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Abstract

In this paper, we demonstrate how real-time integration
of language with embodied gesture and action in a collabo-
rative task enables the generation of AI agent interventions
that result in “positive friction”, or reflection, deliberation,
and more mindful collaboration. Further, we demonstrate
how the same framework can be adapted toward agent ac-
tion generation for real-time task guidance.

1. Introduction
As artificial intelligence has become increasingly integrated
into various workflows, there has been consistent interest in
creating flexible agents with the ability to collaborate with
humans across a wide range of diverse domains. To achieve
this goal, there is a need for deeper, more nuanced under-
standing of human expressivity on the part of the agent.
Human communication extends far beyond words or visual
cues—it is inherently embodied, involving a rich combina-
tion of language, gesture, movement, and other embodied
signals, all of which humans intuitively interpret based on
lived experience and embodied cognition [3]. The ubiquity
of language data in multimodal pretraining [8], especially
compared to other embodied communicative channels, can
limit an AI system’s ability to understand and respond to
human behavior in context, and can thus lead it to be some-
what biased, particularly toward linguistic input, especially
when in real-time interactions with humans.

In this paper, we explore how a real-time interpre-
tation of embodied communicative signals contributes to
high quality agent interventions. We specifically exam-
ine human-AI collaborative task settings with LLM-driven
agents whose actions consist of dialogue “interventions”
throughout the task. Our results show how using multi-
modal embodied signals in interpreting tasks dialogues al-
lows LLM-driven agents to generate higher-quality inter-
ventions that are judged to have higher impact on the col-
laborative task. We conclude with future directions and use-
cases for multimodal interpretation of embodied actions for
adaptive, context-aware human-AI collaboration.

Figure 1. Participants performing the Weights Task [5, 6] with
detected deixis, objects, and the associated raw utterance overlaid.

2. Methodology

We use the TRACE platform [13] for multimodal common
ground tracking [7] as the foundation for our approach.
TRACE enables the creation of a contextually complete di-
alogue history that merges natural language with embodied
signals such as gesture, body language, and actions over
task-relevant items. E.g., in situated dialogue, objects are
often referenced with demonstratives (“this,” “that one,”
etc.). To fully interpret statements using these values an
agent would require knowledge of what is being referenced
at any given time; in conjunction with demonstrative pro-
nouns, this information is typically provided through ges-
ture or action (e.g., pointing to or manipulating an object).
TRACE integrates these channels as gesture and object “fea-
tures” wherein the outputs of a gesture detector and an ob-
ject detector are unified to determine which objects in the
task context are the likely denotata of deixis or foci of ac-
tions [12]. This list of objects is then overlapped with the
output of the speech channel, and the demonstrative tokens
are replaced with the specific names of the objects, creat-
ing a multimodal dense paraphrase (MMDP) [11]. Fig. 1
shows a visual example in a collaborative reasoning task
known as the Weights Task (WTD; [5, 6]), in which the raw
utterance is augmented with gesture and object locations.
Here, a participant is seen pointing at the blue block, and
so TRACE augments the utterance to “yeah ok so now we
know that [blue block] is also ten.”
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Raw Friction Embodied Friction

We’re assuming this block is
either 10 or 20, but what if
it’s something entirely differ-
ent? Have we considered
other possibilities?

We can’t assume the green
block’s weight is the sum
of the blue and red blocks’
weights just yet. What if
there’s another combination
of blocks that adds up to 20?

Table 1. Example “raw” and “embodied” friction interventions.

3. Experiments
How does live interpretation of embodied communication
signals help LLMs act as better collaborators? Within a
generation-as-action-taking framework [9], embodied sig-
nals provide better “perception” for the perception-action
loop, even when the AI “action” is limited to text gener-
ation, as our experiments show. We focused on the prob-
lem of inserting “positive friction” into collaborative task
dialogues (e.g., [5, 6]), which consists of interventions in-
tended to prompt user reflection on goals [4]. We gave
subsets of raw dialogue histories and their equivalents aug-
mented with embodied signals to an instance of LLaMA 3-
8B Instruct [1] that was aligned with Direct Preference Op-
timization [10], and prompted it to generate positive friction
as described above. We compared the respective outputs—
“raw” friction vs. “embodied” friction (Table 1)—using a
reward-modeling framework [2] in which outputs are scored
using an OPT 1.3B-based model that was fine tuned to judge
how strongly a friction intervention prompts participants to
reassess their assumptions. Higher values indicate greater
predicted impact. Across all 10 groups of the WTD, we
compared the respective average rewards for friction out-
puts generated by the model when given “raw” and “em-
bodied” dialog inputs. Table 1 shows differences in an ex-
ample output (associated with a dialogue history containing
the utterance shown in Fig. 1) under each condition. The
output associated with embodied signals is more specific
in its guidance, citing specific blocks and combinations to
experiment with. Fig. 2 shows the distribution of average
groupwise rewards for generated interventions across all 10
WTD groups. A paired t-test shows that the interventions
returned given embodied inputs have statistically significant
higher average reward (p=0.023).

4. Use Cases
Sec. 3 showed how embodied inputs improved the quality
of interventions returned from an LLM-driven agent. Using
TRACE’s flexible custom feature processing, this general
approach serves as a basis for multiple different active ef-
forts in both embodied group work analysis and explicit task
guidance. In task guidance, multimodal signals can be inter-
preted to verify that each individual stage of a physical task
has been successfully completed, allowing agent interven-

Figure 2. Kernel Density Estimation plot showing average per-
group reward values for interventions returned by the LLM agent.

Figure 3. Example of potential task guidance, in which an individ-
ual is washing their hands, as in preparation for a medical exami-
nation. Hand overlay is detected using MediaPipe [14].

tions as necessary to support proper execution. Fig. 3 shows
an individual washing their hands, as in preparation for a
medical examination. Relevant signals for this task may
include hand motion relative to objects such as the soap dis-
penser and faucet. Integration of embodied features would
enable an agent to infer if a task has been completed suc-
cessfully (such as hand-washing to WHO specifications1),
and intervene when required with higher-quality feedback.

5. Conclusion

In this paper we present a method for integrating language,
gestures and actions in real time during collaborative tasks
to create detailed embodied signals. We show that these
signals allow AI agents to generate higher quality outputs,
specifically interventions that support encouraging reflec-
tion, thoughtful decision-making, and more mindful collab-
oration. Additionally, we illustrate how this framework can
be adapted to support a variety of different uses, from task
analysis to real-time task guidance.

1https://www.who.int/publications/m/item/how-to-handwash
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