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Abstract001

Large language models (LLMs) often solve002
complex tasks with prompts that far exceed003
the information strictly required for correct rea-004
soning. This raises a fundamental question:005
what is the minimal structural description suffi-006
cient to elicit correct reasoning in an LLM? We007
propose a diagnostic framework to empirically008
probe this question using analogical abstrac-009
tion. Rather than treating prompt compression010
as an efficiency problem, we view it as a tool011
for measuring the structural sufficiency thresh-012
old of model reasoning. Using code generation013
tasks with executable unit tests, we iteratively014
replace original problem descriptions with pro-015
gressively abstracted analogical descriptions,016
testing whether functional equivalence is pre-017
served. This allows us to identify the point at018
which removing structural information causes019
reasoning failure. Our results show that (i)020
LLMs can often reconstruct correct solutions021
from highly abstract analogical descriptions,022
(ii) different abstraction styles exhibit distinct023
failure modes, and (iii) models vary substan-024
tially in their sensitivity to structural informa-025
tion. These findings suggest that analogical026
abstraction provides a principled probe for an-027
alyzing the minimal conditions under which028
LLMs retain structured reasoning, offering in-029
sights into how pretrained models internalize030
and retrieve task structure.031

1 Introduction032

Analogy is a central mechanism in human reason-033

ing that enables complex problems to be refor-034

mulated in simpler terms by preserving relational035

structure while discarding surface detail (Gentner,036

1983; Bassok and Holyoak, 1989; Holyoak and037

Thagard, 1996). Through analogical mapping, hu-038

mans reinterpret novel problems by aligning them039

with structurally similar past experiences, allowing040

reasoning to operate over abstract relational pat-041

terns rather than concrete descriptions (Hummel042

and Holyoak, 1997; Gentner and Forbus, 2011). 043

Such abstractions support effective problem solv- 044

ing across diverse domains, including mathematical 045

reasoning, planning, and decision making (Gentner 046

and Markman, 1997; Gick and Holyoak, 1980; Jam- 047

rozik et al., 2016). 048

Despite its importance in human cognition, ana- 049

logical abstraction remains underexplored in large 050

language models (LLMs). Recent studies demon- 051

strate that LLMs can leverage analogies when 052

these are explicitly provided, for instance through 053

few-shot prompts containing analogical exemplars. 054

However, in these settings analogy functions pri- 055

marily as an input condition or prompting strategy, 056

rather than as a generative capacity of the model 057

itself. As a result, it remains unclear whether an 058

LLM can independently produce an analogical ab- 059

straction that is structurally sufficient to elicit the 060

same reasoning behavior as the original problem 061

description. 062

This gap motivates a more fundamental question: 063

what is the minimal structural description required 064

for an LLM to perform correct reasoning? While 065

natural language prompts are often verbose and 066

rich in surface detail, it is unknown which com- 067

ponents are functionally necessary for preserving 068

reasoning. Rather than treating prompt reduction 069

as an efficiency or compression problem, we frame 070

it as a diagnostic question of structural sufficiency: 071

how much of the original problem structure can be 072

removed before functional behavior changes? 073

To investigate this question, we adopt code gen- 074

eration as a controlled testbed. Reasoning in code 075

generation requires goal-directed inference, decom- 076

position into coherent subroutines, and adherence 077

to strict syntactic and semantic constraints, includ- 078

ing control flow, variable dependencies, and data 079

types (Li et al., 2022a). Crucially, code genera- 080

tion allows functional equivalence to be evaluated 081

automatically through executable unit tests, provid- 082

ing an objective criterion for determining whether 083
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Figure 1: Analogical abstraction and compression pipeline. The process begins with the original prompt, where
the LLM’s generated code passes all predefined unit test cases, followed by the creation of an initial analogical
abstraction that preserves the core functional essence while reducing surface detail (e.g., 125 tokens). This
abstraction is then iteratively compressed (e.g., 119, 114 tokens), each time maintaining equivalence with the
original task as verified by passing all functional unit tests. If a compressed prompt (e.g., 111 tokens) fails to
preserve correctness, an optimization phase is triggered, interpolating between the last successful and failed versions.

reasoning has been preserved under abstraction.084

Our evaluation considers only problems that a085

given model already solves correctly under the086

original prompt, as verified by passing all asso-087

ciated unit tests. For each such problem, the model088

is prompted to generate an analogical abstraction089

of the original description. We then replace the090

original prompt with this abstraction and evaluate091

whether the same model, without access to the orig-092

inal description, continues to produce correct code.093

Success indicates that the abstracted description094

is structurally sufficient to induce a reasoning pro-095

cess functionally equivalent to that triggered by the096

original prompt.097

To further probe the boundary of structural suffi-098

ciency, we introduce an iterative abstraction proce-099

dure that progressively removes information from100

successful analogical descriptions. Starting from101

an abstraction that preserves correctness, the model102

is repeatedly prompted to produce shorter or more103

abstract variants, each of which is evaluated for104

functional equivalence (Figure 1). By identifying105

the transition point at which abstraction leads to106

failure, this procedure localizes the structural ele-107

ments essential for correct reasoning. We empha-108

size that this process is not intended as a practical109

prompt compression algorithm, but as a diagnostic110

probe of reasoning robustness.111

The contributions of this work are fourfold. First,112

we evaluate analogical abstraction in LLMs as a113

generative capacity rather than an externally sup- 114

plied prompting technique. Second, we adopt func- 115

tional equivalence, verified through unit test suc- 116

cess, as a principled and executable criterion for 117

assessing reasoning preservation. Third, we intro- 118

duce an iterative abstraction and refinement pro- 119

cedure that serves as a diagnostic mechanism for 120

identifying minimal structurally sufficient descrip- 121

tions. Finally, we analyze how different abstraction 122

styles and model choices exhibit distinct failure 123

modes, revealing systematic differences in struc- 124

tural sensitivity across LLMs. 125

2 Related Works 126

Abstraction in Cognitive Representation. Ab- 127

straction has long been studied as a core cognitive 128

mechanism for omitting surface features while pre- 129

serving relational structure essential for reasoning. 130

Our abstraction typology follows the distinctions 131

discussed by Gentner and Asmuth (Gentner and 132

Asmuth, 2019), which identify three major forms. 133

Relational abstraction retains structural relation- 134

ships across perceptually dissimilar instances, en- 135

abling category-level generalization, as in the con- 136

cept of carnivore spanning cats, sharks, and spiders 137

through the relation “X eats animals.” Early transfer 138

studies demonstrate that inducing such structural 139

schemas enables humans to solve novel problems 140

despite surface variation (Gick and Holyoak, 1983; 141
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Bassok and Holyoak, 1989).142

Analogical abstraction extracts shared relational143

schemas via structural alignment between domains144

(Gentner, 1983; Gentner and Markman, 1997). For145

example, mapping atoms to solar systems yields146

an abstract representation centered on a governing147

force and orbiting entities. Computational and cog-148

nitive models further detail how such mappings149

are accessed, represented, and manipulated during150

reasoning (Hummel and Holyoak, 1997; Gentner151

and Forbus, 2011). Metaphoric abstraction arises152

through figurative reuse, whereby concrete con-153

cepts acquire abstract interpretations while partially154

preserving relational structure (Jamrozik et al.,155

2016; Lakoff and Johnson, 1980), as when an an-156

chor shifts from a physical object to a conceptual157

stabilizer. These abstraction forms align with the158

dual-process taxonomy proposed by Reed (Reed,159

2016), which distinguishes between eliminating160

surface attributes and extracting generalizable rela-161

tional patterns.162

Analogical Reasoning in Large Language Mod-163

els. Recent studies show that large language mod-164

els (LLMs) exhibit non-trivial analogical reasoning165

capabilities, achieving strong performance on ab-166

stract pattern induction tasks such as non-visual167

Raven’s Progressive Matrices (Webb et al., 2023).168

LLMs have also been shown to benefit from analog-169

ical exemplars provided prior to problem solving,170

outperforming zero-shot and few-shot baselines in171

mathematical and code generation tasks (Yasunaga172

et al., 2023). Other approaches construct large-173

scale resources that explicitly organize analogical174

mappings across domains, further demonstrating175

the expressive capacity of analogy in LLMs (Yuan176

et al., 2023).177

However, existing work primarily evaluates anal-178

ogy as an externally supplied input or augmentation179

strategy. Even when analogies are generated by the180

model itself, prior studies do not test whether such181

abstractions are structurally sufficient to replace182

the original problem description. In particular, they183

do not evaluate whether an abstraction alone, when184

presented to the same model without access to the185

original prompt, can reliably trigger a reasoning186

process that leads to the same functional outcome.187

In contrast, our work treats analogical abstraction188

as a generative object of study and evaluates its suf-189

ficiency through functional equivalence, measured190

by executable unit test success.191

Prompt Compression and Structural Sufficiency. 192

A separate line of work investigates prompt com- 193

pression, aiming to reduce token redundancy 194

through deletion, scoring, or filtering techniques 195

such as prompt distillation and token pruning (Mu 196

et al., 2023; Pan et al., 2024; Nagle et al., 2024; 197

Xia et al., 2025; Shi et al., 2025). These meth- 198

ods typically operate at the surface level, targeting 199

modifiers, function words, or repeated patterns, and 200

are often evaluated in terms of efficiency or perfor- 201

mance degradation under length constraints. 202

Our work differs fundamentally in objective 203

and interpretation. Rather than optimizing prompt 204

length or inference efficiency, we use abstraction- 205

induced reduction as a diagnostic probe to study 206

structural sufficiency in LLM reasoning. The iter- 207

ative abstraction and refinement procedure is not 208

proposed as a practical compression algorithm, but 209

as a mechanism for identifying which structural 210

elements are necessary for preserving functional 211

behavior. Accordingly, success and failure under 212

abstraction are interpreted as signals of structural 213

sensitivity, not as measures of compression quality. 214

This framing allows us to analyze when and why 215

reasoning breaks down as structural information 216

is progressively removed, complementing prior 217

compression-focused studies with a structurally 218

grounded analysis. 219

3 Methodology 220

3.1 Dataset 221

We used BigCodeBench-Instruct (Zhuo 222

et al., 2024), a large-scale code generation 223

benchmark consisting of 1,140 problems. 224

BigCodeBench-Instruct is released under the 225

Apache-2.0 licence and is publicly download- 226

able at https://huggingface.co/bigcode/ 227

bigcodebench-instruct. Among existing 228

datasets such as HumanEval (Chen et al., 2021), 229

APPS (Hendrycks et al., 2021), and CodeContests 230

(Li et al., 2022b), BigCodeBench stands out in 231

task diversity. Unlike datasets that focus narrowly 232

on algorithmic solutions, BigCodeBench includes 233

a wide range of practical coding tasks such as 234

function orchestration, file I/O, data visualization, 235

and interaction with libraries. Consequently, 236

it provides a suitable testbed for analyzing 237

structural sufficiency in LLM reasoning under 238

realistic programming constraints. Rather than 239

evaluating practical deployment scenarios, we use 240

BigCodeBench-Instruct to leverage its executable 241
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unit tests, which enable precise verification of242

functional equivalence under abstraction. To243

isolate the effect of structural abstraction, we244

restrict our evaluation to tasks that each model245

originally solved correctly using the full prompt.246

Our goal is not to maximize compression, but to247

probe whether abstracted descriptions preserve248

the same functional behavior, as determined by249

passing the exact same test cases.250

3.2 Analogical Abstraction Generation251

Our core assumption is as follows: instead of us-252

ing an explicit prompt that fully specifies the con-253

ditions and structure of a problem, a single ana-254

logical abstraction, one that implicitly embeds the255

same structure, can suffice to trigger accurate rea-256

soning in an LLM. This relies on the internalized257

prior knowledge of the LLM to reconstruct the258

problem structure and arrive at the correct solution.259

Crucially, the same model (denoted as M0) must260

generate analogical abstraction, ensuring that the261

prior knowledge space is shared. To generate this262

compressed analogical form, we input the original263

problem P0 into M0 along with the following in-264

struction that is designed to activate relevant prior265

knowledge (see Appendix A for a full prompt):266

“Transform the following programming267

problem using analogical abstraction268

while preserving all technical specifica-269

tions.”270

This process produces a compressed prompt Pnext271

from the original prompt P0, removing surface-272

level details while retaining the structural elements273

necessary to elicit the same reasoning process. The274

following examples illustrate this transformation.275

• Original: “Given a list of integers, compute276

the sum of absolute differences between ad-277

jacent elements for all possible permutations,278

then return the average of these sums.”279

Analogy: “It’s like running an experiment to280

compare the total height difference in every281

possible lineup.”282

• Original: “Find all combinations of numbers283

that sum exactly to a target value. Each num-284

ber can be used only once, and duplicate com-285

binations are not allowed.”286

Analogy: “It’s like picking items for a shop-287

ping list that perfectly fits a budget.”288

Algorithm 1 Structural Sufficiency Probing via
Iterative Abstraction
Input: Original prompt P0, model M , threshold ∆
Output: Compressed prompt
P ∗

1: A0 ←M(P0) {Save original output}
2: Ps ← P0; Ls ← TokenLength(P0); P ← P0

3: while True do
4: Pnext ← Compress(P ); Anext ←

M(Pnext)
5: if Anext passes all test cases then
6: Lnext ← TokenLength(Pnext)
7: if Ls − Lnext < ∆ then
8: break
9: end if

10: Ps ← Pnext; Ls ← Lnext; P ← Pnext

11: else
12: Pb ← Pnext

13: while True do
14: Pm ← Interpolate(Ps, Pb); Am ←

M(Pm)
15: if Am passes all test cases then
16: Lm ← TokenLength(Pm)
17: if Ls − Lm ≥ ∆ then
18: Ps ← Pm; Ls ← Lm; P ← Pm

19: break {Resume outer loop}
20: else
21: break {Compression too small}
22: end if
23: else
24: Pb ← Pm {Interpolate again}
25: end if
26: if stopping criterion is met then
27: break outer loop
28: end if
29: end while
30: end if
31: end while
32: return P ∗ ← Ps

We emphasize that this procedure is not pro- 289

posed as an efficient optimization or compression 290

algorithm. Instead, it serves as a diagnostic probe 291

to identify the boundary at which removing struc- 292

tural information causes reasoning failure. 293

3.3 Iterative Abstraction and Equivalence 294

Test 295

Building on the above examples, we formalize 296

the analysis procedure as an iterative abstraction 297
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probe (see Algorithm 1) that starts from the orig-298

inal prompt P0. The first application of the ab-299

straction function Compress(P0) corresponds to300

generating an initial analogical abstraction. Sub-301

sequent iterations progressively remove structural302

detail while testing whether functional equivalence303

with P0 is preserved. We emphasize that this proce-304

dure is not intended as an efficient optimization or305

deployment-time compression algorithm, but as a306

diagnostic mechanism for identifying the boundary307

at which removing structural information causes308

reasoning failure.309

Iterative Abstraction Phase. Starting from P0,310

a structural abstraction function Compress(P ) is311

applied iteratively, allowing the LLM to generate a312

shorter candidate prompt Pnext. The model output313

M(Pnext) is then evaluated for functional equiva-314

lence with M(P0) using the same unit tests. If all315

test cases pass and the reduction in prompt length316

exceeds a minimum threshold ∆, the abstraction317

is accepted and becomes the new reference point318

Ps for further probing. This phase incrementally319

removes structural information while monitoring320

when reasoning behavior begins to degrade.321

Refinement Phase. If a candidate abstraction322

Pnext fails the unit tests, a refinement phase is trig-323

gered to localize the failure boundary. An interpo-324

lation function Interpolate(Ps, Pb) generates an325

intermediate prompt Pm that lies between the last326

successful abstraction Ps and the failed abstraction327

Pb in terms of structural detail. If Pm passes all test328

cases and satisfies the length reduction criterion, it329

is accepted as the new reference abstraction. Oth-330

erwise, the failed boundary is updated by setting331

Pb ← Pm, progressively narrowing the interval332

between Ps and Pb. This process resembles a back-333

tracking line search, not for optimization, but for334

identifying the point at which essential structural335

cues are lost.336

Stopping Criterion and Output. Abstraction337

progress is tracked using a token length function338

TokenLength(P ). Let Ls denote the length of339

the last accepted abstraction and Lnext the length340

of the current candidate. A candidate is accepted341

only if Ls − Lnext ≥ ∆. The procedure termi-342

nates when no further structurally valid abstraction343

can be found that preserves functional equivalence.344

The final output P ∗ represents the shortest verified345

description that remains functionally equivalent to346

the original prompt P0 under this probing process.347

3.4 Experimental Setup 348

We conduct experiments using three large language 349

models: GPT-4o-2024-11-20 (via OpenAI API 350

(OpenAI, 2024)), Claude-3.5-Sonnet-2024-10-22 351

(via Anthropic API (Anthropic, 2024)), and Llama- 352

3.3-70B (via TogetherAI API (TogetherAI, 2024)). 353

All models are evaluated in zero-shot settings with- 354

out additional fine-tuning. To ensure deterministic 355

outputs, we set the temperature to 0.0 across all 356

models. For consistency, we fixed the top_p pa- 357

rameter to 1.0, left max_tokens unspecified, and 358

retained all other sampling configurations at their 359

respective platform defaults. 360

For all abstraction experiments, the threshold 361

∆ was set to 1 to maximize the sensitivity of de- 362

tecting minimal structural changes. Experiments 363

were performed locally on a single workstation 364

equipped with an AMD Ryzen 5 5600X CPU 365

(6 cores / 12 threads, 3.7 GHz), 32 GB RAM, 366

an NVIDIA GeForce RTX 3060 Ti GPU (8 GB 367

VRAM), and a 2 TB SSD, running Windows 10 368

Home (build 19045) and Python 3.9.32. 369

3.5 Evaluation 370

To characterize the structural sufficiency and sen- 371

sitivity of LLM reasoning under abstraction, we 372

report four diagnostic metrics: Analogical Abstrac- 373

tion Success Rate, Abstraction Robustness Rate, 374

Average Final Abstracted Length, and Structural 375

Reduction Ratio. 376

Token length. Token length is measured for the 377

problem description only (excluding the fixed in- 378

struction template and other non-description fields) 379

to match the definition used in Structural Reduc- 380

tion Ratio. For GPT-4o and Claude-3.5-Sonnet, we 381

use the token counts reported by the provider APIs. 382

For Llama-3.3-70B, we use the model’s tokenizer 383

provided by the inference stack. Token counts are 384

interpreted within-model and are not used for abso- 385

lute cross-model comparisons. 386

Analogical Abstraction Success Rate. This met- 387

ric measures the proportion of tasks for which the 388

initial analogical abstraction P1 yields correct out- 389

puts without further abstraction. Let Npass denote 390

the number of tasks the model originally solves us- 391

ing the full prompt P0, and Nanalogy the number of 392

those tasks for which P1 also passes all test cases. 393
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We define:394

Analogical Abstraction Success Rate =
Nanalogy

Npass
×100.

(1)395

This metric captures the model’s ability to recon-396

struct task structure from minimal analogical cues397

alone.398

Abstraction Robustness Rate. This metric mea-399

sures the proportion of tasks for which functional400

equivalence is preserved under further abstraction401

beyond the initial analogical description. Abstrac-402

tion is considered robust only if both the analogical403

abstraction P1 and the final abstracted prompt P ∗404

pass all test cases. Let Nrobust denote the number405

of such tasks. We define:406

Abstraction Robustness Rate =
Nrobust

Nanalogy
× 100.

(2)407

This reflects the model’s tolerance to progressive408

removal of structural information before reasoning409

fails.410

Average Final Abstracted Length. This metric411

reports the average token length of the final ab-412

stracted prompt P ∗, computed over tasks for which413

abstraction remains functionally equivalent. It in-414

dicates how compactly a task can be represented415

while preserving correct reasoning behavior.416

Structural Reduction Ratio. This metric quanti-417

fies the average proportion of structural description418

removed relative to the original prompt. Let L0419

and L∗ denote the token lengths of P0 and P ∗, re-420

spectively. We define:421

Structural Reduction Ratio =
L0 − L∗

L0
× 100.

(3)422

Higher values indicate that larger portions of the423

original description can be removed without com-424

promising functional correctness.425

Ablation Study. To analyze how different ab-426

straction styles affect structural sufficiency, we427

compare analogical, metaphorical, and relational428

abstraction. All variants use the same abstraction429

probing pipeline. The evaluation follows the same430

protocol as the model comparison setting, using431

the diagnostic metrics above. In this context, the432

Analogical Abstraction Success Rate is referred433

to as the Abstraction Success Rate. These com-434

parisons are intended to reveal differences in how435

abstraction styles preserve or discard distinct types436

of structural information, rather than to compare 437

competing compression techniques. 438

4 Results 439

4.1 Model Comparison 440

Table 1 characterizes how three large language 441

models differ in structural sufficiency under ab- 442

straction. Because each model is evaluated on the 443

subset of tasks it originally solved using the full 444

prompt, results are interpreted descriptively rather 445

than as population-level performance comparisons. 446

Bootstrap confidence intervals quantify variability 447

without assuming paired samples or distributional 448

normality. 449

Analogical abstraction success. GPT-4o shows 450

the highest probability that a single analogical ab- 451

straction P1 can replace the original description 452

while preserving functional equivalence (64.86%, 453

95% CI [61.2, 68.4]). Claude-3.5-sonnet (33.84%, 454

[30.1, 37.7]) and Llama-70B (47.29%, [43.5, 51.1]) 455

require more explicit structural detail, indicating 456

lower tolerance to abstraction at the initial stage. 457

Robustness under further abstraction. Among 458

tasks where P1 succeeds, GPT-4o remains robust 459

under additional abstraction in 59.65% of cases 460

([56.0, 63.3]). Llama-70B (41.00%, [37.3, 44.9]) 461

and Claude-3.5-sonnet (33.84%, [30.1, 37.8]) show 462

faster degradation as structural detail is removed. 463

These patterns suggest model-specific differences 464

in how sharply reasoning performance collapses 465

beyond the abstraction boundary. 466

Boundary location. For tasks that remain func- 467

tionally correct, GPT-4o converges to the most com- 468

pact verified descriptions (16.19 tokens on average, 469

[15.7, 16.8]) and the highest Structural Reduction 470

Ratio (45.83%, [42.1, 49.6]). The other models 471

stabilize at longer descriptions and lower reduction 472

ratios, indicating that their failure boundaries occur 473

earlier along the abstraction trajectory. 474

4.2 Comparison by Abstraction Strategy 475

Table 2 compares abstraction styles on GPT-4o, iso- 476

lating the effect of representational choice. Boot- 477

strap confidence intervals indicate that observed 478

differences are stable across resampled task sets, 479

though not interpreted as hypothesis tests. 480

Success and robustness. Analogical abstraction 481

consistently shows the highest success and ro- 482

bustness rates (64.86% and 59.65%), followed by 483
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Table 1: Structural sufficiency under abstraction by model (∆ = 1). Metrics are computed on the subset of
tasks each model originally solved using the full prompt. Values are reported with 95% bootstrap confidence
intervals (CI) obtained by resampling tasks within each model’s solvable set. Structural Reduction Ratio is based on
description-only reduction.

Metric GPT-4o Claude-3.5-sonnet Llama-70B

Analogical Abstraction Success Rate (%) 64.86 [61.2, 68.4] 33.84 [30.1, 37.7] 47.29 [43.5, 51.1]
Abstraction Robustness Rate (%) 59.65 [56.0, 63.3] 33.84 [30.1, 37.8] 41.00 [37.3, 44.9]
Average Final Abstracted Length 16.19 [15.7, 16.8] 23.61 [22.9, 24.4] 21.84 [21.1, 22.6]
Structural Reduction Ratio (%) 45.83 [42.1, 49.6] 23.70 [20.4, 27.1] 27.25 [24.0, 30.6]

Table 2: Structural sufficiency under different abstraction styles (GPT-4o, ∆ = 1). Values are reported with 95%
bootstrap confidence intervals (CI) over tasks solved by GPT-4o using the original prompt. Structural Reduction
Ratio is based on description-only reduction.

Metric Analogical Metaphorical Relational

Abstraction Success Rate (%) 64.86 [61.2, 68.4] 54.66 [50.9, 58.4] 39.91 [36.4, 43.6]
Abstraction Robustness Rate (%) 59.65 [56.0, 63.3] 45.99 [42.3, 49.8] 34.92 [31.6, 38.5]
Average Final Abstracted Length 16.19 [15.7, 16.8] 27.13 [26.2, 28.1] 16.29 [15.8, 16.9]
Structural Reduction Ratio (%) 45.83 [42.1, 49.6] 8.98 [6.4, 11.9] 49.49 [45.6, 53.3]

metaphorical abstraction, with relational abstrac-484

tion being the least reliable. The ordering of ab-485

straction styles is preserved across bootstrap sam-486

ples, suggesting a robust trend in structural preser-487

vation rather than noise-driven variation.488

Compactness versus reliability. Relational ab-489

straction yields the highest Structural Reduction490

Ratio (49.49%, [45.6, 53.3]) and very short final491

descriptions, but succeeds on substantially fewer492

tasks. Metaphorical abstraction, by contrast, re-493

quires longer descriptions (27.13 tokens, [26.2,494

28.1]) to maintain correctness, resulting in min-495

imal reduction. These results highlight a trade-off496

between representational compactness and reliabil-497

ity, with analogical abstraction offering the most498

favorable balance for GPT-4o.499

4.3 Case Analysis of Abstraction Outcomes500

To complement aggregate statistics, Appendix B501

presents representative abstraction outcomes for502

GPT-4o. Rather than serving as anecdotal exam-503

ples, these cases illustrate how specific types of504

structural information are preserved or lost under505

different abstraction styles, providing qualitative506

grounding for the observed trends.507

The five cases are grouped by the number of508

abstraction styles that preserve functional equiva-509

lence. In Case 1, all three abstraction styles succeed510

(16.5% of tasks). Cases 2–4 involve exactly one511

failure among the three styles (1.6% combined).512

Case 5 represents the rare scenario (0.2%) in which513

only analogical abstraction succeeds; no task ex-514

hibits metaphor-only or relational-only success. 515

Failures consistently correspond to the omission 516

or distortion of task-critical structure (e.g., numer- 517

ical constraints, operation order, encoding steps), 518

rather than superficial wording changes, reinforc- 519

ing the interpretation of abstraction outcomes as 520

indicators of structural sufficiency. 521

Case 1: All abstraction strategies succeed. 522

This case illustrates tasks where the required struc- 523

ture is simple enough that multiple abstraction 524

styles preserve functional intent. The original 525

prompt requests a histogram with a fixed number 526

of bins. Even when metaphor introduces figurative 527

framing, the essential binning constraint remains 528

recoverable, and the relational form preserves the 529

schema directly. 530

Cases 2 to 4: Two abstraction strategies succeed. 531

These cases reflect style-specific failure modes. In 532

Case 2, metaphorical abstraction introduces sym- 533

bolic language that obscures the underlying mathe- 534

matical constraints, leading to incorrect execution. 535

In Case 3, an analogical framing misrepresents the 536

key operation (frequency counting in CSV data), 537

suggesting that certain analogies can distort the op- 538

erative structure even when they appear plausible. 539

In Case 4, relational abstraction omits a critical 540

step related to base64 encoding, consistent with 541

under-specification failures. Across cases, failures 542

correspond to the removal or deformation of task- 543

critical structure rather than superficial wording 544

changes. 545
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Case 5: Only analogical abstraction succeeds.546

This rare case (0.2%) illustrates a setting where547

analogical abstraction preserves dependency struc-548

ture sufficiently to trigger correct execution, while549

metaphorical and relational abstractions fail. Here,550

metaphorical language remains too vague to pre-551

serve numerical logic, and the relational form dis-552

torts the update and aggregation sequence required553

for correct list and array construction.554

4.4 Discussion555

Our results reveal substantial inter-model variation556

in tolerance to structural abstraction, consistent557

with prior findings on differences in abstraction558

and reasoning behavior (Yasunaga et al., 2023; Qu559

et al., 2025). GPT-4o exhibits consistently higher560

structural sufficiency than Claude-3.5-Sonnet and561

Llama-70B, both in initial abstraction success and562

robustness under further structural removal. Rather563

than reflecting general superiority, this pattern sug-564

gests differences in how models encode and re-565

trieve structured representations during reasoning,566

a factor previously associated with abstraction-567

aligned behavior (Mitchell et al., 2023; Kim et al.,568

2025).569

Abstraction success in this setting is not driven570

by removing redundant surface content, but by571

preserving task-critical structure that enables re-572

construction of latent constraints. This distinction573

aligns with prior work separating structural abstrac-574

tion from shallow prompt shortening (Fei et al.,575

2025). Across models, reasoning failure emerges576

abruptly once essential structural cues are removed,577

supporting a boundary-based view of abstraction578

sensitivity (Jha et al., 2024; Zheng et al., 2023).579

Abstraction strategy strongly determines where580

this failure boundary lies. Although all strategies581

follow the same probing procedure, analogical ab-582

straction preserves functional behavior across a583

broader range of structural reductions. Case-level584

analysis (Section 4.3) shows that analogical ab-585

straction remains effective in isolation, whereas586

metaphorical and relational abstractions fail when587

structural alignment degrades. These failures are588

systematic, reflecting distortions or omissions of589

task-critical relations rather than gradual noise ac-590

cumulation.591

Metaphorical abstractions often obscure oper-592

ational structure as abstraction progresses, with593

figurative framing displacing numerical or proce-594

dural constraints, consistent with prior analyses of595

metaphor-based prompting (Kramer, 2025). Rela-596

tional abstractions, by contrast, frequently under- 597

specify sequencing and dependency information, 598

limiting their reliability in procedural reasoning 599

tasks, a limitation also noted in relation-driven in- 600

ference studies (Gorur et al., 2024). 601

Taken together, these findings support the view 602

that analogical abstraction serves as a particularly 603

effective structural cue for activating pretrained 604

knowledge in LLMs. Analogical descriptions pro- 605

vide compact relational scaffolds that guide recon- 606

struction of the underlying task, aligning with ev- 607

idence that successful prompts rely on structural 608

alignment rather than verbosity (Fei et al., 2025; Li 609

et al., 2024). Methodologically, this work reframes 610

abstraction-induced reduction not as an optimiza- 611

tion objective but as a diagnostic lens for identi- 612

fying the minimal conditions under which LLM 613

reasoning is preserved. 614

5 Conclusion 615

This work examined whether large language mod- 616

els can generate analogical abstractions that are 617

structurally sufficient to replace original problem 618

descriptions while preserving functional behavior. 619

By framing abstraction as a diagnostic probe rather 620

than an optimization objective, we analyzed how 621

progressively removing structural information af- 622

fects reasoning outcomes. 623

Using executable unit tests in code generation 624

as an objective criterion for functional equivalence, 625

we showed that many tasks remain solvable under 626

substantial abstraction, provided that task-critical 627

relational structure is preserved. We observed pro- 628

nounced differences across models in their tol- 629

erance to abstraction, as well as systematic dif- 630

ferences across abstraction styles. In particular, 631

analogical abstraction consistently preserved func- 632

tional behavior more reliably than metaphorical or 633

relational formulations, which failed due to iden- 634

tifiable forms of structural misalignment or under- 635

specification. 636

Overall, these findings suggest that prompt 637

length alone is not a meaningful proxy for reason- 638

ing difficulty. Instead, reasoning success depends 639

on whether essential structural cues are preserved, 640

and abstraction outcomes provide a useful lens for 641

analyzing how large language models internalize 642

and reconstruct structure during reasoning. 643
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6 Limitations644

This study has several limitations that should be645

considered when interpreting the results, many of646

which also highlight directions for future research.647

First, all experiments are conducted on code gen-648

eration tasks from BigCodeBench-Instruct. While649

this domain enables precise verification of func-650

tional equivalence via unit tests, the findings may651

not directly generalize to other reasoning domains652

such as open-ended question answering, mathemat-653

ical problem solving, or commonsense reasoning,654

where correctness is harder to define and evaluate.655

Extending the abstraction probing framework to656

such domains will require alternative correctness657

signals and evaluation protocols beyond executable658

tests.659

Second, the evaluation is restricted to within-660

model abstraction, requiring the same model to661

both generate and consume the abstracted prompt.662

This design isolates structural sufficiency within a663

single model, but does not capture how abstractions664

behave across models with different architectures665

or training regimes. Future studies on cross-model666

abstraction transfer may help disentangle shared667

structural priors from model-specific representation668

strategies.669

Third, the abstraction procedure is explicitly de-670

signed as a diagnostic probe rather than an effi-671

cient system. We do not measure inference cost,672

latency, or total token usage across abstraction it-673

erations, and the results should not be interpreted674

as evidence of deployment-time efficiency gains.675

Understanding how structurally sufficient abstrac-676

tions interact with practical efficiency constraints677

remains an open question.678

Finally, our analysis focuses exclusively on679

model behavior and does not examine how humans680

perceive or interact with abstracted prompts. Hu-681

man interpretability, usability, and potential mis-682

alignment introduced by abstraction are therefore683

outside the scope of this work. Investigating how684

humans comprehend and collaborate around ab-685

stracted descriptions represents an important direc-686

tion for future human–LLM research.687
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Appendix A: Prompts Used for LLMs 841

Analogy Transformation Prompt 842

Transform the following programming problem us- 843

ing analogical abstraction while preserving ALL 844

technical specifications. 845

Original problem: {original_instruction} 846

**ANALYSIS-BASED PRESERVATION 847

RULES:** 848
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100% REQUIRED (Must appear in ALL anal-849

ogy transformations): - "The function should out-850

put with:" specification (100% of BigCodeBench851

problems) - "You should write..." code tem-852

plate (100% of BigCodeBench problems) - "def853

task_func" function signature (100% of Big-854

CodeBench problems)855

CONDITIONAL PRESERVATION (Only if856

present in original problem): - "Args:" specifica-857

tions (only 0.5% of problems, but must preserve if858

present) - "The function should raise the exception859

for:" (26% of problems) - "Notes:" or "Note that"860

sections (5% of problems)861

WHAT YOU MUST NEVER CHANGE: - Any862

"The function should output with:" sections - Any863

"You should write..." code templates - Any func-864

tion signatures or import statements - Any Args,865

Exception, or Notes specifications if they exist -866

Any technical specifications867

**EXAMPLE TRANSFORMATION:** Origi-868

nal: "Calculates the average of the sums of absolute869

differences between each pair of consecutive num-870

bers for all permutations of a given list."871

Analogy: "This is like averaging the total unbal-872

ance from all possible random lineups of people by873

height."874

[All technical specifications remain IDENTI-875

CAL]876

**CRITICAL:** Only transform the conceptual877

description. All technical specifications must be878

copied exactly as written.879

Description Compression Prompt880

Compress the programming problem DESCRIP-881

TION ONLY using analogical abstraction to be as882

short as possible while maintaining essential algo-883

rithmic information.884

Original description: {description}885

**COMPRESSION RULES:** 1. Keep core886

algorithmic concepts 2. Preserve key mathematical887

operations 3. Maintain logical flow and relation-888

ships 4. Remove redundant words and verbose889

explanations 5. Use concise, technical language890

**FORBIDDEN:** Do NOT add technical spec-891

ifications, function signatures, or example formats.892

ONLY compress the problem description.893

**Example:** Original: "Calculate the average894

of the sums of absolute differences between each895

pair of consecutive numbers for all permutations of896

a given list"897

Compressed: "This is like averaging the total un-898

balance from all possible random lineups of people899

by height." 900

Refined Abstraction Prompt 901

Your latest abstraction went too far and caused test 902

failure. Find the RIGHT BALANCE between your 903

previous attempts. 904

Previous SUCCESSFUL description: 905

{previous_successful_description} 906

Latest FAILED description: 907

{failed_abstract_description} 908

Test failure reason: {test_failure_message} 909

**TARGET BALANCE:** - MORE com- 910

pressed than successful version - LESS compressed 911

than failed version - Preserve enough technical de- 912

tail for correct code generation 913

**LENGTH GUIDANCE:** Target 914

{target_min} to {target_max} words 915

**EXAMPLE PROGRESSION:** Original: 916

"Calculate sum of squared values for all elements 917

in array" Successful: "Compute total of squared 918

array elements" Failed: "Like adding energy" Bet- 919

ter Balance: "Calculate total squared values from 920

collection" 921

Code Generation Prompt Example 922

Solve the following programming problem. 923

Problem description: {instruction} 924

Code template: {code_prompt} 925

**CRITICAL REQUIREMENTS:** 1. Func- 926

tion name MUST be ’task_func’ (absolutely un- 927

changed) 2. Function signature and parameters 928

MUST match exactly 3. Parameter types and de- 929

fault values MUST be preserved 4. Return type 930

MUST match the specification 5. Import state- 931

ments must be written before defining the function 932

6. Write only code without comments or expla- 933

nations 7. Write completely functional code that 934

passes all tests 935

**FORBIDDEN:** Changing function name, 936

modifying parameters/types/defaults, changing re- 937

turn type, adding/removing parameters 938

**Response format:** 939

“‘python import library def 940

task_func(parameters): return result 941

“‘ 942
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Appendix B: Abstraction Case Examples943

Case 1 – All Abstractions Succeed (16.5%)944

Original Create a histogram of the specified
attribute from a list of objects and
return the histogram plot. Constants:
NUM_BINS (30).

Analogical Generate a histogram of rainfall fre-
quencies across defined ranges.

MetaphoricalWhispering chests seek order; sort
them into 30 bins to unveil their trea-
sure map.

Relational Generate a histogram of an entity
property with NUM_BINS (default
30).

945

Case 2 – Only Metaphorical Abstraction Fails946

(0.8%)947

Original Generates all possible combinations
of the provided numbers . . . and
sums the logarithms.

Analogical Sum logarithms of harmonic prod-
ucts across all note subsets.

MetaphoricalAlchemists distill elements into
essence (product) and wisdom (log-
arithmic sum) through mystical fu-
sion.

Relational Sum logarithms of products across
all combinations.

948

Case 3 – Only Analogical Abstraction Fails949

(0.2%)950

Original Reads a CSV file, counts word fre-
quencies, and returns (word, count)
pairs sorted in descending order.

Analogical Sort ingredients by frequency across
recipes in descending order.

MetaphoricalNavigate a fruit bazaar in CSV form,
tally sales, and crown the most popu-
lar, using the stall map as your guide.

Relational Sort frequencies from CSV by de-
limiter.

951

Case 4 – Only Relational Abstraction Fails 952

(0.6%) 953

Original Add a current timestamp to a Python
dictionary, serialize to JSON, then
base64-encode (ASCII).

Analogical Timestamp, format, and encrypt a
diary entry.

MetaphoricalCapture time’s essence, script it in
JSON’s language, and veil it in
base64’s enigma for safekeeping.

Relational Base64-encode JSON profile with
timestamp.

954

Case 5 – Only Analogical Abstraction Succeeds 955

(0.2%) 956

Original Append a random integer [0, 100] to
my_list and return a NumPy array
of random floats whose size equals
the sum of the updated list.

Analogical Add a random book to a library, then
generate random pages summing to
the total pages of all books.

MetaphoricalA sprite guards a gem, echoing the
chest’s value through a numerical
dance in array form.

Relational Create a NumPy array of random
floats sized by the sum of a list
after appending a random integer
(0–100).

957
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