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Language Representation

• Basic task of Natural Language Processing (NLP)

• To represent human language (e.g., 
character/word/sentence/document) in computer language/coding



Naïve Language Representation

• Character Encoding
• ACSII
• UTF-8
• …

• One-hot Encoding

• Shortcoming
• Cannot express semantics

• Thesaurus: person & people
• Synonyms: dad & father
• Polysemy: bank & bank

• Large space



Language Representation with Semantics

• Token/ID based methods
• Context2Center: CBOW

• Center2Context: Skipgram

• FeatureModel: ELMO, GPT,  BERT

• Morphology based methods
• Word Morphology: prefix, suffix, root

• Sentence Morphology: grammar, syntax

• Document Morphology: Paragraph



Language Representation Evaluation

• General Semantics Task
• Word Similarity:

• (消费者, 顾客)

• (man, woman)

• Word Analogy: 
• 国王 – 男人 = 女王 –女人

• king – man = queen - woman

• Task Specific Evaluation
• Classification: Precision, Recall, F1, …

• Translation: BLEU

• …



General Semantics Task

• Word Similarity
• A list of pairs (word1, word2, score)

• High similarity, high rank: 𝑟𝑎𝑛𝑘_𝑠𝑐𝑜𝑟𝑒 = cos(𝑤𝑜𝑟𝑑1,𝑤𝑜𝑟𝑑2)

• Spearman’s correlation

• Word Analogy
• A list of pairs (head1, tail1, head2, tail2)

• Accuracy : head2 = argmax
𝑡∈W

cos head1 − tail1 + tail2, t

• The above is called 3CosAdd

• The other one expression, which is called 3CosMul, is head2 = argmax
𝑡∈W

cos 𝑡,𝑡𝑎𝑖𝑙1 ∙cos(𝑡,ℎ𝑒𝑎𝑑2)

cos 𝑡,ℎ𝑒𝑎𝑑1 +𝜖



Word Embedding: a demo case

• Semantics: similarity and analogy

• Naïve way: one-hot
• Hard to infer the semantics

• Distributed —— Word2vec
• A sentence: the man loves his son

• Assumption: similar words appear in similar contexts



Token/ID based methods

Center2Context: Skipgram

• 𝑃 "the" "loves" ∙ 𝑃 "man" "loves" ∙ ⋯

• 𝑃 𝑤𝑜 𝑤𝑐 =
exp(𝑢𝑜

𝑇𝑣𝑐)

σ𝑖∈𝒱 exp 𝑢𝑖
𝑇𝑣𝑐

• ς𝑡=1
𝑇 ς−𝑚≤𝑗≤𝑚,𝑗≠0𝑃 𝑤𝑡+𝑗|𝑤𝑡

• −σ𝑡=1
T σ−𝑚≤𝑗≤𝑚,𝑗≠0 log 𝑃(𝑤

𝑡+𝑗|𝑤𝑡)

Context2Center: CBOW

• P loves "the",man",his", son

• 𝑃 𝑤𝑐 𝑤𝑜1,…𝑜2𝑚 =
exp 𝑢𝑐

𝑇∙
1

2𝑚
σ𝑖
2𝑚 𝑣𝑜𝑖

σ𝑖∈𝒱 exp(𝑢𝑖
𝑇∙

1

2𝑚
σ𝑗
2𝑚 𝑣𝑜𝑗)

• 𝑃 𝑤𝑐 𝑊𝑜 =
exp 𝑢𝑐

𝑇 ത𝑣𝑜

σ𝑖∈𝒱 exp(𝑢𝑖
𝑇∙ത𝑣𝑜)

• ς𝑡=1
𝑇 𝑃 𝑤𝑡|𝑤𝑡−𝑚, … , 𝑤𝑡+𝑚



Problem

• Bias from Frequency
• “the” vs “microprocessor”
• Solution

• Subsample based on frequency

• Dropout Probability: 𝑃 𝑤𝑖 = max(1 −
𝑐

𝑓 𝑤𝑖
, 0)

• 𝑓(𝑤𝑖) is the word frequency, and 𝑐 is a constant, usually 10−3 or 10−4

• High Time Complexity
• O 𝒱

• 𝑃 𝑤𝑜 𝑤𝑐 =
exp(𝑢𝑜

𝑇𝑣𝑐)

σ𝑖∈𝒱 exp 𝑢𝑖
𝑇𝑣𝑐

• 𝑃 𝑤𝑐 𝑊𝑜 =
exp 𝑢𝑐

𝑇 ത𝑣𝑜

σ𝑖∈𝒱 exp(𝑢𝑖
𝑇∙ത𝑣𝑜)



High Time Complexity

• O 𝒱

• 𝑃 𝑤𝑜 𝑤𝑐 =
exp(𝑢𝑜

𝑇𝑣𝑐)

σ𝑖∈𝒱 exp 𝑢𝑖
𝑇𝑣𝑐

• Solution
• Negative sampling

• 𝑃 𝑤𝑜 𝑤𝑐 → max
• 𝑃 𝐷 = 1 𝑤𝑜, 𝑤𝑐 = 𝜎 𝑢𝑜

𝑇𝑣𝑐 → 𝑚𝑎𝑥. 𝜎 is the sigmoid function.

• 𝑃 𝑤𝑜 𝑤𝑐 → 𝑃 𝐷 = 1 𝑤𝑜 , 𝑤𝑐 ς𝑘=1,𝑤𝑘~𝑈(𝑤)
𝐾 𝑃(𝐷 = 0|𝑤𝑘 , 𝑤𝑐)

• 𝑈 𝑤 =
𝑓𝛼 𝑤

σ𝑖 𝑓
𝛼 𝑤𝑖

, is the powered unigram distribution. 𝛼 is a constant (e.g., 
3

4
) and 𝐾 usually is 

set as 5.

• Hieratical softmax
• Space for time



Global Vectors

• Skipgram
• Standard

• 𝑃 𝑤𝑜 𝑤𝑐 =
exp(𝑢𝑜

𝑇𝑣𝑐)

σ𝑖∈𝒱 exp 𝑢𝑖
𝑇𝑣𝑐

• −σ𝑡=1
T σ−𝑚≤𝑗≤𝑚,𝑗≠0 log𝑃 𝑤𝑡+𝑗 𝑤𝑡

• Another View

• 𝑝𝑖𝑗 = 𝑃 𝑤𝑗 𝑤𝑖 =
exp 𝑢𝑗

𝑇𝑣𝑖

σ𝑘∈𝒱 exp 𝑢𝑗
𝑇𝑣𝑖

• −σ𝑖∈𝒱σ𝑗∈𝒱 𝑥𝑖𝑗 log 𝑞𝑖𝑗

• 𝑥𝑖 = 𝐶𝑖 , 𝑝𝑖𝑗 =
𝑥𝑖𝑗

𝑥𝑖

• GloVe
• 𝑝𝑖𝑗

′ = 𝑥𝑖𝑗 , 𝑞𝑖𝑗
′ = exp 𝑢𝑗

𝑇𝑣𝑖

• log 𝑞𝑖𝑗
′ − log 𝑝𝑖𝑗

′ 2
= 𝑢𝑗

𝑇𝑣𝑖 + 𝑏𝑖 + 𝑐𝑗 − log𝑥𝑖𝑗
2

• σ𝑖∈𝒱σ𝑗∈𝒱 ℎ 𝑥𝑖𝑗 𝑢𝑗
𝑇𝑣𝑖 + 𝑏𝑖 + 𝑐𝑗 − log 𝑥𝑖𝑗

2

• ℎ 𝑥𝑖𝑗 = ൝ 𝑥𝑖𝑗/𝑐
𝛼

𝑥𝑖𝑗 < 𝑐

1 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

2 1 5 2

i

2 3 2 1

i

21 522 321

1 52 3

2 4 1 1
𝑥𝑖𝑗

𝐶𝑖

ℎ(𝑥𝑖𝑗)

𝑥𝑖𝑗
𝑐 = 100



Problem

• Polysemy
• Bank & Bank

• He walks on the bank

• The bank is robbed



FeatureModel

• Image
• VGG16 & VGG19

• ResNet

• NLP
• TextCNN

• ELMO

• GPT

• BERT

TextCNN

VGG16



FeatureModel

• ELMO • GPT

• BERT



Drawback

• Ignore the abundant information in morphology
• Word Morphology: prefix, suffix, root

• Sentence Morphology: grammar, syntax

• Document Morphology: Paragraph

• OOV Word



Morphology based methods

• Alphabetic
• Subword: prefix, suffix, root

• Logogram
• Character

• Stroke

• Glyph



Morphology Word Embedding for Alphabetic 

• sisg
• fasttext

• “declare”, “clarify”  root word “clar”

• (“dog”, “dogs”), (“interest”, “interesting”)

• Subword n-gram
• where   <where>

• 3-gram  <wh, whe, her, ere, re>

• 3 ≤ 𝑛 ≤ 6 and attach a special subword “where” or “<where>”

• 𝑣𝑤 = σ𝑔∈𝒢𝑤
𝑧𝑔

• 𝑃 𝑤𝑜 𝑤𝑐 =
exp(𝑢𝑜

𝑇𝑣𝑐)

σ𝑖∈𝒱 exp 𝑢𝑖
𝑇𝑣𝑐



Morphology Word Embedding for Logogram

• Character

• 𝑢𝑗 = 𝑤𝑗 ⊕
1

𝑁𝑗
σ
𝑘=1

𝑁𝑗
𝑐𝑘

• Stroke



Glyph

• GWE • Glyce



Dual channel view for Morphology Logogram

Sequential

• Character

• Stroke

Spatial

• Glyph



Problem

• High Time Complexity

• High Computing Resource

• Weak Interpretability
• Only can infer similarity and analogy



Future Work

• Try to compress corpus into knowledge graph
• Reduce time complexity

• Reduce computing Resource

• Strong interpretability

• High interactivity



Summary

• Challenge
• Semantics

• Distributed Embedding
• Polysemy

• Feature Model
• OOV

• Quality Evaluation
• General semantics task: word similarity, word analogy
• Task specific evaluation: classification, translation

• Practical
• Time Complexity

• Negative Sampling
• Interpretability

• ？
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