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Model Params BCC  Update Direction
Family (B) Gradient Agreement %
Falcon 3 1.67 0.594 0.295 70.4
10.31 0.688 0.352 74.3
Llama 3 1.24 0.658 0.381 73.8
8.03 0.739 0.457 74.7
Qwen 2.5 3.09 0.667 0.390 74.3
WOLL0 477 0743 0.482 75.8
0.14 0.477 0.351 64.4
GPT-2 1.61 0.595 0.329 67.9
Pvthia 0.21 0.505 0.340 63.7
Y 12.00 0.681  0.396 73.7
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C.1. $R3CA

Prompt Text

Data is to be generated according to the provided JSON schema. Please follow the schema exactly. There is also
an example in JSON format provided. In the example the {class_category} is "novelists”. Now based on the
JSON schema and the example, please create data for a {class_ category} “desired class category”. There should
be at least 5 {candidate classes} in this category. Ensure that each of the {candidate classes} has exactly the
same number of tokens - this includes the punctuation, the space at the beginning of a class and the full stop at
the end. The number of tokens should be at most 3 - use as few tokens as possible. If the {class_category} is a
proper noun, then the first letter of each word of the class should be capitalized. If the {class_category} is not a
proper noun then the first letter of each word should not be capitalized. There should be at least 3 {histories},
varying in how related they are to the {class_category} (from completely unrelated to very related). There
should be at least 20 pieces of {evidence text}. Some pieces of the evidence text should provide high evidence
for one of the classes, other pieces of evidence text should provide evidence for several or all of the candidate
classes and some pieces of evidence text should provide evidence for none of the candidate classes. Each
{evidence__text} should be accompanied by an array {points_to_ classes}, which is a list of classes in
{class__category} that the evidence supports. This could be a single class, more than one class, all classes in the
{class__category} or none (i.e. an empty list). The {evidence_ elicitation} joined with the {evidence_ text} should
form a grammatically correct sentence including spaces and punctuation. The {class_ elicitation} joined with
each {class} should form a grammatically correct sentence including spaces and punctuation. It is important to
follow the example for {class_ elicitation} and {evidence_ elicitation} including spaces and other punctuation.
“desired class category” = ”school_of philosophy”
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C.2.

JSON KX

JSON Schema

PN

}

"schema': "https://json-schema.org/draft/2020-12/schema’,
"type": "object",
"properties": {

"bayesian_reasoning": {
"type": "array",
"items": {
"type“: “ObjeCt",
"properties": {
"conversation_history": {
n type“ : n String“ ,
"description": "the conversation history"
"candidate_ classes": {
“type“ : ||arrayl| ,
"items": {
"type" . " Stringll

I I "I"minltems": 2,
T

“TTI" " T"uniqueltems": true,
"description": "list of candidate classes"

)
"evidence": {
"type": "string",
"description": "justification or rationale for the classification"
)
"class__elicitation": {
"type": "string",
"description": "prompt used to elicit a candidate class"

)
"evidence_ elicitation": {
||type||: ||St:[_]'.11g||7
"description": "prompt used to elicit the evidence"

}

)

"required”: |
"conversation__history",
"candidate_ classes",
"evidence",
"class__elicitation",
"evidence__elicitation"

I

}
}

b
"required": ["bayesian_reasoning'|

C.3. pilr

JSON Schema

,-A-.

bayesian_ reasoning": [

T
T
“TITTT T'class_type": "novelists”,
T
T

irginia Woolf."],

I
I
I""T"conversation_ history": "We've been discussing literary styles and historical contexts in literature.",
I""T'candidate_ classes": [" William Shakespeare.", " Oscar Wilde.", " Jane Austen.",
Vi

" Charles Dickens.", "

12
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I T'class_ elicitation": " My favourite author is",
I""T"evidence_ elicitation": " I prefer reading",

I""T"evidence": |
I
I

PN w,on

“TITTT T T'evidence text works that bring out the contemporary social conventions and mores of its time
rather than focusing on poetic richness and dramatic performance."

STOTTL,

ST

TTITTTTTTTTT T'category”: "literary_analysis

TTITTTTTT T'evidencetext": " character-driven narratives

ST,

ST

TTITTTTTTTTTT T'category”: "historical _context

“TITTTTTT T T'evidence_text": " literature from periods of significant social transition that captures changing

values, particularly those written during times when society was undergoing fundamental shifts in perspective
about class, gender roles, and interpersonal relationships."

CIOITT,
TITTTTTT
TTITTTTTTTTTT T'category”: "historical context
TTITTTTT T T'evidencetext": " social observers
CIITL,
TITTTTTT
“TITTTTT T T'category": "cultural__impact',
TTITTTTT T T'evidencetext": " books that challenged conventional thinking and introduced progressive social
ideas."
TITTTTTL
B0 e e e o}
TTITTTTT T T'category": "cultural_impact”,
“TITTTTTTT T'evidence_text": " enduring classics that remain relevant centuries later, particularly those that have

been adapted across multiple media formats and continue to shape our understanding of narrative structure and
character development in ways that transcend their original historical context."

—n,

AT AT A

": "stylistic_ technique",

PN w,on

: "stylistic__technique",
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