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Order Prediction in Stock Market using Tick based LSTM-RNN model
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For algorithmic trading, it is important to reduce market impact and opportunity costs that closely related to
market liquidity. In this work, we propose a tick-based approach to prediction of the liquidity. Our method utilizes
order data encoded according to its flexibility and a Long Short-Term Memory(LSTM) that predict a next order.
Accuracy of the model outperforms by a large margin maximum occurrence ratio of order labels. Furthermore, we
examine the embedding layer of the trained model and find out that it obtains difference and similarity between
each order.

1. ͡Ίʹ

ۙͷۚ༥ࢢͰɼHFTʢHigh Frequency Trading)
ΞϧΰϦζϜɾτϨʔυͱ͍ͬͨػցతऔҾ͕಄͍ͯ͠Δɽ
͍ͣΕίϯϐϡʔλΛར༻ͯࣗ͠ಈతʹൃͱചങΛ͏ߦ
Ͱڞ௨͢Δ͕ɼHFT͕ϚΠΫϩඵΦʔμʔͰߴ͔ͭߴස
ͰখޱചങͰརৌΛՔ͙ҰํɼΞϧΰϦζϜɾτϨʔυൺ
ֱతසʹ͔ͭΑΓߴͳઓུΛ༻͍ͯࣥ͢ߦΔɽϚʔέο
τɾΠϯύΫτɼػձίετͱ͍ͬͨऔҾίετΛྀͭͭ͠ߟɼ
ΠϯτϥσΠͰͷେޱऔҾΛখޱʹׂࣥ͢͠ߦΔ͜ͱ͕ٻΊ
ΒΕΔɽ
ΞϧΰϦζϜɾτϨʔυͷओͳࣥߦઓུͱͯ͠ VWAP

(volume-weighted average price) ઓུ [1] ΒΕΔɽ͛ڍ͕
VWAP ઓུͱɼऔҾࣥߦՁ֨Λग़དྷߴͷՃॏฏۉΛͱͬ
ͨՁ֨ʹۙͮ͘Α͏ʹɼେޱจΛখޱʹׂ͠ൃ͢Δઓུ
Ͱ͋Δɽ͞ΒʹɼਂֶशʹΑΔՁ֨༧ଌΛ VWAPͱซ༻͢
Δ͜ͱʹΑΓɼύϑΥʔϚϯεΛ্ͨ͠ͱͷɼۚ༥͔ؔػΒ
ͷใ͕͋ࠂΔɽऔҾίετΛ͍͔ʹॖখ͢Δ͔ɼΞϧΰϦζ
ϜɾτϨʔυʹ͓͍ͯॏେͳ՝Ͱ͋ΓɼߴͳΞϧΰϦζϜ
։ൃͷͨΊʹɼଟ༷ͳͷֶज़ڀݚઌٕज़͕Ԡ༻͞Εͯ
͍Δ [2][3]ɽ
͞ΒʹϛΫϩͳִؒͰɼࣥࣗߦ͕༩͑ΔधڅͷӨڹʹΑ

ΓऔҾ͕ෆརʹͳΔίετͰ͋ΔϚʔέοτɾΠϯύΫτɼ
൘ͷرബ͞Αͬͯ༧ఆͨ͠Ձ֨Ͱͷ͕ࣥߦͰ͖ͳ͍ϦεΫͰ͋
ΔػձίετͳͲʹؔ͢Δߦ͕ڀݚΘΕ͍ͯΔɽ͜ΕΒͷίε
τʹɼࢢͷधڅΛද͢൘ͷεϓϨουް͞ɼճ෮ͱ
͍ͬͨྲྀಈੑ͕େ͖͘Ө͢ڹΔɽ
Ұํɼۚ༥ࢢͷిࢠԽͱߴԽʹΑΔจྔͷ૿Ճʹͱ

ͳ͍ɼੵ͞ΕΔจใେԽ͓ͯ͠Γɼେྔͷֶशσʔ
λ͕ඞཁͳσΟʔϓϥʔχϯάͷԠ༻ͷ͍ͬͯΔɽ
J. Sirignanoɼ൘ใʹର͢ΔσʔλυϦϒϯͳΞϓϩʔν
ͱͯ͠ɼΦϯϥΠϯͰֶशͰ͖ΔɼେྔͷσʔλΛѻ͑Δ
ɼ֬Λग़ྗͰ͖ΔΛϝϦοτͯ͠ࢦఠ্ͨ͠ͰɼσΟʔ
ϓϥʔχϯάྑ࠷ͷબࢶͰ͋Δͱड़͍ͯΔ [4]ɽ
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2. ؔ࿈ڀݚͱຊڀݚͷత

ਂֶशΛ༻͍ͯࢢ༧ଌΛؔͨͬߦ࿈ڀݚΛհ͢Δɽ
N. Du ΒϚʔΫ͖աఔͷڧؔΛ RNN Λ༻͍ͨ

ඇઢؔܗͱ͢Δ͜ͱͰɼఆͷํͱͦͷࠁ࣌ͷ༧ଌΛߦ
͍ɼ௨ৗͷRNNΑΓྑ͍ՌΛಘͨ [5]ɽJ. Sirignanoɼ൘
ʹରͯ͠ϑΝοτςʔϧʹ͍ڧχϡʔϥϧωοτϫʔΫΛఏҊ
͠ɼϕετΞεΫͱϕετϏουͷΛ༧ଌ͠ҰఆͷՌΛ
ಘͨ [4]ɽΓલड़ͷ௨Γɼଟݩ࣍ͷใΛͪ࣋ඇઢܗͰෳ
ΔใΛϞσϦϯά͢Δ߹ʹσΟʔϓϥʔχϯά͢༺࡞ʹࡶ
༗ޮͰ͋Δͱ͑ݴΔɽ
औҾओମԿΒ͔ͷใΛಘ্ͨͰൃ͢Δɽࢢʹू·

Δจͷύλʔϯʹͦͷഎޙʹ͋Δใ͕ө͞ΕΔͱ͑ߟ
ΒΕɼਂֶशΛ༻͍Δ͜ͱͰͦͷΑ͏ͳจύλʔϯΛ֫ಘ
Ͱ͖ΔՄੑ͕͋Δɽ
ͦ͜ͰຊڀݚͰɼ൘ͷมԽྔՁ֨ͷมԽͷ༧ଌΛςΟο

ΫϕʔεͰ͜͏ߦͱʹΑͬͯɼϚʔέοτɾΠϯύΫτίετ
ػձίετʹӨڹΛ༩͑Δকདྷͷ൘ͷް͞൘ͷճ෮Λ༧
ଌͰ͖ΔϞσϧͷߏஙͱੳΛ͏ߦɽԠ༻ͱͯ͠ɼ͋Β͔͡Ί
ྲྀಈੑͷݮগΛ༧ଌ͠ɼૣߦࣥʹظΛ͏ߦͱ͍ͬͨ͜ͱͳͲ͕
ΒΕΔɽ͑ߟ

3. LSTMΛ༻͍ͨจঢ়گ༧ଌ

͜͜ͰɼϞσϧͷೖྗͷલॲཧͰ͋ΔΦʔμʔͷූ߸
Խʹ͍ͭͯઆ໌͢Δɽ࣍ʹɼLSTMΛ༻͍ͯޙͷΦʔμʔ
Λ༧ଌ͢ΔϞσϧͷߏஙΛ͏ߦɽ

3.1 Φʔμʔͷූ߸Խ
·ͣલॲཧͷํ๏ʹ͍ͭͯड़ΔɽΦʔμʔͷࣗ༝ʹ

จʗΩϟϯηϧจͱ͍ͬͨจͷλΠϓͷߦจʗࢦ
ଞɼՁ֨ɼจྔͳͲ͕͋Δɽ͜͜ͰλΠϓͱՁ֨ͷΈʹݶ
ఆ͢Δɽ·֤ͣࢦจʹରͯ͠ɼจͷೖͬͨࠁ࣌ͷ൘ͷ࠷
ྑചΓؾͱྑ࠷ങ͍ؾͷฏۉΛͱͯ͠ٻΊɼࢦՁ֨
ͱͱͷࠩͷઈରΛอ࣋͢Δɽ
ʹ࣍ Figure 1ʹࣔ͢ϑϩʔʹԊͬͯɼ֤จʹࣝผූ߸Λ

༩͑Δɽ·ͣɼจͷλΠϓͱͯ͠ചߦʗങߦʗചࢦʗ
ങࢦʗചΩϟϯηϧʗങΩϟϯηϧʹ͚Δɽߦจೋछ
ʹؔͯ͠ɼͦͷ··ࣝผූ߸Λ༩͠ɼࢦจͱΩϟϯη
ϧจʹؔͯ͠ɼ͔ΒͷՁ֨ࠩʹΑͬͯྨޙɼූ߸Λ
༩͢Δɽͳ͓ɼΦʔμʔͱࣝผූ߸ؒͷมҰҙͰ͋Γɼ
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ූ߸͔ΒΦʔμʔɼͭ·ΓλΠϓͱՁ֨ࠩ෮ݩՄͱͳͬ
͍ͯΔɽ

Figure 1: Φʔμʔͷූ߸ԽϑϩʔɽจλΠϓ MO/LO/Cancel ͦΕͧ
Ε/Market Order/Limit Order/Cancel จΛɼAsk/Bid ͦΕͧΕച
Γ/ങ͍Λ͢ࢦɽ

3.2 ઃఆ
ຊઅͰɼΦʔμʔ༧ଌͷઃఆΛ͏ߦɽϞσϧͷೖྗͱ

ͳΔྻܥͷू߹Λ C = {S1,S2, . . .} ͱද͢ɽ֤ྻܥ Si 
ຖͷدΓ͖͔ޙΒҾ͚લ·Ͱͷલͱޙͷ͍ͣΕ͔ͷβ
ϥόʹରԠ͢Δɽβϥόͱ൘ͤدͰͷจͷೖΓํͰҙຯ͕
ҟͳΔͨΊɼβϥόͷςΟοΫσʔλ͚ͩΛѻ͍ɼಉͷલ
ͱޙҟͳΔྻܥͱͯ͠ѻ͏ɽ͜͜Ͱɼt൪ͷΦʔμʔΛ
xt ͱ͓͘ͱɼ֤ྻܥ Si  Si = (xi

1, x
i
2, . . .)Ͱද͞ΕΔɽ֤

Φʔμʔ xi
t ɼલॲཧʹͯྨ͞ΕΔࣝผූ߸ͷू߹Ͱେ͖

͞ I ͷू߹ I ͷཁૉͰ͋Δɽ
తɼաڈͷΦʔμʔྻܥ (x1, x2, . . . , xt−1)͕༩͑ΒΕ

ͨͱ͖ͷ࣍ͷΦʔμʔ xtͷ༧ଌͰ͋Δɽχϡʔϥϧωοτϫʔ
ΫͰද͞ݱΕΔؔͷύϥϝʔλΛ θ ͱ͠ɼग़ྗͱͳΔ݅
͖֬Λ p(xt|x1, . . . , xt−1; θ)Ͱද͢ɽ͋ࢣڭΓֶशʹΑͬ
ͯɼ͜ͷ͖͕݅֬࠷େͱͳΔ࠷దͳύϥϝʔλ θ Λ୳
Δɽ͢ࡧ
ຊڀݚͷϞσϧ RNN Encoder-Decoder[6][7]Λͯ͠ઃ

Γฦ͠γϛϡϨʔτ܁ͷΦʔμʔͷ༧ଌΛ࣍ɼޙɽֶशͨ͠ܭ
͢Δ͜ͱͰ t͔Β T ઌ·Ͱͷσίʔυ͢Δ߹ͷ͖݅֬
ҎԼͷΑ͏ʹͳΔɽ

p(xt, . . . , xt+T |x1, . . . , xt−1; θ)

=
T∏

t′=t

p(xt′ |x1, . . . , xt′−1; θ)
(1)

ෳΦʔμʔͷ༧ଌͷ߹ɼϏʔϜαʔνΛ༻͍ΕΑ
͍ɽಉ֬࣌Λ࠷େͱ͢ΔΦʔμʔͷྻܥΛ୳͠ࡧɼͦΕΛ࠷
దͳΦʔμʔྻܥͱ͠ɼ͞Βʹ൘ʹ͠߹ΘͤΔ͜ͱʹΑΓ൘
ͷมԽྔՁ֨Λ༧ଌ͢Δ͜ͱ͕Ͱ͖Δɽ

3.3 Ϟσϧ
Ϟσϧͷ RNNʹɼLSTM (Long Short-Term Memory)

[8]Λ༻͍ΔɽLSTMɼى࠶తͳೖग़ྗΛ͏ߦϊʔυͷੑ׆
Խؔͱͯ͠߃ؔΛಋೖ͢Δ͜ͱͰɼ௨ৗͷ RNNͰ͍
ੜ͢ΔޯফࣦΛճආ͢ΔɽൃʹࡍσʔλΛֶश͢Δྻܥ
͞ΒʹɼϝϞϦϊʔυͱ 3 ͭͷஅϊʔυ͔Βߏ͞ΕΔू

Figure 2: Ϟσϧͷྻܥ࣌ల։ਤɽ

߹ମΛҰͭͷϝϞϦηϧͱͯ͠ѻ͏͜ͱʹΑΓදྗݱͷԼΛ
͙ɽ
ຊڀݚͰ༻͍ΔϞσϧΛྻܥ࣌Ͱల։༷ͨ͠ࢠΛ Figure 2

ʹࣔ͢ɽonehot ϕΫτϧͰද͞ΕΔ t ͰͷΦʔμʔͱ࣌
embeddingྻߦWembed ͷੵΛͱΓΦʔμʔͷຒΊࠐΈϕΫ
τϧ et ΛಘΔɽet ͱ t− Ͱͷ࣌1 LSTMηϧͷग़ྗ ht−1

͕ t࣌Ͱͷ LSTMηϧͷೖྗͱͳΔɽ͜͜Ͱ t࣌Ͱͷϝ
ϞϦηϧͷϕΫτϧΛ ctɼॏΈΛWLSTM ͱ͓͘ͱɼLSTM

ͷग़ྗ࣍ͷΑ͏ʹߋ৽͢Δɽ

⎡

⎢⎢⎢⎣

it
ft
ot
gt

⎤

⎥⎥⎥⎦
=

⎡

⎢⎢⎢⎣

sigm

sigm

sigm

tanh

⎤

⎥⎥⎥⎦
WLSTM

[
ht−1

et

]
(2)

ct = ft ⊙ ct−1 + it ⊙ gt (3)

ht = ot ⊙ tanh(ct) (4)

͞ΒʹɼLSTMͷग़ྗશ݁߹ (Wfull)ɼsoftmaxͱ
ग़ྗͷ͖݅֬ΛಘΔɽͯܦ

3.4 ֶश
(5) ࣜͷෛͷରͷ࠷খʹ͢ΔΑ͏ύϥϝʔλ θ =

(Wembed,WLSTM ,Wfull)Λ୳͠ࡧɼ࠷దύϥϝʔλ θ = θopt

ΛಘΔɽ

L = −
C∑

i=1

Si∑

t=1

log p(xi
t|xi

1, . . . , x
i
t−1; θ) (5)

ͨͩ͠ɼC = |C|͔ͭ Si = |Si|Ͱ͋Δɽ

4. ݧ࣮

4.1 σʔληοτ
σʔληοτʹ FLEX-FULLώετϦΧϧσʔλΛ༻͍

ͨɽ͜ͷσʔλ౦ূ্ݱࣜגͷ֤ฑͷςΟοΫσʔλ
Λੵͨ͠ͷͰ͋Δɽ༻͢Δฑͱؒظେϋεۀ
(ฑίʔυ 1925)ͷ 2013 7݄ 1͔Β 2014 6݄ 30
·ͰͱɼΩϦϯϗʔϧσΟϯάε (ฑίʔυ 2503) ͷ 2013

 7݄ 1͔Β 2014 3݄ 31·Ͱͱͨ͠ɽ֤ฑͷσʔ
λͷΛ 8:2ʹׂ͠ɼ࣌ͷؒظ͍ݹͷσʔλΛֶशσʔ
λɼ৽͍ؒ͠ظͷσʔλΛςετσʔλͱ͢Δɽ

4.2 લॲཧ
3.1Ͱड़ͨख๏ͰɼΦʔμʔͷલॲཧΛ͏ߦɽຊ࣮ݧͰɼ

Φʔμʔͷࣗ༝ΛจλΠϓͱՁ֨ͷΈʹݶఆ͢ΔɽՁ֨ͷ
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ਂ͞ͷࣗ༝ 20ͱͯ͠ɼͦΕҎ্ͷՁ֨ʹೖͬͨΦʔμʔ
 20ͱͯ͠ྨͨ͠ɽલॲཧޙɼΦʔμʔͷࣗ༝Λදࣝ͢
ผූ߸ͷαΠζ I  I = 82ͱͳΔɽྨޙͷओͳΦʔμʔͷ
ग़ݱճൺΛ Table 1ʹࣔ͢ɽ

Table 1: ฑ 1925 ʹ͓͚Δྨൺ (ൺʹΑΔ߱ॱ)ɽ

ྨ จλΠϓ Ձ֨ࠩ ൺ

BidLO 1 0.076

AskLO 1 0.074

BidCancel 1 0.058

AskCancel 1 0.057

82ྨ
BidLO 2 0.056

(จλΠϓ+Ձ֨)
AskLO 2 0.056

...

AskMO — 0.019

BidLO 5 0.018

BidMO — 0.018
...

BidLO — 0.259

AskLO — 0.251

6ྨ BidCancel — 0.231

(จλΠϓ) AskCancel — 0.223

AskMO — 0.019

BidMO — 0.017

4.3 ࣮
খͱͳΔΑ͏ʹɼόοναΠζΛ࠷͕ࣜ(5) 5ͱͨ͠ϛχόο

νΛ༻͍ͨ֬తޯ߱Լ๏Ͱ࠷దԽΛ͏ߦɽಉྻܥͰ
LSTMͷϝϞϦηϧͷঢ়ଶอͭͭ࣋͠ɼ৽͍͠ྻܥηοτΛ
༻͍Δࡍʹঢ়ଶΛॳظԽ͢Δɽֶश࣌ʹɼ100Φʔμʔຖʹ
ޯใΛഁͨ͠غɽϋΠύʔύϥϝʔλ epoch 50ɼӅΕ
ͷϢχοτશͯ 40ɼυϩοϓΞτͷൺ 0.5ɼLSTM

ͷ 1ͱͨ͠ɽਂֶशϑϨʔϜϫʔΫͱͯ͠ chainerΛ༻
࣮ͨ͠͠ɽ

5. ݁Ռͱߟ

5.1 ϞσϧͷධՁ
ςετσʔλΛ༻͍ͯɼֶशࡁΈϞσϧʹΑΔ༧ଌͱධՁΛ

ɽ·ͣɼLSTM͏ߦ ͷϝϞϦηϧͷঢ়ଶΛಘΔͨΊɼ༧ଌΛ
Θͣઌ಄͔Βߦ 100ΦʔμʔΛೖྗ͢Δɽ࣍ʹɼΓͷྻܥΛ
༻͍ͯ 1Φʔμʔ͝ͱͷ༧ଌͱධՁΛஞ࣍తʹ͏ߦɽϞσϧ
ޙͷ 1 ΦʔμʔͷΈΛະͷͷͱ͠ɼEncoder-Decoder

Ϟσϧͷ͝ͱ͘ग़ྗΛࣗΒͷೖྗͱͯ͠༩͑Δ͜ͱ͜͜Ͱ
Θͳ͍ɽߦ
݁ՌͷධՁɼલॲཧͰͷྨʹΑΔ 82ྨͦͷ··Ͱͷ

ධՁͱɼ6 ྨͰͷධՁΛ͏ߦɽ82 ྨͰɼग़ྗͰಘΒΕ
Δ͖݅֬ͷ࠷େͱͳΔූ߸Λ࠾༻͠ɼਖ਼ղϥϕϧͱൺֱ
͢Δɽ6ྨධՁͰɼͦͷ 82ྨͰ༧ଌͨ͠จͷλΠϓ
ͱՁ֨ͷ͏ͪจͷλΠϓ͚ͩΛରͱͨ͠ 6 ྨͰͷධՁ
Λ͏ߦɽྫ͑ɼಘΒΕͨ༧ଌ͕λΠϓ AskLOͰՁ֨ࠩ 2Ͱ
ਖ਼ղϥϕϧ͕λΠϓ AskLOͰՁ֨ࠩ 3ͷ߹ɼ82ྨͰ
ͱผ͢Δͷʹର͠ɼ6ྨධՁͰਖ਼ͱධՁ͢Δɽ6ྨޡ
ධՁͰɼཻΛૈ͘͢Δ͜ͱʹΑͬͯɼϞσϧ͕จͷํ
ੑʹରͯ͠Ͳͷఔઆ໌Ͱ͖Δ͔ΛධՁ͢Δɽ

݁ՌΛ Table 2ʹࣔ͢ɽ82ྨͱ 6ྨ͍ͣΕɼTable 1

ʹࣔ͢ग़ݱճ࠷େͷൺΛ্ճΔɽ͜ͷ͜ͱ͔ΒɼϞσϧ
ेʹֶश͓ͯ͠ΓɼΦʔμʔͷ༧ଌՄͰ͋Δͱ͑ݴΔɽ

Table 2: ධՁํ๏ͱਫ਼ɽ

ධՁํ๏ ฑ ਫ਼

82ྨ
1925 0.201

2503 0.240

6ྨ
1925 0.460

2503 0.439

5.2 ӅΕͷΫϥελϦϯά
ʹ࣍ embedding ͷॏΈΛੳ͢Δɽembedding ͷ֤

ΦʔμʔʹରԠ͢ΔॏΈɼembeddingͰͷ֤ΦʔμʔΛ
ද͢ݻ༗ͷϕΫτϧʹରԠ͢Δɽ͜ͷ ݩ࣍40 ͷϕΫτݸ82
ϧʹओੳΛ͢ࢪɽಘΒΕͨୈҰओ͔Βୈेओ·
ͰΛ༻͍ͯ k-meansΫϥελϦϯάΛ͏ߦɽ݁ՌΛୈҰओ
ͱୈೋओ্ʹϓϩοτͨ͠ͷΛ Figure 3ʹࣔ͢ɽ

Figure 3: embedding ͷओੳͱΫϥελϦϯάͷ݁ՌɽPC1: ୈҰ
ओɽPC2: ୈೋओɽ֤ϓϩοτʹରԠ͢Δࣈ֤ࢦʗΩϟϯηϧ
จͷ͔ΒͷՁ֨ࠩͰ͋Δɽߦจ-1 ͱͯ͠ද͢ݱΔɽϓϩοτͷܗ
จͷλΠϓΛද͠ɼ৭ΫϥελϦϯάͷ݁ՌΛද͢ɽਤதӈԼͷਤɼ
ഁઢͷࢦͷจ͕ଟ͘ू·Δൣғͷ֦େਤɽ

·ͣจͷλΠϓͷશମతͳ͚ͩΛΈΔͱɼx = −0.3

ۙΛڥքͱͯ͠ചΓଆʗങ͍ଆͰେ·͔ྨͰ͖͍ͯΔͱݴ
͑ΔɽಛʹΩϟϯηϧɼࢦʗΩϟϯηϧͱചΓʗങ͍Ͱ͍
ͣΕ͖ͬΓͱ͔ΕΔɽ͞Βʹ PC1, PC2্Ͱઢܗͷ
Δɽ͑ݟʹΔΑ͏͋ʹؔ
ΫϥελϦϯάʹؔͯ͠ɼΩϟϯηϧചΓʗങ͍͚ͩͰ

ͳ͘Ձ֨ͷେখʹΑ͔ͬͯΕ͍ͯΔɽҰํɼࢦจച
Γʗങ͍ʹྨͰ͖͍ͯͳ͍ɽ͔͜͜ΒɼϞσϧ͕ࢦʹؔ͢
ΔใΑΓΩϟϯηϧʹؔ͢ΔใΛଊ͍͑ͯΔͱղऍͰ͖
Δɽͨͩɼ͜ͷΫϥελϦϯά embeddingͷॏΈͷ PC1

ͱ PC2ͷΈʹΑΔͷͰ͋ΓɼෳࡶͰඇઢܗͳϞσϧͰ͋Δ
χϡʔϥϧωοτϫʔΫͰɼ͞Βʹ্ͷͰࢦͷใΛࣝ
ผ͢Δ͕͋ߏػΔՄੑ͋Γɼੳͷ༨͕Δɽ

6. ·ͱΊ

ຊڀݚͰɼΦʔμʔͷ༧ଌΛ͍ߦɼ͞Βʹχϡʔϥϧωο
τϫʔΫͷॏΈ͔ΒΦʔμʔͷྨੑࣅΛݟΔ͜ͱ͕Ͱ͖ͨɽ۩
ମతʹɼલॲཧͱͯ͠Φʔμʔͷූ߸ԽΛ͍ߦɼLSTMΛ༻

3



ͬߦΛݧͷΦʔμʔΛ༧ଌ͢ΔϞσϧͷֶशɾ༧ଌͷ࣮͍࣍ͯ
ͨɽ͞ΒʹֶशࡁΈ embedding ͷॏΈΛੳ͢Δ͜ͱͰɼ
֤ॏΈʹରԠ͢ΔΦʔμʔͷϕΫτϧͷΫϥελϦϯάΛͬߦ
ͨɽࠓճͷΦʔμʔͷ༧ଌҎ֎ͷͰɼΦʔμʔϕʔεͰ
χϡʔϥϧωοτϫʔΫΛֶश͢Δ͜ͱʹΑͬͯɼΦʔμʔͷ
͕ಘΒΕΔՄੑ͕͋ΔɽઃఆʹΑͬͯɼࣅྨੑؔ
ͦͷ͕ؔੑͲͷΑ͏ʹมΘΔ͔ڵຯਂ͍ςʔϚͩͱࢥΘ
ΕΔɽ
ຊڀݚͷϞσϧͷೖྗɼ൘ͷঢ়ଶʹؔ͢ΔใΛؚΊͳ

͍ɼΦʔμʔϕʔεͰ͔ͭՁ֨ใ͔ΒͷՁ֨ࠩΛ༻͍
ͨɽ͔͠͠൘ͷঢ়ଶʹΑͬͯΦʔμʔͷҙຯมΘΔͱ͑ߟΒ
Εɼվળͷ༨͕͋Δɽྫ͑ɼಉ͡Ձ֨ࠩͷΦʔμʔͰ͋ͬ
ͯɼεϓϨου͕େ͖͍࣌ͰεϓϨουͷதʹೖΓಘɼٯ
ͰεϓϨουͷ֎ʹೖΔ͜ͱʹͳΔɽ·ͨ 100 ԁʹର͢Δ
1ԁͱ 1000ԁʹର͢Δ 1ԁͱͰҙຯ͕ҟͳΔΑ͏ʹɼՁ֨
ͷେ͖͞ʹରͯ͠ͷՁ͕֨ࠩͭ࣋ҙຯҟͳΔɽ
͜ΕΛ౿·͑ͯޙࠓͷలͱͯ͠ɼ൘ͷঢ়ଶΦʔμʔ

ͷྔɼࠩؒ࣌ͱ͍ͬͨೖྗใͷ֦ॆɼՁ֨ࠩͷൺʹΑͬͯ
લॲཧͷྨΛ͏ߦͳͲͷ͕͛ڍΒΕΔɽ
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