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Figure 3: Autocorrelations (AC) of IBM’s closing prices and their
£ve decomposed channels using the A Trous wavelet transform

Table 1: Low correlations for most channels beyond the lag pe-
riod, based on the wavelet transforms in Figure 3.

Decomposed || Days with ACF > 0.5 | Lag
Signal IBM | MSFT
w1 1 1 0
wa 3 2 2
w3 7 6 6
ws 14 14
ca 50+ 30

(MSFT) closing prices. The results show that, except for
cy4, signals beyond the lag period are weakly correlated to
signals available in the decomposed time series, making it
diffcult to predict beyond the lag period.

Due to a lack of correlation between signals in the high-
frequency components and those beyond the lag period
and the fact that high-frequency components generally have
small magnitudes, we only consider in this paper the predic-
tion of the low-frequency components of daily closing stock
prices. Specifcally, we use a 20-tap low-pass £lter designed
by Matlab function firls(20,[00.10.21],[11 0 0]). (Other
low-pass £lters will give similar results.) The low-pass £lter
will incur a 10-day lag in the smoothed time series. Fur-
ther, for the same reason as in (Zheng et al. 1999), we do
not use differencing to improve the stationarity of the low-
frequency component because we do not want to introduce
cumulative errors when stock prices are reconstructed from
the differenced time series.

As mentioned before, another critical issue to be ad-
dressed in a low-pass time series is the edge effects incurred.
Existing schemes handle these effects by extending the raw
data R(t) into the future in order to obtain low-pass data
up to current time to. Some of these common techniques
include wrap-around, mirror extension, ¥at extension, and
zero-padding (Masters 1995) and are illustrated in Figure 4.

For example, suppose we use a 20-tap £lter, and the cur-
rent time is at to. Low-pass data is only available up to
time ¢ty — 10 because a 20-tap low-pass £lter needs raw data
R(to — 20) to R(tp) in order to generate S(to — 10). To
obtain the missing low-pass data S(to — 9) to S(to), Hat ex-
tension assumes that future raw data R(to + h) = R(¢o) for
all h = 1,2, --- 10 before the 20-tap low-pass £lter is ap-
plied to obtain S(ty — 9) to S(to). Figure 4 clearly shows
that, when a trend is present in the raw data, wrap-around
and zero-padding do not work well because they may cause
abrupt jumps at the transition point at £y. In contrast, mir-
ror and Xat extensions work well in part of the lag period.
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Figure 4: Four approaches for handling edge effect by extending
raw data beyond g in order to feed them to the low-pass £ltering
process. Solid lines represent raw data up to to, and dashed lines
illustrate extensions to raw data made from ¢g + 1 and beyond.
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Figure 5: Average errors of IBM’s closing prices between April 1,
1997, and March 31, 2002, on four approaches for handling edge
effects (m = 10,q = 7).

Figure 5 shows that both methods have small average errors
for the £rst seven estimated low-pass points in the lag pe-
riod with respect to true low-pass data, and Xat extensions
perform slightly better. Other results (not shown) have simi-
lar behavior. This is a surprising result, as mirror extensions
have traditionally been viewed as better.

We have also studied the approximation of raw data points
in the lag period by a low-order polynomial curve using
poly fit, a polynomial £tting procedure in Matlab. The ob-
jective is to £nd the coeffcients of a polynomial function
that minimizes the mean squared errors over the lag period
between the raw and £tted smoothed data. Figure 5 shows
that the average errors achieved by polynomial £ts of degree
one are generally larger (£ts of higher degrees give worse
errors). Note that the errors are particularly large at the be-
ginning of the lag period because the £tted curve is not con-
strained to have small errors at the transition point.

Yet another method studied is to train an ANN using low-
pass data available in order to predict the low-pass data in
the lag period. Assuming a lag period of size m, we used
a constrained ANN formulation but without the constraints
on cross-validation proposed in Section III, trained the ANN
to perform one-step predictions using patterns up to to — m,
and applied the ANN to perform iterative predictions on data
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in the lag period. The results in Figure 5 show clearly that
such an approach performs poorly and justify the need for
developing more powerful formulations.

Among all the methods tested, Xat extensions achieve the
smallest average errors for the £rst seven days of the lag
period, but have considerably larger errors in the last three
(Figure 5). Therefore, in our experiments, we use Hat exten-
sions to generate seven new training patterns (low-pass data)
for the £rst seven days of the lag period, but include an addi-
tional constraint on the raw data in the last three (described
in the next section).

ITI. ANNs for Predicting Filtered Stock Prices

The prediction problem studied in this paper is complex due
to the non-stationarity of the time series, multiple objec-
tive measures that may not be in closed form, and missing
training patterns in the lag period. As a result, it cannot be
solved by conventional ANN training methods that perform
local searches of a single unconstrained closed-form objec-
tive function. In this paper, we adopt a constrained formula-
tion and training strategy we have developed recently (Wah
and Qian 2001a), and propose new constraints on raw data
in the lag period and on cross validations. By providing new
information in constraints that leads a trajectory to reduced
constraint violation, a search can overcome the lack of guid-
ance in traditional unconstrained formulations when a tra-
jectory is stuck in a local minimum of its weight space.

As proposed in (Wah and Qian 2001a), we introduce a
constraint on the output error of each training pattern:

pP(w) = (o(i) —d(i)* <7F, 1<i<W, @)

where o(i) and d(i) are, respectively, the i*" actual and de-
sired (target) outputs, 77 is the error tolerance, and W is the
window size of the time series used in learning.

We formulate the training objective to be the minimiza-
tion of the sum of squared one-step prediction errors over a
window of training patterns in a recurrent FIR ANN (RFIR)
shown in Figure 2. We use the one-step error instead of
the more complex iterative prediction error over a horizon
because it allows gradients to be computed easily by back-
propagation. The complex iterative prediction errors are for-
mulated as constraints in cross validations.

Next, we introduce new constraints to limit errors from
multiple validation sets in cross validations. In traditional
approaches, cross validations involve the computation of a
performance measure on a set of patterns available in train-
ing. Since the measure used in cross validations is the same
as that in training, patterns used in cross validations and
training must be different. The approach of formulating er-
rors in cross validations as constraints not only allows mea-
sures that are different from those in learning to be used, but
allows patterns in learning and cross validation to be shared.
In our work, we avoid over£tting by using small networks
along with constraints on iterative validation errors in the
validation sets.

Our cross validation simulates as closely as possible the
testing process after learning is completed and compares
the results of iterative predictions by a trained ANN against
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Figure 6: Illustration of constraints on lag period. Outputs of the
network in the lag period is constrained to be centered by raw data.

known training patterns. Here, we de£ne a validation set to
be a collection of L. = m + h training patterns, where m is
the size of the lag period and h is the horizon to be predicted.
Starting from the £rst pattern in the validation set, we per-
form a Xat extension of the patterns in the £rst g of the m
patterns (described in the last section), perform ¢ single-step
predictions using the ¢ extended patterns as inputs, and then
perform iterative predictions on the next h + m — q patterns.
As training patterns have to be estimated in the lag period
and substantial errors are incurred on patterns beyond the
lag period, it is more diffcult for cross-validation errors to
converge. At this point, instead of summing the squares of
all the A errors into a single error, as done in (Wah and Qian
2001a), we keep them separately, average the absolute error
(M AE) at each horizon over multiple validation sets, and
constrain each against a prescribed threshold. Based on the
M AFE and hit rate metrics de£ned in Section I, there are 2h
additional constraints:

U < v
gggzﬁ; - :% 1<e<h, @)
e — e

where p?(w) (resp. pL(w)) is the average validation error
(resp. residual hit rate 1 — H (e)) at position e, and 77 (resp.
77) is the corresponding tolerance. As we expect both val-
idation errors and residual hit rates to increase with an in-
creased horizon, we set 7, and 7. to be monotonically in-
creasing functions with respect to e.

The last constraint to be added involves the m — ¢ pat-
terns in the lag period that are not predicted accurately by
Hat extensions. As illustrated in Figure 6, the idea is to con-
strain the predictions of the trained ANN in such a way that
its outputs (smoothed data) are centered around the raw data
in the entire lag period.

to—m+q to

=Y o®)-R®+ > S®-RM) <7, )

t=tg—m-+1 t=tg—m+q+1

where 77 is the tolerance for this error.
Putting all the constraints together, we have:

min,, Z max {(o(z) — d(i))2 -, 0} 6)
i=1
pP(w) <P, 1<i<W,
pe(w) <7, 1<e<h,

s.t. p:('lU) S 7_;‘
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Figure 7: Hit rates of AR on 1,100 consecutive predictions
between April 1, 1997, and March 31, 2002, using low-pass
£ltered data of Citigroup.

Since (6) is a constrained nonlinear programming prob-
lem (NLP) with non-differentiable functions, it cannot be
solved by the traditional back-propagation algorithm or La-
grangian methods that require the differentiability of func-
tions. To address this issue, we apply a new violation-
guided back-propagation algorithm (VGBP) we have de-
veloped (Wah and Qian 2001a; 2001b) to solve this con-
strained problem. VGBP works on the Lagrangian func-
tion transformed from (6) and searches for discrete-space
saddle points based on the theory of Lagrange multipliers
for nonlinear discrete constrained optimization (Wah and
Wu 1999). It does this by gradient descents in the orig-
inal weight space and ascends in the Lagrange-multiplier
space, using an approximate gradient of the objective func-
tion found by back-propagation and according to the viola-
tion of each constraint. Interested reader can refer to (Wah
and Qian 2001b) for details about the VGBP algorithm.

The tolerances 77, 7, 7" and 7° are set by the relax-and
tighten strategy in VGBP. This strategy is based on the ob-
servation that looser constraints are easier to satisfy, while
achieving larger violations at convergence, and that tighter
constraints are slower to satisfy, while achieving smaller vi-
olations at convergence. By using loose constraints in the
beginning and by tightening the constraints gradually, learn-
ing converges faster with tighter tolerances.

IV. Experimental Results

In this section we compare the performance of our proposed
constrained ANN with edge effects handled by Xat extension
(FE-NN) against four benchmark methods: simple Carbon
Copy (CC), auto-regression (AR), ANN similar to FE-NN
but without handling edge effects and no cross-validation
(NN), and predictions using ideal data in the lag period (IP).
CC is easy to implement because it always predicts future
data to be same as the most recent available true data. AR
was tested using the TISEAN implementation (Hegger and
Schreiber 2002). We also constructed an ideal predictor (IP)
in order to establish an upper bound on prediction accuracy.
Based on true low-pass data in the £rst seven data points in
the lag period (instead of predicting them based on Hat ex-
tensions as in FE-NN), an ANN trained by VGBP is applied
to predict the last three missing low-pass data in the lag pe-
riod and future low-pass data. IP will give an approximate
upper-bound accuracy that can be achieved, as it uses seven
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Figure 8: Hit rates on 1,100 consecutive predictions between
April 1, 1997, and March 31, 2002, using predictors of Car-
bon copy (CC), auto-regression with order of 30 (AR(30)),
traditional neural network (NN), neural network using con-
strained formulation coupled with Xat extension technique
(FE-NN), and ideal predictor (IP).

error-free low-pass data in the lag period that are unavailable
otherwise. We tested the aforementioned predictors using
three times series based on the closing prices of IBM (sym-
bol IBM), Citigroup (symbol C) and Exxon-Mobil (symbol
XOM) from April 1, 1997, to March 31, 2002.

Figure 7 shows the hit rates over different horizons by AR
with a variety of orders over 1,100 predictions using low-
pass £ltered data of Citigroup. As there is a ten-day lag in
the low-pass data, AR will need to predict data for ten days
in the lag period before predicting into the future. Conse-
quently, its £rst true prediction starts at the 11*" day, and the

prediction at horizon A is its (h + 10)*" prediction. The re-
sults show that pure AR does not provide any useful predic-
tion because its hit rate is always around 50%. Moreover, in-
creasing its order does not improve the accuracy. Similar re-
sults have also been observed for the IBM and Exxon-Mobil
stock prices. This poor performance may be attributed to the
non-stationarity of the time series and the need to predict in
the lag period. As AR(30) gives relatively better results, we
use it in the remaining experiments on AR.

Figure 8 plots the hit rates for the £ve predictors. It
shows that CC, AR(30) and NN behave like random walks
over the ten-day horizon, as they always have around 50%
chance to give the correct direction of price changes. On the
other hand, our proposed FE-NN can achieve hit rates sig-
nifcantly higher than 50% over small horizons (one to £ve
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Table 2: Normalized mean square errors (nM S E's) over 1,100 predictions made between April 1997 and March 2002 using £ve predictors:
carbon copy (CC), autoregression with order 30 (AR(30)), traditional neural network (NN), neural network with constrained formulation and
xat extension technique (FE-NN), and an ideal predictor (IP) which uses 7 true low-pass data in the lag period.

Stock Citigroup IBM Exxon-Mobil
Horizon 1 5 10 1 5 10 1 5 10
C.C 0.061 0.087 0.121 || 0.085 0.130 0.193 || 0.122 0.165 0.220
AR(30) || 0.055 0.106 0.168 || 0.068 0.133 0.208 || 0.136 0.224 0.339
NN 0.086 0.173 0.253 || 0.095 0.310 0.541 || 0.183 0.362 0.657
FE-NN || 0.010 0.052 0.128 || 0.013 0.063 0.153 || 0.019 0.094 0.210
1P 0.002 0.033 0.131 || 0.003 0.022 0.182 || 0.005 0.067 0.266
ijg | Targét ’ S. Haykin. Neural Networks: A Comprehensive Founda-
120 b Prediction ——— A tion. Prentice Hall, NJ, 2 edition, 1999.
8 100t R. Hegger and T. Schreiber. The TISEAN software pack-
* el age. http://www.mpipks-dresden.mpg.de/ tisean, 2002.
60 | T. Hellstrom and K. Holmstrom. Predicting the Stock
a0 b Market.  Technical Report Series IMa-TOM-1997-07,
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Figure 9: Predictions of FE-NN on a three-day horizon as com-
pared to the actual low-pass data on the 1,100-day closing prices of
IBM between April 1, 1997, and March 31, 2002.

days). For these horizons, IP performs better than FE-NN.
However, at large horizons (six days and beyond), IP per-
forms statistically the same as FE-NN.

Figure 9 plots the predictions of FE-NN for a three-day
horizon, as compared to the actual low-pass data, on the
1,100-day closing prices of IBM between April 1, 1997, and
March 31, 2002. The results show that the predictions track
well with the actual low-pass data.

Table 2 shows the nM S Es of the £ve predictors over the
1,100 predictions. AR(30) and NN do not perform well be-
cause they need to predict iteratively in the ten-day lag pe-
riod before predicting into the future. FE-NN improves sig-
nifcantly over CC and AR(30), especially for small hori-
zons, and out-performs traditional NN over all horizons.
Again, the table shows that FE-NN has errors closest to
those of IP over small prediction horizons, and achieves
slightly better nM SE at longer horizons. (Note that IP only
gives an approximate upper bound on prediction accuracy).
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