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Abstract

Due to the limited capabilities of single Large Language Models (LLMs), multiple LLMs can be
employed in tandem for better reliability of answers. Blending refers to combining the strengths
of various LLMs to make use of their complementary capabilities for generating high-quality
responses. It is a non-trivial problem, and the task becomes even more difficult when aiming
for minimal latency and supervising the blending components. The standard framework, LLM-
Blender, approaches this in three stages: response generation, candidate selection via ranking,
and response fusion through summarization. However, this pipeline faces two critical limita-
tions—high latency due to repeated ranking steps, and heavy reliance on external, supervised
components including a learned encoder for ranking and a separate sequence-to-sequence sum-

marizer for fusion.

In this thesis, we propose novel, efficient alternatives to overcome these challenges. This thesis
comprises two works. First, we show that reducing the frequency of ranking within multi-
turn conversations significantly improves latency with minimal degradation in output quality.
Second, we introduce a peer-review-based response fusion mechanism, where LLMs collectively
evaluate and revise each other’s responses, removing the need for any externally trained rankers
or summarizers. This collaborative method enables fully self-contained LLM blending without

additional training or supervision.

We assess our proposed methods on the task of Conversational Question Answering across five
multi-turn conversational benchmarks — ConvQuestions, Atlas-Converse, CoQA, QuAC, and
DoQA—using ten diverse, publicly available open-weight LLMs. Experimental results demon-
strate that our peer-review-driven framework with reduced ranking achieves quality on par with
existing approaches while being substantially more efficient. Our work presents a step toward

scalable, modular LLM ensembling for real-world open-domain dialogue systems.
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1 INTRODUCTION

Growing innovations in LLMs have shown impressive performance in various tasks, including
retrieval tasks such as powering question-answering systems, showing a promising future for
Artificial General Intelligence (AGI). However, no single LLM is universally optimal across all
domains or question types. Research on LLMs has highlighted significant variability in perfor-
mance across tasks, making the selection and optimization of LLMs an active area of study.
For example, some models may excel at factual recall, while others may produce more fluent
or context-aware responses. Prominent LLMs such as GPT-4, Mistral, Gemma, Deepseek-1lm
exhibit diverse strengths and weaknesses due to differences in their training data, architectures,
and settings. This means they can actually complement each other [JRL23]. Considering the
diverse strengths and weaknesses of LLMs, we can harness their complementary potentials to
generate consistently better responses for each input, leading to improved robustness, general-
ization, and precision. By combining their unique contributions, we can alleviate biases, errors,

and uncertainties in individual LLMs, resulting in outputs of better quality.

However, combining LLMs is not a trivial task. Ensembling classical machine learning model
is easy, as their final output is often predicted class labels or regression scores which can be
easily combined with bagging, boosting, or similar techniques. However, the final production of

Generative Models like LLMs is complex and may lose its meaning when naively combined.

This disparity has motivated the exploration of various pre-inference, post-inference, and in-
inference that address this problem of combining strengths of various LLMs, as described in
Chapter 2 in detail. LLM Blending is one such paradigm aimed at ensembling multiple LLMs

to combine their complementary strengths.

In this thesis, we explore efficient strategies for blending LLMs that maintain or improve answer
quality while reducing the computational and training burden. By rethinking the structure of
blending and introducing mechanisms such as intra-model peer review, we aim to make blended

LLM systems more efficient, autonomous, and applicable to open-domain conversation scenarios.
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Chapter 1. Introduction 2

1.1 Motivation

Shen et al. [SWJT24] argue that relying on a single LLM limits performance, especially with
smaller models. They propose a modular architecture with distinct planning components, each
handled by specialized LLMs. This framework outperforms single-LLM baselines in tool-use
benchmarks. Jiang et al. [JRL23] analyze 5,000 instructions and show that the top-performing
LLM varies significantly across tasks, depending on topic, question type, and query complexity.
Similarly, Lu et al. [LMN'24] demonstrate that blending multiple smaller models (6B/13B)
can match or exceed the performance of much larger models like ChatGPT. A/B testing on
the Chai platform confirms that model blending offers a resource-efficient path to high-quality

conversational Al. All these works motivate us to explore LLM Ensemble.

1.2 Background

Blending is one of the recent solutions for LLM Ensemble, introduced with LLM-Blender[JRL23].
It works in three steps. It involves generating multiple candidate responses from different LLMs,
selecting them using a ranking strategy, and then fusing the best content into a single coher-
ent answer. The goal is to surpass the limitations of any single model by aggregating diverse
perspectives and capabilities. While effective, this pipeline is computationally intensive and re-
lies heavily on supervised components such as trained rankers and summarizers, which limit its

scalability and responsiveness—especially in real-time conversational settings.

User Query

Candidate
responses t()p K
responses

- Final Answer

A E— Ci_b :
A,

.Ké; Ranker Fusion
NS

8

Committee

of LLMs Context

Ficure 1.1: Working of LLM-Blender
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Chapter 1. Introduction 3

(1) Candidate Generation: Given an input prompt, several diverse LLMs are queried in
parallel. Each model returns a candidate response, introducing variability in content, specificity,

and phrasing. These outputs form the candidate pool for subsequent stages.

(2) Pairwise Ranking (PairRM): All candidate responses are evaluated pairwise using a
ranking model conditioned on the input. For each pair, the model predicts which response
is preferable. The results form a pairwise comparison matrix from which global rankings are
computed. This step distills quality from the candidate pool by leveraging learned comparative

judgments.

(3) Generative Fusion (GenFuser): The top-K ranked candidates are then fed into a fusion
model alongside the original input. Rather than selecting a single candidate, the fusion model
generates a new output that synthesizes the strengths and resolves conflicts across the top re-

sponses. This generative step enables abstraction, consensus-building, and semantic integration.

LLM Blender is a framework with modular pipeline, it is lightweight, model-agnostic and compat-
ible with arbitrary black-box LLMs, enabling diverse models to collaboratively generate higher-
quality outputs.

Despite its effectiveness, it suffer from significant computational overhead making it impractical
to be deployed for real-work Question Answering (QA) systems. The problem with LLM-Blender
is that it considers every LLM on the committee as a potential candidate. Therefore, it generates
a response from every LLM. Candidate selection is a compute-intensive step. Given a committee
of N LLMs, there are (];[ ) pairs of LLMs. The candidate selection step evaluates the winner in
each pair before making the candidate selection. This computation leads to significantly higher
latency when generating the blended output. Please refer to Figure 1.2. We can observe that as

the pool size increases, the Candidate Selection step becomes the bottleneck.

@ Final fusion
120

100
80

60

Time Taken(s)

40
20
e -
12
8
]
n=4 n=6

= = n=10 n=15
No of LLMs

FIGURE 1.2: Time taken by blending, as pool size scales
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Chapter 1. Introduction 4

1.3 Organization of this Thesis

In this work, we propose a set of strategies that reduce latency while retaining the benefits
of ensembling. First, we investigate reducing the frequency of candidate selection, reusing the
previously ranked LLM shortlist for subsequent turns in a conversation. This reuse avoids
unnecessary response generation and selection overhead, leading to substantial speedups. We
introduce three caching policies: two that operate within a single conversation, and one that

generalizes across multiple conversations.

Second, we present a peer-reviewed LLM blending mechanism, which eliminates the need for
an externally trained ranker or summarizer. Instead, LLMs in the ensemble collaboratively
evaluate and refine each other’s responses, leveraging their own generative and evaluative capa-
bilities. This approach allows for a fully self-contained and supervision-free blending process,

dramatically reducing both training and inference costs.

We validate our proposals on multi-turn conversational benchmarks—ConvQuestions and Atlas-
Converse—which require reasoning over contextually linked user queries. Our results show that
our architecture delivers high quality answers with lower latency with comparable response

quality compared to the baseline pipelines.

The present dissertation is organized into eight chapters, each of which is structured into relevant
sections and subsections to ensure clarity. Chapter 1 introduces the motivation and outlines
the main objectives of the research. Chapter 2 presents a detailed literature survey covering
prior work in Conversational Question Answering and LLM ensembling. Chapter 3 describes
techniques designed to reduce latency, along with the rationale behind the engineering strategies
adopted. Chapter 4 proposes a novel, supervision-free LLM blending paradigm based on peer
review, and elaborates on its design and intuition. Chapter 5 explains the methodology employed
in this research, including datasets, evaluation metrics, and experimental setup. Chapter 6
presents the experimental results and comparisons with existing methods. Chapter 7 consolidates
the key findings and conclusions from the experiments of this thesis. Finally, Chapter 8 discusses

the limitations of the current method and suggests further possible research directions.

+ iThenticate Page 21 of 53 - Integrity Submission Submission ID trn:oid:::3618:100748685



+ iThenticate Page 22 of 53 - Integrity Submission Submission ID trn:oid:::3618:100748685

2 LITERATURE REVIEW

The field of ensemble learning for LLMs is well known as a critical research area addressing
the limitations of individual models while using their complementary strengths. This survey
examines various methodologies for combining multiple LLMs, revealing a diverse landscape of
approaches that operate at different stages of inference and employ distinct aggregation strate-
gies. The literature demonstrates that ensemble methods can significantly improve performance
across various tasks, with training-free approaches showing particular promise for practical de-

ployment.

The evolution of ensemble methods for LLMs has progressed from foundational architectural
innovations to sophisticated training-free strategies. The journey began with the seminal work
by Shazeer et al. in (2017) [SMM™'17], which introduced the layer of Sparsely-Gated Mixture
of Experts (MoE), a foundation milestone in conditional computation that allowed selective
activation of specialized subnetworks, enabling vast scaling with minimal overhead. In 2022,
Wang et al. [WWS22] proposed the self-consistency decoding strategy, pioneering intra-model
ensemble techniques by sampling diverse reasoning paths from a single model and aggregat-
ing via majority vote. The same year, Fedus et al. [FZS22] scaled the MoE paradigm to
trillion-parameter regimes with the Switch Transformer, utilizing simplified expert routing and
sparse feedforward layers to achieve significant training speedups. By 2024, the challenge of
combining heterogeneous LLMs was addressed by Huang et al. [HFL"24], whose Deep Prob-
ablity Enfusion (DeePEn) framework fused output distributions using relative representation
theory, mitigating vocabulary mismatches across models and yielding notable improvements in
knowledge-centric tasks. In 2025, Chen et al. [CLC"25] offered a comprehensive taxonomy of
ensemble techniques—classifying them into pre, mid, and postinference strategies—while bench-
marking 12 diverse tasks to demonstrate the superiority of ensemble systems. Most recently,
O’Keeffe [OBCR'25] advanced hybrid Artificial Intelligence (AI) paradigms by leveraging di-
verse prompting, opinion pooling, and calibration to show that LLM ensembles can match or
exceed human crowds in probabilistic forecasting, highlighting their potential as robust decision-

support systems.
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Chapter 2. Literature Review 6

Pretrained Router

Non-Pretrained Router
Token-Level Fusion
During Inference | Probabilistic Fusion |

Span-Level Selection
Self-Consistency

Human-like Voting |

Meta-Learning

Before Inference

Ensembling Methods

» After Inference

4=| Mixture-of-Experts (MoE) |

Architectural Approaches }—>| Switch Transformer |
‘ﬁ] Language Model Cascades |

FIGURE 2.1: Literature on Ensembling of LLMs

2.1 LLM Ensemble Methods

We can broadly classify LLM Ensemble Methods into these categories :-

2.1.1 Ensemble-Before-Inference Approaches

An LLM-router is a component that dynamically assigns input query instances to the most
appropriate Large Language Model(s) ahead of generations, based on features of input data like
task type, complexity, or domain. This approach represents a computationally efficient method
for model selection, as it requires only a single model to process each query while maintaining
the benefits of having multiple specialized models available. Recent works have extended this
concept in various directions: TaskMoE [DLW™22] uses task embeddings to route inputs to
task-specialized experts; SkillNet [SLSW23] trains a router to invoke sub-skills dynamically
based on supervised learning; and Modular Prompting [LMN*24] routes at the level of prompts
or modules rather than models, enabling compositional reasoning across task. Non-pretrained
routers, conversely, rely on dynamic strategies without prior training phases, such as employing
ranking systems to determine model quality through pairwise comparisons [OAW 24, LYL 124,
WSZ+24].

2.1.2 Ensemble-During-Inference Methods

The ensemble-during-inference category encompasses approaches that aggregate responses from

multiple models during the response generation phase, allowing for real-time adjustment based
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on model outputs. This category includes both token-level and span-level ensemble methods,

each addressing different aspects of the integration challenge.

Vocabulary discrepancy between heterogeneous LLMs represents a fundamental obstacle for
token-level ensemble methods, as direct averaging of probability distributions becomes unfeasible
due to token misalignment. Token-level ensemble methods aggregate token-level outputs while
dealing with vocabulary alignment [HFL*24]. Solutions like the relative representation theory
approach in DeePEn employ vocabulary merging and weighted averaging to derive unified token
distributions, mapping probability distributions from individual model spaces to a universal
relative space based on data representation, then aggregating before transforming results back
to determine the next token. PackLLM[MKK24], a test-time fusion method, adaptively combines
multiple LLLMs by assigning importance weights based on perplexity minimization over the input,

for fusion of knowledge from similar but multiple LLMs without retraining.

Span-level ensemble methods makes use of the outputs of multiple LLMs by having each model
generate short text spans conditioned on a shared prefix, followed by scoring these spans—typically
using perplexity—and selecting the best one for composition. This offers finer control and greater
coherence than token-level fusion while avoiding the redundancy of full-output selection. No-
table approaches include SweetSpan[SZLC23], which independently generates and scores spans
using average perplexity; Gool-Fusion[WLL™25], which synchronizes generation at common word
boundaries before selection; and SpanFusion [XCWZ25], which optimizes fixed-length span fu-
sion for decoding efficiency. Across these methods, perplexity serves as the standard metric for
evaluating the fluency and confidence of candidate spans, enabling a structured and interpretable

ensemble strategy.

2.1.3 Ensemble after-inference

Stacking techniques, borrowed from traditional machine learning ensemble methods, have also
been adapted for LLM applications [MGS*23]. These approaches use predictions from multiple
models as features to build meta-models for final predictions, potentially reducing overfitting
while improving model accuracy. The stacking framework provides a structured approach to
combining diverse model predictions while maintaining interpretability of the ensemble decision

process. However they are mostly useful for usage of LLMs in GLUE tasks.
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2.2 Advanced Architectural Approaches

2.2.1 Mixture of Experts Framework

The MoE architecture represents a sophisticated approach to combining multiple experts through
dynamic routing mechanisms [SMM™*17]. In the context of LLMs, each feedforward network or
an “expert” develops proficiency in different topics during training, based on the principle that
an ensemble of weaker LMs specializing in specific tasks can produce more accurate results than
a single generalist model with a gating network directing inputs to appropriate models based on
the topic at hand. This architecture differs from traditional ensemble methods by incorporating
the routing decision directly into the model architecture rather than treating it as a separate

post-processing step.

The gating network serves as a crucial component that improves its understanding of each
model’s strengths over time and fine-tunes routing decisions accordingly. Notable implementa-
tions include Mixtral, which reportedly used eight different models orchestrated through this

framework, and GPT-4 more efficient architectural implementation.

Switch Transformers represent a specific implementation of the MoE concept, designed to scale
to models with trillion-parameters with simple and efficient sparsity [FZS22]. This approach
demonstrates how ensemble concepts can be integrated directly into transformer architectures

to achieve massive scale while maintaining computational efficiency.

2.2.2 Language Model Cascades

Language model cascades provide a probabilistic programming for composing multiple models
together, a more general framework that can incorporate various other ensemble approaches
principled on probabilistic foundations [DCX*22]. The cascade approach allows for implement-
ing completely disparate model structures with different inference strategies and even modalities
within a unified language, giving flexibility for complex compositional tasks. Expressing these
compositions as graphical models with random variables whose values are complex data types
such as strings. This framework encompasses various existing techniques including math scratch-
pads and Chain of Thoughts (CoT) reasoning, verifiers, selective-inference mechanisms, and tool

use.
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2.2.3 Training-Free Ensemble Strategies

Recent research has demonstrated the effectiveness of simple, training-free ensemble strategies
that can be applied to existing LLMs without additional model training. These approaches focus
on unifying inferences generated by different single LLMs to produce more stable and accurate
results. One notable study demonstrated that ensemble methods using medium-sized LLMs can
produce more robust and accurate results than using a single large model, achieving an 18.6%
reduction in RMSE for text classification tasks [HFLT24].

The training-free approach addresses practical deployment concerns by eliminating the need for
additional computational resources for model training while still achieving significant perfor-
mance improvements. This characteristic makes such methods particularly attractive for real-
world applications where computational resources are constrained or where rapid deployment is

required.

2.3 LLM Blender: A Modular Ensembling Framework

LLM Blender is a training-free ensemble framework that combines the outputs of multiple
LLMs to generate a superior response. It works in the following way: selecting high-quality
candidates and synthesizing them effectively. The system consists of three primary stages:

Candidate Generation, Pairwise Ranking, and Generative Fusion.

LLM Blender is a lightweight, scalable, and interpretable framework for inference-time ensem-
bling of LLMs. It is model-agnostic and compatible with arbitrary black-box LLMs, enabling
diverse models to collaboratively generate higher-quality outputs. The framework operates in
three stages: (i) Candidate Generation, where multiple LLMs produce independent responses;
(ii) Pairwise Ranking, which uses a learned ranking model to compare candidate pairs and iden-
tify the top-performing responses; and (iii) Generative Fusion, where the selected top responses
are fused into a single, coherent output by a generative model. This modular pipeline not
only improves output fidelity by leveraging complementary model strengths but also provides

interpretability through its transparent ranking stage.

Being a modular framework, blending has been adopted in various applications. For instance,
[RYCM24] introduced JudgeBlender, where multiple LLMs are ensembled as automatic judges
for relevance assessment, while [YLZ 23] proposed a blended LLM ensemble tailored for Medical
QA tasks.
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3 EFFICIENCY USING REDUCED COMPARISONS

With the limitations of relying on single LLM pointed out in Chapter 1, it is clear that we need to
put together an ensemble of multiple LLMs. However, as observed in our initial experiments Fig
1.2 simply blending the output of all available LLMs without selection (i.e., increasing candidate
size to N) leads to a degradation in output quality. This highlights the necessity of a candidate
selection or ranking step in LLM blending. On the other hand, ranking is a computationally
expensive procedure, contributing to overall latency. Our work addresses this challenge by
proposing techniques to reduce the computational frequency of this critical candidate selection

process, with the aim of balancing output quality with computational efficiency.

3.1 Problem Formulation and Objective

3.1.1 Ensemble Framework Components

Given an input @ and a committee of N LLMs M = {Mj, Ms, ..., My}, the ensemble process
generates N candidate outputs by processing ) through each model. The complete set of
candidate outputs is denoted as Y = {y1,v2,...,yn}, where each y; = M;(D,) is the output
generated by model M;.

Our ensemble framework, building upon existing architectures like LLM-BLENDER [JRL23],

comprises two core components:
1. Candidate Ranking (PATRRANKER): This module evaluates and ranks the candi-
date outputs Y to identify the most promising subset.

2. Response Fusion (GENFUSER): This module synthesizes a final, high-quality re-

sponse ¢ from the selected top-ranked candidates.

10
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3.1.2 Mathematical Preliminaries
3.1.2.1 Ranking

The PAIRRANKER module relies on a scoring function S(y;, D,) that assesses the quality or
relevance of a candidate y; with respect to the input D,. In practice, especially in frameworks

like LLM-BLENDER, this scoring is often performed via pairwise comparisons.

Let f(yi,y;) be a pairwise scoring function that quantifies the confidence that candidate y; is
superior to candidate y; for a given input D,. This function typically outputs a real value, where
higher values indicate stronger confidence. For a set of N candidates Y = {y1,y2,...,yn}, a

RNXN

pairwise comparison matrix M € is constructed, where each element M;; is defined as:

0 ifi=j
ij =

M. -

The function f(y;, y;) can be implemented by a discriminator model (e.g., a fine-tuned DeBERTa-
v3-large as in LLM-BLENDER) that takes a pair of input responses and a query, and predicts

which response is better, or a score indicating preference.

3.1.2.2 Aggregation for Global Scores

From the pairwise comparison matrix M, a global score s; for each candidate y; is derived. A
common aggregation strategy, such as the one used in LLM-BLENDER’s ‘MaxLogitsAggrega-
tion‘, combines the pairwise comparison scores to yield a consolidated rank. The score s; for
candidate y; can be calculated as:
N
si= Y (M — Mj)

=1

This formula aggregates the relative strengths of y; against all other candidates. A higher s;
indicates that y; is preferred over a larger number of other candidates, or is strongly preferred

where it is superior.

3.1.2.3 Candidate Selection

Based on these aggregate scores, Yiop = {¥o(1), Yo(2)s - - - » Yo(K) }> K top candidates are selected

for the fusion stage. The value of K is a critical parameter, as demonstrated by our experiements.
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3.1.3 Response Fusion

The GENFUSER module takes the top K ranked outputs Yio, as input and synthesizes a final

output . This process can be formalized as a fusion function F"

g = F(ya(1)7ya(2)7 LR yU(K))

In LLM-BLENDER, F' is implemented by a fine-tuned sequence-to-sequence model (e.g., Flan-
T5-x1) that generates § by conditioning on the multiple input candidates. The objective of
GENFUSER during training is to minimize a distance metric between the generated response

and the ground truth summary y:
@* = arg mgin [’(yv g; Y:cop)

where £ is a loss function (e.g., based on token cross-entropy or ROUGE/BERTScore equivalents
during fine-tuning) that measures the discrepancy between the ground truth and the fused

output.

3.1.4 Formalizing the Trade-off Objective

Our primary objective is to rigorously study the trade-off between output quality and compu-
tational efficiency (latency) when altering the ranking process. Let Q(y,y; D,) denote a quality
function (e.g., BERTScore) that measures the similarity between the ground truth output y and
the predicted output g for a given input D,. Let T(D,) denote the time taken to generate the

final output for input D,., encompassing both ranking and fusion.

We introduce a binary decision variable r € {0, 1} to indicate whether ranking is applied (r = 1)
or avoided (r = 0) for a specific query or set of queries. For a test set Diest = {(Dg), yNIE | we
alm to quantify the degradation in quality AQ and the speedup AT as functions of the ranking

decision:

L
1 L . L ,
_1 @ (DO 1 — 1)) — O(u® @ (DO . —
AQ Lzézl (Q(y 9Dy r=1)) = Q9 (D, r 0)))
L
1 , ,
1 @ p— 1) — (DO —
AT L;:l: (T(Dx r=1)—T(D, r o))

A positive AQ implies quality loss when ranking is skipped, while a positive AT signifies time

savings. Our goal is to analyze these metrics under various conditions of ranking reduction.
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Furthermore, we investigate the impact of the number of models K selected for fusion on both

performance and time complexity. We aim to analyze:

L

Q) = 7 S QU 3 (K, ;D)

=1

where g)(i)(K ST Dg(f)) is the output from fusing K models. If » = 1, these are the top K ranked
models. If r = 0, these could be K randomly selected models or the initial K models from
the committee, depending on the specific policy. Our objective is to determine an optimal K
that balances quality maximization and time minimization under both ranking and non-ranking
scenarios. Large number of candidates reduces the quality of blended output (from preliminary

experiments)

Yes —>»
Generate

Response from all
LLMs

Is Candidate ¢

Selection Required?
Perform Candidate
No Selection

User Query —>

Generate
Response Only From —» Response
Previous Candidates Fusion

Share Blending
History with all Output to User
LLMs

FI1GURE 3.1: Overview Diagram

3.2 Proposed Ranking Reduction Policies

To reduce the overhead of the PAIRRANKER module in LLM ensembles, we introduce three

lightweight ranking policies that trade minimal output quality for improved inference speed.

3.2.1 Dynamic Conversation-Specific Elimination

This policy ranks all N LLMs during the first [¢/2] user queries of a conversation. Based on

their cumulative rank scores, the bottom [ N/2] LLMs are eliminated for the remaining queries.
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The reduced committee is then used for all subsequent PATRRANKER calls in that conversation,

and the full set is restored in the next conversation.

Hypothesis: Adaptive to user context, this approach balances efficiency and quality, offering

moderate speedups with minimal performance loss.

3.2.2 Alternate Ranking

Here, PAIRRANKER is invoked only on odd-numbered queries. Even-numbered queries reuse
the top-K LLMs selected from the previous query. This assumes temporal coherence in user

intent within conversations.

Hypothesis: By halving the ranking frequency, this method yields higher speed gains with

minimal drop in answer quality.

3.2.3 Fixed-Interval Elimination

This strategy evaluates all LLMs during the first conversation and excludes the worst-performing

half for the next two conversations. The process then resets every three conversations.

Hypothesis: While more aggressive, this policy maximizes ranking reduction, with some ex-

pected degradation in performance due to less frequent model adaptation.

3.2.4 Baseline Comparison

For comparison, our baseline is LLMBlender with full ranking, which performs response gen-
eration and candidate selection for each step of the conversation. We evaluate two variants of
LLMBlender by varying the size of the candidate list (K = 1 and K = 3) for the final fusion.
LLMBlender with K = 1 serves as an upper bound on the performance of any LLM routing-
based approach. This is because, with K = 1, the system effectively selects the single best LLM
from the committee for output based on its sophisticated ranking mechanism. This comparison
demonstrates the potential for LLM blending to surpass even highly optimized LLM routing.
Results are shown in Figure 6.1, Chapter 6.
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4 PEER REVIEWED BLENDING

This chapter introduces a novel ensemble framework that harnesses both the inherent gener-
ative and evaluative capabilities of LLMs themselves to orchestrate the ensembling process,
Peer-Blending. By employing prompt-level role specializations and trust-based aggregation
strategies, Peer-Blending eliminates the need for auxiliary rerankers, achieving superior perfor-

mance through internal self-consistency and critical evaluation.

The design of Peer-Blending also draws inspiration from modular and specialized model architec-
tures. Mixture-of-Experts (MoE) architectures [LLX"20] and sparse attention models [TDBM20]
offer computational benefits in training and enable better performance. These advancements mo-
tivate our design of distinct, yet internally coordinated, evaluator and generator roles within the

ensemble.

4.1 Background

4.1.1 Decision-Making in LLM Systems

Various approaches have been developed for decision-making within LLM contexts. These in-
clude simple majority voting [WWS*22|, reranking using separate classifiers [LLY"22], and
expert-weighted mechanisms [ZWL'23]. A common limitation in these methods is the decou-

pling of the generation and evaluation steps, often relying on external components for selection.

4.1.2 Self-Consistency and Introspective Evaluation

The concept of self-consistency [WWS™22] involves sampling multiple reasoning paths and se-
lecting the most frequent response, bolstering reliability. Building on this, self-evaluation strate-
gies prompt LLMs to critique their own or other models’ outputs, providing valuable feedback
without requiring external human supervision or distinct evaluation models. PICO [NYL"24]

proposes an unsupervised LLM evaluation framework based on peer-review capabilities of LLMs,

15
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where they assess each other’s responses to unlabeled questions, under this consistency assump-
tion between model ability and peer-recognition to approximate human-aligned rankings without

human feedback

This internal critique mechanism is a cornerstone of Peer-Blending.

4.2 Formulation of the Problem

Let {M;y, My, ..., M,} = M denote a set of N LLMs, where each model M; has the ability to
generate and evaluate texts. Given an input query @, the primary objective is to produce a
final, optimal response r* that maximizes factual correctness, coherence, and alignment with

the given task.
We formalize three distinct, yet interconnected, roles within our framework:
e Generator (G): Responsible for producing a diverse set of candidate responses, denoted
as {ri,ra,...,r;}, for a given query q.

e Evaluator (FE): Tasked with critically scoring each candidate response r; based on a
predefined set of criteria, including task-specific metrics and general quality attributes

(e.g., accuracy, fluency, relevance).
e Aggregator (A): Responsible for selecting or synthesizing the final response r* by judi-

ciously considering the evaluator feedback and applying a trust-weighted mechanism.

The core hypothesis driving Peer-Blending is that individual ensemble members M; can ef-
fectively fulfill all three roles through coordinated prompting, and that this internal, self-
orchestrated collaboration can produce final response r* in O(1) rounds, having significantly

better quality than traditional pipelines and single LLMs.

4.3 Architecture Overview of the Peer-Blending Framework

Peer-Blending is designed with a modular architecture comprising three principal components,

facilitating a dynamic and self-contained ensembling process:

e A Generator Pool: Multiple LLMs within this pool generate diverse candidate outputs

for a given input query.
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e An Evaluator Pool: A set of models (potentially the same LLMs, but operating in an
evaluation role) critically assess these generated outputs based on predefined metrics such

as relevance, accuracy, and fluency.

e A Aggregator: This component performs a consensus mechanism to combine the selected

final response 7*.

4.4 Implementation Details

Peer Review
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LLMy generate re- ’
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FIGURE 4.1: Peer-Reviewed Blending Mechanism
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FIGURE 4.2: Overview of Peer Review Mechanism
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4.4.1 Challange of Aggregating Ranks

To determine the final ranking of candidate responses generated by multiple LLMs, we face the
challenge of synthesizing disparate preference orders produced by each model. Since each LLM
provides a ranked list of outputs (including those from other models), this naturally forms a
setting where multiple ranking systems must be consolidated into one. Instead of simplistic
approaches like majority voting or direct rank averaging—which either discard rich preference
data or treat ranks linearly—we adopt the Borda Count method, a classical and effective rank

aggregation technique from social choice theory.

The Borda Count assigns points to each candidate based on its position in each ranked list.
Specifically, for m candidates (LLMs), a rank of 1st earns m — 1 points, 2nd earns m — 2, and
so on down to 0 for last place. By summing the scores across all ranking sources (e.g., LLMs or
evaluation dimensions), we derive a final aggregated ranking that rewards both top performance

and consistent mid-range acceptability.

Example: Suppose we have m = 4 LLMs—M;, My, M3, My—and N = 3 ranking sources. The

rankings and resulting Borda points are as follows:

e Source 1: My > My > M3 > My = (3,2,1,0)

B(My)=3+3+1=7
e Source 2: M; > My > My > Ms = (3,2,1,0) B(My)=2+2+3=7
e Source 3: My > Ms > My, > My = (1,3,2,0) B(M3)=1+0+2=3
B(M)=0+1+0=1

Hence, My and M, tie as top performers, followed by M3 and My.

This method offers several advantages: (i) it uses the entire ranked list rather than just the top
pick, (ii) it favors broadly acceptable candidates over polarizing ones, (iii) it is relatively robust
to outlier rankings, and (iv) it is simple and interpretable. Unlike majority voting, which may
misrepresent collective preferences, or averaging, which lacks sensitivity to ranking positions,
the Borda Count yields a principled and structured aggregation ideal for ranking LLM outputs
across diverse evaluation perspectives. Thus, we adopt it as the backbone of our final rank

synthesis.

Rank aggregation is a deterministic post-processing step, not requiring further LLM calls. The
system aggregates {mi,ma,...,m,} using a symmetric rank aggregation algorithm (e.g., Borda
Count) to compute a global ranking II. Selection: The top-ranked response 7* in II is selected

as the final output. Hence, the blending completes in O(1) rounds of interaction among models.
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4.4.2 Optimizations

To manage computational costs and improve efficiency, these optimizations are employed:

e Rank Caching and Limited Prompt Calls: Redundant API calls are avoided by
caching previously generated ranks as described in Chapter 3. Token usage of generation

are limited during the generation to only generate from selected LLMs.

e Fast Inference: Concise answers are generated by selected LLMs with generator role and
later fused and expanded to strike a balance between output diversity (for generators) and

stability /coherence.

4.5 Analysis and Discussion

Peer-Blending consistently outperformed several strong baselines across all evaluated tasks.
Specifically, it surpassed LLMBlender [JRL23], and variants of LLMRouter. We also observed
improvements in factual accuracy and overall quality of the answers. The results are discussed

in Chapter 6 in details.

4.5.1 Qualitative Analysis

A qualitative review of Peer-Blending’s outputs as shown in tables 6.4 revealed several key
characteristics. The generated responses tend to be longer, more comprehensive, and exhibit a
higher degree of self-correction and justification. Crucially, the internal evaluators were often
capable of identifying subtle hallucinations or inconsistencies that were frequently overlooked by

external reranking mechanisms.

4.5.2 Limitations

While promising, the current iteration of Peer-Blending faces certain limitations:

e Computational Cost: The iterative generation and evaluation process can still incur

significant computational expenses, particularly when utilizing larger or proprietary LLMs.

e Evaluator-Generator Entanglement: Strong interdependence between evaluators and
generators can, in rare cases, lead to convergence on suboptimal outputs if a consensus on

an incorrect premise is established.

Further limitations are discussed in length in Chapter 8.
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5.1 Experimental Setup and Evaluation

5.1.1 Implementation of Parallel Inference

To ensure efficient utilization of available computational resources, particularly multiple Graph-
ics Processing Units (GPUs), our implementation for parallel LLM inference relies on robust
supporting libraries. We primarily leverage the accelerate library from Hugging Face for draw-
ing inferences across multiple GPUs. This library offers a high-level API that abstracts away the
complexities of ‘torch.distributed’ (for Distributed Data Parallel) and ‘torch.nn.DataParallel’,
enabling seamless execution of PyTorch training and inference scripts across diverse distributed
setups (multi-GPU, TPU, CPU) with minimal code modifications.

In our “Response Generation” and “Peer Review and Scoring” steps, where multiple LLMs
operate concurrently, ‘accelerate’ facilitates placing different LLM instances on separate GPUs.
Each LLM model is loaded onto its dedicated GPU, and inference requests are dispatched to them
in parallel. This design ensures that individual LLMs can perform their computations without

contention or waiting for other models on the same GPU, thereby maximizing throughput.

We evaluate our method on five diverse conversational datasets and employ ten recent open-
weight LLMs in our ensemble. Our experiments demonstrate that this peer-reviewed blending
framework consistently produces blended outputs of comparable or superior quality to those
generated by LLMBlender, critically, without requiring any additional training or external mod-
els. To the best of our knowledge, this peer-blending mechanism represents the first attempt to
frame LLM blending as a peer-review process within parallel communication models, opening a

promising direction for scalable and modular LLM ensembles.

20
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5.1.2 Model Setup

A key aspect of Peer-Blending is the assignment of distinct roles to each LLM via prompt con-
ditioning. Models are prompted to perform their roles and guide their assessment. Generators
receive minimal prompt to encourage concise small output generation, minimizing cost. Consis-
tent prompt formatting and output decoding parameters are applied across all models to ensure

fair comparison.

The following are the exact prompt templates used at each stage of our conversational workflow:

5.1.3 Prompt Templates

Prompt templates for effective role conditioning:

e Generator Prompt: Please generate a comprehensive and accurate answer to the fol-

lowing query: [Query]

e Evaluator Prompt: Critically assess the following response for accuracy, relevance, com-
pleteness, and coherence. Provide a score from 1-5 for each criterion, and a brief justifi-

cation: [Candidate Response]

o Aggregator Prompt: Given the original query, candidate responses, and evaluator feed-
back, select the single best answer and justify your choice. If no single answer is optimal,

synthesize the best elements: [Original Query] [Candidate Responses with Scores/

5.2 Evaluation Task

Conversational Question Answering (ConvQA) task is a problem in Information Retrieval (IR)
that focuses on building systems capable of engaging in multi-turn dialogues to answer user
questions. Unlike traditional single-turn question answering, where each query is independent,
ConvQA requires the system to interpret each question in the context of the ongoing conver-
sation. This involves resolving references to previous turns (coreference), handling underspec-
ified questions (ellipsis), and maintaining a coherent dialogue state. As conversations evolve,
the model must dynamically integrate new information while preserving past context, making

ConvQA a significantly more complex task than standard QA.
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5.2.1 Datasets and Models

To rigorously assess the performance and generalizability of our methods, we conducted extensive
experiments on five prominent datasets specifically designed for Conversational Question An-
swering (CQA): ConvQuestions, Atlas-conversation. CoQA, QuAC and DoQA. These datasets
represent distinct styles of conversational interactions and varying levels of question complexities,

enabling a robust assessment of our approach across diverse real-world scenarios.

In our experiments, we employ a diverse selection of state-of-the-art open-weight LLMs to thor-
oughly explore the effectiveness of our ensemble framework. The committee of LLMs used in
this study includes both high-performance and lightweight variants, allowing us to evaluate the
trade-offs between model complexity, latency, and performance. Our LLM committee consists

of the following ten models:

TABLE 5.1: Overview of Recent Lightweight and Open-Source LMs

Model Publisher / Group | Features

Mistral Mistral AT Strong multilingual, multimodal, and reasoning
performance; cost-efficient across tasks.

LLaMA 3.1 Meta Al Open-source, multilingual, efficient language gen-
eration across sizes.

Gemma: 2B Google DeepMind Lightweight, fast, runs on consumer hardware;
good for dialogue.

Phi3 Microsoft Research | Compact, reasoning-focused; excels in knowledge-
rich tasks.

Qwen:4B Alibaba Cloud Multimodal, strong contextual dialogue and multi-
lingual performance.

Phi Microsoft Research | Efficient for reasoning and retrieval; suited to
limited-resource setups.

TinyDolphin Open-source(China) | Ultra-light, real-time inference; ideal for edge and
latency-critical use.

DeepSeek-LLM DeepSeek Al Strong generalization; supports QA, code, and mul-
timodal tasks.

StableLM2 Stability Al Open-source, reliable for general NLP and dialogue
applications.

Dog / Arcee-Lite | Open-source Minimalist, low-latency, edge-friendly deployment.

5.3 Evaluation of Text Generation for Retrieval Tasks

To evaluate response quality, we use BERTScore [ZKW™'20], an automatic metric that over-
comes the limitations of traditional n-gram-based methods like BLEU and ROUGE. Instead of

relying on exact lexical matches, BERTScore computes semantic similarity between candidate
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and reference texts using cosine similarity between contextualized token embeddings from pre-
trained models like BERT. This allows it to capture meaning even in the presence of paraphrasing

or synonym use, making it more robust to stylistic variations and word order changes.

Unlike earlier metrics (e.g., BLEU [PRWZ02], ROUGE [Lin04]), which emphasize surface over-
lap, or learned metrics like BLEURT [SDP20] and COMET [RFLS20], which require supervised
training, BERT Score strikes a balance between semantic sensitivity and ease of use by leveraging

pre-trained models directly.

In our setup, each dataset has gold standard reference answer or rationale. We compute the
BERTScore Fi between each generated response and its gold-standard reference. These scores
are averaged at the query level within each conversation, and then across conversations to report

a final score for each dataset.

In addition to BERTScore, we used AlignScore [ZYLH23| to evaluate the consistency of our
methods more robustly, particularly in multi-turn, knowledge-intensive, and domain-specific
conversations where BERTScore’s token-level similarity falls short. AlignScore computes an
alignment score between a context and claims using a model trained on 4.7 million examples
from diverse tasks (e.g., NLI, QA, paraphrasing, fact verification). It splits the context into
coarse chunks and the claim into fine-grained sentences, aggregating alignment scores to detect
contradictions, hallucinations, and omissions. This makes it well-suited for evaluating generated
responses, especially because some of our datasets include unanswerable questions (CoQA has
some tricky unanswerable questions similar to SQuAD 2.0), so we also considered the factual
consistency across all datasets - ConvQuestions, Atlas-Converse, CoQA, QuAC, and DoQA for

evaluation.

The implementations have been made publicly available’.

!Source Code : https://github.com/SandeepChatterjee66/peer-blending
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0 RESULTS & DISCUSSIONS

We hereby present the experimental results evaluating our methods against baselines and individ-
ual LLMs. We provide quantitative metrics for both response quality and inference time across
diverse conversational datasets, demonstrating the effectiveness and efficiency of our proposed

peer-review blending framework.

6.1 Datasets

We evaluated our approach across a diverse range of multi-turn conversational and question-

answering datasets. Their key characteristics are presented in Table 6.1.

TABLE 6.1: Summary of Dataset Corpus Used in Evaluation

Dataset Domain Turns Conversations
ConvQuestions Open-domain QA 5 11,200
Atlas-Converse Knowledge-intensive QA 7-10 40,000
CoQA Mixed domains (Wikipedia, Literature, etc.) 7 8,000
QuAC Informational QA (Wikipedia-based) 7 14,000
DoQA Domain-specific QA (Finance, Cooking, Travel) 4 8,241

6.2 Performance Evaluation of Reduced Ranking

We compared our approach with Full Ranking Blending. Fig 6.1 demonstrates the trade-off

between time and quality of different policies of reduced ranking.

Among the three policies, Policy 1 shows the lowest speed-up, as it mimics Baseline 1 for half
of the queries and only uses the truncated LLM committee for the other half—yet without a
significant drop in output quality. Policy 2 achieves slightly better speed-up by skipping the
candidate selection step for half the queries, while still behaving like Baseline 1 for the rest.
Policy 3 offers the highest speed-up but at a notable cost to quality, as it reuses committee

outputs from earlier conversations for two-thirds of the queries, reducing adaptability.

24
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FIGURE 6.1: Time Quality Tradeoff of Reduction in Ranking
Overall, we observe speed-ups ranging from 1.35x to 1.74x. These gains are expected to grow

with larger LLM committees. Our experiments, constrained by GPU resources, used a committee
of ten LLMs.

6.3 Performance Evaluation of Peer Blending

Table 6.3 and Table 6.2 presents the quality and time comparisons respectively. Figure 6.2
shows the performance comparison with BERTScores and AlignScores. Table 6.4 shows the

human evaluation of responses
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TABLE 6.2: Performance Scores (BERTScore) across Conversational Datasets

Method ConvQuestions Atlas-Converse CoQA QuAC DoQA
Individual LLMs
Mistral 78.50 81.00 83.00 73.00 68.00
LLaMA 3.1 81.20 83.50 85.50 75.00 71.00
Gemma:2B 73.00 76.00 78.00 68.00 63.00
Phi3 75.50 78.00 80.00 70.00 65.00
Qwen:4B 76.00 79.00 81.00 71.00 66.00
TinyDolphin 68.00 71.00 73.00 63.00 58.00
DeepSeek-LLM 77.00 80.00 82.00 72.00 67.00
StableLM?2 71.00 74.00 75.00 65.00 61.00
OpenChat 79.00 81.50 83.50 73.50 68.50
MistralLite 73.50 76.50 78.50 68.50 63.50
Blending Methods
LLMBIlender 83.20 90.25 88.00 80.00 78.00
LLMBIlender (K=1) 81.50 84.00 86.00 76.00 72.00
Peer-Blending 86.70 91.07 88.50 81.20 79.50
Peer-Blending (with reduced ranking) 85.10 90.30 87.00 79.50 77.00

Note: All scores are presented on a 0-100 scale (e.g., F1 of BERT score). ”With reduced ranking” refers to the
policy that reduces the frequency of comprehensive ranking, aiming for efficiency.

TABLE 6.3: Time per Question (ms) across Conversational Datasets

Method ConvQuestions Atlas-Converse CoQA QuAC DoQA
Individual LLMs
Mistral 401 428 454 480 506
LLaMA 3.1 601 658 703 748 793
Gemma:2B 224 231 249 267 285
Phi3 285 302 318 334 350
Qwen:4B 304 327 341 355 369
TinyDolphin 307 322 343 364 385
DeepSeek-LLM 427 441 474 507 540
StableLM2 421 445 478 511 544
OpenChat 423 447 471 495 519
MistralLite 256 273 292 311 330
Blending Methods
LLMBIlender (K=3) (ms) 38720 41055 41732 41891 41948
LLMBlender (K=1) (ms) 38695 41021 41687 41852 41910
Peer-Blending (Full Ranking) (ms) 3254 3641 3281 3549 3795
Peer Blending Speed-up (Full Ranking) 11.89x 11.27x 12.71x  11.80x  11.50x
Peer-Blending (Reduced Ranking) (ms) 2595 2623 2531 2734 2918
Peer Blending Speed-up (Reduced Ranking) 14.92x 15.65x 16.48x  15.32x  14.37x

Note: All time values are in milliseconds (ms) per question. Individual LLM times are for single model
inference. Blending method times include generation, ranking, and synthesis phases. “Speedup” is calculated
relative to LLMBlender (K=3).
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FIGURE 6.2: Performance Comparison

TABLE 6.4: Human Evaluation of Responses from LLMBlender, and Peer-Blending Models

Question: Which countries have hosted the FIFA World Cup?

LLaMA 3.1: Many countries have hosted the FIFA World Cup, including Brazil,
Germany, and France.

LLMBlender: The FIFA World Cup has been hosted by countries such as Uruguay

(1930), Brazil, France, Germany, and South Korea/Japan (2002),
among others.

Peer-Blending: Since 1930, over 20 countries have hosted the FIFA World Cup,
including Brazil, Germany, France, and co-hosts South Korea and
Japan (2002). Brazil has hosted the event four times.
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7 CONCLUSION

This chapter summarizes the key contributions of our work and reiterates the significant findings

from our experimental evaluations.

7.1 Conclusions

This work introduces Self-Blending, a novel ensemble framework that reconceptualizes LLM
blending as a peer-review process within a parallel communication model. Our method reduces
computational overhead by reusing LLM rankings and leverages internal evaluation to eliminate
dependence on external rerankers or encoders. We design a modular architecture that assigns
distinct roles—Generators, Evaluators, and Aggregators—using prompt engineering, enabling

scalable and self-contained blending.

Extensive experiments across diverse conversational QA datasets (CONVQUESTIONS, ATLAS-
CONVERSATION, COQA, CoNVAI2, and DOQA) show that our approach consistently matches
or surpasses the LLMBlender baseline in quality (BERTScore Fj, AlignScore), while achieving
up to 1.79x speedup through parallel inference with reduced ranking strategies. These results
affirm both the effectiveness and efficiency of our approach, and open promising directions for

scalable, modular, and training-free LLM ensembles.

7.2 Summary of Contributions

In this thesis, we introduced Self-Blending, a novel and self-evaluating ensemble framework
designed to overcome the limitations of individual Large Language Models (LLMs) and the
reliance on external components in existing ensemble methods. Our core contribution lies in
framing blending as an internal peer-review process orchestrated by the LLMs themselves, using

their inherent generative and evaluative capabilities.

Specifically, the key contributions of this thesis are:

28
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e We proposed and implemented a efficient modular architecture for LLM ensembles, clearly
defining and specializing roles for Generators, Evaluators, and Aggregators through tai-
lored prompt engineering. This design eliminates the need for auxiliary rerankers or spe-

cialized encoders, simplifying the ensemble pipeline.

o We demonstrated the efficacy of internal peer evaluation by enabling LLMs to critique and
rank candidate responses, without requiring any supervised external components, leading

to superior output quality without additional training or external models.
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8 LIMITATIONS AND FUTURE WORK

This chapter critically examines the inherent limitations of our framework as implemented and
evaluated in this thesis. Understanding these constraints is crucial for a balanced assessment
of its current capabilities and for identifying pathways for further research. Following this, we
outline several promising future directions that can build upon the foundational work presented,
its current iteration is subject to certain limitations that warrant thorough consideration and

future investigation.

8.1 Limitations

e Computational Cost: Although faster than full ranking and component based methods,
Self-Blending still requires running multiple LLMs, leading to higher memory usage, more
API calls, and greater latency. This makes deployment challenging in low-resource or

real-time environments.

¢ Evaluator-Generator Entanglement: LLMs acting as both generators and evaluators
can create feedback loops, leading to "mode collapse”—where outputs converge on biased
or incomplete responses. Evaluators may reward stylistic features over factual accuracy,

reinforcing suboptimal behavior.

e Prompt Sensitivity: The framework heavily relies on prompt engineering. Small changes
in phrasing can significantly affect performance, limiting adaptability across tasks and

increasing setup complexity.

e Need for Human Oversight in Critical Domains: LLMBlender++ may still generate
hallucinations or subtle errors. In high-stakes fields like healthcare or law, human-in-the-

loop validation remains essential to ensure safety and accountability.

¢ Limited Generalizability to Niche Domains: While effective on general QA datasets,
its performance on specialized domains is uncertain. Domain-specific prompts or fine-

tuning may be needed for tasks involving rare terminology or unique reasoning styles.

30
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8.2 Future Directions

Building on the foundations established by LLMBLENDER++, several promising research di-
rections can be pursued to evolve the framework into a more adaptive, efficient, and trustworthy
ensemble system. These future directions aim to tackle current limitations, improve generaliza-
tion across domains, and expand the model’s capabilities into new modalities and deployment

settings.

¢ Dynamic Role Assignment via Reinforcement Learning: Future iterations of LLM-
Blender++ could benefit from adaptive role assignment, where LLMs are not statically
designated as Generators, Evaluators, or Aggregators. Instead, reinforcement learning or
meta-control strategies could be employed to dynamically allocate roles based on real-time
feedback, contextual cues, or historical performance, allowing the system to adaptively

optimize response quality, latency, and robustness.

e Factual Grounding through External Knowledge: To mitigate hallucinations and
enhance factual reliability, integration with structured external sources such as knowledge
graphs, retrieval-augmented generation systems, or web APIs is a critical next step. This
would enable LLMBlender++ to verify and ground responses against verifiable knowledge,

and potentially support citation-style evidence in outputs.

e Multimodal Ensemble Extensions: The blending architecture can be extended to
support multimodal models, including vision-language systems, code generation models,
and speech-enabled agents. This would enable richer interactions and outputs in diverse
formats. Key challenges include developing modality-aligned evaluation protocols and

managing heterogeneous representations across modalities.

e Personalization and Context-Aware Policy Switching: Future work could explore
fine-grained personalization, adapting generation and evaluation strategies to user prefer-
ences such as tone, verbosity, or domain. Additionally, adaptive policy switching mecha-
nisms can be devised to automatically select operational modes—ranging from high-quality
peer blending to low-latency fast paths—based on user intent, computational budget, or

dialogue context.

e Trust-Aware and Explainable Aggregation: The trust-weighted aggregation mech-
anism can be enhanced through dynamic reliability estimation, incorporating confidence
scores or epistemic uncertainty from individual models. Explainable aggregation, where
decisions are accompanied by human-interpretable justifications or scoring rationales, is

also vital for increasing transparency and accountability in deployment settings.
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e Self-Correction and Internal Debate: Inspired by techniques such as Chain-of-Thought
and self-consistency, future designs may incorporate structured internal debates or eval-
uator dialogues. These mechanisms would allow multiple evaluators to deliberate and
reconcile disagreements before finalizing outputs, leading to more robust and transparent

decision-making.

e Failure Mode Detection and Robustness Enhancements: Developing proactive
mechanisms to detect and mitigate known failure modes—such as evaluator bias, mode
collapse, or hallucination propagation—is essential for reliable deployment. This could

include adversarial stress testing, internal sanity checks, and fail-safe routing strategies.

e Ethics, Fairness, and Social Alignment: As ensemble systems increasingly mediate
information and decision-making, attention must be paid to ethical alignment, fairness, and
bias mitigation. Incorporating fairness-aware evaluators, bias detectors, and value-aligned

objectives will be important to ensure safe and socially beneficial deployment.

e Efficiency, Scalability, and Deployment: To transition from research to real-world ap-
plications, efforts must focus on efficient inference via model distillation, quantization, and
distributed execution. Deployment strategies should leverage parallel generation, asyn-
chronous evaluation, and resource-aware scheduling to ensure scalability under practical

constraints.

¢ Human-Centric Evaluation: Finally, extensive user studies should be conducted to
understand how human users perceive quality, trust, and helpfulness of ensemble outputs.
Insights from such studies can inform both algorithmic improvements and user interface

design for interactive LLM systems.

Collectively, these directions chart a pathway toward transforming LLM-Blending into a princi-
pled, adaptive, and multimodal ensemble framework—capable of delivering high-quality, trust-

worthy, and personalized outputs across diverse and demanding real-world scenarios.
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