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Abstract

Large Language Model (LLM)-empowered multi-
agent systems extend the cognitive boundaries
of individual agents through disciplined collabo-
ration and interaction, while constructing these
systems often requires labor-intensive manual de-
signs. Despite the availability of methods to
automate the design of agentic workflows, they
typically seek to identify a static, complex, one-
size-fits-all system, which, however, fails to dy-
namically allocate inference resources based on
the difficulty and domain of each query. To ad-
dress this challenge, we shift away from the pur-
suit of a monolithic agentic system, instead op-
timizing the agentic supernet, a probabilistic
and continuous distribution of agentic architec-
tures. We introduce MaAS, an automated frame-
work that samples query-dependent agentic sys-
tems from the supernet, delivering high-quality
solutions and tailored resource allocation (e.g.,
LLM calls, tool calls, token cost). Comprehen-
sive evaluation across six benchmarks demon-
strates that MaAS (I) requires only 6 ~ 45%
of the inference costs of existing handcrafted or
automated multi-agent systems, (II) surpasses
them by 0.54% ~ 16.89%, and (III) enjoys
superior cross-dataset and cross-LLM-backbone
transferability. The code is available at https:
//github.com/bingreeky/MaAS.

1. Introduction

Large Language Model (LLM)-based agents (Richards &
et al., 2023; Nakajima, 2023; Reworkd, 2023) have made
remarkable strides in a spectrum of domains, such as ques-
tion answering (Zhu et al., 2024a), data analysis (Hong
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et al., 2024; Li et al., 2024), code generation (Shinn et al.,
2023), web navigation (Deng et al., 2024), and data syn-
thesis (Butt et al., 2024), by equipping LLMs with high-
level features, including persona (Wang et al., 2023b; Chen
et al., 2024), tools (Shen et al., 2024; Richards & et al.,
2023), planning (Qiao et al., 2024; Wu et al., 2024; He et al.,
2023), and memory (Zhong et al., 2024; Hatalis et al., 2023;
Packer et al., 2023). Building upon the success of single
agents, researchers have demonstrated that combining mul-
tiple agents, either cooperatively (Zhuge et al., 2024) or
competitively (Zhao et al., 2023), can surpass the cognitive
and intellectual capabilities of individuals (Du et al., 2023;
Liang et al., 2023; Wang et al., 2023b; Jiang et al., 2023; Wu
et al., 2023; Zhang et al., 2024a), showcasing the collective
intelligence in a society of LLM-agents (Piatti et al., 2024).

Early multi-agent systems, such as CAMEL (Li et al., 2023),
AutoGen (Wu et al., 2023), and MetaGPT (Hong et al.,
2023), while delivering specialized capacity, often heav-
ily rely on manual configurations, including prompt engi-
neering, agent profiling, and inter-agent communication
pipelines (Qian et al., 2024). This dependency significantly
limits the rapid adaptation of multi-agent systems to di-
verse domains and application scenarios (Tang et al., 2023;
Zhang et al., 2024c). More recently, the research com-
munity has shifted toward automating multi-agent system
design. For instance, DsPy (Khattab et al., 2023) and Evo-
Prompting (Guo et al., 2023) automate prompt optimization,
GPTSwarm (Zhuge et al., 2024) and G-Designer (Zhang
et al., 2024b) optimize inter-agent communication, and
EvoAgent (Yuan et al., 2024) and AutoAgents (Chen et al.,
2023a) self-evolve agent profiling. Nevertheless, they typ-
ically focus on automating specific aspects of the system.
Subsequently, ADAS (Hu et al., 2024a), AgentSqure (Shang
et al., 2024), and AFlow (Zhang et al., 2024c) broaden the
design search space. These state-of-the-art (SOTA) meth-
ods optimize a single, complex (multi-)agent workflow for a
given dataset via different search paradigms, e.g., heuristic
search (Hu et al., 2024a), Monte Carlo tree search (Zhang
et al., 2024c¢), and evolution (Shang et al., 2024), surpassing
the performance of manually designed systems.

Although the paradigm of searching for a one-size-fits-
all multi-agent system appears sufficient to optimize
performance-related metrics such as accuracy and pass @k,
its performance is largely constrained on resource-related
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Figure 1. (Left) The building blocks of MaAS; (Right) When confronting different queries, the agentic supernet adaptively samples

tailored multi-agent architecture in a query-dependent manner.

metrics, such as token cost, LLM calls, and inference la-
tency (Dilemma 1). Specifically, contemporary methods
tend to optimize for a complex and resource-intensive agen-
tic system, often involving dozens of LLM API calls and
external tool usage (Liu et al., 2023). However, this is far
from an optimal solution: for example, in mathematical
benchmarks (Hendrycks et al., 2021), Ph.D.-level abstract
algebra may indeed require complicated, token-heavy sys-
tems, while simple elementary-level arithmetic works well
with a single zero-shot I/O. This paradigm becomes even
more problematic when applied to benchmarks across mul-
tiple task domains (Dilemma 2): for instance, in the GAIA
benchmark (Mialon et al., 2023), there is no single sys-
tem that is optimal for both file reading and web searching
tasks, leaving practitioners with no alternative but to split
the benchmark and optimize separately (Zhuge et al., 2024).
These dilemmas unveil that, the paradigm of automatically
optimizing a single multi-agent architecture fails to meet
the dynamic and evolving demands of agentic deployment.

To address the above challenges, we propose Multi-agent
Architecture Search (MaAS), which, instead of search-
ing for a plausible (possibly non-existent) optimal solution,
generates a distribution of multi-agent systems. Techni-
cally, we model the optimization of MaAS on the agentic
supernet, a probabilistic, continuous agentic architecture
distribution that encompasses a vast number of possible
multi-agent candidates. The agentic supernet can be seen
as a cascaded multi-layer workflow, including q[ multiple
agentic operators (e.g., CoT (Wei et al., 2022), Multi-agent
Debate (Du et al., 2023), ReAct (Yao et al., 2023)), as well
as = the parameterized probability distributions of operators
across layers. During training, MaAS leverages a controller
network to sample multi-agent architectures conditioned
on input queries. The distribution parameters and opera-
tors are jointly updated based on environmental feedback,
with the former’s gradients approximated via Monte Carlo
sampling and the latter’s via textual gradient estimation.

During inference, for different queries, MaAS samples a
suitable multi-agent system delivering satisfactory resolu-
tion and appropriate inference resources, thereby achieving
task-customized collective intelligence.

We conduct comprehensive evaluations on seven widely
adopted benchmarks, covering diverse use cases in code
generation (HumanEval, MBPP), mathematical reason-
ing (GSM8K, MATH, SVAMP), and diverse tool usage
(GAIA). Empirical results demonstrate that MaAS is q[
high-performing, surpassing existing handcrafted or auto-
mated multi-agent systems by 0.54% ~ 16.89%; = token-
economical, outperforming the SOTA baseline AFlow on
the MATH benchmark with 15% of the training cost and
25% of the inference cost; ., transferable across datasets
and LLM-backbones; ,, inductive, demonstrating strong
generalizability to unseen agentic operators.

Briefly put, our key contributions are summarized as follows:

 Paradigm Reformulation: We introduce the concept of
agentic supernet, a probabilistic, continuous agentic ar-
chitecture distribution, which transforms the paradigm
of optimizing a single optimal multi-agent system into
optimizing the distribution of multiple architectures.

 Practical Solution: We propose MaAS, an agentic
supernet-based framework that automatically evolves
powerful multi-agent systems and adaptively allocates
high-performing and resource-efficient solutions for user
queries with varied difficulty, domain and features.

» Experimental Evaluation: Extensive evaluations on six
benchmarks demonstrate that our framework discovers
novel agentic systems with 0.54% ~ 16.89% higher
performance, significantly lower training/inference costs,
transferability across benchmarks and LLMs, and superior
inductive capacity.
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Figure 2.The overall framework of our proposed MaAS.

2. Related Work AutoML. Automating the design of agentic systems is

LLM-Agents and Agentic Systems. Building on the suc- 21 €merging topic, yet the history of AutoML (He et al.,
cess of single agents (Shen et al., 2024; Zhu et al., 20248021) provides clear precedents. Notably, the progression

Zhong et al., 2024), studies have shown that grouping multigf agentic automation mirrors that of neural architecture
ple LLM-based agents into multi-agent systems (MAS) Cansearch (NAS) (Ren et al,, 20,21)' Core NAS technlql_Jes,
substantially enhance individual model capabilities (Wang>UCh @s reinforcement learning (Zoph, 2016), evolution-
et al., 2024a), as demonstrated in early attempts such &8 algorithms (Liu et al., 2021), Bayesian optimization
AutoGen (Wu et al., 2023), LLM-Debate (Du et al., 2023),(BO) (White et al., 2021), and MCTS (Wang et al., 2021),

and AgentVerse (Chen et al., 2023b). However, they hea\p_ave ins_pired aqalogous approaches in agentic autpmation,
ily relied on manually crafted designs, which constrained‘crom po!lcy gradientin (Zhuge et aI._, 2024) to evolutionary
the adaptability and_exibility of agents in addressing un-S€&rch in (Yuan et al., 2024), BO in (Shang et al., 2024),
foreseen challenges (He et al., 2023; Chen et al., 2023§nd MCTS in (Zhang etal., 2024c). In NAS, however, these

As a result, automated agentic system design has gaindtPCk-D0x methods were eventually eclipsed by ef cient su-
increasing attention in the academic community. pernet training (White et al., 2023), culminating in seminal
works like DARTS (Liu et al., 2018) and SNAS (Xie et al.,

2018). Inspired by this, we introduce the rst MAS search-

) i ing framework leveraging aagentic supernetposing new
Aut(_)matlng Agentic Systems. Efforts to automate the_ paradigms and challenges for agentic automation.
design of agent-based systems can be broadly classi ed

into the following categories:(I) Prompt Optimiza- 3. Methodology

tion, such as PromptBreeder (Fernando et al., 2023)'5 i

DsPy (Khattab et al., 2023), and EvoPrompt (Guo et al.Figure 2 |Ilust.rates the overgll wgrk ow of our method.
2023); (Il Inter-agent Communication , which focuses MaAS takes diverse and varying dif culty queries as input
on orchestrating interactions between agents, includin%nd leverages eontroller to sample a subnetwork from
GPTSwarm (Zhuge et al., 2024), DyLAN (Liu et al., e agentic supernet for each query, corresponding to a cus-
2023), EVOMAC (Hu et al., 2024b), AgentPrune (Zhangtom'zed multi-agent system._ After thg sampled system exe-
et al., 2024a) and G-Designer (Zhang et al., 2024b): an&u_tes the query, MaAS receives enwronm(_ant fegdb_ack_and
(Ill) Agent Pro ling , represented by AgentVerse (Chen jointly optimizes the supernet's par.ameterllzed dlstrlputlon
et al., 2023b), EvoAgent (Yuan et al., 2024), and AutoA-2nd agentic operators. In the following sectl'onls, S.ectlon.3.1
gents (Chen et al., 2023a). Further, ADAS (Hu et a|_,f_0rmally de nes the search space and optimization objec-

2024a) and AgentSquare (Shang et al., 2024) provide mordve of MaAS, Section 3.2 _details how the controller query-
comprehensive automation for single-agent design, whildépendently samples multi-agent structures, and Section 3.3
AFlow (Zhang et al., 2024c) achieves multi-agent work-détails the optimization of MaAS.

ow automation using Monte Carlo tree search (MCTS).

However, these high-performing methods still follow thes'l' Preliminary ) ) .
paradigm of searching for a single nal system, whereas>€arch Space. We rst de ne the basic unit of MaAS's

MaAS searches for distribution of architectures with lowerS€arch space, namely the agentic operator as follows:
average inference costs (LLM calls, token cest,).
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De nition 3.1 (Agentic Operator). An agentic operato® 3.2. Agentic Architecture Sampling
is a composite LLM-agent invocation process that involvesThe core of MaAS lies in tailoring a customized multi-agent
multiple LLM calls and tool usage: system for each user query, which may vary in dif culty and
O=fM ig",:P:fTigy g " domain, to deliver a szatisfactory solution:
Mi2M;P2PT2T; . . .
| ' p(aja; ;0)= (@G Q (Gi; ;0)dG  (6)
whereM andM correspond to LLM backbones and the
set of available LLMs, respectively. Similarly, andT ~ whereQ represents theontroller networkwhich takes the
represent prompts and toofs. andn denote the number of - queryq, the parameterized distribution and the available
LLM-agents and tools invoked in the operator, respectivelypperator€D, and outputs the sampled agentic architecture

Most existing single/multi-agent work ows can be viewed G Q IS parameterized by, ande( j ) denotes producing
as agentic operators: CoT (Wei et al., 2022) can be corpelution via executings. we implemenQQ  as follows:
sidered one withm = 1 andn = 0, denoted a®cor; v

Self-RAG (A§a| et aI:, 2023) S|mllgrly mvoIvegn =1 Q (Gjg; ;0)= (VjgifVing,l); )
agent allocation, but is equipped with= 1 retrieval en-
gine, denoted a®srag; Multi-agent debate (Du et al., 2023)
involves multiple LLM-agent, multi-turn calls, denoted as WhereVi denotes the selected operators at layeiThe
Opebate The feasible set of agentic operators is denotedelection ofV- is conditionally dependent on the query
asO, and we discuss the initialization 6fin Section 4.1 ~ and the operators from the previous layers. However, not

and Appendix B.1. We de ne a multi-agent system as:  all queries require execution acrdssayers. As discussed
in Section 1, many questions can be resolved with a simple

G=fViEgV O;E2V V; (2)  zero-shot I/0 (zhang et al., 2024b), renderindayers

whereV is the set of selected operatorsGrandE denotes unnecessarily redundant. To address this, we introduce an
their connectivity.Gis constrained as a direct acyclic graph €rly-exit operator, denoted a®ex. During sampling, if

-

(DAG). Finally, we de ne the agentic supernet: Oexit is encountered, the process exits early:
De nition 3.2 (Agentic Superne). The agentic supernet ¥ h i i
isdenoted a& = f ;0g= ff -(0)doz 00", , Where: Q (G; ;0)= ~(V\jq;f\/hgh:ll) l o2y - o
{(0)= POjAL 1); 020; - o ®
3) + loga2v: exit

A 1= ff 1 (0)do2 0G¢-1;

where -(O) represents the probability of operatdr ~ Where ¢ denotes the layer at whidBei: appears, and
present at layer, conditioned on the preceding layers () is the Kronecker delta function. We implement the
A1+ 1. The supernet induces a joint distribution over all Sampling process with a Mixture-of-Expert (MoE)-style
possible multi-layer operator con gurations: network (Shazeer et al., 2017; Huang et al., 2024):

¥y | ‘1q!V\;V~:f)((D~1;O~z; Oy
G = N(O) 4
PG  or0 (©) *) t= argmin S >thres; ©)
k2f 1; ;jOjg j<k
wherel g,y . is the indicator function for the inclusion @
in the set of active operato¥s at layer'. whereS* = sort( S; desg, andS 2 RI9 =[S; ; Sioj]
represents the activation scores of all feasible operators

Prolpltalm Formulanorc\j. hG_'Ve” a bencr(;marlb colmpnsmg ,W.rt. g. Note thatthres is a threshold value that governs
mu t'.p € queriesjan ,t €Ir corresponaing oracle answersl- 5 rator activation. Operators are activated sequentially,
solutionsa, the objective of MaAS is not to identify a single

X . . . : starting from the one with the highest score, and the process
optimal agentic system like previous practices (Zhang et al

2024¢: 7h L 2024) b . giti I7continues until the cumulative score excedugs. This
¢, zhuge et al,, ), but to optimize a conditionalg\, e that the number of selected operators per layer is
probability distribution as follows:

query-dependent, allowing MaAS to dynamically allocate
FTG% E(qa) D U(Gq;a) C(Gq) ; st.G A (5) resources Qased on task comiplexﬁyis given l:->y: S =
G P(Gja) FEN(V(Kk ooy, V(O)k Kk ooy ,V(O)); where

where P(Gfg) is a distribution that generates query-V() denotes the embedding function using lightweight

dependent agentic architecture( ) andC( ) representthe models like MiniLM (Wang et al., 2020) and Sentence-

utiulity/performance and cost @ for queryq, respectively, Bert (Reimers, 2019), arldrepresents concatenation. The
and is a trade-off parameter. detailed implementation of( ) is placed in Appendix B.2.
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Upon completing the sequential sampling procedure irAlgorithm 1 Algorithm work ow of MaAS
MaAS, a task-speci ¢ multi-agent syste@is generated Input : A dataseD containing training seDy.in and test

and executed to produce the answem the next section, setDis, Operator seD, Randomly initialized
we elucidate the process of updating the agentic supernet distribution , Controller networkQ
based on environmental feedback. Output : Well-optimized agentic supernet, composed of dis-
: L tribution and operator®
3.3. Cost-constrained Supernet Optimization for (g; &) in Dyain do :
’ rain
We present the optimization objective of MaAS as follows: |/« sample query-dependent MAS ]
. . for layer” 1ltoL do
min Eq. . ajg; ;0)+ C(G; 10 . -
] if > = L orOgit 2 V- then

whereC( ) evaluates the cost of multi-agent systems, repre- breal/ Exit when reaching
sented by token cost, andis the trade-off parameter. The

; X ) maximal sampling depth or
termp(ajg; ;O) in Equation (10) corresponds to Equa- encountering the early-exit

tion (6), where the calculation af(ajG) often involves

VR operator

external tools or API-based LLM calls, rendering it non- L
differentiable. Therefore, we employ an empirical Bayes | ObtainG hV i; ; Vi for queryq; . Eqg. 8
Monte Carlo procedure (Carlin & Louis, 2000; Yan etal., | /* Execute sampled MAS * [
2021) to estimate the gradient w.r.t the distribution ExecuteGand obtaire  e(ajG); . Eg. 6
. / = Self-evolve agentic supernet */
1 X Xh ! Compute loss w.r.t. ,r L; . Eq. 11
rob K mer P(G) Estimate loss w.r®© via textual gradient;. Eq. 12
(q2)20 k=t (11) Update andO accordingly; . Eqg. 10

_ pPE9;G) pC(&; 9 -

i p(aja;G) i C(G;0’
wheremy denotes the cost-aware importance weights ofsuch as merging, splitting, alteringic), respectively. See
the agentic architecture. Intuitively, the distributionis ~ prompts in Appendix B.3. In this way, the core components
updated to favor multi-agent systems that generate higlof the agentic supernet, namely the agentic operators and
guality solutions with minimal token cost. their connectivity, are jointly updated, enabling the fully
automated evolution of multi-agent systems. We summatrize
the notations in Table 5, and the algorithm in Algorithm 1.
4. Experiments
4.1. Experiment Setup

Tasks and Benchmarks. We evaluate MaAS on six public
benchmarks covering three domaifk) math reasoning
GSMS8K (Cobbe et al., 2021), MATH (Hendrycks et al.,
2021), and MultiArith (Roy & Roth, 2016)2) code gener-
ation, HumanEval (Chen et al., 2021) and MBPP (Austin
et al., 2021)); and3) tool use GAIA (Mialon et al., 2023).
Figure 3.The demonstration of textual gradient. For the MATH benchmark, we follow (Hong et al., 2024)
However, the gradient w.r.t operatargL cannot be com- in selecting 617 problems from four typical problem types
puted similarly. As shown in Equation (1), operators include(Combinatorics & Probability, Number Theory, Pre-algebra,
black-box tool usage and natural language prompts, makere-calculus). The dataset statistics are in Appendix C.1.

ing numerical gradient updates infeasible. To address thi . . . .
we utilize agent-based textual gradient (Hao et al., zoz%aselmes. We compare MaAS with three series of agentic

Liu et al., 2023; Hu et al., 2024b; Zhou et al., 2024) to 02S€lines(1) single agent execution methodsncluding
approximate the backpropagation for agentic operators, agOT (Wei etal., 2022), ComplexCoT (Fu etal., 2022), Self-

. ; P . X onsistency (Wang et al., 202342) hand-craft multi-
sualized in Figure 3 and formalized as follows: : i .
visualizedin Figu 'z W agent systemsincluding MultiPersona (Wang et al., 2023b),

roL=Tp Tr TnN;Tx2T;x2fP;T;Ng (12) LLM-Debate (Duetal, 2023), LLM-Blender (Jiang et al.,
2023), DyLAN (Liu et al., 2023), AgentVerse (Chen et al.,
where Tp; T1; Ty represent agent-generated gradient2023b) and MacNet (Qian et al., 20248) (partially
analyses in textual format, corresponding to updates of ther fully) autonomous multi-agent systems including
prompt, model temperature, and operator node structur&PTSwarm (Zhuge et al., 2024), AutoAgents (Chen et al.,

5
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Table 1.Performance comparison with single agent, hand-craft multi-agent systems, and automated agentic work ows. The base LLM is
consistently set agpt-40-mini for all baselines. Wéold the best results and underlittee runner-ups.

Method GSM8K MATH MultiArith HumanEval MBPP Avg.
Vanilla 87:45 4629 9685 8708 7183 7750
CoT (Wel et al., 2022) 87:10;‘40;35 46:40 0:11 96Z3LQ;54 88:13 1:05 71:8340 00 77:95

ComplexCoT (Fu et al., 2022) 86:89.0:56 46:53 (.24 96:70:0:15 87:49 .41 72:36 .53 78.00
SC (CoT 5) (Wang et al., 2023a) | 87:57.¢.1» 4791 1. 96:58.0-,7 88.60 15> 7360 1-77 78.85
MultiPersona (Wang et al., 2023b) 87:50 (.05 45430365 97:49 o614 8832 1.4 7319 1.5 7839
LLM-Debate (DU et al., 2023) 89:47. 2:02 48:54 2:25 97:33 0:48 88:68: 1:60 70:2941 54 78.86
LLM-Blender (Jiang et al., 2023) | 88:35 (.90 46.92 .53 97:29 0-44 88.80 .72 7705555 79.68

DyLAN (Liu et al., 2023) 8998 ;.53 4863 5.3, 97:12- .57 90:42 3.3, 77:30 5.47 80:69
AgentVerse (Chen et a.l., 2023b) 89:.91: 2:46 47:35 1:06 97:50 0:65 89:29 2:21 74.28 2:45 79.67
MacNet (Qian et al., 2024) 87:95 .50 4518111 96:03.0:52 8457551 65:28.5:55 75:.00

AutoAgents (Chen et al., 2023a) | 87:69 (.24 45.32.0.97 96:42.:0-43 87:64 .56 7195 .12 77:80
GPTSwarm (Zhuge et aI., 2024) 89:14 1:69 47.88 1:59 96:7940_06 89:32: 2:24 7743 5:60 80:11

ADAS (Hu et al., 2024a) 86:12:1 .33 4318311 96:02:0:53 84:19.,.59 68.13.5.70 75.13
AgentSquare (Shang et al., 2024) 87:62: (.1, 4851 5.5 9777 09> 89.08 .0 7846 543 80:29
AFlow (Zhang et al., 2024c) 91116 3.71 51:28 ;.91 96:22:0:63 90:93 355 81:67 954 82:25
MaAS (OUTS) 92:30”4.85 5182553 9880195 92:85”5_77 82:17. 10:34 83:59

Table 2.Performance on GAIA benchmark. The best and runner-:)austk g:}r;r?rl]rgs.;:liL;T;lljlltl-gggrtnseygt?nrr;&[::)tgglzbed :1?1/ '\a/l\??ri e
up results ardolded and_underlinedrespectively. P y 9 y 9

of 3:90 6:40% and existing automated methods by

leitTth — LeYel = Le\_/elz Level3 A,Vg' 2:07 8:26% Overall, as for mathematical reasoning
-40-mini 7:53 440 0 465 . .

GPT-4 968 1:89 2:08 4:05 and code generation, MaAS achieves an average best score
AUtOGPT 1321 0 285 485 of 8359% demonstrating its versatility and superiority.
TapeAgent 23:66 14:47 10:20 16:61 Table 2 shows a comparison of MaAS with automated
Sibyl 21:51 1572 408 1561 systems and three additional baselines, including Auto-
AutoAgents 16:13 0 0 5:16 GPT (Richards & et al., 2023), TapeAgent (Bahdanau et al.,
GPTSwarm 23:66 1635 204 1633 2024), and Sibyl (Wang et al., 2024b) on the GAIA bench-
ADAS 13:98 4:40 0 6:69 mark. GAIA encompasses tasks from various domains such
AgentSquare |  22:58 1572 6:25 1634 as web browsing, le reading, and multimodal understand-
AFlow 10:75 8:81 4:08 8:00 ing, making it challenging to pursue a single optimal multi-
MaAS 2591 22:01 6:25 20:69 agent system for all tasks. Thus, the modest improvements

2023a), ADAS (Hu et al., 2024a), AgentSquare (Shang et alof AFlow and ADAS over vanilla LLMs (only8:35%" and
2024) and AFlow (Zhang et al., 2024c). More details on2-04%" on average) are understandable. In contrast, MaAS
baseline setups are provided in Appendix C.2. can adaptively sample customized agentic systems for differ-

ent domains, achieving8:38%and17:61%improvements
Implementation details. We leverage both close-source on Level 1 and 2 tasks, respectively.
LLM (gpt-40-mini-0718 (OpenAl, 2024)) and open-
source LLM Qwen-2.5-72b-instruct (Yang etal.,, 4.3. Cost Analysis
2024) andlama-3.1-70b  (Dubey et al., 2024)). All 1o answer RQ2, we demonstrate tMaAS is both train-
models are accessed via APIs with the temperature set {ag/inference cost-ef cientfrom the following three dimen-
1. We set the number of layers bs= 4, the cost penalty  sjons: (1) token cost, (2) API cost, and (3) wall-clock time,

coefcient as 2 fle 35 3le 2g andthe a5shown in Table 3 and Figure 4. We observe:
sampling timeK = 4. thres = 0:3 for Equation (9). S )
Obs.. MaAS's optimization is resource-friendly. As

4.2. Performance Analysis shown in Figure 4Training Tokens)among the various
We compare MaAS with 14 baselines on the GSM8K Optimization-oriented agentic work ows, MaAS achieves
MATH, MultiArith, HumanEval, and MBPP benchmarks the highest accuracy with the least training token consump-

in Table 1, and with 10 baselines on GAIA in Table 2. Thetion. While AFlow's accuracy is comparable to that of

) . of MaAS (merely3:389%). Additionally, existing agentic
Obsy MaAS achieves optimal performance across all

6
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Table 3.Ef ciency comparison between MaAS and state-of-the-art baselines on the MATH Benchmark. We shade the values of the lowest
token/cost/wall-clock time and the highest performance.

Method Training Inference Overall
Prompt Completion Total Wall-clock Prompt Completion Total Wall-clock Acc.
token token  cost ($) time (min)  token token  cost ($) time (min) (%)

LLM-Debate - - - - 3,275 764 10459097 676% 92 4854

DyLAN 22,152 407 16147,052 1301% 508 6081483 3303522 289% 39 4863

MacNet - - - - 7,522,057 2043600 235% 47 4518
GPTSwarm 21;325266 6369884 702% 129 3105571 788273 Q93% 30 4788
AFlow 33,831,239 29051840 2250% 184 2505944 2151931 166%$ 23 5128
MaAS 3;052 159 2;380,505 3:38% 53 1,311,669 853116 0:42% 19 51:82

Figure 4.The cost analysis of MaAS on MATH benchmark.

automation pipelines are relatively time-consuming, with
DyLAN taking 508 minutes and GPTSwarm takiri?9
minutes. In contrast, the optimization wall-clock time of
MaAS requires onlj63 minutes.

Figure 5.The visualization of MaAS's operator sampling process.

4.4. Case Study
In this section, we explore and visualize the intrinsic mech-

) ) ) anisms of the agentic supernet. Figure 5 showcases the
Cost) MaAS achieves the highest accuracy with an APl apijity distributions of the agentic supernet when faced
cost 0f0:42% demonstrating its high performance and to-

with different queries, and Figure 6 presents the multi-agent

ken economy. Although AgentSquare's API cost is slightlySystems designed by MaAS for queries from the MATH,
lower than MaAS's, this is due to its limitation to a single- 5 a|A and HumanEval benchmarks. We have:

agent search, which severely restricts its performance (re-

sulting in a4% drop compared to MaAS). Table 3 further Obs! MaAS learns to query-aware early exit from the
highlights that MaAS has the lowest prompt/completionréasoning processAs shown in Figure 5, when faced with
token consumption, the lowest API cost, and the shorteghe easy queries (a) and (b), MaAS exits multi-agent archi-
wall-clock time during inference. These advantages can b&ecture sampling at the second layer with probabilities of
attributed to the agentic supernet's ability to dynamically0:37 and0:47, respectively, selecting the early-exit operator.
allocate resources based on the dif culty of the query. ~ Notably, query (b) chose two agentic operators at the rst

Obs., Agentic supernet enjoys superior token economy
during inference. As shown in Figure 4Inference API



