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ABSTRACT 

Today, the power consumption of large-scale computing systems 

such as an HPC or a datacenter is a significant social issue. Cooling 

units consume 30% of the total power. General control policies for 

cooling units are local (no automatic overall optimization) and 

static (manual overall optimization nearly once a week). However, 

free cooling leveraging outside air and IT-load fluctuation may 

change hourly optimum control variables of the cooling units. In 

this work, we present a novel deep neural network (DNN) power 

simulator that can learn from actual operating logs in the system 

and can quickly identify the optimum control variables. We 

demonstrated the power simulator of overall cooling units by using 

operating logs from an actual large-scale system with 4.7-MW-

power IT load and 1.4-MW-power cooling units. Our robust 

simulator predicted the total power with error of 4.8% without 

retraining during one year. We achieved optimization by the 

simulator within 80 seconds that was drastically faster than 

previous works. The dynamic control optimization each hour 

showed a 15% power reduction compared to that of conventional 

control policy in the actual system.   
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1 INTRODUCTION 

The world’s ICT sector, including supercomputers and datacenters, 

consumes 7% of the global electricity [1]. Recently systems with a 

total power of over 10 MW are becoming common [2]. Cooling 

units account for 30% of total energy consumption in the system, 

and there are still significant challenges in terms of control 

optimization for cooling systems. One of the challenges is global 

control optimization. The cooling units consists of hundreds of 

units such as air handling units (AHU), chillers, and so on, which 

are usually provided by different vendors. Some units have 

automatic local control for low power operation. However, control 

variables that affect other units are not globally controlled. The 

global control tuning of an overall system is still executed by a 

building operator nearly once a week or a month. Another 

challenge is dynamic frequent control. Free cooling that leverages 

outside air in cold seasons makes the condition of cooling-units 

sensitive to outside conditions, change hourly [3]. IT load, which 

also affect the optimum setting of cooling-units, experiences hourly 

MW-range changes in large supercomputers [4]. Similar trends are 

forecasted in datacenters due to GPU introduction. 

Many researches has tackled the global optimization but there 

were few studies for the dynamic-frequent, global-control 

optimization. Reinforcement-learning-based control can learn 

through actual trial and error [5], but a disadvantage of this 

approach is its long optimization time. A single trial requires at 

least few minutes because the cooling units require a stabilization 

time (from minutes to an hour) after the set points change [6]. 

Moreover, the trial and error in a running system mostly cannot be 

acceptable in terms of safety regulation. Computational fluid 

dynamics (CFD) can calculate cooling-units’ dynamics. 

Simulation-based optimization does not require actual trial in the 

system, but time-consuming CFD calculation (several hours for just 

one calculation) has the same problems in optimization time [7, 8].  

 

Fig. 1: Our proposed cooling-units control system 
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In this work, we studied a dynamic-frequent, global-control 

optimization of the cooling units and quantified the effect. We 

propose overall cooling-unit control system with a power simulator 

and a control optimizer (Fig. 1). Optimum control variables that 

minimize total power are dynamically calculated dependent on the 

input variable factors (outside temperature and IT load fluctuation). 

The optimization should be fast –within 30 minutes in order to 

follow the change of the input variable factors. 

2 MODELING & CONTROL OPTIMIZATION 

We demonstrated the overall modeling of an actual operating 

datacenter that has a modern green cooling system. The building 

has 9 server rooms with total 4.7-MW IT load. The rooms are 

cooled by 132 AHUs with air-side free cooling. Water lines are 

cooled by 4 chillers that are assisted by water-side free cooling of 

cooling towers. 6 cooling towers were operated in the system. 16 

water pumps control the flow amount of the water line. The typical 

power of the overall water cooling system was 1.4 MW in summer 

except for the fan power of the AHUs (we did not optimize fan 

rotation of AHU in this work). 312-time-series logs of the cooling 

units were monitored every 30 minutes from Jan. 2017 to Mar. 

2019. The logs include amount of heat, water temperature, water 

flow, power, and so on. The half of the period from the beginning 

was used for the training. The actual power change of IT load was 

small at less than 5%. 

 

Fig. 2: (a) Conventional model [9]. (b) Flow-oriented model. (c) 

Accuracy comparison of total power by each model. 

We adopted DNN as the core regress engine for the modeling 

because the DNN showed best-class accuracy for the power 

modeling, compared with other repressors (polynomial regression, 

support vector regression, and recurrent neural network). Recent 

progress in the DNN framework also enables easy introduction of 

a DNN simulator. We compared two DNN modeling approaches 

by using the same logs. Fig. 2 (a) shows the conventional approach 

in that all related logs are trained by a single DNN [9]. Fig 2 (b) 

shows our proposed flow-oriented modeling in that each gray box 

indicated DNN models. The models were connected based on the 

actual water flow. Total power was calculated as the sum of each 

cooling unit power. 

Fig 2 (c) shows the calculated total power of the power 

simulators. A big difference was observed in the prediction-period 

accuracy. The flow-oriented model achieved a low prediction error 

of 4.8% as compared to that of 8.2% by the conventional model. 

The actual control variables of the prediction period were different 

from those of training period. Conventional model failed to learn 

the physical dynamics of the cooling units. There are many factors 

that affect to the total power. Diversity of the actual logs in training 

was insufficient to learn the correct relationships between those all 

factors in the conventional model. In the case of the flow-oriented 

model, input/output of each model was defined based on human 

knowledge and the DNN can focus on the relatively simple 

regression. Thus, the flow-oriented model was very robust and it 

did not require retraining for almost one year. The retraining-less 

function is very effective in the dynamic control optimization 

because this DNN training spent three days.  

We introduced weight sharing in the AHU models for the AHU 

to acquire the IT load dependency. Total IT load fluctuation in the 

system was actually very small but each AHU experienced a 

different load. To learn IT load dependency, each DNN model of 

the AHU shared the weight. Thus, one AHU was able to acquire a 

dependency between IT load, a heat amount and a flow that affected 

total power, from the logs of other AHUs.  

Then, we simulated the control optimization with varying 

control frequency and compared this with the actual operating 

policies. The optimization was conducted in three control variables 

(supply water temperature of the chiller, the water-side free cooling 

on/off and the air-side free cooling on/off). AHU-valve openings 

that control water flow in each AHU were predicted as constraints. 

We also investigated the optimization when a rapid IT load 

fluctuation exists. The random IT load variation (max: 1.0, min: 0.6, 

standard deviation=0.16 and frequency = 1 hour, where 1.0 shows 

actual load on the system) was virtually given to the AHU. This IT 

load fluctuation is similar to that of a supercomputer site [4].  

We calculated a full matrix of the possible control variables 

(240 conditions) for the optimization from Jan. 2017 to Mar. 2019. 

The optimization time for a single time point was 80 seconds, 

which was fast enough for frequent dynamic control. This speed is 

almost 10,000 times faster than that of the conventional CFD. Fig 

3 shows the simulation results. The more the control was frequent, 

the more the power was reduced. Hourly dynamic control showed 

a 15% power reduction compared to actual control policies without 

the load fluctuation (actual load case). We revealed the load 

fluctuation of 40% increased effectiveness of the frequent control. 

 

Fig. 3: Simulated power reduction of the DNN optimization 

compared to actual policies with/without load variation. 
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