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7 features mais importantes

Feature importance: cover Feature importance: gain

title_in_query

category_notin_query

title_notin_query

product_views

category_in_query category_in_query

Features

query_notin_category

tags_len query_notin_category

tags_notin_query collection_notin_query
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SHAP (SHapley Additive exPlanations) is a unified approach to explain the output of any machine learning
model. SHAP connects game theory with local explanations, uniting several previous methods and
representing the only possible consistent and locally accurate additive feature attribution method based on

expectations.
[J slundberg / shap Dusedby~ 269 OWatchv 197 % Star 6,542 Y Fork 865
<> Code Issues 359 Pull requests 17 Projects 1 Wiki Security Insights

prediction
A unified approach to explain the output of any machine learning model.

interpretability machine-learning deep-learning gradient-boosting shap

explanation
D 976 commits ¥ 3 branches © 34 releases 42 65 contributors s MIT

Branch: master v New pull request Create new file =~ Upload files  Find File Clone or download v

ﬂ slundberg Merge branch 'master’ of https://github.com/slundberg/shap

Latest commit a6¢cb866 7 days ago

Nobel Laureate
Lloyd S. Shapley
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Visualizations
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Advertisement type
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A = # tokens in query
B = # tokens in features
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Resultados:

Produtos v

relevancia
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Shapley Values

product_views

product_age

price

tags_len

tags_notin_query [N

title_notin_query _
title_in_query - INNEGENG

collection_len
collection_notin_query
product_orders

query_notin_collection
query_notin_category
title_len

query_len
tags_in_query
query_notin_title

SHAP value for
produc_views
Features

query_notin_tags
subcategory_len
query_notin_subcategory
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e Entender as caracteristicas dos produtos que sao relevantes para os usuarios

e Agrupar produtos com explicagdes similares

e Verificar se mudancgas na ferramenta de busca vao gerar o resultado esperado antes
de ir para producao

e Validar caracteristicas relevantes

e Construir engines de busca personalizadas para usos especificos

15
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Machine
learning model

X = Espaco de features

Predictions :=y o _ Espaco de valores de Shapley

Data:=X

SHAP Explanations := S

Gera explicagdes locais e
globais para o conjunto
observado apenas
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|_~ H1 - Generalizagdo do modelo

f
X y
H2 - Novas observacgdes vém da
> mesma distribuicdo e portanto

l seguem as mesmas explicagoes.

, SHAP ,

| | ((Xex')y) ~— S

X' e x ~ Dist, = talque S =S’
SHAP
Xy) — S

Nova observacéao
SHAP: grande consumo de tempo para milhées de observagdes
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Xy) G (X,S'y) Ds Real or Fake

A A

A

(S.y) F (X",S,y) Dx Real or Fake

Cycle Loss GAN Loss
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Rm
Rm

G(x)

F(s)

Eloss = EGAN + EC’ycle

Espaco de features

. .- Espaco de Valores de Shaple
ou mais especi ficamente : e pley

EGAN (G’ DS) = Eszdata(s)a(wﬂy)'\'pdata(m7y) [log DS (I’ 87 y)]—I_E(w,y)diata(x,y) [1 - 1Og DS (:L" G(x’ y)’ y)] )
EGAN (F; DX) = EmNPdata(w)a(svy)diata(S7y) [log DX (CL‘, S, y)]_I_E(S,y)diata(S,y) [1 - 10g DX (F(S, y), S, y)]

(&
‘Ccyde (G7 F) - E(w)y)"’pdata(m)y) “ |F(G($‘, y)? y) - x| |1]+E(S,y)~pdam(s,y) H |G(F(37 y); y) - S‘ Il] .
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Para acompanhar o treinamento das redes foram utilizadas as métricas usuais de GANs:

e [, -taxa na qual o discriminador de X classificou dados falsos como reais;
e [, - taxa na qual o discriminador de S classificou dados falsos como reais;

e Mode collapse - valor bindrio indicando se foi observado que o gerador aprendeu um conjunto de saida que
engana facilmente o discriminador;

e (5 loss - perda do geragor de S;

e [F'loss - perda do geragor de X;

e D, loss - perda do discriminador de X;

e D loss - perda do discriminador de S;

e C'ycle loss - perda especifica da arquitetura do CycleGAN.
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Métricas provenientes dos valores de Shapley:

e SHAP Efficiency - acurdcia da soma dos valores de Shapley mais o predicao média comparada com a classe
real.

Métricas de andlise topoldgica:

e GeometryScore - métrica baseada nas caracteristicas topoldgicas dos dados;
e 1-d holes - niimero de buracos de dimensao 1 dos dados.

Métricas de distancia:

e FID - Fréchet Inception Distance;

Cos dist - distancia de cosseno;

L1 - distancia L1;

L2 - distancia L2;

KL - divergéncia de Kullback-Liebler;
JSD - divergéncia de Jensen-Shannon.



Convergéncia e validacao
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Distribution comparisons
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ExplicagOes globais

ShapleyGAN explanation

X _Feat_ 1
X _Feat_7
X _Feat_3
X _Feat_8
X _Feat_ 5
X_Feat_6
X _Feat_ 4

X _Feat 0

X _Feat_2 -

0.00 0.02 0.04 0.06 0.08 0.10
mean(|SHAP value|) (average impact on model output magnitude)
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SHAP explanation
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ShapleyGAN explanation SHAP explanation
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ShapleyGAN explanation SHAP explanation
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ShapleyGAN explanation

higher = lower

base value output value
0.1 0.3 0.5 0.7 0.86 09 1.1
X_Feat_6=-0.2915 X_Feat_1=0.004942 X_Feat 0 =0.09023 X_Feat 5=-0.118 X_Feat 7 =0.2008 X_Feat_4 =-0.3213 X_Feat_8 = -0.3991 X_Feat_3 =-0.5388

. SHAP explanation

higher = lower

base value output value
0.3 0.1 0.1 0.3 0.5 0.7 0.9 1.00 1.1 1.3
X_Feat_6=-0.2915 ' X_Feat_5=-0.118 . X_Feat_4 =-0.3213 X_Feat_8 = -0.3991 X_Feat_3 =-0.5388
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Distribution comparisons
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GAN School #01 - GAN tradicional e Conditional GAN
29/09/2020 - 19-21h

GAN School #02 - InfoGAN e CycleGAN
06/10/2020 - 19-21h

"Generative Adversarial Networks is the most interesting
idea in the last ten years in machine learning."
Yann LeCun, Director, Facebook Al

PR
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