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Abstract001

Recent work has expanded the focus of Large002
Language Models (LLMs) to Large Action003
Models (LAMs), which generate executable004
actions for tasks such as coding, reasoning,005
and data analysis. However, existing LAMs006
typically remain reactive and cannot initiate007
actions without explicit user instructions, lim-008
iting their usefulness in dynamic settings. We009
introduce P-LAM, a two-step proactive reason-010
ing framework that autonomously determines011
when intervention is required and what task012
to perform based on environmental observa-013
tions. The first step evaluates the need for in-014
tervention and infers the task type, while the015
second applies a task-aligned prompt template016
to generate an appropriate action plan. Without017
any post-training, P-LAM achieves a 61.31%018
success rate on the contamination-resistant019
LiveBench benchmark, substantially outper-020
forming a conventional Chain-of-Thought ap-021
proach by 26.31% across six domains, includ-022
ing coding and writing. These results demon-023
strate that lightweight proactive reasoning can024
markedly improve LAM performance and reli-025
ability, even in zero-shot settings.026

1 Introduction027

Recent advances have shifted research focus from028

Large Language Models (LLMs) (Brown et al.,029

2020), primarily used for text generation, to Large030

Action Models (LAMs), which generate executable031

actions for complex tasks (Wang et al., 2024a; Pic-032

coli et al., 2025). This transition expands the role of033

large models beyond language understanding and034

enables their application to domains such as coding,035

data analysis, and multi-step reasoning (Olausson036

et al., 2023; Yao et al., 2023b; Wang et al., 2023;037

Patil et al., 2024).038

Traditional LAMs rely on elaborate multi-stage039

training pipelines involving extensive task-specific040

data collection, repeated expert demonstrations,041

and fine-tuning through supervised or reinforce- 042

ment learning (Wang et al., 2024a; Zhang et al., 043

2025). Building such systems demands substan- 044

tial engineering effort, including the construction 045

of domain-specific datasets and reward functions 046

and the careful adaptation of models to each tar- 047

get environment. Consequently, these models tend 048

to become highly specialized and exhibit limited 049

flexibility outside their training contexts. 050

Most existing systems further operate under an 051

instruction-driven paradigm, initiating actions only 052

in response to predefined prompts or explicit user 053

inputs (Fan et al., 2022; Liu et al., 2023; Guo et al., 054

2024). This reactive behavior is insufficient in dy- 055

namic or open-ended scenarios where user guid- 056

ance is unavailable and timely proactive interven- 057

tion is required. 058

Environment TypeError: list indices must be integers or slices, not str

Proactive LAM

It looks like your code is using 
the string "1" to index a list. 
Python lists only allow integer 
indices. I will fix it by changing 
it to my_list[int("1")].

I’m getting this error 
please fix: TypeError: list 
indices must be integers 
or slices, not str

Reactive LAM

Execution TroubleshootingExecution Troubleshooting

Figure 1: Illustration of bug handling: Reactive LAM
waits for explicit user instructions before troubleshoot-
ing, whereas Proactive LAM captures errors from the
environment and initiates troubleshooting prior to ex-
plicit user guidance.

We propose the Proactive Large Action Model 059

(P-LAM), a prompting-based framework that en- 060

ables proactive task execution in zero-shot environ- 061

ments. P-LAM follows a two-step process: the first 062

step determines whether intervention is necessary 063

and identifies the underlying task type; the second 064

step applies a task-aligned template to generate an 065

appropriate action plan, supporting zero-shot gener- 066

alization across diverse task distributions. Figure 1 067
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illustrates how P-LAM detects and resolves errors068

before explicit user input.069

We evaluate P-LAM on the contamination-070

resistant LiveBench benchmark (White et al.,071

2024), which continuously introduces novel tasks072

and poses substantial challenges even for state-of-073

the-art commercial models. All performance gains074

arise solely from the proposed two-step prompt-075

ing strategy, without any post-training or additional076

instruction examples.077

The primary contributions of this work are as078

follows:079

• We introduce P-LAM, a proactive two-step080

reasoning framework that generates and exe-081

cutes actions directly from observations, with-082

out requiring explicit user instructions or cu-083

rated examples.084

• We propose a confidence-aware intervention085

mechanism that reduces unnecessary or in-086

correct proactive actions, improving overall087

reliability.088

• We demonstrate through comprehensive eval-089

uation on LiveBench that P-LAM enables090

smaller models to achieve competitive or even091

superior performance compared to signifi-092

cantly larger LAMs.093

These contributions establish a foundation for094

developing proactive and generalizable LAMs,095

moving the field toward open-ended, real-world096

decision-making.097

2 Related Work098

This section reviews prior research on LAMs,099

proactive assistance frameworks, and prompt-based100

reasoning methods, and highlights the remaining101

gaps that motivate our task-agnostic proactive ap-102

proach.103

Reactive Large Action Models. Recent ad-104

vances in language models have enabled the de-105

velopment of LAMs for domains such as code gen-106

eration (Yang et al., 2024; Zhang et al., 2024a;107

Wang et al., 2024b; Chen et al., 2024), web-based108

task execution (Zhou et al., 2023; Ma et al., 2023),109

and spreadsheet manipulation (Chen et al., 2025;110

Ma et al., 2024). Although these systems can per-111

form complex tasks, they remain largely reactive:112

they initiate actions only in response to explicit113

user instructions or predefined prompts and do not114

autonomously interpret environmental signals to 115

determine when action is needed (Kim et al., 2024; 116

Liu et al., 2023). This reactive paradigm limits 117

their applicability in dynamic or open-ended set- 118

tings where timely intervention is required. 119

Proactive Assistance Frameworks. Several 120

frameworks explore proactive behavior by allowing 121

systems to anticipate user needs or request clarifi- 122

cations when instructions are ambiguous (Lu et al., 123

2024; Zhang et al., 2024b). While these approaches 124

represent early steps toward anticipatory assistance, 125

their proactive capabilities are typically limited 126

to information gathering rather than autonomous 127

multi-step task execution. Moreover, proactively 128

determining both when to intervene and what task 129

to pursue without relying on explicit user com- 130

mands remains largely unexplored in prior work. 131

Prompt-based Reasoning Methods. Prompt- 132

based reasoning techniques such as Chain-of- 133

Thought (CoT) (Wei et al., 2022) and self- 134

consistency decoding (Wang et al., 2022) improve 135

problem decomposition and reasoning accuracy. 136

ReAct (Yao et al., 2023b) integrates reasoning 137

with action generation. More expressive structured 138

reasoning methods, including Tree-of-Thoughts 139

(ToT) (Yao et al., 2023a) and Graph-of-Thoughts 140

(GoT) (Besta et al., 2024), explore multiple solu- 141

tion paths but incur substantial computational over- 142

head, making them unsuitable for latency-sensitive 143

LAM settings. 144

Proactive, Task-Agnostic Reasoning. P-LAM 145

is designed to address these limitations by enabling 146

proactive task initiation directly from environmen- 147

tal observations, without explicit user instructions, 148

fine-tuned demonstrations, or task-specific training. 149

A lightweight intervention classifier determines 150

whether and how to act, and task-type–aligned 151

templates guide execution through a fixed, non- 152

branching reasoning sequence. Unlike CoT-, ToT-, 153

or GoT-based prompting, which introduces variable 154

computational cost through sampling or branching, 155

P-LAM offers consistent latency while enabling 156

proactive behavior. Furthermore, most existing 157

LAM-based systems assume that the task is spec- 158

ified by the user, whereas P-LAM performs im- 159

plicit task inference, identifying both the need for 160

intervention and the underlying task type. This 161

makes P-LAM a scalable and efficient approach for 162

proactive, task-agnostic reasoning across diverse 163

environments. 164
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3 P-LAM: Proactive Task-Agnostic165

Reasoning166

P-LAM enables proactive decision-making in zero-167

shot environments by decoupling intervention168

detection from task-aligned proposal generation.169

Unlike conventional LAMs that initiate actions170

only upon explicit user instructions, P-LAM au-171

tonomously interprets raw observations, deter-172

mines whether intervention is required, infers the173

latent task type, and generates a proactive execu-174

tion plan through a fixed, non-branching sequence175

of LLM calls. This section presents the design prin-176

ciples, formal formulation, and complete reasoning177

pipeline underlying our framework.178

3.1 Design Principles179

P-LAM is built upon three principles that enforce180

computational efficiency, task-adaptive reasoning,181

and robustness to unseen task distributions.182

Lightweight Proactive Decision-Making. To183

support real-time operation, Step 1 must remain184

lightweight and predictable. It is implemented as185

a single forward LLM evaluation with no branch-186

ing, rollouts, or sampling. This yields proactive187

decisions whose computational cost does not grow188

with task difficulty or reasoning depth.189

Task-Type Conditional Prompting. Effective190

proactive reasoning requires prompts that align191

with the underlying structure of the task. P-LAM192

conditions its proposal generator on a coarse task-193

type label, ct ∈ {structured, unstructured}, which194

selects between two complementary inductive bi-195

ases: a compositional, step-wise reasoning style for196

structured tasks and a more flexible, semantically197

driven style for unstructured tasks. This design198

allows the same base model to adapt its reasoning199

behavior through prompt selection alone, without200

additional training. The task-type classification201

is intentionally coarse-grained and is designed to202

reflect the dominant reasoning structure of a task203

rather than impose strict boundaries, thereby per-204

mitting overlap across domains such as data analy-205

sis or mathematics.206

Zero-Shot Generalization. P-LAM operates207

without curated task exemplars or in-context208

demonstrations. All decisions and proposals must209

remain stable when observations originate from210

previously unseen environments: 211

(dt, ct, st) = g(ot), at = f(ot, dt, ct, st),

ot ∼ Dunseen.
212

This motivates the design of a task-agnostic prompt- 213

ing interface that generalizes beyond development- 214

time distributions. 215

3.2 Formalization and Proactive Reasoning 216

Pipeline 217

We formalize P-LAM’s proactive reasoning as a se- 218

quential process grounded in intervention detection, 219

task-type inference, and template-guided proposal 220

generation. 221

3.2.1 Formal Definition 222

Let ot ∈ O denote the observation at timestep t, 223

where O includes natural language messages, sys- 224

tem logs, or structured event traces. Step 1 predicts 225

whether intervention is necessary, the task type, 226

and a calibrated confidence score: 227

(dt, ct, st) = g(ot), (1) 228

where dt is the intervention decision, ct ∈ 229

{structured, unstructured} is the inferred task type, 230

and st ∈ [0, 1] is the confidence. Intervention is 231

triggered only if dt = 1 and st ≥ τ for a predefined 232

threshold τ . 233

Step 2 generates a task-aligned plan: 234

at = f(ot, dt, ct, st), (2) 235

where f maps observations and classifier outputs 236

into the action space A. Template selection is gov- 237

erned by a template-mapping function: 238

T : {structured, unstructured} → T ,
T (ct) ∈ T ,

(3) 239

where each template T (ct) is a prompt function 240

instantiated into an LLM call. 241

The overall policy is defined deterministically 242

as: 243

at = π(ot) = f(ot, dt, ct, st). (4) 244

3.2.2 Step 1: Proactive Intervention Classifier 245

As illustrated in Figure 2, P-LAM receives only 246

raw environmental observations rather than explicit 247

user instructions. The Proactive Intervention Clas- 248

sifier must therefore infer latent task-relevant sig- 249

nals and determine whether proactive intervention 250

is warranted. 251
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Action

Code

Log

Environment

Execution

observation

Proactive LAM

Action Executor

Task Type

Step 1. Proactive 
Intervention Classifier

Intervention

Action Planning

Step 2. Adaptive 
Proposal Generator

Structured

Unstructured

Task Type

Action

Confidence

Figure 2: Architecture of P-LAM. The system consists of a Proactive Intervention Classifier (Step 1), an Adaptive
Proposal Generator (Step 2), and an Action Executor. Interventions are triggered only when both necessity and
confidence criteria are satisfied, after which proposals are generated using a task-type conditional template and
executed in the environment.

Context Aggregation. To mitigate noise and par-252

tial observability, recent observations are aggre-253

gated into a compact situational context:254

õt = A(o1:t), (5)255

where A denotes a context aggregation operator256

realized through a single LLM forward pass.257

Latent Situational Representation. From the258

aggregated context, the classifier derives an inter-259

nal latent representation encoding inferred goals,260

progress signals, and potential risk indicators:261

zt = ϕ(õt), (6)262

where ϕ is an implicit reasoning operator imple-263

mented within the prompting process rather than a264

separately trained model.265

Intervention Decision. The necessity of proac-266

tive intervention is determined by projecting the267

latent representation onto a decision score:268

pt = σ(Wdzt), dt = 1{pt ≥ ϵ}, (7)269

where Wd denotes a conceptual linear projection270

illustrating how intervention signals are aggregated,271

rather than a learned parameter, and ϵ is a fixed272

decision threshold.273

Task-Type Inference. In parallel, the classifier274

infers the task type associated with the current con-275

text:276

ct = h(ot) ∈ {structured, unstructured}, (8)277

where h denotes a lightweight task-type predictor278

implemented via prompting.279

Confidence Estimation. A continuous confi- 280

dence score is estimated from the latent representa- 281

tion: 282

st = fconf(zt), (9) 283

where fconf produces a scalar reflecting the classi- 284

fier’s reliability in its intervention decision. Among 285

all intermediate signals, st is the only explicitly 286

quantified variable and is used to regulate interven- 287

tion frequency. Step 2 is invoked if and only if 288

dt = 1 and st ≥ τ , where τ is a predefined confi- 289

dence threshold. The confidence score st itself is 290

directly generated by the LLM as a self-assessed 291

scalar confidence following the explicit instruction 292

in the Step 1 prompt, rather than derived from token 293

probabilities or external calibration. 294

3.2.3 Step 2: Adaptive Proposal Generator 295

Given the outputs of Step 1, the Adaptive Proposal 296

Generator produces a task-aligned proactive plan, 297

at = f(ot, dt, ct, st) = T (ct)
(
Φ(ot)

)
, (10) 298

where Φ extracts core reasoning cues from the ob- 299

servation and T (ct) provides a task-specific induc- 300

tive bias. 301

Structured Tasks. For tasks that exhibit compo- 302

sitional logical structure (e.g., program repair, data 303

analysis, or multi-step problem solving), the struc- 304

tured template guides the model through an explicit 305

reasoning scaffold: 306

Tstruct : Φ(ot)

7→ (analyze, plan, synthesize)
(11) 307
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Algorithm 1 P-LAM: Proactive Task-Agnostic
Reasoning

Require: Observation ot, confidence threshold τ
Ensure: Action at

1: Step 1: Proactive Intervention Classifier
2: (dt, ct, st) ←

ProactiveInterventionClassifier(ot)
3: if dt = 0 or st < τ then
4: at ← ∅ ▷ no proactive action
5: return at
6: Step 2: Adaptive Proposal Generator
7: if ct = structured then
8: T ← StructuredPrompt()
9: else

10: T ← UnstructuredPrompt()
11: at ← LAM(T, ot, ct)
12: ActionExecutor(at)
13: return at

Decomposition mitigates step-omission errors com-308

mon in LLM reasoning, and structured synthesis309

produces an actionable plan that is compatible with310

downstream tool execution.311

Unstructured Tasks. For open-ended tasks such312

as writing and summarization, the unstructured313

template emphasizes semantic abstraction rather314

than rigid decomposition:315

Tunstruct : Φ(ot)

7→ (interpret, goal, plan, synthesize)
(12)316

This allows P-LAM to infer high-level objec-317

tives, explore alternative formulations, and con-318

dense them into a coherent proactive proposal.319

Action Execution. The plan is executed via an320

environment interface that applies code, tool com-321

mands, or textual outputs depending on the task322

domain. This closes the perception–action loop323

and enables iterative refinement when needed.324

3.3 Algorithmic Implementation325

Algorithm 1 summarizes the complete P-LAM326

workflow with integrated confidence scoring.327

4 Experiments328

We evaluate P-LAM along two complementary di-329

mensions of proactive behavior: (i) Step 1: proac-330

tive intervention, which determines when to inter-331

vene and which task type to trigger based solely on332

raw environmental observations; and (ii) Step 2: 333

task execution, which evaluates execution qual- 334

ity and zero-shot generalization on contamination- 335

resistant LiveBench after a proactive decision has 336

been made. All experiments are conducted in a 337

strictly zero-shot setting, without any task-specific 338

fine-tuning or additional instruction examples. 339

4.1 Step 1: Proactive Intervention Evaluation 340

4.1.1 Task Definition 341

We follow the ProactiveBench evaluation setup, 342

which is based on the proactive-intervention frame- 343

work introduced in Proactive Agent (Lu et al., 344

2024). In the proactive intervention setting, the 345

agent receives a sequence of user observations and 346

must (1) determine whether intervention is neces- 347

sary, and (2) classify the anticipated task as either 348

structured or unstructured. Scenarios span coding, 349

writing, and everyday user activities. Dataset statis- 350

tics and examples are provided in Appendix A. 351

4.1.2 Dataset and Evaluation Protocol 352

We follow the official ProactiveBench data split. 353

All reported results use the held-out test set with 354

233 proactive-intervention events. Confidence 355

thresholds τ are selected exclusively on the val- 356

idation split and then applied to the test set. 357

Limitations of Standard F1. Standard F1 358

F1 =
2TP

2TP + FP + FN
359

treats false positives and false negatives symmetri- 360

cally and entirely ignores true negatives. In proac- 361

tive systems, unnecessary interventions (FP) incur 362

significantly higher user cost than missed interven- 363

tions. Empirically, over-eager agents can achieve 364

deceptively high F1 by maximizing recall, while 365

safe non-intervention is not rewarded. 366

Proactive F1 (PF1). To better capture the 367

safety–accuracy trade-off, we define: 368

FAR =
FP

FP + TN
, SafeRate = 1− FAR, 369

and compute the harmonic mean of F1 and SafeR- 370

ate: 371

PF1 =
2 · F1 · SafeRate
F1 + SafeRate

. 372

PF1 penalizes both over-eager (low SafeRate) and 373

overly cautious (low F1) agents. 374
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Model Setting Thres. Precision Recall F1 FAR PF1

Llama-3.1-8B-Instruct Baseline – 0.3682 0.9310 0.5277 0.9521 0.0879
P-LAM 0.90 0.5133 0.6667 0.5800 0.3767 0.6009

Qwen-2.5-7B-Instruct Baseline – 0.3697 0.8966 0.5235 0.9110 0.1522
P-LAM 0.90 0.5536 0.7126 0.6231 0.3425 0.6399

Llama-3.1-70B-Instruct Baseline – 0.3750 0.9310 0.5347 0.9247 0.1321
P-LAM 0.90 0.6535 0.7586 0.7021 0.2397 0.7300

Qwen-2.5-72B-Instruct Baseline – 0.3762 0.8736 0.5260 0.8630 0.2174
P-LAM 0.85 0.6765 0.7931 0.7302 0.2260 0.7514

GPT-4.1-mini Baseline – 0.3854 0.9080 0.5411 0.8630 0.2186
P-LAM 0.85 0.6275 0.7356 0.6772 0.2603 0.7071

Table 1: Baseline vs confidence-optimized intervention results. Threshold values correspond to the PF1-maximizing
confidence setting for each model. FAR: False Alarm Rate. SafeRate = 1−FAR.

4.1.3 Intervention Results375

Applying confidence thresholding to Step 1 predic-376

tions consistently reduces false alarms while pre-377

serving or slightly improving standard F1. Across378

all evaluated model families, threshold optimiza-379

tion yields substantial gains in PF1, indicating that380

calibrated intervention confidence is crucial for381

safe proactive agents.382

A full breakdown of ∆F1, ∆PF1, ∆FAR, and383

relative PF1 gains for each model is provided in384

Appendix B.2.385

4.1.4 Threshold Behavior386

Despite producing similar F1 scores across a wide387

range of thresholds, all models exhibit pronounced388

PF1 sensitivity to confidence thresholding. Across389

architectures, we observe two robust patterns B.3390

• F1 is nearly invariant to thresholding, con-391

firming its inadequacy as a confidence-based392

evaluation metric for proactive systems.393

• PF1 peaks sharply for τ ∈ [0.8, 0.9], indi-394

cating the optimal safety–accuracy operating395

region.396

Larger models tend to display larger PF1 gains397

when applying confidence thresholding, suggesting398

more stable confidence estimates that P-LAM can399

effectively exploit during intervention decisions.400

4.1.5 Task-Type Routing Accuracy401

To assess the quality of Step 1 task-type prediction,402

we evaluate structured vs. unstructured classifica-403

tion accuracy on the ProactiveBench test split. Ta-404

ble 2 summarizes routing accuracy across model405

Model Overall Acc. Struct. Acc. Unstruct. Acc.

Llama-3.1-70B-Instruct 93.98% 99.05% 89.19%
Qwen-2.5-72B-Instruct 90.55% 97.98% 83.33%
GPT-4.1-mini 79.90% 98.06% 62.26%
Llama-3.1-8B-Instruct 79.72% 84.76% 75.00%
Qwen-2.5-7B-Instruct 78.29% 75.00% 82.67%

Table 2: Task-type routing accuracy on ProactiveBench.

families. Overall, large models (Llama-3.1-70B, 406

Qwen-2.5-72B) achieve over 90% accuracy, while 407

smaller models exhibit mild degradation. A de- 408

tailed confusion-matrix analysis is provided in Ap- 409

pendix C. 410

4.2 Step 2: Zero-Shot Generalization on 411

LiveBench 412

We now evaluate Step 2 of P-LAM, which governs 413

the quality of task execution after an intervention 414

is triggered. This experiment examines the model’s 415

ability to generalize to unseen tasks across the six 416

LiveBench domains. Whereas Step 1 determines 417

when and how to route control, Step 2 evaluates 418

how effectively the selected template solves the 419

resulting task. 420

4.2.1 Main Results 421

Table 3 summarizes the performance of P-LAM 422

across all model families. P-LAM consistently im- 423

proves performance in all domains, particularly in 424

reasoning, mathematics, data analysis, and cod- 425

ing—tasks requiring explicit multi-step structure. 426

A striking outcome is that P-LAM enables 427

the smaller Qwen2.5-7B-Instruct to achieve a 428

LiveBench score of 61.31%, surpassing the score 429

of the much larger Qwen2.5-72B-Instruct under 430
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Model LiveBench
Score Reasoning Math Language Instruction

Following
Data

Analysis Coding

Llama-3.1-8B-Instruct 28.50 17.30 14.10 35.00 44.15 38.25 22.50
+Few-shot (k=3) 45.20 22.30 38.50 55.40 61.80 68.20 27.90
+SC (k=8) 40.30 25.80 26.60 42.00 60.80 55.80 30.90
+P-LAM 49.38 26.80 46.20 53.40 57.40 63.00 49.50

Qwen2.5-7B-Instruct 35.00 33.00 34.63 23.43 32.83 46.23 39.90
+Few-shot (k=3) 52.70 38.00 51.18 48.02 50.55 83.17 45.31
+SC (k=8) 47.50 42.00 45.30 35.60 56.00 53.40 52.70
+P-LAM 61.31 39.31 62.60 67.20 55.40 87.20 56.20

Llama-3.1-70B-Instruct 45.20 45.30 28.00 45.30 67.40 54.90 34.60
+Few-shot (k=3) 58.40 50.30 52.40 65.70 79.95 79.80 39.70
+SC (k=8) 56.20 53.80 43.00 52.30 78.90 69.80 45.60
+P-LAM 66.15 58.50 60.70 57.30 71.20 91.60 57.60

Qwen2.5-72B-Instruct 50.30 47.00 37.40 34.90 37.40 54.90 56.60
+Few-shot (k=3) 68.00 52.00 61.80 67.30 63.00 79.70 62.00
+SC (k=8) 62.80 56.00 52.40 54.90 68.40 70.80 67.60
+P-LAM 75.20 62.20 63.90 87.20 66.10 97.30 74.60

GPT-4.1-mini 59.05 53.78 58.78 38.00 70.31 61.34 72.11
+Few-shot (k=3) 71.80 58.78 73.16 70.40 83.86 86.11 77.52
+SC (k=8) 70.50 63.78 70.28 55.00 81.81 75.34 83.61
+P-LAM 79.30 94.70 63.80 71.80 73.00 97.90 75.10

Table 3: LiveBench results for open-source models and GPT-4.1-mini. LiveBench Score denotes the average over
all evaluation domains. All models use CoT as the baseline. Few-shot (k=3), SC (CoT-SC, k=8), and P-LAM are
applied as additional prompting strategies.

CoT prompting 50.30%. This demonstrates that431

adaptive prompting can significantly narrow (or432

even reverse) model-scale performance gaps.433

Figure 3 further analyzes the impact of template434

selection.435

4.2.2 Template Ablation: Structured vs.436

Unstructured vs. Adaptive437

To isolate the effect of task-type adaptivity, we com-438

pare structured-only prompting, unstructured-only439

prompting, and P-LAM’s classifier-driven adaptive440

prompting. Figure 3 reports per-domain accuracy.441

The results show that the structured template442

performs best in mathematics, reasoning, and cod-443

ing tasks, while the unstructured template yields444

higher accuracy in the remaining language-oriented445

domains. P-LAM’s adaptive prompting combines446

these complementary strengths, resulting in more447

consistent performance across all evaluation cate-448

gories.449

Structured prompting is most effective for450

tasks requiring explicit multi-step decomposition,451

whereas unstructured prompting is advantageous452

for semantic and open-ended tasks. P-LAM’s453

adaptive strategy combines these complementary454

strengths.455

4.3 Performance–Token Trade-off 456

While the primary evaluation in Section 4.2 fo- 457

cuses on accuracy across LiveBench domains, we 458

additionally examine the token usage associated 459

with each prompting strategy. Since inference cost 460

scales approximately linearly with token count, to- 461

kens provide a practical and model-agnostic proxy 462

for execution cost. Rather than reporting full cost 463

curves for all model families, we present a com- 464

pact analysis centered on Qwen2.5-7B, the most 465

representative mid-sized model in our evaluation 466

suite. 467

Table 4 summarizes the relationship between ac- 468

curacy improvements and total token consumption 469

for four prompting strategies. Few-shot prompt- 470

ing achieves a sizable accuracy gain (+17.70), but 471

the additional in-context examples inflate the token 472

count by 3.90× compared to the baseline. Self- 473

consistency further increases token usage to 8.00× 474

due to multi-sampling, despite offering only a mod- 475

erate performance improvement (+12.50). In con- 476

trast, P-LAM yields the largest accuracy increase 477

(+26.31) while maintaining a near-baseline token 478

footprint (1.31×), indicating a substantially more 479

favorable accuracy–token balance. 480

Overall, this analysis highlights that P-LAM not 481
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Figure 3: Ablation of structured-only, unstructured-only, and adaptive prompting. Structured templates excel in
analytical domains (reasoning, math, coding), while unstructured templates perform better in open-ended language
tasks. Adaptive prompting achieves the most consistent performance across all domains.

Strategy Acc. Gain Tokens Mult.

CoT (Baseline 35.00 – 986.8 1.00×
Few-shot (k=3) 52.70 +17.70 3,847.4 3.90×
SC (k=8) 47.50 +12.50 7,893.6 8.00×
P-LAM 61.31 +26.31 1,288.0 1.31×

Table 4: Accuracy–token trade-off for Qwen2.5-7B.

only improves task performance but does so with482

a token budget that remains close to the baseline.483

This property makes P-LAM particularly attractive484

in settings where inference efficiency, latency, or485

cost are practical constraints a scenario common in486

real-world LAM deployments.487

5 Conclusion488

We presented P-LAM, a proactive, task-agnostic489

reasoning framework that enables language mod-490

els to determine when to intervene and how to act491

using a two-step prompting design. Our approach492

introduces a confidence-aware intervention mecha-493

nism and a task-type–adaptive proposal generator,494

requiring no fine-tuning or task-specific examples.495

In Step 1, confidence calibration substantially496

improved proactive reliability, yielding consistently497

higher PF1 scores while reducing false alarms498

across all evaluated models. In Step 2, P-LAM499

improved zero-shot task execution on LiveBench500

across reasoning, mathematics, data analysis, and501

coding settings. Notably, P-LAM allowed a 7B502

model to match or exceed the performance of a503

72B baseline under standard CoT prompting, sug-504

gesting that adaptive prompting can partially offset505

differences in model scale.506

Overall, P-LAM demonstrates that proactive507

decision-making and task-type adaptivity are key508

ingredients for more reliable and versatile action 509

models. We hope this work supports future re- 510

search on proactive systems that are both more 511

capable and more aligned with user intent. 512

Limitations 513

While P-LAM substantially improves proactive re- 514

liability, several limitations remain. Because proac- 515

tive systems may intervene without explicit user 516

requests, inappropriate or premature actions can 517

pose safety and usability risks. In practical deploy- 518

ments, additional safeguards such as conservative 519

intervention thresholds or human-in-the-loop veri- 520

fication may therefore be necessary. 521

Our evaluation focuses on text-based interaction 522

environments, and extending proactive reasoning 523

to multimodal or tool-rich settings may require 524

additional robustness mechanisms. Although this 525

minimal structure proved effective across evaluated 526

domains, richer interaction settings may benefit 527

from further architectural refinement. 528

Finally, Step 1 relies on LLM-internal confi- 529

dence signals, which are treated as lightweight 530

heuristics rather than calibrated uncertainty esti- 531

mates. Such confidence estimates may vary across 532

deployment settings or degrade under distribution 533

shift, potentially leading to premature interventions 534

or missed opportunities to act. Similarly, while PF1 535

captures important safety–accuracy trade-offs, it 536

does not reflect long-term user preferences or down- 537

stream effects of proactive interventions. Future 538

work should explore richer uncertainty modeling, 539

user-in-the-loop feedback, and broader proactive 540

benchmarks. 541
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Ethical Considerations542

P-LAM introduces proactive intervention mecha-543

nisms that enable language models to initiate ac-544

tions without explicit user instructions. While such545

proactive behavior can improve efficiency and user546

experience, it also raises ethical and societal consid-547

erations related to autonomy, safety, and potential548

misuse.549

A primary risk of proactive systems is over-550

intervention. If confidence estimates are miscali-551

brated or environmental signals are ambiguous, the552

model may interrupt users unnecessarily, reduce553

user autonomy, or propose inappropriate actions.554

This risk is particularly salient in safety-critical or555

high-stakes settings, where premature or incorrect556

interventions could lead to negative outcomes. To557

mitigate this risk, P-LAM explicitly incorporates558

confidence-aware intervention thresholding, which559

significantly reduces false alarms in our evaluation.560

Nevertheless, reliable calibration remains an open561

challenge under distribution shift.562

Another consideration concerns differential im-563

pact across user populations. Users with non-564

standard interaction patterns, limited technical ex-565

pertise, or accessibility needs may be disproportion-566

ately affected by proactive assistance, potentially567

leading to exclusion or unfair treatment. Our evalu-568

ation is limited to text-based benchmarks and does569

not capture the full diversity of real-world user570

behavior. Future work should incorporate user-571

centered evaluations and feedback mechanisms to572

better understand these effects.573

In practical deployments, it is also important574

to ensure transparency and user control, such that575

users are aware of proactive interventions and can576

override or opt out of them when desired.577

We emphasize that P-LAM is intended as a re-578

search prototype. The framework is evaluated in579

controlled benchmark environments and is not de-580

signed for direct deployment without human over-581

sight. Responsible use of proactive action models582

should include appropriate safeguards, monitoring583

mechanisms, and clear boundaries on permissible584

actions, especially when operating in open-ended585

or real-world environments.586

Despite these risks, we believe proactive rea-587

soning is an important research direction, as many588

real-world systems require timely assistance in the589

absence of explicit user instructions, and under-590

standing its limitations is a prerequisite for respon-591

sible deployment.592
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A Prompting Setup for P-LAM 742

This appendix summarizes the prompt templates 743

used by P-LAM and briefly explains the design 744

choices behind the two-step prompting scheme. 745

A.1 Two-Step Prompting Overview 746

P-LAM separates proactive assistance into: 747

• Step 1 (Proactive Intervention): Given re- 748

cent observations ot, decide whether to inter- 749

vene, predict a coarse task type (structured vs. 750

unstructured), and output a confidence score. 751

• Step 2 (Task Execution): Conditioned on the 752

task type, select either a structured or unstruc- 753

tured template to solve the downstream task. 754
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This separation (i) aligns Step 1 with proactive-755

agent benchmarks (intervention decision quality),756

(ii) allows Step 2 to focus purely on task perfor-757

mance (e.g., LiveBench), and (iii) exposes an ex-758

plicit confidence score that can be thresholded to759

trade off coverage vs. unnecessary interventions.760

A.2 Step 1 Prompt: Proactive Intervention761

Classifier762

Design Rationale. The Step 1 prompt decom-763

poses the decision into six stages:764

1. Summarize Observations: aggregate recent765

actions into a compact summary.766

2. Infer User’s Goal: make the user’s immediate767

goal explicit.768

3. Assess User’s State: categorize progress (e.g.,769

progressing vs. struggling).770

4. Intervention Decision: decide whether proac-771

tive help is appropriate now.772

5. Task-Type Classification: route to a struc-773

tured vs. unstructured template in Step 2.774

6. Confidence Assessment: output a scalar con-775

fidence for calibration and thresholding.776

This structure encourages the model to (i)777

separate “what the user is doing” from “how778

well it is going,” and (ii) produce simple, inter-779

pretable outputs (should_intervene, task_type,780

confidence_score) that can be plugged into781

downstream policies.782

A.3 Step 2 Prompts: Domain-Adaptive Task783

Execution784

Design Rationale. Step 2 uses two simple tem-785

plates:786

• Structured template: for coding, data-787

analysis, and math tasks that benefit from ex-788

plicit algorithmic planning (My Analysis →789

My Plan→ Final Solution).790

• Unstructured template: for language-heavy791

tasks (reasoning, instruction following, lan-792

guage comprehension) that require careful in-793

struction parsing and content transformation.794

The task-type label from Step 1 ("structured"795

vs. "unstructured") is used only to choose be-796

tween these two templates; the underlying base797

model remains unchanged. This keeps the rout- 798

ing simple and interpretable while still allowing 799

domain-appropriate reasoning structure. 800

A.3.1 Structured Template 801

A.3.2 Unstructured Template 802

B Benchmark Details and Confidence 803

Analysis 804

B.1 Benchmark Summary 805

Table 8 summarizes the benchmarks used in our 806

experiments and their correspondence to each step 807

of P-LAM. 808

Evaluation Decoupling. Together, Proac- 809

tiveBench and LiveBench decouple the evaluation 810

of when to act (Step 1: proactive intervention 811

decision) from how to act (Step 2: downstream 812

task execution). This separation allows us to 813

isolate proactive decision quality from task-solving 814

performance, enabling a more precise analysis of 815

each component in the P-LAM framework. 816

B.2 PF1 Improvements from Confidence 817

Thresholding 818

We report detailed PF1 improvements obtained 819

by applying confidence thresholding to the Step 1 820

proactive intervention classifier. For each model, 821

we compare the baseline (un-thresholded) setting 822

against the PF1-maximizing confidence threshold 823

selected on the validation split. We report the 824

change in standard F1 (∆F1), PF1 (∆PF1), false 825

alarm rate (∆FAR), as well as the relative PF1 gain. 826

As shown in Table 9, confidence thresholding 827

consistently yields substantial PF1 improvements 828

across all model families. These gains are primarily 829

driven by large reductions in the false alarm rate, 830

while standard F1 is preserved or slightly improved 831

in all cases. This indicates that safety-oriented 832

calibration effectively suppresses unnecessary in- 833

terventions without sacrificing overall intervention 834

accuracy. 835

Notably, the large relative PF1 gains reflect 836

the fact that un-thresholded models tend to over- 837

intervene, leading to high false alarm rates. Confi- 838

dence thresholding enables P-LAM to operate in 839

a more conservative and reliable regime, which is 840

critical for proactive systems where unnecessary 841

interventions incur high user cost. 842

B.3 Confidence Calibration 843

We treat the confidence score from Step 1 as a 844

calibrated probability and apply a global threshold 845
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Step 1 Prompt: Proactive Intervention Classifier

You are a world-class proactive AI assistant. Your goal is to deeply understand the user’s context and
intent in order to determine if and how you should intervene.

Process:
1. Summarize Observations: Briefly summarize the user’s recent actions.
2. Infer User’s Goal: Based on the summary, identify the user’s most likely immediate goal.
3. Assess User’s State: Determine whether the user is progressing, exploring, struggling, or

comparing options. Repetitive actions, context switching, or new searches are strong indicators
that assistance may be needed.

4. Intervention Decision & Rationale: Decide whether intervention is appropriate and provide clear
justification.

5. Task-Type Classification: If intervening: “structured” or “unstructured”. If not intervening: null.
6. Confidence Assessment (0.0–1.0): 0.5–0.6 = low, 0.7–0.8 = moderate, 0.85–0.9 = high,

0.95–1.0 = very high. If not intervening, return 0.0.

Output a JSON object:

{
"reasoning": "...chain of thought...",
"should_intervene": true/false,
"task_type": "structured" | "unstructured" | null,
"confidence_score": float

}

Table 5: Full prompt for Step 1 proactive intervention classification.

τ to decide whether to intervene. For each model,846

we sweep τ and report PF1, F1, precision, recall,847

and SafeRate.848

C Task-Type Routing Analysis849

Figure 5 shows the confusion matrices for task-type850

classification across all model families. While large851

models (Llama-3.1-70B, Qwen-2.5-72B) achieve852

balanced performance across both structured and853

unstructured categories, smaller models occasion-854

ally exhibit noticeable asymmetries.855

In particular, GPT-4.1-mini demonstrates a856

strong bias toward predicting structured tasks: its857

accuracy for structured cases reaches 98.06%, but858

drops to 62.26% for unstructured cases. We quan-859

tify this imbalance via a simple bias metric860

Bias = |Accstruct −Accunstruct|.861

GPT-4.1-mini displays the largest bias (0.3579),862

exceeding the next highest model by more than863

a factor of three. This suggests that routing er-864

rors for smaller models stem primarily from under-865

recognition of unstructured scenarios, which can866

mislead the Step 2 prompt selection.867

Importantly, this bias does not typically result 868

in catastrophic task failure. Instead, it limits the 869

effectiveness of adaptive prompting by routing un- 870

structured tasks to structured templates, thereby 871

reducing potential gains from task-type alignment. 872

Addressing this routing asymmetry remains an im- 873

portant direction for improving proactive systems, 874

particularly for smaller models. 875
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Structured Template (for Coding & Reasoning & Math)

You are a world-class expert problem solver. Begin by carefully analyzing the task, then organize your
reasoning using “My Analysis” and “My Plan” before presenting the final answer.

Task Input (JSON): {json_problem}

1. My Analysis: Restate the task objective, key inputs, desired outputs, and relevant constraints.
Include any reasoning required to interpret the problem clearly.

2. My Plan & Core Method: Outline the detailed step-by-step solution strategy or algorithm.
Describe the core principle or method that justifies each step in the plan.

3. Final Solution: Provide only the final answer. Explanations or reasoning should not appear here.

Table 6: Structured template used for coding, data-analysis, and math tasks.

Unstructured Template (for Language, Data Analysis, Instruction Following)

Carefully analyze the problem and provide a structured solution.

Task Input (JSON): {json_problem}

1. Instruction Analysis: Rephrase the problem, extract essential information, and identify any
implicit constraints.

2. Ultimate Objective: Describe the final goal the user seeks to achieve.
3. Principle Extraction & Execution Plan: Identify the relevant principles or rules and outline a

clear multi-step plan.
4. Execution & Final Answer: Follow the plan and provide only the final answer in the required

format.

Table 7: Unstructured template used for reasoning, language, and math tasks.
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Figure 4: Confidence threshold analysis across all evaluated models. PF1, F1, precision, recall, and SafeRate are
plotted as functions of the threshold. The PF1-optimal point is marked with a black star.
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Benchmark Summary: ProactiveBench and LiveBench

ProactiveBench
Step Used: Step 1 (Intervention Decision)
Instances: 6,790 events (train), 233 events (test)
Categories: 4 domains
Description: ProactiveBench is an event-driven proactive-intervention benchmark designed to
evaluate an agent’s ability to determine when a user requires assistance based on contextual cues and
temporal activity patterns. It consists of a large-scale training set of 6,790 event sequences and a
real-world test set of 233 human-collected event traces. Each event sequence reflects realistic,
temporally grounded computer-use behavior through a mixture of simulated environments and real
activity references.
The data span four domains—coding (2,275 events), writing (2,354 events), daily-life computer
interaction (2,161 events), and general task workflows—capturing a broad spectrum of user behaviors.
The test set comprises 233 real-world events across 12 fine-grained scenarios and serves as an
authentic evaluation setting for assessing whether an agent can accurately detect genuine user need
while avoiding unnecessary or premature interventions.
Overall, ProactiveBench provides rich temporal grounding and diverse contextual structures, enabling
rigorous assessment of proactive decision-making quality.

LiveBench (Version: 2024-11-30)
Step Used: Step 2 (Task Execution)
Instances: Not fixed (monthly updated)
Categories: 6 categories
Description: LiveBench is a continually updated evaluation suite covering six major categories: math,
coding, reasoning, language, instruction-following, and data analysis. Because tasks are refreshed
monthly, the exact number of instances varies per release; we use the 2024-11-30 version in this work.
LiveBench is specifically designed to minimize contamination and to provide fresh, diverse queries for
evaluating task execution capability under real-world conditions.

Table 8: Benchmark summary for ProactiveBench and LiveBench used in our experiments.

Model ∆F1 ∆PF1 ∆FAR Relative PF1 Gain

Llama-3.1-8B-Instruct +0.0523 +0.5130 -0.5754 +584.0%
Qwen-2.5-7B-Instruct +0.0996 +0.4877 -0.5685 +320.4%
Llama-3.1-70B-Instruct +0.1674 +0.5979 -0.6850 +452.5%
Qwen-2.5-72B-Instruct +0.2042 +0.5340 -0.6370 +245.6%
GPT-4.1-mini +0.1361 +0.4885 -0.6027 +223.5%

Table 9: PF1 improvements from confidence thresholding. Relative PF1 Gain measures the proportional improve-
ment in PF1 after applying the PF1-maximizing confidence threshold for each model.
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Figure 5: Confusion matrices for task-type routing across all models.
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