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Preparing an initial dataset having products, product descriptions, and

seed tags

!

Training the NER model using the initial dataset

|

Predicting pseudo-tags of the initial dataset using the NER model

)

Calculating confidence score for each of the pseudo-tags

¥

Determining a pseudo-tag to be a true tag when the confidence score of

the pseudo-tag is greater than a threshold

A
Preparing updated dataset by adding the predicted true tags to the

initial dataset

!

Performing the above process iteratively to keep updating the tags

!

Performing a function using the current tags
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FIG. 6
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Input:
unstructured_text_old_prds /* a set of unstructured text for each old product */,
unstructured_text_new_prds /* a set of unstructured text for each new product */,
list_of_old_prds /* a list of product categories */,
list_of_new_prds /* a list of product categories */,
bootstrap_tags_of old_prds /* a set of bootstrap tags as seed tags for each old product */
Output: a set of tags for each product
Procedure:
Begin
/* tbd_list_of_categories is to do list of product categories to learn tags*/
tbd_list_of categories = list_of_old_prds + list_of_new_prds
/* unstructured_text is all unstructured text for all corresponding product categories */
unstructured_text = unstructured_text_old_prds + unstructured_text_new_prds

While True: /* never-ending tag learning*/
If len(tbd_list_of_categories) == 0:
break /* if to do list is null, it means all product categories have enough good tags, so stop learn*/
/* use bootstrap tags and all unstructured text to generate dataset */
dataset = generate_dataset(bootstrap_tags_of_old_prds, unstructured_text);
model = train_NER_model(dataset) /* train the NER model using the new generated dataset */

for cate in tbd_list_of categories: /* iterate tbd_list_of_categories of product categories*/
/* use the model to predict the entities in the inputted unstructured text as pseudo tags */
pseudo_tags = model.predict(unstructured_text)
for p_tag in pseudo_tags: /* iterate all pseudo tags */
/* calculate the confidence score for a pseudo tag*/
conf_score_of_p_tag = cal_conf(p_tag, unstructured_text)
/* get bootstrap tags for this product category, if it is new product category, bootstrap_tags is null*/
bootstrap_tags = get_tags(bootstrap_tags_of_old_prds)
if conf_score_of_p_tag > threshold_of_tag_promotion:
/* if the confidence score of a pseudo tag is bigger than the promotion threshold */
bootstrap_tags.append(p_tag) /* add pseudo tag into bootstrap tags of this category */
end for /* end of for-loop for all pseudo tags */

if condition_of_stop_learning(bootstrap_tags):
/* if meet the condition of stopping learning tag */
/* delete this product from to_do_list of product categories */
else:
if cate in list_of_new_prds:
list_of old_prds.append(cate) /*ifitis new product, add it into old product list */
end for /* end of for-loop for all product categories */
/* continue with next iteration tag learning to increase recall for this category in to-do-list product categories */
end while /* end of never-ending tag learning*/

End
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# of tags
Products —

Garment & Large appliances | 1011 47 76 74 85 65

VO Vi V2 V3 V4 V5

FIG. 8
Products #\Of e Vo Vi
Emulsion facial cream 0 146
Makeup remover 0 93
Cleanser 0 109
Toner 0 143
Eyebrow pencil 0 75
Eyecream 0 116
Essence 0 140
Manicure 0 68
Sunscreen 0 110
Mask sheet 0 113
perfume 0 104
Desk 0 95
Bed 0 127
Sofa 0 126
TV stands 0 99
Portable closet 0 41
Wardrobe 0 108
Show Storage Cabinet 0 109
Dining Table 0 122
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