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Method | Modality | Dev Set | Test Set
| Pose RGB | B-1 B-4 R-L | B-I B-4 R-L
Gloss-Based Methods (Prior Art)
SLRT [2] — v 3747 11.88 3796 | 3738 11.79 36.74
TS-SLT [ 1] v v 55.21 25.76 55.10 | 55.44 25779 55.72
CV-SLT [2] — v — 28.24 56.36 | 58.29 28.94 57.06
Gloss-Free Methods (Prior Art)
MSLU [20] v — 33.28 10.27 3313 | 3397 11.42 3380
SLRT [0] (Gloss-Free variant) — v 21.03  4.04 2051 | 2000 3.03 19.67
GASLT [- ] — v — — — 19.90 4.07 20.35
GFSLT-VLP [ -] — v 39.20 11.07 36.70 | 39.37 11.00 36.44
FLa-LLM [ ] — v — — - 37.13 14.20 37.25
Sign2GPT [ 1] - v - - — 41.75 1540 4236
SignLLM [ V] — v 4245 1223 39.18 | 3955 15.75 3991
C?RL [Y] — v — - — 49.32 21.61 48.21
Our Models and Baselines

Uni-Sign [ | ] (Pose) v 53.24 2527 5434 | 53.86 25.61 5492
Uni-Sign [ 1| ] (Pose+RGB) v ./ 55.30 26.25 56.03 | 55.08 26.36 56.51
Geo-Sign (Euclidean Pooled) v — 53.53 2578 5538 | 53.06 25.72 55.57
Geo-Sign (Euclidean Token) v — 5393 2591 5520 | 54.02 2598 5393
Geo-Sign (Hyperbolic Pooled) v - 55.19 2690 5693 | 55.80 27.17 57.75
Geo-Sign (Hyperbolic Token) v - 55.57 27.05 57.27 | 55.89 2742 57095
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Method | Modality | Dev Set | Test Set
| Pose RGB | B-1 B-4 R-L | B-I B-4 R-L
Gloss-Based Methods (Prior Art)
SLRT [2] — v 3747 11.88 3796 | 3738 11.79 36.74
TS-SLT [ 1] v v 55.21 25.76 55.10 | 55.44 25779 55.72
CV-SLT [2] — v — 28.24 56.36 | 58.29 28.94 57.06
Gloss-Free Methods (Prior Art)
MSLU [20] v - 33.28 10.27 3313 | 3397 11.42 3380
SLRT [0] (Gloss-Free variant) — v 21.03  4.04 2051 | 2000 3.03 19.67
GASLT [- ] — v — — — 19.90 4.07 20.35
GFSLT-VLP [ -] — v 39.20 11.07 36.70 | 3937 11.00 36.44
FLa-LLM [ ] — v — — - 37.13 14.20 37.25
Sign2GPT [ 1] - v - - — 41.75 1540 4236
SignLLM [ V] — v 4245 1223 39.18 | 3955 15.75 3991
C?RL [Y] — v - - — 49.32 21.61 48.21
Our Models and Raselines
Uni-Sign [ | | (Pose) | v — | 5324 2527 5434 | 53.86 25.61 5492
Uni-Sign [ || (Pose+RGB) v v’ | 5530 2625 56.03 | 55.08 2636 56.51 \
Geo-Sign (Euclidean Pooled) ‘ v — ‘ 53.53 2578 5538 | 53.06 25.72 55.57 +3.03
Geo-Sign (Euclidean Token) v — 5393 2591 5520 | 54.02 2598 5393 7
Geo-Sign (Hyperholic Pooled) | — 1 5519 2690 5693 | 5580 2717 5775 4/
Geo-Sign (Hyperbolic Token) v — | 55.57 27.05 57.27 | 55.89 27.42 5795
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Table 10: Comparative Analysis: Geo-Sign (Token) vs. Uni-Sign (Pose) - Selected Examples

Reference (Ground Truth)

(Geo-Sign (Token) Prediction

Uni-Sign (Pose) Prediction

‘b B K [E] SR AR AR R o
(He 1s very tired every day when
he comes back.)

“fil B R KRR -

(He comes very tired every day.)

UET N S E &S
(He has enough time [to be/and
18] very tired every day.)

NER AR A A E R AT A
CISECRESOR N AL
(X1ao Zhang, is that girl from
your company? Do you know

N AR R AN 2 A S R A H]
B,

(X1ao Zhang, is that girl from
your company?)

AN Ak E X K E] i
_HA,{'hTﬁﬁﬂfﬁb

(That Xiao Zhang is the person in
charge of this company, do you

her?) understand/know?)
AR BHLERER,EA AR AFEIRIMNA [iﬁBHTR*‘ﬂEi#E%Eﬁ A
TIYHRAHF, MHREHE - - MARKAETH A

(Cloudy day, TV says it’s over-
cast, what’s up? Got plans tomor-

(What to say on a cloudy day?
Weather something, have things

(Sarcastically talking about talent,
something happened unknow-

row?) to do tomorrow.) ingly.)
EER - SWEE R CBERRETRIEZD. KL CEERIR Lf**‘ﬂi'/f\‘?‘ﬁT,fﬁi
fttaizsh Ty Wt 492 8h HE 81 4 B ¢

(But you haven’t lost any weight,
what exercise have you been
doing?)

(But you didn’t eat too full, what
exercise are you going to do?)

(But you already can’t stand it,
what can you do?)

Centre for Vision,
V P Speech and Signal
Processing
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(a) Impact of Curvature c. (b) Impact of a. (c) Noise Robustness (B-4).

Curvature (c¢) B-4 R-L « B-4 R-L Noise Geo-Sign Uni-Sign
0.00 (Euclidean) 2598 53.93 0.10 25.74 56.20 0.00 27.42 26.25
0.10 26.56 57.56 0.50 26.79 57.38 0.01 26.30 (-4%) 24.14 (-8%)
0.50 26.34  56.30 0.70 2742 57.95 0.02 24.60 (-10%)  21.50 (-18%)
1.00 27.04 57.67 0.90 2692 57.67 0.03 19.07 (-30%)  14.40 (-45%)
1.50 2742 5795 0.04 11.63 (-58%)  71.20 (-73%)
2.00 27.25 58.08 0.05 5.98 (-78%) 3.01 (-89%)
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Geometrically Aware Sign Language Translation

Edward Fish Richard Bowden
CVSSP, University of Surrey CVSSP, University of Surrey
edward. fish@surrey. ac.uk r.bowden@eurrey . ac.uk

‘n' 1

Abstract

Receat progress in Sign Language Translation (SLT) has focussed primarily on
improving the representational capacity of large language models o incorporate
Sign Language features. This work explores an altemative direction: enhancing
the goometric propertics of skeletal representations themscelves. We propose Geo-
Sign, a method that leverages the puupcruu of hyperbolic geometry to modd
the hicrarchical structure inherent in sign lang Kine: cs. By p

skeletal features derived from Spatio-Temporal (‘ raph Convolutional I’\ctwutks
(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.
— T‘hm. compoacnts are integrated into an end-to-cad translation framework as a
repularisation function, 1o coby the sons within the language model.
This work demoastrates the poteatial of hypubulu geometry to improve skeletal
repre ions for Sign L T g 2 on SOTA RGB methods
while preserving pm.:nc’ and mlpm\ ing mnnummal efficiency. Code available
here:

28 Oct

V]

C

I Introduction

Sign Languages are nich, multi-channcl 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 cstablished rescarch area focused on developing methods 1o convert these
visual expressions directly into text. Whike Sign Languages are expressed via fluid multi-anticulator
kinematics, a persistent challenge for SLT methods lies in ¢ feature repre ions that con-
curreatly preserve fine- ;minuL local detasils (e.g., subtle finger configurations) while cmbedding the
global structure inherent in larger, overarching body motions. Effectively modelling these multi- sul»

hoddi

and relational dynamics within a suitable g ic ¢ £ Space ins a central hurdle,

2506.00129v?2

arxiv

Spatio-Temporal Graph Convolutional Networks (ST-GCNs) offer a natural way 1o encode these
hicrarchical relationships by treating the body’s joints and bones as nodes and edges in a graph
1 |. However, whea their leamed representations are projected into standard Euclidean geometry
for processing via a Large Langusge Model (1LLM), esseatial finc-grained relational distances and
movements can bocome blurred. For instance, the sign for “water™ in Amenican 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
cmbedding toward the global motion and compressing the subthe finger tap into a vanishing tail.
Consoguently, two signs that differ oaly in the tming or precision of that tap, which may be critical
to kexical meaning, can become ncarly indistinguishable once projocted into flat Euclidcan space.

39tk C on Newral | Pr g Systems (NewrlPS 2025).
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Algorithm 1 Iterative Weighted Fréchet Mean in Bg""’

Require: Hyperbolic embeddings {hp}le, normalized positive weights {ﬂ;rp}:le, ¢, Inax. €ol-

I: Initialize (") <— h, (or other suitable initialization).

2: for k= 0to I, —1do
3 Vagg ¢ 0 € ’I;L(k}Bﬁ""’. > Aggregated tangent vector at current mean
4 forp=1to Ndo
5: Vagg < Vagg + wp log, i (hy). > Sum weighted log-mapped vectors
6 end for

7 pF) exp:‘(k}(vagg). > Update mean via exponential map

8: Project p(**1) into B if numerically necessary.

9: if dg, (,u,““" I l),p;““)) < €, then > Check convergence
10: break > Exit loop on convergence
11: end if
12: end for
13: fhpose ¢ plFH) > Assign final mean

Ensure: Estimated Fréchet mean prpose.
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(a) ¢ initialised at 1.50, decreases and stabilizes around (b) ¢ initialised at 0.10, increases and stabilizes around
1.42. 0.20.

Figure 3: Evolution of the learnable manifold curvature ¢ during training for different initializations.
(a) When initialised at ¢ = 1.50, the curvature magnitude slightly decreases, suggesting an optimal
value around 1.42 for this setup. (b) When initialised at a low ¢ = (.10, the curvature increases,
indicating the model benefits from more “hyperbolic space™ initially. It stabilizes around ¢ = .20,
potentially influenced by the dynamic « schedule that reduces regularization emphasis over time.
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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) a87.7H - 116.59 - 415.73 -
Geo-Sign (Hyperbolic Pooled) H8R.21 0.46 116.60 3.67 1630.00 292.10
Geo-Sign (Hyperbolic Token) 580.10 135 116.60 ~9.96 2550.00 513.40
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Method VE Name VE LM Name LM Total | Modality |  Test Set
Params Params Params | Pose RGB | B-4 R-L
(M) (M) (M)
Gloss-Free Methods (Prior Art)
MSLU [20] EffNet 53 mT5-Base 5824 587.7 v - 1142 33.80
SLRT [0] (G-Free) EffNet 53 Transformer ~30 ~353 - v 3.03  19.67
GASLT [~ ] 13D 13 Transformer =30 ~43.0 - v 407 20.35
GFSLT-VLP [~ 1] ResNet18 11.7 mBart 680 691.7 - v 11.00 36.44
FLa-LLM [ 1] ResNet18 11.7 mBart 680 691.7 v 1420 37.25
Sign2GPT [ /] DinoV2 21.0 XGLM 1732.9 1753.9 - v 1540 4236
SignLIM [ Y] ResNet18 11.7 LLaMA-7B 67384 6750.1 - v 15.75 3991
C?RL Y] ResNet18 11.7 mBart 680 691.7 - v 21.61 48.21
Our Models and Baselines
Uni-Sign [ |] (Pose) GCN 53 mT5-Base 5824 587.7 v - 25.61 5492
Uni-Sign [ |] (Pose+RGB) EffNet+GCN 9.7 mT5-Base 582.4 592.1 v v 26.36  56.51
Geo-Sign (Hyperbolic Pooled) GCN+Geo 5.8 mT5-Base 5824 588.21 v - 27.17 5175
Geo-Sign (Hyperbolic Token) GCN+Geo+Attn 6.7 mT5-Base 582.4 589.1 v - 2742 5795
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Category Hyperparameter Value Description
General Training Configuration
Random Sced 42 Sced for reproducibility
Training Epochs 40 Number of finc-tuning cpochs on CSL-Daily
Batch Size (per GPU) 8 Micro-batch size per GPU
Gradient Accumulation Steps 8 Effective batch size becomes 8 X accum_steps X num_gpus
Training Precision (dtype) bf16 Mixed precision training data type
Data Handling
Max Posc Sequence Length 256 Maximum number of frames for pose scquences
Max Target Text Length (max_tgt_len) 100 Max ncw tokens for generation during cvaluation
Optimizer (Euclidean: ST-GCN, mT5, Linear Layers)
Optimizer Type (opt) AdamW [45]
Leamning Rate (1r) 3x107° For Euclidcan parameters (AdamW)
AdamW f3,, 3, (opt-betas) [0.9, 0.999] Exponential decay rates for moment estimates
AdamW ¢ (opt-eps) 1 x 108 Term for numerical stability
Weight Decay (weight-decay) 0.01 L2 penalty for Euclidcan paramcters

LR Scheduler (sched)
Warmup Epochs (warmup-epochs)

Cosinc Anncaling
5

Number of epochs for LR warm-up

Minimum LR (min-1r) 1x10-6 Lower bound for LR in scheduler
Gradicnt Clipping Norm 1.0 Max norm for gradicnts
Optimizer (Hyperbolic: Manifold Parameters, Projections)
Optimizer Type RAdam Ricmannian Adam
Learning Rate (hyp_1r) 1 x1073 For hyperbolic paramcters (RAdam)
Model Architecture
ST-GCN Output Dimension (gcn_out_dim) 256 Output dimension of ST-GCN part strcams
mT5 Projection Dimension (hidden_dim) 768 Target dimension for projecting GCN features to match mTS
Hyperbolic Regularization
Hyperbolic Embedding Dimension (dy,y,,, hyp_dim) 256 Dimension of embeddings in Poincaré ball
Initial Curvaturc (¢, init_c) 1.5 Initial valuc for lcamable curvature ¢ (for best model)
Loss Blend oy, (2lpha) 0.70 Initial blending factor for L¢y: vs Ly e (for best model)
Text Comparison Mode (hyp_text_cmp) token Strategy for aligning posc with text tokens (Token Mcthod)
Hyperbolic Contrastive Loss Lyyy reg:
Temperature (7) Learnable Temperature for scaling distances in contrastive loss
Margin (m) Leamable Additive margin for ncgative pairs in contrastive loss
Labcel Smoothing (1abel_smoothing hyp) 0.2 Label smoothing for hyperbolic contrastive loss (InfoNCE)
Loss Functions
CE Loss Label Smoothing (1abel_smoothing) 0.2 Label smoothing for mT5 cross-cntropy loss
Distributed Training (DeepSpeed)
ZcRO Optimization Stage (zero_stage) 2 DeepSpeed ZeRO Stage for memory cfficiency
Offload to CPU (offload) Falsce Whether to offload optimizer/params to CPU
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