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Abstract—Reducing the precision in post-training quantization
can cause catastrophic accuracy loss in Deep Neural Networks,
especially when compressing the activations. To address this prob-
lem, we present a novel adaptive-precision quantization (APQ) and
accelerator design that achieves lossless activation compression by
exploiting the inherent coding redundancy. Compared to existing
APQ methods, this design can be generalized to implement
asymmetric quantization, making it particularly suitable for acti-
vations. The accelerator offers a practical solution to mitigate the
computational workload imbalance problem incurred by variable
precision. A dual-precision quantization scheme further provides
the flexibility to trade off accuracy and performance.

I. INTRODUCTION

Post-training quantization (PTQ) avoids expensive training

processes and is effective in accelerating Deep Neural Networks

(DNNs) [1]–[6]. Since quantizer capacity decreases expo-

nentially as precision reduces, adaptive-precision quantization

(APQ) leverages the coding redundancy in binary representa-

tions to reduce bit-width without sacrificing resolution [7]–[10].

From an information theory perspective, we argue that APQ is

better suited for activations than for weights, as activations’

pronounced long-tailed distributions lead to greater exploitable

redundancy in quantized values, as evidenced by the Shannon

entropy in Fig. 1. In addition, this factor makes activations less

robust to aggressive PTQ [11]–[13], further motivating APQ as

an alternative. However, since APQ only reduces bit-width for

near-zero values, it is more effective for symmetric quantization

(SQ) than for the asymmetric variant (AQ), as illustrated in

Fig. 2(a)-(b). Consequently, it fails to account for the prevalent

asymmetry in activations and the coding space is unnecessarily

wasted [14]–[16]. Moreover, the APQ of activations incurs

varying and imbalanced computational workloads, making it

challenging to harvest the theoretical performance gain.

Fig. 1. Layer-wise Shannon Entropy of 8-bit ResNet18, ViT-Base, and Bert.

To bridge this gap, we present a novel PTQ and accelerator

design, aiming to Harness Adaptive-Precision (HAP) for DNN

inference. HAP adopts 8-bit AQ for activations and employs

a novel APQ method, dynamic asymmetric re-quantization

(DAR), for compression. DAR circumvents the limitations
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Fig. 2. Applying APQ to a data group sampled from an asymmetric distribu-
tion. In the scenarios of: (a) SQ; (b) AQ; (c) AQ + DAR.

of existing APQs with a group-wise dynamic zero-point and

adopts an intra-channel grouping strategy to further exploit

value locality. Based on DAR, we design an efficient bit-serial

accelerator that balances workloads by reordering activation

groups. For weights, HAP provides a dual-precision vulnerable

channel protection scheme (VCP) to support 4- and 8-bit

PTQ while preserving the flexibility to trade off accuracy and

performance. Experiments demonstrate superior accuracies on

typical DNNs and a 2.55× speedup over existing accelerators.

II. METHODOLOGY

A. DAR: Dynamic Asymmetric Re-quantization
AQ maps a variable x from an interval [xlb, xub] into [0, 2B−

1] and rounds (�·�) it to a B-bit integer q,

q = clip(� x
Δ
�+ Z; 0, 2B − 1), (1)

where Δ = xub−xlb

2B−1
is the scaling factor, the zero-point Z =

−�xlb

Δ � is the output when x ≈ 0, and clip(q;α, β) further

limits q to the nearest boundary if it exceeds [α, β]. Due to the

presence of Z, near-zero values are mapped to integers with

large magnitudes, thus reducing the effectiveness of APQ. To

address this, we subtract the minimum from each quantized data

group [qglb, qgub] (i.e. q̃ = q− qglb) to shift it to [0, qgub− qglb]
with smaller magnitudes, such that the bit-width of q̃ can be

reduced to B̃ = �log2(qgub−qglb+1)�. Essentially, this method

incurs an extra per-group dynamic zero-point (DZP) Z̃ = qglb,

q̃ = q − Z̃ = clip(� x
Δ
�+ Z − Z̃; 0, 2B̃ − 1). (2)

In practice, as some layers naturally satisfy Z ≈ 0, we

enable DZP based on profiling. Moreover, as there exists value

locality within activation channels [1]–[3], we adopt an intra-

channel grouping strategy (Fig. 3(a)). Fig. 4 profiles the average

precision of DAR on DNNs. The group size GS is set to 16,

which leads to an average precision of 4.5 bits.
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Fig. 3. Illustrative examples with M = GS = 4, N = 3, K = 6, L = 2, and Ba = 4. (a) Intra-channel DAR; (b) Outer-product Reordering Dataflow; (c)
partial result aggregation; (d) compile-time VC clustering and orthogonal permutation; (e) Pareto-based weight channel evaluation and ranking.

Fig. 4. Average precision for DAR, under different settings of grouping
strategies (intra-channel or inter-channel) and group sizes.

B. GEMM Accelerator Based on DAR

Based on DAR, we design an accelerator to process the

General Matrix Multiplications (GEMMs) in DNNs (Fig. 3(a)-

(c)). Particularly, we consider a GEMM tile with an activation

matrix A ∈ R
M×K and a weight matrix W ∈ R

K×N , where

M = GS. In this case, A can be decomposed into three

components: a matrix with variable precisions in the columns, a

DZP vector, and a static zero-point. Assuming SQ for weights,

the quantized dot-product can be formulated as

yi,j ≈ ΔaΔw
K−1∑

k=0

(q̃ai,k + Z̃a
k − Za)qwk,j

= ΔaΔw(PA + PD + PS),

(3)

where the superscripts a and w indicate activations and weights,

PA =

K−1∑

k=0

q̃ai,kq
w
k,j , PD =

K−1∑

k=0

Z̃a
kq

w
k,j , PS = −Za

K−1∑

k=0

qwk,j .

We focus on PA and PD, as PS can be pre-computed.

Based on the output-stationary dataflow in [9], we propose

outer-product reordering dataflow (ORD) to efficiently process

PA. Essentially, we fold both matrices into K/L iterations to

concurrently process L pairs of outer-products on a M×N bit-

serial processing engine (PE) array, where we empirically set

M = 16, N = 32, and L = 16. Subsequently, ORD matches

the precision of the L activation columns to reduce the waiting

time for the heaviest workload, which is achieved by permuting

the outer-product pairs within each folded sub-matrix (Fig.

3(b)). We implement ORD as a cache-like reorder engine that

accesses data via permuted addresses. A major challenge is that

the matching conditions become more stringent as L increases.

Fortunately, we find that applying relaxation to the match

conditions can effectively mitigate this problem.

To reuse the PE array for PD, the DZP vector is decomposed

bit-wise and expanded as a bit matrix. In our assumptions, M
is a multiple of Ba. Hence, we map M/Ba DZP vectors onto

the array in each execution. After computation, the additional

aggregation paths between every Ba PEs in a column enable the

summation of the partial results with logarithmic complexity.

TABLE I
ACCURACY (%) & PERPLEXITY (FOR OPT-1.3B)

Prec. (W/A) 8/8 4/8 8/4 5/5 4.6/4∼ 5.6/4∼
CNNs SQuant [17] HAP+SQuant

ResNet18 ↑ 69.65 68.49 63.41 68.09 68.84 69.21
VGG19 ↑ 74.16 73.61 69.22 72.95 73.91 74.09

ViTs NoisyQuant [12] HAP

ViT-B ↑ 84.31 81.62 72.42 79.04 82.98 83.47
Deit-S ↑ 79.24 76.50 48.32 61.05 78.26 78.84

NLP Models SmoothQuant [11] HAP

Bert-Base ↑ 84.62 83.82 73.92 75.31 84.65 84.74
OPT-1.3B ↓ 16.77 230.58 1243.69 55.14 25.85 18.84

Fig. 5. Performance comparisons (normalized to Stripes [18]).

C. VCP: Vulnerable Channel Protection
HAP targets 4-bit PTQ for weights, while enhancing accu-

racy by upgrading potentially vulnerable output-channels (VCs)

to 8 bits. In hardware, an 8-bit operand is processed as two

serial 4-bit ones. To keep weight precision consistent across the

PEs, similar to [10], we limit the number of VCs to a multiple

of the array column count N , and cluster them at compile-time.

To ensure correctness in subsequent computations, this effect

is counteracted by an orthogonal permutation of the weight

matrix in the next layer. Such an operation is applicable in most

DNN layers that follow one-path structures. A few exceptional

cases, including Query–Key–Value projections and residual

connections, are additionally handled by constraints and explicit

permutations. Since there is no unified vulnerability metric, we

employ a Pareto-based multi-metric evaluation (MSE and KL-

Divergence) to empirically rank and identify VCs.

III. EXPERIMENTS

Accuracy. Table I compares the accuracy with recent PTQ solu-

tions [11], [12], [17] on a variety of DNN benchmarks: CNNs

and ViTs on ImageNet-1K, Bert-Base on GLUE-MNLI, and

OPT-1.3B on WikiText-2. HAP maintains activations in 8-bit

precision and leverages APQ for compression, thus preserving

most of the accuracy. VCP further enhances 4-bit quantization,

leading to superior accuracy results at 4 or 5 bits.

Performance. Fig. 5 illustrates the performance comparisons

with three bit-serial accelerators, Stripes [18], ShapeShifter [7],

and BitWave [9], based on a customized cycle-accurate simula-

tor. HAP achieves an average speedup of 1.60× (HAP W8.0),

2.16× (HAP W5.6), and 2.55× (HAP W4.6), respectively.



REFERENCES

[1] E. Yvinec, A. Dapogny, M. Cord, and K. Bailly, “Spiq: Data-free per-
channel static input quantization,” in Proceedings of the IEEE/CVF Winter
Conference on Applications of Computer Vision (WACV), January 2023,
pp. 3869–3878.

[2] J. Moon, D. Kim, J. Cheon, and B. Ham, “Instance-aware group quantiza-
tion for vision transformers,” in Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR), June 2024, pp.
16 132–16 141.

[3] C. Xue, C. Zhang, X. Jiang, Z. Gao, Y. Lin, and G. Sun, “Oltron:
Algorithm-hardware co-design for outlier-aware quantization of llms
with inter-/intra-layer adaptation,” in Proceedings of the 61st ACM/IEEE
Design Automation Conference, ser. DAC ’24. New York, NY,
USA: Association for Computing Machinery, 2024. [Online]. Available:
https://doi.org/10.1145/3649329.3656221

[4] X. Geng, S. Liu, J. Jiang, K. Jiang, and H. Jiang, “Compact powers-of-
two: An efficient non-uniform quantization for deep neural networks,”
in 2024 Design, Automation & Test in Europe Conference & Exhibition
(DATE), 2024, pp. 1–6.

[5] C. Guo, C. Zhang, J. Leng, Z. Liu, F. Yang, Y. Liu, M. Guo, and Y. Zhu,
“Ant: Exploiting adaptive numerical data type for low-bit deep neural
network quantization,” in 2022 55th IEEE/ACM International Symposium
on Microarchitecture (MICRO), 2022, pp. 1414–1433.

[6] C. Guo, J. Tang, W. Hu, J. Leng, C. Zhang, F. Yang, Y. Liu,
M. Guo, and Y. Zhu, “Olive: Accelerating large language models via
hardware-friendly outlier-victim pair quantization,” in Proceedings of the
50th Annual International Symposium on Computer Architecture, ser.
ISCA ’23. New York, NY, USA: Association for Computing Machinery,
2023. [Online]. Available: https://doi.org/10.1145/3579371.3589038

[7] A. D. Lascorz, S. Sharify, I. Edo, D. M. Stuart, O. M. Awad, P. Judd,
M. Mahmoud, M. Nikolic, K. Siu, Z. Poulos, and A. Moshovos,
“Shapeshifter: Enabling fine-grain data width adaptation in deep
learning,” in Proceedings of the 52nd Annual IEEE/ACM International
Symposium on Microarchitecture, ser. MICRO ’52. New York, NY,
USA: Association for Computing Machinery, 2019, p. 28–41. [Online].
Available: https://doi.org/10.1145/3352460.3358295

[8] L. Liu, Z. Xu, Y. He, Y. Wang, H. Li, X. Li, and Y. Han,
“Drift: Leveraging distribution-based dynamic precision quantization
for efficient deep neural network acceleration,” in Proceedings of the
61st ACM/IEEE Design Automation Conference, ser. DAC ’24. New
York, NY, USA: Association for Computing Machinery, 2024. [Online].
Available: https://doi.org/10.1145/3649329.3655986

[9] M. Shi, V. Jain, A. Joseph, M. Meijer, and M. Verhelst, “Bitwave:
Exploiting column-based bit-level sparsity for deep learning acceleration,”
in 2024 IEEE International Symposium on High-Performance Computer
Architecture (HPCA), 2024, pp. 732–746.

[10] Y. Chen, J. Meng, J.-s. Seo, and M. S. Abdelfattah, “Bbs: Bi-directional
bit-level sparsity for deep learning acceleration,” in 2024 57th IEEE/ACM
International Symposium on Microarchitecture (MICRO), 2024, pp. 551–
564.

[11] G. Xiao, J. Lin, M. Seznec, H. Wu, J. Demouth, and S. Han,
“SmoothQuant: Accurate and efficient post-training quantization for
large language models,” in Proceedings of the 40th International
Conference on Machine Learning, ser. Proceedings of Machine Learning
Research, A. Krause, E. Brunskill, K. Cho, B. Engelhardt, S. Sabato, and
J. Scarlett, Eds., vol. 202. PMLR, 23–29 Jul 2023, pp. 38 087–38 099.
[Online]. Available: https://proceedings.mlr.press/v202/xiao23c.html

[12] Y. Liu, H. Yang, Z. Dong, K. Keutzer, L. Du, and S. Zhang, “Noisyquant:
Noisy bias-enhanced post-training activation quantization for vision trans-
formers,” in Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR), June 2023, pp. 20 321–20 330.

[13] J. Lin, J. Tang, H. Tang, S. Yang, W.-M. Chen, W.-C. Wang, G. Xiao,
X. Dang, C. Gan, and S. Han, “Awq: Activation-aware weight quantiza-
tion for on-device llm compression and acceleration,” in Proceedings of
Machine Learning and Systems, P. Gibbons, G. Pekhimenko, and C. D.
Sa, Eds., vol. 6, 2024, pp. 87–100.

[14] D. Kam, M. Yun, S. Yoo, S. Hong, Z. Zhang, and Y. Lee, “Panacea: Novel
dnn accelerator using accuracy-preserving asymmetric quantization and
energy-saving bit-slice sparsity,” in 2025 IEEE International Symposium
on High Performance Computer Architecture (HPCA), 2025, pp. 701–
715.

[15] X. Geng, S. Liu, L. Liu, J. Han, and H. Jiang, “Quq: Quadruplet uniform
quantization for efficient vision transformer inference,” in Proceedings
of the 61st ACM/IEEE Design Automation Conference, ser. DAC ’24.

New York, NY, USA: Association for Computing Machinery, 2024.
[Online]. Available: https://doi.org/10.1145/3649329.3656516

[16] Y. Chen, A. F. AbouElhamayed, X. Dai, Y. Wang, M. Andronic, G. A.
Constantinides, and M. S. Abdelfattah, “Bitmod: Bit-serial mixture-of-
datatype llm acceleration,” in 2025 IEEE International Symposium on
High Performance Computer Architecture (HPCA), 2025, pp. 1082–1097.

[17] C. Guo, Y. Qiu, J. Leng, X. Gao, C. Zhang, Y. Liu, F. Yang,
Y. Zhu, and M. Guo, “SQuant: On-the-fly data-free quantization
via diagonal hessian approximation,” in International Conference on
Learning Representations, 2022. [Online]. Available: https://openreview.
net/forum?id=JXhROKNZzOc

[18] P. Judd, J. Albericio, T. Hetherington, T. M. Aamodt, and A. Moshovos,
“Stripes: Bit-serial deep neural network computing,” in 2016 49th Annual
IEEE/ACM International Symposium on Microarchitecture (MICRO),
2016, pp. 1–12.


	Select a link below
	Return to Previous View
	Return to Main Menu



<<
  /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 1.7
  /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
    /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
    /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
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /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 <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


