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What is graph computing and why is it important? 6

Applications on Graph Data

 Road Network Social Media Biological Network Web Graph Transaction Network

SSSP PageRank SubIso WCC Simulation

Map Navigation Fraud Detection Recommendation Protein Interaction



Why out-of-core graph system?

Existing Solutions

Shared memory
✓ Single-node and in-memory
✓ Ligra[PPoPP’13],Galois[SOSP’13]

Limited capacity to big graphs

7



Why out-of-core graph system?

Existing Solutions

Shared memory

✓ Multi-node and in-memory
✓ GraphScope[VLDB’21, SIGMOD’17], 

Pregel[SIGMOD’10],Gluon[PLDI’18]

Irregular structure, scalability problem
Beyond the reach of small companies

Distributed 

✓ Single-node and in-memory
✓ Ligra[PPoPP’13],Galois[SOSP’13]

Limited capacity to big graphs

8



Why out-of-core graph system?

Existing Solutions

Shared memory

✓ Multi-node and in-memory
✓ GraphScope[VLDB’21, SIGMOD’17], 

Pregel[SIGMOD’10],Gluon[PLDI’18]

Irregular structure, scalability problem
Beyond the reach of small companies

Distributed 

✓ Single-node and in-memory
✓ Ligra[PPoPP’13],Galois[SOSP’13]

Limited capacity to big graphs

To compute connected components of a graph with billions of vertices and trillions 
of edges, Yahoo! employs a 1000-node cluster with 12000 processors 
and 128 TB of aggregated memory.
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How to improve the performance of out-of-core system?

Existing Solutions

Shared memory

✓ Multi-node and in-memory
✓ GraphScope[VLDB’21, SIGMOD’17], 

Pregel[SIGMOD’10],Gluon[PLDI’18],

Irregular structure, scalability problem
Beyond the reach of small companies

Distributed 

✓ Single-node and disk-based
✓ GraphChi[OSDI’12], GridGraph[ATC’15], 

Mosaic[EuroSys’17]

It is feasible due to promise 
performance of SSD, NVMe el al.
I/O will become the bottleneck

Out-of-core 

✓ Single-node and in-memory
✓ Ligra[PPoPP’13],Galois[SOSP’13]

Limited capacity to big graphs

The scope of this work
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Why out-of-core graph system?

A review of out-of-core system

The-state-of-art: GridGraph
✓ Vertex-centric model and BSP model.
✓ Read from source vertices, Write to destination vertices.
✓ 2-level hierarchy partitioning and skip block with no active edges.

Basic idea

DiskMemory

Cache
Read

Write

Partitioning 
Graph Read fragments

Let fragments can fit into
the memory. 

Write updates

Converge

If fragments have updates

2D-partitioning Workflow
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If there is opportunity for improving the SOTA?

A review of out-of-core system
Findings after Profiling GridGraph

✓ Setting:
✓ WCC task.
✓ A machine powered with 20 cores 

and SSD.
✓ A graph with over 50 Millions edges 

(50% data out of memory).

✓ Findings:
✓ The rate at which a task is limited by 

the speed of the I/O.
✓ Unnecessary I/O caused by less and 

scattered active vertices.
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How to leverage GC? 13

Motivation

Graph-centric (GC) vs Vertex-centric (VC)
Superstep 1 Superstep 2 Superstep 3 Superstep 4 Superstep 5#Ops: 32 #Ops: 28 #Ops: 20 #Ops: 8

Superstep 1: PEval #Ops: 16

(b) VC execution in 5 supersteps.

(c) GC execution in 3 supersteps.

Superstep 2: IncEval #Ops: 12 Superstep 3: IncEval #Ops: 4

A B

C D

(a) Input graph G.
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✓ VC takes many computations steps to propagate a piece of information from 
a source to a destination, even if both appear in the same partition.

✓ GC allows information to flow freely inside a partition.



Require solutions. 14

Challenges & Opportunities

Out-of-core computation 
✓ A out-of-core system has to resort to secondary storage. Managing the in-

memory and the on-disk parts of an input graph is crucial to performance.

Parallelism

✓ GC exploits data-partitioned parallelism only. With limited memory capacity, it 
would result in either underutilization of the CPU or graph fragmentation.
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MiniGraph Architecture

The characters of MiniGraph 

✓ A pipelined architecture  to overlap I/O and 
CPU operations.

APIs

Loader

StateManager

PEval IncEval AssembleEMap VMap

i-3i+1i i-2i-1i+3 i+2… …

Inbound
Queue

Discharger

Writer Evictor
MesageStore

Thread Pool
Outbound
Queue

i+1 i i-1 i-2i+3 i+2 i-3

i+2
i+1 i

i-1
i-2 i-3

i token i subgraph 
(pending) I/Oi subgraph 

(updating) i subgraph 
(updated)

Ev
ic

t

Scheduler

On-Disk Fragments

In-Memory Fragments

Evaluator
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MiniGraph Architecture

The characters of MiniGraph 

✓ A pipelined architecture  to overlap I/O and 
CPU operations.

• Loader continuous reads a memory 
absent subgraphs from disk.

• Evaluator is responsible for execution of 
an application.

• Discharger writes the data back to the 
disk.

APIs

Loader

StateManager

PEval IncEval AssembleEMap VMap

i-3i+1i i-2i-1i+3 i+2… …

Inbound
Queue

Discharger

Writer Evictor
MesageStore

Thread Pool
Outbound
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i+2
i+1 i
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Enrich inter-G. GC parallelism with intra-G. VC parallelism 17

MiniGraph Architecture

The characters of MiniGraph 

✓ A pipelined architecture  to overlap I/O and 
CPU operations.

✓ A hybrid parallel model to support both the 
data-partitioned parallelism of GC and the 
operation-level parallelism of VC.

Query 
<latexit sha1_base64="XxTFnOjcDGpHzM8by1VoEhokyW8=">AAAB6nicbZDLSgMxFIbP1EtrvdW6dBNsBVdlRtC6LLhxI7RoL9IOJZNm2tBMZkgyQhn6AC7ciCji1idy59uYabvQ1h8CH/9/DjnneBFnStv2t5VZW9/YzOa28ts7u3v7hYNiS4WxJLRJQh7KjocV5UzQpmaa004kKQ48Ttve+CrN2w9UKhaKOz2JqBvgoWA+I1gb67bcKPcLJbtiz4RWwVlAqVa8v3nJPuJ6v/DVG4QkDqjQhGOluo4daTfBUjPC6TTfixWNMBnjIe0aFDigyk1mo07RiXEGyA+leUKjmfu7I8GBUpPAM5UB1iO1nKXmf1k31v6lmzARxZoKMv/IjznSIUr3RgMmKdF8YgATycysiIywxESb6+TNEZzllVehdVZxLirnDadUq8JcOTiCYzgFB6pQg2uoQxMIDOEJXuHN4taz9W59zEsz1qLnEP7I+vwBuc6Pqg==</latexit>

Q
<latexit sha1_base64="XxTFnOjcDGpHzM8by1VoEhokyW8=">AAAB6nicbZDLSgMxFIbP1EtrvdW6dBNsBVdlRtC6LLhxI7RoL9IOJZNm2tBMZkgyQhn6AC7ciCji1idy59uYabvQ1h8CH/9/DjnneBFnStv2t5VZW9/YzOa28ts7u3v7hYNiS4WxJLRJQh7KjocV5UzQpmaa004kKQ48Ttve+CrN2w9UKhaKOz2JqBvgoWA+I1gb67bcKPcLJbtiz4RWwVlAqVa8v3nJPuJ6v/DVG4QkDqjQhGOluo4daTfBUjPC6TTfixWNMBnjIe0aFDigyk1mo07RiXEGyA+leUKjmfu7I8GBUpPAM5UB1iO1nKXmf1k31v6lmzARxZoKMv/IjznSIUr3RgMmKdF8YgATycysiIywxESb6+TNEZzllVehdVZxLirnDadUq8JcOTiCYzgFB6pQg2uoQxMIDOEJXuHN4taz9W59zEsz1qLnEP7I+vwBuc6Pqg==</latexit>

Q

… 1 PEval

2 IncEval

 
<latexit sha1_base64="aGITABydn5lfcu/PkTDozX4DXYY=">AAAB73icbZDLSgMxFIbP1Futt6oLF26CrVA3ZaagdVkQxGUL9gLtUDJppg3NZMYkI5ShzyC4caGIW1/DR3Dni7g2vSy09YfAx/+fQ845XsSZ0rb9ZaVWVtfWN9Kbma3tnd297P5BQ4WxJLROQh7KlocV5UzQumaa01YkKQ48Tpve8GqSN++pVCwUt3oUUTfAfcF8RrA2VitfK1x37bN8N5uzi/ZUaBmcOeQqR/HHQ6fwXe1mPzu9kMQBFZpwrFTbsSPtJlhqRjgdZzqxohEmQ9ynbYMCB1S5yXTeMTo1Tg/5oTRPaDR1f3ckOFBqFHimMsB6oBaziflf1o61f+kmTESxpoLMPvJjjnSIJsujHpOUaD4ygIlkZlZEBlhios2JMuYIzuLKy9AoFZ2L4nnNyVXKMFMajuEECuBAGSpwA1WoAwEOj/AML9ad9WS9Wm+z0pQ17zmEP7LefwCwZ5Ic</latexit>

Q(F0)
<latexit sha1_base64="aGITABydn5lfcu/PkTDozX4DXYY=">AAAB73icbZDLSgMxFIbP1Futt6oLF26CrVA3ZaagdVkQxGUL9gLtUDJppg3NZMYkI5ShzyC4caGIW1/DR3Dni7g2vSy09YfAx/+fQ845XsSZ0rb9ZaVWVtfWN9Kbma3tnd297P5BQ4WxJLROQh7KlocV5UzQumaa01YkKQ48Tpve8GqSN++pVCwUt3oUUTfAfcF8RrA2VitfK1x37bN8N5uzi/ZUaBmcOeQqR/HHQ6fwXe1mPzu9kMQBFZpwrFTbsSPtJlhqRjgdZzqxohEmQ9ynbYMCB1S5yXTeMTo1Tg/5oTRPaDR1f3ckOFBqFHimMsB6oBaziflf1o61f+kmTESxpoLMPvJjjnSIJsujHpOUaD4ygIlkZlZEBlhios2JMuYIzuLKy9AoFZ2L4nnNyVXKMFMajuEECuBAGSpwA1WoAwEOj/AML9ad9WS9Wm+z0pQ17zmEP7LefwCwZ5Ic</latexit>

Q(F0)  
<latexit sha1_base64="J4yL5H4mdq4Mie4ZzT5Ypr8BBOc=">AAAB83icbVC7SgNBFL0bXzG+ohYWNouJEAvDrqCxDAhimYB5QHYJs5PZZMjs7DIPISz5BjsbC0Vs/Qk/wc4fsXbyKDR64MLhnHu5954gYVQqx/m0MkvLK6tr2fXcxubW9k5+d68pYy0waeCYxaIdIEkY5aShqGKknQiCooCRVjC8mvitOyIkjfmtGiXEj1Cf05BipIzkFeul627KT93xSbGbLzhlZwr7L3HnpFA90O/3Xumr1s1/eL0Y64hwhRmSsuM6ifJTJBTFjIxznpYkQXiI+qRjKEcRkX46vXlsHxulZ4exMMWVPVV/TqQoknIUBaYzQmogF72J+J/X0Sq89FPKE60Ix7NFoWa2iu1JAHaPCoIVGxmCsKDmVhsPkEBYmZhyJgR38eW/pHlWdi/K53W3UK3ADFk4hCMogQsVqMIN1KABGBJ4gCd4trT1aL1Yr7PWjDWf2YdfsN6+AbSpk9g=</latexit>

Q(Fn�1)
<latexit sha1_base64="J4yL5H4mdq4Mie4ZzT5Ypr8BBOc=">AAAB83icbVC7SgNBFL0bXzG+ohYWNouJEAvDrqCxDAhimYB5QHYJs5PZZMjs7DIPISz5BjsbC0Vs/Qk/wc4fsXbyKDR64MLhnHu5954gYVQqx/m0MkvLK6tr2fXcxubW9k5+d68pYy0waeCYxaIdIEkY5aShqGKknQiCooCRVjC8mvitOyIkjfmtGiXEj1Cf05BipIzkFeul627KT93xSbGbLzhlZwr7L3HnpFA90O/3Xumr1s1/eL0Y64hwhRmSsuM6ifJTJBTFjIxznpYkQXiI+qRjKEcRkX46vXlsHxulZ4exMMWVPVV/TqQoknIUBaYzQmogF72J+J/X0Sq89FPKE60Ix7NFoWa2iu1JAHaPCoIVGxmCsKDmVhsPkEBYmZhyJgR38eW/pHlWdi/K53W3UK3ADFk4hCMogQsVqMIN1KABGBJ4gCd4trT1aL1Yr7PWjDWf2YdfsN6+AbSpk9g=</latexit>

Q(Fn�1)

 
<latexit sha1_base64="L6boi9EXvAfnWXLDEp1vXDg/mhM=">AAAB+3icbVDLSsNAFJ34rPUV68KFm8FWqJuSCFqXBUHcCC3YBzQhTKbTduhkEuYhltBv8A/cuFDErT/gJ7jzR1w7fSy09cCFwzn3cu89YcKoVI7zZS0tr6yurWc2sptb2zu79l6uIWMtMKnjmMWiFSJJGOWkrqhipJUIgqKQkWY4uBz7zTsiJI35rRomxI9Qj9MuxUgZKbBzhVrxKnC8OGFawpvAOSkEdt4pORPAReLOSL5yoD8evOJ3NbA/vU6MdUS4wgxJ2XadRPkpEopiRkZZT0uSIDxAPdI2lKOISD+d3D6Cx0bpwG4sTHEFJ+rviRRFUg6j0HRGSPXlvDcW//PaWnUv/JTyRCvC8XRRVzOoYjgOAnaoIFixoSEIC2puhbiPBMLKxJU1IbjzLy+SxmnJPS+d1dx8pQymyIBDcASKwAVlUAHXoArqAIN78AiewYs1sp6sV+tt2rpkzWb2wR9Y7z8gr5Y8</latexit>

Q(F0 �M0)
<latexit sha1_base64="L6boi9EXvAfnWXLDEp1vXDg/mhM=">AAAB+3icbVDLSsNAFJ34rPUV68KFm8FWqJuSCFqXBUHcCC3YBzQhTKbTduhkEuYhltBv8A/cuFDErT/gJ7jzR1w7fSy09cCFwzn3cu89YcKoVI7zZS0tr6yurWc2sptb2zu79l6uIWMtMKnjmMWiFSJJGOWkrqhipJUIgqKQkWY4uBz7zTsiJI35rRomxI9Qj9MuxUgZKbBzhVrxKnC8OGFawpvAOSkEdt4pORPAReLOSL5yoD8evOJ3NbA/vU6MdUS4wgxJ2XadRPkpEopiRkZZT0uSIDxAPdI2lKOISD+d3D6Cx0bpwG4sTHEFJ+rviRRFUg6j0HRGSPXlvDcW//PaWnUv/JTyRCvC8XRRVzOoYjgOAnaoIFixoSEIC2puhbiPBMLKxJU1IbjzLy+SxmnJPS+d1dx8pQymyIBDcASKwAVlUAHXoArqAIN78AiewYs1sp6sV+tt2rpkzWb2wR9Y7z8gr5Y8</latexit>

Q(F0 �M0)  
<latexit sha1_base64="9lCsU24rdyIQiL4TJ8bvv890g9g=">AAACA3icbVC7SgNBFJ2NrxhfqxaCNoOJEAvDrqCxDAhiIyRgEiG7LLOTSTJkdnaZmRXCErCx9i9sLBSxtfET7PwRayfZFJp44MKZc+5l7j1+xKhUlvVlZObmFxaXssu5ldW19Q1zc6shw1hgUschC8WNjyRhlJO6ooqRm0gQFPiMNP3++chv3hIhaciv1SAiboC6nHYoRkpLnrlbqBUvvIQf2UMnjFgs4VX6Oix4Zt4qWWPAWWJPSL6yE388OMXvqmd+Ou0QxwHhCjMkZcu2IuUmSCiKGRnmnFiSCOE+6pKWphwFRLrJ+IYhPNBKG3ZCoYsrOFZ/TyQokHIQ+LozQKonp72R+J/XilXnzE0oj2JFOE4/6sQMqhCOAoFtKghWbKAJwoLqXSHuIYGw0rHldAj29MmzpHFcsk9LJzU7XymDFFmwB/ZBEdigDCrgElRBHWBwBx7BM3gx7o0n49V4S1szxmRmG/yB8f4DTy+ZtA==</latexit>

Q(Fn�1 �Mn�1)
<latexit sha1_base64="9lCsU24rdyIQiL4TJ8bvv890g9g=">AAACA3icbVC7SgNBFJ2NrxhfqxaCNoOJEAvDrqCxDAhiIyRgEiG7LLOTSTJkdnaZmRXCErCx9i9sLBSxtfET7PwRayfZFJp44MKZc+5l7j1+xKhUlvVlZObmFxaXssu5ldW19Q1zc6shw1hgUschC8WNjyRhlJO6ooqRm0gQFPiMNP3++chv3hIhaciv1SAiboC6nHYoRkpLnrlbqBUvvIQf2UMnjFgs4VX6Oix4Zt4qWWPAWWJPSL6yE388OMXvqmd+Ou0QxwHhCjMkZcu2IuUmSCiKGRnmnFiSCOE+6pKWphwFRLrJ+IYhPNBKG3ZCoYsrOFZ/TyQokHIQ+LozQKonp72R+J/XilXnzE0oj2JFOE4/6sQMqhCOAoFtKghWbKAJwoLqXSHuIYGw0rHldAj29MmzpHFcsk9LJzU7XymDFFmwB/ZBEdigDCrgElRBHWBwBx7BM3gx7o0n49V4S1szxmRmG/yB8f4DTy+ZtA==</latexit>

Q(Fn�1 �Mn�1)

MessageStore

…

…

3 Assemble

 
<latexit sha1_base64="L6boi9EXvAfnWXLDEp1vXDg/mhM=">AAAB+3icbVDLSsNAFJ34rPUV68KFm8FWqJuSCFqXBUHcCC3YBzQhTKbTduhkEuYhltBv8A/cuFDErT/gJ7jzR1w7fSy09cCFwzn3cu89YcKoVI7zZS0tr6yurWc2sptb2zu79l6uIWMtMKnjmMWiFSJJGOWkrqhipJUIgqKQkWY4uBz7zTsiJI35rRomxI9Qj9MuxUgZKbBzhVrxKnC8OGFawpvAOSkEdt4pORPAReLOSL5yoD8evOJ3NbA/vU6MdUS4wgxJ2XadRPkpEopiRkZZT0uSIDxAPdI2lKOISD+d3D6Cx0bpwG4sTHEFJ+rviRRFUg6j0HRGSPXlvDcW//PaWnUv/JTyRCvC8XRRVzOoYjgOAnaoIFixoSEIC2puhbiPBMLKxJU1IbjzLy+SxmnJPS+d1dx8pQymyIBDcASKwAVlUAHXoArqAIN78AiewYs1sp6sV+tt2rpkzWb2wR9Y7z8gr5Y8</latexit>

Q(F0 �M0)
<latexit sha1_base64="L6boi9EXvAfnWXLDEp1vXDg/mhM=">AAAB+3icbVDLSsNAFJ34rPUV68KFm8FWqJuSCFqXBUHcCC3YBzQhTKbTduhkEuYhltBv8A/cuFDErT/gJ7jzR1w7fSy09cCFwzn3cu89YcKoVI7zZS0tr6yurWc2sptb2zu79l6uIWMtMKnjmMWiFSJJGOWkrqhipJUIgqKQkWY4uBz7zTsiJI35rRomxI9Qj9MuxUgZKbBzhVrxKnC8OGFawpvAOSkEdt4pORPAReLOSL5yoD8evOJ3NbA/vU6MdUS4wgxJ2XadRPkpEopiRkZZT0uSIDxAPdI2lKOISD+d3D6Cx0bpwG4sTHEFJ+rviRRFUg6j0HRGSPXlvDcW//PaWnUv/JTyRCvC8XRRVzOoYjgOAnaoIFixoSEIC2puhbiPBMLKxJU1IbjzLy+SxmnJPS+d1dx8pQymyIBDcASKwAVlUAHXoArqAIN78AiewYs1sp6sV+tt2rpkzWb2wR9Y7z8gr5Y8</latexit>

Q(F0 �M0)  
<latexit sha1_base64="9lCsU24rdyIQiL4TJ8bvv890g9g=">AAACA3icbVC7SgNBFJ2NrxhfqxaCNoOJEAvDrqCxDAhiIyRgEiG7LLOTSTJkdnaZmRXCErCx9i9sLBSxtfET7PwRayfZFJp44MKZc+5l7j1+xKhUlvVlZObmFxaXssu5ldW19Q1zc6shw1hgUschC8WNjyRhlJO6ooqRm0gQFPiMNP3++chv3hIhaciv1SAiboC6nHYoRkpLnrlbqBUvvIQf2UMnjFgs4VX6Oix4Zt4qWWPAWWJPSL6yE388OMXvqmd+Ou0QxwHhCjMkZcu2IuUmSCiKGRnmnFiSCOE+6pKWphwFRLrJ+IYhPNBKG3ZCoYsrOFZ/TyQokHIQ+LozQKonp72R+J/XilXnzE0oj2JFOE4/6sQMqhCOAoFtKghWbKAJwoLqXSHuIYGw0rHldAj29MmzpHFcsk9LJzU7XymDFFmwB/ZBEdigDCrgElRBHWBwBx7BM3gx7o0n49V4S1szxmRmG/yB8f4DTy+ZtA==</latexit>

Q(Fn�1 �Mn�1)
<latexit sha1_base64="9lCsU24rdyIQiL4TJ8bvv890g9g=">AAACA3icbVC7SgNBFJ2NrxhfqxaCNoOJEAvDrqCxDAhiIyRgEiG7LLOTSTJkdnaZmRXCErCx9i9sLBSxtfET7PwRayfZFJp44MKZc+5l7j1+xKhUlvVlZObmFxaXssu5ldW19Q1zc6shw1hgUschC8WNjyRhlJO6ooqRm0gQFPiMNP3++chv3hIhaciv1SAiboC6nHYoRkpLnrlbqBUvvIQf2UMnjFgs4VX6Oix4Zt4qWWPAWWJPSL6yE388OMXvqmd+Ou0QxwHhCjMkZcu2IuUmSCiKGRnmnFiSCOE+6pKWphwFRLrJ+IYhPNBKG3ZCoYsrOFZ/TyQokHIQ+LozQKonp72R+J/XilXnzE0oj2JFOE4/6sQMqhCOAoFtKghWbKAJwoLqXSHuIYGw0rHldAj29MmzpHFcsk9LJzU7XymDFFmwB/ZBEdigDCrgElRBHWBwBx7BM3gx7o0n49V4S1szxmRmG/yB8f4DTy+ZtA==</latexit>

Q(Fn�1 �Mn�1)

MessageStore

 
<latexit sha1_base64="FJ3QslHaaUfX2QZS6X4pxP6QtPw=">AAAB+XicbVC7SgNBFL3rM8bXqoWFzWAixCbsChrLgIWWCZgHZJcwO5lNhsw+mJkNhCXf4A/YWChi6x/4CXb+iLWzSQpNPDBwOOde7pnjxZxJZVlfxsrq2vrGZm4rv72zu7dvHhw2ZZQIQhsk4pFoe1hSzkLaUExx2o4FxYHHacsb3mR+a0SFZFF4r8YxdQPcD5nPCFZa6ppmsV5yAqwGBPP0dnJe7JoFq2xNgZaJPSeF6nHy8eCUvmtd89PpRSQJaKgIx1J2bCtWboqFYoTTSd5JJI0xGeI+7Wga4oBKN50mn6AzrfSQHwn9QoWm6u+NFAdSjgNPT2Yh5aKXif95nUT5127KwjhRNCSzQ37CkYpQVgPqMUGJ4mNNMBFMZ0VkgAUmSpeV1yXYi19eJs2Lsn1VvqzbhWoFZsjBCZxCCWyoQBXuoAYNIDCCR3iGFyM1noxX4202umLMd47gD4z3H/Aulj0=</latexit>

Q(G)
<latexit sha1_base64="FJ3QslHaaUfX2QZS6X4pxP6QtPw=">AAAB+XicbVC7SgNBFL3rM8bXqoWFzWAixCbsChrLgIWWCZgHZJcwO5lNhsw+mJkNhCXf4A/YWChi6x/4CXb+iLWzSQpNPDBwOOde7pnjxZxJZVlfxsrq2vrGZm4rv72zu7dvHhw2ZZQIQhsk4pFoe1hSzkLaUExx2o4FxYHHacsb3mR+a0SFZFF4r8YxdQPcD5nPCFZa6ppmsV5yAqwGBPP0dnJe7JoFq2xNgZaJPSeF6nHy8eCUvmtd89PpRSQJaKgIx1J2bCtWboqFYoTTSd5JJI0xGeI+7Wga4oBKN50mn6AzrfSQHwn9QoWm6u+NFAdSjgNPT2Yh5aKXif95nUT5127KwjhRNCSzQ37CkYpQVgPqMUGJ4mNNMBFMZ0VkgAUmSpeV1yXYi19eJs2Lsn1VvqzbhWoFZsjBCZxCCWyoQBXuoAYNIDCCR3iGFyM1noxX4202umLMd47gD4z3H/Aulj0=</latexit>
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MiniGraph Architecture

PEval + EMap/VMap (VC)
HashMin algorithm. 
• Init: each vertex is assigned a distinct numeric label 
• Run: each vertex collects the labels from its 

neighbors and update its own label with minimum 
• Border vertices: with an edge to another fragment. 

IncEval + EMap/VMap (VC)

Incremental HashMin algorithm. 
• Run: each vertex collects the labels from its 

neighbors and update its own label 
• Messages : changed for border vertices of .Mi Fi

Assemble

The union of all partial results.

Push updates to 
border vertices.

pull  from Mi

The characters of MiniGraph 

✓ A pipelined architecture  to overlap I/O and 
CPU operations.

✓ A hybrid parallel model to support both the 
data-partitioned parallelism of GC and the 
operation-level parallelism of VC.
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The characters of MiniGraph 

✓ A pipelined architecture  to overlap I/O and 
CPU operations.

✓ A hybrid parallel model to support both the 
data-partitioned parallelism of GC and the 
operation-level parallelism of VC.

✓ Two-level parallelism: inter-subgraph 
parallelism via high-level GC abstraction, and 
intra-subgraph parallelism for low-level VC 
operations.

✓ A learned scheduler: to further improve 
hardware utilization.
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Learned Scheduling

✓ When to load and process a subgraph?
✓ How to allocate resources to maximize 

two-level parallelism?

The scheduling problem A learned model

 
CAPIE (Fi) =

X

u2Fi

hAPIE (xi(u))

✓ Where  takes into account the average in/out-degree of all 
vertices and the number of ’s mirror across all fragments.

✓ Collecting training data from log.

xi(u)

u

Scheduling strategy

✓ Tentative resource allocation: allocates resources based 
on the subgraph size and the memory size.

✓ Greedy subgraph processing: Scheduler keeps track of a 
list of pending subgraphs, sorted by .CA(Fi, p̂i)

Goal

 
argmin

S
max
i2[0,n)

{ti + CA(Fi, pi)}

✓ It is in NPC.
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Other Optimizations

StateManager: a light weight state machine for optimization
Subgraphs states management 
✓ Targets: Manage subgraphs, determine if the 

program is finished, and optimize I/O.
✓ At any point of time,  is in one of the five 

states：Active，PendingEval，UnderEval，
Converged，Discharging。

✓ In-memory: PendingEval, UnderEval, Discharging
✓ On-disk: Active, Converged.

Fi

A state machine

I/O optimization 
✓ ShortCut A： If  requires no further 

processing, we can skip handling subgraph 
  in the round. (Avoid both Read&Write)

✓ ShortCut B：  is set to PendingEval 
directly, such that it starts the new round 
without going through the disk. (Avoid Read)

✓ ShortCut C：IncEval( ) completes with no 
changes,  skips Discharging and is set to 
Converged directly. (Avoid Write)

Fi

Fi

Fi

Fi

Fi

On Disk

In Memory

Active

PendingEval UnderEval Discharging

Converged

(2) Taken by
Evaluator

(3) Complete computation
w/ subgraph changes

(4) Completely
written to disk

(5) Start a new round
w/ tracker flag in T

(1) Fully loaded
from disk

Shortcut (A)
Start a new round w/

tracker flag in F
Shortcut (C)

Complete computation
wo/ subgraph changes

(6) all tracker
flags in F

Shortcut (B) Start a new round w/ tracker flag in T
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Experimental setting

Datasets Baseline
Out-of-core 
✓ GridGraph[ATC’15],GraphChi[OSDI’12],

XStream[SIGOPS’13]
Distributed 
✓ GraphScope[VLDB’21],Gluon[PLDI’18]

✓ Ubuntu Server 20.04 LTS
✓ Intel Core i9-7900X CPU @3.30GHz 
✓ 13.75MB LLC 
✓ 10 cores (20 hyper threads)
✓ 64GB of DDR4-2666 memory
✓ 1TB WD blue SATA SSD, whose read 

throughput is 560MB/s.

Testbed Applications
✓ WCC
✓ PageRank
✓ SSSP
✓ BFS
✓ Random Walk
✓ Simulation
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Result

Experimental results overview

Findings 
✓ MiniGraph consistently outperforms the prior single-machine systems under all out-of-core workloads. It 

is up to 4.6×, 9.5× and 28.9× faster than GridGraph, GraphChi and XStream, respectively. 
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Result: Runtime statistics and comparison over resource usage

Runtime statistics for SSSP, WCC and PR CPU & I/O utilization: WCC over clueWeb

Findings 
✓ Under BSP, MiniGraph requires only a fraction of supersteps (<29%) and disk read traffic (<53.3%) of 

GridGraph for SSSP and WCC. 
✓ MiniGraph improves the CPU utilization of GridGraph, the best-performing baseline, by up to 41.4%. 
✓ MiniGraph’s shortcut optimization effectively reduces I/O cost, especially
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Result: Runtime statistics and comparison over resource usage

MiniGraph VS distributed systems

Findings 
✓ MiniGraph works better than Gluon, a distributed graph analysis system, with 12 machines on a graph 

simulation task, and saves the monetary cost of multi-machine systems from 3.0× to 13.9×.
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Conclusion

                               https://github.com/SICS-Fundamental-Research-Center/MiniGraph

MiniGraph is an out-of-core system for graph computations. It is the first single-machine 
system that extends graph-centric (GC) model from multiple machines to multiple cores.

It shows that GC speeds up beyond-neighborhood and reduces I/O.



Thanks!

I am looking for postdoctoral position. Please contact me if you are interested.
Email: zhuxk@buaa.edu.cn
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Result: other results II

Accuracy and effectiveness of cost model formulations

Scalability of MiniGraph


