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(¥kW& 72 U ) Thanks could you choose two of

those and give me an example?

Teacher:

Student:
Teacher:

The film gave me impression.
({E1E) Thanks <STUDENT>do you mean :
I was impressed by the film?
Student:
Teacher:

Yes. Is that correct?
(E1E) Sorry I mean <STUDENT>
unfortunate error!
RS (I— NV FF—%)
({E1E) You need to say: the film made
an impression on me
ZEFLOHS
(HRIg 72 L)
({EI1E) You mean: “The film gave me

a good impression.”

Teacher:

Single Task:
Multi Task:
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Given a tutoring dialogue context, predict what teaching strategy(ies) the teacher should use in their NEXT utterance.
(Given a tutoring dialogue context, first identify what teaching strategy(ies) the teacher should use, then predict what the teacher should
say in their NEXT utterance.)

## CORE TEACHING STRATEGIES

1. scaffolding

Definition: Providing support by giving knowledge, explanations, examples, or step-by-step guidance

When to use:

- When student needs help understanding or completing a task

- When student seems to understand when proper explanations are given

Examples:

- Teacher gives examples of the word since student seems to misunderstand it

- Teacher shows how to use specific grammar since student shows uncertainty

2. eliciting

Definition: Asking questions to check understanding or draw out student's existing knowledge

When to use:

- To assess what student knows about specific words or grammar

- To make student think about specific concepts

Examples:

- Teacher asks student if they know similar words when they're not sure about it

- Teacher gives student a question to answer to assess if they know it or not

3. repair

Definition: Correcting errors in student's response or teacher's own previous statement

When to use:

- When student makes a mistake

- When teacher needs to fix their own error (typo, incorrect information)

Examples:

- Fixing teacher's previous statement since it includes a typo

- Teacher fixes 'afraid’ since it seems student wanted to say 'afford’

## KEY DISTINCTIONS

- scaffolding = GIVING information/help/explanation

- eliciting = ASKING questions to retrieve/check information

- repair = CORRECTING errors (student's or teacher's)

## OTHER STRATEGIES

Beyond the core three strategies, teachers may use: introducing new knowledge (presentation), revisiting previous content (revision),
seeking clarity (clarification), asking non-knowledge question (enquiry), summarizing (recap), or referencing materials (reference).
**When to predict "others":**

- Teacher introduces completely new knowledge for the first time

- Teacher summarizes the lesson or revisits past material

- Teacher asks questions without checking/assessing knowledge

- Teacher makes unclear points clearer

E3 LLMOHEESm > 7 b, FRUIITLF RRAIFHCED 5,

## PREDICTION GUIDELINES \ ## PREDICTION GUIDELINES \
1. Analyze the dialogue flow: 1. Analyze the dialogue flow:
- What just happened in the conversation? - What just happened in the conversation?

- What does the student need next?

- What would be the logical next teaching move?

2. Predict strategies (multiple labels allowed):

- Use multiple labels when teacher needs to combine strategies

- Example: ["scaffolding", "eliciting"], ["repair", "scaffolding"], ["eliciting", "others"]

- What does the student need next?

- What would be the logical next teaching move?

2. Multiple labels:

- Use multiple labels when teacher needs to combine strategies

- Example: ["scaffolding", "eliciting"], ["repair", "scaffolding"], ["eliciting", "others"] % CanaEio ihe Cadiars fEs e
3.["NA"] usage: - Make it natural and contextually appropriate
- Only for non-teaching utterances - Keep it concise and focused
- Example: greetings, small talk, lesson closing - Align with the predicted strategy(ies)
## OUTPUT FORMAT 4.["NA"] usage:
Return a JSON array of strings only, with NO explanation or additional text. - Only for non-teaching utterances
Valid outputs examples: - Example: greetings, small talk, lesson closing
- '["scaffolding"]' ## OUTPUT FORIV!AT ) ) .
- '["eliciting"]’ Return a JSON object with two fields only, no explanation.
- '["others"]' Valid outputs examples:
CNAT - {"strategies": ["scaffolding"], "utterance": "yes right idea for the meaning = good BUT
T o wAl e you need a noun i.e. the thing that led him..."}
: I[uscaff.o"lq‘mg ’ el'?'t”:g"] . - {"strategies": ["eliciting", "repair"], "utterance": "Food can be out of date / past it's
- I["’eP"f"T o ”ssaffolm"nlg , "others"] best, or it can be - (the opposite)?"}
- '["eliciting”, "others"] - {"strategies": ["NA"], "utterance": "yes it's the one thing really you can do"}
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