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Abstract001

Large language model (LLM) agents are in-002
creasingly equipped with memory, which are003
stored experience and reusable guidance that004
can improve task-solving performance. Recent005
self-evolving systems update memory based on006
interaction outcomes, but most existing evolu-007
tion pipelines are developed for static train/test008
splits and only approximate online learning by009
folding static benchmarks, making them brit-010
tle under true distribution shift and continuous011
feedback. We introduce LIVE-EVO, an online012
self-evolving memory system that learns from a013
stream of incoming data over time. LIVE-EVO014
decouples what happened from how to use it015
via an Experience Bank and a Meta-Guideline016
Bank, compiling task-adaptive guidelines from017
retrieved experiences for each task. To man-018
age memory online, LIVE-EVO maintains ex-019
perience weights and updates them from feed-020
back: experiences that consistently help are021
reinforced and retrieved more often, while mis-022
leading or stale experiences are down-weighted023
and gradually forgotten, analogous to reinforce-024
ment and decay in human memory. On the live025
Prophet Arena benchmark over a 10-week hori-026
zon, LIVE-EVO improves Brier score by 20.8%027
and increases market returns by 12.9%, while028
also transferring to deep-research benchmarks029
with consistent gains over strong baselines.030

1 Introduction031

Large Language Models (LLMs) have increasingly032

been adopted as the backbone of agent systems, en-033

abling agents to interact with external environments034

through tool usage and to solve complex, multi-035

step tasks (Wu et al., 2023; Zhang et al., 2024;036

Wu et al., 2025, 2024). Recent work has proposed037

self-evolving agents (ang Gao et al., 2025; Qiu038

et al., 2025; Long et al., 2025), which allow agents039

to learn from a training set by constructing tools,040

knowledge, and task-solving strategies to better ac-041

complish the tasks. Specifically, the knowledge and042

strategies learnt from past experiences are being 043

recognized as memory of agents (Jiang et al., 2024; 044

Zhang et al., 2025b). These memory systems are 045

typically organized into multiple levels, ranging 046

from raw observations and interaction logs (Park 047

et al., 2023; Zhang et al., 2025b; Zhong et al., 2023) 048

to higher-level summarized experiences and ab- 049

stract guidelines (Zhang et al., 2025a; Xu et al., 050

2025). During training, the agent can dynamically 051

add, update, or remove memory entries based on 052

its interaction outcomes.(Chhikara et al., 2025a) At 053

test time, the agent leverages the evolved memory 054

to guide decision-making on unseen tasks. These 055

agents equipped with memory learned consistently 056

outperform agents without memory evolution. 057

At the same time, memory evolution is inher- 058

ently an online problem. In realistic deployments, 059

an agent’s experience accrues sequentially, and its 060

memory must be updated continually by adding 061

new evidence, revising outdated entries, and consol- 062

idating recurring patterns, rather than being rebuilt 063

from a static corpus. This perspective is closely re- 064

lated to classic online and continual learning in tra- 065

ditional machine learning (Hoi et al., 2021), though 066

the mechanisms and objectives for agent memory 067

can differ. This shift raises a fundamental question: 068

how can LLM agents evolve continuously as new 069

data arrives? 070

Live benchmarks like Prophet Arena (Yang et al., 071

2025) and FutureX (Zeng et al., 2025) exemplify 072

this paradigm by reframing agent evaluation as a 073

longitudinal future prediction problem. In these 074

benchmarks, agents are required to forecast proba- 075

bilities of upcoming events, and are evaluated using 076

both calibration-based metrics (e.g., Brier scores) 077

and decision-oriented outcomes such as real market 078

returns. In contrast to static retrieval or reasoning 079

tasks, future prediction needs the agent to evolving 080

during test time and continue adapt the memory to 081

totally new tasks. Figure 1 shows the difference 082

between traditional self-evolving memory and live 083
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Figure 1: Traditional Self-Evolving Memory System
build memory on training dataset and test with the
evolved memory. While Live Self-Evolving Memory
System build and learn to utilize Memory to tackle con-
tinuously new data.

self-evolving memory.084

Only a few existing methods study memory for085

online task streams (Wei et al., 2025b; Wang et al.,086

2024b). However, they approximate “online” learn-087

ing by splitting static benchmarks into folds, and088

therefore largely ignore distribution shift in truly089

streaming tasks. In contrast, live prediction bench-090

marks sample tasks from the real world, where091

environments and markets continually change over092

time. In this setting, success depends less on re-093

trieving more information and more on judiciously094

leveraging past experience over time. Past experi-095

ence can provide useful inductive bias, but it can096

also become stale or misleading as patterns drift or097

break. Therefore, a self-evolving memory system098

must go beyond storage: it should actively curate099

experiences and learn when and how to use them.100

We introduce LIVE-EVO, a self-evolving agen-101

tic memory system designed for continuous task102

streams. LIVE-EVO learns not only what happened103

before, but also how to use experience by main-104

taining an Experience Bank and a Meta-Guideline105

Bank. For each incoming task, the agent executes106

a four-stage loop. Retrieve: it generates search107

queries to retrieve relevant question–experience108

pairs. Compile: it compiles retrieved experiences109

into a task-specific guideline, instructed by Meta-110

Guidelines that encode meta-heuristics for combin-111

ing historical insights with the current task. Act: it112

performs ContrastiveEval by producing and com-113

paring two independent predictions, one guided by 114

the compiled guideline and one as a memory-free 115

baseline, to quantify the contribution of the guide- 116

line. Update: it updates experience weights based 117

on the observed performance gap; if the guideline 118

underperforms, the agent generates a new entry 119

for the Meta-Guideline Bank. Finally, to control 120

memory growth, LIVE-EVO summarizes trajecto- 121

ries from poorly solved cases into candidate expe- 122

riences and commits them to the Experience Bank 123

only after re-evaluation confirms an improvement. 124

We evaluate LIVE-EVO on the Prophet 125

Arena (Yang et al., 2025) benchmark over a 10- 126

week horizon. Our results demonstrate that LIVE- 127

EVO significantly outperforms static baselines, 128

achieving a 20.8% improvement in Brier Score 129

and a 12.9% increase in market returns. Further- 130

more, LIVE-EVO exhibits strong generalization on 131

traditional deep-research benchmarks (Chen et al., 132

2025), outperforming specialized state-of-the-art 133

methods. Our ablation studies further confirm that 134

the components are essential for maintaining per- 135

formance in online benchmarks. 136

2 Related Work 137

2.1 Self-Evolving Agentic Memory Systems 138

Memory transforms LLM agents into persistent, 139

adaptive systems capable of long-horizon task- 140

solving (Shan et al., 2025; Qian et al., 2024; 141

Yan et al., 2024) and life-long learning (Zheng 142

et al., 2025; Wang et al., 2024a). Existing solu- 143

tions follow a hierarchical evolution. Early meth- 144

ods (Zheng et al., 2024), rely on static retrieval. 145

While effective for repetitive tasks, they suffer from 146

experience drift in changing environments (Hu 147

et al., 2025). To address this, recent memory sys- 148

tems support high-level memory operations includ- 149

ing forgetting (Liang et al., 2025; Zhong et al., 150

2024), building knowledge networks(Xu et al., 151

2025), and introducing heterogeneous memory 152

structures (Chhikara et al., 2025b). Furthermore, 153

some tasks focus on learn experience for task solv- 154

ing, BOT (Yang et al., 2024) synthesize high-level 155

heuristics from past trajectories, EXPEL (Zhao 156

et al., 2024) turns past trajectories into reusable 157

experiences, and Agent Workflow Memory (Wang 158

et al., 2024c) record the action sequence of success- 159

ful task. However, none of them focus on evolving 160

on live benchmarks. 161
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Figure 2: Structure of Live-Evo Agent. Given a question, the Live-Evo Agent will first search relevant experiences
and generate a guideline based on the experiences, current task. Also, the generation will augmented by the
meta-guideline bank, which teaches the agent how to combine experiences with current task. Inside the agent,
the memory update mechanism continually updating experiences’ weights and verifying new experiences and
meta-guidelines.

2.2 Live Benchmarks162

Traditional static benchmarks are released at a fixed163

time and evaluate models on a closed dataset (Wei164

et al., 2025a; Zhang et al., 2024). However, such165

benchmarks inevitably suffer from data leakage166

over time. To address this issue, several evaluation167

frameworks adopt a live setting by continuously in-168

troducing new tasks to assess models’ general capa-169

bilities (Contributors, 2023; Xu et al., 2023). Other170

approaches rely on live human feedback for evalu-171

ation (Chiang et al., 2024). More recent live bench-172

marks release new tasks over time, providing a con-173

tinuous evaluation stream for specific tasks. For ex-174

ample, LiveCodeBench (Jain et al., 2024) regularly175

releases new coding problems each quarter. Emerg-176

ing future prediction benchmarks, such as Prophet177

Arena (Yang et al., 2025) and FutureX (Zeng et al.,178

2025), introduce real-world tasks on a weekly basis,179

offering an ideal testbed for self-evolving agents.180

3 Method181

We introduce LIVE-EVO, an agentic memory sys-182

tem explicitly designed for true live benchmarks,183

where tasks arrive sequentially and feedback is re-184

vealed over time (See Figure 2). In contrast to185

prior memory systems that primarily store expe- 186

riences and abstract them into static summaries, 187

LIVE-EVO continuously optimizes how past ex- 188

perience is used over time, updating its memory 189

policies as new data arrives and grounding each 190

update in ongoing environmental feedback. 191

LIVE-EVO composes of two memory banks: an 192

Experience Bank E and a Meta-Guideline BankM. 193

The Experience Bank stores past task interactions 194

in a structured, reusable form. When queried, the 195

agent does not simply append retrieved trajecto- 196

ries into the prompt; instead, it applies a learned 197

procedure that distills retrieved experiences into 198

task-relevant signals and actionable guidance, mak- 199

ing the memory system’s inductive bias explicit. 200

Complementarily, the Meta-Guideline Bank stores 201

higher-level composition instructions, which meta- 202

guidelines that specify how to transform retrieved 203

experiences into a task-adaptive guideline under 204

different conditions. Together, these two banks 205

separate what happened before (experience) from 206

how to use it (guideline), enabling memory usage 207

to improve over time as new tasks arrive. 208

We formalize the self-evolving agentic memory 209

system as a closed-loop decision process over the 210
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Algorithm 1: LIVE-EVO

Input: Task stream batchQ; Experience bank E with weights {we}; Meta-guideline bankM; Bad-case fraction ρ
Output: Updated E ,M

1 foreach q ∈ Q do
2 Eq, m̂← RETRIEVE(q, E ,M) // Retrieve: top-k experiences + selected meta-guideline
3 gq ← COMPILEGUIDELINE(q, Eq, m̂) // Compile: LLM produces task-specific memory guideline

4 ron
q , roff

q , τq ← CONTRASTIVEEVAL(q, gq) // Act: scores w/ and w/o memory; keep memory-on
trajectory τq

// Update

5 WEq ← UPDATEWEIGHTS(WEq , r
on
q − roff

q ) // update weights of selected experiences

6 if ron
q − roff

q ≤ 0 then
7 M←M ∪ {REFLECT(q, gq, Eq)} // add new meta-guideline on failure
8 end
9 end
// Update

10 Qbad ← SELECTWORST(Q, {ron
q }, ρ) // worst ρ fraction of tasks solved with memory

11 foreach q ∈ Qbad do
12 enew

q ← SUMMARIZE(q, τq) // summarize new experience from stored memory-on trajectory
13 if EVAL(q, enew

q ) > ron
q then

14 E ← E ∪ {enew
q } // re-evaluate with new experience and commit if it improves

15 end
16 end
17 return E ,M

memory banks. For each new task batch, the agent211

operates through four stages:212

{RETRIEVE, COMPILE, ACT, UPDATE}.213

Given a task, the agent first actively search its214

own memory to retrieve relevant experiences and215

the meta guideline. Then the agent compiles a216

guideline based on the meta instruction, the re-217

trieved experiences and the task. The agent then218

solves the task with the compiled guideline. Fi-219

nally, the trajectory and result of solving this task220

will be used to update the memory, including the221

experience bank and the meta guideline bank. Next222

we explain each stage of LIVE-EVO in detail (also223

see Algorithm 1).224

3.1 Retrieve225

Given a task q, the agent A first retrieves potentially226

relevant experiences and also a meta guidelines:227

Eq, m̂← RETRIEVE(q, E ,M)228

We note that the task will not be used directly to229

query the bank. Instead, the agent generates queries230

from the given task for both question matching231

and experience-content matching. While existing232

systems retrieve through similarity matching (Xu233

et al., 2025; Park et al., 2023)) or active exploration234

strategies (e.g., in which the agent probes the mem-235

ory bank iteratively) (Chhikara et al., 2025a; Long236

et al., 2025), our active retrieval design enables237

the agent to retrieve relevant information from mul- 238

tiple dimensions, which contrasts with traditional 239

search actions by allowing the agent to seek struc- 240

tural analogies or reasoning patterns rather than 241

simple semantic overlaps, granting the agent higher 242

autonomy in defining what constitutes "relevant" 243

information for a complex forecasting query. 244

3.2 Compile 245

The agent transforms retrieved experiences into 246

task-adaptive guidance: 247

g = COMPILEGUIDELINE(q, Eq, m̂). 248

COMPILEGUIDELINE operationalizes the role of 249

the Guideline Bank: it selects and applies a meta- 250

guideline m̂ to turn the retrieved experience set Eq 251

into an executable, task-specific guideline g for the 252

current task q. Concretely, given Eq, LIVE-EVO 253

performs meta-cognitive compilation by (i) extract- 254

ing cross-experience regularities, (ii) grounding 255

them in the current task context, and (iii) instantiat- 256

ing a guideline g conditioned on m̂ to steer down- 257

stream decision making. 258

In contrast, prior approaches typically either con- 259

catenate retrieved logs as additional context or rely 260

on fixed abstraction operators (e.g., summaries or 261

heuristic rules) that remain static and do not im- 262

prove from online feedback (Wang et al., 2024b; 263

Xu et al., 2025). 264
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3.3 Act265

Conditioned on the task and the derived guideline,266

the agent executes a policy:267

rq, τq = ACT(q | g),268

where τq denotes the trajectory, and rq denotes269

the resulting outcome signal. The structure of r270

depends on the evaluation regime. In traditional271

reasoning or search benchmarks, r is often binary,272

reflecting task success or failure. In contrast, on-273

line benchmarks (e.g. Yang et al. (2025)) yield274

continuous feedback. These dense signals provide275

a richer learning substrate for memory evolution276

than sparse correctness-based rewards.277

For every task, we additionally conduct a con-278

trastive evaluation to measure the causal impact279

of retrieved experience at action time. Concretely,280

we execute the agent again without the compiled281

guideline. We then compare the resulting outcomes282

to quantify whether memory usage provides a net283

benefit on that task. This comparison will later be284

used to update memory.285

3.4 Update286

Finally, the agent incorporates new experience into287

the memory bank. The update mechanism gov-288

erns how experience accumulates over time and289

is grounded in objective environmental feedback.290

Concretely, from Contrastive Evaluation we obtain291

the empirical gain of using the compiled guideline292

relative to the memory-free baseline. This gain is293

used to adjust the retrieval weights of the selected294

experiences: when the guideline improves perfor-295

mance, the corresponding experience weights are296

increased; when it harms performance, the weights297

are decreased. This reinforcement-and-decay dy-298

namic is analogous to human memory, where use-299

ful experiences are strengthened through repeated300

success while misleading or outdated ones are grad-301

ually suppressed. In addition, failures trigger a re-302

flection step that produces a new meta-guideline,303

which is added to the meta-guideline bank to im-304

prove future guideline compilation.305

After processing a batch, we further perform306

selective experience acquisition rather than indis-307

criminately storing every trajectory. We identify308

the worst-performing fraction of tasks under the309

memory-on setting and generate a candidate expe-310

rience by summarizing and reflecting on the stored311

trajectory. We then re-evaluate the task with this312

candidate experience, and commit it to the experi-313

ence bank only if it yields a statistically significant314

improvement over the original memory-on score. 315

This selective write-back controls memory growth 316

while ensuring that new entries are justified by mea- 317

surable gains. 318

4 Experiment 319

4.1 Setup 320

We evaluate LIVE-EVO on Prophet Arena (Yang 321

et al., 2025), a future-prediction benchmark span- 322

ning the latest 10 weeks with 500 tasks in total. 323

Each task contains a question, a candidate list, and 324

a bid-price snapshot taken 6 hours before close, 325

which we use to compute returns relative to market 326

consensus. We enforce strict time-based retrieval 327

to prevent information leakage past the close time. 328

We also evaluate on Xbench-DeepResearch (Chen 329

et al., 2025) to assess generalization beyond future 330

prediction. We split the benchmark into 10 folds, 331

learn experience sequentially across folds, and re- 332

port the overall average accuracy. 333

We use GPT-4.1-mini as the backbone 334

model for most experiments if not specified. 335

All experiments use a temperature=0.2, 336

with bad_case_percentile=0.3, 337

min_brier_improvement=0.05, and experience 338

_similarity_threshold=0.5. 339

Metrics. For XBench-DeepResearch, we use ac- 340

curacy as metrics. For Prophet Arena, we use 341

Brier Score and Market Return as metrics. Given 342

a query q and a set of candidate outcomes C = 343

{c1, . . . , cK}, the agent outputs probabilities of 344

each candidates p̂ = (p̂1, . . . , p̂K) over the out- 345

comes. Let y ∈ {0, 1}K denote the realized out- 346

come and m = (m1, . . . ,mK) the corresponding 347

prediction market prices. We report the multiclass 348

Brier score as a calibration metric. A lower Brier 349

score indicates that the predicted probabilities are 350

closer to the true real-world outcomes. 351

BS =

K∑
k=1

(p̂k − yk)
2, (1) 352

We also compute the market return to quantify the 353

advantage of LIVE-EVO over market-based base- 354

lines. The return is obtained by taking a unit long 355

position on outcome ck whenever the predicted 356

probability p̂k exceeds the market-implied proba- 357

bility mk: 358

R =

K∑
k=1

I[p̂k > mk] (yk −mk). (2) 359
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Model W1 W2 W3 W4 W5 W6 W7 W8 W9 W10 Avg

Base Model
GPT-4.1-mini 0.18 0.20 0.31 0.18 0.24 0.26 0.23 0.25 0.23 0.15 0.22

Deep Research Methods
MiroFlow 0.28 0.08 0.53 0.44 0.40 0.43 0.27 0.33 0.26 0.22 0.32
Qwen Deep Research 0.17 0.22 0.23 0.15 0.22 0.22 0.21 0.19 0.20 0.13 0.20
Live-Evo (w/o Experience) 0.18 0.24 0.20 0.13 0.27 0.19 0.22 0.22 0.13 0.11 0.19

Self-Evolving Memory Methods
ReMem 0.19 0.23 0.14 0.11 0.21 0.18 0.19 0.17 0.15 0.11 0.16
Live-Evo (ours) 0.19 0.17 0.16 0.10 0.17 0.12 0.19 0.15 0.13 0.10 0.14

Table 1: Brier Score (Lower the better) on Prophet-Arena - Weekly Performance Comparison

(a) Cumulative Portfolio Value (Invest $100 Per Week) (b) Brier Score Comparison

Figure 3: Performance Analysis Comparison. (a) shows the cumulative portfolio value, and (b) shows the Brier
score comparison.

Baselines. We compare LIVE-EVO with the fol-360

lowing methods as baselines. (1) Base Models361

. We retrieve the top-10 web search results for362

each query and provide the model with a sum-363

marized version of these websites generated by364

the model itself. The model is then required to365

output the probability distribution based on this366

static information. (2) Deep Research Methods.367

We evaluate two representative open-source frame-368

works, Qwen Deep Research (Team et al., 2025)369

and MiroFlow (Team, 2025) which support multi-370

ple tools and complex multi-agent workflows. We371

also evaluate LIVE-EVO without experience, rep-372

resenting the base search agent without evolution.373

(3) Self-Evolving Memory Systems. ReMem (Wei374

et al., 2025b): a self-evolving agent baseline that375

constructs summarized experiences from raw tra-376

jectories and retrieves relevant memories at test377

time.378

4.2 Main Results379

Table 1 reports the Brier scores over the most recent380

10 weeks of the Prophet Arena benchmark. All381

methods use GPT-4.1-mini as the foundation model.382

We compare our method against a Base Model and383

several open-source Deep Research frameworks. 384

We do not include closed-source Deep Research 385

systems as baselines, because their search tools do 386

not support strict time-based filtering. 387

Result Analysis The results demonstrate that 388

our agent achieves state-of-the-art performance in 389

terms of the average Brier score, and outperforms 390

all baselines in the majority of individual weeks. 391

Open-source Deep Research methods perform 392

relatively poorly on this benchmark. This is ex- 393

pected, as they are optimized for discovering partial 394

clues or supporting evidence, rather than producing 395

calibrated probabilistic forecasts of future events. 396

In practice, these methods are often misled by in- 397

complete or temporally fragile signals. 398

The ReMem baseline shows a consistent im- 399

provement over the static Base Model (GPT-4.1- 400

mini), indicating that incorporating self-evolving 401

memory is beneficial for future prediction. How- 402

ever, its performance remains weaker than Live- 403

Evo, highlighting the importance of actively man- 404

aging and adapting experiences. These results con- 405

firm that our design more effectively leverages past 406

experience under continuously evolving, real-world 407
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Table 2: Generalization of LIVE-EVO across different foundation models. We report Brier score (lower is better)
and cumulative market return (higher is better), along with relative improvements over the corresponding base
agents.

Base Model Method Brier Score (↓) Market Return (↑)

Value Imp. Value Imp.

GPT-4.1-mini Base (w/o Mem) 0.19 – 1.24 –
Live-Evo 0.14 20.8% 1.46 12.9%

GPT-4.1 Base (w/o Mem) 0.18 – 1.13 –
Live-Evo 0.17 3.0% 1.18 4.4%

GPT-5-mini Base (w/o Mem) 0.16 – 1.34 –
Live-Evo 0.15 4.5% 1.36 1.6%

Qwen3-8B Base (w/o Mem) 0.19 – 1.20 –
Live-Evo 0.18 3.5% 1.21 0.5%

conditions.408

Performance Comparison We compare LIVE-409

EVO with its underlying base search agent which410

isolates the contribution of the proposed experience411

management system.412

Figure 3a illustrates the cumulative market re-413

turns under a simplified investment strategy. As-414

suming an investment of $100 per week, LIVE-415

EVO achieves a $150 higher return over the 10-416

week period. Notably, the performance gap be-417

tween the two agents widens over time, indicat-418

ing that LIVE-EVO continuously improves its de-419

cision quality as more experience is accumulated.420

Figure 3b further reports the weekly Brier scores.421

LIVE-EVO consistently outperforms the base agent422

across all weeks. The improvement is particularly423

pronounced during periods where the base agent424

exhibits poor calibration, such as Weeks 5 and 6.425

These results suggest that LIVE-EVO can stabilize426

predictions under difficult or volatile conditions.427

Table 3: Acc. on Xbench-DeepResearch. All methods
are tested with GPT-4.1-mini.

Methods Acc

Qwen-DeepResearch 0.43
MiroFlow 0.45
ReMem 0.40
Live-Evo (ours) 0.46

4.3 Additional Results with Different Models428

To evaluate the robustness of LIVE-EVO across429

foundation models of varying capacity and prove-430

nance, we conduct experiments on Prophet Arena431

with GPT-4.1-mini, GPT-4.1, GPT-5-mini, and432

Qwen3-8B, covering both closed-source and open- 433

source models (See Table 2). For each model, we 434

compare LIVE-EVO against its corresponding base 435

agent without experience. 436

Across all evaluated models, LIVE-EVO consis- 437

tently improves both Brier score and market return. 438

These results demonstrate that the proposed experi- 439

ence management mechanism is broadly compati- 440

ble with heterogeneous backbone models and does 441

not rely on model-specific heuristics. 442

Notably, the largest relative improvement is ob- 443

served with GPT-4.1-mini. This behavior is ex- 444

pected for two reasons. First, weaker base models 445

exhibit greater headroom for improvement. Second, 446

they generate more frequent failure cases during 447

early weeks, which in turn provide richer supervi- 448

sory signals for experience correction and guideline 449

refinement. In contrast, stronger models such as 450

GPT-5-mini already produce well-calibrated pre- 451

dictions, leaving less room for further gains. 452

4.4 Results on Deep Research Benchmark 453

Although LIVE-EVO is not specifically designed 454

for traditional deep research tasks, it nevertheless 455

demonstrates competitive and consistent advan- 456

tages over both deep research frameworks and prior 457

self-evolving memory methods. 458

As shown in Table 3, LIVE-EVO achieves 459

the highest accuracy among all evaluated meth- 460

ods. Compared to specialized deep research sys- 461

tems such as Qwen-DeepResearch and MiroFlow, 462

LiveEvo attains superior performance despite lack- 463

ing task-specific heuristics for evidence exploration. 464

This suggests that experience management learned 465

under live and non-stationary conditions general- 466

izes beyond future prediction, benefiting broader 467

reasoning tasks. 468
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Table 4: Ablation Study Relative to the Full-Memory Model. Color intensity indicates the magnitude of relative
change compared to the full-memory setting.

Setting Avg. Brier Change (%) ↓ Avg. Return Change (%) ↑
Live-Evo 0.14 – 1.46 –
w/o weight-update 0.17 +17.01% 1.34 -8.01%
w/o meta-guideline 0.16 +10.88% 1.41 -3.42%
w/o guideline-compile 0.16 +11.56% 1.16 -20.40%
w/o active-retrieve 0.17 +14.97% 1.22 -16.77%

Question:  What will Zohran Mamdani say during the Bernie Sanders 'Fighting the 
Oligarchy' tour stop on Saturday 9/6?
Experience : Emphasize identification and weighting of named entities and concrete topics 
mentioned explicitly in the speech…

Question:  Which professional MLS soccer team, Miami or Chicago Fire, will win the 
match scheduled for Aug 30, 2025 after 90 minutes plus stoppage time?
Experience : For future match outcome predictions, incorporate dynamic and recent data 
such as last 5-10 matches' form, injury reports, lineup announcements, and tactical 
changes…

Figure 4: Case Study. The figure contrasts a high-weight experience (green), which provides reusable methods,
with a low-weight experience (red), which contains hallucinations, and shows how their weights evolve weekly.

4.5 Ablation Study469

We conduct ablation studies to assess the contribu-470

tions of key components in LIVE-EVO (Table 4).471

Removing any single module consistently degrades472

performance in both Brier Score and market return,473

indicating that each component is non-trivial: w/o474

weight-update fixes all experience weights, w/o475

meta-guideline removes meta-guidance bank for476

guideline generation, w/o guideline-synthesis di-477

rectly uses retrieved experiences, and w/o active-478

retrieve queries memory using only the question.479

Among these variants, disabling guideline synthe-480

sis causes the largest drop in market return, under-481

scoring the importance of converting accumulated482

experience into actionable guidance, while remov-483

ing active retrieval or adaptive weight updates also484

leads to substantial degradation. Overall, the results485

show that Live-Evo’s improvements stem from the486

synergistic interaction of its components rather487

than any single design choice.488

4.6 Case Study489

To illustrate how the weight-update mechanism490

operates in practice, we analyze experiences with491

the lowest and highest learned weights. In Fig-492

ure 4, the red box highlights a low-weight experi-493

ence that contains a clear hallucination: the expe-494

rience suggests retrieving the content of a speech,495

whereas the task requires predicting the outcome of496

the speech. Such mismatches lead to consistently497

poor downstream performance and are therefore498

downweighted over time. 499

In contrast, the green box corresponds to a high- 500

weight experience that provides a reusable and task- 501

aligned guideline, recommending the analysis of 502

recent match forms. This experience consistently 503

supports accurate predictions and is thus reinforced 504

by the weight-update mechanism. 505

This case study demonstrates that LIVE-EVO 506

can progressively filter out low-quality or mislead- 507

ing experiences by reducing their weights, while 508

amplifying high-quality, transferable experience. 509

As a result, the agent learns to rely on increasingly 510

reliable guidance, leading to improved future pre- 511

diction performance. 512

5 Conclusion 513

We introduced Live-Evo, the first online-evolving 514

agentic memory system specifically designed for 515

benchmarks with continuous, real-world feed- 516

back. By employing a four-stage evolutionary 517

loop:Retrieve, Compile, Act, and Update, the sys- 518

tem dynamically learns to optimize how past expe- 519

riences are transformed into task-adaptive guidance. 520

Our evaluation on the Prophet Arena benchmark 521

demonstrates that LIVE-EVO achieves significant 522

improvement over strong baselines. Furthermore, 523

the system exhibits robust generalization on deep- 524

research benchmarks. These results underscore 525

the vital role of feedback-driven experience man- 526

agement in building persistent, adaptive agentic 527

systems for non-stationary environments. 528
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6 Limitations529

While LIVE-EVO achieves strong performance,530

its design introduces several potential constraints.531

First, its reliance on the dense environment feed-532

back ensures robust calibration but may limit appli-533

cability in settings with sparse or subjective feed-534

back. Second, the Verify Before Update protocol535

strictly admits new experiences only with statisti-536

cally significant gains, which can delay the adop-537

tion of subtle or emerging heuristics.538
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A Appendix743

A.1 Implementation Details744

Base Search Agent. To isolate the efficacy of745

the Live-Evo, We build a simple search agent and746

equipped the agent with basic google-search and747

web fetch tool. We use serper api as the google-748

search api and apply the time filter by editing the749

queries. The max turns of one task is set to 20. For750

web content that exceed the agent’s max sequence751

length, we call the llm to summarize the content.752

Retrieve. We calculate the semantic similar-753

ity based on all-MiniLM-L6-v2 model from the754

sentence-transformers library. The system en-755

forces a minimum weighted similarity threshold756

of τ = 0.3. Only experiences has higher relativity757

will be retrieved.758

A.2 Example Case759

In this section, we present a comprehensive exe-760

cution trajectory of the LIVE-EVO system on a761

specific future prediction task from the Prophet762

Arena benchmark. This case study illustrates how763

the agent retrieves historical failures, synthesizes764

a dynamic guideline, executes actions based on765

that guideline, and achieves a superior Brier score766

compared to the baseline.767

A.2.1 Task Definition768

The agent is presented with a binary prediction task769

regarding an NFL game.770

Task Input

Question: Which professional football
team, Cincinnati or Pittsburgh, will win the
game scheduled for Oct 16, 2025?
Ground Truth: Cincinnati (1), Pittsburgh
(0)

771

A.2.2 Phase 1: Retrieve772

Upon receiving the task, the agent queries the Expe-773

rience Bank (E). The system retrieves relevant past774

experiences where the agent previously failed due775

to over-reliance on betting odds or missed schedule776

changes. Two representative retrieved experiences777

are shown below:778

Selected Retrieved Experiences

Experience ID: 46f126ef (Sports/NCAAF)
Failure Reason: The agent over-relied on pre-game
betting odds and recent season trends without ac-

779

counting for roster changes or "home advantage" dy-
namics closer to the game date.
Improvement: Incorporate dynamic, up-to-date info
(roster, coaching) as the event approaches. Avoid
static betting odds.
Experience ID: 50fe0d0c (Sports/MLS)
Failure Reason: The agent failed to update its predic-
tion to reflect the rescheduling of the match, basing
probabilities on outdated timing.
Improvement: Always verify the event date and con-
firm the prediction is relative to the current schedule.

780

A.2.3 Phase 2: Compile 781

Using the retrieved experiences, the agent synthe- 782

sizes a task-specific guideline (G) via the REUSE 783

operator. This guideline explicitly warns against 784

the specific pitfalls identified in the retrieved mem- 785

ory (e.g., verifying dates and ignoring early odds). 786

Synthesized Guideline

• Dynamic Information: Prioritize au-
thoritative sources (e.g., official injury
reports, press releases) close to the
game date over early betting odds or
historical reputation.

• Schedule Verification: Implement a
workflow step to confirm the exact
game date and update contextual data
to avoid outdated inputs (derived from
Exp 50fe0d0c).

• Scenario Analysis: Explicitly model
the impact of key player absences (e.g.,
injury reports) and home vs. away ad-
vantages.

787

A.2.4 Phase 3: Act 788

Guided by the synthesized instructions, the agent 789

executes a search strategy. Unlike a standard agent 790

that might immediately look up win probabilities, 791

the LIVE-EVO agent follows the guideline to first 792

verify the schedule and check specific injury re- 793

ports. 794

Agent Execution Trajectory (Abbrevi-
ated)

Action 1: Web Search
Query: "Cincinnati vs Pittsburgh NFL game
Oct 16 2025 injury report roster updates"
Observation 1 (Search Results): Results indicate
the game date matches the query. Snippets show
specific injury reports: "Bengals TE Mike Gesicki
removed from injury report," "Bengals DE Trey Hen-
drickson ruled OUT."

795
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Action 2: Visit Page
Observation 2 (Web Content): [Content summa-
rized for brevity] Detailed tables confirm:

• Cincinnati: Trey Hendrickson (DE) is OUT;
Tanner Hudson (TE) is OUT.

• Pittsburgh: Calvin Austin III (WR) is OUT;
Miles Killebrew (S) is OUT.

Date confirmation: Thursday, Oct 16, 2025.
Action 3: Web Search
Query: "Cincinnati Bengals vs Pittsburgh
Steelers recent performance 2025 season
stats"
Observation 3 (Search Results): Results confirm
the game conclusion: "Bengals 33-31 Steelers (Oct
16, 2025) Final Score."

796

A.2.5 Phase 4: Result & Update (Evaluation)797

The agent synthesizes the gathered evidence. A798

detailed comparison between the baseline and799

the LIVE-EVO agent is presented in Table 5.800

While the Baseline agent (without memory) re-801

lied on Pittsburgh’s superior record (4-1) and bet-802

ting odds, the LIVE-EVO agent incorporated the803

specific game-day dynamics and injury resilience804

found during the guided search.805

The LIVE-EVO system achieved a Brier Score806

improvement of 0.2829. Following this success,807

the weight of the retrieved experiences is increased,808

reinforcing the guideline to "verify schedule" and809

"ignore early odds" for future sports prediction810

tasks.811

A.3 Prompts812

Prompt: Retrieve Query Generation shows the813

prompt that guide the agent to generate retrieve814

queries for the experience bank and meta-guideline815

bank. Prompt: Guideline Compile shows the816

prompt that guide the agent generate guideline817

based on experiences, meta-guideline and current818

tasks. Prompt: Base Agent Prediction shows how819

the base search agent will act given the task and820

the guideline.821

Prompt: Search Query Generation

You are exploring an experience database to
find relevant past predictions that can help
with a new task.

Current Task: Which professional football
team, Cincinnati or Pittsburgh, will win the
game scheduled for Oct 16, 2025?

The experience database contains past pre-
diction experiences with these fields:

• question: The prediction ques-
tion/task title

• improvement: Key insights on how to
improve similar predictions

• failure_reason: What went wrong
in past predictions

• missed_information: Information
sources that were missed

• category: Domain category (politics,
technology, etc.)

Generate 2-3 search queries. For each, spec-
ify the text and search type: “question” or
“experience”.
Output as JSON:
{

"queries": [
{"query": "...", "search_target": "..."}
]

}

822
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Table 5: Performance Comparison: Baseline vs. Live-Evo

Baseline Agent (No Memory) Live-Evo Agent (With Memory)
Prediction: Pittsburgh (0.65), Cincinnati (0.35) Prediction: Cincinnati (0.55), Pittsburgh (0.45)
Reasoning: Relied on Pittsburgh’s 4-1 record
and winning streak. Heavily weighted betting
odds favoring Steelers.

Reasoning: Identified close 33-31 victory con-
ditions. Weighed resilience despite injuries and
home advantage more heavily than static odds.

Brier Score: 0.5329 Brier Score: 0.2500

Prompt: Guideline Compile

You are synthesizing insights from past pre-
diction experiences to create a guideline for
a new prediction task.
Current Task: Which professional football
team, Cincinnati or Pittsburgh, will win the
game scheduled for Oct 16, 2025?
Relevant Past Experiences Found: [Expe-
rience 1 Summary: Over-relied on betting
odds, missed key defensive injuries...] [Ex-
perience 2 Summary: Over-relied on histor-
ical trends, missed roster changes...]
CRITICAL: Experience Applicability
Check Before applying lessons from past
experiences, you MUST assess whether
each experience is truly applicable to this
specific task type. Identify which lessons
are directly applicable vs. need adaptation.
Based on these experiences AND the appli-
cability check, generate a FOCUSED and
ACTIONABLE guideline (3-5 bullet points)
for this prediction task.
Output ONLY the bullet points.
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Prompt: Base Agent Prediction

You are tasked with predicting the probabil-
ity of different outcomes for the following
event:

Event: Which professional football team,
Cincinnati or Pittsburgh, will win the game
scheduled for Oct 16, 2025?
Possible outcomes: “Cincinnati”, “Pitts-
burgh”

Task-Specific Guideline
• Incorporate dynamic, up-to-date infor-

mation close to the game date, including
granular injury reports (e.g., Trey Hen-
drickson status).

• Avoid over-reliance on early betting
odds or historical reputation.

• Explicitly model and quantify the im-
pact of key player absences and home-
field advantage.

CRITICAL: How to Properly Use This
Guideline
1. Verify Applicability: Assess if the cur-

rent task matches the context of the les-
son.

2. Trust Your Current Research: If fresh
findings contradict the guideline, priori-
tize fresh evidence.

Your task:
1. Research this event by searching for

relevant information online.
2. Analyze the information to assess the

likelihood of each outcome.
3. Provide a probability estimate (be-

tween 0 and 1).

Output as JSON.
824
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