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Abstract

Adaptive retrieval-augmented generation (R-001
AG) models offer an effective approach for in-002
tegrating external knowledge. However, ex-003
isting methods either rely on frozen large lan-004
guage models (LLMs) without explicit supervi-005
sion or require costly LLM finetuning. There-006
fore, we propose SPARKLE, a structured and007
plug-and-play agentic retrieval policy where an008
additional proxy model is introduced to con-009
trol the retrieval process. The proxy model010
leverages knowledge graph-based reasoning to011
make retrieval decisions in a structured manner,012
while operating independently of the retriever013
and the LLM. This plug-and-play design al-014
lows SPARKLE to generalise across different015
retrievers and LLMs. SPARKLE is optimised016
via reinforcement learning (RL), treating the017
retriever and the LLM as part of the environ-018
ment. To enable more effective exploration dur-019
ing RL training, we further introduce a binary020
tree-structured rollout strategy. Experiments021
on three in-domain and four out-of-domain QA022
benchmarks show that SPARKLE outperforms023
state-of-the-art baselines, achieving average im-024
provements of 9.17% and 2.85%, respectively1.025

1 Introduction026

Retrieval-augmented generation (RAG) models027

have demonstrated remarkable performance in en-028

hancing large language models (LLMs) for ques-029

tion answering (QA) tasks (Ram et al., 2023; Lin030

et al., 2024; Wei et al., 2025). To fulfil the varying031

information requirements of different questions and032

support multi-step reasoning, recent research has033

explored adaptive or agentic RAG models (Jiang034

et al., 2023; Jeong et al., 2024; Feng et al., 2025),035

which dynamically retrieve the necessary informa-036

tion during the LLM’s reasoning process.037

Recent work on adaptive RAG has primarily fo-038

cused on three key aspects (Su et al., 2024): (1)039

1Code is available at: https://anonymous.4open.
science/r/sparkle-6A7A

Figure 1: Comparison between existing adaptive/agentic
RAG models and the proposed SPARKLE.

when to retrieve, i.e., identifying the appropriate 040

moment to retrieve; (2) what to retrieve, i.e., for- 041

mulating effective queries for missing information; 042

(3) how to integrate retrieved information into the 043

LLM’s reasoning process for accurate generation. 044

Figure 1 provides a summary of existing methods. 045

One line of work relies on the LLM’s abilities to 046

control the retrieval process, triggering retrieval 047

based on uncertainty (Jiang et al., 2023; Su et al., 048

2024) or generating a special token that indicates 049

the need for external information (Li et al., 2025a). 050

However, these methods often use frozen LLMs 051

without additional training, which can lead to sub- 052

optimal performance due to the lack of explicit 053

supervision (Jin et al., 2025). To this end, another 054

line of work explores supervised finetuning or re- 055

inforcement learning to train LLMs to make more 056

effective retrieval decisions (Asai et al., 2024; Xu 057

et al., 2024; Jin et al., 2025; Song et al., 2025). 058

While these methods have demonstrated improved 059

performance, they often require substantial compu- 060

tational resources to train the LLM and may neg- 061

atively impact the LLM’s generalisation to other 062

tasks (Hu et al., 2025; Li et al., 2025b). 063

These limitations highlight the need for a more 064

efficient and modular solution to enable adaptive 065

retrieval without modifying the LLM itself. Ideally, 066

such an approach should decouple retrieval con- 067
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trol from the LLM, enabling independent learning068

while preserving the model’s generalisation capa-069

bility. To this end, we introduce a lightweight proxy070

model to manage the retrieval process. This design071

offers a retrieval policy that is both lightweight to072

train and able to generalise across different retriev-073

ers and LLMs. Building on this idea, we propose074

SPARKLE, a Structured and Plug-and-play agen-075

tic retrieval policy for improved Adaptive Retrieval076

and KnowLEdge integration in RAG. SPARKLE077

employs the proxy model to make step-wise deci-078

sions on when and what to retrieve, and how to079

incorporate retrieved information. In this process,080

the proxy model leverages structured knowledge081

graphs to better formulate retrieval queries and082

integrate relevant information into the reasoning083

context. Figure 1 provides a comparison between084

SPARKLE and existing adaptive RAG models.085

The proxy model in SPARKLE operates in an086

agentic manner by taking on different functional087

roles, each guided by targeted instructions. These088

roles serve as specialised agents that work col-089

laboratively to support the adaptive RAG process.090

SPARKLE defines three agents: (1) a Retrieval De-091

cision Agent for determining when external knowl-092

edge is needed, (2) a Query Formulation Agent093

for identifying knowledge gaps and generating a094

targeted search query, and (3) a Knowledge Inte-095

gration Agent for selecting and integrating relevant096

information. Specifically, at each LLM’s reasoning097

step, the Retrieval Decision agent decides whether098

additional knowledge is needed based on the cur-099

rent context and the LLM’s intermediate thoughts.100

If retrieval is required, the Query Formulation and101

Knowledge Integration agents are invoked to obtain102

an updated context for the next step of reasoning.103

In practice, we observe that the LLM-generated104

thoughts, particularly those from large reasoning105

models like DeepSeek (Guo et al., 2025a), may con-106

tain distracting or unnecessary content (Xia et al.,107

2025), making it difficult to accurately identify108

knowledge gaps and formulate queries. Therefore,109

following prior work that employed knowledge110

graph (KG)-based reasoning chains to identify use-111

ful information from noisy content (Fang et al.,112

2024b), SPARKLE extracts a KG-based reasoning113

chain from the LLM’s intermediate thoughts, pro-114

viding a structured and informative representation115

of its reasoning trajectory. This structure helps the116

Query Formulation agent identify knowledge gaps117

more precisely for targeted retrieval. Moreover,118

retrieved documents are decomposed into knowl-119

edge triples, allowing the Knowledge Integration 120

agent to perform fine-grained selection of relevant 121

content for incorporation into the context. 122

We leverage proximal policy optimisation (PPO) 123

to train the proxy model, while keeping the retriever 124

and the LLM frozen. To facilitate more effective ex- 125

ploration during training, we propose a binary tree- 126

structured rollout strategy with a pruning mecha- 127

nism, which allows the proxy model to explore mul- 128

tiple reasoning paths while discarding unpromising 129

branches. We assess SPARKLE on three in-domain 130

and four out-of-domain QA datasets. Compared to 131

the strongest adaptive RAG baselines, SPARKLE 132

achieves significant improvements, with an average 133

gain of 9.17% on in-domain datasets and 2.85% on 134

out-of-domain datasets. 135

Our contributions can be summarised as follows: 136

(1) We propose SPARKLE, a plug-and-play agen- 137

tic retrieval policy that uses KG-based reasoning 138

chains to identify knowledge gaps and integrate 139

relevant information; (2) We introduce a binary 140

tree-structured rollout strategy that enables more ef- 141

fective exploration of retrieval policies; (3) Empir- 142

ical results on both in-domain and out-of-domain 143

datasets demonstrate that SPARKLE consistently 144

outperforms existing adaptive RAG baselines. 145

2 Agentic Retrieval Policy 146

We focus on the adaptive RAG setting (Su et al., 147

2024), where the LLM dynamically retrieves ex- 148

ternal information to answer questions. Formally, 149

given a question q and a corpus C = {di}Ni=1, the 150

goal is to generate an answer y through a sequence 151

of reasoning steps. To facilitate adaptive retrieval, 152

SPARKLE employs a lightweight proxy model to 153

make retrieval decisions and integrate information 154

from retrieved documents. The proxy model oper- 155

ates in an agentic manner to support the adaptive 156

RAG process. Figure 2 illustrates the overall frame- 157

work and training strategy of SPARKLE. 158

2.1 Agentic Retrieval Formulation 159

SPARKLE defines three agents to support the adap- 160

tive RAG process: a Retrieval Decision Agent, a 161

Query Formulation Agent and a Knowledge Inte- 162

gration Agent. Following Chen et al. (2025a), we 163

model their collective behaviour as a multi-agent 164

Markov Decision Process (MDP), where each agent 165

operates over its own state and action space, while 166

collaboratively contributing to the overall process. 167

Formally, we define the multi-agent MDP pro- 168
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Question: What is the 2010 population of the village at which Smith Haven Mall was located?
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Figure 2: (left) Overview of SPARKLE. At each reasoning step, the Retrieval Decision Agent determines whether
retrieval is needed. If so, the Query Formulation Agent and the Knowledge Integration Agent are invoked to generate
a search query and incorporate relevant information into the context, respectively. (right) PPO training of SPARKLE,
which employs a binary tree-structured rollout to explore multiple reasoning paths during reinforcement learning.

cess as a tuple (I, {Si}i∈I , {Ai}i∈I ,R), where169

I = {1, 2, 3} represents the set of agents, Si and170

Ai represent the state space and action space of the171

i-th agent, respectively. Each agent follows its pol-172

icy πi : Si → Ai to select actions based on its state.173

Intuitively, a state can be viewed as the agent’s in-174

put, while the action corresponds to its output. A175

trajectory is a sequence of states and actions gener-176

ated as agents interact with the environment over177

time. R is the system-level reward function that178

provides feedback to guide cooperative behaviour179

across agents.180

2.2 Agent Roles and Collaborative Strategy181

In this section, we detail how each agent operates182

and collaborates within this framework.183

Retrieval Decision Agent. This agent determines184

whether external knowledge is required at each rea-185

soning step. At the t-th step, the agent observes a186

state st1 = (q, ct, r≤t), where ct denotes the current187

context consisting of documents retrieved in previ-188

ous steps, and r≤t is the intermediate thoughts gen-189

erated by the LLM up to step t. Based on this state,190

the agent selects an action at1 ∈ {“Yes”, “No”},191

where “Yes” indicates that a retrieval is required192

for subsequent reasoning, while “No” indicates ex-193

ternal knowledge is not needed. The prompt for194

this agent can be found in Appendix A.1.195

Query Formulation Agent. If retrieval is required196

at step t, the Query Formulation agent is activated197

to obtain a query qt based on the state st2 = (q, r≤t).198

While one could directly generate the query from199

the LLM’s thoughts, such strategy often leads to200

suboptimal performance (see RQ4 in §4.2) due to 201

the presence of distracting or speculative content 202

in LLM’s thoughts, such as:

Question: Who is the mother of the Texas businessman
that co-founded Ignite! Learning?
Thoughts: Ignite! Learning was co-founded by someone. . .
I think Neil Bush? Yes, Neil Bush. He’s the son of George
H. W. Bush. Wait, is that right? Maybe it was another
Bush. . . no, it’s Neil. Then his mother — probably Barbara
Bush. Though I’m not entirely sure.

203
This example illustrates how the LLM’s thoughts 204

can include uncertainty and speculative content, 205

making it difficult to directly extract an accurate 206

search query. To address this, our Query Formu- 207

lation agent first constructs a KG-based reasoning 208

chain gt (Fang et al., 2024b, 2025), which abstracts 209

the LLM’s thoughts into a structured form that cap- 210

tures the essential reasoning steps, such as:

⟨Ignite!Learning, co-founded by, Neil Bush⟩, ⟨ Neil Bush,
child of, [unknown]⟩

211
This structured representation filters out distract- 212

ing, speculative or irrelevant information from the 213

raw thoughts, preserving only the core reasoning 214

steps necessary for the task. By doing so, it makes 215

the underlying knowledge gaps more explicit, al- 216

lowing the agent to clearly identify what additional 217

information is needed to advance the reasoning 218

process and to formulate a targeted search query qt 219

accordingly. The prompt for the Query Formula- 220

tion agent can be found in Appendix A.2. 221

Knowledge Integration Agent. Given the query 222

qt, the retriever returns a list of documents Dt ⊂ C, 223
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which often contain irrelevant content (Yoran et al.,224

2024). To facilitate more fine-grained identification225

of useful information, following Fang et al. (2025),226

SPARKLE decomposes each document into a set of227

knowledge triples2. This structured representation228

enables more precise reasoning over the retrieved229

content by reducing textual noise. The Knowledge230

Integration agent observes a state st3 = (q, gt,Kt),231

where Kt is the set of knowledge triples extracted232

from Dt. It then selects the triple that best fills the233

most important gap in the current reasoning chain.234

The prompt for this agent can be found in Ap-235

pendix A.3. Given the selected triple, SPARKLE236

adds the source document3 from which this triple is237

extracted to the context ct, resulting in the updated238

context ct+1 for subsequent reasoning.239

Collaborative Strategy. Finally, we introduce how240

these agents collaborate with the LLM to support241

adaptive retrieval and reasoning. Given a question242

q and an empty initial context c0, the LLM gen-243

erates the first thought4. The Retrieval Decision244

agent then determines whether external knowledge245

is required. If so, the Query Formulation and the246

Knowledge Integration agents are activated to ob-247

tain an updated context c1 for subsequent reasoning.248

Otherwise, the context remains unchanged. This249

process is performed iteratively until the LLM gen-250

erates a final answer. The prompt for the LLM and251

the pseudo code for the whole process can be found252

in Appendices A.4 and B, respectively.253

3 Agentic Policy Optimisation254

Since the effectiveness of the agentic retrieval pol-255

icy can only be assessed after the LLM completes256

its full reasoning and produces a final answer, it257

is natural to frame the training process as a RL258

problem. We adopt PPO (Schulman et al., 2017)259

to train the proxy model to learn a retrieval policy260

that improves the answer generation performance.261

3.1 Binary Tree-Structured Rollout262

In vanilla on-policy PPO training, a rollout stage263

executes the current policy to collect trajectories264

of states, actions and rewards, which are used for265

optimisation. However, in practice, we found that266

standard rollouts are constrained by the capabilities267

2Since triple extraction is query-agnostic, it can be per-
formed offline without adding inference-time cost.

3We add the source document rather than the triple to
preserve its full context and avoid missing information.

4We explicitly prompt the LLM to produce an intermedi-
ate reasoning step enclosed in “<think> ... </think>” tags.

of the proxy model, resulting in limited exploration 268

of more effective retrieval behaviours. Therefore, 269

inspired by previous works (Feng et al., 2025; Chen 270

et al., 2025a), we propose a binary tree-structured 271

rollout strategy that enables broader exploration by 272

expanding multiple retrieval paths during RL: 273

at =

{
at1 = “Yes”, ati ∼ πi(s

t
i), ∀i ∈ {2, 3}

at1 = “No”
(1) 274

where at = {ati}i∈I denotes the joint action at step 275

t. Specifically, at each step, instead of relying on 276

the Retrieval Decision agent to make a single re- 277

trieval decision, we explicitly explore both possible 278

actions, i.e., retrieval and non-retrieval. For the 279

retrieval branch, we sample the subsequent actions 280

directly from the current policies of the Query For- 281

mulation and the Knowledge Integration agents to 282

simulate the retrieval process. By iteratively apply- 283

ing this process over successive steps, we obtain 284

a binary decision tree containing multiple trajec- 285

tories: τ = {(sti, ati)}i∈I,t for optimisation. An 286

illustration of this process can be found in Figure 2. 287

To improve rollout efficiency, we introduce a 288

pruning mechanism to reduce redundant branches. 289

We observe that when the retrieval branch selects 290

a document already present in the current context, 291

the resulting updated context remains unchanged. 292

Then the LLM would produce an identical next rea- 293

soning step for both the retrieval and non-retrieval 294

branches. Therefore, we prune the retrieval branch 295

to avoid unnecessary computation. Moreover, to 296

mitigate exponential growth with reasoning depth, 297

we constrain binary expansion to the first L reason- 298

ing steps. After that, each trajectory proceeds as a 299

standard rollout using the current policy. 300

3.2 Monte Carlo Reward Assignment 301

In our multi-agent MDP formulation, each agent 302

operates over its own state and action space, yet 303

only a single system-level reward R is observed 304

at the end of each trajectory. To assign credit 305

to individual agent decisions, we follow previous 306

work (Chen et al., 2025a) and employ a Monte 307

Carlo-based reward assignment scheme: 308

r(sti, a
t
i) = Rτ∼π[R(τ)|sti, ati] ≈

∑
j∈N (st

i
,at

i
)
Rj

|N (sti,a
t
i)|

, 309

where N (sti, a
t
i) denotes leaf nodes reachable from 310

(sti, a
t
i) and Rj is the reward of the leaf node j. 311

Since SPARKLE focuses on learning an effective 312

retrieval policy, we define the system-level reward 313
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Category Model In-Domain Datasets Out-of-Domain Datasets

HotPotQA 2Wiki NQ Avg. ∆ MuSiQue Bamboogle TQA ASQA Avg. ∆

w/o retrieval LLM 27.85† 29.25† 16.20† 24.43 ↑ 31.61 11.94† 40.49† 46.50 29.26† 32.05 ↑ 14.29

Single-Step
RAG

RAG 49.69† 41.60† 33.30† 41.53 ↑ 14.51 21.04† 37.72† 58.20 30.36† 36.83 ↑ 9.51
TRACE 54.32† 43.28† 37.60† 45.07 ↑ 10.97 22.61† 47.36† 64.20 31.84† 41.50 ↑ 4.84

Iterative
RAG

IRCoT 59.05† 47.13† 36.60† 47.59 ↑ 8.45 27.63† 43.08† 61.90 21.47† 38.52 ↑ 7.82
ITER-RETGEN 61.03† 57.09† 38.60† 52.24 ↑ 3.80 30.14† 48.92† 64.80 24.64† 42.13 ↑ 4.21
KiRAG 61.39† 55.85† 36.00† 51.80 ↑ 4.96 31.07† 47.36† 63.20 31.84† 43.37 ↑ 2.97

Adaptive
RAG

Self-RAG 26.69† 20.90† 36.20† 27.93 ↑ 28.11 12.46† 15.89† 43.50 32.81† 26.17 ↑ 20.17
DRAGIN 48.23† 48.46† 26.10† 40.93 ↑ 15.11 27.64† 42.47† 57.80 29.25† 39.29 ↑ 7.05
Adaptive-RAG 56.62† 46.06† 33.30† 45.33 ↑ 10.71 26.43† 38.87† 57.80 29.42† 38.13 ↑ 8.21
SlimPLM 50.95† 36.29† 37.90† 41.71 ↑ 14.33 20.14† 36.75† 63.40 36.30† 39.15 ↑ 7.19
Auto-RAG 49.30† 52.40† 38.90† 46.87 ↑ 9.17 21.21† 44.89† 62.00 10.98† 34.77 ↑ 11.57
C-3PO 56.67† 48.87† 33.60† 46.38 ↑ 9.66 31.87† 48.96† 62.50 30.61† 43.49 ↑ 2.85

Ours SPARKLE 63.14† 64.78† 40.20† 56.04 - 32.85† 50.19† 64.80 37.50† 46.34 -

Table 1: Performance (%) of SPARKLE and baselines across both in-domain and out-of-domain datasets. The
best and the second-best results are marked in bold and underlined, respectively, and † indicates p-value<0.05
compared with the strongest baseline. The average improvement of SPARKLE to each baseline is highlighted in the
∆ column . and indicate whether an approach requires additional training or is training-free, respectively.

R as a combination of retrieval quality and final an-314

swer accuracy: R = α·Recall(cT )+(1−α)·F1(y),315

where cT is the final context and y is the predicted316

answer, while α is the trade-off parameters5. More317

details about training strategy are in Appendix C.318

4 Experiments319

4.1 Experimental Setup320

Datasets. We conduct experiments on three types321

of QA datasets: multi-hop QA datasets such as Hot-322

PotQA (Yang et al., 2018), 2WikiMultiHopQA323

(2Wiki) (Ho et al., 2020), MuSiQue (Trivedi324

et al., 2022), and Bamboogle (Press et al., 2023);325

single-hop QA datasets such as Natural Ques-326

tions (NQ) (Kwiatkowski et al., 2019) and Triv-327

iaQA (TQA) (Joshi et al., 2017); and long-form328

QA dataset such as ASQA (Stelmakh et al., 2022).329

Following previous work (Chen et al., 2025a), we330

randomly sample 1,0006 examples from the origi-331

nal test/dev set as our evaluation set. More detailed332

information about the datasets is in Appendix D.1.333

Baselines. Since SPARKLE focuses on retrieval334

policy within adaptive RAG, we compare it against335

RAG models with different retrieval strategies: (1)336

LLM, which generates answers without retrieval;337

(2) single-step RAG, which employs a single-step338

retrieval strategy, such as the standard RAG and339

TRACE (Fang et al., 2024b); (3) iterative RAG,340

which adopts a multi-step retrieval strategy with a341

fixed number of iterations, such as IRCoT (Trivedi342

et al., 2023), ITER-RETGEN (Shao et al., 2023),343

and KiRAG (Fang et al., 2025); (4) adaptive RAG,344

5The sensitivity analysis of α is in Appendix E.2.
6We retain all evaluation examples for datasets with fewer

than 1,000 instances, such as Bamboogle and ASQA.

such as Self-RAG (Asai et al., 2024), DRAGIN (Su 345

et al., 2024), Auto-RAG (Yu et al., 2024), Adaptive- 346

RAG (Jeong et al., 2024), SlimPLM (Tan et al., 347

2024) and C-3PO (Chen et al., 2025a). More details 348

about baselines can be found in Appendix D.2. 349

Evaluation. We adopt standard evaluation metrics 350

for each dataset to assess QA performance. Specif- 351

ically, we report Exact Match (EM) for NQ and 352

TQA, F1 for HotPotQA, 2Wiki, MuSiQue, and 353

Bamboogle, and ROUGE for ASQA. 354

Implementation Details. We leverage E5 (Wang 355

et al., 2022) as the retriever, Qwen2.5-7B-Instruct 356

(Yang et al., 2024) as the LLM, and Qwen2.5-3B- 357

Instruct as the proxy model. Following Fang et al. 358

(2025), we leverage Llama3 (Dubey et al., 2024) to 359

extract knowledge triples from documents, which 360

are precomputed and cached to avoid additional 361

overhead. A single proxy model is shared across 362

all agents, and the proxy is trained on a subset of 363

samples randomly drawn from the training sets of 364

HotPotQA, 2Wiki and NQ. More implementation 365

and training details, as well as hyperparameter set- 366

tings can be found in Appendix D.3. 367

4.2 Results and Analysis 368

We provide our main experimental results in this 369

section. Additional results are in Appendix E. 370

(RQ1): How does SPARKLE perform compared 371

with baselines? We evaluate the performance of 372

SPARKLE on both in-domain datasets, which are 373

used for proxy training, and out-of-domain datasets 374

that are not seen during training. Table 1 presents 375

the results of SPARKLE and the baselines, yield- 376

ing the following findings: (1) SPARKLE consis- 377

tently achieves the best performance on the three 378
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Category Model Retriever: E5 → BGE LLM: Qwen2.5 → DeepSeek-R1-Distill-Qwen-14B

HotPotQA 2Wiki MuSiQue NQ Avg. ∆ HotPotQA 2Wiki MuSiQue NQ Avg. ∆

Single-Step
RAG

RAG 50.49† 41.18† 21.13† 31.30 36.03 ↑ 13.51 52.39† 43.74† 24.69† 31.50† 38.08 ↑ 16.89
TRACE 53.86† 42.99† 22.37† 36.94 39.04 ↑ 10.50 53.99† 48.57† 25.56† 36.70† 41.21 ↑ 13.76

Iterative
RAG

IRCoT 56.37† 43.75† 28.36† 36.20 41.17 ↑ 8.37 60.14† 63.04† 33.61† 38.10† 48.97 ↑ 6.00
ITER-RETGEN 62.28† 56.06† 30.17† 35.60 46.03 ↑ 3.51 57.26† 56.32† 28.05† 35.30† 44.23 ↑ 10.74
KiRAG 61.92† 60.56† 30.37† 36.45 47.33 ↑ 2.21 58.01† 63.23† 33.25† 35.00† 47.37 ↑ 6.92

Adaptive
RAG

Self-RAG 26.78† 19.90† 11.78† 33.10 22.89 ↑ 26.65 - - - - - -
DRAGIN 47.84† 46.25† 27.44† 25.80 36.83 ↑ 12.71 50.40† 44.01† 27.78† 31.03† 38.31 ↑ 16.18
Adaptive-RAG 53.76† 43.95† 26.23† 31.30 38.81 ↑ 10.73 58.47† 56.88† 33.70† 35.80† 46.21 ↑ 8.76
SlimPLM 51.06† 35.33† 20.61† 37.40 36.10 ↑ 13.44 51.12† 38.01† 27.03† 31.90† 37.02 ↑ 17.95
Auto-RAG 49.23† 52.19† 22.38† 38.00 40.45 ↑ 9.09 - - - - - -
C-3PO 59.39† 50.26† 31.50† 35.70 44.21 ↑ 5.33 - - - - - -

Ours SPARKLE 63.52† 63.75† 32.87† 38.00 49.54 - 67.13† 74.22† 39.62† 38.90† 54.97 -

Table 2: Performance (%) of SPARKLE and baselines under different retrievers and LLMs, without retraining of
the proxy model. Notations follow those in Table 1. Some results using the Deepseek-distilled model are missing
because these baselines either require LLM training or are incompatible with the model’s output format.

in-domain datasets, with 3.80% and 9.17% aver-379

age score improvements over the strongest iterative380

and adaptive RAG baselines, respectively. These381

results highlight the effectiveness of our proxy-382

based retrieval policy in enhancing adaptive RAG383

pipelines; (2) SPARKLE also achieves the best per-384

formance across the four out-of-domain datasets,385

outperforming the best iterative and adaptive RAG386

baselines by 2.97% and 2.85% on average, respec-387

tively, demonstrating its strong generalisation ca-388

pability to unseen datasets.389

(RQ2): Can SPARKLE generalise to different390

retrievers and LLMs without retraining? We391

assess the plug-and-play ability of the proxy model392

by evaluating its performance across different re-393

trievers and LLMs without retraining. We change394

the retriever from E5 to BGE (Xiao et al., 2024),395

and the LLM from Qwen2.5 to DeepSeek-R1-396

Distill-Qwen-14B (Guo et al., 2025a). Table 2 indi-397

cates that when only changing the retriever model,398

SPARKLE achieves the best average performance399

across four datasets, surpassing the strongest base-400

line by 2.21%. Moreover, when changing the LLM,401

the improvement becomes more substantial, with402

an average gain of 6.00% over the best-performing403

baseline. These results demonstrate that SPARKLE404

generalises effectively across different retrievers405

and LLMs, highlighting its adaptability as a plug-406

and-play retrieval policy without retraining.407

(RQ3): How does SPARKLE perform in terms408

of training overhead, effectiveness, and gen-409

eralisation compared to RL-finetuned LLMs?410

Table 3 evaluates the effectiveness and generali-411

sation of SPARKLE, we compare it against two412

RL-finetuned baselines: R1-Searcher (Song et al.,413

2025) and Search-R1 (Jin et al., 2025). We conduct414

experiments using the same LLM (Qwen2.5-7B),415

and further evaluate SPARKLE’s effectiveness by416

scaling it to stronger LLMs, such as QwQ-32B and 417

GPT-4o, without any retraining. Additionally, to 418

evaluate the generalisation ability, we report results 419

on ASQA, a long-form QA benchmark that dif- 420

fers significantly from the phrase-level answers RL 421

models are typically trained on. 422

Table 3 yields the following findings: (1) Com- 423

pared to RL-finetuned approaches that require up- 424

dating the full LLM and retraining for each model 425

variant, SPARKLE trains only a lightweight 3B 426

proxy model on just 7.5K examples (vs. up to 169K 427

for the baselines), while keeping the LLM frozen. 428

This substantially reduces the training overhead 429

and enables generalisation across LLMs without 430

retraining; (2) In terms of effectiveness, SPARKLE 431

achieves competitive performance when using the 432

same LLM as RL-finetuned baselines and further 433

surpasses them substantially when combined with 434

stronger LLMs, an advantage that RL approaches 435

lack due to their reliance on model-specific finetun- 436

ing; (3) In terms of generalisation, RL-finetuned 437

methods show a clear drop on ASQA7, likely due 438

to their training objective, which emphasises short, 439

phrase-level answers, limiting their ability to gen- 440

eralise to open-ended generation. In contrast, by 441

not modifying the LLM, SPARKLE preserves its 442

ability to generate coherent and long-form answers. 443

(RQ4): What are the effects of each agent and 444

the training strategy in SPARKLE? To explore 445

the effects of the three agents within SPARKLE, 446

we introduce the following variants: w/o RD Agent, 447

w/o QF agent, and w/o KI agent, where the Re- 448

trieval Decision (RD), Query Formulation (QF), 449

and Knowledge Integration (KI) agents are individ- 450

ually removed8. In each case, the corresponding 451

7We slightly modify the original prompts of RL-finetuned
models to output long-form answers.

8Details about these variants are in Appendix D.2.
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Model Retriever LLM Proxy Trainable
Parameters

Training
Size HotPotQA 2Wiki NQ ASQA Avg.

(1) R1-Searcher E5 Qwen2.5-7B - 7B 8.4K 68.75 68.06 41.00 25.66 50.86
(2) Search-R1 E5 Qwen2.5-7B - 7B 169K 67.01 65.61 48.21 29.20 52.51

(3) SPARKLE E5 Qwen2.5-7B Qwen2.5-3B 3B 7.5K 63.14 64.78 40.20 37.50 51.41
(4) SPARKLE E5 Qwen2.5-32B Qwen2.5-3B - - 67.59 69.12 41.90 36.98 53.90
(5) SPARKLE E5 QwQ-32B Qwen2.5-3B - - 67.90 73.88 41.30 37.80 55.22
(6) SPARKLE E5 GPT-4o Qwen2.5-3B - - 70.15 74.70 42.38 38.23 56.37

Table 3: Training statistics and performance (%) comparison of SPARKLE and RL baselines, where and denote
trainable and frozen components, respectively, and indicates the proxy model is reused without any retraining.
SPARKLE supports generalisation to different LLMs in a plug-and-play manner.

Model HotPotQA 2Wiki NQ ASQA ∆

SPARKLE 63.14† 64.78† 40.20† 37.50† -

Effectiveness of different Agents
w/o RD Agent 60.55† 60.79† 37.89† 34.22† ↓ 3.04

w/o QF Agent 61.84† 59.86† 38.80† 36.57† ↓ 2.14
w/ Direct QF Agent 61.81† 59.29† 39.10† 36.47† ↓ 2.24

w/o KI Agent 61.55† 61.39† 38.90† 36.98† ↓ 1.70
w/ Direct KI Agent 51.78† 53.69† 37.20† 35.77† ↓ 6.80

Effectiveness of RL Training
w/o RL Training 56.48† 55.55† 39.23† 35.83† ↓ 4.63
w/ Standard Rollout 61.14† 58.54† 39.89† 36.52† ↓ 2.38

Table 4: Ablation results (%) of SPARKLE, where †

indicates p-value<0.05 compared with SPARKLE and
∆ denotes average drop of each variant to SPARKLE.

functionality is handled by other agents or heuris-452

tics. In addition, we introduce two variants to ex-453

amine the effects of structured reasoning: w/ Di-454

rect QF, where the QF agent generates queries di-455

rectly from the LLM’s thoughts without using the456

KG-based reasoning chain, and w/ Direct KI agent,457

where the KI agent selects a document directly458

from the retrieved set without using KG triples.459

Table 4 reports SPARKLE and its variants’ per-460

formance on four datasets, revealing the following461

findings: (1) Compared to SPARKLE, removing462

the RD agent, the QF agent, and the KI agent re-463

sults in average drops of 3.04%, 2.14%, and 1.70%,464

respectively, indicating that all three agents con-465

tribute meaningfully to overall performance, with466

the RD agent being the most critical for guiding467

retrieval decisions; (2) For the QF agent, removing468

the KG-based reasoning chain, i.e., w/ Direct QF469

agent, leads to an average decline of 2.24%, which470

is likely due to the presence of distracting content471

in LLM’s thoughts. This highlights the effective-472

ness of structuring the LLM’s reasoning through a473

KG-based chain, which helps distil essential infor-474

mation and enables more accurate identification of475

knowledge gaps for targeted retrieval; (3) For the476

KI agent, w/ Direct KI agent suffers from a substan-477

tial drop of 6.80% compared to SPARKLE. The478

significant decline is likely due to the noise within479

retrieved documents, which makes it difficult for480

the proxy model to select the most relevant one,481

leading to missed critical information. 482

To examine the effects of our training strategy, 483

we introduce two variants: w/o RL Training, where 484

the proxy model is not trained, and w/ Standard 485

Rollout, where the tree structured rollout is re- 486

placed with standard on-policy rollout. The results 487

of SPARKLE and the variants are reported in Ta- 488

ble 4, which shows that removing RL leads to an 489

average drop of 4.63%, highlighting the importance 490

of end-to-end optimisation. Using the standard roll- 491

out results in an average 2.38% drop, likely due to 492

insufficient exploration, which limits the model’s 493

ability to learn more effective retrieval behaviours. 494

(RQ5): Can SPARKLE generate high-quality 495

queries and effectively retrieve relevant docu- 496

ments? To understand the retrieval behaviour of 497

SPARKLE, we analyse the number of generated 498

queries and the cumulative Recall@5 at each rea- 499

soning step, where cumulative Recall@5 refers to 500

the recall computed over the union of retrieved doc- 501

uments up to that step. As shown in Figure 3a, 502

SPARKLE generates fewer queries than the itera- 503

tive baseline ITER-RETGEN, especially in later 504

steps, indicating its ability to avoid redundant re- 505

trieval. While SPARKLE generates more queries 506

than the adaptive baseline Auto-RAG, its higher 507

cumulative recall indicates that these queries are 508

more effective in retrieving relevant information. 509

To further assess query quality, we compute step- 510

wise recall gain, defined as the increase in cumula- 511

tive Recall@5 from step t-1 to step t. Intuitively, 512

this metric reflects how much new relevant infor- 513

mation is introduced by the query at each step, 514

thereby indicating the quality of the query. The 515

results in Figure 3b show that SPARKLE achieves 516

higher recall gains at later steps, particularly at step 517

2, suggesting that its generated queries are more 518

effective at retrieving new, relevant information. In 519

contrast, baselines like ITER-RETGEN and Auto- 520

RAG rely heavily on initial retrieval, with dimin- 521

ishing recall gains in later steps. These results high- 522

light SPARKLE’s ability to generate high-quality 523

queries that lead to more effective retrieval. 524
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Figure 3: Analysis of SPARKLE’s retrieval performance and effectiveness-efficiency trade-off on the 2Wiki dataset.

(RQ6): How efficient is SPARKLE compared525

to baselines? As shown in Figure 3c, SPARKLE526

achieves a strong trade-off between effectiveness527

and efficiency. It obtains the highest F1 score with528

relatively low inference latency. While some base-529

lines have slightly lower latency, they fall short in530

accuracy. Particularly, compared to recent adap-531

tive RAG models such as C-3PO and DRAGIN,532

SPARKLE not only achieves substantially higher533

accuracy but also reduces latency by a large margin.534

5 Related Work535

Adaptive and Agentic RAG Models. RAG mod-536

els have demonstrated strong performance in QA537

tasks (Ram et al., 2023; Fang et al., 2024a; Fan538

et al., 2024). To better support multi-step reasoning,539

recent studies have explored adaptive and agentic540

retrieval strategies that enable models to dynami-541

cally decide when and what to retrieve during in-542

ference (Jeong et al., 2024; Guo et al., 2025b; Feng543

et al., 2025; Singh et al., 2025). Early approaches544

rely on the LLM’s predicted probabilities to make545

retrieval decisions and formulate queries (Jiang546

et al., 2023; Su et al., 2024; Yao et al., 2024). Re-547

cent work adopts an agentic perspective (Yao et al.,548

2023; Li et al., 2025a; Chen et al., 2025a), defining549

specialised agents to retrieve and integrate informa-550

tion, an approach that we follow in this paper.551

Another line of research directly finetunes the552

LLM to optimise its retrieval behaviour using SFT553

or RL (Asai et al., 2024; Yu et al., 2024; Jin et al.,554

2025; Song et al., 2025; Chen et al., 2025b). How-555

ever, these methods require extensive training and556

may compromise the base LLM’s generalisation557

ability. In contrast, SPARKLE uses a lightweight558

proxy model to guide retrieval in an agentic manner,559

enabling plug-and-play integration with different560

retrievers and LLMs without retraining.561

While both SPARKLE and C-3PO (Chen et al.,562

2025a) use a proxy model in RAG, they differ in563

several key aspects. First, C-3PO relies on a plan- 564

ning stage, where a larger LLM, e.g., Qwen2-72B, 565

is used to generate a fixed plan to guide subsequent 566

retrieval and reasoning. In contrast, SPARKLE 567

enables dynamic retrieval planning based on the 568

LLM’s evolving thoughts, allowing the retrieval de- 569

cisions to adapt on-the-fly to the current reasoning 570

context. Second, C-3PO filters retrieved documents 571

by passing all retrieved content into an agent for 572

selection, while SPARKLE leverages a structured 573

representation, KG triples, to enable more precise 574

identification of useful information, which yields 575

better performance as shown in RQ4 of §4.2. 576

KG-Enhanced RAG Models. Recent studies have 577

explored integrating KGs into RAG models (Edge 578

et al., 2024; Gutiérrez et al., 2024; Panda et al., 579

2024; Fang et al., 2024a; Liu et al., 2025). Some 580

methods construct a graph index for retrieval (Edge 581

et al., 2024; Gutiérrez et al., 2024), while oth- 582

ers decompose documents into triples to support 583

structured reasoning (Li and Du, 2023; Fang et al., 584

2024b) and fine-grained retrieval (Fang et al., 2025). 585

In contrast to these approaches that rely on static 586

KG indices or retrieval stages, SPARKLE dynami- 587

cally constructs reasoning-time KG chains to guide 588

adaptive retrieval and knowledge integration. We 589

provide an empirical comparison between our ap- 590

proach and graph RAG models in Appendix E.3. 591

6 Conclusion 592

This paper proposes SPARKLE, a structured and 593

plug-and-play agentic retrieval policy for adap- 594

tive RAG. SPARKLE employs a lightweight proxy 595

model and KG-based reasoning to make step-wise 596

decisions about when and what to retrieve, and 597

how to integrate retrieved information. Extensive 598

experiments show that SPARKLE consistently out- 599

performs strong adaptive RAG baselines across in- 600

domain and out-of-domain benchmarks, achieving 601

average gains of 9.17% and 2.85%, respectively. 602
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Limitations603

We identify the following limitations of our work:604

(1) SPARKLE relies on precomputed knowledge605

triples to construct the KG-based reasoning chain.606

In our implementation, we adopt the triple extrac-607

tion method from Fang et al. (2025), which has608

been empirically shown to produce high-quality609

results. In future work, we plan to explore alterna-610

tive KG construction strategies and evaluate how611

the quality of extracted triples affects downstream612

performance. (2) Our training strategy employs613

PPO combined with a binary tree-structured roll-614

out strategy to optimise the proxy model. While615

this approach demonstrates strong empirical per-616

formance, we leave the exploration of alternative617

RL algorithms, such as Group Relative Policy Op-618

timisation (GRPO) (Shao et al., 2024), to future619

work. (3) A key motivation of our design is to620

maintain a lightweight and efficient retrieval proxy621

model. Therefore, we primarily experiment with622

a lightweight 3B proxy model. While this choice623

achieves competitive performance with low train-624

ing cost, it remains an open question whether scal-625

ing up the proxy model could yield improved per-626

formance. We leave the exploration of larger proxy627

architectures to future work.628
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A Prompts 924

A.1 Prompt for Retrieval Decision Agent 925

The prompt used for the Retrieval Decision agent 926

is illustrated in Figure 4. Its input includes the cur- 927

rent retrieved context (retrieved documents), the 928

original question, the reasoning history up to the 929

current step, and the LLM’s most recent reasoning 930

thought. Based on this information, the agent deter- 931

mines whether additional retrieval is necessary to 932
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support further reasoning. This decision is made in933

a context-aware and step-wise manner, i.e., consid-934

ering not only what has already been retrieved and935

reasoned over, but also whether the current thought936

introduces new information needs.937

Prompt Used for Retrieval Decision Agent

Instruction:
You are an intelligent assistant. Your job is to decide
whether external information retrieval is required to con-
tinue solving the problem.

You will be given the following inputs:
- Question: The original user query.
- Previous Reasoning: A list of prior reasoning thoughts the
model has generated.
- Current Reasoning Step: The latest reasoning step to eval-
uate.
- Retrieved Context: Text previously retrieved that may
contain relevant information.

Your task is to answer whether the current reasoning step
requires external retrieval...

### Output Format
ONLY output "Yes (retrieval is required)" or "No (retrieval
is not required)" and do not include any other text.

Inputs:
Retrieved Context: {context}
Question: {original question}
Previous Reasoning: {reasoning history}
Current Reasoning Step: {current reasoning thought}

Figure 4: Prompt for Retrieval Decision Agent.

A.2 Prompt for Query Formulation Agent938

The prompt used in the Query Formulation agent939

is provided in Figure 5. The agent takes as input940

the original question and the LLM-generated rea-941

soning thoughts up to the current step, and follows942

a three-step process to formulate a high-quality re-943

trieval query: (1) extract a KG-based reasoning944

chain; (2) identify the next missing piece of in-945

formation needed to progress; and (3) generate a946

retrieval query targeting that gap. While the pro-947

cess is logically divided into three steps for clarity948

and structure, all steps are executed within a single949

LLM invocation.950

A.3 Prompt for Knowledge Integration Agent951

The prompt for the Knowledge Integration agent952

is shown in Figure 8. The agent receives: (1) the953

original question, (2) the reasoning chain generated954

by the Query Formulation agent, (3) the retrieval955

query, and (4) a set of candidate knowledge triples.956

These candidate triples are extracted by first retriev-957

ing documents using the query, then applying the958

triple extraction and filtering method from Fang959

et al. (2025) to decompose the retrieved documents960

Prompt Used for Query Formulation Agent

Instruction:
You are an intelligent reasoning assistant. Your task is to
help bridge the information gap between a current reasoning
trace (thought) and the full answer to a given question by
generating a high-quality retrieval query.

You will follow these three steps:

[Step 1: Generate Reasoning Chain]
Given the question and the corresponding thought, extract
the information that is directly helpful for answering the
question. Represent each piece of information as a struc-
tured knowledge triple in the format <head; relation; tail>.
Output Format: <head1; relation1; tail1>, <head2; rela-
tion2; tail2>, ... <headN; relationN; tailN>

[Step 2: Identify Knowledge Gaps]
Based on the extracted reasoning chain, identify the next
piece of information that is required to continue reasoning
toward the answer to the question. This could be a missing
fact, relation, or intermediate concept that, if known, would
allow the reasoning to proceed.
Output Format: To continue answering the question, we
need to know: [describe the next necessary piece of infor-
mation]

[Step 3: Formulate Retrieval Query]
Write a concise and effective natural language query that
can help retrieve the specific information identified in Step
2. The query should be focused, contain the key entities
and relations, and be suitable for a retrieval system.

Inputs:
Question: {original question}
Thoughts: {reasoning thoughts up to current step}

Figure 5: Prompt for Query Formulation Agent.

into structured triples. The agent aims to select a 961

single triple that best supports the next reasoning 962

step by extending the current chain. This design al- 963

lows for fine-grained relevant knowledge selection. 964

A.4 Prompt for LLMs 965

To support step-wise reasoning in SPARKLE, the 966

LLM is required to generate one reasoning thought 967

at each step. For non-reasoning LLMs, such as 968

Qwen2.5-7B-Instruct, we explicitly instruct the 969

model to wrap each intermediate thought within 970

“<think>” and “</think>” tags, making it easier 971

to extract individual steps. The prompt used for 972

this setting is shown in Figure 6. For reasoning 973

LLMs, such as DeepSeek-R1-Distill-Qwen-14B, 974

which generates multi-step reasoning thoughts by 975

default, we segment the reasoning steps based on 976

the newline character. The prompt used in this case 977

is in Figure 7. 978

B Pseudo Code for SPARKLE 979

The overall inference procedure of SPARKLE is 980

illustrated in Algorithm 16, which outlines how 981

the proxy model collaborates with the LLM to it- 982
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Algorithm 1: End-to-End Inference Procedure of SPARKLE.
Input :question q, a retriever model Retriever(·), an LLM model LLM(·), a KG corpus G, the Retrieval Decision

agent RD(·), the Query Formulation agent QF (·), and the Knowledge Integration agent KI(·).
1 t = 0; // current reasoning step
2 c0 = ∅; // initialise context
3 while t is less than maximum reasoning steps do
4 rt = LLM(q, ct);
5 if rt contains the answer then
6 break; // stop the loop if the answer has been generated

7 retrieval = RD(q, ct, r≤t); // Determine whether current step requires retrieval
8 if retrieval is “Yes” then
9 gt, qt = QF (q, r≤t); // Obtain KG-based reasoning chain and retrieval query

10 Dt = Retriever(qt);
11 Kt = G(Dt); // Obtain the knowledge triples for retrieved documents from the KG corpus
12 ct+1 = KI(q, gt,Kt); // Update context using the selected triple

13 else
14 ct+1 = ct; // the context remains unchanged if retrieval is not required.

15 t = t+ 1;

16 a =extract_answer(r≤ t); // extract final answer from the reasoning thoughts with predefined rules
Output :Predicted Answer a.

Prompt Used for LLM

Instruction:
Please answer the following question. You should think
step-by-step to solve it. You should first output all your
internal thinking steps. Each thought should be put inside
<think> and </think> tags. After reasoning, you must put
your final answer inside <answer> and </answer> without
detailed instructions.

Your output should look like:
<think> [put your first thought here] </think>
<think> [put your second thought here] </think>
...
<think> [put your final thought here] </think>
<answer> [put your final answer (short phrase or keyword
only) here] </answer>

Inputs:
Context: {retrieved documents}
Question: {original question}

Figure 6: Prompt for LLM.

eratively retrieve and integrate external informa-983

tion. This iterative process is terminated if the984

final answer is produced or the maximum number985

of reasoning steps is reached. The computational986

complexity of SPARKLE during inference primar-987

ily depends on the number of reasoning steps T988

and the cost of individual components at each step.989

Assuming a maximum of T reasoning steps, the990

total cost is O(T · (CLLM + CRetriever + CProxy)),991

where CLLM denotes the cost of invoking the LLM,992

CRetriever is the cost of retrieval, and CProxy cap-993

tures the combined cost of the three proxy agents.994

Since the proxy model is lightweight and retrieval995

is performed selectively, SPARKLE maintains rela-996

tively low overall latency compared to other multi-997

step retrieval approaches (see Figure 3c for the full998

effectiveness-efficiency trade-off analysis).999

Prompt Used for Reasoning LLM

Instruction:
Please answer the following question. You should think
step-by-step to solve it. Provide your final answer in the
format \boxed{YOUR_ANSWER}.

Inputs:
Context: {retrieved documents}
Question: {original question}

Figure 7: Prompt for Reasoning LLM.

C Training Strategy 1000

In SPARKLE, only the proxy model is trainable, 1001

while both the retriever and the LLM are kept 1002

frozen throughout training. The goal is to jointly 1003

optimise the proxy model across its three functional 1004

roles: Retrieval Decision, Query Formulation, and 1005

Knowledge Integration, so that it can effectively 1006

coordinate these behaviours to support adaptive 1007

retrieval and knowledge integration. 1008

Our overall training pipeline follows the high- 1009

level framework proposed by Chen et al. (2025a), 1010

which we briefly outline here for completeness. 1011

Please refer to the original paper for more details. 1012

In our multi-agent MDP framework, each agent re- 1013

ceives its own state (input) and produces an action 1014

(output). A complete reasoning trajectory involves 1015

all agents cooperating to generate an answer, af- 1016

ter which a system-level reward is computed. We 1017

adopt the Monte Carlo reward assignment method 1018

described in §3.2 to decompose the final reward 1019

and assign it backward to each agent’s decision 1020

step. This gives us a set of ⟨state, action, reward⟩ 1021

triplets for each agent, which we aggregate to train 1022

the proxy model using standard RL techniques. 1023
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Prompt Used for Knowledge Integration Agent

Instruction:
You are an intelligent reasoning assistant. Your task is
to select the most useful knowledge triple from a list of
candidates to help continue a reasoning process toward
answering a given question.

You will be given:
- A question
- A current reasoning chain represented as a sequence of
knowledge triples
- A query, which may reflect an information need to guide
the next reasoning step
- A set of candidate triples

Your goal: Select only one triple that is most useful for con-
tinuing the reasoning toward answering the question. This
selected triple should logically extend the current reasoning
chain and help bridge the gap toward the final answer.

Inputs:
Candidate Triples: {triples extracted from documents}
Question: {original question}
Reasoning Chain: {KG-based reasoning chain generated
by the Query Formulation agent}
Query: {query generated by the Query Formulation agent}

Figure 8: Prompt for Knowledge Integration Agent.

Unlike traditional on-policy rollouts, we employ1024

the binary tree-structured rollout strategy intro-1025

duced in §3.1 to explore multiple reasoning trajec-1026

tories. Each branch in the tree corresponds to a1027

complete reasoning trajectory. For each trajectory,1028

we apply the reward decomposition method and1029

collect training data accordingly. It is important1030

to note that the binary tree-structured rollout is1031

only used during training to enhance exploration.1032

During inference, the proxy model operates deter-1033

ministically without branching, relying solely on its1034

learned policy. In § E.4, we provide a case analysis1035

illustrating the mechanisms of this rollout strategy.1036

D Experimental Details1037

D.1 Datasets1038

In our experiments, we employ three different types1039

of QA datasets: (1) multi-hop QA datasets such as1040

HotPotQA, 2Wiki, MuSiQue and Bamboogle; (2)1041

single-hop QA datasets such as NQ and TQA; (3)1042

long-form QA dataset ASQA. In terms of the re-1043

trieval corpus, for HotPotQA, we use the corpus1044

provided by its authors for retrieval. For 2Wiki-1045

MultihopQA and MuSiQue, we construct the re-1046

trieval corpus following the exact same procedure1047

outlined by Trivedi et al. (2023). For all other1048

datasets, we leverage the Wikipedia corpus intro-1049

duced by Karpukhin et al. (2020).1050

For datasets with public test sets (Bamboogle,1051

NQ and TQA, ASQA), we report results on their1052

Hyperparameter Value

Base Model Qwen/Qwen2.5-3B-Instruct
Learning Rate 5e-6

Batch Size 64
Max Length 2048

# Epochs 1

Table 5: Training hyperparameters for SFT stage.

Hyperparameter Value

Learning Rate of Policy Model 5e-7
Learning Rate of Value Model 5e-6

KL Coefficient 0.002
Batch Size 1024

Max Length 2048
LR scheduler type Cosine

Table 6: Training hyperparameters for RL stage.

official test sets. For those without public test sets 1053

(HotPotQA, 2Wiki and MuSiQue), we instead use 1054

their development sets as test sets and report the 1055

corresponding performance. Following Chen et al. 1056

(2025a), we randomly sample up to 1, 000 exam- 1057

ples from their evaluation set for comparison. 1058

D.2 Baselines 1059

In our experiments, we compare SPARKLE against 1060

three categories of baseline models: (1) LLM; (2) 1061

single-step RAG models; (3) iterative RAG models; 1062

and (4) adaptive RAG models. 1063

The LLM model takes the original question as 1064

input and directly outputs an answer to the ques- 1065

tion. The Standard RAG model employs a single- 1066

round retrieval strategy, where the top-K docu- 1067

ments are retrieved and passed to the LLM for an- 1068

swer generation. For IRCoT, ITER-RETGEN and 1069

Self-RAG, we use the implementations provided 1070

by FlashRAG (Jin et al., 2024). For other models, 1071

including TRACE, KiRAG, DRAGIN, Auto-RAG, 1072

Adaptive-RAG, SlimPLM and C-3PO, we adapt the 1073

code released by their authors to align with our 1074

experimental setup. Notably, for fair comparison, 1075

both our SPARKLE and baselines use the same re- 1076

triever for retrieving documents from the corpus 1077

and the same LLM for generating answers. 1078

In RQ4, to investigate the effectiveness of each 1079

agent within our framework, we introduce several 1080

ablated variants of SPARKLE: w/o RD Agent, w/o 1081

QF Agent, w/o KI Agent. Here we describe how 1082

each variant is implemented and how the removed 1083

agent’s functionality is handled. Specifically, in the 1084
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w/o RD Agent variant, the RD agent is removed1085

and the LLM itself decides whether to retrieve at1086

each reasoning step by generating a special token1087

(e.g., “<search>”) to indicate the need for retrieval.1088

This design relies solely on the LLM’s internal rea-1089

soning without external supervision for retrieval1090

decision. In the w/o QF Agent variant, the QF1091

agent is removed and the RD agent is responsi-1092

ble for both deciding whether retrieval is needed1093

and generating the corresponding query. Note that1094

this variant also generates the KG-based reasoning1095

chain, which is handled by the RD agent. In the1096

w/o KI agent, the KI agent is removed and all the1097

retrieved documents are concatenated and directly1098

appended to the LLM prompt for further reasoning.1099

D.3 Implementation and Training Details1100

Throughout the experiments, we use intfloat/e51101

-large-v2 as the retriever model, Qwen/Qwen2.51102

-7B-Instruct as the LLM and Qwen/Qwen2.51103

-3B-Instruct as the proxy model, unless speci-1104

fied otherwise. The prompts for both the LLM and1105

the proxy model can be found in Appendix A. At1106

each iteration, when retrieval is triggered, we re-1107

trieve the top-10 documents. These documents are1108

then decomposed into a set of knowledge triples1109

using meta-llama/Meta-Llama-3-8B-Instruct1110

model. However, the total number of extracted1111

triples can be large and may contain substantial1112

noise. Therefore, following Fang et al. (2025), we1113

rank all triples using the E5 retriever and retain1114

only the top-20 highest-scoring triples as input to1115

the Knowledge Integration agent. All inference1116

experiments (including SPARKLE and baselines)1117

are conducted on a machine with a 32-core AMD1118

Ryzen Threadripper Processor (3.5 GHz) and an1119

NVIDIA A6000 GPU.1120

Note that our framework only introduces a sin-1121

gle proxy model, which is shared across all agents,1122

with different prompts used to elicit specialised be-1123

haviours. To train the proxy model, we randomly1124

sample 3, 000 examples from each of the training1125

sets of HotPotQA, 2Wiki and NQ. These examples1126

are further split into 7, 500 for training and 1, 5001127

for validation. Following the standard PPO training1128

recipe, we begin with a supervised finetuning (SFT)1129

warm-up phrase. We use Qwen2.5-72B-Instruct as1130

the proxy model to generate trajectories, retaining1131

only those that lead to the correct final answer for1132

SFT. The collected trajectories are then used to1133

train the proxy model for 1 epoch before RL op-1134

timisation, with detailed hyperparameter settings1135
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Figure 9: Training rewards across PPO training steps.
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Figure 10: Sensitivity analysis of α, where the average
F1 scores on the validation set under different α values
are reported.

provided in Table 5. In the RL phrase, we compute 1136

the system-level reward with a trade-off hyperpa- 1137

rameter α = 0.3. The proxy model is trained with 1138

hyperparameters outlined in Table 6. Moreover, in 1139

the binary tree-structured rollout, we set the max- 1140

imum tree expansion depth to L = 4 to balance 1141

exploration and computational cost. All hyperpa- 1142

rameters for both SFT and RL stages are selected 1143

based on performance on the validation set. In 1144

terms of training resources, training is conducted 1145

on the same hardware setup as inference, but uses 1146

two A6000 GPUs to enable parallelisation. 1147

E Additional Experimental Results and 1148

Analysis 1149

E.1 RL Training Analysis 1150

To assess the effectiveness of our RL training strat- 1151

egy, we monitor the average system-level rewards 1152

obtained by sampled trajectories during PPO train- 1153

ing. Figure 9 illustrates the evolution of training 1154

rewards over PPO steps. As the training progresses, 1155

the reward increases steadily in the early stage and 1156

then exhibits mild fluctuations, indicating that the 1157

proxy model successfully learns effective retrieval 1158
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Question: Nightfall of Diamonds was recorded at the arena located in what  city?

LLM Reasoning Thoughts:

<think> The question asks for the city where Nightfall of Diamonds was
recorded. I need to recall the information about the album "Nightfall of
Diamonds" and its recording location </think>

Retrieval = Yes Retrieval = No

LLM Reasoning Thoughts:
<think> Since no additional
context is provided, I will assume
the question is about the correct
album and proceed with the known
information. </think>

LLM Reasoning Thoughts:
<think> "Nightfall of Diamonds" is an album by the band
Helloween, but I need to confirm if this is the correct album and
its recording location. </think>

LLM Reasoning Thoughts:
<think> From the provided context, the relevant
information is in the "Nightfall of Diamonds" text, which
states the album was recorded on October 16, 1989, at
Meadowlands Arena in East Rutherford. </think> 

Query Formulation
Agent

Knowledge
Integration Agent Updated Context

LLM Reasoning Thoughts:

<think> The question specifically asks for the
city, which is East Rutherford. </think> 

Query Formulation
Agent

Knowledge
Integration Agent

Updated
Context

LLM Reasoning Thoughts:

<think> The question specifically
asks for the city, which is East
Rutherford. </think> 

LLM Reasoning Thoughts:
<think> Upon re-reading the context, I see that "Nightfall of
Diamonds" is a double live album by the Grateful Dead. The
text mentions it was recorded on October 16, 1989, at
Meadowlands Arena in East Rutherford. </think> 

Query Formulation
Agent

Knowledge
Integration Agent

Updated
Context

.... .... ....

Retrieval = Yes Retrieval = No Retrieval = NoRetrieval = Yes

Retrieval = Yes Retrieval = Yes Retrieval = YesRetrieval = No Retrieval = No Retrieval = No

Figure 11: Illustration of the proposed binary tree-structured rollout strategy during PPO training. At each reasoning
step, instead of relying on the Retrieval Decision agent to make retrieval decisions, both possible directions, i.e.,
retrieval and non-retrieval, are explicitly explored. For the retrieval branch, the Query Formulation agent and the
Knowledge Integration agent are invoked to update context. If the selected document is already present in the
context, resulting in no context change, the LLM would generate identical reasoning in both branches (highlighted
in purple). In such cases, the retrieval branch is pruned to avoid redundant computation.

policies. Notably, the rewards converge after about1159

60 PPO steps, highlighting the rapid convergence1160

of our training strategy and its ability to achieve1161

strong performance with relatively few updates.1162

E.2 Sensitivity Analysis1163

The system-level reward used in our PPO training is1164

a combination of retrieval quality and final answer1165

accuracy, balanced by a trade-off hyperparameter1166

α. To investigate the effects of α, we vary its value1167

from 0 to 1.0, and train the proxy model accord-1168

ingly. We then evaluate the model’s performance,1169

measured by the average F1 score on the validation1170

set, under different α values, as shown in Figure 10.1171

The results show that the curve remains relatively1172

flat across different α values, suggesting that our1173

training method is not highly sensitive to this hy-1174

perparameter. However, we observe performance1175

drops when α is set to 0 and 1.0, indicating that1176

relying solely on either retrieval recall or answer1177

accuracy leads to suboptimal training. The best1178

performance is achieved when α=0.3, highlighting1179

that a balanced reward combining both retrieval1180

effectiveness and answer quality provides stronger1181

learning signals and leads to better performance.1182

Model HotPotQA 2Wiki MuSiQue Avg.

HippoRAG 74.29∗ 74.01∗ 43.78∗ 64.03
RAPTOR 72.48∗ 61.20∗ 47.47∗ 60.38
SiReRAG 77.36∗ 68.20∗ 52.08∗ 65.88

SPARKLE 75.25∗ 78.38∗ 52.28∗ 68.64

Table 7: Performance (F1%) of SPARKLE and graph
RAG baselines, where ∗ indicates results reported from
the SiReRAG paper. The results of SPARKLE are pro-
duced under SiReRAG’s settings for fair comparison.

E.3 Comparison with Graph RAG Models 1183

We conduct experiments to compare SPARKLE 1184

with recent graph RAG methods, including Hip- 1185

poRAG (Gutiérrez et al., 2024), PAPTOR (Sarthi 1186

et al., 2024) and SiReRAG (Zhang et al., 2025). 1187

To ensure a fair comparison, we adopt the exact 1188

same experimental setups as used in SiReRAG, 1189

including both datasets and model configurations. 1190

In terms of datasets, while SiReRAG also evalu- 1191

ates on HotPotQA, 2Wiki, and MuSiQue, it fol- 1192

lows the setting of HippoRAG, where 1,000 ques- 1193

tions are sampled from each dataset, along with 1194

a subset of the original corpus (see Table 1 in 1195

HippoRAG for details). In our experiments, we 1196
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use the same sampled questions and correspond-1197

ing corpus subsets for consistency. In terms of1198

model configurations, following SiReRAG, we use1199

OpenAI’s text-embedding-3-small as the em-1200

bedding model for retrieval, GPT-4o for answer1201

generation, and GPT-3.5-Turbo to extract knowl-1202

edge triples from documents for KG construction1203

(see Section 5.4 in the SiReRAG paper).1204

Table 7 presents the performance comparison be-1205

tween SPARKLE and graph RAG baselines across1206

three datasets. The results indicate that SPARKLE1207

achieves the highest average F1 score of 68.64%,1208

outperforming the strongest baseline SiReRAG by1209

2.76%. This highlights the effectiveness of our1210

adaptive retrieval framework and structured rea-1211

soning mechanism, which together enable more1212

accurate and efficient knowledge integration than1213

existing graph RAG methods. Notably, SPARKLE1214

achieves a substantial improvement of 4.37% over1215

SiReRAG on 2Wiki. This improvement is likely1216

due to SPARKLE’s dynamic construction of KG-1217

based reasoning chains based on the LLM’s inter-1218

mediate thoughts, which guide both retrieval and1219

knowledge integration in a goal-directed manner.1220

In contrast, graph RAG baselines rely on static1221

graph indices built over the corpus, which can suf-1222

fer from error propagation or noise introduced dur-1223

ing graph construction.1224

E.4 Case Analysis1225

Binary Tree-Structured Rollout Strategy. Fig-1226

ure 11 illustrates a concrete example of our binary1227

tree-structured rollout strategy during PPO train-1228

ing. At each reasoning step, instead of relying on1229

the Retrieval Decision agent to make a single re-1230

trieval decision, we explicitly explore both possible1231

branches, i.e., retrieval and non-retrieval, to con-1232

struct a binary reasoning tree. This enables the1233

proxy model to explore a broader space of trajecto-1234

ries and acquire more informative reward signals1235

for learning effective retrieval policy.1236

While the Retrieval Decision agent is not acti-1237

vated during rollout, the retrieval decision on each1238

branch is recorded and used for policy optimisa-1239

tion. In contrast, during inference, we do not per-1240

form branching and directly leverage the learned1241

Retrieval Decision agent to make a single determin-1242

istic decision at each step.1243

End-to-End Inference. To better illustrate the end-1244

to-end inference process of SPARKLE, we present1245

four case studies (Tables 8-11) that show how the1246

three agents within SPARKLE, i.e., Retrieval De- 1247

cision, Query Formulation and Knowledge Inte- 1248

gration, interact with the LLM and the retriever to 1249

handle different types of questions. 1250

Tables 8-10 present successful inference trajec- 1251

tories for multi-hop, single-hop, and commonsense 1252

questions, respectively. In Table 8, the two-hop 1253

question triggers two retrievals, with each corre- 1254

sponding to an intermediate information need. In 1255

contrast, the single-hop question in Table 9 requires 1256

only a single retrieval, while the commonsense 1257

question in Table 10 is answered entirely using 1258

the LLM’s internal knowledge without invoking 1259

retrieval. These examples demonstrate that the Re- 1260

trieval Decision agent effectively identifies when 1261

external information is needed, triggering retrieval 1262

only when the LLM’s current context is insufficient. 1263

Conversely, when the LLM is engaged in interpret- 1264

ing the question or reasoning over existing context, 1265

the agent appropriately suppresses retrieval to avoid 1266

unnecessary overhead. Moreover, the Query For- 1267

mulation and Knowledge Integration agents can 1268

also generate targeted queries and accurately incor- 1269

porate relevant content into the context, enabling 1270

the LLM to progressively refine its reasoning and 1271

arrive at the correct answer. 1272

Table 11 presents a failure case where SPARKLE 1273

is unable to correctly answer the question due to 1274

insufficient retrieved information. In this case, the 1275

Retrieval Decision agent successfully identifies the 1276

need for external information, and the Query For- 1277

mulation agent generates a relevant and precise 1278

query. However, due to the absence of necessary 1279

knowledge in the retrieval corpus, the system fails 1280

to obtain the correct answer. This highlight a key 1281

limitation of relying on a single static corpus and 1282

suggests that incorporating multiple knowledge 1283

sources, such as web-based retrieval, could be a 1284

promising direction for enhancing the systems’s 1285

coverage and robustness. 1286
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Question: Who is the spouse of the director of film The Promise (1995 Film)?
Ground Truth: Volker Schlöndorff

LLM: <think> To answer this question, I need to identify the director of the 1995 film "The Promise". </think>

Retrieval Decision Agent: Yes (retrieval is required)

Query Formulation Agent:
Step 1: Reasoning Chain: <"The Promise (1995 Film)"; directed by; [unknown director]>
Step 2: Knowledge Gaps: To continue answering the question, we need to know: Who directed the film "The
Promise" (1995)? Identifying the director will allow us to find out who their spouse is.
Step 3: Retrieval Query: Who directed the film "The Promise" (1995)?

Retriever:
Doc 1 (The Promise (1995 film)): The Promise is a 1995 German-language film directed by Margarethe von Trotta.
It was an international co-production ... but did not receive a nomination.
...

Knowledge Integration Agent:
<The Promise (1995 film); director; Margarethe von Trotta> → update context with Doc 1

LLM: <think> From the context, it states "The Promise is a 1995 German-language film directed by Margarethe
von Trotta." </think>

Retrieval Decision Agent: No (retrieval is not required)

LLM: <think> Now, I need to find out who Margarethe von Trotta’s spouse is. </think>

Retrieval Decision Agent: Yes (retrieval is required)

Query Formulation Agent:
Step 1: Reasoning Chain: <"The Promise (1995 Film)"; directed by; Margarethe von Trotta>, <Margarethe von
Trotta; has spouse; [unknown]>
Step 2: Knowledge Gaps: To continue answering the question, we need to know: Who is Margarethe von Trotta’s
spouse? Identifying her spouse will provide the answer to the question.
Step 3: Retrieval Query: Who is Margarethe von Trotta’s spouse?

Retriever:
Doc 1 (Title: Margarethe von Trotta): Margarethe von Trotta (born 21 February 1942) is a German film director
who has been referred to as a "leading force" of the New German Cinema movement... She was married to and
collaborated with director Volker Schlöndorff... Nevertheless, she rejects the suggestion that she makes "women’s
films".
...

Knowledge Integration Agent:
<Margarethe von Trotta; spouse; Volker Schlöndorff> → update context with Doc 1

LLM: <think> The context mentions "She was married to and collaborated with director Volker Schlöndorff."
</think>

Retrieval Decision Agent: No (retrieval is not required)

LLM: <think> Therefore, the spouse of the director of the 1995 film "The Promise" is Volker Schlöndorff.
</think>

Retrieval Decision Agent: No (retrieval is not required)

LLM: <answer> Volker Schlöndorff </answer>

Table 8: A case study (successfully) demonstrating how SPARKLE performs multi-step reasoning and adaptive
retrieval to answer a multi-hop question, where the proxy model accurately determines when retrieval is required,
formulates targeted queries, and integrates retrieved knowledge to guide the LLM toward the correct answer.
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Question: who did corbin dance with on dancing with the stars
Ground Truth: Karina Smirnoff

LLM: <think> The question is asking about a specific dance partner on the show "Dancing with the Stars." I
need to recall which celebrity Corbin Bleu was paired with during his time on the show. </think>

Retrieval Decision Agent: Yes (retrieval is required)

Query Formulation Agent:
Step 1: Reasoning Chain: <Corbin Bleu; participated in; Dancing with the Stars>, <Corbin Bleu; danced with;
[unknown]>
Step 2: Knowledge Gaps: To continue answering the question, we need to know: Who was Corbin Bleu paired with
on "Dancing with the Stars"? This specific information will directly answer the question.
Step 3: Retrieval Query: Who was Corbin Bleu paired with on "Dancing with the Stars"?

Retriever:
Doc 1 (Title: Corbin Bleu): He competed in the 17th season of "Dancing with the Stars", partnered with professional
dancer Karina Smirnoff. He has also pursued a music career, and released his debut album "Another Side" on May
1, 2007, which included the single "Push It to the Limit ...

Doc 2 (Title: Corbin Bleu): Bleu also revealed it will feature a little "tap section" at the end, and because Smirnoff
had never tapped before, he was thrilled to be able to teach her something for once. On October 18, 2013, appeared
with his professional dancer Karina Smirnoff on "The Ellen DeGeneres Show" ...
...

Knowledge Integration Agent:
<Corbin Bleu; partnered with; professional dancer Karina Smirnoff> → update context with Doc 1

LLM: <think> Looking through the provided texts, I see that Corbin Bleu is mentioned in the context of
"Dancing with the Stars" season 17. </think>

Retrieval Decision Agent: No (retrieval is not required)

LLM: <think> The text clearly states that Corbin Bleu was partnered with Karina Smirnoff. </think>

Retrieval Decision Agent: No (retrieval is not required)

LLM: <answer> Karina Smirnoff </answer>

Table 9: A case study (successfully) demonstrating how SPARKLE performs adaptive retrieval to answer single-hop
question, where the retrieval is only triggered once to retrieve necessary information.

Question: what is the common name for gravitational force?
Ground Truth: Gravity

LLM: <think> The question is asking for the common name of gravitational force. I need to recall the basic
physics terminology related to gravity. </think>

Retrieval Decision Agent: No (retrieval is not required)

LLM: <think> Gravitational force is the fundamental force of attraction between any two masses in the universe.
It’s a well-known concept in physics. </think>

Retrieval Decision Agent: No (retrieval is not required)

LLM: <think> The common name for gravitational force in everyday language is simply "gravity." </think>

Retrieval Decision Agent: No (retrieval is not required)

LLM: <answer> gravity </answer>

Table 10: A case study (successfully) demonstrating how SPARKLE handles commonsense question, where no
retrieval is involved and the LLM relies on its internal knowledge to answer the question.
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Question: Where was the place of death of Beata Łaska Z Kościeleckich’s father?
Ground Truth: Kraków

LLM: <think> The question asks about the place of death of Beata Łaska Z Kościeleckich’s father. I need to
recall information about Beata Łaska Z Kościeleckich and her father’s details. </think>

Retrieval Decision Agent: Yes (retrieval is required)

Query Formulation Agent:
Step 1: Reasoning Chain: <Beata Łaska Z Kościeleckich; has father; [unknown]>
Step 2: Knowledge Gaps: To continue answering the question, we need to know: What is the name of Beata Łaska
Z Kościeleckich’s father? Identifying him will allow us to find out where he died.
Step 3: Retrieval Query: What is the name of Beata Łaska Z Kościeleckich’s father?

Retriever:
Doc 1 (Beata Łaska z Kościeleckich): Beata Łaska z Kościeleckich (1515-1576), was a Polish magnate heiress.
She was reputed to be the illegitimate daughter of king Sigismund I the Old. She was the daughter of Andrzej
Kościelecki and Katarzyna Telniczanka and married to Illia Ostrogski (d. 1539) in 1539, and Olbracht Łaski in
1564. ...
...

Knowledge Integration Agent:
<Beata Łaska z Kościeleckich; father; Andrzej Kościelecki> → update context with Doc 1

LLM: <think> From the text, I know Beata Łaska Z Kościeleckich was a Polish magnate heiress. She was the
daughter of Andrzej Kościelecki and Katarzyna Telniczanka. However, there is no information provided about the
place of death of her father. </think>

Retrieval Decision Agent: Yes (retrieval is required)

Query Formulation Agent:
Step 1: Reasoning Chain: <Beata Łaska Z Kościeleckich; is daughter of; Andrzej Kościelecki>, <Andrzej
Kościelecki; has place of death; [unknown]>
Step 2: Knowledge Gaps: To continue answering the question, we need to know: What was the place of death
of Andrzej Kościelecki? This information will provide the answer to the question regarding Beata Łaska Z
Kościeleckich’s father’s place of death.
Step 3: Retrieval Query: What was the place of death of Andrzej Kościelecki?

Retriever:
Doc 1 (Title: Mieczysław Kościelniak): Mieczysław Kościelniak( 29 January 1912 in Kalisz – 5 March 1993 in
Słupsk) was a Polish painter, graphic designer, and draftsman, brother of Władysław and Tadeusz Kościelniak.
Already a prominent artist, he was arrested in 1941 and sent to the Auschwitz concentration camp...

Doc 2 (Title: Andrzej Kościelecki): Andrzej Jędrzej Kościelecki (b. 1455–1515) was a Marshal of the household
of Cardinal Fryderyk Jagiellończyk, starosta of Bydgoszcz from 1485, starosta of Świecie from 1487, Marshal
of the Court from 1501, starosta of Spiš from 1507, Castellan of Wiślica and Biecz from 1508, Żupnik of
Wieliczka–Bochnia from 1508, Podskarbi from 1509, starosta of Oświęcim from 1509, starosta of Inowrocław from
1510, starosta of Nowy Sącz from 1512, starosta of Zator from 1513, Castellan of Wojnicz from 1513, Gran Steward
and the burgrave of Kraków. He was born in Kościelec. He is one of the characters on the famous painting by Jan
Matejko "Prussian Homage".

Doc 3 (Title: Andrzej Kotkowski): Andrzej Kotkowski( 17 February 1940 – 15 January 2016) was a Polish film
director and screenwriter. He directed seventeen films between 1972 and 2009.
...

Knowledge Integration Agent:
<Andrzej Kościelecki; birth place; Kościelec> → update context with Doc 2

LLM: <think> Since the provided texts do not contain information about the place of death of Beata Łaska Z
Kościeleckich’s father, I cannot determine the answer from the given context. </think>

Retrieval Decision Agent: No (retrieval is not required)

LLM: <answer> Unknown </answer>

Table 11: A case study (failed) demonstrating how SPARKLE fails to answer a question with insufficient retrieved
information.
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