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Abstract

Recurrent gestures are conventionalized ges-
tures with a stable relationship between form
and meaning. One such gesture is the palm
up open hand (PUOH) gesture, typically pro-
duced by extending the fingers and rotating the
lower arm so that the palm faces upward. The
gesture is attested across many languages and
cultures and is often used to present a point, yet
little is known about the forms and functions it
takes in Dutch. Automatic gesture recognition
could reduce the manual labor that quantita-
tive gesture studies require, but recognizing
this gesture is difficult, partly because of the
large amount of variation present in its form.
This paper compares two gesture recognition
approaches on a newly collected corpus of nat-
uralistic Dutch dyadic conversation: a static
model that takes single images as input and a
dynamic model that takes video clips as input.
Both models are trained and tested with vary-
ing amounts of gesture-form variation included
in the data. The static model is found to be less
affected by this variation and to yield overall
better results than the dynamic model. Our re-
sults illustrate some of the central challenges
that gesture recognition systems face in recog-
nizing the PUOH gesture and offer insights that
may improve performance in future studies of
multimodal, face-to-face behavior.

1 Introduction

Gestures are an important part of face-to-face com-
munication. They carry pragmatic and semantic
information that adds a further layer of meaning to
spoken language, and are attested across cultures
(Kendon, 2004; Kita, 2009), ages (Feyereisen and
De Lannoy, 1991), and communicative contexts
(McNeill, 1992; Chu et al., 2014), including in
children at the one-word stage (Iverson and Goldin-
Meadow, 2005) and in congenitally blind speak-
ers talking to blind listeners (Iverson and Goldin-
Meadow, 1998; Chu et al., 2014).

Recurrent gestures are one gesture type that has
only recently attracted sustained attention in ges-
ture studies: a gesture is recurrent if it “is used
repeatedly in different contexts and its formational
and semantic core remains stable across different
contexts and speakers” (Müller, 2010, p. 41). Qual-
itative work on recurrent gestures exists (Ladewig,
2014; Bressem and Müller, 2014), but quantitative
work is rare, as it typically requires large amounts
of costly, time-consuming manual annotation.

A possible solution is to use automatic gesture
recognition models to support annotation, for in-
stance by flagging candidate gestures for human
annotators to label. However, such models are dif-
ficult to train, in part because of the high degree of
variation present within and across individuals pro-
ducing the same gesture; a recognition model must
generalize across this variation to classify gestures
correctly.

This paper investigates the broad question of
how gesture recognition models can recognize re-
current gestures in Dutch, focusing on the palm up
open hand (PUOH) gesture, in which the speaker
rotates the lower arm to present the palm to an inter-
locutor, often to make a point. A preliminary anal-
ysis of our newly collected corpus of Dutch dyadic
conversation found this gesture to be highly fre-
quent, consistent with prior qualitative work show-
ing it is used across spoken and signed languages
(Müller, 2004; Cooperrider et al., 2018), but no
existing work was found on the forms this gesture
takes specifically in Dutch. This motivates two
more specific research questions:

RQ1: What forms does the palm up open
hand recurrent gesture take in Dutch?

RQ2: How can gesture recognition mod-
els recognize these gestures, in particular
with respect to (a) individual variation
and (b) limited training data?
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This work is exploratory: although the PUOH
gesture is among the most extensively studied re-
current gestures qualitatively, no prior study was
found that attempts to detect it automatically with
machine learning. Given this, and given the small
size of the available data set, the goal is not to build
the best-performing model, but to compare two
model types with a focus on understanding how
they work, which factors affect their performance,
and which challenges they face.

One such factor that may impact performance is
variation in gesture form. The different forms of
the PUOH gesture lie on a continuum, ranging from
a small finger lift to an extension of the entire arm
(Cienki, 2021). A model must generalize across
these variants to recognize the gesture reliably. A
second factor is the limited availability of train-
ing data, which typically induces class imbalance,
since speakers spend far more time not producing a
PUOH gesture than producing one. Restricting the
positive class to fewer form variants reduces this
imbalance but further limits the amount of positive
training data, creating a trade-off that this work
investigates directly.

The contributions of this paper are threefold:
(1) a small annotated corpus of naturalistic Dutch
dyadic conversation, part of which will be made
available to other researchers upon request, in line
with participant consent; (2) an empirical charac-
terization of the forms the PUOH gesture takes
in Dutch (RQ1); and (3) two gesture recognition
models, trained and evaluated across conditions
that vary in form-variation and data-imbalance, to-
gether with an analysis of the trade-offs between
them (RQ2).

2 Related Work

Recurrent gestures. Interest in recurrent ges-
tures is a relatively recent development within lin-
guistics, although related phenomena were long
studied under different names in rhetoric and act-
ing (Loeb, 1912; Mosher, 1916; Ott, 1902). Early
linguistic treatments used terms such as pragmatic
gestures (Kendon, 1995; Streeck, 2005, 2009) or
interactive gestures (Bavelas et al., 1992, 1995);
Ladewig (2014) argued these terms fail to cap-
ture the language-like properties of such gestures,
and the term recurrent gesture was later coined
within the “Towards a Grammar of Gesture” project
(Müller et al., 2013). Recurrent gestures resem-
ble emblematic gestures in showing a stable form–

meaning relationship, but unlike emblems they
always act on or accompany a verbal utterance
rather than replacing it (Bressem and Müller, 2014).
Recurrent gestures can serve either a referential
function (depicting objects, actions, or events,
typically co-expressed with speech) or a meta-
communicative function as a speech performative,
acting on the discourse structure or expressing an
attitude (Ladewig, 2014; Teßendorf, 2014).

The palm up open hand (PUOH) gesture. The
PUOH gesture combines a rotation of the lower
arm, so the palm faces upward, with an extension
of the fingers, and occurs frequently across spoken
and signed languages (Cooperrider et al., 2018).
Müller (2004) described it as metaphoric, rooted in
the practical actions of giving and receiving, with
giving-related senses (e.g., presenting an object for
joint inspection) and receiving-related senses (e.g.,
expressing not knowing). Kendon (2004) termed
it the “open hand supine” and distinguished palm
presentation, palm addressed, and palm lateral vari-
ants, associated respectively with explaining or
summarizing, acknowledging or offering, and ex-
pressing unwillingness, obviousness, or a rhetori-
cal stance. Quantitative studies remain rare: Chu
et al. (2014) found that palm-revealing and con-
duit gestures (subtypes of PUOH) made up about
24% of all gestures produced while participants
defined phrases and solved social dilemmas, and
that their frequency correlated with participants’
empathy scores. Jehoul et al. (2017), analyzing
roughly eight hours of Flemish Dutch conversation,
found the palm lateral variant to be the most fre-
quent marker of obviousness, supporting Kendon’s
account. No existing work was found on which
PUOH forms occur in Dutch specifically, which
the present corpus addresses.

Gesture recognition. Automatic recognition is
one way to reduce the annotation cost that limits
quantitative gesture research (Xu, 2017; Zou et al.,
2018; Tateno et al., 2019; Ojeda-Castelo et al.,
2022). Within hand-gesture recognition, vision-
based approaches (Sinha et al., 2019) are more com-
mon than sensor-based (glove) approaches (Kim
et al., 2019), since gloves are more invasive and
may alter how participants gesture. A further
distinction is between static recognition, which
classifies poses (commonly using SVM, k-NN, or
clustering methods; Cheok et al., 2019; Tharwat
et al., 2015; Kurdyumov et al., 2011), and dynamic
recognition, which classifies movements over time
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(commonly using dynamic time warping or Hid-
den Markov Models; Al-Shamayleh et al., 2018;
Darrell and Pentland, 1993; Chen et al., 2003). Rec-
ognized challenges in this field include temporal
variance (the same gesture produced at different
speeds), spatial complexity (the same gesture pro-
duced at different sizes, locations, or orientations),
sensitivity to camera angle, the cost of annotated
training data, and the difficulty of segmenting ges-
tures that occur in continuous, sometimes cyclic
sequences (Nam and Wohn, 1996).

Variation as signal, not noise. Both linguistics
and NLP have tended to treat data variation as
noise to be eliminated, despite variation being a
core feature of language use through which speak-
ers express identity and social affiliation (Curry
et al., 2024). Schmidt (2010) distinguishes micro-
(individual), meso- (group), and macro- (standard-
language) levels of linguistic “variation space,” and
observes that NLP typically models only the macro-
level, treating other variation as disruptive (Plank,
2016). Lutgen et al. (2026) argue that data selec-
tion should be guided by which varieties should
be represented rather than by data volume alone,
illustrated by Ramponi (2024)’s speaker-centric
critique of NLP for non-standard Italian. In the
specific case of PUOH gestures, Cienki (2021)
argues that existing gesture-description systems
based on external features (hand shape, palm orien-
tation, direction and manner of motion; Stokoe Jr,
1960/2005; McNeill, 1992; Bressem et al., 2013)
fail to capture the continuum linking different
PUOH forms, and proposes instead the internal,
joint-based kinesiological system of Boutet et al.
(2018), which describes gestures in terms of flex-
ion/extension, abduction/adduction, rotation, and
supination/pronation at each joint. This system
is adopted for the annotation scheme used in the
present study (Section 3).

3 Data

3.1 Collection
Data collection followed the methodology of
Cienki et al. (Forthcoming) (briefly described in
Cienki et al., 2025; Prokofyeva et al., 2025) and
was approved by the host institution’s Research
Ethics Review Committee. Recordings took place
over three days in classrooms with a neutral back-
ground, with two participants seated at a 90 angle
in front of a table holding a laptop. Three GoPro
cameras (two HERO12 Black, one HERO9 Black)

Figure 1: Schematic representation of the setup used for
data collection as described in Sec. 3.

were used (one overview camera and one individ-
ual camera per participant) together with a lapel
microphone per participant (Fig. 1).

Ten pairs of native Dutch-speaking students who
already knew each other (N=20, 13 female) took
part, recruited on a university campus and compen-
sated with a gift card. Each pair first watched a
short video about artificial intelligence (AI)(with
a Dutch voiceover) as a shared conversational
prompt, then discussed a series of questions for
up to 20 minutes. Gestures were not mentioned to
participants at any point, to avoid drawing attention
to them. Minor data-collection issues occurred, in-
cluding one camera losing roughly half of one ses-
sion’s recording due to an SD-card fault, a camera
tilting out of position on the first day, and a brief in-
terruption to charge equipment; two conversations
were briefly interrupted by the experimenter for
unrelated reasons (a participant consulting a phone,
and a participant becoming distracted by suspicion
about the study’s purpose).

3.2 Annotation

Recordings were synchronized in Adobe Premiere
Pro and annotated in ELAN (Max Planck Insti-
tute for Psycholinguistics, The Language Archive,
2026), marking the full gesture (stroke, hold, re-
traction) where possible. Annotations were di-
vided into a positive class (PUOH gestures) and
a negative class (all other (non-)gestures), each
with four subclasses. Following the joint-based de-
scription in Cienki et al. (2025), positive-class in-
stances were labeled by which parts of the arm and
hand were involved: thumb lift (TL; thumb only),
hand turnout (HT; wrist rotation), open hand diago-
nal (OHD; elbow rotation/extension), and palm up
open hand (PUOH; shoulder rotation/extension),
treated as increasingly larger points on Cienki’s
continuum. Negative-class instances were labeled
as other gesture (OG), self-adapter (SA; e.g., fid-
geting, adjusting hair), no gesture (NG), or un-
sure (US; gestures resembling PUOH in form but
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Figure 2: Example image of a participant making a
positive-class gesture (affirmative PUOH; Cienki et al.
(2025)) as used in the static model data.

Figure 3: Example image of a participant making a
negative-class gesture (non-PUOH) as used in the static
model data.

judged, by native-speaker intuition, to serve a dif-
ferent function, e.g. iconic). For the static model,
one image was manually captured at the hold of
each gesture (or, where no clear hold existed, at
the point where the hands were most in focus); for
the dynamic model, video clips were extracted au-
tomatically from the annotation boundaries, with
individual per-participant videos trimmed from the
overview and side cameras and mirrored for right-
seated participants to control for handedness effects
related to seating position. Figure 2 shows an ex-
ample of a screenshot of a positive-class instance
used for the static model. Figure 3 shows the same
for a negative-class instance.

The full corpus comprises 3h04m40s of record-
ing, 1,812 annotated instances (567 positive, 1,245
negative; Tables 1 and 2), with positive clips av-
eraging 1.58s and negative clips 1.90s in duration.
Within the positive class, open hand diagonal was
the most frequent subclass (298 instances) and
thumb lift the least frequent (12); within the neg-
ative class, other gesture was most frequent (580)
and unsure least frequent (139). The number of ges-

Class Subclass Total

Positive

Thumb lift 12
Hand turnout 114

Open hand diagonal 298
Palm up open hand 143

Total 567

Negative

Other gesture 580
Self-adapter 247
No gesture 279

Unsure 139
Total 1245

Overall Total 1812

Table 1: Total number of occurrences of classes and sub-
classes of palm up open hand (PUOH) gestures. Positive
indicates affirmative PUOH gesture; negative indicates
another gesture type.

Min Max Avg Total
Recording length 10:20 20:19 18:28 3:04:40
Positive instances 4 135 57 567
Negative instances 41 190 125 1245

Table 2: Corpus statistics across ten recording sessions
(min/max/avg per session, and totals). Instances refer to
PUOH gestures.

tures produced varied considerably across partici-
pants (22–197 total gestures, excluding the session
with the camera fault; average 98.17), as did the
proportion that were positive-class gestures (0.05–
0.50, average 0.29), consistent with known individ-
ual variation in gesture use (Chu et al., 2014); no
instances were excluded from the data set on this
basis, since such variation reflects genuine differ-
ences among language users.

4 Models

Two gesture recognition approaches were com-
pared: a static model, which classifies single im-
ages, and a dynamic model, which classifies video
clips. Because this project was conducted within
the scope of a master’s thesis, the model selection
was heavily influenced by the limited time and re-
sources available. While this means that the results,
do not reflect the abilities of state-of-the-art ges-
ture detection models, they do shine light on some
differences between gesture detection models, as
well as challenges that need to be tackled in the
future. All code will be made publicly available
upon acceptance.

4.1 Static Model

The static model adapts Tokhirov (2023), who
trained several classifiers on MediaPipe hand land-
marks (21 joint coordinates per hand; Fig. 4) to
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distinguish four webcam-recorded hand shapes,
one of which closely resembles the PUOH hand
shape (though facing the camera rather than up-
ward). Of the three classifiers Tokhirov compared
(a dense neural network, XGBoost, and random for-
est), the random forest performed best while also
being the fastest, and is adopted here, retrained as
a binary classifier on the present, more naturalistic
data (which, unlike Tokhirov’s, contains variation
in gesture form, viewing angle, lighting, and 20
distinct speakers).

4.2 Dynamic Model

The dynamic model adapts the convolutional ar-
chitecture of Pouw (2024), itself based on Yung
(2022), which uses MediaPipe Holistic to extract
29 features per 25-frame window (16 hand-related,
plus rotation, facial, and body-distance features,
together with their time-derivatives and standard
deviations). The network has three convolutional
layers (32, 64, and 128 filters) with pooling be-
tween layers, and outputs a probability of motion
for each window together with probabilities for
each gesture type; following Pouw (2024), a mo-
tion threshold of 0.5 and a gesture threshold of 0.9
are used to assign labels. Two changes were made
to the original design: the model was trained for
5 rather than 500 epochs, owing to computational
constraints (a limitation discussed in Section 8),
and, since one label per clip (rather than per win-
dow) was required, the highest per-clip motion and
PUOH probabilities were used to assign the clip-
level label.

5 Experimental Setup

Both models were trained and tested with a
70/30 split, balanced across the eight subclasses.
Conditions varied the subclasses included in the
positive class (six combinations for the static
model: PUOH-only, OHD-only, HT+TL-only,
PUOH+OHD, OHD+HT+TL, and All-Variants,
merging TL with HT owing to its low frequency)
and in the negative class (with or without the Un-
sure subclass), to test how increasing variation and
class imbalance affect performance. Owing to its
longer training time, the dynamic model was eval-
uated on a subset of four conditions (OHD-only
and All-Variants, each with and without Unsure).
A follow-up experiment repeated the static-model
conditions with a fixed sample size (250 images
per class) to disentangle the effect of variation from

Figure 4: Overview of the 21 landmarks that are tracked
by MediaPipe handtracking (source).

that of sample size.
Models were evaluated using accuracy, preci-

sion, recall, and macro F1 (the unweighted mean
of per-class F1, giving equal weight to each class
regardless of size), since accuracy alone can be
misleadingly high under class imbalance.

6 Results

6.1 Static Model

Table 3 shows the main experiment results. The
best recall and F1 (0.60, 0.75) were obtained in
the All-Variants/Without-US condition; the best ac-
curacy (0.91) in the HT+TL-only conditions and
PUOH-only/Without-US; and the best precision
(0.83) in HT+TL-only/Without-US. Of the single-
variant conditions, OHD-only performed best. Ex-
cluding the Unsure subclass improved results in
almost every condition; the one partial exception
was PUOH+OHD, where With-US gave marginally
higher precision and accuracy. Confusion matri-
ces (not shown for space) indicate that in the best-
performing condition, true negatives were most
common (290/494), followed by true positives
(108), false negatives (61), and false positives (35);
in the harder HT+TL-only/Without-US condition,
the model predicted a positive label for only 16
of 372 instances (7 correct), indicating a strong
majority-class bias.

The follow-up experiment, which fixed the sam-
ple size at 250 images per class, yielded more ho-
mogeneous results: OHD-only (both US condi-
tions) and All-Variants/Without-US all reached F1
and accuracy of 0.76, while All-Variants/With-US
performed worse (0.70). Relative to the main exper-
iment, precision, recall, and F1 improved in nearly
all conditions once sample-size was controlled for,
while accuracy decreased slightly, consistent with
accuracy’s sensitivity to class imbalance; this indi-
cates that the class-imbalance effect, not variation
in form itself, was largely responsible for the poorer
scores observed for smaller-subclass conditions in
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With-US Without-US
Condition F1 Acc F1 Acc
PUOH-only 0.63 0.90 0.71 0.91
OHD-only 0.68 0.84 0.74 0.85
HT+TL-only 0.50 0.91 0.59 0.91
PUOH+OHD 0.74 0.82 0.75 0.81
OHD+HT+TL 0.69 0.80 0.74 0.81
All-Variants 0.73 0.78 0.75 0.79

Table 3: Macro F1 and accuracy of the static model
(main experiment). Precision and recall are omitted
for space; the model achieved its highest recall (0.60)
and precision (0.83) in All-Variants/Without-US and
HT+TL-only/Without-US respectively.

With-US Without-US
Condition F1 Acc F1 Acc
OHD-only 0.45 0.55 0.53 0.59
All-Variants 0.26 0.30 0.27 0.33

Table 4: Macro F1 and accuracy of the dynamic model.
Precision and recall track F1 closely in all four condi-
tions (within 0.10).

the main experiment.

6.2 Dynamic Model

Table 4 shows the dynamic model’s results across
its four conditions. OHD-only/Without-US per-
formed best on every metric (precision, recall, F1
= 0.53; accuracy = 0.59); the All-Variants/With-US
condition performed worst on recall, F1, and ac-
curacy (0.34, 0.26, 0.30) despite a comparatively
high precision (0.48). Confusion matrices show
that in the two OHD-only conditions the negative
class was most frequently (and largely correctly)
predicted, whereas in the All-Variants conditions
the no-gesture label dominated predictions for all
classes: in All-Variants/With-US the positive la-
bel was predicted for only 16 of 167 true positive
clips (10 correct), and in All-Variants/Without-US
it was never predicted at all. This indicates that
increased variation in the positive class pushed the
model’s PUOH-probability below the 0.9 classifi-
cation threshold even for genuinely positive clips.

6.3 Individual Variation

Per-participant macro F1 was computed for the
best static model (All-Variants/Without-US) and
best dynamic model (OHD-only/Without-US) (Ta-
ble 5). Scores varied substantially across partic-
ipants: 0.36–1.00 for the static model and 0.32–
0.84 for the dynamic model. For the static model,
F1 correlated significantly and positively with a
participant’s number of test instances (Pearson’s
r = 0.46, p = 0.04), indicating sensitivity to per-

Static Dynamic
Participant F1 Sample F1 Sample

1L 0.44 5 0.44 5
1R 0.71 38 0.52 27
2L 0.38 5 0.84 7
2R 1.00 4 0.46 9
3L 0.60 41 0.34 45
3R 0.75 33 0.32 19
4L 0.46 13 0.49 13
4R 0.42 11 0.76 14
5L 0.63 28 0.54 28
5R 0.42 18 0.66 15
6L 0.69 23 0.35 20
6R 0.79 40 0.57 31
7L 0.85 61 0.50 45
7R 0.75 24 0.50 16
8L 0.80 15 0.43 9
8R 0.81 34 0.58 32
9L 0.60 30 0.44 26
9R 0.80 33 0.32 34
10L 0.78 24 0.33 12
10R 0.36 14 0.61 10

Table 5: Macro F1 score and sample size in test set per
participant for the All-Variants/Without-US condition
of the static model and the OHD-only/Without-US con-
dition of the dynamic model in the main experiment.

participant sample size; the one clear exception (a
perfect F1 from only four test instances) is likely
attributable to chance given the small sample. No
significant correlation was found for the dynamic
model (r = −0.28, p = 0.23).

7 Discussion

7.1 Interpretation

The static model’s results correlate strongly with
the relative size of the positive class: conditions
with more positive instances (e.g., All-Variants)
yield the best recall, precision, and F1, while con-
ditions with fewer positive instances (e.g., HT+TL-
only, PUOH-only) yield the highest raw accuracy,
an artifact of accuracy’s sensitivity to class imbal-
ance rather than evidence of better classification.
The follow-up experiment supports this: once sam-
ple size was controlled for, the model performed
worst specifically in the condition combining max-
imal positive-class variation with the Unsure sub-
class (All-Variants/With-US), suggesting that vari-
ation in the positive class and the presence of near-
miss negative instances compound one another, ei-
ther because Unsure gestures resemble specific pos-
itive subclasses that only co-occur in this condition,
or because greater positive-class variation broadens
the model’s implicit criterion for a positive label
enough to admit Unsure instances.

For the dynamic model, the reverse pattern held:
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performance was better with less positive-class vari-
ation (OHD-only) despite greater class imbalance,
and markedly worse under All-Variants, where the
model rarely predicted the positive label at all. A
plausible explanation is architectural: the static
model’s features describe only hand shape, and the
dynamic model’s features span the full body (arms,
shoulders, face), so that arm and shoulder move-
ments distinguishing larger PUOH variants may
be informative for the static model but a source of
noise for the dynamic one.

Both models showed comparable sensitivity to
individual variation in the participant-level analysis,
though only the static model showed a significant
relationship with sample size, suggesting the two
models may be sensitive to different sources of
inter-participant variation.

7.2 Error Analysis

A qualitative error analysis (samples of 10 im-
ages/videos per confusion-matrix category) sur-
faced three recurring patterns for both models.
First, both models appear more sensitive to hand
shape (open vs. closed) than to hand orientation
(palm up vs. down): open hands with the palm
facing down were repeatedly misclassified as posi-
tive PUOH instances, and this was the single most
consistent source of false positives in both models.
Second, incomplete visibility of the hand due to oc-
clusion, camera angle, or video trimming to remove
the other participant, degraded performance more
for the dynamic model than the static model, and
for the static model specifically, false negatives dis-
proportionately involved gestures made with only
one hand, consistent with the model receiving only
single-hand landmarks as input. Third, for the dy-
namic model, a short hold phase (where retraction
followed the stroke almost immediately) was asso-
ciated with missed positive instances, suggesting
the model relies substantially on the hold rather
than the full gesture trajectory. Several instances
in the negative-class samples that a human annota-
tor would likely mislabel as positive without full
video context were nonetheless correctly rejected
by both models, indicating the models pick up on
some cues that are not obvious to annotators work-
ing from static images alone, though this could
also partly reflect the negative class’s status as the
training majority.

Static Dynamic
Better overall performance X
Requires little manual labor X
Mainly limited by class imbalance X
Mainly limited by form variation X
Input features hand full body
Max. hands used as input 1 2
Output classes 2 3

Table 6: Comparison of the static and dynamic models.

7.3 Comparison of Approaches

Table 6 summarizes the trade-offs between the two
approaches. The static model achieved better over-
all performance and required under a minute to
train and evaluate, versus roughly ten hours for the
dynamic model, but required substantially more
manual labor, since gesture holds had to be located
and screenshotted by hand, whereas the dynamic
model could use automatically extracted clips di-
rectly. The static model’s single binary output is
also simpler than the dynamic model’s two-stage
motion-then-gesture-type classification, though the
latter’s added complexity could in principle sup-
port classifying additional gesture types. Based on
these results, the static model seems to be the more
practical choice for naturalistic data (typically im-
balanced and highly variable in form, as here) while
the dynamic model may be better suited to more
controlled, artificial recording settings. However,
as is further discussed in Section 8, the observed
results could also be due to a lack of training time
and data for the dynamic model.

7.4 Connection to the Literature

That both models can recognize the PUOH gesture
despite substantial within-class variation supports
Cienki (2021)’s claim that its different forms share
underlying features across the continuum. Consis-
tent with this, both models’ most reliable feature
appears to be hand shape (an external-system fea-
ture; Bressem et al., 2013), both also struggle most
with lower-arm rotation and supination, a feature
central to Boutet et al. (2018)’s internal, joint-based
system, lending some support to Cienki’s argument
that the internal system better captures what unifies
these gesture forms. The results also speak to Lut-
gen et al. (2026)’s broader argument for treating
variation as signal rather than noise in NLP data:
multiple PUOH forms were found to co-occur nat-
urally in Dutch conversation, gesture frequency
varied substantially by participant (consistent with
Chu et al., 2014), and, in the follow-up experiment,
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choosing what to represent in the data (a fixed, bal-
anced sample) outperformed simply maximizing
data volume, directly supporting Lutgen et al.’s
recommendation to base data-selection choices on
desired representation rather than availability.

8 Conclusion

This paper investigated how gesture recognition
models can recognize recurrent gestures in Dutch,
focusing on the palm up open hand gesture. A
small corpus of naturalistic Dutch dyadic conver-
sation was collected and annotated, in which the
PUOH gesture, previously documented in many
spoken and signed languages but not, to this knowl-
edge, in Dutch specifically, was found to occur fre-
quently (567 instances) and in the range of forms
described by Cienki (2021), addressing RQ1. Two
recognition models, a static image-based model
and a dynamic video-based model, were trained
and compared across conditions varying in positive-
class variation and class balance to address RQ2.
The static model was found to perform better over-
all and to be less affected by increased form varia-
tion, and the dynamic model performed better only
when positive-class variation was minimized; both
models struggled most with distinguishing palm
orientation from hand shape. These results indicate
that automatic recognition of the PUOH gesture
is possible, though a great deal of further work is
needed to build higher-performing, more robust
models, and that real-world gesture variation, an
essential part of how individuals and groups use
language to express themselves, should remain a
central focus of that work.

Future Work. Both models could benefit from
more training data, and from data recorded from
multiple or varied camera angles, to determine how
sensitive current results are to viewpoint. Compar-
ing additional recognition architectures beyond the
two considered here, and specifically studying how
models handle palm orientation (e.g., by construct-
ing data that isolates this variable), would help
address the orientation-confusion errors observed
in both models. For the static model specifically,
incorporating arm and shoulder landmarks along-
side hand landmarks, automating the currently man-
ual hold-detection step, and controlling for per-
participant sample size during training are promis-
ing directions. For the dynamic model, testing
performance on artificially elicited (rather than nat-
uralistic) PUOH productions would help isolate the

effect of positive-class variation from other con-
founds. More broadly, extending this approach to
other recurrent gestures, and to other languages,
could make quantitative analysis of recurrent ges-
tures considerably more efficient.

Limitations

The corpus is small (20 speakers, one regional va-
riety of Dutch, a narrow age and education range)
and drawn from a single elicitation task, limiting
how far these findings generalize. The static model
uses only one hand’s landmarks as input, which
likely contributes to false negatives on gestures
produced with the non-tracked hand or with both
hands together. The dynamic model was trained for
only 5 of the 500 epochs used in the architecture
it was adapted from, owing to time and compute
constraints; it was still improving when training
was stopped, so its reported performance likely un-
derstates what the architecture could achieve with
full training. Video resolution was in some cases
too low to clearly resolve hand landmarks, which
may have affected the static model’s input quality.
Finally, because gesture subclass boundaries lie on
a continuum, subclass labels (and the Unsure cate-
gory in particular) involved some annotator judg-
ment, which may not generalize across annotators.
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