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Abstract

The creation of new ideas and content increasingly relies on col-
lectives: not just of multiple humans, but humans and Al agents
together. We study collective generation of new ideas using
a controlled word-guessing task that balances open-endedness
with an objective measure of task performance. Participants at-
tempt to infer a hidden target word, scored based on the semantic
similarity of their guesses to the target, while also observing the
best guess from previous players. We found that hybrid hu-
man—Al groups showed higher performance than both human-
only and Al-only groups. Within hybrid groups, both humans
and Al agents systematically adjust their strategies relative to
single-agent conditions, suggesting higher-order interaction ef-
fects, whereby agents adapt to each other’s presence. Although
some performance benefits can be reproduced through collab-
oration between heterogeneous Al systems, human—AlI collab-
oration remains superior, underscoring complementary roles
in collective creativity. Together, these findings demonstrate
the advantages of human—AI synergy in collective intelligence
tasks.
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Introduction

Rapid advances in generative Al are giving rise to a hybrid so-
ciety in which the production of new ideas and content increas-
ingly integrates human and artificial contributions, across do-
mains ranging from creative writing (Breithaupt et al., 2024;
Porter & Machery, 2024) to scientific discovery (Gottweis et
al., 2025; Hao et al., 2026; Jumper et al., 2021; Rmus et al.,
2025; Schmidgall et al., 2025). As people engaged in the
discovery of innovative ideas rely more heavily on Al tools as
thought partners (Collins et al., 2024), understanding AI’s im-
pact on collective outcomes becomes increasingly important
(Sucholutsky et al., 2025). While Al assistance can improve
individual task performance, it also risks driving excessive
homogenization and reducing collective diversity (Doshi &
Hauser, 2024). Studying human—Al interactions at the collec-
tive level remains challenging using traditional methods. This
is, in part, because many real-world idea discovery proceses
are inherently open-ended and hard to evaluate in controlled
settings with well-defined objectives. Moreover, both humans
and Al systems adapt their behavior in response to the out-
puts of others, making it difficult to infer emergent collective
dynamics from studies focused solely on isolated individual

human—AlI interactions (Tsvetkova et al., 2024).

Here, we address these challenges by studying a creative
discovery task with an objective ground truth. Inspired by the
game Semantle (David Turner, 2022; Ueshima et al., 2024),
participants infer a hidden target word (Fig. 1A) and re-
ceive feedback based on the semantic similarity between their
guesses and the target (Fig. 1B). In each round, participants
are informed of the best guess and score produced by previous
players within the same game (Fig. 1C). Players, either human
or Gemini 2.5 Al agents, join groups composed of either hu-
mans, Al or both (Fig. 1D,E). We found that hybrid human-
Al groups consistently outperformed homogeneous groups,
achieving faster convergence to high-value solutions. Cru-
cially, participation in hybrid groups altered the behaviors of
both humans and Al. Al agents exhibited greater lexical diver-
sity and search quality when interacting with humans, while
humans achieved slightly higher performance and made sig-
nificantly more unique guesses in the presence of Al. This mu-
tual adaptation suggests that the benefits of human-Al collab-
oration emerge not from simple addition but from the dynamic
interplay of complementary cognitive strategies: humans ex-
plore broadly, preventing premature convergence, while Al
exploits efficiently, accelerating progress toward promising
regions. To test whether these benefits arise from cognitive
heterogeneity rather than agent diversity per se, we analyzed
an experiment involving two distinct LLMs, Gemini 2.5 and
GPT-5.1. This experiment showed a similar synergistic effect,
but overall performance was lower than in human-AlI collabo-
ration, indicating that part of the hybrid advantage originates
from agent heterogeneity. Finally, we validated in a series of
control studies that these effects are robust to different types
of Al systems, different forms of communication channels
between participants in the game and variations in model de-
coding temperatures.

Background

The ability of humans to collectively discover new ideas and
create novel content is one of the definitive features of hu-
man culture (Boyd, Richerson, et al., 1996; Henrich, 2015;
Tomasello, 2009). Research on social learning has shown that
innovation depends on factors such as network topology, inter-
action structure, and group size (Brackbill & Centola, 2020;
Derex et al., 2019; Mason et al., 2008; Shirado & Christakis,



Figure 1: Experiment framework for collective creative search. (A) Participants attempt to infer a hidden target word ( satellite )
and receive similarity score feedback over multiple turns. (B) The similarity score of each guessed word is computed by the
product of the hidden word score and the cosine similarity between them. (C) In each round, the participants received the best
guess from previous rounds as a hint. (D) Participants were embedded in a collective guessing game with a chain-like network,
where best-guess information was transmitted within each game (chain). Each game had 10 rounds of 10 turns each, totaling
100 guesses per game. (E) Schematic of the di erent experimental conditions considered.

2020). However recently Al is increasingly used to assist peoby Shirado and Christakis (2017), who showed that, in a co-
ple in complex cognitive interactions (Collins et al., 2024). ordination game, introducing bot agents that inject noise can
What is the impact of Al assistance on idea discovery acrossnprove collective coordination by preventing groups from
groups of people and Al agents? Doshi and Hauser (2024)ecoming trapped in local minima. The paper by Shirado and
examined humans assisted by Al agents in a creative writin@hristakis (2017) and the semantic search task by Ueshima
task and found that Al assistance enhanced individual creet al. (2024) provide a valuable framework but do not study
ative performance but reduced collective diversity, leading taealistic Al systems. This limitation is important because
excessive homogenization. However, their study examinedsvetkova et al. (2024) have shown that human Al interac-
human Al interaction in isolation and did not directly test the tion can give rise to substantial second-order e ects, whereby
emergent collective phenomena that arise from interactionsumans systematically alter their behavior in response to Al
among multiple humans and Al agents (Brinkmann et al.agents. These dynamics imply that studying collective behav-
2023; Tsvetkova et al., 2024). ior requires experiments involving real humans interacting

One promising medium for studying collective behavior With real Al systems under shared conditions (Hu et al., 2026;
comes from the information foraging literature (Garg et al.,Sucholutsky et al., 2025). Recent technological advances in
2022). The idea is that optimal search in any environmentarge-scale online experimentation (Almaatouq et al., 2021;
requires balancing exploration of new possibilities with ex-Harrison etal., 2020; Marjieh et al., 2025) now make it possi-
ploitation of known resources (Hills et al., 2015). This ble to embed both humans and real Al agents within large
exploration-exploitation tradeo is a fundamental principle Social networks where they interact directly with one an-
observed across domains, from animal foraging to huma@ther. For example, a recent study embedded humans and
memory search (Hills et al., 2012). In this literature, it is Al in hybrid human Al social networks engaged in a creative
often noted that individual strategies of exploration and exWriting task (Shiiku et al., 2025). While Al agents initially

ploitation are similar to the same dynamics at the collectivePutperformed humans on the creative task, their output di-
level (Hills et al., 2015). versity deteriorated over time. In contrast, hybrid human Al

sgroups began with lower performance but gradually improved,

f';_lchieving a balance between performance and diversity. To-
ether, these ndings suggest that it is now feasible to study
uman Al interaction at scale, under controlled conditions,

and with realistic contemporary Al systems, while capturing

In a recent paper, Ueshima et al. (2024) used a word gue
ing game to probe collective creativity in a semantic search se
ting. They found that simple bots aggregating human guess
had a modest positive e ect on group performance for easie
words. A similar bene cial e ect of simple bots was reported



emergent collective dynamics that cannot be inferred fromagents.
individual-level studies alone. o _
Participants and Al queries

Method Human participants. 503 participants were recruited suc-

We conducted an online experiment on collective creativé®SSfully from Proli ¢ (237-242— and 24 self-reported as fe-
discovery, wherein participants (either human or Al) playedmale’ male, gnd other, respectlve_ly, mean age = 38':,[3’ Sh=
a word-guessing game with one hidden target word per gam%zso)' Participants were based in the US and identi ed En-

(Fig. 1A). Ten target words were selected to span a range &Iish as their nativg Ianguage. Participants provided consent
frequencies (and di culty levels) : “harbor, “door, “pencil’ under a Cornell University approved protocol (IRB0148995)
‘lantern’, “river, ‘compass, satellite’, “metamorphosis’, “to- and were compensated at a rate of $9 per hour. We conducted a

pography’, vessel'. Each game consisted of 10 rounds, Witﬁubsampling—based power analysis using the performance dif-

10 guesses per round, yielding 100 guesses per game. Eaf&l;ence between the Social and Asocial conditions, a metric

batch contained 5 games per target word, for 50 games pgl';dependent of the Al and Hybrid conditions, and found that

batch (Fig. 1D): we ran 4 batches, yeilding 200 games irf0 participants per group were required for this e ect to reach

total. All the measures were averaged over 4 batches. signi cance at the ? Y +05 threshold for over 80% among

In each round, participants received the best guess frorg‘e 1000 iterations. Our actual sample sizeg (o, = 210,

the previous round in the game (Fig. 1C). Participants too (Erzso;:_ 179\3\/00mfodrtablydei(ggi(ighfpr:aqu|re_ment.G .
ten turns of guesses and received a similarity score after each queries. Yve con ucte ' queries to Gemini
guess. The guess with the highest score was recorded aszal5 Flash (version released June 17, 2025) with temperature

bonus and passed to the next round. The similarity scor8'7' We also used. 10,020 API queries to GPT 5.1 for .COHUOI
was computed as the product of the cosine similarity betweeffPerments (verS|_0n releaseo_l November 13, 2025) with tem-
Word2Vec (Mikolov et al., 2013) embeddings of the guessecp_erature 0.7, medium reasoning € ort. For strategy anno_ta-
and hidden words, scaled by an arbitrary constant (201.69; Fi lon, we used 8,461 AP queries to Claude Sonnet 4 (verspn
1B). We ensured that the maximum possible score was n Fleased May 22, 2025) W'th temperature_ 0.1 Al experi-
revealed to participants, so that they would have an incentivd'ents were conducted using PsyNet (Harnspn etal., 2029)' a
to continue exploring even after identifying the target Word_Pytho_n-based framework for_ Iarge-s_cale online psychological
From the original vocabulary of approximately three million experiments and human-Al interactions.

tokens, we retained 663,273 common English words after Results
lowercasing and excluding acronyms and brand names that

lacked lowercase representations in the model. Guesses tHakploration trajectories in semantic space

did not appear in this vocabulary were assigned a score afye begin by examining exploration trajectories across con-

Zero. ditions. We constructed a semantic space using the same
_ N Word2Vec embeddings that were used for scoring (see Meth-
Experimental conditions ods). We then applied UMAP (McInnes etal., 2018) to reduce

We compared four main experimental conditions (Fig. 1E):these embeddings to two dimensions and plotted them as gray
(1) Human Social (# = 210): all rounds were occupied by background points. Fig. 2 illustrates exploration trajectories
human participants, with a di erent participant playing eachfor the Human Social, Human Asocial, Al-only, and Human-
round; participants could take part in up to 10 games (one pe‘N Hybrld conditionsina representative game with the hidden
target Word), p|ay|ng On|y onhe round per game. (2) HumanWOfd compass . Flg 2 hlghllghts three key InS|ghtS First,
Asocial (# = 179): each participant was assigned to a singletrajectories in the Al-only condition form compact clusters in
game and completed all 10 rounds, totaling 100 guesses. ($gmantic space; for compass, these clusters center around
Al-only (20— 000 calls to the Google API): all 2— 000 roundsword groups such as music instrument. Second, the Hu-
were simulated using Gemini 2.5 Flash. Al agents indepentan Social and Human Asocial conditions show more widely
dently received the same prompt and feedback as humans p&ieread trajectories, with higher semantic diversity than the Al
ticipantS, inc]uding the hint, within-round guessing history, condition. Thlrd, the Human-Al Hybrld condition exhibits
and prompt Please enter your one-word guess. (4) Human_Similarly eXpanSive trajeCtorieS and is generally closer to the
Al Hybrid (# = 114, 10— 160 Google API calls): within each hidden word compass than the other conditions.

game, each round was randomly assigned to either a human )

participant or a Gemini 2.5 Flash agent, resulting in an averPerformance analysis

age of 5.1 human and 4.9 Al rounds per game (( = 1+54 To measure performance in creative search, we took the max-
and 155, respectively; 1058 human and 1018 Al rounds ifmum similarity score reached by each round in the game
total). As in the Human Social condition, human participantsand averaged these maxima across all rounds in all games in
completed only one round within any given game and pareach condition. As shown in Fig. 3A, the Human-Al Hy-
ticipated in 10 games. To minimize bias, participants werebrid condition produced the highest performance while the
not informed that any guesses may have been generated by Al-only condition produced the lowest. The Hybrid condition



game (Fig. 3C). The Human Asocial condition exhibited the
highest diversity (" = 0+86), likely re ecting higher explo-
ration rates or greater noise. In contrast, the Al-only condi-
tion showed markedly lower diversity (" = 0+37), indicating

a tendency to remain con ned to a narrow region of semantic
space despite consistently receiving relatively low scores. The
Human-Al Hybrid condition showed reduced lexical diversity
(" = 058) compared with the human conditions, but signi -
cantly higher diversity than the Al-only condition (? Y «001).
Interestingly, Fig. 3D shows that both the Human Social and
Human-Al Hybrid conditions decreased in diversity across
iterations, likely because guesses became closer to the tar-
get over time. These results suggest that Hybrid Human-Al
groups occupy an intermediate position in terms of diversity,
preserving more exploratory variation than Al-only groups
while reducing the high variability observed in human-only
settings.

Figure 2: Semantic exploration trajectories. All words WereGuessing strategy analysis
embedded with a Word2Vec model and projected to a two-
dimensional space using UMAP. We present one target worgg characterize guessing strategies beyond vocabulary diver-
(compass). Colored trajectories show ve games for eachsity, we implemented an LLM-as-a-judge annotation pipeline
of the four conditions. For each game and each round, w@sing Claude Sonnet 4. In a preliminary step, an independent
computed the average coordinates of the 10 guesses and cfstance of the model reviewed the full set of semantic guess
nected these round centroids from rounds 1 to 10; line opagrajectories across the main conditions and inductively derived
ity increases with round index. Inset boxes display exampl&even strategy types de ned relative to the hint. The annota-
rounds showing all 10 guesses with their similarity scorestjon model then classi ed each round of 10 guesses into a soft
best guesses of the rounds are highlighted. probability distribution over the seven types. Each round was
then assigned a discrete label by taking the strategy with the

yielded signi cantly higher similarity scores compared with highest probability, and the seven labels were further collapsed
the other conditions (? Y *001). Human Social surpassedto four broader categories: Exploit (same-category exploit
Human Asocial conditions signi cantly (? Y *001), showing OF subcategory shift), Directed Explore (associative or infer-
the advantage of collective behaviors which is our main focuséntial category break), Undirected Explore (random category
We next analyzed performance as a function of round withir?réak or hint-independent), and Mixed (mixed strategy).
the game (Fig. 3B). Across all conditions, scores increased Fig. 3D shows how the strategy distribution varied over ve
signi cantly over time (? Y +001); however, the magnitude of equal-frequency hint score quantiles across conditions. A red
improvement di ered by condition, with Al showing smaller dashed ordinary least squares (OLS) trend line for P(Exploit)
gains ( = 22¢10) than the other groups ( = 4093 53+21). is overlaid, with the bootstrapped slope and 95% Cl annotated.
The dynamics also revealed that di erent conditions reachedoth human conditions demonstrated clear adaptive behav-
peak performance at di erent stages. The Human-Al Hy-iors (Human Social: " = 0¢0006, GJs¢, = »020003— 0+0010%4;
brid condition exhibited a consistently increasing trajectoryHuman Asocial: " = 040011, Cbsy, = »00005— 0+0014%4):
throughout the game, maintaining the highest scores in thevhen hint scores were low, they relied more on Explore or
early and middle rounds. Notably, it surged rapidly in theMixed strategies to escape unpromising regions of semantic
early stage: by round 3, it already showed signi cantly higherspace; as hint quality increased, they progressively shifted to-
maximum similarity than both the Human Asocial and Al- wards Exploit strategies. In contrast, the Al-only condition
only conditions (? Y +005). The Al-only condition showed showed virtually no adaptation to hint quality (" = 0-0001,
modest early gains but plateaued after round 5, ultimatel\Clgse, = »0+0000— 00002%4). Exploit was the dominant strate-
achieving the lowest nal scores. In contrast, the Humangies (99%) in Al-only group, higher than that of other con-
Social condition showed a later surge, with performance acditions (? Y +001). This indicates that Al tends to focus on
celerating sharply around rounds 7 8 and converging with thenearby semantic region of the hint and lacks the adaptivity to

Hybrid condition by rounds 9 10. escape local maxima. The Human-Al Hybrid condition dis-
] ) ) played an intermediate pattern. Its strategy distribution was
Diversity analysis more adaptive than the Al-only condition (? = «0036) and

To measure diversity, we used lexical diversity, de ned as achieved compatative adaptivity to the hint score, compared
the average proportion of unique guessed words within eacto Human Social (? = 1+0) and Human Asocial (? = 1-0).



Figure 3: Performance, diversity and strategy. A. Performance, computed as the average of the maximal score across rounds.
Error bars represent one standard error across participants. Asterisks *, **, and *** denote signi cance levels of 0.05, 0.01,
and 0.001, respectively. To account for multiple comparisons (here and in the rest of the paper), only results that remained
signi cant after Bonferroni correction are shown. B. Performance across rounds. Error bars represent standard error across
participants. C. Lexical diversity, computed as the average proportion of unique guessed words of each game. D. Cross-game
lexical diversity acorss rounds. E. Strategy distribution by hint score quantile across conditions. The dashed red line shows the
OLS trend for P(Exploit) across hint score bins; slope and bootstrapped 95% CI are annotated within each panel.

Interaction with people changes Al behavior

Previous theoretical work (Tsvetkova et al., 2024) suggests
that humans and Al can in uence each other indirectly by
observing and responding to each other's behavior (second-
order e ects). To quantify the in uence of Hybrid Human-
Al condition on both human and Al agents, we compared
their performance and diversity. Fig. 4A shows that hu-
man participants in the Hybrid condition did not di er sig-
ni cantly in individual performance from the Human Social
group (? = 02392—3 = 0-032). In contrast, Al agents in the
Hybrid condition performed signi cantly better than in the
Al-only condition (? Y +001-3 = 0+618). These results sug-
gestthat Al agents, in particular, modi ed their behavior when
exposed to input from the other type of agent.
As shown in Fig. 4B, humans in the Hybrid condition
contributed a signi cantly higher proportion of unique words
(lexical diversity) compared to the Human Social condition Figure 4: Indirect in uence of Al on human behavior and of
(? Y «001). Similarly, Al agents in the Hybrid condition also humans on Al in the Human-Al Hybrid condition. A. Per-
showed a signi cantly higher lexical diversity compared to formance: comparison of human performance in the purely
the Al-only condition (? Y «001). human and Hybrid (Human Al) conditions, and Al perfor-
Taken together, these results reveal an asymmetric complgance in the purely Al and Hybrid conditions. B. Same for
mentarity between human and Al agents. Al agents bene tedexical diversity.
most from hybrid condition: human input helped them shift

toward more varied and productive regions of semantic space,,| experiment with Gemini 2.5 Flash and new experiment

In contrast, human showed little change in performance Ofith GPT 5.1 alone. This Hybrid Al condition (" = 72483
diversity, suggesting they served primarily as a source of X om0 = : ' ’

: ional th ided q =" : = »70+87—74+80%4) showed signi cantly higher max-
ploratory signal that guided Al toward more promising regIonSima similarity score than Gemini 2.5 (Al-only) condition

of semantic space. (" = 65425, Clgsy, = »63°66—66+84vs; C13998° = 5s88,
_ ? Y +001, 3 = 0+19) and the GPT 5.1 condition (" = 6408,
Controlling for e ect of model type and synergy Clgsys = »62459— 6558%4; C13998° = 6+94, ? ¥ +001, 3 = 0+22)

To understand the e ect of di erent agents, we implementedbut remained signi cantly worse than the Human-Al Hy-
a Hybrid Al condition consisting of Gemini 2.5 Flash (50%) brid condition (" = 87+76; C14081° = 1493, ? Y +001,
and GPT 5.1 (50%) agents, and compared it to our origi-3 = 0+30).
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