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Abstract

Retrieval-Augmented Generation (RAG) en-
hances Large Language Models (LLMs) but
suffers from high inference latency and noise
sensitivity. While Parametric RAG (PRAG)
addresses these issues by encoding retrieved
knowledge into adapter parameters, exist-
ing methods adhere to a “Project-then-Fuse”
paradigm, processing documents in isola-
tion. This strategy incurs linear costs and
severs cross-document dependencies essential
for reasoning. To address this, we propose
FusePRAG, a novel framework shifting the
paradigm to “Fuse-then-Project”. By employ-
ing a query-guided fusion module to synthesize
semantic logic before projection, FusePRAG
generates adapter parameters in a single pass,
achieving constant complexity during the pro-
jection phase. This architecture constructs a
holistic representation of reasoning chains, nat-
urally complementing the fine-grained details
of explicit context. Experiments on four bench-
marks demonstrate that FusePRAG exhibits ro-
bust generalization and yields substantial syn-
ergy with standard RAG, achieving superior
performance in the hybrid setting.

1 Introduction

Large Language Models (LLMs) have demon-
strated exceptional generalization capabilities
across diverse natural language processing tasks
(Brown et al., 2020; Chowdhery et al., 2023;
Fang et al., 2024). However, despite their ex-
tensive pre-training, LLMs often struggle with
knowledge-intensive reasoning due to the static
nature of their parametric memory and the ten-
dency to hallucinate when recalling obscure facts
(Mallen et al., 2023). To mitigate these limitations,
Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020) has emerged as a standard paradigm
(Figure 1(a)). By retrieving relevant documents
and concatenating them into the input context (In-
Context Injection), RAG provides the model with
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Figure 1: Comparison of RAG Paradigms. (a) Stan-
dard RAG performs in-context injection. (b) PRAG en-
codes documents into parameters offline. (c) DyPRAG
dynamically projects retrieved documents into parame-
ters independently. (d) FusePRAG (Ours) fuses cross-
document semantics before projection.

the necessary evidence. However, this approach
faces significant scalability challenges: extending
context length linearly increases inference latency
and memory consumption (Liu et al., 2023). More-
over, injecting noisy or conflicting documents into
the context can confuse the model, leading to degra-
dation in reasoning performance (Shi et al., 2023).

Recently, Parametric RAG (PRAG) (Suet al.,
2025) offered a promising alternative by shifting
the locus of knowledge integration from the in-
put context to adapter parameters (e.g., via LORA
(Hu et al., 2022)) offline (Figure 1(b)). To further
improve adaptability, DyPRAG (Tan et al., 2025)
introduced a hypernetwork framework that dynam-
ically projects retrieved documents into adapter pa-
rameters online (Figure 1(c)). However, DyPRAG
adheres to a “‘Project-then-Fuse” paradigm, where
each document is independently projected into
adapter parameters and aggregated subsequently.
We identify two structural limitations in this design.
First, projecting documents in isolation fundamen-



tally precludes modeling cross-document depen-
dencies at the semantic level, thereby breaking the
compositional evidence chains required for multi-
hop reasoning. Second, this workflow incurs a
linear computational burden, as the projection step
must be repeated for each document prior to fusion.
To address this, we propose FusePRAG, a novel
framework that shifts the paradigm from “Project-
then-Fuse” to “Fuse-then-Project” (Figure 1(d)).
Instead of processing documents in isolation,
FusePRAG employs a lightweight query-guided
fusion module to synthesize cross-document se-
mantics before projection. This strategy enables the
model to (1) distill critical evidence from noise via
attention mechanisms and (2) construct a holistic
representation of reasoning chains in the semantic
space. Crucially, the projection maps this fused rep-
resentation into adapter parameters in a single pass,
ensuring constant projection complexity (O(1))
while preserving the logical dependencies required
for complex queries. Moreover, this design is natu-
rally complementary to standard RAG: the adapter
parameters effectively augment the fine-grained
details of explicit context, consistently yielding
superior performance in the hybrid setting. Our
contributions are summarized as follows:

E3]

* We propose FusePRAG, a “Fuse-then-Project
framework that employs a query-guided fu-
sion module to synthesize cross-document se-
mantics before projection, enabling robust rea-
soning with constant projection complexity

O(1)).

* We introduce a reasoning-aware training strat-
egy that aligns the fusion module with synthe-
sized summaries, ensuring generated parame-
ters capture holistic reasoning chains.

» Extensive experiments show that FusePRAG
effectively synthesizes distributed evidence,
exhibits robust generalization, and yields sub-
stantial synergistic gains when augmenting
standard RAG.

2 Related Work

2.1 Retrieval-Augmented Generation

Standard RAG conditions generation on retrieved
documents (Guu et al., 2020; Lewis et al., 2020;
Jiang et al., 2022). While recent works have opti-
mized retrieval timing (Jiang et al., 2023; Su et al.,
2024), refined reasoning prompts (Trivedi et al.,

2023), or integrated structured knowledge (Peng
et al., 2024), they predominantly rely on in-context
injection, where documents are directly appended
to the input. This paradigm faces inherent scalabil-
ity hurdles: extending context length significantly
increases inference latency (Dao et al., 2022; Liu
et al., 2023) and degrades information access due to
the “Lost-in-the-Middle” phenomenon (Liu et al.,
2024). These structural limitations motivate Para-
metric RAG, which shifts knowledge integration
from the input context to model parameters.

2.2 Parametric Knowledge Injection

Parametric RAG seeks to internalize external
knowledge into model weights. PRAG (Su et al.,
2025) introduced the concept of encoding docu-
ments into independent LoRAs offline, but it in-
curs prohibitive storage costs for large corpora.
DyPRAG (Tan et al., 2025) mitigates this by dy-
namically generating parameters at inference time
via a hypernetwork. However, it inherently adopts a
“Project-then-Fuse” paradigm, treating documents
as isolated instances aggregated via linear com-
binations. This independence assumption severs
cross-document semantic dependencies, failing to
capture the reasoning chains required for multi-hop
queries. In contrast, FusePRAG shifts to “Fuse-
then-Project”, synthesizing document interactions
before parameterization to encode holistic logic.

2.3 Context Compression and Fusion

Context compression techniques, which condense
long documents into compact vectors (Ge et al.,
2023), soft prompts (Chevalier et al., 2023; Mu
et al., 2023), or selected token subsets (Jiang et al.,
2024; Li et al., 2023), have proven effective for re-
ducing computational overhead. While sharing the
efficiency goal, FusePRAG differentiates itself by
shifting the integration target to parametric weights
(LoRA) for deeper model integration. Furthermore,
we redefine the compression objective from generic
reconstruction to logical fusion. Instead of opti-
mizing for surface-level text restoration, we super-
vise the fusion module with reasoning-aware sum-
maries, explicitly forcing the model to synthesize
scattered evidence into cohesive reasoning chains.

3 Methodology

In this section, we present our framework (illus-
trated in Figure 2), designed to overcome the limi-
tations of independent document projection in para-
metric retrieval. We first define the problem scope
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Figure 2: Overview of the FusePRAG framework. Top (Offline Phase): We employ a two-stage optimization
strategy. Phase 1 aligns the fusion module (M) with reasoning summaries to capture logical dependencies. Phase
2 freezes the fusion module and optimizes the translator () to map the fused representation into LoRA parameters
(A©). Bottom (Online Inference): The model performs one-shot generation, synthesizing all retrieved documents
into a single parameter update via a single forward pass.

and revisit the standard Parametric RAG formu-
lation. Subsequently, we introduce our core con-
tribution: the Cross-Document Semantic Fusion
mechanism. This module establishes a ‘“Fuse-then-
Project” paradigm, synthesizing multi-document
contexts into a unified semantic representation be-
fore parameter generation. Finally, we detail our
two-phase training strategy, which aligns this fused
representation with reasoning-aware summaries to
ensure robust logical deduction.

3.1 Preliminaries and Problem Formulation

Parametric RAG. Given a user query ¢ and
a large-scale external knowledge corpus C =
{c1,ca,...,¢cn}, a retrieval module R retrieves
a subset of top-k relevant documents, denoted as
D = {di,da,...,dy} C C, where k < N. Di-
verging from standard RAG, which explicitly con-
catenates D into the textual input context of the
LLM, Parametric RAG (PRAG) seeks to integrate
external knowledge directly into the model’s para-
metric space. Let O represent the pre-trained pa-
rameters of the LLM. The objective is to learn an
optimal context-dependent parameter update, de-
noted as A©*, that maximizes the log-likelihood
of generating the ground-truth response y:

AO* = argmax log P(y | ¢;© + ABO). (1)
AO

In practice, AO is typically implemented via
parameter-efficient fine-tuning (PEFT) techniques,
such as Low-Rank Adaptation (LoRA), to ensure
computational feasibility (Hu et al., 2022).

The DyPRAG Baseline. To circumvent the
prohibitive cost of online training for every
query, DyPRAG (Tan et al., 2025) introduces a
lightweight Parameter Translator (or Hypernet-
work), denoted as Fy. This module adopts an In-
dependent Projection strategy, learning a mapping
function that converts the semantic embedding e,
of a single document d; directly into the parame-
ter update space. Formally, DyPRAG generates a
specific update A©; = F,(eq,). When handling
multiple retrieved documents (k > 1), it follows a
“Project-then-Fuse” paradigm, employing a linear
aggregation in the parameter space:

k

AOpyprAG = Z i - Fyleq,), )
i—1

where \; represents the aggregation weight (e.g.,
Ai = 1/k for simple averaging).

The Independence Assumption Gap. While the
formulation in Eq. (2) ensures computational ef-
ficiency, we argue that it relies on a strong Inde-
pendence Assumption—that each document con-



tributes to the target knowledge representation in-
dependently. We identify two critical limitations
inherent in this paradigm: (1) Neglected Cross-
Document Interactions. Complex queries often
require multi-hop reasoning, where the answer is
derived by synthesizing information across docu-
ments (e.g., d; — intermediate fact — d;). The in-
dependent projection Fy(eg, ) isolates the semantic
encoding of each document, preventing the model
from capturing these non-linear logical dependen-
cies. (2) Noise Sensitivity. The linear aggregation
operates indiscriminately on the retrieved set D.
When D contains irrelevant or noisy passages (dis-
tractors), the erroneous parameter updates AOpise
are inevitably mixed into the final A©, diluting the
parametric knowledge derived from gold passages.

The Fuse-then-Project Formulation. To ad-
dress these limitations, we propose to shift the
integration process from the parameter space
to the semantic space. We reformulate the pa-
rameter generation process under a “Fuse-then-
Project” paradigm. Specifically, we define a Cross-
Document Semantic fusion module, M, which
accepts the query embedding e, and the set of doc-
ument embeddings {eq,, ..., eq, } as joint inputs
to explicitly model document interactions. The fi-
nal parameter update is generated from this fused
semantic representation:

eqt), (3

AGOurs - ]:qb(hfused)' (4)

By adhering to Eq. (4), we enable the translator
F to condition on a unified, noise-filtered seman-
tic vector hygeq, theoretically encapsulating the
complete reasoning chain required for accurate pa-
rameter generation.

hfused - Mw(eqa {edp ..

3.2 Cross-Document Semantic Fusion

The core component of our architecture is the
Cross-Document Semantic fusion module (M),
designed to synthesize information from multiple
retrieved documents into a unified, noise-filtered
semantic representation.

Input Construction. Instead of concatenating
raw tokens which incurs excessive context length,
we perform fusion directly in the dense embedding
space. Following DyPRAG (Tan et al., 2025), we
employ the frozen backbone LLM as the feature
extractor. This ensures that the extracted features
are aligned with the target parametric space. Let

Erm(+) denote the encoding function of the back-
bone LLM. We first encode the query ¢ and each
retrieved document d; € D into dense vectors:

eq, = Eum(di), )

where e,, e4, € RY. We then construct the input
sequence HY for the fusion network by concatenat-
ing these embeddings. Crucially, we prepend the
query embedding to the sequence to serve as the
global information anchor:

e, = &m(q),

HU — [eq;edpedga . 7edk] c R(k-‘rl)Xd’ (6)

where [-] denotes concatenation along the sequence
dimension. During training, D comprises a mixture
of gold and distractor passages, forcing the model
to discern relevant features within the sequence.

Lightweight Transformer Fusion. We employ a
lightweight Transformer encoder to process the se-
quence HO. Its self-attention mechanism serves
two pivotal roles: (1) Denoising via Query-
Document Attention: By leveraging the query
anchor e, as a reference, the model dynamically
reweights document embeddings eg,, suppress-
ing distractors. (2) Reasoning via Document-
Document Attention: It facilitates interactions be-
tween documents (e.g., d; < d;), capturing multi-
hop logical dependencies in the semantic space.

Fused Representation. After L layers of Trans-
former processing, we extract the updated vector
at the first position (corresponding to the query
anchor) as the final fused representation:

hyyseq = Transformer(H)q € R @)

This vector hyyeeq serves as a compressed semantic
summary of the query-aware knowledge, ready for
the subsequent parameter projection.

3.3 Parameter Projection

We employ an MLP-based Parameter translator
F to translate the fused semantic knowledge into
context-dependent updates. Diverging from the in-
dependent projection in DyPRAG (Tan et al., 2025),
our translator 4 conditions directly on the unified
vector hgeq. For a target weight W € R™*",
it generates low-rank matrices A € R"™" and
B € R™*" (r < min(m, n)):

{A, B} = Fy(hpsed), AO=BA. (8)

The generated A© is then added to the frozen LLM
for final generation.



3.4 Two-Phase Training Strategy

Direct end-to-end optimization yields uncon-
strained latent representations, often failing to dis-
till precise reasoning chains from noise. To address
this, we propose a two-phase training strategy lever-
aging reasoning-aware summaries as an interme-
diate supervision signal.

Phase 1: Semantic Alignment. The goal of
this phase is to force the fusion module to “dis-
till” the reasoning chain from mixed documents.
Instead of relying solely on the final short an-
swer, we introduce a dense supervision signal:
the Evidence Summary. We assume access to
a ground-truth summary Sgoq derived from the
gold passages (construction details are provided in
Section 4.1). To anchor the fused representation
within the native semantic space of the backbone
LLM, we employ the same frozen backbone LLM
&M (defined in Section 3.2) to encode the sum-
mary. Specifically, we obtain the target embedding
hgoia = ELim(Seold). We optimize the fusion pa-
rameters ¢) by minimizing a hybrid objective com-
prising Mean Squared Error (MSE) and Cosine
Embedding Loss:

Ealign - ”hfused - hgoldH%

)]
+A- (1 - COS(hfuseda hgold)),

where cos(-, -) denotes cosine similarity and \ is
a balancing hyperparameter (set to 0.5 in our ex-
periments). This dual constraint aligns hygeq with
the summary in both magnitude and semantic di-
rection, effectively capturing the reasoning essence
independent of the downstream generation task.

Phase 2: End-to-End Generative Training. In
the second phase, we integrate the translator with
the LLM to perform end-to-end training. The ob-
jective is to translate the aligned semantic knowl-
edge into context-dependent parameter updates. To
facilitate convergence, we initialize the translator
using the pre-trained weights from DyPRAG (Tan
et al., 2025). We freeze the LLM backbone pa-
rameters O to preserve its general capabilities. To
maintain the semantic alignment learned in Phase
1, we also freeze the fusion module parameters 1,
exclusively optimizing the translator parameters ¢.
The model is trained to maximize the probability
of the ground-truth answer y:

[yl

Lgen = — Y log PLim(ys | 4, y<t;© + AOgyys). (10)

t=1

During this process, the translator learns to map
the dense semantic vector hyyseq, Which has been
semantically aligned in Phase 1, into the specific
low-rank weight perturbations ABO gy required to
generate the precise textual response.

3.5 Inference Process

Given a query ¢ and the retrieved set D, we in-
put them jointly into the fusion module to obtain
hyyseq- The translator then generates a single set of
LoRA parameters AO. Finally, the LLM executes
generation using the updated weights © + A©.

4 Experiments

4.1 Experimental Setup

Training Data Construction. We constructed
a compact, balanced dataset derived from 2Wiki-
MultihopQA 2WQA) (Ho et al., 2020) and Hot-
potQA (HQA) (Yang et al., 2018). Specifically,
we sampled 200 instances per sub-category, total-
ing 1,200 samples (randomly split into 960 train-
ing, 240 validation). To simulate realistic retrieval
noise and provide intermediate supervision, we em-
ployed GPT-3.5-Turbo (Ouyang et al., 2022) to
synthesize hard negative distractors and reasoning-
aware summaries (prompts in Appendix A). We
resolved ambiguity in original synonym lists by
designating the single answer most semantically
consistent with gold passages as the training label.
Crucially, this curated dataset is strictly disjoint
from the official evaluation sets.

Evaluation Protocols and Metrics. Adhering
to the protocols of PRAG (Su et al., 2025)
and DyPRAG (Tan et al.,, 2025), we evalu-
ate on four datasets: 2WQA, HQA, PopQA
(PQA) (Mallen et al., 2023), and ComplexWe-
bQuestions (CWQ) (Talmor and Berant, 2018).
We report performance on the same evaluation
subsets (same instances) defined in these base-
lines to ensure a fair comparison. Crucially,
since our model is trained exclusively on samples
from 2WQA and HQA, we classify these as In-
Distribution (ID) benchmarks. Conversely, CWQ
and PQA serve as Out-of-Distribution (OOD)
tests to assess generalization capabilities. We adopt
the F1 Score as the primary metric.

Baselines. Following the setup in (Su et al., 2025;
Tan et al., 2025), we compare our method with the
following baselines: (1) Vanilla LLLM: Generates



Base LLM Method WA HQA PQA CWQ Avg
Compare Bridge Inference Compose Bridge Compare
Vanilla 42.89 24.17 16.91 7.87 13.25 40.26 226 3494 2282
Standard RAG 4123 26.78 22.51 10.21 21.38 4246  17.65 3739 2745
PRAG 50.20 24.34 19.11 8.24 13.65 4090 2358 3586 26.99
LLaMA3.2-18 PRAG-Combine 40.50 31.30 22.85 9.77 22.56 4155 3259 39.63 30.09
DyPRAG 48.75 49.09 17.42 7.26 13.75 41.06 891 3557 27.73
DyPRAG-Combine 50.99 4231 23.21 11.73 22.75 4249 3052 3858 32.82
FusePRAG (ours) 55.02  47.35 12.38 13.09 9.17 43.03  12.67 38.19 2886
FusePRAG-Combine (ours)  45.82 53.46 25.07 1422 2312 4418  38.65 4397 36.06
Vanilla 4574 39.06 17.04 7.27 12.18 39.46 287 2647 23.76
Standard RAG 38.75 38.84 11.87 5.68 16.19 37.13 9.97 2823 23.33
PRAG 4496  43.96 19.29 11.14 13.27 4042 2155 30.82 28.18
Qwen2.5-1.5B PRAG-Combine 40.50  44.00 16.30 8.17 18.86 36.49 2343 3213 27.49
- DyPRAG 43.03 47.20 17.04 8.55 13.72 41.39 6.64 31.94 26.16
DyPRAG-Combine 35.83 44.89 14.81 8.64 21.56 4125 2269 33.57 2791
FusePRAG (ours) 5099  52.20 14.11 8.04 10.45 45.83 6.81 3578 28.03
FusePRAG-Combine (ours)  49.07 48.53 15.84 10.49 2196  43.64 29.32 3574 31.82
Vanilla 54.90 55.20 24.59 14.43 19.00  45.63 7.96 4244 33.02
Standard RAG 58.43 4777 19.20 11.07 19.68 4210 1613 3545 3123
PRAG 57.78 58.93 27.61 19.17 33.68 65.88  26.13 43.54 41.59
LLaMA3-SB PRAG-Combine 60.13 56.69 32.71 20.91 39.41 6822 2623 3641 42.59
DyPRAG 58.15 54.86 24.33 15.92 18.73 5729 1244 4141 3539
DyPRAG-Combine 62.58 51.54 36.16 26.08 3244 5836  33.35 4024 4259
FusePRAG (ours) 63.80 55.00 17.36 13.58 1662 5826  17.14 48.78 36.32
FusePRAG-Combine (ours)  60.40 53.02 35.80 2747 3557 6021 3517 42.11 43.72

Table 1: Performance comparison of FusePRAG against Standard RAG and parametric baselines on four QA
benchmarks across three LLM backbones. All metrics are reported as F1 scores (%). Combine denotes the hybrid
setting integrating the parametric adapter with explicit retrieved context. Avg denotes the average performance
across all sub-tasks. The best and second-best results are bolded and underlined, respectively.

responses using only the frozen backbone parame-
ters without external retrieval. (2) Standard RAG:
Concatenates retrieved documents into the input
context and prompts the model to answer based on
the provided evidence. (3) PRAG: Encodes docu-
ments into independent LoRA modules via offline
training, thereby shifting knowledge injection from
the context to the parameter space. (4) DyPRAG:
Projects document embeddings independently into
parameters at test-time via a hypernetwork, avoid-
ing the storage overhead of individual adapters.

Implementation Details. We conduct experi-
ments on three diverse LLMs: Llama-3.2-1B-
Instruct, Qwen-2.5-1.5B-Instruct, and Llama-
3-8B-Instruct. The fusion module is implemented
as a lightweight 2-layer Transformer Encoder, with
the hidden dimension d set to match the backbone
LLM. We employ the AdamW optimizer for the
two-phase optimization. In Phase 1, we train the
fusion module for 3 epochs (Ir=1e-5) to align se-
mantic representations. In Phase 2, we freeze both
the backbone and the fusion module, exclusively

optimizing the translator for 3 epochs (Ir=1e-6).
Following Tan et al. (2025), we uniformly use
BM25 to retrieve the top-3 documents for all meth-
ods, ensuring a fair comparison. Further details are
provided in Appendix B.

4.2 Main Results

Table 1 presents the performance across three LLM
backbones. The “Avg” column underscores our
robust performance: FusePRAG consistently sur-
passes DyPRAG, validating our architectural de-
sign, while FusePRAG-Combine achieves the high-
est overall F1 across all backbones (e.g., +3.24% on
Llama-3.2-1B). We analyze the results regarding
parametric knowledge fusion (ID) and generaliza-
tion robustness (OOD).

Performance on ID Benchmarks. In the
parametric-only regime, FusePRAG generally sur-
passes DyPRAG on reasoning-heavy tasks (e.g.,
2WQA), validating our fusion mechanism, though
it may occasionally lag in precise lexical extrac-
tion. Crucially, the hybrid setting yields the most



Method F1 A

Ours (Full Model) 43.97 -
w/o Fusion Module (Mean Pool) 40.86 -3.11
w/o Phase 1 (End-to-End) 36.63 -7.34

Table 2: Ablation studies on the CWQ dataset (Com-
bine setting). We evaluate the fusion module and the
Two-Phase training strategy using Llama-3.2-1B. Both
components are essential for optimal performance.

robust gains. FusePRAG-Combine demonstrates
superior synergy, achieving substantial improve-
ments on both ID datasets (2WQA and HQA)
across all backbones. This confirms our hypothesis:
the fused adapter provides a high-level reasoning
blueprint, while explicit context supplies necessary
fine-grained details.

Generalization on OOD Benchmarks. On the
unseen datasets (PQA and CWQ), our method ex-
hibits superior OOD generalization. While para-
metric baselines often struggle with domain shifts
due to overfitting specific factual distributions, our
approach adapts dynamically to new contexts via
the retrieval-augmented fusion mechanism. No-
tably, FusePRAG substantially surpasses Vanilla
LLMs on CWQ across all backbones (e.g., +6.34 %
on Llama-3-8B). This indicates that our two-phase
training learns a task-agnostic reasoning pattern,
defined as the capacity to synthesize conflicting or
disjoint retrieved information, rather than merely
memorizing domain-specific facts.

4.3 Ablation Study

We validate our core components via ablation
studies on CWQ using Llama-3.2-1B, comparing
FusePRAG against two variants: (1) w/o Fusion
Module: We replace the fusion module with mean
pooling over document embeddings. This removes
cross-document interaction, reducing the integra-
tion strategy to linear aggregation. (2) w/o Phase
1 (End-to-End): We skip the alignment phase and
jointly train the randomly initialized fusion mod-
ule with the pre-trained translator in an end-to-end
manner. We train this variant for the same total
number of steps to ensure a fair comparison. Re-
sults are shown in Table 2.

Effect of Semantic Fusion. Replacing the fusion
module with mean pooling results in a performance
decline of 3.11 points. This drop underscores the
limitation of simple linear aggregation. Mean pool-
ing treats all retrieved documents equally and in-

Noise Level DyPRAG FusePRAG  Gain

(Nnoise) (Combine) (Combine) (A F1)
0 38.58 43.97 +5.39
1 38.43 43.69 +5.26
3 37.09 43.09 +6.00
5 37.67 42.47 +4.80
8 36.83 41.79 +4.96

Table 3: Robustness to Retrieval Noise. F1 scores on
CWQ (Llama-3.2-1B) across varying numbers of noise
documents (V,,ise). Our method maintains a consistent
performance margin over the baseline even under high-
noise conditions.

FusePRAG DyPRAG
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Figure 3: Parameter Projection Latency. Wall-
clock time to transform retrieved context embeddings
into LoRA parameters. Crucially, measurements for
FusePRAG explicitly include the query encoding la-
tency. Despite this overhead, our approach maintains
constant projection complexity (O(1)), demonstrating
superior scalability over the linear (O(k)) DyPRAG
baseline as retrieval depth increases.

evitably dilutes the semantic signals from relevant
evidence with noise. In contrast, our fusion module
effectively weighs the input documents and acts as
a parametric filter. It synthesizes critical informa-
tion into a unified representation before parameter
generation, which is essential for handling the com-
plex reasoning required in CWQ.

Necessity of Two-Phase Alignment. Skipping
the Phase 1 alignment strategy causes a substan-
tial drop of 7.34 points. This result indicates that
directly optimizing the mapping from document
embeddings to LoRA parameters is highly unstable
due to the complexity of the parametric space. The
summary-driven alignment in Phase 1 provides a
critical inductive bias. It forces the translator to
learn a robust semantic representation, serving as
a warm-up to constrain the optimization landscape
for the subsequent generation task.



Question: Who did Warren Moon play for whose fight
song was "Skol, Vikings" ?

Ground truth: Minnesota Vikings

Retrieved Documents:
[Doc 1] Pro Football Hall of Fame quarterback

Warren Moon served as the starting signal-caller for the
NFL franchise whose fight song is "Skol, Vikings" for
three seasons from 1994 to 1996.

[Doc 2] "Skol, Vikings"

Minnesota Vikings of the National Football League. It
was introduced...

is the fight song of the

Method Answer Status
DyPRAG-Combine Warren Moon X
FusePRAG-Combine = Minnesota Vikings

Table 4: Case study about multi-hop reasoning in CWQ.
The backbone model is the LLaMA3.2-1B. We high-
light key entities used for reasoning bridges in yellow.
Green and red backgrounds indicate correct and incor-
rect answers, respectively.

4.4 Analysis and Discussion

In this subsection, we validate the efficacy and effi-
ciency of FusePRAG through three lenses: robust-
ness against retrieval noise, inference scalability,
and qualitative reasoning capabilities.

Robustness to Retrieval Noise. We introduce
distractor documents (Nise € {0..8}) along-
side the top-3 retrieved contexts. Table 3 shows
that FusePRAG maintains a stable margin of ~5.0
points over DyPRAG. Crucially, even in the high-
noise regime (V,pise = 8), our method achieves
41.79, substantially surpassing DyPRAG’s noise-
free baseline (38.58). This confirms that while
the baseline dilutes signals via indiscriminate ag-
gregation, our fusion module leverages attention
mechanisms to suppress noise prior to projection,
preserving the integrity of parametric updates.

Efficiency and Scalability Analysis. To empir-
ically validate the computational advantage of
FusePRAG, we conduct a comparative latency anal-
ysis against DyPRAG on CWQ (Llama-3.2-1B).
We strictly isolate the Adapter Generation La-
tency, defined as the wall-clock time to transform
retrieved context embeddings into LoRA parame-
ters, to decouple the parametric integration mech-
anism from universal text encoding costs (see Ap-
pendix C.1 for details).

Figure 3 reveals distinct scaling behaviors across
retrieval depths £ € {1,...,15}. DyPRAG ex-
hibits linear growth (O(k)) in latency as its inde-
pendent projection paradigm requires executing

the hypernetwork k times followed by aggrega-
tion. Conversely, FusePRAG achieves constant
projection complexity (O(1)). By synthesizing
multi-document contexts into a unified representa-
tion within the fusion module, we perform param-
eter projection only once, effectively decoupling
the generation cost from the retrieval volume. Fur-
ther inspection reveals a performance crossover at
k ~ 3. Atk = 1, FusePRAG incurs a marginal
initialization cost (~18ms overhead) attributable
to query encoding and fusion. However, this fixed
cost is rapidly amortized as k increases. In high-
recall regimes (e.g., k = 15), FusePRAG achieves
a substantial speedup of approximately Sx (~30ms
vs. ~150ms). This confirms that our architecture
is highly scalable and particularly well-suited for
evidence-intensive applications.

Case Study. Table 4 illustrates a scenario from
CWQ where evidence is distributed across disjoint
documents. Resolving the query requires bridging
the fact that Warren Moon played for the team with
the fight song "Skol, Vikings" (Doc 1) to the entity
"Minnesota Vikings" (Doc 2). DyPRAG fails to
traverse this chain, as its independent projection
paradigm isolates these semantic links, severing
the critical transitive relationship during parameter
aggregation. Conversely, FusePRAG successfully
performs this deduction. By enabling semantic
interaction prior to projection, our model identifies
the shared bridge entity and captures the critical
cross-document dependency (Moon — Song —
T'eam) within the generated adapter.

5 Conclusion

This work introduces FusePRAG to overcome the
semantic fragmentation inherent in the “Project-
then-Fuse” paradigm of Parametric RAG. By syn-
thesizing cross-document evidence prior to pa-
rameterization, our “Fuse-then-Project” architec-
ture preserves holistic reasoning chains while re-
ducing adapter generation complexity from linear
to constant time (O(1)). Experiments across di-
verse benchmarks confirm that FusePRAG effec-
tively models multi-hop reasoning dependencies
and exhibits superior robustness against retrieval
noise. Furthermore, our findings highlight a po-
tent synergy where dynamic parameters provide
high-level reasoning blueprints to complement the
fine-grained explicit context of standard RAG, en-
abling scalable and resilient knowledge integration.



Limitations

Despite the advantages of FusePRAG, we acknowl-
edge four primary limitations. (1) The Parametric
Gap: While FusePRAG outperforms independent
projection baselines, our experiments (Table 1) re-
veal that the pure parametric setting still lags be-
hind the hybrid “Combine” setting. This indicates
that encoding discrete textual evidence into con-
tinuous LoRA parameters inherently involves in-
formation loss, particularly regarding fine-grained
lexical details (e.g., exact entity strings). Realiz-
ing a "Pure Parametric RAG" that fully matches
the precision of explicit context injection remains
a grand challenge for future research. (2) Re-
triever Dependency: Our fusion mechanism is
designed to filter noise, not to hallucinate missing
facts. The model’s reasoning capability remains
strictly bounded by the recall quality of the up-
stream retrieval system ("garbage-in, garbage-out").
(3) Task Scope: Our experiments are confined to
knowledge-intensive QA tasks. The efficacy of this
“Fuse-then-Project” paradigm in long-form genera-
tion or multimodal contexts remains to be verified.
(4) Interpretability: Compared to the explicit con-
text injection of standard RAG, the parametric up-
dates in FusePRAG are implicit. Tracing specific
reasoning steps within the generated LoRA param-
eters poses a significant interpretability challenge.
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A Data Construction Details

To enhance reproducibility, we provide the specific
prompts used to instruct GPT-3.5-Turbo for synthe-
sizing the training data.

A.1 Reasoning-Aware Summary Generation

In Phase 1 (Semantic Alignment), we require a
condensed summary that captures the multi-hop
reasoning chain. The prompt template used to gen-
erate these summaries is presented in Figure 4.

A.2 Hard Negative Distractor Generation

To simulate realistic retrieval noise, we synthesize
“hard negative” documents that share high lexical
overlap with the query but contain no relevant an-
swer. The prompt is shown in Figure 5.

Human Verification. To ensure the quality of the
synthesized data, we conducted a manual review
on a randomly sampled subset of 100 instances.
For evidence summaries, we verified that they ac-
curately retained the reasoning chain without intro-
ducing external hallucinations. For hard negative
distractors, we confirmed that they shared high lex-
ical overlap with the query while strictly excluding
the ground-truth answer. Our review indicated a
pass rate of over 95%, confirming the reliability of
our prompt engineering pipeline.

B Implementation Details

B.1 Computing Infrastructure

All experiments are implemented using PyTorch
and the HuggingFace Transformers library. Train-
ing and inference are conducted on NVIDIA A100
GPUs (80GB) and V100 (32GB) GPUs.



Prompt for generating reasoning-aware summaries

User:

You will receive a Question and its Golden Passages. Your task is to extract a
compact summary containing only the information necessary to answer the
Question.

Requirements:

1. The summary must be strictly based on the Golden Passages. Do NOT add
any new facts or outside knowledge.

2. Keep only the essential information required to answer the Question.

3. Compress the content into 2--4 concise sentences.

4. Maintain objective and factual style.

5. Output format must be EXACTLY:

Summary: <your concise extracted paragraph>

Question: {question}
Golden Passages: {golden_passages}
Answer: {answer}

\.

J

Figure 4: The prompt template used for generating
reasoning-aware summaries (Sgo1q).

Prompt for generating hard negative distractors

User:
You are a data construction assistant for retrieval-augmented QA.
[Task]
Given a question, its answer, and several gold relevant passages that are
enough to answer the question, generate additional NOISE passages.
Noise passages must:
1. Look topically or entity-wise related to the question (for example, same
domain, similar type of entity).
2. Not be useful to answer the question or derive the correct answer.
3. Do not repeat or closely paraphrase the input passages.
4. Not contain the answer text or obvious paraphrases of the answer.
5. Each passage should be about 80--200 words, in one plain paragraph (no
lists).
[Input]
Question: {question}
Answer: {answer}
Gold relevant passages: {gold_passages}
[Output format]
\ Return ONLY a JSON array of strings, each string is one noise passage.

J

Figure 5: The prompt template used for generating syn-
thetic hard negative distractors (noise passages).

B.2 Retrieval Implementation

For retrieval, motivated by recent findings that
BM25 performs on par with state-of-the-art dense
models while offering superior efficiency (Su et al.,
2025; Tan et al., 2025), we adopt BM25 imple-
mented via Elasticsearch. Regarding the retrieval
corpus, we utilize the standard English Wikipedia
dump pre-processed by DPR (Karpukhin et al.,
2020). We specifically use the psgs_w100. tsv
dump, consistent with Tan et al. (2025), serving
as the unified external knowledge source for all
comparative methods.

B.3 Hyperparameter Configuration

Document and Query Encoding. Following
DyPRAG (Tan et al., 2025), we use the frozen
backbone LLLM as the encoder. For each query
q and retrieved document d;, we extract the last
hidden state at the final token position before the
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vocabulary projection as the dense representation.
This design ensures that the semantic embeddings
are naturally aligned with the parametric space of
the generator.

Fusion Module Architecture. The cross-
document fusion module is implemented as a
lightweight Transformer encoder with 2 layers
and 8 attention heads. The hidden dimension
matches that of the backbone LLM, and the
feed-forward dimension is set to twice the hidden
size. Given the concatenated sequence of the query
embedding and document embeddings, the output
representation corresponding to the query position
is used as the fused semantic vector.

Parameter Translator and LoRA Configuration.
We adopt the same parameter translator architec-
ture as DyPRAG (Tan et al., 2025) to ensure a fair
comparison. LoORA modules are integrated exclu-
sively into the feed-forward network (FFN) matri-
ces of the backbone LLM, while the query, key, and
value (QKV) projections are excluded. The LoRA
rank is set to r = 2 with a scaling factor a = 32,
and no dropout is applied. To ensure stable opti-
mization, we initialize the parameter translator with
pre-trained weights from DyPRAG, thereby facil-
itating convergence and bypassing the instability
of random initialization. Subsequently, during the
generation phase (Phase 2), the translator parame-
ters are fine-tuned to adapt the mapping function to
the fused cross-document semantic representations.

Context Truncation Strategy. For the hybrid
“Combine” setting, we adopt a unified truncation
protocol to ensure strict fairness. Following Tan
et al. (2025), the maximum context length is set to
3000 tokens. We prioritize preserving the query
and truncate the concatenated retrieved documents
from the tail to fit this limit. This constraint is
applied uniformly across all context-augmented
baselines (Standard RAG, DyPRAG-Combine, and
FusePRAG-Combine), ensuring that performance
gains are attributed to our fusion logic rather than
variations in effective context window size.

C Detailed Evaluation Setup

C.1 Efficiency Analysis Protocol

In Section 4.4, we specifically isolate the Adapter
Generation Latency to ensure a fair algorithmic
comparison. The total inference latency Tiqq typi-
cally comprises document encoding (Z¢pc), param-
eter projection (1), and generation (Tgep).



Although our retrieval setup utilizes BM?25,
which returns textual documents, the parametric
integration modules (in both baselines and our
method) operate on dense representations. This
implies a theoretical online encoding cost Tepe < k.
However, we exclude T, from our reported metric
for two reasons:

1. Universality: Both DyPRAG and FusePRAG
require mapping retrieved text to dense em-
beddings. This pre-processing cost is identical
across methods and does not reflect the algo-
rithmic efficiency of the parametric projection
architecture itself.

2. Cacheability: In standard dense retrieval pro-
duction environments (e.g., DPR), document
embeddings are pre-computed and indexed
offline, rendering the online encoding cost
negligible (T¢ye = 0).

Therefore, we focus exclusively on Tjr;.
* DyPRAG: T},10j = k- Thetwork (Linear scaling).

* FusePRAG: T},; ~ Tquery_enc + Thuse + 1 -
Thetwork (Constant projection complexity).

This isolation strictly evaluates the efficiency of the
"Fuse-then-Project" paradigm against the "Project-
then-Fuse" baseline.

D Supplement Experiment Results

Method F1 A
Ours (Full Model) 38.19 -
w/o Fusion Module (Mean Pool) 36.57 -1.62
w/o Phase 1 (End-to-End) 3477 -342

Table 5: Ablation studies on the CWQ dataset
(Parametric-Only setting). Unlike Table 2, these re-
sults are evaluated without explicit context, demon-
strating that our proposed components yield robust gains
in the pure parametric regime.
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