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Abstract

With the daily influx of 3D data on the internet, text-3D
retrieval has gained increasing attention. However, current
methods face two major challenges: Hierarchy Representation
Collapse (HRC) and Redundancy-Induced Saliency Dilution
(RISD). HRC compresses abstract-to-specific and whole-to-
part hierarchies in Euclidean embeddings, while RISD aver-
ages noisy fragments, obscuring critical semantic cues and
diminishing the model’s ability to distinguish hard negatives.
To address these challenges, we introduce the Hyperbolic
Hierarchical Alignment Reasoning Network (H2ARN) for
text-3D retrieval. HARN embeds both text and 3D data in
a Lorentz-model hyperbolic space, where exponential vol-
ume growth inherently preserves hierarchical distances. A
hierarchical ordering loss constructs a shrinking entailment
cone around each text vector, ensuring that the matched 3D
instance falls within the cone, while an instance-level con-
trastive loss jointly enforces separation from non-matching
samples. To tackle RISD, we propose a contribution-aware
hyperbolic aggregation module that leverages Lorentzian dis-
tance to assess the relevance of each local feature and applies
contribution-weighted aggregation guided by hyperbolic ge-
ometry, enhancing discriminative regions while suppressing
redundancy without additional supervision. We also release
the expanded T3DR-HIT v2 benchmark, which contains 8,935
text-to-3D pairs, 2.6 times the original size, covering both
fine-grained cultural artefacts and complex indoor scenes.

Code — https://github.com/liwrui/H2ARN

Introduction

With the rapid increase in the volume and variety of 3D data
available online, text-3D retrieval has attracted significant
attention for its broad application potential. Unlike traditional
cross-modal retrieval tasks limited to 2D alignment, this area
directly maps natural language to rich geometric, topological,
and textural information. This capability enables more accu-
rate and actionable content analysis, benefiting applications
such as 3D crack recognition (Chen et al. 2022, 2023, 2024b),
and multimodal processing (Bai et al. 2024, 2025; Xiao, Li,
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Figure 1: Conceptual illustration of hierarchical data repre-
sentation. Left: The exponentially growing tree structures
inherent in both abstract-to-specific semantics and whole-to-
part geometry. Right: Euclidean space suffers from a "crowd-
ing" effect, whereas hyperbolic space preserves the hierarchy.

and Jia 2025; Xiao and Wang 2025; Zhang et al. 2025a,b; Li
et al. 2025e,b, 2024, 2023a, 2025c¢; Bao et al. 2022, 2025).
However, bridging the semantic gap between language and
3D geometry presents substantially greater challenges than
traditional cross-modal retrieval tasks (Li et al. 2023b). Both
3D data and natural language exhibit inherent tree-like hier-
archies: semantics evolve from abstract concepts to concrete
details, while geometry transitions from holistic structures to
fine-grained components. This hierarchical structure leads to
an exponential growth in the number of nodes with increas-
ing depth. When embedded into Euclidean or conventional
Riemannian spaces, which grow at most polynomially with
radius (Lee 2018), a “crowding” effect becomes inevitable,
as shown in the right panel of Figure 1. Samples that are
semantically distinct but structurally similar are compressed
into close proximity in high-dimensional embedding spaces.
Moreover, real-world 3D data often contain artifacts and
texture noise that introduce unavoidable redundancy. Main-
stream methods typically use mean pooling to aggregate local
fragments into global representations, assuming equal contri-
bution from all parts. As a result, crucial geometric features
are often diluted by semantically irrelevant noise. Therefore,
the existing text-3D retrieval methods facing two fundamen-



tal challenges: Hierarchy Representation Collapse (HRC) and
Redundancy-Induced Saliency Dilution (RISD).

First, HRC disrupts semantic consistency across modali-
ties. Both natural language and 3D geometry inherently fol-
low a tree-structured hierarchy, progressing from abstract
to concrete semantics and from global to local geometric
structures (Li et al. 2023c). The number of nodes increases
exponentially with hierarchical depth. For example, as illus-
trated in the left panel of Figure 1, the text “A trophy-shaped,
two-handled ceramic urn” denotes an abstract concept, while
its corresponding 3D point cloud encodes fine-grained de-
tails such as the ornate handles and specific surface patterns.
These details correspond to more specific instances within
the same hierarchy. When this exponentially growing hierar-
chy is projected into Euclidean or conventional Riemannian
spaces (Li et al. 2025a), which expand at most polynomially
with radius, intrinsic tree distances become severely distorted.
General concepts and specific instances are compressed into
crowded regions, resulting in overlap and ambiguity within
the embedding space. As a result, the model fails to pre-
serve the intrinsic property that higher-level concepts should
encompass more neighbors, whereas lower-level instances
should remain distinguishable. This distortion contributes to
simultaneous declines in both recall and precision.

Second, RISD amplifies discriminative errors during fea-
ture aggregation. Real-world 3D data often contain redun-
dant fragments, such as scanning artifacts and decorative
textures, while natural language descriptions may include
non-discriminative elements, such as prepositions and func-
tion words. When equal-weighted strategies such as mean
pooling are employed, the contribution of local fragments
to the global representation is uniformly smoothed. Conse-
quently, critical geometric and semantic cues are averaged
out, diminishing the embedding’s ability to distinguish hard
negative samples.

To address these challenges, we propose the Hyperbolic Hi-
erarchical Alignment Reasoning Network (H2ARN), which
jointly embeds textual descriptions and 3D point clouds into
a Lorentzian hyperbolic space with constant negative curva-
ture. Due to its exponential volume growth with respect to
radius (Gromov 1987), this space naturally accommodates
tree-structured hierarchies (Figure 1, right panel). The ori-
gin represents the most general concepts, and embeddings
positioned closer to the origin carry more abstract semantics,
which inherently subsume the more specific instances situ-
ated farther away. Leveraging this geometric framework, we
first impose a cross-modal constraint: text embeddings are re-
quired to lie closer to the origin than their corresponding point
cloud embeddings, thereby spatially encoding the abstract-
to-specific relationship. Next, we introduce a contribution-
aware intra-modal aggregation mechanism. Local geometric
features and word tokens are treated as leaf nodes and are
contextually enriched via a self-attention module. These en-
riched representations, along with an initial global anchor
obtained through mean pooling, are projected into hyperbolic
space. The Lorentzian distance is then used to quantify each
leaf node’s semantic contribution to the anchor, assigning it
an importance weight. This guides a weighted aggregation
process that produces a final global representation, seman-
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tically cleaner and positioned deeper within the hierarchy.
The optimization process incorporates two geometric loss
functions. The first is a Lorentzian contrastive loss, which
promotes instance-level alignment by pulling matched pairs
closer and pushing mismatched pairs farther apart in hyper-
bolic space. The second is the Hierarchical Ordering Loss,
which explicitly encodes the partial ordering of “text entails
3D” through entailment cones. Given a text embedding x
and a point cloud embedding y, we construct a hyperbolic
cone centered at = with a radially shrinking aperture. If y lies
within the cone, the partial order is satisfied and no penalty
is incurred. Otherwise, the loss is proportional to the angular
deviation from the cone boundary. This mechanism dynam-
ically adjusts the cone to encompass relevant 3D instances
while excluding unrelated ones during training. The main
contributions of this paper are summarized as follows:

» We propose the H2ARN, which constructs a Lorentzian
hyperbolic space with constant negative curvature and
introduces a hierarchical ordering loss. By explicitly en-
forcing partial order constraints via entailment cones in
the embedding space, our model effectively mitigates the
problem of hierarchical representation collapse.

* We introduce a contribution-aware hyperbolic aggregation
mechanism that leverages Lorentzian distance to estimate
the semantic contribution of each local fragment. When
jointly trained with hierarchical ordering loss, the model
improves its ability to distinguish hard negative samples
without additional supervision.

* We expand the T3DR-HIT dataset to 2.6 times its original
size, increasing the number of text—3D pairs from 3,380 to
8,935. Our model demonstrates superior performance and
generalization capabilities on the enlarged dataset. We
believe that releasing this expanded dataset will benefit
the broader research community.

Related Work
Cross-modal Retrieval

Cross-modal retrieval aims to bridge the semantic gap be-
tween different data modalities, with feature alignment being
the central challenge (Tang et al. 2025; Yang, Li, and Cheng
2025; Yang et al. 2025; Li et al. 2025d). The most prominent
subfield is image-text retrieval, where alignment strategies
are often categorized into coarse-grained, fine-grained, and
hybrid-grained approaches. Coarse-grained methods typically
map entire images and sentences to a shared embedding space
for holistic comparison (Faghri et al. 2017). Some enhance
global representations by modeling intra-modal relationships
using graph convolutional networks (Li et al. 2019) or trans-
formers (Messina et al. 2021b; Li and Fan 2022; Li et al.
2023b), while others focus on improving the loss functions
with instance-level constraints (Zheng et al. 2020), hierarchi-
cal relation modeling (Fu et al. 2023), or adversarial learning
(Peng and Qi 2019). Fine-grained methods, in contrast, focus
on aligning local features. A seminal work introduced cross-
attention to discover latent alignments between visual and
textual fragments (Lee et al. 2018). Subsequent approaches
refined this core idea by extending alignment to the relation-
level (Wei et al. 2020; Messina et al. 2021a), selectively



attending to salient local fragments based on global context
(Zhang et al. 2020; Bao et al. 2023; Wang et al. 2025), or
introducing innovative techniques such as multi-level con-
trastive learning (Wu et al. 2019) and probabilistic modeling
(Li, Xiong, and Fan 2024). Hybrid-grained methods unify
the strengths of both via strategies such as inferring more ac-
curate matching scores through similarity attention filtering
(Diao et al. 2021), integrating coarse and fine-grained learn-
ing into a unified framework with a consistency-constrained
contrastive loss (Liu et al. 2023), or employing intra-modal fu-
sion guidance and inter-modal bidirectional guidance (Chen
et al. 2024a).

Inspired by these advances, research has extended to the
3D domain, initially focusing on text-3D shape retrieval. This
sub-task focuses on matching textual descriptions with iso-
lated 3D shapes, typically generated models. A pioneering
study first achieved end-to-end text-shape retrieval by com-
bining association learning with metric learning (Chen et al.
2018). Subsequent works have largely relied on multi-view
renderings, representing 3D shapes as view sequences (Han
et al. 2019), learning a trimodal embedding space (Ruan
et al. 2024), or using self-and-cross-attention to aggregate
multi-view and point cloud features (Lin et al. 2024), often
supplemented by hard negative mining strategies (Wu et al.
2024). To move beyond reliance on 2D renderings, some
methods have introduced direct matching between 3D shape
parts and words (Tang et al. 2023) or proposed unified query
transformers for joint understanding (Li et al. 2023c). How-
ever, by focusing on isolated objects lacking scene details
and often neglecting the underlying data distribution, these
methods can be susceptible to learning biases.

Different from previous text-3D benchmarks targeted spe-
cific scenarios like synthetic indoor scenes (Yu et al. 2024),
a seminal study recently advanced the field by introducing
T3DR-HIT, the first large-scale benchmark based on real-
world scans of both coarse-grained scenes and fine-grained
artifacts (Li et al. 2025a). The study also introduced a Rie-
mannian attention mechanism to enhance retrieval accuracy.
Despite these advances, prior methods primarily operate
in Euclidean or conventional Riemannian spaces with lim-
ited volume growth, making them susceptible to HRC. Con-
currently, their common use of equal-weighted aggregation
strategies fails to effectively address the RISD problem. Our
work directly addresses these gaps by leveraging the expo-
nential capacity of Lorentzian hyperbolic geometry and a
contribution-aware aggregation mechanism, thereby enabling
more robust and precise text-3D retrieval.

Method

In this section, we present in detail the modeling architecture
and learning objectives of H?’ARN. As illustrated in Figure 2,
the H2ARN framework is composed of two primary modules:
a Structural Context Encoder that refines local features in
Euclidean space, and a Hyperbolic Hierarchical Alignment
Module that embeds and aligns them in hyperbolic space.
We first introduce the preliminaries of the Lorentz model
of hyperbolic geometry. Then, we discuss the architectural
components of our model and its optimization strategy.
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Preliminaries of Lorentz Model

Hyperbolic space H? is a Riemannian manifold with con-
stant negative curvature. Its volume grows exponentially with
geodesic radius, mirroring the branching of tree-structured
data and easing the crowding that arises in Euclidean embed-
dings. Several coordinate models represent H?, for example
the Poincaré ball or the upper half-space, but these embed the
manifold in R at the cost of metric distortion. We adopt the
Lorentz model because it provides an isometric embedding in
the (d + 1)-dimensional Minkowski space R'%, preserving
distances exactly and enabling stable closed-form geodesic
operations. For curvature —c < 0, the Lorentz model is the
future sheet of the two-sheeted hyperboloid in R':¢:

1
He = {u e R : (u,u), = — =y Udil > 0}, ()

where (-, -) 2 denotes the Lorentz inner product. For two vec-
tors u,v € R4+ with spatial parts ,v € R and time
components uqy1,v4+1 € R, the inner product is defined
as (u,v)y = (0, V)g — Ug+1Va+1, where (-, -) g is the stan-
dard Euclidean inner product. All vectors on this manifold
satisfy the constraint ug+1 = 1/1/c + ||u||%. Based on the
structure, we use the Lorentzian distance to measure the ge-
ometric distance between embedded points. This distance
corresponds to the length of the shortest path (geodesic) on
the manifold, effectively capturing hierarchical semantic re-
lationships. For any two points u, v € HY, their Lorentzian
distance is defined as:

@

% arccosh(—c{u,v)z).

To enable feature projection and optimization on the mani-
fold, it is necessary to introduce the tangent space and its map-
ping to the manifold. The tangent space at a point w € H¢
is a d-dimensional Euclidean space that is orthogonal to w
under the Lorentz inner product:

d]}[[(ll, V) =

ToH? = {v e R : (v, w), =0}, 3)

where T, H¢ denotes the tangent space at point w. The ex-
ponential map, exp, : TyWH? — HY, serves as a crucial
bridge, projecting a vector from the flat tangent space onto
the curved manifold. For a general point w and a tangent
vector v € T, ng, this map is defined as:

sinh(v/¢[|v|c)
velvlle

where ||v||z = v/|{v, V)] is the Lorentzian norm.

The exponential map serves as the bridge for lifting Eu-
clidean features into the hyperbolic manifold. In practice, we
focus on the exponential map centered at the hyperboloid ori-
gino = (0,...,0,1/4/¢c), since any Euclidean feature vector
v € R? lies in the tangent space T, H. Its temporal compo-
nent is zero, ensuring that (o, v) = 0 holds automatically.
Substituting w = o into the general Lorentz exponential map
yields the embedded point u = exp(v), where the spatial
component is v scaled by a hyperbolic factor and the time co-
ordinate is determined by curvature. This faithfully positions

expS, (v) = cosh(v/c||v]|z)w + v, @)
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Figure 2: An overview of the HZARN architecture. The Structural Context Encoder first refines local features from each modality
in Euclidean space to produce context-aware representations. Subsequently, the Hyperbolic Hierarchical Alignment Module
aligns the features in hyperbolic space via a contribution-aware aggregation mechanism and a dual geometric loss, preserving

their semantic hierarchy.

the feature on the constant-curvature manifold and facilitates
geometry-aware learning, which can be written as:

velvlle ve

where the time component u441 can be equivalently derived
from the spatial component via the hyperboloid constraint.

» )

ua=

Structural Context Encoder

To capture each modality’s intrinsic structure and furnish
context-aware representations, we first feed raw inputs to
strong modality-specific backbones, yielding local feature
sequences Fy € REt*Pt for text and F, € RE»*Dr for
point clouds. Text tokens are encoded with CLIP (Rad-
ford et al. 2021), whose large-scale vision—language pre-
training supplies rich semantic priors for nuanced descrip-
tions. Point clouds are processed by DGCNN (Wang et al.
2019), which dynamically constructs neighbourhood graphs
to model point—point relations while integrating colour chan-
nels to preserve fine visual detail. Although these encoders
excel at local pattern extraction, the resulting sequences lack
global awareness of long-range dependencies. We therefore
project the features to a shared latent dimension d and pass
them through a stack of Pre-Layer-Norm Transformer blocks.
In each block, the sequence is linearly mapped to query, key
and value tensors, followed by multi-head scaled dot-product
attention that captures cross-token interactions; position-wise
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feed-forward networks and residual connections then refine
the context. This self-attention pipeline endows both modal-
ities with coherent, context-enhanced embeddings that are
ready for subsequent hyperbolic alignment.

Hyperbolic Hierarchical Alignment Module

This module is the core of our model, specifically designed
to address the dual challenges of HRC and RISD. It achieves
this through a novel Contribution-Aware Hyperbolic Aggre-
gation mechanism and a Dual Geometric Loss Function that
is computed entirely within the hyperbolic geometry.

Contribution-Aware Hyperbolic Aggregation. The
contribution-aware hyperbolic aggregation mechanism
addresses RISD by weighting local tokens based on their
geometric relevance to global semantics. Let Z; and Z,
denote the context-enhanced Euclidean token matrices from
the previous stage, with each row vector z; regarded as a
leaf node. We first compute an initial anchor z = % Zle Z
and map both the anchor and all leaf nodes to H¢ using
the exponential map defined in Eq. (5). For each leaf, we
calculate its Lorentzian distance to the anchor as defined
in Eq. (2). A softmax over the negative distances yields
contribution weights w; that reflect semantic saliency. These
weights guide the weighted Euclidean sum z* = ZiLzl Wi Zi.
Since z* has a smaller norm than any individual z;, its
hyperbolic image naturally lies closer to the origin, capturing
a more abstract and denoised global concept. The resulting



root embeddings, h; expg(z;) and h, = exp(z,),
provide semantically purified representations for text and
point clouds, effectively countering the dilution of key cues
by redundant fragments. To prevent numerical overflow in
the exponential map, each local feature matrix Z € RE*¢
is scaled by a learnable, modality-specific factor «, i.e.,
Z' = aZ, prior to aggregation.

Dual Geometric Loss Function. Our optimization objec-
tive structures the embedding space to simultaneously ensure
instance-level discrimination and preserve the inter-modal
abstract-to-specific semantic hierarchy. This is achieved
through two synergistic components: a multi-positive con-
trastive loss constructed from negative Lorentzian distance,
which aligns instances by pulling positive pairs closer and
pushing negative pairs apart, and a hierarchical ordering loss,
which explicitly enforces the "text entails 3D" partial order
using entailment cones with a radially narrowing scope.
The Multi-Positive Contrastive Loss. The multi-positive
contrastive loss L., operates at the instance level. We de-
fine the similarity score s(, j) between the final global root
embeddings of a text instance ¢ (h; ;) and a 3D instance j
(hy, ;) as their negative Lorentzian distance:

5(17]) = 7dH(ht,i7h;D,j)/T’ (6)
where 7 is a temperature hyperparameter. Based on this simi-
larity, we construct a symmetric InfoNCE-style loss adapted
for scenarios where multiple positive samples may exist for
a given query in a batch. The loss from text to point cloud,
L, p, is formulated as:

j€73 €

B ;1 65(" k)

where B is the batch size and P; is the set of indices of point
clouds positive to text . To ensure bidirectional alignment,
the full contrastive loss Loy is the symmetric average of this
and the corresponding point-cloud-to-text loss £,,_,+:

s(4,9)

@)

L:t—>p

1
Econt = §(£t—>p + [:p—nf)- (8)

The Hierarchical Ordering Loss. The hierarchical order-
ing loss Lorq mitigates HRC by embedding the “text entails
3D” partial order directly in hyperbolic geometry through
entailment cones. For every text root embedding h, € H¢
we define a hyperbolic cone whose axis is h; and whose half-
aperture ¢(h;) contracts as the vector drifts outward from the
origin, thereby capturing the intuition that concepts become
more specific and semantically narrower with increasing ra-
dius. The half-aperture can be written as:

¢(hy) = arcsin (2{(
velhelle
where || h;|| g is the Euclidean norm of the spatial component
of the text embedding, c is the curvature, and K = 0.1 caps
the maximal cone width for concepts near the origin. Given
a paired 3D embedding h,,, we compute the exterior angle
between the cone’s axis h; and hy,:

(€))

hpay1+c-hy d+1<ht7h )c
el /(c(he, by 2)? = 1

6(h¢, h,) = arccos (
(10)
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Figure 3: Geometric illustration of the Hierarchical Ordering
Loss. The loss enforces the "text entails 3D" partial order
by penalizing a 3D embedding h,, only if it lies outside the
entailment cone defined by its corresponding text embedding
h:. The penalty is proportional to the difference between the
exterior angle 6(hy, h,) and the cone’s half-aperture ¢(h;).

where h. 441 denotes the time component and (-, -) z is the
Lorentz inner product. The ordering loss penalises only those
3D points that fall outside the cone. As illustrated in Fig-
ure 3, if the exterior angle exceeds the aperture, a penalty
proportional to their difference is incurred. For a positive pair
(hy, hy,), the loss is:

Lora = max(0,0(hy, hy) — é(hy)). (11)

This nonsymmetric geometric constraint forces the text
embedding to occupy a more general, "ancestor” position
relative to its specific 3D instance, thereby constructing the
desired hierarchy and preventing its collapse. The final train-
ing objective is a weighted sum of these two losses:

ACtotal = ‘Ccom + )\ﬂordy (12)

where the hyperparameter A balances discrimination against
hierarchical consistency.

Experiments
Experimental Settings

Datasets. We validate our model using the original T3DR-
HIT dataset as well as an expanded version, referred to as
T3DR-HIT v2. The original dataset includes 3,380 text-3D
pairs, but it presents a notable limitation: fine-grained arti-
fact scenes are described by only a single caption per ob-
ject, in contrast to indoor scenes, which typically include
at least three captions. To correct this imbalance and evalu-
ate scalability, we utilized the LLaVA large language model
(1lava-vl.6-mistral-7b-hf) to generate three addi-
tional, distinct captions for each artifact using a set of diverse
prompts. This enhancement results in richer and more com-
prehensive textual representations. Concurrently, we also
expanded the point cloud data by incorporating additional
artifacts captured from the Elephant Meta Dataset provided
by the Henan Broadcasting and Television Station. The aug-
mented dataset, T3DR-HIT v2, contains a total of 8,935



Backbone Text — PC PC — Text Hyperparameters
Datasets Methods - Rsum -

Text Point CloudR@1R@5R@10R@1R@5R@10 Batch Size Nhead SA Layers

RMARNype5 CLIP PointNet 13 39 47 - - - 99 64 16 6

RMARN3p25 CLIP PointNet 19 50 53 - - - 122 32 32 6

T3DR-HIT RMARNyp25 BERT PointNet++ 25 58 62 - - - 145 64 32 6

RMARNyp25 BERT PointNet++ 31 61 69 - - - 161 64 32 8

H2ARN (Ours) CLIP DGCNN 32 63 73 - - - 168 256 64 6

RMARNyp95 CLIP PointNet 7.6 25.2 37.7 6.5 20.0 30.3 127.3 64 16 6

RMARNyp25 CLIP DGCNN 13.4 38.3 58.3 18.4 409 51.0 220.3 32 32 8

T3DR-HIT v2 H2ARN (Ours) CLIP  DGCNN 15.6 43.3 58.6 15.0 37.2 552 2249 256 16 6

H2ARN (Ours) CLIP DGCNN 14.7 42.9 59.5 18.5 44.7 54.4 234.7 32 32 8

H2ARN (Ours) CLIP DGCNN 16.9 44.4 59.4 16.4 41.0 56.9 2350 256 32 8

H?ARN (Ours) CLIP DGCNN 164 44.5 60.6 19.6 42.3 55.1 238.5 256 64 6

Table 1: Performance comparison on the T3DR-HIT and our expanded T3DR-HIT v2 datasets.

text-3D pairs, representing a 2.6-fold increase in size. We par-
tition the dataset into an 80:20 training and testing split and
conduct experiments on both versions to thoroughly assess
the effectiveness and robustness of our proposed model.

Evaluation Metrics. To quantitatively evaluate retrieval per-
formance, we employ two standard metrics widely used in
cross-modal retrieval: Recall@K (R@K) and Rsum. R@K
is defined as the proportion of queries for which the cor-
rect corresponding item is found within the top-K retrieved
results. We report R@K for K={1, 5, 10}, as this reflects
performance at different levels of retrieval precision. To pro-
vide a single, comprehensive measure of overall performance,
we also report Rsum, which is the sum of all R@K values
across both retrieval directions (text-to-point cloud and point
cloud-to-text). For all metrics, higher values signify better
retrieval performance.

Implementation Details. We implement our H2ARN with
the following architectural parameters and training settings.
The shared latent dimension d for all embeddings is set to
512, and the initial feature dimensions for both text (D;) and
point clouds (D)) are also 512. The local feature sequence
lengths are fixed at L; = 77 for text and L, = 100 for point
clouds. Key parameters of the hyperbolic space are learnable.
To ensure its positivity, the curvature parameter c is parame-
terized via its logarithm, i.e., the model learns log(c), and is
initialized to ¢ = 1.0. Similarly, to prevent numerical over-
flow during the hyperbolic projection, a modality-specific
scaling factor «v is applied to the local Euclidean features be-
fore aggregation. This factor is also learned via its logarithm

and initialized as o = 1/+/d.

We train the model for 100 epochs using a batch size of
256. For optimization, we employ the AdamW optimizer
with a learning rate of 2 x 1073, and parameters $; = 0.91,
B2 = 0.9993, and € = 10~8. A linear learning rate scheduler
with a warmup phase over the first 10% of total training
steps is used to stabilize training. For the dual geometric loss,
the temperature 7 in the contrastive loss is set to 0.07. The
weight A for the hierarchical ordering Loss is set to 0.2, and
the constant K for the entailment cone is 0.1.

Query: A decorative container... cylindrical shape with a narrower neck and
wider base... adorned with a woven or textured pattern... in shades of brown,
beige, and cream... two handles on either side of the body...
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Query: A sculpture of a group of figures... classical style, with muscular forms...
central figure is a male figure standing upright with one arm raised... surrounded
by smaller figures... intertwined with the central figure...
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Figure 4: Qualitative comparison of text-to-3D retrieval re-
sults on the T3DR-HIT v2 dataset. For each query, the top-5
retrieved point clouds are shown, ranked from left to right by
matching score. Green boxes indicate correct matches, while
red boxes indicate incorrect ones.

P

Performance Comparison

We compare HZARN with RMARN, the method that intro-
duced the T3DR-HIT dataset and remains the only published
baseline. On both the original and the expanded T3DR-HIT
v2 datasets, HYARN consistently achieves superior quantita-
tive performance, as shown in Table 1. On the original dataset,
our model, equipped with CLIP and DGCNN backbones, sets
a new state-of-the-art by outperforming RMARN across all
R@K metrics for text-to-point cloud retrieval. This perfor-
mance advantage becomes even more evident on the more
challenging T3DR-HIT v2 dataset. When compared under
identical backbone configurations, H2ARN significantly out-
performs RMARN in both retrieval directions, achieving an
Rsum of 238.5 compared to RMARN’s 220.3. This marked
improvement, independent of feature extractor choice, un-
derscores the effectiveness of our key innovations: the use
of hyperbolic geometry to address HRC and the introduc-
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Text — PC PC — Text
Methods Rsum
R@l1 R@5 R@1 R@5

H?ARN (Ours) 164 445 19.6 423 2385

W/0 Lord 153 401 184 41.1 2296
w/o Aggregation 15.2 436 169 412 2335
w/o both 143 418 145 375 2220

Table 2: Ablation study on the core components of H?ARN.

Text — PC PC — Text
Methods Rsum
R@] R@5 R@l R@5
Eu + MP 10.1 388 125 325 196.3
Eu + CA 125 41.0 142 364 215.1

H?ARN (Ours) 164 44.5 19.6 423 2385

Table 3: Ablation study on the effect of the hyperbolic space.

tion of contribution-aware aggregation to mitigate RISD. The
results confirm our model’s robustness and scalability to di-
verse scenarios, with qualitative examples in Figure 4 further
demonstrating its accurate fine-grained retrieval.

Ablation Study

In this section, we conduct a series of ablation studies to
analyze the impact of our key design choices.

Effect of Core Components. We first validate the effec-
tiveness of our two primary contributions: the Hierarchical
Ordering Loss (Loq) and the Contribution-Aware Hyperbolic
Aggregation mechanism. As shown in Table 2, removing the
Lora results in a significant performance drop, with the Rsum
decreasing from 238.5 to 229.6. This decline highlights the
crucial role of L4 in explicitly modeling the semantic hi-
erarchy and resolving the HRC problem. The impact of the
Contribution-Aware Aggregation is also marked. When we
ablate it by using the initial hyperbolic anchor (the mapped
mean of leaf nodes) directly as the global representation,
the model’s performance degrades, with the Rsum falling to
233.5. This demonstrates that our aggregation mechanism is
vital for filtering out redundant information and mitigating
the RISD problem. Removing both components leads to a
severe performance collapse to an Rsum of 222.0.

Effect of Hyperbolic Space. To verify the fundamental im-
portance of hyperbolic geometry, we compare our full model
against two Euclidean-based variants, with results in Table 3.
Our first baseline, Eu + MP, performs mean pooling on
context-aware features and uses standard cosine similarity
for alignment, yielding the lowest Rsum of 196.3. We then ap-
ply our contribution-aware aggregation within the Euclidean
framework (Eu + CA), where weights are determined by the
dot product between leaves and their anchor. This variant
significantly improves performance to an Rsum of 215.1,
confirming that our aggregation mechanism is effective at
mitigating RISD even without hyperbolic geometry. Finally,
our full H2ARN model, which leverages the hyperbolic em-
bedding space and the hierarchical ordering loss, achieves the

(Nhead, Text — PC PC — Text
Layers) R@1 R@5 R@1 R@5

(16,4) 15.4 394 15.7 35.6 223.2
(16, 6) 15.6 43.3 15.0 37.2 2249
(16, 8) 14.5 40.7 14.1 36.6 210.2

(32,4) 16.7 46.1 14.3 38.6 226.4
(32,6) 16.5 43.2 14.4 41.7 231.0
(32,8) 16.9 44.4 16.4 41.0 235.0

(64,4) 15.2 41.3 20.3 40.5 223.5
(64, 6) 16.4 44.5 19.6 42.3 238.5
(64, 8) 17.0 42.6 18.3 46.4 2374

Rsum

Table 4: Ablation study on the number of attention heads and
self-attention layers on the T3DR-HIT v2 dataset.

best performance by a large margin. This progression directly
validates the superiority of hyperbolic geometry.

Effect of Self-Attention Layers. We further analyze the
impact of the number of attention heads and layers in the
structural context encoder. The results, presented in Table 4,
reveal a complex interplay between model width and depth,
with no single configuration dominating all individual metrics.
The optimal settings for specific R@K metrics are distributed
across different architectures. For instance, the best R@5
score for text-to-point cloud retrieval is achieved by a rela-
tively shallow model (32 heads, 4 layers) at 46.1, whereas
the point cloud-to-text direction favors a deeper, wider ar-
chitecture (64 heads, 8 layers) with a score of 46.4. This
indicates a clear trade-off between model width and depth
depending on the specific evaluation criterion. Despite the
varied performance on individual metrics, the configuration
with 64 attention heads and 6 layers achieves the highest
overall performance, reaching a peak Rsum of 238.5.

Conclusion

This paper introduces the Hyperbolic Hierarchical Align-
ment Reasoning Network (H2ARN) for text-3D retrieval. By
leveraging Lorentzian hyperbolic geometry, H*ARN embeds
both text and 3D data in a space naturally suited to hierar-
chical structures, enforcing semantic entailment through a
geometric ordering loss. Its contribution-aware aggregation
mechanism further enhances discriminative power by empha-
sizing semantically relevant features. Experimental results
on both the original and expanded T3DR-HIT datasets con-
firm that H2ARN significantly outperforms existing methods,
demonstrating superior generalization and robustness. These
contributions not only advance the state of the art in text-
3D retrieval but also lay foundational groundwork for future
cross-modal hyperbolic representations.
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