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Given a high-performance parametrized
design, what should the module throughputs

and buffer sizes be for resource efficiency?

* Traces dictate performance for input-dependent designs

* Near cycle-accurate simulation for large real-world
workloads, limits the iterative tuning agility
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Higher level abstractions are essential to
enabling rapid per-workload retuning )

INSIGHT: Streaming pipelines capture input-

dependence in the graph structure

* |Input-dependence does not map well to the spatial
parallelism easily exploitable using HLS

e Streaming paradigm allows decoupling of parallelizable
compute from data-dependent infrastructure kernels

 Each kernel can be abstracted to its unroll factor, and
the graph as such kernels connected by buffers
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[ RapidQ Modeling and Automated Tuning Flow J

Step 1: Streaming Graph is captured as a Queuing network
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Step 2: Workload is traced through one-shot C Simulation

* Load per packet is stored at server/queue boundaries
denoting buffer size or # of elements to be processed
* Input-dependent sparsity is encoded as histograms

6 - 5/13 X1 0/17
| - Unroll=8 =
X1 0/7 X2
4- 5/6 ~ g 0/6 ><3“ 0/11 — Load=5/47
l Small Triangle Large Triangle
27 Unroll=4=
Load =5/82
0

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Pixels per row (i)

Step 3: Automated Tuning breaks down the design space
with the RapidQ Simulator providing performance estimates

Carnegie

Mellon

University

RapidQ trades off simulation accuracy for
speed for rapid tuning turnaround time
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[ RapidQ is 7x faster than state-of-the-art? J

Fast Simulation enables RapidQ to co-tune
buffer depths and kernel parallelism
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RapidQ saves over 40% resources in a real-world
. network security workload? )
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