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Outline

e Context
— Multiple jobs implemented over multiple processors
— Jobs have real-time constraints and share resources

 Model for run-time arbitration: Latency-Rate servers
* Relation between Latency-Rate servers and Dataflow

e Consequences of this relation
— Dataflow perspective
— Latency-Rate perspective

e Conclusion
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I\/Iultl Job System

* Applications consists of multiple jobs, e.q.
— Set-top box: Video decoding, video post processing, etc.
— Car-radio: Audio decoding, hands-free calling, etc.

e Jobs

— operate on streams of data
— can have firm or soft real-time constraints
— are started and stopped by the user

 Run-time arbitration required
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Example multi-job system

application Jobs are entities started and
stopped by the user

input data - :
stream mixer job contrast job
output stream
to display
input data
stream

output stream
“to speakers

Firm real-time jobs
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Job implementation
o Jobs are implemented as task graphs

e Tasks communicate containers over channels
— Container = placeholder for data
— Channel = fixed capacity FIFO buffer

« Tasks block on insufficient data or space

* Blocking on insufficient space

— Results in back pressure and is a robust mechanism to prevent
buffer overflow

while(1) while(1)
do_work1() read()
write() do_work3()
do_work2() read()
write() do_work4()




4‘

4

ESS N w University of Twente
o Ny 5 The Netherlands
7 /\‘

Context

e Multi-job applications with real-time constraints
— Jobs are implemented as a task graph

e Multi-processor system required to obtain a cost-
efficient solution

 Program system such that end-to-end real-time
constraints are satisfied

 Programming involves CPU DSP DSP Acc.| | M

— Task to processor binding y y y
— Scheduler settings
— Buffer capacities Network-on-Chip )
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Current approach

A

Job == task graph

Model task graph as a dataflow graph

Model run-time arbitration by response time of actor

Dataflow analysis Is conservative because
— Dataflow graph has a one-to-one relation with task graph

— Dataflow graph executes monotonically in the start and
response times

— No earlier start or smaller response time leads to a later
container arrival time
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Response times

* Important differences between task graph and dataflow
graph
— Task produces containers before finish
— Actor response time Is worst-case response time of task
o Dataflow analysis results in conservative container

arrival times
— 1-to-1 relation and monotonic in the response and start times

task enabled task started task finished

|-

Response time
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Response tlme calculation

 Example: Time Division Multiplex (TDM)

period time-slice

\

TDM: WCRT (w,)=WCET (w,) + (T — T}) [WCETW]

11

h '

Executlon tlme Response time
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Task graph

o0 -

Dataflow graph
no resource sharing

Dataflow graph
with resource sharing

M.H. Wiggers, M.J.G. Bekooij et al. Efficient Computation of Buffer Capacities for Cyclo-Static
Real-Time Systems with Backpressure. Proceedings RTAS'07.
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« WCET=3
« Time Slice =2
 Period =8 period time-slice

N

TDM: WCRT (w,)=WCET (w,) + (T — 1) {WCET(wm)W

17

WCRT =3+ (8-2) [2]| =3+4+6-2=15

 Worst-case enabling time: Just before preemption point

* |f next execution can start immediately after the first has finished,
then too conservative

 Task has one quarter of the resource
e EXxecutions can start once every 4*3=12 time units
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Latency-Rate servers

e Describes a class of run-time schedulers
e |s a restricted form of Network Calculus
 Bounds the behaviour of a scheduler during a busy period

 Example arbiters known to be LR servers
— Various flavours of round-robin
— Various flavours of fair queuing
— Rate (or credit) controlled static priority
— Time division multiplex

D. Stiliadis and A. Varma, "Latency-Rate Servers: A General Model for Analysis of Traffic
Scheduling Algorithms" in IEEE/ACM Transactions on Networking, October 1998




&

University of Twente
The Netherlands

Behawour IN busy period

bound on arrival curve
arrival curve l service curve

7

<«— pbound on service curve

— service

rate
" latenc
Pz y

s s+06 — time

LR server: in busy period, service received at rate
within latency from bound on arrival curve
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Service --> firings

bound on arrival curve
arrival curve l service curve

/
S

bound on
<“— gervice curve

— firings

] rate
_ latency
— time




Continuous --> discrete bound

bound on arrival curve
arrival curve i service curve

— firings

bound on
service curve




Continuous --> discrete bound




LR dataflow component

 We have shown that this dataflow component is
equivalent to the discretised Latency Rate model




So now ...

Dataflow graph
no resource sharing

Dataflow graph
with resource sharing




Analysis still conservative?

 Every Latency-Rate component Is
conservative

 Deterministic dataflow models execute
monotonically in start and response times

Dataflow analysis results in conservative
container arrival times




Consequences (DF perspective)

e More accurate model for TDM arbitration

— Previously, we rounded up to an integer number of pre-
emptions

— Leads to inaccurate results if response times are small
compared to the size of the time slice

 The effects of any scheduler that is an LR server can
now be included
* Include LR concepts in dataflow

— Dataflow analysis allows for cyclic dependencies that
Influence the temporal behaviour

— Enables analysis of task graphs with backpressure




Consequences

WCET =40




Consequences

1/ = average time per firing = WCET * (period/time-slice)

Fraction remains constant
throughput remains constant
latency increases, because time between enabling
and start increases




« Latency +rate = finish time — enabling time
= response time

e Subsequent firings of latency actor can overlap




Conseqguences (LR perspective)

« With Latency-Rate

— Tasks start only depends on data
* no back-pressure
 buffers grow along the chain
e upper bounds on ‘'traffic' required

e With dataflow models

— Tasks start can depend on space
* backpressure provides flow control
» buffers do not grow along the chain
» progress if data and space available




Conclusion

e More accurate model for TDM arbitration

— Previously, we rounded up to an integer number of pre-
emptions

— Leads to inaccurate results if response times are small
compared to the size of the time slice

 The effects of any scheduler that is an LR server can
now be included

* Include LR concepts in dataflow

— Dataflow analysis allows for cyclic dependencies that
Influence the temporal behaviour

— Enables analysis of task graphs with backpressure




Thank you!!




