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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

* Thereis a need to extend from Hallucination detection to Creativity detection

ﬁ/ HYU Artificial Intelligence Laboratory



Introduction

Experimental Framework

Dataset Constuction

—
e

Reference set

— Step 1. Generation —

(Prompt: Given the

Step 2. Feature Extraction

Test set

Extended Test set

»| following mathematical
problem: - - -. Please output
a novel solution - - -

Y

Features

Step 3. Labeling

Hallucinated [ ]
—>» Creative M

* Gemini 1.5 Pro

New Solution

@ GPT o4-mimi Typical ]

-"T\;é;'\".
Qe .
;? NEURAL INFORMATION
%<, PROCESSING SYSTEMS

RA N

Step 4. Evaluation

Detection Performance

T £ True |

Hallucinated | Creative | Typical

1

Detection Method

Feature ' Label Feature ' Label

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

Dataset Construction - Preparing Input Data for LLM Generation

( Yy
Math Contests .
S CreativeMath <:\Reference Set
[AMC] [ w ] [ AME ] Test Set
— I

[ usawmo | | AWHsMmE | S40q HARP

« 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)

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

Model DeepSeek Mathstral OpenMath2 OREAL Qwen-2.5
Dataset Ha Cr Ty Totall Ha Cr Ty Totall Ha Cr Ty Total| Ha Cr Ty Total| Ha Cr Ty Total
REF 868 206 649 1723|1192 175 437 1804|923 103 785 1811|1244 83 379 1706|631 324 752 1707
TEST 798 160 456 1414|961 154 337 1452| 815 97 551 1463|932 89 369 1390|578 203 579 1360
AMC 1197 530 1373 3100(1679 434 1049 3180|1330 291 1578 3199|1928 237 935 3100|637 629 1784 3050
AIME 772 126 262 1160| 917 68 221 1206| 644 67 501 1212|911 47 161 1119{529 159 373 106l
A(JJHSME | 657 424 763 1844 | 945 354 606 1905| 723 248 943 1914|1005 161 656 1822|281 491 1054 1826

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

@' HYU Artificial Intelligence Laboratory
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Proposed Method — CLAWS

Criteria for evaluating the difference between two mathematical

Data s et C o n St ru Cti o n - Ste p 1 : Ge n e rati o n is;llllft:l(::srr::t;l::se;sed to arrive at the solutions are fundamentally

different, such as algebraic manipulation versus geometric
. ) ) ) . . reasoning, they can be considered distinct;
° Spllt each Iﬂput prompt and its CorreSpond INg OUtpUt Into flve ii). Even if the final results are the same, if the intermediate steps or
processes involved in reaching those solutions vary significantly, the
. . . . solutions can be considered different;
pl‘ed efl ned semantic sections: ii1). If two solutions rely on different assumptions or conditions,
they are likely to be distinct;
. . . . iv). A solution might generalize to a broader class of problems,
. (Input prompt) Guideline | Problem | Solution | Instruction while another solution might be specific to certain conditions. In
such cases, they are considered distinct;
v). If one solution is significantly simpler or more complex than the
other, they can be regarded as essentially different, even if they lead
to the same result.

« (Output) Response

Given the following mathematical problem:

* These sections are used for section-wise attention analysis What is the largest power of 2 that is a divisor of 134 — 1147

And some typical solutions:

1. First, we use the difference of squares on

13* — 11% = (12%)2 — (112)2. ---

2. Just like in the above solution, we use the difference-of-squares
factorization, but only once to get

13— 11t = (132 —11%)(13% £ 11%).---

Please output a novel solution distinct from the given ones for

this math problem.

Figure 2. Input prompt consists of four sections: Guideline (G, yellow),
Ql HYU Atrtificial Intelligence Laboratory Problem (P, green), Reference Solutions (S, blue), and Instruction (I, purple).
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Dataset Construction - Step 2: Feature Extraction

« Computes attention weights for each section during generation

* Quantifies how much influence each section exerts on the response

Guideline G Problem P Solutions S Instruction I Response R

-

I

\

/

AVGA 1 I I

'}I‘Nth
[ Add & Norm. ]
£
[ Feed Forward ]
T
[ Add & Norm. ]
1
[Multi—Head Attention}
f
E‘ N-1 X| Transformer Decoder |
[ [
X ™1 Ta Tr—_1

‘@' HYU Artificial Intelligence Laboratory
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Figure 3. Architecture of CLAWS
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Proposed Method — CLAWS

Dataset Construction - Step 2: Feature Extraction

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

positions Zu

AVGAY = 7z St St Liez, A ], for U ={G, P, S, I, R}

@ Normalize the averaged attention values as

AVGA
CLAWSy = , MAVGA ,
u e{G,p,s,I,R} U

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

model's reasoning pattern

ﬁ/' HYU Atrtificial Intelligence Laboratory
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Proposed Method — CLAWS

Dataset Construction - Step 3: Labeling

To assess model generations, we employ two frontier-level LLMs — GPT-04-mini and Gemini-1.5-Pro — as LLM Evaluators.

. Correct |V

@ GPT-o4-mini — I\?ie;
% ; Correct & Novel Solution
- ]
C v -> Creative Solution
. . orrect
Gemini-1.5-Pro — N
ovel \/

@ Evaluate 'Correctness' - Solutions that both evaluators judged as ‘Correctness’, those that neither evaluator judged as
‘Creativity'.
@ 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.

@,‘ HYU Artificial Intelligence Laboratory
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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(F1,), Macro F1(F1,,), AUROC, Macro AP (AP,,) were used to evaluate performance for imbalanced datasets.

@,‘ HYU Artificial Intelligence Laboratory
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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 1to 3

@D Three-class Dataset @ Two-class Dataset
+ Imbalanced « Non-Hallucinated (Typical + Creative) & Hallucinated
* Balanced

random sampling with an equal number of samples per class

~®I HYU Artificial Intelligence Laboratory [3] LLM-Check: Investigating Detection of Hallucinations in Large Language Models, NeurlPS 2024
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I te S u Its & l \n a Iys I S 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.

Dataset TEST AMC AIME A(HHSME

F C *. .. D M Model Method | F1, Fl, AP, AUROC| Fl, Fl, AP, AUROC| F1, Fl, AP, AUROC| F1, Fl, AP, AUROC
Or reatIVIty eteCtlon PPL  |48.09 3577 37.07 5649 44.56 35.63 36.28 5512 |55.93 36.70 36.59 56.63 |42.34 36.52 37.49 56.82
WE  |18.59 23.20 3589 5389 |27.52 26.03 34.67 5226 | 9.07 16.36 33.67 50.31 [28.72 27.70 3444 5192

CLE [40.56 3321 3400 5090 [35.69 3296 3342 5031 |28.99 25.28 3327 4889 [34.89 3346 3345 50.18

 Imbalanced Dataset Deepseek s 2956 25.18 3240 45.03 |38.44 32.96 33.60 5022 |38.30 29.65 3371 50.67 |38.61 3580 34.54 5240
AS 33.95 24.99 3098 42.80 |33.51 29.18 3343 50.19 [43.92 32.89 3358 5097 |28.63 26.83 33.19 49.70

CLAWS |58.66 46.01 4117 62.09 |46.71 40.99 37.16 56.40 [56.90 38.12 3538 54.47 [38.82 37.64 3625 54.40

. . PPL  |42.45 2594 3137 4326 |36.50 2521 31.81 4589 |56.90 29.97 32.76 47.49 |34.79 25.58 32.58 48.15

* Evaluation Strategles WE  [46.19 28.89 32.58 4668 |40.71 30.02 32.73 4844 [52.20 30.20 3291 4833 [40.34 31.79 33.86 SLO0S
Mahor WE[4162 2817 3211 4566 [35.20 2955 3205 4693 [44.77 2856 3347 5050 |35.46 30.56 3240 47.77

- Threshold (for PPL, WE, LE, HS, AS) HS  |49.86 26.53 3249 47.07 37.37 23.46 33.33 49.97 |65.96 31.13 3346 5023 [33.42 22.65 3342 50.14

AS 3841 2450 3123 4222 |3692 2753 3202 46.69 |57.35 31.95 3351 49.82 |35.26 27.57 3241 47.60

- Prototype(for CLAWS). CLAWS | 63.20 46.05 4175 6370 |51.47 41.45 37.89 57.69 [65.25 36.05 34.43 5273 [49.13 42.29 3820 58.18

PPL  |3647 27.52 3272 4730 |41.10 3145 33.12 4924 |40.44 3049 32.18 47.57 [39.22 30.05 33.13 48.56

WE  [40.89 32.14 3384 5050 |43.44 34.48 3393 5119 [40.55 31.17 33.37 50.00 [42.45 34.16 33.99 51.08

LE  [47.48 3596 3515 5315 |43.17 36.18 34.28 5262 |41.82 33.10 34.32 5292 [42.38 37.55 34.70 53.28

« CLAWS Outperformed all models on the all Openatt? . |3048 2320 3077 4137 [3302 2678 3117 4432 |40as 3200 5263 4938 |36z 2635 3137 4483
AS 3320 2448 30.65 42.17 |32.84 27.77 31.89 4675 |4042 3096 48.59 32.59 |31.03 27.53 3209 47.04

. . e CLAWS | 60.86 44.27 4077 60.66 |54.32 42.12 38.53 58.06 [49.35 34.41 3535 52.00 [50.88 41.36 37.73 57.22

dataset across all four metFICS, aChIeVIng PPL  |46.52 27.81 3178 4560 41.68 26.38 31.25 4427 |55.96 28.11 32.64 47.36 |36.90 24.83 31.03 43.62
WE  [49.57 27.39 3280 4826 |44.87 27.32 32.87 4882 |66.65 32.63 3348 S1.28 [36.37 24.79 3279 48.44

superior creativity detection performance OREAL | e e oy | e o B P T T 2

HS 51.95 20.46 32.60 47.90 |48.58 2828 3320 49.60 |68.10 31.63 3330 4922 |41.65 2836 33.12 49.62

AS  |45.56 28.24 31.83 4556 |47.92 29.11 3270 4825 [65.19 32.74 3320 49.56 [40.18 26.41 32.74 48.48

Compared with five white-box baselines. CLAWS [54.19 40.18 38.15 59.46 |43.83 34.77 3557 5478 [50.95 32.74 33.81 5155 [35.70 3193 3551 54.41
PPL  |25.66 23.30 3176 4262 |26.40 21.39 3171 4331 |28.29 2529 3200 44.52 |24.88 20.34 32.09 44.79

WE  [30.79 29.40 34.71 5250 [22.04 26.04 33.80 SI.15 [33.23 29.08 33.12 49.24 [20.50 23.61 33.12 49.51

owenzs 1 50.81 4529 3950 59.80 |45.86 40.18 36.15 55.81 |43.20 39.01 3640 55.83 |45.70 38.64 3523 54.09

HS 30.67 2831 3625 5453 |47.57 31.98 3481 5298 |20.37 24.17 3457 5283 |48.52 32.54 3478 5277

AS 3075 2696 32.05 4553 |38.61 3155 3293 4878 |37.32 3371 3392 5142 |33.72 28.55 3286 48.35

' HYU Atrtificial Intelligence Laboratory CLAWS | 5035 43.37 39.88 59.32 |52.77 4139 3745 57.59 |39.05 3231 3308 4931 |47.90 36.04 3586 54.94
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Results & Analysis

e o ° Table 3. Results for Creativity detection. Bold values indicate the best performance,
FOI' CreatIVIty DeteCtlon underlined values denote the second best, and gray-shaded cells correspond to cases

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

* Imbalanced Dataset Dataset TEST AMC AIME AUHSME

Strategy |Method| Fl,, Fl, AP, AUROC| Fl,, Fl, AP, AUROC| Fl, Fl, AP, AUROC| Fl,, Fl, AP, AUROC

PPL |[48.70 41.51 41.49 5998 [46.82 37.65 3690 54.52 |44.53 36.78 37.82 5539 |44.21 34.63 3526 53.28

WE | 4996 39.15 4347 63.00 |49.93 36.57 38.63 57.69 | 41.13 32.17 36.10 52.48 | 45.39 32.74 36.82 55.51

o . .
Evaluatlon Strategles XGBOOST LE 38.22 3242 33.83 5094 |40.59 31.06 34.20 51.68 |35.19 2898 3338 4997 [37.81 2836 34.17 50.89

HS 4698 3995 41.80 5798 |48.68 3794 3970 5848 |4131 3340 50.87 34.65 (4480 3346 3641 5444

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

AS 42.60 3524 3791 55.60 |42.92 3276 35.51 53.54 |38.85 3092 33.74 4956 [40.00 2996 34.70 5249
CLAWS | 52.35 43.33 47.72 6598 |50.30 38.98 40.66 61.11 |45.18 38.95 39.75 5586 |47.54 36.02 3941 5945

PPL | 54.27 46.34 47.90 067.59 | 50.01 38.01 43.58 61.96 |47.58 36.13 41.91 62.02 |44.92 37.00 38.23 57.72

° Most baselines failed to detect three Classes WE |45.67 39.58 3831 5497 |43.32 3295 3649 53.87 | 40.26 30.78 34.22 51.26 [42.11 3331 34.35 50.53

LE 2948 23.10 2827 4143 |36.53 2633 3396 4947 | 31.62 25.13 31.19 47.00 | 32.30 23.38 35.14 50.73

ML HS 54.58 4277 4698 65.86 | 50.29 36.64 41.90 60.61 | 43.11 3296 36.01 5238 |46.24 36.21 37.80 56.01
AS 43.80 38.05 40.62 59.13 |43.04 32.73 35.52 52.88 | 39.07 30.08 3298 47.71 |39.86 30.64 3443 51.33

CLAWS | 53.78 45.32 50.44 67.98 |52.51 39.65 43.06 63.20 |42.76 36.59 39.32 5649 |53.75 41.05 42.29 62.61

PPL | 54.53 42.74 47.13 65.44 | 50.83 38.45 43.07 60.61 | 48.30 37.01 43.37 60.80 | 4558 34.28 38.54 57.10

WE | 48.15 37.73 4035 5870 | 46.62 33.89 36.59 55.06 | 38.60 30.12 34.82 5149 | 4558 31.17 3481 52.06

ThbM LE 3324 26.04 3255 50.24 | 41.43 2820 34.61 5239 | 31.50 2536 3398 5030 | 38.81 2593 3589 5241

HS 5147 41.39 4550 63.64 |50.08 36.79 41.58 61.00 |[43.75 3448 36.73 53.74 [46.01 33.00 37.82 5541
AS 45.76 35.860 38.65 56.76 | 43.53 31.74 36.03 54.26 | 37.84 29.68 33.06 49.16 | 41.37 2896 35.60 54.28
CLAWS|51.93 4292 4582 63.83 |48.69 38.90 3923 59.61 |45.14 38.28 38.15 5526 |47.31 3597 39.23 59.28

A\

| HYU Artificial Intelligence Laboratory
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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.

Dataset TEST AMC AIME A(JJHSME
o o o Model Method |Fl, Fl, AP, AUROC|Fl, Fl, AP, AUROC|Fl, Fl, AP, AUROC|Fl, Fl, AP, AUROC
For CreatIVIty Detectlon PPL 35.22 35.22 3440 5203 |37.57 37.57 35.04 53.16 |[42.57 42.57 37.65 57.34 |36.21 36.21 34.83 52.30
WE 30.54 30.54 35.34 53.44 28.46 28.46 34.20 51.60 25.80 25.80 33.15 4940 28.70 2870 3435 5195
Deepseek LE 31.89 31.89 3298 48.91 3278 3278 3335 49.95 29.32 2932 32.65 47.62 33.06 33.06 33.37 4994
B I d d t t HS 27.36 27.36 32.21 45.16 31.40 31.40 33.25 49.58 32.09 32.09 33.14 49.21 32.88 32.88 33.58 50.53
a ance a ase AS 31.48 31.48 33.81 49.69 32.11 32.11 3331 4991 30.56 30.56 33.56 5040 33.29 33.29 33.55 5047
CLAWS | 46.30 46.30 41.34 62.03 [35.90 35.90 3587 54.62 [36.93 36.93 36.66 55.95 |36.43 36.43 35.97 54.89
PPL 2911 29.11 32.86 48.70 32.37 32.37 33.39 49.88 27.67 27.67 32.46 4779 31.55 31.55 33.04 49.29
* CLAWS outperformed all models on the all WE  |3876 3876 3614 5471|3623 3623 3505 LU |31 3421 381 5074|3409 3019 3441 5205
I LE 30.60 30.60 32.83 48.54 32.05 32.05 32.99 49.08 26.00 26.00 31.56 44.85 30.59 30.59 32.62 48.09
. . . Mathstral HS 27.80 27.80 33.82 4935 26.85 26.85 33.12 48.96 19.96 1996 31.70 45.22 25.67 25.67 32.73 48.38
dataset across a” four metrICS, aChIeVIng AS 24.86 24.86 31.88 44.16 28.19 28.19 32.16 46.26 28.62 28.62 3291 48.53 29.09 29.09 32.16 46.82
CLAWS | 42.50 42.50 40.40 60.71 38.13 38.13 37.08 56.45 31.86 31.86 34.23 51.84 38.04 38.04 37.05 56.43
. . . . f PPL 29.78 29.78 33.01 4923 2745 2745 32.15 46.56 25.40 2540 31.73 4440 23.79 23.79 31.37 43.75
Superlor CreathIty deteCtlon per Ormance WE 33.85 33.85 34.18 5155 33.45 3345 3429 51.89 31.01 31.01 32.73 4851 29.53 29.53 33.14 49.50
LE 36.34 36.34 34.53 52.32  |40.00 40.00 36.16 55.15 [31.18 31.18 33.42 5000 |38.06 38.06 35.53 53.93
OpenMath2
d 'th f' h't _b b I' HS 2549 2549 31.53 44.33 28.34 28.34 3225 4691 36.30 36.30 34.92 52.61 28.43 28.43 3230 47.38
Compare WI Ive W I e OX ase Ines' AS 23.92 23.92 31.19 43.04 20.84 29.84 32.75 48.20 38.59 38.59 35.52 54.10 32.32 32.32 33.77 50.30
CLAWS | 41.90 41.90 38.92 58.51 37.66 37.66 36.93 56.36 24.86 24.86 33.22 49.63 33.47 33.47 35.60 54.23
PPL 29.02 29.02 3241 4747 23.55 23.55 31.56 44.09 31.64 31.64 33.65 50.00 23.87 23.87 3148 44.25
WE 25.69 25.69 32.14 4691 27.60 27.60 33.08 49.37 30.21 30.21 33.34 50.00 27.38 27.38 33.00 49.07
LE 33.34 33.34 33.86 50.84 34.64 34.64 3496 53.16 29.33 29.33 33.37 4947 35.79 35.79 35.33 53.88
OREAL HS 30.03 30.03 32.87 48.60 26.77 26.77 3191 45.89 33.93 33.93 33.76 50.53 27.64 27.64 32.10 46.58
AS 26.10 26.10 33.10 47.75 31.65 31.65 34.15 51.58 25.07 25.07 33.61 50.53 30.21 30.21 33.59 49.22
CLAWS [ 25.27 25.27 3299 4831 34.08 34.08 35.16 53.48 34.85 34.85 34.69 52.66 37.49 37.49 35.52 54.04
PPL 27.04 27.04 34.14 50.00 27.75 27.75 33.72 49.52 25.76 25.76 33.34 4953 35.59 31.09 33.92 50.47
WE 34.62 34.62 3491 52.96 32.83 32.83 34.20 51.39 31.12 31.12 33.01 49.06 29.08 28.56 33.01 49.11
LE 45.25 45.25 39.53 59.24 40.54 40.54 36.60 55.60 39.56 39.56 36.05 54.56 41.31 39.10 35.66 54.32
Quen-2:5 HS 27.84 27.84 34.67 51.72 30.39 30.39 35.66 53.58 18.97 18.97 33.48 50.31 36.80 31.55 35.08 53.11
.\"| HYU Artificial Inte"igence Laboratory AS 26.88 26.88 32.66 47.17 31.59 31.59 34.13 51.27 32.32 3232 34.20 51.73 37.59 3497 3428 51.52
HYL CLAWS | 31.34 31.34 33.39 49.63 40.88 40.88 38.04 57.63 23.76 23.76 31.66 45.28 38.27 36.63 35.56 53.95
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I a e S u Its & I \ n a Iys I S 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.

TEST AMC AIME A(JHSME
. o o Model  Method | FI, Fl, AP, AUROC| Fl, Fl, AP, AUROC|Fl, Fl, AP, AUROC|Fl, Fl, AP, AUROC

For Hallucination Detection [ w0 45 Ssme i3 5 c2ss S0 (17 4 Sode s [l dedh on2 s
WE 2644 3034 4356 5000 |4670 38.04 6139 5000 |16.77 25.06 3345 50.00 [5042 39.16 6437 50.00

Decpeetc | LE 2766 3146 4381 5050 4682 3819 6140 5003 |17.22 2535 3336 4981 |50.37 30.12 6433 4992

- Two-class Dataset (Non-hallucinated / hallucinated) HS  [2641 3031 4352 4992 [47.11 3856 6148 5020 |17.64 2574 33.54 50.19 5061 39.51 6434 49.93
AS 2660 3045 4343 4972 |46.68 38.02 6137 4997 |16.77 25.06 3345 50.00 |50.59 39.43 6438 50.03

CLAWS |67.46 67.24 5573 6778 |61.77 59.79 66.64 59.84 |61.95 58.17 38.45 58.68 |64.93 61.67 7038 61.62

PPL  [17.09 2527 33.82 5000 |29.62 31.76 4658 49.90 | 9.44 1945 2398 50.05 |33.84 33.58 50.37 4995

* Evaluation Strategies WE  [17.09 2527 3382 5000 |29.71 31.84 4662 4996 | 9.61 19.57 2400 50.11 |33.89 33.63 5042 50.05
g WE | 1136 2547 3382 5000 (2965 3179 4662 49.97 |10.12 1994 2406 5027 (3424 3398 5050 5021

- Threshold (for PPL, WE, LE, HS, AS) HS  |17.03 2508 3348 4924 |30.11 32.18 4636 4944 | 926 1933 2396 50.00 [33.96 33.70 5039 50.00

AS  |17.09 2527 3382 5000 |29.66 31.80 46.64 5000 | 926 1933 2396 50.00 [33.77 3351 5039 50.00

- Prototype(for CLAWS). CLAWS |72.99 69.59 49.42 69.30 |6397 63.90 55.69 64.04 |65.62 50.26 24.19 50.59 [61.05 61.04 5710 61.04

PPL 3178 34.68 44.16 4974 |45.53 40.17 58.19 4951 |34.68 36.15 4552 47.20 [49.49 41.63 61.65 48.76

WE  [27.19 3070 4429 5000 |43.09 36.88 5842 5000 [29.91 3191 4686 50.00 [47.74 3836 6223 50.00

. . LE  [28.14 31.55 4439 5020 |43.18 3699 5841 49.97 |30.38 3235 46.89 50.06 [48.00 38.81 6232 5021

« CLAWS CO“SlStently achieved the best OpenMath2 s [2755 3101 4427 4995 4340 3727 5843 5001 |3130 3321 4695 S0.17 |47.68 3837 6212 4978
AS 2746 3094 4432 5005 |4330 37.16 5839 4992 [30.00 32.08 4690 S50.08 [48.14 38.90 6230 50.15

. . CLAWS |64.91 64.70 54.19 65.05 |62.53 61.65 65.19 6182 |58.10 57.50 5232 58.47 |63.88 61.81 68.70 61.96

performance across all evaluation metrics and PPL  |1696 2509 32.61 4923 |21.37 27.87 37.65 49.67 | 679 1608 1833 49.13 |28.09 31.19 4451 4932

WE (2320 2992 3339 5099 |22.04 2848 3793 5026 |10.95 1875 18.58 49.96 [28.10 3127 4488 50.09

models orpaL | VE[2075 2791 3284 4975|2307 2934 3787 5004 |10.03 1833 1877 5060 |30.50 3345 4522 50.75

. HS 1633 2478 3295 5000 |2069 27.37 37.73 4983 | 601 1580 18.60 50.05 [27.74 30.93 44.81 49.94

AS 1647 2478 3271 4945 [2099 27.59 3771 4979 | 6.17 1585 1855 49.87 |28.04 3111 4432 4894

CLAWS |58.13 5636 38.36 59.87 |53.10 53.06 4117 5634 [64.02 49.22 1898 51.22 [53.96 54.41 48.36 56.42

PPL 4130 3591 56.88 4872 |41.30 3591 56.88 4872 |33.74 33.64 50.05 4981 |76.90 46.45 8445 4938

WE 4198 3651 57.50 5000 |41.98 3651 57.50 5000 |33.70 33.61 50.19 50.09 |77.69 4620 $466 50.18

owenas LB |4187 4330 886 572 |4787 4332 5886 5272 3830 3824 5116 $199 | 7158 4613 8462 5005

HS  [42.12 3667 5751 5002 |42.12 3667 57.51 5002 |3349 3340 50.14 5000 |77.53 4582 8460 49.97

AS 4192 3645 5744 4987 |4192 3645 5744 4987 [3349 3340 50.14 5000 [77.44 46.04 84.58 49.89

' HYU Atrtificial Intelligence Laboratory CLAWS |54.67 5330 5921 5335 |72.13 55.12 80.75 54.82 [47.08 47.10 49.11 47.82 |74.68 52.33 8525 5244
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Results & Analysis

Visualization of Baselines vs. CLAWS

Perplexity (log) x10~* Window_entropy x10 " Logit_entropy Hidden_score Attention_score (absolute) CLAWS ——— Hallucinated

7.227] 747 9.133 3.891 P —— Typical

S Creative
4.8181 4.98 6.089 2.594

G

2.409 2.49 3.044 1.297

I

R

0.000- 0.00 0.000 0.000- 0.000

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

* Baselines show almost no separation among classes

 CLAWS clearly distinguishes Hallucinated, Typical, and Creative solutions.

@ HYU Artificial Intelligence Laboratory



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)

ﬁ/' HYU Artificial Intelligence Laboratory
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Average Runtime per Method
0.526
0.399
0.269
0.140
0.113
0.039
PPL WE LE HS AS CLAWS

Figure 5. Average runtime per methods
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Conclusion

Contribution

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

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

Typical, without human intervention

@/ HYU Artificial Intelligence Laboratory
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Thank you for watching :D

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

, 1eh0826@hanyang.ac.kr

@ HYU Artificial Intelligence Laboratory
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