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To solve the “when and what to transfer” problem under the challenging cross-domain cross- vs. ‘ E Iransductive
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task transfer learning setting, we propose a unified framework namely OTCE (Optimal Transport
Cross-tasleransfer
based Conditional Entropy), which can not only quantitatively evaluate that how much the . oo
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source task (model) benefits the learning of the target task, but also serves as a loss function to

Transfer

optimize the source representations to become more transferable to the target task. Figure 1: lllustration of different transfer learning settings.
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® Transferability Definition ® OTCE-based Finetune

» Source data » Target data » Maximizing OTCE score will lead to a more transferable feature representation.
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» Our OTCE metric aims to efficiently approximate the empirical transferability. 2: while sampling mini-batches within one epoch do
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> Solve the Optimal Transport problem to obtain an optimal coupling matrix 7, o 10:  Update 6,, h, using equation (6.2)
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where c(-,) = || -—- |2 is the cost metric, and H(m) = — X;2; Xj= 7;j logm;j is | | |
the entropic regularizer. » Cross-domain few-shot transfer learning experiments.
R R Model Method MNIST — Omniglot  Caltech101 — MinilmageNet
» Compute P(ys,y:) and P(ys) as: MAML [32] 88.60 4 1.14% 98.23 4 0.44%
~ A A MatchingNet [30] 87.92 + 1.10% 44.75 + 1.30%
P(ys,yi) = i, Plys) = P(ys, yt) ‘ ProtoNet [33] 83.11 + 1.34% 50.40 + 1.35%
J FewshotNet
o i wED, ) RelationNet [31] 69.35 + 1.62% 29.55 £ 0.61%
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Vanilla finetune 91.30 + 0.95% 49.49 +1.27%
» OTCE score is computed as the Negative Conditional Entropy OTCE-based finetune  92.32 4+ 0.87% 5136 + 1.33%
[ eNet Vanilla finetune 86.11 + 1.10%
OTCE = —HW(Y;IYS) OTCE-based finetune 90.52 + 0.94%
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» —H(Y;|Y;) lower bounds the log likelihood of the target classifier using the » Visual comparison: the optimized models exhibit both higher transfer accuracy
source feature extractor. 3! and OTCE scores.
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> Selected results for classification tasks

Standard setting, source domain: Painting
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2» Discussion
® Conclusions

» OTCE evaluates transferability for both image classification and semantic
Each point denotes a segmentation tasks.
classification task.

Correlation between
transfer accuracy and
+ transferability scores.

» It also helps the source model to be more transferable to the target task.

> Selected results for semantic segmentation tasks > It has been applied in source model (task) selection, multi-source feature fusion, etc.
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: / / | model architecture. » Deeply understand the theoretical explanations of our method
» Explore more applications in transfer learning, e.g., domain generalization.
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