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Background

Collaborative learning in human-human-agent settings 

introduces complex interactional dynamics that shape 

how knowledge is constructed through dialogue.

Stahl’s framework treats learning as a recursive cycle at 

the group level, where:

• individual ideas are externalized through articulation.

• shared understanding emerges through cycles of 

negotiation and clarification.

• knowledge artifacts are co-constructed and refined 

across speakers.

Our dataset consists of 26 recorded sessions of triadic 

collaborative problem-solving, where two students work 

with a robot agent. In each session, students are tasked 

with teaching the agent how to solve problems in an HCI 

context. Utterances from all three interlocutors were 

transcribed and used as input to the modeling pipeline 

(fig. 1). 
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Results 

Research Questions
RQ1: What latent interactional states emerge in a triadic 

human-human-agent collaborative learning dialogues?

RQ2: When a shared understanding is achieved in 

human-human-agent collaborations?

RQ3: What role does the agent play in achieving this 

shared understanding?

Method

Discussion

Figure 3. Hidden Markov Model for a 6 State 

Model of Knowledge Construction
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What distinguishes productive 

agreement is the peer reasoning that 

precedes it. This is observable as 

sustained peer reasoning phases rather 

than as the agreement itself.

Different-correct episodes hold sound 

reasoning the agent cannot recognize 

and spend their extra turns translating it; 

wrong episodes never establish a peer 

position and the agent ends up supplying 

the answer. 

Latent states recovered by the HMM 

align with theory-grounded phases of 

knowledge construction. States 

correspond to recognizable phases from 

Stahl's framework, and extend it into the 

Human-Human-Agent setting (fig. 4).

Figure 4. Reformulation of Stahl's Theory of Knowledge Construction for Human-Human-Agent Context

Motivation

Representation. Each utterance becomes a 

sentence embedding. Speaker and addressee 

encoded as explicit dimensions, prepended and 

appended to the embedding, preserving dialogue 

directionality. No human annotations enter the 

model.

Model. Gaussian HMM, trained with Expectation-

Maximization. Each of the 216 problem episodes 

is an independent observation sequence.

Selection. We experiment with embedding size 

(40–1024), hidden states (3–9), and evaluate the 

models using 5-fold cross-validation. Compared 

via AIC, BIC, and log-likelihood.

Figure 2. Dialogue Act Annotations 

The resulting model describes 6 states. We 

use dialogue act tags (fig. 2) to interpret the 

states. Figure 3 shows the dialogue acts 

and their transition probabilities. They are 

further grouped into the Peer Reasoning 

phase (Peer Knowledge Construction 

and Peer Consensus), and the Shared 

Scaffolding Phase (Peer to Agent and 

Agent Scaffolding)

• Knowing where to intervene. Modeling the interaction 

as states and transitions allows us to understand how a 

dialogue trajectory shifts, and thereby investigate how 

these shifts happen and what individual dialogue acts 

or sequences elicit them.

• Understanding the agent’s actual role. The agent 

occupies a different structural role than the learners in 

these asymmetric dialogues, receiving reasoning only 

after the learners have negotiated it. Characterizing 

that position clearly within existing frameworks of 

knowledge construction will inform intelligent agent 

design with regards to this dynamic.

• Informing LLM-based agents. Modeling the dialogue 

as interactional states would allow informed LLM 

intervention strategies in LLM-based agents and 

interfaces, letting an agent condition what it says on 

where the group actually is.

Figure 1. Sample Dialogue Excerpt
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