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Data Storage and Production

Amount of data stored in data centers worldwide

Source: https://www.statista.com/statistics/638613/worldwide-data-center-storage-

Source: The future of data center, CB insights, available at https://www.cbinsights.com/
research/future-of-data-centers/

1 zettabyte = 1B terabytes

29 terabytes per second

Source: Are data centers running out of storage?, 
VXCHNGE, available at https://www.vxchnge.com/

blog/are-data-centers-running-out-of-storage

1 exabyte = 1M terabytes
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Supermarket Checkout System
• Discrete time model

•  servers with an infinite buffern

Arrivals :a(k)
• Single stream of arrivals

• Sequence of i.i.d. random variables

• Upon arrival, jobs are routed to the queues

Service :s1(k), s2(k), …, sn(k)
• Potential service is a sequence of i.i.d. random 

variables

• Service processes to different queues are correlated

Router
a(k)

s4(k)

s3(k)

s1(k)

s2(k)
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Literature: 


• Random: Only if all the servers are equal


• JSQ: Always


• JSQ(d): If all servers are equal

Should it be better 
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Asymptotic Analysis

Random JSQJSQ(d)
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• Load the system close to maximum capacity:

Arrival rate  Service rate≈

• State Space Collapse (SSC)

…

1

2

3

n

Heavy-traffic 
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Moment Generating Function

𝔼 [eθϵq]

• 


• Two-sided Laplace transform 
of stationary distribution


• Must exist for  in an interval 
around the origin

➡Must prove

θ ∈ ℝ

θ

Characteristic Function

𝔼 [eiθϵq]

• , 


• Fourier transform of 
stationary distribution


• Must use complex numbers

θ ∈ ℝ i = −1

One-Sided Laplace Transform

𝔼 [eθϵq]

• 


• Always exists because 


• Must show existence of 
moments

θ < 0

q ≥ 0
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• MGF method: Compute the distribution


• Simple, flexible


• More than just heavy-traffic results


• What to do in non-CRP systems?

Many-server heavy-traffic regime:


• How fast should the load grow with respect to the number of 
servers to observe classical heavy traffic?


• If , we need 


• JSQ: 


• What happens for ?


• Stronger convergence to CRP? Another distribution?

d = cnβ α + β > 3
α > 2

α ∈ (1,2]
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Step 2: Convergence in distribution

Proof #1: Transform method in continuous time


• Extend method to continuous time


• Translate unused service to 1{qi = 0}

Proof #2: Stein’s method


• Bound Wasserstein’s distance


• Obtain rate of convergence
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