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Abstract

Large language model (LLM)-based multi-
agent systems (MASs) have shown impressive
performance in solving a wide range of
complex problems. However, previous studies
mainly focus on designing customized MAS
for specific tasks, while a critical research
problem remains unclear: Do LLM agent
groups exhibit a form of “general intelligence”
that reflects their general ability across various
tasks? Researchers have found a Collective
Intelligence (CI) factor in human groups that
captures their general capability. Inspired
by this, in this study, we aim to investigate
whether an analogous CI factor also exists
in LLM agent groups, which is crucial for
building generalizable MAS. Motivated by
human cognitive psychology experiments,
we construct 108 LLM agent groups with
diverse group sizes, LLM compositions, and
communication topologies. We systematically
evaluate these groups across a wide range
of tasks and analyze their performances.
Our results demonstrate that an Artificial
Collective Intelligence (ACI) factor can be
extracted from LLM agent groups to predict
the generalization performance on new tasks.
Inspired by this, we train a model to predict the
ACI based on the features of MAS, and show
that it can be used as a plug-in to enhance
the generalization ability of MAS optimiza-
tion methods. Our code is open-source at
https://github.com/tsinghua-fib-1lab/
LLM_Collective_Intelligence.

1 Introduction

The rapid development of large language models
(LLMs) has given rise to LLM-based multi-agent
systems (MAS), which have shown remarkable
capabilities in many domains. Prior studies re-
veal that different MAS may excel in different
tasks (Zhang et al., 2025b), and thus researchers
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have proposed a variety of methods to design MAS
optimized for specific applications, such as cod-
ing (Qian et al., 2024) and game playing (Chen
et al., 2023). However, a fundamental question
remains unclear: do LLM-based MAS exhibit a
form of “general intelligence” that goes beyond
task-specific performance and reflects a group’s
overall ability across diverse tasks?

In human cognitive psychology research, the
quest for a “general intelligence” measure has a
long history (Spearman, 1904), with the most pop-
ular test known as the “IQ test”. This line of re-
search seeks to derive a single statistical factor
that measures the generalizable mental capabili-
ties of individuals across various cognitive tasks.
More recently, studies have shown that the cog-
nitive performance of human groups can also be
predicted to a large extent by a single statistical
factor, which is referred to as the “collective intelli-
gence” (CI) factor (Woolley et al., 2010; Riedl et al.,
2021). This factor captures the task-independent
capability of groups across a wide range of do-
mains. Since LLMs have shown many human-like
behaviors (Chen et al., 2025), a natural question
is whether a similar CI factor also exists in LLM
agent groups. If so, it not only indicates that LLM
agent groups share similar general intelligence with
human groups, but also would provide critical in-
sights for designing more effective and generaliz-
able LLM agent groups.

In this work, we conduct systematic experiments
to investigate the existence and properties of the
CI factor in LLM agent groups. We aim to answer
three research questions: (1) Does a general CI fac-
tor exist in LLM agent groups? (2) What features of
an LLM agent group affect its CI? (3) Can insights
from CI be used to guide the design of LLM agent
groups? To answer these questions, we construct
108 LLM agent groups spanning 8 different LLM:s,
while varying group size, communication topology,
and model composition. These dimensions are
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chosen based on human experiments (Riedl et al.,
2021), which ensure the diversity and robustness
of our experiments. We then evaluate the groups
on a broad spectrum of cognitive tasks, including
commonsense reasoning, mathematics, game play-
ing, coding, and writing. Our findings can be sum-
marized as follows. First, we demonstrate that a
general CI factor, which we term Artificial Col-
lective Intelligence (ACI), can be extracted from
LLM agent groups to capture their general capa-
bility across different tasks. Second, ACI in LLM
agent groups shows similar patterns with CI in hu-
man groups, where the collaboration process is the
most important determinant of ACI. Third, we find
that the features of LLM agent groups can be used
to predict the performance for new groups and on
new tasks. Based on these findings, we further train
an ACI prediction model and show that it can serve
as a plug-in to enhance the generalization ability of
MAS optimization algorithms. Experiments show
that our method improves the performance of MAS
optimization algorithms on unseen tasks by an av-
erage of 4.6%.

The main contributions of this work are three-
fold:

* We demonstrate the existence of a general ACI
factor in LLM agent groups, which accounts
for 66.3% of the variance in group performance
and generalizes well across tasks.

* We analyze the indicators of LLM agent groups
that affect the ACI and find similar patterns
with human groups. Specifically, the collabo-
ration process has the greatest impact on ACI,
followed by individual intelligence, with group
size having a relatively smaller effect. More-
over, we show that these indicators can be
used to predict the performance of LLM agent
groups.

* Inspired by these findings, we propose an ACI
prediction model, which can be used as a plug-
in to improve the generalization ability of exist-
ing MAS optimization algorithms.

2 Related Work

2.1 Collective Intelligence of Human

Individual intelligence of humans is commonly
conceptualized as a statistical factor, which pre-
dicts performance across various tasks (Spearman,
1904). Similarly, CI describes a group’s ability to

perform a range of tasks, also captured by a single
statistical factor. Woolley et al. demonstrated the
existence of CI factor in human groups, which ac-
counts for over 40% of the variance in group perfor-
mance (Woolley et al., 2010). They also found that
Cl is correlated not only with the individual intelli-
gence of group members but also with their average
social sensitivity and the proportion of females in
the group. Riedl et al. conducted large-scale experi-
ments and further verified the existence of CI (Riedl
et al., 2021). They found that the group collabo-
ration process is more important in predicting CI
than individual intelligence. These studies on CI
in human groups provide a valuable framework for
investigating the CI in LLM-based multi-agent sys-
tems. LLMs have demonstrated many human-like
behaviors, and it has been pointed out that individ-
ual LLMs show interrelated cognitive-like capabili-
ties like humans (Ili¢ and Gignac, 2024). However,
it remains unclear whether groups of LLM agents
also have a general CI factor.

2.2 LLM Multi-agent Collaboration

In recent years, there have been extensive studies
on multi-agent collaboration (Xiao et al., 2023; Li
et al., 2023; Hong et al., 2024; Qian et al., 2024;
Chen et al., 2023), which can be categorized into
three types. The first line of studies aims to de-
sign multi-agent collaboration methods for spe-
cific tasks. These methods typically follow hu-
man collaboration mechanisms such as debate (Du
et al., 2024) and standardized operating procedures
(SOP) (Hong et al., 2024). Another line of stud-
ies further proposes to automatically design and
optimize the collaboration strategy. For instance,
Agentverse lets LLM generate and adjust the agent
composition based on the status of the task (Chen
et al., 2023). G-designer proposes to optimize the
communication network of agents through a vari-
ational graph auto-encoder (Zhang et al., 2025b).
GPTSwarm represents multi-agent systems as com-
posite graphs and optimizes node-level prompts as
well as edges between agents (Zhuge et al., 2024).
Moreover, a third line of studies focuses on the un-
derlying mechanism of multi-agent collaboration,
such as the impact of agents’ traits (Zhang et al.,
2024) and hyperparameters (Smit et al., 2024), and
the scaling law of multi-agent systems (Qian et al.,
2025). However, existing studies mainly focus on
task-specific scores and overlook the general ability
of LLM agent groups across diverse tasks.
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Figure 1: (a) We aim to investigate whether LLM agent groups also exhibit an ACI factor similar to that observed in
human groups. (b) The overall framework of our experiments.

3 Experiment Framework

In this study, we investigate the CI of LLM agent
groups from the following aspects:
1. Does an ACI factor exist in LLM agent
groups? We conduct factor analysis to extract
the latent factor from the performance of different
LLM agent groups across a wide range of tasks,
which shows that there exists a factor accounting
for 66.3% of the variance. (Section 4)
2. What features of an LLLM agent group affect
its ACI? We analyze the characteristics of LLM
agent groups that affect their ACIs, and find that
the collaboration process plays the most important
role. (Section 5.1)
3. Can insights from ACI be used to guide the
design of LLLM agent groups? We demonstrate
that the features of LLM agent groups can be used
to predict ACI for unseen groups and on new tasks,
which could help estimate the group performance
without testing on specific tasks. We also show that
the predicted ACI can be used to enhance the gen-
eralization ability of MAS optimization methods.
(Section 5.2, 5.3 and 6)

We first introduce our experiment framework as
follows.

3.1 Multi-agent Collaboration Framework

We leverage a widely used LLM multi-agent col-
laboration framework (Du et al., 2024; Wang et al.,
2025; Yu et al., 2025). Specifically, the LLM agents
can be modeled as a graph G = {V, £}, where
V = {v1,va,...,un} is the set of nodes, each
node is an LLM agent, and £ is the set of edges.
We also refer to the graph G as the communication
topology of LLM agent groups. Given a query ¢,
each agent v; € V independently generates an ini-
tial response rgl) = v;(q). Then in round t(t > 2),

each agent observes the previous answers of neigh-

boring agents, and updates its own answer:

R = u{rflie N, O
where N (v;) denotes the neighboring nodes of v;.
After T' rounds, the final answer is obtained by
aggregating the responses of all agents

r(T):Aggregate(rgT),rgT),... (T)). 2)

3.2 Composition of LLM Agent groups

We choose 8 different LLMs from various
providers and with different sizes to ensure
diversity, including OpenAl (gpt-3.5-turbo-0125,
gpt-40-mini-2024-07-18), Qwen (Qwen2.5-
7B-Instruct, Qwen2.5-32B-Instruct, Qwen2.5-
72B-Instruct), GLM (glm-4-9b-chat), InternLM
(internlm?2_5-20b-chat), and Google (gemma-2-
27b-it). Using these models, we construct LLM
agent groups with varying group sizes, number
of rounds, communication topologies, and LLM
compositions. Specifically, the group sizes range
from {3,5,8}, the number of rounds is set to {2,
3}, and the communication topologies include
{decentralized network, centralized network,
random network}. Additionally, each group is
composed of either homogeneous (same LLM) or
heterogeneous (different LL.Ms) agents, resulting
in a total of 108 groups. Their details are shown in
Appendix A.1.

3.3 Evaluation Tasks

We evaluate the performance of LLM agent groups
on five tasks: commonsense reasoning (Wang et al.,
2024), mathematics (Hendrycks et al.), games (Sri-
vastava et al., 2023), coding (Chen et al., 2021),
and writing (Madaan et al., 2024). The reasons
for selecting these tasks are twofold. First, the
task selection covers widely adopted benchmarks
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in multi-agent system research (Zhuge et al., 2024;
Zhang et al., 2025b; Zhou et al., 2025), providing
a diverse and representative set of tasks that ef-
fectively assess the collective intelligence of LLM
agent groups. Second, the tasks exhibit a moder-
ate level of difficulty for our selected LL.Ms, with
average single-model performance ranging from
0.40 to 0.81 across tasks, which avoids too trivial
or hard settings and thus allows for a clear com-
parison of different groups. More implementation
details are presented in Appendix A.1.

4 Identifying ACI Factor in LLM Agent
Groups

4.1 Empirical Analysis

We first demonstrate that a general ACI factor ex-
ists in LLM agent groups. First, the performances
of LLM agent groups across different tasks show
a strong positive correlation, as shown in Figure 2.
The average correlation coefficient is 7 = 0.55, no-
tably higher than the » = 0.28 observed in human
groups (Riedl et al., 2021). This strong cross-task
correlation suggests the presence of a shared under-
lying capability—analogous to the general CI fac-
tor found in human groups—that influences group
performance across different tasks.

To further examine this possibility,we perform
exploratory factor analysis (EFA) to assess whether
a single latent factor can account for performance
variation across tasks. The analysis reveals a dom-
inant factor that explains 66.3% of the total vari-
ance, substantially more than the 43% reported in
human groups, while the second factor accounts
for only 18.7%. We then conduct confirmatory fac-
tor analysis (CFA) by fitting a single-factor struc-
tural model. The resulting fit indices (x> = 30.6,
p < 0.001, CFI = 0.967) indicate a good model fit,
further supporting the presence of a general ACI
factor. Taken together, these findings demonstrate
that LLM agent groups, much like human groups,
exhibit a form of collective intelligence that reflects
a generalizable capability across tasks.

4.2 Measuring ACI Factor

Based on previous analysis, we define the ACI
of LLM agent groups following the definition of
CI in human groups (Woolley et al., 2010; Riedl
et al., 2021). Specifically, we first standardize the
performance scores on each dataset because the
scales of scores may vary across datasets. Let s;;
be the standardized score of group j on dataset
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Figure 3: Correlation of leave-one-out ACI with crite-
rion task.

1. Using the aforementioned factor analysis, we
obtain a factor loading w; for each dataset 7 (all p <
0.001), which reflects how strongly each observed
variable (i.e., the performance on each dataset) is
associated with the underlying ACI factor. Then the
ACI factor of group j is computed as the weighted
score across all datasets

5 5
ACLj pq = Zwisij/ Z w. 3)
=1 =1

Following conventions in intelligence testing, we
standardize these raw ACI scores by scaling them
to have a mean of 100 and a standard deviation of
15:

ACI; 4y — mean(ACl,.qy)
std(ACL,q)

ACI; = x 15 + 100.

“)

The resulting ACI scores for all LLM agent groups
are reported in Appendix A.1.

To verify the generalizability of the ACI factor,

we perform leave-one-out experiments where we
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use one of the five datasets as the held-out crite-
rion task and compute the ACI factor using the
remaining four datasets. We then assess how well
these leave-one-out ACI scores predict group per-
formance on the held-out task. As shown in Fig-
ure 3, the correlations exceed 0.8 on three of the
tasks, and reach around 0.5 on the rest tasks, all sta-
tistically significant with p < 0.001. These results
indicate that the ACI factor derived from any sub-
set of four tasks generalizes well to unseen tasks,
supporting its robustness as a measure of general
group capability.

5 Examining ACI in LLM Agent Groups

5.1 Predicting ACI with Group Indicators

We have demonstrated that LLM agent groups have
an ACI factor similar to human groups. An emerg-
ing question is what characteristics of a group af-
fect its ACI? Existing studies have shown that the
CI of a human group is affected by indicators like
group size, individual intelligence, and collabo-
ration process (Woolley et al., 2010; Riedl et al.,
2021). Following these findings, we construct a
set of indicators for LLM agent groups with three
categories as follows.

* Group Size: These indicators measure the size
of a group, including the number of agents in a
group (V) and its square (N ?).

* Individual Intelligence: These indicators char-
acterize the ability of agents in a group. It
has been demonstrated that individual LLM
exhibits a general intelligence factor (Ili¢ and
Gignac, 2024). Here we adopt the same method
as calculating ACI (Section 4.2) to obtain an
individual intelligence score g for each LLM
agent. We use the average g and maximum g of
all agents in a group as indicators.

* Collaboration Process: These indicators de-
scribe how agents collaborate to solve the
tasks (Hackman, 1978; Riedl et al., 2021).
(1)Variance of degree is calculated as the vari-
ance of degrees of each node. It corresponds
to the inequality of speaking turns in human
groups, which has been demonstrated to be neg-
atively correlated with CI (Woolley et al., 2010).
(2)Effort is calculated as the total amount of ac-
tivity that all agents perform during the task
completion process. In our collaboration pro-
cess, the activity refers to the communication
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Figure 4: Regression coefficients of indicators predict-
ing ACIL.
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Figure 5: Importance of different indicators predicting
ACI and task performances.

between agents. Therefore, we define Effort
as the number of rounds times the number of
edges in the graph, i.e., Effort= T x |E| (3)
Skill congruence measures the extent to which
agents contribute efforts in proportion to their
ability. In other words, a group where agents
with higher capabilities put in more effort would
have a high congruence. We define this indica-
tor as the Pearson correlation between agents’
individual intelligence and their node degrees.
Experiments in human groups show that skill
congruence is a strong positive predictor of CI.

We first fit a linear model to predict the ACI
with these indicators, and present the standardized
regression coefficient in Figure 4. Consistent with
human experiments, skill congruence and average
individual intelligence are both significant positive
predictors of ACI, while group size and effort are
not strong predictors.

To further assess the relative importance of each
indicator, we fit a random forest regression model,
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show the relationship between the ACI/performance of the group and the ACI/performance of the central agent in

centralized networks.

which can capture nonlinear and more complex re-
lationships between the indicators and ACI, and cal-
culate the importance of each variable. As shown
in Figure 5, the collaboration process plays the
most significant role in predicting ACI, even more
important than individual intelligence. We also fit
a model to predict group performance on each of
the datasets, yielding similar results. This finding
aligns with prior research on human groups (Riedl
et al., 2021). Specifically, the skill congruence in-
dicator accounts for more than 50% of the total
importance, and the average individual intelligence
accounts for 37%. In comparison, the maximum in-
dividual intelligence, group size, and effort account
for less than 5%. Such results suggest that the way
agents interact with each other has a greater impact
than their individual abilities.

These findings provide several insights for MAS
design. First, simply increasing the ability of indi-
vidual agents, such as employing stronger LLMs,
does not necessarily lead to better outcomes. We
present a case in Figure 6(a), where the sec-
ond group has a stronger LLM (Qwen2.5-72B,
g = 119.9) than the first group (internlm?2.5-20b,
g = 92.1). Consequently, the second group also

incurs a cost 75% higher than the first group. How-
ever, the ACI of the first group is 9.7% higher than
the second one, highlighting the critical role of
communication topology.

Second, compared with adding more communi-
cation links between agents, it would be better to
let each agent do what matches their capabilities.
In our collaboration framework, this means that
stronger agents should be placed on nodes with
higher degrees. We further verify this by compar-
ing the performance of decentralized networks with
centralized networks. Specifically, we construct six
groups with five different LLMs , including a de-
centralized network where all agents are fully con-
nected, and five centralized networks where each
agent is selected in turn to serve as the central node.
The ACI and performance of these groups on all
datasets are presented in Figure 6(b). It can be
observed that in centralized networks, the task per-
formances and ACI are positively correlated with
those of the central agents, which is consistent with
previous findings. Moreover, when the strongest
LLM serves as the central node, the group perfor-
mance not only achieves the best among centralized
groups in most cases but also surpasses the decen-
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tralized network. Additionally, since the edges in a
centralized network are a subset of the edges in a
decentralized network, the centralized network has
a lower time and token cost than the decentralized
network. Such results suggest that with proper de-
sign of communication topology, the agent group
can achieve better performance with lower cost.

5.2 Generalization to New Groups

We further examine whether the previously defined
group indicators that predict ACI can generalize
to unseen groups. Specifically, we conduct a 2-
fold cross-validation experiment, using half of the
groups to fit a random forest regression model and
predict the ACI or task performance of the rest
groups based on their indicators. As shown in Fig-
ure 7, the R2 achieves over 0.8 on ACI prediction,
and over 0.6 on most of the tasks, suggesting a
good generalization ability. Note that the indica-
tors for LLM agent groups are solely dependent on
the configuration of multi-agent collaboration, and
there is no need to test the group on the target tasks.
As a result, these indicators offer a promising way
to predict the performance of new groups without
incurring time or token costs.

Moreover, in some cases, such as when design-
ing a multi-agent system, the goal is to identify the
best-performing group instead of predicting exact
performance. Therefore, we also present the mean
reciprocal rank (MRR) metric for predicting the
best group in Figure 7. The results indicate that the
MRRs for ACI, Commonsense, and Game exceed
0.35, meaning the best group is typically within the
top-3 predicted groups. For the coding and writing
tasks, the best group can be found within the top-6
predicted groups. On the Math dataset, the model
can even achieve 100% accuracy in identifying the
best LLM agent group. These findings highlight
the potential of using these indicators to optimize
the design of LLM multi-agent systems.
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Figure 8: We choose each of the five tasks as the target
task, and use data from the remaining four tasks to pre-
dict the performance of LLM agent groups on the target
task. We compare the performance of predicted ACI and
a baseline that simply averages the group’s performance
on the four training tasks. The performance is measured
by the Pearson correlation coefficient.

5.3 Generalization to New Tasks

Since ACI captures the general capability of LLM
agent groups, we further examine whether it can be
used to predict their performance on unseen tasks.
Specifically, we adopt a leave-one-out evaluation
setting, in which each of the five benchmarks is se-
lected in turn as the target task, while the remaining
four benchmarks are used as training tasks. Using
only the performance on the four training tasks, we
train a random forest regression model to predict
the leave-one-out ACI based on group indicators.
We then evaluate how well the predicted ACI re-
flects performance on the target task by computing
the Pearson correlation coefficient between them.
Additionally, we compare with a simple baseline by
averaging the group’s performance over the train-
ing tasks.

As shown in Figure 8, the correlations are all pos-
itive and exceed 0.6 on the commonsense, math,
and coding tasks, indicating that the predicted ACI
can effectively estimate the performance of LLM
agent groups on unseen tasks. Moreover, the pre-
dicted ACI consistently outperforms the average-
performance baseline, suggesting that ACI captures
general group ability beyond a naive aggregation
of task-specific performances.

6 Generalizable MAS Design with ACI

There have been extensive studies on optimizing
the communication topology of MASs to improve
their performance on certain tasks (Zhuge et al.,
2024; Zhang et al., 2025b). However, most existing
methods are task-specific and require retraining for
each task, which limits their ability to generalize to
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Table 1: Comparison of MAS optimization with and without predicted ACI across different tasks.

Method Commonsense Math Game Coding Writing
GPTSwarm 0.75 0.81 0.50 0.87 0.88
+Predicted ACI 0.77 0.91 0.53 0.89 0.89
Improvement 2.7% 123% 6.0% 2.3% 1.1%
G-Designer 0.73 0.86 0.51 0.84 0.88
+Predicted ACI 0.77 0.89 0.55 0.86 0.90
Improvement 5.5% 35% 7.8% 2.4% 2.3%

unseen tasks. In this section, we demonstrate that
ACI can serve as a plug-in regularization term that
effectively enhances the generalization ability of
existing MAS optimization methods.

6.1 Experiment Settings

Existing MAS optimization methods typically aim
to optimize a task-specific utility function:

(&)

max u(G),
where G denotes the communication topology of
the MAS, and the utility function u(-) is usually
defined as the performance (e.g., accuracy) on a
particular benchmark. To improve generalization
across tasks, we augment the optimization objec-
tive by incorporating ACI as a regularization term:

mgxu(G) +X-ACI(G), (6)
where ) is a hyperparameter, and AC'T (G) denotes
the predicted ACI of the MAS. Here we use pre-
dicted ACI as it is time-consuming to calculate the
true ACI for unseen MAS, and we use a random
forest model to predict the ACI as mentioned in
Section 5.3.

We evaluate our approach on two representative
MAS optimization methods: GPTSwarm (Zhuge
et al., 2024) and G-Designer (Zhang et al., 2025b).
GPTSwarm optimizes the probabilistic distribution
of edges in the MAS, while G-Designer trains a
variational graph auto-encoder to generate commu-
nication topologies. We construct an MAS consist-
ing of eight agents instantiated with our selected
eight LLMs, and apply these methods to optimize
the communication topology between them.

To assess generalization performance, we adopt
a leave-one-out setting. Specifically, four tasks are
used to train the MAS optimization model, while
the remaining task is held out for evaluation. The
ACI prediction model is also trained exclusively
on the same four training tasks. For each target
task, we compare the performance of the vanilla

MAS optimization method with its ACI-augmented
variant.

6.2 Results and Analysis

As shown in Table 1, incorporating ACI con-
sistently improves performance on unseen tasks
for both GPTSwarm and G-Designer by 1.1% to
12.3%. Such results demonstrate that ACI can serve
as a regularization term to enhance the generaliza-
tion ability of MAS optimization methods.

The improvement can be attributed to the fact
that different characteristics of MAS contribute dif-
ferently across tasks. Some structural features yield
strong performance across a wide range of tasks,
reflecting general collaborative capability. For ex-
ample, we have shown that MAS with high skill
congruence may exhibit strong general ability (Sec-
tion 5.1). In the meantime, some other features of
MAS are highly specialized and only suitable for
particular tasks. Existing methods optimize solely
for task-specific utility, which tends to overfit these
task-dependent features, resulting in limited trans-
ferability to new tasks. By contrast, ACI captures
properties that reflect more general capabilities of
an MAS. As a result, when used as a regularization
term, ACI biases the optimization process toward
topologies that preserve such generalizable charac-
teristics, thereby improving performance on unseen
tasks.

7 Conclusion

In this study, we investigated the presence of an
ACI factor in LLM agent groups, examining their
general abilities across diverse tasks. Our exten-
sive experiments revealed that LLM agent groups
exhibit a generalizable ACI factor, accounting for
66.3% of the variance in performance, which can
well predict the performance on new tasks. Fur-
thermore, our analysis identified collaboration pro-
cesses as the most critical determinant of ACI, mir-
roring patterns observed in human groups. This
insight underscores the importance of designing
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effective collaboration strategies to enhance MAS
performance and provide guidelines for MAS de-
sign. Finally, we demonstrated that key indica-
tors of LLM agent groups can be leveraged to pre-
dict the performance of unseen groups and on new
tasks, based on which we propose a plug-in to im-
prove the generalization ability of MAS optimiza-
tion algorithms. Overall, our findings contribute to
a deeper understanding of collective intelligence
in LLM agent groups and pave the way for more
efficient and generalizable MASs.

Limitations

While this study provides an initial exploration
of the ACI in LLM agent groups, several limita-
tions must be noted. First, our findings are primar-
ily based on empirical analysis rather than theo-
retical frameworks, which have limits on the un-
derstanding of the underlying mechanism of ACI.
Second, regarding the multi-agent collaboration
method, we focus on one typical multi-agent col-
laboration framework (Du et al., 2024). Other
collaboration strategies may be further considered
to offer more insights for ACI. Finally, following
the settings in human experiments (Riedl et al.,
2021), we only consider groups with fewer than
10 agents. Although this scale is consistent with
most of the existing LLM multi-agent collaboration
frameworks (Qian et al., 2024; Chen et al., 2023;
Hong et al., 2024; Li et al., 2023; Du et al., 2024),
the scalability of ACI in larger LLM agent groups
remains an open question. Future exploration is
needed to understand the pattern of ACI with larger
group sizes.
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A Appendix

A.1 Implementation Details
A.1.1 Details of LLM Agent Groups

The details of different communication topologies
are as follows.

* Decentralized Network: It is defined as a fully
connected graph in which every pair of nodes
is connected by a unique edge, i.e., each agent
can receive the answers from all other agents.

* Centralized Network: It corresponds to a star
graph structure where a central node is con-
nected to all other nodes.

* Random Network: We generate ran-
dom graphs using the Erdds—Rényi (ER)
model (Erd6és and Rényi, 1960) and
Watts—Strogatz  (WS) model (Watts and
Strogatz, 1998). In the ER model, each pair
of vertices is independently connected with a
certain probability p. The WS model generates
small-world networks by starting with a regular
lattice and randomly rewiring edges with a
certain probability.

We present the communication topologies and
LLMs of all LLM agent groups here, including
centralized networks (Figure 9), decentralized net-
works (Figure 10), and random networks (Fig-
ure 11). For each topology, there are two LLM
agent groups with 2 rounds and 3 rounds. We also
present the ACI of each LLM agent group in the
figures.

A.1.2 Datasets and Metrics

The details of the five benchmarks we use are as
follows.

* Commonsense: We choose the MMLU-
Pro (Wang et al, 2024) benchmark,
which is a more challenging version of
MMLU (Hendrycks et al.) dataset containing
multiple-choice questions with four to ten
options. It contains problems from various
disciplines, serving as a benchmark to test
the general knowledge and commonsense
reasoning ability of LLMs. The performance of
LLM is measured by accuracy.

* Math: We use the MATH (Hendrycks et al.)
benchmark, which contains math problems to
test the mathematical reasoning ability of LLMs.
The performance is measured by accuracy.
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Figure 9: Topologies and ACIs of LLM agent groups with centralized network structure.

* Game: We use the Chess move validity tasks
from BIG-Bench Benchmark (Srivastava et al.,
2023), where the LLM agent is asked to provide
a valid move of a piece given the history of
chess moves. The performance is also measured
by accuracy.

Coding: We choose HumanEval (Chen et al.,
2021), a widely used benchmark to measure the
ability of function-level code generation. We
use the pass@ I metric to measure the correct-
ness of generated functions on test cases.

* Writing: We use the Commongen-
Hard (Madaan et al., 2024) benchmark.
Each problem in this dataset consists of
20-30 concepts, and the agent is asked to
generate coherent sentences that include all
these concepts, which measures its reasoning

and text generation ability. The performance
is measured by the percentage of covered
concepts (Chen et al., 2023).

We use the prompts from the datasets’ original
papers for all tasks and adopt a zero-shot setting.
To ensure the diversity of the agents’ output, we
set the temperature parameter to 1.0 for all experi-
ments (Zhang et al., 2025b). We employ majority
voting to aggregate the answers of all agents in
a group. Specifically, for closed-ended questions
(Commonsense, Math, Game), we calculate the
most frequent answer. For open-ended questions
(Coding, Writing), we follow a previous work (jun-
you li et al., 2024) and find the answer that is most
similar to others, i.e.,

N
(t)

sim(r;”,

J=Lj#i

r® = arg max
T

P
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where rl(t) is the response of agent v; at round ¢,

and the similarity is calculated as BLEU score (Pa-
pineni et al., 2002).

A.1.3 Computer Resources

All experiments are conducted on Windows 10
OS. The Python version is 3.10.12. We use LLM
API provided by Azure OpenAl ! (for OpenAl
models) and SiliconFlow 2 (for non-OpenAl
models). The factor analysis is implemented
using Python package factor_analyzer 3. The
code and original data to calculate ACI and
reproduce figures in this paper are released
at https://github.com/tsinghua-fib-1lab/
LLM_Collective_Intelligence.

A.2 Further Discussion

A.2.1 Guidelines for LLM Agent Group
Design

There have been studies on optimizing the configu-
rations of LLM agent groups, such as prompt and
topology, to improve their performance on certain
tasks (Zhuge et al., 2024; Zhang et al., 2025b,a).
While these works are based on the assumption
that the optimal group structure varies across dif-
ferent tasks, our study indicates that an LLM agent
group has a general factor that characterizes its
ability across tasks. This might seem contradic-
tory at first glance, but the relationships between
our study and these studies can be explained as
follows. The ACI we find actually captures the
capability (or potential) of a group instead of its
performance on certain tasks. According to pre-
vious analysis, ACI captures both the individual
ability and the alignment of individual abilities dur-
ing the collaboration process, which is facilitated
by group members’ capacity to understand and in-
terpret the intentions and goals of others (Veissiere
et al., 2020). This capability can predict the general
task performance to some degree, while the perfor-
mance is also affected by the characteristics of the
specific task. This could somehow be demonstrated
by the difference in the importance of collaboration
process and individual intelligence (Figure 5). For
example, on the writing task that requires divergent
thinking and aggregation of ideas from different
agents, the collaboration process contributes more
to the performance. On the contrary, performance

"https://azure.microsoft.com/en-us/products/ai-
services/openai-service
*https://siliconflow.cn/

on the game task with closed-ended questions is
more affected by individual intelligence.

On the other hand, our findings can serve as a
general principle to guide task-specific group struc-
ture optimization algorithms. For example, we find
that it is generally better to place strong agents
on nodes with higher degrees. However, this prin-
ciple does not specify the exact topology of the
group, as the optimal structure may still depend
on the specific task, which can be found by opti-
mization algorithms. Moreover, we demonstrate in
Section 5.2 that we can predict the performance of
groups based on some indicators as well as rank
the best groups, which could be integrated into
group optimization algorithms to make them more
economical.

Overall, based on previous findings, we summa-
rize the following guidelines for designing LLM
agent groups:

* First, select high-performing LLMs. This is
intuitive, and experimental results show that the
individual intelligence of group members is a
strong predictor of ACI.

* Second, align agents’ efforts with their capabil-
ities. This is supported by the finding that skill
congruence is the most important predictor of
ACI. In other words, assigning more capable
agents to nodes with higher degrees will max-
imize their influence on the group, leading to
better performance.

* Third, simply increasing the group size or ef-
fort does not yield significant benefits. Both
the number of agents and the number of rounds
have a minimal effect on ACI. Furthermore, cre-
ating a fully connected network among agents,
as some previous studies suggest (Du et al.,
2024; Estornell and Liu), is not necessary.

* Finally, it is possible to predict group perfor-
mance and identify optimal configurations with-
out conducting extensive experiments, thus re-
ducing the cost of optimization algorithms.

A.2.2 Code of Ethics

All datasets used in this study are publicly available,
which involves no problem regarding privacy and
copyright. No personally identifiable information
was collected or used. We cite the resources in

3https://github.com/Educational TestingService/factor_analyzer Section 3.3.
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A.2.3 Broader Impacts

The implications of our findings are particularly sig-
nificant for the development of Artificial General
Intelligence (AGI). The emergence of a generaliz-
able, task-independent ACI factor in LLM agents
suggests that LLM agent groups possess an inher-
ent mechanism that influences performance across
various tasks. This mechanism could be related
to factors such as agents’ mutual understanding,
shared cognitive processes, and the way they inte-
grate their individual capabilities into a cohesive
group effort. The presence of the ACI factor ex-
hibits a form of general intelligence among the
agents, which transcends specific tasks and con-
tributes to their overall adaptability and effective-
ness. Moreover, our findings point to the critical
importance of collaboration in LLM agent groups.
ACI in LLM agent groups demonstrates that, be-
yond individual capabilities, the way in which
agents interact and collaborate can significantly af-
fect their collective problem-solving abilities. This
insight is foundational for advancing AGI, as it sug-
gests that achieving human-like intelligence in arti-
ficial systems may depend less on replicating indi-
vidual cognitive capabilities and more on fostering
efficient collaboration within multi-agent frame-
works. Finally, the ability of LLM agents to exhibit
a general intelligence factor, akin to human groups,
also implies that scaling and optimizing these sys-
tems for increasingly complex tasks could follow a
similar trajectory to human cognitive development,
further accelerating the path toward AGI.

12840



glm

glm \

Round-2 ACI=52.93
Round-3 ACI=54.59

2-"/ggrnmaﬂb
gemma

glm

gemma27b
Round-2 ACI=78.19
Round-3 ACI=81.02

GRS
gum\glm /

Round-2 ACI=65.60
Round-3 ACI=64.59

gemma27b
gemma27b
\ ma27b
gemma /
ma27b

Round-2 ACI=84.60
Round-3 ACI=84.40

qwen7J.7\\[E
/ internim20b
glm \
gemma27b

qwen32b

Round-2 ACI=97.45
Round-3 ACI=97.35

gpt35

5/9 pt35
gpt3;

Round-2 ACI=69.63
Round-3 ACI=66.20

gptdomini

gpt4omini

gpt4omini

Round-2 ACI=107.40
Round-3 ACI=107.82

gpt35

AN
gpt3! /
\gptSSf/gptss

Round-2 ACI=74.69
Round-3 ACI=75.12

internim20b

internlmlﬂh\Tme
rnim20b

Round-2 ACI=73.92
Round-3 ACI=71.69

qwen32b

qwen32b

qwen32b

Round-2 ACI=112.46
Round-3 ACI=113.57

internlmZk\'e
internim20b

internim20b

internlm20b/

Round-2 ACI=72.82
Round-3 ACI=68.58

gptdomini——gptdomini qwen32b
en32b
qwena3;
gptdomini \ gptd \ /
gptdomini qwenszt”qwenazb

Round-2 ACI=110.25
Round-3 ACI=109.74

Round-2 ACI=113.57
Round-3 ACI=114.30

qwen32b gemma27b——gpt35
\ &nmaﬂb / \
mir—— gim
gptdo \\ / qwen3. en72b
qwen7b gpt4omini

Round-2 ACI=107.82
Round-3 ACI=105.49

Round-2 ACI=115.49
Round-3 ACI=116.08

qwen7h\qw
en7b

qwen7b

Round-2 ACI=81.69
Round-3 ACI=81.60

qwen72b

qwen72b

Clwen72b/

Round-2 ACI=116.76
Round-3 ACI=116.64

en7b
qwen7tr/qw \
/ en7b
qwenT!
qwen7b

Round-2 ACI=84.91
Round-3 ACI=84.27

qwen72h\qwen72b
qwen7; \
en72b
qwen72b

Round-2 ACI=120.11
Round-3 ACI=120.81

Figure 10: Topologies and ACIs of LLM agent groups with decentralized network structure.
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Figure 11: Topologies and ACIs of LLM agent groups with random network structure.
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