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Abstract
Most state-of-the-art sign language models are trained on interpreter or isolated vocabulary data, which overlooks the
variability that characterizes natural dialogue. However, human communication dynamically adapts to contexts and
interlocutors through spatiotemporal changes and articulation style. This specifically manifests itself in educational
settings, where novel vocabularies are used by teachers, and students. To address this gap, we collect a motion
capture dataset of American Sign Language (ASL) STEM (Science, Technology, Engineering, and Mathematics)
dialogue that enables quantitative comparison between dyadic interactive signing, solo signed lecture, and interpreted
articles. Using continuous kinematic features, we disentangle dialogue-specific entrainment from individual effort
reduction and show spatiotemporal changes across repeated mentions of STEM terms. On average, dialogue signs
are 24.6%-44.6% shorter in duration than the isolated signs, and show significant reductions absent in monologue
contexts. Finally, we evaluate sign embedding models on their ability to recognize STEM signs and approximate how
entrained the participants become over time. Our study bridges linguistic analysis and computational modeling to
understand how pragmatics shape sign articulation and its representation in sign language technologies.

Keywords: American Sign Language, phonetic reduction, entrainment, motion capture, STEM, education,
pragmatics, dialogue

1. Introduction

Human communication is inherently adaptive (Clark
and Brennan, 1991), causing context-sensitive phe-
nomena such as entrainment, where speakers
adjust their linguistic and articulatory behaviors to
one another (Brennan and Clark, 1996), and effort
reduction, where individuals reduce articulatory
effort through repetition (Zipf, 2016). While work in
dialogue modeling in spoken languages has pro-
gressed in recent years, there have been few ef-
forts to model these processes in signed languages,
which have important features related to adaptivity,
such as sign lowering (Tyrone and Mauk, 2010),
weak drop (Padden and Perlmutter, 1987), and lo-
cation undershooting (Mauk, 2003), distinguishing
them from spoken languages. Models aiming to un-
derstand or generate naturalistic signing should ac-
commodate these idiosyncratic, context-dependent
articulatory shifts.

Yet, most existing sign language models are
trained on interpreter data or isolated sign videos
(Desai et al., 2024). While these datasets capture
clear, standardized productions, they omit the adap-
tive and fluid behaviors that characterize dialogue,
and often reflect the influence of non-native inter-
preters (Tanzer et al., 2024). To explore these, we
test whether language models generalize beyond
isolated sign data to capture interaction-driven artic-
ulatory variation. Addressing this question requires
quantifying how signers adapt their articulation in
dialogue, and determining whether existing models
are sensitive to these pragmatic differences.

Figure 1: We explore the effects of pragmat-
ics in four different signed STEM contexts: 1)
instructor-student dyadic conversations, 2) isolated
vocabulary, 3) a signed lecture, and 4) interpreted
Wikipedia articles. We computationally analyze
how signers establish conceptual pacts across
these contexts.

To study this, we collect an American Sign Lan-
guage (ASL) motion capture dataset that consists
of two contexts: 1) an instructor-student dialogue
featuring repeated biology signs used in an interac-
tive setting, and 2) isolated productions of biology



vocabulary signs, each produced individually by
the student.1 We supplement these with 3) publicly
available recordings featuring a lecture given by the
same instructor (to control for individual effort re-
duction), and 4) interpreter signing (representative
of model training data). This approach (Fig. 1) en-
ables us to test whether dialogue exhibits additional
convergence beyond per-signer efficiency and to
compare natural communicative articulation with
the controlled productions that dominate existing
signed corpora.

We focus on biology signs because STEM signs
in general represent a unique domain for studying
communicative adaptation, especially in ASL. Many
of these STEM concept signs lack one standard-
ized sign form, with multiple variants circulating
among scientists, interpreters, and educators (Lu-
aldi et al., 2023). For instance, ASL users in some
schools may sign cell one way, while students in
another region or school may typically fingerspell
cell letter-by-letter, or use a different sign varia-
tion, for example cell (version 2). This fluidity
introduces challenges for technologies with spe-
cialized vocabulary: systems trained on particular
sign forms may fail to recognize the variants used
by groups of learners and educators.

Our goal is not to generalize across all ASL use,
but to introduce computational tools for quantifying
sign articulation, situate articulatory findings from
ASL STEM dialogue relative to prior linguistic work,
and evaluate whether current sign embedding mod-
els capture these context dependent differences
that arise in interactive signing. Our contributions
are as follows:

1. We introduce a framework that isolates
dialogue-specific entrainment from individual
effort reduction in ASL, using continuous spa-
tial, temporal, and vertical motion metrics
(§ 3.3).

2. We find that dialogue signing exhibits reduced
spatial and temporal articulation compared
to isolated vocabulary productions, reflecting
adaptive changes characteristic of interactive
communication (§ 4.1).

3. We show statistically significant spatial and
temporal reduction in STEM signs across re-
peated mentions in dialogue, absent in mono-
logue, indicating that such adaptation may re-
flect entrainment rather than individual effort
reduction (§ 4.2).

4. We demonstrate that existing sign language
models fail to generalize to these articulatory
differences (§ 4.4).

1Data can be made available to researchers upon
proper agreements.

2. Related Work

Articulatory Reduction and Interactional Adap-
tation A line of research argues that spoken lan-
guages are shaped by a functional pressure toward
ease of articulation and communicative efficiency
(Zipf, 2016; Kanwal et al., 2017; Piantadosi et al.,
2011; Sigurd et al., 2004; Gibson et al., 2019). In
sign languages, similar efficiency pressures shape
articulatory form (Napoli et al., 2011; Yin et al.,
2024; Caselli et al., 2022). Increased signing rate,
for instance, causes signs to be articulated in a
lower, more compact space (a phenomenon known
as sign lowering) (Tyrone and Mauk, 2010, 2012;
Mauk and Tyrone, 2012). Moreover, casual signing
tend to involve less joint usage and a shift toward
distal articulators (Napoli et al., 2014; Stamp et al.,
2022). Beyond individual efficiency, interactive con-
texts introduce an additional adaptation. In dia-
logue, signers not only economize their own move-
ments but may also modulate them to align more
closely with their interlocutor, a process known as
entrainment (Hoetjes et al., 2014), which recent
sign language corpora are beginning to capture
(Bono et al., 2020, 2024). Despite these insights,
characterizations of articulatory adaptation in sign
languages remain limited. Prior work has primarily
relied on categorical annotation of sign which does
not capture the continuous dynamics of articula-
tory change. In contrast, our work employs motion
capture kinematic features to disentangle individual
effort reduction from dialogue specific entrainment,
building on prior work with motion capture (Lu and
Huenerfauth, 2012; Huenerfauth and Lu, 2010).

Sign Language Modeling and Dataset Biases
Despite recent progress in sign language recogni-
tion, most computational models remain limited in
their representation of articulatory variation. Exist-
ing large-scale datasets such as PHOENIX-2014T
(Camgoz et al., 2018), How2Sign (Duarte et al.,
2021), CSL-Daily (Zhou et al., 2021), and WMT-
SLT (Mathias et al., 2022), designed primarily
for sentence-level translation tasks, often feature
interpreter-produced signing performed under con-
trolled conditions. Consequently, this results in a
strong bias toward isolated sign articulation, which
diverges from the fluid and adaptive behaviors ob-
served in dialogue. Prior work has documented
instances where deaf viewers struggle to fully un-
derstand such interpretations (Alexander and Ri-
jckaert, 2022). Moreover, the dominant paradigm
of sign-to-text translation implicitly treats sign lan-
guage as a visual analog of spoken language rather
than representations grounded in sign-specific dis-
course structure (Tanzer et al., 2024). Addressing
these limitations requires datasets and modeling
frameworks that account for the continuous and

https://www.aslcore.org/biology/entries/?id=cell
http://aslsignbank.haskins.yale.edu/dictionary/gloss/4215.html


discourse-dependent variability of natural signing.
Our work contributes to this direction by introduc-
ing motion capture analyses of naturalistic ASL
dialogue and by testing whether existing sign em-
bedding models capture articulatory differences
that emerge through interaction.

3. Methods

In this section, we describe our method of collecting
and annotating the STEM dialogue data (§3.1) and
finding comparable monologic data (§3.2). Then,
we describe our analysis of the data from the per-
spective of motion capture kinematics (§3.3) and
pretrained machine learning models (§3.4).

3.1. Data Collection

Participants Two fluent deaf signers participated
in a structured dialogue with one another. One
signer is a faculty member in Biology who regularly
teaches biology classes in ASL. The other signer is
a student familiar with biology concepts from having
taken classes with the faculty member previously.
Both signers are right-handed.

Signed Content The motion capture data were
collected in two conditions:

1. Isolated STEM vocabulary articulation. One
signer (the student described above) produced
a set of 77 STEM signs drawn from introduc-
tory biology content. Each sign was produced
individually, without a conversational partner.
This condition serves as a articulatory base-
line, which allows us to estimate each sign’s
spatial and temporal properties before interac-
tional adaptation occurs. The full list of STEM
signs used is provided in the Appendix A.

2. Biology dialogue. The two participants
engaged in an 8.52-minute spontaneous
instructor-student dialogue focusing on key bi-
ology topics such as cell structure and genet-
ics, cell cycle, and photosynthesis. While the
instructor initiated inquiries to guide the inter-
action, the dialogue also included extended
explanations, clarifications, confirmations, and
belief exchanges. Across the dialogue, 17
STEM signs overlapped with the vocabulary
condition, allowing for a direct comparison of
articulatory variation between isolated and in-
teractive contexts.

Recording Set Up Both motion capture data
were recorded at 120 frames per second using
a Vicon system. The setup employed 18 high-
resolution cameras (8 T160 and 10 Vero) and 73
markers carefully placed on the signer’s fingers,
hands, and body. Data were captured using Vicon

Shogun 1.7, a tool that significantly enhanced the
quality of motion capture, particularly in capturing
body, hand, and finger movements with high fidelity.
In addition to motion capture, we also recorded a
2D RGB video which was used for annotation.

Annotation We annotated our 2D video data us-
ing ELAN (Max Planck Institute for Psycholinguis-
tics, The Language Archive, 2025). ELAN uses
tiers to annotate different aspects of the source lan-
guage (e.g. phonology, lexical items). Each video
was annotated on two tiers: one for sentence-level
translation into English and one for the STEM signs
themselves. We followed the SLAASH ID glossing
principles (Hochgesang, 2022), specifically focus-
ing on accurate capture of the STEM signs to allow
us to perform accurate measures of sign timing
differences across the data. A gloss is a conven-
tional written label used by researchers to reference
a specific ASL sign. Two hearing, ASL-proficient
researchers performed most of the annotation, con-
sulting with the Deaf faculty member signer and a
hearing fluent signer with expertise in STEM signs
(Figure 2).

3.2. Supplementary Monologic Data

To contextualize the types of signing observed in
STEM dialogue, we compared the collected data
against monologic ASL signing covering the same
Biology topics as the dialogue: ASL STEM Wiki
(Yin et al., 2024) and Atomic Hands (Wooten and
Spieker, 2022).

ASL STEM Wiki provides translations of STEM
articles on Wikipedia, signed by certified ASL inter-
preters. From the 254 articles, we selected sam-
ples that match the topics found in the dialogue,
namely, Reproduction and Photosynthesis. From
these two articles, we selected excerpts 8 and 12
sentences respectively2 from the opening section
to maximize lexical overlap with the dialogue. This
dataset represents interpreter signing that closely
resembles the dominant training data for sign lan-
guage understanding models. It therefore serves
as a reference point for evaluating how dialogue
signing diverges from data that shape existing tech-
nologies.

With permission from the creators, we addition-
ally analyze videos from Atomic Hands website
(Wooten and Spieker, 2022). Atomic Hands pro-
vides educational resources for STEM topics in
ASL, signed by deaf experts in their disciplines.
We found one video (“ASL Signs – cell division, mi-
tosis, meiosis”) that discusses the relevant topics in
the dialogue. The signer in this video is the same
participant as the instructor in the dialogue. This

2These are contiguous in the article, starting with §5
in Reproduction and §1 in Photosynthesis.

https://aslgames.azurewebsites.net/wiki/?targetArticle=26310&targetName=Reproduction
https://aslgames.azurewebsites.net/wiki/?targetArticle=24544&targetName=Photosynthesis
https://atomichands.com/videos/asl-signs-cell-division-mitosis-and-meiosis/
https://atomichands.com/videos/asl-signs-cell-division-mitosis-and-meiosis/


Figure 2: Sign duration patterns over time for instructor-student ASL dialogue. Stacked panels show start
time (x) vs. duration (y) of individual signs for both participants, with connected lines indicating temporal
progression of repeated signs within semantic groups. Each point represents an individual STEM sign
instance, colored by semantic base term and shaped by articulation variation (circles, squares, diamonds
for fingerspelling). Light blue background shading indicates active signing periods for each participant.

dataset allows to compare dialogue signing against
solo instructional signing by the same individual.
This comparison helps distinguish individual effort
reduction tendencies from entrainment effects that
arise uniquely in dialogue.

We repeat the annotation process on these
videos and include them in our experiments and
analyses.

Extracting Keypoints While the motion capture
recordings provided 3D joint coordinates (as de-
scribed in § 3.1), the additional video data con-
sisted of 2D RGB recordings in MP4 format. To
obtain a comparable set of kinematic features from
these videos, we processed them using MediaPipe
Holistic (Zhang et al., 2020), which extracts 543
landmarks spanning face, hands, and body. We
used the default detection and tracking confidence
thresholds of 0.5. We then mapped MediaPipe’s
landmark indices to the corresponding motion cap-
ture joint positions used in our analyses. The full list
of joint correspondences between MediaPipe and
the motion capture joints is provided in Appendix B.

3.3. Articulatory Metrics

To quantify articulatory variability in ASL produc-
tion, we adapted and extended kinematic measures
commonly used in gesture studies. These met-
rics capture changes in spatial, temporal, and verti-
cal movements across repeated sign articulations.
We use these metrics to separate (i) individual ef-
fort reduction, where signers economize movement
through repetition regardless of interaction, from
(ii) interaction-driven entrainment, where articula-
tory patterns adapt in response to an interlocutor.
Across all metrics, reduction is operationalized as

decreases in movement magnitude, duration, or
spatial extent across repeated mentions. When
such reductions occur in dialogue but are absent or
attenuated in monologue by the same signer, we in-
terpret them as evidence of entrainment rather than
general articulatory efficiency. Conversely, reduc-
tions observed in both dialogue and monologue are
interpreted as reflecting individual effort reduction.

3.3.1. Spatial Reduction

We operationalize the spatial properties of sign
articulation using two measures:

Spatial Extent captures the overall 3D volume
occupied by a sign. For a trajectory pi = (xi, yi, zi)
over frames i = 1, . . . , n, we compute the per-
dimension ranges ∆x = maxi xi −mini xi, ∆y =
maxi yi −mini yi, and ∆z = maxi zi −mini zi. The
spatial extent is defined as the diagonal length of
the corresponding bounding box:

SpatialExtent =
√

(∆x)2 + (∆y)2 + (∆z)2.

This metric captures how much space an articulator
occupies during signing (Bevacqua et al., 2006).

Path Length measures the cumulative distance
traveled by the articulator across frames (Shaw and
Anthony, 2016; Trujillo et al., 2020). For consecu-
tive positions pi,pi+1:

di =
√

(xi+1 − xi)2 + (yi+1 − yi)2 + (zi+1 − zi)2,

and the total path length is
∑n−1

i=1
di.

3.3.2. Temporal Reduction

Temporal reduction reflects efficiency in the timing
of sign articulation:



Average Velocity captures the mean speed of
the articulator over the course of a sign.

Articulation Duration measures the total time
span of a sign. Reductions in duration across re-
peated mentions are commonly interpreted as effi-
ciency gain (Hoetjes et al., 2014). This metric does
not utilize kinematic features.

3.3.3. Sign Lowering

Sign lowering captures the vertical displacement
of the hands, often observed as signs being pro-
duced progressively lower in signing space over
time or across repetitions (Tyrone and Mauk, 2010,
2012; Mauk and Tyrone, 2012). For each sign in-
stance, we calculate the mean vertical position of
the dominant hand during articulation.

3.4. Pre-Trained Sign Encoders and
Evaluation Setup

We next assess whether current state-of-the-art
encoder models for ASL can generalize beyond
isolated sign data to the articulatory variation found
in dialogue. Such models are commonly trained on
data that is not representative of signing among
deaf and hard-of-hearing people (Desai et al.,
2024), such as isolated sign productions and hear-
ing signers of varying skill levels. In contrast, our
eight-minute biology dialogue presents a realis-
tic conversation between two deaf signers, using
out-of-vocabulary STEM signs while also adapt-
ing those signs through reduction, coarticulation,
and entrainment. By testing pre-trained encoders
in this domain, we ask whether their embedding
spaces remain stable across contextual variation
and whether they can still recover lexical identity
when signs deviate from canonical form.

Models We examine two pre-trained encoders
with complementary input modalities and training
regimes: SignCLIP and I3D. (1) SignCLIP (Jiang
et al., 2024) uses MediaPipe skeletal keypoints
as input and encodes sign clips via a frozen 3D
CNN video encoder paired with a BERT-based text
encoder (Devlin et al., 2019). It is trained with a
CLIP-style contrastive loss (Radford et al., 2021)
to align signs and glosses using 500k sign videos
from 44 sign languages in the SpreadTheSign dic-
tionary (Hilzensauer and Krammer, 2015). We use
the ASL finetuned checkpoint3 which is further fine-
tuned on Popsign ASL (Starner et al., 2023), ASL
Citizen (Desai et al., 2023), and Sem-Lex (Kezar

3https://drive.google.com/

drive/folders/10q7FxPlicrfwZn7_

FgtNqKFDiAJi6CTc

et al., 2023). (2) I3D (Varol et al., 2021) is a 25M-
parameter inflated 3D ConvNet (“I3D”) pretrained
on Kinetics action recognition dataset (Carreira and
Zisserman, 2017) with additional transformer lay-
ers fine-tuned on 1,000 hours of BSL broadcast
footage (BSL-1K; Albanie et al. 2020). It operates
on RGB video input and is trained to classify gloss
labels in continuous signing4.

Creating Avatars The video recordings of the
dialogue differ substantially from standard datasets
for training sign language models. Specifically, the
participants wore black motion capture suits, lower-
ing visual contrast, and the signers were positioned
at an angle rather than facing the camera directly.
To bring these data closer to in-distribution sign-
ing, we used Unity (Unity Technologies, 2023) to
render 3D avatars from the motion capture record-
ings. These videos preserved articulatory motion
and spatial trajectories while providing consistent
signer contrast and viewing angle. Example avatar
renderings are shown in Appendix C.

3.4.1. Embedding-based Entrainment Metrics

To explore whether pretrained encoder embed-
dings are sensitive to conversational adaptation, we
analyze repeated STEM sign productions across
time. For each gloss g with multiple occur-
rences per signer, we extract embedding vectors
x1, x2, . . . , xT ∈ R

d for each production, using
mean-pooled and L2-normalized outputs from the
same encoders (I3D, SignCLIP).

We define:
• ∆cos = cos(xA

T
, xB

T
) − cos(xA

1 , x
B
1 ): change

in cross-signer similarity between first and last
tokens.

• sA→B: the slope of cos(xA
i
, xB

1 ) over i, indicat-
ing whether signer A becomes more similar to
signer B’s initial token over time.

• selfsimA = cos(xA
1 , x

A
T
): within-signer tempo-

ral stability.
We compute these metrics for all glosses withg 2

tokens per signer under both raw video and avatar-
rendered conditions. Positive values of ∆cos or
sA→B are interpreted as evidence of entrainment,
while negative values suggest signer-specific differ-
entiation or self-entrainment.

3.4.2. Sign Spotting Task

To test these models’ generalizability, we isolate
STEM productions from the dialogue (manually
annotated in §3.1) and evaluate them as search
queries in a continuous sign spotting task, where
the model searches a sentence-level sequence

4https://www.robots.ox.ac.uk/~vgg/

research/bslattend/data/bsl5k.pth.tar

https://drive.google.com/drive/folders/10q7FxPlicrfwZn7_FgtNqKFDiAJi6CTc
https://drive.google.com/drive/folders/10q7FxPlicrfwZn7_FgtNqKFDiAJi6CTc
https://drive.google.com/drive/folders/10q7FxPlicrfwZn7_FgtNqKFDiAJi6CTc
https://www.robots.ox.ac.uk/~vgg/research/bslattend/data/bsl5k.pth.tar
https://www.robots.ox.ac.uk/~vgg/research/bslattend/data/bsl5k.pth.tar


for matching occurrences of the query. Success
on this task could lead to downstream educational
technologies, such as searching a corpus of STEM
content for examples of a specific sign. We use the
isolated productions (described in §3.1) as queries
and search the dialogic and monologic sentences
using a sliding window with width = stride = 0.5
seconds. We additionally consider reformatting the
dialogic inputs as an avatar to reduce the noise
attributed to the motion capture suits.

We implement a baseline model that ranks can-
didate windows by cosine similarity to the query
embedding. From this ranking, we report recall
at k = {10, 50}, defined as the proportion of top-
k windows that overlap with the ground-truth sign
with intersection over union (IoU) g 0.3. We also
report mean reciprocal rank (MRR), computed as
the average of 1/rank(w) over all windows w with
IoU g 0.3.

4. Results

We first compare dialogue articulations with Vocab-
ulary baselines to characterize how signing style
differs across communicative contexts (§ 4.1). This
analysis primarily uses left and right hand motion
capture data, as the hands are the primary articula-
tors that account for the majority of articulatory ef-
fort and spatial contrast in signing. The subsequent
section expands the analysis to include more joints
to examine how these articulatory properties evolve
across repeated mentions within the dialogue, and
how that differs from a monologue context, such
as solo lecture and interpreted articles (§ 4.2). Fi-
nally, we evaluate whether current sign language
models can capture these lexical variations through
continuous sign spotting (§ 4.4) experiment, and
whether those embeddings are sensitive to articu-
latory adaptation in dialogue (§ 4.3).

4.1. Comparison with Vocabulary
Articulation

To quantify how dialogue signing diverges from iso-
lated vocabulary form and how it changes with rep-
etition, we computed per-sign differences in kine-
matic properties defined in Section 3.3 between
Dialogue data and Vocabulary conditions. In our
setup, the vocabulary signs produced by the stu-
dent serve as the baseline reference for both par-
ticipants. Each plotted trajectory (Figures 3) shows
the difference in a given metric relative to its vo-
cabulary baseline on the y-axis, as a function of
mention order on the x-axis. Thus, points below
zero indicate more compact articulation than the
vocabulary form, and the slope across mentions
indicates how this deviation evolves with repetition.

Path Length Difference As shown in Figure 3,
most signs show negative and decreasing ∆ Path
length across mention order. Although there are
clear inter-participant differences, these patterns
appear modulated by the communicative goals
of each role. The instructor shows relatively sta-
ble articulation across repetitions to ensure clarity,
whereas the student who often reuses STEM terms
already introduced by the instructor shows greater
reduction from vocabulary form. The average tra-
jectory line for each plot suggests a general down-
ward trend, but large standard deviations show that
the extent of reduction varies substantially by lexical
item and interactional context.

Duration Difference Across all STEM signs with
matching vocabulary baselines, signs were on av-
erage 24.6% shorter for the instructor, and 44.6%
shorter for the student, relative to their correspond-
ing vocabulary articulation, both statistically signif-
icant reductions (p < .01). These results suggest
that interactive signing involves not only spatial con-
traction but also temporal compression, which is
consistent with efficiency-driven adaptation (Tyrone
and Mauk, 2010; Hoetjes et al., 2014).

Sign Lowering No significant differences were
found in vertical hand position for either hand
(p > .2), suggesting that while dialogue articula-
tion exhibits clear spatial and temporal reduction,
it does not consistently involve a downward shift
relative to vocabulary baselines. This aligns with
prior findings that sign lowering is highly context
dependent and influenced by various factors such
as sentence position, coarticulatory effects and
prosody (Tyrone and Mauk, 2012).

4.2. Repeated Mention Analysis

To quantify articulatory reduction across repeated
mentions of a sign, we computed relative percent-
age change using the first occurrence of each sign
as a baseline. For every sign that appeared at
least twice in the corpus, we extracted joint-level
motion features for all mentions and calculated the
proportional reduction of each subsequent token
relative to its first mention. This approach controls
for signer-specific baseline differences in articula-
tion while comparing within-sign trajectories across
repetitions.

For each joint, we then tested whether the degree
of reduction increased systematically with mention
order using Spearman rank correlations (Spear-
man, 1961) between mention index and percent
reduction. Positive correlations indicate reduction
(i.e., smaller spatial extent or path length, or faster
velocity) as a function of repetition. Table 1 reports
the resulting correlations for the instructor’s produc-



Figure 3: Path length differences between dialogue and vocabulary articulation for left and right hands as
a function of mention order. Colors correspond to individual signs and the bolded black line is the mean
with standard error. A value of 0 indicates no difference between dialogue and vocabulary path lengths.
Negative values indicate shorter trajectories in dialogue. Overall, dialogue signing shows consistently
shorter and progressively reduced movement paths relative to vocabulary signs.

Joint
Spatial Reduction Path Reduction Velocity Increase

Dialogue Monologue Dialogue Monologue Dialogue Monologue

Fingers (L) +0.66*** −0.41* (−) +0.63*** −0.24 (−) −0.52** +0.23 (−)

Fingers (R) −0.08 −0.17 (+0.54) +0.09 −0.33 (+0.78) +0.14 +0.28 (+0.45)

Hand (L) +0.71*** −0.29 (+0.34) +0.68*** −0.35 (+0.34) −0.55** +0.50** (+0.19)

Hand (R) +0.30 −0.34 (+0.30) +0.62*** −0.39* (+0.64) −0.12 +0.48** (+0.48)

Forearm (L) +0.48* −0.25 (+0.73*) +0.64*** −0.34 (+0.41) −0.36 +0.41* (+0.44)

Forearm (R) −0.04 −0.38* (+0.66) +0.24 −0.41* (+0.66) −0.05 +0.51** (+0.57)

Arm (L) +0.44* −0.23 (+0.40) +0.50* −0.33 (+0.35) −0.48* +0.45* (+0.06)

Arm (R) +0.35 +0.08 (+0.62) +0.23 −0.12 (+0.57) +0.04 +0.15 (+0.66)

Table 1: Relative Change Analysis (Spearman correlation). Stars denote significance (* p < .05, **
p < .01, *** p < .001). Values in the parentheses indicate the interpreter condition, and non-parenthesized
monologue values correspond to the solo lecture by the same instructor in the dialogue condition. Dialogue
signing shows systematic spatial and temporal reduction, particularly in the left hand and arm, while
monologue and interpreter signing exhibits weaker, inverse or inconsistent trends. The Fingers (L) values
for the interpreter condition could not be computed due to Mediapipe failing to extract hand keypoints.

tions in the dialogue (§ 3.1) and monologue (§ 3.2)
contexts. Comparing with the monologue condition
(of the same instructor) allows us to study whether
articulatory reduction across repetitions arises from
individual tendencies toward effort reduction or
from adaptation to an interlocutor. Results for the
student signer are included in Appendix D, as the
limited number of repeated signs in the dialogue
(see Fig. 2) reduced the statistical power of within-
sign analyses.

4.2.1. Spatial Reduction

Spatial Extent and Path Length Both spatial ex-
tent and path length showed systematic reduction
across repeated mentions in the dialogue condi-
tion. The instructor showed significant positive cor-
relations between mention order and reduction for
several left-hand joints. This pattern may suggest
a phenomenon known as weak drop in which one
hand (typically the non-dominant hand) is omitted
during production of a two handed sign (Padden
and Perlmutter, 1987).

In contrast, the monologue condition showed
little evidence of spatial reduction and, in some
cases, negative correlations. This likely reflects
the communication goals of lecture-style signing,
where clarity and precision take precedence over
articulatory economy.

4.2.2. Temporal Reduction

Average Velocity Temporal metrics revealed sim-
ilar patterns. In the dialogue condition, several
left-side joints exhibited significant negative corre-
lations between motion order and velocity increase.
In contrast, positive correlations were found for
some right-side joints in the monologue, which may
reflect emphasis through larger and more deliber-
ate motions to maintain clarity.

Articulation Duration In the dialogue condition,
the instructor’s sign durations decreased signifi-
cantly with repetition (r = 0.279, p < .001), indicat-
ing that signs become approximately 27.9% shorter



Figure 4: Sign productions plotted with respect to
their embeddings’ L2 distance to the mean of each
signer’s average and the group’s average.

Input Model MRR R@10 R@50

I3D 0.009 0.043 0.087
Dinst.

SignCLIP 0.004 0.000 0.000

I3D 0.003 0.000 0.000
D♦

inst. SignCLIP 0.003 0.000 0.000

I3D 0.013 0.048 0.095
Dstud.

SignCLIP 0.003 0.000 0.000

I3D 0.011 0.048 0.095
D♦

stud. SignCLIP 0.013 0.048 0.095

I3D 0.026 0.086 0.229
Minst.

SignCLIP 0.021 0.029 0.171

I3D 0.005 0.000 0.071
Mwiki

SignCLIP 0.010 0.000 0.214

Table 2: Retrieval performance (mean reciprocal
rank, recall@k) by input context and encoder. Key:
D=dialogue, M=monologue, ♦=avatar rendering.

on average over repeated mentions. The student
data followed a similar trend (r = 0.295, p < .001).
These reductions across interlocutors suggest a
temporal entrainment effect, where both signers
adapt their articulatory timing patterns over the
course of interaction (Brennan, 1996; Garrod and
Anderson, 1987). In the monologue, by contrast,
no significant duration change was found (r =
0.026, p = 0.895). The absence of reduction when
signing alone further suggests that the observed
compression in dialogue arises from interactional
adaptation rather than articulatory efficiency.

4.3. Embedding-Based Entrainment

Having examined the effect of pragmatic context
using kinematic measures, we now evaluate the
learned representations from pre-trained sign lan-
guage models.

We focus on the SignCLIP encoder, excluding
I3D due to near-zero variation across time (∆cos <
0.0002). This is likely a result of the model’s train-
ing on frontal videos, which mismatches the side-
facing camera perspective in our dataset. By con-
trast, SignCLIP operates on normalized pose in-
puts. Three signs met the minimum requirement of
n > 1 productions for each signer: mitosis, photo-

synthesis, and cell.
All signs exhibit a clear increase in cross-signer

similarity from the first to the last repetition, with
∆cos > 0 for all three (cell: +0.0070, mitosis:
+0.0422, photosynthesis: +0.0785), providing lim-
ited evidence of entrainment.

The student’s self-similarity is consistently higher
than the instructor’s across all signs with average
scores of selfsimstud. = 0.963 and selfsiminst. =
0.942 across the three signs. This indicates that
the student’s productions remained more internally
stable across time.

Slope-based analyses show that the student
tends to diverge slightly from the instructor
sstud.→inst. < 0, with slopes of−0.0329 for photosyn-

thesis, −0.0022 for cell, and +0.0039 for mitosis.
Instructor-to-student slopes are consistently posi-
tive, with slopes of 5e−4, 9e−4, 1e−4 respectively.

Figure 4 visualizes each embedding xt’s align-
ment relative to the mean embeddings of the stu-
dent µstud. and instructor µinst.. To quantify this align-
ment along a single axis, we compute a similarity
score by projecting xt onto the line that connects
the signer means, and scale to [−1, 1]:

sim(xt) =
2(xt − µinst.)

¦(µstud. − µinst.)

∥µstud. − µinst.∥2
− 1

The student’s embeddings generally move away
from the instructor’s mean (by a small amount)
while the instructor’s move toward the student’s.
Taken together, these patterns suggest that the in-
structor adapted more to the student’s signing than
vice versa, consistent with instructor-side entrain-
ment rather than student convergence. However,
these findings are limited by the models’ perfor-
mance on recognition tasks, like sign spotting.

4.4. Sign Spotting

We evaluate sign spotting performance using pre-
trained encoders across the four contexts. Table 2
reports MRR and recall at k = {10, 50}.

Performance varies widely across signer and
context. The highest scores are observed in the

https://www.aslcore.org/biology/entries/?id=mitosis
https://www.aslcore.org/biology/entries/?id=photosynthesis
https://www.aslcore.org/biology/entries/?id=photosynthesis
https://www.aslcore.org/biology/entries/?id=cell
https://www.aslcore.org/biology/entries/?id=cell
https://www.aslcore.org/biology/entries/?id=mitosis
https://www.aslcore.org/biology/entries/?id=photosynthesis
https://www.aslcore.org/biology/entries/?id=photosynthesis
https://www.aslcore.org/biology/entries/?id=photosynthesis
https://www.aslcore.org/biology/entries/?id=cell
https://www.aslcore.org/biology/entries/?id=mitosis


Instructor-monologue condition, with I3D achiev-
ing the top MRR of 0.026 and SignCLIP close be-
hind at 0.021. This aligns with expectations, as
the monologue setting most closely resembles the
direct-facing data seen during model pretraining.
In contrast, the dialogue settings consistently lead
to lower performance.

Searching over the student’s signing yields
slightly better results than the instructor’s, with I3D
scoring 0.013 MRR in the former compared to 0.009
in the latter. This asymmetry supports the hypothe-
sis that query and search embeddings drawn from
the same signer are more similar in latent space
than embeddings drawn across signers. SignCLIP,
however, performs poorly in both dialogue contexts,
failing to retrieve any correct items within the top-50
ranks. When the student’s signing is rendered with
an avatar, the SignCLIP model gains 0.01 MRR, but
in all other cases the avatar reduced performance.

Overall, the findings confirm that signer identity
and pragmatic context heavily influence retrieval
outcomes. No encoder achieves strong perfor-
mance across all conditions, suggesting that cur-
rent sign-receptive models do not generalize well
to lexical innovations, such as in STEM contexts.
Furthermore, high performance in monologue but
low recall in dialogue highlights the need for models
that are robust to pragmatic variation and signer-
specific features.

5. Discussion

This work provides the first quantitative evidence
that pragmatic adaptation in sign language follows
measurable articulatory principles comparable to
spoken dialogue (Zipf, 2016; Kanwal et al., 2017; Pi-
antadosi et al., 2011). Signs produced in dialogue
were both spatially and temporally reduced relative
to isolated sign articulations, with reductions inten-
sifying across repeated mentions. These findings
mirror the functional pressures toward articulatory
economy observed in spoken language (Zipf, 2016;
Lindblom, 1990).

Significant reductions in left hand and arm move-
ments indicate selective economization of non-
dominant articulators, consistent with the weak
drop phenomenon (Padden and Perlmutter, 1987).
This suggests that pragmatic adaptation in sign
language is not a uniform compression but a tar-
geted modulation that preserves communicative
clarity while minimizing redundant effort. Addition-
ally, different patterns in the instructor and the stu-
dent’s signing suggest that communicative goals
and power dynamics may exert pressure upon
signed productions. We observed that the instruc-
tor was more likely to sign slowly and match the
student’s signing. The instructor may prioritize clar-
ity and match the student’s articulations, while the

student aims for conciseness and demonstrates a
lesser tendency to align with the instructor’s sign-
ing.

From a computational perspective, our findings
highlight the gap between linguistic adaptation and
machine representation. Although current sign
embedding models such as SignCLIP and I3D
achieve high accuracy on interpreter and isolated
sign benchmarks, their performance degrades in
interactive settings that feature pragmatic variation.
This suggests that these models largely capture
lexical and visual regularities but fail to encode the
gradient articulatory variability characteristic of real-
world signing.

Our results highlight a broader limitation in how
current sign language technologies conceptualize
variation: models are trained to recognize the sign
produced, but not how or why it varies. By incor-
porating motion capture kinematics into dialogue
analysis, this study emphasizes the importance
of modeling approaches that view signing as an
adaptive and interactional system, rather than a
sequence of static lexical items.

6. Conclusion

This study presented an empirical analysis of how
dialogic ASL signing differs from isolated vocabu-
lary and monologic articulations through quantita-
tive analyses of motion capture recording in STEM
discourse. Using continuous spatial, temporal, and
vertical motion metrics, we found that dialogic sign-
ing is characterized by articulatory reduction, which
is absent in solo lecture contexts. Our analyses
further revealed that current embedding models
struggle to generalize to such pragmatic variation
due to the limitations of training paradigms that rely
predominantly on interpreter or isolated vocabulary
data.

By modeling how STEM signs are adapted in
interactive ASL dialogue, our findings highlight the
importance of developing educational technologies
and sign language models that are robust to prag-
matic variation. Future work should extend these
analyses to larger datasets, diverse signers, and
additional discourse contexts to better understand
how communicative pressures drive articulatory
adaptation across modalities.

Limitations

Data Limitations While our dataset provides a
unique and naturalistic ASL dialogue grounded in
STEM education, it remains limited in scope. The
number of participants is small, consisting of a
single instructor–student pair, and the duration of
the recorded dialogue (8.52 minutes) restricts the
range of lexical and interactional variation that can



be analyzed. For example, a different pair of inter-
locutors are likely to use different regional variations
for STEM concepts and may show different levels
of entrainment and effort reduction. Consequently,
our findings should be interpreted as a case study
rather than generalization.

The video modality of the dialogue features par-
ticipants wearing black body suits, which creates
visual noise for both human annotators and ma-
chine learning models. We attempted to remedy
this effect with an avatar-based rendering of the
motion capture data; nonetheless, both formats are
considerably out-of-distribution for the pretrained
models, as evidenced by our findings.

Annotation Challenges The authors who an-
notated the ASL data are hearing signers. Ad-
ditionally, the analyses were conducted by hear-
ing signers and non-signers. This lack of annota-
tion and analysis directly from native ASL users
may introduce bias into the analyses and interpre-
tations, potentially leaving out certain valid explana-
tions of the observed phenomena or undermining
the quality of the annotations. Proofing was con-
ducted across both signers’ annotations; however,
judgments about translation correctness and sign
start/stop frame are inherently subjective.

One challenge of annotating ASL and other sign
languages is the three-dimensional nature of the
languages and the lack of a widely accepted writ-
ing or annotation system. Because of this gap,
language researchers have historically relied on
glossing ASL with words borrowed from English.
This presents several problems: 1) glosses cho-
sen are often not consistent, leading to confusion
about which sign is meant, 2) the English mean-
ing of the word chosen often does not line up with
the meaning of the ASL sign which it is supposed
to represent, which can introduce skews in under-
standing when communicating about signs, 3) the
written gloss does not show the form of the sign,
leading to a lack of access for researchers who do
not already sign. The SLAASH ID Glossing Princi-
ples (Hochgesang, 2022) address some of these
longstanding issues. They emphasize the impor-
tance of bridging the distance between actual sign
production and the data presented to researchers
by linking annotations directly to video and always
providing a video link for signs that are glossed.

Ethical Considerations

Given that ASL is a low-resource language and the
language closely associated with a minority com-
munity in the United States (and to some extent,
other languages), we note the importance of hav-
ing cultural and linguistic knowledge that derives
from lived experience, and not only academic study.

Multiple authors of this paper use ASL in their daily
or workday lives and have concrete connections
within Deaf communities of the United States. One
author/project leader is a Deaf fluent signer, as was
the "instructor" in the motion capture dataset. We
recognize the inherent difficulties and weaknesses
of carrying out research on minority languages with
sizable research teams whose relationships to the
languages vary widely, and hope that by sharing
our positionality, we may be better able to “join the
conversation" regarding signed language research
and emerging technologies (Desai et al., 2024).

The influence of pragmatics is complex, and nei-
ther the data introduced in this work nor the anal-
yses we conducted are fully representative of this
complexity. This limitation is especially important
in educational contexts, where a diverse range of
learning preferences, cultural backgrounds, and
ways of languaging influence the surface form of
signing. The work presented here represents an
early attempt to computationally characterize spe-
cific aspects of sign language pragmatics and in-
form further research on this topic.
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A. Full List of STEM Signs

This appendix summarizes the STEM vocabulary
used in both the isolated vocabulary condition de-
scribed in § 3.1. Table 3 reports the unique STEM
terms included in the dataset and the number of
distinct signed variants observed for each term.

STEM Term # Distinct Signed Variants

System 3

Energy 2

Species 3

Theory 2

Cell 3

Plant 2

Carbon 2

Gas 3

Iron 2

Mass 2

Chemical 2

Element 2

Oxygen 5

Organism 2

Properties 3

Photosynthesis 4

Chloroplast 1

Chlorophyll 1

Carbon Dioxide 2

Glucose 2

Autotrophs 1

Chemical Equation 4

Oxidation 2

Reduction 2

Cell Respiration 2

Mitosis 5

Meiosis 1

DNA 1

DNA Replication 1

DNA Transcription 1

DNA Translation 2

Table 3: Unique STEM terms and the number of
distinct signed variants observed in the dataset.
Variants include fingerspelled forms and annotated
phonological alternatives.

B. Keypoint Mapping

To ensure comparability between the 3D motion
capture data and 2D MediaPipe outputs, we man-
ually defined a correspondence between the mo-
tion capture joint names and MediaPipe’s landmark
indices. Table 4 lists the specific MediaPipe key-

Figure 5: Example frames from avatar rendered
motion capture recordings.

points corresponding to each motion capture joint
for both the right and left sides of the body.

C. Avatar Examples

Figure 5 shows example frames from the avatar
rendered versions of the motion capture recordings
used in our experiments. Using Unity, we rendered
3D humanoid avatars driven by the recorded 3D
joint trajectories. Avatar rendered videos were used
exclusively for evaluating pretrained sign language
models (§ 3.4), in order to assess whether reduc-
ing out-of-distribution visual noise improves model
performance.

D. Relative Change Analysis -
Student

This section reports the relative change analysis
for the student signer, conducted using the same
method described in § 4.2. For each joint, we com-
puted Spearman rank correlations between men-
tion index and the percentage change in spatial
extent, path length, and velocity across repeated
mentions of the same sign. Positive values indicate
articulatory reduction (i.e., smaller movements or
increased efficiency) with repetition.

As shown in Table 5, compared to the instructor,
the student produced fewer repeated signs, which
limited the statistical power of within-sign analyses.
None of the correlations reached significance. This
suggests no consistent pattern of reduction across
repetitions for the student signer in the dialogue
condition.



Joint Name Mediapipe Keypoint

Right

RightArm pose_12

RightForeArm pose_14

RightHand pose_16

RightHandMiddle1 right_hand_9

RightHandMiddle2 right_hand_10

RightHandMiddle3 right_hand_11

RightHandMiddle4 right_hand_12

RightHandRing right_hand_13

RightHandRing1 right_hand_14

RightHandRing2 right_hand_15

RightHandRing4 right_hand_16

RightHandPinky right_hand_17

RightHandPinky1 right_hand_18

RightHandPinky2 right_hand_19

RightHandPinky4 right_hand_20

RightHandIndex right_hand_5

RightHandIndex1 right_hand_6

RightHandIndex2 right_hand_7

RightHandIndex4 right_hand_8

RightHandThumb1 right_hand_1

RightHandThumb2 right_hand_2

RightHandThumb3 right_hand_3

RightHandThumb4 right_hand_4

Left

LeftArm pose_11

LeftForeArm pose_13

LeftHand pose_15

LeftHandMiddle1 left_hand_9

LeftHandMiddle2 left_hand_10

LeftHandMiddle3 left_hand_11

LeftHandMiddle4 left_hand_12

LeftHandRing left_hand_13

LeftHandRing1 left_hand_14

LeftHandRing2 left_hand_15

LeftHandRing4 left_hand_16

LeftHandPinky left_hand_17

LeftHandPinky1 left_hand_18

LeftHandPinky2 left_hand_19

LeftHandPinky4 left_hand_20

LeftHandIndex left_hand_5

LeftHandIndex1 left_hand_6

LeftHandIndex2 left_hand_7

LeftHandIndex4 left_hand_8

LeftHandThumb1 left_hand_1

LeftHandThumb2 left_hand_2

LeftHandThumb3 left_hand_3

LeftHandThumb4 left_hand_4

Table 4: Mapping between motion capture joints
and Mediapipe keypoints.

Joint Spatial Path Velocity

Fingers (L) +0.231 +0.137 +0.171

Fingers (R) +0.334 +0.352 −0.297

Hand (L) +0.309 +0.309 −0.160

Hand (R) +0.302 +0.322 −0.290

Forearm (L) +0.137 −0.005 +0.265

Forearm (R) −0.071 −0.154 −0.070

Arm (L) +0.188 +0.147 +0.114

Arm (R) −0.030 −0.233 +0.114

Table 5: Relative Change Analysis (Spearman cor-
relation). Stars denote significance (* p < .05, **
p < .01, *** p < .001). None of the correlations
reached significance.


