A. Appendix - Implementation

A.1. Concurrent Inference with Dynamic Loading

The proposed MOVD tackles the challenge of limited de-
vice memory in text-to-video generation, which restricts the
on-device inference of large diffusion-based models, by in-
troducing Concurrent Inference with Dynamic Loading (CI-
DL), which partitions models and executes them in a con-
current and dynamic manner.

Concurrent Inference. The model components of Open-
Sora [69], i.e., STDIT [69] and T5 [39], easily exceed the
available memory of many mobile devices, e.g., 3.3 GB
RAM of iPhone 15 Pro, as shown in Fig. 3. Given that
the Transformer architecture [57], which is the backbone
for both T5 [39] and STDIT [69], we partition these models
into smaller blocks (segments) and load them into memory
accordingly for model inference.

To execute video model inference using the model parti-
tioning, each block must be loaded onto memory sequen-
tially before execution, increasing the overall latency of
video generation by incurring block loading time. Fig. 10-
(a) shows the sequential block load and inference cycle of
STDiT [69], where GPU remains idle intermittently, wait-
ing for each block to be loaded into memory, and only be-
gins execution after the loading is complete. This sequential
loading and execution process significantly increases the
overall latency of model inference.
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Figure 10. The block loading and inference cycles for (a) sequen-
tial loading and inference, and (b) concurrent inference.

To minimize the increase in model inference latency
caused by sequential block loading and execution, we pro-
pose Concurrent Inference, which leverages both the CPU
and GPU for parallel block loading and execution; CPU
loads the (¢ + 1)th block, while GPU concurrently exe-
cutes the ith block. Initially, the first and second blocks are
loaded into memory concurrently, with the first block com-
pleting its loading first. Subsequently, the inference of the
first block and the loading of the second block occur simul-
taneously. This process continues such that the inference of
the ith block and the loading of the (¢ + 1)th block over-
lap, ensuring continuous parallelism until the final block.
Fig. 10-(b) depicts the load and inference cycle of STDiT
with Concurrent Inference, which shows that GPU is active
without almost no idle time by performing block loading
and inference in parallel.

Given the number of model blocks b, block loading la-
tency /, and inference latency of block e, the latency reduc-
tion r achieved through Concurrent Inference is given by:

r=>b-min(l,e) — « 8)

where « is the overhead caused by the block loading.

Given the large number of denoising steps performed by
STDiT, which is partitioned into multiple blocks for execu-
tion, similar to T5 [39], the number of blocks b is expected
to be large, leading to a significant reduction in latency. It
is expected to accelerate the overall model inference effec-
tively regardless of the device’s memory capacity. When the
available memory is limited, then b increases, while with
larger memory, both [ and e increase. In either case, it can
result in an almost constant latency reduction r in Eq. (8).
Dynamic Loading. To further enhance the model inference
latency, we propose Dynamic Loading, which is applied in
conjunction with Concurrent Inference. It maintains a sub-
set of model blocks in memory without unloading them,
with the selection for the subset of blocks to be retained
in memory dynamically determined based on the device’s
available memory at runtime.

The available memory of the device can vary at runtime
based on the system status and configurations of applica-
tions running on the mobile device. By retaining a subset of
model blocks in memory, the overhead of reloading these
blocks during subsequent steps of Concurrent Inference can
be eliminated, enabling reductions in model inference la-
tency. To achieve this, we measure the device’s run-time
memory capacity and the memory required for inferring a
single model block during the initial step of Concurrent In-
ference. Next, the memory allocated for retaining certain
model blocks is dynamically determined as the difference
between the available memory and the memory required for
inferring a model block. Then, a series of model blocks that
fit within this allocated memory is loaded in a retained state.

Fig. 11 depicts Dynamic Loading; the first four model
blocks are loaded in a retrained state. Unlike other blocks,
e.g., the 5th block, these blocks are not unloaded to memory
after the initial step, reducing block loading overhead.
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Figure 11. The block loading and inference cycle for Dynamic
Loading applied with Concurrent Inference.

Applying Dynamic Loading, the latency reduction 7 in
Eq. (8) for Concurrent Inference is updated as:
r=>b-min(l,e) + d- max(0,l —e) —a- (1 —d/b) (9)

where d is the number of blocks maintained in memory. As
the number of model blocks retained in memory increases



Temporal Qualityt Frame-Wise Qualityf Qualit
Category Method Subject Background Temporal Motion Dynamic Aesthetic Imaging ScoreTy
Consistency Consistency Flickering Smoothness Degree Quality Quality
Animal Open-Sora 0.97 0.98 0.99 0.99 0.15 0.51 0.56 0.79
Open-Sora (MOVD) 0.95 0.97 0.99 0.99 0.28 0.48 0.55 0.79
. Open-Sora 0.99 0.98 0.99 0.99 0.05 0.53 0.60 0.78
Architecture
Open-Sora (MOVD) 0.98 0.98 0.99 0.99 0.12 0.49 0.56 0.78
Food Open-Sora 0.97 0.97 0.99 0.99 0.26 0.52 0.60 0.81
Open-Sora (MOVD) 0.95 0.97 0.99 0.99 0.38 0.48 0.53 0.81
Human Open-Sora 0.96 0.97 0.99 0.99 0.38 0.48 0.57 0.81
Open-Sora (MOVD) 0.96 0.96 0.99 0.99 0.43 0.48 0.55 0.82
Lifestvle Open-Sora 0.97 0.97 0.99 0.99 0.23 0.45 0.56 0.79
S Open-Sora (MOVD) 0.96 0.97 0.99 0.99 0.25 0.45 0.53 0.78
Plant Open-Sora 0.98 0.98 0.99 0.99 0.15 0.50 0.58 0.79
Open-Sora (MOVD) 0.97 0.98 0.99 0.99 0.16 0.46 0.55 0.78
Scener Open-Sora 0.98 0.98 0.99 0.99 0.10 0.50 0.50 0.77
Y Open-Sora (MOVD) 0.97 0.98 0.99 0.99 0.17 0.48 0.47 0.77
Vehicles Open-Sora 0.97 0.97 0.99 0.99 0.37 0.48 0.54 0.81
Open-Sora (MOVD) 0.94 0.96 0.98 0.99 0.44 0.47 0.49 0.80
Table 6. The VBench [23] evaluation by category: 68 frames, 256x256 resolution.
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Figure 12. A visual comparison of the VBench [23] performance between Mobile-Oriented Video Diffusion and Open-Sora [69].

(i.e., a larger d), the overhead of loading unloading blocks
is further minimized, fully accelerating the overall model
inference under the device’s run-time memory constraints.
Dynamically keeping some model blocks in memory with a
retrained state is particularly advantageous for STDiT [69]
that is iteratively executed for denoising steps, which entails
loading and reusing the same blocks for each step.

B. Appendix - Additional Experiments

B.1. Video Generation Performance

In Sec. 7.1, we evaluate the quality of videos generated
on an iPhone 15 Pro [1] and compare them to videos pro-
duced by Open-Sora running on NVIDIA A6000 GPUs us-
ing VBench [23] as the evaluation benchmark. The evalua-
tion is conducted on 68-frame videos at 256x256 resolution,
using text prompts provided by VBench [23], consisting of
100 examples each across eight categories: animals, archi-
tecture, food, humans, lifestyle, plants, scenery, and vehi-
cles. Tab. 6 and Fig. 12 present the comprehensive compar-
ison of generated videos on all categories.

B.2. Concurrent Inference with Dynamic Loading

Fig. 13-(b) illustrates the model block loading and inference
cycles of STDIiT [69] when applying the proposed Con-

current Inference (Sec. A.l), whereas Fig. 13-(a) depicts
the case without its application. It can be observed that,
with Concurrent Inference, the GPU executes each model
block for inference without almost no idle time in paral-
lel with the model block loading, indicated by the overlap
between the red (loading) and black (inference) boxes in
Fig. 13-(b), resulting in a block inference latency reduction
from 29s to 23s. In contrast, without Concurrent Inference,
each model block inference is executed only after the corre-
sponding block is fully loaded to memory, indicated by the
lack of overlap between the red (loading) and black (infer-
ence) boxes in Fig. 13-(a). Consequently, the total latency
of the full denoising process using multiple executions of
STDiT [69] is reduced by approximately 25%, decreasing
from 1,000 to 750 seconds for 30 denoising steps. Given
that STDiT is executed multiple times to perform numer-
ous denoising steps, it significantly accelerates the STDiT’s
overall inference. In addition, when applied with Dynamic
Loading (Sec. A.1), it achieves an additional average speed
improvement of 17 seconds as reloading is not required for
certain model blocks that are retained in memory, provided
in Eq. (9).

Fig. 14 shows the case of T5 [39]. Unlike STDiT, which
exhibits similar latencies for both block loading and infer-
ence execution, TS exhibits a much longer block loading la-



(a) Sequential Loading and Inference

67s 29s | 23s | 24s | 24s| 29s | 28s 28s | 28s ses

(b) Concurrent Inference

63s 255 195 24s | 235[234255 24s | 24s 24s | 24s| 255 | 255 25sens

e e et

[ Load [ Inference
Figure 13. The block loading and inference cycles of STDiT [69]
without (a) and with (b) Concurrent Inference. The red box rep-
resents the loading cycle, while the black box indicates the model
block inference on the iPhone 15 Pro’s GPU.
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Figure 14. The block loading and inference cycles of T5 [39] with-
out (a) and with (b) Concurrent Inference.

tency relative to inference latency. Consequently, the over-
lap between the model loading and inference is minimal,
as shown by the small region of overlap between the red
(loading) and black (inference) boxes. As a result, the la-
tency improvement is expected to be less substantial, as in
Eq. (8). Nevertheless, the inference latency is reduced from
164 to an average of 137 seconds, achieving a reduction
of 16%. This result implies the effectiveness of concurrent
loading and inference, even in cases when there is an im-
balance between the latencies of model block loading and
inference.

B.3. Impact of LPL and TDTM: Ablation Studies
on Larger Text-to-Video Models

The primary constraint for applying Linear Proportional
Leap (LPL) is that the diffusion model must be a flow-
matching—based model trained with a rectified flow tar-
get [33]. Since Pyramidal Flow [24], one of the state-of-
the-art open-source video generative models, satisfies this
condition, we conduct experiments on it.

In a manner similar to Open-Sora [69] with Rectified
Flow [33], Pyramidal Flow consistently demonstrates a high
degree of straightness in its generation process following
the initial generation unit (as illustrated in Fig. 17). As
demonstrated in Tab. 7, the application of LPL during gen-
eration reduces the overall generation time by almost 38%,
decreasing from 264.60 seconds to 165.15 seconds. No-
tably, Pyramidal Flow employs a cascading model proce-
dure in which subtle variances are treated as noise to be
subsequently denoised. Since these variances become neg-
ligible in the final output, Linear Proportional Leap is par-
ticularly well-suited to this architecture. Our experiments

involving multiple prompts (as shown in Fig. 15) confirm
that removing nearly half of the total denoising steps does
not compromise performance while preserving both visual
quality and temporal consistency. Furthermore, we observe
that additional steps at later units can also be omitted due
to the high straightness of Pyramidal Flow. Future work
will further investigate this phenomenon by exploring the
compatibility of flow-based models with the current LPL
algorithm, developing the algorithm to be more compatible
with other types of models.

A key requirement for applying TDTM is that the
model’s attention mechanism must operate over a multi-
ple temporal dimension. HunyuanVideo [26] is an open-
source text-to-video generative model that meets the neces-
sary conditions for both TDTM and LPL. Similar to Open-
Sora [69], experimental results demonstrating the effective-
ness of TDTM and LPL on HunyuanVideo are presented
in Tab. 7 and Fig. 16. Applying TDTM to only half of the
DIT steps results in a 1.48 x speed-up. Likewise, using LPL.
to reduce the total number of steps by half yields a 1.83x
speed-up. Most notably, when both TDTM and LPL are
combined—reducing the steps from 50 to 25 via LPL and
applying TDTM to 12 of those steps—a maximum speed-
up of 2.56x can be achieved.

Models Time (s) | Resolution | DiT Steps | Speedup
Pyramidal Flow - 2B 262.03 | 1280 x 768 270 1.00x
Pyramidal Flow - 2B - LPL (2) 165.15 1280 x 768 159 1.59x
Pyramidal Flow - 2B 48.88| 640 x 384 270 1.00x
Pyramidal Flow - 2B - LPL (2) 30.54 | 640 x 384 159 1.60x
HunyuanVideo - 13.2B 2434.64 | 544 x 960 50 1.00x
HunyuanVideo - 13.2B - TDTM 1644.94 | 544 x 960 50 1.48x
HunyuanVideo - 13.2B - LPL (2) 1325.08 | 544 x 960 50 1.83%
HunyuanVideo - 13.2B - TDTM + LPL (2) | 952.34| 544 x 960 50 2.56x

Table 7. Ablation study conducted on Pyramidal Flow [24] based
on the miniFLUX [27] architecture and HunyuanVideo [26]. ‘DiT
steps’ represent the total number of DiT forward computations re-
quired for the denoising process. Speedups are measured relative
to the corresponding model, with execution time computed as the
average of three independent runs. Notably, LPL and TDTM
does not degrade video quality, even when using nearly half
of its total steps.

B.4. Comparison and Combination with Acceler-
ated Attention Methodology

In this section, we compare and combine our methods (LPL,
TDTM) with a fine-tuned Sliding Tile Attention (STA).
Experiments on HunyuanVideo [26] employed the current
STA implementation [64], and the results are reported in
Tab. 8. As the STA implementation currently supports only
H100 GPUs, all experiments in this section were conducted
on an H100 at a resolution of 1280x768. Individually,
LPL and TDTM each reduce denoising wall-clock time rel-
ative to the naive baseline, although their improvements
are smaller than those achieved by STA. When combined
(LPL+TDTM), however, they yield shorter wall-clock times
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Prompt: “A movie trailer featuring the adventures of a 30-year-old spaceman wearing a red wool-knitted motorcycle helmet, blue sky, salt
desert, cinematic style, shot on 35mm film, vivid colors.”

Prompt: “A green-eyed woman with auburn hair and a mysterious smile, wearing a flowing red dress.”

Figure 15. Videos generated using naive Pyramidal Flow [24] (top) and Pyramidal Flow with the proposed Linear Proportional Leap
(bottom) under identical prompts. Linear Proportional Leap (LPL) reduces the total number of denoising steps by nearly half (i.e., from
270 to 159), while maintaining video generation results that are highly comparable to those achieved using the full set of denoising steps
and preserving most details.

L . . TDTM LPL - . . TDTM (12/25) Sliding Tile Attention
Combination/Time Naive (25/50) (25/50) Sliding Tile Attention + LPL(25/50) + TDTM(12/25) + LPL(25/50)
Pure Denoising Loop Time 1653 +0.00s 1073 £ 1.15s 863 +0.00s 699 + 0.00s 585 £0.58s 352 +0.00s
End-To-End Time 1699.04 + 0.33s 1122.53 +£3.32s 902.30 +0.35s 738.21 +£0.09s 623.83 £0.42s 389.72 £ 0.05s

Table 8. Evaluation of computation time with Sliding Tile Attention (STA) on HunyuanVideo.

than STA (699 s vs. 585 s). Specifically, LPL reduces application results in clear synergy, producing a substan-
the number of denoising steps, TDTM decreases the num- tial reduction in denoising wall-clock time (Naive: 1653 s;
ber of tokens processed by attention, and STA accelerates Combined: 352 s).

attention computation. Because these optimizations target

different stages of the pipeline without conflict, their joint



Prompt: “A cat walks on the grass, realistic style.”

Prompt: “Close-up, A little girl wearing a red hoodie in winter running toward camera.”

Figure 16. Videos generated using HunyuanVideo [26] with Temporal Dimension Token Merging (TDTM) in the upper row and with the
proposed Linear Proportional Leap (LPL) in the lower row. LPL reduces the number of denoising steps by nearly half (from 50 to 25), and
TDTM halves the input size of the attention mechanism, while preserving most of the visual details and overall video quality.
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Figure 17. Cosine similarities between adjacent drifts estimated
by Pyramidal Flow [24] at each stage. (a) and (b) show cosine
similarities computed at the first and last units, respectively. The
values approach 1.0 at the last unit across all stages. Computations
follow the experimental settings in [24], using 20 denoising steps
in (a) and 10 in (b).

C. Appendix - Discussions and Limitations

Latency Improvement. Although MOVD enables efficient
video generation, the generation latency remains higher
compared to utilizing high-end GPUs; it requires several
minutes to generate a video, whereas an NVIDIA A6000
GPU takes one minute. This discrepancy is evident due
to the substantial disparity in computational resources be-
tween them. For instance, the iPhone 15 Pro’s GPU fea-
tures up to 2.15 TFLOPS with 3.3 GB of available memory,
compared to the NVIDIA A6000, which offers up to 309
TFLOPS and 48 GB of memory. Despite this significant re-
source gap, MOVD achieves exceptional efficiency in video
generation. Currently, it utilizes only the iPhone 15 Pro’s
GPU. We anticipate that the latency could be significantly
enhanced if it can leverage NPU (Neural Processing Unit),
e.g., the iPhone 15 Pro’s Neural Engine [1], which deliv-
ers a peak performance of 35 TOPS. However, the current
limitations in Apple’s software and SDK support for state-
of-the-art diffusion-based models [69] make the iPhone’s
NPU challenging to utilize effectively. We look forward to
the development of software support for NPUs and leave the
exploration of this for future work. Also, we plan to inves-

tigate the potential of NPUs on a variety of mobile devices,
such as Android smartphones.

Model Optimization. In MOVD, only T5 [39] is quan-
tized to int8, reducing its size from 18 GB to 4.64 GB,
while STDIT [69] and VAE [12] are executed with float32
due to their performance susceptibility, which has a sig-
nificant impact on video quality. Additionally, we do not
apply pruning [40] or knowledge distillation [16], as these
methods also drop visual fidelity. In particular, we observe
that naively shrinking STDiT [69] leads to significant vi-
sual loss, caused by iterative denoising steps, where errors
propagate and accumulate to the final video. Another prac-
tical difficulty in achieving lightweight model optimization
is the lack of resources required for model optimization;
both retraining and fine-tuning state-of-the-art diffusion-
based models typically demand several tens of GPUs, and
the available datasets are often limited to effectively ap-
ply optimization methods. To tackle these challenges, we
propose model acceleration techniques without retraining,
compression, or pruning for video generation in this work,
i.e., Linear Proportional Leap (Sec. 4) and Temporal Di-
mension Token Merging (Sec. 5).

Straightness Constraints. For video generation mod-
els that do not exhibit straightness during their denois-
ing procedures, such as CogVideoX [62], which employs
DPM-Solver [68], Linear Proportional Leap (LPL) is cur-
rently inapplicable. In such cases, as described in previ-
ous work [63], an alternative approach involves predicting
modifications to the model’s noise schedule by employing
additional methodologies, such as reinforcement learning.
However, these kind of methods require additional training
which may invoke extra costs, and necessitates retraining
whenever the target model architecture changes. By con-
trast, LPL is a plug-and-play algorithm that can be applied
in a model-agnostic manner, as long as a sufficient level
of straightness is maintained during the denoising process,
thereby eliminating the need for additional training. In fu-



ture work, we plan to investigate the optimal reduction point
achievable with this algorithm, and we anticipate that it will
evolve into a widely applicable methodology for all Recti-
fied Flow-based models [33].

Limited Scope of TDTM Application. Temporal Di-
mension Token Merging (TDTM) is applicable across all
stages of the denoising process. As shown in Tab. 4, the
more stages TDTM is applied to, the greater the speedup
achieved, with a maximum improvement of up to 1.7x. In
contrast, Linear Proportional Leap (LPL) terminates the de-
noising process early—typically around step 15 of 30—and
transitions directly to the final stage. While this reduces
the available window for applying TDTM, it also enables
a more concentrated use of TDTM in the remaining steps.
As aresult, when TDTM is applied to half of the steps after
LPL (e.g., 12 out of 25), the combined use of TDTM and
LPL achieves a maximum speedup of up to 2.56 x in Hun-
yanVideo, surpassing the individual contributions of each.
This demonstrates the potential for synergistic gains, even
under early-stopping scenarios.




<<
  /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 true
  /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 <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 "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice




