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Abstract—Large Language Models (LLMs) are evolving at
an unprecedented pace, with new models emerging almost
daily. This has created a significant challenge for users trying
to identify the most suitable model for a given task. With
thousands of models available, selecting the right LLM has
become increasingly complex. Retraining or fine-tuning a single
model for general-purpose use is computationally expensive,
making specialized models a practical necessity. However, the
lack of tools to dynamically evaluate and combine these models
limits their accessibility and effectiveness. In this paper, we
introduce LLM Meta Search (LLM-MS), a web-based multi-
model system that dynamically selects and allocates resources
to LLMs based on query characteristics. To achieve this, we
propose novel LLM selection algorithms that optimize token
allocation, balancing response accuracy and computational cost.
QOur evaluation demonstrates that LLM-MS significantly reduces
token usage and response time compared to traditional single-
model approaches while maintaining high-quality outputs.

Keywords-LLM Meta Search, Multi Modal System.
I. INTRODUCTION

The rapid growth of Large Language Models (LLMs) [1],
[2] has transformed Natural Language Processing (NLP), en-
abling new opportunities in text generation and summarization.
Open-source LLMs in particular have played a crucial role
in democratizing Al, encouraging researchers and developers
worldwide to drive technological progress and create spe-
cialized models like GPT2 [3], GPT-Neo [4], Llama [5],
Mistral [6], Gemini 1.0 [7] and Falkon [8]. Techniques like
distillation, which replicate specific functionalities of existing
models, have further contributed to the expansion of LLM
variants (e.g., Deepseek-R1 [9]/V3 [10]) with the latest devel-
opments promoting lower latencies, lower computation costs
and enhanced performance built to power agentic experiences
e.g., Gemini 2.0 Flash [11].

As a result, the number of available LLMs has exploded,
with Hugging Face [12] alone hosting over 1,563,509 LLM
models, and Meta’s Llama ecosystem having more than 150
variants given that many models pass frequently through
revisions (e.g., Llama 3, 3.1, 3.2) but also given that these
models are available in different sizes and configurations (e.g.,
Llama 8B, 70B, 405B). While the above promotes accessibility
and flexibility, it also introduces a major challenge: how can
users efficiently select the right LLM for a specific task?
For example, LLM1 might be better in coding, while LLM?2
might be better in aiding with writing and LLM3 in reasoning.
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A seemingly logical solution is to train or fine-tune a
massive monolithic (foundation model [13]) that is highly
capable to succeed across multiple fields and tasks. Yet this is
an extremely resource intensive process, requiring substantial
computational power and time, with scalability limitations
mostly at training time, but also at inference time. It also
doesn’t solve the challenge of efficiently deploying the large
ecosystem of open pre-trained models, contributing to the di-
versification of open knowledge from different sources to yield
truthful answers. This also doesn’t reduce the sustainability
and environmental footprint of LLMs [14]. Another approach
is to decide a’ priori on which pre-trained LLMs to use for
specific tasks. However, it is error-prone to decide which LLM
to use for specific and over-specialized problems.

Recent development of Mixture of Experts (MoE) LLMs
(e.g., Mixtral [15], Deepseek-R1/V3 [9], [10], Switch Trans-
former [16] or rumors about GPT-4 MoE [17]), which is
a technique that deploys multiple specialized sub-models
(experts) from the same architecture/family with a gating
network [18] to select the best expert for each token of the
prompt. MoEs are focused on computational efficiency (i.e.,
less GPU VRAM necessary to load LLMs to GPU VRAM)
and an improved inference strategy (i.e., better inference
through dynamically routing individual prompt parts through
different experts of the same LLM.)

As an example of the computational efficiency advantage
MoE pose, consider that the traditional Llama-405B LLM
with 16bit quantization won’t fit on a NVIDIA v100 card
that has 32GB of GPU VRAM. As an example of a custom
inference strategy MoE pose, consider the Mixstral MoE that
has 8 experts and deploys at any given time point only 2 of
them [15]. MoE LLMs, like traditional LLMs, are focused
on a single-LL.M-at-a-time approach and do not diversify
their responses through the deluge of new LLM models that
are released on a daily basis. This leads to a degraded user
experience as responses will have emerged from particular
LLMs that have applied very specific ethical curation, bias
mitigation, stylistic preferences (e.g., Shakespearean style) and
preference models (formal/informal, professional/casual) [13].
Finally, current approaches, like Google’s Vertex AI Stu-
dio [19], are simply tools for rapidly prototyping and testing
generative Al models and this is merely used for developers
to test individually models as they emerge.



The open challenge we tackle in this work is how
to harness the collective power of an array of different
LLMs (stemming from different training architectures) to
improve accuracy and minimize the computation cost (as
expressed in the number of spent tokens.)

Querying multiple LLMs (from different families and ven-
dors) to improve the diversification argument, might sound
like an interesting approach but it increases dramatically
the cost for inference (as a prompt needs to be answered
multiple times) - we name this the Brute-force Approach
(LLM-MS-BRUTE). This shifts our focus back to model se-
lection, keeping the questions of balancing accuracy, cost,
and computational constraints unanswered. In this paper, we
introduce LLM Meta Search (LLM-MS), a novel multi-model
(using an array of open-source LLM models) and multi-modal
(supporting images, text and files from different families and
vendors) system designed to address this challenge. LLM-MS
distributes tokens among various LLMs based on the specifics
of each query, which helps boost both efficiency and accuracy.
Unlike typical MoE systems that assign individual tokens to
different experts — often losing the overall context - LLM-MS
uses whole-sentence embeddings to capture the full meaning
of a sentence. This makes it easier for the selection process
by taking the complete context into account.

Instead of relying on fixed rankings or simple cost-based
methods, LLM-MS uses a dynamic selection process that taps
into vector databases for efficient data retrieval and employs
aggregation algorithms to fine-tune responses. In this work,
we introduce two algorithms that choose the best response
from a set of models: (i) LLM-MS-OUA (Overperformers-
Underperformers Algorithm): This algorithm progressively
allocates more tokens to high-performing models while fil-
tering out underperforming ones. It starts with small token
allocations, evaluates responses, and increases A for the most
promising models until an improved response is identified;
and (ii) LLM-MS-MAB (Multi-Armed Bandit Algorithm): This
approach uses the Upper Confidence Bound (UCB1) multi-
armed bandit algorithm to balance exploration and exploita-
tion. Models generate responses in small token increments, and
their outputs are evaluated based on semantic similarity. The
algorithm dynamically prioritizes the best-performing models
while ensuring sufficient exploration to maximize response
accuracy.

We consider issues of Sentiment Analysis, adjusting re-
sponses based on emotional tone, and Context Awareness,
using memory and session-based filters to maintain consis-
tency and appropriateness, to be handled centrally by LLM-
MS (overriding possibly respective coverage provided already
internally by these models) .

In this paper we make the following contributions:

o« We propose an innovative architecture for efficiently
combining multiple open source LLMs into a unified
system that aims to improve accuracy and minimize the
overall search cost.

o We present a scalable prototype of LLM-MS using a web-
based search interface, implemented in Flask on a Apache
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Fig. 1. (LLM-MS): Our proposed LLM Meta Search engine allows
combining results from multiple LLMs using and array of algorithms we
propose in this work aiming to improve accuracy and minimize the (token)
cost of the search task.

web-server, which integrates the LLM-MS Linux daemon
service seamlessly integrating with NVIDIA-SMI.

e« We provide a preliminary evaluation of our algorithm
comparing it against a variety of open-source LLMs (i.e.,
Llama, Falkon, Deepseek-R) as well as synthetic deriva-
tives like LLM-MS-BRUTE that combines all individual
LLMs in a brute-force manner.

The remainder of the article is organized as follows: Sec-
tion II summarizes the related work, Section III describes
our two presented LLM meta-search algorithms while Sec-
tion IV presents a prototype system of our proposed LLM-
MS architecture. Our experimental methodology and results
are presented in Section V, and the article is concluded in
Section VI.

II. RELATED WORK

LLMs have shown to be a key tool for NLP tasks, as they are
capable of understanding and generating human language with
high accuracy [20]. They are trained on massive amounts of
data and can produce versatile and generalized responses. As
expected, with so much data, the use of specialized databases
is mandatory for managing this data efficiently. Traditionally,
databases are used to store and retrieve structured data, but
LLMs require more flexible approaches, leading to the grow-
ing adoption of vector databases, which feature Hierarchical
Navigable Small Worlds (HNSW) indices that provide poly-
logarithmic search complexity for its greedy routing to the
approximate nearest neighbor embeddings.

LLMs can be classified into two broad categories: uni-
modal and multi-modal. Uni-modal LLMs handle a single
type of data, typically text, and perform well on language-
related tasks such as text generation and summarization [20].
In contrast, multi-modal LLMs integrate multiple types of
data like text, images, and audio, allowing them to understand
relationships between different data types and generate more
diverse responses. Multi model systems refer to the use of
multiple different LLMs, of any modality, within a single
system. All models work together to process a query, taking



advantage of the expertise of each distinct model, making the
system capable of handling more complex queries.

Prior research on the usage of multiple LLMs has already
been conducted [21][22]. However, most approaches lean
heavily on the use of ensembles or fusion models rather
than the use of multiple individual LLMs on their own in
a single system. LLM-Blender [21] for example, describes a
framework which first ranks multiple models based on their
response for a given query and then merges the top-ranked
models to generate a response, allowing it to grasp on the
strengths of each model. In a similar manner, FuseLLM [22]
proposes a fusion-based approach, in which the capabilities of
existing LLMs are combined into a new LLM that incorporates
the strengths of each LLM.

MetaLLM [23] has introduced a cost-based optimization
framework for dynamically selecting and combining LLMs,
but their approach is primarily focused on minimizing compu-
tational costs. In contrast, our work emphasizes content quality
as the primary optimization criterion. Research has also been
conducted on the ranking of LLMs based on given queries;
however, it is not directly tied to multi-model systems as we
do in this work. ZOOTER [24] proposes a method for finding
an optimal routing function to direct queries to the best fitting
LLM, and similarly Shnitzer et al. [25] differentiate models
based on their suitability for each scenario. PandalLM [26]
along with Zheng et al. [27] describes the use of LLMs as a
way to evaluate and rank other LLM:s.

While the primary focus of this work is the usage of
multiple LLMs within a single system, related research has
provided complementary techniques that aim to enhance LLM
performance. Studies on vector databases demonstrate their
role in improving response accuracy, as seen in RAG [28]
and LLM for Data Management [29], and optimizing response
time, as described in VELO [30].

III. THE LLM-MS SEARCH ALGORITHMS

In this section, we describe two of the search algo-
rithms we have developed for the LLM-MS architecture.
The first algorithm, named LLM-MS-OUA (Overperformers-
Underperformers Algorithm), carries out a best-search LLM
traversal method that identifies the over-performers and the
under-performers at each step of the search process. The
second algorithm, named LLM-MS-MAB (Multi-Armed Bandit
Algorithm), is a reinforcement learning algorithm that carries
out the exploration—exploitation trade-off dilemma using a
UCBI strategy. LLM-MS-OUA focuses on dynamically prun-
ing weaker models to concentrate computational resources on
the strongest candidates, and LLM-MS-MAB balances explo-
ration and exploitation by adaptively selecting models based

on their historical performance and uncertainty estimates.
A. LLM-MS-OUA

This algorithm (shown in Algorithms 1) applies a heuristic-
based search, similar to A*, which dynamically selects the
most relevant response from multiple LLMs during text gener-
ation. It operates in a token-by-token manner, allocating a fixed
number of tokens (\) to each model and iteratively evaluating

Algorithm 1 LLM-MS-OUA
(Overperformers-Underperformers Algorithm)
Input: Set of LLMs LLM = {LLM,,LLMs,...,LLMn}, User

Prompt p, Maximum Tokens A,.qqx
Output: Best Response (rp)

I: @< 0.7, 0.3 > Tuning parameters for response scoring
20 A+ A"‘% > Allocate tokens equally among N LLMs
3: responses < {} > Store model responses
4: embeddings < {} > Store response embeddings
5: scores < {} > Store similarity scores
6: doneReasons « {} > Store termination reasons
7: bestResponse < () > Initialize best response
8: bestScore < 0 > Initialize best similarity score
9: activeModels <— LLM > Set of active models

=

: while |activeModels| > 0 do
for all LLM,; € activeModels do

—
—_

12: response;, doneReason; + getChunk(LLM;,p,\)
13: responses|LLM;] < response;
14: doneReasons[LLM;] + doneReason;
15: end for
16: for all LLM; € activeM odels do
17: embedding; < vectorize(responses[LLM;))
18: embeddings[LLM;] < embedding;
19: gScore + cosineSimilarity(embedding;,
vectorize(p))
20: interScore < InterModelSimilarity (embedding;,
embeddings)
21: scores|[LLM;)] < (a x gScore) + (8 X interScore)
22: end for
23: best M odel + max(scores)
24: secondBestScore < secondMax(scores)
25: if scores[bestModel] > secondBestScore + 0.5 and
doneReasons[best M odel] = "stop” then
26: return (best M odel, responses[bestModel]) > Early
stopping
27: end if
28: worstModel < min(scores)
29: secondW orstScore < secondMin(scores)
30: if secondW orstScore — scores[worstModel] > 0.5 then
31 activeModels + activeModels \ {worstModel}
Prune low-scoring models
32: end if
33: for all LLM; € activeModels do
34: if doneReasons[LLM;] = "finished” then
35: activeModels < activeModels \ {LLM;}
36: end if
37: end for

38: end while
39: bestPer former < max(scores)

40: return (responses[bestPer former]) > Return best response

responses in real-time, using vector embeddings and semantic
similarity. This approach ensures that the system identifies
the most accurate response while minimizing unnecessary
computational overhead. In this subsection, we discuss our
LLM-MS-OUA algorithm in depth and its related components
and parameters.

Token Allocation: Given a maximum token budget of A\.x =
2048, the algorithm begins by evenly distributing the available
tokens among N models such that each model receives \,,, =
% For example, if N = 4, each model is allocated 512
tokens. This ensures that all models operate with the same



initial token budget (although more careful analysis of this
design choice remain a topic of future research).

Round-Robin Response Generation: Each model generates
responses one token at a time. The algorithm employs a round-
robin strategy to collect responses from all models in a bal-
anced manner. This ensures that no single model dominates the
response generation process. The responses are continuously
evaluated for accuracy, similarity, and conciseness.

Vectorization and Similarity Scoring: Each token-level re-
sponse is vectorized into a 1024-dimensional embedding using
a dedicated Al model. These embeddings are then compared
to the query embedding using cosine similarity to compute a
similarity score. This score quantifies how closely the response
aligns with the original query.

Outlier Detection and Model Pruning: The algorithm con-
tinuously compares the response of each model against:

o The original user prompt (to ensure relevance).
o Other model responses (to detect inconsistencies and
outliers).

After comparing the responses, if a model’s response is
identified as an outlier (i.e., its similarity score is significantly
lower than the others), it is stopped and is not taking into
further consideration, thus reducing the number of models
being used.

Termination Criteria: The algorithm terminates under one of
the following conditions:

o A model produces a response with a similarity score that
is 0.5 or higher than the others, indicating a clear best
response.

¢ The maximum token limit is reached, in which case the
model whose response is complete and has the highest
similarity score is considered the best response.

o All the models finished gracefully below the token limit,
in which case the model with the best response is picked

Iterative Refinement: The process continues token-by-token
until an optimal response is determined based on the defined
stopping criteria.

Example: Consider a scenario with four LLMs (N = 4)
and a maximum token limit of 2048 tokens. Each model
is initially allocated 512 tokens. The algorithm begins by
collecting token-level responses from each model in a round-
robin fashion. After vectorizing and scoring the responses,
it identifies that Model 2 produces a significantly lower
similarity score. As a result, Model 2 is terminated for further
token allocations, while Models 1, 3 and 4 continue generating
their responses. After some iterations, Model 3 appears to
produce a low similarity score, while Model 4 produces a
high similarity score, exceeding the 0.6 threshold. Regardless
of the outcome of models 1 and 3, as Model 4 has surpassed
the set threshold, the algorithm terminates, and the response
of Model 4 is returned as the best output.

B. LLM-MS-MAB

The LLM-MS-MAB (Multi-Armed Bandit) leverages the
UCB1[31] algorithm to dynamically allocate computational
resources across multiple LLMs. Our approach balances ex-
ploration and exploitation to efficiently determine the best-
performing model while sticking to a strict token budget. In
this subsection, we discuss our LLM-MS-MAB algorithm and
its related components and parameters.

Token Allocation Strategy: Given a total token budget of
Amax = 2048, the algorithm does not evenly distribute tokens
upfront. Instead, it dynamically assigns tokens on demand to
the most promising model at each step. The selected model
can request additional tokens in small increments, allowing for
fine-grained control over generation.

UCBI1 Bandit Selection for Model Prioritization: At each
step, the algorithm must decide which model to query next.
To achieve this, we employ the UCB1 multi-armed bandit
algorithm, which maintains an adaptive reward system based
on past performance.

o Each model is treated as a bandit arm and starts with zero
knowledge of response quality.

o The bandit algorithm explores all models at least once
before prioritizing models that have demonstrated higher
response quality.

o The UCBI selection criterion is defined as:

21n(total pulls)
7\ humber of pulls,

where v is a dynamic exploration coefficient that controls
the exploration-exploitation trade-off. We adapt v over
time using the formula:

total reward;

UCB, = —————
" number of pulls;

)\max

0.3 (1 usedTokens)
f)/ =0.3- -

This ensures that exploration is prioritized in the early
stages of the algorithm but gradually decreases as more
tokens are consumed, forcing the algorithm to stabilize
and converge to the best-performing model.

e Models that have produced higher similarity scores com-
pared to both the original question and other models are
selected more frequently for additional token allocations.

Embedding and Similarity Scoring: After generating each
token chunk, the semantic quality of the response is evaluated
using cosine similarity scoring.
e Query Embedding: The user’s input is converted into a
high-dimensional vector representation.
o Response Embedding: Each token chunk generated by
a model is transformed into an embedding vector.
o Scoring Mechanism:

— The similarity between the response embedding and
the query embedding is computed using cosine sim-
ilarity.

— The response is compared against the responses
generated by the rest of the models.



— A weighted reward function is applied:
reward = « - cosine similarity with query
+ B - average similarity with other models

« Early Termination: A model produces a response with
a similarity score that is 0.5 or higher than the others,
indicating a clear best response.

Dynamic Model Pruning: As the algorithm progresses, mod-
els that consistently underperform are naturally de-prioritized.
Explicit pruning is not required, as the bandit strategy automat-
ically minimizes allocations to poorly performing models. If a
model’s response is consistently behind in terms of similarity
score, the model will eventually be eliminated from further
pulls.

Termination Criteria: The generation process stops when one
of the following conditions is met:

« Token budget exhausted: The algorithm has allocated
all 2048 tokens.
« High-confidence response identified: A model achieves
a significantly higher reward than others.
At the end of execution, the model with the highest total
reward is identified, and its latest response is returned as the
best response.

IV. LLM-MS PROTOTYPE ARCHITECTURE

The LLM-MS system is a multi-model, multi-modal plat-
form designed to efficiently allocate computational resources
and dynamically select LLMs based on query characteristics.
The architecture consists of four main components:

o Hardware Layer: GPU and CPU resource management.

o Storage Layer: Filesystem, vector database and client-
side local storage.

o Computation Layer: Model execution and API interac-
tion.

« Application Layer: Web server, and user interface.

Figure 2 illustrates the LLM-MS system architecture.

A. Hardware Layer

The foundation of LLM-MS relies on a heterogeneous hard-
ware architecture that uses NVIDIA GPUs to execute models
efficiently. Multiple GPUs are utilized for parallel processing
and if no GPU resources are available, computations are
handled by the CPU.

B. Storage Layer

The LLM Filesystem is a dedicated place in which the
supported LLMs are stored in an ext4 format. For these
models to function properly a shared vector database among
them is mandatory. Unlike traditional databases that organize
data in tables and rows, vector databases store data as multi-
dimensional vectors. Data, of any type, is first transformed
into an embedding, a series of numbers representing the
data, which is then stored in the database as a vector. These
embeddings are generated based on the context of the data,
meaning that similar data have similar embeddings, which

Algorithm 2 LLM-MS-MAB

Input: Set of LLMs LLM = {LLM:, LLM>,..
prompt p, Maximum tokens Amax
Output: Best response 7,

I: @<+ 0.7, 0.3 > Tuning parameters for response scoring

2: Initialize UCB1 bandit with N arms

3: explore_coef ficient <— 0.3 > Base exploration coefficient for
UCB

: embeddings «+ {}

: responses < {}

. scores + {}

: usedTokens < 0

: total Pulls < 0

9: bestResponse + ()

10: bestScore < 0

11: while (usedTokens + Apuil) < Amax do

12: i < selectArm() > Choose LLM with UCB1

13: LLM,; <+ LLM]i]

14: (chunk, doneReason) <— pullChunk(LLM;, p, Apun)

15: Append chunk to responses|LLM;]

16: usedTokens < usedT'okens + Apui

17: total Pulls < total Pulls + 1

18: ~ < explore_coef ficient - (1 — usedT okens/Amax)

., LLMn}, user

> Store response embeddings

> Store partial responses per LLM
> Store similarity scores per LLM
> Track cumulative tokens used

[N e NNV N

19: embedding; < vectorize(responses|LLM;])

20: embeddings|LLM;] < embedding;

21: gScore + cosineSimilarity(embedding;, vectorize(p))

22: interScore < InterModelSimilarity (embedding;,

embeddings)

23: scores|[LLM;] < (a x gScore) + (B X interScore)

24: reward <— scores|LLM;)

25: updateBandit (¢, reward, ) > Update UCB1 formula

26: best M odel + max(scores)

27: secondBestScore < secondMax(scores)

28: if scores|bestModel] > secondBestScore + 0.5 then

29: return completeAnswer(best M odel,
responses[bestModel]) > Returning full

answer
30: end if

31: end while

32: for all LLM; € LLM do > Compute final scores for each

LLM

33: if responses[LLM;] is non-empty then

34: embedding; < vectorize(responses[LLM;))

35: embeddings[LLM;] < embedding;

36: gScore « cosineSimilarity(embedding;,
vectorize(p))

37: interScore + InterModelSimilarity (embedding;,
embeddings)

38: scores|[LLM;)] < (a x gScore) + (5 x interScore)

39: else

40: scores|LLM;] < 0

41: end if

42: end for

43: bestModel < max(scores)
44: bestResponse <— responses[bestM odel]
45: return best Response

naturally forms relationships among the data. For the em-
beddings to be accessible to all LLMs in the system, an
embedding normalizer is used to ensure consistency across
all embeddings, which allows for seamless mapping of the
queries to the appropriate LLMs. A handful of databases have
been developed to facilitate the new needs that come with
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LLMs, with ChromaDB and Milvus being among the most
popular ones. Pan et al. [32] provide an extensive survey on
vector database management systems, further analyzing their
internal processes and their role in Al-driven applications.

LLM-MS uses ChromaDB for its Retrieval-Augmented
Generation (RAG) pipeline and local storage for client-side
session persistence. It supports hierarchical context manage-
ment by summarizing large chat histories while keeping es-
sential information. Files and queries uploaded by users are
processed, vectorized and stored in ChromaDB. By using
cosine similarity, a core feature of ChromaDB, we fetch the
most relevant text segments that align with the query. An
enchanced prompt is constructed and feeded to the large
language models. Thus, the large language model returns an
informed answer. Additionally, our system supports hierar-
chical context management by summarizing extensive chat
histories while preserving essential details, and it ensures
session continuity through local storage.

Algorithm 3 RAG using Flask, ChromaDB, and Ollama

1: Input: Receive file F' and query @ via Flask.

2: Extract: Extract text 7' from file F' using Python libraries
(supports PDF, TXT, image).

3: Store: Compute embeddings E for text 1" and store the pair
(T, E) in ChromaDB.

4: Embed Query: Compute embeddings F¢g for query Q.

5: Retrieve: Use cosine similarity in ChromaDB to fetch the most
relevant text segments S matching Eq.

6: Prompt: Construct prompt P by combining ) with retrieved
segments S.

7: Infer: Send P to the Ollama client and receive response R.

8: return R

C. Computation Layer

For model deployment and management, LLM-MS uses
Ollama 0.4.5 Daemon, which is responsible for:

o Loading and executing models from the LLM Filesystem.
o Handling API requests for model inference.
« Distributing workload among system resources.

D. Application Layer

This layer accommodates the web-based interface and user
interaction logic of LLM-MS. The Apache Webserver runs
using a Flask back-end and is responsible for:

e Processing user queries and feeding them to the Ollama

daemon.

o Retrieving and displaying responses in real-time.

e Managing session data while ensuring history summa-

rization for long conversations.

o Hosting the algorithms described in Section III, LLM-

MS-OUA and LLM-MS-MAB.

LLM-MS functions on a browser-based User Interface that
allows users to interact with the system, and supports:

e Dynamic model selection.

« Real-time response streaming.

o Session history with privacy controls that is wiped once

the session expires.

V. EXPERIMENTAL METHODOLOGY & EVALUATION

This section presents an experimental evaluation of our pro-
posed approach. We start out with the experimental methodol-
ogy and setup, followed by various experiments conducted that
expose the core benefits of our LLM-MS family of algorithms.

A. Methodology

This subsection provides details on the algorithms, metrics,
and datasets used for performance evaluation.

Testbed: The evaluation was conducted on a VMware private
datacenter within our laboratory, particularly on an HP DL380
Genl0 with 80 logical processors and a powerful NVIDIA
V100 card. The virtualized computing node consists of a
Ubuntu O.S. 20.4 image equipped with 98GB of RAM, 40
virtual CPUs (@ 2.10GHz), 100GB SSD, and 1TB of NVMe
memory.

Truthful QA Query Dataset [33]: Our experimental eval-
uation uses the TruthfulQA benchmark dataset found on
Huggingface [12], which measures whether a language model
is truthful in generating answers to questions. The benchmark
comprises of 817 questions that span 38 categories, including
health, law, finance and politics. Questions are crafted so that
some humans would answer falsely due to a false belief or
misconception. The datasets contains ground truth, i.e., (i)
the best answer; (ii) the correct answers and; (iii) the wrong
answers, to each of the 817 questions in the dataset.

LLM Datasets: We utilize the following LLM models in our
evaluaton:

o Llama 3.1 8B [34], which is a light-weight model
(compared to its siblings 70B and 405B), used for higher
quality inference and distillation. This dataset is 4.9 GB.

e Mistral 0.3 7B [6], which is a model from the Mistral
family, the smallest of the family used for fine-tuning at
any task.

o Qwen2.5 7B [35], which is the latest series of Qwen large
language models, pretrained on Alibaba latest large-scale
dataset.
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Performance Evaluation: The left graph shows the average F1 scores per model, the middle graph depicts the average reward/tokens ratio, and the

TABLE I
SUMMARY OF RESULTS PER MODEL

Model Best Ratio | Avg. Ratio | Avg. Reward | Best F1 | Avg. F1
llama3.1 0.1260 0.0198 0.7283 0.6556 0.1119
qwen2.5 0.1329 0.0226 0.7438 0.8049 0.1378
mistral 0.1329 0.0195 0.7409 0.8049 0.1299
LLM-MS-OUA 0.1309 0.0233 0.7616 0.7230 0.1636
LLM-MS-MAB 0.0944 0.0225 0.7728 0.7582 0.1618
LLM-MS-BRUTE 0.1270 0.0210 0.7672 0.7900 0.1590

Metrics: The efficiency of the proposed technique is evaluated

using two primary metrics: Reward and Tokens Used, as

described in Section IV. The Reward is computed via a

weighted scoring mechanism based on the cosine similarity

between embeddings. Specifically, the reward is defined as:
Reward = w; - sim(response, golden answer)

+ wo - sim(response, correct answers) ()

— w3 - sim(response, incorrect answers)

where wy = 1, we = 0.5, and w3 = 0.5, and sim(-, ) is the
cosine similarity between two embedding vectors. Addition-
ally, the F1 score is used to assess the quality of the generated
responses, while token efficiency is the total number of tokens
utilized during the inference .

We have developed a set of algorithms that identify the best

response, each based on a different approach.

o LLM-MS-OUA: With this approach, the best response
is generated by progressively increasing the value of A
allocated to models, based on previous responses. The
models first generate responses using a small A, and based
on the outcomes, a subset of the used models is called
again with a bigger A.

e LLM-MS-MAB: This approach formulates model se-
lection as a reinforcement learning problem, leveraging
the UCB1 multi-armed bandit algorithm. The models are
treated as bandit arms, and the algorithm dynamically
selects which model to allocate tokens to based on explo-
ration—exploitation trade-offs. This strategy prioritizing
models that demonstrate higher response quality while
ensuring sufficient exploration of all candidates.

B. Performance Evaluation

We evaluated our LLM-MS-OUA and LLM-MS-MAB al-
gorithms against three baseline models, namely llama3.1,

gwen2.5, and mistral, on the TruthfulQA benchmark dataset.
We measured both response quality and token efficiency.
Table I shows the main results, and the following paragraphs
discuss key observations.

a) Average Reward: LLM-MS-MAB has the highest aver-
age reward (0.7728), which shows that it consistently produces
responses closer to correct or best answers while avoiding
incorrect ones.

b) Average F1: LLM-MS-OUA shows the highest average
F1 (0.1636). Although qwen2.5 and mistral achieve higher
single data-point F1 scores (up to 0.8049), LLM-MS-OUA
maintains better overall consistency.

¢) Reward/Tokens Ratio: LLM-MS-OUA has the highest
average reward-to-tokens ratio (0.0233), suggesting it uses
tokens efficiently. Meanwhile, LLM-MS-MAB has a ratio of
0.0225, which is competitive .

d) Takeaways:

o« LLM-MS-MAB has the highest average reward (0.7728).
o LLM-MS-OUA has the highest average F1 (0.1636) and
the highest average reward-to-tokens ratio (0.0233).
Overall, LLM-MS balances reward maximization with token
usage, showing stable performance across the dataset.

VI. CONCLUSIONS AND FUTURE WORK

The rapid evolution of LLMs has revolutionized NLP,
enabling new opportunities in text generation, summarization,
and multi-modal understanding. However, this has introduced
significant challenges in model selection, resource allocation,
and computational efficiency. In this paper, we introduced
LLM-MS, a web-based multi-model system designed to ad-
dress these challenges by dynamically selecting and allocating
resources to LLMs based on query characteristics.

LLM-MS leverages a three-layer architecture, with a user-
friendly front-end, a robust back-end, and a vector database, to



provide real-time interaction, efficient data management, and
hierarchical context management. Using advanced search and
reinforcement learning algorithms, the system optimizes token
allocation and response quality while maintaining a balance
between computational cost and accuracy. We introduced two
algorithms to guide model selection, namely: (i) LLM-MS-
OUA, which is an iterative approach progressively allocates
more tokens to high-performing models while filtering out
underperformers, ensuring efficient resource distribution; and
(ii) LLM-MS-MAB, which leverages the UCB1 algorithm to
dynamically balance exploration and exploitation, prioritizing
models that generate the most relevant responses while main-
taining diversity in selection.

Our experimental evaluation demonstrates that both algo-
rithms minimize token usage and response quality compared
to standard single-model approaches, while maintaining or
improving response quality. These results highlight LLM-MS’s
potential for efficient and adaptive model selection in real-time
applications.

Future work includes extending LLM-MS to support ad-
ditional models and refining response accuracy metrics. We
also aim to investigate how LLM-MS can be combined with
MoE architectures and deploying open architectures that re-
alize our proposed ideas. By continuously improving model
integration and optimization strategies, LLM-MS represents a
step forward in making LLM-based systems more accessible,
efficient, and adaptable for a wide range of applications.
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