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Scientific Exploration Is Increasingly Distributed & Data-intensive
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§ Domain science uses workflows:
• Loose composition of different apps/tasks
• Potentially different programming models
• Data sources are distributed
• Distributed I/O: productive method

for task composition/communication

§ Belle II Monte Carlo Sim: Big Data + Big Compute
• Many logically independent tasks
• Read intensive: inputs >> outputs
• Simple data consistency: no files in read/write mode
• Non-streaming accesses
• Some inputs may be common
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TAZeR: Transparent Asynchronous Zero-copy Remote I/O
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a. Overlap I/O & task

• TAZeR: 22×/12× faster than FTP/XRootD
• within 7% of optimal

• Workload with high reuse
(4K tasks, 5 BG sets, 100 events)
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With TAZeR:
• ↓ moves
• ↓ NW
• ↓ disk• Capture dynamic reuse

• ↓ access times
• ↓ data movement
• ↓ random access cost

TAZeR: intelligent 
data runtime

How to 
reuse/move 
data among 

tasks? 

Belle II Monte Carlo (HEP)
• majority of Belle II compute
• 48 Gb/s over 2x 1 Gb/s WAN
• complex access pattern

Suetterlein, Friese, Tallent, and Schram, “TAZeR: Hiding the cost of remote I/O in distributed scientific workflows” BigData 2019
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BigFlowSim: Predict performance impact of I/O parameters
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§ Workload Generator/Simulator for distributed workflows and remote I/O
§ Study effects of data optimizations

• (1) Reduce total data transferred over network
• (2) Hide cost of network transfers
• (3) Reduce inter-task footprints 
• (4) Reduce intra-task footprints

Friese, Mutlu, Tallent, Suetterlein, Strube. “Effectively using remote I/O for work composition in distributed workflows” BigData ’20

Data Intensity
Change I/O per work
• Data reducers
• Work aggregation

Data (re)Uses
Tasks reuse data for 
write-once read-many

Access Pattern
• Data layout for I/O spatial locality
• Regular accesses for prefetching

I/O Locality
Task ensembles, I/O
chunking for temporal locality
• I/O-aware access/schedules
• In-situ computation

Runtime
• Baseline:

copy in/out
• Optimal:

pre-staged
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Models & measurements order parameter impact by effects of footprints & movement

With TAZeR

Scheduling & TAZeR

Capture reuse
↓ access time & moves
↓ random access cost
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Geomancy: Adjust Data Layout To Improve Throughput
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§ Data layout (storage) significantly affects performance
§ layout = map of files to storage system/devices

§ Adjusting data layout can
• tailor mapping for varying workloads
• avoid congestion from other workloads
• avoid failures (storage) & misconfigurations (nw link)

§ Geomancy uses online learning:
• monitor I/O activity and data layout
• model performance (throughput)
• predict performance during next window
• select and realize new layout

O. Bel, et al. “Geomancy: Automated Performance Enhancement through Data Layout Optimization” MSST ’20

Geomancy: 
11% over LFU

Data is moved every 5 runs

LFU: Least frequently used…
LRU: Least recently used…
MRU: Most recently used…

file to slowest
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Geomancy v. Heuristics

On Belle II MC, Geomancy learns:
• indicators of read contention
• RAID-5 has different read/write speeds

Adjusting layouts dynamically: more 
consistent and higher performance

goal↑
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Footprint Access Diagnostics Improve Distributed Graph Clustering
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0: unorder map

map.insert()

map.find()

map.insert()

map.find()

map.insert()

map.find()
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<latexit sha1_base64="kVLqwzPv09VqHXX7tu7eZCeSwCg=">AAAB+nicbVBNS8NAEN3Ur1q/Uj16CRbBU0mqoMeiHjxWsB/QhLLZTtqlmw92J2qJ/SlePCji1V/izX/jts1BWx8MPN6bYWaenwiu0La/jcLK6tr6RnGztLW9s7tnlvdbKk4lgyaLRSw7PlUgeARN5Cigk0igoS+g7Y+upn77HqTicXSH4wS8kA4iHnBGUUs9s+wiPKIKsiCZuNcgkPbMil21Z7CWiZOTCsnR6Jlfbj9maQgRMkGV6jp2gl5GJXImYFJyUwUJZSM6gK6mEQ1Bedns9Il1rJW+FcRSV4TWTP09kdFQqXHo686Q4lAtelPxP6+bYnDhZTxKUoSIzRcFqbAwtqY5WH0ugaEYa0KZ5PpWiw2ppAx1WiUdgrP48jJp1arOabV2e1apX+ZxFMkhOSInxCHnpE5uSIM0CSMP5Jm8kjfjyXgx3o2PeWvByGcOyB8Ynz/kJJRn</latexit>
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<latexit sha1_base64="OcWctJX1Bv7kcolIJWAQhON2Y+M=">AAACFnicbVDLSsNAFJ34rPUVdekmWApuWpIq6LLoxmUF+4AmlMl00g6dZMLMjVhCvsKNv+LGhSJuxZ1/46QP0NYDA4dzzp2Ze/yYMwW2/W2srK6tb2wWtorbO7t7++bBYUuJRBLaJIIL2fGxopxFtAkMOO3EkuLQ57Ttj65zv31PpWIiuoNxTL0QDyIWMIJBSz2z4gJ9ABWkQVzJXKGj+U3pXI2DLJtzt5z1zJJdtSewlokzIyU0Q6Nnfrl9QZKQRkA4Vqrr2DF4KZbACKdZ0U0UjTEZ4QHtahrhkCovnayVWWWt9K1ASH0isCbq74kUh0qNQ18nQwxDtejl4n9eN4Hg0ktZFCdAIzJ9KEi4BcLKO7L6TFICfKwJJpLpv1pkiCUmoJss6hKcxZWXSatWdc6qtdvzUv1qVkcBHaMTdIocdIHq6AY1UBMR9Iie0St6M56MF+Pd+JhGV4zZzBH6A+PzB1XboVk=</latexit>
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<latexit sha1_base64="KTf7zZKzmVkrTYc5TjLR1aQ75bs=">AAACGnicbVDLSgMxFM3UV62vqks3g0VwY5mpgi6LunBZwT6gU0omvdOGZh4kd8QyzHe48VfcuFDEnbjxb8z0Adp6IHA4554k97iR4Aot69vILS2vrK7l1wsbm1vbO8XdvYYKY8mgzkIRypZLFQgeQB05CmhFEqjvCmi6w6vMb96DVDwM7nAUQcen/YB7nFHUUrdoOwgPqLzEi1LnGgTSmXCSOqFOZhcnMy3y0rRbLFllawxzkdhTUiJT1LrFT6cXstiHAJmgSrVtK8JOQiVyJiAtOLGCiLIh7UNb04D6oDrJeLXUPNJKz/RCqU+A5lj9nUior9TId/WkT3Gg5r1M/M9rx+hddBIeRDFCwCYPebEwMTSznswel8BQjDShTHL9V5MNqKQMdZsFXYI9v/IiaVTK9mm5cntWql5O68iTA3JIjolNzkmV3JAaqRNGHskzeSVvxpPxYrwbH5PRnDHN7JM/ML5+AOPTo0Y=</latexit>
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<latexit sha1_base64="XFJOWYt6jqqdUrPo1PNZL8HJyl4=">AAACC3icbVDLSgMxFM34rPU16tJNaBHcWGaqoMuiG5cV7AM6Q8mkmTY08yC5I5Zh9m78FTcuFHHrD7jzb8y0I2jrgcDhnHOT3OPFgiuwrC9jaXlldW29tFHe3Nre2TX39tsqSiRlLRqJSHY9opjgIWsBB8G6sWQk8ATreOOr3O/cMal4FN7CJGZuQIYh9zkloKW+WXGA3YPyUz8+yZxIR/Ob0h819rOsb1atmjUFXiR2QaqoQLNvfjqDiCYBC4EKolTPtmJwUyKBU8GyspMoFhM6JkPW0zQkAVNuOt0lw0daGWA/kvqEgKfq74mUBEpNAk8nAwIjNe/l4n9eLwH/wk15GCfAQjp7yE8EhgjnxeABl4yCmGhCqOT6r5iOiCQUdH1lXYI9v/Iiaddr9mmtfnNWbVwWdZTQIaqgY2Sjc9RA16iJWoiiB/SEXtCr8Wg8G2/G+yy6ZBQzB+gPjI9vRqOceA==</latexit>

Call path à

Metrics:

miniVite
(Intel SkyLake)

1: hopscotch,
default size

2: hopscotch,
dynamic size
(vertex degree)

open hash tbl
(array + list)

Reduce time by 67%
(26 s à 17 s à 6.4 s)

closed hash tbl
(array)

Analyze dynamic data locality.
Runtime overhead of 5-10%.

Kilic, Tallent, Friese. “Rapid memory footprint access diagnostics” ISPASS ’20

3 Hash Tables

• Hot call path by time
• Solution: new hash table
• V0àV2: high fp, low
• V1: extra copies!

fp-pf%
<latexit sha1_base64="OcWctJX1Bv7kcolIJWAQhON2Y+M=">AAACFnicbVDLSsNAFJ34rPUVdekmWApuWpIq6LLoxmUF+4AmlMl00g6dZMLMjVhCvsKNv+LGhSJuxZ1/46QP0NYDA4dzzp2Ze/yYMwW2/W2srK6tb2wWtorbO7t7++bBYUuJRBLaJIIL2fGxopxFtAkMOO3EkuLQ57Ttj65zv31PpWIiuoNxTL0QDyIWMIJBSz2z4gJ9ABWkQVzJXKGj+U3pXI2DLJtzt5z1zJJdtSewlokzIyU0Q6Nnfrl9QZKQRkA4Vqrr2DF4KZbACKdZ0U0UjTEZ4QHtahrhkCovnayVWWWt9K1ASH0isCbq74kUh0qNQ18nQwxDtejl4n9eN4Hg0ktZFCdAIzJ9KEi4BcLKO7L6TFICfKwJJpLpv1pkiCUmoJss6hKcxZWXSatWdc6qtdvzUv1qVkcBHaMTdIocdIHq6AY1UBMR9Iie0St6M56MF+Pd+JhGV4zZzBH6A+PzB1XboVk=</latexit>

% footprint, 
irregular 
accesses

<latexit sha1_base64="fknbnEw9Oo75kXmSy17Lt+2HBOg=">AAAB+3icbVBNSwMxEM3Wr1q/1nr0EiyCp7Kroh6LXjxWsB/QlpJNs21oNlmSWWlZ9q948aCIV/+IN/+NabsHbX0w8Hhvhpl5QSy4Ac/7dgpr6xubW8Xt0s7u3v6Be1huGpVoyhpUCaXbATFMcMkawEGwdqwZiQLBWsH4bua3npg2XMlHmMasF5Gh5CGnBKzUd8tdYBMwYRoqBbHmErK+W/Gq3hx4lfg5qaAc9b771R0omkRMAhXEmI7vxdBLiQZOBctK3cSwmNAxGbKOpZJEzPTS+e0ZPrXKAIdK25KA5+rviZRExkyjwHZGBEZm2ZuJ/3mdBMKbXsplnACTdLEoTAQGhWdB4AHXjIKYWkKo5vZWTEdEEwo2rpINwV9+eZU0z6v+VfXi4bJSu83jKKJjdILOkI+uUQ3dozpqIIom6Bm9ojcnc16cd+dj0Vpw8pkj9AfO5w9DmZU+</latexit>

footprint
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Single-Node Partitioned-Memory Graph Analytics (DRAM + Optane)
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AppDirect can beat Memory...

goal↓

AppDirect/Memory can equal DRAM...
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Vs. OLCF Summit (POWER9, 6 Nvidia V100)

Ghosh, Tallent, Minutoli, Halappanavar, et al. “Single-Node Partitioned-Memory for Huge Graph Analytics: Cost & Performance...” SC ’21

...even with irregular access patterns, 
if most accesses are NUMA-local and 
Optane accesses are frequently reads

Vs. NERSC Cori (Intel Haswell)
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vs. supercomputers
(Key: memory & comm 

for ghost vertices)

Memory v. AppDirect: L3 cache 
invalidations can change! 

Fix with non-temporal hints.

Apps: Different working set, partitioning, 
access patterns, synchronization.

Vary parallelism, variants, Optane modes.
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Community detection

Influence maximization 


