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Phonological Perception of Sign Language Models

Kayo Yin (kayoyin@berkeley.edu)', Jessica Carter?, Alex X. Lu? & Annemarie Kocab’
'University of California, Berkeley
2Johns Hopkins University
3Microsoft Research

Abstract

Sign languages are compositional systems where meaning arises
by combining sublexical phonological parameters, such as
handshape, location, and movement. While deep learning
models for Sign Language Recognition (SLR) have achieved
increased performance on translation benchmarks, it remains
unclear whether these models distinguish abstract phonologi-
cal features or merely rely on low-level statistical correlations.
This work evaluates SLR model phonological perception by
probing sensitivity using minimal pairs and measuring repre-
sentational alignment with human behavioral data. Our re-
sults reveal emergent phonological sensitivity with clear archi-
tectural trade-offs: pose-based models are more sensitive to
handshape contrasts, while pixel-based models better capture
location changes. Furthermore, pose-based models learn latent
representations that correlate with human perceptual similarity
judgments (r = 0.49). These findings suggest that while SLR

models exhibit emergent phonology, current training paradigms

are insufficient to overcome their architectural inductive biases!.

Keywords: sign language; phonology; deep learning.

Introduction

A central question in language and cognition is how sensory
systems abstract meaningful linguistic units from raw percep-
tual signals. In signed languages, signs are constructed from
sublexical phonological parameters: handshape, location,
movement, orientation, and non-manual markers (Stokoe,
1960). While modern Sign Language Recognition (SLR)
models achieve high translation fidelity (Camgoz et al., 2020;
Guan et al., 2025; Yin & Read, 2020), it remains unclear
whether they acquire human-like phonological representa-
tions. Current evaluations focus on translation accuracy on
narrow datasets (Desai et al., 2024). However, high accuracy
does not guarantee linguistic competence: high scores may
stem from overfitting to supplementary cues like mouthing,
which, unlike core phonological parameters, is optional and
varies between signs and signers. Given that distinguishing
these phonological parameters is critical for human lexical
access (Lieberman & Borovsky, 2020; Williams et al., 2017),
model reliance on such spurious features would suggest limi-
tations in generalizability and a fundamental divergence from
human processing.

We evaluate whether SLR models exhibit phonological sen-
sitivity by probing them with minimal pairs of signs (Fig-
ure 1). These signs differ by one phonological element

ICode and data: https://github.com/kayoyin/sign-phonology.
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Figure 1: Auditing phonological sensitivity with minimal
pairs. Feature representations of each sign in a minimal pair
(e.g. QUEEN vs. KING) are extracted from the model’s
penultimate layer. We quantify the model’s sensitivity to
the phonological contrast by calculating the cosine similarity
between these latent representations.

(e.g., QUEEN vs. KING, which differ only in handshape).
This framework allows us to explicitly measure whether the
model’s latent space distinguishes signs along their phono-
logical dimensions. Furthermore, by studying latent repre-
sentations instead of model outputs, our framework directly
compares various architectures and data sources without re-
quiring explicit training on phonological labels.

We apply this framework in two experiments. First, we as-
sess discriminability in naturalistic American Sign Language
(ASL) data. We compare distinct architectures (pixel-based
vs. pose-based) and training domains (sign language vs. gen-
eral action recognition) to determine which features facilitate
phonological sensitivity. Second, we investigate the align-
ment between model representations and human perception.
We use controlled synthetic data to study how the latent space
of models organizes handshapes compared to theoretical mod-
els of phonology based on human perception data.

Our results reveal trade-offs in model sensitivity governed
by architectural constraints. While pixel-based models bet-
ter capture broader spatial contrasts like sign location, pose-
based models demonstrate superior sensitivity to fine-grained
handshape distinctions. We also find that the latent space of
pose-based models significantly aligns with human percep-
tual judgments, partially reproducing the confusion patterns
and hierarchical groupings found in human signers. These
findings suggest that while emergent phonology exists in SLR
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models, different visual processing architectures yield dif-
ferent phonological sensitivities, highlighting the critical im-
portance of cognitively grounded benchmarks to guide the
development of robust computational sign systems.

Background & Related Work

Phonological structure of sign languages

Sign languages contain sublexical structure where meaning-
ful signs are constructed from combinatorial parameters. We
adopt the standard five-parameter model established by Bat-
tison (1978) and Liddell and Johnson (1989), which expands
Stokoe (1960)’s original classification to include: handshape,
location, movement, palm orientation, and non-manual
markers. This compositional structure allows us to define
minimal pairs — signs that differ by exactly one parameter — to
measure discriminability. Psycholinguistic research demon-
strates that signers activate these sublexical representations in-
crementally during lexical access (Meade et al., 2018), while
behavioral studies show that phonological similarity influ-
ences sign production and recognition speeds (Carreiras et
al., 2008; Williams et al., 2017).

Sign language recognition

Most Sign Language Recognition (SLR) models prioritize
end-to-end translation (Camgoz et al., 2020; Yin & Read,
2020), often treating models as “black boxes" with unexam-
ined internal representations. Existing attempts to analyze
phonology typically rely on explicit supervision, training clas-
sifiers to predict specific features (Bilge et al., 2022; Tavella et
al., 2022). However, this approach is limited by data scarcity
for rare features and statistical confounds (e.g., specific hand-
shapes correlate with specific locations, so performance is
possible by predicting positives when a correlated parameter
occurs, as opposed to the parameter of interest). To avoid
these validity issues, we assess implicit phonological emer-
gence using a minimal pair strategy. This method controls for
confounding variables and requires no phonological labels,
allowing us to probe the model’s latent structure directly.

Phonological representations in spoken language
models

Analogous work in speech processing demonstrates that neu-
ral networks spontaneously acquire phonological structure.
Research shows that phonological information is encoded in
the lower to middle layers of speech recognition models (Be-
linkov & Glass, 2017; Pasad et al., 2021) and can be retrieved
via linear geometry (Gauthier et al., 2025). We extend this line
of inquiry to the visual-spatial domain, investigating whether
sign language models exhibit similar emergent sensitivity to
phonological constraints.

Methodology
We analyze latent representations of sign pairs differing by a
single phonological parameter, requiring no explicit phono-
logical supervision.

ASL Citizen

\T;é
49
Y-handshape

13D t=7.71
STGCN t=1.39

t=0.49
t=6.19

sim=0.91
sim = 0.99

Figure 2: Examples of minimal pair data and model sensi-
tivity metrics. (Left, Center) Naturalistic minimal pairs from
ASL Citizen and Sem-Lex contrasting in Handshape and Lo-
cation, respectively. Below: r-test results indicate the statis-
tical significance of SLR models’ ability to distinguish these
pairs. (Right) A controlled minimal pair from HCS contrast-
ing Handshape. Below: Cosine similarity scores quantify the
proximity of the two nonce signs in the models’ latent space
(lower similarity = higher sensitivity).

Minimal pairs and datasets

We curate minimal pairs from three datasets: ASL Citizen
(Desai et al., 2023), Sem-Lex (Kezar et al., 2023), and Hand-
shapes in Context Stimuli (Carter, Kocab, et al., 2026). Each
minimal pair includes one change in either handshape, loca-
tion, movement, orientation (Battison, 1978) or non-manual
markers. We provide samples from each dataset in Figure 2.

ASL Citizen. ASL Citizen is a large-scale, crowd-sourced
dataset featuring 52 deaf or hard-of-hearing (DHH) signers.
A Deaf author curated 259 minimal pairs spanning 360 unique
signs to cover diverse phonological changes: 137 pairs differ
in handshape, 31 in location, 73 in movement, and 18 in
orientation or non-manual markers. To establish a human
perceptual baseline, we enlisted a hearing novice signer to
annotate pairs as “very similar” (51 pairs), ‘“somewhat similar”
(98 pairs), or “not similar” (103 pairs). We use the standard
test split: 4,427 videos from 11 signers for the selected signs.

Sem-Lex. Since all SLR models were trained on ASL Cit-
izen, to test generalization, we curated pairs from Sem-Lex.
Unlike ASL Citizen, where users mimicked a seed video,
Sem-Lex prompted signers with concepts, resulting in natural
production variability. We mapped our ASL Citizen minimal
pairs to Sem-Lex by manually verifying that each video with
the same gloss matched, and excluding variants of minimal
pairs that differed in more than one parameter. This ensures
our framework evaluates robust phonological sensitivity rather
than being confounded by mislabeled videos. This yielded
178 pairs across 263 signs (8,934 videos from 42 signers).

Handshapes in Context Stimuli (HCS). Real-world vocab-
ularies often lack systematic coverage of phonological com-
binations. Furthermore, signer variation in the above datasets
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Figure 3: Comparison of model input modalities. (Left)
Raw RGB video frames processed by the I3D model. (Right)
Skeletal pose graph estimation processed by the STGCN
model. Both inputs depict a frame from the sign “HIPPO.”

may introduce near-minimal pairs. To address this, we use
HCS, controlled experimental stimuli of nonce signs that sys-
tematically sample handshape and phonological context, con-
taining only strict minimal pairs. The design of these stimuli
was guided by prior phonological inventories (Lane et al.,
1976; Stungis, 1981), while the specific handshape inventory
was expanded from 20 to 36 shapes based on frequency scores
from a lexical database (Sehyr et al., 2021). HCS includes 972
videos covering 36 handshapes in 27 phonological contexts
(3 locations x 3 movements x 3 orientations). This system-
atic design allows for precise minimal pair contrasts even for
features rare in natural vocabulary. Unlike ASL Citizen and
Sem-Lex, HCS features one Deaf signer with one video per
nonce sign, recorded in a controlled laboratory setting.

Models

We evaluate two video classification architectures, 13D and
STGCN, representing the predominant modeling paradigms
in SLR literature (Desai et al., 2023), and are the publicly
available state-of-the-art. By comparing these standard back-
bones, we investigate how training domain (general human
action vs. sign language recognition) and input modality (raw
pixels vs. pose estimations) influence phonological percep-
tion. The two input modalities are illustrated in Figure 3.

I3D (Pixel-based). The Inflated 3D ConvNet (I3D; Carreira
and Zisserman (2017)) is a two-stream architecture operating
directly on RGB video frames. We evaluate three variants:
(1) I3D-Rand, initialized with random weights to serve as
a baseline; (2) I3D-Kine, trained on the Kinetics dataset for
general action recognition; and (3) I3D-ASL, trained on ASL
Citizen for sign language recognition.

STGCN (Pose-based). The Spatio-Temporal Graph Con-
volutional Network (STGCN; Yan et al. (2018)) operates
on a skeletal graph representation of the body. We evalu-
ate: (1) STGCN-Rand, a randomly initialized baseline; and
(2) STGCN-ASL, trained on ASL Citizen. We excluded
an STGCN-Kine variant as standard action recognition pose
graphs lack the fine-grained hand landmarks necessary for
sign phonology.

Strict exclusion of test signs. To ensure we measure phono-
logical sensitivity rather than lexical memorization, we re-
trained I3D-ASL and STGCN-ASL on a split excluding all
signs in our minimal pair test sets.

Are Models Sensitive to Phonological Changes?

Experiment

We evaluate whether SLR models learn latent representations
that preserve the phonological distinctions found in minimal
pairs. Focusing on latent representations rather than predic-
tion accuracy enables direct comparison across diverse archi-
tectures and training objectives.

We extract feature vectors from the model’s penultimate
layer for videos in ASL Citizen and Sem-Lex, which have
multiple samples per sign. We operationalize “phonological
sensitivity” by comparing intra-sign similarity against inter-
sign similarity. If a model is sensitive to phonological change,
cosine similarity between two minimally different signs should
be significantly lower than between instances of the same sign
by different signers.

Formally, for each minimal pair of signs (s1,s2) we con-
struct two distributions of similarity scores:

1. Intra-sign similarity (Dg4,e): The cosine similarity be-
tween the representation of sign s; produced by signer A
and an instance of the same sign s; produced by a different
signer B.

2. Inter-sign similarity (D4, rr): The cosine similarity be-

tween the representation of sign s; produced by signer A
and the phonologically distinct sign s, produced by signer
B.

We repeat these computations for 10 random pairs of signers
(A, B) to populate the distributions Dgme and Dy s .

To quantify phonological sensitivity, we perform an inde-
pendent samples ¢-test to determine whether D g4, is signif-
icantly higher than D ;¢ .

As a control, we repeat the above procedure on random
non-minimal sign pairs sampled from the same gloss pool,
providing an upper bound on ¢-statistics that trained models
should trivially achieve.

Results

We present ¢-test results on ASL Citizen and Sem-Lex in
Tables 1 and 2, respectively. Per category, we report the mean
t-statistic, % wins (frequency of outperforming the random
baseline, p < 0.05), and head-to-head comparisons.

First, training on sign language data is a prerequisite
for phonological sensitivity, which notably deviates from
human learning. Models trained on general action recogni-
tion (I3D-Kine) failed to distinguish minimal pairs, achieving
a negligible 1.93% win rate over random baselines on ASL
Citizen. In contrast, both ASL-trained models demonstrated
significant emergent sensitivity (I3D-ASL: 69.50%; STGCN-
ASL: 81.08%). The Control row shows that ASL-trained
models distinguish random sign pairs with larger effects than
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Table 1: Model sensitivity to phonological changes on ASL Citizen. Results are grouped by linguistic feature (Handshape,
Location, Movement) and human perception of similarity. z-stat represents the mean ¢-statistic calculated across all minimal
pairs in that category. % wins (vs. Baseline) denotes the percentage of pairs where the trained model had a significant #-statistic
(p < 0.05) that was higher than its randomly initialized counterpart. Head-to-Head columns show the percentage of pairs
where one trained model (I3D-ASL or STGCN-ASL) significantly outperformed the other (p < 0.05). Note that Head-to-
Head percentages do not sum to 100% as pairs with no significant ¢-stat are excluded. STGCN is generally more sensitive to
phonological changes than I3D, except for changes in location.

Baseline | Pixel-based (I3D) | Baseline | Pose-based (STGCN) | Head-to-Head

I3D-Rand I3D-Kine I13D-ASL STGCN-Rand STGCN-ASL I3D-ASL.  STGCN-ASL
Category t-stat t-stat % wins | f-stat % wins t-stat t-stat % wins % wins % wins
Total (N = 259) 0.13 0.12 1.93 5.00 69.50 0.23 6.08 81.08 33.20 56.37
Control (N = 259) 0.06 0.76 — 10.98 — 0.44 12.66 — — —
By Phonological Parameter
Handshape (N = 137) 0.14 0.12 0.73 480  69.34 0.18 6.30 86.13 29.20 64.96
Location (N = 31) 0.02 1.13 6.45 7.73 80.65 0.59 5.67 67.74 64.52 16.13
Movement (N = 73) 0.19 0.20 1.37 4.72 73.97 0.30 5.81 80.82 38.36 54.79
By Human Perception
Not similar (N = 103) 0.15 0.35 0.97 5.01 66.99 0.10 6.98 89.32 28.16 64.08
Somewhat similar (N = 98) 0.17 0.06 2.04 5.08 76.53 0.43 5.64 79.59 37.76 56.12
Very similar (N = 51) 0.07 0.17 3.92 4.26 56.86 0.03 4.62 64.71 31.37 43.14

Table 2: Out-of-domain phonological sensitivity results on
Sem-Lex. Models trained on ASL Citizen were evaluated on
minimal pairs from the Sem-Lex dataset to test domain gen-
eralization. Both models demonstrate a reduced sensitivity to
phonological differences in this out-of-domain setting com-
pared to ASL Citizen.

Second, architectures exhibit distinct biases in what as-
pects of phonology they are sensitive to. On ASL Citizen,
the pose-based STGCN-ASL model demonstrates superior
sensitivity to handshape over I3D-ASL (86.13% vs. 69.34%)
and movement (80.82% vs. 73.97%). This suggests that ex-
plicit skeletal modeling better captures fine-grained configu-
ration and trajectory than raw pixels. Conversely, the pixel-
based I3D-ASL model significantly outperformed STGCN-

I3D-ASL STGCN-ASL Head-to-Head . s
Category st Gowins | rstat wins | 13D STGCN ASL on location cont.rasts .(80.65% Vs. 67.7470), winning th.e
Torl (N =71) 247 1507 | 276 4930 | 2535 33.80 hea.d—to—head comparison in 64.52% of locatlon. pairs. Thls
Control (N =71) 839 — | 1040 — — — indicates that pixel-based models may better retain the spatial
By Phonological Parameter context relative to the frame (e.g., forehead vs. chin) that
Handshape (N = 26) 329 5769 | 393 6154 | 3077  38.46 graph-based representations — which are often normalized for
Location (N = 8) 352 7500 | 479 6250 | 2500  50.00 .
Movement (N = 25) 247 3600 | 1.63  48.00 | 32.00 32.00 position — can lose.
By Human Perception
Not similar (N = 23) 392 6087 | 307 5652 | 3478 3913 Third, model sensitivity aligns with human perception.
Somewhat sim. (N =31) 205 4194 | 239 4516 | 29.03 2581 . ..
Very similar (N = 17) 129 2941 | 299 47.06 | 588 4118 For both architectures, performance degrades for minimal

minimal pairs, while untrained and Kinetics baselines remain
at chance, situating minimal-pair sensitivity within a broader
scale where non-minimal pairs with more phonological dif-
ferences are correspondingly more separated. While phono-
logical sensitivity may build upon general visual capabili-
ties — prior work demonstrates that non-signers can reliably
distinguish phonological contrasts in ASL, with strong cor-
relation between signer and non-signer perceptual confusion
(Stungis, 1981) — our results suggest that current video mod-
els are poor proxies for human perception. General action
datasets like Kinetics lack the fine-grained phonological con-
trasts found in sign language, failing to provide the model with
the specific signal needed to encode the subtle distinctions that
sign-specific training captures.

pairs rated by a human non-signer as perceptually more sim-
ilar. A Kruskal-Wallis H-test confirms a statistically signifi-
cant difference in STGCN-ASL sensitivity across the “Not /
Somewhat / Very Similar” human ratings (H(2) = 12.92,p =
0.002), validating that the models struggle most with the dis-
tinctions humans may find subtle. In contrast, this difference
was not statistically significant for the I3D-ASL model or the
non-ASL trained variants.

Finally, representations are brittle to domain shifts.
When evaluated on Sem-Lex, which introduces variations in
prompts and filming conditions, sensitivity drops substantially
(I3D-ASL: 45.07%; STGCN-ASL: 49.3%). This suggests that
while current models learn phonological distinctions, their
representations remain highly brittle to the specific produc-
tion constraints of their training distribution.

5407



How Does Model Phonological Sensitivity
Compare to Human Perception?

Experiment

Beyond assessing whether models can distinguish phonolog-
ical features, we investigate whether their internal represen-
tation space captures meaningful phonological structure. We
use the HCS data to compare model feature distances with sub-
jective human perception and articulatory geometry. While
naturalistic datasets like ASL Citizen offer ecological validity,
they suffer from sparse phonological coverage. HCS allows us
to control for non-phonological variance (e.g., lighting, signer
identity) while systematically sampling the full spectrum of
handshape contrasts.

First, we quantify human perception using confusion ma-
trices collected by Stungis (1981). This data quantifies how
frequently human signers and non-signers confuse different
ASL handshapes. We treat the confusion frequency as a proxy
for perceptual similarity: handshapes that are confused more
often are considered more perceptually similar.

Second, we calculate the handshape distance (HD) be-
tween handshape pairs. HD, a computational measure of ar-
ticulatory geometry adapted from Yin et al. (2024), is defined
as the mean angular difference between their corresponding
joints. For each pair of handshapes in HCS data, we computed
the HD for the handshape pair in 27 phonological contexts and
took the median.

Third, we measure model sensitivity to the phonological
contrast in each pair of handshapes in HCS by calculating
the cosine similarity between their corresponding video rep-
resentations in the model’s latent space. We then compute the
Pearson correlation coefficient () between the vector of hu-
man confusion frequencies, handshape distances, and model
feature similarities. We summarize the results of our correla-
tion analysis in Table 3.

To visualize the structural organization of the learned
feature spaces, we performed U-statistic hierarchical clus-
tering (D’Andrade, 1978) of handshapes according to HD
and model feature similarity, following the methodology in
Stungis (1981). In Figure 4, we plotted dendrograms for
four representations: (1) the Lane-Boyes-Braem II (LBB2)
Model (a theoretical model based on human perceptual stud-
ies (Lane et al., 1976; Stungis, 1981)), (2) Handshape Dis-
tance (our geometric reference metric), (3) I3D-ASL, and (4)
STGCN-ASL. This allows us to inspect whether models re-
cover high-level phonological features that humans rely on, or
if they use different features for distinguishing handshapes.

Results

Correlation analysis. First, we established reference
bounds for our analysis. Consistent with prior literature, hu-
man signers and non-signers have high agreement (r = 0.89).
The theoretical HD metric showed moderate positive correla-
tion with human perception, suggesting that human perception
is grounded in articulatory geometry (r = 0.53 for signers).
As expected, models with randomly initialized weights (Rand)

Table 3: Correlation between perceptual similarity re-
ported by humans (Stungis, 1981), handshape distance
(HD), and cosine similarity of model features of hand-
shapes. Significant correlations (p < 0.05) are bolded. Mod-
els trained on ASL data, especially STGCN, have higher align-
ment with human perception.

Reference | 13D | STGCN
Non-signer  Signer HD | Rand Kine ASL | Rand ASL
Non-signer - 0.89 048 | 0.04 019 032 | 0.10 048
Signer 0.89 - 053 | 003 019 031 | 0.14 049
HD 0.48 0.53 - 0.10 0.9 0.20 | 0.06 0.55

yielded insignificant correlations, confirming that untrained
networks do not inherently encode phonologically meaning-
ful features.

Second, we find that training on ASL data significantly
improved alignment with human perception. For the 13D
architecture, the model trained on general human action recog-
nition (Kine) has a weak correlation with human signers
(r = 0.19). Training on ASL data increased this correla-
tion to r = 0.31 for the I3D model, suggesting that exposure
to sign language data drives the feature space closer to human
perceptual representations.

Third, we observe clear architectural differences in hand-
shape perception between models. STGCN-ASL is the
model with the highest alignment with human signers (r =
0.49). Also, the correlation between I3D-ASL and STGCN-
ASL is notably low (r = 0.19). This indicates that while
both models successfully distinguish some handshapes, their
architectures induce different structures in their latent spaces.
STGCN-ASL also shows a strong correlation with hand-
shape distance (r = 0.55), substantially higher than I3D-ASL
(r = 0.20). I3D, lacking the skeletal prior of pose-based mod-
els, seems to learn a visual abstraction that correlates less with
joint geometry and with human perception of handshape.

Hierarchical clustering analysis. The dendrograms reveal
distinct topological differences between models that corrobo-
rate the correlation results. The LBB2 Model organizes hand-
shapes primarily by the ‘Compact’ feature (whether the three
middle fingers are closed). Within the ‘+Compact’ group,
it further distinguishes based on the number of bent fingers,
while the ‘-Compact’ group is organized by the number of
extended fingers. Similarly, the HD dendrogram organizes
handshapes by finger count, creating a primary split between
handshapes with < 1 finger extended (with the exception of
two handshapes that have the thumb and another finger ex-
tended) versus those with > 1. It further sub-groups the first
cluster by specific articulators (thumb vs. index extension)
and the second by the count of extended fingers.
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Figure 4: Structural organization of handshape represen-
tations. From top to bottom: the LBB2 Model (theoretic
model based on human perception), handshape distance (ge-
ometric reference), I3D-ASL, STGCN-ASL.

The I3D-ASL dendrogram diverges the most from the
LBB2 Model. It primarily separates by handshapes that vi-
sually resemble a fist from those that do not. Within the
“fist’ cluster, it sorts by closure tightness. The non-fist clus-
ter separates a group with extended thumbs but leaves the
remaining handshapes in sub-clusters lacking clear patterns.
This suggests 13D relies primarily on global visual texture
(e.g., “compact fist” vs. “open hand with protruding thumb”)
rather than fine-grained articulatory features.

In contrast, the STGCN-ASL dendrogram closely recov-
ers the structure of the LBB2 Model. It organizes hand-
shapes into four primary clusters: (1) all three middle fingers
are closed, (2) 4-5 extended fingers, (3) 2-3 extended fin-
gers, and (4) just one extended finger (with the exception of
the ‘K’ handshape on the far right). STGCN also captures

fine-grained sub-distinctions within these groups: in the first
cluster, it distinguishes thumb/pinky extension; in the sec-
ond, it separates curved fingers from straight extension. This
structural alignment explains STGCN’s high correlation with
human perception (LBB2) and the theoretical HD metric.

Discussion & Future Work

Phonological sensitivity emerges without explicit supervision
in SLR models, but is fractionated by architectural inductive
biases: pose-based STGCNs are more sensitive to fine-grained
handshape contrasts, whereas pixel-based I3Ds are better at lo-
cation distinctions. This functional split suggests that current
training methods and architectures are insufficient; a cogni-
tively plausible model likely requires a dual-stream integration
of skeletal abstraction and holistic scene processing.

The strong correlation between STGCN and human per-
ception indicates skeletal graphs facilitate human-like repre-
sentation structure, validating their potential as proxies for
sign perception. However, these representations remain brit-
tle. The significant drop on out-of-domain Sem-Lex exposes a
tendency to overfit production variables (e.g., recording condi-
tions) rather than acquiring robust phonological abstractions.

Our study has three primary limitations. First, our current
analysis focused on three of the five phonological parameters
— handshape, location, and movement — due to the sparsity
of annotations for palm orientation and non-manual markers
in existing data. Future work should evaluate whether mod-
els capture the full grammar of sign beyond manual features.
Second, we rely on established supervised baselines (I3D,
STGCN) due to the unavailability of open-source weights for
state-of-the-art self-supervised sign language models. Future
work should verify whether self-supervised objectives, which
leverage massive unlabeled datasets, induce distinct phono-
logical representations. Third, we focus on isolated sign
recognition. It remains unclear whether our findings trans-
fer to continuous sign language recognition models, where
models must resolve co-articulation and syntactic non-manual
markers. These sentence-level constraints may pressure mod-
els to learn different phonological abstractions.

Our minimal pairs framework opens several broader av-
enues for research. For example, we could probe geomet-
ric compositionality of model features: verifying whether
these vectors support algebraic operations over phonologi-
cal parameters (e.g., analogical reasoning) would distinguish
true linguistic abstraction from statistical clustering. In addi-
tion, testing for cross-linguistic universals by evaluating zero-
shot transfer of SLR models to other sign languages (e.g.,
BSL, newly emerging sign languages) could isolate phonolog-
ical constraints grounded in human body biomechanics from
language-specific learning, and inform data-efficient model-
ing. Finally, analyzing the ontogeny of representations during
training, such as comparing the emergence of phonological
sensitivity in model learning curves to the “coarse-to-fine”
trajectory of child language acquisition, may yield insights
into the biases that learners bring to language learning.
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