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Abstract

The integration of Large Language Models001
(LLMs) into scientific team meetings presents002
exciting opportunities to accelerate biomedical003
discovery, especially through their strong deep004
thinking capabilities enabled by multi-step rea-005
soning and web search. However, such meth-006
ods are computationally expensive and intro-007
duce substantial latency, limiting their effec-008
tiveness in real-time Team-AI communications.009
In this study, we propose Deep Think with Re-010
hearsal (DTR), a novel framework that decou-011
ples deep reasoning from synchronous inter-012
action in the AI4Science context. DTR trans-013
fers computationally intensive reasoning into014
an offline rehearsal phase, allowing the LLM015
to pre-cognize complex scientific contexts and016
deliver high-quality, "deep" insights with min-017
imal latency during live interactions. To fa-018
cilitate this research, we introduce the Scien-019
tific Team Meeting Dataset (STMD), a hybrid020
benchmark comprising authentic transcripts021
from three real-world biomedical research labs022
alongside extensive simulated multi-party de-023
liberations synthesized from PubMed literature.024
Experiments in both simulated and real-world025
settings demonstrate that DTR consistently im-026
proves response quality while reducing infer-027
ence latency compared to state-of-the-art meth-028
ods, highlighting the effectiveness of rehearsal029
in enabling low-latency, high-quality scientific030
collaboration.1031

1 Introduction032

Large Language Models (LLMs) have demon-033

strated strong reasoning and tool augmentation034

capabilities, such as chain-of-thought problem-035

solving (Wei et al., 2022; Zhang et al., 2025) and036

tool use via web search (Yao et al., 2022; Schick037

et al., 2023), making them increasingly effective at038

enabling Team-AI collaboration and accelerating039

scientific discovery (Zheng et al., 2025; Singh et al.,040

1Code and data are provided in the supplementary material
and will be made publicly available upon acceptance.
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Figure 1: Comparison of traditional reasoning LLM
and rehearsal LLM in real-time Team-AI collaboration.
The traditional reasoning LLM (left) performs deep
thinking online (during the meeting) with high latency,
whereas the rehearsal LLM (right) rehearses offline (be-
fore the meeting) via meeting simulations and construct
a rehearsal knowledge database, enabling fast retrieval
during online interaction.

2025; Qi et al., 2024). However, integrating these 041

capabilities into real-time conversations (e.g., sci- 042

entific meetings) remains challenging, as deep rea- 043

soning and web search at inference time are compu- 044

tationally expensive, introducing prohibitive delays 045

that disrupt conversational flow and limit their ef- 046

fectiveness in Team-AI collaboration (Gao et al., 047

2025; Bi et al., 2024). This constraint highlights a 048

gap between how current LLM assistants behave 049

and how effective human collaborators participate 050

in meetings (Schmutz et al., 2024; Liao et al., 2023). 051

Crucially, unlike general-purpose open-domain di- 052

alogues, scientific meetings are characterized by 053

a high degree of predictability, as they are typi- 054

cally centered around predefined research objec- 055

tives, specific datasets, or persistent scientific hy- 056

potheses. Once the meeting topic is known, human 057

experts typically leverage this thematic stability to 058

prepare in advance by surveying relevant literature, 059

organizing key evidence, and formulating candi- 060
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date hypotheses (Maslych et al., 2025; Král et al.,061

2023). This pre-meeting preparation ensures they062

can engage efficiently during live discussions rather063

than interrupting the flow to search for information.064

We argue that LLM-based assistants should follow065

a similar "preparation-first" principle. By exploit-066

ing the predictable scope of scientific deliberations,067

we can transfer the computational burden of deep068

reasoning into an offline phase, achieving high-069

quality insights while maintaining the low-latency070

responsiveness required for seamless real-time col-071

laboration (Pelikan and Hofstetter, 2023; Liu et al.,072

2025).073

Motivated by this insight, we introduce Deep074

Think with Rehearsal (DTR), a rehearsal-based075

framework that transfers expensive online reason-076

ing and knowledge gathering to an offline rehearsal077

phase, enabling fast responses during deployment078

while preserving reasoning quality (Prince et al.,079

2024). As illustrated in Figure 1, in the online080

setting (i.e., real-time interaction during the sci-081

entific meeting), a conventional reasoning LLM082

(e.g., GPT-5-Thinking (OpenAI, 2025c) or Gemini083

3 (Google DeepMind, 2025)) performs deep rea-084

soning and web search during the discussion, which085

can take minutes per turn and introduce substan-086

tial response delays in Team-AI interaction (Cheng087

et al., 2025). In contrast, DTR shifts these compu-088

tationally intensive steps to an offline phase (i.e.,089

pre-meeting preparation), where it runs confidence-090

based meeting simulations conditioned on the meet-091

ing topic and participants and uses a reasoning092

LLM to perform deep reasoning and web search093

over simulated trajectories, thereby constructing094

a rehearsal knowledge database before the meet-095

ing starts. During the meeting, the DTR LLM096

only needs to leverage lightweight retrieval from097

the prepared knowledge database to deliver timely,098

high-quality suggestions, for example, recommend-099

ing that the team consider PIK3CA or TP53 when100

designing PTEN-targeted therapy studies for hor-101

mone receptor negative breast cancer, with a re-102

sponse latency of only 0.8 seconds.103

To support the study of low-latency deep think-104

ing, we introduce the Scientific Team Meeting105

Dataset (STMD), a hybrid benchmark comprising106

authentic transcripts from three real-world biomed-107

ical research labs covering cancer, sepsis, and108

cardio-metabolic disease, along with extensive sim-109

ulated multi-party deliberations synthesized from110

PubMed literature (Sayers et al., 2024). STMD111

features multi-role biomedical team meetings and 112

is designed to evaluate both response quality and 113

inference latency. In both simulated and real-world 114

studies, DTR consistently improves reasoning qual- 115

ity while substantially reducing inference latency 116

compared with state-of-the-art methods (OpenAI, 117

2025c), highlighting offline rehearsal as an effec- 118

tive approach for real-time, high-quality Team-AI 119

scientific collaboration. 120

Our contributions in this paper can be summa- 121

rized as follows: 122

• Conceptual Paradigm: We formalize the 123

problem of low-latency deep thinking in real- 124

time collaboration and propose the "Rehearse-then- 125

Interact" paradigm. This shifts the focus from op- 126

timizing online inference to exploiting the inher- 127

ent predictability of structured scientific meetings 128

through offline preparation. 129

• Framework: We propose DTR, a novel frame- 130

work that operationalizes this paradigm. By de- 131

coupling expensive multi-step reasoning and web- 132

based knowledge gathering into an offline phase, 133

DTR enables LLMs to deliver "deep" insights with 134

sub-second latency during live interactions. 135

• Benchmark: We introduce the STMD, a spe- 136

cialized benchmark derived from PubMed litera- 137

ture and real-world lab meetings. It provides a 138

robust testbed for evaluating both the reasoning 139

depth and temporal efficiency of LLMs in multi- 140

party scientific deliberations. 141

• Empirical Validation: We conduct extensive 142

experiments in both simulated environments and 143

real-world biomedical lab settings. Results demon- 144

strate that DTR consistently outperforms state-of- 145

the-art methods in both response quality and infer- 146

ence efficiency, proving the viability of rehearsal- 147

based AI collaboration. 148

2 Related Work 149

LLMs with Deep Think Recent work improves 150

LLM reasoning through structured intermediate 151

steps and external knowledge integration. Chain- 152

of-thought prompting (Wei et al., 2022), self- 153

consistency (Wang et al., 2022), and Tree of 154

Thoughts (Yao et al., 2023) elicit multi-step rea- 155

soning and explore alternative paths via search. 156

For grounding and tool use, retrieval-augmented 157

generation (Lewis et al., 2020) and ReAct (Yao 158

et al., 2022) integrate retrieval and tool-mediated 159

actions into generation, while Toolformer (Schick 160

et al., 2023), MRKL (Karpas et al., 2022), and 161
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program-aided models (Gao et al., 2023) enable162

self-supervised tool use, modular tool composi-163

tion, and code-based reasoning. Confidence-aware164

methods (Subramani et al., 2025; Taubenfeld et al.,165

2025) adjust reasoning depth to uncertainty to re-166

duce low-utility computation, but over-reasoning167

can still inflate cost (Lacombe et al., 2025). These168

pipelines typically require iterative calls, retrieval,169

and tool execution during online inference, increas-170

ing latency and disrupting real-time interaction,171

whereas DTR shifts these costs to offline rehearsal172

and answers online via lightweight retrieval.173

LLMs with Rehearsal Rehearsal is widely used174

in reinforcement learning and agent systems to175

simulate future interactions and improve decisions.176

In model-based RL, MuZero (Schrittwieser et al.,177

2020) and Dreamer (Hafner et al., 2023) plan178

via imagined rollouts, and Language Agent Tree179

Search (Zhou et al., 2023) performs lookahead over180

action branches. Beyond RL, offline simulation181

and self-play have been used to anticipate user re-182

sponses and build reusable strategies in meeting183

settings (He et al., 2024, 2025; Kim et al., 2025).184

Role-play and continual exploration further accu-185

mulate interaction experience in multi-agent sys-186

tems (Li et al., 2023; Park et al., 2023; Wang et al.,187

2023a; Yamada et al., 2025b), while offline training188

can strengthen multi-step reasoning (Wang et al.,189

2025). These lines of work often keep substantial190

reasoning on the online path or prioritize capabil-191

ity over latency, whereas DTR distills evidence-192

backed reasoning offline and answers online via193

lightweight retrieval.194

3 Methodology195

3.1 Preliminary Definitions196

We consider a fixed team T with a set of roles197

(team members)R = {r1, . . . , r|R|}. A multi-role198

scientific meeting is a sequence of utterances D =199

{u1, . . . , uT }, where each utterance is a speaker–200

content pair ut = (rt, xt), rt ∈ R and xt is a201

text utterance. Let ht = {u1, . . . , ut} denote the202

meeting context up to round t.203

Task Definition. Given the current online meet-204

ing context2 hont up to round t and a user query205

qt issued at round t, our task is to generate an as-206

sistant response yt with high quality under a strict207

2We use the superscript “on” to indicate online meeting
context (e.g., hon

t ); symbol without this superscript (e.g., ht)
refer to historical or offline rehearsal meeting context.

low-latency constraint for real-time interaction. We 208

denote the deployed response LLM as Ω, which 209

takes the meeting context hont and the query qt as 210

input and outputs the response: 211

yt = Ω(hont , qt). (1) 212

Our objective is to learn an Ω with high response 213

quality while maintaining fast online inference. 214

Confidence Score. Given a LLM with param- 215

eters θ, we quantify the confidence of an utter- 216

ance ut = (rt, xt) by the token-averaged log- 217

likelihood of its content xt = {xt,1, . . . , xt,|xt|} un- 218

der the meeting context (ht−1, rt), where xt,<i = 219

{xt,1, . . . , xt,i−1}. Inspired by Fu et al. (2025), we 220

define the utterance confidence score as: 221

Cθ(ut) =
1

|xt|

|xt|∑
i=1

log pθ
(
xt,i | ht−1, rt, xt,<i

)
,

(2) 222

where pθ(·) denotes the next-token probability in- 223

duced by the LLM, and |xt| is the number of tokens 224

in the utterance. Larger Cθ(ut) indicates higher 225

confidence, i.e., the model assigns higher probabil- 226

ity to the utterance content. 227

Team Memory and Persona. We assume access 228

to a historical meeting set for the same team T , 229

HT = {D(1), . . . ,D(N)}. From HT , we build (i) 230

a team memory bank MT and (ii) role-specific 231

persona banks {Pr}r∈R, each with long-term and 232

short-term components: 233

MT =ML
T ∪MS

T ,

Pr = PL
r ∪ PS

r .
(3) 234

ML
T stores stable team knowledge (e.g., recur- 235

ring hypotheses, validated protocols, shared con- 236

straints), while MS
T stores recent updates (e.g., 237

newest experimental results). Likewise, PL
r cap- 238

tures long-standing role expertise and preferences, 239

while PS
r captures short-term focuses and tempo- 240

rary responsibilities. Given context ht and role r, 241

a retrieval module returns relevant memory and 242

persona items: 243

mt(r) = Rmem(MT , ht, r),

pt(r) = Rper(Pr, ht, r).
(4) 244

where mt(r) and pt(r) denote retrieved items from 245

MT and Pr. We implementRmem(·) andRper(·) 246

as embedding-based similarity retrieval (Xiao et al., 247

2023) over the long-term and short-term banks with 248

temporal filters. 249
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Figure 2: Illustration of our proposed DTR framework. Offline rehearsal stage: DTR simulates multi-role meetings
with confidence, selectively invokes tool-augmented reasoning via a Gate LLM, and stores external knowledge
notes into a rehearsal knowledge database. Online meeting stage: The rehearsal LLM conducts lightweight retrieval
to gather relevant knowledge and generate low-latency, high-quality responses.

3.2 Deep Think with Rehearsal250

In this section, we provide an overview of DTR, as251

illustrated in Figure 2. DTR shifts online reasoning252

and web search to an offline rehearsal stage, distills253

and stores the acquired knowledge, and reuses it254

for fast online inference. Section 3.2.1 covers three255

steps: (1) warming up team-specific confidence256

thresholds from historical meetings, (2) generating257

high-confidence rehearsal meetings conditioned on258

retrieved team memory and persona, and (3) se-259

lectively triggering a reasoning LLM to collect ex-260

ternal knowledge and store distilled notes in a re-261

hearsal database. Section 3.2.2 retrieves these notes262

and conditions the response model to produce low-263

latency, high-quality online meeting responses.264

3.2.1 Offline Thinking with Rehearsal265

Confidence Threshold Warmup. We first com-266

pute a team-specific confidence threshold from267

historical meetings. For each historical meeting268

D(n) ∈ HT , we compute the utterance confidence269

Cθ(u) for every utterance u ∈ D(n) using Equa-270

tion 2. We then define the team threshold λT as271

the empirical mean confidence over all historical272

utterances: 273

λT =
1∑N

n=1 |D(n)|

N∑
n=1

∑
u∈D(n)

Cθ(u), (5) 274

where |D(n)| denotes the number of utterances in 275

meeting D(n). This warmup yields a simple but 276

effective rule: a newly generated utterance û is 277

accepted only if its confidence exceeds the team’s 278

historical average, i.e., Cθ(û) ≥ λT . 279

Meeting Generation with Confidence. Given 280

a predefined meeting topic and a team’s project 281

mini proposal (e.g., goal, background, and avail- 282

able data), we initialize the rehearsal context h0 283

by formatting them as a kickoff context, consist- 284

ing of a brief topic statement followed by the mini 285

proposal. We then generate rehearsal meetings of- 286

fline via tree-structured expansion. At each step 287

t, for every candidate role r ∈ R, we retrieve 288

context-relevant team memory and persona items 289

(Equation 4), denoted as mt(r) and pt(r), and in- 290

voke a meeting generator Gϕ to propose the next 291

utterance: 292

x̂
(r)
t+1 = Gϕ

(
ht, r,mt(r), pt(r)

)
,

û
(r)
t+1 =

(
r, x̂

(r)
t+1

)
.

(6) 293
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We compute the confidence Cθ(û
(r)
t+1) for each ut-294

terance and apply a thresholded expansion rule:295

ht+1 =

{
ht ∪ {û(r)t+1}, if Cθ(û

(r)
t+1) ≥ λT ,

terminate branch, otherwise.
(7)296

where the accepted utterance is appended to the297

context to create child nodes, while rejected ones298

terminate their branches early. This prevents low-299

confidence utterances from accumulating and desta-300

bilizing long-horizon multi-role simulation. We301

repeat expansion until a maximum length Tmax302

(default Tmax = 12), producing a set of high-303

confidence, team-conditioned rehearsal meetings304

H̃T for subsequent knowledge acquisition.305

Rehearsal Knowledge Database Construction.306

To avoid invoking expensive deep reasoning for307

every generated utterance, we follow the proactive308

assistant paradigm (Lu et al., 2024; Zhang et al.,309

2024) and introduce an intervention gate that de-310

cides when to call a reasoning LLM. Let ht denote311

the rehearsal context at step t. We implement the312

gate as a small (0.5B) LLMQ that predicts whether313

deeper reasoning is needed:314

zt = Q(ht), zt ∈ {0, 1}, (8)315

where zt = 1 triggers a reasoning call and zt = 0316

skips it. When zt = 1, we query a tool-augmented317

reasoning LLM G that performs web search and318

multi-step reasoning to generate an intervention319

response:320

ỹt = G(ht), (9)321

where ỹt includes the tool-mediated reasoning con-322

tent and the final intervention message. We distill323

ỹt into a compact knowledge note st and add it to324

the rehearsal knowledge database KT :325

KT ← KT ∪ {st}. (10)326

KT stores offline-distilled notes from rehearsal for327

efficient online knowledge acquisition.328

3.2.2 Online Inference with Rehearsal329

Knowledge330

In the online meeting phase, we generate high-331

quality responses with low inference latency by332

avoiding web search and deep reasoning at infer-333

ence time. Instead, we retrieve relevant rehearsal334

knowledge notes from KT using lightweight335

embedding-based retrieval (Xiao et al., 2023) and336

use them as in-context guidance for response gen- 337

eration. Given the online meeting context hont and 338

user query qt, we form the retrieval query 339

ξt = (hont , qt). (11) 340

and retrieve the top-K notes: 341

St = {s(1), . . . , s(K)} = Rkn(KT , ξt), (12) 342

whereRkn(·) is an embedding-based similarity re- 343

triever over KT . We then generate the response by 344

conditioning the deployed response LLM Ω on the 345

meeting context, the user query, and the retrieved 346

notes: 347

yt = Ω
(
hont , qt,St

)
. (13) 348

This design keeps online inference lightweight 349

while leveraging offline-distilled external knowl- 350

edge for low-latency response generation. 351

4 Dataset Construction 352

LLMs have demonstrated strong capability for syn- 353

thesizing high-quality role-play datasets (Tao et al., 354

2024; Lim et al., 2024). However, existing biomed- 355

ical meeting corpora such as MedDialog (Zeng 356

et al., 2020), MediTOD (Saley et al., 2024), and 357

MaLP (Zhang et al., 2023) primarily focus on 358

doctor–patient interactions, while team-based sci- 359

entific meetings remain largely underexplored. To 360

fill this gap, we construct the Scientific Team Meet- 361

ing Dataset (STMD), which combines a PubMed- 362

grounded synthetic subset (STMD-Sim) with a real- 363

world subset (STMD-Real) collected from three 364

biomedical research labs. For STMD-Sim, we cu- 365

rate two variants, STMD1 and STMD2, generated 366

with GPT-5 and GPT-4o, respectively. 367

For STMD-Sim, each team project is anchored 368

to one PubMed paper (Sayers et al., 2024), as illus- 369

trated in Figure 3. For each paper, we use a Prophet 370

LLM (with access to the full paper) to extract three 371

paper-grounded artifacts: a compact mini-proposal 372

describing the project goal, essential background, 373

and relevant data/resources; a golden conclusion 374

summarizing the key findings and results; and an 375

ordered sequence of meeting topics that guides a 376

discussion toward the project goal. Based on these 377

artifacts, we simulate meetings with four domain- 378

specific roles: Pharmacologist, Medicinal Chemist, 379

Bioinformatician, and Clinical Physician. Given 380

the current topic and meeting context, the Prophet 381

LLM selects the next speaker, and a Role-Play 382

LLM (without access to the paper) generates the 383
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corresponding utterance using role-specific tem-384

plates. To match our rehearsal setting, we generate385

ten offline meetings per project as historical meet-386

ings for confidence-threshold warmup and memory387

or persona construction, and one additional online388

meeting as the held-out evaluation meeting. To389

assess the synthetic dataset quality, we recruit two390

biomedical PhD researchers3 to independently rate391

30 randomly sampled meetings from each STMD-392

Sim variant. They use the rubric in Table 6 to score393

Meeting Coherence, Factual Faithfulness, and Role394

Consistency on a 1–5 scale. Table 1 shows that the395

STMD-Sim variants receive high quality scores396

on STMD1/STMD2 for Coherence (4.27/4.58),397

Faithfulness (4.65/4.73), and Role Consistency398

(4.73/4.73). We also report inter-annotator agree-399

ment using Cohen’s κ, obtaining 0.35/0.38 (Co-400

herence), 0.69/0.54 (Faithfulness), and 0.69/0.85401

(Role Consistency) on STMD1/STMD2.402

In addition to STMD-Sim, we collect STMD-403

Real from three biomedical research labs. STMD-404

Real contains multi-party lab meeting transcripts405

collected over 12 weeks from three research teams406

covering cancer, sepsis, and cardio-metabolic dis-407

ease, where each team includes one Principal Inves-408

tigator (PI) and five PhD student researchers4. We409

treat meetings from the first 10 weeks as historical410

3More details of the human evaluation protocol for data
quality are provided in Appendix B.1.

4Anonymization and participant consent are provided in
Ethics Statement.

Dataset Quality Assessment (Scale 1-5)
Metric STMD1 STMD2 Average
Meeting Coherence 4.27 4.58 4.42
Factual Faithfulness 4.65 4.73 4.69
Role Consistency 4.73 4.73 4.73

Inter-Annotator Agreement (Cohen’s κ)
Metric STMD1 STMD2 Average
Meeting Coherence 0.35 0.38 0.37
Factual Faithfulness 0.69 0.54 0.62
Role Consistency 0.69 0.85 0.77

Table 1: Human evaluation of dataset quality for two
STMD-Sim variants. Two annotators rate meeting-level
quality on a 5-point scale, and inter-annotator agreement
is measured by Cohen’s κ.

and those from the remaining 2 weeks as online 411

evaluation. Detailed dataset statistics for STMD- 412

Sim and STMD-Real are reported in Appendix A. 413

5 Experiment 414

5.1 Experimental Settings 415

In offline rehearsal, we generate 12 multi-round 416

team meetings per project. For retrieval-augmented 417

generation, we use a default retrieval size of 3 418

across all methods. We compare our method with 419

baselines on three LLM backbones: Llama 3.1-8B- 420

Instruct (Meta, 2024), Gemma 3-12B-it (Google, 421

2025), and gpt-oss-120b (OpenAI, 2025b). Unless 422

otherwise specified, all methods share the same ex- 423

ternal web-search interface, PubMed MCP (cyan- 424

heads, 2025). Because our source data span Jan- 425

uary 1, 2024 to January 1, 2025, we restrict web 426

search to publications dated before January 1, 2024 427

to avoid temporal leakage. We set temperature 428

to 1.0 and top_p to 1.0, enable streaming genera- 429

tion, and accelerate inference with vLLM (Kwon 430

et al., 2023). All experiments are implemented 431

with Transformers (Wolf et al., 2020) and Py- 432

Torch (Paszke et al., 2017), and run on four 80GB 433

NVIDIA A100 GPUs. 434

5.2 Baselines. 435

We compare DTR with several representative base- 436

lines: (i) Standard, a retrieve-then-read pipeline 437

that issues a single search using query, concate- 438

nates the top-3 retrieved snippets as evidence, and 439

generates the final response conditioned on this 440

evidence; (ii) ReAct (Yao et al., 2022), which inter- 441

leaves reasoning and tool use by deciding whether 442

to issue additional searches based on intermedi- 443

ate reasoning and observed evidence, then refin- 444

ing the answer accordingly; (iii) SAS (Self-Ask 445
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LLM Backbone Method

Response Quality (%) ↑ Response Latency (Sec.) ↓

ROUGE-1 ROUGE-L BLEU-1 BLEU-N FTL E2EL

STMD1 STMD2 STMD1 STMD2 STMD1 STMD2 STMD1 STMD2 STMD1 STMD2 STMD1 STMD2

gpt-oss-120b

Standard 41.8 ±0.2 19.5 ±0.5 29.4 ±0.2 13.2 ±0.2 7.4 ±0.2 17.0 ±0.2 6.5 ±0.2 15.6 ±0.0 9.7 ±0.0 8.1 ±0.0 11.1 ±0.5 9.5 ±0.2

ReAct 46.8 ±0.1 20.7 ±0.7 35.3 ±0.1 13.7 ±0.0 7.8 ±0.2 17.6 ±0.3 7.1 ±0.2 15.9 ±0.0 19.6 ±0.2 22.3 ±0.0 21.4 ±0.0 23.7 ±0.1

SAS 48.0 ±0.2 21.6 ±0.6 36.9 ±0.2 13.7 ±0.3 8.0 ±0.1 16.8 ±0.2 7.4 ±0.1 15.7 ±0.0 22.4 ±0.0 24.2 ±0.1 23.8 ±0.0 25.8 ±0.1

DRA 48.6 ±0.2 24.4 ±0.5 35.2 ±0.2 15.0 ±0.2 8.3 ±0.2 19.4 ±0.2 7.8 ±0.2 17.5 ±0.1 24.2 ±0.1 24.7 ±0.0 26.2 ±0.3 26.4 ±0.1

DTR (Ours) 52.1 ±0.4 26.8 ±0.3 37.8 ±0.1 16.5 ±0.2 12.5 ±0.5 21.3 ±0.1 11.2 ±0.4 19.3 ±0.1 1.0 ±0.0 1.1 ±0.1 1.9 ±0.1 2.1 ±0.0

Gemma-3-12b-it

Standard 42.1 ±0.1 22.3 ±0.9 31.1 ±0.1 14.7 ±0.6 15.9 ±0.8 33.3 ±0.8 14.0 ±0.5 24.0 ±0.1 10.2 ±0.2 8.9 ±0.1 10.7 ±0.2 9.6 ±0.2

ReAct 51.2 ±0.2 26.6 ±0.1 42.4 ±0.2 19.1 ±0.6 16.6 ±0.7 34.6 ±0.1 15.4 ±0.7 26.7 ±0.3 19.2 ±0.1 24.8 ±0.2 20.1 ±0.1 26.2 ±0.7

SAS 45.5 ±0.1 25.3 ±0.6 37.1 ±0.1 17.2 ±0.3 18.8 ±0.6 35.7 ±0.5 16.9 ±0.4 25.6 ±0.3 22.0 ±0.2 22.8 ±0.0 23.4 ±0.1 24.1 ±0.5

DRA 50.8 ±0.1 34.2 ±0.4 41.0 ±0.1 23.5 ±0.3 19.6 ±0.2 37.9 ±0.4 17.4 ±0.1 27.8 ±0.1 29.1 ±0.0 31.2 ±0.0 30.8 ±0.6 32.8 ±0.2

DTR (Ours) 54.2 ±0.3 36.8 ±0.1 44.5 ±0.2 25.4 ±0.1 22.8 ±0.4 36.2 ±0.2 19.7 ±0.5 27.0 ±0.1 1.1 ±0.2 1.2 ±0.0 1.9 ±0.1 2.0 ±0.1

Llama-3.1-8B-Instruct

Standard 38.8 ±0.2 29.8 ±0.6 31.6 ±0.2 25.5 ±0.7 10.8 ±0.8 20.0 ±0.7 9.3 ±0.7 18.5 ±0.3 7.6 ±0.2 8.1 ±0.0 8.2 ±0.2 8.9 ±0.2

ReAct 43.1 ±0.2 31.0 ±0.8 35.4 ±0.2 25.1 ±0.8 22.6 ±0.2 28.4 ±0.7 19.4 ±0.2 26.8 ±0.3 24.4 ±0.1 25.3 ±0.1 26.0 ±0.8 27.2 ±0.4

SAS 40.8 ±0.3 26.6 ±0.9 32.7 ±0.2 19.9 ±0.7 32.5 ±0.7 33.1 ±0.1 28.7 ±0.4 30.6 ±0.3 28.8 ±0.2 26.7 ±0.1 29.3 ±0.2 28.0 ±0.4

DRA 45.7 ±0.2 34.8 ±0.9 40.2 ±0.2 28.4 ±0.7 29.3 ±0.7 31.4 ±0.5 21.7 ±0.2 26.0 ±0.2 21.7 ±0.1 22.4 ±0.0 23.2 ±0.9 24.2 ±0.9

DTR (Ours) 49.0 ±0.1 37.4 ±0.2 42.7 ±0.3 30.4 ±0.5 35.9 ±0.0 36.7 ±0.1 30.8 ±0.3 32.7 ±0.1 1.3 ±0.1 0.9 ±0.4 2.4 ±0.0 2.2 ±0.2

Table 2: Main results on response quality and latency for two STMD-Sim benchmarks across three LLM back-
bones. We report first-token (FTL) and end-to-end (E2EL) latency in seconds (Sec.). Results are reported as
"mean ±standard deviation" over three random seeds. Best results are in bold and second-best results are underlined.

with Search) (Press et al., 2023), which decom-446

poses query into a small set of follow-up ques-447

tions, performs web search for each sub-question,448

and synthesizes a grounded answer from the ag-449

gregated evidence; and (iv) DRA (Deep Research450

Agent) (Yamada et al., 2025a), which follows an451

open, reproducible research-agent workflow with452

planning, iterative retrieval, evidence aggregation,453

and long-form synthesis.454

5.3 Tasks and Metrics455

For automatic evaluation, we measure response456

quality and latency following common prac-457

tice (Rudd et al., 2025; NVIDIA, 2025). For each458

project, we evaluate on the held-out online meet-459

ing and use the first 10 meetings for warmup and460

memory construction. We sample key turns (topic461

transitions and conclusion-forming turns), form a462

query from the online context, and summarize a ref-463

erence answer from the project’s golden conclusion.464

We report mean and standard deviation over three465

random seeds. Response Quality is measured by466

ROUGE-1, ROUGE-L, BLEU-1, and BLEU-N,467

and Response Latency by first-token and end-to-468

end latency in seconds. Following Wang et al.469

(2023b), we also run human-involved studies with470

three expert biomedical teams covering cancer, sep-471

sis, and cardiometabolic disease, with details in472

Section 5.5 and Appendix B.2.473

5.4 Main Results474

We evaluate DTR across three LLM backbones475

and representative baselines, measuring both re-476

sponse quality and response latency (Table 2). 477

DTR improves response quality while maintaining 478

low latency, whereas all baselines require substan- 479

tially higher latency to reach comparable quality 480

in some settings. For example, on gpt-oss-120b, 481

DTR achieves the best response quality on both 482

STMD1 and STMD2 (e.g., ROUGE-1 of 52.1 on 483

STMD1 and 26.8 on STMD2). It also reduces la- 484

tency to 1.0/1.1 seconds FTL and 1.9/2.1 seconds 485

E2EL, compared with 9.7/8.1 seconds FTL and 486

11.1/9.5 seconds E2EL under Standard method, and 487

19.6–24.7 seconds FTL for DRA, ReAct, and SAS. 488

This quality–latency advantage remains stable on 489

Gemma-3-12B-it and Llama-3.1-8B-Instruct. On 490

these backbones, DTR achieves leading ROUGE 491

scores and the best BLEU-based scores, while keep- 492

ing FTL within 0.9–1.3 seconds and E2EL within 493

1.9–2.4 seconds across STMD1 and STMD2. 494

5.5 Human Involved Validation 495

In addition, we conduct human-involved usabil- 496

ity testing5 to assess response quality under real 497

Team-AI interaction. The human evaluation in- 498

cludes three biomedical research teams covering 499

cancer, sepsis, and cardio-metabolic disease. In 500

each meeting session, participants provide point- 501

wise ratings on a 1-5 scale along three dimen- 502

sions, including response Quality, Helpfulness to 503

the project goal, and Personalization to the recipi- 504

ent team member, using the rubric in Table 7. As 505

5Details of the participant information and evaluation pro-
tocol are provided in Appendix B.2.
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LLM Backbone Method

Response Quality (%) ↑ Response Latency (Sec.) ↓

ROUGE-1 ROUGE-L BLEU-1 BLEU-N FTL E2EL

STMD1 STMD2 STMD1 STMD2 STMD1 STMD2 STMD1 STMD2 STMD1 STMD2 STMD1 STMD2

Llama-3.1-8B-Instruct

Standard 38.8 ±0.2 29.8 ±0.6 31.6 ±0.2 25.5 ±0.7 10.8 ±0.8 20.0 ±0.7 9.3 ±0.7 18.5 ±0.3 7.6 ±0.2 8.1 ±0.0 8.2 ±0.2 8.9 ±0.2

w/o Injection 42.1 ±0.3 33.5 ±0.1 35.4 ±0.4 26.7 ±0.2 32.1 ±0.7 32.8 ±0.4 28.9 ±0.1 29.1 ±0.2 1.2 ±0.2 1.4 ±0.4 2.1 ±0.3 2.6 ±0.2

w/o ConFilter 45.2 ±0.5 35.1 ±0.3 38.9 ±0.3 27.8 ±0.2 28.5 ±0.1 29.4 ±0.3 25.6 ±0.6 26.2 ±0.2 1.8 ±0.1 1.5 ±0.2 3.1 ±0.3 2.9 ±0.1

w/o GateLLM 46.8 ±0.1 36.2 ±0.2 40.1 ±0.2 28.9 ±0.3 22.3 ±0.4 25.6 ±0.5 19.8 ±0.2 22.7 ±0.4 2.2 ±0.1 1.8 ±0.5 3.6 ±0.2 3.1 ±0.3

DTR (Ours) 49.0 ±0.1 37.4 ±0.2 42.7 ±0.3 30.4 ±0.5 35.9 ±0.0 36.7 ±0.1 30.8 ±0.3 32.7 ±0.1 1.3 ±0.1 0.9 ±0.4 2.4 ±0.0 2.2 ±0.2

Table 3: Comparison with variants of DTR on Llama-3.1-8B-Instruct. w/o Injection removes memory and persona
injection during offline meeting simulation. w/o ConFilter disables confidence-based filtering. w/o GateLLM
disables the gate LLM and uses a random meeting round for offline search.

Method Quality ↑ Helpfulness ↑ Personalization ↑ FTL ↓

GPT-5.2-Thinking 3.25 3.19 3.13 35.5
DTR (Ours) 4.03 4.02 4.23 1.99

Table 4: Human evaluation results comparing DTR and
GPT-5.2-Thinking on Quality, Helpfulness, Personaliza-
tion, and first-token latency (FTL) in seconds.

shown in Table 4, averaged over 200 feedback in-506

stances, DTR (Qwen-Plus API backbone (Yang507

et al., 2025)) outperforms GPT-5.2-Thinking on508

all dimensions, achieving higher Quality (4.03 vs.509

3.25), Helpfulness (4.02 vs. 3.19), and Personaliza-510

tion (4.23 vs. 3.13), while also reducing first-token511

latency from 35.5s to 1.99s.512

5.6 Ablation Study513

5.6.1 Variants Comparison514

We evaluate DTR with ablations to isolate each515

component’s contribution (Table 3). DTR per-516

forms best on both STMD-Sim benchmarks, out-517

performing Standard and all ablations on response-518

quality metrics. Among variants, w/o GateLLM519

achieves the highest ROUGE but still trails520

DTR on STMD1/STMD2 (e.g., 46.8/36.2 vs.521

49.0/37.4 ROUGE-1), suggesting that gating im-522

proves when to search and what to distill dur-523

ing rehearsal. Removing memory/persona injec-524

tion reduces ROUGE-1 to 42.1/33.5. Disabling525

confidence-based filtering also lowers ROUGE526

on both benchmarks, consistent with filtering out527

low-confidence rehearsal meetings and improving528

distilled-knowledge reliability. Overall, each com-529

ponent contributes to DTR’s gains.530

5.6.2 Effect of the Number of Offline531

Rehearsal Meetings532

We analyze the effect of the offline rehearsal budget533

on the Llama-3.1-8B-Instruct backbone by varying534

the number of offline rehearsal meetings used to535

construct the rehearsal knowledge database. Fig-536
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Figure 4: Effect of the number of offline rehearsal meet-
ings on ROUGE-1 for DTR and baselines on STMD1

and STMD2 with Llama-3.1-8B-Instruct.

ure 4 reports ROUGE-1 on STMD1 and STMD2. 537

Increasing the number of rehearsal meetings con- 538

sistently improves DTR on both benchmarks, with 539

gains that taper at larger budgets and saturate at 540

49.0 ROUGE-1 on STMD1 and 37.4 ROUGE-1 on 541

STMD2. DTR benefits from additional rehearsal 542

evidence, with diminishing returns beyond a mod- 543

erate rehearsal budget. 544

6 Conclusion and Future Work 545

We propose DTR, a rehearsal-based framework that 546

enables deep thinking in scientific team meetings 547

without prohibitive online latency. DTR decou- 548

ples multi-step reasoning and knowledge collec- 549

tion from synchronous interaction by shifting to an 550

offline rehearsal phase. In addition, we introduce 551

STMD, a hybrid benchmark comprising authentic 552

transcripts from three biomedical teams and sim- 553

ulated deliberations synthesized from PubMed lit- 554

erature. Empirical experiments demonstrate DTR 555

improves response quality while reducing inference 556

latency compared with baselines. Future work will 557

extend DTR to other latency-sensitive domains and 558

explore adaptive rehearsal strategies for personal- 559

ized, multimodal Team-AI collaboration. 560
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Limitations561

While DTR demonstrates promising results in en-562

abling low-latency, high-quality human–AI inter-563

actions, we acknowledge several limitations of the564

current work:565

• Knowledge Coverage Limits. Because rehearsal566

simulates anticipated meeting scenarios in advance,567

it may not provide complete coverage of all dis-568

cussion directions that arise at deployment time.569

Simulated meetings may miss certain questions,570

omit relevant evidence, or express information571

in ways that reduce later retrievability. Future572

work can strengthen coverage while preserving573

low latency by improving simulation diversity,574

adding lightweight verification, and incorporating575

uncertainty-aware fallback behaviors.576

• Simplified Tool-use Assumptions. Our study577

focuses on two widely used capabilities in cur-578

rent LLM assistants: multi-step reasoning and web579

search. This choice keeps the rehearsal setting580

controlled and reproducible, but it simplifies the581

broader tool landscape that may arise in real work-582

flows, such as querying specialized biomedical583

databases, calling domain-specific analysis tools,584

or interacting with lab software. In addition, we do585

not incorporate multimodal inputs such as figures,586

tables, slides, or imaging artifacts, which are often587

central to scientific collaboration. Extending re-588

hearsal to broader tool ecosystems and multimodal589

evidence is a promising direction.590

• Offline Compute Budget. Our method introduces591

additional offline computation for rehearsal simula-592

tion, including tool-assisted retrieval and reasoning593

during meeting generation. This upfront cost is594

deliberately incurred to eliminate latency and fric-595

tion in the human–AI interaction loop during live596

deployment, which is the primary design objective.597

In practice, the offline budget is adjustable. We598

can vary the number of simulated rehearsals per599

project to balance preparation cost against down-600

stream performance, allowing the approach flexible601

across different computational constraints.602

• Inherent Latency in Real-world Interfaces. Al-603

though DTR reduces online latency compared with604

baselines that perform multi-step reasoning and605

web search during inference, deployment in speech-606

based meetings typically requires automatic speech607

recognition (ASR) for transcription and text-to-608

speech (TTS) for speech output, which can add609

end-to-end system latency. Future work will ex-610

plore streaming ASR and TTS integration and in-611

cremental processing to reduce interface overhead 612

while preserving response quality. 613

Ethics Statement 614

Real-world data collection and human evaluation 615

in this study involve three biomedical research 616

teams, each comprising one Principal Investigator 617

(PI) and five PhD student researchers. The teams 618

are recruited from established biomedical research 619

institutions and cover cancer, sepsis, and cardio- 620

metabolic disease. We also recruit two PhD stu- 621

dents with biomedical backgrounds to conduct the 622

data quality assessment. Participants are compen- 623

sated at their standard institutional research rates 624

for time spent in the experimental sessions. To 625

reduce potential bias, participants are blinded to 626

the study hypotheses, model architecture, and ex- 627

perimental conditions throughout the evaluation. 628

Informed consent is obtained prior to participa- 629

tion, and participants agree that their interaction 630

data may be anonymized and used for research 631

purposes. 632

The experimental sessions use simulated sci- 633

entific meetings grounded in publicly available 634

PubMed literature. The study does not involve 635

personal, sensitive, or confidential information. All 636

procedures follow institutional guidelines, and no 637

additional ethics board review is required under 638

the ACL Ethics Policy. Upon publication, we will 639

release the dataset, experimental protocols, and an- 640

notation guidelines to support reproducibility and 641

future research on AI-assisted scientific collabora- 642

tion systems. 643
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A Data Statistics944

We select PubMed papers (Sayers et al., 2024) span-945

ning cancer, Alzheimer’s disease, and sepsis, prior-946

itizing papers published between January 1, 2024947

and January 1, 2025 with concrete methodologi-948

cal descriptions and sufficient technical detail for949

project specification. The raw corpus includes950

443 cancer papers, 198 Alzheimer’s papers, and951

41 sepsis papers. As described in Section 4, we952

treat each paper as one project and derive three953

paper-grounded artifacts: a compact mini-proposal,954

a golden conclusion, and an ordered topic se-955

quence that guides meeting progression. Using the956

same construction pipeline, we build two backbone-957

specific variants for STMD-Sim: STMD1 (GPT-958

5 (OpenAI, 2025a)) and STMD2 (GPT-4o (OpenAI,959

2024)). STMD1 contains 300 teams, producing960

3,300 meetings and 39,600 utterances, with an av-961

erage of 74 tokens per utterance and 811 evaluation962

queries. STMD2 contains 2,046 teams, producing963

22,506 meetings and 270,072 utterances, with an964

average of 93 tokens per utterance and 4,297 eval-965

uation queries. In both variants, each team has 10966

historical meetings and one held-out online meet-967

ing, each with 12 utterances. In addition, STMD-968

Real contains 12 weeks of multi-party lab meeting969

transcripts from three biomedical research teams,970

each comprising one PI and five PhD researchers.971

The first 10 weeks yield 10 historical meetings per972

team, and the remaining 2 weeks yield 2 online973

evaluation meetings per team. The detailed statis-974

tics are provided in Table 5.975

B Human Evaluation Details976

B.1 Dataset Quality Assessment977

Human Experts We recruit two PhD researchers978

with biomedical backgrounds to assess the quality979

of the constructed STMD-Sim meetings. They are980

compensated at their standard institutional research981

rates for time spent in the annotation sessions. In-982

formed consent is obtained prior to participation,983

and they agree that their annotation data may be984

anonymized and used for research purposes.985

Assessment Metrics We randomly sample 30 meet-986

ings from each dataset variant for independent ex-987

pert annotation. Using the rubric in Table 6, experts988

rate each meeting on a 1–5 scale along three crite-989

ria, including Meeting Coherence, Factual Faith-990

fulness, and Role Consistency. We report average991

quality scores and inter-annotator agreement mea-992

Raw Data Statistics of PubMed Papers
# Cancer Papers 443
# Alzheimer’s Papers 198
# Sepsis Papers 41

Synthetic Data Statistics (STMD-Sim)
STMD1 STMD2

# Teams 300 2046
# Historical Meetings / Team 10 10
# Online Meetings / Team 1 1
# Utterances / Meeting 12 12
# Avg. Tokens / Utterance 74 93
# Total Utterances 39,600 270,072
# Total Meetings 3,300 22,506
# Total Evaluation Queries 811 4,297

Real-World Data Statistics (STMD-Real)
Collection Period 12 Weeks
# Teams 3
# Members / Team 6
# Roles / Team 1 PI + 5 PhD
# Historical Meetings / Team 10
# Online Meetings / Team 2
# Avg. Utterances / Meeting 47
# Total Meetings 36
# Total Utterances 1,682

Table 5: Statistics of the constructed STMD dataset.

sured by Cohen’s κ in Table 1. 993

B.2 Human-Involved Model Evaluation 994

Human Participants We recruit three biomedi- 995

cal research teams for human-involved evaluation, 996

each comprising one PI and five PhD student re- 997

searchers. The teams cover cancer, sepsis, and 998

cardio-metabolic disease. Participants are compen- 999

sated at their standard institutional research rates 1000

for time spent in the sessions. To reduce poten- 1001

tial bias, participants are blinded to the study hy- 1002

potheses and experimental conditions throughout 1003

the evaluation. Informed consent is obtained prior 1004

to participation, and participants agree that their 1005

interaction data may be anonymized and used for 1006

research purposes. 1007

Evaluation Metrics In each meeting session, par- 1008

ticipants provide point-wise ratings on a 1–5 scale 1009

along three dimensions, including response Quality, 1010

Helpfulness to the project goal, and Personalization 1011

to the recipient team member, following the rubric 1012

in Table 7. We report the average ratings over all 1013

feedback instances in Table 4. 1014
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Meeting Coherence
Score Label Description

1 Poor Coherence Meeting is disjointed, with abrupt topic shifts and broken turn-to-turn logic.
2 Weak Coherence Partly connected, but frequent gaps, unclear references, or uneven topic progression.
3 Acceptable Coherence Generally coherent, though some jumps or weak connections reduce smoothness.
4 Good Coherence Coherent and well-structured, with clear topic flow and sensible turn transitions.
5 Excellent Coherence Highly coherent, with smooth progression and strong logical connections throughout.

Factual Faithfulness
Score Label Description

1 Poor Faithfulness Many claims conflict with the source paper or are clearly unsupported.
2 Weak Faithfulness Some statements are plausible, but key details are incorrect or insufficiently sup-

ported.
3 Acceptable Faithfulness Mostly faithful, with minor inaccuracies or vague references to paper evidence.
4 Good Faithfulness Faithful to the paper, with only minor missing details or imprecise wording.
5 Excellent Faithfulness Highly faithful, accurately reflecting paper evidence, results, and conclusions.

Role Consistency
Score Label Description

1 Poor Consistency Roles are confused or interchangeable, with frequent role drift across turns.
2 Weak Consistency Some role alignment, but noticeable drift in expertise, tone, or responsibilities.
3 Acceptable Consistency Roles are mostly consistent, with occasional drift or mismatched level of detail.
4 Good Consistency Roles are consistent and distinguishable, matching expected expertise and focus.
5 Excellent Consistency Roles are strongly consistent, with clear specialization and stable role behavior.

Table 6: Data quality scoring form.

Quality
Score Label Description

1 Poor Quality Incorrect or incoherent, largely irrelevant, with major factual issues.
2 Weak Quality Partially correct but vague, with omissions that reduce reliability.
3 Acceptable Quality Generally correct and clear, but limited depth or justification.
4 Good Quality Clear and mostly accurate, supported by reasonable evidence or reasoning.
5 Excellent Quality Highly accurate and well-justified, with strong reasoning and grounding.

Helpfulness
Score Label Description

1 Not Helpful Off-target or impractical, providing no help for the project.
2 Slightly Helpful Limited help, mostly generic with low actionable value.
3 Moderately Helpful Some actionable value, but incomplete or not well prioritized.
4 Helpful Actionable guidance that supports progress toward the project goal.
5 Highly Helpful Directly advances the project goal with high-impact actions or insights.

Personalization
Score Label Description

1 Not Personalized Ignores team context, mismatching the member’s role and needs.
2 Weakly Personalized Minimal tailoring, only lightly reflecting role or prior context.
3 Moderately Personalized Some tailoring to roles and history, but still partly generic.
4 Well Personalized Clear tailoring to the member’s role, context, and expertise level.
5 Highly Personalized Strong tailoring, leveraging team history and member expertise effectively.

Table 7: Human-involved model evaluation metrics.
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C Prompt Details1015

In this section, we present the detailed prompts1016

used in our work, including dataset construction1017

prompts for extracting project artifacts from each1018

PubMed paper, speaker selection prompt for turn-1019

level role assignment, and role-play prompts for1020

the four team roles to generate multi-role meeting1021

meetings.1022

Speaker Selection Prompt
<|im_start|>system
You are the meeting chair for a multi-role
biomedical research team. Your task is to se-
lect the next speaker for the upcoming turn in a
simulated scientific team meeting.
Available roles - Pharmacologist - Medicinal
Chemist - Bioinformatician - Clinical Physician
You will be given - Project artifacts including the
mini-Proposal, Golden Conclusion, and Topic Se-
quence - The current meeting topic - The meet-
ing history up to the current turn
Selection requirements - Select exactly one role
as the next speaker. - Choose the role that is
most likely to advance the current topic with
domain-relevant content grounded in the pro-
vided artifacts and meeting context. - Maintain
coherence with the meeting history. If a role was
directly asked a question or assigned an action in
the previous turn, prioritize that role. Prefer the
role that can resolve the most immediate open
question left by the previous turn. - Encourage
realistic collaboration by balancing participation
across roles. Avoid selecting the same role for
many consecutive turns unless the topic strongly
requires it. Prioritize topical relevance and con-
tinuity over role balancing when these criteria
conflict. - Prefer a role whose contribution type
matches the current need, such as clarifying as-
sumptions, proposing next steps, checking feasi-
bility, or identifying implications for other roles.
- Prefer a role that complements the previous
speaker by adding a different angle, rather than
repeating the same viewpoint with similar con-
tent. - If multiple roles are plausible, select the
role that has spoken least in the last four turns
to maintain turn-taking and coverage. - Do not
introduce new facts. Do not assume results be-
yond the provided artifacts and meeting history.
Select the role that can most directly ground the
next turn in the provided artifacts and meeting
context.
Output format Return a single JSON object
with exactly two keys: next_speaker and ratio-
nale. The value of next_speaker must be one
of the four role names listed above. The value
of rationale must be a list of exactly two short
bullet points. Each bullet point must be fewer
than twenty words and must reference either the
current topic or a specific cue in the meeting his-
tory.
<|im_end|>

<|im_start|>user
Project artifacts: <mini-Proposal, Golden Con-
clusion, Topic Sequence>
Current topic: <topic_t>
Meeting history: <h_t-1>
Select the next speaker for turn t following the
requirements and output format. <|im_end|>

1023

Project mini-Proposal/Golden Conclusion/-
Topic Sequence Extraction Prompt
<|im_start|>system
You are an AI project initiator with a god-
level perspective. Your task is to extract three
paper-grounded project artifacts from a pro-
vided PubMed paper for simulating multi-role
scientific team meetings.
Constraints: - Use ONLY information supported
by the provided paper text. Do not use exter-
nal knowledge. Do not guess. - Preserve termi-
nology and technical meaning exactly as in the
paper. Do not introduce new entities, datasets,
methods, or results. - Be concise, specific, and
reproducible. Avoid vague language and hype
words. - If an item is not supported by the
paper, write: "not specified in the paper". -
Output must be strictly structured and machine-
readable, following the format below. Do not
add extra sections or commentary.
General guidance: - Prefer paper-specific details
over generic statements. Use the paper’s origi-
nal naming for tasks, cohorts, and variables. -
When multiple versions or settings are reported
(e.g., datasets, splits, conditions), reflect them
accurately rather than merging them. - Do not
restate long passages. Extract only the minimal
information needed to ground the project arti-
facts.
You will produce three artifacts:
1) Project mini-Proposal - Project Goal: the cen-
tral objective and intended outcome at a high
level. - Essential Background: 2–4 key points
describing motivation, gap, and paper context.
- Data/Resources: datasets, cohorts, materials,
instruments, software, and any relevant identi-
fiers mentioned in the paper.
2) Golden Conclusion - One-sentence takeaway
grounded in the paper. - 3–6 key findings as fac-
tual statements grounded in the paper. - If quan-
titative results are reported, include the main
numbers with the metric and evaluation setting.
- If the paper states limitations or assumptions,
include them as part of the conclusion summary.
3) Topic Sequence - Provide an ordered list of 8–
12 discussion topics that guide a meeting from
problem setup to a final summary. - Each topic
must include: title, goal, and 2–3 key questions.
- Topics must be actionable and grounded in the
paper, and should support multi-role collabora-
tion (e.g., methods, data, validation, interpreta-
tion). - Topic order should reflect a natural meet-
ing flow, where earlier topics introduce shared
context and later topics converge to a grounded
summary.
Evidence requirements: - For every statement
in the mini-Proposal and Golden Conclusion, in-
clude 1–2 short supporting snippets copied ver-
batim from the paper (each snippet at most 25
words). - Evidence snippets should directly sup-
port the statement. Do not quote more than
necessary.
Required output format (no markdown):
Return a single JSON object with the
keys: - paper_metadata - mini_proposal -
golden_conclusion - topic_sequence
<|im_end|>

<|im_start|>user
The research paper is <the uploaded paper>.
Please read the full paper and extract the
three artifacts (mini-Proposal, Golden Conclu-
sion, Topic Sequence) following the constraints
and output format above. Do not add any con-
tent that is not supported by the paper text.
<|im_end|>
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Clinical Physician Prompt
<|im_start|>system
You are a Clinical Physician. You are part of an
interdisciplinary drug discovery team that just
received the project kickoff briefing. You are now
engaging in a live strategy meeting with your
colleagues.
Your responsibilities:
- Contribute clinically grounded viewpoints on
patient impact, endpoints, and feasibility.
- Flag safety, eligibility, and translational
constraints that shape study design.
Guidelines:
- Do not begin every message with "As a Clinical
Physician...".
- Use first-person natural language and speak
concisely.
- Respond to the meeting history and current
topic, and avoid repeating prior points.
- Ask questions or challenge others when
appropriate.
Example behavior:
- Emphasize patient stratification, endpoints,
inclusion criteria, and safety signals.
- Question whether proposed assays translate to
clinical decision making.
Your goal is to make progress in the research
planning through scientific reasoning and
collaboration — not to summarize or finalize
conclusions. <|im_end|>

<|im_start|>user
Project artifacts: <project mini-proposal>
Current topic: <meeting topic>
Meeting history: <meeting history>
Clinical Physician:
<|im_end|>
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Pharmacologist Prompt
<|im_start|>system
You are a Pharmacologist. You are part of an
interdisciplinary drug discovery team that just
received the project kickoff briefing. You are now
engaging in a live strategy meeting with your
colleagues.
Your responsibilities:
- Contribute pharmacology-grounded viewpoints
on mechanism, dosing, and in vitro evidence.
- Flag PK or PD constraints, safety concerns,
and assay validity that shape study design.
Guidelines:
- Do not begin every message with "As a
Pharmacologist...".
- Use first-person natural language and speak
concisely.
- Respond to the meeting history and current
topic, and avoid repeating prior points. - Ask
questions or challenge others when appropriate.
Example behavior:
- Emphasize target engagement, dose response,
PK or PD, and mechanism plausibility.
- Question whether proposed endpoints reflect
pharmacological action and measurable effects.
Your goal is to make progress in the research
planning through scientific reasoning and
collaboration — not to summarize or finalize
conclusions. <|im_end|>

<|im_start|>user
Project artifacts: <project mini-proposal>
Current topic: <meeting topic>
Meeting history: <meeting history>
Pharmacologist:
<|im_end|>
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Bioinformatician Prompt
<|im_start|>system
You are a Bioinformatician. You are part of an
interdisciplinary drug discovery team that just
received the project kickoff briefing. You are now
engaging in a live strategy meeting with your
colleagues.
Your responsibilities:
- Contribute data-grounded viewpoints on analy-
sis design, statistical validity, and computation.
- Flag data quality, confounding factors, and
pipeline constraints that shape study design.
Guidelines:
- Do not begin every message with "As a
Bioinformatician...".
- Use first-person natural language and speak
concisely.
- Respond to the meeting history and current
topic, and avoid repeating prior points.
- Ask questions or challenge others when
appropriate.
Example behavior:
- Emphasize preprocessing, batch effects, feature
selection, and reproducible pipelines.
- Question whether proposed analyses are
identifiable and supported by the available data.
Your goal is to make progress in the research
planning through scientific reasoning and
collaboration — not to summarize or finalize
conclusions. <|im_end|>

<|im_start|>user
Project artifacts: <project mini-proposal>
Current topic: <meeting topic>
Meeting history: <meeting history>
Bioinformatician:
<|im_end|>
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Medicinal Chemist Prompt
<|im_start|>system
You are a Medicinal Chemist. You are part of an
interdisciplinary drug discovery team that just
received the project kickoff briefing. You are now
engaging in a live strategy meeting with your
colleagues.
Your responsibilities:
- Contribute chemistry-grounded viewpoints on
molecular design, synthesis, and optimization.
- Flag SAR, developability, and structure
constraints that shape study design.
Guidelines:
- Do not begin every message with "As a
Medicinal Chemist...".
- Use first-person natural language and speak
concisely.
- Respond to the meeting history and current
topic, and avoid repeating prior points. - Ask
questions or challenge others when appropriate.
Example behavior:
- Emphasize scaffold choices, SAR hypotheses,
and practical synthesis considerations.
- Question whether proposed modifications
improve potency, selectivity, and properties.
Your goal is to make progress in the research
planning through scientific reasoning and
collaboration — not to summarize or finalize
conclusions. <|im_end|>

<|im_start|>user
Project artifacts: <project mini-proposal>
Current topic: <meeting topic>
Meeting history: <meeting history>
Medicinal Chemist:
<|im_end|>
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