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» Estimation: How accurate? 0.30 1
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» ldentification: Where is the model least accurate? . motoreyele  ~IFAR100
» Comparison: Is the model fair, e.g. equally accurate across different groups? | e ee  » 100 balanced classes
(Can replace accuracy with other performance metrics, e.g., calibration metrics) 020 ;lfélﬁfp_tmk » 50,000 images for training
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» How much confidence should we have in this assessment? I i model with110 layers
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» How best to increase our confidence given a limited budget for labeled data? bear overall accuracy on all test
| couch data: ~80%
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Overview: Active Bayesian Assessment Active Assessment with Thompson Sampling

Algorithm 1 Thompson Sampling(p, q, r, M)

Assessment model

train assessment b4 o select unlabeled 1: Initialize the priors on metrics {po(61),...,p0(0,)}
o 3:  # Sample parameters for the metrics 6

Labeled set Unlabeled 4f Og ~pi-1(0g),9=1,...,G L
‘ RYCLLLLLEE LR LLLL TN pool 5.  # Select a group g (or arm) by maximizing expected

reward

*
: »_ / Truelabel:y =
update : - 4 6: g« argmax, E, [r(2|g)]
labeled set = ‘ Predicted label: § = ¢ query label 7.  # Randomly select an input data point from group g
" group and compute its predicted label
®asssssssnnnnnnnnns? 8: x,iNRA
Label outcome z = 1(y = y) 9:  i(xi) = arg maxy pm (y = k|x;)
10:  # Query to get a true label (pull arm §)
11: 2z = f(Yi,9s(x3))
» Key assumption: availability of a pool of unlabeled data 12:  # Update parameters of the gth metric
» Main idea: we propose to actively labeling data points by iterating between 13:  pi(B3) o pi—1(85)q(zi|05)
. . 14: end for
labeling and assessing
» Assessment model: Bayesian assessment for confidence quantification » (p,q,r) are task specific. p(0) is the prior distribution of metric 8, g,(z| g)
» Select unlabeled data: Thompson Sampling is likelihood of the label outcome z for the g-th group, and r(z| g) is the

corresponding reward function.

lllustrative Results: Actively Identify the Least
Accurate Class of CIFAR100
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» Percentage of labeled samples needed to identify the least accurate
classes dropped by 71%
* We obtained similar performance gain for other assessment tasks (full
results in paper)

Our Contribution:

» Developed a general Bayesian framework to assess classification
performance metrics, including

!
"
» (3) confusion matrix, misclassification cost, etc

» Developed an active assessment framework for
» (1) estimation of model performance;

1) accuracy, reliability diagram, ECE;
2) performance difference;

» (2) identification of model deficiencies;
» (3) performance comparison between groups
» Demonstrated that our proposed approaches need significantly fewer
labels than baselines
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