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Abstract001

Overlapping calendar invitations force busy002
professionals to repeatedly decide which meet-003
ings to attend, reschedule, or decline. We refer004
to this preference-driven decision process as005
calendar conflict resolution. Automating such006
process is crucial yet challenging: Schedul-007
ing logistics drain hours, and human delega-008
tion often fails at scale, raising the question of009
whether large language model (LLM) or lan-010
guage agents can reliably learn and apply user011
preferences to manage time. To enable sys-012
tematic study, we introduce CALCONFLICT-013
BENCH, a benchmark for long-horizon calen-014
dar conflict resolution. Conflicts are presented015
sequentially and agents receive feedback af-016
ter each round, requiring them to infer and017
adapt to user preferences progressively. Our018
experiments show that current LLM agents019
perform poorly with high error rates, e.g.,020
Qwen-3-30B-Think with 35% average error021
rate. To address this gap, we propose PEARL,022
a reinforcement-learning framework that aug-023
ments language agent with an external memory024
module and optimized round-wise reward de-025
sign, enabling agent to progressively infer and026
adapt to user preferences on-the-fly. Experi-027
ments on CALCONFLICTBENCH shows that028
PEARL achieves 0.76 error reduction rate,029
and 55% improvement on average error rate030
compared to the strongest baseline.031

1 Introduction032

Overlapping meetings is a common problem in033

modern workplaces. Consider a CEO of a company034

or PI of a research lab: They need to coordinate a035

large amount of events with different stakeholders036

every day, but their daily working hours are limited.037

When multiple events conflicts with each other,038

they must decide which event to attend, which to039

postpone, and which to decline. We refer to this040

repeated, preference-driven decision problem as041

calendar conflict resolution.042

Automating calendar conflict resolution is im- 043

portant because it quietly drains one’s time and 044

undermines productivity. Scheduling logistics as- 045

sociated with meetings, e.g., coordinating availabil- 046

ity or rescheduling around last-minute conflicts, 047

can easily amount up to hours each week; work- 048

place statistic suggests that 43% of professionals 049

spend at least three hours per week on scheduling 050

meetings (Reclaim.ai, 2024; Calendly, 2024; Mi- 051

crosoft WorkLab, 2025). While in practice these 052

decisions are often delegated to human assistants 053

such as administrative staffs (U.S. Bureau of Labor 054

Statistics, 2025), it can easily break down at scale. 055

Not only do human assistants frequently confront 056

high volume of tasks, but also coordinate multiple 057

stakeholders’ schedule in order to reliably resolve 058

scheduling logistics. Furthermore, when a conflict 059

occurs, human assistants have to rely on sparse, in- 060

complete signals from past trajectories about what 061

the delegator values to resolve the conflict. This 062

leads to their internal preference model drifting 063

over time, leading to judgments that are distant 064

from the delegator’s preference. This calls for a 065

reliable agent that can resolve calendar conflicts. 066

Concretely, a reliable calendar conflict resolution 067

agent should: (i) model long-term individual pref- 068

erences from past decisions, (ii) adapt when prefer- 069

ences evolve with new context and constraints, and 070

(iii) resolve each conflict by explicitly grounding 071

decisions in the inferred user priors. 072

The explosive growth of LLMs has enabled lan- 073

guage agents. Their ability to perceive and rea- 074

son over complex information show promise as 075

intelligent assistants that automate real-world tasks 076

across different domains such as software develop- 077

ment, chart generation, and travel planning (Wang 078

et al., 2024; Li et al., 2025; Qian et al., 2025). Yet 079

it remains unclear whether their performance is 080

trustworthy for calendar conflict resolution, where 081

small mistakes compound and mis-modeled prefer- 082

ences directly translate into costly time allocation 083
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errors. This motivates a central question:084

Can we trust LLMs to manage time?085

To enable a systematic investigation of this prob-086

lem, we introduce CALCONFLICTBENCH, a bench-087

mark for evaluating language agents on calendar088

event conflict resolution. CALCONFLICTBENCH089

features synthetic users with diverse organizational090

roles and year-long calendars populated with care-091

fully designed conflict scenarios. Conflict events092

are presented sequentially over time, and the agent093

receives feedback after each decision. This inter-094

active setup closely mirrors real-world calendar095

management, where agents must infer and adapt096

to user preferences progressively through repeated097

interaction, rather than relying on fixed or one-shot098

instructions. Our empirical results show that cur-099

rent LLMs struggle on this task with high error100

rates. These failures reveal a fundamental limita-101

tion: LLM agents have weak ability to infer, re-102

tain, and refine preference-driven decision prin-103

ciples over long horizons.104

To address this gap, we propose PEARL105

(Preference Evolving Agent with Reinforcement106

Learning), a reinforcement learning framework that107

trains language agents to infer user preferences on-108

line and apply them consistently over long-horizon109

calendar conflicts. PEARL introduces a struc-110

tured rollout with a persistent external memory, the111

Strategy Hub, which stores a set of interpretable112

decision strategies (preference states) and is itera-113

tively retrieved and updated at each round to cap-114

ture newly revealed user priorities. To make pref-115

erence learning explicit and stable, we optimize116

the agent with a curriculum-based reward , gradu-117

ally shifting emphasis from preference inference118

in early rounds to preference-consistent decision119

making in later rounds. Experiments shows that120

PEARL achieves 0.76 error reduction rate CAL-121

CONFLICTBENCH, and 55% improvement on aver-122

age error rate compared to the strongest baseline.123

In summary, our main contributions are:124

• Task. We formulate calendar conflict resolution125

as a new challenging task for LLMs agents, re-126

quiring preference-sensitive decision-making for127

conflict events over long horizons.128

• Benchmark. We construct CALCONFLICT-129

BENCH, a evaluation suite with synthetic data130

generation engine and standardized evaluation131

protocols to systematically evaluate LLM agents132

on calendar conflict resolution, and we provide133

an in-depth analysis of their failure modes.134
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Figure 1: Illustration of the proposed calendar con-
flict resolution task. At decision round t, the agent
observes (i) the conflicting events Et, (ii) contextual in-
formation, and (iii) the current calendar state Ct. The
agent selects exactly one event to accept (ait = 1) and
declines the rest (ait = 0), producing the accepted event,
declined events, a priority ranking, and rationale.

• Method. We propose PEARL (§5), a reinforce- 135

ment learning framework that enables agents to 136

progressively infer and adapt to user preferences 137

on-the-fly with explicit memory module and care- 138

fully designed round-wise rewards, improving 139

average error rate by 55% over the strongest base- 140

line on CALCONFLICTBENCH. 141

2 Task Formulation 142

In this section, we formally define the proposed 143

calendar conflict resolution task. Appendix C.4 144

illustrated an example data point. 145

Task Objective. The task is modeled as a sequen- 146

tial decision process with state transitions. As il- 147

lustrated in Figure 1, the goal of calendar conflict 148

resolution is to construct a valid calendar for a sin- 149

gle user by resolving a sequence of event conflicts 150

over time. At each step t, the agent is presented 151

with current calendar state Ct, and a set of tempo- 152

rally overlapping events Et = {e1t , . . . , e
Nt
t } and 153

must accept exactly one event eit ∈ Et, rejecting all 154

others. The objective is to progressively model user 155

preferences through interaction and contextual sig- 156

nals, producing a final calendar state CT that aligns 157

with the user’s preferences and decision context. 158

Agent Action Space. At step t, the agent is tasked 159

to assign a binary decision ait ∈ {0, 1} to each 160

event eit ∈ Et, where ait = 1 denotes acceptance 161

and ait = 0 denotes rejection. The action must 162

satisfy the constraint
∑

i a
i
t = 1. 163

Environment Observation Space. The observa- 164

tion space is designed to reflect real-world calendar 165

2



usage. At each step t, the agent observes contextual166

information (e.g. organization chart), the current167

calendar state Ct , and the set of conflicting events168

Et. Each event eit ∈ Et is represented by structured169

metadata, including temporal attributes (e.g., start170

and end times), participant information, event de-171

scriptions (e.g. meeting topic or event summariza-172

tion). The calendar state Ct summarizes previous173

calendar events and user decisions.174

3 CalConflictBench175

We introduce CALCONFLICTBENCH to support176

the evaluation of proposed task. In the benchmark,177

we present a synthetic data engine (Section 3.1) for178

generating realistic, role-specific calendars and a179

comprehensive evaluation protocol (Section 3.2).180

3.1 Synthetic Data Engine181

We construct the synthetic data engine to generate182

data for training and evaluation. We report the183

detail of data engine design in Appendix C, and we184

summarize key steps as following.185

Organizational Schema Curation. We begin by186

crafting organizational schemas that capture real-187

world structures (e.g., research laboratories and188

technology companies). We conduct interviews189

with domain practitioners and analyze the collected190

real-world calendar data and organizational charts191

to extract role-specific information for each posi-192

tion (e.g. PI, postdoc, PhD student; CEO, SWE,193

HR). For each role, we curate schemas based on the194

extracted information, including: (1) regular meet-195

ing schemas, such as typical topics, frequencies,196

and attendees; (2) priority principles P that govern197

decision-making (e.g., leadership duties, deadline198

sensitivity, people management); and (3) common199

conflict reasons C (e.g., deadline clashes, hierar-200

chical obligations, external commitments). These201

priority principles are not directly observable by202

the agent. We further perform human verification203

on all schema to ensure reliability.204

Step 1: Synthetic Organization and User Pro-205

file Generation. Given an organizational schema,206

we instantiate user profiles for each role within207

the organization. Each user is associated with a208

fixed role, a regular meeting pattern, and a priority209

principle set. This step defines the ground-truth210

preference structure that governs all downstream211

calendar decisions.212

Step 2: Regular Event Generation. For each user,213

we generate a year-long calendar consisting of regu-214

lar events using python scripts. Events are sampled 215

according to role-specific meeting schemas, result- 216

ing in 52 weeks of weekly schedules. At this stage, 217

calendars contain no conflicts and reflect the user’s 218

normal workload and responsibilities. 219

Step 3: Conflict Event Generation. We then care- 220

fully and systematically inject conflict events by 221

overlapping regular events within the same time 222

window. Given the user’s priority principles, con- 223

flict reasons, and predefined accept/decline ratios, 224

we generate conflicting event sets together with 225

a unique ground-truth resolution. These conflicts 226

vary in difficulty, ranging from single-factor trade- 227

offs to multi-factor conflicts that require balancing 228

urgency, interpersonal relationships, and values. 229

Step 4: Human Annotator Verification. In the 230

last step, we perform human verification to ensure 231

the validity of the synthetic data and filter out im- 232

plausible or inconsistent cases. 233

3.2 Evaluation Protocol 234

Our evaluation is designed to assess the preference- 235

evolving capability of LLM agent, which is 236

whether the agent can infer decision-making prin- 237

ciples of users over time. Note that the evaluation 238

designed as single-turn format, and each instance 239

contains history context (past rounds information). 240

Parameters. We define three evaluation parame- 241

ters: (i) the total number of decision rounds N , (ii) 242

the context window size W , which specifies how 243

many past rounds of information are provided to 244

the agent, and (iii) the total number of events are 245

conflicting with each other per round M . 246

Procedure. Each evaluation instance ( one trajec- 247

tory ) simulates one year of calendar usage for a 248

single synthetic user. Calendar conflicts are pre- 249

sented sequentially over time, mimicking realistic 250

calendar dynamics. The agent does not have access 251

to the ground-truth priority principles and must 252

infer them solely from history and contextual infor- 253

mation. The agent may update its internal beliefs or 254

strategies across rounds, and performance is evalu- 255

ated over the full trajectory of N rounds to capture 256

long-horizon adaptation. 257

Per-Round Metrics. We design the following met- 258

rics to evaluate decision quality at each round: 259

• Decision Accuracy. A binary indicator of 260

whether the agent’s accepted event matches the 261

ground-truth accepted event. Note that invalid 262

outputs are counted as incorrect. 263

• Optimal Rank Distance (ORD). For rounds with 264

M ≥ 3, we ask the agent to produce a rank- 265

3



Average Error Rate of N rounds Optimal Rank Distance of N rounds Error
Reduction

Rate1 25 50 75 104 1 25 50 75 104

Base Models
Qwen3-4B 0.44 0.46 0.44 0.45 0.45 0.73 0.73 0.75 0.75 0.76 -0.029
Qwen3-8B 0.30 0.38 0.36 0.37 0.37 0.76 0.78 0.79 0.79 0.79 0.026
Qwen3-14B 0.38 0.42 0.41 0.40 0.41 0.82 0.75 0.75 0.74 0.75 -0.039
Qwen3-30B 0.34 0.39 0.39 0.39 0.38 0.79 0.79 0.79 0.78 0.78 0.069
Qwen3-30B-Think 0.36 0.38 0.34 0.36 0.35 0.80 0.79 0.81 0.81 0.82 0.161
LLaMA-3.1-8B 0.66 0.66 0.67 0.65 0.65 0.58 0.58 0.60 0.61 0.62 -0.027
OLMo3-7B-Instruct 0.98 1.00 1.00 1.00 1.00 0.01 0.00 0.00 0.00 0.00 -0.004
OLMo3-32B-Think 0.40 0.45 0.46 0.46 0.45 0.72 0.72 0.72 0.72 0.72 0.050
GPT-5-nano 0.30 0.42 0.41 0.43 0.41 0.85 0.77 0.78 0.77 0.78 0.122
GPT-5 0.42 0.39 0.36 0.36 0.35 0.83 0.81 0.82 0.82 0.83 0.092
Gemini-2.5-flash 0.30 0.40 0.39 0.40 0.38 0.84 0.79 0.79 0.79 0.81 0.088

Agentic Rollouts
ReAct 0.34 0.40 0.39 0.39 0.39 0.78 0.78 0.79 0.79 0.80 0.007
Mem+ReAct 0.36 0.37 0.39 0.39 0.40 0.84 0.81 0.81 0.80 0.79 -0.162

Table 1: Performance across different numbers of rounds N . All results are evaluated with context window size
W = 20 and M = 5 conflicting events per round. Results are averaged over ten independent instances. For each N ,
the best performance is shown in bold, and the second-best is underlined.

ing ρt over over the M = |Et| candidate events.266

Let e∗t be the ground-truth accepted event with267

0-indexed position post(e
∗
t ; ρt) ∈ {0, . . . ,M}.268

We define the Optimal Rank Distance (ORD) as269

ORD = 1− post(e
∗
t ; ρt)

M − 1
, ORD ∈ [0, 1].270

271
Per-Instance Metrics. To measure preference272

learning and adaptation over time, we define three273

instance-level metrics:274

• Average Error Rate of N rounds. The mean275

decision error across all N rounds in a trajectory,276

capturing overall long-horizon performance.277

• Average ORD of N rounds. The average ORD278

across all N rounds in a trajectory, measuring279

how close the predicted event priority is to the280

optimal ranking.281

• Error Reduction Rate. The relative decrease282

in average error rate in the first quarter of the283

instance to average error rate in the last quarter of284

the same instance, measuring the agent’s ability285

to learn and improve its decisions over time.286

4 Evaluation287

4.1 Setup.288

We follow protocol described in Section 3.2. We289

vary M ∈ {2, 3, 4, 5} and W ∈ {1, 5, 10, 20} to290

control the combinatorial difficulty and historical291

context available at each decision round. More292

details are reported in Appendix D.293

Data. We evaluate agents on full-year calendars 294

(52 weeks) constructed for ten synthetic users 295

drawn from two synthetic organizations. To man- 296

age computational cost, we uniformly sample one 297

decision round per week. Each evaluation trajec- 298

tory therefore consists of 104 decisions (i.e. con- 299

flict events series), resulting in 1,040 total deci- 300

sions. 301

Models. We evaluate a diverse set of strong 302

LLMs as agent base models, spanning open- 303

source, reasoning-oriented, and proprietary fam- 304

ilies. Our open-source models include Qwen3- 305

8B/14B/30B/30B-Think (Yang et al., 2025), 306

OLMo3-7B/OLMo3-32B-Think (Olmo et al., 307

2025), and LLaMA-3.1-8B (Grattafiori et al., 2024). 308

We also include GPT5-nano, GPT5 (OpenAI, 309

2025), and Gemini-2.5-Flash (Comanici et al., 310

2025) for proprietary model families. On top of 311

these base models, we further evaluate represen- 312

tative agentic rollout style prompting, including 313

ReAct (Yao et al., 2023) and Memory-Augmented 314

ReAct (Zhu et al., 2025). 315

4.2 Results and Analysis 316

Table 1 presents the evaluation results across differ- 317

ent numbers of decision rounds N . We summarize 318

key insights as follows. 319

Insight 1. Current LLMs do not exhibit 320

Preference-Evolving capability. As indicated by 321

the Error Reduction Rate in Table 1, no evaluated 322
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Figure 2: Average Error Rate of Qwen3-8b under different the number of conflicting events per round (M ) (left),
and Error Reduction Rate of Qwen3-8B under different evaluation parameters (right).
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LLM shows consistent performance improvement323

when transitioning from single-round (N = 1) to324

multi-round settings. Error reduction rates are near325

zero or negative across models, including GPT-5326

and Gemini-2.5-flash, suggesting that additional327

interaction rounds do not help refine decision prin-328

ciples. Figure 3 corroborates this finding, with329

error rates remaining flat or increasing as N grows.330

Insight 2. Increasing local decision complexity331

degrades performance. As shown in Figure 2332

(left), the average error rate increases monotoni-333

cally as the number of conflicting events per round334

M grows. This trend reflects a rapid escalation in335

local decision complexity caused by higher event336

overlap, which expands the combinatorial deci-337

sion space and increases ambiguity among can-338

didate choices. Notably, this degradation is also339

observed in the single-round setting, indicating that340

errors arise primarily from local reasoning diffi-341

culty rather than long-horizon dependencies. As342

M increases, these local errors accumulate across343

rounds, leading to compounded performance degra-344

dation in multi-round scenarios.345

Insight 3. Larger context windows do not en-346

able long-horizon reasoning. As shown in Fig-347

ure 2 (right), increasing the context window size348

W yields marginal and inconsistent changes in er-349

ror reduction rate, with no clear monotonic im-350

provement. In some cases, larger context windows 351

even degrade performance, suggesting that addi- 352

tional context length does not translate into better 353

preference-aligned decisions, and it is insufficient 354

for preference-evolving behavior. 355

5 PEARL 356

We propose PEARL, a reinforcement learning 357

framework for long-horizon, preference-evolving 358

language agents. In this section, we introduce our 359

rollout design (Section 5.1), reward modeling (Sec- 360

tion 5.2), and the experiment results for PEARL 361

evaluation (Section 5.3). 362

5.1 Rollout Design for Preference Inference 363

We design a rollout mechanism that centers 364

decision-making on a persistent, compact prefer- 365

ence representation, enabling incremental infer- 366

ence and reuse across rounds. 367

Strategy Hub. Long-horizon preference learning 368

via pure in-context history is challenging: As inter- 369

actions grow, agents must repeatedly rediscover the 370

same preference cues from a lengthy, noisy tran- 371

script, and the resulting preference state remains 372

implicit and hard to reuse or update. To address this, 373

we introduce the Strategy Hub (S) as an external 374

memory module that maintains a fixed-size set of 375

decision strategies. Each strategy encodes an user 376

preference state in natural language (See Appendix 377

E.1 for details). The design of S explicitly sepa- 378

rates preference inference—identifying which strat- 379

egy types matter and assigning their weights—from 380

preference execution—applying these learned prior- 381

ities to new conflict contexts. This decomposition 382

compresses preference learning into a compact and 383

interpretable state that can be persistently updated 384

across rounds, avoiding brittle reliance on implicit 385

long-context representations. 386

At each decision round, the agent observes the 387

current context (i.e. previous decisions and contex- 388
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tual information), and a set of conflicting events,389

and is granted access to S, which is initialized390

as empty at the initial round. As shown in Algo-391

rithm 1, the agent interacts with the S for a bounded392

number of turns (k), to retrieve and update strate-393

gies as needed.394

Agent Structured Rollout. As illustrated in Fig-395

ure 4, the agent may take up to K turns within each396

round. At turn k, it emits an action at,k ∈ A =397

Ahub ∪ Adecision, where Adecision contains accep-398

t/decline decisions for events, and Ahub contains399

interactions with S (e.g., list current strategies or400

update current strategies). We denote the round401

output as Ot = (dt, ρt, ξt), where dt is the accep-402

t/decline decision set over events in Et (typically403

accepting exactly one and declining the rest), ρt is404

the priority ranking over Et, and ξt is the rationale.405

The round terminates at the first turn kt such that406

at,kt ∈ Adecision. The rollout can be written as a407

sequence of round outputs408

y = (O1, . . . , ON ), τ(x, y) = {(ot, Ot)}Nt=1,409

Equivalently, the trajectory can also be represented410

by the per-turn action trace {at,k}t=1..N, k=1..kt ,411

where kt ≤ K is the stopping turn when the deci-412

sion action is emitted.413

Algorithm 1: Agent Rollout Procedure
Input: StrategyHub S0; rounds t = 1..N ; context Ct;

conflicts Et; max turns K
Output: y = (O1, . . . , ON ), where

Ot = (dt, ρt, ξt)
S ← S0;H<1 ← ∅;
for t← 1 to N do

ut ← 0; Ot ← ⊥;
H<t ← {C⋆τ}τ<t ; // history
for k ← 1 to K do

at,k ∼ πθ(· | Ct,H<t, Et,S);
if at,k ∈ Ahub then

if at,k = list then
LIST(S);

else if at,k = update(∆) then
S ← UPDATE(S,∆);

ut ← 1;
else if at,k ∈ Adecision then

Parse at,k into (dt, ρt, ξt);
Ot ← (dt, ρt, ξt); break;

return y

5.2 Reward Modeling for Preference-Evolving 414

To train agents that both infer user preferences 415

and act on them over long horizons, we design 416

a curriculum-based reward model that encourages 417

preference evolution across rounds. 418

Round-Level Rewards. We assign rewards only 419
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at the round level. Each round t consists of up to420

K turns and terminates when the agent commits421

to a decision action or reaches the maximum num-422

ber of turns K. At each round t, we design four423

reward signals that target complementary aspects424

at different granularities:425

• Format Reward. To prevent catastrophic “invalid426

action” failures that break environment execution427

and learning, we reward outputs that are syntac-428

tically valid (i.e., parseable and in the allowed429

action space): rf
t(x, y) = I[at ∈ Avalid].430

• Decision Reward. To directly optimize prefer-431

ence aligned correctness, we reward agent make432

correct decision: ra
t (x, y) = I[at = a∗t ], where433

a∗t denote the ground-truth round decision (ac-434

cept / decline for events in Et).435

• Ranking Reward. To alleviate sparsity in ra
t ,436

we add a denser signal based on the predicted437

priority ranking. We reward placing the ground-438

truth accepted event e∗t closer to the top of the439

agent-produced ranking ρt over the M = |Et|440

candidate events: rr
t(x, y) = 1− post(e

∗
t ;ρt)

M−1 .441

• Strategy Hub Interaction Reward. To encourage442

deliberate preference retrieval/refinement rather443

than purely reactive decisions, we reward rounds444

where the agent performs a valid StrategyHub445

interaction (ut ∈ {0, 1}): rs
t(x, y) = ut.446

Trajectory-Level Curriculum. In long-horizon447

calendar decisions, the agent faces a cold-start448

problem: In early rounds, user preferences are449

poorly identified, so directly optimizing action cor-450

rectness can be high-variance and brittle, while451

the most useful behavior is to extract and consol-452

idate preference evidence into persistent memory453

(S). As interaction progresses, the preference state454

becomes more stable; at that point, the learning455

signal should shift toward preference-consistent ex-456

ecution, where fine-grained prioritization among457

many candidates matters. To encourage this staged458

learning, we treat the format reward and decision459

reward weights, λf and λa, as fixed hyperparame-460

ters, and schedule the ranking reward and strategy461

hub interaction reward, λr and λi weights, as a462

function of the round index. We define the normal-463

ized round index: it = t
N ∈ [0, 1]. Then, we set464

round-dependent weights by linear interpolation:465

λr
t = 0.5 ∗ it, λs

t = 0.5 ∗ (1− it).466

The shaped per-round reward as467

r̃t(x, y) = λf rf
t + λa ra

t + λr
t r

r
t + λi

t r
i
t468

and the trajectory return is computed as 469

R(x, y) =
N∑
t=1

γt−1 r̃t(x, y). 470

Round-Wise Advantage Estimation.The trajec- 471

tory contains N decision rounds, and the curricu- 472

lum makes the reward distribution non-stationary 473

across rounds. If we normalize advantages using a 474

single trajectory-level baseline, (i) later rounds can 475

dominate the learning signal due to larger/more di- 476

rect rewards, and (ii) early-round updates become 477

noisy because their returns are intrinsically more 478

uncertain (preferences are not yet identified). To 479

stabilize training and improve credit assignment, 480

we further group the roll-outs based on the round 481

position, and compute advantages separately for 482

each round position. Let r̃t,i be the shaped re- 483

ward of rollout yi at round t. We compute a round- 484

position return-to-go: 485

Gt,i(x) =

N∑
τ=t

γτ−t r̃τ,i(x, yi). 486

For each round position t, we normalize these re- 487

turns across the group: 488

µt(x) =
1

G

G∑
i=1

Gt,i(x), 489

σt(x) =

√√√√ 1

G

G∑
i=1

(
Gt,i(x)− µt(x)

)2
+ ε. 490

Then the round-wise advantages are 491

Ât,i(x, yi) =
Gt,i(x)− µt(x)

σt(x)
. 492

Objective. We train the policy with the standard 493

clipped GRPO objective, adapted with our com- 494

puted round-wise advantages Ât,i(x, yi). 495

5.3 Experiment 496

Setup. We adopt Qwen3-4B as the base language 497

model. We compare PEARL against three base- 498

lines under the same evaluation protocol as Sec- 499

tion 3: (i) Zero-shot, which directly prompts the 500

base model to resolve conflicts; (ii) Zero-shot + 501

StrategyHub, which augments the prompt with ac- 502

cess to the external Strategy Hub but without pa- 503

rameter updates; and (iii) SFT, which performs 504

supervised fine-tuning on training data. Unless oth- 505

erwise specified, all methods operate on the same 506

observed context and interaction history at each 507

7



round, and are evaluated over the same set of eval-508

uation data as Section 4. All training details are509

provided in Appendix E.4.510

Results and Analysis. Figure 5 reveals a clear511

separation in adaptation dynamics. The zero-shot512

baseline stays nearly flat around a high error band513

across rounds, indicating that simply condition-514

ing on growing history does not reliably improve515

preference alignment and can even slightly drift516

(negative ERR in Table 2). In contrast, PEARL517

exhibits a monotonic reduction in error as number518

of rounds N increases, suggesting that it is not519

merely exploiting longer context, but is learning to520

update its decision policy across decision rounds.521

Table 2 further disentangles the sources of gains.522

Providing the memory module access alone (Zero-523

shot + StrategyHub) yields only modest improve-524

ment (AER. decreases from 0.45 to 0.41; ERR.525

increases from −0.029 to 0.048), implying that526

having an external memory without learning is in-527

sufficient for robust preference-evolving. Super-528

vised training (SFT) improves final-round accuracy529

(with AER. of 0.27) but still lags behind PEARL530

(with AER. of 0.12) and achieves substantially531

weaker adaptation (ERR. 0.325 vs. 0.761). This532

gap suggests that imitation-style training learns533

better static decision heuristics, yet struggles with534

long-horizon credit assignment and compounding535

preference-dependent errors across decision rounds536

over long horizon. Notably, PEARL achieves 55%537

improvement on AER. compared to the strongest538

baseline.539

Overall, these results highlight that preference-540

evolving behavior requires long-horizon optimiza-541

tion over multi-round trajectories: PEARL can542

translates the history of previous rounds into mea-543

surable error reduction, validating the necessity of544

reinforcement learning for preference adaptation545

rather than one-shot prompting or purely SFT.546
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Figure 5: Error vs. decision rounds of PEARL and
zero-shot baseline

Method AER. (N=104) ERR.

Zero-shot 0.45 -0.029
SFT 0.27 0.325
Zero-shot + StrategyHub 0.41 0.048

PEARL 0.12 (↓) 0.761 (↑)

Table 2: Final-round performance and adaptation.
Average Error Rate(AER.) at the last decision round and
Error Reduction Rate (ERR.) across methods.

6 Related Works 547

LLM-based agents have been developed as intelli- 548

gent assistants for tool-augmented QA, web brows- 549

ing, and task-oriented dialog (Wang et al., 2024; 550

Li et al., 2025; Qian et al., 2025), with frame- 551

works such as ReAct and AutoGPT enabling au- 552

tonomous behavior by interleaving reasoning and 553

tool use (Yao et al., 2023; Yang et al., 2023). Yet 554

personal time management remains less explored: 555

earlier systems (e.g., Calendar.help) depended on 556

predefined workflows with human-in-the-loop ex- 557

ecution (Cranshaw et al., 2017), recent studies be- 558

gin to investigate LLM-based scheduling agents 559

(Shen et al., 2024; Wijerathne et al., 2025). Our 560

work extends this line to long-horizon calendar 561

conflict resolution where agents must adapt to user- 562

specific preferences over many decisions. Prefer- 563

ence alignment is commonly achieved via RLHF, 564

which fine-tunes models using human feedback 565

(Ziegler et al., 2019; Stiennon et al., 2020; Ouyang 566

et al., 2022); to reduce labeling cost, methods lever- 567

age AI-generated principles (e.g., Constitutional 568

AI) (Bai et al., 2022), and self-evaluation/self- 569

correction (Wu et al., 2025). Distinctly, we target 570

sequential preference alignment under long hori- 571

zons. Since long-horizon learning is hindered by 572

limited context and state retention, prior work ex- 573

plores curriculum learning (Narvekar et al., 2020) 574

and external memory/state tracking (Yan et al., 575

2025); we design external memory module to accu- 576

mulate past decisions for preference inference and 577

reuse across rounds. 578

7 Conclusion 579

In this work, we study calendar conflict resolution, 580

a long-horizon, preference-driven decision-making 581

task. We introduce CALCONFLICTBENCH for sys- 582

temic investigation, and evaluation results shows 583

that current LLM agents degrade as horizons grow 584

and conflicts become denser. To address this, We 585

propose PEARL, a RL framework with explicit 586

memory module and round-wise rewards, achiev- 587

ing strong gains on CALCONFLICTBENCH. 588
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Limitations589

Our study is an initial step toward systematically590

evaluating and training preference-evolving agents591

for calendar conflict resolution, and it leaves sev-592

eral limitations for future work. First, CALCON-593

FLICTBENCH represents user preferences via struc-594

tured, role-conditioned rules over event attributes,595

which makes evaluation reproducible but inevitably596

incomplete. In real-world settings, decisions can597

be driven by transient and hard-to-observe factors598

that are not reflected in calendar metadata—e.g.,599

“I’m not in the mood for meetings today,” fatigue,600

stress, interpersonal dynamics, or unexpected ur-601

gent tasks. Such affective and situational signals602

are difficult to simulate faithfully and may only be603

expressed through natural language messages or604

behavioral cues. Consequently, agents that perform605

well in our benchmark may still fail under implicit,606

rapidly shifting drivers of user choices. Second,607

while we conduct all the necessary experiments to608

support our main claims, computational and time609

constraints prevent an exhaustive sweep over all610

possible combinations of evaluation parameters.611

Third, because current LLMs have limited context612

windows, we only evaluate histories of up to 20613

past events. We leave designing principled mecha-614

nisms for dynamically selecting and summarizing615

relevant context over long horizons as future work.616
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Appendix 763

A Use of LLMs 764

In this work, LLMs are used strictly for research 765

support rather than as sources of substantive con- 766

tent. Their use falls into: (i) serving as the tested 767

and trained model, and (ii) assisting with language 768

refinement during paper writing. For writing sup- 769

port, we used GPT-5 solely to polish text (improv- 770

ing coherence and grammar) while all ideas, logic, 771

results, and technical contributions originate from 772

the authors. 773

B Potential Risks 774

Calendar conflict resolution is a high-stakes setting: 775

incorrect accept/decline decisions can cause missed 776

deadlines, lost opportunities, and interpersonal or 777

organizational harm, especially over long horizons 778

where errors compound. Calendar data and org 779

context are also sensitive and can encode confiden- 780

tial relationships and priorities. Additionally, such 781

agents could be misused for surveillance or coer- 782

cive scheduling, and benchmark success may be 783

over-interpreted because our setting models prefer- 784

ences as structured, role-conditioned rules that omit 785

transient, hard-to-observe factors (fatigue, stress, 786

interpersonal context). To mitigate these risks, we 787

position our work as a controlled abstraction for 788

reproducible evaluation rather than a deployment- 789

ready system. 790

C Synthetic Data Engine Details 791

C.1 Organizational Schema 792

Our synthetic data engine is grounded in role- 793

conditioned organizational schemas that capture 794

how different positions operate and make trade- 795

offs in calendar decisions. We first conduct semi- 796

structured interviews with domain practitioners 797

(e.g., PIs and PhD students in academia; executives 798

and engineers roles in tech company) and analyze 799
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both (i) de-identified real-world calendar traces800

(event titles, recurrence patterns, attendee struc-801

tures, meeting durations) and (ii) publicly avail-802

able or provided organizational charts. From these803

sources, we extract role-specific attributes and en-804

code them into a unified schema.805

Schema fields. For each role r, we curate a806

schema S(r) consisting of three components:807

1. Regular meeting schemas M(r): templates808

for commonly recurring events, including (i)809

canonical topics (e.g., “weekly group meeting”,810

“1:1 mentoring”, “sponsor sync”), (ii) typical811

cadence (weekly/biweekly/monthly), (iii) de-812

fault duration distributions, (iv) attendee pat-813

terns (direct reports, cross-team stakeholders,814

external partners), and (v) common metadata815

realizations (location type, meeting modality,816

title variants).817

2. Priority principles P (r): a small set of explicit,818

interpretable principles governing decisions un-819

der conflict, such as leadership/oversight obliga-820

tions, deadline sensitivity, people management821

duties, and external relationship maintenance.822

3. Conflict reasons C(r): common causes of de-823

cline/postpone for that role, such as deadline824

clashes, hierarchical obligations, travel con-825

straints, task urgency spikes, teaching/commit-826

tee constraints, or sponsor milestone collisions.827

Each conflict reason c ∈ C(r) defines a trans-828

formation over event metadata (e.g., inserting829

a deadline marker, adding a senior attendee,830

changing modality to “in-person required”).831

Unified representation. Concretely, a regular832

meeting template m ∈ M(r) is represented as833

m = ⟨topic, freq, dur, attendees, cts.⟩,834

where constraints (cts.) includes optional835

hard constraints (e.g., “must be attended”, “cannot836

be moved”) and soft constraints (e.g., “prefer morn-837

ings”, “avoid back-to-back”). Priority principles838

are encoded as a weighted set839

P (r) = {⟨pk, wk, gk(·)⟩}Kr
k=1,840

where gk(·) is an attribute-based trigger function841

that maps an event (and local context) to {0, 1}.842

Conflict reasons are encoded as operators843

C(r) = {Tj}Jrj=1,844

where each Tj mutates an event into a plausible845

competing event (e.g., “upgrade urgency”, “attach846

deadline”).847

C.2 Conflict Event Generation 848

Figure 6: Conflict event generation process.

Figure 6 illustrated the conflict event generation 849

process. Given a role-conditioned weekly calen- 850

dar C sampled from M(r), we generate conflict 851

rounds by constructing a candidate set of overlap- 852

ping events Et for each decision round t. Our gen- 853

eration procedure explicitly couples each synthetic 854

conflict with (i) a conflict reason c ∈ C(r) and 855

(ii) a priority principle p ∈ P (r) so that accept- 856

ed/declined outcomes are explainable and consis- 857

tent with role behavior. 858

Step 1: Sample anchor events. We first sam- 859

ple a set of anchor regular events from the weekly 860

calendar and assign each anchor a decision label 861

(accepted or declined) based on role-conditioned 862

constraints and accept/reject ratio. Intuitively, ac- 863

cepted anchors reflect high-priority routine obli- 864

gations (e.g., weekly lab meeting for a PI), while 865

declined anchors reflect lower-priority or optional 866

events. The accept/decline ratio injects controlled 867

randomness into the process. 868

Step 2: Generate competing events via principle– 869

reason pairing. For each anchor event e at round 870

t, we sample a pairing (p, c) where p ∼ P (r) (pro- 871

portional to wp and triggers) and c ∼ C(r), then 872

apply the corresponding transformation to create 873

competing events that overlap in time. We denote 874

the conflict generator as 875

G(e; p, c) → {e′1, . . . , e′q}, 876

where each e′i inherits the timeslot of e but differs 877

in attributes (attendees, urgency, topic, location) 878

induced by (p, c). 879

Case A: accepted anchor → declined competi- 880

tors. If the anchor e is labeled accepted, we gen- 881

erate n plausible declined competitors: 882

Et = {e} ∪ {e′1, . . . , e′n}. 883
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Competitors are created to be credible yet domi-884

nated by e under the role’s principles, e.g., a PI’s885

weekly group meeting competing with ad-hoc low-886

stakes chats.887

Case B: declined anchor → one accepted com-888

petitor + extra declined. If the anchor e is la-889

beled declined, we generate (i) one accepted com-890

petitor ê that is justified by a strong principle trig-891

ger (e.g., deadline-driven sponsor call), plus (ii) m892

additional declined competitors to increase local893

complexity:894

Et = {ê} ∪ {e} ∪ {e′1, . . . , e′m}.895

This construction ensures each round contains a896

non-trivial trade-off and supports ranking-based897

supervision: the accepted event should be near the898

top even among multiple plausible alternatives.899

Attribute realization and naturalization. To900

improve realism, we instantiate event surface forms901

using role-specific lexicons and title templates (e.g.,902

“1:1”, “sync”, “deep dive”, “reading group”) and903

generate consistent metadata:904

• Attendees: sampled from the organizational905

chart with correct reporting lines (direct reports,906

peers, external partners).907

• Duration: sampled from template distributions908

(e.g., 30min 1:1, 60min weekly meeting) with909

mild noise.910

• Urgency/deadlines: inserted via c (e.g., “mile-911

stone due 5pm”, “release cutoff today”).912

• Constraints: hard constraints introduced for913

certain roles/events (e.g., committee meeting914

non-movable).915

C.3 Human Verification916

We incorporate a human verification stage to en-917

sure (i) plausibility of event metadata, (ii) orga-918

nizational consistency (attendee relations match919

the org chart), and (iii) decision validity (accept-920

ed/declined labels align with the stated principles).921

Annotators are provided with the role schema S(r),922

the organizational chart, and the conflict round Et,923

and are asked to verify both the surface form and924

the underlying rationale.925

Verification checklist. Each datapoint is re-926

viewed with the following criteria:927

1. Role realism: Are the event topics and ca-928

dences plausible for this role?929

2. Org-chart consistency: Do attendees reflect 930

correct reporting lines and stakeholder relation- 931

ships? 932

3. Conflict coherence: Do the competing events 933

genuinely overlap and create a meaningful trade- 934

off? 935

4. Principle alignment: Is the accepted event jus- 936

tified by P (r) under the provided context sig- 937

nals? 938

5. Metadata quality: Are titles, locations, and 939

constraints natural (no duplicates, no contradic- 940

tions)? 941

Edits and rejection. Annotators can (i) edit 942

event titles/attributes, (ii) swap the accepted label 943

if inconsistent with principles, (iii) rewrite the con- 944

flict reason/context for coherence, or (iv) reject the 945

datapoint if it cannot be repaired cheaply. 946

Annotation protocol. Each datapoint is re- 947

viewed by three annotators. The first two anno- 948

tate independently, proposing edits and/or rejection 949

decisions. A third annotator then adjudicates dis- 950

agreements and produces the final verified version 951

by consolidating the two reviews. Data annota- 952

tors are recruited from third party crowd-sourcing 953

platform. 954

C.4 Example Data 955

Here is an example data point from generated syn- 956

thetic organization. 957

Example Datapoint: Input (Decision round t)

User. PhD student (James Carter) at the BioInnovate
Research Lab.

Conflict events Et (overlapping timeslot on 2025-01-
03).
• e1: “Experiment planning and daily priorities sync”

14:30–14:45 Attendees: J. Carter, E. White, M. Lee,
S. Mitchell Type: internal coordination Location:
BioInnovate Research Lab Conference Room

• e2: “Equipment calibration check — imaging suite”
14:32–14:40 Attendees: J. Carter, E. White Type:
operations/quality control Location: BioInnovate
Research Lab Conference Room

• e3: “Data preprocessing script optimization”
14:35–14:42 Attendees: J. Carter, M. Lee, E. White
Type: technical unblock Location: BioInnovate
Research Lab Conference Room

• e4: “Weekly lab reading group: methods paper”
14:38–14:44 Attendees: J. Carter, S. Mitchell
Type: reading/discussion Location: BioInnovate
Research Lab Conference Room

• e5: “Career development info session: resume work-
958
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shop” 14:30–14:33 Attendees: J. Carter, A. Patel
Type: professional development Location: BioIn-
novate Research Lab Conference Room

Context information.
• Lab mission/direction: advancing biomedical

research through innovative methodologies
(bioinnovate.org).

• User responsibilities: develop thesis research, run
experiments, analyze data, write papers/present, con-
tribute to mentoring junior students, take courses.

• Organization chart of BioInnovate Research Lab.

– Dr. Sarah Mitchell — Principal Investigator
(Management).
Responsibilities: scientific vision/long-term strat-
egy; secure funding; mentor/supervise all mem-
bers; external representation.

– Dr. Emily White — Postdoctoral Researcher (Re-
search). Supervisor: PI (Sarah Mitchell).
Responsibilities: lead projects; mentor students;
proposals/reports; write/present manuscripts and
talks.

– Dr. Michael Lee — Postdoctoral Researcher (Re-
search). Supervisor: PI (Sarah Mitchell).
Responsibilities: lead projects; mentor students;
proposals/reports; write/present manuscripts and
talks.

– Aisha Patel — PhD Student (Research). Supervi-
sor: PI (Sarah Mitchell).
Responsibilities: thesis research; analysis/paper-
s/presentations; mentor juniors; coursework.

– James Carter — PhD Student (Research). Super-
visor: PI (Sarah Mitchell).
Responsibilities: thesis research; analysis/paper-
s/presentations; mentor juniors; coursework.

– Lila Nguyen — PhD Student (Research). Super-
visor: PI (Sarah Mitchell).
Responsibilities: thesis research; analysis/paper-
s/presentations; mentor juniors; coursework.

– Rajiv Sharma — PhD Student (Research). Su-
pervisor: PI (Sarah Mitchell).
Responsibilities: thesis research; analysis/paper-
s/presentations; mentor juniors; coursework.

– Nina Garcia — PhD Student (Research). Super-
visor: PI (Sarah Mitchell).
Responsibilities: thesis research; analysis/paper-
s/presentations; mentor juniors; coursework.

– Samuel Lee — Master’s Student (Research). Su-
pervisor: PI (Sarah Mitchell).
Responsibilities: focused research project; data
collection/analysis/documentation; present re-
sults; coursework.

– Mia Thompson — Master’s Student (Research).
Supervisor: PI (Sarah Mitchell).
Responsibilities: focused research project; data
collection/analysis/documentation; present re-
sults; coursework.

– Elena Martinez — Master’s Student (Research).
Supervisor: PI (Sarah Mitchell).
Responsibilities: focused research project; data
collection/analysis/documentation; present re-
sults; coursework.

– Noah Kim — Master’s Student (Research). Su-
pervisor: PI (Sarah Mitchell).
Responsibilities: focused research project; data

959

collection/analysis/documentation; present re-
sults; coursework.

– Olivia Rodriguez — Master’s Student (Re-
search). Supervisor: PI (Sarah Mitchell).
Responsibilities: focused research project; data
collection/analysis/documentation; present re-
sults; coursework.

– Jordan Rivera — Undergraduate Research As-
sistant (Research). Supervisor: Postdoc (Emily
White).
Responsibilities: support experiments; data en-
try/basic analyses; attend lab meetings/reading
groups; coursework.

– Sophia Chen — Undergraduate Research As-
sistant (Research). Supervisor: Postdoc (Emily
White).
Responsibilities: support experiments; data en-
try/basic analyses; attend lab meetings/reading
groups; coursework.

– Lucas White — Undergraduate Research As-
sistant (Research). Supervisor: Postdoc (Emily
White).
Responsibilities: support experiments; data en-
try/basic analyses; attend lab meetings/reading
groups; coursework.

– Zoe Anderson — Undergraduate Research Assis-
tant (Research). Supervisor: PhD (Aisha Patel).
Responsibilities: support experiments; data en-
try/basic analyses; attend lab meetings/reading
groups; coursework.

– Ethan Park — Undergraduate Research Assis-
tant (Research). Supervisor: PhD (Aisha Patel).
Responsibilities: support experiments; data en-
try/basic analyses; attend lab meetings/reading
groups; coursework.

Calendar state Ct.
• Prior decisions. (Note: The information is summa-

rized here due to limited space, but we provided the
full calendar information during evaluation and train-
ing) On 2025-01-01 (14:15–15:45), user accepted

“PhD qualifying exam planning session” and declined:
“Coursework and professional development check-in”,
“Weekly lab meeting – planning and status update”,
“Internal project brainstorming session”, and “Blue-
sky reading discussion”.

960

Example Datapoint: Output

Accepted event. e2 (Equipment calibration check —
imaging suite).
Declined events. e1 (daily priorities sync), e3
(preprocessing script optimization), e4 (reading group),
e5 (resume workshop).

Priority ranking πt (high→ low).

πt : e2 > e3 > e1 > e4 > e5

Decision reasoning.
• Time-critical quality control: calibration directly

protects near-term experiment validity and data qual-
ity; missing it risks invalid data / wasted instrument
time.

• Execution before coordination: once instruments
961
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are calibrated, follow-up coordination/unblocking
can proceed with higher efficiency.

• Unblocking is next: preprocessing optimization re-
solves a pipeline blocker and likely accelerates the
day’s progress, but is slightly more flexible than a
calibration window.

• Sync is helpful but deferrable: the broader stand-up
includes PI/postdocs, yet can be replaced by an async
update if needed.

• Deferable learning/career items: reading group
and resume workshop have lower immediate cost
to reschedule and are not tied to a hard operational
dependency.

• History-consistent: prior choices favored milestone-
/execution-critical sessions over routine meetings and
exploratory discussions.

• Reschedule suggestion: move e3 to 14:45–15:00 for
rapid follow-up; send a brief written status update to
e1 attendees.

962

D Evaluation Details963

We underscore again here that the evaluation in964

section 4 is conducted in single-turn manner.965

D.1 Prompt Template966

We attached the prompt template used for evalua-967

tion in section 4.968

prompt_template: |969
You are tasked with resolving a970
calendar conflict by analyzing the971
situation and making a decision972
based on organizational context and973
historical patterns.974

975
# Task:976
1. Evaluate all conflict events977
considering:978

- The principles and reasoning979
provided for each event980

- The organizational hierarchy981
and relationships982

- The urgency and importance of983
each event984

- Historical patterns from985
similar past decisions986

- The impact on stakeholders and987
organizational goals988

- Time constraints and scheduling989
flexibility990
2. Rank all conflict events (991
including the regular event) in992
order of priority993
3. Select the single event that994
should be accepted995
4. Respone in the required format.996

997
# Inputs:998

999
## History Conflict Calendar Events1000
and User Decisions:1001
{history_calendar_events}1002

1003

## Organization Chart: 1004
{org_chart} 1005

1006
## Conflict Calendar Event to Solve: 1007
{conflict_calendar_event} 1008

1009
#Output Format: 1010
Provide your response in the 1011
following structured format: 1012
```json 1013
{{ 1014

"priority_ranking (total {M} 1015
events)": ["ranked_event_id_1", ... 1016
, "ranked_event_id_{M}"], 1017

"reasoning": "Brief explanation 1018
of priority ranking and why the 1019
selected event was accepted", 1020

"selected_event_to_accept": " 1021
event_id" 1022
}} 1023
``` 1024

D.2 More Evaluation Settings 1025

Since our evaluation uses a single-turn inter- 1026

face, we implement agentic rollouts as a chain- 1027

of-thought-style output schema. For the Re- 1028

Act baseline, we prepend a ReAct-style sys- 1029

tem prompt that instructs the model to pro- 1030

duce an explicit <reasoning>...</reasoning> 1031

block followed by a <response>...</response> 1032

block. For ReAct + Memory, we addition- 1033

ally require a brief memory-aware analysis 1034

in an <observation> field: the model first 1035

emits <observation>...</observation> con- 1036

taining the provided past-round context, then gen- 1037

erates <reasoning>...</reasoning>, and finally 1038

outputs <response>...</response>. 1039

D.3 Case Study 1040

Scenario. We analyze a representative conflict 1041

round where the agent must choose between a doc- 1042

tor appointment and an internal SEV2 incident 1043

meeting. Both events overlap in time, and the user 1044

context indicates this is a personal healthcare com- 1045

mitment (non-delegable, often hard to reschedule) 1046

versus a mid-severity operational sync (important, 1047

but potentially delegable and recoverable via async 1048

updates). 1049

Model behaviors. Figure 7 contrasts two mod- 1050

els. GPT-5 correctly ranks the doctor appointment 1051

above the SEV2 meeting, emphasizing that health- 1052

care appointments are typically time-sensitive, 1053

have higher personal risk, and are harder to resched- 1054

ule than many internal meetings. In contrast, 1055

Qwen3-32B incorrectly prioritizes the SEV2 meet- 1056

ing, arguing that missing the meeting could slow 1057

14



Figure 7: Case study: Responses from two models

mitigation and increase business risk.1058

Why this matters. This failure mode is not1059

merely a “wrong preference”—it reflects a deeper1060

modeling gap in role- and person-conditioned de-1061

cision policies. In real workflows, users frequently1062

treat certain personal commitments as hard con-1063

straints: non-delegable, high cost to cancel, and1064

limited reschedulability. Meanwhile, even urgent1065

workplace meetings often admit mitigations: send-1066

ing a delegate, joining partially, or catching up1067

asynchronously via notes and incident logs.1068

Error analysis. The incorrect choice is driven by1069

two systematic biases:1070

• Overweighting organizational risk signals.1071

The model over-generalizes from “incident re-1072

sponse” to a near-hard obligation, treating SEV21073

as always overriding other commitments, with-1074

out calibrating severity or availability of substi-1075

tutes.1076

• Undermodeling non-delegability and1077

rescheduling friction. The model implicitly1078

assumes a medical visit is easily movable (“gen-1079

erally reschedulable”) and ignores hidden costs:1080

lead times, clinician schedules, cancellation1081

fees, and health risks from delay.1082

E PEARL Details1083

E.1 StrategyHub Details1084

StrategyHub Tool. We implement STRATEGY-1085

HUB as an external tool exposed to the agent via1086

function calling. At each round, the STRATEGY-1087

HUB is reset to an empty list, and the agent may1088

invoke the tool to read or update it, which is carried1089

across decision rounds. Unless otherwise specified,1090

the StrategyHub has a maximum capacity of 101091

entries.1092

Provided Tool Schema. To support consistent tool 1093

use, we provide the agent with a fixed metadata 1094

specification describing the StrategyHub schema, 1095

available fields, and constraints: 1096

description = "Manage a short list of 1097
concise strategies. Actions: `list `, 1098
`update `" 1099

1100
# metadata 1101
_json = { 1102

"type": "function", 1103
"function": { 1104

"name": self.name , 1105
"description": self. 1106

description , 1107
"parameters": { 1108

"type": "object", 1109
"properties": { 1110

"action": { 1111
"type": " 1112

string", 1113
"enum": [" 1114

list", "update"], 1115
"description 1116

": "Operation to run on the strategy 1117
list. If action is `list `, the 1118

response will be the current 1119
strategies. If action is `update `, 1120
the response will be the updated 1121
strategies.", 1122

}, 1123
"strategies": { 1124

"type": " 1125
array", 1126

"items": { 1127
"type": 1128

"string", 1129
" 1130

description": "Strategy text to add 1131
or replace with (each strategy 1132
should be <=350 characters).", 1133

}, 1134
}, 1135

}, 1136
"required": ["action 1137

"], 1138
}, 1139

}, 1140
} 1141

System Prompt. To ensure a fair comparison, we 1142

keep the task prompt unchanged during evaluation. 1143

To make the agent aware of the available tool, we 1144

prepend an additional system prompt, shown be- 1145

low: 1146

system_prompt: | 1147
You are a calendar conflict 1148
resolution agent. 1149
Think step -by-step , you can use the 1150
StrategyHub tool to help you and 1151
return the final answer strictly in 1152
the required JSON. 1153

1154
StrategyHub tool: 1155

- You can list strategies with {" 1156
action": "list"}. 1157
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- You can update strategies with {1158
"action": "update", "strategies": ["1159
strategy 1", "strategy 2", ...]}.1160

- Keep strategies short (<=3501161
chars) and only a small set of the1162
most useful ones.1163

- Decide yourself whether an1164
update is helpful (e.g., when no1165
strategies exist or when a better1166
summary is identified). If so, call1167
the tool in tool_call fashion before1168
producing the final answer.1169

1170
Before answering , you should first1171
call the StrategyHub tool to get the1172
latest strategies.1173
Then you should analyze the history1174
calandar events and see if the1175
current strategies are helpful or1176
need to be updated.1177

- If the current strategies are1178
not helpful or empty , you should1179
update the strategy and update it to1180
the StrategyHub with StrategyHub1181

tool.1182
- If the current strategies are1183

helpful , you should use them to help1184
you answer the question.1185

E.2 Training and Validation Data Details1186

We construct four synthetic organizations, each1187

containing 10 users. For every user, we synthesize1188

a one-year calendar with realistic recurring meet-1189

ings and injected conflict episodes, and then pool1190

the calendars across all users and organizations to1191

form the full dataset. We randomly split the result-1192

ing dataset into training and validation sets using1193

an 80/20 ratio. For training efficiency, we set the1194

environment parameters W = M = 5.1195

E.3 Baseline Details1196

Zero-shot. This is the first single-turn baseline.1197

We use direct prompting under the same evaluation1198

setting described in Section D.1199

SFT. This is the second single-turn baseline. We1200

implement the SFT baseline using the LlamaFac-1201

tory framework (Zheng et al., 2024). Due to limited1202

computational budget, we fine-tune the base model1203

in a single-turn setting. The SFT baseline is trained1204

on the same training subset as PEARL. We format1205

the training data as independent single-turn conver-1206

sations, where each decision round is treated as a1207

separate example. We keep the model’s thinking1208

mode enabled throughout training.1209

Zero-shot + StrategyHub. This is the multi-turn1210

baseline. We add the same system prompt as1211

PEARL and grant the agent access to the STRAT-1212

EGYHUB tool, but do not apply any training.1213

E.4 PEARL Training Details 1214

We implement the training recipe based on rLLMs 1215

framework (Tan et al., 2025). Note that we didn’t 1216

perform any cold-start SFT. We directly train with 1217

original checkpoint. To stabilize preference learn- 1218

ing and avoid cross-user leakage within an episode, 1219

we ensure that each episode contains events from 1220

exactly one user. Since training on 104-step tra- 1221

jectories is both unstable and prohibitively long, 1222

we instead train the model on shorter-horizon in- 1223

stances by setting the number of decision rounds 1224

to N = 20 for the training subset, while keeping 1225

validation aligned with the full evaluation setting 1226

by using N = 104. 1227

Training Logs. Figure 8 reports the learning dy- 1228

namics of PEARL during RL training. We plot 1229

the mean reward (averaged over training rollouts) 1230

as a function of update steps. 1231

Figure 9 visualizes the average response length 1232

over the same training trajectory. 1233

Figure 8: Mean reward over RL training.

Figure 9: Average response length over RL training.

Computation Resource. All training is conducted 1234

on 8× NVIDIA H100 GPUs (80GB memory per 1235

GPU). The training is consumed around 40 GPU 1236

hours. 1237

Training Hyperparameters. Training hyperpa- 1238

rameters and system configurations are summa- 1239

rized in Table 3. 1240
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Group Parameter Value

Algorithm
Advantage estimator algorithm.adv_estimator=grpo

KL coefficient algorithm.kl_ctrl.kl_coef=0.001

Model / PPO

Base model Qwen/Qwen3-4B

Learning rate actor_rollout_ref.actor.optim.lr=1e-6

PPO clip (high) actor_rollout_ref.actor.clip_ratio_high=0.28

Loss aggregation seq-mean-token-mean

Use KL loss term actor_rollout_ref.actor.use_kl_loss=False

Batch / Length
Train batch size data.train_batch_size=16

Val batch size data.val_batch_size=10

Max prompt/response length 16384 / 16384

Rollout (train / val)

Rollout engine vllm (mode=async)
Samples per prompt (train) actor_rollout_ref.rollout.n=8

Temperature (train) 0.7

Samples per prompt (val) actor_rollout_ref.rollout.val_kwargs.n=1

Temperature (val) 0.6

Top-p (val) 0.95

Efficiency / Systems GPUs × nodes trainer.n_gpus_per_node=8, trainer.nnodes=1
Max tokens per GPU (PPO) actor_rollout_ref.actor.ppo_max_token_len_per_gpu=32768

vLLM GPU mem util. actor_rollout_ref.rollout.gpu_memory_utilization=0.85

Grad checkpointing actor_rollout_ref.model.enable_gradient_checkpointing=True

Stepwise advantage
Enable rllm.stepwise_advantage.enable=True

Mode rllm.stepwise_advantage.mode=per_step

Table 3: Key training and rollout hyperparameters for PEARL (Qwen3-4B).
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