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Abstract001

Large language models (LLMs) are largely002
static and often redo reasoning or repeat mis-003
takes. Prior experience reuse typically relies004
on external retrieval, which is similarity-based,005
can introduce noise, and adds latency. We intro-006
duce SEAM (Structured Experience Adapter007
Module), a lightweight, executor-specific plug-008
in that stores experience in its parameters and009
generates a structured, instance-tailored expe-010
rience entry in a single forward pass to guide011
a frozen LLM executor. SEAM is trained for012
utility via executor rollouts and GRPO while013
keeping the executor frozen, and can be fur-014
ther improved with logged-success SFT after015
deployment. Experiments on mathematical rea-016
soning benchmarks show consistent accuracy017
gains across executors with low overhead. Ex-018
tensive ablation and analysis further elucidate019
the mechanisms underlying SEAM’s effective-020
ness and robustness.1021

1 Introduction022

Large language models (LLMs) have achieved023

strong performance across diverse tasks, includ-024

ing machine translation, information retrieval, and025

mathematical reasoning (Ahn et al., 2024; Naveed026

et al., 2025; Guo et al., 2025). Yet, they remain027

largely static: when confronted with new problems,028

LLMs often reason from scratch, re-explore famil-029

iar solution paths, and repeat avoidable mistakes030

(Feng et al., 2025; Fan et al., 2025; Yu et al., 2025).031

In contrast, humans distill procedural experience032

from past problem solving and apply it to new sit-033

uations, improving efficiency and avoiding prior034

failures (Efklides, 2009; Kolb, 2014; Usher, 1993).035

Ideally, an agent should also accumulate reusable036

experience for fast adaptation to novel problems.037

Effectively leveraging prior experience requires038

answering two questions: how to extract useful ex-039

perience from interactions and how to apply it to040

1We release our code at https://anonymous.4open.
science/r/SEAM.

new problems. A common approach is to main- 041

tain an explicit experience library and consult it at 042

inference time via retrieval-augmented generation 043

(RAG) (Chhikara et al., 2025; Fang et al., 2025; 044

Zhou et al., 2025). However, a key limitation is 045

that retrieval is typically optimized for surface-level 046

similarity rather than practical utility to the execu- 047

tor, and similarity does not imply effectiveness. 048

Even when semantically close, retrieved entries 049

may fail to yield meaningful improvements. They 050

can miss decisive constraints or critical checks, or 051

add noise that distracts reasoning and destabilizes 052

solving. In addition, external libraries add notice- 053

able inference overhead by requiring retrieval-time 054

computation and often extra LLM calls for summa- 055

rization or refinement, resulting in higher latency. 056

In this paper, we take a different approach: in- 057

stead of maintaining a structured experience li- 058

brary as an external store, we encode experience 059

in the parameters of a lightweight model and 060

use it to guide a frozen downstream LLM execu- 061

tor. Accordingly, we introduce SEAM (Structured 062

Experience Adapter Module), a compact, train- 063

able, and executor-specific plug-in. We view 064

each executor as a distinct problem solver with 065

its own strengths, inductive biases, and failure 066

modes; SEAM therefore stores executor-tailored 067

experience in its parameters and, at inference time, 068

generates a structured, instance-tailored experi- 069

ence entry in a single forward pass, steering the 070

frozen executor without modifying its parameters. 071

This parameterized design eliminates the need for 072

complex external curation and organization, since 073

these choices are learned implicitly during training. 074

More importantly, unlike prior RAG-style experi- 075

ence retrieval that relies on similarity-based selec- 076

tion, SEAM is optimized for utility—it is trained to 077

generate experience entries that actually improve 078

the frozen executor’s task performance. 079

We train SEAM with a forward learning pro- 080

cedure consisting of three training steps: (i) for- 081
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ward exploration, where SEAM samples multi-082

ple schema-constrained experience entries per in-083

stance; (ii) rollout-based evaluation, where a frozen084

executor solves each instance conditioned on each085

candidate and we score candidates by task suc-086

cess; and (iii) parametric library evolution, where087

we compute group-relative advantages from candi-088

dates’ returns and update SEAM under the GRPO089

objective while keeping the executor frozen. At test090

time, SEAM synthesizes a task-relevant experience091

entry in a single forward pass to steer the executor.092

Optionally, SEAM can be further improved after093

deployment by logging successful entries and peri-094

odically applying SFT on accumulated successes.095

We conduct experiments on diverse mathemati-096

cal reasoning benchmarks to assess SEAM. Across097

multiple benchmarks and executors, SEAM im-098

proves accuracy with low additional overhead. We099

further conduct a series of analyses to investigate100

SEAM’s internal mechanisms and dynamics.101

2 Related Work102

Learning from Experience. Learning from ex-103

perience enables LLM-based agents to reuse prior104

knowledge for new tasks, improving autonomy, ef-105

ficiency, and performance in dynamic settings (Tan106

et al., 2025; Zheng et al., 2023; Wang et al., 2024b;107

Liu et al., 2025). Most prior work instills this capa-108

bility by directly training the agent (e.g., reinforce-109

ment learning, imitation learning, and multi-agent110

learning) (Dong et al., 2025; Yang et al., 2024;111

Fang et al., 2025), but often suffers from limited112

use of negative examples, weak cross-task gener-113

alization, and catastrophic forgetting. As an alter-114

native, RAG-based frameworks extract structured115

experience from past rollouts, store it in a mem-116

ory bank, and retrieve relevant snippets to augment117

prompts for new tasks (Suzgun et al., 2025; Mishra118

et al., 2025; Chhikara et al., 2025). Despite their119

flexibility, these pipelines rely on surface-level sim-120

ilarity matching that can yield low-utility prompts121

(Du et al., 2025; Salama et al., 2025), introduce122

nontrivial latency and compute overhead (Wang123

et al., 2024a; Quinn et al., 2025), and depend on124

hand-crafted storage templates that require contin-125

ual maintenance as tasks evolve (Xu et al., 2025;126

Zhong et al., 2024).127

LLM and Reinforcement Learning. Reinforce-128

ment learning (RL) is increasingly used to move129

beyond supervised fine-tuning and enable LLMs130

to learn from interactive feedback. RLHF aligns131

outputs with human preferences (Ouyang et al., 132

2022), and recent work adopts GRPO to improve 133

long-horizon reasoning and tool use under envi- 134

ronment interaction signals. For example, Search- 135

R1 trains models to issue web queries to maxi- 136

mize answer correctness (Jin et al., 2025), Tool-N1 137

learns when to invoke external tools (Zhang et al., 138

2025), and RAGEN extends GRPO to multi-turn 139

self-evolution (Wang et al., 2025). In learning- 140

from-experience settings, RL is typically applied 141

either to directly optimize the executor (Lu et al., 142

2025) or to train a memory agent within RAG to ex- 143

tract and inject memories (Yan et al., 2025). In con- 144

trast, SEAM applies GRPO to train a lightweight, 145

executor-specific guidance policy that internalizes 146

experience in parameters and generates problem- 147

conditioned structured experience guidance to steer 148

a frozen executor. 149

3 Method 150

3.1 Problem Formulation 151

Once deployed, LLMs operate in a fundamentally 152

stateless manner: let D denote a distribution over 153

problem instances s, where each instance may be 154

associated with a verifiable target a⋆(s). Given a 155

new instance s sampled from D, a frozen executor 156

LLM Eϕ typically generates its output â without 157

conditioning on accumulated experience: 158

â ∼ πϕ(â | s). (1) 159

This limitation arises because LLMs are bounded 160

by a finite context window, which prevents them 161

from retaining and reusing information across long 162

interactions or evolving task sequences. Con- 163

sequently, each new instance must be reasoned 164

through from scratch, leading to redundant explo- 165

ration of solution paths already discovered and fre- 166

quent repetition of past errors. 167

This motivates us to equip LLMs with an expe- 168

rience module Aθ that maintains experience and 169

provides guidance to the frozen executor. Formally, 170

for an instance s sampled from D and a specific 171

executor Eϕ, the experience module produces an 172

auxiliary structured experience prompt z of limited 173

length: 174

z ∼ πθ(z | s, Eϕ), (2) 175

The executor Eϕ then solves the task conditioned 176

on this experience: 177

â ∼ πϕ(â | s, z). (3) 178

The design of the experience module Aθ can thus 179

be formulated as the following constrained opti- 180
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Figure 1: Illustration of SEAM training and inference pipelines.

mization problem:181

max
πθ

E s∼D, z∼πθ(·|s,Eϕ), â∼πϕ(·|s,z)

[
R
(
â, a⋆(s)

)]
s.t. ∥z∥ ≤ L.

(4)182

where R(·) denotes a reward measuring task cor-183

rectness, a⋆(s) is the ground-truth (or verifiable)184

target for instance s, and L is a predefined maxi-185

mum length of the generated experience.186

Most existing work instantiates Aθ with the187

RAG pipeline: a LLM is first prompted to retro-188

spectively summarize its trajectories into explicit189

experience entries, which are stored in an exter-190

nal bank. At inference time, the experience policy191

performs a search step that retrieves k candidates192

from this store, followed by a generation step that193

rewrites the selected items into the prompt z. How-194

ever, two key limitations remain: (i) Similarity195

̸= utility—retrieval is optimized for surface rel-196

evance, so retrieved items can be noisy or miss197

decisive constraints/checks, yielding little improve-198

ment or even destabilizing the solver; (ii) Infer-199

ence overhead—external libraries add noticeable200

latency due to retrieval-time computation and often201

extra LLM calls for refinement.202

3.2 Architecture203

To address this limitation, we adopt a fundamen-204

tally different paradigm: instead of maintaining an205

external experience store and retrieving entries via206

a RAG pipeline, we parameterize the structured207

experience library by encoding it in a lightweight208

generator, which can be accessed with a single209

forward pass. We introduce SEAM (Structured210

Experience Adapter Module), a compact and train-211

able plug-in that implicitly maintains a structured212

experience library in its parameters. Given a new213

problem instance s for a downstream LLM execu-214

tor Eϕ, SEAM synthesizes a schema-constrained215

experience entry z in one forward pass, and Eϕ216

solves the task conditioned on z. 217

This design shifts experience management away 218

from explicit retrieval systems into a lightweight 219

generative module and has several key character- 220

istics. (1) Efficient parametric experience ac- 221

cess. SEAM internalizes a structured experience 222

library in its parameters and produces guidance via 223

a single forward pass. This avoids the high cost 224

of RAG-style pipelines, notably external storage, 225

online retrieval, and retrospective summarization 226

by large models, yielding low overhead and low 227

latency at inference time. Moreover, this param- 228

eterized design eliminates the need for complex 229

external curation and organization (e.g., indexing, 230

clustering, deduplication, and retrieval policies), as 231

these choices are absorbed into SEAM and learned 232

implicitly during training. (2) Utility-oriented 233

guidance instead of surface-level retrieval. At 234

test time, SEAM does not retrieve entries based 235

on embedding similarity. Instead, it synthesizes 236

an instance-tailored experience entry under strict 237

schema constraints and is trained using the execu- 238

tor’s task success as a direct learning signal. As a 239

result, SEAM learns to generate structured experi- 240

ence with actionable utility for solving the current 241

instance, rather than returning superficially relevant 242

but low-utility snippets that may dilute or destabi- 243

lize the solver. (3) Executor-specific experience li- 244

braries. We adopt an executor-specific perspective: 245

different downstream agents behave like different 246

problem solvers, with distinct strengths, inductive 247

biases, and failure modes. Accordingly, SEAM 248

maintains a dedicated parametric experience library 249

for a particular frozen executor and generates dedi- 250

cated, customized, and structured guidance for that 251

executor, without modifying the executor’s param- 252

eters. (4) Lightweight, pluggable modular adap- 253

tation. We train SEAM while keeping the down- 254

stream executor Eϕ frozen, which reduces training 255
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and deployment costs, enables hot-swapping across256

domains, and preserves Eϕ’s general competence257

and stability. Moreover, operational rollouts can be258

readily logged and recycled as feedback, enabling259

continual training and steady evolution of SEAM260

without modifying Eϕ.261

As illustrated in Figure 1, SEAM provides the262

executor with a structured experience entry z as a263

textual prompt. Each entry follows a fixed schema264

with three complementary components:265

• Problem analysis — a concise assessment of266

the instance s, highlighting intrinsic difficulty,267

salient substructures, and likely failure modes;268

• Experience highlights — executor-aligned in-269

sights distilled from prior rollouts, specifying270

reusable strategies, heuristics, or cautionary271

checks that help Eϕ solve s;272

• Reference plan — an illustrative step-by-step273

decomposition procedure that demonstrates274

a reliable workflow, rather than revealing275

instance-specific shortcuts or the final answer.276

This schema-bound design encourages SEAM to277

produce guidance that is simultaneously diagnostic278

(problem analysis), prescriptive (experience high-279

lights), and procedural (reference plan), providing280

a stable and controllable interface for steering the281

frozen executor.282

3.3 Training of SEAM283

We train SEAM with a forward learning proce-284

dure that treats SEAM as an executor-conditioned285

guidance policy and improves it using observable286

outcomes from running a frozen executor. SEAM287

is not a surrogate reasoner; it provides procedure-288

level, schema-constrained guidance that biases the289

executor’s exploration toward more reliable solu-290

tion trajectories. Concretely, training iterates over291

three steps: (i) forward exploration, where SEAM292

samples a group of schema-constrained candidate293

experience entries for each instance; (ii) rollout-294

based evaluation, where we condition the frozen295

executor on each candidate and score its utility by296

downstream task success; and (iii) policy evolu-297

tion, where we update SEAM (e.g., via GRPO)298

to increase the likelihood of higher-utility entries.299

Throughout training, the executor remains frozen300

and only SEAM is updated.301

Step 1: Forward exploration (candidate genera-302

tion). For each training instance s ∼ D, SEAM303

samples a group of K candidate experience entries304

to guide the specific executor Eϕ: 305

{zj}Kj=1 ∼ πθ(· | s, Eϕ). (5) 306

Step 2: Rollout-based evaluation (guidance util- 307

ity). To evaluate the guidance utility of each can- 308

didate for the target executor Eϕ, we condition the 309

frozen executor on each zj and perform M stochas- 310

tic rollouts. 311

âj,m ∼ πϕ(· | s, zj), m = 1, . . . ,M. (6) 312

We score each rollout using a binary reward, which 313

jointly reflects task success and structural complete- 314

ness: 315

R(â, z; s) =

{
1, if â is correct and z is structurally complete,
0, otherwise.

(7) 316

We aggregate rollout outcomes by averaging re- 317

wards across rollouts for the same candidate: 318

R̃j =
1

M

M∑
m=1

R(âj,m, zj ; s). (8) 319

Step 3: Parametric library evolution (GRPO 320

update). We update SEAM using GRPO with 321

the group rewards {R̃j}Kj=1. Let πold denote the 322

behavior policy used to sample {zj} (a snapshot 323

of SEAM before the update), and πref be a fixed 324

reference policy (a copy of the initial SEAM). We 325

compute group-relative advantages by normalizing 326

rewards within the group: 327

Aj =
R̃j − R̄√

1
K

∑K
i=1

(
R̃i − R̄

)2
+ δ

, R̄ =
1

K

K∑
i=1

R̃i,

(9) 328

and perform a PPO-style clipped update over expe- 329

rience candidates: 330

LGRPO(θ) = − 1

K

K∑
j=1

min
(
ρjAj , clip(ρj , 1− ϵ, 1 + ϵ)Aj

)
331

+ βKL
(
πθ(· | s, Eϕ)

∥∥πref(· | s, Eϕ)
)
, 332

ρj =
πθ(zj | s, Eϕ)

πold(zj | s, Eϕ)
. (10) 333

Crucially, gradients are backpropagated only 334

through SEAM; the executor Eϕ remains frozen. 335

From a high-level perspective, we optimize one 336

model using the observable execution behavior of 337

another: we treat Eϕ as a fixed solver that provides 338

behavioral signals, and train SEAM to generate the 339

structured guidance that Eϕ can best exploit. In this 340

way, SEAM is not a surrogate reasoner; instead, it 341

supplies procedure-level, schema-constrained cues 342

that bias the executor’s exploration toward more re- 343

liable solution trajectories. This improves guidance 344

and end-to-end effectiveness without backpropa- 345

gating through Eϕ. Such a decoupled paradigm 346
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enables SEAM to continually improve from execu-347

tion feedback without modifying Eϕ’s parameters,348

thereby preserving the executor’s general compe-349

tence while enhancing robustness and overall per-350

formance.351

Optional: Deployment-time evolution via logged352

SFT. As an optional extension, SEAM can fur-353

ther improve during deployment by logging suc-354

cessful experience entries that actually guide the355

frozen executor to correct solutions. When enabled,356

we store these pairs (s, z⋆) in a buffer B and peri-357

odically fine-tune SEAM with teacher forcing:358

LSFT(θ) = −E(s,z⋆)∼B

[
log πθ(z

⋆ | s, Eϕ)
]
. (11)359

This update again modifies only SEAM while keep-360

ing the executor frozen, progressively internalizing361

effective experience from concrete past episodes362

into the parametric library.363

4 Experiment364

4.1 Experiment Settings365

Datasets. For training, we randomly sample 5k366

instances from the DAPO dataset, which provides367

diverse problem statements with annotated solu-368

tions. Evaluation is conducted on four widely used369

mathematical reasoning benchmarks, including370

GSM8K (Cobbe et al., 2021), MATH (Hendrycks371

et al., 2021), AIME24 and AIME25. These372

benchmarks cover both routine arithmetic and373

competition-level mathematics, enabling us to as-374

sess generalization across varying difficulty. We375

use pass@1 as the primary metric and report the376

mean over 10 independent runs per dataset. In377

addition, for our cross-domain analysis on code378

and QA benchmarks including CodeContests (Li379

et al., 2022), MBPP (Austin et al., 2021), Hot-380

potQA (Yang et al., 2018), and Natural Questions381

(NQ) (Kwiatkowski et al., 2019), we evaluate on a382

random subset of 300 instances from each bench-383

mark.2384

Baselines. In our main experiments, we compare385

SEAM with several representative baselines. To-386

gether, these baselines span three families: (i) di-387

rect use of the original model without experience388

memory; (ii) directly training the executor, which389

can be viewed as enabling the executor to inter-390

nalize and apply experience; and (iii) RAG-based391

approaches for learning from experience.392

2Dataset details and access links are provided in § A.

• Original Model. The frozen executor Eϕ is di- 393

rectly applied to test problems without any mem- 394

ory augmentation or additional training. This 395

serves as the minimal baseline. 396

• Training-based method. Directly train the ex- 397

ecutor Eϕ using GRPO, baking prior experience 398

into Eϕ’s parameters. 399

• RAG-based methods. 400

– MEM-0 (Chhikara et al., 2025): A scalable 401

long-term memory framework that dynami- 402

cally extracts–integrates–retrieves salient in- 403

formation to form a persistent external mem- 404

ory for relational reasoning. 405

– Dynamic-Cheatsheet (DC) (Suzgun et al., 406

2025): Augments black-box LMs with a per- 407

sistent, self-curated test-time memory of con- 408

cise, transferable strategies. We adopt the DC- 409

RS (retrieve-and-synthesize) variant. 410

– Memento (Zhou et al., 2025): Equips black- 411

box LLMs with an external episodic memory, 412

retrieving and adapting prior trajectories for 413

case-based planning without fine-tuning; sup- 414

ports learned Q-function retrieval with online 415

write/read. 416

Implementation Details. We adopt QWEN3- 417

0.6B (Yang et al., 2025) as the base model for 418

SEAM and, unless otherwise specified, report 419

results with the GRPO-trained SEAM (without 420

deployment-time SFT). We use QWEN3-4B (Yang 421

et al., 2025) and DEEPSEEK-R1-DISTILLED- 422

LLAMA-3.1-8B (Guo et al., 2025) as executors 423

in the main experiments, and all baselines share the 424

same frozen executor (i.e., their executor is iden- 425

tical to ours). We enable QWEN3 thinking mode 426

throughout. Unless otherwise specified, we cap 427

the maximum length of each generated experience 428

entry to 4k tokens and the executor output to 8k 429

tokens. For RAG-based baselines, we run them 430

on top of the same frozen executor; for methods 431

with an external experience bank, we pre-fill the 432

bank using experiences constructed from the same 433

training set, and then update it sequentially after 434

each evaluation instance. All methods use greedy 435

decoding for evaluation, and all experiments are 436

conducted on 4 NVIDIA A100 (80GB) GPUs.3 437

4.2 Main Results 438

Table 1 shows across four math-reasoning bench- 439

marks and two executors, SEAM achieves the best 440

3More details are provided in § B.
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performance on all datasets, demonstrating the441

effectiveness and generality across different ex-442

ecutors. Relative to directly training the execu-443

tor, SEAM attains superior overall performance,444

indicating that internalizing the experience in a445

small parameterized generator that provides task-446

conditioned test-time guidance is effective and can447

even surpass directly optimizing the executor it-448

self. This likely reflects an inductive-bias differ-449

ence: directly training the executor updates a global450

behavior policy and aggregates credit across hetero-451

geneous instances, whereas SEAM learns instance-452

conditioned guidance that injects procedural priors453

and reshapes the executor’s search space on a per-454

problem basis without perturbing the executor’s455

general reasoning capabilities.456

Compared with RAG-based approaches, SEAM457

delivers substantially stronger performance, indi-458

cating that its mechanism of implicitly parame-459

terizing experience and directly generating task-460

specific guidance addresses key limitations of RAG461

such as low-quality experience summarization and462

weak downstream guidance. Regarding task dif-463

ficulty, the largest performance gains of SEAM464

emerge on the more challenging AIME problems,465

whereas on the comparatively saturated MATH500466

and GSM8K benchmarks, SEAM still provides467

modest improvements. This pattern suggests that468

experience-based guidance becomes increasingly469

critical and effective for the executor when tackling470

harder tasks. Collectively, these findings affirm the471

robustness and effectiveness of our design across472

diverse models and datasets.473

4.3 Ablation Study474

Training regimes. We compare four training475

regimes: (i) SEAM without training, which uses476

the same prompting strategy and experience format477

but applies no learning; (ii) SEAM, trained on the478

sampled DAPO dataset using GRPO; (iii) SEAM479

with SFT-only, trained only with online teacher480

forcing on logged successful data; and (iv) SEAM481

with deployment-time evolution, which after GRPO482

training applies the same logged successful data.483

For each benchmark, we randomly split the test484

set into a 30% stream Dstream and a disjoint 70%485

evaluation set Deval. To collect data for online SFT,486

we keep the executor frozen and process instances487

from Dstream. Whenever SEAM’s experience leads488

the executor to a correct solution, we log the suc-489

cessful pair (s, z⋆) into a buffer. We iterate over490

Dstream for up to 10 rounds, stopping early once491

the buffer reaches 1k successful samples or when 492

10 rounds are completed. 493

Results and discussion. Table 2 shows that train- 494

ing is essential beyond prompting and experience 495

formatting. SFT-only provides a modest improve- 496

ment over no training, but remains less effective 497

than GRPO, suggesting that directly maximizing 498

the likelihood of logged successful experiences 499

is insufficient to reliably optimize guidance util- 500

ity under a frozen executor. In contrast, GRPO- 501

trained SEAM learns to generate structured experi- 502

ences that are better aligned with both the task and 503

the frozen executor’s execution behavior, yielding 504

more informative problem analyses and actionable 505

step-wise strategies, and thereby providing con- 506

sistent improvements. Finally, deployment-time 507

evolution offers an additional refinement by inter- 508

nalizing experiences that demonstrably succeed in 509

situ, helping SEAM adapt to deployment-specific 510

patterns and distributional shifts. More principled 511

deployment-time update schemes remain an inter- 512

esting direction for future work. 513

5 Analysis 514

To better understand SEAM, we analyze its effi- 515

ciency, robustness to experience size, and general- 516

ization across model pairings and domains. 517

5.1 Efficiency 518

Table 3 summarizes efficiency along three axes: 519

training efficiency, per-instance inference latency, 520

and time-to-correct4. During training, our method 521

is substantially more efficient than directly fine- 522

tuning a large model, because only the lightweight 523

module is optimized while the executor remains 524

frozen, which reduces compute requirements. At 525

inference time, SEAM introduces a small, fixed, 526

per-instance latency due to generating a structured 527

experience that augments the executor. When mea- 528

sured by time-to-correct, SEAM exhibits clear ad- 529

vantages: the auxiliary experience it provides raises 530

task success rates and shortens average problem- 531

solving time compared with RAG-based baselines. 532

Overall, the design delivers notable gains in both 533

training efficiency and solution speed while main- 534

taining competitive inference latency. 535

4We run the system once per instance. Let N be the
number of evaluation instances, ti the end-to-end wall-clock
latency for instance i, and ci = I[âi is correct] the cor-

rectness indicator. Then TTC =
∑N

i=1 ti∑N
i=1 ci

= t̄
Acc

, where

t̄ = 1
N

∑N
i=1 ti and Acc = 1

N

∑N
i=1 ci.
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Table 1: Main results across four math-reasoning benchmarks, evaluated by pass@1.

Methods AIME24 AIME25 MATH500 GSM8K

QWEN3-4B

Original Model 0.407 0.380 0.784 0.932

GRPO 0.473 0.440 0.756 0.923

MEM-0 0.413 0.403 0.792 0.938
Dynamic-Cheatsheet 0.447 0.417 0.803 0.943
Memento 0.463 0.433 0.811 0.947

SEAM 0.504 0.460 0.818 0.958

DEEPSEEK-R1-DISTILLED-LLAMA-3.1-8B

Original Model 0.357 0.243 0.734 0.773

GRPO 0.437 0.323 0.795 0.852

MEM-0 0.397 0.297 0.768 0.812
Dynamic-Cheatsheet 0.383 0.283 0.774 0.817
Memento 0.413 0.320 0.787 0.829

SEAM 0.442 0.352 0.794 0.856

Table 2: Ablation on training regimes with the QWEN3-4B
executor (pass@1; mean over 10 random Deval splits).

Methods AIME25 MATH500

SEAM 0.460 0.818

SEAM without training 0.374 0.790
SEAM with SFT only 0.425 0.809
SEAM with deployment-time evolution 0.482 0.836

Table 3: Efficiency comparison on DEEPSEEK-R1-
DISTILLED-LLAMA-3.1-8B with 4×A100 80GB, measured
on AIME25. Training efficiency is reported as GPU-hours
to convergence; per-instance time is the end-to-end latency
for a single problem; Time-to-correct (TTC) is the average
wall-clock time per correct solution.

Method
Training

Efficiency Inference Efficiency

GPU-hours
to conv.

Per-inst.
(s)

TTC
(s)

Original Model – 0.85 3.50
GRPO 104 0.81 2.51
MEM-0 – 3.86 13.00
Dynamic-Cheatsheet – 4.05 14.31
Memento – 3.93 12.28
SEAM 53 0.95 2.70

5.2 Model Pairing536

We systematically examine the pairings of SEAM’s537

different lightweight models with various execu-538

tors in Table 4. On the side of smaller lightweight539

models, Qwen3-0.6B yields some improvements,540

but its limited generalization and generation qual-541

ity lead to experience entries that lack stability542

and coverage in complex tasks, resulting in only543

modest gains. In contrast, Qwen3-1.7B exhibits544

stronger generalization and more structured genera-545

tion, thereby providing more stable and significant546

improvements for the executor on harder tasks. On547

Table 4: AIME24 pass@1 for pairing SEAM scales with
executors. All SEAM models are trained independently with
rollouts from their respective paired executors; w/o SEAM
reports the executor-only baseline without any extra training.

Executor

SEAM Qwen3-4B Qwen3-8B Avg.

w/o SEAM 0.407 0.635 0.521

SEAM-Qwen3-0.6B 0.504 0.643 0.574
SEAM-Qwen3-1.7B 0.517 0.697 0.607

Table 5: Cross-executor transfer on AIME25: relative im-
provement (%) when applying a SEAM trained with QWEN3-
4B as the executor to other executors, without any ad-
ditional training. Relative improvement is computed as[
(with SEAM − original)/original

]
× 100%.

Target Executor Rel. imp.

DEEPSEEK-R1-DISTILLED-LLAMA-3.1-8B +27.9%
GPT-4O +22.7%
CLAUDE-3.5-SONNET +25.3%

the side of executors, stronger LLMs are already ca- 548

pable of solving a substantial portion of problems 549

correctly on their own, which reduces the marginal 550

benefit brought by external experience, making the 551

improvements from SEAM less pronounced. Over- 552

all, there exists a complementary relationship be- 553

tween the scale of SEAM and the capability of the 554

executor: given a fixed executor, enhancing the 555

generative capacity of SEAM effectively amplifies 556

the value of external experience; whereas when 557

the executor itself is already sufficiently strong, the 558

gains from external experience saturate, in which 559

case further strengthening SEAM (e.g., with a more 560

powerful base model or improved training) may be 561

necessary to achieve additional benefits. 562
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Figure 2: The cross-domain results for SEAM with Qwen3-4B
as executor.

5.2.1 Cross-model Generalization563

We further conducted a cross-executor transfer564

experiment to examine the portability of SEAM565

across different executors. Specifically, we directly566

migrated the SEAM trained in §4.2 with QWEN3-567

4B as the executor to other executors of different ar-568

chitecture or scale, without any additional training569

or adaptation. The results in Table 5 show that the570

transferred SEAM can still provide a certain degree571

of performance improvement on the new executor,572

indicating that the generated experience exhibits573

some level of generality. However, for DEEPSEEK-574

R1-DISTILLED-LLAMA-3.1-8B executor, the im-575

provement is relatively limited and remains below576

the performance of the original SEAM–executor577

pairing (44.8%5 vs. 27.9%). This limitation arises578

from SEAM being optimized for a specific execu-579

tor; variations in executors’ capabilities and charac-580

teristics hinder portability and can degrade perfor-581

mance under direct transfer. To address this, future582

work could explore joint training across multiple583

executors.584

5.2.2 Cross-domain Generalization585

We also investigated the cross-domain capability of586

SEAM. We directly use the SEAM trained in §4.2587

with QWEN3-4B as the executor as well. As illus-588

trated in Figure 2, although SEAM is trained solely589

on mathematical data, it still enhances performance590

in two markedly different domains. This suggests591

that SEAM acquires not just math-specific skills592

but a more general reasoning framework, includ-593

ing problem decomposition, explicit step planning,594

and the avoidance of common pitfalls. When the595

executor already possesses a baseline level of com-596

petence, these structured cues further improve its597

effectiveness. However, the cross-domain gains are598

relatively limited, because SEAM lacks experience599

for these unfamiliar domains. Enabling a single600

SEAM to efficiently switch across and adapt to601

different domains is a key direction for future.602

5The result is computed from the data reported in Table 1.

(a) QWEN3-4B executor. (b) DEEPSEEK-R1 executor.

Figure 3: The results of scaling with experience size.

5.3 Experience Scaling 603

We study the effect of experience size by changing 604

the number of entries used to train SEAM while 605

keeping the executor fixed, and evaluating overall 606

accuracy aggregated over all instances from the 607

four mathematical benchmarks (Figure 3). Per- 608

formance improves monotonically as the experi- 609

ence size grows, indicating that SEAM benefits pri- 610

marily from accumulating and reusing more high- 611

quality experiences rather than from sampling luck. 612

The gains show diminishing returns at larger scales, 613

with improvements gradually tapering off, suggest- 614

ing that further progress likely requires richer di- 615

versity and better coverage of experience. Larger 616

SEAM variants consistently outperform smaller 617

ones and gain more from additional experiences, 618

revealing a complementary relationship between 619

model capacity and experience scale. These trends 620

are consistent across executors, demonstrating ro- 621

bust and transferable scaling behavior. 622

6 Conclusion 623

We presented SEAM, a lightweight, executor- 624

specific module that parameterizes experience and 625

produces structured, problem-conditioned guid- 626

ance in a single forward pass to steer a frozen 627

LLM executor. SEAM is trained with a three-step 628

pipeline: (1) generate multiple schema-constrained 629

experience candidates; (2) evaluate each candidate 630

via executor rollouts and task success; and (3) up- 631

date SEAM with GRPO using group-relative ad- 632

vantages to internalize the most effective experi- 633

ences. SEAM can further evolve at deployment 634

time by applying SFT on accumulated successes. 635

Experiments and additional analyses demonstrate 636

SEAM’s effectiveness and robustness across differ- 637

ent frozen executors, and position it as a practical 638

alternative to retrieval-based experience reuse. We 639

hope this work motivates a broader paradigm of 640

learning from experience beyond RAG. 641
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Limitations642

Despite the promising results, our approach still643

has several limitations:644

Limited scope across domains and executors.645

Our current evaluation is primarily centered on646

mathematical reasoning and a small set of execu-647

tors, leaving the generality of SEAM in broader648

domains and with more diverse executor families649

insufficiently characterized. We plan to validate650

SEAM across a wider range of tasks, domains, and651

executors to better understand its robustness and652

applicability.653

Lack of a unified, adaptive SEAM for cross–654

model and cross-domain transfer. SEAM is655

currently trained in an executor- and domain-656

specific manner, and we do not yet provide a prin-657

cipled mechanism for a single SEAM instance658

to adaptively transfer across heterogeneous mod-659

els and domains. We will explore parameter-660

management strategies (e.g., modularization, rout-661

ing, or lightweight adapters) to enable scalable662

cross-model and cross-domain transfer.663

Continual evolution remains underexplored.664

While SEAM can be updated using logged feed-665

back, we do not yet address robust continual learn-666

ing under distribution shift, noisy or delayed su-667

pervision, and catastrophic forgetting. As future668

work, we will design robust continual-learning al-669

gorithms that allow SEAM to evolve its experience670

library reliably over time.671

Ethical Considerations672

Our work studies how to improve a frozen large-673

language executor by training a lightweight guid-674

ance model (SEAM) from execution feedback. We675

discuss potential ethical risks and mitigations be-676

low.677

Intended use and misuse. SEAM is designed678

to generate structured, task-conditioned guidance679

that improves reliability and efficiency for benign680

problem-solving tasks (e.g., mathematical reason-681

ing). Like other LLM-based systems, however, it682

could be repurposed to assist with harmful activi-683

ties by providing step-by-step procedural guidance.684

We do not propose SEAM as a safety mechanism,685

and our method should be deployed with standard686

safeguards (e.g., content filtering, policy enforce-687

ment, and monitoring) when used in real-world688

applications.689

Data and privacy. Our experiments use public 690

datasets and do not involve personal data collec- 691

tion. In the optional deployment-time evolution 692

setting, the system may log successful interac- 693

tions for supervised fine-tuning. If applied beyond 694

our experimental setup, such logging could cap- 695

ture user-provided sensitive information. Deploy- 696

ments should therefore minimize data retention, 697

anonymize or redact sensitive fields, and obtain ap- 698

propriate user consent; access controls and secure 699

storage should be used for any retained logs. 700

Bias and fairness. SEAM internalizes patterns 701

from the executor’s rollouts and the training data 702

distribution. As a result, any biases present in the 703

executor or datasets may be propagated or ampli- 704

fied in generated guidance. While our benchmarks 705

are primarily technical, future applications in open- 706

domain settings should include bias assessment 707

and mitigation, such as evaluating guidance quality 708

across user groups and enforcing constraints on 709

unsafe or discriminatory content. 710

Robustness and over-reliance. Generated guid- 711

ance may be incorrect, incomplete, or misleading, 712

which could cause downstream errors if users or 713

systems rely on it uncritically. Our design partially 714

mitigates this by keeping the executor frozen and 715

by training SEAM to optimize downstream task 716

success, but this does not guarantee correctness on 717

all inputs. For higher-stakes deployments, addi- 718

tional measures (e.g., verification, calibration, or 719

human oversight) are necessary. 720

Environmental impact. Training SEAM re- 721

quires additional computation beyond using a fixed 722

executor alone. However, SEAM is lightweight 723

compared to the executor and can reduce time-to- 724

correct at inference by improving solution success 725

rates. We report efficiency metrics to support trans- 726

parent accounting of computational costs. 727

Responsible release. We release our code in the 728

supplementary material and recommend accompa- 729

nying it with clear documentation on intended use, 730

limitations, and safety considerations, as well as de- 731

fault configurations that disable deployment-time 732

logging unless explicitly enabled by users. 733
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Appendix 934

A Dataset Details 935

Table 6 summarizes the datasets used in our ex- 936

periments and provides the corresponding source 937

links. 938

B Implementation Details 939

B.1 Detailed SEAM Implementations 940

B.1.1 Hyperparameters 941

Table 7 and Table 8 summarize the key hyperparam- 942

eters used for GRPO training and deployment-time 943

periodic SFT. Notably, for training efficiency, we 944

decode the executor with zero temperature (T = 0) 945

during training; accordingly, we set the number of 946

executor rollouts per experience entry to M = 1. 947

B.1.2 Prompts 948

In Figure 4 and Figure 5, we present the input 949

prompts for SEAM and the executor. 950
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Table 6: Datasets used in our experiments.

Domain Dataset Link

Training (MATH eval) DAPO-Math-17k-Processed open-r1/DAPO-Math-17k-Processed

Math eval GSM8K openai/gsm8k
Math eval MATH500 (subset of MATH) HuggingFaceH4/MATH-500
Math eval AIME24 HuggingFaceH4/aime_2024
Math eval AIME25 math-ai/aime25

Code analysis CodeContests dshihk/code-contests
Code analysis MBPP google-research-datasets/mbpp

QA analysis HotpotQA hotpotqa/hotpot_qa
QA analysis Natural Questions (NQ) google-research-datasets/natural_questions

Table 7: Key hyperparameters for GRPO training of SEAM.

Hyperparameter Value

Train batch size 128
Max prompt / response length for SEAM 2048/4096
Max prompt / response length for Executor 5120/8192
Experience candidates per instance 8
Executor solutions per instance 1
Executor temperature 0.0
Learning rate 1× 10−6

KL regularization coef 0.001
Training epochs 10

Table 8: Key hyperparameters for deployment-time periodic
SFT of SEAM.

Hyperparameter Value

Train steps 500
Micro-batch size 8
Learning rate 1× 10−5

Max prompt / response length 2048/4096

B.2 Detailed Baseline Implementations951

B.2.1 General protocol and fairness controls952

Shared frozen executor. All baselines use the953

same frozen executor Eϕ as the final answer gener-954

ator (QWEN3-4B or DEEPSEEK-R1-DISTILLED-955

LLAMA-3.1-8B, matching the main experiments),956

so performance differences come from the memory957

mechanism rather than the executor.958

Memory budget and decoding. For all memory-959

augmented baselines, we cap the total memory text960

concatenated into the executor prompt to 4k tokens.961

If a method produces longer memory (e.g., iterative962

curation), we truncate by keeping higher-priority963

sections first (e.g., reusable strategies / formulas)964

and then cutting from the tail. All baseline sub-965

modules (retrieval, extraction/curation, and final966

answering) use greedy decoding with temperature967

= 0.0.968

Online evaluation and run averaging. 969

DYNAMIC-CHEATSHEET, MEM-0, and ME- 970

MENTO can update memory online and may be 971

order-sensitive. Thus, for each dataset we sample 972

a fresh random permutation of the evaluation 973

set per run, reset to the same prefilled bank 974

using the same training set of SEAM, process 975

instances sequentially, and report the mean over 10 976

independent runs. 977

B.2.2 MEM-0 (graph-based long-term 978

memory) 979

Adaptation to math reasoning. MEM-0 is origi- 980

nally designed for incremental conversational mem- 981

ory. We adapt it by treating each processed train- 982

ing/evaluation instance as a single interaction unit: 983

(user message = problem statement; assistant mes- 984

sage = model solution). The external memory 985

stores structured “facts” that can help future prob- 986

lems, such as reusable lemmas, problem templates, 987

common transformations, and frequent error pat- 988

terns. 989

Two-stage pipeline: extraction and update. We 990

follow the standard MEM-0 pipeline consisting of: 991

(i) extraction, which extracts a set of salient candi- 992

date memories from the latest interaction given (a) 993

a global summary of the history and (b) a recency 994

window of recent interactions; (ii) update, which 995

retrieves semantically similar existing memories 996

and decides one of four actions: ADD, UPDATE, 997

DELETE, or NOOP for each candidate memory, 998

to maintain consistency and avoid redundancy. 999

Hyperparameters. We use a recency window 1000

m = 10 interactions and retrieve s = 10 similar 1001

memories during the update phase. All similarity 1002

search uses dense embeddings with cosine similar- 1003

ity. After the memory is updated, we retrieve the 1004

top-r memories most relevant to the current prob- 1005
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lem (default r = 10), serialize them into text, and1006

prepend them to the executor prompt as additional1007

context (while respecting the 4k-token memory1008

budget).1009

B.2.3 DYNAMIC-CHEATSHEET (DC-RS)1010

Method overview. We adopt the DC-RS1011

(retrieve-and-synthesize) variant, which maintains1012

a persistent text cheatsheet (memory) and updates1013

it before solving each new problem. At step i,1014

DC-RS performs: (1) retrieve top-k most similar1015

past inputs and their model-generated outputs, (2)1016

update the cheatsheet by a curator conditioned1017

on the previous cheatsheet and retrieved pairs,1018

and (3) solve the current problem by a generator1019

conditioned on the updated cheatsheet.1020

Retrieval and prompts. We set k = 3 for re-1021

trieval. The retriever ranks historical inputs by1022

embedding cosine similarity and returns the top-k1023

input–output pairs. We follow DC’s prompt sep-1024

aration between a generator (problem solver) and1025

a curator (memory editor): the generator prompt1026

contains a [[CHEATSHEET]] placeholder and a1027

[[QUESTION]] placeholder; the curator prompt1028

takes the previous cheatsheet and retrieved notes1029

and outputs an updated cheatsheet. We keep the1030

cheatsheet as a structured document (e.g., reusable1031

strategies / heuristics) and enforce the global 4k-1032

token memory budget.1033

Online update without labels. Consistent with1034

DC, the curator does not use ground-truth answers.1035

After each problem is answered, we append the1036

(problem, model output) pair to the retriever store;1037

the next step may retrieve it to refine the cheatsheet.1038

B.2.4 MEMENTO (case-based reasoning with1039

a case bank)1040

Adaptation to single-step math problems. ME-1041

MENTO is proposed as a planner–executor agent1042

with a growing case bank. For math benchmarks1043

without tool interaction, we instantiate the core1044

case-based reasoning (CBR) component in a single-1045

step setting: each problem is treated as a state s,1046

the model solution as an action a, and the scalar1047

reward r is computed from answer correctness.1048

Case bank (Write/Read). We use the non-1049

parametric case memory variant. Write appends1050

each completed case (s, a, r) to the case bank.1051

Read retrieves top-K nearest cases by cosine simi-1052

larity between a frozen text-encoder representation1053

of the current state and stored past states.1054

Hyperparameters and prompting. We set K = 1055

3 to control context length and match the retrieval 1056

scale of other baselines. Retrieved cases are for- 1057

matted as short exemplars (problem statement + 1058

key steps + final answer, optionally with the reward 1059

tag), then concatenated to the executor prompt as 1060

reference experiences. We again enforce the 4k- 1061

token memory budget for the concatenated exem- 1062

plars. 1063

Why we use non-parametric CBR. While ME- 1064

MENTO also supports a parametric retrieval pol- 1065

icy (online-updated Q-function), we use the non- 1066

parametric variant to avoid introducing an addi- 1067

tional trainable module and to keep the comparison 1068

focused on retrieval-augmented reuse. 1069

C Case Study 1070

To examine the behavior of our method on real 1071

problem instances, we selected a geometry problem 1072

from Math500 as a case study. The problem is: 1073

in triangle ABC, with AB = 17, AC = 8, and 1074

BC = 15, let D be the foot of the altitude from 1075

C to AB. Find the area of △ACD. The correct 1076

answer is 3840
289 . 1077

In this case, the analysis section of SEAM 1078

provided a concise and correct problem analysis: 1079

it first verified that △ABC is right-angled at C 1080

by the Pythagorean theorem, and then suggested 1081

placing the triangle in a coordinate system (e.g., 1082

C = (0, 0), A = (0, 8), B = (15, 0)), finding the 1083

coordinates of D, and finally computing the area 1084

of △ACD using the shoelace formula (or equiv- 1085

alently, base–height/2). The experience section 1086

listed multiple possible solution strategies (similar 1087

triangles, area decomposition, coordinate geometry, 1088

etc.) and explicitly recommended the coordinate 1089

method as the most direct, efficient, and reliable 1090

approach for this problem. The example section 1091

further provided the concrete steps of the coordi- 1092

nate method (deriving the equation of line AB, 1093

the perpendicular line through C, their intersec- 1094

tion point D, and then applying the area formula), 1095

yielding a reusable “action checklist.” 1096

The downstream executor successfully solved 1097

the problem and obtained the correct result 3840
289 . 1098

Notably, the executor was not additionally fine- 1099

tuned, and thus exhibited a degree of autonomy: it 1100

initially attempted two alternative approaches (e.g., 1101

area ratios/similar triangles and direct algebraic 1102

decomposition), but after cross-checking interme- 1103

diate results, it eventually followed SEAM’s sug- 1104
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Input prompt for SEAM

You are an Experience Generator that produces structured guidance for a downstream large-language
executor.
Here is the information you receive:

<problem>
{problem}
</problem>

Using this information, create one structured experience entry with three parts:
1. <analysis> – a brief, executor-aware diagnosis of what the problem is asking and what
is likely to be tricky (e.g., key constraints, typical failure modes, and the most suitable
strategy family). Keep it short.
2. <experience> – a bullet list of distilled tips designed for the downstream executor that
will help it solve the current problem <problem> {problem} </problem> and similar tasks in the
future. Draw on the executor’s typical strengths and weaknesses to give algorithms, heuristics,
and pitfalls that will most help it on future attempts.
3. <example> – 3–8 concise, high-level steps you judge to be the most effective solution path
for the executor on the problem <problem> {problem} </problem>.
—

## Output Format

<analysis>
. . . brief diagnosis and strategy
</analysis>

<experience>
• . . . first distilled insight
• . . . second distilled insight
• . . . etc.
</experience>

<example>
1. Step 1 – . . .
2. Step 2 – . . .
3. . . .
</example>

Figure 4: Input prompt for SEAM.

gestion, switched to the simpler coordinate method,1105

and completed the exact computation. This illus-1106

trates two points: (i) SEAM outputs provide a clear1107

strategic prior that guides the executor toward con-1108

vergence when multiple strategies compete, and (ii)1109

even without specialized training, the executor may1110

perform exploratory reasoning, but under the struc-1111

tured guidance of SEAM, it ultimately converges1112

to the most efficient and verifiable solution path.1113

This case study demonstrates that SEAM’s struc-1114

tured experience and task decomposition not only1115

improve efficiency (by reducing unproductive ex-1116

ploration) but also enhance interpretability and1117

reusability of reasoning steps. The executor’s lim-1118

ited autonomous exploration does not hinder final1119

correctness; rather, in combination with SEAM, it1120

forms a cooperative paradigm of “prior guidance +1121

verification-based convergence.” This division of1122

labor allows SEAM to focus on experiential strat- 1123

egy generation, while the executor specializes in 1124

step execution and verification. Without additional 1125

fine-tuning, the system can still produce stable and 1126

correct solutions on benchmark problems. 1127

Case Study

Original Problem
Given triangle ABC with AB = 17, AC = 8,
BC = 15. Let D be the foot of the altitude
from C to AB. Find the area of triangle
ACD.

SEAM Output
<analysis>
The problem asks for the area of triangle
ACD. In triangle ABC, the side lengths are
AB = 17, AC = 8, and BC = 15, and D is the
foot of the altitude from C to AB.

First, I need to determine the type

1128
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Input prompt for the executor Qwen3

The above is a Q&A dialogue between a user and a problem-solving guidance model.
Treat the output of the guidance model as advisory context to solve the problem: prefer using
its techniques when they fit, but you may use alternative correct methods if they are more
efficient or clearer. If you diverge from the advisory context, briefly explain why. Be concise
and accurate.
Present your reasoning and answer in the following format:
<think> Content of Thinking</think><answer>[Final result only]</answer>

(a) Qwen3 executor.

Input prompt for the executor Deepseek-R1-distilled

The above is a Q&A dialogue between a user and a problem-solving guidance model.
Treat the output of the guidance model as advisory context to solve the math problem: prefer
using its techniques when they fit, but you may use alternative correct methods if they are more
efficient or clearer.
If you diverge from the advisory context, briefly explain why. Be concise and accurate.
Please reason step by step, and put your final answer within \boxed{}.

(b) Deepseek-R1-distilled executor.

Figure 5: Input prompts for different executors.

of triangle ABC. Check the Pythagorean
relation: 82 + 152 = 64 + 225 = 289 = 172,
so triangle ABC is right-angled at C.

This lets me place the triangle on a
coordinate plane for convenience. Set C
at the origin (0, 0), A at (0, 8), and B at
(15, 0). Then draw the perpendicular from
C to AB and find the coordinates of the
foot D.

With the coordinates of A, C, and D in
hand, I can compute the area of triangle
ACD using the shoelace formula or the
“base × height / 2” formula. This
is more direct and efficient than using
trigonometry or similar triangles for this
problem.
</analysis>

<experience>
• Identify the triangle type: use the
Pythagorean theorem to check if it is a
right triangle. Given AB = 17, AC = 8,
and BC = 15, verify 82 + 152 = 64 + 225 =
289 = 172; therefore, triangle ABC is
right-angled at C.
• Use coordinate geometry: place C at (0, 0),
A at (0, 8), and B at (15, 0), then find the
coordinates of D, the foot of the altitude
from C to AB.
• Use the triangle area formula: since
ABC is a right triangle, its area is
1
2
×AC ×BC = 1

2
× 8× 15 = 60.

• Find the area of triangle ACD using
coordinates: with A, C, and D, apply the
shoelace formula or the “base × height /
2” formula.
• Similar triangles or trigonometry could
also be used, but in this case, coordinate

1129

geometry is more efficient.
</experience>

<example>
1. Step 1 — Use the Pythagorean theorem
to determine whether triangle ABC is
right-angled.
2. Step 2 — Place the triangle on a
coordinate plane with C at (0, 0), A at
(0, 8), and B at (15, 0).
3. Step 3 — Find the coordinates of D, the
foot of the altitude from C to AB.
4. Step 4 — Using the coordinates of A, C,
and D, compute the area of triangle ACD
with the shoelace formula.
</example>

Executor Output
<think>
We are asked to find the area of triangle
ACD inside triangle ABC, where AB = 17,
AC = 8, BC = 15, and D is the foot of
the altitude from C to AB.
First, the user mentioned that the triangle
is a right triangle. Let me confirm that.
Using the Pythagorean theorem: AC2 +BC2

should equal AB2. 82 is 64, 152 is 225,
adding them gives 289, which is 172. So
yes, triangle ABC is right-angled at C.
That simplifies things because the area of
ABC is (AC ×BC)/2 = (8× 15)/2 = 60.

Now, the altitude from C to AB. In a
right triangle, the altitude from the
right angle to the hypotenuse has a known
length. The formula for the altitude (h)
is (product of the legs)/hypotenuse. So
h = (8 × 15)/17 = 120/17. But wait, that’s
the length of the altitude from C to AB,
which is CD.

1130
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But the question asks for the area of
triangle ACD. Since D is the foot of the
altitude, CD is the height of triangle ACD
with base AD. So I need to find AD.

In a right triangle, the length of the
segments into which the altitude divides
the hypotenuse can be found using similar
triangles. The formula for AD is (AC2)/AB.
So AD = (82)/17 = 64/17.

Then the area of ACD is (AD × CD)/2.
Plugging in the values: (64/17×120/17)/2 =
(7680/289)/2 = 3840/289. Let me check that
calculation again.

Alternatively, since the area of ABC is 60,
and D divides AB into AD and DB. The area
of ACD would be proportional to AD/AB
times the area of ABC. So 60× (AD/AB) =
60 × (64/17)/17 = 60 × 64/(172) = 3840/289.
That’s the same result.

So the area of triangle ACD is 3840/289.
Let me compute that as a decimal to check
if it makes sense. 289 goes into 3840 about
13.3 times. But since the problem likely
expects an exact fraction, 3840/289 is the
answer. Wait, but maybe there’s a simpler
way.
It is suggested that the coordinate method
is simpler, so let me give it a try. Use
coordinates: set C = (0, 0), A = (0, 8), B =
(15, 0).
Line AB passes through (0, 8) and (15, 0),
so its slope is − 8

15
and its equation is

y = − 8

15
x+ 8.

The altitude from C is perpendicular to
AB, hence has slope 15

8
and equation

y =
15

8
x.

Intersecting these gives

15

8
x = − 8

15
x+ 8 =⇒ 289x = 960,

x =
960

289
, y =

15

8
x =

1800

289
.

Thus

D =

(
960

289
,
1800

289

)
.

Compute the area of △ACD using the
determinant (shoelace) formula with A(0, 8),
C(0, 0), D

(
960
289

, 1800
289

)
:

[ACD]

=
1

2
|xA(yC − yD) + xC(yD − yA) + xD(yA − yC)|

=
1

2
· 960
289

· 8 =
3840

289
.

Therefore, the area is
3840

289
. </think>

<answer>
3840

289
</answer>

1131
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