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Abstract— Cloud computing accelerates design space explo-
ration in logic synthesis, and parameter tuning in physical
design. However, deploying EDA jobs on the cloud requires
EDA teams to deeply understand the characteristics of their
jobs in cloud environments. Unfortunately, there has been little
to no public information on these characteristics. Thus, in this
paper, we formulate the problem of migrating EDA jobs to
the cloud. First, we characterize the performance of four main
EDA applications, namely: synthesis, placement, routing and
static timing analysis. We show that different EDA jobs require
different machine configurations. Second, using observations
from our characterization, we propose a novel model based on
Graph Convolutional Networks to predict the total runtime of
a given application on different machine configurations. Our
model achieves a prediction accuracy of 87%. Third, we develop
a new formulation for optimizing cloud deployments in order
to reduce deployment costs while meeting deadline constraints.
We present a pseudo-polynomial optimal solution using a multi-
choice knapsack mapping that reduces costs by 35.29%.

I. INTRODUCTION

EDA (Electronic Design Automation) tools expose hundred

of parameters to tune for front-end and back-end design.

Therefore, design space exploration and efficient physical

implementation have been increasingly challenging and re-

quire a massive amount of compute to achieve acceptable

Quality of Results (QoR). In the recent years, there has

been a growing trend among EDA teams to utilize elastic

compute environments (i.e. cloud) to gain near-instant access

to compute resources [1]. Migrating EDA jobs to the cloud

has helped teams meet the demands of their tapeout schedule,

hence reducing the time to market [2]. For example, horizontal

scaling by launching more compute servers allows EDA

teams to complete a highly-parallelizable compute job such

as simulation in less time. In addition, EDA teams have the

flexibility to choose the configuration of hardware that meets

their needs for the exact pending job and only for the time

needed to complete it.

However, migrating EDA jobs to the cloud is not a

straightforward path, especially for teams with little or no

experience managing elastic resources. For example, design

teams need to choose the right machine configuration that

achieves the best performance for their job. While simulation

and verification are known to be embarrassingly parallel (i.e.

directly benefiting from the scale of the cloud), the compute

requirements for the synthesis and physical design stages are

not well-studied, especially in multi-tenancy environments.
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Fig. 1: Workflow of optimizing EDA cloud deployments

Furthermore, reducing deployment costs while meeting the

tapeout schedule is a challenge, especially in teams with

limited budget.

Our main contributions are:

1) We characterize the performance of four EDA key appli-

cations (synthesis, placement, routing, and static timing

analysis) under different machine configurations. Using

our observations, we present recommendations for the

configurations of cloud instances to provision for each

application.

2) We propose a novel model based on Graph Convolutional

Networks (GCNs) that predicts the total runtime a given

job would take using certain machine configurations. Our

model achieves a high prediction accuracy of 87%.

3) With recommended machine configurations and runtime

predictions for each application, we reduce cloud deploy-

ment costs subject to deadline constraints by mapping the

problem to the classical multi-choice knapsack problem

(NP-hard). Our implementation recommends optimal ma-

chine configurations that minimizes the total cloud deploy-

ment cost by an average of 35.29%.

Next, we give a brief background in Section II. In Section

III, we formulate the problem and discuss our proposed

framework. In Section IV, we present our experimental results.

II. BACKGROUND

Cloud computing refers to the elastic compute resources

that can be provisioned, scaled up or shutdown on demand.

Cloud providers virtualize their physical infrastructure to share

processing time, memory, storage and network bandwidth

among many users (known as tenants). In order to achieve

this virtualization, cloud vendors use a specialized software

called the Hypervisor. The Hypervisor isolates each tenant’s

resources in a Virtual Machine (VM) that is accessible only by

its owner. In a standard cloud offering, VMs are sold in units

of: (i) vCPU: a virtual CPU is seen as a single CPU thread, (ii)

Memory: a fixed number of memory pages is solely reserved

for the use of a VM and is expressed as the total memory size
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Fig. 2: Performance characterization of four representative EDA jobs

reserved, and (iii) Storage: the size and type of the underlying

storage device partition mounted on the VM.

III. OPTIMIZING EDA CLOUD DEPLOYMENTS

Problem Definition. A fundamental question that faces

EDA teams when migrating their EDA jobs to the cloud is:

what configurations of VMs should be provisioned for each

job? And how can the job completion time be reduced while

minimizing the cost?

In order to answer these questions, Figure 1 draws our

workflow that we propose in this paper. Specifically, we

introduce the following problems:

Problem 1. What is the right VM configuration for a given

EDA job? To address this problem, we characterize four main

EDA applications, namely: synthesis, placement, routing and

static timing analysis. We focus on characteristics that are

intrinsic to the EDA job which affect the completion time.

Problem 2: Given a design (in RTL or Netlist), predict the

runtime for a given job (e.g. synthesis or routing) when using

1, 2, 4 and 8 vCPUs. Our proposed prediction model, learns

internal graph features of the design that affect the total

runtime of a given job on different machine sizes.

Problem 3: Given the runtime for each job under 1, 2, 4 and 8

vCPUs, as well as a deadline constraint, select a machine size

for each job such that the deadline is met and the total cost

is minimized. We address this problem using a mapping to

the multi-choice knapsack problem and implement an optimal

solution using dynamic programming.

A. EDA Flow Characterization
To address Problem 1, we characterized the four jobs using a

major commercial EDA flow and a SPARC core design from

OpenPiton design benchmark [3] using a 14nm technology

node. We then collected the execution data from the system’s

hardware performance counters for further analysis. In order to

simulate a multi-tenancy environment, we used Linux Control

Groups on a machine with a 14-core Intel Xeon E5-2680

processor running at 3.3GHz, and 128GB DDR4 memory.

We used the Linux perf utility to instrument the hardware

performance counters.

Branch Prediction. Figure 2-a summarizes our findings from

the characterization experiments. First, we observe that routing

has a higher percentage of branch misses. We attribute this

value to the nature of the routing algorithms, where there

can be few trials before a net is successfully routed with no

design rule violations. In particular, graph search algorithms

in the routing step encompass a large portion of conditional

statements that cannot be avoided. Rip-up and reroute tech-

niques also contribute to halting the continuous execution of

the routing algorithms.

Fig. 3: Routing speedup for different designs. dyn node is the

smallest and sparc core is the largest (#instances).

Memory Access Patterns. In Figure 2-b, we observe that

placement and routing have significantly higher cache misses

than synthesis and STA. Placement has a 45.11% cache misses

rate when using 1 vCPU and 33.84% when using 8 vCPUs,

while routing has 27.15% and 29.84% cache misses rate

using 1 and 8 vCPUs respectively. We attribute this higher

miss rate to the nature of the analytical component in the

placement engine that tries to optimize the wirelength across

all the chip instances using convex optimization methods. This

needs access to large vectors to calculate the gradients, hence

benefiting from the more cache available with more vCPUs.

Floating-point Operations. In Figure 2-c, we observe that the

placement job requires more floating-point operations that run

on Advanced Vector Extensions (AVX) hardware. This can be

attributed to the analytical engine that tries to optimize the

wire length across all the chip area using convex optimization

methods. This involves calculating gradients which relies on

floating-point operations. The STA job comes next in its

percentage usage of the AVX hardware. This is consistent

with the nature of STA algorithms where calculating slacks

involves graph traversal from inputs to outputs, with access to

floating-point values in the technology library.

Scalability and Speedup. In Figure 2-d, we observe that the

routing job scales well with more #vCPUs. This is consistent

with the nature of the routing job, where nets in independent

grid cells can be routed in parallel with no conflict, as opposed

to synthesis, placement and STA where internal algorithms

have inherent dependencies. Further analysis of the routing

job, Figure 3 plots the speedups achieved on different designs

of different characteristics and sizes. It shows that adding

more vCPUs does not eminently scale the routing job in all

designs. Smaller designs (such as dynamic node and aes) have

almost equal speedups for 4 and 8 vCPUs. This means that the

provisioned vCPUs might not offer the expected benefit from

the cloud scale, and that there is an opportunity to achieve the

same outcome in nearly the same time with less resources.
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Fig. 4: Our proposed runtime prediction model

Main Takeaways. From the point of view of EDA teams

running their EDA applications on the cloud, we summarize

our main recommendations:

1) Synthesis and STA jobs perform well on general-purpose

VM instances with a balance between computations and

memory access. Placement and routing require VM in-

stances with higher memory-to-core ratio, with routing

demanding more available L1 and LLC cache.

2) Placement jobs should be run on a compute instance with

an underlying processor that supports Advanced Vector

Extensions (AVX). STA jobs would also benefit from

AVX hardware.

3) On large designs, routing jobs scale well with the number

of vCPUs allocated. However, on small designs, speedup

is capped at a certain point.

These observations motivate our work in the next section.

B. Runtime Prediction

To address Problem 2, we state that the runtime of chip

design tasks depends on a number of factors such as the design

itself, the tools used, the technology node, the parameters

used to instruct the tools and the VM configuration. Without

losing generality, when using the same tools, technology node,

default parameters and VM configuration, the runtime of a

certain job depends on the complexity of the design itself.

Figure 4 shows the architecture of our model. The model

takes as input the design in RTL or netlist, and performs

an embedding operation using Graph Convolutional Networks

[4]. After that, a fully-connected neural layer transforms the

embedding into predictions for the runtime under different

machine sizes (i.e. #vCPUs). This model is trained for each

application separately. Using the predicted runtimes, we can

calculate the speedup gains from using 2, 4 or 8 vCPUs as

compared to using only 1 vCPU.

Processing Input Design. When building a model to predict

synthesis runtime, the input is usually in RTL, which is not a

graph. However, synthesis tools map the RTL into an interme-

diate representation such as And-Inverter Graphs (AIG) before

synthesizing and mapping to a technology library. Therefore,

our model can operate on the AIG representation of the

design. The AIG is a Directed Acyclic Graph (DAG), which

means it preserves edge directions for the GCN. On the other

hand, when building a prediction model for the placement and

routing, the input is expected to be a netlist. In order to operate

on the given netlist, we convert cells and I/O pins into graph

nodes. In addition, we convert each net into a set of directed

edges using the well-known star model, where there is one

edge from the driving cell (or the input pin) towards each of

the sinks (or the output pins).

Graph Convolutions. In Graph Convolutional Networks

(GCNs), the key idea is to generate node embeddings based

on local neighborhoods. The first layer’s embedding of a

node represents its input feature vector, xi. Nodes aggregate

information from their neighbors in each convolutional layer.

This aggregation is followed by an activation function, such

as ReLU, and a pooling operation, such as sum-pooling. With

that in-place, every layer is written as a non-linear function:

H(l+1) = f(H(l),A) , (1)

where H(l) represents the activation at layer l, and H(0) is the

input feature matrix, X . A is the adjacency matrix. Looking

at the embedding of each node, we can elaborate on Equation

1 as follows:

hk
v = σ (Wk

∑
u∈N(v)

hk−1
u

|N(v)| + Bkh
k−1
v ) ∀k ∈ {1, ...,K}

where, hk
v is a vector that represents kth-layer embedding of

node v. N(v) represents the neighbors of node v. Wk and

Bk are the trainable matrices which are shared with all nodes

of the graph, and σ is the activation function. After K-layers

of neighborhood aggregation, we get output embeddings for

each node that can be fed into a loss function. We can then

run stochastic gradient descent to learn Wk and Bk.

Model Design. We used 2 GCN layers with 256 and 128

hidden units each, followed by 1 fully connected layer with

128 units. The model is trained for 200 epochs using Mean

Square Error (MSE) as a loss function and Adam as the

optimizer (lr=1e-4). The loss function calculates the combined

prediction error for all four runtimes (i.e. 1, 2, 4 and 8 vCPUs).

C. Cloud Deployment Optimization

Given the runtime estimates, we now address Problem

3. Our proposed solution maps the problem to the multi-

choice knapsack problem (MCKP) [5]. Using our predictions

calculated in the previous section, each job can be run on

a different machine configuration (i.e. #vCPUs), where each

configuration completes the job in t time and costs p in total.

Formulation. Let zl(C) be an optimal solution defined on l
applications and with total runtime constraint C:

zl(C) := max

l∑
i=1

Ni∑
j=1

sij
1

pij
(2)

such that, l∑
i=1

Ni∑
j=1

sijtij ≤ C,

∑
j∈Ni

sij = 1, i = 1, ...., l,

sij ∈ {0, 1}, i = 1, ...., l, j ∈ Ni

where sij ∈ {0, 1} denotes whether we select VM config-

uration j for stage i or not, and Ni denotes the number of

configurations in a given stage. tij denotes the runtime of stage

i when using j’s configuration, which is obtained from the

runtime predictions. Similarly, pij denotes the cost of running

stage i when using j’s configuration, which is obtained from

the pricing table of the selected cloud vendor. We assume that

zl(C) := −∞ if no solution exists (i.e. the total runtime is not

sufficient to complete all the stages using the fastest machine

configuration).
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Fig. 5: Runtime prediction

errors. Avg. Error: 13%.

Task
Synthesis

general-purpose VM

Placement
memory-optimized VM

Routing
memory-optimized VM

STA
general-purpose VM

Total
R

untim
e

M
in

C
ost

($
)

vCPUs 1 2 4 8 1 2 4 8 1 2 4 8 1 2 4 8

Runtime (sec.) 6100 4342 3449 3352 1206 905 644 519 10461 5514 2894 1692 183 119 90 82

Cost ($) 0.16 0.15 0.19 0.37 0.04 0.04 0.05 0.08 0.32 0.25 0.21 0.25 0.02 0.01 0.02 0.05

Total
Runtime
Constraint

10000 x x x x 8561 0.41

6000 x x x x 5904 0.50

5645 x x x x 5645 0.75

5000 NA NA

TABLE I: Minimizing total cloud deployment cost subject to a time constraint. The mark (x)

denotes the recommended machine configuration. NA denotes Not Achievable.

To solve (2), we implemented a pseudopolynomial solu-

tion through dynamic programming utilizing Dudzinski and

Walukiewicz approach [6]:

zl(C) = max

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

zl−1(C − tl1) + 1/pl1 if 0 ≤ C − tl1,

zl−1(C − tl2) + 1/pl2 if 0 ≤ C − tl2,

:

zl−1(C − tlnl
) + 1/plnl

if 0 ≤ C − tlnl

This implementation provides an optimal solution provided

that the runtime values are rounded to the nearest integer

(second). This is an assumption that we can safely make in our

case since cloud machines are billed per second (no fractions).

IV. EXPERIMENTAL RESULTS

We demonstrate our predictions using GF 14nm technology

node and a major commercial EDA flow.

Dataset. We use 18 representative benchmarks of different

sizes and structures from EPFL benchmark suite [7] and

OpenCores [8]. We synthesize each benchmark applying

different logic optimizations to generate different netlists.

The motivation is to challenge the GCN with netlists that

have different physical structures, but perform the same logic

function. We have a total of 330 unique netlists, with 2,640

data points (runtimes) for different machine configurations.

These designs range from a few hundred instances to 200k

instances. We divide the dataset into training and test groups

with 80% and 20% respectively, where netlists of the test set

belong to unseen designs in the training set.

Prediction Accuracy. Due to lack of space, we show a his-

togram of model prediction errors for placement and routing

in Figure 5. Runtime predictions given a netlist (placement,

routing, STA) achieves an average error of 13%. On AIGs

(synthesis), the runtime prediction has an average error of 5%.

Optimization Results. Referring to Figure 1, our optimization

module takes as input the predicted runtime for a given EDA

job on certain machine configuration (Section III-B), and the

cost of running the job on a machine type recommended for

that job (Section III-A). In order to calculate the cost, we

obtained the pricing table for the machine configurations from

AWS at the time of this writeup, and calculated the total cost

(in USD) for each EDA job (cost = runtime in hours × cost per

hour). To demonstrate our optimization, we applied different

runtime constraints on predictions the of the sparc core design

as shown in Table I. Our algorithm outputs the recommended

machine configuration for each job that minimizes the total

cost subject to the given total runtime constraint. As we tighten

the time constraint, we observe that the algorithm chooses

higher machine configurations in some tasks (but not all). A

Fig. 6: Cost savings from running our muli-choice knapsack

optimization algorithm. Over-provisioning runs all stages on

8 vCPUs. Under-provisioning runs all stages on 1 vCPUs.

very tight time constraint cannot be met and no solution is

presented. Figure 6 shows the cost savings that we get from

running our optimization as compared to over-provisioning

(using 8 vCPUs in all jobs) or under-provisioning (using 1

vCPU in all jobs) machines. It offers an average of 35.29%

cost saving with minimal overhead to the best runtime.

V. CONCLUSIONS

We present an end-to-end workflow for a cost-efficient

deployment of EDA workloads on the cloud. Our method

saves 35.29% of the costs while meeting scheduled deadlines.

The code is open-source under a permissive license (BSD-3)

and is available publicly on GitHub1.
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[7] L. Amarú, P.-E. Gaillardon, and G. De Micheli, “The epfl combinational
benchmark suite,” in Proceedings of the 24th International Workshop on
Logic & Synthesis (IWLS), no. CONF, 2015.

[8] “Opencores.” [Online]. Available: https://opencores.org/

1https://github.com/scale-lab/EDAonCloud

Design, Automation and Test in Europe Conference 815



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


