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Abstract

This paper illustrates the characteristics of the
multiple decision-tree (MDT) model, which we
proposed in a previous work. MDT is an exten-
sion of the decision-tree model and is proposed
for its robustness against input uncertainty. We
present simulation results to show that the MDT
model is task-independent and outperforms both
the conventional decision-tree model and the ma-
jority model against noisy inputs.

1 Introduction

With a few exceptions, conventional written-
language processing requires an implicit assump-
tion that the input of a process has no uncertain-
ties such as noise. Input texts are always given
correctly without di�culty, thus we do not need
to worry about input reliability.
In contrast, however, we have to give some con-

sideration to noisy inputs in spoken-language pro-
cessing. This is because acquisition of completely
correct speech recognition results is impossible.
In a spoken-language translation task, the trans-
lation module is not expected to obtain noiseless
inputs.
One strategy to avoid noise is to remove the

noise to produce correct utterances. Although
many e�orts are turned to developing error re-
covery technology for speech recognition results,
satisfactory performance has not yet been accom-
plished. Consequently, the language processing
module itself requires robustness against input
noise.
Against this background, we have proposed a

robust resolution engine which utilizes multiple
decision trees [2] (hereafter called MDT). In our
preceding work, we reported that this model is the
most e�ective in a real-world task, i.e., a noisy el-
lipsis resolution task. In this task, we have proven

that MDT outperforms the conventional (single)
decision-tree (hereafter called SDT, named to pro-
vide clear contrast with MDT) models with re-
spect to both real speech recognition results and
arti�cial inputs with all kinds of errors.
The aim of this paper is to characterize the

MDT model with some simulation results. In or-
der to prove the task-independency of the model,
we have de�ned an arti�cial task. We computed
the performance of the proposed model, as well
as that of an SDT model and a majority model.

2 Multiple Decision-Tree Model

MDT is an extension of the decision-tree model
designed for input-noise robustness. The model
consists of a collection of SDTs and a selection
criterion from the many decisions that SDTs pro-
vide. All SDTs are built by the same training
instances, and have di�erent attribute sets from
each other. The decision criterion judges the leaf
with the most concentrated instances as the most
reliable decision against input noise.
Figure 1 illustrates the basic idea. Even if there

may be some doubtful (i.e., noisy) attributes, the
conventional (single) decision-tree model has no
alternative decisions, thus SDT is helpless against
input noise. In contrast, MDT can choose the
most dependable decision as its �nal one. As a
criterion for decision selection, we proposed uti-
lizing a number of training instances in the deci-
sion leaf. We estimated that the decision with the
maximum instances is the most reliable against
noise. Thus in �gure 1, decision D2 is chosen as
MDT's decision.
Each SDT which MDT uses as a decision can-

didate has a di�erent set of attributes. Because
the number of attributes is limited in a general
situation, attribute sets are provided as subsets
of obtainable attributes.
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Figure 1: Outline of MDT model

3 The Simulation

Themain purpose of this simulation is to know (1)
whether or not the model is dependent on a cer-
tain task, i.e., ellipsis resolution task which is our
object in the previous work, and (2) what combi-
nation for providing decision trees would perform
better. We conducted simulations of an arti�cial
task and computed the MDT performance of a
variety of tree combinations.

3.1 Task and MDT De�nitions

The task is de�ned as follows. The number of
attributes N is 10, and the number of classes is
10. The attribute value is binary. Each decision
tree is a binary tree and no pruning is conducted.
We adopted the well-known C4.5 [1] algorithm for
building trees.
The training set S consists of SD and SS , each

of which is created in this order as follows:

Duplicated instance set(SD) Create one in-
stance at random which has no contradic-
tion. Here, contradiction means a situation
in which the same attribute values give a
di�erent class. Then copy this randomly-
created instance for the range of (1 � � � 100)
times, where the duplication number is also
determined at random. Finally repeat this
process until the number of created instances
exceeds 1000.

Single instance set(SS) Create one instance
which has no contradiction against any in-
stances in both SD and SS. Repeat this pro-
cess 1000 times.

In this simulation, we created 1084 instances
for SD, and 1000 instances for SS. The purpose of
mixing di�erent kinds of instances for training is
to measure accuracy di�erences between SD and
SS .
In the experiment, we calculated 10 MDTs,

that is, MDT(i) (i = 1; � � � ; 10), where MDT(i)
consists of all combinations of the SDTs with i or
more attributes. For example, MDT(9) involves
11 SDTs, which consist of 10 SDTs with 9 at-
tributes and 1 SDT with 10 attributes. Similarly,
MDT(8) involves 56 trees, and MDT(1) 1023 trees
in total. The number of SDTs and the number of
decision candidates for MDT(i) are shown in ta-
ble 1.
The arti�cial errors are inserted as follows. For

each instance in S, we randomly select one at-
tribute and insert an error in its value, i.e., reverse
the value, since the value is binary. These noisy
instances are used as input for the simulation.
Against the noisy inputs mentioned above, we

computed the accuracies of all SDTs, each of
which uses di�erent attributes from each other,
and 10 MDTs. For comparison purposes, we also
calculated the accuracy of the majority model,
majority(i), which selects the most frequently-
answered class among all of the SDTs' decisions,



Table 1: Number of SDTs and number of candidates for MDT(i) and majority(i)

Number of attributes 1 2 3 4 5 6 7 8 9 10
Number of SDTs 10 45 120 210 252 210 120 45 10 1
Number of candidates 1023 1013 968 848 638 386 176 56 11 1
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Figure 2: Simulation results with one errors

against the SDTs just as those in the sets in the
MDTs. The number of constituents for determin-
ing the �nal decisions as majority(i) is also seen
in table 1.

4 Simulation Results

Figure 2 illustrates a simulation result in a certain
random seed. In the �gure, the performances of
the MDTs, the majority models, and the SDTs
are illustrated by a solid line, a dotted line, and
cross marks, respectively. Similar characteristics
are obverved regardless of the random seeds.
The results show that if there is one error

in any of the attributes of the input, the SDT
with 10 attributes performs with 10.4% accu-
racy and the majority model of more than nine-
attribute decision trees performs with 16.0% accu-
racy, whereas our proposed model, MDT(9), per-
forms with 57.6% accuracy against one-error in-
puts. Although the best performance is achieved
by majority(5), which attains 58.7% accuracy, it
is logically 58 (= 638 / 11) times heavier and
slower than MDT(9), hence MDT(9) is practically
the best resolution engine.
In many cases there is a tendency for eachMDT

decision to choose the leaf that is built by the
smallest number of attributes. This is not a sur-
prising phenomenon, because the fewer attributes
used to build the decision tree, the larger the
instances each leaf has in average. And also in
general, the resolution accuracy slips if informa-
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Figure 3: Simulation results with two errors
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Figure 4: Simulation results with three errors

tion (i.e., the number of attributes) for the res-
olution engine decreases. That is why the accu-
racy of the MDTs decreases along with the num-
ber of attributes. However, it is not clear why
MDT(4) is the worst among the 10 MDTs except
for MDT(10).

It is interesting to note that the best SDT on
average is the four-attribute one. However, as
mentioned, MDT(4) performs the worst. There
seems to be a negative correlation between SDT
performance and MDT performance, although the
reason for this is unknown at this time.

Originally, MDT was designed to save
frequently-appeared instances from noise. The re-
sult indicates that our purpose has been realized:



As described, accuracy of 57.6% is observed in
MDT(9), but in detail, that of SD is 96.5%1. It is
obvious from this data that if training instances
are somehow biased, the MDT mechanism is ex-
pected to work more e�ectively.

4.1 Performance against Amount of
Noise

The reason that MDT(9) performs best may be
that e = 1, where e is the number of noises in each
input instance. If so, it may change to MDT(8),
if e changes to 2. Thus, in order to investiate
the relation between the amount of errors and
the model performance, we also conducted exper-
iments against two- and three-error inputs. Fig-
ures 3 and 4 show the results of simulations. In
these simulations, the training instances and the
simulation conditions are all the same except for
the number of errors.
It is proven by the simulations that the

best MDT outperforms all of the SDTs and
majority(i). As shown in the �gures, MDT(8) at-
tains 46.4% accuracy in the two-error condition,
and MDT(7) attains 30.8% accuracy if e = 3.
Considering these results, we have reached the
important conclusion that there is a relation be-
tween the number of errors and the i of MDT(i).
We claim that MDT(N � e) gives the best per-
formance, where N denotes the number of all at-
tributes which can be provided and e denotes the
number of expected errors in inputs. All of the
�gures mentioned above support this hypothesis.

4.2 Performance for Error-Free Inputs

As the �nal simulation, we input noiseless train-
ing instances into MDT, to measure its charac-
teristics. Figure 5 illustrates the results. In this
simulation, we use the same training set S as in-
put, thus this simulation is a closed performance
measurement.
These results also coincide with the discussion

of the last subsection; i.e., MDT(N � e) performs
best, since e is 0 in this simulation. In fact, it is
useless to use the MDT engine in a situation of
no contradiction, since an SDT with all attributes
provides su�cient performance. However, it is
possible for MDT to outperform SDT in certain
real-world situations in which we can not obtain
enough features for resolution. In fact, we re-
ported in [2] that MDT outperforms the best SDT
in a noiseless ellipsis resolution task. Determining
the situations in which this may happen remains
as a topic for future work.

1In contrast, however, that of SS is only 15.5%.
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Figure 5: Simulation results with no errors

5 Conclusion

We have characterized the MDT model that we
proposed in our previous work, by conducting
some simulations. The results have proven that,
in an arti�cial task, MDT outperforms the con-
ventional decision-tree model and the simple ma-
jority model against noisy inputs. It was revealed
that our proposed model, MDT, has the following
features:

1. MDT is a task-independent model.

2. MDT works e�ectively if we provide decision
trees according to the amount of errors.

3. MDT works e�ectively in tasks in which the
training instances are somehow biased.

It is common sense in conventional decision-tree
learning that increasing the number of attributes
indiscriminately causes the performance to drop,
thus attention is paid to the reduction of power-
less attributes. In contrast, however, our MDT
model is a complex consisting of a combination
of attributes, hence it is not necessary to make
an attempt to consider each attribute's power. In
this sense also, our model may be more advanta-
geous than the SDT model, since we concentrate
on providing as many attributes as possible.

References

[1] John Ross Quinlan. C4.5: Programs for Ma-
chine Learning. Morgan Kaufmann, 1993.

[2] Kazuhide Yamamoto and Eiichiro Sumita.
Multiple Decision-Tree Strategy for Error-
Tolerant Ellipsis Resolution. In Proc. of Nat-
ural Language Processing Paci�c-Rim Sympo-
sium (NLPRS'99), pp. 292{297, 1999.


