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Using a Sample-dependent Coding Scheme for Two-Part MDL

In this paper we report on our investigation on how using sample-dependent c o d i n g s c hemes can lead to poor results in applying Rissanen's Minimum Description Length (MDL) principle Ris89]. The MDL principle is one of the many k n o wn model selection methods in the eld of 'machine learning', 'statistics' or 'inductive inference'. We analyze the experimental results presented in KMNR97] and provide a method to avoid the over tting. We do so by using a di erent c o d i n g s c heme than in KMNR97].

Introduction

Rissanen's Minimum Description Length (MDL) principle Ris89] is one of the many known model selection methods in the eld of 'machine learning', 'statistics' or 'inductive inference'. The general idea of MDL can be explained as follows : We w ant to model some regularities or dependencies in the data. These regularities in the data can be used to compress the data. Models describe regularities in the data. The more regularity of the data some model captures, the more it can compress the data. Therefore, the model that enables us to compress the data the most is the best model. Two-Part MDL (TP-MDL) is one way to use this idea. What we do is describe the data in two parts, hence the name. First, we describe the model. Second, we describe the data using the model. The model describes the regularities in the data, the description of the data using the model codes the deviation of the data from these regularities.

In the following we w i l l assume that models can be ordered by their complexity. For now think of model complexity a s t h e n umber of parameters in a model.

Suppose we w ant to model some data generating system and we are given more and more examples of the behavior of the system. TP-MDL would typically start selecting simple models when the sample size is still small. As more and more examples become available TP-MDL usually selects more and more complex models, until it converges to some constant model complexity. 1 However, in the experiments described in KMNR97] TP-MDL selected very complex models until some numberm of examples had been reached. The model complexity o f the selected models converged very rapidly if the number of examples was greater than m . The experimental results obtained for TP-MDL in KMNR97] surprised us. We had two main questions: Would TP-MDL be applied correctly in KMNR97]? Can we devise a coding scheme such that the performance of TP-MDL is improved?

Experiments

In this section we discuss the experiments we conducted to answer the second question. Furthermore, we give some arguments why w e think one should not use sample-dependent c o d i n g s c hemes for TP-MDL.

Problem Domain

The interval function selection problem, as de ned in KMNR97], can be de ned as follows. The data source is a function f d : 0 1] ! f 0 1g that divides the interval 0 1] into d + 1 equal intervals, each labeled zero or one. We call such functions interval functions. The examples are drawn according to a uniform distribution on X = 0 1]. The data sequences consist of pairs (x 2 X y2 Y = f0 1g). The value f d (x) is zero in the rst and all other odd intervals, it is one in all other intervals. The task of the inference algorithms is to output some interval function. Ideally the algorithm should output the model that models the data generating function the best. The training data is corrupted with some noise to make the setting more realistic.

Coding Schemes

Now, we g i v e the coding scheme that was used in KMNR97] to code the interval functions, we call this coding scheme K MD L . KMDL In KMNR97] the set of possible parameter values is restricted to the x-data. This is motivated by the observation that the x-data is guaranteed to yield optimal parameter values. So in this coding scheme the data is not only used to select a h ypothesis, the data is also used to describe a h ypothesis. To c o d e a model using this coding scheme, we rst code the number of parameters t. Next, we c o d e t h e i n d e x o f t h e function in an enumeration of all interval functions with t parameters, such that the parameters are restricted to the x-data. That is: we code the index of the function in an enumeration of all subsets with t elements of the 1 See BRY97]. Why should we use a sample-independent c o d i n g s c heme to code the models? We g i v e t wo arguments below, followed by the sample-independent coding scheme we used.

1. When we use a sample-dependent coding scheme to code the models, we do not describe a model that maps some arbitrary x-data to the Y -domain. What we obtain if we decode the codeword generated by K MD L is a function that gives us a function f : X ! Y if we p r o vide a set of x-data points. Thus, K MD Lcodes a function f 0 : X m ! (X ! Y ), where X m is the set of sets with m values from the X-domain. Usually, we use a function f : X ! Y , as these functions give us a dependency between X and Y , the dependency we w ant to model. 2. If we w ant to use the KMDL coding scheme to code a model (dependency between X and Y ), we should provide the function f 0 and the x-data of the sample. So, KMDL provides us with an e cient way to code a model, given some speci c x-data. However, KMDL is quite an ine cient w ay to code a model for some unspeci ed x-data set. So we can use the model to compress the observed data, but in general it will not enable us to compress some other data. We i n tuitively would like t o h a ve a model that allows us to compress any data (given that it is generated by the same data generating function). Now, we g i v e a sample-independent coding scheme to code models.

MDLpss In this coding scheme we do not restrict parameter values to the x-data. First, we c o d e t h e n umber of bits p, that is used to code one parameter value. Second, code the number of parameters t of the hypothesis. Third, code the index number of the function in the standard lexicographical enumeration of all functions with t parameters encoded using p bits precision.

To e v aluate the performance of TP-MDL using these coding schemes we conducted several experiments.

Results and Conclusions

Using M D L pss improves performance in two w ays (see Figure 1): First, the over tting that resulted from using K MD Ldoes not occur, instead under tting occurs. Second, the number of examples needed to output the target number of parameters is considerably smaller when using M D L pss.

However, using M D L pss, the quality o f parameter estimation decreases dramatically. With the quality o f parameter estimation we m e a n h o w good the algorithm estimates the parameter values. Due to the minimization of code length the number of bits used by M D L pss to code the parameters will be relatively small for small samples. The di erence is even so dramatic that K MD Loutperforms M D L pss in terms of generalization error. However, we can compensate for this by using M D L pss only to select the number of parameters for the model and using Maximum Likelihood to select the actual parameter values. Further research should be carried out to nd out whether this is in general a good method. A more elaborate report on this research i s g i v en in Ver98].
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 1 Figure1: Plot of sample size, m, against hypothesis complexity, using a noise-rate of = 0 :2.