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TRADITIONAL DL MODEL ASSESSMENT
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TEST INPUT GENERATION APPROACHES
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Guo et al., FSE 2018
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TEST INPUT GENERATION APPROACHES
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SINVAD

Kang et al., ICSE 2018
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DEEPJANUS

Riccio and Tonella, FSE 2020
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BY TEST INPUT
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14



HUMAN ASSESSMENI
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EMPIRICAL STUDY: TEST GENERATORS DATASETS

« RAWINPUT MANIPULATION
"\ » DEEPXPLORE [PEI ET AL., SOSP 2017]

» DLFUZZ [GUO ET AL., FSE 2018]

Q MODEL-BASED INPUT MANIPULATION
» DEEPJANUS [RICCIO AND TONELLA, FSE 2020]

GENERATIVE DL MODELS
» SINVAD [KANG ET AL., ICSE 2018]
» FEATURE PERTURBATIONS [DUNN ET AL., ISSTA 2021]
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LESSONS LEARNT

:  NO MODEL
:  AVAILABLE FOR
:  |IMAGENET-1K
Too aggressive raw data Generative DL models Model-based techniques
manipulations lead to should carefully explore the require high-quality
invalid inputs latent space model representations
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validators preservation

check in- IS mostly
distribution overlooked
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EXTRA SLIDES

% Valid % Hum. % Pres.

Dataset SO Human Agree. Labels

ImageNet-1K
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85
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100
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81
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9
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