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摘要 

單晶片網路系統已成為研究晶片上系統之通訊的一個新趨勢。 

我們為單晶片網路系統發展了一個完整的設計流程，而本篇論文著重

在單晶片網路設計流程中之任務群組部份。此任務群組問題需要考慮

多重的限制，包括運算量，記憶體，輸出入以及整體通訊頻寬。在滿

足所有的限制條件下，試圖減少整體群組之數量。我們導入一個演算

法來解決這個問題。此演算法已被寫為一個自動化的程式，而我們也

得到一些實驗結果。經由這個程式我們可以在數分鐘內減少群組數目

並滿足所有條件限制。
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Abstract 

The Network-on-Chip (NoC) has become a new trend in on-chip system 

communication design. We have developed a complete design flow for NoC system 

design. In this thesis we focus on the task clustering in our NoC design flow. The task 

clustering problem in the NoC system design needs to consider multiple constraints, 

which include computing power, memory, I/O and communication bandwidth. We 

introduce an algorithm to minimize the number of clusters in the result with all 

constraints being met. The algorithm has been written as an automatic program and 

some experimental results are presented. Using our program, we can reduce the 

number of clusters with all constraints satisfied in few minutes.
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Chapter 1 Introduction 

With the advent of IC manufacturing technology, design of System-on-Chip 

(SoC) faces some challenges. While more and more functions are integrated into 

the SoC design, the architecture exploration becomes more complex than before. 

Because of the exponentially uprising of mask cost, the hardware modification is a 

critical concern. On the other hand, the global synchronization of clocks and signals 

will be difficult because that the wire delay has dominated the total delay. All these 

problems lead to a much longer design time and much higher design cost than 

before [1]. 

A technology called Network-on-Chip (NoC) was introduced in recent years 

[2][3][9]. In the NoC architecture, the chip is mainly composed of a set of 

processing elements. There is a switch connected to every processing element. And 

the network is constructed by the connection between the switches. By transmitting 

data across the network, processing elements can communicate with each other in a 
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NoC system.  

The NoC system has several benefits making us believe that it can be a good 

choice of solving the problems of SoC design. 

1) The NoC system is scalable. The same processing elements can be 

duplicated into an N x N array according to the system’s requirement. 

Hardware design effort can be reduced, and the system design 

environment can be reused for different system scales [5][6]. 

2) The NoC system is reconfigurable. Most functions are implemented by 

software, thus the system can be adjusted without hardware 

modification. This can greatly reduce the cost of hardware 

development [3][5]. 

3) The NoC system is a Globally Asynchronous Locally Synchronous 

(GALS) system. The difficulty on wiring global synchronous signals 

can be avoided [2][12]. 

4) The NoC system has faster data transfer rate than the traditional bus 

architecture because of the parallel communication capability [8]. 

We have developed a complete design flow for NoC system design [13][14]. 

Like the multiprocessor design, the system design of NoC needs to parallelize the 

application code into tasks to be mapped to distributed processors. Compared to 

traditional parallel systems, the processors in NoC architecture have limited 
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resources, especially the memory. In order to maximize the utilization of NoC 

resources, considering all of the resource constraints while mapping the tasks into 

PEs is an important problem. 

In this thesis, we focus on the task grouping step of our NoC development 

system. In this problem, we consider the constraints of the computing power, 

memory, I/O between processor and switch, and total communication. We try to 

minimize the number of clusters of the result with all constraints satisfied. 

There are two kinds of traditional problem similar to the problems just 

mentioned before. One is called bin packing problem. The other is called 

partitioning problem [11]. The bin packing problem is defined as to put the most 

objects in the least number of fixed space bins, or to find a least number of bins to 

hold a set of objects. If we only consider computing power and memory constraints, 

then the problem can be reduced to the bin packing problem. However we need to 

consider the I/O and communication constraints, and these constraints based on the 

edge connection between the tasks can not be resolved by using bin packing 

algorithm. 

The partitioning algorithm is used in parallel processing domain. It includes 

decomposition stage and assignment stage. In the decomposition stage, a program 

is separated into several tasks. In the assignment stage, tasks are put into processes. 

Our problem is also a kind of partitioning problem. However traditional partition 

problems are also very complex to be solved exactly. Heuristic algorithms are 

generally used. 
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Few works are focus on the task clustering problem of NoC in recent years. A 

previous work of us tries to solve the task binding problem by simulated annealing 

[14]. In this work, we only consider the computing power and communication 

constraint. Another work mapped the task graph into a NoC architecture, but the 

clustering problem is not considered in it [4]. A work about task mapping for 

high-performance computing system focuses on communication but other 

constraints are not mentioned in [10]. 

In Chapter 2, we will first introduce our NoC architecture and the developing 

environment. The task clustering problem is then described in Chapter 3. We also 

introduce our heuristic algorithm to solve this multi-constraint problem in this 

chapter. Then, in Chapter 4, we will describe our experimental results. Finally, 

some conclusions are given in Chapter 5. 
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Chapter 2 Preliminary 

2.1 Hardware architecture 

Our hardware architecture is a 2D array of processing elements (PE), and each 

PE is accompanied by a switch as shown in Figure 1. This architecture is 

commonly used because it meets the physical characteristic of IC technology. For 

each PE, there is a processor in it and it can run program independently to any other 

processors. Every switch connects 4 neighbor switches, and the network is 

constructed by the connection of these switches. 
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Switch Switch Switch

Switch Switch Switch

Switch Switch Switch

Processor Processor Processor

Processor Processor Processor

Processor Processor Processor

 

Figure 1. The NoC architecture 

2.2 PE architecture 

The PE of our architecture is composed of three components and is shown in 

Figure 2. The first one is a processor. The processor is a general purpose processor 

and can run a compiled machine code. All of the tasks assigned to the PE will be 

run one by one by the processor. The next component is the memory. It includes the 

program memory, data memory and buffer. The memory is addressable to the 

processor, thus the purpose of the memory is defined by the program code. The 

third component is an I/O function block. This block is used to transfer data from 

PE to switches. This block can be controlled by the processor. Like DMA, the 
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processor only need to setup some registers, then the I/O block can transfer data 

one by one from memory to switch or from switch to memory. 

Switch

I/O Processor

Memory

PE

 

Figure 2. The PE architecture 

2.3 Switch architecture 

The switch of our architecture belongs to the class of circuit switching. There 

are 5 ports in our switches; four of them are connected to the neighbor switches and 

the other one is connected to the processing element attached to it. For every port, 

the output is selected from the input of the other ports as shown in Figure 3. 
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Figure 3. The switch architecture 

Our switch doesn’t need a lot of memory and it can support real-time 

applications. We also employ the concept of virtual channel, within which a 

physical channel can be divided into many virtual channels. Figure 4 is an example 

showing the way virtual channel works. There are three virtual channels named as 

A, B and C. Three buffers are used to store the data of these virtual channels. The 

selection of these channels is decided by a state machine. By proper arranging of 

the order, the virtual channel can share the bandwidth and solve the blocking 

problem of the network. 
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A B C

A1 B1 C1A2 B2 C2A3 B3 C3A4

TIME

 

Figure 4. The example of virtual channels 

2.4 System development environment 

The system development environment of NoC system is quite important 

because it has great effect on the total system performance. This is a very complex 

problem with many details to be considered. We developed a flow to solve this 

problem, and try to find a feasible solution of it. 

Figure 5 is the NoC system design flow. The applications are the target 

applications we want to implement in the NoC system, and it can be developed by 

using system modeling languages. The architecture platform modeling is the model 

of our hardware architecture. For example, the processor can be modeled by ISS 

and the switches can be modeled by system model languages. These models are 

analyzed and then the flow goes to the mapping process stage. The mapping 

process will partition the applications into tasks, and then map them to the physical 
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processing elements. The next step is to analyze the performance and then the result 

is given. Then, we can make sure the applications can work well under the NoC 

architecture. 

Applications Architecture Platform
Modeling

Analysis

Mapping Process

Performance Analysis

 

Figure 5. A NoC system design flow 

 

 
10



Input Task Graph

Meet requirement ?

Parallelization &
Modify Algorithm

Task Clustering

P & R System Simulation

End

Fitness Analysis

Scheduling

No

Yes

 
Figure 6 The flow chart of the mapping process 

Figure 6 is the flow chart of the mapping process in our design flow. The first 

step is to transfer the algorithm into the task graph. We can use the decomposition 

process in parallel processing to do this job. The next step is to analyze the fitness 

of the task graph. In this stage we will check the iteration bound, and conduct 

memory optimization. Then we will check whether our design meets the iteration 

bound and memory requirement. If the check fails, the flow will go back to 

algorithm stage to do some modification. If the check passes, the next step is the 

task mapping step. In this step we will cluster the tasks into groups to reduce the 

number of nodes in the task graph. The next step is the scheduling, in which all 

tasks in each processing element are scheduled. Then the physical place and route 

step will decide the physical PE of every task groups. Then we can do a system 

simulation to check the feasibility of the result. If the check is ok, the flow stops. 
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In the algorithm development stage before the mapping process, the algorithm 

should be developed to be more parallelizable so that we can parallelize the system 

easier in the following stages. 

The algorithm will be transferred into a task graph. The task graph is not 

scheduled in this stage, but the throughput must be decided. According to the 

throughput, we can get the information of computing power requirement and buffer 

requirement. The resource requirement of every task and every communication 

between tasks must be given in the generated task graph. 

In the analysis stage, we will transfer the algorithm into timed Petri net model, 

thus we can analyze the algorithm and find out the iteration loops of it. An iteration 

loop can not be separated into two different tasks because of the data dependency. 

If a large iteration loop exists in an algorithm and the resource requirement of the 

iteration loop is more than a PE’s capacity, then this algorithm is not feasible in our 

system. Thus finding the iteration loops and checking whether they meet the 

iteration bound are necessary. After this stage, we can make sure that every task can 

meet a PE’s computing power capacity. 

We also run the memory optimization in the analysis stage. The on chip 

memory is expensive, as in our hardware architecture. Thus it is important to 

handle the memory carefully for every task. The memory optimization is used to 

manage the buffer memory between tasks. And in this stage, we need to make sure 

that the memory requirement for each task is less than a PE’s capacity. 
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After the analysis stage, we will check whether every task meets the resource 

constraints. It means that at least one solution exists such that every task being put 

into a single PE is feasible. If this check fails, the flow will go to the algorithm 

development stage. The designers should modify the algorithm to meet this 

requirement. 

Next is the task clustering stage. In this stage, we have a task graph as our 

input. We want to cluster the tasks into some groups. In every group, the constraints 

of a PE should be met, so that every group can be put into a single PE. This thesis 

will focus on this problem in the following content. After this stage, we have a 

grouping of the tasks, and every group can be placed into a PE. 

After the grouping stage, we can run the scheduling procedure. In this stage 

the execution order of the tasks in the same grouping will be decided. If the 

scheduling is not arranged properly, extra buffer memory or computing power is 

required to guarantee the throughput of the applications can be met. 

The next stage is PnR stage. In this stage, we place the task groups into 

physical PEs, and decide the communication routing between PEs. Then, we can 

calculate the real utilization of communication because the physical mapping is 

decided. If we can not find a feasible solution in this stage, we will go back to task 

binding and try to strengthen the communication constraint. 

Finally, we will run a simulation to verify the running condition of the whole 

 
13



system. This is for checking the scheduling of tasks and communication conditions. 

After this test passes, our system design flow is finished 
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Chapter 3 A Task Clustering 

Algorithm 

The input of the task clustering problem is a task graph which is a directed 

acyclic graph. Every node on this graph represents a task, and every edge on the 

graph represents the communication between two tasks. Our target is to group the 

nodes on this task graph into clusters, which will be mapped to PEs in the following 

place and route stage. The edges crossing clusters will become the communication 

data between PEs. There are some constraints must be followed in the clustering 

problem. We will describe these constraints in the following contents. 

The first constraint is the computing power. The computing power is necessary 

for every task’s program execution. But the computing power of the processor in a 

PE is limited. Thus, if we want to cluster some tasks together, we need to make sure 

that the summation of the computing power needed by all of the tasks in a cluster 
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must be smaller or equal to a PE’s maximum computing power. We normalize the 

computing power requirement of every task by dividing it by a PE’s computing 

power capacity. For example, if a task need 50 Mega instructions per second (MIPS) 

and a PE can supply 100 MIPS, the task’s computing power requirement will be 

represented as 0.5. 

The second constraint is the memory capacity. Similar to the computing power, 

memory is required by every task and every PE has limited memory. According to 

our architecture, the tasks in a PE can only utilize the build-in memory of this PE. 

The build–in on chip memory is very expensive, thus it is not economic to have a 

very large build-in memory for a PE. The memory requirement of a task will also 

be normalized by a PE’s capacity. 

The third constraint is the I/O bandwidth. When we decide to map some tasks 

into a PE, the communications that connect these tasks to all other tasks will need 

to go through the I/O port, switches, and then to the other PEs. But a PE has limited 

I/O bandwidth. Thus, the I/O bandwidth constraint must be taken care. The I/O 

requirement of an edge in the task graph will be normalized by the bandwidth of a 

PE to the switch attached to it. 

The final constraint is the communication constraint. Although the I/O 

constraint has been taken care, we still need to worry about the whole network 

communication condition. However we can not measure it accurately because the 

mapping to physical PE is not yet determined in this stage. We try to use a model to 

estimate it. The model is similar to the wire load model in logic synthesis. We try to 
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estimate the edge length by PE’s fan in/out. Then multiply the estimated length to 

the I/O data throughput. The result is a PE’s communication contribution to the 

total system. The summation of all PE’s contribution is the whole system’s 

communication. 
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Figure 7. An task clustering example 

All of the requirements of these constrains are given in the task graph. We 

must map these tasks into PEs and satisfy these constraints. Figure 7 shows an 

example of the input task graph. For every node, the value of computing power 

requirement and memory requirement are given. For every edge, the 

communication requirement is also given. When we cluster the nodes together, we 

need to check that the sum of computing power requirement and memory 

requirement of these nodes must be less than or equal to one. And the sum of all 

 
17



edges crossing this cluster also must be less than or equal to one. The 

communication constraint will be checked after the clustering is finished. 

3.1 The algorithmic flow 

Weight Analysis

Initial Solution
Generation

Decomposition

Success?

Refinement

Success?

Stop

Yes

No

No

Yes

Any Improvement?

Yes

No

 

Figure 8. The flow of our heuristic algorithm 

Because the complexity of finding the optimum solution is too high, we try to 

solve this problem by a heuristic algorithm. Our heuristic algorithm is shown in 

Figure 8. We can separate the flow into two parts. The first part is used to generate 

an initial solution. In the second part, we try to reduce the number of clusters based 

on the initial solution from the first part.  

The first part includes “Weight Analysis” and “Initial Solution Generation” 
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stages, and the second part includes “Decomposition” and “Refinement” stages. We 

employ the two parts to handle two kinds of constraints. 

In the first part we apply a fast, greedy heuristic algorithm to pack the tasks. 

Because we limit that all of the tasks in a PE must be connected, it is possible that 

one task cannot find any other un-mapped task that is connected to it. Then, the 

task will be grouped along. For another case, the resource requirements of each task 

are not the same. The resource distribution in the PEs of the initial solution might 

be imbalanced. This kind of imbalance also limits the reduction of PE number. 

In the second part, we use two kinds of strategy to solve these problems. One 

is called “Decomposition” stage, and the other called “Refinement” stage. In the 

Decomposition stage, we find a group, and move all the tasks in it to the neighbor 

groups. If we succeed, one group will be eliminated. We repeat the Decomposition 

stage until it fails. Then we go to the Refinement stage. In this stage, we try to 

identify the most imbalanced group and move one of the tasks out from it. We try to 

make the final solution more balanced. After the solution is fully balanced and can’t 

be improved any further, the flow returns to the “Decomposition” again. The 

program will end when both stages fail. 

In the following section, we will describe the details of these stages. 
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3.2 The Weight Analysis Stage 

In this stage, we want to pack the task graph into groups fast and use the result 

to analyze the task graph. The weights of grade function in Initial Solution 

Generation stage is decided according to this result. Figure 9 shows the pseudo 

code of the algorithm of this stage. We do a topological sort first to decide the 

packing order. According to this order, we pick the first task and name it as the 

“seed”. The “seed” means the task that will be packed in the following steps. After 

selecting the seed, we try to find a cluster starting from the seed and having the 

highest grade. We repeat the packing until all of the tasks are packed. 

Weight-Analysis(G) 
1 Calculate-Constraints(G) 
2 List-of-Tasks <- Topological-Sort(G) 
3 while List-of-Tasks not empty 
4  Seed <- Top of List-of-Tasks 
5  Set-of-Clusters <- Find all possible clusters including Seed 
6  Max-Cluster <- Find the highest grade cluster from Set-of-Clusters 
7  Remove-Task(List-of-Tasks, Max-Cluster) 
 
  

 

Figure 9. The pseudo code of weight analysis stage 

In the initial stage of Weight Analysis, we will calculate the total computing 

power requirements and memory requirements by summing up the requirement 

value of every task. The results will become the weights of our grade function in 

later steps. 
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Then, we run a topological sort to keep a list of all tasks by the result of search. 

The order of the tasks will start from the root of the task graph and propagate to 

other tasks according to the distance from the root. We use breadth first search 

(BFS) because we want to pack the tasks from the root and passing to branches 

gradually. 

In the following while-loop, we will select some tasks to group together. We 

will pick the smallest order task as the seed from the list, and try every possible 

cluster that includes it. We will find out all possible clusters by a branch and bound 

algorithm. Then we will calculate the grades of the possible clusters and select the 

highest grade one. After the highest grade cluster is decided, all of the nodes in this 

cluster will be removed from List-of-Tasks and the while loop will continues. 

The branch and bound function is designed for searching all possible clusters 

that include the seed. This function will search nodes to be added from connected 

edges, and check the constraint of computing power, memory and I/O. We will pick 

a cluster from all by a grade function. Most task graphs will not have many edges 

connected to a node, thus the complexity of finding all possible solutions that 

include the seed is not too high. 

The way we pick the best solution is by a grade function. We can handle the 

multi-constraint problem by using a grade function. We will enlarge the weights of 

the critical constraints and reduce the weights of the non-critical constraints. We 

analyze the input task graph to know whether every constraint is critical or not. In 

the Weight Analysis stage, we can only measure the computing power constraint 
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and memory constraint because these two constraints can be summed up to 

compare with a PE’s capacity, and the I/O constraint and communication constraint 

cannot be analyzed in this way. This is because the total capacity of the I/O and 

communication will change if some tasks are merged and the edges between them 

will not count to the capacity of I/O and communication.  

Because we can not analyze the I/O and communication at the Weight Analysis 

stage, we leave them to the Initial Solution Generation stage and only consider the 

measurable constraints here. 

The cost function we used in the Weight Analysis is: 

∑ +  m * M  c * C ii  

C: total sum of computing power of all tasks in the task graph 

ci: the computing power of ith task 

M: total sum of memory of all tasks in the task graph 

mi: the memory of ith task 

 

We use the total computing power and total memory as the weights of the two 

constraints. It means if one resource is used heavier than the other, it’s more 

important to take care of it and we give it a heavier weight. 
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3.3 The Initial Solution Generation Stage 

After the Weight Analysis, we have an initial solution that considers the 

computing power and memory constraints. The steps of the Initial Solution 

Generation stage are almost the same as the Weight Analysis stage. The only 

difference is the grade function. In the Weight Analysis, only computing power 

constraint and memory constraint are considered. It doesn’t means that the I/O 

constraint is a less important than others. In this stage, we can use the result of 

Weight Analysis to be the input of the analysis. Then, the I/O constraint is 

considered by using a new grade function. 

We use the percentage of the total usage of each constraint to be the weight of 

the grade function. For example, if we pack all tasks into 10 groups, and total 

computing power used by all these tasks are 5 PE’s capacity, then the total 

computing power usage is 50%. By this way, the constraints can be calculated and 

the weight of our grade function can be obtained. 

The I/O constraint is not like the computing power and memory. It can be 

reduced by grouping the heavy edges between tasks. We use the I/O reduction rate 

in the grade function instead of I/O utilization. When the source and destination 

tasks of an edge are clustered together, the communication of this edge is reduced. 

The I/O reduction rate is defined as the sum of reduced communications divided by 

the sum of reduced and non-reduced communications in a cluster. By setting the 

I/O reduction rate in the grade function, we can force the algorithm to reduce more 
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communications. 

The new grade function of Initial Solution Generation is: 

∑ ++ iii io * IO  m * M  c * C  

C: total usage of computing power of all PEs 

ci: the computing power of ith task 

M: total usage of memory of all PEs 

mi: the memory of ith task 

IO: total reduction of I/O of all PEs 

ioi: the I/O of ith task 

 

According to this new grade function, the I/O constraint is also considered, 

thus the result will be better than the result of Weight Analysis, and becomes the 

initial solution of the following stage. Although the communication constraint is not 

listed in the grade function, the reduction of I/O bandwidth will also reduce the 

total bandwidth of the network communications. 
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3.4 The Decomposition Stage 

After the Initial Solution Generation stage, there might be some groups that 

were not fully filled. The decomposition stage is used to find out some clusters to 

be decomposed, and move all of the tasks of it to other groups. If this stage 

succeeds, one PE will be reduced and the solution will be better than before. We 

will repeat this stage until it can’t succeed for any cluster. Then, the flows go to the 

refinement stage. 

Decomposition(G) 
1 Calculate-Constraints(G) 
2 List-of-Packing <- Sort-by-Grade(G) // smallest first 
3 for Source-Cluster = Top of List-of-Packing 
4  For Each task in Source-Cluster 
5   Set-of-Targets <- Find all possible target clusters to push 
6   Target-cluster <- Select-Smallest-Violation(G, Set-of-Targets) 
7   Add to Violation-List if Target-cluster has violation 
8  For Cluster-to-Solve = Top of Violation-List 
9   while Violation(Cluster-to-Solve) > 0 
10    Move tasks to other clusters until no violation 
11   Set-Don’t-Touch(Cluster-to-Solve) 
12  if Communication(G) < Communication-Constraint 
13   return Success 
14  Recover-Mapping(G) 
15 return Fail 
 

 

Figure 10. The pseudo code of the decomposition stage 

Figure 10 shows the pseudo code of our algorithm in the decomposition stage. 
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Firstly, we pick a cluster with the smallest grade to be the target of decomposition. 

We will release all of the tasks in this cluster to neighbor clusters. However, if we 

move a task to other clusters, it will be very difficult not to cause any violation. 

Thus we allow temporary violations to these clusters, and keep a list to record the 

violation ones. After moving out all tasks from the target cluster, we will start the 

violation solving step. This step will pick a most violated cluster to be the target. 

We will move enough tasks from the target to other groups to make it violation free. 

The flow will continue to solve violations until it fails or all violations are solved. If 

it fails, we will go back to cluster selecting step. If all violations are solved, this 

stage succeeds and this stage will be repeated. If all clusters are tried and all fail, 

this stage stops and goes to refinement stage. 

The first step is also the weight calculation. We will calculate the utilization 

rate of computing power, memory and I/O of all of the clusters in the input solution. 

The weights will be used in the following grade function. 

The next step is to find a cluster to be decomposed. In this step, we try to find 

a cluster with the lowest grade. We use a similar grade function as in the Initial 

Solution Generation stage with newly calculated weights. Using the new grade 

function, we can calculate the grade of all clusters, and pick the lowest grade one. 

The for-loop in Line 5 is the main loop of this stage. In this loop we will try to 

decompose a selected cluster, solve violations and check communication constraint. 

If all violations are solved and the communication constraint check passes, this 

stage succeeds. If the violation solving fails or the communication constraint 
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checking fails, the for-loop will continue to try next cluster to decompose. 

In the for loop from line 4 to line 7, we will move all tasks in the selected 

cluster to the neighbor clusters. Because we restrict that all tasks in a group must be 

connected by edges, we also need to follow this rule when we move tasks. Thus, 

only those tasks that have any edge connected to other groups can be moved in the 

first try. We also use the branch and bound function to select the task to be moved. 

When moving, we will try all possible target groups, and select the one with the 

least violation to move. We also record the violation clusters when we push the 

tasks. The moving continues until all tasks are moved out and the selected cluster is 

empty. 

After all tasks are moved out, there might be some clusters that have violations. 

We can not accept these violations at the final solution, thus we must try to solve 

them. We will select the one with the most violation from the violation list to solve. 

During the process, any new generated violation cluster will also be put into the list 

to keep this list up to date. 

Solving violations is similar to moving tasks out from a group in the second 

step. The difference is that we don’t need to move all tasks out in this step. We only 

need to move enough tasks to let the group become violation free and induce 

violations to other groups as less as possible. After a group is solved, it is marked as 

don’t touch and any other group can not move any group back again. This 

restriction is used to prevent a task being kicked to and from two groups and cause 

endless iteration. 
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After violation solving stage, we will check the communication constraint. We 

check the communication here because only now a new solution without other 

violations is generated. We check it here to prevent the communication condition 

from becoming worse. 

3.5 The Refinement Stage 

After we found that all clusters can not be decomposed, the flow will go to the 

Refinement stage. In this stage, we try to find some imbalanced group, and adjust it 

to be more balanced. We will define a balance function to measure the balance of 

whole system, and use this function to measure the balance after we make some 

adjustment. If the balance is improved, we will accept this result. Otherwise, we 

will not accept it and recover the mapping to unadjusted one. 

Figure 11 shows the pseudo code of the algorithm of the Refinement stage. 

The flow of the refinement stage is quite similar to the Decomposition stage. At the 

first step, we select the most imbalanced cluster. Then we try to move a task from it 

to the neighbor clusters. The selection of the task to be moved is based on whether 

it is movable and will improve the balance of the group. This moving of the task 

also may also generate some violations in the target group. The solving of 

violations is similar to the decomposition stage. If the solving of the violations 

succeeds, we will check the system’s total balance. If the total balance is improved, 

this result of the refinement will be kept. Else the result will not be kept and the 

mapping will be recovered to the input of this stage. 
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Refinement(G) 
1 Calculate-Constraints(G) 
2 Input-Balance <- Balance(G) 
3 List-of- Cluster<- Sort-by-Balance(G) // smallest first 
4 for Source = End of List-of-Cluster 
5  Find a task to be moved by balance function 
6  Set-of-Targets <- Find all possible target cluster to push 
7  Target-cluster <- Select-Smallest-Violation(G, Set-of-Targets) 
8  Solve-violations(G)   
9  if Communication(G) > Communication-Constraint 
10   Recover-Mapping(G) 
11   continue 
12  if Balance(G) < Input-Balance 
13   return Success 
 

 

Figure 11. The pseudo code of refinement stage 

We define the balance as calculating the correlation to the whole system’s 

constraint utilization. The balance function is: 

2
i

2
i

2
i

i

 )io(   )m(  )c( ∑∑∑ ++
ii  )(io * IO   )m( * M  ) c( *C ∑∑ ++

 

C: total usage of computing power of all groups 

ci: the computing power of ith task 

M: total usage of memory of all groups 

mi: the memory of ith task 
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IO: total usage of I/O of all groups 

ioi: the I/O of ith task 

 

The balance function is defined as the inner product of the normalized vector 

of resources in a cluster and vector of global weights. If the resource distribution of 

a cluster is similar to the global weight, it will gain a higher score. Using this 

function, we can measure the balance of every cluster. If we sum up the score of all 

groups in a mapping, the result is the balance of this mapping. 
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Chapter 4 Experimental Results 

4.1 The experimental environment 

We have done some experiments to verify the efficiency of our algorithm in 

this problem. Our input task graph is generated by the Task Graph For Free (TGFF) 

[7], which is a configurable task graph generator. By setting the average and 

variance of each parameter in the input control file, we can generate a set of 

random task graphs. The generated task graph can be translated into a task graph 

format of our environment, and become the input of our flow. 

The input parameter of TGFF is set as in the following descriptions. The 

average values of computing power and I/O are set as 0.1, 0.2, 0.25 and 0.3. The 

average value of memory is set as 0.1, 0.2, 0.25, 0.3 and 0.4. The average task 

number is set as 20 and 30. The average fan in/out number is set as 2, 3 and 4. The 

variances of all parameters are all set as 0.1. For every combination of these 
 

31



parameters, a task graph is generated. All these task graphs are filtered to remove 

those with negative values. 

Our algorithm has been developed to be an automatic tool. We only need to 

prepare the wire load model of the communication constraint. Then the tool will 

read the task graph information and run step by step. The output of our tool is a list 

of clusters. Each of the clusters has a list of tasks that were packed in it.  

4.2 The experimental results 

In order to measure the effect of every step in our algorithm, we set four 

measure points in our flow of algorithm as shown in Figure 12. The first measure 

point is set after the Weight Analysis stage. In this point we can get a first initial 

solution, and we will take the result of this measure point as the reference of other 

measure points. The second measure point is set after the initial solution generation 

stage. We want to examine whether the result of using different weight function can 

improve the design. The third measure point is set after the decomposition stage is 

finished, and the fourth measure point is set to check the final result. By comparing 

the result in third and fourth measure points, we can check whether the refinement 

stage can further improve our results. 
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Figure 12. The measure points of our experiment 

The statistics of experimental results is shown in Figure 13. The X-axis has 

three sets of data, the improve1, improve2 and improve3. These data are the 

statistical results of the comparisons of the number of clusters in those measure 

points. The measure point 1 is the reference, and all other measure points are 

normalized by the result in measure point 1. Each color bar means a different range 

of reduction rate. We separate the range by 0.1. The Y-axis is the sample number of 

each color bar. For example, the most left color bar means the sample number of 

reduction range from 1.0 to 0.9 of measure point 2 is 33. 
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Figure 13. The experimental result 

From the result we can see the reduction rate of every measure point compared 

with the measure point 1. From the result of improve1, we can see that most 

samples are not significantly improved. Only 15 out of 48 samples are improved 

more than 10%. In improve2, most samples are improved more than 10%. The 

improve2 has better improvement compared with the improve1 because the 

Decomposition stage can greatly reduce the cluster number. The result of improve3 

is similar to the improve2, thus only some cases are improved in this stage. It 

means that the Refinement stage is only effective for some cases. 

We also try to change the variance of the parameters. The results are shown in 

Table 1. When the variance becomes larger, the comparing results from measure 

point 3 to measure point 4 are not improved. As a result, the variance of input 
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parameters will not effect on the performance in the Refinement stage. 

Table 1. The effect of variance 

Varience Improve 1-2 Improve 1-3 Improve 1-4 

0.1 0.988 0.856 0.849 

0.2 0.982 0.815 0.808 

0.3 0.989 0.857 0.852 

The detail data of all cases in our experiment are listed in Table 2. Some cases 

are not listed because of violations. The number of cluster in each measure point 

and the parameter of each constraint are listed on it. 
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Table 2. The list of results 

Case
Measure

Point 1

Measure

Point 2

Measure

Point 3

Measure

Point 4

Communi-

cation

Computing

Power
Memory

Number of

Tasks
Fan In/Out

1 12 9 5 5 0.1 0.1 0.1 20

2 15 8 8 8 0.1 0.1 0.1 20

3 12 11 9 9 0.1 0.1 0.2 20

4 17 12 10 9 0.1 0.1 0.2 20

5 18 18 15 15 0.1 0.1 0.3 20

6 21 15 13 13 0.1 0.1 0.3 20

7 22 20 18 18 0.1 0.1 0.4 20

8 23 23 18 18 0.1 0.1 0.4 20

9 12 10 7 6 0.1 0.2 0.1 20

10 14 11 10 10 0.1 0.2 0.2 20 2

11 20 17 16 15 0.1 0.2 0.3 20 2

12 23 20 18 18 0.1 0.2 0.4 20 2

13 15 14 9 9 0.2 0.1 0.1 20 2

14 18 12 10 10 0.2 0.1 0.1 20 3

15 14 14 10 10 0.2 0.1 0.2 20 2

16 17 13 10 9 0.2 0.1 0.2 20 3

17 18 17 14 14 0.2 0.1 0.3 20 2

18 18 15 13 13 0.2 0.1 0.3 20 3

19 22 20 18 18 0.2 0.1 0.4 20 2

20 23 23 18 18 0.2 0.1 0.4 20 3

21 16 14 10 10 0.2 0.2 0.1 20 2

22 16 14 10 10 0.2 0.2 0.2 20 2

23 20 17 15 15 0.2 0.2 0.3 20 2

24 23 21 19 18 0.2 0.2 0.4 20 2

25 17 17 15 15 0.3 0.1 0.1 20 2

26 19 18 15 15 0.3 0.1 0.1 20 3

27 17 17 15 15 0.3 0.1 0.2 20 2

28 19 18 16 15 0.3 0.1 0.2 20 3

29 19 18 16 16 0.3 0.1 0.3 20 2

30 19 18 15 15 0.3 0.1 0.3 20 3

31 22 22 18 18 0.3 0.1 0.4 20 2

32 23 23 19 18 0.3 0.1 0.4 20 3

33 17 16 15 15 0.3 0.2 0.1 20 2

34 17 16 16 15 0.3 0.2 0.2 20 2

35 21 18 17 17 0.3 0.2 0.3 20 2

36 23 22 18 18 0.3 0.2 0.4 20 2

37 22 22 18 18 0.4 0.1 0.1 20 2

38 23 23 18 18 0.4 0.1 0.1 20 3

39 22 22 18 18 0.4 0.1 0.2 20 2

40 23 23 18 18 0.4 0.1 0.2 20 3

41 22 22 18 18 0.4 0.1 0.3 20 2

42 23 23 18 18 0.4 0.1 0.3 20 3

43 22 22 19 18 0.4 0.1 0.4 20 2

44 23 23 18 18 0.4 0.1 0.4 20 3

45 23 22 18 18 0.4 0.2 0.1 20 2

46 23 22 18 18 0.4 0.2 0.2 20 2

47 23 22 18 18 0.4 0.2 0.3 20 2

48 23 22 18 18 0.4 0.2 0.4 20 2

2

3

2

3

2

3

2

3

2
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Chapter 5 Conclusions 

The Network-on-Chip designs will become a new trend of on-chip 

communication design. By developing design automation tools, the effort on system 

development can be reduced and design speed and quality can be guaranteed. In the 

flow of system development, the task clustering problem will effect on the 

performance and the resource requirement of the applications. Thus it is an important 

problem to be solved. 

In this thesis we have defined the task clustering problem in Network-on-Chip 

system design flow, and have proposed a heuristic algorithm to solve this problem. 

Our problem focuses on meeting multiple constraints with the most reduction on 

cluster number. We use two stages to analyze the input task graph and generate an 

initial solution. The iteration of decomposition and refinement stages can further 

reduce the number of clusters. We check the computing power, memory and I/O 

constraints when we try to group the tasks. The communication constraint is checked 
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every time a new clustering solution is generated. Thus for the solution in every 

stage, all constraints are guaranteed to be met. 

Our experimental result in Chapter 4 shows the results of every stage. We 

compared them with the result of the first stage and siginificant improvement can be 

seen in each stage. Most improvement can be done in the Decomposition stage and 

some extra improvement in the Refinement stage. 

In our problem we use wire load model to calculate the utilization of 

communication resources. The actual result will be obtained in the Placement and 

Route stage later in our design flow. Our future work is to combine the placement 

and route stage with this stage, thus we can make sure the communication constraints 

will always be met through real calculations. 
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