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Background & Research Questions

LLM creativity has plateaued: across 14 models, no improvement in 18-
24 months despite major advances in reasoning. Models match average
humans but rarely reach top-decile creativity.

Idea: Transplant structured group creativity methods from human
ideation research to LLMs. Three methods that differ in how they se-
quence divergent (D) and convergent (C) thinking:

Brainwriting (D—D-D-C) — iterative building on prior ideas

Disney Method (D-C-C-C) — role separation: Dreamer, Realist, Critic

Double Diamond (D—-C-D-C) — two divergent—convergent cycles

Two orthogonal questions:

1. Which creativity method works best for LLMs?

2. Does multi-agent orchestration add value over single-LLM
simulation?

Experimental Design

8 conditions: 3 methods x 2 configurations (multi-agent vs. simulated)
+ 2 baselines. N=600 evaluations total.

Method Config Role Sequence

Baseline 1 agent Single-shot generation

Baseline (2x) 1 agent Prompt repeated twice

Brainwriting M (4) Inventor — Builder — Lateral — Synthesizer
Brainwriting S (1) (same, simulated in one prompt)

Disney M (4) Dreamer — Realist — Critic — Observer
Disney S (1) (same, simulated in one prompt)

Double Diamond M (4) Discover — Define — Develop — Deliver
Double Diamond S (1) (same, simulated in one prompt)

Generators: Claude Haiku 4.5, Claude Opus 4.6, GPT-5.4

Tasks: 5 applied creative briefs (birthday party, comedy movie, dinosaur
presentation, reading app, vacuum marketing)

Evaluators: Claude Haiku 4.5, Claude Opus 4.6, GPT-5.4, Gemini 2.5 Pro,
Gemini 3.1 Pro (ICC = 0.62 normalized)

Results: Method Effects on Originality

Method Orig. A Sig.

Brainwriting (M) 429 +043 +0.85 p < .007*
Brainwriting (S) 4.05+0.53 +0.60 p < .007*
Disney (S) 3.67+0.69 +0.23 n.s.
Double Diamond (M) 3.66 - 0.69 +0.22 n.s.

Disney (M) 3.54+0.76 +0.10 n.s.
Baseline (2x) 3.53+0.72 +0.09 n.s.
Baseline 3.44+071 — —
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Figure 1. Originality by method and configuration. Only Brainwriting reaches
significance (***p < .001, survives Bonferroni).

Results: Consistency Across Models

Method Haiku Opus GPT-5.4

Brainwriting (M) 4.24 457 4.07
Brainwriting (S) 4.15 429 3.70

Disney (M) 3.30 401 3.32
Disney (S) 3.56 4.08 3.38
DD (M) 3.66 397 3.36
DD (S) 343 3.83 3.22
Baseline 3.31 3.78 3.25
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Figure 2. Gain over baseline (A) by condition and generator. Brainwriting advantage is
consistent across all three models.

Key Insight: Structure > Architecture

= Single-LLM brainwriting (M =4.05) captures ~70% of the
multi-agent gain — process design matters more than agent count

= Usefulness stable across all methods (M=4.15-4.44): originality
improves without sacrificing quality

= Haiku + Brainwriting (4.24) outperforms Opus baseline (3.78): a
well-structured process on a small model beats an unstructured
large model

= Effects are additive: Opus + Brainwriting (4.57) still leads — the gap
narrows but does not close

Why Methods Differ: D-C Sequencing

= Brainwriting wins because D—D-D-C maximizes divergent phases,
triggering associative chains that disrupt default output

= Disney fails because D—C—-C-C allocates only one divergent phase;
the Critic role actively suppresses originality

= Double Diamond is limited: early convergent Define phase narrows
problem framing before solution generation begins

Practical recommendation: Transplant Brainwriting's iterative build-on-
others design to LLM workflows for large, robust creativity gains.

Acknowledgements

Supported by DFG MATH+ (EXC-
2046/1, ID 390685689) and BMBF
(16DI11133, Weizenbaum Inst.).

Contact: jennifer.haase@hu-berlin.de

Key References

Runco, M. A. & Jaeger, G. J. (2012). The standard definition of creativity. Creativity Research Journal, 24(1), 92-96. doi:10.1080/10400419.2012.650092
Haase, J. et al. (2025). Has creativity of large language models peaked? Journal of Creativity, 35(3), 100113. doi:10.1016/j.yjoc.2025.100113

Paulus, P.B. & Coskun, H. (2012). Group creativity. In M. D. Mumford (Ed.), Handbook of Organizational Creativity (pp. 301-325). Academic Press.

Lu, K. et al. (2024). LLM discussion enhances creativity. Proc. COLM. doi:10.48550/arXiv.2405.06373

Dilts, R. (1994). Strategies of Genius, Vol. 1. Meta Publications.

/ @ ﬂﬁ \vveizenbaum

INstitut

Berlin Mathematics Research Center

RsSE MATH#



10.1080/10400419.2012.650092
10.1016/j.yjoc.2025.100113
10.48550/arXiv.2405.06373

