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Supplementary Material

6. Proof of Theorem 3.2

In this section, we provide the supplementary proof for the
analysis in Sec. 3.2.

Proof. We first analyze the generalization gap on the train-
ing classes. For two source classes 7 and j with class-
conditional distributions ]51- and Pj, let S‘Z ~ ]Simi and
Sj ~ P bei.id. sample sets. According to Proposition 1
of [4], for any dg € (0, 1), with probability at least 1 — do,
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Next, we relate the training class distributions to novel
classes. Let /* C F and define the minimum class separa-
tion

A(F?) = inf inf [lpg(Fe) —

fEF* cie FPe)ll > 0.

Using Proposition 2 of [4] and Corollary 3 of [15], for any
01 € (0, 1), with probability at least 1 — 47,
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Finally, we combine Eq. (24) and Eq. (25) via the union
bound (Lemma 6.1). Let 6 > 0, set 6y = 6/2 and 61 = /2.

Then, with probability at least 1 — 4,
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In the following, we present the statement of Lemma 6. 1
along with its proof.

Lemma 6.1 Let {E;}" | be a set of events such that
P(E;) > 1 — 6, for some 6; > 0,i=1,...,n. Then,
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Proof. We start by expressing the probability of all events
occurring simultaneously in terms of their complements:
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where E denotes the complement of event F;.
Next, we make use of the standard union bound
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By the given condition P(E;) > 1 — 4;, we have
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Putting everything together, we conclude
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7. Detailed Experimental Setups
7.1. Datasets

We follow the commonly adopted standard dataset splitting
protocol to divide the classes into training, validation, and
test subsets.

For CUB-200-2011 [19], the dataset contains 11,788
bird images spanning 200 species, which are divided into
100 training, 50 validation, and 50 test categories.

For Stanford Dogs [6], the dataset consists of 20,580 la-
beled images covering 120 dog breeds worldwide, divided
into 70 training, 20 validation, and 30 test categories.

For Stanford Cars [7], it includes 16,185 images across
196 car models, partitioned into 130 training, 17 validation,
and 49 test categories.

For Flowers102 [16], the dataset comprises 8,189 images
representing 102 flower species, with splits of 51 categories
for training, 26 for validation, and 25 for testing.

7.2. Experimental details

Our method is conducted with PyTorch library on a sin-
gle NVIDIA 3090. We adopt the same data augmentation
strategies as prior works, including random cropping, ran-
dom horizontal flipping, and color jittering. For all bench-
mark datasets, the model is trained using SGD with a mo-
mentum of 0.9. The learning rate is set to 0.1, and the
weight decay is set to Se-4. For the Stanford Cars and Flow-
ers102 datasets, which exhibit more structured and distinc-
tive visual patterns, the collaborative enhancement between
lower-level features (i.e., F5'') is not applied. The model
achieving the best validation accuracy is retained for test-
ing, and all results are reported as the mean over 2,000 test
episodes. The confidence intervals are close to those of re-
cent methods and are omitted in the paper due to space lim-
itations.



