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Abstract

The integration of large language models001
(LLMs) and search engines represents a sig-002
nificant evolution in knowledge acquisition003
methodologies. However, determining the004
knowledge that an LLM already possesses and005
the knowledge that requires the help of a search006
engine remains an unresolved issue. Most exist-007
ing methods solve this problem through the re-008
sults of preliminary answers or reasoning done009
by the LLM itself, but this incurs excessively010
high computational costs. This paper intro-011
duces a novel collaborative approach, namely012
SlimPLM, that detects missing knowledge in013
LLMs with a slim proxy model, to enhance014
the LLM’s knowledge acquisition process. We015
employ a proxy model which has far fewer pa-016
rameters, and take its answers as heuristic an-017
swers. Heuristic answers are then utilized to018
predict the knowledge required to answer the019
user question, as well as the known and un-020
known knowledge within the LLM. We only021
conduct retrieval for the missing knowledge in022
questions that the LLM does not know. Ex-023
tensive experimental results on five datasets024
with two LLMs demonstrate a notable improve-025
ment in the end-to-end performance of LLMs in026
question-answering tasks, achieving or surpass-027
ing current state-of-the-art models with lower028
LLM inference costs.1029

1 Introduction030

Large language models (LLMs) have demonstrated031

significant prowess in various natural language032

processing (NLP) tasks (Achiam et al., 2023), at-033

tributed to their advanced language comprehen-034

sion and generation capabilities. Despite being035

trained on extensive text corpora, these models036

occasionally produce hallucinated content (Zhou037

et al., 2020; Maynez et al., 2020). To tackle this038

problem, the integration of retrieval systems with039

1Anonymous code and datasets are available at https:
//anonymous.4open.science/r/SlimPlm-2434

LLMs has been proposed, enabling access to exter- 040

nal knowledge bases for more accurate and reliable 041

text generation. 042

Retrieval-augmented generation (RAG) involves 043

using a retrieval system to supplement LLMs with 044

relevant external information, thereby improving 045

text generation quality (Peng et al., 2023; He et al., 046

2022). Yet, recent studies have suggested that re- 047

trieval may not always be beneficial. In cases where 048

LLMs can adequately respond without external 049

knowledge, retrieval may introduce irrelevant in- 050

formation, potentially degrading performance (Ka- 051

davath et al., 2022; Wang et al., 2023b; Shi et al., 052

2023a; Petroni et al., 2020a). Therefore, it is crit- 053

ical to determine when retrieval is necessary for 054

user questions (Shuster et al., 2021). The challenge 055

lies in identifying questions that exceed the LLMs’ 056

intrinsic knowledge and require external retrieval, 057

due to the prevalence of content hallucination. Ef- 058

forts to address this challenge can be categorized 059

into two groups: (1) The first group of methods 060

involves fine-tuning LLMs for RAG scenarios, al- 061

lowing them to autonomously signal the need for 062

external knowledge (Nakano et al., 2021; Liu et al., 063

2023b; Qin et al., 2023b). This method, while effec- 064

tive, demands substantial computational resources 065

and risks diminishing the LLMs’ general capabili- 066

ties due to potential catastrophic forgetting (Kotha 067

et al., 2023; Zhai et al., 2023). (2) The second 068

category avoids direct tuning of LLMs, assessing 069

the necessity for retrieval based on the quality of 070

the generated content or specific indicators within 071

it (Ram et al., 2023; Min et al., 2022). However, 072

this approach still has its drawbacks, as it requires 073

multiple inferences, thereby increasing both the in- 074

ference costs and the latency of responses to user 075

questions. 076

In light of this, we put forward a question: Is it 077

feasible to employ a proxy model with a relatively 078

smaller parameter size to facilitate effective re- 079

trieval results for an LLM? Theoretically, existing 080
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decoder-only language models share similar Trans-081

former structures, and they are pre-trained on some082

common text corpora, such as Common Crawl083

web pages, books, and Wikipedia pages (Touvron084

et al., 2023; Bai et al., 2023; Scao et al., 2022;085

Almazrouei et al., 2023; Zhang et al., 2024). There-086

fore, it is possible for them to reach a consensus087

on relative mastery over different knowledge and088

the necessity of retrieval. Our preliminary quantita-089

tive analysis, shown in Section 4.6, also supports090

this hypothesis. The experimental results show091

that on questions well understood by the LLM, the092

relatively smaller language model also has consid-093

erable knowledge. The gap between larger and094

smaller LLMs mainly manifests in questions they095

do not understand. This further validates the pos-096

sibility of employing a proxy model to help deter-097

mine the necessity of retrieval.098

Based on our analysis, in this paper, we intro-099

duce a novel approach, called SlimPLM (Slim100

Proxy Language Model), which leverages a rela-101

tively smaller language model as a “proxy model”102

to help determine when and how to perform re-103

trieval for LLMs. Specifically, for a user question,104

SlimPLM first uses the proxy model to generate a105

preliminary “heuristic answer”. This heuristic an-106

swer serves two purposes. First, it is evaluated by a107

lightweight model designed to assess the necessity108

for retrieval. If this evaluation shows that the heuris-109

tic answer is of high quality, it implies that the110

question may be addressed directly by LLMs with-111

out additional information retrieval. In contrast,112

a lower-quality answer triggers the retrieval pro-113

cess to identify and supplement missing knowledge.114

To facilitate this, SlimPLM utilizes the heuristic115

answer again to generate multiple queries, each116

reflecting a specific aspect of the initial response.117

These queries are then individually assessed for118

their need for retrieval, filtering out queries that do119

not require retrieval. By this means, the remaining120

queries can retrieve more relevant knowledge that121

is lacking in LLMs. The integration of SlimPLM122

into existing RAG frameworks offers a flexible and123

effective enhancement without notably increasing124

computational costs or response latency. Experi-125

mental results across five commonly used question-126

answering datasets validate SlimPLM’s effective-127

ness in determining the necessity for retrieval and128

improving retrieval results.129

Our contributions are threefold: (1) We pro-130

pose a novel approach that leverages a small proxy131

model to generate heuristic answers, helping deter-132

mine when and how to perform retrieval for LLMs. 133

(2) We devise a retrieval necessity judgment model 134

based on the heuristic answer. It is capable of accu- 135

rately identifying which queries necessitate further 136

information retrieval. (3) We formulate a query 137

rewriting strategy that decomposes the heuristic 138

answer into distinct claims. This is complemented 139

by a claim-based filtering mechanism to enhance 140

the relevance of the retrieval results for LLMs’ text 141

generation. 142

2 Related Work 143

2.1 Retrieval-augmented Generation (RAG) 144

Before the rise of LLMs, small language mod- 145

els (Raffel et al., 2019; Lewis et al., 2019) pos- 146

sess limited knowledge, so retrieval-augmentation 147

is used to assist knowledge-incentive QA tasks. 148

Previous works often design a fixed module for 149

retrieval-augmentation (Sun et al., 2022; Lewis 150

et al., 2020; Izacard and Grave, 2020). Since the 151

release of ChatGPT, LLMs have been developing 152

rapidly (Zhao et al., 2023). LLMs possess abundant 153

intrinsic knowledge, but hallucination issue means 154

they also have to rely on retrieval-augmentation 155

to improve factuality (Shuster et al., 2021; White, 156

2023). 157

Since LLMs have a rather fixed architecture, 158

retrieval-augmented LLMs generally leave LLMs’ 159

architecture unchanged while pre-pending ground- 160

ing documents to the input (Ram et al., 2023; 161

Yu et al., 2023b). Generally, a typical RAG 162

pipeline (Zhu et al., 2023; Liu et al., 2023a; Shi 163

et al., 2023b) consists of a query rewriter (Wang 164

et al., 2023a; Gao et al., 2022), a retriever (Guu 165

et al., 2020; Neelakantan et al., 2022), a filter or 166

reranker (Yoran et al., 2023; Yu et al., 2023a; Xu 167

et al., 2023), and an LLM as reader. Some meth- 168

ods attempt to enhance preposition components 169

for overall performance improvement. Others fine- 170

tune the LLM to fit into RAG tasks (Asai et al., 171

2023; Kadavath et al., 2022). 172

2.2 Retrieval Necessity Judgment 173

Except for modifications to RAG pipeline com- 174

ponents, retrieval necessity judgment is a more 175

closely related topic. There are several streams to 176

solve this issue. 177

(1) Fine-tuning LLMs is effective, but incurs sig- 178

nificant computational costs (Qin et al., 2023a; Lin 179

et al., 2022). Some work fine-tune the LLM to imi- 180

tate a human-like web-browsing behavior (Schick 181
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Slim Proxy 
Model

Heuristic Answer: Russia has been a 
member of the World Economic Forum 
(WEF) since its inception in 1971…In 
1992, the WEF changed its name to the 
World Economic Forum, and Russia 
became one of the founding members of 
the new organization…

User Question: when did russia join the 
world economic forum？

Query 1 

Claim1: Russia has been a member of the World Economic Forum 
since its inception in 1971
Query1: Russia membership start year in World Economic Forum

Claim2: The World Economic Forum was founded by Klaus 
Schwab, a German-born businessman and economist
Query2: Founder of the World Economic Forum

Claim3: In 1992, the World Economic Forum changed its name to 
the World Economic Forum and Russia became one of the 
founding members of the new organization 
Query3: Year World Economic Forum changed name

Query 2

Large Language Model

Query 3
unknown

unknown

known

Search Engine

Query Rewriting Model

Retrieval Necessity 
Judgment Model

User’s Question
Heuristic Answer User Question

③ Retrieval-Augmented Generation

③ Direct Generation

Final Answer① Question Judgment

Claim Judgement

② Heuristic Answer Generation

unknown

known

Final Answer

User’s Question

Retrieval Necessity 
Judgment Model

Large Language Model

Figure 1: A display of the main process of SlimPLM. Solid lines with arrows represent the flow of data, while
dashed lines with arrows signify control signals from the retrieval necessity judgment model. Step 1 and step 2 are
mandatory in the pipeline, but step 3 involves choosing between direct generation and RAG.

et al., 2023; Nakano et al., 2021). Self-RAG (Asai182

et al., 2023) introduces special tokens called reflec-183

tion tokens to control retrieval behavior.184

(2) Another intuitive approach involves assess-185

ing the LLM’s confidence based on logits produced186

by the model (Jiang et al., 2020; Guo et al., 2017).187

FLARE (Jiang et al., 2023) dynamically triggers188

RAG if logits fall below a certain threshold.189

(3) Other work use iterative prompts to decide190

if extra information is required (Wei et al., 2022;191

Liu et al., 2021; Rubin et al., 2021), or synergy192

Chain-of-Thought prompting (Wei et al., 2022)193

with RAG (Press et al., 2022; Khattab et al., 2022).194

For example, ReAct (Yao et al., 2022) alternates195

between generating thoughts and actions, creating196

a series of thought-action-observation steps.197

(4) Assessing the difficulty or popularity of user198

questions to judge retrieval necessity is also a vi-199

able approach (Mallen et al., 2022). SKR (Wang200

et al., 2023b) refers to similar questions they have201

previously encountered to judge retrieval necessity.202

By contrast, SlimPLM conducts retrieval neces-203

sity judgment by assessing the answer generated204

by a smaller LLM. SlimPLM does not increase205

LLM inference times while improving judgment206

accuracy.207

2.3 Query Formulation208

Many methods conduct retrieval necessity209

judgment and also involve query formulation.210

FLARE (Jiang et al., 2023) masks the low logits211

tokens in the LLM output sequence and concate-212

nates the rest to formulate the query. ReAct (Yao 213

et al., 2022) and Self-Ask (Press et al., 2022) 214

prompt the LLM to generate queries itself. By 215

contrast, SlimPLM conducts query formulation 216

by scrutinizing the answer generated by a smaller 217

LLM providing an accurate perception of the 218

necessary knowledge. 219

3 Methodology 220

In this paper, we aim to leverage a relatively 221

smaller model as the proxy model to determine 222

whether the user-issued question requires supple- 223

mentary retrieval results and further provide clues 224

for retrieving relevant knowledge. Our method, 225

SlimPLM, can be flexibly used as a plug-in to vari- 226

ous retrieval-augmented generation scenarios, with- 227

out additional training requirements. The illustra- 228

tion of our method is shown in Figure 1. 229

3.1 Problem Formulation & Framework 230

Before diving into the details of our method, we 231

first formulate the concept and notations involved 232

in this paper. 233

Given a user input x and a text corpus (e.g., a 234

Wikipedia dump) D = {di}Ni=1 of size N , models 235

are expected to generate the annotated answer y. 236

To obtain the information in D that is relevant to 237

x, a retriever (R) is employed. This retriever takes 238

a query q as input and returns a relevant text list 239

Dref = R(q). Typically, the user input x is used as 240

the query, namely q = x. However, existing stud- 241

ies have demonstrated that using refined queries 242
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for retrieval can improve the final generation qual-243

ity (Gao et al., 2022; Wang et al., 2023a). There-244

fore, we denote the refined queries as {q1, . . . , qn}.245

With these refined queries, a collection of relevant246

retrieval results Dref = R(q1), . . . , R(qn) is assem-247

bled to support the generation process, formalized248

as ŷ = LLM(Dref, x). Note that, when Dref = ∅,249

the process degenerates to normal generation with-250

out retrieval.251

We define a proxy model (PM), which is imple-252

mented by a relatively smaller LLM. The proxy253

model generates an answer for the input x as:254

â = PM(x), (1)255

where â is called a heuristic answer in this paper.256

This heuristic answer serves two purposes: (1) It is257

used for determining whether the retrieval is nec-258

essary for the current input x. The determination259

is made by a retrieval necessity judgment model260

(introduced in Section 3.2). (2) It also provides261

clues for query rewriting. The query rewriting re-262

sults will help identify knowledge gaps within the263

LLM that necessitate further retrieval (introduced264

in Section 3.3).265

3.2 Retrieval Necessity Judgment266

Because existing LLMs are typically trained on267

common corpora (such as CommonCrawl and268

Wikipedia (Touvron et al., 2023; Penedo et al.,269

2023; Gao et al., 2020)) and employ a similar Trans-270

former decoder-based architecture, it is promising271

to leverage a smaller LLM for judging the knowl-272

edge mastered by larger LLMs and determining the273

need for additional retrieval. Thus, we propose a274

retrieval necessity judgment component.275

Judgment Model Given the heuristic answer â276

generated by the proxy model (Equation 1), we277

fine-tune a judgment model RJ (implemented by278

Llama2-7B in our experiments) by using both the279

user input x and the heuristic answer â. We use the280

following instructions for fine-tuning:281

Input:
<SYS> You are a helpful assistant. Your
task is to parse user input into structured
formats and accomplish the task according to
the heuristic answer. </SYS>
Heuristic answer: {Heuristic Answer}
Question: {user question}
Retrieval Necessity Judgment Output:
Output:
Known (True / False)

After fine-tuning, the RJ model can predict whether 282

a user question needs further retrieval with the help 283

of the heuristic answer. 284

Judgment Label Collection To fine-tune the RJ 285

model, we need to collect training samples with re- 286

liable labels. Existing studies (Wang et al., 2023b) 287

have proposed an annotation strategy that compares 288

the models’ outputs generated with and without re- 289

trieval. In our preliminary study, we find that this 290

strategy is highly influenced by the capability of 291

the retriever and the completeness of the corpus, 292

leading to annotations that cannot accurately re- 293

flect the model’s necessity for search. To tackle 294

this problem, we propose to leverage the quality 295

of our heuristic answers, i.e., if the quality of the 296

heuristic answer is higher than a predefined thresh- 297

old, we infer that the question can be well answered 298

without retrieval; otherwise, we consider retrieval 299

necessary. 300

Specifically, we collect samples with short an- 301

swers from existing question-answering datasets 302

and employ the matching ratio between the heuris- 303

tic answers and the ground-truth answers as the 304

metric. Compared to rouge scores (Lin, 2004) or 305

perplexity (Huyen, 2019), this metric can better 306

align with the evaluation and reflect the generation 307

quality. Notably, while we only use short answers 308

for label collection, the obtained model can well 309

generalize to different datasets, such as long-form 310

QA datasets. Formally, for a question with multiple 311

short answers Y = {y1, y2, . . . , yn}, we compute 312

the matching ratio r between â and Y as: 313

r =
|{y | y ∈ â ∧ y ∈ Y }|

|Y |
. (2) 314

Then, we set a threshold θ and obtain the label as: 315

Label(â, x) =

{
Known (True), if r > θ;

Known (False), otherwise.
316

3.3 Retrieval Target Determination 317

After determining the necessity of retrieval, the 318

next question is how to perform effective retrieval. 319

A straightforward method is using user input x as 320

the query to retrieve relevant information from the 321

corpora D. However, many studies have reported 322

that the information retrieved by x may lose de- 323

tails and introduce redundant content (Wang et al., 324

2023a). To address this issue, we propose a query 325

rewrite method based on the heuristic answers and a 326

query filter method to refine these rewritten queries. 327
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Heuristic Answer-Driven Query Rewrite Re-328

stricted by parameter scale, the proxy model of-329

ten hallucinates during the process of answering330

questions, but the direction in which they answer331

questions is heuristic (Dhuliawala et al., 2023; Gao332

et al., 2022). They can extend related aspects333

and sub-topics of thought when analyzing ques-334

tions. Inspired by claim decomposition operation335

intended for factual evaluation (Min et al., 2023;336

Kryscinski et al., 2019), we perform query rewrit-337

ing based on each fact mentioned in the heuris-338

tic answer given by the proxy models. The spe-339

cific operations are as follows: we decompose340

the heuristic answer â into multiple claims re-341

lated to the question, {c1, c2, . . . , cn}, where each342

claim related to the question can lead to a query,343

{qc1 , qc2 , . . . , qcn}. In addition, we combine the344

query rewrites directly derived from the user’s in-345

put {qx1 , qx2 , . . . , qxn}. Our query rewriting model346

QR takes the user question and the heuristic an-347

swer as input and outputs all query rewrite results,348

QR(x, â) = {qx1 , . . . , qxn , qc1 , . . . , qcn}.349

To train the query rewriting model, we col-350

lect and annotate a dataset with the help of GPT-351

4(Achiam et al., 2023). In each dataset used352

in our experiments, we sample 1,000 user ques-353

tions. We utilize the method of instruction fine-354

tuning (Ouyang et al., 2022; Chung et al., 2022)355

to fine-tune a decoder-only generative model, ac-356

complishing the task of claim extraction and query357

rewriting in a single round. Our instructions and358

the model output are displayed as follows.359

Input:
<SYS> You are a helpful assistant. Your
task is to parse user input into structured
formats and accomplish the task according to
the heuristic answer. </SYS>
Heuristic answer: {Heuristic Answer}
Question: {User Question}
Query Rewrite Output:
Output:
<Claim> Claim 1 <Query> Query 1 <Claim> Claim
2 <Query> Query 2, ...

Claim-based Query Filter In the previous step,360

our method generates several rewritten queries361

QR(x, â), which correspond to the claims in the362

heuristic answers.363

To achieve this, we reuse the judgment model RJ364

trained in Section 3.2. Specifically, we replace the365

input of the heuristic answer by the extracted claim366

and the input of user questions by the rewritten367

query. Then, the model can predict whether the368

rewritten query requires external knowledge from 369

retrieval. We only perform retrieval when the result 370

is Known (False), namely, we have: 371

Dref = {R(qci)|RJ(ci, qci) = Known (False)}. 372

By this means, we can obtain the retrieved result 373

set Dref that only contains the knowledge missing 374

by the LLM. 375

4 Experiments 376

We conduct experiments on five widely used 377

question-answering (QA) datasets and compare the 378

performance of our method with several baselines. 379

4.1 Datasets 380

We use the following five QA datasets: (1) Nat- 381

ural Questions (NQ) (Kwiatkowski et al., 2019): 382

a dataset consisting of real user questions from 383

Google search. (2) Trivia-QA (Joshi et al., 2017): a 384

realistic text-based question answering dataset. (3) 385

ASQA (Stelmakh et al., 2022): a dataset targeting 386

ambiguous questions requiring answers that inte- 387

grate factual information from various sources. (4) 388

MuSiQue (Trivedi et al., 2021): a synthetic multi- 389

hop question-answering dataset. (5) ELI5 (Fan 390

et al., 2019): a long-form question answering 391

dataset originated from the Reddit forum. Due 392

to our limited resources, we randomly sample 400 393

questions from the test set (if any) or validation set 394

of each dataset as the test set for evaluation. 395

4.2 Evaluation Metrics 396

For all QA tasks, LLMs can freely generate any 397

answers. For datasets annotated with long-form 398

answers, we employ the Rouge Score (Lin, 2004) 399

(ROUGE) to evaluate the quality of the generated 400

answers by comparing them with the ground-truth 401

ones. For datasets with short answers, we use the 402

Exact Match (EM) metric to compare the generated 403

answer with the golden one. If the dataset provides 404

multiple optional short answers, we also report the 405

proportion of instances where at least one short 406

answer matches (Hit@1). 407

4.3 Baselines 408

We first select two baselines without retrieval: 409

(1) Vanilla Chat: This method directly inputs 410

the user question into LLMs to get the answer. (2) 411

CoT Prompting (Wei et al., 2022): This method 412

introduces a prompt method that lets LLMs think 413

step-by-step to derive the final answer. 414
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Method #API ASQA NQ Trivia-QA MuSiQue ELI5

EM Hit@1 EM Hit@1 EM Hit@1 EM ROUGE-1 ROUGE-2 ROUGE-L

Llama2-70B-Chat without Retrieval

Vanilla 1 29.68 62.50 40.49 55.00 27.44 90.75 11.50 28.66 4.88 14.27
CoT 1 26.21 54.50 35.36 48.75 23.50 79.00 11.50 28.12 4.73 14.06

Llama2-70B-Chat with Retrieval

Direct 1 27.63 58.00 42.40 56.00 28.07 92.25 10.50 28.61 4.76 15.76
FLARE 2.10 30.08 63.50 41.36 55.75 27.41 89.50 11.25 27.95 4.72 13.91
Self-Eval 2 29.45 60.75 42.15 55.75 27.58 91.50 10.25 28.70 4.83 15.39
Self-Ask 2.67 26.37 60.25 38.56 53.00 26.56 89.50 9.50 - - -
ITER-RETGEN 3 30.15 60.50 42.85 55.50 28.31 91.00 13.00 28.44 4.74 15.72
SKR-KNN 1 29.38 61.75 41.90 55.75 28.16 92.25 10.25 28.71 4.80 15.73
SlimPLM (Ours) 1 30.73 65.00 47.43 62.25 28.35 92.00 13.00 29.97 5.61 15.13

Qwen-72B-Chat without Retrieval

Vanilla 1 26.65 58.50 40.38 53.75 27.82 90.25 11.75 30.61 5.21 15.90
CoT 1 27.74 59.50 40.49 53.75 27.62 91.75 12.75 29.94 4.94 14.75

Qwen-72B-Chat with Retrieval

Direct 1 25.85 57.00 41.27 52.75 26.39 87.75 7.75 25.93 4.55 16.74
FLARE 2.29 27.68 59.00 40.89 54.50 27.10 88.50 12.75 30.31 5.20 15.77
Self-Eval 2 27.64 60.00 42.43 56.00 27.13 90.50 7.75 29.19 5.14 16.05
Self-Ask 2.76 22.82 52.25 36.16 49.25 25.29 87.50 9.75 - - -
ITER-RETGEN 3 29.38 61.50 43.51 57.50 27.16 89.75 12.25 26.15 4.41 16.52
SKR-KNN 1 28.08 61.50 43.08 56.00 26.38 88.50 11.25 27.29 4.75 16.31
SlimPLM (Ours) 1 27.97 62.25 44.07 57.75 28.03 92.25 9.75 29.56 5.91 16.36

Table 1: Evaluation results of SlimPLM and baselines on five QA benchmarks. #API is the average LLM inference
times. Hit@1 is the proportion of instances where at least one short answer matches.

We also consider several retrieval-augmented415

generation methods. They differ in time and ap-416

proach for retrieval necessity judgment and con-417

struction of retrieval queries. We include more418

baseline implementation details in Appendix B.419

(1) Direct Search: This approach uses search for420

all questions and directly utilizes the user question421

as the search query. (2) FLARE (Jiang et al., 2023):422

This method examines the content of each sentence423

generated by the LLM, and uses retrieval if the gen-424

eration logits are below a threshold. FLARE uses425

the masked sentence as a query, wherein tokens426

associated with low logits are masked. (3) Self-427

Eval (Kadavath et al., 2022): This method uses428

prompts and few-shot learning to let LLM itself429

decide whether it needs retrieval or not. (4) Self-430

Ask (Press et al., 2022): This method iteratively431

prompts the LLM to decide whether to generate432

follow-up questions as queries or generate the fi-433

nal answer directly. (5) SKR-KNN (Wang et al.,434

2023b). It uses a dense retriever to retrieve top-435

k nearest neighbor questions from the training set.436

The necessity of retrieval is determined by the num-437

ber of neighboring questions that require or do not438

require retrieval.439

4.4 Implementation Details 440

We conduct experiments on two open-source 441

LLMs, Llama2-70B-Chat (Touvron et al., 2023) 442

and Qwen-72b-Chat (Bai et al., 2023). The default 443

proxy model, fine-tuned query rewriting model, 444

and retrieval necessity judgment model are built 445

on Llama2-7B-Chat. We build a search engine 446

on the KILT dataset’s document library, which is 447

based on the 2019 Wikipedia mirror (Petroni et al., 448

2020b). BM25 (Robertson and Zaragoza, 2009) is 449

used as the retriever and E5base (Wang et al., 2022) 450

is employed as the reranker. More implementation 451

details are provided in Appendix A. 452

4.5 Experimental Results 453

The evaluation results are shown in Table 1, where 454

we uniformly chose Llama2-7B-Chat as the proxy 455

model, a fine-tuned query rewriting model, and 456

a fine-tuned retrieval necessity judgment model. 457

Generally, our SlimPLM achieves superior or com- 458

petitive performance on all datasets. This clearly 459

demonstrates the effectiveness of our method. Be- 460

sides, we have the following observations: 461

(1) On most datasets, retrieval-augmented gen- 462

eration methods can outperform the methods with- 463
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out using retrieval. This clearly demonstrates the464

benefit of incorporating external knowledge into465

open-domain QA tasks. (2) Compared to methods466

that initiate retrieval based on the results or logits467

generated by LLMs (i.e., Self-Eval, Self-Ask, and468

FALRE), our method yields better results. This469

validates the superiority of our method, which em-470

ploys a proxy model to determine when and what471

the LLM needs to retrieve. Notably, our method re-472

quires the LLM to infer only once, significantly473

reducing the cost of inference. (3) Comparing474

methods that judge retrieval necessity merely based475

on user questions (SKR-KNN), our method also476

has advantages. By using heuristic answers, it can477

more accurately assess the LLM’s knowledge capa-478

bility and formulate queries that are more precisely479

tailored to the question, thereby improving overall480

performance. (4) Intriguingly, we notice that re-481

trieval does not uniformly benefit all user questions.482

For example, in the ELI5 dataset, approximately483

66.4% of samples show improvement with retrieval,484

as shown in Figure 2. This observation highlights485

the critical need to judge the necessity of retrieval.486

More cases where retrieval has negative impact are487

shown in Appendix C.488

4.6 Further Analysis489

We further conduct a series of experiments to inves-490

tigate the impact of different settings in our method.491

Ablation Study We first examine the effective-492

ness of different modules in our method by an ab-493

lation study. This experiment is conducted by re-494

moving the heuristic-answer-driven query rewriting495

(w/o QR), question-Level retrieval necessity judg-496

ment (w/o RJ), and Claim-based Query Filter (w/o497

QF), respectively. From the results are shown in Ta-498

ble 2, we can see: (1) If query rewriting is removed,499
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Figure 3: The proportion of samples (y-axis) with EM
scores higher than certain values (x-axis).

then retrieval necessity judgment between vanilla 500

chat and direct search is applied. Performing query 501

rewriting can both enhance the comprehensiveness 502

and relevance of retrieved references. (2) When re- 503

trieval necessity judgment is removed, all questions 504

will use retrieval results for generation. LLMs will 505

be led astray on questions that they can perform 506

well on their own knowledge. (3) If claim-based 507

query filter is removed, then retrieval is applied to 508

every query derived from the heuristic answer. Not 509

filtering queries which contain contents that do not 510

require retrieval worsens the search results. 511

Knowledge Ability Consensus between Proxy 512

Models and LLMs In this experiment, we com- 513

pared the knowledge capabilities of LLMs and 514

proxy models, and confirmed their consensus. Our 515

findings can be summarized as follows: (1) The 516

difference in capabilities between the proxy model 517

and the LLM is primarily manifested in the knowl- 518

edge of lower mastery levels. As illustrated in Fig- 519

ure 3, on the ASQA dataset, the difference between 520

the 70B and 7B language models is very slight for 521

samples with an EM score greater than 0.5. Their 522

differences are primarily evident in samples with 523

an EM score less than 0.5. (2) The higher the level 524

of some knowledge mastered by the proxy model, 525

the higher the level of mastery by the LLM. Further 526

experiments on ASQA shows over 82.19% of the 527

samples with an EM score greater than 0.5 for the 528

7B model overlaps with those of the 70B model. 529

The experimental results above offer a theoret- 530

ical basis for our method. If the proxy model can 531

correctly answer the question, then the LLM is 532

very likely to answer it correctly as well. Apply- 533

ing vanilla chat for them can better leverage the 534

inherent knowledge capabilities of LLMs. 535
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Method ASQA NQ Trivia-QA MuSiQue

EM Hit@1 EM Hit@1 EM Hit@1 EM

SlimPLM 30.73 65.00 47.43 62.25 28.35 92.00 13.00
w/o QR 29.19 (5.0%↓) 61.75 (5.0%↓) 45.16 (4.8%↓) 59.75 (4.0%↓) 28.07 (1.0%↓) 92.50 (0.5%↑) 11.50 (1.2%↓)
w/o QJ 29.43 (4.2%↓) 61.75 (5.0%↓) 43.03 (9.3%↓) 57.25 (8.0%↓) 27.91 (1.6%↓) 90.25 (1.9%↓) 12.75 (1.9%↓)
w/o QF 30.73 (0.0%) 64.75 (0.4%↓) 46.62 (1.7%↓) 61.25 (1.6%↓) 28.27 (0.3%↓) 91.75 (0.3%↓) 12.50 (3.9%↓)

Table 2: Ablation study on Llama2-70B-Chat. “QR”, “QJ”, and “QF” denote the query rewriting, question-level
retrieval necessity judgment, and claim-based query filter, respectively.

Method ASQA NQ Trivia-QA MuSiQue ELI5

EM Hit@1 EM Hit@1 EM Hit@1 EM ROUGE-1 ROUGE-2 ROUGE-L

Llama2-70B-Chat

Llama2-7B-Chat 30.73 65.00 47.43 62.25 28.35 92.75 13.00 29.97 5.61 15.13
Qwen-7B-Chat 29.62 60.25 42.53 56.25 27.93 92.25 13.00 29.95 5.57 16.16
TinyLlama-1.1B-Chat 30.47 60.50 44.24 56.75 28.02 91.00 11.50 30.05 5.56 15.37
Phi-2 (2.7B) 28.96 60.50 43.33 57.50 27.99 91.50 13.75 30.34 5.82 15.48

Qwen-72B-Chat

Llama2-7B-Chat 27.97 62.25 44.07 57.75 28.03 92.25 9.75 29.56 5.91 16.36
Qwen-7B-Chat 27.76 59.75 42.54 55.75 27.22 90.25 8.75 29.44 5.74 16.33
TinyLlama-1.1B-Chat 27.61 58.25 42.36 55.25 27.67 91.25 9.25 28.80 5.64 16.12
Phi-2 (2.7B) 26.95 59.50 42.22 54.25 27.10 89.00 10.75 29.17 5.83 16.32

Table 3: Performance Comparison of Various Proxy Methods.

Dataset Chat Proxy Rewrite Judge Total

ASQA 192.86 24.42 35.27 3.38 63.07
NQ 249.74 29.61 38.65 3.65 71.91
TQA 114.07 15.73 28.13 2.47 46.33
MuSiQ 168.47 19.00 30.84 2.36 52.20
ELI5 471.22 47.82 46.82 4.23 98.87

Table 4: The number of tokens used by LLM, and the
additional tokens brought by SlimPLM.

Impact of Various Proxy Models We also ex-536

plore the impact of using different proxy models in537

our method. This experiment is conducted by us-538

ing four open-source LLMs with different sizes as539

the proxy model, including Llama2-7B-Chat (Tou-540

vron et al., 2023), Qwen-7B-Chat (Bai et al., 2023),541

TinyLlama-1.1B-Chat (Zhang et al., 2024), and542

Phi-2 (Li et al., 2023). Experimental results are543

shown in Table 3. We can see that in most datasets,544

Llama2-7B can provide the best results. Further-545

more, Llama2-7B contributes a greater improve-546

ment to Llama2-70B than to Qwen-72B, we at-547

tribute this to the better knowledge alignment be-548

tween Llama models.549

Computational Cost Analysis In our method,550

we use a proxy model, a query rewriting model,551

and a retrieval necessity judgment model based on552

relatively smaller LLMs (7B). To investigate their553

computational efficiency, we analyze the average 554

number of tokens generated by each model and 555

calculate the associated costs. This calculation is 556

based on the assumption that the computational 557

expense per token for a 7B model is roughly 1/10 558

that of a 70B model—–a conservative estimate, 559

given that the actual cost differential is likely to 560

exceed this ratio (Kaplan et al., 2020). Table 4 561

lists the additional computational costs required by 562

each component and the total cost. The analysis 563

reveals that the additional costs are substantially 564

lower (1/4 to 1/3) compared to the costs of a single 565

inference by an LLM. This observation validates 566

the economic advantages of our method. 567

5 Conclusion 568

In conclusion, our research proposes a new 569

paradigm for RAG, utilizing a smaller LLM as 570

proxy model. Based on the heuristic answer by 571

proxy model, we conduct query rewriting, retrieval 572

necessity judgment, and claim-based query filter- 573

ing. This approach enables accurate perception 574

for when and what to retrieve for LLMs. Experi- 575

ments across various datasets show a marked im- 576

provement in the end-to-end performance of LLM 577

question-answering, achieving or exceeding state- 578

of-the-art results. Moreover, this enhancement is 579

attained with little additional computational cost. 580
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Limitations581

In scenarios where almost all user questions are pri-582

marily outside the scope of the LLM’s pre-training583

corpus, or where almost all the questions do not584

require external knowledge, our method proves585

challenging to utilize. In these situations, opting586

either for a full retrieval or without retrieval at all587

may be a more suitable approach. Additionally, we588

acknowledge a gap in the knowledge capabilities589

between proxy models and LLMs. Heuristic an-590

swers are unable to fully reflect the true knowledge591

capability of the LLMs. Moreover, our current592

method employs three models: a proxy model, a593

query rewriting model, and a retrieval necessity594

judgment model. The pipeline appears somewhat595

complex; integrating these functions into a single596

generative framework would be preferable.597
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A SlimPLM Implementation Details 1219

Model Fine-tuning Our query rewriting model 1220

and the retrieval necessity judgment model are both 1221

obtained by instruction fine-tuning from Llama2- 1222

7B-Chat. We find that models fine-tuned with data 1223

collected from datasets annotated with multiple 1224

short answers possess better generalization abil- 1225

ities. They can adapt to various tasks including 1226

ambiguous QA, natural questions, long-form QA, 1227

and rewritten queries. We collect 5000 samples 1228

each from the training sets of ASQA, Natural Ques- 1229

tions, and Trivia-QA. Through rule-based filtering, 1230

we formed the fine-tuning data for the retrieval ne- 1231

cessity judgment model, as shown in Table 5. Be- 1232

cause the number of unknown samples significantly 1233

exceeds that of known samples, we downsample 1234

the unknown samples to make their proportions 1235

roughly equal. For the query rewriting model, we 1236

collecte 1000 samples each from ASQA, Natural 1237

Questions, Trivia-QA, MuSiQue, ELI5, and then 1238

use GPT-4 for auxiliary annotation. The prompt 1239

we use to induce GPT-4 annotation is displayed in 1240

Table 8. 1241

RAG Prompts RAG prompts concatenate the ref- 1242

erence document in front of the question for en- 1243

hanced retrieval generation. For datasets annotated 1244

with short-form answers and long-form answers, 1245

we use different RAG prompts. This is because 1246

short-form QA requires the completeness of an- 1247

swers, while long-answer QA demands the fluency 1248

of answers. Prompts we use are demonstrated in 1249

Table 9. We apply the same prompt strategy across 1250

all baselines unless some methods have very strict 1251

requirements for prompts, such as Self-Ask (Press 1252

et al., 2022) and FLARE (Jiang et al., 2023). 1253

B Baseline Implementation Details 1254

For methods that require multiple rounds of large 1255

language model reasoning, we observe that three 1256

rounds of reasoning can already solve most of the 1257

problems in our dataset. Methods with an indefi- 1258

nite number of reasoning rounds (Self-Ask (Press 1259

et al., 2022), FLARE (Jiang et al., 2023)) mostly 1260

stop iterating after three rounds. Considering the 1261

limitations of computational resources, we set the 1262

maximum number of iterations to three rounds. 1263

We also set the iteration count of 3 for ITER- 1264

RETGEN (Shao et al., 2023). 1265

The results of Self-Ask (Press et al., 2022) on 1266

the ELI5 dataset are not compared is that Self-Ask 1267

can only output short answers due to prompt limi- 1268
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Dataset Known Unknown Dropped
ASQA 593 592 3168
NQ 1873 1874 1253
TQA 588 588 3824

Table 5: The number of unknown, known and dropped
samples for retrieval necessity judgment model.

RAG Prompt for FLARE
Search results:
[1] doc 1
[2] doc 2
...
question

Table 6: RAG prompt for FLARE.

tations, which does not meet the ELI5 setting for1269

long text annotations.1270

The special prompt for FLARE is demonstrated1271

in Table 6.1272

The special prompt for Self-Ask is demonstrated1273

in Table 10. Specifically, we use the LLM itself1274

as a reader to extract concise answers as interme-1275

diate answers from the documents found in search.1276

This was implemented using the Google API in the1277

original paper, but we use our own Wiki document1278

search library, hence the need for this approach.1279

C Case Study1280

We provide some cases of misleading references1281

in Table 7. There are mainly two scenarios where1282

searching can have adverse effects: (1) The refer-1283

ences retrieved is misleading, the LLM is provided1284

incorrect references; (2) The references retrieved1285

is incomplete, causing the language model to focus1286

on the answer found and overlook other possible1287

answers.1288
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Question: Where are the winter Olympics and when do they start?
reference: Åre and Östersund, Sweden will host the next World Winter Games between February 2 to 13,
2021. It will mark the first time that Sweden has ever hosted the Special Olympics World Games.
Error Type: irrelevant reference
reference: The EOC launched the bid process on 20 September 2018 after a meeting of the constituent
National Olympic Committees in Stockholm.
Error Type: irrelevant reference
Question: When did the golden state warriors win the finals?
reference: The 2017 NBA playoffs began on April 15, 2017. It concluded with the Golden State Warriors
defeating the Cleveland Cavaliers 4 games to 1 in the NBA Finals, their third consecutive meeting at the
Finals.
Error Type: incomplete reference
reference: This Finals was the first time in NBA history the same two teams had met for a third
consecutive year. The Cavaliers sought to repeat as champions after winning the championship in 2016,
while the Warriors won the first meeting in 2015.
Error Type: incomplete reference

Table 7: Cases of misleading and incomplete references.

16



GPT-4 Prompt for Annotating Query Rewrite from User Question
Your task is to perform text analysis on user conversations, and complete the last json item. You need to
follow the following rules:
1. Classify user conversations into the following categories: text rewriting, mathematical problems,
knowledge questions, text creation, table processing, translation, summarization, logical reasoning, open
qa, coding, text classification, information extraction, brainstorming, exams, role-playing, others. The
format should be a string and stored in the task field.
2. Determine whether the answer of user input is closely related to current datetime, and store it in the
timeliness field in boolean format.
3. If the user’s request involves reasoning, each reasoning process should be described as questions and
split into as many sub-questions as possible.
4. The sub-questions after splitting should be placed in the question field in questions, and the
sub-questions should be fully described without using pronouns such as “he”, “this”, or “that”.
5. If the sub-question involves very strict factual information such as personal relationships, time,
location, policies, regulations, etc., which requires the use of a search engine to answer, then it needs to be
marked as needSearch=true, and the generated search term should be placed in searchWord.
6. If the sub-question is a chit-chat question such as "how are you" or a pure mathematical problem,
coding, logical reasoning, creative thinking, or common sense problem, then no search is needed.
7. Extract the entities and events involved in the user’s request and store them in the entities and events
fields respectively. The format is a list of strings. Note that the entities and events should be higly
informative, and should not be a user instruction or a question.
GPT-4 Prompt for Annotating Query Rewrite from User Question
«SYS»You are asked to first separate a given text by claims and then provide a search query to verify each
claim if needed. Here are some requirements: 1. The separation is conducted according to the meaning
and each claim should be be brief and contain as one key claim. 2. Do not add any hallucinated
information or miss any information. 3. The claims should be independent and self-contained, and the
claims should be fully described without using pronouns such as “he”, “this”, or “that”. 4. The query is
derived from it’s corresponding claim and the original user question, and should be useful to check the
factuality of the claim. 5. If the claim does not contain any fact relevant with the original user question, or
only contains simple commen senses, then search is not required. 6. The final return should strictly follow
the given format. Like this: <Claims> <Claim(claim1)> <Search(True/False)> <Query(query1)>
<Claim(claim2)> <Search(True/False)> <Query(query2)>
<Claim(claim3)><Search(True/False)><Query(query3)>......</Claims> «/SYS»

Table 8: The prompt to induce GPT-4 auxiliary annotation for query rewriting model.
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RAG Prompt for Short-Form QA
«SYS»
Now, based on the following reference and your knowledge, please answer the question more succinctly
and professionally. The reference is delimited by triple brackets [[[]]]. The question is delimited by triple
parentheses ((())). You should include as many possible answers as you can.
«/SYS»
Reference: [[[reference]]],
question: (((question)))
RAG Prompt for Long-form QA
«SYS»
Now, based on the following reference and your knowledge, please answer the question more succinctly
and professionally. The reference is delimited by triple brackets [[[]]]. The question is delimited by triple
parentheses ((())). You are not allowed to add fabrications or hallucinations.
«/SYS»
Reference: [[[reference]]],
question: (((question)))

Table 9: RAG prompt for different tasks.
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RAG Prompt for Self-Ask
«SYS»
Given the following question, answer it by providing follow up questions and intermediate answers. If no
follow up questions are necessary, answer the question directly.
«SYS»
Question: Who lived longer, Muhammad Ali or Alan Turing?
Are follow up questions needed here: Yes.
Follow up: How old was Muhammad Ali when he died?
Intermediate answer: Muhammad Ali was 74 years old when he died.
Follow up: How old was Alan Turing when he died?
Intermediate answer: Alan Turing was 41 years old when he died.
So the final answer is: Muhammad Ali
Question: When was the founder of craigslist born?
Are follow up questions needed here: Yes.
Follow up: Who was the founder of craigslist?
Intermediate answer: Craigslist was founded by Craig Newmark.
Follow up: When was Craig Newmark born?
Intermediate answer: Craig Newmark was born on December 6, 1952.
So the final answer is: December 6, 1952
Question: question
RAG Prompt for Self-Ask Reference Reader
Given the following reference, answer it by a brief sentence. You are not allowed to add fabrications or
hallucinations.
reference
Question: How old was Muhammad Ali when he died?
Answer: Muhammad Ali was 74 years old when he died.
Question: Who was the founder of craigslist?
Answer: Craigslist was founded by Craig Newmark.
Question: Who was the father of Mary Ball Washington?
Answer: The father of Mary Ball Washington was Joseph Ball.
Question: Who is the director of Casino Royale?
Answer: The director of Casino Royale is Martin Campbell.
Question: question
Answer:

Table 10: RAG prompt for Self-Ask.
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