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Abstract. In recent years, we have seen a rapid growth in big data and
cloud computing industry, because of the rapid development in Inter-
net technology. That’s why the number and scale of data center have
increased rapidly. A data center is a warehouse-level IT facility that hosts
many servers. Because of the uneven heat production and heat dissipa-
tion of the servers in a rack, the hot spots emerges. In order to maintain
the CPU temperature hence the computing performance, the server cool-
ing is very critical. A common solution is to increase the speed of the
Computer Room Air Handler (CRAH) blower and increase the flow of
cold air. Nevertheless, this solution can only partially address the issue
and raise the cooling energy consumption.

In this paper, we study how to mitigate rack hot spots without sig-
nificantly increasing the power of air conditioning system. We propose
the Active Ventilation Tiles (AVTSs), i.e., ordinary ventilation tiles with
attached fans, to enhance the local cold air delivery and improve the
cooling performance. In particular, we propose an AVT control algo-
rithm adapted from the Reinforcement Learning techniques to tackle
the complex data center environment and thermo dynamic process. The
reinforcement learning algorithm adjusts the temperature distribution of
the rack by controlling the fan speed installed on the ventilation tile, and
guides the fan speed according to the feedback temperature to mitigate
hot spots. Due to the slow learning speed of the traditional Tabular-Q-
Learning algorithm, we integrate the Tabular-Q-Learning algorithm with
the Dyna architecture to accelerate the learning speed and improve the
algorithm performance in the early stage. Experimental results reveal
that Tabular-Q-learning based on Dyna has better performance.
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1 Introduction

A data center is a server hosting facility that provides users with more storage
and computing resources. In recent years we has seen the rapid development in
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Internet technology and 5G communication technology. That’s why number and
scale of data center has increased rapidly.

However, a reality often faced by the data center operators is that the local
server overheating, or hot spot, is commonplace in practice. Usually the main
causes of hot spots are server load fluctuations and cold air supply imbalance[2].
To solve this problem, someone used AVT. Ventilation tiles in the raised-floor
data centers can be classified as Passive Ventilation Tiles (PVTs) and Active
Ventilation Tiles (AVTs), AVTs have attached fans and PVTs where the tile flow
completely determine by the pressure differential between above- and underfloor
spaces [1]. AVTs are more flexible since fans can draw the cold air actively to
cold aisles even if the under-floor pressure is ill-distributed [7]. In previous paper,
researcher focused on measurement or simulation based performance modeling
and evaluation. The impact of various factor, such as airflow angle, tile position,
containment structure CRAC blower speed, on the tile flow was investigated in
[3-5]. The general conclusion of these articles is that AVTs can improve local
cooling delivery. No one has proposed a relevant study on the control problem
of AVTs under actual working conditions.

In this paper, we propose an AVTs control algorithm based on reinforce-
ment learning. The difficulty with AVTs control is the diversity of different data
center environments. Due to the diversity of the environment and the lack of a
complete grasp of the environment, reinforcement learning is more appropriate
solution to solve such problems. We use Tabular-Q-Learning and Tabular-Q-
Learning Based On Dyna algorithms to solve the control problem of AVTs.
Because the algorithm is completely online learning. It can learn the external
environment through limited environmental exploration, without considering the
establishment of complex airflow and heat exchange model, thus improving the
universality of AVTs and control algorithm.

2 Markov Decision Process Formulation

Reinforcement learning is a computational approach to understanding and
automating goal-directed learning and decision making. It is distinguished from
other computational approaches by its emphasis on learning by an agent from
direct interaction with its environment, without requiring exemplary supervision
or complete models of the environment. Reinforcement learning uses the for-
mal framework of Markov decision processes to define the interaction between
a learning agent and its environment in terms of states, actions, and rewards
[6]. Our main target is control the fan speed of AVT and provide the average
temperature distribution to the rack. Tabular based approach requires that the
state and behavior of the MDP model should have discrete value and space of
the state and behavior should be small. Because all values in this method are
stored in the tabular (Q tabular), Q tabular is the result of the algorithm update
and learning. The advantage of this method is that the optimal solution of the
problem learned by agent. Following is the tabular approach of MDP modeling:
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e System states. We discretize the duty cycle of PWM and divide it by 25%
equidistance, that is, the single state dimension of the system is one, the
system state space S = {0%, 25%, 50%, 75%, 100%}.

e Actions. Action behavior defined the different condition of fan speed, which
is increase, decrease and static state of fan speed. The behavior space of the
system A = {inc, dec, nop}, for ease of calculation A = {1, —1,0}.

e Reward. The main purpose of this paper is provide the average temperature
to the rack and reduced the fan energy consumption. Therefore, the immedi-
ate reward is divided into two parts:1) The temperature part of the reward:

S (Ty—T)?
Rt,T = = 1Z]
front panel of the rack at time t, Z is the temperature and humidity sensor
set, and |Z| is the total number of sensors. Ty is the frame reference tem-
perature at time t. It is obvious that the smaller R; 7 is when the sensor
temperature is closer to the reference temperature. That is, the more uni-
form the temperature distribution of the rack. On the premise of 1), reduce
fan energy consumption. Energy consumption and fan speed is 3 power rela-

Where, T} ; is the temperature of the ith sensor on the

3
tionship, so energy consumption part of the reward R: g = ( < f) ,among

them s; € S,S;5 is the reference value that keeps R; 1 and R; g of the same
order. Obviously, the smaller the fan speed, the lower the energy consumption.
Therefore, the immediate reward of the system is set as:

Rt = *(1 — w)Rth — WR);E. (1)

Where w is to determine which part of R: g or R; r contributes more weight to
R;. Therefore, all of them have negative values, and maximizing R; (tending to
0) is the optimization direction of this topic. Finally, the AVT control problem
can be defined as the following decision problem:

%?XZ%R,&,% e AVt € {0,1,...,00}. (2)
0

t=

3 Algorithm Design

3.1 Tabular-Q-learning

In order to solve the problem of Eq. (2), in this paper we used the Q function to
quantify the advantages of behavior at under state s;:

oo

Z Y Rysri1

k=0

Q(s,a) = E

s—st,a—at] . (3)

There is a unique optimal Q function satisfying Bellman equation:

oo
Q*(st,at) = max FE kRiik
( ) > V¥ Rigrta o nax

st,at| = E{Rt_,_l +9x max Q¥(st,a)l. (4)
Stk A —o A
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According to formula (4), the optimal behavior can be selected as follows:
0, = argmax Q" (s, a) (5)

In Q-learning, the update of @ function is as follows:

{ Qt+1,target = Riy1 + ’Ylgleaji Q(st+1,0a). (6)

Q(st41,a) = Q(st41,0) + & X (Qi41,target — Q(St, ar)).

where, Q¢+1,target is the Q sample received at time t+41, 5,41 is the system state
at time t+1, and « € [0,1] is the learning rate. Tabular g-learning algorithm,
after the initialization of the Q tabular, carries out Tabular update learning
according to the above formula.

Algorithm 1. A basic Tabular-Q-learning algorithm for solving the AVT control
problem.
1: Define
t = Time index;
st = State at time t;
a; = Action at time t;
g-table = Matrix with size:|S| * |Al;
¢ = Exploration factor;
w = Reward the weight;
2: t=0,¢ = [0,0.99]w = 0.3;
3: Randomly initialize ¢_table with 0 except that g_table [0, -1] = min and ¢_table [4,
1] = min(min is a very small number);
4: Initialize S;
5: loop

_ [ argmax Q(s¢, a), with probability . (7)
%= a random action from A, with probability 1 — e.

6: Observe the next state s;41 and the temperature distribution of the rack
inlet,compute reward R:+1(see Eq.(1));

7: Update the g_table[s, as|(see Eq.(6));

8: end loop

Q-Learning requires a Q tabular. If Q tabular has to many states, then
required large amount of space for storage and need large amount of time to
search data. Q-Learning has the problem of overestimation, because Q-Learning
uses the action corresponding to the optimal value at the next moment when
updating @Q function, which cause to the “overestimation”. In order to solve the
slow convergence rate of Q-Learning, we proposed Q-Learning integrated with
Dyna framework.
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3.2 Tabular-Q-learning Based on Dyna

Dyna is a generic term for a class of algorithmic frameworks that integrate
model-based reinforcement learning with non-model-based reinforcement learn-
ing. Dyna can learn both from models and from the experience of environmental
interactions.

Compared with Q-Learning alone, Tabular-Q-learning Based On Dyna adds
an L-size experience replay buffer B to store the learning samples as the model
of interaction with the environment. In addition, a thread was opened in the
program. After one step of algorithm training, M samples were randomly selected
from the experience replay buffer for model training.

Tabular-Q-learning Based On Dyna Algorithm adds the experience replay
buffer storage transition (s,a,r;41,5:+1) between 5-6 lines of the above algorithm,
and selects M -size samples for model training.

4 Result Analysis

This experiment we did in a real data center. We collect the temperature by
installing sensors on the rack and air conditioning, and then transferred the data
to the computer for intensive learning algorithm training. In algorithm Tabular-
Q-learning, ¢ = [0,0.99], w = 0.3, @ = 0.01; In algorithm Tabular-Q-learning
Based On Dyna, L = 5000, M = 100.

The total reward based on Q-Leaning with Dyna is closer to 0 than the
total reward based on Q-Leaning. As can be seen from the figure. The average
of algorithm Tabular-Q-learning Based On Dyna total rewards is higher than
algorithm Tabular-Q-learning, (see Fig.1).
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Fig. 1. Total reward (CDF)

The average Q value of algorithm Tabular-Q-learning Based On Dyna tends
to converge in 40 steps, and fluctuates slowly in 400-500 steps. After 500 steps,
the average value of Q Tabular becomes stable, and the average value of Q
Tabular converges in the range of [—0.2, —0.3]. However, in Tabular-Q-learning
the time steps of the average Q Tabular value from 0 to 1750 was continuously
declined. The average value of Q Tabular is down from —1.1, and there is no



172 Y. Duan et al.

convergence. The convergence speed of Tabular-Q-learning Based On Dyna is
much faster than tabular Q learning, and the average value of Tabular-Q-learning
Based On Dyna is larger, which proves that the algorithm learns a great reward
and its performance is better, (see Fig. 2).
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Fig. 2. The average of the Q-tabular

5 Conclusion

In this paper, we describe the rack hot spot issues facing today’s data cen-
ters, as well as the shortcomings of solving these problems in the past. Due to
the complexity of the data center environment, we propose a solution based on
the reinforcement learning algorithm AVT control. We introduce the establish-
ment of Markov decision process, and introduce reinforcement learning algorithm
Tabular-Q-Learning and Tabular-Q-Learning Based on Dyna. By comparison,
For algorithm Tabular-Q-learning Based On Dyna, it can accelerate the conver-
gence of Q tabular. It is found that algorithm Tabular-Q-learning Based On Dyna
has better performance in dealing with Tabular problems. Algorithm Tabular-Q-
Learning converges at least four times faster than algorithm Tabular-Q-Learnig
Based on Dyna.
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