  2.3810  2.3810  2.3810    

2.2054  3.7245  2.2054  3.7245    2.2054  2.2183  2.2054  2.2183    

2.2646  1.3536  2.2646  1.3536    2.2646  2.2646  2.2646  2.2646    

2.8594  1.3536  2.8594  1.3536    2.8594  2.8594  2.8594  2.8594    

2.2041  1.0103  2.2041  1.0103    2.2041  2.2041  2.2041  2.2041    

2.2652  1.3536  2.2652  1.3536    2.2652  2.2652  2.2652  2.2652    

1.9552  1.3536  1.9552  1.3536    1.9552  1.9551  1.9552  1.9551    

2.1369  1.0103  2.1369  1.0103    2.1369  2.1369  2.1369  2.1369    

2.2730  1.0103  2.2730  1.0103    2.2730  2.2730  2.2730  2.2730    

1.9184  1.0103  1.9184  1.0103    1.9184  1.9184  1.9184  1.9184    

1.5224  1.0103  1.5224  1.0103    1.5224  1.5223  1.5224  1.5223    

1.4624  1.0103  1.4624  1.0103    1.4624  1.0087  1.4624  1.0087    

1.6454  1.0103  1.6454  1.0103    1.6454  1.6453  1.6454  1.6453    

0.9732  1.0103  0.9732  1.0103    0.9732  1.0087  0.9732  1.0087    

1.0854  1.0103  1.0854  1.0103    1.0854  1.0087  1.0854  1.0087    

0.5886  1.0103  0.5886  1.0103    0.5886  1.0087  0.5886  1.0087    

0.5210  1.0103  0.5210  1.0103    0.5210  1.0087  0.5210  1.0087    

0.3892  1.0103  0.3892  1.0103    0.3892  0.3891  0.3892  0.3891    

0.8271  1.0103  0.8271  1.0103    0.8271  1.0086  0.8271  1.0086    

1.1294  1.0103  1.1294  1.0103    1.1294  1.0086  1.1294  1.0086    

1.1895  1.0103  1.1895  1.0103    1.1895  1.0086  1.1895  1.0086    

0.9068  1.0103  0.9068  1.0103    0.9068  1.0086  0.9068  1.0086    

0.1788  1.0103  0.1788  1.0103    0.1788  0.1787  0.1788  0.1787    

0.2458  1.0103  0.2458  1.0103    0.2458  0.2457  0.2458  0.2457    

0.5440  1.0103  0.5440  1.0103    0.5440  1.0085  0.5440  1.0085    

1.0480  1.0103  1.0480  1.0103    1.0480  1.0085  1.0480  1.0085    

0.8255  1.0103  0.8255  1.0103    0.8255  1.0084  0.8255  1.0084    

1.0955  1.0103  1.0955  1.0103    1.0955  1.0084  1.0955  1.0084    

1.2402  1.0103  1.2402  1.0103    1.2402  1.0084  1.2402  1.0084    

1.5663  1.0103  1.5663  1.0103    1.5663  1.5662  1.5663  1.5662    

1.2389  1.0103  1.2389  1.0103    1.2389  1.0084  1.2389  1.0084    

1.0511  1.0103  1.0511  1.0103    1.0511  1.0084  1.0511  1.0084    
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0.8696  1.0103  0.8696  1.0103    0.8696  1.0084  0.8696  1.0084    

1.0363  1.0103  1.0363  1.0103    1.0363  1.0084  1.0363  1.0084    

0.8370  1.0103  0.8370  1.0103    0.8370  1.0084  0.8370  1.0084    

0.9930  1.0103  0.9930  1.0103    0.9930  1.0084  0.9930  1.0084    

1.0482  1.0103  1.0482  1.0103    1.0482  1.0084  1.0482  1.0084    

0.9641  1.0103  0.9641  1.0103    0.9641  1.0084  0.9641  1.0084    

0.7451  1.0103  0.7451  1.0103    0.7451  1.0084  0.7451  1.0084    

0.5950  1.0103  0.5950  1.0103    0.5950  1.0084  0.5950  1.0084    

0.4614  1.0103  0.4614  1.0103    0.4614  0.4613  0.4614  0.4613    

0.0305  1.0103  0.0305  1.0103    0.0305  0.0305  0.0305  0.0305    

-0.1099  1.0103  -0.1099  1.0103    -0.1099  -0.1099  -0.1099  -0.1099    

-0.0760  1.0103  -0.0760  1.0103    -0.0760  -0.0760  -0.0760  -0.0760    

0.2755  1.0103  0.2755  1.0103    0.2755  0.2754  0.2755  0.2754    

0.9495  1.0103  0.9495  1.0103    0.9495  1.0083  0.9495  1.0083    

1.2752  1.0103  1.2752  1.0103    1.2752  1.0083  1.2752  1.0083    

1.2400  1.0103  1.2400  1.0103    1.2400  1.0083  1.2400  1.0083    

0.8830  1.0103  0.8830  1.0103    0.8830  1.0083  0.8830  1.0083    

0.7226  1.0103  0.7226  1.0103    0.7226  1.0083  0.7226  1.0083    

0.7358  1.0103  0.7358  1.0103    0.7358  1.0083  0.7358  1.0083    

0.7625  1.0103  0.7625  1.0103    0.7625  1.0083  0.7625  1.0083    

0.8026  1.0103  0.8026  1.0103    0.8026  1.0083  0.8026  1.0083    

1.8287  1.0103  1.8287  1.0103    1.8287  1.8286  1.8287  1.8286    

1.5603  1.0103  1.5603  1.0103    1.5603  1.5602  1.5603  1.5602    

1.6108  1.0103  1.6108  1.0103    1.6108  1.6107  1.6108  1.6107    

1.5960  1.0103  1.5960  1.0103    1.5960  1.5959  1.5960  1.5959    

1.6453  1.0103  1.6453  1.0103    1.6453  1.6452  1.6453  1.6452    

1.9033  1.0103  1.9033  1.0103    1.9033  1.9033  1.9033  1.9033    

1.7226  1.0103  1.7226  1.0103    1.7226  1.7225  1.7226  1.7225    

1.8081  1.0103  1.8081  1.0103    1.8081  1.8080  1.8081  1.8080    

1.7587  1.0103  1.7587  1.0103    1.7587  1.7586  1.7587  1.7586    

1.7455  1.0103  1.7455  1.0103    1.7455  1.7454  1.7455  1.7454    

1.4290  1.0103  1.4290  1.0103    1.4290  1.0088  1.4290  1.0088    
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Appendix 3: Actual and predicted return of carry trade in 휀 = 0.25 for the 1st 

window 

1st RL (envelope width = 2*σ) 2nd RL (envelope width = 2*ε) 

inlier (95) 

training 

actual 

return of 

carry 

trade 

inlier (95) 

training 

predicted 

return of 

carry 

trade 

all (100) 

training 

actual 

return of 

carry 

trade 

all (100) 

training 

predicted 

return of 

carry 

trade 

 testing 

actual 

return of 

carry 

trade 

testing  

predicted 

return of 

carry 

trade 

inlier (95) 

training 

actual 

return of 

carry 

trade 

inlier (95) 

training 

predicted 

return of 

carry 

trade 

all (100) 

training 

actual 

return of 

carry 

trade 

all (100) 

training 

predicted 

return of 

carry 

trade 

 testing 

actual 

return of 

carry 

trade 

testing  

predicted 

return of 

carry 

trade 

6.3815  6.5170  6.3815  6.5170  1.6174  1.1358  6.3815  6.5262  6.3815  6.5262  1.6174  1.0691  

6.6821  6.5170  6.6821  6.5170     6.6821  6.5262  6.6821  6.5262    

6.7138  6.5170  6.7138  6.5170     6.7138  6.5262  6.7138  6.5262    

6.7717  6.5170  6.7717  6.5170     6.7717  6.5262  6.7717  6.5262    

6.3801  6.5170  6.3801  6.5170     6.3801  6.5262  6.3801  6.5262    

6.2173  6.5170  6.2173  6.5170     6.2173  6.2172  6.2173  6.2172    

6.5193  6.5170  6.5193  6.5170     6.5193  6.5256  6.5193  6.5256    

6.2606  4.8391  6.2606  4.8391     6.2606  6.2606  6.2606  6.2606    

6.0944  4.8391  6.0944  4.8391     6.0944  6.0944  6.0944  6.0944    

4.5768  4.8391  4.5768  4.8391     4.5768  4.8160  4.5768  4.8160    

4.4589  4.8391  4.4589  4.8391     4.4589  4.4588  4.4589  4.4588    

5.3146  4.8391  5.3146  4.8391     5.3146  5.3145  5.3146  5.3145    

5.5834  4.8391  5.5834  4.8391     5.5834  5.5834  5.5834  5.5834    

4.6507  4.8391  4.6507  4.8391     4.6507  4.8164  4.6507  4.8164    

4.6213  4.8391  4.6213  4.8391     4.6213  4.8164  4.6213  4.8164    

4.6376  4.8391  4.6376  4.8391     4.6376  4.8158  4.6376  4.8158    

4.4699  4.8391  4.4699  4.8391     4.4699  4.4697  4.4699  4.4697    

4.0073  4.8391  4.0073  4.8391     4.0073  4.0073  4.0073  4.0073    

4.3704  4.8391  4.3704  4.8391     4.3704  4.3703  4.3704  4.3703    

4.6978  4.8391  4.6978  4.8391     4.6978  4.8156  4.6978  4.8156    

4.4440  4.8391  4.4440  4.8391     4.4440  4.4438  4.4440  4.4438    

4.9524  5.6684  4.9524  5.6684     4.9524  4.9524  4.9524  4.9524    

5.5586  5.6684  5.5586  5.6684     5.5586  5.6339  5.5586  5.6339    

6.5399  6.5399  6.5399  6.5399     6.5399  6.5334  6.5399  6.5334    

5.6073  5.6684  5.6073  5.6684     5.6073  5.6339  5.6073  5.6339    

5.2840  3.7471  5.2840  3.7471     5.2840  5.2840  5.2840  5.2840    

   5.9406  2.4844        5.9406  2.4266    

   5.6192  2.4844        5.6192  2.4266    
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5.2441  5.2441  5.2441  5.2441     5.2441  5.2361  5.2441  5.2361    

   5.6436  2.4844        5.6436  2.4149    

   6.5110  2.4844        6.5110  2.4149    

   7.0004  1.1358        7.0004  1.0647    

5.0658  3.7471  5.0658  3.7471     5.0658  5.0658  5.0658  5.0658    

2.8291  3.7471  2.8291  3.7471     2.8291  2.8291  2.8291  2.8291    

2.5534  2.4844  2.5534  2.4844     2.5534  2.4150  2.5534  2.4150    

2.7951  2.4844  2.7951  2.4844     2.7951  2.7949  2.7951  2.7949    

2.3810  3.7471  2.3810  3.7471     2.3810  2.3809  2.3810  2.3809    

2.2054  2.4844  2.2054  2.4844     2.2054  2.4150  2.2054  2.4150    

2.2646  2.4844  2.2646  2.4844     2.2646  2.4150  2.2646  2.4150    

2.8594  2.4844  2.8594  2.4844     2.8594  2.8593  2.8594  2.8593    

2.2041  1.1358  2.2041  1.1358     2.2041  2.2041  2.2041  2.2041    

2.2652  1.1358  2.2652  1.1358     2.2652  2.2652  2.2652  2.2652    

1.9552  2.4844  1.9552  2.4844     1.9552  1.9551  1.9552  1.9551    

2.1369  1.1358  2.1369  1.1358     2.1369  2.1369  2.1369  2.1369    

2.2730  1.1358  2.2730  1.1358     2.2730  2.2730  2.2730  2.2730    

1.9184  1.1358  1.9184  1.1358     1.9184  1.9184  1.9184  1.9184    

1.5224  1.1358  1.5224  1.1358     1.5224  1.5223  1.5224  1.5223    

1.4624  1.1358  1.4624  1.1358     1.4624  1.4622  1.4624  1.4622    

1.6454  1.1358  1.6454  1.1358     1.6454  1.6453  1.6454  1.6453    

0.9732  1.1358  0.9732  1.1358     0.9732  1.0646  0.9732  1.0646    

1.0854  1.1358  1.0854  1.1358     1.0854  1.0646  1.0854  1.0646    

0.5886  1.1358  0.5886  1.1358     0.5886  0.5885  0.5886  0.5885    

0.5210  1.1358  0.5210  1.1358     0.5210  0.5209  0.5210  0.5209    

0.3892  1.1358  0.3892  1.1358     0.3892  0.3891  0.3892  0.3891    

0.8271  1.1358  0.8271  1.1358     0.8271  1.0646  0.8271  1.0646    

1.1294  1.1358  1.1294  1.1358     1.1294  1.0646  1.1294  1.0646    

1.1895  1.1358  1.1895  1.1358     1.1895  1.0646  1.1895  1.0646    

0.9068  1.1358  0.9068  1.1358     0.9068  1.0646  0.9068  1.0646    

0.1788  1.1358  0.1788  1.1358     0.1788  0.1788  0.1788  0.1788    

0.2458  1.1358  0.2458  1.1358     0.2458  0.2458  0.2458  0.2458    

0.5440  1.1358  0.5440  1.1358     0.5440  0.5439  0.5440  0.5439    

1.0480  1.1358  1.0480  1.1358     1.0480  1.0646  1.0480  1.0646    

0.8255  1.1358  0.8255  1.1358     0.8255  1.0646  0.8255  1.0646    

1.0955  1.1358  1.0955  1.1358     1.0955  1.0646  1.0955  1.0646    

1.2402  1.1358  1.2402  1.1358     1.2402  1.0646  1.2402  1.0646    

1.5663  1.1358  1.5663  1.1358     1.5663  1.5662  1.5663  1.5662    

1.2389  1.1358  1.2389  1.1358     1.2389  1.0646  1.2389  1.0646    

1.0511  1.1358  1.0511  1.1358     1.0511  1.0646  1.0511  1.0646    
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0.8696  1.1358  0.8696  1.1358     0.8696  1.0647  0.8696  1.0647    

1.0363  1.1358  1.0363  1.1358     1.0363  1.0647  1.0363  1.0647    

0.8370  1.1358  0.8370  1.1358     0.8370  1.0647  0.8370  1.0647    

0.9930  1.1358  0.9930  1.1358     0.9930  1.0647  0.9930  1.0647    

1.0482  1.1358  1.0482  1.1358     1.0482  1.0647  1.0482  1.0647    

0.9641  1.1358  0.9641  1.1358     0.9641  1.0647  0.9641  1.0647    

0.7451  1.1358  0.7451  1.1358     0.7451  0.7449  0.7451  0.7449    

0.5950  1.1358  0.5950  1.1358     0.5950  0.5949  0.5950  0.5949    

0.4614  1.1358  0.4614  1.1358     0.4614  0.4614  0.4614  0.4614    

0.0305  1.1358  0.0305  1.1358     0.0305  0.0305  0.0305  0.0305    

-0.1099  1.1358  -0.1099  1.1358     -0.1099  -0.1099  -0.1099  -0.1099    

-0.0760  1.1358  -0.0760  1.1358     -0.0760  -0.0760  -0.0760  -0.0760    

0.2755  1.1358  0.2755  1.1358     0.2755  0.2755  0.2755  0.2755    

0.9495  1.1358  0.9495  1.1358     0.9495  1.0656  0.9495  1.0656    

1.2752  1.1358  1.2752  1.1358     1.2752  1.0656  1.2752  1.0656    

1.2400  1.1358  1.2400  1.1358     1.2400  1.0656  1.2400  1.0656    

0.8830  1.1358  0.8830  1.1358     0.8830  1.0656  0.8830  1.0656    

0.7226  1.1358  0.7226  1.1358     0.7226  0.7225  0.7226  0.7225    

0.7358  1.1358  0.7358  1.1358     0.7358  0.7357  0.7358  0.7357    

0.7625  1.1358  0.7625  1.1358     0.7625  1.0662  0.7625  1.0662    

0.8026  1.1358  0.8026  1.1358     0.8026  0.8026  0.8026  0.8026    

1.8287  1.1358  1.8287  1.1358     1.8287  1.8287  1.8287  1.8287    

1.5603  1.1358  1.5603  1.1358     1.5603  1.5603  1.5603  1.5603    

1.6108  1.1358  1.6108  1.1358     1.6108  1.6108  1.6108  1.6108    

1.5960  1.1358  1.5960  1.1358     1.5960  1.5960  1.5960  1.5960    

1.6453  1.1358  1.6453  1.1358     1.6453  1.6453  1.6453  1.6453    

1.9033  1.1358  1.9033  1.1358     1.9033  1.9033  1.9033  1.9033    

1.7226  1.1358  1.7226  1.1358     1.7226  1.7226  1.7226  1.7226    

1.8081  1.1358  1.8081  1.1358     1.8081  1.8081  1.8081  1.8081    

1.7587  1.1358  1.7587  1.1358     1.7587  1.7587  1.7587  1.7587    

1.7455  1.1358  1.7455  1.1358     1.7455  1.7455  1.7455  1.7455    

1.4290  1.1358  1.4290  1.1358     1.4290  1.4290  1.4290  1.4290    
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Appendix 4: Actual and predicted return of carry trade in 휀 = 0.1 for the 1st 

window 

1st RL (envelope width = 2*σ) 2nd RL (envelope width = 2*ε) 

inlier (95) 

training 

actual 

return of 

carry 

trade 

inlier (95) 

training 

predicted 

return of 

carry 

trade 

all (100) 

training 

actual 

return of 

carry 

trade 

all (100) 

training 

predicted 

return of 

carry 

trade 

 testing 

actual 

return of 

carry 

trade 

testing  

predicted 

return of 

carry 

trade 

inlier (95) 

training 

actual 

return of 

carry 

trade 

inlier (95) 

training 

predicted 

return of 

carry 

trade 

all (100) 

training 

actual 

return of 

carry 

trade 

all (100) 

training 

predicted 

return of 

carry 

trade 

 testing 

actual 

return of 

carry 

trade 

testing  

predicted 

return of 

carry 

trade 

6.3815  5.5984  6.3815  5.5984  1.6174  1.1146  6.3815  6.3815  6.3815  6.3815  1.6174  1.1142  

6.6821  5.5984  6.6821  5.5984     6.6821  6.6821  6.6821  6.6821    

6.7138  5.5984  6.7138  5.5984     6.7138  6.7138  6.7138  6.7138    

6.7717  5.5984  6.7717  5.5984     6.7717  6.7717  6.7717  6.7717    

6.3801  5.5984  6.3801  5.5984     6.3801  6.3801  6.3801  6.3801    

6.2173  5.5984  6.2173  5.5984     6.2173  6.2173  6.2173  6.2173    

6.5193  5.5984  6.5193  5.5984     6.5193  6.5193  6.5193  6.5193    

6.2606  5.5984  6.2606  5.5984     6.2606  6.2606  6.2606  6.2606    

6.0944  5.5984  6.0944  5.5984     6.0944  6.0944  6.0944  6.0944    

4.5768  5.5984  4.5768  5.5984     4.5768  4.5768  4.5768  4.5768    

4.4589  5.5984  4.4589  5.5984     4.4589  4.4589  4.4589  4.4589    

5.3146  5.5984  5.3146  5.5984     5.3146  5.3145  5.3146  5.3145    

5.5834  5.5984  5.5834  5.5984     5.5834  5.5973  5.5834  5.5973    

4.6507  5.5984  4.6507  5.5984     4.6507  4.6507  4.6507  4.6507    

4.6213  5.5984  4.6213  5.5984     4.6213  4.6213  4.6213  4.6213    

4.6376  5.5984  4.6376  5.5984     4.6376  4.6376  4.6376  4.6376    

4.4699  5.5984  4.4699  5.5984     4.4699  4.4699  4.4699  4.4699    

4.0073  4.7131  4.0073  4.7131     4.0073  4.0073  4.0073  4.0073    

4.3704  4.7131  4.3704  4.7131     4.3704  4.3704  4.3704  4.3704    

4.6978  4.7131  4.6978  4.7131     4.6978  4.7117  4.6978  4.7117    

4.4440  4.7131  4.4440  4.7131     4.4440  4.4439  4.4440  4.4439    

4.9524  4.7131  4.9524  4.7131     4.9524  4.9523  4.9524  4.9523    

5.5586  4.2212  5.5586  4.2212     5.5586  5.5586  5.5586  5.5586    

   6.5399  4.2212        6.5399  4.2186    

5.6073  4.2212  5.6073  4.2212     5.6073  5.6073  5.6073  5.6073    

5.2840  4.2212  5.2840  4.2212     5.2840  5.2840  5.2840  5.2840    

   5.9406  3.7269        5.9406  3.7237    

5.6192  5.6192  5.6192  5.6192     5.6192  5.6129  5.6192  5.6129    
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5.2441  3.7269  5.2441  3.7269     5.2441  5.2441  5.2441  5.2441    

   5.6436  3.7269        5.6436  3.7237    

   6.5110  1.9858        6.5110  1.9825    

   7.0004  1.9858        7.0004  1.9820    

5.0658  3.7269  5.0658  3.7269     5.0658  5.0658  5.0658  5.0658    

2.8291  3.7269  2.8291  3.7269     2.8291  2.8291  2.8291  2.8291    

2.5534  3.7269  2.5534  3.7269     2.5534  2.5534  2.5534  2.5534    

2.7951  3.7269  2.7951  3.7269     2.7951  2.7951  2.7951  2.7951    

2.3810  3.7269  2.3810  3.7269     2.3810  2.3810  2.3810  2.3810    

2.2054  3.7269  2.2054  3.7269     2.2054  2.2054  2.2054  2.2054    

2.2646  3.7269  2.2646  3.7269     2.2646  2.2646  2.2646  2.2646    

2.8594  1.9858  2.8594  1.9858     2.8594  2.8594  2.8594  2.8594    

2.2041  1.9858  2.2041  1.9858     2.2041  2.2039  2.2041  2.2039    

2.2652  1.9858  2.2652  1.9858     2.2652  2.2651  2.2652  2.2651    

1.9552  1.9858  1.9552  1.9858     1.9552  1.9827  1.9552  1.9827    

2.1369  1.9858  2.1369  1.9858     2.1369  2.1364  2.1369  2.1364    

2.2730  1.1146  2.2730  1.1146     2.2730  2.2730  2.2730  2.2730    

1.9184  1.1146  1.9184  1.1146     1.9184  1.9184  1.9184  1.9184    

1.5224  1.1146  1.5224  1.1146     1.5224  1.5223  1.5224  1.5223    

1.4624  1.1146  1.4624  1.1146     1.4624  1.4623  1.4624  1.4623    

1.6454  1.1146  1.6454  1.1146     1.6454  1.6454  1.6454  1.6454    

0.9732  1.1146  0.9732  1.1146     0.9732  0.9730  0.9732  0.9730    

1.0854  1.1146  1.0854  1.1146     1.0854  1.1098  1.0854  1.1098    

0.5886  1.1146  0.5886  1.1146     0.5886  0.5886  0.5886  0.5886    

0.5210  1.1146  0.5210  1.1146     0.5210  0.5210  0.5210  0.5210    

0.3892  1.1146  0.3892  1.1146     0.3892  0.3892  0.3892  0.3892    

0.8271  1.1146  0.8271  1.1146     0.8271  0.8269  0.8271  0.8269    

1.1294  1.1146  1.1294  1.1146     1.1294  1.1095  1.1294  1.1095    

1.1895  1.1146  1.1895  1.1146     1.1895  1.1095  1.1895  1.1095    

0.9068  1.1146  0.9068  1.1146     0.9068  1.1095  0.9068  1.1095    

0.1788  1.1146  0.1788  1.1146     0.1788  0.1788  0.1788  0.1788    

0.2458  1.1146  0.2458  1.1146     0.2458  0.2458  0.2458  0.2458    

0.5440  1.1146  0.5440  1.1146     0.5440  0.5440  0.5440  0.5440    

1.0480  1.1146  1.0480  1.1146     1.0480  1.1095  1.0480  1.1095    

0.8255  1.1146  0.8255  1.1146     0.8255  0.8253  0.8255  0.8253    

1.0955  1.1146  1.0955  1.1146     1.0955  1.1095  1.0955  1.1095    

1.2402  1.1146  1.2402  1.1146     1.2402  1.2394  1.2402  1.2394    

1.5663  1.1146  1.5663  1.1146     1.5663  1.5662  1.5663  1.5662    

1.2389  1.1146  1.2389  1.1146     1.2389  1.1095  1.2389  1.1095    

1.0511  1.1146  1.0511  1.1146     1.0511  1.1095  1.0511  1.1095    
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0.8696  1.1146  0.8696  1.1146     0.8696  0.8694  0.8696  0.8694    

1.0363  1.1146  1.0363  1.1146     1.0363  1.1095  1.0363  1.1095    

0.8370  1.1146  0.8370  1.1146     0.8370  0.8368  0.8370  0.8368    

0.9930  1.1146  0.9930  1.1146     0.9930  0.9926  0.9930  0.9926    

1.0482  1.1146  1.0482  1.1146     1.0482  1.1097  1.0482  1.1097    

0.9641  1.1146  0.9641  1.1146     0.9641  1.1097  0.9641  1.1097    

0.7451  1.1146  0.7451  1.1146     0.7451  0.7450  0.7451  0.7450    

0.5950  1.1146  0.5950  1.1146     0.5950  0.5950  0.5950  0.5950    

0.4614  1.1146  0.4614  1.1146     0.4614  0.4614  0.4614  0.4614    

0.0305  1.1146  0.0305  1.1146     0.0305  0.0305  0.0305  0.0305    

-0.1099  1.1146  -0.1099  1.1146     -0.1099  -0.1099  -0.1099  -0.1099    

-0.0760  1.1146  -0.0760  1.1146     -0.0760  -0.0760  -0.0760  -0.0760    

0.2755  1.1146  0.2755  1.1146     0.2755  0.2755  0.2755  0.2755    

0.9495  1.1146  0.9495  1.1146     0.9495  0.9494  0.9495  0.9494    

1.2752  1.1146  1.2752  1.1146     1.2752  1.2749  1.2752  1.2749    

1.2400  1.1146  1.2400  1.1146     1.2400  1.2395  1.2400  1.2395    

0.8830  1.1146  0.8830  1.1146     0.8830  0.8829  0.8830  0.8829    

0.7226  1.1146  0.7226  1.1146     0.7226  0.7226  0.7226  0.7226    

0.7358  1.1146  0.7358  1.1146     0.7358  0.7358  0.7358  0.7358    

0.7625  1.1146  0.7625  1.1146     0.7625  0.7624  0.7625  0.7624    

0.8026  1.1146  0.8026  1.1146     0.8026  0.8025  0.8026  0.8025    

1.8287  1.1146  1.8287  1.1146     1.8287  1.8287  1.8287  1.8287    

1.5603  1.1146  1.5603  1.1146     1.5603  1.5603  1.5603  1.5603    

1.6108  1.1146  1.6108  1.1146     1.6108  1.6108  1.6108  1.6108    

1.5960  1.1146  1.5960  1.1146     1.5960  1.5960  1.5960  1.5960    

1.6453  1.1146  1.6453  1.1146     1.6453  1.6453  1.6453  1.6453    

1.9033  1.1146  1.9033  1.1146     1.9033  1.9033  1.9033  1.9033    

1.7226  1.1146  1.7226  1.1146     1.7226  1.7226  1.7226  1.7226    

1.8081  1.1146  1.8081  1.1146     1.8081  1.8081  1.8081  1.8081    

1.7587  1.1146  1.7587  1.1146     1.7587  1.7587  1.7587  1.7587    

1.7455  1.1146  1.7455  1.1146     1.7455  1.7455  1.7455  1.7455    

1.4290  1.1146  1.4290  1.1146     1.4290  1.4290  1.4290  1.4290    

 

 


