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Systolic-RAM: Scalable Direct Convolution Using In-Memory Data Movement
Jacob N. Rohan , Graduate Student Member, IEEE, and Jaydeep P. Kulkarni , Senior Member, IEEE,

Abstract—A 12.8-kbit static random access memory (SRAM) is demon-
strated in 40-nm CMOS for signed 8-bit convolution in-memory. While
conventional compute-in-memory (CIM) approaches rely on the indi-
rect convolution algorithm, the proposed “Systolic-RAM” performs a
form of direct convolution which eliminates the need for data dupli-
cation and near-memory registers. To achieve this, an in-memory
data pipeline is employed to move data within the array and mimic
the physical movement of the convolution kernel. In between data
movement cycles, back-end-of-line (BEOL) structures perform charge-
domain vector-matrix multiplication (VMM). The indirect convolution
algorithm is illustrated, and the supporting circuits are presented in
detail. Quantized neural network training methods are also employed
to achieve test accuracy close to that of a floating-point network. The
demonstrated array is configured for a 5 × 5 kernel, achieves 175(113)
peak (continuous) multiply accumulate (MAC) operations per clock cycle
and consumes 3.0 mW at 100 MHz.

Index Terms—Analog computing, artificial neural networks, convolu-
tion, random access memory.

I. INTRODUCTION

Data movement significantly impairs power performance in von
Neumann systems when large amounts of data are exchanged between
computer memory and processing units (referred to as the memory
wall bottleneck). Compute-in-memory (CIM) approaches attempt to
reduce data movement energy and latency overheads by perform-
ing key computations in parallel within the memory array (Fig. 1).
Although adequate bit-resolution is commonly considered a leading
measure of CIM performance [1], few works have elaborated on the
data movement power, duplication, and restructuring required to real-
ize convolution within CIM macros [2]. Duplication occurs since the
indirect convolution method was tailor-made for vector-matrix mul-
tiplication (VMM)-based accelerators and uses an image-to-column
(IM2COL) transformation [3]–[5]. This means conventional meth-
ods duplicate and transform the data rather than physically adopting
the concept of a sliding kernel (the stride) within hardware. This
duplication requires significant data caching at the CIM array periph-
ery to support peak throughput. Other works have shown that a
careful implementation of direct convolution can outperform indi-
rect convolution at a system level [6]. The data overhead of indirect
convolution becomes more detrimental for large kernels. For a 2-D
K-by-K kernel with stride = 1, each input pixel will belong to K2

unique stride locations and would therefore be duplicated in K2

columns of the resulting IM2COL matrix. This problem is further
exacerbated for n-dimensional convolution which requires O(Kn)

duplication. As an example, 2-D convolution using a large kernel
(such as 11-by-11) will require data to be duplicated (>100 times)
within an activation-stationary CIM array [Fig. 1(c)], significantly
increasing data movement and cache requirements. When convolu-
tion is performed in a weight-stationary crossbar array, the overhead
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Fig. 1. Representation of several computation methods. (a) Conventional
computers are restricted by memory bus bandwidth. (b) and (c) CIM methods
aim to eliminate this bottleneck by performing computation in the memory
array, but may require data duplication to perform convolutions. (d) Systolic-
RAM mitigates this issue by performing both compute and data movement
within the array. (e) Without in-memory data movement (φ1 phase) throughput
and memory bandwidth are significantly impaired.

Fig. 2. (TOP) Representation of 2-D convolution in neural networks using
a 128 × 128 image with three input channels and four output channels.
(BOTTOM) Overlapping stride regions cause duplicated data in IM2COL
matrix.

is realized as duplicated broadcast cycles at the array periphery
[Fig. 1(b)] which may occur several clock cycles apart. In both
cases, this duplication and circuit overhead should be considered as
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Fig. 3. Essential phases (φ1V , φ1H , φ2) and corresponding circuit organization

a substantial factor in determining the energy efficiency and scalabil-
ity of convolution in-memory. Systolic-RAM is unique: rather than
duplicating data, required data is physically moved within the array.
Since the in-memory data bus scales with array size, the total vol-
ume of data moved in a single clock cycle scales proportionally with
array area and compensates for the required bandwidth. The Systolic-
RAM test chip presented may still operate using indirect convolution
and IM2COL. However, throughput and bandwidth are significantly
improved when the proposed data movement in-memory (φ1 phase)
is used [Fig. 1(e)].

II. CONVOLUTION AS MATRIX MULTIPLICATION

Multiply accumulate (MAC) operations are fundamental compo-
nent in artificial neural networks. The basic MAC operation involves
multiplying two values and adding the product to an accumulator.
Convolution is a unique process of data filtering which may be
applied over a variety of domains, both continuous and discrete [7].
While 1-D, 3-D, and even 4-D convolution have been shown to be
useful in machine learning [8] neural networks for image processing
necessitates convolution to be applied over the discrete 2-D spatial
domain. In discrete 2-D convolution, a 2-D kernel is translated over a
2-D input activation and incremental MAC products form each pixel
value in the output

Yx,y = K ∗ X =
D−1∑

i=0

D−1∑

j=0

Xx+i,y+j · Ki,j. (1)

This process provides location invariant feature detection unlike fully
connected layers which do not adopt the principle of a sliding weight.
For any given pixel at the output, a receptive field is formed as
a region of the input activation covered by the kernel’s finite span
(Fig. 2). Both the size of this receptive field and the total number of
MAC computations required for each output pixel are proportional
to the size of the 2-D kernel. When 2-D convolution is used in a
convolutional neural network (CNN), channels are also incorporated
to retain a greater amount of information between layers (2). This is
especially important as pooling layers repeatedly reduce the size of

the activation’s spatial domain

Yx,y,cout = K ∗ X

=
∑

cin

D−1∑

i=0

D−1∑

j=0

Xx+i,y+j,cin · Ki,j,cout,cin . (2)

Discrete convolution may be computed indirectly to be compatible
with graphics processing units (GPUs) and other custom accelera-
tor which support VMM. When indirect convolution is applied, the
operands (K and X) are transformed (into A and B) to be compatible
with general matrix-matrix multiplication

Yz,w = AB =
∑

m
az,m · bm,w. (3)

This involves flattening every receptive field into a single row of the
IM2COL matrix. In this way, data in overlapping stride regions will
be duplicated (Fig. 2). Thus, there is a need for future CIM systems
to efficiently reuse data.

III. SYSTOLIC-RAM OPERATION

Fundamentally, the test chip presented is a 25-by-8 multiplicative
digital-to-analog converter (MDAC) array positioned in the back-
end-of-line (BEOL) above a custom 200-by-64 bit static random
access memory (SRAM). Thus, each MDAC has access to the bit-line
data and an additional 64-bits of local memory [Fig. 3(d)]. Without
in-memory data movement, simple VMM can be performed using an
8-bit 25-element vector with a 25-by-7 matrix; this could represent a
blocked region of an FCN layer [9], or the dot product of the 5 × 5
kernel at seven unique rows of an IM2COL matrix. In both cases,
the array is significantly bandwidth limited.

A. Data Movement Phases

Systolic-RAM computes convolutions without data duplication by
recycling data between neighboring SRAM bit-cells. The process
consists of two alternating phases: 1) φ1 (data movement) and
2) φ2 (compute). Fig. 3(a) illustrates how adjacent stride-regions are
computed simultaneously. After computation, the vertical stride is
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Fig. 4. (TOP) Schematic for ring amplifier (BOTTOM) oscilloscope
waveform showing interleaving φ1 and φ2 phases and resulting CS MAC
output.

achieved in a φ1V phase by cycling data through buffered-6T (B6T)
bitcells to exchange K pixels from one stride location to the next
[Fig. 3(b)] while reusing K × (K −1) pixels from the previous com-
putation. When a horizontal kernel translation is required [Fig. 3(c)],
φ1H phase is used to insert new data from 8T bitcells into the
B6T datapath. Fig. 3(d) illustrates both these translations within the
B6T/8T cell structures.

This digital data movement allows Systolic-RAM to perform sev-
eral MAC products every clock cycle. Seven unique 5 × 5-pixel
regions of the input image are computed simultaneously for a total
of 175 operations per cycle (Ops/Cy). This corresponds to the seven
charge-share (CS) lines in Fig. 3(e). Total effective Ops/Cy varies
based on application. For example, configuring this design for a
ResNet layer (which requires padding for input/output sizes to be
identical) achieves a continuous 113 [Ops/Cy] (24 025 effective oper-
ations in 155 compute cycles + 56 digital write cycles) when
zero-padded for 31 × 31 input/output images. The design is scalable
such that additional groups of word lines provide additional parallel
computation.

B. Computation Phase

Analog MAC is achieved using MDAC capacitor-2capacitor (C2C)
structures positioned in the BEOL above the array. These structures
require no significant silicon-area overhead but are susceptible to
nonideal analog effects, such as noise, parasitic interference, and non-
linearity. In the φ2 (compute) phase, the kernel data is broadcast as an
analog differential bit-line voltage using ring amplifiers to modulate
all of the MDACs connected to the bit lines (Fig. 4). The MDAC’s
inputs are selectively switched to either bit-line based on the digital
data in the bitcells. The resulting output charge produced is propor-
tional to the product of signed 8-bit kernel and signed 8-bit input
data. While the differential analog datapath rejects common-mode
interference, parasitic capacitance in the MDAC results in significant
nonlinearity (Fig. 5). To mitigate this effect, 3-D parasitic extraction
is performed and notches in the MOM-CAP structure are adjusted at
design time to reduce input capacitances and improve the final output
linearity [10], [11]. In this way, linearity is achieved at the expense
of attenuation.

Fig. 5. (TOP) Circuit and layout for the BEOL C2C ladder MDAC.
(BOTTOM) Notches are tuned to improve linearity and several DACs are
combined to perform row-wise charge sharing.

Fig. 6. Test chips for (a) system-level and (b) isolated measurements.

IV. MEASURED RESULTS

Two test chips were fabricated to validate this work (Fig. 6).
The measured multiplication characteristics [Fig. 7(a)] demonstrate
a 74% reduction in worst-case DAC DNL with only 45% reduc-
tion in amplitude. Least squares regression was used to extract the
relative significance of each bit and clearly demonstrate the trade-
off between DAC linearity and attenuation [Fig. 7(b)]. Noise and
nonlinearity with respect to input and weight were modeled as a dif-
ferential convolution layers in Pytorch to match these characteristics.
A gradient-blocking technique for quantization was used for auto-
grad calculation and network retraining [12]. Pretrained ResNet-18
CNNs using float32 demonstrated 91.9% test accuracy on CIFAR-10
dataset [4], [13]. Immediately after 8-bit quantization, test accu-
racy was 90.3% using the calibrated MDAC and 81.6% with the
uncalibrated MDAC. After retraining for three epochs, test accuracy
recovered to 91.6% (0.3% below float32 baseline) with calibration
but only 86.2% for the uncalibrated MDAC [Fig. 7(c)]. The effect
of this nonlinearity on image quality is illustrated [Fig. 7(d)] and the
recorded nerual network mispredictions for each method are shown
[Fig. 7(e)].

SystolicRAM performs convolution at 14.4 bit-TOPS/W for 100
MHz, 1.1 V (Fig. 8). We found the largest contributor of power in
SystolicRAM to be the ring amplifier topology chosen since the φ1
reset (RST) phase requires the input and output of inverter-like struc-
tures to be shorted together (Fig. 4). Changing devices in this design
to have a high-threshold voltage (HVT) is estimated to yield a static
power reduction of 25× for digital elements (logic and bitcells) and
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Fig. 7. (a) and (b) Linearity improvement using DAC calibration. (c) Neural network retraining methods recover test accuracy when retraining with linear
calibrated DAC characteristics. (d) Effect of nonidealities on test image. (e) ResNet-18 mispredictions.

Fig. 8. Summary of system performance and detailed energy breakdown.

2× for analog components resulting in a projected FOM of 35.8
bit-TOPS/W. The proposed approach can improve data/energy effi-
ciency, bit-precision, and supported kernel size of VMM macros used
for convolution computations.

V. CONCLUSION

Systolic-RAM demonstrates the first in-memory direct convolu-
tion engine as an all-in-one approach to data-efficient convolution.
The O(K2) duplication required by previous methods is eliminated,
effectively reducing this system’s memory requirement by 25×.
Systolic-RAM makes good use of BEOL wiring for data movement
and signed analog computation, and demonstrates the importance
of DAC calibration to achieve good neural network test accuracy.
Unlike conventional CIM methods which solely perform computa-
tion, Systolic-RAM demonstrates the benefit for emerging memories
to support data movement to more efficiently match a data’s shape
to its algorithm.

ACKNOWLEDGMENT

The authors would like to thank TSMC for test chip fabrication.

REFERENCES

[1] T.-J. Yang and V. Sze, “Design considerations for efficient deep neu-
ral networks on processing-in-memory accelerators,” in Proc. IEEE Int.
Electron Devices Meeting (IEDM), 2019, pp. 22.1.1–22.1.4.

[2] M. Cho and D. Brand, “MEC: Memory-efficient convolution for deep
neural network,” in Proc. Int. Conf. Mach. Learn., 2017, pp. 815–824.

[3] M. Dukhan, “Indirect deconvolution algorithm,” in Proc. IEEE
Int. Parallel Distrib. Process. Symp. Workshops (IPDPSW), Los
Alamitos, CA, USA, May 2020, pp. 922–926. [Online]. Available:
https://doi.ieeecomputersociety.org/10.1109/IPDPSW50202.2020.00154

[4] A. Paszke et al., “Automatic differentiation in PyTorch,” in
Proc. NIPS Workshop Autodiff, 2017, pp. 1–4. [Online]. Available:
https://openreview.net/forum?id=BJJsrmfCZ

[5] A. Biswas and A. P. Chandrakasan, “CONV-SRAM: An energy-efficient
SRAM with in-memory dot-product computation for low-power convo-
lutional neural networks,” IEEE J. Solid-State Circuits, vol. 54, no. 1,
pp. 217–230, Jan. 2019.

[6] J. Zhang, F. Franchetti, and T. M. Low, “High performance zero-memory
overhead direct convolutions,” in Proc. ICML, 2018, pp. 1–10.

[7] D. R. Fannin, R. E. Ziemer, and W. H. Tranter, Signals and Systems:
Continuous and Discrete. Harlow, U.K.: Pearson, 1998.

[8] C. Choy, J. Gwak, and S. Savarese, “4D spatio-temporal ConvNets:
Minkowski convolutional neural networks,” in Proc. IEEE/CVF Conf.
Comput. Vis. Pattern Recognit. (CVPR), 2019, pp. 3070–3079.

[9] P. Labini, M. Bernaschi, F. Silvestri, and F. Vella, “Blocking techniques
for sparse matrix multiplication on tensor accelerators,” Feb. 2022,
arXiv:2202.05868.

[10] H. Balasubramaniam, W. Galjan, W. H. Krautschneider, and
H. Neubauer, “12-bit hybrid C2C DAC based SAR ADC with float-
ing voltage shield,” in Proc. 3rd Int. Conf. Signals Circuits Syst. (SCS),
2009, pp. 1–5.

[11] P. Harpe, “A 0.0013mm2 10b 10MS/s SAR ADC with a 0.0048mm2
42dB-rejection passive FIR filter,” in Proc. IEEE Custom Integr. Circuits
Conf. (CICC), 2018, pp. 1–4.

[12] C. N. Coelho et al., “Automatic heterogeneous quantization of deep neu-
ral networks for low-latency inference on the edge for particle detectors,”
Nat. Mach. Learn., vol. 3, pp. 675–686, Jun. 2021.

[13] A. Krizhevsky, V. Nair, and G. Hinton. “CIFAR-10.” [Online].
Available: http://www.cs.toronto.edu/ kriz/cifar.html (Accessed:
Jul. 2021).

Authorized licensed use limited to: University of Texas at Austin. Downloaded on June 28,2022 at 14:43:34 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /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
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Helvetica
    /Helvetica-Bold
    /HelveticaBolditalic-BoldOblique
    /Helvetica-BoldOblique
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryITCbyBT-MediumItal
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /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 false
  /GrayImageDownsampleType /Average
  /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 false
  /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 <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /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 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /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 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


