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Abstract001

While chain-of-thought reasoning has signifi-002
cantly advanced the reasoning capabilities of003
Large Language Models (LLMs), its sequen-004
tial reactive thinking nature introduces sub-005
stantial latency, which can degrade the respon-006
siveness and fluidity of conversational systems.007
In this position paper, we propose proactive008
thinking—a paradigm inspired by human con-009
versational dynamics in which LLMs perform010
reasoning during natural dialogue intervals or011
while the user is speaking. This approach en-012
ables the model to pre-plan elements of its re-013
sponse before its turn begins. We argue for014
its feasibility from a predictive branching per-015
spective. As preliminary validation, we imple-016
ment a prototype proactive-thinking system us-017
ing prompting, demonstrating that LLMs can018
effectively plan upcoming responses in task-019
oriented dialogues, even without knowing the020
user’s next utterance. Our work advocates for021
a shift toward more intelligent, real-time inter-022
action models in future conversational AI.023

1 Introduction024

The appeal of natural conversation lies in its inter-025

active flow. A crucial component of this flow is026

the inter-speaker interval, commonly around 200027

ms for reactions (Heldner and Edlund, 2010). Al-028

though this duration varies considerably across029

cultures and topics, it seldom lasts longer than four030

seconds. Longer pauses usually result in an awk-031

ward silence (McLaughlin and Cody, 1982), mak-032

ing participants uncomfortable.033

The rise of Large Language Models (LLMs,034

Achiam et al. 2023; Touvron et al. 2023; Yang035

et al. 2025; Liu et al. 2025) has reshaped in-036

teractions that previously occurred mainly be-037

tween humans. People now converse with LLM038

agents to accomplish various tasks, a capability en-039

abled by the models’ sophisticated linguistic skills,040

learned from vast corpora that include human di-041

alogue. Recently, conversational abilities have042

been advanced further through chain-of-thought 043

reasoning (Wei et al., 2022; Yao et al., 2022; 044

Bhaskar et al., 2025). This “think-before-respond” 045

paradigm significantly enhances response qual- 046

ity by improving the understanding of user in- 047

tent (Feng et al., 2025), enabling more efficient 048

goal achievement (Lai et al., 2025), and incorpo- 049

rating safety considerations (Jiang et al.). 050

However, this paradigm inherently introduces 051

latency. LLMs always begin thinking only after 052

their dialogue turn starts, often consuming hun- 053

dreds or even thousands of tokens for reasoning 054

before generating a final response. This delay 055

severely limits the applicability of LLM agents in 056

live conversations and other real-time interactive 057

scenarios, where both response quality and low la- 058

tency are crucial for user experience. 059

A natural direction for addressing latency is to 060

accelerate the reasoning process itself. Prior work 061

has explored several avenues. For instance, tech- 062

niques such as model distillation and specializa- 063

tion create smaller, faster models (Hsieh et al., 064

2023; Zhao et al., 2024; Li et al., 2023). Other 065

approaches include adaptive thinking or adding 066

length penalties to encourage shorter reasoning 067

chains (Zhang et al., 2025a; Kang et al., 2025; Ag- 068

garwal and Welleck, 2025). Alternatively, token- 069

level caching and speculative decoding partially 070

address the problem at a system level (Zhou et al.; 071

Huang et al., 2025). Though effective, these ap- 072

proaches either sacrifice reasoning performance or 073

require substantial and costly engineering effort. 074

To address this fundamental limitation, this po- 075

sition paper proposes a paradigm shift by introduc- 076

ing Proactive Thinking. While conventional re- 077

active thinking starts only after the latest user in- 078

put, our approach decouples deep reasoning from 079

the sequential interaction trajectories. It utilizes 080

the natural idle periods within a dialogue to per- 081

form reasoning for future states in advance. Con- 082

sequently, when a user reply arrives, the agent can 083
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respond immediately with precomputed results, ef-084

fectively cutting latency. In effect, this transforms085

reasoning from a passive, reactive computation086

into a proactive, preparatory resource.087

The remainder of this paper is organized as fol-088

lows. First, we introduce the conventional reactive089

thinking paradigm and conduct a pilot study. Sec-090

ond, we formalize the concept and mechanism of091

proactive thinking, arguing its feasibility through092

predictive branching perspective. Third, we imple-093

ment a simple baseline system for proactive think-094

ing and evaluate it on typical goal-oriented dia-095

logue tasks, including TelepathyGym (Qian et al.,096

2025) and AgentClinic (Schmidgall et al., 2024),097

across Qwen3 (Yang et al., 2025) and DeepSeek-098

V3.2 (Liu et al., 2025) to validate its effectiveness.099

Finally, we discuss limitations and outline future100

research directions.101

2 Preliminaries102

In this research, we focus on goal-oriented di-103

alogue tasks, which are inherently interactive104

decision-making problems. Unlike open-domain105

chit-chat without a specific objective, these tasks106

require an agent to reason about what to say in107

order to accomplish a final goal efficiently. For108

example, in a clinical inquiry, a physician must109

strategically ask questions to understand a pa-110

tient’s condition for making an accurate diagno-111

sis. This makes reasoning an effective technique112

for improving performance. In this section, we113

first introduce the conventional reactive thinking114

paradigm (§2.1) and then present a pilot study ex-115

amining its impact on both task performance and116

dialogue latency (§2.2).117

2.1 The Reactive Thinking Paradigm118

We model the interactive decision-making process119

as a partially observable sequential decision prob-120

lem. At each step 𝑡, an LLM-based agent 𝜋𝜃 in-121

teracts with an environment by producing an ac-122

tion 𝑎𝑡 and subsequently receives an observation123

𝑜𝑡 from the environment.124

Let 𝑥 denote the initial task description, and let125

𝜏<𝑡 = (𝑎1, 𝑜1, . . . , 𝑎𝑡−1, 𝑜𝑡−1) represent the inter-126

action history up to step 𝑡−1. The agent’s objective127

is to choose actions that lead to a final decision 𝑦,128

such as an answer, a diagnosis, or task completion,129

that maximizes a task-specific utility.130

To select an optimal action at each step, a com-131

mon practice is to first predict a reasoning trace132
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Figure 1: A comparison of the accuracy (left y-axis,
solid line) and latency (right y-axis, dashed line) for
Qwen3-8B and Qwen3-32B across maximum token
limits of 0, 64, 128, 256, 512, and unlimited.

𝑟𝑡 before producing the action (Yao et al., 2022). 133

This reasoning is internal and not directly observ- 134

able to the environment. Formally, the agent fol- 135

lows the synchronous pattern: 136

𝑟𝑡 , 𝑎𝑡 = 𝜋𝜃 (𝑥, 𝜏<𝑡 ), (1) 137

where the reasoning 𝑟𝑡 typically conditions on the 138

most recent observation 𝑜𝑡−1, and the action 𝑎𝑡 is 139

generated afterward. 140

2.2 The Performance-Latency Trade-off 141

We conduct a pilot study to examine how the 142

amount of reasoning affects performance and inter- 143

action efficiency under the conventional reactive 144

thinking paradigm. Our experiments use Agent- 145

Clinic (Schmidgall et al., 2024), a clinical inquiry 146

dataset where an LLM agent dialogues with a sim- 147

ulated patient to reach a diagnosis. A detailed de- 148

scription of the setup is provided in §4.2. 149

We evaluate Qwen3-8B and Qwen3-32B (Yang 150

et al., 2025) in their thinking mode, which allows 151

the maximum number of reasoning tokens to be 152

controlled. To enforce the reasoning budget, we 153

insert the special token </think> to terminate the 154

reasoning process once the token limit is reached, 155

forcing the model to produce its final answer. 156

Figure 1 shows the average diagnosis accuracy 157

and interaction latency per dialogue turn. We ob- 158

serve that task performance improves consistently 159

as the reasoning budget increases. The number 160

of dialogue rounds are uniformly around 5, indi- 161

cating improved interaction efficacy. When rea- 162

soning is unrestricted, we observe a slight perfor- 163
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Figure 2: A comparison of reactive and proactive thinking paradigms. Proactive thinking uses precomputation
to prepare results ahead of time, minimizing latency. If needed, on-demand continued thinking can be adaptively
invoked to guarantee response quality.

mance decrease for both models, which can be164

due to the over-thinking (Chen et al., 2024). Nev-165

ertheless, Qwen3-32B still achieves a 6.6-point166

improvement in accuracy compared to its non-167

thinking mode, confirming the importance of rea-168

soning for this task. However, interaction latency169

rises sharply with larger reasoning budgets. Both170

models achieved their best performance with la-171

tencies exceeding five seconds, raising concerns172

about awkward silences during interaction.173

In summary, the conventional reactive think-174

ing paradigm improves task performance but175

incurs significantly higher latency. This moti-176

vates the need for a more efficient approach. One177

contributing factor is its reactive nature: the agent178

must wait for the latest state (i.e., the user’s re-179

sponse) before it can begin reasoning. This leads180

to our central research question: can reasoning181

be decoupled from immediate feedback without182

sacrificing task performance?183

3 Proactive Thinking184

In this section, we introduce proactive thinking,185

where an agent proactively thinks ahead for future186

dialogue turns without access to the latest obser-187

vation (§3.1). We then argue, from a predictive188

branching perspective, that thinking can be decou-189

pled from user feedback without a loss in perfor-190

mance (§3.2).191

3.1 Precomputation for Latency Reduction192

In contrast to the standard synchronous paradigm193

(see §2.1), the proactive thinking paradigm per-194

forms reasoning computations during idle peri-195

ods. A common example is the interval between196

an agent’s action 𝑎𝑡 and the environment’s sub-197

sequent observation 𝑜𝑡 . Such idle windows oc- 198

cur naturally in applications like dialogue, where 199

a user’s response time allows for precomputation. 200

During this idle period, the agent precomputes 201

a reasoning trace R𝑡 based on the current context: 202

R𝑡 ∼ 𝜋𝜃 (𝑥, 𝜏<𝑡 , 𝑎𝑡 ). 203

Upon receiving the next true observation 𝑜𝑡 , the 204

agent updates its trajectory to 𝜏<𝑡+1. If the pre- 205

computation has not finished, it is forcibly stopped. 206

The agent then generates its next action 𝑎𝑡+1 condi- 207

tioned on both the updated trajectory and the pre- 208

computed result: 209

𝑎𝑡+1 = 𝜋𝜃 (𝑥, 𝜏<𝑡+1,R𝑡 ). 210

Due to constraints such as limited waiting time, 211

model capability, or task complexity, the precom- 212

puted R𝑡 may not contain reasoning suitable for 213

the actual observation 𝑜𝑡+1. To ensure robustness 214

especially in high-stakes tasks, the agent can per- 215

form adaptive continued thinking, which is simi- 216

lar to the reactive reasoning process but utilizes 217

R𝑡 as potentially useful preparatory context. In 218

the worst case, where the precomputation offers 219

no advantage, the proactive thinking approach in- 220

curs time consumption similar to that of the reac- 221

tive paradigm. 222

Intuitively, the central challenge for proactive 223

thinking lies in precomputation. This necessi- 224

tates clarifying how precomputation is feasible 225

and what form R𝑡 could take to be useful for sub- 226

sequent decision-making. 227

3.2 Feasibility: The Predictive Branching 228

Perspective 229

In human conversation, we can often anticipate 230

how the other person will respond. Similarly, 231
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LLMs trained on massive dialogue corpora de-232

velop the capability to predict or reason about233

probable user utterances given a conversational234

context. We formalize this intuition through a pre-235

dictive branching perspective.236

We conceptualize each distinct possible user237

feedback as a branch. While the space of all lin-238

guistic branches is infinite, the probability mass239

in specific conversational states can be highly con-240

centrated on just a few of them. For example, af-241

ter a clinician asks, “Is the pain sharp or dull?”,242

the responses “sharp”, “dull”, and “neither” cap-243

ture the vast majority of the probability distribu-244

tion over next utterances.245

This predictability creates an opportunity for246

computational speedup. An LLM agent can pre-247

compute follow-up responses for the 𝑘 most prob-248

able branches during the waiting time for the ac-249

tual user feedback. If the received response corre-250

sponds to a prepared branch, the agent can reply251

instantly.252

Formalization Let the LLM’s prior predicted253

distribution over possible environment feedbacks254

(branches) be denoted 𝑃. The true distribution of255

actual feedback from the environment is 𝑄. We256

assume the agent can prepare actions for the top-𝑘257

branches ranked by 𝑃. The probability that the ac-258

tual environment feedback 𝑜𝑖 ∼ 𝑄 is among these259

pre-prepared branches is given by:260

𝑃success(𝑘) =
∑

𝑜𝑖∈Top-𝑘 (𝑃)
𝑄(𝑜𝑖),261

where Top-𝑘 (𝑃) is the set of branches with the262

highest 𝑘 probabilities under 𝑃.263

Let 𝑇𝑎 denote the time required for reactive rea-264

soning per step. If adaptive continued thinking265

is performed, the expected latency per step under266

proactive thinking is then𝑇𝑎 · (1−𝑃success(𝑘)) ≤ 𝑇𝑎267

and the task performance can be maintained.268

Key Factors for Feasibility The efficacy of this269

precomputation strategy depends on two primary270

factors related to 𝑃:271

• Similarity of 𝑃 and 𝑄: The strategy is vi-272

able only if the LLM’s predicted distribution 𝑃273

closely aligns with the true environment feed-274

back distribution 𝑄. High similarity ensures that275

preparing for the branches deemed most likely276

by the LLM also covers the branches most likely277

to occur in reality.278

• Branching Entropy 𝐻 (𝑃): The entropy 𝐻 (𝑃) 279

measures the uncertainty or spread of the pre- 280

diction. A low entropy state, where probability 281

mass is concentrated on very few branches, is 282

highly amenable to this approach. Conversely, 283

in high-entropy, open-domain scenarios (e.g., af- 284

ter a question like “What symptoms are you expe- 285

riencing?”), the user’s next utterance is largely 286

unconstrained. Here, even for moderate 𝑘 , the 287

chance 𝑃success(𝑘) remains low, making precom- 288

putation inefficient. 289

Thus, the predictive branching perspective high- 290

lights that response precomputation is a feasi- 291

ble and beneficial optimization primarily in low- 292

entropy, predictable dialogue states. 293

4 Experiment 294

While the concept of proactive thinking is intu- 295

itive, its implementation and verification require 296

substantial effort. This involves jointly optimizing 297

precomputation and adaptive thinking capabilities, 298

as well as preparing an environment with human 299

participants. In this study, to validate the feasibil- 300

ity of the proactive thinking paradigm, we first im- 301

plement a simple version via prompting (§4.1) fo- 302

cusing on the most important precomputation step 303

and then verify it in simulated conversation envi- 304

ronments (§4.2). 305

4.1 A Simplified Implementation 306

Leveraging the instruction-following capability 307

of LLMs, we design prompts to guide them 308

through the key operations of the proactive think- 309

ing paradigm, building on the concept of predic- 310

tive branching. 311

Formally, at the 𝑡-th dialogue turn, immediately 312

after the LLM agent generates its response 𝑎𝑡 but 313

before observing the next user utterance 𝑜𝑡 , we 314

prompt the model to hypothesize 𝑘 plausible user 315

replies, denoted 𝑂̂𝑡 = {𝑜 (𝑖)
𝑡 }𝑘𝑖=1. For each hypothe- 316

sized reply, the model precomputes a correspond- 317

ing follow-up action 𝑎̂ (𝑖)
𝑡+1 using chain-of-thought 318

reasoning: 319

𝑂̂𝑡 = 𝜋𝜃 (𝑃ℎ, 𝜏<𝑡 , 𝑎𝑡 ), 320

𝑎̂ (𝑖)
𝑡+1 = 𝜋𝜃 (𝑃𝑎, 𝜏<𝑡 , 𝑎𝑡 , 𝑜

(𝑖)
𝑡 ), 321

where 𝑃ℎ and 𝑃𝑎 are the prompts used for hypoth- 322

esis generation and action precomputation, respec- 323

tively. The resulting set of hypothesis and action 324

pairs {(𝑜 (𝑖)
𝑡 , 𝑎̂ (𝑖)

𝑡+1)}
𝑘
𝑖=1 constitutes the precomputed 325

rollout set R𝑡 . 326
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We then structure R𝑡 as a concise, formatted out-327

put. This prevents lengthy intermediate reasoning328

from inadvertently influencing the model in sub-329

sequent steps. Determining an optimal number of330

hypotheses is non-trivial; for experimental verifi-331

cation, we use 𝑘 = 3 by default. We note that this332

fixed choice is not suitable for real-world deploy-333

ment but serves specifically to validate the proac-334

tive thinking concept.335

Finally, upon receiving the actual user reply 𝑜𝑡 ,336

the LLM is prompted to produce the next response337

by conditioning on both the dialogue history and338

the precomputed results:339

𝑎𝑡+1 = 𝜋𝜃 (𝑃𝑟 , 𝜏<𝑡+1,R𝑡 ),340

where 𝑃𝑟 is the response generation prompt. For341

simplicity, we omit cases where precomputation342

fails and an adaptive thinking process is required.343

Thus, this implementation could underperform rel-344

ative to the standard reactive thinking approach.345

4.2 Simulated Environments for Verification346

Datasets We conduct our experiments on two in-347

teractive benchmarks:348

• TelepathyGym (Qian et al., 2025): This349

benchmark evaluates an agent’s ability to per-350

form strategic reasoning and hypothesis testing351

through interactive “20 Questions”-style mind-352

reading games. The core task requires the agent353

to identify the user’s hidden entity by asking354

strategic yes-or-no questions and making a final355

guess. The dataset comprises 401 diverse enti-356

ties spanning categories such as people, animals,357

fruits, and movies.358

• AgentClinic (Schmidgall et al., 2024): This359

benchmark evaluates LLM agents in simulated360

clinical environments. A doctor agent must di-361

agnose a patient’s condition through dialogue362

to collect information actively. We adopt363

the dialogue-only setting, AgentClinic-MedQA,364

which is grounded in 214 cases from the US365

Medical Licensing Exam (Jin et al., 2021).366

We implement the user (for TelepathyGym) and367

patient (for AgentClinic) roles using DeepSeek-368

V3.2, mostly following the original study prompts.369

For AgentClinic, we further refine the patient370

simulation prompt using an improved version371

from (Gong et al., 2025) and update the evalua-372

tion prompt with stricter rules to prevent ambigu-373

ous predictions from being incorrectly scored as374

correct (see Appendix A for used prompts). Due to 375

the relatively small size of the AgentClinic dataset, 376

we report the average score over 4 runs for stable 377

results. 378

Evaluation Metrics We evaluate each method 379

for task performance and dialogue latency. Fol- 380

lowing prior work, task performance is measured 381

by Accuracy and #Turn. Accuracy indicates 382

whether the agent successfully achieves the goal 383

(i.e., guessing the entity or making the correct di- 384

agnosis). #Turn measures interaction efficiency, 385

where a lower number indicates greater efficiency. 386

Evaluating dialogue latency in a simulated envi- 387

ronment is challenging because the duration of 388

real-world human interaction between dialogue 389

turns is difficult to estimate, and computational la- 390

tency depends on hardware. Given pilot study re- 391

sults showing a high correlation between the num- 392

ber of generated tokens and time consumption, we 393

use #Token as a proxy for latency, where a lower 394

token count indicates lower latency. 395

Models and Hyperparameters We conduct ex- 396

periments using Qwen3-32B (Yang et al., 2025) 397

and DeepSeek-V3.2 (Liu et al., 2025), two recent 398

LLMs demonstrating strong performance across 399

various tasks. For text generation, we consistently 400

use a temperature of 0.5 to mitigate potential de- 401

generation when generating long responses with 402

reasoning traces. We deploy Qwen3-32B using 403

vLLM (Kwon et al., 2023) on four A100 GPUs, 404

while for DeepSeek-V3.2 we utilize the official 405

API service. 406

Baselines To compare with our Proactive 407

Thinking implementation (see §4.1), we include 408

the following baselines: 409

• Without Thinking: The agent generates actions 410

directly without an explicit reasoning process. 411

For TelepathyGym, we directly prompt the LLM 412

to generate its utterance to the user. For Agent- 413

Clinic, we allow very brief reasoning to ensure 414

responses are well-formatted. 415

• Reactive Thinking: The conventional reason- 416

ing baseline where the agent begins thinking af- 417

ter receiving the user’s response and then pro- 418

duces an action. For Qwen3-32B, instead of us- 419

ing a built-in thinking mode, we prompt it to per- 420

form step-by-step reasoning for a fair compari- 421

son with our method. 422
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TelepathyGym AgentClinic

Acc.↑ #Turn↓ Acc.↑ #Turn↓
Qwen3-32B

Without 0.681 14.1 0.382 5.02
Reactive 0.721 12.0 0.432 5.55
Proactive 0.726 12.3 0.411 5.42

DeepSeek-V3.2

Without 0.716 13.4 0.498 5.10
Reactive 0.855 10.3 0.533 5.21
Proactive 0.868 10.2 0.539 5.27

Table 1: Comparison of without thinking (Without),
reactive thinking (Reactive) and proactive thinking
(Proactive). We highlight the best result in bold and
second-best with underline.

The prompts used for these baselines are provided423

in Appendix A.424

4.3 Main Results425

Table 1 and Figure 3 show the test results of differ-426

ent methods on TelepathyGym and AgentClinic.427

We observe that conducting thinking consistently428

improves task performance on both datasets. For429

TelepathyGym, thinking not only improves accu-430

racy but also reduces the number of interaction431

turns, demonstrating higher efficacy. Most sig-432

nificantly, reactive thinking achieves a 0.14-point433

improvement in accuracy when using DeepSeek-434

V3.2. For AgentClinic, although dialogue turns in-435

crease when using Qwen3-32B, the increase is rel-436

atively limited while the accuracy improvement is437

notable. However, this improvement comes at the438

cost of increased token consumption, as shown in439

Figure 3. Users may experience noticeable pauses440

during the conversation, resulting in a poorer expe-441

rience.442

For proactive thinking, we observe competitive443

task performance compared to reactive thinking444

on TelepathyGym. This is expected because user445

replies are limited to yes, no, or maybe, which446

are easily predictable. For AgentClinic, we ob-447

serve a 0.02-point decrease in accuracy compared448

to reactive thinking with Qwen3-32B. This may449

be because patient responses are highly flexible,450

making it difficult for proactive thinking to antic-451

ipate all possible replies. Further analysis is pro-452

vided in §4.4. Additionally, effectively leveraging453

proactive thinking results for decision-making can454

be challenging, as existing LLMs may not have455

Figure 3: A comparison of token consumption for dif-
ferent methods, where proactive thinking performs pre-
computation without knowledge of the next user reply
(w/o observation).

been trained on such instructions. This observa- 456

tion is supported by results from DeepSeek-V3.2: 457

with its stronger capabilities, our method success- 458

fully maintains task performance. Nevertheless, 459

proactive thinking still consistently outperforms 460

the without-thinking baseline on both models. 461

Results on token consumption show that al- 462

though proactive thinking consumes many more 463

tokens for reasoning, these can be decoupled from 464

the latest environment observation (i.e., the user 465

reply). After receiving the latest reply, only the 466

same number of tokens as the without-thinking ap- 467

proach is required. This demonstrates the promise 468

of proactive thinking techniques in addressing la- 469

tency issues. 470

4.4 Analyses 471

We further analyze the recall of actual user replies 472

and the number of interaction turns to validate the 473

effectiveness of our proactive-thinking paradigm. 474

Analyzing the Influence of Parameter 𝑘 The 475

hyperparameter 𝑘 plays a critical role in our 476

proactive-thinking implementation. Intuitively, it 477

can increase the recall of the actual user reply by 478

allowing the enumeration of more possible candi- 479

dates. To understand its impact, we conduct an 480

experiment with different values 𝑘 = 1, 2, 3, 5. 481
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Acc.↑ #Turn↓ Accept↑
𝑘 = 1 0.401 5.54 0.640
𝑘 = 2 0.396 5.44 0.727
𝑘 = 3 0.411 5.42 0.764
𝑘 = 5 0.410 5.39 0.772

Table 2: Performance of Qwen3-32B on AgentClinic
with different 𝑘 , where Accept denotes the acceptance
ratio of precomputed results.
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Figure 4: Performance of DeepSeek-V3.2 on Agent-
Clinic at different dialogue turns.

Computing whether the actual user reply is pre-482

dicted within the top-𝑘 predictions is non-trivial483

due to the diverse expression styles in conversa-484

tion. Therefore, we calculate the acceptance ra-485

tio. That is, whether the agent adopts any of the486

precomputed replies in its next response. This in-487

dicates that the corresponding predicted user reply488

is semantically related to the actual one. Results489

are shown in Table 2. We observe a consistent490

improvement in acceptance ratio as 𝑘 increases,491

which is expected. This explains why proactive492

thinking improves performance: the user reply is493

predictable, and follow-up actions can be prepared494

in advance. With larger 𝑘 , we generally observe495

improved accuracy. This correlation shows that496

successful recall of the actual user response trans-497

lates into better task performance. Surprisingly,498

even with only 𝑘 = 1, the method effectively im-499

proves accuracy compared to the without-thinking500

baseline. This is encouraging because it indicates501

that even when the proactive-thinking budget is502

limited, performance can still be enhanced, val-503

idating the practicality of our approach.504

Analysis of Performance Across Dialogue505

Turns Dialogue turn number is another impor-506

tant aspect of task performance. An expected per-507

Figure 5: An example from AgentClinic, where the
doctor is played by DeepSeek-V3.2.

formance gain should not come at the cost of an 508

increased number of turns. Therefore, we analyze 509

accuracy at different dialogue stages, not only at 510

the final turn. We use the dialogue histories gen- 511

erated by different methods with DeepSeek-V3.2 512

and consistently employ DeepSeek-V3.2 with a 513

diagnosis-specific prompt (see Figure 12) to per- 514

form diagnoses across histories of varying turn 515

lengths. This ensures a fair evaluation among dif- 516

ferent methods. Results in Figure 4 show that the 517

accuracy of all methods improves as the number of 518

turns increases because more information is gath- 519

ered. Compared to the results in Table 1, accu- 520

racy at the maximum turn is higher for all meth- 521

ods because the evaluation prompt enables deeper 522

reasoning specifically for diagnosis. Except in the 523

early stages, where results may have higher vari- 524

ance, both reactive thinking and proactive thinking 525

consistently outperform the baseline method with- 526

out thinking. Proactive thinking performs compa- 527

rably to reactive thinking, demonstrating its effec- 528

tiveness at each individual dialogue turn. 529

Case Study on How Proactive Thinking Works 530

Figure 5 presents a case from AgentClinic in 531

which the doctor agent is played by DeepSeek- 532

V3.2. After asking the first question, the agent 533

immediately considers how the patient might re- 534

ply and drafts corresponding follow-up responses 535

in advance. Once the patient’s actual reply is re- 536

ceived, the agent compares it with its proactive 537

thinking results and can directly adopt the pre- 538
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pared questions without further reasoning. One539

possible issue, however, is that the actual patient540

reply may differ from the most similar antici-541

pated response. For example, the patient adds the542

statement, “They do get better after I rest for a543

few hours.” Ignoring such additional information544

could compromise performance. This observation545

suggests the need for adaptive thinking, the abil-546

ity to judge whether further reasoning is necessary547

and to refine the next response accordingly.548

5 Discussion and Future Directions549

5.1 Optimization of Proactive Thinking550

While we empirically validate the effectiveness of551

the proactive thinking paradigm, we acknowledge552

several critical weaknesses in our current imple-553

mentation and evaluation, including potential task554

performance degradation and computational inef-555

ficiency. We believe significant room for improve-556

ment remains:557

• Predicting Environment State Transitions:558

From a predictive branching perspective, the per-559

formance of a proactive agent is bounded by560

its ability to model the prior distribution of the561

next utterance given the current context. This is562

conceptually equivalent to predicting state tran-563

sitions in a Markov decision process. Recent re-564

search (Zhang et al., 2025b; Chen et al., 2025)565

has focused on forecasting the next environment566

state, notably through world models (Ha and567

Schmidhuber, 2018; LeCun, 2022; Assran et al.,568

2025), an area we expect could substantially ben-569

efit proactive thinking.570

• Tailored Reasoning: The pipeline implementa-571

tion in §4.1 results in obvious computational in-572

efficiency. Since multiple requests share simi-573

lar context (e.g., the conversation so far), LLMs574

may perform repetitive reasoning, leading to re-575

dundant computation. The fundamental issue576

is that existing LLMs lack reasoning abilities577

specifically tailored for proactive thinking. In-578

spired by the success of DeepSeek-R1 (Guo579

et al., 2025), we believe this can be addressed580

through reinforcement learning (Schulman et al.,581

2017; Shao et al., 2024). Based on the de-582

sign in §3.1, we can train LLMs to actively ex-583

plore efficient reasoning strategies that optimize584

for the final goal, instead of relying on a hand-585

crafted inference framework. However, we note586

that latency, as an important optimization goal,587

should be simulated in the training environment. 588

This ensures the agent progresses toward a well- 589

defined objective with minimal bias relative to 590

real-world applications. 591

Furthermore, the proactive thinking paradigm 592

can be integrated with complementary techniques. 593

For instance, Shih et al. (2025) proposes begin- 594

ning the thinking process while a speaker is still 595

talking, though this is currently constrained to 596

the speech domain. Similarly, Xie et al. (2025) 597

proposes interleaving thinking with response gen- 598

eration but remains within the reactive thinking 599

paradigm without fully utilizing the conversational 600

structure. Merging proactive thinking with such 601

approaches could conceptually reduce latency or 602

enhance performance. 603

5.2 From Reactive Loops to Prepared Agents 604

This work has discussed the feasibility of proac- 605

tive thinking and validated it through empirical re- 606

sults in dialogues. We hope this paradigm can be 607

extended to more diverse interactive environments, 608

where agents proactively conduct reasoning on de- 609

mand, thereby decoupling from the reactive cy- 610

cle. For example, in real-time strategy games (Ma 611

et al., 2024), an agent can continuously simu- 612

late an opponent’s moves and precompute counter- 613

strategies, enabling instant, high-quality decisions. 614

Similarly, in autonomous driving (Wang et al., 615

2023), a system can proactively predict the tra- 616

jectories of nearby vehicles and pedestrians dur- 617

ing stable driving periods, allowing for smoother 618

and safer real-time trajectory adjustments. In sum- 619

mary, we believe the shift from reactive loops to 620

prepared agency represents a promising path to- 621

ward more intelligent interactive AI. 622

6 Conclusion 623

In this work, we propose proactive thinking to re- 624

duce the latency of response generation in multi- 625

turn dialogues. Unlike standard reactive reasoning, 626

which must wait for the latest observation to be- 627

gin, our approach decouples the thinking process 628

from the sequential interaction trajectory by pre- 629

computing thoughts for later use. Its effectiveness 630

can be intuitively understood from a predictive 631

branching perspective, and we empirically verify 632

it through experiments on two typical tasks. This 633

study serves as a preliminary exploration, and we 634

believe it can enable wider applications and more 635

practical AI systems. 636
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Limitations637

As a position paper on the concept of proactive638

thinking, this study does not fully implement the639

proposed systems with all necessary capabilities,640

as doing so would require substantial optimization641

efforts. A more detailed discussion on this is pro-642

vided in §5.1. Furthermore, this work validates643

the effectiveness of proactive thinking only in a644

controlled simulated environment, which differs645

from real-world conditions. In particular, deter-646

mining the appropriate amount of time to allocate647

for proactive thinking remains a non-trivial chal-648

lenge. Developing better methods for evaluating649

proactive thinking continues to be a critical area650

for future work.651
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A Prompts Used In This Study846

This appendix presents the prompts used in this847

research. As the prompts for TelepathyGym are848

sourced directly from that framework, we present849

only the prompts for AgentClinic; for the Telepa-850

thyGym prompts, please refer to (Qian et al.,851

2025).852

The prompts for without thinking and reactive853

thinking are shown in Figure 6 and 7, respectively.854

For proactive thinking, the prompts for user reply855

hypothesis and final generation with the actual pa-856

tient reply are provided in Figure 8 and Figure 9.857

The follow-up response generation with hypothe-858

sized user reply uses the same prompt with reac-859

tive thinking.860

We employ the patient simulation prompt861

from (Gong et al., 2025) and show it in Figure 10,862

which is designed to better evaluate the inquiry ca-863

pability of a doctor agent. Finally, the prompt for864

judging the correctness of the predicted diagnosis865

is shown in Figure 11.866

Following (Qian et al., 2025), we instruct LLMs867

to provide their output summarized in a JSON-like868

structure. This allows us to easily parse the final869

dialogue utterance from the full model response.870
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Doctor Response Generation (Without Thinking)

You are a doctor named Dr. Agent who responds only in dialogue. You are examining a patient and will ask questions
about their symptoms, social history, personal information, medical test results, and other relevant details in order
to diagnose their condition. The total number of interactions with the patient is limited, so you must balance your
questions to reach a diagnosis as efficiently as possible. Your dialogue should be only 1 sentence long. Once you
have decided to make a diagnosis, please type “DIAGNOSIS READY: [specific disease name without ambiguity]”.
Remember, you must identify their disease by asking questions.

Below is all of the information you have:
{basic_information}

### Your Response
{

“thought”: “Your very brief reasoning about whether to ask a question and what question to ask, or to make a
diagnosis based on the information you have.”,

“response”: “Your question to the patient, 1 sentence long, or DIAGNOSIS READY: [disease name] if you decide
to make a diagnosis.”
}
———————————————————————————————————————————————
Here is the dialogue history:
{dialogue_history}

Now please continue your dialogue

Figure 6: The prompt for doctor response generation when using without-thinking paradigm. We allow a very
brief reasoning, which helps generating well-formatted response. The system prompt and user prompt is separated
with the solid line.

Doctor Response Generation (Reactive Thinking)

You are a doctor named Dr. Agent who responds only in dialogue. You are examining a patient and will ask questions
about their symptoms, social history, personal information, medical test results, and other relevant details in order
to diagnose their condition. The total number of interactions with the patient is limited, so you must balance your
questions to reach a diagnosis as efficiently as possible. Your dialogue should be only 1 sentence long. Once you
have decided to make a diagnosis, please type “DIAGNOSIS READY: [specific disease name without ambiguity]”.
Remember, you must identify their disease by asking questions.

Below is the information known before the dialogue begins:
{basic_information}

Here is the dialogue history:
{dialogue_history}

Please first write down your step-by-step reasoning process and finally summary using the following format:
**Reasoning Process:**
... your reasoning process here ...

{
“thought”: “Your very brief reasoning about whether to ask a question and what question to ask, or to make a

diagnosis based on the information you have.”,
“response”: “Your question to the patient, 1 sentence long, or DIAGNOSIS READY: [disease name] if you decide

to make a diagnosis.”
}

Figure 7: The prompt for doctor response generation when using reactive thinking paradigm.
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User Reply Hypothesis (Proactive Thinking)

You are a skilled doctor who can anticipate a patient’s possible responses.

Below is the information known before the dialogue begins:
{basic_information}

Here is the dialogue history:
{dialogue_history}

Based on this information, please enumerate one most likely plausible response the patient might give. This response
should be only one sentence.

Please first write down your step-by-step reasoning process, and then summarize using the following format:
**Reasoning Process:**
... your reasoning process here ...

{
“patient response”: “The most possible response based on the patient’s likely description.”

}

Figure 8: The prompt for user reply hypothesis when using proactive thinking paradigm.

Doctor Response Generation (Proactive Thinking)

You are a doctor named Dr. Agent who responds only in dialogue. You are examining a patient and will ask questions
about their symptoms, social history, personal information, medical test results, and other relevant details in order
to diagnose their condition. The total number of interactions with the patient is limited, so you must balance your
questions to reach a diagnosis as efficiently as possible. You will be provided with analyses of potential patient
responses and corresponding diagnostic considerations. Use this information to guide your questioning. Your dialogue
should be only 1 sentence long. Once you have decided to make a diagnosis, please type “DIAGNOSIS READY:
[specific disease name without ambiguity]”. Remember, you must identify their disease by asking questions.

Below is all of the information you have:
{basic_information}

Please first write down your step-by-step reasoning process and finally summary using the following format:
**Reasoning Process:**
... your reasoning process here ...

{
“thought”: “Your very brief reasoning about whether to ask a question and what question to ask, or to make a

diagnosis based on the information you have.”,
“response”: “Your question to the patient, 1 sentence long, or DIAGNOSIS READY: [disease name] if you decide

to make a diagnosis.”
}
———————————————————————————————————————————————
Here is the dialogue history:
{dialogue_history}

You have previously received the following analytical insights before the patient’s latest response:
{precomputation_results}

The patient has now responded as follows:
{actual_patient_response}

Now please continue your dialogue

Figure 9: The prompt for doctor response generation when using proactive thinking paradigm.

13



Patient Response Generation

You are a patient in a hospital and must answer the doctor’s questions based on the context paragraph. Always refer
to yourself in the first person unless you are an infant, unconscious, or deceased; in those cases, refer to the patient as
your family member. Reveal only the information that is directly asked for. For example, if a question asks generally
about your symptoms, provide only your primary symptom, excluding further details such as duration, location, or
severity. If the context paragraph contains no relevant information, you must express uncertainty rather than making
assumptions.

Your reply must be 1-3 sentences in length. Do not explicitly state your disease, but you may convey other available
information in the form of dialogue if asked.

Below is all of your information:
{basic_information}

### Your Response
{

“thought”: “Your reasoning about how the doctor’s question relates to the patient information, revealing only what
is directly asked for.”,

“response”: “Your response to the doctor, 1-3 sentences long.”
}
———————————————————————————————————————————————
Here is a history of your dialogue:
{dialogue_history}

Now please continue your dialogue

Figure 10: The prompt for patient simulation.

Answer Correctness Judgement

You are responsible for determining whether the current diagnosis and the doctors diagnosis refer unambiguously to
the same disease.

### Your Response
{

“thought”: “Examine whether the doctor’s dialogue provides a specific diagnosed disease name, then compare it
with the provided correct diagnosis. Note that if the doctor provides an ambiguous diagnosis—such as no specific
disease name or multiple possible diseases—it should be considered incorrect.”,

“response”: “Yes” or “No”
}
———————————————————————————————————————————————
Here is the correct diagnosis: {gold_answer}

Here was the doctor dialogue: {last_dialogue_turn}

Did the doctor predict the correct diagnosis without any ambiguity?

Figure 11: The prompt for judging the predicted answer correctness.
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Diagnosis Prediction

You are a doctor. Your task is to formulate a differential diagnosis based on the given information and conversation.
To make a precise diagnosis, you should analyze the patient’s condition, develop a list of possible diagnoses, and
finally determine the most likely one.

Below is the information known before the dialogue begins:
{basic_information}

Here is the dialogue history:
{dialogue_history}

Please first write down your step-by-step reasoning process and finally state the most likely diagnosis using the
following format:
**Reasoning Process:**
... your reasoning process here ...

{
“response”: “DIAGNOSIS READY: [disease name]”

}

Figure 12: The prompt for making a diagnosis only based on the dialogue history.
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