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Abstract—Ant Colony Optimization (ACO) is a collective 
intelligence problem-solving paradigm. By ACO, we can 
effectively distribute the central control unit to achieve 
higher performance. With the scaling of Network-on-Chip 
(NoC) size, more complex communication problems can 
severely harm the system performance. Therefore, we need 
more efficient ACO-adaptive routing to achieve better trend 
prediction for global load-balancing. In this paper, we 
introduce a Multi-Pheromone ACO-based (MPACO) 
routing to make better use of the network information and 
provide a deeper look to the local model. By adopting the 
concept of Exponential Moving Average (EMA) in stock 
market, MPACO provide additional dimension aspect: rate 
of change in network information by laying pheromone with 
different evaporation speed. The experimental results show 
that MPACO can achieve higher performance while 
maintaining similar implementation cost compared to the 
previous work. 

Keywords- Ant Colony Optimization (ACO); Network-on-
Chip (NoC); Adaptive Routing;  

I.  INTRODUCTION  

With the shrinking size of the deep-sub-micron (DSM) 
technology and higher density on-chip components, 
Network-on-Chip (NoC) communication architecture have 
been proposed to mitigate the effects. Including 
synchronization errors, unpredictable delays, and high 
power consumption [1]. With more regular mesh structure, 
NoC can provide more flexible, reliable and scalable on-
chip interconnection [2][3].  

However, as NoC scales up, the spatial and temporal 
on-chip traffic load becomes highly unpredictable and 
unbalance under various applications. Results in serious 
performance degradation [1]. Therefore, numerous NoC 
routing techniques are proposed for load balancing. 

It has been proved that adaptive routing is efficient for 
time-variant traffic load, which is composed of channel 
constraint function and selection function. Comparing to 
routing functions named Output Buffer Length (OBL)[17] 
and Neighbor-on-Path (NoP) [10], with local model that 
consider the occupied buffer length of current and 
neighbor router on path. The Ant Colony Optimization 
(ACO)-based selection function was proposed in 
identifying historical less-congested channel with current 
and historical pheromone information. Also has a better 
chance to achieve global load-balancing [11][15].   
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Figure 1.  (a) Short/long term moving average in stock market (b)multi-

pheromone has the trend similar to stock market, and more potential to 

achieve trend prediction 

For achieving higher NoC performance, the challenge of 
the next generation ACO for network system is the 
advanced usage of the network information to give a better 
inside look of the on-chip network. Which is to say: with 
the information implied from the ACO pheromone, we 
should have a higher dimensional estimation of the future 
network status. 

The rate of change of pheromone on ACO is highly 
identical to stock market moving average. And we 
consider it to be the dimension we need to expand the 
aspect of network information. The Fig. 1(a) is a stock 
chart with 20-day/50-day moving average (denoted as 
MA20 and MA50, respectively) [19]. We can observe the 
trend of moving average is much similar to the trend of 
multiple ACO pheromones that change with time. With 
pheromones that are laid and evaporated at different speed 
in Fig. 1(b). We have higher potential to predict the future 
network status and do better load-balancing. 

We propose a Multi-Pheromone ACO-based routing 
(MPACO), which includes the algorithms and flow to 
better utilize the ACO characteristics. Our contribution is 



to further improving the routing performance with the 
trend prediction of ACO pheromone information. 

The rest of this paper is organized as follows: In 
Section II, we introduce the concept of ant colony 
optimization and review the previous works. In Section III, 
we describe the MPACO in detail. In Section IV, we 
presents the experimental results. Finally, the conclusion is 
given in Section V.  

II. REVIEW OF PREVIOUS WORKS 

In this section, we review the concept of ant colony 
optimization. Introduce the previous work on the original 
ACO-based routing. And present the refined Regional 
ACO-based adaptive routing on NoC [15][18].  

A. Concept of Ant Colony Optimization (ACO) 

Ant Colony Optimization system is composed of 
cooperating ants that diffuse and sense evaporative 
pheromone on the paths they pass [12][13]. Since ants that 
travel the shorter path can reach the nest/food faster and 
start a new journey, the pheromone level will accumulate 
faster on shorter path. Besides, the ants can sense and are 
inclined to choose the path with higher level of pheromone. 
In the long run, almost all of the ants will arrive at food 
efficiently by choosing the shortest path. We find out that, 
with this method, the ant colony can achieve global 
optimization without global information of the length of 
different paths. The interaction between distributed ants 
and pheromone are transform into elements and 
mechanisms to explore the system environment. 
Numerous approaches that bring about the ant colony 
characteristic have been developed in aid of the system 
design [14].  

B. Original ACO-based Adaptive Routing [15] 

For the original ACO-based adaptive routing, there are 
two types of packets: data packet and ant packet. Both 
carry the payload for data transmission and have similar 
network experience. The only difference between data 
packet and ant packet is the head flit, beside the routing 
information; the head flit of the ant packet (also called ant 
flit) contains the ant index. This ant index starts the 
pheromone updating of a table entry when an ant packet is 
in the routing process. 

The probability pheromone is derived from the current 
and historical local network information and it is called as 
the state transition rule which shown in Eq. (1) for a NxN 
NoC, Ph(j,d) is the pheromone that determine the 
probability of sending the packet to destination index d via 
the channel index j (North, East, South and West) . Lj is 
the proportional to the inverse of the queue length at 
channel j; Nk is the number of channels of current router k, 
and α is a weighting coefficient of historical and local 
network information.    
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Figure 2.   Flow of Regional ACO-based adaptive routing 

ACO-based adaptive routing adopts historical 

information as an approximation of global information of 

time-variant statistic traffic distribution. The current 

information prevents the burst of congestion of the local 

network. With appropriate weighting, ACO have more 

flexibility on selection and have showed to outperform 

other congestion-aware selection.  However, the original 

ACO on NoC have information sharing problem and large 

routing table size that is infeasible for implementation.  

C. Regional ACO-based Adaptive Routing  [18] 

In the previous work, Regional ACO-based adaptive 
routing (RACO) is proposed for better transform of the ant 
metaphor to NoC and accomplish load-balancing and 
reduce routing table size. As Fig 2, instead of storing the 
pheromone information of all source/destination pair on 
the NoC, by solving the information sharing problem of 
the original ACO table, and greatly reduce the table entries 
to several regions. And provide more feasible on-chip 
implementation (e.g., memory cost, table access time, and 
power consumption) with a reasonable cost while 
maintaining similar performance. In Eq. (2)(3), destination 
index d is replaced with region index Ri and NE is the 
reduced number of entries with region setting k, which is a 
multiple of four according to the previous research. By 
taking advantage of the regional characteristic of NoC 
system and ant colony properties, RACO can scale to at 
least 256-core NoC system. In section III, RACO is an 
essential system structure for MPACO to have reasonable 
implementation cost. And in section IV, we compare 
MPACO with RACO, original ACO, and other adaptive 
local models. 
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III. MULTI-PHEROMONE ANT COLONY OPTIMIZATION 

In this section, we first show the idea that inspired by 
read world stock market. Then formulate the multi-
pheromone problem and describe the MPACO in detail. 
Finally, we give the MPACO algorithm flow.  

A. Inspiration from Stock Market 

In the domain of finance, the method of technical 
analysis is used for forecasting the direction of prices 
through the study of past market data, primarily price and 
volume. Although this analysis in real world may deviate 
during to the complexity of real world event, for on-chip 
communication, the trend of traffic flow is more 
predictable with the regular structure of NoC. And we are 
enthusiastic if there is a rule that can help us to predict the 
global information of NoC. In the research of ACO 
pheromone, we found out that ACO is in some sense 
similar to stock market, for stock market to also have 
many investors simultaneous making decision with certain 
strategies and cause the price to go up and down that much 
similar to the pheromone change with time, through the 
laying and evaporation.  

The general form of moving average is called Simple 
Moving Average (SMA), as in (4) N is n-data points and Pt 
refers to the price on data point t. The period N is selected 
depends on the kind of movement we are concentrating on, 
such as short, intermediate, or long term. An SMA can lag 
to an undesirable extent, and can be disproportionately 
influenced by old data points dropping out of the average. 
This is addressed by giving extra weight to more recent 
data points, as in the weighted and Exponential Moving 
Averages (EMA). The EMA have the form in Eq. (5)  
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St is the value of EMA and Pt is the observation of price 

at time period t, α is a weighting between P and S. Since 
we have mentioned there are short, intermediate and long 
term for N in SMA. For the case in Eq. (5), the short/long 
term EMA have larger/smaller value of α, and the 
interaction between an short and long term EMA have two 
characteristic that worth to note: 

‧ Long Term EMA (LTEMA) can be interpreted as 
resistance in a rising market, or support in a falling market, 
which means if the Short Term EMA (STEMA) is on a 
certain side of LTEMA, it is incline to stay for a while, and 
have an obstacle to cross it. 

‧ The crossovers in the interactions of STEMA and 
LTEMA are consider meaningful, which named as 
bullish/bearish crossover on the up/down-crossing of 
STEMA to LTEMA, which signify the change of trend, and 
for the market to have higher probability for becoming a 
bullish/bearish market after the crossovers. 


Figure 3.  Define of the four status of network information 

B. Multi-Pheromone Prediction 

To adopt the concept in stock market, we first rewrite the 
state transition function Eq. (3) in the form of Eq. (6). By 
setting α and L in Eq. (7) to substitute Eq. (6),  and Eq. (6) 
can be simplified as Eq. (8) :  
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The pheromone mechanism in Eq. (8) has the form 
identical to the EMA system (5). Moreover, the ACO-
based routing considers the historical relevant behavior of 
NoC; therefore it also has the network characteristic of 
temporal and spatial locality that causes the burst in traffic 
load. Which means when there is a sign of increasing on 
traffic, we are able to check if the trend will continue and 
eventually cause traffic congestion. And we define the 
multi-pheromone prediction problem as follow: 

 
1. Given an historical relevant local model 
2. Find a selection rule that determines the outgoing 

channel at router r base on the k pheromones. 
3. Such that the proper number of pheromones k denote 

as weighting α1~αk, and the Score(P) is optimized for 
problem P  
 

In Score(P), we still have to consider the total table size 
and other implementation overhead into the score function. 
The proposed MPACO is shown in Eq. (9), where we 
consider the problem to be traffic balancing with OBL 
local model, with k=2.  

 





In Eq. (9), L is the reciprocal of the occupied buffer 
length of corresponding channel; therefore the more 
pheromone refers the better path. And αST/αLT is short/long 
term weighting on current local model and historical  

http://en.wikipedia.org/wiki/Moving_average#Weighted_moving_average
http://en.wikipedia.org/wiki/Moving_average#Exponential_moving_average
http://en.wikipedia.org/wiki/Resistance_(technical_analysis)
http://en.wikipedia.org/wiki/Support_(technical_analysis)


 
Figure 4. System flow for Single-Factor Prediction 

pheromone information. We define four status: Advance, 
Reaction, Decline, and Rally, for the relation of PHST and 
PHLT as defined in Eq. (10) and showed in Fig 3.  
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Notice in Eq. (10), we define a quantity ΔPHST to 
represent the trend of PHST, where ΔPHST is 
positive/negative for PHST have the trend of rising/falling. 
However, since PHST often jiggle up and down and it is 
also costly to record the many previous PHST values. 
Therefore, we use a trend counter TC(t) with N bits (hold 
the value of 0~2

N
-1) and use PHST(t) to stand for PHST on 

time period t, In Eqs. (11) and (12) is the proposed 
definition of ΔPHST: 
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C. MPACO Algorithm and Design Flow 

Since the PHST of Advance and Reaction is above PHLT, 
thus in traditional method Advance and Reaction are 
considered to be better then Decline and Rally. However, 
we consider the order in Eq. (13). For channels have 
different status, the channel with the highest ordered status 
is chosen. If there is more than one channel in the highest 
ordered status, then we choose the channel with the 
highest PHST, and choose a random channel when there are 
more than one highest PHST. The MPACO algorithm flow 
is shown as Fig. 4. 

Advance Rally Reaction Decline     

 
Figure 5. Performance of different selection scheme 

 under random traffic 

 

 
Figure 6. Performance of different selection scheme 

 under transpose-1 traffic 

IV. PERFOMANCE EVALUATION 

A. System Setup 

The evaluation of the experiment is by the NoC 
simulator Noxim [16]. An 8x8 network topology is adopted 
under wormhole switching mechanism [11], round-robin 
arbitration, and the odd-even routing function [6], also 
change the handshaking mechanism from two cycles to 
one cycle. While packet length is set to 8 filts and queuing 
buffer on each channels of a router have buffer depth of 4 
flits. And the time distribution of traffic is Poisson 
distribution. For the traffic distribution, we use the uniform 
distribution and transpose1 distribution to evaluate the 
performance. In transpose1 distribution, router (x,y) sends 
packet to router (N-1-y,N-1-x) in NxN mesh. The 
simulation cycles is 52,000 cycles and the first 2,000 
cycles is warm-up time of NoC system. The average 
latency under different packet injection rate is the 
performance index of the experiments. We also adopted 
the saturation throughput [17], which is the throughput 
when average latency is equals to the double of zero-load 
latency, as the evaluation metric.  

B. Simulation of MPACO 

The performance of MPACO is compared with the 

random, OBL, NoP, original ACO, and RACO-4 

selection functions. We coupling the MPACO with 

RACO-1, four entries representing four directions {N, E, 

W, S}, and two rows for the short/long term pheromone 

information with different α. With this setting, MPACO  
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Figure 7. Histogram of the packet number under different latency of 

(a)RACO-4 and (b) MPACO (c)Historigram of the packets difference of 

MPACO and RACO-4 under different latency  with random traffic 

having similar hardware overhead compared with RACO-

4 [18], with four entries representing four regions {NE, 

NW, SE, SW}, and two rows for minimal routing [6]. In 

Figs. 5 and 6 shows the average latency of different 

selection functions under random and transpose1 traffic. 

MPACO has lower average latency and higher saturation 

throughput compared to other selection functions. The 

improvements to the random, OBL, NoP, and original 

ACO with full table and RACO-4 are 17.54%, 12.63%, 

5.96% and 5.26% under random traffic and 22.11%, 

13.33%, 4.91%, 4.21% under transpose-1 traffic in terms 

of saturation throughput respectively. In Fig.7(a)(b), we 

show the packet histogram of MPACO and RACO-4 

under different latency. It shows MPACO has better 

ability to keep more packets in lower latency by shifting 

the higher latency packets to lower latency. In Fig.7(c), 

we show the histogram difference of Fig.7(a)(b): By 

minus RACO-4 from MPACO under different latency, we 

can find that this value is positive at lower latency and 

negative at higher latency that consistent to the result in 

Fig. 5.  

V. CONCLUSION 

In this paper, we propose a Multi-Pheromone ACO-
based routing (MPACO) that adopt the concept of stock 
market moving average to achieve better trend prediction 
on NoC. With the proposed algorithm and flow, we 
effectively forecasting future pheromone trend with 
higher-dimension information of pheromone interaction. 
The experiment result also exhibit the load-balancing 
ability of 4.21% to 22.11 % performance improvement 
compare to other adaptive selection functions. 
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