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Abstract

The advent of Large Language Models (LLMs)001
has significantly advanced the capabilities of002
Retrieval-augmented Generation (RAG) sys-003
tems, leading to their extensive research and de-004
ployment across various industries for domain-005
specific knowledge querying. However, evalu-006
ating these systems presents unique challenges007
due to the scarcity of domain-specific queries008
and corresponding ground truths, as well as a009
lack of systematic approaches to diagnosing the010
cause of failure cases—whether they stem from011
knowledge deficits or issues related to system012
robustness. To address these challenges, we013
introduce an evaluation framework comprising014
two key elements: 1) a data generation process015
that leverages relational databases and LLMs016
to efficiently produce scalable query-answer017
pairs, facilitating the separation of query logic018
from linguistic variations for enhanced debug-019
ging capabilities; and 2) an explainable evalua-020
tion protocol equipped with a novel metric that021
assesses the extent of knowledge comprehen-022
sion and system robustness in both retrieval and023
language modeling contexts. Importantly, our024
empirical findings highlight the shortcomings025
of prevalent reference-free evaluation methods,026
positioning our reliable reference-based evalua-027
tion protocol as a valuable adjunct.028

1 Introduction029

The increasing implementation of knowledge-030

intensive question answering systems, particularly031

Retrieval-Augmented Generation (RAG) systems,032

in practical applications is witnessing rapid growth.033

This trend underscores the critical need for effec-034

tive evaluation of these systems, a task that remains035

intricate and largely unaddressed.036

One of the foremost challenges is the scarcity037

of domain-specific data. Typically, evaluators re-038

sort to using data designed for human assessment,039

as referenced in studies such as (Santurkar et al.,040

2023; Wang et al., 2022; Zhong et al., 2022, 2023;041

Hendrycks et al., 2021; Choi et al., 2023), which 042

mainly focuses on evaluating commonsense and 043

broad world knowledge. Yet, the assessment of in- 044

dustrial RAG systems demands knowledge specific 045

to particular domains, such as details about com- 046

pany projects and employees. While user queries 047

can be gathered at the time of system deployment, 048

acquiring accurate ground truths poses a significant 049

challenge. Recent studies have explored the use 050

of reference-free LLM evaluators in the absence 051

of ground truths (Chern et al., 2023; Min et al., 052

2023; Es et al., 2023). Nonetheless, the reliability 053

of such reference-free evaluation methods remains 054

questionable. To address this, our paper proposes 055

an innovative data-generation methodology that al- 056

lows for the creation of ground-truth answers and 057

scalable queries. This method leverages relational 058

databases and LLMs, enabling the extraction of 059

ground truths via SQL queries. Our empirical find- 060

ings highlight the limitations of reference-free eval- 061

uation methods when compared to evaluations with 062

ground truths. 063

A second significant challenge relates to the ro- 064

bustness of models. Specifically, we observe in- 065

consistencies in the models’ responses to queries 066

that, while semantically equivalent, differ in their 067

linguistic presentation, as highlighted in Shen et al. 068

(2023) and illustrated in Table 1. Such inconsisten- 069

cies pose a direct challenge to the crucial require- 070

ment for consistent performance. Researchers of- 071

ten hypothesize about the factors influencing the ro- 072

bustness or susceptibility of retrieval and language 073

models to certain attributes, questioning what im- 074

pedes these models from responding accurately to 075

queries. Yet, the current body of research, includ- 076

ing works on adversarial robustness (Alzantot et al., 077

2018; Li et al., 2020, 2019), lacks the mechanisms 078

to effectively test these hypotheses. To address this 079

gap, we propose a novel evaluation framework de- 080

signed to facilitate the modular testing of hypothe- 081

ses, offering a structured approach to assess model 082
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Query (Q) Response (A)
Q1: Who is the
project leader or di-
rector of “Project
X”?

A1: The project
leader or director of
“Project X” is Per-
son A.

Q2: Tell me the
director of “Project
X”

A2: The director of
“Project X” is Per-
son B.

Q3: Who is the di-
rector of “Project
X”?

A3: The passage
does not contain in-
formation about the
director of “Project
X”.

Table 1: Inconsistencies in responses to variations in lin-
guistic expression. This example, derived from an indus-
trially deployed RAG system, showcases discrepancies
in answers to semantically equivalent queries. Specific
names and project identifiers have been anonymized.

performance in response to skeptical attributes. By083

taking advantage of the control offered by our pro-084

posed data generation methodology, we can create085

clusters of queries tied to the predefined attributes.086

One cluster is aligned with a specific hypothesis087

while another is matched with its opposing counter-088

hypothesis, thereby supporting a more focused and089

hypothesis-driven investigation into vulnerable at-090

tributes. Especially, the ablation study proves the091

significance of separating the assessment of the092

model’s knowledge gaps from its robustness, a dis-093

tinction that can be effectively addressed through094

the proposed framework.095

2 Background096

Retrieval-augmented Generation RAG sys-097

tems augment LLMs with retrieval for domain-098

specific use where extensive databases can poten-099

tially provide necessary information. A sparse re-100

trieval (Chen et al., 2017) or a dense retrieval (Mi-101

alon et al., 2023; Lewis et al., 2020; Borgeaud et al.,102

2022) can be used for retrieving relevant passages103

or documents. A dense retrieval consists of an104

embedding model to produce a vector vq for any105

given query q. This vector is then used to identify106

pertinent text segments normally via dot product107

calculations with the vectors of text chunks. The108

most relevant chunks are aggregated to form an109

additional context c, which serves as the factual110

basis for the response generation, until adding an-111

other chunk would surpass the maximum allowable112

context length. Subsequently, an LLM will process113

this aggregated context alongside the original query 114

to generate a predicted answer â for q. Our empir- 115

ical study will use simple sparse retrieval since it 116

can better demonstrate the ability of the proposed 117

framework. 118

Knowledge-intensive Evaluation Many evalu- 119

ation protocols of RAG and LLMs focus on open- 120

domain knowledge. Both the queries Q and their 121

ground-truth answers A in the open domains can 122

be easily accessed via online forums, public sur- 123

veys (Santurkar et al., 2023) and qualification and 124

admission exams that were originally designed for 125

humans Wang et al. (2022); Zhong et al. (2022, 126

2023); Hendrycks et al. (2021); Choi et al. (2023). 127

Since LLMs are originally trained on open-domain 128

knowledge, these evaluation protocols on RAG fo- 129

cuses more on whether LLMs’ factuality can be im- 130

proved by retrieval. However, this paper focuses on 131

industrial scenarios where retrieval mostly provides 132

new knowledge to LLMs and ground-truth answers 133

are hardly available. The reference-free evaluation 134

protocol is commonly proposed for this situation, 135

e.g., ARES (Saad-Falcon et al., 2023) and RA- 136

GAS (Es et al., 2023). For example, instead of the 137

correctness of answers against the users’ queries, 138

Saad-Falcon et al. (2023) assess answer faithful- 139

ness against the context from retrieval modules by 140

profiling LLMs to generate evaluation scores. The 141

results can be skeptical due to the reliability of 142

retrieval and the fairness of LLMs as evaluators. 143

Reference-free evaluation is also utilized to assess 144

LLMs’ open-domain knowledge Kadavath et al. 145

(2022). SelfCheck (Manakul et al., 2023) relies on 146

the stochastic nature of LLMs for validations, while 147

FactScore (Min et al., 2023) and FactTool (Chern 148

et al., 2023) use Retrieval+LLM as a validation 149

system. FactScore and FactTool are naturally not 150

suitable for evaluating RAG systems that already 151

include retrieval as an inherent component. 152

3 Domain-specific Evaluation Framework 153

for Grounded and Explainable Analysis 154

In this section, we delve into the intricacies of 155

the proposed evaluation framework. Our frame- 156

work aims to facilitate the analytical evaluation 157

of RAG systems through a methodical approach. 158

This objective is achieved through a process of 159

scaled, grounded data generation coupled with the 160

decoupling of query logic from linguistic varia- 161

tions during the generation of queries, detailed in 162

Algorithm 1. Leveraging this approach in data 163
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generation allows us to introduce an explainable164

evaluation protocol. This protocol is designed to165

isolate and analyze modular errors effectively, uti-166

lizing a specifically crafted robustness metric for167

insightful debugging.168

3.1 Generating SQL Templates169

A SQL template tplsql essentially represents a170

query logic. It can be instantiated into text tem-171

plates, each denoted as tplt, by linguistic features172

and then transformed into text queries by specify-173

ing the details of entities.174

Database Schema Database schema serves as175

the blueprint that defines how classes of enti-176

ties are organized and the relations among them.177

Appendix A demonstrates the reasons why we178

use database schema for knowledge representa-179

tion. Let a database schema with a collection180

of N tables S = {S1, S2, . . . , SN}, where each181

Si is a schema for a table. A table schema182

Si consists of the table name Ti, a set of at-183

tributes {A1, A2, . . . , AM} and a set of con-184

straints, i.e., Si = (Ti, {A1, A2, . . . , Am} , C),185

where the constraint C demonstrates the primary186

key PK and foreign keys FK. Specifically,187

FK (Ti.Ak → Tj .Ah) indicates a foreign key Ak188

in table Ti referencing the primary key Ah in table189

Tj . The schema defines the knowledge structure of190

an entity, which can be enough to generate query191

logic that is not tied to any specific linguistic ex-192

pressions and sensitive data.193

Generation of SQL Templates The creation of194

SQL templates can be undertaken manually, with195

the formulation of various query logics through196

the application of relational algebra operators. In197

our study, we concentrate on three fundamental198

operators:199

• The Select (σ) operator determines the at-200

tributes for querying, such as requesting spe-201

cific attributes of an entity or seeking entities202

that meet certain predicates;203

• The Project (π) operator, analogous to the204

WHERE clause in SQL, sets the conditions205

for selection;206

• The Join (▷◁) operator facilitates the expres-207

sion of query logic involving multiple types208

of entities.209

Furthermore, we have developed an automated 210

SQL template generator gsql, powered by a gen- 211

erative language model. Specifically, when pro- 212

vided with a target schema Starget and a verbal 213

description of the query logic Csql, the template 214

generator gsql is tasked with producing a set of SQL 215

query templates that align with the established cri- 216

teria, drawing from the relevant domain (refer to 217

Appendix B for details). 218

3.2 Generating Text Templates 219

Upon acquiring SQL query templates denoted as
tplsql, the next phase involves the generation of
corresponding text templates, represented as tplt.
This process, driven by the text template genera-
tor gt, leverages linguistic criteria Ct to transform
tplsql into natural language forms that align with
specified linguistic characteristics, e.g., complex-
ity, length and stylistic nuances. The text template
generator gt is also operationalized using a sophis-
ticated language model, such as GPT-4, which is
adept at producing diverse linguistic variations of
the same semantic content.

{tplt} = gt(tplsql, Ct)

, where {tplt} signifies the resulting list of text 220

templates. 221

3.3 From Templates To Evaluation Data 222

Utilizing a database D that aligns with the prede- 223

fined schema, the framework samples a diverse 224

range of queries along with their corresponding 225

ground-truth answers. This dataset, derived from 226

SQL and text templates filled with database content, 227

provides a rich source for evaluation. 228

Generating Queries Via Placeholder Fill-in 229

The placeholder fill-in step populates the tem- 230

plates with actual data from the rows of tables 231

in D. Specifically, the approach employs a SE- 232

LECT query format: “SELECT DISTINCT {col- 233

umn_name} FROM {table_name};” to ensure vari- 234

ety in the data points. It handles SQL query tem- 235

plates with multiple placeholders by employing 236

combinations of placeholders and using Cartesian 237

products to generate multiple query permutations. 238

This approach leads to a comprehensive set of SQL 239

queries (qsql) and their natural language equiva- 240

lents, the text queries (qt). 241

Generating Answers Answer generation is in- 242

tegral to completing our dataset. Each SQL query 243
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Algorithm 1 Grounded Data Generation Process.
Require: SQL Template Generator gsql, Text Template Generator gt, Semantic criteria for SQL template generation Csql,

Linguistic criteria for text template generation Ct, Database D, Database Schema S = {S1, S2, . . . , Sn}, where each Si is
a schema for a table

1: Q← ∅ ▷ Store final evaluation data
2: Starget ∈ S ▷ Step 1: Define schema of a domain
3: {tplsql} ← gsql(Starget, Csql) ▷ Step 2: Generate SQL templates applying semantic criteria
4: for tplsql ∈ {tplsql} do
5: {tplt} ← gt(tplsql, Ct) ▷ Step 3: Generate text templates applying linguistic criteria
6: P ← extract placeholders from tplsql
7: for each p ∈ P do
8: C ← extract column from p
9: Vp ← query D for distinct values of C

10: end for
11: Comb← Cartesian product of {Vp : p ∈ P}
12: for each comb ∈ Comb do
13: qsql ← substitute comb into tplsql ▷ Step 4: Generate SQL queries
14: a← query D(qsql) ▷ Step 5: Query DB for answers
15: {qt} ← substitute comb into tplt ∈ {tplt} ▷ Step 6: List of text queries
16: Q← Q ∪ {({qt}, a)}
17: end for
18: end for
19: return Q

(qsql) is executed against D to match with a factual244

answer a. Each answer is then paired with the rel-245

evant text queries {qt}, forming the basis of our246

evaluation data.247

3.4 Scaling Data Generation With248

Combinatorial Expansion249

Within the data generation framework, which spans250

from schema definition through SQL templates251

and text templates to the final formulation of text252

queries, there exists significant combinatorial po-253

tential at each transition point, driven by a range254

of factors. This process of generating queries via255

LLM, which includes both the creation of templates256

and the formulation of queries, can be succinctly257

represented by the formula (see Figure 1 for a vi-258

sual representation):259

Total Query Variations = M ×N ×Q, (1)260

where “M” denotes the array of SQL templates that261

can be extracted from a given schema, “N” refers262

to the vast number of text templates that can be pro-263

duced from a single SQL template, showcasing the264

flexibility of natural language, and “Q” accounts265

for the broad spectrum of text queries that can be266

generated from a single text template, with this267

diversity arising from different combinations of268

unique values filling the placeholders. A compre-269

hensive analysis of these concepts is presented in270

Appendix D and C.271

In this scenario, a database with a modest num-272

ber of attributes and rows suffices for testing pur-273

poses, given the extensive variety of query permu- 274

tations made possible through the combinatorial 275

approach. 276

3.5 Explainable Evaluation 277

This section is dedicated to establishing a frame- 278

work for explainable evaluation by distinguishing 279

between the model’s knowledge base and its ro- 280

bustness. To this end, we introduce two distinct 281

group classes and a robustness metric to facilitate 282

precise assessments of the model’s knowledge and 283

robustness. 284

Gap Groups And Competence Groups All tex- 285

tual queries Q generated from a specific SQL logic 286

qsql can be grouped semantically.1 Depending on 287

the model M ’s performance, we categorize qsql 288

(and consequently, the group Q) into three princi- 289

pal categories: 290

• Gap Groups emerge when the model M con-
sistently provides incorrect answers for every
text query within a subset S ⊆ Q produced
through the data generation process. This re-
flects a deficiency in M ’s knowledge or ca-
pability. Formally, this scenario is described
as:

∀qt ∈ S,¬M (qt)

wherein ¬M (qt) signifies an inaccurate re- 291

sponse from M to the text query qt. 292

1Refer to Appendix E for an illustration.
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Figure 1: Scaled Generation of Query-answer Pairs With Combinatorial Power. The step 3 and step 4 are independent
of each other and depend only on the SQL templates.

• Competence Groups, as the logical comple-
ment to gap groups, are identified when at
least one query qt within the subset S is an-
swered correctly by the model M , indicating
M ’s potential competence in the underlying
query logic qsql . This is formally stated as:

∃qt ∈ S,M (qt)

These groups are further subdivided into: 1)293

Robust Groups are established when model294

M accurately responds to all text queries295

within the subset S, evidencing a robust com-296

prehension of the SQL logic. Formally, this is297

articulated as:298

∀qt ∈ S,M(qt)299

. 2) Non-robust Groups are characterized by
model M ’s exhibited capability to potentially
address the query logic, yet there exists at least
one query qt within S that M inaccurately
predicts. This is formally denoted as:

(∃qt ∈ S,M(qt)) ∧ (∃qt ∈ S,¬M(qt))

.300

Robustness Metric (R) Robustness is defined
as the proportion of correct answers within the
competence groups:

R =
# Correct Predictions in Competence Groups

Total # in Competence Groups

, where “#” represents the number of. This formula 301

intentionally excludes gap groups to avoid confus- 302

ing the model’s knowledge deficiencies with its ac- 303

tual robustness. Essentially, the robustness metric 304

is calculated as the ratio of accuracy normalized by 305

N1/N2, where N1 is the total number of instances 306

and N2 is the total number of instances subtract- 307

ing those in gap groups. Assuming the proportion 308

of instances in gap groups is represented by λ, the 309

normalization constant simplifies to 1/(1−λ). Sec- 310

tion 4 will illustrate the importance of isolating gap 311

groups for an explainable evaluation and introduce, 312

in addition to the robustness metric, a stratified 313

sampling method derived from our data generation 314

process to align with accuracy outcomes. 315

3.6 Modular Evaluation 316

Assessing an RAG model’s overall performance 317

may obscure insights into the robustness or weak- 318

nesses of its constituent modules (refer to Section 319

4.2). It is essential, therefore, to evaluate the con- 320

tributions of the retrieval and language modeling 321

(LM) components individually: Does the retrieval 322

module source and provide the sufficient context 323

needed for a given query? With the sufficient con- 324

text at its disposal, is the LM capable of drawing 325

accurate inference? A correct final prediction im- 326

plies both appropriate context retrieval and accu- 327

rate LM inference. The difficulty lies in pinpoint- 328

ing the cause of errors in non-robust examples — 329
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those mispredicted by the model within non-robust330

groups.331

Delineating LM-Influenced Robustness from332

Retrieval-Centric Issues Utilizing a “context333

comparison” methodology enables pinpointing the334

LM’s role in generating erroneous predictions335

when adequate context is provided. By contrast-336

ing the document indices idxc of each non-robust337

instance against indices from accurate predictions338

within analogous semantic groups against those339

linked to correct predictions within the same se-340

mantic groups I = idx1, idx2, . . . , we evaluate the341

sufficiency of context. This assumes the LM’s re-342

liance on external information for query responses,343

mirroring our scenario and prevalent industrial ap-344

plications. Should any index in I match idxc, we345

reclassify the outcome as a successful retrieval yet346

an LM shortfall. This strategy allows for precise347

identification of LM-related non-robust instances.348

Nevertheless, the absence of such matches does349

not conclusively indicate retrieval failures. Given350

our experimental setup with a synthetic database351

comprising 10 documents, this “context compar-352

ison” method effectively identifies all document353

combinations across a moderate query range (3 to354

6) within semantically related groups. This frame-355

work lays the groundwork for future explorations356

into more intricate cases.357

4 Case Study: Question Answering on358

Industrial Projects359

This section presents a case study focusing on ques-360

tion answering about industrial projects. It serves to361

critically evaluate both existing reference-free eval-362

uation frameworks and the newly proposed evalua-363

tion framework364

System Overview Our study incorporates two365

distinct systems: 1) Dense Retrieval + GPT3.5:366

It is deployed in a commercial context with se-367

cure access to the retrieval module via the Qdrant368

API, ensuring data privacy. The system employs an369

OpenAI embedding model for document embed-370

ding, providing a basis to assess the reference-free371

evaluation framework’s reliability (§4.1). 2) Sim-372

ple Sparse Retrieval + GPT3.5:The absence of373

comprehensive research into the assured robust-374

ness of dense retrieval systems makes it difficult375

to pinpoint distinct robust or vulnerable charac-376

teristics with confidence. Consequently, we em-377

ploy a straightforward keyword-matching retrieval378

approach. Although this method is less preva- 379

lent in real-world applications, this method’s in- 380

herent shortfall in handling lengthy queries makes 381

it exceptionally ideal to validate our evaluation 382

framework in conducting reliable hypothesis test- 383

ing (§4.2). 384

Synthetic Knowledge Base Concurrently, a syn- 385

thetic dataset has been created, consisting of project 386

documents from the fictitious company, Aurp, serv- 387

ing as a retrieval database. It facilitates a precise 388

evaluation of the retrieval component and the lan- 389

guage model, since the knowledge contained within 390

the synthetic data is not present in the training 391

datasets of large language models. In scenarios 392

where retrieval fails to procure adequate context, 393

the language models are definitely unable to accu- 394

rately respond to queries. Additional information 395

on this methodology can be found in Appendix G. 396

Mapping Domain Knowledge into Database 397

Schema Our approach distills domain knowledge 398

into a database schema centered around three piv- 399

otal entity types in project management: Project, 400

Client, and Employee. 2This schema encapsulates 401

the quintessential entity types found within a corpo- 402

rate setting. With the scalability of our framework, 403

the limited amounts of entity types and associated 404

attributes and entities lead to large amounts of in- 405

stances for evaluation: 198 examples for the com- 406

mercial case (with totally 12 attributes and 11 rows) 407

and 942 examples for the synthetic scenario (with 408

14 attributes and 49 rows in total). The details of 409

the database schema and the amounts of columns 410

and rows for each table are shown in Appendix F 411

and H), respectively. 412

4.1 Is Reference-free Evaluation Reliable? 413

Leveraging ground truths, our evaluation frame- 414

work sets a benchmark for reference-free assess- 415

ments. This section delves into the reliability of 416

reference-free evaluation methods, utilizing exam- 417

ples generated for the commercial case. The focus 418

is to discern the reliability of such evaluation ap- 419

proaches: How trustworthy are these reference-free 420

protocols? From what perspectives can they be re- 421

lied upon in domain-specific contexts? 422

Reference-free Evaluation Protocols We assess 423

two reference-free evaluation protocols: SelfCheck 424

2This triad are reflective of the core components outlined
in the Project Management Body of Knowledge (PMBOK), a
widely recognized standard in the field of project management
(Guide, 2001).
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and RAGAS. RAGAS-Fact utilizes the context-425

query-response triplets to assess the veracity of426

responses. It evaluates the faithfulness of a re-427

sponse by calculating the ratio of claims grounded428

on the context to the total claims made. This pro-429

cess, termed as Ragas-Fact, involves identifying430

statements that hold atomic facts, following the431

methodology outlined by Chern et al. (2023). Self-432

Check, as introduced by Manakul et al. (2023),433

relies on stochastically generating responses from434

the model under the premise that incorrect answers435

are unlikely to repeatedly yield identical outcomes436

through random sampling. This principle, initially437

applied to LLMs, is adapted for our analysis of438

RAG systems. In a departure from its original439

application, we enhance the evaluation prompt to440

include not only stochastic responses but also the441

query itself. Refer to Appendix I for details. To442

generate four stochastic samples, we adjust the tem-443

perature setting to 1.0, contrasting with a tempera-444

ture of 0.0 used to procure the primary response. A445

response is deemed correct if it aligns consistently446

across all stochastic samples.447

RAGAS’ Reliable Assessment of Correct Predic-448

tions Amidst Broader Unreliability in Reference-449

Free Evaluation To gauge reliability, we devise450

two metrics: the ratio of predictions judged as ac-451

curate among all those classified as correct by the452

evaluation, and the ratio of predictions deemed ac-453

curate within the set of instances that were indeed454

correctly predicted. When considering reference-455

free evaluation as a binary classification task, these456

metrics align with precision and recall, respectively.457

In this context, the positive class represents correct458

predictions, and the negative class represents in-459

correct ones. The ground truth corresponds to the460

actual accuracy of model predictions, while the461

evaluation task is to determine the correctness of462

these predictions. As shown in Table 2, RAGAS463

demonstrates effectiveness in assessing accurately464

predicted instances, yet it achieves only a 19% ac-465

curacy rate across all evaluations, highlighting a466

deficiency in correctly identifying erroneous pre-467

dictions. This trend suggests a propensity for inflat-468

ing model performance assessments, likely due to469

the RAG system producing responses that, while470

contextually relevant, fail to directly address the471

intended query. SelfCheck performs even worse472

than RAGAS in both cases. SelfCheck’s perfor-473

mance falls short of RAGAS’s, underperforming in474

both precision and recall. The preliminary insight475

suggests that reference-free evaluation methods are 476

inherently prone to inaccuracies, underscoring the 477

critical need for a robust, reference-based evalua- 478

tion framework to ensure dependable model assess- 479

ment.

Precision Recall

Ours (Upper Bound) 1 1
RAGAS-Fact 19% 92%

SelfCheck 15% 50%

Table 2: Reliability of reference-free evaluation proto-
cols.

480

4.2 Empirical Validation of Framework’s 481

Explainability 482

Generating Clusters of Data for Hypothesis Test- 483

ing The simple keyword-matching retrieval im- 484

plemented for testing is inherently weak against 485

long queries due to the increased likelihood of 486

matching extraneous terms. By hypothesizing the 487

model’s inadequacy with lengthy queries, we de- 488

fine robust and vulnerable clusters through the con- 489

trolled generation of “short and concise” versus 490

“long and detailed” queries. This allows for the 491

analysis of linguistic traits within uniform query 492

logic contexts, laying groundwork for future assess- 493

ments of more sophisticated RAG systems. 494

Stratified Sampling Our data generation strat- 495

egy enables precise control over the distribution 496

of examples across gap groups by adjusting the 497

text template generator’s inputs, ensuring an equal 498

representation of each query logic. This method 499

maintains a consistent λ across both robust and 500

non-robust clusters, despite the potential imbalance 501

between examples in gap groups and those in com- 502

petence groups within each cluster. To explore the 503

effects of unbalanced sampling, that can occur in 504

the real world, we randomly reduce examples from 505

query groups related to “clients” and “employees”. 506

Enhanced Model Evaluation through Stratified 507

Sampling and the Robustness Metric Table 3 508

demonstrates that traditional accuracy metrics fal- 509

ter in distinguishing clusters based on vulnerabil- 510

ity attributes, particularly when λ varies between 511

the hypothesis-driven cluster and its counterpart 512

(Row 2 under the “Accuracy” category). Stratified 513

sampling ameliorates this issue, enabling a pre- 514

cise identification of both robust and non-robust 515

clusters (Row 4 under the “Accuracy” category). 516
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Robust Non-robust Success?

Accuracy Baseline: Unbalanced Sampling (US) 0.31 0.43 No

US+Modular Evaluation (Retrieval) 0.36 0.46 No

Stratified Sampling (SP) 0.31 0.29 Yes

SP+Modular Evaluation (Retrieval) 0.38 0.35 Yes
Robustness Baseline: Unbalanced Sampling (UP) 0.84 0.85 No

US+Modular Evaluation (Retrieval) 0.99 0.93 Yes

Stratified Sampling (SP) 0.78 0.74 Yes

SP+Modular Evaluation (Retrieval) 0.94 0.87 Yes

Table 3: Evaluating the efficacy of accuracy and designed robustness metrics in distinguishing between robust and
non-robust clusters. Modifications include retrieval-specific adjustments by excluding LM-induced non-robust
examples.

Importantly, the implementation of a specifically517

designed robustness metric ensures consistent and518

accurate identification of the robust cluster, irre-519

spective of λ variations (Row 2 and 4 under the520

“Robustness” category). This approach, integrat-521

ing stratified sampling with our bespoke robustness522

metric, providing a reliable analysis.523

The Masking Effect of Comprehensive Assess-524

ments Analysis presented in Table 3 underscores525

the value of segmenting the evaluation to specifi-526

cally examine the retrieval process. Such an ap-527

proach distinctively highlights errors stemming528

from the language model’s misinterpretations, as529

reflected by improvements in both assessed metrics.530

A deeper analysis reveals that groups classified as531

non-robust within the non-robust cluster actually532

surpass their equivalents in the robust cluster re-533

garding accuracy. This underscores the importance534

of evaluating the retrieval function independently;535

failing to do so may allow language model inac-536

curacies to obscure the true performance metrics,537

potentially masking retrieval robustness issues. Al-538

though instances causing such distortions were not539

dominant in our dataset, they highlight a critical540

evaluation nuance. While our study did not ex-541

plore this avenue, it is posited that a focused anal-542

ysis on the language model’s performance, espe-543

cially against LM-vulnerable examples, might offer544

a more refined insight into its robustness across var-545

ied clusters.546

5 Conclusions547

In our work, we have developed an evaluation548

framework tailored for Retrieval-augmented Gen-549

eration (RAG) systems within an industrial context, 550

enhancing the reliability and interpretability of eval- 551

uations. Additionally, we have exposed the limita- 552

tions of current reference-free evaluation methods, 553

particularly their ineffectiveness in accurately as- 554

sessing incorrect predictions. 555

Reproducibility The entire evaluation frame- 556

work, encompassing both the code and the prompts 557

for the LLM, will be made open-source and avail- 558

able to the academic and industrial community. 559

This initiative aims to facilitate the wider use and 560

adaptation of our framework for research and real- 561

world implementations. In terms of the systems 562

and data evaluated to enable result replication, we 563

plan to publish the model, including the documents 564

intended for retrieval, as well as all templates and 565

queries developed for the hypothetical Aurp sce- 566

nario. However, the model designated for com- 567

mercial use and its associated knowledge base will 568

remain confidential and unpublished to honor non- 569

disclosure agreements and protect proprietary in- 570

formation. 571

6 Limitations 572

The challenges related to the presence of multi- 573

ple correct answers (refer to Appendix J) and the 574

constraints in expressiveness posed by database 575

schema and SQL (refer to Appendix K) ultimately 576

result in difficulties in generating queries that de- 577

mand multi-step reasoning and free-form responses. 578

Nonetheless, as demonstrated in the case study, 579

straightforward queries prove to be sufficient for 580

identifying and debugging the intrinsic robustness 581

issues within the models. 582
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A Knowledge Structure and702

Representation703

Commonly, the knowledge is formalized by entities704

along with their relations, e.g., a knowledge graph,705

ontology and a database schema. Instead of using706

knowledge graphs containing concrete entities and707

their relations, we use the schema-based definition,708

where the schema is characterized by entity types709

(classes of entities). An entity type is defined by its710

name, its attributes and relations with other entity711

types that will be concretized as components in a712

database, i.e., the table name, columns and foreign713

keys.714

The definition of entity types can provide com-715

binatorial expansion of data generation (See §3.4),716

protecting the leak of private information (normally717

stored as rows of tables) during the data generation718

process and the ability of retrieving ground-truths719

via Structured Query Language (SQL). The three720

advantages are the reasons why we represent knowl-721

edge in database schema rather than knowledge722

graphs. It disentangles the private data stored in723

the database with universal metadata expressed in724

the database schema. Since schemas and templates725

contain only meta-data for structuring the real data,726

there is no private issue to use commercial large727

language models for this process.728

B Utilizing LLMs for Generating SQL729

Templates730

We utilize GPT-4 as a SQL template generator for731

its state-of-the-art capabilities in SQL generation732

benchmarks (Liu et al., 2023).733

Profile Prompt The profile prompt defines its734

purpose and establishes criteria for generating valid735

SQL templates. These criteria limit the types of736

templates that can be generated, such as requiring737

the selection of attributes that are understandable738

to humans, as detailed in Table 4.739

Limitations: Scope of Use for Automated SQL740

Generators The effectiveness of queries gener-741

ated by LLMs hinges on the meaningfulness of742

table and column names to accurately reflect the743

essence of the entities or concepts they represent. 744

If these names lack contextual clarity, the result- 745

ing queries may be impractical. To mitigate this, 746

practitioners can conduct an informal assessment 747

or consult established benchmarks that evaluate 748

LLMs’ proficiency in domain knowledge and com- 749

monsense reasoning, for instance, (Zhong et al., 750

2023; Hendrycks et al., 2021). 751

C Breakdown of Scalable Data 752

Generation 753

Let’s break down each step of the proposed data 754

generation process: 755

• 1 schema ⇒ M SQL Templates: The num- 756

ber of possible SQL templates (M) that can 757

be generated from a defined schema is influ- 758

enced by the SQL operators used, the number 759

of tables, and the columns in the database 760

schema. Each combination of tables and 761

columns, along with different SQL operators 762

(like SELECT, WHERE, JOIN), can lead to a 763

unique SQL query template, e.g., the exponen- 764

tial complexity of the SELECT operator, and 765

the combinatorial increase of possible predi- 766

cates (See Appendix D for details). Note that 767

while the theoretical maximum is high, practi- 768

cal and meaningful queries will be a smaller 769

subset, as specified in the case study and Ap- 770

pendix B. 771

• 1 SQL Template ⇒ N Text Templates: For 772

each SQL template, there can be an arbitrary 773

number (N) of textual expressions. This varia- 774

tion arises from the different ways to linguis- 775

tically express the same SQL query due to the 776

flexibility and richness of natural language, 777

e.g., the variation of synonyms and sentence 778

structures. 779

• 1 Text Template ⇒ Q Text Queries: Each text 780

template can lead to a number of text queries 781

(Q), depending on the unique values avail- 782

able for each placeholder. With more than 783

one placeholder, the potential for growth in 784

the number of text queries is combinatorial, 785

barring semantic conflicts (context conflict), 786

where certain combinations of column values 787

may not be semantically valid. Overall, this 788

framework demonstrates a combinatorial ex- 789

pansion at each transition stage, especially 790

notable in steps involving natural language 791

due to its inherent variability. However, this 792
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You are a SQL query Template Generator: Generate ACCEPTABLE SQL query
templates with placeholders according to the give data schema and
requirements. A simple example of an acceptable SQL query template is:
SELECT Industry FROM Company WHERE Name = '[Company.Name]';

You must follow the basic criteria below except for other requirements:
##CRITERIA##
- The placeholder format should be a combination of a table name and
a column name, enclosed within square brackets, e.g., '[User.Name]'.
- Use only 'SELECT' queries.
- Select specific column(s) instead of using '*'. Avoid projecting
attributes that appear in the predicate.
- The selected and condition columns in the query MUST BE MEANINGFUL and
DESCRIPTIVE to ensure the queries are easily understood by non-technical
users.
- Avoid using technical column names that don't clearly signify the nature
of the entities or objects involved, e.g., column for semantically void
record identifiers.
- Do not create redundant or semantically duplicated queries when translated
into natural language.
- Each query must contain at least one parameter placeholder in the WHERE
clause.
- Ensure the query yields a specific and singular answer to avoid multiplicity
issues, thus facilitating accurate chatbot evaluation.
{SPECIFIC_REQUIREMENTS}
- If no acceptable SQL template can be generated with the given table and
column information, do not generate any text.

##RESPONSE FORMAT##
- Output each SQL template as a single line, without any prefix or suffix.
- Do not include any other text in your response, even something like
##RESPONSE_END##.

##DATA SCHEMA##
{GIVEN_SCHEMA}

##RESPONSE_START##

Table 4: A prompt template designed to guide the LLM in functioning as a controllable SQL template generator

growth is tempered by practical constraints793

such as the meaningfulness of queries (seman-794

tic validity) and the actual data distribution795

in the database. The exponential increase is796

most pronounced in the transition from text797

templates to text queries, where the permuta-798

tions of placeholders can lead to a vast array799

of unique query possibilities.800

D Possibilities Of SQL Templates 801

One Table/Entity Given a schema with only one 802

table, the possibilities for SQL templates can be 803

analyzed by considering the basic SQL operators 804

like SELECT, WHERE. Here’s a breakdown: 805

• Variation in Selected Attributes (SELECT): 806

The number of SQL templates varies based on 807

the combination of columns selected. If the 808
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“Company” table has n columns, then theoret-809

ically, there are 2n − 1 possible combinations810

of columns for selection (excluding the case811

where no column is selected).812

• Conditions in Queries (WHERE): Each SQL813

query can include zero or more conditions in814

the WHERE clause. The number of possible815

conditions is determined by the number of816

columns, the type of each column (text, nu-817

meric, date, etc.), and the range of operators818

applicable to these types (like =, <, >, LIKE,819

IN for text columns; =, !=, <, >, BETWEEN820

for numeric columns). The complexity in-821

creases combinatorially with multiple condi-822

tions combined using AND/OR.823

Two Entities The relations between tables fur-824

ther amplifies the number of possible templates.825

For example, with two entities, “Company”826

and “Project,” and their associative table “Com-827

pany_Project”, the possibilities for SQL templates828

expand significantly due to the introduction of joins829

and more complex WHERE clauses. Let’s break830

down the possibilities.831

• Selection Variations (SELECT): The num-832

ber of SQL templates grows with the com-833

bination of columns selected across the834

three tables: “Company”, “Project” and835

“Company_Project”. If “Company” has n836

columns, “Project” has m columns, and “Com-837

pany_Project” has p columns, the possible838

combinations for selection are (2n − 1) ×839

(2m − 1)× (2p − 1).840

• Join Conditions (JOIN): The introduction841

of the associative table “Company_Project”842

allows for meaningful JOIN operations be-843

tween “Company” and “Project.” Templates844

can include joins like Company JOIN Com-845

pany_Project ON condition and Project JOIN846

Company_Project ON condition, or a multi-847

table join linking all three. The variety of848

JOIN conditions adds another layer of com-849

plexity to the possible templates.850

• WHERE Clause Complexity: With more ta-851

bles, the WHERE clause can include a wider852

range of conditions, potentially involving at-853

tributes from any of the three tables. The com-854

plexity increases with the number of columns855

and their types across all tables, and combina-856

tions of these conditions.857

E Semantic Group 858

Textual queries that originate from a specific SQL 859

logic qsql are organized into a semantic group be- 860

cause of their underlying shared semantics. For in- 861

stance, the SQL query “SELECT C.address FROM 862

COMPANY C WHERE C.CompanyName = ’Carl- 863

ton Innovation Precinct’“ results in the creation of 864

a semantic group Q = {qt1, qt2, . . .}, with each qt 865

representing a distinct textual interpretation. Exam- 866

ples include qt1 as “What is the address of ’Carlton 867

Innovation Precinct’?” and qt2 as “Where is ’Carl- 868

ton Innovation Precinct’ located?”. 869

F Database Schemas Overview 870

Figures 2 and 3 illustrate the database schemas 871

used for an actual industrial context and a fabri- 872

cated scenario, respectively, within our research. 873

G Synthetic Knowledge Base for 874

Evaluating Retrieval-Augmented 875

Language Models 876

The process of generating synthetic data for a syn- 877

thetic environment involves creating comprehen- 878

sive, detailed, and interconnected datasets for a 879

fictitious company named Aurp, which specializes 880

in structural engineering consultancy services. This 881

multi-step procedure includes: 882

1. Generating Company Profile: Initially, a 883

company profile for Aurp is created, detail- 884

ing its foundation year, headquarters location, 885

CEO, number of employees, and the services 886

it offers, such as bespoke architectural solu- 887

tions, sustainable urban planning, and struc- 888

tural health monitoring. 889

2. Generating Organizational Structure: Next, 890

a project-oriented organizational structure is 891

established, naming key positions and employ- 892

ees within the company, similar to real-world 893

firms. This includes a wide range of roles 894

from executive positions to specialized engi- 895

neers and support staff. 896

3. Generating Employee Information: For 897

each employee listed in the organizational 898

structure, detailed job titles, departments, and 899

direct supervisors or managers are fabricated, 900

creating a network of relationships and report- 901

ing lines within the company. 902
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Figure 2: Entity-Relationship Diagram (ERD) showcasing the schema.

Figure 3: Entity-Relationship Diagram (ERD) depicting the database schema for a simulated setting.

Attribute # Template # Row # Queries #
SQL SQL

(Extra Con-
straints)

Text SQL Text

Project 5 7 3 18 4 13 78
Employee 5 12 5 30 3 14 84
Client 2 6 2 12 4 6 36
Total / / / / / 33 198

Table 5: Statistics of DB Rows And Columns And Templates/Queries.

Attribute # Template # Row # Queries #
SQL Text SQL Text

Project 6 5 15 10 50 300
Employee 5 4 12 29 87 522
Client 3 2 6 10 20 120
Total / / / / 157 942

Table 6: Statistics of Aurp DB Rows And Columns And Templates/Queries.
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4. Generating Client Information: The pro-903

cess creates a list of ten clients across vari-904

ous industries—ranging from technology and905

real estate to hospitality and healthcare—each906

with specified locations, thereby illustrating907

the company’s diverse portfolio.908

5. Generating Projects: Specific projects are909

then devised, including names, locations, start910

and end dates, clients, project directors, and911

project managers. This step integrates pre-912

viously generated data (client and employee913

information) to create realistic project scenar-914

ios.915

6. Generating Project Reports: This step in-916

volves synthesizing data from the previous917

steps to produce detailed analyses, updates,918

and outcomes of the various projects, which919

may or may not contain detailed information920

for clients and employees.921

This elaborate and interconnected data cre-922

ation method is tailored for evaluating retrieval-923

augmented language models. It serves as a critical924

tool for exploring how these models handle data925

that is entirely fictional and thus not present in926

their training datasets. The synthetic nature of this927

environment provides a unique testbed for separat-928

ing and assessing the distinct capabilities of the929

retrieval component and the language model com-930

ponent in isolation. Because the knowledge in the931

synthetic data does not appear in the training data932

of large language models.933

H Assessing Scalability with Limited934

Entity Types, Rows, and Attributes935

Our scalability assessment focused exclusively on936

the utilization of the SELECT operator and the937

WHERE clause for each table schema. As illus-938

trated in Table 5 and 6, imposing constraints to939

generate relevant queries significantly reduces the940

potential quantity of SQL templates based on at-941

tribute count. Despite these restrictions, a minimal942

set of attributes and rows still yields hundreds of943

viable query-answer pairs.944

I Prompt Templates for LLM-Based945

Evaluation946

For SelfCheck, given that our responses are typ-947

ically concise, we opt for assessing the overall948

response rather than rather than performing a949

sentence-by-sentence validation as in the original 950

implementation. 951

J Presence of Multiple Correct Answers 952

In the evaluation of question-answering (QA) mod- 953

els, a unique challenge arises from the existence of 954

multiple valid answers to a single query, which ne- 955

cessitates a nuanced approach to assessing model 956

performance. Consider the question: “Get the 957

name of the client associated with the project 958

named Innovation Precinct” For such a question, 959

a set of correct responses could include any com- 960

bination of names from a predefined list, such as 961

{Apple, Amazon, Meta, Facebook}. This multi- 962

plicity of correct answers underscores the com- 963

plexity of evaluating QA models, as it requires the 964

assessment mechanism to recognize and validate 965

the full spectrum of possible correct answers rather 966

than comparing the model’s output against a single 967

’gold standard’ answer. This scenario demands a 968

more flexible method for answer validation that can 969

accommodate the variability in correct responses. 970

Also, evaluation metrics may be required to effec- 971

tively measure the performance of QA models in 972

handling diverse and equally valid answers. Such 973

metrics must account for the exhaustive set of cor- 974

rect answers and evaluate the model’s ability to 975

retrieve any or all valid responses within the con- 976

text of the query, thereby ensuring a comprehensive 977

assessment of the model’s understanding and re- 978

sponse generation capabilities. 979

Simple Queries to Avoid Answer Multiplicity 980

Generally, encompassing all valid responses within 981

the database is not feasible. Hence, rather than 982

let the non-robust results affect the accuracy of 983

evaluation, we look for an approach to avoid it, 984

i.e., only generating queries ensuring one ground- 985

truth answer. Specifically, the evaluation of certain 986

SQL queries, such as “SELECT Name, Depart- 987

ment, BusinessAddress FROM Employee WHERE 988

JobTitle = ’designer”’, requires a complete and 989

thorough listing of multiple answers that can be dy- 990

namically changed. To solve the issue, the solution 991

involves adding a specific criterion to the prompt 992

for generating SQL queries. This criterion, “Ensure 993

the query yields a specific and singular answer”, 994

aims to produce queries that result in a single, clear 995

answer, thereby avoiding the complexities of mul- 996

tiple possible correct answers. For example, with 997

this criterion, the query “SELECT Industry FROM 998

Company WHERE Name = ’[Company.Name]’;” 999
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SelfCheck from (Manakul et al., 2023)
Context: {context}
Sentence: {sentence}
Is the sentence supported by the context above?
Answer Yes or No:

SelfCheck-QA
Query: {query}
Answer A: {answer}
Answer B: {stochastic_answer}
Do both answers address the query with
equivalent meaning?
Use only “Yes” or “No” for your evaluation:

Ragas from (Es et al., 2023)
Natural language inference. Use only ’Yes’ (1),
’No’ (0) and ’Null’ (-1) as verdict.
context: {context}
statement: {statement}
verdict:

Ours
Evaluate the accuracy of the given response in
relation to the true answer for the specified query.
After evaluating, provide a judgement as either
“Correct” or “Incorrect” based on whether the
##Given Response## accurately matches the
##True Answer##.
##Query##: {query}
##True Answer##: {true_answer}
##Given Response##: {given_response}
##Judgement##:

Table 7: Prompt templates for LLM-based evaluation.

is preferred as it’s likely to yield a singular answer1000

about a company’s industry based on a specific1001

company name. In contrast, without this crite-1002

rion, queries like “SELECT Name FROM Com-1003

pany WHERE Industry = ’[Company.Industry]’;”1004

are acceptable but may result in multiple names,1005

leading to evaluation difficulties due to data com-1006

pleteness and query multiplicity issues.1007

K Queries Beyond SQL Expressiveness1008

While SQL and relational algebra offer a wide1009

range of operations enabling the formulation of1010

numerous user queries, certain semantic nuances1011

exceed the expressive capabilities of SQL. The fol-1012

lowing examples illustrate such limitations: 1013

• Real-world queries often contain ambiguity 1014

and subjective interpretations that SQL strug- 1015

gles to accommodate. For instance, the term 1016

“major” in the query “What are some major 1017

rail projects we’ve been involved with?” does 1018

not directly translate into SQL criteria without 1019

additional interpretative steps. 1020

• SQL queries are typically structured to elicit 1021

specific, predefined responses, contrasting 1022

with the open-ended nature of many real- 1023

world inquiries that seek exploratory or com- 1024

prehensive answers. 1025
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