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Abstract
Retrieval-augmented generation (RAG) has emerged as a powerful paradigm for improving the factuality and grounding 
of large language models (LLMs). However, existing RAG systems suffer from several persistent limitations, including 
retrieval inefficiency, high computational costs, and limited semantic understanding due to the reliance on hard labels and 
recursive retrieval methods. To address these issues, this study proposes STaR, a novel retriever fine-tuning framework that 
integrates BM25 similarity graph-based soft labeling with a triplet similarity learning strategy based on Sentence-BERT 
(SBERT). Our approach constructs graded semantic labels through BM25 and similarity graph traversal, overcoming the 
binary constraints of traditional supervision and enriching the learning signal for more precise vector alignment. Further-
more, this study introduces a triplet-aware SBERT training architecture that explicitly models relative semantic distances 
between queries and candidate passages, significantly enhancing retrieval ranking precision and semantic robustness. 
This study also adopts a dual-level evaluation strategy that combines lexical level and semantic level accuracy, leverag-
ing their complementary strengths to better reflect retrieval quality and enhance downstream generation. Experimental 
results on a proprietary dataset of 98,037 QA pairs demonstrate that our method outperforms strong baselines—achieving 
HR@5 = 0.93 with consistent gains in MRR and favorable ARP. Compared with traditional and hybrid retrieval methods, 
STaR not only improves semantic precision but also reduces unnecessary computation and redundancy, making it well-
suited for resource-constrained and real-world QA deployments.

Keywords  Retrieval-augmented generation · Large language models · Question-answering systems · Soft labeling · 
Retriever fine-tuning
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tasks [1]. By retrieving relevant external documents to sup-
port response generation, RAG mitigates the limitations of 
generation without external knowledge and has been widely 
adopted in question answering (QA), chatbots, and domain-
specific assistants.

1  Introduction

Retrieval-augmented generation (RAG) has become a 
core technique for enhancing the factuality and grounding 
of large language models (LLMs) in knowledge-intensive 
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Despite the progress made by dense retrievers like Dense 
Passage Retrieval (DPR) [2] and ColBERT [3], several 
limitations persist. First, most retrievers are trained using 
binary hard labels that classify passages as either relevant 
or irrelevant.

This rigid supervision neglects the nuanced spectrum 
of semantic relatedness and suppresses the expressiveness 
needed for generalization [4, 5]. Second, pointwise and 
pairwise training objectives lack explicit regularization over 
the embedding space, often causing semantically similar but 
contextually irrelevant passages to cluster together, thereby 
increasing misretrieval. Third, these retrievers are typically 
sensitive to domain shifts and require substantial labeled 
data for effective adaptation. Hybrid/blended retrieval com-
bines dense and sparse indexes with hybrid query strategies 
to improve effectiveness but increases system complexity 
rather than performing iterative refinement [6]. Interleaving 
or multi-step retrieval alternates reasoning and retrieval (e.g., 
IRCoT) to iteratively refine evidence, which can improve 
precision but entails additional retrieval calls and compute 
overhead [7]. Beyond binary supervision, the noisy-label lit-
erature and instance-dependent label-enhancement methods 
indicate richer supervisory signals; while these advances are 
not designed for open-domain retrieval, they motivate mov-
ing beyond hard labels and highlight adaptation challenges 
when corpora evolve [8, 9].

To address these challenges holistically, this study pro-
poses STaR (Soft-labeling and Triplet-Aware Retriever), a 
novel retrieval optimization framework that jointly enhances 
semantic supervision and embedding space discrimination. 
Rather than using binary or heuristic supervision, STaR 
constructs a dynamic similarity graph from the corpus and 
generates structured soft labels based on multi-hop graph 
paths between documents. This approach captures fine-
grained semantic relevance and facilitates scalable training 
across domains. To complement this, this study introduces 
a triplet-based SBERT optimization strategy that explicitly 
regularizes embedding geometry. By pulling semantically 
relevant passages closer to the query anchor and pushing 
distractors away, our method preserves global relational 
structure and mitigates retrieval errors stemming from 
embedding collapse or contextual ambiguity. Our main con-
tributions are as follows:

(1) Compared with hard-label supervision and label-
distribution enhancement methods from partial/weak-label 
learning [9, 10], this study introduces a BM25 similarity 
graph-based soft labeling strategy that assigns fine-grained 
relevance via structured multi-hop relations, improving 
expressiveness and scalability for retrieval settings.

(2) Beyond pairwise contrastive objectives commonly 
used in dense retrievers (e.g., DPR) [2] and label-free 
autoencoding training (ART) [11], this study instantiates 

a triplet-based SBERT objective [12] coupled with graph-
derived soft labels to shape the embedding space with 
relational consistency, effectively separating semantically 
similar yet contextually irrelevant passages.

(3) This study demonstrates that combining soft-label 
supervision and triplet optimization enables our model to 
achieve superior performance in both in-domain and cross-
domain QA tasks, offering improvements in retrieval qual-
ity, robustness, and deployment efficiency.

The remainder of the paper is organized as follows. 
Section II reviews and compares previous relevant work. 
Section III explains the notations, assumptions, problem 
description, and objectives. Section IV introduces the pro-
posed STaR. Section V presents the simulation and perfor-
mance evaluation. Section VI discusses the summary and 
future work.

2  Related works

Retrieval serves as a foundational component in Retrieval-
Augmented Generation (RAG) systems, enabling large 
language models (LLMs) to access external knowledge for 
factual grounding and contextual reasoning. Prior research 
on retrieval techniques in the RAG framework can be broadly 
categorized into three major directions: Text-based embed-
ding methods, Hybrid semantic and knowledge-augmented 
retrieval methods and structured knowledge and Retriever 
fine-tuning and supervision strategies. This section reviews 
representative work in each category to highlight the evo-
lution of retrieval strategies and their underlying modeling 
assumptions.

2.1  Text-based embedding methods

Early retrieval systems such as Term Frequency-Inverse 
Document Frequency (TF-IDF) [13, 14] and BM25 [15] 
represented queries and passages using high-dimensional 
sparse vectors derived from word frequency statistics. These 
models maintained popularity due to their interpretability 
and efficiency but lacked the ability to capture paraphrastic 
variation or contextual meaning. To mitigate these limita-
tions, shallow embedding methods such as Word2Vec [16] 
and GloVe [17] were proposed. These approaches learned 
fixed embeddings from co-occurrence patterns to reflect 
semantic proximity. However, the resulting vectors were 
context-independent and static, making them insufficient 
for complex tasks like open-domain QA that require under-
standing polysemy and compositional semantics. Overall, 
while these methods performed well in low-resource set-
tings, their reliance on surface-level lexical features limited 
their expressiveness and adaptability.
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More recent advances sought to refine static embeddings 
rather than abandon them. For example, WordFast improves 
on traditional embeddings by linearly fusing FastText and 
Word2Vec, achieving better performance in tasks such as 
sentiment analysis [18]. In parallel, subword-enhanced 
static embeddings such as FastText [19] enrich type-level 
vectors with character n-grams, improving robustness for 
rare and morphologically rich forms while remaining con-
text-independent. Subsequent semantic-specialization post-
processing refines pre-trained static, type-level vectors; for 
instance, Attract-Repel injects synonymy/antonymy con-
straints to tighten semantic neighborhoods and separate 
lexical contrasts, explicitly remaining context-independent 
[20]. More recently, lexical-subspace approaches encode 
symmetric (e.g., synonymy, antonymy) and asymmetric 
(e.g., hypernymy, meronymy) lexical relations as subspaces 
within the distributional space, further specializing static 
embeddings while still avoiding contextualized token-level 
representations [21]. While static embeddings are token-
context independent and struggle with temporal shifts, dia-
chronic/geo-conditioned static variants attempt to mitigate 
this by conditioning on time and location; for example, 
Gong et al. [22] enrich type-level representations with tem-
poral and spatial signals without introducing token-level 
contextualization.

Beyond static type-level vectors, Transformer-based 
encoders such as BERT [23], RoBERTa [24], and DeBERTa 
[25] produce representations conditioned on surrounding 
context. These encoders improve polysemy disambigu-
ation and compositional semantics and form the basis of 
many modern sentence and passage embeddings. Build-
ing on these encoder foundations, recent work has released 
strong general-purpose embedding families and packaged 
resources to support retrieval-oriented representation learn-
ing. In particular, C-Pack [26] provides packed resources 
and evaluation suites for general Chinese embeddings, and 
it is often used to benchmark strong embedding families 
such as BGE in dense retrieval and semantic matching.

In addition, large language models have also been 
explored as representation enhancers for downstream 
retrieval and matching tasks. For instance, LE-DLCM 
[27] leverages large language models to decouple learner 
and course modeling and to obtain knowledge-enriched 
course embeddings and improve representation quality in 
recommendation settings, illustrating how LLMs can aug-
ment embedding quality via external knowledge and richer 
semantic encoding. Similar ideas have also been explored 
across other information-access settings, where LLMs are 
used to enrich representations beyond static corpora sta-
tistics. Recent studies have begun to outline this emerging 
design space of LLM-enhanced representation learning 
across recommender and matching pipelines. While these 

directions improve expressiveness, they do not eliminate 
the need for controllable and task-aligned supervision when 
adapting embeddings to retrieval-style relevance.

In summary, static and shallow embeddings are efficient 
and interpretable, but their reliance on fixed lexical or dis-
tributional statistics limits their ability to model paraphrases 
and context-dependent semantics. This motivates richer con-
textual representations and more informative supervision 
for aligning embeddings with retrieval-oriented relevance, 
as further discussed in the following sections on knowledge-
augmented retrieval and dense retriever fine-tuning.

2.2  Hybrid semantic and knowledge-augmented 
retrieval methods

To improve retrieval robustness and semantic grounding, 
hybrid methods combine sparse and dense signals or aug-
ment retrievers with structured knowledge. For example, 
Blended RAG [6] blends dense and sparse indexes with 
hybrid, query-aware strategies while RAP-Gen [28] employs 
a hybrid patch retriever that combines lexical and seman-
tic matching for code to supply a CodeT5 generator with 
high-quality candidates. However, most fusion strategies 
rely on fixed weights, which fail to adapt across heteroge-
neous query intents or domains. Other approaches incor-
porated knowledge graphs to enhance factual consistency. 
ReAct [29] interleaved retrieval and reasoning steps using 
external tools, while Think-on-Graph (ToG) [30] performed 
multi-hop graph traversal for compositional QA. Although 
these systems improved grounding accuracy, they generally 
required additional inference-time modules, introducing 
latency and scalability issues. Lightweight alternatives such 
as query expansion–based reranking pipelines (e.g., EAR) 
[31] and knowledge-constrained re-rankers for KGQA [32] 
reduced computational overhead but depended on manually 
crafted rules or static ontologies, limiting their adaptability 
in dynamic environments.

Recent work targets these limitations via adaptivity and 
tighter integration. DAT [33] dynamically tunes the balance 
between BM25 and dense retrieval on a per-query basis 
using LLM-informed feedback, outperforming fixed-weight 
hybrids. In domain-specific applications, HybridRAG [34] 
combines vector and graph-based retrieval to extract accu-
rate answers from financial transcripts. Broadening the 
scope, a high-ranking hybrid RAG system for the KDD 
Cup 2024 CRAG track [35] improves complex reasoning 
through attribute predictors, structured-knowledge extrac-
tors, and other retrieval–extraction optimizations. From 
a system design perspective, the KG-Vector RAG frame-
work [36] shows how structured knowledge integration 
can enhance both factual grounding and runtime efficiency. 
Moreover, query-aware graph neural architectures [37] 
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employ graph-based attention to dynamically prioritize 
relevant paths, yielding strong performance on multi-hop, 
reasoning-intensive tasks.

In sum, hybrid methods deepen semantic grounding 
and expand retrieval breadth, yet they often trade simplic-
ity for architectural complexity and still lack fine-grained 
supervisory signals to explicitly shape embedding geom-
etry. Our approach targets this gap by deriving similarity-
graph–based soft labels and applying triplet-aware SBERT 
optimization, providing continuous, topology-aware super-
vision that improves discrimination without incurring heavy 
inference-time toolchains.

2.3  Retriever fine-tuning and supervision strategies

Dense retrieval models such as dense passage retrieval 
(DPR) [2] and ColBERT [3] encode queries and passages 
into dense vectors with contextual encoders and are typically 
fine-tuned under hard-label supervision. These methods are 
trained on QA datasets with binary relevance signals using 
contrastive or ranking objectives (e.g., in-batch InfoNCE), 
thereby discretizing relevance. However, such coarse super-
vision under-specifies graded similarity and provides lim-
ited global geometric constraints in the embedding space, 
which can hinder generalization to unseen domains and 
make it difficult to separate topically similar yet contextu-
ally irrelevant passages.

Within this hard-label regime, research has mainly pur-
sued stronger negatives under discrete supervision. ANCE 
[38] mines globally hard negatives from an asynchronously 
updated ANN index, consistently improving over random 
in-batch negatives, yet the supervision signal remains 
binary. STAR/ADORE [39] further stabilizes training and 
refreshes hard negatives to optimize ranking with explicit 
positive and negative labels. RocketQA [40] combines 
cross-batch negatives, denoised hard negatives, and data 
augmentation, making discrete-label training more effective 
for open-domain QA.

Beyond mining strategies, journal work has systematized 
hard-label supervised training via architectural adjustments 
while keeping supervision discrete. SDA (Sparse–Dense–
Attentional) retrieval [41] analyzes dual-encoder capacity 
and margins, and trains sparse–dense or attentional hybrids 
with BM25-mined negatives plus discrete positives to 
strengthen first-stage retrieval. Aggretriever [42] aggregates 
token-level signals into a single-vector representation and is 
fine-tuned with explicit positives and negatives under stan-
dard DPR setups, improving both in-domain accuracy and 
zero-shot robustness without costly pre-training.

In parallel, relevance-aware learning signals have also 
been explored in unsupervised dense retrieval to reduce 
the noise introduced by pseudo-positive pairs. Contriever 

[43] learns dense retrievers through contrastive pre-training 
on unlabeled corpora; however, pseudo-positive pairs con-
structed from unlabeled data may contain weakly relevant 
or noisy examples, leading to false positives during contras-
tive learning. Lei et al. proposed a relevance-aware contras-
tive pre-training method, also referred to as ReContriever 
[44], in which an intermediate-trained retriever is used as a 
proxy relevance estimator to assess the reliability of pseudo-
positive pairs and adaptively reweight the contrastive loss. 
This model-driven relevance estimation strategy improves 
the robustness of unsupervised dense retrieval by reducing 
the influence of unreliable positives.

Different from this model-driven pre-training paradigm, 
this study focuses on task-specific retriever fine-tuning for 
RAG-QA and derives graded relevance supervision from 
corpus-level similarity structures. Instead of estimating pair 
reliability from the intermediate state of a retriever during 
pre-training, the proposed framework constructs soft labels 
from the target corpus before retriever optimization, thereby 
providing an interpretable and reproducible supervision 
signal for task-specific retrieval. Therefore, STaR is posi-
tioned as a corpus-structure-driven soft-labeling strategy 
that is complementary to adaptive model-driven relevance 
estimation.

Beyond retrieval-specific relevance weighting, dynamic 
difficulty-aware supervision has also been explored in 
sequence-to-sequence learning. Peng et al. [45] proposed 
Token-Level Self-Evolution Training, which dynami-
cally emphasizes under-explored target tokens and applies 
token-specific label smoothing to improve generalization. 
Although this method is designed for token-level generation 
rather than query-passage retrieval, it highlights the value 
of adapting supervision according to learning difficulty. In 
contrast, this study focuses on retrieval-level supervision 
and uses graph traversal depth and decay as corpus-level 
controls for propagating graded relevance over the simi-
larity graph. This design emphasizes interpretability and 
reproducibility in task-specific retriever fine-tuning, while 
difficulty-aware graph weighting remains a potential exten-
sion of the current soft-labeling strategy.

3  Assumptions and problem formulation

This section presents the assumptions, problem formulation 
and objective of this study.

3.1  Notations and assumptions

Given a document D, represented as a sequence of sen-
tences D =

{
S1, S2, . . . , S|D|

}
, where |D| denotes the total 

number of sentences within the document. Each sentence Si 
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consists of a sequence of words Si =
{
wi,1,wi,2, . . . ,wi,|si|

}

, where |si| denotes the total number of words inSi. Our goal 
is to develop a Question Answering (QA) system capable of 
accurately responding to a set of n user-generated questions 
Q = {Q1, Q2, . . . , Qn}. For each question Qi, if the answer 
can be derived from information within the document D, 
our QA system should be able to provide the corresponding 
accurate answersA = {A1, A2, . . . , An}.

Assume a correct answer Ai =
{
si,1, si,2, . . . , si,|Ai|

}
 

is composed of multiple sentences. Each sentence 
si,j =

{
wi,j,1,wi,j,2, . . . ,wi,j,|si,j|

}
 in answer Ai is composed 

of multiple words wi,j,k, where 
∣∣si,j

∣∣ is the number of words 

in the sentence si,j. Similarly, let Âi =
{
ŝi,1,̂si,2, . . . , ŝi,∣∣Âi

∣∣
}

 

denote a predicted answer, which is also composed of multi-
ple sentences. Each sentence ̂si,j =

{
ŵi,j,1,ŵi,j,2, . . . , ŵi,j,|̂si,j|

}
 

in the predicted answer, is composed of multiple words ŵi,j,k
.

3.2  Evaluation metrics

The performance of our developed QA system is primarily 
evaluated based on the following three performance metrics: 
answerability, lexical-level accuracy, and semantic accu-
racy. The "answerability" means that our QA system should 
have the ability to determine whether the scope of the user's 
i-th question Qi falls within the content of the document D
. Once Qi is identified as being within the scope of D, the 
system's performance is further assessed using lexical-level 
accuracy and semantic accuracy. The lexical-level accuracy 
evaluates the system's ability to assess the correctness of the 
predicted answer compared to the ground truth answer at the 
lexical level. The Semantic accuracy measures the system's 
capability to determine the alignment between the predicted 
answer and the annotated answer at the semantic level. The 
following presents the details of the proposed three perfor-
mance metrics.

3.2.1  Performance metric of answerability

To evaluate the performance of the first metric, the follow-
ing notations are defined. Let yM

j  be a Boolean variable 
which denotes the ground truth label of the j-th query Qj, 
representing whether or not the query exists in the database 
D. More specifically, yM

j  is defined as:

yM
j =

{
1, if Qj is in scope of D
0, otherwise � (1)

similarly, let ŷM
j  be a Boolean variable which indicates 

whether the system predicts that Qj exists in D. It is defined 
as:

ŷM
j =

{
1, if the system predicts Qj in scope of D
0, otherwise � (2)

let TP M
i  denote true positive for the result predicted by 

mechanism M. That is, the value of TP M
i  is true if the 

question Qi exists in the database D and the prediction of 
M is correct. The value of TP M

i  can be calculated by Exp. 
(3).

TP M
i =

{
1, yM

j ŷM
j =1

0, otherwise � (3)

Let FP M
i  and FNM

i  denote false positive and false nega-
tive for the results predicted by mechanism M, respectively. 
The values of FP M

i  and FNM
i  can be derived by Exps. (4) 

and (5), respectively.

FP M
i =

{
1, (1−yM

j ) ŷM
j =1

0, otherwise � (4)

FNM
i =

{
1, (1−ŷM

j ) yM
j =1

0, otherwise � (5)

Let TNM
i  denote true negative for the result predicted by 

mechanism. The value of TNM
i  can be calculated by Exp. 

(6), respectively.

TNM
i =

{
1, (1−yM

j ) (1−ŷM
j )=1

0, otherwise � (6)

Let Q =
{

Q1, Q2, . . . , Q|Q|
}

 be the set of |Q| questions. 
Let TP M

answerability, FP M
answerability, FNM

answerability and 
TNM

answerability denote the outcomes of determining, using 
mechanism M, whether these questions fall within the 
scope of document D. The results are categorized as true 
positive, false positive, false negative and true negative, 
respectively. That is,

TP M
answerability =

|Q|∑
i=1

TP M
i � (7)

FP M
answerability =

|Q|∑
i=1

FP M
i � (8)

FNM
answerability =

|Q|∑
i=1

FNM
i � (9)
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TNM
answerability =

|Q|∑
i=1

TNM
i � (10)

Let PM
answerability and RM

answerability denote the precision 
and recall by applying mechanism M, respectively. The val-
ues of PM

answerability and RM
answerability can be calculated by 

Exps. (11) and (12), respectively.

P M
answerability =

TP M
answerability

TP M
answerability + FP M

answerability

� (11)

RM
answerability =

TP M
answerability

TP M
answerability + FNM

answerability

� (12)

Let F1M
answerability denote F1-score by applying mechanism 

M. The value of F1M
answerability can be computed by Exp. 

(13).

F1M
answerability =

2 ∗ P M
answerability ∗ RM

answerability

P M
answerability + RM

answerability

� (13)

3.2.2  Performance metric for lexical-level accuracy

The first performance aims to determine whether or not the 
question falls in the scope of document D. In case that the 
question falls in the scope of D, the second performance 
metric evaluates the accuracy of the answer content at the 
word level. For model M, let Boolean variable δM

i,j,k repre-
sent whether or not the k-th word wi,j,k in the j-th sentence is 
in label Ai. The value of δM

i,j,k can be derived from Exp. (14)

δM
i,j,k =

{
1, if wi,j,k ∈ Ai

0, if wi,j,k /∈ Ai
� (14)

Furthermore, let Boolean variable ρM
i,j,k represent whether or 

not the k-th word wi,j,k in the j-th sentence is in predicted 
answer Âi. The value of ρM

i,j,k can be derived from Exp. (15)

ρM
i,j,k =

{
1, if wi,j,k ∈ Âi

0, if wi,j,k /∈ Âi
� (15)

Let TP M
i,j,k, FP M

i,j,k, FNM
i,j,k and TNM

i,j,k denote true positive, 
false positive, false negative and true negative for the result 
predicted by mechanism M. Specifically, TP M

i,j,k denote that 
the k-th word in the j-th sentence of the generated answer is 
present in the labeled answer Ai and is correctly predicted. 
FP M

i,j,k denote that the k-th word in the j-th sentence of the 

generated answer is present in the labeled answer Ai but is 
incorrectly predicted. FNM

i,j,k denote that the k-th word in 
the j-th sentence of the generated answer is not present in 
the labeled answer Ai but is incorrectly predicted. TNM

i,j,k 
denote that the k-th word in the j-th sentence of the gen-
erated answer is not present in the labeled answer Ai and 
is correctly predicted. The value of TP M

i,j,k, FP M
i,j,k, FNM

i,j,k 
and TNM

i,j,k can be calculated by Exps. (16) to Exps. (19), 
respectively.

TP M
i,j,k =

{
1, δM

i,j,k ρM
i,j,k=1

0, otherwise � (16)

FP M
i,j,k =

{
1, (1−δM

i,j,k) ρM
i,j,k=1

0, otherwise � (17)

FNM
i,j,k =

{
1, (1−ρM

i,j,k) δM
i,j,k=1

0, otherwise � (18)

TNM
i,j,k =

{
1, (1−δM

i,j,k) (1−ρM
i,j,k)=1

0, otherwise � (19)

Let A = {A1, . . . , A|A|} be the set of |A| labeled answers 
for each question. Let S = {S1, . . . , S|si,j|} be the set of |si,j| 
sentences for each answers. Let W = {W1, . . . , W|Wi,j,k|} be 
the set of |Wi,j,k| words for each sentences. Let TP M

accuracy

, FP M
accuracy, FNM

accuracy, and TNM
accuracy denote true 

positive, false positive, false negative, and true negative at 
the word level, representing the matching status for each 
word. The values of TP M

accuracy, FP M
accuracyFNM

accuracy

, and TNM
accuracy can be calculated by Exps. (20) to (23), 

respectively.

TP M
accuracy =

|A|∑
i=1

|si,j |∑
j=1

Wi,j,k∑
k=1

TP M
i,j,k� (20)

FP M
accuracy =

|A|∑
i=1

|si,j |∑
j=1

Wi,j,k∑
k=1

FP M
i,j,k� (21)

FNM
accuracy =

|A|∑
i=1

|si,j |∑
j=1

Wi,j,k∑
k=1

FNM
i,j,k� (22)

TNM
accuracy =

|A|∑
i=1

|si,j |∑
j=1

Wi,j,k∑
k=1

TNM
i,j,k� (23)
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Let PM
accuracy and RM

accuracy denote the precision and recall 
by applying mechanism M, respectively. The values of 
PM and RM can be calculated by Exps. (24) and (25), 
respectively.

P M
accuracy =

TP M
accuracy

TP M
accuracy + FP M

accuracy

� (24)

RM
accuracy =

TP M
accuracy

TP M
accuracy + FNM

accuracy

� (25)

Let F1M
accuracy denote F1-score of C predicted by mechanism 

M. The value of F1M
accuracy can be denoted by Exp. (26).

F1M
accuracy =

{
2∗P M

accuracy∗RM
accuracy

P M
accuracy+RM

accuracy
, ifyM

j = 1 and ŷM
j = 1

0, if yM
j = 0 or ŷM

j = 0
� (26)

3.2.3  Performance metric of semantic accuracy

The third performance metric evaluates the semantic 
accuracy of the QA system's answers. This metric evalu-
ates whether the predicted answer accurately conveys the 
intended meaning of the correct answer, even if there are 
lexical differences. For a given question Qj, let Aj and Âj 
be the ground truth answer and the answer predicted by the 
system, respectively. To quantify semantic similarity, the 
answers Aj

and Âj will be transformed to sentence embeddings 
Vj andV̂j, respectively. Let Sj denote the similarity score 
between Aj and Âj. That is, using Exp. (27).

ρj =

{
vj v̂j

∥vj ∥v̂j ∥ , if yM
j =1 and ŷM

j =1

0, if yM
j

=0 or ŷM
j

=0 � (27)

where Vj • V̂j represents the dot product of the two vectors, 
∥Vj∥ and ∥V̂j∥ are the magnitudes of the vectors Vj and V̂j
, respectively. When both vectors are positive, the cosine 
similarity score Scos ∈ [0,1], with higher values indicating 
stronger semantic similarity.

Let Q = {Q1, . . . , Q|Q|} be the set of |Q| questions. Let 
ρ denote the outcomes of determining, using mechanism M
, representing the similarity between the predicted answer 
and the ground truth answer. The value of ρ can be denoted 
by Exp. (28).

ρ =
|Q|∑
j=1

ρj � (28)

3.3  Objectives

Finally, the overall performance of the QA system is 
quantified by a weighted combination of the three metrics 
described above: Answerability F1-score, lexical F1-score 
and Semantic similarity. Let the weights assigned to each 
metric beα, β and γ respectively, withα + β + γ = 1. The 
overall goal is to maximize the system's performance score 
P . The final performance score P  can be calculated using 
Exp. (29).

P = αF1M
answerability + βF1M

accuracy + γρ� (29)

Let Ω be the set of all possible mechanisms for solving the 
QA problem and PM be the total score of mechanism M
. The goal of this paper is to design the best mechanism 
Mbest that achieves the highest score among all possible 
mechanisms in Ω. Exp. (30) reflects the objective of this 
paper.

M best = arg max
M∈Ω

PM� (30)

4  The proposed STaR mechanism

This paper introduces a novel training framework, called 
STaR, which aims to develop a training model for a 
Retrieval-Augmented Generation (RAG) retriever. The goal 
of the training model is to generate high-quality QA training 
data and a training model for improving the retriever's preci-
sion and generalizability. As shown in Fig. 1, the proposed 
framework comprises three main stages, namely Keyword 
Extraction and Similarity Computation, Soft Label Genera-
tion via Similarity Graphs, and Multi-Dimensional Pairing 
through Triplet Similarity SBERT Architecture. The first 
stage employs CKIP tokenization to extract keywords from 
the text and utilizes the BM25 algorithm to calculate similar-
ity scores between documents, constructing a textual simi-
larity graph. The second stage leverages the similarity graph 
to generate soft similarity labels that capture the nuanced 
relationships between a query and its related documents. 
Finally, the last stage incorporates a triplet similarity-based 
SBERT architecture to optimize multi-dimensional relation-
ships, enabling the model to handle question-to-multiple-
text matching effectively. The following presents the details 
of the three stages.

4.1  Keyword extraction and similarity computation

This stage begins with the extraction of key textual features 
and the computation of document similarity. It uses CKIP 
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tokenization for linguistic processing and BM25 for simi-
larity measurement, both of which lay the groundwork for 
constructing a textual similarity graph.

As shown in Fig.  1, the CKIP tokenizer processes the 
input text D = {d1, d2, . . . , dn}, where document D con-
sists of n documents and di represents a document. Then, 
each document di is further segmented into a set of tokens. 
The result of the CKIP tokenizer can be defined as Exp. (31).

Ki = CKIP (di)� (31)

where Ki = {Ki,1, Ki,2, . . . , Ki,m} is the set of extracted 
keywords from document di and m denotes the maximal 
number of tokens in each document di.

Let notation sij denote the similarity score of documents 
di and dj. After the document segmentation, the BM25 algo-
rithm is applied to calculate the score similarity sij for each 
pair of documents di ∈ D and dj ∈ D. This study utilizes 
BM25 to compute similarity scores between texts when 
establishing a training set for a RAG (Retrieval-Augmented 
Generation) retriever, as BM25 balances the effects of high- 
and low-frequency terms, making the results more precise 
and reliable.

The relevance scores derived from BM25 reflect the 
degree of similarity between texts, which is crucial for 
constructing a text retrieval system. The BM25 measures 
textual relevance based on term frequency and document 
length, ensuring the model captures content most relevant to 
the query. The score sij can be calculated based on:

sij =
∑

ki,j∈ki∩kj

IDF (ki,j)
fki,j ,di

(δ1 + 1)

fki,j ,di + δ1

(
1 − b + b |di|

avg

) � (32)

where fki,j,di  represents the frequency of keyword key in doc-
ument di, δ1 and b are hyper parameters with typical values 

δ1 = 1.2 and b = 0.75, |di| represents the length of docu-
ment di,avg represents the average document length. The 
IDF (ki,j), representing the inverse document frequency of 
keyword ki,j , is defined as

IDF (ki,j) = log
n − nki,j + 0.5

nki,j
+ 0.5

+ 1� (33)

where n represents the total number of documents, and nki,j  
is the number of documents containing the keyword ki,j. 
Then the relevance scores si,j of two documents di and dj are 
normalized using the Min–Max normalization method to 
convert them into similarity scores ranging between 0 and 1. 
This step is crucial for SBERT training, enabling the model 
to effectively learn textual similarities. The relevance scores 
for all query terms are aggregated to compute the overall 
relevance score of the candidate document Q relative to the 
primary document D. To facilitate SBERT similarity train-
ing, the BM25 relevance scores are transformed into nor-
malized similarity scores using the Min–Max normalization 
technique, as defined by the equation:

Snormalized
i,j =

si,j − min
i,j∈D

(si,j)

max
i,j∈D

(si,j) − min
i,j∈D

(si,j) � (34)

where Snormalized
i,j  represents the original relevance score, 

while min
i,j∈D

(si,j) and max
i,j∈D

(si,j) represent the minimum and 

maximum BM25Scores across all documents, respec-
tively. This transformation maps BM25 scores to the 0–1 
range, aligning them with SBERT's output and ensur-
ing consistent similarity evaluations. Such normalization 
enhances the accuracy and reliability of SBERT during 
similarity training.

Fig. 1  The architecture of the proposed StaR
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4.2  Construction of BM25 similarity graphs

This stage aims to construct a textual similarity graph G. The 
primary purpose of constructing G is to effectively organize 
and represent the relationships between texts based on their 
similarity. This structured representation facilitates subse-
quent multi-hop similarity propagation for soft-label gen-
eration, providing graded supervision signals for retriever 
fine-tuning.

Recall that D = {d1, d2, . . . , dn} represents the input 
text, where n represents the total number of documents, 
and each di corresponds to a specific textual document. This 
text collection serves as the foundation for constructing the 
similarity graph. In this stage, CKIP is used to segment all 
texts and extract key terms. Subsequently, based on these 
keywords, the BM25 algorithm is employed to assess the 
relevance between texts based on specific keywords. At this 
stage, the normalized similarity scores Snormalized

i,j  are cal-
culated for all document pairs as part of the BM25 process. 
These scores are subsequently used as weights in construct-
ing a textual similarity graph.

The textual similarity graph is formally defined as 
G = (V, E , W) where node set V = {v1, v2, . . . , vn} cor-
responds to the text collection D, with each node vi rep-
resenting a unique document di. The edge set E  defines 
the connections between nodes. An edge ei,j is established 
between nodes vi and vj if the similarity score Snormalized

i,j  
between their corresponding texts exceeds a threshold τ. 
Otherwise, no edge is created. That is,

ei,j =
{

1, if δnormalized
i,j >τ

0, if δnormalized
i,j

<τ � (35)

The weight set W  quantifies the strength of connections 
between nodes. The weight wi,j of an edge reflects the simi-
larity score Snormalized

i,j  between the corresponding docu-
ments di and dj. If ei,j = 1, the weight wi,j = Snormalized

i,j . 
Otherwise, the weight is 0. That is,

wi,j =
{

δnormalized
i,j , if ei,j=1

0, if ei,j=0 � (36)

From a computational perspective, the thresholded BM25 
similarity graph is constructed as an offline preprocessing 
step for soft-label generation rather than as an online infer-
ence module. In the naive case, document-level similarity 
computation may involve pairwise scoring over training 
passages. After similarity scores are obtained, the thresh-
olding operation stores the graph in a sparse form by retain-
ing only edges whose normalized BM25 similarity exceeds 
τ . Therefore, although the initial graph construction 

introduces additional preprocessing cost, the storage and 
subsequent propagation cost depend on the retained sparse 
edges rather than on a fully connected document graph. The 
multi-hop propagation is further bounded by the maximum 
traversal depth dmax, while the decay factor α attenuates 
the contribution of distant paths and reduces the influence of 
low-confidence long-range relations. As a result, the graph 
construction and traversal cost is incurred during training-
data preparation, while the trained retriever does not require 
graph traversal during online retrieval.

4.3  Establishment of similarity-graph-based soft 
labels

In traditional question-answering (QA) systems, the rela-
tionship between a question and candidate texts is typi-
cally defined using hard labels, such as binary relevance 
indicators. However, such labels fail to capture fine-grained 
semantic relationships, limiting the model’s ability to gen-
eralize in complex retrieval tasks. To address this limitation, 
this stage constructs a similarity-graph–based soft labeling 
framework. Instead of relying solely on hard labels, we 
build a thresholded BM25 similarity graph in which docu-
ments are treated as nodes and edges are weighted by nor-
malized BM25 scores above a threshold. We then perform 
multi-hop propagation with decay control on this graph to 
derive soft labels. These soft labels are subsequently used 
to fine-tune SBERT under our triplet-aware objective, 
encouraging semantically related items to be closer than 
near-negatives and imposing stronger relative-distance con-
straints on the embedding space. This adjustment improves 
retrieval accuracy, ensures better query-to-document match-
ing, and enables more efficient similarity computation. By 
integrating SBERT fine-tuning with soft labeling, document 
representations become more precise, enhancing the overall 
performance of the QA system.

To enhance semantic representation learning, a soft 
labeling framework is introduced for constructing train-
ing pairs in SBERT fine-tuning. As shown in Fig. 2, given 
a set of documents D = {d1, d2, . . . , dn}, each document di 
generates a corresponding question qi, forming a set of QA 
pairs 

{
(q1, d1), . . . , (qn, dn)

}
. For each training pair (qi, dj)

, a label yi,j is assigned to indicate the relevance between 
the question qi and document dj . In case that  =  is hold, 
the soft label of pair (qi, dj) will be set as yi,j = 1. Let wi,j is 
the weight of the edge between nodes di and dj. If condition 
i ̸= j and e

(
di, dj

)
∈ KG is satisfied, the soft label of pair 

(qi, dj) will be yi,j = wi,j. Otherwise, the remaining case is 
e
(
di, dj

)
/∈ KG. This implies that the number of hops from 

node di to node dj is larger than one. Let Pi,j denotes a path 
from di to dj in similarity graph. Let dmax represents the 
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maximum allowable path length. Let
∣∣Pi,j

∣∣ denotes the num-
ber of nodes of path Pi,j. The longer the path, the smaller 
α|Pi,j|−1, reducing the influence of long paths and mitigat-
ing noise in similarity calculations. As a result, the soft label 
of pair (qi, dj) along path Pi,j will be,

ỹi,j = α|Pi,j |−1
∏

e(di,dj)∈Pi,j

wi,j � (37)

This method generates a soft-label dataset that accurately 
reflects the semantic relationships between questions 
and texts. It incorporates indirect relationships, enabling 
the model to capture nuanced connections, while the rich 
semantic information enhances the model's ability to handle 
complex contexts.

The following formally defines the soft label yi,j of train-
ing pair (qi, dj).

Definition:  Soft label yi,j of (qi, dj)

The soft label yi,j of a QA pair (qi, dj) is defined as follows:

yi,j =





1, ifi = j
wi,j , ife (di, dj) ∈ KG
max

pi,j |pi,j |≤dmax
(ỹi,j) , otherwise

� (38)

4.4  Multi-dimensional pairing through triplet 
similarity SBERT architecture

Traditional SBERT-based contrastive learning typically 
relies on a hard-label binary classification framework, where 
a query q is paired with a single relevant document (d+) and 
trained to maximize their similarity, while all other docu-
ments are implicitly considered irrelevant. This approach, 
while effective in certain cases, presents inherent limitations. 

The reliance on pre-defined hard labels fails to capture the 
continuous and dynamic nature of semantic similarity, lead-
ing to suboptimal generalization in retrieval-based tasks. 
Moreover, traditional SBERT contrastive learning often 
selects the most and least similar documents as positive and 
negative samples, respectively, which can result in overfit-
ting to extreme cases rather than learning nuanced distinc-
tions between documents with varying degrees of relevance.

To address these issues, the proposed Tri-SBERT model 
introduces a randomized triplet selection strategy that 
dynamically determines positive (d+) and negative (d−) 
samples for each query. Instead of selecting (d+) as the 
most similar document and (d−) as the least similar docu-
ment from the entire corpus, Tri-SBERT randomly samples 
two documents from the dataset and determines their roles 
based on their cosine similarity with respect to the query. 
The document exhibiting a higher similarity score with the 
query is designated as (d+), while the document with a lower 
similarity score is assigned as (d+). This design prevents 
the model from being biased towards extreme examples and 
allows for a more diverse and adaptive learning process, 
ensuring that the training pairs capture a wider spectrum of 
semantic relationships. Furthermore, this randomized selec-
tion process reduces computational overhead by eliminating 
the need for an exhaustive search over the entire dataset, 
making Tri-SBERT both more scalable and efficient.

As shown in Fig. 3, recall that D = {d1, d2, . . . , dn} be 
a set of textual documents, where each document di gen-
erates a corresponding query qi. The goal of Tri-SBERT is 
to learn an embedding function f : (q, d) → Rd that maps 
queries and documents to a shared latent space, ensuring 
that relevant documents are closer to their corresponding 
queries than irrelevant ones. The triplet selection and loss 
function are defined as follows. Given a query q, two docu-
ments di and dj are randomly sampled from the document 
set D. Their cosine similarity with the query is computed as:

Fig. 2  The architecture of the establishment of similarity-graph-based soft labels
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ρi = cos (f(q), f(di))� (39)

ρj = cos (f(q), f(dj))� (40)

the positive and negative documents are then assigned based 
on their similarity values:

(d+) = arg max (ρi, ρj)� (41)

(d−) = arg min (ρi, ρj)� (42)

this ensures that within each randomly sampled pair, the 
document more relevant to q is used as (d+), while the less 
relevant one is treated as (d−).

The model is trained using a triplet loss, which enforces a 
margin-based separation between the positive and negative 
documents:

Ltriplet = max (0, S(f(q), f(d−)) − S(f(q), f(d+)) + α)� (43)

here, α is a margin hyperparameter that ensures a sufficient 
separation between positive and negative samples, reinforc-
ing the model’s ability to discriminate between relevant and 
irrelevant documents. The similarity function S() denotes 
cosine similarity.

Through this formulation, Tri-SBERT directly optimizes 
relative similarity ranking rather than relying on absolute 

similarity scores, making the learned embeddings more 
discriminative and generalizable.The effectiveness of Tri-
SBERT can be theoretically demonstrated by analyzing its 
ability to achieve a more structured semantic space com-
pared to traditional SBERT contrastive learning. Let fT ri 
and fSBERT  be the embedding functions learned by Tri-
SBERT and SBERT, respectively. Define the expected simi-
larity margin for Tri-SBERT as

∆T ri =Ed+,d−
[
cos

(
fT ri (q) , fT ri

(
d+))

− cos
(
fT ri (q) , fT ri

(
d−))] � (44)

similarly, the expected similarity margin for SBERT as

∆SBERT =Ed+,d−
[
cos

(
fSBERT (q) , fSBERT

(
d+))

− cos
(
fSBERT (q) , fSBERT

(
d−))] � (45)

The following theorem establishes that the expected separa-
tion between positive and negative similarity scores is larger 
for Tri-SBERT, leading to better semantic discrimination 
and generalization.

Theorem:  For any given query, the expected separation 
between the positive and negative document similarities is 
greater in Tri-SBERT than in SBERT, formally expressed as

∆Tri ≥ ∆SBERT � (46)

It implies that Tri-SBERT consistently enforces a wider 
margin between relevant and irrelevant documents, thus 
improving retrieval performance.

Proof:  Since SBERT uses binary classification, it assigns 
fixed labels to positive and negative samples without 
enforcing a relative ranking constraint. In contrast, Tri-
SBERT explicitly optimizes a dynamic ranking loss, which 
guarantees that the similarity difference between positive 
and negative pairs is at least α, leading to greater separation 
in the embedding space. By the triplet loss constraint in Tri-
SBERT, that is
[
cos

(
fTri(q), fTri(d+)

)
− cos

(
fTri(q), fTri(d−)

)]
> α� (47)

since (d+) and (d−) are randomly sampled, they cover a 
broader range of semantic similarity than the hard-labeled 
pairs in SBERT, leading to a higher expected separation 
margin:

E[∆T ri] > E[∆SBERT ]� (48)

Fig.  3  The architecture of the Multi-Dimensional Pairing Through 
Triplet Similarity SBERT
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thus, Tri-SBERT consistently achieves a greater semantic 
separation between positive and negative examples, leading 
to superior retrieval accuracy and generalization.

4.5  Utilization of trained Tri-SBERT in RAG-QA 
system

Following the completion of Tri-SBERT training, the model 
is employed to enhance the RAG QA system. This stage 
involves two primary steps: encoding all answers in the QA 
system into a vector database and performing query-based 
retrieval to generate the final response. These processes are 
elaborated below.

To enable efficient and accurate information retrieval, all 
candidate answers D = {d1, . . . , dn} in the QA system are 
preprocessed using the trained Tri-SBERT model. Each tex-
tual answer di is encoded into a dense vector representation 
−→d i as follows:

d⃗i = fT ri(di) ∈ Rd� (49)

where fT ri : Q → Rd maps textual queries from the input 
space Q to a d-dimensional latent space.

The encoded vectors 
−→d i, along with their corresponding 

textual answers di, are stored as key-value pairs in a vector 
database K:

k = {(d1, d⃗1), ..., (dn, d⃗n)}� (50)

this vector database functions as a semantic repository, 
enabling fast and precise similarity-based retrieval. When a 
user inputs a query q, it is first encoded into a dense vector 
representation −→q  using the same Tri-SBERT model:

q⃗ = fT ri (q) ∈ Rd� (51)

the query vector −→q  is then compared with all the stored 
answer vectors in the vector database K. The similarity 
between the query vector −→q  and each answer vector 

−→d i is 
computed using the cosine similarity metric, defined as:

sim
(

q⃗, d⃗i

)
= q⃗ d⃗i

∥ q⃗ ∥ ∥ d⃗i ∥
� (52)

A subset of relevant documents is retrieved based on a pre-
defined threshold τ:

Dretrieved =
{
di ∈ D|sim(−→q ,

−→d i) ≥ τ
}

� (53)

where T  is an empirically chosen threshold ensuring 
relevance.

Once the retrieval stage is completed, the retrieved docu-
ments Dretrieved serve as contextual evidence for the gen-
erative model gRAG, which produces the final response:

a∗ = gRAG(q, Dretrieved)� (54)

where a∗ denotes the optimal answer generated for the input 
query q. The model aims to maximize the conditional prob-
ability p(a|q, Dretrieved), where a ∈ A is a candidate answer 
from the set of all possible answers A.

The integration of triplet-trained embeddings with our 
BM25 similarity graph–based soft-labeling retrieval frame-
work helps align retrieved documents with the query at a 
finer semantic granularity, thereby improving the accuracy 
and relevance of downstream generation. By leveraging Tri-
SBERT’s structured embedding space, the RAG-QA system 
can mitigate common retrieval errors, better separate con-
fusable near-negatives, and capture subtle semantic rela-
tionships, leading to higher-quality answers.

5  Performance evaluation

This section presents a comprehensive performance evalu-
ation of the proposed STaR framework, benchmarking it 
against representative retrieval baselines under diverse con-
figurations. This study assesses retrieval effectiveness using 
a suite of quantitative metrics and performs rigorous hyper-
parameter tuning to ensure fair comparisons. The objective 
is to demonstrate that STaR not only surpasses traditional 
and hybrid retrieval models in accuracy, but also maintains 
robust and consistent performance under computational 
constraints.

5.1  Datasets

To support the training and evaluation of our retrieval-
augmented QA system, this study constructed a large-scale, 
domain-specific dataset in collaboration with Ai3 Artifi-
cial Intelligence Co., Ltd. The dataset was collected from 
an internal enterprise knowledge base covering product 
documentation, customer-support knowledge, and domain 
tutorials. To satisfy privacy constraints, all materials were 
de-identified before processing, and any personal identifiers 
or sensitive fields were removed or masked, while preserv-
ing the informational content needed for retrieval and ques-
tion answering.

After quality filtering and de-duplication on the raw 
enterprise corpus, we retained 34,279 high-quality ques-
tion–passage (QA) pairs, each generated via GPT-4 with 
prompt engineering to ensure semantic clarity, domain 
representativeness, and internal consistency. Before QA 
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construction, the raw texts were normalized with lightweight 
cleaning, including the removal of duplicated entries, non-
informative symbols, and formatting artifacts, followed 
by consistent punctuation and whitespace normalization. 
Each passage was then used to generate a question under 
prompt constraints that enforced passage-grounded answer-
ing, and low-quality generations were filtered by rule-based 
checks, including supportability by the associated passage 
and the removal of ambiguous or overly generic questions. 
For downstream retrieval and graph construction, all texts 
were tokenized using CKIP, and BM25 scores were com-
puted with fixed settings consistent with Sect. 4 to ensure 
reproducible similarity estimation. Table 1 summarizes the 
dataset composition across content domains and categories, 
including entry counts for each source.

These QA pairs reflect realistic information-seeking 
behaviors across enterprise scenarios such as customer 
service, legal advisory, and technical product support. For 
evaluation, we reserved 200 manually verified question–
passage pairs as a held-out test set, where each question 
corresponds to a unique positive passage. The remaining 
34,079 exact-match QA pairs were randomly divided into 
training and validation splits with a 90/10 ratio using a fixed 
random seed (42) for reproducibility. The split is finalized 
before any similarity-graph construction or training-set aug-
mentation. To prevent leakage introduced by augmentation, 
all augmented instances derived from the same original QA 
pair were kept within the same split, and the validation and 
test splits were used exclusively for hyperparameter selec-
tion and final reporting, respectively. We further enforced 
split disjointness by verifying zero overlap of original QA-
pair identifiers, as well as exact-match normalized ques-
tions and passages, across the splits. The thresholded BM25 
similarity graph used for soft-label generation is constructed 
only from the training split passages, and all multi-hop tra-
versals for generating training soft labels are restricted to 

nodes within the training graph. Neither validation nor test 
queries or answers are used in graph construction or soft-
label generation.

To enrich semantic diversity and emulate realistic 
retrieval challenges, we applied our proposed similarity 
graph–based expansion and soft-labeling framework only 
to the training split, expanding the training set to 98,037 QA 
pairs by introducing multi-hop similarity-graph expansions, 
paraphrastic variants, and semantically proximal passages 
derived from the original training data. Each augmented 
instance was annotated with a graded relevance score com-
puted based on similarity graph traversal depth and SBERT 
cosine similarity.

Table 1 indicates that the corpus covers both enterprise 
data and domain knowledge sources, supporting diverse 
information-seeking scenarios. Unlike conventional QA 
datasets that treat relevance as binary, our corpus encodes 
continuous semantic signals, enabling fine-grained retriever 
optimization with graded soft labels and triplet-based 
objectives, rather than relying solely on binary classifica-
tion supervision. For evaluation purposes, this study curated 
a dedicated test set comprising 200 manually verified QA 
pairs, each associated with a unique gold-standard answer. 
This set was independently reviewed to ensure semantic 
clarity, contextual specificity, and lexical distinctiveness. All 
baseline retrievers were retrained on our dataset under con-
sistent experimental conditions to ensure fair comparisons. 
Retrieval performance was assessed using standard metrics, 
including Hit Rate (HR), Mean Reciprocal Rank (MRR), 
and Average Rank Position (ARP), supporting comprehen-
sive analysis across semantic relevance and positional rank-
ing dimensions.

5.2  Experimental environment

All experiments were conducted on a high-performance 
computing system, with detailed specifications summarized 
in Table 2.

The hardware setup included an Intel Core i9-12900 CPU, 
64 GB of RAM, and an NVIDIA GeForce RTX 4090 GPU 

Table 1  Dataset overview
Dataset name Category Source Data type Num-

ber of 
entries

Video subtitles Enterprise data Ai3 QA-PAIR 3030
Customer KPI Domain 

knowledge
Ai3 QA-PAIR 7986

CRM Enterprise data Ai3 QA-PAIR 5335
Ai3 company vision Enterprise data Ai3 QA-PAIR 5880
Ai3 product 
introduction

Enterprise data Ai3 QA-PAIR 1404

Digital 
transformation

Domain 
knowledge

Ai3 QA-PAIR 3906

CTI terminology Domain 
knowledge

Ai3 QA-PAIR 6738

Chatbot history Domain 
knowledge

Ai3 QA-PAIR 4680

Table 2  Experimental environment of this research system
Component Specification
Hardware environment
CPU i9-12,900
GPU 4090 24G
RAM 64 GB
CUDA version v12.1
cuDNN version v9.2.1
Software environment
Python 3.8.16
Torch 2.0.0
Transformers 4.28.1
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equipped with 24 GB of memory. The system was config-
ured with CUDA 12.1 and cuDNN 9.2.1 for GPU accelera-
tion.The software environment consisted of Python 3.8.16 
and PyTorch 2.0.0 as the core machine learning framework. 
Additionally, this study employed the HuggingFace Trans-
formers library to support model initialization, tokenizer 
management, and embedding operations. This configuration 
ensured compatibility and efficiency during training, fine-
tuning, and evaluation phases of all retriever models.

5.3  Model parameter optimization experiments

To rigorously evaluate the retrieval performance and robust-
ness of the proposed STaR retriever, this study conducted a 
series of parameter optimization experiments targeting three 
key hyperparameters: the similarity threshold τ , the maxi-
mum graph traversal depth dmax, and the decay factor α. 
These parameters govern the construction of the similarity 
graph and the propagation of soft labels, which are central 
to the model’s ability to balance semantic expansion and 
retrieval precision. The results of these experiments are pre-
sented in Table 3, where Hit Rate metrics (HR@1, HR@3, 
HR@5) are reported across all configuration combinations. 
The HR metric measures the proportion of queries for which 

the correct answer appears within the Top − N  retrieved 
results. Higher HR values indicate better retrieval effective-
ness. These metrics offer a practical benchmark for evaluat-
ing the retriever’s ability to return relevant answers under 
different semantic constraints.

The similarity threshold τ  was varied across {0.4, 0.6, 
0.8} to represent increasing strictness in semantic similar-
ity. As shown in Table 3, this range was chosen to examine 
the trade-off between semantic coverage and retrieval pre-
cision: lower τ  values promote broader graph connectivity 
but introduce noise, whereas higher τ  values enforce stricter 
matching at the cost of graph fragmentation. Specifically, τ  
= 0.4 allows looser semantic connections, promoting broad 
graph connectivity and higher recall potential; however, it 
also introduces increased noise from weakly related nodes. 
In contrast, τ  = 0.8 enforces strict semantic matching, reduc-
ing spurious links but fragmenting the graph structure and 
limiting multi-hop propagation. The intermediate value τ  = 
0.6 was chosen to balance these opposing effects by preserv-
ing meaningful associations while mitigating semantic drift. 
Thresholds below 0.4 were empirically tested and found to 
degrade retrieval quality due to over-inclusion of irrelevant 
passages, while values above 0.8 overly pruned the graph, 
leading to sparse coverage and reduced hit rates.

The graph traversal depth dmax was set to {3, 5, 7}, cor-
responding to shallow, intermediate, and deep graph explo-
ration. As shown in Table  3, these values were selected 
based on practical considerations in multi-hop similarity 
propagation: a depth of 3 allows local neighborhood propa-
gation, 5 captures mid-range semantic paths, and 7 enables 
full exploration within a typical semantic neighborhood. 
Depths smaller than 3 were too limited to reach semantically 
relevant nodes beyond direct edges, while values above 7 
significantly increased computational cost and introduced 
semantically weaker nodes, leading to retrieval diffusion.

The decay factor α ∈ {0.5, 0.7, 1.0} controls the attenu-
ation of soft label confidence over longer graph paths. As 
shown in Table 3, this range was selected to systematically 
examine different levels of trust allocation across seman-
tic distances. Specifically, α = 0.5 emphasizes short, high-
confidence paths; α = 1.0 applies uniform confidence to all 
paths, regardless of length; and α = 0.7 offers a moderated 
decay that balances semantic breadth with reliability. Lower 
values such as α < 0.5 were excluded due to their tendency to 
overly suppress multi-hop associations, thereby diminishing 
recall. Conversely, values exceeding 1.0 are theoretically 
inappropriate, as they would amplify rather than attenuate 
the influence of longer, weaker connections—contradicting 
the intended regularization effect of the decay mechanism.

As summarized in Table  3, the configuration τ  = 0.6, 
dmax = 7, and α = 0.7 delivers the highest overall retrieval 
performance, achieving top values across all three metrics: 

Table 3  Parameter optimization experiment—HR metrics
τ dmax α HR-1 ↑ HR-3 ↑ HR-5 ↑
0.4 3 0.5 0.72 0.77 0.83

0.7 0.75 0.81 0.87
1 0.74 0.79 0.86

5 0.5 0.74 0.80 0.85
0.7 0.76 0.82 0.89
1 0.75 0.80 0.87

7 0.5 0.75 0.81 0.86
0.7 0.77 0.83 0.90
1 0.77 0.81 0.89

0.6 3 0.5 0.76 0.79 0.87
0.7 0.79 0.84 0.92
1 0.77 0.83 0.91

5 0.5 0.77 0.83 0.87
0.7 0.82 0.86 0.92
1 0.79 0.85 0.91

7 0.5 0.78 0.84 0.88
0.7 0.84 0.87 0.93
1 0.80 0.85 0.92

0.8 3 0.5 0.74 0.78 0.85
0.7 0.78 0.82 0.90
1 0.76 0.81 0.87

5 0.5 0.76 0.81 0.86
0.7 0.81 0.82 0.89
1 0.78 0.83 0.88

7 0.5 0.77 0.82 0.88
0.7 0.83 0.85 0.90
1 0.79 0.83 0.88
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HR@1, HR@3, and HR@5. This combination exemplifies 
a well-balanced interaction among the three hyperparame-
ters. The intermediate similarity threshold τ  = 0.6 preserves 
sufficient semantic coverage while filtering out weakly 
related nodes, ensuring meaningful connectivity without 
excessive noise. Simultaneously, the graph traversal depth 
dmax = 7 enables more comprehensive multi-hop propaga-
tion over the similarity graph, reaching semantically rich 
nodes beyond local neighborhoods without incurring sig-
nificant diffusion or overreach. The decay factor α = 0.7 
introduces a moderated attenuation that prioritizes shorter, 
high-confidence paths while still allowing contribution from 
informative mid-range paths.

To further illustrate and validate these findings, Fig.  4 
provides a heatmap-based visualization of the retrieval per-
formance results detailed in Table 3 Each subfigure corre-
sponds to a fixed similarity threshold τ ∈ {0.4, 0.6, 0.8}, 
displaying the Hit Rate (HR) values under varying combi-
nations of decay factor α (horizontal axis) and graph depth 
dmax (vertical axis). Within each heatmap, color intensity 
indicates performance magnitude—darker shades represent 
higher HR values, thereby highlighting optimal regions in 
the hyperparameter space.

Across all τ  values, α = 0.7 consistently outperforms α 
= 0.5 and α = 1.0, as shown by the darker central column in 

each heatmap. This moderate decay promotes reliable soft-
label propagation by emphasizing informative mid-range 
paths while avoiding over- or under-attenuation.

Among the three τ  configurations, the middle row of sub-
figures corresponding to τ  = 0.6 consistently exhibits higher 
HR values across all α and dmax settings, with numerical 
results that exceed those under τ  = 0.4 and τ  = 0.8. Unlike 
τ  = 0.4, which permits excessive semantic expansion, and 
τ  = 0.8, which leads to graph sparsity, τ  = 0.6 provides an 
effective trade-off that maintains semantic relevance while 
preserving connectivity.

In summary, Fig. 4 highlights that the optimal retrieval 
performance emerges from a synergistic configura-
tion: a moderate similarity threshold (τ  = 0.6), sufficient 
graph depth (dmax = 7), and a balanced decay rate (α = 
0.7). This setting consistently occupies the darkest region 
across all subfigures, reaffirming its effectiveness in navi-
gating the trade-off between semantic expansion and noise 
suppression.

In addition to the Hit Rate (HR) metrics discussed earlier, 
this study further assesses the quality of document ranking 
and retrieval efficiency using Mean Reciprocal Rank (MRR) 
and Average Rank Position (ARP). These complementary 
metrics offer finer-grained insights into not only whether the 
correct answer appears in the Top − N  results but also how 

Fig. 4  Parameter interaction effects 
on HR metrics
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early it is ranked within the list. Table 4 reports the results of 
all parameter configurations under these two metrics.

In alignment with the findings from Table 3, the hyperpa-
rameter configuration τ  = 0.6, dmax = 7, and α = 0.7 again 
demonstrates the most favorable retrieval performance 
under ranking-sensitive metrics. As shown in Table 4, this 
setting achieves the highest MRR@5 score of 0.86, and out-
performs all other configurations in MRR@1 and MRR@3 
as well. These results indicate that this combination not 
only facilitates the inclusion of relevant documents but also 
ensures they are ranked in top positions with high precision. 
Although the corresponding ARP (Average Rank Position) 
value of 1.29 is not the absolute minimum, it remains highly 
competitive and reflects effective retrieval efficiency.

These outcomes collectively reinforce the design intu-
ition behind our approach: expanding the semantic search 
radius through deeper graph traversal (dmax = 7) captures 
richer contextual associations; adopting a moderate simi-
larity threshold (τ  = 0.6) balances recall and noise sup-
pression; and applying a controlled decay factor (α = 0.7) 
helps preserve confidence in relevant but non-local paths 
without over-amplifying noisy signals. This configuration 
not only significantly enhances retrieval coverage, as evi-
denced by superior Hit Rate scores, but also achieves strong 

performance in ranking precision and average rank posi-
tioning, thereby validating the practical effectiveness and 
robustness of our proposed method in real-world knowl-
edge-intensive retrieval tasks.

To provide an intuitive visualization of the ranking per-
formance across different hyperparameter settings, Fig.  5 
presents a series of heatmaps based on the MRR metrics 
reported in Table  4. Each row corresponds to a specific 
MRR level—MRR@1, MRR@3, and MRR@5—while 
each column represents a different similarity threshold τ  
∈ {0.4, 0.6, 0.8}. Within each heatmap, the horizontal axis 
denotes the path length weighting factor α, and the vertical 
axis indicates the maximum search depth dmax. The color 
intensity of each cell reflects the MRR value at the corre-
sponding configuration, with darker shades representing 
higher scores.

Across all three MRR levels, the configuration τ  = 0.6, 
dmax = 7, and α = 0.7 consistently yields top performance, 
as reflected by the darkest cells in the center heatmaps. Spe-
cifically, this setting achieves the best scores in all three 
metrics—MRR@1 (0.84), MRR@3 (0.85), and MRR@5 
(0.86)—validating the robustness of this configuration for 
ranking-sensitive retrieval.

Table 4  Parameter optimization experiment—MRR and ARP metrics
τ dmax α MRR-1 ↑ MRR -3 ↑ MRR -5 ↑ ARP ↑
0.4 3 0.5 0.72 0.74 0.75 1.37

0.7 0.75 0.78 0.79 1.34
1 0.74 0.76 0.77 1.38

5 0.5 0.74 0.76 0.77 1.32
0.7 0.76 0.79 0.80 1.37
1 0.75 0.77 0.78 1.37

7 0.5 0.75 0.77 0.78 1.30
0.7 0.77 0.80 0.81 1.36
1 0.77 0.79 0.80 1.38

0.6 3 0.5 0.76 0.77 0.79 1.36
0.7 0.79 0.81 0.83 1.36
1 0.77 0.79 0.81 1.40

5 0.5 0.77 0.79 0.80 1.25
0.7 0.82 0.84 0.85 1.27
1 0.79 0.81 0.82 1.35

7 0.5 0.78 0.80 0.81 1.28
0.7 0.84 0.85 0.86 1.29
1 0.80 0.82 0.83 1.34

0.8 3 0.5 0.74 0.76 0.77 1.35
0.7 0.78 0.80 0.82 1.34
1 0.76 0.78 0.80 1.30

5 0.5 0.76 0.78 0.79 1.28
0.7 0.81 0.82 0.83 1.28
1 0.78 0.80 0.81 1.29

7 0.5 0.77 0.79 0.80 1.30
0.7 0.83 0.84 0.85 1.20
1 0.79 0.81 0.82 1.24



1 3

Page 17 of 24    510 STaR: a soft-labeling and triplet-aware retriever for efficient retrieval-augmented QA

In addition, increasing dmax from 3 to 7 consistently 
improves MRR values across all α levels, reaffirming the 
importance of deeper graph traversal for capturing multi-
hop semantic relations. Likewise, α = 0.7 remains the most 
favorable decay factor, outperforming both the overly con-
servative α = 0.5 and the uniform weighting α = 1.0, by 
effectively balancing confidence propagation along infor-
mative but longer semantic paths.

Taken together, Fig. 5 visually substantiates the conclu-
sions drawn from Table 4, highlighting that the optimal bal-
ance among semantic coverage, ranking quality, and graph 
traversal depth is achieved under the configuration τ  = 0.6, 
dmax = 7, and α = 0.7.

It should be noted that the maximum traversal depth and 
decay factor are fixed after validation-based hyperparam-
eter selection rather than assigned as arbitrary static priors. 
The parameter optimization results show that the configura-
tion with a moderate similarity threshold, sufficient graph 
traversal depth, and balanced decay rate achieves the best 
overall trade-off between semantic coverage and noise sup-
pression. Keeping these parameters fixed during training 
ensures that all soft-label training instances are generated 
under the same graph propagation rule, which improves 
reproducibility and makes the effect of each hyperparameter 
interpretable.

Nevertheless, fixed graph-level parameters may not 
fully capture the varying difficulty of different queries, pas-
sages, or graph paths. For example, semantically ambigu-
ous query-passage pairs may require stronger attenuation 
or more conservative propagation, whereas easier pairs 
may benefit from broader graph expansion. Inspired by 
dynamic difficulty-aware training strategies such as token-
level self-evolution [45], a possible extension is to estimate 
node-level, edge-level, or query-passage-level difficulty 
during retriever fine-tuning and dynamically adjust graph 
edge weights, decay coefficients, or soft-label confidence. 
Unlike token-level methods designed for sequence genera-
tion, such an extension would operate at the retrieval-pair or 
graph-relation level, making it more suitable for RAG-QA 
retriever optimization.

To complement the MRR-based analysis, Fig. 6 visual-
izes the parameter interaction effects on retrieval efficiency 
using the Average Rank Position (ARP) metric. Similar to 
the layout in Fig. 5, each subfigure corresponds to a fixed 
similarity threshold τ  ∈ {0.4, 0.6, 0.8}, with the x-axis rep-
resenting the decay factor α and the y-axis representing the 
maximum graph traversal depth dmax. Darker shades indi-
cate lower ARP values, denoting higher ranking efficiency.

Notably, the best ARP value of 1.20 is achieved under the 
configuration τ  = 0.8, dmax = 7, and α = 0.7. This suggests 

Fig. 5  Parameter interaction effects 
on MRR metrics
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that stricter semantic filtering helps suppress spurious asso-
ciations, allowing highly relevant nodes to surface earlier 
in the retrieval results. Compared to looser thresholds such 
as τ  = 0.4, which admit broader but noisier graph connec-
tivity, the higher threshold τ  = 0.8 enhances ranking effi-
ciency by preserving only the most semantically pertinent 
connections.

In summary, Fig.  6 confirms that while configurations 
optimized for HR and MRR also achieve strong ARP per-
formance, absolute ranking efficiency may favor slightly 
stricter semantic constraints. Nonetheless, the overall effec-
tiveness and robustness of the τ  = 0.6, dmax = 7, and α = 0.7 
setting remain evident across all evaluation metrics.

5.4  Ablation and robustness studies

To assess validate the effectiveness of the proposed tri-sim-
ilar SBERT model, this study conducted an ablation study 
comparing the retrieval performance of binary SBERT, ter-
nary SBERT, and the proposed tri-similar SBERT as well as 
investigating the impact of using hard and soft labels during 
training.

To investigate the effectiveness of the proposed STaR 
framework, this study conducts an ablation study focus-
ing on two critical design components: the use of soft-label 
propagation and the similarity-based triplet loss within the 
SBERT retriever. Table 5 summarizes the results across 
all evaluation metrics (HR, MRR, and ARP) under four 
configurations.

The “w/o soft label” configuration eliminates the soft-
label training mechanism entirely and instead employs 
traditional hard labels for model supervision. As expected, 
this results in the most substantial performance degradation 
across all metrics, with HR@5 dropping from 0.93 to 0.79, 
MRR@5 declining from 0.86 to 0.72, and ARP increasing to 

1.35. These results underscore the central role of soft labels 
in guiding semantic expansion and contextual matching.

This study further compares two variants of SBERT 
training: “w/ Triplet SBERT” employs a traditional dis-
tance-based triplet loss, where anchor-positive–negative 
relationships are optimized using margin-based distance 
objectives. In contrast, our full STaR model adopts a sim-
ilarity-based triplet formulation that directly maximizes 
the semantic alignment in the embedding space via cosine 
similarity. As shown in Table 5, although the distance-based 
variant slightly improves ARP (1.22 vs. 1.29), it underper-
forms across all HR and MRR metrics compared to STaR, 
suggesting that similarity-based optimization better aligns 
with the goal of semantic retrieval.

Interestingly, the “w/ Binary SBERT” configuration—
where SBERT is trained using a binary classification loss 
instead of triplet learning—achieves competitive results 
(e.g., HR@1 = 0.82), but still falls short of the STaR setup. 
This highlights the importance of fine-grained pairwise rela-
tional modeling, which is better captured by triplet learning 
under soft-label supervision.

Figure  7 presents a delta heatmap that quantifies the 
performance gains of the proposed STaR model over three 
baseline configurations: Binary SBERT, Triplet SBERT, and 
the version without soft-label training. Each cell in the heat-
map represents the difference in performance for a specific 
evaluation metric, with darker green indicating larger gains 
and orange indicating a performance drop.

The results highlight several key observations. First, the 
most significant improvements are observed when com-
paring STaR to the “w/o soft label” variant. Across all Hit 
Rate (HR@1, HR@3, HR@5) and Mean Reciprocal Rank 
(MRR@1, MRR@3, MRR@5) metrics, STaR achieves 
substantial gains, with deltas ranging from + 0.12 to + 0.15. 
This confirms the crucial role of the soft-label propagation 

Table 5  Ablation study on SBERT and soft label
method HR- 1 ↑ HR-3 ↑ HR-5 ↑ MRR-1 ↑ MRR-3 ↑ MRR-5 ↑ ARP ↓
w/ Binary SBERT 0.82 0.84 0.87 0.82 0.83 0.84 1.25
w/ Triplet SBERT 0.79 0.80 0.85 0.79 0.79 0.80 1.22
w/o soft label 0.69 0.73 0.79 0.69 0.71 0.72 1.35
STaR 0.84 0.87 0.93 0.84 0.85 0.86 1.29

Fig. 6  Parameter interaction effects 
on ARP metrics
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mechanism in enabling deeper semantic understanding and 
more precise ranking. Notably, the ARP metric shows a 
slight decline (– 0.06) under STaR compared to the “w/o 
soft label” baseline, which may be attributed to the broader 
semantic expansion introduced by soft labels, potentially 
including relevant but non-top-ranked items.

In the comparison with “Triplet SBERT”, which shares 
the same triplet-based loss function but uses distance rather 
than cosine similarity, STaR exhibits consistent improve-
ments across all metrics, with deltas between + 0.05 
and + 0.08. This suggests that computing similarity-based 
contrastive training—rather than distance-based—enhances 
representation learning for retrieval tasks, leading to better 
Top − N  ranking and positioning.

Lastly, while the difference between STaR and “Binary 
SBERT” is smaller, it remains positive across the board. 
STaR achieves modest improvements ranging from + 0.01 
to + 0.06 in HR and MRR metrics and a + 0.04 gain in ARP. 
This indicates that while binary classification remains a 
competitive baseline, the combination of soft-label training 
and triplet-aware similarity optimization provides a more 
nuanced learning signal, resulting in overall better retrieval 
performance.

Overall, the heatmap in Fig. 7 provides a clear visual con-
firmation that both the soft-label mechanism and the simi-
larity-aware triplet SBERT contribute synergistically to the 
performance advantages observed in STaR. The consistent 
and wide-ranging gains across evaluation dimensions vali-
date the robustness and efficacy of the proposed approach.

In addition to the component ablations above, we further 
examine whether the effectiveness of STaR is sensitive to 
the choice of pretrained encoder backbone.

As shown in Table 6, we conducted a backbone robust-
ness study on the Ai3 dataset by replacing the BERT-base 

encoder with alternative pre-trained encoders while keeping 
the STaR training protocol unchanged. All variants share the 
same Ai3 data split, the same similarity-graph soft labels 
computed from the Ai3 training passages, and the same trip-
let optimization and hyperparameter settings. Evaluation 
is performed on the held-out Ai3 test set of 200 manually 
verified QA pairs, and retrieval effectiveness is measured by 
HR, MRR, and ARP as defined in Sect. 5.3. For reference, 
we also report BM25 and ToG as non-STaR baselines to 
contextualize absolute performance; the backbone robust-
ness comparison is among the STaR variants.

Overall, the performance remains stable across different 
backbones, indicating that the observed gains are robust to 
the choice of pre-trained encoder backbone. In particular, 
HR@5 varies within a narrow range from 0.92 to 0.93, 
and MRR@5 ranges from 0.85 to 0.87, while ARP remains 
within a narrow range from 1.26 to 1.29 across all variants. 
Here, ARP measures the average rank of the first relevant 
passage, where lower is better; although ToG has a slightly 
lower ARP, the ARP range across STaR variants remains 
narrow, supporting the robustness conclusion. Among the 
compared backbones, DeBERTa achieves the strongest 
ranking quality with the highest MRR@5 of 0.87, which 
is consistent with its stronger contextual modeling capac-
ity, while RoBERTa provides competitive performance with 
HR@5 of 0.92 and MRR@5 of 0.85 under the same proto-
col. These results confirm that the gains reported for STaR 
primarily arise from the similarity-graph soft supervision 
and triplet-aware embedding optimization, rather than from 
choosing a specific pre-trained backbone.

Despite the overall stability, small differences can be 
observed across backbones. DeBERTa-base yields the best 
ranking quality in our setting (MRR@5 = 0.87, ARP = 1.26), 
suggesting that its enhanced contextual modeling and 

Table 6  Backbone robustness of STaR on the Ai3 dataset
Method HR- 1 ↑ HR-3 ↑ HR-5 ↑ MRR-1 ↑ MRR-3 ↑ MRR-5 ↑ ARP ↓
BM25 [15] 0.72 0.74 0.79 0.72 0.73 0.74 1.25
ToG [30] 0.82 0.83 0.87 0.82 0.82 0.83 1.16
STaR(RoBERTa-base) [24] 0.83 0.86 0.92 0.83 0.84 0.85 1.28
STaR(DeBERTa-base) [25] 0.85 0.88 0.93 0.85 0.86 0.87 1.26
STaR(BERT-base) [23] 0.84 0.87 0.93 0.84 0.85 0.86 1.29

Fig. 7  Delta heatmap: performance 
gains of STaR over baseline 
variants
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attention design can slightly improve fine-grained rank-
ing among near-negative candidates. BERT-base performs 
competitively (HR@5 = 0.93, MRR@5 = 0.86), indicat-
ing that the proposed supervision and triplet optimization 
already dominate performance under a fixed training pro-
tocol. RoBERTa-base shows comparable but slightly lower 
results (HR@5 = 0.92, MRR@5 = 0.85), which may be due 
to the fact that we intentionally keep identical hyperparam-
eter settings across backbones for a controlled robustness 
study rather than re-tuning each backbone. Overall, the per-
formance gaps are small (≤ 0.02 on MRR@5), reinforcing 
that STaR’s improvements are primarily driven by the simi-
larity-graph soft supervision and triplet-aware optimization 
instead of a specific pretrained backbone.

5.5  Top-N retrieval rate and benchmark 
comparisons

To validate retrieval performance, we compare STaR with 
traditional retrieval baselines and representative retriever 
baselines on a held-out test set. The test set is the 200 manu-
ally verified QA pairs described in Sect.  5.1 and is never 
used in similarity-graph construction, soft-label genera-
tion, training, or hyperparameter selection. STaR achieves 
the highest Hit Rate across all Top − N  settings, with an 
HR@5 of 0.93, outperforming BM25 (0.79) and ToG (0.87). 
Similarly, STaR obtains an MRR@5 of 0.86, indicating that 
relevant results are more likely to appear near the top of 
the ranked list. While its ARP (1.29) is marginally higher 
than that of ToG (1.16), STaR still achieves strong ranking 
efficiency, indicating that relevant answers are consistently 
retrieved near the top positions.

To further evaluate model robustness, several vari-
ants of STaR were examined under different architectural 
and hyperparameter configurations. STaR w/o Soft Label 
and STaR-Binary SBERT both show a clear performance 
drop, confirming the importance of soft semantic supervi-
sion and triplet-based training. Moreover, three additional 
variants—STaR-WeakSim (τ  = 0.4), STaR-StrongDecay 
(α = 1), and STaR-ShortestPath (dmax = 3)—were tested 
to explore the impact of different similarity graph traversal 

strategies. All three demonstrate inferior performance 
compared to the full STaR model. STaR-WeakSim adopts 
a lower similarity threshold, leading to overly cautious 
matching. STaR-StrongDecay applies aggressive decay to 
long-path semantics, reducing the influence of deeper asso-
ciations. STaR-ShortestPath limits the maximum semantic 
depth explored in the graph, resulting in insufficient seman-
tic propagation. These outcomes, as summarized in Table 
7, highlight that the STaR configuration delivers an opti-
mal trade-off among retrieval depth, semantic coverage, 
and ranking accuracy, validating its design choices under 
realistic conditions.

To improve comparability with prior dense-retrieval lit-
erature, we additionally evaluate STaR on two widely used 
open-domain retrieval benchmarks, Natural Questions [46] 
and TriviaQA [47]. We report Recall@k at k = 20 and 100 
using the standard benchmark splits and metric definition. 
We include one sparse baseline (BM25) and several strong 
dense retrievers, namely Contriever, ReContriever, DPR, 
ANCE, and BGE. These baselines represent major training 
paradigms, including unsupervised dense pretraining, super-
vised hard-label fine-tuning, and strong general-purpose 
embedding families. For baseline numbers, we follow the 
results reported in the corresponding original papers under 
their standard evaluation settings. STaR is evaluated on the 
same benchmark splits using the same Recall@k definition, 
providing a directly comparable reference.

Table 8 summarizes Recall@k results on Natural Ques-
tions and TriviaQA. To improve comparability with prior 
dense-retrieval literature, we compare STaR with BM25 and 

Table 7   Comparative experiments-HR,MRR and ARP ndicators
method HR- 1 ↑ HR-3 ↑ HR-5 ↑ MRR-1 ↑ MRR-3 ↑ MRR-5 ↑ ARP ↓
BM25[15] 0.72 0.74 0.79 0.72 0.73 0.74 1.25
ToG [30] 0.82 0.83 0.87 0.82 0.82 0.83 1.16
STaR w/o Soft Label 0.69 0.73 0.79 0.69 0.71 0.72 1.35
STaR-WeakSim (τ = 0.4) 0.77 0.83 0.90 0.77 0.80 0.81 1.36
STaR-StrongDecay (α=1) 0.80 0.85 0.92 0.80 0.82 0.83 1.34
STaR- ShortestPath (dmax=3) 0.79 0.84 0.92 0.79 0.81 0.83 1.36
STaR-Binary SBERT 0.82 0.84 0.87 0.82 0.83 0.84 1.25
STaR 0.84 0.87 0.93 0.84 0.85 0.86 1.29

Table 8  Retrieval Recall@k on Natural Questions and TriviaQA under 
standard open-domain retrieval evaluation
Method Natural Questions Trivia QA

R@20 ↑ R@100 ↑ R@20 ↑ R@100 ↑
BM25 [15] 59.1 73.7 66.9 76.7
Contriever [43] 67.8 80.6 73.9 82.9
ReContriever [44] 69.4 82.6 75.9 84.1
DPR [2] 78.4 85.4 79.4 85.0
ANCE [38] 81.9 87.5 80.3 85.3
BGE-base [26] 82.3 88.5 80.0 85.9
STaR 84.8 89.9 83.5 87.8
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representative dense retrievers, including Contriever [43] 
and ReContriever [44], following standard open-domain 
retrieval evaluation settings. ReContriever is particularly 
relevant because it represents an adaptive, model-driven 
relevance-aware contrastive pre-training paradigm. For 
baseline methods, we follow the results reported in the cor-
responding original papers under their standard evaluation 
settings when available, and STaR is evaluated using the 
same benchmark splits and Recall@k definitions.

The results in Table 8 show that the reported dense 
retrievers consistently outperform BM25 on both bench-
marks, suggesting that contextual encoders can capture 
semantic relevance beyond lexical overlap. Since some 
baseline results are taken from the corresponding original 
papers, Table 8 should be interpreted as a benchmark-level 
reference comparison under standard Recall@k defini-
tions, rather than as a fully controlled reimplementation of 
all systems under an identical training and indexing pipe-
line. Under this setting, STaR achieves the highest reported 
Recall@k scores among the compared methods. On Natu-
ral Questions, STaR improves R@20 from 82.3 to 84.8 and 
R@100 from 88.5 to 89.9, corresponding to absolute gains 
of 2.5 and 1.4 percentage points over the strongest reported 
baseline for each metric. On TriviaQA, STaR improves 
R@20 from 80.3 to 83.5 and R@100 from 85.9 to 87.8, 
corresponding to absolute gains of 3.2 and 1.9 percentage 
points.

The comparison with ReContriever further clarifies the 
competitive position of STaR against adaptive model-driven 
relevance estimation. ReContriever reduces false positives 
by dynamically estimating pseudo-positive reliability dur-
ing unsupervised pre-training, whereas STaR improves task-
specific retriever fine-tuning by constructing corpus-level 
graded relevance signals before triplet-aware optimization. 
These results indicate that target-corpus similarity-graph 
supervision provides effective and complementary rele-
vance signals for RAG-QA retrieval and that the proposed 
training strategy remains effective beyond the proprietary 
Ai3 corpus on established public QA retrieval benchmarks.

The performance gains can be explained by the way 
STaR constructs supervision and shapes embedding geom-
etry. Conventional hard-label training assigns uniform rel-
evance to all positives and mainly optimizes local pairwise 
objectives. In contrast, STaR derives graded targets from a 
thresholded BM25 similarity graph via controllable multi-
hop propagation with decay, which provides richer super-
vision among near-neighbor passages and avoids overly 
penalizing semantically close but non-identical candidates. 
In addition, the triplet-based objective enforces relative-
distance constraints among positives, weak negatives, and 
hard negatives, strengthening separation in the embedding 
space and improving ranking robustness. Consequently, 

STaR increases the likelihood that a correct evidence pas-
sage appears within the top retrieved set, which is reflected 
by consistent gains at both R@20 and R@100.

To further evaluate the competitive standing and trans-
ferability of STaR beyond the component-level ablation 
analysis, we additionally conduct experiments on selected 
datasets from the BEIR benchmark [48]. BEIR provides a 
heterogeneous retrieval evaluation suite covering diverse 
retrieval scenarios, and nDCG@10 is widely used as a pri-
mary ranking metric. In this experiment, STaR is first fine-
tuned on Natural Questions and then directly evaluated 
on the selected BEIR datasets without target-dataset fine-
tuning. No BEIR training split or relevance judgments are 
used to update STaR or tune its hyperparameters; the BEIR 
relevance judgments are used only for evaluation. There-
fore, this setting should be interpreted as an NQ-trained 
cross-dataset transfer evaluation on selected BEIR datasets 
rather than a full BEIR leaderboard comparison. We report 
results on eleven representative BEIR datasets, including 
MS MARCO, NFCorpus, HotpotQA, FiQA-2018, CQA-
DupStack, Quora, DBPedia, SCIDOCS, FEVER, Climate-
FEVER, and SciFact.

Table 9 reports nDCG@10 scores on the selected BEIR 
datasets. We compare STaR with BM25 as a sparse lexical 
baseline and representative dense retrieval methods, includ-
ing BERT [23], SimCSE [49], RetroMAE [50], coCondenser 
[51], Contriever [43], and ReContriever [44]. ReContriever 
is particularly relevant to this comparison because it rep-
resents an adaptive, model-driven relevance-aware contras-
tive pre-training paradigm. Baseline results are taken from 
the corresponding original papers when available, and the 
reproduced Contriever results are included as an additional 
implementation reference. The Avg row reports the mean 
nDCG@10 over the selected datasets, and Avg Rank reports 
the average rank across datasets, where a lower rank indi-
cates better overall performance.

As shown in Table 9, STaR achieves the best average 
nDCG@10 among the compared methods on the selected 
BEIR datasets. Compared with ReContriever, STaR 
improves the average nDCG@10 from 39.9 to 49.5 and 
reduces the average rank from 3.0 to 1.0. The improve-
ment is especially clear on datasets such as MS MARCO, 
HotpotQA, FiQA-2018, DBPedia, FEVER, and Climate-
FEVER, where STaR obtains large absolute gains over both 
sparse and dense baselines. These results suggest that the 
NQ-trained STaR retriever retains competitive transfer-
ability on heterogeneous retrieval tasks represented by the 
selected BEIR datasets.

Overall, the selected BEIR results complement the NQ 
and TriviaQA evaluations by assessing STaR under more 
heterogeneous retrieval scenarios. Although this experiment 
does not cover the full BEIR suite, it provides additional 
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evidence of STaR’s competitiveness against strong sparse 
and dense retrieval baselines, including ReContriever.

These results confirm that the proposed STaR method 
not only improves retrieval accuracy but also shows strong 
robustness across different configurations, making it effec-
tive for real-world, large-scale QA applications.

5.6  Computational trade-off analysis

The graph-based expansion in STaR introduces non-trivial 
offline preprocessing cost because the thresholded BM25 
similarity graph must be constructed and traversed to gen-
erate graded soft labels. In our implementation, the graph 
is constructed over the training passages, and graph propa-
gation is then used to produce the expanded 98,037 soft-
labeled QA training instances. This cost mainly arises from 
BM25-based similarity computation, sparse graph construc-
tion, and multi-hop propagation over the retained graph 
edges. However, this procedure is performed only during 
training-data construction and retriever fine-tuning. Once 
the Tri-SBERT retriever has been trained, the similarity 
graph is no longer used in the online retrieval stage. Table 
10 summarizes whether the thresholded BM25 similarity 
graph is directly constructed or traversed in each stage of 
STaR. The graph is used only during offline graph construc-
tion and soft-label generation. After retriever fine-tuning, 
online retrieval requires only query encoding and vector 
similarity search, without per-query graph traversal.

During inference, all candidate passages are encoded 
into dense vectors and stored in the vector database in 
advance. For each user query, the deployed system only 
needs to encode the query and perform vector similarity 
search over the pre-encoded passage representations. Thus, 
STaR does not introduce additional graph traversal latency 
at inference time. Compared with using the same encoder 
and vector index without graph-based soft-label training, 
the raw cost of query encoding and vector search remains 
comparable. The main practical benefit of STaR is that the 
improved retriever ranking quality increases the probability 
that relevant evidence appears near the top of the retrieved 
list, which may reduce redundant candidate inspection, 
repeated retrieval attempts, or the need for heavier multi-
step retrieval pipelines in RAG-QA deployment.

This trade-off is particularly suitable for enterprise or 
domain-specific knowledge bases that are updated periodi-
cally rather than continuously, because the offline graph-
construction cost can be amortized over many subsequent 
user queries. For rapidly changing corpora, however, 
rebuilding the entire similarity graph may introduce addi-
tional preprocessing overhead, especially when the target 
corpus is frequently updated.

6  Conclusions

This paper presented STaR, a retrieval fine-tuning frame-
work for retrieval-augmented generation that combines 
similarity-graph–based soft labeling with triplet-aware 
SBERT optimization. By constructing graded relevance tar-
gets through multi-hop similarity propagation and enforc-
ing relative-distance constraints with a triplet objective, 
STaR captures fine-grained semantic proximity between 
queries and candidate passages and improves retriever dis-
crimination under the same inference setting. Experiments 

Table 9  Retrieval performance on selected BEIR datasets
DATASET BM25 BERT SimCSE RetroMAE coCondenser Contriever Contriever

(reproduced)
ReContriever STaR

MS MARCO 22.8 0.6 8.8 4.5 7.7 20.6 21.1 21.8 41.9
NFCorpus 32.5 2.5 14.0 15.3 14.4 31.7 30.0 31.9 34.7
HotpotQA 60.3 4.9 23.3 25.0 24.4 48.1 44.1 50.1 68.8
FiQA-2018 23.6 1.4 14.8 9.3 5.2 24.5 26.2 26.2 40.1
CQADupStack 29.9 2.5 20.2 17.0 9.8 28.4 28.4 28.7 37.7
Quora 78.9 3.9 81.5 69.0 66.7 83.5 83.6 84.3 85.9
DBPedia 31.3 3.9 13.7 4.6 15.1 29.2 27.6 29.3 40.4
SCIDOCS 15.8 2.7 7.4 7.4 1.9 14.9 15.0 15.6 18.6
FEVER 75.3 4.9 20.1 7.1 25.3 68.2 66.9 68.9 80.9
Climate-FEVER 21.3 4.1 17.6 4.4 9.8 15.5 15.6 15.6 24.2
SciFact 66.5 9.8 38.5 53.1 48.1 64.9 65 66.4 71.0
Avg 41.7 3.7 23.6 19.7 20.8 39.0 38.5 39.9 49.5
Avg Rank 2.6 8.9 6.4 7.0 7.3 4.5 4.2 3.0 1.0

Table 10  Direct graph use across STaR stages
Stage Offline 

stage
Direct graph 
operation

Per-query 
graph 
traversal

Graph construction Yes Yes No
Soft-label propagation Yes Yes No
Retriever fine-tuning Yes No No
Online retrieval No No No
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on the proprietary Ai3 QA dataset show that STaR consis-
tently outperforms strong baselines across Hit Rate, Mean 
Reciprocal Rank, and Average Rank Position, achieving 
an HR@5 of 0.93. Additional evaluations on public bench-
marks further indicate that the proposed training signal 
generalizes beyond the proprietary corpus. Ablation and 
robustness studies verify that both the soft-label supervi-
sion and the triplet-based optimization contribute to the 
gains and that performance remains stable across differ-
ent encoder backbones. Overall, STaR provides a practical 
and scalable approach to improving retrieval quality for 
QA systems under resource constraints. Future work will 
investigate incremental similarity-graph maintenance, effi-
cient edge pruning, and adaptive graph updating strategies 
to reduce preprocessing overhead when the target corpus 
evolves. In addition, although the current STaR framework 
uses validation-selected deterministic graph-derived labels, 
future studies will explore adaptive, difficulty-aware, and 
uncertainty-guided soft-label generation, in which graph 
edge weights, decay coefficients, or soft-label confidence 
can be dynamically adjusted according to model-estimated 
uncertainty and node-level, edge-level, or query-passage-
level difficulty.
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