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Abstract
Divergent thinking is a crucial aspect of creativ-
ity, yet large language models (LLMs) tend to
consistently generate similar responses to open-
ended questions, in what has been termed the
artificial hivemind effect. Here, we introduce
CreativityNeuro, a data-free method for enhanc-
ing divergent thinking in LLMs via contrastive
weight steering. We evaluate our method across
multiple creativity assessments and report several
main findings. On the Divergent Association Task
(DAT), a vocabulary-space creativity test, Cre-
ativityNeuro improves performance by up to 14
human percentile points. Next, in a large-scale hu-
man evaluation (N=720) on the Alternative Uses
Test (AUT) and the Task Task, CreativityNeuro
achieves significant improvements in originality,
surprise, and creativity, transferring to longer-
form and more open-ended tasks. Importantly, we
find that across all three tasks, CreativityNeuro
demonstrably reduces measures of mode collapse.
Moreover, activation steering achieves compara-
ble performance to CreativityNeuro on the DAT,
but it does not transfer to the AUT and Task Task,
demonstrating the effectiveness of weight-space
steering in generalizing to unseen tasks. In conclu-
sion, CreativityNeuro improves divergent think-
ing and reduces mode collapse without requir-
ing behavioral data, re-training, or gradient-based
fine-tuning, providing a straightforward way to
enhance LLM performance in creative domains.

1. Introduction
Recent advances in large language models (LLMs) have
renewed interest in a longstanding question: how can we
understand and enhance creativity in intelligent systems?
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Figure 1. CreativityNeuro (CN) pipeline. Given a pair of con-
trastive creative prompts, CN computes parameter importance
scores, selects a sparse subset of creativity-relevant parameters,
and applies a scaled weight perturbation—without requiring behav-
ioral datasets or gradient-based finetuning. CN improves divergent
thinking across various tasks. Subplot (b) visualizes CN think-
ing outside of the “box”(i.e., the convex hull of baseline DAT
responses), despite baseline responses falling within CN’s convex
hull in subplot (a).

(Boden, 2004). While this question has deep roots in cog-
nitive science (Quetelet, 1842; Galton, 1870; Hadamard,
1954; Guilford, 1956; Mednick, 1962; Koestler, 1964; Si-
monton, 2004; Dietrich, Arne, 2004; Fauconnier & Turner,
2008; Rothenberg, 2014), it is now increasingly studied in
the context of large-scale generative models (Maher, 2010;
Varshney, 2019; Schapiro et al., 2025). Recent work has
begun to assess the capacity for LLMs to engage in cre-
ative and open-ended tasks (Si et al., 2024; 2025; Sanyal
et al., 2025; Bellemare-Pepin et al., 2024; Wang et al., 2025;
2024), where a recurring issue has surfaced: models tend
to consistently generate similar responses to open-ended
questions, in what has been termed the artificial hivemind
effect (Jiang et al., 2025).

Within the cognitive science literature, a common distinc-
tion is made between divergent thinking, the capacity to
generate multiple diverse solutions to a problem, and con-
vergent thinking, the ability to find a single correct solution
that unifies multiple diverse stimuli (Dietrich, 2019; Guil-
ford, 1956). Studying ways to enhance divergent thinking
offers a promising pathway to encourage greater diversity
and novelty in model responses, combating the LLM ho-
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mogenization issues that have emerged thus far. Here, we
introduce a weight-space steering method that improves di-
vergent thinking in LLMs. Our method outperforms prior
approaches—including decoding, prompting, and activation
steering—and generalizes better to unseen tasks, without
requiring behavioral data or gradient-based �ne-tuning. In
detail, our main contributions are as follows:

1. In Section 3, we introduce CreativityNeuro, a data-free
method for steering creative behavior.

2. In Section 4, we �nd that CreativityNeuro signi�cantly
improves divergent thinking on the Divergent Asso-
ciation Task (DAT), outperforming baselines such as
prompting, activation steering, and decoding baselines.

3. In Section 5, we conduct a large-scale human evalua-
tion on the Alternative Uses Test (AUT) and Task Task
(TT) and �nd that CreativityNeuro improves original-
ity, surprise, and creativity on the AUT and TT, while
activation steering transfers poorly to the AUT and TT.

4. In Section 6, we �nd that CreativityNeuro reduces
mode collapse across all three tasks.

5. In Section 7, we �nd evidence that divergent think-
ing and factual reasoning are non-separable in weight
space.

2. Related Work

We start by brie�y reviewing related work before introduc-
ing our method in Section 3.

Evaluating the creativity of LLMs. Previous work
has evaluated LLMs on divergent creativity assessments–
including the DAT (Olson et al., 2021), AUT (Guilford,
1956), the Task Task (Chu et al., 2024)–and in various real-
world settings like scienti�c ideation (Si et al., 2024; 2025)
and open-ended user queries (Jiang et al., 2025). On the
DAT, LLMs can achieve scores well into the 90th percentile
of humans (Bellemare-Pepin et al., 2024; Wang et al., 2025),
whereas Stevenson et al. (2022) studied GPT-3 on the AUT
and concluded that humans exhibited greater creativity, with
model responses showing weaker originality. Lastly, Chu
et al. (2024) found that model-generated goals on the Task
Task achieved similar creativity ratings as human-generated
goals, as assessed by a large panel of human raters.

Improving the creativity of LLMs. Most similar to this
work, Olson et al. (2024) proposed an activation steering
method to amplify the creativity of LLMs, although im-
provements were only established for a single model, task,
and human annotator. Our study is the �rst to demonstrate a
steering method to improve creative behavior and validate
its effectiveness in a large-scale human study. Apart from

steering, various other approaches to improving LLM cre-
ativity include prompting frameworks (Nguyen & Singla,
2025; Morain & Ventura, 2025; Wang et al., 2025), varying
decoding parameters such as temperature (Peeperkorn et al.,
2024), and reinforcement learning (RL) on preference data
(Wei et al., 2025). Unlike steering and RL-based approaches
that typically require labeled behavioral data, our method
operates entirely data-free.

3. Method

Recently, Christ et al. (2025) has shown that parameter
importance methods can be used to identify and amplify
weights involved in mathematical reasoning, improving
scores on the MATH benchmark by 4–17% (Hendrycks
et al., 2021). Unlike mathematical reasoning, which can
be elicited and evaluated on structured benchmarks such as
MATH and GSM8K, creativity is a property of responses,
not of questions. Open-ended prompts, such as those in
Jiang et al. (2025), admit a wide range of potentially creative
completions, but novelty and usefulness are measured on the
outputs (Varshney, 2019; Maher, 2010; Boden, 2004) rather
than the inputs themselves. Therefore, our key methodologi-
cal innovation is a framework for extending MathNeuro to a
cognitive domain where the target behavior can be prompted
but no structured dataset exists, making CreativityNeuro en-
tirely data-free.

Contrastive Prompt Sets MathNeuro relies on questions
drawn from MATH and GSM8K to obtain inputs for pa-
rameter importance scoring. Because no analogous dataset
exists for creativity, we instead construct contrastive prompt
sets: short instructions that direct the model toward creative
(P cre) versus non-creative (Pnon-cre) behavior. We use six
such sets spanning a range of styles—DAT, STORYTELLING,
IDEATION, PROBLEM SOLVING, OPEN-ENDED, and MIN-
IMAL—where MINIMAL contains only two- to �ve-word
instructions (e.g., Surprise me vs Be precise). Representa-
tive examples are given in Table 1, and all six prompt sets
are given in Table 2. As a result, CreativityNeuro does not
require datasets, behavioral generations, scored responses,
or labeled examples, making it entirely data-free, unlike
Christ et al. (2025).

Parameter Importance Scoring We use the same
Wanda-style (Sun et al., 2023) parameter importance scor-
ing as Christ et al. (2025), restated here for completeness.
This is done by taking the product of weight magnitude
and activation norm, summed across a set of promptsb
and their token positionst: S`;ij =

P
b;t jW`;ij j � kx (b;t)

`;j k2,

wherex (b;t)
`;j is thej -th input activation at layer̀ for token

t in promptb. We compute importance scores on creative
P cre and non-creative promptsPnon-cre. Then, we isolate
creativity-speci�c parameters by selecting the top� percent
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Table 1. Examples of contrastive prompt sets. Each set contains creative (P cre) and non-creative (P non-cre) prompts used for parameter
importance scoring in Algorithm 1. One representative example per a select trio of sets is shown, while full sets (10 prompts each) are in
Table 2.

Set Creative (Pcre) Non-Creative (Pnon-cre)

STORY Write the �rst line of a story that makes the reader question
reality.

Create a typical story beginning that establishes setting
and character clearly.

PROBLEM What would an alien civilization's approach to this prob-
lem look like?

What best practices should be followed when solving this?

MINIMAL Surprise me. Be precise.

Algorithm 1 CreativityNeuro

Require: Model weightsfW ` gL
`=1 ; creative promptsP cre; non-

creative promptsP non-cre; importance threshold� ; scaling fac-
tor �

Ensure: Modi�ed weights fW 0
` gL

`=1 with ampli�ed creativity
weights

1: Step 1: Compute weight importance scores
2: for each layer ` do
3: Run forward passes onP cre; P non-cre to obtain importance

scores Scre
`;ij ; Snon-cre

`;ij via:

4: S`;ij (P) =
jPjX

b=1

TbX

t=1

jW `;ij j � kx (b;t)
`;j k2

5: for prompt b and token position t within prompt b
6: end for
7: Step 2: Extract creative-speci�c subspaces
8: for each layer ` do
9: C`  top-� weights ranked by S cre

`;ij
10: N`  top-� weights ranked by S non-cre

`;ij

11: M cre-spec
`;ij  I[(i; j) 2 C ` n N` ]

12: end for
13: Step 3: Creative parameter scaling
14: for each layer ` do
15: W0

`  W ` � (1 + � � M cre-spec
` )

16: end for
17: return fW 0

` gL
`=1

of weights ranked by creative importance that do not also
appear in the top� percent for non-creative prompts. This
set difference operation (C` n N` ) ensures we identify pa-
rameters uniquely associated with creative behavior. At
inference time, we multiply weights inC` n N` by a scaling
factor (1 + �) . The hyperparameters� and� control the
importance threshold and scaling strength, respectively. The
full procedure is given in Algorithm 1.

4. Experiments on the Divergent Association
Task

We test instruct-tuned models across three open-weight
model families (Phi, Llama, Qwen), totaling six models
at 3B, 4B, 7B, 8B, and 14B sizes: LLaMA (3.2-3B-Instruct,
3.1-8B-Instruct) (Gratta�ori et al., 2024), Qwen-2.5 (7B-
Instruct, 14B-Instruct) (Yang et al., 2025), and Phi (3.5-

mini-Instruct (4B), 3-medium-4k-Instruct (14B)) from Mi-
crosoft (Abdin et al., 2024). For each model we use the
best(�; �; prompt set) con�guration with � 120 valid CN
samples at all three temperaturesT 2 f0:9; 1:0; 1:2g. Full
hyperparameter sweep details are in Section D.

Task The DAT asks participants to generateN words
that are as semantically distant from each other as possi-
ble (Olson et al., 2021). Given a set ofN wordsW :=
fw 1; w2; : : : ; wN g with corresponding GloVe embeddings
V := fv 1; v2; : : : ; vN g � R 300, the DAT score is the aver-
age pairwise semantic distance among all distinct pairs of
those N words:

DAT(W) :=
100

N(N � 1)

NX

i6=j

(1 � cos(v i ; v j )) (1)

Following Olson et al. (2021), we use the 840B-token GloVe
embeddings (Pennington et al., 2014) as our semantic space.
A participant is asked to name N = 10 words, and the �rst
7 valid words are kept (Olson et al., 2021). Full prompts are
given in Section E.

Baselines Existing studies have found that temperature-
scaling and prompting can in�uence DAT scores (Wang
et al., 2025; Bellemare-Pepin et al., 2024). To ensure the
CN intervention leads to a meaningful improvement over
such techniques, we compare against a broad set of base-
lines, including prompting; varying decoding parameters
such as top-p nucleus sampling, top-k sampling, tempera-
ture, and repetition penalty; as well as activation steering
via contrastive activation addition (CAA; Panickssery et al.
(2024)), which injects a steering vectorv ` = �h+

` � �h �
` into

the residual stream during decoding. For activation steering,
contrast pairs are obtained from top- vs. bottom-quartile
DAT responses by score, creating a “divergent thinking”
direction in the residual stream.1 Full decoding strategy
and activation steering hyperparameter settings are given in
Section B. All settings are evaluated across all six models at

1We also tested a prompt-only CAA variant using forward-pass
activations from the same creative vs. non-creative prompt sets
as CN, but it underperformed the behavioral-data variant on all
models and is omitted for clarity.
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