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Figure 1: We study how people instruct a partner in a physical assembly task using speech and gesture. Participants begin with
block-level instructions (low abstraction), then establish linguistic and gestural conventions and use them to describe the overall
tower shape (high abstraction), while employing cross-modal redundancy to emphasize changes in position and orientation.

Abstract
A quintessential feature of human intelligence is the ability to create
ad hoc conventions over time to achieve shared goals efficiently. We
investigate how communication strategies evolve through repeated
collaboration as people coordinate on shared procedural abstrac-
tions. To this end, we conducted an online unimodal study (n = 98)
using natural language to probe abstraction hierarchies. In a follow-
up lab study (n = 40), we examined howmultimodal communication
(speech and gestures) changed during physical collaboration. Pairs
used augmented reality to isolate their partner’s hand and voice;
one participant viewed a 3D virtual tower and sent instructions
to the other, who built the physical tower. Participants became
faster and more accurate by establishing linguistic and gestural
abstractions and using cross-modal redundancy to emphasize key
changes from previous interactions. Based on these findings, we
extend probabilistic models of convention formation to multimodal
settings, capturing shifts in modality preferences. Our findings
and model provide building blocks for designing convention-aware
intelligent agents situated in the physical world.
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1 Introduction
People leverage multimodal signals to convey their intentions and
understand others’ intentions. While people can naturally use these
cues in human-human communication, supportingmultimodal com-
munication with agents (e.g., AI-powered wearables and robots) is a
challenging problem. Prior works have proposed AI systems that in-
terpret multimodal cues [82, 98] and communicate their intentions
in predictable and legible ways during one-time interactions [28].
However, across repeated interactions, people form ad hoc conven-
tions with their collaborators, using more concise expressions to re-
fer to objects or concepts [73] and convey more abstract or chunked
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information to others. While these signals become increasingly am-
biguous, sacri�cing some informativeness [119], partners still com-
municate accurately and e�ciently based on their shared history.

To date, most controlled studies have been focused on unimodal
scenarios [29, 35, 51] or 2D collaborative tasks [60, 91]. Yet, many
real-world tasks require multiple agents to coordinate their be-
havior over time in physical settings, using their hands to convey
information that is not expressed in speech. For example, people fre-
quently say ambiguous words (e.g., �this�) while referring to an ob-
ject with a deictic gesture [12]. Hands also communicate the shape
of an object, describe the distance, and demonstrate actions [10, 34].
Understanding how such multimodal signals evolve during iterated
collaboration in physical settings is crucial for designing agents
that can form and use multimodal conventions.

Our study examined how people use voice and gestures to es-
tablish conventions and adapt multimodal communication over
repeated physical collaboration. First, we ran an online unimodal
study to probe how partners coordinate on linguistic abstractions;
dyads shifted from block-based descriptions to concise tower-level
expressions, reducing instruction length over repetitions. Then, we
conducted a controlled AR lab study that isolated speech and ges-
tures while participants built physical towers. Results indicated
that participants' instructions were shortened by forming gestural
and linguistic abstractions and shifting from block-based to tower-
based instructions. We also found that shared abstractions were
introduced near the end of the �rst exchange and later used at the
beginning of instructions. Furthermore, redundancy in multimodal
signals increased for tower-based instructions; participants used
both modalities to describe changes in the position and orientation
of target towers, emphasizing variations across repetitions.

Based on our observations, we built multimodal computational
agents that probabilistically reason about each other's beliefs and
continuously learn abstract tower representations in our task set-
ting. We extended the Rational Speech Act (RSA) framework [31,44]
to develop a model of convention formation [49] that can operate
over a multimodal lexicon (i.e., a mapping between symbols and
utterances/gestures) and consider di�erent combinations of multi-
modal signals (i.e., redundant, complementary, and language-only)
by assuming that the lexicon returns continuous real values [26].

We conducted simulations to answer two research questions:
(RQ1) Can agents acquire abstract tower representations over re-
peated interaction? and (RQ2) can the model capture how modality
use shifts for di�erent participants? The model successfully ac-
quired abstract programs and captured modality-dependent behav-
ioral shifts across repetitions. The proposed computational models
and the �ndings from the study will pave the way to design multi-
modal agents that form conventions with humans for e�cient and
successful iterated collaboration in physical tasks.
Contributions:

� Large-scale online unimodal study investigating natural
language communication over repeated interactions.

� AR-mediated multimodal lab study examining gesture and
speech communication, including a multimodal dataset to
support future research in repeated physical collaboration.

� Computational model and simulation, exhibiting behav-
iors aligned with study �ndings, with a �exible design extend-
able to more synchronous and symmetric communication.

2 Related Work
2.1 Gestures in Thought and Communication
Gestures play a critical role in cognitive processes when thinking
and speaking and have implications for both learning and commu-
nication [41, 64, 67, 69, 92]. Gestures have been shown to enhance
spatial reasoning [21, 43] and improve problem solving and concept
learning [9]. They can promote knowledge transfer [94] and con-
vey visual concepts di�cult to express in speech [2]. Gestures also
facilitate language comprehension by adding information to speech.
People use deictic gestures to refer to objects or concepts [18, 61],
symbolic gestures for abstract meanings [87], and iconic gestures
to disambiguate utterances [52].

Gestures change over extended interaction. In mental rotation
tasks, people initially use gestures that simulate direct manipu-
lation of objects and later represent abstract object motions [20],
and gesture frequency also changes over time with changes in
strategy [107]. In iterated communication, gestures become more
e�cient and less kinematically complex [97]. Between partners,
repeated interaction leads to convergence on shared gestural con-
ventions [30]. People adapt to each other and synchronizing their
motion through gesture entrainment [4, 68, 95, 112], and systematic
structures can emerge over time within a community [104].

However, gestures rarely occur in isolation and typically co-
occur with speech, distributing information across modalities [42,
92, 100]. We investigate how people use speech and gesture to
communicate during physical assembly [123], examining how in-
formation is allocated across channels and how it changes over time.

2.2 Multimodal Cues in Collaborative Tasks
Multimodal signals are fundamental to human communication. As
computing systems become more integrated into physical envi-
ronments, it is crucial to interpret human intent from multimodal
cues [12, 98] and to generate information, not only through text but
also with embodied output [108]. Extensive research has focused
on enabling agents to interpret and present multimodal informa-
tion, thereby enhancing human-computer communication. On the
input side, understanding co-speech gestures has been used to
specify spatiotemporal references in VR [53], disambiguate queries
in AR [82], generate live visual e�ects [105], and provide robot
assistance [84, 102]. On the output side, systems have presented
multimodal robot intent [39] and embodied instructions for nav-
igation [85], music learning [65], and cooking [121].

Analyzing human-human communication provides insights for
these applications [28,33]. Narayana et al. [93] analyzed gesture use
in collaborative tasks, identifying common gesture types and how
their use varies with speech availability. Gergle et al. [36, 37] inves-
tigated how visual information a�ects collaboration in 2D puzzle
tasks, building on the conversational grounding framework [22] and
the principle of least collaborative e�ort [23]. They found that with
shared visual context, collaborators use visual cues (e.g., pointing,
moving pieces) rather than explicit verbal grounding. In assembly
tasks, multimodal communication signi�cantly reduced completion
time compared to speech alone [115, 116]. Gleeson et al. [40] ana-
lyzed these interactions to derive a gesture vocabulary and develop
a robotic arm that communicates through gestures.
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Recent studies have captured datasets of human�human commu-
nication (e.g., EGGNOG [114], HoloAssist [118]). We build on these
by conducting a more controlled experiment that carefully isolates
speech and gesture using AR and limits feedback between collabo-
rators; this is needed for analysis of information across modalities
and to support computational modeling. Moreover, representations
have been introduced to encode gesture semantics and support
multimodal understanding [17]. Prior simulations have also inter-
preted gesture and language instructions using prede�ned symbolic
mappings to update beliefs about the physical world [76� 78, 98].
However, there is limited work on modeling or simulating mul-
timodal human�human communication in repeated interactions
where collaborators adapt and coordinate their behaviors over time.
We study how multimodal communication signals change during
repeated collaborative physical tasks and model how beliefs about
semantic conventions are updated.

2.3 Conventions in Repeated Collaboration
In repeated interactions, people form ad hoc conventions�solutions
to recurring coordination problems with others [83]. For instance,
people often shorten referring expressions to reduce the e�ort re-
quired to identify objects [13, 111] or align their word choices with
those of their conversational partner when referring to the same
object repeatedly, known as lexical entrainment [16, 56, 96]. Peo-
ple also chunk complicated steps into a single instruction to share
their goals e�ciently [ 50]. While those in di�erent groups may
struggle to understand others' conventions due to ambiguity [119],
members within a group can readily disambiguate intentions by
updating their expectations based on past interactions [23]. Thus,
conventions are essential for successful and e�cient collaboration.

Prior work in cognitive science has explored how conventions
form [32, 35, 117] across a range of collaborative tasks, including
reference games [14]. Over repeated interactions, people develop
increasingly concise linguistic expressions [49, 73] and graphical
depictions [29, 51, 91], enabling more e�cient communication. This
understanding has motivated computational approaches that model
how AI agents can establish conventions [80, 99]. For example,
Hua et al. [54] show that current vision�language models rarely
form conventions with users and propose methods to support such
linguistic adaptation [55]. Shih et al. [110] separate convention-
dependent and rule-based behaviors during iterated collaboration
to acquire conventions. However, most of these e�orts focus on
unimodal, text-based communication. There is limited work on
multimodal conventions in multi-step physical tasks.

To address this, we �rst establish our experimental paradigm
in a unimodal online study [88] and then conduct a lab study to
investigate multimodal communication during repeated physical as-
sembly [86]. Our �ndings and computational model aim to explain
how people form multimodal abstractions when giving instructions
on physical tasks and how they adjust the amounts of information
across modalities (speech and gesture) over time.

3 Online Unimodal Study
The goal of our �rst, online unimodal study was to establish a para-
digm for investigating how people simultaneously coordinate on a
shared set of concepts and on a way of communicating about them.

We explored this phenomenon in an assembly domain [7, 15, 89,
113] where participants encountered visual scenes populated by a
recurring set of block towers. The scenes were hierarchically orga-
nized and could be represented at multiple levels of abstraction�for
instance, either as whole structures or as combinations of simpler
units. As participants viewed multiple scenes, we hypothesized that
certain �chunks� would be preferred, grouping primitive elements
(individual blocks) into more complex con�gurations [5, 6, 19].
However, these newly formed abstractions are only useful in this
task if they can be successfully communicated to others, which
requires overcoming the inherent risk of miscommunication that
accompanies the use of new linguistic terms.

3.1 Method
3.1.1 Participants. We recruited 146 participants from Amazon Me-
chanical Turk and paired them into 73 dyads for our IRB-approved
study. We excluded 24 dyads who failed to meet preregistered cri-
teria (� 75% reconstruction accuracy on� 75% of trials, or self-
reported confusion or non-�uency in English). The session lasted
30�50 minutes. Participants received a minimum compensation of
$5.00 plus a performance bonus of up to $3.00.

Figure 2: (A) Instructor viewed a target scene and gave assem-
bly instructions to the Builder. (B) Scenes with two towers.

3.1.2 Stimuli. Each scene consisted of two towers built hierar-
chically from four domino-shaped blocks�two vertical and two
horizontal (Figure 2B). We created three unique towers and used a
repeated design where each tower appeared multiple times. All three
tower pairs appeared in randomized order across four repetitions,
yielding twelve trials. Each tower appeared equally on the left and
right, ensuring no association between towers and their position.

Each participant was assigned a �xed role of Instructor or Builder
and completed twelve trials. In each trial, the Instructor saw a target
scene with block towers (Figure 2A), while the Builder viewed an
empty grid for placing domino-like blocks. The Instructor provided
step-by-step assembly instructions through a free-response text box,
and the Builder used these to reconstruct the scene. They took turns
as needed: on each Instructor turn, they sent one message (up to
100 characters), and on each Builder turn, they placed any number
(� 0) of blocks before selecting �done.� Blocks had to be supported
from below and could not be moved once placed. The Instructor
saw the Builder's block placements in real time, but communication
was otherwise unidirectional. A 30-second countdown appeared
on each turn to encourage quick progress; exceeding the limit had
no penalty. After all eight blocks were placed, participants received
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Figure 3: (A) Mean reconstruction accuracy improved across repetitions. (B) Mean instruction length per trial decreased across
repetitions as dyads became more e�ective at collaborating. (C) Words with the largest positive or negative changes in frequency
from R1 to R4. (D) Change in the number of block- and tower-level references. Dashed lines are the maximum possible number
of blocks and towers. (E) The proportion of expressions exclusively referring to blocks or towers. Error bars: 95% CIs.

feedback on the mismatch between the target and reconstructed
scenes before advancing to the next trial.

3.2 Results
3.2.1 Reconstruction accuracy improves across repetitions. Although
each interaction spanned only twelve trials, (H1) we hypothesized
that dyads would rapidly develop shared task representations, lead-
ing to more successful collaboration. We �rst veri�ed that dyads
could perform the assembly task. We measured performance us-
ing reconstruction accuracy, quanti�ed as the� 1 overlap between
the reconstructed tower and the target silhouette, which captures
both missing blocks (recall) and extraneous ones (precision).� 1

ranges from 0 (no overlap) to 1 (perfect). Initial reconstructions
were accurate (mean� 1 = 0”88, 95% CI= »0”85•0”90¼), roughly
corresponding to one misplaced block, and �nal reconstructions
were near ceiling (� 1 = 0”98, 95% CI= »0”96•0”99¼). A linear mixed-
e�ects model predicting� 1 from repetition number, with random
intercepts and slopes by dyad, revealed a signi�cant improvement
across repetitions (V = 0”92, C ¹54”84º = 6”22, ? Ÿ ”001; Figure 3A).

3.2.2 Communicative e�iciency improves across repetitions. Having
shown that Builders could reconstruct the towers from the instruc-
tions, we next examined a basic signature of increasing abstraction
in language (Figure 4). Because the same towers recurred, (H2) we
hypothesized that Instructors would exploit these regularities and
provide more concise instructions over time. We analyzed both the
number of words produced by the Instructor in each trial and the

Figure 4: Example messages showing the emergence of tower-
level expressions: upside down U, long C, and long L.

number of messages sent. A mixed-e�ects model with a �xed e�ect
of repetition and maximal random e�ects for items and participants
revealed that Instructors used signi�cantly fewer words (V = � 8”53,
C ¹36”9º = � 9”58,? Ÿ ”001; Figure 3B) and sent fewer messages
(V = �18”1, C ¹24º = �7”11, ? Ÿ ”001) across repetitions.

3.2.3 Level of referential abstraction increases across repetitions.
What allowed dyads to perform better while also using fewer words?
(H3) We hypothesized that the increase in communicative e�ec-
tiveness re�ects a gradual shift toward higher-level, more abstract
instructions. We �rst conducted a qualitative analysis to explore
this possibility. We tokenized all of the Instructor's messages into
individual words and examined, across our entire dataset, which
words changed the most in frequency from the beginning to the
end of the experiment (Figure 3C). We observed that the frequency
of low-level nouns like �block� and block-level modi�ers like �hori-
zontal� or �red� decreased the most, while that of high-level nouns
like �L� or �C� and adjectives like �tall� increased the most.

To assess how strongly dyads converged on a common vocabu-
lary for tower-level abstractions, we computed the Jensen�Shannon
divergence (JSD) between word-frequency distributions of dyads
per repetition. The mean JSD increased from R1 to R4 (0.080, 95%
CI = [0.041, 0.118],? = ”004), indicating that dyads' vocabular-
ies became more divergent over time, and they developed distinct
linguistic mappings from words to scene components.

We next conducted a more systematic analysis of message con-
tent. Four annotators, unaware of the study design and hypotheses,
tagged each referring expression for block-level vs. tower-level
references, yielding high agreement (intraclass correlation ICC =
0”83, 95% CI= »0”82•0”84¼). We �t a mixed-e�ects model with �xed
e�ects of repetition, expression type (tower vs. block), and their
interaction, as well as maximal random e�ects for dyad. The sig-
ni�cant interaction (1 = 0”53,C ¹47”5º = 4”8,? Ÿ ”001; Figure 3D)
indicated that block-level references decreased while tower-level
references increased across repetitions. Mean block-level references
dropped from 7.3 to 3.6, whereas tower-level references rose from
0.6 to 1.1. The shift was primarily driven by an increase in tower-
level references and a decrease in block-level references, as well as
messages containing a mixture of both (Figure 3E).
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4 Physical Multimodal Study
In the second study, we examined a physical assembly task and
changes in multimodal instructions (i.e., gesture and speech) over
repeated interactions. Findings from the unimodal online study
informed the design, including the selection of the task hierarchy,
the number and shape of towers, and the number of repetitions to
converge on task success.

To balance internal validity and ecological validity, we chose an
experimental paradigm that tightly controlled participant commu-
nication rather than co-located, unconstrained settings. We used
augmented reality (AR) to constrain communication channels while
multimodal messages were sent between Instructors and Builders.
Builders received embodied, spatially aligned 4D gestures with
synchronous audio, and Instructors received images of built struc-
tures indicating the extent to which instructions were correctly
interpreted. Factorizing study variables enabled analysis of how
information was adjusted across modalities and how conventions
emerged, from which we built a computational model for future
convention-aware agents that have access to these multimodal
signals (i.e., audio and hand tracking).

4.1 Method
4.1.1 Participants. We recruited 40 participants1 (23 women, 14
men, 3 non-binary; ages 18-44," = 23”68,(� = 5”05) for our IRB-
approved study. All self-reported color vision (corrected as needed),
su�cient hearing and manual dexterity for the study tasks, and
�uency in English. Each session lasted ~1 hr, with $25 compensation.

4.1.2 Stimuli. The study included three block towers: C, L, and
TREE, each consisting of three physical LEGO blocks (Figure 5). In
all towers, the orientation and size of each colored block were �xed:
the blue block (2x4x1) aligned with theG-axis, red (2x2x4) with the
~-axis, and green (2x4x1) with theI -axis. We chose LEGO building
as an example of a spatial cognitive task [109], with two simple 2D
alphabetic towers (L and C) and one complex 3D tower (TREE) that
lacked an obvious linguistic convention and used all three block
primitives, making it di�cult to represent with two hands.

Figure 5: Physical LEGO blocks: blue (x-axis), red (y-axis),
green (z-axis); and three-block towers: TREE (unknown map-
ping, 3D), L (alphabetic, 2D x-y), and C (alphabetic, 2D z-y).

We chose to have four repetitions (R1�R4), based on the �rst
study and prior work showing that conventions are typically formed
within the �rst four repetitions [ 73]. Because scene-level abstrac-
tions were not formed or used in the unimodal study, we used only
one tower per trial. Each tower appeared once per repetition with a
unique combination of position and orientation.2 The order of the
twelve towers was randomized within and across repetitions.
1We use P1-P20 to refer to the 20 pairs. See Appendix A.1.1 for demographics.
2See Appendix A.1.2 for an example sequence.

4.1.3 Apparatus. We examined how Instructors communicate to
Builders using speech and gesture in a physically grounded task [74],
and how these modalities evolve. Prior work shows that Builders'
verbal (e.g., questions) and implicit non-verbal (e.g., pause) feedback
in�uences Instructor behavior [74]. Because this feedback can vary
in amount and timing, we used an AR setup to tightly control the
feedback from Builders and eliminate confounding variables.

Two participants in separate rooms wore Meta Quest 3 headsets
while seeing their physical surroundings (Figure 6). The Instructor's
voice and hand movements were tracked, and a webcam captured
images of the Builder's environment after each step. The system
transmitted audio and hand keypoints to the Builder and tower
images to the Instructor. This setup isolated the Instructor's speech
and gestures, eliminated other non-verbal cues (e.g., eye gaze, fa-
cial expressions), and controlled the Builder's feedback, enabling
analysis of information transfer and modality use over time.

Figure 6: (A) The Instructor recorded a multimodal message
(speech and gesture) in augmented reality (AR) describing
how to build a virtual target tower with a speci�c pose. (B)
The Builder replayed the message (audio and overlaid AR
hands) and built the tower with physical blocks.

While prior work has explored gesture presentation methods,
including 2D visualizations [11, 33], we presented 3D hand avatars
with 24 joint keypoints and bones to provide high-resolution in-
formation about hand position and depth. We displayed the hands
from an egocentric perspective because pilot testing showed that
third-person views introduced perspective-taking ambiguity (e.g.,
�my left or your left?�), consistent with prior work [59, 70, 115].
This choice also supports anticipated applications (e.g., AI-powered
glasses) that infer intent from egocentric inputs and present instruc-
tions from this perspective [3, 81, 122]. We used the Unity Depth
API to align virtual hands with the physical environment.

For Builder feedback, pilot testing con�rmed that 2D images were
su�cient for this task. However, more complex towers or physical
tasks may require live, photorealistic 3D renderings [57, 62, 79, 103].

4.1.4 Procedure. Participants were randomly assigned to the role
of Instructor or Builder and worked in pairs in separate rooms. At
the start of each trial, the Instructor viewed a 3D virtual twin of the
target tower in AR, hidden from the Builder, and recorded multi-
modal messages (up to 2 minutes). Instructors could send multiple
messages or all instructions at once. The Builder replayed each mes-
sage using basic controls (i.e., play/stop, forward/backward, and
seek bar), then assembled the tower with physical LEGO blocks on a
2� 2 grid. Upon completing a step, a camera automatically captured
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Figure 7: (A) Task performance in each repetition (R1-R4). (B) Instruction message length and builder time to place the �rst/last
block, and complete the trial. (C) Number of words in instructions split by tower type. (D) Time proportion of block and tower
words in R1 and R4. (E) Relative position of tower words during instructions. Error bars: standard error.

a photo of the reconstruction, which appeared in the Instructor's
AR view. The Instructor could then send a new message with the
next steps, including corrections, or end the trial if the reconstruc-
tion was complete. After each trial, the experimenter evaluated the
�nal tower as correct or incorrect, and the result was displayed in
AR for both participants. Participants completed 12 trials and were
instructed to construct towers as quickly and accurately as possible.

4.1.5 Analysis. All Instructors' egocentric multimodal messages,
2D images of Builders' assemblies, and the experimenter's evalua-
tions were saved for analysis. The entire session was also recorded
by two external cameras to capture the Builders' and Instructors'
actions. The footage of the construction was annotated with times-
tamps for each step. For analyzing speech, we �rst transcribed the
audio in the messages with word-level timestamps using Whisper
(large-v2) [101] and veri�ed them manually for accuracy (11 of 256
sentences were corrected). Two authors annotated references in R1
and R4 for level of abstraction (block, tower), clarity (clear, ambigu-
ous), and information (shape, position, orientation). For analyzing
gestures, we built a custom Unity-based desktop application for
visualizing hand keypoints and bones in 3D space from di�erent
views, synchronized with the corresponding audio and transcript.3

Two authors manually annotated right- and left-hand gestures in
R1 and R4 based on their level of abstraction (block, tower), type
(static, dynamic), and information (shape, position, orientation).
Given the complexity of the high-dimensional, time-series data,
instead of computing inter-rater reliability, we took a collaborative
coding approach, where two authors discussed until they agreed
on the coding or consulted a third author to resolve disagreements.

5 Multimodal Study Results
5.1 Task Performance
5.1.1 Success rate. Task success rate was de�ned as the proportion
of valid messages in which Builders correctly constructed the tow-
ers. (H1) We hypothesized that task success would improve across
repetitions. The success rate improved from 74”03% in R1 to 98”36%
in R4 with only one unsuccessful trial (Figure 7A).

5.1.2 Completion time. Instruction length was the duration of the
multimodal message that Instructors recorded. Construction time

3The multimodal dataset (audio transcripts and 4D gestures) and the custom desktop
viewing app are publicly available at: https://multimodal-conventions.github.io

was measured from when the Builders received an instruction to
when they pressed the �Finished� button. The results are shown in
Figure 7B, along with Builders' Time to �rst block (from receiving
an instruction to placing the �rst block) and Time to last block (from
receiving the instruction to placing the last block) in each trial. (H2)
We hypothesized that Instructors and Builders would become more
e�cient across repetitions. To test this, we used a linear mixed-
e�ects model with one within-subject predictor (repetition) as a
�xed e�ect and individual pairs as a random e�ect. There were
signi�cant e�ects of repetition on both instruction length (V =
� 12”80• (� = 1”45• ? Ÿ ”001), time to �rst block (V = � 2”99• (� =
1”10• ? = ”007), time to last block (V = � 15”96• (� = 1”99• ? Ÿ ”001),
and construction time (V = � 20”19• (� = 2”73• ? Ÿ ”001), indicating
that instructions became shorter, and construction became faster.

5.2 Convention Formation
5.2.1 Linguistic abstractions. We analyzed changes in the total
number of words per trial and found that Instructors used fewer
words to provide more concise instructions over time (Figure 7C).
We used a linear mixed-e�ects model with two within-subject pre-
dictors (repetition and tower shape) as �xed e�ects and individual
pairs as a random e�ect to evaluate their impact on word count.
The e�ect of repetition was signi�cant (V = � 24”64• (� = 2”81• ? Ÿ
”001). Moreover, instructions for L had signi�cantly fewer words
(V = � 22”70• (� = 7”70• ? = ”003), while instructions for TREE had
signi�cantly more words (V =26”05• (� = 7”70• ? = ”001). Although
this gap narrowed across repetitions.

Based on the unimodal study results, (H3) we hypothesized that
one explanation for this gain in linguistic e�ciency is Instructors'
utilization of abstractions that describe the entire tower shape with
few words, which we refer to as �tower words,� chunking a se-
quence of block-based instructions. We found evidence for the use
of tower words across repetitions, including �C� (82 times) and �L�
(29 times). The TREE tower was less commonly referred to as �Tree�
(4 times), and more frequently as �T� (36) or �Cross� (21), likely due
to the ambiguity of the mapping.4 Instructors establish conventions
during the very �rst repetition, with 86”7% of Instructors using at
least one tower word in R1. To account for the reduction in message
length from R1 to R4, we calculated the proportion of time spent
describing block instructions and tower instructions (Figure 7D).

4See Appendix A.1.3 for the list of all tower words.
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