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Abstract

Language models (LMs) have become ubiquitous in both NLP research and in
commercial product offerings. As their commercial importance has surged, the
most powerful models have become closed off, gated behind proprietary inter-
faces, with important details of their training data, architectures, and development
undisclosed. Given the importance of these details in scientifically studying these
models, including their biases and potential risks, we believe it is essential for the
research community to have access to powerful, truly open LMs. To this end, this
technical report details the first release of OLMo, a state-of-the-art, truly Open
Language Model and its framework to build and study the science of language
modeling. Unlike most prior efforts that have only released model weights and
inference code, we release OLMo and the whole framework, including training
data and training and evaluation code. We hope this release will empower and
strengthen the open research community and inspire a new wave of innovation.

& Weights https://huggingface.co/allenai/0LMo-7B

(»] Code https://github.com/allenai/0LMo

& Data https://huggingface.co/datasets/allenai/dolma
) Evaluation https://github.com/allenai/0LMo-Eval

) Adaptation https://github.com/allenai/open-instruct

W&B Logs https://wandb.ai/ai2-11m/0LMo-7B/reports/0LMo-7B--Vmlldzo2NzQyMzk5
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1 Introduction

Language models have been at the center of NLP technologies for many years (Rosenfeld, 2000;
Bengio et al., 2003; Mikolov et al., 2013; Peters et al., 2018; Brown et al., 2020). Recently, due
to large-scale pretraining and human annotation for alignment, they have become commercially
valuable (OpenAl, 2023). However, as their commercial value has increased, the largest models
have become gated behind proprietary interfaces, with important details left undisclosed.

We believe that full access to open language models for the research community is critical to the
scientific study of these models, their strengths and weaknesses, and their biases and risks. Accord-
ingly, we introduce OLMo, a state-of-the-art, truly open language model and framework to build,
study, and advance LMs, along with the training data, training and evaluation code, intermediate
model checkpoints, and training logs.

Recent LM releases have varied in their degree of openness. For example, Mistral 8x7B provided
model weights and a brief report (Jiang et al., 2024), while LLaMA came with in-depth adapta-
tion training instructions (Touvron et al., 2023b), and Mosaic Pretrained Transformer came with
many details, including the dataset distribution, though not the data itself (MosaicML NLP Team,
2023). Falcon’s pretraining data was partially released (Almazrouei et al., 2023), and the most open
models—the Pythia suite (Biderman et al., 2023) and BLOOM (BigScience et al., 2022)—released
training code, model checkpoints, training data and more.

With OLMo, we release the whole framework from data to training to evaluation tools: multiple
training checkpoints across multiple hardware types, training logs, and exact datasets used, with a
permissive license. We are not the only team to do this; recent work from LLM360 targets similar
goals (Liu et al., 2023). OLMo narrows the gap from their models to state-of-the-art capabilities of
models like LLaMA?2. This project has benefited from lessons learned from all of these previous
efforts with their varying degrees of openness, and we believe that a large, diverse population of open
models is the best hope for scientific progress on understanding language models and engineering
progress on improving their utility.

The OLMo framework encompasses the tools and resources required for building and researching
language models. For training and modeling, it includes full model weights, training code, training
logs, ablations, training metrics in the form of Weights & Biases logs, and inference code. This
first release includes four variants of our language model at the 7B scale corresponding to different
architectures, optimizers, and training hardware, and one model at the 1B scale, all trained on at
least 2T tokens. We are also releasing hundreds of intermediate checkpoints available as revisions
on HuggingFace. For dataset building and analysis, it includes the full training data used for these
models, including code that produces the training data, from AI2’s Dolma (Soldaini et al., 2024),
and WIMBD (Elazar et al., 2023) for analyzing pretraining data. For evaluation, it includes AI2’s
Catwalk (Groeneveld et al., 2023) for downstream evaluation and Paloma (Magnusson et al., 2023)
for perplexity-based evaluation. For instruction-tuning, we released Open Instruct (Ivison et al.,
2023; Wang et al., 2023), and we are currently using it to produce an adapted (instruction-tuned and
RLHFed) version of OLMo, which we will release soon. Finally, all code and weights are released

under the Apache 2.0 License.'

This is the first step in a long series of planned releases, continuing with larger models, instruction-
tuned models, and more modalities and variants down the line. We therefore hope to catalyze re-
search into as-yet poorly understood aspects of these models, for example, the relationship between
pretraining data and model capabilities, the impact of design and hyperparameter choices, and vari-
ous optimization methods and their impact on model training. In addition, we report on the lessons
learned and important details necessary to successfully train language models at this scale.

2 OLMo Framework

This section describes the OLMo framework, consisting of the OLMo models (Section 2.1), our
pre-training dataset, Dolma (Section 2.2), and our evaluation framework (Section 2.3).

1http ://www.apache.org/licenses/LICENSE-2.0
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2.1 OLMo Model and Architecture

We adopt a decoder-only transformer architecture based on Vaswani et al. (2017), and deliver 1B
and 7B variants as described in Table 1, with a 65B version coming soon. Our specific architecture
includes several improvements over the vanilla transformer from Vaswani et al. (2017) following
other recent large language models like PaLM (Chowdhery et al., 2022), the LLaMA family (Tou-
vron et al., 2023a,b), OpenLM (Gururangan et al., 2023), and Falcon (Almazrouei et al., 2023).
Table 2 gives a comprehensive comparison of our 7B architecture to the similarly-sized models
from these other families.

Size ‘ Layers Hidden Size Attention Heads Tokens Trained

1B 16 2048 16 2T
7B 32 4086 32 2.46T
65B* 80 8192 64

Table 1: OLMo model sizes and the maximum number of tokens trained to.
* At the time of writing our 65B model is still training.

We generally select hyperparameters by optimizing for training throughput on our hardware while
minimizing the risk of loss spikes and slow divergence. We ablate choices through our in-loop
evaluation setting, given available computational sources (Section 2.3). Table 2 compares our de-
sign choices with recent state-of-the-art open language models. Our main changes over the vanilla
transformer architecture can be summarized as follows:

1. No biases. Following LLaMA, PalLM, and others, we exclude all bias terms from our
architecture in order to improve training stability.

2. Non-parametric layer norm. We use the non-parametric formulation of layer norm (Ba
et al., 2016) in which there is no affine transformation within the norm, i.e. no “adaptive
gain” (or bias). We believe this was the safest option and it was also the fastest compared
to the other variants we considered: parametric layer norm and RMSNorm (Zhang and
Sennrich, 2019).

3. SwiGLU activation function. Like LLaMA, PalLM, and others we use the SwiGLU ac-
tivation function (Shazeer, 2020) instead of ReLU, and following LLaMA the activation
hidden size is approximately %d, but increased to the closest multiple of 128 (e.g. 11,008

for our 7B model) to improve throughput.2

4. Rotary positional embeddings (RoPE). Like LLaMA, PalLM, and others we replace ab-
solute positional embeddings with rotary positional embeddings (RoPE; Su et al., 2021).

5. Vocabulary. We use a modified version of the BPE-based tokenizer from GPT-NeoX-20B
(Black et al., 2022) with additional tokens for masking personal identifiable information
(PII). The final vocabulary size is 50,280. However, to maximize training throughput we
increase the size of the corresponding embedding matrix in our model to 50,304 so that it’s
a multiple of 128.

2.2 Pretraining Data: Dolma

Despite progress in access to model parameters, pretraining datasets are still not as open. Pretraining
data are often not released alongside open models (let alone closed models) and documentation
about such data is often lacking in detail that would be needed to reproduce or fully understand
the work. This has made it difficult to support certain threads of language model research, such
as understanding how training data impacts model capabilities and limitations. To facilitate open
research on language model pretraining, we built and released our pretraining dataset, Dolma—
a diverse, multi-source corpus of 3T tokens across 5B documents acquired from 7 different data

*Since SwiGLU is a “gated” activation function, the output is half the size of the input. So technically our
inputs to SWiGLU have a dimensionality of 2 X 11,008 = 22,016 for our 7B model.



OLMo-7B LLaMA2-7B OpenLM-7B Falcon-7B PalLM-8B
Dimension 4096 4096 4096 4544 4096
Num heads 32 32 32 71 16
Num layers 32 32 32 32 32
MLP ratio ~8/3 ~8/3 ~8/3 4 4
Layer norm type non-parametric =~ RMSNorm parametric parametric  parametric
Positional embeddings | RoPE RoPE RoPE RoPE RoPE
Attention variant full GQA full MQA MQA
Biases none none in LN only inLN only none
Block type sequential sequential sequential parallel parallel
Activation SwiGLU SwiGLU SwiGLU GeLU SwiGLU
Sequence length 2048 4096 2048 2048 2048
Batch size (instances) | 2160 1024 2048 2304 512
Batch size (tokens) ~4M ~4M ~4M ~4M ~1M
Weight tying no no no no yes

Table 2: LM architecture comparison at the 7-8B scale. In the “layer norm type” row, “parametric”
and “non-parametric” refer to the usual layer norm implementation with and without adaptive gain
and bias, respectively.

UTEF-8 GPT-NeoX
Source Doc Type bytes ]()n(;f;lhgl:;ts tokens

(GB) (billions)
Common Crawl web pages 9,022 3,370 2,006
The Stack code 1,043 210 342
C4 web pages 790 364 174
Reddit social media 339 377 80
peS2o STEM papers 268 38.8 57
Project Gutenberg books 20.4 0.056 5.2
Wikipedia, Wikibooks  encyclopedic 16.2 6.2 3.7

Total 11,519 4,367 2,668

Table 3: Composition of Dolma.

sources that are (1) commonly seen in large-scale language model pretraining and (2) accessible to
the general public (Soldaini et al., 2024). Table 3 provides a high-level overview of the amount of
data from each source.

Dolma is built using a pipeline of (1) language filtering, (2) quality filtering, (3) content filtering,
(4) deduplication, (5) multi-source mixing, and (6) tokenization. We refer the reader to the Dolma
report (Soldaini et al., 2024) for more details about its design principles, details about its construc-
tion, and a more detailed summary of its contents. The report provides additional analyses and
experimental results from training language models on intermediate states of Dolma to share what
we learned about important data curation practices, including the role of content or quality filters,
deduplication, and mixing data from multiple sources. We keep documents from each source sep-
arate, both during curation as well as in the final release. We open-sourced our high-performance
data curation tools; this toolkit can be used to further experiment on Dolma, reproduce our work,
and enable fast and easy curation of pretraining corpora. Finally, we also open-sourced our WIMBD
tool (Elazar et al., 2023) to help with dataset analysis.



2.3 [Evaluation

We perform model evaluation at two stages: online evaluation to make decisions for model design
and offline evaluation to evaluate model checkpoints. For offline evaluation, we use the Catwalk
framework (Groeneveld et al., 2023), our publicly available evaluation tool with access to a wide
range of datasets and task formats. Using Catwalk, we perform downstream evaluation as well
as intrinsic language modeling evaluation on our new perplexity benchmark, Paloma (Magnusson
et al., 2023).

For both downstream and perplexity evaluation, we use our fixed evaluation pipeline to compare
results against several publicly available models.

In-Loop Training Ablations Throughout model training, we perform downstream evaluations to
make decisions around model architecture, initialization, optimizers, learning rate schedule, and
data mixtures. We call this our online evaluation as it runs in-loop every 1000 training steps (or
~4B training tokens) and provides an early and continuous signal on the quality of the model being
trained. These evaluations rely on many of the core tasks and experiment settings used for our
offline evaluation detailed in Section 4.1, which also mirrors the task and evaluation structure of the
EleutherAl eval harness (Gao et al., 2023).

Downstream Evaluation Following much previous work (Brown et al., 2020; Black et al., 2022;
Touvron et al., 2023a,b, inter alia), we report zero-shot performance on a set of downstream tasks.
Our evaluation suite consists of 9 core tasks corresponding closely to the commonsense reasoning
task set reported by Touvron et al. (2023a) and Touvron et al. (2023b) (see Table 6 for a list of tasks).
Given the scale of the models being evaluated, such tasks were selected at the beginning of model
development due to their naturalness (e.g., all can formulated as text completion scoring tasks) and
ability to provide meaningful signals throughout training (see Figure 1).

Intrinsic Language Modeling Evaluation To measure how OLMo-7B fits distributions of lan-
guage beyond held-out training data, we use Paloma (Magnusson et al., 2023), a new perplex-
ity benchmark that includes 585 different domains of text. Domains range from nytimes.com to
r/depression on Reddit and are drawn from 18 separate data sources, such as C4 (Raffel et al., 2020),
in stratified samples. This allows for more equal inclusion of text domains that are under-represented
in their source corpora.

We aim not just to compare OLMo-7B against other models for best performance, but also to demon-
strate how it enables fuller and more controlled scientific evaluations. OLMo-7B is the largest
LM with explicit decontamination for perplexity evaluation. Following the approach described
in Paloma, we remove any pretraining document with paragraphs leaked from Paloma evaluation
data. Without decontamination, other models risk underestimating perplexity (i.e., overestimating
the model’s out-of-sample fit). We also release intermediate checkpoints, allowing richer com-
parisons with two other models that release checkpoints, Pythia-6.9B (Biderman et al., 2023) and
RPJ-INCITE-7B (Together Computer, 2023) (see Figure 2).

3 Training OLMo

This section describes our pretraining setup, including our distributed training framework (Sec-
tion 3.1), optimizer settings (Section 3.2), data preparation (Section 3.3), and hardware (Section 3.4).

3.1 Distributed Training Framework

We train our models using the ZeRO optimizer strategy (Rajbhandari et al., 2019) via PyTorch’s
FSDP framework (Zhao et al., 2023), which reduces memory consumption by sharding the model
weights and their corresponding optimizer state across GPUs. At the 7B scale, this enables training
with a micro-batch size of 4096 tokens per GPU on our hardware (see Section 3.4). For OLMo-1B
and -7B models, we use a constant global batch size of approximately 4M tokens (2048 instances,
each with a sequence length of 2048 tokens). For OLMo-65B model (currently training), we use
a batch size warmup that starts at approximately 2M tokens (1024 instances), then doubles every
100B tokens until reaching approximately 16M tokens (8192 instances).



Size | Peak LR Betas Epsilon Weight Decay Batch Size (tokens)

IB | 4.0E-4 (0.9,0.95) 1.0E-5 0.1 ~4M
7B | 3.0E-4 (0.9,0.95) 1.0E-5 0.1 ~4M
65B* | 1.5E-4 (0.9,0.95) 1.0E-5 0.1 ~2M = ~4M — ~8M — ~16M

Table 4: AdamW pretraining hyperparameters for OLMo models.
* At the time of writing our 65B model is still training.

To improve throughput, we employ mixed-precision training (Micikevicius et al., 2017) through
FSDP’s built-in settings and PyTorch’s amp module. The latter ensures that certain operations like
the softmax always run in full precision to improve stability, while all other operations run in half-
precision with the bfloat16 format. Under our specific settings, the sharded model weights and
optimizer state local to each GPU are kept in full precision. The weights within each transformer
block are only cast to bfloat16 when the full-sized parameters are materialized on each GPU
during the forward and backward passes. Gradients are reduced across GPUs in full precision.

3.2 Optimizer

We use the AdamW optimizer (Loshchilov and Hutter, 2019) with the hyperparameters shown in
Table 4. For all model sizes, we warm up the learning rate over 5000 steps (~21B tokens) and then
decay it linearly from there down to a tenth of the peak learning rate over the remainder of training.

After the warm-up period, we clip gradients such that the total I*-norm of the parameter gradients3
does not exceed 1.0. Table 5 gives a comparison of our optimizer settings at the 7B scale to those of
other recent LMs that also used AdamW.

3.3 Data

We built our training dataset out of a 2T-token sample from our open dataset, Dolma (Soldaini et al.,
2024), which we describe in Section 2.2. The tokens from every document are concatenated together
after appending a special EOS token to the end of each document, and then we group consecutive
chunks of 2048 tokens to form training instances. The training instances are shuffled in the exact
same way for each training run. The data order and exact composition of each training batch can be
reconstructed from the artifacts we release.

All of our released models have been trained to at least 2T tokens (a single epoch over our training
data), and some have been trained beyond that by starting a second epoch over the data with a
different shuffling order. The impact of repeating this small amount of data should be negligible
according to prior work (Muennighoff et al., 2023).

3.4 Hardware

In order to verify that our codebase could be used on both NVIDIA and AMD GPUs without any
loss in performance, we trained models on two different clusters:

* LUMI: Provided by the LUMI supercornputer,4 we used up to 256 nodes on this clus-

ter, where each node consists of 4x AMD MI250X GPUs with 128GB of memory5 and
800Gbps of interconnect.

3During gradient clipping all of the model’s parameters are treated as a single big vector (as if all parameters
were flattened and concatenated together), and we take the ¢5-norm over the corresponding single gradient
vector. This is the standard way to clip gradients in PyTorch.
4 .
https://www.lumi-supercomputer.eu
>The MI250X is a dual-chip module, meaning in practice that each physical device consists of two logical
devices, so each node has 8 logical GPU devices with 64GB of memory each.
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OLMo-7B LLaMAZ2-7B OpenLM-7B Falcon-7B
warmup steps 5000 2000 2000 1000
peak LR 3.0E-04 3.0E-04 3.0E-04 6.0E-04
minimum LR 3.0E-05 3.0E-05 3.0E-05 1.2E-05
weight decay 0.1 0.1 0.1 0.1
betal 0.9 0.9 0.9 0.99
beta2 0.95 0.95 0.95 0.999
epsilon 1.0E-05 1.0E-05 1.0E-05 1.0E-05
LR schedule linear cosine cosine cosine
gradient clipping global 1.0 global 1.0 global 1.0 global 1.0
gradient reduce dtype | FP32 FP32 FP32 BF16
optimizer state dtype | FP32 most likely FP32  FP32 FP32

Table 5: Comparison of pretraining optimizer settings at the 7B scale. Each model in this table used
AdamW as its optimizer.

* MosaicML: Provided by MosaicML° (Databricks), we used 27 nodes on this cluster, where
each node consists of 8x NVIDIA A100 GPUs with 40GB of memory and 800Gbps inter-
connect.

Despite minor differences in batch size to optimize for training throughput, both runs resulted in
nearly identical performance on our evaluation suite by 2T tokens.

4 Results

The checkpoint used for evaluating OLMo-7B is trained until 2.46T tokens on the Dolma (Soldaini
et al., 2024) dataset with a linear learning rate decay schedule mentioned in Section 3.2. In our
experiments, we find that tuning this checkpoint further on the Dolma dataset for 1000 steps with the
learning rate linearly decayed to O boosts model performance on perplexity and end-task evaluation
suites described in Section 2.3. We compare OLMo with other publicly available models including
LLaMA-7B (Touvron et al., 2023a), LLaMA2-7B (Touvron et al., 2023b), MPT-7B (MosaicML
NLP Team, 2023), Pythia-6.9B (Biderman et al., 2023), Falcon-7B (Almazrouei et al., 2023) and
RPJ-INCITE-7B (Together Computer, 2023).

4.1 Downstream evaluation

Setup Our core downstream evaluation suite (see Table 6) consists of: arc (both arc_easy and
arc_challenge) (Clark et al., 2018), boolq (Clark et al., 2019), openbookga (Mihaylov et al.,
2018), sciq (Welbl et al., 2017), hellaswag (Zellers et al., 2019), piqa (Bisk et al., 2020), copa
(Roemmele et al., 2011) and winogrande (Sakaguchi et al., 2021). In Appendix A, we also report
results on an additional set of auxiliary tasks outside of our core evaluation set that we found to have
less stable performance trends (see Figure 4). We note that our downstream evaluation suite is still
under development and that additional results and analysis will be reported in a future version.

In all cases, we perform zero-shot evaluation using the rank classification approach popularized by
Brown et al. (2020). Under this approach, candidate text completions (e.g., different multiple-choice
options) are ranked by likelihood (usually normalized by some normalization factor), and prediction
accuracy is reported. While Catwalk implements several common likelihood normalization strate-
gies, including normalizing by number of tokens (per-token normalization) (Brown et al., 2020;
Liang et al., 2022), by number of characters (per-character normalization) (Gao et al., 2023), as well
as incorporating an answer’s unconditional likelihood (Brown et al., 2020), we selected the nor-
malization strategies for each dataset separately. Specifically, we used unconditional normalization
for arc and openbookqa, per-token normalization for hellaswag, piqa, and winogrande and no
normalization for boolq, copa, and sciq (i.e., tasks formulated as single token prediction tasks).

6https ://www.mosaicml.com
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arc arc hella-  open wino-

7B Models challenge easy boolq  copa swag bookga piqa — sciq grande ave.
Falcon 47.5 704 746 86.0 759 53.0 785 939 689 | 721
LLaMA 44.5 679 754 910 762 512 772 939 705 | 720
LLaMA2 48.5 69.5 80.2 860 768 484 7677 945 694 | 722
MPT 46.5 705 742 850 776 486 773 937 699 | 715
Pythia 442 619 61.1 840 638 450 751 911 62.0 | 654
RPJ-INCITE 42.8 684 68.6 88.0 703 494 760 929 647 | 69.0
OLMo-7B 48.5 654 734 900 764 504 784 938 679 71.6

Table 6: Zero-shot evaluation of OLMo-7B and 6 other publicly available comparable model check-
points on 9 core tasks from the downstream evaluation suite described in Section 2.3. For OLMo-7B,
we report results for the 2.46T token checkpoint.
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Figure 1: Accuracy score progression of OLMo-7B on 9 core end-tasks score from Catwalk eval-
uation suite described in Section 2.3. We can see the benefit of decaying LR to 0O in the final 1000
steps of training on 7/9 end-tasks.

Results Table 6 summarizes the result of zero-shot evaluation of OLMo-7B and compares it
against 6 other publicly available models of comparable size. We report results on 9 core tasks
from our evaluation suite described in Section 2.3. On aggregate, OLMo-7B is competitive against
all 6 publicly available model checkpoints in our comparison table.

In Figure 1 we plot the accuracy score progression of 9 core end-tasks. All tasks, except OBQA,
show an upward trend in accuracy numbers as OLMo-7B is trained on more tokens. A sharp upward
tick in accuracy of many tasks between the last and the second to last step shows us the benefit of
linearly reducing the LR to O over the final 1000 training steps. See Table 8 in Appendix A for
additional evaluation results and discussion.

4.2 Intrinsic language modeling evaluation

Setup For intrinsic evaluations, Paloma proposes a range of analyses, from inspection of perfor-
mance in each domain separately to more summarized results over combinations of domains. We
report results at two levels of granularity: the aggregate performance over 11 of the 18 sources
in Paloma as in Magnusson et al. (2023), as well as more fine-grained results over each of these
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Figure 2: Bits per byte on 11 evaluation data sources from Paloma and their combination (Mag-
nusson et al., 2023), decontaminated from OLMo’s pretraining data. While models follow a general
data scaling trend, sample efficiency is most favorable on in-distribution data. For example, OLMo-
7B overtakes all other models on C4, perhaps from having 88.8% Common Crawl] pretraining data.

sources individually. This particular subset of 11 sources from Paloma excludes sources that are not
publicly available, involve fringe or toxic text, or consist of code data not supported by Paloma’s de-
contamination approach. This leaves C4 (Raffel et al., 2020), mC4-en (Chung et al., 2023), Wikitext
103 (Merity et al., 2016), Penn Treebank (Marcus et al., 1999; Nunes, 2020), RedPajama (Together
Computer, 2023), Falcon-RefinedWeb (Penedo et al., 2023), Dolma (Soldaini et al., 2024), M2D2
S20RC (Reid et al., 2022), M2D2 Wikipedia (Reid et al., 2022), C4 100 domains (Chronopoulou
et al., 2022), and Dolma 100 Subreddits (Soldaini et al., 2024). To allow for a fair comparison be-
tween models with different vocabularies, we report bits per byte as defined by Gao et al. (2020)
over the test sets of these sources.

Results In the Sources Combined subplot of Figure 2, we show the performance of OLMo-7B
against 6 comparably-sized language models on the combination of 11 data sources from Paloma.
Overall we find OLMo to have a competitive fit, especially given its training data was explicitly
decontaminated against Paloma. As seen through the comparison of final models (see shapes) as
well intermediate checkpoints (see dashed lines), the OLMo results follow similar scaling trends of
other models. Note that the performance of intermediate checkpoints is influenced by where that
checkpoint occurs in the learning rate schedule. So models trained for fewer steps will tend to have
steeper training curves without necessarily being more sample efficient if training duration were
fixed across all models. MPT-7B, nevertheless, stands out as improving ahead of the other models
in this subplot. This could be due to a number of factors, including pretraining data composition and
its match to the domains in Paloma (e.g., MPT trains on 27% non-Common Crawl data rather than
18% for LLaMA, 12.2% for RedPajama, and 11.2% for OLMo) as well as various data preprocessing
decisions (e.g., MPT’s use of semantic deduplication by Abbas et al., 2023, on C4).

The remaining subplots in Figure 2 provide more fine-grained analysis by reporting bits per byte
separately for each of the 11 data sources that are combined in the aggregated Paloma metric. From



this we see greater variation in sample efficiency, largely driven by the similarity of training and
evaluation distributions. Notably, OLMo-7B fares well on evaluations predominated by Common
Crawl, such as C4, though different ways of postprocessing Common Crawl are best fit by models
trained with that specific data, such as Falcon-7B on Falcon RefinedWeb. Meanwhile, OLMo-7B is
less sample efficient compared to other models on sources less related to scraped web text, such as
WikiText-103, M2D2 S20RC, and M2D2 Wikipedia. The RedPajama evaluation shows a similar
pattern, perhaps as only 2 of its 7 domains are from Common Crawl, and Paloma weights domains
within each source equally. Since heterogeneous data from curated sources like Wikipedia and
ArXiv papers is much less abundant than scraped web text, maintaining sample efficiency for fit to
these distributions of language will be challenging as pretraining corpora are scaled.

4.3 Power Consumption and Carbon Footprint

Following previous literature (Strubell et al., 2019; Patterson et al., 2021; Wu et al., 2022; Dodge
et al., 2022), we estimate the total energy consumed and carbon released while pretraining our
models by calculating the total power consumption required for training, and then multiplying it
by the carbon emission intensity of the power grid where the model was trained. While reporting
these operational emissions is standard practice, it does not account for other sources of emissions
such as the embodied emissions due to the manufacturing, transportation and disposal of hardware
and datacenter infrastructure, lifetime operational emissions due to use, rebound effects, or other
environmental impacts such as water consumption or mining. Thus our estimates should be viewed
as lower bounds.

We calculate the total power consumption for our models by measuring the power consumption of a
single node every 25ms, calculating an average across the entire training run, and multiplying by the
total number of nodes. We then account for the energy efficiency of the data center by multiplying
the previous total by a power usage effectiveness (PUE) factor, which we set to 1.1, representing

a conservative 10% energy consumption overhead typical of energy efficient datacenters.”® We
estimate that pretraining our 7B models consumed 239 MWh of energy.

To calculate carbon emissions, we multiply the total power consumption by a carbon intensity fac-
tor, measured in kg CO, emitted per KWh, based on the physical location of the data center where
each model was trained. The model trained on A100-40GB GPUs was trained in Australia, so we
assume a carbon intensity factor of 0.610, the national average for Australia in 2022.° The model
trained on MI250X GPUs was trained in the LUMI supercomputer, which runs on 100% renewable,
carbon-neutral energy, so we assume a carbon intensity factor of 0. LUMI is powered entirely by
hydroelectric power and some sources (Ubierna et al., 2022) measure the carbon intensity factor of

hydroelectric power to be 0.024, which would imply total carbon emissions of 3.54 tCOgeq.10 How-
ever, we rely on the official LUMI data for our calculations, and thus we estimate total pretraining

emissions of 69.78 tCOQeq.11 In Table 7 we compare our models with other previously released
models based on publicly available information.

We hope that openly releasing our models can reduce future emissions by allowing others to avoid
the need to pretrain models from scratch, and give insights into the true cost of developing state of
the art models. We also highlight that our estimates are lower bounds, because they do not include
other critical pieces of development such as debugging, hyperparameter tuning, and downtime.

5 Artifacts Released

By sharing artifacts from all pipeline stages, we aim to encourage open research and reduce dupli-
cated, often costly efforts, by academics and practitioners. We release the following:

7h’c‘cps ://www.nrel.gov/computational-science/measuring-efficiency-pue.html
8h‘c‘cps ://www.google.com/about/datacenters/efficiency/

9https ://www.cleanenergyregulator.gov.au/Infohub/Markets/Pages/qcmr/
december-quarter-2022/Emissions-Reduction.aspx

]Ohttps ://www.lumi-supercomputer.eu

""These metrics were in part collected using Carbonara’s Al agent and monitoring platform. Learn more at:
https://trycarbonara.com
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GPU Power Power Carbon Carbon
GPU Type  Consumption Usage Intensity Emissions
(MWh) Effectiveness (kg CO.e/KWh)  (tCOqeq)
Gopher-280B TPU v3 1,066 1.08 0.330 380
BLOOM-176B | A100-80GB 433 1.2 0.057 30
OPT-175B A100-80GB 324 1.1 0.231 82
T5-11B TPU v3 77 1.12 0.545 47
LLaMA-7B A100-80GB 33 1.1 0.385 14
LLaMA2-7B A100-80GB 74 1.1 0.385 31
OLMo-7B MI250X 135 1.1 0.000%* 0*
OLMo-7B A100-40GB 104 1.1 0.610 70

Table 7: CO, emissions during pretraining. We estimate the total carbon emissions for various
models using publicly available data on PUE, carbon intensity of local power grid, and reported
power consumption. Numbers for Gopher-280B (Rae et al., 2022), BLOOM-176B (Luccioni et al.,
2022), OPT-175B (Zhang et al., 2022), T5-11B (Patterson et al., 2021), LLaMA (Touvron et al.,
2023a), and LLaMA?2 (Touvron et al., 2023b) are taken from their respective papers. See Section
4.3 for details on how tCO2eq was calculated.

* LUMI runs entirely on hydroelectric power”and some estimates (Ubierna et al., 2022) measure
the intensity factor of hydroelectric power to be 0.024, implying total emissions of 3.54 tCOeq.

6.

. The training and modeling code. 12

. The trained model weights for the 7B model,13 7B-twin-2T,14 and the 1B model."” For

all the models, we release not only the final model weights but also 500+ intermediate
checkpoints at intervals of 1000 steps.

. The training data Dolma (Soldaini et al., 2024)."®

. Dolma’s toolkit to construct new datasets,17 and WIMBD (Elazar et al., 2023) for dataset

.18
analysis.

. The evaluation code'” using Catwalk> for downstream evaluation (Groeneveld et al., 2023)

and Paloma”' for perplexity-based evaluation (Magnusson et al., 2023).

The complete set of metrics logged to Weights & Biases during training.22

We intend to follow up on this release with another one soon that includes the following:

1.
2.

Training logs, ablations, and findings.

Adapted OLMo with instruction-tuning and RLHF, including its training and evaluation
code and data using our Open Instruct™ library (Wang et al., 2023; Ivison et al., 2023).

12https://github.com/allenai/OLMo
13https://huggingface.co/allenai/DLMo—?B
14https://huggingface.co/allenai/OLMo—7B—Twin—2T
15https://huggingface.co/allenai/OLMo—lB
16https://huggingface.co/datasets/allenai/dolma
]7https://github.com/allenai/dolma
lshttps://github.com/allenai/wimbd
19https://github.com/allenai/OLMo—Eval
2Oht‘cps://gi‘chub.com/allenai/catwalk
21https://paloma.allen.ai
22https://wandb.ai/ai2—llm/[JLMo—7B/reports/OLMo—7B——leldzo2NzQyMzk5
23https://github.com/allenai/open—instruct
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6 License

Our goal is to facilitate scientific development and empower the scientific community, so we favor
permissive licenses that give users flexibility in using our resources and artifacts. As such, all code

and weights are released under the Apache 2.0 License.”* Some licenses used by other organizations
for recent model releases prohibit using the outputs from their models to train artificial intelligence or
machine learning systems, while we expressly allow users to do so. We also do not limit commercial
use. We hope that our models can make other models better. We recognize that the risk for misuse
of our models is relatively low, as language models that have not been adapted as chatbots have
primarily been used as scientific artifacts not as products with broad public adoption (our models
have not been adapted as chatbots). In addition, over the past year there have been a number of
comparable models released with very permissive licenses, so using a more strict license for our
work will not remove the overall risk in the field. We believe this tradeoff on the side of being more
open is the best option.

7 Conclusion and Future Work

This technical report presents our first release of OLMo, a state-of-the-art, truly open language
model and its framework to build and study the science of language modeling. Unlike most prior
efforts that have only released model weights and inference code, we release OLMo and the whole
framework, including training data and training and evaluation code. Soon, we will also release
training logs, ablations, findings and Weights & Biases logs. We are also exploring the adaptation
of OLMo with instruction tuning and different flavors of RLHF. We are going to release the adapted
models as well as all of our model adaptation code and data.

We intend to continuously support and extend OLMo and its framework, and continue to push the
boundaries of open LMs to empower the open research community. To that end, we look forward to
bringing different model sizes, modalities, datasets, safety measures, and evaluations into the OLMo
family. We hope this and future releases will empower and strengthen the open research community
and inspire a new wave of innovation.
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Figure 3: Bits per byte for each of the 7 remaining Paloma data sources not aggregated in Figure 2.

Additional perplexity results In Figure 3 we provide results for each of the 7 data sources in
Paloma (Magnusson et al., 2023) that are excluded from the combined metric in Figure 2. Some of
these sources such as Pile (Gao et al., 2020) and ICE (Greenbaum and Nelson, 1996) are not publicly
available at this time. Dolma 100 Programming Languages (Soldaini et al., 2024) consists of code
data that is not supported by the decontamination approach used in Paloma. TwitterAAE (Blodgett
etal., 2016), along with ICE, are datasets for targeted analyses of disparities in performance between
different dialects and as such should be evaluated separately. And finally, the Manosphere, Gab, and
4chan corpora (Ribeiro et al., 2021; Zannettou et al., 2018; Papasavva et al., 2020) are intended to
examine model fit to language from fringe online communities that are studied for prevalent hate
speech and toxicity. Thus minimizing perplexity on these fringe corpora is not always desirable.

One notable result here is that OLMo-7B is much farther ahead of the other models on Dolma 100
Programming Languages (100 PLs). Note that this effect may be due in part to underestimation
from contamination, as decontaminating code data is beyond the scope of the method in Paloma.
At the same time other models that are trained on code data from GitHub such as RPJ-INCITE-7B,
that are just as likely to have contamination, fair much worse. Another factor then is that OLMo-7B
trains on code data with exactly the same post-processing as that in 100 PLs while the code data
in other models will have been processed differently. Similarly, Pile evaluation demonstrates these
in-distribution and potential contamination effects as Pythia-6.9B achieves top performance despite
being trained on almost an order of magnitude fewer tokens than OLMo-7B.

The results on the remaining 5 targeted sources should be interpreted with care, as Paloma often
finds that perplexity on these sources is dominated by superficial features such as low average doc-
ument length rather than fit to that which would actually be salient to members of these speech
communities. TwitterAAE and Gab have among the shortest documents in Paloma contributing to
unusually high bits per byte in this figure. Other than these two, the models are notably very closely
grouped in a data scaling trend in ICE, Manosphere, and 4chan.

Additional end-task results Next, in Table 8, we provide results from zero-shot evaluation of
OLMo-7B on 6 additional end-tasks apart from the 9 in our core evaluation suite. These tasks
are headga_en (Vilares and Gémez-Rodriguez, 2019), logiqga (Liu et al., 2020), mrpc (Dolan
and Brockett, 2005), gnli (Wang et al., 2018), wic (Pilehvar and Camacho-Collados, 2018), and
wnli (Wang et al., 2018).
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headqa_en logiqga mrpc qnli wic wnli | avg.

Falcon-7B 38.6 2377 628 498 495 479 | 454
LLaMA-7B 38.7 195 68.6 50.1 49.1 521 | 464
LLaMA2-7B 39.5 26.1 69.1 494 498 45.1 | 465
MPT-7B 37.4 229 677 521 481 479 | 46.0
Pythia-6.9B 40.1 21.5 654 53.8 550 38.0 | 456
RPJ-INCITE-7B 36.9 27.8 58.8 53.8 489 578 | 473
OLMo-7B 37.3 234 684 49.1 502 563 475

Table 8: Zero-shot evaluation of OLMo-7B on 6 additional end-tasks apart from the 9 present in our
core evaluation suite. Once again, we compare OLMo-7B to 6 other model checkpoints which are
publicly available. We find that OLMo-7B outperforms the other models on aggregate taken over 6
additional end-tasks from this table, however these tasks were also found to provide limited signal
during training (see Figure 4).

We note, however, that in contrast to our core evaluation set described in Section 4.1, we found these
additional end-tasks to have less stable performance during model development, and to provide
a limited signal. This is illustrated in Figure 4, where we see the progress of task performance
throughout training to be more random (compare with the more stable upward trends in Figure 1).
While tasks such as mrpc and wic appear more stable, they offered additional difficulties related to
performance being tied to random chance (e.g., wic) or the tendency of models to make spurious
predictions (e.g., always predicting a single label) that either inflate or deflate performance due to
dataset class imbalances (e.g., mrpc). We therefore caution against relying too heavily on these tasks
when measuring model performance throughout training and comparing models.
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Figure 4: Accuracy score progression of OLMo-7B on 6 additional end-tasks. The performance of
these additional end-tasks was unstable and provided limited signal during model development.

21



	㈰〠〠潢樊㰼 呩瑬攨﻿㈰ㄠ〠潢樊㰼 呩瑬攨﻿㈰㈠〠潢樊㰼 呩瑬攨﻿㈰㌠〠潢樊㰼 呩瑬攨﻿㈰㐠〠潢樊㰼 呩瑬攨﻿㈰㔠〠潢樊㰼 呩瑬攨﻿㈰㘠〠潢樊㰼 呩瑬攨﻿㈰㜠〠潢樊㰼 呩瑬攨﻿㈰㠠〠潢樊㰼 呩瑬攨﻿㈰㤠〠潢樊㰼 呩瑬攨﻿㈱〠〠潢樊㰼 呩瑬攨﻿㈱ㄠ〠潢樊㰼 呩瑬攨﻿㈱㈠〠潢樊㰼 呩瑬攨﻿㈱㌠〠潢樊㰼 呩瑬攨﻿㈱㐠〠潢樊㰼 呩瑬攨﻿㈱㔠〠潢樊㰼 呩瑬攨﻿㈱㘠〠潢樊㰼 呩瑬攨﻿㈱㜠〠潢樊㰼⽔祰支䝲潵瀊⽓⽔牡湳灡牥湣礊⽉⁴牵攊⽃匯䑥癩捥則䈾㹥湤潢樊㈱㠠〠潢樊㰼⽎″⽌敮杴栠㌱㐴㸾獴牥慭਀�䡌楮漂ကm湴牒䝂⁘奚 츀Ȁऀ؀㄀a捳灍卆吀�I䕃⁳則䈀������ö혀Ā�Óⵈ倠 �����������������������ᅣ灲琀�倀�㍤敳挀�萀�汷瑰琀��ᑢ歰琀�Ѐ�ᑲ塙娀�᠀�ᑧ塙娀�Ⰰ�ᑢ塙娀�䀀�ᑤ浮搀�吀�灤浤搀�쐀�衶略搀�䰀�虶楥眀�퐀�⑬畭椀��ᑭ敡猀�ఀ�⑴散栀�　�౲呒䌀�㰀�౧呒䌀�㰀�ౢ呒䌀�㰀�౴數琀�C潰祲楧桴 挩‱㤹㠠䡥睬整琭偡捫慲搠䍯浰慮礀d敳挀���ታ則䈠䥅䌶ㄹ㘶ⴲ⸱������獒䝂⁉䕃㘱㤶㘭㈮㄀������������������������X奚 ��ó儀Ā�Ė챘奚 �������X奚 ��oꈀ8�遘奚 ��b餀·蔀�� ��$ꀀ�萀¶콤敳挀���ᙉ䕃⁨瑴瀺⼯睷眮楥挮捨������䥅䌠桴瑰㨯⽷睷⹩散⹣栀����������������������d敳挀���⹉䕃‶ㄹ㘶ⴲ⸱⁄敦慵汴⁒䝂⁣潬潵爠獰慣攠ⴠ獒䝂�����.䥅䌠㘱㤶㘭㈮ㄠ䑥晡畬琠則䈠捯汯畲⁳灡捥‭⁳則䈀����������d敳挀���ⱒ敦敲敮捥⁖楥睩湧⁃潮摩瑩潮⁩渠䥅䌶ㄹ㘶ⴲ⸱�����,剥晥牥湣攠噩敷楮朠䍯湤楴楯渠楮⁉䕃㘱㤶㘭㈮㄀������������v楥眀��Ꭴ︀ᑟ⸀჏᐀ϭ찀Г଀Ξ��塙娠��LॖP�Wῧ浥慳�������������ʏ��獩朠��䍒吠捵牶���Ѐ��
����#(-27;@EJOTY^chmrw|�������¤©®²·¼ÁÆËÐÕÛàåëðöûāćčēęğĥīĲĸľŅŌŒřŠŧŮŵżƃƋƒƚơƩƱƹǁǉǑǙǡǩǲǺȃȌȔȝȦȯȸɁɋɔɝɧɱɺʄʎʘʢʬʶˁˋ˕ˠ˫˵̸̡̖̭̀̋̓͏͚ͦͲ;ΊΖ΢ήκχϓϠϬϹІГРЭлшѕѣѱѾҌҚҨҶӄӓӡӰӾԍԜԫԺՉ՘էշֆֵ֖֦ׅוץ׶؆ؖاطوٙ٪ٻڌڝگۀۑۣ۵܇ܙܫܽݏݡݴކޙެ޿ߒߥ߸ࠋࠟ࠲ࡆ࡚࡮ࢂ࢖ࢪࢾ࣒ࣧࣻऐथऺॏ।ॹএত঺৏৥৻਑ਧ਽੔੪ઁઘમૅ૜૳ଋଢହ୑୩஀஘ரை௡௹ఒపృఌ甌踌꜌쀌�഍☍䀍娍琍踍ꤍ쌍�ጎ⸎䤎搎缎鬎똎툎ए┏䄏帏稏阏댏켏ऐ☐䌐愐縐鬐뤐휐጑ㄑ休洑谑ꨑ중ܒ☒䔒搒萒ꌒ쌒̓⌓䌓挓茓ꐓ씓ؔ✔䤔樔謔괔츔ሕ㐕嘕砕鬕봕̖☖䤖氖輖눖혖益ᴗ䄗攗褗긗툗ᬘ䀘攘記꼘픘神’䔙欙鄙뜙�К⨚儚眚鸚씚ᐛ㬛挛訛눛�⨜刜笜ꌜ찜ḝ䜝瀝餝쌝ᘞ䀞樞鐞븞ጟ㸟椟鐟뼟ᔠ䄠氠頠쐠ᰡ䠡甡ꄡ측ﬢ✢唢舢꼢�ਣ㠣昣鐣숣ἤ䴤簤ꬤ�㠥栥霥윥✦圦蜦뜦ᠧ䤧稧꬧�ന㼨焨ꈨ퐩ة㠩欩鴩퀪Ȫ㔪株鬪켫ȫ㘫椫鴫턬Ԭ㤬測ꈬ휭భ䄭瘭ꬭᘮ䰮舮뜮␯娯鄯윯︰㔰氰ꐰ�䨱舱먱⨲挲鬲퐳ള䘳缳렳⬴攴鸴�䴵蜵숵ﴶ㜶父긶␷怷鰷휸ᐸ倸谸젹Թ䈹缹밹鷺㘺琺눺ⴻ欻꨻✼攼ꐼ∽愽ꄽ‾怾ꀾℿ愿ꈿ⍀摀Ꙁ⥁橁걁あ牂땂㩃絃쁄̈́䝄詄칅ቅ啅驅�≆杆ꭆ㕇筇쁈Ո䭈酈흉ᵉ捉ꥉ㝊絊쑋ో卋驋⩌牌멍ɍ䩍鍍�╎湎띏O䥏鍏�❐煐뭑ّ偑魑ㅒ籒읓ፓ当꩓䉔轔�畕쉖བ嚩囷坄垒埠堯塽壋多奩妸娇婖媦嫵孅宕寥ֆ홝❝硝쥞ᩞ汞뵟ཟ慟덠ՠ坠ꩠﱡ佡ꉡ䥢鱢䍣靣䁤鑤㵥鉥㵦鉦㵧鍧㽨陨䍩驩䡪齪佫ꝫｬ坬꽭࡭恭륮ቮ歮쑯ṯ硯텰⭰虰㩱镱䭲꙳ų嵳롴ᑴ灴챵⡵蕵㹶魶噷델ᅸ湸챹⩹襹䙺ꕻѻ捻쉼ⅼ腼䅽ꅾž找쉿⍿葿䞀ꢁઁ殁춂も銂垃몄ᶄ肄䞅ꮆຆ犆힇㮇龈҈榈캉㎉馉ﺊ撊쪋る隋ﲌ掌쪍ㆍ颍ﾎ暎캏㚏麐ڐ源횑㾑ꢒᆒ窒䶓뚔ₔ誔徕즖㒖龗ગ疗䲘뢙⒙邙ﲚ梚햛䊛꾜Ნ覜撝튞䂞꺟ᶟ讟猪榠�뚢⚢隣ڣ皣嚤장㢥ꦦ᪦讦ﶧ溧动쒩㞩ꦪᲪ辫ʫ疫곐굄궸긭꺡꼖꾋뀀끵냪녠뇖뉋닂댸뎮됥뒜딓떊똁뙹뛰띨럠롙룑륊맂먻몵묮뮧밡벛봕붏븊뺄뻿뽺뿵쁰샬셧쇣쉟싛썘쏔쑑쓎앋었왆웃읁잿젽좼줺즹쨸쪷쬶쮶찵첵촵춵츶캶켷쾸퀹킺턼톾툿틁퍄폆푉퓋핎헑확훘ퟗ擘泙盚ﯛ胜ל諝ო雞᳞ꋟ⧟꿠㛠뷡䓡쳢叢�珤ﳥ蓦෦雧ῧꧨ㋨볩䛩탪寪烫ﯬ蛭ᇭ鳮⣮듯䃯쳰声狱￲賳᧳ꟴ㓴싵僵�淶ﯷ諸᧸꣹㣹쟺基矼߼飽⧽뫾䯾�淿＊敮摳瑲敡洊敮摯扪ਲㄹ‰⁯扪਼㰯呹灥⽇牯異ਯ匯呲慮獰慲敮捹ਯ䤠瑲略㸾敮摯扪ਲ㈰‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛㈳㈮ㄹ㈠ㄳ㈮㜴㈠㐳㌮㐳㘠ㄴ㜮㠲㕝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯桵杧楮杦慣攮捯⽡汬敮慩⽏䱍漭㝂⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㈲ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬲㌲⸱㤲‱ㄹ⸶㔱″㤶⸳㈵‱㌴⸷㌴崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽧楴桵戮捯洯慬汥湡椯佌䵯⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㈲㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬲㌲⸱㤲‱〶⸵㘠㐶㤮㔵‱㈱⸶㐳崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽨畧杩湧晡捥⹣漯摡瑡獥瑳⽡汬敮慩⽤潬浡⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㈲㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬲㌲⸱㤲‹㌮㐶㤠㐲㈮㤷㔠㄰㠮㔵㍝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯杩瑨畢⹣潭⽡汬敮慩⽏䱍漭䕶慬⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㈲㐠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬲㌲⸱㤲‸〮㌷㠠㐴㌮㠹㘠㤵⸴㘲崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽧楴桵戮捯洯慬汥湡椯潰敮⵩湳瑲畣琩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㈵‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛㈳㈮ㄹ㈠㘷⸲㠸‵㠱⸸㜸‸㈮㌷ㅝਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯睡湤戮慩⽡椲⵬汭⽏䱍漭㝂⽲数潲瑳⽏䱍漭㝂ⴭ噭汬摺漲乺兹䵺欵⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㈲㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㌴⸱㌸‶㠰⸲㤱‴㜶⸵㈸‶㤱⸲㌵崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰″㘴⸹㤲〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈲㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㠰⸳〹‶㠰⸲㤱‵〲⸲㈷‶㤱⸲㌵崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰″㘴⸹㤲〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈲㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱〷⸰〴‶㘹⸳㠲‱㘱⸳〴‶㠰⸳㈶崊⽄敳琠嬱㔠〠删⽘奚‸㌮〹㌰″㜱⸱㠰〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈲㤠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㘵⸱㈷‶㘹⸳㠲‱㠷⸰㐵‶㠰⸳㈶崊⽄敳琠嬱㔠〠删⽘奚‸㌮〹㌰″㜱⸱㠰〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈳〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㤱⸱㐷‶㘹⸳㠲′㔰⸷㌷‶㠰⸳㈶崊⽄敳琠嬱㘠〠删⽘奚‸㌮〹㌰‵㠷⸹㜳〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈳ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲㔴⸵㘠㘶㤮㌸㈠㈷㘮㐷㠠㘸〮㌲㙝ਯ䑥獴⁛ㄶ‰⁒ 塙娠㠳⸰㤳〠㔸㜮㤷㌰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㌲‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㈸〮㔸‶㘹⸳㠲″㌰⸴㐷‶㠰⸳㈶崊⽄敳琠嬱㘠〠删⽘奚‸㌮〹㌰′㔱⸵㔸〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈳㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㌴⸲㜠㘶㤮㌸㈠㌵㘮ㄸ㠠㘸〮㌲㙝ਯ䑥獴⁛ㄶ‰⁒ 塙娠㠳⸰㤳〠㈵ㄮ㔵㠰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㌴‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㌶〮㈸㤠㘶㤮㌸㈠㐱㈮㘷㜠㘸〮㌲㙝ਯ䑥獴⁛ㄷ‰⁒ 塙娠㠳⸰㤳〠㘵㠮㔳㠰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㌵‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㐱㘮㔠㘶㤮㌸㈠㐳㠮㐱㠠㘸〮㌲㙝ਯ䑥獴⁛ㄷ‰⁒ 塙娠㠳⸰㤳〠㘵㠮㔳㠰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㌶‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛ㄴ㜮㌳㔠㘴㜮㔶㐠ㄸㄮ㐱㜠㘵㠮㔰㡝ਯ䑥獴⁛ㄶ‰⁒ 塙娠㠳⸰㤳〠㐴㜮〳㠰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㌷‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛ㄸ㔮㐲㐠㘴㜮㔶㐠㈰㜮㌴㈠㘵㠮㔰㡝ਯ䑥獴⁛ㄶ‰⁒ 塙娠㠳⸰㤳〠㐴㜮〳㠰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㌸‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㈴㠮㠰㘠㔴㤮㌳㌠㈹㔮㜶㔠㔶〮㈷㙝ਯ䑥獴⁛ㄸ‰⁒ 塙娠㠳⸰㤳〠㌹㔮㐱㤰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㌹‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㈹㤮㜹㈠㔴㤮㌳㌠㌲ㄮ㜱‵㘰⸲㜶崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰″㤵⸴ㄹ〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈴〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲ㄴ⸰㔷‵㌸⸴㈳′㜳⸶〴‵㐹⸳㘷崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‶㌰⸴㌰〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈴ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲㜷⸶㠴‵㌸⸴㈳″〴⸵㠴‵㐹⸳㘷崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‶㌰⸴㌰〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈴㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴〹⸳㔳‵㈷⸵ㄴ‵〲⸵〶‵㌸⸴㔸崊⽄敳琠嬱㘠〠删⽘奚‸㌮〹㌰‵㐷⸲㠵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈴㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱〷⸰〴‵ㄶ⸶〵‱㈸⸹㈲‵㈷⸵㐹崊⽄敳琠嬱㘠〠删⽘奚‸㌮〹㌰‵㐷⸲㠵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈴㐠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㈸⸷〹‵ㄶ⸶〵″㤹⸴㈳‵㈷⸵㐹崊⽄敳琠嬱㔠〠删⽘奚‸㌮〹㌰‴㘶⸲㈴〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈴㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴〲⸳㈶‵ㄶ⸶〵‴㈴⸲㐴‵㈷⸵㐹崊⽄敳琠嬱㔠〠删⽘奚‸㌮〹㌰‴㘶⸲㈴〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈴㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲ㄳ⸳㔱‵〵⸶㤶′㜶⸷㌱‵ㄶ⸶㑝ਯ䑥獴⁛ㄵ‰⁒ 塙娠㠳⸰㤳〠㌲㤮ㄱ㈰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㐷‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㈷㤮㠳㠠㔰㔮㘹㘠㌰ㄮ㜵㘠㔱㘮㘴崊⽄敳琠嬱㔠〠删⽘奚‸㌮〹㌰″㈹⸱ㄲ〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈴㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㘴⸵㠷‵〵⸶㤶‴㌴⸰㔴‵ㄶ⸶㑝ਯ䑥獴⁛ㄵ‰⁒ 塙娠㠳⸰㤳〠㈳㈮㐹㤰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㐹‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㐳㜮ㄶㄠ㔰㔮㘹㘠㐵㤮〷㤠㔱㘮㘴崊⽄敳琠嬱㔠〠删⽘奚‸㌮〹㌰′㌲⸴㤹〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈵〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㌳⸹㜵‴㐵⸶㜱‱㜱⸹㈸‴㔶⸶ㄵ崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰′㔹⸹㈸〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈵ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㜵⸰㐹‴㐵⸶㜱‱㤶⸹㘷‴㔶⸶ㄵ崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰′㔹⸹㈸〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈵㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴ㄵ⸱㐹″〹⸲㠳‴㜳⸵㤲″㈰⸲㈷崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰′㘳⸳㜹〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈵㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㜷⸲㜠㌰㤮㈸㌠㐹㤮ㄸ㠠㌲〮㈲㝝ਯ䑥獴⁛ㄴ‰⁒ 塙娠㠳⸰㤳〠㈶㌮㌷㤰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㔴‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛ㄶ㘮㄰㜠㈹㠮㌷㐠㈱㘮㐰㌠㌰㤮㌱㝝ਯ䑥獴⁛ㄷ‰⁒ 塙娠㠳⸰㤳〠ㄱ㔮㘳㘰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㔵‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㈱㤮㠹㌠㈹㠮㌷㐠㈴ㄮ㠱ㄠ㌰㤮㌱㝝ਯ䑥獴⁛ㄷ‰⁒ 塙娠㠳⸰㤳〠ㄱ㔮㘳㘰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㔶‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛ㄴ㘮〲㤠㈸㜮㐶㔠㈱㘮ㄸ′㤸⸴〸崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰‵㘳⸶㌷〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈵㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲ㄹ⸲㠠㈸㜮㐶㔠㈴ㄮㄹ㠠㈹㠮㐰㡝ਯ䑥獴⁛ㄸ‰⁒ 塙娠㠳⸰㤳〠㔶㌮㘳㜰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㔸‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㐰㘮㘴㤠㈸㜮㐶㔠㐷㘮㘶′㤸⸴〸崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰‱㌵⸳㐶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈵㤠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㜹⸷㘱′㠷⸴㘵‵〱⸶㜹′㤸⸴〸崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰‱㌵⸳㐶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈶〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㔱⸴㔴′㜶⸵㔶‵〲⸵〶′㠷⸴㤹崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰‴㐷⸸㔵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈶ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱〷⸰〴′㘵⸶㐶‱㈸⸹㈲′㜶⸵㥝ਯ䑥獴⁛ㄸ‰⁒ 塙娠㠳⸰㤳〠㐴㜮㠵㔰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㘲‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛ㄳ㈮〶㤠㈶㔮㘴㘠ㄷ㠮㘷ㄠ㈷㘮㔹崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰′㔶⸸㘶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈶㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㠱⸵㐠㈶㔮㘴㘠㈰㌮㐵㠠㈷㘮㔹崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰′㔶⸸㘶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈶㐠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬲㈸⸱㜸′㐱⸶㐸′㌴⸱㔶′㔵⸷㌴崊⽄敳琠嬱‰⁒ 塙娠ㄲ㐮ㄴ〰‸ㄮ㤶㌰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㘵‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㐶㜮㘸‱〹⸹㈸‴㠲⸱㈶‱㈰⸸㜲崊⽄敳琠嬲‰⁒ 塙娠㄰㠠㜲〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈶㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬲㔴⸴㜹‹㤮〱㤠㈶㠮㤲㔠㄰㤮㤶㍝ਯ䑥獴⁛㈠〠删⽘奚‱〸′〲⸵〴〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈶㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬴㌲⸹ㄸ‹㤮〱㤠㐴㜮㌶㐠㄰㤮㤶㍝ਯ䑥獴⁛㌠〠删⽘奚‱〸‷㈰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㘸‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄲ㌮ㄴ㌠㘸⸰ㄵ″㈳⸳㐠㠱⸷㌵崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴瀺⼯睷眮慰慣桥⹯牧⽬楣敮獥猯䱉䍅乓䔭㈮〩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㘹‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㌵〮㜳㤠㘸㘮㜲㈠㐰㤮㘷‶㤷⸶㘶崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‴㌰⸸㈲〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈷〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴ㄴ⸱㤹‶㠶⸷㈲‴㌶⸱ㄷ‶㤷⸶㘶崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‴㌰⸸㈲〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈷ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬲㔸⸸㔠㘷㔮㠱㌠㈶㔮㠲㌠㘸㘮㜵㝝ਯ䑥獴⁛㈠〠删⽘奚‱㐳⸲ㄸ〠㔴㘮㈳㈰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㜲‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㌷㌮㤵㌠㘶㐮㤰㐠㐳㌮㈰㠠㘷㔮㠴㡝ਯ䑥獴⁛ㄹ‰⁒ 塙娠㠳⸰㤳〠㐳〮㠲㈰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㜳‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㐳㜮㠹㤠㘶㐮㤰㐠㐵㤮㠱㜠㘷㔮㠴㡝ਯ䑥獴⁛ㄹ‰⁒ 塙娠㠳⸰㤳〠㐳〮㠲㈰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㜴‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㈹㤮〸㜠㘵㌮㤹㔠㌶㤮㠷‶㘴⸹㌹崊⽄敳琠嬱㜠〠删⽘奚‸㌮〹㌰‵㜴⸳ㄲ〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈷㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㜳⸲〷‶㔳⸹㤵″㤵⸱㈵‶㘴⸹㌹崊⽄敳琠嬱㜠〠删⽘奚‸㌮〹㌰‵㜴⸳ㄲ〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈷㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㠴⸴㌳‶㔳⸹㤵‵〴⸹㤶‶㘴⸹㌹崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‶㤲⸰㔲〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈷㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱〷⸰〴‶㐳⸰㠶‱㔱⸴〵‶㔴⸰㍝ਯ䑥獴⁛ㄹ‰⁒ 塙娠㠳⸰㤳〠㘹㈮〵㈰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㜸‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛ㄵ㔮㔳㠠㘴㌮〸㘠ㄸㄮ㠷㤠㘵㐮〳崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‶㤲⸰㔲〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈷㤠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㠲⸳㜷‶㐳⸰㠶‱㠹⸳㔱‶㔴⸰㍝ਯ䑥獴⁛ㄹ‰⁒ 塙娠㠳⸰㤳〠㘳〮㐳〰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㠰‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㈴〮㔶㌠㘴㌮〸㘠㌱㐮㈳㐠㘵㐮〳崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰‵ㄱ⸲〱〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈸ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳ㄸ⸳㘷‶㐳⸰㠶″㐰⸲㠵‶㔴⸰㍝ਯ䑥獴⁛ㄸ‰⁒ 塙娠㠳⸰㤳〠㔱ㄮ㈰㄰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㠲‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㌹㤮㤶㐠㘴㌮〸㘠㐷㌮ㄳ㜠㘵㐮〳崊⽄敳琠嬱㔠〠删⽘奚‸㌮〹㌰‴㘶⸲㈴〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈸㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㜷⸲㜠㘴㌮〸㘠㐹㤮ㄸ㠠㘵㐮〳崊⽄敳琠嬱㔠〠删⽘奚‸㌮〹㌰‴㘶⸲㈴〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈸㐠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬱㌲⸷〱‶㌲⸱㜷‱㌹⸶㜵‶㐳⸱㈱崊⽄敳琠嬳ㄠ〠删⽘奚‱㐳⸲㈴〠㔰㘮ㄸ㈰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㠵‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㌷㘮㌲㌠㐶㜮㈴㜠㌹〮㜶㠠㐷㠮ㄹ崊⽄敳琠嬳‰⁒ 塙娠㄰㠠㔹㐮㠲㄰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㠶‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㐲㐮㔲‴㘷⸲㐷‴㌱⸴㤴‴㜸⸱㥝ਯ䑥獴⁛㌱‰⁒ 塙娠ㄴ㌮㈲㐰‵〶⸱㠲〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈸㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㤱⸹㌵″㤷⸵㈹‵〴⸹㤶‴〸⸵㐲崊⽄敳琠嬱㔠〠删⽘奚‸㌮〹㌰‴〲⸳㌸〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈸㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㐲⸸㘹″㠶⸶ㄹ‱㘴⸷㌸″㤷⸵㘳崊⽄敳琠嬱㔠〠删⽘奚‸㌮〹㌰‴〲⸳㌸〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈸㤠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㘸⸲㌵″㠶⸶ㄹ‱㤰⸱㔳″㤷⸵㘳崊⽄敳琠嬱㔠〠删⽘奚‸㌮〹㌰‴〲⸳㌸〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈹〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㔹⸵ㄶ″㘴⸸〱‵〴⸹㤶″㜵⸷㐵崊⽄敳琠嬳㈠〠删⽘奚‸㌮〹㌰‶㌹⸵㔲〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈹ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㐲⸸㘹″㔴⸲㠱‱㠰⸲㜹″㘴⸸㌶崊⽄敳琠嬳㈠〠删⽘奚‸㌮〹㌰‶㌹⸵㔲〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈹㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㠳⸲㘷″㔴⸲㠱′〵⸱㠵″㘴⸸㌶崊⽄敳琠嬳㈠〠删⽘奚‸㌮〹㌰‶㌹⸵㔲〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈹㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲ㄵ⸹㠳″㈷⸶㜴′㐹⸵〷″㌸⸶ㄸ崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰′㤳⸶ㄳ〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈹㐠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲㔳⸳㈷″㈷⸶㜴′㜵⸲㐵″㌸⸶ㄸ崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰′㤳⸶ㄳ〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈹㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬳〹⸴㌴″〰⸵〱″ㄵ⸴ㄱ″ㄴ⸵㠷崊⽄敳琠嬲‰⁒ 塙娠ㄲ㐮ㄴ〰‹ㄮ㤲㔰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ㤶‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㐳㈮㌴′㜴⸲㠳‴㘶⸷ㄱ′㠵⸲㈶崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰‱〴⸷㈷〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈹㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㘹⸷′㜴⸲㠳‴㤱⸶ㄸ′㠵⸲㈶崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰‱〴⸷㈷〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈹㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㐶⸱㠷′㐸⸰㘴‱㤴⸹㌱′㔹⸰〸崊⽄敳琠嬱㔠〠删⽘奚‸㌮〹㌰‱㌷⸴㔵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㈹㤠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㤸⸷㐶′㐸⸰㘴′㈰⸶㘴′㔹⸰〸崊⽄敳琠嬱㔠〠删⽘奚‸㌮〹㌰‱㌷⸴㔵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌰〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㠵⸳㐱′〵⸲㌵′㐳⸱㜠㈱㘮ㄷ㥝ਯ䑥獴⁛ㄴ‰⁒ 塙娠㠳⸰㤳〠㈶㌮㌷㤰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼〱‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㈴㘮㔴㈠㈰㔮㈳㔠㈶㠮㐵㤠㈱㘮ㄷ㥝ਯ䑥獴⁛ㄴ‰⁒ 塙娠㠳⸰㤳〠㈶㌮㌷㤰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼〲‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㌰ㄮ㈷ㄠ㈰㔮㈳㔠㌰㠮㈴㔠㈱㘮ㄷ㥝ਯ䑥獴⁛㌱‰⁒ 塙娠㈷㘮㐲㄰′㜸⸴〵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌰㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㌶⸸㐠ㄵ㘮ㄲ‱㤴⸳㠱‱㘷⸰㘳崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰′㘳⸳㜹〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌰㐠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㤷⸶〸‱㔶⸱㈠㈱㤮㔲㔠ㄶ㜮〶㍝ਯ䑥獴⁛ㄴ‰⁒ 塙娠㠳⸰㤳〠㈶㌮㌷㤰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼〵‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛ㄲ㠮㌱㐠㘸⸸㐷‱㜷⸶〸‷㤮㜹ㅝਯ䑥獴⁛ㄷ‰⁒ 塙娠㠳⸰㤳〠ㄱ㔮㘳㘰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼〶‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛ㄸ〮㔹㜠㘸⸸㐷′〲⸵ㄵ‷㤮㜹ㅝਯ䑥獴⁛ㄷ‰⁒ 塙娠㠳⸰㤳〠ㄱ㔮㘳㘰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼〷‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛ㄵ㘮㤱㐠㘶㐮㜵′㈸⸳㌲‶㜵⸶㤴崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰‵㘳⸶㌷〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌰㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲㌲⸰㘶‶㘴⸷㔠㈵㌮㤸㌠㘷㔮㘹㑝ਯ䑥獴⁛ㄸ‰⁒ 塙娠㠳⸰㤳〠㔶㌮㘳㜰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼〹‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㐵㜮〶㘠㘴㈮㤳㈠㔰㐮㤹㘠㘵㌮㠷㕝ਯ䑥獴⁛ㄸ‰⁒ 塙娠㠳⸰㤳〠ㄳ㔮㌴㘰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㄰‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㄰㜮〰㐠㘳㈮㐱ㄠㄲ㠮㌶㌠㘴㈮㤶㙝ਯ䑥獴⁛ㄸ‰⁒ 塙娠㠳⸰㤳〠ㄳ㔮㌴㘰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼ㄱ‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛ㄳㄮ㌵㈠㘳㈮㐱ㄠㄵ㌮㈷‶㐲⸹㘶崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰‱㌵⸳㐶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌱㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬲㔴⸴〵‵㈶⸳ㄳ′㘸⸸㔱‵㌷⸱㠲崊⽄敳琠嬵‰⁒ 塙娠㄰㠠㌱㈮㐱㄰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼ㄳ‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㈰㠮〳㐠㔱㔮㘹㌠㈴㠮㐸㈠㔲㘮㈴㡝ਯ䑥獴⁛ㄸ‰⁒ 塙娠㠳⸰㤳〠㘶㠮㔱〰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼ㄴ‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㈵ㄮ㐷‵ㄵ⸶㤳′㜳⸳㠸‵㈶⸲㐸崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰‶㘸⸵㄰〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌱㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㔰⸶㤠㐹ㄮ㌳㠠㐰ㄮ㔹㌠㔰㈮㌵ㅝਯ䑥獴⁛ㄷ‰⁒ 塙娠㠳⸰㤳〠㘵㠮㔳㠰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼ㄶ‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㐰㐮㘷㐠㐹ㄮ㌳㠠㐲㘮㔹㈠㔰㈮㌵ㅝਯ䑥獴⁛ㄷ‰⁒ 塙娠㠳⸰㤳〠㘵㠮㔳㠰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼ㄷ‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㐲㤮㤵ㄠ㐹ㄮ㌳㠠㐷㜮㈲㠠㔰㈮㌵ㅝਯ䑥獴⁛ㄵ‰⁒ 塙娠㠳⸰㤳〠ㄳ㜮㐵㔰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼ㄸ‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㐸〮㌰㤠㐹ㄮ㌳㠠㔰㈮㈲㜠㔰㈮㌵ㅝਯ䑥獴⁛ㄵ‰⁒ 塙娠㠳⸰㤳〠ㄳ㜮㐵㔰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼ㄹ‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㄰㜮〰㐠㐸〮㐲㠠ㄶ㐮㠶㤠㐹ㄮ㌹㝝ਯ䑥獴⁛ㄹ‰⁒ 塙娠㠳⸰㤳〠㘹㈮〵㈰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㈰‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛ㄶ㠮㄰㤠㐸〮㐲㠠ㄹ㐮㐵‴㤱⸳㤷崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‶㤲⸰㔲〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌲ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㤴⸹㐸‴㠰⸴㈸′〱⸹㈲‴㤱⸳㤷崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‶㌰⸴㌰〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌲㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㠵⸸㔳‴㔸⸶ㄠ㈴㈮㔲㌠㐶㤮㔵㑝ਯ䑥獴⁛ㄹ‰⁒ 塙娠㠳⸰㤳〠㘹㈮〵㈰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㈳‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㈴㔮㤹ㄠ㐵㠮㘱′㜲⸳㌲‴㘹⸵㔴崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‶㤲⸰㔲〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌲㐠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲㤲⸳㌠㐵㠮㘱″㐹‴㘹⸵㔴崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‶㌰⸴㌰〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌲㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㔲⸴㘸‴㔸⸶ㄠ㌷㤮㌶㠠㐶㤮㔵㑝ਯ䑥獴⁛ㄹ‰⁒ 塙娠㠳⸰㤳〠㘳〮㐳〰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㈶‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㐲㔮〵‴㔸⸶ㄠ㐳㈮〲㐠㐶㤮㔵㑝ਯ䑥獴⁛㘠〠删⽘奚‱㐲⸸㤸〠㘰㤮㘶㐰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㈷‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㌸㈮㜴㜠㐲㔮㠸㌠㌸㤮㜲ㄠ㐳㘮㠲㝝ਯ䑥獴⁛㘠〠删⽘奚‱㐸⸹㤴〠㌰㠮㠰㜰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㈸‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㌳㌮㘹㌠㌹ㄮ〰㠠㐰㘮㔲㐠㐰ㄮ㤵ㅝਯ䑥獴⁛ㄸ‰⁒ 塙娠㠳⸰㤳〠ㄳ㔮㌴㘰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㈹‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㐱ㄮ〳㔠㌹ㄮ〰㠠㐳㈮㤵㌠㐰ㄮ㤵ㅝਯ䑥獴⁛ㄸ‰⁒ 塙娠㠳⸰㤳〠ㄳ㔮㌴㘰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㌰‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㐲㘮㘸㘠㌶㤮ㄸ㤠㐷㐮㔸㈠㌸〮ㄳ㍝ਯ䑥獴⁛ㄴ‰⁒ 塙娠㠳⸰㤳〠㘳㘮ㄶ㘰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㌱‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㐷㜮㈷″㘹⸱㠹‴㤹⸱㠸″㠰⸱㌳崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰‶㌶⸱㘶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌳㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㤴⸲〶′㘵⸵㈸‴㔸⸶㈲′㜶⸴㜲崊⽄敳琠嬱㔠〠删⽘奚‸㌮〹㌰″㈹⸱ㄲ〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌳㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㘲⸲㐷′㘵⸵㈸‴㠴⸱㘵′㜶⸴㜲崊⽄敳琠嬱㔠〠删⽘奚‸㌮〹㌰″㈹⸱ㄲ〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌳㐠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㜹⸷㠠㈵㐮㘱㤠㈵㤮㈸ㄠ㈶㔮㔶㍝ਯ䑥獴⁛ㄹ‰⁒ 塙娠㠳⸰㤳〠㜲〮㤴㘰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㌵‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㈶㈮㈷′㔴⸶ㄹ′㠴⸱㠸′㘵⸵㘳崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‷㈰⸹㐶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌳㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬳㌵⸰㌷′㔴⸶ㄹ″㐲⸰ㄱ′㘵⸵㘳崊⽄敳琠嬴ㄠ〠删⽘奚‱㐹⸲㐰〠㐱㠮㠸㈰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㌷‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛ㄲ㐮㐷㌠ㄹ〮㠳㠠ㄳ㠮㤱㤠㈰ㄮ㜸㉝ਯ䑥獴⁛㌠〠删⽘奚‱〸‱㠲⸹ㄲ〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌳㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬲㔲⸵㐶‱㤰⸸㌸′㘶⸹㤱′〱⸷㠲崊⽄敳琠嬴‰⁒ 塙娠㄰㠠㔰㤮㘷㔰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㌹‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㌷㌮㤵㐠ㄹ〮㠳㠠㌸㠮㐠㈰ㄮ㜸㉝ਯ䑥獴⁛㐠〠删⽘奚‱〸‴〴⸴㜹〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌴〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬴㠴⸷㐲‱㤰⸸㌸‴㤹⸱㠸′〱⸷㠲崊⽄敳琠嬴‰⁒ 塙娠㄰㠠㈴㠮㈶㈰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㐱‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㌴ㄮ㘸㐠ㄴ㔮㈱ㄠ㐱㘮㌲ㄠㄵ㘮ㄵ㑝ਯ䑥獴⁛ㄴ‰⁒ 塙娠㠳⸰㤳〠㔹㔮〲㈰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㐲‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㐲〮㌵㘠ㄴ㔮㈱ㄠ㐴㈮㈷㌠ㄵ㘮ㄵ㑝ਯ䑥獴⁛ㄴ‰⁒ 塙娠㠳⸰㤳〠㔹㔮〲㈰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㐳‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛ㄸㄮ〳㘠ㄳ㐮㌰ㄠ㈲㘮㠱㔠ㄴ㔮㈴㕝ਯ䑥獴⁛㌲‰⁒ 塙娠㠳⸰㤳〠㔴㜮㈴㠰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㐴‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㈳〮㔳ㄠㄳ㐮㌰ㄠ㈵㈮㐴㤠ㄴ㔮㈴㕝ਯ䑥獴⁛㌲‰⁒ 塙娠㠳⸰㤳〠㔴㜮㈴㠰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㐵‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㐲㈮㜷㠠ㄱ㈮㐸㌠㐳㜮㈲㌠ㄲ㌮㐲㝝ਯ䑥獴⁛㐠〠删⽘奚‱〸′㐸⸲㘲〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌴㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㘲⸹㈱‵㠶⸵㐶‴㐰⸸㘷‵㤷⸴㠹崊⽄敳琠嬱㘠〠删⽘奚‸㌮〹㌰‶㠰⸲㔸〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌴㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㐵⸰㘶‵㠶⸵㐶‴㘶⸹㠴‵㤷⸴㠹崊⽄敳琠嬱㘠〠删⽘奚‸㌮〹㌰‶㠰⸲㔸〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌴㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲㌶⸹㤹‴㜰⸵㜸″㌰⸰ㄶ‴㠱⸵㈲崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰′ㄸ⸴〰〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌴㤠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㌳⸷㘵‴㜰⸵㜸″㔵⸶㠳‴㠱⸵㈲崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰′ㄸ⸴〰〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌵〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬱㌱⸴㤸‴㔹⸶㘹‱㌸⸴㜲‴㜰⸶ㄳ崊⽄敳琠嬴‰⁒ 塙娠ㄴ㌮㈱㠰‶㔴⸲㤶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌵ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬴㤹⸰ㄹ‴㌵⸶㜠㔰㐮㤹㘠㐴㤮㜵㙝ਯ䑥獴⁛㐠〠删⽘奚‱㈴⸱㐰〠ㄳ㔮㌰㘰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㔲‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㈱㔮ㄳ㈠㐲㐮㜶ㄠ㈲㈮㄰㔠㐳㔮㜰㕝ਯ䑥獴⁛㔠〠删⽘奚‱㐳⸰ㄲ〠㔷㔮㜵〰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㔳‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㐴㔮㠸㠠㌶㌮㌳㤠㔰㈮㔰㘠㌷㐮㈸㍝ਯ䑥獴⁛ㄴ‰⁒ 塙娠㠳⸰㤳〠㈶㌮㌷㤰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㔴‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㄰㜮〰㐠㌵㈮㐳‱㈸⸹㈲″㘳⸳㜴崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰′㘳⸳㜹〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌵㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬲㔲⸰㈸″㔲⸴㌠㈶㘮㐷㐠㌶㌮㌷㑝ਯ䑥獴⁛㈠〠删⽘奚‱〸′〲⸵〴〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌵㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲〷⸰㔸′㔹⸶㜸′㠳⸲㌱′㜰⸶㈲崊⽄敳琠嬱㘠〠删⽘奚‸㌮〹㌰‵ㄷ⸵〵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌵㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲㠶⸲㈠㈵㤮㘷㠠㌰㠮ㄳ㠠㈷〮㘲㉝ਯ䑥獴⁛ㄶ‰⁒ 塙娠㠳⸰㤳〠㔱㜮㔰㔰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㔸‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㌳㘮㌰㜠ㄷ㌮㜷㈠㌴㈮㈸㔠ㄸ㜮㠵㡝ਯ䑥獴⁛㐠〠删⽘奚‱㈴⸱㐰〠㄰㌮㘵㌰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㔹‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㐸ㄮ㈱㠠ㄶ〮㘸㈠㐸㜮ㄹ㔠ㄷ㐮㜶㡝ਯ䑥獴⁛㐠〠删⽘奚‱㈴⸱㐰〠㤱⸹㈵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌶〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱㈳⸱㐳‸㤮㜰㘠㈸〮㤷㔠㄰㌮㐲㙝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯睷眮汵浩⵳異敲捯浰畴敲⹥甩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㘱‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㈸㠮㔷㈠㔰㤮㈰㘠㈹㐮㔴㤠㔲㌮㈹㉝ਯ䑥獴⁛㔠〠删⽘奚‱㈴⸱㐰〠㠱⸹㘳〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌶㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㘹⸷㠹″㤸⸷㈲‵〴⸹㤶‴〹⸶㘶崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰′㘳⸳㜹〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌶㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱〷⸰〴″㠷⸸ㄳ‱㈹⸳㤴″㤸⸷㔷崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰′㘳⸳㜹〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌶㐠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㌳⸴ㄴ″㠷⸸ㄳ‱㔵⸳㌲″㤸⸷㔷崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰′㘳⸳㜹〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌶㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬴㔶⸷㜷″㠷⸸ㄳ‴㜱⸲㈳″㤸⸷㔷崊⽄敳琠嬴‰⁒ 塙娠㄰㠠㔰㤮㘷㔰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㘶‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㈱㘮ㄠ㌵㔮〸㔠㈳〮㔴㔠㌶㘮〲㥝ਯ䑥獴⁛㌠〠删⽘奚‱〸‷㈰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㘷‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛ㄶㄮ㔳㤠㌴㐮㔶㔠㈲ㄮㄷ㜠㌵㔮ㄲ崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‶㤲⸰㔲〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌶㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲㈵⸳〲″㐴⸵㘵′㔱⸶㐳″㔵⸱㉝ਯ䑥獴⁛ㄹ‰⁒ 塙娠㠳⸰㤳〠㘹㈮〵㈰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㘹‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㌱㠮㠸㜠㌴㐮㔶㔠㌷㠮㔲㐠㌵㔮ㄲ崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‶㌰⸴㌰〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌷〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㠲⸶㔠㌴㐮㔶㔠㐰㤮㔴㤠㌵㔮ㄲ崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‶㌰⸴㌰〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌷ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㔸⸷㌠㌴㐮㔶㔠㔰㐮㤹㘠㌵㔮ㄲ崊⽄敳琠嬱㘠〠删⽘奚‸㌮〹㌰‵㐷⸲㠵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌷㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱〷⸰〴″㌳⸲㘷‱㔳⸰ㄵ″㐴⸲ㄱ崊⽄敳琠嬱㘠〠删⽘奚‸㌮〹㌰‵㐷⸲㠵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌷㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㔶⸷㈵″㌳⸲㘷‱㜸⸶㐳″㐴⸲ㄱ崊⽄敳琠嬱㘠〠删⽘奚‸㌮〹㌰‵㐷⸲㠵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌷㐠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲㐰⸲㘱″㌳⸲㘷″〴⸸㐷″㐴⸲ㄱ崊⽄敳琠嬱㔠〠删⽘奚‸㌮〹㌰″㈹⸱ㄲ〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌷㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳〸⸵㔷″㌳⸲㘷″㌰⸴㜵″㐴⸲ㄱ崊⽄敳琠嬱㔠〠删⽘奚‸㌮〹㌰″㈹⸱ㄲ〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌷㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㠶⸱㈵″㌳⸲㘷‴㔸⸴㔲″㐴⸲ㄱ崊⽄敳琠嬱㔠〠删⽘奚‸㌮〹㌰‴㘶⸲㈴〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌷㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㘲⸱㘳″㌳⸲㘷‴㠴⸰㠠㌴㐮㈱ㅝਯ䑥獴⁛ㄵ‰⁒ 塙娠㠳⸰㤳〠㐶㘮㈲㐰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㜸‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛ㄷ㤮㜸″㈲⸳㔸′㔹⸲㠱″㌳⸳〲崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‷㈰⸹㐶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌷㤠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲㘲⸲㜠㌲㈮㌵㠠㈸㐮ㄸ㠠㌳㌮㌰㉝ਯ䑥獴⁛ㄹ‰⁒ 塙娠㠳⸰㤳〠㜲〮㤴㘰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㠰‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㌴㜮〸ㄠ㈷㌮㠴㐠㌵㐮〵㔠㈸㐮㤱㕝ਯ䑥獴⁛㘠〠删⽘奚‱㐲⸸㤸〠㘰㤮㘶㐰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㠱‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛ㄸ㌮㘱㜠㈶㈮㤳㔠㈳ㄮ㔲′㜳⸹㌶崊⽄敳琠嬱㜠〠删⽘奚‸㌮〹㌰′㔹⸲㈵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌸㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲㌵⸴㘶′㘲⸹㌵′㔷⸳㠴′㜳⸹㌶崊⽄敳琠嬱㜠〠删⽘奚‸㌮〹㌰′㔹⸲㈵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌸㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲㤷⸸〵′㘲⸹㌵″㐵⸷〸′㜳⸹㌶崊⽄敳琠嬱㜠〠删⽘奚‸㌮〹㌰′㤹⸸ㄵ〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌸㐠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㐹⸶㔴′㘲⸹㌵″㜱⸵㜲′㜳⸹㌶崊⽄敳琠嬱㜠〠删⽘奚‸㌮〹㌰′㤹⸸ㄵ〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌸㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㌸⸱㐵′㘲⸹㌵‵〲⸵〶′㜳⸹㌶崊⽄敳琠嬱㘠〠删⽘奚‸㌮〹㌰‶㈸⸶㘱〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌸㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱〷⸰〴′㔲⸰㈶‱㈸⸹㈲′㘳⸰㈷崊⽄敳琠嬱㘠〠删⽘奚‸㌮〹㌰‶㈸⸶㘱〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌸㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㘲⸷㌠㈵㈮〲㘠㈱〮㠱㠠㈶㌮〲㝝ਯ䑥獴⁛ㄹ‰⁒ 塙娠㠳⸰㤳〠㈰㘮ㄵ㌰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㠸‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㈱㐮ㄵ′㔲⸰㈶′㌶⸰㘸′㘳⸰㈷崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰′〶⸱㔳〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌸㤠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲㤶⸰㈸′㔲⸰㈶″㐸⸲㌱′㘳⸰㈷崊⽄敳琠嬳㈠〠删⽘奚‸㌮〹㌰‶㠰⸲㐹〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌹〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㔱⸵㘳′㔲⸰㈶″㜳⸴㠱′㘳⸰㈷崊⽄敳琠嬳㈠〠删⽘奚‸㌮〹㌰‶㠰⸲㐹〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌹ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴〷⸲㠹′㔲⸰㈶‴㔰⸰㤷′㘳⸰㈷崊⽄敳琠嬱㔠〠删⽘奚‸㌮〹㌰‱㤰⸴㌱〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌹㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㔳⸴㈹′㔲⸰㈶‴㜵⸳㐷′㘳⸰㈷崊⽄敳琠嬱㔠〠删⽘奚‸㌮〹㌰‱㤰⸴㌱〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌹㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㄰⸳㈱′㐱⸱ㄷ‱㜷⸷㘳′㔲⸱ㄷ崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰‴ㄷ⸰㐵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌹㐠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㠰⸹㘴′㐱⸱ㄷ′〲⸸㠲′㔲⸱ㄷ崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰‴ㄷ⸰㐵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌹㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲㠲⸳㈲′㐱⸱ㄷ″㐸⸱′㔲⸱ㄷ崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰″㌴⸷㔷〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌹㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㔱⸳〱′㐱⸱ㄷ″㜳⸲ㄹ′㔲⸱ㄷ崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰″㌴⸷㔷〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌹㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬴㌳⸷㔶′㐱⸱ㄷ‴㐲⸹㐱′㔲⸱ㄷ崊⽄敳琠嬹‰⁒ 塙娠㄰㠠㜲〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㌹㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬲㜸⸳〲′ㄹ⸳㔶′㠵⸲㜶′㌰⸲㤹崊⽄敳琠嬵㘠〠删⽘奚‱㐸⸰㐲〠ㄷ㠮㈱㠰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਲ਼㤹‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㄰㜮〰㐠ㄸㄮㄴ㤠ㄵ㘮㤸㔠ㄹ㈮〹㍝ਯ䑥獴⁛ㄷ‰⁒ 塙娠㠳⸰㤳〠㘵㠮㔳㠰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴〰‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛ㄶ〮㐳ㄠㄸㄮㄴ㤠ㄸ㈮㌴㤠ㄹ㈮〹㍝ਯ䑥獴⁛ㄷ‰⁒ 塙娠㠳⸰㤳〠㘵㠮㔳㠰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴〱‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㐲㈮㤱‱㐸⸴㈲‴㜶⸰㤠ㄵ㤮㌶㕝ਯ䑥獴⁛ㄷ‰⁒ 塙娠㠳⸰㤳〠㘵㠮㔳㠰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴〲‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㐸〮㌰㤠ㄴ㠮㐲㈠㔰㈮㈲㜠ㄵ㤮㌶㕝ਯ䑥獴⁛ㄷ‰⁒ 塙娠㠳⸰㤳〠㘵㠮㔳㠰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴〳‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㄰㜮〰㐠ㄳ㜮㔱㈠ㄵ㌮㘰㠠ㄴ㠮㐵㙝ਯ䑥獴⁛ㄸ‰⁒ 塙娠㠳⸰㤳〠㌴㈮㤸㈰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴〴‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛ㄵ㘮㌵㈠ㄳ㜮㔱㈠ㄷ㠮㈷‱㐸⸴㔶崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰″㐲⸹㠲〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐰㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴〴⸵㜱‱㌷⸵ㄲ‴㐴⸵㌠ㄴ㠮㐵㙝ਯ䑥獴⁛ㄸ‰⁒ 塙娠㠳⸰㤳〠㘶㠮㔱〰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴〶‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㐴㜮㈷㔠ㄳ㜮㔱㈠㐶㤮ㄹ㌠ㄴ㠮㐵㙝ਯ䑥獴⁛ㄸ‰⁒ 塙娠㠳⸰㤳〠㘶㠮㔱〰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴〷‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㌳㌮㈷ㄠㄲ㘮㘰㌠㌸㘮㈱ㄠㄳ㜮㔴㝝ਯ䑥獴⁛ㄷ‰⁒ 塙娠㠳⸰㤳〠㘵㠮㔳㠰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴〸‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㌹〮㌱‱㈶⸶〳‴ㄲ⸲㈸‱㌷⸵㐷崊⽄敳琠嬱㜠〠删⽘奚‸㌮〹㌰‶㔸⸵㌸〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐰㤠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱㈳⸱㐳‶㠮〱㔠㈳㠮ㄱㄠ㠱⸷㌵崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽷睷⹭潳慩捭氮捯洩㸾ਯ卵扴祰支䱩湫㸾敮摯扪਴㄰‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㐲㐮㤰㐠㔸㐮㘹㌠㐳㤮㌵‵㤵⸶㌷崊⽄敳琠嬳‰⁒ 塙娠㄰㠠㔰㔮㐰〰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴ㄱ‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㈴〮㜶㘠㈸㌮㠳㘠㈵㔮㈱㈠㈹㐮㜷㥝ਯ䑥獴⁛㌠〠删⽘奚‱〸‵〵⸴〰〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐱㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬱㜴⸱㌴′㐰⸰㔸‱㠱⸱〸′㔱⸰〱崊⽄敳琠嬶‰⁒ 塙娠ㄴ㈮㠹㠰‶〹⸶㘴〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐱㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬲㤴⸱㌸′ㄸ⸲㌹″〸⸵㠴′㈹⸱㠳崊⽄敳琠嬳‰⁒ 塙娠㄰㠠㔰㔮㐰〰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴ㄴ‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛ㄴ㜮㘰㘠ㄹ〮㤴㈠ㄵ㐮㔸′〱⸸㠶崊⽄敳琠嬶‰⁒ 塙娠ㄴ㠮㤹㐰″〸⸸〷〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐱㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬴ㄸ⸲㈷‱㔸⸲ㄵ‴㈵⸲〱‱㘹⸱㔸崊⽄敳琠嬵㘠〠删⽘奚‱㐲⸹㐲〠㘱㤮㌸㜰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴ㄶ‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㐸〮㜰㤠ㄵ㠮㈱㔠㐸㤮㠹㔠ㄶ㤮ㄵ㡝ਯ䑥獴⁛㤠〠删⽘奚‱〸‷㈰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴ㄷ‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛ㄷ㐮〸㠠㘸⸸㐷′㐵⸶㘷‷㤮㜹ㅝਯ䑥獴⁛ㄸ‰⁒ 塙娠㠳⸰㤳〠ㄳ㔮㌴㘰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴ㄸ‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㈵〮㌷㠠㘸⸸㐷′㜲⸲㤶‷㤮㜹ㅝਯ䑥獴⁛ㄸ‰⁒ 塙娠㠳⸰㤳〠ㄳ㔮㌴㘰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴ㄹ‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㐸ㄮ㐲㔠㐰㐮㠲‵〴⸹㤶‴ㄵ⸷㘳崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰‱㌵⸳㐶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐲〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱〷⸰〴″㤳⸹ㄱ‱㔸⸲㤸‴〴⸸㔴崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰‱㌵⸳㐶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐲ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㘱⸱㜱″㤳⸹ㄱ‱㠳⸰㠹‴〴⸸㔴崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰‱㌵⸳㐶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐲㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲㜱⸹㠳″ㄷ⸰〲″ㄹ⸸㠷″㈷⸹㐶崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰‶㌶⸱㘶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐲㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㈲⸵㜹″ㄷ⸰〲″㐴⸴㤷″㈷⸹㐶崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰‶㌶⸱㘶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐲㐠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㠸⸱㜷″ㄷ⸰〲‴㌸⸰〴″㈷⸹㐶崊⽄敳琠嬱㜠〠删⽘奚‸㌮〹㌰″㔱⸳ㄴ〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐲㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㐰⸶㤶″ㄷ⸰〲‴㘲⸶ㄴ″㈷⸹㐶崊⽄敳琠嬱㜠〠删⽘奚‸㌮〹㌰″㔱⸳ㄴ〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐲㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㈷⸸ㄱ″〶⸰㤳‱㜸⸸㤱″ㄷ⸰㌷崊⽄敳琠嬱㘠〠删⽘奚‸㌮〹㌰‷㈰⸹㐶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐲㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㠱⸹㌵″〶⸰㤳′〳⸸㔳″ㄷ⸰㌷崊⽄敳琠嬱㘠〠删⽘奚‸㌮〹㌰‷㈰⸹㐶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐲㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲㜵⸸㌳″〶⸰㤳″㈹⸶㜲″ㄷ⸰㌷崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰‹㌮㠱㠰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴㈹‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㌳㈮㜱㜠㌰㘮〹㌠㌵㐮㘳㐠㌱㜮〳㝝ਯ䑥獴⁛ㄸ‰⁒ 塙娠㠳⸰㤳〠㤳⸸ㄸ〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐳〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㔷⸹㔸″〶⸰㤳″㠵⸴〴″ㄷ⸰㌷崊⽄敳琠嬱㘠〠删⽘奚‸㌮〹㌰‴㜶⸸ㄷ〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐳ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㠸⸴㐹″〶⸰㤳‴㄰⸳㘷″ㄷ⸰㌷崊⽄敳琠嬱㘠〠删⽘奚‸㌮〹㌰‴㜶⸸ㄷ〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐳㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㘷⸸㌶″〶⸰㤳‵〴⸹㤶″ㄷ⸰㌷崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‷㈰⸹㐶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐳㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱〷⸰〴′㤵⸱㠴‱㐸⸸㐶″〶⸱㈸崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‷㈰⸹㐶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐳㐠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㔲⸳㈴′㤵⸱㠴‱㜴⸲㐲″〶⸱㈸崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‷㈰⸹㐶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐳㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲㘶⸷㐹′㤵⸱㠴″㈰⸹〷″〶⸱㈸崊⽄敳琠嬱㘠〠删⽘奚‸㌮〹㌰″ㄴ⸰㘵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐳㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㈴⸳㠵′㤵⸱㠴″㐶⸳〲″〶⸱㈸崊⽄敳琠嬱㘠〠删⽘奚‸㌮〹㌰″ㄴ⸰㘵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐳㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㠶⸶㌵′㤵⸱㠴‴㐴⸶㜸″〶⸱㈸崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰′㘳⸳㜹〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐳㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㐸⸱㔶′㤵⸱㠴‴㜰⸰㜴″〶⸱㈸崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰′㘳⸳㜹〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐳㤠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㐴⸳㈠㈸㐮㈷㔠ㄸ㜮㤹㤠㈹㔮㈱㥝ਯ䑥獴⁛ㄴ‰⁒ 塙娠㠳⸰㤳〠㔴㈮㤶㤰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴㐰‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛ㄹㄮ㐹㌠㈸㐮㈷㔠㈱㌮㐱′㤵⸲ㄹ崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰‵㐲⸹㘹〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐴ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲㤶⸷㜴′㠴⸲㜵″㐰⸴㔳′㤵⸲ㄹ崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰‵㐲⸹㘹〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐴㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㐳⸹㐷′㠴⸲㜵″㘵⸸㘵′㤵⸲ㄹ崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰‵㐲⸹㘹〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐴㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㐵⸴㐠㈸㐮㈷㔠㔰㐮㤹㘠㈹㔮㈱㥝ਯ䑥獴⁛ㄷ‰⁒ 塙娠㠳⸰㤳〠㐲㐮㘳㄰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴㐴‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㄰㜮〰㐠㈷㌮㌶㘠ㄲ㠮㘸㈠㈸㐮㌱崊⽄敳琠嬱㜠〠删⽘奚‸㌮〹㌰‴㈴⸶㌱〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐴㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㌱⸹㠹′㜳⸳㘶‱㔳⸹〶′㠴⸳ㅝਯ䑥獴⁛ㄷ‰⁒ 塙娠㠳⸰㤳〠㐲㐮㘳㄰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴㐶‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㈷㐮㈳ㄠ㈷㌮㌶㘠㌳ㄮ㤳㌠㈸㐮㌱崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰′㘳⸳㜹〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐴㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㌵⸲㐠㈷㌮㌶㘠㌵㜮ㄵ㜠㈸㐮㌱崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰′㘳⸳㜹〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐴㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㌳⸲㜠㈶㈮㐵㜠㐷㔮㈰㌠㈷㌮㑝ਯ䑥獴⁛ㄸ‰⁒ 塙娠㠳⸰㤳〠㜲〮㤴㘰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴㐹‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㐷㤮㜶ㄠ㈶㈮㐵㜠㔰ㄮ㘷㤠㈷㌮㑝ਯ䑥獴⁛ㄸ‰⁒ 塙娠㠳⸰㤳〠㜲〮㤴㘰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴㔰‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㌲㠮㤹㐠㈲㜮〵㐠㌳㔮㤶㠠㈳㠮〲㉝ਯ䑥獴⁛㐱‰⁒ 塙娠ㄴ㤮㈴〰‴ㄸ⸸㠲〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐵ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㌲⸵㈶‹㘮ㄴ㔠㌸ㄮ㠳‱〷⸰㠸崊⽄敳琠嬱㔠〠删⽘奚‸㌮〹㌰‵〸⸲㤲〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐵㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㠴⸸ㄹ‹㘮ㄴ㔠㐰㘮㜳㜠㄰㜮〸㡝ਯ䑥獴⁛ㄵ‰⁒ 塙娠㠳⸰㤳〠㔰㠮㈹㈰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴㔳‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㈴㘮㐴ㄠ㜹⸷㔶′㔳⸴ㄵ‹〮㝝ਯ䑥獴⁛㐱‰⁒ 塙娠ㄴ㤮㈴〰‴ㄸ⸸㠲〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐵㐠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲㌰⸳ㄠ㔶㈮㘲㌠㈸㘮㤹㌠㔷㌮㔶㝝ਯ䑥獴⁛ㄴ‰⁒ 塙娠㠳⸰㤳〠ㄶ㜮㘸㤰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴㔵‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㈹〮㘲㈠㔶㈮㘲㌠㌱㈮㔴‵㜳⸵㘷崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰‱㘷⸶㠹〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐵㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳ㄶ⸴㐹‵㘲⸶㈳″㜸⸵ㄲ‵㜳⸵㘷崊⽄敳琠嬱㘠〠删⽘奚‸㌮〹㌰″㔴⸷㔳〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐵㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㠲⸱㐱‵㘲⸶㈳‴〴⸰㔹‵㜳⸵㘷崊⽄敳琠嬱㘠〠删⽘奚‸㌮〹㌰″㔴⸷㔳〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐵㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴〷⸹㘸‵㘲⸶㈳‴㐶⸹㠷‵㜳⸵㘷崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‱㜷⸲㔸〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐵㤠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㔰⸶ㄷ‵㘲⸶㈳‴㜲⸵㌵‵㜳⸵㘷崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‱㜷⸲㔸〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐶〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㜶⸴㐳‵㘲⸶㈳‵〴⸹㤶‵㜳⸵㘷崊⽄敳琠嬱㜠〠删⽘奚‸㌮〹㌰′ㄸ⸶㌵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐶ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱〷⸰〴‵㔱⸷ㄴ‱㈹⸸ㄸ‵㘲⸶㔸崊⽄敳琠嬱㜠〠删⽘奚‸㌮〹㌰′ㄸ⸶㌵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐶㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㌴⸲㘲‵㔱⸷ㄴ‱㔶⸱㠠㔶㈮㘵㡝ਯ䑥獴⁛ㄷ‰⁒ 塙娠㠳⸰㤳〠㈱㠮㘳㔰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴㘳‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㐷㐮㜷㈠㐱㌮ㄴ㔠㐸〮㜴㤠㐲㜮㈳ㅝਯ䑥獴⁛㜠〠删⽘奚‱㈴⸱㐰〠ㄴ㠮㠰〰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴㘴‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㐷㠮㜵㜠㐱㌮ㄴ㔠㐸㐮㜳㐠㐲㜮㈳ㅝਯ䑥獴⁛㜠〠删⽘奚‱㈴⸱㐰〠ㄳ㜮〷㈰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴㘵‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㐵〮㤷″㔱⸶㤱‴㔶⸹㐷″㘵⸷㜷崊⽄敳琠嬷‰⁒ 塙娠ㄲ㐮ㄴ〰‱㈵⸳㐴〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐶㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲㘶⸰㤷″ㄸ⸹㘴″㈲⸳㠳″㈹⸹〸崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‴㠱⸵㌵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐶㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㈵⸵㐶″ㄸ⸹㘴″㐷⸴㘴″㈹⸹〸崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‴㠱⸵㌵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐶㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬴㜰⸱〵″〵⸸㜴‴㜹⸵㘹″ㄹ⸹㙝ਯ䑥獴⁛㜠〠删⽘奚‱㈴⸱㐰〠㄰㌮㘵㌰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴㘹‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㈲ㄮ㤴ㄠ㈸ㄮ㠷㘠㈳ㄮ㐰㔠㈹㔮㤶ㅝਯ䑥獴⁛㜠〠删⽘奚‱㈴⸱㐰〠㤱⸹㈵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐷〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬲㜱⸴㐳′㠱⸸㜶′㜸⸴ㄷ′㤵⸹㘱崊⽄敳琠嬱㌴‰⁒ 塙娠ㄴ㘮㤱㜰‵㠲⸱㐶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐷ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱㈳⸱㐳‱㌴⸸㔲‴㘵⸵㔵‱㐸⸴㠹崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽷睷⹮牥氮杯瘯捯浰畴慴楯湡氭獣楥湣支浥慳畲楮札敦晩捩敮捹⵰略⹨瑭氩㸾ਯ卵扴祰支䱩湫㸾敮摯扪਴㜲‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄲ㌮ㄴ㌠ㄲ㌮ㄲ㐠㌶㤮㤱㔠ㄳ㘮㠴㕝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯睷眮杯潧汥⹣潭⽡扯畴⽤慴慣敮瑥牳⽥晦楣楥湣礯⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㐷㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱㈳⸱㐳‱ㄲ⸳㤲‵〴⸹㤶‱㈵⸱ㄷ崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽷睷⹣汥慮敮敲杹牥杵污瑯爮杯瘮慵⽉湦潨畢⽍慲步瑳⽐慧敳⽱捭爯摥捥浢敲⵱畡牴敲ⴲ〲㈯䕭楳獩潮猭剥摵捴楯渮慳灸⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㐷㐠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱〷⸰〴‱〱⸴㌳″㈷⸰㈶‱ㄲ⸶㐱崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽷睷⹣汥慮敮敲杹牥杵污瑯爮杯瘮慵⽉湦潨畢⽍慲步瑳⽐慧敳⽱捭爯摥捥浢敲⵱畡牴敲ⴲ〲㈯䕭楳獩潮猭剥摵捴楯渮慳灸⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㐷㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱㈳⸱㐳‸㤮㜰㘠㈸〮㤷㔠㄰㌮㐲㙝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯睷眮汵浩⵳異敲捯浰畴敲⹥甩㸾ਯ卵扴祰支䱩湫㸾敮摯扪਴㜶‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛㄰㜮〰㐠㘸⸰ㄵ′㈱⸹㜱‷㤮㈲㍝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯瑲祣慲扯湡牡⹣潭⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㐷㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳〵⸳㐱‵㐶⸲㘶″㐴⸸㘳‵㔷⸲ㅝਯ䑥獴⁛ㄶ‰⁒ 塙娠㠳⸰㤳〠ㄷ〮ㄸ㈰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴㜸‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㌴㜮㤴㈠㔴㘮㈶㘠㌶㤮㠶‵㔷⸲ㅝਯ䑥獴⁛ㄶ‰⁒ 塙娠㠳⸰㤳〠ㄷ〮ㄸ㈰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴㜹‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㐴㌮〵㠠㔴㘮㈶㘠㔰㈮㔰㘠㔵㜮㈱崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰‱㜶⸸㜳〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐸〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱〷⸰〴‵㌵⸳㔷‱㈸⸹㈲‵㐶⸳〱崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰‱㜶⸸㜳〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐸ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㠵⸹〸‵㌵⸳㔷′㌷⸰㐷‵㐶⸳〱崊⽄敳琠嬳㈠〠删⽘奚‸㌮〹㌰‶〹⸷㘳〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐸㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲㐰⸹㔳‵㌵⸳㔷′㘲⸸㜱‵㐶⸳〱崊⽄敳琠嬳㈠〠删⽘奚‸㌮〹㌰‶〹⸷㘳〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐸㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳〸⸰㐲‵㌵⸳㔷″㜰⸶㔸‵㐶⸳〱崊⽄敳琠嬱㘠〠删⽘奚‸㌮〹㌰″㔴⸷㔳〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐸㐠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㜴⸵㘴‵㌵⸳㔷″㤶⸴㠲‵㐶⸳〱崊⽄敳琠嬱㘠〠删⽘奚‸㌮〹㌰″㔴⸷㔳〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐸㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㐳⸳〷‵㌵⸳㔷‵〲⸵〶‵㐶⸳〱崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‶㤲⸰㔲〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐸㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱〷⸰〴‵㈴⸴㐸‱㌳⸳㐵‵㌵⸳㤲崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‶㤲⸰㔲〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐸㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲〱⸹㐷‵㈴⸴㐸′㘰⸵㌱‵㌵⸳㤲崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰‶㌰⸴㌰〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐸㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲㘴⸱㌠㔲㐮㐴㠠㈹ㄮ〲㤠㔳㔮㌹㉝ਯ䑥獴⁛ㄹ‰⁒ 塙娠㠳⸰㤳〠㘳〮㐳〰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴㠹‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㄰㜮〰㐠㔱㌮㔳㤠ㄲㄮ㐵‵㈴⸴㠳崊⽄敳琠嬷‰⁒ 塙娠㄰㠠㘰〮㐵㌰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴㤰‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㌸㈮㤰㌠㔰〮㐴㤠㐳㤮㤶㔠㔱㐮㔳㕝ਯ䑥獴⁛ㄹ‰⁒ 塙娠㠳⸰㤳〠㐸ㄮ㔳㔰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴㤱‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㐴㌮㔱㐠㔰〮㐴㤠㐶㔮㐳㈠㔱㐮㔳㕝ਯ䑥獴⁛ㄹ‰⁒ 塙娠㠳⸰㤳〠㐸ㄮ㔳㔰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴㤲‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㈷㈮㘴㈠㐴㜮㌷㔠㈸㈮㄰㘠㐶ㄮ㐶ㅝਯ䑥獴⁛ㄳ㐠〠删⽘奚‱㈴⸱㐰〠㈱〮㤷〰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴㤳‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㌲㠮㤷‴㈷⸱㔴″㌸⸴㌴‴㐱⸲㑝ਯ䑥獴⁛ㄳ㐠〠删⽘奚‱㈴⸱㐰〠ㄹ㤮㈴㈰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴㤴‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㌸㠮㤴㈠㐲㜮ㄵ㐠㌹㠮㐰㜠㐴ㄮ㈴崊⽄敳琠嬱㌴‰⁒ 塙娠ㄲ㐮ㄴ〰‱㠷⸵ㄴ〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐹㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬴㜵⸸㐲‴㈷⸱㔴‴㠵⸳〷‴㐱⸲㑝ਯ䑥獴⁛ㄳ㐠〠删⽘奚‱㈴⸱㐰〠ㄷ㔮㜸㘰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪਴㤶‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㈴㘮㌵″㠵⸱ㄴ″〳⸴ㄵ″㤹⸲崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰′㘳⸳㜹〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐹㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳〶⸴〴″㠵⸱ㄴ″㈸⸳㈲″㤹⸲崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰′㘳⸳㜹〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐹㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬳㌲⸱㌸″㠵⸱ㄴ″㐱⸶〲″㤹⸲崊⽄敳琠嬱㌴‰⁒ 塙娠ㄲ㐮ㄴ〰‱㘴⸰㔸〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㐹㤠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬳ㄱ⸷㤵″㘵⸲㠲″㈱⸲㔹″㜸⸹㜹崊⽄敳琠嬱㌴‰⁒ 塙娠ㄲ㐮ㄴ〰‱㔲⸳㌰〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㔰〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㠱⸱㠱″㘵⸲㠲‴㌱⸲㠹″㜸⸹㜹崊⽄敳琠嬱㜠〠删⽘奚‸㌮〹㌰‱ㄵ⸶㌶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㔰ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㌴⸶㠴″㘵⸲㠲‴㔶⸶〲″㜸⸹㜹崊⽄敳琠嬱㜠〠删⽘奚‸㌮〹㌰‱ㄵ⸶㌶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㔰㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬱㜷⸴㔹″㔲⸱㤲‱㠶⸹㈳″㘶⸲㜸崊⽄敳琠嬱㌴‰⁒ 塙娠ㄲ㐮ㄴ〰‱㐰⸶〲〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㔰㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬲㈲⸱㤷″㌱⸹㜱′㌱⸶㘲″㐶⸰㔷崊⽄敳琠嬱㌴‰⁒ 塙娠ㄲ㐮ㄴ〰‱㈸⸸㜴〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㔰㐠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬲㠸⸳㠴″㌱⸹㜱′㤷⸸㐹″㐶⸰㔷崊⽄敳琠嬱㌴‰⁒ 塙娠ㄲ㐮ㄴ〰‱ㄷ⸱㐷〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㔰㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴〸⸲㠶″㌱⸹㜱‴㜷⸲㔲″㐶⸰㔷崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰‵㘳⸶㌷〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㔰㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㜹⸷㘱″㌱⸹㜱‵〱⸶㜹″㐶⸰㔷崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰‵㘳⸶㌷〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㔰㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬱㠹⸴㠴″ㄸ⸸㠱‱㤸⸹㐹″㌲⸹㘷崊⽄敳琠嬱㌴‰⁒ 塙娠ㄲ㐮ㄴ〰‱〵⸴ㄹ〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㔰㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㈹⸱〹″ㄸ⸸㠱″㤸⸸㤷″㌲⸹㘷崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰‱㌵⸳㐶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㔰㤠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴〱⸸㠶″ㄸ⸸㠱‴㈳⸸〳″㌲⸹㘷崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰‱㌵⸳㐶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㔱〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬴㌱⸵ㄳ′㤸⸶㘠㐴〮㤷㠠㌱㈮㜴㙝ਯ䑥獴⁛ㄳ㐠〠删⽘奚‱㈴⸱㐰〠㤳⸶㤱〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㔱ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬲㤴⸴㠹′㈱⸸㔳″〳⸹㔴′㌵⸹㌹崊⽄敳琠嬱㌴‰⁒ 塙娠ㄲ㐮ㄴ〰‸ㄮ㤶㌰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਵㄲ‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㌳㘮㠲′㈱⸸㔳″㠳⸶㘴′㌵⸹㌹崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰′㔶⸸㘶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㔱㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳㠶⸶㔳′㈱⸸㔳‴〸⸵㜱′㌵⸹㌹崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰′㔶⸸㘶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㔱㐠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴ㄱ⸸㌸′㈱⸸㔳‴㘰⸵㤵′㌵⸹㌹崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰‴㐷⸸㔵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㔱㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㘳⸵㠴′㈱⸸㔳‴㠵⸵〲′㌵⸹㌹崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰‴㐷⸸㔵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㔱㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱㈳⸱㐳‱㤷⸰㈳′㜱⸰㘲′㄰⸷㐳崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽧楴桵戮捯洯慬汥湡椯佌䵯⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔱㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱㈳⸱㐳‱㠵⸲㤵″〴⸵ㄱ‱㤹⸰ㄵ崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽨畧杩湧晡捥⹣漯慬汥湡椯佌䵯ⴷ䈩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵㄸ‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄲ㌮ㄴ㌠ㄷ㌮㔶㜠㌴㌮ㄶ㘠ㄸ㜮㈸㝝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯桵杧楮杦慣攮捯⽡汬敮慩⽏䱍漭㝂ⵔ睩渭㉔⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔱㤠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱㈳⸱㐳‱㘱⸸㌹″〴⸵ㄱ‱㜵⸵㔹崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽨畧杩湧晡捥⹣漯慬汥湡椯佌䵯ⴱ䈩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㈰‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄲ㌮ㄴ㌠ㄵ〮ㄱㄠ㌳㘮㤶㐠ㄶ㌮㠳ㅝਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯桵杧楮杦慣攮捯⽤慴慳整猯慬汥湡椯摯汭愩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㈱‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄲ㌮ㄴ㌠ㄳ㠮㌸㌠㈷㔮㜶㤠ㄵ㈮㄰㍝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯杩瑨畢⹣潭⽡汬敮慩⽤潬浡⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔲㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱㈳⸱㐳‱㈶⸶㔵′㜵⸷㘹‱㐰⸳㜵崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽧楴桵戮捯洯慬汥湡椯睩浢搩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㈳‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄲ㌮ㄴ㌠ㄱ㐮㤲㜠㈹㔮〹㘠ㄲ㠮㘴㝝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯杩瑨畢⹣潭⽡汬敮慩⽏䱍漭䕶慬⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔲㐠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱㈳⸱㐳‱〳⸱㤹′㠵⸱㠴‱ㄶ⸹ㄹ崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽧楴桵戮捯洯慬汥湡椯捡瑷慬欩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㈵‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄲ㌮ㄴ㌠㤱⸴㜱′㌳⸴〳‱〵⸱㤱崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽰慬潭愮慬汥渮慩⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔲㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱㈳⸱㐳‷㤮㜴㌠㐳㠮㌰㠠㤳⸴㘳崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽷慮摢⹡椯慩㈭汬洯佌䵯ⴷ䈯牥灯牴猯佌䵯ⴷ䈭ⵖ浬汤穯㉎穑祍穫㔩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㈷‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄲ㌮ㄴ㌠㘸⸰ㄵ″ㄳ⸹㈶‸ㄮ㜳㕝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯杩瑨畢⹣潭⽡汬敮慩⽯灥渭楮獴牵捴⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔲㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬳㈵⸴㤴‶㔵⸷㤶″㌴⸹㔸‶㘹⸸㠲崊⽄敳琠嬸‰⁒ 塙娠ㄲ㐮ㄴ〰‸ㄮ㤶㌰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㈹‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄲ㌮ㄴ㌠㘸⸰ㄵ″㈳⸳㐠㠱⸷㌵崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴瀺⼯睷眮慰慣桥⹯牧⽬楣敮獥猯䱉䍅乓䔭㈮〩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㌰‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄶ㔮㌸㔠㐷㈮㌵㐠㌳㐮㜴㠠㐸㌮㐷㥝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慲硩瘮潲术慢猯㈳〳⸰㤵㐰⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔳ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬲㠸⸵㘠㐱㤮㌷㠠㔰㐮㤹㘠㐳〮㔰㍝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慰椮獥浡湴楣獣桯污爮潲术䍯牰畳䥄㨲㘵㐶㘶㈹⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔳㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱ㄶ⸹㘶‴㄰⸵㘸‱㘶⸰㌲‴ㄸ⸷㘳崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡灩⹳敭慮瑩捳捨潬慲⹯牧⽃潲灵獉䐺㈶㔴㘶㘲㤩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㌳‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄶ㔮㌸㔠㌷㜮㌱‴ㄸ⸴㌴″㠸⸴㌵崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡灩⹳敭慮瑩捳捨潬慲⹯牧⽃潲灵獉䐺㠲㌶㌱㜩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㌴‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛㐴〮㈴″㐶⸱㔱‵〴⸹㤶″㔷⸲㜶崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡灩⹳敭慮瑩捳捨潬慲⹯牧⽃潲灵獉䐺㈲ㄲ㜵㜶㔩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㌵‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄱ㘮㤶㘠㌳㔮㈴㈠㌱㜮㜱㈠㌴㘮㌶㝝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慰椮獥浡湴楣獣桯污爮潲术䍯牰畳䥄㨲㈱㈷㔷㘵⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔳㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬳㜷⸴㜶′㐹⸵㌸‵〴⸹㤶′㘰⸶㘳崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽰牯捥敤楮杳⹭汲⹰牥獳⽶㈰㈯扩摥牭慮㈳愮桴浬⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔳㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱ㄶ⸹㘶′㌸⸶㈹′㘰⸱㜸′㐹⸷㔴崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽰牯捥敤楮杳⹭汲⹰牥獳⽶㈰㈯扩摥牭慮㈳愮桴浬⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔳㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬳ㄴ⸷ㄱ‱㔴⸴㤴‵〴⸹㤶‱㘵⸶ㄹ崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽯橳⹡慡椮潲术楮摥砮灨瀯䅁䅉⽡牴楣汥⽶楥眯㘲㌹⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔳㤠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱ㄶ⸹㘶‱㐴⸹㘸′〷⸸㜵‱㔴⸷ㅝਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯潪献慡慩⹯牧⽩湤數⹰桰⽁䅁䤯慲瑩捬支癩敷⼶㈳㤩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㐰‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛㐷ㄮ㘲㈠㜹⸶㤹‵〴⸹㤶‹〮㜲㕝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慲硩瘮潲术慢猯㈲〴⸰㘷㐵⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔴ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱ㄶ⸹㘶‶㠮㜹′㔴⸹㐸‷㤮㤱㕝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慲硩瘮潲术慢猯㈲〴⸰㘷㐵⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔴㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬴㜱⸶㈲‶㜴⸱‵〴⸹㤶‶㠵⸱〱崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡捬慮瑨潬潧礮潲术䐱㘭ㄱ㈰⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔴㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱ㄶ⸹㘶‶㘳⸱㤱′㘰⸶㜶‶㜴⸳ㄶ崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡捬慮瑨潬潧礮潲术䐱㘭ㄱ㈰⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔴㐠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬲㌳⸷㌸‵㜸⸹㘴‴㤷⸲㐸‵㤰⸰㠹崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡灩⹳敭慮瑩捳捨潬慲⹯牧⽃潲灵獉䐺㈱㠹㜱㜸㌩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㐵‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄶ㔮㌸㔠㐲㤮㈸㐠㌳㐮㜴㠠㐴〮㐰㡝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慲硩瘮潲术慢猯㈲〴⸰㈳ㄱ⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔴㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬳㐶⸰㤴″㘶⸸㜵‵〴⸹㤶″㜸崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡捬慮瑨潬潧礮潲术㈰㈲⹮慡捬⵭慩渮㤶⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔴㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱ㄶ⸹㘶″㔶⸳㠷‱㠷⸴㔱″㘶⸲㘱崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡捬慮瑨潬潧礮潲术㈰㈲⹮慡捬⵭慩渮㤶⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔴㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬳㌵⸶㌳″ㄵ⸳㜶‵〴⸹㤶″㈶⸵〱崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡灩⹳敭慮瑩捳捨潬慲⹯牧⽃潲灵獉䐺㈵㠱㠷〵ㄩ㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㐹‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄱ㘮㤶㘠㌰㐮㐶㜠㈱㌮㄰㔠㌱㐮㜶㉝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慰椮獥浡湴楣獣桯污爮潲术䍯牰畳䥄㨲㔸ㄸ㜰㔱⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔵〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬳〲⸵㐹′㈳⸲㠷‴㜱⸹ㄳ′㌴⸴ㄲ崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡牸楶⹯牧⽡扳⼱㠰㌮〵㐵㜩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㔱‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛㌶㜮〱㔠ㄸ㈮㘹㜠㔰㐮㤹㘠ㄹ㌮㠲㉝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯摬⹡捭⹯牧⽤潩⼱〮ㄱ㐵⼳㔳ㄱ㐶⸳㔳㌲㌴⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔵㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱ㄶ⸹㘶‱㜳⸱㜲′㈳⸵㘶‱㠲⸹ㄳ崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽤氮慣洮潲术摯椯㄰⸱ㄴ㔯㌵㌱ㄴ㘮㌵㌳㈳㐩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㔳‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛㈲㔮㈹㠠ㄳㄮㄹ㠠㔰㐮㤹㘠ㄴ㈮㌲㍝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯睷眮浩捲潳潦琮捯洯敮⵵猯牥獥慲捨⽰畢汩捡瑩潮⽡畴潭慴楣慬汹ⵣ潮獴牵捴楮札愭捯牰畳ⵯ昭獥湴敮瑩慬⵰慲慰桲慳敳⼩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㔴‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄱ㘮㤶㘠ㄲ〮㈸㤠㐴㘮㈲㤠ㄳㄮ㐱㑝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯睷眮浩捲潳潦琮捯洯敮⵵猯牥獥慲捨⽰畢汩捡瑩潮⽡畴潭慴楣慬汹ⵣ潮獴牵捴楮札愭捯牰畳ⵯ昭獥湴敮瑩慬⵰慲慰桲慳敳⼩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㔵‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛㐷ㄮ㘲㈠㜹⸶㤹‵〴⸹㤶‹〮㝝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慰椮獥浡湴楣獣桯污爮潲术䍯牰畳䥄㨲㘴㠰㌵㜵⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔵㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱ㄶ⸹㘶‶㠮㜹″㐹⸰㤴‷㤮㤱㕝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慰椮獥浡湴楣獣桯污爮潲术䍯牰畳䥄㨲㘴㠰㌵㜵⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔵㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬴㜱⸶㈲‶㠵⸰〹‵〴⸹㤶‶㤶⸰ㅝਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慲硩瘮潲术慢猯㈱〱⸰〰㈷⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔵㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱ㄶ⸹㘶‶㜴⸱′㔴⸹㐸‶㠵⸲㈵崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡牸楶⹯牧⽡扳⼲㄰ㄮ〰〲㜩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㔹‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛㌰㠮㜷㘠㘱〮㜵㐠㐹㌮㠳‶㈱⸸㜹崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽺敮潤漮潲术牥捯牤猯㄰㈵㘸㌶⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔶〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬴㘱⸱㘱‵㠰⸱㌶‵〴⸹㤶‵㤱⸲㘱崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽤潩⹯牧⼱〮ㄱㄱ┲䙪⸱㐶㜭㤷ㅸ⸱㤹㘮瑢〰〸㠮砩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㘱‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄱ㘮㤶㘠㔶㤮㈲㜠㌴㤮㔹㈠㔸〮㌵㉝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯摯椮潲术㄰⸱ㄱㄥ㉆樮ㄴ㘷ⴹ㜱砮ㄹ㤶⹴戰〰㠸⹸⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔶㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬴㜱⸶㈲‵㈷⸷‵〴⸹㤶‵㌸⸷〱崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡牸楶⹯牧⽡扳⼲㌱㈮㄰㈵㌩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㘳‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄱ㘮㤶㘠㔱㘮㜹ㄠ㈵㐮㤴㠠㔲㜮㤱㙝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慲硩瘮潲术慢猯㈳ㄲ⸱〲㔳⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔶㐠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬳㌰⸴〲‴㘴⸳㔴‵〴⸹㤶‴㜵⸴㜹崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽧楴桵戮捯洯浬景畮摡瑩潮猯潰敮彬洯⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔶㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱ㄶ⸹㘶‴㔳⸴㐵‱㘰⸸〲‴㘴⸵㝝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯杩瑨畢⹣潭⽭汦潵湤慴楯湳⽯灥湟汭⼩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㘶‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛㐰㠮㠵㠠㐱ㄮ㤱㠠㔰㐮㤹㘠㐲㌮〴㍝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慲硩瘮潲术慢猯㈳ㄱ⸱〷〲⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔶㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱ㄶ⸹㘶‴〲⸳㤲‱㤲⸱㠴‴ㄲ⸱㌴崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡牸楶⹯牧⽡扳⼲㌱ㄮ㄰㜰㈩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㘸‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛㌸㜮㤳㘠㌵㤮㐸ㄠ㔰㐮㤹㘠㌷〮㘰㙝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慲硩瘮潲术慢猯㈴〱⸰㐰㠸⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔶㤠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱ㄶ⸹㘶″㔰⸶㜲‱㜱⸲㘲″㔸⸸㘷崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡牸楶⹯牧⽡扳⼲㐰ㄮ〴〸㠩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㜰‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛㌳㌮ㄴ㈠㌰㜮〴㔠㔰㈮㔰㘠㌱㠮ㄷ崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡牸楶⹯牧⽡扳⼲㈱ㄮ〹ㄱ〩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㜱‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄶ㔮㌸㔠㈶㔮㔱㜠㌳㐮㜴㠠㈷㘮㘴㉝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慲硩瘮潲术慢猯㈰〷⸰㠱㈴⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔷㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬳㈵⸷㤲′㈳⸹㤠㐹㔮ㄵ㔠㈳㔮ㄱ㕝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慲硩瘮潲术慢猯㈳ㄲ⸰㘵㔰⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔷㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬳㌵⸶㌳‱㤳⸳㜲‵〴⸹㤶′〴⸴㤷崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽯灥湲敶楥眮湥琯景牵洿楤㵂歧㙒楃煙㜩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㜴‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄱ㘮㤶㘠ㄸ㈮㐶㌠ㄷㄮ㈶㈠ㄹ㈮㜵㡝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯潰敮牥癩敷⹮整⽦潲畭㽩搽䉫朶剩䍱夷⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔷㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬳㘱⸷㠵‱㔱⸸㐵‵〴⸹㤶‱㘲⸹㘹崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡牸楶⹯牧⽡扳⼲㈱ㄮ〲〰ㄩ㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㜶‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄱ㘮㤶㘠ㄴ㌮〳㔠ㄴ㔮ㄱㄠㄵㄮ㈳崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡牸楶⹯牧⽡扳⼲㈱ㄮ〲〰ㄩ㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㜷‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄶ㔮㌸㔠㘸⸷㤠㌶㘮ㄳ‷㤮㤱㕝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯捡瑡汯朮汤挮異敮渮敤甯䱄䌹㥔㐲⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔷㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬳㌵⸶㌳‶㤵⸹ㄸ‵〴⸹㤶‷〷⸰㐳崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡灩⹳敭慮瑩捳捨潬慲⹯牧⽃潲灵獉䐺ㄶ㈹㤱㐱⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔷㤠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱ㄶ⸹㘶‶㠵⸰〹′〷⸸㜵‶㤵⸳〴崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡灩⹳敭慮瑩捳捨潬慲⹯牧⽃潲灵獉䐺ㄶ㈹㤱㐱⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔸〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬴㐰⸲㐠㘴㐮㌲ㄠ㔰㐮㤹㘠㘵㔮㐴㙝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慰椮獥浡湴楣獣桯污爮潲术䍯牰畳䥄㨳㈹㜴㌷⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔸ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱ㄶ⸹㘶‶㌳⸴ㄲ″〷⸲㔱‶㐴⸵㌷崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡灩⹳敭慮瑩捳捨潬慲⹯牧⽃潲灵獉䐺㌲㤷㐳㜩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㠲‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄶ㔮㌸㔠㔹㈮㜲㐠㌳㐮㜴㠠㘰㌮㠴㡝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慲硩瘮潲术慢猯ㄸ〹⸰㈷㠹⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔸㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬲〱⸹〷‵㔲⸰㌵‴㘰⸱㠶‵㘳⸱㙝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慰椮獥浡湴楣獣桯污爮潲术䍯牰畳䥄㨱㘴㐷㔷㌩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㠴‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄸ㜮㔳ㄠ㔲㈮㈵㘠㌳㘮㐷ㄠ㔳㌮㌸ㅝਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨睷眮浯獡楣浬⹣潭⽢汯术浰琭㝢⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔸㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬳㘷⸰ㄵ‴㘲⸶㤸‵〴⸹㤶‴㜳⸸㈳崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽺敮潤漮潲术牥捯牤⼳㤱〰㈱⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔸㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱ㄶ⸹㘶‴㔳⸸㠸‱㔵⸵㜱‴㘲⸰㠴崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽺敮潤漮潲术牥捯牤⼳㤱〰㈱⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔸㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬴㐰⸲㐠㐳㈮㤱㤠㔰㐮㤹㘠㐴㐮〴㑝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慰椮獥浡湴楣獣桯污爮潲术䍯牰畳䥄㨲㔷㔳㈸ㄵ⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔸㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱ㄶ⸹㘶‴㈲⸰ㄠ㌱㜮㜱㈠㐳㌮ㄳ㕝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慰椮獥浡湴楣獣桯污爮潲术䍯牰畳䥄㨲㔷㔳㈸ㄵ⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔸㤠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬳㜷⸴㜶″㜰⸴ㄳ‵〴⸹㤶″㠱⸵㌸崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽤潩⹯牧⼱〮ㄶ〹┲䙩捷獭⹶ㄴ椱⸷㌵㐩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㤰‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄱ㘮㤶㘠㌶ㄮ㘰㌠㈱㌮㄰㔠㌶㤮㜹㡝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯摯椮潲术㄰⸱㘰㤥㉆楣睳洮瘱㑩ㄮ㜳㔴⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔹ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱㌹⸳㠲″ㄸ⸸ㄵ″〸⸷㐶″㈹⸹㑝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慲硩瘮潲术慢猯㈱〴⸱〳㔰⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔹㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬲㠸⸵㘠㈶㜮㈱㠠㔰㐮㤹㘠㈷㠮㌴㍝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慰椮獥浡湴楣獣桯污爮潲术䍯牰畳䥄㨲㔹〶㌷㘱⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔹㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱ㄶ⸹㘶′㔸⸴〸‱㘶⸰㌲′㘶⸶〴崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡灩⹳敭慮瑩捳捨潬慲⹯牧⽃潲灵獉䐺㈵㤰㘳㜶ㄩ㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㤴‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄳ㤮㌸㈠㈱㔮㘲ㄠ㌹㈮㐳ㄠ㈲㘮㜴㙝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慰椮獥浡湴楣獣桯污爮潲术䍯牰畳䥄㨳㘲㘸ㄹ⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔹㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬴ㄴ⸰㠸‱㠵⸸㐲‵〴⸹㤶‱㤶⸹㘷崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴瀺⼯慲硩瘮潲术慢猯ㄸ〸⸰㤱㈱⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔹㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱ㄶ⸹㘶‱㜶⸳ㄶ‱㤲⸱㠴‱㠶⸰㔷崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴瀺⼯慲硩瘮潲术慢猯ㄸ〸⸰㤱㈱⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔹㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱㠷⸶㜱‶㐱⸳㜳″㔷⸰㌵‶㔲⸴㤸崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡牸楶⹯牧⽡扳⼲ㄱ㈮ㄱ㐴㘩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਵ㤸‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛㐷ㄮ㘲㈠㔵㤮〸㔠㔰㐮㤹㘠㔷〮ㄱㅝਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慰椮獥浡湴楣獣桯污爮潲术䍯牰畳䥄㨲〳㜳㘴㠲⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㔹㤠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱ㄶ⸹㘶‵㐸⸱㜶″㐹⸰㤴‵㔹⸳〱崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡灩⹳敭慮瑩捳捨潬慲⹯牧⽃潲灵獉䐺㈰㌷㌶㐸㈩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼〰‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛㌴㘮〹㐠㐹㘮ㄲ㌠㔰㐮㤹㘠㔰㜮㈴㡝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慣污湴桯汯杹⹯牧⼲〲㈮敭湬瀭浡楮⸶㌩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼〱‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄱ㘮㤶㘠㐸㔮㈱㐠ㄸ㜮㐵ㄠ㐹㔮㔰㡝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慣污湴桯汯杹⹯牧⼲〲㈮敭湬瀭浡楮⸶㌩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼〲‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛㐷ㄮ㘲㈠㐳㌮ㄶㄠ㔰㐮㤹㘠㐴㐮ㄸ㙝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯摯椮潲术㄰⸱㘰㤥㉆楣睳洮瘱㕩ㄮㄸ〵㌩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼〳‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄱ㘮㤶㘠㐲㈮㈵㈠㌱㈮㐸㈠㐳㌮㌷㝝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯摯椮潲术㄰⸱㘰㤥㉆楣睳洮瘱㕩ㄮㄸ〵㌩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼〴‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛㌷㜮㐷㘠㌸ㄮ㄰㠠㔰㐮㤹㘠㌹㈮㈳㍝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慡慩⹯牧⽰慰敲猯〲㐱㠭㈴ㄸⵣ桯楣攭潦⵰污畳楢汥ⵡ汴敲湡瑩癥猭慮ⵥ癡汵慴楯渭潦ⵣ潭浯湳敮獥ⵣ慵獡氭牥慳潮楮术⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㘰㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱ㄶ⸹㘶″㜰⸱㤹‵㤵⸱㘹″㠱⸳㈴崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡慡椮潲术灡灥牳⼰㈴ㄸⴲ㐱㠭捨潩捥ⵯ昭灬慵獩扬攭慬瑥牮慴楶敳ⵡ渭敶慬畡瑩潮ⵯ昭捯浭潮獥湳攭捡畳慬⵲敡獯湩湧⼩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼〶‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄳ㤮㌸㈠㈹㠮㠲″㘱⸰㐹″〹⸹㐵崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽤氮慣洮潲术摯椯慢猯㄰⸱ㄴ㔯㌴㜴㌸ㄩ㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼〷‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛㐷ㄮ㘲㈠㈷㤮㐹㐠㔰㐮㤹㘠㈹〮㐹㕝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慰椮獥浡湴楣獣桯污爮潲术䍯牰畳䥄㨲ㄱ〹㘵㠸⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㘰㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱ㄶ⸹㘶′㘸⸵㠵″㐹⸰㤴′㜹⸷ㅝਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慰椮獥浡湴楣獣桯污爮潲术䍯牰畳䥄㨲ㄱ〹㘵㠸⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㘰㤠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱㌹⸳㠲‱〹⸹㌴″ㄴ⸴㜴‱㈱⸰㔹崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡捬慮瑨潬潧礮潲术倱㤭ㄳ㔵⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㘱〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬴㐰⸲㐠㜹⸶㤹‵〴⸹㤶‹〮㠲㑝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慰椮獥浡湴楣獣桯污爮潲术䍯牰畳䥄㨲㌳㌰㜱㌸⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㘱ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱ㄶ⸹㘶‶㠮㜹″ㄷ⸷ㄲ‷㤮㤱㕝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慰椮獥浡湴楣獣桯污爮潲术䍯牰畳䥄㨲㌳㌰㜱㌸⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㘱㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱㠸⸹〶‶㤵⸹ㄸ‴㔲⸹ㄴ‷〷⸰㐳崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽧楴桵戮捯洯瑯来瑨敲捯浰畴敲⽒敤偡橡浡ⵄ慴愩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼ㄳ‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛㌳㔮㘳㌠㘴㔮㈰㔠㔰㐮㤹㘠㘵㘮㌳崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡灩⹳敭慮瑩捳捨潬慲⹯牧⽃潲灵獉䐺㈵㜲ㄹ㐰㐩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼ㄴ‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄱ㘮㤶㘠㘳㐮㈹㘠㈱㌮㄰㔠㘴㐮㔹ㅝਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慰椮獥浡湴楣獣桯污爮潲术䍯牰畳䥄㨲㔷㈱㤴〴⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㘱㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱㜰⸳㘶‴㠵⸴〲″㌹⸷㈹‴㤶⸵㈶崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡牸楶⹯牧⽡扳⼲㌰㜮〹㈸㠩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼ㄶ‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛㐱㤮㌱㠠㐴㔮㔹㠠㔰㐮㤹㘠㐵㘮㜲㍝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯摯椮潲术㄰⸱〰㜯㤷㠭㤸ㄭㄶⴵ㐹㌭た㔩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼ㄷ‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄱ㘮㤶㘠㐳㔮㄰㤠㈶㈮ㄷㄠ㐴㔮㠱㑝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯摯椮潲术㄰⸱〰㜯㤷㠭㤸ㄭㄶⴵ㐹㌭た㔩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼ㄸ‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄹ㐮㐱㐠㌷㌮〶㜠㔰㐮㤹㘠㌸㐮ㄹ㉝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯灲潣敥摩湧献湥畲楰献捣⽰慰敲彦楬敳⽰慰敲⼲〱㜯晩汥⼳昵敥㈴㌵㐷摥改ㅦ扤〵㍣ㅣ㑡㠴㕡愭偡灥爮灤昩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼ㄹ‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄱ㘮㤶㘠㌶㈮ㄵ㠠㌳㤮ㄳㄠ㌷㈮㐵㉝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯灲潣敥摩湧献湥畲楰献捣⽰慰敲彦楬敳⽰慰敲⼲〱㜯晩汥⼳昵敥㈴㌵㐷摥改ㅦ扤〵㍣ㅣ㑡㠴㕡愭偡灥爮灤昩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㈰‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄱ㘮㤶㘠㌰〮㔳㘠㈹㈮〵㠠㌱ㄮ㘶ㅝਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慣污湴桯汯杹⹯牧⽐ㄹⴱ〹㈩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㈱‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛㈳㌮㜳㠠㈶〮㜳㈠㐰㌮㄰㈠㈷ㄮ㠵㝝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慲硩瘮潲术慢猯ㄸ〴⸰㜴㘱⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㘲㈠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱ㄶ⸹㘶′㄰⸰ㄹ′㠶⸳㌠㈲ㄮㄴ㑝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慲硩瘮潲术慢猯㈳〶⸰㐷㔱⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㘲㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬳〲⸵㐹‱㠱⸱㈵‴㜱⸹ㄳ‱㤲⸲㕝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慲硩瘮潲术慢猯ㄷ〷⸰㘲〹⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㘲㐠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱㘵⸳㠵‱〸⸵㤴″㌴⸷㐸‱ㄹ⸷ㄹ崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡牸楶⹯牧⽡扳⼲ㄱㄮ〰㌶㐩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㈵‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄱ㘮㤶㘠㘸㔮〰㤠㌲㈮㤴㈠㘹㘮ㄳ㑝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯摯椮潲术㄰⸱ㄴ㔯㌱㠴㔵㠮㌱㤱㔳ㄩ㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㈶‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛㐷ㄮ㘲㈠㘵㔮㈲ㄠ㔰㐮㤹㘠㘶㘮㈲㉝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慲硩瘮潲术慢猯ㄹ〵⸰㜸㌰⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㘲㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬱ㄶ⸹㘶‶㐴⸳ㄲ′㔴⸹㐸‶㔵⸴㌷崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡牸楶⹯牧⽡扳⼱㤰㔮〷㠳〩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㈸‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄶ㔮㌸㔠㘱㐮㔲㌠㐲㠮㠹㐠㘲㔮㘴㡝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慰椮獥浡湴楣獣桯污爮潲术䍯牰畳䥄㨱ㄳ㐰㔱㔱⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㘲㤠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬳㠷⸹㌶‵㘲⸹ㄷ‵〴⸹㤶‵㜴⸰㐲崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡牸楶⹯牧⽡扳⼲㈰㔮〱〶㠩㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㌰‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄱ㘮㤶㘠㔵㐮㄰㜠ㄷㄮ㈶㈠㔶㈮㌰㍝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慲硩瘮潲术慢猯㈲〵⸰㄰㘸⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㘳ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠㅝਯ䠯䤊⽒散琠嬴㜱⸶㈲‵〰⸴〱‵〴⸹㤶‵ㄱ⸴㈷崊⽁㰼⽔祰支䅣瑩潮ਯ匯啒䤊⽕剉⡨瑴灳㨯⽡灩⹳敭慮瑩捳捨潬慲⹯牧⽃潲灵獉䐺㈵㠲㤷㠷ㄩ㸾ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㌲‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‱崊⽈⽉ਯ剥捴⁛ㄱ㘮㤶㘠㐸㤮㐹㈠㌴㤮〹㐠㔰〮㘱㝝ਯ䄼㰯呹灥⽁捴楯渊⽓⽕剉ਯ啒䤨桴瑰猺⼯慰椮獥浡湴楣獣桯污爮潲术䍯牰畳䥄㨲㔸㈹㜸㜱⤾㸊⽓畢瑹灥⽌楮款㹥湤潢樊㘳㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬴㤴⸰㘹‴㐹⸳㌹‵〱⸰㐲‴㘰⸲㠳崊⽄敳琠嬴ㄠ〠删⽘奚‱㐹⸲㐰〠㐱㠮㠸㈰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㌴‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㈸ㄮ㠶ㄠ㐱ㄮ㘲㌠㈸㠮㠳㔠㐲㈮㘳㝝ਯ䑥獴⁛㤠〠删⽘奚‱㐷⸳㐲〠㐶㌮㐰㈰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㌵‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛ㄴ㈮㘸㤠㐰〮㜱㐠㈱㈮㜵㘠㐱ㄮ㘵㡝ਯ䑥獴⁛ㄸ‰⁒ 塙娠㠳⸰㤳〠ㄳ㔮㌴㘰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㌶‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㈱㔮㠸㐠㐰〮㜱㐠㈳㜮㠰㈠㐱ㄮ㘵㡝ਯ䑥獴⁛ㄸ‰⁒ 塙娠㠳⸰㤳〠ㄳ㔮㌴㘰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㌷‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㐵㠮㐰㈠㐰〮㜱㐠㐶㔮㌷㔠㐱ㄮ㘵㡝ਯ䑥獴⁛㐱‰⁒ 塙娠ㄴ㤮㈴〰‴ㄸ⸸㠲〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㘳㠠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲ㄳ⸰〹″㠹⸸〵′㔲⸵㠶‴〰⸷㐹崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰‷㈰⸹㐶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㘳㤠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲㔵⸱㌹″㠹⸸〵′㜷⸰㔷‴〰⸷㐹崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰‷㈰⸹㐶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㘴〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳ㄸ⸳″㠹⸸〵‴ㄳ⸴㠹‴〰⸷㐹崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰‶〵⸱㘴〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㘴ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴ㄶ⸰㐲″㠹⸸〵‴㌷⸹㘠㐰〮㜴㥝ਯ䑥獴⁛ㄸ‰⁒ 塙娠㠳⸰㤳〠㘰㔮ㄶ㐰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㐲‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㌵ㄮ㔴㜠㌷㠮㠹㘠㐰㤮㈸㤠㌸㤮㠴崊⽄敳琠嬱㐠〠删⽘奚‸㌮〹㌰′㘳⸳㜹〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㘴㌠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴ㄲ⸶ㄶ″㜸⸸㤶‴㌴⸵㌳″㠹⸸㑝ਯ䑥獴⁛ㄴ‰⁒ 塙娠㠳⸰㤳〠㈶㌮㌷㤰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㐴‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㐶㠮㘸㌠㌶㜮㤸㜠㔰㐮㤹㘠㌷㠮㤳崊⽄敳琠嬱㜠〠删⽘奚‸㌮〹㌰‷㈰⸹㐶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㘴㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱〷⸰〴″㔷⸰㜸‱㈷⸹㌲″㘸⸰㈱崊⽄敳琠嬱㜠〠删⽘奚‸㌮〹㌰‷㈰⸹㐶〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㘴㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㌰⸴㤠㌵㜮〷㠠ㄵ㈮㐰㠠㌶㠮〲ㅝਯ䑥獴⁛ㄷ‰⁒ 塙娠㠳⸰㤳〠㜲〮㤴㘰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㐷‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛ㄷ〮㈵㠠㌳㔮㈵㤠㈲㐮㜳㘠㌴㘮㈰㍝ਯ䑥獴⁛ㄴ‰⁒ 塙娠㠳⸰㤳〠㐸〮〰㜰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㐸‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㈲㠮〹㐠㌳㔮㈵㤠㈵〮〱㈠㌴㘮㈰㍝ਯ䑥獴⁛ㄴ‰⁒ 塙娠㠳⸰㤳〠㐸〮〰㜰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㐹‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㈵㌮㘴㤠㌳㔮㈵㤠㌱㠮㘳㜠㌴㘮㈰㍝ਯ䑥獴⁛ㄹ‰⁒ 塙娠㠳⸰㤳〠㄰㐮㜲㜰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㔰‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㌲ㄮ㤹㘠㌳㔮㈵㤠㌴㌮㤱㐠㌴㘮㈰㍝ਯ䑥獴⁛ㄹ‰⁒ 塙娠㠳⸰㤳〠㄰㐮㜲㜰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㔱‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㌴㜮㔵ㄠ㌳㔮㈵㤠㐱㌮㔹㔠㌴㘮㈰㍝ਯ䑥獴⁛ㄶ‰⁒ 塙娠㠳⸰㤳〠㐱㜮㈵㤰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㔲‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㐱㘮㤵㐠㌳㔮㈵㤠㐳㠮㠷ㄠ㌴㘮㈰㍝ਯ䑥獴⁛ㄶ‰⁒ 塙娠㠳⸰㤳〠㐱㜮㈵㤰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㔳‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㈹㘮㐹㘠ㄱ㈮㐸㌠㌰㌮㐷‱㈳⸴㤷崊⽄敳琠嬵㘠〠删⽘奚‱㐲⸹㐲〠㘱㤮㌸㜰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㔴‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛ㄷ㘮〲㈠㤰⸶〸″〲⸰㤷‱〱⸶㔹崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰″㔸⸲㤱〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㘵㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬳〶⸵㔹‹〮㘰㠠㌲㠮㐷㜠㄰ㄮ㘵㥝ਯ䑥獴⁛ㄹ‰⁒ 塙娠㠳⸰㤳〠㌵㠮㈹㄰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㔶‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㌷㔮㈸㤠㤰⸶〸‴ㄵ⸹㈴‱〱⸶㔹崊⽄敳琠嬱㠠〠删⽘奚‸㌮〹㌰″〱⸴㔵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㘵㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㈰⸳㠶‹〮㘰㠠㐴㈮㌰㐠㄰ㄮ㘵㥝ਯ䑥獴⁛ㄸ‰⁒ 塙娠㠳⸰㤳〠㌰ㄮ㐵㔰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㔸‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㐷㠮㘵㔠㤰⸶〸‵〴⸹㤶‱〱⸶㔹崊⽄敳琠嬱㜠〠删⽘奚‸㌮〹㌰‱㘷⸱㌵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㘵㤠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱〷⸰〴‷㤮㘹㤠ㄶ〮㜴㠠㤰⸷崊⽄敳琠嬱㜠〠删⽘奚‸㌮〹㌰‱㘷⸱㌵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㘶〠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㘴⸴〱‷㤮㘹㤠ㄸ㘮㌱㤠㤰⸷崊⽄敳琠嬱㜠〠删⽘奚‸㌮〹㌰‱㘷⸱㌵〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㘶ㄠ〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬲㈰⸸㔠㜹⸶㤹′㘹⸰㈲‹〮㝝ਯ䑥獴⁛ㄹ‰⁒ 塙娠㠳⸰㤳〠㈹㘮㘷〰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㘲‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㈷㈮㘷㔠㜹⸶㤹′㤴⸵㤳‹〮㝝ਯ䑥獴⁛ㄹ‰⁒ 塙娠㠳⸰㤳〠㈹㘮㘷〰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㘳‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬰‱‰崊⽈⽉ਯ剥捴⁛㌲㌮㠹㌠㜹⸶㤹‴㔵⸹ㄠ㤰⸷崊⽄敳琠嬱㘠〠删⽘奚‸㌮〹㌰′㄰⸸㜰〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㘶㐠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬴㔹⸵㘳‷㤮㘹㤠㐸ㄮ㐸ㄠ㤰⸷崊⽄敳琠嬱㘠〠删⽘奚‸㌮〹㌰′㄰⸸㜰〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㘶㔠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㌳⸷㌳‶㠮㠴㜠ㄸ〮㔷㜠㜹⸷㤱崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰′㤶⸶㜰〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㘶㘠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛〠ㄠそਯ䠯䤊⽒散琠嬱㠳⸵㘶‶㠮㠴㜠㈰㔮㐸㐠㜹⸷㤱崊⽄敳琠嬱㤠〠删⽘奚‸㌮〹㌰′㤶⸶㜰〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㘶㜠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬲ㄶ⸰㈴‵㘱⸶㠸′㈲⸹㤸‵㜲⸶㌲崊⽄敳琠嬵㘠〠删⽘奚‱㐸⸰㐲〠ㄷ㠮㈱㠰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㘸‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㐲㘮ㄶ㠠㔲㌮㐲㈠㐴〮㘱㐠㔳㌮㘱㍝ਯ䑥獴⁛㔠〠删⽘奚‱〸″ㄲ⸴ㄱ〠湵汬崊⽓畢瑹灥⽌楮款㹥湤潢樊㘶㤠〠潢樊㰼⽔祰支䅮湯琊⽂潲摥爠嬰‰‰崊⽃⁛ㄠ〠そਯ䠯䤊⽒散琠嬲㤶⸴㈸‵〰⸸㔱″〳⸴〲‵ㄱ⸷㤵崊⽄敳琠嬵㘠〠删⽘奚‱㐸⸰㐲〠ㄷ㠮㈱㠰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㜰‰⁯扪਼㰯呹灥⽁湮潴ਯ䉯牤敲⁛〠〠そਯ䌠嬱‰‰崊⽈⽉ਯ剥捴⁛㐹㈮㈱㐠㐸㤮㤴㈠㐹㤮ㄸ㠠㔰〮㠸㙝ਯ䑥獴⁛㘠〠删⽘奚‱㐸⸹㤴〠㌰㠮㠰㜰⁮畬汝ਯ卵扴祰支䱩湫㸾敮摯扪ਸ਼㜴‰⁯扪਼㰯呹灥⽍整慤慴愊⽓畢瑹灥⽘䵌⽌敮杴栠ㄳ㜸㸾獴牥慭਼㽸灡捫整⁢敧楮㴧뼧⁩搽❗㕍き灃敨楈穲敓穎呣穫挹搧㼾਼㽡摯扥⵸慰ⵦ楬瑥牳⁥獣㴢䍒䱆∿㸊㱸㩸浰浥瑡⁸浬湳㩸㴧慤潢攺湳㩭整愯✠砺硭灴欽❘䵐⁴潯汫楴′⸹⸱ⴱ㌬⁦牡浥睯牫‱⸶✾਼牤昺剄䘠硭汮猺牤昽❨瑴瀺⼯睷眮眳⹯牧⼱㤹㤯〲⼲㈭牤昭獹湴慸⵮猣✠硭汮猺楘㴧桴瑰㨯⽮献慤潢攮捯洯楘⼱⸰⼧㸊㱲摦㩄敳捲楰瑩潮⁲摦㩡扯畴㴢∠硭汮猺灤昽❨瑴瀺⼯湳⹡摯扥⹣潭⽰摦⼱⸳⼧㸼灤昺偲潤畣敲㹇偌⁇桯獴獣物灴‱〮〰⸰㰯灤昺偲潤畣敲㸊㱰摦㩋敹睯牤猾㰯灤昺䭥祷潲摳㸊㰯牤昺䑥獣物灴楯渾਼牤昺䑥獣物灴楯渠牤昺慢潵琽∢⁸浬湳㩸浰㴧桴瑰㨯⽮献慤潢攮捯洯硡瀯ㄮ〯✾㱸浰㩍潤楦祄慴放㈰㈴ⴰ㈭ㄲ吱㐺㈲㨱ず㰯硭瀺䵯摩晹䑡瑥㸊㱸浰㩃牥慴敄慴放㈰㈴ⴰ㈭ㄲ吱㐺㈲㨱ず㰯硭瀺䍲敡瑥䑡瑥㸊㱸浰㩃牥慴潲呯潬㹌慔敘⁷楴栠桹灥牲敦㰯硭瀺䍲敡瑯牔潯氾㰯牤昺䑥獣物灴楯渾਼牤昺䑥獣物灴楯渠牤昺慢潵琽∢⁸浬湳㩸慰䵍㴧桴瑰㨯⽮献慤潢攮捯洯硡瀯ㄮ〯浭⼧⁸慰䵍㩄潣畭敮瑉䐽❵畩携愸㝡㘹攵ⴰㅣ攭ㄱ晡ⴰ〰〭攵㡡挶㍤扢㄰✯㸊㱲摦㩄敳捲楰瑩潮⁲摦㩡扯畴㴢∠硭汮猺摣㴧桴瑰㨯⽰畲氮潲术摣⽥汥浥湴猯ㄮㄯ✠摣㩦潲浡琽❡灰汩捡瑩潮⽰摦✾㱤挺瑩瑬放㱲摦㩁汴㸼牤昺汩⁸浬㩬慮朽❸ⵤ敦慵汴✾㰯牤昺汩㸼⽲摦㩁汴㸼⽤挺瑩瑬放㱤挺捲敡瑯爾㱲摦㩓敱㸼牤昺汩㸼⽲摦㩬椾㰯牤昺卥焾㰯摣㩣牥慴潲㸼摣㩤敳捲楰瑩潮㸼牤昺䅬琾㱲摦㩬椠硭氺污湧㴧砭摥晡畬琧㸼⽲摦㩬椾㰯牤昺䅬琾㰯摣㩤敳捲楰瑩潮㸼⽲摦㩄敳捲楰瑩潮㸊㰯牤昺剄䘾਼⽸㩸浰浥瑡㸊††††††††††††††††††††††††††††††††††††ਠ††††††††††††††††††††††††††††††††††† 㰿硰慣步琠敮搽❷✿㸊敮摳瑲敡洊敮摯扪੸牥昊〠㘷㔊〰〰〰〰〰‶㔵㌵⁦ 〰〰〷㌱㔱‰〰〰⁮ 〰〰〷㤲㈷‰〰〰⁮ 〰〰〸㤶㔲‰〰〰⁮ 〰〰〹㔶㐹‰〰〰⁮ 〰〰㄰㐱㔶‰〰〰⁮ 〰〰ㄱ〰〷‰〰〰⁮ 〰〰ㄳ㔹㜳‰〰〰⁮ 〰〰ㄴ㘵㠲‰〰〰⁮ 〰〰ㄸ㘸㔰‰〰〰⁮ 〰〰〷㌶㐸‰〰〰⁮ 〰〰〷㤱㔰‰〰〰⁮ 〰〰㈰㘸㔰‰〰〰⁮ 〰〰㈰㜲㔳‰〰〰⁮ 〰〰ㄷ㈹ㄴ‰〰〰⁮ 〰〰ㄵㄱ㌶‰〰〰⁮ 〰〰ㄶ㜵㤹‰〰〰⁮ 〰〰ㄵ㘶㘰‰〰〰⁮ 〰〰ㄶ㈳㔷‰〰〰⁮ 〰〰ㄷ㠵㔳‰〰〰⁮ 〰〰〷㤱㜱‰〰〰⁮ 〰〰〷㤶㈸‰〰〰⁮ 〰〰〸㐸㐲‰〰〰⁮ 〰〰㈰㜶㌴‰〰〰⁮ 〰〰㈰㠱㔷‰〰〰⁮ 〰〰㈰㠶〲‰〰〰⁮ 〰〰㈰㠷㜱‰〰〰⁮ 〰〰㈰㠹㤷‰〰〰⁮ 〰〰㈰㤲㐹‰〰〰⁮ 〰〰〸㐸㘳‰〰〰⁮ 〰〰〸㔰ㄸ‰〰〰⁮ 〰〰〸㔶㌶‰〰〰⁮ 〰〰ㄸ㐵㜱‰〰〰⁮ 〰〰〸㔲㌹‰〰〰⁮ 〰〰〸㔸㐶‰〰〰⁮ 〰〰〸㤵㘲‰〰〰⁮ 〰〰㈰㤴㜳‰〰〰⁮ 〰〰㈰㤶㈶‰〰〰⁮ 〰〰〸㤵㠳‰〰〰⁮ 〰〰〹〱ㄷ‰〰〰⁮ 〰〰〹㔵㐷‰〰〰⁮ 〰〰ㄱ㜵㤲‰〰〰⁮ 〰〰〹㔵㘸‰〰〰⁮ 〰〰〹㔹㈲‰〰〰⁮ 〰〰㄰〷㜳‰〰〰⁮ 〰〰㄰〷㤴‰〰〰⁮ 〰〰㄰〹㐷‰〰〰⁮ 〰〰㄰ㄱ㜱‰〰〰⁮ 〰〰㄰ㄳ㈹‰〰〰⁮ 〰〰㄰ㄵ㜷‰〰〰⁮ 〰〰㄰ㄷ㐱‰〰〰⁮ 〰〰㄰ㄹ㔶‰〰〰⁮ 〰〰㄰㈱〹‰〰〰⁮ 〰〰㄰㈳ㄹ‰〰〰⁮ 〰〰㄰㐷〱‰〰〰⁮ 〰〰㄰㤹ㄸ‰〰〰⁮ 〰〰㈰〶㘵‰〰〰⁮ 〰〰㄰㤹㌹‰〰〰⁮ 〰〰ㄱ〲㔲‰〰〰⁮ 〰〰ㄱ㘳㔰‰〰〰⁮ 〰〰㈰㤸㐶‰〰〰⁮ 〰〰㈰㤹〴‰〰〰⁮ 〰〰㈰㤹㘲‰〰〰⁮ 〰〰㈱〳ㄷ‰〰〰⁮ 〰〰ㄱ㘳㜱‰〰〰⁮ 〰〰㈱〶㌲‰〰〰⁮ 〰〰㈱〷㤵‰〰〰⁮ 〰〰㈱ㄱ㔱‰〰〰⁮ 〰〰㈱ㄳ㌲‰〰〰⁮ 〰〰㈱ㄸ㐰‰〰〰⁮ 〰〰㈱ㄹ〰‰〰〰⁮ 〰〰㈱㈳ㄴ‰〰〰⁮ 〰〰㈱㈵㘶‰〰〰⁮ 〰〰㈱㈹〱‰〰〰⁮ 〰〰㈱㌰㌹‰〰〰⁮ 〰〰㈱㌴㜴‰〰〰⁮ 〰〰㈱㌸㌰‰〰〰⁮ 〰〰㈱㌹㠵‰〰〰⁮ 〰〰㈱㐳㈹‰〰〰⁮ 〰〰㈱㐶㐷‰〰〰⁮ 〰〰㈱㐷㜹‰〰〰⁮ 〰〰㈱㔱㈳‰〰〰⁮ 〰〰㈱㔵㘱‰〰〰⁮ 〰〰㈱㔹〷‰〰〰⁮ 〰〰㈱㘱㘴‰〰〰⁮ 〰〰㈱㘶ㄲ‰〰〰⁮ 〰〰㈱㘷㤰‰〰〰⁮ 〰〰㈱㜲㌸‰〰〰⁮ 〰〰㈱㜳㤲‰〰〰⁮ 〰〰㈱㜸㐹‰〰〰⁮ 〰〰㈱㠱〵‰〰〰⁮ 〰〰㈱㠴㐲‰〰〰⁮ 〰〰㈱㠵㤱‰〰〰⁮ 〰〰㈱㠷㔹‰〰〰⁮ 〰〰㈱㠸㔴‰〰〰⁮ 〰〰㈱㤳〷‰〰〰⁮ 〰〰㈱㤵㔱‰〰〰⁮ 〰〰㈱㤷㤱‰〰〰⁮ 〰〰㈱㤹㘶‰〰〰⁮ 〰〰㈲〲㌸‰〰〰⁮ 〰〰ㄱ㜲㈰‰〰〰⁮ 〰〰ㄱ㜲㜸‰〰〰⁮ 〰〰ㄱ㠰㐷‰〰〰⁮ 〰〰ㄳ㌲ㄳ‰〰〰⁮ 〰〰ㄳ㌲㌶‰〰〰⁮ 〰〰㈲〴㘵‰〰〰⁮ 〰〰㈲〵㤸‰〰〰⁮ 〰〰㈲〶㘱‰〰〰⁮ 〰〰㈲㄰〳‰〰〰⁮ 〰〰ㄳ㐳㈵‰〰〰⁮ 〰〰ㄳ㐵〲‰〰〰⁮ 〰〰㈲ㄳ㘲‰〰〰⁮ 〰〰㈲ㄵ㠴‰〰〰⁮ 〰〰㈲ㄷ㈱‰〰〰⁮ 〰〰㈲ㄹ㠳‰〰〰⁮ 〰〰㈲㈳㔲‰〰〰⁮ 〰〰ㄳ㐶㠱‰〰〰⁮ 〰〰㈲㈶㠷‰〰〰⁮ 〰〰ㄳ㐹〵‰〰〰⁮ 〰〰ㄳ㔱㌰‰〰〰⁮ 〰〰ㄳ㔳㠷‰〰〰⁮ 〰〰㈲㈸㐵‰〰〰⁮ 〰〰㈲㌰㈰‰〰〰⁮ 〰〰㈲㌳㌷‰〰〰⁮ 〰〰㈲㌴㠰‰〰〰⁮ 〰〰㈲㌶㠶‰〰〰⁮ 〰〰㈲㌸㈰‰〰〰⁮ 〰〰㈲㌹㠰‰〰〰⁮ 〰〰ㄳ㔵㐱‰〰〰⁮ 〰〰ㄳ㔶ㄲ‰〰〰⁮ 〰〰ㄳ㘳ㄲ‰〰〰⁮ 〰〰ㄴㄶ〲‰〰〰⁮ 〰〰㈲㐱㐴‰〰〰⁮ 〰〰㈲㐲㤹‰〰〰⁮ 〰〰ㄴㄶ㤴‰〰〰⁮ 〰〰ㄴㄶ㈴‰〰〰⁮ 〰〰ㄴ㈲㔹‰〰〰⁮ 〰〰ㄴ㘴㤰‰〰〰⁮ 〰〰ㄴ㘵ㄲ‰〰〰⁮ 〰〰ㄴ㘷㔳‰〰〰⁮ 〰〰ㄵ㄰㐵‰〰〰⁮ 〰〰ㄵ㄰㘷‰〰〰⁮ 〰〰ㄵㄳ㠸‰〰〰⁮ 〰〰ㄵ㘵㘷‰〰〰⁮ 〰〰㈲㐵㄰‰〰〰⁮ 〰〰㈲㐹㐶‰〰〰⁮ 〰〰ㄵ㘵㠹‰〰〰⁮ 〰〰ㄵ㘹㌶‰〰〰⁮ 〰〰ㄶ㈲㜶‰〰〰⁮ 〰〰ㄶ㈲㤸‰〰〰⁮ 〰〰ㄶ㈶㠱‰〰〰⁮ 〰〰ㄶ㜵ㄸ‰〰〰⁮ 〰〰ㄶ㜵㐰‰〰〰⁮ 〰〰ㄶ㜹〷‰〰〰⁮ 〰〰ㄷ㈸㌳‰〰〰⁮ 〰〰ㄷ㈸㔵‰〰〰⁮ 〰〰ㄷ㌱㤰‰〰〰⁮ 〰〰ㄷ㠴㜲‰〰〰⁮ 〰〰ㄷ㠴㤴‰〰〰⁮ 〰〰ㄷ㠸ㄳ‰〰〰⁮ 〰〰ㄸ㐴㤰‰〰〰⁮ 〰〰ㄸ㐵ㄲ‰〰〰⁮ 〰〰ㄸ㐷㤱‰〰〰⁮ 〰〰ㄸ㘷㘹‰〰〰⁮ 〰〰ㄸ㘷㤱‰〰〰⁮ 〰〰ㄸ㜲㤶‰〰〰⁮ 〰〰ㄹ㠸㐸‰〰〰⁮ 〰〰ㄹ㠸㜱‰〰〰⁮ 〰〰ㄹ㤸㠲‰〰〰⁮ 〰〰㈰〲㌲‰〰〰⁮ 〰〰㈰〳〳‰〰〰⁮ 〰〰㈰〸㜲‰〰〰⁮ 〰〰㈰㔵㜲‰〰〰⁮ 〰〰㈰㔵㤴‰〰〰⁮ 〰〰㈰㘴㔹‰〰〰⁮ 〰〰㈰㘵ㄷ‰〰〰⁮ 〰〰㈲㔳㠵‰〰〰⁮ 〰〰㄰㈴㠳‰〰〰⁮ 〰〰㈲㔸㔲‰〰〰⁮ 〰〰〸㔳㌲‰〰〰⁮ 〰〰㄰㈸㔳‰〰〰⁮ 〰〰㈲㘱〴‰〰〰⁮ 〰〰㈳〸㐶‰〰〰⁮ 〰〰㈳㠰㤴‰〰〰⁮ 〰〰㄰㌱㐲‰〰〰⁮ 〰〰㈳㠳㜶‰〰〰⁮ 〰〰㈴㈳㤶‰〰〰⁮ 〰〰㄰㌳㘱‰〰〰⁮ 〰〰㈴㈹㜳‰〰〰⁮ 〰〰㄰㌷㐲‰〰〰⁮ 〰〰㄰㌹㜴‰〰〰⁮ 〰〰㈴㌰㘲‰〰〰⁮ 〰〰㈰㘵㠹‰〰〰⁮ 〰〰〸㔵㐵‰〰〰⁮ 〰〰ㄳ㔶㠳‰〰〰⁮ 〰〰㈰〳㜵‰〰〰⁮ 〰〰㈴㌱㔱‰〰〰⁮ 〰〰㄰㐰㘴‰〰〰⁮ 〰〰ㄱ㜳㌶‰〰〰⁮ 〰〰㈴㌷ㄱ‰〰〰⁮ 〰〰㈴㌷㌳‰〰〰⁮ 〰〰㈴㌷㔵‰〰〰⁮ 〰〰㈴㌷㜷‰〰〰⁮ 〰〰㈴㌷㤹‰〰〰⁮ 〰〰㈴㌸㈱‰〰〰⁮ 〰〰㈴㌸㐳‰〰〰⁮ 〰〰㈴㌸㘵‰〰〰⁮ 〰〰㈴㌸㠷‰〰〰⁮ 〰〰㈴㌹〹‰〰〰⁮ 〰〰㈴㌹㌱‰〰〰⁮ 〰〰㈴㌹㔳‰〰〰⁮ 〰〰㈴㌹㜵‰〰〰⁮ 〰〰㈴㌹㤷‰〰〰⁮ 〰〰㈴㐰ㄹ‰〰〰⁮ 〰〰㈴㐰㐱‰〰〰⁮ 〰〰㈴㐰㘳‰〰〰⁮ 〰〰㈴㐰㠵‰〰〰⁮ 〰〰㈴㐱〷‰〰〰⁮ 〰〰㈴㐱㜷‰〰〰⁮ 〰〰㈴㜳㜶‰〰〰⁮ 〰〰㈴㜴㌲‰〰〰⁮ 〰〰㈴㜶㈱‰〰〰⁮ 〰〰㈴㜸〳‰〰〰⁮ 〰〰㈴㜹㤷‰〰〰⁮ 〰〰㈴㠱㠳‰〰〰⁮ 〰〰㈴㠳㜲‰〰〰⁮ 〰〰㈴㠵㠷‰〰〰⁮ 〰〰㈴㠷㐷‰〰〰⁮ 〰〰㈴㠹〷‰〰〰⁮ 〰〰㈴㤰㘷‰〰〰⁮ 〰〰㈴㤲㈷‰〰〰⁮ 〰〰㈴㤳㠷‰〰〰⁮ 〰〰㈴㤵㐶‰〰〰⁮ 〰〰㈴㤷〵‰〰〰⁮ 〰〰㈴㤸㘴‰〰〰⁮ 〰〰㈵〰㈴‰〰〰⁮ 〰〰㈵〱㠲‰〰〰⁮ 〰〰㈵〳㐲‰〰〰⁮ 〰〰㈵〵〲‰〰〰⁮ 〰〰㈵〶㘲‰〰〰⁮ 〰〰㈵〸㈱‰〰〰⁮ 〰〰㈵〹㠱‰〰〰⁮ 〰〰㈵ㄱ㐱‰〰〰⁮ 〰〰㈵ㄳ〱‰〰〰⁮ 〰〰㈵ㄴ㘱‰〰〰⁮ 〰〰㈵ㄶ㈱‰〰〰⁮ 〰〰㈵ㄷ㠱‰〰〰⁮ 〰〰㈵ㄹ㐰‰〰〰⁮ 〰〰㈵㈰㤹‰〰〰⁮ 〰〰㈵㈲㔸‰〰〰⁮ 〰〰㈵㈴ㄷ‰〰〰⁮ 〰〰㈵㈵㜷‰〰〰⁮ 〰〰㈵㈷㌷‰〰〰⁮ 〰〰㈵㈸㤷‰〰〰⁮ 〰〰㈵㌰㔶‰〰〰⁮ 〰〰㈵㌲ㄶ‰〰〰⁮ 〰〰㈵㌳㜶‰〰〰⁮ 〰〰㈵㌵㌵‰〰〰⁮ 〰〰㈵㌶㤴‰〰〰⁮ 〰〰㈵㌸㔳‰〰〰⁮ 〰〰㈵㐰ㄳ‰〰〰⁮ 〰〰㈵㐱㜳‰〰〰⁮ 〰〰㈵㐳㌲‰〰〰⁮ 〰〰㈵㐴㤱‰〰〰⁮ 〰〰㈵㐶㐹‰〰〰⁮ 〰〰㈵㐸〸‰〰〰⁮ 〰〰㈵㐹㔷‰〰〰⁮ 〰〰㈵㔱ㄱ‰〰〰⁮ 〰〰㈵㔲㘰‰〰〰⁮ 〰〰㈵㔴㔰‰〰〰⁮ 〰〰㈵㔶〹‰〰〰⁮ 〰〰㈵㔷㘹‰〰〰⁮ 〰〰㈵㔹㈸‰〰〰⁮ 〰〰㈵㘰㠸‰〰〰⁮ 〰〰㈵㘲㐸‰〰〰⁮ 〰〰㈵㘴〷‰〰〰⁮ 〰〰㈵㘵㘷‰〰〰⁮ 〰〰㈵㘷㈷‰〰〰⁮ 〰〰㈵㘸㠶‰〰〰⁮ 〰〰㈵㜰㐵‰〰〰⁮ 〰〰㈵㜲〴‰〰〰⁮ 〰〰㈵㜳㘳‰〰〰⁮ 〰〰㈵㜵㈲‰〰〰⁮ 〰〰㈵㜶㠱‰〰〰⁮ 〰〰㈵㜸㌹‰〰〰⁮ 〰〰㈵㠰〰‰〰〰⁮ 〰〰㈵㠱㔴‰〰〰⁮ 〰〰㈵㠳ㄳ‰〰〰⁮ 〰〰㈵㠴㜳‰〰〰⁮ 〰〰㈵㠶㌳‰〰〰⁮ 〰〰㈵㠷㤳‰〰〰⁮ 〰〰㈵㠹㔳‰〰〰⁮ 〰〰㈵㤱ㄳ‰〰〰⁮ 〰〰㈵㤲㜳‰〰〰⁮ 〰〰㈵㤴㌳‰〰〰⁮ 〰〰㈵㤵㤳‰〰〰⁮ 〰〰㈵㤷㔲‰〰〰⁮ 〰〰㈵㤹ㄱ‰〰〰⁮ 〰〰㈶〰㘹‰〰〰⁮ 〰〰㈶〲㈹‰〰〰⁮ 〰〰㈶〳㠹‰〰〰⁮ 〰〰㈶〵㐸‰〰〰⁮ 〰〰㈶〷〸‰〰〰⁮ 〰〰㈶〸㘹‰〰〰⁮ 〰〰㈶㄰㈷‰〰〰⁮ 〰〰㈶ㄱ㠶‰〰〰⁮ 〰〰㈶ㄳ㐴‰〰〰⁮ 〰〰㈶ㄵ〲‰〰〰⁮ 〰〰㈶ㄶ㘱‰〰〰⁮ 〰〰㈶ㄸ㈰‰〰〰⁮ 〰〰㈶ㄹ㠰‰〰〰⁮ 〰〰㈶㈱㐰‰〰〰⁮ 〰〰㈶㈲㤹‰〰〰⁮ 〰〰㈶㈴㔴‰〰〰⁮ 〰〰㈶㈶ㄴ‰〰〰⁮ 〰〰㈶㈷㜳‰〰〰⁮ 〰〰㈶㈹㌲‰〰〰⁮ 〰〰㈶㌰㤲‰〰〰⁮ 〰〰㈶㌲㔲‰〰〰⁮ 〰〰㈶㌴ㄲ‰〰〰⁮ 〰〰㈶㌵㜲‰〰〰⁮ 〰〰㈶㌷㌱‰〰〰⁮ 〰〰㈶㌸㤱‰〰〰⁮ 〰〰㈶㐰㔰‰〰〰⁮ 〰〰㈶㐲〹‰〰〰⁮ 〰〰㈶㐳㘳‰〰〰⁮ 〰〰㈶㐵㈲‰〰〰⁮ 〰〰㈶㐶㠰‰〰〰⁮ 〰〰㈶㐸㐰‰〰〰⁮ 〰〰㈶㔰〰‰〰〰⁮ 〰〰㈶㔱㘰‰〰〰⁮ 〰〰㈶㔳㈰‰〰〰⁮ 〰〰㈶㔴㜹‰〰〰⁮ 〰〰㈶㔶㌹‰〰〰⁮ 〰〰㈶㔷㤹‰〰〰⁮ 〰〰㈶㔹㔸‰〰〰⁮ 〰〰㈶㘱ㄷ‰〰〰⁮ 〰〰㈶㘲㜸‰〰〰⁮ 〰〰㈶㘴㌳‰〰〰⁮ 〰〰㈶㘵㠸‰〰〰⁮ 〰〰㈶㘷㐱‰〰〰⁮ 〰〰㈶㘸㤶‰〰〰⁮ 〰〰㈶㜰㔶‰〰〰⁮ 〰〰㈶㜲ㄶ‰〰〰⁮ 〰〰㈶㜳㜶‰〰〰⁮ 〰〰㈶㜵㌶‰〰〰⁮ 〰〰㈶㜶㤱‰〰〰⁮ 〰〰㈶㜸㔱‰〰〰⁮ 〰〰㈶㠰ㄱ‰〰〰⁮ 〰〰㈶㠱㜱‰〰〰⁮ 〰〰㈶㠳㌱‰〰〰⁮ 〰〰㈶㠴㤱‰〰〰⁮ 〰〰㈶㠶㔰‰〰〰⁮ 〰〰㈶㠸㄰‰〰〰⁮ 〰〰㈶㠹㜰‰〰〰⁮ 〰〰㈶㤱㈹‰〰〰⁮ 〰〰㈶㤲㠳‰〰〰⁮ 〰〰㈶㤴㐳‰〰〰⁮ 〰〰㈶㤶〲‰〰〰⁮ 〰〰㈶㤷㘲‰〰〰⁮ 〰〰㈶㤹㈱‰〰〰⁮ 〰〰㈷〱〴‰〰〰⁮ 〰〰㈷〲㘳‰〰〰⁮ 〰〰㈷〴㈳‰〰〰⁮ 〰〰㈷〵㠳‰〰〰⁮ 〰〰㈷〷㐳‰〰〰⁮ 〰〰㈷〸㤸‰〰〰⁮ 〰〰㈷㄰㐶‰〰〰⁮ 〰〰㈷ㄲ〵‰〰〰⁮ 〰〰㈷ㄳ㘴‰〰〰⁮ 〰〰㈷ㄵ㈳‰〰〰⁮ 〰〰㈷ㄶ㠱‰〰〰⁮ 〰〰㈷ㄸ㌹‰〰〰⁮ 〰〰㈷ㄹ㤹‰〰〰⁮ 〰〰㈷㈱㔹‰〰〰⁮ 〰〰㈷㈳ㄹ‰〰〰⁮ 〰〰㈷㈴㜹‰〰〰⁮ 〰〰㈷㈶㌹‰〰〰⁮ 〰〰㈷㈷㤸‰〰〰⁮ 〰〰㈷㈹㔷‰〰〰⁮ 〰〰㈷㌱ㄶ‰〰〰⁮ 〰〰㈷㌲㜶‰〰〰⁮ 〰〰㈷㌴㌵‰〰〰⁮ 〰〰㈷㌵㤵‰〰〰⁮ 〰〰㈷㌷㔵‰〰〰⁮ 〰〰㈷㌹ㄵ‰〰〰⁮ 〰〰㈷㐰㜵‰〰〰⁮ 〰〰㈷㐲㌵‰〰〰⁮ 〰〰㈷㐳㤴‰〰〰⁮ 〰〰㈷㐵㔳‰〰〰⁮ 〰〰㈷㐷ㄳ‰〰〰⁮ 〰〰㈷㐸㜳‰〰〰⁮ 〰〰㈷㔰㌳‰〰〰⁮ 〰〰㈷㔱㤳‰〰〰⁮ 〰〰㈷㔳㔳‰〰〰⁮ 〰〰㈷㔵ㄳ‰〰〰⁮ 〰〰㈷㔶㜱‰〰〰⁮ 〰〰㈷㔸㌱‰〰〰⁮ 〰〰㈷㔹㠱‰〰〰⁮ 〰〰㈷㘱㐲‰〰〰⁮ 〰〰㈷㘳〲‰〰〰⁮ 〰〰㈷㘴㘲‰〰〰⁮ 〰〰㈷㘶㈰‰〰〰⁮ 〰〰㈷㘷㠰‰〰〰⁮ 〰〰㈷㘹㐰‰〰〰⁮ 〰〰㈷㜰㤹‰〰〰⁮ 〰〰㈷㜲㔸‰〰〰⁮ 〰〰㈷㜴ㄸ‰〰〰⁮ 〰〰㈷㜵㜸‰〰〰⁮ 〰〰㈷㜷㌷‰〰〰⁮ 〰〰㈷㜹㄰‰〰〰⁮ 〰〰㈷㠰㘴‰〰〰⁮ 〰〰㈷㠲ㄹ‰〰〰⁮ 〰〰㈷㠳㜹‰〰〰⁮ 〰〰㈷㠵㌴‰〰〰⁮ 〰〰㈷㠶㤳‰〰〰⁮ 〰〰㈷㠸㔴‰〰〰⁮ 〰〰㈷㤰〴‰〰〰⁮ 〰〰㈷㤱㘲‰〰〰⁮ 〰〰㈷㤳㈰‰〰〰⁮ 〰〰㈷㤴㜹‰〰〰⁮ 〰〰㈷㤶㌹‰〰〰⁮ 〰〰㈷㤷㤹‰〰〰⁮ 〰〰㈷㤹㔹‰〰〰⁮ 〰〰㈸〱ㄹ‰〰〰⁮ 〰〰㈸〲㜹‰〰〰⁮ 〰〰㈸〴㌹‰〰〰⁮ 〰〰㈸〵㤹‰〰〰⁮ 〰〰㈸〷㔹‰〰〰⁮ 〰〰㈸〹ㄸ‰〰〰⁮ 〰〰㈸㄰㜷‰〰〰⁮ 〰〰㈸ㄲ㌷‰〰〰⁮ 〰〰㈸ㄳ㤷‰〰〰⁮ 〰〰㈸ㄵ㔷‰〰〰⁮ 〰〰㈸ㄷㄷ‰〰〰⁮ 〰〰㈸ㄸ㜷‰〰〰⁮ 〰〰㈸㈰㌷‰〰〰⁮ 〰〰㈸㈱㤷‰〰〰⁮ 〰〰㈸㈳㔷‰〰〰⁮ 〰〰㈸㈵ㄷ‰〰〰⁮ 〰〰㈸㈶㜶‰〰〰⁮ 〰〰㈸㈸㌵‰〰〰⁮ 〰〰㈸㈹㤵‰〰〰⁮ 〰〰㈸㌱㔵‰〰〰⁮ 〰〰㈸㌳ㄴ‰〰〰⁮ 〰〰㈸㌴㜳‰〰〰⁮ 〰〰㈸㌶㌲‰〰〰⁮ 〰〰㈸㌷㤱‰〰〰⁮ 〰〰㈸㌹㐹‰〰〰⁮ 〰〰㈸㐱〶‰〰〰⁮ 〰〰㈸㐲㘴‰〰〰⁮ 〰〰㈸㐴㈵‰〰〰⁮ 〰〰㈸㐵㠳‰〰〰⁮ 〰〰㈸㐷㐲‰〰〰⁮ 〰〰㈸㐸㤹‰〰〰⁮ 〰〰㈸㔰㔸‰〰〰⁮ 〰〰㈸㔲ㄷ‰〰〰⁮ 〰〰㈸㔳㜷‰〰〰⁮ 〰〰㈸㔵㌷‰〰〰⁮ 〰〰㈸㔶㤷‰〰〰⁮ 〰〰㈸㔸㔷‰〰〰⁮ 〰〰㈸㘰ㄷ‰〰〰⁮ 〰〰㈸㘱㜷‰〰〰⁮ 〰〰㈸㘳㌶‰〰〰⁮ 〰〰㈸㘴㤶‰〰〰⁮ 〰〰㈸㘶㔶‰〰〰⁮ 〰〰㈸㘸ㄵ‰〰〰⁮ 〰〰㈸㘹㜵‰〰〰⁮ 〰〰㈸㜱㌵‰〰〰⁮ 〰〰㈸㜲㤴‰〰〰⁮ 〰〰㈸㜴㔳‰〰〰⁮ 〰〰㈸㜶ㄵ‰〰〰⁮ 〰〰㈸㜸㌸‰〰〰⁮ 〰〰㈸㠰㐱‰〰〰⁮ 〰〰㈸㠳〵‰〰〰⁮ 〰〰㈸㠵㘹‰〰〰⁮ 〰〰㈸㠷㔲‰〰〰⁮ 〰〰㈸㠹㈵‰〰〰⁮ 〰〰㈸㤰㠴‰〰〰⁮ 〰〰㈸㤲㐲‰〰〰⁮ 〰〰㈸㤴〱‰〰〰⁮ 〰〰㈸㤵㘱‰〰〰⁮ 〰〰㈸㤷㈱‰〰〰⁮ 〰〰㈸㤸㠱‰〰〰⁮ 〰〰㈹〰㐱‰〰〰⁮ 〰〰㈹〲〱‰〰〰⁮ 〰〰㈹〳㘱‰〰〰⁮ 〰〰㈹〵㈱‰〰〰⁮ 〰〰㈹〶㠱‰〰〰⁮ 〰〰㈹〸㐰‰〰〰⁮ 〰〰㈹〹㤴‰〰〰⁮ 〰〰㈹ㄱ㔴‰〰〰⁮ 〰〰㈹ㄳㄴ‰〰〰⁮ 〰〰㈹ㄴ㜶‰〰〰⁮ 〰〰㈹ㄶ㌶‰〰〰⁮ 〰〰㈹ㄷ㤷‰〰〰⁮ 〰〰㈹ㄹ㔸‰〰〰⁮ 〰〰㈹㈱ㄵ‰〰〰⁮ 〰〰㈹㈲㜳‰〰〰⁮ 〰〰㈹㈴㌳‰〰〰⁮ 〰〰㈹㈵㤵‰〰〰⁮ 〰〰㈹㈷㔵‰〰〰⁮ 〰〰㈹㈹ㄵ‰〰〰⁮ 〰〰㈹㌰㜷‰〰〰⁮ 〰〰㈹㌲㌹‰〰〰⁮ 〰〰㈹㌴〱‰〰〰⁮ 〰〰㈹㌵㘱‰〰〰⁮ 〰〰㈹㌷㈱‰〰〰⁮ 〰〰㈹㌸㠳‰〰〰⁮ 〰〰㈹㐰㐳‰〰〰⁮ 〰〰㈹㐲〳‰〰〰⁮ 〰〰㈹㐳㘳‰〰〰⁮ 〰〰㈹㐵㈴‰〰〰⁮ 〰〰㈹㐶㠳‰〰〰⁮ 〰〰㈹㐸㐳‰〰〰⁮ 〰〰㈹㔰〳‰〰〰⁮ 〰〰㈹㔱㘳‰〰〰⁮ 〰〰㈹㔳㐵‰〰〰⁮ 〰〰㈹㔵㌴‰〰〰⁮ 〰〰㈹㔷㌱‰〰〰⁮ 〰〰㈹㔹㈰‰〰〰⁮ 〰〰㈹㘱ㄶ‰〰〰⁮ 〰〰㈹㘲㤹‰〰〰⁮ 〰〰㈹㘴㠲‰〰〰⁮ 〰〰㈹㘶㘹‰〰〰⁮ 〰〰㈹㘸㔴‰〰〰⁮ 〰〰㈹㜰㈷‰〰〰⁮ 〰〰㈹㜲㐲‰〰〰⁮ 〰〰㈹㜴㌱‰〰〰⁮ 〰〰㈹㜵㤰‰〰〰⁮ 〰〰㈹㜷㠰‰〰〰⁮ 〰〰㈹㜹㘳‰〰〰⁮ 〰〰㈹㠱㘳‰〰〰⁮ 〰〰㈹㠳㘴‰〰〰⁮ 〰〰㈹㠵㘲‰〰〰⁮ 〰〰㈹㠷㘲‰〰〰⁮ 〰〰㈹㠹㘳‰〰〰⁮ 〰〰㈹㤱㘵‰〰〰⁮ 〰〰㈹㤳㘷‰〰〰⁮ 〰〰㈹㤵㜱‰〰〰⁮ 〰〰㈹㤷㜴‰〰〰⁮ 〰〰㈹㤹㔵‰〰〰⁮ 〰〰㌰〱㌵‰〰〰⁮ 〰〰㌰〳ㄷ‰〰〰⁮ 〰〰㌰〵〱‰〰〰⁮ 〰〰㌰〷〲‰〰〰⁮ 〰〰㌰〸㠵‰〰〰⁮ 〰〰㌰㄰㜵‰〰〰⁮ 〰〰㌰ㄲ㘹‰〰〰⁮ 〰〰㌰ㄴ㜰‰〰〰⁮ 〰〰㌰ㄶ㜱‰〰〰⁮ 〰〰㌰ㄸ㔴‰〰〰⁮ 〰〰㌰㈰㔱‰〰〰⁮ 〰〰㌰㈲㐸‰〰〰⁮ 〰〰㌰㈵ㄴ‰〰〰⁮ 〰〰㌰㈷㠰‰〰〰⁮ 〰〰㌰㈹㜷‰〰〰⁮ 〰〰㌰㌱㜵‰〰〰⁮ 〰〰㌰㌳㔷‰〰〰⁮ 〰〰㌰㌵㌸‰〰〰⁮ 〰〰㌰㌷㈳‰〰〰⁮ 〰〰㌰㌹㈶‰〰〰⁮ 〰〰㌰㐱㈹‰〰〰⁮ 〰〰㌰㐳㄰‰〰〰⁮ 〰〰㌰㐴㤳‰〰〰⁮ 〰〰㌰㐶㠵‰〰〰⁮ 〰〰㌰㐸㜶‰〰〰⁮ 〰〰㌰㔰㔹‰〰〰⁮ 〰〰㌰㔲㐲‰〰〰⁮ 〰〰㌰㔴㈵‰〰〰⁮ 〰〰㌰㔶〸‰〰〰⁮ 〰〰㌰㔷㤰‰〰〰⁮ 〰〰㌰㔹㜳‰〰〰⁮ 〰〰㌰㘱㔵‰〰〰⁮ 〰〰㌰㘳㐸‰〰〰⁮ 〰〰㌰㘵㐱‰〰〰⁮ 〰〰㌰㘷㈴‰〰〰⁮ 〰〰㌰㘹〶‰〰〰⁮ 〰〰㌰㜰㤱‰〰〰⁮ 〰〰㌰㜲㤱‰〰〰⁮ 〰〰㌰㜴㤱‰〰〰⁮ 〰〰㌰㜶㠹‰〰〰⁮ 〰〰㌰㜸㠸‰〰〰⁮ 〰〰㌰㠰㜱‰〰〰⁮ 〰〰㌰㠲㜰‰〰〰⁮ 〰〰㌰㠴㐹‰〰〰⁮ 〰〰㌰㠶㌳‰〰〰⁮ 〰〰㌰㠸ㄷ‰〰〰⁮ 〰〰㌰㤰ㄷ‰〰〰⁮ 〰〰㌰㤲ㄷ‰〰〰⁮ 〰〰㌰㤴㄰‰〰〰⁮ 〰〰㌰㤶〳‰〰〰⁮ 〰〰㌰㤷㠵‰〰〰⁮ 〰〰㌰㤹㠵‰〰〰⁮ 〰〰㌱〱㠶‰〰〰⁮ 〰〰㌱〳㠵‰〰〰⁮ 〰〰㌱〵㘷‰〰〰⁮ 〰〰㌱〷㐹‰〰〰⁮ 〰〰㌱〹㌲‰〰〰⁮ 〰〰㌱ㄱ㌳‰〰〰⁮ 〰〰㌱ㄳ㌴‰〰〰⁮ 〰〰㌱ㄵ㈸‰〰〰⁮ 〰〰㌱ㄷ㈲‰〰〰⁮ 〰〰㌱ㄹㄶ‰〰〰⁮ 〰〰㌱㈱㄰‰〰〰⁮ 〰〰㌱㈳㜵‰〰〰⁮ 〰〰㌱㈶㐰‰〰〰⁮ 〰〰㌱㈸㌲‰〰〰⁮ 〰〰㌱㌰㌳‰〰〰⁮ 〰〰㌱㌲㌳‰〰〰⁮ 〰〰㌱㌴ㄷ‰〰〰⁮ 〰〰㌱㌶ㄵ‰〰〰⁮ 〰〰㌱㌸ㄳ‰〰〰⁮ 〰〰㌱㐰ㄴ‰〰〰⁮ 〰〰㌱㐲ㄴ‰〰〰⁮ 〰〰㌱㐴ㄵ‰〰〰⁮ 〰〰㌱㐵㤸‰〰〰⁮ 〰〰㌱㐷㤲‰〰〰⁮ 〰〰㌱㐹㠶‰〰〰⁮ 〰〰㌱㔲㌸‰〰〰⁮ 〰〰㌱㔴㤰‰〰〰⁮ 〰〰㌱㔶㜴‰〰〰⁮ 〰〰㌱㔸㔷‰〰〰⁮ 〰〰㌱㘰㌹‰〰〰⁮ 〰〰㌱㘲㈱‰〰〰⁮ 〰〰㌱㘴〴‰〰〰⁮ 〰〰㌱㘵㤴‰〰〰⁮ 〰〰㌱㘷㜷‰〰〰⁮ 〰〰㌱㘹㘰‰〰〰⁮ 〰〰㌱㜱㘱‰〰〰⁮ 〰〰㌱㜳㐴‰〰〰⁮ 〰〰㌱㜵㈷‰〰〰⁮ 〰〰㌱㜷㈸‰〰〰⁮ 〰〰㌱㜹㈹‰〰〰⁮ 〰〰㌱㠰㤰‰〰〰⁮ 〰〰㌱㠲㔰‰〰〰⁮ 〰〰㌱㠴㄰‰〰〰⁮ 〰〰㌱㠵㜰‰〰〰⁮ 〰〰㌱㠷㌱‰〰〰⁮ 〰〰㌱㠸㤱‰〰〰⁮ 〰〰㌱㤰㔱‰〰〰⁮ 〰〰㌱㤲〹‰〰〰⁮ 〰〰㌱㤳㘸‰〰〰⁮ 〰〰㌱㤵㈷‰〰〰⁮ 〰〰㌱㤶㠶‰〰〰⁮ 〰〰㌱㤸㐵‰〰〰⁮ 〰〰㌲〰〵‰〰〰⁮ 〰〰㌲〱㘴‰〰〰⁮ 〰〰㌲〳㈴‰〰〰⁮ 〰〰㌲〴㠴‰〰〰⁮ 〰〰㌲〶㐴‰〰〰⁮ 〰〰㌲〸〴‰〰〰⁮ 〰〰㌲〹㘴‰〰〰⁮ 〰〰㌲ㄱ㈴‰〰〰⁮ 〰〰㌲ㄲ㠴‰〰〰⁮ 〰〰㌲ㄴ㐳‰〰〰⁮ 〰〰㌲ㄶ〲‰〰〰⁮ 〰〰㌲ㄷ㘱‰〰〰⁮ 〰〰㌲ㄹ㈰‰〰〰⁮ 〰〰㌲㈰㜹‰〰〰⁮ 〰〰㌲㈲㌵‰〰〰⁮ 〰〰㌲㈳㤱‰〰〰⁮ 〰〰㌲㈵㐶‰〰〰⁮ 〰〰㌲㈷〲‰〰〰⁮ 〰〰㌲㈸㔷‰〰〰⁮ 〰〰㌲㌰ㄳ‰〰〰⁮ 〰〰㌲㌱㜱‰〰〰⁮ 〰〰㌲㌳㈹‰〰〰⁮ 〰〰㌲㌴㤰‰〰〰⁮ 〰〰㌲㌶㐵‰〰〰⁮ 〰〰㌲㌸〶‰〰〰⁮ 〰〰㈴㌲㌸‰〰〰⁮ 〰〰㈴㌴㌸‰〰〰⁮ 〰〰㈴㌶㌴‰〰〰⁮ 〰〰㌲㌹㘶‰〰〰⁮ 瑲慩汥爊㰼⽓楺攠㘷㔾㸊獴慲瑸牥昊㈲ㄊ┥䕏䘊

