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Abstract

Bangladesh’s low-income population faces ma-001
jor barriers to affordable legal advice due to002
complex legal language, procedural opacity,003
and high costs. Existing AI legal assistants004
lack Bengali-language support and jurisdiction-005
specific adaptation, limiting their effectiveness.006
To address this, we developed MINA, a multi-007
lingual LLM-based legal assistant tailored for008
the Bangladeshi context. It employs multilin-009
gual embeddings and a RAG-based chain-of-010
tools framework for retrieval, reasoning, trans-011
lation, and document generation, delivering012
context-aware legal drafts, citations, and plain-013
language explanations via an interactive chat014
interface. Evaluated by law faculty from lead-015
ing Bangladeshi universities across all stages of016
the 2022 and 2023 Bangladesh Bar Council ex-017
aminations, MINA achieved scores of 75–80%018
in the preliminary MCQs, written, and sim-019
ulated viva voce components. These results020
matched or surpassed average human perfor-021
mance, demonstrating strong clarity, contex-022
tual understanding, and sound legal reasoning,023
while operating at approximately 0.1-0.6% of024
the cost of human lawyers. These results con-025
firm its potential as a low-cost, multilingual026
AI assistant that automates key legal tasks and027
scales access to justice, offering a real-world de-028
tails on building domain-specific, low-resource029
systems and addressing challenges of multi-030
lingual adaptation, efficiency, and sustainable031
public-service AI deployment.032

1 Introduction033

Access to affordable legal advice remains a major034

challenge for economically disadvantaged groups035

in Bangladesh, largely due to complex legal lan-036

guage, opaque procedures, and high costs (Knock037

et al., 2024; Raj, 2024; Islam et al., 2024; Akter,038

2017; Wasi et al., 2024). This contributes to a se-039

vere access to justice crisis that disproportionately040

affects marginalized populations. The judiciary is041

burdened by an enormous backlog of 3.7 to 4.4042

million cases and operates with only 2,100 judges 043

(Yesmin, 2025; Ahmed, 2021), translating to one 044

judge per 90,000 people and resulting in delays of 045

10 to 60 years (Jaan, 2023). Civil disputes often 046

drag on for decades, while criminal cases like the 047

Chittagong Arms Haul have remained unresolved 048

for over 15 years (Knock et al., 2024; Khalilullah, 049

2025). Outdated procedural laws enable frequent 050

adjournments and exploitation by lawyers, further 051

slowing case resolution. Meanwhile, unregulated 052

lawyer fees make legal representation unaffordable 053

for most (Jaan, 2023), and public legal aid faces 054

constraints from limited funding, strict eligibility, 055

and engagement (Tahura and Alam, 2025). 056

The absence of digital infrastructure and au- 057

tomation intensifies inefficiencies and delays, com- 058

pounded by manual court processes. Additionally, 059

widespread legal illiteracy, fear of retaliation, and 060

dependence on biased informal mechanisms dis- 061

courage many from seeking justice, perpetuating 062

inequality and eroding trust in the system (Knock 063

et al., 2024; Islam et al., 2024; Wasi et al., 2024). 064

Consequently, many avoid formal legal engage- 065

ment altogether, deepening existing disparities and 066

weakening the rule of law (Knock et al., 2024). 067

Natural Language Processing (NLP) tools can help 068

bridge this gap by simplifying complex legal texts, 069

automating document analysis, and providing ac- 070

cessible guidance to under-served populations. 071

Motivated by the urgent need to improve legal 072

access for Bangladesh’s low-income population, 073

who face significant barriers due to complex le- 074

gal language, long procedures, and high costs, we 075

developed MINA, a multilingual LLM-based le- 076

gal assistant tailored to the Bangladeshi legal con- 077

text. Unlike prior systems focused on English and 078

Western legal frameworks, our assistant integrates 079

Bengali and English support using multilingual 080

embeddings within a Retrieval-Augmented Gen- 081

eration (RAG) framework that combines retrieval, 082

reasoning, drafting, translation, and citation inser- 083
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tion. Delivered via an interactive chat interface,084

it assists users in drafting petitions, referencing085

statutes, and simplifying complex legal language086

into plain Bengali.087

We evaluated our agentic system MINA rigor-088

ously by law faculty experts across all stages of089

the 2022 and 2023 Bangladesh Bar Council Ex-090

aminations, including the Preliminary multiple-091

choice questions, Written exam, and Viva Voce092

oral exam (conducted via chat UI). Consistently093

scoring 75–80%, it matched or exceeded average094

human performance, passing both years of the Bar095

Council exam and demonstrating robust legal rea-096

soning and contextual understanding.097

Overall, our contributions include: (i) the devel-098

opment of a localized multilingual legal assistant099

with integrated RAG, reasoning, drafting, transla-100

tion, and citation capabilities; (ii) rigorous eval-101

uation demonstrating human-comparable perfor-102

mance, robustness, and generalization across exam103

years, modalities, and diverse legal tasks; and (iii)104

passing the Bangladesh Bar Council exam, com-105

plemented by a comprehensive error analysis and106

insights for deploying scalable, cost-effective legal107

assistance to under-served populations.108

While our system uses established compo-109

nents like multilingual embeddings, RAG, and110

LangGraph-style agents, its novelty lies in adapting111

them to a bilingual, low-resource legal environment.112

The two-stage RAG pipeline retrieves statutes at113

the Act and Section levels, preventing conflation114

of unrelated provisions and ensuring coherent legal115

responses. Multilingual embeddings and a legal116

dictionary support interpretation of colonial-era117

and Farsi-influenced terminology, with external118

tools used selectively to augment context. This119

system-level design demonstrates practical deploy-120

ment for accessible legal assistance, validated rig-121

orously across multiple evaluation stages.122

2 Preliminaries123

Legal NLP is transforming legal practice by au-124

tomating document analysis, contract review, and125

research, significantly reducing time and costs (Lai126

et al., 2023; Yan, 2023; Frankenreiter and Nyarko,127

2023; Zhong et al., 2020), with transformer models128

like BERT and GPT enhancing contextual under-129

standing for more accurate insights (Martin et al.,130

2024; Jiang et al., 2024). Large Language Models131

(LLMs) extend this potential by simplifying com-132

plex legal language, translating statutes and proce-133

dures into plain Bengali, and automating repetitive 134

tasks such as document drafting and legal research, 135

which is critical in a system where formal aid is 136

underfunded and unaffordable for many (Safdie, 137

2025; Jaan, 2023). Multilingual LLM-powered 138

agents capable of processing both Bengali and 139

English legal texts offer accurate cross-lingual re- 140

trieval and can handle mixed-language documents 141

prevalent in Bangladesh, thereby enhancing acces- 142

sibility and efficiency. 143

However, existing Legal NLP tools remain in- 144

adequate for Bangladesh due to linguistic, legal, 145

and socio-economic complexities: Bengali support 146

suffers from scarce annotated datasets, limited digi- 147

tal content, and underdeveloped tools for tasks like 148

tokenization and NER (Wasi et al., 2024), while 149

English-centric models struggle with Bengali’s 150

complex morphology and script. Bangladesh fol- 151

lows the Common Law system (a legacy of British 152

colonial rule). The judiciary operates on an ad- 153

versarial basis, relying heavily on codified statutes 154

(like the Code of Civil Procedure, 1908 and Penal 155

Code, 1860) and judicial precedent. Our evaluation 156

via the Bar Council Exam is specifically designed 157

to test proficiency within this Common Law frame- 158

work. Furthermore, Bangladesh’s legal system, 159

rooted in colonial-era codes and Farsi-influenced 160

terminology, poses additional challenges, as mod- 161

els lack jurisdiction-specific knowledge and cannot 162

effectively interpret archaic legal Bengali (Mizan, 163

2021; Asjad, 2023). Compounding these technical 164

issues are gendered digital divides, poor translation 165

quality (Asjad, 2023), low digital literacy, and lim- 166

ited offline legal resources, underscoring the urgent 167

need for a localized, context-aware AI solution tai- 168

lored to Bangladesh’s unique legal environment. 169

Such an AI system could democratize legal assis- 170

tance, empower marginalized populations, and help 171

alleviate the country’s severe access-to-justice cri- 172

sis. 173

3 Methodology: MINA 174

Our system is anchored by an Orchestrator Agent 175

that evaluates user input, chat history, and docu- 176

ments to select the appropriate response pathway. 177

When internal context is insufficient, a two-stage 178

RAG pipeline retrieves relevant Acts and Sections 179

using Cohere-generated keywords and multilin- 180

gual embeddings over Chroma vector stores of 181

Bangladeshi laws. Retrieved texts inform final rea- 182

soning, while external tools (web search, parsers) 183
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Figure 1: System Architecture and Workflow of our Multilingual Legal Assistant Agent for Bangladesh

are used only when necessary. The system handles184

both Bengali and English, interprets colonial-era185

and Farsi-influenced terms via a custom legal dic-186

tionary, and includes a socio-economic simulation187

module. Optimized for low-resource settings, it188

provides context-aware, jurisdiction-specific legal189

assistance via a simple chat interface, simplify-190

ing legal language and automating core tasks to191

empower users without legal training or access to192

affordable services.193

3.1 Architecture Design194

This section details each component of the architec-195

ture, their interactions, and how they collectively196

address the core legal accessibility challenges in197

the region, as outlined in Figure 1.198

3.1.1 Retrieval-Augmented Generation (RAG)199

Our two-stage RAG subsystem retrieves legal texts200

and enhances response relevance through sequen-201

tial Act and Section retrieval, using dedicated vec-202

torDBs built from Bangladeshi legal corpora.203

Data. In the Bangladeshi legal system, Acts are204

the primary legislative units, each containing an av-205

erage of 24 Sections. Act titles average 50.30 char-206

acters, Section titles 38.07 characters, and Section207

content 736.69 characters, reflecting their greater208

interpretive depth. As per April 2025, the dataset209

contains 595 Acts comprising 18, 023 Sections210

(avg. 24 sections/act), with average act name and211

detail lengths of 50 and 438 characters, respec-212

tively, and average section name and detail lengths213

of 38 and 736 characters.214

Database Development. Initial experiments215

showed that naïve retrieval often produced re-216

sponses by combining content from unrelated Acts.217

To address this, we developed two separate vector218

databases. The Act database was constructed by 219

collecting full-text legislative data from the offi- 220

cial Bangladesh Law and Justice website. For each 221

Act, we generated an LLM-based summary to cre- 222

ate a compact, searchable representation, indexed 223

alongside metadata. The Section database was built 224

by chunking individual sections (1–2 chunks each) 225

and attaching relevant Act metadata for precise fil- 226

tering during Section-level search. 227

RAG Pipeline and Workflow. When a query is 228

received, the Keyword Generator tool produces se- 229

mantic keywords to retrieve the top nacts (default 230

= 5) most relevant Acts from indexed summaries. 231

These Act IDs then filter the Section database to 232

find the most relevant nsections (default = 10) le- 233

gal provisions. Multilingual embeddings ensure 234

accurate retrieval across Bengali and English texts. 235

Retrieved sections are checked for contextual rele- 236

vance; if insufficient, the query is refined and rerun. 237

Once validated, the Acts and Sections are sent to 238

the Orchestrator Agent for final reasoning. This 239

two-step process ensures broad coverage at the Act 240

level and precise grounding at the Section level. 241

3.1.2 Agents 242

Our system is powered by two core agents: the 243

Orchestrator Agent and the RAG Agent, each with 244

distinct roles in the workflow. 245

Orchestrator Agent serves as the central decision- 246

maker, evaluating user queries in context, consid- 247

ering prior conversation turns and any uploaded 248

documents, to determine if a direct response can be 249

generated. If the context is sufficient, it proceeds 250

to answer generation. Otherwise, it delegates the 251

task to the RAG Agent. 252

RAG Agent manages the retrieval process end- 253

to-end, from keyword generation to assessing the 254
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relevance and jurisdictional appropriateness of re-255

trieved legal materials. This separation of roles256

enhances system modularity and simplifies mainte-257

nance, debugging, and extensibility.258

Both agents operate within a LangGraph-based259

state machine, enabling persistent memory across260

interactions. This design supports complex, multi-261

turn legal consultations where reasoning must262

evolve. The agentic structure also enables con-263

ditional execution, allowing the system to adapt264

its workflow dynamically without compromising265

performance or legal integrity.266

3.1.3 Tools267

Our system incorporates a suite of specialized tools,268

each tailored to handle specific preprocessing or269

auxiliary tasks critical to the overall workflow. The270

File Content Reader processes uploaded docu-271

ments in .pptx, .docx, and .pdf formats, employing272

temporary file handling alongside format-specific273

parsers to extract clean, structured text for down-274

stream use. During the RAG phase, the Key-275

word Generator leverages a large language model276

(LLM) to produce 5–10 semantically meaningful277

search terms, with a regular expression fallback278

mechanism to ensure robustness in low-context279

scenarios. To facilitate external information access,280

a DuckDuckGo-based Web Search tool retrieves281

top-ranked results, including titles, URLs, and con-282

tent snippets. When deeper inspection is required,283

the Web Page Parser employs BeautifulSoup284

to extract up to 5,000 characters of visible page285

content, filtering out scripts and styling artifacts.286

For internal coherence, the Question Relevance287

Analyzer utilizes embeddings to detect semantic288

relationships between current and prior queries,289

thereby enhancing continuity in multi-turn interac-290

tions. Chat Analyzer analyzes previous chat to get291

context in chat mode. Legal interpretation in Ben-292

gali is supported by a custom Legal Dictionary, de-293

signed to explain colonial-era and Farsi-influenced294

terms prevalent in Bangladeshi legal texts. This295

tool enables plain-language explanations and im-296

proves the model’s ability to interpret complex ex-297

pressions. Furthermore, a Socio-Economic Sim-298

ulation module enables exploration of how socio-299

demographic variables interact with legal access,300

supporting both diagnostic use cases and long-term301

policy planning.302

3.1.4 LLM Integration and Prompts 303

At the core of our system’s understanding 304

layer is a multilingual LLM. In our experi- 305

ments, we evaluate a broad spectrum of mod- 306

els spanning both proprietary and open-source 307

families, including OpenAI’s GPT-4o (OpenAI 308

et al., 2024), Google’s gemini-2.0-flash (propri- 309

etary), gemini-2.5-flash (proprietary) (Team et al., 310

2025a), gemma-3-4b-it, gemma-3-12b-it, gemma- 311

3-27b-it (Team et al., 2025b), Meta’s llama3.2- 312

1b-instruct, llama3.2-3b-instruct, llama3.1-8b- 313

instruct, llama3.1-70b-instruct (Grattafiori et al., 314

2024), Cohere’s command-a-03-2025 (Cohere 315

et al., 2025), Qwen’s qwen3-4b-instruct-2507, and 316

qwen3-30b-a3b-instruct-2507 (Yang et al., 2025). 317

All models were evaluated across system modules 318

for legal drafting, question answering, and prompt 319

compliance. 320

For retrieval, we employ Cohere’s embed- 321

multilingual-light-v3.0, which supports semantic 322

similarity in both Bengali and English, crucial for 323

processing bilingual legal content in Bangladesh. 324

Prompt engineering ensures legal accuracy and ju- 325

risdictional relevance. Prompts are constructed us- 326

ing prior conversation turns, uploaded documents, 327

and the RAG state. All prompts are detailed in 328

Appendix L. 329

3.2 Adaptive Agent Workflow 330

Our system operates through two primary working 331

modes: situational and decisional. In the situa- 332

tional pathway, if a user uploads a document, it is 333

routed through the Document Analyzer, which ex- 334

tracts and prepares relevant legal content for down- 335

stream use. Alternatively, when prior user interac- 336

tions are available, the Chat Analyzer identifies re- 337

lated past queries to provide contextual grounding 338

for the current request. In the decisional pathway, 339

the system assesses whether retrieval-augmented 340

generation (RAG) is necessary. When internal con- 341

text, such as documents or chat history, is insuf- 342

ficient or absent, we trigger the RAG workflow. 343

This involves generating semantic keywords, re- 344

trieving relevant vectors from pre-indexed legal 345

corpora (e.g., Bangladeshi statutes and sections), 346

and composing a contextually grounded response. 347

This flexible routing mechanism enables the agent 348

to adapt intelligently based on the type of input, 349

historical interactions, and the complexity of the 350

query, ensuring both responsiveness and legal rele- 351

vance. 352
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Model Year: 2022 Year: 2023

W/o RAG Naive RAG 2-Step RAG Tools W/o RAG Naive RAG 2-Step RAG Tools

Random Choice 25.00 25.20 25.40 25.20 25.60 25.40 25.20 25.00

Proprietary Models
GPT-4o 18.60 62.40 69.20 73.60 19.20 58.80 67.80 72.20
Gemini-2.0-Flash 12.40 61.20 68.60 69.20 12.20 59.40 69.00 70.20
Gemini-2.5-Flash 30.20 68.80 75.60 77.00 32.40 69.20 76.40 77.00

Open-Source Models: Small
Llama3.2-1B-Instruct 6.20 6.00 6.40 8.20 7.00 7.20 7.40 9.20
Llama3.2-3B-Instruct 9.20 9.00 11.20 13.40 11.20 11.40 14.00 15.20
Gemma-3-4B-it 12.40 15.20 20.60 23.20 14.40 16.60 22.20 26.40
Qwen3-4B-Instruct-2507 14.20 28.40 44.60 49.80 16.20 29.40 45.40 52.40
Command-A-8B 8.20 25.20 47.00 47.40 11.20 23.40 49.20 50.20
Llama3.1-8B-Instruct 15.20 18.40 30.20 32.40 16.20 18.60 33.40 35.20

Open-Source Models: Large
Gemma-3-12B-it 20.40 35.20 48.40 50.20 22.60 36.20 52.40 54.20
Gemma-3-27B-it 28.20 45.40 60.20 64.40 30.20 46.60 62.40 66.20
Qwen3-30B-A3B-Instruct-2507 34.20 50.40 65.60 70.80 36.20 52.40 67.20 72.40
Llama3.1-70B-Instruct 24.20 30.40 40.20 42.40 26.20 32.20 44.40 46.20

Table 1: Evaluation of our legal assistant agent MINA on BD Bar Council Exam: MCQ. Scores are 5-run averages.
Best in each category and setup are marked with bold underline.

4 Experiments and Evaluation353

4.1 Evaluation Setup354

To evaluate the system’s real-world utility as a legal355

reasoning agent, we benchmarked its performance356

against the Bangladesh Bar Council Examinations357

from 2022 and 2023. These exams represent a358

high-stakes national standard for entry into the le-359

gal profession and are conducted in three stages:360

Multiple Choice Questions (MCQ), Written, and361

Viva Voce. Our evaluation pipeline was designed362

to mirror this full progression. Each exam instance363

was administered under conditions closely aligned364

with actual testing protocols. For the MCQ and365

written stages, the model was assessed using orig-366

inal exam questions. For MCQ, each setup and367

model combination is repeated 5 times and average368

is taken to reduce model variability. In the case of369

written and viva evaluations, we partnered with law370

faculty members and legal experts from leading371

Bangladeshi universities (names anonymized) who372

served as independent evaluators. Each written an-373

swer was assessed by at least two qualified judges,374

and the final score was determined by averaging375

the two, following Bar Council standards.376

4.2 Evaluation Metrics377

We simulate the real-world evaluation process of378

the Bangladesh Bar Council examination across379

three major components: Multiple Choice Ques-380

tions (MCQs), Written Examination, and Viva381

Voce. This design ensures that model performance382

can be meaningfully compared to that of human383

candidates under authentic assessment conditions. 384

Multiple Choice Questions (MCQs): For the 385

MCQ component, automatic marking was per- 386

formed by comparing each model’s responses to the 387

ground truth, replicating the Optical Mark Recog- 388

nition (OMR)-based evaluation used in actual ex- 389

aminations. Scores were computed on a 100-point 390

scale, where a minimum of 50% is required for 391

human candidates to qualify for the written stage 392

according to the official Bar Council standard. 393

Written Exam: The written examination was 394

evaluated through a human assessment framework 395

aligned with the official marking criteria of the 396

Bangladesh Bar Council. Performance was judged 397

across four primary dimensions: accuracy, clar- 398

ity, contextual understanding, and legal reasoning. 399

Each evaluator applied a standardized rubric but 400

provided a single composite score rather than sep- 401

arate ratings for each dimension, reflecting the 402

holistic marking approach used in real examina- 403

tions. The written section consisted of thirteen 404

questions. The first eleven were organized into five 405

sets, from which six questions were required to be 406

answered—two from the first set and one from each 407

of the remaining four—constituting ninety marks in 408

total. The remaining two questions, forming Set F, 409

were valued at ten marks, with candidates required 410

to answer only one. For evaluation, the questions 411

were selected based on the model’s confidence and 412

performance consistency to ensure representative 413

and fair benchmarking. 414

Viva Voce: The viva voce was conducted through 415
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Model Year: 2022 Year: 2023

W/o RAG Naive RAG 2-Step RAG Tools W/o RAG Naive RAG 2-Step RAG Tools

Proprietary Models
GPT-4o 19.20 55.40 69.80 71.20 21.20 60.80 72.60 75.60
Gemini-2.0-Flash 18.40 58.20 68.60 70.00 18.20 65.40 74.80 75.20
Gemini-2.5-Flash 35.20 70.40 78.60 81.00 36.20 71.20 79.40 81.80

Open-Source Models: Small
Llama3.2-1B-Instruct 6.20 6.00 6.20 7.00 7.00 7.00 7.20 8.00
Llama3.2-3B-Instruct 10.20 11.00 14.20 16.40 12.00 14.20 17.40 20.00
Gemma-3-4B-it 15.20 20.20 24.40 28.00 18.20 22.40 26.00 30.20
Qwen3-4B-Instruct-2507 22.20 56.40 71.60 68.00 26.20 60.40 64.20 70.40
Command-A-8B 25.00 60.20 71.00 74.40 25.20 73.00 74.20 76.00
Llama3.1-8B-Instruct 28.20 34.40 46.20 50.00 30.20 66.00 68.20 71.20

Open-Source Models: Large
Gemma-3-12B-it 30.00 42.20 55.40 58.00 32.20 44.40 58.00 60.20
Gemma-3-27B-it 38.20 55.00 68.20 72.40 40.00 56.20 70.00 74.20
Qwen3-30B-A3B-Instruct-2507 42.20 60.40 74.00 78.20 44.00 62.20 76.40 79.40
Llama3.1-70B-Instruct 45.00 62.20 75.00 79.80 47.20 65.00 77.20 80.20

Table 2: Evaluation of our legal assistant agent MINA on BD Bar Council Exam: Written. Scores are 5-evaluator
averages. Best in each color-category and setup are marked with bold underline.

Model W/o RAG N. RAG 2-S RAG Tools

Proprietary Models
Gemini-2.0 Flash 32.80 60.80 74.40 76.60
Gemini-2.5 Flash 36.20 70.40 79.20 81.00

Open-Source Models: Small
Llama3.2-1B-Instruct 6.20 6.40 6.20 7.00
Llama3.2-3B-Instruct 11.20 12.40 15.20 17.40
Gemma-3-4B-it 16.20 50.40 65.20 69.20
Qwen3-4B-Instruct-2507 22.20 56.40 67.20 70.20
Command A 27.80 55.60 70.40 71.20
Llama3.1-8B-Instruct 24.20 52.20 66.40 67.20

Open-Source Models: Large
Gemma-3-12B-it 31.20 43.20 56.40 59.20
Gemma-3-27B-it 39.20 56.00 69.20 72.40
Qwen3-30B-A3B-Instruct 42.20 61.20 75.20 79.40
Llama3.1-70B-Instruct 46.00 63.20 77.20 80.20

Table 3: Evaluation of Viva exam across different setups.
Scores are 5-evaluator averages. Best in each category
and setup are marked with bold underline.

a ChatGPT-like interactive platform that simulated416

the real-world oral examination setting. The same417

evaluative principles applied as in the written com-418

ponent, with a minimum average of 50% required419

for human candidates to pass this stage. Evaluators420

assessed the model’s ability to sustain coherent,421

contextually appropriate, and legally accurate di-422

alogue through natural, conversational exchanges423

resembling human viva sessions. Although the offi-424

cial Bar Council outcome for this stage is recorded425

simply as “pass” or “fail,” evaluators in our study426

assigned detailed scores out of 100 to provide gran-427

ular feedback and enable comparative analysis. All428

scoring rubrics and thresholds were aligned with429

historical Bar Council evaluation criteria to ensure430

fairness, consistency, and comparability with hu-431

man performance.432

More details are available in Appendix F.433

4.3 Baselines and Human Performance 434

To contextualize model performance, we compared 435

results with actual candidate statistics from the 436

2022 and 2023 Bangladesh Bar Council Exams. 437

Multiple Choice Questions (MCQs): In 2022, 438

only 25.86% of candidates (10,527 out of 40,696) 439

passed the MCQ stage. In 2023, the pass rate de- 440

clined further to 17.96% (6,229 out of 34,682). 441

Although the passing threshold is set at just 50%, 442

these low success rates highlight the complexity 443

and difficulty of the questions, which are often 444

challenging to interpret and answer correctly. 445

Written Exam: The written stage includes 13 ques- 446

tions across six legal domains, with candidates re- 447

quired to answer seven in total. Human examinees 448

typically achieve 40–60% in this stage. In 2022, 449

53.94% of candidates (5,533 out of 10,527) passed; 450

in 2023, this figure declined to 44.21% (2,754 out 451

of 6,229). Our model consistently outperformed 452

these benchmarks, demonstrating generalization 453

and adaptability across exam years. 454

Viva Voce: The final stage evaluates legal artic- 455

ulation, judgment, and argumentative coherence. 456

Pass rates for this stage are notably high, as the 457

viva is essentially an oral extension of the writ- 458

ten exam, and candidates who reach this point are 459

typically well-prepared. In 2022, 96.65% of candi- 460

dates (5,348 out of 5,533) passed the viva, while 461

in 2023, 97.25% (2,973 out of 3,057; some par- 462

ticipants were conditionally allowed) successfully 463

cleared this stage. 464

The evaluation of MINA was conducted by law 465

faculty from leading Bangladeshi universities, with 466

five evaluators scoring viva voce responses and 467
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three scoring written exams. Evaluators applied of-468

ficial Bar Council criteria for accuracy, clarity, con-469

textual understanding, and legal reasoning. Inter-470

annotator agreement was high (Cohen’s Kappa =471

0.827); numerical disagreements were resolved by472

averaging scores, and qualitative feedback was ag-473

gregated to identify recurring error patterns.474

5 Results and Findings475

We evaluated system performance in four setups:476

without RAG, one stage RAG (without act based477

filtering), two step RAG, and with all tools.478

Performance on Preliminary MCQ. Results in Ta-479

ble 1 reveal some patterns in model performance on480

the Bangladesh Bar Council MCQ exam. Closed-481

source proprietary models (Gemini family) main-482

tain a clear advantage, with Gemini-2.5-Flash con-483

sistently outperforming all baselines across years484

and setups, particularly in the multi-step RAG +485

tools condition where it exceeds 77%. Within open-486

source models, scale and architecture are decisive:487

smaller models like Llama3.2-1B and Gemma-488

3-4B-it barely surpass random-choice baselines,489

whereas large-scale Qwen3-30B achieves compet-490

itive performance, approaching proprietary levels491

under retrieval-augmented settings. Retrieval con-492

sistently improves results: naive RAG yields mod-493

erate gains, while 2-step RAG with tool integra-494

tion substantially boosts performance, especially495

for large open-source models. Qwen3-30B shows496

steeper improvements than Gemma-27B or Llama-497

70B, highlighting the importance of data alignment498

and retrieval synergy for legal reasoning. Perfor-499

mance gaps between 2022 and 2023 remain small,500

indicating stability across cohorts rather than year-501

specific overfitting. These findings underscore both502

the promise and limitations of open-source LLMs503

in specialized legal reasoning: scaling helps, but ar-504

chitecture and training data choices remain critical.505

Performance on Written Exam. Written evalu-506

ation results in Table 2 reveal both parallels and507

divergences from the MCQ setting. Proprietary508

models dominate, with Gemini-2.5-Flash achiev-509

ing the highest scores across years, consistently510

surpassing 80% with tools. Open-source mod-511

els demonstrate greater competitiveness in written512

tasks compared to MCQs: large-scale models like513

Llama3.1-70B and Qwen3-30B reach 79–81% with514

multi-step RAG and tools. Smaller models, such515

as Command-A-8B and Qwen3-4B, show signif-516

icant gains when retrieval is added, highlighting517

the benefit of structured augmentation. Year-to- 518

year consistency indicates generalization across co- 519

horts rather than memorization. Scaling advantages 520

are more pronounced in written evaluation, where 521

moving to 27B or 70B substantially boosts per- 522

formance. These results suggest that open-source 523

models, paired with robust RAG pipelines, can pro- 524

vide cost-effective, competitive legal reasoning, es- 525

pecially in Global South contexts like Bangladesh. 526

Performance on Viva Voce (conducted via Chat). 527

Viva Voce evaluation (Table 3) shows clear trends 528

across model classes and RAG setups. Proprietary 529

models, especially Gemini-2.5 Flash, achieve top 530

scores across all configurations, reaching 81.0 with 531

tools. Among open-source models, scale corre- 532

lates strongly with performance: small models like 533

Llama3.2-1B score minimally, whereas Qwen3- 534

30B and Llama3.1-70B exceed 75 with advanced 535

RAG and tools. Retrieval significantly boosts per- 536

formance, especially for smaller and mid-sized 537

models, with naive or 2-step RAG increasing scores 538

by 20–40 points. Tool integration further provides 539

consistent, marginal gains for large models. Over- 540

all, large open-source models with retrieval and 541

reasoning pipelines can approach proprietary per- 542

formance, while small models remain underpow- 543

ered, highlighting the importance of scale, domain- 544

specific retrieval, and tool-assisted reasoning. 545

Comparison with Human Examinee Perfor- 546

mance. Compared to human performance, the 547

models demonstrate remarkable competitiveness 548

across all three stages. In MCQs, Gemini-2.5 and 549

Qwen3-30B consistently exceed the human pass 550

threshold of 50%, despite candidate pass rates 551

as low as 17.96% in 2023. In written exams, 552

large open-source models reach 79–81%, match- 553

ing or slightly exceeding typical human averages 554

(40–60%). In the viva, optimized models score 555

70–76%, below human near-certainty (>96%) but 556

still exhibiting legally coherent reasoning. These 557

results suggest that LLMs can surpass most candi- 558

dates in knowledge-intensive stages and approach 559

human-like standards in oral reasoning, raising 560

policy-relevant questions about AI-augmented pro- 561

fessional legal assessment and the potential for AI 562

to approach elite human performance, particularly 563

in text-based evaluations. Detailed analysis is avail- 564

able in Appendix I. 565

Cost Analysis. Cost analysis (§B) shows that 566

per-query inference remains extremely low across 567

model families: MCQ-style queries cost roughly 568

0.2–0.6 cents and longer written queries 0.8–2.0 569
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cents, with Qwen and LLaMA consistently cheaper570

than Gemini, and non-LLM tool overheads negli-571

gible. Even under a conservative multi-turn upper572

bound of 10 cents (≈ D12.2 BDT), a full inter-573

action represents only about 0.12%–0.61% of the574

typical 2,000–10,000 BDT cost of basic legal con-575

sultation in Bangladesh. These results demonstrate576

that MINA can deliver jurisdiction-specific legal577

assistance at a price point compatible with large-578

scale, public access-to-justice deployment.579

6 Error Analysis580

MCQ. As detailed in Appendix G.1, systematic581

errors reveal that the model often misinterprets Ben-582

gali conjunctions (e.g., “O” (and) vs. “ba”(or)),583

flattening nuanced legal semantics. Jurisdictional584

hierarchy errors indicate weak integration of proce-585

dural layering with lexical parsing, while doctrinal586

misclassifications (e.g., Res Judicata under Sec-587

tion 151) expose failures in mapping abstract con-588

cepts to codified provisions. Intra-order confusions589

(Order 1, Rules 8 vs. 13) further suggest reliance on590

surface cues over legal reasoning. These patterns591

show the need for structured legal knowledge, hi-592

erarchical reasoning, and fine-grained disambigua-593

tion to enhance procedural accuracy.594

Written. As discussed in Appendix G.2, the595

written-response analysis reveals recurring failure596

modes that reflect both knowledge limitations and597

reasoning weaknesses. The model occasionally em-598

ploys imprecise legal terminology, omits critical599

conditions required for complete answers, and in-600

consistently distinguishes between closely related601

legal domains. Errors also arise from shallow multi-602

step reasoning, contextual misinterpretation, and a603

tendency toward fluent but unsupported generation,604

which can reduce factual reliability. These pat-605

terns indicate that while the model exhibits strong606

structural and linguistic competence, it remains607

vulnerable in high-stakes settings without explicit608

reasoning constraints and verification mechanisms.609

Addressing these issues requires improved domain-610

adaptive training, structured reasoning support, and611

validation against authoritative legal sources.612

7 Evaluator Response Analysis613

Written. As summarized in Appendix H.1, eval-614

uators found that retrieval-augmented models gen-615

erated coherent, exam-style responses following616

the IRAC structure, with strong statutory recall617

and drafting comparable to human scripts. Re-618

curring weaknesses included omitted procedural619

prerequisites, arithmetic errors in limitation cal- 620

culations, and incomplete cross-statute synthesis. 621

While bilingual clarity and structured reasoning 622

were praised, evaluators noted inconsistent statu- 623

tory precision and occasional hallucinated citations. 624

Overall, the results reflect exam-ready fluency but 625

highlight the need for deterministic procedural cal- 626

culators, statutory-fusion mechanisms, and fine- 627

tuning on annotated bilingual exam data to reach 628

distinction-level accuracy. 629

Viva. As detailed in Appendix H.2, viva evalu- 630

ations showed that MINA maintained composure, 631

clear diction, and accurate statutory articulation 632

under conversational pressure. Examiners valued 633

its coherence and explanatory clarity but observed 634

limited adaptability to factual variations and a lack 635

of clarifying questions, sometimes resulting in in- 636

correct procedural guidance. Rapid exchanges re- 637

vealed occasional section misattributions treated 638

as major oral faults. Evaluators emphasized that 639

distinction-level performance requires greater in- 640

terpretive flexibility, uncertainty awareness, and 641

policy reasoning, motivating system-level enhance- 642

ments such as clarification policies, dialogue-state 643

tracking, and real-time procedural validation. 644

8 Concluding Remarks 645

We present MINA, a multilingual LLM-based le- 646

gal assistant for the Bangladeshi legal system, de- 647

signed to improve access to justice for low-income 648

and linguistically diverse users through two-stage 649

RAG, multilingual embeddings, and selective tool 650

augmentation. Across MCQ, written, and viva- 651

style evaluations, mid-sized open-source models 652

match average human performance, while stronger 653

models approach ceiling-level results, all within 654

a modular, lightweight architecture suitable for 655

resource-constrained deployment and enhanced by 656

dictionary-based bilingual processing of colonial- 657

era terminology. Cost analysis shows that using 658

the AI agent yields an approximate 99.4%–99.9% 659

reduction relative to traditional human-provided 660

legal services, enabling economically sustainable, 661

large-scale deployment. Error analysis reveals per- 662

sistent challenges in procedural hierarchy, temporal 663

reasoning, and adaptive oral dialogue, demonstrat- 664

ing that retrieval alone is insufficient and that tar- 665

geted fine-tuning, structured procedural modules, 666

real-time verification, and clarification policies are 667

essential for reliable high-stakes legal assistance in 668

low-resource, multilingual settings. 669
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Limitations670

While our evaluation demonstrates notable perfor-671

mance gains through retrieval and generation strate-672

gies, several limitations remain. Retrieval quality is673

highly dependent on the underlying corpus; noisy674

or misaligned documents can still mislead even ro-675

bust pipelines. Although strategies like Two Step676

RAG improve performance, they introduce addi-677

tional latency and complexity that may not scale678

well in real-time systems.679

Ethical Considerations680

We adhered to all ethical guidelines outlined by the681

Association for Computational Linguistics (ACL)682

throughout this study. All data used in our bench-683

mark were either publicly available or ethically684

sourced with appropriate permissions where re-685

quired. No personally identifiable information (PII)686

was collected, stored, or used in the experiments.687

Human annotators involved in dataset construction688

were fairly compensated and provided with clear689

task instructions. We ensured transparency in our690

evaluation pipeline and made efforts to avoid bi-691

ased or culturally insensitive content. Furthermore,692

model outputs were reviewed to identify and miti-693

gate potential ethical harms. All experiments were694

conducted in accordance with ACL’s code of ethics695

regarding research integrity, fairness, and respect696

for contributors.697

Potential Risks698

While MINA is designed as a supportive tool for699

legal professionals, legal aid workers, and exam700

preparation, it is not infallible, and incorrect out-701

puts remain possible, particularly when prompts702

are ambiguous, incomplete, or involve highly spe-703

cialized legal scenarios. Erroneous advice, if re-704

lied upon without verification, could lead to misin-705

formed decisions, procedural errors, or unintended706

legal consequences, especially in high-stakes cases.707

Liability for any legal action remains with the hu-708

man professional using the system, consistent with709

standard practices for legal research platforms and710

drafting tools. There is also a risk of over-reliance,711

where users might defer critical judgment to the AI,712

potentially reducing diligence or critical thinking.713

To mitigate these risks, MINA should always be714

used under human supervision, and outputs must be715

cross-checked against authoritative statutes, case716

law, and professional guidance. On the positive717

side, when properly integrated, the system can en- 718

hance lawyer productivity, reduce research time, 719

improve accessibility for underserved populations, 720

and support more equitable legal services by low- 721

ering operational costs and enabling broader dis- 722

semination of legal knowledge. Overall, careful 723

deployment with oversight and clear guidelines is 724

essential to maximize benefits while minimizing 725

potential harms. 726

Reproducibility Statement 727

To ensure full reproducibility of our experiments, 728

all code, trained retrieval indices, and processed 729

datasets will be made publicly available upon ac- 730

ceptance. Detailed instructions for setting up the 731

environment, running the Orchestrator Agent, ex- 732

ecuting the two-stage RAG pipeline, and repro- 733

ducing all evaluations for MCQs, written exams, 734

and viva voce are included in the paper and repos- 735

itory. Additionally, prompts, scoring rubrics, and 736

evaluation protocols are documented to allow in- 737

dependent verification of both quantitative results 738

and qualitative analyses. 739
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A Related Work1832

A.1 Legal NLP Research1833

Research in Legal Natural Language Processing and AI applications in law has advanced considerably,1834

particularly for high-resource languages like English. Existing systems tackle diverse tasks such as legal1835

document summarization, named entity recognition, question answering, contract analysis, and judgment1836

prediction (Ariai and Demartini, 2025). Tools like ROSS Intelligence and Westlaw Edge automate research1837

and e-discovery, while AI chatbots like DoNotPay assist with document drafting. Recent developments1838

integrate large language models (LLMs) with logic programming and multi-agent frameworks leveraging1839

knowledge graphs and Retrieval-Augmented Generation (RAG) to improve reliability and contextual1840

accuracy. Furthermore, LLM-based methods employing specialized prompts and curated datasets for1841

LegalAI tasks (Huang et al., 2024), as well as models like Mistral and Gemma for judicial entity extraction1842

(Hussain and Thomas, 2024), demonstrate superior efficiency and cost-effectiveness over traditional1843

practices (Sun et al., 2024). RAG and agent-based approaches enhance governance and long-form1844

legal question answering (Mamalis et al., 2024a), while storytelling and prompt templates aid complex1845

concept processing and text structuring (Jiang et al., 2024; de Kinderen and Winter, 2024). However,1846

LLM limitations, such as stochastic outputs, hallucinations (Dahl et al., 2024), and fact-checking gaps1847

(Mik, 2024) necessitate more interpretable, evidence-based models (Louis et al., 2024), especially for1848

domain-sensitive contexts like law.1849

A.2 Agent-focused Legal NLP Research1850

Prior work includes a GDPR-focused RAG and agent-based assistant using GPT-3.5/4 over EU legislation1851

to answer complex queries, showing promising results with precision varying by query difficulty (Mamalis1852

et al., 2024b). Chinese-language benchmarks like LegalAgentBench evaluate LLM agent performance1853

across 17 corpora and tool-augmented workflows, offering nuanced metrics on reasoning and multi-1854

hop tasks (Li et al., 2024). Multi-agent systems have also been explored: Chatlaw uses a MoE +1855

knowledge graph approach to reduce hallucinations and mimic law-firm workflows (Cui et al., 2024), while1856

frameworks like MASER and AgentsCourt simulate interactive legal scenarios and judicial deliberation1857

using coordinated LLM-driven agents (Yue et al., 2025; Jiang and Yang, 2024). Broader surveys of1858

LLM agents detail architectures integrating RAG, hierarchical planning, and safety mechanisms for1859

domain-focused applications (Liang and Tong, 2025; Yong et al., 2025). Together, these efforts highlight1860

a trend toward modular, tool-enhanced LLM agents tailored to legal reasoning, retrieval, and collaborative1861

decision-making, forming the foundation for governance-focused assistants.1862

A.3 Multilingual Legal NLP Research1863

Multilingual NLP research, crucial for low-resource languages, faces challenges from data scarcity, script1864

variations, and cultural nuances (Yong et al., 2025; Peppin et al., 2025). Despite multilingual models like1865

GPT-4 showing promise, performance degradation persists for underrepresented languages such as Bengali.1866

Initiatives like MultiLegalPile (Qin and Sun, 2024) and legal text comprehension studies (Martin et al.,1867

2024; Wehnert, 2023; Homoki and Ződi, 2024) aim to bridge this gap, though high-resource biases remain.1868

Moreover, South Asian legal AI development is nascent, with limited empirical systems addressing1869

jurisdiction-specific complexities. Tailoring LLMs to local law firms and regional practices (Homoki1870

and Ződi, 2024) could enhance operational relevance. Wasi et al. (2024) explored enhancing Bangla1871

capabilities of LLMs by fine-tuning GPT-2; however, the model still lacks robustness and comprehensive1872

linguistic coverage.1873

Together, these pilot projects highlight AI’s potential to bridge justice gaps by automating legal1874

research, document generation, and offering chatbot-based assistance. However, there remains a lack of1875

deployed and empirically evaluated multilingual legal assistant systems that address the unique socio-1876

legal and linguistic complexities of low resource but high population countries like Bangladesh. The1877

proposed system seeks to fill this gap by providing a jurisdiction-specific, linguistically adapted, and1878

socio-economically informed AI solution tailored to Bangladesh’s legal environment.1879
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⚖️Civil Suit Definition Error – "Property and Office" vs. "Property or Office"
📝 Statement:
“দেওয়ানি প্রকৃনির দমাকদ্দমা অর্থ এমি দমাকদ্দমা দেখানি ______ র্ানক। সংনিষ্ট স্বার্থ জনিি”
↪️ Translation:
"A civil nature suit is one where ______ is involved. A related interest is at stake."
❌ Prediction: সম্পত্তি ও অত্তিস (property and office)
✅ Correct Answer: সম্পত্তি বা অত্তিস (property or office)
🔍 Analysis:
The key confusion lies in the conjunctive “ও” (and) vs. “বা” (or). Legally, a civil suit can concern either property or office—not necessarily both. 
The model mistakenly assumes co-occurrence where alternation is intended. This is a common linguistic trap in Bengali, where “ও” adds 
specificity, whereas “বা” generalizes the scope.
🧠 Linguistic Difficulty:
Low to Moderate. The legal meaning hinges on a simple binary conjunction, but its legal implication is precise—“বা” expands possible grounds 
for suits, while “ও” narrows it.

🏛️ Jurisdictional Court Level Misunderstanding – "Any" vs. "Lowest" Court
📝 Statement:
“প্রনিেক দমাকদ্দমা োনখল করনি হনব নবচার এখনিয়ারসম্পন্ন _____ পেথানয়র আোলনি।”
↪️ Translation:
"Each suit must be filed in a court having jurisdiction of the _____ level."
❌ Prediction: যে-য ান া (any)
✅ Correct Answer: সববত্ত ম্ন (lowest)
🔍 Analysis:
This tests knowledge of the principle of institution in the lowest competent court, designed to reduce case backlog. The word “নবচার
এখনিয়ারসম্পন্ন” (competent court) misled the model into thinking any court with jurisdiction suffices. However, legally, it must be the lowest 
such court.
🧠 Linguistic Difficulty:
Moderate. Misunderstanding arises from failing to combine "jurisdiction" + "hierarchy" conceptually. The model treats it as a flat category, 
not a layered system.

🛑Res Judicata Misclassification – Section 151 vs. Section 11
📝 Statement:
“The Code of Civil Procedure, 1908 এর _______ ধারা একই নবচােথ নবষয় নিনয় একই পক্ষগনের মনধে একানধক নবচারকােথ নিনষদ্ধ কনর।”
↪️ Translation:
"Section ______ of the Code of Civil Procedure, 1908 prohibits multiple proceedings between the same parties on the same matter."
❌ Prediction: ১৫১ (Section 151)
✅ Correct Answer: ১১ (Section 11)
🔍 Analysis:
Section 11 legally codifies the doctrine of Res Judicata. Section 151 is a general inherent powers clause, not related to this doctrine. The 
model likely confused technical phrasing like “multiple proceedings” with general power-related provisions, indicating difficulty in 
semantic linking of specialized legal doctrines to correct sections.
🧠 Linguistic Difficulty:
High. Requires mapping abstract legal doctrines to codified sections, not just matching phrases. The term “একই নবচােথ নবষয়” (same matter) 
is a legal cue, but the model seems to prioritize numerically higher or more general sections.

👥Representative Suit Misidentification – Order 1, Rule 13 vs. Rule 8
📝 Statement:
“The Code of Civil Procedure, 1908 এ 'প্রনিনিনধত্বমূলক দমাকদ্দমা োনয়নরর ধারো পাওয়া োয় ______।”
↪️ Translation:
"In the CPC, 1908, the concept of representative suit is found in ______."
❌ Prediction: Order 1, Rule 13
✅ Correct Answer: Order 1, Rule 8
🔍 Analysis:
Order 1, Rule 8 directly concerns representative suits, where many people with the same interest are represented collectively. Rule 13 
concerns procedural objections. The model confuses functionally distinct rules within the same Order, indicating difficulty with intra-
order distinctions in procedural law.
🧠 Linguistic Difficulty:
High. Needs precise rule-level legal knowledge, and the Bengali terms "প্রনিনিনধত্বমূলক দমাকদ্দমা" (representative suit) don't appear in Rule 
13, which may have misled the model.

Figure 2: Error Analysis (Command-A model examples)
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B Cost-per-Query Comparison and Affordability Implications1880

A central design requirement for access-to-justice systems in low-income settings is economic sustain-1881

ability. Beyond accuracy and legal soundness, the feasibility of large-scale deployment is primarily1882

determined by per-query inference cost. We therefore compare the approximate cost-per-query of rep-1883

resentative proprietary and open-weight model families: Gemini, Qwen, and LLaMA, using empirical1884

averages estimated from our prior experimental runs.1885

For short, structured MCQ-style queries, which typically require one to three tool calls and limited1886

token generation, the estimated per-query cost lies in the range of 0.2–0.4 cents for Qwen (approximately1887

0.24–0.49 BDT), 0.3–0.5 cents for LLaMA (approximately 0.37–0.61 BDT), and 0.4–0.6 cents for Gemini1888

(approximately 0.49–0.73 BDT). For longer written or constructed-response (CQ-type) queries, entailing1889

two to four tool calls and substantially higher token usage, the corresponding costs increase to roughly1890

0.8–1.4 cents for Qwen (approximately 0.98–1.71 BDT), 1.0–1.6 cents for LLaMA (approximately1891

1.22–1.95 BDT), and 1.4–2.0 cents for Gemini (approximately 1.71–2.44 BDT). Across all configurations,1892

the computational overhead of non-LLM tools, such as retrieval, translation, and formatting components,1893

contributes negligibly to overall cost relative to LLM inference.1894

Even under a deliberately conservative upper-bound scenario involving a multi-turn interaction cost-1895

ing as much as 10 cents in total (approximately 12.2 BDT), the expense corresponds to only about1896

0.12%–0.61% of the minimum prevailing cost of basic legal advice in Bangladesh, which typically ranges1897

from 2,000 to 10,000 BDT per consultation. Equivalently, using the AI agent represents a cost reduction1898

of approximately 99.4%–99.9% relative to traditional human-provided legal services. When embedded1899

within MINA’s multilingual, RAG-based chain-of-tools framework, these cost characteristics demonstrate1900

that high-quality, jurisdiction-specific legal assistance can be delivered at a price point compatible with1901

public-service deployment, reinforcing the practicality of scaling LLM-based systems to expand access to1902

justice in low-resource settings.1903

C Broader Impact1904

While the system was developed and evaluated within the context of Bangladesh’s legal framework,1905

it is designed to be modular and adaptable, allowing potential deployment in other jurisdictions and1906

low-resource languages. By replacing the legal corpus and updating the legal dictionary, the framework1907

can be customized to different legal systems. Additionally, the use of multilingual embeddings facilitates1908

scaling to languages beyond Bengali, including those with limited digital resources. This adaptability1909

broadens the potential impact of the system, enabling cost-effective and contextually accurate AI-assisted1910

legal reasoning in diverse global settings. Beyond the Bangladeshi context, such a framework could1911

support legal education, case preparation, and access-to-justice initiatives in other low-resource or1912

underrepresented jurisdictions, thereby promoting equitable access to legal knowledge and professional1913

assistance worldwide.1914

D System Demonstration1915

Figure 3 shows a demonstration of our system and UI.1916

E Additional Tools for MINA1917

Our system integrates a suite of specialized tools that collectively enable structured, context-sensitive,1918

and socially grounded legal reasoning. Each tool performs a distinct operational role within the overall1919

workflow, from document parsing to contextual augmentation, ensuring that both procedural accuracy and1920

interpretive sensitivity are maintained throughout the pipeline. The following subsections describe these1921

tools in detail, outlining their design rationale, underlying mechanisms, and example applications.1922

E.1 File Content Reader1923

The File Content Reader handles ingestion of uploaded materials across multiple formats, includ-1924

ing .pdf, .docx, and .pptx. This module employs temporary file storage to maintain data privacy and1925
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Question: According to The Evidence Act, 1872 when and to what extent is the testimony of child, 
mute and hostile witness admissible? Are photocopies of original documents admissible as 
evidence? (Bar Council Written Exam 2023, 8A)
Model: Cohere (Command A)
Country: Bangladesh
Answer: 
Testimony of children, dumb and hostile witnesses: 
Child Evidence: Child evidence may be admissible if a child is called as a witness in a case, subject to 
age and mental capacity. If the child is under 18 years of age and is able to answer questions while 
testifying, his testimony may be admissible. Testimony of the mute: The testimony of a person who is 
mute or suffering from mental unsoundness may be reliable if the matter testified to is not the result 
of his unsoundness. In order to admit the testimony of a mute witness, the court will doubt the 
nature of his testimony and his unsoundness.
Testimony of an adversary: The testimony of an adversary or a person with special knowledge or 
special training may be reliable, if his knowledge or training is in a matter which is beyond the 
knowledge of ordinary people. For example, the testimony of a doctor or scientist may be reliable, if 
his knowledge is greater than that of the general public.
Photocopy of Original Document: Photocopies of original documents are not admissible as evidence. 
It is not a testimony, but a document or affidavit, which is considered a substitute for regular 
testimony. Photocopy of the original document is provided, if the original document is not destroyed 
or unavailable. Photocopies are considered less important than evidence and are not evidence, but 
documents or evidence.
Sources:
1. The Evidence Act, 1872 2 WHEREAS it is expedient to consolidate, define and amend the law of Evidence; it is enacted as follows:
2. The Evidence Act, 1872 2 WHEREAS it is expedient to consolidate, define and amend the law of Evidence, It is enacted as follows:
3. Evidence (Amendment) Act, 2022 Evidence Act, 1872 Further amendment of the Evidence Act, 1872 Whereas it is expedient and 

necessary to further amend the Evidence Act, 1872 (Act No. I of 1872) to fulfill the following purposes, it is hereby enacted as 
follows:

4. Evidence (Amendment) Act, 2022 Evidence Act, 1872 Further amendment of the Evidence Act, 1872 is expedient and necessary 
to fulfill the following purposes; Therefore it is hereby enacted as follows:-

5. The Law of Evidence Amendment Act, 1956 (East Pakistan Act) An Act to supplement the Law of Evidence. WHEREAS doubts 
exist as to the admissibility of the certified copies of the copies of common records; AND WHEREAS it is necessary to remove 
such doubts; It is hereby enacted as follows:-

Figure 3: System Demonstration: UI and deployable system of MINA.

uses format-specific parsers such as python-docx, pdfminer.six, and python-pptx to extract 1926

clean, structured text. Non-textual artifacts (e.g., images, headers, footers, and embedded metadata) are 1927

automatically filtered to yield context-preserving, analysis-ready content. 1928

Example: A user uploads a High Court Division judgment in .pdf format. The tool parses 1929

all pages, removes page numbers and footers, and produces a consolidated, section-labeled 1930

text block for semantic indexing. The processed text becomes directly usable for RAG-based 1931

retrieval or prompt conditioning, minimizing noise in subsequent reasoning steps. 1932

E.2 Keyword Generator 1933

The Keyword Generator assists the retrieval-augmented generation (RAG) stage by producing a compact 1934

set of 5–10 semantically rich keywords derived from a user query or case prompt. It uses a lightweight 1935

LLM for semantic abstraction and includes a regular-expression-based fallback that ensures robust 1936

keyword extraction even under low-context or ambiguous input conditions. 1937

Example: For the prompt “Draft a writ petition challenging unlawful termination un- 1938

der labor law,” the tool generates keyword clusters such as ["writ petition", 1939

"termination", "Bangladesh Labour Act", "fundamental rights", 1940

"Article 102", "judicial review"]. These keywords guide focused web 1941

retrieval and internal database searches, improving retrieval precision for domain-specific 1942

queries. 1943

E.3 Web Search and Web Page Parser 1944

To integrate external knowledge dynamically, the Web Search module relies on DuckDuckGo’s query 1945

interface to fetch the top-ranked 3–5 search results, including page titles, URLs, and content snippets. 1946

When in-depth reading is required, the Web Page Parser uses BeautifulSoup to extract up to 5,000 1947

characters of visible text while stripping scripts, navigation menus, and style elements. 1948

Example: When tasked with “Summarize recent Supreme Court decisions on anticipatory bail 1949

in Bangladesh,” the modules work jointly to retrieve credible sources (e.g., The Daily Star Law 1950

& Our Rights or Bangladesh Supreme Court Online) and return excerpted paragraphs suitable 1951

for summarization or citation. 1952
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E.4 Question Relevance Analyzer1953

The Question Relevance Analyzer maintains conceptual coherence in multi-turn dialogue by embedding1954

both current and previous queries into a shared semantic space. Cosine similarity between embeddings1955

determines whether the new query logically extends or diverges from the ongoing conversation.1956

Example: When the user transitions from “Draft an appeal under Section 96 CPC” to “What1957

are the grounds for revision?”, the analyzer detects moderate semantic overlap but distinct1958

procedural context, prompting a structured reset rather than a contextual merge.1959

E.5 Chat Analyzer1960

The Chat Analyzer provides an additional layer of context-awareness in conversational mode. It reviews1961

prior dialogue to reconstruct temporal dependencies, topic continuity, and user preferences, performing1962

discourse-level inference to recognize patterns such as clarification requests, corrections, or elaboration1963

prompts.1964

Example: If a user first says “Draft a plaint for defamation” and later asks “Now make it fit1965

for filing before the Joint District Judge,” the Chat Analyzer detects continuity and refines the1966

procedural formatting automatically.1967

E.6 Legal Dictionary1968

The Legal Dictionary module provides culturally adapted interpretive functionality. It explains colonial-1969

era, Farsi-influenced, or archaic terms still prevalent in Bangladeshi legal texts. Each term is annotated1970

with both its statutory definition and contemporary contextual meaning.1971

Example: Input contains “naraji” (objection petition). The module outputs: “‘Naraji’ refers1972

to a formal objection against a police report, typically filed under Section 173(3) of the1973

CrPC, asserting dissatisfaction with the investigation outcome.” This facilitates bilingual legal1974

comprehension across English-Bengali legal ecosystems.1975

E.7 Socio-Economic Simulation1976

The Socio-Economic Simulation module models how demographic and socio-economic variables in-1977

fluence access to justice, acknowledging that legal outcomes in Bangladesh often correlate with income,1978

occupation, literacy, and geography.1979

Example: Consider Bar Council Exam 2023, Question 4(b) (translated): “X assaults Y. Enraged,1980

Y reacts violently. Taking advantage of Y’s anger, Z hands Y a knife intending Y will kill X.1981

On 03/11/2023, Y kills X at Rasulpur Bazaar. Police charges Y and Z under Sections 109, 34,1982

323, and 326 of the Penal Code, 1860. Prepare a ‘naraji’ petition before the court, determining1983

their criminal liability.”1984

Simulation Input: - Accused Y: rural agricultural worker, monthly income 12,000 BDT, low1985

literacy - Accused Z: urban businessman - Victim X: marginalized community member1986

Simulation Output: The tool predicts Y’s higher likelihood of prolonged pre-trial detention1987

due to inability to post bail, while Z is more likely to secure early representation. It highlights1988

systemic inequities , affordability, case delays, and social bias , that influence actual justice1989

outcomes beyond statutory law. This module transforms the system into a socio-legal diagnostic1990

platform rather than a purely doctrinal AI.1991

F Additional Information on Experiments and Evaluation1992

F.1 Evaluators1993

The evaluation of written and viva voce responses was conducted by law faculty members from leading1994

Bangladeshi universities. For the viva voce examination, five evaluators independently scored each1995

response, while three evaluators assessed the written examination. The evaluators applied the same1996
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criteria used in official Bangladesh Bar Council examinations, including accuracy, clarity, contextual 1997

understanding, and legal reasoning. No additional training was provided, as all evaluators were already 1998

familiar with the official standards and marking rubrics. 1999

Inter-annotator agreement was measured using Cohen’s Kappa, yielding a score of 0.827, indicating 2000

high consistency across evaluators. Disagreements in numerical scoring were resolved by averaging the 2001

scores of the five viva evaluators and three written evaluators. Qualitative feedback was aggregated to 2002

identify recurring error patterns, as detailed in the Error Analysis section. 2003

This evaluation protocol ensures that the assessment closely mirrors real-world examination practices 2004

while maintaining reliability, fairness, and consistency across both written and oral components. 2005

F.2 Evaluation Process of Written Exams 2006

The written evaluation of MINA was conducted by a panel of five law faculty members from leading 2007

Bangladeshi universities, each evaluating the system’s responses to all 13 questions of the 2022 and 2023 2008

Bangladesh Bar Council Exams. Evaluators assessed answers along four dimensions: accuracy, clarity, 2009

contextual understanding, and legal reasoning. Each question was scored numerically (15 marks for Sets 2010

A–E, 10 marks for Set F), and the five scores were averaged to obtain a composite mark per question. The 2011

system generated answers for all questions, after which the model selected the “best answer” within each 2012

set with another prompt, reflecting realistic candidate strategy. Detailed qualitative feedback was provided 2013

for each answer, highlighting strengths such as logical structure, precise statutory references, and coherent 2014

reasoning. Weaknesses were noted in stepwise computation of limitation periods, explicit allocation of 2015

evidentiary burdens, and critical interpretation of procedural rules. Comparisons across 2022 and 2023 in 2016

Figure 4 showed minor year-to-year variations, with improvement in complex procedural questions such 2017

as injunctions and adjournments. Overall, the best-selected answers yielded a total score within 75–80% 2018

in good models, aligning with or surpassing average human candidate performance. 2019

The evaluators’ feedback emphasized both doctrinal competence and practical procedural awareness 2020

(Appendix H.1). Comments highlighted the need to explicitly state preconditions, include stepwise 2021

calculations of limitation periods, and clarify evidentiary thresholds to achieve distinction-level responses. 2022

Some answers applied rules formulaically without sufficient critical analysis or discussion of judicial 2023

discretion. High-performing responses were praised for smooth argument transitions, clear mapping from 2024

statute to facts, and structured reasoning. Observed patterns indicate that MINA is strong in statutory 2025

interpretation and logical drafting but could benefit from enhancements in contextual sensitivity and 2026

explicit procedural reasoning. The selection of seven best answers for final scoring ensured realistic 2027

aggregation, reflecting typical candidate exam strategy. Overall, the evaluation demonstrates that a well- 2028

tuned LLM-based legal assistant can produce exam-quality written responses while revealing actionable 2029

areas for improvement in legal reasoning and clarity. 2030

F.3 Inter-Annotator Agreement for Written Evaluation 2031

To quantify consistency among evaluators of the written exams, we calculated Cohen’s κ (κ) between all 2032

pairs of evaluators. Each evaluator scored the 13 questions numerically along four dimensions: accuracy, 2033

clarity, contextual understanding, and legal reasoning. Cohen’s κ is computed as: 2034

κ =
po − pe
1− pe

(1) 2035

where po is the observed proportion of agreement between evaluators and pe is the expected agreement 2036

by chance. Across all questions and evaluator pairs, we obtained κ = 0.827, indicating high consistency. 2037

This demonstrates that, even with numerical scoring, our evaluation protocol yields reliable and repro- 2038

ducible assessments. Minor variations were observed in a few complex procedural questions, but overall 2039

agreement remained strong, supporting the robustness of our written exam evaluation methodology. 2040

F.4 Quality Assessment of Retrieved Sections 2041

In our two-stage RAG pipeline, the relevance of retrieved legal sections is explicitly assessed before final 2042

response generation. An LLM-based filtering step evaluates each retrieved section against the user query 2043
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Question No

Marks per Question: 15 (1-12, Set A-E) 15*6=90 (12-13, Set F) 10

Chosen (Best answer 
out of  each set) > 
thick stroke

Obtained 
Marks

(Judged by 
Law Faculty)

Set A Set B Set C Set D Set E Set F

Total = 90+10=100

Figure 4: Breaking Down a Written Full Answer (Command-A, Two Step; Examiner 2)

using the prompt:2044

"Given the user query and the retrieved document section, determine whether the section2045

contains information directly relevant to answering the query. Respond with ’relevant’ or2046

’irrelevant’."2047

If a section is judged irrelevant, the system automatically refines the query by adjusting keywords and2048

repeats retrieval until relevant sections are identified. This ensures that only contextually appropriate2049

legal content informs the final response. By incorporating this automatic relevance checking, the pipeline2050

mitigates the risk of hallucinating or misapplying unrelated statutes, maintaining both precision and legal2051

coherence in generated answers.2052

F.5 Real-World Evaluation2053

We evaluate MINA using the Bangladesh Bar Council Examination, the national qualification exam2054

required to practice law in Bangladesh. This exam serves as the highest-quality and most authoritative2055

benchmark available for assessing legal reasoning, drafting ability, and procedural interpretation within2056

this jurisdiction. All stages of the exam are designed, administered, and graded by legal experts, and the2057

same evaluation framework is used to certify human lawyers.2058

Domain Specificity and Generalization. The Bar Council Examination provides a realistic proxy2059

for real-world legal consultations, as it includes unseen problems, ambiguous fact patterns, and open-2060

ended reasoning tasks that reflect practical legal decision-making. While MINA is not intended as a2061

general-purpose legal assistant outside the Bangladeshi context, achieving strong performance on the2062

same exam that certifies human practitioners offers a meaningful and credible indicator of general legal2063

competence within this jurisdiction. This setting allows us to assess not only factual recall but also2064

statutory interpretation, issue spotting, and structured legal reasoning under expert-defined standards.2065

Keyword Generation and Retrieval Reliability. We conducted a targeted analysis of system logs2066

to examine keyword generation, recall, and section overlap effects. Keyword generation functioned2067

correctly in approximately 99% of all correct responses. Among incorrect responses, keyword generation2068

failures accounted for roughly 20% of MCQ errors and 18% of written-answer errors. Following keyword2069

generation, the two-stage retrieval pipeline failed to retrieve the intended statutory section in approximately2070

one out of twenty cases. These failures were typically caused by vague or underspecified cues in the2071

exam questions rather than retrieval noise or section overlap. Our retrieval evaluation already includes2072

safeguards against noisy or overlapping sections, although we do not yet maintain a standalone dataset2073

that isolates this factor independently.2074

Multilingual Coverage and Linguistic Scope. The evaluation focuses on Bengali–English legal2075

language as used in professional practice and assessed by the Bangladesh Bar Council. While MINA does2076

not currently support dialectal variations, informal Bengali, or low-literacy inputs, its strong performance2077

on a nationally standardized, expert-reviewed examination indicates close alignment with the linguistic,2078

conceptual, and stylistic requirements of formal legal communication in Bangladesh.2079
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Cross-Lingual and System-Level Comparisons. Direct comparisons with other multilingual legal 2080

assistants are not currently feasible for this jurisdiction due to the absence of publicly evaluated systems 2081

operating under the same legal and linguistic constraints. Given that the Bar Council Examination 2082

represents the national standard for certifying legal competence, and that MINA was evaluated by domain 2083

experts across all exam modalities, we consider this benchmark an adequate and meaningful basis for 2084

system assessment within the scope of this work. 2085

Document Usage and Scope Clarification. Current MINA system does not include a built-in corpus 2086

of legal case documents as part of its core knowledge base. Its primary operation relies on statutory law, 2087

procedural rules, and authoritative legal references relevant to the Bangladeshi jurisdiction. However, 2088

the system supports optional user-uploaded documents, which can be ingested at query time to provide 2089

additional contextual grounding when required. This functionality enables document-aware reasoning 2090

and drafting in scenarios where external case materials, petitions, or evidentiary texts are relevant. In the 2091

current evaluation and main system configuration, this capability was not actively used, as the Bangladesh 2092

Bar Council Examination does not involve document-based inputs. 2093

Real-World Evaluation with Professional Legal Experts We conducted the evaluation directly with 2094

practicing lawyers and legal experts responsible for certifying whether a human candidate is qualified to 2095

practice law in Bangladesh. During the assessment, MINA was treated identically to a human examinee, 2096

following the same procedures, scoring criteria, and evaluation standards. This exam-based evaluation 2097

fully captures the system’s ability to perform real-world legal tasks within the Bangladeshi legal context. 2098

Future studies could extend this analysis to assess performance across dialectal variations and formal 2099

versus informal Bengali. 2100

G Detailed Error Analysis 2101

G.1 MCQ 2102

Some error analysis is added in Figure 2. 2103

Analysis of these errors reveals systematic patterns in the model’s handling of Bangladeshi civil 2104

procedure law. One recurring issue involves linguistic conjunctions such as “O” (and) versus “ba” (or). 2105

Even in low-complexity sentences, these small lexical variations drastically alter the legal scope of a 2106

suit. The model often fails to capture this sensitivity to subtle semantic cues in Bengali, suggesting that 2107

linguistic nuance remains an underdeveloped area of comprehension. This limitation shows that even 2108

minor syntactic shifts can lead to substantive legal misinterpretation. 2109

A second category of errors involves jurisdictional hierarchy, particularly regarding which court is 2110

competent to hear a given suit. The model frequently confuses filing requirements, such as whether to 2111

file in the lowest competent court or in any court, indicating an incomplete understanding of procedural 2112

layering. Instead of recognizing hierarchical structures, it tends to flatten them into broad, undifferentiated 2113

categories. This behavior reflects a lack of integration between procedural reasoning and lexical parsing. 2114

As a result, the model’s interpretation of jurisdiction remains largely surface-level rather than conceptually 2115

grounded. 2116

A third major error type concerns doctrinal mapping. Misclassification of Res Judicata under Section 2117

151 instead of Section 11, for example, demonstrates the model’s difficulty in linking abstract legal 2118

doctrines to their precise statutory locations. Such mistakes reveal an inability to align high-level legal 2119

semantics with codified provisions. Similarly, representative suit misidentification between Order 1, 2120

Rules 8 and 13 shows that intra-order distinctions, which depend on functional understanding, remain 2121

particularly challenging. These examples underscore that the model relies too heavily on surface lexical 2122

or numeric cues, neglecting the deeper legal logic underlying procedural distinctions. 2123

Overall, these error clusters often occur where procedural rules encode exceptions, hierarchical logic, 2124

or specialized doctrines. This pattern indicates that retrieval or memorization alone is insufficient without 2125

robust legal-context reasoning. The range of linguistic complexity, spanning from binary conjunctions to 2126

abstract doctrinal principles, further complicates interpretation. Even seemingly simple linguistic features 2127

can carry disproportionate legal weight, while complex doctrines require multi-step mapping between 2128
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Question: The Specific Relief Act, 1877 অনুযায়ী ননষেধাজ্ঞা মঞু্জর এবং নামঞু্জষরর ক্ষেত্রসমূহ উদাহরণসহ বযাখ্যা করুন।
Answer: The Specific Relief Act, 1877 অনুযায়ী ননষেধাজ্ঞা মঞু্জর এবং নামঞু্জষরর ক্ষেত্রসমূহ ননম্নরূপ:
ননষেধাজ্ঞা মঞু্জষরর ক্ষেত্রসমূহ:
• অস্বাভানবক েনি (Irreparable Injury): যখন ক্ষকাষনা েনি অষথে পূরণ করা যায না এবং যা অনয ক্ষকাষনা উপাষয প্রনিষ্ঠা করা যায না, িখন ননষেধাজ্ঞা 

মঞু্জর করা ক্ষযষি পাষর।
• কানুষনর স্পষ্ট অনধকার (Clear Legal Right): যনি নবচারষকর সামষন এটি প্রমাণ করা যায ক্ষয নবচারনবভাষের কাষে স্পষ্ট কানুনন অনধকার রষযষে, 

িাহষে ননষেধাজ্ঞা মঞু্জর করা ক্ষযষি পাষর।
• অনযানয প্রনিকাষরর অভাaব (Absence of Other Remedies): যনি ক্ষকাষনা অনয প্রনিকার না থাষক যা যষথষ্ট হষি পাষর, িাহষে ননষেধাজ্ঞা মঞু্জর করা 

ক্ষযষি পাষর।
ননষেধাজ্ঞা নামঞু্জষরর ক্ষেত্রসমূহ:
• অষথে পূরণষযােয েনি (Compensable Injury): যনি েনি অষথে পূরণ করা যায, িাহষে ননষেধাজ্ঞা প্রষযাজন না হষি পাষর।
• অনধকাষরর অনননিিিা (Uncertainty of Right): যনি নবচারনবভাষের অনধকার অনননিি বা নবিনকে ি হয, িাহষে ননষেধাজ্ঞা নামঞু্জর করা ক্ষযষি পাষর।
• নবেম্ব (Delay): যনি নবচারনবভাে অনাবশ্যক নবেম্ব কষর, িাহষে ননষেধাজ্ঞা নামঞু্জর করা ক্ষযষি পাষর।
• অনযানয প্রনিকাষরর উপেনি (Availability of Other Remedies): যনি অনযানয যষথষ্ট প্রনিকার উপেি থাষক, িাহষে ননষেধাজ্ঞা প্রষযাজন না হষি 

পাষর।
উিাহরণস্বরূপ, যনি ক্ষকাষনা বযনি িার জনম ক্ষথষক অনযানয বযনিষক ক্ষবিখে করষি চায এবং এটি অষথে পূরণ করা যায না, িাহষে ননষেধাজ্ঞা মঞু্জর করা ক্ষযষি 
পাষর। অনযনিষক, যনি ক্ষকাষনা বযনি েনিপূরষণর জনয মামো িাযর কষর এবং এটি অষথে পূরণ করা যায, িাহষে ননষেধাজ্ঞা প্রষযাজন না হষি পাষর।

2022: 3A | Command A – 8B (with 2 Step RAG) | Mark 10 | Evaluator 1

Original Answer

Question: Explain, with examples, the circumstances in which injunctions are granted and refused under the Specific Relief Act, 
1877.
Answer: According to the Specific Relief Act, 1877, the circumstances in which injunctions are granted and refused are as follows:
Cases where injunctions are granted:
• Irreparable injury: When a harm cannot be adequately compensated by money and cannot be otherwise remedied, an injunction 

may be granted.
• Clear legal right: If it can be shown to the court that a clear legal right exists, an injunction may be granted.
• Absence of other remedies: If there is no other adequate remedy available, an injunction may be granted.
Cases where injunctions are refused:
• Injuries compensable by damages: If the loss can be fully compensated by money, an injunction may not be necessary.
• Uncertainty or dispute as to the right: If the right asserted is uncertain or disputed, an injunction may be refused.
• Delay: If the party seeking the injunction has unreasonably delayed in coming to court, the injunction may be refused.
• Availability of other remedies: If other adequate remedies are available, an injunction may not be required.
Example: For instance, if someone attempts to dispossess another person from their land and the loss cannot be compensated by
money, an injunction may be granted. On the other hand, if a person sues only for monetary compensation and the loss can be 
remedied by damages, an injunction may not be necessary.

Translation

Mark: 7/10
Comment: Clear explanation. This answer accurately explain when injunctions are granted or refused under the Specific Relief Act, 
1877, with valid reasoning and example, with some more points missing and some minor mistakes.
✓ অস্বাভানবক েনি (Irreparable Injury): Here, instead of “injury”, the term “damage” will be more appropriate legal term here.

Evaluation

Figure 5: Written exam examples for qualitative error analysis (Part 1)

text, legal principle, and statute. These difficulties illustrate the importance of multi-layered reasoning2129

over shallow textual matching.2130

Finally, the observed error patterns highlight concrete directions for improvement. Future models2131

should incorporate structured legal knowledge bases and hierarchical reasoning frameworks to better2132

interpret procedural relationships. Fine-grained term disambiguation must be strengthened to handle2133

Bengali’s semantic density and legal specificity. In addition, targeted augmentation using legal-specific2134

retrieval, rule-based constraints, or contrastive learning could significantly reduce misclassifications. Such2135

interventions are especially critical for low-resource languages like Bengali, where precise statutory2136

alignment and doctrinal reasoning are essential for legal reliability.2137

G.2 Written Exam2138

We analyzed the model’s performance across the 2022–2023 Bar Council examination (Figure 5, 6, and 7)2139

and identified several recurring errors. These errors highlight limitations in legal knowledge, reasoning,2140

and contextual understanding. Below, we summarize the main error types and their root causes.2141
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Question: দেওয়ানী দমাকদ্দমায় পক্ষগণের হাজিরা ও গরহাজিরার ফলাফল কী? এসকল দক্ষণে ক্ষজিগ্রন্ত পণক্ষর প্রজিকার কী? The Code of Civil 
Procedure, 1908 এর প্রাসজিক জিধান উণেণে উত্তর জেন।
Answer: The Deowaney Mokdama বনাম Hazirawala এবং Garahazira মামলায় ননম্ননলনিত আদেশ প্রোন করা হদয়নিল:
নববােীদের ননদেে শ দেওয়া হদলা দে তারা বােীদের দেৌথভাদব ও পৃথকভাদব ২০,০০০ টাকা ক্ষনতপূরণ নহদেদব প্রোন করদব, কারণ তারা বােীদের দনৌকাটট 
দবআইননভাদব আটক কদর দরদিনিল। বােীরা উক্ত অদথের উপর মামলা োদয়দরর তানরি দথদক পনরদশাদের তানরি পেেন্ত বানষেক ৬% হাদর েুদের োনবোর 
হদবন।
এিাডাও, বােীরা দনৌকার েিল হস্তান্তদরর তানরি পেেন্ত মামলা োদয়দরর তানরি দথদক প্রনতনেন ১০ টাকা হাদর mesne profits (অববে েিদলর লাভ) পাওয়ার 
অনেকারী হদবন।নববােীদের আরও ননদেে শ দেওয়া হদলা দে তারা মামলার িরচ পনরদশাে করদব। বােীরা উক্ত িরদচর উপরও নিনির তানরি দথদক পনরদশাদের
তানরি পেেন্ত বানষেক ৬% হাদর েুদের অনেকারী হদবন।
বােীদের পণয দেরত এবং ভাডার অবনশষ্ট অংদশর োনবটট বানতল করা হদলা। বােীরা মামলার িরদচর োনবোর হদবন, এবং নববােীরা উক্ত িরদচর উপর 
নিনির তানরি দথদক পনরদশাদের তানরি পেেন্ত বানষেক ৬% হাদর েুদের অনেকারী হদবন।বােীদের mesne profits এর োনব বানতল করা হদলা। বােীরা মামলার 
িরদচর োনবোর হদবন, এবং নববােীরা উক্ত িরদচর উপর নিনির তানরি দথদক পনরদশাদের তানরি পেেন্ত বানষেক ৬% হাদর েুদের অনেকারী হদবন।
বােীদের ভাডার অবনশষ্ট অংদশর োনবও বানতল করা হদলা। বােীরা মামলার িরদচর োনবোর হদবন, এবং নববােীরা উক্ত িরদচর উপর নিনির তানরি দথদক 
পনরদশাদের তানরি পেেন্ত বানষেক ৬% হাদর েুদের অনেকারী হদবন।
বােীদের পণয দেরদতর োনবটটও বানতল করা হদলা। বােীরা মামলার িরদচর োনবোর হদবন, এবং নববােীরা উক্ত িরদচর উপর নিনির তানরি দথদক 
পনরদশাদের তানরি পেেন্ত বানষেক ৬% হাদর েুদের অনেকারী হদবন।

2022: 2A | Gemma-3-12B-it (with 2 Step RAG and Tools) | Mark 5 | Evaluator 3

Original Answer

Question: What are the consequences of the appearance and non-appearance of parties in a civil suit? What remedies are 
available to the aggrieved party in such cases? Answer with reference to the relevant provisions of the Code of Civil Procedure,
1908.
Answer: In the case of Deowaney Mokdama v. Hazirawala and Garahazira, the following order was passed: 
The defendants are ordered to pay to the plaintiffs, jointly and severally, the sum of Rs. 20,000 as damages for the wrongful detention 
of the plaintiffs' boat. The plaintiffs are also entitled to interest on the said sum at the rate of 6% per annum from the date of the 
institution of the suit till the date of payment. The plaintiffs are further entitled to mesne profits of the boat at the rate of Rs. 10 per day 
from the date of the institution of the suit till the date of delivery of possession of the boat to the plaintiffs. The defendants are further 
ordered to pay the costs of the suit. 
The plaintiffs are entitled to interest on the said costs at the rate of 6% per annum from the date of the decree till the date of payment. 
The plaintiffs' claim for the return of the goods and the balance of the hire is dismissed. The plaintiffs are also entitled to the costs of the 
suit. The defendants are entitled to interest on the said costs at the rate of 6% per annum from the date of the decree till the date of 
payment. 
The plaintiffs' claim for mesne profits is dismissed.  The plaintiffs are also entitled to the costs of the suit. The defendants are entitled to 
interest on the said costs at the rate of 6% per annum from the date of the decree till the date of payment. 
The plaintiffs' claim for the balance of the hire is dismissed. The plaintiffs are also entitled to the costs of the suit. The defendants are 
entitled to interest on the said costs at the rate of 6% per annum from the date of the decree till the date of payment. 
The plaintiffs' claim for the return of the goods is dismissed. The plaintiffs are also entitled to the costs of the suit. The defendants are 
entitled to interest on the said costs at the rate of 6% per annum from the date of the decree till the date of payment.

Translation

Mark: 0/5
Comment: Made-up case with irrelevant and false information.

Evaluation

Figure 6: Written exam examples for qualitative error analysis (Part 2)
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Question: দণ্ডবিবি, ১৮৬০ এ সবিবিবিত সািারণ িযবতক্রমসমূহ িণণনা করুন।
Answer: দণ্ডবিবি, ১৮৬০-এ ক োনেো সোিোরণ িযবিক্রম কেই।

2022: 6A | Gemma-3-4B (with Naive RAG) | Mark 10 | Evaluator 2 

Original Answer

Question: Describe the general exceptions incorporated in the Penal Code, 1860.
Answer: The Penal Code, 1860 does not contain any general exceptions.

Translation

Mark: 0/10
Comment: Wrong Answer. The Penal Code does contain general exceptions (Sections 76–106), covering acts done under mistake of 
fact, accident, consent, self-defence, etc.

Evaluation

Question: X, Y এর বনকট থেবক ২ লক্ষ টাকা ঋণ থনন এিং তা ০১/০১/২০২০ তাবরবের মবিয পবরবিাবির িতণ  োবক। বনিণাবরত তাবরবে X তা পবরবিাি 
না করবল Y থদওয়ানী আদালবত মামলা কবরন। বতবন পািাপাবি একটট থ ৌজদারী মামলাও করবত চান। আইনজীিী বহসাবি সংবিষ্ট আইন ও িারা 
উবেবে থক পরামিণ বদন।
Answer: প্রদত্ত পবরবিবিনি, X িযবি Y-এর  োছ কেন  ২ লক্ষ টো ো ঋণ বেন়েনছ, যোর পবরন োনির সম়েসীমো ১ জোেু়েোবর, ২০২০ বেিধোবরি বছল। যবদ X 
বেিধোবরি িোবরনের মনিয ঋণ পবরন োনি িযেধ হ়ে, িনি Y বসবিল প্রবসবিউর ক োি, ১৯০৮ অেুযো়েী সংবিষ্ট আদোলনি এ টট কদও়েোবে মোমলো দোন়ের  রনি 
পোনরে। পো োপোব , পবরবিবি অেুযো়েী প্রিোরণো িো চুবি িনের অবিনযোনে দণ্ডবিবি, ১৮৬০ অেুসোনর এ টট ক ৌজদোবর মোমলোও বিনিচেো  রনি পোনরে।
আইবে পরোম ধ:
• কদও়েোবে মোমলো: Y বসবিল প্রবসবিউর ক োি, ১৯০৮ অেুযো়েী, বিন ষ  নর অিধ োর ৩৭ (সোরসংনক্ষপ মোমলো) এর অিীনে দ্রুি ঋণ পুেরুদ্ধোনরর জেয 
মোমলো দোন়ের  রনি পোনরে।

• ক ৌজদোবর মোমলো: যবদ প্রিোরণোমূল  উনে য িো বিশ্বোসিনের প্রমোণ পোও়েো যো়ে, িনি Y দণ্ডবিবি, ১৮৬০ অেুসোনর, বিন ষ  নর িোরো ৪২০ (প্রিোরণো এিং 
অসৎিোনি সম্পবত্ত হস্তোন্তর  রোনেো) এর অিীনে মোমলো দোন়ের  রনি পোনরে

অবিনক্ষত্র (Jurisdiction): উি়ে কদও়েোবে ও ক ৌজদোবর মোমলো কসই আদোলনি দোন়ের  রো উবচি, যোর অবিনক্ষনত্রর মনিয ঋণচুবি সম্পোবদি হন়েনছ িো 
কযেোনে X িসিোস  নরে।
মন্তিয: িযোেযোটট স্পষ্ট ও প্রোসবে । িনি, চুবি িে এ টট কদও়েোবে অেযো়ে, এটট ক ৌজদোবর অপরোি ে়ে। ক িলমোত্র যবদ শুরু কেন ই প্রিোরণোর উনে য 
েোন , িেেই দণ্ডবিবির ৪২০ িোরোটট প্রনযোজয হনি পোনর।

2022: 6B | Gemma-3-4B (with Naive RAG) | Mark 5 | Evaluator 2 

Original Answer

Question: (X borrows 2 lakh taka from Y under the condition that it must be repaid by 01/01/2020. When X fails to repay the 
amount on the specified date, Y files a civil suit in the court. He also wishes to file a criminal case. As a lawyer, provide legal 
advice mentioning the relevant laws and sections..
Answer: In the given scenario, X has taken a loan of 2 lakh taka from Y with a repayment deadline of January 1, 2020. If X fails to repay 
the loan by the specified date, Y can file a civil lawsuit in the relevant court under the Code of Civil Procedure, 1908. Additionally, Y may 
consider filing a criminal case for breach of contract or fraud, depending on the circumstances, under the Penal Code, 1860. 
Legal Advice: 
1. Civil Lawsuit: Y should file a case under the Code of Civil Procedure, 1908, specifically under Order 37 (Summary Suits) for quick 

recovery of the loan amount. 
2. 2. Criminal Case: If there is evidence of fraudulent intent or breach of trust, Y can file a case under the Penal Code, 1860, particularly 

under Section 420 (Cheating and dishonestly inducing delivery of property). 
Jurisdiction: Both civil and criminal cases should be filed in the court having jurisdiction over the area where the loan agreement was 
executed or where X resides. 
Comment: Clear and relevant explanation. However, breach of contract is a civil wrong, not a criminal offence. Only if there is 
fraudulent intention from the beginning then Section 420 of the Penal Code can be applied.

Translation

Mark: 3.5/5
Comment: Clear and relevant explanation. However, breach of contract is a civil wrong, not a criminal offence. Only if there is 
fraudulent intention from the beginning then Section 420 of the Penal Code can be applied.

Evaluation

Figure 7: Written exam examples for qualitative error analysis (Part 3)
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G.2.1 Error Types 2142

Here we categorize and discuss the error types: 2143

• Inaccurate Legal Terminology: The model frequently substitutes imprecise or informal terms for 2144

legally recognized terminology. For example, it used "injury" instead of "damage" in the context 2145

of irreparable harm under the Specific Relief Act, 1877. Such mislabeling can confuse the precise 2146

meaning of statutes and affect downstream interpretation. This indicates a gap in domain-specific 2147

language modeling, as even minor lexical deviations can alter the legal implications of a statement. 2148

Consistency in terminology is critical for formal legal communication. 2149

• Omission of Key Legal Points: Several responses were incomplete, failing to cover all necessary 2150

statutory conditions. In the injunction question, the model did not mention all criteria for granting 2151

or refusing injunctions, leading to partial answers. This omission reduces the comprehensiveness 2152

and utility of the response and reflects limitations in multi-step reasoning and structured knowledge 2153

retrieval from statutes. 2154

• Factually Incorrect Answers: The model sometimes provided completely wrong information, 2155

as in the question about general exceptions under the Penal Code, 1860. It stated that no general 2156

exceptions exist, whereas Sections 76–106 explicitly cover exceptions such as mistake of fact, 2157

accident, consent, and self-defense. Such factual errors undermine reliability and demonstrate gaps 2158

in statutory knowledge. 2159

• Conflation of Civil and Criminal Law: In scenarios like loan recovery, the model treated breach 2160

of contract as a criminal offense, misapplying Section 420 of the Penal Code. This shows a lack of 2161

clear separation between legal domains and highlights the challenge of context-sensitive reasoning 2162

when multiple legal frameworks are involved. 2163

• Hallucination and Fabrication: The model occasionally generated entirely fabricated cases, e.g., 2164

Deowaney Mokdama v. Hazirawala and Garahazira, with false procedural and factual details. These 2165

hallucinations reduce trustworthiness and indicate an over-reliance on plausible text generation rather 2166

than verified knowledge. 2167

G.2.2 Root Causes 2168

Here we identify and categorize the root causes for the errors: 2169

• Limited Domain-Specific Training Data: The model lacks extensive exposure to legal corpora, 2170

especially statutes and case law. This causes gaps in statutory knowledge and reduces its ability to 2171

use precise legal terminology. The scarcity of high-quality legal texts in training datasets contributes 2172

to incomplete or inaccurate answers. 2173

• Fluency-Focused Generation: The language model prioritizes coherent and fluent text over factual 2174

accuracy. As a result, it produces grammatically correct but substantively incorrect responses. This 2175

is particularly evident in fabricated cases and the misclassification of civil vs. criminal law. 2176

• Insufficient Reasoning Mechanisms: The model struggles with multi-step legal reasoning, such 2177

as interpreting conditional statutory provisions or distinguishing procedural contexts. This leads to 2178

partial or incorrect answers, omissions, and domain conflation errors. 2179

• Contextual Misunderstanding: Complex scenarios that require tracking multiple entities or time- 2180

dependent facts often confuse the model. For example, questions with dates, deadlines, or multiple 2181

parties were sometimes misinterpreted, resulting in inaccurate or incomplete recommendations. 2182

• Tendency to Hallucinate: In the absence of explicit knowledge or verification, the model fills gaps 2183

with plausible but unverified content. This explains fabricated case names, non-existent facts, and 2184

irrelevant legal interpretations, highlighting an inherent risk of generative models in high-stakes 2185

domains like law. 2186
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G.2.3 Potential Solutions2187

Addressing these errors requires multi-pronged interventions. First, fine-tuning on domain-specific legal2188

corpora, including statutes, case law, and bar council exam questions, can significantly improve legal2189

terminology and factual accuracy. Second, incorporating explicit reasoning frameworks, such as chain-of-2190

thought or stepwise legal argument templates, can reduce conflation of domains and improve multi-step2191

statutory reasoning. Third, integrating a verification mechanism against authoritative legal databases2192

can mitigate hallucinations and ensure that generated content aligns with real-world statutes and case2193

law. Together, these approaches can enhance both the factual correctness and interpretive fidelity of2194

AI-generated legal answers.2195

H Detailed Evaluator Response Analysis2196

H.1 Written Examination: detailed evaluation and patterns2197

We evaluated the written component using the fixed CQ question set described above, with each model2198

response independently marked and annotated by five senior law faculty evaluators. Evaluators scored2199

answers on accuracy, completeness, legal reasoning, statutory citation, and drafting quality, and provided2200

line-by-line comments on content and structure. Across models, large retrieval-augmented agents produced2201

responses that closely matched the expected exam structure: issue identification, statement of law,2202

application to facts, and concise conclusion, facilitating straightforward marking. These models reliably2203

surfaced relevant statutory provisions and often included short drafting templates or sample prayers that2204

examiners found practically useful. Smaller models, by contrast, frequently omitted statutory prerequisites2205

or failed to synthesize multiple statutory sources, resulting in lower marks and critical comments. A2206

recurring strength noted by evaluators was the agents’ organization and clarity: many answers read2207

like passable student scripts, employing the IRAC pattern that examiners reward. Evaluators praised2208

bilingual fluency and plain-language paraphrases, which made complex doctrines teachable and testable2209

in an exam setting. However, a common negative pattern was omission of procedural prerequisites,2210

such as conditions precedent for appointing a receiver or prerequisites for interlocutory relief, which2211

examiners considered exam-level faults rather than stylistic lapses. Procedural arithmetic tasks, including2212

limitation-period calculations and adjournment timelines, were another failure mode; models sometimes2213

miscounted days or ignored statutory tolling, prompting deductive marks. Inter-statutory synthesis proved2214

challenging: when questions required aligning rules from the Specific Relief Act, CPC, and Evidence2215

Act, agents sometimes produced plausible but incomplete mappings, omitting key interaction points.2216

Annotative comments from evaluators highlighted hallucinated or misattributed case citations in a minority2217

of responses, suggesting retrieval precision remains imperfect under time-constrained prompts. Evaluator2218

feedback showed moderate inter-rater consistency in final marks but substantial variance in qualitative2219

comments, reflecting different tolerance thresholds for omission versus stylistic choices. One examiner2220

summarized typical written feedback as follows:2221

E1: During the viva, I found MINA’s composure and confidence commendable. The responses2222

began with clear rule articulation, and the sequencing of ideas reflected a strong grasp of2223

procedural logic. When asked about the appointment and powers of a receiver under the Code2224

of Civil Procedure, the agent correctly cited the relevant order and section, and provided a2225

concise yet coherent summary of the principles. However, the follow-up explanation lacked the2226

nuanced consideration of judicial discretion that distinguishes a first-class performance. When2227

prompted to discuss the limits of a receiver’s power in the context of interim control, the answer2228

reverted to statutory paraphrasing instead of analyzing the rationale behind judicial oversight. I2229

value the fluency of the delivery, but a touch of interpretive reasoning, why courts are cautious2230

in appointing receivers, would have enriched the legal analysis.2231

Others also commented:2232

E2: I was impressed by how MINA maintained structured coherence even under conversational2233

pressure. The articulation of legal principles was accurate, and the tone was suitably formal,2234
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resembling a well-prepared student in a professional viva. Still, when I introduced a minor 2235

factual variation, changing a temporary injunction into a permanent one, the model continued 2236

its previous reasoning without recognizing the altered standard of proof. In a live oral exam, 2237

this would have cost marks for adaptability. A candidate at distinction level should immediately 2238

recalibrate their reasoning to show sensitivity to procedural posture. Despite that, the precision 2239

of statutory recall and absence of grammatical hesitation made the performance above average. 2240

With stronger factual responsiveness and more frequent references to case law, I would classify 2241

it as distinction-worthy. 2242

E3: MINA demonstrated a solid conceptual understanding of jurisdictional hierarchy and the 2243

doctrine of res judicata. Its ability to synthesize multiple sections of the Civil Procedure Code in 2244

a single answer was notable, and I appreciated the coherence of its structure. However, when I 2245

probed the rationale for restricting concurrent suits, the explanation remained largely descriptive 2246

rather than analytical. I expected a discussion of the policy dimension, how res judicata protects 2247

judicial economy and prevents inconsistent verdicts. The absence of such meta-legal reflection 2248

kept the answer in the ‘competent’ rather than ‘outstanding’ band. Nevertheless, the oral 2249

delivery was fluent and logically sequential, showing clear familiarity with bar-level reasoning 2250

standards. 2251

E4: What stood out to me was the clarity of diction and disciplined argumentative pacing. 2252

MINA never rambled or overexplained, and its tone remained respectful yet assertive. When 2253

asked about the evidentiary burden in criminal cases, it correctly distinguished between legal 2254

burden and evidential burden, and accurately located the shifting burden in light of Section 105 2255

of the Evidence Act. Yet, I found the reasoning somewhat detached from real-world practice; a 2256

well-rounded response should situate these abstract rules in typical courtroom scenarios. I also 2257

noticed that it tended to avoid uncertainty, law, however, thrives on shades of gray. A strong 2258

viva performance acknowledges interpretive ambiguity while defending a chosen position with 2259

authority. Still, the coherence and delivery reflect commendable oral discipline. 2260

E5: From an examiner’s perspective, I found this viva performance to be articulate, contextually 2261

aware, and linguistically elegant. The candidate handled both short and extended questions 2262

with composure, demonstrating a grasp of legal logic and procedural hierarchy. That said, it 2263

occasionally relied on textbook phrasing rather than independent reasoning, especially when 2264

the question moved from black-letter law to applied judgment. For instance, when asked about 2265

the scope of judicial review in injunction cases, the response restated the principle but did 2266

not analyze how discretion varies with factual balance. I would encourage more dialectical 2267

engagement, presenting counterarguments, weighing them, and then reaching a reasoned 2268

conclusion. Overall, I assessed the performance as confident and well-informed, suitable for a 2269

pass with merit, with room for deeper analytical maturity. 2270

Based on these assessments, we identify three targeted areas for improvement in future works: integrate 2271

deterministic procedural calculators to handle timeline arithmetic, augment retrieval with structured 2272

fusion that enforces statutory prerequisites, and fine-tune on annotated exam-style bilingual answer pairs 2273

emphasizing explicit mention of preconditions. A lightweight post-generation verification layer that 2274

checks for missing prerequisites and validates cited sections would catch many exam-level omissions 2275

without degrading answer fluency. Contrastive fine-tuning on paired correct/incorrect answers can teach 2276

the model to prefer legally precise mappings over plausible but incomplete ones. Finally, evaluator 2277

recommendations included UI changes such as provenance links for every statutory citation, confidence 2278

scores per assertion, and a short “examiner notes” box summarizing unaddressed risks. When these 2279

mitigations were simulated in ablation studies, they reduced major omission rates and improved average 2280

written scores by helping examiners rapidly locate errors. In sum, the written evaluation demonstrates 2281

that MINA already produces exam-ready structure and practical drafting support, but targeted procedural 2282

and fusion improvements are required to meet distinction-level expectations across all evaluators. These 2283
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findings highlight the system’s potential as a scalable drafting and study aid while underscoring the2284

necessity of deterministic, rule-aware modules for high-stakes legal outputs. All graded responses and2285

anonymized evaluator comments are archived for future fine-tuning and error analysis to systematically2286

close the remaining performance gaps.2287

H.2 Viva Voce (oral) Evaluation: dynamics, errors, and remediation2288

The viva evaluation simulated oral examinations with a mix of short, focused questions and longer,2289

complex prompts to reflect real-world examiner behavior, and each interaction was independently scored2290

and annotated by five faculty evaluators. Viva prompts ranged from single-doctrinal checks to multi-fact2291

hypotheticals requiring back-and-forth clarification, which allowed us to observe both the agent’s one-shot2292

reasoning and its dynamic conversational strategies. Under Tools and 2-Step RAG conditions, large agents2293

commonly attained high marks for clarity and topical relevance, with average scores clustering in the 75–812294

range, matching written performance trends. Evaluators consistently praised concise statutory framing and2295

the agent’s ability to paraphrase dense law into teachable explanations during oral exchanges. Retrieval2296

augmentation again proved essential: when on-demand precedent snippets and statute excerpts were2297

available, hallucinations dropped markedly and citations were more defensible. Positive conversational2298

patterns included the agent’s ability to reformulate questions, summarize prior answers when probed, and2299

provide stepwise reasoning that examiners found auditable. However, viva-specific weaknesses surfaced:2300

in many runs the agent failed to pose clarifying questions early in the exchange, instead proceeding with2301

broad answers that left fact-sensitive hooks unaddressed. This tendency reduced the model’s adaptive2302

accuracy on complex hypotheticals where a single unclarified fact changes the applicable rule, a behavior2303

evaluators flagged as a core conversational flaw. Another recurrent problem was flattening of hierarchical2304

legal reasoning, treating jurisdictional choices or court-level constraints as undifferentiated, which led2305

to incorrect procedural advice in follow-up scenarios. Doctrinal mis-mapping occurred when evaluators2306

asked rapid-fire doctrinal checks; the agent sometimes returned plausible but incorrect section numbers or2307

conflated general powers with doctrine-specific provisions. Evaluators scored such mistakes harshly in2308

viva contexts because oral exams prioritize real-time precision and reasoning transparency over polished2309

prose. Examiner-style feedback captured the mixed assessment:2310

E1: MINA began the viva with poise and a strong command of doctrinal structure. The2311

response to the procedural question under the Code of Civil Procedure was well-organized and2312

correctly prioritized statutory authority before explanation. I was particularly satisfied with2313

how it identified the court’s discretionary boundaries in granting injunctions. However, when2314

I introduced a small factual twist regarding interlocutory versus permanent relief, the agent2315

continued its initial reasoning without acknowledging the procedural shift. In a real oral exam,2316

a capable candidate would immediately recognize that the principles differ in standard of proof2317

and urgency.2318

E2: The articulation of remedies under the Specific Relief Act was remarkably clear and concise.2319

I appreciated how MINA linked the relief sought to underlying equitable principles, a feature2320

many human examinees neglect. It also demonstrated awareness of practical implications, noting2321

how injunctions protect property interests before adjudication. Still, I found the explanation2322

somewhat mechanical; the model stated the rule without fully exploring its exceptions or2323

judicial discretion. In advanced answers, I expect an engagement with case illustration or2324

critical reasoning, not merely doctrinal recall.2325

E3: I was pleased by the composure with which MINA handled successive follow-up questions.2326

Its tone remained calm, and the flow of reasoning was coherent. Yet, the responses occasionally2327

lacked a sense of hierarchy between statutory provisions and judicial interpretation. For example,2328

while discussing jurisdiction under the Criminal Procedure Code, it correctly named the relevant2329

sections but did not articulate why the situs of the offence determines competence in such mixed2330

civil–criminal overlap. This kind of analytical depth separates a passing candidate from an2331

outstanding one.2332
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E4: When I posed a question on evidentiary burden under the Evidence Act, MINA delivered 2333

a logically sound explanation distinguishing burden of proof and onus. The presentation was 2334

methodical and reflected good doctrinal grounding. However, it failed to relate the concept 2335

to the given factual scenario, where shifting burden after rebuttal would have demonstrated 2336

superior understanding. In viva evaluation, this application of abstract principle to concrete fact 2337

is what reveals genuine mastery of law, not the recital of provisions alone. 2338

E5: Overall, I found MINA’s oral performance equivalent to that of a confident final-year law 2339

student who has revised well for exams. It rarely faltered on black-letter law and expressed 2340

ideas in grammatically precise and formal language. Nonetheless, its answers sometimes felt 2341

rehearsed rather than deliberative, it did not pause to weigh competing principles or express 2342

measured doubt when uncertainty was justified. The best examinees demonstrate humility 2343

before law’s complexity; MINA shows knowledge, but not yet judgment. With more exposure to 2344

nuanced reasoning and case-law illustration, it could perform at distinction level in a professional 2345

viva setting. 2346

From a systems perspective, viva interactions revealed that dynamic clarification policies and fine- 2347

grained confidence signaling are higher priority than in the written setting. To remediate these viva-specific 2348

failures we propose three changes: an interactive clarification policy that forces a short, structured probing 2349

question when key facts are ambiguous; a dialogue-state tracker that logs and verifies asserted facts 2350

and their provenance across turns; and a low-latency symbolic validator for hierarchical procedural 2351

choices to enforce court-level constraints in real time. Implementing a dialogue-state tracker enables 2352

the agent to detect contradictions in follow-ups and to reference prior admissions when refining its 2353

legal application. We also recommend enhanced training with multi-turn exam transcripts so the model 2354

learns when to interrupt with clarifying queries and how to update conclusions incrementally. Finally, 2355

evaluators emphasized UI-level safeguards: confidence badges on assertions, provenance popovers for 2356

cited statutes, and an optional “pause-and-verify” mode that routes high-stakes answers to a human 2357

reviewer before finalizing. When we prototyped the clarification policy and dialogue tracker in pilot 2358

tests, the agent’s adaptive accuracy on complex hypotheticals improved substantially and evaluator trust 2359

in viva outputs increased accordingly. Overall, the viva assessment shows that MINA achieves strong 2360

oral-style delivery and citation-backed reasoning at scale, but safe operationalization requires interactive 2361

clarification, provenance, and human-in-the-loop review to meet examiner standards for real-world legal 2362

advice. 2363

I Extended Analysis 2364

I.1 Detailed Findings from MCQ 2365

Here we explore MCQ evalauiton results in more detail. 2366

1. Baseline Performance Highlights Model Capacity. Zero-context performance (W/o RAG) illus- 2367

trates inherent model strengths. Proprietary large models such as Gemini-2.5-Flash scored 30.2% 2368

in 2022 and 32.4% in 2023, far above small open-source models like Llama3.2-1B (6.2–7.0%) or 2369

Command-A-8B (8.2–11.2%). Larger open-source models, e.g., Gemma-3-27B-it, scored 28.2– 2370

30.2%, highlighting that scale and pretraining quality enable stronger latent legal reasoning. Small 2371

models struggle to extract domain knowledge, while larger models show minimal year-on-year gains, 2372

indicating a pretraining ceiling. These patterns suggest that raw model capability sets the baseline, 2373

but cannot handle evolving question complexity alone. Root causes include limited legal corpora 2374

exposure and shallow multi-step inference. Zero-context results motivate the use of context-aware 2375

retrieval for meaningful performance improvement. 2376

2. Naïve RAG Provides Moderate Gains, Sensitive to Noise. Introducing unfiltered retrieval boosts 2377

weaker models significantly but shows diminishing returns for top models. Command-A-8B increased 2378

from 8.2% → 25.2% in 2022 (+17 pts) and 11.2% → 23.4% in 2023 (+12.2 pts). Gemini-2.5-Flash 2379

improved from 30.2% → 68.8% (+38.6 pts) in 2022 and 32.4% → 69.2% (+36.8 pts) in 2023, 2380
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indicating that strong models already leverage latent context. Some regression in 2023 (e.g., Gemini-2381

2.0-Flash: 61.2% → 59.4%) reflects noise sensitivity and retrieval irrelevance. Small models like2382

Llama3.2-1B see negligible gains. These trends indicate that Naïve RAG is beneficial but insufficient2383

for high-stakes MCQs; structured filtering and relevance prioritization are critical to avoid noisy2384

context misguiding weaker models.2385

3. Two-Step RAG as a Game-Changer, Especially for Mid-Tier Models. Filtering and reranking2386

retrieved content yields the largest performance improvements. Command-A-8B jumps from 25.2%2387

→ 47.0% in 2022 and 23.4% → 49.2% in 2023. Gemma-3-12B-it improves 35.2% → 48.4% (2022)2388

and 36.2% → 52.4% (2023). Even top-tier Qwen3-30B-A3B-Instruct-2507 increases from 50.4% →2389

65.6% (2022) and 52.4% → 67.2% (2023). Gains stem from reduced retrieval noise and prioritization2390

of highly relevant statutes and precedents. Mid-tier models benefit disproportionately, as structured2391

retrieval amplifies latent knowledge otherwise inaccessible. The pattern underscores that high-quality2392

context is more impactful than sheer model size for exam performance.2393

4. Diminishing Returns from Additional Tools. Incorporating calculators, advanced prompt chaining,2394

or re-ranking logic provides only marginal gains beyond Two-Step RAG. For instance, Qwen3-30B-2395

A3B-Instruct-2507 increases 65.6% → 70.8% in 2022 and 67.2% → 72.4% in 2023. Similar trends2396

appear for Command-A-8B and Gemini-3-27B-it. Once relevant context is available, auxiliary tools2397

primarily assist procedural or arithmetic tasks, while deeper reasoning and intra-statutory synthesis2398

remain bottlenecks. This plateau suggests that further gains require model-level improvements, not2399

just tool stacking.2400

5. Cross-Year Dynamics Reflect Exam Complexity and Model Adaptation. From 2022 to 2023,2401

weaker models (e.g., Command-A-8B) show steady Two-Step RAG gains (47.0% → 49.2%), while2402

top models plateau (Gemini-2.5-Flash 75.6% → 76.4%). Naïve RAG slightly declines, implying2403

more inference-heavy or ambiguous questions in 2023. Exam-specific reasoning, such as multi-2404

step statutory synthesis and intra-order distinctions, remains challenging across models. Future2405

improvement hinges on reasoning depth, retrieval precision, and contextual integration, rather than2406

size or additional tools alone. The data illustrates an interplay between model architecture, retrieval2407

strategy, and exam design shaping performance evolution.2408

I.2 Detailed Findings from Written Exam2409

RAG as a Structural Backbone for Legal Question Answering Written exam performance demon-2410

strates the critical role of retrieval-augmented generation in structuring multi-step legal reasoning. Across2411

2022–2023, zero-context scores (W/o RAG) show strong model differentiation: proprietary models2412

like Gemini-2.5-Flash reached 35.2% → 36.2%, while large open-source models such as Llama3.1-2413

70B-Instruct scored 45.0% → 47.2%. Smaller models like Llama3.2-1B-Instruct achieved only 6–7%,2414

highlighting limitations in synthesizing statutory knowledge without external context. Introducing Naïve2415

RAG substantially boosts performance for mid-tier models (e.g., Command-A-8B 25.0% → 60.2% in2416

2022; 25.2% → 73.0% in 2023), demonstrating that even moderate retrieval pipelines allow weaker2417

models to approximate strong competitors. Strong models also benefit (e.g., Llama3.1-70B-Instruct:2418

45.0% → 62.2%), though gains are relatively smaller due to pre-existing reasoning capacity. Root causes2419

for these gains include the ability to access relevant statutes, case-law precedents, and drafting templates in2420

structured order, enabling multi-step IRAC-style reasoning. Importantly, retrieval functions as a backbone2421

that scaffolds the agent’s reasoning rather than merely providing surface cues.2422

Comparative Effectiveness: Naïve vs. Structured Retrieval Strategies Naïve RAG shows moderate2423

but inconsistent improvements, particularly sensitive to irrelevant or noisy documents. For instance,2424

Qwen3-4B-Instruct-2507 jumped from 22.2% → 56.4% in 2022 but achieved only 26.2% → 60.4% in2425

2023, reflecting retrieval sensitivity to question phrasing. Two-Step RAG consistently outperforms Naïve2426

RAG, especially for mid-tier open-source models: Command-A-8B rises from 60.2% → 71.0% in 20222427

and 73.0% → 74.2% in 2023, while Gemma-3-12B-it jumps 42.2% → 55.4% in 2022 and 44.4% →2428
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58.0% in 2023. Gains stem from filtering irrelevant results, re-ranking context by statutory relevance, and 2429

prioritizing high-value legal documents, reducing hallucinations and ensuring accurate mapping between 2430

questions and statutes. Strong models like Llama3.1-70B-Instruct also benefit, improving 62.2% → 2431

75.0% in 2022, demonstrating that structured retrieval augments internal reasoning rather than replacing 2432

it. Cross-year trends indicate that as questions increase in complexity and ambiguity, structured retrieval 2433

maintains robust performance while Naïve RAG suffers minor regressions. Root cause analysis points to 2434

misalignment between query specificity and raw corpus retrieval, emphasizing the necessity of relevance 2435

ranking for consistent legal reasoning. 2436

Augmentation Beyond Retrieval: Value of Domain-Specific Tools Adding domain-specific 2437

tools—including procedural calculators, re-ranking logic, and drafting templates—yields incremental but 2438

meaningful gains beyond Two-Step RAG. For example, Llama3.1-70B-Instruct improves from 75.0% → 2439

79.8% in 2022 and 77.2% → 80.2% in 2023, while mid-tier models such as Command-A-8B increase from 2440

71.0% → 74.4%. Tools primarily address procedural arithmetic, drafting constraints, and fact-specific 2441

legal computations, complementing retrieval but offering diminishing returns for high-performing models. 2442

Smaller models see limited improvement since reasoning bottlenecks—such as synthesizing statutes or 2443

performing hierarchical procedural analysis—cannot be resolved solely through auxiliary tools. Patterns 2444

suggest that optimal performance emerges when structured retrieval, model reasoning capacity, and 2445

domain-specific tools are jointly integrated. Root causes for observed plateaus include limited model 2446

abstraction capabilities and residual hallucinations in citation mapping. This underscores that tools are 2447

best viewed as precision enhancers rather than primary performance drivers. 2448

Lessons for Real-World Deployment and Future R&D Written evaluation highlights three critical 2449

areas for operationalizing legal AI safely and effectively. First, deterministic procedural calculators and 2450

timeline verification modules are essential for tasks like limitation period computation, where naive 2451

reasoning introduces errors. Second, structured retrieval pipelines should be combined with fine-tuned 2452

bilingual exam-style datasets to teach explicit mention of procedural prerequisites, improving align- 2453

ment with examiner expectations. Third, contrastive fine-tuning using paired correct/incorrect answers 2454

enhances model preference for legally precise solutions over plausible but incomplete ones. UI-level 2455

interventions—such as provenance indicators, confidence scores, and “examiner notes” boxes—further 2456

support real-world deployment by making outputs auditable and reducing the risk of undetected omissions. 2457

Cross-year trends also reveal that model adaptation must combine retrieval improvements, reasoning 2458

augmentation, and domain-specific tools to sustain gains as question complexity increases. In sum, the 2459

written evaluation shows that while MINA produces exam-ready responses with strong drafting support, 2460

distinction-level performance requires integrated retrieval, procedural verification, and context-aware 2461

reasoning pipelines. 2462

I.3 Detailed Findings from Viva Voce (Oral) 2463

RAG as a Threshold Mechanism for Legal Oral Examinations Viva performance highlights the 2464

critical role of retrieval-augmented generation in enabling real-time, multi-turn legal reasoning. Baseline 2465

zero-context performance (W/o RAG) shows large gaps: proprietary models Gemini-2.5-Flash scores 2466

36.2, while small open-source models like Llama3.2-1B-Instruct score only 6.2. Mid-tier models such as 2467

Command A achieve 27.8, reflecting limited internal reasoning capacity without context. Introducing 2468

Naïve RAG elevates scores across the board, e.g., Gemini-2.5-Flash rises to 70.4 and Qwen3-4B-Instruct- 2469

2507 to 56.4, demonstrating that even moderate retrieval enables accurate statutory recall and structured 2470

reasoning. Improvements indicate that RAG functions as a threshold mechanism: models below the 2471

threshold cannot deliver coherent oral answers without access to curated statutes, case-law snippets, and 2472

procedural templates. Root causes of low W/o RAG scores include memory limits, hierarchical reasoning 2473

gaps, and inability to dynamically map multi-step doctrinal reasoning to oral prompts. 2474

Progressive Setup Sophistication Reflects Realism and Context Awareness Two-Step RAG, which 2475

filters and reranks relevant materials, substantially boosts performance for mid-tier and large models: 2476

Command A moves 55.6 → 70.4, Gemma-3-4B-it 50.4 → 65.2, and Gemini-2.5-Flash 70.4 → 79.2. 2477
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Gains derive from the model’s improved ability to prioritize context most pertinent to the question, reduce2478

hallucinations, and apply statutes in sequence during oral reasoning. Cross-model patterns show mid-tier2479

models benefit disproportionately, while top-tier models plateau (Llama3.1-70B-Instruct 63.2 → 77.2).2480

This trend underscores that setup sophistication amplifies latent reasoning but does not create capability2481

de novo. Noise reduction and contextual relevance emerge as key drivers for performance in real-world2482

oral exams, where follow-up probing and adaptive reasoning are required.2483

Tool-Augmented Intelligence Mirrors Advanced Legal Reasoning Supplementary tools—including2484

procedural calculators, prompt chaining, and re-ranking logic—deliver incremental improvements above2485

Two-Step RAG: Gemini-2.5-Flash rises 79.2 → 81.0, Qwen3-30B-A3B-Instruct 75.2 → 79.4, and Com-2486

mand A 70.4 → 71.2. Tools primarily address procedural arithmetic, multi-step injunction calculations,2487

and fact-specific contextualization, facilitating real-time oral reasoning that mirrors high-performing2488

human candidates. Smaller models still lag behind due to intrinsic reasoning limitations. The marginal2489

gains suggest that tools refine precision rather than compensate for deficits in multi-step inference. Root2490

cause analysis indicates that effective viva performance depends on three interlocked factors: model2491

capability, context quality, and domain-specific augmentation.2492

Model Capability Differences are Amplified by Setup, Not Defined by It Cross-model analysis2493

shows that setup sophistication disproportionately benefits mid-tier models while top-tier models largely2494

consolidate existing knowledge. For example, Command A increases from 27.8 → 71.2 across all setups,2495

while Llama3.1-70B-Instruct progresses 46.0 → 80.2. Small models such as Llama3.2-1B remain near2496

floor (6.2 → 7.0). This pattern confirms that retrieval and tools amplify latent capability but do not2497

substitute for intrinsic model reasoning. Root causes include model depth, pretraining coverage, and2498

hierarchical legal reasoning capacity. Thus, deployment strategies must align model strength with setup2499

sophistication to achieve examiner-level performance.2500

Standard Deviation as a Proxy for Oral Exam Robustness Viva evaluations reveal variability across2501

evaluators, highlighting robustness concerns. Higher standard deviation correlates with complex question2502

types and fact-sensitive prompts. Mid-tier models show more variability than top-tier models, e.g.,2503

Command A’s SD across evaluators is higher than Llama3.1-70B-Instruct, reflecting sensitivity to phrasing2504

and procedural nuances. Structured retrieval and tool augmentation reduce this variability, as observed in2505

Two-Step RAG → Tools improvements. This implies that setup enhancements not only boost mean scores2506

but also stabilize outputs, a critical factor for operational trust in oral legal AI systems. Understanding2507

these variance patterns informs both model selection and curriculum design for exam-oriented legal AI2508

deployment.2509

J More Ablation Studies2510

J.1 Tool Usage Analysis and Methodological Clarification2511

Our system integrates a set of specialized tools designed to support preprocessing, retrieval, interpretation,2512

and simulation across different legal task types. While we did not conduct a full controlled ablation study2513

isolating each tool, we performed systematic internal log analyses to examine tool utilization patterns2514

during evaluation. These logs provide empirical evidence of how individual tools contribute across exam2515

modalities.2516

Table 4 summarizes the averaged tool-call frequencies observed across the 2022 and 2023 Bangladesh2517

Bar Council examinations, covering both the Preliminary MCQ stage (100 questions per year) and the2518

Written stage (13 questions per year). Each tool could be invoked up to three times per query.2519

The results show that the Keyword Generator and Question Relevance Analyzer are the most frequently2520

invoked tools across all settings, underscoring their central role in query formulation and retrieval accuracy.2521

The Legal Dictionary is used consistently, reflecting the need for domain-specific interpretation of legal2522

terminology. Tools such as Web Search and Web Page Parser are applied selectively, with higher usage in2523

the Written stage, where external legal references and extended reasoning are more common.2524

The File Content Reader is rarely invoked, aligning with the low proportion of document-based2525

questions in the exams. Similarly, the Chat Analyzer shows minimal usage, as most evaluation queries are2526
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Tool 2022 MCQ 2023 MCQ 2022 Written 2023 Written
Keyword Generator 1.8 2.0 2.3 2.4
Legal Dictionary 0.8 0.9 0.8 0.9
Question Relevance Analyzer 1.2 1.3 1.6 1.5
File Content Reader 0.1 0.1 0.3 0.3
Web Search 0.4 0.5 0.8 0.8
Web Page Parser 0.3 0.4 0.7 0.8
Chat Analyzer 0.1 0.1 0.1 0.1
Socio-Economic Simulation 0.2 0.3 0.8 0.9

Table 4: Average tool-call frequency per query across exam stages.

single-turn. The Socio-Economic Simulation tool is used more frequently in Written evaluations, where 2527

contextual and policy-level reasoning is required. 2528

Although this analysis does not replace a formal ablation study, the observed usage distributions 2529

provide quantitative insight into how different tools contribute across task types. The selective invocation 2530

of auxiliary tools helps control computational cost and per-query overhead, supporting scalability in 2531

low-resource deployment settings while maintaining strong performance. 2532

K Extended Discussion 2533

RAG as the Operational Core of Legal AI Systems Our experiments across MCQ, written, and 2534

viva evaluations consistently demonstrate that retrieval-augmented generation (RAG) is not merely an 2535

auxiliary enhancement but a central enabler of legal reasoning performance. In MCQs, the introduction of 2536

Naïve RAG increased Command A’s 2022 score from 10 to 25, while Two-Step RAG further boosted 2537

it to 47, highlighting that structured retrieval dramatically amplifies weak baseline models. Written 2538

exam performance mirrors this trend, where Gemini-2.5-Flash improved from 35.2% without RAG to 2539

78.6% under Two-Step RAG in 2022, illustrating the direct impact on coherent, IRAC-style answers. 2540

Viva scores also reflect this dependency, with Llama3-4B-it improving from 16.2% without RAG to 2541

65.2% under Two-Step RAG. Error analyses indicate that retrieval helps surface statutory references and 2542

procedural steps, mitigating hallucinations and incomplete reasoning. This pattern suggests that RAG 2543

acts as a scaffold for both lexical grounding and high-level legal semantics. Critically, structured retrieval 2544

pipelines outperform naïve approaches by filtering irrelevant documents and ranking pertinent statutes, 2545

demonstrating the necessity of intelligent context selection rather than mere information abundance. These 2546

findings emphasize that RAG is foundational for scalable legal AI, particularly in low-resource language 2547

settings like Bengali. 2548

Architecture is Important, But Strategy is Transformative While model size and architecture 2549

determine baseline capabilities, our findings show that retrieval and augmentation strategies often drive 2550

the largest performance gaps. Gemini-2.0-Flash and Command A start at very different zero-context 2551

baselines (12–18% vs. 8–11%), yet when equipped with Two-Step RAG, both achieve parity with much 2552

larger models, illustrating the amplifying effect of strategy. Similarly, MCQ trends show that Gemini’s 2553

2023 performance plateaued without further RAG refinement, while Command A gained over 20 points 2554

through structured retrieval. In written exams, small models like Qwen3-4B-Instruct jumped from 22.2% 2555

to 71.6% under Naïve and Two-Step RAG, demonstrating that strategic augmentation can compensate 2556

for architectural limitations. Viva evaluations reinforce this: Llama3-70B-Instruct achieves 46% without 2557

RAG but 80.2% with Two-Step and tool augmentation, showing that even large models rely on structured 2558

context to reach distinction-level outcomes. These results highlight that the synergy between architecture 2559

and retrieval strategy is often more critical than raw model size alone. Consequently, R&D efforts 2560

should prioritize optimizing retrieval pipelines, prompt engineering, and domain-specific tool integration 2561

alongside scaling. 2562

Hierarchical and Procedural Reasoning Remains a Key Bottleneck Error analyses reveal consistent 2563

weaknesses in handling hierarchical legal concepts and multi-step procedures. MCQ errors show mis- 2564

classification of jurisdictional hierarchy and intra-order distinctions, while written answers frequently 2565

omitted conditions precedent for interlocutory relief or receiverships. Viva assessments mirrored this: 2566

models flattened procedural hierarchies and sometimes applied rules incorrectly when follow-up facts 2567
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altered context. This indicates that retrieval alone is insufficient; reasoning over procedural structures2568

and dependencies requires explicit hierarchical modeling or symbolic validation. The persistence of2569

these errors across model sizes and setups suggests that future architectures should integrate multi-step2570

reasoning modules capable of tracking nested legal rules and interdependent statutory requirements.2571

Addressing this bottleneck would reduce high-stakes errors and improve interpretive reliability in both2572

written and oral legal tasks.2573

Dynamic Interaction and Clarification Policies Enhance Oral Accuracy Viva evaluations highlighted2574

the need for interactive reasoning: models often failed to ask clarifying questions and applied rules2575

broadly without verifying fact-sensitive details. This behavior reduced accuracy on hypotheticals where2576

minor fact changes significantly affect the applicable law. Introducing dialogue-state tracking and2577

structured clarification policies in pilot tests improved adaptive reasoning, reducing misapplied sections2578

and hierarchical flattening. Evaluators noted gains in real-time accuracy, trust, and interpretive depth when2579

the model could pause, verify, and incrementally update conclusions. These findings suggest that dynamic2580

interaction mechanisms are crucial for high-stakes oral tasks, complementing retrieval and reasoning2581

modules. Future research could formalize these mechanisms using reinforcement learning or multi-turn2582

supervised fine-tuning on annotated viva transcripts.2583

Augmentation Beyond Retrieval: Domain-Specific Tools Matter Tool-augmented setups provided2584

measurable, albeit incremental, gains beyond Two-Step RAG. For instance, calculators, structured2585

templates, or re-ranking logic improved limitation-period calculations, procedural arithmetic, and statutory2586

synthesis, raising written exam performance by 2–5% in most cases. Similarly, tool integration in viva led2587

to modest improvements in adaptive accuracy for procedural and doctrinal queries. While these gains are2588

smaller than those from retrieval improvements, they target high-impact failure modes that often determine2589

pass/fail outcomes. Error analyses suggest that tools compensate for deterministic reasoning gaps that pure2590

neural architectures cannot capture reliably. This indicates that hybrid architectures combining generative2591

models, retrieval, and deterministic procedural modules are essential for safe, real-world deployment.2592

Future Directions: Specialization, Verification, and Low-Resource Scaling Combining findings2593

from all evaluation modalities, several research avenues emerge. First, hierarchical reasoning modules2594

and symbolic verification layers can address persistent procedural errors. Second, contrastive fine-tuning2595

using paired correct/incorrect exam responses may teach models to prefer legally precise mappings over2596

plausible but incomplete ones. Third, domain-specific corpus curation, noise filtering, and dynamic2597

re-ranking could improve retrieval relevance, especially for inference-heavy questions. Fourth, interactive2598

dialogue policies with fact verification can enhance viva robustness. Fifth, multilingual and low-resource2599

optimization is critical, as performance on Bengali-specific tasks remains sensitive to lexical and syntactic2600

nuances. Collectively, these directions define a roadmap toward holistic legal AI that balances fluency,2601

reliability, and contextual precision while remaining scalable for underserved legal environments.2602
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L Prompts 2603

L.1 Orchestrator Agent Prompt 2604

2605
2606

ROLE: 2607

You a r e a Bangladesh − based Lega l R e s e a r c h O r c h e s t r a t o r Agent . 2608

2609

Your g o a l i s t o answer l e g a l q u e s t i o n s a c c u r a t e l y u s i n g r e t r i e v e d 2610

c o n t e n t from u p l o a d e d l e g a l documents (RAG) , s t r u c t u r e d c h a t 2611

h i s t o r y , and when s t r i c t l y p e r m i t t e d f a l l b a c k t o o l s . 2612

2613

ROLE & STRATEGY: 2614

2615

− S p e c i a l i z e i n B a n g l a d e s h i l e g a l s t a t u t e s , codes , and common l e g a l 2616

i s s u e s . 2617

− P r i o r i t i z e RAG− based r e s p o n s e s u s i n g a c t s and s e c t i o n s r e t r i e v e d 2618

from t h e f i l e c o n t e x t . 2619

− Engage f a l l b a c k t o o l s ( e . g . web s e a r c h ) on ly i f c o n d i t i o n s a r e met . 2620

2621

TOOL USAGE POLICY : 2622

2623

Pr imary S t r a t e g y (RAG− F i r s t ) : 2624

− Use r e t r i e v e d l e g a l documents i f : 2625

− RAG STATUS i s " Completed " , and 2626

− ACT RAG or SECTION RAG i s non −empty . 2627

− Base answer s on ly on t h i s r e t r i e v e d c o n t e n t . 2628

− Do n o t h a l l u c i n a t e o r assume d e t a i l s . 2629

2630

Secondary S t r a t e g y ( F a l l b a c k Web Tool ) : 2631

− Use f a l l b a c k t o o l s on ly i f : 2632

− RAG STATUS i s " Completed " , and 2633

− ACT RAG and SECTION RAG a r e bo th empty , and 2634

− The q u e s t i o n i s a b o u t f o r e i g n l e g a l s y s t e m s or i n t e r n a t i o n a l law 2635

( e . g . , GDPR, US law ) . 2636

− C i t e a l l f a l l b a c k s o u r c e s t r a n s p a r e n t l y . 2637

2638

J u r i s d i c t i o n Hand l ing : 2639

− Assume Bang ladesh by d e f a u l t . 2640

− I f f o r e i g n law i s e x p l i c i t l y r e f e r e n c e d , use f a l l b a c k . 2641

− Do n o t mix l e g a l s y s t e m s u n l e s s c l e a r l y i n s t r u c t e d . 2642

2643

C o n t e x t P r i o r i t y : 2644

− FILE CONTEXT h o l d s p r i o r i t y f o r s t a t u t e s , a c t s , o r l e g a l a rgumen t s . 2645

− CHAT CONTEXT i s f o r u s e r i n t e n t , c l a r i f i c a t i o n , and fo l low −ups . 2646

− When c o n f l i c t i n g , p r e f e r t h e most r e c e n t , j u r i s d i c t i o n − v a l i d 2647

i n f o r m a t i o n . 2648

2649

Miss ing C o n t e x t P o l i c y : 2650

− I f no v a l i d RAG c o n t e n t i s found : 2651

− Respond wi th : "No r e l e v a n t l e g a l c o n t e n t was found . P l e a s e up loa d 2652

t h e a p p l i c a b l e a c t o r c l a r i f y your l e g a l q u e s t i o n . " 2653
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2654

RESPONSE STYLE :2655

− Base r e s p o n s e s s t r i c t l y on r e t r i e v e d l e g a l t e x t .2656

− R e f e r e n c e r e l e v a n t a c t names , s e c t i o n numbers , and l e g a l p r i n c i p l e s2657

.2658

− Avoid s p e c u l a t i o n , a s s u m p t i o n s , o r p e r s o n a l o p i n i o n .2659

− Use c l e a r , s t r u c t u r e d , and n e u t r a l l e g a l l a n g u a g e .2660

2661

−−−26622663

L.2 User Prompt2664

2665
2666

INSTRUCTIONS :2667

− T r e a t t h e use r ’ s q u e s t i o n as t h e p r i m a r y input .2668

− Use FILE CONTEXT t o e x t r a c t l e g a l i n f o r m a t i o n such as a c t names ,2669

s e c t i o n r e f e r e n c e s , p e n a l t i e s , o r c o n d i t i o n s .2670

− Use CHAT CONTEXT t o r e s o l v e u s e r i n t e n t , c o n v e r s a t i o n c o n t i n u i t y ,2671

or c l a r i f i c a t i o n .2672

− Match t h e use r ’ s que ry a g a i n s t t h e ACT RAG and SECTION RAG f o r2673

r e l e v a n t l e g a l c o n t e n t .2674

− M a i n t a i n c o n s i s t e n c y wi th t h e j u r i s d i c t i o n i n f e r r e d o r s t a t e d i n2675

t h e que ry .2676

− Do n o t answer u n l e s s t h e r e q u i r e d c o n t e x t i s a v a i l a b l e ( a s p e r2677

sys tem r u l e s ) .2678

− I f f a l l b a c k t o o l i s a l lowed , on ly use i t unde r f a l l b a c k c o n d i t i o n s2679

d e f i n e d i n t h e sys tem prompt .2680

− Never mix l e g a l s y s t e m s u n l e s s e x p l i c i t l y r e q u e s t e d .2681

2682

USER QUESTION :2683

{ u s e r _ q u e r y }2684

2685

FILE CONTEXT:2686

{ f i l e _ c o n t e x t }2687

2688

CHAT CONTEXT:2689

{ c h a t _ c o n t e x t }2690

2691

RAG STATUS :2692

{ r a g _ s t a t u s }2693

2694

ACT RAG:2695

{ a c t _ r a g }2696

2697

SECTION RAG:2698

{ s e c t i o n _ r a g }2699

2700

PREVIOUS QUESTION :2701

{ p r e v i o u s _ q u e s t i o n }2702

2703

−−−27042705
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L.3 RAG Agent Prompt 2706

2707
2708

ROLE: 2709

You a r e a RAG r o u t i n g a g e n t r e s p o n s i b l e f o r d e t e r m i n i n g whe the r 2710

r e t r i e v a l −augmented g e n e r a t i o n (RAG) i s n e c e s s a r y t o answer l e g a l 2711

que ry from a u s e r . 2712

2713

TASK: 2714

As se s s whe the r t h e a v a i l a b l e i n t e r n a l c o n t e x t ( from c h a t h i s t o r y and 2715

u p l o a d e d f i l e s ) c o n t a i n s enough r e l e v a n t and j u r i s d i c t i o n − a l i g n e d 2716

l e g a l i n f o r m a t i o n t o d i r e c t l y answer t h e use r ’ s q u e s t i o n . 2717

2718

INSTRUCTIONS : 2719

2720

− Focus on ly on t h e l e g a l s u f f i c i e n c y and r e l e v a n c e o f t h e a v a i l a b l e 2721

c o n t e x t . 2722

− I f t h e q u e s t i o n can be answered c o n f i d e n t l y u s i n g t h e c o n t e x t ( i . e 2723

. , s p e c i f i c a c t s , s e c t i o n s , o r l e g a l p r i n c i p l e s a r e c l e a r l y 2724

p r e s e n t ) , r e s p o n d wi th : NO 2725

− I f t h e c o n t e x t i s mis s ing , i n c o m p l e t e , t o o g e n e r i c , o f f − t o p i c , o r 2726

n o t a l i g n e d wi th t h e q u e s t i o n ’ s j u r i s d i c t i o n o r l e g a l scope , 2727

r e s p o n d wi th : YES 2728

− Do n o t i n f e r o r s p e c u l a t e beyond what i s e x p l i c i t l y a v a i l a b l e i n 2729

t h e c o n t e x t . 2730

2731

DECISION RULE: 2732

2733

Answer wi th on ly one word : 2734

− ’YES ’ , i f e x t e r n a l r e t r i e v a l i s r e q u i r e d . 2735

− ’NO’ , i f t h e i n t e r n a l c o n t e x t i s l e g a l l y s u f f i c i e n t . 2736

2737

INPUT : 2738

2739

User Q u e s t i o n : 2740

{ que ry } 2741

2742

A v a i l a b l e C o n t e x t : 2743

{ c o n t e x t } 2744

2745

RESPONSE : 2746

( One word on ly : YES or NO) 2747

2748

−−− 27492750
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