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100 billion edges =

Facebook (2014)
Knowledge Graph (2020)

GDELT, total (2020)

Google, maybe? 
(2017)
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100 big computers
running Hadoop

22 minutes

one small boi
running GraphChi

27 minutes
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r!
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you’re faster, but at what cost?
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obligatory outline slide

● size limitations

○ can                                  fit in a Mac Mini?

● access pattern speed

○ “put it on disk and call it a day” doesn’t work

● parallel sliding window

○ you could’ve built GraphChi (maybe)

10 million edges 1 billion edges 100 billion edges
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● the Mac Mini used in the paper has 8 GB of RAM

● according to our math,      barely fits

● according to the paper, it’s around

● so we underestimated by an order of magnitude, why?

● answer: graphchi limits edges to 1 GB. why?

○ why won’t more RAM help?

10 million edges = 80 MB 1 billion edges = 8 GB 100 billion edges = 800 GB

does our math work out?



https://downloadmoreram.com

“just add more RAM”
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bandwidth is a limit too

● more memory runs into diminishing returns

● eventually, the bottleneck is bandwidth

○ especially if we’re compute-light:

○ so we can dump things on disk and call it a day right?

10 million edges = 80 MB 1 billion edges = 8 GB 100 billion edges = 800 GB
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● remember this?

● it’s complicated because of random vs. sequential access

latency bandwidth

↔ RAM

↔ Disk

50 ns

20,000 ns

5 GB/s

0.1 GB/s

(GB/s = B/ns)(1 ns = 10⁻⁹ s)

(it’s complicated)

(it’s complicated)



RAM, read/write ints, look at      and  



SSD, read/write multiple files
ra

nd
om

 re
gi

m
e

(m
an

y 
sm

al
l b

lo
ck

s)

se
qu

en
tia

l r
eg

im
e

(le
ss

 la
rg

e 
bl

oc
ks

)



numbers i mostly made up



numbers i mostly made up

latency bandwidth

↔ RAM

↔ SSD

(GB/s = B/ns)(1 ns = 10⁻⁹ s)

↔ HDD

latency bandwidth
(GB/s = B/ns)(1 ns = 10⁻⁹ s)

random sequential



numbers i mostly made up

latency bandwidth

↔ RAM

↔ SSD

50 ns

20,000 ns

0.5 GB/s

0.005 GB/s

(GB/s = B/ns)(1 ns = 10⁻⁹ s)

↔ HDD 2,000,000 ns 0.001 GB/s

latency bandwidth
(GB/s = B/ns)(1 ns = 10⁻⁹ s)

random sequential
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latency bandwidth

↔ RAM

↔ SSD

50 ns

20,000 ns

0.5 GB/s

0.005 GB/s

(GB/s = B/ns)(1 ns = 10⁻⁹ s)

↔ HDD 2,000,000 ns 0.001 GB/s

latency bandwidth

50 ns

20,000 ns

10 GB/s

0.5 GB/s

(GB/s = B/ns)(1 ns = 10⁻⁹ s)

500,000 ns 0.25 GB/s

random sequential
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def update(v):
  for e in v.outedges:
    e.value = v.value
  v.value = sum(
    e.value for e in v.inedges
  )

read 

read

read

read (looped)
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random access problem

● why can’t we “put it on disk and call it a day”?
● the vertex-centric model has lots of random access patterns

○ particularly, accessing out/inedges, as values need to be synced
○ we can put outedges together, but no guarantee for inedges
○ (or vice versa: inedges together, no guarantee for outedges)

● the authors call this the random access problem
○ not a problem for e.g. GraphLab, because everything’s in memory
○ (recall: SSD random access is 100× slower than RAM random access)
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motivation

● assume we keep inedges sequentially
● we have to access outedges randomly

○ which is a problem if they’re all on disk
● but random access isn’t a problem if it’s in memory!
● so move all the outedges we need to memory first

○ it can’t all fit, so do it one subgraph at a time
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other things i didn’t have time to talk about

● the IO cost of PSW
● how PSW can handle adding and removing edges
● PSW is asynchronous and visits vertices in a specific order

○ despite these limitations, still has good applications
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