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ABSTRACT
The rapid growth of large language model (LLM) deployments has made cost-efficient serving systems essential.
Recent efforts to enhance system cost-efficiency adopt two main perspectives: (i) An algorithmic perspective that
exploits heterogeneous model capabilities to route simpler queries to lower-cost models and complex queries
to higher-cost models (i.e., heterogeneous model routing); and (ii) a systems perspective that utilizes heteroge-
neous GPU resources as cost-effective alternatives to homogeneous high-end GPUs (i.e., heterogeneous model
deployment). However, algorithm-system co-design for cost-efficient LLM serving necessitates sophisticated
management: (i) Determining optimal routing strategies under latency and quality requirements, (ii) configuring
model deployment across heterogeneous GPUs with appropriate resource allocation and parallelism strategies,
and (iii) co-optimizing routing and deployment decisions to maximize overall system performance. To address
these challenges, we present BOUTE, a quality-aware scheduling system that jointly exploits heterogeneous model
and GPU capabilities for cost-efficient LLM serving. BOUTE employs a multi-objective Bayesian optimization
(MOBO) framework to co-optimize the routing strategy and model deployment, thereby maximizing the cost-
efficiency of the serving system while guaranteeing response quality. Evaluation results demonstrate that BOUTE
outperforms state-of-the-art LLM serving systems by up to 157% and 59% on average under identical cost budgets
and quality requirements, or reducing serving costs by 15%-61% (38% on average) while maintaining the same
performance targets, validating its effectiveness in achieving cost-efficient LLM serving.

1 INTRODUCTION

Large language models (LLMs) such as Llama-3 (Dubey
et al., 2024), DeepSeek-R1 (Guo et al., 2025), Claude (An-
thropic, 2025), Gemini (Comanici et al., 2025), and GPT-
5 (OpenAI, 2025) have demonstrated outstanding perfor-
mance across diverse real-world applications, including
chatbots, healthcare, and education, profoundly influenc-
ing human lives (Jeon & Lee, 2023; Peng et al., 2023;
GitHub, 2024). However, LLM serving incurs substantial
costs (Jiang et al., 2025a; Miao et al., 2024), as it demands
significant computational resources (e.g., GPUs) to satisfy
latency and quality requirements. Consequently, how to
achieve cost-efficient LLM serving is a timely and essential
topic for service providers.

Typically, when a user query arrives, service providers must
make two essential decisions during the serving process:
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(i) which model should process the query (depending on
query complexity and model capability) and (ii) how to de-
ploy each model across available GPU resources (through
resource allocation and parallelism strategies). The ulti-
mate objective of jointly optimizing these two decisions
is to achieve cost-efficient LLM serving while maintain-
ing stringent latency and quality requirements. In this
work, we explore heterogeneous model routing (Ong et al.,
2024; Ding et al., 2024) and heterogeneous model deploy-
ment (Jiang et al., 2025b; Mei et al., 2025) to leverage the
diverse capabilities of heterogeneous models and GPU re-
sources, thereby enhancing cost-efficiency in LLM serving.

Heterogeneous model routing is a serving paradigm that dy-
namically assigns incoming queries to the most appropriate
model based on predicted response quality requirements. In
this approach, a router evaluates each query, and makes a
routing decision in a single forward pass (Ong et al., 2024;
Ding et al., 2024). Queries deemed easy or low-stakes are
directed to smaller, more efficient models, while those iden-
tified as difficult or high-stakes are routed to larger, more ca-
pable models. By aligning query requirements with model
capabilities while satisfying latency and quality require-
ments, this paradigm enables cost-efficient serving without
compromising response quality. Several recent studies (Hu
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et al., 2024; Chuang et al., 2024; Varangot-Reille et al.,
2025; Panda et al., 2025) have focused on cost-efficient
LLM serving using heterogeneous model routing.

Recent efforts (Jiang et al., 2025a; Griggs et al., 2024; Mao
et al., 2025; Mei et al., 2025) have also proposed leverag-
ing heterogeneous GPU resources for cost-efficient LLM
serving (i.e., heterogeneous model deployment). Unlike
traditional homogeneous LLM deployments that rely exclu-
sively on high-end GPUs (e.g., H100), this paradigm utilizes
a mixture of GPU types, ranging from premium GPUs to
more economical alternatives (e.g., RTX 5090), to create a
cost-effective serving infrastructure.

As the heterogeneity exists in both models and hardwares,
we observe that heterogeneous model deployment naturally
complements heterogeneous model routing. In particular,
in a routing system, since different models exhibit vary-
ing resource demands (e.g., compute requirements, mem-
ory footprints, and bandwidth utilization), it is intuitive to
leverage different types of GPUs tailored to each model’s
characteristics (Jiang et al., 2025a; Griggs et al., 2024). We
present a detailed workload characterization in §3.

Algorithm-system co-design is necessary for heterogeneous
model routing (algorithm) and deployment (system). This
is due to the bidirectional dependence between these two
components: First, routing decisions shape the system load
distribution (e.g., request arrival rates) across heterogeneous
models, directly influencing optimal model deployment
strategies. Conversely, deployment configurations deter-
mine the system latency achievable by each model, which
in turn impact routing decisions. Therefore, achieving an
efficient, quality-guaranteed serving system necessitates the
joint optimization of routing strategy and model deployment.
However, realizing such co-optimization in practice proves
much harder to implement than to propose:

• Effective model routing. Determining an optimal routing
strategy requires balancing two competing objectives: sys-
tem response latency and quality. This decision is further
complicated when leveraging heterogeneous resources for
serving, where different LLMs on different GPU types
exhibit varying system latency, making routing decisions
inherently dependent on model deployment.

• Efficient model deployment. Different GPU types have
distinct characteristics (e.g., compute capability, mem-
ory bandwidth, memory capacity), and different LLMs
favor different allocations and parallelisms (e.g., data, ten-
sor, pipeline parallelism). This makes model deployment
optimization on heterogeneous GPU clusters a complex
problem. Co-designing with model routing amplifies this
complexity, as routing decisions determine cross-model
system loads that influence optimal model deployment.

• Algorithm-system co-design. The mutual dependencies

between routing and deployment create a challenging
circular optimization problem. On the one hand, deter-
mining the optimal routing strategy requires knowing the
latency and quality characteristics of a given model de-
ployment. On the other hand, selecting the optimal model
deployment requires knowing the system load distribution
shaped by the routing strategy. This interdependence im-
plies that optimizing routing and deployment in isolation
leads to suboptimal system performance.

In order to overcome these challenges, we propose BOUTE,
a quality-aware scheduling system that jointly exploits het-
erogeneous model and GPU capabilities for cost-efficient
LLM serving. Our contributions are summarized as follow:

Contribution 1: We systematically characterize the system
workload by exploring how co-designing routing and de-
ployment impacts system performance, and demonstrate
that heterogeneous model deployment naturally comple-
ments heterogeneous model routing: matching the resource
demands of different LLMs to appropriate GPU types can
substantially improve system efficiency.

Contribution 2: We formulate the scheduling problem of
routing and deployment across heterogeneous models and
resources as a constraint optimization problem. To solve this
problem efficiently, we propose a multi-objective Bayesian
optimization (MOBO) framework to co-optimize routing
strategy and model deployment. Specifically, given latency
and quality objectives, the MOBO framework identifies
Pareto-optimal solutions on the latency-quality frontier, en-
abling service providers to select deployments that best
satisfy their performance requirements.

Contribution 3: We implement BOUTE and conduct exper-
iments across diverse LLM tasks and quality requirements.
Compared to state-of-the-art LLM serving systems, BOUTE
achieves up to 2.6× reduction in system response latency
with 1.6× average improvement, or boosts system through-
put by up to 1.9× (with 1.6× on average) given the same
serving budget and quality requirement.

2 BACKGROUND AND RELATED WORKS

Heterogeneous model routing. Model routing systems de-
ploy a router model to dynamically direct incoming queries
to different LLMs based on query characteristics, with the
primary objective of optimizing system metrics such as
cost, latency, or throughput while maintaining output qual-
ity. Several recent works (Chen et al.; Hu et al., 2024) have
explored this paradigm: RouteLLM (Ong et al., 2024) de-
velops cost-optimal routing strategies using preference data
and calibrated confidence scores to balance performance and
cost; HybridLLM (Ding et al., 2024) proposes an adaptive
LLM routing system that switches between large and small
models based on query complexity. These works primarily



BOUTE: Cost-Efficient LLM Serving with Heterogeneous LLMs and GPUs via Multi-Objective Bayesian Optimization

focus on router design and routing strategies for query-level
model selection, with limited attention to the routing im-
pact on system performance. In contrast, our work, from
a service provider perspective, addresses deployment-level
optimization to further enhance system performance.

Heterogeneous model deployment. Heterogeneous model
deployment refers to LLM serving systems (Jiang et al.,
2024; Miao et al., 2024; Mao et al., 2025) that utilize GPUs
with varying computational capabilities, memory capacities,
or availability characteristics to optimize resource utilization
and cost efficiency. Among them, ThunderServe (Jiang
et al., 2025b) accommodates the different computational
characteristics of prefill and decoding phases by deploying
them on heterogeneous GPUs matched to their respective
workload requirements; Helix (Mei et al., 2025) formulates
heterogeneous clusters as a flow network and utilizes a
max-flow algorithm to maximize system throughput. Our
work shares a similar motivation: utilizing heterogeneous
resources for cost-efficient LLM serving, and we find it
naturally complements heterogeneous model routing. A
more detailed related work is demonstrated in Appendix D.

3 WORKLOAD CHARACTERIZATION

This characterization focuses on understanding how hetero-
geneous model routing and deployment jointly impact sys-
tem performance and cost efficiency. We introduce different
approaches to improve the system performance step-by-step.

Experiment setup. We use P95 latency (the 95th percentile
of response latencies) as our primary performance metric
and evaluate quality (i.e., accuracy) on a sample of the
GSM8K dataset. We compare two deployment configura-
tions under similar budget constraints: a homogeneous setup
with 12 H100 GPUs ($32.28/h) and a heterogeneous setup
with 6 RTX 5090 GPUs and 10 H100 GPUs ($32.24/h).

Baseline system configuration. We begin by establishing
a baseline scenario where a service provider must satisfy a
minimum quality requirement of 90 (on a scale of 0-100).
Consider a system deploying Llama3.1-70B on 12 H100
GPUs, which achieves a P95 latency of 25.6s and a quality
score of 95.1. Alternatively, deploying only Llama3.1-8B
on the same 12 H100 GPUs yields a P95 latency of 7.4s but
a quality score of 84.5, failing to meet the required threshold.
This illustrates the fundamental trade-off between latency
and quality when serving individual models.

Approach 1: Model routing with uniform resource allo-
cation. Introducing model routing enables the system to
satisfy quality requirements while reducing latency. With an
appropriate routing strategy, approximately 40% of queries
are directed to the small model while 60% are routed to the
large model, achieving the target quality of 90. And with
uniform resource allocation (6 GPUs per model), the system
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Figure 1. Upper: Illustration of system load assignment and re-
source allocation for approaches 1-3. Lower Left: Performance
comparison among the baseline and 3 approaches. Lower Right:
Model performance across GPU types. The latency is normalized
by each model’s P95 latency on H100 GPUs.

achieves a P95 latency of 28.2s (10%↑ compared to single
Llama3.1-70B model deployment).

Insight: Despite routing reducing the load on the large
model, inappropriate resource allocation creates a perfor-
mance bottleneck. The large model, handling 60% of
queries with only half the available resources, becomes
the limiting factor for overall system latency.

Approach 2: Optimizing homogeneous resource alloca-
tion. The system performance can be substantially improved
by adjusting resource allocation. Allocating 4 GPUs to
the small model and 8 GPUs to the large model—based
on their assigned system loads and model characteris-
tics—reduces the P95 latency to 20.5s (20%↓ compared
to single Llama3.1-70B model deployment).

Insight: Model routing combined with appropriate resource
allocation significantly reduces system latency. By directing
easier queries to the small model and balancing resources
between the small and large models to prevent bottlenecks,
the system avoids overloading either model.

Approach 3: Introducing heterogeneous GPUs. Further
latency reduction is achievable by deploying heterogeneous
GPU types matched to model characteristics. In the het-
erogeneous setup, we route 30% and 70% of queries to the
small and large models, respectively, deploying 6 RTX 5090
GPUs for the small model and 10 H100 GPUs for the large
model. This configuration achieves a P95 latency of 17.1s
(33%↓ and 13%↓ compared to single Llama3.1-70B and ho-
mogeneous model deployment), and a quality score of 91.2
(higher quality). Figure 1 demonstrates the performance
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comparison among the baseline and approaches 1-3.

Insight: Integrating heterogeneous GPU resources alters the
optimal routing strategy by changing the latency-quality
trade-off curves of individual models. The routing distri-
bution shifts from 40/60 to 30/70 for two reasons: First,
the small model achieves lower latency at reduced cost on
RTX 5090 GPUs; second, this cost saving frees up budget to
provision more H100 GPUs for the large model, enabling it
to handle increased system loads. Heterogeneous model de-
ployment thus creates a dual benefit—cost-efficient serving
of the small model while expanding large model capac-
ity—that jointly minimizes overall system latency.

Model performance across GPU types. To demystify the
performance characteristics of different models across GPU
types, we conduct additional experiments comparing small
and large model deployments on RTX 5090 and H100 GPUs
under identical budget constraints. Specifically, we compare
deployments using 24 RTX 5090 GPUs ($21.36/h) and 8
H100 GPUs ($21.52/h), representing equivalent costs. Our
benchmarking reveals that models exhibit distinct perfor-
mance profiles on different GPU types, as shown in Figure 1.
The small model achieves approximately 1.5× lower P95
latency on RTX 5090 GPUs compared to H100 GPUs, while
the large model achieves 2× lower P95 latency on H100
GPUs compared to RTX 5090 GPUs.

Insight: Different models favor different GPU types for cost-
efficient serving, making heterogeneous GPU deployment
essential rather than optional. This hardware heterogeneity
naturally complements heterogeneous model routing: rout-
ing exploits model diversity to balance latency and quality,
while heterogeneous deployment exploits GPU diversity to
optimize the cost-performance of each model, creating a
synergistic system where both dimensions of heterogeneity
work together to maximize overall serving cost-efficiency.

We further validate that this model-GPU affinity generalizes
beyond Llama to other popular model families (Qwen3,
DeepSeek-distill) and discuss the prevalence of hetero-
geneous GPU deployments in industrial practice in Ap-
pendix E.

Based on these insights, we manage to improve the cost
efficiency via heterogeneous model routing and model de-
ployment co-optimization. We first present the problem
formulation in §4 and introduce our solution in §5.

4 FORMULATION OF CO-OPTIMIZATION

4.1 Decision Variables in Model Routing

Our router. We adopt a threshold-based routing mecha-
nism consistent with prior works (Ong et al., 2024; Ding
et al., 2024). Specifically, for each incoming query, the
router computes a routing score that estimates the query’s

difficulty or the likelihood that a smaller model can produce
a satisfactory response. This score is then compared against
configurable thresholds τ = {τ1, τ2, . . . } to make the rout-
ing decision. When multiple models are available in the
system, queries are routed to model i if their routing score
falls within the range [τi−1, τi).

Decision variables. The routing thresholds τ constitute the
primary decision variables for the routing strategy. These
thresholds control the distribution of queries across mod-
els, directly impacting the system’s latency-quality trade-
off. Higher threshold values route a greater proportion of
queries to larger, more capable models, thereby ensuring
higher output quality at the cost of increased system latency.
Conversely, lower thresholds direct more queries to smaller
models, reducing system latency while accepting potential
quality degradation. Through systematic optimization of τ ,
the routing strategy can be adapted to meet specific system
objectives and performance constraints.

4.2 Decision Variables in Model Deployment

Deployment configuration. Given a set of available hetero-
geneous GPUs D = {d1, d2, . . . , dN}, where each dn ≥ 0
represents the number of GPUs of the n-th type, the de-
ployment problem determines how to allocate these GPUs
to serve M model types. The deployment configuration
must specify three key aspects: (i) Model-GPU assignment:
which GPU type(s) should be used to deploy each model, (ii)
resource allocation: how many GPUs of each type should
be allocated to each model, and (iii) parallelism strategy:
the degree of data, tensor, and pipeline parallelism used to
distribute each model across its allocated GPUs.

Our deployment strategy. Let there be M model types.
We formulate the deployment problem as finding an optimal
allocation matrix A ∈ RM×N , where am,n is the number
of GPUs of type n allocated to model type m, along with
parallelism strategies P = {p1, p2, . . . , pM}, where pm
specifies the optimal parallelism strategy for model type
m. The allocation must satisfy two types of constraints:
(i) Resource constraints:

∑M
m=1 am,n ≤ dn, ∀n, i.e., the

total allocation does not exceed available resources, and (ii)
budget constraints:

∑M
m=1

∑N
n=1 am,n · bn ≤ Bcap, where

bn is the cost per unit time for GPU type n and Bcap is
the total budget, ensuring that the deployment cost remains
within the specified budget limit.

Decision variables. The allocation matrix A and paral-
lelism strategies P constitute the primary decision vari-
ables for the model deployment. Given a routing strat-
egy τ that determines the system load distribution W =
{λ1, λ2, . . . , λM} among the M model types, where λm

represents the system load for model type m, we systemati-
cally optimize A and P to minimize system latency subject
to resource and budget constraints.
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Figure 2. Illustration of the two phases in the MOBO framework.

4.3 Problem Formulation

Given a set of M model types and heterogeneous GPUs
D = {d1, d2, . . . , dN} with costs B = {b1, b2, . . . , bN},
we formulate the joint optimization as a multi-objective
optimization problem:

min
τ ,A,P

(L(τ ,A,P), −Q(τ ))

s.t.
M∑

m=1

am,n ≤ dn (∀n),
M∑

m=1

N∑
n=1

am,n · bn ≤ Bcap

(1)

where L(·) is the system response latency (e.g., P95 latency),
Q(·) is the aggregated output quality across all queries (e.g.,
accuracy on GSM8K), and Bcap is the budget constraint. The
decision variables are routing thresholds τ , GPU allocation
matrix A, and parallelism strategies P. The goal is to find
Pareto-optimal solutions that balance the trade-off between
minimizing latency and maximizing quality.

This problem is challenging due to the coupling between
routing and deployment: routing strategy τ determines sys-
tem load distribution across models, which affects required
model deployment (A,P) (i.e., resource allocation and par-
allelism strategy), while model deployment determines each
model’s latency characteristics, which influences the opti-
mal routing strategy. Additionally, the problem complexity
is further exacerbated by the NP-hardness of heterogeneous
resource allocation (Yuan et al., 2022; Jiang et al., 2024).
Combined with these factors, the vast search space makes
exhaustive search computationally infeasible. Therefore, we
design a Multi-Objective Bayesian Optimization (MOBO)
framework tailored for efficiently solving this problem.

5 THE MOBO FRAMEWORK

As illustrated in Figure 2, our MOBO framework operates
in two phases: (i) Offline preparation phase: This phase
profiles system performance and simulates different deploy-
ment configurations to generate performance data. This
preparation is performed only once for each specific serving
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Figure 3. Illustration of single- and multi-replica deployments.

scenario. (ii) Online optimization phase: This phase lever-
ages the offline performance data to efficiently search for
optimal routing strategies and model deployments.

5.1 Offline Preparation Phase

The offline phase aims to map any ⟨model deployment,
system load⟩ pair to an estimated system latency value.

Inference task simulator. An inference task simulator1 is
employed to evaluate deployment performance. We pro-
file heterogeneous GPU characteristics (e.g., effective com-
pute throughput and achievable HBM I/O bandwidth) as
inputs to the simulator, and iteratively simulate the per-
formance of different model types under various model
deployments (A,P) across a range of system loads λ =
{2, 4, 6, 8, . . . , 40} queries per second (QPS, spanning light
to burst loads). The resulting performance data is then used
in the subsequent online optimization phase.

Two-stage simulation approach. We adopt a two-stage
simulation strategy based on parallelism types. First, we
simulate single-replica deployments using model paral-
lelism, where a model is partitioned across GPUs. This
constructs a performance database mapping ⟨single-replica
deployment, system load⟩ to system latency. Second, we
simulate multi-replica deployments using data parallelism
(DP) (Li et al., 2023), where multiple replicas serve queries
concurrently. This maps ⟨multi-replica deployment, system
load⟩ to system latency. We demonstrate the illustration of
single- and multi-replica deployments in Figure 3.

Simulation with model parallelism. For each model
type and available GPU type, we systematically enumer-
ate feasible deployment configurations using model paral-

1We use the ETH EASL Scratchpad simulator (ETH-EASL,
2025) to estimate system P95 latency. We show detailed simu-
lator design (e.g., inputs, batching strategy, queuing mechanism,
parallelism strategy modeling) and evaluation in Appendix A.
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lelism strategies. Model parallelism includes tensor paral-
lelism (TP) (Shoeybi et al., 2019) and pipeline parallelism
(PP) (Huang et al., 2019), which split a single model replica
across multiple GPUs. Specifically, for GPU type n with dn
available units, we explore allocations from 1 to dn GPUs,
evaluating all valid TP and PP combinations for each allo-
cation size. The simulator generates the system latency for
each specific model parallelism configuration. To constrain
the enumeration space, we apply two pruning rules: (i) Con-
figurations with insufficient GPU memory for the model are
eliminated (e.g., 4 RTX 5090 GPUs for Llama3.1-70B), and
(ii) TP is restricted to utilize fast intra-machine GPU connec-
tions to avoid communication bottlenecks (e.g., TP ≤ 8 or
4, depending on hardware). This enumeration process is re-
peated across all model types, GPU types, and system loads,
generating a performance database mapping model-parallel
configurations to their corresponding system latencies. We
demonstrate the enumeration complexity in Appendix B.

Simulation with data parallelism. Beyond model paral-
lelism, a model type may be deployed as multiple inde-
pendent replicas using DP. In this case, determining the
optimal load distribution among these DP replicas remains
non-trivial, as it directly impacts the final system latency.
To address this, we perform an efficient load distribution
search: For each multi-replica configuration, we (i) enu-
merate possible load distributions (λm,1, λm,2, . . . ) satis-
fying

∑
i λm,i = λm, where λm,i denotes the system load

assigned to replica i of model type m, (ii) retrieve the per-
formance database for each replica’s system latency under
its assigned load, and (iii) select the load distribution that
minimizes the maximum system latency across different
replicas, and record this minimum latency. Since each eval-
uation requires only database lookups, this search incurs
minimal computational overhead. Through this approach,
we can obtain the optimal load distribution and estimate
system latency for arbitrary DP configurations.

Summary. The offline preparation phase constructs a com-
prehensive performance database that enables fast online
optimization without real-time profiling or simulation over-
head. Additionally, the offline preparation process typically
completes within several dozen minutes and needs to be run
only once for each specific serving scenario.

5.2 Online Optimization Phase

The online phase aims to utilize MOBO to find the Pareto-
optimal routing strategies and model deployments.

Deployment candidate generation. We need to enumerate
different deployments (A,P) for each model type. How-
ever, the number of possible candidates explodes with the
number of GPU types, creating an extremely large search
space for MOBO. Therefore, we generate deployment can-
didates for different model types as follows:

• Homogeneous deployment candidates. For each system
load and GPU type, we enumerate feasible (DP, TP, PP)
combinations and apply Pareto-skimming in the (latency,
cost) space to generate a set of Pareto-optimal configu-
rations (typically 10-20 data points per GPU type with
different latency-cost trade-offs). These configurations
serve as homogeneous deployment candidates.

• Heterogeneous deployment candidates. We generate
heterogeneous candidates by combining homogeneous
candidates from different GPU types. Specifically, we enu-
merate a grid of intermediate budgets o ∈ (0, Bcap] (e.g.,
10-20 points). For each budget o, we solve a multiple-
choice knapsack problem that selects at most one can-
didate from each GPU type to minimize system latency
subject to the constraint that total cost ≤ o. During knap-
sack solving, the system latency for each heterogeneous
DP configuration is obtained through the load distribution
search described in §5.1. The final set of configurations
obtained across all budgets serves as heterogeneous de-
ployment candidates.

Through this approach, we effectively cover the entire de-
ployment space by pruning sub-optimal solutions via Pareto-
skimming and knapsack optimization, reducing the candi-
date set to a manageable size without sacrificing solution
quality. We denote the set of deployment candidates for
model type m as Cm. The deployment choices are repre-
sented as c = {c1, c2, . . . , cM}, where cm ∈ Cm for all
m ∈ {1, . . . ,M}.

Combining homogeneous candidates via data parallelism
across GPU types is an intentional design choice rather
than an inherent limitation; we discuss the rationale in Ap-
pendix I.

Overall MOBO workflow. The online optimization phase
takes decision variables θ = (τ , c) as inputs and out-
puts the outcomes: response quality Q(θ)2 and system la-
tency L(θ)3. The MOBO framework primarily comprises
two components: a surrogate model—a Gaussian Process
(GP)—that provides fast statistical approximations of the ob-
jectives and constraints, and an acquisition function that bal-
ances exploration and exploitation over the decision space.
The optimization workflow proceeds as follows: (i) Surro-
gate model fitting: We fit GP surrogates for Q(θ) and L(θ)
using additive kernels and structural information to capture
the relationship between outcomes and decision variables.
(ii) Acquisition function optimization: We construct the
constrained qNEHVI (q-Noisy Expected Hypervolume Im-

2For different routing strategies τ , we use a sample of the in-
coming queries (i.e., a subsampled trace) to estimate their response
quality Q(θ), following prior works (Ong et al., 2024; Ding et al.,
2024; Shafran et al., 2025).

3Aggregated P95 system latency across all model types.
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provement) acquisition function and optimize it over the
decision space to balance exploration and exploitation, se-
lecting the next candidate configuration θ∗ to evaluate. (iii)
Update and refinement: We evaluate the selected configu-
ration θ∗, update the GP surrogates based on the observed
performance, and repeat steps (ii) and (iii) until convergence.
Upon convergence, we obtain a Pareto-optimal set of so-
lutions, from which the optimal configuration is selected
based on specific performance requirements (e.g., target
system latency and response quality).

Additive kernels. To enable the surrogate model to capture
both the separate effects and the interaction between routing
strategies and deployment candidates, we employ a GP with
additive kernels:

k(θ,θ∗) = kτ (τ , τ
∗) + kc(c, c

∗) + ϕk×
(
(τ , c), (τ ∗, c∗)

)
where kτ and kc are ARD Matérn kernels (Snoek et al.,
2012) that model the separable main effects of the routing
strategies τ and the deployment candidates c, respectively.
The interaction term k× is a product kernel (Duvenaud et al.,
2013) that captures the interdependencies between τ and
c. ϕ controls the weight of the interaction term and is
learned during training (typically small). This additive ker-
nel structure allows the GP to disentangle main effects from
interactions (Kandasamy et al., 2015), yielding improved
sample efficiency and interpretability (Gardner et al., 2018).

Structural information. Appropriate structural informa-
tion is essential for solving complex MOBO problems, as
it guides the surrogate model and acquisition function to-
ward feasible and promising regions. We incorporate several
types of structural information based on algorithmic proper-
ties, system constraints, and empirical observations (S1-5):

S1. Algorithmic reparameterization: Load-fraction encod-
ing. Rather than directly optimizing routing thresholds τ ,
we reparameterize them as load fractions—the proportion
of system load assigned to each model type. This reparam-
eterization provides several advantages: Small changes in
raw thresholds can cause large, discontinuous jumps in load
allocation due to non-uniform score distributions, whereas
load fractions map linearly to system load and latency, sta-
bilizing the optimization procedure and enabling natural
enforcement of linear constraints (e.g.,

∑M
m=1 fm = 1,

where fm is the load fraction assigned to model type m).

S2. System constraint: Budget enforcement. We enforce
budget feasibility through hard constraints on total deploy-
ment cost. For any deployment decision c, the accumulated
cost across all model types must satisfy

∑M
m=1

∑N
n=1 am,n·

bn ≤ Bcap, where bn is the cost per GPU of type n and Bcap
is the budget limit. Configurations violating this constraint
are excluded from the search space.

S3. System constraint: GPU availability. Similarly, we
enforce hard constraints on GPU resource availability. For

any deployment decision, the accumulated GPU allocation
of each type must satisfy

∑M
m=1 am,n ≤ dn for all GPU

types n, where dn is the available count of GPU type n.
Violations are excluded from the search space.

S4. Output transformation: Scale normalization. Due to
the large magnitude differences between latency and quality
objectives, we apply objective-specific transformations: sys-
tem latency L(θ) is transformed to log(L(θ)) to stabilize
large variations, while response quality Q(θ) is transformed
to log

(
Q(θ)

1−Q(θ)

)
(logit transformation) to linearize small

variations near boundary values. These transformations
improve GP conditioning and optimization stability.

S5. Heterogeneous GPU awareness: Model-GPU prefer-
ence encoding. As demonstrated in §3, different model
types exhibit distinct performance characteristics on differ-
ent GPU types. We encode this observation as a preference
matrix S ∈ [0, 1]M×N , where sm,n represents the suitabil-
ity of GPU type n for model type m. This structural infor-
mation is incorporated into the GP through a preference-
weighted kernel:

k̃c(c, c
∗) = w(c) · w(c∗) · kc(c, c∗)

where kc is the base deployment kernel and w(c) =

exp{β
∑M

m=1

∑N
n=1 am,n · sm,n} is a weight function.

Here, am,n denotes the number of GPUs of type n allo-
cated to model type m in configuration c, and β is a learn-
able parameter controlling the strength of the preference
bias. This exponential weighting increases covariance be-
tween configurations using preferred GPU types, thereby
biasing the GP toward favorable allocations. This struc-
tural bias improves sample efficiency by directing early
exploration toward promising configurations while remain-
ing data-overridable when other constraints (e.g., budget,
availability) favor non-preferred GPU types.

Constrained qNEHVI. We employ constrained qNE-
HVI (Daulton et al., 2021) to incorporate specific perfor-
mance constraints, such as L(θ) ≤ Lmax for system latency
and Q(θ) ≥ Qmin for response quality, where Lmax and
Qmin denote maximum latency and minimum quality re-
quirements, respectively. We reformulate these constraints
as feasibility conditions:

g1(θ) = L(θ)− Lmax ≤ 0, g2(θ) = Qmin −Q(θ) ≤ 0

We leverage the joint posterior distribution of the GP surro-
gates for L(θ) and Q(θ) to evaluate constraint satisfaction.
The constrained qNEHVI acquisition function computes
expected hypervolume improvement by restricting Monte
Carlo integration to feasible samples (Balandat et al., 2020):

Acq(θ) = E

[
HVI(θ) · I

[
2⋂

i=1

{gi(θ) ≤ 0}

]]
,

where the expectation is taken over samples from the joint
posterior of (L(θ), Q(θ)), and I[·] is the indicator function
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for feasibility. This formulation preserves the correlations
between objectives and constraints during sampling, ensur-
ing that the optimizer naturally balances Pareto frontier ex-
ploration with constraint satisfaction (Gardner et al., 2014).

Summary. The online phase employs a MOBO framework
that efficiently searches the joint space of routing strate-
gies and model deployments. By incorporating additive
kernels, structural information (e.g., load-fraction encoding,
model-GPU preference encoding), and enforcing hard con-
straints via constrained qNEHVI, the framework converges
to Pareto-optimal solutions that balance system latency and
response quality under given constraints and requirements.

6 SYSTEM IMPLEMENTATION

Overall routine. The overall routine of BOUTE operates as
follows: To launch the serving process, the MOBO frame-
work generates the optimal routing strategy and model de-
ployment, which are then used to configure the router (Ong
et al., 2024) and instantiate heterogeneous models across
heterogeneous GPU resources. During serving, incoming
queries are processed by a coordinator (Yao) (detailed in Ap-
pendix C), which connects to all models and dispatches
queries to appropriate ones based on the guidance of schedul-
ing results; generated responses are subsequently collected
and returned to the coordinator.

MOBO optimization kernels. We implement several
optimization kernels using GPyTorch (Gardner et al.,
2018) for an efficient MOBO framework: (i) An ARD
Matérn–5/2 kernel (MaternKernel with nu=2.5) over
routing features (kτ ); (ii) an ARD Matérn–3/2 kernel
(MaternKernel with nu=1.5) over deployment fea-
tures (kc); (iii) a low-weight interaction term k× constructed
via ProductKernel(k τ, k c); and (iv) a custom
PreferenceWeightedKernel that wraps kc to inject
structural preferences for model-to-GPU assignments. Each
kernel is wrapped with a ScaleKernel to learn kernel-
specific output scales, while ARD lengthscales are learned
jointly by maximizing the Gaussian process marginal likeli-
hood. The composite kernel (kτ+k̃c+k×) is integrated into
BoTorch (Balandat et al., 2020) SingleTaskGP models
for system latency and response quality, which are com-
bined via ModelListGP. Outcome transforms are applied
as follows: Log+Standardize for system latency and
Logit+Standardize for response quality.

Practical deployment considerations. BOUTE’s frame-
work is designed to be extensible to parallelism strategies
beyond TP and PP (e.g., expert parallelism for MoE mod-
els, sequence parallelism), with no fundamental limitations;
we detail the extensibility mechanism in Appendix H. In
production, workloads may evolve after deployment—we
categorize distribution shifts by their required adaptation

and discuss how BOUTE handles each scenario efficiently
in Appendix F. When a rescheduling event is triggered, the
system transitions to the updated configuration via rolling
updates to ensure zero-downtime service, as described in Ap-
pendix G.

7 EVALUATION

7.1 Experimental Setup

Environments. Our experiments are conducted on 4 types
of GPU servers, each with 8 GPUs: NVIDIA H100-80G
($2.64-3.07/h), RTX PRO 6000-96G ($1.84-2.09/h), RTX
5090-32G ($0.89/h), and RTX 4090-24G ($0.59/h) GPUs.
Within H100 servers, the GPUs are connected via NVLink
with a bandwidth of 300GB/s; within RTX 5090 and 4090
servers, the GPUs are connected via PCIe with a bandwidth
of 60GB/s. We compare homogeneous and heterogeneous
model deployments under the same price budget of $30/h.

Models, router, and traces. We employ Llama3.1-8B
(smaller) and Llama3.1-70B (larger) as two model types
in our system, which are representative and popular open-
source transformer models (Dubey et al., 2024). For model
routing, we adopt the router from (Ong et al., 2024), which
is trained on the Chatbot Arena dataset augmented with
GPT-4-as-a-judge labeled data and golden-labeled MMLU
validation data. The routing overhead remains negligible,
accounting for less than 1% of the total inference cost. And
we follow prior work to generate workload traces based on
real-world data (Peng et al., 2025; Zhong et al., 2024). Our
testing traces are subsampled from GSM8K (Cobbe et al.,
2021) and MTBench (Zheng et al., 2023).

Evaluation metrics. Following previous evaluation se-
tups (Miao et al., 2024), we evaluate system performance
based on overall throughput and various percentile latencies
(i.e., average, P95, . . . , P99, P100 latencies). In particular,
the P95 latency denotes the maximum response time within
which 95% of all requests are completed.

For MT-Bench evaluation, we use LLM-as-a-judge with
GPT-4 as the judge to score responses from Llama-3.1
models, following standard practice in LLM routing re-
search (Ong et al., 2024; Chen et al.).

Baselines. We compare BOUTE against four baseline sys-
tems: (i) Stand-Alone-Homo: vLLM (Kwon et al., 2023)
serving the Llama3.1-70B model with homogeneous re-
sources (H100 GPUs); (ii) Stand-Alone-Hetero: vLLM
serving the Llama3.1-70B model with heterogeneous re-
sources; (iii) RouteLLM: RouteLLM (Ong et al., 2024),
a state-of-the-art open-source framework for LLM rout-
ing, routing queries between Llama3.1-8B and Llama3.1-
70B models based on query complexity, where each model
is served by vLLM with uniform resource allocation
across model types; (iv) BOUTE-Homo: BOUTE serving
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Figure 4. Experimental results of BOUTE compared with different baselines on GSM8K and MTBench workloads under different
quality requirements. We select the minimum P95 latency routing strategy and model deployment from the Pareto-optimal solution set.
GSM8K-87 represents a quality requirement of 87 (in terms of aggregated accuracy), MTBench-8.1 represents a quality requirement of
8.1 (in terms of aggregated score), and so on.

Llama3.1-8B and Llama3.1-70B models with routing and
deployment optimization on homogeneous resources. We
select RouteLLM with uniform resource allocation to reflect
current industry practice; we discuss the baseline selection
rationale in detail in Appendix L. We compare the system
performance of BOUTE with these baselines under quality
requirements of 86, 88, and 90 for GSM8K and 8.1, 8.3,
and 8.5 for MTBench. The system load is set to 100 req/s in
total. For fair comparison, we tune the model deployment
for each baseline under price budgets and report the best
values in all experiments.

7.2 End-to-end Evaluation

End-to-end system performance on GSM8K workloads.
As demonstrated in Figure 4 (left), we evaluate BOUTE with
heterogeneous model deployment against baseline methods
to demonstrate its effectiveness in achieving cost-efficient
LLM serving on the GSM8K workload:

(i) Compared to standalone LLM serving using Llama3.1-
70B with vLLM (Homo and Hetero), BOUTE achieves
superior performance across all quality requirements, re-
ducing P95 latency by up to 91% (57% on average) and
improving throughput by up to 90% (55% on average).
Standalone LLM serving fails to leverage heterogeneous
model resources, naively routing queries of varying com-
plexity to a single model type, which results in either poor
relative quality or excessive P95 latency. (ii) Compared
to RouteLLM, BOUTE reduces P95 latency by up to 66%
(50% on average) and improves throughput by up to 71%
(52% on average). RouteLLM with uniform resource allo-
cation across model types fails to account for the distinct
characteristics of different model types, as larger models
typically require more computing resources even when as-
signed fewer workloads. For instance, on the GSM8K trace
with a quality requirement of 91, RouteLLM achieves even

lower throughput than standalone deployment, as 70% of
the queries are processed by the large model with uniform
resource allocation. (as detailed in §3). (iii) Compared to
BOUTE-Homo, BOUTE reduces P95 latency by up to 15%
(14% on average) and improves throughput by up to 16%
(14% on average). Although BOUTE-Homo incorporates
adaptive resource allocation based on system load, it fails to
fully exploit the GPU preferences of different model types
(as discussed in §3), thereby limiting cost-efficiency.

In contrast to these approaches, BOUTE jointly optimizes
both the routing strategy (determining which model serves
which query) and the deployment strategy (determining
which GPU serves which model), thereby achieving superior
cost-efficiency in LLM serving.

End-to-end system performance on MTBench work-
loads. We conduct additional experiments to evaluate the
performance of BOUTE on MTBench workloads with vary-
ing quality requirements. As shown in Figure 4 (right),
BOUTE achieves up to 157% (115% on average) perfor-
mance improvement compared to standalone LLM serving
(Homo and Hetero), up to 80% (42% on average) perfor-
mance improvement compared to RouteLLM, and up to 21%
(20% on average) performance improvement compared to
BOUTE-Homo. These results demonstrate the comprehen-
sive cost-efficiency of BOUTE across diverse workloads.

7.3 Scheduling Evaluation

Scheduling results. Table 1 presents the scheduling out-
comes of our MOBO framework, yielding several notable
insights into routing and resource allocation strategies: (i)
Load distribution adapts to quality requirements. As quality
requirements increase, the framework progressively shifts
system load and computational budget toward the Llama3.1-
70B model. For example, when evaluated on the GSM8K
trace with a quality threshold of 87, the small and large
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Table 1. Routing strategies and resource allocations of BOUTE

used in Figure 4.
Trace-Quality Model Type Load Budget Allocated Resources

GSM8K-87 Llama3.1-8B 73.45% 38.58% 8×5090+5×4090
Llama3.1-70B 26.55% 61.42% 6×H100

GSM8K-89 Llama3.1-8B 43.95% 17.86% 6×5090
Llama3.1-70B 56.05% 82.14% 8×H100

GSM8K-91 Llama3.1-8B 29.94% 9.28% 3×5090
Llama3.1-70B 70.06% 90.72% 6×H100+4×6000

MTBench-8.1 Llama3.1-8B 80.58% 46.34% 8×5090+8×4090+6000
Llama3.1-70B 19.42% 53.66% 4×H100+2×6000

MTBench-8.3 Llama3.1-8B 61.17% 24.44% 8×5090
Llama3.1-70B 38.83% 75.56% 6×H100+2×6000

MTBench-8.5 Llama3.1-8B 41.75% 12.04% 4×5090
Llama3.1-70B 58.25% 87.96% 6×H100+4×6000

models handle 73% and 27% of the system load, respec-
tively. However, when the quality requirement is raised
to 91, this distribution shifts to 30% and 70%, reflecting
the increased reliance on the more capable large model to
meet stringent quality constraints. (ii) Resource/Budget al-
location reflects model-specific resource requirements. The
framework allocates computational resources based not only
on assigned system load but also on intrinsic model charac-
teristics (e.g., compute and memory demands). For instance,
when tested on MTBench with a quality requirement of 8.3,
the small and large models are assigned 61% and 39% of
the system load, respectively. However, only 24% of the
total budget is allocated to the small model, as it requires
substantially fewer computational and memory resources
to achieve comparable performance. To prevent the large
model from becoming a system bottleneck, the framework
allocates 76% of the budget to it, ensuring balanced system
performance across both model types. (iii) Heterogeneous
GPU allocation optimizes resource utilization. The frame-
work strategically assigns heterogeneous GPU resources
to different model types based on their computational re-
quirements and GPU availability. For example, when tested
on MTBench with a quality requirement of 8.1, all RTX
5090 and 4090 GPUs are allocated to the small model, sup-
plemented by one RTX PRO 6000 GPU due to availability
constraints. Conversely, the large model are deployed on
four H100 GPUs and two RTX PRO 6000 GPUs, which of-
fer superior compute and memory capabilities aligned with
the model’s higher resource demands. These results verify
that BOUTE is able to take into account the heterogeneity
of models and hardware, quality requirements, as well as
budget and GPU constraints, generating routing strategies
and model deployments that maximize system performance.

Scheduling time. We demonstrate the scheduling time of
BOUTE across different cluster scales. As shown in Ta-
ble 2, BOUTE requires less than 30 seconds to converge
to the Pareto-optimal solutions when scheduling on 3 GPU
types with 24 total GPUs. As the number of GPU types and
total GPUs increases, the scheduling time increases near-
linearly, demonstrating its strong scalability across different

Table 2. The scheduling (algorithm converge) time and scalability
of BOUTE. BOUTE (w/o structural info) disables algorithmic repa-
rameterization, output transformation, and heterogeneous GPU
awareness. BOUTE (w/o offline prep) disables the performance
database. The algorithm is considered converged when the solution
remains stable for more than 20 consecutive iterations.

GPU Types
/ GPU Number BOUTE

BOUTE
(w/o structural info)

BOUTE
(w/o offline prep)

3 / 24 23.5 s 3.6 min ≈ 12 min
4 / 32 32.5 s 5.3 min ≈ 20 min
5 / 40 48.6 s 7.1 min > 30 min
6 / 48 1.2 min 8.9 min > 30 min

cluster scales. To further validate the effectiveness of inject-
ing structural information, we evaluate BOUTE (w/o struc-
tural info) that disables the structural information described
in §5.2. Our experiments show that without structural in-
formation, BOUTE requires approximately 8× more BO
evaluations to converge. Consequently, the overall schedul-
ing time increases from under a minute to 4-9 minutes for
3-6 GPU types (24-48 total GPUs). Finally, we evaluate
BOUTE (w/o offline prep) to validate the effectiveness of
our offline preparation phase. Without offline preparation,
the scheduling time increases dramatically to 12-30+ min-
utes for 3-6 GPU types (24-48 total GPUs). This substantial
increase occurs because each Bayesian optimization evalua-
tion must re-run the simulator to obtain performance metrics
for different candidate deployments, making the optimiza-
tion process significantly more expensive.

We further conduct ablation experiments to isolate the con-
tribution of each structural component (S1, S4, S5) individ-
ually; see Appendix J for detailed results.

7.4 Case Study

Pareto optimality of BOUTE. To further validate our ap-
proach, we evaluate BOUTE across varying quality require-
ments and compare its P95 latency against BOUTE-Homo,
BOUTE (w/o structural info), and RouteLLM. As illus-
trated in Figure 5, BOUTE consistently achieves superior
P95 latency performance across different quality require-
ments. Specifically, we observe the following: (i) BOUTE
exhibits Pareto dominance over BOUTE-Homo through
its integration of heterogeneous resources and effective
scheduling. Under equivalent quality requirements, BOUTE
achieves lower latency; conversely, for a given latency con-
straint, BOUTE delivers higher quality. (ii) BOUTE sim-
ilarly demonstrates Pareto dominance over BOUTE (w/o
structural info). Despite the additional scheduling overhead
mentioned in §7.3, BOUTE without structural information
frequently converges to local optima, resulting in inferior
performance. In most cases, BOUTE (w/o structural info) is
worse than not only BOUTE but also BOUTE-Homo. (iii)
RouteLLM with uniform resource allocation demonstrate
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Figure 5. P95 latency results across different quality requirements.

Table 3. Costs required to meet quality and latency requirements.
(87, 8) represents quality and latency requirements of 87 and 8s.

Baseline GSM8K
(87, 8)

GSM8K
(91, 12)

MTBench
(8.1, 10)

MTBench
(8.5, 15)

Stand-Alone-Homo $61.83/h $41.21/h $79.93/h $53.29/h
Stand-Alone-Hetero $56.24/h $37.50/h $73.54/h $49.02/h
RouteLLM $53.55/h $52.38/h $55.90/h $44.00/h
BOUTE-Homo $38.41/h $36.07/h $36.33/h $38.31/h
BOUTE $32.25/h $32.18/h $30.98/h $31.23/h

the worst performance across different quality requirements.
These results collectively (i) demonstrate the efficacy of
integrating heterogeneous resources, (ii) underscore the crit-
ical importance of incorporating structural information into
the scheduling process, and (iii) highlight the importance of
resource allocation optimization in a routing system.

Cost-efficiency of BOUTE. We evaluate the cost-efficiency
of BOUTE under specified latency and quality requirements.
Under equivalent quality constraints, systems typically re-
quire increased GPU resource allocation (higher budget) to
achieve lower latency. Table 3 presents comparative results
across multiple benchmark traces under varying quality and
P95 latency requirements. BOUTE achieves the same la-
tency and quality targets while reducing costs by an average
of 39.7% compared to Stand-Alone baselines and 38.0%
compared to RouteLLM. Moreover, BOUTE demonstrates
a 15.0% cost reduction relative to BOUTE-Homo, under-
scoring the advantages of heterogeneous model deployment.
These results validate the effectiveness of BOUTE in reduc-
ing operational costs for real-time LLM serving systems.

Quality signal and deployment reality. BOUTE’s opti-
mization framework is agnostic to the specific quality met-
ric employed; we discuss practical quality proxies, their
limitations, and alignment with deployment reality in Ap-
pendix K.

8 CONCLUSION
This work focuses on cost-efficient LLM serving with het-
erogeneous models and GPUs. It proposes BOUTE, a serv-
ing system that employs a multi-objective Bayesian opti-
mization (MOBO) framework to jointly optimize quality
and latency through adaptive routing decisions for different

queries and strategic model deployment across diverse mod-
els and hardware. Results show that, compared with base-
lines, BOUTE achieves up to 2.57× lower latency (1.58×
on average) under identical cost budgets and quality require-
ments, or alternatively reduces costs by 15%-61% while
maintaining the same performance targets. These results
demonstrate BOUTE’s cost-efficiency, and we believe it can
contribute to the democratization of LLM serving.
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Table 4. Simulator accuracy across parallelism configurations on
Llama3-70B model under a workload with average input and out-
put lengths of 1600 and 16. Errors are absolute percentage errors.

Config (DP,TP,PP) Real (req/s) Estimated (req/s) Abs. % Error
(1, 4, 1) 0.21 0.219 4.29%
(1, 2, 2) 0.26 0.280 7.69%
(1, 1, 4) 0.27 0.287 6.30%
(2, 1, 2) 0.33 0.347 5.15%
(2, 2, 1) 0.40 0.408 2.00%
(2, 4, 1) 0.41 0.437 6.59%
(2, 2, 2) 0.55 0.559 1.64%

A SIMULATOR DESIGN AND VALIDATION

Our simulator employs a round-robin strategy for request
dispatching among multiple parallel models, and a first-
come first-served strategy for per-model request processing.
The single-GPU processing time is based on profiled char-
acteristics like compute TFLOPS and memory bandwidth.
The simulator also considers the phase-specific character-
istics of LLMs. The prefill phase is compute-bound, so its
batched processing capacity is determined by the sum of
the individual latencies. In contrast, the decoding phase
is memory-bound, and its batched processing capability is
defined by a single latency value. This distinction has been
validated in several studies (e.g., DistServe (Zhong et al.,
2024), Splitwise (Patel et al., 2024)).

Simulator inputs. In addition to GPU characteristics, the
simulator requires a subsampled LLM workload trace. The
workload trace is essential for accurate performance model-
ing, as it provides workload-specific characteristics such as
input and output sequence length distributions that directly
impact system performance.

Batching strategy in our simulator. The simulator’s in-
ternal batching strategy is continuous batching, which it-
eratively batches request tokens to fully utilize the current
resources. The GPU’s memory limit constrains the maxi-
mum batch size for continuous batching.

Queuing mechanism. Our simulator maintains an individ-
ual queue for each model. Once there is free memory on
the GPU (one request has finished), the model will fetch the
next request in the queue for processing.

Different parallelism. Tensor and pipeline parallelism both
split the computation workload of a single model across mul-
tiple devices. For pipeline parallelism, the simulator mod-
els communication overhead by profiling the relationship
between estimated communication volume and observed
latency. For tensor parallelism, the simulator assumes that
each operator’s computation cost ideally scales down by a
factor of 1/N when split across N GPUs, and then adjusts
this ideal cost using a speed-up coefficient K(N) obtained
from micro-benchmarks to account for communication and
synchronization overhead. All profiling is performed offline

before scheduling begins.

Simulator evaluation. We present the accuracy of our
simulator with real-time experiments in Table 4. The ta-
ble presents examples of our throughput estimation for the
Llama3-70B model under a workload with average input
and output lengths of 1600 and 16, respectively. The nota-
tion (1,2,2) indicates a DP degree of 1, TP degree of 2, and
PP degree of 2. Although the estimations are not perfectly
accurate, they are sufficiently reliable (with estimation er-
rors within 2%–7%) for selecting optimal configurations.

B COMPLEXITY ANALYSIS OF
FIRST-STAGE OFFLINE SIMULATION

For each model type and available GPU type, we systemati-
cally enumerate feasible deployment configurations using
model parallelism strategies. Model parallelism includes
tensor parallelism (TP) (Shoeybi et al., 2019) and pipeline
parallelism (PP) (Huang et al., 2019), which split a single
model replica across multiple GPUs. Specifically, for GPU
type n ∈ {1, . . . , N} with dn available units, we explore
allocations from 1 to dn GPUs, evaluating all valid TP and
PP combinations for each allocation size. For example, an
8-GPU allocation is simulated under configurations (TP=1,
PP=8), (TP=2, PP=4), (TP=4, PP=2), and (TP=8, PP=1).
The enumeration complexity is Θ

(
|λ|M

∑N
n=1 dn log dn

)
,

where |λ| represents the number of enumerated system
load values, and the logarithmic factor accounts for valid
TP and PP combinations per GPU allocation size. After
pruning, the enumeration complexity can be reduced to
Θ
(
|λ|M

∑N
n=1 dn

)
.

C EXTENDED SYSTEM IMPLEMENTATION

Overall routine. The overall routine of BOUTE operates as
follows: To launch the serving process, the MOBO frame-
work generates the optimal routing strategy and model de-
ployment, which are then used to configure the router and in-
stantiate heterogeneous models across heterogeneous GPU
resources. During serving, incoming queries are processed
by a coordinator, which connects to all models and dis-
patches queries to appropriate ones based on the guidance
of scheduling results; generated responses are subsequently
collected and returned to the coordinator.

Inference task coordinator. To deploy BOUTE in a het-
erogeneous environment, we employ a task coordinator
that incorporates a router responsible for generating rout-
ing scores for input queries (Ong et al., 2024; Ding et al.,
2024) and dispatches queries based on both these scores
and the optimal routing strategy obtained from our schedul-
ing algorithm. The task coordinator is primarily built upon
an open-source implementation of decentralized computa-
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tion coordination (Yao) that utilizes libP2P (LibP2P, 2023)
to establish peer-to-peer network connections between the
coordinator and distributed models. When the task coordi-
nator receives an input query, the routing process proceeds
in three steps: First, the router evaluates the query to de-
termine the appropriate model type based on its routing
score. Second, the coordinator selects a specific replica of
the chosen model type by consulting the local distribution
search results described in §5.1, which balance workloads
across replicas according to their heterogeneous deployment
capabilities. Third, the coordinator directs the query to the
selected replica for execution and response generation.

MOBO optimization kernels. We implement several opti-
mization kernels using GPyTorch (Gardner et al., 2018) for
an efficient MOBO framework: (i) an ARD Matérn–5/2 ker-
nel (MaternKernel with nu=2.5) over routing features
(kτ ) to capture smooth, continuous effects of threshold vari-
ations; (ii) an ARD Matérn–3/2 kernel (MaternKernel
with nu=1.5) over deployment features (kc) to accommo-
date rougher, step-like transitions when switching between
deployment candidates; (iii) a low-weight interaction term
k× constructed via ProductKernel(k τ, k c) to cap-
ture cross-effects between routing and deployment features;
and (iv) a custom PreferenceWeightedKernel that
wraps kc to inject structural preferences for model-to-
GPU assignments, yielding a preference-weighted deploy-
ment kernel k̃c. Each kernel component is wrapped
with a ScaleKernel to learn component-specific out-
put scales, while ARD lengthscales are learned jointly
by maximizing the Gaussian process marginal likelihood.
The composite kernel (kτ + k̃c + k×) is integrated into
BoTorch (Balandat et al., 2020) SingleTaskGP models
for system latency and response quality, which are com-
bined via ModelListGP. Outcome transforms are applied
as follows: Log+Standardize for system latency and
Logit+Standardize for response quality. All kernels
are executed in double precision.

D EXTENDED RELATED WORKS

LLM serving systems. Recent works have proposed sev-
eral systems and methods for highly efficient LLM serving.
AlpaServe (Li et al., 2023) optimizes system service level
objectives (SLOs) by utilizing data and model parallelism;
DistServe (Zhong et al., 2024) and Splitwise (Patel et al.,
2024) split the prefill and decoding phases onto separate
GPUs to eliminate interference between them; SarathiS-
erve (Agrawal et al., 2024) optimizes request batching
through prefill chunking to mitigate interference between
the prefill and decoding stages; vLLM (Kwon et al., 2023)
introduces PagedAttention for efficient memory manage-
ment, enabling higher batch sizes and improved throughput;
FastServe (Wu et al., 2023) employs a preemptive schedul-

ing mechanism that prioritizes shorter jobs to minimize job
completion time. These works primarily focus on improving
serving performance through techniques such as batching
optimization, phase separation, and memory management.
In contrast, our work focuses on deployment scheduling
with heterogeneous LLMs and GPU types to achieve cost-
efficient LLM serving.

Heterogeneous model routing. Model routing systems de-
ploy a router model to dynamically direct incoming queries
to different LLMs based on query characteristics, with
the primary objective of optimizing system metrics such
as cost, latency, or throughput while maintaining output
quality. Several recent works have explored this paradigm:
RouteLLM (Ong et al., 2024) develops cost-optimal routing
strategies using preference data and calibrated confidence
scores to balance performance and cost; HybridLLM (Ding
et al., 2024) proposes an adaptive LLM routing system that
switches between large and small models based on query
complexity; FrugalGPT (Chen et al.) cascades LLMs from
weakest to strongest, stopping when a model produces a
satisfactory response to minimize costs; Router-Bench (Hu
et al., 2024) provides a comprehensive benchmark for evalu-
ating routing strategies across diverse query types and model
combinations. These works primarily focus on router de-
sign and routing strategies for query-level model selection,
with limited attention to the routing impact on system per-
formance. In contrast, our work, from a service provider
perspective, addresses deployment-level optimization to fur-
ther enhance system performance.

Heterogeneous model deployment. Heterogeneous model
deployment refers to LLM serving systems that utilize GPUs
with varying computational capabilities, memory capaci-
ties, or availability characteristics to optimize resource uti-
lization and cost efficiency. Among them, HexGen (Jiang
et al., 2025c) proposes asymmetric model parallelism and
evolutionary-based scheduling for distributing computation
and communication among heterogeneous GPUs and net-
works; ThunderServe (Jiang et al., 2025b) accommodates
the different computational characteristics of prefill and de-
coding phases by deploying them on heterogeneous GPUs
matched to their respective workload requirements; He-
lix (Mei et al., 2025) formulates heterogeneous clusters as a
flow network and utilizes a max-flow algorithm to maximize
system throughput; SpotServe (Miao et al., 2024) suggests
utilizing spot instances for cheap and cost-efficient LLM
serving; SkyServe (Mao et al., 2025) provides a multi-cloud
serving framework that automatically provisions LLM repli-
cas across different cloud providers and regions to optimize
cost and availability. Our work shares a similar motivation:
utilizing heterogeneous resources for cost-efficient LLM
serving, and we find it naturally complements heteroge-
neous model routing.
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E GENERALIZATION AND INDUSTRIAL
PREVALENCE

E.1 Generalization to Other Model Families

To validate that the model-GPU affinity observed in Fig-
ure 1 generalizes beyond Llama, we conduct additional
experiments on Qwen3 and DeepSeek-distill model families
following the same setup as Figure 1.

Table 5. Per-cost P95 latency (s) across model families and GPU
types. The percentage indicates the latency reduction achieved by
the more cost-efficient GPU type.

Model RTX 5090 H100
Qwen3-8B 20.52s (41.9%↓) 35.30s
Qwen3-32B 184.27s 132.73s (28.0%↓)
DeepSeek-distill-8B 17.43s (50.0%↓) 34.88s
DeepSeek-distill-70B 461.38s 292.04s (36.7%↓)

As shown in Table 5, smaller models (8B) consistently
achieve lower per-cost latency on RTX 5090 GPUs, while
larger models (32B–70B) favor H100 GPUs. This con-
firms that the model-GPU affinity exploited by BOUTE is
a general phenomenon across popular open-source model
families, not an artifact specific to Llama.

E.2 Prevalence of Heterogeneous GPU Deployments in
Industry

Large-scale serving systems rarely operate on a single gen-
eration of hardware. Due to rapid GPU release cycles (e.g.,
V100 → A100 → H100 → B100) and supply chain con-
straints, datacenters inevitably accumulate a mix of GPU
generations.

Google Cloud. As noted in Helix (Mei et al., 2025),
Google Cloud datacenters are equipped with a diverse mix
of NVIDIA GPUs including H100, A100, V100, L4, and T4.
Because hardware is deployed incrementally, serving sys-
tems must effectively utilize this heterogeneous mix rather
than relying solely on a single generation of homogeneous
accelerators.

Amazon Web Services. A similar trend is evident in AWS’s
infrastructure4, which manages a highly heterogeneous fleet
combining NVIDIA GPUs spanning multiple generations
(e.g., H100, A100, and cost-effective A10G or L4 instances)
with proprietary silicon such as Trainium and Inferentia.

These real-world deployments confirm that heterogeneous
GPU environments are the norm rather than the exception in
production LLM serving, validating the practical relevance
of BOUTE’s problem formulation.

4https://docs.aws.amazon.com/dlami/latest
/devguide/gpu.html

F ADAPTING TO DISTRIBUTION SHIFTS

In production, the workload may evolve after deployment.
We categorize distribution shifts by their required adaptation
and associated overhead.

Table 6. Distribution shift scenarios and required adaptation.
Dynamic Scenario Required Action Overhead
Quality (request difficulty) shift Online rescheduling ∼30s
Load (arrival rate) shift Online rescheduling ∼30s
Resource availability change Online rescheduling ∼30s
Request length distribution shift Database extension See below

Rationale. The offline database maps ⟨deployment, load⟩
to latency. Changes in quality distribution, load level, or
resource availability affect only the routing threshold τ and
deployment choice c, not the underlying latency charac-
teristics stored in the database. Consequently, these shifts
require only online rescheduling (∼30s, Table 2).

Request length distribution shift. When the input/output
length distribution shifts significantly, the database must be
extended with new ⟨deployment, load⟩ → latency entries
under the updated distribution. We propose two complemen-
tary strategies to minimize overhead:

Strategy 1: Parallelized extension. BOUTE continues serv-
ing with the existing database while extension proceeds in
the background. Since performance simulations of differ-
ent deployment candidates are independent, the process is
highly parallelizable. As shown in Table 7, parallelizing
across 32 CPU threads reduces offline simulation time from
24.5 minutes to 54 seconds.

Table 7. Offline simulation time with multi-threaded paralleliza-
tion.

CPU Thread(s) 1 (Baseline) 8 32
Simulation Time 24.5 min 3.4 min 54 s

Strategy 2: Pre-computed configuration space. Following
established practices in LLM serving (e.g., Splitwise (Pa-
tel et al., 2024)), we can pre-profile a grid of anticipated
input/output length distributions before deployment. When
a length distribution shift occurs, the system performs a
fast database lookup for the nearest pre-computed profile,
avoiding any online simulation.

G CONFIGURATION SWITCHING

When BOUTE triggers a rescheduling event (e.g., due to
a distribution shift), the system must transition from the
current deployment to the updated configuration. We han-
dle this through rolling updates: model replicas are incre-
mentally reconfigured in batches while the remaining fleet
continues serving requests. This approach, which follows

https://docs.aws.amazon.com/dlami/latest/devguide/gpu.html
https://docs.aws.amazon.com/dlami/latest/devguide/gpu.html
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established industry practices for zero-downtime deploy-
ments, ensures service stability without transient latency
spikes. The rescheduling decision itself (∼30s) is orders of
magnitude faster than the rolling update process, so the op-
timization does not become a bottleneck during transitions.

H EXTENSIBILITY TO ADDITIONAL
PARALLELISM SCHEMES

BOUTE’s framework is designed to be extensible to paral-
lelism strategies beyond TP and PP, with no fundamental
limitations. The key enabler is the clean decoupling be-
tween parallelism enumeration (offline) and co-optimization
search (online):

Offline phase: Extending the enumeration from (TP, PP) to
include additional dimensions—such as expert parallelism
(EP) for Mixture-of-Experts models or sequence parallelism
(SP)—requires only adding the corresponding configura-
tions to the simulator. The simulator processes these config-
urations and populates the performance database.

Online phase: The MOBO framework remains entirely
unchanged, as it treats parallelism strategies as discrete de-
ployment candidates. Additional parallelism dimensions
simply expand the candidate set without requiring any algo-
rithmic modifications.

In other words, new parallelism schemes are abstracted
as additional entries in the performance database—the co-
optimization logic remains entirely agnostic to the underly-
ing parallelism type.

I HETEROGENEOUS DEPLOYMENT DESIGN
RATIONALE

Combining homogeneous candidates via data parallelism
across GPU types is an intentional design choice rather than
an inherent limitation. Cross-GPU-type model parallelism
(e.g., TP or PP spanning H100 and RTX 5090) would in-
troduce severe performance bottlenecks, as heterogeneous
GPUs in cloud environments typically lack high-bandwidth
interconnects—for instance, inter-GPU bandwidth is often
below 5 Gbps or entirely absent on platforms such as Google
Cloud and RunPod, far below the requirements of model-
parallel communication. Data parallelism across GPU types
avoids this bottleneck entirely, as replicas operate indepen-
dently with no inter-replica communication.

J INDIVIDUAL STRUCTURAL COMPONENT
ABLATION

To isolate the contribution of each structural component, we
conduct ablation experiments disabling S1 (load-fraction
encoding), S4 (output transformation), and S5 (model-GPU

preference encoding) individually.

Table 8. Scheduling time under individual structural component
ablation.

GPU Types / Number BOUTE w/o S1 w/o S4 w/o S5 w/o all
4 / 32 32.5s 3.8 min 1.1 min 2.4 min 5.3 min
6 / 48 1.2 min 6.5 min 2.1 min 4.2 min 8.9 min

Each component contributes meaningfully: removing load-
fraction encoding (S1) has the largest individual impact
(∼7× slowdown), followed by model-GPU preference en-
coding (S5, ∼4×) and output transformation (S4, ∼2×).
The combined removal produces an ∼8× slowdown, con-
firming that the performance gain stems from the integration
of multiple problem-specific structural designs rather than
any single technique.

K QUALITY SIGNAL AND DEPLOYMENT
REALITY

BOUTE’s optimization framework is agnostic to the spe-
cific quality metric employed. In practice, service providers
commonly use application-dependent proxies such as LLM-
as-a-Judge (as in our MT-Bench evaluation), task-specific
accuracy, or user satisfaction scores. We acknowledge that
proxy metrics may not fully correlate with user-perceived
quality and can be noisy or biased. However, BOUTE re-
mains practical under imperfect quality signals: it optimizes
routing and deployment given whatever quality proxy is
available, and when better measurements become available,
the framework adapts accordingly by re-running the online
optimization phase (∼30s). Improving quality measurement
itself is an important but orthogonal research direction that
applies to all quality-aware serving systems.

L BASELINE SELECTION RATIONALE

We select RouteLLM with uniform resource allocation to
reflect current industry practice, where routing logic oper-
ates on pre-configured, static infrastructure. RouteLLM fo-
cuses solely on query-level routing and does not account for
deployment-level allocation—precisely the gap that BOUTE
addresses. The underutilization of small-model GPUs in
high-quality regimes is therefore not a baseline weakness
but a fundamental limitation of prior works that optimize
routing in isolation. We enforce a static deployment con-
straint for RouteLLM to isolate BOUTE’s core contribution:
jointly optimizing routing and deployment.


