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Abstract—As the technology scaling down continues to go beyond
22nm, the increasing transistor density on a single die is leading towards
more and more complex systems-on-chip. Designers are faced with the
challenge of how to efficiently design such a complicated system with tight
time-to-market constraints. Component-based system design and design
space exploration are two key techniques to overcoming the challenge.
In this paper, we model the design space exploration of a system with
difference constraints as a bi-criteria convex cost flow problem and
develop an efficient solver for it based on parametric simplex method.
Furthermore, considering the high cost of synthesizing the underlying
soft IP cores, we propose an online algorithm to incrementally refine
the system-level Pareto curves as more component-wise sampling points
are added. The experimental results demonstrate the efficiency and
effectiveness of the proposed algorithms.

I. INTRODUCTION

As the technology scaling-down continues, billions of transistors
will be integrated onto one die, creating more complex systems-on-
chip (SoC’s). The prohibiting size of the system is creating a huge
challenge for traditional CAD flow and tools [1]. Moreover, the short
time-to-market window of consumer electronics demands highly ef-
ficient design process. To cope with the challenge, design abstraction
and component-based design methodology are preferred [2]. Instead
of handling detailed gates and transistors, the designers build their
system upon functional blocks, i.e. soft IP cores. The resulting digital
system will consist of a collection of heterogeneous cores.

In order to achieve the best quality out of the component-based
design, we need system level optimization. Due to the increasing
complexity of the system and the flexibility of the design specifi-
cation, unlike the traditional single objective optimization that has
been widely studied in CAD, the goal of system level optimization
is to achieve an intricate trade-off between performance and power
efficiency. Instead of obtaining one power-optimized system under
a specified timing constraint, it is more preferable to expose the
best trade-off between power and performance in order to make a
decision among them. This set of optimal design points is called
Pareto set or Pareto front [3]. Design space exploration (DSE) is
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required to generate the Pareto front for a specific design. The major
challenge of DSE is its exponential dependency on the number of
underlying components, which has been received lots of studies.
Some of these studies target on micro-architecture of the circuits
and processors [4], [5]. Other work [6], [7], [8], [9] focuses on
how to heuristically explore the solution space, which does not
have performance guarantee. Another category of work is based on
smart sampling [10], [11]. Among this category, recently, Liu et
al. proposed a framework to build the system level approximate
ε-Pareto curve by efficiently sampling the underlying component
curves [12] which guarantee a bounded error. Despite the enlightening
effective sampling technique, their system composition function is
quite simple, assuming no dependence between the components.
Moreover, this category of approaches does not explore the structure
of the system. As a result, their approaches may waste effort to
generate excessive samples to represent the system level Pareto-front.

Given a system composed of a collection of heterogeneous com-
ponents, the performance of the entire system depends on the com-
putational power of each components as well as the communication
between them, which can generally be modeled as a DAG [13], [14].
The dependencies between the components can be represented by
a system of difference constraints (SDCs) [15] on the edges of the
DAG. Single objective optimization under this DAG model is a well
studied problem [13]. However, the idea of how to generate system
level Pareto-front under this model has not been explored. As one
alternative, the general framework from [12] combined with single
objective optimization techniques such as [13] provides a solution for
this problem. However, since their work does not explore the DAG
structure of the system, their solution is not optimal in terms of both
the accuracy of the Pareto-front and the number of samples needed
to represent it.

In this work, we study the problem of design space exploration
on component-based system design with difference constraints. We
formulate the problem as a bi-criteria convex cost flow. Next, we
relate it to the parametric convex cost flow to explore its special
network structure and propose a parametric simplex based solver. We
show that with the component-wise trade-off curves being represented
by piecewise-linear convex functions, which rises naturally from the
physics of the devices or from convexification of model genera-
tion [3], [16], [17], the system level Pareto-front will also be a piece-
wise linear convex function with bounded number of breakpoints.
Furthermore, considering the high cost of synthesizing the soft IP
cores, the component-wise curves may not be fully specified at first.
In this case, we propose an online sampling algorithm to iteratively
refine the system level Pareto curve based on the prediction/selection
framework proposed by [12]. In summary, the contribution of the
paper includes:
• We for the first time consider the dependencies between the

components in a system and model the design space exploration
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problem of such an inter-dependent system as a bi-criteria
convex cost flow.

• We show that the Pareto-front of such a system can be succinctly
represented by a piecewise linear function and can be efficiently
generated on-the-fly by parametric convex simplex algorithm.

• We propose an online sampling algorithm to iteratively refine
the system level Pareto-front.

The rest of the paper is organized as follows. In Section II, we
build the model of system and formulate the design space exploration
problem as a bi-criteria convex cost flow. In Section III, we study
the optimality condition of the formulated problem and introduce the
parametric simplex algorithm to get the system level Pareto-front in
an on-the-fly fashion. In Section IV, we propose the online sampling
algorithm. Experimental results are given in Section V, followed by
the conclusions in Section VI.

II. PROBLEM FORMULATION

A. System-Level Design Space Exploration

The design of a digital system starts from an application spec-
ification, which consists of a set of tasks and the communication
among them. Such a specification can usually be modeled as a DAG
called Communication Task Graph (CTG) [14], [18]. Figure 1(a)
gives an example of a CTG. After mapping, each task is associated
with a computational component, e.g. an IP core, and interconnects
are implemented between the cores. For each component, there are
generally trade-offs between different objectives. Throughout this
work, we use the power-latency trade-off as a case study. The goal
of system level design space exploration is to generate the power-
performance Pareto-front for the whole system with a given the set
of trade-off curves of each component. In this paper, we assume that
each task is mapped to a different component. Our methods can be
extended to handle shared resource by binding tasks to one core and
assigning the maximum power among the tasks to that component.

We start by transforming the CTG into another graph G = (V,E),
following a similar procedure as in [19], [13]. We split each node
in CTG into two nodes which present the input and output of a
component. An edge is established from the input node to the output
node of the component. Its cost denotes the power-latency trade-off
of the component. Inter-component edges are preserved to present the
communication. The cost of an intra- or inter-component edge (i, j)
can generally be represented by a convex piecewise linear function
Pij(dij) with kij segments [3], [16], [17]. Let the slope of k-th

interval (bkij , b
k+1
ij ) be ak+1

ij =
Pij(b

k+1
ij )−Pij(b

k
ij)

bk+1
ij −bkij

, while b0ij = lij

and b
kij
ij = uij are defined as the lower and upper bounds of the

latency on (i, j). The convexity of the function suggests that akij <
ak+1
ij < 0. To extend the range of Pij to [0,∞), we add two more

breakpoints b−1
ij = 0, bkij+1

ij =∞ and let a0ij = −∞, akij+1

ij =∞.
Such an extension enforces that optimal solutions can only be found
in [lij , uij ]. Figure 2(a) shows a typical power-latency curve for a
component. Given dij , the power cost on (i, j) can be evaluated as

Pij(dij) = Pij(lij) +

qij−1∑
k=0

ak+1
ij (bk+1

ij − bkij) + a
qij
ij (dij − bq

ij

ij )

where qij is the active segment of Pij such that bq
ij−1
ij ≤ dij < bq

ij

ij .

Next, we add two anchor nodes, s and t, with s connected to all
the primary inputs and all the primary outputs connected to t. These
I/O edges are artificially added and are of cost zero. Finally, we
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Fig. 2. Examples of Pij(dij) and its conjugate function P⊥ij (fij)

connect (t, s) to assert parametric latency constraint φ of the whole
system. Figure 1(b) gives an example of the converted graph of the
CTG in Figure 1(a) where dashed edges are auxiliary edges added for
problem transformation. The system level design space exploration
problem can be formulated as follows:

Problem 1 (System Level Design Space Exploration):

P(φ) = min
∑

(i,j)∈E

Pij(dij) (1)

subject to

ti + dij ≤ tj , ∀(i, j) ∈ E/{(t, s)} (2)

dij ≥ 0, ∀(i, j) ∈ E/{(t, s)} (3)

tt − φ ≤ ts, (4)

φmin ≤ φ ≤ φmax (5)

where ti is the arrival time on node i.
To generate a continuous system Pareto-front P(φ), objective func-
tion (1) needs to be optimized for each φ in [φmin, φmax].

B. Transformation to Bi-Criteria Convex Network Flow

We notice that Problem 1 is a convex dual network problem plus a
parametric constraint (5). Applying standard piecewise linear network
programming theory [20], we obtain the primal of Problem 1 as:

max
∑

(i,j)∈E/{(t,s)}

P⊥ij (fij)− φfts, (6)

subject to (5) and∑
(i,j)∈E

fij −
∑

(j,i)∈E

fji = 0, ∀i ∈ V (7)

fij ≥ 0, ∀(i, j) ∈ E (8)

where fij is the introduced dual variable which can be also viewed
as the flow on edge (i, j), P⊥ij is the conjugate function of Pij [20]
which has slope bkij on interval (−ak+1

ij ,−akij). Figure 2(b) shows
the conjugate function of the power-latency curve in Figure 2(a). For
the sake of clarity, we define

ākij =


0 k = 0

−akij−k+1

ij k = 1, . . . , kij
∞ k = kij + 1

, (9)

and
b̄ij = b

kij−k+1

ij , k = 1, . . . , kij + 1. (10)

Now P⊥ij (fij) can be evaluated as

P⊥ij (fij) = Pij(uij) +

qij−1∑
k=0

b̄k+1
ij (āk+1

ij − ākij) + b̄
qij
ij (fij − āq

ij

ij )
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Fig. 1. Examples of CTG and Converted Graph

where āq
ij−1
ij ≤ fij < āq

ij

ij .
Let Cij(fij) = −P⊥ij (fij). It is easy to see that Cij is a convex

piecewise linear function. The system level design space exploration
problem can therefore be transformed to a convex flow circulation
problem:

Problem 2 (Bi-Criteria Convex Flow Circulation):

−P(φ) = min
∑

(i,j)∈E/{(t,s)}

Cij(fij) + φfts, (11)

subject to (5), (7) and (8).
Note that φ on (t, s) gives the latency cost of the system while Cij on
other edges gives the power cost of the system. Therefore, Problem 2
can be regarded as a bi-criteria optimization [21]. On the other hand,
it can be proved that with φ fixed, formulation of Problem 2 is
equivalent to that of timing-constrained single-objective optimization
problem [13], [22] and they share the same optimal solutions.

C. Incremental Design Space Exploration with Online Refinement

In Problem 1 and 2, we assume that the convex piecewise linear
Pareto-curve Pij for each component are characterized offline using
the method proposed in [12]. But as is pointed out by [12], generating
the Pij’s involves heavy calls to synthesizer, which could take days
to finish. Although parallel computing may help to save time, it is
still desirable to build the system level Pareto-front incrementally by
online refinement of the component-wise piecewise linear curves. For
each component (i, j), a synthesis on (i, j) will yield a refined Pij
curve and will in turn improve the system level Pareto-front P . With
K synthesis opportunities, we state the online system level design
space exploration problem as follows.

Problem 3 (Online Design Space Exploration): Given K oppor-
tunities to synthesize any of the components in the system, distribut-
ing the K opportunities among the components so that the system
level Pareto-front P is mostly improved.

III. PARAMETRIC CONVEX NETWORK SIMPLEX ALGORITHM

In this section, we leverage the parametric network simplex algo-
rithm [23], [24] to obtain system Pareto-front P(φ) in an incremental
fashion by sliding φ on (t, s). We also show that the proposed
algorithm capture the piecewise linear nature of system Pareto-front
and generates the most succinct representation of P(φ).

A. Optimality Condition

Before actually solving Problem 2, we introduce its twin problem
by removing (t, s) and injecting flows from s to t, which can be
formally described as follows:

Problem 4 (Parameterized Convex Flow Transshipment):

P ′(λ) = min
∑

(i,j)∈E′
Cij(fij) (12)

subject to (8) and

∑
(i,j)∈E′

fij −
∑

(j,i)∈E′
fji =


−λ, i = s
λ, i = t
0, Otherwise

(13)

where graph G′ = (V,E′) is the same as G except for (t, s), i.e.
E′ = E/{t, s} and λ is the amount of injected flow.
Due to the similar structure of Problem 2 and 4, we show that
the parametric convex simplex algorithm can be employed to solve
Problem 2, using Problem 4 as a driver.

Now let us look at the optimality condition for both problems. The
network simplex method maintains a solution structure for a given
graph G∗ = (V ∗, E∗). It partitions the edges of G∗ into basis T and
nonbasis U = E∗/T , where T forms a spanning tree of G∗ with the
property that the flow on any of the edge (i, j) ∈ T resides within
a certain segment q on Cij(fij), i.e.

āq−1
ij ≤ fij ≤ āqij , ∀(i, j) ∈ T q. (14)

On the other hand, an edge (i, j) ∈ U has the property that the flow
is saturated at some breakpoint of Cij(fij), i.e.

fij = āqij , ∀(i, j) ∈ Uq. (15)

Note that the basis and nonbasis can thus be written as

T = T 1 ∪ T 2 ∪ . . . and U = U0 ∪ U1 ∪ . . .

We define an optimal solution structure as a pair (T ,U) which
yields the optimal solution for Problem 2 or 4. The optimal structure
of Problem 4 should satisfy the following conditions [24]:

πj − πi = b̄qij , ∀(i, j) ∈ T
q, q = 1, 2, . . . (16)

b̄qij ≤ πj − πi ≤ b̄
q+1
ij , ∀(i, j) ∈ Uq, q = 0, 1, . . . (17)

where πi = −ti is the potential on node i ∈ V . Similarly, the optimal
structure of Problem 2 should satisfy not only (16) and (17), but also

πs − πt = φ (18)

The above condition ensures that (t, s) ∈ T for G because (t, s) has
a linear cost function defined over [0,∞) and can never be saturated
at any breakpoint. Intuitively, πs−πt < φ indicates that there is still
timing slack on some components which can be harvested to reduce
power.

Another key observation is that although the optimal solution
changes as λ or φ changes, it is possible that the underlying optimal
structure remains the same. We define an interval of injected flow
(λ, λ̄) during which T ′ remains unchanged as a characteristic interval
of (T ′,U ′) for Problem 4. Similarly, we define an interval of the
system latency (φ, φ̄) during which T remains unchanged as a
characteristic interval of (T ,U) for Problem 2.
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B. Algorithm Description

The parametric convex simplex algorithm solves Problem 4 by
starting from an initial optimal solution at λ = 0. Then, it finds the
next characteristic interval (λ, λ̄) of T ′ and increases the injection
λ̄. Next, a dual simplex pivoting is performed to update the optimal
basis. At the same, this process actually generates the characteristic
interval (φ, φ̄) of T for Problem 2, which we are interested in.
We repeat the above processes until −P(φ) is obtained within
[φmin, φmax].

1) Initialization: We obtain the optimal solution at λ = 0 by
initializing fij = 0 for (i, j) ∈ E. Since all the flow rests in the
first segment of Cij , we use its slope b̄1ij as the cost on edge, set
πs = 0 and call shortest path routine to generate the shortest path
tree as well as the potential for each node on G′. Since G′ is acyclic,
shortest path on G′ is well defined. The resulting shorting path tree
constitutes the initial optimal basis T ′ for Problem 4 [24]. On the
other hand, we notice that Cij(0) = Pij(uij), which means that
all the components are powered at minimum voltage with longest
latency. Therefore, we obtain the rightmost Pareto point P(φ) of
Problem 2 at φ = φmax = −πt.

2) Finding Characteristic Interval: With given optimal structure
(T ′,U ′) and the associated optimal flow fij at λ = λ, we fix all πi
for i ∈ V and try to find its characteristic interval (λ, λ̄). This can
be done by augmenting flows along the edges on T ′ until at least
one edge is saturated at the next breakpoint of Cij , which violates
the optimality condition (16).

Since T ′ forms a spanning tree of G′, there must be a unique path
p from s to t. We define p as the basic path and let p and p̄ be the
sets of backward and forward edges on p. The residue capacity of
the edges before saturating on p can be computed as

wij =

{
b̄qij − fij , (i, j) ∈ p̄ ∩ T q

fij − b̄q−1
ij , (i, j) ∈ p ∩ T q , (19)

where q is the index of active segment where fij locates on Cij . The
next breakpoint of the current characteristic interval for T ′ can thus
be obtained as

λ̄ = λ+ min
(i,j)∈p

wij .

3) Dual Simplex Pivoting: With πi fixed, we can keep injecting
flow into s and T ′ remains optimal until λ = λ̄. Further increase of
flow will violate (16). In this case, we can identify the edge (α, β)
on p which blocks the flow, i.e. wαβ = min(i,j)∈p wij , and remove
it from T ′. Next, we choose another edge to enter T ′ to maintain
its optimality. This process is called a dual simplex pivoting. Notice
that (α, β) can reenter T ′ as a basis edge in T ′q+1 or T ′q−1.

The removal of (α, β) parts T ′ into two subtrees T ′s and T ′t . The
edges joining T ′s and T ′t constitute an s − t cut Q. Let Q and Q̄
be the sets of backward and forward edges in Q. Furthermore, we
define µ as

µij =

{
πi − πj + b̄q+1

ij , (i, j) ∈ Q̄ ∩ Uq
πj − πi − b̄qij , (i, j) ∈ Q ∩ Uq (20)

It follows the optimality condition (17) that µij ≥ 0 should be
satisfied for all (i, j) ∈ Q. Therefore, we update the node potential
as

πi =

{
πi, i ∈ T ′s
πi + min(i,j)∈Q µij , i ∈ T ′t

(21)

and select edge (l,m) with µlm = min(i,j)∈Q µij into T ′. In this
way, optimality conditions (16) and (17) are preserved. And we obtain
a new optimal structure T ′.

4) Obtaining P(φ): Now let us turn to Problem 2. During the
first stage of dual simplex pivoting, we remove a saturated edge
(α, β) from T ′ to U ′. Now let T = T ′ and U = U ′. It is easy
to verify that optimality conditions (16)-(18) are all satisfied and
T ∪ {(t, s)} constitutes an optimal tree structure for Problem 2.
Furthermore, this tree structure remains optimal during the interval
[φ, φ̄ = φ+min(i,j)∈Q µij ]. In other words, the dual simplex pivoting
process for Problem 4 actually computes the characteristic interval
[φ, φ̄] for Problem 2.

To obtain the Pareto-front P(φ) during [φ, φ̄], we observe the
objective function in (12). During dual simplex pivoting, all the flows
are fixed and fts = λ̄. As πt increases from φ to φ̄, the system latency
decreases from −φ̄ to −φ and the Pareto-front changes from P(−φ̄)
to P(−φ) with a slope of −fts = −λ̄.

5) Termination Condition: The process of characteristic interval
search and dual simplex pivoting is carried out repeatedly, during
which P(φ) is computed along the way starting from the rightmost
point where φ = φmax = −πt|λ=0. To determine when to terminate
the algorithm, we observe from (8) that the maximum flow which
can be injected to G′ is unbounded. If during the computation of
characteristic interval we get min(i,j)∈p wij = ∞, it indicates that
all the edges on basic path p are forward ones and the latencies
of the components on this path are reduced to their minimum with
highest power consumption. In this case, we know that the previous
dual simplex operation already yielded the leftmost point for P(φ)
with φ = φmin. Therefore, the parametric simplex algorithm can be
terminated.

C. Summary

We list the system level design space exploration algorithm based
on parametric convex network simplex in Algorithm 1. At each

Algorithm 1 System Level Design Space Exploration
Input: Mapped CTG, component-wise Pareto curves Pij(dij)
Output: System level Pareto-curve P(φ)

1: Generate G from CTG and Cij from Pij
2: Initialize fij = 0, λ = 0, πs = 0
3: Initialize T ′ by shortest path with b̄1ij as distance
4: Initialize φmax = −πt, φ = φmax
5: loop
6: Augment flows from s to t along basic path p
7: Set wmin = min(i,j)∈p wij
8: if wmin =∞ then
9: φmin = φ

10: break
11: else
12: λ = λ+ wmin
13: end if
14: Perform dual simplex pivoting
15: Compute µmin = min(i,j)∈Q µij
16: Generate P(φ) on [φ− µmin, φ] with slope −λ
17: Update node potential on Tt, φ = −πt
18: end loop

iteration, Algorithm 1 generates a segment of P(φ) with slope −λ in
a left to right fashion. Since λ increases with the number of iteration,
it reveals an important property of the system level Pareto-front stated
as follows.

Theorem 1: The system level Pareto-curve of Problem 1 is ob-
tained as P(φ), which is a piecewise linear convex function with
increasing negative slope.
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Our algorithm captures the piecewise linear nature of the system level
Pareto-front and uses the exact breakpoints to give a most succinct
representation of the curve.

The above algorithm is guaranteed to terminate. Denote λ∗ as the
flow injected when the algorithm terminates which is bounded by
|
∑
a1ij |. The following theorem follows the conclusions in [23], [24].

Theorem 2: If all bkij and akij are integers, the complexity of
Algorithm 1 is O(|V ||E||

∑
a1ij |).

Despite the pseudo-polynomial complexity bound, our algorithm
runs very efficiently in practice, as does other simplex based al-
gorithms [20]. Moreover, instead of optimizing from scratch, it
generates the Pareto-front incrementally from the rightmost corner
to the leftmost corner.

IV. INCREMENTAL SYSTEM LEVEL PARETO-FRONT UPDATE

WITH COMPONENT-WISE ONLINE SAMPLING

In this section, we design an iterative online algorithm to solve
Problem 3. At each iteration, a new breakpoint is added to the
piecewise linear curve of the chosen component. The choices are
made based on the proposed estimation technique.

A. Piecewise Refinement of Component-wise Curves

Given the opportunity to synthesize a specified component for
once, we have to decide under which latency constraint we want
to synthesize this component and predict what impact the refined
component-wise curve will have on the whole system level Pareto-
front. Since the authors in [12] already addressed how to do
component-wise sampling, we briefly review their method and focus
on the latter.

Let E1 denotes the set of intra-component edges in G. For a
component which corresponds to an edge (i, j) ∈ E1, its Pareto-
curve is Pij . The sampling method in [12] finds the segment with
the largest ratio distance and generates a new point in the middle
of this segment. For k-th segment (bkij , b

k+1
ij ), its ratio distance is

defined as [12]:

RD(k) = max

{
Pij(b

k
ij)

Pij(b
k+1
ij )

,
bk+1
ij

bkij

}
. (22)

Suppose l-th segment has the largest ratio distance, i.e. RD(l) =

max
kij
k=0RD(k), the new sampling point will be synthesized at bl

′
ij =

(blij + bl+1
ij )/2.

After synthesis, a new breakpoint will be generated on the piece-
wise linear convex curve of Pij . We denote the new curve as P̂ij . In
P̂ij , the old segment (blij , b

l+1
ij ) is replace by two new segments

(blij , b
l′
ij) and (bl

′
ij , b

l+1
ij ) with new slopes al

′
ij and a

(l+1)′

ij , as is
illustrated in Figure 3. The increase of number of segments of Pij
translates naturally to the increase of number of segments of P⊥ij .
Therefore, for Problem 2, the cost function is changed to Ĉij = −P̂⊥ij
and the resulting system level Pareto-front P(φ) will also change. A
refinement of Cij on (i, j) on P(φ) will change not only the number
of breakpoints of P(φ), but also the slope of some intervals of P(φ).
We need to refresh the Pareto-front P̂(φ) by calling Algorithm 1
again. However, since P̂ij(b

l′
ij) ≤ Pij(b

l′
ij), it is guaranteed that

with new breakpoint added to any of the component-wise curves,
the system level Pareto curve will either remain unchanged or come
down, i.e.

P̂(φ) ≤ P(φ), φ ∈ [φmin, φmax].

This effect will be demonstrated later in Section V.

bl bl+1

al+1

al+2

bl'

P
P*

P

Actual New Breakpoint

Predicted New Breakpoint

al'

a(l+1)'

al

Fig. 3. Refinement of Piecewise Linear Curve Pij

B. Sensitivity Estimation for Online Sampling

Suppose we are given K opportunities to synthesis any of the
components of the system, we are facing the problem of which
components to refine such that the resulting system level Pareto-front
is mostly improved. There are two major difficulties. First, the exact
power value of Pij(d) is not known until synthesizer is finished on
given latency d. Secondly, even we have the full knowledge of the
shape of Pij , it can still be proved that it is NP-hard to optimally
choose the K components to synthesize when K is smaller than the
number of component by reduction from Set Cover.

In this work, we propose a greedy online algorithm with on-
line sampling based on the prediction/selection framework proposed
by [12]. The algorithm works iteratively. At each iteration, it gen-
erates a new sampling point on each of the components. With the
new sampling point bl

′
ij , it predicts the value of Pij(b

l′
ij) using

the following criteria. Suppose we choose segment (blij , b
l+1
ij ) for

refinement. It follows from the convexity of Pij that the slopes
al
′
ij and a(l+1)′

ij of the newly generated two segments (blij , b
l′
ij) and

(bl
′
ij , b

l+1
ij ) satisfy the that:

al
′
ij ≥ al+1

ij and a
(l+1)′

ij ≤ al+2
ij .

It is thus easy to derive that the true value of Pij(bl
′
ij) should be

bounded between

P̄ij(b
l′
ij) = Pij(b

l
ij) + al+1

ij (bl
′
ij − blij) (23)

and

P ij(b
l′
ij) = max

{
Pij(b

l+1
ij )− al+2

ij (bl+1
ij − b

l′
ij),

Pij(b
l
ij) + alij(b

l′
ij − blij)

}
, (24)

as is demonstrated in Figure 3. We use their average as the prediction
of Pij(bl

′
ij):

P ∗ij(b
l′
ij) =

P̄ij(b
l′
ij) + P ij(b

l′
ij)

2
(25)

With the predicted value on Pij(bl
′
ij), we update the curve Pij and

Cij of component (i, j) ∈ E1 and call Algorithm 1 to generate a
Pareto-front Pij(φ), which predicts the impact of refining component
(i, j) on the change of the Pareto-front of the whole system. Next, we
choose the component (i∗, j∗) which pushes down P(φ) the most to
synthesize. After actual synthesis on component (i∗, j∗), we commit
the change to Pi∗j∗ and Ci∗j∗ and update P(φ).

The above process is repeated until maximum sampling limit K
is reached or the difference between P(φ) and Pij(φ) drops below
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a given threshold ε. The refined system level Pareto-front is yielded
at the end of the algorithm. The whole flow is listed in Algorithm 2.
Since system level Pareto-front needs to be regenerated repeatedly, it

Algorithm 2 Incremental DSE with Online Sampling
Input: maximum sampling number K or accuracy tolerance ε

1: Generate the initial set using Algorithm 1
2: repeat
3: for all (i, j) ∈ E1 do
4: Sample Pij and predict its value using (25)
5: Call Algorithm 1 and obtain −Pij(φ)
6: end for
7: Choose component (i∗, j∗) with largest improvement
8: Sample (i∗, j∗) with actual synthesizer and update Pij
9: Call Algorithm 1 and update −P(φ)

10: K = K − 1
11: until K = 0 or RD(P(φ)),Pij(φ)) < ε

is important that we have an efficient Algorithm 1 to do this job.

V. EXPERIMENTAL RESULTS

We implemented the proposed algorithms in C++ programming
language and all the experiments are carried out on a Linux machine
with 2GHz Intel quad-core CPU and 2GB memory. We use the well-
received Embedded system Synthesis Benchmark (E3S) [25] as test
cases, which includes applications from office automation, consumer,
networking, auto industry and telecommunication. The number of
tasks in CTGs from E3S benchmarks ranges from 5 to 30 and they are
pre-mapped to different processor cores provided by E3S [14]. The
power-latency trade-off for each component is characterized using the
scaling functions provided by authors from [13] with supply voltage
0.8v, 1.0v, 1.2v, 1.4v and 1.6v. This yields a piecewise function Pij
of 4 segments for each component.

First, we compare the efficiency of Algorithm 1 on building
the system level Pareto-front. Using the setup described above, we
generate the system Pareto-front on the benchmarks by Algorithm 1.
For comparison, we implemented the approach in [12] to generate
the ε-Pareto curve with accuracy ε = 1% and ε = 0.01%. For
the latter case, we are in effect doing exhaustive search for the
Pareto-front. Note that since the method proposed in [12] does not
explore the structure of Problem 2, we have to call optimizer to
generate the optimal power on each of the sampling point on φ.
The comparison of results is listed in Table I. Since the resulting
Pareto-front are piecewise linear connected by breakpoints. We count
the number of segments of the curve to compare the representation
power of different methods, which is denoted as “#Seg” in Table I.
The exact number of segments generated by the proposed algorithm
is in linear order to the total number of segments of the curves for
underlying components. On average, the proposed method reduced
number of segments by 62.2% compared to the ε-Pareto method
in [12]. When compared to the exhaustive search method, it reduces
the number of segments by 99.6%. The proposed algorithm is very
efficient, finishing all the cases within 1 second. On top of this, it
is important to notice that the proposed algorithm generates exact
Pareto-front on system level while ε-Pareto generates the curve within
an error of ε, where it is set as 1% in this experiment. Figure 4 gives
the system Pareto-fronts of “Telecomm”, generated by the proposed
method and ε-Pareto method with ε = 1%. Since the curve generated
by our algorithm is exact, we omit the curve of exhaustive search
method to make the graph clear. We can observe that the general

 29

 30

 31

 32

 33

 34

 35

 36

 37

 38

 39

 85  90  95  100  105  110  115  120

Po
w

er
 (m

W
)

Latency (ps)

Proposed (Exact)
e-Pareto (e=1%)

Fig. 4. System Pareto-fronts of Telecomm.

ε-Pareto method does not explore the piecewise-linear nature of P
and will generate excessive breakpoints on linear segments, e.g. the
first three and the last segments in Figure 4. On the other hand,
being an approximation method, it cannot match the exact breakpoints
generated by the proposed algorithm, causing errors on the segments
between them.

Next, we test the proposed incremental Pareto-front update algo-
rithm with online sampling. We set a linear function with one segment
as the initial curve for each component, including only the leftmost
and rightmost breakpoints. We then generate an initial system level
Pareto-front based on this setup. For comparison, we generate smooth
convex curves for each component, which we dubbed as “full”
curves. The resulting system Pareto-front is obtained by exhaustive
searching and is used as the exact curve. Then we use Algorithm 2 to
incrementally generate new breakpoints by sampling from the “full”
curves. We set the stop condition as ε = 0.1%. Figure 5 shows
the number of iterations that Algorithm 2 takes before reaching stop
condition. The resulting system Pareto-fronts, which is called the

0

22
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65

Auto Telecomm Office Consumer Networking

Fig. 5. Number of Refinement Iterations of Algorithm 2 on E3S Bench

refined Pareto-front, for each of the test case are all within the error
of 1%, when compared to the exact ones. Figure 6 gives the resulting
curves of Algorithm 2 for case Auto Industry. As has been mentioned
in Section IV, with refined component-wise curves, our algorithm
progressive pushes the system level Pareto-front down while adding
necessary breakpoints.

Finally, we use Figure 7 to demonstrate how Algorithm 2 adap-
tively samples the components based on the proposed prediction
technique. Figure 7 shows the distribution of number of segments
of the component-wise curves on Auto Industry after refinement. In
order to improve the system Pareto-front in a most effective way, the
proposed algorithm focused on Components 0, 8 and 13 while on the
other hand, components like 1-7 and 14-17 were only refined once.
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TABLE I
COMPARISON OF SYSTEM LEVEL PARETO-FRONT GENERATION

Benchmark #Components Exhaustive Search (ε = 0.01%) [12] (ε = 1%) Proposed Algorithm
#Seg #Seg #Seg

Auto Industry 18 5848 55 57
Telecommunication 15 5998 59 37
Office Automation 5 12844 137 29

Consumer 11 12211 120 37
Networking 6 11728 118 29

Average 9725 98 37
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VI. CONCLUSIONS

Component-based system design and design space exploration are
the two keys to overcoming the challenge of complex SoC design.
In this paper, we model the design space exploration of system with
difference constraints as a bi-criteria convex cost flow and design
an efficient solver for it based on parametric simplex method. In
addition, we propose an online algorithm to incrementally refine
the system-level Pareto-front with more component-wise sampling
points added. The experimental results demonstrate the efficiency and
effectiveness of the proposed algorithms.
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