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Input: What are you doing?
-0.86 I don’t know. -1.09 Get out of here.
-1.03 I don’t know! -1.09 I’m going home.
-1.06 Nothing. -1.09 Oh my god!
-1.09 Get out of the way. -1.10 I’m talking to you.
Input: what is your name?
-0.91 I don’t know. ...
-0.92 I don’t know! -1.55 My name is Robert.
-0.92 I don’t know, sir. -1.58 My name is John.
-0.97 Oh, my god! -1.59 My name’s John.
Input: How old are you?
-0.79 I don’t know. ...
-1.06 I’m fine. -1.64 Twenty-five.
-1.17 I’m all right. -1.66 Five.
-1.17 I’m not sure. -1.71 Eight.

Table 1: Responses generated by a 4-layer SEQ2SEQ
neural model trained on 20 million conversation pairs
take from the OpenSubtitles dataset. Decoding is imple-
mented with beam size set to 200. The top examples are
the responses with the highest average probability log-
likelihoods in the N-best list. Lower-ranked, less-generic
responses were manually chosen.

speech recognition (Bahl et al., 1986; Brown, 1987),
as an optimization objective that measures the mu-
tual dependence between inputs and outputs. Below,
we present practical strategies for neural generation
models that use MMI as an objective function. We
show that use of MMI results in a clear decrease in
the proportion of generic response sequences, gen-
erating correspondingly more varied and interesting
outputs.

2 Related work

Earlier efforts to build statistical methods into dia-
log systems have relied on one of two approaches.
The first is stochastic models built on top of hand-
coded rules or templates (Levin et al., 2000; Young
et al., 2010; Walker et al., 2003; Pieraccini et al.,
2009; Wang et al., 2011). This approach is both ex-
pensive and difficult to extend to open-domain sce-
narios. The second approach attempts to learn gen-
eration rules from a minimal set of authored rules or
labels (Oh and Rudnicky, 2000; Ratnaparkhi, 2002;
Banchs and Li, 2012; 0; Nio et al., 2014; Chen et al.,
2013), which also implies handcrafting.

A newer line of investigation, introduced by Rit-
ter et al. (2011), frames response generation as a
statistical machine translation (SMT) problem. Re-

cent progress in SMT stemming from the use of neu-
ral language models (Sutskever et al., 2014; Gao
et al., 2014; Bahdanau et al., 2015; Luong et al.,
2015) has inspired attempts to extend these neural
techniques to response generation. Sordoni et al.
(2015) improved upon Ritter et al. (2011) by rescor-
ing the output of a phrasal SMT-based conversation
system with a SEQ2SEQ model that incorporates
prior context. There have other attempts to apply
SEQ2SEQ models (Serban et al., 2015; Shang et al.,
2015; Vinyals and Le, 2015; Wen et al., 2015) using
Long Short-Term Memory (LSTM) neural networks
(Hochreiter and Schmidhuber, 1997), which can im-
plicitly capture compositionality and long-span de-
pendencies.

Prior work in generation has sought to increase
diversity, but with different goals and techniques.
Carbonell and Goldstein (1998) and Gimpel (2013)
produce multiple outputs that are mutually diverse,
either non-redundant summary sentences or N-best
lists. Our goal, however, is to produce a single non-
trivial output, and our method does not require iden-
tifying lexical overlap to foster diversity.2

3 Sequence-to-Sequence Models

Given a sequence of inputs X = {x1, x2, ..., xnX } ,
an LSTM associates each time step with an input
gate, a memory gate and an output gate, respectively
denoted as it, ft and ot. We distinguish e and h

where et denotes the vector for an individual text
unit (for example, a word or sentence) at time step
t while ht denotes the vector computed by LSTM
model at time t by combining et and ht−1. ct is the
cell state vector at time t, and ! denotes the sigmoid
function. Then, the vector representation ht for each
time step t is given by:

it = ! (Wi á[ht−1, et]) (1)
ft = ! (Wf á[ht−1, et]) (2)
ot = ! (Wo á[ht−1, et]) (3)

lt = tanh(Wl á[ht−1, et]) (4)
ct = ft áct−1 + it ált (5)

hst = ot átanh(ct) (6)
2Augmenting our technique with MMR-based (Carbonell

and Goldstein, 1998) diversity helped increase lexical but not
semantic diversity (e.g., I don’t know vs. I haven’t a clue), and
with no gain in performance.
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As the joint chief of the eight clans, you should do something. I,?#-

N-best List (Vanilla Beam Search) 
If you want to fight, you must go to the temple. . . . 
if you want to fight, you must go to the temple to fight .
If you want to fight, you must go to the temple. . .
If you want to fight, you must go to the police station . 
If you want to fight, you must go to the palace. 

N-best List (Diverse Beam Search) 
If you want to fight, you must go to the temple.
If you want to fight, you can do it yourself.
No, I’m not going to do anything.
I’m not going to let you go, I’m not going to let you do that. 
But I don’t want to be a monk 
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how are you ?

I’m fine . EOS
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Hi, what can I 
help you with?

Cool! Where is it?

HmmÉ actually 
any froyo around?

IÕm feeling Italian

There are 3 italian 
restaurants nearby

No froyo, sadly, 
but there is a 
gelato cafe
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Figure 1: An illustration of the proposed RNN+GF model operating on an example product description with three timesteps.
All operations and dimensionalities are explicitly shown. Vectors are depicted as rounded rectangles, matrix multiplications
as squared rectangles, and scalars as circles. Trainable parameters are grey, while dynamically computed values are colored.
Gradient reversal layers multiply gradients by -1 as they backpropagate from the prediction networks to the encoder. In this
example, themodel attends to the description’s ! nal token themost, so that would be themost likely candidate for a generated
lexicon.

sub-word units4. From here on we refer to the morpheme features
as ÒmorphÓ, and sub-word features as ÒbpeÓ.

Details of these data can be found in Table 1. Notably, the ratio
of the size of vocabulary (unique keywords) to the size of tokens
(occurrence of keywords) in the chocolate category is twice as large
as that of the health category as listed in (%) in Table 1. This implies
that product descriptions in the chocolate category are written with
more diverse language.

Table 1: Characteristics of the Rakuten data. These data con-
sist of 93,591 product descriptions, brands, prices, and sales
! gures.

Chocolate Health

# items 32,104 61,487
# vendors 1,373 1,533
# morph tokens 5,237,277 11,544,145
# bpe tokens 6,581,490 16,706,646
# morph vocab (%) 18,807 (0.36%) 20,669 (0.18%)
# bpe vocab (%) 16,000 (0.24%) 16,000 (0.10%)

Recall that some feature selection algorithms (OR, MI) require
dichotomized prediction targets. Thus, we dichotomize our data
on log(sales), taking the top-selling 30% and bottom-selling 30% as
positive and negative examples, respectively.

4Using https://github.com/google/sentencepiece

Table 2: Characteristics of test sets. Product labels wereman-
ually assigned to these data for evaluation purposes.

Chocolate Health

# items 924 1207
# products 186 50
# vendors 201 384
avg. # items per product 4 9
(min, max) (2, 26) (2, 134)

In order to evaluate mixed-e! ect regression models on these
data, we need to know what product each item corresponds to. We
hand-labeled 2,131 items with product identi" ers and separated
these into a separate dataset for testing (Table 2). Our experimental
results are reported on this subset of test data. The lack of product
information to train on explains its omittance from the RNN feature
selector, but we observe that the method" nds product-decorrelated
features in spite of this (Table 3).

4.2 Experimental Protocol
All deep learning models were implemented using the Tensor-
#ow framework [1]. In order to obtain features from the proposed
RNN+GF model, we conducted a brief hyperparameter search on a
held-out development set. This set consisted of of 2,000 examples
randomly drawn from the pool of training data. The" nal model
used 32-dimensional word vectors, an LSTM with 64-dimensional
hidden states, and 32-dimensional intermediate Bahdanau vectors
(See Figure 1). Dropout at a rate of 0.2 was applied to the input of
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Table 3: Average association strengths between each BPE fea-
ture set and non-linguistic factors (price, brand, and prod-
uct). For each feature set, the average per-feature CramerÕs V
is shown for product ( µVp ) and brand (µVb ). The average per-
feature point-biserial correlation coe �cient (µrbp ) is shown
for price. The RNN+GF features are the least correlated with
these confounding factors.

L1 MI OR RNN-GF RNN+GF

µVp 0.55 0.57 0.55 0.56 0.38
µVb 0.58 0.54 0.57 0.61 0.42
µrbp 0.08 0.08 0.08 0.09 0.07

each LSTM cell. We optimized using Adam, a batch size of 128, and
a learning rate of 0.0001 [34]. All models took approximately three
hours to reach convergence on a Nvidia TITAN X GPU.

The L1 regularization parameter � was obtained using scikit-
learn library [49] by minimizing the error in the four-fold cross
validation on training set.

In all of our experiments, we analyzed the log(sales) of an item
as a function of textual description features. We used mixed-e! ect
regression to model the relationship between these two entities.
We included the aforementioned linguistic features as " xed e! ect
variables, and the confounding product/vendor labels in the test
set as random e! ect variables. We used the “lme4” package in
the R software environment v. 3.3.3 to perform these analyses [6].
We performed t-tests to obtain signi" cance measurements on the
model’s " tted parameters. We obtained degrees of freedom with
Satterthwaite approximations [50] and the “lmerTest” package in
R [36]. To evaluate feature e! ectiveness and goodness of " t, we
obtained conditional and marginal R2 values with the “MuMIn” R
package [5].

In addition to keywords, we experimented with two additional
types of features: description length in number of keywords (“#KW”),
and part-of-speech tags obtained with JUMAN (“POS”).

4.3 Experimental Results
Figure 2 depicts the performance of mixed-e! ect regression models
" tted with the top 500 features from each approach. Overall, these
results strongly support the hypothesis that narrative elements of
product descriptions are predictive of consumer behavior (mani-
fested in log(sales)). The conditional R2 obtained from confound-
only models was 0.56 and 0.43 for the chocolate and health datasets,
respectively. On the other hand, adding text features to the model
increased conditional R2 in all settings. For example, the average
R

2
c of the RNN+GF features was 0.78.
Our results indicate that the proposed RNN+GF method success-

fully discovered features that are simultaneously explanatory of
sales and untangled from the confounding e! ects of product, brand,
and price. Table 3 indicates that the RNN+GF features are less cor-
related with these confounds than any other method. Furthermore,
our results suggest that this decorrelation is due to the gradient
#ipping mechanism. When the gradient #ip is ablated, the resulting
RNN-GF model selects themost confound-correlated features. This

Figure 2: Including textual features in mixed e �ect re-
gressions improves predictive power regardless of dataset
(health, chocolate) and feature selection method (odds ra-
tios, mutual information, lasso, RNN+GF). Notably, the
RNN+GF features provide the largest gains.

Table 4: This table compares each feature seleciton algo-
rithm. The varience in sales explained by confound-only
models (Òbrand + productÓ, the bpe features of full models
(Òbrand + product + bpeÓ,R2 + m), and full models (Òbrand +
product + bpeÓ,R2c ) are depicted. The RNN+GF-selected fea-
tures appear superior in both isolated and combined set-
tings.

Chocolate
L1 MI OR RNN+GF

brand + product R

2
c 0.57 0.57 0.57 0.57

brand + product + bpe R

2
m 0.58 0.53 0.49 0.60

R

2
c 0.78 0.73 0.71 0.81

Health
L1 MI OR RNN+GF

brand + product R

2
c 0.44 0.44 0.44 0.44

brand + product + bpe R

2
m 0.40 0.40 0.36 0.44

R

2
c 0.65 0.71 0.69 0.78

makes sense considering the RNN-GF model is " nding features that
are simultaneously predictive of sales and each confound.

To investigate whether the high performance of RNN+GF fea-
tures is simply a phenomenon of model capacity, we compared
RNN+GF and one of the best-performing baselines, that of the lasso
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Figure 3: Despite being decorrelated from the randome! ects
of brand and price, RNN+GF features are competitive with
(and sometimes surpass) that of the lasso. This is true regard-
less of token type and feature set size.

(Figure 3). We varied the number of features each algorithm is al-
lowed to select and compared the resultingR2

c values,�nding that
RNN+GF features are consistently on-par with or outperform that
of the lasso, regardless of feature count.

4.4 Analysis
Our experimental results support the hypothesis that the textual
content of product descriptions can impact sales. We continue with
an in-depth analysis of our models and features.

Gradient reversal To determine the role of gradient reversal in
the e�cacy of the RNN+GF features, we conducted an ablation test,
toggling the gradient reversal layer of our model and observing the
performance of the elicited features. From Table 5, it is apparent
that the confound-invariant representations encouraged by gradi-
ent reversal lead to more e�ective features being selected. Apart
from summary statistics (Table 5), this observation can be seen
in the features themselves (Table 6). In the RNN-GF features, we
see clear connections to brand and price information: for exam-
ple, one of the highest scoring morphemes was\$ (“free”). The
RNN+GF features, on the other hand, are devoid words relating to
vendor/price.

Table 5: Gradient reversal ablation and it’s impact on con-
ditional R2. The confound-invariance encouraged by the ad-
versarial objective helps downstream regressions.

Chocolate Health
BPE morph BPE morph

+GF 0.8074 0.8057 0.7808 0.7503
-GF 0.7561 0.7461 0.64 0.6855

Comparison of di! erent feature mining strategies. Mor-
pheme features with high weights are listed in Table 6. Note that
the RNN+GF approach was the only method that did not select any

keywords correlated with product, brand, or price. Additionally, ev-
ery method except RNN+GF selected peacan (! ⌧"# ⌃$"# ).
Lalala’s pecan chocolate is one of the most popular products on the
marketplace. Although it is understandable that these tokens con-
tribute to sales, they are brand-speci�c and thus not generalizable.
On the other hand, RNN+GF gave high scores to location-related
words. Similar tendencies were observed in the health category.

In" uential words. To investigate the in�uence of keywords on
sales, we performed t-tests on the mixed-e�ects models trained with
RNN+GF-selected features. We found out that in�uential descrip-
tions generally contained words in the following four categories:

• Informativeness This includes informative appeals to
logos with language other than raw product attributes
(i.e. brand name, product name, ingredients, price, and
shipping). High-scoring words like Òfamily sizeÓ (%&'
( ⌧)*+ ), Òpackage designÓ (, - . ⌧/01*# ),
ÒsouvenirÓ (⌦Ô#), delimiters of structured information
(Ò;:Ó, ÒZÓ, Ò\Ó), and indicators of detail (Òx2Ó, Ò70%Ó,
etc.) belong to this category.

• Authority This includes authoritative information. Words
such as Òsta�Ó (23 - %), Òold-standing shopÓ (x…),
and ÒsinceÓ (! [), belong to this category.

• Seasonality These words suggest seasonal dependencies.
Words such as ÒChristmasÓ (4(252 ), ÒMotherÕs dayÓ
(◊.o), and Òyear-end giftÓ (€÷) belong to this category.
These words match the season: our data is from a December
snapshot, and there is a Japanese tradition of sending year-
end gifts. Notably, out-of-season events such as ValentineÕs
day and ambiguous word usage (e.g. Òfor giftÓ), were weakly
in�uential.

• Politeness These expressions show politeness, respect-
fulness, and humbleness. Honori�c Japanese such as ÒingÓ
(⌫&⌦J), Òwill doÓ (0⌫>⇡), ÒreceiveÓ (⌅� ✏)
belong to this category.

The following are descriptions on the same product. Words with
highly signi�cant coe�cients are shown in bold.

RoyceÕs chocolate has become astandardHokkaido
souvenir. They are packaged one by one so your
hands wonÕt get dirty! Also, oursta! recommends
this product!
�! ..⌦Ô#'°⇧W(*#&⌅K6*
+ .±�µL*⌅H⌃+1%⇢$, - . ⌧/ �
L&⌅K.B⇥J��⌅!↵Œ 23-% B⌦
⇡⇡A⇡K6*+ .r! ˘'⇡⌦

Four types of nuts: almonds, cashews, pecans, macadamia,
as well as cookie crunch and almond pu� were
packed carefully into each chocolate bar. This item
is shipped with a refrigerated courier service dur-
ing the summer.
7 ⌧8#9 ⇥":; ⌧⇥$"# ⇥5"<'
7 .4∂C.= - > (4 - ? ⌧4@#A D
7 ⌧8#9,% RK%.ABCD ⌧EF ⌧
+�#⌫J⇥A´?>⌫�⇤◆!I/·"
4 ⌧G√fi" " W'⇡⇤
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Figure 3: Despite being decorrelated from the random e ! ects
of brand and price, RNN+GF features are competitive with
(and sometimes surpass) that of the lasso. This is true regard-
less of token type and feature set size.

(Figure 3). We varied the number of features each algorithm is al-
lowed to select and compared the resulting R2

c values, �nding that
RNN+GF features are consistently on-par with or outperform that
of the lasso, regardless of feature count.

4.4 Analysis
Our experimental results support the hypothesis that the textual
content of product descriptions can impact sales. We continue with
an in-depth analysis of our models and features.

Gradient reversal To determine the role of gradient reversal in
the e�cacy of the RNN+GF features, we conducted an ablation test,
toggling the gradient reversal layer of our model and observing the
performance of the elicited features. From Table 5, it is apparent
that the confound-invariant representations encouraged by gradi-
ent reversal lead to more e�ective features being selected. Apart
from summary statistics (Table 5), this observation can be seen
in the features themselves (Table 6). In the RNN-GF features, we
see clear connections to brand and price information: for exam-
ple, one of the highest scoring morphemes was\$ (ÒfreeÓ). The
RNN+GF features, on the other hand, are devoid words relating to
vendor/price.

Table 5: Gradient reversal ablation and itÕs impact on con-
ditional R2. The confound-invariance encouraged by the ad-
versarial objective helps downstream regressions.

Chocolate Health
BPE morph BPE morph

+GF 0.8074 0.8057 0.7808 0.7503
-GF 0.7561 0.7461 0.64 0.6855

Comparison of di ! erent feature mining strategies . Mor-
pheme features with high weights are listed in Table 6. Note that
the RNN+GF approach was the only method that did not select any

keywords correlated with product, brand, or price. Additionally, ev-
ery method except RNN+GF selected peacan (4⌧↵S⌃:↵S).
LalalaÕs pecan chocolateis one of the most popular products on the
marketplace. Although it is understandable that these tokens con-
tribute to sales, they are brand-speci�c and thus not generalizable.
On the other hand, RNN+GF gave high scores to location-related
words. Similar tendencies were observed in the health category.

In " uential words . To investigate the in�uence of keywords on
sales, we performed t-tests on themixed-e�ects models trained with
RNN+GF-selected features. We found out that in�uential descrip-
tions generally contained words in the following four categories:

• Informativeness This includes informative appeals to
logos with language other than raw product attributes
(i.e. brand name, product name, ingredients, price, and
shipping). High-scoring words like “family size” (5�?
J⌧�⌅⇢), “package design” (1#⌘⌧⇠'�⌅S),
“souvenir” (⌦Ô#), delimiters of structured information
(“;:”, “Z”, “\”), and indicators of detail (“x2”, “70%”,
etc.) belong to this category.

• Authority This includes authoritative information. Words
such as “sta�” (⇡�#5), “old-standing shop” (x! ),
and “since” (! ! ), belong to this category.

• Seasonality These words suggest seasonal dependencies.
Words such as “Christmas” (✏J⇡>⇡), “Mother’s day”
(" .o), and “year-end gift” (! # ) belong to this category.
These wordsmatch the season: our data is from aDecember
snapshot, and there is a Japanese tradition of sending year-
end gifts. Notably, out-of-season events such as Valentine’s
day and ambiguousword usage (e.g. “for gift”), wereweakly
in�uential.

• Politeness These expressions show politeness, respect-
fulness, and humbleness. Honori�c Japanese such as “ing”
(⌫&⌦J), “will do” (0⌫>⇡), “receive” (⌅� ✏)
belong to this category.

The following are descriptions on the same product. Words with
highly signi�cant coe�cients are shown in bold.

Royce’s chocolate has become a standard Hokkaido
souvenir . They are packaged one by one so your
hands won’t get dirty! Also, our sta! recommends
this product!
��..⌦Ô#'°$% (*#&⌅KM⌅
⇢.±�! L*⌅H⌃+1%⇢$1#⌘⌧⇠�
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Four types of nuts: almonds, cashews, pecans, macadamia,
as well as cookie crunch and almond pu� were
packed carefully into each chocolate bar. This item
is shipped with a refrigerated courier service dur-
ing the summer .
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Figure 3: Despite being decorrelated from the random e ! ects
of brand and price, RNN+GF features are competitive with
(and sometimes surpass) that of the lasso. This is true regard-
less of token type and feature set size.

(Figure 3). We varied the number of features each algorithm is al-
lowed to select and compared the resultingR2

c values,! nding that
RNN+GF features are consistently on-par with or outperform that
of the lasso, regardless of feature count.

4.4 Analysis
Our experimental results support the hypothesis that the textual
content of product descriptions can impact sales. We continue with
an in-depth analysis of our models and features.

Gradient reversal To determine the role of gradient reversal in
the e" cacy of the RNN+GF features, we conducted an ablation test,
toggling the gradient reversal layer of our model and observing the
performance of the elicited features. From Table 5, it is apparent
that the confound-invariant representations encouraged by gradi-
ent reversal lead to more e#ective features being selected. Apart
from summary statistics (Table 5), this observation can be seen
in the features themselves (Table 6). In the RNN-GF features, we
see clear connections to brand and price information: for exam-
ple, one of the highest scoring morphemes was! ! (ÒfreeÓ). The
RNN+GF features, on the other hand, are devoid words relating to
vendor/price.

Table 5: Gradient reversal ablation and itÕs impact on con-
ditional R2. The confound-invariance encouraged by the ad-
versarial objective helps downstream regressions.

Chocolate Health
BPE morph BPE morph

+GF 0.8074 0.8057 0.7808 0.7503
-GF 0.7561 0.7461 0.64 0.6855

Comparison of di ! erent feature mining strategies . Mor-
pheme features with high weights are listed in Table 6. Note that
the RNN+GF approach was the only method that did not select any

keywords correlated with product, brand, or price. Additionally, ev-
ery method except RNN+GF selected peacan (! ! "# " $"# ).
LalalaÕs pecan chocolateis one of the most popular products on the
marketplace. Although it is understandable that these tokens con-
tribute to sales, they are brand-speci! c and thus not generalizable.
On the other hand, RNN+GF gave high scores to location-related
words. Similar tendencies were observed in the health category.

In " uential words . To investigate the in$uence of keywords on
sales, we performed t-tests on the mixed-e#ects models trained with
RNN+GF-selected features. We found out that in$uential descrip-
tions generally contained words in the following four categories:

¥ Informativeness This includes informative appeals to
logos with language other than raw product attributes
(i.e. brand name, product name, ingredients, price, and
shipping). High-scoring words like Òfamily sizeÓ (%&'
( ! )*+ ), Òpackage designÓ (, - . ! /01*# ),
ÒsouvenirÓ (! Ô! ), delimiters of structured information
(Ò#$ Ó, Ò%Ó, Ò& Ó), and indicators of detail (Òx2Ó, Ò70%Ó,
etc.) belong to this category.

¥ Authority This includes authoritative information. Words
such as Òsta#Ó (23 - %), Òold-standing shopÓ (" ! ),
and ÒsinceÓ (l! ), belong to this category.

¥ Seasonality These words suggest seasonal dependencies.
Words such as ÒChristmasÓ (4(252 ), ÒMotherÕs dayÓ
(" " ! ), and Òyear-end giftÓ (! # ) belong to this category.
These words match the season: our data is from a December
snapshot, and there is a Japanese tradition of sending year-
end gifts. Notably, out-of-season events such as ValentineÕs
day and ambiguous word usage (e.g. Òfor giftÓ), were weakly
in$uential.

¥ Politeness These expressions show politeness, respect-
fulness, and humbleness. Honori! c Japanese such as ÒingÓ
(#$!% ), Òwill doÓ (0#&' ), ÒreceiveÓ (()*+ )
belong to this category.

The following are descriptions on the same product. Words with
highly signi! cant coe" cients are shown in bold.

RoyceÕs chocolate has become astandard Hokkaido
souvenir . They are packaged one by one so your
hands wonÕt get dirty! Also, oursta! recommends
this product!
" ! " "! Ô! , °$% -./$(0 6*
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Four types of nuts: almonds, cashews, pecans, macadamia,
as well as cookie crunch and almond pu# were
packed carefully into each chocolate bar. This item
is shipped with a refrigerated courier service dur-
ing the summer .
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アーモント、゙カシュー、ヘカ゚ン、
マカタミ゙$アのR種類のナッツとク
ッキークランチや$アーモントバ゚
フを一本のチョコレートハー゙$に
きっ゙しり詰め込みました。こちら
は夏期$クール便発送商品てず。$
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北海道のお土産て定゙番品となって
いるロイ$ス;゙$手か汚゙れないように:
本すづハッ゚ケーシざ$れているのも
ありかだいe$当店$スタッフもお$す
すめするロイスの゙自信作てずe$
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