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OUTLINE

§Von Neumann vs Dataflow

§Dataflow Model of computation

§Evolution of Dataflow architectures and Advanced Concepts

§Modern Architectures

§Challenges of Dataflow architectures

Introduction on Dataflow Architectures and Trends
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VON NEUMANN VS DATAFLOW

a = 1 
b = 3 
c = 4 
d = 3 
r1 = a + b 
r2 = c + d 
r3 = r1 * r2

SEQUENTIAL VON NEUMANN ARCHITECTURES

12

Instructions

+

+
*

a

b

c

d

r1

r2

r3



DATAFLOW PROGRAMS

A program is represented 
as a graph. Nodes are 
operations. Arcs are 

operands that contain 
tokens.
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DATAFLOW MODEL OF COMPUTATION
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DATAFLOW MODEL OF COMPUTATION
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DATAFLOW MODEL OF COMPUTATION



DATAFLOW MODEL OF COMPUTATION

§ Define what a program is

§ What are the operands

§ What is well defined dataflow graphs?
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DATAFLOW OPERATIONAL SEMANTICS

§ Tokens è Data values

§ Firing Rules è All tokens are present in the input arcs

– Actor removes tokens from each of its input arcs

– Actor executes operation

– Actor places tokens on each of its output arcs

§ Assignment operation è Placing a token in the output arc

20
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DATAFLOW GRAPHS
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x = a + b;
y = b * 7;
z = (x-y) * (x+y);
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DATAFLOW GRAPHS
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x = a + b;
y = b * 7;
z = (x-y) * (x+y);

Values in dataflow graphs 
represented as tokens

<instruction_ptr, port, value>

a b

x

1 2

3 4

5

<3, Left, 99>
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DATAFLOW GRAPHS
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No separate control flow

An operator executes when all its input 
tokens are present



DATAFLOW GRAPHS
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x = a + b;
y = b * 7;
z = (x-y) * (x+y);

a b

x
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3 4

5

7

y
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No separate control flow

Copies of the result token are distributed to 
the destination operators



DATAFLOW OPERATIONAL SEMANTICS

§ Snapshot/Configuration è State of the program
§ Next state è Any enabled actor fired defines the “next state” of the computation

25
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DATAFLOW OPERATORS
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Fork Primitive Ops

+

Switch Conditional
Merge

T FT F
T T

+ T FT F
T T

Current State

Next State

Unconditional
Merge

T F

T F

Dennis, J.B. (1974). First version of a data flow procedure language. In: Robinet, B. (eds) Programming Symposium. Lecture Notes in Computer Science, vol 19. Springer, Berlin, Heidelberg. 
https://doi.org/10.1007/3-540-06859-7_145



DATAFLOW OPERATORS
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Fork Primitive Ops

+

Switch Conditional
Merge

T FT F
T T

+ T FT F
T T

Current State

Next State

Unconditional
Merge

T F

T F

Control Flow operators
Dennis, J.B. (1974). First version of a data flow procedure language. In: Robinet, B. (eds) Programming Symposium. Lecture Notes in Computer Science, vol 19. Springer, Berlin, Heidelberg. 
https://doi.org/10.1007/3-540-06859-7_145



CONDITIONAL EXPRESSIONS
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x y

pif( p(y) ) {
  f(x, y);
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  g(y);
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CONDITIONAL EXPRESSIONS
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LOOP SCHEMA
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Loop
inc / dec

T F

T F

Initial Loop value

Loop
Cond

F

for (init; condition ; increment)
{ //....// }

Loop control logic

Loop control



LOOP SCHEMA
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0

F

for (int i = 0; i < N; i ++)
{ //....// }

Loop control
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WELL BEHAVED DATAFLOW GRAPHS 
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Data flow graphs that produce exactly one set 

of result values at each output arcs for each 

set of values presented at the input arcs



WELL BEHAVED DATAFLOW GRAPHS 
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....

....
An (m, n) Schema

with no enabled actors

v1 vm

m1

1 n

(a) Initial Snapshot

....

....
An (m, n) Schema

with no enabled actors

m1

1 n

(a) Final Snapshot



WELL BEHAVED DATAFLOW GRAPHS 
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Implies Initial configuration is re-established



LOOP SCHEMA IS WELL BEHAVED
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Initial Configuration Final Configuration



“SICK” DATAFLOW GRAPHS
Arbitrary connections of data flow operators can result in 
pathological programs
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A
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Deadlock Hang up Conflict Unclean



DATAFLOW MODEL OF COMPUTATION

§ Define what a program is

§ What are the operands

§ What is well defined dataflow graphs?

56



EVOLUTION OF DATAFLOW ARCHITECTURES
AND CONCEPTS 



Arvind & Nikhil proposed the Tagged 
Token Dataflow Architecture

BRIEF HISTORY OF DATAFLOW

58

1960 1970 1980 1990 2000 2010

Carl Adam 
Petri defines 
Petri Nets

Estrin and Turn 
proposed an early 
dataflow model

Karp and Miller analyzed 
Computation Graphs w/o 
branches or merges

Rodriguez 
proposes 
Dataflow 
Graphs

Chamberlain proposes Single 
Assignment language for dataflow

Dennis proposes a 
dataflow language. Pure 
Dataflow is born

Kahn proposes a simple 
parallel processing 
language with vertices as 
queues. Static Dataflow is 
bornDennis designs a dataflow 
arch

Arvind and Gostelow, & separately Gurd and 
Watson created a tagged token dataflow 
model. Dynamic Dataflow is born

2020

Rambaugh proposes a dataflow 
multiprocessor architecture

Arvind, Nikhil designed the 
Monsoon dataflow machine

http://csg.csail.mit.edu/pubs/memos/Memo-297/Memo-297.pdf
http://ieeexplore.ieee.org/xpls/abs_all.jsp?tp=&arnumber=4038025
http://epubs.siam.org/siap/resource/1/smjmap/v14/i6/p1390_s1
http://publications.csail.mit.edu/lcs/specpub.php?id=632
http://dl.acm.org/citation.cfm?id=1479114
http://www.springerlink.com/content/f83tt1hk2n776390/
http://www.cs.princeton.edu/courses/archive/fall07/cos595/kahn74.pdf
http://dl.acm.org/citation.cfm?id=642111
http://www.computer.org/portal/web/csdl/doi/10.1109/AFIPS.1979.14
http://www.computer.org/portal/web/csdl/doi/10.1109/AFIPS.1979.14
http://csg.csail.mit.edu/pubs/memos/Memo-297/Memo-297.pdf


DATAFLOW ARCHITECTURES
Machines from the ”first spring” of dataflow
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MIT TTDA
Arvind
1980

Manchester
Gurd & Watson
1982

*T/Start-NG
MIT/Motorola
1991-

SIGMA-I
Shimada
1988

Monsoon
Papadopoulos
& Culler 
1988

P-RISC
Nikhil & 
Arvind
1989

EM-5/4/X 
RWC-1
1992-97

Iannuci’s
1988-92

TAM
Culler
1990

LAU
Syre
1976

Static
Dataflow
Dennis 1972
MIT

Arg-Fetching
Dataflow
DennisGao
1987-88

MDFA
Gao
1989-93

MTA
HumTheobald
Gao 94

EARTH
PACT95’, 
ISCA96, 
Theobald99

Dataflow 
Multiprocessor
Rambaugh
1976



A DATAFLOW MULTIPROCESSOR
JAMES RUMBAUGH



RAMBAUGH’S ARCHITECTURE ACTIVATION PROCESSOR



RAMBAUGH’S ARCHITECTURE LOCAL MEMORY

Instructions (Nodes)

Tokens (Data)

Dependency counters



RAMBAUGH’S ARCHITECTURE SCHEDULER

Scheduler



RAMBAUGH’S ARCHITECTURE SCHEDULER

Processing elements



RAMBAUGH’S ARCHITECTURE ACTIVATION PROCESSOR

Circular execution pipeline



RAMBAUGH’S ARCHITECTURE LOCAL MEMORY

+ -

x

3 4 5 1

Instruction Memory

Address Opcode Op1 Addr Op2 Addr Res Addr Succ Addr

0x20 + 0x44 0x48 0x4C 0x28

0x24 - 0x50 0x54 0x58 0x28

0x28 x 0x4C 0x58 0x5C ...

Data Memory

Address Type Value

0x44 int 3

0x48 int 4

0x4C int xxx

0x50 int 5

0x54 int 1

0x58 int xxx

0x5C double xxx

Enabling Count Memory

Address Count

0x20 0

0x24 0

0x28 2
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+ -

x

Instruction Memory

Address Opcode Op1 Addr Op2 Addr Res Addr Succ Addr

0x20 + 0x44 0x48 0x4C 0x28

0x24 - 0x50 0x54 0x58 0x28

0x28 x 0x4C 0x58 0x5C ...

Data Memory

Address Type Value

0x44 int 3

0x48 int 4

0x4C int 7

0x50 int 5

0x54 int 1

0x58 int 4

0x5C double xxx

Enabling Count Memory

Address Count

0x20 2

0x24 2

0x28 0

7 4



RAMBAUGH’S ARCHITECTURE LOCAL MEMORY
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x

Instruction Memory

Address Opcode Op1 Addr Op2 Addr Res Addr Succ Addr

0x20 + 0x44 0x48 0x4C 0x28

0x24 - 0x50 0x54 0x58 0x28

0x28 x 0x4C 0x58 0x5C ...

Data Memory

Address Type Value

0x44 int 3

0x48 int 4

0x4C int 7

0x50 int 5

0x54 int 1

0x58 int 4

0x5C double 28

Enabling Count Memory

Address Count

0x20 2

0x24 2

0x28 2

28



DATAFLOW ARCHITECTURES

§ Execute operational semantics of dataflow in hardware

§ Represent tokens and their matching to instructions

§ Memory is split into name/value pairs explicitly associated with the instructions

69



DATAFLOW PERFORMANCE



DATAFLOW PERFORMANCE 

Dataflow Minimum execution time is determined 
by the critical path and scheduling of ready 

tokens.

Critical path

71

S

T
Guang R. Gao, Algorithmic aspects of balancing techniques for pipelined data flow code generation, Journal of Parallel and Distributed Computing, Volume 6, Issue 1, 1989, Pages 
39-61, ISSN 0743-7315, https://doi.org/10.1016/0743-7315(89)90041-5.

longest path from S to T is known as the critical path.



DATAFLOW PERFORMANCE
Critical Path
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𝒇(	) 𝑓(	)

𝑓(	)𝑓(	)𝑓(	)𝑓(	)

T = 0



DATAFLOW PERFORMANCE
Critical Path
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𝒇(	) 𝑓(	)

𝑓(	)𝑓(	)𝑓(	)𝑓(	)

T = 1



DATAFLOW PERFORMANCE
Critical Path
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𝒇(	) 𝑓(	)

𝑓(	)𝑓(	)𝑓(	)𝑓(	)

T = 2



DATAFLOW PERFORMANCE
Critical Path
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𝒇(	) 𝑓(	)

𝑓(	)𝑓(	)𝑓(	)𝑓(	)

T = 3



DATAFLOW PERFORMANCE
Critical Path
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𝒇(	) 𝑓(	)

𝑓(	)𝑓(	)𝑓(	)𝑓(	)

T = 4



DATAFLOW PERFORMANCE
Critical Path
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𝒇(	) 𝑓(	)

𝑓(	)𝑓(	)𝑓(	)𝑓(	)

T = 5



DATAFLOW PERFORMANCE
Critical Path
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𝒇(	) 𝑓(	)

𝑓(	)𝑓(	)𝑓(	)𝑓(	)

T = 6



DATAFLOW PERFORMANCE
Critical Path
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𝒇(	) 𝑓(	)

𝑓(	)𝑓(	)𝑓(	)𝑓(	)

T = 6

Execution time determined by the critical path



DATAFLOW PIPELINING



DATAFLOW PIPELINING
Allow multiple executions of the same dataflow graph
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𝒙𝟐
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+ x
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DATAFLOW PIPELINING
Allow multiple executions of the same dataflow graph
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DATAFLOW PIPELINING
Allow multiple executions of the same dataflow graph
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DATAFLOW PIPELINING
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DATAFLOW PIPELINING
Allow multiple executions of the same dataflow graph
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DATAFLOW PIPELINING
Allow multiple executions of the same dataflow graph
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𝒙𝟐

-1
+ x

𝟎. 𝟓𝒙



𝒙𝟐

-1
+ x

𝟎. 𝟓𝒙

DATAFLOW PIPELINING
The back-pressure problem

87

Data Token

Data Arc

Arc must be 
empty



DATAFLOW PIPELINING:
THE BACK-PRESSURE PROBLEM



𝒙𝟐

-1
+ x

𝟎. 𝟓𝒙

DATAFLOW PIPELINING
The back-pressure problem

89

Backpressure Token

Data Token

Data Arc

Back pressure
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DATAFLOW PIPELINING
The back-pressure problem

90

Backpressure Token

Data Token

Data Arc

Back pressure



𝒙𝟐

-1
+ x

𝟎. 𝟓𝒙

DATAFLOW PIPELINING
The back-pressure token

91

Initial State



𝒙𝟐

-1
+ x

𝟎. 𝟓𝒙

DATAFLOW PIPELINING
The back-pressure token
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𝒙𝟐

-1
+ x

𝟎. 𝟓𝒙

DATAFLOW PIPELINING
The back-pressure token

93

Actors can be fired 
since ACK tokens are 

present in their outputs



𝒙𝟐

-1
+ x

𝟎. 𝟓𝒙

DATAFLOW PIPELINING
The back-pressure token

94

Backpressure tokens are 
consumed as well. The 

data paths are full.



𝒙𝟐

-1
+ x

𝟎. 𝟓𝒙

DATAFLOW PIPELINING
The back-pressure token

95

Backpressure tokens are 
produced in the direction 

against data flowing



𝒙𝟐

-1
+ x

𝟎. 𝟓𝒙

DATAFLOW PIPELINING
The back-pressure token
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DATAFLOW PIPELINING
The back-pressure token
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𝒙𝟐

-1
+ x

𝟎. 𝟓𝒙

DATAFLOW PIPELINING
The back-pressure token

98

Actors must wait for 
backpressure tokens 

to be fired



𝒙𝟐

-1
+ x

𝟎. 𝟓𝒙

DATAFLOW PIPELINING
The back-pressure token

99



DATAFLOW PERFORMANCE:
THE UNBALANCE PROBLEM



DATAFLOW PERFORMANCE
Path unbalance
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𝒇(	) 𝑓(	)

𝑓(	)𝑓(	)𝑓(	)𝑓(	)

T = 0



DATAFLOW PERFORMANCE
Path unbalance
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𝒇(	) 𝑓(	)

𝑓(	)𝑓(	)𝑓(	)𝑓(	)

T = 1



DATAFLOW PERFORMANCE
Path unbalance

103

𝒇(	) 𝑓(	)

𝑓(	)𝑓(	)𝑓(	)𝑓(	)

T = 2

This token cannot be 
consumed

Because this arc is 
full



DATAFLOW PERFORMANCE
Path unbalance
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𝒇(	) 𝑓(	)

𝑓(	)𝑓(	)𝑓(	)𝑓(	)

T = 3



DATAFLOW PERFORMANCE
Path unbalance
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𝒇(	) 𝑓(	)

𝑓(	)𝑓(	)𝑓(	)𝑓(	)

T = 4



DATAFLOW PERFORMANCE
Path unbalance
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𝒇(	) 𝑓(	)

𝑓(	)𝑓(	)𝑓(	)𝑓(	)

T = 5



DATAFLOW PERFORMANCE
Path unbalance

107

𝒇(	) 𝑓(	)

𝑓(	)𝑓(	)𝑓(	)𝑓(	)

T = 6

Now we can start 
executing the next 

token



DATAFLOW PERFORMANCE:
BALANCING



DATAFLOW PERFORMANCE
Queue insertion
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𝒇(	) 𝑓(	)

𝑓(	)𝑓(	)𝑓(	)𝑓(	)

T = 0



DATAFLOW PERFORMANCE
Queue insertion
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𝒇(	) 𝑓(	)

𝑓(	)𝑓(	)𝑓(	)𝑓(	)

T = 1



DATAFLOW PERFORMANCE
Queue insertion
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𝒇(	) 𝑓(	)

𝑓(	)𝑓(	)𝑓(	)𝑓(	)

T = 2



DATAFLOW PERFORMANCE
Queue insertion
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𝒇(	) 𝑓(	)

𝑓(	)𝑓(	)𝑓(	)𝑓(	)

T = 3



DATAFLOW PERFORMANCE
Queue insertion
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𝒇(	) 𝑓(	)

𝑓(	)𝑓(	)𝑓(	)𝑓(	)

T = 4



DATAFLOW PERFORMANCE
Queue insertion
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𝒇(	) 𝑓(	)
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𝒇(	) 𝑓(	)
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𝒇(	) 𝑓(	)

𝑓(	)𝑓(	)𝑓(	)𝑓(	)

T = 8
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Queue insertion
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𝒇(	) 𝑓(	)

𝑓(	)𝑓(	)𝑓(	)𝑓(	)

T = 9



DATAFLOW PERFORMANCE
Queue insertion
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𝒇(	) 𝑓(	)

𝑓(	)𝑓(	)𝑓(	)𝑓(	)

T = 10



DATAFLOW PERFORMANCE
Queue insertion – Load balancing

120

𝒇(	) 𝑓(	)

𝑓(	)𝑓(	)𝑓(	)𝑓(	)

10 tokens
T = 10

After warm up (6 cycles) 
1 token per cycle

The queue allows balancing the length of 
the paths

Guang R. Gao, Algorithmic aspects of balancing techniques for pipelined data flow code generation, Journal of Parallel and Distributed Computing, Volume 6, Issue 1, 1989, Pages 
39-61, ISSN 0743-7315, https://doi.org/10.1016/0743-7315(89)90041-5.



STATIC VS DYNAMIC DATAFLOW
THE RE-ENTRY PROBLEM
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*

n 1

long fact(n) {
  if(n == 0) 
    return 1; 
  else 
    return n * fact(n-1);
}

T
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DYNAMIC DATAFLOW



STATIC DATAFLOW GRAPHS
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Values in static dataflow graphs 
represented as tokens

<instruction_ptr, port, value>

a b

x

1 2

3 4

5

<3, Left, 99>

7

y

z



DYNAMIC DATAFLOW GRAPHS

137

Values in dynamic dataflow graphs 
represented as tokens

<color, instruction_ptr, port, value>

a b

x

1 2

3 4

5

<turquoise, 3, Left, 99>

7

y

z

a.k.a. Color token or tagged token dataflow



DYNAMIC DATAFLOW GRAPHS
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There may be multiple tokens per arc, as 
long as they are of different “color”

a b

x

1 2

3 4

5

<turquoise, 3, Left, 99>

7

y

z

a.k.a. Color token or tagged token dataflow

<yellow, 3, Left, 99>



DYNAMIC DATAFLOW GRAPHS
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a b

x

1 2

3 4

5

7

y

z

a.k.a. Color token or tagged token dataflow

Operational semantics also change:

• Firing Rules è All tokens of the same color 
are present in the input arcs.
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MIT TAGGED TOKEN
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MODERN DATAFLOW ARCHITECTURES



Arvind & Nikhil proposed the Tagged 
Token Dataflow Architecture

BRIEF HISTORY OF DATAFLOW

149

1960 1970 1980 1990 2000 2010

Carl Adam 
Petri defines 
Petri Nets

Estrin and Turn 
proposed an early 
dataflow model

Karp and Miller analyzed 
Computation Graphs w/o 
branches or merges

Rodriguez 
proposes 
Dataflow 
Graphs

Chamberlain proposes Single 
Assignment language for dataflow

Dennis proposes a 
dataflow language. Pure 
Dataflow is born

Kahn proposes a simple 
parallel processing 
language with vertices as 
queues. Static Dataflow is 
bornDennis designs a dataflow 
arch

Arvind and Gostelow, & separately Gurd and 
Watson created a tagged token dataflow 
model. Dynamic Dataflow is born

2020

Rambaugh proposes a dataflow 
multiprocessor architecture

Arvind, Nikhil designed the 
Monsoon dataflow machine

WHAT IS NEW?

http://csg.csail.mit.edu/pubs/memos/Memo-297/Memo-297.pdf
http://ieeexplore.ieee.org/xpls/abs_all.jsp?tp=&arnumber=4038025
http://epubs.siam.org/siap/resource/1/smjmap/v14/i6/p1390_s1
http://publications.csail.mit.edu/lcs/specpub.php?id=632
http://dl.acm.org/citation.cfm?id=1479114
http://www.springerlink.com/content/f83tt1hk2n776390/
http://www.cs.princeton.edu/courses/archive/fall07/cos595/kahn74.pdf
http://dl.acm.org/citation.cfm?id=642111
http://www.computer.org/portal/web/csdl/doi/10.1109/AFIPS.1979.14
http://www.computer.org/portal/web/csdl/doi/10.1109/AFIPS.1979.14
http://csg.csail.mit.edu/pubs/memos/Memo-297/Memo-297.pdf


SPATIAL RECONFIGURABLE ARCHITECTURES
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PE PE PE PE

PE PE PE PE

PE PE PE PE

Mem PE PE PE

M
E
M
O
R
Y

1. Granularity of dataflow operations

2. Spatial reconfigurable architectures
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COARSE GRAIN DATAFLOW

Dataflow graph node executes more complex mathematical operations

Dataflow graph node size

152

g()
a

b
c

c = g(a, b)• Hybrid execution models 

• Von Neumann + Dataflow

• Node g() is defined in terms of multiple 

instructions

• Data locations (i.e., tokens) a, b, and c have 

a larger memory footprint



SOME EXAMPLES OF CURRENT DATAFLOW 
ARCHITECTURES



Overview of Modern Spatial Architetures

Cerebras CS-2

https://www.alcf.anl.gov/alcf-ai-testbed

SambaNova DataScale SN30

Cerebras CS2 SambaNova 
Cardinal SN30 Groq GroqRack Habana

Gaudi1

Compute Units 850,000 Cores 640 PCUs 5120 vector ALUs 8 TPC + GEMM 
engine

On-Chip Memory 40 GB L1, 1TB+ 
MemoryX

>300MB L1
1TB 230MB L1 24 MB L1

32GB

Process 7nm 7nm 7 nm 7nm

System Size
2 Nodes including 

Memory-X and 
Swarm-X

8 nodes (8 
cards per node)

9 nodes 
(8 cards per node)

2 nodes
(8 cards per node)

Estimated 
Performance of a 
card (TFlops)

>5780 (FP16) >660 (BF16) >250 (FP16)
>1000 (INT8) >150 (FP16)

Software Stack 
Support

Tensorflow, 
Pytorch, CSLang

SambaFlow, 
Pytorch, C++ SDK

GroqAPI, ONNX, 
C/C++ Groq 

Runtime

Synapse AI, 
TensorFlow and 
PyTorch, TPC

Interconnect Ethernet-based Ethernet-based RealScale TM Ethernet-based

Habana Gaudi1

GroqRack



CEREBRAS
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S. Lie, "Cerebras Architecture Deep Dive: First Look Inside the Hardware/Software Co-Design for Deep Learning," in IEEE Micro, vol. 43, no. 3, pp. 18-30, May-June 2023, 
doi: 10.1109/MM.2023.3256384.



SAMBANOVASpatial Dataflow Within an RDU

The old way:  kernel-by-kernel
Bottlenecked by memory bandwidth 

and host overhead

The Dataflow way: Spatial
Eliminates memory traffic and overhead

Simple 
Convolution 
Graph

©2022 SambaNova Systems

Dataflow: Kernels are spatially mapped onto the 
accelerator and data flows on-chip between 
them reducing memory traffic

Image Courtesy: Sumti Jairath, SambaNova 

GPU accelerators: Each kernel is launched onto 
the device and bottlenecks include memory 
bandwidth and kernel-launch latencies



HANDS ON WITH AI ACCELERATORS
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Track 8 – Machine Learning
Introductions to AI Testbed at ALCF and Hands-on
3.30-5.00 PM, August 11
Siddhisanket (Sid)  Raskar

Cerebras CS-2 Wafer-Scale 
Cluster WSE-2

SambaNova DataScale SN30

Graphcore Bow Pod64



DATAFLOW CHALLENGES



SPATIAL DATAFLOW SCHEDULING
VS

ARGUMENT FETCHING
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PE PE PE PE

PE PE PE PE

PE PE PE PE

Mem PE PE PE

M
E
M
O
R
Y

NP-Hard problem
(Factorial Complexity)

Runtime scheduling 
decision overhead



RECOMMENDATION
Two different points of view

160

19931985



TWO FUNDAMENTAL LIMITS ON DATAFLOW 
MULTIPROCESSING
David E. Culler et. al.

161

• Limit 1: Storage Hierarchy

PE PE PE PE PE
Mem Mem Mem Mem Mem

PE
Mem

Memory Memory

Memory

“Dataflow architectures essentially replace the small register 

number with a large tag that serves to “name” the value. A 

realistic view of the storage hierarchy requires that only a 

small number of such name/value pairs can be resident at a 

time. Once the number of VPs exceeds the capacity of the 

top level matching store, the synchronization cost increases 

dramatically, since some form of overflow store must be 

used.”

T

T

T



TWO FUNDAMENTAL LIMITS ON DATAFLOW 
MULTIPROCESSING
David E. Culler et. al.
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• Limit 2: Local Dynamic Scheduling

“…any naïve local scheduling policy exhibits 

unnecessarily low machine efficiency or high resource 

requirements on some programs. Thus, it would seem 

unwise to rely solely on low-level hardware 

mechanisms or runtime system support to determine 

the scheduling of computation.”



CHALLENGES
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• Memory management

• Resource allocation and scheduling

• Parallelism control vs locality

• Balancing “size” of each dataflow node

• Programmability

• …
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