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Abstract

Retrieval-Augmented Generation (RAG) en-
hances large language models with external
knowledge, but long retrieved contexts incur
high computational cost and often degrade per-
formance due to context–knowledge mismatch.
Parametric RAG addresses this by integrat-
ing external knowledge into model parameters
via lightweight adapters. However, existing
PRAG methods are fundamentally document-
centric, treating each document as an indepen-
dent unit of knowledge, which leads to poor
scalability and weak supervision. We argue
that knowledge is inherently distributed across
semantically related documents, and document-
level parameterization is a suboptimal granu-
larity. To this end, we propose PARASHARD,
a knowledge-centric framework that organizes
knowledge into semantically coherent knowl-
edge shards and parameterizes each shard with
a shared adapter. This design enables richer
supervision across related documents while
significantly reducing the number of required
adapters. At inference time, PARASHARD dy-
namically selects and composes multiple shards
using a diversity-aware strategy to ensure com-
prehensive knowledge coverage. Experiments
on four knowledge-intensive QA benchmarks
show that PARASHARD achieves superior av-
erage performance across diverse knowledge-
intensive tasks compared with strong RAG and
PRAG baselines, with particularly strong gains
on multi-hop reasoning, and substantially re-
duces storage cost compared to PRAG, demon-
strating the knowledge injection effectiveness
and storage efficiency of knowledge-centric pa-
rameterization.

1 Introduction

Large language models (LLMs) have achieved re-
markable success across a wide range of tasks (Tou-
vron et al., 2023; OpenAI et al., 2024), yet their
parametric knowledge remains static after training,

*Corresponding authors

limiting their ability to incorporate new or domain-
specific information. This limitation is particularly
critical for knowledge-intensive tasks such as open-
domain question answering.

Retrieval-augmented Generation (RAG) ad-
dresses this issue by injecting retrieved documents
into the input context, enabling models to access
external knowledge on demand (Lewis et al.,
2021; Gao et al., 2024). However, this in-context
paradigm suffers from two key limitations: (i) long
contexts introduce substantial computational over-
head, and (ii) models often fail to effectively utilize
noisy or lengthy evidence, leading to degraded rea-
soning performance (Liu et al., 2024).

To mitigate these issues, Parametric Retrieval-
Augmented Generation (PRAG) (Su et al., 2025a)
has emerged as an alternative paradigm. Specifi-
cally, PRAG integrates external knowledge directly
into model parameters via lightweight adapters
(e.g., LoRA), eliminating the need for long con-
texts (Su et al., 2025a). Despite its promise,
existing PRAG methods adopt a fundamentally
document-centric design, treating each document
as an independent unit of knowledge. This design
leads to two critical issues: (i) Poor scalability: one
adapter per document or a single adapter for the
entire corpus results in prohibitively high storage
and training costs for large knowledge bases (Su
et al., 2025b), and limits the ability to selectively
activate relevant knowledge. (ii) Limited supervi-
sion: training each adapter on a single document
provides a weak signal, leading to overfitting and
failing to leverage shared knowledge across related
documents, which causes redundant and inefficient
knowledge encoding.

More fundamentally, these limitations stem from
a mismatch between documents and knowledge:
knowledge is rarely contained within a single docu-
ment, but instead distributed across multiple seman-
tically related pieces of evidence. This motivates a
key question: what is the appropriate granularity
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Figure 1: Comparison of document-centric PRAG and
knowledge-centric PARASHARD.

for parameterizing knowledge?
In this paper, we propose PARASHARD, a

knowledge-centric framework that shifts param-
eterization from documents to semantically co-
herent knowledge shards. As shown in Figure 1,
this design enables richer supervision across doc-
uments, reduces redundant adapters, and scales
efficiently to large knowledge bases. We first de-
fine the concept of “knowledge” within the scope
of our work from both macro-structural and micro-
representational perspectives. Then, we propose
a knowledge parameterization pipeline via knowl-
edge organization via clustering, knowledge rep-
resentation via triples and knowledge injection
via training. Since PRAG is conducted at the
knowledge granularity, we then perform document-
agnostic shard routing to retrieve relevant knowl-
edge shards for the input query. During infer-
ence, PARASHARD dynamically composes multi-
ple shards based on the query’s semantic complex-
ity. Inspired by the maximal marginal relevance
(MMR) theory in fairness learning to rank (Xia
et al., 2015), we incorporate diversity-aware multi-
shard selection to balance relevance and coverage,
ensuring comprehensive knowledge integration.

Experiments on four knowledge-intensive QA
benchmarks demonstrate that PARASHARD can
achieve superior average performance against stan-
dard and parametric RAG baselines at distinct
model scales while significantly reducing stor-
age requirements compared to PRAG. Specifi-
cally, PARASHARD outperforms PRAG by 22.60%,
9.69%, and 3.01% average F1 scores on LLaMA
3.2-1B, Qwen2.5-1.5B, and LLaMA3-8B, respec-
tively. The datasets and code are available at
https://github.com/Sherlock-coder/ParaShard.

2 Preliminaries: PRAG

PRAG (Su et al., 2025a) treats individual docu-
ments as the fundamental unit for organizing and

parameterizing external knowledge.

Document augmentation. PRAG adopts a doc-
ument augmentation strategy consisting of two
key steps: (i) document rewriting and (ii) QA
pair generation. Specifically, each document di
is transformed into multiple rewritten documents
{d1i , d2i , . . . , dni } by prompting an LLM. Addition-
ally, the LLM generates question-answer (QA)
pairs based on the original document di, producing
a set of questions and their corresponding answers:
{(q1i , a1i ), (q2i , a2i ), . . . , (qmi , ami )}, where m is a
tunable hyperparameter representing the number
of QA pairs per document. Integrating multiple
rewrites with corresponding QA pairs transforms
each document di into a more comprehensive train-
ing dataset Ti:

Ti = {(dki , qji , a
j
i ) | 1 ≤ k ≤ n, 1 ≤ j ≤ m},

(1)
where each (dki , q

j
i , a

j
i ) triple corresponds to a

rewritten document dki from the original document
di, coupled with a question qji and its respective
answer aji .

Document parameterization. Let the pretrained
LLM be parameterized by θ and the external cor-
pus be D = {d1, d2, . . . , dN}. In PRAG, each
document di ∈ D is independently mapped into
a parametric representation pi = fϕ(di), where
fϕ(·) is a document parameterization function. In
practice, pi is implemented as a Low-Rank Adap-
tation (LoRA) module (Hu et al., 2021) that in-
jects low-rank updates into the LLM parameters,
typically applied to feed-forward network (FFN)
weights. For an FFN weight matrix W ∈ Rh×k,
the document-specific update is:

W ′
i = W +∆Wi, where ∆Wi = AiB

⊤
i , (2)

with Ai ∈ Rh×r, Bi ∈ Rk×r, and r ≪ min(h, k).
The original parameters W remain frozen, and only
the low-rank matrices ∆θi = {Ai, Bi} are train-
able. The LoRA parameters ∆θi are then optimized
by minimizing the language modeling loss over Ti:

Llm(∆θi) = Ex∼Ti




|x|∑

t=1

− logPθ+∆θi(xt | x<t)


 . (3)

3 Our Method

We propose PARASHARD, a shard-centric frame-
work for storage-efficient and coherent knowledge
integration in LLMs. As illustrated in Figure 2,
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Figure 2: Framework of PARASHARD. (a) illustrates knowledge parameterization, where documents are clustered,
represented as QA pairs and statements, and injected into parameter-efficient LoRA modules. (b) details the
dual-tower document-agnostic shard router, (c) depicts the mechanism of utility-oriented shard activation.

PARASHARD first organizes large-scale corpora
into semantically coherent knowledge shards and
parameterizes each shard as a dedicated LoRA
module (Section 3.1). It then trains a document-
agnostic shard router to retrieve relevant shards
for a given query (Section 3.2). Finally, at infer-
ence time, a utility-oriented activation mechanism
adaptively selects and sequentially composes multi-
ple LoRA modules to balance coverage and redun-
dancy (Section 3.3). All operations are performed
at the shard level, avoiding document-level reason-
ing and enabling scalable knowledge composition.

3.1 Knowledge parameterization

Knowledge definition. Within our proposed frame-
work, we conceptualize "knowledge" not as a
monolithic, unstructured corpus of text, but through
a dual theoretical lens that directly governs its orga-
nization and representation. (i) From a macro-struc-
tural perspective, knowledge is characterized by
semantic modularity. Facts and concepts naturally
form cohesive, domain-specific clusters, where re-
lated entities and relations are densely intercon-
nected (Newman, 2006; Ji et al., 2021). (ii) From
a micro-representational standpoint, knowledge is
defined by its relational atomicity. Consistent with
foundational knowledge graph theory (Hogan et al.,
2021; Chen et al., 2020), knowledge can be distilled
into discrete subject-relation-object triples (s, r, o),
capturing fundamental factual interactions. These

two theoretical properties directly motivate our
pipeline design: semantic modularity corresponds
to knowledge organization via K-means clustering,
which groups semantically related documents into
coherent shards; relational atomicity corresponds
to knowledge representation via triples, which dis-
tills knowledge into atomic (s, r, o) triples for fo-
cused parameterization.
Knowledge organization via clustering. The in-
herent semantic modularity dictates that knowledge
should not be partitioned arbitrarily, but rather or-
ganized into semantically cohesive bounds. Hence,
we organize documents into knowledge shards
based on semantic similarity rather than arbitrary
partitioning. Concretely, let D = {d1, . . . , dN} de-
note the full document collection. We first encode
each document di into a dense vector representa-
tion using a pretrained text encoder E. We then
apply K-means clustering to partition the document
embeddings into M clusters, where M is a hyper-
parameter controlling the granularity of knowledge
organization. All documents assigned to the same
cluster form a knowledge shard Dm:

Dm = {di | cluster(di) = m}, m ∈ {1, . . . ,M}. (4)

Each knowledge shard Dm is associated with
a dedicated LoRA module Lm with trainable pa-
rameters ϕm. During training, the backbone model
parameters θ are frozen while the LoRA parameters
ϕm are optimized to encode the knowledge within
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the corresponding shard. At inference time, one
or more LoRA module are activated based on the
input query in a plug-and-play manner, ensuring
low computational overhead. Importantly, in the
subsequent PARASHARD pipeline, the notion of
individual documents is entirely abstracted away,
i.e., all operations are performed at the knowledge
shard granularity, enabling more coherent knowl-
edge injection and efficient retrieval.
Knowledge representation via triples. Each
knowledge shard Dm is represented as a set of
atomic triples (s, r, o), capturing fundamental fac-
tual interactions. For each shard, triples are pro-
duced via distant supervision by linking to an au-
thoritative knowledge graph (Mintz et al., 2009),
ensuring high-quality factual grounding.

To enrich the training data, we apply two comple-
mentary post-processing transformations to each
extracted triple: (i) Triple-to-QA Conversion: We
convert each triple into c question-answer pairs
(q, a) by generating relation-specific question tem-
plates using an LLM. The question template is
conditioned on the predicate r, ensuring that the
generated questions are semantically aligned with
the underlying relation. (ii) Triple-to-Statement
Conversion: Similarly, we transform each triple
into c declarative factual statements s with rela-
tion-specific statement templates produced by an
LLM, providing an alternative representation that
preserves the original semantic content in natural
language form. Hence, the knowledge representa-
tion Tm corresponding to Dm is defined as follows:

Tm = {(q ⊕ a)} ∪ {s}, ∀(q, a), s ∈ Dm. (5)

Knowledge injection via LoRA training. To in-
ject knowledge representation Tm into the param-
eterized module, we employ the same optimiza-
tion objective as in Equation 3 to train a dedicated
LoRA module Lm with Tm while keeping the back-
bone LLM parameters frozen. Given the one-to-
one correspondence between the semantic clusters
and the LoRA modules, we use the term “knowl-
edge shard” hereafter to refer to the knowledge-
parameterized LoRA modules as well.

3.2 Document-agnostic shard routing
To dynamically select the most relevant knowledge
shards for a given query, we formulate the routing
problem as dense retrieval over knowledge shard
identifiers. We train a dual-tower dense retriever
that maps a natural language query to knowledge

shards corresponding to the most relevant knowl-
edge shards.

Specifically, we employ two Transformer-based
encoders: a query encoder fq(·) and a knowledge
shard encoder fl(·). Given a query q, the query
encoder produces a dense representation:

q = fq(q) ∈ Rd. (6)

Each knowledge shard Lm is associated with a
unique identifier m representing its corresponding
knowledge shard Dm. The knowledge shard en-
coder maps the shard to an embedding:

lm = fl(m) ∈ Rd. (7)

The relevance between a query and a knowledge
shard is computed via inner product similarity:

s(q,m) = q⊤lm. (8)

To construct training data for the router, we lever-
age a document-level retriever R (i.e., BM25). For
a given query q, we retrieve a set of top-r rele-
vant documents R(q). A knowledge shard Lm+ is
treated as a positive sample if its associated knowl-
edge shard contains at least one retrieved docu-
ment:

m+ ∈ {m | Dm ∩R(q) ̸= ∅}. (9)

Negative knowledge LoRAs m− are sampled via
in-batch negative sampling for simplicity. The
shard router is trained exclusively on queries from
the training splits of benchmark datasets, com-
pletely separate from evaluation questions.

The router is trained using a contrastive objec-
tive. Given a query q, a positive knowledge LoRA
m+, and negative samples m−, the routing loss is:

Lr = −E
(q,m+)

log
exp(s(q,m+)/τ)

exp(s(q,m+)/τ) +
∑

m− exp(s(q,m−)/τ)
,

(10)

where τ is a temperature hyperparameter. Note that
in the shard routing phase, documents are agnostic
while only the knowledge shards are visible.

3.3 Utility-oriented shard activation
At inference time, PARASHARD dynamically re-
trieves and activates knowledge shards based on
the input query. We introduce two key mechanisms:
Dynamic multi-shard selection and diversity-aware
sequential combination.
Dynamic multi-shard selection. Empirically, re-
stricting retrieval to a fixed top-k bottlenecks the
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utility of knowledge shards, as complex queries
often span multiple semantic clusters while simple
queries may only incorporate a single cluster. To
optimize retrieval utility, we propose an adaptive
thresholding strategy that dynamically determines
the optimal number of activated shards. For a given
query q, we filter the relevance scores s(q,m) us-
ing a confidence-based threshold to form an opti-
mal candidate set:

M∗ = {m | s(q,m) > α ·max
m′

s(q,m′)}, (11)

where α ∈ (0, 1) controls selectivity. This allows
the active set size |M∗| (typically 1–3) to adapt to
the query’s semantic complexity.
Diversity-aware sequential combination. Ac-
tivating all candidates in M∗ simultaneously of-
ten introduces redundant information, diminish-
ing overall utility. We therefore frame the multi-
shard combination as a utility-maximization prob-
lem. Drawing on maximal marginal relevance
(MMR) (Xia et al., 2015), we sequentially select
shards that maximize information gain while pe-
nalizing redundancy. Given the initial shard Lm1

with the highest relevance, subsequent shards are
selected by maximizing their marginal utility:

mi+1 = arg max
m∈M∗\Mi

[
λ · s(q,m) − (1 − λ) · max

mj∈Mi
s(lm, lmj

)

]
,

(12)

where Mi = {m1, . . . ,mi} denotes the previously
selected LoRAs, s(·, ·) measures the inner product
similarity, and λ balances relevance against diver-
sity to ensure broader knowledge coverage.

To fully exploit the ordered sequence of K =
|M∗| selected LoRAs, we activate them sequen-
tially rather than performing parallel merging. Let
C0 = ∅ be the initial context. At each step
t ∈ [1,K], we activate the corresponding module
Lmt to generate intermediate background knowl-
edge ct:

ct = LLMθ+ϕmt
(q ⊕ Ct−1), (13)

where Ct−1 = c1 ⊕ · · · ⊕ ct−1 denotes the accu-
mulated context from previous activations. The
final response is produced at step K. This auto-
regressive accumulation allows each newly acti-
vated shard to build on prior context, improving the
complementary use of knowledge across shards.

4 Experimental Settings

Datasets and evaluation metric. We adopt
four knowledge-intensive QA datasets: (i) 2Wiki-

MultiHopQA (2WQA) (Ho et al., 2020) that in-
cludes four reasoning types, i.e., Compare, Bridge,
Inference and Compose; (ii) HotpotQA (HQA)
(Yang et al., 2018); (iii) PopQA (PQA) (Mallen
et al., 2023); (iv) ComplexWebQuestions (CWQ)
(Talmor and Berant, 2018). Following previous
works(Su et al., 2025a; Tan et al., 2025; Su et al.,
2025b), the first 300 questions from each sub-
dataset are used, and we employ F1 scores (%)
as the evaluation metric.

Baseline methods and implementation details.
We compare PARASHARD with five baselines:
Vanilla, Standard RAG, PRAG, DyPRAG, and
Poly-PRAG (see Appendix A). Following Su et al.
(2025a); Tan et al. (2025); Su et al. (2025b), we
evaluate models using three backbone LLMs of dif-
ferent scales: LLaMA3.2-1B-Instruct1 (Grattafiori
et al., 2024), Qwen2.5-1.5B-Instruct2 (Yang et al.,
2025), and LLaMA3-8B-Instruct3 (Grattafiori et al.,
2024). During the knowledge organization phase,
the text encoder E used for document representa-
tion is Sentence-T5-base4(Ni et al., 2022), and we
set the hyperparameter M to 2101 to ensure that the
average number of documents contained in each
cluster is approximately 10,000. In the knowledge
representation stage, we adopt the external knowl-
edge graph 5 proposed by Hu et al. (2017), which
contains 198,969,771 relational triples. c is set to
10 for each relational triple. All the experiments are
performed on 32 NVIDIA 80G GPUs. We repeat
our experiment 3 times to get the average results.
In the LoRA training stage, the training batch size
per device is set to 32, the learning rate is set to 5e-
5, and the max length is set to 512. For each LoRA
module, rank is set to 16 and alpha is set to 32. We
inject the LoRA adapter to both the self-attention
layers and the feed-forward networks following Su
et al. (2025b). The training for all 2101 LoRA
modules take approximately 24 hours. For shard
router training, we use Sentence-T5-base (Ni et al.,
2022) as the query encoder fq(·) and the knowl-
edge shard encoder fl(·), the document-level re-
triever R is BM25 (Robertson and Zaragoza, 2009)
implemented by elasticsearch6, r is set to 3, the

1https://huggingface.co/meta-llama/Llama-3.2-1B-
Instruct

2https://huggingface.co/Qwen/Qwen2.5-1.5B-Instruct
3https://huggingface.co/meta-llama/Meta-Llama-3-8B-

Instruct
4https://huggingface.co/sentence-transformers/sentence-

t5-base
5https://github.com/pkumod/gAnswer
6https://github.com/elastic/elasticsearch
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temperature τ is set to 1, the training batch size per
device is set to 32, the learning rate is set to 2e-5,
and the max length is set to 100. The training for
shard router takes approximately 2 hours. During
the model inference phase, α is set to 0.5, and λ is
set to 0.8.

5 Experimental Results

We aim to address four key questions: (RQ1) Does
shard-level knowledge parameterization improve
QA performance compared with vanilla LLMs,
standard RAG, and PRAG-based methods?
(RQ2) How do key components (knowledge rep-
resentation, shard routing, and shard combination)
affect performance? (RQ3) How does shard ca-
pacity (LoRA rank) influence the balance between
accuracy and storage efficiency? (RQ4) How does
the number of knowledge shards M affect cluster-
ing quality and downstream QA performance?

5.1 Main results (RQ1)

As shown in Table 1, PARASHARD achieves
the best average performance across datasets and
model scales, demonstrating its effectiveness and
robustness for knowledge-intensive reasoning.

Comparison to vanilla LLMs. PARASHARD con-
sistently outperforms vanilla LLMs on all bench-
marks, confirming that shard-level parameteriza-
tion effectively injects external knowledge into
frozen models and alleviates the inherent knowl-
edge bottleneck.

Comparison to standard RAG. Compared to stan-
dard RAG, PARASHARD achieves absolute gains
of 5.64, 7.58, and 11.61 F1 points on LLaMA3.2-
1B, Qwen2.5-1.5B, and LLaMA3-8B, respectively.
These gains may stem from internalizing knowl-
edge into model parameters, which reduces re-
liance on lengthy retrieved contexts and mitigates
long-context interference. An exception appears
on the Bridge subset of HotpotQA with smaller
models (LLaMA3.2-1B and Qwen2.5-1.5B), where
standard RAG performs better (e.g., 21.38 vs.
15.65). We attribute this to the inherent difficulty
of bridge-type multi-hop reasoning: small-capacity
models struggle to encode cross-document depen-
dencies into LoRA parameters, while standard
RAG exposes all evidence sequentially, allowing
even smaller models to perform shallow pattern
matching across documents.

Comparison to PRAG variants. Compared with
PRAG variants (PRAG, DyPRAG, Poly-PRAG),

PARASHARD achieves stronger overall perfor-
mance, particularly on multi-hop reasoning tasks
such as 2WQA and HQA-Compare. The gains
stem from shard-level clustering, which builds se-
mantically coherent knowledge units, and diversity-
aware sequential activation, which improves cov-
erage across multiple evidence sources. While
Poly-PRAG performs better on specific bridge-type
reasoning tasks, ParaShard demonstrates more bal-
anced and robust performance across task types.
However, PARASHARD does not outperform all
baselines in every case. On HQA-Bridge, Poly-
PRAG maintains a slight advantage across model
scales due to the need for precise sequential
evidence chaining, which can be partially dis-
rupted when interdependent facts are distributed
across multiple shards. Similarly, on PopQA
with LLaMA3.2-1B and LLaMA3-8B, Poly-PRAG
slightly outperforms PARASHARD because entity
ambiguity causes passages with the same entity
name to spread across multiple shards, leading to
interference and reduced factual precision.

5.2 Ablation study (RQ2)

Effect of Knowledge Injection. We assess the im-
pact of different knowledge representation strate-
gies using four variants: (i) QA only, using only
triple-to-QA conversion; (ii) Statement only, using
only triple-to-statement conversion; (iii) Original
data, a document-centric approach with QA pair
generation; (iv) Extra document, augmenting the
dual representation with raw document text. Ta-
ble 2 shows that: (i) Original data significantly
degrades performance, especially on PQA and
CWQ, due to mismatch between document-level in-
puts and shard-level parameterization, where each
shard aggregates multiple documents and raw text
introduces unnecessary noise. (ii) QA only and
statement only both underperform PARASHARD in
terms of average F1, showing that neither represen-
tation is sufficient alone: QA captures interroga-
tive structure for recall, while statements provide
complementary factual grounding. (iii) Extra docu-
ments further hurt performance, indicating that un-
structured text introduces noise rather than useful
signal. This confirms that triple-based abstraction
yields more compact and effective knowledge for
parameterization.

Effect of knowledge shard routing. Removing
the learned router and randomly selecting shards
(w/o router) leads to a substantial performance
drop across all datasets. The results demonstrate
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Base LLM Method 2WQA HQA PQA CWQ Avg.
Compare Bridge Inference Compose Bridge Compare

LLaMA3.2-1B

Vanilla 42.89 24.17 16.91 7.87 13.25 40.26 2.26 34.94 22.82
Standard RAG 41.23 26.78 22.51 10.21 21.38 42.46 17.65 37.39 27.45
PRAG 50.20 24.34 19.11 8.24 13.65 40.90 23.58 35.86 26.99
DyPRAG 51.25 48.15 17.35 7.54 14.05 43.90 11.33 36.86 28.80
Poly-PRAG 53.24 49.23 23.11 12.45 16.78 44.30 24.70 37.60 32.68
PARASHARD 53.31 52.66† 23.14 13.33† 15.65 44.99† 23.94 37.71 33.09†

Qwen2.5-1.5B

Vanilla 45.74 39.06 17.04 7.27 12.18 39.46 2.87 26.47 23.76
Standard RAG 38.75 38.84 11.87 5.68 16.19 37.13 9.97 27.33 23.33
PRAG 44.96 43.96 19.29 11.14 13.27 40.42 21.55 30.82 28.18
DyPRAG 43.03 47.20 17.04 8.55 13.72 41.39 6.64 31.94 26.19
Poly-PRAG 46.74 48.74 20.04 12.03 15.18 42.46 24.03 32.85 30.26
PARASHARD 47.40† 49.38† 20.78† 12.64† 14.73 43.01† 24.97† 34.34† 30.91†

LLaMA3-8B

Vanilla 54.90 55.20 24.59 14.43 19.00 45.63 7.96 42.44 33.02
Standard RAG 58.43 47.77 19.20 11.07 19.68 42.10 16.13 35.45 31.23
PRAG 57.78 58.93 27.61 19.17 33.68 65.88 26.13 43.54 41.59
DyPRAG 57.39 56.43 25.33 18.88 24.85 58.89 13.60 41.87 37.16
Poly-PRAG 58.39 59.70 28.64 20.03 34.03 67.04 28.20 45.37 42.68
PARASHARD 59.95† 59.70 29.31† 20.92† 32.09 68.13† 26.91 45.67† 42.84

Table 1: The experimental results (F1 scores %) of PARASHARD on four knowledge-intensive tasks. The best
performance is bolded. The Avg is the average score for each subtask. The results for all baseline methods are taken
from (Su et al., 2025b). † denotes significant improvement with t-test at p < 0.05 over Poly-PRAG.

Method 2WQA HQA PQA CWQ Avg.
Compare Bridge Inference Compose Bridge Compare

PARASHARD 53.31 52.66 23.14 13.33 15.65 44.99 23.94 37.71 33.09

original data 46.33 48.03 23.81 8.11 13.78 43.00 9.15 30.79 27.88
QA only 46.09 45.66 21.95 11.13 15.25 41.69 6.03 38.21 28.25
statement only 59.12 49.45 24.42 11.80 10.95 44.57 8.62 35.06 30.50
extra document 50.91 49.58 27.15 9.27 11.19 39.82 8.88 35.34 29.02

w/o router 31.72 33.27 16.88 4.69 9.42 33.40 5.91 26.27 20.20

top-1 shard 47.39 50.06 22.72 8.01 12.37 40.85 10.34 35.03 28.34
sequential top-2 48.51 51.96 22.00 10.74 14.98 39.88 21.54 32.57 30.27
sequential top-3 48.51 51.96 21.64 10.74 13.52 39.09 21.54 32.96 30.00
merge top-2 50.85 43.41 23.74 9.07 13.66 43.15 2.92 37.69 28.06
merge top-3 50.85 43.41 23.74 9.07 13.76 42.78 2.92 37.69 28.03

Table 2: Empirical results of ablation study. All reported results are obtained using LLaMA 3.2-1B as the backbone
model. The evaluation metric is the F1 score.

that random shard selection severely impairs the
model’s ability to access relevant knowledge, lead-
ing to consistently inferior performance compared
to PARASHARD. These findings underscore the
critical role of the contrastive learning-based router
in dynamically identifying and activating semanti-
cally relevant knowledge shards, thereby enabling
effective knowledge retrieval and utilization.

Effect of shard Combination. We analyze differ-
ent strategies for combining multiple shards: (i)
Top-1, activating only the highest-ranked shard; (ii)
Sequential Top-2/Top-3, sequentially activating the
top 2 or 3 shards, feeding each subsequent shard
the query plus accumulated context; (iii) Merge

Top-2/Top-3, linearly combining top shards’ pa-
rameters. Key observations can be concluded as
follows: (i) Activating only the Top-1 shard en-
ables the model to inject relevant knowledge and
achieve reasonable question-answering capability
since the required knowledge is included in a single
shard for some queries. (ii) Sequential activation
outperforms parameter merging in terms of aver-
age F1, as the latter requires explicit training for
parameter composition. The gap is particularly
pronounced on PopQA, where parameter merging
causes destructive interference between entity-spe-
cific knowledge representations, while sequential
activation preserves the integrity of each shard’s
learned knowledge. (iii) Our diversity-inspired
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Rank Parameters Proportion Storage F1 Score
(LoRA) (%) (MB) (%)

4 2.82M 0.23 10.78 31.06
8 5.64M 0.45 21.53 31.65

16 11.27M 0.90 43.03 33.09
32 22.54M 1.79 86.03 33.43

Table 3: Shard capacity analysis. The LoRA hyper-
parameter α is set to twice the value of the rank. All
results are obtained using LLaMA 3.2-1B as the back-
bone model. Storage refers to the disk storage of each
LoRA module.

shard combination mechanism achieves superior
performance compared to all fixed top-k strategies.
This advantage stems from its explicit considera-
tion of marginal utility: while fixed top-k meth-
ods solely rely on query-shard relevance scores,
PARASHARD’s adaptive approach balances rele-
vance with diversity, preventing redundant knowl-
edge activation and ensuring complementary infor-
mation coverage across selected shards.

5.3 Impact of shard capacity (RQ3)

To study the effect of shard capacity, we vary the
LoRA rank, which controls the representational ca-
pacity allocated to each knowledge shard adapter.
Larger ranks increase expressiveness but also in-
troduce higher storage. As shown in Table 3, per-
formance exhibits a clear monotonic trend: low-
rank adapters are under-expressive while high-rank
adapters exhibit relatively stronger performance.
We finally set the rank to 16 to achieve a trade-off
between effectiveness and storage efficiency.

Importantly, the finally chosen rank 16 differs
from PRAG-style settings (e.g., rank 2) because
each PARASHARD LoRA encodes a knowledge
shard containing thousands of documents, rather
than a single document. This increases intra-shard
diversity and requires higher capacity to jointly
represent heterogeneous yet related facts. In con-
trast, PRAG adapters operate at document level
with much more localized content, thus requiring
smaller ranks.

Despite this increased capacity requirement,
PARASHARD remains highly parameter-efficient:
rank 16 achieves relatively high performance
(33.09%) while using only 0.9% of backbone pa-
rameters and 43.03MB storage. This demonstrates
that shard-level parameterization achieves a favor-
able trade-off between effectiveness and storage
efficiency, avoiding both per-document adapter ex-
plosion in PRAG and long-context overhead in
RAG.

M WCSS (↓) BCSS (↑) TSS BCSS/TSS (↑)

210 4,215,734 1,553,003 5,768,737 0.2692
700 3,811,120 1,957,617 5,768,737 0.3393
2101 3,456,308 2,312,429 5,768,737 0.4009

Table 4: Clustering quality under different numbers of
knowledge shards M

5.4 Scalability of shard granularity (RQ4)

We study the effect of shard granularity by vary-
ing the number of knowledge shards M ∈
{210, 700, 2101}, corresponding to average shard
sizes of approximately 100K, 30K, and 10K docu-
ments.

Cluster quality. We evaluate clustering quality
using standard metrics: WCSS, BCSS, TSS, and
BCSS/TSS. See Appendix B for the metric de-
tails. As shown in Table 4, increasing the num-
ber of shards M consistently improves cluster-
ing quality: WCSS decreases while BCSS and
BCSS/TSS increase monotonically. This indicates
that finer-grained partitioning yields more com-
pact and better-separated semantic clusters. In
other words, increasing M does not merely split
the corpus, but produces progressively more struc-
tured and semantically coherent knowledge shards,
which provides a stronger foundation for down-
stream shard-level parameterization.

Effect on QA performance. We further evalu-
ate the downstream QA performance across the
three M configurations using LLaMA 3.2-1B as
the backbone model. As shown in Table 5, finer-
grained sharding (larger M ) consistently improves
average performance, with average F1 score in-
creasing monotonically. When average shard size
decreases from ∼100K to ∼10K documents, each
shard becomes more semantically coherent, en-
abling its LoRA adapter to learn more focused
knowledge representations. This monotonic im-
provement directly aligns with the clustering qual-
ity metrics in Table 4, validating that semantically
coherent shards yield more focused LoRA repre-
sentations.

6 Related Work

RAG enhances LLMs by retrieving relevant doc-
uments from external corpora and incorporating
them into the input context (Lewis et al., 2021;
Guu et al., 2020). Subsequent work has explored
various aspects of the RAG pipeline, including re-
trieval timing (Jiang et al., 2023), document se-
lection (Yan et al., 2024; Hei et al., 2024), and
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M Avg Size 2WQA HQA PQA CWQ Avg.
Comp. Bri. Inf. Cps. Bri. Comp.

210 100,073 35.18 46.73 15.72 4.98 4.87 36.57 10.75 20.02 21.85
700 30,022 43.89 55.05 16.52 8.85 6.55 40.67 13.16 22.84 25.94
2101 10,003 53.31 52.66 23.14 13.33 15.65 44.99 23.94 37.71 33.09

Table 5: Effect of the number of knowledge shards M
on QA performance (F1 %).

knowledge organization (Asai et al., 2024). Despite
these advances, in-context injection inevitably in-
creases context length, introducing computational
overhead and degrading performance on complex
reasoning tasks (Liu et al., 2024).

To address the limitations of in-context injec-
tion, PRAG integrates external knowledge directly
into LLM parameters via LoRA adapters (Su et al.,
2025a). However, the one-to-one document en-
coding scheme leads to prohibitive storage and
training costs. Poly-PRAG (Su et al., 2025b) mit-
igates this by using a small set of shared LoRA
adapters with a latent routing function, reducing
storage while capturing common knowledge across
documents. DyPRAG (Tan et al., 2025) further im-
proves efficiency by training a lightweight param-
eter translator to dynamically convert documents
into parametric knowledge at test-time, eliminating
per-document training.

In contrast, our approach shifts the parameteri-
zation from individual documents to semantically
coherent knowledge shards, aggregating related
information into unified LoRA modules. This de-
sign provides richer training signals, more storage-
efficient knowledge injection, and better supports
complex reasoning that requires integrating evi-
dence across multiple sources.

7 Conclusion

We introduce PARASHARD, a knowledge-centric
parametric retrieval-augmented generation frame-
work that shifts knowledge parameterization from
the document level to the shard level. By organiz-
ing external knowledge into semantically coherent
knowledge shards and encoding them with ded-
icated LoRA adapters, PARASHARD effectively
integrates complementary evidence across multiple
semantic sources, enhancing multi-hop reasoning
and factual accuracy. This design addresses the
key limitations of prior document-centric PRAG
methods, namely, poor scalability and limited su-
pervision. Experiments on multiple knowledge-
intensive QA benchmarks show that PARASHARD

achieves superior average performance across di-
verse knowledge-intensive tasks, with particularly

strong gains on multi-hop reasoning. While Poly-
PRAG performs better on specific bridge-type rea-
soning tasks, ParaShard demonstrates more bal-
anced and robust performance across task types.
Moreover, PARASHARD exhibits superior storage
efficiency compared to PRAG.

Limitations

PARASHARD has several limitations: (i) Scale of
ablation studies. Due to the computational cost
of training multiple LoRA adapters, all ablation
experiments were conducted only on 1B-param-
eter models. The behavior of PARASHARD on
larger-scale LLMs (e.g., more than 8B) remains un-
explored. While our main results on LLaMA3-8B
demonstrate that the approach scales to larger mod-
els, conducting full ablation studies at that scale
is left for future work. (ii) Knowledge updating.
Corpus updates currently require re-clustering and
retraining the affected LoRA modules. A more
efficient alternative is to assign new documents to
the nearest existing cluster and fine-tune only its
LoRA module. However, this unvalidated strategy
may accumulate drift, necessitating periodic full re–
clustering. (iii) Inference latency. The sequential
multi-shard activation strategy introduces higher
per-query latency compared to Standard RAG, due
to multiple forward passes. While this is a trade-off
for improved knowledge coverage, parallel shard
decoding or cached intermediate representations
may reduce this overhead in future work.

Ethical Considerations

In this paper, all the models and datasets used in our
experiment are publicly released. The methods we
propose aim to enhance the generation reliability of
LLMs and do not encourage or induce the model to
produce any harmful information or leakage of user
privacy. Therefore, we believe that our research
work meets the ethics of ACL.
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Appendix

A Baseline methods

Following Su et al. (2025b), we select five base-
line methods as follows: (i) Vanilla is the base

LLM without any external knowledge augmenta-
tion, serving as a lower bound to assess the neces-
sity of knowledge injection. (ii) Standard RAG
retrieves the top-k most relevant documents using
BM25 and concatenates them with the query as
input context for the LLM. (iii) PRAG (Su et al.,
2025a) trains a dedicated LoRA adapter for each
document in the corpus. (iv) DyPRAG (Tan et al.,
2025) trains a lightweight parameter translator to
dynamically convert documents into LoRA pa-
rameters at test time. (v) Poly-PRAG (Su et al.,
2025b) maintains a small fixed set of shared LoRA
adapters and learns a latent routing function to map
documents to adapter combinations.

B Metrics for clustering quality

We evaluate clustering quality using standard met-
rics: (i) WCSS (Within-Cluster Sum of Squares):
the sum of squared Euclidean distances from each
data point to its assigned cluster centroid; (ii) BCSS
(Between-Cluster Sum of Squares): the weighted
sum of squared distances from each cluster cen-
troid to the global mean; (iii) TSS (Total Sum of
Squares): TSS = WCSS + BCSS, representing the
total variance in the dataset; (iv) BCSS/TSS: the
proportion of total variance explained by the clus-
tering.
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