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Abstract
Recently, Retrieval Augmented Generation (RAG) has shifted fo-
cus to multi-retrieval approaches to tackle complex tasks such as
multi-hop question answering. However, these systems struggle to
decide when to stop searching once enough information has been
gathered. To address this, Zhou et al. [52] introduced Metacognitive
Retrieval Augmented Generation (MetaRAG), a framework inspired
by metacognition that enables Large Language Models to critique
and refine their reasoning. In this replicability paper, we replicate
MetaRAG following its original experimental setup and extend it
in two directions: (i) by evaluating the effect of PointWise and
ListWise rerankers, and (ii) by comparing with SIM-RAG, which
employs a lightweight critic model to stop retrieval. Our results
confirm MetaRAG’s relative improvements over standard RAG and
reasoning-based baselines, but also reveal lower absolute scores
than reported, reflecting challenges with closed-source LLM up-
dates, missing implementation details, and unreleased prompts. We
show that MetaRAG is partially replicated, gains substantially from
reranking, and is more robust than SIM-RAG when extended with
additional retrieval features.
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1 Introduction
Metacognition is the ability to reflect on and critique one’s own
cognitive processes [19]. It enables individuals to notice gaps in
understanding, judge whether additional information is needed,
and adjust their strategies to reach more reliable conclusions. This
self-awareness is fundamental in tasks that demand several rea-
soning steps across multiple pieces of information, allowing errors
to be detected and planning strategies to be refined [19, 34]. Such
ability is important because it helps to maintain reasoning that
stays focused on the question rather than drifting to irrelevant
details, and that remains consistent when integrating new or con-
flicting information [7]. However, although modern LLMs employ
implicit control mechanisms such as routing or model selection,
they typically generate responses without explicit self-reflection or
awareness of their own knowledge limitations [23, 37].

Inspired by the concept of metacognition, Zhou et al. [52] pro-
posed MetaRAG, a framework that enables RAG systems to monitor
and critique their own reasoning before further retrieval is required.
While other reasoning-oriented approaches such as CoT [44], Re-
Act [47], or Self-Ask [30] focus on guiding the reasoning process,
they do not explicitly implement metacognitive control. This dis-
tinction remains important because multi-stage retrieval systems
must regulate additional retrieval to avoid unnecessary overhead,
latency, and cost, especially in large-scale and industrial settings.
In this replicability paper, we replicate MetaRAG’s results under a
comparable setup and further investigate how aspects such as doc-
ument ordering relate to metacognitive reasoning in LLMs through
reranker models.

In this work, we formulate and address the following research
questions:

- RQ1: How replicable are the results of MetaRAG?
While the original MetaRAG paper reports strong results on

multi-hop Question-Answering (QA) tasks [25], its replicability
remains uncertain [20]. For example, the code and prompts for the
baseline implementations are not fully available, and the underly-
ing LLMs have evolved since the study was published1. Moreover,
some aspects of the original setup remain unclear, such as how
sparse and dense retrieval are combined in the implementation
and described in the paper [52]. Because MetaRAG represents an
important step toward integrating metacognitive control into RAG
systems, we aim to re-examine how it performs under current ex-
perimental conditions, including updated LLM backends, retrieval
implementations, and incomplete or underspecified setup details.

-RQ2: Can rerankermodels improve the performance ofMetaRAG?

1https://platform.openai.com/docs/deprecations#2023-11-06-chat-model-updates
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In the human reasoning process for answering complex ques-
tions, we first prioritize information and then reflect on it [27]. Simi-
larly, while MetaRAG critiques its own reasoning, it does not explic-
itly address the quality or ordering of retrieved documents. Since
reranker models help reduce noise and control order [6, 26, 49], we
investigate whether integrating them into MetaRAG enhances its
overall reasoning and answer quality.

- RQ3: How does MetaRAG compare to other metacognitive
RAG frameworks, such as SIM-RAG?

While MetaRAG investigates metacognition in multi-hop QA,
the comparative impact of different metacognitive mechanisms on
retrieval and reasoning is still not well understood. For example,
Yang et al. [45] argue that multi-round retrieval RAG systems do
not know when they have gathered enough information to an-
swer a question. They propose SIM-RAG, a framework that adds
a lightweight critic module which continuously checks if enough
information has been retrieved, helping the system decide when to
stop searching and start reasoning.We therefore compareMetaRAG
with SIM-RAG to better understand how different forms of metacog-
nition control influence retrieval stopping and reasoning perfor-
mance.

Main Contributions. Our main contributions are summarized
as follows: (1) we conduct a replicability study of the MetaRAG
framework, focusing on evaluating its performance on QA tasks
and comparing it with other baselines, (2) we extend MetaRAG
with rerankers, finding performance gains by reducing noise and
mitigating the effects of document reordering, and (3) we com-
pare MetaRAG with SIM-RAG and show that MetaRAG, especially
when combined with rerankers, performs more robustly. To sup-
port further research, we release our code2 and experimental setup,
including baselines.

2 Related Work
RAG has become a central paradigm for enhancing LLMs by inject-
ing external information, which extends their internal knowledge
and addresses common issues such as hallucinations and unverifi-
able answers [10, 21]. Early RAG systems employed single-retrieval
strategies [8, 10, 21, 51] to answer simple queries, such as factual
questions, but these approaches fall short for multi-hop QA tasks
that require several reasoning steps to produce high-quality an-
swers. To overcome these challenges, research has shifted towards
multi-retrieval frameworks [17, 18, 40, 47], in which the retrieval
stage is invoked iteratively during reasoning or generation. Gener-
ally, these approaches can be broadly divided into passive retrieval,
decompositional calls, and dynamic schemes controlled by LLMs.

Passive Retrieval. In these approaches, retrieval is triggered on a
fixed schedule (e.g., after every sentence or token count), regardless
of whether the system needs to retrieve information at that moment.
For example, Khandelwal et al. [17] enhance traditional language
models by consulting a datastore of past contexts to recall similar
contexts for informing the next predictions. Similarly, Trivedi et al.
[40] introduced IR-CoT, which performs retrieval after every Chain
of Thought (CoT) reasoning step.

Decompositional Queries. In these systems, complex queries are
divided into sub-questions, each triggering a dedicated retrieval

2https://anonymous.4open.science/r/sigir2026-replicability-4B48/

process, the results of which are later aggregated. Khot et al. [18]
proposed that rather than solving a complex problem all at once,
the original question should be decomposed into a sequence of
simpler sub-queries, with each sub-question performing retrieval
independently.

Retrieval controlled by LLMs. In these frameworks, retrieval is
guided by the reasoning steps of LLMs. For example, ReAct [47]
combines CoT reasoning to develop a series of thoughts that influ-
ence actions in an environment, including retrieval, to obtain more
information at each specific step in the reasoning process. Further-
more, the synergy of these “reasoning” frameworks and iterative
retrieval has enabled RAG systems to address more complex tasks,
such as multi-hop QA.

Recent work on multi-hop QA has focused on improving reli-
ability and control in RAG particularly in the presence of noisy
retrieval and over-searching. Prompt-based strategies such as Self-
Consistency [43] and Context Repetition (CoRe) [48], as well as
fine-tuning approaches with external critics, aim to guide the rea-
soning process beyond a single retrieve–generate step. Among
these approaches, SIM-RAG [45] introduces a lightweight classifier
trained on synthetic data to determine whether additional retrieval
is required. This design enables adaptive retrieval decisions but
provides only an implicit form of self-monitoring, as the under-
lying reasoning errors or evidence deficiencies are not explicitly
diagnosed.

MetaRAG [52] explicitly models metacognition through a struc-
tured monitor–evaluate–plan loop, allowing the system to identify
reasoning issues, assess evidence sufficiency, and decide whether
to continue retrieval. This explicit formulation places MetaRAG
within a broader line of agentic and multi-round retrieval frame-
works [1, 37, 41, 47], and makes it a particularly relevant case for
studying the replicability of metacognitive control mechanisms
under modern IR systems.

3 Metacognitive RAG Frameworks
To contextualize our study, we first describe the general struc-
ture of metacognitive RAG systems [52]. These frameworks extend
the standard retrieve-then-generate [21] paradigm by introducing
a metacognitive loop that enables the model to reflect on its own
reasoning process before finalizing an answer.

Figure 1 illustrates this generalmetacognitive architecture, which
operates across two complementary spaces:

• Cognitive Space (CS). This space corresponds to the stan-
dard RAG workflow. A Retriever Module fetches relevant
documents from an external knowledge base given a ques-
tion, which are then combined with the question and passed
to CS Reasoner Module. This module performs the initial
reasoning step, interpreting the evidence and generating a
candidate answer along with its underlying rationale.

• Metacognitive Space (MS). In this space, a Critic Module
examines the candidate answer produced by CS Reasoner
Module, assessing its coherence, confidence, and complete-
ness. If the rationale is insufficient, the critic invokes MS
Reasoner Module to refine the reasoning process, which
may involve rewriting the question, requesting additional

2

https://anonymous.4open.science/r/sigir2026-replicability-4B48/


233

234

235

236

237

238

239

240

241

242

243

244

245

246

247

248

249

250

251

252

253

254

255

256

257

258

259

260

261

262

263

264

265

266

267

268

269

270

271

272

273

274

275

276

277

278

279

280

281

282

283

284

285

286

287

288

289

290

A Replicability Study of
Metacognitive Retrieval-Augmented Generation Conference acronym ’XX, June 03–05, 2018, Woodstock, NY

291

292

293

294

295

296

297

298

299

300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

Figure 1: General architecture of metacognitive RAG systems. In the Cognitive Space (CS), the Retriever Module fetches relevant
documents based on the question, which are then integrated by the CS Reasoner Module to produce a candidate answer. In the
Metacognitive Space (MS), the Critic Module evaluates this rationale and, if necessary, delegates to the MS Reasoner Module to
refine the reasoning or reformulate a new question for additional retrieval.

retrieval, or revising the generated answer before finaliza-
tion.

This general pipeline serves as the foundation for the specific
frameworks analyzed in this study.

3.1 MetaRAG
MetaRAG implements metacognitive control through an explicit
monitor–evaluate–plan loop in the MS, which determines whether
the current answer should be accepted, refined, or supported by
additional retrieval.

• Monitoring. Given a question 𝑞 and retrieved passages 𝐷𝑞 ,
the CS produces an answer 𝑦, while an “expert” QA model
generates a reference answer𝑦′. A similarity score between
𝑦 and 𝑦′ is computed, and metacognitive evaluation is trig-
gered only when this score falls below a predefined thresh-
old; otherwise, the answer is accepted directly.

• Evaluation.When it is activated, the Critic module diag-
noses why the current answer may be unreliable. Internal
knowledge sufficiency is assessed by prompting the LLM,
while external knowledge sufficiency is evaluated using an
NLI model that verifies whether the retrieved passages en-
tail the required information. In addition, the Critic Module
checks for common reasoning errors such as incomplete or
inconsistent use of evidence.

• Planning. Based on the evaluation outcome, MetaRAG
selects the next action. If knowledge is insufficient, the
system reformulates the question by explicitly targeting
missing information and retrieves additional documents.
If knowledge is sufficient but the reasoning is flawed, the
system revises unsupported reasoning steps or adjusts the
reliance on internal versus external knowledge. This loop
repeats until the answer is accepted or a maximum number
of iterations is reached.

3.2 SIM-RAG
Instead of employing an explicit monitor–evaluate–plan loop as
in MetaRAG, SIM-RAG [45] introduces a lightweight critic mod-
ule that continuously judges whether enough evidence has been
retrieved to answer a question. This critic is trained to signal when
retrieval should stop, thereby preventing unnecessary or noisy re-
trieval rounds. While MetaRAG emphasizes explicit self-reflection
and reasoning refinement, SIM-RAG focuses on efficient retrieval
control through implicit metacognitive signals. In this study, we
do not aim to replicate SIM-RAG, but include it as a comparative
metacognitive framework to better contextualize the strengths and
weaknesses of MetaRAG under similar experimental conditions.

4 Experimental setting
4.1 Datasets and Evaluation Metrics
Following the original paper, we conduct experiments on two multi-
hop QA collections: HotpotQA [46] and 2WikiMultiHopQA [39].
HotpotQA contains over 100KWikipedia-based questions that often
require reasoning across two or more passages, while 2WikiMul-
tiHopQA provides 193K questions explicitly designed to enforce
multi-hop reasoning across multiple documents. Both datasets are
open-domain and rely on the Wikipedia corpus.

To remain consistent with the original MetaRAG configuration,
we evaluate all methods on 500 examples sampled from the de-
velopment (dev) set of each collection. These samples are pub-
licly available in our repository3. This evaluation protocol follows
common practice in prior RAG works [11, 12, 22, 45, 52], where
full-dataset evaluation is often infeasible due to computational
constraints. Since the original MetaRAG code does not release the
exact development subsets used, we randomly sample 500 examples
from each dev set. We further adopt the same evaluation metrics
as the original paper to assess the performance of MetaRAG and
all other frameworks in this paper. At the answer level, we use
exact match (EM) [2], which counts a prediction as correct only if

3https://anonymous.4open.science/r/sigir2026-replicability-4B48/data/README.md
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it matches the gold answer string exactly, with no extra or missing
words. At the token level, we use token-level F1, Precision (Prec.),
and Recall (Rec.).

4.2 Baselines and SIM-RAG
The original MetaRAG paper does not release the code or prompts
for its baseline methods, nor does it describe how these baselines
are adapted for a fair comparison with MetaRAG. In particular, it
remains unclear how each reasoning frameworks [35] is integrated
with the retrieval component. For example, ReAct [47] interleaves
reasoning steps with retrieval actions, but the MetaRAG paper does
not specify how this action interface interacts with the index or
how it is managed across iterations. Similarly, the prompting setup
used in these baselines is not documented, even though perfor-
mance in reasoning-oriented methods strongly depends on prompt
design [35]. To ensure a consistent and transparent comparison,
we re-implement all baselines in LangChain4, explicitly defining
how each method interacts with the retriever and adapting their
prompts based on the descriptions in their respective papers. All
baseline methods are evaluated using a fixed few-shot prompting
setup to reduce prompt sensitivity.

The baselineswe include are: Standard Prompting, where the LLM
generates answers without retrieval; Standard RAG [21], which
concatenates a fixed set of retrieved passages with the question;
CoT [44], which guides the model to produce explicit reasoning
steps; ReAct [47], which interleaves reasoning steps with exter-
nal actions; Self-Ask [30], which decomposes complex queries into
sub-questions; IR-CoT [40], which interleaves retrieval with CoT
reasoning to incrementally gather evidence during multi-hop infer-
ence; FLARE [12], which adaptively triggers retrieval based on the
model’s uncertainty during generation; and Reflexion [37], which
enables iterative self-critique and refinement of answers. In addi-
tion to the baselines, we include SIM-RAG [45] not as a baseline
but as a comparative framework, since it represents a RAG system
that explicitly integrates metacognitive principles. SIM-RAG was
introduced at SIGIR 2025, and we use the official implementation
released by the authors, with minor adaptations to ensure a fair
comparison with our MetaRAG setup.

4.3 Experimental Setup
We follow the experimental protocol described in the MetaRAG
paper, with some adaptations to ensure clarity and replicability.
This section details the LLMs used, retrieval and metacognitive
configurations, reranking strategies, and the comparison with SIM-
RAG.

4.3.1 Language Models. We use gpt-3.5-turbo-16k5 (GPT-3.5)
as the LLM, accessed through the OpenAI API6. The same LLM
serves as the Reasoner model in both the CS and the MS. This
corresponds to the closed-source model adopted in the original
MetaRAG paper. Additionally, to assess generalization to open-
source LLMs, we use Llama-3.3:70B7 (Llama3.3) as the Reasoner
model across both spaces. All Llama3.3 experiments are run on a

4https://www.langchain.com/
5https://platform.openai.com/docs/models
6https://platform.openai.com/docs/overview
7https://ollama.com/library/llama3.3:70b

server equipped with four NVIDIA A100 SXM4 GPUs (40 GB VRAM
each) and 514 GB of system memory, enabling efficient inference
in a quantized setup. Both LLMs are configured with a temperature
of 0.

4.3.2 Retrieval Setup. The original MetaRAG paper describes a
hybrid retrieval setup that combines BM25 [33] as a sparse retriever
with E5 [42] as a dense retriever. However, neither the paper nor the
released codebase provides sufficient implementation details to fully
replicate how these two retrieval signals are combined. To remain
faithful to the intended hybrid design while ensuring replicability,
we implement sparse–dense fusion from scratch using Reciprocal
Rank Fusion (RRF) [4]. Sparse retrieval is performed using BM25
implemented in Lucene via Pyserini8, while dense retrieval relies
on E5 embeddings indexed with FAISS9. Both retrievers are built
over the same Wikipedia dump [16], which serves as the shared
document collection for indexing. For each question, we indepen-
dently retrieve the top 100 documents from the sparse and dense
retrievers and merge the resulting ranked lists using RRF. After
fusion, we retain the top five passages, which are passed to the
answer generation and downstream reasoning components.

While the original SIM-RAG [45] implementation employs a
custom retriever and corpus built with ElasticSearch10, we replace
this component with our Pyserini–FAISS hybrid retrieval pipeline.
This modification guarantees that both MetaRAG and SIM-RAG
operate under identical retrieval conditions.

4.3.3 Metacognitive Space Configuration. In the MS, we replicate
the configuration described in the MetaRAG paper. A fine-tuned
T5-large11 model is used as the expert for the monitoring stage.
The judgment threshold is set to 0.4, which triggers the evaluation
phase and allows a maximum of five iterations per question. For the
evaluation and planning stages from the MetaRAG framework, we
employ the same NLI T5-XXL12 model used in the original study.
This configuration enables MetaRAG to assess evidence sufficiency,
detect reasoning errors, and decide whether additional retrieval or
reasoning refinement is required.

4.3.4 Reranking Strategies. To analyze the impact of reranking on
MetaRAG, we evaluate two reranking configurations: PointWise and
ListWise rerankers. Reranking is applied after each retrieval round,
and the top five reranked documents are concatenated and passed
to the LLM for answer generation. In the PointWise setting, each
document–question pair is scored independently by the reranker,
and the top-k passages are selected based on their individual rele-
vance scores. We evaluate three widely used PointWise rerankers:
MiniLM13, BGE14 [3], and ModernBERT 15 [24, 50]. In contrast, the
ListWise configuration jointly evaluates the full set of retrieved pas-
sages, allowing the model to consider inter-document relationships
during ranking. For this setting, we employ RankGPT [38], Zephyr
[29], and Vicuna [36], implemented through the RankLLM16 library
8https://github.com/castorini/pyserini
9https://github.com/facebookresearch/faiss
10https://github.com/elastic/elasticsearch
11https://huggingface.co/gaussalgo/T5-LM-Large_Canard-HotpotQA-rephrase
12https://huggingface.co/google/t5_xxl_true_nli_mixture
13https://huggingface.co/cross-encoder/ms-marco-MiniLM-L12-v2
14https://huggingface.co/BAAI/bge-reranker-v2-m3
15https://huggingface.co/Alibaba-NLP/gte-reranker-modernbert-base
16https://github.com/castorini/rank_llm

4

https://www.langchain.com/
https://platform.openai.com/docs/models
https://platform.openai.com/docs/overview
https://ollama.com/library/llama3.3:70b
https://github.com/castorini/pyserini
https://github.com/facebookresearch/faiss
https://github.com/elastic/elasticsearch
https://huggingface.co/gaussalgo/T5-LM-Large_Canard-HotpotQA-rephrase
https://huggingface.co/google/t5_xxl_true_nli_mixture
https://huggingface.co/cross-encoder/ms-marco-MiniLM-L12-v2
https://huggingface.co/BAAI/bge-reranker-v2-m3
https://huggingface.co/Alibaba-NLP/gte-reranker-modernbert-base
https://github.com/castorini/rank_llm


465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

480

481

482

483

484

485

486

487

488

489

490

491

492

493

494

495

496

497

498

499

500

501

502

503

504

505

506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

521

522

A Replicability Study of
Metacognitive Retrieval-Augmented Generation Conference acronym ’XX, June 03–05, 2018, Woodstock, NY

523

524

525

526

527

528

529

530

531

532

533

534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

558

559

560

561

562

563

564

565

566

567

568

569

570

571

572

573

574

575

576

577

578

579

580

[36], which provides ListWise reranking interfaces for LLMs. In
our setup, RankGPT uses gpt4o_mini17 as the underlying LLM
for ListWise reranking. We understand that ListWise reranking
introduces additional computational cost compared to PointWise
or retrieval-only setups, particularly for RankGPT, which relies on
a proprietary LLM. However, since our goal is to analyze the impact
of reranking on MetaRAG rather than optimize for efficiency, we
do not prioritize computational cost in this setup.

4.3.5 SIM-RAG Critic Model. For the SIM-RAG critic, we use SIM-
RAG-Llama3-2B18, a 2B-parameter Llama 319 model adapted for
general-purpose inference. It is fine tuned on several multi-hop QA
benchmarks, including TriviaQA [14], HotpotQA [46], 2WikiMulti-
HopQA [9], PopQA [31], and Musique [40].

5 Results and Discussion
This section presents our replication results for MetaRAG and dis-
cusses how they differ from the original study. We then examine
diagnostic signals, threshold sensitivity, the impact of rerankers,
and a comparison between MetaRAG and SIM-RAG in terms of
accuracy and efficiency.

5.1 Replicability of MetaRAG
To answer RQ1, we first investigate to what extent the results of
MetaRAG can be replicated under a setup that closely follows the
configuration reported in the original paper. Our replicated results
show that, although absolute performance is generally lower than
that reported in the original study, the relative trends are preserved.
In particular, MetaRAG consistently outperforms all baseline meth-
ods across both HotpotQA and 2WikiMultiHopQA, including self-
critique approaches such as Reflexion, as it is depicted in Table 1.
This indicates that the core monitor–evaluate–plan mechanism pro-
posed in MetaRAG remains effective under replicated conditions.
However, we observe some differences in absolute performance,
particularly on 2WikiMultiHopQA, where the gap between the orig-
inal and replicated results is larger than on HotpotQA. Additionally,
several baselines also achieve higher scores than originally reported,
which may reflect changes in the underlying GPT-3.5 model over
time due to deprecations and improvements20, introducing addi-
tional variability that hinders replicability with proprietary LLMs.
We observe that Self-Ask performs worse than Standard RAG in
our replicated GPT-3.5 experiments, which differs from the results
reported in prior work. Rather than indicating an implementation
error, the discrepancy may stem from the fact that the Self-Ask
baseline prompt used in the original MetaRAG experiments is not
publicly released. Consequently, we attempt to approximate the
prompt based on the description provided in the Self-Ask paper [30].
Since LLMs are known to be highly sensitive to even small changes
in prompt wording and formatting [20, 32, 35], such differences
can influence how sub-questions are generated and how retrieval
is triggered, ultimately affecting final answer quality.

17https://platform.openai.com/docs/models/gpt-4o-mini
18https://huggingface.co/dyang39/SIM-RAG-Llama3-2B
19https://huggingface.co/andrijdavid/Llama3-2B-Base
20https://platform.openai.com/docs/deprecations#2023-11-06-chat-model-updates

5.2 Diagnostic Analysis
The difference between the original and replicated results, particu-
larly on 2WikiMultiHopQA, motivates a deeper diagnostic analysis.
We examineMetaRAG’s evaluation signals onHotpotQA and 2Wiki-
MultiHopQA, including: (i) an LLM-based assessment of whether a
question can be answered using internal knowledge alone, (ii) an
auxiliary LLM-based judgment of whether the retrieved documents
are sufficient, and (iii) the NLI critic used to verify whether the
retrieved documents entail the generated answer. Table 2 high-
lights clear differences between the two datasets. While HotpotQA
contains a noticeable portion of questions answerable using in-
ternal knowledge, 2WikiMultiHopQA is almost entirely retrieval-
dependent. Moreover, when retrieval is required, the LLM more
often judges the retrieved documents sufficient on HotpotQA than
on 2WikiMultiHopQA, indicating that the initial top-k retrieval doc-
uments more frequently fails to provide clearly sufficient evidence
on 2WikiMultiHopQA.

In contrast, the NLI critic validates a larger fraction of answers
than the LLM’s sufficiency judgment on both datasets. This sug-
gests that relevant evidence is frequently present in the retrieved
context but not easily recognized as sufficient prior to multi-hop
reasoning by LLMs. The effect is particularly pronounced on 2Wiki-
MultiHopQA, where many questions are not clearly solvable with
the current evidence, so the system hesitates between stopping and
continuing the reasoning process.

5.3 Sensitivity to the Metacognitive Threshold
Our diagnostic analysis in Table 2 shows that nearly all questions
in both datasets require external retrieval, with a notably larger
gap on 2WikiMultiHopQA. Since MetaRAG relies on a confidence
threshold to decide when to transition into the MS, this parameter
controls how often additional retrieval and refinement are triggered.
Given the high proportion of retrieval-dependent cases, this control
mechanism may substantially affect performance. To examine its
impact, we vary the threshold on the same 500-question subset of
2WikiMultiHopQA using GPT-3.5, while keeping all other com-
ponents fixed. The results are reported in Table 3. We find that
MetaRAG is highly sensitive to this parameter, as lower thresh-
olds reduce transitions into the MS and additional retrieval calls,
while improving answer quality. In the original MetaRAG paper, the
threshold is set to 0.4, which yields the best results under their setup.
In contrast, our replication, answer quality (e.g., EM/F1) peaks at
a threshold of 0.2, whereas further lowering the threshold to 0.1
results in decreased performance, even though it reduces retrieval
and generation calls. One possible explanation is that GPT-3.5 has
evolved21 since the original study, potentially strengthening its in-
ternal knowledge. As a result, the original threshold configuration
may no longer be optimal, and repeatedly triggering metacognitive
control may provide limited additional benefit.

Notably, this analysis does not contradict our earlier diagnostic
findings in Table 2. Although the LLM frequently judges the re-
trieved context as insufficient, the NLI critic validates a much larger
portion of answers, indicating that the necessary evidence is often
already present. The bottleneck therefore appears to lie in how
evidence is connected across hops rather than in its availability.
21https://platform.openai.com/docs/deprecations#2023-11-06-chat-model-updates
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Data Method Retr. Multi. Critic
Original Replicated

EM F1 Prec. Rec. EM F1 Prec. Rec.
H
ot
po

tQ
A

Standard Prompting × × × 20.0 25.8 26.4 28.9 26.4* 36.6* 39.4* 35.2*
Chain of Thought × × × 22.4 34.2 33.9 46.0 26.6* 36.7* 39.3* 38.3*

Standard RAG ✓ × × 24.6 33.0 34.1 34.5 30.8* 42.0* 45.1* 42.2*
ReAct ✓ ✓ × 24.8 41.7 42.6 44.7 31.8* 42.4* 46.8* 41.3*
Self-Ask ✓ ✓ × 28.2 43.1 43.4 44.8 28.6* 39.2* 41.2* 43.1*
FLARE ✓ ✓ × 29.2 42.4 42.8 43.0 33.6* 44.7* 48.4* 44.0*
IRCoT ✓ ✓ × 31.4 40.3 41.6 41.2 32.8* 47.4* 51.7* 43.5*

Reflexion ✓ ✓ ✓ 30.0 43.4 43.2 44.3 30.8* 41.3* 43.5* 41.7*
MetaRAG ✓ ✓ ✓ 37.8 49.9 52.1 50.9 34.2 48.2 49.5 48.6

2W
ik
iM

ul
ti
H
op

Q
A

Standard Prompting × × × 21.6 25.7 24.5 31.8 25.6* 29.4* 29.9* 29.4*
Chain of Thought × × × 27.6 37.4 35.8 44.3 25.8* 31.2* 31.7* 32.0*

Standard RAG ✓ × × 18.8 25.3 25.6 26.2 28.9* 33.5* 34.5* 33.6*
ReAct ✓ ✓ × 21.0 28.0 27.6 30.0 31.0* 38.8* 38.6 39.3*
Self-Ask ✓ ✓ × 28.6 37.5 36.5 42.8 27.2* 34.6* 35.8* 34.9*
FLARE ✓ ✓ × 28.2 39.8 40.0 40.8 29.8* 40.4 41.2* 40.8
IRCoT ✓ ✓ × 30.8 42.6 42.3 40.9 30.6* 39.9 43.1 38.2*

Reflexion ✓ ✓ ✓ 31.8 41.7 40.6 44.2 31.2* 36.8* 35.9* 37.8*
MetaRAG ✓ ✓ ✓ 42.8 50.8 50.7 52.2 33.4 38.9 37.1 39.4

Table 1: Evaluation results with retrieval (Retr.), multi-round retrieval (Multi.), and critic (Critic). Baselines include Standard
Prompting, Standard RAG, CoT, ReAct, Self-Ask, FLARE, IRCoT, and Reflexion. Original (reported in MetaRAG) vs. Replicated
(ours) results. Best scores are in bold. An asterisk (*) denotes a statistically significant difference from MetaRAG (𝑝 < 0.05).

Evaluation Condition HotpotQA 2WikiMultiHopQA

All questions (LLM Judge)
Answered using internal knowledge 20.4% 1.2%
Requires external retrieval 79.6% 98.8%

Conditional on cases that require external retrieval (LLM Judge)
Answered using retrieved documents 63.3% 33.6%
Rejected despite retrieved documents 36.7% 66.4%

Conditional on cases that require external retrieval (NLI critic)
Validated by critic model 86.7% 72.9%
Rejected by critic model 13.3% 27.1%

Table 2: Diagnostic breakdown of MetaRAG evaluation signals on 500-question subsets. The first block is computed over all 500
questions. The second and third blocks focus on questions the LLM marked as requiring retrieval: the second reports the LLM’s
own assessment of retrieval sufficiency, and the third shows whether the NLI critic determines that the retrieved documents
entail the generated answer (entailment = validate, otherwise = reject).

Therefore, increasing retrieval iterations alone does not necessarily
improve reasoning, and may instead complicate the detection of
relevant information.

For all subsequent experiments, we fix the confidence threshold
at 0.4 in order to isolate the effects of reranking improvements over
retrieval-only set up.
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Threshold EM F1 MS trans./q Retr./q Iters./q

0.4 33.4 38.9 3.2 2.8 4.2
0.3 37.8 45.6 2.5 2.1 3.5
0.2 38.1 46.2 1.5 1.2 2.5
0.1 35.4 42.6 1.3 1.1 2.2

Table 3: Sensitivity to the confidence threshold on 2Wiki-
MultiHopQA (500 samples; GPT-3.5; max_iter=5; top-𝑘=5).
The parameter max_iter denotes the maximum number
of MetaRAG reasoning iterations permitted per question,
whereas top-𝑘 defines the number of documents retrieved at
each retriever call. The columns MS trans./q, Retr./q, and
Iters./q denote the average metacognitive transitions, re-
trieval calls, and reasoning iterations per question, respec-
tively. Results are reported as Exact Match (EM) and F1.

5.4 Enhancing MetaRAG with Rerankers
To answer RQ2, we examine whether reranker models improve
MetaRAG’s performance by promoting more relevant documents
within the top-k context used for reasoning and critique. As shown
in Table 4, reranking generally improves performance on both col-
lections; however, its effectiveness strongly depends on the specific
reranker configuration. Overall, BGE delivers the strongest gains
among PointWise methods, while RankGPT performs best among
ListWise approaches. Moreover, reranking yields larger improve-
ments with Llama3.3 than with GPT-3.5, suggesting that reranking
can improve document ordering, although its effectiveness may rely
on the LLM’s ability to connect reasoning hops across the reordered
evidence and generate an accurate answer from it.

Reranking is not uniformly beneficial and, in certain cases, per-
forms worse than the retrieval-only setup. For example, MiniLM
reduces performance on HotpotQA when paired with Llama3.3
and similarly underperforms on both collections when used with
GPT-3.5. This pattern is consistent with limitations of PointWise
reranking in multi-hop settings. PointWise rerankers evaluate each
document independently with respect to the question, which may
be suboptimal when answering requires combining evidence across
multiple passages. MiniLM is trained on the MS MARCO pas-
sage collection [28], which primarily contains single-hop ques-
tion–passage pairs. As a result, it may prioritize documents that
are individually similar to the question rather than those that col-
lectively support multi-hop reasoning across multiple sources. In
contrast, BGE is trained on a larger and more diverse mixture of
retrieval and QA-oriented datasets [3], which enables it to better
capture deeper semantic relevance. Similarly, RankGPT’s strong
performance among ListWise approaches may stem from its abil-
ity to consider all candidate documents jointly when producing a
ranking. Unlike PointWise methods, ListWise rerankers model in-
teractions between passages, which is particularly advantageous in
multi-hop question answering where evidence is combined across
several documents.

5.5 Comparison with SIM-RAG
5.5.1 Performance Comparison. In RQ3, we compare MetaRAG
against SIM-RAG to study its performance relative to othermetacog-
nitive frameworks. We evaluate both under identical retrieval and
reranking conditions, as shown in Table 5. Our findings show that
MetaRAG performs significantly better than SIM-RAG when sup-
ported by reranker models. For this comparison, we select the best
PointWise and ListWise settings from the previous experiment,
namely BGE and RankGPT, respectively. The results reveal a clear
pattern across both GPT3.5 and Llama3.3: while SIM-RAG performs
reasonably well in retrieval-only settings, its performance drops
once rerankers are introduced, especially with Llama3.3, though
the trend is also present for GPT3.5. This may be because SIM-
RAG’s fine-tuned critic is tailored to a fixed retrieval setup, and
rerankers modify the input distribution, disrupting the conditions
under which it operates effectively. In contrast, MetaRAG conducts
self-critique through prompting rather than fine-tuning, making
it more flexible and less sensitive to such distributional changes,
and thus better able to adapt to varying retrieval conditions. Paired
t-tests are conducted between MetaRAG and SIM-RAG. Several
settings show statistically significant improvements in favor of
MetaRAG (𝑝 < 0.05), as indicated by the asterisks in Table 5, while
other configurations are favor SIM-RAG.

5.5.2 Efficiency and Computational Cost. Beyond accuracy, we
compare MetaRAG and SIM-RAG in terms of computational cost
under the retrieval-only setup. As shown in Table 6 (a) and Ta-
ble 6 (b), MetaRAG incurs substantially higher overhead across
both LLMs. It requires more model calls per question and exhibits
significantly higher token usage and latency than SIM-RAG, re-
sulting in a markedly higher overall cost in the GPT-3.5 setting.
Similar trends are observed with Llama3.3, where MetaRAG’s it-
erative control mechanism leads to increased request counts and
slower inference. Overall, the results highlight a clear efficiency gap
between the two frameworks. However, while MetaRAG requires
considerably greater computational resources to reach high accu-
racy, it remains training-free and broadly applicable across datasets,
whereas SIM-RAG achieves faster and more resource-efficient infer-
ence but depends on dataset-specific critic fine-tuning, potentially
constraining its cross-domain generalization despite its efficiency
gains

6 Replicability Challenges
We identify several challenges that explain the discrepancies be-
tween our results and those reported in the original paper.

First, the use of closed-source LLMs, such as those from the Ope-
nAI family, hinders replicability because these models are continu-
ously updated to provide better answers for users and, consequently,
do not produce identical outputs over time [20]. For instance, the
model GPT3.5 undergoes several updates after its release22, which
makes exact numerical replication impossible even when following
the same methodology as the original authors.

Second, the original paper describes a hybrid retrieval strategy
combining sparse (BM25) and dense (E5) methods, but it does not
specify how these signals are integrated, nor is this in any detail

22https://platform.openai.com/docs/deprecations#2023-11-06-chat-model-updates
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LLM Setting Reranker
HotpotQA 2WikiMultiHopQA

EM F1 Prec. Rec. EM F1 Prec. Rec.

G
PT

-3
.5

Ret – 34.2 48.2 49.5 48.6 33.4 38.9 37.1 39.4

Ret+PointWise
MiniLM 34.1 48.4 50.1 47.3 31.9 36.8 37.5* 36.3
BGE 38.8* 51.3* 53.3* 51.5* 36.3* 42.1* 43.1* 42.4*
ModernBERT 35.7* 48.7* 52.4* 49.6* 30.9 35.1 36.7 36.4

Ret+ListWise
RankGPT 40.1* 53.5* 55.5* 54.2* 38.9* 44.3* 45.4* 43.6*
Zephyr 36.3* 46.0 47.2 49.6* 32.0 34.0 32.9 33.8
Vicuna 35.8* 48.6* 51.4* 46.5 33.9* 40.8* 40.1* 41.9*

Ll
am

a3
.3

Ret – 41.5 54.1 57.9 55.6 29.0 33.3 31.3 32.9

Ret+PointWise
MiniLM 40.4 51.3 56.1 52.1 33.7* 40.1* 41.5* 42.1*
BGE 43.6* 56.1* 61.3* 56.1 35.5* 41.3* 42.1* 42.9*
ModernBERT 41.8 54.7* 59.4* 53.9 33.2* 36.9* 37.9* 36.8*

Ret+ListWise
RankGPT 46.7* 59.3* 63.1* 57.1* 38.9* 45.5* 48.6* 46.7*
Zephyr 44.4* 58.8* 62.1* 56.3 33.7* 37.9* 35.4* 35.2*
Vicuna 41.2 53.5 58.9 51.4 36.2* 40.8* 39.2* 38.1*

Table 4: Comparison of MetaRAG performance under retrieval-only (Ret), PointWise, and ListWise reranking settings across
different LLMs and datasets. Results are reported as EM, F1, Precision (Prec.), and Recall (Rec.). Best scores are in bold. An
asterisk (*) denotes a statistically significant improvement (𝑝 < 0.05) over the corresponding retrieval-only baseline within the
same LLM.

Method LLM Setting Reranker HotpotQA 2WikiMultiHopQA

EM F1 Prec. Rec. EM F1 Prec. Rec.

MetaRAG

GPT-3.5
Ret – 34.2 48.2 49.5 48.6 33.4* 38.9* 37.1* 39.4*

Ret+PointWise BGE 38.8 51.3* 53.3* 51.5* 36.3 42.1 43.1 42.4
Ret+ListWise RankGPT 40.1 53.5* 55.5* 54.2* 35.9* 41.3* 42.4* 40.6*

Llama3.3
Ret – 41.5 54.1* 57.9* 55.6* 29.0 33.3 31.3 32.9

Ret+PointWise BGE 43.6* 56.1* 61.3* 56.1* 35.5* 41.3* 42.1* 42.9*
Ret+ListWise RankGPT 46.7* 59.3* 63.1* 57.1* 38.9* 45.5* 48.6* 46.7*

SIM-RAG

GPT-3.5
Ret – 42.2 53.1 55.4 54.9 30.8 34.4 35.3 33.7

Ret+PointWise BGE 41.6 44.3 46.3 45.5 36.3 45.6 49.2 47.3
Ret+ListWise RankGPT 41.2 47.5 49.5 50.1 23.5 25.3 29.4 27.4

Llama3.3
Ret – 43.1 60.9 61.3 58.4 38.3 43.3 45.6 43.2

Ret+PointWise BGE 21.4 25.0 26.4 26.3 14.5 15.1 15.6 14.9
Ret+ListWise RankGPT 18.7 22.3 23.8 22.5 12.8 16.5 19.3 18.9

Table 5: Comparison of MetaRAG and SIM-RAG performance across retrieval-only (Ret), PointWise, and ListWise reranking
settings. The Reranker column specifies the reranking model used. Results are reported as Exact Match (EM), F1, Precision
(Prec.), and Recall (Rec.). Best results are in bold. An asterisk (*) indicates MetaRAG significantly outperforms SIM-RAG under
the same LLM and setting (𝑝 < 0.05).

reflected in the released code. In our implementation, we explicitly
construct both components: we use BM25 via Pyserini23 and build

23https://github.com/castorini/pyserini

a dense retriever by encoding the Wikipedia dump with E5 embed-
dings and indexing them using FAISS. The two retrieval outputs
are fused using RRF. Since these implementation details are absent
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(a) GPT-3.5

Method Req./question Tok./req. Lat./req. (s) Cost (USD)

RAG 1.0 870.0 0.5 1.3

MetaRAG 14.85 30,064.5 47.85 37.66

SIM-RAG 6.5 14,118.4 7.2 21.3

(b) Llama3.3

Method Req./question Tok./req. Lat./req. (s) Cost (USD)

RAG 1.0 871.7 1.7 –

MetaRAG 18.9 26,004.6 121.4 –

SIM-RAG 14.1 31,107.5 103.8 –

Table 6: Computational cost on HotpotQA (500 questions)
under the retrieval-only setup. (a) GPT-3.5 and (b) Llama3.3
report the average number of model requests per question
(Req./question), average tokens per request (Tok./req.), av-
erage latency per request in seconds (Lat./req.), and total
monetary cost (USD) for processing the full dataset.

from the original paper and code, differences in the hybrid retrieval
setup may partly explain the lower absolute performance observed
in our results.

Third, neither the prompts nor the baseline implementations are
released. As a consequence, we re-implement both from scratch,
which hinders replicability and makes it difficult to obtain the same
scores for each baseline. Although our implementations closely
follow the descriptions provided in the original paper, even small
changes to prompts can significantly affect LLM outputs and evalu-
ation metric results.

Fourth, the original paper reports results based on a subset of
500 QA pairs from the development split of each collection, but
this subset is not shared in the released code. To replicate the ex-
periments, we randomly sample 500 QA pairs from the respective
development sets of HotpotQA and 2WikiMultiHopQA collections.
This difference in sample selection likely contributes to the score
variations between our results and those reported in the original
MetaRAG paper.

Fifth, the original paper lacks an explanation of how the index for
fetching passages from Wikipedia is constructed. The authors state
that they use ElasticSearch for indexing, whereas our approach
relies on Pyserini, which provides a more transparent and easily
replicable interface to Lucene. Although both systems are built on
the same underlying Lucene engine, differences in configuration
and implementation details can influence which documents are
retrieved and, consequently, affect the generated answers [15].

Sixth, the released code contains evidence of reranker usage,
specifically themodel intfloat/simlm-msmarco-reranker24. How-
ever, this reranker is neither mentioned nor discussed in the original
paper, and its role within the MetaRAG pipeline remains unclear.
Since the paper refers only broadly to hybrid retrieval, it is uncer-
tain how this reranker is applied and how it impacts the reported
24https://github.com/ignorejjj/MetaRAG/blob/bd85d13cb3500afc119e178500ea9dbaee4d99e5/
config.py#L18

results. This ambiguity motivates our further exploration of dif-
ferent retrieval and reranking setups to better understand their
influence on metacognitive RAG frameworks such as MetaRAG and
SIM-RAG.

Finally, we attempted to contact the authors on three occasions
via email to clarify these discrepancies and better understand the
released code. Unfortunately, we did not receive a response, which
further limited our ability to resolve the identified replicability
issues.

7 Conclusions and Future Work
In this work, we conduct a replicability study of MetaRAG for multi-
hop QA. Our results confirm its main qualitative claim: MetaRAG
consistently outperforms standard prompting, Standard RAG, and
strong reasoning baselines such as CoT, ReAct, Self-Ask, IRCoT,
FLARE, and Reflexion on both HotpotQA and 2WikiMultiHopQA.
However, we observe lower absolute scores than those reported in
the original paper, particularly on 2WikiMultiHopQA, highlighting
the sensitivity of RAG systems to evolving closed-source LLMs
and underspecified implementation details. Our diagnostic analysis
shows that retrieval is required for most questions, yet the LLM
often judges the top-k evidence insufficient even when an NLI
critic later validates the answer. This suggests that performance
limitations are more related to evidence ordering and multi-hop
reasoning than to missing information in the retrieved documents.
We also find that MetaRAG is sensitive to its judgment threshold,
where lower values reduce metacognitive transitions and extra
retrieval while improving accuracy in our replicated setting.

We further extend MetaRAG with reranker models and observe
consistent gains in both PointWise and ListWise settings, especially
when paired with stronger LLM backends. In contrast, SIM-RAG,
while competitive in retrieval-only configurations, does not consis-
tently benefit from reranking and in s settings degrades subseveral-
tantially when the retrieved evidence is reordered or altered. This
suggests that SIM-RAG’s fine-tuned critic is more sensitive to re-
trieval modifications, whereas MetaRAG’s prompt-based metacog-
nitive control is more adaptable across configurations. Overall, our
findings indicate that MetaRAG’s effectiveness depends strongly
on key design choices, including the judgment threshold, retrieval
strategy, reranking method, and underlying LLM.

As future work, we aim to extend metacognitive RAG to ad-
ditional knowledge-intensive tasks, such as biomedical question
answering and mathematical reasoning, where balancing retrieval
and reasoning is particularly critical. We also plan to compare
metacognitive RAG frameworks with alternative approaches that
learn retrieval and search behaviors via reinforcement learning,
such as Search-R1 [13], as well as with other agent-based RAG
systems. Moreover, we will broaden our evaluation beyond final
answer accuracy by assessing the quality of retrieved evidence and
the correctness and coherence of intermediate reasoning steps [5].
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