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Enhancing Large Language Models for Fashion
Smart Manufacturing via Dynamic Collaborative

Routing-Based Retrieval Reranking
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Abstract—Enhancing large language models (LLMs) with ex-
ternal knowledge base retrieval in the fashion manufacturing in-
dustry can provide more reliable technical support and decision-
making assistance, significantly improving process control and
boosting intelligent production efficiency. However, the field of
fashion manufacturing involves highly specialized terminology,
logically complex technical knowledge, and intricate query tasks.
Existing simple query-matching techniques often return a large
number of contextually loose and redundant document chunks,
severely impacting the model’s understanding and response
quality. To address this issue, this paper proposes a retrieval
optimization framework based on Dynamic Capsule Routing
Network with embedded Semantic Graph (SGDCR), which
models semantic relations among multiple retrieved documents
by simulating a team collaboration mechanism. Specifically,
the framework consists of two steps: filtering and reranking.
First, a capsule routing mechanism embedded in a semantic
association graph dynamically captures complex contextual re-
lationships among coarse-grained document blocks, learns con-
tribution scores for multiple documents, and filters irrelevant
or redundant documents based on ranking. Subsequently, the
filtered documents are matched with the query through deep
semantic similarity measurement, and the documents are re-
ranked by integrating relevance scores and contribution scores,
generating efficient, accurate and contextually coherent document
prompts. Experimental results on publicly available dense open-
domain QA datasets and a constructed fashion manufacturing
process QA dataset demonstrate the effectiveness and superiority
of the proposed method over existing reranking approaches in
the fashion manufacturing knowledge QA system.

Index Terms—Fashion Manufacturing, Large Language Mod-
els, Retrieval-Augmented Generation, Retrieval Reranking, Dy-
namic Routing.

I. INTRODUCTION

THE fashion production and manufacturing process is
highly complex and multi-staged, encompassing various

phases such as raw material selection, design prototyping,
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Fig. 1: Application of LLMs to the fashion manufacturing life
cycle.

cutting and sewing, quality inspection, and final product
packaging [1]. Each stage requires strict technical specifi-
cations and meticulous operational procedures to ensure the
quality and consistency of the final product. Moreover, fash-
ion manufacturing is influenced by multiple external factors,
including market demand, fashion trends, and supply chain
management, necessitating production control and decisions
that integrate a vast amount of dynamic information. Against
this backdrop, the introduction of large language models
(LLMs) with advanced language understanding and genera-
tion capabilities for question-answering and decision support
in fashion manufacturing presents significant value [2]–[4].
LLMs, leveraging natural language processing techniques, can
rapidly comprehend and generate text related to production
and manufacturing, assisting managers in real-time decision-
making, issue diagnosis, and process optimization, as shown in
Fig. 1. However, fashion manufacturing involves a substantial
amount of domain-specific terminology, technical workflows,
material properties, and industry standards, leading to no-
table limitations in the domain-specific knowledge of existing
LLMs. To address this challenge, integrating an external fash-
ion knowledge base in combination with Retrieval-Augmented
Generation (RAG) [5] emerges as a promising enhancement
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approach. The external knowledge base systematically consol-
idates expert knowledge in fashion manufacturing. Through
the RAG framework, LLMs can dynamically retrieve relevant
information from the external knowledge base during response
generation, ensuring that their outputs are not only grounded in
general language understanding but also closely aligned with
specialized domain knowledge. This integration ultimately
provides the industry with more efficient and reliable technical
support and decision support.

To enhance retrieval efficiency within large-scale knowledge
bases, existing RAG methods [6] typically rely on simple
similarity matching techniques, such as cosine similarity or
keyword matching, to retrieve a large number of knowledge
documents related to a given query. However, the fashion
manufacturing process involves a vast amount of complex
domain knowledge, including specialized terminology, pro-
duction workflows, and industry standards, making existing
methods suffer from significant limitations. On the one hand,
given the specialized and complex knowledge in fashion
manufacturing, basic similarity matching techniques struggle
to accurately model the semantic relevance between queries
and multiple documents, often resulting in retrieved documents
being disorganized and lacking logical structure. Studies [7],
[8] have shown that when the most relevant documents are
positioned in the most easily attended locations, typically at
the forefront of the input, performance in question-answering
tasks improves significantly. On the other hand, due to the
continuous evolution of techniques in fashion manufacturing,
knowledge bases often contain redundant records, leading to
retrieved documents with excessive knowledge redundancy.
This redundancy not only results in lengthy input prompts for
LLMs but also disrupts contextual coherence, thereby compro-
mising both the quality and efficiency of answer generation.

To address these challenges, document reranking and filter-
ing to refine retrieval results emerges as a potential solution
for enhancing retrieval precision and model performance.
Recently, pretrained language models such as BART [9],
RoBERTa [10], and BGE [11] have been widely applied to
document reranking tasks, with their core approach focused
on optimizing ranking performance by estimating relevance
scores between queries and documents. These models are typ-
ically built on encoder stacks within the Transformer architec-
ture, enabling them to capture deep semantic representations
and model the intricate relationships between queries and
documents. While these methods have demonstrated signifi-
cant improvements in reranking tasks across general domains,
they still present certain limitations when applied to question-
answering tasks in the fashion manufacturing domain. Specif-
ically, question-answering tasks in fashion manufacturing of-
ten exhibit a densely open-ended nature, requiring reasoning
across multiple documents. However, existing methods rank
documents solely based on their individual relevance to the
query, disregarding contextual relationships among multiple
documents. This single-dimensional ranking strategy may lead
to redundant documents being placed at the top, causing
LLMs to overlook important information that may exist in
other positions. Moreover, the fashion manufacturing domain
involves a vast number of specialized terms and intricate

production workflows, making precise semantic understand-
ing crucial. Relying solely on shallow semantic matching
without considering inter-document relationships can lead to
relevance misjudgments, ultimately affecting the performance
of the question-answering system. Therefore, incorporating
document complementarity into the retrieval ranking process is
essential for providing LLMs with a refined and contextually
coherent set of documents.

It should be noted that the contribution of each document
to a query is not solely determined by its individual rele-
vance, but also influenced by the content of other documents.
This resembles a dynamic team collaboration mechanism,
where all members (”documents”) are dynamically evaluated
based on their capabilities and assigned different levels of
importance to collaboratively solve the task (”query”). In this
process, redundant members with overlapping functions are
eliminated. Building on this insight, we propose an innovative
document reranking framework based on dynamic capsule
routing network with semantic graph. This framework consists
of a filtering module that models document complemen-
tarity and a reranking module that measures query-answer
similarity. In the filtering module, we introduce a capsule-
coordinated dynamic routing mechanism embedded within a
semantic association graph to dynamically capture complex
semantic relationships between documents. This mechanism
learns multi-document coupling coefficients with the query,
serving as a measure of each document’s contribution. Doc-
uments with the lowest contribution scores are filtered out
based on their rankings. The remaining filtered documents
are then processed using cross-attention modeling to obtain
deep semantic feature embeddings for similarity measurement.
Finally, documents are reranked based on a combined con-
sideration of relevance scores and contribution scores. The
reranked documents are then concatenated to form a coherent,
efficient, and precise document prompt for the LLM. Exper-
iments conducted on both publicly available densely open-
domain question-answering datasets and a constructed fashion
manufacturing question-answering dataset demonstrate that the
proposed method outperforms existing reranking approaches,
showcasing its effectiveness and superiority in knowledge-
driven question-answering systems for fashion manufacturing.
The contributions of this paper are as follows:

• To address complex fashion manufacturing QA tasks, we
developed a retrieval-augmented optimization framework
with a dynamic cooperative routing network to enhance
general-purpose LLMs’ applicability in apparel produc-
tion domains.

• We embed a semantic association graph into the dynamic
routing mechanism, capturing knowledge redundancy by
modeling the contextual structural relationships between
documents. This enables dynamic weighting of routing
coupling coefficients to filter out redundant document
information.

• We set the reranking criteria as a comprehensive con-
sideration of both individual document relevance and
collaborative contribution, forming an efficient, precise,
and contextually coherent document prompt for the LLM.
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This improves the reliability and practicality of the fash-
ion manufacturing question-answering system.

II. RELATED WORKS

The manufacturing industry is rapidly advancing toward
intelligent transformation [12]–[14], and as the most versatile
technological paradigm in the field of AI, LLMs demonstrate
significant enabling potential. As an emerging approach to
enhancing the performance of LLMs in specialized domains,
RAG is characterized by its ease of deployment and strong
performance, demonstrating significant application value and
development potential. Consequently, it has garnered increas-
ing research interest from scholars. In this section, we pri-
marily review the applications of RAG in the manufacturing
industry and the corresponding retrieval reranking methods.
Finally, we summarize the limitations of existing research and
present the motivation for our study.

A. RAG for Manufacturing
By combining the generative capabilities of LLMs with

structured and unstructured domain-specific retrieval pro-
cesses, RAG-based systems have emerged as a promising
approach to critical challenges related to dynamic problem-
solving, contextual reasoning, and automation in manufactur-
ing environments. Existing research demonstrates that RAG
systems improve several aspects of manufacturing, particularly
in supply chain management [15], [16], real-time troubleshoot-
ing [17], and structured decision support [18], [19]. Specif-
ically, studies such as [20] and [21] highlighted how RAG
enhances supply chain visibility and operational efficiency by
integrating external datasets and knowledge graphs (KGs).
Research such as [17] and [22] examined RAG for intel-
ligent question-answering in industrial documentation work-
flows, facilitating fast and context-aware retrieval of technical
information. The integration of these systems with digital
twins [23] and multi-agent frameworks [18], [19] allowed
adaptive production planning, data-driven decision making,
and autonomous task execution. Furthermore, [24] explored
how RAG copilots help in complex equipment selection,
demonstrating practical benefits in initial planning and oper-
ational efficiency. Another significant area of application is
worker assistance and knowledge sharing, where LLMs act as
cognitive agents to enhance factory operations and learning
environments [25], [26]. These systems enable conversational
AI interactions for operators, allowing them to quickly retrieve
maintenance instructions, resolve complex troubleshooting
queries, and reduce reliance on fixed documentation sources.

While these studies confirm the usefulness of RAG in
industrial contexts, they also identify several limitations. Ef-
fective retrieval is highly dependent on high-quality structured
knowledge bases, which may be lacking in many industrial
settings [27], [28]. Furthermore, the extensive retrieval of
highly specialized long-form content poses significant chal-
lenges to the information processing capabilities of LLMs.
To enhance the application effectiveness of LLMs in the
fashion manufacturing sector, in-depth research on retrieval
optimization techniques is imperative to improve the model’s
robustness and output reliability.

B. Retrieval Reranking

A crucial component of RAG optimization is reranking,
which refines the set of retrieved documents before they are
passed to the generator. Reranking methods [29]–[35] aimed to
optimize document ordering to maximize downstream genera-
tion quality, addressing challenges such as noisy retrieval, rel-
evance misalignment, and query ambiguity. Traditional rerank-
ing methods focused on semantic matching, often leveraging
cross-encoders or contrastive learning models to improve rank-
ing precision [7], [36]. However, in RAG systems, maximizing
retrieval relevance alone does not always correlate with opti-
mal generation outcomes, necessitating utility-driven reranking
approaches that incorporate task-specific considerations such
as factuality, informativeness, and coherence [31], [37], [38].
Several studies proposed hybrid models that integrate retrieval,
reranking, and generation into end-to-end frameworks. For
instance, Re2G [7] integrated a reranking mechanism into a
retrieval and generation pipeline via knowledge distillation,
optimizing all components jointly. The effectiveness of these
end-to-end models demonstrates the importance of aligning
reranking with generative objectives rather than treating re-
trieval relevance in isolation. The above independent similarity
metric methods are prone to correlation misjudgment due to
redundant noise, recent approaches have enhanced ranking
accuracy through the integration of document contextual re-
lationship modeling. Graph-based reranking, exemplified by
G-RAG [39], employed graph neural networks to model inter-
document relationships, leveraging Abstract Meaning Repre-
sentation (AMR)-based graphs to improve context selection.
Similarly, ListConRanker [36] enhanced listwise encoding
through contrastive training objectives, allowing for holistic
ranking of multiple retrieved documents in a single pass.

Despite significant progress in reranking for RAG, key
challenges remain. Evaluation misalignment between retrieval
relevance metrics (e.g., Recall@K, NDCG) and generation
quality metrics (e.g., EM, F1) complicates objective ranking
evaluation [37], [40]. Moreover, existing graph-based rerank-
ing methods fail to account for the dynamic nature of inter-
document relationships that vary with query content, resulting
in limited accuracy and adaptability of the ranking results.

C. Research Gap and Motivation

The current RAG frameworks are evolving toward greater
precision and efficiency. However, due to the reliance on
coarse-grained matching methods in the initial retrieval stage,
the retrieved results often contain a large number of redundant
documents and suffer from relevance misjudgments. Although
existing studies have attempted to improve retrieval quality
through reranking techniques based on deep semantic feature
matching—placing the most relevant retrieval blocks at the
peripheral positions where LLMs may focus—these methods
exhibit significant limitations when applied to the fashion
manufacturing domain. Documents in this domain typically
possess complex logical structures and highly specialized
content. Traditional ranking methods fail to account for the
synergistic relationships between documents and their overall
contribution to a given query. This one-dimensional ranking
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Fig. 2: The overall framework of SGDCR. The input is the user’s query during the fashion manufacturing process. After
retrieving from the database, a set of coarse-grained retrieval documents is obtained. This set is then filtered through the
DFCM module and reranked by the DRCM module, resulting in a fine-grained retrieval document set. Finally, this set is
concatenated with the query and input into the LLM to generate the output response.

strategy may lead to several issues. First, certain documents
may exhibit high local semantic similarity to the query but
contribute minimally in practice, potentially introducing re-
dundant information. Second, the contextual dependencies
among documents remain underutilized, resulting in a lack of
global consistency in the ranking, which negatively impacts
the accuracy and reliability of LLM-generated responses.

To address these limitations, modeling the complementarity
among documents emerges as an effective solution. This
requires that document blocks be aware of each other, evaluate
semantic overlaps or differences, and form a unified under-
standing that aligns with the query. This process is similar to
a collaborative team in which each member provides partial
knowledge to improve the overall answer quality. Traditional
attention mechanisms mainly focus on the relevance between
each document and the query individually. They struggle to
model the cooperation among documents effectively, which
may lead to redundant information being overused or impor-
tant complementary content being ignored. In contrast, the
dynamic routing mechanism in capsule networks simulates
an aggregation process from parts to a whole. It is well
suited to capture semantic complementarity among multiple
documents. Each document block is represented as a vector
capsule, which encodes both the existence and the semantic
orientation of features. This allows the model to understand
not only how relevant a document is but also the direction
and nature of its contribution within a broader context. By
modeling the inverse mapping from document capsules to the
query capsule, which means predicting the most semantically

aligned query representation based on document interactions,
the model iteratively updates the routing coefficients through
mutual agreement. This enables the model to infer the level
of contribution each document makes toward answering the
query. Therefore, the dynamic routing mechanism based on
capsules offers structural support and expressive capability
for capturing document collaboration, making it a well-suited
choice for our task.

III. METHODOLOGY

Fig. 2 illustrates the complete process of optimizing LLM-
based QA tasks in fashion manufacturing through retrieval
reranking. First, the system collects data from textual knowl-
edge related to terms, technical manuals, workflows, equip-
ment maintenance records, etc., involved in the fashion pro-
duction process, and constructs a knowledge retrieval corpus
for the fashion manufacturing domain using vector embedding
techniques. Next, for the queries input during production,
the system performs initial matching in the retrieval corpus
to obtain k relevant documents D = {d1, d2, ..., dk}. These
coarse-grained retrieval results D are then input into the fil-
tering module based on document complementarity modeling
(DFCM) and the reranking module based on QA similarity
measurement (DRCM) for redundancy filtering and reranking,
generating fine-grained retrieval results. Finally, the system
concatenates the documents with the query in the re-ranked
order and inputs them into the LLM to generate accurate and
contextually coherent answers. The specific methods will be
detailed in this section.
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A. Fashion Manufacturing Document Retrieval

Various data sources involved in the fashion production
process, such as glossaries, technical manuals, workflow doc-
uments, equipment maintenance records, etc., contain both
structured and unstructured text, covering all stages from
raw material selection to final product packaging. To ensure
data quality, the raw text is first preprocessed, including
tokenization, removal of stopwords, standardization of termi-
nology expressions, and handling of special symbols. After
preprocessing, the text is transformed into high-dimensional
vector representations using a pre-trained Sentence-BERT [41]
language model, capturing the semantic information of the text
and mapping it into a continuous vector space:

vi = SentenceBERT(di) (1)

where n is the dimension of the embedding vector. The vector
representations of all documents are stored in an efficient
vector database, forming the knowledge retrieval corpus for the
fashion manufacturing domain. When a user inputs a query q,
the same preprocessing and vector embedding operations are
performed on the query to generate its vector representation
vq . Then, to improve retrieval efficiency in the large fashion
manufacturing corpus, an approximate nearest neighbor search
algorithm is used for fast matching, finding the k most similar
document vectors v1,v2, ...,vk to the query vector vq. The
corresponding original document set D = d1, d2, ..., dk is
the initial retrieval result. Since current retrieval techniques
primarily rely on shallow semantic matching and lack a
deep understanding of context and domain knowledge, the
preliminary retrieval result Dcoarse may contain redundant
documents or documents with low relevance, necessitating
further filtering and reranking optimization.

B. Documents Filtering Based on Complementarity Modeling

Modeling the relationship between documents to identify re-
dundant information is crucial for effective filtering. Although
some existing studies have recognized the importance of mod-
eling document relationships during retrieval reranking, they
focus solely on the relationships within multiple documents
and neglect the importance of the query as the target. In a
sense, the interrelationships between documents are not fixed
but depend on the specific query content, and this dynamic
nature is an important factor to consider in retrieval ranking
tasks. This is analogous to the division of labor within a
team, which is not static but requires dynamic task allocation
based on different objectives. Therefore, it is essential to model
the complementarity of retrieval documents in relation to the
query. Theoretically, when multiple retrieval documents are
obtained based on a specific query, the potential query can be
predicted in reverse from these documents. Building upon this
insight, we aim to establish an inverse mapping process from
multiple documents to the query, learning the contribution
of different documents to the prediction of the query and
modeling their importance in handling the query. Inspired by
capsule networks used for computer vision tasks, we propose
a dynamic routing network embedded with semantic graph

capsules to model the inverse mapping from the retrieved
document set Dcoarse to the corresponding query q. The docu-
ment information is dynamically adjusted during the iterative
process based on the contribution of other documents, thereby
capturing the collaborative relationships between documents.
Specifically, Dcoarse is first passed through a semantic encoder
(using the pre-trained BART encoder [42]) to obtain deep
semantic representations:

Vd = BART-Encoder(Dcoarse) (2)

where Vd = {vd1 , vd2 , . . . , vdk
} represents the deep semantic

representation matrix of the document set, and vdk
∈ Rd is

the semantic vector of the i-th document, with d being the
vector dimension. Subsequently, we expand the dimensionality
of the deep semantic representation vectors Vd to form the
initial document capsule set U = {u1,u2, . . . ,uk}, where
ui ∈ Rd×m and m is the capsule dimension. The prediction
vectors are obtained through an affine transformation:

v̂j|i = Wijui + bij (3)

where v̂j|i represents the prediction vector of the i-th docu-
ment capsule for the j-th high-level capsule, Wij ∈ Rm×m is
a learnable weight matrix, and bij ∈ Rm is the bias term. The
prediction vector v̂j|i is used to obtain the high-level capsule
representation sj through multiple dynamic routing iterations,
calculated as follows:

sj = squash(

k∑
i=1

cijv̂j|i) (4)

where squash() is an activation function, cij is the coupling
coefficient, representing the contribution of the i-th document
capsule to the j-th high-level capsule. It is iteratively updated
through the dynamic routing mechanism:

cij =
exp(bij)∑k
l=1 exp(bil)

(5)

where bij is the log prior probability, initialized to 0 and
updated in each iteration based on the agreement between the
high-level capsule and the prediction vector:

bij ← bij + v̂j|i · sj (6)

Through this dynamic routing mechanism, the contribution
of document capsules can be dynamically adjusted based on
their agreement with high-level capsules, enabling precise
reranking of the document set. The routing coupling coeffi-
cients are obtained through N dynamic iterations, representing
the varying contributions of document capsules to the predic-
tion of high-level capsules. Subsequently, we minimize the
cosine similarity distance between the query q and the high-
level capsule representation sj , achieving a precise inverse
mapping from the document set to the query. The query
capsule mapping loss is defined as follows:

Lcos = 1− Vq · sj
|Vq| · |sj |

(7)
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where, Vq = BART-Encoder(q). It should be noted that,
while document information can be dynamically adjusted
based on the contributions of other documents during the
iterative process, identifying redundant information remains
challenging. To address this, we introduce a mask mechanism
based on a semantic correlation graph in the routing iteration
process. This mechanism enables each document to enhance its
representation by aggregating contextual information from its
semantic neighbors. A mask score is computed for each docu-
ment based on its similarity to other documents. If a document
exhibits high similarity with at least one other document, it is
considered potentially redundant, and its contribution is down-
weighted by applying a soft mask. Accordingly, the dynamic
routing coefficients for each document are adjusted using
these mask scores, thereby reducing the influence of redundant
documents during the iterative routing process. Specifically,
the initial document vector V

(l)
d is firstly embedded into a

Graph Convolutional Network (GCN) node and updated by
aggregating information from neighboring nodes:

V
(l+1)
d = GCN(V

(l)
d , A) (8)

where A is the adaptively learned adjacency matrix: A =

Softmax((V
(l)
d · (V (l)

d )T )/t), t is the temperature coefficient.
Next, we traverse the document set and compute the similarity
between each document and others. Taking document di as an
example, the mask score Fmaski

is computed based on the
updated document representation:

Fmask i =

{
1−max

(
Sij

)
, if max

(
Sij

)
> λm,

1, otherwise
(9)

where Sij = sim(V
(l+1)
di , V

(l+1)
dj ), sim() is defined as cosine

similarity. λm is the mask threshold. Through the aforemen-
tioned masking mechanism, documents that are initially highly
similar to others in the set will be filtered out, while those with
lower similarity will retain their information. After traversing
all documents and computing the mask scores Fmaski , we
apply them to the dynamic routing coefficients to further filter
redundant information in the process of modeling document
contribution:

b
(1)
i = b

(0)
i · Fmask i,

C
(1)
i = softmax(b(1)i )

(10)

Thus, the final contribution score is obtained as Fci = C
(1)
i .

By setting a threshold λf , documents with low contribution
scores are filtered out, resulting in the final document set Df .
The general algorithmic flow of the DFCM module is shown
in Algorithm 1.

C. Documents Reranking Based on Similarity Modeling

In the document reranking process, we comprehensively
consider both the contribution degree and similarity of doc-
uments to the query. The contribution score is obtained by
modeling the collaborative relationships between documents
through a dynamic routing mechanism, which reflects the

Algorithm 1 Algorithmic flow of the DFCM Module

1: Input: Document set Dcoarse, Query q
2: Step 1: Documents and query embedding
3: Vd ← BART-Encoder(Dcoarse)
4: Vq ← BART-Encoder(q)
5: Step 2: Initialize document capsules
6: U← expand(Vd)
7: Step 3: Compute mask scores using GCN and semantic

similarity
8: A← Softmax

(
(V

(l)
d · (V (l)

d )T )/t
)

9: V
(l+1)
d ← GCN(V

(l)
d , A)

10: for each document di in Dcoarse do
11: Sij ← sim(V

(l+1)
di , V

(l+1)
dj )

12: if max(Sij) > λm then
13: Fmask i ← 1−max(Sij)
14: else
15: Fmask i ← 1
16: end if
17: end for
18: Step 4: Dynamic routing with semantic graph capsules
19: for iteration = 1 to N do
20: for each document capsule ui in U do
21: for each high-level capsule j do
22: v̂j|i ←Wijui + bij

23: end for
24: end for
25: for each high-level capsule j do
26: sj ← squash

(∑k
i=1 cijv̂j|i

)
27: end for
28: for each ui and j do
29: bij ← bij + v̂j|i · sj
30: b

(1)
ij ← b

(0)
ij · Fmask i

31: c
(1)
ij ←

exp(b
(1)
ij )∑k

l=1 exp(b
(1)
il )

32: end for
33: end for
34: Step 5: Filter documents based on contribution scores
35: Df ← {di | Fci = C

(1)
i > λf}

36: return Df , C(1)
i

importance of documents in the overall context. Meanwhile,
the similarity is measured through an independent interaction
process to ensure local semantic alignment between documents
and the query. This dual consideration not only effectively
filters redundant documents but also enhances the accuracy
and robustness of the ranking results. Therefore, the DRCM
module aims to model the similarity between documents and
the query, further optimizing the document ranking. Specifi-
cally, for the input filtered document set Df , the documents are
first passed through a semantic encoder (using the pre-trained
BART encoder [42]) to obtain deep semantic representations:

VDf
= BART-Encoder(Df ) (11)

Subsequently, we compute the relevance between each doc-
ument and the query vq using a cross-attention mechanism.
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The attention scores are obtained by computing the attention
weights between the query and document representations,
followed by a softmax normalization:

A = softmax

(
vqWq(VDf

Wk)
T

√
d

)
(12)

where Wq and Wk are learnable projection matrices, and d is
the dimension of the representations. The attended document
representation is first obtained by applying the attention scores
to the document embeddings:

V ′
Df

= AVDf
(13)

Then, a feedforward neural network (FFN) is applied to
transform V ′

Df
into a scalar relevance score:

Fr i = WrV
′
Df

+ br (14)

where Wr and br are learnable parameters. Inspired by multi-
tasking ranking recommender systems [43], [44], the contri-
bution score Fc i = C

(1)
i and the relevance score Fr i are

combined using a product-based approach to compute the final
ranking score Fi:

Fi = Fc i · Fr i (15)

Finally, the filtered document set Df is re-ranked according
to the final ranking scores, resulting in a fine-grained retrieved
document set Dfine. The query q and the re-ranked documents
are concatenated and input into the LLM to generate the final
answer.

D. Optimization objectives

Existing research predominantly emphasizes document
reranking, with performance metrics (such as Mean Reciprocal
Rank, MRR, and Hits@10) primarily focused on ranking tasks.
In this paper, we place greater emphasis on the performance
enhancement effect of the reranking process on the down-
stream task of LLM-based question answering in the fash-
ion manufacturing domain. To achieve this, we optimize the
parameters of the upstream reranking network by leveraging
the performance of the downstream generation task. During
training, the parameters of the LLM are frozen, and the cross-
entropy loss is computed by comparing the generated answers
with the ground truth labels, as follows:

LCE = −
N∑
i=1

yi log(ŷi) (16)

where, yi represents the ground truth label for the i-th token
in the answer, ŷi denotes the predicted probability distribution
for the i-th token generated by the LLM, N is the total number
of tokens in the answer.

By minimizing the cross-entropy loss LCE, the reranking
network parameters are optimized to improve the quality of
the retrieved documents, thereby enhancing the overall per-
formance of the LLM in generating accurate and contextually
relevant answers. Finally, Combine the answer cross-entropy

Algorithm 2 SGDCR optimization process

1: Input: Coarse-grained document set Dcoarse, Query q
2: Initialize: The parameters ΘDFCM of DFCM module, the

parameters ΘDRCM of DRCM module.
3: Step 1: Documents filtering
4: Fc i ← DFCM(Dcoarse, q)
5: Df ← {di | Fc i > λf}
6: Fr i ← DRCM(Df, q)
7: Step 2: Documents reranking
8: Fi ← Fc i · Fr i

9: Dfine ← Sort(Df, Fi)
10: Step 3: Parameters Optimization
11: Compute Ltotal: Ltotal ← LCE + LCOS

12: Update ΘDFCM and ΘDRCM using gradient descent on Ltotal
13: return Dfine

loss and the question capsule mapping loss LCOS to obtain
the final loss function:

Ltotal = LCE + λLCOS (17)

where λ is the balancing coefficient. The optimization process
of the algorithm is shown in Algorithm 2.

IV. EXPERIMENTAL RESULTS

In this section, considering both the sample size and fairness
of the evaluation, we first conducted comparative and ablation
experiments on publicly available datasets containing dense
open-ended question-answering tasks to validate the effective-
ness and superiority of the SGDCR framework in similar com-
plex QA scenarios. Subsequently, we constructed a question-
answering dataset specific to the garment manufacturing and
performed a case study to assess the potential applicability of
the proposed SGDCR framework in this domain.

A. Experimental Setup

Dataset. We conducted comparison and ablation exper-
iments on the multi-hop query datasets SQuAD [45] and
HotpotQA [46], Both of them consist of structured, densely
packed open-ended question-answer pairs, where questions
exhibit high complexity and typically require reasoning across
multiple documents to derive the correct answer. This multi-
hop reasoning characteristic aligns with the nature of question-
answering tasks in the fashion manufacturing domain, partic-
ularly when addressing complex production processes, supply
chain management, or quality control issues, which often
necessitate comprehensive analysis and inference across mul-
tiple information sources. In our case study, we conducted
comparative experiments using a self-constructed QA dataset
on garment manufacturing, benchmarking against the state-of-
the-art baseline models trained on public datasets.

Base LLMs. To evaluate the performance of re-ranked
documents across language models of different scales, we
conducted experiments on multiple mainstream LLMs, includ-
ing: 1) FLAN-T5-Large (0.78B): A compact model offering
efficient inference and reasonable performance, suitable for
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Fig. 3: Hyperparameter experiments on SGDCR.

lightweight RAG evaluations. 2) FLAN-T5-XL (3B): A mod-
erately sized model that balances performance and efficiency,
making it suitable for evaluating RAG effectiveness under
constrained computational resources. 3) Llama-3.1-Instruct
(8B): As a mid-scale instruction-tuned model, Llama-3.1-
Instruct excels in multi-task learning and complex instruction
comprehension, making it well-suited for evaluating the per-
formance of mid-scale models in multi-hop reasoning tasks.
4) FLAN-T5-XXL (11B): As a larger-scale model, FLAN-T5-
XXL demonstrates superior generation quality and contextual
understanding, making it ideal for assessing the potential of
RAG in larger models.

Retrieval reranking comparison methods. To comprehen-
sively assess the effectiveness of retrieval reranking, we com-
pared multiple approaches, including a no-reranking baseline,
reproduced classical methods, and publicly available state-of-
the-art reranking models. The specific methods are as follows:

• No Reranking: As a baseline method, this approach
directly utilizes the retrieved document order without any
reranking, serving as a reference to quantify the perfor-
mance improvement introduced by reranking techniques.

• BART+Transformer: A reproduced classical method
that encodes retrieved documents using the BART model
and applies a Transformer-based architecture for rerank-
ing. This approach has demonstrated strong performance
in early multi-hop QA tasks.

• BART+GCN: A reproduced reranking method based
on graph convolutional networks, which encodes docu-
ments using the BART model and models inter-document
relationships via GCN for reranking. This method is
particularly effective in capturing complex dependencies
between documents.

• BART-reranker [42]: A reranking approach imple-
mented based on publicly available code, leveraging the
BART model to directly rerank retrieved documents with
strong contextual understanding capabilities.

• gte-reranker [8]: A reranker based on publicly available
General Text Embedding (GTE), which employs high-
quality text embeddings to rerank retrieved documents,
making it suitable for open-domain QA tasks.

• bge-reranker-v2-gemma [47]: A reranker based on

publicly available Bidirectional Generative Embedding
(BGE), enhanced with the Gemma model to improve
multi-hop reasoning and complex QA performance.

• jina-reranker-v2 [48]: A reranker based on publicly
available Jina reranking models, leveraging efficient em-
beddings and reranking techniques tailored for large-scale
retrieval scenarios requiring real-time reranking.

Evaluation metrics. To comprehensively assess the en-
hancement effect of different reranking methods on LLMs,
we adopt the following evaluation metrics for comparative
analysis: Exact Match (EM), which measures the proportion
of generated answers that exactly match the ground truth,
providing a strict accuracy assessment; F1 Score, which eval-
uates the overall quality of generated answers by considering
both precision and recall, ensuring a balanced assessment of
generation performance; and Time, representing the reranking
time, which measures the duration from initial retrieval to the
completion of reranking, excluding the answer generation time
by LLMs. Specifically, for the garment manufacturing QA
dataset in our case study, we adopted ROUGE-L and BLEU
metrics because the long-text nature of the dataset necessitates
evaluating both semantic coherence and fine-grained lexical
matching.

Implementation details. The retrieval corpus for the
SQuAD and HotpotQA datasets consists of all paragraph texts
from the training, validation, and test sets. We employ the
Fasis retriever to retrieve 10 relevant documents for each
query, because the ground-truth relevant documents per query
are typically fewer than 10. To eliminate the influence of
retrieval variability on experimental results, all comparative
experiments are conducted based on the same set of retrieved
documents, ensuring a fair reranking evaluation. The training
corpus of our SGDCR is the Wiki dataset. During the training
process, the number of training epochs is set to 10, and
the optimizer used is AdamW, with a learning rate of 5e-5,
ensuring convergence within a reasonable time while achieving
optimal performance. Both training and testing experiments
are conducted on two Nvidia A6000 GPUs, providing the
necessary computational resources to support the efficient
training and inference of large-scale models.
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HotpotQA SQuAD

FLAN-T5-Large FLAN-T5-XL Llama-3-Instruct FLAN-T5-XXL FLAN-T5-Large FLAN-T5-XL Llama-3-Instruct FLAN-T5-XXLMethods
EM F1 EM F1 EM F1 EM F1 Time EM F1 EM F1 EM F1 EM F1 Time

No Reranking 39.40 46.09 35.80 56.38 22.80 35.78 37.00 44.72 0.00 29.00 44.96 31.20 49.99 17.00 32.44 27.40 36.84 0.00
BART+Transformer 40.80 47.95 41.60 60.19 23.00 36.30 42.20 49.19 0.046 34.20 48.36 33.80 52.86 18.20 34.05 32.20 41.45 0.045

BART+GCN 41.20 48.13 37.00 57.25 26.20 39.19 43.40 50.43 0.051 34.80 48.87 33.20 52.09 18.80 34.43 30.80 39.97 0.051
BART-reranker 41.60 48.92 41.80 60.25 26.80 40.62 45.80 53.41 0.109 36.40 52.77 38.80 56.69 21.60 36.45 35.40 45.04 0.106

gte-reranker 42.00 49.40 41.20 59.39 26.60 39.61 44.00 50.73 0.049 36.40 54.29 38.60 56.56 22.40 36.94 33.00 43.55 0.051
bge-reranker-v2-gemma 41.80 48.63 41.00 59.44 25.40 39.40 44.80 51.71 0.280 36.00 53.33 38.80 56.72 21.80 36.79 33.60 44.71 0.276

jina-reranker-v2 41.60 48.65 41.40 60.36 26.00 40.29 43.60 50.88 0.044 36.80 52.58 37.20 55.15 21.00 35.27 30.60 40.79 0.044
Ours 43.80 50.21 46.40 62.77 27.60 41.63 46.60 53.12 0.048 38.60 54.17 41.00 59.83 24.20 38.97 38.40 48.22 0.049

TABLE I: Comparative experiments on retrieval reranking enhanced base LLMs on HotpotQA and SQuAD datasets.

FLAN-T5-XL (3B) Llama-3-Instruct (8B)
Ablation Version EM F1 EM F1 Time

Full 46.40 62.77 27.60 41.63 0.048
W/O DFCM 41.20 58.48 22.80 35.54 0.032

W/O Semantic Graph 43.20 60.33 25.60 39.13 0.042
W/O Filtering 43.80 60.50 25.20 37.76 0.048
W/O DRCM 44.60 61.42 26.40 39.20 0.041

TABLE II: Ablation experiments on retrieval reranking en-
hanced base LLMs on HotpotQA dataset.

B. Hyperparameter Experiments

In the training setup of the SGDCR model, the settings of
the dynamic routing iteration count N , the masking thresh-
old λm in the semantic association graph, and the docu-
ment filtering contribution threshold λf impact the model’s
reranking performance. To determine the optimal values for
these hyperparameters, we conducted detailed hyperparameter
experiments, as shown in Fig. 3. We can obtain the following
observations:

(1) The dynamic routing iteration count N determines
the depth of information propagation in the dynamic routing
process. As N increases, the model’s loss gradually decreases,
and the F1 score improves. When N = 3, the model achieves
a good balance between loss and F1 score. Further increasing
the iteration count (N = 4) results in only marginal perfor-
mance improvement while increasing computational overhead.
Therefore, we set N = 3 as the final configuration.

(2) λm controls the sparsity of edges in the semantic asso-
ciation graph. Experimental results show that as the masking
threshold increases, the model’s loss decreases, and the F1
score improves. The model achieves optimal performance
when λm = 0.90. Further increasing the threshold leads to
a slight decline in the F1 score, indicating that an excessively
high threshold may filter out some useful semantic relation-
ships. Therefore, we choose 0.90 as the optimal value for λm.

(3) λf controls the strictness of document filtering, affecting
the quality of the final reranking results. As shown in the table,
when λf = 0.12, the F1 score of LLM responses reaches its
highest value while the loss remains low. When the threshold
is too low or too high, the model’s performance declines, indi-
cating that a moderate filtering threshold effectively balances
document retention and filtering. Therefore, we select 0.12 as
the optimal value for λf .

C. Comparison Experiments

We used the Fasis retriever to retrieve 10 relevant docu-
ments for each query in the test set and performed an initial
deduplication process. The Fasis retriever leverages efficient
vectorized retrieval techniques to quickly locate candidate
documents that are semantically most relevant to the query
from a large-scale document corpus while preventing dupli-
cate documents from entering the subsequent reranking stage
through deduplication. All baseline reranking methods are
tested using the same set of queries and retrieved documents to
ensure fairness and comparability in the experiments. Table I
presents the performance comparison of the SGDCR model
with baseline reranking methods in enhancing FLAN-T5-
Large model, FLAN-T5-XL, Llama-3-Instruct, and FLAN-T5-
XXL on the HotpotQA and SQuAD datasets. The results show
that SGDCR significantly outperforms other methods in terms
of EM and F1 score. For example, on the multi-hop HotpotQA
dataset, using the FLAN-T5-XL model, our method improves
EM and F1 scores by 11.0% and 4.2%, respectively, compared
to the second-best BART-reranker. For the lightweight FLAN-
T5-Large model, our method achieves a notable improvement
over all baselines. This suggests that our method remains
highly effective even when deployed with small-scale models,
offering a good balance between performance and efficiency.
For the Llama-3-Instruct model, our method achieves EM =
27.60 and F1 = 41.63, surpassing BART-reranker by 3.0%
and 2.5%, respectively. On the FLAN-T5-XXL model, our
approach also achieves the best performance. Moreover, our
method exhibits similar time efficiency to most baseline meth-
ods. On the SQuAD dataset, our method also demonstrates a
significant performance advantage. In summary, our approach
not only significantly improves model performance in multi-
hop QA tasks but also maintains high time efficiency, proving
its potential for real-world applications.

D. Ablation Study

In this section, we conduct comprehensive ablation ex-
periments to verify the effectiveness of each module, along
with complexity analysis experiments to provide practical
deployment guidelines for different application scenarios and
task requirements.

1) Ablation Analysis on Generation Performance: To verify
the contribution of each core module in the SGDCR model to
reranking performance, we conduct an ablation study by re-
moving or modifying key components of the model to evaluate
their impact on overall performance. The specific ablation ver-
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Ablation Modules Counts FLOPs (M) Time (s) F1 Score

N=2 64.12 0.021 63.10
N=3 78.35 0.030 64.28
N=4 92.60 0.042 64.41Routing iteration

N=5 107.02 0.056 64.37

L=1 61.95 0.026 64.10
L=2 78.35 0.030 64.28Semantic graph layers
L=3 86.17 0.033 64.33

TABLE III: Ablation Study on Computational Complexity
of Routing and Semantic graph layers. For routing iteration
ablation, the number of semantic graph layers is fixed at L=2;
for semantic graph layers ablation, the number of routing
iterations is fixed at N=3.

(a)
Comparison of ROUGE-L on case data.

(b)
Comparison of BLEU on case data.

Fig. 4: Enhanced Performance Comparison of Retrieval
Reranking Methods on Case Data.

sions include: 1) Full: The complete SGDCR model, incorpo-
rating the dynamic routing mechanism, semantic graph mask-
ing mechanism, document filtering module, and similarity
modeling. 2) W/O DFCM: Removes the complete Document
Filtering and Contribution Modeling (DFCM) module. The
reranking score is computed solely based on document simi-
larity, ignoring the dynamic contribution relationships between
documents. 3) W/O Semantic Graph: Removes the semantic
graph masking mechanism from the dynamic routing process.

4) W/O Filtering: Retains the DFCM module for contribution
modeling but does not filter documents, meaning all retrieved
documents participate in reranking. 5) W/O DRCM: Excludes
document similarity from the reranking score computation,
using only the contribution modeling results for reranking.

Table II presents the performance comparison of different
ablation versions on the HotpotQA dataset when enhancing
FLAN-T5-XL and Llama-3-Instruct. We analyze the results
from three dimensions: EM, F1 score, and reranking time
to assess the contribution of each module to the model’s
performance. The results show that the Full SGDCR model
achieves the best performance on both FLAN-T5-XL and
Llama-3-Instruct. Removing the DFCM module significantly
degrades performance for both models, indicating that the
DFCM module plays a critical role in modeling the dy-
namic contribution relationships between documents. Without
it, the model fails to effectively capture complex dependen-
cies among documents. Additionally, removing the semantic
graph masking mechanism results in performance degradation,
demonstrating its effectiveness in identifying and filtering
semantically redundant or repetitive relationships. Table II also
highlights that document filtering improves the accuracy and
efficiency of reranking results. Removing the DRCM module
leads to a certain degree of performance decline, validating the
effectiveness of ranking strategies that jointly consider contri-
bution and similarity. From the reranking time perspective, the
complete model has a slightly higher reranking time than the
other versions but remains within an acceptable range, with
the DFCM module contributing to the main computational
overhead.

2) Ablation Analysis on Computational Complexity: In
real-world applications, the computational cost of iterative
dynamic routing and graph convolution may pose limitations
on model deployment, especially in resource-constrained envi-
ronments. To analyze this, we conducted dedicated complexity
experiments by varying the number of routing iterations and
semantic graph layers, as shown in Table III. Results indicate
that increasing the routing iterations from 2 to 5 leads to higher
FLOPs and runtime, while F1 improves only marginally. Sim-
ilarly, increasing GCN layers from 1 to 3 results in moderate
performance gains but increases latency and computational
overhead. These findings suggest that using 2–3 routing itera-
tions and 1–2 GCN layers provides a good trade-off between
efficiency and effectiveness. For deployment in large-scale or
real-time industrial systems, especially those running on edge
devices or limited computing infrastructure, we recommend
adopting lightweight settings (e.g., 2 routing iterations, 1 GCN
layer), which can significantly reduce latency and resource
consumption while maintaining competitive accuracy.

E. Case Study

We conducted a case study in the garment manufacturing
domain to further validate the effectiveness of SGDCR. We
collected 5,000 document knowledge entries from technical
manuals, maintenance records, and other relevant sources
to construct a retrieval library. Additionally, we carefully
designed 500 question-answer pairs as case study data for
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NO. Question Description Answer

1 How to avoid thread breakage
during machine sewing?

Ways to avoid thread breakage during machine sewing include choosing the right needle and
thread, adjusting the right stitch length and thread tension, and ensuring that the fabric is flat
and wrinkle-free.

2 How to ensure the straightness
of the seam during sewing?

The key to ensuring the straightness of the seam is to keep the fabric flat, control the speed
and pressure of the sewing machine, and adjust the stitch length and thread tension in time.

TABLE IV: Examples of garment manufacturing QA task in case data.

Initial Retrieved Docs Filtered Docs by DFCM Reranking Time FLAN-T5-XL Llama-3-Instruct

ROUGE-L BLEU ROUGE-L BLEU

5 4.926 0.029 22.40 1.35 25.94 1.55
10 6.954 0.048 25.92 1.54 28.36 1.72
15 7.232 0.077 26.07 1.52 28.39 1.70
20 7.456 0.101 26.11 1.54 28.57 1.73

TABLE V: Impact of the number of initial retrieved documents on filtering performance of DFCM.

Fig. 5: Visualization of the retrieval reranking-enhanced quizzing task on SGDCR.

Setting Avg. Score (GPT-4) Avg. Score (GPT-4o)

No Retrieval 26 31
No Reranking 56 60
Reranking by SGDCR 68 74

TABLE VI: Expert evaluation scores (0–100) under different
retrieval settings using GPT-4 and GPT-4o as subjective eval-
uators.

retrieval-augmented question answering. Examples of these
question-answer pairs are illustrated in Table IV. We con-
ducted both quantitative comparison experiments with preset
labels and subjective evaluation experiments using an expert
model to comprehensively assess the effectiveness of retrieval-
augmented generation in question-answering tasks within the
fashion manufacturing domain.

1) Case Setup: To further examine the choice of the initial
number of retrieved document blocks (D) in our fashion
manufacturing case study, we conducted a comparative anal-
ysis using D = {5, 10, 15, 20}. As shown in Table V, we
report the average number of filtered document blocks by
the DFCM module, re-ranking time, and the final genera-

tion performance under both FLAN-T5-XL and LLaMA-3-
Instruct models. The results indicate that increasing D leads
to only marginal gains in ROUGE-L and BLEU scores beyond
D=10, while incurring noticeably higher re-ranking time. For
example, with FLAN-T5-XL, the ROUGE-L score improves
only slightly from 25.92 at D=10 to 26.07 at D=15, while
the reranking time increases by over 60%. Similar trends are
observed with LLaMA-3-Instruct. These findings demonstrate
that retrieving 10 document blocks is already sufficient to
provide highly effective responses to engineering problems in
the fashion manufacturing domain, striking a favorable balance
between performance and computational efficiency. Therefore,
we adopt D=10 as the default setting throughout our case
study.

Furthermore, Table V provides additional evidence of the
effectiveness of the DFCM module. Even as the size of the
candidate pool increases significantly, the number of docu-
ments retained by DFCM reaches the saturation point required
by the LLM to answer the query effectively. This demonstrates
DFCM’s ability to efficiently identify useful information from
a large set of redundant documents and filter out those with
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Fig. 6: Expert model GPT-4o’s evaluation scores of retrieval-augmented reranking in the fashion manufacturing case study.
Note: Flan-T5-XL is used as the base LLM, and the Score denotes the subjective rating (0–100) given by GPT-4o.

low relevance to the query.

2) Quantitative Comparison Experiments: We first con-
ducted quantitative comparative experiments. Specifically, we
compared SGDCR with BART-reranker, which demonstrated
the best performance among the baseline methods on public
datasets. The experiments were conducted using FLAN-T5-
Large, FLAN-T5-XL and Llama-3-Instruct models. Given
the long-text nature of the answers in this case study, we
evaluated the results using ROUGE-L and BLEU metrics.
The results in Fig. 4 demonstrate that the proposed SGDCR
significantly outperforms both the no-reranking baseline and
BART-reranker across both metrics and models. For FLAN-
T5-Large, our method obtains a ROUGE-L score of 24.09
and a BLEU score of 1.47, showing consistent improvements
over the No Reranking baseline and the BART reranker. For
FLAN-T5-XL, our method achieves a ROUGE-L score of
25.92 and a BLEU score of 1.54, which are higher than
the baseline without reranking and BART reranker. Similarly,
for Llama-3-Instruct, our method achieves a ROUGE-L score

of 28.36 and a BLEU score of 1.72, surpassing both the
baseline without reclassification and the BART reclassifier.
These results indicate that SGDCR effectively improves the
quality of the retrieved documents, allowing the LLMs to
generate more accurate and contextually relevant responses. To
further illustrate the effectiveness of our method, we provide
a visualization of the retrieval-augmented reranking process
in Fig. 5. The visualization demonstrates that the reranked
documents form a clear and logical chain of information,
which significantly improves the accuracy and coherence of
the generated answers. For example, in a case involving
troubleshooting a sewing machine, the reranked documents
provided a step-by-step guide that aligned perfectly with the
query, enabling the LLM to generate a precise and actionable
response. In contrast, the contextual logic of documents with-
out reranking is confusing, resulting in less accurate answers.

3) ChatGPT-Based Expert Evaluation Experiment: To fur-
ther validate the effectiveness of retrieval-augmented genera-
tion in the fashion manufacturing domain, we conducted an
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expert subjective evaluation using ChatGPT-4 and GPT-4o
as the evaluator. The evaluation focused on comparing the
quality of answers generated by FLAN-T5-XL under three
settings: no retrieval (No Retrieval), retrieval without reranking
(No Reranking), and retrieval with reranking using SGDCR
(Reranking by SGDCR). For each query in the test set of the
case study data, we provided ChatGPT-4 and GPT-4o with
a standardized instruction: ”This is a common query in the
fashion production process, and you are asked to compare
the following three responses and rate them based on the
comprehensiveness and accuracy of the answers, with a score
range of 0-100.” The query and corresponding answers from
the three settings were then presented for evaluation. The
results, reported in Table VI as average scores, highlight the
necessity of retrieval augmentation, as both retrieval settings
(No Reranking and Reranking by SGDCR) significantly out-
performed the no retrieval baseline. More importantly, the
answers generated with Reranking by SGDCR received the
highest scores, demonstrating a notable improvement in com-
prehensiveness and accuracy compared to the No Reranking
setting. This indicates that SGDCR effectively enhances the
quality of retrieved documents, enabling the model to generate
more precise and contextually relevant answers. To provide
deeper insights, we visualized some evaluation cases of GPT-
4o in Fig. 6, covering the entire fashion production cycle, in-
cluding design, pattern making, production, and transportation.
These cases illustrate the answer generated with Reranking
by SGDCR provided a step-by-step solution with clear tech-
nical details, while the No Reranking setting returned a less
structured and partially redundant response. The no retrieval
baseline, in contrast, often produced generic or incomplete
answers due to the lack of external knowledge support. In
conclusion, the ChatGPT-based expert evaluation confirms the
critical role of retrieval augmentation in improving answer
quality and further validates the superiority of SGDCR in
enhancing the logical coherence and accuracy of generated
answers.

F. Discussion and Limitations

Despite the demonstrated efficacy of SGDCR in enhancing
LLM-powered question answering for fashion manufacturing
through retrieval reranking, as evidenced by our compara-
tive experiments and case studies, several limitations warrant
discussion. The current implementation’s most notable con-
straint stems from the DFCM module, which intentionally
models inter-document collaborative relationships to improve
retrieval precision. While this design yields superior accuracy,
it inherently limits the system’s flexibility by imposing: (1)
a fixed capacity constraint on the number of processable
documents per training iteration, and (2) reduced adaptability
to dynamic document sets compared to more lightweight
alternatives. These architectural choices create an accuracy-
flexibility trade-off that particularly manifests when handling
variable-length industrial documentation. Future work will
focus on developing an adaptive document window mechanism
to preserve the DFCM’s collaborative modeling advantages
while eliminating its current scalability constraints.

V. CONCLUSION

This paper proposes a dynamic capsule routing network
with semantic graph to optimize RAG in the fashion man-
ufacturing industry, addressing challenges from specialized
terminology and complex queries. SGDCR simulates team
collaboration through a two-step process: (1) a capsule co-
dynamic routing mechanism in a semantic graph captures
complex contextual relationships and filters irrelevant docu-
ments, and (2) filtered documents are matched and re-ranked
using deep semantic similarity and contribution scores to
generate accurate, contextually coherent prompts. Experiments
on open-domain QA datasets (HotpotQA, SQuAD) and a
fashion manufacturing dataset show SGDCR outperforms ex-
isting methods on EM, F1, ROUGE-L, and BLEU scores
across multiple LLMs, including FLAN-T5-XL and Llama-3-
Instruct. A case study confirms its effectiveness in retrieving
coherent document chains and generating precise answers.
This work improves RAG in specialized domains and sets
the stage for broader industrial applications and real-time
optimization.
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