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Abstract

Complex agentic AI systems, powered by a
coordinated ensemble of Large Language Mod-
els (LLMs), tool and memory modules, have
demonstrated remarkable capabilities on intri-
cate, multi-turn tasks. However, this success is
shadowed by prohibitive economic costs and
severe latency, exposing a critical, yet under-
explored, trade-off. We formalize this chal-
lenge as the Agent System Trilemma: the in-
herent tension among achieving state-of-the-
art performance, minimizing monetary cost,
and ensuring rapid task completion. To dis-
mantle this trilemma, we introduce EvoRoute,
a self-evolving model routing paradigm that
transcends static, pre-defined model assign-
ments. Leveraging an ever-expanding knowl-
edge base of prior experience, EvoRoute dy-
namically selects Pareto-optimal LLM back-
bones at each step, balancing accuracy, effi-
ciency, and resource use, while continually re-
fining its own selection policy through envi-
ronment feedback. Experiments on challeng-
ing agentic benchmarks such as GAIA and
BrowseComp+ demonstrate that EvoRoute,
when integrated into off-the-shelf agentic sys-
tems, not only sustains or enhances system per-
formance but also reduces execution cost by up
to 80% and latency by over 70%.

1 Introduction

As Large Language Model (LLM)-powered agents
continue to demonstrate increasingly advanced cog-
nitive capabilities, spanning perception (Driess
et al., 2023; Zheng et al., 2023; Wei et al., 2024),
planning (Zhu et al., 2024; Erdogan et al., 2025),
reasoning (Putta et al., 2024; Masterman et al.,
2024), and action (Li et al., 2024; Yang et al., 2024),
LLM-driven agentic AI systems have achieved re-
markable performance across a range of highly
complex, multi-turn tasks, including machine learn-
ing engineering (Chan et al., 2025), multi-hop in-
formation searching (Mialon et al., 2023), report
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Figure 1: The agent system trilemma. Existing (deep
research) agentic systems excel in certain aspects, yet
none of which can fulfill the three characteristics spon-
taneously.

generation (Chen et al., 2025a), and GitHub issue
repair (Jimenez et al., 2024).

Moving beyond single-agent frameworks, these
agentic systems are distinguished by the coordi-
nated operation of multiple heterogeneous models
(potentially developed by different institutions or
specialized for distinct domains) alongside sophisti-
cated tool invocation workflows and memory mod-
ules (Chen et al., 2025b; Chaudhry et al., 2025).
Prominent recent instances include AgentOrches-
tra (Zhang et al., 2025c) from Skywork AI, which
achieved a state-of-the-art (SOTA) open-source
score of 70%+ on GAIA (Mialon et al., 2023),
and ML-master (Liu et al., 2025), which obtained
29.3% on MLE-Bench (Chan et al., 2025), both
of which involve the utilization of cutting-edge
models (e.g., OpenAI GPT-4.1 (OpenAI), Gemini-
2.5-Pro (Comanici et al., 2025)).

Despite their impressive performance, several
underexplored evaluation dimensions raise con-
cerns about the practical deployment of such sys-
tems. Empirical studies have revealed that certain
general-purpose agentic systems, such as OWL-
Workforce (Hu et al., 2025), which achieved open-
source SOTA on GAIA in June 2025, incur sub-
stantial execution costs, averaging up to $3 per task.
In some cases, even relatively simple queries may
entail up to 40 minutes of execution, despite ulti-
mately arriving at the correct answer. Similarly,
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R&D Agent (Yang et al., 2025) failed to complete
the 75 data science tasks specified by MLE-Bench
within a 24-hour window. In summary, the ♣ effi-
ciency (i.e., task completion speed) and the ♠ cost
(i.e., cumulative expenditure on LLM invocations
and tool usage) of compound agentic systems of-
ten fall short of their promising ♦ performance
metrics, as shown in Figure 1.

To explicitly formalize this challenge, we draw
inspiration from the classical “impossible trin-
ity” theory in economics (Aizenman et al., 2013)
and blockchain (Koutsoupakis, 2021), where it is
deemed infeasible for a system to simultaneously
achieve all three desirable properties (e.g., scalabil-
ity, security, and decentralization in the blockchain
context). Analogously, we propose the Agent Sys-
tem Trilemma to characterize the inherent trade-
offs in complex agentic systems. Specifically, when
functioning as general-purpose AI assistants, such
systems often face an intrinsic tension among three
core objectives: performance (i.e., task success
and accuracy), efficiency (i.e., time or steps re-
quired to complete tasks), and cost (i.e., computa-
tional and monetary resources consumed).

Is it truly impossible to devise an approach ca-
pable of overcoming this trilemma and achieving
a tri-optimal agentic system? We posit that the
answer is affirmative. A particularly promising
direction lies in model routing (Hu et al., 2024a),
i.e., intelligently selecting the most suitable LLM
agent from a pool of candidate models given a task
query. However, existing model routing paradigms
remain insufficient to break the trilemma. The first,
➤ single model routing, i.e., assigning one model
to handle the entire task (Feng et al., 2024; Chen
et al., 2024), works for atomic tasks but struggles
with complex agentic workflows, where sub-tasks
like web browsing, coding, and summarization of-
ten require distinct model capabilities (Chen et al.,
2025b; Frick et al., 2025). The second paradigm,
➤ multi-agent routing, formally defined in (Yue
et al., 2025; Chen et al., 2025b), selects different
models for different agent roles within a multi-
agent system. Although this approach aligns more
closely with the structure of agentic systems, it has
so far been limited to relatively simple, single-step
reasoning scenarios (e.g., math reasoning and code
generation), and relies heavily on large-scale trajec-
tories to model agent behavior, making it ill-suited
for dynamic, multi-turn agentic scenarios.

To confront this trilemma, we introduce
EvoRoute, a tri-optimal, self-evolving model rout-

ing paradigm for general-purpose agentic sys-
tems. Specifically, rather than committing to a
single model or a fixed multi-agent configuration,
EvoRoute operates at the granularity of individual
sub-tasks within a complex workflow. Before ex-
ecuting each step, it dynamically selects the most
judicious LLM by: ❶ retrieval, performing a multi-
faceted retrieval to identify historically analogous
sub-task executions from an evolving knowledge
base; ❷ filtration, distilling a Pareto-optimal set of
candidate models, i.e., those that are not dominated
across the axes of cost, efficiency, and performance;
and ❸ selection, leveraging a lightweight decision
model to make the final selection based on this rich,
context-aware statistical evidence.

The “self-evolving” nature of EvoRoute is real-
ized through a dual-phase operational design: dur-
ing the Optimization Phase, the system engages
in a tree-based exploration, sampling multiple tra-
jectories for a given task to proactively populate
and diversify its knowledge base on model behav-
iors; conversely, during the Inference Phase, it
leverages this accumulated wisdom to pursue a
single, optimized execution path, ensuring rapid
and cost-effective task completion. This adaptive,
experience-driven approach allows EvoRoute to
continuously refine its routing strategy, evolving to-
ward breaking the constraints of the Agent System
Trilemma.

Our contributions can be summarized as follows:

❶ Problem Formulation. We formalize the crit-
ical bottleneck in current agentic systems as
the Agent System Trilemma, an intrinsic trade-
off among performance, cost, and efficiency,
and introduce a viable approach to mitigate
the issue empirically.

❷ Technical Solution. We propose EvoRoute,
a novel self-evolving routing paradigm that
dismantles this trilemma through fine-grained
model selection, which combines multi-
faceted retrieval with Pareto-optimality selec-
tion to make resource-aware model routing.

❸ Empirical Validation. We conduct exten-
sive experiments on five challenging bench-
marks, including GAIA and BrowseComp+,
and demonstrate that EvoRoute can outper-
form vanilla agent systems by up to 10.3%
while incurring only ∼ 20% of the cost and
achieving nearly 3× faster execution.
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2 Related Work

Agentic AI Systems Contemporary multi-agent
systems can be broadly categorized by their level
of automation into three classes: ■ Handcrafted,
where the entire system configuration (e.g., LLM
backbone, prompting strategies, and communica-
tion protocols) is manually specified represented
by AutoGen (Wu et al., 2023), AutoGPT (Richards
and et al., 2023), Camel (Li et al., 2023), and
ChatDev (Qian et al., 2023); ■ Partially Au-
tomated, which automate specific system com-
ponents: for example, AutoAgent (Chen et al.,
2023), LLMSelector (Chen et al., 2025b), and
MasRouter (Yue et al., 2025) automate agent
role assignment; DsPy (Khattab et al., 2023) and
TextGrad (Yuksekgonul et al., 2024) optimize
prompt design; GPTSwarm (Zhuge et al., 2024)
and G-Designer (Zhang et al., 2024a) adaptively
construct inter-agent topologies; ■ Fully Auto-
mated, where all modules within the system are au-
tonomously designed and evolved (Hu et al., 2024b;
Zhang et al., 2024b, 2025b; Wu et al., 2025; Nie
et al., 2025; Gao et al., 2025; Zhang et al., 2025a).

LLM & Agent Routing Leveraging multiple
models via intelligent routing has emerged as a cen-
tral paradigm in modern AI and ML, aiming to ex-
ploit complementary model capabilities to enhance
task performance while potentially optimizing com-
putational costs (Srivatsa et al., 2024). Router-
based approaches, which constitute the primary
focus of this work, learn to assign each query to the
most appropriate model (Hu et al., 2024a). Clas-
sical approaches can be categorized as: (I) neural
network-based routers trained on performance or
cost signals, including LLM-Blender, which aggre-
gates outputs from top-k models selected via pair-
wise comparisons (Jiang et al., 2023), ZOOTER,
which enhances router training with reward-guided,
tag-based label augmentation (Lu et al., 2023),
and others (Ong et al., 2024; Feng et al., 2024;
Zhang et al., 2025d); (II) cluster-based methods,
including UniRoute (Jitkrittum et al., 2025), BEST-
Route (Ding et al., 2025), Avengers (Zhang et al.,
2025e) and also the baselines introduced in Router-
Bench (Hu et al., 2024a). Despite their success,
these methods predominantly focus on single-turn
responses and are evaluated on relatively simple
benchmarks (e.g., Chatbot Arena (Chiang et al.,
2024), MATH (Hendrycks et al., 2021)), and they
have yet to achieve fine-grained routing in more
complex scenarios such as deep research tasks.

3 Preliminary
In this section, we provide a general definition of
LLM-based agentic AI systems and their opera-
tional workflow, and then formally define the ob-
jective of the model routing within this context.
Notations. We consider a complex agentic AI
system,M, designed to resolve a user-issued query
Q through a multi-step workflow, which is typi-
cally composed of a set of specialized agents or
roles, I = {1, 2, . . . , N}, which operate sequen-
tially under a turn-based protocol where a sched-
uler determines the active agent at each time step.
The workflow can involve a series of actions rang-
ing from task decomposition to the execution of
specific sub-tasks, formally defined as:

M =
〈
I,L, ϕ,S, T ,A,Ψ, µ,Q

〉
, (1)

where I = {1, 2, . . . , N} denotes the set of agent
roles (e.g., web-browser, coder), and L represents
the pool of available LLM backbones. Each agent
i ∈ I is statically assigned an LLM via a mapping
ϕ : I → L. The system state is maintained in
S, typically implemented as a shared memory or
scratchpad. The agentic workflow may invoke a set
of external tools T , such as code interpreters (Dong
et al., 2023) or web search APIs (Jimenez et al.,
2024). The full action space A includes both natu-
ral language actions and tool invocations, formally
A = Alang ∪ {use_tool(T, args) | T ∈ T }. The
transition dynamics of the system are governed by
Ψ(st+1 | st, at), while the scheduler µ(t) ∈ I
selects the active agent at each time step t.

At each step t, the active agent i = µ(t) gener-
ates an action at. This action is produced by its
policy πi, which is instantiated by its designated
LLM, ϕ(i) ∈ L. The policy takes into account
the current state st, the overall query Q, and the
relevant interaction historyHt:

at ∼ πi(st,Ht,Q), i = µ(t), πi ← ϕ(i). (2)

The full execution trajectory of the system is thus a
sequence of states and actions:

τ = (s0, a0, s1, a1, . . . , sT ), (3)

where T is the terminal step. The final answer
to query Q is synthesized from the information
aggregated throughout this trajectory τ .

A critical and often implicit characteristic of
these established agentic systems is that the
agent-to-model mapping, ϕ, is static and human-
predefined. For instance, a Web-Browser agent
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Figure 2: The overview of our proposed EvoRoute.

is hard-coded to use GPT-4o in OWL-Workforce,
and o3-mini for a planner agent. Other main-
stream frameworks also follow similar patterns, in-
cluding Microsoft’s Magentic-one (Fourney et al.,
2024), Skywork AI’s AgentOrchestra (Zhang et al.,
2025c), Bytedance’s AIME (Shi et al., 2025b), and
Tencent’s CK-Pro (Fang et al., 2025). This rigid
design choice, while straightforward, lacks adapt-
ability and fails to account for the varying difficulty
and nature of sub-tasks.

Objective Formulation. This paper is dedicated
to transcending the limitations of a static agent-
to-model mapping by learning a dynamic routing
policy, ρ∗, that optimally navigates the Agent Sys-
tem Trilemma. We formulate this as the following
multi-objective optimization problem:

ρ∗ = argmax
ρ

(Eτ∼ρ[P(τ)],−Eτ∼ρ[C(τ)],−Eτ∼ρ[D(τ)]),

(4)

where ρ is the dynamic routing policy that selects
an LLM lt ∈ L for the active agent at each step t.
The expectation Eτ∼ρ is taken over the distribution
of execution trajectories τ generated under this
policy. For each trajectory, we measure three key
metrics: ♦ performance P(τ), the task success
score; ♠ cost C(τ), the cumulative monetary and
computational expenditure; and ♣ efficiency D(τ),
the total wall-clock execution time. The pursuit
of ρ∗ is therefore equivalent to finding a Pareto-
optimal solution that maximizes performance while
concurrently minimizing cost and delay.

4 Methodology
4.1 Self-Evolving Experience Base
As shown in Figure 2, the cornerstone of
EvoRoute’s adaptive intelligence lies in its ability
to accumulate and leverage past experience. This

is enabled by a self-evolving experience base, de-
noted asK, which meticulously logs execution data
at the step level. We leverage an exploration strat-
egy to address the cold start issue ofK, with details
in Section A. Upon the completion of an agentic
workflow for a query Q, the resulting trajectory
τ = (s0, a0, . . . , sT ) is retrospectively dissected.
For each step t ∈ {0, . . . , T − 1}, we extract and
persist a detailed record Rt that encapsulates the
full context and outcome of that specific action.
Formally, each recordRt is a structured tuple con-
taining multi-faceted information essential for nav-
igating the trilemma:

Rt = ⟨it, lt, qt, et, Tt, ct, dt, σt,P(τ)⟩, (5)

where it = µ(t) ∈ I denotes the identifier of
the active agent role (e.g., coder or coordinator),
while lt ∈ L specifies the particular LLM back-
bone selected for that role at step t. The ele-
ment qt represents the natural language sub-task
instruction provided to the agent, and its embed-
ding et = Embed(qt) is used for semantic sim-
ilarity retrieval. Tt ⊆ T is the subset of tools
invoked in the action at, with Tt = ∅ if no tools
are used. The terms ct and dt denote the monetary
cost and wall-clock duration incurred during this
step, respectively. σt ∈ {0, 1} is a binary indica-
tor of execution success (e.g., whether a tool call
executed without error), and P(τ) is the task-level
success rate, linking the contribution of step t to
the global task outcome.

After each full task execution, the knowledge
base K is dynamically updated by appending all
newly generated records:

K ← K ∪ {Rt}T−1
t=0 . (6)
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This granular, step-wise logging ensures that K
evolves into a rich repository capturing the nuanced
interplay between sub-task characteristics, model
choices, and their resultant impact on performance,
cost, and efficiency. This accumulated empirical
knowledge forms the foundation for the subsequent
retrieval and selection stages.

4.2 Multi-Faceted Retrieval
With the knowledge base K established, the first
active stage of EvoRoute is to retrieve a diverse
set of historically analogous records when a new
sub-task arises. Given a new sub-task at step t′,
characterized by the active agent it′ = µ(t′) and its
instruction qt′ , our goal is to gather a comprehen-
sive candidate set Kcand ⊆ K. Instead of enforc-
ing a strict intersection of criteria, our approach
aggregates records that match on at least one of
three key facets: agent role, semantic similarity, or
tool-use profile. This disjunctive strategy ensures
a broad and varied pool of evidence for the subse-
quent decision-making process. Formally, the final
candidate set Kcand is constructed as the union of
three independently retrieved subsets:

Kcand = Kagent ∪ Ksem ∪ Ktool, (7)

where each subset is retrieved based on a distinct
relevance facet:
➤ Agent Role Matching identifies all historical
steps performed by the same agent role, capturing
functionally equivalent precedents.

Kagent = {Rt ∈ K | it = it′} (8)

➤ Semantic Similarity Retrieval retrieves records
of sub-tasks that are semantically close to the cur-
rent one qt′ . Using a pre-trained sentence encoder
Embed(·) and a similarity metric (e.g., cosine simi-
larity), we select all records whose instruction em-
beddings et surpass a threshold θsim:

Ksem = {Rt ∈ K | sim(Embed(qt′), et) ≥ θsim}, (9)

where Embed(·) is implemented via
MiniLM (Wang et al., 2020) and sim(·, ·)
adopts cosine similarity.
➤Tool Congruence Retrieval gathers records
based on operational similarity, targeting sub-tasks
that likely require similar tool interactions. This
facet is specifically designed for instructions qt′

where tool usage is anticipated. We first employ a
lightweight prediction function, PredictTools(qt′)
(whose implementation is detailed in Section B), to

analyze the instruction and infer a set of probable
tools, denoted as T ′

pred. A historical record Rt is
then retrieved if its set of invoked tools, Tt, has a
non-empty intersection with this predicted set:

Ktool = {Rt ∈ K | Tt ∩ PredictTools(qt′) ̸= ∅}. (10)

By taking the union of these three sets, EvoRoute
assembles a rich and multi-dimensional collection
of precedents, Kcand. This set forms the empiri-
cal foundation for the subsequent filtration stage,
where we will derive model-specific statistics and
identify the Pareto-optimal frontier.

4.3 Pareto-Optimal Filtration and Selection

Having retrieved a candidate set of historical
records Kcand, the final stage of EvoRoute distills
this empirical evidence into a decisive action. The
process begins by identifying the unique LLMs,
Lcand = {lt | Rt ∈ Kcand}, that have appeared
in the retrieved records. For each candidate LLM
l ∈ Lcand, we compute its aggregated trilemma
metrics by averaging over the relevant subset of
records Kcand(l) = {Rt ∈ Kcand | lt = l}.
This yields a statistical profile (P̂(l), Ĉ(l), D̂(l)),
where P̂(l) =

∑
Rt∈Kcand(l)

P(τ) · σt/|Kcand(l)|,
Ĉ(l) =

∑
Rt∈Kcand(l)

ct/|Kcand(l)|, and D̂(l) =∑
Rt∈Kcand(l)

dt/|Kcand(l)|. Subsequently, we per-
form Pareto filtration. An LLM l is considered
dominated if another LLM l′ exists that is supe-
rior or equal on all three axes (higher performance,
lower cost, lower duration) and strictly superior on
at least one. By retaining only the non-dominated
models, we form the Pareto-optimal set, Lpareto.

A purely greedy selection from Lpareto would sti-
fle exploration. To address this, we employ Thomp-
son sampling (Russo et al., 2020). We treat each
of the three trilemma metrics as a continuous vari-
able drawn from a Normal distribution and model
the uncertainty over its mean and variance using a
Normal-Inverse-Gamma (NIG) conjugate prior.

For each model l ∈ Lpareto, we dynamically
construct its posterior distributions based on the
retrieved evidence in Kcand(l). We first com-
pute the sample statistics for each metric m ∈
{P,C,D}: the count nl, the sample mean x̄m,l,
and the sample variance s2m,l. These statis-
tics are used to parameterize the NIG posteriors,
NIG(µm,l, νm,l, αm,l, βm,l), where µm,l = x̄m,l,
νm,l = nl, αm,l = nl/2, and βm,l = (nl −
1)s2m,l/2, assuming uninformative priors. At deci-
sion time, we draw one sample from each model’s
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Table 1: Performance comparison on the GAIA and BrowseComp+ benchmarks against both manual and routing-
based baselines. For GAIA, results are reported separately for each level, which are defined according to the
difficulty of queries by the original benchmark.

Setting LLM
GAIA (All levels) Level 1 Level 2 Level 3 BrowseComp+

Perf.(%) Cost($) Delay(h) Perf.(%) Cost($) Delay(h) Perf.(%) Cost($) Delay(h) Perf.(%) Cost($) Delay(h) Perf.(%) Cost($) Delay(h)

C
K

-P
ro

Qwen3-14b 10.91 4.16 24.67 16.77 1.06 6.23 10.34 2.58 14.90 0.00 0.52 3.54 6.50 12.50 6.80

Claude-4 58.28 359.32 45.14 67.92 96.46 6.83 58.14 192.64 25.35 37.50 70.22 12.96 33.50 220.50 20.15

GPT-4o 42.42 82.86 35.43 59.91 27.56 7.35 39.22 43.86 21.50 15.26 11.44 6.58 24.28 113.46 9.43
Manual

GPT-4.1 48.48 61.84 23.04 56.29 16.96 7.46 49.73 35.26 10.87 26.77 9.62 4.71 31.44 185.01 18.69

PromptLLM 47.88 128.15 57.70 58.91 31.27 10.88 47.65 80.24 30.93 24.39 16.64 15.89 26.87 133.22 17.27

GraphRouter 46.67 116.10 53.32 58.13 28.50 10.20 46.23 72.10 28.90 22.94 15.50 14.22 27.90 125.80 16.90Routing

MasRouter 53.50 120.15 52.95 67.92 27.80 9.80 49.74 77.40 28.15 23.51 14.95 15.00 28.50 128.90 17.10

Ours EvoRoute 63.19 85.40 38.75 83.02 26.50 6.10 59.30 33.60 18.30 33.33 25.30 14.35 38.72 79.30 10.33

Sm
ol

ag
en

t

Qwen3-14b 11.52 0.82 8.60 15.35 0.30 3.00 4.73 0.42 1.20 27.39 0.10 4.40 5.80 1.95 4.25

Claude-4 46.06 76.90 29.10 56.26 21.20 12.80 46.23 41.60 14.50 22.94 14.10 1.80 28.20 85.60 16.50Manual

GPT-4.1 39.39 18.10 7.90 55.00 5.70 3.20 36.30 8.90 2.60 16.01 3.50 2.10 25.50 58.20 11.20

PromptLLM 40.00 17.50 12.20 49.80 4.10 6.50 40.92 8.90 3.80 15.04 4.50 1.90 23.10 45.80 10.80

GraphRouter 38.79 15.70 11.30 47.95 3.70 6.00 39.78 8.00 3.50 15.03 4.00 1.80 24.20 42.50 10.50Routing

MasRouter 40.61 17.00 12.30 49.82 4.00 6.80 42.07 8.50 3.70 15.04 4.50 1.80 24.80 44.10 10.90

Ours EvoRoute 56.36 15.60 8.90 73.91 3.70 2.90 53.73 6.20 4.80 27.04 5.70 1.20 32.50 25.50 9.80

full posterior for each metric to generate a stochas-
tic realization of its utility. The model l∗ with the
highest sampled utility is selected:

For each l ∈ Lpareto and each metric m ∈ {P,C,D} :

(µ̃m,l, σ̃
2
m,l) ∼ NIG(µm,l, νm,l, αm,l, βm,l)

x̃m,l ∼ N (µ̃m,l, σ̃
2
m,l),

U ′(l) = wp · x̃P,l − wc · x̃C,l − wd · x̃D,l

l∗ = argmax
l∈Lpareto

(
U ′(l)

)
,

(11)

where the weights (wp, wc, wd) reflect the desired
trilemma trade-off.

Crucially, this selection is not the end of the
process. Once the agent powered by l∗ completes
its action, the observed outcome is logged back
into the knowledge base K. This closes the feed-
back loop, ensuring that every decision and its out-
come contribute to the system’s ever-improving
wisdom, thereby realizing the self-evolving nature
of EvoRoute.

5 Experiment
5.1 Experiment Setup
Frameworks. We select three representative
agent frameworks, ordered by increasing architec-
tural complexity: ❶ ReAct (Yao et al., 2023), a
single-agent architecture that iteratively alternates
between “observation–action–reasoning”; ❷ Smo-
lagents1, a dual-agent framework comprising a
manager agent and a tool agent; and ❸ Cognitive

1https://github.com/huggingface/smolagents

Kernel-Pro (Fang et al., 2025) by Tencent, which
achieved open-source SOTA on GAIA in August
2025 and features a hierarchical multi-agent struc-
ture (e.g., main agent, web agent, and file agent.)

Baselines. We compare against two main cate-
gories of baselines: (i) manual setting, which
includes each framework’s original predefined
LLM configuration as well as manually spec-
ified setups (e.g., uniformly using gpt-4.1 or
Gemini-2.5-pro). The choice of manually as-
signed LLMs may vary across frameworks depend-
ing on compatibility requirements. (ii) model rout-
ing, encompassing SOTA routing methods like
PromptLLM (Feng et al., 2024), MasRouter (Yue
et al., 2025), and GraphRouter (Feng et al., 2024)2.

Method Configurations. We fill our
LLM pool L with models of varing
prices and sizes: {Qwen-14b, GPT-4.1,
GPT-4o, Claude-4-Sonnet ((Claude-4)),
Gemini-2.5-Flash, Gemini-2.5-Pro}. The
model prices are listed in Section C.

Parameter Configurations. For our multi-
faceted retrieval, we set the semantic similarity
threshold θsim to 0.85 to balance retrieval recall and
precision. In the selection stage, we leverage unin-
formative NIG priors (ν0 = 0, α0 = 0.5, β0 = 0)
for each metric. The final selection is guided by a
utility function with manually configured weights

2Our code will be available at https://github.com/
bingreeky/evo-route.
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Table 2: Performance comparison on HotpotQA, DS-1000 and DDXPlus benchmarks.

Setting Method/Model
DS-1000 HotpotQA DDXPlus Avg.

Perf. Cost$ Delay(h) Perf. Cost$ Delay(h) Perf. Cost$ Delay(h) Perf. Cost$ Delay(h)

GPT-4o 41.40 54.00 12.32 83.84 391.98 67.29 57.58 135.10 34.31 60.94 581.08 113.92

GPT-4.1 29.40 49.59 12.01 87.00 213.22 78.77 55.30 89.82 21.95 57.23 352.63 112.73

Gemini-2.5-pro 54.30 68.33 16.17 87.40 343.43 79.18 81.10 109.85 27.65 74.27 521.61 123.00
Manual

Qwen3-14b 38.20 12.68 10.86 81.40 22.96 35.52 41.26 14.16 31.67 53.62 49.80 78.05

PromptLLM 52.00 26.66 11.09 85.20 47.02 62.46 60.07 127.05 26.88 65.76 200.73 100.43

GraphRouter 52.80 24.50 11.50 86.10 64.80 61.80 62.50 119.50 27.50 67.13 208.80 100.80Routing

MasRouter 53.50 25.10 11.80 88.50 59.50 53.10 73.10 92.38 32.30 71.70 176.98 97.20

Ours EvoRoute 56.50 23.50 11.20 87.80 49.10 60.50 79.50 65.80 20.53 74.60 138.40 92.23

(wp, wc, wd) = (1.0, 0.1, 0.05), which prioritizes
performance while still penalizing cost and delay.

Benchmark and Evaluations. We evaluate our
approach on five benchmarks. Two are deep re-
search benchmarks: GAIA (Mialon et al., 2023),
a widely used general-purpose agentic benchmark
that assesses capabilities such as file reading, web
browsing, and coding, and is divided into three
tiers based on difficulty; and BrowseComp+ (Chen
et al., 2025c), an enhanced version of OpenAI’s
BrowseComp (Wei et al., 2025) that corrects erro-
neous cases and provides more stable evaluations.
The remaining three are from StreamBench (Wu
et al., 2024): DS-1000 (Lai et al., 2022) for data sci-
ence tasks, HotpotQA (Yang et al., 2018) for web
search, and DDXPlus (Tchango et al., 2022) for
medical reasoning. The statistics of above datasets
are placed in Section D.

5.2 Main Results
Tables 1 and 2 present the comparison of
EvoRoute against different baselines across three
key dimensions: performance, cost, and latency.
Figure 3 further illustrates a radar visualization of
results across different levels of GAIA. Our main
findings are summarized as follows.

Existing Agent Systems Grapple with the
Performance-Efficiency-Economy Trilemma.
Our empirical analysis reveals that contemporary
agentic systems fundamentally struggle to recon-
cile performance, cost, and latency. Achieving
state-of-the-art performance typically incurs exor-
bitant costs and significant delays. For instance,
using the powerful Gemini-2.5-Pro+ReAct
achieves a leading 74.27% average performance,
but at a prohibitive cost of $521.61 and a delay
of 123 hours, as shown in Table 2. Similarly,
Claude-4+CK-Pro reaches a strong 55.15% on
GAIA, yet demands an unsustainable $359.32

Performance
(higher ↑)

Cost
(lower ↑)

Delay
(lower ↑)

Performance
(higher ↑)

Cost
(lower ↑)

Delay
(lower ↑)

Performance
(higher ↑)

Cost
(lower ↑)

Delay
(lower ↑)

Performance
(higher ↑)

Cost
(lower ↑)

Delay
(lower ↑)

GAIA 
All

GAIA 
Level2

GAIA 
Level3

GAIA
Level 3

Figure 3: Comparative analysis across three key met-
rics: performance, cost, and delay, on all subsets of
GAIA. All metrics are globally normalized, and values
for cost/delay are inverted, such that a larger enclosed
area signifies better economy/efficiency.

(Table 1). Conversely, opting for economical
models like Qwen3-14b+CK-Pro drastically
reduces cost to just $4.16, but at the expense
of a sharp performance drop to 10.91%. While
existing SOTA routing methods like MasRouter
offer some mitigation (achieving 71.70% average
performance for $176.98), they provide only
incremental improvements. These methods still
lag behind top-performing models in accuracy and
fail to fundamentally break the trade-off.

EvoRoute Effectively Alleviates the Trilemma.
In contrast, EvoRoute demonstrates a remark-
able ability to navigate the trilemma, consistently
achieving state-of-the-art performance while sub-
stantially reducing cost and latency. Integrated with
CK-Pro, it surpasses the strong Claude-4 base-
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Figure 4: LLM selection distribution of EvoRoute +CK-
Pro across different agent roles.

line on GAIA (63.18% vs. 58.28%), cuts oper-
ational costs by over 76% ($85.40 vs. $359.32),
and maintains comparable latency. On BrowseC-
omp+, it similarly outperforms Claude-4 (38.72%
vs. 33.50%) at under 36% of the cost ($79.30
vs. $220.50) and roughly half the latency (10.33h
vs. 20.15h). Across all tested configurations
(Table 2), EvoRoute achieves the highest aver-
age performance (74.60%), slightly exceeding
Gemini-2.5-Pro (74.27%), while incurring only
26% of the cost ($138.40 vs. $521.61) and reduc-
ing latency by 25% (92.23h vs. 123.00h). These
results firmly establish EvoRoute as an effective
solution to the agent system trilemma.

5.3 Framework Analysis
Visualization. We analyze EvoRoute’s LLM se-
lection across agent roles on CK-Pro+GAIA (Fig-
ure 4). The results indicate that model allocation
aligns with sub-task complexity: cognitively de-
manding tasks handled by the Plan Agent favor
high-capability models (Gemini-2.5-Pro 37.4%,
Claude-4 13.4%), whereas simpler, operational
tasks of the File Agent predominantly use cost-
efficient models (Qwen3-14B 25.79%), with pre-
mium models like Gemini-2.5-Pro and Claude-4
dropping to 10.06% and 7.13%. This shows that
EvoRoute strategically reserves its most powerful
(and expensive) models for critical reasoning, while
employing efficient models for routine sub-tasks.

Ablation Study We performed an ablation study
on GAIA Level 1 to validate our core components
(Table 3). We evaluate four variants: w/o K cold
start (starting with an empty knowledge base), w/o

Table 3: Ablation study of four variants, each disabling
a key component (tested on GAIA Level 1).

Method Variant Perf. (%) Cost ($) Delay (h)

EvoRoute (Full Model) 83.02 26.50 6.10

w/o K cold start 69.81 (-13.21) 29.50 6.30

w/o Multi-Faceted Retrieval 71.70 (-11.22) 32.10 6.95

w/o Thompson Sampling 76.50 (-6.52) 29.80 6.40

w/o Pareto Filtration 81.50 (-1.52) 28.20 6.35

Multi-Faceted Retrieval (using only semantic sim-
ilarity), w/o Thompson Sampling (using a greedy
policy), and w/o Pareto Filtration (omitting model
pruning). The absence of a bootstrapped knowl-
edge base is the most detrimental, causing perfor-
mance to plummet by 13.21% ↓. Disabling the
multi-faceted retrieval is nearly as damaging, re-
sulting in an 11.22% performance decrease and in-
curring the highest cost ($32.10) and delay (6.95 h)
among all variants. Furthermore, replacing Thomp-
son sampling with a greedy policy reduces perfor-
mance by 6.52%, while omitting Pareto filtration
yields a smaller 1.52% drop, confirming that both
principled exploration and efficiency-focused prun-
ing are vital to the system’s overall effectiveness.
Architectural Overhead on Simpler Tasks.
One may note that, in Section 5.2, ReAct is eval-
uated on simpler tasks (DS-1000, HotpotQA),
while Smolagent and CK-Pro are reserved for
GAIA and BrowseComp+. This reflects a prac-
tical observation: deploying more complex frame-
works on simple tasks can be counterproduc-
tive. For example, we initially discover that
Gemini-2.5-Pro+Smolagent scored only 31.7%
on DS-1000, below the 38.2% of the simpler
Qwen3-14b+ReAct. Trace analysis suggests that
Smolagent’s features (e.g., web search and high-
level planning) introduce overhead by overcompli-
cating tasks solvable with a single LLM I/O. We
term this “architectural overfitting,” where struc-
tural complexity and specialized tools hinder rather
than help. This highlights that, the optimal agent
architecture should match the task’s intrinsic com-
plexity, not its maximal sophistication.

6 Conclusion
In this work, we introduced EvoRoute, a dynamic
model routing framework designed to systemati-
cally address the agent system trilemma. Our exper-
iments on challenging benchmarks like GAIA and
BrowseComp+ empirically validate this paradigm,
delivering substantial reductions in monetary cost
(up to 80%) and latency (over 70%) without com-
promising task success. Ultimately, EvoRoute rep-
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resents a crucial step towards making powerful
agentic AI systems more practical, scalable, and
economically viable for real-world deployment.

Limitation & Ethical Concerns

Our evaluation focuses on CK-Pro and Smolagent
and does not select other deep-research frameworks
such as OWL, Agent-Orchestra, or AIME. Given
the proliferation of deep research systems and their
broadly similar architectural paradigms—typically
consisting of a central coordinator supported by
multiple specialized sub-agents—we believe our
experiments already capture a representative spec-
trum of agentic systems from simple to complex.
Moreover, the substantial token costs associated
with these systems (as shown in Table 1) make
exhaustive large-scale benchmarking impractical.
Regarding ethical considerations, since our study
relies exclusively on standard public benchmarks
and widely used open frameworks, we identify no
immediate ethical risks associated with this work.
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A Cold Start Issue

A fundamental challenge for any experience-based
system is the “cold start” issue: the experience
base, K, is initially empty (tabula rasa), rendering
the retrieval and routing mechanisms ineffective as
they have no prior data upon which to base their de-
cisions. To address this, we implement a dedicated
exploration strategy designed to populate K with
a diverse and informative set of initial experiences
before the system is deployed for operational use.

We leverage a curated set of 50 agentic tasks
from the TaskCraft dataset (Shi et al., 2025a). For
each of these 50 tasks, we execute both the Smola-
gent and CK-Pro frameworks from start to finish.
We employ a stochastic exploration policy to max-
imize the diversity of the collected data. Specifi-
cally, at each step t of a task’s execution, the LLM
backbone lt for the active agent it = µ(t) is se-
lected via uniform random sampling from the entire
pool of available models L. Formally, the selection
is made as follows:

lt ∼ U(L), (12)

where U(L) denotes the uniform distribution over
the discrete set of LLM backbones.

Upon the completion of each of the 50 tasks, the
full execution trajectory τ is processed as described
in our main methodology. The complete set of
step-wise records {Rt}T−1

t=0 is extracted and used
to populate the initially empty experience base K.

We further emphasize that the cold-start process
is not costly: it required only $28.8 and approxi-
mately 3.6 hours to complete, yielding around 480
step-level records that provide a sufficiently infor-
mative prior. Overall, this initialization overhead
remains modest.

B Tool Prediction Function

The tool prediction function PredictTools(qt)
employs a two-stage hybrid strategy to balance
predictive accuracy with minimal computational
overhead. Initially, the function performs a
near-instantaneous heuristic check, using a prede-
fined dictionary to map explicit trigger keywords
(e.g., “search” for web_search; “run”, “plot” for
code_interpreter) to their corresponding tools.
This handles the majority of clear-cut cases with
zero latency or API cost. If, and only if, this initial
heuristic fails to find a match, the function escalates
to a more powerful fallback: a single API call to a
cheap and effective LLM (practically, Qwen3-14b).
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This model is prompted in a zero-shot manner to
analyze the instruction’s semantics and identify the
necessary tools from the available set.

C Model Price

Table 4: The pool of LLM backbones (L) used in our
experiments, along with their respective pricing per one
million tokens. The models were selected to cover a
diverse range of capabilities and operational costs.

Model Input Price
($/M)

Output Price
($/M)

Gemini-2.5-Flash $0.3 $2.5
Qwen3-14B $0.05 $0.22
Claude-4 $3.00 $15.00
GPT-4o $2.50 $10.00
Gemini-2.5-Pro $1.25 $10.00
GPT-4.1 $2.00 $8.00

D Dataset Details

The GAIA benchmark (Mialon et al., 2023) of-
fers a broad evaluation suite for general-purpose
AI assistants, comprising 165 tasks systemati-
cally organized into three difficulty tiers: 53 basic
tasks (Level 1), 86 intermediate tasks (Level 2),
and 26 advanced tasks (Level 3). The BrowseC-
omp+ benchmark includes 830 evaluation in-
stances, while DS-1000 consists of 1,000 tasks.
HotpotQA contains 7,405 queries. For DDXPlus,
originally comprising approximately 130K sam-
ples, we randomly subsample 1,000 instances for
evaluation.

E Use of AI Assistants

We employed AI-based tools, including large
language models, to support various stages of
manuscript preparation. These tools were used
for language polishing, improving clarity and read-
ability, formatting references, and generating visu-
alizations.
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