How can Explainability Methods be Used to Support Bug
Identification in Computer Vision Models?
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2 RELATED WORKS

2.1 Bug identification in software and machine
learning models
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2.2 Machine learning explainability
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3.1 Mixed method research
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Table 2: Summary of observations from the literature and formative study (main questions practitioners ask themselves within
the bug identification process), and their mapping to the probe functionalities (Fx) and orthogonal categories (Ox).
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Figure 1: Query tab (left) and overall explanations tab (right). When querying (1) explanations, results are displayed underneath

(2). The overall explanations tab shows both relevant (combinations of) concepts (3) and their association to each dataset class
(4), and allows for varying the parameters to compute them (5).

B> B>

% of images with this predicted class

among images with this ground truth.

% of images with this ground truth and
predicted class within the dataset.

Ground truth: American Golfinch (0.03) - Prediction: Pine Grosbeaks (0.92)
0.00, Downy :0.00, Gila +0.00, Hairy
Hooded Merganser: 0.00, Lesser Goldfinch: 0.02, Mandarin Duck: 0.03, Monk Parakeet: 0.00

:0.00,

OVERALL
% of times the feature is used
by the model within the dataset.

CLASS-SPECIFIC

% of images that contain the feature
among images with the predicted class.

| 88%

% of times the feature led to a correct / incorrect
prediction across images where the feature is used.

®

% of images that received a correct prediction among
images with the predicted class that contain the feature.

predicted class

Figure 2: Confusion matrix interactions. Our probe allows for different interactions with the explanations. E.g., when one clicks
on a cell of the confusion matrix (1) corresponding to the predicted class A and ground truth class B, she is directed towards the
corresponding local (2) (images corresponding to the cells A-A, A-B, B-A, B-B of the matrix) and global (4) explanations, as well
as more performance indications (3). Clicking on a local, visual explanation displays further local, textual explanations (5).
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5 USER-STUDY SET-UP
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BRIEF
Context:
A company wants to develop a system to support bird lovers in identifying the birds they
might see in their daily life.

Current model:

An intern developed a deep learning model for 10-class bird classification.

For this, he created a dataset by scraping images from the Web using Google search
engine, and applied some typical data augmentation methods (e.g. flipping and cropping
images, brightness transformation).

He then fine-tuned a ResNet model pre-trained on ImageNet on this data.

Your task:

Unfortunately, his internship now ended. The company asks you to take over his model. It
asks you to investigate whether the model developed by the intern can be deployed, or
whether it needs improvement. In this case, what issues should be improved on, and how?

Hooded merganser

Gila woodpecker Lesser goldfinch American goldfinch Pine grosbeak

Bufflehead
Monk parakeet
Downy woodpecker  Hairy woodpecker

Mandarin duck

Figure 3: Overview of the design brief. Examples of samples
of each class the model to be analyzed was trained on.

Gila Woodpecker images
[:] background

cactus red crown

red bottle

Prediction: gila woodpecker Prediction: pine grosbeak
Monk Parakeet images

green body

)

background

Prediction: monk parakeet Prediction: american goldfinch

Figure 4: Examples of implicit (green) and explicit (red) fail-
ures caused by irrelevant and incomplete features, e.g. the
model incorrectly uses the pixels corresponding to the cactus
to correctly predict the gila woodpecker class in the left im-
age. The bounding boxes show the features of the model. We
create the first failures by making sure that cacti are present
in all and only training samples of gila woodpeckers, while
the test images do not all contain a cactus. The second ones
are created by making sure that only the monk parakeet train-
ing samples present a green bird (and in a standard position),
while the test samples are more diverse.
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Bug | Description Example Creation method
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Table 4: Bugs introduced in the models of our design brief.
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6.1.3  Explainability allows to envision various, relevant bug cor-
rection methods. T px mr PwS KR "g
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6.1.4  Participants still missed certain bugs. Incorrect features vs.
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6.2 Different categories of explanations for
different users and bug identification steps
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Figure 6: Perceived usefulness of the different tabs of the
design probe. The ratings are displayed for each category of
participants.

CHI ’22, April 29-May 5, 2022, New Orleans, LA, USA

6.2.1 Local versus global explanations (F3, F4). Hypothesis valida-
tion emphasized with the diversity of explanations. T p r m» ®ms
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6.2.2 Explanation domain and medium (O2). Participants intu-

itively prefer in-domain explanations. w o owmopr pwopr
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The preferred, global medium depends on the familiarity with the
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6.2.3 Explanation scope (O1). Preference for explanations of bi-
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6.2.4 Use of domain knowledge (F9). Domain knowledge is used
for successful hypothesis formulation and validation. T s =
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6.2.5 Query-related explanations (F7). Pr P wswus
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6.2.6 Interactivity (F8). Interactivity to speed up and augment the
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Different categories of explanations for different users and debugging steps.
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Table 5: Summary of the insights from our user-studies.

7.2 Limitations
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Figure 7: Aggregated factors of the User-Engagement form
(short version) presented in boxplots.

7.3 Implications & Future Work

7.3.1 Need to develop user-experiences. Guidance. ss wa 1 x
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7.3.2  Usefulness of different explanation types. Explanations for
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Figure 8: Low-fidelity mock-up used in the co-creation sessions: query functionality and the result interface after a query.

Figure 9: Low-fidelity mock-up used in the co-creation ses"Figure 10: Low-
sions: example display of important concepts and rules for
one class, and their co-presence in other classes.

fidelity mock-up used in the co-creation ses-
sions: another example display of important rules and scores,
in comparison to the scores of related rules for other classes.

1

Figure 11: Display of the saliency maps within the probe.

Figure 12: Display of further local explanations.



CHI 22, April 29-May 5, 2022, New Orleans, LA, USA Balayn et al.

4 G

[: @
@ )
—®
—©

o )

Figure 14: Query page with (1) query input and (2)
query results.

Figure 13: Overall performance information provided in the design probe.

Figure 15: Local explanations presented as a result of clicking on a confusion matrix cell.
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Figure 16: Display of global explanations within our probe. (1) shows the overall explanations, (2) shows the class-specific
explanations, (3) shows the settings that can be tuned to compute the explanations. In (1), we show the global explanations
displayed within the interface: (a) shows the typicality score, (b) the frequency of times the concept (or rule) is salient within
the dataset, (c) the percentage of times when the image where the concept is salient got a correct inference, (d) and conversely
when it got an incorrect inference.
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