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Algorithm 1: + > 5 1 > %
model = loadLatestModel()
model = updateVocabulary(recentUserClickPairs, model)

deleteTargetIDs = getDeleteTargetIDsFromDB()
model = deleteVocabulary(deleteTargetIDs, model)
model.train()

model.save()

KT VA VEDIAARDF VT4 VFEOBIZ, €TV CER
TEDETHOERTH S, TNSDEHER VLAY T4V
2R 2 DONBIZA T 5N B,
vocab FEF—RIIBITB7 T 7TOHEHMAOHBEERE 1> Ty
U A%EHT 5 R
vector 2 7 7 DTHM DR ML OFEE
index2word 27 7 DA YTy I ANS ) — R4 %EF K 72HD
YA b
nodeRelations
5V A bDFH
allRelations 27 7 DT RTOU%EEHT LY A b

L DOEPETNVICH R FET -2 28INT 20 TH 5,
I ANINZETF—RIZBELT, 77 72MET5, T
TIZHFAET BITHAD ATNZH U TR F ORI L& R Er
U BB OTERUICBE U TR 2 bve 5 2 2 LI s
%, BRI ERIZ TV T X LE Alogrithm 2 TH 5,

2OHMARER ) — RE2ETALORETIUETHS, €
TFIZHHEEE2MAS TS Z L TETUMBEARIEL, LWL
AN T 2FEDVEEIND RSV DH D, TDH—EHR
PAEARDHIOFFIIN LTI, FEET V2 SEHEHIFRT
LI ELTS, HIFRHROTEMZBELTIZ, 7970/ —RKp
SHIBRL. RERZ ML EHIBRT 5, FEHIBRN RO TERIZE L
T, 7704V Ty 7 A% ELRL LT, K~ L
REFT 5,

FEEEOF AL Algorithm] D@D TH 3,

75 7 DI S MOTHFIZ M 550 % EEL S

5 % B

UTZHSNIT L7003 DEREIT- 72,
o WHHZERNZ B 1T B HDIA A XM DI DIAATFIEIZEEART
ENIF Y DREE D



Algorithm 3: € 5 )L EEE D Hl i

Algorithm 2: € 7V EE OB

Input: recentUserClickPairs, model

model: output

previndex2wordLen = len(model.vocab)

# T O

foreach relation in recentUserClickPairs do
foreach item in relation do

if item in model.vocab then
|  model.vocab[item].count += 1

end

else
model.vocab[item] = Vocab(count=1,

index=len(model.index2word))
model.index2word.append(item)
end
nodel, node2 = relation
nodellndex, node2Index = model.vocab[nodel].index,
model.vocab[node2].index

model.nodeRelations[node 1 Index].add(node2Index)

model.allRelation.append( (nodelIndex, node2Index) )
end

end

# X7 MLVOBH

shape = (Ilen(model.vocab) - previndex2wordLen, model.size)
v = random.uniform(0, 1.0, shape)

model.vector = concatenate([model.vector, v])

Input: deleteTargetArticleIDs, model

Output: model

prelndex2word = model.index2word

# FPFE AT bV %Rk trained Vectors = dict()

for index, key in enumerate(model.index2word) do
| trainedVectors[key] = model.vector[index]

end

deletelndices = []

# MR R D J — R 2 REED S IR
for articlelD in deleteTargetArticleIDs do

if articlelD in model.vocab.keys() then
‘ deleteIndices.append(model.vocablarticleID].index)

del model.vocab[articleID]
end
end
#HIRHRD ) — RDORZ b L& HI

for index in sorted(deletelndices, reverse=True) do
del model.index2word[index]

np.delete(model.vector, index, 0)

end
# WD MG

for index, key in enumerate(model.index2word) do
model.vocab[key] = Vocab(count=model.vocab[key].count,

index=index)
end
#IRBE L 72 BB AN MLV E A

for index, key in enumerate(model.index2word) do
| model.vocab.vector[index] = trained Vectors[key]

end
#75TDIEEA VT Y 7 AN S delete WEE AN X

for prelndex in model.nodeRelations.keys() do
if prelndex in Deletelndices or prelndex >=

len(prelndex2word) then
| del model.nodeRelations[prelndex]

end

end
nodeRelations = dict(set)

for prelndex in model.nodeRelations.keys() do
nodelndexRelations = set()

for prelndex in model.nodeRelations.keys() do

if nodelndex < len(prelndex2word) then
word = prelndex2word[nodeIndex]

nodeIndexRelations.add(model.vocab[word].index)

end

= nodeIlndexRelations
end

end

model.nodeRelations = nodeRelations

# 7T TDWUA VT VI ANS delete W E AN R
allRelations =[]

for (r1, r2) in model.allRelations do
if both (rl1, r2) not in deletelndices and both (rl, r2) <

len(prelndex2word) then
allRelations.append((model.vocab[prelndex2word[r1],

model.vocab[prelndex2word[12]))
end
end
model.allRelations = allRelations

return model

nodeRelations[model.vocab[preIndex2word[prelndex]].index]
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