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(oIl ) Captum - Model Interpretability - % [EE

i ¢ G Gﬂ E‘l https://captum.ai/tutorials/Titanic_Basic_Interpret A E'DII oy f'f i
@Captum Docs Tutorials API| Reference  GitHub i
Captum Tutorials Getting started with Captum - Titanic Data Analysis
Overview

In this notebook, we will demonstrate the basic features of the Captum interpretability library through an example model trained on the Titanic
Introduction to Captum survival data. We will first train a deep neural network on the data using PyTorch and use Captum to understand which of the features were most

Getting started with Captum important and how the network reached its prediction.

Note: Before running this tutorial, please install the scipy, pandas, and matplotlib packages.

Attribution
Interpreting text models In [2]:
Intepreting vision with CIFAR # Initial imports

import numpy as n
Interpreting vision with Pretrained pe Y F

Models import torch
Feature ablation on Images with from captum.attr import IntegratedGradients
ResNet from captum.attr import LayerConductance
Interpreting multimodal models from captum.attr import NeuronConductance
Interpreting a regression model import matplotlib
of California house prices import matplotlib.pyplot as plt

#matplotlib inline
Interpreting semantic
segmentation models from scipy import stats

import pandas as pd
Using Captum with
torch.distributed

We will begin by importing and cleaning the dataset. Download the dataset from https://biostat app vumc_ org/wiki/pub/Main/DataSets/titanic3 csv

Interpreting Deep Leamnin
preng Y d and update the cell below with the path to the dataset csv.

Recommender Models
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,From the feature attribution information, we obtain some interesting insights regarding the importance of various
features. We see that the strongest features appear to be age and being male, which are negatively correlated with
survival. Embarking at Queenstown and the number of parents / children appear to be less important features
generally.”
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,From the feature attribution information, we obtain some interesting insights regarding the importance of various
features. We see that the strongest features appear to be age and being male, which are negatively correlated with
survival. Embarking at Queenstown and the number of parents / children appear to be less important features
generally.”
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X — {XllXZI ,XM}
Posp(X) = RX Posg(¥) = U Posg(X;)

Negr(X) = U\ RX Neggr(x) = 0
Bng (X) = RX \ RX Bng (x) = U Bng(X;)




Zbiory przyblizone w pigutce
RX = {x € Us[x)s £ 1)
RX ={x e U:[x]g n X # 0} podreczniku.
|x]p = {X € U: xRx}

R = PgdzieP € Q
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X = {XllXZI ,XM}
Posp(X) = RX Posp(x) = UPosgp(X;) |

Negr(X) = U\ RX Negr(x) = 0
Bng(X) = RX \ RX Bngy(x) = UBng(X;)
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https://ksiegarnia.pwn.pl/Metody-i-techniki-sztucznej-inteligencji,68571785,p.html

Zbiory przyblizone w pigutce
W tak zdefiniowanej przestrzeni
_EX ={x € U:[x]r € X} aproksymacji mozna budowad
RX={x€eU:[x]p N X # @} rozne systemy decyzyjne.
[x]R _ {55 el ijc\} Przyktady w monografii.

R = P gdzie P C ()

Robert K. Nowicki

X — {XllXZI ,XM} Rough
Set—Based
Posp(X) = RX Posp(x) = UPosgr(X;) BRRiTein:

Negr(X) = U\ RX Negr(y) = @ Systems
Bng(X) = RX\ RX Bng (1) = U Bng (X))


https://link.springer.com/book/10.1007/978-3-030-03895-3
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Wartos¢ ZWI danego C’

IStOtnOéé atrybutu/_éw silnie zalezy od pozostatych

atrybutéw (C).
Przyktad w publikaciji.
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https://doi.org/10.62036/ISD.2024.32

T1tanic — 1stotno

Average Feature Importances

0.2
1 II

age sibsp pai re ale male  embark Cembark_ Qembark 5 dass 1 dass_2 dass 3
Features

Klasa podrozy traktowana jest dwojako — jako
jeden atrybut warunkowy class przyjmujacy
wartosci 1, 2 i 3 z ustalonym porzgdkiem oraz
jako trzy osobne atrybuty class_1, class_2 i
class_3. Podobnie miejsce zaokretowania
embark, lecz przy braku ustalonego porzadku.

SC atrybutow
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Podsumowanie

* Teoria zbiorow przyblizonych prof. Zbigniewa Pawlaka jest
nadal uzytecznym narzedziem do

* selekcji atrybutow

* interpretacji danych

* generowania regut

* przetwarzania danych niepetnych

* przetwarzania danych niejednoznacznych

* przetwarzania danych nieprecyzyjnych
* szeroko rozumianej analizy danych

B ... 6th Int. Conference "Neural Networks and Soft Computing,,
Zakopane, June 11-15, 2002. fot. Robert Nowicki lub Rafat Scherer*
*w trakcie ustalania
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Szukajcie naszych publikacji w roku 2025.
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