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We propose Dynamic Multi-Domain Product Categorization (DMPC) problem:
* Multi-domain taxonomies challenge: e-commerce platforms usually maintain
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multiple business lines with relatively independent taxonomies; - Food Food
* Taxonomy evolving challenge: with the expansion and reorganization of o
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businesses, each category of taxonomy keeps evolving. e | Sea Fish/ picni\Food
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Conventional industry approaches (separately trained classifiers): R, .
* under-utilize the cross-domain data and their shared knowledge; &1 \_| | chanos . . @ Red Wine| cona
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* raise the expenses of maintenance for different classifiers. ) \ @ Red Wine
! Sardine Ice Cream
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Methods - TaLR framework | \

We reformulate the canonical text classification problem as a text relevance matching We propose and release Dynamic Multi-
problem. Our TaLR (Taxonomy-agnostic Label Retrieval) framework is structured into two Domain Datasets with 3 business lines.
stages: Retrieval and Reranking. Mapping scorer and contrastive learning are two plug-in

modules, both of which are associated with meta concepts. An example from dataset
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Concepts-based contrastive pretraining utpyts e wirig
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Experiment Results
We compare TaLR and other separately trained baseline models, indicating knowledge fusion: The accuracy of baselines and our TalR framework
. . . . . . . with variants on static multi-domain datasets
* TaLR achieves even higher accuracy when jointly trained on the mixed multi-domain data
» effectiveness of the two plug-in modules in TaLR framework is orthogonal .  Methods Overall QD BH  FG
* our usage of meta concepts is superior to simple concatenation Separate models
TF-IDF&LR 69.51 69.93 6823 69.95
_ _ _ _ o _ FastText 7462 7401 71.68 80.82
We compare inference time for online deployment requirement, indicating efficiency: BERT 83.49 84.82 79.93* 8423
* inferen f TaLR is much faster than vanilla model owing to the Retrieval BERT-+a 83.01 8645 79.02 75.32
e .e ce speed o | a S | uch faste t. an va a. odel o g t.o the Retrieval stage HMCN.F-RERT 14 8379 7700 81925
* the time consumption per item of TaLR increases linearly along with the number of classes  HiMatch-BERT 84.08 86.12 77.38 84.19
1 HiMatch-BERT+é 83.75 87.26* 77.26 78.53
- | - The accuracy of TaLR on the new taxonomy X R-]l.inear 76.57 7527 77.91 78.905
~o— TalR 2 | TalR | ogg4| . E Methods QD BH FG XR-Transformer 84.58" 79.74 79.23 84.58"
R 0.4 12 Venlla g _ N XR-Transformer+& | 81.45 8534 7459 7853
: _ 08 s BERT-matching | 9.00 1123  4.03 N
3 " 06 8 BERT-few-shot 4329 3519 29.80 P = 7 Ly (a): TaLR 8590 87.88 81.92 85.09
g R 0.4 & TaLR 60.57 6545 62.69 2 . Unified model
ngad).0959 - - o
o (ot (") contrastive 2071 04 00T Ot BERT Multi-task 63.00 8027 5028 44.29
ol fs oo en | " | F6 oo Bn | P (-) mapping scorer | 50.25 04.65 5929 BERT Multi-task+# | 67.79 8137 49.77 39.83
The Number Of Classes The Number Of Classes ! (b): TaLR 8623 88.16 82.48 85.25
TaLR ablation test
The accuracy on two dynamic test sets. A is the change of accuracy after evolving Validate the effeCtiveneSS Of TaLR to EZ; EE; E_)) {h:dl‘s giég gggg géig gi;?
QD—divide QD—integrate : _ : - - - - -
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. . 1 Xonom In - (D) (- + - - - -
BERT-matching| 6.66 11.95 +5.2913.39 223 -11.16 = d S robust to taxonomy evolving A _
BERT-few-shot | 90.51 43.54 -46.96| 86.79 50.16 -36.53 e TaLR can better transfer to new o ::Dncatenate_ concept text after product title
¢ nom ablate cretain modules
TalLR 90.11 69.71 -20.40| 85.20 81.48 -3.72 ax0no y MS: mapping scorer, CL: contrastive learning
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Datasets associated with this paper are released at https://github.com/ze-lin/TaLR.
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