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Abstract

Despite large inter-individual differences in experience and
conceptual structures, humans converge on referents largely
underspecified by the signals exchanged during communication.
Many neural networks have become extremely sensitive to
context-dependent relationships between signals, but remain
relatively blind to their referents outside the signal space. Here,
we study how human interlocutors dynamically coordinate both
their signal and referential spaces over extended communicative
interactions. We identify a latent control parameter,
representational complexity, that may regulate referential
coordination in human communication. Using a custom
hierarchical Transformer model, we generate movement- and
interaction-level embeddings from neurotypical (NT) and
autistic (ASC) dyads engaged in an experimental semiotic task.
By leveraging ASC-related communicative variance, we
identify changes in parameters that track the representational
dimensionality of signals and referents as communication
unfolds. Movement-level embeddings (within-trial
dependencies) could not differentiate the two groups, indicating
comparable communicative behaviors. In contrast, interaction-
level embeddings (across-trial dependencies) distinguished
ASC from NT dyads with high accuracy. Crucially,
representational complexity, i.e. dyadic alignment in the
interaction-level intrinsic dimensionality used to encode
communicative histories, tracked referential coordination
demands, with greater misalignment in ASC dyads under
referential volatility. These findings suggest that referential
alignment is an interaction-level process, driven by the dynamic
adaptation of representational complexity, rather than statistical
relationships between signals alone.

Keywords: Conceptual alignment; Social interaction; Autism
spectrum condition; Natural language processing

Introduction

Human communication is often conceptualized as signal
transmission, presupposing that interlocutors encode and
decode signals within a shared lexicon (Gaskell & Altmann,
2007). Neural network models extend this principle by
predicting linguistic item occurrence based on statistical
patterns in large text corpora, e.g., (Contreras Kallens et al.,
2023; Devlin et al., 2018; Lepori, 2020). However, real-world
dialogue relies on signals whose referential content is highly
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contingent on evolving local contexts, often requiring
interlocutors to generate novel signal-referent mappings
beyond what purely distributional models capture (Reddy,
1993; Stolk et al., 2016). While theoretical accounts describe
the complexities of referential communication (Christiansen
& Chater, 2022; Clark, 1996; Levinson, 2020), it remains
unclear how interlocutors regulate the referential process to
effectively coordinate novel, context-dependent mappings in
real-time interactions.

To address this, we combine two complementary
approaches to characterize interaction-specific mappings
between signals and referents across communicative turns.
First, we employ the Tacit Communication Game (TCG), an
experimental semiotic task that amplifies natural generative
demands by requiring participants to communicate without
preexisting shared signal-referent mappings (Galantucci &
Garrod, 2011; Stolk et al.,, 2013). In the TCG, dyads
collaborate to arrange geometric shapes into designated
configurations across multiple turns, minimizing reliance on
conventional linguistic or gestural cues while enabling
precise quantification of communicative behaviors across
diverse referential challenges. Second, we develop a
hierarchical Transformer model (HTM) (Vaswani et al.,
2017) to generate movement- and interaction-level
embeddings of communicative behaviors in 113 adult dyads.
Unlike standard large language models, this approach
captures dependencies not only between tokens, but also
between the actual referents of those tokens over the broader
communicative exchange. By leveraging full access to both
signal trajectories and referential spaces, we move beyond
surface-level signal analysis to uncover how discrete
behavioral sequences evolve into structured patterns of
referential coordination over time.

By training the Transformer on dyads from a neurotypical
(NT) population and on dyads from linguistically matched
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Figure 1: Task design, problem categories, and referential coordination. (A) In the TCG, dyads alternate between
Communicator and Addressee roles on subsequent trials (one shown here), working together to reproduce target
configurations of their assigned shapes on a digital game board. Since the Addressee lacks direct access to the target, the
Communicator must convey the required position of the Addressee’s shape through stepwise movements of their own shape
(epoch II). Success requires continuous coordination, as each trial presents novel communicative problems. (B) Task
demands vary based on token assignments and target configurations. For instance, when geometric incompatibilities prevent
direct matching, dyads must develop signals beyond simple matching strategies to communicate the Addressee’s target
location and orientation. (C) Cumulative success rates indicate that NT (orange) and ASC (blue) dyads performed
comparably in TCG-SYNERGY 1, where problems followed a structured sequence. However, ASC dyads faced greater
difficulty in TCG-SYNERGY?2, where the unpredictable problem order increased referential coordination demands. (D)
Hypotheses-driven RSMs capture referentially relevant similarity between trials, including problem and shape similarity

across target configurations.

individuals on the autism spectrum (ASC), we leverage ASC-
related communicative challenges to identify latent control
parameters governing referential coordination in dyadic
interaction (Lord et al., 2020; Wadge et al., 2019). More
precisely, we examine parameters extracted from high-
dimensional projections of observed communicative
behaviors, such as the intrinsic dimensionality used by a dyad
to encode interaction histories (Jazayeri & Ostojic, 2021;
Roads & Love, 2024), and assess whether these latent metrics
of representational complexity predict variability in
communicative success. Additionally, by training and testing
on independent datasets, we evaluate the generalizability of
these control parameters across diverse communicative
contexts, shedding light on the computational mechanisms
that govern human referential communication.

Methods

Communication task and datasets

155

This study analyzed behavioral data from two independent
datasets, TCG-SYNERGY (60 dyads: 34 NT and 26 ASC)
and TCG-SYNERGY2 (53 dyads: 28 NT and 25 ASC)
collected at the Donders Centre for Cognitive Neuroimaging.
Both datasets use the TCG, a real-time interactive task in
which dyads coordinate to reproduce target configurations of
geometric shapes on a 3x3 digital game board displayed on
separate screens (Figure 1A). Each dyad completed 94 trials,
alternating roles between Communicator and Addressee. The
Communicator viewed the target configuration and conveyed
the required position of the Addressee’s shape solely through
stepwise movements of their own shape (horizontal/vertical
translations and 90° rotations) via a game controller. Lacking
direct access to the target configuration, the Addressee
interpreted the Communicator’s movements to position their
shape accordingly. Success required continuous coordination
within a dyad, as each trial presented novel communicative
problems with varying shape constraints (Figure 1B). For
instance, some trials introduced incompatible shape
orientations, forcing dyads to develop signals beyond simple
matching strategies. While TCG-SYNERGY1 presented
communicative problems in structured blocks, TCG-
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Figure 2: Hierarchical Transformer model and encoding of referential structure. (A) The HTM generates movement- and
interaction-level embeddings from dyads’ communicative behaviors. (B) t-SNE projections of these embeddings reveal distinct
representational structures. Movement-level embeddings (bottom) cluster by signal properties (left) but fail to differentiate
groups (right). Interaction-level embeddings (top) distinguish ASC from NT dyads, preserving within-dyad signal
organization. (C) RSM analyses show that interaction-level embeddings (top), but not movement-level embeddings (bottom),
capture referential task structure, with NT dyads aligning more strongly with task constraints than ASC dyads and pseudo
pairs. (D) NT dyads exhibit stronger long-range dependencies in their interaction-level RSMs than ASC dyads.

SYNERGY?2 introduced them in an unpredictable order,
increasing referential volatility and disproportionally
impacting ASC dyads’ communicative performance (Figure
1C — the performance difference could not be due to AQ
scores differences between ASC groups, tz.98=0.06, p>.05).
To assess model generalization across communicative
contexts, we trained the Transformer model on TCG-
SYNERGY1 (52,708 movements) and tested it on TCG-
SYNERGY?2 (53,143 movements).

Model architecture and training framework

We developed a HTM to capture movement-level (within-
trial) and interaction-level (across-trial) dependencies in
communicative behavior. The model consists of two
processing levels: a movement-level Transformer that
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extracts fine-grained movement dynamics within each trial,
and an interaction-level Transformer that models how trial-
by-trial dependencies evolve across dyadic interactions. Both
transformers share the same architecture, each with 256
embedding dimensions, 8 attention heads, 6 layers, and a
dropout rate of 0.4. To generate summary embeddings for
binary-classification of NT and ASC dyads, we employed an
attention-based pooling mechanism followed by a linear
classification head (Figure 2A). For training, we used the
Adam optimizer with a learning rate of 2x107°, adjusted via
a cosine warm-up scheduler to ensure stable convergence.

Input features. The model takes as input Communicator
shape movement sequences, represented by x-y coordinates,
orientation, and normalized time, which capture spatial and
temporal aspects of movement. In addition, Addressee target-
encoding variables provide task-relevant information,



including a closeness-score (Manhattan distance to the target
position), reached-target (binary indicator of target location
reached), angle-match (binary indicator of target orientation
matched), and shapes-geometry (encoded representation of
the relative geometric compatibility between the
Communicator’s and Addressee’s shape). Sequences were
padded to the longest trial, with padding tokens excluded
from self-attention computations.

Movement-level embeddings. Movement sequences were
projected into a high-dimensional latent space using a fully
connected embedding layer with positional encoding. A
multi-layer Transformer encoder then captured movement
dependencies, generating movement-level embeddings via
self-attention. An attention-based pooling mechanism
condensed these embeddings into trial-level vector
representations.

Interaction-level embeddings. Trial-level embeddings were
inputs into the interaction-level Transformer, which modeled
trial-by-trial dependencies within dyadic interactions. A
dyad-aware masking mechanism restricted self-attention
operations to dependencies within each dyad. A second
pooling mechanism then aggregated trial-level outputs into
dyad-level representations, capturing interaction-wide
patterns.

Classification and training. The classification head
comprised a linear layer with dropout regularization,
producing logits for binary NT vs. ASC classification. The
model was trained in PyTorch Lightning (Paszke et al., 2019)
with GPU acceleration, using a combination of supervised
contrastive loss (Khosla et al., 2020) to enhance intra-class
clustering and inter-class separation, and binary cross-
entropy loss to optimize classification accuracy. The final
loss function balanced both components to optimize
representation learning and classification performance.

Model performance evaluation

Classification performance. To assess model performance,
embeddings were extracted from the test set (TCG-
SYNERGY2) and evaluated across hierarchical levels.
Logistic regression was applied to embeddings, with different
cross-validation strategies. At the dyad level, Leave-One-Out
Cross-Validation was employed due to the limited number of
dyads and the need for unbiased evaluation of each dyad. At
the movement- and interaction-level, standard cross-
validation was utilized, leveraging the larger dataset sizes at
these levels.

Representational similarity analysis (RSA). To examine
the model’s representational structure, we constructed trial-
by-trial representational similarity matrices (RSMs) by
computing pairwise cosine similarities between empirical
embeddings. Empirical RSMs were correlated with
hypothesis-driven RSMs (Figure 1D) using Spearman’s rank
correlation, quantifying the model’s internal representational
alignment with theoretical predictions. To test whether
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dyadic effects were genuine, we generated 400 pseudo pairs
by interleaving embeddings from different dyads while
preserving trial order. This procedure disrupted dyad-specific
interaction effects while maintaining intra-individual trial-
level dynamics.

Representational complexity and misalignment

While RSA captures trial-by-trial similarity, intrinsic
dimensionality (ID) provides a complementary measure of
the number of dimensions a dyad utilizes to encode
interaction histories. To quantify this metric of
representational complexity, the participation ratio was
employed (Gao et al., 2017):

where 4 represents the eigenvalues of the covariance matrix
of the embeddings. A higher ID reflects a more distributed
representation, whereas a lower ID indicates a more
constrained representational subspace. To examine how
interlocutors adapt their representations over time,
differences in ID between dyadic partners were computed
over expanding windows of trials:

AID = |IDgyadt — {Dayads—1|

where IDg,.q represents the dyad’s degree of representational
misalignment at trial 7. This metric captures the joint
dynamics of representational complexity, providing a
quantitative measure of the dyad’s ability to align and
stabilize representational frameworks across communicative
exchanges.

Results
Task performance

Dyads successfully coordinated to arrange geometric shapes
into target configurations, performing well above chance
(~3%; eight locations with four potential orientations) across
both datasets (TCG-SYNERGY1: NT = 80+9%, ASC =
80+£11%; TCG-SYNERGY2: NT 88+7%, ASC
82+12%). While ASC and NT dyads performed comparably
in TCG-SYNERGY1 (Welch’s #49.5= 0.05, p > .05, , dcohen=
0.01, 95% CI[-0.05, 0.05]), ASC dyads exhibited
significantly lower performance in TCG-SYNERGY?2 (#30.95)
=22, p < .05, dcohen= 0.62, 95% CI [0.01, 0.12]). Despite
these differences, no significant group differences were
observed in general task behaviors across both datasets,
including planning time, movement time, or overall number
of moves (all £<.59). Additionally, NT and ASC groups were
matched in age, verbal IQ, and nonverbal IQ (all ¢ < .46) but
differed in AQ scores (fu6.64 = 12.05, p <.001, dcohen= 3.24,
95%CI [14.38, 20.15]). These results confirm that the TCG
is well within reach for both groups, as evidenced by their
equivalent performance in TCG-SYNERGY1, where
communicative problems followed a structured sequence.
However, ASC dyads faced greater difficulty in TCG
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SYNERGY2, where the unpredictable order of
communicative problems placed greater demands on
referential coordination, underscoring the task’s sensitivity to
ASC-related communicative challenges.

Interaction-level, not movement-level,
differentiate NT from ASC dyads

embeddings

The HTM, comprising movement- and interaction-level
transformers along with a dyad-level classification head,
demonstrated  progressively  improved  classification
performance across levels. At the movement level, the model
classified dyads as NT or ASC at chance level (53%
accuracy; binary precision: 51%; recall: 51%; F1-score:
51%), reinforcing previous findings showing matched
movement-level behavior between NT and ASC dyads in the
TCG (Wadge et al, 2019). At the interaction level,
incorporating cumulative interaction history led to a
significant improvement in classification accuracy (81%
accuracy; binary precision: 80%; recall: 81%; Fl-score:
80%). At the dyad Ilevel, pooling interaction-level
embeddings further enhanced classification to 83% (binary
precision: 84%; recall: 81%; Fl-score: 82%). These
improvements indicate that long-range dependencies in
communicative behavior encode group differences more
effectively than movement-level features, highlighting the
importance of interaction-level dynamics in distinguishing
NT and ASC dyads.

Interaction-level embeddings
communication dynamics

capture higher-order

To examine how the model represents communicative
interactions, we projected movement- and interaction-level
embeddings into a three-dimensional space using t-SNE with
cosine distance (Figure 2B). At the movement level,
embeddings were primarily organized by previously
identified signal types (Wadge et al., 2019), with no clear
separation between NT and ASC dyads, consistent with the
model’s chance-level classification performance at this stage.
In contrast, interaction-level embeddings formed distinct NT
and ASC clusters while preserving within-dyad signal
organization, demonstrating the model’s ability to encode
higher-order communication dynamics essential for group
differentiation.

Interaction-level embeddings encode communicative task
structure

We further examined these group distinctions by correlating
empirical dyad-specific interaction-level RSMs with
hypothesis-driven similarity matrices capturing task-relevant
referential  organization, specifically = communicative
problems and shape similarity (Figure 1D). NT dyads
exhibited stronger correlations with task constraints than
ASC (Shape Similarity: #s7.53= 5.58, p<.05; Communicative
Problems: t(s6.42=2.66, p<0.05), with both groups differing
from pseudo pairs (NT: f4008=19.18, p<.001 and
l(46,55)=26.96, p<.001; ASC: 1(30,95):12.37, p<.001 and
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t3470=22.93, p<.001 for Shape Similarity and
Communicative Problems, respectively; Figure 2C). Three
additional analyses reinforce the specificity of this finding:
(1) The observed effects reflect genuine dyadic interactions
rather than statistical artifacts, as pseudo pairs exhibited near-
zero correlations (Figure 2C). (2) The differences stem from
cumulative interaction history, evident in the long-range
dependencies in NT dyads’ RSMs, which were less
pronounced in ASD and pseudo pairs (Figure 2D). (3) The
effect was exclusive to interaction-level embeddings, as
movement-level embeddings failed to differentiate groups,
reinforcing the observation that movement features primarily
capture short-range dynamics without encoding broader
communicative history.

Dynamic alignment of representational complexity within
dyads shapes referential coordination

To understand how interlocutors regulate higher-order
communication dynamics, we quantified representational
misalignment as the absolute difference in ID between dyadic
partners. ID estimates the number of dimensions utilized to
encode interaction histories, providing insight into how
interlocutors adapt their shared representational framework
over time. In TCG-SYNERGY1, where communicative
problems followed a structured sequence (Figure 1C), both
NT and ASC dyads exhibited comparable representational
alignment, maintaining low ID differences across trials. This
suggests that when the problem order was predictable, both
groups were able to stabilize their shared representational
framework effectively. By contrast, pseudo pairs—randomly
paired  participants—displayed  consistently = higher
misalignment, reflecting the absence of referential
coordination in the absence of genuine interaction (Figure
3A). However, in TCG-SYNERGY2, where communicative
problems were less predictable and introduced greater
referential uncertainty, ASC dyads exhibited larger ID
differences across trials than NT dyads. Notably, ASC
misalignment overlapped with that of pseudo pairs for the
first two-thirds of the task, indicating difficulties in adapting
representational spaces to evolving communicative demands.
In contrast, NT dyads stabilized referential alignment through
reciprocal adaptation, even under volatile communicative
conditions. These findings suggest that dynamic alignment of
representational complexity is a control parameter supporting
referential coordination.

Dynamic alignment of representational complexity

predicts communicative success under referential
volatility
The degree of representational misalignment was

significantly associated with communicative performance.
When dyads were categorized into low- and high-
misalignment groups based on their ID differences in the final
trial, NT dyads in the low-misalignment subgroup achieved a
success rate of 87%, matching ASC dyads in the same
subgroup (87%). However, ASC dyads in the high-


https://paperpile.com/c/sNKkeI/ZtZQ
https://paperpile.com/c/sNKkeI/ZtZQ

misalignment subgroup performed significantly worse (76%)
than NT dyads in the same category (90%; t14.49 = 3.53, p <
.01. dcohen= 1.4, 95% CI [0.06, 0.23]; Figure 3D). This finding
suggests that effective coordination of representational
complexity within a dyad is crucial for adapting to
unpredictable communicative dynamics. By contrast, in
TCG-SYNERGY1, where problem order was structured,
success rates did not significantly differ between high- and
low-misalignment subgroups in either NT or ASC dyads (all
p > .65; Figure 3C). This lack of differentiation suggests that
the structured task design helped stabilize performance,
mitigating the effects of misalignment on communicative
success.

TCG-SYNERGY1

Intrinsic Dimensionality (ID)

TCG-SYNERGY2

Intrinsic Dimensionality (ID)

A) B)

Dyad-wise ID difference
Dyad-wise ID difference

Final Success Rate
Final Success Rate

*

Figure 3: ID alignment dynamics and communicative
success. (A-B) NT dyads (orange) and ASC dyads (blue)
show comparable ID alignment in structured interactions
(TCG-SYNERGY 1), whereas ASC dyads exhibit persistent

omen

misalignment under referential volatility (TCG-
SYNERGY2), mirroring pseudo pairs (green). (C-D) In
TCG-SYNERGY 1, communicative success is unaffected by
ID misalignment, indicating stabilized referential alignment
in structured sequences. In TCG-SYNERGY2, ASC dyads
with higher ID misalignment perform significantly worse
than NT dyads and low-misalignment ASC dyads.

Discussion

This study investigated how interlocutors coordinate novel
signal-referent mappings across communicative turns in an
experimental semiotic task (TCG), leveraging the known
sensitivity of ASC dyads to referential volatility (Curcio &
Paccia, 1987; Paul et al., 2009) to identify latent control
parameters governing referential coordination. Using a
custom HTM, we extracted multi-level embeddings,
distinguishing movement-level features (within trials) from
interaction-level features (across trials). Movement-level
features failed to distinguish ASC from NT dyads (53%
accuracy), confirming that individual behaviors were
matched across groups. In contrast, interaction-level features
differentiated ASC from NT dyads with 83% accuracy.
Representational similarity analysis further revealed that
interaction-level embeddings captured referentially relevant
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task dimensions through long-range dependencies, including
across-trial problem structure. Moreover, interaction-level
embeddings from NT dyads exhibited stronger alignment
with task constraints than those of ASC dyads (16% vs. 9%
of interaction-level variance). A key contribution of this
study is the identification of representational complexity as a
latent control parameter that may dynamically regulate
referential coordination in context-dependent
communication. Specifically, alignment in interaction-level
representational complexity tracked communicative demands
imposed by the semiotic challenge, with ASC dyads showing
persistent misalignment under referential volatility. These
findings provide empirical evidence for the notion that
referential alignment is an interaction-level process that goes
beyond statistical predictions of tokens, elucidating how
interlocutors dynamically regulate referential complexity to
meet communicative demands.

It has been argued that differences in basic kinematic
properties of movement in individuals with ASC (Cook et al.,
2009; Edey et al., 2016) may influence social interaction
efficacy, potentially due to heterogeneity in motoric
synchrony between NT and ASC individuals (Milton et al.
2022). However, our findings align with recent criticisms of
the Interactional Heterogeneity Hypothesis (Georgescu et al.,
2020; Mitchell et al., 2021), showing that communicative
difficulties in linguistically-fluent ASC dyads arise from
interaction-level processes rather than motoric variations. For
instance, even when communicative performance and
movement-level embeddings were matched between groups,
interaction-level embeddings from NT individuals proved
more sensitive to the referential structure of the semiotic
challenge than those of ASC individuals. This suggests a
disconnection between low- and high-level coordination
features in communicative interactions, challenging accounts
of communication that emphasize mutual priming and
prediction across levels of linguistic organization (Garrod &
Pickering, 2008; Pickering & Garrod, 2004).

It could be argued that the current findings cannot be
generalized to linguistic communication, since the
experimental constraints limit rapid multimodal interactions
and repair procedures typical of everyday exchanges. In fact,
these constraints were intentionally designed to amplify the
semiotic challenges that human interlocutors routinely
resolve when overcoming inter-individual differences in
experience (Lupyan et al., 2023), conceptual representations
(Marti et al., 2023), and prevalent signal-referent associations
(Dor, 2015).

In summary, these findings suggest a computational
mechanism implementing the notion of “common ground”
(Clark, 1996), i.e. a continuously negotiated resource
supporting mutual understanding in human communication.
Specifically, we qualify how this resource is stabilized
through referential alignment, achieved by matching the
intrinsic  representational dimensionality of a dyad’s
interaction histories.
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