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Figure 1. We study concept bottleneck models that first predict
an intermediate set of human-specified concepts ¢, then use cto
predict the final output y. We illustrate the two applications we
consider: knee x-ray grading and bird identification.
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I Methods
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Figure 1. We study concept boitleneck models that first predict
an intermediate set of human-specified concepis ¢, then use ¢ to
predict the final output y. We illustrate the two applications we
consider: knee x-ray grading and bird identification.
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Figure 3. Successful examples of test-time intervention, where intervening on a single concept corrects the model prediction. Here, we
show examples from independent bottleneck models. Right: For CUB, we intervene on concept groups instead of individual binary
concepts. The sample birds on the right illustrate how the intervened concept distinguishes between the original and new predictions.
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Figure 2. Left: The shaded regions show the optimal frontier between task vs. concept error. On OAI, we find little trade-off; models can
do well on both task and concept prediction. On CUB, there is some trade-off, with standard models and joint models that prioritize task
prediction (i.e., with sufficiently low \) having lower task error. For standard models, we plot the concept error of the mean predictor
(OAI) or random predictor (CUB). Mid: Histograms of how accurate individual concepts are, averaged over multiple random seeds. In
our tasks, each individual concept can be accurately predicted by bottleneck models. Right: Data efficiency curves. Especially on OAL
bottleneck models can achieve the same task accuracy as standard models with many fewer training points.
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Figure 4. Test-time intervention results. Left: Intervention substantially improves task accuracy, except for the control model, which
is a joint model that heavily prioritizes label accuracy over concept accuracy. Mid: Replacing ¢ — y with a linear model degrades
effectiveness. Right: Intervention improves task accuracy except for the joint model. Connecting ¢ — y to probabilities rescues
intervention but degrades normal accuracy.
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