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Abstract001

Once Large Language Models (LLMs) com-002
plete their training, the intrinsic parametric003
knowledge encoded within the model becomes004
fixed. Retrieval-Augmented Generation (RAG)005
alleviates this by supplying external documents006
as context, but a fundamental tension remains:007
the model’s parameters are unchanged, often008
leading to conflicts where the model’s outdated009
internal parameters struggle to synergize with010
the fresh retrieved information. In this pa-011
per, we propose Dynamic Parametric RAG012
(DyPRAG), a novel framework that leverages013
a lightweight hypernetwork, termed parameter014
translator, to efficiently convert symbolic docu-015
ments into parametric knowledge at inference-016
time. Specifically, the parameter translator017
maps documents directly into Low-Rank Adap-018
tation (LoRA) weights for the Feed-Forward019
Networks (FFNs) of the LLM, enabling on-020
the-fly knowledge adaptation. Extensive ex-021
periments across diverse datasets demonstrate022
the superior effectiveness and generalization023
capability of DyPRAG. Crucially, our analysis024
confirms that DyPRAG harmonizes the model’s025
internal and external knowledge sources, lead-026
ing to a measurable reduction in knowledge027
conflicts and a more effective synthesis of in-028
formation. Our code is available at https://029
anonymous.4open.science/r/DyPRAG-715.030

1 Introduction031

Large Language Models (LLMs) have emerged as032

the cornerstone of modern Natural Language Pro-033

cessing (NLP), demonstrating remarkable capabili-034

ties in text comprehension and generation (Brown035

et al., 2020; Touvron et al., 2023). This suc-036

cess is largely attributed to pretraining on massive-037

scale corpora, which allows models to encode rich038

linguistic patterns and world knowledge, thereby039

facilitating robust generalization across diverse040

tasks (Achiam et al., 2023; Dubey et al., 2024).041

However, the intrinsic knowledge of LLMs be-042

comes static after pre-training, restricting their043
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Figure 1: Comparison of vanilla LLMs, RAG, and
DyPRAG. (a) Vanilla LLMs rely on static training data,
leading to knowledge deficiency. (b) RAG supplements
models with retrieved text but risks knowledge conflicts.
(c) DyPRAG employs a parameter translator to con-
vert symbolic documents into LoRA weights, achieving
complementary contextual and parametric knowledge.

knowledge to the training corpus (Kim et al., 2024). 044

Consequently, despite their impressive general ca- 045

pabilities, performance on knowledge-intensive ap- 046

plications is constrained by a lack of access to up- 047

to-date or domain-specific information (Joshi et al., 048

2017; Kwiatkowski et al., 2019; Frisoni et al., 2024) 049

(in fig. 1 (a)). For instance, querying an LLM re- 050

leased in 2024 with "Who were the recipients of the 051

2025 Nobel Prize in Chemistry?" results in failure, 052

as the model suffers from knowledge deficiency 053

regarding unseen events. 054

To address this, Retrieval-Augmented Genera- 055

tion (RAG) (Guu et al., 2020a) has emerged as a 056

prominent approach. It retrieves new knowledge 057

from external sources (e.g., Wikipedia) and pro- 058

vides it as context to the LLM (in fig. 1 (b)). How- 059

ever, while RAG mitigates knowledge deficiency, 060

the model’s parameters remain frozen. This creates 061

a low overlap between the static internal knowl- 062

edge and the dynamic retrieved information, as il- 063

lustrated in fig. 2 (a). For example, a frozen LLM’s 064

outdated knowledge about the 2025 Nobel Prize 065

has minimal commonality with up-to-date retrieved 066

documents. This discrepancy renders the two infor- 067

mation sources susceptible to conflict, causing the 068

model to hallucinate or misapply retrieved context 069
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(a) (b) (c) Comparison of Knowledge Conflicts Metric LEN

Figure 2: Overview of the knowledge overlap between parametric and symbolic knowledge. (a) In RAG, newly
retrieved documents exhibit low overlap with frozen parametric knowledge. (b) In DyPRAG, the parameter translator
converts documents into updated parameters, increasing the overlap. (c) Knowledge conflict measured by Length
Normalized Entropy (LEN) (lower is better) decreases with updated parameters, indicating reduced conflicts.

and thereby increasing the likelihood of erroneous070

outputs, even when relevant documents are avail-071

able (Zhang et al., 2024; Sun et al., 2024).072

Parametric RAG (PRAG) (Su et al., 2025) up-073

dates the internal knowledge by encoding each074

document into a dedicated Low-Rank Adaptation075

(LoRA) (Hu et al., 2022) module via offline train-076

ing. However, PRAG suffers from two major draw-077

backs. First, the per-document fine-tuning process078

incurs substantial computational and storage costs.079

Second, it is restricted to trained documents and080

fails to generalize to unseen ones. These limita-081

tions substantially undermine its scalability and082

practicality in real-world applications.083

To address these challenges, we propose Dy-084

namic Parametric RAG (DyPRAG), a novel and085

lightweight framework for on-the-fly knowledge086

adaptation (in fig. 1 (c)). DyPRAG is motivated by087

the hypothesis that a document and its correspond-088

ing parametric representation reside in a shared la-089

tent knowledge space, suggesting the existence of090

an implicit mapping function F that can transform091

documents directly into parametric form. Build-092

ing on this assumption, DyPRAG introduces a pa-093

rameter translator F ′
ϕ, a compact hypernetwork094

trained offline to approximate this generalized map-095

ping. At inference time, the translator dynami-096

cally generates document-specific parameters, en-097

abling lightweight updates to the LLM’s parametric098

knowledge with minimal overhead. Importantly,099

these inference-time updates increase the overlap100

between the internal parameters and the retrieved101

documents, allowing the LLM to better internalize102

the provided context, as illustrated in fig. 2 (b).103

Extensive experiments demonstrate the effec-104

tiveness of DyPRAG, showing superior perfor-105

mance and strong generalization to unseen doc- 106

uments across both in-domain (ID) and out-of- 107

domain (OOD) tasks. We further conduct in-depth 108

analyses to verify that DyPRAG achieves genuine 109

on-the-fly knowledge adaptation. As illustrated 110

in fig. 2(c), conventional RAG increases the like- 111

lihood of knowledge conflicts by appending re- 112

trieved documents directly to the input context (Niu 113

et al., 2023; Zhang et al., 2024; Tao et al., 2024). In 114

contrast, DyPRAG addresses this issue by updating 115

the model’s parametric space. After loading the pa- 116

rameters generated by the parameter translator, the 117

resulting parametric knowledge exhibits substan- 118

tially higher overlap with the retrieved symbolic 119

knowledge. This improved alignment mitigates 120

conflicts and renders the two information sources 121

highly complementary. Finally, comprehensive ab- 122

lation studies and additional analyses further cor- 123

roborate the effectiveness of our approach. We 124

summarize our contributions as follows: 125

• We propose Dynamic Parametric RAG 126

(DyPRAG), the first lightweight framework to 127

enable on-the-fly parametric knowledge adap- 128

tation for RAG system by converting symbolic 129

documents into parametric representations. 130

• We empirically demonstrate that DyPRAG 131

achieves superior performance and robust gen- 132

eralization across both in-domain and out-of- 133

domain tasks, confirming its effectiveness and 134

practical applicability in real-world scenarios. 135

• We provide an in-depth analysis revealing that 136

DyPRAG significantly increases knowledge 137

overlap between the parameters and retrieved 138

content, leading to a reduction in knowledge 139

conflicts and better synthesis of information. 140
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2 Related Work141

2.1 Retrieval Augmented Generation142

Large language models (LLMs) excel broadly but143

lack sufficient knowledge for intensive tasks, high-144

lighting the need for external knowledge integra-145

tion (in fig. 1 (a)). A prominent solution is retrieval-146

augmented generation (RAG), which enhances147

LLMs by incorporating relevant external knowl-148

edge sources (Guu et al., 2020b; Borgeaud et al.,149

2022; Wang et al., 2024a,b). Parametric RAG150

(PRAG) (Su et al., 2025) further advances this by151

fine-tuning the model on augmented documents, en-152

coding useful information directly into the model153

parameters. However, these approaches suffer from154

static parameters at inference-time or incur pro-155

hibitive costs when training on each document sep-156

arately (in fig. 1 (b)). Our proposed DyPRAG en-157

ables on-the-fly knowledge adaptation by modeling158

the underlying mapping function from documents159

to parameters, thereby increasing the knowledge160

overlap between two distinct knowledge types and161

making them complementary (in fig. 1 (c)).162

2.2 Context Parametrization163

Context parametrization is widely used to con-164

vert contextual knowledge into parametric forms165

that LLMs can more easily digest. Recent stud-166

ies have proposed condensing long contexts into167

soft prompts, enabling LLMs to leverage infor-168

mation more effectively (Mu et al., 2023; Ge169

et al., 2023). Meanwhile, other works focus on170

transforming context chunks into LoRA modules171

to enhance the model’s ability to understand ex-172

tended contexts (Mao et al., 2024; Wang et al.,173

2024c; Charakorn et al., 2025). For example,174

xRAG (Cheng et al., 2024) integrates context com-175

pression by mapping documents into compact to-176

ken representations. Unlike previous studies, we177

present the first investigation of transforming sym-178

bolic documents into model parameters within179

RAG systems at inference-time. Our DyPRAG180

demonstrates that it effectively unifies contextual181

and parametric knowledge, significantly increases182

knowledge overlap, reduces conflicts, and improves183

overall performance in RAG systems.184

3 Preliminary185

Standard RAG. We first introduces the prob-186

lem formulation of the standard RAG task (Guu187

et al., 2020b). Let M denote a large language188

model (LLM) with base parameters Θ. Given a189

user query q, the task of LLM is to generate an 190

accurate response augmented by an external cor- 191

pus C, expressed as C = {d1, d2, . . . , dN}. Each 192

element di, referred to as a document, represents a 193

text chunk retrieved from external sources (Izacard 194

and Grave, 2021). To achieve this, a retrieval mod- 195

ule R is employed to compute relevance scores 196

between q and the documents in C. Traditional 197

RAG approaches select the top-c documents with 198

the highest similarity scores and concatenates them 199

with the query to form the extended input context. 200

Based on this augmented input, M generates the 201

response by leveraging both the query and the re- 202

trieved documents. This procedure leverages the 203

ability of in-context learning (Brown et al., 2020) 204

while the whole parameters remain unchanged. 205

Parametric RAG. Parametric RAG (PRAG) (Su 206

et al., 2025) encodes each document di ∈ C di- 207

rectly into the parameters of model M. This is 208

achieved by training a parametric representation 209

Pi for each document offline using LoRA (Hu 210

et al., 2022). To ensure Pi captures fine-grained 211

information, PRAG first performs data augmen- 212

tation (Allen-Zhu and Li, 2023). For each docu- 213

ment di, this process generates: (1) n paraphrased 214

versions {d1i , . . . , dni }, and (2) m question-answer 215

(QA) pairs {(q1i , a1i ), . . . , (qmi , ami )}. These aug- 216

mentations preserve the original factual content 217

while introducing varied expressions. The aug- 218

mented data is then structured into a training set Di 219

for each document: 220

Di =
{
(dki , q

j
i , a

j
i )
∣∣ k ∈ [1, n], j ∈ [1,m]

}
, (1) 221

where each training sample x is a concatenation of 222

a triplet from this set: x = [dki ⊕ qji ⊕ aji ]. The 223

overall goal is to optimize: 224

min
Pi

∑
x∈Di

T∑
t=1

− log PΘ+Pi

(
xt

∣∣x<t

)
, (2) 225

where Pi represents the trainable low-rank ma- 226

trices, which are applied exclusively to the feed- 227

forward network (FFN) layers of the model. During 228

inference, the trained parametric representation Pi 229

is directly merged with the base parameters. How- 230

ever, this approach incurs substantial training and 231

storage overhead, as a unique set of parameters Pi 232

must be trained and stored for each document. 233

4 Methodology of DyPRAG 234

While PRAG considers updating parametric knowl- 235

edge in RAG rather than relying solely on static 236

3



Figure 3: An illustration of the DyPRAG framework. The offline phase consists of two stages: Stage 1 conducts
parameterization process to collect document-parameter pairs. In Stage 2, a parameter translator F ′

ϕ is trained to
learn a generalizable mapping from documents to corresponding parametric representations. During the online phase,
Stage 3 leverages the well-aligned F ′

ϕ to dynamically generate LoRA modules for any document at inference-time.

model parameters, it fails to support efficient on-237

the-fly deployment. Its heavyweight design incurs238

substantial time and storage overhead, which be-239

comes prohibitive in scenarios involving frequently240

updated documents, thereby severely limiting its241

practical utility. In this section, we introduce Dy-242

namic Parametric RAG (DyPRAG). DyPRAG is243

based on the hypothesis that a document di and its244

well-trained parametric representation Pi lie in a245

shared underlying knowledge space. Consequently,246

there exists a latent mapping function F that can247

directly transform an arbitrary document into its248

corresponding parametric representation.249

4.1 Training Parameter Translator for250

General Mapping Function251

Alignment Dataset Construction. To derive the252

general mapping function F , we first construct a253

collection of document–parameter (Doc–Param)254

pairs, in which the mapping function is implic-255

itly embedded, following the procedure described256

in section 3. Specifically, for each document di,257

we obtain its corresponding parametric represen-258

tation Pi, thereby forming the alignment dataset259

K = {(d1,P1), (d2,P2), . . . , (dN ,PN )}.260

Design of Parameter Translator. To model the261

implicit transformation, we introduce a lightweight262

hypernetwork, termed the Parameter Translator263

F ′
ϕ, which maps the representation si to a paramet-264

ric form P′
i, i.e., P′

i = F ′
ϕ(si). For a given docu- 265

ment di, we extract the last hidden state si ∈ Rh at 266

the final token position prior to projection into the 267

vocabulary space, where h denotes the hidden di- 268

mension. The parameter translator is implemented 269

as a stack of linear layers parameterized by a shared 270

base parameter set ϕ. After constructing the align- 271

ment set K, we employ the original large language 272

model M to encode textual documents into dense 273

representations. As a concrete example, we con- 274

sider the up-proj module in the feed-forward net- 275

work (FFN). The standard LoRA procedure is for- 276

mulated as follows: 277

W′ = W +∆W = W +BA (3) 278

where W ∈ Rh×k, B ∈ Rh×r and A ∈ Rr×k, k 279

represents the intermediate dimension of FFN and 280

r is the controllable LoRA rank. At training phase, 281

F ′
ϕ performs separately on B and A. Formally: 282

Bl = Reshape(Wl,B
up Relu(Wl,B

down(si ⊕ idxl)))
(4) 283

where Wl,B
down ∈ Rp×(h+1) and Wl,B

up ∈ Rhr×p. 284

Here, p represents the tunable intermediate dimen- 285

sion of the MLP module in F ′
ϕ, and Reshape(·) 286

transforms the output vector into the shape of B. 287

This process is applied at each layer l, so we con- 288

catenate the layer index with si. We provide the de- 289

tailed visualization of this workflow in appendix I. 290
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A same procedure is followed for matrices A and291

in other modules of FFN (i.e., down-proj and gate-292

proj). The goal of P′
i generated by F ′

ϕ is to fully293

memorize the document information within its pa-294

rameters and perform as effectively as Pi.295

Training Objectives. To learn a well-aligned296

parameter translator F ′
ϕ that ideally matches the297

behavior of the general mapping function F , we298

design the training objective from three comple-299

mentary perspectives. (1) Language Modeling300

Loss: We optimize F ′
ϕ using the augmented dataset301

Di and the same language modeling objective as302

in eq. (2) to predict the next-token correctly, de-303

noted as Llm. (2) Parameter Discrepancy Loss: For304

the target LoRA adapter Pi, we introduce a mean305

squared error (MSE) loss to measure the discrep-306

ancy between the generated parameters and the tar-307

get parameters, denoted as Lmse. (3) Distribution308

Alignment Loss: We further employ the Kullback–309

Leibler divergence (Polzehl and Spokoiny, 2006),310

denoted as Lkl, to align the word-level probability311

distributions of the two models, where the model312

equipped with Pi serves as the target distribution.313

The overall training objective is formulated as:314

Lmse = MSE(Pi,F ′
ϕ(si)) (5)315

316
Lkl = KL(PΘ+Pi(x), PΘ+F ′

ϕ(si)
(x)) (6)317

318
Lalign = Llm + λ1Lmse + λ2Lkl (7)319

where we calculate the overall alignment loss for320

each document di, λ1 and λ2 are tunable hyper-321

parameter which set to 100 and 0.01 separately.322

4.2 Inference with Knowledge Adaptation323

In fig. 2, the RAG system suffers from static param-324

eters, which hinder LLMs from effectively utilizing325

updated context due to the low knowledge overlap326

between these two distinct knowledge types. In327

contrast, once a well-trained parameter translator328

F ′
ϕ is obtained in DyPRAG, knowledge adaptation329

can be efficiently performed with parametrized doc-330

ument information at inference-time, significantly331

increasing the knowledge overlap.332

Specifically, given a test query qt, we rerun the333

retrieval process using the retrieval module R to334

select the most relevant documents. For each se-335

lected document dti, we extract its embedding sti336

and feed it into F ′
ϕ to obtain the dynamic LoRA337

adapter Pt,′
i , which encodes the relevant document338

information in parametric form. These adapters are339

then averaged as the LoRA parameter for inference,340

enabling updated parametric knowledge during in- 341

ference with minimal computational cost. The en- 342

tire process of DyPRAG is illustrated in fig. 3. 343

5 Experiments 344

5.1 Experiments Details 345

Datasets. We validate our approach using var- 346

ious benchmarks of distinct reasoning abilities, 347

including multi-hop and commonsense reason- 348

ing. The selected in-domain datasets are 2Wiki- 349

MultihopQA (2WQA) (Ho et al., 2020), Hot- 350

potQA (HQA) (Yang et al., 2018), PopQA 351

(PQA) (Mallen et al., 2022) and ComplexWe- 352

bQuestions (CWQ) (Talmor and Berant, 2018). 353

We provide detailed information about these 354

datasets in appendix B.1. 355

Evaluation Metrics. For evaluation, we use the 356

Exact Match (EM) score (%) to compare the ex- 357

tracted answer with the reference answer at the 358

exact match level. Additionally, we employ the F1 359

score (%), which balances precision and recall by 360

considering partially correct answers. 361

Implementation Details. To ensure broad ef- 362

fectiveness across models, we select LLMs of 363

varying scales and series, including Qwen2.5- 364

1.5B-Instruct (Yang et al., 2024), LLaMA-3.2- 365

1B-Instruct (Meta, 2024a) and LLaMA-3-8B- 366

Instruct (Meta, 2024b). For our base experiments, 367

we collect 200 additional questions from each non- 368

overlapping sub-dataset. The number of retrieved 369

documents c is set to 3, resulting in a alignment 370

set K of 4,800 samples. The intermediate size p is 371

set to 32. All experiments were conducted using 372

PyTorch on NVIDIA A100 GPUs (80GB). Please 373

refer to appendix B.1 for more detailed settings. 374

5.2 Baselines 375

We compare DyPRAG with a set of baselines that 376

either leverage retrieved context or without external 377

retrieval. For methods with retrieved context, RAG 378

appends retrieved documents to the input and ex- 379

plicitly instructs the model to reference them, while 380

Context-DPO (Bi et al., 2024) applies direct pref- 381

erence optimization (DPO) (Rafailov et al., 2023) 382

to improve context faithfulness. PRAG transforms 383

documents into parameters through offline parame- 384

terization, and DyPRAG further extends this idea 385

by dynamically translating retrieved documents 386

into parameters at inference-time. For methods 387

without retrieved context, Vanilla denotes the base 388
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Method 2WQA HQA PQA CWQ Avg

EM F1 EM F1 EM F1 EM F1 EM F1
LLaMA3.2-1B
Vanilla 17.47 22.87 18.56 24.10 0.67 2.26 23.67 34.94 16.74 21.04
SFT 8.67 11.25 1.67 2.96 0.00 1.33 7.67 12.77 5.60 7.92
PRAG-woC 20.13 25.92 19.00 25.35 12.00 23.58 26.00 35.86 19.57 26.51
DyPRAG-woC 24.27 29.91 19.56 25.97 7.33 11.33 28.33 36.86 21.57 27.57
RAG 17.93 24.77 21.44 30.33 9.67 17.65 25.67 37.39 18.93 26.99
Context-DPO 19.33 24.14 17.00 23.35 4.00 12.79 7.67 13.00 15.93 21.66
PRAG 20.60 26.94 23.33 30.81 20.33 31.07 28.33 39.63 22.17 29.78
DyPRAG 26.33 32.53 23.33 30.80 21.33 29.93 29.33 38.96 25.23 31.80
Qwen2.5-1.5B
Vanilla 20.87 27.20 14.78 23.13 0.67 2.87 18.00 26.47 16.74 25.79
SFT 18.60 22.61 8.78 13.63 0.00 6.95 4.67 13.96 12.40 17.49
PRAG-woC 21.93 29.38 16.00 24.04 1.33 3.87 22.31 30.82 18.13 25.37
DyPRAG-woC 21.87 28.46 17.11 24.93 3.00 6.64 22.67 31.94 18.64 25.56
RAG 16.33 23.89 14.89 24.68 0.67 9.97 18.64 28.23 14.56 23.17
Context-DPO 17.60 24.35 15.00 24.35 0.33 14.18 12.33 19.20 14.57 22.82
PRAG 19.07 27.29 19.33 26.15 2.67 12.61 21.67 32.13 17.77 25.96
DyPRAG 18.87 25.87 20.67 30.13 7.33 22.69 23.67 33.57 18.74 27.60
LLaMA3-8B
Vanilla 30.00 36.43 19.89 28.64 4.67 7.96 30.00 42.44 24.43 31.85
SFT 1.53 13.09 0.33 2.19 0.00 0.00 0.00 5.92 0.86 7.80
PRAG-woC 33.20 40.54 35.55 45.88 20.33 26.13 32.67 43.54 32.57 41.00
DyPRAG-woC 32.07 39.17 24.67 37.33 11.00 13.60 32.67 41.87 27.80 36.23
Context-DPO 14.93 24.42 12.45 21.67 4.33 18.68 8.00 13.81 12.43 21.96
RAG 28.40 34.20 19.13 28.67 5.67 16.13 25.33 35.45 23.04 30.86
PRAG 34.47 42.20 40.11 50.82 11.33 26.23 28.00 36.41 33.20 42.61
DyPRAG 36.33 47.68 33.22 43.22 21.00 32.86 29.67 39.07 33.20 43.69

Table 1: In-domain experimental results. All metrics are reported as EM scores (%) and F1 scores (%). The best
performance is bolded, while the second-best is underlined. The Avg is the average performance over all tasks.

LLM without external knowledge, SFT fine-tunes389

the LLM under the same setting as DyPRAG to390

encode all knowledge into parameters, and PRAG-391

woC and DyPRAG-woC are ablated variants that392

remove retrieved context.393

5.3 Main Results394

In this section, we present the main experimental re-395

sults and a detailed analysis of DyPRAG compared396

to the selected baselines. Detailed cost analysis is397

provided in appendix A. Additional experiments398

are provided in appendix C. Notably, the vanilla399

model occasionally outperforms RAG in certain400

cases, we analyze the reasons in appendix G and401

confirm it does not impact the subsequent analysis.402

In-Domain Results. As shown in table 1, by in-403

tegrating symbolic passages with inference-time404

updated parametric knowledge, DyPRAG consis-405

tently achieves the best performance across all eval-406

uated models, outperforming all baselines. Specifi-407

cally, DyPRAG surpasses PRAG by 2.02% (3.06%)408

on LLaMA3.2-1B, 1.64% (0.97%) on Qwen2.5-409

1.5B, and 1.08% (0.00%) on LLaMA3-8B on av-410

erage in F1 (EM) scores. Moreover, the parameter411

representations transformed by F ′
ϕ remain effec-412

tive even without retrieved context. For example, 413

on LLaMA3.2-1B, DyPRAG-woC achieves an av- 414

erage score of 27.57% (21.57%), outperforming 415

PRAG-woC by 1.06% (2.00%), RAG by 0.58% 416

(2.64%), and the vanilla model by 5.18% (4.83%) 417

in F1 (EM) scores. In contrast, Context-DPO 418

is less effective at resolving knowledge conflicts, 419

while SFT suffers from severe collapse when en- 420

coding large-scale knowledge, leading to substan- 421

tial performance degradation. Overall, these results 422

demonstrate the consistent advantages of DyPRAG 423

over all baselines, highlighting its effectiveness for 424

inference-time parametric knowledge adaptation. 425

Out-of-Domain Results. To further assess the 426

generalization capability of DyPRAG, we evalu- 427

ate its performance under out-of-domain (OOD) 428

settings. Notably, PRAG cannot be directly ap- 429

plied to OOD scenarios without additional offline 430

training. We conduct OOD evaluations on sev- 431

eral commonsense benchmarks, including Strate- 432

gyQA (SQA) (Geva et al., 2021), IIRC (Fergu- 433

son et al., 2020), and OpenBookQA (OBQA) (Mi- 434

haylov et al., 2018). In addition, MedMCQA 435

(MQA) (Pal et al., 2022) represents a completely 436
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Method IIRC SQA OBQA MedQA Avg
LLaMA3.2-1B
Vanilla 10.99 21.67 40.33 39.00 28.00
SFT 2.83 0.00 0.00 0.00 0.71
RAG 40.38 27.67 52.00 50.33 42.60
DyPRAG-woC 14.04 39.67 43.00 40.67 34.35
DyPRAG 41.91 50.33 52.00 52.67 49.23

Qwen2.5-1.5B
Vanilla 8.78 1.00 40.09 33.67 20.89
SFT 7.39 0.00 9.67 0.00 4.27
RAG 30.52 39.00 45.00 52.67 41.80
DyPRAG-woC 10.23 15.67 43.38 34.67 25.99
DyPRAG 38.25 43.33 48.57 52.67 45.71

LLaMA3-8B
Vanilla 13.23 33.33 52.33 55.00 38.47
SFT 2.42 0.00 0.00 0.00 0.61
RAG 43.27 45.67 60.00 55.67 51.15
DyPRAG-woC 18.16 45.67 53.00 55.00 42.96
DyPRAG 57.90 58.67 60.67 56.67 58.48

Table 2: Out-of-domain experimental results. All
datasets are provided with ground-truth documents.

unseen domain focused on medical knowledge. All437

OOD datasets are provided with ground-truth pas-438

sages, with details described in appendix B.1.439

As shown in table 2, the vanilla model performs440

poorly due to insufficient domain-relevant knowl-441

edge. DyPRAG-woC improves performance by en-442

hancing parametric knowledge, yielding moderate443

gains across most datasets. However, when answer-444

ing questions that critically depend on document-445

specific information, DyPRAG-woC struggles to446

accurately reconstruct the required content. This447

limitation primarily arises from information loss448

during the encoding and translation processes. In449

contrast, DyPRAG integrates golden passages with450

dynamic parametric knowledge, substantially in-451

creases knowledge overlap and achieves the best452

performance across all OOD scenarios.453

Furthermore, the retrieved documents in main454

experiments are primarily sourced from Wikipedia,455

which is largely covered during pre-training. To456

examine performance on truly unseen documents,457

we further evaluate DyPRAG on the RAGTruth458

benchmark (Niu et al., 2023), which poses greater459

challenges as the correct answers are only acces-460

sible through carefully constructed contexts. As461

shown in fig. 4, DyPRAG significantly outperforms462

RAG, demonstrating its ability to better internal-463

ize contextual knowledge and mitigate knowledge464

conflicts even when handling unseen data.465

5.4 Ablation Study466

Ablation of Different Retriever. Retrieval qual-467

ity is critical to RAG, as it determines whether468

the model accesses the information required to469

answer a question. We compare lexical retrieval470

0 20 40 60 80 100
Number of Examples

Qwen-1.5B

LLaMA-1B

LLaMA-8B

89

85

47

9

9

26

2

6

27

Knowledge Internalization Comparison (RAGTruth)

Win
Tie
Loss

Figure 4: Comparison of knowledge internalization be-
tween DyPRAG vs RAG judged by GPT-4o.

Method Retriever Avg

EM F1
Vanilla None 24.43 31.85

RAG
BM25 23.04 30.86
all-MiniLM-L6-v2 17.70 24.95
Qwen3-Embedding-0.6B 16.63 23.82

DyPRAG-woC
BM25 27.80 36.23
all-MiniLM-L6-v2 19.67 26.46
Qwen3-Embedding-0.6B 19.56 26.54

DyPRAG
BM25 33.20 43.69
all-MiniLM-L6-v2 18.70 26.17
Qwen3-Embedding-0.6B 19.07 26.98

Table 3: Ablation study of retriever averaged on ID
datasets. The backbone model is the LLaMA3-8B.

and dense retrieval within the DyPRAG framework. 471

Specifically, we evaluate BM25 as a representative 472

lexical retriever (Robertson et al., 2009) and two 473

dense retrievers, all-MiniLM-L6-v2 and Qwen3- 474

Embedding-0.6B. As shown in table 3, BM25 475

consistently outperforms dense retrieval methods 476

across all evaluated datasets, despite the strong per- 477

formance of dense retrievers in general IR tasks. 478

These results are consistent with prior studies (Ram 479

et al., 2023; Su et al., 2024), reaffirming BM25 as 480

a robust and effective baseline for RAG. 481

Ablation of Parameter Translator Size. As 482

shown in table 4, the storage cost of F ′
ϕ is 3L(phr+ 483

2p(h + 1) + pkr) and scales linearly with p. Re- 484

sults in table 7 show that under no-context sce- 485

nario, DyPRAG outperforms RAG and PRAG con- 486

sistently, with p = 2 achieving the second-best 487

performance at only 7.71 MB of storage. In con- 488

trast, PRAG requires 9.33 GB to store all queries, 489

incurring substantial overhead. Overall, DyPRAG 490

markedly reduces cost with improved performance. 491

Ablation of Retrieved Number. As shown 492

in fig. 10, performance in both RAG and DyPRAG- 493

woC fluctuates with the number of retrieved docu- 494

ments, with the best results generally achieved at 495

c = 3. This indicates that introducing less relevant 496

context can degrade model performance. 497
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Figure 5: Ablation study of alignment loss. The back-
bone model is the LLaMA3.2-1B.

Since DyPRAG achieves better performance498

than RAG, inference time becomes a critical dimen-499

sion. As shown in table 9, DyPRAG demonstrates500

higher inference efficiency than RAG, particularly501

as the number of documents increases. While502

RAG suffers from substantial latency growth with503

more documents, DyPRAG maintains lower infer-504

ence time by enabling rapid loading of document-505

specific LoRA modules with special code design506

and producing shorter responses, as shown in fig. 7.507

Although DyPRAG introduces additional doc-508

ument encoding and parameter translation costs509

that scale with the number of documents, these op-510

erations are not yet fully optimized. In practical511

deployments, RAG systems are often implemented512

in asynchronous architectures (e.g., message-queue513

systems (Kreps et al., 2011)), where document en-514

coding and translation can be executed in paral-515

lel during queue waiting time. Under this setting,516

DyPRAG incurs no additional online latency, al-517

lowing it to achieve superior performance while518

remaining more inference-efficient than RAG.519

Ablation of Alignment Loss. The alignment loss520

consists of three terms: Llm, Lmse, and Lkl. As521

shown in fig. 5, removing any component consis-522

tently degrades performance. Notably, excluding523

Lkl results in a substantial drop, underscoring the524

importance of aligning the model with the target525

output distribution. Overall, these results validate526

the effectiveness of our training objectives. Addi-527

tional ablation studies are provided in appendix D.528

5.5 In-depth Analysis529

Updated Parametric Space Enhances Knowl-530

edge Overlap. When LLMs fail to identify reli-531

able information sources (Tao et al., 2024; Zhang532

et al., 2024), the root cause is often conflicts be-533

tween context and parameter arising from low534

knowledge overlap, which supports by the LEN535

trends in fig. 2. We further analyze more internal536

signals to verify this pattern. As shown in table 10,537
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Figure 6: t-SNE visualization of down-proj average
vector in LoRA FFN generated by parameter translator.

Entropy (EN) and Lexical Similarity (LS) (Lin 538

et al., 2022) exhibit trends consistent with prior 539

observations: RAG increases uncertainty, while 540

DyPRAG consistently lowers EN and increases LS. 541

These results confirm that dynamic parametriza- 542

tion in DyPRAG effectively increases knowledge 543

overlap and alleviates knowledge conflicts. More 544

analysis is placed in appendix E. 545

Analysis of Parametric Representations. Since 546

the hypernetwork is difficult to interpret directly, 547

we examine whether it generates document-specific 548

parameters. As shown in fig. 6, the down-proj 549

weights in the FFN exhibit substantial diversity 550

across input documents. Moreover, similarity anal- 551

ysis fig. 11 conducted separately on the docu- 552

ment representations si and the translated param- 553

eters P′
i shows significantly lower similarity on 554

OOD datasets than on ID datasets, suggesting that 555

DyPRAG generalizes effectively with various input. 556

Additional analysis is provided in appendix F.1. 557

6 Conclusion 558

In this work, we propose Dynamic Parametric 559

RAG (DyPRAG), a novel framework that suc- 560

cessfully learns the underlying mapping func- 561

tion from documents to parameters by leverag- 562

ing a hypernetwork, enabling effective parametric 563

knowledge adaptation at inference-time. Extensive 564

experiments across diverse datasets demonstrate 565

the effectiveness and generalization capability of 566

DyPRAG. Moreover, our in-depth analysis shows 567

that DyPRAG substantially increases the overlap 568

between the model’s parametric knowledge and the 569

retrieved symbolic information, thereby mitigating 570

knowledge conflicts and enabling more effective 571

knowledge fusion with minimal cost, highlighting 572

its potential for real-world RAG applications. 573
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Limitations574

While our framework demonstrates strong perfor-575

mance on standard RAG systems, it has not yet576

been validated in broader settings. In particular,577

with the increasing prevalence of agentic RAG, the578

effectiveness of dynamic parameterization in such579

multi-step, decision-driven pipelines remains unex-580

plored. Moreover, although the parameter transla-581

tor can be viewed as a form of parametric memory,582

its behavior under continual learning scenarios has583

not been empirically evaluated, leaving its robust-584

ness in long-term or incremental update settings585

unverified.586

Ethical considerations587

Our approach does not introduce ethical concerns.588

The datasets we used are public, and there are no589

privacy issues.590
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A Computation and Storage Cost873

Analysis874

We present an initial pilot analysis and a broad875

evaluation of computation and storage costs across876

three baseline methods. More detailed analysis of877

time complexity is provided in appendix A.1.878

Computation Cost. The computation cost in879

RAG is primarily the inference cost, whereas880

PRAG introduces additional training and inference881

costs due to augmentation and offline training. Sup-882

pose the average token count of document d is |d|.883

As noted in Su et al. (2025), the augmentation pro-884

cess typically generates about 2|d| tokens, leading885

to an augmentation cost of 3|d|. When training the886

target LoRA, a forward pass over 3|d| tokens and a887

backward pass over 6|d| tokens (typically twice the888

forward cost) result in a total training cost of 9|d|.889

Although these tasks can be performed offline, it890

still requires a long time and do not generalize to891

new questions with unseen documents. In contrast,892

DyPRAG offers a more practical solution by requir-893

ing only N Doc-Param pairs while even a small894

N can achieve powerful performance, significantly895

reducing costs for augmentation and training. The896

cost of MLP-based F ′
ϕ is negligible compared to897

transformer-based LLMs (Vaswani et al., 2017).898

Storage Cost. One of the main shortcomings of899

PRAG is the storage cost associated with Pi. Let900

r denote the LoRA rank, L the number of Trans-901

former layers, h the hidden size, and k the interme-902

diate size of the FFN. The number of parameters903

in the parametric representation of a document is904

3Lr(h + k). For instance, in the Qwen2.5-1.5B905

model (which has 28 layers, a hidden dimension of906

1536, and an intermediate size of 8960), setting r to907

2 results in approximately 1.76M parameters, stor-908

ing 3.36MB in 16-bit precision for each Pi. In our909

following experiments, we need to store 9.33GB910

offline parameters for Qwen2.5-1.5B, presenting a911

significant storage cost.912

In contrast, our DyPRAG only needs to save the913

weights of F ′
ϕ. As we set the intermediate size p of914

the F ′
ϕ to 2, the total number of parameters for the915

Qwen2.5-1.5B model is 3L(phr+2p(h+1)+pkr)916

as we configure separate translators for up-proj,917

down-proj, and gate-proj. This amounts to about918

4.04M parameters, storing only 7.71MB (0.08% of919

PRAG) in 16-bit precision. The reduced storage920

cost makes it negligible compared to its generaliza-921

tion ability when used in real applications.922

A.1 Detailed Cost Comparison 923

In this section, we provide a detail comparison of 924

several cost metrics for standard RAG, PRAG and 925

our proposed DyPRAG, as shown in table 4. 926

Inference Cost. We first analyze the inference 927

cost across three baselines. For DyPRAG, there 928

is additional cost incurred for encoding and trans- 929

lating. The encoding cost is c × (|d|2 × ATTN + 930

|d| × FFN), as each document should be encoded 931

separately. As shown in table 9, the encoding time 932

is significantly lower than the inference time be- 933

cause encoding requires only a single forward pass. 934

Additionally, the translation time is also negligible. 935

Moreover, the response length |R| exhibits a linear 936

relationship with the LLM inference cost. As illus- 937

trated in fig. 7, the response length decreases when 938

DyPRAG is employed, enabling LLMs to better in- 939

ternalize knowledge. Notably, DyPRAG achieves 940

much shorter response lengths, significantly reduc- 941

ing inference costs compared to standard RAG. We 942

further discuss this in section 5.4. 943

Training Cost. PRAG (Su et al., 2025) intro- 944

duces further training for each document to ob- 945

tain corresponding LoRA parameters. In ap- 946

pendix A, we hypothesize that after augmenta- 947

tion, there are a total of 3|d| tokens, resulting in 948

a cost of N × (9|d|2 × ATTN + 3|d| × FFN) for 949

DyPRAG and M × (9|d|2 × ATTN +3|d| × FFN) 950

for PRAG, where N represents the size of the train- 951

ing dataset K and M denotes the size of the test set. 952

The common divisor of offline parametrization is 953

E1× (81|d|2×ATTN+9|d| ×FFN), where E1 is 954

the number of epochs for LoRA training. 955

Additionally, to train our F ′
ϕ for E2 epochs, we 956

need to perform both forward and backward passes 957

(the backward pass requires twice the cost of the 958

forward pass) on one QA pair and its corresponding 959

document in each step. This results in a cost of N× 960

E2×9(|qa|+ |d|)2×ATTN+3(|qa|+ |d|)×FFN, 961

with a negligible cost for translation. As shown 962

in fig. 8 and fig. 9, our DyPRAG achieves stable 963

results with as few as 480 examples (even fewer 964

is powerful), while M = 3000 in our experiments, 965

and this value would be significantly larger in real- 966

world applications. 967

For instance, using LLaMA3-8B as the back- 968

bone, producing a Pi requires 88 seconds, while 969

one step for F ′
ϕ only takes an average of 15 seconds. 970

Therefore, the total cost for training (excluding aug- 971

mentation) is M × 88s in PRAG and N × 103s 972
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Method Inference Cost Training Cost Storage Cost

RAG |R| × ((c|d|+ |q|)2 × ATTN + (c|d|+ |q|)× FFN) - -

PRAG |R| × ((c|d|+ |q|)2 × ATTN + (c|d|+ |q|)× FFN)
M × (9|d|2 × ATTN + 3|d| × FFN)+

M × E1 × (81|d|2 × ATTN + 9|d| × FFN)
M × 3Lr(h+ k)

DyPRAG
c× (|d|2 × ATTN + |d| × FFN)+

c×O(p(h+ 1 + hr))+

|R| × ((c|d|+ |q|)2 × ATTN + (c|d|+ |q|)× FFN)

N × (9|d|2 × ATTN + 3|d| × FFN)+
N × E1 × (81|d|2 × ATTN + 9|d| ∗ FFN)+

N × E2 × (9(|qa|+ |d|)2 × ATTN + 3(|qa|+ |d|)× FFN) +O(p(h+ 1 + hr))

((((((((
N ∗ 3Lr(h+ k)+

3L(phr + 2p(h+ 1) + pkr)

Table 4: Comparison of cost metrics for different baselines. ATTN denotes the time complexity of the self-attention
module as O(|I|2h), and FFN represents the FFN with O(|I|h2), where context length |I| = 1 and |R| denotes the
response length. ii indicates high cost, denotes negligible cost, and�� represents temporal storage.

in DyPRAG. Assuming N = 480 and M = 3000,973

DyPRAG is 5.34x faster than PRAG. The low re-974

quirement for a large N makes DyPRAG highly975

effective and generalizable for real-world scenar-976

ios, with extremely low costs that can be handled977

during offline training.978

Storage Cost. As illustrated in appendix A, each979

Pi requires 3.36MB for PRAG using Qwen2.5-980

1.5B, resulting in a total storage cost of 9.33GB in981

our main experiment. However, we significantly re-982

duce this cost by imitating the underlying function983

between the document and parameters. Notably,984

the cost for Pi is a temporary cost in DyPRAG,985

which can be removed after collecting data or train-986

ing one Pi and then updating F ′
ϕ by one step. Con-987

sequently, the overall cost of DyPRAG is substan-988

tially lower than that of PRAG (e.g., DyPRAG989

achieve better performance with only 7.71MB of990

storage as shown in table 7).991

B Experiment Setup992

B.1 Implementation Details993

In-domain QA Datasets. To ensure a compre-994

hensive evaluation, we assess our method using the995

following datasets:996

• 2WikiMultihopQA (2WQA) (Ho et al.,997

2020) is designed to evaluate a model’s ca-998

pability in multi-hop reasoning by synthesiz-999

ing information from multiple Wikipedia pas-1000

sages.1001

• HotpotQA (HQA) (Yang et al., 2018) sim-1002

ilarly targets multi-hop reasoning, requiring1003

models to amalgamate information from vari-1004

ous contexts to answer a single query.1005

• PopQA (PQA) (Mallen et al., 2022) focuses1006

on factual question answering, posing chal-1007

lenges that test the model’s ability to recall1008

precise knowledge and navigate ambiguities1009

in entity representation.1010

• ComplexWebQuestions (CWQ) (Talmor 1011

and Berant, 2018) entails answering complex, 1012

multi-step questions sourced from the web, 1013

further challenging the model’s capacity to re- 1014

trieve and reason over extensive web content. 1015

Both 2WQA and HQA categorize questions by 1016

reasoning type, with 2WQA having four categories 1017

and HQA two. To compare DyPRAG with other 1018

RAG baselines across reasoning tasks, we use the 1019

first 300 questions from each sub-dataset for evalu- 1020

ation. 1021

Offline Doc-Param Pairs Collection. Follow- 1022

ing (Jiang et al., 2023; Su et al., 2025), we utilize 1023

Wikipedia dumps as the external knowledge corpus, 1024

adopting the dataset proposed by DPR (Karpukhin 1025

et al., 2020). For document augmentation, each 1026

document is rewritten once, and three QA pairs are 1027

generated based on the document. Unless explicitly 1028

stated otherwise, the downstream LLM is used for 1029

this purpose. During LoRA fine-tuning, the learn- 1030

ing rate was set to 3× 10−4, and training was con- 1031

ducted for a single epoch (except PQA for 2). The 1032

LoRA modules were integrated exclusively into 1033

the feed-forward network (FFN) matrices, while 1034

the query, key, and value (QKV) matrices were 1035

excluded. The scaling factor α was set to 32, the 1036

LoRA rank r was configured to 2, and no dropout 1037

was applied to ensure training stability and maxi- 1038

mize parameter updates. The LoRA weights were 1039

randomly initialized following the settings outlined 1040

in the original LoRA paper (Hu et al., 2022). 1041

Baselines Implementation. To conduct compre- 1042

hensive experiments, we compare our DyPRAG 1043

with two commonly used baselines: SFT and 1044

Context-DPO, alongside parametric and non- 1045

parametric RAG baselines. For SFT, widely re- 1046

garded as a standard approach for adapting models 1047

to various downstream tasks, is included to evalu- 1048

ate the generalization ability of DyPRAG. Specif- 1049

ically, we use the exact same hyperparameters as 1050
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DyPRAG, setting the learning rate to 3×10−4, fine-1051

tuning on the same dataset (i.e., 36,000 samples)1052

with a batch size of 1 for 1 epoch. For Context-1053

DPO, we follow the implementation described in Bi1054

et al. (2024). To ensure a fair comparison, we1055

configure the trainable LoRA modules for both1056

methods to match those in DyPRAG, maintaining1057

equivalent parameter learning capacity. The LoRA1058

modules are integrated exclusively into the FFN,1059

while the query, key, and value matrices are ex-1060

cluded. The scaling factor α is set to 32, and the1061

LoRA rank r is configured as 2.1062

Inference Settings. All experiments use the pub-1063

licly available Hugging Face implementations of1064

LLaMA and Qwen. To ensure fairness, DyPRAG1065

and all baselines share the same prompt template1066

in fig. 13 and fig. 14 following Su et al. (2025) and1067

adopt of greedy decoding for result reproducibility.1068

The max number of new tokens is set to 128.1069

Retrieval Module R. Recent research on1070

RAG (Ram et al., 2023) has shown that BM251071

matches or even surpasses state-of-the-art dense1072

retrieval models in certain scenarios. Following Su1073

et al. (2025), we adopt BM25 as the retriever in our1074

approach and Elasticsearch is used as the backend1075

for implementing BM25.1076

Training F ′
ϕ. Motivated by Liao et al. (2024),1077

we use simple MLP hypernetwork to transform em-1078

bedding into adapter parameters. Through cross1079

validation, the learning rate was set to 1×10−5, and1080

the training epoch was set to 1 which making the1081

overall alignment process quickly. The truncation1082

max length of text is set to 3000, which is larger1083

than most retrieved documents. The performance1084

reports for Qwen2.5-1.5B and LLaMA3.2-1B in ta-1085

ble 1 are based on training with 4,800 examples,1086

while LLaMA3-8B is trained on 2,400 examples1087

(except for 480 examples on 2WQA).1088

Implementation of OOD Experiment. To eval-1089

uate the generalization ability of our proposed1090

DyPRAG, we select to out-of-domain (OOD)1091

datasets to conduct:1092

• StrategyQA (SQA) (Geva et al., 2021): A QA1093

benchmark where reasoning steps are implicit1094

in the question and must be inferred through1095

strategic reasoning, including human-curated1096

evidence paragraphs from Wikipedia.1097

• IIRC (Ferguson et al., 2020): A dataset com-1098

prising over 13,000 questions based on En-1099

glish Wikipedia paragraphs that provide only 1100

partial information and supplemented with 1101

samples from SQuAD 2.0 (Rajpurkar et al., 1102

2016) and DROP (Dua et al., 2019), requir- 1103

ing retrieval of missing details from linked 1104

documents. 1105

• OpenBookQA (OBQA) (Mihaylov et al., 1106

2018): A multiple-choice QA dataset derived 1107

from a subset of WorldTree (Jansen et al., 1108

2018), mainly focus on common knowledge. 1109

• MedMCQA (MQA) (Pal et al., 2022): A 1110

multiple-choice QA dataset designed to ad- 1111

dress real-world medical domain entrance 1112

exam questions. 1113

For each dataset, we select the first 300 exam- 1114

ples for testing and evaluate performance using 1115

F1 score for IIRC, Accuracy for SQA, Recall for 1116

OBQA and MQA as metrics. Both datasets provide 1117

with ground-truth passages which indicate a more 1118

rigorous evaluation setting. For IIRC, we adopt the 1119

few-shot prompts from Su et al. (2024), while SQA, 1120

OBQA and MQA are evaluated in a zero-shot set- 1121

ting. Notably, the same prompt format (in fig. 13 1122

and fig. 14) from the main experiment is used to 1123

ensure a fair comparison. 1124

Implementation of RAGTruth Experiment. 1125

RAGTruth (Niu et al., 2023) is a benchmark dataset 1126

designed to evaluate the extent of hallucination in 1127

models. For our evaluation, we randomly select 1128

100 QA-type subsets from RAGTruth, ensuring 1129

alignment with the training data of F ′
ϕ. Notably, 1130

some questions in RAGTruth require the provided 1131

documents to be answerable which are more diffi- 1132

cult. Interestingly, during evaluation, we observe 1133

that F ′
ϕ with fewer trained parameters perform bet- 1134

ter in such scenarios. Specifically, we train only 1135

480 examples for LLaMA3.2-1B and Qwen2.5- 1136

1.5B, and 240 examples for LLaMA3-8B. We use 1137

GPT-4o as judge using prompt template in fig. 15. 1138

C Supplement Experiment Results 1139

Comparison with effective RAG baselines. To 1140

compare our DyPRAG with effective RAG meth- 1141

ods, we introduce two powerful baselines: 1142

• FLARE (Jiang et al., 2023) is a multi-round 1143

retrieval augmentation method that triggers 1144

retrieval whenever it encounters an uncertain 1145

token. The query is defined as the last gener- 1146

ated sentence excluding the uncertain tokens. 1147
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Base LLM Method 2WQA HQA Avg
Total Total

LLaMA3.2-1B

RAG 23.12 27.14 25.13
DRAGIN 21.73 12.50 17.12
FLARE 21.55 19.38 20.47

DyPRAG-woC 25.31 19.97 22.64
DyPRAG 29.18 26.58 27.88

Qwen2.5-1.5B

RAG 24.31 20.73 22.52
DRAGIN 25.01 8.51 16.76
FLARE 21.56 7.97 14.77

DyPRAG-woC 26.46 19.67 23.07
DyPRAG 25.18 27.57 26.38

LLaMA3-8B

RAG 34.55 24.23 29.39
DRAGIN 35.69 12.16 23.93
FLARE 34.62 29.43 32.03

DyPRAG-woC 37.25 22.55 29.90
DyPRAG 45.17 38.35 41.76

Table 5: The experimental results of DyPRAG are com-
pared with other effective RAG methods. All metrics
are reported as F1 scores (%). The best performance
is bolded, while the second-best is underlined. The
evaluation is conducted on 2WQA and HQA datasets,
focusing exclusively on the total sub-task.

• DRAGIN (Su et al., 2024) improves multi-1148

round retrieval by triggering only when an1149

uncertain token has semantic significance and1150

strongly influences subsequent tokens. It for-1151

mulates queries using the model’s internal1152

state and preceding context.1153

The experimental results are presented in ta-1154

ble 5. Compared to standard RAG, DRAGIN1155

and FLARE do not demonstrate significant perfor-1156

mance advantages when the model size is smaller1157

(e.g., LLaMA3.2-1B and Qwen2.5-1.5B). How-1158

ever, as the model size increases (e.g., LLaMA3-1159

8B), DRAGIN achieves the best performance on1160

the 2WQA dataset, while FLARE performs best1161

on the HQA dataset comparing with RAG base-1162

line. This indicates that effective RAG methods are1163

often constrained by the model’s inherent capabili-1164

ties and lack robust generalization. In contrast, our1165

proposed DyPRAG consistently delivers superior1166

performance in most cases, demonstrating the ef-1167

fectiveness of our approach. Moreover, DyPRAG1168

achieves an average improvement of 6.54% over1169

standard RAG, highlighting the substantial poten-1170

tial of integrating parametric knowledge with con-1171

textual knowledge.1172

Comparison of Response Length. Notably, we1173

consider only the context length when calculating1174

inference cost. However, in practice, the response1175

length from LLMs also affects inference time. As1176

shown in fig. 7, we compare DyPRAG with RAG1177
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Figure 7: Comparison of response length across various
datasets. The backbone model is the Qwen2.5-1.5B.

across four benchmarks, considering the average 1178

response length. DyPRAG significantly reduces 1179

response length, by 20% in 2WQA and up to 90% 1180

in CWQ. This demonstrates that DyPRAG can an- 1181

swer questions correctly with fewer tokens, thereby 1182

lowering inference costs and avoiding redundant 1183

information. 1184

Performance of DyPRAG on Non-Instruct Mod- 1185

els. With the rapid advancement of reinforcement 1186

learning, a growing number of long-context models, 1187

referred to as large reasoning models (LRMs) have 1188

emerged (Guo et al., 2025; Yang et al., 2025). Our 1189

goal is to evaluate whether the current design of 1190

DyPRAG can adapt effectively to such up-to-date 1191

models. For this purpose, we selected Qwen3-8B1 1192

(a reasoning model) and Qwen3-4B-Instruct2 (an 1193

instruct model) for experiments. As shown in ta- 1194

ble 6, the performance of Qwen3-8B decreases 1195

significantly when DyPRAG generated parameters 1196

are applied. This decline is primarily due to differ- 1197

ences in answer patterns. LRMs tend to generate 1198

extremely lengthy reasoning trajectories, whereas 1199

our method only augments simple and short QA 1200

pairs. In contrast, the results for the instruct model, 1201

Qwen3-4B-Instruct, align with our main experi- 1202

ments, demonstrating that the current method is 1203

well-suited for instruct models. To enable compati- 1204

bility with LRMs, the parameter translation process 1205

needs to be integrated into the reinforcement learn- 1206

ing training pipeline. Addressing this challenge 1207

will be a focus of our future work. 1208
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Base LLM Method 2WQA (Total) HQA (Total) PQA CWQ Avg

EM F1 EM F1 EM F1 EM F1 EM F1

Qwen3-8B

Vanilla 24.67 31.33 21.00 28.12 0.00 0.40 22.33 36.01 17.00 23.97
RAG 35.33 42.26 32.33 44.00 0.33 9.17 23.00 35.79 22.75 32.81

DyPRAG-woC 21.00 27.94 20.33 27.82 0.00 0.46 17.67 29.12 14.75 21.34
DyPRAG 31.00 38.37 29.67 39.81 0.33 4.54 20.00 31.37 20.25 28.52

Qwen3-4B-Instruct

Vanilla 21.00 28.97 15.00 23.32 8.67 12.10 0.00 1.58 11.17 16.49
RAG 25.67 32.81 25.33 36.62 18.67 26.32 2.00 7.36 17.92 25.78

DyPRAG-woC 27.00 35.44 16.33 24.00 10.00 13.49 0.33 4.47 13.42 19.35
DyPRAG 31.00 38.37 29.67 39.81 20.67 27.33 8.67 19.14 22.50 31.16

Table 6: The experimental results of DyPRAG are compared with standard RAG based on Qwen3-8B and Qwen3-
4b-Instruct. All metrics are reported as EM scores (%) and F1 scores (%). The best performance is bolded, while
the second-best is underlined. The Avg is the average performance over all tasks.

Method CWQ
F1

Storage Cost
(MB)

Vanilla 26.47 -
RAG 28.32 -
PRAG-woC 30.82 19107.84 (1x)

DyPRAG-woC (p = 2) 32.66 7.71 (0.04%x)
DyPRAG-woC (p = 4) 33.26 15.42 (0.08%x)
DyPRAG-woC (p = 16) 32.08 61.70 (0.32%x)
DyPRAG-woC (p = 32) 31.94 123.39 (0.64%x)

Table 7: Ablation study of intermediate dimension p of
F ′

ϕ. The backbone model is the Qwen2.5-1.5B.
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Figure 8: Ablation study of varying training dataset size
for DyPRAG. The backbone model is the LLaMA3.2-
1B.

D Additional Ablation Experiment1209

Results1210

Effect of Training Dataset Size. We adjust the1211

pre-selected size of the training dataset composed1212

of Doc-Param pairs, increasing it from 480 to 4800.1213

As shown in fig. 8 and fig. 9, DyPRAG achieves1214

strong performance even with just 480 training ex-1215

amples. The performance remains remarkably sta-1216

ble across different dataset sizes, indicating that our1217

design, F ′
ϕ, is capable of learning the underlying1218

mapping between documents and parameters with1219

1https://huggingface.co/Qwen/Qwen3-8B
2https://huggingface.co/Qwen/Qwen3-4B-Instruct-2507
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Figure 9: Ablation study of varying training dataset
size for DyPRAG. The backbone model is the Qwen2.5-
1.5B.

minimal data. 1220

Effect of Data Augmentation. In section 4, 1221

we introduce data augmentation to improve the 1222

model’s ability to memorize and process informa- 1223

tion from documents. To assess the impact of data 1224

augmentation on the DyPRAG method, we remove 1225

it during the alignment dataset construction phase 1226

and compare the results with those of the origi- 1227

nal method. The results in table 8 indicate that 1228

removing data augmentation greatly diminishes the 1229

quality of offline parameterization, which in turn 1230

affects the parameter translator’s ability to convert 1231

documents into parametric knowledge. This degra- 1232

dation results in a significant performance drop for 1233

both PRAG, which relies on offline parameteriza- 1234

tion, and DyPRAG, which dynamically converts 1235

parameters. 1236

E Exploring Metrics for Knowledge 1237

Conflicts Detection 1238

Research has shown that generating multiple out- 1239

puts for a single input improves estimation of 1240

sequence-level uncertainty. Accordingly, we set 1241

temperature=1.0, top_p=0.95, and top_k=20, and 1242
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Method 2WQA (Total) HQA (Total) PQA CWQ IIRC SQA OBQA MQA

Vanilla 26.87 17.76 2.87 26.47 8.78 1.00 40.09 33.67
RAG 24.31 20.73 9.97 28.23 30.52 39.00 45.00 52.67

PRAG 27.49 23.10 23.43 32.13 – – – –
w/o Aug 22.79 19.00 10.74 28.54 – – – –
Change -17.1% -17.7% -54.2% -11.2% – – – –

DyPRAG-woC 26.46 19.67 6.64 31.94 10.23 15.67 43.38 34.67
w/o Aug 28.36 15.71 3.35 28.04 8.49 0.30 38.36 22.94
Change +7.2% -20.1% -49.5% -12.2% -17.0% -98.1% -11.6% -33.8%

DyPRAG 25.18 27.57 22.69 33.57 38.25 43.33 48.57 52.67
w/o Aug 23.00 19.88 9.84 27.97 29.41 30.67 43.90 34.03
Change -8.7% -27.9% -56.6% -16.7% -23.1% -29.2% -9.6% -35.4%

Table 8: Ablation study of effectiveness in data augmentation. All metrics are reported as F1 scores (%). The
backbone model is the Qwen2.5-1.5B.
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Figure 10: Ablation study of varying number of retrieved documents to RAG and DyPRAG’s performance. The
backbone model is the Qwen2.5-1.5B.

generated five responses to compute Entropy (EN),1243

length-normalized entropy (LEN) (Malinin and1244

Gales, 2020), and Lexical Similarity (LS) (Lin1245

et al., 2022) for assessing the probability of knowl-1246

edge conflicts3. As shown in table 10, our approach1247

reduces knowledge conflicts in most settings, with1248

the largest improvement achieved by our DyPRAG.1249

We further observe that appending retrieved doc-1250

uments increases EN and LEN while decreasing1251

LS, indicating that retrieved passages in RAG sys-1252

tems often conflict with the model’s parametric1253

knowledge. By contrast, updating converted para-1254

metric knowledge via DyPRAG substantially low-1255

ers the likelihood of such conflicts, demonstrating1256

the effectiveness of DyPRAG.1257

F Detailed Analysis of Parametric1258

Representations1259

F.1 Embedding similarity across datasets1260

To train our parameter translator, we utilized1261

datasets, including 2WikiMultihopQA, HotpotQA,1262

PopQA, and ComplexWebQuestions. To evaluate1263

3We used the implementation available at https://
github.com/alibaba/eigenscore.
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Figure 11: Analysis of input and output similarity in
parameter translator

generalization, we conducted OOD experiments on 1264

datasets such as IIRC, StrategyQA, RAGTruth and 1265

OpenBookQA. 1266

For ID datasets, the documents were retrieved 1267

exclusively from Wikipedia. In contrast, the OOD 1268

datasets exhibit diverse sources: IIRC primarily 1269

draws from English Wikipedia, supplemented with 1270

samples from SQuAD 2.0 (Rajpurkar et al., 2016) 1271

and DROP (Dua et al., 2019). StrategyQA in- 1272

cludes human-curated evidence paragraphs from 1273

Wikipedia. RAGTruth is based on the QA set of 1274

MS MARCO (Nguyen et al., 2016), which origi- 1275

17
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Documents Method Inference Time Loading Time Translate Time Encode Time

3
DyPRAG-woC 0.84 0.0037 0.056 0.132

RAG 1.23 - - -
DyPRAG 0.36 0.0037 0.055 0.132

10
DyPRAG-woC 0.80 0.0044 0.185 0.433

RAG 1.54 - - -
DyPRAG 0.78 0.0045 0.185 0.432

20
DyPRAG-woC 0.80 0.0057 0.361 0.862

RAG 1.74 - - -
DyPRAG 1.40 0.0057 0.361 0.862

30
DyPRAG-woC 0.80 0.0067 0.545 1.295

RAG 2.18 - - -
DyPRAG 1.96 0.0067 0.545 1.294

Table 9: Ablation study of varying number of retrieved documents to computation cost. The backbone model is the
Qwen2.5-1.5B.

Metric Method 2WQA (total) HQA (total) PQA CWQ SQA IIRC

EN ↓

Vanilla 3.187 3.176 3.251 3.163 3.178 3.011
DyPRAG-woC 2.199 1.999 1.757 2.860 2.805 2.544

RAG 3.565 3.453 3.778 3.619 3.398 3.030
DyPRAG 2.755 2.470 3.584 3.467 3.136 2.555

LEN ↓

Vanilla 0.637 0.635 0.650 0.633 0.636 0.602
DyPRAG-woC 0.440 0.400 0.586 0.572 0.561 0.509

RAG 0.713 0.691 0.756 0.724 0.680 0.606
DyPRAG 0.551 0.494 0.719 0.693 0.627 0.511

LS ↑

Vanilla 0.923 0.936 0.723 0.730 0.497 0.963
DyPRAG-woC 0.915 0.933 0.842 0.859 0.527 0.966

RAG 0.945 0.956 0.936 0.962 0.812 0.966
DyPRAG 0.953 0.959 0.966 0.988 0.853 0.975

Table 10: We present the experimental results for the knowledge conflicts metrics of DyPRAG-woC and DyPRAG,
in comparison with Vanilla and Standard RAG. In these metrics, ↑ indicates that higher values are better, while ↓
indicates the opposite. The best performance for each metric is highlighted in bold. The backbone model is the
LLaMA3.2-1B.

nates from Bing search results. OpenBookQA is a1276

multiple-choice QA dataset derived from a subset1277

of WorldTree (Jansen et al., 2018).1278

To quantify the differences across datasets, we1279

computed the vector similarity of the mean hidden1280

states (i.e., the last-layer outputs of the final token)1281

across them as shown in right part of fig. 11. As1282

expected, the ID datasets exhibit extremely high1283

similarity (>99%) due to their shared reliance on1284

Wikipedia. In contrast, the OOD datasets show1285

significantly lower similarity with the ID datasets.1286

Although StrategyQA and IIRC primarily depend1287

on Wikipedia, they include additional samples1288

from other sources or incorporate human-curated1289

content, which reduces their similarity to the ID1290

datasets. Notably, RAGTruth demonstrates partic-1291

ularly low similarity, as its samples are carefully1292

selected from MS MARCO to focus exclusively on1293

content related to daily life. This underscores the1294

substantial differences between the training corpora 1295

and our OOD evaluation datasets. 1296

These findings further suggest that DyPRAG 1297

exhibits strong generalization capabilities, effec- 1298

tively adapting to the diverse characteristics of 1299

OOD datasets, as shown in table 2. 1300

F.2 Parameter similarity across datasets 1301

After obtaining the parameter translator, a natural 1302

question arises: does the parameter translator F ′
ϕ 1303

truly learn to generalize, or does it simply generate 1304

nearly identical LoRA matrices every time? 1305

To investigate this, we collect 20 generated 1306

parameters across all datasets and compute the 1307

inter-average and intra-average parameter simi- 1308

larity. Since the parameter space itself is non- 1309

semantic, we measure similarity using the Frobe- 1310

nius norm: 1 − ||A−B||F
max(||A||F ,||B||F ) . As shown in 1311

left part of fig. 11, the similarity of the generated 1312
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LoRA parameters strongly correlates with the tex-1313

tual similarity of the inputs. In particular, the model1314

produces significantly different outputs when ex-1315

posed to distinct contexts, even from the same1316

dataset. Although hypernetwork still lacks well-1317

established interpretability methods, this simple1318

comparison provides evidence that the hypernet-1319

work is indeed mapping from different textual em-1320

beddings to diverse parameter space. We hope that1321

future research will develop more comprehensive1322

approaches to explain hypernetwork behavior.1323

G Why Vanilla Outperforms RAG1324

Occasionally?1325

In this section, we provide a detailed analysis of1326

why the vanilla model occasionally outperforms1327

RAG. As shown in table 1, the vanilla model sur-1328

passes RAG most significantly in 2WQA, as the1329

results vary across different models. For instance,1330

the vanilla model outperforms RAG by 2.62% and1331

0.99% in Qwen2.5-1.5B and LLaMA3-8B on aver-1332

age in F1, respectively. After analyzing the cases,1333

we identify two key issues that most affect RAG’s1334

performance: 1) Poor Retrieval Resulsts. Follow-1335

ing Su et al. (2025), we use BM25 as the retriever1336

which is better than dense retriever in out setting1337

(in table 3). However, in many cases, the retrieved1338

documents contain only similar words rather than1339

relevant content. This results in the provided con-1340

tent being unhelpful or even detrimental to LLMs.1341

2) Already Seen Data. During the pre-training1342

stages of the selected LLMs (Yang et al., 2024;1343

Meta, 2024b,a), the external source we use (i.e.,1344

Wikipedia) has already been seen. This allows1345

LLMs to answer certain questions independently,1346

especially in simpler tasks like 2WQA. Moreover,1347

the inclusion of incorrect or irrelevant context fur-1348

ther degrades the performance.1349

A more rigorous evaluation setting should in-1350

clude ground-truth passages and ensure no or less1351

data leakage. Under this setting, as shown in ta-1352

ble 2, the performance of the vanilla model is sig-1353

nificantly lower than that of RAG, which aligns1354

with our hypothesis. For instance, the vanilla1355

model achieves only 8.78% and 1.00% accuracy1356

on Qwen2.5-1.5B for IIRC and SQA, respectively.1357

In contrast, DyPRAG-woC demonstrates a notable1358

improvement in test-time knowledge, achieving1359

10.23% and 15.67% accuracy on Qwen2.5-1.5B for1360

IIRC and SQA, respectively. These results high-1361

light the pivotal role of RAG and demonstrate that1362

our proposed DyPRAG can seamlessly incorporate 1363

OOD knowledge. Moreover, DyPRAG establishes 1364

a stronger RAG paradigm, achieving highest per- 1365

formance under these more challenging conditions. 1366

In summary, we argue that this more rigorous ex- 1367

perimental setting provides stronger evidence for 1368

the effectiveness of our method. 1369

H Further Analysis of Contextual and 1370

Parametric Knowledge Conflicts 1371

Updated Parameters Increase LLMs Certainty. 1372

As shown in table 11, while vanilla LLMs contain 1373

accurate parametric knowledge regarding which di- 1374

rector was born later, the introduction of retrieved 1375

documents about each director causes contextual 1376

knowledge to mislead M, resulting in the incor- 1377

rect answer "William Lustig" while DyPRAG stays 1378

the same. This demonstrates that DyPRAG can 1379

effectively reduce the knowledge conflicts prob- 1380

lem. In this case, standard RAG often introduces 1381

redundant or incorrect information from the con- 1382

text, a phenomenon commonly referred to as RAG 1383

hallucination (Sun et al., 2024). In contrast, our 1384

proposed DyPRAG effectively incorporates accu- 1385

rate information into parametric knowledge. This 1386

allows DyPRAG to align parametric knowledge 1387

with contextual knowledge, thereby reducing the 1388

likelihood of conflicts and enabling LLMs to rely 1389

more consistently on its own knowledge. 1390

Dynamic Parametrization Enhances LLMs at 1391

Inference-time. Our DyPRAG serves as an ef- 1392

fective plug-and-play technique for enhancing 1393

parametric knowledge during inference-time. As 1394

demonstrated in table 12, DyPRAG successfully 1395

manipulates the original parametric knowledge of 1396

LLMs in 14.67% of cases. Therefore, it can directly 1397

enhance the model’s knowledge during inference 1398

without the need for further fine-tuning. 1399

Proportion of Different Combinations. Further- 1400

more, as shown in table 13, when both Vanilla 1401

LLMs and RAG give incorrect answers, DyPRAG- 1402

woC provides the correct answer 26.33% of the 1403

time. This indicates that DyPRAG-woC can effec- 1404

tively update missing parametric knowledge and 1405

outperforms RAG methods. Additionally, in cases 1406

where the vanilla LLM provides the correct an- 1407

swer (i.e., the model possesses accurate internal 1408

knowledge), RAG achieves a correct answer rate of 1409

5.33%, while DyPRAG-woC performs better with 1410

a rate of 6.33%, showing that dynamic updated pa- 1411
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rameter leads to lower conflicts. Similar trend of1412

DyPRAG is presented in table 14.1413

These results demonstrate that our proposed1414

DyPRAG updates parametric knowledge at1415

inference-time successfully and mitigates conflicts1416

between internal parametric knowledge and exter-1417

nal contextual knowledge through the loading of1418

knowledgeable LoRA adapters.1419

Question: Which film has the director born later,
Diary Of A Maniac or Return Of The Hero ?

Ground truth: Return Of The Hero
Retrieved top-1 document: Maniac (1980
film) Maniac is a 1980 American psychologi-
cal slasher film directed by William Lustig and
written by C. A. Rosenberg...
Method Answer Status
Vanilla Return Of The Hero !

RAG William Lustig %

DyPRAG-woC Return Of The Hero !

DyPRAG (ours) Return Of The Hero !

Table 11: Case study about contextual and parametric
knowledge conflicts in 2WQA (Bridge sub-task) where
only standard RAG answers wrongly (6.67%). The
backbone model is the LLaMA3.2-1B. 1 :deficiency
in parametric knowledge, 1 : knowledge conflicts, 1 :
successful knowledge manipulation.

Question: Which film has the director born later,
Miss Sloane or Time Changer ?

Ground truth: Time Changer
Retrieved top-1 document: production budget
of $13 million. " Miss Sloane " is ranked num-
ber 75 by per-theater average on Box Office...
Method Answer Status
Vanilla John Frankenheimer %

RAG Miss Sloane %

DyPRAG-woC Time Changer !

DyPRAG Time Changer !

Table 12: Case study about contextual and parametric
knowledge conflicts in 2WQA (Bridge sub-task) where
only DyPRAG-woC and DyPRAG answer wrongly
(14.67%). The backbone model is the LLaMA3.2-1B.
1 :deficiency in parametric knowledge, 1 : knowledge

conflicts, 1 : successful knowledge manipulation

Vanilla RAG DyPRAG-woC Ratio(%)
! ! ! 4.67
% % % 34.67
! % ! 6.33
! ! % 5.33
% ! ! 8.33
% % ! 26.33
% ! % 7.67
! % % 6.33

Table 13: Right/Wrong answer combinations of Vanilla,
RAG, DyPRAG-woC and corresponding proportional
distribution in 2WQA (Bridge Sub-task). The backbone
model is the LLaMA3.2-1B.! indicates a correct an-
swer, while% indicates an incorrect answer. The "Ratio
(%)" column on the right represents the percentage of
each combination across the dataset (300 examples).

Vanilla RAG DyPRAG Ratio(%)
! ! ! 5.33
% % % 35.00
! % ! 6.33
! ! % 4.67
% ! ! 8.00
% % ! 26.00
% ! % 8.00
! % % 6.67

Table 14: Right/Wrong answer combinations of Vanilla,
RAG, DyPRAG and corresponding proportional dis-
tribution in 2WQA (Bridge Sub-task). The backbone
model is the LLaMA3.2-1B.! indicates a correct an-
swer, while% indicates an incorrect answer. The "Ratio
(%)" column on the right represents the percentage of
each combination across the dataset (300 examples).

20



I Visualization of Parameter Translator1420

Workflow.1421

To clearly illustrate the workflow of the parame-1422

ter translator F ′
ϕ, we use the up-proj module in1423

the FFN as an example, as shown in fig. 12. This1424

visualization demonstrates the transformation of1425

document embeddings into dynamic LoRAs, con-1426

sistent with eq. (4).1427
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Parameter Translator Workflow 
of up-proj in FFN
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Figure 12: Visualization of the parameter translator workflow of up-proj in FFN. The overall process remains
consistent with eq. (4).
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J Prompt for Main Experiments1428

Evaluation1429

In the main experiments, we used the following1430

prompt to assess the performance of DyPRAG and1431

other baseline models in fig. 13 and fig. 14:1432

K Prompt for Knowledge Internalization 1433

Evaluation 1434

In the knowledge internalization experiments, we 1435

used the following prompt to assess the internaliza- 1436

tion ability of RAG generation from DyPRAG and 1437

RAG method evaluated by GPT-4o in fig. 15: 1438
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Prompt Format of No-CoT

You should answer the question by referring to the knowledge provided below and integrating your own knowledge.

Passage 1: {passages[0]}
Passage 2: {passages[1]}
Passage 3: {passages[2]}

Question: {question}
The answer is {answer}

Figure 13: Prompt format of No-CoT in our expriments.

Prompt Format of CoT

You should reference the knowledge provided below and combine it with your own knowledge to answer the question.
Please follow the format of the example I provided above. Here are some examples about how to answer the questions.
Question: fewshotq[0]
Answer: fewshota[0]
Question: fewshotq[1]
Answer: fewshota[1]
Question: fewshotq[2]
Answer: fewshota[2]
...

Here are some reference.
Passage 1: {passages[0]}
Passage 2: {passages[1]}
Passage 3: {passages[2]}

Let’s think step by step. Answer the questions in the same format as above.
Question: {question}
Answer: {answer}

Figure 14: Prompt format of CoT in our expriments.

Prompt Format of Evaluate RAGTruth

Compare DyPRAG and RAG answers to assess which better internalizes knowledge—integrating its own knowledge
with the given context for a natural, informed response.

Evaluation Criteria:
1. Internalization: Does the answer go beyond repetition to integrate knowledge seamlessly?
2. Fluency: Is the response well-structured and readable?
3. Relevance: Does it stay on topic while demonstrating depth?

Mark the Winner: Identify the superior response. If both are equally strong, mark it as a tie.

Question: {question}
Context: {passages}
DyPRAG Answer: {dyprag_answer}
RAG Answer: {rag_answer}

Respond in the following format:
{{
"win model": "DyPRAG or RAG or Tie",
"reason": "Provide a concise explanation of why the selected answer demonstrates better knowledge integration,
referencing the question, context, and specific details from both answers. If one answer has clear advantages in
integration, explain them; if there are errors or weaknesses, specify them."
}}

Figure 15: Prompt format of evaluate RAGTruth using GPT-4o. We compare answer between standard RAG and
DyPRAG.
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