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Abstract

Incorporation of non-manual information is one of the most challenging aspects of Sign Language Understanding
(SLU), as these features contribute to the semantic, syntactic, and pragmatic structure of signed communication
as a critical feature of compositional meaning at sign, phrase and sentence level. Despite their key linguistic
role, non-manuals are often an afterthought in SLU model and dataset design, with many recent models still
neglecting to implement non-manual analysis or evaluate how articulators beyond the hands are contributing to the
model prediction. In this work, we identify and analyze the challenges relating to recognition of non-manuals and
generalization of their linguistic roles encountered by SLU models, offering new explanations for failures to properly
model non-manual behavior. We perform a case study on the subtasks of Continuous Sign Language Recognition
and Sign Language Translation by applying the Uni-Sign model to Isharah-1000, a Saudi Sign Language dataset.
Using controlled partitioning and feature attribution, we further analyze model behavior and failure cases. With this
work we hope to set the stage for the creation of diagnostic frameworks for generalization of non-manuals.

Keywords: Sign Language Translation, Continuous Sign Language Recognition, Non-manual Markers, Feature

Attribution, Saudi Sign Language
1. Introduction

Historically, the field of Sign Language Understand-
ing (SLU) has progressed from lower level tasks to-
ward more complex and holistic tasks as technologi-
cal capability has advanced. Early work was limited
to lower-level tasks such as static sign recognition,
where the objective is image classification focused
on manual articulators(Ong and Ranganath, 2005).
While this was a necessary step in the development
of SLU systems, the field has largely remained fo-
cused on manual articulators since. The goal of
these systems should ultimately be to model the full
range of sign language articulation, including lexi-
cal, grammatical, and prosodic markers articulated
via face, head, and body movement (Borneman
et al., 2018; Malaia et al., 2018; Krebs et al., in
press). Yet, non-manual markers (NMMs) such
as facial expression or body movement remain un-
derutilized in comparison to manual articulators
(Kim et al., 2024). NMMs play an important role in
sentence-level meaning by marking clause types,
prosodic boundaries, and semantic distinctions, as
part of a distributed system optimizing information
transfer across articulators (Wilbur, 2021; Krebs
et al., 2025; Malaia et al., 2018; Malaia and Wilbur,
2020).

Broadly, SLU includes (but is not limited to) Sign
Language Recognition (SLR), which focuses on
recognizing lexical units from sign language se-
quences, and Sign Language Translation (SLT),
which is concerned with generating textual transla-
tions. SLR is typically further divided into Isolated

(ISLR) and Continuous (CSLR) forms, addressing
individual signs and sign sequence recognition,
respectively. SLT can be further subdivided into
gloss-based and gloss-free prediction, depending
on whether glosses are predicted in addition to
text (Alyami et al., 2026). Recent advances in ma-
chine learning have enabled substantial progress
in ISLR, shifting attention toward CSLR and SLT.
These tasks more directly demand integration of
non-manual cues, motivating the development of
multi-channel SLU models (Li et al., 2025; Ko et al.,
2019; Camgoz et al., 2021).

Although NMM utilization is crucial for real-world
deployment of SLU systems, it has received lim-
ited focus and is often not regarded as a primary
challenge. This is due in part to common evalu-
ation practices that treat performance gains from
adding facial features as evidence of faithful NMM
use. This issue underscores the need to amplify
voices of native signers in SLU research, as they
are ultimately the communities affected by this work.
Without proper consideration for this issue, SLU re-
search may optimize for benchmark performance
while remaining unable to process the full range of
grammatical and lexical meaning in native signing,
including clause- and sign-modifying non-manuals
(Tanzer et al., 2024). For example, in SSL, yes/no
questions are marked by raised eyebrows and a
forward head tilt, with no manual question parti-
cle (Altamimi and Alsager, 2023); similarly, the
non-manuals "intense face" (combination of brow
furrow, eye-squint, and downturned mouth) func-
tion as a non-manual adverb of degree modifying
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verbs, adjectives, and classifier predicates (Morris
and Schneider, 2012) without a manual component
carrying the same meaning. Thus, a model that
ignores these features cannot reliably distinguish a
declarative from a question, or a neutral predicate
from an intensified one.

This paper diagnoses systematic challenges in
handling NMMs that arise throughout the SLU
pipeline. Through a Saudi Sign Language (SSL)
case study spanning CSLR and SLT, we show how
comparative analysis using diagnostic measures
and feature attribution can reveal failures to reli-
ably integrate non-manual cues. We intentionally
avoid restricting analysis to idealized conditions.
Instead, we evaluate a representative end-to-end
SLU pipeline and treat errors and occlusions as in-
formative observations for future non-manual mod-
eling practices.

2. Related Work

2.1. Challenges in CSLR and SLT

In order to create SLU models that are viable in real-
world conditions, models must train and generalize
on samples representative of real world signing
conditions. Dataset structure can often be manipu-
lated for evaluation purposes. Signer-independent
evaluation tests whether models generalize beyond
signer identity (Sincan et al., 2021). Unseen sen-
tence evaluation is also used to test compositional-
ity (Alyami et al., 2026). This is particularly critical
for SLT, where the composition of lexical, semantic,
and prosodic information from multiple articulators
is a complex task. Both of these issues are closely
linked to NMM utilization, where facial features may
make identity obfuscation more difficult, and com-
positional generalization relies on faithful use of
NMMs (Krebs et al., 2025).

Sample collection procedures also affect out-
comes in real-world scenarios. Directed, con-
trolled sample collection has been shown to de-
grade model prediction quality compared to sam-
ples collected in a natural dialogue setting (Kurtoglu
et al., 2024; DeHaan et al., 2025). Similarly, dis-
course context has been shown to be critical for SLT
(Tanzer et al., 2024), yet most available datasets re-
main restricted to sentence-level clips. This directly
translates into a limitation for non-manual modeling,
as NMMs play a crucial role in shaping sentence-
level context. Other qualities, such as environment
and appearance variability, have been shown to
limit model robustness when applied in different
settings, although this can mostly be abstracted
away for pose-based models.

Significantly, different sensors and modalities
have varying efficacy in perceiving linguistic pa-
rameters. For example, while video and pose is

advantageous for extracting spatial information (e.g.
hand shape and NMMs), radio frequency (RF) sen-
sors extract micro-Doppler signatures showing the
velocity versus time of the backscatter during sign-
ing, providing a unique representation for character-
izing kinematics (Gurbuz et al., 2020; Malaia et al.,
2024), while also enabling higher resolution in the
depth dimension. Thus, the modality through which
linguistic information is extracted is inherent to the
model’s representation of sign language.

2.2. Multi-Channel Sign Language
Understanding

To process the coarticulation of manual and non-
manual markers, multi-channel SLU architectures
use separate feature extractors for the hands, head,
and sometimes upper body. This approach has
been applied across ISLR (Pu et al., 2016; Ko
et al.,, 2019), CSLR (Camgoz et al., 2021; Jiao
et al., 2023; Mukushev et al., 2020), and SLT (Cam-
goz et al., 2020; Gueuwou et al., 2025; Li et al.,
2025). However, the intended role of non-manual
markers differs by subtask, changing the implicit
role for NMMs towards the objective, particularly
when lacking direct annotation (Mukushev et al.,
2020). While in ISLR they might exclusively be
used for lexical cues such as mouthing, in CSLR
they may additionally function as prosodic signals
for boundary cues between glosses. SLT has the
strongest theoretical dependence on NMMs, as
translation requires the composition of semantic,
syntactic, and pragmatic information. The breadth
of these challenges suggests that partial feature us-
age isn’'t enough for linguistically faithful modeling,
motivating closer analysis of non-manual utilization.

2.3. Non-Manual Modeling

Multiple studies report modest gains when adding
NMMs to manual features ( ~1.5-13%) across sign
languages (Aran et al., 2009; Lugman and El-Alfy,
2021; Brock et al., 2020; Mejia-Peréz et al., 2022;
von Agris et al., 2008; Elons et al., 2014). However,
some other studies report a drop in performance
when using facial keypoints (Ko et al., 2019; Johnny
et al., 2025). Ko et al. (2019) hypothesized that the
performance drop was due to overparameterization
caused by an excessive number of facial keypoints
(70). However, Johnny et al. (2025) report a similar
reduction despite using only 19 facial keypoints,
suggesting that keypoint count alone may not be
the sole cause of this degradation. Notably, these
studies quantify the contribution of non-manuals
primarily through overall task performance, rather
than through metrics that faithfully reflect their lin-
guistic function. As a result, it remains unclear
whether the NMMs are truly being used for seman-
tic and grammatical sentence-level information, as
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opposed to cue-based memorization of samples.

2.4. Interpretability and Diagnostic

Methods

Recent work has introduced interpretability tools,
such as joint-wise feature importance (Holmes
et al., 2024), temporal attention visualization
(Dal Bianco et al., 2024; Zelezny et al., 2025), and
saliency maps (Nam Pham and Avramidis, 2025).
These methods provide insight into which features
influence model predictions, allowing for further
linguistic analysis of SLU model performance.

Despite this, the quantification of the functional
contribution of non-manuals within SLU models
has received limited attention. While Holmes et al.
(2024) and Nam Pham and Avramidis (2025) ex-
amine contribution of non-manuals to performance,
feature attribution alone does not prove faithful in-
corporation.

3. Dataset and Preprocessing

3.1.

Isharah (Alyami et al., 2026) is a large multi-scene
and multi-signer dataset for CSLR and SLT, divided
into subsets Isharah-500, Isharah-1000, Isharah-
2000 based on the number of unique sentences.
The data consists of RGB videos of Saudi Sign Lan-
guage (SSL) sentences with gloss annotation and
transcription. The dataset was collected through
video imitation of prompted sentences, so each tar-
get sentence is generally consistent across signers,
with only slight variation in annotation when produc-
tions differ. As SSL remains underresourced in sign
language technology, datasets such as Isharah pro-
vide an important setting for examining sentence-
level SLU in a less-studied sign language. SSL,
like other sign languages, uses non-manuals for
grammatical marking (Morris and Schneider, 2012;
Altamimi and Alsager, 2023), making their repre-
sentation in Isharah a linguistic necessity. We use
Isharah-1000, consisting of RGB videos of 18 sign-
ers performing up to 1,000 unique sentences for a
total of 15,000 samples. With a sample count com-
parable to other popular CSLR and SLT datasets,
such as Phoenix2014-T (Forster et al., 2014) (8,257
unique sentences across 8,257 samples) and CSL-
Daily (Zhou et al., 2021) (6,598 unique sentences
across 21,000 samples), the dataset provides a
strong foundation for sentence-level CSLR and SLT
experiments in an underexplored sign language.
The dataset also features signer-independent (Sl)
and unseen sentence (US) partitions, allowing for
controlled evaluation. The Sl partition tests the
model’s accuracy on signers that were not seen in
training, evaluating its ability to generalize across
signing patterns. The US partition tests the model’s

Dataset Overview

ability to predict sentence combinations not seen in
training, evaluating compositionality. This dataset
was originally shared upon request by the authors,
but has since been made publicly available.

A unique feature of Isharah is that several of the
signers featured in the videos wear veils. The ma-
jority of these veils (and the only one from signers
included in Isharah-1000) is the Nigab, which ob-
scures all facial features aside from the eyes. This
presents both a linguistic and logistical challenge
for the model when predicting sign glosses from
veiled signers, since many relevant non-manual
markers (e.g. lip contour) are totally obscured by
the veil, while other potentially informative ones
(e.g., head motion) may not be effectively inferred.

3.1.1. NMMs in Saudi Sign Language

NMMs perform both grammatical (clause-level)
and morphological (sign-level) functions in SSL,
making non-manual modeling a necessity for any
SLU system for this language. At the clause level,
non-manual cues are the primary means of dis-
tinguishing sentence types: yes/no questions are
marked only by raised eyebrows and a forward
head tilt, with no manual question particle, while
wh-questions rely on facial expression whose form
varies with context (Morris and Schneider, 2012).
Thus, NMMs determine clause type independently
of word order: a model that ignores facial features
would be unable to distinguish a question from a
statement.

At the sign and phrase level, SSL uses sev-
eral non-manual morphemes as adverbs of de-
gree. The "intense face" (a co-occurring combi-
nation of brow furrow, eye squint, and downturned
mouth) functions as an obligatory modifier that can
scope over individual adjectives, verbs, and classi-
fier predicates (Morris and Schneider, 2012).

Tongue movements constitute another class of
non-manual morphemes in SSL: forward tongue
protrusion functions both as an intensifier and as an
obligatory component of certain manual signs (e.g.,
the sign for red); side tongue protrusion appears
as an intensifier restricted to negative affect and
taboo contexts, and tongue flap marks small size
(Morris and Schneider, 2012). These morphemes
are obligatory: their omission changes the meaning
of a signed sentence. The obligatory, multi-level
linguistic functions of NMMs in SSL mean that they
cannot be treated as auxiliary markers.

3.2. Pose Keypoint Extraction

We chose to use RTMPose (Jiang et al., 2023), a
recent pose estimation model, to process Isharah-
1000 into skeletal data. RTMPose is used in the
original Uni-Sign model (as detailed in Section 4.1),
making it an optimal choice for fine-tuning model
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Figure 1: Uni-Sign Region Segmentation

weights pretrained on major datasets such as CSL-
News (Li et al., 2025). Out of the 133 keypoints
extracted by RTMPose, 69 are used by Uni-Sign:
42 for hands, 9 for body, and 18 for the face (repre-
senting facial orientation, jawline, lip contour, and
nose). These keypoints and their corresponding
regions can be seen in Figure 1. One linguisti-
cally critical articulator for NMMs (Wilbur, 2021) not
included in this analysis is the eyebrow/eye area,
being excluded from Uni-Sign’s selected features.

4. Experimental Setup

4.1. Model Architecture

We use the pose-only Uni-Sign (Li et al., 2025)
framework for both CSLR and SLT (gloss-free),
fine-tuning publicly available weights pretrained on
CSL-News (Li et al., 2025). This model introduced a
pretraining framework that unifies downstream SLU
tasks by treating them as variants of SLT, achieving
state-of-the-art performance across ISLR, CSLR,
and SLT datasets alike. This makes the model ideal
for analytical comparison between tasks, minimiz-
ing any gaps between pretraining and downstream
tasks that may bias the result. By sharing the same
pose encoder and mT5-base decoder architecture
between tasks (Xue et al., 2021), direct probing
can reveal comparative differences in learned rep-
resentations. This pose-only model reached nearly
equivalent performance to the standard model, with
additional allowance for joint-wise interpretability
across regions of the body.

4.2. Tasks and Metrics

Several metrics are used to compare the two tasks,
each serving a distinct purpose. We use Word Error
Rate (WER) to evaluate CSLR, and BiLingual Eval-
uation Understudy (BLEU) to evaluate SLT, both of
which are standard practice for the respective tasks.
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Partition Train Test

Control Random Random
Sl — Signers not in Train
us — Sentences not in Train

Table 1: Training-testing data partitions (US: Un-
seen Sentence, Sl: Signer-Independent)

Additionally, we also evaluate exact-match accu-
racy, defined as the proportion of predictions that
exactly match the ground truth. This was done to
account for possible score inflation due to sentence
memorization. We use the proportion of predicted
samples within the sentences seen during training
as an indirect measure for the model’s ability to gen-
eralize. The difference between previously seen
rate and exact-match accuracy indicates whether
models learn surface-level pattern matching versus
compositional semantics: a critical distinction for
evaluating NMM learning. Finally, we use unigram
overlap between the prediction and ground truth as
a measure of sentence-level content overlap.

4.3. Dataset Partitions

We evaluate Uni-Sign in three data partitions (Ta-
ble 1): Control, a standard random split; Signer-
Independent, which evaluates generalization to
unseen signers, distinguishing reliance on signer-
specific versus linguistic cues; and Unseen Sen-
tences, which evaluates on unseen sentences to
test compositionality.

4.4. Integrated Gradients

To analyze how different body regions influenced
model predictions, we used the Integrated Gradi-
ents (IG) method (Sundararajan et al., 2017) for
feature attribution between the major keypoint re-
gions used by Uni-Sign: hands, face, and body (in-
cluding arms and head orientation). 1G quantifies
the contribution of each input feature by integrating
the gradient of the model’s output along a straight
path from a neutral baseline pose to the actual in-
put, providing a principled measure of how each
region influences the prediction. The continuous
form of Integrated Gradients is defined as:

LOF (2 4+ alz — &
IGi(x):(xﬁi,i)x/O F( +8x5 )

where F' denotes the model’s output, x is the
input sequence (skeleton keypoints), and 7 is the
baseline (zero-pose). The gradient gfi measures
the sensitivity of the model output to the i-th input
feature, which is later aggregated over keypoints

belonging to the same body region.

da (1)




CSLR SLT
Method Partition | WER| BLEU1
Uni-Sign Control | 17.78 % 81.56 %
Si 4956 % 52.19 %
us 90.74% 2.13%

Swin-MSTP SI 26.6 % —

SMKD us 48.0 %

GFSLT-VLP Si — 39.4 %
MMTLB* SI — 42.5 %

Table 2: CSLR/SLT performance across test set
of various partitions (* indicates gloss-based SLT
model)

5. Results and Analysis

5.1. Overall Task Performance

Table 2 shows the performance of Uni-Sign across
partitions for both CSLR and SLT, alongside the
previous highest performing model benchmarks on
Isharah-1000 (note that better performance is in-
dicated by lower WER and higher BLEU). Across
subtasks, Uni-Sign achieves similar results for each
partition, with a moderate drop in performance for
the signer-independent (Sl) partition, and signifi-
cant degradation for unseen sentences (US).

Comparison with previous benchmarks, such as
Swin-MSTP (Alyami and Lugman, 2025), SMKD
(Hao et al., 2021), GFSLT-VLP (Zhou et al., 2023),
and MMTLB (Chen et al., 2022), shows that
for CSLR Uni-Sign underperforms in both signer-
independent and unseen sentence partitions. How-
ever, in SLT Uni-Sign performs higher than previous
model benchmarks. Uni-Sign reaches 55.69 BLEU,
significantly higher than 39.4 BLEU for GFSLT-VLP,
or even 42.5 BLEU for MMTLB, a model that uses
both gloss and text representations in training. In
fact, the results for SLT would be regarded as highly
competitive.

5.2. Sample Prediction Similarity

Figure 2 depicts the proportion of predictions
across partitions that are an exact-match to the true
sentence, along with the proportion of predictions
that are an exact-match to any sentence seen in
training. The figure shows much less incorrect non-
exact-match sentences than expected, with CSLR
having a small amount of generated sentences un-
seen previously, and SLT generating almost en-
tirely previously seen sentences. For unseen sen-
tences in particular, a large proportion of generated
sentences were previously seen, yet none of the
predicted sentences were exact matches. It's im-
portant to note that in both cases, predictions can
often not match previously seen sentences but still
be near accurate.

SLT

Proportion

54%

o
Control Sl us Control Sl us
Partition

mmm Exact match Previously Seen mmm Not Seen

Figure 2: Proportion of predictions that are an ex-
act match to the reference or a previously seen
sentence, by partition for CSLR and SLT

CSLR
100%

Proportion

0%

Control Sl us Control Sl us
Partition

Unigram Overlap == No Overlap

mmm Exact Match

Figure 3: Proportion of predictions that are an exact
match to the reference or have unigram overlap, by
partition for CSLR and SLT

Figure 3 illustrates the presence of any non-zero
unigram overlap between prediction and reference
gloss annotation / sentences, representing shared
sentence content. These values are almost iden-
tical between CSLR and SLT, as is exact-match
accuracy.

5.3. Feature-Level Attribution

Tables 3, 4, and 5 reveal the most salient joints
across each region contributing to prediction us-
ing the Integrated Gradients method. The figure
reveals a pattern that holds across all partitions:
contribution from the hands is the highest, closely
followed by the body, while facial contribution is
lowest.

In particular, Table 5 shows how the exact
value of facial contribution differs between sub-
tasks and partitions. Across partitions for SLT,
the signer-independent partition achieves a signifi-
cantly higher attribution value compared to unseen
sentences and control. This reveals a connection
between evaluation of signers not seen in training
and facial feature contribution.

5.4. Observed Tracking Failures

As shown in Figure 4, face keypoint estimation of-
ten fails catastrophically for veiled signers. In some
cases, the predicted facial keypoints are not merely
imprecise, but spatially incoherent, failing to align
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Figure 4: Keypoint Estimation Failure on Veiled
Signer

Joint CSLR (%) SLT (%)
8:right_elbow 10.38 7.50
6:right_shoulder 713 6.70
7:left_elbow 6.87 2.70
2:right_eye 3.07 1.18
1:left_eye 2.88 1.36
0:nose 2.71 1.38
5:left_shoulder 2.70 1.81
4:right_ear 2.45 1.57
3:left_ear 1.58 1.03
Total body share 39.76 25.23

Table 3: Top joints in Body by global attribution
share (control partition).

even approximately with the visible eye region or
a plausible facial configuration. By contrast, the
hands are still being inferred with reasonable accu-
racy, despite the partial obstruction by surrounding
objects.

6. Discussion

We identify three key sources of systemic error in
non-manual modeling: model-level, dataset-level,
and modality-level.

6.1.
6.1.1.

Model-Level Error
Sentence Memorization

The results reveal several otherwise hidden failures
in the model that couldn’t be seen solely from the
control partition’s WER and BLEU metrics. Across
the Isharah benchmarks, Uni-Sign provided reason-
able performance for CSLR and state-of-the-art re-
sults for SLT. Despite this, the models were shown
to have poor compositionality, instead preferring to
memorize previously seen sentences, with SLT in
particular making virtually no attempts to compose

Joint CSLR (%) SLT (%)
R:124:right_middle_finger4 2.51 3.13
R:129:right_pinky_finger1 1.89 3.00
R:116:right_thumb4 1.92 2.98
R:132:right_pinky_finger4 2.01 2.88
R:120:right_forefinger4 2.48 2.87
R:119:right_forefinger3 2.53 2.61
L:98:left_forefinger3 1.50 2.56
R:131:right_pinky_finger3 2.51 2.50
L:99:left_forefinger4 1.30 2.40
R:117:right_forefinger1 1.59 2.33
Total hands share 54.77 71.94

Table 4: Top joints in Hands by global attribution
share (control partition).

new, unseen sentences in evaluation.

6.1.2. Signer Identification

Feature-level attribution shows that the hands and
body are most responsible for the prediction. The
face share is small, yet consistent, indicating that
face features are likely still being used as identifi-
cation cues for the sake of memorization. Analyz-
ing the region prediction contribution across parti-
tions shows that face share is significantly higher
for signer-independent in SLT, the partition where
train/test is split based on signer identity. This sug-
gests that facial features are used as peripheral
signer identification cues rather than as sources of
compositional information.

6.1.3. Subtask Convergence

Though unified architectures can provide efficient
and effective performance across downstream
tasks, our results suggest that they may exhibit con-
vergence of subtask behavior, limiting task-specific
reasoning. In the case of CSLR and SLT, despite
different reference text (gloss vs. sentence), the
tasks exhibit highly similar memorization patterns
to the point of having near identical exact-match
accuracy. In addition, SLT does not demonstrate
increased reliance on non-manual features com-
pared to CSLR as expected from linguistic theory.

One possible explanation for this is that gloss
and sentence targets occupy closely aligned re-
gions of the decoder’'s embedding space, partic-
ularly when gloss-sentence mappings are nearly
1:1. This offers limited incentive to differentiate be-
tween differing linguistic demands of non-manuals,
resulting in similar behavior. As a result, the model
does not develop a functional distinction between
recognition and translation.
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Joint Control Sl us

CSLR (%) SLT (%) CSLR (%) SLT (%) CSLR (%) SLT (%)
32:face-9 0.41 0.22 0.55 0.81 0.20 0.22
36:face-13 0.49 0.25 0.38 0.69 0.19 0.18
23:face-0 0.63 0.12 0.34 0.50 0.41 0.13
31:face-8 0.34 0.13 0.57 0.60 0.21 0.12
29:face-6 0.58 0.27 0.37 0.29 0.46 0.13
30:face-7 0.55 0.18 0.45 0.39 0.21 0.10
24:face-1 0.43 0.07 0.14 0.33 0.16 0.07
27:face-4 0.20 0.23 0.23 0.29 0.40 0.19
25:face-2 0.22 0.17 0.36 0.09 0.27 0.12
38:face-15 0.23 0.20 0.15 0.07 0.36 0.16
Total head share 5.47 2.83 4.95 5.80 4.39 2.24

Table 5: Top facial joints by global attribution share across partitions.

6.2. Dataset-Level Error

6.2.1. Gloss-Sentence Mapping

The dataset’s high full-sentence similarity (1000
sentences with 1:1 gloss-sentence mapping) likely
prevented the model from learning compositional
semantics at all, including that contributed by
NMMSs. This highlights a critical limitation in dataset
design for SLT/CSLR: models require high training
data variability at the phrase and sentence level to
learn compositional semantics.

This redundancy presents both benefits and lim-
itations: it broadens coverage of articulatory vari-
ation within individual sentences, which was seen
by the relative success of the signer-independent
partition, yet also encourages memorization of a
narrow set of reference sentences, undermining
the model’s ability to compose new sentences.

6.2.2. Low Non-Manual Diversity

The structure of this dataset also limits opportuni-
ties for non-manual learning by reducing instances
in which syntactic or semantic disambiguation is
required. Since each gloss sequence maps to a
single reference translation, features vital to inter-
pretation, such as non-manuals, may be underuti-
lized. Although lexical content is recognized and
utilized in this process, other linguistically critical
features are not.

6.2.3. Directed Sample Collection

A broader issue is that of SLU data collection,
where directed wording has been shown to produce
movement patterns different from naturally occur-
ring signing. In contrast, natural signing contexts
allow greater linguistic variation, providing the depth
and diversity necessary to capture non-manuals
and other features of sign language communication.
In this dataset, signers were prompted to sign by
imitating a video, which may introduce such issues.

6.3. Modality-Level Error

6.3.1. Pose Estimation Error

As seen in Figure 4, the model encounters prac-
tical pose estimation errors, where facial content
is obscured and facial keypoints are inaccurately
estimated. In this context, aside from head orienta-
tion, minimal facial expression information can be
inferred. The failure of the pose extraction model to
even approximate the position of keypoints renders
facial information largely unusable, further diminish-
ing opportunities for non-manual learning. These
cases require robustness from both pose estima-
tion and SLU models to missing or degraded facial
features, while still enabling the extraction of rich
non-manual information when it is present. Chal-
lenges such as these are crucial to address as sign
language understanding advances toward greater
accessibility for all signers.

6.3.2. Incomplete Input Pose Data

Out of 68 available facial keypoints in COCO-
WholeBody 2D, only 18 are used in Uni-Sign, mean-
ing that eye and eyebrow movements are excluded,
despite being known articulators of non-manuals
(Wilbur, 2021). Such reductions are often imple-
mented to decrease input size and improve training
efficiency, but they may limit long-term and holis-
tic learning of non-manual features. However, the
omission does not preclude broader generalizabil-
ity of the analysis of NMMs, although it limits its
linguistic interpretability.

6.3.3. Pose-Only Data Limitations

Even when all available facial keypoints are in-
cluded, facial movement remains highly complex.
Subtle variations in facial morphology and predic-
tion noise can cause keypoint trajectories to devi-
ate from the true visual signal. As a result, skeletal
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representations may fail to capture the full expres-
sive nuance of facial articulation, highlighting the
inherent limitations of the pose modality alone for
non-manual analysis.

One might ask if evaluating veiled and non-veiled
signers separately may have better isolated the ef-
fect of facial occlusion. However, framing occlu-
sion as a condition to be controlled underestimates
what a linguistically adequate CSLR or SLT model
should be able to do. One meaningful compari-
son, or benchmarking bar, may be with a fluent
human signer processing a sign language under
similar conditions (e.g. when the signing partner is
veiled). Research on neural bases of sign language
comprehension shows that Deaf signers rely on
predictive processing: rather than reconstructing
meaning sign-by-sign from bottom-up visual input,
fluent signers maintain hierarchical internal models
of linguistic structure (unfolding syntactic structure,
prior information about participants/arguments and
likely event structure) that allow them to infer par-
tially observable content from prior information con-
tained in the visual signal (Malaia et al., 2021, 2023;
Borneman et al., 2025). A signer who acquired SSL
to native proficiency would have no difficulty com-
municating with veiled signers, because obligatory
grammatical markers — including those carried
by head movement — are recoverable by humans
from the broader motion dynamics through predic-
tive inference. lt is, then, notable, that the current
model appears to have an analogous capacity for
the hands: as shown in Figure 4, even when a
signer’s hand passes behind a table, RTMPose
infers plausible joint positions from the prior con-
text. The limitation, then, is not that an occlusion
occurs, but that no equivalent predictive capacity
is acquired by the model for facial articulators. The
more productive model benchmarking that we ar-
gue for should target human-comprehension-level
performance, and evaluate if trained models can
recover linguistically meaningful NMM information
under naturalistic conditions including partial occlu-
sion.

7. Conclusion

In this paper, we argued that modern SLU research
remains systemically misaligned with the linguistic
role of non-manual markers. Using Uni-Sign (Li
et al., 2025) on SSL as a controlled comparison be-
tween CSLR and SLT, we evaluated three partitions
(control, signer-independent, unseen sentences)
and applied prediction-similarity analysis and inte-
grated gradients to probe feature use.

We found that despite the fact that both models
reached competitive prediction accuracy, they en-
countered several challenges in proper non-manual
representation. Although non-manual markers

were shown to contribute to the prediction, analysis
suggested this was in the form of peripheral iden-
tification cues rather than semantic and syntactic
compositional contributions. Additionally, tracking
failures in the model pipeline highlighted broader
challenges for reliable integration of non-manual
markers.

This work highlights critical pitfalls in current ap-
proaches to non-manual modeling and composi-
tional learning. Addressing these issues will require
deliberate redesign across the SLU pipeline to ex-
plicitly account for the linguistic role of non-manuals
and to frame NMM learning as a distinct training
objective in SLU systems.

7.1. Future Work

Prior work has primarily evaluated the addition
of non-manuals in terms of performance improve-
ments, but this neglects to examine whether non-
manual features are incorporated in a manner con-
sistent with their linguistic function. Instead, bench-
marks that explicitly evaluate non-manual learning
across SLU subtasks should be developed. This
should assess whether models meaningfully ex-
tract semantic and syntactic information from non-
manual features. Design choices for such bench-
marks must be deliberate to avoid the structural
errors identified in this paper. This may be particu-
larly challenging as many of these errors have op-
posing constraints. For example, the pose-based
models are more effective at reducing reliance on
identity cues compared to RGB video, but may sac-
rifice fine details of facial expression. Addressing
these trade-offs will require broad and extensive
experimentation.

In addition, this work has shown that there is no
singular unimodal solution in sign language under-
standing. Multi-modal sensing has the potential
to overcome the limitations of a single sensor, as
shown by the 2025 ICCV Multi-modal Sign Lan-
guage Recognition (MSLR) Workshop, which fea-
tured the first Italian Sign Language (LIS) dataset
with both video and radar data (Lugman et al.,
2025). While the work done at this workshop suc-
cessfully achieved state-of-the-art performance (Is-
lam et al., 2025; Juranek, 2025; Manjur et al., 2025;
Sazonov et al., 2025), current approaches espouse
a purely computational perspective to feature ex-
traction that does not as of yet incorporate any
linguistic perspectives in the data analysis, such as
selecting the optimal sensing data for estimating
task-cognizant linguistic parameters (Malaia et al.,
2024). Consequently, multi-modal sensing for SLU
remains an open area of research, with great poten-
tial to enrich the robustness and accuracy of SLU
in real-world conditions.
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