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Abstract

With the increasing deployment of machine learning models in many socially-sensitive tasks,
there is a growing demand for reliable and trustworthy predictions. One way to accomplish
these requirements is to allow a model to abstain from making a prediction when there
is a high risk of making an error. This requires adding a selection mechanism to the
model, which selects those examples for which the model will provide a prediction. The
selective classification framework aims to design a mechanism that balances the fraction of
rejected predictions (i.e., the proportion of examples for which the model does not make a
prediction) versus the improvement in predictive performance on the selected predictions.
Multiple selective classification frameworks exist, most of which rely on deep neural network
architectures. However, the empirical evaluation of the existing approaches is still limited
to partial comparisons among methods and settings, providing practitioners with little
insight into their relative merits. We fill this gap by benchmarking 18 baselines on a
diverse set of 44 datasets that includes both image and tabular data. Moreover, there is
a mix of binary and multiclass tasks. We evaluate these approaches using several criteria,
including selective error rate, empirical coverage, distribution of rejected instance’s classes,
and performance on out-of-distribution instances. The results indicate that there is not
a single clear winner among the surveyed baselines, and the best method depends on the
users’ objectives.

©2024 Pugnana, Perini, Davis and Ruggieri.
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1 Introduction

Artificial Intelligence (AI) systems are increasingly being deployed to support or even au-
tomate decision-making. Ensuring the trustworthiness of Al systems is crucial in many
applications (Kaur et al., 2023), and is one of the main goals of the recent European AI
Act (European Commission, 2021). More precisely, “[h]igh-risk AI systems shall be designed
and developed in such a way that they achieve, in the light of their intended purpose, an
appropriate level of accuracy [and] robustness”.

High-risk Al systems pertain to socially sensitive domains, such as: healthcare, where
predictions might be used to determine treatments (Craig et al., 2023); justice, where
predictions can evaluate the risk of recidivism (Berk et al., 2021); hiring, where predictions
can determine rankings of candidates or explain their turnover intention (Fabris et al.,
2023; Lazzari et al., 2022); and credit scoring, where predictions can be used to estimate
the probability of repaying a debt (Dastile et al., 2020).

In all such high-risk contexts, we aim to reduce the number of mistakes made by Al
systems because their mistakes can have critical consequences. For example, consider a
bank that uses a Machine Learning (ML) model to score the credit risk of loan applications.
In such a setting, a misprediction could either translate into a money loss for the bank or
an unjust denial of credit to the applicant.

One potential way to improve the trustworthiness of a model is to allow it to abstain
from making a prediction when there is a high chance of making an error (Chow, 1970).
Such a strategy is inherent in human reasoning when facing an unknown phenomenon. For
example, human bankers who are unsure about a specific loan application do not (have to)
provide an answer as soon as they are asked. Indeed, they may require additional financial
documents to verify the loan’s feasibility or ask for an external expert consultation. This
approach aims to minimize the risk of an incorrect evaluation.

Likewise, allowing ML models to predict only when confident enough helps mitigate the
risk of incorrect predictions (Pugnana, 2023). On the one hand, including a reject option
results in the ML model having better performance when it does provide a prediction
because it is only offering predictions in those cases where it is highly likely to be correct.
On the other hand, rejected instances can be dealt with in other ways. For example, human
experts can be involved in the loop to oversee difficult instances, e.g., a banker can oversee
difficult-to-evaluate loan applications. Alternatively, the prediction task can be deferred to
more complex ML models, possibly using additional and costly-to-compute features.

Selective Classification (SC) (El-Yaniv and Wiener, 2010) is one well-known framework
that allows a model not always to offer a prediction. Intuitively, this framework imbues
a model with a mechanism that selects whether a prediction is made on a per-example
basis. The goal is to navigate the tradeoff between the proportion of examples for which a
prediction is made (i.e., the model’s coverage) and the performance improvement on the
selected examples (i.e., the ones for which a prediction is made) that arises from focusing
only on those cases where the model has a small chance of making a misprediction. Typically,
this is done by maximizing the performance on the selected examples given a target coverage.
Given the appeal of SC, there are wide range of approaches for this problem setting (Geifman
and El-Yaniv, 2017, 2019; Liu et al., 2019; Huang et al., 2020; Gangrade et al., 2021; Pugnana
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and Ruggieri, 2023a,b; Feng et al., 2023). The primary emphasis is on implementing SC in
the context Deep Neural Networks (DNN) models.

Unfortunately, we lack insights into the relative merits of existing SC approaches for
DNNSs because existing empirical evaluations in the literature suffer from several shortcom-
ings. First, they always involve 10 datasets, and primarily consider only image data.
Second, only a handful of approaches (never more than seven) are compared. Third, most
studies mainly focus on comparing approaches based on single metric: their predictive
accuracy on the selected examples. However, there are other relevant performance char-
acteristics of SC methods such as whether their coverage constraint holds, whether they
disproportionately reject instances from one class, or how they behave on unseen data.

Our goal is to fill this gap by performing the first comprehensive benchmarking of
SC methods for DNN architectures. Specifically, our evaluation goes substantially beyond
existing studies by:

1. Including 18 SC methods;

2. Evaluating the considered methods on 44 datasets that include both image and tabular
data; and

3. Considering five different aspects of SC models’ performance.

Our results suggest that the choice of the baseline depends on the performance criterion
to be prioritized. In fact, most methods perform with no statistically significant difference
across the different tasks. To summarize, the main contributions of this paper are that we:

(i) briefly survey the state-of-the-art methods in SC;

(ii) provide the widest experimental evaluation of SC methods in terms of baselines,
datasets and tasks;

(7ii) point out the limitations of compared methods, which highlights potential avenues for
future research directions; and

(iv) release a public repository with all software code and datasets for reproducing the

baseline algorithms and the experiments.!

2 Background

be the probability distribution over X Y. Given a hypothesis space H of functions that
map X to Y (called models or classifiers), the goal of a learning algorithm is to find the
hypothesis h 2 H that minimizes the risk:

R(h) = E[I(h(X); Y)] (1)

wherel : Y Y ¥ Risa user-specified loss function. Because P (X;Y ) is generally unknown,
it is typically assumed that we have access to an i.i.d. sample T = F(Xi;yi)gjL; that can
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be used to learn a classifier Ai( ), such that:

i 2 argmin R(h; Tn) (2)
h2H

where R(h; Tn) = 5T P(x;y)ZTn I(h(X);y) is the empirical risk over the sample Tp.
Because the learned model is prone to making mistakes, one can extend the canonical
setting to include a selection mechanism that allows the model to refrain from offering a
prediction for those instances likely to be misclassified.
Formally, a selective classifier is a pair (h;g) where h is a standard classifier and ¢ :
X ¥ 10;1q is a selection function that determines whether h’s prediction is provided or the
model abstains (or rejects):

C
h(x) ifg(x) =1

abstain otherwise

(h;g)(x) = (3)

In practice, rather than directly learning the selection function in Eq. 3, one approximates it
by (1) learning a confidence function® kn : X ¥ [0;1] (sometimes called soft selection (Geif-
man and El-Yaniv, 2017)) that measures how likely it is that the predictor h is correct,
and (2) setting a threshold 2 [0; 1] that defines the minimum confidence for providing a
prediction. A low confidence value indicates that the model is likely to make a mispredic-

tion for the instance and therefore it should abstain, which yields the following selection
function:

9(x) = 1(kn(x) > ) (4)
To prevent the selective classifier from abstaining on too many (test) instances, SC methods
also consider the coverage metric, which is defined as

(9) = E[g(X)]: (5)

The coverage computes the expected proportion of instances for which the model would
make a prediction. These non-rejected instances are commonly referred to as either accepted
or selected, and we will use these terms interchangeably. We will refer to the rejection rate
as the complement of the coverage, i.e., 1 (9) (Perini and Davis, 2023). Another core
measure of the SC framework is the risk over the accepted region, commonly called the
selective risk which is defined as:

E[I(h(X); Y )g(X)]
©)

A widely adopted instance of the selective risk is the selective error rate, which corresponds
to the selective risk for the 0-1 loss I(h(X);Y) = 1fh(X) & Y g.

Coverage and risk are estimated over a given test set Tiest as follows. The empirical risk
over the set of accepted instances is defined as:

1 XX

R(h;9) = = E[l(h(X); Y)jg(X) = 1] (6)

IQ(h; 0; Ttest) =

I(h(x);y) 9(x) (7)

JTtest] A(g ; Ttest) (X;Y)2Ttest

00 O 0000 000000000 010000000 ky 000000 0000 100000000 00000 00 0000000000 00000 20000 00 kn(Xi) < kn(Xj)
1000 ICh(xi); yi) = 1(h(x5); y3)!
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where A(g; Ttest) = SiTtest] P(X;y)ZTtest g(X) is the empirical coverage over the test set. Ob-
serve that R(h; g; Trest) = R(h; Ts), where T = F(X;Y) 2 Teest j 9(X) = 1g, i.e., the
empirical risk of a selective classifier boils down to the empirical risk of the classifier over
the set of accepted instances. The inherent trade-off between coverage and risk can be
summarized by a risk-coverage curve (El-Yaniv and Wiener, 2010). Moreover, this trade-
off allows framing the SC task according to two different formulations: the bounded im-
provement model and the bounded abstention model (Franc et al., 2023). In the bounded
improvement model, the problem is formulated by fixing an upper bound r - the target risk
- for the selective risk and then looking for a selective classifier that maximizes coverage
(Geifman and El-Yaniv, 2017).

Problem 1 (Bounded-improvement model) Given a target risk r, an optimal selective
classifier (h; Q) is a solution to:

max (@) st R(h;g) r (8)

Conversely, in the bounded-abstention model, we fix a lower bound ¢ for coverage (called
target coverage) and then look for a selective classifier that minimizes the selective risk (Geif-
man and El-Yaniv, 2019).

Problem 2 (Bounded-abstention model) Given a target coverage €, an optimal selec-
tive classifier (h;Q) is a solution to:

minR(h ;g ) st. (@) ¢ (9)

We call coverage-calibration the post-training procedure of estimating the threshold in (4)
for the target coverage C specified in Problem 2. This is generally done by estimating the
(1 c¢) 100-th percentile of the confidence function Ky over a held-out calibration set T¢g.

3 Baselines

There are multiple ways to devise abstaining classifiers. We restrict our attention to DNN
approaches aiming to solve the bounded-abstention problem (Eq. 9). We present and
categorize a few baselines according to their definition of the confidence function, extending
the work of Feng et al. (2023). We distinguish among three categories of methods: Learn-
to-Abstain, Learn-to-Select and Score-based.

3.1 Learn-to-Abstain Methods

Learn-to-Abstain methods tackle the selective classification task by adding a new class
label (m + 1) representing abstention to the classification problem. While there are no
actual instances belonging to this class, these approaches design loss functions to enable the
classifier to assign a positive score Sm+1(X) to ambiguous instances. This score serves as a
confidence function, i.e., Kh(X) =1 Sm+1(X) (Feng et al., 2023). In Figure 1, we provide
an example of a canonical Learn-to-Abstain architecture.
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Figure 1: A generic Learn-to-Abstain architecture

The first method to take this approach was DG (Liu et al., 2019). It uses a reward
hyperparameter 0 for the class m+1 to set how often the classifier should abstain. Formally,
DG trains a neural network minimizing the following loss:

1
Lpg = EP(X;Y) |Og(5y(X) + asm+l(x)) ; (10)

where sy(X) and Sm+1(X) are the neural network softmax values, respectively, over the true
class Y =y and m + 1 (abstention). Intuitively, a higher 0 encourages the network to be
confident in its prediction, and a low 0 makes it less confident and more likely to abstain.
However, DG does not have any explicit way to guide abstention towards more difficult
examples during training, as the reward 0 remains fixed for the whole training procedure.
To overcome this limitation, Self-Adaptive Training (SAT) (Huang et al., 2020) trains
the selective classifier through a convex combination of predictions and true labels. This
combination is dynamically adapted during the training process to identify those instances
that are more difficult to correctly classify and, hence are good candidates for abstention.
More precisely, for the first Es (user-defined) epochs, the training target - t 2 [0;1]™ -
is equal to the one-hot encoded true label vector y. Afterwards, it becomes the convex
combination of (probabilistic) predictions and true labels, namely t = t+ (1 )s(x),
with s(X) representing the neural network softmax values and  the weight of the convex
combination. The final selective classifier is then optimized by minimizing the loss function:

Lsat = Epocy) tlog(s(x)) + (1 ty)logsm+1(X) ; (11)

where ty is the value of vector t corresponding to the index of true value y and Sm+1(X)
represents the softmax value for the abstention class.> Both DG and SAT add an extra soft-
max value to the neural network output to identify difficult-to-predict instances. However,

00 000 100000000 My = 1000 m = 20 0000 t° = [0;1] 000 t, = 1 0000 00000 00 00000 Es] 0000000000
000 0000 0000 00 D00 CO000o0tO0000o 0000 Oo00ooo 000 Diboonooo 000 000 DO0O0o0 00000ioo Doooool Coooo
00000 [0oooioo 0 boo0 Doonitoo Oootoitoor oo bobood bobo Dooooo 0o 0 bo0o0oboo ftoodiodo tobtomoing
00000000D 0000000 00 000 bOooooool DOo DOio0oo DCooooo boooo 0000C 0o 00000Cmoo 0o boC boooo 0o ty0 00000
0000000000 DOo0ooo boo 0ibooiooo 0ooooo 00 0000000 00 000 00000000 O0oomooibooo
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Figure 2: An example of SELNET, a Learn-to-Select architecture.

Feng et al. (2023) argue that incorporating this extra class in the training loss could result
in overfitting on examples that are easier to classify. To mitigate this, SAT4+EM (Feng
et al., 2023) adds an average entropy term E(S(X)) to SAT’s loss :

Lsar+em = Lsar + E(S(X)) (12)

where S(X) represents the neural network of m softmax values, and is a hyperparame-
ter that measures the impact of the entropy term. All the learn-to-abstain methods are
calibrated for the target coverage ¢ using a calibration set (as discussed in Section 2).

3.2 Learn-to-Select Methods

Like Learn-to-Abstain methods, Learn-to-Select methods simultaneously learn the classifier
and its specific confidence function. However, in this setting, the confidence function does
not rely on an additional abstention class but aims at achieving a specific target coverage
€. This procedure ensures that the classifier’s parameters are optimized to correctly predict
instances less likely to be rejected.

The main architecture belonging to this class is SelectiveNet (SELNET) (Geifman and
El-Yaniv, 2019). Given a target coverage ¢, SELNET jointly trains the final classifier and
the confidence function to maximize the performance over the 100 ¢% most confident in-
stances. SELNET’s architecture has four main components, each with a different purpose,
as depicted in Figure 2: the main body, the predictive head s, the selective head k, and
the auxiliary head v. The main body consists of deep layers shared by all three heads:
any deep-learning architecture can be used in this part (e.g., convolutional layers, linear
layers, recurrent layers, etc.). The predictive head s(X), consisting of a final linear layer
with softmax, is used to make the classifier prediction. The selective head k(X) outputs a
confidence function using a linear layer with a final sigmoid activation. The auxiliary head
v(X) replicates the structure of the predictive head and mitigates the risk of overfitting on
the accepted instances. Given the target coverage ¢, SELNET is trained using the following
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Figure 3: An example of CONFIDNET, a score-based architecture.

loss function:

Lo = —PCREIVEI L axoic ()2 (3 Ep oy IV
(13)
where 1(s(X);y) is the cross-entropy loss for the predictive head s(X); (K) is the coverage
obtained by selective head k; 1(v(X);y) is the cross entropy loss for auxiliary head prediction
V(X); is a hyperparameter to control the relative importance between the losses for the
predictive and the auxiliary head; and is a penalization term for coverage violations.
For the sake of completeness, following the same reasoning as for SAT+EM (Feng et al.,
2023), we include SELNET-+EM in the comparison. This approach adapts the SELNET
objective function to contain an additional entropy term.

3.3 Score-based Methods

Score-based methods compute and set a threshold on a confidence function - as formalized
in Eq. 4 - that is based on the classifier’s output. Conceptually, this means that predictions
are only made for the test examples for which the model is most confident. Because this
can be viewed as a post-hoc approach, this confers the advantage of being applicable to
already trained models.

The most popular technique is the Softmax Response SR (Geifman and El-Yaniv, 2017),
which defines the confidence function as the maximum value of a final softmax layer, i.e.,
Ksr(X) = maxy2y Sy(X). Given a coverage C, SR sets the selection threshold using the
calibration procedure explained in Section 2.

Since the SR principle is very general, it can be applied to any method that provides
scores for the classes (Franc et al., 2023). For example, Feng et al. (2023) propose to
improve learn-to-abstain and learn-to-select methods by replacing their confidence function
with the SR confidence. In particular, three novel methods are presented, i.e., SAT+SR,
SAT+EM+4SR, SELNETHSR, which are trained using Lgat, Lsargvm and LsgrngT
respectively. For the sake of completeness, we include also SELNET+EM+4SR in the
comparison, i.e., a network trained with the SELNET+EM'’s loss and using the SR selec-
tion strategy.
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Another score-based popular option is using ensembles of neural networks. For example,
Lakshminarayanan et al. (2017) train multiple networks with different initialization and
build a selective classifier by computing the entropy of the (multiple) network outputs
(ENS). The intuition is that more disagreement among the outputs indicates that the
ensemble is uncertain about its prediction, and hence rejection is appropriate. However,
despite the advantages of using ensembles in terms of performance, relating a dispersion
measure to the correctness of predictions is not straightforwardPHence, the authors also
propose using the average softmax response (i.e., Kpng(X) = =3 le Ksr:j(X), where J is
the number of networks in the ensemble) as a confidence measure. We will refer to this
baseline as ENS+SR.. A theoretical analysis of the advantages of using ENS+SR can be
found in Ding et al. (2023).

The main concern with using Ksg(X) as a confidence measure is that may provide high
values both for mistakes and correct predictions, making them indistinguishable. On the
other hand, when the model misclassifies an example, the score Sy(X) associated with the
true class probability P (Y = yjX = X) should be low, making it a viable option to perform
selective classification. However, one cannot access true labels at test time, making it
impossible to use Sy(X) directly. Corbiere et al. (2019) address this concern by estimating
Sy(X) with a two-step procedure called CONFIDNET (as depicted in Figure 3). First,
they estimate Sy(X) by training a neural network classifier. Next, they build a second
(uncertainty) network on top of the classifier: the main body is kept unchanged, while the
final part of the original classifier is replaced with a series of dense layers. This uncertainty
network is then trained considering the following loss function:

LeonripneT = Epxcy)[(€(X) sy (X))] (14)

with ¢(X) referring to the final output of the uncertainty network. Intuitively, ¢(X) should
mimic Sy(X) and can be used as a confidence function: the higher c¢(x), the higher the
chance the classifier is right.

Franc et al. (2023) also use a classifier and an uncertainty estimator. They propose two
different approaches, named REG and SELE. Both of them learn the classifier on half of
the training data and use the other half to directly estimate where the classifier is more
likely to make mistakes. In particular, these two methods focus on learning an uncertainty
score T, which mirrors the confidence function k: the higher f is, the higher the likelihood
of making mistakes (thus, abstention is preferable in the latter). Neither SELE nor REG
are tied to specific neural network architectures, i.e., they are model-agnostic and can be
adapted to other learning models. REG poses the problem of learning the uncertainty score
as a regression problem, where given a set of hypotheses F, the uncertainty score f 2 F
minimizes the following:

Lrec = Epoxn)[(1h0Y)  F(X))’] (15)

Intuitively, the higher the value of f, the higher the loss. Hence, abstention should be
preferred. On the other hand, given a hypothesis space F , SELE considers a surrogate
loss of the risk coverage curve, i.e.,

LseELE = Epaiyn)iy) Pocy)[I(h(X1;y1)) log(L +exp(F(x2)  F(X1)))] (16)
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and then learns the uncertainty score ¥ 2 F by minimizing Lggrg.

The approaches presented so far require a held-out calibration dataset. Unfortunately,
for problems where only little data is available, reducing the amount of training data may
deteriorate the classifier’s performance. Moreover, splitting the data into a dataset for
training and a dataset for calibration may introduce randomness effects on both the classifier
and the selection function. SCROSS (Pugnana and Ruggieri, 2023a) is a model-agnostic
approach that overcomes the need for a calibration set by employing a cross-validation
strategy that follows three steps. First, it splits the available data into K folds. Second, it
trains a classifier over K 1 folds and predicts the SR confidence values over the remaining
K-th fold. Finally, it stacks the predicted confidence values altogether. This approach
approximates the confidence over the full dataset. Then, SCROSS uses SR’s approach to
threshold such confidence values.

Moreover, in high-risk scenarios where SC is sought, such as healthcare and finance, we
often deal with imbalanced (binary) classes (He and Garcia, 2009). A common metric to
evaluate the performance of classifiers in such contexts is the Area Under the ROC Curve
(AUC) (Yang and Ying, 2023), which measures the classifier’s ability to rank instances
from minority and majority classes correctly. Pugnana and Ruggieri (2023b) provide a
theoretical condition - two bounds over the minority class score - that guarantees not to
worsen AUC once we allow for abstention. The selection function is implemented by (1)
estimating these lower and upper bounds for the minority class score, and (2) rejecting
instances with minority class scores between the two (estimated) bounds. To implement
such a strategy, the authors devise two algorithms, i.e., PLUGINAUC and AUCROSS.
The difference between the two methods lies in how their selection strategy is calibrated:
PLUGINAUC adopts a held-out approach to calibrate the bounds, while AUCROSS uses
a cross-fitting approach similar to SCROSS.

4 Research Questions

This paper intends to evaluate the relative strength of the baselines introduced in Section 3
with respect to the following research questions:

Q1: Are there significant differences across baselines and scenarios regarding selective error
rate?

Q2: Are there significant differences across baselines and scenarios regarding violations of
the target coverage?

Q3: How are the methods’ rejection rates distributed among the classes?

Q4: How do the methods behave when flipping the learning task to maximise the coverage
under constraints on the error rate?

Q5: How do the methods react to out-of-distribution test examples?
We differentiate from previous works in several respects:

e Regarding Q1, our study goes beyond existing ones in two important ways. First,
prior evaluations involving SC methods were performed using less than seven baselines

10
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and less than ten datasets whereas we consider 18 methods and 44 datasets. Second,
prior benchmarks largely focused on image data whereas our benchmark also include
tabular data.

e Concerning Q2, only a few works investigate coverage violations, i.e., Geifman and
El-Yaniv (2019); Pugnana and Ruggieri (2023a,b). As in Q1, this was done on a
much smaller scale: for example, Geifman and El-Yaniv (2019) considered only a
single image dataset, while Pugnana and Ruggieri (2023a) and Pugnana and Ruggieri
(2023b) considered eight and nine binary datasets respectively;

e Only the work by Pugnana and Ruggieri (2023b) addresses Q3 and highlights that
the rejection rate is biased against the minority class. However, they considered nine
binary datasets and only six baselines;

e We are the first to empirically evaluate Q4 and assess performances when switching
from minimizing selective risk to maximizing coverage on a large and diverse set of
data and settings;

e We are the first to evaluate Q5 and evaluate how SC methods perform when dealing
with shifts in the feature space.

5 Experimental Evaluation

5.1 Experimental Setting

Datasets and Baselines. We run experiments on 44 benchmark datasets from real-life
scenarios, such as finance and healthcare (Yang et al., 2023). Among these, 20 are image
data and 24 are tabular data. Moreover, 13 of these datasets were previously used in testing
(at least one) the baselines in their original paper. Details are provided in Tables A1-A2 of
the Appendix A.1. We compare a total of 18 baseline methods (presented in Section 3) rep-
resenting the state-of-the-art SC methods: DG, SAT, SAT+EM (learn-to-abstain); SEL-
NET, SELNETH+EM (learn-to-select); SR, SAT+SR, SAT+EM+SR, SELNET+SR,
SELNET+EM+SR, ENS, ENS+SR, CONFIDNET, REG, SELE, SCROSS, PLUG-
INAUC, AUCROSS (score-based).

Hyperparameters. The baselines share the same neural-network architecture. For im-
age data, we use either a Resnet34 architecture (He et al., 2016) or the one specified in
the original paper. For tabular data, since neural networks are not state-of-the-art meth-
ods, we use the architectures proposed by Gorishniy et al. (2021); Grinsztajn et al. (2022),
which revised DNN models for tabular data. Overall, we consider two sets of hyperpa-
rameters: network-specific (e.g., hidden layers, learning rate), and loss-specific (e.g., for
SAT+EM). All networks are trained for 300 epochs. We optimize the hyperparameters us-
ing DO0000 (Akiba et al., 2019), a framework for multi-objective Bayesian optimization,
with the following inputs: coverage violation and cross-entropy loss as target metrics,
0000000 as sampler (Balandat et al., 2020), 10 initial independent trials out of 20 total
trials. Among the 20 trials, we select the configuration that (1) has the highest accuracy
on the validation set and (2) reaches the target coverage ( 0:05). Moreover, some base-
lines require the target coverage € to be known at training time (e.g., SELNET). For the

11
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sake of reducing the computational cost?, we optimize their hyperparameters using only
three values ¢ 2 1.99;:85;:70g and fix the best-performing architecture for all target cover-
ages. Moreover, SCROSS, AUCROSS, ENS, ENS+SR and PLUGINAUC use the same
optimal hyperparameters found for SR as they share the same training loss. Similarly, SEL-
NET+SR, SELNET+EM+SR, SAT+SR and SAT+EM+SR employ the same optimal
configuration as, respectively, SELNET, SELNET+EM, SAT and SAT+EM. We detail
the parameter choices in Appendix A.2.

Experimental setup. For each combination of datasets and baselines, we run the fol-
lowing experiment: (i) we randomly split the available data into training, calibration, val-
idation, and test sets using the proportion 60=10=10=20%, (ii) we consider the following 7
target coverages ¢ 2 f:7;:75;:8;:85;:9;:95;:99¢, (iii) we tune the baseline’s hyperparameters
using training, calibration, and validation sets as described in the previous paragraph, (iv)
we use such optimal hyperparameters to train the baseline on the training set and calibrate
the confidence function on the calibration set, (v) we draw 100 bootstraps datasets from
the test set (see (Rajkomar et al., 2018)) with the same size at the test set, and, finally,
(vi) we compute the empirical selective error rate’ Eﬁ’(h; 0; Ttest), the empirical coverage
A(g;Ttest), and, for binary datasets, the class distribution over the accepted instances for
each of the 100 bootstrapped datasets Tiest. For each evaluation metric, we compute its
mean and standard deviation over the 100 bootstrap runs. In reporting results, we distin-
guish between binary and multi-class (i.e., > 2 classes) problems because PLUGINAUC
and AUCROSS are specific for binary classification.

Regarding computational resources, we split the workload over three machines: (1) a 25
nodes cluster equipped with 2 16-core @ 2.7 GHz (3.3 GHz Turbo) POWER9 Processor
and 4 NVIDIA Tesla V100 each, OS RedHatEnterprise Linux release 8.4; (2) a 96 cores
machine with Intel(R) Xeon(R) Gold 6342 CPU @ 2.80GHz and two NVIDIA RTX A6000,
OS Ubuntu 20.04.4; (3) a 128 cores machine with AMD EPYC 7502 32-Core Processor and
four NVIDIA RTX A5000, OS Ubuntu 20.04.6.

5.2 Experimental Results

We report here the main experimental results w.r.t. the research questions Q1-Q5. Addi-
tional results are reported in the Appendix B.

Q1. Comparing the error rates. We introduce a normalized version of the empirical
selective error rate, called relative error rate:

E-'H’(h; 0; Teest) .
E'?'('(hmaj »0; Ttest)

RelErr (h; g; Ttest) = (17)

where E?r(hmaj 1 0; Trest) is the empirical selective error rate obtained by always predicting
the majority class in the training set. This normalization accounts for variability in task
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prediction difficulty. Intuitively, the closer the relative error rate to 0 the better. Values
close to 1 denote selective error rates similar to the ones of a majority classifier.

Figure 4 reports the mean relative error rates for the top two and the worst two®
baselines. We limit the number of reported baselines for clarity. Tables with detailed
results at the dataset level are reported in the Appendix B.3.

For binary data, the best-performing methods are ENS+SR and SR. ENS+SR’s rela-
tive error rate is 485 at ¢ = :99, decreasing to  :365 at ¢ = :70. SR ranges from :488
at c=:99 to :363 at ¢ =:70. The worst baselines are DG and REG, with relative error
rates of  :615 and :544 at ¢ = :99 respectively, up to 564 and  :529 at ¢ = :70.

Also for multiclass data, ENS+SR and SR achieve the best results. The relative error
rate ENS+SR ranges from  :182 at ¢ = :99 to  :117 at ¢ = :70, while SR starts from

1197 at ¢ = :99, and decreases down to  :127 for ¢ = :70. SELE and REG are the
worst methods. The former passes from 252 at ¢ =:99 to  :217 at ¢ = :70. The latter
achieves  :256 at ¢ = :99 and ¢ = :70, with no improvement for small target coverages.

Next, we check the statistical significance of these results. For each target coverage and
bootstrapped dataset, we rank the compared methods from 1 (the best) to 18 (the worst)
w.r.t. the relative error rate. These rankings are then used in the Friedman’s omnibus test of
equality of means and in its post-hoc Nemenyi test, following the steps described in Demsar
(2006). Figure 5 shows Critical Difference (CD) plots, which provide a graphical repre-
sentation of the output of the Nemenyi test. In each plot, the horizontal axis reports the
average rank of each method — where being closer to one (farther to the right) implies better
performances. A bold line connects methods whose differences are not statistically signif-
icant at 0:05 significance level. The plots show that there is no clear winner regardless of
the coverage and of the binary/multiclass classification task. The group of not-statistically-
different top methods contains between 8 and 14 baselines. However, ENS+SR is always
the top ranked baseline, which makes it a good choice in general.

Q2. Comparing the empirical coverages. The constraint on the target coverage ¢
in (9) is essential in many scenarios. Nevertheless, most papers do not sufficiently inves-
tigate the actual coverage achieved by the baselines. We assess how much the empirical
coverage deviates from the target coverage ¢ on the bootstrap dataset Tiest. To account for
small coverage violations, we introduce a user-defined tolerance ", and define the "-coverage
violation:

CowViol(g; Ttest) = min(0; A(g; Ttest) C+");

where A(g;Ttest) is the empirical coverage on Tgst. Intuitively, CovViol« is zero when the
empirical coverage is greater or equal than the target coverage minus the tolerance; and
it is greater than zero when the empirical coverage is smaller than ¢ . By looking at
different tolerances "', one can evaluate how the baselines perform w.r.t. small, medium or
large coverage violations. We define the satisfaction of the constraint as:

ConSat (™) = 1(CovViol+ = 0)

and report in Figure 6 the mean and standard deviation of ConSat for " in f0; :01;:02; :05; :10g.
As for Figure 4, we limit the number of baselines to the two best and worst ones w.r.t. ConSat.
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Figure 4: Q1: RelErr as a function of target coverage ¢ for two best and worst approaches
on (a) binary and (b) multiclass problems. On each subplot, only the two best and worst
approaches are shown for readability.

As one would expect, the overall performances gradually improve for all baselines when
increasing ", and the gap among the baselines decreases. For binary data, the best methods
are ENS and PLUGINAUC, and the worst methods are AUCROSS and SCROSS. When
considering that no violation is allowed, i.e., " = 0, the baselines satisfy the constraint
between  39:9% (CONFIDNET) and  56:5% (SCROSS) of the times. For " = :01
ENS has the highest value of ConSat ( :887); for " = :02 SAT is the best method
( 0:976); for " = :05 both PLUGINAUC and SAT satisfy the constraint all the times.

For multiclass data, the top performers are SCROSS and SAT+EM, while the worst
methods are REG and DG. At " = 0, SCROSS has no coverage violations  75% of
the times, which is 25 percentage points more than the worst performing methods (SELE
and REG). Interestingly, already at " = :02, four methods (i.e., SCROSS, SAT+EM,
SR, SAT+SR) always reach zero violations. For " = :05, only CONFIDNET and SEL-
NET+SR do not reach zero violations. In summary, coverage violations are generally
limited, and noticeable differences among the baselines only occur at very small tolerances.
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Figure 5: Q1: CD plots of relative error rate RelErr for different target coverages. Top
plots for binary datasets. Bottom plots for multiclass datasets.

Q3. Rejection rate over classes. Pugnana and Ruggieri (2023b) observed that, in
imbalanced classification tasks, selective classification methods reject proportionally more
instances from the minority class. In this paragraph, we analyze this behavior on 7 binary
class datasets of our collection with a minority class prior estimate p  0:25 (Perini et al.,
2020). Detailed results for the other binary datasets are reported in the Appendix B.3.
First, let us introduce the minority coefficient:

MinCoe = F; (18)

defined as the ratio of the minority class proportion ps in the accepted instances over the
minority class prior p. Ideally, the minority coefficient should be 1. Lower values indicate
that the selective function introduces a bias against the minority class.
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Figure 6: Q2: ConSat as a function of tolerance " for two best and worst approaches on
(a) binary and (b) multiclass problems. On each subplot, only the two best and worst
approaches are shown for readability.

Figure 7 shows the mean minority coefficient for the best two and worst two baselines
at the variation of the target coverage ¢. The best methods are AUCROSS and PLUGIN-
AUC. Their minority coefficient is  1:00 and  1:01 respectively at ¢ = :99, and it remains
steady for lower coverages. At ¢ = :70, PLUGINAUC reaches a mean MinCoe 1:05,
and AUCROSS achieves MinCoe 0:997. For all the other baselines, there is a clear
trend: the smaller the target coverage, the smaller the minority coefficient. For 11 out of
18 baselines, MinCoe drops below :50 at ¢ = :70. The worst methods are SELNET and
DG. For the former, the mean MinCoe ranges from :946 at ¢ =:99to :375at ¢ =:70.
For the latter, the mean MinCoe ranges from :966 at ¢ =:99 to  :413 for ¢ = :70.

These results support the findings by Pugnana and Ruggieri (2023b), highlighting that
the current approaches to SC, with the exception of AUCROSS and PLUGINAUC, do
not take into account the issue of class balancing in the selected instances.
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Figure 7: Q3: MinCoe as a function of target coverage ¢ for two best and worst approaches.
Only the two best and worst approaches are shown for readability.

Q4. Flipping the learning task to maximize the model coverage under error con-
straints. The vast majority of methods focus on the bounded-abstention model of Prob-
lem 2. To the best of our knowledge, the only method explicitly addressing the bounded-
improvement model of Problem 1 is due to Gangrade et al. (2021), whose code has not
been fully released. However, tackling the bounded-improvement model is useful in some
application scenarios. Consider the bank example again. SC here can be used in two ways:
on the one hand, the bank can set a target coverage ¢ and calibrate a selective classifier
so that ¢% of the cases are directly handled by the ML model, while the remaining - most
difficult - ones are deferred to human experts. Here C is chosen on the basis of the personnel
capacity of the bank. On the other hand, the bank can also be interested in maximizing
the model coverage without incurring too many (costly) mistakes. Measuring such maximal
coverage allows for planning the amount of human effort needed for the difficult cases.

In this subsection, we evaluate the performances of the bounded-abstention baselines
when flipping the task to the bounded-abstention problem through the Selection with Guar-
anteed Risk (SGR) algorithm proposed by Geifman and El-Yaniv (2017). SGR is a [clas-
sifier h, confidence kp]-agnostic approach that optimizes the selection threshold (see (4)
such that the selective error rate at test time is guaranteed to be bounded ( r) with
probability > 1 and the coverage is maximized. We apply SGR on all the baselines but
AUCROSS and PLUGINAUC, as their hard selection function is not compatible with
SGR. Moreover, since SELNET needs specific coverage for training, we use all ¢’s one
at a time, and compute the average results after applying SGR. We run experiments for
four target error rates r 2 fe=10;e=5;e=2;eqg, where e is the dataset-specific error of the
majority-class classifier hmaj on the whole test set, and set = 0:001.

Figure 8 reports the results for the best two and the worst two baselines. The top plot
shows the mean empirical coverage over the test sets of all baseline datasets (the higher,
the better). The bottom plot shows the mean error ratio (the smaller, the better):

ErrCoe = f=r;
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Figure 8: Q4: SGR performance as a function of target error rate r for the two best and
worst approaches in terms of (a) coverage ", and (b) ErrCoe . Only the two best and
worst approaches are shown for readability.

between the empirical selective error rate f and the target error rate r. When looking at
the empirical coverage, the best performing baseline is SCROSS, with coverage ranging
from :999 for r = e to :558 for r = e=10. This is 40 percentage points higher than the
worst method, namely REG. The second-best method is ENS+SR, with a mean coverage
of 970 at r =e and :481 at r = e=10.

Concerning ErrCoe , we observe that for less strict target errors (i.e., € and €=2), all the
baselines have error ratios close to 0. For more restrictive target errors, there is a gradual
increase in the mean value of ErrCoe . The methods with the smallest error ratios are
ENS+SR and SAT4+EM+SR, reaching ErrCoe :316 and ErrCoe :317 respectively
at r = e=10. The worst methods are REG and SELNET+EM+SR, with a mean error
ratio of  2:97 and  1:84 at r = e=10.
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Figure 9: Q5: Empirical coverage " for out-of-distribution test sets (two selected image
datasets and average results over the 20 image datasets) when varying coverages C.

Q5. Testing the methods on out-of-distribution examples. Although SC methods
are not necessarily designed for working in out-of-distribution (0.0.d.) settings’, robustness
of selective classifiers w.r.t. data shifts is highly sought. We investigate this property here by
generating o.0.d. instances at test time for image datasets. We take an extreme approach by
creating a test set with images made of uniformly random pixel values.® An ideal selection
function should reject the whole test set, since the images have close to zero probability of
being drawn from the same distribution generating the training set.

For each of the 16 baselines that tackle multi-class classification, Figure 9 shows the
empirical coverage obtained over the o.0.d. test set over the two selected image datasets
and the average results over the 20 image datasets. Detailed results for all 20 datasets are
provided in Appendix B.2.

First, we observe that there is no single method that manages to reject all the test
instances across all datasets. For example, most of the baselines obtain empirical cover-
age close to 0 (best) for the 5 lowest coverage values on 0OO000. On the other hand, on
00000000000, the majority of baselines have always nearly maximum empirical coverage,
with the sole exception of REG and ENS that manage to reject all the o.0.d. images.

Ensemble methods are generally better than other methods: ENS reaches the lowest
mean empirical coverage on all datasets of 221, ranging from :462 at ¢ =:99 to  :148
at ¢ = :70, and ENS+SR is the second best method with a mean coverage :353, ranging
from :701 at c=:99 to :217 at ¢ =:70.

5.3 Discussion

We conclude the experimental section by briefly summarizing the main findings.
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M/ q2;F KkKyyeQ i2b 2ikiHREQ iQ 2dYNB QM/2bb 2kyRKX >Qr2p2 -
b2iiBM; i?2p Hm2 Q7 i?Bb ?vT2'T °~ K2i2 ' Bb MQibi® B;?i7Q°r /- M/ BiE
U2MBb M/ >2d#EKYX a2+QM/- Gi_ K2i?Q/b "2 MQi K2 Mi iQ i +FH2 i?2
Q7 KBMBKBxBM; "BbF ;Bp2McXi "KQ ®20BR@;/2Ti? i?72Q 2iB+ H M Hvbl
#Qi? Gi_ M/ a*+ M #2 7€ nMAH BiMHKY - r?2°2 i?2 mi?Q b b?2Qr i? i #Qi?
7 K2rQ'Fb b? "2 bBKBH " QTiBK H bi® i2;B2bX

LQp2Hiv 2D2+iBQMiX;v Q i?Q;QM HiIiQ K#B;mBiv 2D2+iBQM +QMbBbi
QM BMbi M+2b i? i "2 mMMHBF2HvV iQ #2 b22M ++Q /BM; iQ i?2 /Bbi B#n
h?Bb TT ' Q +? Bb +QKKQMHMQ»2Hi2/20&iMmBHMWLQOM M/ R NMQM
*Q ' /2HH 2RNHM8 M/ Bb ?B;?Hv bQm;?i r?2M2p2°  i?2°2 Bb b?B7i #2ir22]
M/ i?2 i2bi b2i /Bbi BZMIBBHEFD -Biy kX M /2> SH b 2kykyX a2p2° H
i2+?MB[m2b ? p2 #22M T°QTQb2/ 7Q  #mBH/BM; MQp2Hiv "2D2+iQ bX I
2biBK i2 i?72 K ";BM H /2MbBiv M/ "2D2+i M BMbi M+2 B7 Bib T'Q# #BI
i?°2b?QHABbMB +~KReNHM; M/ uBagkyX MQi?2° QTiBQM Bb iQ 2KTHQvV C(
+H bb +H bbB}+ iBQM KQ/2H i? i T'2/B+ib b MQp2H i?2 BMbi M+2b 7 HH
7°QK i?2i  BMB®I2M2MUZkykKyYX 6m i?2° TT Q +?2b bbB;M b+Q 2 2T 2
i?72MQp2HivQ7 MBMbi M+2 M/ #bi BMr?2Mbm+? ®GBQU2BbHHXQp2 +2
KyREC?M2 2ikyHedEE52 BMB M/-kykfd M /2 SH b 2dyk¥YX hQ +QM+HmM/2-

r2 ?B;?HB;?ii? ii?2;Q HQ7 MQp2Hiv 2D2+iBQM /Bz2 b 7 QK i?2 a* ;Q
M/ +Qp2° ;2- M/ HBMFBM; i?2irQ T'Q#H2KbBMMB+bBit-XB @YX Q' r "/ U

*QM7Q K H S'2/B+HiBNIMY K H T 2aR+TRBQMIU e ®@py8 m;K2Mib i?2

T 2/B+iBQM Q7 J KQ/2H #v T'QpB/BM; b2i Q7 i ;2i H #2Hb i? i +QKT
rBi? bT2+B}2/ U/2bB 2/V H2p3H Q0 FQ M H/Q MyRiol® ) y RIE B K

2i HRyky # / 2i HRRYKKM;2HQTQMHAPKRX HXz2 2MiHv 7°'QK a*- +QM7Q K
T'2/B+iBQM 7Q+mb2b QM [m MiB7vBM; i?2 mM+2"i BMiv bbQ+B i2/ rBi
KBMBKBXxBM; bT2+B}+:iWN2 R72A-KPKWRX aQK2 rQ ' Fbi'viQ K27;2i?2b2
irQ 7° K2rQ Fb, 7Q° BMMWi; MHQTBMHRQb- KWKR-iZ®DM7Q K H T'2/B+iBQM B
mb2/iQ ;Bp2 ;m ~ Mi22b Qp2 i?2 b2H2+iBp2 2 "Q " " i2BM M a* b+2M °
+QM7Q K HT 2/B+iQ > QRXN)Q- ZikiHYV- UKV + HB#  iBM; Bib +QM}/2M+2 |
UjV b2iiBM; b2H2+iBQM i? 2b?QH/ Qp2 i?2 +QM}/2M+2 Q T@p HmM2b ;
T 2/B+iQ X

G2 "MBM: iQ .2GZ2 XMBM; iQ¥27D 2 -Kk¥RBBb ;2M2  HBx iBQM Q7 Gi_-
r?2°2 °i?2°i? M BM+m "BM; ‘2D2+iBQM +Qbi-i?2 A bvbi2K + M /272"
2tT2 iUbVX PM2 Q7 i?2 K BM /Bz2 2M+2b BM +QKT 'BbQM iQ Gi_ M/ a’
T 2/B+iBQMb KB:;?i #2 r"QM; mM/2  i?2 H2 "MBM: iQ /272 7> K2rQ FX h"
2HH2/ mMbBM; +QLIQHMMMIiB QW B-&MKYX h?mb- +QKKQM K2i?Q/b BM+Hm

kR



Sm;M M - S2'BMB- . pBb M/ _m;;B2°B

i?22tT2iBMi?2 HQQT M/ BKiQ}M/ MQTiBK H bbB;MK2Mibi  i2:v7Q
A bvbi2KX _Qm;?Hv bT2 FBM;- bm+? bi' i2;v/2+B/2b r?2i?2° Q' MQi i
T 2/B+i-r?B+? "2bmHib BM +Qbi 2[m HiQ i?2 KQ/2H HQbb- Q" /272" i?:
r?B+? BM+m b i?2RFo2B 20K KR2 2i HOyked Qx MM ° 2kyhgo2 K

2i HRykdai® BiQm B KyikWXX

2 H@rQ'H/ TTHB+ABIQ®EBXMi v2 “b- #bi BMBM; A bvbi2Kb ? p2 #22M
iQ 7Qbi2° ?mK M /2+BbBQM@K FBM; BM BM+ 2 bBM;ldvMK/Bv /QK BMb.
SH b 2ikyKy /2b+ " B#2 MQp2Hiv "2D2+iQ" 7Q *BHZ 2B BikydyYpw+Q BM;X
2tTHQBI i?2 a* bi® $2qvyM#EM M/ _mikBRWMBIQ m;K2Mi + 2/Bi b+Q ' BM;
JG KQ/2H rBi? M mM+2'i BMiv b2QIZN02 b2y b2 mMH #2H2/ / i

QM mM ++2Ti2/ HQ M TTHB+ iBQMb iQ #mBH/ +°2/Bi b+Q BM; KQ/2F
T 2/B+iBPMMI " B+Ft 2ky IKT " QTQb2 MQp2Hiv "2D2+iQ  iQ }M/ mM2tT2+i
mb ;2 7°QK b2MbQ /i M/ 27  BM 7°QK T'QpB/BM; oTM2/B~¥iBQM 7Q"
M/ . pBlaykyY ~; MMQi iBQM 2°"Q'b BM bQ++2" /i +QMbB/2°BM; bT2
7MM+iBQM 7Q " i'22@# 203 K2i RRKPXQ M /B 2ikpRK bim/v b2H2+iBp2

+H bbB}2 /272 "BM; iQ ?mK MbiQ 2p Hm i2i?2 T'2b2M+2 Q7 MBK Hb B
TTHB+ iBQMb Q7 #bi BMBM; +2MBR+bt PRYKBR2?BMH2 r2 272" iQ
SmMxB 2kyK&X7Q" TTHB+ iBQMb Q7 ?v# B/@/2+BbBQM@K FBM; bvbi2K

d * QM+HmMbBQMb

GBKBi iBQ&®Xi?2 b F2 Q7 7 B +QKT "BbQM- Qm" bim/v 7Q+mb2b QN
+H bbB}2'b- bbQK2 Q7 i?2 K2i?Q/b bbmK2 /22T H2 "MBM;  +?Bi2+im

'm2 iQ i?2 H “:2 +QKTmi iBQM H +Qbib Q7 i?2 2tT2 ' BK2Mib- 7Q" 2 +
bB/2° QMHvV bBM:H2 /22T@H2 "MBM; “+?Bi2+im 2 +?2Qb2M KQM;i?2 Q
1X:X- ¥B7 "Ry2 BKTH2K2Mi2/ HH i?2 # b2HBM2b mbBM; o0::Re +?Bi
KB;?i "2/m+2i?2 :;2M2° HBx #BHBiv Q7 Qm  "2bmHib iQ Qi?2  /22T@H2

g2 HbQ +FMQrH2/;2i? i 72r iQmBB2MB2RYKRXBMbxi DM 2i HX
Kkykk- TQBMi Qmi i? i 7Q i #mH /i b2ib- i?2 mb ;2 Q7 i'22@# b2/ KQ/
bi i2 Q71?2 iX AMi?Bb b2Mb2- KQ/2H@ ;MQbiB+ K2i?Q/b +QmH/ #2M2
+H bbB}2 b- b BMQWMMMB MM/ _ muk BB X

MQi?2  HBKBi iBQM Q7 Qm  #2M+?K "FBbi? ir2 +QMbB/2° QMHv BK
bBM+2 i?2v "2 i?2 K BM /i ivT2 Qp2  r?B+? a* K2i?Q/b ? p2 #22M i2bi
+?QB+2 Bb BM HBM2 rBi? i?2 ;Q H Q7 i?Bb T T2 - r?B+? BKb iQ +QKT
7 B'HvX >Qr2p2°- Qm’ "2bmHib /Q MQi M2+2bb "BHv 2ti2M/ iQ Qi?2  EB
m/BQ Q  iBK2 b2 B2bX

TQbbB#H2 +QM+2 M +QmH/ HbQ “2; /i?2 bBx2 Q7 i?2/ i b2ib BM C
M2p2" 2t+2230k BMbi M+2bX h?Bb bT2+i +QmH/ BKT +i i?2 2ti2 M H p
/IBb+mbbBQMX >Qr2p2°-i?2°2 "2 °2 bQMb 7Q" i?Bb +?QB+2X 6B bi- i?
mb2/ 2Bi?2°  BM TQTmH UMM2H?-K XKGb QS Bb?MBv Ryk&®RXBMbxi DM
2i HRYKK- Q #v b2H2+iBp2 +H bbB}+ 2B QK MQ M/bi 28 RNEB M +
2i HRYKISM:M M M/ _ mkyBI¥X a2+QM/- bBM+2r2 i BM2/ M/ }IM2@imM2
KQ/2Hb 7 QK b+ i+?- rBi? +QMbB/2" #H2 +QKTmi iBQM H +Qbib- r2 /2
p "B2ivQ7/i Qp2 i?2bBx2 Q7 bBM;H2/ i b2iX
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JQ 2Qp2 -Qm  #QQibi" TT ' Q+2/m 2 [m MiB}2bp B #BHBiv QMHvV BM
iQ b2p2” HrQ FhERAHRNNSE8 i?72 #2bi "2b KTHBM; K2i?Q/ Bb bi® iB}2/ F
+ Qbb@p HB/ KBOWM KBIIM7Q imM i2Hv- i?2b2 bi® i2;B2b "2 MQi +QKTm
72 bB#H2 r?2M 2KTHQVBM; H ;2 M2m™ H M2irQ"Fb b BM Qm bim/vX >

bBM;H2 i BM@i2bi@bTHBiI M/ #QQibi° T QMHV i?2 i2DFRX-" b / QM2 7
21 HKy R3X

6BM HHv- Qm™ bim/v /Q2b MQi "2TQ i QM i?2 "mMMBM; iBK2b Q7 i?2
iQHQ /# H M+BM; Bbbm2b-r2 ? /iQ /Bbi B#mi2 i?2 2tT2 " BK2Mib Qp2"
/IBz2 2Mi ? “/r "2 b2iiBM;bX h?Bb K /2 Bi BKTQbbB#H2 iQ +QKT "2i?2 'n
Qp2 /Bz2 2Mi K +?BM2bX >Qr2p2 - r2 TQBMi Qmi i? i i?72 mMMBM; iB
iQi?2 MmK#2 Q7 i BMBM; i bFb 2[mB 2/ H¥vaZ 2{mB22DQXi1BMNi2M
M2m™ H M2irQ Fb Ub2XNTH2M/BM; iQ "mMMBM; iBK2 Q7 #Qmii2M iBKz
QBGI:AL I* -r?B+? 2[mB 2biQi BM bBM;H2 M2m  H M2irQ FX

*QM+HmMbB@@MBtX2MbBp2HYV 2p Hm i2/ R3 a*# b2HBM2b Qp2 99/ i b2ib-
+QmMi #Qi? BK ;2b M/ i #mH /i b r2HH b #Qi? #BM v . M/ KmHiB+}I
i bFbX _2; "/BM; T'2pBQmbHv BMp2biB; i2/i bFb- QmUBY2M22/ M HvbE
"2 MQ bi iBbiB+ HHv bB;MB}+ Mi /Bz2 2M+2b KQM; KQbi Q7 i?2 K2i?Q/
2°°Q° T i2- 2p2Milir&@@; ?Hr vb © MFb } bi +'Qbb HHUBBY ;R2HBIMR b c

2° ;2 pBQH iBQMb "2 "2 7Q° HH i?2 K2i?Q/brBi? MQ bB;MB}+ Mi/Bz2
7Q° Qm’® UB&BW #BM v +H bbB}+ iBQM i bFb- r2 Q#b2 ' p2/ /Bz2 2Mi T |
BK# H M+2/ M/ # H M+2/ /QK BMb “2; "/BM; "2D2+iBQM "~ i2b + Qbb +}
+ b2- QMHRaa M/SGI:AL I* bm++22/2/BMMQi T BK "BHv "2D2+iBM; i?2
+H bbX JQ 2Qp2'-r2 HbQ 2KT? bBRPAMQPi2H 2MTBNMBE, HHV i?2 2z2+iBp
M2bbaQ7 iQ brBi+? 7°QK i?2 #QmM/2/@ #bi2MiBQM b2iiBM; iQ i?2 #QmN
QM2- MQiB+BM; "QQK 7Q  BKT ' Qp2K2Mir?2M p2'vbK "Hph2 ";2i2 Q" °
b?Qr ?2Qr +m "2Mi K2i?Q/b 7 BHBM +Q "2+iHv '2D2+iBM; BMbi M+2b r?z
Q++m - TQBMIiBM; iQ ?B;?Hv "2H2p MiQT2M T 'Q#H2K BM i?2 "2 X

"*Q /27 AKT +i ai i2K2Mi

"2+ mb2 J +?BM2 G2 "MBM; KQ/2Hb + M K F2 2°"Q'b BM i?2B" T 2/B+iE
QTiBQMBb K2 Mb7Q BKT QpBM;i?2B  i'mbirQ i?BM2bbX h?2 b2H2+iB
BbQM2 Q7 i?2KQbiTQTmH “r vbiQ +?B2p2bm+? ;Q H#v+QmTHBM; A
7mM+iBQM i? i /2+B/2b r?2i?2  iQ ++2Ti Q '2D2+i K FBM; T 2/B+iBQ
b2H2+iBp2 +H bbB}+ iBQM K2i?Q/b ? p2 M2p2" #22M 2p Hm i2/ QM H °;
}’biiQ}HHIiI?Bb; T-T ' QpB/BM;i?2} bi2ti2MbBp2 #2M+?K "F7Q  i2biBM
K2i?Q/bX h?2 2tT2'BK2Mi H 2p Hm iBQM b?2/b HB;?i QM i?2 bi'2M;i?
b2H2+iBp2 +H bbB}+ iBQM K2i?Q/b 7Q r? i +QM+2 Mb i?2B 2 "'Q " i2-
+Qp2° ;2V-/Bbi'B#miBQM Q7 "2D2+iBQM Qp2° +H bb2b- M/ "Q#mbiM2b!

+FMQrH2/;K2Mib M/ .Bb+HQbm 2 Q7 6mM/BM;

h?2 rQ ' F Q7 X Sm;M M M/ aX m;;B2 B ? b #22M T "iHv 7TmM/2/ #v S
AMp2biBK2MiQ RXj-S "i2M "B iQ 1bi2bQ S1yyyyyyRj@ 66 A_ @ 6mim 2
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_2b2 "+?26 @ aTQF2 R6>mK M@+2Mi2 2/ A6-7TmM/2/ #vi?21m QT2 M *(
L2ti:2M2° iBQM 11 T°'Q;  KK2- M/ #vi?2 T QD2+i 6AL.>_7TmM/2/ #vi?2 1
Im QT2 "2b2 "+? M/ BMMQp iBQM T°Q;" KmM/2 ;X X LQ RyRydykRkX
2tT 2bb2/ "2 ?2Qr2p2  i?7Qb2 Q7 i?2 mi?Q b QMHvVv M/ /Q MQi M2+2bb "B
11X L2Bi?2  i?2 11 MQ i?2; MiBM; mi?Q Biv+ M#2 ?22H/ "2bTQMbB#H:

GX S2'BMB "'2+2Bp2/ 7TmM/BM; 7' QK 6qPoH M/2°2M U bTB" Mi; MiR
GX S2'BMB M/ CX . pBb "2+2Bp2/ 7TmM/BM; 7°QK i?2 6H2KBb? :Qp2 MK
XQ2FbT Q;” KK "iB}+B H2 AMi2HHB;2MiB2 U AV oH M/2°2M6 T Q; KK

272 2M+2b

C pB2  # /-1K M; "2 ii- /"B M g2HH2 - M/ :BQp MMB *?2 m#BMX TT (
+QM7Q K H T 2/B+iBQM i b+ H2 pB*@ M-~ 8 Mk knayR FRB Q Kiyook X

h Fmv FB# -a?Qi Qa MQ-hQb?B?BFQu M b2-h F2'mP?i - M/J b MCQ
imM , M2ti@;2M2" iBQM?2vT2 T " K2i2 QTIiBEBx TBQM Kekj2rQ FX Al
kejRX *J- kyRNX

M bi bBQbLX M;2HQTQmMHQb M/ ai2T?2M " i2bX :2MiH2 BMi Q/m+iB(
iBQM M/ /Bbi'B#miBQM@7 22 mM+2Qi_BMibfkiR Wi By ¢ 8B R MRy kR X

M bi bBQb LBFQH b M:2HQTQmHQb- ai2T?2M " i2b- JB+? 2H AX CQ"/
IM+2 i BMiv b2ib 7Q"° BK ;2 +H bbB}2 b mbBM; A@X7®TRM{ T@2/B+iB Q
PB2rXM2i- kykR X

J tBKBHB M " H M/ i-" B ME *2°-. MB2H X CB M;-a Km2H . mHiQM-
M/ 2r :Q /QM gBHbQM- M/ 1vi M " Fb?vX "QiQ +?, 7 K2rQ F 7Q" 2{
+ "HQ # v2bB M QTiBKBm iBRaAKY A M

_B+? /"2 F->Q/ >2B/ 'B-a? ?BMC ## 'B-JB+? 2HE2 "Mb- M/ QM _
+"BKBM HDmbiB+2 "BbF bb2bbK2MaQ+BRPQHQR+«QA 024?20, _2b2 “+?
8YyURV,j 99- kykRX

1HBX #2i? "QM/B- _ T? 2H EQbi2°-> MM 2?2 a?2 ? M-J "iBM CX *? /rB+F-
X hvH M *2K;BH- IH'B+? S [m2i- M/ E'Bb?M Km'i?v .pBDQi? KX _Q
BMi2' +iBQM BM b2H2+iBp2AT R/RbiBKAMMXSANIX A S 2bb- kykkX

*X EX *2QrX PM QTiBKmK "2+Q;MBiBQM 2 AQLIMY "RIDX+AM7ZXR Q2XQ v
ReURV,9R 9e- RNdyX

:Bmb2TT2*B M+B- _Q#2 ' iQ :Q;HB - _B++ '/Q :mB/QiiB-J ii2Q E THH D-
/72 Sm;M M -6 M+Q B+QiiB- M/ a HpiQ'2 m;;B2°"BX TTHB2// i b
b+Q 2 T'2/B+ABIQM XBAM-iT ;2b Re3d ReNeX A111- kykjX

GBXx2 *Q2M2M- ?K2/ EX X #/mHH ?- M/ hB b :mMbX S Q# #BHBiv Q7
rBi? "2D2+i QTIBQMX A2 9jN 993X A111- kykyX

6BHBT2 *QM/2bb - CQbG JX "BQm+ b@.B b- * "HQb X * bi"Q- CQ?M
EQp +2pB+X *H bbB}+ iBQM rBi? "2D2+i QTiBQM mBBMT+Q@Mi2tim H BN
Rj9y Rj9jX A111- kyRjX

k9



22T L2m> H L2irQ F "2M+?K "Fb 7Q  a2H2+iBp2 *H bbB7B+ iBQM

*2 "H2b *Q #B "2- LB+QH b h?QK2- pM2 " "@>2M-J ii?B2m *Q /- M/ S
/>2bbBM; 7 BHM 2 T 2/B+iBQM #v H2 ~MBMm KSR 12 b @ 3N 82 MN-2X- A M
kyR N X

GmB;B SX *Q /2HH - *H m/BQ .2 ai27 MQ-* "HQ a MbQM2- M/J 'BQ 02M
QTiBQM 7Q° GoZ +HAFBABSP HXMAN 6@ i@72 LQi2b BM *QKTmi2 a+B2M
T ;2be3 djX aT'BM;2 - RNN8X

*Q'BMM *Q ' i2b-:BmHB .2a HpQ- M/J2? v "JQ? BX'"lQ@biBIM; rBi? #bi
T ;2b Reey Ree3d- kyReX

*Q'BMM *Q'i2b- :BmHB .2a HpQ- M/ J2? v " JQ? BX h?2Q°'v M/ H;Q |
rBi? "2D2+iBQM BM #BM "WMVMHHb®FY+JiBQRMXIB+b M/ "iB}+B H AMi2HH
T ;2b R jN- kykjX

a' ?C** B:- M JE2MM2v- CMMHB GBM- A M JS mH- G2 MM G "B +7?
2. JB+?2H2 1J 'BMB- 6" M+2b+ *?B "QKQMi2-J ii?2r G 2BK?2" -
J FQp X *QMbi"m+iBM; TQHV:2MB+ 'BbF b+Q 2 7Q" +?BH/?QQ/ Q#2b|
M HVHBIQMQK2i'B+b M/- &BjBoiBebkykjX

SQH MB . biBH2- hm ; vI2HBF- M/ JQb?2 SQib M2X ai iBbiB+ H M/ K +°
BM + 2/Bi b+Q BM:, bvbi2K iB+ ABHX a®71 bQKEIRXekej- kykyX

#B" .2-S " KBi EQH2v- LBHQV: M;mHv- M/J Mm2H :QK2x@ _Q/°'B;m2x.
?2mK M bbBbi M+ XTAMb keRR kekyX A S 2bb- kykyX

C M2x .2Kb "X ai iBbiB+ H+QKT "BbQMb Q7 +H bitB¢2 b QpBE2KMPKIiBTH?2
_2bX,R jy- kyyeX

*2°BbiQT?2 .2MBb M/ JQ? K2/ >2#B BX *QMbBbi2M+v Q7 THmM;@BM +Q
+ iBQM BM b2KB@bmT2CXB® 2 /LIQM TM BXMajiX LBRVB S dk- kyky X

G m'2Mb .2pQb-GQ 2MxQ S2°'BMB-q MM2b J22'i- M/ C2bb2 . pBbX .2i2
BM /2THQvV2/ i’22 2MHZKREBHZIBX BN QHMK2 RIRAHiIiM72 LQi2b BM
*QKTmi2® a+BR2MhH2Rky RjeX aT ' BM;2 - kykjX

ZB M; .BM;- uBtm M * Q- M/ SBM; GmQX hQT@ K#B;mBivb KTH2b K ii:
r?v /22T 2Mb2K#H2 rQ Fb BM b2H2+iBp2 ASiykpt+ iBQMX AM

"2'M / .m#mBbbQM M/JvH M2J bbQMX bi iBbiB+ H/2+BbBQM "mH2r
2/:2 #Qmi +HSbib2bM 2+QKMBRV,R88 Re8- RNNjX

_M1IH@u MBp M/uB gB2M2 X PMi?27QmM/ iBQMb Q7 M@Bb2@7 22
J +?X G2 MXRRbPXey8 Re9R- kyRyX

1m QT2 M *QKKBbbBQMX S'QTQb H 7Q° _2;mH iBQM Q7 i?2 1m QT:
i?72 *QmM+BH G vBM; /QrM ? "KQMBb2/ "mH2b QM "iB}+B H AMi2H}
K2M/BM; +2°i BM IMBQM H2;BbH iBP2iThiif2ky k@M 2tXBM QT X2mf
H2; H@+QMi2MiflLfhshf\m B4*1GXs,8kykRS*ykye

k8



Sm;M M - S2'BMB- . pBb M/ _m;;B2°B

H2bb M/°Q 6 #'Bb- LBM " ° MQrbF -J ii?2r CX .2MMBb- S?BHBTT > +F
6°2/2°BF CX wmB/2 p22M "Q ;2bBmb- M/ bB CX "B2; X 6 B'M2bb M
?B BMQX - #bfkjyNXRjNjj- kykjX

G2Q 62M:- JQ? K2/ Pb K ?K2/- >Qbb2BM > DBKB b /2:?B- M/ KB >X
#2ii2° b2H2+iBp2 +H OB ABDW X2 ABR2rXM2i- kykjX

0QDi2+? 6° M+- . MB2H S'i - M/ 0€+H p 0Q €+2FX PTiBK H bi  i2;B2t
+H bbBEX WX+?X G2 "MKI,RRXR RR,9IN- kykjX

/Biv : M;" /2- MBHE ;- M/ 02MF i2b? a HB; K X a2H2+iBp2 +H bbB}+
T 2/B+iBQMahAM pQHmMK2 Rjy- T ;2b kRdN kR3dX SJG_- kykRX

UQM i M :2B7K M M/ _ M 1H@u MBpX a2H2+iBp2 +H bbBl}+ iBQM 7Q" /2
LASaT ;2b 93d3 933d- kyRdX

uQM i M:2B7K M M/ _ M1H@u MBpX a2H2+iBp2M2i, /22T M2m  HM2irC
2D2+i QTiBQOMXpAMI MK2 Nd- T ;2b kR8R kR8NX SJG_- kyRNX

um'v :Q Bb?MBvV- Ap M _m# +?22p- 0 H2MiBM E? mMHEQp- M/ “i2K " #2M
H2 "MBM; KQ/2Hb 7Q i #@ M ASE X2BMR3Njk R3N9j- kykRX

GO0Q :"BMbxi DM- 1/Qm "/ Pv HHQM- M/ : Ho Q[m mtX q?v/Q i '22@%#
QmiT2 ' 7Q K /22T H2 "MBM; QM ivTBl+2 ki iARkKX i \ AM

> B#Q >2 M/ 1/r "/Q X : +B X G2 "MBM; 7 QR BK¥ H MB2/EMQS H X
i 1IM:XkRUNV,Rkej Rk39- kyyNX

E BKBM; >2-sB M;vmw? M;-a? Q[BM; _2M- M/CB MamMX .22T "2bB/m
"2+Q;MBIiB@B X AM2b ddy dd3X A111 *QKTmi2 aQ+B2iv- kyReX

EBHB M >2M/ B+Ft- g MM2b J227i- "" K *Q M2HBb- M/ C2bb2 . pBbX
J +?BM2 H2 "MBM; rBi? "2D2+iBQM 7Q" p2?B+iHQRMKREMRZ3BRIMQAX AM
G2+im 2 LQi2b BM *QKTnTi22lakBRPM3I2X aT BM;2 - kykRX

EBHB M >2M/ ' B+Ft- GQ '2MxQ S2'BMB- ."B2b o M /2" SH b- q MM2b J2:
J +?BM2 H2 "MBM; rBi? '2D2+i  FiBQGI2- M U2wXydj jRRy- kyk9X

_Im >2"#2B M/ J i2M >X q2;F KTX *H bbB}+ iBQMMRICXZ2DAXi QTiBQM)>
U9V,dyN dkR- kyyeX

G M;>m M;-*?2 Qw? M;- M/ >QM;v M; w? M;X a2H7@ / TiBp2i> BMBM;,
"BbF KBMB KB XL PBr) k SkaAkW X

1'BF CQM2b- a?BQ'Ba;r-S M; g2B EQ?- M Mv EmK - M/ S2 +v GE
+H bbB}+ iBQM + M K ;MB7v /BbT "BABBK PTQHNb 2p®B2MmbM2AMKyk R X

. pBM/2 " E m -amH2vK M IbHm- E H2v CX _BiiB+?B2°- M/ 'D M .m "2btE
}+B HAMi2HHB;2M+2,*QRPBI2XXa-mBAKV ,jN,R jN,j3- kykjX

ke



22T L2m> H L2irQ F "2M+?K "Fb 7Q  a2H2+iBp2 *H bbB7B+ iBQM

"VQH EBK- *?2M sm- M/ _BM 6Qv;2H " "#2 X S 2/B+iBp2 BM72 2M+
D +FFMB72Y@ 7i2 Q72 QA KIyXX AM

QM EQ? pBX bim/vQ7 + Qbb@p HB/ iBQM M/ #QQibi> T7Q" ++m  +v
b2H2+iBAMX-AM2b RRjd RR98X JQ ; M E m7K MM- RNN8X

CQ M EC?M2-*?"BbiB MJ “x-2i HX a2+m BM; /22T H2 "MBM; KQ/2Hb r|
MQK Hv /2i2+iBOMXQAMB2iv 1m QT2 M-*QQHmMEK2Mer2T ;2b Rj Rj- kykRX

"H DB G Fb?KBM ~ v M M- H2t M/2 S Bix2H- M/ *? "H2b "HmM/2HHX
T 2/B+iBp2 mM+2 i BMiv 2biBK iBQM mbBS4T/ 220 € MMk K& R p-bky R #1X

JiBH/2 G xx "B- CQbQ JX *Hp '2x- M/ a HpiQ'2 _m;;B2 'BX S 2/B+iBM;
THQV22 im " MQp2 ABMKX ®IXB.QIMX+BROMjWXdN kNk- kykkX

a?Bvm GB M;- uBtm M GB- M/ _X a'BF MiX 1M? M+BM,; i?2 "2HB #BHB
BK ;2 /2i2+iBQM BM M2m AtGRRY2Mo X ABRrXM2i- kyR3X

wBvBM GBm- w?BF M; g M;-S mHSmGB M;-_mbH MaH F?mi/BMQp- G
M/ J b ?2BiQ 12/ X .22T ; K#H2 b, G2 "MBM; iQ #bi BM rBi? TQ i7Ql
L2m ASla;2b Ryekk Ryejk- kyRNX

. pB/J /" b- hQMB MM SBi bbB- M/ _B+? "/ aX w2K2HX S 2/B+i "2bTQ
7 B"M2bb M/ ++m  +v #v H2 MBW AQ2Z/IReR dWeRey- kKyR3X

>mbb2BM JQx MM ° M/ . pB/ X aQMi ;X *QMbBbi2Mi 2biBK iQ b 7Q  H2
2tT2 i XAAMG pQHMK2 RRN-T ;2b dyde dy3dX SJG_- kykyX

>mbb2BM JQx MM - >mMi2° G M;- .2MMBb g2B- S b MM a iiB;2 B-
. pB/ X aQMi ;X g?Q b?QmH/ T 2/B+i\ 2t +i H;Q Bi?Kb 7Q° H2 "MBM
K MbX ABh hapQHmMK2 kye- T ;2b Ry8ky Ry898X SJG_- kykjX

1'B+ hX L HBbMB+F- FB?B Q J ibmF r - u22 q?v2 h2?- .BH M :°°C - M/
M v MMX>v# B/ KQ/2Hb rBi? /22T M/ BM@F2 T BAHHHINK iNd 2B X 200M
9dkj 9djkX SIG_- kKyRNX

L bi M PF iB- #B .2- M/ J Mm2H :QK2x@_Q/ B;m2xX .Bz2 2MiB #H
i'B ;2XLAM ASTa;2b NR9y NR8R- kykRX

> ""Bb ST /QTQmMHQb- EQbi b STQ2/°'Qm- oQHQ/v oQpF- M/ H2t M/2°
Im+iBp2 +QM}/2M+2 K +?BM2b T€QUG-2pQ2bh R Q) ME3AGT 2 LQi2b BM
*QKTmi2 a+Bl2M4#2j98 j8eX aT BM;2 - kyykX

GQ 2MxQ S2°'BMB M/ C2bb2 . pBbX IMbmT2 pBb2/ MQK Hv /2i2+iBQ
L2m ASkeykjX

GQ 2MxQ S2°BMB- 0BM+2Mi 02 + mvbb2M- M/ C2bb2 . pBbX *H bb T°
TQbBiBp2 M/ mMH #2HACH2ATMBIMEKX RMKNKRX BD+ BXQ ;- kykyX

M/>2 Sm;M M X hQTB+b BM b2H2+iBp2a +HA bdIB Re RKQIMXe R]M X A
S 2bb- kykjX

kd



Sm;M M - S2'BMB- . pBb M/ _m;;B2°B

M/"2 Sm;M M M/ a Hp iQ'2 _m;;B2 ' BX KQ/2H@ ;MQbiB+ ?2m BbiB+t
+ iIBQMX AMT ;2b N9eR N9eNX A S 2bb- kykj X

M/*2 Sm:M M M/a Hp iQ'2 _m;;B2'BX 1*@# b2/ b2Hh2ahiBp2 +H bbB}+
POQHMK?2 kye- T :2b k9N9 k8RI9X SJG_- kykj#X

*H' SmMxB- _Q#2°iQ S2HHmMM; BMB- J iiB a2ixm- 6Qb+ :B MMQIiiB-
B- K22i 2mK M, G2 "MBM; T *~ /B;Kb 7Q" ?v# B/ /2+BO@BOM K FBM; t
#bfk9ykXyek3d- kyk9X

HpBM _ DFQK - 1v HP'2M- E B *?2M- M/'2rJ . B- LBbb M > D D- JB
S2i2° C GBm- sB Q#BM; GBm- C F2 J "+mb- JBKB amM- 2i HX a+ H #I
H2 "MBM; rBi? 2H2+i"QMB+L 22 HiBIi2H Q 2/IBYBRW2R Ry- kyR3X

*2 "pB _ biQ;B- umM72M; w? M;- .2MMBb g2B- Emb? _X 0 "h?M2v- KBi
_B+? '/ hQKb2iiX .2+B/BM; 7 bi M/ bHQr, h?2 "QH2 Q7 +Q:MBiBp2 #
/2+BbBQM@K GBM» >mKX *QKTmiXeAME"qRNK 3j,R 3j,kk- kykkX

u MBp QK MQ- J ii2Q a2bB - M/ 1KK Mm2H CX * M/ bX *H bbB}+ iBQ
/| TiBp2 +Qp2 L2 Ay kyX

‘H2MM a? 72° M/ oH /BKB 0QpFX imiQ B H@XIQIWXQGEK WK 22BXiBQ N
N,jdR 9kR- kyy3X

1H2MB ai° BiQm B- G2[mM g M;- L bi ° M PF iB- M/J Mm2H :QK2x _Q/"
BKT QpBM; 2tT2 i T'2/B+iBQMb rBi? #+QM7 Q# Kf kk F R B kyB &-MOY k k X

6° M+2b+Q hQ iQ 2HH X _P*@# b2/ "2D2+iSmRR2M Q248 +MBIiR IGRXi2X b X
keUkV,Red R3y- kyy8X

."B2b o M /2  SH b- g MM2b J22'i- CQ? M 02 #  2+F2M- M/ C2bb2 . pBL
QTiBQM TTHB2/iQ bH22T AiJ;2h+Db BMyX3KRIX aA J- kykjX

J BF2o0 M _Qv M/ C2bb2 . pBbX . i /2#m;;BM;, 1M? M+BM; i mbi BM bQ
KQ/2Hb #v +QMi2tim HRBX i B MK *QNW ; 2bb Q7 S2°'7Q° K M+2 M HvbBb
M/ Rji? AMi2 ™M iBQM H avKTQbBmK QM *QKTm2b RRNBRMe 2 IBYMjXTQ i
Aa"L Nd3@j@yjR@jRddk@ N X

_ D22p 02°K -. MB2H " “*2D!M- M/ 1'B+ hX L HBbMB+FX G2 "MBM: iQ
T2'ib, *QMbBbi2Mi bm "Q; i2 HQbb2b- +QM}/2M+2 + HB# iBQM- M/ +
Aah hapQHmK2 kye-T :2b RR9R8 RR9j9X SJG_- kykjX

oH /BKB  0QpFX *"Qbb@+QM7Q K H¢BfRKE 8D Dye- kyRkX

sBM g M; M/ aBm@JBM; uBmX *H bbB}+ iBQM rBi? "2D2+iBQM, a+ HB
rBi? omT2 pBb2/ /22T BI@7EAK tXbAMI 3y kN3eX BD+ BXQ ;- kykyX

CB M+?2M; u M;- _mB a?B- .QM;H B q2B- w2[m M GBm- GBM w? Q- "BHE
i2°- M/ "BM;#BM; LBX J2/KMBbi pk@ H “;2@b+ H2 HB;?ir2B;?i #2M+
#BQK2/B+ H BK ;2 +HabBRMiBBORMWURY,9R- kykjX

k3



22T L2m> H L2irQ F "2M+?K "Fb 7Q  a2H2+iBp2 *H bbB7B+ iBQM

CBM;F M;uM;-S2M;vmM q M;- .2DB MwQm- wBi M; w?2Qm- EmMvm M .B
> Q[BgM;-:m M;v.Q *?22M- "Q GB- uBvQm amM- sm272M; .m- E Bv M;
w? M;-. M>2M/'v+Fb-uBtm M GB- M/ wBr2B GBmX PT2MQQ/, "2M+?K
QMi@Q7@/Bbi B#miBRQMn 2iSkayilBkXM X AM

hB M# Q u M: M/ uBKBM; uBM:X |* K tBKBx iBQM BM i?2 2° Q7 #B; /
bm p2¥X*QKTmiX anm8®¥3V,Rdk,R Rdk,jd- kykjX

kN



Sm;M M - S2'BMB- . pBb M/ _m;;B2°B

TT2M/Bt X 1tT2 BK2Mi H .2i BHD

q2 T°'QpB/2 HHi?2 //BiBQM HBM7Q K iBQM QM / i b2ib- b2iiBM:b- M/ -
2tT2 BK2Mib Q7 i?2 T T2 X

XR . i b2ib

h #HR 2TQ ibi?2/ i b2ib mb2/ BM Qm" #2M+?K "FBM; M/ HBMF iQ "2i
/i X g2 HbQ BM+HmM/2 r?2i?2 i?2/ i b2ir b +QMbB/2 2/ BM T 2pBQmbk

h #HX "2TQ ib bQK2 2tT2 BK2Mi H /2i BHb- BM+HmM/BM; i BMBM; bBx
i BMBM;c 72 im 2 bT +2BM i2°Kb Q7 72 im2b 7Q i #mH /i M/ BK ;2
i :2ibT +2 MMK#2 QT #2 BR2H2Mi ;2 Q7 i?2 KBMQ Biv +H bb BM 2 +7? /
HbQ "2TQ i i?2 .22T L2m > H L2irQ F U.LLV “+?Bi2+im 2b r2 2KTHQv2/
am+? +?2QB+2r b K /2 ++Q /BM;iQ i?2 7TQHHQIBM; + Bi2 B ,

UBWQ K2 T T2 BMi?2HBi2 im 2mb2/i?Bb/ i b2i M/2KTHQv2/ bT2
UBBY TQBEM 2b MQi TTHv-r2 /B/i?2 7TQHHQIBM;,

7Q BK ;2 /i -r22KTHQv2/ _2bL2ij9 “+?Bi2+im 2c

7Q i #mH "/ i -B7 /i b2ir@iBbi2MBWKRIKRX2 TTHB2/i?2
#2bi@T2 7Q KBM; “+?Bi2+im 2 QM i? i bT2+B}+ /i b2iX Pi?22°r
i?2 6hh> Mb7Q K2  “+?Bi2+im 2 7QHHQrBEMbX2 Di; 2ZbiBXQM #v
Ky KK X

HHi?2 /i r2°2 2@b?m|2/- MQ K HBx2/ M/ bTHBi BMiQi° BMBM;-i2bi-
/| iBQM b2ib- ++Q ' /BM; iQ eyW-kyW-RyW- M/ RyWT QTQ iBQM U 2bT
"2TQbBIiQ v-r2 T QpiBABM?BRTIibiQ "2+°2 i2i?2/ i 2KTHQvV2/ BM i?Bb M
Xk >vT2 T °~ K2i2 a2iiBM:b

g2 QTiBKBx2 i?2 ?2vT2'T °~ KRT2mMiWWRBBM2i - HYRW 77 K2rQ F 7Q°
KmHIiB@Q#D2+iBp2 " v2bB M QTiBKBx iBQM- rBi? i?72 TQHHQrBM; BMT
+ Qbb@2Mi QTv HQbb b"QhQi#2b RFB2HW/ i 2i- kYXy10 BMB @

iB HBM/2T2M/2Mi i2BiGb @®mMBQHbX g2 "2TQji B K #HK22i2  bT +2

r2 mb2/ /mBM; i?2 imMBM; T Q+2/m 2X aQK2 ?vT2 T ~ K2i2'b "2 HQbb
72 iQ bT2+B}+ # b2HBM2 HQbb- r?BH2 Qi?2°'b "2 M2irQ F@bT2+B}+-
/22T M2m™ H M2irQ ' F "+?Bi2+im 2X q2 '2TQ i i?2 b2 "+?2 bT +2 BM i?2
i?72 MQi [&Mbi M/b 7Q° HH p HmBbi2Bi?BRMBM2 "Hv bT +2/ rBi? ; T
2[m HX®@ 6Q° 2t K[U;HGhs BM/B+ i2b i?2 b2if@QI5B0H4MEDHPX 6Q bK HH

b2ib Q7 p Hm2b-r2 /B'2+iHv BM/B+ i2 HH i?2 TQ&aeB#B3XKBgR2b mbBM; i
/IBb+ 2iBx2 i?2 b2 "+?2 bT +2 Q7 KQbi ?2vT2 T ~ K2i2'b #2+ mb2 " v2bB N\
72°b 7°QK ?B;?7@/BK2MbBQM H bT +BRKZ 42HBO2brBHAQiZx2 B Hp2

i?72 H2 "MBM; " i2 2p2°'v k8 2TQ2BY KbMQMARZ2 IBMEXYyRMWNBpJQ 2Qp2 -

7Q BK ;2 /i -r?B+?2 r2 7QmM/ iQ #2 KQ 2 mMbi #H2 /m " BM; i?2 i° BM
PTIimMTIiBKBx iBQM T ' Q+2/m "2 mbBM; /27 mHi p Hm2b B7 i?2b2 r2°2 b
TT2'X . m2iQi?27?m;2 +QKTmi iBQM H+Qbi @QYGR2AhNMBMGE® Q+2/m 2-
Ll1hY1lJYa_-a hYa_ M/a hYlJYa_mb2i?2b K2 QTiBK H?vT2 T ~ K2i2 b |

jy



22T L2m> H L2irQ F "2M+?K "Fb 7Q  a2H2+iBp2 *H bbB7B+ iBQM

h #H2 R, . i b2ibQm +2bX
. i b2i i hvT2 GBMF S'2pBQmb a* T T2°
ImHi h #mH ° m+Bf /mHi Sm;M M M/ _mukBKjHS
HQB h #mH ° QT2MKHfB/4R8NK
# MF h #mH ° m+Bf# MFYK "F2iBM; 6° M+ 2i Wy XY
#HQQ/KMBbi AK ;2 Xx2MQ/Qfe9Nee8ef}H2bf#HQQ/KMBDbi
#°2 biKMBbi AK ;2 x2MQ/Qfe9Nee8ef}H2bf# 2 biKMBbi
+ ib/Q;b AK ;2 F ;;H2f/Q;b@pb@+ i22B7K M M/ 1H@yuRMNB B mM

2i HKyRMNem M; 2i UH/XYc
Sm:M M M/ _mukBKjH
+?2biKMBbI AK ;2 Xx2MQ/Qfe9Nee8ef}H2bf+?2biKMBbi
+B7 "Ry AK ;2 TviQ +?fpBbBQMf*A6 RIB7K M M/ 1H@uRMNB p
*Q #B "2 2kylRKEmM M; 2i HX
Kykyé2M; 2i UHykYSm; M M
M/ _m;;BRYyR ¥

+QKT bb h #mH ° QT2MKHfB/499Rek
+QpivT2 h #mH ° QT2MKHfB/4R8Ne 6° M+ 2i kXY
/2K KMBbi AK ;2 x2MQ/Qfe9Nee8ef}H2bf/2'K KMBbi
2H2+i"B+Biv h #mH ° QT2MKHfB/499RKky
2v?2 h #mH ° QT2MKHfB/499R8d
7QQ/RyR AK ;2 TviQ +?fpBbBQMf6QQ/RYR 62M; 2i UpkY
:Bp2K2 h #mH ° F ;;H2f:Bp2J2aQK2* 2/Bm;M M M/ _muk B
?2H2M h #mH ° QT2MKHfB/49RReN
?2HQ+ h #mH ° QT2MKHfB/498ykj
?B;;b h #mH ° QT2MKHfB/4kj8Rk
?2Q0mb?2 h #mH ° QT2MKHfB/49jN8d
BM/B M h #mH QT2MKHfB/49RNdk
D MMBb h #mH ° QT2MKHfB/499ydN
F//IBTmKbNd h #mH ° QT2MKHfB/499Rk9
H2ii2" h #mH ° QT2MKHfB/4e 6 M+ 2i YKy
K ;B+ h #mH ° QT2MKHfB/499RkS8
KBMB#QQM2 h #mH ° QT2MKHfB/499RRN
JLAah AK ;2 TVviQ +?fpBbBQMfJLA&N Fb?KBM ~ v M M yRWH X
GBm 2ikHRNEQ " #B "2 20 HX
Kky RN
Q+iKMBbi AK ;2 x2MQ/Qfe9Nee8ef}H2bfQ+iKMBbi
QMHBM2 h #mH ° QT2MKHfB/498yey
Q' ; M KMBbi AK ;2 x2MQ/Qfe9Nee8ef}H2bfQ ; M KMBbi
Q'; M+KMBbi AK ;2 Xx2MQ/Qfe9Nee8ef}H2bfQ ; M+KMBbi
Q'; MbKMBbi AK ;2 X2MQ/Qfe9Nee8ef}H2bfQ ; MbKMBbi
Qt7Q/T2ib AK ;2 TviQ +?fpBbBQMfQt7Q /T2ib
T i?KMBbi AK ;2 x2MQ/Qfe9Nee8ef}H2bfT i?KMBbi
T?2QM2K2 h #mH ° QT2MKHfB/499Rkd
TM2mKQMB KMBHRAIK ;2 x2MQ/Qfe9Nee8ef}H2bfTM2mKQMB KMBbi
TQH h #mH ° QT2MKHfB/49jNNR
"2iBM KMBbi AK ;2 x2MQ/Qfe9Nee8ef}H2bf 2iBM KMBbi
"H h #mH ° QT2MKHfB/499Rey
bi M7Q /+ b AK ;2 TviQ +?fpBbBQMfai M7Q /* “&2M; 2i UkY
ao>L AK ;2 TviQ +?fpBbBQMfao>L:2B7K M M/ 1H@uRMBp
KyRINGBm 2ilkiARNEQ "#B 2
2i HkyRWN
iBbbm2KMBbi AK ;2 Xx2MQ/Qfe9Nee8ef}H2bfiBbbm2KMBbi
m+B+"2/Bi h #mH ° QT2MKHfB/49k9dd Sm:M M M/ _mukBijHs
MmMTb2HHBM; h #mH ° QT2MKHfB/499R83
ri2 #B°/b AK ;2 bi M7Q /X2/mf/ Qfr i2 " #B°/ CQM2b 2ky KK




Sm;M M - S2'BMB- . pBb M/ _m;;B2°B

h #H2 k, . i b2i/2i BHbX
.1 b2i h> BMBM; aBx2 " i+? aBx2 0O 62 im'2b O *H bb2b JBMQ 'Biv _ iBQ .LL “+?Bi2+im’
ImHi 29,303 k8e 13 2 23.9% 6hh™ Mb7Q K2°
HQOB 64; 800 8Rk 128 1000 0:1% h #_2bM2i
# MF 27,126 Rk3 16 2 117% h# 2bM2i
#HQQ/KMBbi 10;253 Rk3 28 28 8 7:1% _2bM2iR3
#°2 biKMBbi 468 e9 28 28 2 26:9% _2bM2iR3
+ ib/Q;b 15,000 Rk3 64 64 2 50:0% 0::
+?2biKMBbi 67272 8Rk 28 28 2 10:3% _2bM2iR3
+B7 "Ry 36; 000 Rk3 32 32 1 1000% o::
+QKT bb 9;985 Rk3 17 2 50:0% 6hh™ Mb7Q K2"
+QpivT2 348 605 Ryk9 54 7 0:5% 6hh> Mb7Q K2"
/2K KMBbi 6;008 Rk3 28 28 7 1:1% _2bM2iR3
2H2+i"B+Biv 23083 Rk3 7 2 50:0% 6hh> Mb7Q K2"
2v?2 4:564 Rk3 23 2 50:0% 6hh™ Mb7Q K2"
7QQ/RYR 60; 600 k8e 224 224 101 1:.0% _2bM2ij9
;Bp2K2 90; 000 8Rk 8 2 6:7% h #_2bM2i
?2H2M 39,116 8Rk 27 100 0:2% h# 2bM2i
?2HQ+ 6;000 Rk3 22 2 50:0% 6hh Mb7Q K2~
?B;;b 58;829 8Rk 28 2 47:1% 6hh™ Mb7Q K2"
?2Qmb2 8;092 Rk3 16 2 50:0% 6hh Mb7Q K2"
BM/B M 5;485 Rk3 220 8 0:2% h# 2bM2i
D MMBb 34,548 8Rk 54 2 50:0% 6hh> Mb7Q K2"
F//IBTmKbNd 3;112 Rk3 20 2 50:0% 6hh™ Mb7Q K2"
H2ii2" 12,000 Rk3 16 26 3 7% 6hh> Mb7Q K2"
K ;B+ 8;024 Rk3 10 2 50:.0% 6hh™ Mb7Q K2"
KBMB#QQM2 43,798 k8e 50 2 50:0% h# 2bM2i
JLAah 42,000 Rk3 28 28 10 9:0% _2bM2ij9
Q+iKMBbi 65; 585 8Rk 28 28 4 8:1% _2bM2iR3
QMHBM2 7,398 Rk3 17 2 15:5% 6hh™ Mb7Q K2~
Q'; M KMBbi 35310 k8e 28 28 11 4:.0% _2bM2iR3
Q'; M+KMBbi 14,196 Rk3 28 28 11 4:8% _2bM2iR3
Q' ; MbKMBbi 15132 Rk3 28 28 11 4:6% _2bM2iR3
Qt7Q /T2ib 4,409 Rk3 224 224 2 32:3% _2bM2ij9
T i?KMBbi 64; 308 8Rk 28 28 9 8:9% _2bM2iR3
T?QM2K2 1,901 Rk3 5 2 50:0% 6hh Mb7Q K2"
TM2mKQMB KMBBbi2 Rk3 28 28 2 27:1% _2bM2iR3
TQH 9;000 Rk3 26 11 1:7% 6hh> Mb7Q K2"
"2iBM KMBbi 960 Rk3 28 28 5 5:8% _2bM2iR3
"H 2,982 Rk3 12 2 50:0% 6hh> Mb7Q K2"
bi M7Q°/+ b 9,710 Rk3 224 224 196 0:3% _2bM2ij9
ao>L 59,573 Rk3 32 32 10 6:3% o::
iBbbm2KMBbil4l; 830 Ryk9 28 28 8 3:5% _2bM2iR3
m+B+ 2/Bi 18,000 Rk3 23 2 22:1% h# 2bM2i
mTb2HHBM; 3,017 Rk3 45 2 50.0% 6hh™ Mb7Q K2~
ri2 #B /b 7,072 Rk3 224 224 2 22:6% _2bM2i8y

2bT2+iBpXHvihalGL1hY1da h M/a hY1lJX aBKBR* HPwaalla-

1LaYa- I* Paa- MBGI:AL I* 2KTHQV i?2 #2bi +QM};m > 8BBQM 7QmM/ 7Q
i22v b? "2i?2b K2i° BMBM; HQbb- BX2X-a* @hb@2ZWMi ©@FaxX 6Q #Qi?
r2bXi =5-7QHHQrBM; i?2 bnS 2BV MM /B Mk B HE X 6Q° #AQ&?
M/lLaYa r2 mb2/i?2 /27 mHKp=HON27QHHQrBM: i?2 bmG2miB@Mb BM
KBM v MMDiyRtX 6Q° i?2 mM+2"i BMivPMLBAQL FhQ2 2KTHQv2/

i?72 b K2 +?2QB+2 “+?Bi2+im 2 /2i BH2/ B #& Q@ Bk BRIHB K 2NQ- i12 2

b K2 K BM#Q/v bi?2 M2irQ F +H bbB}2  7QHHQr2/ #v 9 /2Mb2 H v2 b B
bB:KQB/ +iBp iBQMX g2 mb2/ bm+? bi madi@I ¥ /Hb:QnVND+ 2'rh BB M :

ik



22T L2m> H L2irQ F "2M+?K "Fb 7Q  a2H2+iBp2 *H bbB7B+ iBQM

h #H2 j, >vT2'T * K2i2  bT +2bX
S " Kz2i2° GQbb@aT2+B}+ L2irQ ' F@aT2+B}+ a2 “+? aT +2
s} BN LQ [1;m].02
ah-ahv1J LQ [0:9; 0:99]01
Es ah-ahv1J LQ [0; 60} 5
a hYlJ-al1GL1hY1J LQ fle 4;1e 3;;1le 2;1e 1g
alGL1halGL1hY1J LQ £:25;:750.05
alGL1lhalGL1hY1J LQ 8;16; 32,649
QTiBKBx2" LQ LQ fa:; /| K I Kg
H2 "MBM; " i2 LQ LQ fle 51le 4;1le 3;le 29
QTiBKBx2" mMPX6A.L1h-alGt_1: u2b fa:; /| K / Kg
H2 "MBM; ~ i2 mfR&BA.L1h-alG1_1: u2b fle 8le 7;le 6;1le 5le 4le 3;le 2g
iBK2 /2+ v LQ LQ fh™ msB Hig2
M2bi2°Qp LQ LQ fh mB Hig2
M2bi2"Qp mMmM+RL6A.L1h-a1G1_1: u2b fh'mB Hig2
r2B;?i 12+ v LQ LQ fle 6;1e 5;1le 4;1le 3g
/IniQF2M LQ 6hh> Mb7Q K2 - h #_2bL2i [64;512k4
Mn#HQ+Fb LQ 6hh” Mb7Q K2 - h #_2bL2i £1;2;3;4g
/In?B//2Mn7 +iQ" LQ 6hh” Mb7Q K2 - h #_2bL2i [23; &3]y
ii2MiBQMn/"QTQmi LQ 6hh” Mb7Q " K2" 0;:59.05
"2bB/m Hn/"QTQmi LQ 6hh” Mb7Q K2" f0;:29.05
77Mn/ QTQmi LQ 6hh’ Mb7Q K2" £0;:50.05
/InK BM LQ h #_2bL2i [64;512k4
/In/>QTQmin7B bi LQ h # 2bL2i £0;:50.05
/InI"QTQminb2+QM/ LQ h# 2bL2i £0;:50.05
# i+?2nMQ K LQ o:: fh'mB Hig2
X2 'QnBMBin 2bB/m H LQ _2bL2ij9- _2bL2i8y fh'mB Hig2

M2irQ FbX 6QHHQrBM; i
/i BM? H7 iQQLGEAMI/_1:

22 2KTBBB MM 2pkKYiBQMTB-MBUIi?2 i° BMBM;
M2irQ Fb, QM i?2 QM2 ? H7 r2i° BMi?2 +H bb

i?72 Qi?2° ? H7-i?2 mM+2 i BMiv M2irQ FX g2 T QpB/2 i?2 #2bi +QM};m
BMi?2}M H M HvbBO@RMWXh #H2b



;B2 B

_m

M M-S2°"BMB-. pBb M/

Sm

h #H2 9, "2bi +QM}: m . iBQBpPBIQ/ #v

"+?Bi2+im 2bX

i b2i QTiBKX HX " i2 rX /2+ v iX /2+ v KQKXo a:MmM2bQXFb /niQF2M iiXn/'QTX "2bXn/"QTX /n77Mr2XiQ" 77Mn/ QTX
/mHi a:. le 03 le 04 6 Hb2 :92 6 Hb2:0 1 320 :30 2:67
+QKT bb / K le 04 1le 04 6 Hb2 2:0 1 64 120 1:33 145
+QpivT2 / K le 04 1le 04 6 Hb2 4:2 2 512 115 :20 1:67 110
2H2+i'B+BivVK 1le 05 le 03 6 Hb2 2:0 1 192 :05 1:00 :50
2v2 / K 1le 05 1le 04 6 Hb2 2:0 1 64 :15 1:33 145 .
?2HQ+ [/ Kgqg le 05 1le 05 h m2 1:8 3 384 125 110 1:33 145 =
?B;;b /I K le 05 1e 04 6 Hb2 2:0 1 64 115 1:33 145 =
?Qmb2 / K le 05 le 04 6 Hb2 2:0 1 64 15 1:33 145 ’
D MMBb / K le 05 1le 04 6 Hb2 2:0 1 64 15 1:33 145 <
F//BTmKbNdIK le 03 1le 04 6 Hb2 2:0 1 64 15 1:33 145 o
H2ii2" /I K le 05 1e 03 6 Hb2 18:4 4 64 05 1:00 140 ~
K ;B+ / K le 05 1le 04 6 Hb2 2:0 1 64 15 1:33 145 ©
QMHBM2/ K 1le 03 le 04 6 Hb2 2:0 1 64 20 1:67 :50 =
T?QM2K2/ K le 05 le 04 6 Hb2 2:0 1 64 15 1:33 145 N
TQH ! Kq le 03 1e 05 h m2 8:4 4 256 05 110 1:67 140 ’
“H / K le 04 1le 03 h*m2 1:4 2 320 30 1:67 :15
MTb2HHBM ;K le 05 1le 04 6 Hb2 2:0 1 64 15 1:33 145
i b2i QTIiBKX HX " i2rX /2+ v iX /2+ v KQKXoa:.MMZBiY+Fb /niQF2M /nK BM /n?B//2Mn7 /n/ " QTn782X%i /n/"QTnb2+X
HQB a: le 02 le 04 6 Hb2 h*™m Z48:4 4 128 192 2: 20 140
# MF a:. le 01 1le 03 h m2 6 Hb21:2 4 64 192 1 145 130 =
;Bp2K2/ Kq le 05 1le 04 h m2 2:0 1 384 512 4 140 30 *
?2H2M / Kqg 1le 04 le 04 h m2 89:0 1 384 448 3 40 25 !
BM/B M a:. le 01 1e 03 h* m2 6 Hb23:2 4 64 192 1 140 30 >
KBMB#QQK® 1le 04 le 04 h m2 2:0 1 384 448 3: 140 25 =z
m+B+ 2/BiKqg le 05 le 04 h m2 2:0 1 448 448 3: :30 25 N
i b2i QTiBKX HX " i2 rX /2+ v iX /2+ v KQKXoa: xRMZpnBMBin 2bhBX
le 04 le 04 h m2 2:8 h*m2
le 04 le 04 h*m2 4:0 6 Hb2
le 01 le 04 h m2 6 Hb25:0 6 Hb2
le 01 le 04 h m2 6 Hb25:0 6 Hb2
le 04 le 03 h m2 3:4 h m2
le 03 le 06 6 Hb2 31:4 h m2 |
le 01 le 04 h m2 19 6 Hb25:0 6 Hb2 )
le 02 le 03 6 Hb2 :93 h m27:2 h m2 o
le 02 le 03 6 Hb2 :94 h m26:8 h m2 <
le 04 le 03 h m2 5:8 h m2 N
le 01 l1e 03 h m2 19 6 Hb21:2 h m2 Pl
le 03 le 05 6 Hb2 3:4 h*m2 w
ile 01 le 04 h m2 19 6 Hb25:0 6 Hb2 ®
le 04 le 03 h m2 2:8 h m2 ©
le 04 1le 06 6 Hb2 161:0 6 Hb2 <
le 03 1le 03 6 Hb2 :96 h m28:0 h m2
le 04 1le 06 6 Hb2 2:0 6 Hb2
b2i QTIiBKX HX " i2 rX /2+ v iX /2+ v KQKX a#nMQ bKx X
o>L a:. 1le 04 le 05 6 Hb2 :99 h mZ:8 h'm2 o
+ ib/Q;ka:. 1le 02 1e 03 6 Hb2 :91 h m2:4 h' m2
+B7 "Ry le 02 le 03 6 Hb2 :91 h"m3:2 h'm2
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h #H2 e, "2bi +QM};m aiBQMb-7BpB/2/ #v “+?Bi2+im 2bX

i b2i QTiBKX HX " i2 rX /2+ v iX /2+ v KQKEs a:. M2biMn#HQ+Fb /niQF2M Xn/"QTX "2bXn/"QTX /n77Ma?2X%iQ " 77Mn/ QTX

B2'B

3

_m

M M-S2°"BMB-. pBb M/

Sm

/mHi a:. le 04 1e 06 6 Hb2 :95 101 3 256 :50 2:67 50
+QKT bb / K 1le 03 1le 06 6 Hb2 :0001 1 512 :45 1:33 10
+QpivT2/ Kq 1le 05 1e 05 6 Hb2 :001 3 320 2:33 10

2H2+i B+BliKg 1le 05 le 05 6 Hb2 :001 3 320 :05 2:33 10

2v2 / Kqg 1le 05 1e 04 h m2 101 2 448 :30 1:33 15 o
?2HQ+ / Kg 1le 03 le 05 h m2 0001 2 384 :10 :15 2:33 50 >
?B;;b / Kg 1le 03 1e 05 h* m2 :001 2 448 :10 1:67 30 >
?Qmb2 / K 1le 03 le 06 6 Hb2 0001 1 512 145 1:33 10 ’
D MMBb/ Kg 1e 03 le 06 h m2 0001 3 448 :10 2:00 25 <

F//BTmKbNdK le 03 le 06 6 Hb2 0001 1 512 :45 1:33 10 o

H2ii2° |/ Kgq 1le 05 1e 05 6 Hb2 :001 3 384 2:67 ~
K ;B+ /' K 1e 03 1le 06 6 Hb2 :0001 1 512 145 1:33 :10 .O
QMHBM2/ K 1e 04 1le 06 6 Hb2 0001 1 512 145 1:33 110 =
T?QM2KZ Kq 1le 04 1le 06 h m2 01 3 320 120 2:67 :40 N

TQH I/ Kg le 04 1e 06 h*m2 0001 3 448 :15 2:00 130 ’

“H /I K 1le 04 1e 06 6 Hb2 0001 1 512 :50 1:33 15
mTh2HHBMKg 1le 05 le 06 h m2 0001 3 448 110 2:00 30

i b2i QTiIBKX HX " i2rX /2+ v iX /2+ v KQKE a:. M2biMn#HQ+Fb /niQF2M /nK BM /n?B//2Mn7 /n/"QTn7#82X%i /n/"QTnb2+X

HQB a:. le 01 le 04 6 Hb2 :93 :001 3 192 512 4 :00 :25

# MF / K 1le 02 le 06 h* m2 :001 1 384 256 1:00 :05 =

;Bp2K2 / K 1le 04 le 06 h*m2 :0001 2 384 256 2:00 :05 *

?2H2M [/ K 1le 04 le 06 h m2 :0001 2 384 256 2 :00 :05 ,Z

BM/B M/ K 1le 03 le 06 h m2 :001 2 384 256 1:00 :05 o
KBMB#QQM2 1le 02 le 06 h*m2 :001 1 384 256 1:00 :05 z
m+B+'2/BiKqg 1le 05 le 06 6 Hb2 :001 2 512 128 3:00 :10 N

i b2i QTiBKX HX " i2 rX /2+ v iX /[2+ v KQKEs a:. M2bixX2 ' QnBMBin '2bhBX
JLAah a:. le 01 l1e 05 6 Hb2 :96 h m >0 :98 :0001 h m2
#HQQ/KMBbBiIK 1le 03 le 06 6 Hb2 60 :96 :0001 6 Hb2
#°2 biKMBba:. 1le 02 le 04 h m2 9 6 Hba5 :9 :01 6 Hb2
+?2biKMBbi K 1le 03 le 06 h*m2 0 :93 :0001 6 Hb2
/2°K KMBbia:. 1le 04 le 05 6 Hb2 :99 h m 30 :98 :0001 h m2
7QQ/RyR / K 1e 02 le 06 h m2 0 :9 :01 h"m2 |
Q+iKMBbi/ K 1le 03 le 06 h m2 0 :93 :0001 6 Hb2 N
Q' ; M KMBbiK 1le 04 le 06 6 Hb2 0 :96 :0001 6 Hb2 o
Q' ; M+tKMBBiK 1le 03 le 06 6 Hb2 60 :96 :0001 6 Hb2 <
Q'; MbKMBhi le 02 le 05 6 Hb2 :95 h m 30 :98 :0001 h*m2 n
Qt7Q /T2iba:. 1le 02 le 04 h*m2 193 h*m20 :98 :0001 6 Hb2 ]
T i?KMBbi/ K 1e 03 le 06 6 Hb2 0 :95 :0001 6 Hb2 w
TM2mKQMB KMBHE 05 le 06 6 Hb2 0 :94 :0001 6 Hb2 ®
"2iBM KMBWiK 1le 04 le 06 h m2 0 :93 :0001 6 Hb2 ©
bi M7Q°/+ "B K 1le 03 le 04 6 Hb2 15 :98 :001 6 Hb2 <
iBbbm2KMBbK 1le 02 le 06 h*m2 0 :93 :0001 6 Hb2
ri2’#B°/b / K 1le 03 le 06 6 Hb2 0 :96 :0001 6 Hb2

i b2i QTIBKX HX " i2 rX /2+ v iX /2+ v KQKB&s a:. M2bi¥nMQ K+?2X

ao>L / K le 04 le 06 h*m2 0 :93 :0001 6 Hb2 o
+ ib/Q;ba: le 01 1e 05 6 Hb2 :96 h* m>0 :98 :0001 h' m2 ::
+B7 "Ry:. le 01 le 04 6 Hb2 :93 h*m30 :98 :0001 h ' m2
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h #H2 3, "2bi +QM}; m ailBBAQMbVYXQJ /BpB/2/ #v "+?Bi2+im 2bX

i b2i QTIiBKX HX *i2 rX /2+ v iX /2+ v KQKX a:. M2biMn#HQ+Fb /niQF2M {iXn/"QTX 2bXn/"QTX /n77Ma?2X%iQ" 77Mn/ QTX

B2'B

3

_m

M M-S2°"BMB-. pBb M/

Sm

/mHi / Kg 1le 02 1e 05 h m2 16 :25 :0001 2 384 :15 2:33 :50
+QKT bb/ Kq le 03 le 06 h m2 16 3 448 :15 2:00 :30
+QpivT2/ Kg 1le 05 le 05 6 Hb2 16 3 320 : 2:33 :10

2H2+i'B+B/liKg 1le 05 le 06 6 Hb2 16 4 256 1:00 :35

2v2 I Kg 1le 04 le 04 h* m2 64 1 448 1:67 :20 o
? 03 1le 04 h m2 64 1 448 1:33 :15 >
? 03 1e 04 h m2 64 1 384 1:33 110 =
? 05 le 05 h*m2 8 3 384 1:33 ’
D 04 1e 06 6 Hb2 64 1 512 1:67 115 <

Fll 03 1le 06 h m2 16 3 448 2:00 :30 =
H 04 1e 06 h m2 16 3 448 2:00 :35 N

K 03 le 06 h m2 16 3 448 2:00 :25 .0
Q 03 1le 06 h*m2 16 3 448 2:00 :30 =
T?Q 05 le 06 6 Hb2 16 4 192 1:00 :35 N

TQ 05 le 05 6 Hb2 16 3 320 2:67 ’

“H 04 l1le 06 6 Hb2 64 1 512 :45 1:33 :10
mThb2 05 1e 06 h m2 16 3 448 110 2:00 :30

HX " i2 rX /2+ v iX [/2+ v KQKX a:. M2biMn#HQ+Fb /niQF2M /nK BM /n?B//2Mn7 /n/"QTn782%i /n/"QTnb2+X
. 01 1e 05 6 Hb2 :99 6 Hbe&4 :65 :0001 4 320 384 3:00 115
K 03 le 06 h m2 16 :55 :0001 1 320 320 1:00 :30 =

H K 03 le 06 h m2 16 :45 :0001 1 384 256 1:00 25 *

? K 03 l1le 06 h*m2 8 :50 :0001 2 448 192 1:00 125 !

BM/B M/ Kq le 05 le 06 6 Hb2 64 :35 :001 2 512 128 3:00 140 _n/_u.
KBMB#QQMR 1le 04 le 06 h m2 8 :45 :0001 2 384 256 2 :00 125 z
m+B+°2/Bfi K 1le 03 le 06 h*m2 16 :45 :001 1 384 256 1:00 30 ~

i b2i QTiIBKX HX " i2 rX /2+ v iX /2+ v KQKX a:. M2biX2"QnBMBin 2hBX
JLAah a: le 03 1e 05 6 Hb2 :93 6 Hb&4 :0001 6 Hb2
#HQQ/KMBbHIK 1le 03 le 06 6 Hb2 64 :0001 6 Hb2
#'2 biKMBbl K 1le 04 le 06 h m2 8 :0001 6 Hb2
+?2biKMBba:. 1le 02 le 05 6 Hb2 :93 h* m B4 :0001 6 Hb2
/2K KMBbi/ K 1e 05 le 06 6 Hb2 16 :0001 6 Hb2
7QQ/RyR / K 1le 04 le 06 h"m2 8 :0001 6 Hb2 |
Q+iKMBbi/ K 1le 04 le 06 6 Hb2 16 :0001 6 Hb2 N
Q ; M KMBbi K 1e 03 1e 06 h m2 8 :0001 6 Hb2 o
Q' ; M+tKMBBiK 1le 03 le 06 6 Hb2 64 :0001 6 Hb2 <
Q'; MbKMBBiK 1le 04 le 06 6 Hb2 64 :0001 6 Hb2 ~
Qt7Q /T2iba:. 1le 02 le 04 h"m2 95 6 Hb& :0001 6 Hb2 o
T i?KMBbi/ K 1le 03 le 06 6 Hb2 64 :0001 6 Hb2 w
TM2mKQMB KMBHEe 03 le 06 6 Hb2 64 :0001 6 Hb2 ®
"2iBM KMBWiK 1le 02 1e 06 6 Hb2 8 :0001 6 Hb2 ©
bi M7Q°/+ "B K le 04 le 06 h m2 8 :0001 6 Hb2 <
iBbbm2KMBbK 1e 04 1e 06 h m2 8 :0001 6 Hb2
ri2’#B°/b / K le 04 le 06 6 Hb2 16 :0001 6 Hb2
i b2i QTIBKX HX " i2 rX /2+ v iX /2+ v KQKX a:. M2biXnMQ "k+?X
ao>L / K le 04 1le 06 h"m2 8 :40 :0001 6 Hb2 o
+ ib/Q;b/ K 1e 03 le 06 6 Hb2 16 :65 :0001 6 Hb2 ::

+B7 "Ry:. le 02 1e 03 h*m2 199 h"m32 :50 :001 h'm2
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;B2 B

_m

M M-S2°"BMB-. pBb M/

Sm

n H . N - ~ N . . )
h #H2 Ry, "2bi +QM};m_1IiBQMipBRQR/ #v "+?Bi2+im 2bX
i b2i QTIiBKX HX " i2 rX /2+ v iX [/2+ v KQKX a:. M2biX QTiBKX mM+X HX " i2 mM+X KQKX a:. mM+X M2biX mM+X Mn#HQ+Fb /niQF2NMXiiXn/"QTX "2bXn/"QTX /n’
/mHi / Kq 1le 05 1le 04 6 Hb2 a:. le 05 192 h m2 2 128 :50 2:33 145
+QKT bb a:. le 01 1le 06 h m2 9 6 Hb2 / Kq le 07 4 256 :10 1:67 :35
+QpivT2 / K 1le 03 1le 05 h*m2 / Kq le 06 2 320 :10 :05 167 :15
2H2+i'B+Bav. le 03 le 04 h m2 199 h m2 / Kq le 04 2 128 :35 1:33
2v2 a:. le 04 1e 03 6 Hb2 :96 h*m2 / Kq le 05 3 128 :35 167 115 o
?2HQ+ [/ K 1le 03 le 05 h m2 : le 04 9 6 Hb2 1 64 :15 2:00 :25 -
?B;;b / Kg 1le 04 le 04 6 Hb2 le 04 19 h*m2 2 64 :50 2:33 :50 =
?Qmb2 a:. le 03 le 04 6 Hb2 :95 le 06 3 256 :35 :05 167 115 ’
D MMBb / K le 04 1e 05 h m2 le 04 4 64 125 2:67 :05 <
F//IBTmKbN&q 1le 03 le 03 6 Hb2 le 07 1 512 140 2:67 :30 o
H2ii2" a:. le 02 le 04 6 Hb2 9 le 06 3 320 :20 :05 1:67 125 N
K ;B+ I K le 04 1le 05 h m2 le 04 3 128 :05 1:33 125 D
QMHBM2/ K le 04 1e 06 6 Hb2 le 04 1 384 130 2:67 :20 ~
T?QM2K2 Kq 1le 03 1le 03 6 Hb2 le 05 1 512 140 2:67 :30 N
TQH /I K 1le 04 le 03 h* m2 le 06 4 320 125 2:00 :05 ’
“H /I Kq le 03 le 03 6 Hb2 le 06 2 128 110 167 :30
mTb2HHBM;. le 04 1e 03 6 Hb2 :96 h*m2 / Kq le 05 3 128 135 167 15
i b2i QTiBKX HX " i2rX /2+ v iX /2+ v KQKX a:. M2biX QTiBKX mM+X HX "~ i2 mM+X KQKX a:. mM+X M2biX mM+X Mn#HQ+Fb /niQF2M /nK BM /n?B//2Mn7 /n/ QT
HQB / K 1le 03 le 06 h*m2 / Kq le 06 3 128 512 4 :00 :50 45
# MF a:. le 01 1e 06 h™ m2 199 6 Hb2 / Kq le 07 4 256 64 3:00 145 :30 =
;Bp2K2 / K le 04 1le 05 6 Hb2 ! Kq le 04 4 512 192 2 :00 115 115 #*
?2H2M [/ K 1le 04 l1e 03 h m2 a:. le 06 199 6 Hb2 3 192 320 3:00 :25 :05 _Z
BM/B M/ Kqg 1le 04 le 04 h*m2 /I K le 03 3 256 512 1:00 :10 :05 o
KBMB#QQM2 1le 04 le 03 h™ m2 a:. le 05 197 6 Hb2 3 256 384 3:00 125 =z
m+B+"2/BiKq le 05 le 04 h m2 !/ K le 07 3 192 512 1:00 115 N
i b2i QTIiBKX HX " i2 rX /2+ v iX /2+ v KQKX a:. M2biX QTiBKX mM+X HX " i2 mM+X KQKX a:. mM2X M2biX mM+X x2 QnBMBin 2bB/
JLAah / K le 04 1le 03 6 Hb2 ! Kq le 07 h m2
#HQQ/KMBbi K le 02 l1e 06 6 Hb2 a:. le 06 19 6 Hb2 h* m2
#°2 biKMBbi/ K le 04 1le 04 h m2 ! Kq le 03 h*m2
+?2biKMBbi Kq le 02 l1le 04 h m2 /I K le 07 6 Hb2
/2K KMBbia: le 01 le 04 h*m2 199 6 Hb2 / K le 04 h m2
7QQ/RyR [/ K 1le 04 le 03 6 Hb2 ! Kq le 06 h* m2 |
Q+iKMBbi a le 02 1e 05 h m2 199 h'm2 [ K le 06 h m2 N
Q'; M KMBbi/ K 1e 03 l1le 06 6 Hb2 a:. le 05 198 h m2 h m2 o
Q'; M+KMBbi K 1le 04 1e 03 6 Hb2 / Kq le 07 h* m2 <
Q'; MbKMBbi K 1le 04 1e 03 6 Hb2 ! Kq le 07 h m2 ~
Qt7Q /T2ib / K 1le 04 le 06 h m2 / Kq le 04 h"m2 o
T i?KMBbi a:. le 01 1e 05 h*m2 197 h* m2 [/ K le 07 h m2 w
TM2mKQMB KMKBbile 03 le 06 6 Hb2 a le 03 9 6 Hb2 h m2 ®
‘2iBM KMBba:. le 01 le 04 h*m2 199 6 Hb2 / K le 06 h*m2 ©
bi M7Q°/+ b/ K le 03 le 04 6 Hb2 ! Kq le 03 6 Hb2 <
iBbbm2KMB ai: . le 01 1le 04 h*m2 197 6 Hb2 [/ K le 06 h m2
ri2"#B°/b [/ K 1le 03 le 06 6 Hb2 a: le 03 197 h*m2 h*m2

T2 rX /2+ viX /2+ v KQKX a:. M2biX QTiBKX mM+X HX

Y2 MMAX KQKX2a: .

i b2i QTiBKX HX

ao>L [/ K le 04 le 03
+ ib/Q;b/ K le 02 1e 05
+B7 "Ry Kq 1le 03 1le 05

6 Hb2
6 Hb2 /I Kg
6 Hb2 .

le 06
le 04
le 03 199

6 Hb2

h' m2 o
h m2

h m2’

mM+X M2biX mM+X #nMQ K

>
(o2}
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;B2 B

_m

M M-S2°"BMB-. pBb M/

Sm

h #H2 Rk, "2bi +QM};ma iB/(BYB/2Q #v

"+?Bi2+im 2bX

i b2i QTIiBKX HX " i2 rX /2+ v iX /2+ v KQKX a:. M2biX Mn#HQ+Fb /niQF2M

ImHi a:. le 03 le 04 6 Hb2
le 03 le 06 6 Hb2
le 04 le 05 6 Hb2
le 04 le 05 6 Hb2
le 05 le 06 6 Hb2
le 04 le 04 6 Hb2
le 05 le 06 6 Hb2
le 05 le 06 6 Hb2
le 05 le 06 6 Hb2
le 05 le 06 6 Hb2
le 04 1le 05 6 Hb2
le 04 le 06 6 Hb2
le 04 le 05 6 Hb2
le 02 le 04 6 Hb2
le 03 le 04 6 Hb2
le 04 le 03 6 Hb2
le 02 le 04 6 Hb2

91

199

6 Hb2 4 128 :25
1 320 110 110
3 384 :45
3 384 145
1 384 :15 :05
h*m2 4 128 :30
2 384 120
2 320 120 110
2 384 :25 :15
4 320 :35 :20
3 384 145
1 384 110
1 384 145
1 128 :05
1 192 :05 110
3 512 :50
h m2 4 64 125

1:00 :30
2:00 125
2:33 :35
2:33 :35
2:33 :20 o
1:00 :30 >
2:00 115 =
2:00 :15 ’
2:00 :20 <
1:00 :10 M.
2:33 :35
2:33 :30 ©
2:33 :35 =
1:33 :45 N
1:67 140 ’
1:67 130
1:00 :20

i b2i QTIiBKX HX " i2 rX /2+ v iX /2+ v KQKX a:. M2biX Mn#HQ+Fb /niQF2M /nK BM /n?B//2ZMRX /n/"QTn7B bi /n/"QTnb2+X

HQB / Kg 1le 05 1e 06 6 Hb2 4 192 320 4 :00 :10 :20
# MF | Kq le 03 l1e 04 h ™ m2 4 256 64 3:00 140 =
;Bp2K2/ Kq le 04 le 05 h m2 3 64 256 2:00 :30 3+
?2H2M / Kq le 05 1e 06 6 Hb2 3 192 320 4 :00 110 ,Z
BM/B M/ Kg 1le 03 le 04 h m2 4 256 64 3:00 140 o
KBMB#QQMK® 1le 03 le 04 h* m2 4 256 64 3:00 140 130 =z
m+B+°2/BiKq 1le 04 le 04 h m2 3 192 128 2 :00 125 :35 ~
i b2i QTIiBKX HX " i2 rX /2+ v iX [/2+ v KQKX a:. M2biX X2”XnBMBin 2bB/
le 04 le 04 6 Hb2 6 Hb2
le 03 le 04 h*m2 h*m2
le 03 le 04 h m2 h m2
le 03 1le 03 h m2 h m2
le 04 le 04 h* m2 h m2
le 03 le 04 h* m2 6 Hb2 |
le 03 le 04 h m2 h m2 N
;MK . le 01 le 04 h* m2 93 h m2 6 Hb2 o
Q'; M+KMBbiKg 1le 03 l1e 03 h m2 h m2 <
Q°; MbKMBbiI K 1le 04 1e 04 6 Hb2 6 Hb2 ~
Qt7Q /T2ib / K 1le 02 le 05 h m2 h*m2 o
T i?KMBbi a:. le 02 1le 03 h*m2 97 h*m2 6 Hb2 w
TM2mKQMB K/MKBbile 04 le 06 6 Hb2 h* m2 Q
“2iBM MBbi K le 05 1e 06 6 Hb2 h m2 ©
bi M7Q°/+ b/ K 1le 03 le 04 6 Hb2 6 Hb2 <
iBbbm2KMBbKg 1e 03 le 04 h m2 h m2
ri2*#B°/b /| K le 04 1le 04 6 Hb2 6 Hb2
i b2i QTIBKX HX " i2 rX /2+ v iX /2+ v KQKX a:. M2DIX #nMQ K
ao>L a:. 1le 03 l1le 06 6 Hb2 :91 h m2 6 Hbg
+ ib/Q;b/ K 1le 03 le 04 6 Hb2 6 Hb2 ::
+B7 "Ry K le 03 le 04 6 Hb2 h*m2

[iXN/"QTX "2bXN#2XTX /n77Mn7 +iQ  77Mn/ QTX
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22T L2m> H L2irQ F "2M+?K "Fb 7Q  a2H2+iBp2 *H bbB7B+ iBQM

TT2M/Bt "X [//BiBQM H 1tT2 BK2Mi H _2bmHib

"XR ZR, _2bmHib #v . i b2i hvT2

6B, M"RTHQIib i?2 #2bi irQ M/ i?2rQ bi irQRelEr2 HBM2biKP2M
6Q #BM "vi #mH "/ i bZiIRWHBYLIZXa_ M/a_ "2 i?2 #2bi irQ
T2 ' 7Q KBM; K2i?Q/bX h?2 7Q K2 6b "2H iBp2:208Qc=i29"i®;2b 7" QK
405 ic=:70- r?BH2 i?2 H ii2° #$H2B2p2h99 M/ :393 ic=:70X h?2
rQ biirQ K2i?Q/b -"eBiRelErr Q7 :632 ic=:99 M/ 559 i:70- M/ 1:
rBiRelErr Q7 :547 i:99 M/ :527 i:70X
6Q°  KmHiB+H bbi #mH ~/ TRRiLARB2MI rQ K2i?21Q/Ya2 M/
a hya_-rBi? K2 M "2H iBp2 2 "Q64 M/QI58 ic=:99 2bT2+iBp2Hv-
mT iQ:094 M/ 096 ic=:70X h?2rQ bi K2i?Q/Mh -'2?B+? "2 +?2b K2 M
"2H iBp2 2°°Q 212 F 99 M/ Q7203 ic=:70- MAlGLlhY1lJYa-
rBi? "2H iBp22 "'Q " i2 M9BM¢Z7IOKQ :218 ic=:70X
6Q° BK ;2 /i b2ib- K2i?Q/b # b2/ QM RIMebMWAHAWBa BX2XB2p2
i?72 HQr2bi "2H iBp2 2 "Q " i2X 6Q #BM 'vERY¥LRLAY &H2iD YBBym 2
:378 ic=:99 M/ 228 ic=:70-r?BHRa” M;2b 7 (BRB6 ic=:99iQ :234
ic=:70X AM i?Bb b2iiBM;- i?2 rQ mil#tchbIWMHBM21Bi?2 K2 M "2H iBp2
2°°Q T i2®2 M/ 565 ic=:99 "2bT2+iBp2HvEMTMO 582 ic=:70
"2bT2+iBp2HvVvX
6Q  KmHiIiB+H bb BK ;2/ i"RBAM&WBBanm BDb2b 7' QK K2 M "2H iBp22 "Q°
T2 Q7189 ic=:99iQ :126 ic=:70- r?BHRa +?B2p2W91 ic=:99 mT
iQ :151 ic=:70X h?2 rQ bi K2i?Q/b?R:’'2M/2a1GX h?2 7Q K2 6b "2H iBp2
2°°Q T i2° M;2b27T® Kc=:99iQ :279 ic=:70- r?BH2 i?2 H ii2° +?B2p2b
272 ic=:99 M/ :238 ic=:70X
h?2M-r2 T2 ' 7Q K i?2 L2K2MvB TQbi ?2Q+ i2bi iQ +?2+F 7Q" bi iBbiB+
72°2M+2bX BB ;M/20BT " QpB/2 *. THQiIb r?2M +QMbB/2°BM; i #mH ~ M/ BK
"2bT2+iBEpZH¥-¢=:90-c=:80 Mk=:70X b 7Q" ;;°2; i2/ "2bmHib- HH i?2 #2
T2 7Q KBM; K2i?Q/b "2 MQi /BbiBM;mBb? #H2 BM bi iBbiB+ HHv bB;M

"Xk 28, //IBiBQM H _2bmHib

6B;m"2T QpB/2b i?2 /2i BH2/ "2bmHib 7Q  i?2 Qmi@Q7@/Bbi B#miBQM
JQ 2Qp2°-r2T°QpB/2 //IBiBQM H "2bmHib rX XiX /Bbi'B#miBQM b?B7

2tT2°BK2Mi b7Q  Z8-#mi MQr +QMbBRTBMBRMb 2K BBMUi 22 -H X

kykk- r?2B+? Bb bT2+B}+ 7Q Omi@Q7@/Bbi " B#¥miBQM /2i2+iBQM- " i?2"°

TB+im 2bXBGBQ R mb2 b i2bi b2i -~ M/QK b+HBIVH2RYYJQRLAah

" M/QKb KTHBE DDEKQMJIIMaha@o>L" M/QKb KTH2B7QKR Y6 B ; th8 2

"2TQibi?2 "2bmHib M/i?2 Qp2° HHK2 M Qp2 i?2j/ i b2ib7Q i?2 Re #
aBKBH "Hv iQ i?2 2tT2 BK28kikr B K #22+ il 2QiM i mM/2" i?Bb KBH/2" [ i

b?B7i- MQ # b2HBM2 /"QTb HH :99X BRbi WM +RbDQib22 i? i 7Q  HQr2 i ;2

+Qp2° ;2b-r2 ? p2 ?B;?2° "2D2+iBQM " i2b- b 2tT2+i2/X JQ 2Qp2 - i?:

T2 ' 7Q KBM; K2i?Q/-1MXK2HV
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