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Intent detection followed by slot-filling

• Chatbot first figures out what the user’s intent is.
• “Are you looking to book a new flight or modify an existing reservation?” 

• Once the chatbot knows the task, it can ask questions to fill in the set of information 
that, once collected, allows the task to be completed autonomously.
• “Where would you like to fly?” 

• “What are your departure and return dates?”
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An alternative method: tool use

• Tool: an API call that can perform actions and return results
• General idea: Conversational LLM is trained to generate API calls when appropriate, 

and incorporate their outputs into its responses.
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Difference from prior methods

• More flexible than intent detection and slot filling. We no longer need to explicitly 
model user intent or slots to fill.
• LLM simply generates code, the same as it generates text.

• In the past, companies would implement task-oriented chatbots for specific purposes. 
Chatbot takes action when all slots are filled.
• An airline has a chatbot that can make and modify flight bookings. 

• A restaurant has a chatbot that can help you to order pizza. 

• Tool-use models are still general-purpose conversational language models, rather than 
single-purpose task completers.
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What can tools do?

Wang et al. “What Are Tools Anyway? A Survey from the Language Model Perspective.” 2024.



Properties we want from a general-purpose tool-calling AI

1. AI should have access to dozens or even hundreds of tools
2. AI should generalize to tools not seen during training
3. AI chooses when during the generation process to make a tool call
4. AI has the ability to make multiple tool calls when necessary
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Typical tool-use flows circa 2024

Qu et al. “Tool Learning with Large Language Models: A Survey.” 2024.
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Typical tool-use flows circa 2024
Desired properties: 
1. AI should have access to 

dozens or even hundreds of 
tools

2. AI should generalize to tools 
not seen during training

3. AI chooses when during the 
generation process to make 
a tool call

4. AI has the ability to make 
multiple tool calls when 
necessary
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Typical tool-use flows circa 2024
2026: 
• Task planning is increasingly 

merged with reasoning
• Retriever-based selection 

followed by LLM-based 
selection from top retrieved 
tools is the norm

• Iterative tasking solving means 
[reasoning→tool 
call→reasoning→tool 
call→etc.]

• During response generation, 
LLM acts on tool’s output.

Qu et al. “Tool Learning with Large Language Models: A Survey.” 2024.
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Two case studies

• Toolformer
• ToolBench
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Toolformer

• Took an existing LM dataset, and annotated it with tool calls.
• Finetuned a pre-trained LLM on the annotated data.

• At generation time, model generates tool calls.

Schick et al. “Toolformer: Language Models Can Teach Themselves to Use Tools.” 2023.



Toolformer

• Only a limited number of tools supported.

• Takeaways:
• Tool calls improved performance at knowledge and math benchmarks.
• Synthesized tool-call data makes good training data.

Schick et al. “Toolformer: Language Models Can Teach Themselves to Use Tools.” 2023.



an instruction-tuning dataset for training tool use models
ToolBench

• Dataset of 88.9k reasoning+tool-use trajectories.
• User input: I would like to explore different fish species. Can you provide me with a list 
of available fish species and their images? 

• Call /fish_api/fishes (api_description=“This endpoint will return back all available fishes 
that are available”, required_parameters=[]) 

• Call /fish_api/fish/{name} (api_description=“This endpoint will return information for a 
specific fish”, required_parameters=[“name”]) 

• Target output: “ 

• Dataset created by prompting GPT-4, then used to fine-tune LLaMa for tool calling.

Qin et al. “ToolLLM: Facilitating Large Language Models to Master 16000+ Real-world APIs.” 2023.



an instruction-tuning dataset for training tool use models
ToolBench

Qin et al. “ToolLLM: Facilitating Large Language Models to Master 16000+ Real-world APIs.” 2023.



an instruction-tuning dataset for training tool use models
ToolBench

Qin et al. “ToolLLM: Facilitating Large Language Models to Master 16000+ Real-world APIs.” 2023.



Evaluating tool-use

• Does incorporating the tool’s output into the AI’s decision-making increase the 
chance it arrives at the correct answer? 

• Was the correct environmental action taken?
• What are the costs of tool-use (e.g. increased latency, inference costs if tool is another 

LLM)?
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Risks of tools

• TODO
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Model Context Protocol



Suppose you’ve built a robot that wanders around Gates-Hillman 
according to instructions students send out.

You want all students—regardless of whether they use Claude, or 
Gemini, or GPT-5—to be able to send instructions to the robot.



Model Context Protocol

• Host: The AI application that coordinates and manages one or multiple MCP clients 
• 	 Client: A component that maintains a connection to an MCP server and obtains 

context from an MCP server for the MCP host to use
• 	 Server: A program that provides context to MCP clients
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Server
Model Context Protocol

• Server declares its set of capabilities:
• Tools: functions that the client model can actively call
• Resources: read-only information the AI application can retrieve and provide as context to the 

client model.
• Prompts: pre-built instruction templates that provide expected interaction patterns; telling 

model how to work with specific tools and resources
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Client
Model Context Protocol

• Processes user queries by
• Calling an LLM
• Calling tools
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Personas and Companionship



How should a chatbot answer?



Should chatbots have personas?
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Applications

Citations

character.ai



Applications

Citations

Tavern AI



How to give a chatbot a persona

• Prompting
• Finetuning
• Steering vectors
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Silly Tavern, character.ai etc.—-each chatbot has a “character card”
Prompting to create a persona

https://github.com/malfoyslastname/character-card-spec-v2

type TavernCardV2 = { 
  spec: 'chara_card_v2' 
  spec_version: '2.0' // May 8th addition 
  data: { 
    name: string 
    description: string 
    personality: string 
    scenario: string 
    first_mes: string 
    mes_example: string 
    creator_notes: string 
    system_prompt: string 
    post_history_instructions: string 
    alternate_greetings: Array<string> 
    character_book?: CharacterBook 
    tags: Array<string> 
    creator: string 
    character_version: string 
    extensions: Record<string, any> 
  } 
} 
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Silly Tavern, character.ai etc.—-each chatbot has a “character card”
Prompting to create a persona

https://github.com/malfoyslastname/character-card-spec-v2

type TavernCardV2 = { 
  spec: 'chara_card_v2' 
  spec_version: '2.0' // May 8th addition 
  data: { 
    name: string 
    description: string 
    personality: string 
    scenario: string 
    first_mes: string                 
    mes_example: string 
    creator_notes: string 
    system_prompt: string # Instructions for the LM 
    post_history_instructions: string 
    alternate_greetings: Array<string> 
    character_book?: CharacterBook 
    tags: Array<string> 
    creator: string 
    character_version: string 
    extensions: Record<string, any> 
  } 
} 

Write {{char}}'s next reply in a fictional chat between {{char}} 
and {{user}}. Write 1 reply only in internet RP style, italicize 
actions, and avoid quotation marks. Use markdown. Be 
proactive, creative, and drive the plot and conversation forward. 
Write at least 1 paragraph, up to 4. Always stay in character and 
avoid repetition.



Silly Tavern, character.ai etc.—-each chatbot has a “character card”
Prompting to create a persona

https://github.com/malfoyslastname/character-card-spec-v2

type TavernCardV2 = { 
  spec: 'chara_card_v2' 
  spec_version: '2.0' // May 8th addition 
  data: { 
    name: string 
    description: string 
    personality: string 
    scenario: string 
    first_mes: string 
    mes_example: string 
    creator_notes: string 
    system_prompt: string 
    post_history_instructions: string # Extra “system instructions” to put at end of prompt 
    alternate_greetings: Array<string> 
    character_book?: CharacterBook 
    tags: Array<string> 
    creator: string 
    character_version: string 
    extensions: Record<string, any> 
  } 
} 



Silly Tavern, character.ai etc.—-each chatbot has a “character card”
Prompting to create a persona

https://github.com/malfoyslastname/character-card-spec-v2

type TavernCardV2 = { 
  spec: 'chara_card_v2' 
  spec_version: '2.0' // May 8th addition 
  data: { 
    name: string 
    description: string 
    personality: string 
    scenario: string 
    first_mes: string 
    mes_example: string 
    creator_notes: string 
    system_prompt: string 
    post_history_instructions: string 
    alternate_greetings: Array<string> 
    character_book?: CharacterBook # Stores information about the world the bot inhabits. 
    tags: Array<string> 
    creator: string 
    character_version: string 
    extensions: Record<string, any> 
  } 
} 



Challenges with these approaches
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Finetuning-based personas
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Anthropic’s persona vectors
Steering vectors

• A persona vector  is a vector that when added to the model’s activations at layer , 
steers behavior toward some direction: 

vℓ ℓ
hℓ ← hℓ + α ⋅ vℓ

Weng et al. “ControlLM: Crafting Diverse Personalities for Language Models.” 2024.



Anthropic’s persona vectors
Steering vectors

• A persona vector  is a vector that when added to the model’s activations at layer , 
steers behavior toward some direction: 

• How it’s computed:
1. Prompt Claude to have personality , and collect all responses that strongly exhibit this  

personality.
2. Prompt Claude to have personality , and do the same.
3. In both cases, extract residual stream activations at every layer and average across response 

tokens.
4. Compute the persona vector as the difference in mean activations between responses that 

exhibit the personality trait and those that do not.

vℓ ℓ
hℓ ← hℓ + α ⋅ vℓ

P

¬P

Weng et al. “ControlLM: Crafting Diverse Personalities for Language Models.” 2024.



Ways to use steering vectors

• At inference time, apply (or else subtract) the steering vector to guide generation’s 
characteristics. Researchers found this to degrade general capabilities.

• At finetuning time, add steering vector in order to limit personality trait shifts.
• TODO more here
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Do you think that 



Dangers in Chatbots


