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Abstract

Cross-taxonomy mapping, which links classification systems built for different purposes, is commonly addressed by
a two-stage pipeline that trains a classifier per taxonomy and combines their predictions; however, classification errors
propagate into the mapping and novel unobserved combinations cannot be represented. We reformulate it as an
alignment-and-retrieval problem that treats the mapping itself as a single label. Each mapping label is represented as
a composition of two classification-code embeddings, and documents are aligned with mappings using bidirectional
structural hard negatives that separate the two classification axes. Since this compositional representation assigns
coordinates even to combinations beyond a classifier's closed label set, novel fusion mappings are detected directly
via distance from the observed distribution. On two datasets science-patent and industry-patent the proposed method
outperforms the two-stage baseline in top-k retrieval and ranking quality, with notable gains on the long tail and in
novel-combination detection.
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embedding space with InfoNCE. The positive mapping vec(m;") and a structural hard negative vec(m; ) induce the
separation of the two classification axes between S and P.
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Fig. 2. Mapping performance (MRR) by frequency bin on
the science - patent domain. Mapping pairs are divided into
head, mid, and tail bins according to training frequency.
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