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Abstract—Nested Named Entity Recognition (NER) involves
complex layered entities but is often hindered by boundary ambi-
guity and intricate dependencies. Current span-based paradigms
are frequently limited as they overlook the non-Euclidean nature
and discrete structural correlations of nested entities. To address
this, we propose a Structure-Geometry Synergistic Framework
that integrates sparse structural graphs with hyperbolic mapping
mechanisms. Specifically, we employ a structural enhancement
layer to construct sparse graphs for dependency learning, and
a hyperbolic mapping layer to project representations into the
Poincaré ball to explicitly capture hierarchy. Additionally, a
calibration strategy guided by boundary priors is introduced to
refine decision boundaries. Comprehensive evaluations show that
our framework outperforms state-of-the-art (SOTA) baselines.

Index Terms—Nested Named Entity Recognition, Hyperbolic
Geometry, Sparse Graph, Boundary Calibration

I. INTRODUCTION

Named Entity Recognition (NER) is a core task in Natural
Language Processing, aiming to extract structured information
from unstructured text. While sequence labeling methods
have achieved human-level performance on flat entities, they
face significant representation bottlenecks when dealing with
nested structures characterized by boundary ambiguity and
multi-layered dependencies. In domains such as biomedicine,
entities are often recursively embedded, as shown in Fig-
ure 1, where proteins are located within cellular components,
forming complex topological hierarchies. Failure to precisely
demarcate these overlapping boundaries not only degrades
identification accuracy but also propagates errors to down-
stream tasks.

To address the complexity of hierarchical structures, current
mainstream paradigms generally fall into four categories:
sequence labeling-based, hypergraph-based, Large Language
Model (LLM)-based methods [1], and span-based methods [2],
[3]. Among these, span-based approaches have emerged as an
effective paradigm by modeling entities through exhaustive
span enumeration, successfully bypassing the label collision
problem. However, a fundamental geometric limitation per-
sists: most existing models embed span representations in
Euclidean space. As the nesting depth increases, the number of
nodes grows exponentially, whereas the volume of Euclidean
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space expands only polynomially. This inherent capacity mis-
match forces the model to compress distinct hierarchical levels
into crowded representations, causing high distortion and
unstable boundary determination for deeply nested entities.

The human T-cell leukemia virus type 1 (HTLV-1) Tax protein represses

Virus

Virus

Protein

the expression of the cellular inmediate early gene c-myc.

Fig. 1. Examples of nested entities in GENIA

Furthermore, while recent advancements have enhanced
semantic capture, standard models fundamentally lack the
appropriate geometric inductive bias for hierarchical data.
Constrained by the zero-curvature nature of Euclidean space,
these models struggle to preserve transitive containment rela-
tions. In addition to geometric constraints, current approaches
typically employ dense modeling of span neighborhoods. Such
indiscriminate aggregation introduces substantial noise from
irrelevant spans, diluting precise boundary signals. Conse-
quently, bridging this gap requires a framework that synergizes
sparse structural filtering with curvature-adaptive geometric
representations.

To bridge the discrepancy between semantic richness and
geometric constraints, we propose a novel Structure-Geometry
Synergistic Framework that integrates topological denoising
with non-Euclidean representation learning. Our approach
comprises four synergistic modules. First, a BERT-based en-
coder establishes the foundational semantic space. Second,
we design a Structural Enhancement Layer that constructs a
sparse relational graph, explicitly filtering out neighborhood
noise to distill robust topological cues. Third, to resolve
the Euclidean capacity mismatch, the Hyperbolic Mapping
Layer projects span representations into the Poincaré ball.
By leveraging adaptive curvature estimation and boundary-
driven Mobius fusion, this module explicitly accommodates
heterogeneous nesting depths. Finally, an adaptive posterior
calibration strategy is employed to refine decision boundaries
based on boundary priors.



The main contributions of this work are summarized as
follows:

o We introduce hyperbolic geometry into nested NER,
demonstrating its pivotal role in providing an appropriate
inductive bias for characterizing hierarchical structures
and boundary tightness.

o We propose a Structure-Geometry Synergistic Framework
that integrates sparse structural graphs with hyperbolic
mapping mechanisms to effectively mitigate boundary
ambiguity in complex nested scenarios.

o Comprehensive evaluations on four benchmarks demon-
strate our model’s superiority over existing SOTA meth-
ods, while ablation studies rigorously validate the efficacy
of each core module.

II. RELATED WORK

A. Nested NER

Nested NER has undergone a significant paradigm shift
across several evolutionary stages. Early attempts primarily
leveraged sequence labeling with layer-wise decoding [4] or
hypergraph-based architectures [5], though they frequently en-
countered challenges such as cascading error propagation and
prohibitive computational complexity. Currently, span-based
approaches have emerged as the dominant paradigm [6]. By
exhaustively enumerating potential candidates, these methods
effectively resolve label collisions while prioritizing bound-
ary precision and inter-span interactions. Key advancements
include Biaffine mechanisms for modeling complex bound-
ary dependencies [7] and W2NER for unified relation-based
classification [8]. More recent explorations utilize diffusion
models for robust boundary refinement [9]. While LLM-based
generative approaches [10] demonstrate remarkable zero-shot
capabilities, specialized structured models continue to main-
tain a competitive edge due to LLM-related hallucinations and
the inherent difficulty of enforcing rigid structural constraints
in complex nesting scenarios.

B. Hyperbolic Geometric Representations

Hyperbolic manifolds, exemplified by the Poincare ball,
possess constant negative curvature and exhibit exponential
volume growth—properties that render them inherently supe-
rior to Euclidean space for representing hierarchical data [11].
This geometric framework was initially introduced to capture
intricate lexical sub-relationships [12] and establish funda-
mental hyperbolic neural operations [13]. Subsequently, it
has significantly enhanced performance in knowledge graph
completion and relation extraction through the development of
adaptive curvature mechanisms [14]. Despite these successes,
the application of hyperbolic geometry in NER remains largely
confined to lexical or label-level embeddings, leaving span-
level structural modeling unexplored. We bridge this gap by
synergizing sparse structural filtering with hyperbolic repre-
sentations to effectively mitigate boundary ambiguity through
a non-Euclidean lens.

III. OUR APPROACH

In this section, we introduce the details of our framework as
shown in Figure 2. We formulate the task definition of nested
NER as follows:

Given a token sequence X = {x1,x2,...,%,}, any index
pair s = (i,7) with 1 < ¢ < j < n defines a candidate
span. Let 7 be the predefined set of entity types and “None”
denote the non-entity label. For each span s, the model predicts
a label in 7 U {None}; spans assigned labels in 7 form the
final entity set, where overlaps and containment between spans
are allowed to represent nested structures.

A. Encoder

We first utilize a pre-trained BERT model to derive con-
textual representations H = [hy,...,h,] € R"*denc for
an input sequence of length n. To explicitly capture entity
boundaries, the encoder generates start and end boundary
priors P, P, € R” via linear projections:

P(i) = o(w) h; +b), Pu(i)=o(w h;+b), (1)

where w and b are learnable parameters. These sequences
provide boundary confidence signals, serving as static prior
features for subsequent gating mechanisms.

To capture span-level semantics, we employ a Multi-Head
Biaffine mechanism [7] for all candidate spans s = (i,7)
satisfying length constraints 7 — i + 1 < Ly .x. The feature
transformation, biaffine scoring, and final span representation
m;; are formulated as:

hi = FFN(h;), hj =FFN.(hy),

m;; = GELU (W,, [a;; ®hj @ h§ @ wy, | + b)), @

where a;; denotes the concatenation of multi-head biaffine
scores scoref;;l) = (h;) "UM™h¢, and wy,, represents learnable
length embeddings. We stack m;; to form the base semantic
matrix My € R5*%  Additionally, an initial span score vector
SPre ¢ RS is generated via a linear layer with Sigmoid
activation to regulate the intensity of subsequent structural
enhancement.

B. Structural Enhancement Layer

The span structure enhancement layer is designed to sim-
ulate the topological dependencies within the span space,
transforming the base representation M into the structurally
enhanced representation R.

First, we project M to obtain node representations B,. To
construct the structural graph, we enumerate span pairs (s, t)
subject to length constraints and assign geometric relation
types [13] (containment, overlap, adjacency, shared boundary)
to encode boundary coupling patterns. To circumvent the
O(S?) complexity of fully connected graphs, we utilize the
initial confidence SP™ from the encoder (stopping gradients)
to bucket and prune neighbors, constructing a size-controlled
sparse neighborhood N/ (s).

On this sparse graph, we employ relation-aware attention.
Specifically, via linear projections, we obtain query qs, value
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Fig. 2. The overall architecture of the proposed framework.

Vs, and key kg, where k, ;, explicitly fuses the neighbor
projection with a learnable relation encoding. The normalized
weights o ;, and structural context g, are computed as:

_ e (akar/Vda)
S ten(s) XD (ad ko1 /Vd,)'

8s = g Qs kVs ks

teEN(s)

s k

3)

where d, is the scaling factor.

To further highlight discriminative features and suppress
noise, we introduce a channel re-weighting mechanism. A
gating network projects the aggregated context g5 to obtain
channel-wise importance weights Wgae, Which are then used
to adaptively rescale the original features via element-wise
multiplication, yielding the refined structural representation
&

Finally, to inject structural information while maintaining
semantic robustness, we adopt a boundary-prior-driven gated
residual fusion. We concatenate the encoder-derived boundary
priors Ps(is), Pe(js), normalized length /,, and initial confi-
dence S5 as input to a gating network, adaptively computing
the injection coefficient v, to update the span representation:

Vs = U(MLPgate([Ps(is)a Pe(js)a ésa S.gre])>>

- ) “)
R, :Bs+’}/s " 8s-

This mechanism facilitates dynamic information regulation:
when boundary priors and initial confidence are high, the
model increases 75 to incorporate more structural refinement;
conversely, it prioritizes preserving base semantics, thereby
enhancing robustness against boundary noise.

C. Hyperbolic Mapping Layer

Leveraging the exponential volume growth of hyperbolic
space, we project R, into a dj,-dimensional negative curvature
manifold to model nested hierarchies. This encoding captures
tree-structured dependencies with minimal distortion, effec-
tively alleviating the Euclidean bottleneck inherent in deep
nesting.

Adhering to the manifold learning paradigm, the model
adaptively estimates the local curvature k, conditioned on
span semantics. To accommodate the heterogeneity of nesting
depths, this dynamic curvature mechanism projects complex
spans into high-curvature subspaces to secure adequate em-
bedding margins, while maintaining flat entities within near-
Euclidean regions:

Rs = Kmin +U(MLPK([RS @hzs @hjs}))(ﬁmax _Kmin)~ (5)

Subsequently, the exponential map expg® projects Euclidean
vectors onto the Poincaré ball. As shown in Figure 3, this
pushes deeply nested entities towards the boundary where
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Fig. 3. Poincaré embeddings of nested entities.

volume grows exponentially, explicitly preserving the hier-
archical structure. Given that the Poincaré ball model lacks
the linear structure of traditional vector spaces, non-Euclidean
operations are necessary. We employ Mobius addition [13]
to non-linearly synthesize start and end features on the hyper-
bolic manifold, deriving a geometric center representation that
encapsulates entity boundary constraints:

2 = expf (R,),

edge __ Ks Ks (6)
23 = expg® (hy,) @r, expg (hy,).

Building upon this, we introduce a gating coefficient [,
governed by boundary priors, to dynamically fuse semantic
points with boundary points on the manifold. This gating
mechanism is designed to minimize the geodesic distance
between the span center and boundary anchors, thereby sup-
pressing geometric deviations induced by boundary noise:

Bs = o‘(MLPedge([Ps(is)a Pe(j8>7£8]))’
Zs = 27 By, (Bs @, 7)),

)

where ®,_, denotes Mobius scalar multiplication.

Finally, to ensure compatibility with Euclidean classifiers,
we project zg back to the tangent space via the logarithmic
map. The resulting geometric residual r'™" is weighted by A
and fused with R, to yield the geometry-enhanced represen-
tation RP:

r® = logg* (z.),

s 8
REYP = LayerNorm (R + A - rlgyp). 3

This adaptive mechanism effectively modulates the geomet-
ric inductive bias, optimizing the balance between semantic
features and hierarchical constraints.

D. Decoder and Training

The decoder generates class logits o5 from R™P, concate-
nated with span length ¢, and boundary confidence Ps. To

rectify biases from long-tail distributions, we introduce a prior-
guided posterior calibration using learnable temperature 7. and
dynamic bias b.(P;):

_exp((0ne +be(Ps))/7e)
> ket xp ((0sk + bk (Ps)) /)

where 7' = T U {None}.
For optimization, we adopt a generalized multilabel cross-
entropy loss L., for calibrated logits. For span s with

positive/negative label sets CF/C, the loss is formulated as:

Lipan(s) = log (1+ Z e"”)%—log (1+ Z e_OSY"‘). (10)

jecs kect

P(y = c|s) )

An auxiliary boundary detection task Lpoundary Via standard
BCE is added to supervise priors P, and P.. The total
objective is:

1
L= g zg: £span(3) + )\Eboundarya (1)
where A\ balances the boundary term, and all calibration
parameters are updated end-to-end.

IV. EXPERIMENTS
A. Dataset

To evaluate the model, we conducted experiments on
four publicly available English nested datasets: ACE2004,
ACE2005, GENIA, and KBP17. The dataset divisions are
shown in Table I. ACE2004 [15] and ACE2005 [16] contain
news articles, broadcasts, and blog posts, featuring seven
general entity types. GENIA [17] contains annotated abstracts
of biomedical papers, including five hierarchical nested entity
categories. KBP17 [18] contains news and discussion forum
documents, featuring multiple entity types and complex nested
references, and was originally used for knowledge base con-
struction.

TABLE I
NESTED DATASETS STATISTICS

Train Test Dev
Dataset
Total ~ Nested Total Nested Total Nested
ACE2004 22231 10176 3036 1422 2514 1092
ACE2005 25300 10005 3099 1096 3321 1214
GENIA 47006 8382 5596 1212 4461 818
KBP17 31236 8773 12601 3707 1879 605

B. Main Results

In the comprehensive experiment, we compared the model
proposed in this study with various baseline models. There are
Biaffine [7] and Triaffine [20] which adopt multi-dimensional
affine attention for boundary interaction in the early stage,
as well as Sequence2Set [19] which models nested NER as
unordered set prediction. Additionally, there are W2NER [8]
(based on word-word relation classification), CNNNER [21]
(using grid convolution for local encoding), and Diffusion-
NER [9] (based on the denoising diffusion process). We



TABLE 11

RESULTS ON ACE2004, ACE2005, GENIA, AND KBP17 DATASETS

ACE2004 ACE2005 GENIA KBP17

Model

P R F1 P R F1 P R F1 P R F1
Biaffine (2020) [7] 87.30 86.00 86.70 8520 85.60 8540 81.80 79.30 80.50 - - -
Sequence2Set (2021) [19] 88.46 86.10 87.26 87.48 86.63 87.05 8230 78.70 80.40 8491 83.04 83.96
Triaffine (2022) [20] 87.13 87.68 8740 86.70 8694 86.82 8042 82.06 81.23 8942 8522 8727
CNNNER (2023) [21] 87.33 8729 8731 86.70 86.16 87.42 83.19 79.70 81.40 - - -
DiffusionNER (2023) [9] 87.32 87.52 8742 8504 8842 8670 81.85 79.59 80.70 - - -
W2NER (2022) [8] 87.19 8772 8745 8577 87.80 86.76 83.10 79.76  81.39 - - -
DSpERT (2023) [22] 88.29 8832 8831 87.01 87.84 8742 8231 8149 8190 8737 8793 87.65
DiFiNet (2024) [23] 88.64 8832 8848 88.62 88.17 8839 83.01 80.80 81.87 - - -
RLAN (2024) [24] 8747 86.18 86.82 8741 86.72 87.06 84.07 82.83 83.44 - - -
GSSDAF (2025) [25] 88.39 88.83 88.61 8726 89.44 8833 8320 81.11 82.14 89.22 87.16 88.18
Ours 88.75 88.82 88.78 8798 89.31 88.64 8294 8423 83.58 87.58 8891 88.24

also compared the performance with recent excellent models,
such as DSpERT [22] (deep span encoder representations),
DiFiNet [23] (boundary-aware semantic differentiation and fil-
tration), RLAN [24] (recursive label attention mechanism), and
GSSDAF [25] (global span semantic dependency awareness
and filtering).

As shown in Table II, our model achieved the best F1
score in all benchmark tests: ACE2004 (88.78%), ACE2005
(88.64%), GENIA (83.58%), and KBP17 (88.24%). On
ACE2004, we obtained the highest precision rate (88.75%).
Additionally, this model achieved higher recall rates on GE-
NIA (84.23%) and KBP17 (88.91%), indicating its strong re-
trieval ability for entities that are difficult to find. In summary,
these results demonstrate that this model exhibits excellent
stability and performance across different domains.

TABLE III
ABLATION STUDY ON ACE2005 AND GENIA

Setting ACE2005 F1 A GENIA F1 A

Default (Ours, K = 8) 88.64 - 83.58 -

w/o SEL 87.33 -1.31 82.93 -0.65
w/o HML 88.15 -0.49 82.60 -0.98
w/o AD 87.50 -1.14 83.00 -0.58
K=4 88.12 -0.52 83.25 -0.33
K =16 88.35 -0.29 83.42 -0.16
K =32 87.90 -0.79 82.80 -0.78

C. Ablation Study

Table III evaluates the contribution of each core component
and the sensitivity of neighborhood size K. The complete
model (K = 8) achieves the best performance, as removing
any module incurs a significant F1 drop. Specifically, removing
the structural enhancement layer (w/o SEL) or hyperbolic
mapping layer (w/o HML) leads to substantial declines (e.g., -
1.31% on ACE2005 and -0.98% on GENIA, respectively), val-
idating the importance of topological cues and non-Euclidean
representations for deep nesting. Furthermore, excluding adap-
tive decoding (w/o AD) confirms that boundary-prior-guided
calibration is essential for precise identification.

Performance regarding K peaks at K = 8. Smaller values
(K = 4) miss critical structural contexts, while larger values
(K > 16) introduce span noise that dilutes salient patterns.
This supports our dynamic sparse graph hypothesis: a moder-
ate window optimally balances dependency coverage and noise
suppression.
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Fig. 4. Entity length-wise results on ACE2004

D. Performance on Long Entities

In the NER task, long entities pose greater challenges as
they are more likely to contain deeper nested structures, which
exacerbates boundary insensitivity. Moreover, identifying long
entities is a typical long-tail problem. To evaluate robustness,
we divide entities into six length categories and conduct a
detailed comparison with CNNNER and SOTA DiFiNet on
ACE2004, as illustrated in Fig. 4. Results show our model
achieves highly competitive performance in the short-entity
interval [1, 4), obtaining a 90.36% F1 score, which is on par
with the strongest baseline, DiFiNet (90.34%). This confirms
the solidity of our fundamental feature extraction. However,
as entity length increases, the superiority of our approach
becomes increasingly evident. Notably, in ultra-long intervals
[13, 16) and [16, +00), where baseline models typically suffer
significant performance degradation, our model demonstrates
remarkable stability with absolute F1 gains of 1.07% and
0.79%, respectively. These results validate the model’s out-
standing ability in handling complex boundary tasks.



E. Case Study

Table IV presents a complex example from GENIA, where
a long protein structure is surrounded by a virus and its
abbreviation. The baseline model is unable to handle this long
entity nesting structure. It mistakenly shortens the outer part
to “Tax protein” and mistakenly identifies the virus as “DNA”
due to the confusion of overlapping. Then our model precisely
identified the nested entities through structural enhancement
and hyperbolic embedding and accurately identified the bound-
aries. The model correctly extracted all three entities, thereby
proving its ability to handle extremely long, nested structure
entities and to accurately classify them.

TABLE IV
CASE STUDY ON NESTED ENTITY RECOGNITION

Long-Span & Deeply Nested Boundaries

Text Expression of the human T-cell leukemia virus type 1
(HTLV-1) Tax protein represses the cellular immediate

early gene c-myc.

Gold/Ours  {Protein: human T-cell leukemia virus type 1 (HTLV-1)
Tax protein}, {Virus: human T-cell leukemia virus type 1

(HTLV-1)}, { }

{Protein: Tax protein}, {DNA: human T-cell leukemia
virus type 1}

Baseline

V. CONCLUSION

In this paper, we propose a Structure-Geometry Synergistic
Framework to address the challenge of boundary ambigu-
ity in nested NER. Specifically, we introduced a Structural
Enhancement Layer to construct sparse relational graphs,
effectively distilling robust topological cues from candidate
spans. Furthermore, we designed a Hyperbolic Mapping Layer
to project nested entities into the Poincaré ball. By leveraging
adaptive curvature and boundary-driven gating mechanisms,
we successfully improved the geometric compactness of span
representations within the continuous manifold. Extensive
experiments on four benchmark datasets demonstrate that
our model achieves state-of-the-art performance. The ablation
studies and specific evaluations on long entities further validate
the effectiveness of our dual-space design. In future work, we
plan to extend this framework to other complex information
extraction tasks. Moreover, we envision this framework serv-
ing as a geometric plug-and-play module for Large Language
Models (LLMs), enhancing their capability in precise bound-
ary prediction and understanding of recursive hierarchical
structures.
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