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Abstract001

Large language models are increasingly used002
across various fields. However, their adoption003
in regulated banking faces resistance due to004
demands for high accuracy, regulatory compli-005
ance, and traceable, grounded responses. We006
present a complete recipe for training and de-007
ploying grounded banking LLMs. First, we008
describe a data generation pipeline combin-009
ing LLM-as-a-Judge filtering, citation annota-010
tion, and curriculum learning with only 143M011
tokens. The resulting 12B model achieves012
the highest answer quality among all systems013
tested and outperforms GPT-4.1 on citation014
grounding, with a modest citation tradeoff ver-015
sus the untuned base. Second, we train cali-016
brated refusal: 22% unanswerable examples017
yield a 12% “I don’t know” rate, correcting the018
base model’s unsafe 4.3% rate without GPT-019
4.1’s over-refusal at 20.2%. Third, we provide020
end-to-end methodology from data curation to021
quantized serving, deployed at 40+ financial022
institutions with 7.1pp improvement in query023
resolution (p < 0.001). The model responds 3–024
5× faster at 20–50× lower cost than GPT-4.1.025

1 Introduction026

Large language models (LLMs) have transformed027

natural language processing across a wide range of028

domains including customer support, content gener-029

ation, coding, and others. However, their adoption030

in regulated banking industry remains challenging031

due to their innate tendency to hallucinate, propen-032

sity toward agreeableness, and misalignment with033

domain-specific knowledge.034

Furthermore, the nature of banking applications035

relies on ever-changing data, such as interest rates,036

account balances, and various policies and proce-037

dures. This dynamic environment requires LLMs038

to ground their responses in up-to-date informa-039

tion retrieved from internal databases or external040

sources.041

Consider a customer asking their bank’s virtual 042

assistant about early mortgage payoff penalties. 043

The system must retrieve current policies, inter- 044

pret them, and generate a response that is grounded 045

in those sources within seconds. If the policy is 046

missing from the knowledge base, the model must 047

say so rather than fabricate an answer as mislead- 048

ing information could lead to regulatory violations. 049

Achieving this level of trustworthiness, speed, and 050

accuracy requires careful model fine-tuning beyond 051

off-the-shelf LLMs. 052

To address these gaps, we developed FinRAG- 053

12B, a 12B-parameter LLM fine-tuned for retrieval- 054

augmented generation (RAG) in banking. We de- 055

scribe a multi-source data curation pipeline com- 056

bining LLM-as-a-Judge filtering, citation anno- 057

tation, and two-stage curriculum learning that 058

achieves 73% citation quality with only 143M to- 059

kens. Through systematic ablation, we show that 060

adding 22% unanswerable examples in the training 061

data enables calibrated “I don’t know” responses, 062

substantially reducing hallucinations while mini- 063

mizing over-refusal on valid queries. We release 064

the complete recipe for FinRAG12B—from data 065

curation through quantization to serving—which 066

has been validated in production use at 40+ finan- 067

cial institutions. We focus on three key contribu- 068

tions: (1) a high-quality data generation pipeline, 069

(2) calibrated refusal through negative sampling 070

ablation to mitigate hallucinations, and (3) an end- 071

to-end methodology for production RAG systems 072

in banking. 073

2 Related Work 074

The field of financial NLP field has evolved 075

rapidly in recent years. BloombergGPT (Wu et al., 076

2023) trained 50B parameters on 346B tokens of 077

Bloomberg data, achieving strong results on fi- 078

nancial benchmarks including sentiment analysis, 079

named entity recognition, and question answering. 080
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However, the model was never publicly released,081

and the paper reported no production metrics such082

as latency, inference cost, or hallucination rates:083

metrics essential for deployment. FinGPT (Yang084

et al., 2023) democratized financial LLM develop-085

ment by showing that LoRA fine-tuning achieves086

competitive sentiment analysis results for under087

$300, but the work focused on classification tasks088

rather than generative RAG with citation require-089

ments. FinBERT (Araci, 2019) established the090

paradigm of domain adaptation for financial sen-091

timent analysis before the current generation of092

decoder-only LLMs, demonstrating that continued093

pretraining on domain text improves downstream094

task performance.095

RAG has become a common approach for in-096

creasing trustworthiness in LLM responses (Lewis097

et al., 2020). This approach reduces hallucination098

rates by grounding responses in verified external099

knowledge sources that are provided as context to100

the response generation. However, RAG introduces101

challenges where the model may ignore retrieved102

context, cite irrelevant passages, or fabricate infor-103

mation entirely. Liu et al. (2024a) demonstrated104

that LLMs exhibit position bias in long contexts,105

preferentially attending to information at the begin-106

ning and end while “losing” content in the middle.107

We address this through random context placement108

during training with discrete trapezoidal distribu-109

tion generated via a hierarchical uniform mixture.110

Data quantity plays a critical role in LLM train-111

ing. Phi-3 (Abdin et al., 2024) achieved strong112

performance with carefully filtered training data,113

showing that small models trained on high-quality114

corpora can match larger models trained on noisier115

data. Zhou et al. (2023) showed that just 1,000116

handpicked instruction examples suffice for align-117

ment, challenging assumptions about data scale.118

QuRating (Wettig et al., 2024) formalized qual-119

ity assessment through pairwise comparisons, en-120

abling systematic data selection. Xia et al. (2024)121

extended this to instruction tuning, selecting exam-122

ples that maximally reduce validation loss. Ye et al.123

(2024) studied optimal data mixtures, finding that124

mixture ratios significantly impact downstream per-125

formance. These findings motivate our multi-stage126

approach where, rather than mixing all of the train-127

ing data together in a single batch, we sequence128

training to maximize the benefit of high-quality129

proprietary examples.130

For LLM training we leverage LoRA (Hu131

et al., 2022) and DoRA (Liu et al., 2024b) to132

learn low-rank weight updates, enabling parameter- 133

efficient adaptation without modifying the full 134

model. DoRA extends LoRA with directional de- 135

composition for improved training stability. This 136

approach reduces memory requirements from stor- 137

ing full gradients. Gunasekar et al. (2023) showed 138

that carefully curated data outperforms larger noisy 139

corpora, a finding we leverage by filtering training 140

data through LLM-based quality scoring. 141

3 System Architecture 142

3.1 Base Model Selection 143

When approaching LLM training, the choice of 144

base model is critical. We require a model that 145

shows strong instruction-following capabilities, yet 146

is efficient enough to meet the latency and cost 147

requirements of production deployment. Gemma 148

3 12B-IT (Gemma Team et al., 2024) addresses 149

all our requirements showing strong instruction- 150

following, 128K context window, and permissive 151

commercial licensing while maintaining efficiency. 152

3.2 Training Data Pipeline 153

"Garbage in, garbage out" is a popular proverb 154

in machine learning that highlights the importance 155

of training data quality. This is especially true 156

when training LLMs for high-stakes domains like 157

banking. While financial institutions have access to 158

large volumes of data, much of it is noisy, outdated, 159

and contains personally identifiable information 160

(PII) that cannot be used for training. For this 161

reason, we developed a multi-stage data curation 162

pipeline that prioritizes quality. Our final corpus 163

contains 143M tokens from a mix of open source 164

and proprietary data processed through a multi- 165

stage quality pipeline. 166

Source Samples License

RAG-v1 (Open) 43,581 Apache 2.0
SEC Reports (Synthetic QA) 16,773 Public
CommonCrawl (Financial) 20,499 CC0
Refusal Calibration (Proprietary) 17,795 Internal

Total 98,648 –

Table 1: Training data composition. Stage 1 uses open-
source data (RAG-v1, CommonCrawl). Stage 2 adds
proprietary banking conversations and synthetic QA
from SEC filings.
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3.2.1 RAG-v1167

We filter 43,581 samples from the glaiveai/RAG-v1168

dataset,1 a synthetic collection of approximately169

50,000 samples designed by Glaive AI to fine-tune170

large language models for retrieval-augmented gen-171

eration tasks. Each entry includes a question, a172

list of context documents (1 to 5 chunks), and an173

answer often containing citations mapping facts to174

sources. We used JudgeLM (Zhu et al., 2023) to175

exclude low-quality responses with a score below176

5. The final corpus contains 43,581 data points.177

3.2.2 SEC Synthetic QA178

While LLMs can generate plausible-looking train-179

ing data, relying on synthetic text carries risks.180

Zhang et al. (2024) showed that training on model-181

generated text leads to regurgitative training, where182

successive generations degrade in diversity and183

factual grounding. Moreover, synthetic questions184

often fail to capture the distribution of real user185

queries, which tend to be shorter, more fragmented,186

and less interrogative than LLM-generated ques-187

tions. To mitigate these issues, we designed a188

pipeline anchored in financial SEC filings rather189

than purely model-generated content. We extract190

16,773 samples focusing on 10-K and 10-Q reports191

that contain rich financial information.192

To align synthetic data with real-world condi-193

tions, we apply five steps: 1) split each filing into194

passage-length chunks, 2) generate questions at195

four difficulty levels (easy, medium, hard, expert),196

3) rephrase questions via few-shot prompting to197

match natural query patterns, 4) generate answers198

from the original question and gold passage, and 5)199

construct hard negatives by injecting 3–7 distrac-200

tor passages. Medium-difficulty questions best ap-201

proximate real user queries and receive the largest202

sampling weight. Distractor positions follow a dis-203

crete trapezoidal distribution from a hierarchical204

uniform mixture.205

This 5-step process is important to align the206

synthetic questions with real user queries. When207

comparing to a direct single-shot question and an-208

swer generation pipeline, we find that questions are209

verbose and follow an interrogative style, with a210

large portion starting with “what” and “how” (avg.211

19.6 words, 93% “what” or “how”). Real client212

questions average 9.9 words, and 52% are frag-213

ments or keyword phrases like “min credit score214

for mortgage.” To close this gap, we condition gen-215

1https://huggingface.co/datasets/glaiveai/RAG-v1

eration on attributes sampled from real question 216

distributions: style (39% fragment, 20% how-do-I, 217

11% what-is, etc.), word count (log-normal, µ=2.1, 218

σ=0.55), and formality (45% casual). We pro- 219

vide a comparison of standard evaluation measures 220

(Potluru et al., 2024) in Table 2. 221

Metric Single Multi Real

Avg. length (words) 19.55 8.85 9.91
Jaccard w/ real (↑) 0.098 0.140 —
Type entropy (↑) 1.418 1.745 2.281
Type JS div. (↓) 0.434 0.041 —
Coverage, cos. (↑) 0.464 0.520 —
Distinct-2 (↑) 0.295 0.451 0.721
Fin. term recall (↑) 0.902 0.951 —

Table 2: Single-shot vs. multi-step QA generation
pipeline evaluated on lexical, question-type, seman-
tic, diversity, and domain metrics. ↑= higher is better,
↓= lower is better.

3.2.3 CommonCrawl Financial Subset 222

Because user data is subject to strict privacy con- 223

straints, we adopt a hybrid approach to construct 224

the training set without exposing personally iden- 225

tifiable information. First, we train a random for- 226

est classifier to identify banking-relevant content. 227

Next, we extract real user questions that contain 228

no PII and appear more than n times, preventing 229

memorization of rare, potentially sensitive queries. 230

Finally, we cross-reference these questions with 231

the classifier to retrieve relevant passages. The re- 232

sulting dataset of 20,499 samples is grounded in 233

real-world usage while remaining compliant with 234

privacy requirements. 235

3.2.4 Banking Refusal Calibration Data 236

In production RAG systems, the retrieval stage does 237

not always surface passages that contain the answer 238

to a user’s query. When the retrieved context lacks 239

the necessary information, a well-calibrated model 240

should abstain rather than fabricate a plausible- 241

sounding response. However, instruction-tuned 242

LLMs exhibit a well-documented sycophancy bias 243

(Sharma et al., 2024) where they tend to comply 244

with the user’s implied request for an answer even 245

when no supporting evidence is available, a behav- 246

ior that amplifies hallucination risks (Lewis et al., 247

2020). In regulated domains such as banking, a 248

single confident but unsupported claim can expose 249

the institution to compliance violations and erode 250

customer trust. 251

To explicitly teach the model when not to answer, 252

we construct a dedicated refusal calibration subset 253
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drawn from real banking conversations. Each ex-254

ample pairs a user question with a retrieved context255

that is topically related but does not contain suffi-256

cient information to formulate a correct response.257

The goal is to provide examples where the target258

output is an “I don’t know”-style refusal. By ex-259

posing the model to a substantial proportion of260

negative examples during fine-tuning, we shift its261

decision boundary toward conservative behavior.262

The model learns to ground every claim in the re-263

trieved context and to decline when that context264

is insufficient, rather than defaulting to parametric265

knowledge that may be outdated or incorrect.266

3.3 Model Training267

We adopt a two-stage curriculum inspired by268

domain-adaptive pretraining (Gururangan et al.,269

2020), where each stage uses a progressively more270

specialized data mixture and learning rate (Table 3).271

In Stage 1 (Domain Adaptation), the model trains272

on 64,080 open-source samples from RAG-v1 and273

CommonCrawl financial datasets at a conservative274

learning rate of 1×10−6 with cosine decay, acquir-275

ing financial vocabulary and citation conventions276

from fully reproducible data. Stage 2 (Task Spe-277

cialization) then continues from the Stage 1 check-278

point on 34,568 proprietary banking examples at279

5 × 10−6 with linear decay, targeting production280

behaviors such as refusal calibration, institution-281

specific formatting, and domain terminology. Stag-282

ing is critical as training on all data simultaneously283

yields worse performance (Section 5.3).284

Stage Data Source Samples LR

1 RAG-v1 + CommonCrawl 64,080 1× 10−6

2 SEC + Proprietary Banking 34,568 5× 10−6

Table 3: Curriculum learning stages. Stage 1 uses fully
open data for domain adaptation; Stage 2 adds propri-
etary examples for task specialization.

3.4 Refusal Calibration285

Training a model to refuse to answer when the re-286

trieved context is insufficient requires careful con-287

trol of the negative-example ratio. Too few negative288

samples and the model defaults to its sycophantic289

prior (Sharma et al., 2024), generating plausible but290

unsupported answers (high false-positive rate). Too291

many and the model refuses queries it could answer292

correctly (high false-negative rate). We sweep the293

negative ratio from 10% to 30% in 2-percentage-294

point increments and find that 22% strikes the best295

trade-off, minimizing false positives while preserv- 296

ing recall on answerable queries. Above 26%, the 297

model over-refuses, collapsing recall. 298

3.5 Training Configuration 299

We fine-tune with LoRA (Hu et al., 2022) applied 300

to all attention and MLP layers (r=64, α=256, 301

dropout=0.05). Optimization uses AdamW-8bit 302

with a learning rate of 2× 10−5, per-device batch 303

size of 4 and gradient accumulation over 4 steps 304

(effective batch size 16), and a maximum sequence 305

length of 65,536 tokens. We hold out 1% of the 306

training data as a validation set and apply early stop- 307

ping with a patience of 5 evaluation steps where 308

training halts when validation loss ceases to im- 309

prove and the best checkpoint is restored. Training 310

completes in 1,402 steps across 360 GPU-hours on 311

8× RTX A6000. 312

3.6 Quantization 313

To meet production latency and memory con- 314

straints, we quantize the fine-tuned model to 315

W4A16 with group size 128 (4-bit weights, 16-bit 316

activations) using SmoothQuant (Xiao et al., 2023) 317

activation smoothing. This reduces the model foot- 318

print from 24 GB to 8.4 GB (2.86× compression), 319

enabling single-GPU deployment. Citation quality 320

degrades only marginally, retaining over 99% of 321

the full-precision performance. 322

4 Evaluation 323

4.1 Dataset 324

We evaluate on proprietary banking data and com- 325

plement with public financial benchmarks to test 326

generalization. 327

Proprietary Banking Test Set. We construct 328

258 banking RAG examples from three financial 329

institutions representing distinct use cases: re- 330

tail banking (account inquiries, loan information, 331

branch hours) and commercial banking (treasury 332

services, merchant processing). Half the examples 333

contain irrelevant context where “I don’t know” 334

is the correct response, simulating real-world sce- 335

narios where retrieval returns off-topic documents. 336

Each example contains a user question, 5 retrieved 337

passages (1–2 relevant, 3–4 distractors), human- 338

annotated ground truth with citation labels, and a 339

binary answerable/unanswerable label. 340

Public Benchmarks. To assess whether these 341

gains transfer beyond proprietary data, we addi- 342
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tionally evaluate on two established financial QA343

benchmarks: FinanceBench (Islam et al., 2023),344

150 questions over SEC filings requiring free-form345

answers grounded in real financial documents; and346

FinQA (Chen et al., 2021), a numerical reasoning347

benchmark over financial tables (500 sampled ex-348

amples). FinanceBench tests factual retrieval and349

citation grounding, while FinQA stresses multi-350

step numerical reasoning, a capability not explic-351

itly targeted by our training data. We use these352

benchmarks to augment our internal evaluation and353

to provide publicly comparable reference scores.354

4.2 Metrics355

We evaluate along three dimensions: answer qual-356

ity, refusal calibration, and latency.357

JudgeLM (Zhu et al., 2023) scores each response358

on a 1–10 scale using an LLM judge that assesses359

correctness, completeness, and coherence given the360

retrieved sources. Citation Quality (Es et al., 2024)361

(0–100) is a composite of faithfulness, source rele-362

vance, information synthesis, and source usage.363

We report QA F1, which combines precision364

(fraction of generated answers that are correct) and365

recall (fraction of answerable queries that receive366

an answer). F1 captures the tension between hallu-367

cination risk (low precision) and over-caution (low368

recall). We additionally report the refusal rate and369

the fraction of abstentions that are true negatives.370

4.3 Baselines371

We compare against Gemma 3 12B-IT (no fine-372

tuning), GPT-4.1 (API). BloombergGPT weights373

are unavailable. FinGPT has no citation evaluation.374

5 Results375

5.1 Main Results376

Model Jud.LM Cit. Q QA F1 IDK%

Gemma 3 12B 5.70 80.2 0.964 4.3
GPT-4.1 5.72 70.8 0.900 20.2

FinRAG-12B 6.21 73.1 0.936 12.0

Table 4: Main results on 258 banking QA examples
(3 institutions). JudgeLM: answer quality (1–10); Cit.
Q: citation quality (0–100); QA F1: precision–recall
on answerable queries; IDK%: abstention rate (↓ =
hallucination risk, ↑ = over-caution).

FinRAG-12B achieves the highest answer qual-377

ity (JudgeLM 6.21) among all evaluated mod-378

els, surpassing both GPT-4.1 (+0.49) and base379

Gemma 3 (+0.51). On citation quality, FinRAG- 380

12B (73.1) outperforms GPT-4.1 (70.8) by 2.3 381

points. The base model’s strong citation score 382

(80.2) validates Gemma 3 as a foundation for 383

grounded generation. The fine-tuning trades a mod- 384

est citation reduction for production capabilities 385

including perfect citation formatting (100% recall 386

and precision vs. 93.5%/99.0%). 387

The IDK column reveals refusal calibration 388

where base Gemma refuses on only 4.3% of 389

queries, risking hallucination on unanswerable in- 390

puts, while GPT-4.1 over-refuses at 20.2%, degrad- 391

ing recall to 0.831. FinRAG-12B’s 12% strikes the 392

balance between the two models. 393

5.2 Public Benchmark Results 394

Model FinanceBench F1 FinQA F1

Gemma 3 12B (base) 0.249 0.025
GPT-4.1 (API) 0.238 0.030

FinRAG-12B 0.284 0.028

Table 5: Results on public financial benchmarks.
FinRAG-12B achieves the highest FinanceBench F1
with a 97.3% citation rate. FinQA scores are low across
all models, as numerical table reasoning was not a train-
ing objective.

On FinanceBench, FinRAG-12B outperforms 395

both the base Gemma 3 model and GPT-4.1, achiev- 396

ing the highest F1 (0.284) with a 97.3% citation 397

rate. FinQA scores are uniformly low across all 398

models (0.025–0.030 F1), reflecting that multi-step 399

numerical reasoning over financial tables was not 400

an explicit training objective. This highlights a 401

clear avenue for future work: incorporating table- 402

reasoning data into the curriculum. 403

5.3 Curriculum Learning Ablation 404

Strategy Jud.LM QA F1 Cit. Q

Combined (all data) 3.28 0.706 51.2
Curriculum (staged) 5.91 0.938 74.7

Table 6: Curriculum vs. combined training on 258 bank-
ing QA examples. Mixing all data simultaneously col-
lapses performance.

Training on all data simultaneously collapses: 405

JudgeLM drops to 3.28 and QA F1 to 0.706 (Ta- 406

ble 6). The combined model over-refuses at 46.5%, 407

producing an IDK response for nearly half of all 408

queries. The curriculum avoids this by establishing 409
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general RAG capabilities in Stage 1 before special-410

izing in Stage 2, preventing conflicting optimiza-411

tion targets between open-source and proprietary412

data.413

5.4 Latency414

Figure 1 compares time to first token (TTFT) and415

total time to completion (TTC) on a single RTX416

6000 Ada GPU in a RAG setting. FinRAG-12B is417

3–5× faster than GPT-4.1 on both metrics.418

while maintaining the same TTFT.419

FinRAG-12B
(ours)

FinRAG-v3
(our legacy)

GPT-4.1 GPT-4o
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1.0
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y 
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0.14s 0.14s
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0.57s

1.83s 1.77s
1.94s

TTFT
TTC

Figure 1: Inference latency comparison. FinRAG-12B
achieves 0.14s TTFT and 0.57s TTC, outperforming
both proprietary APIs and the prior production model.

5.5 Deployment420

FinRAG-12B is available to 40+ financial institu-421

tions. Uptime: 99.7% (30-day rolling). P95 la-422

tency: under 20 seconds. One deployment serves423

10+ million retail banking customers.424

5.6 Production Impact425

While the preceding sections evaluate on cu-426

rated benchmarks, production deployment reveals427

whether improvements translate to real business428

outcomes. We analyze 3,297 randomly sampled429

user queries collected over seven months (May–430

December 2025) at a large US credit union serving431

10+ million retail banking customers, comparing432

our legacy production model against FinRAG-12B433

to measure business impact. Both models serve434

the same RAG pipeline and knowledge base. We435

filter text-input queries (excluding UI-driven inter-436

actions such as source-document clicks) to isolate437

LLM performance.438

Resolution rate, Table 7, defines the fraction of439

queries the model answers successfully improves440

by 7.1 percentage points (χ2=24.4, p<0.001,441

Cramér’s V=0.09), meaning 7 additional queries442

per 100 are resolved without human escalation. The443

Old FinRAG ∆

N (queries) 1,044 2,253 —
Resolution 77.4% 84.5% +7.1∗∗∗

Unresolved 20.7% 13.7% −7.0∗∗∗

Satisfaction 59.5% 62.9% +3.4
resolved 65.0% textbf66.7% +1.7
unresolved 23.7% textbf25.9% +2.1

Table 7: Production metrics (3,297 queries, 7 months).
Deltas in pp. ∗∗∗p<0.001 (χ2). Satisfaction: p=0.26,
95% CI [−2.5, +9.3] pp.

unresolved rate drops by the same margin, confirm- 444

ing that the model converts previously unanswer- 445

able queries into successful responses rather than 446

shifting failures between categories. 447

Overall user satisfaction (binary thumbs- 448

up/thumbs-down) increases from 59.5% to 62.9%, 449

though this difference does not reach statistical 450

significance (χ2=1.3, p=0.26; 95% bootstrap CI 451

[−2.5, +9.3] pp). Decomposing by outcome re- 452

veals why: per-query satisfaction is nearly identical 453

for both resolved queries (65.0% vs. 66.7%) and un- 454

resolved queries (23.7% vs. 25.9%). The observed 455

overall gain is driven by a compositional shift 456

where more queries fall into the higher-satisfaction 457

resolved category rather than by improving indi- 458

vidual response quality. This finding suggests that 459

resolution rate, not per-response polish, is the pri- 460

mary lever for user satisfaction in production RAG 461

systems. 462

6 Conclusion 463

We present FinRAG-12B, a citation-grounded 464

banking RAG model. First, we show that a data 465

pipeline with LLM-as-a-Judge filtering and two- 466

stage curriculum learning produces the highest an- 467

swer quality (JudgeLM 6.21) outperforming GPT- 468

4.1 on citation quality by 2.3 points. Second, 469

mixing 22% unanswerable examples into train- 470

ing yields calibrated refusal behavior: FinRAG- 471

12B abstains on 12% of queries, between the 472

under-cautious base model (4.3%) and the over- 473

cautious GPT-4.1 (20.2%). Third, the complete 474

recipe transfers to production. FinRAG-12B im- 475

proves query resolution by 7.1 percentage points 476

(p<0.001) while running 3–5× faster and 20–50× 477

more cheaply than commercial APIs. These results 478

suggest that data quality and training methodology 479

matter more than scale for grounded generation in 480

regulated domains. 481
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Limitations482

Our evaluation covers banking RAG from three483

financial institutions (258 examples). Results may484

not transfer to trading, insurance, investment advi-485

sory, or other financial domains. The evaluation set486

skews toward common retail banking queries; rare487

edge cases remain untested.488

The proprietary Stage 2 data cannot be released.489

However, Stage 1 training uses entirely open-490

source data (RAG-v1, CommonCrawl), and we491

provide all hyperparameters. Researchers can repli-492

cate our curriculum methodology with their own493

proprietary datasets.494

We compare against API model (GPT-4.1) with495

different deployment constraints. Direct compar-496

ison to other self-hosted 12B models (Llama 3.1497

8B, Mistral 7B) would strengthen the evaluation.498

Our evaluation counts explicit “I don’t know”499

and variations of responses but may miss hedged500

language (“I wish I could help, but...”) or partial501

uncertainty expressions.502

Ethics Statement503

Our model operates in regulated financial services.504

All proprietary training data was anonymized to505

remove personally identifiable information before506

use. The model refuses queries outside its knowl-507

edge domain rather than hallucinating, which bank-508

ing compliance requires. LLMs can perpetuate509

training data biases; we monitor response quality510

across customer demographics.511
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A Training Hyperparameters632

B Quantization Details633

W4A16-G128 quantization configuration:634

• Weight Quantization: 4-bit, group size 128635

• Activation Precision: 16-bit (FP16)636

Parameter Value

Base Model Gemma 3 12B-IT
LoRA Rank (r) 64
LoRA Alpha (α) 256
LoRA Dropout 0.05
Target Modules q,k,v,o,gate,up,down
Learning Rate 2× 10−5

Optimizer AdamW-8bit
Batch Size 4
Gradient Accumulation 4
Effective Batch Size 16
Max Sequence Length 65,536
Training Steps 1,402
Final Loss 1.871

Table 8: Training hyperparameters.

• Preprocessing: SmoothQuant, migration fac- 637

tor 0.5 638

• Calibration: 512 samples from training dis- 639

tribution 640

Size reduction: 24GB → 8.4GB (2.86× com- 641

pression). Citation quality degrades marginally, 642

retaining over 99% of full-precision performance. 643
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