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Abstract001

Despite extensive research on reasoning-002
oriented LLMs, core cognitive faculties of003
human intelligence, such as abstract reason-004
ing and generalization, remain underexplored.005
To address this, we evaluate recent reasoning-006
oriented LLMs on the Abstraction and Reason-007
ing Corpus (ARC) benchmark, which explicitly008
demands both faculties. We formulate ARC as009
a program synthesis task and propose nine can-010
didate solvers. Experimental results show that011
repeated-sampling planning-aided code gener-012
ation (RSPC) achieves the highest test accu-013
racy and demonstrates consistent generalization014
across most LLMs. To further improve perfor-015
mance, we introduce Knowledge Augmenta-016
tion for Abstract Reasoning (KAAR), which017
encodes core knowledge priors within an ontol-018
ogy that classifies priors into three hierarchical019
levels based on their dependencies. KAAR020
progressively expands LLM reasoning capacity021
by gradually augmenting priors at each level,022
and invokes RSPC to generate candidate solu-023
tions after each augmentation stage. Empirical024
results show that KAAR maintains strong gen-025
eralization and consistently outperforms non-026
augmented RSPC across all evaluated LLMs,027
achieving around 5% absolute gains and up to028
64.52% relative improvement.029

1 Introduction030

Abstract reasoning and generalization are funda-031

mental to understanding and evaluating machine032

intelligence (Małkiński and Mańdziuk, 2023; Bar-033

rett et al., 2018; Moskvichev et al., 2023). Chollet034

(2019) introduced Abstraction and Reasoning Cor-035

pus (ARC) to assess these capabilities of AI sys-036

tems. In each ARC task, the solver is required to037

infer generalized rules or procedures from a small038

set of training instances, typically fewer than five039

input-output image pairs, and apply them to gen-040

erate output images for given input images in test041

instances (Figure 1 (a)). Each image in ARC is a042

pixel grid represented as a 2D matrix, where each 043

value denotes a pixel color (Figure 1 (b)). ARC 044

evaluates broad generalization, encompassing rea- 045

soning over individual input-output pairs and infer- 046

ring generalized solutions via high-level abstrac- 047

tion, akin to inductive reasoning (Peirce, 1868). 048

ARC is grounded in core knowledge priors that 049

serve as foundational cognitive faculties of human 050

intelligence (Spelke and Kinzler, 2007). We note 051

that all ARC solvers are assumed to possess these 052

priors, enabling equitable comparisons between 053

AI systems and human cognitive abilities (Chollet, 054

2019). An abstract and expressive representation 055

of core knowledge priors is fundamental in ARC 056

to enable human-like reasoning (Chollet, 2019). 057

Specifically, these priors include: (1) objectness – 058

aggregating elements into coherent, persistent ob- 059

jects; (2) geometry and topology – recognizing and 060

manipulating shapes, symmetries, spatial transfor- 061

mations, and structural patterns (e.g., containment, 062

repetition, projection); (3) numbers and counting – 063

counting, sorting, comparing quantities, perform- 064

ing basic arithmetic, and identifying numerical pat- 065

terns; and (4) goal-directedness – inferring pur- 066

poseful transformations between initial and final 067

states without explicit temporal cues. 068

Chollet (2019) suggested approaching ARC 069

tasks as instances of program synthesis. Following 070

this proposal, previous solvers, Abstract Reason- 071

ing with Graph Abstractions (ARGA) (Xu et al., 072

2023a) and Generalized Planning for Abstract Rea- 073

soning (GPAR) (Lei et al., 2024b), a state-of-the- 074

art object-centric solver, have successfully solved 075

subsets of ARC tasks by searching for program 076

solutions within object-centric domain-specific lan- 077

guages (DSLs). GPAR and KAAR achieve notable 078

generalization benefits from their lifted core knowl- 079

edge priors representations in DSLs. However, the 080

expansive search space limits their scalability. Re- 081

cently, reasoning-oriented LLMs trained via rein- 082

forcement learning to integrate chain-of-thought 083
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Figure 1: Example ARC problem (25ff71a9) with image
visualizations (a), including two input-output pairs in
the training instances and one input image in the test
instance, along with their 2D matrix representations (b).
The ground-truth test output is enclosed in a red box.

reasoning (Wei et al., 2022) further advance pro-084

gram synthesis performance. Common approaches085

using LLMs for code generation include repeated086

sampling, where multiple candidate programs are087

generated (Chen et al., 2021), followed by best-088

program selection strategies (Li et al., 2022; Chen089

et al., 2023; Zhang et al., 2023; Ni et al., 2023), and090

code refinement, where initial LLM-generated code091

is iteratively improved using error feedback from092

execution results (Zhong et al., 2024; Lei et al.,093

2024a) or LLM-generated explanations (Zhong094

et al., 2024; Chen et al., 2024; Lei et al., 2024a).095

We note that ARC presents greater challenges than096

existing program synthesis benchmarks such as Hu-097

manEval (Chen et al., 2021), MBPP (Austin et al.,098

2021), and LiveCode (Jain et al., 2025), due to its099

emphasis on generalization and abstract reasoning100

grounded in core knowledge priors, which remain101

underexplored. This gap motivates our evaluation102

of reasoning-oriented LLMs on the ARC bench-103

mark and our proposed knowledge augmentation104

approach to improve their performance. See Ap-105

pendix A for detailed related work.106

We begin by systematically assessing how107

reasoning-oriented LLMs approach ARC tasks108

within the program synthesis framework, given109

solely 2D matrices as input. In total, nine ARC110

solvers are considered with accuracy on test in-111

stances reported as the primary metric. When eval-112

uated on the ARC public evaluation set (400 prob-113

lems), repeated-sampling planning-aided code gen-114

eration (RSPC) demonstrates consistent generaliza-115

tion and achieves the highest test accuracy across116

most evaluated LLMs. We treat the most compet-117

itive ARC solver, RSPC, as the solver backbone.118

We further propose Knowledge Augmentation for119

Abstract Reasoning (KAAR) for solving ARC120

tasks. KAAR refines the core knowledge priors121

encoded in GPAR and formalizes them through a122

lightweight ontology that organizes priors into hi-123

erarchical levels based on their dependencies. It124

incrementally augments LLMs with priors at each 125

level through in-context learning. After complet- 126

ing augmentation at each level, KAAR applies the 127

ARC solver backbone (RSPC) to generate the solu- 128

tion. This progressive augmentation enables LLMs 129

to gradually expand their reasoning capabilities and 130

facilitates stage-wise reasoning, aligning with hu- 131

man cognitive development (Babakr et al., 2019). 132

Empirical results show that KAAR consistently 133

outperforms RSPC in test accuracy across all evalu- 134

ated LLMs, while preserving strong generalization. 135

We outline our contributions as follows: 136

• We evaluate the abstract reasoning and general- 137

ization capabilities of reasoning-oriented LLMs 138

on ARC using nine program synthesis solvers. 139

• We introduce KAAR, a knowledge augmentation 140

approach for solving ARC problems with LLMs, 141

further improving performance. 142

• We conduct a comprehensive performance anal- 143

ysis of the evaluated LLMs and proposed ARC 144

solvers, highlighting failure cases and remaining 145

challenges in ARC. 146

2 Problem Formulation 147

We formulate each ARC task as a tuple P = 148

⟨Ir, It⟩, where Ir and It are sets of training and 149

test instances. Each instance is an input-output im- 150

age pair (ii, io), represented as 2D matrices. The 151

goal is to leverage the LLMM to generate a solu- 152

tion s based on training instances Ir and test input 153

images {ii | (ii, io) ∈ It}, where s maps each 154

test input ii to its output io, i.e., s(ii) = io, for 155

(ii, io) ∈ It. We note that test input images are 156

visible during the generation of solution s, whereas 157

test output images become accessible only after s 158

is produced for validation. We encode the solution 159

s in different forms, as a text-based plan p, or as 160

Python code c, optionally guided by p. We denote 161

each ARC problem description, comprising Ir and 162

{ii | (ii, io) ∈ It}, as Q. 163

3 ARC Solver Backbone 164

LLMs have shown promise in solving tasks that 165

rely on ARC-relevant priors (Deng et al., 2024; 166

Meng et al., 2024; Ahn et al., 2024; Zang et al., 167

2025). We initially assume that reasoning-oriented 168

LLMs implicitly encode sufficient core knowledge 169

priors to solve ARC tasks. Unlike previous work 170

that treats LLMs as output image generators (Min, 171

2023; Xu et al., 2023b; Lee et al., 2024), we cast 172

each ARC task as a program synthesis problem, 173
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(1)Direct Generation

(a) Problem Description 

...for each cell in row i of the output (where
i > 0), set its value equal to the value from
row (i – 1) in the same column of the input.  
For the top row of the output (row 0), fill
every cell with 0 (the background color)...  

(b) Solution Plan (c) Python Code

...
The training example(s):
input:[[1,1,1],[0,0,0],[0,0,0]] 
output:[[0,0,0],[1,1,1],[0,0,0]]
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Figure 2: ARC solution generation approaches, (1) direct generation, (2) repeated sampling, and (3) refinement,
with the GPT-o3-mini input and response fragments (a–c) for solving task 25ff71a9 (Figure 1). For each approach,
when the solution s is code, s := c, a plan p is either generated from the problem description Q to guide code
generation (planning-aided) or omitted (standalone). Otherwise, when s := p, the plan p serves as the final solution.

which involves generating a solution s from a prob-174

lem description Q, without explicitly prompting175

the model with priors. We consider established176

LLM-based code generation approaches (Zhong177

et al., 2024; Lei et al., 2024a; Chen et al., 2024;178

Islam et al., 2024) as candidate ARC solution gen-179

eration strategies, illustrated at the top of Figure 2.180

These include: (1) direct generation, where LLM181

produces the solution s in a single attempt, and182

then validates it on test instances It; (2) repeated183

sampling, where LLM samples solutions until one184

passes training instances Ir, and then evaluates it185

on It; and (3) refinement, where LLM iteratively186

refines an initial solution s based on failures on187

Ir until it succeeds, followed by evaluation on It.188

In addition, we extend the solution representation189

beyond code to include text-based solution plans.190

Given the problem description Q as input (Figure 2,191

block (a)), all strategies prompt the LLM to gen-192

erate a solution s, represented either as a natural193

language plan p (block (b)), s := p, or as a Python194

code c (block (c)), s := c. For s := p, the solution195

is derived directly from Q. For s := c, we explore196

two modalities: the LLM either generates c directly197

from Q (standalone), or first generates a plan p for198

Q, which is then concatenated with Q to guide199

subsequent code development (planning-aided), a200

strategy widely adopted in recent work (Lei et al.,201

2024a; Jiang et al., 2023; Islam et al., 2024).202

Repeated sampling and refinement iteratively203

produce new solutions based on the correctness of204

s on training instances Ir, and validate s on test205

instances It once it passes Ir or the iteration limit206

is reached. When s := p, its correctness is evalu-207

ated by querying the LLM to generate each output208

image io given its corresponding input ii and the209

solution plan p, where (ii, io) ∈ Ir or (ii, io) ∈ It.210

Alternatively, when s := c, its correctness is as- 211

sessed by executing c on Ir or It. In repeated sam- 212

pling, the LLM iteratively generates a new plan p 213

and code c from the problem description Q with- 214

out additional feedback. In contrast, refinement 215

revises p and c by presenting the LLM with the pre- 216

viously incorrect p and c, concatenated with failed 217

training instances. In total, nine ARC solvers are 218

employed to evaluate the performance of reasoning- 219

oriented LLMs on the ARC benchmark, and the 220

most competitive solver is served as the ARC solver 221

backbone. 222

4 Knowledge Augmentation 223

Prior Knowledge Encoding. The core knowl- 224

edge priors specified in ARC can be formulated 225

as a finite set of lifted, structured primitives (predi- 226

cates and operators), enabling ARGA and GPAR 227

to manually encode and instantiate them to en- 228

sure prior satisfaction. GPAR models predicates as 229

abstraction-defined nodes enriched with attributes 230

and inter-node relations, which are extracted using 231

standard image processing algorithms. Building 232

on this insight, we propose KAAR, a knowledge 233

augmentation approach for solving ARC tasks us- 234

ing reasoning-oriented LLMs. Following the core 235

knowledge priors formulated in GPAR, KAAR ex- 236

pands their scope, revises their implementations, 237

and categorizes these priors into four knowledge 238

dimensions in ARC. In detail, KAAR adopts fun- 239

damental abstraction methods from GPAR to en- 240

able objectness. Objects are typically defined as 241

components based on adjacency rules and color 242

consistency (e.g., 4-connected or 8-connected com- 243

ponents), while also including the entire image 244

as a component. KAAR further introduces addi- 245

tional abstractions: (1) middle-vertical, which ver- 246

3



ARC solver backbone ARC solver backbone ARC solver backbone

Goal-directednessObjectness
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When we consider 4-connected black

pixels (value 0) as components, the

components in each input and output

image are as follows:

For Training Pair 1 input image:

Component 1:Locations=[(0,0),(0,1)]
...
Component 8:Locations=[(4, 14)]
...

(c) Objectness 

?
(a) ARC example

fail on fail on

Geometry and Topology Numbers and Counting 

For Training Pair 1 input image:
For component 1:

Shape: horizontal line. 

Different/Identical: Component 1 is different

from ALL OTHERS!
...
Component 1 is not touching with Component 2.

Component 1 is at top-left of Component 2, and

Component 2 is at bottom-right of Component 1.
...

(d) Geometry and Topology (e) Numbers and Counting

For Training Pair 1 input image:

component 5, with the maximum size

10.

component 8, with the minimum size 1.
...
There are two components, 4 and 6,

each of size 7, which appear most

frequently (twice).
...

Pass Pass Pass

Figure 3: Augmentation process in KAAR (block (b)) and the corresponding knowledge augmentation fragments
(blocks (c-e)) for ARC problem 62ab2642 (block (a)).

tically splits the image into two equal parts, and247

treats each as a distinct component; (2) middle-248

horizontal, which applies the same principle along249

the horizontal axis; (3) multi-lines, which segments250

the image using full-length rows or columns of251

uniform color, and treats each resulting part as a252

distinct component; and (4) no abstraction, which253

considers only raw 2D matrices. Under no abstrac-254

tion, KAAR degrades to the ARC solver backbone255

without incorporating any priors. KAAR incor-256

porates GPAR’s component attributes (size, color,257

shape) and relations (spatial, congruent, inclusive),258

treating them as geometric and topological pri-259

ors, respectively. It further extends the attribute260

set with symmetry, bounding box, nearest bound-261

ary, and hole count, and augments the relation set262

with touching. For numeric and counting priors,263

KAAR adopts GPAR’s largest/smallest component264

sizes, and the most/least frequent component col-265

ors, while extending them with statistical analysis266

of hole counts, symmetry and color diversity, as267

well as the most/least frequent sizes and shapes.268

GPAR approaches goal-directedness priors by269

searching for a sequence of program instructions270

(Lei et al., 2023) defined in a DSL. Each instruc-271

tion supports conditionals, branching, looping, and272

action statements. Inspired by these condition273

and action concepts, KAAR novelly enables goal-274

directedness priors by augmenting LLM knowl-275

edge in two steps: 1) It prompts the LLM to iden-276

tify the most relevant actions for solving the given277

ARC problem from ten predefined action categories278

(Figure 4 block (a)), partially derived from GPAR279

and extended based on the training set, such as280

color change, movement, and extension; 2) For281

each selected action, KAAR instructs the LLM282

with the associated schema to resolve implementa-283

Please determine which category or categories

this task belongs to. Please select from the

following predefined categories...

This task involves

color change.

If this task involves color change:

1. Which components require color change?

2. Determine the conditions used to select

these target components: ...

Components (color 0)

with the minimum and

maximum sizes.

If this task involves color change, please

determine which source color maps to which

target color for the target components.

2. Determine the conditions used to

dictate this color change:...

– minimum-size component

(from color 0) to 7.

– maximum-size component

(from color 0) to 8.

(a) Action(s)

Selection

(b) Component(s) 

Selection

(c) Color

Change Rule

a
c
t
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o
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Figure 4: Goal-directedness priors augmentation with
input and response fragments from GPT-o3-mini.

tion details. For example, for a color change action, 284

KAAR first queries the LLM to identify the target 285

components (Figure 4 blocks (b)), and then specify 286

the source and target colors for modification based 287

on the target components (Figure 4 blocks (c)). We 288

note that KAAR also instructs the LLM to incorpo- 289

rate condition-aware reasoning when determining 290

action implementation details, using knowledge 291

derived from geometry, topology, numbers, and 292

counting priors. This enables fine-grained control, 293

for example, applying color changes only to black 294

components conditioned on the maximum or min- 295

imum size: from black (value 0) to blue (value 8) 296

if largest, or to orange (value 7) if smallest. Fig- 297

ure 4 shows fragments of the goal-directedness 298

prior augmentation. See Appendix B for whole 299

priors in KAAR. 300

Ontology Construction. In contrast to GPAR 301

and previous works that leave priors unorganized 302

(Xu et al., 2023a; Tan and Motani, 2024), KAAR 303

structures the full set of core knowledge priors 304
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into an ontology, where priors are organized into305

three hierarchical levels based on their dependen-306

cies. KAAR augments LLMs with priors at each307

level to enable incremental augmentation via in-308

context learning. This reduces context interference309

and supports stage-wise reasoning aligned with hu-310

man cognitive development (Babakr et al., 2019).311

Figure 3, block (b), illustrates the augmentation312

process in KAAR alongside the augmented prior313

fragments used to solve the problem shown in block314

(a). KAAR begins augmentation with objectness315

priors, encoding images into components with de-316

tailed coordinates based on a specific abstraction317

method (block (c)). KAAR then prompts geometry318

and topology priors (block (d)), followed by num-319

bers and counting priors (block (e)). These priors320

reside at the same ontological level, as they all build321

upon objectness. Finally, KAAR augments goal-322

directedness priors, as shown in Figure 4, where323

target components are derived from objectness anal-324

ysis and conditions are inferred from geometric,325

topological, and numerical analyses. After aug-326

menting each level of priors, KAAR invokes the327

ARC solver backbone to generate solutions. If any328

solution passes Ir, it is validated on It; otherwise,329

augmentation proceeds to the next level of priors.330

Prior Restriction. While the ontology provides331

a hierarchical representation of priors, it may also332

introduce hallucinations, such as duplicate abstrac-333

tions, irrelevant component attributes or relations,334

and inapplicable actions. To address this, KAAR335

integrates additional restrictions to filter out inappli-336

cable priors. KAAR adopts the duplicate-checking337

strategy in GPAR, retaining only abstractions that338

yield distinct components by size, color, or shape,339

in at least one training instance. In KAAR, each340

abstraction is associated with a set of applicable pri-341

ors. For instance, when the entire image is treated342

as a component, relation priors are excluded, and343

actions such as movement and color change are344

omitted, whereas symmetry and size attributes are345

retained and actions such as flipping and rotation346

are considered. In contrast, 4-connected and 8-347

connected abstractions include all component at-348

tributes and relations, and the full set of ten action349

priors. See Appendix C for detailed restrictions.350

5 Experiments351

Experimental Setup. We begin by comparing nine352

candidate solvers on the full ARC public evaluation353

set of 400 tasks. This offers broader insights than354

previous studies limited to the subsets of 400 train- 355

ing tasks (Lei et al., 2024b; Xu et al., 2023a; Wang 356

et al., 2024), given the greater difficulty of the eval- 357

uation set (LeGris et al., 2024). We experiment 358

with reasoning-oriented LLMs, including propri- 359

etary models, GPT-o3-mini (OpenAI, 2025), and 360

Gemini-2.0-Flash-Thinking (Gemini-2.0) (Deep- 361

Mind, 2024), and open-source models, DeepSeek- 362

R1-Distill-Llama-70B (DeepSeek-R1-70B) (Guo 363

et al., 2025) and QwQ-32B (Cloud, 2025). We 364

compute accuracy on test instances It as the pri- 365

mary evaluation metric. It measures the proportion 366

of problems where the first solution passes training 367

instances Ir and successfully solves It; otherwise, 368

if none pass Ir within 12 iterations, the last solu- 369

tion is evaluated on It, applied to both repeated 370

sampling and refinement strategies. We also report 371

accuracy on Ir and Ir&It, measuring the percent- 372

age of problems whose solutions solve Ir and both 373

Ir and It. See Appendix D for parameter settings. 374

Results on Program Synthesis. Table 1 reports 375

the performance of nine ARC solvers across four 376

reasoning-oriented LLMs. For direct generation 377

methods, accuracy on Ir and Ir&It is omitted, as 378

solutions are evaluated directly on It. GPT-o3- 379

mini outperforms all other LLMs, achieving the 380

highest accuracy on Ir (52.50%), It (32.50%), and 381

Ir&It (31.75%) under repeated sampling with stan- 382

dalone code generation (C), highlighting its strong 383

abstract reasoning capabilities. Notably, QwQ- 384

32B, the smallest model, outperforms DeepSeek- 385

R1-70B across all solvers and surpasses Gemini- 386

2.0 under refinement. Among nine solvers, re- 387

peated sampling-based methods generally outper- 388

form those based on direct generation or refinement. 389

This diverges from previous findings where refine- 390

ment dominated conventional code generation tasks 391

that lack abstract reasoning and generalization de- 392

mands (Lei et al., 2024a; Zhong et al., 2024; Chen 393

et al., 2024) (see Appendix I for detailed analy- 394

sis). Within repeated sampling, planning-aided 395

code generation (PC) yields the highest accuracy 396

on It across most LLMs. It also demonstrates 397

the strongest generalization with GPT-o3-mini and 398

Gemini-2.0, as evidenced by the smallest accu- 399

racy gap between Ir and Ir&It. A similar trend 400

is observed on QwQ-32B and DeepSeek-R1-70B, 401

where both C and PC generalize effectively across 402

repeated sampling and refinement. Overall, re- 403

peated sampling with planning-aided code genera- 404

tion (RSPC) shows the best performance and thus 405

serves as the ARC solver backbone. 406
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Direct Generation Repeated Sampling Refinement
P C PC P C PC P C PC

GPT-o3-mini
Ir - - - 35.50 52.50 35.50 31.00 47.25 32.00
It 20.50 24.50 22.25 23.75 32.50 30.75 24.75 29.25 25.75

Ir&It - - - 22.00 31.75 29.25 21.75 28.50 25.00

Gemini-2.0
Ir - - - 36.50 39.50 21.50 15.50 25.50 15.50
It 7.00 6.75 6.25 10.00 14.75 16.75 8.75 12.00 11.75

Ir&It - - - 9.50 14.25 16.50 8.00 10.50 10.75

QwQ-32B Ir - - - 19.25 13.50 15.25 16.75 15.00 14.25
It 9.50 7.25 5.75 11.25 13.50 14.25 11.00 14.25 14.00

Ir&It - - - 9.25 12.75 13.00 8.75 13.00 11.75

DeepSeek-R1-70B Ir - - - 8.75 6.75 7.75 6.25 5.75 7.75
It 4.25 4.75 4.50 4.25 7.25 7.75 4.75 5.75 7.75

Ir&It - - - 3.50 6.50 7.25 4.25 5.25 7.00

Table 1: Performance of nine ARC solvers measured by accuracy on Ir, It, and Ir&It using four reasoning-oriented
LLMs. For each LLM, the highest accuracy on Ir and Ir&It is in bold; the highest accuracy on It is in red.
Accuracy is reported as a percentage. P denotes the solution plan; C and PC refer to standalone and planning-aided
code generation, respectively.

Ir It Ir&It

Acc ∆ γ Acc ∆ γ Acc ∆ γ

GPT-o3-mini
RSPC 35.50 - - 30.75 - - 29.25 - -
KAAR 40.00 4.50 12.68 35.00 4.25 13.82 33.00 3.75 12.82

Gemini-2.0
RSPC 21.50 - - 16.75 - - 16.50 - -
KAAR 25.75 4.25 19.77 21.75 5.00 29.85 20.50 4.00 24.24

QwQ-32B
RSPC 15.25 - - 14.25 - - 13.00 - -
KAAR 22.25 7.00 45.90 21.00 6.75 47.37 19.25 6.25 48.08

DeepSeek-R1-70B
RSPC 7.75 - - 7.75 - - 7.25 - -
KAAR 12.25 4.50 58.06 12.75 5.00 64.52 11.50 4.25 58.62

Table 2: Comparison of RSPC and KAAR in terms of
accuracy (Acc) on Ir, It, and Ir&It. ∆ and γ denote
the absolute and relative improvements over RSPC, re-
spectively. All values are reported as percentages. For
Ir, It, and Ir&It, the highest Acc values are in red and
the best ∆ and γ results are in bold.

Results on KAAR. We further compare the per-407

formance of RSPC with its knowledge-augmented408

variant, KAAR. For each task, KAAR begins409

with simpler abstractions, i.e., no abstraction and410

whole image, and progresses to complicated 4-411

connected and 8-connected abstractions, consistent412

with GPAR. KAAR reports the accuracy on test413

instances It based on the first abstraction whose414

solution solves all training instances Ir; otherwise,415

it records the final solution from each abstraction416

and selects the one that passes the most Ir to eval-417

uate on It (details in Appendix E). KAAR allows418

the solver backbone (RSPC) up to 4 iterations per419

invocation, totaling 12 iterations, consistent with420

the non-augmented setting. As shown in Table 2,421

KAAR consistently outperforms non-augmented422

RSPC, yielding around 5% absolute accuracy gains423

on Ir, It, and Ir&It across all LLMs. This high-424

lights the effectiveness and model-agnostic nature425

of the augmented priors. KAAR achieves the high-426

est accuracy using GPT-o3-mini, i.e., 40% on Ir,427

35% on It, and 33% on Ir&It. It shows the best428

absolute improvements (∆), around 6.5%, using429
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Figure 5: Asymmetric relative coverage matrices for
RSPC (a) and KAAR (b), showing the proportion of
problems whose test instances are solved by the row
model that are also solved by the column model.

QwQ-32B and the most pronounced relative gains 430

(γ), over 58%, using DeepSeek-R1-70B on Ir, It, 431

and Ir&It. Moreover, KAAR maintains general- 432

ization comparable to RSPC across all LLMs, in- 433

dicating that the augmented priors are sufficiently 434

abstract and expressive to serve as basis functions 435

for reasoning, in line with ARC assumptions. See 436

Appendix J for a discussion of generalization. 437

Performance Analysis. We compare relative 438

problem coverage across evaluated LLMs under 439

RSPC and KAAR based on successful solutions 440

on test instances. As shown in Figure 5, each cell 441

(i, j) is computed as |Ai∩Aj |
|Ai| , where Ai and Aj are 442

the sets of problems solved by the row and column 443

LLMs, respectively. Values near 1 indicate that the 444

column LLM covers most problems solved by the 445

row LLM. Under RSPC (Figure 5 (a)), GPT-o3- 446

mini exhibits broad coverage, with column values 447

consistently above 0.85. Gemini-2.0 and QwQ- 448

32B also show substantial alignment, with mutual 449

coverage exceeding 0.6. Figure 5 (b) illustrates 450

that KAAR generally improves or maintains inter- 451

model overlap compared to RSPC. Notably, the 452
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Figure 6: Accuracy on test instances It for RSPC and
KAAR across the movement, extension, recolor, and
others categories using four LLMs. Each stacked bar
shows RSPC accuracy (darker segment) and the addi-
tional improvement from KAAR (lighter segment).

coverage between GPT-o3-mini and DeepSeek-R1-453

70B increases from 0.22 under RSPC to 0.34 under454

KAAR. These results underscore the effectiveness455

of KAAR in improving cross-model generalization,456

enabling all evaluated LLMs to solve additional457

shared problems and allowing smaller models such458

as QwQ-32B and DeepSeek-R1-70B to better align459

with stronger LLMs on ARC. See Appendix K for460

problem coverage across evaluated solvers.461

Performance by Category. Following prior462

work (Xu et al., 2023a; Lei et al., 2024b), we cat-463

egorize the 400 problems in the ARC public eval-464

uation set into four classes based on their primary465

transformations: (1) movement (55 problems), (2)466

extension (129 problems), (3) recolor (115 prob-467

lems), and (4) others (101 problems). The oth-468

ers category comprises infrequent transformations.469

See Appendix F for examples of each category. Fig-470

ure 6 illustrates the accuracy on test instances It for471

RSPC and KAAR across four categories with eval-472

uated LLMs. Each stacked bar represents RSPC ac-473

curacy and the additional improvement contributed474

by KAAR. KAAR consistently outperforms RSPC475

with the largest accuracy gain in movement (14.5%476

with QwQ-32B). In contrast, KAAR shows limited477

improvements in extension, where several problems478

involve pixel-level extension, which minimizes the479

reliance on component-level recognition. More-480

over, extension requires accurate spatial inference481

across multiple components. This poses greater482

difficulty than movement, which requires mainly di-483

rection identification. Although KAAR augments484

spatial priors, LLMs still struggle to accurately485

infer positional relations among multiple compo-486

nents, consistent with prior findings (Yamada et al.,487

2024; Cohn and Hernandez-Orallo, 2023; Bang488

et al., 2023). Besides, overlaps from component ex-489

tensions further complicate reasoning, as LLMs of-490
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Figure 7: Accuracy on test instances It for RSPC and
KAAR across average image size intervals, evaluated
using GPT-o3-mini and QwQ-32B. See Figure 11 in
Appendix for results on other LLMs.

ten fail to interpret truncated components as unified 491

wholes, contrary to human perceptual intuition. 492

Impact of Size. A notable feature of ARC is 493

the variation in image size both within and across 494

problems. We categorize tasks by averaging the im- 495

age size per problem, computed over both training 496

and test image pairs. We report the accuracy on It 497

for RSPC and KAAR across average image size 498

intervals using GPT-o3-mini and QwQ-32B, the 499

strongest proprietary and open-source models. As 500

shown in Figure 7, both LLMs experience perfor- 501

mance degradation as image size increases. When 502

the average image size exceeds 400 (20×20), GPT- 503

o3-mini solves only three problems, while QwQ- 504

32B solves none. Benefiting from object-centric 505

representations, KAAR consistently outperforms 506

RSPC on problems with average image sizes below 507

400. By abstracting each image into components, 508

KAAR reduces interference from irrelevant pix- 509

els, directs attention to salient components, and 510

facilitates component-level transformation analy- 511

sis. However, larger images tend to yield oversized 512

and numerous components after abstraction, where 513

oversized components impede transformation exe- 514

cution and numerous components complicate the 515

identification of target components. 516

Scaling with Iterations. Figure 8 presents 517

the variance in accuracy on Ir&It for RSPC and 518

KAAR as iteration count increases using GPT-o3- 519

mini and QwQ-32B. For each task under KAAR, 520

we record iterations from the abstraction that solves 521

both Ir and It. For KAAR, performance improve- 522

ments across each 4-iteration block are driven 523

by the solver backbone invocation after augment- 524

ing an additional level of priors. RSPC shows 525

rapid improvement in the first 4 iterations and 526

plateaus around iteration 8. KAAR consistently 527

outperforms RSPC, with the performance gap pro- 528
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See Appendix Figure 12 for results on other LLMs.

gressively increasing after new priors are aug-529

mented and peaking after the integration of goal-530

directedness. Representing core knowledge priors531

through a hierarchical, dependency-aware ontology532

enables KAAR to incrementally augment LLMs,533

perform stage-wise reasoning, and improve solu-534

tion accuracy. Compared to augmentation at once535

and non-stage-wise reasoning, KAAR yields supe-536

rior accuracy, as detailed in Appendix G.537

6 Discussion538

Rationale for ARC. While related benchmarks539

exist, ARC remains a highly authentic measure540

of generalization. In contrast to RAVEN (Raven,541

2000) and PGM (Barrett et al., 2018), which pri-542

marily evaluate closed-form rule fitting within pre-543

defined rule spaces, ARC assumes that tasks are544

solvable through core knowledge priors, while in-545

tentionally leaving the problems underspecified to546

prevent the explicit encoding of complete solution547

rules (Chollet, 2019). Each ARC task is unique,548

defining a distinct domain that requires solvers to549

infer solutions from a few examples and generalize550

to test cases, thereby advancing models beyond rule551

fitting toward truly generalization. Recent training552

approaches that employ data augmentation to gen-553

erate additional examples for each task (Akyürek554

et al., 2024; Franzen et al., 2025) achieve notable555

results on ARC. However, they deviate substan-556

tially from ARC’s objective of solving each task557

from limited examples without reliance on exter-558

nally generated data (Chollet, 2019).559

Cost Analysis. In KAAR, knowledge augmen-560

tation increases token consumption, while the addi-561

tional tokens remain relatively constant since all pri-562

ors, except goal-directedness, are generated via im-563

age processing algorithms. On GPT-o3-mini, aug-564

mentation tokens constitute around 60% of solver 565

backbone token usage, while on QwQ-32B, this 566

overhead decreases to about 20%, as the solver 567

backbone consumes more tokens. See Appendix H 568

for a detailed discussion. Incorrect abstraction 569

selection in KAAR also leads to wasted tokens. 570

However, accurate abstraction inference requires 571

validation through viable solutions, bringing the 572

challenge back to solution generation. 573

Solution Analysis. To assess adherence to core 574

knowledge priors, we manually reviewed the solu- 575

tion plans and code generated by RSPC and KAAR 576

that successfully solve It with GPT-o3-mini. RSPC 577

tends to solve problems without object-centric rea- 578

soning. For instance, in Figure 1, it shifts each 579

row downward by one and pads the top with zeros, 580

rather than reasoning over objectness to move each 581

4-connected component down by one step. We 582

note that object recognition in ARC involves group- 583

ing pixels into task-specific components based on 584

clustering rules, differing from feature extraction 585

approaches (Zhao et al., 2019) in conventional com- 586

puter vision tasks. It remains challenging for cur- 587

rent LLMs (Xu et al., 2023b; Li et al., 2024a). In 588

contrast, KAAR enables objectness through explic- 589

itly defined abstractions, implemented via standard 590

image processing algorithms, thus ensuring both 591

accuracy and generalization. KAAR-generated so- 592

lutions are consistent with the augmented priors, as 593

shown in Figure 4. 594

7 Conclusion 595

We explored the generalization and abstract rea- 596

soning capabilities of reasoning-oriented LLMs on 597

the ARC benchmark using nine candidate solvers. 598

Experimental results show that repeated-sampling 599

planning-aided code generation (RSPC) achieves 600

the highest test accuracy and exhibits consistent 601

generalization across most evaluated LLMs. To 602

further improve performance, we propose KAAR, 603

which progressively augments LLMs with core 604

knowledge priors structured into hierarchical levels 605

based on their dependencies, and applies RSPC af- 606

ter augmenting each level of priors to enable stage- 607

wise reasoning. KAAR improves the LLM perfor- 608

mance on ARC while maintaining strong general- 609

ization compared to RSPC. However, ARC remains 610

challenging even for the most capable reasoning- 611

oriented LLMs, given its emphasis on abstract rea- 612

soning and generalization, highlighting current lim- 613

itations and motivating future research. 614
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Limitations615

KAAR improves the performance of reasoning-616

oriented LLMs on ARC tasks by progressively617

prompting with core knowledge priors. Although618

this inevitably increases token usage, the trade-off619

can be justified, as the exploration of LLM gener-620

alization remains in its early stages. KAAR inte-621

grates diverse abstraction methods to enable object-622

ness and iteratively applies abstractions in order of623

increasing complexity. In contrast, humans typi-624

cally infer appropriate abstractions directly from625

training instances, rather than leveraging exhaus-626

tive search. To address this, we prompt different627

LLMs with raw 2D matrices of each ARC problem628

to select one or three relevant abstractions, but the629

results are unsatisfactory. As previously discussed,630

accurate abstraction inference often depends on val-631

idation through viable solutions, thereby shifting632

the challenge back to solution generation. Addi-633

tionally, KAAR augments core knowledge priors634

through in-context learning but lacks mechanisms635

to enforce LLMs adherence to these priors dur-636

ing reasoning. While KAAR-generated solutions637

closely align with core knowledge priors, the in-638

termediate reasoning processes may deviate from639

the intended patterns. Future work could explore640

fine-tuning or reinforcement learning to better align641

model behavior with the desired reasoning patterns.642
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Appendix930

A Related Work931

Knowledge-Augmented LLMs. Augmenting932

LLMs with external knowledge can improve rea-933

soning capabilities and mitigate hallucination in934

different tasks (Mialon et al., 2023). Previous stud-935

ies achieve this by incorporating domain-specific936

knowledge, designed by human experts (Zhu et al.,937

2025), retrieved via search engines (Vu et al., 2024),938

or extracted from Wikipedia documents (Li et al.,939

2024b). Trivedi et al. (2023) demonstrated that940

interleaving knowledge augmentation within rea-941

soning steps further reduces model hallucination,942

resulting in more accurate multi-step reasoning.943

Additionally, augmenting LLMs with execution944

feedback improves performance on both question945

answering (Qiao et al., 2024) and program synthe-946

sis tasks (Lei et al., 2024b; Zhong et al., 2024; Chen947

et al., 2024). KAAR follows the interleaved knowl-948

edge augmentation approach and further introduces949

an ordered knowledge augmentation strategy based950

on knowledge hierarchical dependencies to miti-951

gate context interference and facilitate stage-wise952

reasoning. Its superior performance over both the953

non-augmented variant (RSPC) and the non–stage-954

wise reasoning counterpart (Appendix G) under-955

scores its effectiveness.956

Search in DSL. An abstract, expressive, and957

compositional representation of core knowledge958

priors is essential for solving ARC tasks (Chollet,959

2019). Recent studies have manually encoded core960

knowledge priors into domain-specific languages961

(DSLs) with lifted representations (Xu et al., 2023a;962

Lei et al., 2024b; Wind, 2020). Various program963

synthesis methods have been proposed to search964

for valid program solutions within their DSLs, in-965

cluding DAG-based search (Wind, 2020), graph-966

based constraint-guided search used in ARGA (Xu967

et al., 2023a), and generalized planning employed968

in GPAR (Lei et al., 2024b).969

KAAR benefits from the hand-crafted DSL in970

GPAR, where core knowledge priors are encoded971

with high precision and interpretability. Unlike972

GPAR, which performs an exhaustive search over973

the entire DSL, resulting in significant inefficien-974

cies, KAAR leverages LLMs that pre-trained on975

extensive code-related corpora to synthesize pro-976

grams. Moreover, the underlying code generation977

strategy in KAAR, RSPC, ensures high-quality and978

accurate program solutions. KAAR further formal-979

izes the core knowledge priors into a dependency-980

aware ontology, which preserves knowledge cov- 981

erage and enables progressive knowledge augmen- 982

tation for LLMs to support stage-wise reasoning, 983

thereby further reducing the search space. 984

LLMs for ARC. Recent studies have explored 985

using LLMs as ARC solvers to directly generate 986

test output matrices and have provided LLMs with 987

different problem descriptions to improve output 988

accuracy. Camposampiero et al. (2023) employed 989

LLMs to generate output grids from textual task de- 990

scriptions, derived from a vision module which is 991

designed to capture human-like visual priors. Min 992

(2023) prompted LLMs with the raw 2D matrices 993

of each task, along with transformation and abstrac- 994

tion examples. Xu et al. (2023b) demonstrated that 995

object representations produced by predefined ab- 996

stractions can improve LLM performance on ARC 997

tasks. Diverging from direct image generation, Tan 998

and Motani (2024) evaluated LLM performance 999

on the ARC benchmark by generating Python pro- 1000

gram solutions. Additionally, Wang et al. (2024) 1001

approached ARC as an inductive reasoning prob- 1002

lem and introduced hypothesis search, where pro- 1003

gram solutions are generated by selecting LLM- 1004

generated hypotheses encoded as functions. 1005

When leveraging LLMs as ARC solvers, exist- 1006

ing studies tend to emphasize accuracy on partial 1007

training set problems and overlook the core princi- 1008

ple of ARC, where solutions should be constructed 1009

using core knowledge priors (Chollet, 2019). How- 1010

ever, LLMs still lack these priors, such as object- 1011

ness, as evidenced by RSPC-generated solutions. 1012

KAAR addresses this gap by progressively aug- 1013

menting LLMs with structured core knowledge pri- 1014

ors. KAAR achieves strong performance, 32.5% 1015

test accuracy on the full evaluation set of 400 prob- 1016

lems using GPT-o3-mini. It demonstrates substan- 1017

tial generalization, and produces solutions that ad- 1018

here to core knowledge priors 1019

Training-Based Methods. The few training ex- 1020

amples available per ARC task restrict the effective- 1021

ness of fine-tuning for achieving robust generaliza- 1022

tion and accurate reasoning in billion-parameter 1023

LLMs. To address this limitation, Bikov et al. 1024

(2024) fine-tuned LLMs on augmented ARC tasks 1025

constructed through standard image augmentation 1026

operations, including rotation, flipping, and per- 1027

mutation. Akyürek et al. (2024) applied test-time 1028

training to further improve LLM performance on 1029

ARC. Models are first fine-tuned on large-scale 1030

synthetic ARC data (RE-ARC) (Hodel, 2024) and 1031

subsequently optimized for each ARC task us- 1032
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ing original input–output pairs, augmented exam-1033

ples, and leave-one-out examples. Extending this1034

framework, Franzen et al. (2025) incorporated aug-1035

mented data across test-time training, inference,1036

and selection, following initial fine-tuning on RE-1037

ARC, further advancing LLM performance on the1038

ARC benchmark. Hu et al. (2025) introduced a1039

similar two-stage ViT training paradigm, with ini-1040

tial fine-tuning on RE-ARC followed by test-time1041

training with canvas-derived augmented examples1042

for each ARC tasks.1043

Training approaches have achieved state-of-the-1044

art performance on ARC. However, they diverge1045

from ARC’s original goal of evaluating human-like1046

intelligence, which involves performing abstract1047

reasoning and generalization from limited exam-1048

ples without reliance on externally generated data1049

(Chollet, 2019). Human solvers typically infer so-1050

lutions solely from the provided examples (John-1051

son et al., 2021; Acquaviva et al., 2022). Given1052

this, training with additionally augmented data is1053

inconsistent with ARC’s intent. Instead, learn-1054

ing core knowledge priors and performing infer-1055

ence grounded in them offers a promising alterna-1056

tive. KAAR adopts this idea by augmenting LLMs1057

through in-context learning with core knowledge1058

priors, thereby preserving generalization while en-1059

hancing performance on ARC tasks.1060

B Core Knowledge Priors in KAAR1061

KAAR incorporates abstractions to enable object-1062

ness priors; leverages component attributes, re-1063

lations, and statistical analysis of component at-1064

tributes to encode geometry, topology, numbers,1065

and counting priors; and employs predefined ac-1066

tions to support goal-directedness priors. Table 51067

presents all abstractions used in KAAR, organized1068

by their prioritization. KAAR incorporates fun-1069

damental abstractions, such as 4-connected and1070

8-connected components, from GPAR, and extends1071

them with additional abstractions unique to KAAR,1072

highlighted in red. Table 6 introduces geometry,1073

topology, numbers, and counting priors, and ten1074

predefined transformations used in KAAR. For1075

each action, KAAR augments the LLM with its1076

corresponding schema to resolve implementation1077

details. The actions and their schemas are detailed1078

in Table 7. Most actions can be specified within1079

three steps, keeping them tractable for LLMs.1080

KAAR KAAR∗ ∆

Gemini-2.0
Ir 25.75 23.00 -2.75
It 21.75 19.00 -2.75

Ir&It 20.50 18.00 -2.50

QwQ-32B
Ir 22.25 18.50 -3.75
It 21.00 17.75 -3.25

Ir&It 19.25 16.25 -3.00

DeepSeek-R1-70B
Ir 12.25 9.00 -3.25
It 12.75 9.00 -3.75

Ir&It 11.50 8.50 -3.00

Table 3: Accuracy on Ir, It, and Ir&It for KAAR and
KAAR∗ across three LLMs. KAAR∗ invokes the solver
backbone (RSPC) only after all knowledge priors are
augmented. ∆ denotes the performance drop relative to
KAAR. All values are reported as percentages.

C Restrictions in KAAR 1081

For certain abstractions, some priors are either inap- 1082

plicable or exclusive. The specific priors assigned 1083

to some abstractions are detailed in Table 8. For 1084

the whole image abstraction, few priors are ap- 1085

plicable as the abstraction contains only a single 1086

component. In contrast, the 4/8-connected-multi- 1087

color-non-background abstractions retain most pri- 1088

ors. The highlighted priors that capture per- 1089

component color diversity are used exclusively 1090

for 4/8-connected-multi-color-non-background ab- 1091

stractions, while priors tailored to a single-color 1092

component, such as components with same color, 1093

components with most frequent color, and compo- 1094

nents with least frequent color, are excluded. For 1095

the middle-vertical and middle-horizontal abstrac- 1096

tions, where the image is evenly divided into two 1097

components, flipping and movement actions are 1098

enabled to facilitate reasoning over overlapping 1099

components. For instance, in the problem shown in 1100

Figure 9, the solution involves splitting the image 1101

along a middle-vertical grid line and moving one 1102

component to overlap the other. In the resulting 1103

component, a pixel is colored red if the overlapping 1104

pixels in both components are blue; otherwise, it is 1105

colored black. 1106

D Parameter Settings 1107

KAAR operates on all LLMs through API ac- 1108

cess with the full conversational history. For 1109

proprietary models, GPT-o3-mini and Gemini-2.0 1110

Flash-Thinking (Gemini-2.0), we use the 2025- 1111

01-31 snapshot and the exp-1219 version, respec- 1112

tively, with default parameter settings. For open- 1113
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Figure 9: ARC problem 0520fde7

source models, DeepSeek-R1-Distill-Llama-70B1114

(DeepSeek-R1-70B) and QwQ-32B, we set tem-1115

perature to 0.6, top-p to 0.95, and top-k to 40 to1116

reduce repetitive outputs and filter rare tokens while1117

preserving generation diversity. We conduct exper-1118

iments on a virtual machine with 4 NVIDIA A1001119

80GB GPUs. Our code is included in the software1120

submission and will be made publicly available in1121

the camera-ready version.1122

E KAAR1123

Algorithm 1 presents the pseudocode of KAAR.1124

For each abstraction, KAAR incrementally aug-1125

ments the LLM with core knowledge priors, struc-1126

tured into three dependency-aware levels: begin-1127

ning with objectness (Line 5), followed by ge-1128

ometry and topology (Lines 10 and 12), numbers1129

and counting (Line 14), and concluding with goal-1130

directedness priors(Line 18). We note that KAAR1131

encodes geometry and topology priors through1132

component attributes (Line 9) and relations (Line1133

11). The full set of priors is detailed in Tables 5,1134

6, and 7. After augmenting each level of pri-1135

ors, KAAR invokes the solver backbone (RSPC)1136

at Lines 6, 15, and 19 to generate code solutions1137

guided by text-based plans, allowing up to 4 iter-1138

ations (Lines 25–37). In each iteration, the solver1139

backbone first validates the generated code on the1140

training instances Ir; if successful, it then evalu-1141

ates the solution on the test instances It. The solver1142

backbone returns solve if the generated solution1143

successfully solves It after passing Ir; pass if only1144

Ir is solved; or continues to the next iteration if the1145

solution fails on Ir. If the solver backbone fails to1146

solve Ir within the allotted 4 iterations at Lines 61147

and 15, KAAR augments the next level of priors.1148

KAAR proceeds to the next abstraction when the1149

solver backbone fails to solve Ir at Line 19, after1150

the 4-iteration limit. KAAR terminates abstraction1151

iteration upon receiving either pass or solve from1152

the solver backbone and reports accuracy on Ir,1153

It, and Ir&It accordingly. If no abstraction fully1154

solves Ir, KAAR records the final code solution1155

for each abstraction (Line 22), selects the one that1156

passes the most training instances (Line 23), and1157

evaluates it on It to determine additional accuracy1158

gains (Line 24). 1159

KAAR generates priors offline using image pro- 1160

cessing algorithms at Lines 4, 9, 11 and 13. In 1161

contrast, KAAR enables goal-directedness priors 1162

at Line 18 by prompting the LLM to select the most 1163

suitable actions and identify their implementation 1164

details, as described in Table 7. KAAR iterates 1165

over abstractions from simpler to more complex, 1166

following the order specified in Table 5. We note 1167

that the highest-priority abstraction is no abstrac- 1168

tion, where KAAR degrades to the solver backbone 1169

(RSPC) as no priors are applied. 1170

F Example Tasks by Category in the 1171

ARC Evaluation Set 1172

ARC comprises 1000 unique tasks, with 400 allo- 1173

cated to the training set and 600 to the evaluation 1174

set. The evaluation set is further divided into a 1175

public subset (400 tasks) and a private subset (200 1176

tasks). Figure 10 illustrates example ARC tasks 1177

for the movement, extension, recolor, and others 1178

categories in the public evaluation set. In the move- 1179

ment example, components are shifted to the image 1180

boundary in directions determined by their colors. 1181

The extension example is more complex, requiring 1182

LLMs to find the shortest path between two red pix- 1183

els while avoiding obstacles, which presents chal- 1184

lenges for current reasoning-oriented models. Ad- 1185

ditionally, reliance on pixel-level recognition weak- 1186

ens the effectiveness of KAAR, which is designed 1187

to facilitate component identification. The recolor 1188

example involves changing non-black components 1189

to black and updating black components based on 1190

original non-black colors. The others example re- 1191

quires generating a blue diagonal line whose length 1192

depends on the number of 4-connected components 1193

that are green and have a size greater than one in 1194

the input image. The combination of numerical 1195

reasoning and structural pattern generation makes 1196

this task difficult to classify within the other three 1197

categories. 1198

G Ablation Study 1199

Table 3 reports the accuracy decrease resulting 1200

from removing incremental knowledge augmenta- 1201

tion and stage-wise reasoning in KAAR, denoted as 1202
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Knowledge Augmentation Solver Backbone (RSPC)

GPT-o3-mini 66K 106K

Gemini 58K 110K

QwQ-32B 79K 427K

DeepSeek-R1-70B 66K 252K

Table 4: Average token cost for knowledge augmenta-
tion and solver backbone (RSPC) in KAAR across four
evaluated LLMs. K is 103.

KAAR∗. Unlike KAAR, which invokes the solver1203

backbone (RSPC) after augmenting each level of1204

priors to enable stage-wise reasoning, KAAR∗ uses1205

RSPC to solve the problem within 12 iterations1206

after augmenting all priors at once. We evaluate1207

KAAR∗ using the same reasoning-oriented LLMs1208

as in Tables 1 and 2, excluding GPT-o3-mini due to1209

its computational cost. KAAR∗ shows decreased1210

accuracy on all metrics, Ir, It, and Ir&It, for all1211

evaluated LLMs. These results underscore the ef-1212

fectiveness of progressive augmentation and stage-1213

wise reasoning. Presenting all knowledge priors1214

simultaneously introduces superfluous information,1215

which may obscure viable solutions and impair the1216

LLM reasoning accuracy. We note that KAAR con-1217

struct the ontology of core knowledge priors based1218

on their dependencies, thereby establishing a fixed1219

augmentation order.1220

H Cost Analysis1221

Table 4 reports the average token cost, including1222

both prompts and LLM responses, for knowledge1223

augmentation and the solver backbone (RSPC),1224

when using KAAR as the ARC solver. For each1225

ARC task, we consider the abstraction whose solu-1226

tion solves It; if none succeed, the one that passes1227

Ir; otherwise, the abstraction with the lowest to-1228

ken usage is selected. Except for goal-directedness1229

priors, all core knowledge priors in KAAR are gen-1230

erated offline using image processing algorithms,1231

resulting in comparable augmentation costs across1232

all evaluated models. In contrast, token usage by1233

the solver backbone varies substantially due to dif-1234

ferences in the LLMs’ abstract reasoning and gen-1235

eralization capabilities. GPT-o3-mini solves most1236

tasks efficiently, with the lowest token consump-1237

tion by the solver backbone, where tokens used1238

for knowledge augmentation account for approxi-1239

mately 62% of the solver backbone’s token usage.1240

However, the solver backbone consumes more to-1241

kens with QwQ-32B, as QwQ-32B consistently1242

generates longer reasoning traces. In this case, to-1243

kens used for knowledge augmentation constitute 1244

only 19% of the solver backbone’s token usage. 1245

Figure 15 illustrates the average token cost for aug- 1246

menting priors at each level in KAAR. 1247

I Performance Analysis 1248

In Table 1, the incorporation of planning facili- 1249

tates accurate code generation under the repeated 1250

sampling setting. For example, in Figure 13, re- 1251

peated sampling with planning-aided code genera- 1252

tion produces a correct solution using GPT-o3-mini 1253

by replicating the input image horizontally or ver- 1254

tically based on the presence of a uniform row or 1255

column, as specified in the plan and implemented 1256

accordingly in code. In contrast, without planning 1257

assistance, standalone code generation produces in- 1258

complete logic, considering only whether the first 1259

column is uniform to determine the replication di- 1260

rection, which leads to failure on the test instance. 1261

For the ARC benchmark, repeated sam- 1262

pling–based methods achieve higher accuracy on 1263

Ir, It, and Ir&It compared to refinement-based 1264

approaches when using GPT-o3-mini, Gemini- 1265

2.0, and DeepSeek-R1-70B as shown in Table 1. 1266

Figure 14 presents an ARC problem where re- 1267

peated sampling with planning-aided code gener- 1268

ation yields a correct solution, whereas its refine- 1269

ment variant fails to correct the initial erroneous 1270

code, and the flawed logic persists across subse- 1271

quent refinements when using GPT-o3-mini. Re- 1272

cent studies have shown that refinement struggles 1273

when the initial code significantly deviates from 1274

the intended functionality (Tian and Chen, 2023). 1275

Moreover, the lack of explicit correction instruc- 1276

tions in feedback messages often leads to refine- 1277

ments diverging further from the intended solution 1278

(Lei et al., 2024a). 1279

J Generalization 1280

Table 1 highlights performance variations across 1281

reasoning-oriented LLMs and ARC solvers with 1282

respect to both accuracy and generalization. No- 1283

tably, the ARC solver, repeated sampling with stan- 1284

dalone code generation, exhibits a substantial accu- 1285

racy gap between Ir and Ir&It, indicating limited 1286

generalization capability when using GPT-o3-mini 1287

and Gemini-2.0. In contrast, repeated sampling 1288

with planning-aided code generation demonstrates 1289

markedly improved generalization by preventing 1290

solutions from directly replicating the output matri- 1291

ces of training instances, as illustrated in Figure 16. 1292

15



This output copying, observed under repeated sam-1293

pling with standalone code generation, accounts for1294

approximately 24% and 95% of 83 and 101 overfit-1295

ting problems with GPT-o3-mini and Gemini-2.0,1296

respectively. When planning is incorporated, out-1297

put copying is reduced to around 8% and 35% of1298

25 and 20 overfitting problems with GPT-o3-mini1299

and Gemini-2.0, respectively.1300

Planning-aided methods, RSPC and KAAR,1301

demonstrate smaller accuracy gaps in Table 2.1302

However, the generalization challenge persists.1303

One reason is that solutions include low-level logic1304

for the training pairs, thus failing to generalize. An-1305

other reason is the usage of incorrect abstractions.1306

KAAR selects the first abstraction that solves Ir,1307

to report accuracy on It, while this abstraction may1308

overfit to Ir. Figures 17 and 18 illustrate two ARC1309

problems, 695367ec and b1fc8b8e, where both1310

RSPC and KAAR successfully solve the training1311

instances Ir but fail on the test instances It when1312

using GPT-o3-mini. For problem 695367ec, the1313

correct solution involves generating a fixed 15×151314

output image by repeatedly copying the input im-1315

age, changing its color to black, and adding inter-1316

nal horizontal and vertical lines colored with the1317

original input image’s color. However, the RSPC-1318

generated code applies a distinct rule to each in-1319

put image size without considering generalization.1320

For problem b1fc8b8e, the solution requires accu-1321

rate object recognition despite component contact,1322

and correctly placing each component into one of1323

the four corners. However, RSPC fails to recog-1324

nize objectness, and its solution deviates from hu-1325

man intuition, being overfitted to Ir. For problems1326

695367ec and b1fc8b8e, KAAR exhibits the same1327

limitations, although it adopts abstractions to en-1328

able objectness. KAAR begins with the simplest1329

abstraction, no abstraction, where KAAR degrades1330

to RSPC. As a result, it generates the same solution1331

as RSPC and terminates without attempting other1332

abstractions, since the solution already solves Ir1333

and is then evaluated on It, resulting in overfitting.1334

K Solution Coverage1335

We also report the relative problem coverage across1336

nine ARC solvers based on successful test in-1337

stance solutions using GPT-o3-mini (Figure 19),1338

Gemini-2.0 (Figure 20), QwQ-32B (Figure 21),1339

and DeepSeek-R1-70B (Figure 22). Each cell (i, j)1340

is computed using the same method described in1341

Figure 5. All solvers exhibit the strongest overall1342

coverage, with pairwise overlap consistently ex- 1343

ceeding 0.55 when using GPT-o3-mini. Among 1344

them, repeated sampling with standalone (C) and 1345

planning-aided code generation (PC) show the 1346

highest coverage, with column values above 0.8 for 1347

GPT-o3-mini. This trend persists across Gemini- 1348

2.0, QwQ-32B, and DeepSeek-R1-70B. Except for 1349

GPT-o3-mini, repeated sampling with planning- 1350

aided code generation exhibits better alignment 1351

than its standalone code generation counterpart, 1352

generally yielding higher coverage values. How- 1353

ever, under the direct generation setting, planning- 1354

aided code generation shows the opposite behav- 1355

ior, demonstrating lower alignment than standalone 1356

code generation across all evaluated LLMs. Among 1357

the four evaluated LLMs, all solvers present the 1358

lowest average off-diagonal (i.e., i ̸= j) coverage 1359

of 0.603 with DeepSeek-R1-70B, suggesting po- 1360

tential output instability and variability attributable 1361

to solver choice. 1362
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Algorithm 1: KAAR
Input :LLMM; ARC problem P = (Ir, It); description Q = (Ir, {ii | (ii, io) ∈ It});

abstraction list A; max iterations t = 4
1 Function KnowledgeAugmentation (M, Q, P , A, t):
2 solutionList← [];
3 foreach abstraction abs in A do
4 objectnessPriors← GenerateObjectnessPriors(Q, abs);
5 AugmentKnowledge(M, objectnessPriors);
6 result, code, passedCount← SolverBackbone (M, P , Q, t);
7 if result ̸= failure then
8 return result

9 attributePriors← GenerateAttributePriors(Q, abs);
10 AugmentKnowledge(M, attributePriors);
11 relationPriors← GenerateRelationPriors(Q, abs);
12 AugmentKnowledge(M, relationPriors);
13 numberPriors← GenerateNumbersCountingPriors(Q, abs);
14 AugmentKnowledge(M, numberPriors);
15 result, code, passedCount← SolverBackbone (M, P , Q, t);
16 if result ̸= failure then
17 return result

18 AugmentGoalPriors← (M, Q, abs);
19 result, code, passedCount← SolverBackbone (M, P , Q, t);
20 if result ̸= failure then
21 return result

22 solutionList.append((code, passedCount));

23 bestCode← SelectMostPassed(solutionList);
24 return EvaluateOnTest(bestCode, It);

25 Function SolverBackbone (M, P , Q, t):
26 i← 0;
27 while i < t do
28 plan←M.generatePlan(Q);
29 code←M.generateCode(Q, plan);
30 passedCount← EvaluateOnTrain(code, Ir);
31 if passedCount == |Ir| then
32 if EvaluateOnTest(code, It) then
33 return solve, code, passedCount;

34 else
35 return pass, code, passedCount;

36 i← i + 1;

37 return failure, code, passedCount;
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Abstractions Definitions

No Abstraction -

Whole Image We consider the whole image as a component.

Middle-Vertical We vertically split the image into two equal parts, treating each as
a distinct component.

Middle-Horizontal We horizontally split the image into two equal parts, treating each
as a distinct component.

Multi-Lines We use rows or columns with a uniform color to divide the input
image into multiple components.

4/8-Connected We consider the 4/8-adjacent pixels of the same color as a compo-
nent.

4/8-Connected-Non-
Background

We consider the 4/8-adjacent pixels of the same color as a compo-
nent, excluding components with the background color.

4/8-Connected-Non-
Background-Edge

We consider the 4/8-adjacent pixels of the same color as a compo-
nent, containing components with the background color when they
are not attached to the edges of the image.

4/8-Connected-Multi-Color-
Non-Background

We consider 4/8-adjacent pixels as a component, which may con-
tain different colors, while excluding pixels with the background
color.

4/8-Connected-Bounding-Box We consider 4/8-adjacent pixels of the same color, and treat all
pixels within their bounding box as a component, which may
include different colors.

4/8-Connected-With-Black We consider the 4/8-adjacent pixels of black color, represented
by the value 0, as a component, excluding components with other
colors.

Same-Color We consider pixels of the same color as a component, excluding
components with the background color.

Table 5: Abstractions in KAAR. The background color is black if black exists; otherwise, it is the most frequent
color in the image. We present abstractions according to their prioritization in KAAR, where the order is given
by the table from top to bottom, with 8-connected abstractions appearing after the 4-connected abstractions at
the end of the sequence while preserving the order of their corresponding 4-connected counterparts. Abstractions
highlighted in red are exclusive to KAAR.

18



?

Task b15fca0b
(Extension)

?

Task 3b4c2228
(Others)

?

Task 6ea4a07e
(Recolor)

?

Task f3e62deb
(Movement)

Figure 10: Example ARC tasks for movement, extension, recolor, and others categories.
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Figure 11: Accuracy on test instances It for RSPC and KAAR across average image size intervals, evaluated with
Gemini-2.0 and DeepSeek-R1-70B.
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Classifications Priors

Geometry and Topology Size (Width and Height);
Color;
Shape (One Pixel; Horizontal Line; Vertical Line; Diagonal Line;
Square; Rectangle; Cross; Irregular Shape);
Symmetry (Horizontal Symmetry; Vertical Symmetry; Diagonal
Symmetry; Anti-Diagonal Symmetry; Central Symmetry);
Bounding Box;
Hole Count;
Nearest Boundary;
Different/Identical with Other Components;
Touching;
Inclusive;
Spatial (Horizontally Aligned to the Right; Horizontally Aligned
to the Left; Vertically Aligned Below; Vertically Aligned Above;
Top-Left; Top-Right; Bottom-Left; Bottom-Right; Same Position)

Numbers and Counting Component Size Counting; Components with Same Size; Compo-
nents with Most Frequent Size; Components with Least Frequent
Size; Components with Maximum Size; Components with Minimum
Size;
Component Color Counting; Components with Same Color; Compo-
nents with Same Number of Colors; Components with Most Frequent
Color; Components with Least Frequent Color; Component with
Most Distinct Colors; Component with Fewest Distinct Colors;
Component Shape Counting; Components with Same Shape; Com-
ponents with Most Frequent Shape; Components with Least Frequent
Shape;
Component Hole Number Counting; Components with Same Num-
ber of Holes; Components with Maximum Number of Holes; Com-
ponents with Minimum Number of Holes;
Component Symmetry Counting

Goal-directedness Color Change (modifying component value);
Movement (shifting component’s position);
Extension (expanding component’s area);
Completing (filling in missing parts of a component);
Resizing (altering component size);
Selecting (isolating a component);
Copying (duplicating a component);
Flipping (mirroring a component);
Rotation (rotating a component);
Cropping (cutting part of a component)

Table 6: KAAR priors classified into geometry and topology, numbers and counting, and goal-directedness. For
goal-directedness, we incorporate ten predefined actions, with their corresponding action schemas detailed in
Table 7.
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Actions Schemas (Implementation Details)

Color Change Targets Source and Target Colors

Movement Targets Direction Start and End Locations Pattern Order Overlapping

Extension Targets Direction Start and End Locations Pattern Order Intersection

Completing Targets Pattern

Resizing Targets Source and Target Sizes

Selecting Targets

Copying Targets Locations Overlapping

Flipping Targets Flipping Axis Overlapping

Rotation Targets Degrees

Cropping Targets Subsets

Table 7: Actions in KAAR and their schemas (implementation details). Each action schema is presented according
to its prompting order in KAAR (left to right). Some actions include a pattern schema that instructs the LLM to
identify underlying logic rules, such as repeating every two steps in movement or extension, or completing based on
three-color repetition. Targets denote the target components.
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Abstractions Geometry and Topology Numbers and Counting Goal-directedness

whole image Symmetry, Size - Flipping; Rotation;
Extension; Complet-
ing, Cropping

middle-vertical Size - Flipping; Movement

middle-horizontal Size - Flipping; Movement

multi-lines Size; Color; Shape; Sym-
metry; Bounding Box;
Hole Count

All All

4/8-connected-
multi-color-non-
background

All ... Component Color
Counting; Components
with Same Number of Col-
ors; Component with Most
Distinct Colors; Compo-
nent with Fewest Distinct
Colors ...

All

Table 8: Abstractions with their assigned knowledge priors. “–” denotes no priors, while “All” indicates all
priors in the corresponding category, as defined in Table 6. For the 4/8-connected-multi-color-non-background
abstractions, we present color-counting priors, highlighted in red, specific to multi-colored components, while all
other non-color-counting priors follow those in Table 6.
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?

Task 15696249 

def generate_output_image(input_image):
n = len(input_image)    
m = len(input_image[0])

uniform_row = None
    for i in range(n):

if all(pixel == input_image[i][0] for pixel in input_image[i]):
            uniform_row = i

break

uniform_col = None
    if uniform_row is None:

for j in range(m):
            col_pixels = [input_image[i][j] for i in range(n)]

if all(pixel == col_pixels[0] for pixel in col_pixels):
                uniform_col = j

break
output_size = 9
output = [[0 for _ in range(output_size)] for _ in range(output_size)]

if uniform_row is not None:
block_row = uniform_row  # 0-indexed: 0 for first, 1 for middle, 2 for last.
start_row = 3 * block_row
for i in range(3):

new_row = input_image[i] * 3  # Repeat side-by-side three times.
output[start_row + i] = new_row

elif uniform_col is not None:
block_col = uniform_col  # 0-indexed column position.
start_col = 3 * block_col
for r in range(9):

in_row = input_image[r % 3]
for c in range(3):

                output[r][start_col + c] = in_row[c]

return output

Look at the input’s rows and columns to see whether 

any entire row is “uniform” (all the same number) or any entire column is uniform ...

Check the examples:
Example 1: Input row 2 is [3, 3, 3] (uniform). So the entire input is copied horizontally ...
Example 2: Input column 1 is [2, 2, 2] (uniform). So the input is “stacked” ...
Example 3: Input row 1 is [1, 1, 1] (uniform). So the input is copied horizontally ...
Example 4: Input column 1 is uniform ([3, 3, 3]), so the input is stacked vertically ...

Code Solution

Plan

The plan identifies correct

conditions and implements

code accordingly, yielding
the correct solution.

def generate_output_image(input_image):
output = [[0 for _ in range(9)] for _ in range(9)]
def is_uniform(lst):

return all(x == lst[0] for x in lst)
    # Check vertical condition: if the first column is uniform.

first_col = [row[0] for row in input_image]
if is_uniform(first_col):

for r in range(9):
in_row = input_image[r % 3]
for j in range(3):

                output[r][j] = in_row[j]
else:

# Horizontal replication:

        # Decide which horizontal band to fill based on the uniformity of the first row.
block_row_index = 0 if is_uniform(input_image[0]) else 1
for i in range(3):

for block in range(3):
for j in range(3):

                    output[block_row_index * 3 + i][block * 3 + j] = input_image[i][j]

Code Solution

Repeated sampling with standalone code generation

Repeated sampling with planning-aided code generation

Incorrect condition.

Figure 13: ARC problem 15696249, where repeated sampling with standalone code generation produces an
incorrect solution, whereas repeated sampling with planning-aided code generation yields the correct solution using
GPT-o3-mini.
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?

Task d19f7514 

def generate_output_image(input_image):

cropped = input_image[:6]
    rows = len(cropped)
    cols = len(cropped[0])

# Step 2. Build the base image: every nonzero becomes 4.
base = [[4 if pixel != 0 else 0 for pixel in row] for row in cropped]

# The output image starts with the first (top) row of the base.
output = [base[0][:]]

def is_active(row):
return any(pixel != 0 for pixel in row)

# Process each subsequent row.
for r in range(1, rows):

# Start with the base row.
new_row = base[r][:]

if is_active(cropped[r]):
for c in range(cols):

# Only consider blank cells that were not drawn originally.
if new_row[c] == 0 and cropped[r][c] == 0:

# Propagate only if the cell directly above is 4.
if output[r-1][c] == 4:

# For a right border cell, propagate automatically.
if c == cols - 1:

                            new_row[c] = 4

else:
                            left_drawn = (c - 1 >= 0 and cropped[r][c - 1] != 0)
                            right_drawn = (c + 1 < cols and cropped[r][c + 1] != 0)

if left_drawn or right_drawn:
                                new_row[c] = 4

output.append(new_row)
return output

def generate_output_image(input_image):
# Step 1: Discard the lower 6 rows to work only with the top 6 rows.
cropped = [row[:] for row in input_image[:6]]

# Step 2: Change every nonzero pixel to 4 (convert 3's or any nonzero values to 4).
for r in range(len(cropped)):

for c in range(len(cropped[r])):
if cropped[r][c] != 0:

                cropped[r][c] = 4

# Step 3: Vertical propagation.
    # Process from the second row (index 1) downwards

for r in range(1, len(cropped)):
for c in range(len(cropped[r])):

# If this pixel is 0 and the pixel immediately above is 4, fill it with 4.
if cropped[r][c] == 0 and cropped[r-1][c] == 4:

                cropped[r][c] = 4

return cropped

Initial incorrect code

Incorrect code after refinements

Incorrect logic persists

after refinements.

def generate_output_image(input_image):
# Split the input image into two halves
num_rows = len(input_image)

    mid = num_rows // 2
top_half = []

    bottom_half = []

# Replace nonzero pixels with 4 in both halves
for i in range(mid):

        top_half.append([4 if pixel != 0 else 0 for pixel in input_image[i]])
for i in range(mid, num_rows):

        bottom_half.append([4 if pixel != 0 else 0 for pixel in input_image[i]])

# Combine the corresponding rows of the top and bottom halves using pixelwise OR (nonzero becomes 4)
output_image = []
for i in range(mid):

        combined_row = []
for j in range(len(top_half[i])):

# If either pixel in the corresponding column is nonzero (i.e., equals 4), output 4; otherwise 0.
if top_half[i][j] or bottom_half[i][j]:

                combined_row.append(4)
else:

                combined_row.append(0)
        output_image.append(combined_row)

return output_image

Repeated sampling with planning-aided code generation

Code Solution

Correct logic.

Refinement with planning-aided code generation

Figure 14: ARC problem d19f7514, where repeated sampling with planning-aided code generation produces a
correct solution, whereas its refinement variant fails to refine the initial erroneous code, and the incorrect logic
persists across subsequent refinements when using GPT-o3-mini.
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Figure 15: Average token cost for augmenting priors at each level across four LLMs. K is 103.

26



Task 358ba94e 

?

def generate_output_image(input_image):
freq = {}
for row in input_image:

for pix in row:
if pix != 0:

                freq[pix] = freq.get(pix, 0) + 1
# If there is no non‐zero pixel, return a 5×5 zero matrix.
if not freq:

return [[0, 0, 0, 0, 0] for _ in range(5)]
# Determine the “digit” (nonzero value) that occurs most often.
digit = max(freq, key=freq.get)

# Return the fixed normalized 5×5 pattern corresponding to the detected digit.
if digit == 7:

return [
            [7, 7, 7, 7, 7],
            [7, 0, 7, 7, 7],
            [7, 7, 7, 0, 7],
            [7, 0, 7, 7, 7],
            [7, 7, 7, 7, 7]
        ]

elif digit == 8:
return [

            [8, 8, 8, 8, 8],
            [8, 0, 8, 0, 8],
            [8, 8, 8, 8, 8],
            [8, 0, 8, 0, 8],
            [8, 8, 8, 8, 8]
        ]

elif digit == 6:
return [

            [6, 6, 6, 6, 6],
            [6, 0, 6, 0, 6],
            [6, 6, 6, 6, 6],
            [6, 0, 6, 6, 6],
            [6, 6, 6, 6, 6]
        ]

elif digit == 2:
return [

            [2, 2, 2, 2, 2],
            [2, 2, 2, 2, 2],
            [2, 0, 2, 2, 2],
            [2, 2, 2, 2, 2],
            [2, 2, 2, 2, 2]
        ]

elif digit == 1:
# For the test image the drawn digit is 1.

        # We choose a pattern that follows a similar style to the others.
return [

            [1, 1, 1, 1, 1],
            [1, 0, 1, 0, 1],
            [1, 1, 1, 1, 1],
            [1, 0, 1, 1, 1],
            [1, 1, 1, 1, 1]
        ]

else:
# For any other digit, simply fill a 5x5 matrix with that digit.
return [[digit]*5 for _ in range(5)]

Code Solution

Copy the output matrices.

Figure 16: ARC problem 358ba94e, where repeated sampling with standalone code generation produces an incorrect
solution by replicating the output matrices of training instances when using GPT-o3-mini.
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Task 695367ec 

def generate_output_image(input_image):
# Determine the color value from the input image.
v = input_image[0][0]

# Get the input image dimension (assumed square).
n = len(input_image)

# Set the output image dimensions (always 15x15 as per the transformation rule).
out_size = 15

# Define grid‐line indices for rows and columns based on the input dimension.
    # These mappings are inferred from the examples:
    # For 2x2 and 5x5 inputs, grid‐lines occur at indices: 2, 5, 8, 11, 14.
    # For a 3x3 input, grid‐lines occur at indices: 3, 7, 11.
    # For a 4x4 input, grid‐lines occur at indices: 4, 9, 14.

if n in (2, 5):
        grid_indices = {2, 5, 8, 11, 14}

elif n == 3:
        grid_indices = {3, 7, 11}

elif n == 4:
        grid_indices = {4, 9, 14}

else:
# Default: evenly space n grid-lines over a 15-element dimension.

        # This is a fallback if the input size is not one of the above.
block_size = out_size // (n + 1)

        grid_indices = {(i + 1) * block_size - 1 for i in range(n)}

# Create the 15x15 output image based on the grid drawing rule.
output = []
for r in range(out_size):

if r in grid_indices:
# This is a separator (grid‐line) row; paint the entire row with v.
output.append([v] * out_size)

else:
# For a pattern row, only the pixels at grid‐line column positions are painted.
row = []
for c in range(out_size):

if c in grid_indices:
                    row.append(v)

else:
                    row.append(0)
            output.append(row)

return output

?

Code Solution

Text

Generate a rule for

each input size.

Figure 17: ARC problem 695367ec, where RSPC and KAAR generate the same code solution that passes the
training instances but fails on the test instance using GPT-o3-mini.

def generate_output_image(input_image):
# Determine the border pattern based on the top row of the 6x6 input.

    # Count how many 8's appear in the first row.
count_eights = sum(1 for pixel in input_image[0] if pixel == 8)

# If two or more 8's are present, use the "full-active" pattern for active rows.
if count_eights >= 2:

        active_pattern = [8, 8, 0, 8, 8]
        top_active = active_pattern
        second_active = active_pattern

else:
# Use the "softer-border" pattern:
top_active = [0, 8, 0, 0, 8]

        second_active = [8, 8, 0, 8, 8]

# The blank row (middle row) is always all zeros.
blank = [0, 0, 0, 0, 0]

# Construct the final 5x5 output image.
    # The output consists of:
    #   - The first active row (top_active)
    #   - The second active row (second_active)
    #   - A middle blank row (blank)
    #   - The vertical mirror of the active rows (top_active then second_active).

output_image = [
        top_active,
        second_active,
        blank,
        top_active,
        second_active
    ]

return output_image

?

No objective-centric reasoning.

Rules are only applied to
training instances.

Task b1fc8b8e  Code Solution

Figure 18: ARC problem b1fc8b8e, where RSPC and KAAR generate the same code solution that passes the training
instances but fails on the test instance using GPT-o3-mini.
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Figure 19: Asymmetric relative coverage matrix of nine ARC solvers using GPT-o3-mini, showing the proportion
of problems whose test instances are solved by the row solver that are also solved by the column solver. P denotes
the solution plan; C and PC refer to standalone and planning-aided code generation, respectively.
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Figure 20: Asymmetric relative coverage matrix of nine ARC solvers using Gemini-2.0, showing the proportion of
problems whose test instances are solved by the row solver that are also solved by the column solver. P denotes the
solution plan; C and PC refer to standalone and planning-aided code generation, respectively.
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Figure 21: Asymmetric relative coverage matrix of nine ARC solvers using QwQ-32B, showing the proportion of
problems whose test instances are solved by the row solver that are also solved by the column solver. P denotes the
solution plan; C and PC refer to standalone and planning-aided code generation, respectively.
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Figure 22: Asymmetric relative coverage matrix of nine ARC solvers using DeepSeek-R1-70B, showing the
proportion of problems whose test instances are solved by the row solver that are also solved by the column solver.
P denotes the solution plan; C and PC refer to standalone and planning-aided code generation, respectively.
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L Prompts for LLMs 1363

We include all prompts used by KAAR and nine ARC solvers described in Section 3. We adopt a bash-like 1364

notation for input arguments within the prompts, such as ${test_inputs} denotes the test input 2D matrices. 1365

A brief description of the prompts used for each solver is provided below. 1366

• Direct generation with solution plan: Prompt 1 describes how to generate the solution plan, and 1367

Prompt 2 uses the generated plan to produce the output images. 1368

• Direct generation with standalone code: Prompt 3 describes how to generate the code to produce 1369

the output images. 1370

• Direct generation with planning-aided code: It first generates a solution plan using Prompt 1, then 1371

uses Prompt 4 to produce code based on the generated plan. 1372

• Repeated sampling with solution plan: It can be regarded as an iterative version of direct generation 1373

with solution plan, and thus also uses Prompts 1 and 2. 1374

• Repeated sampling with standalone code: It can be regarded as an iterative version of direct 1375

generation with standalone code, and thus also uses Prompt 3. 1376

• Repeated sampling with planning-aided code: It can be regarded as an iterative version of direct 1377

generation with planning-aided code, and thus also uses Prompts 1 and 4. 1378

• Refinement with solution plan: Prompt 5 describes the process of refining the generated solution 1379

plan with the validation samples. It uses Prompts 1 and 2 to generate the initial plan and the result 1380

image. 1381

• Refinement with the standalone code: Prompt 6 describes the process of refining the generated 1382

code with the validation samples. It uses Prompt 3 to produce the initial code solution. 1383

• Refinement with the planning-aided code: Prompt 7 describes the process of refining the generated 1384

plan and code with the validation samples. It use Prompts 1 and 4 to generate the initial plan and 1385

produce the initial code guided by the plan, respectively. 1386

• KAAR: Prompt 8 describes the augmentation of objectness priors. Prompts 9 and 10 introduce 1387

the augmentation of geometry and topology priors, encoded as component attributes and relations, 1388

respectively. Prompt 11 outlines the augmentation of numbers and counting priors. Prompts 12 1389

and 13 describe action selection and target component identification in the process of augmenting 1390

goal-directedness priors. For prompts implementing each action’s implementation details, please 1391

refer to our code. 1392

Prompt 1: Direct generation with solution plan - solution plan generation.
1393

================================ System ================================ 1394
You are an expert in analyzing grid-based image processing tasks. Your objective is to 1395
derive a text transformation plan (not Python code) from each given input-output image 1396
pair (both represented as 2D matrices), and then apply this plan to generate output image 1397
(s), represented as a 2D matrix, based on the given test input image(s) (2D matrix). 1398
Ensure that the derived plan generalizes across different cases while preserving 1399
consistency with the observed transformations. 1400

1401
================================= User ================================= 1402
The input data consists of a few pairs of input and output images, where the left image 1403
in each pair represents the input, and the right image represents the corresponding 1404
output. Each image can be represented as a 2D matrix: ${matrix} 1405

1406
Please note that each number in the matrix corresponds to a pixel, and its value 1407
represents the color. 1408

1409
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Derive a text transformation plan (not Python code) that maps each given input image (2D1410
matrix) to its corresponding output image (2D matrix). Ensure that the plan generalizes1411
across different cases and the test input image(s) (2D matrix) while maintaining1412
consistency with the observed transformations.1413

1414
The test input image(s): ${test_inputs}14151416

Prompt 2: Direct generation with solution plan - output image(s) generation from the plan.
1417

================================ System ================================1418
You are an expert in analyzing grid-based image processing tasks. Your objective is to1419
generate output image(s), represented as a 2D matrix, based on the given input images (2D1420
matrix) and a derived text transformation plan.1421

1422
================================= User =================================1423
Please generate the output image(s) as a 2D matrix (not Python code) based on the given1424
input image(s) (2D matrix) and the text transformation plan. Output only the test output1425
image(s) in 2D matrix format (not Python code). For each test input image, start with [1426
Start Output Image] and end with [End Output Image].1427

1428
For example, if there is one test input image, the output image should be:1429
[Start Output Image]1430
[[0,0,0], [0,0,0], [0,0,0]]1431
[End Output Image]1432

1433
If there are multiple (2) test input images, the the output images should be outputted as1434
:1435
[Start Output Image]1436
[[0,0,0], [0,0,0], [0,0,0]]1437
[End Output Image]1438
[Start Output Image]1439
[[1,1,1], [1,1,1], [1,1,1]]1440
[End Output Image]1441

1442
The test input image(s): ${test_inputs}14431444

Prompt 3: Direct generation with standalone code.
1445

================================ System ================================1446
You are an expert in analyzing grid-based image processing tasks. Your goal is to1447
generate Python code that produces output image(s), represented as a 2D matrix, based on1448
the given input image(s) (2D matrix).1449

1450
================================= User =================================1451
The input data consists of a few pairs of input and output images, where the left image1452
in each pair represents the input and the right image represents the corresponding output1453
.1454
Each image can be represented as a 2D matrix: ${matrix}1455
The test input image(s): ${test_inputs}1456

1457
Please note that each number in the matrix corresponds to a pixel, and its value1458
represents the color.1459

1460
Generate a Python script to map each input image (2D matrix) to the corresponding output1461
image (2D matrix).1462
Ensure that the Python script generalizes across different cases and test input image(s)1463
while maintaining consistency with the observed input-output image pairs.1464
Please output the Python program, starting with [Start Program] and ending with [End1465
Program].1466
Include an assert statement with the function signature to verify that the generated1467
output matches the expected result, starting with [Assert Statement].1468
Use placeholders like input_image and output_image for the variables representing the1469
input and output images.1470

1471
For example:1472
[Start Program]1473
def generate_output_image(input_image):1474

rows = len(input_image)1475
cols = len(input_image[0])1476
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1477
def dfs(r, c): 1478

"""Depth-first search to mark all 4-connected '1's to '2's.""" 1479
if r < 0 or r >= rows or c < 0 or c >= cols or input_image[r][c] != 1: 1480

return 1481
# Change the current component from 1 to 2 1482
input_image[r][c] = 2 1483
# Explore neighbors (up, down, left, right) 1484
dfs(r - 1, c) # Up 1485
dfs(r + 1, c) # Down 1486
dfs(r, c - 1) # Left 1487
dfs(r, c + 1) # Right 1488

1489
# Traverse the image to find all components with '1' 1490
for r in range(rows): 1491

for c in range(cols): 1492
if input_image[r][c] == 1: 1493

dfs(r, c) 1494
return input_image 1495

[End Program] 1496
[Assert Statement] 1497
assert generate_output_image(input_image) == output_image 1498

1499
Please note, the assert statement should strictly follow the provided format, and the 1500
output image should be represented in list format! 1501
Please note, the script should not include an if __name__ == "__main__": block. 15021503

Prompt 4: Direct generation with planning-aided code - code generation based on the generated plan.
1504

================================ System ================================ 1505
You are an expert in analyzing grid-based image processing tasks. Your goal is to 1506
generate Python code that produces output image(s) represented as a 2D matrix, based on 1507
the given input image(s) (2D matrix). This code should be generated using a text 1508
transformation plan inferred from a set of input-output image pairs (both represented as 1509
2D matrices). 1510

1511
================================= User ================================= 1512
Generate a Python script based on your text transformation plan to map the input image (2 1513
D matrix) to the output image (2D matrix). Please output the Python program, starting 1514
with [Start Program] and ending with [End Program]. Include an assert statement with the 1515
function signature to verify that the generated output matches the expected result, 1516
starting with [Assert Statement]. Use placeholders like input_image and output_image for 1517
the variables representing the input and output images. 1518

1519
For example: 1520
[Start Program] 1521
def generate_output_image(input_image): 1522

rows = len(input_image) 1523
cols = len(input_image[0]) 1524

1525
def dfs(r, c): 1526

"""Depth-first search to mark all 4-connected '1's to '2's.""" 1527
if r < 0 or r >= rows or c < 0 or c >= cols or input_image[r][c] != 1: 1528

return 1529
# Change the current component from 1 to 2 1530
input_image[r][c] = 2 1531
# Explore neighbors (up, down, left, right) 1532
dfs(r - 1, c) # Up 1533
dfs(r + 1, c) # Down 1534
dfs(r, c - 1) # Left 1535
dfs(r, c + 1) # Right 1536

1537
# Traverse the image to find all components with '1' 1538
for r in range(rows): 1539

for c in range(cols): 1540
if input_image[r][c] == 1: 1541

dfs(r, c) 1542
return input_image 1543

1544
[End Program] 1545
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[Assert Statement]1546
assert generate_output_image(input_image) == output_image1547

1548
Please note, the assert statement should strictly follow the provided format, and the1549
output image should be represented in list format!1550
Please note, the script should not include an if __name__ == "__main__": block.15511552

Prompt 5: Refinement with solution plan - plan refinement.
1553

================================ System ================================1554
As an expert in analyzing grid-based image processing tasks, your objective is to refine1555
your solution plan based on the provided feedback.1556

1557
================================= User =================================1558
The problem description:1559
[start problem description]1560
The input data consists of a few pairs of input and output images, where the left image1561
in each pair represents the input, and the right image represents the corresponding1562
output. Each image can be represented as a 2D matrix: ${matrix}1563
Please note that each number in the matrix corresponds to a pixel, and its value1564
represents the color.1565
[end problem description]1566

1567
The INCORRECT text transformation plan fails to solve some example training input and1568
output pairs in the above problem!1569

1570
[start incorrect transformation plan]1571
${plan}1572
[end incorrect transformation plan]1573

1574
The incorrect output(s) generated by the incorrect plan:1575
[start incorrect output]1576
${incorrect_output}1577
[end incorrect output]1578

1579
The generated correct output(s):1580
[start correct output]1581
${correct_output}1582
[end correct output]1583

1584
Please analyze the incorrect reasoning step-by-step, and then generate the revised1585
correct transformation plan (text only), starting with [Start Revised Transformation Plan1586
] and ending with [End Revised Transformation Plan]. Ensure that the revised1587
transformation plan generalizes across different cases and the test input image(s), while1588
maintaining consistency with the observed transformations.15891590

Prompt 6: Refinement with standalone code - code refinement.
1591

================================ System ================================1592
As an expert in analyzing grid-based image processing tasks, your objective is to refine1593
your program based on the provided feedback.1594

1595
================================= User =================================1596
The problem description:1597
[start problem description]1598
The input data consists of a few pairs of input and output images, where the left image1599
in each pair represents the input, and the right image represents the corresponding1600
output. Each image can be represented as a 2D matrix: ${matrix}1601
Please note that each number in the matrix corresponds to a pixel, and its value1602
represents the color.1603
[end problem description]1604

1605
The generated incorrect program fails to solve some example training input and output1606
pairs in the above problem!1607

1608
[start incorrect program]1609
${code}1610
[end incorrect program]1611

1612
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The incorrect output(s) generated by the incorrect program: 1613
[start incorrect output] 1614
${incorrect_output} 1615
[end incorrect output] 1616

1617
The generated correct output(s): 1618
[start correct output] 1619
${correct_output} 1620
[end correct output] 1621

1622
Please analyze the incorrect reasoning step-by-step, and then generate the revised 1623
program (Python program only), starting with [Start Revised Program] and ending with [End 1624
Revised Program]. Ensure that the revised program generalizes across different cases and 1625
the test input image(s), while maintaining consistency with the observed input and 1626
output image pairs. 1627

1628
Please include an assert statement with the function signature to verify that the 1629
generated output matches the expected result, starting with [Assert Statement]. Use 1630
placeholders like input_image and output_image for the variables representing the input 1631
and output images. 1632

1633
For example: 1634
[Start Revised Program] 1635
def generate_output_image(input_image): 1636

rows = len(input_image) 1637
cols = len(input_image[0]) 1638

1639
def dfs(r, c): 1640

"""Depth-first search to mark all 4-connected '1's to '2's.""" 1641
if r < 0 or r >= rows or c < 0 or c >= cols or input_image[r][c] != 1: 1642

return 1643
# Change the current component from 1 to 2 1644
input_image[r][c] = 2 1645
# Explore neighbors (up, down, left, right) 1646
dfs(r - 1, c) # Up 1647
dfs(r + 1, c) # Down 1648
dfs(r, c - 1) # Left 1649
dfs(r, c + 1) # Right 1650

1651
# Traverse the image to find all components with '1' 1652
for r in range(rows): 1653

for c in range(cols): 1654
if input_image[r][c] == 1: 1655

dfs(r, c) 1656
return input_image 1657

[End Revised Program] 1658
[Assert Statement] 1659
assert generate_output_image(input_image) == output_image 1660

1661
Please note, the assert statement should strictly follow the provided format, and the 1662
output image should be represented in list format! 1663
Please note, the script should not include an if __name__ == "__main__": block. 16641665

Prompt 7: Refinement with planning-aided code - refinement on both generated plan and code.
1666

================================ System ================================ 1667
As an expert in analyzing grid-based image processing tasks, your objective is to refine 1668
your transformation plan and program based on the provided feedback. 1669

1670
================================= User ================================= 1671
The problem description: 1672
[start problem description] 1673
The input data consists of a few pairs of input and output images, where the left image 1674
in each pair represents the input, and the right image represents the corresponding 1675
output. Each image can be represented as a 2D matrix: ${matrix} 1676
Please note that each number in the matrix corresponds to a pixel, and its value 1677
represents the color. 1678
[end problem description] 1679

1680

37



The generated incorrect transformation plan and program fail to solve some example1681
training input and output pairs in the above problem!1682

1683
[start incorrect transformation plan]1684
${plan}1685
[end incorrect transformation plan]1686

1687
[start incorrect program]1688
${code}1689
[end incorrect program]1690

1691
The incorrect output(s) generated by the incorrect transformation plan and program:1692
[start incorrect output]1693
${incorrect_output}1694
[end incorrect output]1695

1696
The generated correct output(s):1697
[start correct output]1698
${correct_output}1699
[end correct output]1700

1701
Please analyze the incorrect reasoning step-by-step, and then generate the revised1702
transformation plan (text only) and program (Python program only).1703

1704
For the revised transformation plan, start with [Start Revised Transformation Plan] and1705
end with [End Revised Transformation Plan]. Ensure that the revised transformation plan1706
generalizes across different cases and the test input image(s), while maintaining1707
consistency with the observed transformations.1708

1709
For the revised Python program, start with [Start Revised Program] and end with [End1710
Revised Program]. Ensure that the revised program generalizes across different cases and1711
the test input image(s), while maintaining consistency with the observed input and output1712
image pairs.1713

1714
For the revised Python program, please include an assert statement with the function1715
signature to verify that the generated output matches the expected result, starting with1716
[Assert Statement]. Use placeholders like input_image and output_image for the variables1717
representing the input and output images.1718

1719
For example:1720
[Start Revised Program]1721

1722
def generate_output_image(input_image):1723

rows = len(input_image)1724
cols = len(input_image[0])1725

1726
def dfs(r, c):1727

"""Depth-first search to mark all 4-connected '1's to '2's."""1728
if r < 0 or r >= rows or c < 0 or c >= cols or input_image[r][c] != 1:1729

return1730
# Change the current component from 1 to 21731
input_image[r][c] = 21732
# Explore neighbors (up, down, left, right)1733
dfs(r - 1, c) # Up1734
dfs(r + 1, c) # Down1735
dfs(r, c - 1) # Left1736
dfs(r, c + 1) # Right1737

1738
# Traverse the image to find all components with '1'1739
for r in range(rows):1740

for c in range(cols):1741
if input_image[r][c] == 1:1742

dfs(r, c)1743
return input_image1744

[End Revised Program]1745
[Assert Statement]1746
assert generate_output_image(input_image) == output_image1747

1748
Please note, the assert statement should strictly follow the provided format, and the1749
output image should be represented in list format!1750
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Please note, the script should not include an if __name__ == "__main__": block. 17511752

Prompt 8: Objectness priors augmentation
1753

================================ System ================================ 1754
You are an expert in grid-based image analysis. 1755

1756
================================= User ================================= 1757
The training instances consist of several pairs of input and output images, where the 1758
left image in each pair represents the input and the right image represents the 1759
corresponding output. 1760
Please note that the test instance(s) only contains input image(s). 1761
Each image is represented as a 2D matrix: 1762
${matrix} 1763

1764
Please note that each number in the matrix corresponds to a pixel and its value 1765
represents the color. 1766

1767
We treat the color represented by the number {background_color} as the background color. 1768
${abstraction_rule} 1769
The components in each input and output image pair are as follows: 1770
${component_description} 17711772

Prompt 9: Geometry and topology priors augmentation - component attributes
1773

================================ System ================================ 1774
You are an expert in geometry and topology analysis. Below is a summary of component 1775
attributes, including: 1776
Size (Width and Height); Color; Shape; Symmetry; Bounding Box; Hole Count; Nearest 1777
Boundary. 1778
================================= User ================================= 1779
${geometry_and_topology_priors_attributes}$ 17801781

Prompt 10: Geometry and topology priors augmentation - component relations
1782

================================ System ================================ 1783
You are an expert in geometry and topology analysis, Below is a summary of component 1784
relations, including: 1785
Different/Identical with other components; Inclusive; Touching or or not touching with 1786
other component; Spatial Relations, 1787

1788
================================= User ================================= 1789
${geometry_and_topology_priors_relations}$ 17901791

Prompt 11: Numbers and counting priors augmentation
1792

================================ System ================================ 1793
You are an expert in numbers and counting analysis. Below is a summary of component 1794
statistics, including: 1795
Symmetry numerical summary; Size numerical summary; Color numerical summary; Shape 1796
numerical summary; Hole counting summary. 1797
================================= User ================================= 1798
${numbers_and_couting_priors}$ 17991800

Prompt 12: Goal-directedness priors augmentation - action selection
1801

================================ System ================================ 1802
You are an expert in analyzing and categorizing grid-based image tasks. 1803
================================= User ================================= 1804

1805
Please determine which category or categories this task belongs to. Please select from 1806
the following: 1807
1. color change: color change involves modifying the value of a component, and the 1808
component size and position always does not change. 1809
2. movement: movement involves shifting the position of a component to a new location 1810
within the image, and the component size always does not change. 1811
3. extension: extending involves expanding the boundaries of a component to increase its 1812
size or reach within the image, and the component size always changes. 1813
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4. completing: completing an image involves filling in missing or incomplete parts of a1814
component to achieve a coherent and fully formed image.1815
5. resizing: resizing involves altering the dimensions of a component by expanding or1816
shrinking its size within the image.1817
6. selecting: selecting involves identifying and isolating a specific component within1818
the image as the output component, and the component size and color always does not1819
change.1820
7. copying: copying involves duplicating a component and either placing the duplicate in1821
a new location or replacing the existing component within the image.1822
8. flipping: flipping involves mirroring a component along a specified axis to reverse1823
its orientation within the image.1824
9. rotation: rotation involves turning a component around a fixed point or center by a1825
specified angle within the image.1826
10. cropping: cropping involves cutting out a specific portion of a component.1827

1828
Please select the best suitable one or multiple categories from the provided list that1829
best describe the task.1830

1831
Format your response by starting with [start category] and ending with [end category],1832
numbering each category selected.1833

1834
For example, if the task belongs only to "color change", your response should be:1835
[start category]1836
1. color chang1837
[end category]1838

1839
If the task belongs to both "selecting" and "extension", your response should be:1840
[start category]1841
1. selecting1842
2. extension1843
[end category]18441845

Prompt 13: Goal-directedness priors augmentation - target component idetification
1846

================================ System ================================1847
You are an expert in analyzing grid-based image tasks, specifically in ${action}1848
components.1849
================================= User =================================1850
If this task involves ${action}:1851
1. Begin by identifying WHICH COMPONENTS are to be ${action} in all input images (1852
training and test pairs).1853
- Refer to these components as TARGET components (e.g., component 1 in the first input1854
image, component 2 and component 3 in the second input image, etc.).1855
- List ALL target components in each training and test input image.1856
- For EACH target component, provide:1857

- Attribute Analysis result1858
- Relation analysis result1859
- Numerical analysis result1860

1861
2. Determine the CONDITIONS used to select these TARGET components for ${action} from1862
each training and test input image.1863
- These conditions must be based on common priorities across all targeted components and1864
must differ from the unselected components.1865
- For example: the size of all target components might be equal to 3 while the size of1866
the unselected components is not 3.1867
2.1. Analyze whether these conditions are EMPTY or not.1868
2.2. Evaluate if these conditions are derived from attribute analysis, including:1869
2.2.1. Color1870
2.2.2. Size1871
2.2.3. Shape1872
2.2.4. Width1873
2.2.5. Height1874
2.2.6. The number of holes1875
2.2.7. Bounding box1876
2.2.8. Symmetry1877
2.2.9. Nearest boundary1878
2.3. Evaluate if these conditions are derived from relation analysis, including:1879
2.3.1. Relative position with other components1880
2.3.2. Touching with other components1881
2.3.3. Whether they differ from or are identical with other components1882
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2.3.4. Enclosure of other components 1883
2.4. Evaluate if these conditions are derived from numerical analysis, including: 1884
2.4.1. Symmetry numerical analysis 1885
2.4.2. Size numerical analysis 1886
2.4.3. Color numerical analysis 1887
2.4.4. Shape numerical analysis 1888
2.4.5. Hole counting analysis 1889

1890
You must evaluate each condition ONE by ONE and determine the best conditions. 1891
Note: 1892
- The conditions MUST work for ALL training and test input and output image pairs. 1893
- Conditions CANNOT come from the output images! 1894
- A condition can be EMPTY. 1895
- If a condition is based on numerical features (e.g., size (width and height), or the 1896
number of holes), you may use the operators =, <, >, >=, or <=. 1897
- For cropping or selecting tasks, consider using a bounding box to extract each 1898
component. 18991900
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