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Abstract001

While Large Language Models (LLMs) excel002
at legal document retrieval and case summariza-003
tion, their strategic theory of mind (ToM) rea-004
soning in legal tasks remains largely uninvesti-005
gated. This paper examines LLMs of different006
roles in U.S. Supreme Court oral arguments,007
where Justices challenge Advocates through ad-008
versarial and strategically framed questioning009
before making final decisions. We introduce010
LegalToM, the first benchmark designed to eval-011
uate LLMs ToM reasoning in legal contexts,012
using U.S. Supreme Court oral arguments as a013
natural testbed. In LegalToM, a Justice agent014
predicts future lines of inquiry and produces015
legally coherent, strategically structured ques-016
tions. An Advocate agent interprets judicial017
intentions and generates persuasive responses018
that adapt to the evolving context. We evaluate019
them in four tasks: understanding intentions of020
justices, predicting subsequent questions from021
justices, and generating contextually adaptive022
responses for both justices and advocates. Eval-023
uations of a diverse range of open-source and024
proprietary LLMs show that while larger mod-025
els and extended context windows yield con-026
sistent improvements, even the strongest sys-027
tems fall short of expert human performance.028
LegalToM provides a rigorous testbed for ex-029
ploring the emergence and boundaries of multi-030
agent ToM reasoning and human-AI interac-031
tions in professional legal processes. Our032
project is available at https://anonymous.033
4open.science/r/oral_argument-48DD/.034

1 Introduction035

Large language models (LLMs) are increasingly036

applied in the legal domain for contract review,037

document drafting, and legal retrieval. However,038

their capability to engage in complex legal reason-039

ing dialogues, such as U.S. Supreme Court oral040

arguments (Wolfson, 2001; Johnson et al., 2006),041

remains largely unexplored. In these complex legal042

settings, justices and advocates interact dynami- 043

cally to clarify legal issues and challenge one an- 044

other’s reasoning, making it an ideal testbed for 045

evaluating the limits of LLM reasoning. 046

Supreme Court oral arguments pose unique chal- 047

lenges for LLMs. Questions from the Justices are 048

strategically crafted and often contain implicit in- 049

tentions or hypothetical traps. Moreover, the di- 050

alogues are long, adversarial, and highly context- 051

dependent, requiring reasoning about the beliefs 052

and goals of other participants. These properties 053

go beyond surface-level text understanding and nat- 054

urally align with the core elements of Theory of 055

Mind (ToM) (Premack and Woodruff, 1978), in- 056

cluding the ability to infer others’ hidden intentions, 057

predict their future actions, and generate contextu- 058

ally adaptive responses. 059

To systematically study these challenges, we in- 060

troduce LegalToM, a new benchmark that formal- 061

izes Supreme Court oral arguments as a two-agent 062

environment. As shown in Figure 1, the advocate 063

agent must infer a justice’s hidden intent and pro- 064

duce persuasive responses, while the justice agent 065

predicts subsequent questions and generates coher- 066

ent, strategically framed prompts. This formulation 067

captures both legal reasoning and ToM perspective 068

taking, offering a realistic multi-agent testbed for 069

LLMs. 070

LegalToM is constructed from real Supreme 071

Court oral argument transcripts (Oyez, Inc., 072

2025), comprising 31 cases and 3,884 evalu- 073

ation samples annotated across three difficulty 074

levels and contextual settings. We evaluate 075

a diverse set of open-source models, includ- 076

ing Qwen2.5_1.5B, Qwen2.5_7B, Qwen2.5_70B 077

(Yang et al., 2024), Qwen3_4B, Qwen3_30B 078

(Yang et al., 2025), LLaMA3.3_70B (Meta, 2024), 079

Gemma3_4B (Team et al., 2025), Phi-4_14B (Ab- 080

din et al., 2024), SaulLM-7B (Colombo et al., 081

2024), as well as proprietary models such as GPT- 082

4o (Hurst et al., 2024) and OpenAI’s reasoning 083
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Process of Oral Argument

… Questions: Based on the previous court exchanges, Fill the blank: "So I acknowledge the point that maybe there 
could be other hypothetical applications of the rule that could test the bounds with respect to certain factors, but I 
think that under any conceivable standard for adjudicating this facial challenge, Respondents haven’t come 
anywhere close to satisfying their burden to show that the statute________________________ in the rule"", 
    "A": "clearly establishes the criteria",                 "B": "directly limits the regulations",
    "C": "squarely supports the standards",           "D": "squarely forecloses the standards"

Generating Adaptive Responses as an advocate 

Questions: What was the judge's likely intention for asking “Would your answer change if you ordered it from 
HelloFresh and you got a kit, and it was like turkey chili, but all of the ingredients are in the kit?”

    A: "To explore the boundaries of statutory language concerning kits and their components.
  B: "To evaluate the advocate's grasp of legislative intent in regulating kits.
  C: "To probe the consistency of advocate's analogy regarding the aggregation of parts and their intended function
  D: "To determine the advocate's perspective on the application of statutory language to novel scenarios.

Understanding Justice’s Intention

Questions: Based on the previous court exchanges, what question will Justice Sotomayor most likely ask next?

   "A": "Does the absence of mechanical components impact whether an item is classified as a firearm frame?",
  "B": "So, if you have to drill a hole to attach it to something, that's not a completed frame?",
  "C": "What criteria establish the functional status of a frame or receiver in manufacturing regulations?",
  "D": "How does the definition of 'completed' frame differ from a fully operational firearm under the law?"

Predicting Actions 

ATF, created in 1972, is responsible for regulating firearms under the Gun Control Act of 1968 (GCA). The GCA 
requires federal firearms licensees (FFLs) to conduct background checks, record firearm transfers, and serialize 
firearms when selling or transferring them. The GCA’s regulation of firearms is based on the definition of “firearm,” 
which includes the “frame or receiver.” However, ATF’s 1978 definition of “frame or receiver” became outdated 
due to changes in modern firearm design, such as the AR-15 and Glock pistols. Furthermore, the rise of privately 
made firearms (PMFs) or “ghost guns” posed challenges to law enforcement because they were not regulated 
under the GCA and did not require serialization…

Case background

Generate answers

Extract questions

generate 
answers

Extract questions & answers

Advocate

Justice 1

Question 2

Response 2

Questions:  Fill in the blank: \"Or it could rethink that precedent. In other words, you're saying to leave open the 
question of whether the ______________________________ or, instead, is bad faith or gross misjudgement and that that 
can be considered on remand and can be considered by other courts of appeals, to the Chief Justice's question, that 
have this carveout or separate rule for schools?
    "A": "proper standard is intentional misconduct",        "B": "proper standard is deliberate indifference",
  "C": "proper standard is reckless disregard",                  "D": "proper standard is gross negligence"

Generating Adaptive Responses as a Justice Justice 
Agent

Advocate 
Agent

Extract questions

Extract questions & answers

Figure 1: In Oral Arguments, Justices pose strategically framed and challenging questions. Advocates are required
to infer the motivation underlying a Justice’s question and to construct a reasoned response in defense of their legal
position.

model o3.084

Our evaluation yields several key insights: (1)085

Scaling Performance: While performance scales086

with model size, with larger models capturing nu-087

anced interactions in multi-turn arguments more088

effectively than smaller models, all architectures089

struggle with evolving long-range coherence. (2)090

Contextual Dynamics: Although richer conversa-091

tional context generally improves results, track-092

ing shifts in legal dialogues remains a significant093

challenge. (3) Reasoning Capabilities: Reasoning-094

oriented models, such as o3, demonstrate superior095

proficiency in inferring the intentions of justices096

and advocates, whereas non-reasoning models fre-097

quently overlook underlying beliefs. (4) Inherent098

Limitations: The fact that shifts in a justice’s inten-099

tion within extended passages continue to mislead100

predictions highlights a fundamental deficit in the101

strategic and social reasoning capabilities of cur-102

rent LLMs.103

Our contributions are threefold:104

• We formalize Supreme Court oral arguments105

as a multi-agent legal reasoning environment.106

Our environment captures the strategic and107

adversarial nature of real legal interactions.108

• We define four ToM-inspired tasks to evalu- 109

ate LLMs’ capacity for perspective-taking and 110

strategic reasoning, including intention infer- 111

ence, question prediction, adaptive response 112

generation for justices and advocates. 113

• We present LegalToM, a benchmark built from 114

authentic U.S. Supreme Court oral arguments, 115

and conduct a comprehensive analysis across 116

eleven LLMs, revealing persistent limitations 117

in ToM-like reasoning. 118

2 Related Work 119

LLM about Legal Problems Preliminary re- 120

search has explored LLMs understanding and 121

reasoning of legal concepts. Benchmarks such 122

as LegalBench (Guha et al., 2023), CaseHOLD 123

(Arvin, 2025), LexGLUE (Chalkidis et al., 2021), 124

LEXTREME (Niklaus et al., 2023), LexEval (Li 125

et al., 2024), and SafeLawBench (Cao et al., 2025) 126

evaluate LLMs across various dimensions, includ- 127

ing legal knowledge, reasoning, ethics, multilin- 128

guality, and safety. Specialized legal LLMs such as 129

LEGAL-BERT (Chalkidis et al., 2020), ChatLaw 130

(Cui et al., 2023), LawLLM (Shu et al., 2024), and 131
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SaulLM-7B (Colombo et al., 2024) have further132

advanced domain-specific understanding. Beyond133

single-agent reasoning, multi-agent legal frame-134

works such as Debate-Feedback (Chen et al., 2025)135

and Reflective (Bo et al., 2024) enable agents to136

provide diverse perspectives through iterative de-137

bate and reflection, thereby improving legal argu-138

mentation. However, such multi-agent environ-139

ments do not fully reflect the dynamic, context-140

dependent, and adversarial nature of real legal in-141

teractions, making it difficult to comprehensively142

evaluate models’ abilities.143

Benchmarking LLMs’ ToM Reasoning Accu-144

rately evaluating the ToM capabilities of LLMs145

requires benchmarks that go beyond simple be-146

lief or intention inference. Early datasets such as147

ToMi (Le et al., 2019) and ToM-b (Nematzadeh148

et al., 2018) assess reasoning about beliefs and in-149

tentions in multi-character narratives, while HiToM150

(He et al., 2023) introduces higher-order ToM rea-151

soning. Recent studies (Kosinski, 2023, 2024)152

suggest that models like GPT-4 exhibit emerging153

ToM-like behaviors comparable to young children,154

though their generalization to realistic, strategic,155

and socially complex settings remains limited. Sub-156

sequent benchmarks (ToMChallenges (Ma et al.,157

2023), BigToM (Gandhi et al., 2023), OpenToM158

(Xu et al., 2024), NegotiationToM (Chan et al.,159

2024), ToMBench (Chen et al., 2024), and EPIT-160

OME (Jones et al., 2023)) introduce richer and161

more ecologically valid ToM evaluations, incorpo-162

rating causal templates, negotiation scenarios, and163

automated grading systems. However, these bench-164

marks still rely on short, synthetic narratives and165

fail to capture the strategic dynamics, contextual166

dependencies, and adversarial reasoning found in167

real-world social interactions.168

3 Oral Argument169

3.1 Background of Oral Argument170

U.S. Supreme Court oral arguments (Bright, 1986;171

Wolfson, 2001) play a critical role in the judicial172

process. As the highest judicial authority, the Court173

resolves cases with significant legal and societal im-174

plications, and its rulings establish binding prece-175

dent for lower courts, shaping the interpretation176

and application of law nationwide. These oral ar-177

guments provide a uniquely challenging setting for178

evaluating LLMs’ advanced Theory-of-Mind rea-179

soning capabilities. During arguments, justices180

carefully craft their questions, while advocates181

must respond strategically to defend their positions. 182

This dynamic interaction offers an ideal environ- 183

ment to test whether LLMs can uncover latent in- 184

tentions, predict cognitive state progression, and 185

generate contextually adaptive responses. 186

U.S. Supreme Court oral arguments follow a 187

structured procedure, where justices pose questions 188

and advocates provide responses. The session usu- 189

ally opens with a statement from the Chief Jus- 190

tice or the presiding justice, formally marking the 191

start of the oral argument. Counsel for the appli- 192

cants begins by presenting their legal position and 193

supporting rationale. The justices then pose ques- 194

tions intended to probe the arguments, evidence, 195

and legal foundations advanced by counsel. The 196

respondents’ counsel subsequently delivers their 197

arguments, which are similarly examined through 198

questions posed by the justices. The advocate must 199

reason about the hidden intention behind the jus- 200

tice’s questions and construct a response that de- 201

fends their position. Figure 1 illustrates this inter- 202

action flow. Motivated by this structure, we adopt 203

a ToM formulation to assess whether LLMs can 204

reason about a justice’s latent intention, anticipate 205

subsequent actions, and generate contextually ap- 206

propriate responses in adversarial legal dialogues. 207

3.2 Three Core Challenges of Oral Argument 208

Understanding Hidden Intentions LLMs are 209

typically used to process the explicit meaning of a 210

sentence and generate a relevant factual response. 211

However, ToM requires the model to go further; it 212

must reason about the speaker’s beliefs, intentions, 213

and knowledge, none of which are explicitly stated 214

in the utterance. In Supreme Court oral arguments, 215

justices rarely ask about intentions explicitly; in- 216

stead, they pose strategically challenging questions 217

or hypotheticals to test whether an advocate’s legal 218

argument remains valid under difficult scenarios 219

or could lead to problematic precedents. Conse- 220

quently, LLMs must infer the justice’s underlying 221

intention rather than respond simply to the literal 222

form of the question. 223

Predicting Actions To evaluate whether LLMs 224

can function as a professional justice agent, we ex- 225

amine their ability to generate legally precise and 226

strategically probing questions. The LLM must 227

not only formulate questions that test the advocate 228

agent’s legal reasoning, but also anticipate how 229

its prompts will be interpreted and responded to. 230

This requires reasoning about the advocate’s be- 231
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liefs, intentions, and potential follow-up arguments.232

By simulating a justice agent in this way, LLMs233

demonstrate the capacity to perform contextually234

adaptive questioning, reflecting professional judg-235

ment and advanced ToM reasoning ability.236

Generating Adaptive Responses The ultimate237

test of ToM capability lies in generating persuasive238

and strategically sound responses in high-stakes239

interactions. We frame the test of LLMs’ ToM240

capabilities in Supreme Court oral arguments in241

terms of two agent roles: the advocate agent and242

the justice agent. The advocate agent must produce243

legally sound, logically consistent, and strategi-244

cally effective responses, while the justice agent245

generates coherent and targeted questions that an-246

ticipate the advocate’s likely replies. the justice247

agent generates coherent and targeted questions248

that anticipate the advocate’s likely replies.249

4 Methodology of LegalToM250

4.1 Problem Formulation251

We categorize the challenges of oral arguments252

into three core tasks: understanding intentions, pre-253

dicting actions, and generating adaptive responses254

for both the advocate and justice agents. How-255

ever, since these challenges arise dynamically over256

the course of long, evolving dialogues, traditional257

benchmarks are not well suited for their evaluation.258

To address this, we formalize oral arguments as a259

multi-agent environment, ensuring that the evolv-260

ing context and interactive nature of the debate are261

properly captured.262

We formalize U.S. Supreme Court Oral Argu-263

ments as a multi-agent ToM environment. At each264

turn t, the dialogue involves two primary roles:265

• Justice (J): poses strategically framed ques-266

tions aJt , guided by hidden intentions θJt (e.g.,267

probing the generality of a legal principle, test-268

ing consistency, and exposing weaknesses).269

• Advocate (A): responds in real time, aiming270

to clarify, defend, and persuade by generating271

the utterance aAt272

At each step t, aJt ∼ πJ(· | st, θJt ) and aAt ∼273

πA(· | st, aJt ), where aJt is the justice’s utterance,274

aAt is the advocate’s response, πJ is the justice’s275

questioning strategy conditioned on hidden inten-276

tion θJt , and πA is the advocate’s responding strat-277

egy.278

The advocate does not have direct access to the 279

justice’s latent intention θJt , and must infer it from 280

the dialogue context and the justice’s question. Ef- 281

fective advocacy therefore requires reasoning the 282

hidden intention θJt . In addition, the advocate 283

needs to anticipate the justice’s likely next question 284

aJt+1 based on the current dialogue. Finally, the 285

advocate must generate a response aAt that is both 286

contextually appropriate and persuasive. 287

4.2 Task Design 288

We formalize three evaluation tasks using LLM pre- 289

dictions. In the Intention Understanding task, the 290

model predicts the justice’s hidden intention given 291

the dialogue context st and the justice’s question 292

aJt : 293

θ̂Jt = LLM(st, a
J
t ), 294

where θ̂Jt is the predicted intention generated by 295

the LLM and compared against the labeled ground 296

truth. The justice’s true intention θJt is inherently 297

unobservable. In addition, in oral arguments, the 298

advocate (typically the Solicitor General or other 299

highly experienced attorneys) represents the high- 300

est level of human ability to interpret a justice’s 301

intention. We therefore extract the justice’s inten- 302

tion from the advocate’s responses and use it as 303

ground truth θ̃Jt . 304

In the Action Prediction task, the model an- 305

ticipates the justice’s next question based on the 306

dialogue context, the current justice question, and 307

the advocate’s response: 308

âJt+1 = LLM(st, a
J
t , a

A
t ), 309

where âJt+1 is the predicted next question and is 310

evaluated against the actual next question aJt+1 in 311

the transcript. 312

In the Adaptive Response Generation task, 313

the model produces the advocate’s response con- 314

ditioned on the dialogue context and the current 315

justice question: 316

âAt = LLM(st, a
J
t ), 317

where âAt is the LLM-generated response compared 318

to the human advocate’s reference response. 319

For the justice agent task, the model fills in miss- 320

ing portions of the dialogue to generate legally 321

precise and coherent prompts that reflect proper 322

legal reasoning: 323

âJt+1 = LLM(st, a
A
t ), 324
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where âJt+1 represents the LLM-generated justice325

prompt, formulated based on the dialogue context326

and the advocate’s current response.327

Together, these tasks cover the full cycle of ToM328

reasoning in adversarial dialogue: (i) inferring hid-329

den intentions θJt , (ii) predicting future actions330

aJt+1, and (iii) generating adaptive responses aAt331

and aJt+1. This design provides a structured yet re-332

alistic benchmark for probing LLMs’ multi-agent333

reasoning capabilities in high-stakes legal settings.334

4.3 ToM Tasks Data Curation from Oral335

Arguments336

Each Supreme Court oral argument case typically337

lasts one to two hours, resulting in long and com-338

plex transcripts that require reasoning over ex-339

tended contexts. Our goal is to transform real-340

world oral argument data into a multi-agent setting,341

where LLM justice agents pose questions and the342

LLM advocate agent responds based on authentic343

transcripts. This formulation allows us to simulate344

realistic courtroom interactions while evaluating345

the model’s ability to reason, predict, and gener-346

ate contextually appropriate responses. As illus-347

trated in Figure 1, our task construction follows348

a structured pipeline that converts raw oral argu-349

ment transcripts into task-specific multiple-choice350

evaluation instances. We use GPT-4o (Hurst et al.,351

2024) to assist with content generation during this352

transformation process.353

Task-Specific Data Generation To support the354

construction of task-specific evaluation bench-355

marks, we first preprocess the raw case materials by356

converting case PDFs into Markdown format, en-357

abling structured and efficient downstream process-358

ing. The detailed conversion pipeline is provided359

in the appendix A.1.360

After preprocessing, we generate evaluation361

tasks targeting key challenges for LLM-based ad-362

vocates: (1) inferring a justice’s hidden intention,363

(2) predicting the justice’s next question, and (3)364

producing contextually adaptive responses for both365

the advocate and the justice.366

For Understanding Hidden Intentions, we con-367

struct multiple-choice questions that ask for the jus-368

tice’s likely intention. Since true intentions are not369

directly observable, we assume that expert advo-370

cates can reliably infer them from context. Accord-371

ingly, the advocate’s inferred response is treated as372

the correct option, while distractors are designed to373

be plausible alternatives. These distractors mirror374

the structure and legal framing of the correct an- 375

swer but are intentionally modified to be incorrect. 376

Concretely, a distractor may adopt a similar legal 377

tone or argumentative role while addressing a dif- 378

ferent legal issue, misapplying a relevant doctrine, 379

or being inconsistent with the specific context of 380

the dialogue. To validate this assumption, we sam- 381

ple a subset of the data and ask human legal experts 382

to review the LLM-extracted advocate intentions, 383

confirming the correctness of the generated labels. 384

All prompts used for generating questions and an- 385

swers are provided in Appendix A.3. 386

For Predicting Actions, the model is required to 387

anticipate the justice’s next question based on prior 388

dialogue and context. The ground truth answer is 389

the actual subsequent question from the transcript, 390

requiring the model to emulate human-like legal 391

reasoning. Incorrect and misleading options are 392

generated to increase task difficulty. Details of the 393

prompt design are included in Appendix A.3. 394

For Generating Adaptive Responses, we con- 395

vert expert responses into multiple-choice items 396

by selecting key phrases or legal terms as correct 397

answers. We use LLMs to generate distractor op- 398

tions for evaluation. This tests whether models can 399

identify critical information and produce legally 400

precise, context-aware responses. In addition, we 401

construct two types of response generation tasks: 402

one for advocates and one for justices to assess 403

whether LLMs can successfully function as either 404

side in oral arguments. The advocate generation 405

task tests whether the model can generate persua- 406

sive and contextually appropriate replies to justices’ 407

questions, while the justice generation task eval- 408

uates whether the model can formulate coherent, 409

strategically probing questions or comments that 410

reflect judicial reasoning. The prompts used to gen- 411

erate the questions and corresponding answers are 412

provided in the last part of the appendix A.3. 413

4.4 Experts Verification 414

To ensure the reliability of our evaluation, we con- 415

sulted legal experts to verify the accuracy of LLM- 416

generated content on a subset of the dataset, espe- 417

cially concerning intention extraction. The experts 418

additionally affirmed that our tasks and questions 419

were well-defined and meaningful within the legal 420

context (Seeing Appendix C). 421

4.5 Evaluation 422

To evaluate LLMs’ abilities on Understanding Hid- 423

den Intentions and Predicting Actions, we adopt 424
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Model Names Understanding Intention Predicting Actions Generating Responses for Advocate Generating Responses for Justice

BG BG+CC BG+CC+PC BG BG+CC BG+CC+PC BG BG+CC BG+CC+PC BG BG+CC BG+CC+PC

Closed-source Models
o3(Reasoning) 84.83 85.48 82.56 75.36 88.40 91.13 81.77 83.09 82.71 73.45 73.88 75.20
Gpt-4o 82.89 80.86 81.83 60.63 70.27 88.66 69.80 70.72 72.61 57.14 56.13 62.14

Open-source Models
Qwen2.5_1.5b_instruct 68.21 69.26 65.53 59.71 65.19 60.76 53.81 56.22 59.13 49.34 53.51 53.70
Qwen2.5_7b_instruct 77.45 77.21 78.02 50.20 77.44 75.88 60.10 62.34 63.59 53.77 58.16 59.30
Qwen2.5_72b_instruct 82.32 83.62 85.89 45.76 77.44 80.05 71.86 73.44 75.31 63.30 64.23 66.51
Qwen3_4b_instruct 73.15 73.15 75.75 42.11 66.10 64.41 56.85 58.52 62.22 47.80 51.29 52.45
Qwen3_30b_instruct 83.29 83.37 84.27 60.63 83.70 85.01 65.32 66.87 67.94 57.75 60.85 60.98
Gemma3_4b_instruct 64.23 64.23 70.80 29.34 49.28 52.02 46.91 48.86 52.28 40.89 44.75 46.94
Phi-4_14b 82.16 83.13 84.02 38.98 73.53 70.14 66.08 66.49 66.60 60.31 63.79 63.89
Llama3.3_70b_instruct 84.83 85.00 84.91 64.93 88.79 88.79 67.53 70.12 72.30 62.05 62.91 64.88
Saul_7b_instruct (law) 66.34 66.91 60.02 33.25 51.63 47.72 39.79 38.28 35.27 34.53 36.24 33.02

Table 1: Performance of reasoning, closed-source, and open-source models under three context conditions. BG
provides the case background, BG+CC further includes the current conversation, and BG+CC+PC incorporates the
preceding three conversations. We evaluate Understanding Intention, Action Prediction, and Response Generation
using accuracy (%). Bold-underlined indicates the strongest among all models; bold indicates the strongest among
non-reasoning models.

multiple-choice questions. This setup renders eval-425

uation straightforward, as performance can be di-426

rectly quantified using accuracy. Since all of our427

questions are in multiple-choice format, we only428

need to calculate the accuracy to evaluate how dif-429

ferent models perform on our tasks.430

5 Experiments431

The evaluation comprises four tasks, each probing432

a distinct aspect of ToM reasoning in legal dis-433

course. The first task focuses on reasoning about434

hidden intentions, requiring the model to infer the435

true motivations behind a justice’s questions. The436

second task involves predicting next actions, where437

the model anticipates the justice’s subsequent ques-438

tion based on the preceding dialogue context. The439

third and fourth tasks examine generating adaptive440

responses in which the models act as advocates441

and justices to produce high quality, contextually442

appropriate replies.443

5.1 Experimental Setup444

Baseline Models We evaluate GPT-o3 and GPT-445

4o (Hurst et al., 2024) as a representative closed-446

source model. GPT-o3 denotes the reasoning447

model. For open-source models, we assess a range448

of Instruct models spanning 1.5B to 72B parame-449

ters, including Qwen2.5-1.5B-Instruct, Qwen2.5-450

7B-Instruct, Qwen2.5-72B-Instruct (Yang et al.,451

2024), Qwen3-4B-Instruct, Qwen3-30B-Instruct452

(Yang et al., 2025), Gemma3-4B-Instruct (Team453

et al., 2025), Phi-4 (Abdin et al., 2024), LLaMA3.3-454

70B-Instruct (Dubey et al., 2024), and Saul-7B-455

Instruct (Colombo et al., 2024). Among these, Saul-456

7B-Instruct is specifically fine-tuned on legal texts,457

optimizing its performance for legal terminology. 458

Oral Arguments Dataset We selected 31 oral 459

argument cases covering a diverse range of legal 460

scenarios, including education, criminal and pro- 461

cedural matters, immigration and citizenship, en- 462

vironmental and administrative regulation, labor 463

and employment, commercial and civil disputes, 464

and constitutional and public rights. These cases 465

provide a rich testbed for evaluating both legal rea- 466

soning and the reasoning capabilities of LLMs. 467

From these 31 cases, we generated a dataset com- 468

prising 3,884 question-answer pairs across three 469

tasks. The Understanding Hidden Intentions task 470

contains 1,233 questions, Predicting Next Actions 471

includes 767 multiple-choice questions, and Gen- 472

erating Adaptive Responses comprises 1,884 ques- 473

tions, divided between the advocate (970) and the 474

justice (914) roles. 475

5.2 Experimental Results 476

This section presents the results of our experiments, 477

evaluating the performance of various LLMs on 478

four distinct tasks. To facilitate analysis, We seg- 479

mented the long dialogue into a series of smaller 480

conversations, each anchored by the names of 481

justices, to facilitate a comparative evaluation of 482

model performance under two distinct conversa- 483

tional context configurations: a limited condition 484

providing only the immediate background and cur- 485

rent turn, and a richer condition including three pre- 486

ceding conversational turns. In Table 1, we divide 487

the context into different types: the background 488

is denoted as BG, the current conversation as CC, 489

and the preceding three conversations as PC. 490

As shown in the radar chart (Figure 2a), the rea- 491
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Figure 2: Performance comparison across all tasks with different contexts (BG, BG+CC, BG+CC+PC).

soning model o3 achieves the best overall perfor-492

mance across all four tasks. We observe that the493

reasoning model o3 achieves the best overall per-494

formance across all four tasks. Among the non-495

reasoning models, Qwen2.5-72B attains the high-496

est scores in Understanding Intention and Generat-497

ing Responses for advocate, Llama3-70B performs498

best in Predicting Actions, and GPT-4o achieves499

the top score in Generating Responses for justice.500

Figure 2b shows that smaller models perform501

less effectively, with Saul achieving the lowest502

scores. Although Saul is fine-tuned on legal-503

domain data, its lower performance indicates that504

our benchmark primarily evaluates models’ ToM505

reasoning under long-context scenarios rather than506

domain-specific knowledge.507

5.3 Difficulty Classification508

We categorized the tasks by difficulty (see Table 2),509

enabling our benchmark to better establish diffi-510

culty levels and evaluate models of varying capa-511

bilities. We categorize question difficulty based on512

the accuracy achieved by different models. Under513

the hard tasks, different models achieve accuracies514

ranging from 37% to 62%, providing a set of highly515

challenging problems for LLMs. Detailed results516

of three difficulties are presented in Tables 8, 9, and517

10.518

5.4 Analysis519

Conversational Context As shown in Table 1,520

our experiments reveal a consistent trend: pro-521

viding models with richer conversational context,522

including preceding turns, improves their perfor-523

Task Easy Medium Hard Total

Advocate Keywords 324 323 323 970
Justice Keywords 307 305 305 917
Intention Analysis 369 554 310 1,233
Prediction Task 230 345 192 767

Total 1,230 1,527 1030 3,887

Table 2: Task difficulty statistics

mance. We observe that model performance gen- 524

erally improves as more context is provided, espe- 525

cially for larger models. However, smaller models, 526

such as Qwen2.5-1.5B and Saul-7B, sometimes 527

exhibit degraded performance when additional con- 528

text is introduced. This decline may be due to their 529

limited capacity to effectively encode and utilize 530

long-range contextual information, which can lead 531

to confusion or interference from irrelevant details, 532

thereby reducing overall task accuracy. 533

Effect of Model Size Our analysis on the oral ar- 534

guments dataset reveals that the Qwen2.5 series fol- 535

lows a clear scaling law. Performance consistently 536

improves with model size. Seeing Figure 3, this 537

strong trend indicates that larger parameter counts 538

and greater overall capacity are crucial for cap- 539

turing the complex, nuanced information required 540

by these tasks. Notably, smaller models, such as 541

Qwen2.5-1.5B, may struggle with longer contex- 542

tual dependencies, highlighting the importance of 543

both scale and context utilization in multi-turn rea- 544

soning. 545

Reasoning Model As a reasoning model, o3 546

more accurately captures judges’ and advocates’ 547
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Figure 3: Qwen2.5 models follow a scaling law: per-
formance consistently improves as model size increases
from 1.5B to 72B, with larger models benefiting more
from richer context.

subtle beliefs and intentions in long-context dia-548

logues, enabling it to make more accurate predic-549

tions about their likely next moves. For example, in550

the item shown in Table 6, nearly all non-reasoning551

models failed, whereas o3 correctly inferred that552

Justice Sotomayor had just pointed out that “intent553

is not even an issue here,” and anticipated that her554

next question would refocus the argument on the555

matter for which the Court granted certiorari (see556

Table 4 for details).557

In contrast, non-reasoning models such as558

Qwen2.5-72B did not effectively capture the jus-559

tice’s beliefs regarding the previous question.560

Qwen2.5-72B focused primarily on the definitions561

and implications of “bad faith” and “intent to dis-562

criminate,” and on the need to further clarify how563

the standards for intent apply differently to various564

forms of relief, such as damages versus injunctive565

relief (see Table 5). Because it failed to account566

for Justice Sotomayor’s underlying concern about567

the specific legal question, Qwen2.5-72B produced568

an incorrect prediction.569

Questions All Agents Fail In LegalToM, several570

highly challenging cases remained unsolved by all571

models, including the reasoning model o3. These572

failures occurred when models could not track573

shifts in a justice’s intention during long explana-574

tory passages, instead over-focusing on surface de-575

tails, which led to a misunderstanding of the hidden576

intention. As shown in Table 7, although Justice577

Sotomayor devoted a lengthy discussion to the re-578

lationship between mens rea and intent, she began579

by stating, “Motive, in — intent — we don’t care 580

about motive,” indicating that motive and intent 581

were not her primary concern. Nevertheless, even 582

the most capable o3 model was misled by her ex- 583

tended exposition and concluded that her aim was 584

to “Evaluate the advocate’s interpretation of the 585

statutory language regarding intent requirements.”. 586

This example illustrates the challenges LLMs face 587

in reasoning over long, nuanced legal discourse and 588

accurately inferring hidden intentions. 589

6 Conclusion 590

We introduce a novel multi-agent framework to 591

evaluate LLMs’ ToM reasoning in the complex, ad- 592

versarial setting of U.S. Supreme Court oral argu- 593

ments, formalizing three core tasks: understanding 594

hidden intentions, predicting subsequent questions, 595

and generating contextually adaptive responses. 596

Using this testbed, we find that performance scales 597

with model size, larger models better capture multi- 598

turn interactions, and reasoning-oriented models 599

such as o3 more effectively infer justices’ and advo- 600

cates’ intentions. Nevertheless, all models struggle 601

with evolving intentions and long-range coherence, 602

and shifts in a justice’s intention within extended 603

passages reveal fundamental limitations in strategic 604

and social reasoning, highlighting challenges for 605

developing context-aware, multi-agent legal rea- 606

soning LLMs. 607

7 Limitations 608

While our study demonstrates the benefits of pro- 609

viding richer conversational context in multi-turn 610

legal dialogues, several limitations remain. First, 611

our dataset, although drawn from real oral argu- 612

ment dialogues, is still limited and may not fully 613

capture the diversity and complexity of real-world 614

legal proceedings. Importantly, even though the 615

justices and advocates are highly professional, er- 616

rors can still occur during their exchanges. Since 617

we take the justices’ and advocates’ dialogues as 618

the ground-truth labels for our tasks, this may in- 619

troduce occasional inaccuracies. Second, despite 620

improvements in handling long contexts, models 621

continue to face challenges in capturing deeper rea- 622

soning and nuanced ToM aspects, such as inferring 623

judges’ beliefs, intentions, and strategic reasoning 624

in complex interactions. 625
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8 Ethical Considerations626

This research complies with the ACL Ethics Policy.627

All data used in this study are drawn from pub-628

licly available U.S. Supreme Court oral argument629

transcripts. A subset of the data, including LLM-630

extracted intentions, was manually verified by legal631

experts to ensure accuracy. All data contain no pri-632

vate or personally identifiable information. The633

dialogues analyzed represent official judicial pro-634

ceedings and are used solely for academic research635

purposes. Our work aims to advance understanding636

of language models’ reasoning and Theory of Mind637

capabilities in legal contexts, without attempting to638

replace or simulate actual judicial decision-making.639

No data manipulation, fabrication, or misrepresen-640

tation was involved. We also ensured that model641

outputs and analyses were reviewed for fairness642

and interpretability to avoid potential bias or mis-643

use in real-world legal applications.644
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A Further Details on Generating806

Questions807

A.1 Method for Preprocessing808

We obtain the oral argument transcripts (Oyez, Inc.,809

2025) in PDF format and preprocess them by con-810

verting the PDFs into Markdown format. This811

preprocessing segments the conversations between812

individual justices and advocates into structured813

blocks, as illustrated in Listing 1.814

Listing 1: Example of segmented oral argument dia-
logue in Markdown format

815
## Justice Thomas816
### Justice Thomas:817
Under your approach, what would that correct818

standard look like and how would it be819
applied here?820

### Nathaniel A.G. Zelinsky:821
Justice Thomas, we think the standard is the "822

totality of the circumstances" standard that823
this Court articulated in Graham and Garner824

, Scott, and Plumhoff.825
...826
## Justice Kavanaugh827
### Justice Kavanaugh:828
Was it reasonable to --for the officer to jump829

on the side of the car?830
### Nathaniel A.G. Zelinsky:831
So, Just -- Justice Kavanaugh, we don't think it832

was in this particular case, but that's833
precisely the issue that the lower courts834
couldn't evaluate because they applied this835
legal amnesia and only look at the fact that836
the officer was on the moving vehicle.837

...838

A.2 Method for Generating Questions839

For the first task, Understanding Hidden Inten-840

tions, we construct multiple-choice questions that841

ask for the justice’s intention behind a given ques-842

tion, for example: "What was the justice’s likely843

intent in asking this question?" followed by the844

verbatim text of the justice’s question. For generat-845

ing correct and distract options in multiple-choice846

questions, there is no definitive ground truth that847

can conclusively determine a justice’ intentions. In848

the dialogue, justices and advocates merely discuss849

the specifics of a case, and the hidden intention be-850

hind a justice’s question remains concealed, mak-851

ing it impossible to observe directly. Nevertheless,852

both the justices and the advocates participating853

in oral arguments are highly specialized experts854

in the legal domain. The justices are members of855

the Supreme Court, and the advocates are either856

representatives of the Solicitor General’s office or857

senior attorneys. Advocates engage in thorough858

preparation before oral arguments and bring sub- 859

stantial legal expertise to the proceedings. Based 860

on this, our approach is as follows: we assume that 861

the advocate can infer the justice’s intention. 862

For the second task, Predicting Actions, the 863

question is formulated as: "Based on the previ- 864

ous court exchanges, what question will the justice 865

most likely ask next?" The Justice’s next question 866

can serve as the ground truth, so the correct answer 867

is the next question extracted directly from the tran- 868

script. LLMs must integrate prior judicial ques- 869

tions, advocates’ responses, and the broader legal 870

context. This task goes beyond surface-level text 871

generation, aiming instead to emulate human-like 872

legal reasoning. The model is required to antici- 873

pate the legal or factual issues that a justice is most 874

likely to focus on next. 875

For the final task, Generating Adaptive Re- 876

sponses, we assume that the advocate and justice 877

are sufficiently expert to provide professional and 878

reasonable answers based on human knowledge. 879

We then convert the advocate’s and justice’s re- 880

sponses into multiple-choice questions by selecting 881

key phrases or legal terms as the correct answers 882

and creating plausible distractors. This setup al- 883

lows us to evaluate whether models can identify 884

and select critical information, articulate core ar- 885

guments, and use appropriate legal terminology in 886

context, rather than assessing the overall coherence 887

of long form responses. 888

A.3 Prompts for Generating Questions 889

To generate questions for assessing understanding 890

of intentions, we employ the following prompt: 891

You are an expert in legal dialogue analysis. 892
Your task is to evaluate 893

whether a dialogue segment contains substantive 894
judicial interactions worth analyzing. 895

896
BE VERY STRICT: Only approve dialogues that 897

reveal significant judicial reasoning. 898
899

IMMEDIATELY REJECT if the dialogue contains: 900
- Simple "Yes/No" answers or basic confirmations 901
- Pure procedural exchanges ("Thank you, Your 902

Honor") 903
- Brief interruptions or clarifications 904
- Administrative housekeeping matters 905
- Single question without substantial response 906
- Repetitive or redundant content 907

908
ONLY APPROVE if the dialogue demonstrates: 909
1. Complex judicial questioning with strategic 910

purpose 911
2. Substantial advocate responses revealing 912

judicial intent 913
3. Clear evidence of deep legal reasoning or 914

analysis 915

11



4. Multiple meaningful exchanges showing916
judicial thought process917

5. Significant substantive legal content worth918
studying919

920
Return a JSON object with:921
{922
"generate_questions": true/false,923
"complexity_score": 1-10,924
"reason": "explanation for decision",925
"key_interactions": ["list of important926

judicial questions"]927
}928

929
"You are a SUPREME COURT CLERK creating930

IMPOSSIBLY DIFFICULT questions that would931
challenge the finest legal minds. "932

"Your task is to select the 3 most933
MICROSCOPICALLY DECEPTIVE incorrect options934
that would fool Supreme Court justices935
themselves. "936

"ELITE SELECTION CRITERIA - Choose options that937
are:\n"938

"1. INDISTINGUISHABLE from correct answers even939
to constitutional law professors\n"940

"2. Require GENIUS-LEVEL understanding of941
judicial psychology, precedent, and micro-942
contextual analysis to eliminate\n"943

"3. Use IDENTICALLY sophisticated legal944
terminology, sentence structure, and945
analytical depth as correct answer\n"946

"4. Represent judicial strategies so nuanced947
they differ by single words or microscopic948
timing assumptions\n"949

"5. Test distinctions so fine that only perfect950
understanding of this specific justice's951
psychology can resolve them\n"952

"6. Would be considered correct by 95% of953
federal judges and 90% of constitutional law954
professors\n"955

"7. Differ from the correct answer by virtually956
undetectable nuances that require PhD-level957
legal theory to spot\n\n"958

"ABSOLUTE REJECTIONS - NEVER select options that959
:\n"960

"- Can be eliminated by anyone short of a961
Supreme Court justice or top-tier law962
professor\n"963

"- Use even slightly different levels of964
sophistication, complexity, or terminology\n965
"966

"- Would be obviously wrong to federal appellate967
judges\n"968

"- Lack the surgical precision and microscopic969
accuracy of the correct answer\n\n"970

"Return only the 3 most challenging distractors,971
separated by commas."972

To generate questions for Predicting Actions, we973

employ the following prompt:974

"You are an expert in legal dialogue analysis.975
Your task is to evaluate "976

"whether a dialogue segment contains substantive977
judicial interactions worth analyzing.\n\n"978

979
"BE VERY STRICT: Only approve dialogues that980

reveal significant judicial reasoning.\n\n"981
982

"IMMEDIATELY REJECT if the dialogue contains:\n"983

"- Simple \"Yes/No\" answers or basic 984
confirmations\n" 985

"- Purely procedural exchanges (scheduling, 986
format, etc.)\n" 987

"- Administrative comments without legal 988
substance\n" 989

"- Repetitive or redundant exchanges\n" 990
"- Greetings, thanks, or basic courtesies\n\n" 991

992
"APPROVE ONLY if the dialogue contains:\n" 993
"- Complex legal reasoning or argumentation\n" 994
"- Judicial probing of legal concepts or 995

precedents\n" 996
"- Detailed factual or procedural discussions\n" 997
"- Strategic legal positioning by advocates\n" 998
"- Constitutional or statutory interpretation\n" 999
"- Multi-part judicial questioning revealing 1000

judicial reasoning\n\n" 1001
1002

"Rate complexity on a scale of 1-10:\n" 1003
"1-3: Simple/procedural (REJECT)\n" 1004
"4-6: Moderate complexity (CONDITIONAL)\n" 1005
"7-10: High complexity (APPROVE)\n\n" 1006

1007
"Return JSON format:\n" 1008
"{\n" 1009
" \"generate_questions\": true/false,\n" 1010
" \"complexity_score\": 1-10,\n" 1011
" \"reason\": \"Brief explanation\",\n" 1012
" \"key_interactions\": [\"list of important 1013

exchanges or concepts\"]\n" 1014
"}" 1015

1016
"You are creating incorrect alternative 1017

questions for a multiple choice test about 1018
predicting judicial questions. " 1019

"Your goal is to make wrong answers that are 1020
EASY to distinguish (target 70% correct rate 1021
).\\n\\n" 1022

1023
"The fake questions should be:\\n" 1024
"- Most should be about obviously different 1025

legal topics or concepts\\n" 1026
"- Many should be generic questions that could 1027

be asked anytime\\n" 1028
"- Some should be about different stages or 1029

timing that don't fit the current flow\\n" 1030
"- Include procedural questions that don't match 1031

the immediate context\\n" 1032
"- Make the majority clearly distinguishable 1033

from the correct answer\\n\\n" 1034
1035

"Make these distractors EASY to distinguish - 1036
they should be obviously wrong " 1037

"when you consider what was just discussed and 1038
what would logically follow.\\n\\n" 1039

1040
"Return JSON format:\\n" 1041
'{\\n' 1042
' "possible_questions": ["question1", " 1043

question2", ... "question10"]\\n' 1044
'}' 1045

To generate Adaptive Response Generation ques- 1046

tions for advocate, we employ the following 1047

prompt: 1048

"You are an expert in legal dialogue analysis. 1049
Your task is to evaluate " 1050

"whether a dialogue segment contains substantive 1051
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judicial interactions worth analyzing.\n\n"1052
1053

"BE VERY STRICT: Only approve dialogues that1054
reveal significant judicial reasoning.\n\n"1055

1056
"IMMEDIATELY REJECT if the dialogue contains:\n"1057
"- Simple \"Yes/No\" answers or basic1058

confirmations\n"1059
"- Purely procedural exchanges (scheduling,1060

format, etc.)\n"1061
"- Administrative comments without legal1062

substance\n"1063
"- Repetitive or redundant exchanges\n"1064
"- Greetings, thanks, or basic courtesies\n\n"1065

1066
"APPROVE ONLY if the dialogue contains:\n"1067
"- Complex legal reasoning or argumentation\n"1068
"- Judicial probing of legal concepts or1069

precedents\n"1070
"- Detailed factual or procedural discussions\n"1071
"- Strategic legal positioning by advocates\n"1072
"- Constitutional or statutory interpretation\n"1073
"- Multi-part judicial questioning revealing1074

judicial reasoning\n\n"1075
1076

"Rate complexity on a scale of 1-10:\n"1077
"1-3: Simple/procedural (REJECT)\n"1078
"4-6: Moderate complexity (CONDITIONAL)\n"1079
"7-10: High complexity (APPROVE)\n\n"1080

1081
"Return JSON format:\n"1082
"{\n"1083
" \"generate_questions\": true/false,\n"1084
" \"complexity_score\": 1-10,\n"1085
" \"reason\": \"Brief explanation\",\n"1086
" \"key_interactions\": [\"list of important1087

exchanges or concepts\"]\n"1088
"}"1089

To generate Adaptive Response Generation ques-1090

tions for justice, we employ the following prompt:1091

"You are an expert in legal dialogue analysis.1092
Your task is to evaluate "1093

"whether a dialogue segment contains substantive1094
judicial interactions worth analyzing.\n\n"1095

1096
"BE VERY STRICT: Only approve dialogues that1097

reveal significant judicial reasoning.\n\n"1098
1099

"IMMEDIATELY REJECT if the dialogue contains:\n"1100
"- Simple \"Yes/No\" answers or basic1101

confirmations\n"1102
"- Purely procedural exchanges (scheduling,1103

format, etc.)\n"1104
"- Administrative comments without legal1105

substance\n"1106
"- Repetitive or redundant exchanges\n"1107
"- Greetings, thanks, or basic courtesies\n\n"1108

1109
"APPROVE ONLY if the dialogue contains:\n"1110
"- Complex legal reasoning or argumentation\n"1111
"- Judicial probing of legal concepts or1112

precedents\n"1113
"- Detailed factual or procedural discussions\n"1114
"- Strategic legal positioning by advocates\n"1115
"- Constitutional or statutory interpretation\n"1116
"- Multi-part judicial questioning revealing1117

judicial reasoning\n\n"1118
1119

"Rate complexity on a scale of 1-10:\n" 1120
"1-3: Simple/procedural (REJECT)\n" 1121
"4-6: Moderate complexity (CONDITIONAL)\n" 1122
"7-10: High complexity (APPROVE)\n\n" 1123

1124
"Return JSON format:\n" 1125
"{\n" 1126
" \"generate_questions\": true/false,\n" 1127
" \"complexity_score\": 1-10,\n" 1128
" \"reason\": \"Brief explanation\",\n" 1129
" \"key_interactions\": [\"list of important 1130

exchanges or concepts\"]\n" 1131
"}" 1132

We generate multiple misleading incorrect op- 1133

tions and then select the three most effective ones 1134

to increase the difficulty of the questions. 1135

B Further Details on Answering 1136

Questions 1137

To answer questions for understanding of inten- 1138

tions, we employ the following prompt: 1139

1140
"You are an expert in legal language analysis 1141

and advocate statement comprehension. " 1142
"You will be given a legal case background, 1143

dialogue context, and a multiple-choice 1144
question " 1145

"about identifying key legal terms, phrases, or 1146
concepts from advocate statements.\n\n" 1147

1148
"Your task is to:\n" 1149
"1. Carefully analyze the case background and 1150

dialogue context\n" 1151
"2. Focus on the specific advocate statement 1152

provided\n" 1153
"3. Identify which legal concept, term, or 1154

phrase is most relevant to the advocate's 1155
argument\n" 1156

"4. Consider the legal significance and context 1157
of each option\n" 1158

"5. Select the option that best captures the key 1159
legal point being made\n\n" 1160

1161
"Focus on:\n" 1162
"- Core legal concepts and principles\n" 1163
"- Important statutory references and legal 1164

authorities\n" 1165
"- Procedural requirements and legal standards\n 1166

" 1167
"- Case law principles and precedents\n" 1168
"- Constitutional provisions and interpretations 1169

\n" 1170
"- Technical legal terminology essential to the 1171

argument\n\n" 1172
1173

"Please provide your reasoning and end with your 1174
final answer in the format \\boxed{{answer 1175
}}." 1176

To answer questions for predicting actions, we 1177

employ the following prompt: 1178

1179
"You are an expert in judicial questioning 1180

patterns and legal dialogue analysis. " 1181
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"You will predict what question a Justice is1182
most likely to ask next based on the context1183
provided.\n\n"1184

1185
"Your task is to:\n"1186
"1. Analyze the cumulative context and dialogue1187

flow\n"1188
"2. Consider the Justice's established1189

questioning patterns and priorities\n"1190
"3. Evaluate the logical progression of the1191

legal discussion\n"1192
"4. Predict what information or clarification1193

the Justice would most likely seek next\n"1194
"5. Use your understanding of judicial behavior1195

and legal procedure\n"1196
"6. Select the most likely next question from1197

the given options\n\n"1198
1199

"Focus on:\n"1200
"- Natural flow of judicial inquiry\n"1201
"- Unresolved issues that need clarification\n"1202
"- The Justice's apparent concerns and1203

priorities\n"1204
"- Standard legal questioning protocols\n"1205
"- Follow-up questions that logically flow from1206

the current discussion\n\n"1207
1208

"Please provide your reasoning and end with your1209
final answer in the format \\boxed{{answer1210

}}."1211

To answer Adaptive Response Generation ques-1212

tions for advocate, we employ the following1213

prompt:1214

1215
"You are an expert in legal language analysis1216

and advocate statement comprehension. "1217
"You will be given a legal case background,1218

dialogue context, and a multiple-choice1219
question "1220

"about identifying key legal terms, phrases, or1221
concepts from advocate statements.\n\n"1222

1223
"Your task is to:\n"1224
"1. Carefully analyze the case background and1225

dialogue context\n"1226
"2. Focus on the specific advocate statement1227

provided\n"1228
"3. Identify which legal concept, term, or1229

phrase is most relevant to the advocate's1230
argument\n"1231

"4. Consider the legal significance and context1232
of each option\n"1233

"5. Select the option that best captures the key1234
legal point being made\n\n"1235

1236
"Focus on:\n"1237
"- Core legal concepts and principles\n"1238
"- Important statutory references and legal1239

authorities\n"1240
"- Procedural requirements and legal standards\n1241

"1242
"- Case law principles and precedents\n"1243
"- Constitutional provisions and interpretations1244

\n"1245
"- Technical legal terminology essential to the1246

argument\n\n"1247
1248

"Please provide your reasoning and end with your1249

final answer in the format \\boxed{{answer 1250
}}." 1251

To answer Adaptive Response Generation ques- 1252

tions for justice, we employ the following prompt: 1253

1254
"You are an expert in legal language analysis 1255

and judicial questioning comprehension. " 1256
"You will be given a legal case background, 1257

dialogue context, and a multiple-choice 1258
question " 1259

"about identifying key legal terms, phrases, or 1260
concepts from judicial questions.\n\n" 1261

1262
"Your task is to:\n" 1263
"1. Carefully analyze the case background and 1264

dialogue context\n" 1265
"2. Focus on the specific judicial question 1266

provided\n" 1267
"3. Identify which legal concept, term, or 1268

phrase is most relevant to the justice's 1269
inquiry\n" 1270

"4. Consider the legal significance and context 1271
of each option\n" 1272

"5. Select the option that best captures the key 1273
legal point being made\n\n" 1274

1275
"Focus on:\n" 1276
"- Core legal concepts and principles\n" 1277
"- Important statutory references and legal 1278

authorities\n" 1279
"- Procedural requirements and legal standards\n 1280

" 1281
"- Case law principles and precedents\n" 1282
"- Constitutional provisions and interpretations 1283

\n" 1284
"- Technical legal terminology essential to the 1285

argument\n\n" 1286
1287

"Please provide your reasoning and end with your 1288
final answer in the format \\boxed{{answer 1289
}}." 1290

C Analysis of Legal Experts 1291

The correct answer is C of the Question 3, and this 1292

question is interesting precisely because it exposes 1293

the pressure point of Supreme Court advocacy. 1294

Justice Jackson isn’t quibbling over wording 1295

for sport. She’s performing a jurisdiction-defining 1296

move. When she asks what the question “presented 1297

in this case actually is,” she’s signaling something 1298

fundamental: the Court can only decide what is 1299

properly before it. Everything else-policy argu- 1300

ments, doctrinal cleanup, institutional anxiety-is 1301

noise unless tethered to that question. 1302

1. Drawing a hard boundary around the Court’s 1303

role: Supreme Court justices are acutely sensitive 1304

to overreach. By drilling into the Question Pre- 1305

sented, Justice Jackson is asking whether the Court 1306

is being asked to decide whether a uniquely strin- 1307

gent standard applies at all, or merely whether this 1308
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particular standard (bad faith or gross misjudgment)1309

qualifies as such. That distinction determines the1310

scope of the ruling—narrow case resolution versus1311

sweeping doctrinal shift.1312

2. Exposing strategic ambiguity in advocacy:1313

Lisa Blatt attempts to present two readings of the1314

petition. Justice Jackson’s questioning highlights1315

that advocates cannot argue narrow when their1316

briefing argues broad. This reveals how credibility1317

and consistency are essential currencies before the1318

Court.1319

3. Framing everything that follows: Once the1320

Court locks in what the question is, entire lines1321

of argument either survive or collapse—remedies,1322

intent standards, and statutory interpretation all1323

depend on it.1324

Justice Jackson’s question is interesting because1325

it is a gatekeeping move. It forces clarity, con-1326

strains overreach, and reinforces that the Supreme1327

Court is a court of limited questions with lasting1328

consequences.1329

Case Name: A.J.T. v. Osseo Area Schools, Inde-
pendent School District

Question:
question: "What was the judge’s likely intent for
asking ’presented in this case actually is.’?"
A: "To probe the consistency of the advocate’s ar-
gument with previous case law.",
B: "To explore the broader implications of the legal
standards being debated.",
C: "To clarify the specific legal question that the
court needs to address in this case.",
D: "To challenge the advocate’s interpretation of
the legal standards involved."
Answer: "C

Table 3: Example Analyzed by Legal Experts

D Representative Dialogue Cases1330

We provide a representative oral argument case, as1331

shown in Table 6. The table includes a portion of1332

the preceding context from the argument and the1333

corresponding question generated by our justice1334

agent. This illustrates how our method captures the1335

legal dialogue and generates contextually relevant1336

questions.1337

E Details of Difficulty Levels1338

Case Name: A.J.T. v. Osseo Area Schools, Inde-
pendent School District

Model Name: o3

Predicted Answer: A

Explanation: Justice Sotomayor has just pointed
out that intent “is not even an issue here” because
the family already obtained IDEA relief, and coun-
sel responded, “They want more.” A natural follow-
up for Justice Sotomayor is to refocus the argu-
ment on what the Court actually granted certiorari
to decide. She is likely to press counsel to confirm
that, notwithstanding whatever additional relief the
plaintiffs might desire, the only legal question prop-
erly before the Court is whether the Eighth Circuit
applied the correct intent (versus heightened-intent)
standard under Section 504/ADA.
Option A mirrors that clarification: it brackets
counsel’s “they want more” remark and zeroes in
on whether the dispute before the Court is simply
the level of intent required. The other options ei-
ther broaden the discussion too abstractly (B, D) or
divert it to remedies under IDEA (C), which is not
what she has just highlighted.

Table 4: OpenAI o3 Model Output Example
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Case Name: A.J.T. v. Osseo Area Schools, Inde-
pendent School District

Model Name: Qwen2.5-72B

Predicted Answer: B

Explanation: Based on the previous court ex-
changes and the specific context provided, Justice
Sotomayor is most likely to ask:**Option B: Is
there a distinction between seeking damages and
obtaining injunctive relief under the IDEA?** Rea-
soning: 1. **Natural Flow of Judicial Inquiry**:
Justice Sotomayor has been focusing on the def-
initions and implications of "bad faith" and "in-
tent to discriminate." She is concerned about the
broader application of these concepts across dif-
ferent statutes. 2. **Unresolved Issues**: There
is a need to clarify how the standards for intent
apply differently to various forms of relief, such as
damages versus injunctive relief. 3. **Apparent
Concerns and Priorities**: Justice Sotomayor has
shown a concern for the procedural and definitional
clarity in discrimination cases, particularly in the
context of the IDEA. 4. **Standard Legal Ques-
tioning Protocols**: It is common for justices to
explore the distinctions between different types of
legal remedies to ensure that the court’s decision
is well-grounded and consistent with existing legal
principles. Thus, Option B aligns best with the nat-
ural progression of the legal discussion and Justice
Sotomayor’s apparent concerns.

Table 5: Qwen2.5-72B Model Output Example
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Court Dialogue
...
Justice Sotomayor: But they didn’t pass the policy with antireligion animus.
Lisa S. Blatt: If you – let me just give you another example.
Justice Sotomayor: You’re asking – when you’re using the words “bad faith,” you’re talking about
animus.
Lisa S. Blatt: No, I’m talking about — and you can — you’re in charge, so you can say: Intent to
discriminate is the standard. We’re not going to use bad faith. We don’t like that word...
Justice Sotomayor: Counsel, it would have been nice to have known that we were biting off that
big a chunk.
Lisa S. Blatt: I agree. But in terms of what we had to do when you granted cert was look at the
text, and then the blue brief said that there is no intent required.
Justice Sotomayor: By the way, intent’s not even an issue here because there wasn’t an injunction
being — or the lack of an injunction — challenged here. They got the injunction under the IDEA,
didn’t they?
Lisa S. Blatt: They want more.

Question for Justice Agent:
Question: Based on the preceding exchange, what question will Justice Sotomayor most likely ask
next?

A. Well, we can put aside whether they want more. But the only thing before us on the decision
below is whether it’s an intent standard or a heightened standard, correct?

B. In determining the appropriate standard for this case, should we consider whether courts must
require proof of intentional discrimination instead of negligence or indifference?

C. Should we focus on the adequacy of the remedies available under the IDEA, rather than
changes to the intent standard?

D. How does the interpretation of intent in discrimination cases differ between educational and
employment contexts under Title VII?

Correct Answer: A

Table 6: Court Dialogue and Predicting Actions Example
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Court Dialogue
...
Justice Sotomayor: I’m not sure where any of these tests come from, because mens rea is generally
willfulness, which requires knowing what the law is, but the statute doesn’t talk about willfulness.
Motive, in – intent – we don’t care about motive. We’ve said that repeatedly in a bunch of different
contexts. It’s do you know you’re doing the act and are you intending to do the act. If it violates the
law, you’re guilty. Pardon the pun. This is a tort, but you’re responsible. Or you do it knowingly,
knowing that you’re doing the act. So I don’t know where the bad faith comes from. I don’t know
where the gross indifference comes from. I don’t know where the deliberate indifference comes
from. Have you figured that out?
Question for Advocate Agent:
Question: What was the judge’s likely intention for asking ’I’m not sure where any of these tests
come from, because mens rea is generally willfulness, which requires knowing what the law is, but
the statute doesn’t talk about willfulness. Motive, in – intent – we don’t care about motive. We’ve
said that repeatedly in a bunch of different contexts. It’s do you know you’re doing the act and are
you intending to do the act. If it violates the law, you’re guilty. Pardon the pun. This is a tort, but
you’re responsible. Or you do it knowingly, knowing that you’re doing the act. So I don’t know
where the bad faith comes from. I don’t know where the gross indifference comes from. I don’t
know where the deliberate indifference comes from. Have you figured that out?’?

A. Clarify the advocate’s stance on the interplay between statutory causation requirements and
mens rea.

B. Assess the advocate’s understanding and articulation of the statutory basis for different mens
rea standards within disability discrimination law.

C. Probe the advocate’s ability to distinguish between statutory interpretation and judicially
created tests.

D. Evaluate the advocate’s interpretation of the statutory language regarding intent requirements.

Correct Answer: B

Table 7: Court Dialogue and Understanding Intention Example

Model Names Understanding Intention Predicting Actions Generating Responses for Advocate Generating Responses for Justice

BG BG+CC BG+CC+PC BG BG+CC BG+CC+PC BG BG+CC BG+CC+PC BG BG+CC BG+CC+PC

Closed-source Models
o3 (Reasoning) 94.82 93.53 92.35 77.09 89.26 91.23 88.43 89.31 87.33 83.47 82.61 84.27
GPT-4o 92.06 89.71 90.70 62.72 72.67 88.37 76.66 76.53 77.85 73.04 71.06 75.53

Open-source Models
Qwen2.5_1.5b_instruct 82.35 83.53 88.53 60.66 66.03 62.72 68.42 70.97 71.54 64.54 66.17 64.89
Qwen2.5_7b_instruct 89.12 89.12 91.76 51.82 78.83 77.41 75.38 75.33 74.38 71.97 72.55 72.77
Qwen2.5_72b_instruct 90.29 92.35 96.18 48.50 78.20 80.57 83.46 85.77 84.82 78.34 78.30 79.15
Qwen3_4b_instruct 86.18 86.76 90.29 45.02 67.14 66.19 72.57 71.24 72.79 67.09 68.30 67.45
Qwen3_30b_instruct 94.41 94.71 95.00 63.35 84.20 85.47 78.32 78.54 78.32 75.80 78.09 76.81
Gemma3_4b_instruct 76.76 76.76 89.12 32.07 52.13 54.82 62.59 61.86 63.19 57.11 58.51 59.36
Phi-4 91.76 91.76 95.88 42.65 74.25 71.41 78.20 77.99 77.61 76.43 77.66 77.66
Llama3.3_70b_instruct 94.71 94.71 96.18 67.14 89.42 89.10 79.32 79.70 80.65 77.49 77.02 78.30
Saul_7b_instruct 79.41 81.18 72.35 35.07 52.13 49.45 53.57 48.77 40.99 43.52 42.55 36.60

Table 8: Performance on EASY difficulty questions. BG provides the case background, BG+CC further includes
the current conversation, and BG+CC+PC incorporates the preceding conversations. We evaluate Understanding
Intention, Action Prediction, and Response Generation using accuracy (%). Bold-underlined indicates the strongest
among all models; bold indicates the strongest among open-source models.
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Model Names Understanding Intention Predicting Actions Generating Responses for Advocate Generating Responses for Justice

BG BG+CC BG+CC+PC BG BG+CC BG+CC+PC BG BG+CC BG+CC+PC BG BG+CC BG+CC+PC

Closed-source Models
o3 (Reasoning) 86.06 86.49 84.31 75.88 89.14 91.44 86.09 87.34 86.63 75.48 76.74 78.29
GPT-4o 85.40 83.22 77.94 60.23 70.38 89.22 72.96 75.05 75.50 60.36 58.99 65.25

Open-source Models
Qwen2.5_1.5b_instruct 67.97 69.93 61.87 58.67 64.46 60.51 52.69 56.13 58.55 49.70 54.75 55.56
Qwen2.5_7b_instruct 81.26 80.83 84.97 49.79 77.86 75.74 63.45 67.29 67.29 54.33 59.60 61.41
Qwen2.5_72b_instruct 86.49 88.45 93.03 44.85 77.86 80.68 76.81 77.88 80.11 70.02 70.51 71.92
Qwen3_4b_instruct 76.91 77.34 79.96 41.47 65.59 63.61 58.97 61.54 65.17 46.88 52.12 52.93
Qwen3_30b_instruct 88.45 88.45 89.76 60.51 83.64 84.91 72.44 72.01 71.79 62.58 64.24 65.45
Gemma3_4b_instruct 61.22 61.22 71.46 28.63 49.22 52.19 45.64 48.14 54.09 37.63 42.63 45.86
Phi-4 84.97 86.27 89.11 37.80 73.77 70.38 72.73 72.86 71.19 65.79 68.08 68.48
Llama3.3_70b_instruct 86.71 86.93 88.02 64.60 89.28 89.28 73.47 74.91 77.88 67.81 68.28 69.09
Saul_7b_instruct 67.32 67.54 59.04 32.86 51.48 47.25 36.92 36.25 36.06 33.60 35.96 34.34

Table 9: Performance on MEDIUM difficulty questions. BG provides the case background, BG+CC further includes
the current conversation, and BG+CC+PC incorporates the preceding conversations. We evaluate Understanding
Intention, Action Prediction, and Response Generation using accuracy (%). Bold-underlined indicates the strongest
among all models; bold indicates the strongest among open-source models.

Model Names Understanding Intention Predicting Actions Generating Responses for Advocate Generating Responses for Justice

BG BG+CC BG+CC+PC BG BG+CC BG+CC+PC BG BG+CC BG+CC+PC BG BG+CC BG+CC+PC

Closed-source Models
o3 (Reasoning) 73.14 71.90 68.18 70.22 84.93 88.89 73.53 74.58 75.00 62.67 62.86 65.18
GPT-4o 61.16 59.09 77.00 55.51 63.60 85.58 59.34 60.67 61.52 43.85 42.66 50.00

Open-source Models
Qwen2.5_1.5b_instruct 52.89 54.55 43.80 55.70 60.48 56.62 40.91 45.90 49.36 37.10 40.28 41.47
Qwen2.5_7b_instruct 52.48 51.65 50.41 43.20 72.61 71.14 43.64 49.00 51.37 40.67 44.44 46.03
Qwen2.5_72b_instruct 64.46 65.70 64.88 38.79 71.32 74.63 57.45 59.74 62.30 45.44 47.22 50.60
Qwen3_4b_instruct 46.28 46.69 46.28 36.76 60.29 58.64 42.38 44.55 50.10 34.33 35.71 38.49
Qwen3_30b_instruct 60.33 59.92 61.16 53.31 79.04 80.51 50.10 54.26 56.63 40.08 43.25 44.64
Gemma3_4b_instruct 51.24 51.24 49.59 24.26 42.46 44.85 36.91 39.89 44.26 31.75 35.12 34.92
Phi-4 66.12 66.12 66.53 32.35 67.28 64.15 49.82 51.73 52.28 42.26 46.63 50.00
Llama3.3_70b_instruct 71.90 73.55 68.60 59.01 85.29 84.93 50.55 55.01 58.83 44.05 46.23 50.00
Saul_7b_instruct 47.52 47.93 43.80 30.51 47.43 43.93 32.00 31.33 31.15 25.00 26.59 24.60

Table 10: Performance on HARD difficulty questions. BG provides the case background, BG+CC further includes
the current conversation, and BG+CC+PC incorporates the preceding conversations. We evaluate Understanding
Intention, Action Prediction, and Response Generation using accuracy (%). Bold-underlined indicates the strongest
among all models; bold indicates the strongest among open-source models.
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