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Abstract

Federated fine-tuning for retrieval-augmented language models enables collaboration across
data silos without sharing raw corpora, but it is vulnerable to unreliable clients whose re-
trieval corpora degrade retrieval behavior and, consequently, the quality of augmented inputs.
This paper presents a label-free trust-weighted aggregation framework that estimates client
reliability from retrieval-consistency signals and uses the resulting trust scores to control each
client’s influence on the global update. For a fixed probe prompt set, each client constructs a
retrieval-distribution histogram from top-K retrieved items, and Jensen—Shannon divergence to
a round-wise global reference histogram quantifies retrieval deviation. An exponential mapping
and exponential moving average smoothing produce stable trust trajectories over federated
rounds, and normalized trust scores define aggregation weights with an explicit sum-to-one
constraint. Experiments with four clients under a controlled corpus-poisoning protocol show
that benign clients maintain consistently high trust while the poisoned client converges to a
lower trust regime and is slightly but consistently down-weighted. All reported curves and
summary statistics are derived from logged artifacts and deterministic scripts without manual
post-processing, supporting full reproducibility of the trust and weighting dynamics.

Keywords: Federated Learning, Retrieval-Augmented Generation (RAG), Large Language
Models (LLMs), Trust-Aware Aggregation, Privacy-Preserving NLP, Semantic Drift
Mitigation, Explainable AI, Client-Specific Personalization

1. Introduction

In recent years, the reliance on large language models (LLMs) for natural language genera-
tion has created serious dilemmas and ethical considerations around data sovereignty, privacy,
and context [4] . Federated learning (FL) has emerged as one potential remedy through the
ability to update the model stage in a decentralized manner while avoiding centralized access
to user data. However, with generative models the challenges of FL create tension between
contextual relevance and privacy-preserving design [6] [1]. Many LLMs require a contextual
input specific to a task or domain a priori to generating useful deliverables. However, FL pro-
hibits pooling knowledge and completely rules out knowledge transfer between clients. Hence,
a systemic boundary is created wherein languages models trained in isolation will struggle to
yield semantically accurate, factual, or coherent outputs in heterogeneous data when distribu-
tional drift is involved. This leaves a considerable bottleneck in FL-centric NLP, where there
is much less focus on high-quality generation, as well as privacy barriers [5]. One avenue to
alleviate the above issue is to have LLMs paired with retrieval augmented generation (RAG),
in that the model grounds its output with documents retrieved from a knowledge base [3] [2].
RAG has shown significant advantages in centralized structures, but uncertainty will arise in a
federated context. For example, if retrieval is done in an uncollaborative or privacy-naive man-
ner., through centralized corpora, or public indexing exposure; this is outwardly contradictory
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to the FL aims of confidentiality. Also, traditional RAG will ignore inter client heterogene-
ity leading to fragile generalisation across domains. The retrieved context, without retrieval
contextualization or alignment with local distributions will be irrelevant or unqualified and
this leads to semantic drift and producing outputs that look syntaxically plausible but are not
valid semantically and this is an unacceptable risk in highly regulated or high-stakes contexts.
Besides the retrieval process challenges, the aggregation of all clients’ model updates presents
another unresolved vulnerability.

Conventional FL assumes trust for all parties around the table during aggregation, and it ne-
glects heterogeneous model quality, and heterogeneity within local data trustworthiness [14]. In
real deployments, clients can have poisoned data, biased corpora, or inconsistent fine-tuning. In
the absence of a trust-aware mechanism, those contributions could also pollute the global model,
and adversely affect both fairness and stability [15]. Furthermore, the important consistency
constraints. federated fine-tuning with multiple clients, will yield semantic drift, which means
the behavior of the client models can diverge in the latent space and suppress true convergence
potential and model explainability. There is still some minor robustness enhancements, but it
needs to generalized against a number of adversarial, skewed, or low-resource settings prefig-
uring real federated generation pipelines for downstream tasks requiring responsibilization and
accountability [16].

Scope of evaluation. This study focuses on the stability and auditability of trust estimation
and trust-weighted aggregation in a label-free federated RAG setting. Since the proposed trust
signal is defined from retrieval-consistency rather than ground-truth answers, the evaluation
emphasizes trust trajectories, normalized aggregation weights, and their behavior under con-
trolled corpus poisoning. Task-level generation metrics and benchmark comparisons are left to
future work as an extension of the present reproducible trust and aggregation analysis.

Scope and reproducibility. This work evaluates the stability and auditability of retrieval-consistency
trust estimation and its induced trust-weighted aggregation in federated RAG. In particular, the

reported evidence is limited to (i) trust trajectories computed from retrieval-distribution diver-

gence under a fixed probe set, and (ii) normalized aggregation weights that satisfy Zf\il wgt) =1
at every round. We do not benchmark task-level generation quality or claim improvements in
answer accuracy in this manuscript; local training is treated as a standard client-side update
mechanism that defines the federated setting in which retrieval-consistency trust is computed.
Accordingly, reproducibility in this study refers to re-generating all reported trust/weight fig-
ures and tables from released logs and deterministic scripts, rather than reproducing end-to-end

task performance.

2. Literature Review

Yeonchan et al., (2022) proposes an innovative retrieval augmented generation (RAG) model
aimed at enhancing knowledge grounded conversations (KGCs) in real-world dialogue contexts
that are dynamic in nature. Traditional RAG models focus on one document or short period,
in contrast this study presents hybrid RAG method that jointly considers the main topic of
the conversation and the local context. The architecture of this model contains an external
topic keyword extractor (TextRank), a reranker with dual-match, and a data-weighting strat-
egy to address ground-truth-free training with noisy data. This model improves knowledge in
generated responses by aligning them with relevant documents while attempting to maintain
the user’s topic intent which guided the dialogue. The automatic as well as human evalua-
tions improve several metrics in terms of grounding, diversity, and relevance. It demonstrate a
major contribution of a topic-aware dual-matching mechanism and groundness-based training
approach yields significant improvement in knowledge alignment. The limitations to the study



include the foundational structure of topic-document alignment strategies to be defined by the
researcher, the limited scalable design with static use of TextRank keyword extraction, and
the presumption that the system will have access to a body of external documents that are
comprehensive in terms of topic which means this may also not be realistic in various restricted
or privacy-prescribed domains [9].

Saha et al.(2024) describes a custom RAG architecture to improve factual consistency and
semantic accuracy for question-answering tasks. The application indexes the domain-specific
documents with an inverted question-matching system using the documents that are associ-
ated with synthetically generated questions. The documents are embedded and indexed for a
prototype-based, quantized retrieval system. During inference, the user’s question is embedded
and matched with the inverted index. Where the user question returns semantically relevant
passages. Selections are used by a Meta-LLaMA3-8B-instruct model to produce grounded an-
swers with a lower hallucination and higher retrieval accuracy, especially in the domain-specific
context. The authors claim the results are evaluated on a curated NDSU web dataset, with per-
formance increased in faithfulness (0.69 to 1.00) and in BERTScore F1 (0.31 to 0.67). Overall,
this is a really interesting effort, but also presents limitations in its applicability because the
evaluation is conducted with a narrow, institution-specific dataset. The other issue is the re-
trieval index comes from manual validation of user-generated queries from the LLM, and then
consideration for scalability and efficiency. Prototype-based retrieval index would take less
time up front but might lose some fine-grained retrieval accuracy for very detailed or complex
queries, and the evaluation does not include any real-world usability and latency benchmarks
[10].

Wang et.al(2025) proposed a new retrieval-augmented generation (RAG) framework that aug-
ments large language models (LLMs) using a novel dynamic cue memory system, in a newly
developed H framework. This dynamic cue memory system is intended to address the limita-
tions of static memory pools by retrieving semantically rich and distinct knowledge cue memory
based on two conditions: context relevance and information gain. This framework includes a
global dependency encoder, a dynamic truncation module, and a sequential decoder to aid in
the generation and feedback of high-quality memory units. The central contributions of Wang
et al, involved formalizing cue memory through theoretical formulations and supporting cue
memory’s effectiveness with extensive testing over benchmark datasets including DailyDialog
and JRC-Acquis, across long-context tasks and long-context QA tasks, while retaining com-
petitive performance on translation tasks. The highest limitation of their implementation is
the resulting noise in using cue memory in short-text data, as well as high compute costs, due
to the infinite memory design. A further limitation was only exploring their proposed method
with transformer-based models, which limits the generalisation of findings. Overall, the Cue
RAG framework represents a significant advance in dynamic knowledge integration for LLM-
types[11].

Wang et.al(2025) describes DCFT, a new fine-tuning method for sparse large language mod-
els (LLMs) that addresses the issues of preserving model sparsity while avoiding catastrophic
forgetting of knowledge with fine-tuning in the context of continual learning. Their dependency-
aware method treats matrices that interact as a single optimization object, which allows them
to cleverly fine-tune models with minimal parameters (0.011h). By adding learnable row and
column importance vectors and imposing cosine similarity constraints across tasks, they can
without historical data or rewriting the full gradient retain previous knowledge. The authors
tested DCFT on LLaMA-V1/V2 models with parameter sizes ranging from 7B to 70B and with
various sparsity types . DCFT performed better than SparseGPT, Wanda, and DSOT across
perplexity and backward transfer metrics regardless of the sparsity type. DCFT also works
well for downstream tasks as well, showing flexibility and scalability. The method may have
limitations in its similarities constraints which are heuristic and need to be validated in more



depth, and although they compare DCFT against baseline models majority of them are not
newer parameter-efficient fine-tuning (PEFT) methods. Additionally, the lack of substantia-
tion on deploying it into a real-world context of application reflects on its actual usage case
scenarios. Overall, DCF'T is a valid, scalable contribution to the fine-tuning of LLMs in low
resource and multiple task domain spaces [12].

ValizadehAslani et.al(2024) put forward a two-stage fine-tuning framework to mitigate the
class imbalance predicament present in natural language processing tasks by using ChatGPT
for data augmentation. The proposal starts with a pre-fine-tuning stage where only the final
layer of a pretrained model (e.g. BERT) is learned on synthetically generated, class-balanced
samples labelled by ChatGPT, and then the model is fine-tuned on the original imbalanced
data. This approach strives to give minority classes an early win and to avoid the collapse of
their representations in the model upper layers. The approach was tested on synthetic (SST-2,
20 newsgroups) and real-world datasets (ADME labelling) , and outperformed the baseline
methods which included vanilla fine-tuning, re-weighting with class balanced loss and back-
translation. Furthermore, it achieved a significant F1-score gain, particularly with the minority
classes and exhibited better generalisation performance on out-of-distribution data. However,
while the approach was effective, it relies on proprietary augmentation (ChatGPT) which limits
transparency, and the approach cannot act under severe imbalance. Nevertheless, the approach
is reproducible, and efficient to fine-tune models or paradigm ultimately improve robustness in
class imbalance NLP contexts. [17].

3. Methodology

We formalize the suggested Fed-RAG+ framework, which implements retrieval-augmented
generation (RAG) with federated fine-tuning, for knowledge adaptation that respects the user’s
privacy. The main goal of our framework is to create a decentralized framework in which each
client updates a local large language model (LLM) that has been augmented (i.e., fine-tuned)
with a domain-specific retrieval corpus [13]; meanwhile a global update to the model will happen
through federated aggregation that preserves efficiency and is trust (privacy) aware. While our
model works through several well-defined components and constraints, it effectively handles
challenges of drift, retrieval poisoning and explainability.

3.1. Problem Formulation and Notation

We consider a set of M clients denoted as
C = {C1,Cs,...,Cy}, each with access to a local dataset D; and a local retrieval corpus R;
for i € [1, M]. Each client aims to fine-tune a shared base language model ® augmented by
retrieval context. The learning objective is to collaboratively optimize local client models ®;
such that a global model ® generalizes across all client distributions without sharing raw data.
Let 27 denote the j-th training input at client Cy, and let 7; = {z},... 27} denote its ocal
training set. Let 7 € R; denote the set of retrieved documents for input 7.

ZI = Enc') (r!) @ 271 (1)

Eq (1) describes the contextual enrichment phase, which ultimately adds supplemental
retrieved documents to the initial input and allows retrieval-augmented reasoning within each
client’s private environment. Retrieval-augmented reasoning allows each LLM to utilize local
knowledge without increasing model size. where Enc%) is The retrieval encoder function at
client C; , rf is The retrieved passage(s) from corpus R; corresponding to input xf , xi is
Original input instance , Zl] is Augmented context combining retrieved knowledge and input,
@ is Concatenation or semantic fusion operator.
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Eq (2) specifies the optimization objective for the per-client. It represents the penalty for
the LLM which is client specific producing outputs in alignment with target sequences given
retrieval-augmented inputs.where £; is Total loss at client C; over its training samples, and
Lcg is Cross-entropy loss for supervised generation, and yf is Target output label or sequence
for input 7.

We note that the proposed trust estimator and aggregation weights are label-free (Sec. 3.13)
and do not depend on the choice of the client-side training loss defined in this subsection.

To account for semantic drift and cross-client variance, we introduce a KL-regularization
constraint for consistency in local [18] .

L% = Mg - Dxr, (94(27) || ®(27)) (3)

Eq (3) promotes consistency and stability in the presence of data heterogeneity by ensuring
the local updates do not deviate too far from the global model’s behavior. We will detail the
architectural pipeline and training regime through the communication rounds in the next sub-
section.where £ is Regularization term enforcing closeness to global model predictions, and
Dy, is Kullback-Leibler divergence, and ® is Server-side global model snapshot, and Agi, is
Hyperparameter controlling regularization strength.

3.2. Architecture Overview

The structure of Fed-RAG+ includes modular components for federated orchestration,
client-side retrieval augmentation, and secure global knowledge evolution. The clients pro-
cess the rounds with synchronous communication by a server-coordinated protocol. Each com-
munication round includes retrieval-aware fine-tuning, update transformation, and selective
aggregation [22].

Global Server

Aggregation
Engine
.

N\ Enc, N P N

Client2 Client i Client N

Figure 1: Fed-RAG+ System Architecture Overview.

Figure 1 illustrates the core structure of the Fed-RAG+ framework, which combines fed-
erated fine-tuning with retrieval-augmented generation (RAG). Each client node indexed by
i€ {1,...,N} hosts a local model ®; and maintains a private retrieval corpus R;, processed

via a client-specific encoder Encg_-?. The central server coordinates aggregation via a modular



aggregation engine . Back and forth arrows display the exchange of model parameters received
by each source in each federated communication round. The method manages vertical hetero-
geneity and horizontal heterogeneity , so it works for a decentralized domain with boundaries
for sensitive information [20].

We define the local retrieval-augmented model architecture at each client as:

®; = Decy, o Ency, o Enc%) (4)

Eq (4) describes the multi-layer composition with a retrieval component followed by a
language component to resolve the inputs. This expresses the ability to logically separate a
static linguistic reasoning architecture from retrieval adaptation to an industry-specific client
queries [21].
where Encg;? is Retrieval encoder module specific to client C; , and Ency, is Shared language
encoder module, and Decy, is Shared language decoder module, and o is Functional composition
operator, and ®; is End-to-end client model. We state our federated global aggregate process
as:

o+ Zw X (5)

Eq (5) reflects weighted averaging over participating clients. The weights w(t) are propor-

tional to effective sample sizes or client-specific trust scores.where ®¢+1) IS Updated global
model at round ¢ 4 1, and wl( ) is Normalized client weight at round ¢, and CI> is Local model
from client C; at round ¢.

Let (IDZ@ be Lipschitz-continuous for all 2. Then the aggregation operator in Equation (5)
preserves convergence under bounded client drift.

This section records the full statement of design and training engagement logic needed
for federated fine-tuning with retrieval-augmented LLMs with appropriate synchronicity and
component specialization [19].

3.83. Federated Clustering and Domain-Aware Client Grouping

To address the statistical heterogeneity across clients, we introduce a federated clustering
mechanism that partitions the set of clients into domain-coherent groups. This reduces intra-
group variance and promotes stability in aggregation. Clients are clustered based on embedding
centroids extracted from their local retrieval encoders.

Client-specific L

@ Cluster Centroid M
Encoder :
Client EncR(Y)

K-means @ Cluster Centroid H2
Node clustering )
; Cluster Centroid |43

FedAvg
Within Cluster

1

FedAvg
within cluster

Aggregated Model for Aggregated Model for
Cluster k Cluster k
®*agg Bfagg

Figure 2: Domain-Aware Client Clustering and Groupwise Aggregation.



Figure 2 depicts the process of clustering clients based on semantic embeddings extracted
from their local retrieval encoders Encgiz,). The embeddings v; are input into a k-means cluster-
ing module, producing cluster memberships G, and corresponding centroids . Within each
cluster, a local aggregation mechanism (FedAvg) is applied to generate cluster-specific models
(I)];gg

This design pattern facilitates clients with semantically similar knowledge distributions, to
better synchronize their updates in a way that leads to more stability and scalability in the
federated optimization process [23]. The figure stresses the separation of the clustering phase,
and the aggregation phase, which reinforces the modularity of Fed-RAG+.

Let v; denote the centroid embedding of retrieval encoder EncsLz at client C;. The clustering

objective is defined as:
i 33 vl )
LG k=1 i€Gy

Eq (6) represents a traditional k-means clustering scenario operating in the embedding space
defined by the client-specific retrieval encoders. This allows for consistent semantic alignment
within each cluster. where G, is Set of clients in the k-th cluster, and K is Total number of
clusters, and v; is Embedding centroid of client C;, and p; is Cluster centroid of Gy.

Once grouped, each cluster G, performs local aggregation independently to generate sub-
models %%, The aggregation is defined as:

=Y w; - (7)

1€Gy,

Eq (7) enables the model to converge within a single cluster, but does not impose alignment
between clusters which can be preferable in circumstances where the domains differ struc-
turally.where ®3%% is Aggregated sub-model for cluster G, and w; is weight assigned to client
C; within cluster, and ®; is Fine-tuned model of client C;.

Proposition 1 (Bounded and normalized aggregation weights). Assume that (i) retrieval his-
tograms are finite and non-negative, (ii) the Jensen—Shannon divergence is computed between
normalized histograms, and (iii) the EMA parameter p € (0,1) and clipping bounds [s,3] are
fizxed. Then, the trust-weighted aggregation weights wgt) defined in Eq. (16) are bounded and
satisfy Zf\il wgt) =1 at every round.

Rationale.. The Jensen—Shannon divergence is bounded by construction, the exponential map-
ping preserves positivity, EMA smoothing preserves boundedness under fixed p, and explicit
clipping followed by normalization enforces the simplex constraint. These properties follow
directly from the operational definition of the trust pipeline rather than from task-dependent
assumptions.

We emphasize that the above propositions and claims are stated under the explicit oper-
ational assumptions of the retriever and trust pipeline defined in this section. Formal proofs
under more general stochastic models of retrieval behavior are left for future work.

This capability allows Fed-RAG+ to better manage structured clients heterogeneity by
encouraging semantically aligned group-wise optimization.

3.4. RAG Fine-Tuning with Local Retrieval Integrity

Specifically, Fed-RAG+ integrates each local client model with an integrity-aware retrieval
component to facilitate trustworthy knowledge grounding during local fine-tuning. In this
case, integrity-aware retrieval guarantees both the semantic congruency and the integrity of
any retrieved content that will be used to generate knowledge [24]. We define a quality-aware



retrieval score function g;(r}) applied to retrieved document rJ for client C;. Let ! be a
document retrieved in response to input z7, and let Q; denote the retrieval quality threshold
function at client C;. The trust-weighted fine-tuning objective becomes:

L = Zqz ) Loe (Pi(2)), y]) (8)

Eq (8) presents retrieval quality as a modulating factor on the fine-tuning gradient, enabling
selective learning on trusted information and ignoring low quality or noisy retrievals. where
Lt is Trust-weighted local fine-tuning loss at client C;, and ¢;(r?) is Retrieval quality score
for document rf , and Lcg is Standard cross-entropy loss, and ®; is Client-side fine-tuned
model, yf is Ground truth target output, and Zf is Contextualized input formed via retrieval
augmentation.

To formally define and normalize retrieval quality, we define the bounded scoring function:

ai(r]) = o (v -sim(r],2]) =2 - div(r])) . ai(r?) €10,1] (9)

Eq (9) represents a normalized measure that increases weight to semantically relevant doc-
uments and reduces weight to outliers. The sigmoid capacity allows for differentiability and
bounds gradient multipliers. where o(-) is Sigmoid function , and sim(r, 27) is Semantic sim-
ilarity between retrieved document and query , and div(rf ) is Divergence penalty measuring
off-topic or noisy content, and 7,72 is Weighting coefficients for quality calibration.

Proposition 2 (Stability under retrieval-consistency). If a client exhibits retrieval behavior
that remains close to the population reference histogram across rounds, then its EMA-smoothed
trust §Et) converges to a stable neighborhood determined by p and the clipping bounds.

Rationale.. Under bounded divergence fluctuations, the EMA update acts as a low-pass filter
on the instantaneous trust signal. Consequently, transient retrieval noise is attenuated while
persistent deviations are retained. Similar smoothing effects of EMA-based trust signals are
widely used in federated and distributed systems to promote stability.

We emphasize that the above propositions and claims are stated under the explicit oper-
ational assumptions of the retriever and trust pipeline defined in this section. Formal proofs
under more general stochastic models of retrieval behavior are left for future work.

3.5. Aggregation and Update Compression

To safely and efficaciously abstract communications and assure convergence in federated
settings, Fed-RAG+ merges adaptive model aggregation with the compression of updates. Fed-
RAG+ can thus enable scalable learning among clients, where bandwidth and computational
constraints will likely vary across clients.

Let A@Et) = @Et) — & denote the local model update from client C; at round ¢. To reduce
transmission cost, a low-rank projection matrix P; € R¥" is used, where r < d.

—(t
Ad = p,PTAGY (10)

Eq (10) project updates into a lower dimension subspace for transmission and squared away

bandwidth while maintaining the overall optimization directions. Where ACDEt) is Raw model
— (1
update of client C; at round ¢ , and ACI)E) is Compressed update, and P; is Client-specific

projection matrix, and d is Model parameter dimensionality, and r is Low-rank dimension
(r < d).



Every compressed update has trust score weights and accumulation taken globally:
z —®
D = 0+, > " wl” - AQ, (11)
i=1

Eq (11) enforces adaptive global convergence contingent upon the validity of client updates
and their compressed representations [27]. Where o1 is Updated global model, and 7, is

Learning rate at round ¢, and wgt) is Trust-based aggregation weight.

Claim 1 (Trust separation under systematic retrieval corruption). When a client’s retrieval
corpus is systematically corrupted, its retrieval-distribution histogram diverges persistently from
the population reference, resulting in a lower trust score and reduced aggregation weight relative
to benign clients.

Supporting argument.. Systematic corruption alters the relative frequency of retrieved buckets,
which increases the Jensen—Shannon divergence to the reference distribution. Through the
exponential mapping and EMA smoothing, this divergence translates into a sustained reduction
in trust and, after normalization, into a lower aggregation weight. This behavior is empirically
illustrated in the reported trust and weight trajectories.
We emphasize that the above propositions and claims are stated under the explicit operational
assumptions of the retriever and trust pipeline defined in this section. Formal proofs under
more general stochastic models of retrieval behavior are left for future work.

This aggregation mechanism guarantees theoretical convergence and also director bands for
adaptive synchronized updates, supporting practical implementations of Fed-RAG+ in decen-
tralized environments.

Computational Complexity.. Let M denote the number of clients, d the parameter dimension,
and r the low-rank projection dimension (r < d). The communication complexity per round
is O(Mrd), since each client transmits a compressed update ACfDZ(-t) of rank . The local fine-
tuning cost per client is O(n;d), where n; is the number of local samples. Hence, the overall
complexity per global round is O(M (n; + r)d), demonstrating that the compression strategy
reduces bandwidth requirements while maintaining convergence efficiency.

3.6. Trust-Weighted Aggregation From Retrieval-Consistency

This work operates in a label-free federated setting where each client C; maintains a private
retrieval corpus and participates in federated fine-tuning of a shared generator. To ensure
robustness against unreliable local updates (e.g., data poisoning or off-topic corpus injection),
we define a trust score from retrieval-consistency signals computed on a fixed probe prompt
set.

Let P = {p1,...,pp} denote a deterministic set of unlabeled probe prompts shared across
all clients and fixed for the entire experiment. For each client C; at round ¢, we query the
client-side retriever using each p € P and record the identities of the top-K retrieved chunks.
We then construct a discrete retrieval-distribution histogram hgt) € RZ, by counting how often
each bucket is retrieved across the probe set, where the buckets correspond to a deterministic
partition of the client retrieval space (e.g., topic clusters or fixed index ranges). The global
reference histogram is defined as the mean of the client histograms at the same round,

1

t) _ (t)

hé) = — g h;”. (12)
M i=1

In this equation, M is the number of clients, B is the number of histogram buckets, and each
histogram entry counts the number of retrieved items mapped to the corresponding bucket
across all probe prompts and their top-K results.



To quantify retrieval-consistency, we use Jensen—Shannon divergence (JSD). For two non-
negative histograms a, b € R>O, let @ = a/llal[, and b= b/||b][; denote their normalized discrete
distributions, and define m = (@ + b). The JSD is

B

B —
a; 1 -
JSD(a,b) = Z og—+§Zb og— (13)

=1

This divergence is bounded and symmetric, making it suitable as a stability indicator when no
ground-truth relevance labels are available.
We map retrieval-consistency to a trust score via an exponential transform,

sgt) = eXp( - JSD(hz(‘t)7 hg)))' (14)

Here sgt) € (0,1] increases when client retrieval behavior aligns with the population reference
distribution and decreases when it deviates. To reduce sensitivity to transient fluctuations, we
apply exponential moving average smoothing,

' =ps Vr-ps" 5 =1, (15)
where p € [0, 1) controls temporal smoothing. For numerical stability, the smoothed trust score
is clipped to a fixed interval [s, 5] with 0 < s <5 < 1.

Finally, the aggregation weights are obtained by normalizing the clipped trust scores,

) clip(3\", s, 3) f: 0 _ 4 (16)
w,L - 5 'lU,L — .
27]\7;[:1 Chp(ggb) 9 §a g) !

By construction, the normalized aggregation weights satisfy the simplex constraint ZZ 1 w(t)
1 for every round t. In our implementation, we additionally verify this constraint numerically

Z. w(t) —1
In this equation, wgt) is the contribution weight of client C; in the round-¢ global update.

This normalization keeps the aggregation interpretable and avoids introducing extra tuning
parameters beyond (p, s,3), which are fixed a priori for all experiments.

at each round and log the maximum deviation max; as a sanity check.

3.7. Operational Specification of Retrieval-Consistency for Trust Computation

To make the retrieval-consistency trust estimator in Eqs. (12)—(16) fully reproducible, we
specify the probe prompt set, the histogram bucketization scheme, the mapping from retrieved
items to buckets, and the retriever configuration used to produce top-K results.

Probe prompt set P and determinism.. We use a fixed, unlabeled probe set P = {p1,...,pp|}
that is shared across all clients and remains constant for all rounds. The probe set is constructed
deterministically using a fixed random seed (seed = 42) and a fixed prompt template family.
Specifically, each prompt is generated by sampling a topic string from the client corpora and
injecting it into one of the following templates: (i) “Explain the concept of {topic}.”, (ii)
“Summarize the key idea of {topic}.”, (iii) “What is the role of {topic} in its context?”, (iv)
“Provide an overview of {topic} and why it matters.”, and (v) “Describe {topic} in simple terms
and mention one example.”. The topic string is extracted deterministically as the document
title when available, otherwise as the first sentence (or first clause) of the chunk text. In our
experiments, we set |P| = 150, and the full prompt set (or the generator script and seed) is
released with the reproducibility package.
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Retriever configuration and top-K policy.. For each client Cj;, retrieval is performed against its
private corpus R; using a fixed retriever configuration throughout training. For each probe
prompt p € P, the retriever returns the top-K chunk identifiers Ii(t) (p) under a deterministic
ranking rule. We set K = 5 for all experiments. Ties, if any, are resolved deterministically by
ascending chunk identifier order to avoid non-determinism in the histogram counts. All retriever
parameters (embedding model name or vectorizer configuration, index type, and normalization
policy) are fixed a priori and are not tuned.

Histogram bucketization and bucket count B.. To compute the retrieval histogram h( € R>O,
each retrieved chunk identifier is mapped to exactly one bucket. We define B = 30 buckets via
a deterministic topic partition of the retrieval corpus. Concretely, all chunks are embedded into
a sparse TF-IDF representation with a fixed vocabulary construction rule (maximum feature
size and n-gram range fixed), and a deterministic clustering procedure assigns each chunk to
one of B topic clusters using a fixed seed. The bucket index of a retrieved chunk w is therefore
given by
b = bucket(u) € {1,..., B},

where bucket(+) is a deterministic lookup from chunk identifier to its assigned topic cluster.
This bucketization remains fixed across all rounds.

Mapping rule from top-K retrievals to histogram counts.. For each probe prompt p € P and
each client C;, we retrieve the top-K chunk identifiers Ii(t) (p) and update the histogram by
counting bucket occurrences:

Yy < b+ Y I{bucket(u) =b}, b=1,...,B.

ueZ (p)

Thus, hgt) counts how frequently each bucket appears among the retrieved top-K results across
the entire probe set. This definition ensures that the trust estimator depends only on retrieval
behavior under fixed probing and does not require supervised relevance judgments.

Released artifacts for auditability.. To support independent verification, we release the gener-
ated probe prompt set (or its generator script with seed), the bucket assignment map bucket(u)
for all chunk identifiers, and the per-round exported CSV trust_over_rounds.csv that in-
cludes 5 and wgt). These artifacts allow recomputation of the histograms, JSD values, trust

trajectories, and normalization checks without manual post-processing.

3.8. Client Roles and Poisoning Protocol

Clients are defined as data silos with identical training procedures and identical model
parameterization; the only difference between clients is the private retrieval corpus and the
local fine-tuning trajectory induced by that corpus. To evaluate robustness, we designate a
single poisoned client ), and inject off-topic or corrupted passages into a fixed fraction of
its local corpus prior to training. This protocol changes retrieval-consistency statistics and
therefore reduces s](f), yielding a principled down-weighting of the poisoned client in Eq. (16)
without requiring attack labels.

Normalization step (per round t):

E,Et) < clip(§§t),§,§); w( — E(t /Zm 1sm; assert ’Z w; — 1‘ <e.
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3.9. Poisoning Protocol and Threat Model

To evaluate robustness of trust-weighted aggregation under corrupted retrieval content, we
consider a controlled poisoning protocol affecting a single designated client. Let C, denote the
poisoned client and let R, be its private retrieval corpus. Poisoning is applied before federated
training begins and remains fixed across all rounds to ensure that any observed trust degradation
is attributable to persistent retrieval inconsistency rather than transient randomness.

Poisoning fraction and selection rule.. We inject poisoning into a fixed fraction of the poisoned
client corpus. Specifically, a fraction v = 0.20 of the retrieval chunks in R, are selected
deterministically using a fixed random seed (seed = 42) applied to the list of chunk identifiers.
The remaining (1—«) portion of R, is left unchanged. This explicit selection procedure ensures
that the same poisoned subset can be reproduced exactly.

Injection method (replace vs. append).. For each selected chunk, we apply a replacement op-
eration: the original chunk text is replaced by a poisoned passage while keeping the chunk
identifier unchanged. This choice ensures that poisoning directly affects the retriever index
content and therefore retrieval outcomes, rather than merely expanding corpus size. Formally,
for each selected chunk identifier u, the chunk content is updated from c(u) to ¢/(u), where
' (u) is a poisoned passage defined below.

Poison content type.. Poisoned passages are off-topic and retrieval-disruptive, constructed to
be semantically unrelated to the domain of the benign corpus. In our implementation, poisoned
text is generated deterministically as a fixed template string containing no domain evidence
(e.g., generic corrupted content with the chunk identifier embedded for traceability). This
design yields a controlled degradation of retrieval-consistency without requiring labeled targets
or trigger-based backdoors, aligning with a label-free evaluation scope.

Scope of poisoning (indez-only).. Poisoning is applied to the retrieval corpus and therefore
affects retrieval and prompt augmentation, but it does not modify the supervised fine-tuning
labels of other clients. In other words, the perturbation enters the pipeline through corrupted
retrieval context rather than through direct label flipping. This isolates the effect of retrieval
corruption on trust estimation and aggregation influence.

Threat model summary.. The adversary is modeled as a single unreliable client that can mod-
ify its local retrieval corpus (content integrity violation) but does not control the server, the
global aggregation rule, or other clients’ corpora. The server is assumed honest-but-curious
with respect to model updates and uses the proposed retrieval-consistency trust estimator to
reduce the influence of clients whose retrieval behavior deviates persistently from the population
reference distribution.

3.10. Robustness Sensitivity: Poisoning Rate and Multi-Adversary Settings

To strengthen robustness evidence without relying on task labels, we evaluate the sensitivity
of trust and aggregation weights to controlled variations in the poisoning process. The objective
is to quantify (i) how trust separation changes as the poisoning rate increases and (ii) whether
the trust-to-weight mechanism remains stable when more than one client is unreliable. All
measurements are computed from the retrieval-consistency trust pipeline (Egs. (12)—(16)).

Poisoning-rate sweep.. We vary the poisoning fraction « applied to the poisoned clients’ re-
trieval corpora over a small grid o € {0.10, 0.20, 0.30} while keeping all other components
fixed (probe set, retriever stack, bucketization, K, and EMA parameter). For each «, we re-
port the resulting trust trajectories Egt) and normalized weights wgt) to assess how rapidly and

how strongly the corrupted retrieval behavior is reflected in influence reallocation.
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Multiple poisoned clients.. In addition to the single-poisoned-client setting, we consider a multi-
adversary scenario where two clients are poisoned simultaneously. This setting tests whether
the population reference histogram and Jensen—Shannon divergence signal remain informative
when the fraction of unreliable clients increases, and whether the aggregation weights continue
to satisfy controlled and interpretable influence allocation across rounds.

Effect-size metrics for trust/weight separation.. To quantify practical separation without down-
stream labels, we summarize robustness using two effect-size measures computed per round and
then averaged over the final rounds: (i) the trust gap between benign and poisoned groups,

1 1
AN — E F3 R — 5@,
trust |B| pr 7 |73| g 1

and (ii) the weight gap,

w 1 (t) 1 (t)
Aweight = @sz - szz .

i€B 1EP

Here B denotes the set of benign clients and P the set of poisoned clients in the corresponding
scenario. These gaps provide an interpretable, audit-friendly notion of robustness: larger posi-
tive values indicate clearer and more consistent down-weighting of corrupted retrieval behavior.
We report these statistics over the last R rounds to capture steady-state behavior and avoid
transient initialization effects.

3.11. Algorithmic Workflow: Federated Retrieval-Augmented Fine-Tuning

In order to illustrate the comprehensive implementation and execution of the proposed Fed-
RAG+ framework, we include in the following pseudocode the sequence of actions performed at
each communication round, these actions include document retrieval, contextual input fusion,
regularized local training, and trust-weighted aggregation of local model updates to the global
model.

Reference client-side update configuration.. For completeness, we implement the client update
step as a standard retrieval-augmented fine-tuning loop: each client retrieves top-K chunks
from its local index, concatenates the retrieved context with the input, and performs local
optimization of the client model initialized from the global parameters (Algorithm 1). Since the
present manuscript does not report task-level generation metrics, we treat the client optimizer
and backbone model as reference components and do not attribute performance gains to specific
fine-tuning hyperparameters. The central object of evaluation is the retrieval-consistency trust
pipeline (Egs. (12)-(16)) and the resulting aggregation dynamics, which are fully reproducible
from logged artifacts.

3.12. Retriever Stack Specification and Deterministic Retrieval Policy

Since the proposed trust estimator is a direct function of retrieval behavior, we specify the
retriever stack and retrieval policy in an implementable and deterministic form. Each client
C; maintains a private retrieval corpus R; that is preprocessed into fixed-length chunks. All
retrieval hyperparameters are fixed prior to training and remain unchanged across rounds to
ensure that changes in trust are attributable to corpus consistency rather than retriever drift.

Retrieval is performed using a dual-stage pipeline consisting of (i) a fixed embedding/vectorization
component and (ii) an exact similarity search index. For vectorization, we use a TF-IDF rep-
resentation with a fixed vocabulary construction rule, where the maximum vocabulary size and
n-gram range are fixed and the same tokenization policy is applied to all clients. Each chunk is
embedded once and stored in the index. Similarity between a query prompt and chunk vectors
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is computed using cosine similarity on Lo-normalized vectors. The search index is an exact
flat index (no approximation and no IVF/HNSW quantization), so that identical inputs yield
identical rankings across runs under the same environment.

For each query (either a training input x or a probe prompt p € P), the retriever returns
the top-K chunk identifiers under cosine similarity ranking. We set K = 5 throughout. No
reranking stage is applied; therefore the retrieval output is determined solely by the vectorizer
and the similarity search. To eliminate nondeterminism due to tied similarity scores, ties are
resolved deterministically by ascending chunk identifier order. This rule is applied consistently
in both the training-time retrieval used to form RAG inputs and the probe-time retrieval used
to compute trust histograms.

The retriever configuration used in this work is therefore fully specified by the tuple

(TF—IDF tokenization and vocabulary policy, cosine similarity on normalized vectors, exact flat index,

which enables independent replication of retrieval outputs and, consequently, of the trust and
weight trajectories derived from Egs. (12)-(16).

3.13. Clarifying the Meaning of “Label-Free” in This Study

In this manuscript, the term label-free refers exclusively to the construction of the trust
signal and the resulting aggregation weights. Specifically, the trust estimator is computed
from retrieval-consistency statistics obtained under a fixed probe prompt set and does not
require any ground-truth relevance labels or annotated QA pairs. The trust pipeline is fully
defined by the retrieval-distribution histograms, the Jensen—Shannon divergence to a round-
wise population reference, and the subsequent exponential mapping, EMA smoothing, clipping,
and normalization (Egs. (12)—(16)).

Local client updates may use supervised or self-supervised objectives depending on the
application setting, but task labels are not required for trust estimation itself and are not used
in the reported evaluation. Accordingly, the results in this paper quantify only trust and weight
dynamics under controlled corpus poisoning, while task-level generation quality and benchmark
comparisons are left for future work.

4. Result

FEvaluation focus.. All results reported in this section are derived from the retrieval-consistency
trust pipeline and its induced normalized aggregation weights. We therefore report trust /weight
dynamics and their statistics under controlled corpus poisoning, and we do not include task-level
baselines or generation-quality metrics in this manuscript.

Baselines and evaluation boundary.. The primary objective of this study is to validate the pro-
posed retrieval-consistency trust estimator and its induced aggregation weights under controlled
corpus poisoning. As such, the reported evidence focuses on trust trajectories, normalized
weights, and their stability properties. Standard FL baselines (e.g., FedAvg) do not produce
an intrinsic trust signal and are therefore not directly comparable with respect to the main ob-
ject of interest in this manuscript. Task-level generation benchmarks and baseline comparisons
are deferred to future work, where labeled QA protocols and generation-quality metrics can be
incorporated on top of the present reproducible trust and aggregation analysis.

4.1. Data Sources and Usage Notes

The retrieval corpora used to build client indices are obtained from publicly available data
providers. Wikipedia content is sourced from the official Wikimedia dumps (snapshot: 2025-
10-20). PubMed baseline XML is sourced from the National Library of Medicine (NCBI)
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baseline distribution (file: pubmed26n0002.xml.gz). StackExchange content is sourced from
the official StackExchange data archive (Al StackExchange dump). These sources are used
only to construct retrieval indices and probe-based retrieval statistics; this manuscript does not
redistribute raw dumps within the paper. Users must comply with the corresponding licenses
and terms of use when downloading and processing these corpora.

4.2. Reproducible Output Artifacts

To keep the empirical evidence fully verifiable, the results in this section are reported
only through automatically generated artifacts produced by the released pipeline. Specifi-
cally, the trust trajectories are exported as a comma-separated file trust_over_rounds.csv,
which contains one record per client per communication round with the fields round, client,
trust, and weight. The file is generated directly from the experiment logs without man-
ual editing, and it serves as the single source of truth for all trust-related reporting in the
manuscript. Two figures are then generated deterministically from this CSV using matplotlib:
fig trust_over_rounds.png visualizes the trust score §§t) of each client over rounds, and
fig weights_ over_rounds.png visualizes the corresponding aggregation weight wgt) applied
in the global update. Since both plots are derived directly from the same exported CSV, the
reported trajectories can be re-created exactly by re-running the provided evaluation script,
ensuring that the manuscript does not depend on any hidden post-processing steps.

The reported trajectories reflect only the smoothing and clipping operations that are ex-
plicitly defined in the proposed method. In particular, the per-round trust update follows
the exponential moving average in Eq. (15), and any boundedness is due to the deterministic
clipping interval [s, 5| defined before weight normalization in Eq. (16). No additional curve
smoothing, rescaling, interpolation, or outlier removal is applied for visualization. Therefore,
any gradual changes observed in the plots are a direct consequence of the trust estimator dy-
namics and not an artifact of manual formatting. This choice is essential for a label-free setting,
where the objective is to demonstrate stability and robustness of trust-weighted aggregation
under retrieval-consistency signals rather than task-specific accuracy improvements.

For completeness, the experimental results are interpreted under fixed, explicitly stated
settings that remain unchanged across rounds. The number of clients is M = 4, the number of
communication rounds is 7' = 20, and the client participation rate per round is set to 1.0 (all
clients contribute each round). Retrieval-consistency statistics are computed using a fixed top-
K retrieval depth with K = 5 and a deterministic probe prompt set P that remains constant
throughout training. The trust dynamics are controlled by a single smoothing coefficient p
in Eq. (15), and the aggregation weights are produced via the normalization rule in Eq. (16).
By grounding the Results section in these exported artifacts and fixed settings, the evidence
presented below can be reproduced end-to-end from the released repository, with all reported
curves and summary values traceable to the raw logged outputs.

4.8. Trust Trajectories Quver Federated Rounds

Fig. 3 reports the evolution of the smoothed trust scores 51@ for all clients across the T' = 20
federated rounds. In each round, the trust score is computed from retrieval-consistency signals
using Eqgs.(12)-(16) and updated by the exponential moving average in Eq. (15). Concretely,
each client C; produces a retrieval-distribution histogram hl(t) by querying its private retriever
with the fixed probe prompt set P and counting the bucketed occurrences of the top-K retrieved
items. The global reference hg) is obtained from Eq. (12), and the Jensen—-Shannon divergence
in Eq. (13) quantifies the deviation of each client’s retrieval behavior from the population
reference. The exponential mapping in Eq. (14) converts this divergence into a bounded trust
score, where larger divergence yields lower trust. Importantly, the trajectories in Fig. 3 are
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exported directly from trust_over_rounds.csv, and the apparent smoothness is solely due to
the EMA parameter p and the clipping bounds [s, 5] defined in the method.

The trajectories exhibit two distinct behaviors that align with the roles defined in the poi-
soning protocol. Clients designated as benign maintain trust scores close to the upper range
throughout training, indicating that their retrieval distributions remain consistently aligned
with the global reference distribution under the fixed probing procedure. In contrast, the poi-
soned client demonstrates a lower trust trajectory, reflecting a persistent deviation in retrieval
behavior induced by the injected corrupted/off-topic passages. The decline is gradual rather
than abrupt because Eq. (15) explicitly enforces temporal smoothing, which prevents the trust
signal from overreacting to transient variations in retrieval outcomes. As a result, the trust
estimator behaves as a stable control signal over rounds: when retrieval-consistency remains
high, El@ stays near its initial value; when retrieval-consistency is systematically degraded, §§-t>
converges toward a lower steady-state level determined by the divergence magnitude and the
smoothing factor.

These results support the intended function of the trust module in a label-free setting. Since
no ground-truth relevance judgments or reference answers are used, the trust mechanism is not
designed to measure task accuracy; instead, it measures whether a client’s retrieval behavior
remains compatible with the population-level retrieval profile induced by the shared probe
prompts. Fig. 3 demonstrates that this signal is both interpretable and temporally stable,
enabling downstream aggregation control via Eq. (16) without requiring supervised evaluation
or attack labels. In the next subsection, we show how these trust trajectories translate directly
into aggregation influence through the normalized weights w'

i

4.4. Aggregation Weights and Global Influence

Fig. 4 illustrates the aggregation weights w§ assigned to each client across the 7' = 20 fed-
erated rounds. These weights are not independently fitted or tuned; they are deterministically
derived from the trust trajectories through the normalization rule in Eq. (16). In particular,

each round begins by computing the smoothed trust score §§t) via Eq. (15), applying clipping

t)

to enforce the fixed bounds [s, 5], and then normalizing across clients so that Ef\il wgt) = 1L
As a consequence, Fig. 4 provides a transparent visualization of how the retrieval-consistency
based trust signal translates into the effective influence of each client on the global update. The
plotted values are exported directly from trust_over_rounds.csv and rendered without any
post-processing beyond the method-defined smoothing and normalization.

The weight trajectories exhibit the expected allocation pattern under the poisoning protocol.
Benign clients receive consistently high aggregation weights, indicating that their local updates
maintain stable influence on the global model throughout training. Conversely, the poisoned
client is progressively down-weighted, reducing the impact of its local updates on the global
parameter trajectory. Importantly, this reduction occurs smoothly over rounds rather than
through hard exclusion. This behavior follows directly from the EMA update in Eq. (15),
which prevents abrupt changes in trust and, by extension, in aggregation weights. Such gradual
adaptation is desirable in federated settings because it avoids instability when retrieval outcomes
fluctuate due to benign heterogeneity, while still ensuring that systematic deviations in retrieval
behavior are reflected in reduced aggregation influence.

From an implementation perspective, the normalization in Eq. (16) serves two purposes that
are directly reflected in Fig. 4. First, it ensures that aggregation remains comparable across
rounds by maintaining a constant total weight budget, which is essential for stable convergence
of weighted averaging. Second, it keeps the aggregation policy interpretable: an increase or
decrease in wi(t) can be traced back to the corresponding change in retrieval-consistency through
equeations, without requiring additional hyperparameters such as temperature scaling or ex-
ponentiation of trust scores. Overall, Fig. 4 confirms that the proposed trust mechanism does
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Figure 3: Smoothed trust trajectories 52@ over T' = 20 federated rounds for M = 4 clients, exported from

trust_over_rounds.csv. The trajectories are computed from retrieval-consistency and updated using the
EMA rule in Eq. (15) with fixed probing set P and top-K retrieval depth.

not merely produce a diagnostic score, but yields a concrete and reproducible control signal
that governs how each client contributes to the global update.

4.5. Stability Interpretation of Trust Dynamics

The trajectories in Fig. 3 and the corresponding normalized aggregation weights in Fig. 4,
together with the summary statistics in the normalization check in Table 1, support a stability-
oriented interpretation of the proposed trust mechanism. First, the exponential moving average
in Eq. (15) induces gradual adaptation across rounds: trust reacts to persistent deviations in
retrieval-consistency while attenuating short-lived fluctuations. This effect is reflected in the
smooth convergence of 52@ toward client-specific steady values, avoiding oscillatory behavior
that could lead to unstable aggregation. In federated environments where benign heterogeneity
is expected, such smoothing is necessary to prevent transient retrieval variability from being
misinterpreted as adversarial behavior.

Second, Jensen—Shannon divergence on retrieval-distribution histograms provides a bounded
and symmetric discrepancy measure that remains meaningful without task labels. Because the
divergence is computed between normalized histograms, the trust signal depends on the relative
retrieval distribution induced by the fixed probe set rather than on absolute retrieval counts.
Consequently, clients whose retrieval behavior remains aligned with the population reference
maintain trust near the upper range, whereas systematic deviations result in sustained trust
reductions. This behavior is consistent with the poisoning protocol: injecting corrupted or
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Figure 4: Per-round normalized aggregation weights w® computed by Eq. (16). Weights are obtained by

i
normalizing clipped, EMA-smoothed trust scores and satisfy Z£1 wgt) =1 at every round.

off-topic passages shifts the client retrieval distribution and increases its divergence from the
global reference, which is then reflected as a lower Sgt) and a lower §Z(-t).

Finally, Eq. (16) ensures that stability at the trust level translates into verifiable stability
(t)

at the aggregation level through normalized weights w,’. In particular, the weights are con-

structed to satisfy Zi‘il wgt) = 1 at every round, and the reported values in Table 1 explicitly
confirm this constraint on representative rounds. This normalization yields an interpretable
influence allocation: clients with higher long-term retrieval-consistency receive consistently
larger weights, while unreliable clients are down-weighted smoothly rather than being excluded
by hard thresholds. Overall, the reported evidence indicates that the trust estimator operates
as a stable and auditable control signal for federated aggregation in a label-free RAG setting,
emphasizing robustness and transparency under controlled perturbations. The reported results
demonstrate an auditable and stable trust-to-weight mechanism under controlled retrieval-corpus
corruption; this paper does not, in this manuscript, quantify task-level robustness in generated
answers.

4.6. Limitations of the Reported Results

The results presented in this section are intentionally scoped to trust dynamics and aggrega-
tion stability under a label-free evaluation setting. Consequently, no task-specific performance
metrics such as answer accuracy, BLEU, ROUGE, or F1 scores are reported. This choice
reflects the design of the proposed framework, which estimates client reliability exclusively
from retrieval-consistency signals without relying on ground-truth relevance labels or super-

18



Table 1: Per-round normalized aggregation weights wgt) computed by Eq. (16), with an explicit normalization
check Z£1 wgt) = 1 (representative rounds).
Round ¢ wY) wét) wét) wflt) S wi(t)
1 0.250030 0.250169 0.250018 0.249784  1.000000
5) 0.250070 0.250391 0.250041 0.249498 1.000000
10 0.250075 0.250422 0.250044 0.249459 1.000000
15 0.250076 0.250424 0.250044 0.249456  1.000000

20 0.250076 0.250424 0.250044 0.249456 1.000000

vised benchmarks. As a result, the reported evidence should be interpreted as demonstrating
the stability and interpretability of the trust-weighted aggregation mechanism rather than im-
provements in downstream generation quality.

In addition, the experimental setup considers a fixed number of clients and a single poisoning
configuration, where one client is perturbed through corrupted or off-topic retrieval content.
While this setting is sufficient to illustrate how retrieval-consistency divergence propagates
into reduced trust and aggregation influence, it does not exhaustively cover all adversarial
or heterogeneous scenarios that may arise in real-world federated deployments. The trust
trajectories therefore reflect controlled conditions rather than worst-case adversarial behavior.

Finally, all hyperparameters governing trust computation and smoothing are fixed a pri-
ori and are not tuned against performance objectives. This design choice avoids introducing
additional degrees of freedom but also means that the sensitivity of the trust dynamics to pa-
rameters such as the EMA coefficient p, the clipping bounds [s, 3], and the retrieval depth K is
not explored in this study. Investigating these sensitivities, as well as extending the evaluation
to labeled benchmarks and comparative baselines, is left for future work.

4.7. Reproducibility and Artifact Availability

To support transparency and independent verification, we provide a public repository con-
taining the scripts and logged artifacts used to generate the reported trust and aggregation
results.

5. Conclusion

This paper introduced a reproducible, label-free trust-weighted aggregation mechanism for
federated fine-tuning in retrieval-augmented generation systems. The core idea is to estimate
client reliability from retrieval-consistency signals rather than from supervised task labels or
attack annotations. By constructing per-client retrieval-distribution histograms under a fixed
probe prompt set and quantifying deviations via Jensen—Shannon divergence, the proposed
trust score provides an interpretable indicator of whether a client’s retrieval behavior remains
aligned with the population reference. Exponential mapping and EMA smoothing yield a stable
trust trajectory over rounds, and a normalized trust-to-weight mapping translates reliability
estimates into aggregation influence without introducing hard exclusion thresholds.

The reported results demonstrate that the trust estimator remains stable across rounds
and produces consistent separation between benign and perturbed client behavior under the
defined poisoning protocol. Trust trajectories remain near the upper range for benign clients,
while the poisoned client converges to a lower operating point, leading to systematic down-
weighting in the global update. Because all reported curves and statistics are generated from
logged artifacts, the experimental evidence is directly auditable and can be re-created from the
released pipeline without manual post-processing.

The study is intentionally scoped to stability and interpretability of trust dynamics in a
label-free setting. Accordingly, the results do not claim improvements in downstream answer
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accuracy or generation quality, and no supervised benchmark comparisons are reported. Fu-
ture work will extend the evaluation to labeled RAG benchmarks and additional adversarial
settings, including varying poisoning intensities, multiple simultaneously unreliable clients, and
stress tests on larger client populations. These extensions will enable a more comprehensive
assessment of how retrieval-consistency-based trust interacts with task-level performance while
preserving reproducibility and transparency. We emphasize that the reported results validate
the proposed trust-to-weight mechanism and its stability under controlled retrieval-corpus poi-
soning. Standard FL baselines such as FedAvg operate without a trust signal and therefore
do not yield directly comparable trust trajectories. Moreover, task-level benchmark compar-
isons require labeled QA datasets and generation evaluation protocols, which are beyond the
label-free scope of this study and are reserved for future work.

Future work: downstream task evaluation. A natural extension of this work is to couple the
proposed trust-weighted aggregation with downstream RAG evaluation on labeled benchmarks
under poisoning. This includes comparing FedAvg and robust aggregation methods against the
proposed weighting under identical retrieval indices and poisoning rates, and reporting gener-
ation metrics (e.g., answer correctness/faithfulness) with uncertainty estimates over multiple
random seeds. Importantly, such an evaluation requires a controlled labeled QA protocol and
standardized prompting and scoring, which are outside the scope of the present label-free trust
study:.
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Algorithm 1 Fed-RAG+: Federated Retrieval-Augmented Fine-Tuning with Retrieval-
Consistency Trust Weighting

1: Input: Initial global model &) client set {C;}M . communication rounds T, probe prompt.
set P, top-K retrieval depth K, EMA parameter p, clipping bounds s, 3]
2: fort=1to T do

3: Server broadcasts: ®(~Y to participating clients
4: for each participating client C; do
5: (A) Local RAG fine-tuning: initialize & « (-1
6: for each local minibatch z € D; do
7 r < retrieve(z, R;; K)
8: z < concat(z, Encg(r))
9: compute local loss on z (task loss plus the regularizer defined in Sec. 3.1)
10: update (IDl(-t) by one optimizer step
11: end for
12: (B) Build retrieval histogram for trust: initialize hgt) +~0eR”
13: for each probe prompt p € P do
14: 7 <« retrieve_ids(p, R;; K) > top-K retrieved chunk IDs
15: for each retrieved ID v € Z do
16: b < bucket(u) > deterministic mapping to bucket index b € {1,..., B}
17: hgg — hgfg +1
18: end for
19: end for
20: Client sends: local model update CIDZ@ and histogram hgt) to the server
21: end for
22: (C) Server-side trust computation:
23 hy) LM pl > Eq. (12)
24: for each participating client C; do
25: jsd™ < JSD(Y | () > Eq. (13)
26: sgt) —exp( — jsd(t)) > Eq. (14)
27 §9 o pY 41— p) stV > Bq. (15), with 5% = 1
28: Egt) — clip(fél(-t),g, 3)
29: end for
30: wz@ — 51@/ Z%Zl s for all i > Eq. (16), >, wgt) =1

31: (D) Trust-weighted aggregation:
32 00 M 40 o

33: end for

34: Output: Final global model ®(*)
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