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Abstract—Data-Driven Multithreading (DDM) is a threaded
data-flow model that schedules threads for execution based on
data availability on sequential processors. DDM utilizes a Thread
Scheduling Unit (TSU) for the management of the threads on
sequential processors. In this work we provide recursion support
for the DDM model. This will provide more flexibility to the
programmers. As a proof of concept, we have implemented the
Fibonacci and NQueens algorithms in DDM. We also compared
DDM with the OmpSs framework. The evaluation shows that
DDM performs better on both applications.

Index Terms—Data-Driven Multithreading, Recursion Sup-
port, Multi-core Systems

I. INTRODUCTION

Data-Driven Multithreading (DDM) [1] is an execution
model that allows Data-Driven scheduling on conventional
processors. The core of the DDM model is the Thread
Scheduling Unit (TSU) which schedules threads dynamically
at runtime based on data availability. In DDM, a program
is divided into a number of threads. For each thread DDM
collects meta-data that enables the TSU to manage the de-
pendencies among the threads and determine when a thread
can be scheduled for execution. Data-Driven scheduling en-
forces only a partial ordering as dictated by the true data-
dependencies which is the minimum synchronization. This is
very beneficial for parallel processing because it exploits the
maximum possible parallelism.

The DDM model was evaluated by three different software
implementations: the Data-Driven Network of Workstations
(D2Now) [1], the Thread Flux Parallel Processing Platform
(TFlux) [2] and the Data-Driven Multithreading Virtual Ma-
chine (DDM-VM) [3], [4]. DDM was also evaluated by two
hardware implementations. In the first one, the TSU was
implemented as a hardware peripheral in the Verilog language
and it was evaluated through a Verilog-based simulation [5].
The second one [6] was the full hardware implementation on
an 8-core system.

The main contribution of this work is the implementation of
recursion support for the DDM model. This will provide more
flexibility to the DDM programmers. Also, it allows more
parallelism to be exploited in DDM applications/benchmarks.
We explored the mechanisms that are needed for supporting
recursion in DDM by studying two different data-flow models,

the U-Interpreter [7] and the Packet Based Graph Reduction
(PBGR) [8], [9], [10].

As a proof of concept we have implemented two famous
recursive algorithms: Fibonacci and NQueens. DDM is com-
pared with the OmpSs framework [11], [12], [13] on a 32-core
AMD processor. The evaluation shows that DDM outperforms
OmpSs on both applications. This is justified by the fact
that OmpSs builds the dependencies graphs at runtime. On
the other hand, DDM builds the dependencies graphs of the
programs at compile-time which incurs less overheads.

The rest of the paper is organized as follows: An overview of
Data-driven Multithreading is presented in Section II. Section
III briefly reviews how the U-Interpreter model and the PBGR
approach handle recursive calls. Section IV describes the
recursion support for the DDM model. The experimental
results are presented in Section V. Section VI describes the
related work and Section VII concludes this paper.

II. DATA-DRIVEN MULTITHREADING

The Data-Driven Multithreading (DDM) [1] is a non-
blocking multithreading model that allows data-driven
scheduling on sequential processors. A DDM thread (called
DThread) is scheduled for execution after all of its required
data have been produced, thus no synchronization or commu-
nication latencies are experienced after a DThread begins its
execution. In the DDM model, the DThreads have producer-
consumer relationships. DThreads’ instructions are executed
by the CPU sequentially in a control-flow manner. This allows
the exploitation of control-flow optimizations, either by the
CPU at runtime or statically by the compiler.

In DDM, a program consists of the DThreads’ code, the
Thread Templates and the Dependency Graph. A Thread
Template holds the meta-data of a DThread. The Depen-
dency Graph describes the consumer-producer dependencies
amongst the DThreads. DDM is utilizing the Thread Schedul-
ing Unit (TSU), a special module responsible for scheduling
the DThreads in a data-driven manner. The TSU uses the
Thread Templates and the Dependency Graph to schedule
DThreads for execution when all of their producer-threads
completed their execution. This ensures that all data needed
by a DThread is available, before it is scheduled for execution.



A. The DDM Dependency Graph

The DDM Dependency Graph is a directed graph where
the nodes represent the DThreads and the arcs represent the
data dependencies amongst the DThreads. Each DThread is
paired with a special value called Ready Count (RC) that
represents the number of its producers. A simple example of
a Dependency Graph is shown in Figure 1 which is composed
of six DThreads. The DThreads T2, T3 and T4 have one
producer, the T1, as such their RC is set to 1. The RC value of
T5 and T6 is equal to 2 because they have two producers. The
RC value is initiated statically and is dynamically decremented
by the TSU each time a producer completes its execution. In
DDM, the operation used for decreasing the RC value is called
Update. A DThread is deemed executable when its RC value
reaches zero, such as the DThread T1 of the Figure 1.

Fig. 1: Example of a DDM Dependency Graph.

B. The Context attribute

The Context attribute is a 32-bit value that enables multiple
instances of the same DThread to co-exist in the system and
run in parallel. This is essential for programming constructs
such as loops and recursion. This idea was based on the
U-Interpreter’s tagging system [7] which provides a formal
distributed mechanism for the generation and management of
the tags at execution time. This system was used in Dynamic
data-flow architectures to allow loop iterations and subprogram
invocations to proceed in parallel via the tagging of data tokens
[14].

Figure 2 depicts a simple example of using multiple in-
stances of the same DThread through the Context attribute.
The for-loop shown on the top of the figure is fully parallel,
thus it can be executed by only one DThread (DThread 1).
Each instance of the DThread is identified by the Context and
it executes the inner command of the for-loop. The for-loop is
executed 16 times, thus 16 instances are created with Contexts
from 0 to 15.

C. The Thread Template

A DThread is identified by the ThreadID (TID) and Context
and is paired with its thread template (or meta-data). The TSU

Fig. 2: Spawning multiple instances of the same DThread.

uses the thread templates to schedule the DThreads dynam-
ically at runtime. A thread template contains the following
information:
• Instruction Frame Pointer (IFP): a pointer to the

address of the DThread’s first instruction.
• Ready Count (RC): a value that is equal to the number

of the producer-threads of the DThread.
• Nesting: The DDM model allows the parallelization of

nested loops that can be mapped into a single DThread
by using the Nesting attribute [3], [4], [6]. Three nesting
levels are supported, i.e. the DThreads are able to im-
plement one-level (Nesting-1), two-level (Nesting-2) or
three-level (Nesting-3) nested loops. The indexes of the
loops are encoded into the 32-bit Context value. The TSU
uses the Nesting attribute to manage the Context value
properly, during the update operations. An example of
one-level loop (Nesting-1) is depicted in Figure 2 where
the Context is equal to the index of the loop.

• Scheduling Policy: the method that is used by the TSU
to map the ready DThreads to the cores. The Scheduling
Policy consists of two fields: the scheduling method and
the scheduling value. Two basic scheduling methods are
provided by the TSU, dynamic and static. The dynamic
method distributes the thread invocations to the cores in
order to achieve load-balancing. In the static method, the
DThread instances are assigned to a specific core. For this
purpose, the scheduling value is used to hold the identity
of the specific core.

• Consumer Threads: a list of the DThread’s consumers
that is used to determine which RC values will be
decreased, after the DThread completes its execution.

D. The DDM Node

Figure 3 depicts a DDM processing node which consists
of a commodity multi-core processor and the TSU. Each pro-
cessor’s core communicates with the TSU via two queues: the
Acknowledgment Queue (AQ) and the Firing Queue (FQ). The
AQ contains information of executed DThreads while the FQ
contains the DThreads that are ready for execution. The TSU
uses three main units for the storage, the Graph Memory (GM),
the Consumer List (CL) and the Synchronization Memory
(SM). The GM contains the thread template of each DThread
while the CL holds the consumers of each DThread. The SM
contains the Ready Count (RC) values for each DThread.



Fig. 3: A DDM processing node.

Each core reads the Instruction Frame Pointer (IFP) of the
next DThread that will be executed from its FQ. After the
core completes the execution of a DThread, it stores in its AQ
the Thread ID and Context of the completed DThread. The
TSU’s control unit fetches the completed DThreads from the
AQs, locates their consumers in the CL and then updates the
RC of the corresponding consumer-threads in the SM. If the
RC value of any of these consumers reaches zero, then they
will be deemed ready to be executed and so they are stored in
the appropriate FQs (using their Scheduling Policy) and wait
for their execution.

III. HANDLING RECURSION IN DATA-FLOW

A. The U-Interpreter model

The DDM model is based on the U-Interpreter [7] and uses
token tagging to distinguish between different instantiations of
a static code template. Current implementations have focused
on iteration using locations in memory to match tagged tokens.
This is an implementation of the L and D operators in the U-
Interpreter model.

In the U-Interpreter model, each instance of the execution
of an operator is called an activity which has a unique name.
Each token/value carries the name of its destination activity.
An activity name consists of four fields <u.c.s.i> where u is
the context field, c is the code block name, s is the instruction
number and i is the initiation/iteration number. Each value
is combined with its destination activity name into a packet
which is called tagged token.

A procedure activation is implemented by using four basic
operators:
• A: it creates a new context u’.
• BEGIN: it receives the A’s output and it replicates tokens

for each fork.
• END: it sends the result to A−1.
• A−1: it replicates its output for its successors.
Figure 4 depicts a simple program which outputs the square

of a number. This doesn’t have any parallelism or recursion
and could therefore be handled by the simple technique of
inlining. However, it helps with the explanation of more
general mechanisms if we start with a simple case. There are
three features that we need from a general mechanism:
• The ability to create a separate thread for a function call.

• The ability to return the result from a particular function
call to different call sites.

• The ability to distinguish different instantiations of par-
allel function calls.

Fig. 4: A program that computes the square of a number.

Figure 5 depicts the U-Interpreter graph of the square
function of Figure 4. The A node is a representation of the
action at the call site. The function square and the argument
4 are shown as two tokens <u.sq> and <u.n> both with a
context u. The A operation constructs a new token <u’,n>
which is directed to the input of the square function (sq).

Fig. 5: U-Interpreter graph of the square function call.

The U-interpreter description uses the (u,r) pair as a new
context. The call site has the information of the location r (the
address of the node to which the result will be directed) and
can clearly construct the new context from the information
which it has locally. The reason it does this is threefold:



• The new context must be unique and contexts constructed
from this data must satisfy this.

• It is necessary to pass the return link to the function so
that it knows where to return its result.

• It is necessary to pass the old context to the function so
that it can restore this old context to the return value.

Having executed the body of the function in the new context,
the END operator takes the result, replaces the old context and
directs the resulting token to the return link address.

In order to explore further the mechanisms that are needed
for supporting recursion in DDM, it is worth looking at the
Fibonacci algorithm (Listing 1). Although this function it’s not
an efficient implementation of the Fibonacci algorithm, it has
the complexity of double recursion.

int fib(int n){
if (n == 0 || n == 1)
return n;

else
return fib(n-1) + fib(n-2);
}

Listing 1: Implementation of Fibonacci series using recursion.

The basic U-interpreter representation of the Fibonacci
algorithm is shown in Figure 6. The recursive calls to the
Fibonacci function are depicted as dotted instantiations. If we
want to generate new threads to execute the recursive calls in
parallel, it will be necessary to split the final add operation
from the rest of the body as a continuation as we cannot
execute it until the recursive calls have returned. The graph
shows how the computation could be split into two threads:
T1 and T2. The execution of T1 will cause the creation of the
continuation T2 and two new frames will be created for the
recursive calls of T1.

B. The PBGR approach

The Packet Based Graph Reduction (PBGR) approach was
used in the ALICE [8] and Flagship [9], [10] projects back
in the 1980s. PBGR generates new sections of Data-flow
graph dynamically to instantiate the body of a function. In
PBGR a packet (or thread descriptor) contains the following
information:
• A function pointer (f)
• Arguments (a1, a2, ...)
• A return pointer (ra)
• A suspension count (sc)
The computation is in the form of a graph of packets

held in memory which is shared between cores which can
perform computation. A packet is active if its suspension
count (sc) is zero. A scheduling queue contains the addresses
of all active packets. The process of computation (or graph
reduction) involves cores taking addresses of active packets
from the scheduling queue and operating on their contents as
determined by the code referenced by the function pointer.
This may involve simply performing computation on the

Fig. 6: U-Interpreter graph for the Fibonacci algorithm.

Fig. 7: PBGR evaluation of fib(2).

arguments and returning a value (to the place pointed to by
ra) or it may involve the construction of a new piece of graph.

Figure 7 illustrates the PBGR evaluation of the Fibonacci
algorithm for n=2. The evaluation starts with a single active
packet. We will assume that this call will return a value to



an outer level computation, e.g. a print function, and we will
omit any detail of this. The fib(2) example involves only one
packet reduction with the creation of two calls which will in
turn execute but return a value and generate no further packets.

The first fib packet generates three new packets: two fib
packets and one add packet. The add packet is suspended
on two values which are to be provided via the ra fields of
the two fib packets which are immediately created as active
(i.e. with sc=0 and an entry placed on the scheduling queue).
Assume that the two fib packets execute in parallel. Because of
their argument values, they immediately return a value (the one
packet will return the value one and the other packet will return
the value zero). As they do so, they decrement the suspension
count of the add packet. When it becomes zero, the add packet
becomes active. The add packet then executes to produce the
value 1 (1 + 0 = 1) which is then returned to the outer level
computation.

IV. RECURSION SUPPORT FOR THE DDM MODEL

According to the U-Interpreter graph of Figure 6, two
different threads (T1 and T2) are required for supporting the
parallel execution of the Fibonacci algorithm. The T1 will be
responsible for spawning the recursive calls while the T2 will
be responsible for summing/reducing the return values of the
children-calls and return the results to the parent-calls.

More specifically, in the case of n > 2, an instance of T1
(the parent-call) will spawn two additional instances of T1 (the
children-calls). When the children-calls finish their execution,
an instance of T2 will be responsible for summing the return
values of the children-calls and sending the result (fib(n−1)+
fib(n− 2)) to the parent-call. In this section we will discuss
the basic functionalities and data-structures that are needed for
implementing the Fibonacci algorithm in DDM. Our approach
can also be used for solving more complex recursion problems.

A. Implementing the thread T1 in DDM

For implementing the thread T1 in DDM the following
functionalities are required:

1) Allowing multiple instances of the same thread:
In DDM this functionality can be provided by utilizing the
Context attribute which is based on the U-Interpreter model
(see Section II-B).

2) A mechanism that will allow the spawning of recursive
function calls: This can be done by using a single DThread
where its instances are responsible for executing the recursive
function calls. An instance can spawn additional recursive calls
by using the Update command. An Update command consists
of two basic attributes: the ThreadID and Context.

3) A mechanism that will allow T1 to behave as regular
function: Currently, in the DDM model, each DThread has a
block of instructions. The Instruction Frame Pointer (IFP) is
used to point to the address of the first instruction of the block.
When an instance of the DThread is ready for execution the
TSU uses the IFP to execute its code. The code takes as input
data only the Context of the instance.

Each recursive instance of T1 needs to behave as regular
function, i.e each instance needs to have an argument list (AL)
and a return value (RV). These attributes are also used in the
packets of the PBGR approach. A special data-structure (called
RData) is provided to hold the AL and RV of each recursive
instance. An array can be used for recursive functions where
their number of instances is known at compile-time (Figure 8).
Each element of the array corresponds to a different instance.
An instance is able to manage (read/write) its RData entry by
using its Context value. Notice that in case of the Fibonacci
algorithm, the AL consists of a single integer value (n). The
RV is also an integer value.

Fig. 8: RData implemented as a fixed-size array.

For recursive functions where their number of instances is
not known at compile-time, a hash-map data-structure can be
used (Figure 9). Accessing an RData entry is an associative
operation based on the Context value. The allocation/deallo-
cation of the RData entries will be performed as the execution
proceeds by the instances in parallel. Thus, the hash-map has
to allow concurrent insert and delete operations from several
instances without the need to block them.

Fig. 9: RData implemented as a hash-map.

4) A mechanism that will guarantee that all recursive
instances of T1 will have unique Context values, at runtime:
The instances of T1 run concurrently and each instance
accesses its RData entry by using its Context value. As such,
a mechanism is needed to assign unique Context values to the
instances. For this functionality we are proposing two different
methods:

Method 1: Assign Context values to the children-calls based
on the Context of the parent-call. In the case of Fibonacci,
the recursive calls construct a binary tree of executions. We
can simply borrow an idea from the binary heap when it is
implemented in an array where the root is at index zero. Thus,
the children-calls will have the following Contexts:

1) Child 1’s Context = 2 ∗ Parent′s Context+ 1



2) Child 2’s Context = 2 ∗ Parent′s Context+ 2

This method cannot be used as a general solution for assign-
ing unique Context values to the instances since it depends
exclusively on the algorithm.

Method 2: Use a global atomic variable/counter that holds
the next available Context value. When a parent-instance
spawns a child-instance, the Context value of the child-
instance will be equal with the value of the counter. After
that, the counter’s value will be increased by one. This method
is algorithm independent but has the potential of blocking
threads.

5) Create a Thread Template for T1: Finally, a new thread
template has to be stored in the TSU’s Graph Memory which
will be corresponded to the T1 DThread. The Thread Template
has the following characteristics:
• IFP = the pointer to the T1’s code.
• Ready Count (RC) = 1. This is because each instance

has only one producer, its parent-instance.
• Nesting = Nesting-1.
• Scheduling Policy = Dynamic.

B. Implementing the thread T2 in DDM

Each instance of T2 corresponds to one parent-call of T1.
As such, a T2’s instance and its corresponded T1’s instance
can have the same Context value. This simplifies the procedure
of assigning unique Context values to the T2’s instances. A
T2’s instance is responsible for summing the return values
of the children-calls of a parent-call. The result of the sum
operation is actually the return value of the parent-call. For
this functionality the T2 thread needs to access the RData
data-structure of T1 in order to write the return value of the
parent-call to its RData entry.

Finally, a new thread template for T2 has to be stored in
the TSU with the following characteristics:
• IFP = the pointer to the T2’s code.
• Ready Count (RC) = 2. This is because each instance

has two children-instances of T1 as producers.
• Nesting = Nesting-1.
• Scheduling Policy = Dynamic.

C. The DDM Dependency Graph of the Fibonacci algorithm

Figure 10 depicts the Dependency Graph of the Fibonacci
algorithm with n = 4. The graph consists of two DThreads, the
T1 and T2. The solid arrows indicate Update operations and
the dotted arrows indicate write operations to the RV attribute
of the T1’s instances.

D. DDM code of the Fibonacci algorithm

The DDM pseudo-code for the Fibonacci algorithm is de-
picted in Listing 2. The pseudo-code includes all the necessary
functions and data-structures that are needed for supporting
recursion in the DDM model. In this example, we are using
an RData data-structure implemented as a fixed-size array. The
size of the RData is equal to 2n. This is because the total
number of nodes of the binary tree of Fibonacci(n) is about
2n.

Fig. 10: Fibonacci’s DDM Dependency Graph.

For generating unique Context values for the T1’s instances
we are using the formula that was described in Section IV-A4
(Method 1). The GET PARENT macro is used to calculate
the Context of a parent-instance based on the Context value
of a child-instance. This formula is also borrowed by the
binary heap implementation. This special macro is required
for sending Update commands to the parents of the currently
executed instances. Another solution to this requirement is to
store the parent’s Context of a child-instance in its RData entry.
This solution will increase the memory consumption of the
program.

# d e f i n e GET PARENT(C) f l o o r ( ( c−1) / 2 )

RData r d a t a ; / / The RData ( implemented as an a r r a y )

/ / The Code of t h e T1 DThread ( ThreadID =2)
T1 code ( C o n t e x t c n t x ) {

/ / Get t h e AL of t h e c u r r e n t i n s t a n c e , i . e n
n = GET ARG LIST ( r d a t a , c n t x ) ;

/ / Re tu r n n t o t h e p a r e n t o f t h e c u r r e n t i n s t a n c e
i f ( n == 0 | | n == 1) {

/ / S e t t h e RV of t h e c u r r e n t i n s t a n c e
SET RETURN VALUE( r d a t a , cn tx , RV=n ) ;
/ / Update t h e T2 i n s t a n c e o f t h e p a r e n t

UPDATE( TID =3 , C o n t e x t =GET PARENT( c n t x ) ) ;

re turn ;
}

/ / C a l l f i b ( n−1)
SET ARG LIST ( r d a t a , C o n t e x t =2∗ c n t x + 1 , n−1) ;



UPDATE( TID =2 , C o n t e x t =2∗ c n t x + 1) ;

/ / C a l l f i b ( n−2)
SET ARG LIST ( r d a t a , C o n t e x t =2∗ c n t x + 2 , n−2) ;
UPDATE( TID =2 , C o n t e x t =2∗ c n t x + 2) ;
}

/ / The Code of t h e T2 DThread ( ThreadID =3)
T2 code ( C o n t e x t c n t x ) {

/ / Get t h e RV of t h e f i r s t c h i l d
c1 RV = GET RETURN VALUE( r d a t a , 2∗ c n t x + 1) ;
/ / Get t h e RV of t h e second c h i l d
c2 RV = GET RETURN VALUE( r d a t a , 2∗ c n t x + 2) ;
/ / S e t t h e r e t u r n v a l u e (RV) of t h e p a r e n t
SET RETURN VALUE( r d a t a , cn tx , RV=c1 RV + c2 RV ) ;
/ / Update t h e p a r e n t i n s t a n c e

UPDATE( TID =3 , C o n t e x t =GET PARENT( c n t x ) ) ;
}

/ / The main f u n c t i o n
main ( ) {

/ / The maximum number o f i n s t a n c e s
s i z e = power ( 2 , n ) ;

/ / A l l o c a t e e l e m e n t s f o r t h e RData
ALLOCATE( r d a t a , s i z e ) ;

/ / Load T1 and T2 DThreads i n TSU
ADD T1 DTHREAD( TID =2 , IFP=T1 code ’ s a d d r e s s , RC=1 ,

N e s t i n g =1 , S c h e d u l i n g =Dynamic , Consumers ={}) ;

ADD T2 DTHREAD( TID =3 , IFP=T2 code ’ s a d d r e s s , RC=2 ,
N e s t i n g =1 , S c h e d u l i n g =Dynamic , Consumers ={}) ;

/ / C a l l t h e i n t a n c e wi th C o n t e x t =0 ( Root i n s t a n c e )
SET ARG LIST ( r d a t a , C o n t e x t =0 , n ) ;
UPDATE( TID =2 , C o n t e x t =0) ;

START DDM SCHEDULING ( ) ;

/ / The RV of C o n t e x t 0 ( t h e r o o t ) h o l d s t h e r e s u l t
r e s u l t = GET RETURN VALUE( r d a t a , 0 ) ;
PRINT r e s u l t ;
}

Listing 2: DDM pseudo-code for the Fibonacci algorithm.

E. Differences between DDM and PBGR

The major differences between the DDM model and PBGR
approach are the following:
• PBGR holds the synchronization (or suspension) count

in the packet/frame allocated to hold the arguments and
context of the particular function instantiation. DDM
uses a separate synchronization memory area, called
Synchronization Memory (SM).

• DDM has a Thread Template for the function where the
pointer to the executable code is held. PBGR stores a
pointer to code directly. All the knowledge about how to
construct any new graph associated with a function call
is embedded in the code.

V. EXPERIMENTAL RESULTS

To evaluate the recursion support of DDM we have used
a 64-bit HP server machine that supports 32 threads. The
machine has the following characteristics:
• Clock Speed: 1.4GHz

• L1 Data Cache: 16KB (4-way set associative)
• L1 Instruction Cache: 64K (2-way set associative)
• L2 Cache: 2MB (16-way set associative)
• L3 Cache: 6MB (64-way set associative)
• Main Memory: 48GB DDR3 RAM clocked at 1333MHz
Out of the 32 threads, one is used to run the TSU, while

the rest are used for executing DThreads. The execution time
measurements were collected using the gettimeofday system
call.

For the performance evaluation we compare DDM with
OmpSs (version 15.04 [11]) for the Fibonacci benchmark
(Figure 11). The results show that our model has lower parallel
execution time than OmpSs.

Fig. 11: DDM vs OmpSs for the Fibonacci benchmark.

Moreover, the NQueens benchmark is used to compare
DDM with OmpSs (Figure 12). The comparison shows that
DDM outperforms OmpSs for all problem sizes. In Figure 12,
speedup represents how many times a certain parallel exe-
cution is faster than the corresponding sequential execution.
The baseline for the speedup is the original sequential one, i.e
without any DDM overheads.

Fig. 12: DDM vs OmpSs for the NQueens benchmark.

VI. RELATED WORK

OmpSs [11], [12], [13] is a programming model that pro-
vides the features of the StarSs [15], [16] using OpenMP di-
rectives. This framework allows to express data-dependencies
between tasks using the in, out and inout clauses. The
Nanos++ runtime system is used to support task parallelism
using synchronizations based on data-dependencies. Also, the
Mercurium source-to-source compiler is used. Mercurium rec-
ognizes constructs and transforms them to calls to the runtime.
The task dependency graph is built at runtime, hence this
approach incurs extra overheads. The DDM model provides



support for both Static and Dynamic dependency resolutions
[17].

The Scheduled DataFlow (SDF) [18], [19] is a multi-
threaded data-flow architecture that decouples the synchroniza-
tion from the computation of non-blocking threads. In SDF a
processor consists of two pipelines, the execution pipeline and
the synchronization pipeline. The execution pipeline is respon-
sible for executing the threads. The synchronization pipeline
is responsible for scheduling the non-blocking threads. The
main difference between DDM and SDF is that in SDF the
computation is carried out by a custom designed processor
while in DDM the computation is carried out by an off-the-
shelf processor.

The Decoupled Threaded Architecture - Clustered (DTA-
C) [20] is an SDF-based architecture with the addition of
the concept of clusterizing resources. The architecture is
composed of a set of clusters where each cluster consists of
one or more Processing Elements (PEs) and a Distributed
Scheduler Element (DSE). The Distributed Scheduler (DS)
consists of all the system’s DSEs and it’s responsible for
assigning threads at runtime.

SWARM (SWift Adaptive Runtime Machine) [21] is a
software runtime that uses an execution model based on
codelets [22]. The codelets model was based on the EARTH
project [23]. Codelet is a collection of instructions that can be
scheduled “atomically” as a unit of computation which is run
until completion. SWARM divides a program into tasks with
runtime dependencies and constraints that can be executed
when all runtime dependencies and constraints are met. The
runtime schedules the tasks for execution based on resource
availability. Also, SWARM utilizes a work-stealing approach
for on-demand load-balancing. SWARM provides support only
for Static dependency resolution while DDM provides support
for both Static and Dynamic dependency resolutions [17].

All the frameworks described above provide functionalities
for supporting recursion.

VII. CONCLUSIONS

In this paper we provide the basic functionalities for sup-
porting recursion in the Data-Driven Multithreading (DDM)
model. Our approach is based on the U-Interpreter model
and the Packet Based Graph Reduction (PBGR) approach.
As a proof of concept we have implemented and evaluated
two recursive algorithms: Fibonacci and NQueens. We also
compared our model with the OmpSs framework on a 32-core
AMD processor. The evaluation shows that DDM outperforms
OmpSs on both applications.
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