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Resumo
Modelos de linguagem de grande porte (LLMs) se tornaram compo-

nentes cruciais de sistemas de IA modernos, apoiando uma ampla

gama de aplicações por meio de tarefas de geração de linguagem

natural. Embora plataformas de execução de código aberto, como o

Ollama, simplifiquem a implantação de LLMs em ambientes locais

e on-premises, a distribuição eficiente das cargas de inferência entre
múltiplas instâncias do Ollama ainda representa um desafio em

aberto. Estratégias convencionais de balanceamento de carga, origi-

nalmente projetadas para serviços web sem estado, não consideram

as características dinâmicas de execução da inferência de LLMs,

resultando em uso subótimo de recursos e aumento de latência, espe-

cialmente em ambientes computacionais heterogêneos. Este artigo

propõe o OllamaRouter, uma estratégia especializada de balancea-

mento de carga voltada à inferência distribuída de LLMs utilizando

a API de geração de texto do Ollama. A estratégia proposta aloca

dinamicamente as requisições com base em estimativas de tempo de

processamento de tokens em tempo de execução e na carga das filas,

adaptando-se ao desempenho heterogêneo dos nós sem introduzir

sobrecarga computacional significativa. Para avaliar a eficácia do

OllamaRouter, foi conduzido um experimento controlado compa-

rando seu desempenho com as estratégias convencionais Round
Robin e Least Connection, sob uma taxa constante de requisições. Os

resultados mostram que o OllamaRouter proporciona maior vazão

e menor latência média por requisição, especialmente à medida que

o número de requisições em espera aumenta. As melhorias práticas

observadas e o aumento da estabilidade destacam o potencial do

balanceamento de carga adaptativo na otimização de cenários de

execução distribuída de LLMs.

Abstract
Large Language Models (LLMs) have become crucial components

of modern AI systems, supporting a wide range of applications

through natural language generation tasks. While open-source

serving platforms such as Ollama simplify the deployment of LLMs

in local and on-premises environments, efficiently distributing in-

ference workloads across multiple Ollama instances remains an

open challenge. Conventional load balancing strategies, initially

designed for stateless web services, fail to account for the dynamic

execution characteristics of LLM inference, leading to suboptimal

resource utilization and increased latency, particularly in heteroge-

neous computing environments. This paper proposes OllamaRouter,
a specialized load balancing strategy tailored for distributed LLM

inference using the Ollama text generation API. The proposed strat-

egy dynamically allocates requests based on runtime estimates of

token processing time and queue load, adapting to heterogeneous

node performance without introducing significant computational

overhead. To evaluate the effectiveness of OllamaRouter, we con-
ducted a controlled experiment comparing its performance agains

conventional Round Robin and Least Connection strategies, under a

constant incoming request rate. The results show thatOllamaRouter
delivers higher throughput and lower average request latency, par-

ticularly as the number of waiting requests increases. The observed

practical improvements and increased stability highlight the po-

tential of adaptive load balancing in optimizing distributed LLM

serving scenarios.

CCS Concepts
• Software and its engineering→ Software as a service or-
chestration system; • Computing methodologies → Natu-
ral language processing; Distributed computing methodologies; •
Computer systems organization→ Client-server architectures.
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1 Introduction
Large Language Models (LLMs) have become key enablers of mod-

ern natural language processing pipelines, supporting tasks ranging

from conversational agents to domain-specific information extrac-

tion. Although the availability of open-source models and tools

such as Ollama has democratized the deployment of LLMs, the

computational cost of inference remains a significant challenge,

especially in production environments where inference requests

are frequent and workloads are dynamic [15]. Inference, rather

than training, now dominates the runtime resource consumption in

many applications, raising concerns about latency, infrastructure

costs, and energy consumption [4].

Ollama emerged as a practical platform for running open-source

LLMs locally, providing an accessible API and simplified deploy-

ment process. Its adoption spans various domains, including the

deployment of automotive industry chatbots [8] and the develop-

ment of an R wrapper for seamless API access [3]. While Ollama

simplifies local serving, running it efficiently in distributed envi-

ronments presents new challenges, particularly when managing

heterogeneous computational resources and dynamically changing

workloads.

The need for scalable and adaptive load balancing strategies

becomes especially critical in applications where LLM inference

pipelines must process fine-grained, real-time requests. A repre-

sentative example of such a scenario is risk analysis for mobile

applications, where frameworks such as iRisk [1] and MApp-IDEA

[7] [9] leverage open-source LLM agents to extract and prioritize

risks from user reviews. In such systems, inference requests are
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short, numerous, and highly variable, demanding a responsive and

efficient serving infrastructure. However, existing load balancing

strategies are typically not designed to optimize inference latency

and resource utilization in heterogeneous environments.

To efficiently support these workloads, we propose a two-fold

architecture: (i) an application layer capable of generating dynamic

inference workloads, such as risk analysis frameworks or other

domain-specific tools; and (ii) a serving infrastructure powered

by OllamaRouter, a specialized load-balancing framework tai-

lored for distributed LLM inference using the Ollama API. While

our experimental evaluation uses a risk analysis scenario as a case

study, OllamaRouter is domain-agnostic because it operates solely

on generic runtime signals—such as latency, queue length, and

throughput—rather than on the semantics of the tasks being pro-

cessed. As a result, it can support any system that requires scalable,

distributed inference over open-source LLMs. It dynamically dis-

tributes inference requests based on runtime performance metrics,

efficiently balancing load across heterogeneous nodes and improv-

ing throughput stability.

In our experimental setup, the challenges of executing risk analy-

sis workloads on distributed Ollama instances highlighted the need

for a more intelligent load balancing mechanism. Naive strategies,

such as round-robin or least-connections, failed to fully utilize the

available computational capacity, leading to resource underutiliza-

tion in some nodes and overload in others. OllamaRouter addresses

this limitation by dynamically adjusting routing decisions, consid-

ering runtime metrics such as estimated time per token and queue

size.

Our contributions are two-fold:

• We propose an inference-oriented load balancing strategy

designed for heterogeneous environments running open-

source LLMs through Ollama;

• We empirically validate the OllamaRouter architecture us-

ing a real-world workload generated by a risk analysis

framework, demonstrating improvements in throughput

and latency stability compared to conventional balancing

strategies.

By bridging the gap between scalable LLM inference and practi-

cal deployment in resource-constrained environments, OllamaRouter

advances the state of the art in open-source LLM serving. It enables

a wide range of applications — including, but not limited to, risk

analysis — to operate efficiently without depending on proprietary

cloud services, reducing both operational costs and privacy risks

while supporting timely and scalable LLM-based inference.

2 Related Work
Load balancing and communication optimization are fundamental

challenges in distributed machine learning systems, particularly

in heterogeneous environments. Several strategies have been pro-

posed to address the straggler problem and communication bottle-

necks during training.

Li et al. [6] proposed the Adaptive-Dynamic Synchronous Parallel
(A-DSP) model, integrating the AdaptFR load balancing strategy.

A-DSP dynamically redistributes workloads and adjusts synchro-

nization thresholds according to node performance, efficiently mit-

igating load imbalance in cloud environments. Compared to Bulk

Synchronous Parallel (BSP) and Stale Synchronous Parallel (SSP),

A-DSP achieves better throughput without compromising model

accuracy.

Qi et al. [13] introduced Nebula, a bandwidth allocation strategy

for mitigating intra-job network contention in distributed deep

neural network (DNN) training. Nebula dynamically allocates net-

work bandwidth between co-located Parameter Server (PS) and

worker tasks, improving training stability and throughput in pro-

duction GPU clusters. This approach distinguishes itself by tar-

geting intra-job contention, complementing prior solutions that

primarily addressed inter-job competition.

Ouyang et al. [11] presented a comprehensive survey on com-

munication optimization strategies for distributed deep learning.

They categorized techniques into algorithm-level optimizations

(e.g., gradient compression, periodic communication) and network-

level solutions (e.g., optimized AllReduce schemes). The survey

also emphasized overlapping computation and communication, a

crucial aspect for improving efficiency in large-scale distributed

training.

Duan et al. [2] approached the problem from a data and pa-

rameter partitioning perspective. By leveraging data sparsity, they

proposed a bipartite graph partitioning heuristic to minimize inter-

machine communication and training time in parameter server

architectures. Their solution demonstrated significant reductions

in communication overhead without sacrificing load balancing.

Zhang et al. [17] tackled parameter synchronization in heteroge-

neous network topologies, proposing a topology-adaptive scheme

based on near-optimal packing of Steiner trees. Their approach

dynamically constructs communication trees tailored to available

bandwidth, reducing synchronization latency compared to tradi-

tional AllReduce.

Jain et al. [4] address the limitations of treating LLM inference

as monolithic jobs by explicitly modeling the distinct prefill and
decode phases that contribute to load imbalance. They propose a

reinforcement-learning-based router with a response-length pre-

dictor and a cost model to distribute queries across instances of

the same LLM architecture, achieving improvements in end-to-end

latency, Time-To-First-Token (TTFT), and Time-Between-Tokens

(TBT). While their work represents an important step toward adap-

tive routing in inference workloads, it focuses on fine-grained

phase-aware balancing within homogeneous model deployments

and requires offline training for the router policy.

Another critical line of research focuses on optimizing the in-

ternal execution of LLM serving instances. The vLLM[5] serving

system, utilizing the PagedAttention algorithm (inspired by operat-

ing system paging techniques), significantly increases throughput

by achieving near-zero waste in Key-Value (KV) cache memory

and allowing flexible sharing. This internal optimization allows

vLLM to deliver 2 to 4 times throughput improvements compared

to state-of-the-art systems. While vLLM focuses on intra-instance

GPU memory efficiency, the proposed OllamaRouter addresses the

distinct and complementary challenge of adaptive load balancing

for distributed LLM inference.

Most approaches focus on training scenarios and assume either

static topologies or pre-defined frameworks. In contrast with Jain et

al.[4] approach, our work targets dynamic load balancing in hetero-

geneous inference environments, where instances are distributed
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in hosts with different capabilities are exposed via API. Rather than

relying on trained cost models or reinforcement learning, our ap-

proach offers a lightweight, adaptable routing strategy designed to

handle runtime load variation across diverse LLM instances.

Our work proposes a load balancing strategy specifically de-

signed for distributed inference using the Ollama API. By dynam-

ically adapting to runtime load variations and optimizing both

routing and execution latency, our approach improves throughput

and stability in heterogeneous inference environments.

To better highlight the differences among the related works and

our proposed approach, Table 1 summarizes the key character-

istics of each strategy. While prior works have made significant

contributions in training scenarios, focusing on load balancing,

communication optimization, and synchronization strategies, our

work is distinguished by its focus on distributed inference. Specif-

ically, our approach targets dynamic load balancing and latency

optimization for heterogeneous environments during inference re-

quests, a scenario that remains underexplored despite its practical

importance in API-based serving workflows.

3 OllamaRouter Strategy
The proposed load balancing strategy is guided by two fundamental

principles: conceptual simplicity and computational efficiency. To

meet these requirements, we designed Algorithm 1, which deter-

mines the optimal target instance to handle each incoming request.

The core idea is to estimate, for each instance, the expected

waiting time that a new request would experience. This estimation

combines two key elements: (i) the predicted number of tokens

required to generate a response, and (ii) the instance’s average pro-

cessing time per token. By multiplying these quantities and adding

the estimated number of tokens already queued on that instance,

the algorithm accounts for both the expected computational cost

of the new request and the current workload distribution.

The instance with the lowest estimated waiting time is selected.

In the event of a tie, preference is given to the instance with the

smaller queue size. Furthermore, instances with no prior time-per-

token estimate and no queued requests are prioritized, allowing the

system to collect performance metrics and improve future decisions.

The number of tokens, whether in the queue or in the current

request, is approximated from the number of characters (excluding

consecutive whitespaces) in the corresponding prompt(s), multi-

plied by a dynamic token estimation factor.

Formally, let 𝐼 denote the set of available instances. For each

instance 𝑖 ∈ 𝐼 , we define:

• 𝑞𝑖 : total number of characters in the prompts currently

queued on instance 𝑖;

• 𝛾𝑖 : dynamic queue weight of instance 𝑖;

• 𝑡𝑖 : estimated average time per token for instance 𝑖;

• 𝑇 : estimated number of tokens to be processed for the cur-

rent request;

• 𝑝: number of characters in the current request prompt;

• 𝑓 : token estimation factor.

The estimated number of tokens for the request and the estimated

waiting time for instance 𝑖 are given by:

𝑟 = 𝑝 × 𝑓 ,

𝑊̂ (𝑖) = (𝛾𝑖𝑞𝑖 𝑓 +𝑇 ) × 𝑡𝑖
(1)

The parameter 𝛾𝑖 serves as a dynamic weighting coefficient that

adjusts the influence of the queue length on the estimated delay for

instance 𝑖 . Its value lies within the range [0, 2], enabling adaptive
sensitivity to the queue load according to observed performance

characteristics. For example, instances capable of concurrent pro-

cessing may operate with lower effective queue weights (closer

to 0), since additional queued requests have minimal impact on la-

tency. Conversely, instances susceptible to degradation under load

are assigned higher weights (approaching 2), emphasizing the cost

of queue accumulation in the estimation.

The algorithm selects the instance 𝑖∗ that minimizes the esti-

mated waiting time:

𝑖∗ = argmin

𝑖∈C
𝑊 (𝑖) (2)

where C is the set of candidate instances, defined as follows:

• If any instance has an available estimate for 𝑡𝑖 , consider

only those instances or those with empty queues;

• Otherwise, include all available instances.

If multiple instances yield the same minimum estimated waiting

time, the instance with the smallest queue size 𝑞𝑖 is chosen as the

final target.

Computational Complexity. The selection process iterates over all
available instances, resulting in a time complexity of𝑂 (𝑛), where 𝑛
is the number of instances. This linear complexity ensures that the

algorithm remains lightweight and suitable for runtime decision-

making in distributed environments.

Algorithm 1 details the implementation of this strategy, outlining

the steps for computing the estimated wait time, selecting candidate

instances, and applying the tie-breaking rules to determine the

optimal instance.

4 OllamaRouter Architecture
The OllamaRouter architecture has three main components:

(1) The load balancer itself;

(2) A Redis™ server;

(3) Ollama instances.

Figure 1 illustrates the overall architecture of OllamaRouter,

highlighting the main components and the sequence of interactions

between them. The diagram presents the flow of a request from its

reception by the load balancer, through the queuing and instance

selection processes, to the final response delivery. Each stage is

designed to operate asynchronously, promoting scalability and

efficient resource utilization in distributed LLM serving scenarios.

The load balancer was developed using NestJS, a Node.js frame-

work, and BullMQ, a fast and robust background job processing

library for Redis™. This choice was made due to the reliability of

NestJS and the non-blocking I/O nature of Node.js. Using BullMQ

makes it possible to control how many requests are currently being

processed by the Ollama instances and also allows for future im-

provements, such as distributing the load balancer across multiple

instances, implementing a dead-letter queue, and more.
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Table 1: Comparison of Related Works and Proposed Approach

Approach Scenario Focus Area Adaptivity Target Problem

Li et al. [6] (A-DSP) Training Load balancing Dynamic Straggler mitigation in heterogeneous nodes

Qi et al. [13] (Nebula) Training Bandwidth allocation Semi-dynamic Intra-job network contention

Ouyang et al. [11] Training Communication optimization (survey) - Algorithmic and network-level optimizations

Duan et al. [2] Training Data/parameter partitioning Static Communication reduction via data sparsity

Zhang et al. [17] Training Synchronization topology optimization Semi-dynamic Bandwidth-aware parameter synchronization

Jain et al. [4] Inference Phase-aware load balancing Dynamic Latency optimization via prefill/decode routing

Kwon et al.[5] Inference KV Cache Memory Management / Attention Algorithm Dynamic KV cache fragmentation and memory redundancy, low throughput

This work (Proposed) Inference Load balancing and routing Fully dynamic Load distribution and latency optimization in distributed LLM inference

Figure 1: OllamaRouter architecture.
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Algorithm 1 OllamaRouter Instance Selection

1: function chooseInstance(evaluatedTokenQuantityEstimate)

2: chosenInstance← NULL
3: bestEstimatedWaitTime← NULL
4: hasInstancesWithTime← checkAnyInstanceWithTime

5: if hasInstancesWithTime then
6: candidates← filterCandidateInstances

7: else
8: candidates← instances

9: end if
10: for all instance in candidates do
11: queueLengthInCharacters← instance.queueLengthInCharacters

12: queueLengthInTokens← calculateTokensByCharacters(queueLengthInCharacters)

13: queueWeight← instance.queueWeight

14: timePerTokenEstimate← instance.timePerTokenEstimate

15: estimatedWaitTime← (queueLengthInTokens × queueWeight + evaluatedTokenQuantityEstimate) × timePerTokenEstimate

16: if isBetterCandidate(chosenInstance, estimatedWaitTime, queueLengthInTokens) then
17: chosenInstance← instance

18: bestEstimatedWaitTime← estimatedWaitTime

19: end if
20: end for
21: return chosenInstance

22: end function

23: function isBetterCandidate(chosenInstance, estimatedWaitTime, queue)

24: if chosenInstance = NULL then
25: return TRUE
26: else if estimatedWaitTime < bestEstimatedWaitTime then
27: return TRUE
28: else if estimatedWaitTime = bestEstimatedWaitTime and queue < chosenInstance.queueLengthInTokens then
29: return TRUE
30: else
31: return FALSE
32: end if
33: end function

34: function checkAnyInstanceWithTime

35: return TRUE if ∃ instance in instances such that instance.timePerTokenEstimate ≠ NULL
36: end function

37: function filterCandidateInstances

38: return [i ∈ instances | i.timePerTokenEstimate ≠ NULL or(i.timePerTokenEstimate = NULL and (i.queueLengthInTokens = NULL or
i.queueLengthInTokens = 0))]

39: end function

40: function calculateTokensByCharacters(charactersCount)

41: return charactersCount × tokenEstimateFactor

42: end function

In the proposed architecture, requests go through a series of

stages:

(1) Request reception and queuing;

(2) Ollama instance selection;

(3) Parameter updating;

(4) Response delivery.

The following subsections address each stage.

4.1 Request Reception and Queuing
The load balancer receives a request with prompt and model in

the /ollama/generate endpoint. The BullMQ library is then used

to enqueue the request using the Redis™ server and wait for the

request processing.
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4.2 Instance Selection
The load balancer handles incoming requests concurrently. An

instance is selected according to the strategy described in Section 3,

after which the request is forwarded to the chosen instance and the

response is awaited.

If an error occurs during request transmission or while waiting

for the response, the instance selection process is retried up to a

maximum of four times.

4.3 Parameter Updating
When an instance returns a response, specific fields from the pay-

load are used to update the parameters involved in the instance

selection process. The following properties are extracted:

• eval_count: Number of tokens generated in the response;

• promp_eval_count: Number of tokens present in the prompt.

These values, together with the request’s waiting time, are em-

ployed to update both the token estimation factor and the time-
per-token estimate of the selected instance. The update procedure

is based on an exponential moving average (EMA), allowing the

system to gradually adapt to variations in performance while pre-

serving stability.

Let 𝑇 denote the total number of tokens, 𝑡𝑖 the estimated time

per token for instance 𝑖 , and𝑊 the measured waiting time for the

request. The updates are computed as follows:

𝑇 = eval_count + promp_eval_count,

𝑡 =
𝑊

𝑇
,

𝑡𝑖 ← 𝛼𝑡 + (1 − 𝛼)𝑡𝑖 ,

𝑓 ← 𝛼
𝑇

𝑝
+ (1 − 𝛼) 𝑓 ,

𝛾 ←
{
1, if 𝑊̂ = 0,

max(0,min(2, 𝛾
(
1 + 𝛼 (𝑊

𝑊̂
− 1)

)
)), otherwise.

(3)

Here, 𝛼 represents the EMA smoothing factor, 𝑝 denotes prompt

character count, and 𝑊̂ is the estimated wait time. Together, these

updates enable OllamaRouter to continuously refine its internal

estimates of instance performance, improving future selection deci-

sions.

Additional details about some of these variables and their roles

can be found in Section 3.

4.4 Response delivery
Once the selected Ollama instance completes the inference process,

its response is forwarded to the load balancer, where it is used

to compose the final reply to the original client request. After de-

livering the response, the corresponding job is removed from the

queue, maintaining the system’s flow and ensuring that subsequent

requests are processed efficiently.

5 Experiment Design
To evaluate the efficiency of the proposed strategy a quasi-experiment

(a kind of empirical study where the assignment of treatments to

subjects is not random) [16]. To do so, some research questions

were raised and a test was conducted against our proposed solution

and two conventional strategies.

5.1 Research Questions
The main research question is: for the usage of the Ollama text

generation endpoint, can the proposed strategy bring better per-

formance than conventional load balancing strategies in a scenario

with computers with different performance capabilities? To an-

swer this question, we formulated the following specific research

questions:

• RQ1: Can OllamaRouter achieve better throughput than
conventional strategies?

• RQ2: Can OllamaRouter achieve lower average request

duration than conventional strategies?

• RQ3: Does OllamaRouter maintain stable performance over

time as requests continuously arrive?

The experiment was designed to extract quantitative metrics to

address these research questions.

5.2 Experiment Definition
The experiment is defined as follows:

• For a predetermined model,

• For each strategy,

• Send requests at a consistent rate over a specified duration,

• In a common context.

5.3 Preparing and Planning
For the preparation of the conducted tests, it was necessary the

following steps:

• Choose a model;

• Generate the test workload;

• Prepare the test environment;

• Choose a tool and strategies to test against;

• Operate the tests scenarios.

5.4 Experimental Package
To promote reproducibility and support open science practices,

the experimental OllamaRouter package has been made publicly

available at https://github.com/rodineimcoelho/OllamaRouter. The

repository contains a README.md file with detailed instructions for

installing and running the package. Furthermore, the test scripts,

configuration files, and experimental results are openly accessible

at https://github.com/rodineimcoelho/OllamaRouter-tests.

5.5 Inference Model
To generate a realistic and complex inference workload capable

of stressing the load balancing mechanism, we adopted the iRisk

model [1], a modular framework designed to automate risk analysis

from mobile app reviews. This model reflects the scenario that orig-

inally motivated this study, characterized by dynamic, fine-grained

requests and heterogeneous computational demands, making it

representative of typical distributed inference workloads.

The iRisk framework builds upon a fine-tuned version of the

LLAMA3 [10] 8B language model, adapted with Low-Rank Adap-

tation (LoRA) and optimized using the Unsloth framework. The

https://github.com/rodineimcoelho/OllamaRouter
https://github.com/rodineimcoelho/OllamaRouter-tests
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fine-tuning was performed on a dataset of mobile app reviews an-

notated with issues, functionalities, and risk attributes, enabling

the model—referred to as i-LLAMA—to extract structured risk as-

sessments from unstructured text. The fine-tuned model uses 4-bit

quantization to reduce memory consumption and improve infer-

ence efficiency, supporting deployment in resource-constrained or

heterogeneous environments.

5.6 Workload Generation
The workload used in our experiments was generated using a mod-

ular framework previously developed to support automated risk

analysis from app reviews [1]. This system continuously processes

user reviews, extracting structured information regarding software

issues and their associated risk levels. Its design enables the gener-

ation of inference requests that realistically simulate the variability,

volume, and complexity of real-world app feedback.

The core inference task is formalized as a multi-output super-

vised mapping from a raw user review 𝑅𝑖 to a tuple of extracted

attributes:

𝑓Θ (𝑅𝑖 ) = (𝐼𝑖 , 𝐹𝑖 , 𝑆𝑖 , 𝑃𝑖 ) (4)

where:

• 𝐼𝑖 : The identified issue or complaint described by the user;

• 𝐹𝑖 : The functionality affected by the issue;

• 𝑆𝑖 ∈ {1, 2, 3, 4, 5}: The predicted severity level of the issue;

• 𝑃𝑖 ∈ [0, 100]: The predicted likelihood of the issue occur-

ring.

The system projects these predictions onto a two-dimensional

risk matrixM(𝑠, 𝑝), where each cell aggregates the number of oc-

currences of issues with specific severity-likelihood coordinates.

This dynamic matrix evolves over time as new reviews are pro-

cessed.

Each user review processed by the framework is submitted as

a separate inference request, making the workload composed of

fine-grained, heterogeneous tasks. The natural language inputs,

combined with structured risk extraction, generate a highly variable

and bursty workload that is well-suited to evaluate load balancing

strategies in distributed LLM inference scenarios.

This workload setup ensures that our evaluation scenario reflects

real-world patterns of user-generated feedback, capturing both

high-volume and dynamic aspects of inference loads encountered

in app ecosystems.

5.7 Environment
For the experimentation environment, the computers described in

Table 2 were used.

Docker was used to run Ollama containers and the load balancers

under test. A Redis™ container was used only when testing our

proposed solution. Each computer ran one Ollama container, and

Computer A ran the load balancer under test. When testing our

proposed solution, Computer A also ran the Redis™ container. The

figure 2 provides a diagram illustrating the test environment.

It is important to note that the computers used in the experi-

ments have different performance capabilities, as this variation is

intentional and directly related to the main research question.

Figure 2: Environment Diagram

5.8 Choice of Reference Tool
To choose the tool that would be compared with our proposed

solution, two requirements were defined:

• That it be a free and open-source tool, to facilitate repro-

ducibility of the tests without costs;

• That it be a relevant tool.

The chosen tool is HAProxy, a high-performance open-source

solution that meets the established criteria and offers many algo-

rithms to choose from. [12, 14]

Among the algorithms offered by HAProxy, the round-robin and

least connection strategies were selected for the experiment. These

algorithms were chosen because they operate without requiring

any modification to the request (e.g., additional headers) or any

algorithm-specific preconfiguration. The Source, URL Parameter,

and URI algorithms could not be used, as all requests originate from

the same IP address and share the same URI.

In the round-robin algorithm, requests are sent to each instance

in order, one after another. In the least-connections algorithm, re-

quests are sent to the instance that currently has the fewest active

connections. [12, 14]

5.9 Test Operation
To execute the tests, k6, a load testing tool owned by Grafana, was

used to run test scripts and generate results.

The test was conductedwith a constant arrival rate of one request

every 40 seconds over a period of 40 minutes (0.025 requests per

second). After this period, the test entered a 30-minute graceful

stop phase to allow pending requests to complete, ensuring a well-

defined termination.

Due to internal timing characteristics of k6, slight variations
in the total number of requests may occur. As a result, some test

runs produced 61 requests instead of 60. This minor discrepancy is

inherent to the tool’s scheduling mechanism and does not have a

significant impact on the overall results or their interpretation.
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Table 2: Computers

Computer Processor Memory GPU Operating System

A Intel® Core™ i7-6700K 4.00GHz 64GB NVIDIA Titan X (PASCAL) Linux (Debian)

B Intel® Xeon® E5-1650 v2 3.5GHz 64GB N/A Linux (Debian)

To ensure that a real improvement was achieved, the test was

also conducted with Computer A as a single host. This allowed us to

observe whether the least performant computer would negatively

affect any of the strategies.

6 Results and Discussion
Table 4 presents the main result metrics collected during the test.

The Round Robin and Least Connection strategies were unable

to complete all requests within the test duration. The testing tool,

k6, calculated the metrics based only on the completed requests.

Therefore, better metric values do not necessarily indicate better

performance, as some requests were not successfully completed.

Figures 3, 4, and 5 provide a comparative view of the average

request waiting time, completion rate and throughtput, respectively,

over the test duration time for each strategy. The lines in the plotted

charts starts on the first completed and request and ends on the

last completed requests.

Figure 3: Cumulative Average Request Waiting Time

6.1 Request Waiting Time
The proposed OllamaRouter strategy achieved the second-lowest

request waiting time, behind only the Least Connection strategy.

However, Least Connection did not complete all requests within the

test duration. This behavior suggests that using only the number

of active connections as a parameter to decide which computer

receives each request is not reliable in heterogeneous environments.

Although Least Connection showed a lower mean waiting time,

approximately 13.34% of the requests were not completed at all

during the test. In terms of waiting time, OllamaRouter is, therefore,
a more reliable and stable option.

Figure 4: Completion Rate Over Time

Figure 5: Cumulative Throughput

In comparison, the average request waiting time of OllamaRouter
was approximately 41.76% lower than that of Round Robin and

37.14% lower than when using a single host.

6.2 Completion Rate
The completion rate metric represents the proportion of success-

fully completed requests relative to the total number of requests

issued. Among all evaluated strategies, only OllamaRouter and the

single-host configuration achieved a 100% completion rate. Nev-

ertheless, OllamaRouter reached full completion more than ten
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Table 3: Comparative Results

Strategy Requests Sent Completed Requests Completion Time (s) Avg. Request Waiting Time (s) Throughput (req/s)

Least Connection 60 52 N/A 280227.94 1.8685 × 10
−2

Round Robin 60 50 N/A 700479.01 1.1970 × 10
−2

Single Host 60 60 3701 649019.42 1.6212 × 10
−2

OllamaRouter (this work) 61 61 3073 407972.21 1.9850 × 10
−2

Table 4: Detailed Request Waiting Time Metrics (seconds)

Strategy Avg. Min. Med. Max. P(90) P(95)

Least Connection 280227.94 55074.77 305815.69 504110.54 440660.20 460342.73

Round Robin 700479.01 41495.86 57351.83 2637355.97 2171772.59 2428499.04

Single Host 649019.42 42255.43 645779.98 1341945.45 1210203.67 1264345.11

OllamaRouter (this work) 407972.21 34255.59 405956.28 932744.34 672525.00 698354.86

minutes earlier, indicating a consistent and significant improve-

ment in performance.

6.3 Cumulative Throughput
Figure 5 illustrates the cumulative throughput, defined as the num-

ber of successfully completed requests divided by the elapsed time

along the x-axis. During the initial phase of the experiment, the

single-host configuration exhibited slightly higher throughput. How-

ever, as the pending workload accumulated, OllamaRouter progres-
sively outperformed it, demonstrating superior overall efficiency.

Consistent with the results observed for the other metrics, the

Round Robin strategy yielded the lowest performance. After approx-

imately 40 minutes of execution, its throughput declined sharply,

indicating instability under sustained load conditions.

6.4 Discussion
This section summarizes and interprets the main findings of the

experimental evaluation, emphasizing the practical implications of

adaptive load balancing in heterogeneous inference environments.

The consolidated results confirm that adaptive load balancing

effectively improves both latency and throughput under heteroge-

neous conditions. The proposed OllamaRouter strategy consistently
outperformed conventional approaches over time and is expected

to maintain superior performance under higher concurrency levels.

These findings indicate that OllamaRouter’s adaptive instance
selection mechanism, which considers token estimates and runtime

execution time, enables more efficient request distribution across

nodes with varying capabilities. Although the statistical evidence is

constrained by the test scope and sample size, the observed trends

align with the expected advantages of adaptive load balancing in

heterogeneous systems.

Practically, OllamaRouter provides a lightweight and domain-

agnostic solution for enhancing LLM inference with Ollama. In

distributed environments where node performance varies—such

as edge computing, on-premises clusters, or hybrid cloud deploy-

ments—static or naive load balancing strategies fail to adapt to

runtime workload fluctuations. By dynamically routing inference

requests based on runtime feedback, OllamaRouter improves re-

sponsiveness, stabilizes throughput, and optimizes resource utiliza-

tion with minimal overhead. As workload intensity and heterogene-

ity increase, its adaptive mechanisms are expected to deliver even

greater benefits in real-world deployments.

7 Threats to Validity
As with any empirical study, this work is subject to several threats

to validity that may affect the generalizability and reliability of

its results. We discuss the main threats categorized as internal,

external, construct, and conclusion validity.

7.1 Internal Validity
Internal validity threats refer to potential factors that could affect

the cause-effect relationship between the proposed load balancing

strategy and the observed results. Since the experiments were con-

ducted in a controlled environment, the influence of background

processes or resource contention on the nodes cannot be entirely

ruled out. To mitigate this, the test environment was isolated from

unrelated workloads, and the same hardware conditions were main-

tained across all experiments. Nevertheless, the initialization phase

of the LLM instances may introduce minor variability in response

times, especially in the first inference requests.

7.2 External Validity
External validity concerns the generalizability of the results beyond

the experimental context. Our experiments were performed using

a specific workload generated by a risk analysis framework and

executed on a limited number of machines with known perfor-

mance differences. While the OllamaRouter strategy is designed

to be domain-agnostic, the experiments did not evaluate its perfor-

mance under different inference workloads, models, or hardware

configurations. Future studies are needed to validate the strategy in

other application domains, model types, and large-scale distributed

environments.
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7.3 Construct Validity
Construct validity relates to whether the measurements used ac-

curately capture the intended constructs. In our study, we used

throughput and request duration as proxies for balancing effective-

ness and system responsiveness. While these are standard metrics

for evaluating load balancers, other aspects, such as fairness in

workload distribution or energy consumption, were not measured.

Additionally, the use of simulated workloads generated by an au-

tomated framework may differ from real-world user behavior in

production systems.

7.4 Conclusion Validity
Conclusion validity refers to the extent to which the statistical

analysis supports the conclusions. Given the relatively small scale

of the experiment and the deterministic nature of the workload,

we did not perform statistical hypothesis testing. The observed

trends in throughput and latency across multiple test steps provide

empirical support for our conclusions, but larger-scale and repeated

experiments would strengthen the confidence in these findings.

8 Final Remarks and Future Work
This paper presented OllamaRouter, a specialized load balancing

strategy designed to improve distributed inference performance

for the Ollama text generation API. By dynamically adapting to

runtime execution metrics such as queue length and token pro-

cessing time, OllamaRouter effectively distributes workloads across

heterogeneous nodes, reducing response latency and increasing

throughput stability.

Our experimental results, based on a real-world risk analysis

workload, demonstrated that the proposed strategy achieves better

throughput and request duration metrics compared to conventional

strategies such as round-robin and least-connections. The strategy

proved especially effective in mitigating performance variability

under increasing loads, showing potential for scalable and cost-

efficient LLM serving in resource-constrained environments.

Despite these positive results, this study has some limitations.

The evaluation was performed in a controlled environment with a

limited number of nodes and hardware configurations. Furthermore,

theworkloadwas limited to a single use case based on a risk analysis

framework. Broader validation, covering different types of inference

workloads and larger distributed environments, is necessary to fully

assess the generalizability of the proposed approach.

As future work, we intend to extend OllamaRouter in several

directions:

• Incorporate more advanced runtime metrics, such as GPU

utilization and memory consumption, to refine the load

balancing decisions;

• Experiment with predictive balancing strategies, using his-

torical workload patterns to anticipate future bottlenecks;

• Examine the impact of parameter tuning on load balancing

behavior, such as varying the alpha value in the exponential

moving average;

• Incorporate logging features.

• Extend OllamaRouter with more resilience features, such

as backoff in the retry mechanisms and dead-letter queue

support;

• Evaluate the scalability of OllamaRouter in large-scale dis-

tributed environments with dozens of heterogeneous nodes;

• Integrate OllamaRouter with other LLM serving platforms,

assessing its applicability beyond the Ollama ecosystem;

• Provide support for mixed workloads, combining multiple

model types and inference tasks in the same distributed

environment.

By continuing to evolve the OllamaRouter architecture, we aim

to contribute to the broader adoption of open-source LLMs in dis-

tributed and heterogeneous environments, democratizing access to

scalable and cost-effective language model inference.
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