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Abstract

We propose HETEROGENEOUS SWARMS, an algorithm to design multi-LLM sys-
tems by jointly optimizing model roles and weights. We represent multi-LLM
systems as directed acyclic graphs (DAGs) of LLMs with topological message
passing for collaborative generation. Given a pool of LLM experts and a utility
function, HETEROGENEOUS SWARMS employs two iterative steps: role-step and
weight-step. For role-step, we interpret model roles as learning a DAG that specifies
the flow of inputs and outputs between LLMs. Starting from a swarm of random
continuous adjacency matrices, we decode them into discrete DAGs, call the LLMs
in topological order, evaluate on the utility function (e.g. accuracy on a task), and
optimize the adjacency matrices with particle swarm optimization based on the
utility score. For weight-step, we assess the contribution of individual LLMs in
the multi-LLM systems and optimize model weights with swarm intelligence. We
propose JFK-score to quantify the individual contribution of each LLM in the
best-found DAG of the role-step, then optimize model weights with particle swarm
optimization based on the JFK-score. Experiments demonstrate that HETEROGE-
NEOUS SWARMS outperforms 17 role- and/or weight-based baselines by 18.5% on
average across 12 tasks. Further analysis reveals that HETEROGENEOUS SWARMS
discovers multi-LLM systems with heterogeneous model roles and substantial
collaborative gains, and benefits from the diversity of language models.2

1 Introduction
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Figure 1: Our objective: given a pool of
LLMs and a task utility function f , dis-
cover a multi-LLM system with graph-
based model roles and adapted model
weights tailored to f .

Advancing beyond training a single general-purpose LLM
[6, 87], recent research recognizes the importance of
multi-LLM collaboration and advances multi-LLM sys-
tems, where diverse models serve in a collaborative system
to complement each other and expand model capabilities
[58, 79]. Models often have different roles in multi-LLM
collaboration, governing the subtask and functionality of
individual LLMs; adapting the model weights of these
LLMs are also identified as important for models to com-
plement each other. Existing methods to develop multi-
LLM systems are often fixed-weight and/or fixed-role and
could not flexibly adapt to diverse tasks and contexts.

Fixed-weight systems employ static and often black-box
LLMs and contextualize their roles through textual inter-
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Algorithm 1: Particle Swarm Optimization step (PSO)
Input: vectors fxigni=1 and the utility values ff(xi)gni=1 by utility function f
Hyperparameters: step length λ, inertia ϕv , cognitive coeff. ϕp, social coeff. ϕg , repel coeff. ϕw
State variables: each vector xi has velocity vi and personal best pi, global best and worst g and
gw

for i = 1 to n parallel do
walk randomness rv, rp, rg, rw � Uniform(0, 1)

vi  1
C
�
rvϕvvi + rpϕp(pi � xi) + rgϕg(g� xi)� rwϕw(gw � xi)

�
, where normalization

term C = rvϕv + rpϕp + rgϕg + rwϕw
xi  xi + λvi

end
Update personl/global information pi, g, and gw
return fxigni=1, xbest = arg maxx f(x)

action [21, 120]. Despite the diversity of tasks and inputs, these static models are repeated across
model roles and contexts, becoming the bottleneck of flexible adaptation. Fixed-role systems usually
orchestrate LLMs in a fixed workflow and seed LLMs with different hand-crafted prompts and enable
their interaction of message passing based on these prompt-induced roles [80, 25]. However, new
tasks and domains would require substantial prompt engineering, which heavily depends on prior
knowledge of the given task. Hence the static roles become the bottleneck in automating and scaling
multi-LLM systems to unseen tasks and contexts [49, 88, 50]. As such, a flexible approach that jointly
optimizes the weights and roles of multi-LLM systems is crucial for adapting diverse LLM experts
for wide-ranging purposes.

We propose HETEROGENEOUS SWARMS to search for adapted roles and weights guided by utility
function f (e.g. performance on a task) via swarm intelligence. Inspired by the success of LLMs
and particle swarm optimization (PSO) [48, 26], an algorithm to optimize continuous tensors via
collective search, we employ two interleaved steps: role-step and weight-step.

For role-step, we use the heterogeneous expertise of models for varying roles: we interpret roles as
input-output relations in a multi-LLM system. Role optimization is a graph learning problem, where
natural language messages are passed between LLMs organized in a directed acyclic graph (DAG).
While previous methods considered heuristics-based and hand-crafted structures such as a star or
chain [52], finding the optimal structure of multi-LLM systems requires task-specific adaptation [37].
We use particle swarm optimization to learn LLM DAGs: Given a set of n LLM experts, we randomly
initialize a swarm of continuous adjacency matrices of size n� n, indicating the likelihood of having
directed edge (i, j). We propose G-DECODE to decode these continuous adjacency matrices into
discrete DAGs of models. We call LLMs in the topological order of the DAG and evaluate their
performance: the swarm of adjacency matrices are then optimized based on the performance scores
via PSO, where matrices collectively “move” in the matrix search space to adapt to f .

For weight-step, we adapt models to the task and roles represented by the multi-LLM network. We
propose JFK-score to quantify what individual models can do for the multi-LLM system: assigning
the pool of LLMs to positions in the DAG multiple times, run inference, and evaluate different
assignments. The JFK-score of one model is the aggregated performance across assignments weighted
by their frequency (i.e. number of times it appears in a multi-LLM system). The swarm of LLMs is
then optimized based on the JFK-scores via PSO, where models update their weights to adapt to f .

Role-step and weight-step are iteratively employed to jointly optimize roles and weights, until the
utility f does not improve or a maximum iteration limit is met. In the end, we obtain a multi-LLM
network where the graph structure and model weights are both optimized for utility f . (Figure 1)

HETEROGENEOUS SWARMS outperforms 15 role/weight-based approaches by 18.5% on average
across 12 tasks spanning knowledge, reasoning, and agent contexts. HETEROGENEOUS SWARMS
also enables inference-time scaling [82, 5, 100] of smaller language models through topological
collaborative generation, with a 27.1% improvement on average when scaling the collaboration from
two to ten LLMs. (Figure 6) Further analysis reveals that roles and weights could have varying levels
of importance for different tasks, HETEROGENEOUS SWARMS benefits from the diversity of LLM
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.41 .88 .56 0 .20
.35 .77 .43 .29 0

0 .53 .06 .40 .25
.07 0 .88 .01 .60
.05 .29 0 .79 .58
.36 .02 .83 0 .49
.28 .60 .34 .47 0

…

0 .78 .63 .45 .01
.12 0 .80 .56 .34
.51 .47 0 .67 .85
0 .23 .06 0 .72

.10 .91 .54 .32 0

0 .64 .37 .85 .09
.02 0 .41 .26 0
.58 .81 0 .32 .67
.05 0 .54 0 .76
.39 .62 .88 .30 0

0 .80 .56 .34 .04
.45 0 .60 .91 .29
.52 .38 0 0 .61
.07 .49 .85 0 .77
.31 .60 0 .42 0

0 .72 .45 .31 .80
.62 0 .53 .74 .47
.03 .36 0 .11 .01
0 .20 .92 0 .35

.41 .80 .06 .39 0

G-Decode

0.67 0.34 0.28
!

op
tim

iz
e 

w
ith

 P
SO

0 .52 .31 .85 .05
.02 0 .41 .26 .21
.49 .70 0 .11 .52
.04 .02 .39 0 .76
.52 .42 .78 .08 0

G-Decode

0.42 0.71 0.68 0.85

JFK-score    = 1 * 0.42 + 2 * 0.71 + 1 * 0.68 + 0 * 0.85
1 + 2 + 1 + 0

op
tim

iz
e 

w
ith

 P
SO

Utility  = 

assignment

= 0.63utility f
f JFK      =0.66f JFK      =0.55f JFK      =0.67fJFK      =0.73f

Figure 2: Overview of HETEROGENEOUS SWARMS: starting with a swarm of graphs represented by
continuous adjacency matrices and a swarm of LLMs, HETEROGENEOUS SWARMS rotates between
role-step and weight-step. In the role-step, we decode continuous adjacency adjacencies into discrete
graphs, call the LLMs in topological order to fulfill a task, evaluate on the utility function, and
optimize the adjacency matrices with particle swarm optimization. In the weight-step, models are
randomly assigned to positions in the best-found network, evaluated by their individual contribution
through the JFK-Score, and then optimized with particle swarm optimization. PSO denotes particle
swarm optimization (Sec 2), G-Decode denotes Algorithm 2, and f denotes the utility function.

experts, the optimization could speed up with increased sparsity and “dropout”, and we discover
multi-LLM systems with heterogeneous roles and collaborative gains.

2 Preliminary
Multi-LLM Systems Multi-LLM collaboration could take many forms, featuring information
exchange at the API [36], text [21], logit [58], and weight levels [102]. In this work, we define multi-
LLM systems as directed acyclic graphs (DAG) of LLMs and a multi-LLM system is represented
by two variables: a set of LLMs X = [x1, � � � ,xn] and adjacency matrix A = faijgn×n, where
aij 2 f0, 1g and aij = 1 indicates that the output text of model xi becomes part of the input of
model xj with n models in total. A j X then denotes a multi-LLM system, where A defines the
structure of the DAG and each position in the graph is instantiated by an LLM in X . Given an input,
models in X are called in the topological order of A to interact and collaborate with each other. As
such, optimizing roles and input-output relations becomes optimizing the graph structure A, and
optimizing weights becomes optimizing the weights of models in X .
Swarm Intelligence Particle swarm optimization (PSO) is an optimization algorithm based on the
collective behavior of individual systems for non-differentiable contexts [48]. Guided by its initial
success in LLMs [26], we adapt PSO to optimize swarms of A and x.

The input of PSO is a set of continuous vectors fxigni=1 and a utility function f giving vectors a
scalar score f(x). Each vector xi has two attributes: velocity vi of the same dimension, initialized as
0; personal best pi, the best-found location of xi based on utility function f in its search history. The
collective swarm has two other attributes: global best/worst g and gw, indicating the best/worst-found
checkpoint in all of the previous fxigni=1. These attributes would provide signals for vector xi to
move in the search space guided by personal/global information.

One PSO step changes model velocity vi and takes a step towards the adjusted velocity direction:

vi  
1

C
�
rvϕvvi + rpϕp(pi � xi)+

rgϕg(g � xi)� rwϕw(gw � xi)
�

where C = rvϕv+rpϕp+rgϕg+rwϕw is a normalization term. The adjusted velocity is the weighted
average of four terms: vi makes the model keep part of its current velocity (i.e. inertia); (pi � xi)
draws the model towards its personal best; (g � xi) draws towards the global best; �(gw � xi),
repel from the global worst. ϕv, ϕp, ϕg, ϕw are hyperparameters and rv, rp, rg, rw � U(0, 1) are
randomness factors, governing how much xi is impacted by personal/global information. Vectors
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then take a step towards the new velocity:x i  x i + � v i , where� is the step length hyperparameter.
New vectors are then evaluated onf to update personal/global best and worst. We formulate a PSO
step in algorithm 1 and will usef x i gn

i =1 ; xbest = PSO( f x i gn
i =1 ; f f (x i )gn

i =1 ) to denote a PSO step
to optimizef x i gn

i =1 based on their scoresf f (x i )gn
i =1 .

3 Methodology
We proposeHETEROGENEOUSSWARMS, jointly optimizing model roles and weights for multi-LLM
systems. We employ PSO for the optimization, since it uniquely enables us to leveragemultiple
diverse collaboration patterns and specialized model checkpoints, composing their expertise and
strengths in multi-LLM systens. Starting from a pool of LLM experts as input,HETEROGENEOUS
SWARMS discovers a directed acyclic graph of models representing heterogeneous roles with adapted
model weights, iteratively employingrole-stepandweight-step(Figure 2).

3.1 Role-step

Unlike existing work that often manually speci�es model roles through prompt engineering [25, 116],
we propose to learn a directed acyclic graph ofinput-output relationships. To this end,HETEROGE-
NEOUSSWARMS operationalizes the optimization of model roles as a graph optimization problem:
discovering and optimizing directed acyclic graphs (DAGs) of LLMs to call them in the topological
order for collaborative generation. We envision swarm intelligence as a viable and �exible tool by
letting multiple potential DAGs explore the search space of graphs to adapt to a given task and utility
function.

To makediscretegraphs compatible with particle swarm optimization (Sec 2) that optimizescon-
tinuoustensors, we �rst represent graphs by continuous adjacency matricesA 2 Rn � n , whereaij
denotes the likelihood of a directed edge from modelx i to modelx j . We proposeG-decode, an
algorithm to decode discrete DAGs out of continuousA s. We �rst select an end nodek based on
inverse out degreesk = top-p( f 1=

P n
j =1 aij gn

i =1 ), wheretop-p denotes top-p sampling [35]. We
then iteratively select a remaining node based on out degreesu = top-p( f

P n
j =1 aij g) and add an

edge betweenu and any existing nodev with probability exp( auv )P
i 2E exp( aui ) , until all nodes are consid-

ered. Graphs decoded withG-decodeare directed since we only add directed edges and they are
acyclic since new nodes only connect to existing nodes in the graph. The resulted DAGs de�ne an
input-output mapping: given an input, we call LLMs in the topological order ofG-decode(A ), and
the output of the end node becomes the output of the multi-LLM system (Algorithm 4).

We evaluate the utility of the continuous adjacency matrix by decoding it into a DAG, call the
models in topological order, and evaluate its performance on the utility functionf . Concretely, we
initialize a swarm ofN continuous adjacency matricesf A i gN

i =1 � U n � n (0; 1). For one role-step, we
decode and evaluate their utilityf (G-decode(A i )) and optimize the continuousA s through swarm
intelligence:

f A i gN
i =1 ; A best  PSO(f A i gN

i =1 ; f f (G-decode(A i ))gN
i =1 )

The resultingf A i gN
i =1 after a single PSO step will represent graphs that slightly better adapt to the

taskf .

3.2 Weight-step

While existing work often uses static models across tasks and contexts [120, 21], we posit that model
weights could be optimized to adapt to the task as well as model roles in the DAG. However, it is
challenging to quantify the utility of a single LLM in a multi-LLM system, so that model weight
optimization is compatible with swarm intelligence. We proposeJFK-score2, an algorithm to evaluate
individual contribution in multi-LLM systems.

Concretely, given the best-found DAG in the role-stepA bestand the pool of LLM expertsf x i gn
i =1 ,

we randomly select an LLM for each position inA best to obtain an assignmentX , whereA best j X

2 “Ask not what the multi-LLM system can do for you, ask what you can do for the multi-LLM system.”—–
Authors, 2025
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Algorithm 2: JFK-score
Input: adjacency matrixA bestand modelsf x i gn

i =1
for i = 1 to M do

sample assignmentX i by randomly select models inf x i gn
i =1 to �ll each position inA best

utility f (X i ) = f (G-decode(A best j X i ))
end
for i = 1 to n do

JFK-score(x i ) =
P M

j =1 cnt i;j � f (X i )
P M

j =1 cnt i;j
, cnt i;j denotes the frequency ofx i in assignmentX j

end
return f JFK-score(x i )gn

i =1

Algorithm 3: Heterogeneous Swarms

Input: language modelsf x i gn
i =1 , utility function f

samplef A i gN
i =1 � U n � n (0; 1)

while f is improvingdo
// role-step
f A i gN

i =1 ; A best  PSO(f A i gN
i =1 ; f f (G-decode(A i ))gN

i =1 )
// weight-step
f x i gn

i =1 ; xbest  PSO(f x i gn
i =1 ; f JFK-score(x i )gn

i =1 )
end
return G-decode(A best j f x i gn

i =1 )

represents an instantiated multi-LLM system. We repeat assignmentM times to obtainfX i gM
i =1

and evaluate their utilityf (X i ) = f (G-decode(A i j X i )) . The individual contribution of modelx i
should then be the aggregate of utility weighted by modeli 's frequency: we denote the frequency of
x i in X j ascnt i;j =

P n
k=1 1(X j

k = x i ) and the individual contribution score should be:

JFK-score(x i ) =

P n
j =1 cnt i;j � f (X i )

P n
j =1 cnt i;j

In this way,JFK-score(x i ) quanti�es the individual contribution of modelx i across multiple roles
and collaboration partners. (Algorithm 2) We optimize model weights guided by their individual
contribution with swarm intelligence:

f x i gn
i =1 ; xbest  PSO(f x i gn

i =1 ; f JFK-score(x i )gn
i =1 )

HETEROGENEOUSSWARMS alternates between role-step and weight-step, iteratively optimizing
model roles and weights in the multi-LLM system to adapt to the taskf . We present the overall
procedure in algorithm 3.

4 Experiment Settings

Models and Implementation We implement a prototype ofHETEROGENEOUSSWARMS with
GEMMA -7B (google/gemma-7b-it) [29] in the main paper and also employ other LLMs such as
M ISTRAL-7B in Table 5. We employ the pool of 10 LLM experts in Feng et al.[26] for fair
comparison, �ne-tuned fromGEMMA -7B using 10 domains in Tulu-v2 [44] spanning reasoning,
code, general instruction following, and more: We employp = 0 :8 for top-p sampling,N = 10,
M = 10, search patience 6, max iteration 20, while running grid search over other hyperparameters
and report performance of the best-found multi-LLM systems.

Baselines We compare with 17 baselines across 5 categories that focus on optimizing model roles
and/or weights.
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Knowledge Reasoning Agent Miscellaneous

MMLU-pro K-Cross COM2 GSM8k NLGraph Normad GAIA-text AB-kg AB-ltp Qasper AbstainQA WoW

BEST SINGLE 0.231 0.346 0.488 0.237 0.535 0.545 0.107 0.383 0.120 0.174 0.065 0.415
PRED. MERGE 0.173 0.309 0.391 0.074 0.502 0.481 0.036 0.225 / / / 0.471

DATA MERGE 0.176 0.370 0.377 0.143 0.423 0.415 0.071 0.242 0.112 0.147 -0.025 0.461
UNIFORM SOUP 0.206 0.295 0.519 0.352 0.500 0.430 0.036 0.392 0.105 0.166 0.003 0.455
DARE-TIES 0.230 0.372 0.476 0.307 0.544 0.427 0.071 0.300 0.108 0.137 0.140 0.515
GREEDY SOUP 0.219 0.355 0.539 0.330 0.530 0.543 0.071 0.333 0.114 0.184 0.0140.565
PACK OF LLM S 0.235 0.352 0.512 0.327 0.532 0.543 0.143 0.392 0.106 0.157 0.095 0.545
LORAHUB 0.231 0.291 0.502 0.354 0.568 0.548 0.071 0.375 0.106 0.169 0.064 0.530
MODEL SWARMS 0.254 0.428 0.505 0.459 0.672 0.554 0.107 0.358 0.135 0.225 0.175 0.540

CHAIN 0.216 0.310 0.495 0.295 0.462 0.489 0.143 0.325 0.148 0.218 0.014 0.493
STAR 0.250 0.342 0.508 0.333 0.545 0.518 0.036 0.283 0.130 0.216 0.125 0.499
GPT-SWARM 0.216 0.320 0.460 0.334 0.611 0.510 0.143 0.333 0.134 0.216 0.023 0.492
META-AGENT 0.212 0.276 0.477 0.433 0.515 0.369 0.071 0.325 0.112 0.167 0.016 0.472
AGENT-PRUNE 0.214 0.321 0.497 0.180 0.460 0.467 0.107 0.333 0.122 0.211 -0.005 0.470
GNNS 0.201 0.339 0.479 0.364 0.593 0.530 0.071 0.3080.148 0.203 0.076 0.503
AGENTVERSE 0.239 0.309 0.501 0.403 0.633 0.513 0.107 0.367 0.136 0.195 0.103 0.489
MACNET 0.252 0.323 0.517 0.409 0.617 0.537 0.143 0.383 0.138 0.207 0.127 0.512

H-SWARMS 0.312 0.450 0.579 0.481 0.660 0.588 0.250 0.425 0.215 0.266 0.220 0.590

Table 1: Performance on the 12 datasets, best inbold and second-best inunderline. HETEROGE-
NEOUS SWARMS outperformsTRIVIAL , STATIC WEIGHT, DYNAMIC WEIGHT, STATIC ROLE, and
DYNAMIC ROLE approaches by 18.5% on average across tasks.

Figure 3: Evaluating collaborative gains: we create problem buckets by how many out of the 10
individual LLMs could solve it correctly. Top row: the problem count as well as whether the multi-
LLM correctly solves the problems in each bucket. Bottom row: accuracy of the multi-LLM system in
each bucket and expected accuracy denoted by the dotted line.HETEROGENEOUSSWARMS achieves
collaborative gains (C-Gain) of 0.143, 0.184, 0.101, and 0.426 on the four datasets, all> 0, and
demonstrate consistent collaborative gains.

• trivial baselines: 1) Best Singleexpert, essentiallyarg maxx f (x) for x 2 f x i gn
i =1 ; 2) Prediction

Merge, where the predictions off x i gn
i =1 are ensembled via plurality vote (if applicable).

• static weight: these approaches conduct model merging independent of the task and utility
functionf : Data Merge, Uniform Soup[97], andDare-Ties[108, 103].

• dynamic weight: these approaches optimize model weights based on the utility functionf : Greedy
Soup[97], Pack of LLMs[66], LoraHub[40], andModel Swarms[26].

• static role: we employ two structures in hand-crafted agent systems [52]:chainandstar.

• dynamic role: these approaches optimize model roles and connections based onf : GPT-Swarm
[120], Meta-Agent[37], Agent-Prune[109], GNNs[110], AgentVerse[11], andMACNet[73].

Data and Evaluation We compareHETEROGENEOUSSWARMS against baselines on 12 datasets
spanning 4 categories: 1) knowledge: MMLU-pro [94], Knowledge Crosswords [19], and COM2 [23];
2) reasoning: GSM8k [13], NLGraph [89], and Normad [76]; 3) agent: GAIA-text [67], the knowledge
graph and lateral thinking puzzle subtasks of AgentBench [61]; 4) miscellaneous: long-context with
Qasper [16], reliability with AbstainQA [25], and LLM-as-a-judge with WoW [106].
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5 Results

We present the performance ofHETEROGENEOUSSWARMS and baselines on the 12 tasks in Table 1.

HETEROGENEOUS SWARMS consistently discovers state-of-the-art multi-LLM systems. HET-
EROGENEOUSSWARMS achieves the best performance on 11 of the 12 datasets, outperforming the
second-best approach by 18.5% on average. This indicates that starting from the same pool of initial
LLMs, HETEROGENEOUSSWARMS could �exibly discover multi-LLM systems that adapt to diverse
tasks and contexts spanning knowledge, reasoning, and more.

Role and weight are disproportionately important for different tasks. For knowledge tasks,
weight baselines (STATIC WEIGHT andDYNAMIC WEIGHT) outperform role baselines (STATIC
ROLE andDYNAMIC ROLE) by 4.3% on average. However, for agent tasks, role baselines are 9.2%
better. This indicates that role and weight have varying importance in different tasks: by jointly
optimizing roles and weights in multi-LLM systems,HETEROGENEOUSSWARMS �exibly adapts to
both scenarios. We further investigate their importance in Section 6.

Dynamic adaptation works better than static engineering. We �nd that DYNAMIC WEIGHT
approaches outperformSTATIC WEIGHT by 30.1% across tasks, whileDYNAMIC ROLE outperforms
STATIC ROLE by up to 8.2%. This indicates that instead of hand-crafted ways to design roles or
merge weights, dynamic adaptation approaches guided by utility functionf offer better adaptation.
HETEROGENEOUSSWARMS employs role-step and weight-step to dynamically adapt both forf ,
resulting in �exible multi-LLM systems adapted to diverse tasks and applications.

6 Analysis

Collaborative Gains To justify the cost of calling multiple LLMs in topological order, a multi-LLM
system should unlock1 + 1 > 2 effects: the multi-LLM collaboration should producecollaborative
gainscompared to employing a single LLM. Concretely:

For problemq, if p% of the component LLMs could solve it individually, then the multi-LLM
system should have a larger thanp% likelihood of solving it.

To quantify this, we group problems in datasetD by how many component LLMs could solve it
individually: problemq 2 Bn if n of theN component LLMs could solve it. We then calculate the
metricCollaborative Gainas:

C-Gain =
NX

n =1

j Bn j
j D j

�
Acc(Bn ) � EA( Bn )

�

whereAcc(Bn ) denotes the accuracy of the multi-LLM systems for problems inBn , EA( Bn ) denotes
the Expected Accuracyn=N , jBn j andjDj denote the number of problems in the bucket and the
dataset. If a multi-LLM system satis�es the principle, thenAcc(Bn ) > EA( Bn ) andC-Gain > 0.

Knowledge Reasoning Agent Miscellaneous

MMLU-pro K-Cross COM2 GSM8k NLGraph Normad GAIA-text AB-kg AB-ltp Qasper AbstainQA WoW

Role Baselines 0.218 0.318 0.486 0.323 0.531 0.480 0.095 0.318 0.132 0.205 0.042 0.488
Weight Baselines 0.222 0.352 0.490 0.325 0.538 0.494 0.082 0.342 0.112 0.169 0.067 0.516
Ours w/o Role 0.242 0.352 0.515 0.392 0.530 0.564 0.107 0.317 0.140 0.222 0.133 0.539
Ours w/o Weight 0.237 0.342 0.492 0.363 0.588 0.557 0.143 0.325 0.164 0.241 0.119 0.510
Ours Full 0.312 0.450 0.579 0.481 0.660 0.588 0.250 0.425 0.215 0.266 0.220 0.590

Consistent? TRUE TRUE TRUE TRUE FALSE TRUE TRUE FALSE TRUE TRUE TRUE TRUE

Table 2: Ablation study of removing the role-step or weight-step inHETEROGENEOUSSWARMS,
comparing whether the importance of role/weight is consistent between baselines and our approach.
The pattern is consistent in 10 out of 12 datasets, con�rming that model roles and weights could have
different levels of importance for varying tasks.

We present the collaborative gains ofHETEROGENEOUSSWARMS in Figure 3.HETEROGENEOUS
SWARMS achieves consistent positive collaborative gains with an average of 0.213. For problems
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Figure 4: Analyzing the roles in Multi-LLM systems. Top left: the percentage of LLM roles aggregated
per dataset. Bottom left: the change of LLM roles in the optimization process for NLGraph. Right:
Per-LLM role distribution in the best-found multi-LLM system for NLGraph. Together these �gures
demonstrate the heterogeneous roles in the multi-LLM systems by HETEROGENEOUSSWARMS.

in bucketB0, i.e. none of the initial LLMs could solve individually,HETEROGENEOUSSWARMS
discovers multi-LLM systems that solve 18.1% of them on average. We additionally �nd that
HETEROGENEOUSSWARMS has greater C-Gain than baseline in Table 12. This indicates that
HETEROGENEOUSSWARMS could �nd adapted multi-LLM systems with new compositional skills
and substantial collaborative gains.

Importance of Role and Weight through Ablation Study In section 5, we discover that model
roles and weights could be disproportionately important for different tasks based on baseline per-
formance. We compare the trend with our approach, speci�cally through disabling either the role
step or the weight step inHETEROGENEOUSSWARMS (w/o Roleandw/o Weight). Let B r andBw
denote the average performance of role/weight-based baselines, then the importance of role/weight is
consistent when the following logic expression is True:

�
(w/o Role< w/o Weight) AND ( B r > B w )

�

OR
�
(w/o Role> w/o Weight) AND ( B r < B w )

�

We present performance of the ablated settings and the value of the logic expression across 12
datasets in Table 2. Results demonstrate that roles and weights could have varying importance (e.g.
weight is more important for knowledge tasks while role is more important for agent) and such
importance is consistent in 10 of the 12 tasks. In addition to jointly adapting model roles and weights,
HETEROGENEOUSSWARMS offers insights into their importance for the task at hand.

Role Statistics We manually examine the input/output of multi-LLM systems, identifying four
potential roles of individual models in the multi-LLM system: 1)divide, where the LLM identi�es
and solves part of the problem; 2)re�ne, where the LLM proposes a new (sub)answer based on
previous steps; 3)feedback, where the LLM provides feedback on previous steps; 4)irrelevant, where
the LLM fails to generate relevant text. We employ Gemini-as-a-judge [87] (GEMINI-1.5-FLASH) to
automatically identify the role of individual LLMs and conduct three analysis in Figure 4.

We analyze the variation of model roles across tasks in Fig.4, top left. For the graph reasoning task
NLGraph, there is greaterdivideand conquer to solve part of the problem; for the knowledge tasks
such as K-Crosswords, there is greaterfeedbackto identify knowledge gaps in existing answers.
Guided by differentf s,HETEROGENEOUSSWARMS discover multi-LLM systems with different role
distributions.

We investigate the roles of LLMs in different positions of the DAG on NLGraph in Fig.4, right. We
�nd that individual LLMs do have heterogeneous role distributions given their topological position:
for the branching nodes there is often higherdivide, while for the converging nodes there is often
higherre�ne andfeedback. This indicates thatHETEROGENEOUSSWARMS successfully discovers
multi-LLM systems where individual LLMs play heterogeneous roles.
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