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We thank all reviewers for their constructive feedback. Two of the reviewers suggested additional intuition and
explanation for definitions and terminology (report, property, elicits, etc) which we will address. We would also like to
mention that we found and fixed an error in the top-k analysis; see response to R3. Individual responses follow.

R1: Thank you for your comments. As we state above, we will clarify terms like reports and properties.
R2:

Thank you for your comments and questions. We respond to your individual points below, but to address an overall
theme, we would like to emphasize that this is a theory paper. Our goal is to provide a general theoretical framework
which allows practitioners to design new surrogates for new settings without having to do so entirely from scratch. For
example, through our framework there is guaranteed to be a link function which gives consistency, and in most cases
the proof is constructive enough to derive it directly, as we illustrate with the abstain surrogate. We do not, however,
seek to create a new learning problem; when practitioners have a reason to study a new problem, they can apply our
framework to understand their problem better.

1. We feel that the best motivation for polyhedral losses is to enumerate the many examples which appear already in the
literature (hinge, top-k, abstain, Lovasz hinge, etc), rather than come up with new settings which may or may not be
of practical interest. Another motivation is the close connection with loss embedding, which is a natural approach to
designing convex surrogates (of any kind).

2. We deliberately chose not to focus on any specific setting, to emphasize the generality of our framework. This choice
does make the paper more abstract, so we adopted several running examples (hinge, abstain) to illustrate the results;
we will look for more places to add such illustration. Finally, in some sense, our results do deepen understanding of
specific settings. For example, we give new intuition for a proposed surrogate for the top-k classification problem, and
the Lovasz hinge: why it is not consistent, and more interestingly, for what problem it is consistent.

3. As mentioned above, we will provide more intuition for these definitions.

4. While we do not invent new learning settings, as justified above, our work does indeed provide new results for
specific settings, such as for top-k and the Lovasz hinge. For the latter, it was previously an open question if the Lovasz
hinge was a consistent surrogate for any of the broad array of settings it encompasses aside from Hamming loss — we
show that in fact it is not consistent for any of these settings.

5. We interpreted your comment to mean Bayesian regret (please correct us in the final review if we are mistaken). We
expect that one can prove a general form for such regret bounds, depending on certain parameters of the polyhedral
loss such as the maximum gradient and the minimum distance (in some sense) between embedded points. Given how
complex the analysis is to establish consistency, we have left the challenging question of regret bounds for future work.

R3:

Thank you for your comments and questions. First, the top-k correction: The form of the discrete loss in eq. (9) should
be slightly different, though the intuition is essentially the same: there is a term for the original top-k discrete loss, plus
a cardinality penalty, plus an additional term which allows one to express higher confidence in some labels than others
(but still from a discrete set). We have corrected the proof and exposition.

Regarding your questions:

1. Excellent question; we will add a discussion in the paper. The polyhedral loss given in Theorem 2 would likely
not be “computed” per se, as the discrete loss typically depends on the number of labels n, and one would want a
mathematical expression for the loss in terms of n. This expression, which is essentially the Fenchel conjugate of
a polyhedral function, follows from standard results in convex analysis [Rockafellar, (1997, Thm 19.1, Thm 19.2].
Similarly, the link 1) in Theorem 3 would be derived mathematically, which may be challenging in some cases but
typically straightforward, such as the new link we give for abstain loss.

2. The surrogate constructed in Theorem 2 is one consistent surrogate, but takes 2* dimensions. For which problems
this construction is as good as one could hope (i.e., yields the lowest dimensional consistent surrogate), and for which
the dimension could be significantly reduced, is a challenging open question, and the subject of our ongoing work.
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