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Summary

Source-free domain adaptation (SFDA) retrains a model fit on data from a source domain (e.g. drawings) to
classify data from a target domain (e.g. photos) employing only the target samples. In addition to the domain shift, in
a realistic scenario, the number of samples per class on source and target would also differ (i.e. class distribution shift,
or CDS). By studying the SFDA pipeline, whose core is nearest neighbors (NN)-based pseudolabeling, we identify
for the first time its sensibility to CDS, and propose a method to obtain robust NN. Since the class distribution of
the target samples cannot be estimated via the source model, we leverage an external generic model that provides a
“second-opinion” for calculating NN. Our method outperforms previous works in several datasets and tasks.

1. Introduction

After a deep neural network model is deployed, it nor-
mally finds data whose distribution is slightly shifted from
that of the training data. This “domain shift” (also referred
as covariate shift) worsens the performance of the model
and limits its practical use. The research field of domain
adaptation approaches this problem in order to make deep
models more robust against label-less unseen data. Several
domain adaptation scenarios have been proposed over the
years, being unsupervised domain adaptation (UDA) the
most basic [Cao 18, Saito 18, Chen 19]. Then, source-free
domain adaptation (SFDA) methods were proposed [ Yang
21, Dong 21, Litrico 23] to adapt the source model without
accessing the source data.

Since source data is not accessible, real scenarios un-
knowingly present a class distribution shift (CDS) between
both domains. That is, the ratio of samples for each class

is significantly different in the source and target domains.
If not dealt with properly, the model becomes sensitive to
such imbalance, and its predictions become biased to the
majority class in the source domain. This is a very chal-
lenging scenario, as both covariate and class distribution
shifts need to be tackled without source data nor labels.
Most SFDA methods consist of a pseudolabeling pipeline,

in which the target data is fed to the source model and as-
signed the most plausible labels. Pseudolabeling can be
performed at either the feature level (i.e. observing the
nearest neighbors of a given sample) or at the logits level
(i.e. observing the predicted probabilities). Previous work
approached the SFDA under CDS scenario as a problem
of noise in the logits output by the source model [Li 21].
In order to avoid pseudolabels to be biased towards ma-
jority classes in the source data, they opt to modify the
class distribution of the source data to be uniform. Al-
though accessing the source data this way is against the
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within the target data itself.

Providing a full theoretical proof of the impact of CDS
on SFDA is complex and depends on specific assumptions
about the data distribution. Therefore, we provide an em-
pirical proof to illustrate this phenomenon. We trained a
baseline classifier (i.e. ImageNet-pretrained ResNet101
[He 16]) in the source domain of the SFDA dataset VisDA-
C [Peng 17] and applied the basic pseudolabeling pipeline
to adapt the source model to the target domain. This pseu-
dolabeling is used in both traditional and state-of-the-art
SFDA methods (e.g. guided pseudolabels [Litrico 23]).
Although we accessed the ground truth labels y; € {plane,
..., truck} for observation, they are unavailable during the
actual adaptation. Figure [¥| 2 (a) displays a histogram of
the classes of the k£ = 10 neighbors IV used to calculate the
pseudolabel of an input target sample with label yi =train.
The majority of the neighbors belong to the correct class,
and consequently y;’ = train is predicted. The accuracy of
the adapted model is 90.0%.

Next, we use the CDS version of the dataset, VisDA-
C RSUT [Tan 20] (Fig. ¥ 3). For the same target sample,
Fig. [X]2 (b) shows that the NN in the source model contain
more samples from unrelated classes, including those with
majority representation in the source domain (i.e. bicycle).
As a result, the accuracy of the adapted model decreases
to 83.59%. This bias noise is inherent to the CDS setting,
but unfeasible to estimate without either source or target
labels, as the source model predictions are influenced by
both. As a reasonable way to consider an unbiased esti-
mation of the class distribution of the target domain, we
propose relying on an external reference model.

2-2 Generic features for robust nearest neighbors

We propose leveraging an additional feature extractor g
free of the majority/minority bias of the source data. As an
initial experiment, we use the same backbone as the source
model before seeing the source data, i.e. ResNet101 pre-
trained on ImageNet-1K, which provides a set of features
g(x}) =z}, € Z,. As a multipurpose public dataset, Im-
ageNet is less biased and more generic at least than the
source data. Thus, while the feature space Z, lacks bias
in favor of generalizability, the feature space Z, of the
source model suffers from source bias but possesses do-
main knowledge (e.g. the label space). We hypothesize
that combining both can lead to more “robust” nearest
neighbors.

We propose replacing the set of source neighbors N
with robust neighbors R that are present in both Z; and
Z,4. This requires looking further than the original k£ = 10
samples, so we introduce an additional hyperparameter

K =100. Therefore, R ={z},....2F}n{z},...25} =
{z,...,2¢}. To validate our hypothesis, we consider a
conservative setting prioritizing the source neighbors, so
that:

Ifo=—k N« R (1)
Ifo>k N« {z},...2" 2)
Ifo<k N« {z}, .. 2F"2Yu{zl ... 2° 3)

Whereas the feature bank F' needs to be updated on each
training iteration [Litrico 23], the bank of the generic fea-
tures G only needs to be created once at the beginning.

Figure ¥ 2 (c) and (d) show the K NN in the source
and generic feature spaces respectively, and (e) shows the
set R of robust NN, which contains less bias noise. The
final accuracy after adaptation is 86.6%, which means that
pseudolabeling by employing NN of the correct class leads
to higher classification accuracy.

§1 Source, generic and robust neighbors

Figure X 4 compares the percentage of correct neigh-
bors, i.e. those belonging to the same class as ¥, as the
source model is adapted. While the generic neighbors
do not improve during adaptation, the source neighbors
improve getting closer to the performance of the generic
neighbors. This results in robust neighbors that surpass
the performance of both the generic model and the origi-
nal guided pseudolabels in [Litrico 23].

3. Experimental results

3-1 Experimental settings

Metrics. As in the related work [Li 21], we calculate
the class-wise mean accuracy, as it indicates if all classes
(majorities and minorities) are properly classified.

Datasets. We evaluate our method in three standard
SFDA datasets. VisDA-C [Peng 17] contains twelve ob-
ject classes in two domains: real and synthetic. The source
domain consists of computer generated synthetic images,
while the target domain are real world photos. Although
there are two domains, only the synthetic — real
setting is considered. Office-Home [Venkateswara 17]
contains sixty-five object classes in four domains, from
which three are used as a benchmark in the relevant works
[Li21, Park 23]: clipart, product and real, which results in
six different adaptation combinations. DomainNet [Peng
19] contains forty object classes in four domains: clipart,
painting, real and sketch. The subset of DomainNet cre-
ated by [Tan 20], also called DomainNet mini by [Li 21],
contains four domains (clipart, painting, real, sketch). This
dataset provides a train, validation and test splits for each
domain. Following the related work, we use the RSUT
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1 Class-wise average accuracy of SFDA on VisDA-C RSUT, Office-
Home RSUT, and DomainNet.

Method VisDA-C Office-Home DomainNet
Source model 43.55 52.81 62.52
PADA [Cao 18] 42.06 42.66 64.48
MCD |[Saito 18] 58.45 45.94 65.42
BSP [Chen 19] 46.15 40.97 74.09
COAL [Tan 20] 60.05 58.40 75.89
MDD (Implicit) [Jiang 20] 72.03 61.67 77.33
SHOT [Liang 20] 61.59 62.84 78.14
ISFDA LI 2T] 76.69 63.36 0.58
PL base 8T.01 56.82 79.48
+ Ours (ResNet) 83.85 55.47 70.28
+ Ours (ViT-B) 83.88 58.71 8251
+ Ours (Swin-B) 86.64 64.64 78.95
PL guided [Litrico 23] 8339 61.05 80.12
+ Ours (ResNet) 86.6 59.67 72.74
+ Ours (ViT-B) 86.72 62.31 83.9
+ Ours (Swin-B) 88.84 69.04 81.4

Robust nearest neighbors are calculated with hyperparam-
eters k =10 and K = 100.

3-2 Source-free domain adaptation under CDS

Table % 1 shows the classification accuracy after adap-
tation on the target domain (averaged for all domain com-
binations). The results are divided in seven blocks: (1) the
source model without adaptation, (2) UDA methods, (3)
UDA under CDS methods, (4) SFDA methods, (5) SFDA
under CDS method, (6) SFDA via basic pseudolabeling
with our proposal, and (7) SFDA via guided pseudolabel-
ing with our proposal. The best performance is bolded
and the second-best is underlined.

Similar patterns can be observed for all three datasets.
Our method provides the best results when leveraging a
strong generic feature extractor, outperforming the previ-
ous work in SFDA under CDS [Li 21] without needing
to impose a uniform distribution on the source data. The
reason is that, although approaching bias reduction at the
logits level can correct the source model’s predictions par-
tially, the performance improvement is limited compared
to reducing bias at the nearest neighbors level. As a re-
sult, by empirically exploring the essence of the prob-
lem, we successfully provided a solution to the most chal-
lenging SFDA-CDS setting for the first time, via a simple
method. In particular, Swin-B provides the best results in
two of the three datasets. Unlike ViT-B, Swin-B model
extracts features at different local and global levels, which
makes it more robust against covariate shifts [Zhang 23].
Regarding ResNet, while it is outperformed by the other
generic models, it can provide comparable performance
when the target domain are real images. In particular,
given the similarity between the target domain in VisDA-
C and ImageNet, ResNet’s robust neighbors are as effec-
tive as the stronger generic models. Moreover, with our
method, the simpler base pseudolabeling can surpass the
original performance of the more complex guided pseu-
dolabels method [Litrico 23] (e.g. PL. base + Swin-B
vs. PL guided in VISDA-C and Office-Home).

3 2 Class-wise average accuracy of TTA on VisDA-C RSUT, Office-
Home RSUT, and DomainNet.

Method VisDA-C Office-Home DomainNet
Source model 51.45 49.39 64.26
ONDA [Mancini 18] 50.68 49.02 67.89
LAME [Boudiaf 22] 50.72 47.46 62.20
CoTTA [Wang 22] 49.88 48.92 67.45
NOTE [Gong 22] 49.37 48.58 69.01
TENT [Wang 2T] 48.68 ST.15 70.34
+ Shift adapter [Park 23] 72.97 52.78 71.63
Pseudolabel 4712 52.34 67.06
+ Ours (ResNet) 50.07 52.83 63.01
+ Ours (ViT-B) 49.60 53.95 73.23
+ Ours (Swin-B) 5249 60.16 70.59

3.3 Test-time adaptation under CDS

The nature of our method also allows it to improve the
adaptation without retraining the source model, which suits
the time-test adaptation (TTA) setting. Thus, we run our
method in inference mode, i.e. relying only on the pre-
dicted pseudolabels of the robust nearest neighbors. Note
that, since no learning is involved, the accuracy results are
the same for both the base and guided pseudolabels.

Table 2% 2 shows the classification accuracy on the tar-
get domain (averaged for all domain combinations). The
results are divided in four blocks: (1) the source model
without adaptation, (2) TTA methods with partial support
to CDS, (3) TTA method with full support to CDS, and (4)
TTA via pseudolabeling with our proposal. Our method
outperforms all TTA methods with the single exception of
the state of the art [Park 23] on VisDA-C. However, un-
like [Park 23], our method does not require optimizing an
adapter module for CDS.

4. Discussion and conclusions

This paper studied the effect of class distribution shift
(CDS) in the task of source free domain adaptation (SFDA).
Instead of proposing additional modules and objective func-
tions to improve the SFDA’s pseudolabeling process, we
study the weakness of the nearest neighbors algorithm used
in many previous works. We proved that, by adding ro-
bustness to the nearest neighbors via an external feature
extractor, the accuracy of the subsequent adaptation im-
proves, outperforming previous methods in both SFDA
and test-time adaptation (TTA) tasks under CDS.

We employ pretrained models publicly available with
fixed parameters, so applying our method incurs no extra
training cost. In general, the stronger the architecture (i.e.
more parameters, more sophisticated), the higher the accu-
racy. However, there may be small differences depending
on the domain. As a general result, our method performs
better on the real-world target domain, since the training
data of the generic models is mostly based on photos and
real images.
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EFIL BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L BERTScore &
EWRZ BWHE
CALM3-22B
zeroshot 27.4 29.3 9.8 29.2 86.5 75.0 33.0
zeroshot-findings 30.2 30.8 10.5 31.0 86.8 66.5 49.0
fewshot-findings 40.0 32.0 10.5 31.3 89.5 79.0 25.5
instruct-zeroshot 46.8 324 11.0 32.3 90.3 89.5 11.0
dpo-zeroshot 15.9 29.8 10.5 29.7 81.5 59.5 80.0
Swallow-70B
zeroshot 41.8 31.0 11.5 31.2 89.2 90.0 11.5
zeroshot-findings 37.8 31.5 10.3 31.0 87.8 78.0 325
fewshot-findings 44.5 32.5 10.5 31.6 89.2 83.0 18.0
instruct-zeroshot 50.5 29.4 10.7 29.0 90.9 90.5 6.5
dpo-zeroshot 20.1 30.0 10.5 29.7 82.8 61.5 65.5
GPT-40
zeroshot 37.7 27.1 9.2 26.9 88.1 90.0 3.0
zeroshot-findings 48.0 31.2 9.5 31.0 90.7 92.0 5.5
fewshot-findings 49.5 323 10.9 31.5 91.0 90.5 7.5
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A. PonTE THWEEFIOY VY

PonTE /520D LLM %AW CTERZT -7z, BARMIZIE, Mis-
tral 7B [Jiang 23a] DN — A F)L*5 & JHREHEF L6, Llama-3
8B [Touvron 23] DR—ZE FIL*T L 5RFEHE T I)L*8, Llama-3 70B
DR—=ZE T LIRREZE T IN0% W7z,

B. 7Ov7 i Ty TL—bOFE

% B.1Z PonTE[ 13103 8B Tnst PIRGLE Y MZBIFL Ty T h
TV T L= kT LD C-STS DERFHERERT, (1)-(6) I% PromptEOL
THHINEZEDOERELEZTO Y T (D-(12) FERERIZL
=7uar 7N ThHb, FBALS linone word] DA T TIZKEL
HELTWSZ bbb, £z, (7)-(12) 1 (1)-(6) £ H &K
2a7hEL, BRERICTS 28T, Tur T hofERE LI OR
L, MRENE LS B> TWH EEZXS5N5, lintermsof] & [with
respect to] 12 & 2 722 IR/ NE o 72,

*5  mistralai/Mistral-7B-v0.3
6 mistralai/Mistral-7B-Instruct-v0.3
*7 meta-llama/Meta-Llama-3-8B
8 meta-llama/Meta-Llama-3-8B-Instruct
%9 meta-llama/Meta-Llama-3-70B
*10 meta-llama/Meta-Llama-3-70B-Instruct

Jav7hFrSU—h Ts Tp

{p} = This text: “{text}” means

(1) {p} in terms of {condition}: 18.8 17.1
(2) {p} with respect to {condition}: “ 18.0 17.0
(3) {p} in one word in terms of {condition}: “ 282 25.2
(4) {p} in one word with respect to {condition}: *“ 25.1 21.7
(5) {p} in terms of {condition} in one word: * 28.1 24.7

(6) {p} with respect to {condition} in one word: “ 25.4 22.3

{p} = Express this text “{text}”

(7) {p} in terms of {condition}: 19.8 18.2
(8) {p} with respect to {condition}: “ 19.1 17.6
(9) {p} in one word in terms of {condition}: “  37.3 34.8
(10) {p} in one word with respect to {condition}: “ 36.4 33.9
(11) {p} in terms of {condition} in one word: “ 33.1 304

(12) {p} with respect to {condition} in one word: *“ 30.4 27.9

RXB1 7ury7brFr7L—hZED C-STS DFERK
FER

C. %2

FCAHKT =Rty bOWGEL Y MBI AT DFF A
N2 TARY VT DOEEBKERE/RT, Amazon-C ¥ SciQA T,
fname] X [product] . Tquestion] ZMA7ZZHKMED AT T HE L,
Amazon-R T% Tstar] X lrating] 7215 &0 % [starrating] % At
B DODAATHEL 5T WD, THUISRMEEBAMIZTS Z L
TLLM 70y 7 OEME X KRL i3 cE, 2a 7%
Ll leozeFEZOLND,

ES s V-measure
(a) the category 22.8
(b) the product category 26.5
Amazon (c) the category name 21.6
-C (d) the product category name 29.4
(e) the name of the category 22.0
(f) the name of the product category 30.5
(g) the rating 30.4
(h) the star 26.2
Amazon (i) the star rating 34.1
-R (j) the five-level rating 21.3
(k) the five-level star rating 29.3
(1) the emotion 334
(m) the category 70.3
. (n) the question category 74.2
SciQA
¢iQ (o) the name of the category 74.1
(p) the name of the question category ~ 75.4
(q) the emotion 45.9
Tweet
En\lﬁieon (r) the feeling 44.7
(s) the sentiment 43.6

RC2 XMETLDTFFANITIARY) VT OEBEER
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ML Engineer
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E=R OV

keywords: Spoken Dialogue System, Real-time Processing, Large Language Model

Summary

Voicebots currently used in call centers mainly adopt a system-driven approach, progressing conversations
along predefined scenarios, which makes it difficult to respond flexibly like human operators. In recent years, spoken
dialogue systems that use Large Language Models (LLM) to provide flexible responses have attracted attention.
However, LLM has high computational costs and are not suitable for real-time responses. In this study, I propose
a method for a spoken dialogue system targeting reservation tasks that performs high-speed intent understanding
and end-of-conversation detection through streaming processing without using LLM. I also examine a method that
incorporates the flexible responses of LLM into real-time processing. Furthermore, in this presentation, I will provide
a demo of the implemented proposed method, consider the challenges of spoken dialogue systems based on the

feedback obtained, and discuss future research directions.

1. & L & I

BTE, % < DRENMHEY — ¥ A0 L& EHRLZ
HINE LT, =2y R —ITEFmNEEY AT A, Wb
LRAARY NOEAZEDTNE., ZTNSDRA ARy
ME, VAT ALAFETCHENIIERZINZY T ) A ITH->
THEEEED D HAVRER L > TS, ZOAKNIZL, &
S5 UOHEINZEMERZEDNAX—IZEHEINTEB
0, KiEOZEBPMHOELEIHIZHETE S — T,
=Y 5 O P RREE P LR TR U TR
X IRASE L\ &N D BEED D B

ZOMEEMET E7-0, KEESEE TV (Large
Language Model; LLM) ZJGH U7 & FAGES AT LD
B - PRV AT 22> T W5 [£F 23], [ T2 23]. LLM
X, EREARSIBLERENEZAELTED, Y F ) AR—
ADXGES AT L [FER 21], [FE 22] CTIXR#ETH - 7=
FER DD AR FEN B 25, LA L, LLM % &%
WG AT LTS & A EHE OBIER T A MRS
Wo EBEL S, £/, RARFIZZEOI—-FR50D
WAL T BIGETIE, VTIVR A LS AT —
SEUTF 4 DBEEPSTRTOMNEY —VIZLLM % H
BT 2 Z L IFRENTRWEERH 5.

AT, SENEYATLAOREY 2 — IV OEHRE
itz AT A T —FIHliEREZ ERL, VTNV EA L
M & RN % Hedafi 2 725 S A T L DBERFAN OREE
kA D, KT, @ERSEIEMI BRI OWT

1%, LLM 289 FNCiSH L, U 7V & A Lk R0
L= R4 72T 5. EFTIE, KBEDOTHX A
IENGE UETEYATLAZRL, EBICHERE &
VAT LDREE T B - VIR FEET 5.
AREOERIIATO LBV TH S, P2 HETIX, LS
RBEVOTEV AT LDEEZOWCTOFEMZFHIL, 28
3ETCIL, ERUETEYV AT LADIMEFEERE ZDfEHE %
R EAETARRMOE L DEBRRD,

2. R ® F &

2.1 Y RTLEK

AR CTRET HEFANGEY AT LIE, KESMUTDE
Va— oI Ng. EFEETFAMUT 2 EHRA
WEYa—N, TFAMEADE LT -V OENZH
fg U, > 27 L OBAEDIRFEITIE U TRIRD DY) 72t
BrRTHFEEY 2 -, BEOVATLDIGEX %2 H
FIEMTLEFBGKREY 2 -V ThH5.

HERIE Y 2 — )L & U Tix Google Speech-to-Text
API*! (BUF, Google STT) %, HHAKREY a—L 2 L

Tl& Azure Text-to-Speech APT*2 % Fi| 19" 5.

MEEEY 2=V I SIS 5 &, 21—V DFEFTHE
T2 HE T B FEEE T MAIEERE, 1 — Y DR l’a’:@@ﬁ?
5 R PEARESRE, ST DIRRE 2 A5 2 N EHAE HLELRE, B

1 https://cloud.google.com/speech-to-text?hl=ja
*2  https://learn.microsoft.com/ja-jp/azure/ai-services/speech-

service/index-text-to-speech
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Algorithm 2 F v ¥ 2 54 % H AL

Require: JEIF AT (p; )i, REBE e(-), O KU T, FEE ()t

1. A, B %X 7 fi oML
2: fort=1,2,...,T do

3 B*= argBr/naxZn&k %BL(& k) s.t. B" 1&Hfil#y 1-2 Z2 7= 4.

4: B(—(l—nt)B—l—nfB*

5. A*=argmax) ,,, %Ag(r, k) s.t. A 13H1#) 3-4 2729
A ” '

6: A+ (1—7]15)14-‘[‘77,514.*

7: end for

8: return A, B

TEHEFREEZEZSL. TOEOIZ, BIFF - N E M
ZBWTHIONT WS Fy v adhfllizeEsil LS.

51 Ty aEB4EB#HETY Y 1EEREHEE

Al —HF—i1zonWTDF vy aE4d (Nash Welfare)
&, &AM —Y —DIfHELEZBITIEDLEZED, D
EQ)

NW(A,B) = [[ Ue(Ar, B(C,"))
leL
95, £, Alla—Y—izonwTDFy v aELE
B[RRI,

NWR(AvB) = H M"(BMA‘(T?'))
reR
9%,
Ty YR REEEE LN TERT 5.

EE4 LMY —~OHE AT L THMl2—
Y ~OHEHE B* WEMFy Y2 BERETH S L3,
B* € argmax NWp(A,B) Zifi7z3Z &%\ 5.
B
s Ffla—F —~DHE B I3 U TEML—F—~D
s A* DAy Y 2 BER#ETH D L 1X, A* e
arg max NWgr(A,B) Z{i7=3Z &2\,
A
. (A%, B*) DSTF v & 2 ARETH B 1%, H\
PG UTH Y Y aBERETHD I L E2 VD,

v o AR AR 1 R 4 e
ZEHHISNTWS (FEIE [Tomita 24] %2 0) .

52 Ty aiEEXEREL

A= —DF vy v aBERIZDOWT log 2252,
log NWL(A, B) = Y logUe(Ar, B.(4,-)) & A &l
U728 BIZDW T e 5. —f, Glla—¥—

DF v aFEIZONWTH log &b &, logNWgr(A,B) =

> erlogVi(Br, Al(r,)) 1& B ZEE L5 EIT Al
DWTHOMEEE 725, LzdisT, #aE4R T Ak
CERRIZ, Fv Y a B4 NF N Frank-Wolfe 12 &

B HIN & i bR R HIITS 2212k T, Fyva
B E kDD Z e TES (Algorithm 2) .

6. % B

AETIE, ANILTFT—RIZ&kdvIalb—yvaVvERD
R ZERT.

61 £ B & T

Ela—¥—0fiIn =50 £7/21% 75, Afl2—5—
DL m =50 & U, MEBKIZL e(k) =1/k (“inv”)
7ziF e(k) =1/logy(14+ k) (“log”) & U, #EIN DK
KK 3EMz—Y -z LTl K=m, Aflla—
F—=IZH LTI K=n&75.

EIF23TIZ0o0WTE, ZAflla—%—ie {1,2,....m}
CEMa—Y— e {1,2,....n}iTL, Ez—HF—
PEMN—YF— j 2 ENZTHE»ERS p; 1 pi,; =
(1= N)pij + A NL=L, offla—F— j B Efla—F—

m—1’

i & ENZ IO ERT ¢ 13 g = (1 —N)g, + )‘Zzl1
£¥%. ZI7T, pi;,q,€U0,1], iid. THY, Ne
{0.0,0.2,0.4,0.6,0.8,1.0} & U7z. AT 1,5 WKREL
BBHIFELL OMF—Y—IZiFEFNS “AK2—Y ="
ERD, ADPKETNIETREVIFE AR IV —ITAK
DR UIRMED A LR R, —H AN
INSITF N EVIEE AL DT BRI 5.

H#F ) T UCEITD T \/ﬁ\AIE]?iJ',aj’i e
X, BMEFIECL VB 2T - RO~ v 75
(ftzxEA) &, Alla—9— - GHla—F—HDRLED
T 2 EBRE 10 [ D175 72,

6-2 tb ® F &

ZDFEBRIZBWTIERT 2 HETFIEIILANO@ED TH

5.

e Naive : 1 —H— I URE HFOHT2—9 —2H
ZHEES S, DF D, AElla—HY— T L TIEE
fla—Y—% p, ; OREIEIZ, G2 —%— 1060
TIEEM - —% ¢;; ORRIFIZHEET 5.
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Al/Data RORRFEEEZ R/ T2 TOP T I T, 201TEL DF2RIDEETHITE
BT TEE LT

WPPIZ. U TFTOEMDOH CICEBEINTWVWERT,

Al/Data R DR FEICEE Y 2 AR DM £

HRICETE S B Al/Data RO EMTEE DERN

MERRZSCHERROET STV b T vk

RMEBICK 2EROBHADHILE

REANGHERREICE T 2 PENBERLESE

SENFHNRE TED SNICHXEDRD SHARFHERIERD DZEE L. I 2Bk
WPPZHITY 2BV D X LT

ATOPIIhZBLT FAN—I—J IV DEIRBEERERXAVICEITZHERED
BOEAHEH > TWEEK R EBNIEEWVTY,

N==Eev
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