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Abstract001

Scientific reasoning increasingly requires link-002
ing structured experimental data with the un-003
structured literature that explains it, yet most004
large language model (LLM) assistants cannot005
reason jointly across these modalities. We intro-006
duce SpectraQuery, a hybrid natural-language007
query framework that integrates a relational008
Raman spectroscopy database with a vector-009
indexed scientific literature corpus using a010
Structured and Unstructured Query Language011
(SUQL)–inspired design. By combining seman-012
tic parsing with retrieval-augmented generation,013
SpectraQuery translates open-ended questions014
into coordinated SQL and literature retrieval015
operations, producing cited answers that unify016
numerical evidence with mechanistic explana-017
tion. Across SQL correctness, answer ground-018
edness, retrieval effectiveness, and expert eval-019
uation, SpectraQuery demonstrates strong per-020
formance: approximately 80% of generated021
SQL queries are fully correct, synthesized an-022
swers reach 93–97% groundedness with 10–15023
retrieved passages, and battery scientists rate024
responses highly across accuracy, relevance,025
grounding, and clarity (4.1–4.6/5). These re-026
sults show that hybrid retrieval architectures027
can meaningfully support scientific workflows028
by bridging data and discourse for high-volume029
experimental datasets.030

1 Introduction031

1.1 Background and Motivation032

Large Language Models (LLMs) have revolution-033

ized natural-language understanding and reason-034

ing, driving rapid progress in information retrieval,035

dialogue systems, and autonomous research assis-036

tants (Zhao et al., 2024). However, advances in037

battery science increasingly depend on correlat-038

ing large volumes of quantitative measurements039

with qualitative mechanistic insights buried in the040

literature. For example, operando spectroscopy,041

electrochemical impedance measurements, and op-042

tical microscopy generate rich structured datasets 043

describing evolving electrode materials and cell 044

performance (Xue et al., 2024). 3D operando 045

Raman spectroscopy in particular is an emerging 046

and promising technique which provides real-time 047

tracking of structural and chemical transformations 048

during charge-discharge cycles (Zhu et al., 2018). 049

A visualization of what Raman spectroscopy cap- 050

tures for battery materials is demonstrated in Fig- 051

ure 1. Characteristic peaks such as the A1g mode 052

of transition-metal-oxide vibrations and the D/G 053

carbon bands reflect changes in redox state and 054

structural disorder (Ferrari and Robertson, 2000). 055

Each experiment yields tens of thousands of spec- 056

tra across spatial and temporal coordinates, and 057

recent initiatives in battery science have also begun 058

establishing open and FAIR Raman databases to 059

increase access to this valuable data (Coca-Lopez 060

et al., 2025). 061

Unfortunately, though, drawing chemical mean- 062

ing from these spectroscopic features typically de- 063

mands cross-referencing dozens of prior literature 064

that describe oxygen redox reactions, side prod- 065

uct formation, or crystalline disordering, phase 066

changes, and more (Heber and Hess, 2021). The re- 067

sult is an intensive manual workflow that separates 068

numerical observation from conceptual interpre- 069

tation. Current LLM–based tools rarely integrate 070

both structured measurement data and unstructured 071

text so that a researcher can pose a single query 072

combining the two. As a result, the workflow re- 073

mains divided: analysts query numerical datasets 074

in isolation and separately review literature for con- 075

text, a process that is time-consuming, error-prone, 076

and may overlook cross-modal patterns. 077

1.2 Contributions of Work 078

SpectraQuery unifies structured experimental data 079

and unstructured text by providing an end-to-end 080

system that performs structured database reasoning, 081

semantic text retrieval, and grounded synthesis in 082
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response to natural language questions. Inspired by083

the SUQL framework of Liu et al. (2023) and built084

upon the retrieval-augmented generation paradigm085

of Lewis et al. (2020), the system demonstrates086

that hybrid querying and generative reasoning can087

be applied effectively to real scientific datasets (Liu088

et al., 2023; Lewis et al., 2020). By adapting hy-089

brid query architectures originally developed for090

general-purpose knowledge bases, SpectraQuery091

extends structured-unstructured retrieval into a sci-092

entific setting, enabling automated yet interpretable093

generation of insights.094

The key contributions of this work are: (1)095

a scientific hybrid QA architecture that cou-096

ples executable spatiotemporal SQL programs over097

spectroscopy-derived peak parameters with liter-098

ature retrieval and citation-grounded synthesis in099

a single interaction; (2) a SUQL-style planner100

that decomposes open-ended scientific questions101

into coordinated structured (SQL) and unstructured102

(vector search) operations, enabling multi-step phe-103

nomena such as cross-timestep comparisons and104

derived metrics (i.e., D/G) without requiring users105

to write queries; and (3) an evaluation suite for hy-106

brid scientific assistants that combines SQL correct-107

ness, groundedness under varying retrieval depth,108

retrieval effectiveness (precision/recall/diversity),109

and expert ratings from domain scientists.110

2 Related Work111

2.1 Raman Spectroscopy in Battery Research112

Raman spectroscopy has long been used to char-113

acterize battery materials. It can probe lattice114

structures, detect phase changes, and identify sur-115

face species via characteristic vibrational peaks116

(Baddour-Hadjean and Pereira-Ramos, 2010). For117

instance, the D ( 1350 cm−1) and G ( 1580 cm−1)118

bands of carbon report on relative disorder; the ratio119

of I(D)/I(G) > 1 (I = intensity) typically indicates120

significant disorder or defects in carbon (Ferrari121

and Robertson, 2001). In battery electrodes, an122

increasing I(D)/I(G) ratio may signal carbon black123

degradation or binder decomposition. Meanwhile,124

metal-oxide cathodes exhibit Raman-active modes125

such as A1g and Eg; changes and shifts in the126

A1g peak intensity or position can reflect lithium127

de-intercalation or oxygen lattice distortion (Flo-128

res et al., 2018). Operando Raman studies have129

observed phenomenon like spatially non-uniform130

lithiation, indicating heterogeneous battery mate-131

rial behavior and performance and hinting at under-132

Figure 1: Each spatial pixel in the Raman maps (right
panels) represents the intensity distribution of char-
acteristic vibrational modes identified by automated
peak detection. Representative spectra from individ-
ual pixels (left panels) show the corresponding local
features—(top) A1g charged transition-metal–oxygen
vibration and (bottom) combined unknown carbon peaks

lying drivers of degradation modes (Hiraoka et al., 133

2025). To date, most analysis of operando Raman 134

is manual or relies on static plotting; SpectraQuery 135

is, to our knowledge, the first system to enable inter- 136

active querying of operando Raman data integrated 137

with literature insight. 138

2.2 Structured + Unstructured Data Querying 139

Traditional text-to-SQL research has tackled con- 140

verting natural language questions into SQL on 141

relational databases (Yu et al., 2018). Recently, 142

hybrid Question Answering (QA) datasets like Hy- 143

bridQA explicitly require reasoning over both tabu- 144

lar data and text (Chen et al., 2020). Models that 145

combine a knowledge base with a text corpus have 146

shown improved coverage on such QA tasks. In 147

particular, the Structured and Unstructured Query 148

Language (SUQL) pioneered at Stanford, which 149

achieved impressive performance on the HybridQA 150

dataset, has introduced a paradigm for LLM in- 151

context semantic parsers that can handle hybrid 152

data (Liu et al., 2023). SpectraQuery follows this 153

paradigm, treating the Raman spectra as a struc- 154

tured SQL database, and the battery literature as 155

unstructured text. 156

While SpectraQuery uses text-to-SQL internally, 157

our target setting differs from classical text-to-SQL 158

benchmarks: many queries require derived scien- 159

tific quantities (i.e., peak ratios), spatiotemporal 160

comparisons across timesteps, and mechanistic in- 161

terpretation that is not present in the database. A 162

single-shot SQL query may retrieve the correct 163
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numbers but cannot supply literature-grounded ex-164

planations, whereas literature QA alone cannot reli-165

ably compute joins, aggregations, and comparisons.166

SUQL provides an explicit planning abstraction to167

coordinate these operations and expose inspectable168

intermediate evidence.169

2.3 Retrieval-Augmented Generation (RAG)170

LLMs augmented with retrieval have reached171

state-of-the-art results in knowledge-intensive tasks172

(Lewis et al., 2020). By fetching relevant text173

from an external body, RAG models avoid hallu-174

cinations by providing verified information and175

citing sources. Prior RAG frameworks have fo-176

cused on open QA over extremely large external177

corpora, such as the ATLAS model with open QA178

over Wikipedia (Izacard et al., 2023). Spectra-179

Query instead builds a tailored literature index of180

domain-specific works; scientific QA systems such181

as SciQA and BioGPT have shown that incorporat-182

ing this type of tailored literature corpus can mean-183

ingfully enrich explanations (Auer et al., 2023; Luo184

et al., 2022).185

2.4 LLM Planning and Execution186

The idea of using an LLM as a controller to decide187

and execute actions has gained traction with ap-188

proaches like ReAct and OpenAI’s function-calling189

API, which allow the LLM to produce a program-190

matic plan as intermediate steps in reaching a final191

answer (Yao et al., 2022). SpectraQuery leverages192

this concept via a two stage process: in stage one,193

the SUQL planner (powered by an LLM prompt)194

generates a SQL query and a separate literature195

search query from the user’s question. In step two,196

after retrieving numerical data and relevant textual197

passages, the LLM produces the final answer with198

the secured evidence.199

3 Core Ideas and Methodology200

3.1 System Overview201

SpectraQuery is a hybrid QA system that combines202

a relational database of Raman spectroscopy results203

with a vector-indexed corpus of literature. The user204

interacts via a chat-style interface, asking ques-205

tions in natural language. Internally, the system206

comprises several components: a query planner207

(SUQL) that interprets the question, a SQL query208

executor, a semantic literature search, and an LLM209

answer synthesizer. The design follows a plan-210

execute-synthesize paradigm, enabling complex211

multi-hop reasoning in a single seamless interac- 212

tion (Liu et al., 2023). SpectraQuery’s web inter- 213

face, currently implemented with the Python toolkit 214

Streamlit, allows the user to have a multi-turn con- 215

versation. A full receipt of all queries, intermediate 216

steps and information retrieval, and final synthe- 217

sized answers is also easily downloadable in a PDF, 218

allowing for accessible sharing of results. 219

3.2 Structured Database 220

3.2.1 Raman Data Preprocessing 221

The raw Raman dataset used for validation of Spec- 222

traQuery comes from line-scan operando exper- 223

iments on a lithium-ion layered transition metal 224

oxide (LTMO) cathode sampled at 114 timesteps 225

during charge and discharge cycling (experiment 226

performed at SLAC National Accelerator Labora- 227

tory). At each timestep, a linear spatial scan was 228

performed, yielding a 30x30 two-dimensional grid 229

of Raman spectra at each (x, y) coordinate (900 230

spectra per timestep). Each spectrum spans 100- 231

2700 cm−1, and contains many peaks of interest. 232

Raw spectra underwent a standard preprocess- 233

ing pipeline of spike removal, smoothing with a 234

Savitzky-Golay filter (window of 31 points), and 235

Asymmetric Least Squares baseline subtraction. 236

The resulting smooth, baseline-corrected spectrum 237

was then passed to a Bayesian peak fitting algo- 238

rithm, yielding a set of detected peaks with fitted 239

parameters. 240

Each detected peak was assigned to one of eight 241

canonical families by matching its fitted center 242

to expected wavenumber ranges: TM–O lattice 243

modes (Eg ≈ 476 cm−1, A1g,d ≈ 534.5 cm−1, 244

A1g,c ≈ 595.5 cm−1), carbon bands (D ≈ 245

1330.5 cm−1 indicating disordered/sp3-rich car- 246

bon and G≈1596.8 cm−1 indicating graphitic/sp2 247

carbon), and three additional carbon features 248

(U1 ≈ 1173.3 cm−1, U2 ≈ 1508.1 cm−1, U3 ≈ 249

1564.0 cm−1); peaks with confidence < 0.98 were 250

discarded. 251

3.2.2 Database Schema 252

The processed data is stored in a SQLite relational 253

database (via SQLAlchemy in our implementation). 254

The process of building this Raman database is 255

outlined on the left-hand side of Figure 2. The 256

schema has two main tables: samples and peaks. 257

samples(id, ts, x, y): Each row represents a mea- 258

surement at a specific timestep (ts) and spatial po- 259

sition (x,y). We assign a unique ID to each (ts, x, 260

y). 261
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Figure 2: Data and literature pipelines. (Left) Ra-
man preprocessing → peak fitting → relational tables.
(Right) Literature ingestion → metadata embeddings →
chunking → vector search.

peaks(id, sample_id, family, center, height,262

width): Each detected peak is a row linked via263

sample_id to a specific sample. The family field264

is a categorical string ∈ {a1g_c, a1g_d, eg, d, g,265

u1, u2, u3}. If a peak family was not detected or266

filtered out at that sample, no row exists for that267

particular combination.268

3.3 Unstructured Database269

In parallel to building the SQL database, we con-270

structed an unstructured text corpus of battery lit-271

erature. The process of building this literature272

database is outlined on the right-hand side of Figure273

2. 50 PDF documents were selected, including re-274

view articles on Raman in batteries, research papers275

on cathodes, papers discussing battery degradation,276

foundational texts on Raman signatures, etc. These277

PDFs were extracted into text using PyMuPDF, and278

then split into overlapping chunks ( 1000 tokens279

each with 150-token overlaps).280

OpenAI’s text-embedding-ada-002 model,281

through the LiteLLM embedding API, was then282

applied to generate embeddings for each chunk,283

and these resulting embeddings and chunks were284

stored in a ChromaDB persistent index. Metadata,285

such as source paper title, page number, and286

section header, were also stored for each chunk. 287

The final vector store allows for fast similarity 288

search: given a query embedding, it returns top-N 289

chunks with cosine similarity scores. 290

3.4 SUQL Query Planner 291

3.4.1 Core Functionality 292

The core of SpectraQuery is the Structured- 293

Unstructured Query Language (SUQL) planner. 294

The process of this SUQL planner is outlined in 295

Figure 3. The SUQL planner uses an LLM (this im- 296

plementation used OpenAI GPT-4 via the LiteLLM 297

API interface) to transform the user’s natural lan- 298

guage question into two outputs: 1) a SQL SE- 299

LECT query with optional parameters for the struc- 300

tured data, and 2) a concise keyword query for the 301

literature search. This essentially decomposes the 302

question into "What data do we need?" and "What 303

background do we need?" We crafted a system 304

prompt for the planner with detailed instructions 305

and provided a few-shot examples for complex 306

query types. Key aspects of the SUQL planner 307

design include: 308

Schema awareness: The prompt explicitly de- 309

scribes the database schema and allowed peak fam- 310

ilies. It emphasizes that the queries must use the 311

samples table joined with peaks to avoid the LLM 312

hallucinating non-existent tables. 313

Example-driven patterns: We included in the 314

prompt an example of computing the D/G ratio 315

via self-join of peaks (aliasing the table for ’d’ and 316

’g’). This guides the LLM when the user asks about 317

ratios. Another example shows how to compare 318

across timesteps by joining the samples table to 319

itself on (x,y) for two different time conditions. By 320

seeing these patterns, the model can adapt them to 321

specific queries. 322

Context filtering: The SUQL planner can accept 323

a context dictionary, which allows the user to set 324

filters for timesteps, spatial locations, peak families, 325

etc. using either fields in the UI, or natural language 326

phrases such as "at early cycles." 327

Safety checks: After the LLM drafts the SQL, 328

a validation function is run to ensure it is a safe 329

SELECT-only query and only references the two al- 330

lowed tables. Disallowed keywords such as DROP 331

or DELETE trigger a rejection and error. 332

3.4.2 Parallel Query Execution 333

Once the SUQL planner returns the SQL and litera- 334

ture query, SpectraQuery executes them in parallel. 335
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Figure 3: The planner parses a natural-language ques-
tion, emits coordinated SQL over the Raman database
(left) and a literature query over the vector index (right),
and returns harmonized intermediate tables/snippets for
generation.

The SQL query is run on the SQLite database, re-336

sulting in a set of rows which are formatted and337

possibly truncated for easier viewing. The litera-338

ture query is vectorized using the aforementioned339

OpenAI text-embedding-ada-002 model, and a sim-340

ilarity search is performed in ChromaDB. The top341

k passages are retrieved, with text snippets and342

source metadata. Each passage comes with its text343

snippet and source metadata.344

3.5 Answer Synthesis345

The final step is to synthesize an answer that com-346

bines the structured data results and literature con-347

text. The process of this synthesis is outlined in348

Figure 4. We use the LLM in a second stage prompt349

for this. The prompt template instructs: summa-350

rize the relevant findings from the data, incorporate351

relevant points from the literature snippets, and pro-352

duce a coherent answer. To maintain transparency353

Figure 4: Structured outputs (i.e., D/G table; left) and lit-
erature snippets (right) are fused by the LLM to produce
a grounded, cited natural-language answer (bottom).

and user trust, we also ask it to cite sources: for 354

data, we cite it as "(Data: ...)" and for literature we 355

cite by title. 356

4 Experimental Results 357

We evaluate SpectraQuery against three baseline 358

configurations that isolate key components of the 359

system: RAG-only (literature retrieval + synthesis, 360

no SQL), SQL-only (execute generated SQL, no 361

literature or synthesis), and text-to-SQL (a single 362

SQL query generated directly from the question). 363

These baselines reflect existing approaches com- 364

monly used in scientific question answering and 365

data analysis. We assess SpectraQuery along four 366

axes: (1) the correctness of SUQL-generated SQL 367

queries, (2) the factual groundedness of synthesized 368

answers, (3) literature retrieval effectiveness, and 369

(4) expert perceptions of the final responses. Unless 370

otherwise noted, all evaluations are performed on a 371

benchmark set of 30 expert-curated Raman–battery 372

questions derived from the operando LTMO cath- 373

ode dataset (full list in Appendix A). 374

4.1 LLM-As-A-Judge Evaluation 375

4.1.1 SQL Query Accuracy 376

We evaluated the correctness of SUQL-generated 377

SQL using an LLM-as-a-judge protocol (Zheng 378

et al., 2023). For each benchmark question, we 379
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Figure 5: LLM-as-a-judge SQL correctness scores (0,
0.5, 1.0) for three independent runs across the 30 bench-
mark questions. Darker cells indicate higher correct-
ness.

logged the natural-language prompt, the gener-380

ated SQL, execution status, and returned rows, and381

asked GPT-5 to score query correctness on a three-382

level rubric: 1.0 if the SQL executes and fully satis-383

fies the question (correct tables/joins/filters/aggre-384

gations; results match the requested information),385

0.5 if it executes but only partially satisfies the ques-386

tion (i.e., missing a required condition or returning387

an incomplete slice), and 0.0 if it fails to execute388

or fundamentally misinterprets the question. To389

assess robustness, we repeated scoring three times390

with independent GPT-5 calls; across 30 questions,391

the fraction of queries scored fully correct (1.0) was392

80.0% (Run 1), 78.3% (Run 2), and 78.3% (Run393

3). The remaining errors were split between partial394

and incorrect cases, typically due to missing one395

of several requested conditions (i.e., checking A1g396

change but not D/G), flipped inequality directions,397

or incorrect joins between samples and peaks for398

cross-timestep comparisons. Figure 5 shows that399

these failures are concentrated in a small subset of400

more complex questions.401

4.1.2 Synthesized Answer Groundedness402

We next measured how well final answers are403

grounded in retrieved evidence (Zheng et al., 2023).404

For each question, we concatenated the SQL result405

table with the top-k retrieved literature passages406

and asked GPT-5 to assign a groundedness score on407

a discrete rubric: 1.0 if all claims are supported by408

the provided context, 0.5 if the answer is partially409

supported but includes unsupported or speculative410

statements, and 0.0 if key claims cannot be justified411

from the context. Varying the number of retrieved412

passages shows a clear retrieval–grounding trade-413

off: 83.3% of answers are fully grounded with414

top-5 passages, rising to 93.3% with top-10 and415

96.7% with top-15. Gains from 10 to 15 passages416

are smaller, suggesting diminishing returns beyond417

roughly 10 passages. Residual non-grounded cases418

Figure 6: LLM-as-a-judge groundedness scores for syn-
thesized answers when conditioning on the top-5, top-
10, and top-15 retrieved passages.

Metric @1 @3 @5
Precision 0.567 0.556 0.580
Recall 0.433 0.533 0.600
Unique Docs – 1.80 2.30

Table 1: Retrieval performance aggregated over 30
benchmark queries.

are primarily due to missing retrieval (relevant 419

mechanisms absent from the retrieved set) or mild 420

over-generalization beyond the evidence. Figure 6 421

summarizes per-query groundedness across k. 422

4.2 Retrieval Effectiveness Metrics 423

To better understand the retrieval component itself, 424

we measured standard information retrieval met- 425

rics against a “gold” set of relevant papers (Singhal 426

et al., 2001). For each of the 30 benchmark ques- 427

tions, we formed an expert-curated ranked list of 428

the top five relevant ground-truth papers from our 429

corpus that best addressed the phenomenon of inter- 430

est. We then ran SpectraQuery’s literature retriever 431

and computed paper-level Precision@k (the frac- 432

tion of retrieved papers in the top k that appear in 433

the ground-truth set) and Recall@k (the fraction 434

of ground-truth papers that appear within the top 435

k retrieved papers) (Manning, 2008), along with 436

UniqueDocs@k (the number of distinct source pa- 437

pers represented among the top k retrieved pas- 438

sages, as a proxy for diversity) (Clarke et al., 2008). 439

Averaged across queries, we obtain the results 440

in Table 1. These values indicate that when the 441

retriever retrieves a paper, it is frequently relevant 442

(precision around 0.56–0.58). Recall is more mod- 443

est: by k = 5, we recover on average 60% of 444

the manually identified relevant papers. Unique- 445

Docs@k reveals that the top-k passages often clus- 446

ter on a small subset of documents (i.e., only 1.8 447

distinct papers among the top 3 passages). 448

Figure 7 provides a more fine-grained view 449

across all 30 questions. Panel (a) visualizes 450

passage-level Precision@k, which largely mirrors 451
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Figure 7: Per-query retrieval effectiveness visualized
via Precision@k (top), Recall@k (middle), and Unique-
Docs@k (bottom) across the 30 benchmark questions.
Together, these heatmaps show that SpectraQuery re-
trieves highly relevant but somewhat redundant papers,
with recall failures concentrated on a small subset of
harder questions.

the paper-level trends and confirms that most re-452

trieved passages are either clearly relevant (score453

1.0) or clearly irrelevant (0.0). Panel (b) shows454

that recall failures are concentrated on a handful455

of queries whose information need is broad or ab-456

stract. Panel (c) highlights that many queries have457

UniqueDocs@3 = 1 and UniqueDocs@5 close to458

2, indicating limited diversity: the retriever tends459

to return multiple passages from a single favored460

paper instead of surfacing complementary sources.461

This behavior explains some of the groundedness462

errors, since missing diversity can deprive the LLM463

of alternative mechanistic explanations.464

4.3 Expert Feedback Evaluation465

To complement automated metrics, we collected466

expert feedback from three battery scientists467

at the SLAC National Accelerator Laboratory468

(Van Schaik and Pugh, 2024; Semnani et al., 2025).469

Ten representative SpectraQuery answers were470

rated on a 1–5 Likert scale across eight dimen-471

sions, including scientific accuracy, grounding, rel-472

evance, clarity, depth, completeness, citation in-473

terpretability, and overall usefulness. Two exact474

query–answer pairs shown to experts are repro-475

duced in Appendix B. Table 2 reports mean scores476

Metric Mean Score (1–5)
Scientific Accuracy 4.17
Grounding in Evidence 4.37
Relevance 4.57
Clarity 4.33
Depth of Insight 4.03
Completeness 4.13
Interpretability of Citations 3.27
Overall Usefulness 4.13

Table 2: Average expert ratings for 10 SpectraQuery
answers. Each score is averaged across 3 reviewers (30
ratings total).

Figure 8: Expert feedback heatmap (10 questions aver-
aged per cell). Each row corresponds to one reviewer
and each column to one evaluation category, with nu-
merical Likert scores overlaid.

over 30 judgments (10 answers × 3 reviewers), 477

while Figure 8 visualizes per-reviewer scoring pat- 478

terns. 479

Overall, experts rated the system favorably. Core 480

quality metrics—accuracy, grounding, relevance, 481

and clarity—are all above 4.0, indicating that re- 482

sponses are generally correct, well-supported, and 483

directly address the questions. Depth and com- 484

pleteness scores near 4.0 suggest that the system 485

typically captures the key mechanisms experts ex- 486

pect. The lowest-scoring dimension is citation in- 487

terpretability (3.27), reflecting difficulty tracing 488

references to specific sources or sections, and some 489

variability across reviewers. Taken together, ex- 490

pert feedback validates SpectraQuery’s scientific 491

credibility while highlighting retrieval complete- 492

ness and citation presentation as primary areas for 493

improvement. 494

5 Insights and Discussion 495

Across automated and expert evaluations, Spec- 496

traQuery is most reliable when the retriever sur- 497

faces the right mechanisms and diverse supporting 498

sources. When key evidence is missing, answers 499
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become incomplete or over-generalize despite cor-500

rect SQL execution. This coupling is consistent501

with our retrieval metrics (Recall@5 = 0.60; low di-502

versity with ∼1–2 unique documents in the top-k),503

which often return multiple passages from a single504

favored paper. Improving recall and diversity via505

reranking or multi-stage retrieval is therefore the506

most direct lever for improving scientific reliability.507

Furthermore, we observed that LLM-as-a-judge508

provides a scalable diagnostic for SQL correct-509

ness and groundedness, but experts apply stricter510

standards for completeness and citation usability.511

In practice, automatic judging is effective for ab-512

lations and error-finding, while expert review re-513

mains necessary to assess whether responses meet514

domain expectations for interpretability and scien-515

tific nuance.516

6 Conclusions and Future Work517

We presented SpectraQuery, a hybrid retrieval-518

augmented conversational system that allows re-519

searchers to pose natural-language questions over520

operando Raman datasets and scientific literature521

simultaneously. By combining a SUQL-inspired522

planner, a structured SQL backend over peak-523

parameter databases, and a domain-specific litera-524

ture retriever, SpectraQuery produces cited answers525

that unify numerical evidence with mechanistic526

explanations. To our knowledge, this is one of527

the first end-to-end systems that treats operando528

spectroscopy data and battery papers as a single529

queryable space.530

Our evaluation shows that the approach is531

both feasible and useful. LLM-as-a-judge experi-532

ments indicate that roughly 80% of generated SQL533

queries are fully correct, and groundedness scores534

exceed 90% when the model is conditioned on suf-535

ficiently many retrieved passages. Expert battery536

scientists rate SpectraQuery’s answers highly on537

accuracy, grounding, relevance, and clarity, with538

somewhat lower scores on citation interpretability539

and completeness. These results suggest that hy-540

brid RAG architectures can meaningfully support541

real scientific workflows in niche domains, like542

battery spectroscopy. At the same time, our experi-543

ments highlight clear limitations; several avenues544

for improvement and extension are available.545

First, SpectraQuery can be broadened beyond546

Raman spectra and text to incorporate additional547

battery-relevant modalities such as electrochemi-548

cal time-series (voltage profiles, impedance), opti-549

cal microscopy images, and other characterization 550

datasets (i.e., X-ray diffraction), enabling queries 551

like “Compare Raman observations with capacity 552

loss” or “What side reactions are occurring in dark 553

cathode regions,” with the planner orchestrating 554

retrieval across structured metrics, image-analysis 555

outputs, and literature. Second, the system could 556

expand from a local literature index to external 557

knowledge bases—for example, integrating open 558

resources like the Materials Project to retrieve ref- 559

erence spectra and expected peaks (i.e., lithium 560

carbonate) directly from aggregated community 561

data (Horton et al., 2025). Third, the LLM stack 562

can be improved for cost and reliability: while 563

GPT-5 is strong, smaller open models such as 564

LLaMA-2 could be fine-tuned on domain-specific 565

QA pairs to improve accuracy and reduce halluci- 566

nations (Touvron et al., 2023), and complemented 567

with a lightweight verification pass that checks each 568

generated claim against retrieved evidence. Fourth, 569

SpectraQuery could expose more user-facing tool- 570

ing, including an optional interactive “debug mode” 571

that allows expert users to inspect and edit inter- 572

mediate SQL and retrieval results before synthesis, 573

and richer visualization capabilities such as spectra 574

overlays across timesteps, coordinate-linked plots, 575

and spatial heatmaps (i.e., “Show me the D/G ratio 576

map at t=30”) to make outputs more interpretable 577

and actionable. Finally, our current implementation 578

executes SQL and literature retrieval in parallel. A 579

promising extension is an iterative two-pass strat- 580

egy: preliminary SQL findings (i.e., unexpected 581

spatial hotspots or peak shifts) can trigger a refined 582

literature query, and retrieved mechanisms can in 583

turn suggest additional structured features to com- 584

pute. This closed-loop interaction could reduce 585

missed mechanisms and improve completeness on 586

hard queries. 587

In summary, this work contributes an evaluation 588

methodology that combines automated LLM-as- 589

a-judge scoring with targeted expert review. We 590

find that strong LLM judges correlate well with 591

experts on obvious factuality errors but miss finer- 592

grained concerns about completeness and presen- 593

tation. Future AI assistants for scientific domains 594

will likely need both scalable automatic metrics 595

and carefully designed human studies to ensure 596

that they truly augment, rather than mislead, do- 597

main experts. SpectraQuery is a first step in this 598

direction, illustrating how structured and unstruc- 599

tured data can be jointly leveraged to accelerate 600

insight generation in battery research. 601
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Limitations602

SpectraQuery has several limitations that motivate603

future work. First, the system’s reliability depends604

on retrieval quality: while precision is relatively605

high, recall and document diversity are imperfect,606

meaning that relevant mechanisms may be absent607

from the retrieved context for complex or niche608

queries. In such cases, answers may be incomplete609

or rely too heavily on a single source.610

Second, structured reasoning depends on the cor-611

rectness of SUQL-generated SQL. Although most612

queries are correct, errors such as missing condi-613

tions or incorrect joins can distort numerical sum-614

maries if undetected. The current system mitigates615

this risk through evaluation and filtering, but does616

not yet perform full semantic verification of query617

intent.618

Third, SpectraQuery is evaluated on a single619

operando Raman dataset and a curated literature620

corpus. While the architecture is general, perfor-621

mance may vary across materials systems, experi-622

mental modalities, or scientific domains with dif-623

ferent data distributions or terminology.624

Fourth, portions of the programming and soft-625

ware development were performed with the assis-626

tance of AI-based tools, including GPT-4 and the627

Cursor development environment, which were used628

as productivity aids during code implementation629

and debugging. GPT-4 was also used to support630

editing and refinement of the manuscript text. All631

experimental design choices, evaluations, and in-632

terpretations were authored and verified by the au-633

thors, but the use of such tools may introduce subtle634

biases that are difficult to fully quantify.635

Fifth, we do not provide a full quantitative636

head-to-head comparison against proprietary long-637

context assistants or end-to-end text-to-SQL sys-638

tems, because many baselines do not expose com-639

parable intermediate artifacts (executed SQL, re-640

trieved passages) needed for our correctness and641

grounding evaluations. Instead, we provide concep-642

tual baselines aligned with the benchmark require-643

ments and emphasize reproducible component-644

level metrics.645

Finally, expert evaluation involved three domain646

experts who are professional colleagues of the au-647

thors. All reviewers provided explicit consent for648

participation and for the use of their anonymized649

feedback in this study. The limited number of re-650

viewers and their professional proximity to the au-651

thors may constrain the generalizability of the qual-652

itative findings. 653

Ethical Considerations and Potential Risks 654

SpectraQuery is designed as a research assistant 655

to support scientific interpretation of experimental 656

battery data and literature, rather than as an au- 657

tonomous decision-making system. As such, its 658

primary risks arise from misinterpretation or over- 659

reliance on generated explanations. If used without 660

expert oversight, incomplete retrieval or incorrect 661

SQL could lead to misleading conclusions about 662

material behavior or degradation mechanisms. 663

The system does not generate new experimen- 664

tal data, access personal information, or operate 665

on sensitive human data. All inputs consist of lab- 666

oratory measurements and publicly available sci- 667

entific literature. Nevertheless, users should treat 668

generated explanations as hypotheses supported by 669

retrieved evidence, not as definitive conclusions. 670

A secondary risk concerns overgeneralization. 671

The system is evaluated on a specific materials sys- 672

tem and literature corpus, and its outputs may not 673

transfer reliably to other chemistries or experimen- 674

tal settings. We mitigate these risks by emphasizing 675

interpretability, explicit citation of sources, and po- 676

sitioning SpectraQuery as a decision-support tool 677

rather than a substitute for domain expertise. 678

Finally, while AI-based tools were used to assist 679

code development and writing, all scientific claims 680

and evaluations were reviewed and validated by the 681

author. The system is intended for research use 682

only, and not for deployment in safety-critical or 683

operational battery management settings. 684
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A Benchmark Question Set825

To evaluate SpectraQuery’s SQL correctness, re-826

trieval quality, groundedness, and expert-rated use-827

fulness, we curated 30 Raman–battery analysis828

questions representing real scientific workflows of829

existing collaborators. Questions probe peak evolu-830

tion, degradation signatures, spatial heterogeneity,831

unknown-mode behavior, and mechanistic interpre-832

tation.833

The benchmark set is divided below into the-834

matic categories.835

A.1 A. Expert Evaluation Subset (Questions836

1–10)837

These ten questions span core Raman diagnostics838

used by domain scientists and were selected for839

blinded expert scoring of accuracy, clarity, ground-840

ing, and usefulness.841

1. Which timestep has the highest average A1g842

charged height, and what does that imply843

about the state of charge at that timestep?844

2. Which timestep has the highest D/G ratio, and845

what does that imply about carbon disorder?846

3. What is the single highest A1g discharged847

peak, and what does that mean?848

4. Find coordinates/timestamps where u2 height849

> 200 and discuss literature connecting such850

carbon-region unknowns to side products and851

capacity fade.852

5. What is the ratio of the average A1g charged853

height to the average A1g discharged height854

at timestep 60? What does this ratio mean?855

6. Which (x, y) coordinate has the highest av-856

erage D height, and what does that mean for857

carbon disorder?858

7. Which timestep has the single coordinate with859

the largest sum of u1, u2, and u3 peaks, and860

what does that indicate about side reactions?861

8. What is the difference between the average862

u3 height at the last timestep and at the first863

timestep, and what does this tell us about864

degradation due to cycling?865

9. At timestep 30, what is the A1gc height at866

location (0,0)? What is the A1gc height at867

location (15,15)? What does this difference868

mean about behavior on the cathode edge ver- 869

sus in the middle? 870

10. Find timesteps and coordinates where the u3 871

height > 200, and discuss what this means 872

with respect to side reactions and lithium loss. 873

A.2 B. Peak Shape, Lattice Disorder, and 874

Structural Transition Questions 875

11. Compare the A1gc FWHM at the first and last 876

timesteps. What does the broadening tell us 877

about lattice disorder accumulation? 878

12. Compute the A1gc/Eg intensity ratio at each 879

timestep. At which timestep is the ratio lowest, 880

and what structural transition is associated 881

with this? 882

13. Find any coordinates where the A1gc center 883

> 595 cm−1. Summarize literature describing 884

A1g blue-shifts during high-voltage oxygen 885

activity. 886

14. Determine where the A1gc and A1gd peaks 887

disappear entirely. What failure mechanism 888

does complete A1g loss correspond to? 889

15. At timestep 75, which 10 coordinates have 890

the highest A1gc intensity, and what might 891

this say about spatially selective retention of 892

TM–O structural integrity? 893

16. At which timestep does the average G-band 894

height reach a maximum? What does this 895

mean about graphitic ordering? 896

A.3 C. Spatial Heterogeneity and 897

Electrode-Asymmetry Questions 898

17. Compare the D/G ratios for the left vs. right 899

halves of the electrode at timestep 40. What 900

spatial asymmetry does this reveal? 901

18. Which timestep has the lowest D/G ratio, and 902

what does that indicate about carbon structural 903

recovery (if any)? 904

19. At coordinates where D > 400, retrieve lit- 905

erature linking high-D features to electrolyte 906

attack or carbon amorphization. 907

20. Identify any coordinates where the G-band 908

disappears but A1g persists. What edge-case 909

failure or delamination does this pattern map 910

onto? 911
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21. Determine all points where u2 and u3 are si-912

multaneously >150. What multipeak signa-913

tures are associated with multi-step side reac-914

tions?915

22. Find coordinates where u3 height > A1gc916

height. What does dominance of un-917

known/byproduct modes imply about end-of-918

life chemistry?919

23. Compare A1g intensity at coordinates (0,0),920

(15,15), and (29,29). Which region ages921

fastest?922

24. Determine which quadrant of the electrode923

has the highest mean u2 height at the last924

timestep. What could be causing quadrant-925

specific side reactions?926

25. Find edge vs. center contrast in A1g FWHM927

at the last timestep. Why does the literature928

say edges degrade faster?929

A.4 D. Degradation Kinetics and Mechanistic930

Interpretation Questions931

26. Compute the percentage loss of A1g intensity932

from timestep 0 → final. Interpret this loss in933

the context of typical TM–O bond destabiliza-934

tion percentages.935

27. Determine when the A1g discharged peak first936

falls below 50% of its initial value, and ex-937

plain the mechanistic significance.938

28. Compute the A1gcharged/A1gdischarged ratio939

across all timesteps and find when it deviates940

most from unity. How does this ratio map to941

irreversibility?942

29. For all timesteps where u2 > 150, retrieve943

literature that links mid-frequency Raman fea-944

tures in LTMO cathodes to parasitic oxygen945

reactions.946

30. Return all timesteps where average A1gc <947

average D. What scenario does “carbon domi-948

nating over lattice” represent?949
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B Expert Evaluation Packet950

The following pages contain the first two Spectra-951

Query query–answer examples provided to expert952

evaluators. These were used to assess scientific953

accuracy, grounding, clarity, completeness, and954

overall usefulness of the system.955
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Figure 9: Expert evaluation packet, page 1.

Figure 10: Expert evaluation packet, page 2.

Figure 11: Expert evaluation packet, page 3.

Figure 12: Expert evaluation packet, page 4.
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Figure 13: Expert evaluation packet, page 5.

Figure 14: Expert evaluation packet, page 6.

Figure 15: Expert evaluation packet, page 7.

Figure 16: Expert evaluation packet, page 8.
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Figure 17: Expert evaluation packet, page 9.

Figure 18: Expert evaluation packet, page 10.
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