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What is Product Attribute Mining?
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BRAND SCREEN-SIZE PROD-LINE RESOLUTION HDR-COMPATABILITY

PANEL COLOROPERATING-SYSTEM

q Given product text
q Extract
q Attribute (types). E.g., “resolution”
q Values. E.g., “4K UHD”



What is Open-World and Why?
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q The set of attributes (types) and values are not known beforehand
q Want to find new attributes and new values

q Why?
q Existing types of products may get new attributes
q E.g., TV, HDR compatibility not seen 10 years ago

q New types of products may emerge
q E.g., VR headsets not seen 10 years ago

Attribute Value
Prior work (NER) Closed-world Open-world
OA-Mine Open-world Open-world



Weak Supervision
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q Full supervision is expensive and infeasible
q E-commerce products expand every day

q Our supervision: seed examples
q Give a few known attribute values, for each known product type
q Example:
q Tea: [[loose leaf, tea bag], [green tea, black tea]]
q Coffee: [[whole bean, k-cup], [dark roast, light roast]]



Problem Setting

5

(Item Form)
Loose leaf
Tea bag
Sachet

…

(Type)
Green tea
Black tea

Oolong tea
…

…

PT = Tea
(Item Form)
Whole bean

K-cup
Sachet

…

(Flavor)
Cinnamon 

Vanilla
Pumpkin hazelnut

…

…

PT = Coffee

…

q Input
q Product data: product text + product type
q E.g., tea product: “Two Leaves and a Bud Organic Peppermint Herbal Tea Bags…”

q Weak supervision: seed attribute values for a few known types
q E.g., {tea: [[green tea, black tea], [loose leaf, tea bag]], coffee: [[whole bean, k-cup]]}

q Output
q New attribute types and values



Our Contributions
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q New problem: 
q Open-world attribute mining
q Weak supervision

q New data:
q Amazon data with human annotations

q New solution:
q A principled framework w/ a focus on attribute-aware representation learning.



Our Dataset
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q 80.6K Amazon products from 100 
product types

q Development set
q Covers all 100 product types
q Labels derived from Amazon product profiles

q Test set
q Covers 1,943 products from 10 product types
q Each labeled by 5 MTurk workers
q Consolidated by expert knowledge associates

Figure. Our labeling tool



Why Open-World Attribute Mining? (cont’)
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q Attributes and values missing from the catalog
q Humans found 51 attributes, 21 are missing
q For the 30 attributes found in the catalog, 60% values missing



Observation from Data
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q Observation 1 (title first)
q To maximize exposure of products to customers, sellers usually pack the highlights of 

their product in the title 

q Observation 2 (bag-of-values)
q A product title rarely contains irrelevant information, and is a collection of attribute 

values 

q Observation 3 (value exclusiveness)
q With limited space in the title, the values seldom repeat 



Framework Overview
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Green Mountain Coffee Caramel …

Starbucks Pike Place Roast K-Cup …

Quaker Oatmeal Breakfast Cereal …

Life Breakfast Cereal, Cinnamon, …

… Step 1
Candidate Generation

Product Text and Types

…

caramel

cinnamon

Green Mountain
Starbucks

Pike Place Roast
blueberry

certified organic

Candidate Values
[ Starbucks, Dunkin, Green Mountain, illy….       ]
[ k-cup, ground coffee, instant coffee, beans … ]
[medium roast, dark roast, light roast, ….           ]

…

[ Quaker, Lucky Charms, Cap’N, …    ]
[ gluten-free, sugar-free, fair trade …  ]
[ cinnamon, crunch berries, lemon … ]

…

Discover new attributes & new values

Step 2
Value Grouping

[ Starbucks, Dunkin, ….    ]
[ k-cup, ground coffee, … ]

[ Quaker, Honey Nut, ….  ]
[ gluten-free, organic, …  ]

… …

Seed Attribute Value Sets
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Step 1: Attribute Value
Candidate Generation



Attribute Value Candidate Generation: Goal
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q Goal: obtain candidate attribute values from products with high recall
q Example
q Input: Green Mountain Coffee Roasters Caramel Vanilla Cream, Ground Coffee, 

Flavored Light Roast, Bagged 12 oz
q Output:  “Green Mountain Coffee Roasters”, “Caramel Vanilla Cream”, “Ground 

Coffee”, “Bagged”, “12oz”



Method: Title Segmentation from Perturbed Masking
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q Idea: pre-trained LM should capture 
word to word impact [1-3]

q Steps:
q Language model fine-tuning
q Build a word to word impact matrix
q Chunk out attribute candidates based on 

scores in the matrix

[1] Wu, Zhiyong, et al. "Perturbed masking: Parameter-free probing for analyzing and interpreting bert.” 
ACL (2020)
[2] Kim, Taeuk, et al. "Are pre-trained language models aware of phrases? simple but strong baselines for 
grammar induction.” ICLR (2020)
[3] Gu, Xiaotao, et al. "UCPhrase: Unsupervised Context-aware Quality Phrase Tagging." KDD (2021).

<latexit sha1_base64="F+C7GlEE23rcVGGhzIpbjVL7Iqc="></latexit>

s(wi, wi+1) = d(BERT(W/{wi})i,
BERT(W/{wi, wi+1})i)



Method: Title Segmentation from Perturbed Masking (cont’)
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q Chunking attribute values from the impact matrix
q We use chunking based on impact scores of adjacent tokens. If score < threshold, we 

do a split.

green  mountain  coffee  roasters  caramel  vanilla  cream  ,  ground  …

0.8 0.3 0.9 0.2 0.6 0.5 0.1 0.1



Quantitative Results
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Step 2: Attribute Value Grouping



Value Grouping Goal
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q Goal: group values into attributes with seed as guidance
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caramel vanilla cream

light roast

ground coffee

unsweetened
black tea

…

light roast
medium roast

dark roast
medium dark roast

…

vanilla
pumpkin
cinnamon

salted caramel
…

black tea
green tea
macha tea

…

bottled
sachet
packs

…

Seed (known attribute values): light roast, black tea, …

PT = coffee

PT = tea



Value Grouping Overall Idea and Challenges
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q Overall idea: clustering on value candidates
q Challenge:
q Pre-trained BERT is not attribute-aware
q Generalization to new attributes and product types
q Some attributes may not have human given seed values

q Noise from candidate generation



Problem with BERT Embedding for Attribute Grouping
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q Why not BERT + clustering?
q Distance metric between two embedding vectors does not fully capture attribute 

information

q Need to make phrase embedding attribute aware

Our Fine-tuningBERT + MLM



Attribute-Aware Fine-Tuning
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T1: Binary Meta-Classification

d( Dunkin, Starbucks ) < d( Dunkin, organic )
T2: Contrastive Learning

T3: Multiclass Classification

Shared 
BERT Encoder

……………

caramel

cinnamon

Green Mountain
Starbucks

Pike Place Roast
blueberry

certified organic

Multitask 
Fine-Tuning

Starbucks [SEP] coffee        coffee_brand
organic [SEP] cereal             cereal_specialty

(Dunkin, Starbucks) same_attr
(Quaker, organic)            diff_attr <latexit sha1_base64="1chC669fXFRkSVq8Nq49KBX0W94=">AAACBnicbVDLSsNAFJ34rPUVdSnCYBFclaQUdVlw48JFBfuANoTJdNoOnZmEmYkQQlZu/BU3LhRx6ze482+cpFlo64GBM+fcy733BBGjSjvOt7Wyura+sVnZqm7v7O7t2weHXRXGEpMODlko+wFShFFBOppqRvqRJIgHjPSC2XXu9x6IVDQU9zqJiMfRRNAxxUgbybdPhhzpKUYsvc38tPhIngZUIJlkmW/XnLpTAC4TtyQ1UKLt21/DUYhjToTGDCk1cJ1IeymSmmJGsuowViRCeIYmZGCoQJwoLy3OyOCZUUZwHErzhIaF+rsjRVyphAemMt9TLXq5+J83iPX4ykupiGJNBJ4PGscM6hDmmcARlQRrlhiCsKRmV4inSCKsTXJVE4K7ePIy6Tbq7kW9edestRplHBVwDE7BOXDBJWiBG9AGHYDBI3gGr+DNerJerHfrY166YpU9R+APrM8f2OeZ+Q==</latexit>

Lbinary

<latexit sha1_base64="OqQRm/wKt23LpdTx+3lPJplGHOU=">AAACC3icbVDLSsNAFJ3UV62vqEs3oUVwVZJS1GXBjQsXFewD2hAm00k7dDIJMzeFErJ346+4caGIW3/AnX/jNM1CWw8MnDnnXu69x485U2Db30ZpY3Nre6e8W9nbPzg8Mo9PuipKJKEdEvFI9n2sKGeCdoABp/1YUhz6nPb86c3C782oVCwSDzCPqRvisWABIxi05JnVYYhhQjBP7zIvzT8yTEkkQGIFbEazzDNrdt3OYa0TpyA1VKDtmV/DUUSSkAogHCs1cOwY3BRLYITTrDJMFI0xmeIxHWgqcEiVm+a3ZNa5VkZWEEn9BFi5+rsjxaFS89DXlYtl1aq3EP/zBgkE127KRJwAFWQ5KEi4BZG1CMYaMUkJ8LkmmEimd7XIBEtMQMdX0SE4qyevk26j7lzWm/fNWqtRxFFGZ6iKLpCDrlAL3aI26iCCHtEzekVvxpPxYrwbH8vSklH0nKI/MD5/ACDVnFg=</latexit>

Lcontrastive

<latexit sha1_base64="1ypHMgAkOqov4QfCmnD/8zVT9Hc=">AAACDnicbVDLSgMxFM3UV62vUZdugqXgqsyUoi4Lbly4qGAf0A5DJk3b0CQzJBmhDPMFbvwVNy4UcevanX9jZjqIth4InJxzb3LvCSJGlXacL6u0tr6xuVXeruzs7u0f2IdHXRXGEpMODlko+wFShFFBOppqRvqRJIgHjPSC2VXm9+6JVDQUd3oeEY+jiaBjipE2km/XhhzpKUYsuUn9JL9InmCGlPqpSlPfrjp1JwdcJW5BqqBA27c/h6MQx5wInb81cJ1IewmSmmJG0sowViRCeIYmZGCoQJwoL8nXSWHNKCM4DqU5QsNc/d2RIK7UnAemMptXLXuZ+J83iPX40kuoiGJNBF58NI4Z1CHMsoEjKgnWbG4IwpKaWSGeIomwNglWTAju8sqrpNuou+f15m2z2moUcZTBCTgFZ8AFF6AFrkEbdAAGD+AJvIBX69F6tt6s90VpySp6jsEfWB/fZoGdkA==</latexit>

Lclassification

Value Candidates

[ Starbucks, Dunkin, ….    ]
[ k-cup, ground coffee, … ]

…

Seed Attribute Value Sets

Unlabeled Data + 
Value Exclusiveness



Attribute-Aware Fine-Tuning: Model & Objectives
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q Shared encoder: BERT + entity pooling
q Objectives

BERT

Lipton black tea beverage

pooling

black tea

u

<latexit sha1_base64="u8FNBJUCCwH/7QYyeaSJTzsBqLA="></latexit>

Lbinary =
X
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<latexit sha1_base64="1WZpqfg5BTpH2Fd03WhkrbHLuEE="></latexit>

ŷ = Softmax(Linear(BERT(W [SEP]t)))

Lclassification = CrossEntropy(ŷ,y)



Self-Ensemble Inference & Iterative Training
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q Attribute discovery & noise handling: DBSCAN
q Discover attribute value cluster by local density
q Generates a large noise cluster

q Improving recall: classifier
q Use the classifier to pick values back from noise cluster to discovered attributes

q Iterative training
q Confident predictions from one iteration is used to train the next iteration
q Benefit: next iteration will have a more complete set of attributes for training



Main Experiments
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Generalization to New Attributes
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q Training: hold out 20% attributes
q Evaluation: on held out attributes
q 5-fold cross validation



Generalization to New Attributes (cont’)
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Generalization to Product Types w/o Seed
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q Training: 90 product types
q Evaluation: 10 new product types



Summary
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q New problem: 
q Open-world attribute mining
q Weak supervision

q New data:
q Amazon data with human annotations for E2E evaluation

q New solution:
q Attribute value candidate generation w/ LM
q Value grouping with attribute-aware fine-tuning and self-ensemble inference
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Thank you! 


