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Figure 1: CreativityNeuro (CN) pipeline. Given a pair of contrastive creative prompts, CN
computes parameter importance scores, selects a sparse subset of creativity-relevant param-
eters, and applies a scaled weight perturbation—without requiring behavioral datasets or
gradient-based finetuning. CN improves divergent thinking across various tasks. Subplot
(b) visualizes CN thinking 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).

Abstract

We introduce CreativityNeuro (CN), a data-free method for enhancing cre-
ative behavior in LLMs via contrastive weight steering. We evaluate CN on
various creativity assessments and report three main findings: (1) On the
Divergent Association Task (DAT), CN improves performance by up to 14
human percentile points, with gains that are consistent across semantically
diverse prompts. (2) In a large-scale human evaluation (N=720) on the
Alternative Uses Test (AUT) and the Task Task (TT), CN-enhanced models
achieve significant improvements in originality, surprise, and creativity,
demonstrating transfer to more complex, open-ended settings. Compared
to contrastive activation steering (CAA), we find that while activation steer-
ing can match CN on the DAT, it does not achieve consistent improvements
on held-out tasks (AUT, TT). (3) CN-enhanced models reduce factual rea-
soning scores on MMLU by 1-11%, and attempts to explicitly preserve such
capabilities by incorporating MMLU prompts into prompt contrast sets
reverse nearly all divergent thinking (DT) gains, providing evidence that
DT and factual reasoning rely on functionally entangled weights.
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1 Introduction

Recent advances in large language models (LLMs) have renewed interest in a longstand-
ing question: how can we understand and enhance creativity in intelligent systems? (Boden,
2004). While this question has deep roots in cognitive science (Quetelet, 1842; Galton, 1870;
Hadamard, 1954; Guilford, 1956; Mednick, 1962; Koestler, 1964; Simonton, 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 creative and
open-ended tasks (Si et al., 2024; 2025; Sanyal et al., 2025; Bellemare-Pepin et al., 2024; Wang
etal., 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 creativity literature, a common distinction is made between divergent thinking
(DT), the capacity to generate multiple diverse solutions to a problem, and convergent
thinking (CT), the ability to find a single correct solution that unifies multiple diverse
stimuli (Dietrich, 2019; Guilford, 1956). Studying ways to enhance DT offers a promising
pathway to encourage greater diversity and novelty in model responses, combating the
homogenization issues that have emerged thus far. Thus, in this work, we introduce a
weight-space steering method that improves DT in large language models. Our method
outperforms prior approaches—including decoding, prompting, and activation steering—
and generalizes better to unseen tasks, without requiring behavioral data or gradient-based
fine-tuning. In detail, our main contributions are as follows:

1. We introduce CreativityNeuro (CN), a data-free method for steering creative be-
havior. CN improves divergent thinking on the Divergent Association Task (DAT),
outperforming baselines such as prompting, activation steering, and decoding
baselines.

2. We conduct a large-scale human evaluation on the Alternative Uses Test (AUT) and
Task Task (TT) and find that CN-enhanced models improve originality, surprise,
and creativity on the AUT and TT. Despite performing comparably to CN on the
DAT, activation steering transfers poorly to the AUT and TT.

3. We investigate the impact of CN on factual reasoning and find that improvements
in divergent thinking come at the cost of reduced MMLU performance. Attempts to
preserve factual reasoning ability reverse nearly all DAT gains, providing evidence
that divergent thinking and factual reasoning rely on functionally entangled
model weights.

Outline In Section 2, we discuss related work and introduce our method. Next, in Section 3
and Section 4, we perform experiments on the DAT, AUT, and TT. Then, in Section 5, we
study the tradeoff between divergent thinking and factual reasoning. Lastly, we discuss
limitations, future work, and conclude in Section 6.

2 Background and Method

2.1 Related Work

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 scientific 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.
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Algorithm 1 CreativityNeuro

Require: Model weights {W,} %:1 ; creative prompts P"¢; non-creative prompts P"°""¢; importance
threshold p; scaling factor a
Ensure: Modified weights {W,} %:1 with amplified creativity weights
1: o
2: for each layer ¢ do
3:  Run forward passes on P¢, PO to obtain importance scores S;rf}, S?‘l?]?"cre via:

[P| T, (bt)
Seif(P) =) Y Wel - IIxy f
b=1t=1

|2 Step 1: Compute weight importance scores

for prompt b and token position ¢ within prompt b
: end for

4

5:

6: for each layer ¢ do

7:  Cy < top-p weights ranked by Sjrs Step 2: Extract creative-specific subspaces
8

: Ny + top-p weights ranked by S?(l?]n'cre
9 My < T[(i,j) € C\ N

£ij
10: end for

12: for each layer ¢ do

13: Wy« W,o(1+a- MZre_SpeC) Step 3: Creative parameter scaling
14: end for

15: return {W,}}_;

Table 1: Examples of contrastive prompt sets. Each set contains creative (P'¢) and non-
creative (P"°""¢) prompts used for parameter importance scoring in Algorithm 1.

Set Creative (P®) Non-Creative (Pnon-cre)
STORY Write the first line of a story that makes the reader  Create a typical story beginning that establishes setting
question reality. and character clearly.

PROBLEM What would an alien civilization’s approach to this =~ What best practices should be followed when solving
problem look like? this?

MINIMAL Surprise me. Be precise.

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 improvements
were only established for a single model, task, and human annotator. Our study is the first
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 creativity 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.

2.2 Method

Our method relies on identifying parameters that influence creative behavior. Christ et al.
(2025) has recently 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). Here, we adopt the framework of Christ et al.
(2025), which computes Wanda-style (Sun et al., 2023) importance scores by taking by the
product of weight magnitude and activation norm, summed across a set of prompts b and

Woijl - ng/bj,t) |2, where xé?o is the j-th input activation

their token positions £: Sy ;; = Y

3
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Figure 2: CreativityNeuro (CN) improves divergent thinking across models and prompt
sets. Given a human reference distribution (Wang et al., 2025) (N = 9,297, u = 78.26,
o = 6.73), we report: (a) Heatmap showing human percentile improvement (A%ile) for
CN-enhanced models, with statistical significance (p < 0.05) at each of the temperatures
tested (0.9, 1.0, 1.2) denoted by an asterisk. (b) CDF showing CN-enhanced scores for the
best performing prompt set.

at layer ¢ for token ¢ in prompt b. We compute importance scores on creative P¢ and
non-creative prompts P"O" " (representative examples are given in Table 1; all six prompt
sets are given in Table 2). Then, we isolate creativity-specific parameters by selecting the
top p percent of weights ranked by creative importance that do not also appear in the
top p percent for non-creative prompts. This set difference operation (C; \ Ny) ensures we
identify parameters uniquely associated with creative behavior. Lastly, at inference time, we
multiply weights in C; \ Ny by a scaling factor (1 + «). Like Christ et al. (2025), this method
is data- and backpropagation-free. The hyperparameters p (importance threshold) and «
(scaling strength) control the intervention’s scope and intensity. The full procedure is given
in Algorithm 1.

3 Experiments on the Divergent Associates 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)
(Grattafiori 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 Microsoft (Abdin et al., 2024). Full
hyperparameter sweep details for CreativityNeuro parameters are available in Section D.
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3.1 The Divergent Associates Task (DAT)

The DAT asks participants to generate N words that are as semantically distant from each
other as possible (Olson et al., 2021). Given a set of N words W := {wy, wy, ..., wy} with
corresponding GloVe embeddings V := {vy,vy,...,vN} C R3%  the DAT score is the
average pairwise semantic distance among all distinct pairs of those N words:

N
DAT(W) := 1\1(11\;)0—1) ;j(l — cos(v;,v})) @

Following Olson et al. (2021), we use the 840B-token GloVe embeddings (Pennington et al.,
2014) as our semantic space, providing consistent distance measurements independent of
response pool demographics. Typically, a participant is asked to name N = 10 words, and
the first 7 valid words are kept (Olson et al., 2021). The prompts used to administer the DAT
are given in Section E.

3.2 Baselines

Existing studies have found that temperature-scaling and prompting can influence 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 baselines, including prompting; varying decoding parameters such as top-p nucleus
sampling, top-k sampling, temperature, and repetition penalty; as well as activation steering
via contrastive activation addition (CAA; Panickssery et al. (2024)), which injects a steering
vector vp = 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.! Full decoding strategy and activation
steering hyperparameter settings are given in Section B. All settings are evaluated across all
six models at T € {0.9,1.0,1.2} until N=120 valid DAT responses are obtained.

3.3 Results on the Divergent Associates Task

CN improves DAT performance across all six models and prompt sets (Figure 2), outper-
forming all sampling-based baselines (Figure 3). Panel (a) of Figure 2 shows A Percentile
for the best (p, #) per model-prompt combination: while the DAT prompt set produces the
most consistent gains, non-DAT prompt sets also yield statistically significant improvements,
suggesting CN is able to identify weights controlling divergent thinking behavior, rather
than localizing DAT-specific task knowledge.

CN (94.1 avg) slightly outperforms activation steering (93.9 avg) on DAT percentile (Fig-
ure 3); however, activation steering requires scored DAT responses to construct its steering
vector, while CN uses only creative and non-creative prompts with no generation or scor-
ing. Prompt-only activation steering (omitted from the table; see footnote) averaged only
87.8, comparable to prompting (87.9), suggesting that the behavioral signal is essential for
activation steering to be competitive, whereas CN extracts a stronger signal from prompts
alone.

CreativityNeuro improves DAT scores across all six models and prompt sets, outperforming
prompting, sampling-parameter, and activation steering baselines.

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.



139

140
141
142
143
144
145
146

(a) DAT Default Prompting mmm  Rep. penalty mm CAA CN
100 -

° 959 o i._ = - S —— I z
= I I
@ 90 L 1
o Iz I
0] I
o I
851
< 1!
a
80 I I
75
L3B L8B P4B P14B Q7B Q14B
(b) AUT Originality (c) AUT Surprise (d) AUT Utility
L3B - i L3B - - L3B - et
L8B 4 '® L8B i_,_o L8B oyl
1
P4B - N, ¢ P4B oI @ P4B - s
1
P14B [ &2 P14B i,_g_. P14B{ O\ ¢
Q7B 1 —o— o Q7B 1 +i o Q7B O+
Q148 o] QuB{ . ! © Q148 d .
T T T T T T T T T
-1 0 1 -1 0 1 -1 0 1
Cohen's d
(e) TT Creativity (f) TT Originality
1 1
] i o
L3B _*I_ L3B _I?_
L8B - i,_._. L8B - i,_._. N
P4B - o P4B e ¢ CAA
1 1
P14B —® P14B e © @ p<.05
. ! === Avg
Q7B A _‘_: Q7B A —— :
i | ro 4 L te
Q14B | —o— . Q14B | -
-1 0 1 -1 0 1
Cohen's d Cohen's d

Figure 3: Results on the DAT, AUT, and TT, as well as comparison against baselines.
(a) DAT human percentile (£SEM) averaged across T € {0.9,1.0,1.2}. (b—f) Cohen’s d (+SE)
from intra-participant z-scored human ratings on the AUT and TT. Black outlines indicate
p < .05, and green shading marks the positive-effect region.

4 Generalization to the Alternative Uses Test and the Task Task

4.1 The Alternative Uses Test (AUT) and the Task Task (TT)

The Alternative Uses Test is a divergent thinking assessment introduced by Guilford (1956)
that asks participants to generate creative uses for a common everyday object (e.g., “List
alternative uses for a brick”). Unlike the DAT, which measures semantic distance among
single words, the AUT requires participants to produce functionally meaningful ideas, each
of which may span multiple words or sentences. We administer the AUT using a standard
set of objects commonly used in the creativity literature: brick, paperclip and fork. Following
Stevenson et al. (2022), uses are scored on originality, surprise, and utility. Meanwhile, the
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(a) Alternative Uses Test — “List alternative uses for a

CN-enhanced (Llama-8B), z = 0.67

Book: A book can be transformed into a giant marimba by hollow-
ing out its pages, gluing wood strips to the hollowed-out sections,
and tuning metal or glass material to create a makeshift percussion
instrument.

originality =1.12

surprise=1.32 utility = —0.42

Baseline (Phi-4B), z = 0.36
Book: A book can transform into a unique, eco-friendly planter,
nurturing a tiny ecosystem as it blossoms with flowers.

originality =0.58 surprise=0.70 utility = —0.20

(b) Task Task — “Design a creative game show challenge.”

Your objective is to construct a functional periscope allowing clear
line-of-sight around an obstacle, mimicking an espionage thrill; you
must see a small target widget placed behind a bookcase [...] You
may utilize a stack of encyclopedias, a roll of wrapping paper, a
broomstick, two mirrors, safety goggles, and a length of garden
hose...

creativity =1.08  originality = 1.06

Baseline (Qwen-14B), z = 0.44

Your goal is to create a makeshift catapult using only a skateboard, a
bicycle tire inner tube, a cooking pot lid, and six feet of string. Using
this device, you must launch a raw egg into an oversized wading
pool filled with colorful foam noodles placed fifteen feet away. Each
successful catapult that lands the egg in the pool scores five points;
however, the egg must remain intact upon impact to earn the full
five points.

creativity =0.50 originality =0.37

Figure 4: Top-rated CN-enhanced stimuli vs. baseline generations from the same model.
Intra-participant z-scores averaged across raters (N=40 per cell). (a) CN-enhanced AUT
responses tend to score higher on originality and surprise while sometimes sacrificing
utility; (b) CN-enhanced Task Task challenges layer more constraints, props, and absurdist
elements.

Task Task evaluates the ability to generate novel challenges or goals that themselves expect
novel solutions (Chu et al., 2024). Participants are asked to design creative game show
challenges that would be fun to attempt, entertaining to watch, and difficult enough to be
interesting. Following Chu et al. (2024), we evaluate responses on creativity and originality.?
Full prompts used to administer the AUT and TT are given in Section E.

4.2 Human Experiment Design

We evaluate AUT and TT stimuli via human ratings on Prolific. For each model, we select
the CN configuration (p, «, prompt set) that produced the largest statistically significant
DAT improvement in Section 3. Then, for each task, we sample 40 stimuli (20 baseline,
20 CN-enhanced) at temperature T = 1.0, top-k = 0, and top-p = 1.0. All studies uses a
between-subjects design, where every participant rates 10 stimuli (5 baseline, 5 creative) in
randomized order with condition labels hidden. We ensure balanced allocation via auto-
mated participant-to-slot assignment so that each stimulus receives exactly 10 independent
ratings. Moreover, on both the AUT and TT, ratings for each dimension are given on con-
tinuous 0-100 sliders, and to control for individual differences in scale usage, we compute
intra-participant z-scores: for each participant i and dimension d, z; js = (rigs — Tig) / i g,
where 7; ; and 0; ; are computed across all stimuli that participant rated on that dimension.
We recruit 30 participants per (model, task, method) triple, totaling N=720 total human re-
viewers. Effect sizes and significance (t-tests®) are computed on z-scored ratings for baseline
vs. creative (CN-enhanced or CAA), where each participant is treated as an independent
sample.

4.3 Results on the Alternative Uses Test and the Task Task

We report results in panels (b-f) of Figure 3. On the AUT, CN produces uniformly positive
originality effects across all six models (avg. d = +.36), with four reaching significance. The
effects are even stronger for surprise (avg. d = +.43), with five models reaching significance.
On the Task Task, CN shows strong originality gains (avg. d = +.40), with the strongest

2Chu et al. (2024) studies additional dimensions, such as difficulty, how fun the task is to do, and
how fun it is to watch, but here we restrict focus to creativity and originality, as these are most relevant
to the goal of evaluating divergent thinking.

3We confirm responses follow a normal distribution before applying the t-tests.
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Figure 5: Creativity—factual reasoning trade-off under attempted MMLU preservation.
(a) Venn diagram of top, parameter importance sets for creative, non-creative, and MMLU

prompts at p = 0.1. (b) Arrows show the shift from the original CN mask to the augmented
mask, which entails catastrophic reversal of DAT improvements without recovering MMLU
accuracy.

effects in Phi-14B (d = +.61) and Qwen-14B (d = +.56), and moderate creativity improve-
ments (avg. d = +.24). Although CN degrades AUT utility, this is a predictable consequence
of the novelty—utility tradeoff already present in baseline responses. Among baseline AUT
stimuli, originality and utility are negatively correlated (r = —.49, p < 10~7), as are surprise
and utility (r = —.64, p < 10713). As predicted by fundamental novelty-utility tradeoffs
established in the creativity literature (Varshney, 2019), increases in subjective ratings of
novelty tend to be accompanied by decreases in perceived utility. Therefore, CN’s utility
reduction is an expected byproduct of steering towards high-novelty responses, rather than
an independent failure mode. To confirm this, we perform a hypervolume (HV) analysis
(Cao et al., 2015) over all responses in the three-dimensional rating space (originality, sur-
prise, utility) and find that the CN HV indicator is 15.2% larger than baseline (p = .18),
suggesting CN obtains a moderate (but non-significant) gain in Pareto efficiency as well.

Additionally, while activation steering (93.9 avg) performs comparably to CN (94.1 avg) on
the DAT (Figure 3), activation steering fails to generalize to the AUT and Task Task. These
results are consistent with recent work that has found weight-space steering generalizes
further out-of-distribution than activation steering on sycophancy and value alignment
tasks (Fierro & Roger, 2025). Moreover, activation steering effectiveness has been shown
to vary significantly by behavior type, with more complex behaviors like embodying
persona archetypes and public figures proving more difficult to steer (Bas & Novak, 2025).
Techniques such as context-dependent (Li et al., 2026; Lee et al., 2024) and learned activation
steering (Rodriguez et al., 2025) have been proposed to remediate such issues, and may be
explored in future work.

CN generalizes to open-ended creative tasks judged by human raters, demonstrably improving
measures of originality and surprise, while activation steering does not exhibit reliable transfer.

5 Divergent Thinking Versus Factual Reasoning

Does improved divergent thinking come at the expense of general capabilities, such as
factual reasoning? To test this, we evaluate CN-enhanced models* on the MMLU benchmark

“For each of the six models tested, we take the top-performing (p, &, prompt) configuration.
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(Hendrycks et al., 2021) to quantify the impact on question-answering abilities in STEM,
humanities, and the social sciences. Figure 5 reveals that CN-enhanced models reduce
MMLU performance by 1-11%.

A natural strategy to protect factual-reasoning weights during mask construction is to
incorporate MMLU questions in the negative contrast set in Algorithm 1, enforcing non-
interference between tasks. Using this technique, Christ et al. (2025) demonstrate that
mathematical reasoning can be improved without degrading MMLU performance. Does the
same hold true for a meta-cognitive ability like divergent thinking? To test this, we sample a
random set of 20 MMLU prompts PMMLU and perform Algorithm 1 with P and Pmon-cre
PMMLU_ The masks then select for top o (5¢) \ top, (s U sMMLY) ‘identifying weights

above the 1 — p percentile of importance for creative prompts that are not simultaneously
above the 1 — p percentile for MMLU or non-creative prompts. We recompute masks for
all six models using each model’s best hyperparameters, evaluate DAT score and 5-shot
MMLU accuracy on 500 held-out questions, and report the results in Figure 5.

We find that attempting to preserve MMLU performance catastrophically reverses DAT
gains and fails to improve MMLU scores, offering evidence that divergent thinking and
factual reasoning rely on functionally entangled weights. Existing work has established
that individual weights can be entangled in multiple distinct functions (a phenomenon
known as polysemanticity), and that this supports the ability for neural models to represent
more features than they have neurons (superposition) (Elhage et al., 2022; Sharkey et al.,
2025). Kumar et al. (2025) attribute this behavior to fractured entangled representations, which
can inhibit creative acts that intentionally “break regularities” by failing to preserve other
regularities in a controlled manner. Creativity research more broadly suggests a need for
separation between generation (~DT) and selection (~convergent thinking (CT)) (Varshney,
2019), with neuroscience studies pointing to distinct brain-activation patterns involved in
associative (~=DT) and controlled (=CT) processing modes (Zhang et al., 2020; Volle, 2018).
The success of multi-agent creative systems (Lin et al., 2025) and multi-stage prompting
techniques that decouple creative exploration from constraint satisfaction (Nguyen & Singla,
2025) can potentially be interpreted within the context of these results: if DT and CT rely on
functionally entangled weights, simultaneously eliciting strong DT and CT abilities may
be challenging. Therefore, separating these steps—whether across agents or prompts—can
provide stronger overall performance.

We find evidence that divergent thinking and factual reasoning are functionally entangled in
model weights.

6 Conclusion

In this work, we presented CreativityNeuro (CN), a data-free method for steering language
model weights to improve divergent thinking. CN-enhanced models improve measures of
divergent thinking on the DAT, AUT, and the Task Task, outperforming baselines such as
prompting, activation steering, and varying decoding strategies.

Limitations and Future Work. Several limitations of our study are worth acknowledging:
our evaluation is restricted to finite set of divergent thinking (DT) benchmarks and metrics
(DAT, AUT, Task Task), which capture only certain aspects of creativity. As Runco (2008)
notes, DT is not synonymous with creativity and should best be thought of as a measure of
creative potential. Moreover, our comparison to activation steering focuses on a standard
CAA-style method and does not exhaust the space of possible activation-space interventions,
such as context-dependent or learned approaches. Lastly, we found evidence suggesting DT
and factual reasoning are functionally entangled model weights—understanding whether
this entanglement reflects a fundamental architectural constraint or arises as an artifact of
the Wanda-style importance technique remains an important open question. Developing
techniques that can enhance DT without degrading factual reasoning—for instance, through
training-time objectives that encourage representational disentanglement—would be a
valuable direction for future work.
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s0 A Full Sets of Contrastive Prompts
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Each of the six prompt sets contains 10 creative and 10 non-creative exemplars. Below we
show 3 representative examples from each set.

Table 2: Full contrastive prompt sets (3 examples each). Each prompt set contains 10
creative (P<¢) and 10 non-creative (P"°""“"¢) exemplars used for parameter importance
scoring in Algorithm 1.

Set Creative (P*) Non-Creative (Pnon-cre)

DAT List 10 common English nouns that are as unrelated in ~ List 10 common English nouns that are as closely re-
meaning as possible. Avoid any shared topic or cate-  lated in meaning as possible and clearly fit into a single
gory. Output only the nouns, separated by commas. narrow topic. Output only the nouns, separated by

commas.
Give me 10 one-word English nouns that are extremely =~ Give me 10 one-word English nouns that are very
far apart in semantic meaning. They should not fitinto  strongly associated with each other and belong to the
a single theme. same specific domain.
Produce 10 everyday English nouns that share no ob- ~ Produce 10 English nouns that are tightly connected
vious connection with one another. Each noun should  around a single clear theme (for example, all parts of a
come from a very different domain. computer or all items in a kitchen).

STORY Write an unusual opening sentence for a short story ~ Write a standard opening sentence for a fairy tale.
that subverts reader expectations.

Create a story beginning that combines two unrelated ~ Create a typical story beginning that establishes setting
concepts in a surprising way. and character clearly.

Write the first line of a story that makes the reader ~ Write the first line of a conventional mystery novel.
question reality.

IDEATION List 5 unusual uses for a brick that nobody has thought ~ List 5 common uses for a brick in construction.
of before.

Generate unconventional solutions to reduce trafficin ~ Generate standard solutions to reduce traffic in cities.
cities.

What are some surprising ways a library could be re- ~ What are the traditional functions of a library?
purposed?

PROBLEM How might you solve this problem in a way that seems ~ What is the most efficient way to solve this problem?
counterintuitive at first?

What would an alien civilization’s approach to this  List the standard steps for addressing this type of issue.
problem look like?

If you had to solve this with resources from a different ~ What best practices should be followed when solving
era, what would you do? this?

OPEN Generate a joke about electric vehicles. Explain nuclear fission like I am five years old.

Create the first verse of a wedding vow. What is Bukhara? Provide a paragraph-long explana-
tion in layman’s language.

Write a song about a guy named Jacob working atacall ~ In a few sentences explain what threats do scams pose

center making jokes. to individuals?

MINIMAL Invent something. State a fact.

Surprise me.
Be weird.

Be accurate.
Be precise.

B Baseline Sweep Settings

In Section 3, we compare CreativityNeuro against a set of baseline techniques.

1. Prompting: We present creative exemplars from each of six prompt sets (Table 2) as
in-context guides

2. Decoding Parameter Sweeps
(a) top-p nucleus sampling, p € {0.8,0.85,0.9,0.95,1.0}
(b) top-k sampling, k € {10,25,50,100, disabled }
(c) repetition penalty, 0 € {1.0,1.1,1.2,1.5,2.0,3.0}

3. Activation Steering: We sweep the injection layer suffix from single-layer to the final
50% of layers and find that injecting into the final 30% works best. We sweep « €
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Figure 6: Layerwise ablation: suffix vs. prefix vs. single-layer. Each panel shows the %
of full CN DAT effect recovered as a function of the number of layers k with CN weights
applied. Solid lines: suffix (last k layers). Dashed lines: prefix (first k layers). Dotted lines:
single-layer (one layer at a time, plotted by layer index). Diamond markers indicate the
fewest layers from the back achieving >95% of the full effect.

{0.1,0.2,0.3,0.4,0.5,1.0,2.0,4.0}, selecting the best « where all three temperatures
yield > 120 valid samples.

C Layerwise Ablation Studies

C.1 Suffix vs. Prefix

To localize the CN effect across the network, we compare three layerwise interventions
(Figure 6): (i) suffix, applying CN weights to only the last k layers; (ii) prefix, applying CN
weights to only the first k layers; and (iii) single-layer, applying CN weights to one layer at a
time. For each condition, we generate N = 120 valid DAT samples at T = 1.0 and report the
percentage of the full CN effect recovered in terms of DAT scores.

Suffix. Applying CN weights to a suffix of layers (layers k through L—1) recovers the full
effect with roughly half the network. On average, 51% of layers (from the back) are needed
to reach 100% recovery, ranging from 29% for Qwen-7B (last 8/28) to 81% for Llama-8B
(last 26/32). The remaining models fall in between: Llama-3B (last 14/28, 50%), Phi-14B
(last 20/40, 50%), Qwen-14B (last 22/48, 46%), and Phi-4B (last 17/32, 53%). However, this
analysis is only conducted on DAT scores, and it is unclear whether the last 51% of layers
are sufficient to recover 100% of the scores on the AUT and Task Task.

Prefix. Applying CN weights from the front (layers 0 through k) is far less efficient. On
average, 78% of all layers must be included before the prefix condition reaches 95% recovery.
For Qwen-14B (48 layers), the prefix condition never reaches 95% even when all layers
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are included (94% at k = 48). This asymmetry provides evidence that the CN effect is
concentrated in later layers of the residual stream.

Single-layer. No single layer is sufficient to recover the full CN effect. The best individual
layers recover 50-72% of the effect (e.g., Q7B layer 19: 72%, L3B layer 15: 64%, P14B
layer 20: 60%), with top contributors generally appearing in middle-to-late layers. The gap
between the best single layer and the suffix provides evidence that the CN effect requires
cooperation across multiple late layers, consistent with findings that representations of
human-interpretable concepts or behaviors may span multiple layers (Lindsey et al., 2024;
Sharkey et al., 2025).

D Hyperparameter Sweeps

CreativityNeuro introduces two hyperparameters: the importance threshold p € (0,1], which
controls the fraction of parameters selected by the importance mask, and the scaling factor « >
0, which controls the magnitude of the weight perturbation applied to masked parameters.
To identify effective (p, ) configurations for each model, we conduct systematic grid sweeps
evaluated on the DAT. For each model, we generate CN weight masks using six different
prompt sets: DAT, STORY, IDEATION, PROBLEM, OPENENDED, and MINIMAL. Each prompt
set produces a separate importance mask. We then evaluate every combination of keep
ratio p € {0.01,0.05,0.1,0.2} and scaling factor « € {0.1,0.5,1.0,2.0} at three sampling
temperatures T € {0.9,1.0,1.2}, with top-k = 0 and top-p = 1.0 (i.e., untruncated sampling).
For LLaMA-3.1-8B and Phi-3.5-mini, after initial experiments revealed that « > 0.5 were too
high, we additionally tested a finer alpha grid « € {0.01,0.05,0.075,0.1,0.5,1.0} to probe the
conservative regime identified by Christ et al. (2025). Each configuration generates n = 120
valid DAT samples (10-word lists with all words present in the GloVe vocabulary).

For each (p, a, T) triple, we compute the mean DAT scores for the CN-enhanced (DATcy)
and baseline (DAT},s.) models, then convert each to a human percentile using the distribu-

tion from Wang et al. (2025). Figures 7 to 12 show A Percentile = P(DATcy) — P(DATp,¢e)
(averaged across temperatures) as a function of (a, p) for each of the six prompt sets, across
all six models. Positive values indicate that CN moves the model’s DAT performance
upward in the human score distribution.

E Evaluation Prompts

In this section, we share the full prompts used to generate and/or post-process the stimuli
for the DAT, AUT, and TT.

E.1 Divergent Association Task (DAT)

The DAT prompt instructs models to generate 10 maximally dissimilar nouns:

DAT Prompt

You will be asked to name exactly 10 English nouns.

Output exactly 10 words, separated by commas, and nothing else.
Return ONLY: wordl, word2, ..., wordl@

DO NOT write explanations. DO NOT think step by step.

Be as original and unusual as possible. Avoid common or closely related

words.
Now name 10 English nouns that are as different from each other as possible.
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Figure 7: Sensitivity to («,p) — DAT prompt set. APercentile averaged across three
temperatures (T € {0.9,1.0,1.2}) for each model. Color scale is shared across panels and
centered at zero.
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centered at zero.
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Figure 9: Sensitivity to («, p) — Ideation prompt set. Mean ADAT averaged across three
temperatures (T € {0.9,1.0,1.2}) for each model. Color scale is shared across panels and
centered at zero.
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Figure 10: Sensitivity to («, p) — Problem prompt set. Mean ADAT averaged across three
temperatures (T € {0.9,1.0,1.2}) for each model. Color scale is shared across panels and
centered at zero.
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Figure 11: Sensitivity to («,p) — Open-ended prompt set. Mean ADAT averaged across
three temperatures (T € {0.9,1.0,1.2}) for each model. Color scale is shared across panels
and centered at zero.
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Figure 12: Sensitivity to («, p) — Minimal prompt set. Mean ADAT averaged across three
temperatures (T € {0.9,1.0,1.2}) for each model. Color scale is shared across panels and
centered at zero.
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ss7 E.2  Alternative Uses Test (AUT)

sss The AUT uses a system prompt and a user prompt, with {object} replaced by one of 3
ss0  standard objects: brick, paperclipfork.

AUT System Prompt

You are participating in a creativity test. Your task is to generate creative, unusual,
and original uses for common objects. Be imaginative and think outside the box.
590

AUT User Prompt

List 5 creative and unusual alternative uses for a {object}.
Be specific and creative. List each use on a new line, numbered 1 through 5.
Only list the uses, no explanations.

501

s02  E.3 Task Task (TT)

503 The Task Task uses a system prompt and a user prompt with three in-context examples from
soa  Chu et al. (2024).

TT System Prompt

You are a creative game show designer. Your task is to invent fun, original, and
entertaining challenges that would be exciting for contestants to attempt and audiences
to watch.

595

TT User Prompt

You’ve been recruited to help design challenge tasks for a new game show! Your job
is to come up with a new creative, silly, and fun task for humans to solve.

Here are a few example tasks:

1. Your goal is to: Throw a teabag into a mug from the farthest distance.
You can use: Anything you can reasonably expect to find in a house, garage, and
garden shed.

2. Someone has squeezed all of the toothpaste out of the toothpaste tube.
Your goal is to: Get as much of the original toothpaste back into the empty
toothpaste tube as possible. You can use: Anything you can reasonably expect to find
in a bathroom.

3. Your goal is to: Transfer water between two fishbowls using only the
supplied items. You cannot move the fishbowls. You can use: a chocolate bar, a
rubber glove, a baguette, a snorkel, a cardboard tube, and a plate of pasta.

Now it’s your turn! Create your own creative, silly, and fun task for future
participants to solve. Specify the goal, scoring criteria, and any materials or
constraints. Describe it in exactly 3--4 sentences as a short paragraph --- do not
use lists or bullet points. Do not comment on how entertaining, creative, or fun the
task would be.

596

sor  E.4 Task Task Post-Processing

sos  Raw Task Task generations are post-processed using GPT-4o to normalize formatting before
599 human evaluation.
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TT Post-Processing System Prompt

You are an editor cleaning game show challenge descriptions for a human evaluation
study.

Make these MINIMAL edits:

1. REMOVE any task title at the start (e.g., ‘In "Baking Bonanza,”’). After
removing, capitalize the first word of the remaining text.

2. Convert ALL third-person references to SECOND PERSON (e.g., ¢‘contestants
must’’ — ‘‘you must’’, ‘‘the player’’ — ‘‘you’’).
3. REMOVE any metacommentary sentences (e.g., ¢‘‘This creative juggling act

combines laughs with a dash of physics comedy.’’).

CRITICAL RULES:

- Do NOT summarize, condense, or shorten the task description

- Do NOT change the creative content or game mechanics

- Do NOT add any text --- only edit or remove

- Output ONLY the cleaned description with no preamble or explanation
600

TT Post-Processing User Prompt

Clean this game show challenge description: {text}
601

«2 F Disclosure of Large Language Model Usage
603 In this paper, large language models (LLMs) were used to assist in the code implementation,

604 plotting and figure generation, reporting (but not analysis) of experiment results, and for
605 comprehensive surveys of related work.

o
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