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Abstract

Recent progress in Sign Language Translation (SLT) has focussed primarily on
improving the representational capacity of large language models to incorporate
Sign Language features. This work explores an alternative direction: enhancing
the geometric properties of skeletal representations themselves. We propose Geo-
Sign, a method that leverages the properties of hyperbolic geometry to model
the hierarchical structure inherent in sign language kinematics. By projecting
skeletal features derived from Spatio-Temporal Graph Convolutional Networks
(ST-GCNs) into the Poincaré ball model, we aim to create more discriminative
embeddings, particularly for fine-grained motions like finger articulations. We
introduce a hyperbolic projection layer, a weighted Fréchet mean aggregation
scheme, and a geometric contrastive loss operating directly in hyperbolic space.
These components are integrated into an end-to-end translation framework as a
regularisation function, to enhance the representations within the language model.
This work demonstrates the potential of hyperbolic geometry to improve skeletal
representations for Sign Language Translation, improving on SOTA RGB methods
while preserving privacy and improving computational efficiency. Code available
here: https://github.com/ed-fish/geo-sign.

1 Introduction

Sign Languages are rich, multi-channel linguistic systems where meaning is conveyed through a com-
position of movements involving the upper body, hands, face, and mouth. Automatic Sign Language
Translation (SLT) is an established research area focused on developing methods to convert these
visual expressions directly into text. While Sign Languages are expressed via fluid multi-articulator
kinematics, a persistent challenge for SLT methods lies in creating feature representations that con-
currently preserve fine-grained, local details (e.g., subtle finger configurations) while embedding the
global structure inherent in larger, overarching body motions. Effectively modelling these multi-scale
and relational dynamics within a suitable geometric embedding space remains a central hurdle.

Spatio-Temporal Graph Convolutional Networks (ST-GCNs) offer a natural way to encode these
hierarchical relationships by treating the body’s joints and bones as nodes and edges in a graph
[79]. However, when their learned representations are projected into standard Euclidean geometry
for processing via a Large Language Model (LLM), essential fine-grained relational distances and
movements can become blurred. For instance, the sign for “water” in American Sign Language (ASL)
is communicated by forming a W shape with the fingers and tapping the chin twice (a fine-grained,
"leaf-level" articulation), immediately followed by a sweeping hand movement away from the body
(a "branch-level" gesture). When these features are aggregated in Euclidean geometry, the large
translation and rotation of the wrist could dominate the vector’s norm, effectively “pulling” the
embedding toward the global motion and compressing the subtle finger tap into a vanishing tail.
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Figure 1: Geo-Sign’s hyperbolic framework: (Left) Skeletal features from ST-GCN’s for different
body parts are projected into a Poincaré ball whose curvature is learned, while the original branch
fuses the features for processing via the MT5 language model. (Pooled) The pose features are
aggregated via Frechet Mean in Eq.1, while the text embeddings from the final layer of the MT5
model are pooled and projected to the hyperbolic manifold. Geodesic distance between the text
embedding and the mean pose features are minimised for positive samples using the contrastive loss
in Eq.5. (Token) Alternatively, hyperbolic pose features are used as attention queries against all text
embeddings to generate a pose-contextual text embedding. Note the movement of the text features Cp;
in grey towards the pose feature in blue. (Right) A representation of the Poincaré disk demonstrating
the difference between Token, and Pooled methods in the tangent space.

Consequently, two signs that differ only in the timing or precision of that tap, which may be critical
to lexical meaning, can become nearly indistinguishable once projected into flat Euclidean space.

Large vision-based models [22, 23, 26] appear to be able to implicitly learn these hierarchical
structures through extensive video pre-training and visual inductive biases. However, they do so
at significant computational cost and with privacy concerns, as they retain identifiable facial and
background details that skeletal representations inherently discard.

This work introduces hyperbolic geometry as a means to fundamentally enhance skeletal representa-
tions for SLT. Unlike Euclidean space, where volume grows polynomially with radius and can flatten
hierarchical structures, hyperbolic manifolds exhibit exponential volume growth. This property is
naturally suited to encoding the compositional, tree-like structures found in sign language kinematics.

As illustrated in Figure 1, in the Poincaré ball model th”’ (with curvature = ¢ < 0), distances
between points near the boundary expand exponentially relative to their Euclidean separation. This
provides ample "space" to distinguish nuanced motions (e.g., an open versus a closed fist), while re-
gions near the origin behave more like Euclidean space, suitable for representing broader phrase-level
semantics. A key aspect of our approach is that we learn the curvature parameter ¢ end-to-end via
Riemannian optimization. This allows the manifold to dynamically adapt its "zoom level": a more
negative curvature (larger ¢) amplifies the separation of fine-grained motions, whereas smoother
curvature helps preserve sentence-level coherence.

Geo-Sign leverages this geometric inductive bias through a novel regularisation framework for a
pre-trained mT5 model [78]. By projecting skeletal features into hyperbolic space and aligning them
with text embeddings via a geometric contrastive loss, we guide the mT5 model to internalize the
hierarchical nature of sign language kinematics. Our primary contributions include:



* Hyperbolic Skeletal Representation: We map multi-part skeletal features, derived from ST-GCNs,
into the Poincaré ball using curvature-aware hyperbolic projection layers.

* Geometric Contrastive Regularisation: We introduce a contrastive learning objective that operates
directly in hyperbolic space, minimizing the geodesic distance between semantically corresponding
hyperbolic pose and text embeddings.

* Hierarchical Aggregation and Alignment Strategies: We explore two main strategies for this
contrastive alignment:

1. A global semantic alignment method, which uses a weighted Fréchet mean to aggregate
part-specific hyperbolic embeddings into a single global pose representation, then aligns this
with a global text embedding.

2. A fine-grained part-text alignment method, which employs a novel hyperbolic attention mech-
anism. This allows individual pose part embeddings to attend to specific text tokens within
the hyperbolic space, generating contextual text embeddings for more detailed contrastive
learning.

This geometric regularisation offers several advantages. It aims to inform the mT5 model’s under-
standing by providing representations that inherently respect kinematic hierarchy. The learnable
curvature allows the model to adapt the representational space to dataset-specific characteristics.
Furthermore, by relying solely on anonymized skeletal data, our approach inherently preserves signer
privacy and offers greater computational efficiency compared to methods requiring extensive video
processing.

Experiments on the CSL-Daily benchmark [88] demonstrate Geo-Sign’s efficacy. Our skeletal-based
approach not only achieves a +1.81 BLEU4 and +3.03 ROUGE score over state-of-the-art pose-based
methods but also matches the performance of comparable vision-based networks. We demonstrate that
our method extends to American Sign Language and Isolated Sign Language Recognition. Finally,
we also present the first method to surpass SOTA gloss based methods (with respect to the ROUGE
score) with a gloss-free approach, highlighting the potential of geometrically-aware representations.

2 Related Work

Our work intersects with several research areas: Sign Language Translation (SLT), the use of skeletal
data for sign and action recognition, and the application of hyperbolic geometry in machine learning.

2.1 Sign Language Translation (SLT)

Sign Language Translation aims to bridge the communication gap between Deaf and hearing com-
munities by automatically converting sign language videos into spoken or written language text
[4, 19,22, 64, 74]. Distinct from Sign Language Recognition (SLR), which often focuses on isolated
signs or gloss transcription [6, 28, 59, 65, 84], SLT tackles the more complex task of translating
continuous signing across modalities with potentially disparate grammatical structures.

Early SLT methods often involved a two-stage process: recognizing sign glosses (individual lexical
units of sign language grammar) and then translating the gloss sequence into the target language
[6, 25, 27,49, 49, 50, 69-72, 89]. Howeyver, this intermediate representation can lead to information
loss, while gloss transcriptions are limited in availability. Consequently, end-to-end sequence-to-
sequence models have become the dominant paradigm [5]. Initial approaches utilized Recurrent
Neural Networks (RNNs) like LSTMs or GRUs, often with attention mechanisms [21, 63]. More
recently, Transformer architectures [6] have demonstrated superior performance in capturing long-
range dependencies and context [32, 62, 91], enabling direct video-to-text translation [9, 15, 22, 68,

]. Many recent state-of-the-art architectures leverage large pre-trained language models, such as T5
variants, fine-tuned for the task of SLT [1 1, 89]. These often rely on large pre-trained visual encoders,
with incremental improvements seen by upgrading visual backbones from ResNet [87], to I3D [67],
and more recently to ViT variants like DINO [74, 75]. However, as these backbones increase in size,
they can limit the number of frames processed concurrently due to quadratically scaling resource
demands.

Key challenges in SLT remain, including the scarcity of large-scale annotated datasets [ 1, 7, 37],
handling signer variability, modelling linguistic divergence between sign and spoken languages
[12, 73], capturing co-articulation effects [92], and distinguishing visually similar signs [17].



2.2 Skeletal Representations for Sign Language and Action Recognition

Using skeletal keypoints, extracted via pose estimation algorithms like OpenPose [8], MediaPipe [46],
or MMPose [13] (in this work we use RTMPose for skeletal features [33]), offers several advantages
over raw RGB video for sign language analysis. Skeletal data is computationally efficient, robust
to background and lighting variations, directly encodes articulation kinematics, enhances privacy
by design, and can potentially improve generalization across different signers and environments

[31,57,92].

Graph Convolutional Networks (GCNs) and particularly Spatio-Temporal GCNs (ST-GCNs) have
shown great promise by explicitly modelling the spatial structure of the skeleton and its temporal
dynamics [14, 58, 76, 77, 79]. However, the quality of skeletal data is heavily dependent on the
accuracy of the underlying pose estimation algorithms [30]. Furthermore, skeletal data might
discard subtle visual cues present in RGB video that could be important for disambiguation. While
multi-modal fusion (RGB + pose) has been explored to combine the strengths of both modalities
[54, 64, 75, 90], it typically increases computational cost. Our work focuses on enhancing the
representational power of skeletal data itself by embedding it in hyperbolic space, aiming to improve
its discriminability for SLT without resorting to RGB fusion.

2.3 Hyperbolic Geometry in Machine Learning

Hyperbolic geometry, characterized by its constant negative curvature, offers unique properties for
representation learning [ 18, 61]. Its most notable feature is the exponential growth of volume with
radius, which allows hyperbolic spaces to embed tree-like or hierarchical structures with significantly
lower distortion than Euclidean spaces. This makes them particularly suitable for data where such
latent hierarchies are believed to exist. Common models of hyperbolic geometry used in machine
learning include the Poincaré ball model [51] and the Lorentz (or hyperboloid) model [52].

2.4 Hyperbolic Representation Learning Applications

The advantageous properties of hyperbolic spaces for modelling hierarchies have led to their success-
ful application in various domains. Hyperbolic Graph Neural Networks (HGNNs) have extended
GNN principles to hyperbolic space, demonstrating strong performance on graph-related tasks, es-
pecially those involving scale-free or hierarchical graphs [44, 81]. In Natural Language Processing
(NLP), Poincaré embeddings [52] effectively captured word hierarchies (e.g., WordNet taxonomies),
leading to the development of hyperbolic RNNs and Transformers for improved modeling of se-
quential and relational data [82]. Applications in computer vision include hyperbolic Convolutional
Neural Networks (CNNs) [2] and vision-language models that leverage hyperbolic spaces to better
align visual and textual concept hierarchies [29].

Our work contributes to this growing body of research by applying hyperbolic representation learning
specifically to the domain of skeletal Sign Language Translation. While hyperbolic geometry has been
explored for general action recognition from skeletons [16, 38, 40] and in broader NLP contexts [48],
its systematic application to enhance the discriminability of multi-part skeletal features for end-to-end
SLT, particularly through a geometric contrastive loss operating in hyperbolic space to regularize
a large language model, represents a novel direction. We aim to leverage the geometric properties
of the Poincaré ball to refine skeletal representations as they are processed by the language model,
thereby improving the translation quality, especially for signs involving fine-grained hierarchical
motion.

3 Methodology

Geo-Sign regularises a pre-trained mT5 model [78] by integrating hyperbolic geometry to capture
the hierarchical nature of sign kinematics. We employ the dyy,-dimensional Poincaré ball model,

Bg“y" = fx 2 R%w : kxk, < 1= cg, with a learnable curvature magnitude ¢ > 0. This section
first briefly introduces essential hyperbolic operations, then details our pose encoding, hyperbolic
projection, and two distinct contrastive alignment strategies.



3.1 Hyperbolic Geometry Essentials

Hyperbolic spaces exhibit exponential volume growth (Vi (r) / e D for large radius r), making
them adept at embedding hierarchies with low distortion compared to Euclidean spaces (Ve (r) Z r9)
[18, 51]. In the Poincaré ball, gegmetry near the origin (kxk,  0) is approximately Euclidean, while
near the boundary (kxk, ¥ 1=" c), distances are magnified, providing capacity to distinguish fine
details.

The geodesic distance dg_(U; V) between points U; v 2 th"p is:
2 _
ds. (U;v) = P artanh Pek( u) vk, )

This utilizes M6bius addition ¢, the hyperbolic analogue of vector addition:
_ (1+2chu;vip +ckvk3)u+ (1 ckuk3)v

u v )
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To map Euclidean vectors V from the tangent space at the origin ToB¢"™ = R into B¢™", we use
the exponential map at the origin expg( ):

expg(v) = tanh ckvks p,L; (v &0): 3)
2 —2kvk;

Its inverse is the logarithmic map at the origin, logg( ). General maps exp%( ) and logs () facilitate
operations at arbitrary points X 2 th”’.

3.2 Skeletal Feature Extraction and Hyperbolic Projection
3.2.1 ST-GCN Backbone

We process 2D skeletal keypoints extracted using RTM-Pose [33], partitioned into four anatomical
groups (body, left/right hands, face). Each group is processed by a part-specific ST-GCN [79] which
combines spatial graph convolutions with temporal convolutions to model both joint interdependencies
and motion dynamics. Residual connections allow information flow from body joints to hand/face
representations. The ST-GCNs output part-specific feature maps Z, 2 RT dinou (T is sequence
length). For direct input to the mT35 encoder, these are concatenated and linearly projected to dps,
yielding dynamic Euclidean pose embeddings E o5 2 RT w15 For the hyperbolic regularisation

0
branch, each Z, is temporally mean-pooled to a static summary vector f, 2 R %een ou, capturing the
overall kinematics of part p.

3.2.2 Part-Specific Projection to Poincaré Ball

Each Euclidean summary vector fj is projected to a hyperbolic embedding hy 2 th”’. This projection
involves a linear transformation of fj, to dimension dyy, using a learnable matrix WP, followed by
multiplication with a learnable positive scalar Sp. This scalar Sp adaptively scales the features in
the tangent space, allowing the model to place features from parts with varying motion scales at
appropriate "depths" in the hyperbolic space. The resulting tangent vector is then mapped onto the
Poincaré ball using the exponential map at the origin (Eq. 3):

hp = expg(spWPTy): 4)
The set of hyperbolic part embeddings Thyg forms the input for the subsequent alignment strategies.

3.3 Hyperbolic Contrastive Loss

We regularize the mT5 model by minimizing a Geometric Contrastive Loss, adapted from InfoNCE
[53], between hyperbolic pose and text embeddings. This loss encourages semantic consistency by
pulling corresponding pose-text pairs closer in hyperbolic space while pushing non-corresponding

pairs apart. For a batch of B pose embeddings fp;g and text embeddings ft;g in th”’, the loss for a
positive pair (pj; tj) is:
exp( d i, Gi)=
Lhypfpair(pi; ti) = IOQ PB p( BC(pI I) )

— - (%)
j=18Xp( d (Pi;tj)= +m I(i & j))




Here, > 0is a learnable temperature scaling the similarities (negative distances), andm QOisa
learnable additive margin for negative pairs. The total regularisation term Ly, r is the batch average
of I—hypfpaip

3.4 Alignment Methods

We present two methods for selecting features for alignment which offer benefits and trade-offs.
The first takes the geometric mean of the pose and the text embeddings which comes at greater
computational efficiency but decreased accuracy. The second method uses poses as individual queries
over the text embeddings in hyperbolic space. We then compute the distance between each pose and
modified token pair. This improves translation accuracy but incurs additional memory and inference
costs (Full details provided in the appendix.)

3.4.1 Strategy 1: Global Semantic Alignment (Pooled Method)

This strategy aligns holistic pose and text semantics, promoting high-level understanding.

* Pose Embedding (p): A global hyperbolic pose poe 2 Bg"”’ is computed as the weighted
Fréchet mean of the part embeddings Th,g. The Fréchet mean is a geometrically sound average
in hyperbolic space. Weights wy, / exp(dg,(0; hp)), normalized via softmax, emphasize parts
with more distinct hyperbolic embeddings. The mean is found iteratively (Algorithm 1) us-
ing general logarithmic maps log% () and exponential maps exp$ ( ) for tangent space computations.

* Text Embedding (t): A global hyperbolic text embedding ey 2 BS‘W is obtained by mean-
pooling Euclidean token embeddings (e.g., from mT5 decoder’s final layer) and then projecting this

single sentence vector to Bg"”’ using a hyperbolic projection layer (structurally similar to Eq. 4).

The contrastive loss Ly ez (EQ. 5) is then computed between the sets of these global pose embed-
dings T jos;i9 and global text embeddings Thie;id.

Algorithm 1 Iterative Weighted Fréchet Mean in BS‘W

Require: Hyperbolic embeddings fhpg'g':l, normalized positive weights f\Npg"}'zl, C, lnax> tol-

1: Initialize @  hy (or other suitable initialization).
2: fork =0to I 1do

3: Vage 02T (k)th”’. . Aggregated tangent vector at current mean

4: forp=1toN do

5: Vage  Vage + Wp 109° ooy (p). . Sum weighted log-mapped vectors

6: end for

7: K+ expC (Vage)- . Update mean via exponential map

8: Project <*1 into thy" if numerically necessary.

9: if dg_( k+1. Ky < . then . Check convergence
10: break . Exit loop on convergence
11: end if
12: end for
130 pose (k+1) . Assign final mean

Ensure: Estimated Fréchet mean osc.

3.4.2 Strategy 2: Fine-Grained Part-Text Alignment (Token Method)

This strategy aligns individual pose parts (Queries hp) with relevant text segments via hyperbolic
attention. For each hy 2 Bg‘“’“ (from Eq. 4), a specific context vector Cp 2 Bg"”’ is computed.

» Tokenization: First, the sequence of T Euclidean text token embeddings, feig{_, is projected
into the Poincaré ball. This yields a sequence of hyperbolic embeddings V. = fvg;—;, which serve
as the values and hold the original semantic meaning of each token.



» Key Transformation: The value sequendé is transformed by a learnable Mobius af ne transfor-
mation (usingV andb) to create a sequence of keys= fk;g_; :

ke=(M vi) b (6)

* Attention Scores: Scoressy; are computed as the negative geodesic distance between each pose
queryh, and each text kek;. A smaller distance signi es greater relevance.

Spt = dg,(hp;ky) (7)

» Context Vector: These scores are normalized via softmax (with masking for padding) to produce
attention weights ;. The nal context vectoc, is the hyperbolic weighted midpoint of the
original valuesv weighted by the pose-shifted attention embeddings:

Cph= B thgthl;f ptgthl 8)

The nal Ly regis the average df individual contrastive losses (Eqg. 5), one for e@leh; cp)
alignment pair.

3.5 Training Objective and Optimization

The model is trained end-to-end by minimizing the total lbgg, = Lce+(1 ) Lnyp_reg This
combines the standard cross-entropy translationleggwith label smoothing) with the hyperbolic
regularisation ternh ny, regfrom one of the alignment strategies. The blending fact@r[0:1; 1:0]

is dynamically adjusted during training via a learnable parameter and training progress, allowing an
initial focus onL ny,_regbefore increasing the in uence afce.

Optimization employs AdamW3p, 45] for Euclidean parameters (ST-GCNs, mT5, linear layers),
with learning rate8 10 5. Hyperbolic parameters, including the learnable curvatoptimized in
log-space, e.glpgc) and manifold-constrained parameters, use Riemannian Adam (RAGhwiji

a comparable learning rate. RAdam adapts updates to the manifold's geometry by operating in tangent
spaces. All hyperbolic computations utilize high-precision oating-point numbers (e.g., ~ oat32") for
numerical stability. A key stabilization step before arbolying any exponentialargiiv) involves
projecting the input tangent vectorviav ~ v=max(1;’ ckvk,+ )forasmall > 0(e.g.,10 %),
ensuring the argument is well-behaved and the output point remains strictly within the Poincaré ball.

4 Experiments

We evaluate Geo-Sign on Chinese Sign Language (CSL) and American Sign Language (ASL). For
CSL we use the CSL-Daily datasetd 89, a large-scale corpus for Chinese Sign Language to
Chinese text translation, comprising over 20,000 videos. For American Sign Language we perform
translation experiments on How2Sigr] and isolated sign language recognition experiments on
WLASL2000 [39].

Translation quality is assessed using BLEZG][(B-1, B-4) and ROUGE-L {7] (R-L) scores where a
higher percentage represents a more accurate translation.

4.1 Experimental Setup

Our framework builds upon the Uni-Sign architectuté][ using its pre-trained ST-GCN weights
(trained on skeletal features from the CSL-News datasgfdr CSL and the YTASL (8] dataset

for ASL) and an mT5 model/d] as the language decoder. Following Uni-Sign's ne-tuning protocol,
which involves 40 epochs of supervised netuning on CSL-Daily or YTASL, with fused skeletal
and RGB features, we remove the RGB encoder and instead apply our hyperbolic regularisation.
This allows for a fair comparison of the impact of our geometric regularisation. We investigate both
the "Pooled Method" (Strategy 1) and the "Token Method" (Strategy 2) for hyperbolic alignment.
To assess the speci ¢ contribution of hyperbolic geometry, we also compare against a "Euclidean
regularisation” baseline, where the contrastive loss operates on Euclidean projections to the Poincaré
ball where curvature is minimal (0.001) and approximately Euclidean. Key hyperparameters for
the hyperbolic components (initial curvature= 1:5, dimensiond,y, = 256, and = 0:70) are
minimally tuned on the development set (further details in the appendix).



Method | Modality | Dev Set \ Test Set

\ Pose RGB\ B-1 B-4 R-L \ B-1 B-4 R-L

Gloss-Based Methods (Prior Art)
SLRT [6] - X 37.47 11.88 37.96 37.38 11.79 36.74
TS-SLT [11] X X 55.21 25.76 55.1Q0 55.44 25.79 55.72
CV-SLT [85] - X - 28.24 56.36 | 58.29 28.94 57.06

Gloss-Free Methods (Prior Art)
MSLU [90] X - 33.28 10.27 33.13 33.97 11.42 33.80
SLRT [6] (Gloss-Free variant) | — X 21.03 4.04 20.51 20.00 3.03 19.67
GASLT [83] - X - - - 19.90 4.07 20.35
GFSLT-VLP [88] - X 39.20 11.07 36.7Q 39.37 11.00 36.44
FLa-LLM [10] - X - - - 37.13 14.20 37.25
Sign2GPT [74] - X - - - | 41.75 15.40 42.36
SignLLM [19] - X 42.45 12.23 39.18 | 39.55 15.75 39.91
C?RL [9] - X - - - |49.32 2161 4821

Our Models and Baselines
Uni-Sign [41] (Pose) - 53.24 25.27 54.33 53.86 25.61 54.92

Uni-Sign [41] (Pose+RGB)

Geo-Sign (Euclidean Pooled)
Geo-Sign (Euclidean Token)

X 55.30 26.25 56.03 55.08 26.36 56.51
- 53.53 25.78 55.33 53.06 25.72 55.57

53.93 25.91 55.20 54.02 25.98 53.93
- 55.19 26.90 56.9; 55.80 27.17 57.75

Geo-Sign (Hyperbolic Pooled)
Geo-Sign (Hyperbolic Token)

XX | X X| XX
|

- 55.57 27.05 57.274 55.89 27.42 57.95

Table 1: Sign Language Translation performance on the CSL-Daily dataset. BLEU scores (B-1,
B-4) and ROUGE-L (R-L) are reported as percentages (%). Higher is better. "Pose’' and "RGB'
indicate input modalities. Uni-Sign is the base architecture sharing pre-training/ ne-tuning setups
but without our regularisation. Euclidean regularisation applies contrastive loss in Euclidean space.
Our Hyperbolic Token method surpasses all other pose-only methods and is competitive with top
RGB/multimodal methods. Gloss-based methods that outperform our method are underlined.

4.2 Results on Chinese Sign Language (CSL)

Section 4.2.1 presents our main results on the CSL-Daily test set, comparing Geo-Sign with prior
art and baselines. Our Geo-Sign (Hyperbolic Token) model, using only pose data, achieves a
test BLEU-4 of 27.42% and ROUGE-L of 57.95%. This represents a signi cant improvement of
+1.81 BLEU-4 and +3.03 ROUGE-L over the strong Uni-Sign (Pose) baseline (25.61% BLEU-4,
54.92% ROUGE-L). Notably, this performance surpasses all other reported gloss-free pose-only
methods and is competitive with, or exceeds, several RGB-only and even some gloss-based methods,
underscoring the ef cacy of our geometric regularisation. The Geo-Sign (Hyperbolic Pooled) variant
also outperforms the Euclidean regularisation methods and the Uni-Sign pose baseline, demonstrating
the general bene t of hyperbolic geometry. The "Euclidean Token" regularisation already shows
improvement over the Uni-Sign baseline, suggesting the contrastive alignment itself is bene cial, but
the further gains from hyperbolic geometry are substantial.

4.2.1 Results on American Sign Language

In Table 2 we show results on Sign Language Translation for American Sign Language on the
How2Sign [L5] dataset. Our method shows increased performance over all pose based methods but
performs marginally worse than the best RGB metti@d yvhich bene ts from a longer pre-training
duration and scale. In Table 3 we also compare our approach on Isolated Sign Language Recognition
(ISLR) with the WLASL2000 B9 dataset. For isolated recognition our method shows a small
improvement in Top-1 Accuracy for both instance (+0.12) and class-level (+0.57).

4.2.2 Ablation Studies

Ablation studies on the CSL-Daily test set for our best performing Geo-Sign (Hyperbolic Token)
model are presented in Table 4. We investigate the impact of the initial hyperbolic curvanhuoe



Table 2: Sign Language Translation (SLT) resultSable 3: Isolated Sign Language Recognition
on the How2Sign dataset. Metrics are BLEU (B-JJSLR) results on WLASL2000. We report
B-4) and ROUGE-L (R-L). Higher is better. Top-1 Accuracy for Per-Instance (P-1) and Per-
Class (P-C)Y from [23].

Method | Modality | Test Set

| Pose RGB B-1 B4 R-L Method | Mod. | TestAcc. (%)
Gloss-Free Methods (Prior Art) | P RGB| P11 PC

GloFE-VN [43] X - |149 22 126 Prior Art
YouTube-ASL [68] X - |318 124 - ST.GCN [80] X - |34.40 3253
MSLU [90] X - 1201 24 17.2 SignBERT [23] X - |39.40 36.74
SLT-IV [67] - X [340 80 - HMA[24] - X |37.91 3590
C’RL[9] - X 291 94 27.0 BEST[86] X - |46.225 4352
FlLa-LLM [10] - X 298 9.7 27.8 SignBERT+ [26] X - |4885 46.37
SignMusketeers [20] | — X |41.5 143 - MSLU [90] X - |56.29 53.29
SSVP-SLT [60] - X [432 155 38.4 NLA-SLR[93] X X |61.05 58.05
Our Models and Baselines Sign-Rep [75] X X 61.05 5889

Uni-Sign (Pose) X — | 404 145 34.3 Our Models
Uni-Sign (Pose+RGB) X X |40.2 14.9 36.0 Uni-Sign (Pose) X - |63.13 60.90
Geo-Sign (Token) X - |40.8 15.1 35.4 Uni-Sign (Pose+RGB) X X |63.52 61.32
Geo-Sign (Token) X — |63.64 61.89

Table 4: Ablation studies for Geo-Sign on the CSL-Daily test set, examining (a) initial curvature
¢, (b) loss blending factor, and (c) robustness of poses to Gaussian noise. We demonstrate that
hyperbolic regularisation improves robustness to pertubation and poor pose estimation.

(a) Impact of Curvature. (b) Impact of . (c) Noise Robustness (B-4).
Curvature ¢€) B-4 R-L B-4 R-L Noise Geo-Sign Uni-Sign
0.00 (Euclidean) 25.98 53.93 0.10 25.74 56.20 0.00 27.42 26.25
0.10 26.56 57.56 050 26.79 57.38 0.01 26.30 (-4%)  24.14 (-8%)
0.50 26.34 56.30 0.70 27.42 5795 0.02 24.60 (-10%) 21.50 (-18%)
1.00 27.04 5767 090 26.92 57.67 0.03 19.07 (-30%)  14.40 (-45%)
1.50 27.42 57.95 0.04 11.63 (-58%)  7.20 (-73%)
2.00 27.25 58.08 0.05 5.98 (-78%)  3.01 (-89%)

the loss blending factor. For curvaturee (with = 0:7), settingc = 0:001 effectively makes the

projection Euclidean (asnh(x) x for smallx, which means almost zero hyperbolic warping).

We observe that increasing curvature from this Euclidean-like baselin®(001, BLEU-4 25.91%)

generally improves performance, with optimal BLEU-4 (27.42%) achieved-dt :5. ROUGE-L

peaks at = 2:0 (58.08%), though BLEU-4 slightly dips to 27.25%, suggesting a trade-off. This

indicates that a signi cant degree of negative curvature is bene cial for capturing sign language

structure. For the loss blending factowith ¢ = 1:5), a value of = 0:7 (i.e., 30% weight to

the hyperbolic loss) yields the best BLEU-4 (27.42%) and ROUGE-L (57.95%). Lower or higher
values result in decreased performance, indicating that the hyperbolic regularisation provides a

substantial complementary signal to the primary translation loss, but should not entirely dominate

it during the 40 epochs of ne-tuning. Finally, we assess the robustness of our approach to pose

perturbation and poor pose estimation. To do so, we add Gaussian noise to the pose embeddings

before embedding via the ST-GCN. Our method shows how hyperbolic regularisation improves

robustness to pose noise compared to the Uni-Sign Euclidean baseline. We attribute this to the

larger geodesic margins between pose embeddings in the hyperbolic space, making the model less

susceptible to noisy perturbation.

4.3 Qualitative Analysis: Visualizing Embedding Spaces

To intuitively understand the effect of hyperbolic regularisation, we visualise the learned pose
embeddings. Figure 2 shows UMARP1] projections of these embeddings into the 2D Poincaré disk

(by log-mapping hyperbolic embeddings to the tangent space at the origin, then applying UMAP).
We compare embeddings from our Geo-Sign (Hyperbolic Token) model against those from the



Geo-Sign (Euclidean Token) model, which uses the same contrastive token-level alignment but
without hyperbolic projection (curvatue= 0).

The Euclidean embeddings (Figure 2, Left) appear relatively clustered and undifferentiated. In
contrast, the hyperbolic embeddings (Figure 2, Right) exhibit a more structured distribution. Notably,
embeddings corresponding to hand articulations (often carrying ne-grained lexical information)
tend to occupy regions further from the origin, towards the periphery of the Poincaré disk. This is
consistent with hyperbolic geometry's property of expanding space near the boundary, providing more
capacity to distinguish subtle variations. Conversely, features representing larger body movements
or overall posture (often conveying prosodic or grammatical information) tend to be located more
centrally. This visualised structure suggests that the hyperbolic model indeed learns to place features
in a manner that re ects the hierarchical nature of sign kinematics, with ne details pushed to
high-curvature regions and global features remaining near the low-curvature origin.

Figure 2: UMAP projection of pose part summary embeddifig®ito the 2D Poincaré disk)Léft)
Embeddings from the Euclidean Token regularisation moded 0:001). (Right) Embeddings

from the Geo-Sign (Hyperbolic Token) model. The hyperbolic embeddings show a more structured
distribution, with hand features (representing ner details) often pushed towards the periphery
indicative of a learned kinematic hierarchy.

5 Conclusion

This paper introduced Geo-Sign, a novel framework that enhances Sign Language Translation
by leveraging hyperbolic geometry to model the inherent hierarchical structure of sign language
kinematics. By projecting skeletal features from ST-GCNs into the Poincaré ball and employing
a geometric contrastive loss, Geo-Sign regularises a pre-trained mT5 model, guiding it to learn
more discriminative and geometrically aware representations. We explored two alignment strategies:
a global pooled method and a ne-grained token-based attention method operating directly in
hyperbolic space. Our experimental results on both Chinese Sign Language and American Sign
Language demonstrate the signi cant bene ts of this approach.
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A Introduction

In this appendix, we provide comprehensive supplementary details to accompany our main paper. The
goal is to offer an in-depth understanding of our methodology, experimental setup, and the underlying
geometric principles, thereby ensuring clarity and facilitating the reproducibility of our work.

This document elaborates on:

» The speci cs of pose feature extraction and the Spatio-Temporal Graph Convolutional
Network (ST-GCN) architecture employed (Appendix C.1).

« Detailed explanations and implementations of our proposed hyperbolic alignment strategies,
including the Pooled Method and the Token Method (Appendix C.2).

 Further mathematical derivations and discussions pertinent to hyperbolic operations, such as
Fréchet mean computation and contrastive loss gradients (Appendix D).

« Elaboration on the learnable parameters within our model, particularly the manifold curva-
turec and the loss blending factor (Appendix E).

» A discussion of computational considerations, experimental setup, and qualitative results
(Appendix F).

» Key code snippets for essential components of Geo-Sign are provided in Appendix G to aid
in understanding and replication.

B Hyperbolic Geometry Preliminaries: A Brief Refresher

To ensure this supplementary material is self-contained and accessible, this section brie y recaps key
concepts from hyperbolic geometry, as introduced in Section 3.1 (“Hyperbolic Geometry Essentials”)
of the main paper.

W(B operate within thel,,-dimensional Poincaré ball model, deno&?d”’ = fx 2 Rw ; kxk, <
1="cg. This space is characterised by a constant negative curvatare c, wherec > Ois a
learnable parameter representing the magnitude of the curvature.

The Poincaré ball model is chosen for its conformal nature, where angles are presgrved locally, and
its intuitive representation of hyperbolic space within a Euclidean unit ball (scaléd bg). Key
operations include:

* Geodesic Distancelg, (u;V): This is the shortest path between two pointy within the
curved space of the Poincaré ball. It is formally de ned in Eq. (1) of the main paper. Unlike
Euclidean distance, it expands signi cantly as points approach the boundary of the ball.

» Mobius Addition u . v: This operation is the hyperbolic analogue of vector addition in
Euclidean space, de ned in Eq. (2) of the main paper (consistent with formulations in, e.g.,
[18)]). Itis essential for de ning translations and other transformations in hyperbolic space
while respecting its geometry.

» Exponential Map expt (v): This map takes a tangent vectoresiding in the tangent space
Tx Bg“y” at a pointx on the manifold and maps it to another point on the manifold along a
geodesic. The map from the origiexp§ ( ) (EQ. (3), main paper), is particularly important
as it projects Euclidean feature vectors (which can be considered as resiﬂ‘u@ﬂﬁ‘f) into
the Poincaré ball.

« Logarithmic Map logg (y): This is the inverse of the exponential map. It takes two points
X;y on the manifold and returns the tangent vectox dhat points along the geodesic
towardsy .

» M0Obius Transformations: These are isometries (distance-preserving transformations) of
hyperbolic space. In our work, we use learnable Mébius transformations, such as Mébius
matrix-vector productsM v = exp§(M log§(v))) and Mobius bias additions, to
implement af ne-like transformations within our hyperbolic attention mechanism.
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These tools allow us to de ne neural network operations directly within hyperbolic space. As with all
hyperbolic operations in the paper, we utilise the geoopt library [36] in Pytorch.

C Methodology Details

C.1 Pose Extraction and ST-GCN Architecture Details

Our Geo-Sign framework utilizes skeletal pose data as input. This section details the extraction
process and the architecture of the Spatio-Temporal Graph Convolutional Networks (ST-GCNs) used
to encode this data.

C.1.1 Pose Data Source and Preprocessing

We use the 2D skeletal keypoints provided by the UniSidip framework, which were originally
extracted using RTMPose-X ] based on the COCO-WholeBody keypoint de nitio&]. The
keypoints are organised into four distinct anatomical groups for targeted processing:

» Body: Includes 9 joints (COCO indices 1, 4-11).
 Left Hand: Includes 21 joints (COCO indices 92-112).
* Right Hand: Includes 21 joints (COCO indices 113-133).

» Face Includes 16 keypoints from the facial region (COCO indices 24, 26, 28, 30, 32, 34,
36, 38, 40, 54, 84-91).

For normalization, speci ¢ anchor joints are used for hand and face parts: joint 92 (left wrist) for the
left hand, joint 113 (right wrist) for the right hand, and joint 54 (a central face point) for the face. The
body part features are not anchor-normalised in this scheme to preserve global torso positioning.

C.1.2 ST-GCN Architecture

Each anatomical group is processed by a dedicated ST-GCN stream, following the methodology of
Yan et al. [/9). The ST-GCN is adept at learning representations from skeletal data by explicitly
modeling spatial joint relationships and temporal motion dynamics.

The core of the ST-GCN involves:

1. Graph De nition : The skeletal structure for each part is de ned as a graph, where joints
are nodes and natural bone connections are edge<GiHpd class, detailed in Listing 1
(Appendix G), handles the construction of these graphs and their corresponding adjacency
matrices.

2. Initial Projection : Input keypoint coordinates are rst linearly projected to a higher-
dimensional feature space using a linear layer (referredpoaslinear in our codebase).

3. ST-GCN Blocks A sequence of ST-GCN blocks processes these features. Each block (see
STGCN_blocln Listing 2, Appendix G) consists of;

» A Spatial Graph Convolution (SGC) layer, which aggregates information from
neighboring joints. The operation for a node (jomtlat layer(l) can be expressed
generally as:

X
foul(vi ) = AXOwWP ©)

k=1 :
whereX () 2 RN Cn s the matrix of input features fod nodes withC;, channels,
Wl((') 2 RCn Cat gre learnable weight matrices for tketh kernel transforming
node features t€,,; channels.A, 2 RN N is the adjacency matrix for thie-th
spatial kernel, de ning the neighborhood aggregation based on chosen strategies (we
use the spatial con guration partitioning as in the original ST-GCN papdy.[ is
an activation function (ReLU in our case), afijj denotes selection of theth row
(features for node;). The precise implementation involving tensor reshaping and
einsum for ef cient aggregation over multiple adjacency kernels is detailed in the
GCN_unitcode in Listing 2.
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» A Temporal Convolutional Network (TCN) layer, which applies 1D convolutions
across the time dimension to model motion patterns.

4. Residual Connections To allow richer feature interaction, residual connections are intro-
duced from the body stream's ST-GCN output to the hand and face streams before their nal
temporal fusion layers. This allows global body posture context to inform the interpretation
of ne-grained hand and face movements. Details are in Listing 3 (Appendix G). This
design choice treats body features as xed contextual input for the parts during each forward
pass, isolating the body feature extractor from direct updates via part-speci c losses.

The output of each part-speci ¢ ST-GCN stream is a feature map RT dgcn_out, whereT is the
sequence length anigcn_outis the GCN output feature dimension. For the hyperbolic regularization

branch, thes&, are temporally mean-pooled to produce static summary vet;(ﬁd?dgcmom, which
encapsulate the overall kinematics of gafor subsequent hyperbolic projection.

C.2 Hyperbolic Alignment Strategies: Detailed Implementation

This section provides a more detailed explanation of the two hyperbolic alignment strategies intro-
duced in Section 3.3 of the main paper. These strategies are designed to regularize the mT5 model by
aligning pose and text representations within the Poincaré ball.

C.2.1 Pooled Method (Global Semantic Alignment)

This strategy aims to align the holistic semantic content of the sign language video (represented by
pose features) with the corresponding text translation.
1. Part-Speci ¢ Hyperbolic Embeddings The temporally mean-pooled Euclidean feature vectors

fp for each anatomical papt (body, hands, face) are projected into the PoincaréBféﬂ. This
projection, yielding hyperbolic embeddinbg, is achieved using thidyperbolicProjection  layer
(Listing 4 in Appendix G), as de ned in Eq. (4) of the main paper:

hp = expg(spW Pfp): (10)

Here,W P represents a linear layer for pgtands, is a learnable scalar that adaptively scales the
tangent space representation before the exponentiab ) projects it onto the manifold.
2. Weighted Fréchet Mean for Global Pose RepresentatiornThe set of part-speci ¢ hyperbolic

embeddingd hpg is aggregated into a single global pose representatigg: 2 thw. This is
achieved by computing their weighted Fréchet mean, which is the hyperbolic analogue of a weighted
average. The Fréchet mean is de ned as the point that minimizes the sum of squared weighted
geodesic distances to all input points:

»x
pose= argmin - wpd3 ( ;hp): (11)
2B p=1

The weightsw, are designed to give more importance to parts whose embeddings are further from
the origin of the Poincaré ball (i.e., parts with more "hyperbolic energy" or distinctness), normalised

via softmax:
_ o exp(ds, (0;hp)= w)
p— Fp .
Iy exp(ds, (0:hj)= )

Here,  is atemperature parameter for the softmax (e.g., xed to 1.0 in our experiments) controlling
the sharpness of the weight distribution. The computation is performed iteratively as detailed in
Algorithm 1 of the main paper and Listing 5 (Appendix G).

(12)

3. Global Text Representation Similarly, a global hyperbolic text embedditigey; 2 thy” is
derived from the mT5 model's output. Euclidean token embeddings from the nal layer of the mT5
decoder are rst mean-pooled (respecting padding masks) to obtain a single sentence-levelygector

This vector is then projected ian;jhyp using a dedicated hyperbolic projection layer (structurally
identical to Eq. (10)):
Riext = E‘XDS (StextW teXtets-:-xt): (13)
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The implementation details are shown in Listing 6 (Appendix G).

4. Contrastive Alignment Finally, the geometric contrastive loss (Eq. (5) in the main paper) is
applied between batches of these global pose embedtlings. g and global text embeddings
f heexti 9. This encourages semantically similar pose-text pairs to be closer in hyperbolic space.

C.2.2 Token Method (Fine-Grained Part-Text Alignment)

This strategy facilitates a more detailed alignment by relating individual pose part embefdalygs
with contextually relevant text segment embeddihgsy.

1. Hyperbolic Pose Part Embeddings h,0: These are obtained exactly as in the Pooled Method,
using Eq. (10). Each, represents a speci ¢ anatomical part's overall kinematic signature.

2. Hyperbolic Text Token Embeddings Instead of a global text embedding, each Euclidean text
token embeddin@oker; (from the mT5 decoder's nal layer) is individually projected into the
Poincaré balBi™:

htokenj = eXDB(StextW tex'[etokenj ): (14)
This results in a sequence of hyperbolic token embedditgsken; gjL:‘1 , WhereL; is the text
sequence length.

3. Hyperbolic Attention Mechanism: For each hyperbolic pose part embeddmg(acting as a
guery), a contextual text embeddingis generated. This is achieved using a hyperbolic attention
mechanism (see Listing 7 in Appendix G) that operates as follows:

» Key Transformation: The hyperbolic text token embeddintisken; g SErve as keys. The
embeddings are rst transformed using learnable Mdbius transformations to enhance their
representational capacity:

Ki =(Myey chiokenj) ¢ Dkeys
whereM ey is a learnable Mobius matrix arikey is a learnable Mébius bias vector.

Attention Scores Attention scores are computed based on the negative geodesic distance
between each pose qudry and each transformed text kky:

scorg; = dg,(hp;kj):

« Attention Weights: These scores are normalised using a softmax function (after applying
padding masks) to obtain attention weights:

scorg;
pi = Softmax SCorg;. ;

attn
where an is a learnable temperature parameter for the attention mechanism, distinct from
the temperature in the contrastive loss.

 Contextual Text Embeddingcy: The contextual text embeddimg corresponding to pose
parth, is then computed as the hyperbolic weighted midpoint of the original hyperbolic
text token embeddingshokenj 9, Using the attention weights p; g.

4. Contrastive Alignment The geometric contrastive loss (Eq. (5), main paper) is then applied for
each pairhp; ; cp:i) across the batch. The total regularization loss for this strategy is the average of
these individual contrastive losses over all p&ts

C.2.3 Intuition Behind the Token Method

While the Pooled Method aligns the overall semantics of a sign sequence with its translation, it
may not capture how speci ¢ signing elements (e.g., a handshape, movement, or facial expression)
correspond to particular words or phrases. The Token Method aims to establish this more ne-grained
understanding.

The core intuition is as follows:

1. Compositional Language Understanding Sign languages, like spoken/written languages,
are compositional. Different articulators (hands, body, face) convey distinct lexical or
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grammatical information. The Token Method attempts to map these compositional units
from pose to corresponding textual tokens (words/sub-words).

2. Targeted Part-to-Segment Alignment Instead of a single global comparison, this method
learns to connect individual pose part representations (e.g., features for the dominant hand,
to the most relevant segments of the textual translation.

3. Pose Parts as Queries, Text Tokens as Sourcésach hyperbolic pose part embeddimg
acts as a "query", effectively asking: "Which text tokens are most semantically relevant to
this pose feature?" The sequence of hyperbolic text token embeddings, g serves as
the “information source” for these queries.

4. Hyperbolic Attention for Geometric Relevance

* Relevance between a pose part quegyand a (transformed) text token kéy is
measured by their geodesic distalgg(hp; kj ) in the learned hyperbolic space. A
smaller distance implies higher relevance. Using hyperbolic geometry allows these
comparisons to potentially leverage latent hierarchical relationships between concepts.

 Learnable Mé&bius transformations on text tokens (to get key®nable the model
to learn distinct tokens relevant to different pose parts (e.g., a verb token might be
transformed to be closer to a body movement embedding).

» The attention weightsp; then quantify the contribution of each text toketo the
meaning conveyed by pose part

5. Learning Textual Context for Each Pose Part The contextual text embeddiry is a
hyperbolic weighted midpoint of all text token embeddings, using the attention weights
Thus,c, is a summary of the sentence, but speci cally customised by the interaction of pose
partp.

6. Re ned Contrastive Learning: The model is regularised to make each pose part embedding
hp close to its corresponding contextual text viewin hyperbolic space, while pushing it
away from non-corresponding pairs.

7. Overall Bene t: This detailed, part-speci c alignment encourages the mT5 model to learn
more precise mappings between kinematic features of different articulators and semantic
units within the text. For example, it can help distinguish visually similar signs based on
subtle hand details (encodedtinang that correlate with speci ¢ words, leading to more
accurate and nuanced translations.

D Mathematical Foundations

This section recalls two geometric components that Geo-Sign relies on:

 theWeighted Fréchet Meainside the Poincaré ball (used in Algorithm 1 of the paper);
* the Euclidean gradient of the hyperbolic distance that appears in the contrastive loss.

D.1 Fréchet Mean in the Poincaré Ball

P
Given pointsxy;:::; Xy ina metric spacéM ; d) with normalised weights; > 0, ,w; =1, the
Fréchet meanminimises

_X\] 2( . . ? H .
F()—izlwid(,xi)v c=argmin F():

Why not simply average the embeddings in Euclidean spaceRwvo issues appear inside the curved
Poincaré ball:

(a) Manifold constraint. A Euclidean average of interior points can falitsidethe ball, i.e.
outside valid hyperbolic space, forcing an ad-hoc projection that distorts geometry.

(b) Metric distortion. Euclidean distance underestimates separation near the boundary because the
hyperbolic metric stretches space there. A straight average therefore over-emphasises central
points and washes out ne structure carried by peripheral ones.
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The intrinsic Fréchet mean lives on the manifold and uses the true hyperbolic distance, so it respects
curvature.

Why distance-based weights?Each pose part (body, face, left hand, right hand) yields a hyperbolic
embeddingh,. We setw, / expdg, (0;hy)= w so parts farther from the origin, in regions of
higher curvature and greater discriminative power, receive more in uence. Without this weighting
the mean would drift toward the centre, diluting information contributed by the hands and face.

Iterative update. On any Riemannian manifold the mean is found by Riemannian gradient descent;
the update at iteratiok is

X
(k+1) =exp « k Wi IOg (k)(xi) ; (15)
i=1
with step size ¢ > 0.

Proposition D.1 (Convergence i8Y). The Poincaré balB¢ is a Hadamard manifold, hende is
strictly convex and has aniqueminimiser . LetL be the Lipschitz constant df on the geodesic
convex hull of x;g. If0< 2=L for all k, the iterateg15) converge to ?. In practice we
observel 2, so the simple choice, = 1 is usually suf cient and used in our approach.

D.2 Gradient of the Hyperbolic Distance

Foru;v2 Bdletw=( u) .V (the Mbbius difference, i.e. the "vector" fromto v transported to
the origin). The Poincaré distance is

ds, (U V) = 1% artanh " ckwk, :

Differentiating [18, 51] gives the Euclidean gradient required for autograd:

2 w 1
¢ ¢ kwky 1 ckwk?

ryde (u;v) = (16)

with conformal factor ¢ = : The same formula (with sign reversed) holdsfar.

1 ckxk3

The update rul€l5) and the gradien{l6) provide all the geometric tools needed by Geo-Sign's
hyperbolic contrastive regulariser.

E Learnable Model Parameters:c and

Our Geo-Sign model incorporates several learnable parameters beyond standard network weights.
This section details two key ones: the manifold curvatuaed the loss blending factor.

E.1 Discussion on Learnable Curvature

The curvature of the Poincaré ball= ¢ (wherec > 0), is a crucial hyperparameter that dictates
the “shape” of the hyperbolic space. Instead of xiogeuristically, we make it a learnable parameter
of our model (see Listing 9 in Appendix G).

Optimization Strategy: The curvature magnitudeis initialised (e.g., viargs.init ¢ as men-

tioned in the main paper's experiments) and then updated via standard gradient descent as part of the
end-to-end training process. Theoopt library facilitates this by de ningc as amn.Parameter

within its PoincareBall manifold object whehearnable=True .

The main paper's ablation studies (Table 2a) show that initializiimthe range ofl:0  2:0 (e.qg.,
optimal BLEU-4 atc = 1:5) yields strong performance. Figure 3 illustrates hmoadapts during
training from different initializations.
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(a)cinitialised at 1.50, decreases and stabilizes aroungb) cinitialised at 0.10, increases and stabilizes around
1.42. 0.20.

Figure 3: Evolution of the learnable manifold curvatarduring training for different initializations.

(a) When initialised at = 1:50, the curvature magnitude slightly decreases, suggesting an optimal
value aroundL:42 for this setup. (b) When initialised at a losv= 0:10, the curvature increases,
indicating the model bene ts from more “hyperbolic space” initially. It stabilizes araund :20,
potentially in uenced by the dynamic schedule that reduces regularization emphasis over time.

E.2 Discussion on Loss Blending Factor

The total training loss oto) IS @ weighted combination of the primary cross-entropy translation loss
L ce and our hyperbolic contrastive regularization tdrigp reg

L total = Lee+(1 ) L hyp_reg

The blending factor is not xed but is dynamically adjusted during training. This dynamic
scheduling allows the model to potentially bene t from different loss emphases at different training
stages. The calculation ofat each training step (see Listing 10 in Appendix G) is:

nal = clamp(( init +0:1 progresy+ (logit ) 0:2; 0:1; 1:0); a7)
where:

* init IS the initial value for the blending factor, specied as a hyperparameter (e.g.,
args.alpha = 0.7 from the main paper's ablations, Table 2b, which was found to be
optimal).

- progresss the current training progress, calculate&ﬁ%mpranging fromOto 1.
This component introduces a linear ramp, potentially increasimbaseline by up to 0.1

over the course of training.

« logit is annn.Parameter (alearnable scalar, referred tossdf.loss_alpha_logit in
the code). () is the sigmoid function, so(logit ) maps this learnable scalar to the range
(0; 1). This term provides a learnable adjustment tim the range of0; 0:2].

 clamg ;0:1; 1.0) ensures that the nal 5 remains within the bound$:1; 1.0].

This dynamic allows for an initial phase where the hyperbolic regularization might have more
relative in uence (if i, is smaller), gradually shifting emphasis or allowing the model to ne-tune

the balance via the learnable component. The ablation study in the main paper (Table 2b) indicates
that an initial i,y = 0:7 (i.e., 30% weight td_hyp_reginitially) provides the best results, highlighting

the complementary role of the hyperbolic regularization.

F Experimental Setup, Analysis, and Qualitative Results

F.1 Computational Pro le

This section discusses the computational pro le of Geo-Sign, comparing it to a baseline Uni-Sign
(Pose) model without hyperbolic regularization. The analysis is based on DeepSpeed pro ler outputs
for models run with a batch size of 8 on the CSL-Daily dataset for the Sign Language Translation
(SLT) task.
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Figure 4: Plot of the geodesic distances from the ori@inof the Poincaré disk to the hyperbolic
pose embedding$() during training, averaged per part type. This shows how features for different
parts utilize the hyperbolic space. For instance, right hand features (often conveying detailed lexical
information) tend to move further from the origin, leveraging more of the hyperbolic curvature for
discriminability. Body and face features, which might represent broader semantics or prosody, may
remain closer to the Euclidean-like central region.

Experimental Context: Key experimental conditions for ne-tuning include:

» Hardware: 4 NVIDIA RTX 3090 GPUs.
* Training Time : Approximately 10 hours for 40 epochs of ne-tuning on CSL-Daily.

* Precisiont Mixed-precision traininglffloat16 ) is used for standard PyTorch layers, while
float32 is maintained for Geoopt hyperbolic operations to ensure numerical stability.

 Batching Strategy. With an effective batch size of 8 per GPU, the model occupi26GB
of memory. During training, we increase the total batch size to 32 and accumulate gradients
over 8 steps, achieving a hypothetical batch size of 256. For the following pro ler analysis,
we report results for a single GPU with a batch size of 8 to provide a clear per-device pro le.

F.1.1 Proler Summary and Comparative Analysis

Table 5 summarizes key metrics from the pro ler. Parameter counts are consistent with the main
paper's Table 1, while MACs (Multiply-Accumulate operations) and Latency are derived from
DeepSpeed pro ler outputs for a batch size of 8. Table 6 provides a comparison of model parameters
against other gloss-free methods.

Table 5: Computational pro le comparison at Batch Size 8: Baseline Uni-Sign (Pose) vs. Geo-Sign
variants. Parameter counts from main paper's Table 1. MACs and Latency from DeepSpeed pro ler
outputs. “Hyperbolic Proj. Layer MACSs” re ects pro led contributions from the learnable linear
transformations within these layers.

Model Variant (Batch Size 8) Total Params (M) Added Params (M) Total Fwd MACs (GMACs)  Hyperbolic Proj. Layer MACs (MMACs) Fwd Latency (ms) Latency Increase (%)
Baseline Uni-Sign (Pose) 587.75 - 11659 - 41573 -
Geo-Sign (Hyperbolic Pooled) 58821 Q46 11660 367 163000 29210
Geo-Sign (Hyperbolic Token) 58910 135 11660 9.96 255000 51340

Parameter Overhead The increase in parameters due to the hyperbolic components is marginal
compared to the overall model size, which is dominated by the mT5 language mo882¢@dM
parameters).
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Figure 5: PCA projection of 1000 hyperbolic pose part embeddings (log-mapped to the tangent
space at origin, then PCA-reduced to 2D) visualised within the Poincaré disk. Body features (blue)
are tightly clustered near the origin, suggesting their discriminability is well-handled in a more
Euclidean-like region. Hand features (left: red square, right: pink diamond) and face features (light
blue triangle) are more dispersed, with hand features often pushed towards the periphery. This
indicates these parts bene t from the increased representational capacity near the boundary of the
Poincaré disk, where hyperbolic geometry provides more “space” to distinguish subtle variations
crucial for sign language semantics.

« Baseline Uni-Sign (Pose): 587.75M parameters.

» Geo-Sign (Pooled)Adds 0:46M parameters, primarily from the ve hyperbolic projec-
tion layers (one for each of the four pose parts and one for the pooled text embedding).

* Geo-Sign (Token) Adds 1:35M parameters. This includes the0:46M for projection
layers plus an additional 0:89M for the learnable parameters within the hyperbolic
attention mechanism (Mobius matrices and biases).

In both Geo-Sign variants, the parameter overhead from hyperbolic components is |e€&259an

of the total model size. As shown in Table 6, our Geo-Sign models achieve competitive or superior
performance to recent RGB-based methods while maintaining a signi cantly smaller total parameter
count. This highlights the ef ciency of enhancing skeletal representations with geometric priors,
challenging the trend that relies solely on scaling up visual encoders and language model decoders
for performance gains in SLT.

MACs Analysis: The DeepSpeed pro ler indicates that the total forward MACs are very similar
across all con gurations at this batch size:

 Baseline Uni-Sign (Pose): 11659 GMACs.

» Geo-Sign (Hyperbolic Pooled): 11660 GMACs. The pro ler attributes  3:67 MMACs
to the linear transformations within itéyperbolicProjection  layers.

» Geo-Sign (Hyperbolic Token): 11660 GMACs. ltsHyperbolicProjection  layers
account for 9:96 MMACSs from their linear components.
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Table 6: Sign Language Translation performance (Test Set: BLEU-4, ROUGE-L) and model parame-
ters on CSL-Daily. Scores are percentages (%). Higher is better. "Pose' and "RGB' indicate input
modalities. VE/LM/Total Params are in Millions (M). Approx. values indicated byData from
CSL-Daily (Train: 18,401 sentences / 20.62 hours).

Method VE Name VE LM Name LM Total | Modality | TestSet

Params Params Params‘ Pose RGB‘ B-4 R-L
(M) (M) (M)
Gloss-Free Methods (Prior Art)

MSLU [90] EffNet 5.3 mT5-Base 582.4 587.7| X - 11.42 33.80
SLRT [6] (G-Free) EffNet 5.3 Transformer 30 35.3 - X 3.03 19.67
GASLT [83] 13D 13 Transformer 30 43.0 - X 4.07 20.35
GFSLT-VLP [88] ResNet18 11.7 mBart 680 691.7| - X 11.00 36.44
FLa-LLM [10] ResNet18 11.7 mBart 680 691.7| - X 14.20 37.25
Sign2GPT [74] DinoVv2 21.0 XGLM 1732.9 17539 - X 15.40 42.36
SignLLM [19] ResNet18 11.7 LLaMA-7B 6738.4 6750.1 - X 15.75 39.91
C2RL [9] ResNet18 11.7 mBart 680 691.7| - X | 2161 4821
Our Models and Baselines
Uni-Sign [41] (Pose) GCN 5.3 mT5-Base 582.4 587.7 X - 2561 54.92
Uni-Sign [41] (Pose+RGB) EffNet+GCN 9.7 mT5-Base 582.4 SQZL X X ‘ 26.36 56.51
Geo-Sign (Hyperbolic Pooled) GCN+Geo 5.8 mT5-Base 582.4 588.2X - 27.17 57.75
Geo-Sign (Hyperbolic Token) GCN+Geo+Attn 6.7 mT5-Base 582.4 589.1 X - 27.42 57.95

The MACs from the learnable linear transformations within the hyperbolic projection layers constitute

a very small fraction€ 0:01%) of the total model MACs. The bulk of MACs originates from the

mT5 model (pro led at 66:29 GMACs) and the ST-GCN modules (pro led at49:93 GMACs).

We should note, however, that standard pro lers (like DeepSpeed's MAC counter) primarily quantify
MACs from common operations like convolutions and linear layers. The computational cost of
specialised geometric functions withiigoopt (e.g.,manifold.dist , expmapQlogmap0 Mobius
arithmetic) is not explicitly broken out as distinct hyperbolic operation MACs. These functions often
involve sequences of elementary operations that are not all MAC-based (e.g., square roots, divisions,
trigonometric functions likartanh ortanh). Thus, their computational load may be underestimated

by MAC counters and is often better re ected in measured latency.

Latency Analysis Latency gures clearly reveal the primary computational overhead introduced by
the hyperbolic components during training:

 Baseline Uni-Sign (Pose): 416 ms forward latency per batch.

» Geo-Sign (Hyperbolic Pooled): 1630ms(1.63 s), an increase of 1214msor  292%
over the baseline (appro%:9 slowdown).

* Geo-Sign (Hyperbolic Token): 2550ms(2.55 s), an increase of 2134msor 513%
over the baseline (approg:1 slowdown).

The substantial increase in training latency, despite modest increases in parameters and pro led
MACs from learnable layers, underscores that the geometric operations themselves are the main
performance consideration during the training phase. These operations (e.g., geodesic distance,
exponential/logarithmic maps, Moébius transformations) are inherently more complex than their
Euclidean counterparts. The Token method is notably slower than the Pooled method during training
due to its per-token hyperbolic attention.

Importantly, a key advantage of our regularization approach is that these geometric operations and
the hyperbolic branch ampot utilised at inference time Consequently, Geo-Sign models incur no
additional latency increase over the baseline Uni-Sign (Pose) model during inference, preserving
ef ciency for deployment.

F.1.2 Discussion on Data Ef ciency

While not directly evaluated, it is hypothesised that skeletal data's abstraction from visual noise
(lighting, background, clothing) can enhance robustness and generalizétjpagpecially when

training data is limited. Hyperbolic geometry further imposes a structural prior on the representation
space. This inductive bias could potentially improve data ef ciency by guiding the learning process,
particularly in scenarios with sparse data, although speci ¢ experiments to quantify this effect were
not part of the current study. One trade-off of this approach is that we cannot directly leverage
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large pre-trained visual encoders as in the case of other RGB approaches, and so pre-training on
a sign-speci ¢ dataset like CSL-News (1,985 hours, used by Uni-Sign) is essential. However, this
pre-training data size is comparable to that used by other SLT methods which use datasets such as
How2Sign [L5] (2000 hours) or YouTube-ASLE[, 68 (6000 hours). We anticipate that our method
would continue to scale well with larger pre-training datasets in other sign languages, though resource
constraints prevented evaluation of this aspect.

F.2 Further Technical Implementation Details

This section provides additional details that are pertinent for a full understanding and potential
reimplementation of Geo-Sign.

 Core Libraries: Our implementation relies on PyTorchd] as the primary deep learning
framework. For Transformer models, we utilize the HuggingFace Transformers library. All
hyperbolic geometry operations and Riemannian optimization are handled by the Geoopt
library [36]. For distributed training and pro ling, DeepSpeed is employed.

» Hyperparameter Tuning Strategy. Key hyperparameters speci c to the hyperbolic com-
ponents, such as the initial curvatwehe initial loss blending factori,;; (referred to as
args.alpha in code/main paper), and the hyperbolic embedding dimerdign were
tuned using a grid search strategy on the CSL-Daily development set. Full hyperparameters
are outlined in Table 7.

» Numerical Stability Measures

— Operations withirgeoopt are performed usinfjoat32 precision to maintain numer-
ical stability, while the rest of the model uses mixed precision.

— Small epsilon values (e.glp °) are added in denominators and inside logarithms/arc-
tanh functions where appropriate to prevent division by zeros.

— Tangent Vector Clipping: Before applying an exponential magp$ (v) from a point
X with a tangent vectov, especiallyexp§ (v), it's crucial to ensure the resulting point
remains strictly within the Poincaré ball and that the norma dbesn't cause numerical
issues irtanh( ). We apply a clipping strategy as mentioned in Section 3.4 of the main
paper:

) v .
max(L;" ckvky + cip)’

V clipped

for a small ¢ > 0 (e.g.,10 °). This ensures that the argumenttémh in exp§

does not become excessively large and that mapped points do not reach or exceed the
boundary of the Poincaré ball. Tpeoject=True agin geoopt's expmagfunctions

also helps enforce this by projecting points back onto the ball if they numerically fall
outside.

 Gradient Clipping : Standard norm-based gradient clipping is applied to all model parame-
ters during training to stabilize the optimization process.

In Table 7 we provide the full hyper-parameters for the best performing model. The full code will be
released following the review process.

F.3 Limitations and Future Work

While offering representational bene ts, hyperbolic operations can add computational overhead
compared to purely Euclidean ones though this is generally offset by avoiding raw video process-
ing. The optimal choice of hyperbolic model parameters (e.g., curvature strategy) warrants further
study. Generalizability to a wider range of sign languages also needs investigation. Promising
directions include exploring other hyperbolic models (e.g., Lorentz), developing more sophisticated
dynamic curvature adaptation, integrating Geo-Sign's hyperbolic skeletal features into multi-modal
frameworks, and applying these geometric principles to other sign language processing tasks like
recognition or generation. Further research into the interpretability of learned hyperbolic embeddings
could also yield deeper insights into how sign language structure is captured.
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Table 7: Hyperparameter summary for Geo-Sign experiments. Values are for the best reported model
con guration.

Category Hyperparameter Value Description
General Training Con guration
Random Seed 42 Seed for reproducibility
Training Epochs 40 Number of ne-tuning epochs on CSL-Daily
Batch Size (per GPU) 8 Micro-batch size per GPU
Gradient Accumulation Steps 8 Effective batch size becdnesccum_steps num_gpus
Training Precisiondtype ) bf16 Mixed precision training data type
Data Handling
Max Pose Sequence Length 256 Maximum number of frames for pose sequences
Max Target Text Lengthrfax_tgt_len ) 100 Max new tokens for generation during evaluation
Optimizer (Euclidean: ST-GCN, mT5, Linear Layers)
Optimizer Type ¢pt) AdamwW
Learning Ratel( ) 3 10° For Euclidean parameters (AdamW)
AdamW i;  (opt-betas ) [0.9, 0.999] Exponential decay rates for moment estimates
AdamW (opt-eps ) 1 108 Term for numerical stability
Weight Decay \(eight-decay ) 0:01 L2 penalty for Euclidean parameters
LR Schedulergched) Cosine Annealing
Warmup Epochswarmup-epochg 5 Number of epochs for LR warm-up
Minimum LR (min-Ir ) 1 106 Lower bound for LR in scheduler
Gradient Clipping Norm 1.0 Max norm for gradients
Optimizer (Hyperbolic: Manifold Parameters, Projections)
Optimizer Type RAdam Riemannian Adam
Learning Ratelyp_Ir ) 1 108 For hyperbolic parameters (RAdam)
Model Architecture
ST-GCN Output Dimensiorgen_out_dim) 256 Output dimension of ST-GCN part streams
mT5 Projection Dimensiorh{dden_dim) 768 Target dimension for projecting GCN features to match mT5
Hyperbolic Regularization
Hyperbolic Embedding Dimensioulyy,, hyp_dim) 256 Dimension of embeddings in Poincaré ball
Initial Curvature Gy, init_c ) 15 Initial value for learnable curvatuie(for best model)
Loss Blend it (alpha) 0:70 Initial blending factor forl ce VS L hyp_reg(for best model)
Text Comparison Modehfyp_text_cmp) token Strategy for aligning pose with text tokens (Token Method)
Hyperbolic Contrastive LoSiShyp reg
Temperature () Learnable Temperature for scaling distances in contrastive loss
Margin (m) Learnable Additive margin for negative pairs in contrastive loss
Label Smoothinglébel_smoothing_hyp ) 0:2 Label smoothing for hyperbolic contrastive loss (InfoNCE)
Loss Functions
CE Loss Label Smoothindabel_smoothing ) 0:2 Label smoothing for mT5 cross-entropy loss
Distributed Training (DeepSpeed)
ZeRO Optimization Stageéro_stage ) 2 DeepSpeed ZeRO Stage for memory ef ciency
Of oad to CPU (offload ) False Whether to of oad optimizer/params to CPU

F.4 Qualitative Results

Additional Figures: Figure 4 (similar to aspects shown in Figure 2 of the main paper, concerning
learned embedding distributions) illustrates the dynamic utilization of the hyperbolic manifold by
showing the average geodesic distance of different pose part embeddings from the origin during
training. Notably, features corresponding to hand articulations, which often carry ne-grained lexical
information, tend to migrate towards the periphery of the Poincaré disk. This suggests that the
model leverages the increased representational capacity in high-curvature regions to distinguish subtle
hand-based signs.

Furthermore, Figure 5 (again, related to Figure 2 of the main paper, speci cally the UMAP projections)
provides a PCA-reduced visualization of the learned hyperbolic pose part embeddings projected
onto the 2D Poincaré disk for 1000 poses. This plot reveals a structured distribution where body
features cluster near the origin (a more Euclidean-like region suitable for broader semantics), while
hand and face features are more dispersed, with hand features populating regions further towards the
boundary. This geometric organization, re ecting a learned kinematic hierarchy, likely contributes to
the improved discriminability and, consequently, the enhanced translation quality demonstrated in the
following examples. These visualizations support the hypothesis that the geometric biases induced by
hyperbolic space aid in forming more effective representations for sign language translation.

Translation Results In this section, we provide an overview of translation samples generated by
Geo-Sign . All predictions are from our best-performing “Token” model. First, in Table 8, we show
examples of prediction errors with analysis and a general measure of semantic similarity (introduced
for readability, not a quantitative metric). English translations are automatically generated and then
veri ed by a native Chinese speaker. We observe that translation quality with respect to semantics
is generally high, though our method, like many SLT systems, can sometimes miss pronouns or
struggle with complex tenses. In Table 9, we showcase examples where our approach generates
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perfect or near-perfect translations. Finally, in Table 10, we select some examples to compare our
model's output with that of the Uni-Sign (Pose) baseline. These comparisons illustrate improvements
in semantic meaning and accuracy, consistent with the quantitative gains in ROUGE and BLEU-4
scores reported in the main paper.

Table 8: Examples of Prediction Errors and Analysis from Geo-Sign (Token Method)

Prediction Ground Truth Analysis of Error Semantic
Similarity
y Et 50 (She OE t U (Heis Pronoun errory (she) vs.O Partial (topic:
is 50 years old.) 4 years old.) (he). Number error: “5 0" (50) vs. age)
U (four). The prediction gets the
topic (age) but is wrong on subject
and speci ¢ age.
E) " (To- E) a ? (What Statement vs. Question: PredictionPartial (topic:
day is Friday.) day of the week is it states a speci ¢ day. GT asks for day of week)
today?) the day. Character erraf: (ve)
vs.a (how many/which).
AH 6 of E AH & Missing words: Prediction lacks ~ High
? (Whendidyou =©/Z& , ?(Whendid “@&” (and) and the particle,” “.
meet Xiao Zhang?) you AND Xiao Zhang This subtly changes the meaning
meet?) from a one-way recognition to a
mutual acquaintance.
. » .. p P e » ... p P , Missing clause/question: Predic- High (core
(Iwant to go to the » ? (lwantto go tion omits the follow-up question statement iden-
supermarket to buy a to the supermarket to buy“™  » ?” (are you going?). tical)
chair.) a chair, are you going?)
CHT T e » Z Oi He Z AH Pronoun error’ i (youplural)  High
AH ?(Whatare you ? (What are they going vs.O1 (they).
[plural] going to doin to do in the afternoon?)
the afternoon?)
H i e Z Oi He Z AH Pronoun errori i (you plural)  High

AH ?(Whatdoyou
[plural] need to do this

? (What are they going
to do this afternoon?)

vs.O1 (they). Word choice:
* (need)vss (going to/want to)

afternoon?) - subtle semantic shift, GT is more
natural for general plans.
1T E—AH 6 Oi 6 AH 6 Subject error! | (everyone) vs. High
» p P ?2(When » p P ? (When Oi (they). Verb choiceE —

does everyone think we
should go buy chairs?)

do they want to go buy
chairs?)

(feel/think) vs.6 (want/think).

K h At
(My watch is missing.)

UWKh/ >,
? (Is this watch yours?)

Different intent: Prediction states Medium (topic:
aloss. GT asks about ownership watch)

of a present watch. Both are about

watches but different scenarios.

K h + ?
(How much is your
watch?)

UWK h £p
? (How much did you
buy this watch for?)

Missing context/words: Prediction High
is a bit abrupt. GT is more com-

plete with ‘U W” (this) and ‘p

»  (bought for).

N° 106 , v
| (1 discovered his
idol.)

A, oP

? (Did you see my cup?)

Completely different semantic in- Very Low
tent and topic. Prediction is about
an idol, GT is about a missing cup.
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Table 8 — continued from previous page

Prediction Ground Truth Analysis of Error Semantic
Similarity
88 , 2061 ' ¢t et , 20/ Garbled/incomplete prediction:  Low
(It has become bigin 88 ~~ , ,0i The prediction is grammatically
dad'sroom/Dad'sroom , ? 6 = ' (The awkward and misses the entire
has become bigger.) room on the left is my context of the GT.
parents’, their room is
very big.)
Il 2 » 9 0,0: I g » 97" U,y Pronoun errorQ (he) vs.y (she). Medium
AH Sf » | o :AH Sf ? Logic error: Prediction asks why
?

(The company is far ~ (The company is very far he does take a taxi, GT asks why

from home, why does he from home, why doesn't she doesn't.

take a taxi to the com-  she take a taxi?)
pany?)
4) 6 AH Y ?) 4) ,5 £ 06 Nonsensical/Garbled prediction: Low
AH |, ) ', HT ? ) Prediction is very disjointed and
< (What to say on < ?(Cloudy day, doesn't make sense, while GT
a cloudy day? Weather TV says it's overcast, is a coherent conversation about
something, have things what's up? Got plans weather and plans.
to do tomorrow.) tomorrow?)
L P n ™" L > @” n ™ Slight phrasing difference:l’ P High
6+ AH ?(Thereare ,” « AH ?(There ” (On the table there are) vs.
drinks on the table, what are many drinks on the “L > @” " (On the table
do you want to drink?)  table, what do you want are placed many). GT is slightly
to drink?) more natural. Prediction is still
good.
M(CTT ~+ T» 206 ~~ ] Different speaker and intent: Pre- Low
* LP, [ ~ / M>(LP diction is a confused statement

T (ljustlookedfora t ?(Golookinthe aboutsearching. GT is a directive
table at home, not looked room, was it just placed and question to someone else.
for.) on the table?)
*0 L C °s ., . h ~ Vague and unnatural prediction: Medium
g—" iy (A y iy N L @ “@—" 1 y "isawkward. GTis
person's cancer will (Many organs of the  precise about “organs” and.“@”

become very possible.) human body can become (cancerous change).

cancerous.)

t o c | M ©°c ( bb Nonsensical and irrelevant pre-  Very Low
0T ap ‘| 0« C*" | ¢ ,I diction: “ p} f ”(and not
é s p} f veen @0t walk cars) makes no sense. The
(When elderly people &0 wt fi GT describes a speci ¢ scenario.

cross the crosswalk, they (An old man was slowly
can use the crosswalk, crossing the crosswalk,
and not walk cars.) but the waiting driver

impatiently honked the
horn.)

Table 9: Examples of Correct Predictions by Geo-Sign (Token Method)

Reference (Ground Truth) Our Model Prediction (Perfect Match)
‘E) 0 ba ° ‘E) o] b a

(Today | want to eat noodles.) (Today | want to eat noodles.)

el op., é el op., é

(Did you buy the apples?) (Did you buy the apples?)

Continued on next page
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Table 9 — continued from previous page

Reference (Ground Truth) Our Model Prediction (Perfect Match)
t : () o
(I was a bit tired yesterday.) (I was a bit tired yesterday.)
EH me 1 4 e ° T EHmMe 14 e
(Eat more fruit after lunch.) (Eat more fruit after lunch.)
o, » P ot f &y »;, b o, » P ot f »; b

(My wife has a cold, | will drive her to the hospi-
(My wife has a cold, | will drive her to the hospi- tal.)

tal.)

i ci a,: e TO° : T ci a,: eTO°
(We will contact you via text message.) (We will contact you via text message.)
S C( »%a, ! eULAZA& S C(%a,:? eULAZA&
(We will use random checks for inspection.) (We will use random checks for inspection.)

- Sayenc 1t ' S~ . 84a)edo 1
(You need to grasp the direction of your own  (You need to grasp the direction of your own
life.) life.)
At/ «b,t 19, ° At/ «b,t 19,
(Medical records are not allowed to be smeared(Medical records are not allowed to be smeared
or altered.) or altered.)
0> 1T°.&@7- " pt ° 0> T°.&8@7- " p t
(He abandoned his family and ed with the fam- (He abandoned his family and ed with the fam-
ily's belongings.) ily's belongings.)
o »f\d ~t to t ° e » f\Jd ~t to t
(This glass workshop has a hundred years of (This glass workshop has a hundred years of
history.) history.)

Table 10: Comparative Analysis: Geo-Sign (Token) vs. Uni-Sign (Pose) - Selected Examples

Reference (Ground Truth) Geo-Sign (Token) Prediction Uni-Sign (Pose) Prediction
Ol )Yypey "1 OT)ye~ 1 01 ) e —E "~/
(He is very tired every day when (He comes very tired every day.) (He has enough time [to be/and
he comes back.) is] very tired every day.)

E s L 0] ) £*s |1 g £ o* I Ufl o
g, ? 0y t a é , ¢ #° ., t a é
(Xiao Zhang, is that girl from (Xiao Zhang, is that girl from (That Xiao Zhang is the person in
your company? Do you know your company?) charge of this company, do you
her?) understand/know?)
4) 5 &£ 6 ‘', H 4) 6 AH Y ?) AH 43 * 02 @) K,
T2 ) <¢ ) < 0 & E1N tAH

(Clbudy day, TV says it's over- ZWhat to say on a cloudy day?  (Sarcastically talking about talent,
cast, what's up? Got plans tomor-Weather something, have things something happened unknow-

row?) to do tomorrow.) ingly.)
FlLC 0t &, Z CFL g, » B0l St
AH D" t ¢ ZAH B ¢ y Z AH b ¢

(But you haven't lost any weight, (But you didn't eat too full, what (But you already can't stand it,
what exercise have you been exercise are you going to do?)  what can you do?)
doing?)

Continued on next page
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Table 10 — continued from previous page

Reference (Ground Truth) Geo-Sign (Token) Prediction Uni-Sign (Pose) Prediction

K 0" N—7, “N—7, Mn/ y P( > N—7, Mn/

Mn ° é : y OK: , )

(The mobile phone cannot select (Seats near the window cannot beSitting in a seat near the window,

a seat near the window.) selected.) you cannot take out your mobile
phone.)

Oueéen 008 A% ‘Oueén @%< , Ou én % < £

- B Ee B ° patéa, - B °

(He has always had high stan-  (He has strict standard require- (He put forward higher require-

dards and strict requirements for ments for himself.) ments for his strictest standards.)

himself.)

UM® 6\, A.,h YO, VAT x T (%N Ad~ 8 x

e x "1 (The chef's work is very popular.) " T °

(The desserts made by this chef (The chef is very popular when

are all popular.) designing works.)
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G Code Listings

These code examples provide an overview of key components in the architecture to help improve
readability of the paper.

1. De nes the skeleton topology and a row-normalised adjacency ténsor

1 def hop_distance(num_nodes, edges, max_hop=1):
2 """Shortest path length (<= max_hop) for every pair of nodes."""
3 adj = np.zeros((num_nodes, num_nodes))

4 for i, j in edges:

5 adjfi, j] = adjfj, i] =1

6 hop = np.full_like(adj, np.inf, dtype=float)

7 for d in range(max_hop + 1):

8 hop[np.linalg.matrix_power(adj, d) > 0] = d
9 return hop

10

11 class Graph:

12 def __init__(self, layout="hand', strategy='uniform', max_hop=1):
13 self._init_edges(layout)
14 self.hop = hop_distance(self.num_nodes, self.edges, max_hop)
15 self.A = self._adjacency(strategy)
16
17 # --- edge listS ----mmmmmmmm
18 def _init_edges(self, layout):
19 if layout in ('left', 'right"): # hand (21
joints)
20 self.num_nodes = 21
21 fingers = [[0,1,2,3,4],[0,5,6,7,8],[0,9,10,11,12],
22 [0,13,14,15,16],[0,17,18,19,20]]
23 links = [(i, i) for i in range(21)]
24 links += [(f[i], f[i+1]) for f in fingers for i in range(
len(f)-1)]
25 self.edges, self.center = links, O
26 elif layout == 'body": # torso +
arms
27 self.num_nodes = 9
28 torso = [(0,i) for i in range(1,5)]
29 arms = [(3,5),(5,7),(4,6),(6,8)]
30 self.edges, self.center = [(i,i) for i in range(9)] +
torso + arms, O
31 elif layout == 'face_all":
32 self.num_nodes = 16
33 ring = [(i,(i+1)%16) for i in range(16)]
34 self.edges, self.center = [(i,i) for i in range(16)] +
ring, 8
35 else:
36 raise ValueError(f'Unknown layout: {layout}')
37
38 # --- AdjaCeNCY -----mmm oo
39 def _adjacency(self, strategy):
40 A = (self.hop <= 1).astype(float) # neighbours
1-hop
41 if strategy == 'uniform":
42 A = A/ (A.sum(l, keepdims=True) + le-6)
43 elif strategy == 'distance": # 1 / hop
distance
44 A =1/ (self.hop + 1e-6); A[A == np.inf] = 0
45 A = A/ (A.sum(l, keepdims=True) + le-6)
46 return torch.tensor(A, dtype=torch.float32).unsqueeze(0)
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2. ST-GCN de nition.GCNUnitapplies K spatial kernelSTGCNBIlockdds a temporal conv and an
optional residual path.

1 class GCNUnit(nn.Module):

def __init__(self, Cin, Cout, A, stride=1, K=None, adaptive=True):
super().__init__()
self. K = K or A.shape[0] # #adjacency kernels
self.A = nn.Parameter(A.clone()) if adaptive else A
self.conv = nn.Conv2d(Cin, Cout*self.K, (1,1))
self.bn = nn.BatchNorm2d(Cout)
self.act = nn.RelLU(inplace=True)

© © N o A~ W N

def forward(self, x): # x: (N,Cin,T,V)
N, _, T, V = x.shape
= self.conv(x).view(N, self.K, -1, T, V)
= torch.einsum('nkctv,kvw->nctw', x, self.A) # spatial agg
eturn self.act(self.bn(x))

e =
w N PO

X
X
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2R e
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6 class STGCNBlock(nn.Module):

17 def __init__(self, Cin, Cout, A, t_kernel=3, stride=1, residual=
True):

18 super().__init__()

19 self.gcn = GCNUnit(Cin, Cout, A)

20 pad = (t_kernel-1)//2

21 self.tcn = nn.Sequential(

22 nn.Conv2d(Cout, Cout, (t_kernel,1), (stride,1), (pad,0)),

23 nn.BatchNorm2d(Cout))

24 self.res = (nn.ldentity() if Cin==Cout and stride==

25 else nn.Conv2d(Cin, Cout, 1, (stride,1)))

26 self.act = nn.ReLU(inplace=True)

27

28 def forward(self, x):

29 return self.act(self.tcn(self.gcn(x)) + self.res(x))

3. Body—-to—part residual: body features broadcast to hands / face.models.py — residual context

body_ctx = None
for part in ('body','left','right','face_all"):
x = self.proj_linear[part](src_input[part]).permute(0,3,1,2)
x = self.gcn_spatial[part](x)
if part == 'body":
body_ctx = x.detach() # freeze context
else:
joint = body_ctx[..., idx_map[part]] # select joint
X = X + joint.unsqueeze(-1) # broadcast to V
10 out[part] = self.gcn_temporal[part](x)

© © N o U~ W NP

4. Project Euclidean vector to the Poincaré ball.

1 class HyperbolicProjection(nn.Module):

2 def __init__(self, d_in, d_out, manifold):

3 super().__init__()

4 self.manifold = manifold

5 self.proj = nn.Linear(d_in, d_out)

6 self.log_scale = nn.Parameter(torch.zeros(())) # In(scale)
7
8
9

def forward(self, x):
t = self.proj(x) * self.log_scale.exp() # tangent vec
10 return self.manifold.expmapO(t, project=True)

5. Weighted Frechet mean (Algorithm 1).

1 def frechet_mean(pts, w, M, max_iter=50, tol=1e-5, eta=1.0):
2 """pts: (N,B,D), w: (N,B) or (N,) -> mu: (B,D).""
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w = w.unsqueeze(-1) / (w.sum(0, keepdim=True) + 1le-8)
mu = pts[0].clone()
for _ in range(max_iter):
v = (w * M.logmap(mu.unsqueeze(0), pts)).sum(0)
mu_next = M.expmap(mu, eta*v, project=True)
if (M.dist(mu_next, mu) < tol).all(): break
mu = mu_next
return mu

6. Sentence-level text embedding (pooled method).

mask = txt_mask.unsqueeze(-1).float() # (B,T,1)
sent = (emb * mask).sum(1l) / mask.sum(l).clamp_min(1) # mean-pool
h_text = self.hyp_proj_text(sent)

7. Hyperbolic attention (token method).

h_tok = self.hyp_proj_text(tok_emb) # (B,T,D)
q = h_pose.unsqueeze(2) # (B,P,1,D)
k = self.manifold.mobius_add(
self.manifold.mobius_matvec(W_key, h_tok.unsqueeze(1)),
b_key)
logits = -self.manifold.dist(q, k) # (B,P,T)
logits.masked_fill_(~tok_mask.unsqueeze(1), -1e9)
alpha = F.softmax(logits / tau_attn, -1) # weights
ctx = self.manifold.weighted_midpoint(h_tok.unsqueeze (1), alpha,
[2])
8. InfoNCE loss calculated in hyperbolic space.
class HyperbolicContrastiveLoss(nn.Module):
def __init__(self, M, tau0=0.5, m0=0.1):
super().__init__()
self.M = M
self.log_tau = nn.Parameter(torch.logit(torch.tensor(tau0/2)))
self.m = nn.Parameter(torch.tensor(mQ))
def forward(self, a, b): # (B,D) pairs
d = self.M.dist(a.unsqueeze (1), b.unsqueeze(0))
s = -d / (torch.sigmoid(self.log_tau)*2 + 0.01)
s -= (~torch.eye(len(a), dtype=torch.bool, device=a.device)) *

self.m.clamp_min(0)
target = torch.arange(len(a), device=a.device)
return F.cross_entropy(s, target)

9. Manifold with learnable curvature initialisation.

self.manifold = geoopt.PoincareBall(c=cfg.init_c, learnable=True)

10. Dynamic alpha for loss blending.

progress = self.global_step / max(1l, self.total_steps)

alpha_base = cfg.alpha_init + 0.05 * progress # <= 0.9
alpha_learn = 0.2 * torch.sigmoid(self.alpha_logit)

alpha = (alpha_base + alpha_learn).clamp(0.1, 0.99)

loss = alpha * ce_loss + (1 - alpha) * hyp_loss

36



	Introduction
	Related Work
	Sign Language Translation (SLT)
	Skeletal Representations for Sign Language and Action Recognition
	Hyperbolic Geometry in Machine Learning
	Hyperbolic Representation Learning Applications

	Methodology
	Hyperbolic Geometry Essentials
	Skeletal Feature Extraction and Hyperbolic Projection
	ST-GCN Backbone
	Part-Specific Projection to Poincaré Ball

	Hyperbolic Contrastive Loss
	Alignment Methods
	Strategy 1: Global Semantic Alignment (Pooled Method)
	Strategy 2: Fine-Grained Part-Text Alignment (Token Method)

	Training Objective and Optimization

	Experiments
	Experimental Setup
	Results on Chinese Sign Language (CSL)
	Results on American Sign Language
	Ablation Studies

	Qualitative Analysis: Visualizing Embedding Spaces

	Conclusion
	Introduction
	Hyperbolic Geometry Preliminaries: A Brief Refresher
	Methodology Details
	Pose Extraction and ST-GCN Architecture
	Hyperbolic Alignment Strategies

	Mathematical Foundations 
	Fréchet Mean in the Poincaré Ball
	Gradient of the Hyperbolic Distance

	Learnable Model Parameters
	Discussion on Learnable Curvature
	Discussion on Loss Blending Factor alpha

	Experimental Setup, Analysis, and Qualitative Results
	Computational Considerations and Profiler Analysis
	Further Technical Implementation Details
	Limitations and Future Work
	Qualitative Results

	Code Listings

