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Abstract. Automatically generating pathology reports from whole slide
images (WSIs) is a critical yet highly challenging task, aiming to trans-
form gigapixel-level visual information into structured diagnostic text.
WSIs inherently exhibit hierarchical semantic characteristics, spanning
from local cellular morphology to global tissue architecture. However,
existing methods predominantly rely on Euclidean space modeling and
treat multi-scale features as flat representations, which limits their ability
to effectively capture the intrinsic hierarchical structure of pathological
data, thereby affecting the logical coherence of generated reports. To ad-
dress this limitation, we propose H2M-Net, a hyperbolic geometry-based
hierarchical generation framework that explicitly models the hierarchical
relationships between visual and textual modalities in the Lorentz space.
Specifically, we embed both pathological images and report texts into a
hyperbolic manifold, and introduce a radial position loss together with an
entailment loss to enforce geometric and semantic constraints between
parent and child nodes. On this basis, we construct a bottom-up cas-
caded generation architecture that consists of a visual encoder, memory
encoder, and text decoder to enable cross-level information propagation.
Experimental results demonstrate that our method outperforms current
state-of-the-art approaches. The code is available at here.
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1 Introduction

To accurately support clinical decision-making and effectively alleviate the work-
load of pathologists, pathology report generation from whole slide images (WSIs),
which are regarded as the gold standard for disease diagnosis, has become a re-
search hotspot in medical artificial intelligence [3,11,26].

Distinguished from conventional medical report generation tasks [13,25], WSIs
feature gigapixel-level resolutions and inherently hierarchical visual and diag-
nostic structures. A standardized pathology report follows a rigorous hierarchi-
cal workflow: it begins by identifying fine-grained morphological features such
as nuclear atypia and mitotic figures at the microenvironment scale, integrates
these into regional histological patterns such as glandular structures and tumor
⋆ Corresponding author, jiaqi@dlut.edu.cn.
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Fig. 1. Illustration of the Euclidean space embedding and hyperbolic space embedding.

stroma, and ultimately derives global diagnostic conclusions including cancer
grading and subtype determination based on multi-scale information [4,28].

However, current research paradigms still predominantly rely on Euclidean
vector spaces for feature representation[3,11,26,21,27,14,24]. Due to the inher-
ent linear properties of Euclidean geometry, it suffers from mapping distor-
tion when representing highly branched, tree-like hierarchical structures [12,2].
Consequently, models struggle to maintain logical consistency between micro-
morphological descriptions and high-level diagnostic conclusions, leading to a
semantic disconnection across different hierarchical levels, as shown in Fig. 1.

To overcome the above limitations, we argue that the geometric structure
of the feature space must align with the inherent hierarchical organization of
pathological data. As a non-Euclidean geometry with constant negative curva-
ture, hyperbolic geometry has the unique property of exponential volume expan-
sion with radius, which has been proven to be an ideal mathematical model for
embedding complex hierarchies [7,19,15,17,8,9,18,10]. By mapping the natural
hierarchy of WSIs onto a hyperbolic manifold, the core local-region-global inclu-
sion relationships are naturally preserved, providing a geometrically congruent
foundation for hierarchical diagnostic reasoning.

Based on this insight, we propose a hyperbolic hierarchical memory network
(H2M-Net). Unlike traditional flat Euclidean modeling approaches, we adopt
the Lorentz model in hyperbolic geometry to construct a hierarchy-aware em-
bedding space. We introduce a memory mechanism as a bridge across multi-level
embeddings, aiming to progressively extract diagnostic information from local
image patches and propagate it to the global representation level. Furthermore,
to ensure the effectiveness of the hyperbolic hierarchical structure, we design
strict geometric constraint losses: the entailment loss enforces the inclusion rela-
tionship between parent and child nodes via entailment cones, while the radial
position loss precisely aligns feature hierarchy with their radial distances from
the manifold origin. The main contributions are summarized as follows:

– We propose H2M-Net, a hyperbolic hierarchical pathology report generation
model, which introduces the non-Euclidean modeling capability of hyperbolic
geometry into the pathology report generation task.

– We design a hierarchical memory module that constructs a transmission
bridge across multi-levels, ensuring that diagnostic information is preserved
during the progressive abstraction from local to global levels.
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– Experimental results on public benchmark datasets demonstrate that the
proposed method achieves state-of-the-art performance.

2 Method

As illustrated in Fig. 2, we first organize pathological images and report texts
into hierarchical structural representations and embed them into the hyperbolic
Lorentz space. The hierarchical semantic relationships are explicitly constrained
by a radial position loss and an entailment loss. On this basis, we design a net-
work unit to progressively generate reports in a bottom-up manner, where a
memory encoder is introduced to aggregate and propagate cross-level informa-
tion.

2.1 Preliminaries: Lorentz Model

We adopt the n-dimensional Lorentz model Hn
ρ with curvature −ρ (ρ > 0) to

represent the hyperbolic space. This model is defined as a manifold embedded
in the (n+ 1)-dimensional Minkowski space Rn,1.

For two vectors u,v ∈ Rn+1, the Lorentzian inner product is defined as
⟨u,v⟩L = −u0v0+

∑n
i=1 uivi. The hyperbolic manifold corresponds to the upper

sheet of a two-sheeted hyperboloid: Hn
ρ = {u ∈ Rn+1 | ⟨u,u⟩L = −1/ρ, u0 > 0}.

The geodesic distance between u,v ∈ Hn
ρ is:dL(u,v) = 1√

ρ arcosh (−ρ⟨u,v⟩L) .
In practical WSI modeling, the visual encoder extracts Euclidean features

ẑ ∈ Rn. To map these into the hyperbolic space, we first regard them as vectors
in the tangent space at the origin o = (

√
1/ρ, 0, . . . , 0) by setting the 0-th

dimension to zero, i.e., z = (0, ẑ) ∈ ToHn
ρ . They are then mapped onto the

manifold via the exponential map expo(z) : ToHn
ρ → Hn

ρ :

expo(z) =

(
1
√
ρ
cosh(

√
ρ∥z∥L),

sinh(
√
ρ∥z∥L)√

ρ∥z∥L
z

)
, (1)

where ∥z∥L =
√
⟨z, z⟩L.

2.2 Hierarchical Geometric Constraints

We decompose pathological images and reports into hierarchical representations,
map them into the Lorentz space, and impose geometric constraints to preserve
their inherent taxonomy.

Hierarchical Aggregation. For pathological images, each WSI is divided
into non-overlapping patches at the local level. We perform attention-based ag-
gregation in the Euclidean tangent space to progressively form region and global
level representations. Specifically, each patch feature is denoted as zi ∈ Rd with
spatial coordinate (xi, yi). We group M × M neighboring patches into a re-
gion {z1, . . . , zM2}, and apply attention-based aggregation to obtain the region
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Fig. 2. Overview of the proposed H2M-Net. The upper part illustrates the bottom-up
cross-level fusion process. The lower part presents the architecture of a single network
unit, which contains a memory encoder.

feature z′ =
∑M2

j=1 αjzj , where αj denotes learnable attention weights. The ag-
gregation from region to global level follows the same procedure. For patholog-
ical reports, reports are decomposed using a ‘low-level priority’ regex matching
principle designed by our pathologists. Specifically, individual sentences are cat-
egorized via hierarchical lexicons: Global (diagnosis, carcinoma, stage, grade,
subtype, conclusion, overall, status, malignant, benign), Region (size, diameter,
infiltration, invasion, margin, boundary, multifocal, location, gross findings, lym-
phovascular invasion), and Local (atypia, differentiation, mitosis, necrosis, cal-
cification, stroma, pleomorphism, papilloma, proliferative, in situ). Unmatched
sentences default to the Global level, and empty levels are backfilled with the full
report. During training, the supervision of the Global level is nested, encompass-
ing both the global report and all sub-level reports. This design ensures multi-
level semantic consistency, preventing error propagation even if minor matching
deviations occur. After this hierarchical partitioning, features at different levels
for both images and reports are extracted and subsequently embedded into the
Lorentz manifold using Eq. 1.

Hierarchical Geometric Loss. To explicitly enforce hierarchical structure,
inspired by [15,8,19], we exploit the hyperbolic property that more abstract nodes
lie closer to the origin. We therefore constrain each parent node to be radially
closer to the origin o than its child. Accordingly, we introduce a radial position
loss Lpos and an entailment loss Lent to enforce hierarchical depth and semantic
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inclusion, respectively. The radial position loss encourages a semantically more
abstract parent node x to lie closer to the origin o than its child node y:

Lpos(x,y) = max (0, dL(x,o)− dL(y,o) + ϵ) , (2)

where ϵ is a safety margin. The entailment loss enforces hierarchical inclusion via
hyperbolic cones defined in the Lorentz model. For a point u = (u0, u1, . . . , un) ∈
Hn

ρ , let us = (u1, . . . , un) ∈ Rn denote its spatial components in the sub-
space. The half-aperture angle of the cone centered at u is defined as ϕ(u) =

arcsin
(

r√
ρ∥us∥2

)
, where r > 0 is a fixed radius parameter controlling the cone

width. The angular distance between two nodes x and y is defined as the Eu-
clidean angle between their spatial projections: θ(x,y) = arccos

(
xs·ys

∥xs∥2∥ys∥2

)
.

A child node y is considered to be entailed by its parent x if θ(x,y) ≤ ϕ(x). To
softly enforce this constraint, we define the entailment loss as:

Lent =exp(θ(x,y)/ϕ(x)− 1)max(0, θ(x,y)− αϕ(x))

+ exp(ϕ(x)/θ(x,y)− 1)max(0, ϕ(x)− βθ(x,y)) ,
(3)

where α and β control the strength of the inclusion and exclusion constraints.

2.3 Cross-Level Fusion

To effectively propagate information across different hierarchical levels, we con-
struct a bottom-up information flow composed of three cascaded network units.
Within each unit, all multi-head attention operations follow the design princi-
ples of HypFormer [23], ensuring that multi-head attention computations are
performed directly on the Lorentz manifold Hn

ρ , thereby avoiding geometric dis-
tortion introduced by projections to Euclidean tangent spaces.

At the l-th level, the Lorentz visual features V(l) = {v1, . . . ,vN} are fed
into the visual encoder. The encoder consists of multi-head hyperbolic self-
attention layers. The enhanced output visual representations are denoted as
V̂(l) = {v̂1, . . . , v̂N}. To enable cross-level information interaction, we introduce
a memory encoding mechanism. The hidden embedding from the previous level,
H(l−1), serves as the Query, while the enhanced visual features V̂(l) act as the
Keys and Values. Through multi-head attention, cross-level fusion is performed
to obtain the memory representation M(l). The text decoder generates the report
sequence Y(l) at the l-th level in an autoregressive manner. It consists of masked
self-attention, multi-modal cross-attention, and feed-forward networks. During
the multimodal cross-attention stage, the decoder uses the output of masked
self-attention as the Query, while the fused memory M(l) serves as the Keys and
Values. The resulting hyperbolic hidden states are then transformed as follows:
(1) They are mapped to the vocabulary probability space via a feed-forward to
generate the current textual reports; (2) The hidden state at the final time step
is extracted as H(l) and propagated to the (l + 1)-th cascaded unit, enabling
hierarchical progressive generation.

The overall loss is defined as Ltotal =
∑

l L
(l)
LM + Lent + Lpos, where L(l)

LM

denotes the autoregressive language modeling loss at level l.
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3 Experiments and Results

3.1 Experimental Setup

Datasets. We follow the data protocol of [3] and conduct experiments on the
PathText datasets (BRCA and LUAD) using the same train, validation, and test
splits. Specifically, the BRCA dataset (breast cancer) comprises 1,041 whole-slide
images, partitioned into 845 for training, 98 for validation, and 98 for testing.
The LUAD dataset (lung adenocarcinoma) contains 541 WSIs, with 325, 108,
and 108 cases allocated to the training, validation, and test sets, respectively.

Implementation Details. In the experimental setting, we follow the pre-
processing protocols of [3][26]. WSIs are processed using CLAM [16]. Specifi-
cally, non-overlapping 256 × 256 patches are extracted at 20× magnification,
and patch-level features are obtained using the pretrained UNI model [4]. For
optimization, we employ the Adam optimizer with an initial learning rate of 1e-4
and a weight decay of 5e-5. The maximum number of training epochs is set to
60, with early stopping applied using a patience of 20 epochs. All experiments
are conducted on a single NVIDIA RTX 5090 GPU.

Evaluation Metrics. We adopt six text generation metrics for quantita-
tive evaluation. BLEU scores are computed based on n-gram precision. BLEU-1
measures word-level matching accuracy, while BLEU-2, BLEU-3, and BLEU-4
(2-gram to 4-gram) further evaluate phrase-level coherence, fluency, and struc-
tural consistency with the reference reports. METEOR considers both precision
and recall and incorporates stemming and synonym matching, providing a more
semantically sensitive evaluation of the generated text. ROUGE-L is based on
the Longest Common Subsequence and measures how well the generated report
preserves the overall structure and key information of the reference text.

3.2 Experimental Results

In this section, we first compare our method with state-of-the-art approaches,
followed by ablation studies on key modules and hyperparameters. Additionally,
we provide visualization analyses of feature distributions in the hyperbolic space.

Comparison with SOTA. To validate the proposed method, we perform
comprehensive comparisons with recent pathology report generation approaches
on the BRCA and LUAD subsets of the PathText dataset. For fairness, all
methods use identical data splits and preprocessing, with UNI as the unified
feature extractor. As shown in Tab. 1, conventional LSTM- and Transformer-
based baselines show limited performance due to restricted modeling capacity.
While recent methods (MI-Gen, Hist-Gen, and Bi-Gen) improve generation qual-
ity via multi-scale modeling, our approach consistently achieves the best results
across all metrics on both subsets. Compared with the second-best method, Bi-
Gen, our model improves BLEU-1 by 2.71% and 1.83% on BRCA and LUAD,
respectively. ROUGE scores increase by 2.89% and 0.63%, indicating stronger
semantic consistency and better structural coherence in the generated reports.
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Table 1. Quantitative results of pathology report generation on the PathText (BRCA
and LUAD) datasets. The best performance is highlighted in yellow.

Method BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE

PathText-BRCA

Att-LSTM [22] 0.3773 0.2460 0.1617 0.1090 0.1534 0.2810
Vanilla Transformer [20] 0.3825 0.2518 0.1686 0.1155 0.1581 0.2784
R2Gen [6] 0.3753 0.2465 0.1630 0.1095 0.1525 0.2769
R2GenCMN [5] 0.3806 0.2433 0.1601 0.1071 0.1645 0.2724
MI-Gen [3] 0.4136 0.2754 0.1805 0.1209 0.1663 0.2795
Hist-Gen [11] 0.4223 0.2788 0.1756 0.1165 0.1603 0.2785
Bi-Gen [26] 0.4230 0.2820 0.1891 0.1294 0.1736 0.2773
Ours 0.4501 0.3040 0.2131 0.1460 0.1805 0.3062

PathText-LUAD

Att-LSTM [22] 0.3707 0.2348 0.1528 0.1006 0.1407 0.2764
Vanilla Transformer [20] 0.3896 0.2516 0.1641 0.1083 0.1451 0.2854
R2Gen [6] 0.3939 0.2522 0.1673 0.1126 0.1475 0.2900
R2GenCMN [5] 0.3855 0.2467 0.1631 0.1120 0.1487 0.2904
MI-Gen [3] 0.3947 0.2538 0.1686 0.1154 0.1518 0.2914
Hist-Gen [11] 0.4009 0.2600 0.1747 0.1219 0.1563 0.2809
Bi-Gen [26] 0.4075 0.2633 0.1766 0.1234 0.1558 0.2929
Ours 0.4258 0.2750 0.1851 0.1289 0.1606 0.2992
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Fig. 3. Ablation on hyperparameter M for hierarchical aggregation.

Ablation Analysis. To evaluate the contribution of each component, we
performed systematic ablation studies in Tab. 2. ‘B’ denotes the baseline with-
out hierarchical structures or hyperbolic embeddings; ‘Hier.’, ‘Lorentz’, ‘Lent,
Lpos’, and ‘Memory’ represent hierarchical modeling, hyperbolic embedding, en-
tailment and radial position loss, and the memory encoder, respectively. Intro-
ducing hierarchical modeling (b) improves BLEU-4 by 0.46%, confirming the
benefit of explicit structural design. Adding hyperbolic embedding (c) further
boosts BLEU-1 by 1.44%, demonstrating its effectiveness for hierarchical se-
mantics. Incorporating structural losses (d,e) increases BLEU-1 to 0.4480 and
0.4465, enhancing embedding stability and semantic consistency. Combining hi-
erarchy with Memory alone (f vs. b) yields a 0.64% BLEU-1 gain, but remains
limited without hyperbolic geometry and structural constraints. The full model
(g) achieves the best performance across all metrics.
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Table 2. Ablation study of different model components.

BHier.LorentzLentLposMemoryBLEU-1BLEU-2BLEU-3BLEU-4METEORROUGE

(a)✓ 0.4223 0.2788 0.1756 0.1165 0.1603 0.2785
(b)✓ ✓ 0.4278 0.2890 0.1823 0.1211 0.1724 0.2799
(c)✓ ✓ ✓ 0.4422 0.2908 0.1934 0.1314 0.1757 0.2893
(d)✓ ✓ ✓ ✓ 0.4480 0.2935 0.1940 0.1313 0.1775 0.2952
(e)✓ ✓ ✓ ✓ 0.4465 0.2971 0.1902 0.1360 0.1778 0.2849
(f) ✓ ✓ ✓ 0.4342 0.2845 0.1860 0.1294 0.1739 0.2807
(g)✓ ✓ ✓ ✓ ✓ ✓ 0.4501 0.3040 0.2131 0.1460 0.1805 0.3062

We conduct an ablation study in Fig. 3 to evaluate the impact of the hyper-
parameter, which defines the M ×M block grid in the hierarchical aggregation
module. Experiments are performed on the BRCA and LUAD datasets, and
performance is assessed using BLEU-1 to BLEU-4. On the BRCA dataset, the
model achieves its best performance at M = 8, while performance degrades when
M > 8. In contrast, the optimal value on the LUAD dataset is M = 16, suggest-
ing that a larger receptive field is more suitable for capturing the hierarchical
structural characteristics of this dataset. Moreover, for both datasets, M = 64
yields the worst performance, confirming that an excessively large receptive field
introduces over-smoothing during aggregation.

Hyperbolic Embedding Visualization. Figure 4 visualizes the hyperbolic
embeddings using HoroPCA [1], a dimensionality reduction method specifically
designed for hyperbolic space. Subfigure (a) presents the feature distribution
without loss constraints, where the hierarchical organization appears disordered,
while subfigure (b) presents the distribution after applying the proposed geomet-
ric losses. As illustrated in (b), a clear hierarchical organization emerges: features
are arranged concentrically from the origin outward, with slide-level representa-
tions near the center, surrounded by region-level features, and local-level features
distributed closer to the boundary.

LUAD-Image-Local

LUAD-Image-Region

LUAD-Image-Global

LUAD-Report-Local

LUAD-Report-Region

LUAD-Report-Global

(a) (b)

Fig. 4. The visualization of hyperbolic embeddings from different hierarchical levels.
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4 Conclusion

In this paper, we proposed H2M-Net, a hierarchical hyperbolic memory network
for pathology report generation that addresses the geometric mismatch of Eu-
clidean representations. By embedding multi-scale features on the Lorentz man-
ifold and introducing a hierarchical memory mechanism with explicit geometric
constraints, our model effectively preserves local-to-global diagnostic logic and
enhances cross-level reasoning. Extensive experiments demonstrate that H2M-
Net achieves superior performance and generates diagnostically accurate reports.
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