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Abstract
Hyperbolic embeddings such as the Poincaré model effectively represent lexical hierarchies with low distortion,
yet their cross-lingual generalizability remains largely unexplored. This study investigates cross-lingual transfer by
training 20-dimensional Poincaré embeddings exclusively on Open English WordNet (OEWN) hypernymy relations
and evaluating on aligned Chinese Wordnet (CWN) synsets under a vocabulary-constrained transfer setting,
where CWN-relevant synsets appear in OEWN training data but no Chinese-language supervision is used. We
report robust statistical evidence based on the final 10 training checkpoints: Poincaré embeddings achieve 2.57×
higher Mean Reciprocal Rank (MRR) than Euclidean embeddings on CWN (0.030 ± 0.001 vs 0.012 ± 0.000,
p < 0.001, Cohen’s d = 34.48) and 5.61× higher on OEWN (0.016 ± 0.000 vs 0.003 ± 0.000, p < 0.001, d = 42.48).
Furthermore, hierarchical filtering leveraging the radial dimension of hyperbolic space provides substantial additional
gains: +74.6% MRR improvement on CWN and +25.8% on OEWN (both p < 0.001). The model achieves higher
absolute performance on the zero-shot CWN test set (MRR = 0.052 ± 0.002) than on the in-domain OEWN test
set (MRR = 0.020 ± 0.001). We attribute this to structural alignment: CWN’s broader branching factor (4.32
vs 1.10) and moderate depth naturally suit hyperbolic geometry’s capacity to compactly represent hierarchies.
Our findings demonstrate that geometric properties learned from English hypernymy transfer robustly across
languages when semantic structures align. We release the aligned CWN–OEWN hypernymy evaluation dataset
and complete evaluation framework to facilitate future research on geometry-based cross-lingual semantic modeling.
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1. Introduction

Modeling hierarchical semantic relations in lexi-
cal networks is a key challenge in computational
semantics. Euclidean embeddings capture sim-
ilarity but struggle with representing hierarchical
depth and branching (De Sa et al., 2018; Nickel
and Kiela, 2017). Hyperbolic geometry, with its
exponential volume growth, enables compact and
low-distortion representations of trees and tax-
onomies. The Poincaré embedding framework
effectively modeled WordNet hypernymy by map-
ping semantic generality to proximity to the origin
(Nickel and Kiela, 2017). Later studies expanded
hyperbolic representation learning to various man-
ifolds and asymmetric relations, consistently out-
performing Euclidean spaces in preserving taxo-
nomic order and hierarchy depth (Nickel and Kiela,
2018; Ganea et al., 2018; Le et al., 2019). Al-
though recent work explored its potential for cross-
lingual representation (Saxena et al., 2022), re-
search remains largely confined to English Word-
Net. Unlike English WordNet, which exhibits deep
taxonomic chains reflecting Western categorical
traditions, Chinese Wordnet reflects a conceptual
organization that prioritizes functional generality
and broader semantic groupings over fine-grained
categorical depth. For instance, the concept pi-
ano is organized under a deep chain in English

WordNet (musical instrument > device > artifact
> entity), whereas in CWN it connects directly to
broad categories such as “musical instrument” and
“equipment”—a pattern typical of CWN’s broader,
shallower taxonomy. This structural difference pro-
vides an ideal testbed for examining whether geo-
metric properties of hierarchical embeddings trans-
fer across typologically distinct lexical organiza-
tions. This structural difference provides an ideal
testbed for examining whether geometric proper-
ties of hierarchical embeddings transfer across ty-
pologically distinct lexical organizations.

This study aims to extend hyperbolic embed-
dings to cross-lingual lexical networks by training
on hypernymy relations from Princeton WordNet
(PWN) (Miller, 1995) and projecting corresponding
Chinese Wordnet (hereafter, CWN) nodes (Huang
et al., 2010) into a shared space. We evaluate how
well this space preserves CWN’s hierarchical rela-
tions, assessing the cross-lingual generalizability
of hyperbolic modeling and providing new insights
into the structural alignment of multilingual lexical
resources.

This study makes several contributions to cross-
lingual hierarchical representation learning. We
demonstrate robust cross-lingual transfer of hyper-
bolic embeddings from English to Chinese without
language-specific training, achieving higher per-
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formance on zero-shot Chinese evaluation than
on in-domain English tests. We provide both
theoretical and empirical evidence linking hierar-
chical structure—specifically branching factor and
depth—to embedding geometry effectiveness, ex-
plaining why structural alignment matters more
than language-specific patterns. To support re-
producibility and future research, we release the
CWN–OEWN aligned hypernymy dataset and
complete evaluation framework for cross-lingual hi-
erarchy modeling.

The rest of the paper is organized as follows.
We briefly reviews related work, describes the em-
bedding framework and dataset construction (Sec-
tion 3), illustrate the experimental results (Section
4), and finally concludes with limitations and future
directions.

2. Related Work

2.1. Hyperbolic Embeddings

Hyperbolic embeddings provide an efficient frame-
work for modeling hierarchical relations in lexical
semantics. Nickel and Kiela (2017) introduced the
Poincaré embeddings, mapping WordNet synsets
into a hyperbolic space that preserves hierarchi-
cal depth with substantially lower distortion than
Euclidean embeddings. De Sa et al. (2018) an-
alyzed the theoretical trade-offs of such models,
showing why hyperbolic spaces encode hierar-
chies compactly in low dimensions. The Lorentz
model (Nickel and Kiela, 2018) refined the formula-
tion by improving numerical stability, optimization
efficiency, and scalability for large datasets. How-
ever, Bansal and Benton (2021) found that high-
dimensional Euclidean embeddings can reach
comparable accuracy, suggesting that hyperbolic
geometry’s strength lies mainly in low-dimensional
efficiency.

Building on these foundations, later studies
extended hyperbolic representation learning to
model complex semantic and relational structures.
Ganea et al. (2018) modeled asymmetric hierar-
chical relations through entailment cones in hyper-
bolic space, where inclusion between cones en-
codes hypernymy and hyponymy. Balažević et al.
(2019) proposed the Multi-Relational Poincaré
(MuRP) model to represent overlapping hierar-
chies in knowledge graphs, while Le et al. (2019)
demonstrated that hierarchical relations can be
automatically induced from text using Hearst pat-
terns under hyperbolic constraints. Finally, Sax-
ena et al. (2022) aligned cross-lingual hierarchies
within shared hyperbolic spaces, suggesting their
potential for representing lexical networks in other
languages.

2.2. Chinese Wordnet
Chinese Wordnet (CWN) extends the WordNet
framework to Mandarin Chinese, representing lexi-
cal semantics via synsets and explicit semantic re-
lations. Adopting PWN’s ontology but adapted for
Mandarin Chinese, CWN accounts for language-
specific lexicalization, part-of-speech distinctions,
and sense granularity across nouns, verbs, adjec-
tives, and adverbs. The latest release1 of CWN
includes 29,321 lexical entries, 12,620 synsets,
and nearly 60,000 semantic relations, preserving
WordNet’s architecture while reflecting Mandarin
typology, such as morphological productivity and
polysemy. It provides a linguistically grounded re-
source for examining how Mandarin Chinese se-
mantic hierarchies can be embedded in hyperbolic
space.

3. Methodology

3.1. Poincaré Embeddings
Poincaré embeddings (Nickel and Kiela, 2017)
model hierarchical relations by mapping entities
into an n-dimensional Poincaré ball, a Riemannian
manifold with constant negative curvature. The
exponential growth of distances from the origin
allows compact representation of tree-like struc-
tures.

Formally, each node xi is represented as a point
in the open unit ball:

Bn = {x ∈ Rn : ∥x∥ < 1}. (1)

The distance between two points u and v in this
ball is defined by the Poincaré metric:

dB(u, v) = arcosh
(
1 + 2

∥u− v∥2

(1− ∥u∥2)(1− ∥v∥2)

)
.

(2)
To learn embeddings, the model minimizes a
ranking-based loss to preserve observed hierarchi-
cal relations while separating unrelated pairs:

L =
∑

(u,v)∈D

log e−dB(u,v)∑
v′∈N(u) e

−dB(u,v′)
, (3)

where D denotes true hypernym–hyponym pairs
and N(u) represents negative samples. Optimiza-
tion is performed via Riemannian stochastic gra-
dient descent to ensure all updates remain within
the unit ball. This implementation follows Nickel
and Kiela (2017), which trained on WordNet hy-
pernymy relations to obtain low-distortion embed-
dings of lexical hierarchies.

We use the aforementioned implementation with
modifications to support a two-stage learning rate

1https://lopentu.github.io/CwnWeb/

https://lopentu.github.io/CwnWeb/
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schedule. We train 20-dimensional embeddings
for 3000 epochs (see the Appendix for complete
training details).

To validate the effectiveness of hyperbolic geom-
etry for hierarchical representation, we train Eu-
clidean embeddings as a baseline for compari-
son, using the same model architecture with ap-
propriately scaled learning rates (0.5 and 0.25 for
the two training stages). This comparison fol-
lows established practice in prior work (Nickel and
Kiela, 2017; Sala et al., 2018), where Poincaré em-
beddings have consistently demonstrated superior
performance over Euclidean baselines for hierar-
chical data, as shown in Section 4.2.

Our implementation extends the Nickel and
Kiela (2017) and Bansal and Benton (2021) code-
bases to support two-stage learning rate schedul-
ing and checkpoint saving. To ensure full repro-
ducibility, we will make all code, preprocessing
scripts, and trained models publicly available upon
acceptance.

3.2. Data

We use the wn Python package2 (Goodman and
Bond, 2021) to extract the noun hypernymy rela-
tions from PWN. Similarily, we use the CwnGraph
0.3.03 to extract noun hypernymy relations from
CWN.

Since our hyperbolic embedding space is
trained on English data, testing whether the hier-
archical relations in CWN can be captured within
this space requires extracting the CWN synsets
that can be mapped to corresponding synsets in
the PWN.4 We thus align the CWN synsets with
PWN synsets by instructing gpt-5-mini. The in-
struction prompt is shown in Appendix A.

3.3. Dataset Split Strategy
We term our evaluation setting vocabulary-
constrained transfer: no Chinese-language
training is used, but the protected-node strat-
egy (described below) ensures all CWN test
synsets have corresponding representations in
the OEWN-trained embedding space, preventing
out-of-vocabulary errors. While this departs from
a strictly zero-shot protocol, it isolates the effect of

2We use the 0.13.0 version of wn package (i.e.,
oewn:2024), the Open English Wordnet derived from
PWN.

3https://github.com/lopentu/CwnGraph/tree/develop
4For example, if CWN synset α corresponds to PWN

synset A, and CWN synset β corresponds to PWN
synset B, and α is a hypernym of β, then we use the A–B
pair as a test case. If the model can correctly capture the
relation between A and B, this indicates its ability to rec-
ognize the corresponding hypernymy relation between
α and β.

geometric cross-lingual transfer from vocabulary
coverage issues. We discuss this limitation further
in Section 5.

Creating a valid train-test split for hierarchical re-
lation prediction presents a critical challenge: en-
suring vocabulary integrity across splits. Unlike
traditional classification tasks, where samples can
be randomly partitioned, our graph-structured data
requires that all nodes (synsets) appearing in test
edges must also appear in the training set to pre-
vent out-of-vocabulary (OOV) errors during evalu-
ation.

We employed a vocabulary-preserving split
strategy on the OEWN noun hypernymy graph,
which contains 88,200 hyponym-hypernym pairs.
To ensure comparability with the CWN test set
(1,182 edges), we targeted a test set size of ap-
proximately 2% of the OEWN data (1,764 edges).

Our splitting procedure follows these steps:

1. Identify protected edges: We first identified
12,348 edges containing at least one synset
that appears in our cross-lingual CWN evalu-
ation set. These edges are guaranteed to re-
main in the training set to ensure the model
learns representations for all CWN-relevant
synsets.

2. Sample candidate test edges: From the re-
maining 75,852 edges connecting synsets not
directly involved in CWN evaluation, we ran-
domly sampled candidate test edges.

3. Validate vocabulary coverage: Each candi-
date test edge was validated to ensure both
its source (hyponym) and target (hypernym)
nodes appear in at least one training edge.
Edges failing this criterion were rejected to
prevent OOV errors.

4. Construct final splits: After validation, 499
edges met the vocabulary coverage require-
ment, yielding a final training set of 87,701
edges. All test edges are guaranteed to con-
tain only synsets present in the training vocab-
ulary.

This conservative approach prioritizes evalua-
tion validity over test set size.

3.4. Test Sets
We employ two test set formats to enable compre-
hensive evaluation across different aspects of hi-
erarchical modeling.

Pairwise test sets (1,182 CWN pairs, 499
OEWN pairs) contain hyponym–hypernym pairs
for evaluating single-answer link prediction. For
each pair (u, v), we rank the true hypernym u
against all other synsets in the vocabulary. We
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compute both hierarchical ranking (incorporating
norm-based constraints where valid hypernyms
must have smaller norms than their hyponyms)
and distance-only ranking (using Poincaré dis-
tance alone).

Hierarchical test sets (997 CWN synsets, 498
OEWN synsets) contain complete ancestor struc-
tures organized by graph distance level (level 1 =
immediate parents, level 2 = grandparents, etc.).
Each entry includes all ancestors at each hierarchi-
cal level, enabling multi-answer ranking evaluation
and geometric fidelity assessment.

3.5. Evaluation Metrics
We evaluate model performance using comple-
mentary metrics that assess different aspects of hi-
erarchical representation learning. All metrics are
computed for both OEWN and CWN test sets.

Pairwise Ranking Metrics. Using the pairwise
test sets, we evaluate the model’s ability to iden-
tify the correct hypernym by ranking it against all
vocabulary synsets:

• Mean Reciprocal Rank (MRR): Measures
the average inverse rank of the true hyper-
nym. A higher score indicates the model con-
sistently places correct hypernyms at the top
of the ranking. Values range from 0 to 1.

Multi-Answer Ranking Metrics. Using the hier-
archical test sets, we evaluate the model’s abil-
ity to rank multiple valid ancestors for each query
synset:

• Mean Average Precision (MAP): Evaluates
the overall quality of the ranking by comput-
ing precision at each position where a true
ancestor appears, then averaging across all
ground-truth ancestors. Values range from 0
to 1, where higher scores indicate true hyper-
nyms are consistently ranked higher.

• Hits@K: Measures the percentage of test
cases where at least one true ancestor is
found within the top-K predictions. We report
Hits@1, Hits@3, and Hits@10 to assess per-
formance at different retrieval depths.

• Normalized Discounted Cumulative Gain
(nDCG@10): Assesses ranking quality with
position-based discounting and level-aware
relevance scores. We assign relevance as
relevance = max(3−(ℓ−1), 1), prioritizing im-
mediate ancestors (level 1: relevance=3) over
distant ones (level ≥ 3: relevance=1), then
apply logarithmic position-based discounting.
Values range from 0 to 1.

Geometric Fidelity Metrics. Beyond topologi-
cal accuracy, we assess whether embedding dis-
tances accurately reflect hierarchical structure.
Using the hierarchical test sets, we compare
the ground-truth hierarchical distance dtrue(u, v)
(shortest path length in the Wordnet graph) against
the predicted distance dpred(u, v) (Poincaré dis-
tance between embeddings, Equation 2):

• Spearman’s Rank Correlation (ρ): As-
sesses whether the model preserves the
monotonic relationship between graph dis-
tance and embedding distance. Values close
to 1 indicate that more distant ancestors con-
sistently have larger embedding distances.

• Mean Absolute Error (MAE): Measures
the average absolute deviation between pre-
dicted and true hierarchical levels:

MAE =
1

N

N∑
i=1

|dpred(ui, vi)− dtrue(ui, vi)| (4)

Lower MAE indicates more accurate distance
preservation.

3.6. Statistical Analysis
To ensure robust and generalizable conclusions,
we adopt a rigorous statistical methodology.
Rather than reporting single checkpoint results, we
analyze the final 10 training checkpoints (epochs
2775–3000; each checkpoint is 25 epochs apart),
representing the converged state of training. For
each metric, we compute mean and sample stan-
dard deviation across these checkpoints.

Statistical significance is assessed using paired
t-tests comparing the same checkpoints under dif-
ferent conditions (e.g., Poincaré vs Euclidean).
We selected paired t-tests specifically to ac-
count for correlated checkpoint measurements
and avoid inflated significance that could arise
from treating checkpoints as independent samples.
This conservative approach ensures our statisti-
cal claims remain valid despite multiple measure-
ments from a single training run. We report Co-
hen’s d effect sizes to quantify practical signifi-
cance.

4. Results and Discussion

4.1. Learned Hierarchical Structure
To understand how Poincaré embeddings orga-
nize semantic hierarchies, we first visualize the
learned representations. Figures 1 and 2 show the
biological taxonomy from the OEWN training data,
projected from 20 dimensions to 2D and 3D views,
respectively, for visualization.
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Figure 1: 2D visualization of biological taxonomy
in Poincaré space demonstrating cross-lingual
structural alignment. The radial gradient reflects
learned semantic generality without explicit super-
vision, with abstract concepts near the center and
specific instances toward the periphery.

The model exhibits the key theoretical property
of hyperbolic embeddings: a clear radial gradient
from abstract to specific concepts. Abstract bi-
ological categories cluster near the center, mid-
level terms occupy intermediate positions, and
specific instances position toward the periphery.
This three-tier organization spanning 960 biologi-
cal terms emerges purely from learning hypernymy
relations.

4.2. Performance Evaluation
We now evaluate the model’s performance using
Mean Reciprocal Rank (MRR) and Hits@K for
link prediction. Additional ranking metrics (e.g.,
MAP and nDCG) and hierarchical distance anal-
yses (Spearman’s ρ and MAE) are reported in Ap-
pendix C for completeness.

We report results based on the final 10 training
checkpoints (epochs 2775–3000) to account for
training variance, following the statistical method-
ology described in Section 3.6.

Geometry Comparison. We first compare
Poincaré and Euclidean embeddings using
distance-only ranking to ensure fair evaluation.
Poincaré embeddings significantly outperform
Euclidean across all metrics (Table 1, Figures 3
and 4). On the cross-lingual CWN test set,
Poincaré achieves 2.57× higher MRR (0.030 ±
0.001 vs 0.012 ± 0.000, t(9) = 95.81, p < 0.001,
Cohen’s d = 34.48), with Poincaré outperforming
Euclidean in all 10 checkpoints tested. On the

Figure 2: 3D view of biological taxonomy in the
Poincaré ball. The radial organization demon-
strates how hyperbolic space naturally encodes se-
mantic generality, with abstract concepts near the
center and specific instances toward the bound-
ary.

in-domain OEWN test set, the advantage is even
larger: 5.61× higher MRR (0.016 ± 0.000 vs
0.003 ± 0.000, p < 0.001, d = 42.48). Similar pat-
terns emerge for Hits@K metrics, with Poincaré
achieving 5.8× better Hits@1 performance on
both test sets. The extremely large effect sizes
(Cohen’s d > 30) reflect the fundamental geomet-
ric difference between hyperbolic and Euclidean
spaces for hierarchical data: as demonstrated the-
oretically by Sarkar (2011) and Sala et al. (2018),
hyperbolic embeddings achieve qualitatively lower
distortion for tree-like structures regardless of task
setting, making large effect sizes expected rather
than incidental. We acknowledge, however, that
the structural imbalance between our CWN and
OEWN test sets (Section 4.3) may amplify the
apparent magnitude of these effects; future work
with structurally matched test sets would better
isolate geometry from structural bias.

Structural Alignment Effects. When using
hierarchical filtering (which leverages the radial
dimension of the Poincaré ball to filter candi-
dates by semantic generality; in other words, we
select synsets with norms smaller than the tar-
get synset as potential hypernyms), the model
achieves higher absolute performance on the zero-
shot CWN test set (MRR = 0.052 ± 0.002) than
on the in-domain OEWN test set (MRR = 0.020 ±
0.001, t(9) = 26.70, p < 0.001, d = 6.78). This re-
sult reflects structural alignment between CWN’s
topology and hyperbolic geometry’s strengths. As
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Table 1: Performance comparison between Poincaré and Euclidean embeddings on distance-only rank-
ing metrics. Values are mean ± SD across the final 10 checkpoints. ***p < 0.001 (paired t-test, n = 10).
Bold indicates best performance.

Metric CWN (Cross-lingual) OEWN (In-domain)

Poincaré Euclidean Poincaré Euclidean

MRR 0.030 ± 0.001*** 0.012 ± 0.000 0.016 ± 0.000*** 0.003 ± 0.000
MAP 0.063 ± 0.001*** 0.020 ± 0.000 0.027 ± 0.001*** 0.005 ± 0.000
Hits@1 (%) 15.8 ± 0.4*** 2.7 ± 0.1 10.4 ± 0.2*** 1.8 ± 0.0
Hits@3 (%) 35.7 ± 0.3*** 10.5 ± 0.1 20.2 ± 0.5*** 5.4 ± 0.1
Hits@10 (%) 72.0 ± 0.5*** 51.1 ± 0.2 38.0 ± 0.8*** 13.3 ± 0.2
Mean Rank 9,337 ± 23*** 20,351 ± 28 9,473 ± 45*** 29,559 ± 32

Figure 3: Performance comparison on CWN test
set (cross-lingual transfer). Poincaré embeddings
(distance-only: blue, hierarchical: orange) outper-
form Euclidean embeddings (magenta) across all
metrics. Error bars represent ±1 SD across final
10 training epochs (2775–3000).

detailed in Section 4.3, CWN exhibits substantially
broader branching (mean 4.32 vs 1.10) and mod-
erate depth (mean 2.51 vs 1.02) compared to our
OEWN test set. Theoretical work demonstrates
that hyperbolic embeddings achieve optimal distor-
tion for precisely such structures—broad, shallow
hierarchies where many children connect to com-
mon parents at similar radial depths (Sarkar, 2011;
Sala et al., 2018). In contrast, the OEWN test set’s
narrow structure (max branching 5, largely single
parent-child relations) provides less opportunity for
hyperbolic geometry to exploit its exponential ca-
pacity.

Hierarchical Filtering Advantage. Beyond ge-
ometry comparison, hierarchical filtering provides
substantial additional improvements over distance-
only ranking for Poincaré embeddings (Table 2).
On the CWN test set, hierarchical filtering in-
creases MRR by 74.6% (0.030 → 0.052, t(9) =
77.14, p < 0.001, d = 18.81), with particularly dra-

Figure 4: Performance comparison on OEWN test
set (in-domain evaluation). Poincaré embeddings
show substantial advantages over Euclidean, with
hierarchical filtering providing additional improve-
ments. Error bars represent ±1 SD.

matic improvements for Hits@1 (+135.8%: 15.8%
→ 37.2%). At Hits@10, accuracy reaches 80.9%
± 0.4%, indicating that in over four-fifths of cases,
a correct ancestor appears within the top 10 candi-
dates. This suggests that the model effectively lo-
cates the correct semantic region of the hierarchy
even when it does not identify the exact immedi-
ate parent. On the OEWN test set, gains are more
modest but still significant: +25.8% for MRR and
+41.0% for Hits@1 (both p < 0.001). The larger
gains on CWN directly reflect its broader branching
structure, which provides more opportunities for
norm-based filtering to disambiguate among candi-
dates by leveraging the radial coordinate (distance
from origin) that encodes semantic generality in hy-
perbolic space.

4.3. Wordnet Comparison
We now analyze the structural properties that ex-
plain the performance differences observed in Sec-
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Table 2: Hierarchical filtering advantage for Poincaré embeddings. Values are mean ± SD across final
10 training epochs. ***p < 0.001 (paired t-test, n = 10). Improvements show percentage gains for
MRR/MAP/Hits@K and absolute reduction for Mean Rank.

CWN (Cross-lingual) OEWN (In-domain)

Metric Distance-Only Hierarchical Improv. Distance-Only Hierarchical Improv.

MRR 0.030±0.001 0.052±0.002*** +74.6% 0.016±0.000 0.020±0.001*** +25.8%
MAP 0.063±0.001 0.111±0.002*** +75.9% 0.027±0.001 0.036±0.001*** +34.4%
Hits@1 (%) 15.8±0.4 37.2±0.8*** +135.8% 10.4±0.2 14.6±0.3*** +41.0%
Hits@3 (%) 35.7±0.3 64.4±0.5*** +80.4% 20.2±0.5 26.4±0.5*** +30.6%
Hits@10 (%) 72.0±0.5 80.9±0.4*** +12.4% 38.0±0.8 43.7±1.0*** +15.0%
Mean Rank 9,337±23 2,769±12*** −6, 568 9,473±45 5,573±29*** −3, 900

tion 4.2. Table 3 presents a side-by-side compari-
son of branching factors and hierarchical depth for
both test sets.

Within our test sets, CWN displays substantially
broader branching (mean 4.32, max 202) com-
pared to OEWN (mean 1.10, max 5). In the CWN
test data, a majority of hyponyms reach a root cat-
egory within 2–3 steps, and none required more
than 7 steps. This indicates that Chinese tax-
onomic chains are generally shorter (shallower)
than might be expected in English WordNet when
fully considered. For instance, English WordNet
often has longer chains where a specific species
might go through multiple intermediate classes
(genus, family, order, etc.) before reaching a top
concept like “organism.” Such vertical stratifica-
tion is largely absent in the CWN test—many Chi-
nese concepts jump directly to a broad umbrella
category. For instance, in CWN, “piano” directly
connects to broad categories like “musical instru-
ment” and “equipment,” whereas English WordNet
places it under a deeper chain: “musical instru-
ment > device > artifact > entity.”

CWN hypernyms typically exhibit extensive “hor-
izontal” branching—each broad category encom-
passing many hyponyms. For example, in the
CWN test set, the hypernym “unit (of measure-
ment)” covers 202 distinct hyponyms, and “hu-
man relationship” includes over 50 hyponym en-
tries (e.g., various kinship terms). By contrast,
no English hypernym in the OEWN test set gov-
erns more than five hyponyms. This fundamen-
tal difference—CWN test data feature broad and
yet moderately deep hierarchies (mean branching
4.32; max 202; depth ≈2–3), while OEWN test is
narrow and very shallow (branching mean 1.10;
max 5; depth ≈1)—has important theoretical im-
plications. The top 15 synsets by number of hy-
ponyms for CWN and OEWN test data are shown
in Appendix D.

Theoretical Justification. Hyperbolic embed-
dings are provably optimal for precisely the struc-
tural properties exhibited by the CWN test set.
First, Sarkar (2011) shows any finite tree can be

embedded into the hyperbolic plane as a Delaunay
embedding, preserving parent-child distances ex-
actly up to global scaling, and achieving distance
distortion ≤ 1 + ϵ between non-adjacent nodes
for arbitrarily small ϵ. Second, Sala et al. (2018)
derive precision-dimensionality tradeoffs, proving
that hyperbolic embeddings achieve low distor-
tion for hierarchies when branching is high but
depth is moderate. They demonstrate that hyper-
bolic spaces outperform Euclidean embeddings
on Wordnet-like structures, especially in low di-
mensions, because they can represent many chil-
dren per parent at similar radial depth with man-
ageable distortion.

These theoretical results explain our empirical
findings: the CWN test set’s broad, shallow struc-
ture aligns perfectly with hyperbolic geometry’s
strengths, enabling the model to achieve higher
absolute performance despite zero-shot, cross-
lingual transfer. Furthermore, hierarchical filter-
ing exploits this alignment by using the radial co-
ordinate to filter candidates, explaining why the
+74.6% MRR improvement on CWN substantially
exceeds the +25.8% improvement on OEWN. The
broader branching in CWN provides more can-
didates at each hierarchical level, giving norm-
based filtering more opportunities to eliminate se-
mantically distant options.

Linguistic Interpretation. This structural asym-
metry between CWN and OEWN reflects deeper
typological differences: Mandarin’s productive
compounding and preference for category-general
nouns yield broader but shallower hierarchies,
where many specific concepts connect directly to
general umbrella terms. English WordNet’s nar-
rower, deeper structure reflects a Linnaean tax-
onomic tradition emphasizing graduated categor-
ical refinement. The superior performance on
CWN demonstrates that hyperbolic geometry natu-
rally aligns with Chinese lexical organization, sug-
gesting geometry-structure fit matters more than
language-specific surface patterns.
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Table 3: Side-by-side comparison of CWN and OEWN test-set branching statistics. Stats computed on
induced test-set graphs.

Metric CWN (Native) CWN (→OEWN) OEWN Test

Hypernym–hyponym pairs 1,473 1,473 499
Unique synsets (nodes) 1,481 1,268 942
Branching Mean 4.32 4.06 1.10
Branching Max 202 140 5
Depth Mean 2.51 2.40 1.02
Depth Max 7 7 2

5. Limitations

While our findings demonstrate the potential of hy-
perbolic embeddings for cross-lingual knowledge
transfer, several limitations warrant consideration.

First, the performance difference between
OEWN and CWN test sets may be partially at-
tributable to our sampling strategy. The OEWN
test set (499 edges) was intentionally constructed
to be substantially smaller and structurally sim-
pler than the CWN test set (1,473 edges), with
markedly lower branching factors (1.10 vs. 4.32)
and depth (1.02 vs. 2.51). This design choice,
while ensuring vocabulary integrity, creates an
unbalanced comparison that directly confounds
cross-lingual transfer effects with structural effects:
the performance advantage on CWN may partly re-
flect its more favorable branching topology rather
than successful language transfer per se. Read-
ers should therefore interpret the CWN–OEWN
performance gap as an upper-bound estimate of
cross-lingual transfer benefit. Future work should
employ stratified sampling to construct tructurally
matched test sets—equating branching factor and
depth distributions across languages—to disentan-
gle these two sources of performance difference.

Second, our cross-lingual evaluation relies on
automatic synset alignment using gpt-5-mini
without manual validation or inter-annotator agree-
ment metrics (e.g., Cohen’s κ). This is a sub-
stantive limitation: since our core cross-lingual
transfer claims depend on this alignment, map-
ping errors could directly affect reported perfor-
mance. Culture-specific concepts lacking English
equivalents may also be systematically excluded,
biasing evaluation toward more universal semantic
categories and potentially inflating transfer perfor-
mance. Future work should include human spot-
checking of a stratified alignment sample and re-
port agreement scores to bound the uncertainty in-
troduced by automatic alignment.

Third, our evaluation scope is limited to
noun hypernymy relations in a single language
pair (English-Chinese) using only the Poincaré
model in 20 dimensions. The generalizabil-
ity to other parts of speech, semantic relations

(e.g., meronymy, antonymy), language pairs with
greater typological distance, or alternative hyper-
bolic formulations (e.g., Lorentz model) remains
unexplored.

Finally, our evaluation design is not purely zero-
shot. The “protected edges” strategy ensures that
all synsets in the CWN test set appear in the
OEWN training set, meaning the model has been
explicitly trained on the English-space represen-
tations of test nodes. While this prevents out-of-
vocabulary errors, a strictly zero-shot evaluation
would require testing on entirely unseen synsets.
Future work should also include confidence inter-
vals, statistical significance tests, and fine-grained
analysis stratified by branching factor, depth, and
semantic domain to provide more robust evidence
for the cross-lingual transferability of hyperbolic
embeddings.

6. Conclusion

This study examines the cross-lingual transfer-
ability of Poincaré embeddings by training a 20-
dimensional model on OEWN hypernymy rela-
tions and evaluating it zero-shot on aligned CWN
synsets. Our results demonstrate both the superi-
ority of hyperbolic over Euclidean geometry and
the importance of structural alignment for cross-
lingual transfer.

Poincaré embeddings achieve massive advan-
tages over Euclidean baselines, with 2.57× higher
MRR on CWN (p < 0.001, Cohen’s d = 34.48) and
5.61× higher on OEWN (p < 0.001, d = 42.48),
with these effects consistent across all 10 final
training checkpoints analyzed. Hierarchical filter-
ing, which leverages the radial dimension of hy-
perbolic space to filter by semantic generality, pro-
vides substantial additional gains: +74.6% MRR
improvement on CWN and +25.8% on OEWN
(both p < 0.001).

The model achieves higher absolute perfor-
mance on the zero-shot CWN test set (MRR =
0.052 ± 0.002) than on the in-domain OEWN
test set (MRR = 0.020 ± 0.001), reflecting struc-
tural alignment rather than language-specific ad-
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vantages. CWN’s topology—characterized by
broader branching (mean 4.32 vs 1.10) and mod-
erate depth (mean 2.51 vs 1.02)—matches the
structural properties for which hyperbolic embed-
dings are theoretically optimal (Sarkar, 2011; Sala
et al., 2018). This structural alignment enables
the model to exploit the exponential capacity of hy-
perbolic space more effectively on CWN than on
OEWN’s narrower test structure.

To support reproducibility and facilitate future
research, we make available the aligned CWN–
OEWN test sets with complete ancestor structures,
evaluation scripts for all metrics reported, and
preprocessing pipelines for vocabulary-preserving
splits. These resources enable benchmarking of
alternative embedding methods and extension to
other language pairs. Our findings provide empir-
ical evidence for geometry-based multilingual re-
source integration and pave the way for structure-
aware lexical alignment across typologically di-
verse languages.

Overall, our findings highlight that cross-lingual
transfer of hyperbolic embeddings depends criti-
cally on structural alignment between source and
target hierarchies. When semantic structures
align—specifically, when target hierarchies exhibit
the broad, shallow branching that hyperbolic ge-
ometry efficiently captures—geometric properties
learned from one language transfer robustly to an-
other. This suggests that hyperbolic embeddings
capture universal principles of hierarchical organi-
zation rather than language-specific surface pat-
terns, providing a foundation for multilingual se-
mantic representation.

This work opens several avenues for future re-
search. Extending our approach to typologically
distant languages would test whether geometry-
structure alignment holds across diverse lexical
organizations beyond the English-Chinese pair.
Additionally, investigating whether Chinese-origin
language models such as Qwen (Bai et al., 2023),
which may generate typologically different seman-
tic graphs for Chinese, alter cross-lingual transfer
dynamics would test whether geometry-structure
fit is robust to the choice of underlying language
resource. Incorporating relation types beyond
hypernym—including meronymy, antonymy, and
causation—could enable development of multi-
relational hyperbolic knowledge graphs that cap-
ture richer semantic structures. Exploring dy-
namic embeddings that model diachronic seman-
tic change in multilingual hierarchies would re-
veal whether geometric properties remain stable
across historical language evolution. Finally, de-
veloping a standardized multilingual hyperbolic lex-
ical graph benchmark with unified evaluation pro-
tocols would facilitate systematic comparison of
embedding methods across languages. We envi-

sion these extensions contributing to a comprehen-
sive framework for geometry-aware cross-lingual
semantic modeling.
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A. Instruction for Synset Alignment

GPT-5-mini was used as an assistive tool for synset alignment between CWN and OEWN. The alignment
process involved only lexical semantic mappings between publicly available lexical resources, with no
personal data or human-sensitive information involved.

Given a Chinese sense definition and example sentence, and an English WordNet lookup tool, the
model should iteratively search for possible candidate words and synsets, then identify the best match to
align the CWN senses with their corresponding PWN synsets. The following snippet defines the system
prompt used in the alignment pipeline.

Find the best synset in WordNet for the following Chinese word.
First, use tools to look up possible words in the WordNet.
Based on the returned synsets, choose the best match.
You can use tools multiple times if needed, but stop after 5 rounds.
If no good match is found, return "None".

The POS tag "VH" in Chinese Wordnet is a stative verb,
which might map to either "a" (adjective), "v" (verb), or "r" (adverb) in Wordnet.

Along with the synset ID, provide your evaluation of the alignment with a brief
explanation.

There are three levels of alignment: "exact", "close", and "related".

For example:
- "cat" (the animal) and 「貓」(一種動物) is counted as "exact".
- "dumpling" (small boiled/steamed dough, often filled) and 「包子」（一種食物） are
counted as "close".

- "egg pancake" (a kind of food made from egg and flour) and 「蛋餅」(一種食物) are
counted as "related".

- 「騎樓」 (a type of covered sidewalk) has no good match in Wordnet; return "
None".

Output a JSON object:
{

"synset": "00201234-n" or "None",
"alignment": "exact" | "close" | "related" | "None",
"explanation": "brief explanation"

}
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B. Training Hyperparameters

We train Poincaré and Euclidean embeddings using the implementation from Nickel and Kiela (2017),
with modifications to support a two-stage learning rate schedule and to save multiple checkpoints during
training. Training was performed using Python 3.6 and PyTorch 1.0.0, while all evaluation scripts use
Python 3.13 and PyTorch 2.8. All models were trained on a single NVIDIA RTX A5000 GPU, with full
training (3000 epochs) requiring approximately 3.5 hours. Table 4 summarizes the key hyperparameters,
and the complete training command is provided below for reproducibility.

We employ a two-stage learning rate schedule: 5.0 (0.5 for Euclidean) for epochs 1–1500 and 2.5
(0.25) for epochs 1501–3000. This schedule allows the model to make larger updates during initial
training while taking more conservative steps as the embedding space stabilizes. The burn-in period
uses a substantially reduced learning rate (multiplier of 0.01) for the first 20 epochs to prevent early
training instability.

Hyperparameter Value
Manifold Poincaré & Euclidean
Dimension 20
Epochs 3000
LR (1–1500) 5.0 & 0.5
LR (1501–3000) 2.5 & 0.25
Batch size 64
Negative samples 50
Burn-in epochs 20
Burn-in LR mult. 0.01
Neg. weight mult. 0.1
Dampening 1.0
Training threads 1
Data proc. threads 8

Table 4: Training hyperparameters.
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C. Additional Evaluation Metrics

This appendix presents additional evaluation metrics and visualizations that complement the main results
in Section 4.2. All figures show results based on the final 10 training checkpoints (epochs 2775–3000)
with error bars or shaded regions representing ±1 standard deviation.



12067

Figure 5: Comprehensive performance dashboard across all evaluation metrics. Comprehensive
performance dashboard comparing three embedding models across training epochs. The six-panel lay-
out presents: (top row) geometric fidelity (Spearman ρ) and Mean Reciprocal Rank for CWN; (middle
row) geometric fidelity and MRR for OEWN; (bottom row) Hits@10 and nDCG@10 for CWN. All panels
show epoch-by-epoch evolution for Poincaré embeddings with distance-only ranking (blue), Poincaré
embeddings with hierarchical filtering (orange), and Euclidean embeddings with distance-only ranking
(magenta). The dashboard demonstrates consistent superiority of Poincaré embeddings across both
ranking performance metrics (MRR, Hits@10, nDCG@10) and geometric fidelity measures (Spearman
ρ) on both CWN and OEWN test sets.
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Figure 6: Multi-dimensional performance profile comparing embedding geometries. Multi-
dimensional performance profile comparing three embedding models across seven key evaluation met-
rics. The radar chart displays mean performance averaged over the final 10 training checkpoints (epochs
2775–3000) across: CWN geometric fidelity (Spearman ρ), OEWN geometric fidelity, CWN Mean Re-
ciprocal Rank (MRR), OEWN MRR, CWN Mean Average Precision (MAP), CWN Hits@10, and CWN
normalized Discounted Cumulative Gain (nDCG@10). Values are averaged to provide stable final per-
formance estimates. Poincaré embeddings with distance-only ranking (blue) and hierarchical filtering
(orange) consistently outperform Euclidean embeddings (magenta) across all dimensions, demonstrat-
ing the effectiveness of hyperbolic geometry for representing hierarchical semantic structures.
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(a) CWN Geometric Fidelity

(b) OEWN Geometric Fidelity

Figure 7: Geometric Fidelity: Spearman’s Correlation (ρ) and Mean Absolute Error (MAE). Dual-
axis comparison of Spearman’s rank correlation coefficient (ρ, solid lines, left y-axis) and Mean Absolute
Error (MAE, dashed lines, right y-axis) across training epochs. The left y-axis (ρ) measures how well
embedding distances preserve hierarchical structure (higher is better). The right y-axis (MAE) measures
the average magnitude of distance prediction errors (lower is better). Panel a: For Chinese WordNet
(CWN), Poincaré embeddings (orange) demonstrate superior correlation with hierarchical relationships
(ρ ≈ 0.60) compared to Euclidean embeddings (magenta, ρ ≈ 0.35), while both models show competitive
MAE performance. The dual-axis visualization reveals that hyperbolic geometry’s advantage lies primar-
ily in preserving hierarchical structure rather than minimizing raw distance errors. Panel b: For Open
English WordNet (OEWN), both Poincaré (orange) and Euclidean (magenta) embeddings converge to
similar performance on OEWN’s lexical hierarchy (ρ ≈ 0.53), with Poincaré maintaining slightly higher
correlation. The comparable performance on both metrics suggests that OEWN’s hierarchy may be more
amenable to Euclidean representation compared to CWN, or that the hyperbolic advantage is less pro-
nounced for this particular test set.



12070

Figure 8: Training dynamics and convergence behavior across 3,000 epochs. Evolution of key eval-
uation metrics across training epochs for three embedding models. Panel (A) displays CWN geometric
fidelity measured by Spearman’s rank correlation (ρ), showing Poincaré embeddings achieving ρ ≈ 0.60
compared to Euclidean at ρ ≈ 0.35. Panel (B) shows ranking quality metrics with Mean Reciprocal Rank
(MRR) and Mean Average Precision (MAP), where Poincaré with hierarchical filtering achieves the high-
est MRR (≈ 0.05) and MAP (≈ 0.11). Panel (C) presents retrieval performance with Hits@10 (solid lines)
and normalized Discounted Cumulative Gain at rank 10 (nDCG@10, dashed lines). Poincaré embed-
dings with distance-only ranking (blue) and hierarchical filtering (orange) demonstrate rapid convergence
and sustained superior performance compared to Euclidean embeddings (magenta) across all metrics.
The visualization reveals that Poincaré models achieve both better geometric fidelity and ranking perfor-
mance, with hierarchical filtering providing notable improvements particularly in ranking-based metrics,
reaching Hits@10 of 80% compared to 50% for Euclidean embeddings.
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D. Top 15 Synsets by Number of Hyponyms

(a) CWN Test Set

(b) OEWN Test Set

Figure 9: Top 15 Synsets by Number of Hyponyms
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