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• CRIM – Hybrid Approach

➢ Combination of two approaches

unsupervised supervised+

▪ Unsupervised : Pattern-based approach
▪ Supervised : Projection learning approach

➢ Dataset – SemEval2018 (general, medical, music)

▪ 2 query types, concept and named entity
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• CRIM – Hybrid Approach

➢ Unsupervised – Pattern-based hypernym discovery

▪ Pattern-based approach is known to suffer from low recall.
▪ Propose algorithm for increasing recall.

① input query 𝒒, Create empty set 𝑸.

𝑸

② Find co-hyponym(𝒒’) by using patterns.

“𝑋1, 𝑋2 𝑎𝑛𝑑 𝑋3”

enumeration patterns

▪ 𝑋1, 𝑋2, 𝑋3 are co-hyponym.

Y

𝑿𝟏 𝑿𝟐 𝑿𝟑
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• CRIM – Hybrid Approach

➢ Unsupervised – Pattern-based hypernym discovery

③ Insert 𝑞’ to 𝑄 and record frequency.

𝑸

𝑞1: 2

𝑞2: 3

𝑞3: 1

④ Score each co-hyponym 𝑞′ ∈ 𝑄, and rank top-𝑛. (in this paper 𝑛 = 5)

𝑺𝒄𝒐𝒓𝒆 = 𝒇𝒓𝒆𝒒𝒖𝒆𝒏𝒄𝒚 𝒒′ ∙ 𝒔𝒊𝒎𝒊𝒍𝒂𝒓𝒊𝒕𝒚 𝒒, 𝒒′

Embedding
embedding of 𝑞

embedding of 𝑞’

Top-n (if n=3)

Score1

Score2

Score3

Score4 Discard

▪ Similarity is cosine similarity of embeddings of 𝑞 and 𝑞’.
▪ Discard rest of ranking words 𝒒′ from 𝑸.
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• CRIM – Hybrid Approach

➢ Unsupervised – Pattern-based hypernym discovery

⑤ Add query 𝒒 to 𝑸. Create empty set of hypernyms 𝑯𝒒.

⑥ For each 𝒒′ ∈ 𝑸, search hypernym of 𝒒’ from corpus and add to 𝑯𝒒.

▪ Find hypernym by using Hearst’s Patterns.

𝑸

𝑞1: 2 𝑞2: 3

𝑞3: 1

𝑯𝒒
𝒒

“𝑌 𝑠𝑢𝑐ℎ 𝑎𝑠 𝑋”
“𝑌 𝑜𝑡ℎ𝑒𝑟 𝑡𝑎𝑛 𝑋”

…

Hearst’s patterns
𝑯𝒒

𝒒′ ∈ 𝑸

corpus
𝑌1

𝑌2
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• CRIM – Hybrid Approach

➢ Unsupervised – Pattern-based hypernym discovery

⑦ Score each candidate 𝒄 ∈ 𝑯𝒒, and rank.

𝑺𝒄𝒐𝒓𝒆 = 𝒇𝒓𝒆𝒒𝒖𝒆𝒏𝒄𝒚 𝒄 ∙ 𝒔𝒊𝒎𝒊𝒍𝒂𝒓𝒊𝒕𝒚 𝒄, 𝒒

▪ Similarity is cosine similarity of embeddings of 𝑐 and 𝑞.
▪ Output hypernym candidates according to score.

Embedding
embedding of 𝑞

embedding of 𝑐
𝒔𝒐𝒓𝒕𝒆𝒅 [𝒔𝒄𝒐𝒓𝒆𝟏, 𝒔𝒄𝒐𝒓𝒆𝟐, 𝒔𝒄𝒐𝒓𝒆𝟑 … ]

output



Method

CAU Machine IntelligenceLAB 7/21

• CRIM – Hybrid Approach

➢ Supervised – Learning projections for hypernym discovery

▪ Apply decision function to all candidate hypernyms.
▪ Input embeddings of 𝒒 and 𝒉.

Decision function
query 𝒒

candidate hypernym 𝒉

likelihood

• Model

Embedding
embedding of 𝑞

embedding of ℎ

▪ For input term 𝑞 and ℎ, search embedding 𝒆𝒒, 𝒆𝒉 ∈ ℝ𝒅×𝟏

𝒆𝒒, 𝒆𝒉
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• CRIM – Hybrid Approach

➢ Supervised – Learning projections for hypernym discovery

• Model

𝑷𝒊 = 𝝓𝒊 ∙ 𝒆𝒒
𝑻
, 𝒊 ∈ 𝟏,… , 𝒌

𝑑

𝑑

𝑘

𝝓 ×

𝒆𝒒

𝑑

1 𝑘

𝑻

= 𝑑

𝑘

𝑷

▪ 3-D projection matrix 𝝓𝒊 ∈ ℝ𝒅×𝒅 for 𝒊 ∈ 𝟏, … , 𝒌 , producing matrix 𝑷 ∈ ℝ𝒌×𝒅
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• CRIM – Hybrid Approach

➢ Supervised – Learning projections for hypernym discovery

• Model

▪ 𝑷 is 𝒌 projections of 𝒆𝒒, calculate similarity of 𝑷 and 𝒆𝒉.

𝒔 = 𝑷 ∙ 𝒆𝒉 , 𝒔 ∈ ℝ𝒌×𝟏

𝑘

𝑷𝑑 𝒆𝒉

𝑑

1× =

𝑘

1𝒔
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• CRIM – Hybrid Approach

➢ Supervised – Learning projections for hypernym discovery

• Model

▪ For 𝒔, affine transformation and sigmoid activation.
▪ Logistic regression, likelihood of hypernym.

𝒚 = 𝝈 𝑾 ∙ 𝒔 + 𝒃

query 𝒒

candidate hypernym 
𝒉 = 𝒉𝟏, 𝒉𝟐, 𝒉𝟑…

get embeddings projection and similarity logistic regression

likelihood for all 
candidate hypernym
𝑳 = 𝒍𝟏, 𝒍𝟐, 𝒍𝟑…

select top-ranked ones
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• CRIM – Hybrid Approach

➢ Supervised – Learning projections for hypernym discovery

• Training

▪ Train the model using negative sampling.
▪ For each pair of (query, hypernym), generate 𝑚 of negative samples.
▪ Loss for binary cross-entropy.
▪ Minimize loss by using Adam optimizer.

𝐻 𝑞, ℎ, 𝑡 = 𝑡 × log 𝑦 + 1 − 𝑡 log 1 − 𝑦
𝑞, ℎ, 𝑡 indicate query, candidate hypernym, target(1 for positive, 0 for negative) respectively
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• CRIM – Hybrid Approach

➢ Combination each approach

▪ Take top-100 candidates according to each(pattern-based, learning projection).
▪ Normalize scores and sum, rerank the candidates new score
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• Result of CRIM

▪ Run 1 used data augmentation.
▪ MAP(Mean Average Precision), MRR(Mean reciprocal rank), P@1(Precision at rank1)



Others

CAU Machine IntelligenceLAB 14/21

• Hybrid SVD & NN

▪ Use Combination of two approaches(Pattern-based, Distributional).
▪ Use extended Hearst-pattern(47) and for increasing recall, SVD to co-occurrence matrix of Hearst Pattern.
▪ Single nearest neighbor approach, use cosine-similarity of vector representations. 
▪ Compare to CRIM, 2(Medical, Music) tasks are better than previous.



Others

CAU Machine IntelligenceLAB 15/21

• SPON-Strict Partial Order Network

▪ Comprising of non-negative activations and residual connections.
▪ Use negative sampling for training.
▪ Augmented SPON is allow OOV input.

𝒈 𝒙 = 𝑹𝒆𝑹𝑼 𝒘𝟏⨂𝒙+ 𝒃𝟏

𝒇 𝒙 = 𝒙 + 𝒈 𝒙

𝝍 𝒙, 𝒚 =෍

𝒊

𝒅

𝒎𝒂𝒙 𝟎, 𝝐 + 𝒇 𝒙 𝒊 − 𝒚𝒊

scalar hyper-parameter
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• SPON-Strict Partial Order Network

▪ Compare to CRIM, except 1 task(Medical), other tasks are better than previous.
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• Recurrent Mapping Model

▪ Assume hypernym terms may come from different concept levels.
▪ Comprising with recurrent structure and residual connections.
▪ 𝑊𝜙 is learnable projection matrix, and shared during each Mapping unit.

𝑋 ∈ ℝ𝑑×1, 𝐴𝑖 ∈ ℝ𝑑×𝑑

𝑡 = 𝐴𝑖𝑋

ℎ𝑙 ∈ ℝ𝑑×1, 𝑙th level

෠ℎ𝑙+1 = 𝑊𝜙ℎ𝑙 , 𝑊𝜙 ∈ ℝ𝑑×𝑑, ℎ0 = 𝑡

ℎ𝑙+1 = ෠ℎ𝑙+1 + ℎ𝑙
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• Recurrent Mapping Model

▪ Weight vector can get by calculating ℎ𝑙 and candidate hypernym.
▪ Attention weight of level is viewed as prob of lying in level.

𝛼𝑙 =
exp ℎ𝑙 ∙ 𝑦

σ𝑘=1
𝐿 exp ℎ𝑘 ∙ 𝑦

෡𝐻 =෍

𝑙=1

𝐿

𝛼𝑙 ∙ ℎ𝑙

𝑠𝑦 = ෡𝐻 ∙ 𝑦
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• Recurrent Mapping Model

▪ Compare to others, except 3 metrics(Medical-MRR, P@5 and Music-MRR) ,others are better than previous.
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