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Introduction

Background

• Recent LLM progress is most notable in reasoning ability, especially mathematical problem solving

• Latest frontier LLMs are approaching human-level intelligence in mathematical problem solving ability

Motivation

• Human intelligence is not defined solely by accuracy; It also includes diverse aspects such as Creativity

• There is a need to extend from Hallucination detection to Creativity detection
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Introduction

Experimental Framework

Figure 1. Overview of the experimental framework.
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Proposed Method — CLAWS

Dataset Construction - Preparing Input Data for LLM Generation

• Reference Set : A set of 29 problems in CreativeMath [1]

• Test Set : A set of 371 problems in CreativeMath [1]

• Extended Test Set : A set of 4545 problems in HARP [2] (excluding overlaps with CreativeMath)

[1] Assessing the Creativity of LLMs in Proposing Novel Solutions to Mathematical Problems, AAAI 2025
[2] HARP: A challenging human-annotated math reasoning benchmark, 2024

CreativeMath

HARP

Extended Test Set 

Test Set 

Reference Set 

AMC AIME

A(J)HSMEUSA(J)MO

IMO

Math Contests



HYU Artificial Intelligence Laboratory

Proposed Method — CLAWS

Dataset Construction - Step 1: Generation

• To generate mathematical problem solutions, we select five Reasoning Language Models

• DeepSeek-Math-7B-RL, Qwen2.5-Math-7B-Inst, Mathstral-7B, OpenMath2-Llama3.1-8B, and OREAL-7B

Table 1. Overview of the generation results. Number of samples per class (Hallucinated, Creative, Typical) for each dataset and model.
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Proposed Method — CLAWS

Dataset Construction - Step 1: Generation

• Split each input prompt and its corresponding output into five 

predefined semantic sections:

• (Input prompt) Guideline |  Problem   |  Solution  |  Instruction

• (Output)  Response

• These sections are used for section-wise attention analysis

Figure 2. Input prompt consists of four sections: Guideline (G, yellow),

Problem (P, green), Reference Solutions (S, blue), and Instruction (I, purple).
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Proposed Method — CLAWS

Dataset Construction - Step 2: Feature Extraction

• Computes attention weights for each section during generation

• Quantifies how much influence each section exerts on the response

Figure 3. Architecture of CLAWS
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Proposed Method — CLAWS

Dataset Construction - Step 2: Feature Extraction

① Compute average attention for each section 𝒰 across all heads 𝐻 and time steps 𝑇, section-specific token 

positions 

② Normalize the averaged attention values as

so that the sum of all                   equals 1, representing the relative contribution of each section to the 

model’s reasoning pattern
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Proposed Method — CLAWS

Dataset Construction - Step 3: Labeling

To assess model generations, we employ two frontier-level LLMs — GPT-o4-mini and Gemini-1.5-Pro — as LLM Evaluators.

① Evaluate ‘Correctness’ - Solutions that both evaluators judged as ‘Correctness’, those that neither evaluator judged as 

‘Creativity’.

② Evaluate ‘Novelty (Creativity)’ - Solutions that both evaluators judged to be ‘Correctness’, if even one evaluator judged them to 

be ‘Creativity’. This is a criterion for inclusive acceptance of Creativity.

Correct & Novel Solution

→ Creative Solution
Gemini-1.5-Pro

GPT-o4-mini
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Proposed Method — CLAWS

Step 4: Evaluation

To address various models, imbalanced datasets, and multiple baselines, sufficient Evaluation Strategies and Metrics

are established.

Evaluation Strategies

• Applied five strategies (Threshold, Prototype, XGBoost, MLP, TabM) to evaluate performance using features

Evaluation Metrics

• Weighted F1 (𝐹1𝑤), Macro F1 (𝐹1𝑚), AUROC, Macro AP (𝐴𝑃𝑚) were used to evaluate performance for imbalanced datasets.
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Proposed Method — CLAWS

Step 4: Evaluation

Baselines

• PPL (Perplexity), LE (Logit Entropy), WE (Window Logit Entropy), HS (Hidden Score), AS (Attention Score) [3]

Datasets

• Each method was evaluated using the dataset generated through Steps 1 to 3

[3] LLM-Check: Investigating Detection of Hallucinations in Large Language Models, NeurIPS 2024

② Two-class Dataset 

• Non-Hallucinated (Typical + Creative) & Hallucinated 

① Three-class Dataset

• Imbalanced

• Balanced

• random sampling with an equal number of samples per class
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Table 2. Results for Creativity detection. Bold values indicate the best performance,

underlined values denote the second best, and gray-shaded cells correspond to cases

where the model detected only two out of the three classes.

Results & Analysis

For Creativity Detection

• Imbalanced Dataset

• Evaluation strategies 

• Threshold (for PPL, WE, LE, HS, AS)

• Prototype(for CLAWS). 

• CLAWS Outperformed all models on the all

dataset across all four metrics, achieving 

superior creativity detection performance 

compared with five white-box baselines.
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Results & Analysis

For Creativity Detection

• Imbalanced Dataset

• Evaluation strategies

• XGBoost, MLP, TabM (for PPL, WE, LE, HS, AS, CLAWS)

• Most baselines failed to detect three classes.

Table 3. Results for Creativity detection. Bold values indicate the best performance,

underlined values denote the second best, and gray-shaded cells correspond to cases

where the model detected only two out of the three classes.



HYU Artificial Intelligence Laboratory

Results & Analysis Table 4. Results for Creativity detection on the balanced dataset. Bold values indicate the

best performance, underlined values denote the second best, and gray-shaded cells

correspond to cases where the model detected only two out of the three classes.

For Creativity Detection

• Balanced dataset

• CLAWS outperformed all models on the all

dataset across all four metrics, achieving 

superior creativity detection performance 

compared with five white-box baselines.
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Results & Analysis

For Hallucination Detection

• Two-class Dataset (Non-hallucinated / hallucinated)

• Evaluation strategies 

• Threshold (for PPL, WE, LE, HS, AS)

• Prototype(for CLAWS). 

• CLAWS consistently achieved the best 

performance across all evaluation metrics and 

models.

Table 5. Results for Hallucination detection. Bold values indicate the best performance,

underlined values denote the second best, and gray-shaded cells correspond to cases

where the model detected only single out of the two classes.
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Results & Analysis

Visualization of Baselines vs. CLAWS

• Baselines show almost no separation among classes

• CLAWS clearly distinguishes Hallucinated, Typical, and Creative solutions.

Figure 4. Visualization of class-wise average scores for each method (Qwen2.5-math-7B-inst)
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Results & Analysis

Results on Runtime Consumption

• CLAWS recorded the highest efficiency among all 

baselines

• Baselines require re-feeding outputs into the model

• CLAWS directly utilizes attention weights generated 

during output token generation (no re-feeding required)

Figure 5. Average runtime per methods
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Conclusion

Contribution

I. Introduced CLAWS, a novel white-box, attention-based method for creativity and hallucination detection

II. Proposed an automated framework for classifying generated solutions into Hallucinated, Creative, and 

Typical, without human intervention
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Thank you for watching :D

If you have any questions, feel free to contact us at 

ktkpv94@hanyang.ac.kr , jeh0826@hanyang.ac.kr

mailto:ktkpv94@hanyang.ac.kr
mailto:jeh0826@hanyang.ac.kr
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