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Conversations shape how we learn, create, and connect.

Can complex or real-world problems ever be solved 
with a single prompt?



Conversations shape how we learn, create, and connect.
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The Shift to Conversational Agents

Static Q&A
Simple question answering

Planning Agent
Task decomposition

Multi-Agent System
Collaborative problem-solving

Multi-LLM Agent Systems Enhance Problem-Solving

Collective Reasoning

Enhanced decision-making through agent 

collaboration

Cooperative Decision-Making

Agents working toward a common goal

Error Reduction

Agents check and correct each other's 

work

Scalable Solutions

Handling complex tasks through 

structured collaboration



Multi-LLM Agent System

Domain-Specific Agents

Agents specialized for specific roles:

Therapist Agent

Client Agent

Diagnostician Agent

Consensus 

MechanismsMethods to resolve differing opinions:

Belief-Calibrated Consensus

Optimal Collaborator Selection

Dynamic Role Assignment

Planning & Execution

Agents that decompose tasks:

Task Decomposition

Sequential Action Planning

Self-check and Correction

Multi-Agent
System



Case Study 1: Heal – Sensitive Contexts

The Challenge of Psychotherapy Dialogue

The application of LLMs in psychotherapy presents significant 

challenges due to the sensitive nature of the context and the inherent 

lack of transparency.

Why Current Approaches Fall Short

Rule-Based Chatbots

Rigid and resource-intensive, lacking 

flexibility needed for personalized therapy

Pure LLMs

Lack controllability and therapeutic 

structure, hard to ensure safety

Key Requirements

Controllability

Ability to guide conversations toward therapeutic goals while adapting to individual 

needs

Explainability

Clear rationale for diagnostic conclusions and treatment recommendations

Therapeutic Structure

Adherence to established frameworks like Motivational Interviewing (MI) or Cognitive 

Behavioral Therapy (CBT)

Safety

Particular focus on sensitive content handling and alignment with established 

therapeutic principles



Aligning LLMs for Therapeutic Adherence

In sensitive contexts like psychotherapy, controllability and explainability are vital. LLMs must adhere to established therapeutic principles while 

maintaining flexibility.

Strategy-Aligned Generation (SAG)

Aligns LLMs with Motivational Interviewing (MI) strategies to generate controllable 

and explainable dialogues.

Key Components

Aligns with MI strategies (reflections, questions)

Ensures adherence to therapeutic principles

Maintains explainability in responses

Controllability High

Rethinking the Alignment of Psychotherapy Dialogue Generation with Motivational Interviewing Strategies. In COLING 
2025.



Aligning LLMs for Therapeutic Adherence

In sensitive contexts like psychotherapy, controllability and explainability are vital. LLMs must adhere to established therapeutic principles while 

maintaining flexibility.

Script-Strategy Aligned Generation (SSAG)

Refines SAG by integrating partial expert input while maintaining dynamic response 

generation.

Key Benefits

Experts provide only partial input (topics, key questions)

LLMs handle dynamic response generation and dialogue flow

Based on predicted therapeutic strategies (asking questions, reflective 

listening)
Expert Content Required Less than 40%

Script-Strategy Aligned Generation: Aligning LLMs with Expert-Crafted Dialogue Scripts and Therapeutic Strategies 
for Psychotherapy. In CSCW 2025.



Aligning LLMs for Therapeutic Adherence



Multi-Agent Explainable Diagnosis Challenges

Trustworthy AI Psychotherapy: Multi-Agent LLM Workflow for Counseling and Explainable Mental Disorder 
Diagnosis. In CIKM 2025.



Multi-Agent Explainable Diagnosis (DSM5AgentFlow)

Therapist Agent

Administers the DSM-5 questionnaire 

in a conversational manner.

"Based on your symptoms, I'll ask 

questions to help determine if you 

might meet criteria for depression."

Trustworthy AI Psychotherapy: Multi-Agent LLM Workflow for Counseling and Explainable Mental Disorder 
Diagnosis. In CIKM 2025.



Multi-Agent Explainable Diagnosis (DSM5AgentFlow)

Trustworthy AI Psychotherapy: Multi-Agent LLM Workflow for Counseling and Explainable Mental Disorder 
Diagnosis. In CIKM 2025.

Client Agent

Simulates a client profile, exhibiting 

specific mental health characteristics.

"I've been feeling down for two weeks, 

with little interest in activities I usually 

enjoy."



Multi-Agent Explainable Diagnosis (DSM5AgentFlow)

Trustworthy AI Psychotherapy: Multi-Agent LLM Workflow for Counseling and Explainable Mental Disorder 
Diagnosis. In CIKM 2025.

Diagnostician Agent

Provides a provisional diagnosis with 

explicit, step-by-step clinical rationale.

"Based on the client's responses, I 

provisionally diagnose Major 

Depressive Disorder."



Transparency in Diagnosis The Diagnostician Agent links conclusions directly to conversational evidence and DSM-5 

criteria, addressing the "black box" problem.



Case Study 2: Teach – Learning Assistants

Key Challenges in Modeling Realistic Engagement

Simulating Human-like Interaction
Models struggle to consistently generate meaningful and relevant questions in 

diverse learning contexts

Diverse Learning Patterns
Different learners have varying engagement styles and question-asking patterns

Performance Decline
Learner engagement significantly drops in heterogeneous setups (different LLMs for 

learner agent)

Key Insight

A key area for future research in developing more robust and adaptable AI learners that can consistently generate meaningful 
questions across diverse learning contexts.

LLM agents serve as teachers, learners, or evaluators to enhance personalized 

learning experiences and bridge NLP with AI4Education.

Key concerns

Multimodal Understanding

Scale-up
Procedural Learning



Multimodal Fine-Grained Training Assistants

Cerebral Language Agent

Planning & Memory

Interaction Vision-Language Agent

VLM

Key Function

The VLM bridges visual context (object position, assembly state detection) with linguistic 

instructions, enabling comprehensive and adaptive training plans.

Autonomous Workflow for Multimodal Fine-Grained Training Assistants Towards Mixed Reality. In ACL-Findings 
2024.



Multimodal Fine-Grained Training Assistants



Multi-Agent Workflow for Scalable Procedural Learning

The WikiHowAgent simulates teaching-learning conversations, grounded in114,296 tutorials across 17 diverse domains.

Teacher Agent

Provides instructions and answers 

questions.

Learner Agent

Simulates understanding and generates 

feedback.

Interaction Manager

Monitors conversation flow and tracks progress.

Evaluator Agent

Assesses conversation quality using rubric 

metrics.

Conversational Education at Scale: A Multi-LLM Agent Workflow for Procedural Learning and Pedagogic Quality 
Assessment. In EMNLP-Findings 2025.



Multi-Agent Workflow for Scalable Procedural Learning



Case Study 3: Play – Collaborative Building

Build with Commands in Virtual 

Environments
In traditional way, users are expected to be well trained for 
using professional commands.



Case Study 3: Play – Collaborative Building

LLMs in Virtual Environments

In open-ended virtual environments such as Minecraft, 
LLM agents are transforming user interactions from rigid, 
command-line inputs to natural language conversations.

This shift significantly enhances the user experience by 
making complex tasks more accessible and intuitive, 
fostering a more collaborative and creative environment.



Case Study 3: Play – Collaborative Building

LLM-Assisted Interface

Natural Language Interaction
Users can interact with the environment using everyday language rather than 

specialized commands



Case Study 3: Play – Collaborative Building

LLM-Assisted Interface

Natural Language Interaction
Users can interact with the environment using everyday language rather than 

specialized commands

Multi-Stage Processing
Separates semantic reasoning from command generation for more accurate 

interpretation and execution

Self-Check Mechanism
Verifies execution of commands, enabling adaptive correction and continued 

collaboration



Enhancing Creativity and Execution Reliability

Multi-stage Prompt Processing

LLMs Execute Complex Tasks

Reflection

Interpreting user language and intent

Planning
Decomposing tasks into sub-tasks

Instruction
Generating executable commands

Self-check
Verifying execution and results

Talking-to-Build: How LLM-Assisted Interface Shapes Player Performance and Experience in Minecraft. In ICMI 
2025.



Enhancing Creativity and Execution Reliability

Main findings

Talking-to-Build: How LLM-Assisted Interface Shapes Player Performance and Experience in Minecraft. In ICMI 
2025.



Ethical Alignment in Gameplay

Building a trustworthy experience in LLM-assisted systems requires balancing flexibility with safety.

Ethical Rejection

Identifies and rejects harmful or inappropriate user inputs while maintaining a safe 

environment.

Example:

"torture human"

"I'm sorry, but I can't assist with that request. Let's focus on positive 

interactions."

Benefits:

Promotes a safe and respectful environment

Upholds ethical principles in AI responses

Constructive Adaptation

Manages hallucinations by substituting unavailable entities with semantically 

appropriate alternatives.

Example:

"I want a puppy robot"

"Let's use a wolf instead. They're intelligent and can serve as loyal 

companions."

Benefits:

Maintains conversation flow without interruption

Provides meaningful alternatives when requested entities aren't available

Flexibility
Responding to diverse user requests Balance

Safety
Maintaining ethical and appropriate responses



Case Study 4: Judge – Legal Reasoning

The Challenge

Developing trustworthy legal judgment assistants using Large Language Models 

(LLMs) requires structured reasoning approaches, as traditional LLMs often 

produce "meaningless output" or inconsistent judgments.

Why Structure Matters in Legal Reasoning

Legal reasoning requires consistency and fairness in judgment

Human judges consider multiple factors: statutory law, case law, public policy, 

and factual nuances

Trustworthy legal AI must align with human legal reasoning while being 

explainable



Syllogistic Legal Judgment Analysis Workflow

SLJA structures legal reasoning into four interconnected tasks, formalizing the syllogistic reasoning process used by legal practitioners to ensure consistency and 

fairness in judgments.

1. Article Retrieval (AR)

Selects the most relevant legal articles for a given case, establishing the major 

premise in the syllogism.

2. Criminal Element Generation (CEG)

Generates the specific criminal elements of a fact pattern, forming the minor 

premise that connects to legal articles.

3. Article Interpretation Generation (AIG)

Produces applicable articles along with their corresponding rationale, linking the 

major and minor premises together.

4. Legal Judgment Prediction (LJP)

Generates the predicted legal judgment results based on the analysis from the 

previous tasks.

Syllogistic Reasoning for Legal Judgment Analysis. In EMNLP 
2023.



Improving Performance via Syllogistic Templates

Main findings



Multi-Agent Collaboration: Achieving Stable Consensus

From Simple Voting to Belief-Calibrated Consensus

What's Wrong with Traditional Consensus?

Agents' internal beliefs are overlooked

Opinions are aggregated indiscriminately

Lack of consideration for confidence levels

Belief-Calibrated Consensus Seeking (BCCS)

Belief Calibration

Calibrates consensus judgments based on each agent's confidence (belief) in its own 

opinion

Optimal Collaborator Selection

Theoretical framework for identifying collaborators that maximize the stability of the 

consensus

Dynamic Roles

Assigns optimal collaborators when partial consensus is achieved; appoints leaders 

when no consensus is present

BCCS addresses the limitations of traditional approaches by incorporating agents' 

confidence levels and providing a framework for dynamic collaboration.

Belief-Calibrated Multi-Agent Consensus Seeking for Complex NLP Tasks. In NeurIPS 2025.



Multi-Agent Collaboration: Achieving Stable Consensus



Cross-Cutting Challenge: Trust and Transparency

Building Trust in High-Stakes Contexts

High-stakes environments require Explainable AI (XAI) approaches to foster trust 

through interpretability and alignment with human values.

Healing
Safety and therapeutic adherence 

through MI strategies

Teaching
Transparency in diagnostic 

rationales

Playing
Balancing flexibility with safety in 

ethical alignment

Judging
Formal reasoning to enhance 

consistency and fairness

Key Requirements for Trustworthy AI

Interpretability and transparency in decision-making processes

Alignment with established human values and ethical principles

Clear explanation of how conclusions are reached

Data Sensitivity in High-Stakes Applications

Resources in sensitive domains (psychotherapy, legal cases) are often scarce or 

private due to confidentiality concerns, necessitating careful approaches to data 

management.

Data Privacy Data Sharing

Moving Beyond the "Black Box" Problem

The Challenge
AI systems often function as opaque "black boxes," making it difficult to understand 

how decisions are reached.

The Solution
Structured multi-agent approaches that provide explicit rationales and link conclusions 

to evidence.



Designing for Alignment: Key Takeaways

Building trustworthy AI agents requires adherence to core principles that ensure safety, transparency, and alignment with human values.

Grounded Workflows

Employ multi-agent systems and structured processes to move beyond 

single-agent "black boxes."

Examples: DSM-5 for diagnosis, SLJA for legal reasoning, SSAG for therapy

Transparency by Design

Integrate explainability directly into the rationale generation process.

Examples: Explicitly citing evidence and criteria to support conclusions

Strategic Alignment

Guide LLMs with domain-specific expertise to ensure adherence and 

controllability.

Examples: MI strategies in psychotherapy, procedural guidance in education

Ethical Guardrails

Implement safeguards to reject harmful inputs and ensure data privacy.

Examples: Anonymization techniques for sensitive domains



Conclusion

Key Findings

Multi-agent workflows are pivotal in managing the inherent complexity of 

conversational AI and are essential for enhancing trust and explainability in 

high-stakes applications.

Through these structured collaborations, conversations enable AI agents to 

become effective collaborators across diverse domains, from healing and 

teaching to playing and judging.

Enhanced Capabilities

Trust Building
Moving beyond "black box" limitations

Explainability
Transparent reasoning processes

Collaboration
Structured multi-agent interactions

Domain Adaptation
Context-specific applications

Conversational AI Across Four Domains

Heal Teach Play Judge

Multi-agent workflows provide structure to manage complexity and enhance capabilities

Future Research Directions

Refining Nuanced Interaction Capture
Developing LLM capabilities to better understand subtle complexities of human interactions

Balancing Strategy with Empathy
Optimal balance between predefined strategies and empathetic engagement

Real-World Validation
Conducting extensive validation in authentic, real-world settings



Thank You & Q&A

Thank you for your attention! I appreciate your questions and feedback.

Let's continue this conversation during the Q&A session or contact me via j.pei2@vu.nl
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