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Abstract001

Retrieval-Augmented Generation (RAG)002
grounds large language models in external003
knowledge, making effective reranking004
essential, as irrelevant or noisy documents005
can impair downstream reasoning. In realistic006
deployments, evolving retrieval pipelines007
continuously generate new query–document008
candidates, naturally leading to a multi-round009
optimization problem for rerankers. However,010
effectively leveraging multi-round feedback011
is challenging, as initial labeled data is012
typically followed by unlabeled or weakly013
supervised data in later rounds, hindering014
sustained improvement. In this work, we015
study EVO-Reranker optimization under016
two realistic supervision scenarios. We017
consider two feedback settings. Under full018
feedback, where preference supervision is019
continuously available across rounds, we020
propose ReplayDPO. Under the more practical021
no-feedback setting, where only initial022
supervision is provided, we introduce Cau-023
tiousDPO. Experiments on six benchmarks024
reveal that replaying historical preferences025
effectively mitigates catastrophic forgetting026
in multi-round optimization, leading to more027
stable and consistently superior reranking028
performance under full feedback. Moreover, by029
cautiously constructing preference signals from030
unlabeled data, CautiousDPO enables reliable031
self-evolution without expert supervision,032
substantially narrowing the performance033
gap to full-feedback settings. These results034
show that EVO-Reranker provides a unified035
framework for continuous reranker evolution,036
remaining effective across both full-feedback037
and feedback-limited settings.038

1 Introduction039

Retrieval-Augmented Generation (RAG) has be-040

come a central paradigm for enhancing large lan-041

guage models (LLMs) on knowledge-intensive042

tasks such as open-domain question answering, fact043

verification, and scientific reasoning (Izacard and 044

Grave, 2021; Guu et al., 2020; Lewis et al., 2020). 045

By conditioning generation on retrieved external 046

documents, RAG systems ground model outputs in 047

factual evidence. However, their effectiveness criti- 048

cally depends on the quality of documents retained 049

for generation. 050

In practice, retrieval pipelines typically return a 051

large set of candidate documents, many of which 052

are irrelevant, misleading, or redundant. Feeding 053

such noisy evidence into the generator can signifi- 054

cantly degrade downstream reasoning and induce 055

hallucinations (Shuster et al., 2021; Ji et al., 2023). 056

Moreover, due to the lost-in-the-middle effect, truly 057

relevant evidence may be overlooked when buried 058

among long retrieval lists (Liu et al., 2024a). Con- 059

sequently, rerankers are a key component of RAG 060

systems, as they directly control the documents 061

provided to the generator and often influence per- 062

formance more than retrieval. 063

Unlike static benchmarks, real-world RAG sys- 064

tems operate in dynamic environments. Retrieval 065

models, corpora, and user queries continuously 066

evolve, producing new query–document candidates 067

over time and naturally giving rise to multi-round 068

feedback, where each deployment round yields new 069

data that could be used to improve relevance mod- 070

eling. 071

While existing pipelines can train rerankers with 072

supervised relevance labels or preference data, they 073

face fundamental limitations in multi-round set- 074

tings. First, high-quality human relevance anno- 075

tations are expensive, domain-specific, and dif- 076

ficult to obtain repeatedly as data distributions 077

evolve (Nguyen et al., 2016; Thakur et al., 2021). 078

In practice, supervision is often available only for 079

an initial static dataset, while later rounds con- 080

sist almost entirely of unlabeled retrieval outputs. 081

Second, naive self-training or LLM-based pseudo- 082

labeling strategies are prone to error reinforcement 083

across rounds, as inconsistent or biased automatic 084
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Figure 1: Overview of Multi-round Reranker Self-Evolution under Different Feedback Settings

judgments can accumulate over time and lead to085

performance collapse (Yarowsky, 1995; Zhou and086

Li, 2005; Wang et al., 2022; Liang et al., 2022).087

Together, these challenges make stable multi-round088

reranker optimization an open and underexplored089

problem.090

In this work, we systematically study multi-091

round reranker optimization under two realistic092

supervision settings.093

In the full-feedback setting, where accurate hu-094

man preference feedback is available at each round,095

we propose ReplayDPO. ReplayDPO combines096

iterative preference optimization with preference097

replay to stabilize training under evolving retrieval098

distributions.099

Beyond the full feedback setting, we consider100

the no-feedback setting, which is common in real101

deployments. In this setting, only an initial la-102

beled dataset is available for supervised fine-tuning,103

while all subsequent rounds rely on unlabeled re-104

trieval data. To address this challenge, we pro-105

pose CautiousDPO, which carefully constructs106

reliable preference signals from unlabeled data by107

combining confidence-aware filtering with multi-108

LLM consensus. Extensive experiments across109

six benchmarks covering general factual verifi-110

cation, domain-specific factuality, and multi-hop111

reasoning show that ReplayDPO consistently out-112

performs standard multi-round training under full113

feedback, while CautiousDPO substantially outper-114

forms strong retrieval baselines and single-round115

supervised rerankers under no feedback, signifi-116

cantly narrowing the gap to full-feedback upper 117

bounds. These results show that explicitly model- 118

ing multi-round feedback dynamics is crucial for 119

long-term reranker improvement in realistic RAG 120

systems. Figure 1 provides an overview of our 121

multi-round reranker evolution framework, which 122

explicitly models evolving retrieval distributions 123

and different feedback availability across rounds. 124

Our main contributions are summarized as fol- 125

lows: 126

• We introduce a realistic multi-round 127

reranker evolution setting for RAG systems, 128

where retrieval pipelines continuously 129

generate new query–document candidates 130

over time, while accurate human feedback is 131

only available for an initial labeled dataset. 132

This setting captures a key but underexplored 133

challenge in real-world RAG deployment. 134

• Under the full-feedback setting, we propose 135

ReplayDPO, which stabilizes iterative pref- 136

erence optimization through historical prefer- 137

ence replay. ReplayDPO consistently outper- 138

forms multi-round SFT and DPO, achieving 139

improvements on ANLI (up to 1.75% accu- 140

racy), HotpotQA (up to 2.6% F1), and espe- 141

cially BioASQ, a challenging domain-specific 142

benchmark, with gains of up to 19.0% accu- 143

racy and 32.09% F1, while remaining stable 144

across training rounds. 145

• Under the more practical no-feedback setting, 146
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we propose CautiousDPO, which cautiously147

constructs reliable preference signals from un-148

labeled retrieval data via confidence-aware fil-149

tering and multi-LLM consensus. Without150

any additional human supervision, Cautious-151

DPO achieves strong and consistent improve-152

ments across tasks, attaining 96.38% accu-153

racy on FEVER and 81.39% F1 on HotpotQA,154

and substantially narrowing the gap to full-155

feedback training.156

2 Related Work157

2.1 Retrieval-Augmented Generation and158

Rerankers159

Retrieval-Augmented Generation (RAG) is a stan-160

dard paradigm for knowledge-intensive NLP tasks,161

where external documents are retrieved to support162

factual grounding and reasoning (Lewis et al., 2020;163

Izacard and Grave, 2021; Borgeaud et al., 2022).164

In this pipeline, the quality of retrieved evidence is165

crucial for downstream generation.166

Early RAG systems primarily rely on dense re-167

trievers (Karpukhin et al., 2020), which often return168

noisy or misleading candidates. Rerankers there-169

fore play a critical role by refining retrieval results170

and selecting highly relevant documents for gen-171

eration (Miutra and Craswell, 2018; Lewis et al.,172

2020). Compared to retrievers, rerankers directly173

model fine-grained query–document relevance and174

have been shown to substantially improve genera-175

tion quality.176

Traditional rerankers are typically cross-encoder177

models based on BERT or T5 (Nogueira and Cho,178

2019), which may struggle with complex seman-179

tic relevance and cross-domain generalization. Re-180

cent work shows that large language models exhibit181

strong ranking capabilities in both point-wise and182

comparative settings (Qin et al., 2024; Sun et al.,183

2023), making them promising rerankers for RAG184

systems. Different from these approaches, we study185

reranker training in a realistic multi-round setting186

with evolving retrieval distributions and limited or187

diminishing human feedback.188

2.2 Learning with Human and AI Feedback189

Learning from feedback is a central paradigm190

for improving and aligning language models.191

Reinforcement Learning from Human Feedback192

(RLHF) leverages human preference annotations193

to guide model optimization, typically by training194

a reward model and optimizing the policy via rein-195

forcement learning algorithms such as PPO (Schul- 196

man et al., 2017). Representative approaches in- 197

clude preference learning methods proposed by 198

Ziegler et al. (2019), Stiennon et al. (2020), Ouyang 199

et al. (2022), and Bai et al. (2022). More recent 200

methods such as Direct Preference Optimization 201

(DPO) (Rafailov et al., 2023) simplify this pipeline 202

by directly optimizing preferences without an ex- 203

plicit reward model, but still rely on high-quality 204

human feedback. 205

However, in many realistic settings, especially 206

under multi-round or continually evolving data dis- 207

tributions, obtaining accurate human preference an- 208

notations at every round is costly or infeasible. This 209

has motivated growing interest in learning from 210

model-generated feedback, often referred to as re- 211

inforcement learning from AI feedback (RLAIF) 212

or self-training. Typical strategies include pseudo- 213

labeling (Xie et al., 2020; Huang et al., 2023) and 214

iterative self-refinement (Lyu et al., 2019). While 215

these methods can reduce annotation cost, they 216

are known to suffer from error accumulation and 217

instability in multi-round learning, where early mis- 218

takes may be amplified over time. Similar to prior 219

work on learning from AI feedback, we leverage 220

model-generated signals for optimization, but focus 221

on structuring and filtering them to enable stable 222

preference learning across multiple rounds when 223

continuous human feedback is unavailable. 224

3 Preliminaries 225

3.1 Point-wise Reranker Using LLM 226

Given a query q and a set of retrieved candidate 227

documents 228

S = {s1, s2, . . . , sn}, (1) 229

a point-wise reranker Mt evaluates each candidate 230

independently to determine whether it contains in- 231

formation relevant to q (Nogueira and Cho, 2019; 232

Guu et al., 2020). Formally, the reranker outputs a 233

binary relevance decision: 234

Mt(q, si) ∈ {true, false}. (2) 235

3.2 Multi-Round Learning Setting 236

We study a multi-round learning setting that re- 237

flects the continual operation of real-world RAG 238

systems, where retrieval results evolve over time 239

and new query–document candidates are continu- 240

ously introduced. 241
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At each round t = 1, . . . , T , the system observes242

a newly retrieved batch243

Dt = {(q(t)i ,S(t)i )}Nt
i=1, (3)244

where q
(t)
i denotes a query issued at round t, and245

S(t)i = {s(t)i1 , . . . , s
(t)
in } is the set of retrieved candi-246

date documents.247

We denote the reranker used in round t as Mt−1.248

Multi-round learning proceeds sequentially: at249

round t, Mt−1 is applied to the newly retrieved250

data Dt to produce relevance predictions and pair-251

wise preferences. These predictions both evaluate252

the generalization of Mt−1 on unseen data and pro-253

vide training signals to update the reranker to Mt,254

which is trained on data up to round t and implic-255

itly evaluated on the next-round distribution Dt+1.256

The initial reranker M0 trained via supervised fine-257

tuning on a static labeled dataset.258

This unified inference-driven protocol cap-259

tures the non-stationary nature of realistic RAG260

pipelines, where each reranker must both adapt to261

and be evaluated on continuously shifting retrieval262

distributions.263

4 Methodology264

We study multi-round preference-based reranker265

optimization for Retrieval-Augmented Generation266

(RAG) systems, where retrieval results and rele-267

vance distributions evolve over time. Rather than268

learning a reranker in a single static round, we269

consider a continual setting in which the model is270

repeatedly updated using preference signals con-271

structed at each round.272

Formally, learning at round t can be viewed as273

optimizing:274

max
Mt

E(q,s)∼Dt
[Rt(q, s)] s.t. Dist(Mt,Mt−1) ≤ ϵ.

(4)275

where Rt denotes round-dependent relevance pref-276

erences induced by the current retrieval distribution,277

and Mt−1 represents the reference reranker from278

the previous round, which constrains updates for279

training stability.280

Under this formulation, preference signals may281

originate from different supervision sources. We282

consider two practical settings commonly encoun-283

tered in real-world systems: (i) full feedback,284

where expert relevance annotations are available285

at each round, and (ii) no feedback, where no hu-286

man supervision is provided. For each setting, we287

design a corresponding optimization strategy that 288

enables stable multi-round reranker evolution. 289

4.1 ReplayDPO: Preference Optimization 290

with Historical Replay under Full 291

Feedback 292

Under the full-feedback setting, expert relevance 293

annotations are available for retrieval results at 294

every round. This enables a supervised form of 295

multi-round reranker evolution, where the model 296

can be continuously refined as new feedback be- 297

comes available. A straightforward strategy is to 298

apply DPO independently at each round. However, 299

this ignores preference signals accumulated in ear- 300

lier rounds and can lead to unstable or oscillatory 301

updates as retrieval distributions evolve. 302

To address this issue, we propose ReplayDPO, 303

a multi-round preference optimization method that 304

stabilizes training by replaying historical prefer- 305

ence data. At round t, the training set is constructed 306

as: 307

Dtrain
t = α · Dnew

t + (1− α) · Dtrain
1:t−1, (5) 308

where Dnew
t denotes preference pairs constructed 309

from expert-labeled data at round t, and Dtrain
1:t−1 310

represents the aggregated preference set replayed 311

from previous rounds. 312

The first round is initialized using preferences 313

derived from the model’s initial inference results. 314

To further stabilize early-stage optimization, we 315

optionally replay a small subset of preference data 316

converted from the initial SFT training corpus, 317

which serves as an anchor signal for relevance 318

alignment. From the second round onward, Replay- 319

DPO balances newly observed preferences with 320

historical signals, enabling smooth reranker evolu- 321

tion while preserving previously aligned behavior. 322

323

4.2 CautiousDPO: Confidence-Aware and 324

Consensus-Based Preference Optimization 325

under No Feedback 326

In the no-feedback setting, no expert relevance an- 327

notations are available beyond the initial round. 328

The reranker must therefore evolve across rounds 329

by constructing preference signals from unlabeled 330

retrieval data. 331

CautiousDPO enables stable multi-round evolu- 332

tion by adopting a conservative self-supervision 333

strategy. At each round, high-confidence predic- 334

tions from the current reranker are directly used as 335
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Algorithm 1 Multi-Round Preference Optimiza-
tion with CautiousDPO (No Feedback)

1: Input: Initial reranker M0; confidence thresh-
old τ ; external LLM judges {LLMk}Kk=1; num-
ber of rounds T

2: Output: Final reranker MT

3: for t = 1 to T do
4: Receive newly retrieved candidates
5: Dt = {(q(t)i ,S(t)i )}Nt

i=1

6: Initialize preference set Pt ← ∅
7: for each query q

(t)
i with candidates S(t)i do

8: Compute relevance scores and confi-
dence estimates:

9: {(s, ŷs, cs)} ←Mt−1(q
(t)
i ,S(t)i )

10: for each candidate s ∈ S(t)i do
11: if cs ≥ τ then
12: Accept prediction ŷs as reliable
13: else
14: Query external judges and set

ŷs ← Consensus(LLM1, . . . ,LLMK ,Mt−1)
15: end if
16: end for
17: Construct preference pairs from pre-

dicted labels
18: Pt ← Pt ∪ {(q(t)i , s+) ≻ (q

(t)
i , s−)}

19: end for
20: Update reranker Mt by optimizing DPO

on Pt
21: end for

preference signals, while low-confidence cases are336

resolved through consensus among heterogeneous337

judges, including strong LLMs and the previous-338

round reranker. This design mitigates error accu-339

mulation by avoiding over-reliance on uncertain340

pseudo labels during self-evolution.341

The resulting pseudo-preferences are optimized342

using DPO to update the reranker for the next round.343

The complete procedure is summarized in Algo-344

rithm 1.345

We term this approach CautiousDPO to empha-346

size its cautious evolution mechanism, where pref-347

erence signals are adopted only when supported by348

high confidence or cross-model agreement.349

5 Experiments350

5.1 Datasets351

We evaluate our methods on six benchmark datasets352

widely used for document-level relevance model-353

ing in RAG, covering factual verification, multi-354

hop reasoning, and domain-specific retrieval. All 355

datasets are organized under a unified multi-round 356

evaluation protocol to reflect continual retrieval and 357

feedback in realistic deployments. 358

BioASQ Synergy (Nentidis et al., 2024) natu- 359

rally follows a multi-round feedback setting. In 360

the BioASQ Synergy task, ranked documents 361

are submitted over four rounds, with expert as- 362

sessors providing relevance annotations at each 363

round, forming an authentic multi-round super- 364

vision scenario. For the remaining datasets, in- 365

cluding FEVER (Thorne et al., 2018), ANLI (Nie 366

et al., 2020), HotpotQA (Yang et al., 2018), Mul- 367

tiRC (Khashabi et al., 2018), and PubMedQA (Jin 368

et al., 2019), we simulate multi-round learning by 369

partitioning the development sets into four sequen- 370

tial rounds. In each round, new query–document 371

candidates are introduced, and relevance labels are 372

revealed only for the current round, thereby mod- 373

eling evolving retrieval distributions and delayed 374

supervision. Together, these datasets enable sys- 375

tematic evaluation of multi-round reranker evolu- 376

tion across diverse tasks and feedback conditions. 377

5.2 Evaluation Metrics 378

We follow the standard evaluation protocols of each 379

dataset and primarily evaluate document relevance 380

filtering performance. 381

ANLI, FEVER, and PubMedQA are treated as 382

classification tasks, and we report classification 383

accuracy. For MultiRC, BioASQ, and HotpotQA, 384

which involve evidence selection from multiple can- 385

didates, we report both accuracy and F1 to account 386

for class imbalance. 387

In addition, to assess the impact of reranking on 388

downstream generation, we use a fixed LLaMA- 389

3 8B generator across all methods and evaluate 390

answer generation quality using Exact Match (EM) 391

and F1. 392

5.3 Compared Models 393

We compare our methods with representative base- 394

lines that cover retrieval-based rerankers, LLM- 395

based relevance modeling, supervised training, and 396

multi-round full-feedback upper bounds. Imple- 397

mentation details are provided in Section A.1. 398

Retrieval-based rerankers. We evaluate two 399

strong rerankers: BGE-Reranker (Li et al., 2023; 400

Chen et al., 2024), which ranks candidates via non- 401

generative embedding similarity, and MonoT5- 402

3B (Nogueira et al., 2020), a generative seq2seq 403
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Table 1: Main results on general factual verification. Accuracy (%) on FEVER and ANLI is reported across multiple
training rounds; numbers in parentheses indicate gains over baselines (CautiousDPO vs. SFT, ReplayDPO vs.
multi-round DPO).

Method FEVER (%) ANLI (%)

R1 R2 R3 R4 R1 R2 R3 R4

Retrieval Baselines
BGE-Reranker (2.72B) 76.94 75.88 76.60 76.38 32.62 35.75 36.00 36.63
MonoT5 (3B) 60.56 60.88 59.81 60.41 35.50 33.00 33.50 34.88

LLM Baselines
LLaMA-3 (8B) 77.70 77.74 77.24 77.84 41.38 45.62 44.75 42.63
ChatQA-1.5 (8B) 69.40 69.86 68.75 69.83 40.62 44.62 44.12 41.62
DeepSeek-V3 (671B) 93.40 93.34 93.34 93.12 64.00 66.25 64.50 65.87
GPT-4o 91.68 91.40 91.34 90.92 66.75 64.88 63.00 63.45

Fine-tuning Baselines
SFT (8B) 96.64 96.66 95.98 96.10 62.38 64.12 61.25 62.25
CautiousDPO(8B) – 96.82 96.22 96.38 – 68.37 68.37 66.75

(+0.16) (+0.24) (+0.28) (+4.25) (+7.12) (+4.50)
Multi-round SFT(8B) – 97.06 96.52 96.74 – 69.87 71.63 70.13
Multi-round DPO(8B) – 97.08 96.42 96.64 – 69.50 72.50 72.62
ReplayDPO(8B) – 97.20 96.56 96.78 – 71.25 72.88 72.88

(+0.12) (+0.14) (+0.14) (+1.75) (+0.38) (+0.26)

Table 2: Main Results on Multi-hop Reasoning (Rounds 2-4). We report accuracy and F1 (%) on MultiRC and
HotpotQA; numbers in parentheses indicate gains over baselines (CautiousDPO vs. SFT, ReplayDPO vs. multi-
round DPO).

Method
MultiRC (%) HotpotQA (%)

R2 R3 R4 R2 R3 R4

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Retrieval Baselines
BGE-Reranker (2.72B) 47.07 57.60 48.75 59.27 50.57 60.95 40.85 52.72 40.52 53.21 40.93 53.96
MonoT5 (3B) 54.33 16.57 51.50 14.37 51.39 15.10 72.09 66.63 70.99 66.43 71.75 66.18

LLM Baselines
LLaMA-3 (8B) 70.40 59.44 68.69 53.63 66.31 52.69 69.33 56.78 69.74 56.89 69.12 56.89
ChatQA-1.5 (8B) 53.01 57.96 54.40 60.36 57.83 61.39 72.14 50.35 71.30 49.46 70.74 48.44
DeepSeek-V3 (671B) 89.61 86.93 86.79 83.63 88.09 85.96 77.43 66.08 77.62 66.08 77.37 66.44
GPT-4o 88.79 86.43 87.54 84.94 88.66 86.95 76.69 68.75 77.94 69.39 77.99 68.98

Fine-tuning Baselines
SFT (8B) 89.53 88.01 88.29 86.92 88.58 87.70 83.38 79.81 82.96 80.05 84.28 81.12
CautiousDPO (8B) 89.61 88.27 88.37 87.03 88.83 88.10 84.93 81.14 84.69 81.85 84.79 81.39

(+0.08) (+0.26) (+0.08) (+0.11) (+0.25) (+0.40) (+1.55) (+1.33) (+1.73) (+1.80) (+0.51) (+0.27)
Multi-round SFT (8B) 89.94 88.36 88.62 86.99 89.48 88.63 82.04 79.45 81.34 79.42 83.32 80.86
Multi-round DPO (8B) 89.78 88.21 89.62 87.88 89.23 88.46 85.07 80.79 86.61 82.79 86.00 81.93
ReplayDPO (8B) 90.35 88.67 89.62 87.76 89.56 88.65 87.46 83.36 85.26 81.11 86.21 81.62

(+0.57) (+0.46) (+0.00) (-0.12) (+0.33) (+0.19) (+2.39) (+2.57) (-1.35) (-1.68) (+0.21) (-0.31)

model for relevance scoring.404

LLM-based baselines. We evaluate the rele-405

vance modeling capability of large language mod-406

els, including the base LLaMA-3 8B (AI@Meta,407

2024), the instruction-tuned ChatQA-1.5 (8B) (Liu408

et al., 2024b), and strong external LLM judges,409

DeepSeek-V3 (DeepSeek-AI, 2024) and GPT-410

4o (Hurst et al., 2024).411

Single-round supervised baseline. We include412

SFT (LLaMA-3 8B), trained on a static human-413

labeled dataset, representing standard supervised414

relevance learning without multi-round evolution. 415

Multi-round methods. Our proposed methods 416

operate in two supervision settings: CautiousDPO, 417

which performs multi-round preference optimiza- 418

tion without human feedback, and ReplayDPO, 419

which leverages full human feedback with prefer- 420

ence replay. To contextualize their performance, 421

we additionally report two full-feedback upper 422

bounds: Multi-round SFT, which applies stan- 423

dard SFT at each round, and Multi-round DPO, 424

which performs DPO independently at each round 425
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Table 3: Main Results on Domain-specific Factuality. We report accuracy and F1 (%) on PubMedQA and BioASQ
across multiple training rounds; numbers in parentheses indicate gains over baselines (CautiousDPO vs. SFT,
ReplayDPO vs. multi-round DPO).

Method
PubMedQA (%) BioASQ (%)

R1 R2 R3 R4 R1 R2 R3 R4

Acc Acc Acc Acc Acc F1 Acc F1 Acc F1 Acc F1

Retrieval Baselines
BGE-Reranker (2.72B) 79.15 78.75 77.20 79.40 23.30 29.92 25.94 34.31 25.69 32.93 24.31 29.79
MonoT5 (3B) 85.40 86.35 85.10 85.40 59.01 39.08 60.18 43.06 61.16 42.40 63.62 40.80

LLM Baselines
LLaMA-3 (8B) 90.75 89.45 91.20 91.60 47.92 39.86 49.06 41.49 49.78 40.46 51.28 38.08
ChatQA-1.5 (8B) 50.40 50.35 47.70 49.80 57.53 38.78 55.34 44.31 56.79 47.85 57.76 41.43
DeepSeek-V3 (671B) 95.25 95.00 95.40 95.77 46.74 38.47 47.99 39.88 48.79 39.10 50.60 37.18
GPT-4o 96.85 96.30 97.35 97.05 58.29 41.04 63.65 44.02 59.15 42.08 64.69 41.85

Fine-tuning Baselines
SFT (8B) 98.25 98.05 98.65 98.80 62.91 46.06 63.20 47.25 63.17 45.51 64.53 42.92
CautiousDPO (8B) – 99.05 99.25 99.45 – – 69.60 48.94 69.49 47.07 70.85 44.62

(+1.00) (+0.60) (+0.65) (+6.40) (+1.69) (+6.32) (+1.56) (+6.32) (+1.70)
Multi-round SFT (8B) – 98.40 99.25 98.80 – – 68.21 45.94 65.16 47.89 65.86 40.46
Multi-round DPO (8B) – 99.25 99.40 99.45 – – 77.44 50.11 70.12 47.13 70.95 44.76
ReplayDPO (8B) – 98.95 99.45 99.55 – – 80.98 61.22 82.84 71.05 90.00 76.85

(-0.30) (+0.05) (+0.10) (+3.54) (+11.11) (+12.72) (+23.92) (+19.05) (+32.09)

Table 4: Ablation study across all datasets. Values are average accuracy (%) over rounds 2-4 for each configuration.

Method General Factual Multi-hop Reasoning Domain-specific

FEVER ANLI HotpotQA MultiRC PubMedQA BioASQ

CautiousDPO 96.47 67.83 84.80 88.94 99.25 69.98
w/o Confidence Gating 96.37 64.87 82.83 88.28 99.20 68.85
w/o Multi-LLM Calibration 96.33 62.25 82.90 88.25 99.12 65.62

using gold preferences (Tu et al., 2025).426

5.4 Main Results427

Tables 1, 2, and 3 report the main results under428

different feedback settings. Overall, CautiousDPO429

excels on reasoning-intensive and domain-specific430

tasks under no-feedback settings, while Replay-431

DPO consistently improves multi-round optimiza-432

tion, with especially large gains on BioASQ due to433

its high reliance on specialized biomedical knowl-434

edge. The specific findings are summarized as435

follows.436

CautiousDPO shows Effectiveness under no-437

feedback settings In the absence of expert feed-438

back, CautiousDPO consistently achieves strong439

performance across all datasets and remains highly440

competitive with methods trained under full-441

feedback supervision. For instance, CautiousDPO442

attains 96.38% accuracy on FEVER and 81.39%443

F1 on HotpotQA, closely matching or approach-444

ing the best results obtained with expert annota-445

tions. These results show that CautiousDPO’s care-446

ful pseudo-labeling enables effective self-evolving447

reranker optimization. 448

ReplayDPO achieves strong gains under full- 449

feedback settings. When full expert feedback 450

is available, ReplayDPO consistently outperforms 451

standard Multi-round DPO and Multi-round SFT 452

on the majority of datasets. Overall, ReplayDPO 453

demonstrates consistently strong performance un- 454

der the full-feedback setting and, in most cases, 455

surpasses other compared multi-round optimiza- 456

tion methods. For example, ReplayDPO achieves 457

72.88 accuracy on ANLI and 76.85 F1 on BioASQ, 458

illustrating its advantage over standard Multi-round 459

DPO and SFT. This indicates that replaying histori- 460

cal preference data is crucial for stable and effective 461

preference optimization in multi-round retrieval set- 462

tings. 463

5.5 Replay Ratio Analysis in Multi-round 464

Training 465

We analyze the effect of the replay ratio α in multi- 466

round training and find that moderate replay yields 467

more stable and effective performance; detailed 468

results are provided in Section A.2. 469
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Table 5: Experimental results on HotpotQA dataset across different rounds.

Model Round 2 Round 3 Round 4

EM F1 EM F1 EM F1

LLaMA-3 0.2264 0.4479 0.2134 0.4372 0.2225 0.4523
CautiousDPO 0.2954 0.5461 0.2889 0.5445 0.3096 0.5465
Multi-round SFT 0.3149 0.5548 0.2824 0.5531 0.2806 0.5444
Multi-round DPO 0.3182 0.5577 0.3214 0.5696 0.3161 0.5627
ReplayDPO 0.3344 0.5632 0.3344 0.5896 0.3290 0.5713

Table 6: Retrieval-augmented Answer Generation Re-
sults on HotpotQA across Evolution Rounds.

Method R1 R2 R3

ANLI

SFT-only 62.38 64.13 61.25
CautiousDPO 69.50 70.63 69.87

BioASQ

SFT-only 71.74 69.24 68.68
CautiousDPO 79.32 75.01 73.87

5.6 Ablation Study470

To verify the contributions of its components, we471

conduct an ablation study of CautiousDPO (Ta-472

ble 4). Removing either confidence gating or473

multi-LLM calibration consistently degrades per-474

formance across datasets. The effect is more475

pronounced on reasoning-intensive and domain-476

specific tasks. Removing multi-LLM calibra-477

tion leads to notable drops on ANLI (67.83%→478

62.25%) and BioASQ (69.98%→ 65.62%), indi-479

cating the importance of consensus-based supervi-480

sion under ambiguity. Disabling confidence gating481

also causes performance declines, though smaller.482

In contrast, gains on FEVER and PubMedQA are483

limited, likely because these benchmarks are rela-484

tively simple and already close to task saturation.485

5.7 Impact of Reranking on Answer486

Generation487

We evaluate end-to-end answer generation on Hot-488

potQA using a fixed LLaMA-3 8B generator with489

documents selected by different rerankers (Table 5).490

Improved reranking consistently boosts EM and F1,491

demonstrating that stronger evidence selection di-492

rectly benefits multi-hop generation. CautiousDPO493

provides stable gains under no-feedback settings494

(F1 ≈ 0.54–0.55), while ReplayDPO achieves the495

best overall performance with full feedback (F1496

0.5896, EM 0.3344). These results show that pro- 497

gressive reranker evolution translates into clear end- 498

to-end gains. Appendix A.3 presents case studies 499

illustrating how higher-quality evidence leads to 500

more faithful and complete answers. 501

5.8 Pseudo-label Quality Analysis 502

Table 7 shows that CautiousDPO consistently 503

yields higher-quality pseudo labels than the SFT- 504

only baseline across evolution rounds and datasets. 505

Despite a gradual accuracy drop in later rounds 506

due to increased retrieval difficulty, CautiousDPO 507

maintains a clear margin, indicating improved cal- 508

ibration rather than error amplification. These re- 509

sults suggest that its gains under no-feedback set- 510

tings are primarily driven by more reliable pseudo- 511

preference signals. 512

6 Conclusion 513

We study a practically important yet underexplored 514

problem: multi-round reranker evolution under lim- 515

ited or missing feedback. Unlike prior reranking 516

and preference optimization methods that rely on 517

single-round supervision or continuous expert an- 518

notations, this setting requires rerankers to improve 519

progressively under distribution shifts and incom- 520

plete feedback. To address this challenge, we pro- 521

pose Evo-Reranker. In the no-feedback setting, 522

we introduce CautiousDPO, which enables stable 523

self-evolution by combining confidence-based fil- 524

tering with consensus from heterogeneous judges. 525

In the full-feedback setting, we further propose Re- 526

playDPO to reuse historical preferences and alle- 527

viate catastrophic forgetting across rounds. Exten- 528

sive experiments on multi-hop and domain-specific 529

benchmarks demonstrate that our methods consis- 530

tently improve reranking quality over rounds and 531

that these gains translate into stronger downstream 532

generation in end-to-end RAG pipelines, especially 533

in long-horizon, feedback-constrained settings. 534

8



Limitations535

Despite its effectiveness, this work has several lim-536

itations. First, the proposed framework relies on537

multiple heterogeneous judges for preference cal-538

ibration in the no-feedback setting, which intro-539

duces additional computational overhead and may540

limit applicability in strictly resource-constrained541

environments. Second, the stability of self-542

evolution depends on the quality of confidence543

estimation and inter-model agreement; inaccurate544

confidence signals or systematic bias among judges545

could reduce the reliability of constructed prefer-546

ences, especially when transferring to unseen do-547

mains or model families. Finally, our study focuses548

on reranking within retrieval-augmented generation549

pipelines and evaluates primarily multi-hop rea-550

soning and domain-specific benchmarks; extend-551

ing multi-round preference optimization to more552

open-ended generation tasks or other components553

of RAG systems remains an open direction for fu-554

ture work.555
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A Appendix759

This appendix provides additional details to com-760

plement the main paper, including ablation experi-761

ment results, dataset prompts, and example cases.762

A.1 Implementation Details763

All rerankers are based on LLaMA-3 8B with764

LoRA (rank 16). Models are initialized via SFT on765

100K labeled instances and further optimized for 4766

rounds using 2K–5K instances per round with DPO767

(β = 0.2). Experiments are conducted on NVIDIA768

A100 GPUs (80GB)769

A.2 Effect of Replay Ratio α770

We analyze the effect of the replay ratio α, which771

controls the balance between newly collected pref-772

erence data at the current round and historical pref-773

erence data accumulated from previous rounds. Ta-774

ble 7 reports the performance of ReplayDPO on775

ANLI across evolution rounds under different val-776

ues of α.777

Overall, moderate replay ratios consistently778

yield better performance than extreme settings.779

When α is too large (e.g., α = 1.0), training relies780

solely on current-round data, making the model781

more sensitive to distribution shifts and leading782

to less stable improvements across rounds. Con-783

versely, overly small values of α limit the model’s784

ability to adapt to newly emerging retrieval candi-785

dates.786

Empirically, values of α in the range of 0.5–0.7787

achieve the best trade-off between adaptation and788

stability. In particular, α = 0.7 yields the highest789

accuracy at Round 3, while α = 0.5 and α =790

0.7 consistently perform well across all rounds.791

These results validate the importance of balancing792

historical preference replay with newly collected793

feedback for stable multi-round optimization.794

A.3 Case Study795

We present qualitative case studies to illustrate how796

improved multi-round reranking affects both evi-797

dence selection and downstream answer generation.798

Table 7: Retrieval-augmented Answer Generation Re-
sults on HotpotQA across Evolution Rounds.

Alpha R2 R3 R4

ANLI

0.5 71.25 72.88 72.88
0.6 69.87 72.12 72.25
0.7 70.25 74.12 72.75
0.8 69.37 72.88 72.88
0.9 69.50 71.88 72.75
1.0 69.50 72.50 72.88

These examples highlight the different strengths of 799

ReplayDPO and CautiousDPO under full-feedback 800

and no-feedback settings, as well as remaining lim- 801

itations. 802

Case Study 1 focuses on reranking quality it- 803

self. It shows that ReplayDPO is able to identify 804

more relevant evidence and make correct relevance 805

judgments, while multi-round SFT is misled by 806

noisy retrieval results. This demonstrates that the 807

performance gains of ReplayDPO stem not only 808

from better generation, but also from improved 809

document-level relevance modeling. 810

Case Studies 2 (A.3) and 3 (A.3) further illus- 811

trate how improved reranking translates into more 812

accurate answer generation. In Case Study 2, Re- 813

playDPO selects the correct supporting evidence, 814

enabling the generator to identify the major tenant 815

correctly, whereas multi-round DPO is misled by 816

irrelevant documents. In Case Study 3, Cautious- 817

DPO produces the correct profession by relying 818

on more reliable pseudo-preference signals, while 819

SFT yields an incorrect abstraction due to noisy 820

self-supervision. 821

Case Study 4 (A.3) highlights a remaining lim- 822

itation. Although ReplayDPO retrieves relevant 823

evidence containing the correct information, the 824

generator fails to fully integrate multiple retrieved 825

sentences and instead outputs a closely related but 826

incorrect concept. This suggests that errors can 827

still arise from imperfect evidence integration at 828

the generation stage, even when retrieval quality is 829

substantially improved. 830

Case Study 1 831

Question: "Which are the most common 832
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psychiatric events associated with the
consumption of cannabis?"
Content: "AIMS: We tested the age-
varying associations of cannabis use (CU)
frequency and disorder (CUD) with psy-
chotic, depressive and anxiety symptoms in
adolescent and adult sa"

True label: "False"

Multi-round SFT: "True" (wrong)
ReplayDPO: "False" (correct)833

Case Study 2834

Question: "Which Canadian corporation,
founded in March, 1994, is a major ten-
ant of the Station Mall in Sault Ste. Marie?"

Ground Truth: "Wal-Mart Canada
Corp."

Multi-round DPO: "Canadian Tire.
(Source: Wikipedia)" (wrong)
ReplayDPO:" Walmart Canada Corp. is
the major tenant." (correct)

Case Study 3835

Question: "What profession does Alex
Beard and Tony Hall, Baron Hall of
Birkenhead have in common?"

Ground Truth:"director"

sft: "They are both CEOs of a major arts
institution." (wrong)
CautiousDPO: "They are both directors."
(correct)

Case Study 4836

Question: "Migene González-Wippler is837

leading expert on a religion that developed
among which ethnic group ?"

Ground Truth: "West African descen-
dants"

ReplayDPO: "Afro-Caribbean"

Relevant sentences: "Migene González-
Wippler is a Puerto Rican new-age author
and a leading expert on the Afro-Caribbean
religion of Santería.", "Santería, also
known as Regla de Ochá, La Regla de Ifá,
or Lucumi, is an Afro-American religion
of Caribbean origin that developed in
the Spanish Empire among West African
descendants."

838

A.4 Ablation Experiment Results 839

Tables 8, 9, and 10 show the detailed results of 840

each round of our ablation experiments. These data 841

supplement the summarized results reported in the 842

main paper. 843

A.5 Dataset Prompts 844

Table 11 lists the prompts used for each dataset in 845

our experiments. 846
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Table 8: Ablation study on General Factual Verification datasets (FEVER and ANLI). Results are reported as
accuracy (%).

Method FEVER (%) ANLI (%)

R2 R3 R4 R2 R3 R4

CautiousDPO 96.82 96.22 96.38 68.37 68.37 66.75

w/o Multi-LLM Calibration 96.66 96.06 96.26 63.62 61.62 61.50
w/o Confidence Gating 96.72 96.14 96.32 65.50 65.00 64.12

Table 9: Ablation study on Multi-hop Reasoning datasets. Values shown are (Accuracy / F1) % averages for each
round.

Method HotpotQA (Acc/F1) MultiRC (Acc/F1)

R2 R3 R4 R2 R3 R4

CautiousDPO 84.93/81.14 84.69/81.85 84.79/81.39 89.61/88.27 88.37/87.03 88.83/88.10

w/o Confidence Gating 83.33/80.19 82.91/80.60 82.26/79.68 89.12/87.78 88.21/87.02 87.52/87.04
w/o Multi-LLM Calibration 83.33/80.19 82.76/80.37 82.72/80.09 89.12/87.78 88.29/86.88 88.34/87.64

Table 10: Ablation study on Domain-specific Factuality datasets (PubMedQA and BioASQ)

Method PubMedQA (%) BioASQ (%)

R2 R3 R4 R2 R3 R4

CautiousDPO 99.05 99.25 99.45 69.60 69.49 70.85

w/o Confidence Gating 99.05 99.40 99.30 68.65 68.10 69.80
w/o Multi-LLM Calibration 99.05 99.05 99.25 69.78 63.05 64.04
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Table 11: Prompt templates for each dataset. Curly braces like {query} or {claim} indicate placeholders for input
values.

Dataset Prompt Template

ANLI Given a premise and a hypothesis, determine their relationship and explain your reasoning. First
state the relationship (entailment, neutral, or contradiction).
Premise: {premise}
Hypothesis: {hypothesis}
Relationship:

FEVER You are a fact verification expert. Analyze the relationship between the claim and evidence.
Claim: {claim}
Evidence: {evidence}
Based on the evidence, the claim is:
- SUPPORTS if the evidence confirms the claim
- REFUTES if the evidence contradicts the claim
- NOT ENOUGH INFO if the evidence is insufficient
Your response must be exactly one word: SUPPORTS, REFUTES, or NOT ENOUGH INFO.

HotpotQA Determine whether the following sentence provides information relevant to answering the
question.
Question: {question}
Sentence: {sentence}
Answer (only True or False):

MultiRC Based on the given passage and question, determine whether the provided answer is correct. If
correct, answer ’true’; if incorrect, answer ’false’.
Passage: {passage}
Question: {question}
Answer:

PubMedQA Answer the medical research question based on the provided scientific context. Provide a ’yes’
or ’no’ answer.
Question: {question}
Scientific Context: {context}
Answer:

BioASQ Determine whether the given query and content are relevant. If so, answer ’true’; if not, answer
’false’.
Query: {question}
Content: {content}
Relevance:
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