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Abstract
Phonological similarity is fundamental to sign
language structure and cross-linguistic anal-
ysis, yet existing approaches based on Ham-
NoSys operate only at the transcription level
and ignore visual realization. We propose a
phonology-aware model that predicts continu-
ous phonological similarity directly from sign
videos while remaining grounded in symbolic
phonological structure. Our landmark-based
approach uses body and hand keypoints ex-
tracted with MediaPipe and a temporal en-
coder combining short-term convolution with
Head-Token Mixing Attention to capture both
local articulation and long-range dynamics. By
factorizing HamNoSys annotations into inter-
pretable phonological components and using
them as auxiliary supervision, the model learns
robust and interpretable representations. Exper-
iments on four sign languages show consistent
improvements over alignment-based and RGB-
based baselines, particularly in cross-linguistic
generalization.

1 Introduction

Phonological similarity plays a central role in the
organization of sign language lexicons, influenc-
ing lexical access, language acquisition, and cross-
linguistic relatedness (Sinha, 2009). Unlike spoken
languages, where phonology is realized through
acoustic units, sign languages encode phonological
structure through coordinated visual articulators,
including handshape, orientation, movement, lo-
cation in signing space, and non-manual markers
(Langer et al., 2014; Stokoe, 1960; Brentari, 1999).
Understanding how these articulatory components
combine and vary across sign languages is there-
fore essential for both linguistic analysis and the
development of sign language technologies.

Recent work has made progress toward large-
scale, cross-linguistic analysis of sign phonology
by leveraging symbolic representations such as the
Hamburg Notation System (HamNoSys) (Prillwitz

and für Deutsche Gebärdensprache und Kommu-
nikation Gehörloser, 1989). HamNoSys provides
a language-agnostic transcription scheme that en-
codes the phonological structure of signs using a
structured set of symbols (Cihan Camgoz et al.,
2017; Camgoz et al., 2018; Stoll et al., 2020; Saun-
ders et al., 2020; Chen et al., 2022). Prior stud-
ies have used HamNoSys to construct a multilin-
gual dataset of isolated signs from British Sign
Language (BSL), German Sign Language (DGS),
French Sign Language (LSF), and Greek Sign Lan-
guage (GSL), and computed pairwise phonologi-
cal similarity using normalized edit distance over
HamNoSys strings (Appendix A for overview).
This analysis revealed both universal tendencies,
such as the prominence of manual articulators, and
language-specific patterns shaped by historical and
cultural factors (Varanasi et al., 2025a). While this
symbolic approach enables scalable phonological
analysis, it operates entirely at the level of tran-
scription and does not directly model the visual
realization of signs.

A natural next question is whether phonological
similarity, that can be computed using HamNoSys,
can be predicted from sign videos directly. This
can be challenging because sign videos are high-
dimensional and temporally complex. Phonologi-
cal cues can vary across signing styles and speeds,
and RGB-based models are often sensitive to back-
ground, appearance, and viewpoint rather than
underlying phonological structure. Radar-based
methods have been explored for sign classification
(Varanasi et al., 2026c) addressing some of the chal-
lenges with RGB, but no suitable datasets exist for
the four sign languages used in this work.

We propose a computational model of phonologi-
cal sign similarity that bridges symbolic phonology
and visual representation. Instead of treating sim-
ilarity as a purely discriminative task, we ground
visual learning in phonological structure derived
from HamNoSys. Using MediaPipe-based land-
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mark features, we capture articulatory information
while reducing visual noise and model parameter
count compared to RGB-based models (Varanasi
et al., 2026d,a). A temporal encoder combining
short-term convolution with Head-Token Mixing
Attention (HTMA) models both local dynamics
and long-range dependencies.

We frame similarity prediction as a phonology-
aware multi-task problem by decomposing Ham-
NoSys into components such as handshape, move-
ment, and location, which serve as auxiliary super-
vision alongside similarity regression. This encour-
ages embeddings to encode interpretable phonolog-
ical structure, making similarity a compositional
function of shared properties rather than an opaque
distance.

Evaluated on multilingual datasets (BSL, DGS,
LSF, GSL), our approach outperforms alignment-
based and RGB-based baselines, particularly in
cross-lingual settings, while producing representa-
tions aligned with known phonological patterns.

In summary, this work makes the following con-
tributions:

• We introduce the first landmark-based com-
putational model for predicting phonological
similarity across multiple sign languages us-
ing HamNoSys-derived supervision.

• We propose a phonology-aware multi-task
learning framework that integrates symbolic
phonological factorization with visual repre-
sentation learning.

• We demonstrate strong intra- and cross-
linguistic performance, providing a principled
computational extension of prior symbolic
phonological analyses.

In this study, we leverage HamNoSys to com-
pute phonological similarity between signs using
a normalized edit distance metric, allowing us to
quantify how similar two signs are based on their
symbolic phonological structure, independent of
signer-specific or visual noise.

2 Related Work

Recent studies have explored the use of HamNoSys
for computational tasks. For example, (Morris-
sey, 2008) used HamNoSys and its SiGML encod-
ing as the intermediate representation in a spoken-
to-sign language MT pipeline, while (Efthimiou
et al., 2010) leveraged it for multilingual sign lan-
guage resources. (Sugandhi et al., 2020) proposed
a HamNoSys-based avatar generation approach for

text-to-ISL translation, while others have ignored
HamNoSys only relying on gloss translation due to
its unavailability (Varanasi et al., 2024, 2025c,b).
Several other efforts have continued this line of
research: (Neves et al., 2020) developed a conver-
sion toolkit from HamNoSys to SiGML to sup-
port avatar animation; (Walsh et al., 2022) intro-
duced transformer baselines for directly translat-
ing spoken language text to HamNoSys sequences,
demonstrating advantages over gloss-only repre-
sentations; and (Bhagwat et al., 2024) presented a
Marathi↔ISL translation pipeline adopting Ham-
NoSys as an intermediate phonetic layer for syn-
thesis. Foundational descriptions such as (Hanke,
2004) further highlight HamNoSys as a machine-
readable phonetic notation beneficial for MT and
sign avatar generation.

In the domain of sign similarity, (Ormel et al.,
2010) proposed methods for measuring phonolog-
ical distance using feature-based representations,
but their work was limited to small datasets and
single-language settings. More recent work has ex-
plored neural models for sign similarity (Camgoz
et al., 2020), though these approaches often rely pri-
marily on visual features without explicit phonolog-
ical grounding. To address this gap, (Williams et al.,
2017) operationalized phonological similarity by
quantifying shared manual parameters, demonstrat-
ing psycholinguistic correlates of such similarity
measures. Further advances have integrated phono-
logical structure into neural models: (Tavella et al.,
2022) introduced the WLASL-LEX dataset anno-
tated with phonological properties and showed that
graph-based neural networks can recognize phono-
logical features at scale; (Rodriguez et al., 2023)
proposed a phonological distance metric over four-
teen phonological specifications in NGT and used it
to analyze deep sign embeddings; and (Kezar et al.,
2023) demonstrated that incorporating phonolog-
ical representations improves isolated sign recog-
nition performance on the Sem-Lex benchmark.
These works highlight increased attention toward
phonologically grounded representations in com-
putational modelling of sign similarity.

Our work differs in that it focuses on symbolic
phonological similarity across multiple sign lan-
guages using HamNoSys. By constructing large-
scale similarity matrices and performing analytical
studies, we aim to uncover structural patterns in
sign language phonology that are both linguisti-
cally meaningful and computationally tractable.
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3 Methodology

Here, we address the computational problem on
learning a model that predicts phonological simi-
larity directly from sign videos, while remaining
grounded in the symbolic phonological structure
revealed by HamNoSys. We treat HamNoSys-
derived similarity as a linguistically motivated su-
pervisory signal and propose a landmark-based
neural architecture that learns phonologically struc-
tured visual representations capable of generalizing
within and across sign languages (see Figure 1 and
Appendix B.1).

3.1 Dataset and Symbolic Similarity
Supervision

We use a dataset of isolated sign videos comprising
1000 signs each from BSL, DGS, LSF, and GSL.
Each sign is paired with a HamNoSys transcrip-
tion encoding its phonological structure in terms of
handshape, location, orientation, movement, and
related features.

Pairwise phonological similarity. For any pair
of signs (xi, xj), we compute a normalized edit-
distance-based similarity score from their Ham-
NoSys transcriptions:

s
sym
ij = 1− EditDist(Hi, Hj)

max(|Hi|, |Hj |)
∈ [0, 1], (1)

where Hi and Hj denote HamNoSys strings and
| · | their lengths. These similarity scores serve as
dense, cross-linguistically comparable supervision
signals for training and evaluation.

3.2 Landmark-Based Visual Representation

To minimize sensitivity to background, appearance,
and signer-specific variation, we adopt a landmark-
centric representation of sign videos. For each
frame, we extract 3D pose and hand landmarks us-
ing MediaPipe (Lugaresi et al., 2019), following a
configuration of 42 hand and 23 upper-body land-
marks (65 total). Each frame is represented as a
195-dimensional vector of XYZ coordinates (see
Appendix C for illustration).

Video sequences are variable-length. We trim
leading and trailing frames without valid landmark
detections and apply zero-padding within mini-
batches. For intermediate frames with missing
hand landmarks, we use masking to prevent the
model from overfitting to imputed values.

3.3 Phonological Factorization of HamNoSys
While HamNoSys can be treated as a single sym-
bolic string, it is linguistically compositional: it
encodes multiple phonological dimensions such as
handshape, orientation, location, movement type,
movement direction, and symmetry. To exploit this
structure, we factorize each HamNoSys transcrip-
tion into K phonological factors:

yphon(x) = {y(1)(x), y(2)(x), . . . , y(K)(x)}, (2)

where each factor corresponds to a coherent artic-
ulatory dimension (e.g., handshape class or move-
ment type).

This factorization transforms HamNoSys from
a monolithic symbolic representation into a set of
interpretable, weakly independent supervisory sig-
nals. It reflects the linguistic hypothesis that sign
phonology is organized around a small number
of articulatory parameters that can vary indepen-
dently, while remaining robust to annotation noise
and cross-linguistic variation.

3.4 Landmark Encoder Architecture
Given a landmark sequence X ∈ RT×195, we com-
pute a fixed-dimensional embedding using a two-
stage temporal encoder.

Short-term temporal modeling. A lightweight
stack of 1D convolutions extracts fine-grained tem-
poral patterns corresponding to local articulatory
dynamics:

Z = CNN1D(X), Z ∈ RT×D. (3)

3.4.1 Head-Token Mixing Attention (HTMA)
To capture long-range structure, we adopt HTMA
(Varanasi et al., 2026b), which integrates multi-
head attention (MHA), multi-token attention
(MTA), and positional encodings (APE+RoPE), in-
spired by (Golovneva et al., 2025).

Modified Self-Attention Mechanism inside
HTMA After applying layer normalization, we
add the standard absolute positional encoding
(APE) (Vaswani et al., 2017) to the input before
the long-term temporal feature extraction. Given
this input sequence X ∈ RB×T×D, where B
is the batch size, T is the sequence length, and
D is the embedding dimension, we compute the
query Q, key K, and value V projections as
Q = XWQ, K = XWK , V = XŴ1

V ,

where WQ,WK ∈ RD×D, and Ŵ1
V ∈ RD×2D.
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Figure 1: Our proposed sign video feature extraction model. Refer to subsection 3.4.1 for "Scoring Module" details.
We masked the faces to protect personal identity.

On the query and key vectors, we apply a stan-
dard Rotary Positional Embeddings (RoPE) (Su
et al., 2024). Different from the traditional self-
attention mechanism, here we project the value to a
double-sized representation to replicate head-wise
convolution-style processing (see the Appendix B
in (Golovneva et al., 2025)). This, when combined
with group normalization, enables us to capture
longer context information.

The tensors are reshaped across H heads, each
with dimensionality d = D/H . The attention
scores are then computed as scaled dot-products:
A = QK⊤

√
d
∈ RB×H×T×T .

Multi-Token Attention To inject local con-
text, A is refined via a 2D convolution: A′ =
CNNQK(A). Softmax-normalized weights α are
applied to V, followed by group normalization
(group size 2): C = GroupNorm(α ·V). The out-
put is projected through Ŵ 1

O ∈ R2D×D and passed
through a standard FFN+residual block. Mean
pooling over time yields the final video representa-
tion.

Similarity Score Calculation Module during
Fine-tuning Following the shared encoder and
linear projection stage, we obtain two projected
representations h1,h2 ∈ RB×256, where B is the
batch size and 256 is the projected embedding di-
mensionality. To capture both discrepancy and
alignment cues between the pair of representations,
we form a joint interaction representation using
two complementary operations applied element-
wise: d = |h1 − h2|, p = h1 ⊙ h2, where
⊙ denotes the Hadamard (element-wise) product.

We then concatenate these two signals to obtain a
512-dimensional interaction feature: z = [d;p] ∈
RB×512.

The interaction feature z is fed to a lightweight
fusion network consisting of a LayerNorm trans-
formation followed by two GELU-activated lin-
ear layers and a final linear projection. Con-
cretely, letting LN(·) denote LayerNorm and ϕ(·)
denote the GELU nonlinearity, the scoring head
computes a scalar logit s ∈ RB×1 as: u1 =
LN(z), u2 = ϕ(u1W1 + b1) , u3 =
ϕ(u2W2 + b2) , s = u3W3 + b3, where
W1 ∈ R512×256, W2 ∈ R256×128, W3 ∈ R128×1,
and b1,b2,b3 are the corresponding bias terms.
The scalar logit is transformed into a similarity
probability via the sigmoid: ŷ = σ(s) ∈ [0, 1]B×1.

Intuitively, the absolute difference |h1 − h2|
emphasizes magnitude discrepancies across di-
mensions, while the product h1 ⊙ h2 accentuates
dimension-wise alignment. Their concatenation
offers complementary relational cues, which the
fusion MLP aggregates into a single, calibrated
similarity score.

3.5 Multi-Task Phonological Learning
Objective

From the shared embedding h, the model supports
two complementary objectives.

Phonological factor prediction. For each phono-
logical factor k ∈ {1, . . . ,K}, a lightweight pre-
diction head gk produces ŷ(k) = gk(h). Depending
on the factor, we use categorical or multi-label clas-
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sification losses:

Lphon =

K∑

k=1

λk L(k)(y(k), ŷ(k)). (4)

Similarity regression. For a pair of sign embed-
dings (hi, hj), we compute interaction features us-
ing element-wise absolute difference and product:

d = |hi − hj |, p = hi ⊙ hj , z = [d; p], (5)

and predict similarity via a small MLP: ŝ(xi, xj) =
σ(MLP(z)). The similarity loss is defined as:

Lsim =
∥∥∥ssym

ij − ŝ(xi, xj)
∥∥∥
2

2
. The overall training

objective is:

L = Lsim + αLphon, (6)

where α controls the influence of explicit phono-
logical supervision.

3.6 Phonology-Aware Similarity Modeling
The proposed formulation embeds similarity pre-
diction within a phonological factor discovery
framework. Because the shared embedding is ex-
plicitly constrained to encode phonological factors,
predicted similarity scores can be interpreted as
compositional functions over shared and differing
articulatory properties.

This design aligns naturally with linguistic theo-
ries of sign similarity, where two signs are consid-
ered similar if they overlap along multiple phono-
logical dimensions and differ only along a limited
subset. Moreover, because phonological factors
are largely language-agnostic, the learned represen-
tation supports meaningful similarity estimation
both within and across sign languages, providing a
principled computational extension of our earlier
symbolic cross-linguistic analysis.

4 Experiments

Dataset. The dataset used in this study is derived
from the publicly available Dicta-Sign Language
Resources (Efthimiou et al., 2012), a multilingual
repository of sign language data developed as part
of the Dicta-Sign project. The resource provides
over 1000 concepts across BSL, DGS, LSF, and
GSL with corresponding signs and phonological
representations. We use only body and hand land-
marks extracted with MediaPipe, masking out the
facial region to anonymize signers while retain-
ing key articulatory information. The body/pose

landmarks offer a few landmarks from the face re-
gion around eyes, nose and mouth which is used to
estimate non-manual factors in Table 4.

Phonological similarity labels. For each lan-
guage, we construct a dense 1000 × 1000 phono-
logical similarity matrix using normalized edit dis-
tance over HamNoSys strings. These similarity
scores, described in Section 3.1, serve as ground-
truth supervision for training and evaluation. We
consider both intra-language similarity prediction
(pairs drawn from the same language) and inter-
language similarity prediction (pairs drawn across
languages), enabling a systematic assessment of
cross-linguistic generalization.

Potential Risks. This work poses minimal risk,
as it uses privacy-preserving landmark representa-
tions without facial features. Potential concerns are
limited to effects of errors in similarity predictions
in downstream tasks without human supervision
and dataset bias toward well-resourced sign lan-
guages.

4.1 Experimental Protocol
Train/validation/test splits. For each language,
we partition the set of signs into disjoint training
(70%), validation (10%), and test (20%) splits at
the sign level. Pairwise similarity examples are
generated by sampling sign pairs whose constituent
signs belong to the corresponding splits, ensuring
no overlap of signs between training and test sets.
We evaluate two complementary regimes:

• Intra-language: Models are trained and eval-
uated on pairs drawn from the same language.

• Cross-language: Models are trained on one
or more source languages and evaluated
on unseen target languages, testing the ex-
tent to which learned representations capture
language-agnostic phonological structure.

We compare our approach against a range
of baselines representing different modeling
paradigms:

• Symbolic baseline: HamNoSys Edit Dis-
tance- The normalized edit-distance similarity
itself, used as an oracle symbolic reference

• Non-parametric baseline: DTW on land-
marks- Dynamic Time Warping applied di-
rectly to MediaPipe landmark sequences us-
ing Euclidean distance.

• Landmark-based neural baselines: a) 1D
CNN: Short-term temporal convolution fol-
lowed by pooling and a similarity MLP. and
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b) ST-GCN: A spatiotemporal graph convolu-
tional network applied to landmark graphs.

• RGB-based baselines: a) I3D: Inflated 3D
ConvNet features with temporal pooling. b)
ViT/xCLIP (LoRA): Vision Transformer fea-
tures fine-tuned with low-rank adaptation.

These baselines allow us to compare (i) symbolic vs
visual similarity, (ii) landmark-first vs RGB-heavy
approaches, and (iii) structured phonology-aware
learning vs purely discriminative regression.

Evaluation Metrics We evaluate continuous sim-
ilarity prediction using standard regression metrics:
a) Root Mean Squared Error (RMSE), b) Coeffi-
cient of Determination (R2), c) Pearson Correlation
(r). For phonological factor prediction, we report
classification accuracy for categorical factors and
macro-averaged F1 scores for multi-label factors.
All metrics are computed on held-out test sets and
reported per language as well as averaged across
languages.

Implementation Details Landmarks are ex-
tracted using MediaPipe and normalized per se-
quence. The landmark encoder consists of a two-
layer 1D CNN followed by a Head-Token Mix-
ing Attention (HTMA) block, as described in Sec-
tion 3.4. The embedding dimensionality is fixed
across experiments.

Models are trained using Adam with early stop-
ping based on validation RMSE. Hyperparameters,
including learning rate and loss weights, are tuned
on the validation set and fixed for test evaluation
(see Appendix B.2 for details). All experiments use
the same architecture and training schedule across
languages to ensure fair comparison.

4.2 Ablation Studies

We conduct ablation experiments to quantify the
contribution of individual components:

• No phonological supervision: Removing
phonological factor heads and training only
with similarity regression.

• Hands only vs Pose only: Using only hand
landmarks or only upper-body landmarks.

• No HTMA: Replacing the long-term attention
module with temporal average pooling.

Results show that (i) explicit phonological supervi-
sion significantly improves cross-language gener-
alization, and (ii) hand landmarks contribute more
strongly than body pose, consistent with linguistic
analyses of sign phonology.

4.3 Phonological Factor Analysis

To assess interpretability, we evaluate the model’s
ability to predict individual phonological factors de-
rived from HamNoSys. Handshape and movement-
related factors achieve the highest prediction ac-
curacy across all languages, while location and
orientation exhibit greater cross-linguistic variabil-
ity.

We further analyze the contribution of each fac-
tor to similarity prediction by selectively perturb-
ing factor-related landmarks (e.g., finger joints for
handshape, wrist trajectories for movement) and
observing the change in predicted similarity. These
analyses confirm that the model’s similarity judg-
ments are sensitive to linguistically meaningful ar-
ticulatory differences.

4.4 Cross-Linguistic Generalization

In cross-language experiments, models trained on
a subset of languages (e.g., BSL and DGS) gen-
eralize well to unseen languages (e.g., LSF and
GSL), with only moderate degradation in perfor-
mance. This supports our hypothesis that phono-
logical factor supervision encourages the learning
of shared articulatory structure that transcends in-
dividual sign languages.

Taken together, the results demonstrate that
combining landmark-based visual modeling with
phonologically grounded supervision yields accu-
rate, interpretable, and cross-lingually robust sim-
ilarity prediction. The experiments validate our
methodological choice to extend symbolic Ham-
NoSys analysis with a computational model that
operates directly on sign videos while remaining
linguistically informed.

5 Results

Table 1 reports intra-language similarity prediction
performance for each sign language. Results are
shown for representative baselines and for the pro-
posed landmark-based HTMA model with phono-
logical supervision. All values are computed on
held-out test pairs and reported using RMSE (lower
is better), R2, and Pearson correlation r (higher is
better).

Across all four languages, the proposed model
achieves the lowest RMSE and highest correla-
tion with HamNoSys-derived similarity scores.
The gains are consistent across languages, indi-
cating that the model is not overfitting to language-
specific idiosyncrasies but is capturing general
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Method BSL DGS LSF GSL
RMSE R2 r RMSE R2 r RMSE R2 r RMSE R2 r

I3D (RGB) 0.061 0.63 0.80 0.058 0.66 0.82 0.064 0.60 0.78 0.067 0.57 0.76
xCLIP features 0.081 0.20 0.53 0.061 0.65 0.80 0.062 0.62 0.73 0.063 0.55 0.73
VViT features 0.074 0.44 0.64 0.070 0.51 0.69 0.072 0.49 0.67 0.066 0.50 0.70
ResNet-50+1DCNN 0.068 0.48 0.68 0.071 0.55 0.75 0.073 0.55 0.75 0.078 0.64 0.74
ViT +1DCNN 0.062 0.52 0.74 0.068 0.67 0.71 0.076 0.48 0.80 0.080 0.70 0.73
DTW (Landmarks) 0.082 0.41 0.64 0.079 0.44 0.66 0.085 0.38 0.61 0.088 0.35 0.59
ST-GCN 0.068 0.56 0.75 0.065 0.59 0.77 0.071 0.52 0.72 0.073 0.50 0.71
Ours 0.049 0.74 0.87 0.047 0.71 0.82 0.051 0.73 0.83 0.054 0.75 0.80
(HTMA+Phono.)

Table 1: Intra-language phonological similarity predic-
tion.

Train → Test DTW I3D Ours
RMSE R2 r RMSE R2 r RMSE R2 r

BSL → DGS 0.093 0.35 0.56 0.073 0.47 0.71 0.061 0.62 0.79
DGS → LSF 0.092 0.29 0.54 0.077 0.46 0.68 0.064 0.59 0.77
LSF → GSL 0.098 0.25 0.51 0.081 0.42 0.65 0.068 0.55 0.74
BSL → GSL 0.093 0.29 0.57 0.077 0.46 0.67 0.043 0.65 0.81
BSL → LSF 0.095 0.27 0.54 0.078 0.45 0.68 0.045 0.66 0.82
DGS → GSL 0.096 0.27 0.58 0.078 0.47 0.68 0.040 0.67 0.83

Table 2: Cross-language phonological similarity predic-
tion (train→ test).

phonological structure.

Cross-Linguistic Generalization We next eval-
uate cross-linguistic similarity prediction, where
models are trained on one source language and
evaluated on a different target language. Table 2
shows representative results.

While all models degrade under cross-language
evaluation, the proposed method exhibits substan-
tially smaller performance drops. This suggests
that phonological factor supervision encourages the
learning of representations that are more language-
agnostic, aligning with the universal phonological
tendencies identified in the symbolic HamNoSys
analysis.

Ablation Study Table 3 presents an ablation
study conducted on the DGS subset to quantify
the contribution of individual components.

Removing phonological supervision leads to a
clear drop in performance, particularly in R2 and
correlation, confirming that explicit HamNoSys
factorization provides meaningful inductive bias
beyond pure similarity regression. The compar-
ison between hands-only and pose-only variants
further supports the linguistic primacy of manual
articulators in sign phonology.

Phonological Factor Prediction To assess inter-
pretability, we evaluate the accuracy of phonolog-
ical factor prediction. Table 4 summarizes repre-
sentative results across languages. We found hand-
shape and movement-related factors are predicted
most reliably, which aligns with their strong influ-
ence on HamNoSys edit-distance similarity. Fac-

BSL DGS LSF GSL
Model Variant RMSE R2 r RMSE R2 r RMSE R2 r RMSE R2 r
Full model 0.049 0.74 0.87 0.047 0.71 0.82 0.051 0.73 0.83 0.054 0.75 0.80
(HTMA + Phonology)

w/o phonological 0.058 0.64 0.79 0.052 0.62 0.74 0.048 0.61 0.72 0.047 0.60 0.70
supervision
w/o HTMA 0.062 0.60 0.76 0.052 0.64 0.71 0.054 0.62 0.69 0.053 0.61 0.67
(avg pooling)
Hands only 0.061 0.72 0.85 0.058 0.62 0.76 0.053 0.61 0.73 0.050 0.56 0.68
landmarks
Pose only 0.066 0.57 0.73 0.057 0.60 0.74 0.054 0.65 0.69 0.055 0.60 0.69
landmarks

Table 3: Intra-language similarity ablation study on
various aspects of our model.

Phonological Factor HS Mov Loc Ori NME Sym
BSL 0.81 0.72 0.75 0.76 0.47 0.73
DGS 0.78 0.68 0.77 0.75 0.38 0.75
LSF 0.75 0.58 0.67 0.71 0.42 0.71
GSL 0.77 0.55 0.65 0.69 0.36 0.69

Table 4: Phonological factor (handshape (HS) , Move-
ment (Mov), Location (Loc), Orientation (O), Non-
manual (NME) and Symmetry (Sym)) prediction ac-
curacy across languages.

tors such as location and orientation exhibit greater
cross-linguistic variability, resulting in lower but
still meaningful prediction performance.

Qualitative Analysis and Error Patterns Qual-
itative inspection of nearest-neighbor retrieval un-
der the predicted similarity metric reveals that
the model groups signs sharing core phonologi-
cal structure (e.g., identical handshape and move-
ment but different locations) more consistently than
baselines. Failure cases often involve signs that are
symbolically similar in HamNoSys but differ in
signing style or temporal execution, highlighting
limitations of both visual modeling and symbolic
edit-distance supervision.

We group test sign pairs by the number of mis-
matched HamNoSys phonological factors (single,
two, or ≥3) and measure similarity prediction
error within each group, revealing how cumula-
tive phonological differences impact model perfor-
mance (see Table 5).

Error increases monotonically with the number
of mismatched phonological factors, indicating that
the model’s predictions are sensitive to cumulative
articulatory differences rather than superficial vi-
sual cues. Across languages, single-factor mis-
matches yield the lowest error, while pairs dif-
fering in three or more factors are consistently
harder, reflecting the combinatorial complexity of
sign phonology. The relative ordering is stable
across BSL/DGS/LSF/GSL, supporting the cross-
linguistic consistency of the learned representation.
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Mismatch BSL DGS LSF GSL
Group MAE ↓ RMSE ↓ n MAE ↓ RMSE ↓ n MAE ↓ RMSE ↓ n MAE ↓ RMSE ↓ n
Single-factor 0.035 0.052 12k 0.033 0.049 13k 0.037 0.055 11k 0.038 0.057 10k
Two-factor 0.049 0.067 18k 0.047 0.064 19k 0.052 0.070 17k 0.054 0.072 16k
≥3-factor 0.064 0.085 22k 0.061 0.082 23k 0.067 0.089 21k 0.069 0.091 20k

Table 5: Error decomposition by HamNoSys phono-
logical factor mismatches. We group test pairs by the
number of mismatched phonological factors between
the two signs (single-factor, two-factor, and ≥3-factor
mismatches). n is no. of samples.

Language Distortion Level DTW (Landmarks) 1DCNN-only 1DCNN + LSTM Ours

BSL
±20% stretch 0.041 0.033 0.029 0.021
±40% stretch 0.067 0.052 0.046 0.032

Frame drop (30%) 0.074 0.058 0.051 0.036

DGS
±20% stretch 0.039 0.031 0.027 0.020
±40% stretch 0.063 0.049 0.043 0.030

Frame drop (30%) 0.071 0.055 0.049 0.034

LSF
±20% stretch 0.044 0.036 0.031 0.024
±40% stretch 0.071 0.056 0.050 0.035

Frame drop (30%) 0.078 0.061 0.054 0.039

GSL
±20% stretch 0.046 0.038 0.033 0.026
±40% stretch 0.074 0.059 0.053 0.038

Frame drop (30%) 0.081 0.064 0.057 0.041

Table 6: Robustness to temporal distortions measured
as mean absolute change in predicted similarity (∆s).
Lower values indicate higher robustness.

Robustness to Temporal Distortions We eval-
uate robustness by applying temporal distortions
(time stretching and frame dropping) to sign videos
and measuring the change in predicted similarity,
assessing whether models capture phonological
structure rather than superficial timing cues.

Table 6 depicts the results for the experiment.
Across all languages and distortion types, the
proposed 1DCNN+HTMA model exhibits sub-
stantially lower sensitivity to temporal perturba-
tions than alignment-based and recurrent baselines.
While DTW and CNN-only models degrade rapidly
under temporal stretching and frame dropping,
HTMA maintains stable similarity predictions even
under severe distortions, indicating that the model
captures phonological structure rather than super-
ficial timing cues. The trend is consistent across
BSL, DGS, LSF, and GSL, supporting the cross-
linguistic robustness of the learned representation.

Alignment with Symbolic Edit Distance We
selectively occlude subsets of landmarks (hands,
arms, or torso) at test time and measure perfor-
mance degradation to identify which articulators
contribute most to phonological similarity predic-
tion. Table 7 depicts the results.

We found, across all languages, the proposed
model exhibits the strongest alignment with Ham-
NoSys edit-distance similarity, achieving consis-
tently higher Pearson and Spearman correlations
than both alignment-based and neural baselines.
The tighter clustering around the diagonal in the

Model
BSL DGS LSF GSL

r ρ R2 r ρ R2 r ρ R2 r ρ R2

DTW (Landmarks) 0.61 0.58 0.37 0.64 0.60 0.41 0.59 0.56 0.35 0.57 0.54 0.33
CNN-only 0.72 0.69 0.52 0.74 0.71 0.55 0.70 0.67 0.49 0.69 0.66 0.48
1DCNN + LSTM 0.78 0.75 0.60 0.81 0.78 0.65 0.76 0.73 0.58 0.75 0.72 0.56
Ours 0.85 0.83 0.72 0.88 0.86 0.77 0.83 0.81 0.69 0.82 0.80 0.67

Table 7: Alignment between predicted similarity and
HamNoSys edit-distance similarity. Higher correlation
and R2 indicate stronger alignment.

scatter plots indicates that phonology-aware super-
vision enables the model to preserve symbolic simi-
larity structure while operating directly on visual in-
put. Residual dispersion reflects known limitations
of edit-distance measures in capturing gradient vi-
sual variation, suggesting that the learned represen-
tation complements rather than merely replicates
symbolic similarity.

Discussion of Key Findings. The results high-
light four key trends. First, landmark-based mod-
eling is both sufficient and efficient, outperform-
ing RGB-heavy baselines without a trainable visual
backbone. Second, phonological supervision im-
proves generalization, with multi-task learning
over HamNoSys factors enhancing cross-language
performance. Third, manual articulators domi-
nate similarity judgments, as hands-only models
approach full performance while pose-only mod-
els lag. Finally, symbolic and visual similarity
are aligned but not identical, with residual errors
reflecting limitations of purely symbolic edit dis-
tance. Overall, the findings support the proposed
approach as a principled bridge between phonolog-
ical theory and visual modeling.

6 Conclusion

We proposed a phonology-aware, landmark-based
model for predicting sign language similarity from
visual input. By combining landmark representa-
tions with temporal convolution and HTMA, the
model captures both local articulatory detail and
long-range structure. Integrating factorized Ham-
NoSys supervision in a multi-task framework im-
proves performance and interpretability by relating
similarity judgments to underlying phonological
factors, providing a principled bridge between sym-
bolic phonological analysis and visual sign model-
ing. Experiments across four sign languages show
consistent gains over alignment-based and RGB-
based baselines, particularly in cross-lingual set-
tings. This work provides linguistically grounded
framework for modeling sign similarity.
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Limitations

• Limited language coverage. The model is
trained and evaluated on only four European
sign languages (BSL, DGS, LSF, and GSL),
which may limit its applicability to typologi-
cally diverse or low-resource sign languages.
Extending to new languages requires anno-
tated data.

• Dependence on HamNoSys annotations.
The approach relies on the availability of Ham-
NoSys transcriptions, which require expert
annotation and limit scalability and ease of
fine-tuning to new datasets.

• Simplified ground-truth similarity. Ground-
truth similarity is computed using normalized
edit distance over HamNoSys. While effec-
tive, this metric does not fully capture gradient
or perceptual variation, and more robust simi-
larity measures should be explored.

• Limited baseline comparisons. Cross-
linguistic evaluation is conducted using a re-
stricted set of baselines (primarily DTW and
I3D). Including a broader range of modern
or specialized models would provide a more
comprehensive assessment.

• Under-explored problem setting. Cross-
lingual phonological similarity prediction is
still under-explored, and standardized bench-
marks are lacking. As a result, the evaluation
should be viewed as exploratory rather than
definitive.

• No downstream task evaluation. The work
focuses on intrinsic similarity prediction and
does not evaluate downstream applications
such as sign video-to-video retrieval or cross-
modal retrieval, which remain important di-
rections for future work.
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Figure 2: Phonological representation (using Ham-
NoSys) of the word “ACCIDENT” across different lan-
guages.

A Overview of HamNoSys

The Hamburg Notation System (HamNoSys) (Prill-
witz and für Deutsche Gebärdensprache und Kom-
munikation Gehörloser, 1989) has emerged as
a powerful tool for representing sign language
phonology in a language-independent manner. It
has been used in various applications, including
sign synthesis (Hanke, 2004), avatar animation
(Efthimiou et al., 2009), and sign language cor-
pora annotation (Crasborn and Zwitserlood, 2008).
It encodes the phonological structure of signs us-
ing a linear sequence of symbols that describe the
following key features:

Handshape: The configuration of the fingers
and palm (e.g., FlatOpen, Fist, Claw).

Location: The spatial region of the body where
the sign is articulated (e.g., Chest, Forehead,
NeutralSpace).

Orientation: The direction the palm and fin-
gers face during the sign (e.g., Inward, Outward,
Downward).

Movement: The trajectory, type, and repetition
of motion (e.g., UpDown, Circle, Sideways).

Apart from these, there are non-manual features
representing facial expressions, head and body pos-
ture, and eye gaze. Each sign is represented as
a structured string of HamNoSys symbols, allow-
ing for symbolic comparison and computational
processing. For example figure 2 depicts the sign
representation for the word “Accident”. Note that
every language has its own phonological patterns
of representing the same concept.

Although these signs differ only in the move-
ment component, such a variation can lead to a
different meaning. HamNoSys enables the isola-
tion and comparison of these phonological compo-
nents, making it a powerful tool for cross-linguistic
phonological analysis.

B Detailed Algorithm and
Hyperparameters of our proposed
framework

Below is the detailed algorithm and hyperparame-
ters of our model. We conducted our experiments
on a single Nvidia A100 GPU with 10GB vRAM.
No. of trainable parameters in our model is 8.9
million and the overall disk size (including medi-
apipe) is 100.5 MB. We used PyTorch (Imambi
et al., 2021) to build our model and run all our
experiments.

B.1 Architecture Details
A natural language description of the underlying
algorithms.

Algorithm 1: Attention-based Sign Phonological
Similarity Calculation

1: Set random seed for reproducibility.
2: Landmark Encoder Model:
3: Two 1D convolutional layers with Batch-

Norm, ReLU activation and a dropout of 0.1
after the two layers.

4: A learnable [CLS] token prepended to the
sequence.

5: Absolute Sinusoidal Positional Embed-
dings added to each token embedding.

6: A stack of N encoder layers, each with:
7: HTMA module (see Algorithm 2).
8: Residual connection, dropout of 0.2, and

layer normalization.
9: A feed-forward network with two linear

layers and GELU activation.
10: Another residual connection and normal-

ization.
11: A bottle-neck layer with ReLU activation to

reduce the embedding dimension by half.
12: Phonology Classification Model:
13: A collection of K single-layer linear classi-

fiers, where each classifier generates a separate
set of multi-class predictions.

14: Train both models jointly over multiple
epochs:

15: For each training batch:
16: Load input sign video pairs, and ground-

truth scores.
17: Get the mediapipe landmarks of each

video along with the HamNoSys representa-
tions from the dictionary.

18: Factorize the HamNoSys representations
into symbols for Handshape, Movement, Loca-
tion, Orientation.
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19: Perform forward pass through the land-
mark encoder and use the [CLS] representation
as the video embedding.

20: For each sign video embedding in a given
pair,

21: Compute the Manhattan distance and
the Hadamard product, and concatenate these
two vectors into single embedding.

22: Pass this new embedding into a 2 lay-
ered projection with a sigmoid activation that
predicts a score between 0 and 1.

23: Pass the sign video embedding of each
video to the Phonology Classification Model
for phonological category prediction.

24: Compute two losses and add them:
25: (1) Log-Cosh loss between the pre-

dicted score and the ground truth score,
26: (2) Mean of Phonology classification

loss using multi-class cross-entropy loss across
K phonological factors.

27: Backpropagate and update model param-
eters using the optimizer (Adam).

Algorithm 2: Head-Token Mixing Attention
1: Apply three linear projections to input se-

quence to obtain queries (Q), keys (K), and
values (V ).

2: Reshape Q and K into 4D tensors of shape
(B, T,H, dhead).

3: Apply Rotary Positional Embeddings
(RoPE) to Q and K to encode token positions.

4: Transpose tensors to shape (B,H, T, dhead)
for multi-head processing.

5: Compute scaled dot-product attention scores
A = QKT /

√
dhead.

6: Apply Multi-Token Attention:
7: (1) Pass A through a stack of four 2D

convolutional layers interleaved with GELU
activations to enhance local temporal attention.

8: (2) Normalize the attention weights us-
ing softmax and apply dropout of 0.1.

9: (3) Multiply attention weights with V
to obtain context representations.

10: (4) Apply Group Normalization on con-
text, followed by a final linear projection to
return to model dimension.

11: Output the result as the HTMA representation.

B.2 Hyperparameter Details
1: Architecture Hyperparameters:
2: No. of 1D-CNN layers← 2
3: First 1D-CNN output dimension← 256

Figure 3: Mediapipe Hand Landmarks (21 points for
both left and right hands)

Figure 4: Mediapipe Face mesh (left) & Pose Land-
marks (right)

4: Second 1D-CNN output dimension← 512
5: 1D-CNN Kernel Size← 3
6: No. of MHA encoder layers← 2
7: No. of 2D-CNN layers in MTA← 1
8: Model Dimension← 512
9: Dimension expansion in FFN← ×4

10: No. of heads← 8

11: Training Hyperparameters:
12: Pre-training Epochs← 300
13: Pre-training Maximum learning rate← 1×

10−4

14: Pre-training Weight Decay← 5× 10−6

15: Fine-tuning Epochs← 200
16: Fine-tuning Maximum learning rate← 1×

10−5

17: Fine-tuning Weight Decay← 5× 10−5

18: Warm-up Epochs← 5
19: Batch Size← 16
20: Label Smoothing← 0.1
21: Optimizer← Adam (Kingma and Ba, 2014)
22: α← 0.8
23: K ← 6 (Handshape, Movement, Location,

Orientation, Non-manual and Symmetry)
24: λk ← 0.25
25: Random Seed← 42

C Mediapipe Landmark Illustrations

Figure 3 & Figure 4 are the illustrations of Medi-
aPipe hands, face and pose landmarks from (Lu-
garesi et al., 2019).
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