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ABSTRACT 

For my project, I modified the SBB code to reduce its training 

time and achieve cache constancy. Performance of the modified 

algorithm was evaluated on three datasets from the 2003 NIPS 

competition and benchmarked against the original SBB algorithm. 

The results show a significant reduction in training time while 

maintaining or improving classification accuracy and solution 

complexity. 
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1. INTRODUCTION 
In summary, the SBB algorithm [2] employs the team-based 

framework for model building in which a group of specialist 

learners that operate on non-overlapping feature spaces, are 

utilized in a cooperative manner to solve a problem. The 

architecture of the algorithm consists of three populations: a 

population of points, a population of learners and a population of 

teams. The point population indexes a subset of the training data 

and scales the algorithm to large datasets. Each individual in the 

team population indexes a subset of learners that cooperate to 

solve a problem. Individuals in the learner population are genetic 

programs that generate bids for data exemplars based on a specific 

bidding strategy that is evolved during training. In [3], the 

algorithm is deployed on a dataset with a large attribute space 

(Gisette) and observed to be slow; this outcome is attributed to the 

large attribute space associated with the dataset. Thus, my 

objective in this project was to modify the algorithm to reduce its 

training time on datasets with large attribute spaces. In the 

following, first a summary of the core training algorithm and the 

modification that was applied is briefly discussed. Subsequently, 

the evaluation methodology and results are presented. 

2.  SBB Algorithm 
Figure 1 presents the core SBB training algorithm [1]. It produces 

a population of candidate team-based solutions. The algorithm 

begins by first initializing the points, teams, and learners in lines 3 

and 4. The main loop of the algorithm, line 5, then operates on 

these populations to iteratively create new points and teams, lines 

6 and 7, evaluate the points on the teams, line 10, and select a 

subset of the points, teams, and learners discarding the rest, lines 

13 and 14.  

In order to generate unique bidding behaviors, when a new learner 

is created during team initialization and team generation, lines 4 

and 7, its bid program is mutated as long as it duplicates the 

bidding behavior of a program in an existing learner. Two 

programs are considered duplicates if their bid profiles are the 

same, where a bid profile is a vector of bid values across a fixed 

set of 50 points. This set of points is initialized at the beginning of 

each training run using the same process as in the point 

initialization step, line 3 of the algorithm. As long as all the bids 

of the new learner are within 10−4 of the corresponding bids of an 

existing learner, the bid program of the new learner is mutated as 

in the team generation step, line 7. 

 

Figure 1: The Core SBB training algorithm 

3. Modified SBB Algorithm 
The SBB algorithm was modified to eliminate the fixed set of 50 

points employed for generating unique bidding behaviors. The 

new algorithm now utilizes the entire point population at each 

generation. Thus, the profile of each learner consists of a vector of 

bids across the entire point population; this profile is updated at 

each generation.    

4. Evaluation 

4.1 Data Sets 
Three datasets from the 2003 NIMS competition [4] were utilized 

to evaluate the performance of the modified algorithm and 

benchmark it against the original algorithm. Table 1 summarizes 

the specific properties of the data sets. According to [4], Gisette is 

the easiest dataset to learn, followed by Dexter and Arcene. Class 

representation is generally balanced in all three datasets. In 

addition, random features (called probes) have been introduced in 
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the datasets to monitor the effectiveness of feature selection 

methods in discarding irrelevant features.  

Table 1: Dataset Properties 

Data set Attributes Training Test 

Arcene (arc) 10000 100 100 

Dexter (dex) 20000 300 300 

Gisette (gis) 5000 6000 1000 

 

Arcene is a dataset from the biomedical domain. The task with 

this dataset is to separate cancer samples from normal samples. 

Thus the data set consists of 2 classes with some 2500 unique 

features and another 2500 random attributes that are redundant 

from the perspective of model building. This dataset is considered 

as being difficult to learn since it was obtained by grouping data 

from several sources. 

Dexter is dataset from the domain of text categorization. It is a 

binary class problem, where the task is to identify texts about 

corporate acquisitions. This dataset has the largest attribute space. 

Gisette pertains to the recognition of handwritten digits. The task 

here is to separate two classes: four and nine. 

4.2 Performance Metrics 
As in [3], solutions of the two algorithms will be compared from 

three perspectives: Classification performance, model complexity, 

and CPU training requirements. Classification performance is 

measured using multi-class detection rate (mcdr). With this metric 

each individual 𝑖 has a 𝑚𝑐𝑑𝑟 of 
1

 𝐶 
 𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 𝑖, 𝑐  𝑐∊𝐶  where 

 𝐶  is the number of classes and 𝑑𝑒𝑡𝑐𝑡𝑖𝑜𝑛(𝑖, 𝑐) is the detection 

rate of the individual with respect to class c. This metric is robust 

to class imbalance, however, since the datasets are balanced class-

wise, there is not much difference between mcdr and normal 

classification rate (
𝑛𝑢𝑚 .  𝑖𝑡𝑠

𝑡𝑜𝑡𝑎𝑙  𝑛𝑢𝑚 .  𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠
). Complexity is 

measured in terms of three metrics, the number of unique 

attributes a model utilizes, the number of effective instructions per 

solution, and number of participating symbionts. CPU training 

requirements are measured using the getrusage command in 

UNIX. Most metrics are provided by the SBB algorithm.  

4.3 Parameterization 
The learning parameters for the SBB algorithm are summarized in 

Table 2.  

Table 2: Parameterization at Host and Symbiont populations 

Host (solution) level 

Parameter Value Parameter Value 

𝑡𝑚𝑎𝑥  1000 𝑤 10 

𝑃𝑠𝑖𝑧𝑒 ,𝑀𝑠𝑖𝑧𝑒  16 𝑃𝑔𝑎𝑝 ,𝑀𝑔𝑎𝑝  8,2 

𝑝𝑚𝑑  0.7 𝑝𝑚𝑎  0.7 

𝑝𝑚𝑚  0.2 𝑝𝑚𝑛  0.1 

Symbiont (program) level 

𝑛𝑢𝑚𝑅𝑒𝑔𝑖𝑠𝑡𝑒𝑟𝑠 8 𝑚𝑎𝑥𝑃𝑟𝑜𝑔𝑆𝑖𝑧𝑒 48 

𝑝𝑑𝑒𝑙𝑒𝑡𝑒 , 𝑝𝑎𝑑𝑑  0.5 𝑝𝑚𝑢𝑡𝑎𝑡𝑒 ,𝑝𝑠𝑤𝑎𝑝  1 

The algorithms were run 60 times with different initialization 

seeds on each dataset1.  

5. Results 

5.1 Classification Performance  
Figure 2 compares the performance of the original SBB algorithm 

with the modified version on the three datasets. The multi-class 

detection rate metric is summarized in terms of a combined 

density of distribution/ box plot. In general, the performance of 

the two algorithms is similar; however, on the Arcene dataset, a 

slight decrease in the median value is observed. On the other 

hand, the modified algorithm reduces the degree of dispersion on 

this dataset. Under Dexter and Gisette, the median value increases 

slightly with the modified SBB algorithm. 

 

Figure 2: Multil-class Detection Rate (mcdr) over the three 

datasets. ‘SBBm’ identifies the modified SBB algorithm 

5.2 Model Complexity  
Figures 3, 4, and 5 summarize solution complexity from three 

perspectives. Figure 3 depicts solution complexity in terms of the 

total number of unique attributes utilized by a solution. The 

modified SBB algorithm increases the median value of unique 

features on all datasets. In addition, under Dexter and Gisette, the 

kernel distributions show that the mass of the distribution is more 

concentrated on the second and third quartiles; this indicates that 

the modified version generates more consistent solutions.  

In terms of effective number of instructions (Figure 4), the most 

significant change is an increase in the smallest observation value 

and a decrease in the largest observation value across all datasets; 

thus the modified version usually reduces the degree of 

dispersion. Other than that, the two methods can be considered 

comparable.  

Figure 5 compares the algorithms from the perspective of number 

of participating symbionts per SBB host. In general, the two 

algorithms are mostly similar in terms of this metric (Under 

Dexter, the modified SBB algorithm decreases the median number 

of participating symbionts) 

                                                                 

1 The experiments were conducted on the Helios server at 

Dalhousie. 



 

Figure 3: Total number of unique attributes per solution 

 

Figure 4: Total number of effective instructions per solution 

 

Figure 5: Number of symbionts per SBB host 

 

Figure 6: Training time (in seconds) of the three datasets 

 

5.3 CPU training requirements 

Figure 6 summarizes the CPU training times of the two 

algorithms. On all three datasets, the modified SBB algorithm 

significantly reduces the training time. Another interesting 

observation from this figure is that, under Dexter, the training 

time of both algorithms is much higher compared to the other 

datasets. This is likely due to the larger attribute space associated 

with Dexter.  

6. Conclusion 
The SBB algorithm was modified to reduce its training time. The 

modified algorithm was then deployed on three datasets with large 

attribute spaces. In all three cases, the training time of the 

algorithm reduced significantly while its classification rate and 

solution complexity either improved or was comparable to the 

original SBB algorithm.  

In addition, I think through indirect indexing of the point attribute 

space, the training time can be further reduced.   
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