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Abstract 

 
In todays advanced SoCs (System-on-Chip), power efficiency is a crucial concern. As chips get 

denser and more complicated, power consumption is becoming the bottleneck in further enhancing 

system’s performance. Serving as the backbone for many-core chips, NoCs (Network-on-chip) 

consume a significant share of total chips power. As a result, decreasing the power consumption 

in these components can reduce the total chip’s power significantly. Power-gating is a promising 

technique which can be used to reduce the static power consumption in NoC’s routers. In this 

method routers are put in a sleep mode and only wake up when a turning packet needs to pass. 

Since the process of waking up the router takes several cycles to complete, turning packets will 

experience a high amount of latency. In this regard, application mapping has a significant impact 

on number of turns and latency between cores of an application. In this article we propose a 

Reinforcement Learning framework based on Actor-Critic architecture to optimize the application 

mapping problem for fewer number of turns as well as keeping the distance of the cores minimum. 

Our RL framework learns the heuristic of the mapping problem and outputs a sub-optimal 

mapping. A 2-opt local search algorithm fine-tunes this mapping and provides an improved 

mapping. The results of our simulations show that this RL framework could achieve better 

performance in terms of cost and algorithm run-time comparing to other heuristic algorithms such 

as Simulated Annealing (SA) and Genetic Algorithm (GA).  
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1 Introduction 

The advancement of technology has brought newer and state-of-the-art chips and processors every 

year. As newer chips become smaller and smaller, transistor density  has increased drastically. The 

progress of technology in reducing the transistor  dimensions has made it possible to accommodate 

more and more transistors into one chip, leading  to the chips’ increased throughput and 

performance. However, with the rise of multi/many-core processors, chips have become more 

complicated and consequently more  power-consuming. In such complex chips, one of the 

components that consumes a significant portion of the chip’s total power is NoC [1]. 

To address the on-chip communication challenges in Multiprocessor System-on-Chips (MPSoCs), 

network-on-chip (NoC) architectures have been proposed [2] which share communication 

infrastructure resources to provide high bandwidths to processing elements (PEs). Routers, 

interconnection wires, and Intellectual Property (IP) cores or PEs are the basic components of a 

NoC. NoC routers use packet switching to transfer data between IP cores via interconnection wires. 

Routers consume a considerable portion of the total power consumed by the NoC [3]. A chip's 

power consumption is the sum of switching, short-circuit, and static power, as shown in Equation 

1: [4] 

𝑃𝑃 = 𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠ℎ𝑖𝑖𝑖𝑖𝑖𝑖 + 𝑃𝑃𝑠𝑠ℎ𝑜𝑜𝑜𝑜𝑜𝑜−𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 + 𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 

                                                 = 𝛼𝛼𝐶𝐶𝐿𝐿𝑓𝑓𝑉𝑉2 + 𝐼𝐼𝑠𝑠𝑠𝑠𝑉𝑉𝑑𝑑𝑑𝑑 + 𝐼𝐼𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑉𝑉𝑑𝑑𝑑𝑑                                              (1) 

The dynamic power in this equation is made up of switching and short-circuit power. The 

switching power is influenced by the operating voltage (Vdd), clock frequency (f), load capacitance 

(CL), and transition activity factor (𝛼𝛼). The main cause of short-circuit power in CMOS circuits is 

short-circuit current (Isc). The leakage current (Ileakage) causes static power consumption (leakage 

power).  

The static to dynamic power consumption ratio rises as chip sizes and complexity grow [5]. As a 

result, static power consumption becomes a limiting factor in further increasing processing power 

[6]. Consequently, power consumption inhibits the chip from performing at its peak performance 

[7]. The same applies to the power consumption of the on-chip network components. Previous 

research indicates that the portion of on-chip network power is considerable [8, 9, 10]. 
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There are several approaches to reducing the power consumption of NoCs, which are broadly 

classified as dynamic and static power reduction strategies [4]. As previously stated, dynamic 

power is a function of transistor voltage and frequency; consequently, lowering these two factors 

leads in lower dynamic power consumption. This technique is known as dynamic voltage and 

frequency scaling (DVFS), and it allows a chip's dynamic power consumption to be drastically 

lowered while incurring some performance penalty [11, 12]. However, the impact of DVFS on 

total power consumption is minor because the contribution of dynamic power to total power 

consumption is decreasing as technology advances. This reduction results from the fact that by 

reducing the size, as the transistors’ operating voltage reduces, the leakage current increases due 

to the internal structure of the MOSFET transistors [4]. As technology advances, static power 

consumption is becoming the bottleneck in chip performance. As a result, static power reduction 

techniques are getting more attention than dynamic power reduction methods. Among the static 

power reduction approaches, power-gating is a well-established one [13, 14, 15]. 

Power-gating can be used in power-consuming routers in an on-chip network while they are idle 

for successive cycles. In power-gating, the routers will be placed in a state where the power supply 

is cut off. In this state, a transistor with a high threshold voltage disconnects the voltage rail, and 

the router consumes no power [15, 16]. If a packet follows the straight path, it will pass through a 

bypass route without waking up the powered-off router. Upon receiving a wake-up signal, the 

sleeping routers will be powered on. When the wake-up signal arrives, the pull-up transistor begins 

to turn on, connecting the supply voltage to the router (Figure 1). The time it takes to fully switch 

on the transistor is referred to as "wake-up latency" which is the source of performance degradation 

in power-gating strategies. Because of this latency, packets that reach sleeping routers must wait 

a number of cycles before the router is woken up. As a result, on-chip network latency increases 

dramatically, potentially resulting in a loss of overall chip performance [17]. 

Application mapping is a critical stage in NoC design. Every application consists of a series of 

tasks, which are managed by the application's IP cores. To meet the application's requirements, the 

IP cores must exchange data among themselves. Proper placement of IP cores has a direct impact 

on NoC performance [18]. The application mapping optimization procedure maps the IP cores 

onto the NoC topology. In general, the metrics for application mapping optimization problems are 

communication energy, delay, bandwidth, and communication cost. [19]. 
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In this article, a Reinforcement Learning based neural framework is proposed for application 

mapping in NoCs with power-gated routers to minimize the number of turns on the routes of 

packets. Consequently, the delay that arises from encountering turn routers (i.e., routers that 

packets must turn through them) can decrease. 

 

Figure 1. NoC router power-gating scheme [4] 

 

2 Related work 

Placement of IP cores onto the mesh-based NoC is a NP-hard problem. Researchers have proposed 

several algorithms using mathematical programming and heuristics to solve the application 

mapping optimization problem. The authors of [20] proposed mixed-integer linear programming 

methods for the mapping optimization problem (MILP) which uses the clustering technique to 

reduce complexity. To optimize the application mapping problem, [21] proposes a heuristic based 

on MILP relaxation and randomized rounding. It reduces programming complexity while also 

lowering solution quality. In [22], the authors formulated Integer Linear Programming (ILP) to 

obtain the energy-efficient IP core mapping. 
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Nature-inspired heuristic algorithms have also been used to exploit the entire solution space of the 

application mapping problem. Ant colony algorithm (ACO) [23], genetic algorithm (GA) [24], 

[25], and discrete particle swarm optimization (DPSO) [26] are examples of such efforts. In [27], 

simulated annealing (SA) algorithm was used to minimize the application execution time and 

energy consumption. From the research works reported in this literature, we can observe that these 

algorithms are very complex and require high computational power and time as the heuristic-based 

algorithm has to iteratively search the whole solution space. A human expert or a global application 

mapping model is required to guide and improve the performance of the heuristic to get an optimal 

solution. Another point is that while these methods may have a good performance in reducing 

power and latency in a general NoC architecture, they are not optimized for a NoC which leverages 

power-gating. In [4], the authors proposed a genetic algorithm (TAMA) specifically optimized for 

NoCs with power-gating. However, this method also requires a substantial amount of computation 

and time. With recent achievements in machine learning (ML), neural networks are being used to 

automatically extract features of the problem from data. So, ML methods have the potential to 

discover the heuristics of the application mapping problem. 

Recently, several researchers have used neural networks to solve combinatorial optimization 

problems. In [28], the authors proposed pointer networks and RL based framework to solve the 

Traveling salesman Problem (TSP). The authors in [29], proposed a RL architecture to learn 

heuristics for TSP problem. This RL framework is based on Actor-Critic method and attention 

mechanism. In [30] authors have proposed the same Actor-Critic based RL algorithm of [29] to 

optimize the application mapping problem based on communication cost. Like the work of [30], 

we have also used the Actor-Critic model proposed in [29]. However, our model is optimized for 

a NoC architecture that utilizes power-gating.  

3 Background 

3.1 Reinforcement Learning 

Reinforcement Learning is a field of Machine Learning along with Supervised and Unsupervised 

learning. In Reinforcement Learning an agent performs a specific task by interacting with an 

unknown environment. At each time step, the agent observes the environment state and decides 

about the action to take in that state. According to the selected action and the dynamics of the 



6 
 

environment model, a transition to a new state is performed. At the same time, a numerical reward 

signal is also returned by the environment, which expresses the goal of the task, reinforcing good 

decision making and penalizing bad decision making. A typical setting of the interaction between 

the agent and the environment is shown in Figure 2. The notion of RL is focused on gradually 

improving the agent’s behavior through trial and error, by maximizing the long-term expected 

reward. 

 

Figure 2. Reinforcement Learning diagram 

 

3.2 Actor-Critic model 

The main intuition behind the Actor-Critic method is that the actor takes as input the state and 

outputs the best action. It essentially controls how the agent behaves by learning the optimal policy 

(policy-based). The critic, on the other hand, evaluates the action by computing the value function 

(value-based). Those two models participate in a task where they both get better in their own roles 

as time passes. The result is that the overall architecture will learn to do the task more efficiently 

than the two methods separately. The actor can be a function approximator like a neural network 

and its task is to produce the best action for a given state. The critic is another function 

approximator, which receives as input the environment and the action by the actor, concatenates 

them, and outputs the action value for the given pair. The training of the two networks is performed 

separately and it uses gradient descent to update both their weights. As time passes, the actor is 

learning to produce better and better actions (it is starting to learn the policy) and the critic is 

getting better and better at evaluating those actions. 
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Figure 3. Diagram of the Actor-Critic method 

 

4 Proposed architecture 

As previously stated, the number of turns in the on-chip network can be reduced by using an 

appropriate mapping method. The mapping scheme should assign jobs to the appropriate location 

with the fewest number of turns. The method in [31] is an interesting mapping that greatly reduces 

the number of turns. However, fewer turns are achieved at the cost of dramatically increasing the 

distance of the tasks. As a result, the latency of several straight packets can be more than one turn 

packet. Supposing that we consider two cycles to pass a straight packet through a router, eight 

cycles for powering on the turn router, and four-stage router architecture. In this case, the latency 

of six straight packets is equal to the latency of one turn packet [4]. As a result, the distance 

between source and destination (hop count) must be considered. In short, to handle the described 

problem, two factors must be considered: (1) the Number of turns and (2) Hop counts. 

Consequently, a two-objective optimization function is required. 

An application core graph specifies the interconnection between the cores and the bandwidth 

required to handle the tasks. The purpose of the mapping is to allocate each core to only one 

location to minimize the sum of turnings and distances, considering their weight (bandwidth).  
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The formulations for the application mapping problem are as follows: 

• An application core graph is defined as directed graph G(C;A), where each vertex ci ∈ C 

denotes an application core, and the edge eij ∈ E denotes the link between the application 

cores ci to cj. The weight of the edge eij, represents the communication bandwidth (bwij). 

• Mesh topology-based NoC of size X×Y has X*Y number of locations to place the IP cores 

of application. Each location can accommodate one core. r ∈ R is a set of locations in the 

mesh topology. ri(xi,yi) and rj(xj,yj) are the locations to which the cores of edge eij are 

mapped. 

- Considering XY-routing algorithm minimum number of hops between two 

locations in mesh topology is given as: 

Number of hops (dij) = |xj − xi | + |yj − yi | 

- Considering XY-routing algorithm minimum number of turns between two routers 

in mesh topology is given as: 

Number of turns (tij) = �0        𝑖𝑖𝑖𝑖 𝑥𝑥𝑗𝑗 = 𝑥𝑥𝑖𝑖  𝑜𝑜𝑜𝑜 𝑦𝑦𝑗𝑗 = 𝑦𝑦𝑖𝑖
1                           𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

 

• The mapping sequence provides information about the connection between the 

locations in the NoC and the cores of the application. Based on the mapping sequence, 

the cores of the application graph are assigned to the locations in the mesh topology in 

a zigzag order from top-left to bottom-right. 

• Constant 𝜆𝜆 is the ratio of the turn packet latency to the latency of straight packets. As 

mentioned earlier, the latency of 6 straight packets approximately equals the latency of 

one turn, so in this study 𝜆𝜆 = 6. It should be noted that this value is approximate, and 

the actual value depends on the physical characteristics of the fabricated chip. 

• Depending on the mapping sequence, the number of hops and turns between the cores 

mapped onto the mesh topology is varied which impacts the cost. 

Based on the above definitions we define our cost function as follows: 

𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 =  ∑ 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑜𝑜𝑜𝑜 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 = ∀ 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 ∑ ∑ �𝑑𝑑𝑖𝑖𝑖𝑖 + 𝜆𝜆𝑡𝑡𝑖𝑖𝑖𝑖�𝑏𝑏𝑤𝑤𝑖𝑖𝑖𝑖
𝑛𝑛
𝑗𝑗=1

𝑛𝑛
𝑖𝑖=1                            (2) 

Where n is the total number of cores.  
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This cost function represents the sum of latencies between every two cores considering the weight 

of communication between them (bwij). 

Figure 4 shows an application with 5 cores mapped into a mesh of size 2×3. Table 1 shows the 

mapping sequence and core placements. 

 

 

Figure 4. IP core mapping example. [30] 

 

Table 1. Core assignment in mapping of an application graph to a mesh 

NOC Location R1 R2 R3 R4 R5 R6 

Mapping sequence 1 3 5 2 - 4 

Cores C1 C3 C5 C2 - C4 

 

 

4.1 Reinforcement learning based Turn aware application mapping 

The proposed reinforcement algorithm is based on actor and critic networks. To apply the actor-

critic model to our mapping problem, we have used the model in [29] as a baseline for our problem. 

We have altered the input embedding layer and reward functions to work for our application 

mapping problem. The embedding layer accepts the application core graph as input and transforms 

it for further processing. The actor takes the embedding layer output as input and produces the 
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mapping probabilities. The mapping sequence (M) is obtained from these probabilities and the cost 

is calculated using Equation 2. The temporal difference between the cost of the mapping sequence 

obtained from the actor and the baseline value obtained from the critic is used to train the actor 

and the critic. Architecture of the proposed network is shown in Figure 5. 

 

Figure 5. Reinforcement Learning framework 

Considering we have a task graph with n cores C, our application mapping problem consists in 

finding the minimum cost calculated by Equation 2 considering that each core is assigned to only 

one location. Our goal is to learn the parameters θ of a stochastic policy over mapping sequence 

permutations pθ(M|C), using Neural Networks and Policy Gradient. The stochastic policy uses 

Adam optimizer to tune the network parameters to minimize the cost. Given an input application 

core graph of cores C, the key idea is to assign a higher probability to “good” mapping sequences 

which result in lower costs, and a lower probability to “undesirable” mapping sequences with 

higher costs. 

4.1.1 Input Embedding 

The embedding layer was implemented as a simple Graph Convolutional Neural Network (GCNN) 

based on [32]. The idea is to represent the features of each node (core) of the application graph as 

a vector in a d-dimensional space. The embedding layer is defined as: 

Embed(𝐶𝐶) = 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅(𝐷𝐷−1𝐴̂𝐴(𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅�𝐷𝐷−1𝐴̂𝐴𝑊𝑊1�𝑊𝑊2)                                  (3) 

Where A is the adjacency matrix of the application graph,  𝐴̂𝐴 = 𝐴𝐴 + 𝐼𝐼 and I is the unity matrix. D 

is the diagonal node degree matrix of 𝐴̂𝐴. W1 and W2 are the learnable weights of the network. 
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4.1.2 Actor Network 

Actor network is a typical encoder-decoder. The encoder maps the input set I = (i1, ..., in) into a set 

of continuous representations Z = (z1, ..., zn). The decoder then takes Z and generates an output 

sequence O = (o1, ..., on) of symbols one element at a time. The model is autoregressive at each 

step meaning that It uses the previously generated symbols as an extra input when generating the 

next symbol.[29] 

4.1.2.1 Encoder 

The purpose of the encoder is to obtain the representation of each core in the form of actions. An 

action represents a core. The encoder takes the embedded and batch normalized adjacency matrix 

of the core graph and constructs a set of action vectors (mapping sequences) A = (a1, ..., an) each 

representing a core. The structure of the encoder is shown in Figure 6 [29]. It consists of a stack 

of N identical layers. Each layer is divided into two sublayers, namely Multi-head Attention 

(MHA) layer and Feed-Forward Network (FFN) layer. 

 

Figure 6. Encoder Architecture 
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Multi-Head Attention: The attention mechanism of MHA provides interaction between queries 

and key-value pairs. Figure 7 shows the structure of MHA layer. For the application mapping, 

queries (qi) and key-value pairs (ki ,vi) are obtained by linearly transforming each core (ci) and 

applying ReLU nonlinearity. The output of the embedding layer is given as input to the MHA 

layer. Attention mechanism [33] is defined as: 

Attention(𝑄𝑄,𝐾𝐾,𝑉𝑉) = softmax �𝑄𝑄𝐾𝐾
𝑇𝑇

√𝑑𝑑
� 𝑉𝑉                             (4) 

Where Q = [q1, ..., qn], K = [k1, ..., kn], V = [v1, ...,vn] and h is the number of independent subspaces. 

MHA sublayer outputs a new representation for each core based on the weighted sum of core 

values. The affinity function defines the weights based on the relation between cores, queries, and 

keys. The queries and key-value pairs are linearly mapped to h independently trained subspaces. 

The attention mechanism is applied to every new set of representations to get each core output 

value. These values are fed to the FFN Layer. 

 

Figure 7. Multi-Head attention [30] 
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Feed-Forward Network: In addition to MHA sublayer, the encoder contains a fully connected 

Feed-Forward network (FFN) layer. It includes two position-wise linear transformations with a 

ReLU activation function between them. 

FFN(𝑥𝑥) = max(0, 𝑥𝑥𝑊𝑊1 + 𝑏𝑏1)𝑊𝑊2 + 𝑏𝑏2                                      (5) 

Where x is the input, W1 and W2 are weights of the network, and b1 and b2 are biases of network. 

The input of the sublayer is added to the output of the sublayer and sent to the normalization layer.  

4.1.2.2 Decoder 

The proposed decoder network architecture uses the chain rule to factorize the probability of the 

mapping sequence as 

𝑝𝑝𝜃𝜃(𝑀𝑀|𝐶𝐶) = ∏ 𝑝𝑝𝜃𝜃(𝑀𝑀(𝑡𝑡)|𝑀𝑀(< 𝑡𝑡),𝐶𝐶)𝑛𝑛
𝑡𝑡=1    (6) 

Each term on the right-hand side of Equation 6 is computed sequentially with softmax modules. 

This model explicitly forgets the previous actions after K = 3 steps, dispensing with LSTM 

networks. At each output time t, the three last sampled actions are mapped to the following query 

vector: 

𝑞𝑞𝑡𝑡 = ReLU(𝑊𝑊1𝑎𝑎𝑀𝑀(𝑡𝑡−1) + 𝑊𝑊2𝑎𝑎𝑀𝑀(𝑡𝑡−2) + 𝑊𝑊3𝑎𝑎𝑀𝑀(𝑡𝑡−3))   (7) 

Figure 8 shows the neural decoder structure [29]. The interaction of query vector qt with a set of n 

action vectors defines the pointing distribution over the action space and maps a core to a location. 

Whenever a core is mapped, the selected action vector is updated in the trajectory qt+1, and the 

process continues until the mapping is completed. The completed mapping receives the overall 

cost as the reward. 
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Figure 8. Decoder architecture 

 

Pointing Mechanism: Pointing mechanism is used to predict the distribution over IP cores based 

on encoded actions and a state representation (query vector). The proposed pointing mechanism is 

parameterized by two attention matrices Wref, Wq and an attention vector v as follows: 

 

∀𝑖𝑖 ≤ 𝑛𝑛,𝑢𝑢𝑖𝑖𝑡𝑡 = �𝑣𝑣
𝑇𝑇 tanh(𝑤𝑤𝑟𝑟𝑟𝑟𝑟𝑟𝑎𝑎𝑖𝑖 + 𝑊𝑊𝑞𝑞𝑞𝑞𝑡𝑡)                        𝑖𝑖𝑖𝑖  𝑖𝑖 ∉ 𝑀𝑀(0),𝑀𝑀(1), … ,𝑀𝑀(𝑡𝑡 − 1)

−∞                                                                          𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
        (8) 

𝑝𝑝𝜃𝜃(𝑀𝑀(𝑡𝑡)|𝑀𝑀(< 𝑡𝑡),𝐶𝐶) = softmax(𝐿𝐿 tanh(𝑢𝑢𝑡𝑡/𝑇𝑇))                                        (9) 

 

𝑝𝑝𝜃𝜃(𝑀𝑀(𝑡𝑡)|𝑀𝑀(< 𝑡𝑡),𝐶𝐶) predicts a distribution over the set of n action vectors, given a query qt . A 

mask is used to set the logits (aka log-probabilities) of cores that already appeared in the mapping 

sequence to −∞, as shown in Equation 8. This ensures that the model gives a valid permutation of 

the input. Then, the logits are clipped in [-L,+L] to control the entropy. T is a temperature hyper-

parameter used to control the certainty of the sampling. T = 1 during training and T > 1 during 

inference. 
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4.1.3 Critic Network 

The proposed critic network uses the same encoder as the actor network. The critic network uses 

pointing distribution over the cores 𝑝𝑝𝜙𝜙(𝐶𝐶). It specifies a glimpse vector 𝑔𝑔𝑙𝑙𝑐𝑐, which is calculated 

as a weighted sum of the action vectors A = (a1, ..., an ). 

𝑔𝑔𝑙𝑙𝑐𝑐 = ∑ 𝑝𝑝𝜙𝜙(𝐶𝐶)𝑖𝑖𝑎𝑎𝑖𝑖𝑛𝑛
𝑖𝑖=1      (10) 

The glimpse vector 𝑔𝑔𝑙𝑙𝑐𝑐 is fed to a 2 fully connected layers with ReLU activations. The output of 

the critic network is a prediction of the cost. The critic is trained by minimizing the Mean Square 

Error between its predictions and the actor rewards. 

4.1.4 2-opt local search 

2-opt local search [34] is used to refine the solution obtained by the neural network. Figure 9 shows 

the pseudocode for the 2-opt local search. The algorithm swaps the positions of the cores in the 

mapping sequence obtained by the neural network and generates a new solution. If the overall cost 

of the new mapping is less than the previous solution, the best solution is replaced with the new 

solution. This process is repeated until the no further improvement is observed in the cost value or 

maximum number of iterations is achieved.  

 

Figure 9. 2-opt algorithm pseudocode 
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4.1.5 Training the Model 

Supervised learning for NP-hard problems like application task mapping is infeasible as the search 

space is incredibly large and the amount of required labeled data is huge. By contrast, 

reinforcement learning provides an appropriate and simple paradigm for training a Neural 

Network. An RL agent explores different mappings and observes their corresponding rewards. The 

Neural Network is trained by Policy Gradient using the reinforcement learning rule. The cost 

function defined earlier is used as reward r(M|C). 

We have used a free open-source tool called Task Graphs for Free (TGFF) to generate our random 

application core graphs. Different graphs with number of cores ranging from 6 to 64 was generated. 

For the purpose of this work, a mesh size of 8x8 was considered. A batch size of 256 was selected 

and the network was trained with 128000000 task graphs of different sizes. Stochastic Gradient 

Descent (SGD) with Adam optimizer (β1 = 0.9, β2 = 0.99 and ϵ = 10−9) is used. The model was 

implemented in Python language using TensorFlow library. 

The training and testing of the algorithms was performed on a high-performance machine with a 

Intel(R) Xeon(R) Silver 4114 @ 2.20GHz CPU and 32 GB of RAM. The system also had 2 GPUs 

installed (GeForce RTX 2080 and Quadro K620). It took approximately 120 hours for the training 

process to complete. 
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5 Results and Discussion 

The RL-based application mapping framework is tested against multiple benchmarks. As 

mentioned earlier, the mapping sequence obtained by the network is further improved with use of 

2-opt local search. Figure 10 illustrate the core graphs for the benchmarks used in our test. 

 

Figure 10. Application core graphs of the benchmarks [35] 

 

Table 2 demonstrate the value of cost function for the RL algorithm and the cost obtained after 

applying 2-opt local search. The run-time of the algorithms is also presented in that table. We have 
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run the algorithm 10 times and the results presented in this table are the average of 10 runs. In the 

rest of this report, the cost value is rounded to the nearest integer value. 

Table 2. Comparison of our model’s cost before and after applying 2-opt local search 

Application Number of 
cores 

RL Algorithm RL + 2 opt search 

Cost Run-time (s) Cost Run-time (s) 
PIP 8 896 0.38 806 4.14 
MWD 12 6694 0.39 3084 7.55 
MPEG 12 11007 0.4 8462 9.87 
263ENC 12 444 0.39 283 5.92 
MP3ENC 13 25 0.4 18 9.28 
263DEC 14 34 0.4 23 13.83 
VOPD 16 8106 0.4 4730 12.93 
DVOPD 32 20194 0.4 14046 42.03 

 

As we can see the mapping obtained from the RL algorithm is not optimal. However, using 2 opt 

local search algorithm we can see a significant improvement in terms of cost. We can also notice 

that the run-time of the RL algorithm is the same for different number of cores as the network 

architecture does not depend on this parameter. On the other hand, the run-time of the algorithm 

leveraging 2 opt search has increased substantially as the number of cores have increased. The 

reason is that as the complexity of the problem increases with higher number of cores, the 2 opt 

algorithm needs more iterations to find the optimum mapping. 

The result of our algorithm is also compared to using the 2-opt algorithm initialized randomly and 

also two other generic heuristic optimization algorithms; Simulated Annealing (SA) and Genetic 

algorithm (GA). The values of cost and the run-time of the algorithms are presented in Table 3. 
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Table 3. Comparison of our model with other generic heuristic methods 

Application Number 
of cores 

RL + 2 opt search 2 opt SA GA 

Cost Run-time 
(s) Cost Run-time 

(s) Cost Run-time 
(s) Cost Run-time 

(s) 
PIP 8 806 4.14 1030 10.1 876 41.86 2131 8.2 

MWD 12 3084 7.55 4646 15.31 3667 42.3 8224 13.32 
MPEG 12 8462 9.87 8895 22.96 10448 42.3 12215 23.03 

263ENC 12 283 5.92 332 20.1 328 41.89 454 33.63 
MP3ENC 13 18 9.28 22 19.13 22 42.23 29 46.52 
263DEC 14 23 13.83 25 26.11 28 41.93 35 51.73 
VOPD 16 4730 12.93 6186 39.12 5757 41.86 8892 74.08 

DVOPD 32 14046 42.03 18932 75.04 14627 42.52 37038 82.98 
 

Figure 11 illustrate the cost of different algorithms normalized to value of cost obtained from our 

model. Figure 12 also shows the run-times normalized to the run-time of our method. 

 

 

Figure 11. Cost of different algorithms normalized to RL+2-opt 
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Figure 12. Algorithm’s run-time normalized to RL+2-opt 

 

From figure 11 we can observe that our RL network has efficiently learned the heuristics for the 

application mapping problem during the training. As a result, the cost value obtained from utilizing 

the RL network before the 2-opt search is substantially lower than using 2-opt alone with a random 

initial mapping. It is also clear that our method outperforms the other heuristic methods in terms 

of cost. According to Figure 12 we can also see that the run-time of our algorithm is also lower 

than the 2-opt algorithm alone. The reason is that our RL network was able to provide a good 

estimate of the optimum mapping to the 2-opt algorithm. As a result, the 2-opt algorithm finds the 

optimum mapping in fewer number of iterations. 

Figure 13 the number of turns per each benchmark application for different algorithms. For most 

of the benchmarks our method results in fewer turns.  
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Figure 13. Number of turns for different algorithms 

 

As mentioned earlier our goal was to optimize the mapping algorithm for fewer turns as well as 

reducing the distance between mapped cores. As can be seen from figure 14 our method also 

outperforms the other methods in terms of average number of hops between cores. 
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Figure 14. Average number of hops for different algorithms 

 

6 Conclusion 

With the advancement of technology newer chips are becoming more compact and power-

hungry. As Static power is becoming the dominant source of power consumption in advanced 

chips, Static power reduction methods are getting more attention. Power-gating is a promising 

technique to reduce the static power of routers in NoCs which are an important component in 

MPSoCs. However, power-gating can cause a substantial performance degradation in terms of 

network latency. In this article we proposed a Reinforcement Learning based turn aware 

application mapping to minimize the number of turns between application cores while 

maintaining their distance as low as possible. The results show that using the RL framework with 

the 2-opt local search has the best performance in terms of overall cost. The reason is that our RL 

network was able to predict the heuristics of the problem and provide a good estimate of the 

optimum mapping to the 2-opt algorithm. The overall cost of mapping sequences obtained by our 

method was reduced 24%, 17% and 100% comparing to generic 2-opt, SA and GA algorithms.  
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7 Future work 

As we can see from the results, the combination of the RL framework with the 2-opt search has a 

good performance in terms of overall cost. However, we can see that there is still a considerable 

gap between the cost achieved by the RL network and the cost after applying 2-opt search. In 

other words, our RL network has only achieved an approximation of the optimum mapping 

which was later fine-tuned by the 2-opt local search. The reason behind this might be related to 

the input embedding layer we have used in our network. As mentioned earlier this embedding 

layer is a very simple graph convolutional neural network and consequently the node 

representations provided by this layer may not be differentiating enough. As a scope for feature 

work, deploying more complex graph embedding architectures can be considered to further 

enhance the mappings obtained by the RL network. 
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