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Language Models as Hierarchy Encoders

Huggingface Hub

• Pre-trained LMs can predict relations like “A is B” and “B is C” but 

struggle to infer the transitive relationship “A is C” [1]

• These models typically encode hierarchical entities based on similarities

rather than structural relationships [2]

Existing pre-trained LMs lack explicit hierarchy interpretation
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Limitations of existing hyperbolic embeddings

• Classic hyperbolic embeddings, such as Poincare Embeddings [3] and 

Hyperbolic Entailment Cone [4], are static and only capture hierarchy 

within a fixed entity set

• Hyperbolic word embeddings [5] face limitations due to word-level 

tokenisation and unified word representations

• The output embedding space of transformer encoder-based LMs is often 

a d-dimensional hyper-cube due to the tanh activation function in the 

last layer. We can then construct a Poincaré ball of radius 𝑑 (a d-

dimensional hyper-sphere) so that its boundary circumscribes the 

output embedding space of LMs

• We utilise the sentence transformer architecture except that we 

exclude the normalisation layer after mean pooling over token 

embeddings as it prevents hierarchical organisation

• A directed acyclic graph 𝒢(𝒱, ℰ) where 𝒱 represents entities as vertices 

and ℰ represents direct subsumption relationships as edges

• Indirect subsumptions 𝒯 are derived from transitive reasoning

• Negative subsumptions are e1 ∈ ℰ, 𝑒2 ∈ ℰ ∉ ℰ ∪ 𝒯 (closed-world 

assumption)

• A form of non-Euclidean geometry characterised by its constant 

negative Gaussian curvature 

• The distance between points grows exponentially as they approach the 

manifold's boundary 

• Provides a theoretical guarantee for embedding tree-like structures [4]

• Poincaré ball: A d-dimensional open ball 𝔹𝑐
𝑑 = {𝐱 ∈ ℝ𝑑: 𝐱 2 <

1

𝑐
}

• Distance function: 𝑑𝑐 𝐮, 𝐯 =
2

𝑐
tanh−1( 𝑐 − 𝐮۩𝑐 𝐯 ) where ۩𝑐

denotes the Möbius addition.
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Hyperbolic Losses

• Hyperbolic Clustering Loss: to cluster related entities while distancing 

unrelated ones 

ℒ𝑐𝑙𝑢𝑠𝑡𝑒𝑟 = ෍

𝑒,𝑒+ ,𝑒− ∈𝒟

max(𝑑𝑐 𝐞, 𝐞
+ − 𝑑𝑐 𝐞, 𝐞

− + 𝛼, 0)

• Hyperbolic Centripetal Loss: to position the parent entities closer to the 

manifold’s origin than child counterparts

ℒ𝑐𝑒𝑛𝑡𝑟𝑖 = ෍

𝑒,𝑒+ ,𝑒− ∈𝒟

max( 𝐞+ − 𝐞 + 𝛽, 0)

• The overall loss is the linear combination of the above two losses.

• Subsumption Prediction Function: to probe the resulting HiT model 

to predict entity subsumptions

𝑠 𝑒1 ⊑ 𝑒2 = −(𝑑𝑐 𝐞1, 𝐞2 + 𝜆( 𝐞2 𝑐 − 𝐞1 𝑐))

Fig 1. Illustration of how hierarchies are explicitly encoded in HiT. 

Fig 2. Illustration of the impact of hyperbolic clustering and centripetal losses. 
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Evaluation

Task Definition

• Multi-hop Inference: Trained on asserted (one-hop) subsumptions and 

tested on transitively inferred (multi-hop) subsumptions

• Mixed-hop Prediction: Trained on incomplete asserted subsumptions 

and tested on arbitrary, probably unseen subsumptions

• Mixed-hop Prediction (Transfer): Trained on asserted subsumptions of 

one hierarchy and tested on arbitrary subsumptions of another hierarchy

• Evaluation Metrics: Precision, Recall, and F-score

Dataset

Results

Analysis

• The hyperbolic norms of entity embeddings in 

HiT capture the natural expansion of 

hierarchies

• HiT demonstrates a stronger linear 

relationship between entity hyperbolic norms 

and depths

Future Work

• Mitigate catastrophic forgetting

• Develop hierarchy-based semantic search
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