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ABSTRACT 

Exascale computers consume large amounts of power both for 

computing and cooling-units. As power of the computer varies 

dynamically corresponding to the load change, cooling-units are 

desirable to follow it for effective energy management. Because of 

time lags in cooling-unit operations, advance control is inevitable 

and an accurate prediction is a key for it. Conventional prediction 

methods make use of the similarity between job information while 

in queue. The prediction fails if there is no previously similar job. 

We developed two models to correct the prediction after queued 

jobs start running. By taking power histories into account, power-

correlated topic model reselects more suitable candidate and 

recurrent-neural-network model considering variable network sizes 

predicts power variation from shape features of it. We integrated 

these into a single algorithm and demonstrated high-precision 

prediction with an average relative error of 5.7% in a K computer 

as compared to the18.0% obtained using the conventional method. 
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1. Introduction 
As their computing performance continues to increase, 

supercomputers require considerably higher levels of power. The K 

computer, which was ranked as the most powerful supercomputer 

according to the TOP500 list in 2011, consumed 12.6 MW of power 

with a performance of 10-PFlops. Today’s most powerful 

supercomputer is Tianhe-2A that consumes 18.6 MW of power 

with a performance of 61-PFlops [1].  Power consumption of 

exascale computers expected in 2021will become a critical limit [2] 

[3]. 

Cooling units consume almost 37% power in the whole system 

[4]. Therefore, reducing cooling-unit power is one approach to 

alleviate the power limitations of the whole system. 

Generally, cooling units are operated at a cooling capacity 

sufficient for the maximum power of a computing system. This can 

lead to overcooling in cases of low system utilization. To avoid 

unnecessary cooling, predictive control has been studied [5, 6, 7].  

Because the time constant of cooling-unit stabilization is 

considerably longer than that after a change in computing system 

power, key challenge is a highly precise time-series prediction of 

the power consumed by each job.  
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Fig. 1: Proposed HPC system with predictive power control 

Fig. 1 shows the concept behind our proposed HPC system 

based on predictive power control. After jobs are submitted and 

scheduled in a queue, the queued jobs are executed in order and the 

HPC system power varies. Cooling units are frequently controlled 

in advance with adjustments to the variation in predicted HPC 

system power. As the control margin is determined by the 

prediction accuracy, we set the target for it less than 10%. 

Prediction period is set to 30 minutes from the cooling units’ time 

constants, mostly within 30 minutes [6, 7, 8].  

2. Proposed method 
Most previous studies on HPC power prediction focused on 

queued-job prediction because their main aims were power-aware 
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scheduling or power capping. Queued jobs are pre-scheduled 

before their execution based on the predicted power for this purpose 

[5,10-12]. On the other hand, predictive control of cooling units 

allows to update the prediction after a job has shifted to the running 

state. Fig. 2 illustrates an example of job states at a certain time. In 

Fig.2, 100% of the total system power consists of running jobs 

(Job2, Job3, Job6, Job7 and Job8) at current time (TC). Job9 and 

Job10 are still in the queue at TC; however, they will move to the 

running states during the prediction period. The power at prediction 

target time (TPT) consists of these queued jobs and current running 

jobs still executing at TPT. Therefore, it is important to account for 

both the running jobs and queued jobs for power prediction. In this 

paper, we propose an effective running-job prediction model. As 

for queued-job prediction, we adopted the method we proposed in 

[12]. 

The proposed running-job prediction model (Fig.3) is combined 

two prediction methods with different features; one is a power 

correlated topic model (PCT) and the other is a variable recurrent 

neural network (VRNN).  

PCT is a two-step predicting model. First, while job is in the 

queue, it uses a topic model to search for the multiple candidates 

that have similar job information from the past jobs. Second, after 

the job starts running, it compares the power of each candidate to 

the actual power history from start to present, and updates the 

prediction to the candidate with the smallest average error. Then, 

second step is repeated every time step predefined. In most cases, 

we can expect that there is at least one candidate in the first selected 

multiple candidates and the update converges. In case there is no 

similar candidate, i.e. the case PCT fails, we developed VRNN in 

addition. 

VRNN; recurrent neural network model considering variable 

network sizes, predicts the future variation of power from the power 

history of itself. Because it is a time-series regression model, it is 

hard to train the model by many power histories with various 

features, especially for the variety of execution time.   To improve 

the convergence, we design VRNN to contain multiple prediction 

models based on the execution time. As each prediction model is 

trained by the power histories with almost same execution time, it 

can improve the regression convergence and prediction accuracy.  

From the prediction results of the two models, i.e. PCT and 

VRNN, one prediction result is selected based on the average error 

between the prediction and actual histories as same algorithm used 

in PCT. 
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Fig. 2: An example of job states for power prediction. 
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 Fig. 3: Block diagram of proposed power prediction system 

for HPC. 

3. Results 
Fig. 4 shows the evaluation results of the predicted total job 

power in the K computer. The evaluation period is July to 

September 2017. A comparison of the queued-job prediction model 

(our previous work) [12] with the queued-job and running-job 

prediction models shows that the prediction accuracy can be 

improved by 12.3%. A comparison of time-series predictions is 

shown in Fig.5. 

 

Fig. 4: Prediction results of total job power. Tow predication 

results are shown for comparison. 
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Fig. 5: Examples of total job power predict. A: Queued-job 

prediction model (September 10 to 12). B: Running-job and 

Queued-job prediction model (Same period as A). 

4. Conclusion 
We developed a highly accurate total job power predicting 

system to control the cooling units of a large-scale HPC system. By 

adopting the proposed method, we achieved an average relative 

error of 5.7% in a K computer as compared to the 18.0% obtained 

using the conventional one. This improvement in prediction 

accuracy contributes to reduce the cooling-unit power. For example, 

assuming 3-MW cooling units, relative errors of 18.0% and 5.7% 

are corresponding to the control margins of 0.54 MW and 0.17 MW, 

respectively. Therefore, it is possible to reduce cooling-units power 

by 0.37 MW (i.e., 12%). 
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