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Abstract

Despite extensive research on reasoning-
oriented LLMs, core cognitive faculties of
human intelligence, such as abstract reason-
ing and generalization, remain underexplored.
To address this, we evaluate recent reasoning-
oriented LLMs on the Abstraction and Reason-
ing Corpus (ARC) benchmark, which explicitly
demands both faculties. We formulate ARC as
a program synthesis task and propose nine can-
didate solvers. Experimental results show that
repeated-sampling planning-aided code gener-
ation (RSPC) achieves the highest test accu-
racy and demonstrates consistent generalization
across most LLMs. To further improve perfor-
mance, we introduce Knowledge Augmenta-
tion for Abstract Reasoning (KAAR), which
encodes core knowledge priors within an ontol-
ogy that classifies priors into three hierarchical
levels based on their dependencies. KAAR
progressively expands LLM reasoning capacity
by gradually augmenting priors at each level,
and invokes RSPC to generate candidate solu-
tions after each augmentation stage. Empirical
results show that KAAR maintains strong gen-
eralization and consistently outperforms non-
augmented RSPC across all evaluated LLMs,
achieving around 5% absolute gains and up
to 64.52% relative improvement. Our code is
available at https://github.com/you68681/
kaar.

1 Introduction

Abstract reasoning and generalization are funda-
mental to understanding and evaluating machine
intelligence (Matkinski and Mandziuk, 2023; Bar-
rett et al., 2018; Moskvichev et al., 2023). Chollet
(2019) introduced the Abstraction and Reasoning
Corpus (ARC) to assess these capabilities of Al sys-
tems. In each ARC task, the solver is required to
infer generalized rules or procedures from a small
set of training instances, typically fewer than five
input-output image pairs, and apply them to gen-
erate output images for given input images in test

instances (Figure 1 (a)). Each image in ARC is a
pixel grid represented as a 2D matrix, where each
value denotes a pixel color (Figure 1 (b)). ARC
evaluates broad generalization, encompassing rea-
soning over individual input-output pairs and infer-
ring generalized solutions via high-level abstrac-
tion, akin to inductive reasoning (Peirce, 1868).

ARC is grounded in core knowledge priors that
serve as foundational cognitive faculties of human
intelligence (Spelke and Kinzler, 2007). We note
that all ARC solvers are assumed to possess these
priors, enabling equitable comparisons between
Al systems and human cognitive abilities (Chollet,
2019). An abstract and expressive representation
of core knowledge priors is fundamental in ARC
to enable human-like reasoning (Chollet, 2019).
Specifically, these priors include: (1) objectness —
aggregating elements into coherent, persistent ob-
jects; (2) geometry and topology — recognizing and
manipulating shapes, symmetries, spatial transfor-
mations, and structural patterns (e.g., containment,
repetition, projection); (3) numbers and counting —
counting, sorting, comparing quantities, perform-
ing basic arithmetic, and identifying numerical pat-
terns; and (4) goal-directedness — inferring pur-
poseful transformations between initial and final
states without explicit temporal cues.

Chollet (2019) suggested approaching ARC
tasks as instances of program synthesis. Following
this proposal, previous solvers, Abstract Reason-
ing with Graph Abstractions (ARGA) (Xu et al.,
2023) and Generalized Planning for Abstract Rea-
soning (GPAR) (Lei et al., 2024), a state-of-the-
art object-centric solver, have successfully solved
subsets of ARC tasks by searching for program
solutions within object-centric domain-specific lan-
guages (DSLs). GPAR and KAAR achieve no-
table generalization benefits from their lifted core
knowledge priors representations in DSLs. How-
ever, the expansive search space limits their scala-
bility. Recently, reasoning-oriented LLMs trained
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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.

via reinforcement learning to integrate chain-of-
thought reasoning (Wei et al., 2022) further ad-
vance program synthesis performance. Common
approaches using LLMs for code generation in-
clude repeated sampling, where multiple candi-
date programs are generated (Chen et al., 2021),
followed by best-program selection strategies (Li
et al., 2022; Chen et al., 2023; Zhang et al., 2023;
Ni et al., 2023), and code refinement, where initial
LLM-generated code is iteratively improved using
error feedback from execution results (Zhong et al.,
2024; Lei et al., 2025) or LLM-generated explana-
tions (Zhong et al., 2024; Chen et al., 2024; Lei
et al., 2025). We note that ARC presents greater
challenges than existing program synthesis bench-
marks such as HumanEval (Chen et al., 2021),
MBPP (Austin et al., 2021), and LiveCode (Jain
et al., 2025), due to its emphasis on generalization
and abstract reasoning grounded in core knowl-
edge priors, which remain underexplored. This
gap motivates our evaluation of reasoning-oriented
LLMs on the ARC benchmark and our proposed
knowledge augmentation approach to improve their
performance. See Appendix A for detailed related
work.

We begin by systematically assessing how
reasoning-oriented LL.Ms approach ARC tasks
within the program synthesis framework, given
solely 2D matrices as input. In total, nine ARC
solvers are considered with accuracy on test in-
stances reported as the primary metric. When eval-
uated on the ARC public evaluation set (400 prob-
lems), repeated-sampling planning-aided code gen-
eration (RSPC) demonstrates consistent generaliza-
tion and achieves the highest test accuracy across
most evaluated LLMs. We treat the most compet-
itive ARC solver, RSPC, as the solver backbone.
We further propose Knowledge Augmentation for
Abstract Reasoning (KAAR) for solving ARC
tasks. KAAR refines the core knowledge priors

encoded in GPAR and formalizes them through a
lightweight ontology that organizes priors into hi-
erarchical levels based on their dependencies. It
incrementally augments LLMs with priors at each
level through in-context learning. After complet-
ing augmentation at each level, KAAR applies the

ARC solver backbone (RSPC) to generate the solu-

tion. This progressive augmentation enables LLMs

to gradually expand their reasoning capabilities and
facilitates stage-wise reasoning, aligning with hu-

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

Empirical results show that KAAR consistently

outperforms RSPC in test accuracy across all evalu-

ated LLMs, while preserving strong generalization.

We outline our contributions as follows:

* We evaluate the abstract reasoning and general-
ization capabilities of reasoning-oriented LL.Ms
on ARC using nine program synthesis solvers.

* We introduce KAAR, a knowledge augmentation
approach for solving ARC problems with LLMs,
further improving performance.

* We conduct a comprehensive performance anal-
ysis of the evaluated LL.Ms and proposed ARC
solvers, highlighting failure cases and remaining
challenges in ARC.

2 Problem Formulation

We formulate each ARC task as a tuple P =
(I, I;), where I, and I; are sets of training and
test instances. Each instance is an input-output im-
age pair (i’, i°), represented as 2D matrices. The
goal is to leverage the LLM M to generate a solu-
tion s based on training instances [, and test input
images {i* | (i*,i°) € I;}, where s maps each
test input 4° to its output i, i.e., s(i’) = i°, for
(i%,i°) € I;. We note that test input images are
visible during the generation of solution s, whereas
test output images become accessible only after s
is produced for validation. We encode the solution
s in different forms, as a text-based plan p, or as
Python code ¢, optionally guided by p. We denote
each ARC problem description, comprising I, and

{it] (i%,4°) € L}, as Q.
3 ARC Solver Backbone

LLMs have shown promise in solving tasks that
rely on ARC-relevant priors (Deng et al., 2024;
Meng et al., 2024; Ahn et al., 2024; Zang et al.,
2025), suggesting an implicit encoding of core
knowledge priors for solving ARC tasks. Unlike
previous work that treats LLMs as output image
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The training example(s):
input:[[1,1,1],[0,0,0],[0,0,0]]
output:[[e,0,0],[1,1,1],[0,0,0]]

The test input image(s):
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(b) Solution Plan P

(a) Problem Description @

I...for each cell in row i of the output (where
1i > @), set its value equal to the value from
Erow (i - 1) in the same column of the input.

' For the top row of the output (row @), fill
‘every cell with @ (the background color)...

deF generate_output_image (input_image) :
rows = len(input_image)
if rows = 0:
return []
cols = len(input_image[0])
output_image = []
output_image.append([0 for _ in range(cols)])
for i in range(1, rows):
output_image.append(input_image[i -
return output_image

(c) Python Code ¢

1].copy()) 3

Figure 2: ARC solution generation approaches: (1) direct generation, (2) repeated sampling, and (3) refinement,
with the GPT-03-mini input and response fragments (a—c) for solving task 25ff71a9 (Figure 1). For each approach,
when the solution s is code, s := ¢, a plan p is either generated from the problem description @) to guide code
generation (planning-aided) or omitted (standalone). Otherwise, when s := p, the plan p serves as the final solution.

generators (Min, 2023; Xu et al., 2024; Lee et al.,
2025), we cast each ARC task as a program synthe-
sis problem, which involves generating a solution
s from a problem description (), where knowledge
priors emerge from LLMs’ perception of grid dy-
namics. We consider established LLM-based code
generation approaches (Zhong et al., 2024; Lei
et al., 2025; Chen et al., 2024; Islam et al., 2024)
as candidate ARC solution generation strategies,
illustrated at the top of Figure 2. These include:
(1) direct generation, where LLM produces the so-
lution s in a single attempt, and then evaluates it
on test instances I;; (2) repeated sampling, where
LLM samples solutions until one passes training
instances I,., and then evaluates it on I;; and (3)
refinement, where LLM iteratively refines an initial
solution s based on failures on I, until it succeeds,
followed by evaluation on [;. In addition, we ex-
tend the solution representation beyond code to
include text-based solution plans. Given the prob-
lem description @ as input (Figure 2, block (a)),
all strategies prompt the LLM to generate a so-
lution s, represented either as a natural language
plan p (block (b)), s := p, or as a Python code ¢
(block (¢)), s := c¢. For s := p, the solution is
derived directly from Q). For s := ¢, we explore
two modalities: the LLM either generates c directly
from @ (standalone), or first generates a plan p for
@, which is then concatenated with ) to guide
subsequent code development (planning-aided), a
strategy widely adopted in recent work (Lei et al.,
2025; Jiang et al., 2024; Islam et al., 2024).

Repeated sampling and refinement iteratively
produce new solutions based on the correctness of
s on training instances [, and validate s on test
instances I; once it passes I, or the iteration limit

is reached. When s := p, its correctness is evalu-
ated by querying the LLM to generate each output
image i° given its corresponding input i’ and the
solution plan p, where (i, i°) € I, or (i*,1°) € I,.
Alternatively, when s := ¢, its correctness is as-
sessed by executing c on I, or I;. In repeated sam-
pling, the LLM iteratively generates a new plan p
and code ¢ from the problem description () without
additional feedback. In contrast, refinement revises
p and c by presenting the LLM with the previously
incorrect p and ¢, concatenated with failed training
instances. In total, nine ARC solvers are employed
to evaluate the performance of reasoning-oriented
LLMs on the ARC benchmark, and the most com-
petitive solver is treated as the ARC solver back-
bone.

4 Knowledge Augmentation

Prior Knowledge Encoding. The core knowl-
edge priors specified in ARC can be formulated
as a finite set of lifted, structured primitives (predi-
cates and operators), enabling ARGA and GPAR
to manually encode and instantiate them to en-
sure prior satisfaction. GPAR models predicates as
abstraction-defined nodes enriched with attributes
and inter-node relations, which are extracted using
standard image processing algorithms. Building
on this insight, we propose KAAR, a knowledge
augmentation approach for solving ARC tasks us-
ing reasoning-oriented LL.Ms. Following the core
knowledge priors formulated in GPAR, KAAR ex-
pands their scope, revises their implementations,
and categorizes these priors into four knowledge
dimensions in ARC. In detail, KAAR adopts fun-
damental abstraction methods from GPAR to en-
able objectness. Objects are typically defined as
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Figure 3: Augmentation process in KAAR (block (b)) and the corresponding knowledge augmentation fragments

(blocks (c-e)) for ARC problem 62ab2642 (block (a)).

components based on adjacency rules and color
consistency (e.g., 4-connected or 8-connected com-
ponents), while also including the entire image as
a component. KAAR further introduces four novel
abstractions: (1) middle-vertical, which vertically
splits the image into two equal parts, and treats
each as a distinct component; (2) middle-horizontal,
which applies the same principle along the horizon-
tal axis; (3) multi-lines, which segments the image
using full-length rows or columns of uniform color,
and treats each resulting part as a distinct compo-
nent; and (4) no abstraction, which considers only
raw 2D matrices. Under no abstraction, KAAR de-
grades to the ARC solver backbone without incor-
porating any priors. KAAR incorporates GPAR’s
component attributes (size, color, shape) and rela-
tions (spatial, congruent, inclusive), treating them
as geometric and topological priors, respectively.
It further extends with four novel attributes, includ-
ing symmetry, bounding box, nearest boundary,
and hole count, as well as a new touching relation.
For numeric and counting priors, KAAR adopts
GPAR’s largest/smallest component sizes, and the
most/least frequent component colors, while ex-
tending them with novel statistical analysis of hole
counts, symmetry and color diversity, as well as
the most/least frequent sizes and shapes.

GPAR approaches goal-directedness priors by
searching for a sequence of program instructions
(Lei et al., 2023) defined in a DSL. Each instruc-
tion supports conditionals, branching, looping, and
action statements. Inspired by these condition
and action concepts, KAAR novelly enables goal-
directedness priors by augmenting LLM knowl-
edge in two steps: 1) It prompts the LLM to iden-
tify the most relevant actions for solving the given
ARC problem from ten predefined action categories

Please determine which category or categories
this task belongs to. Please select from the
following predefined categories...

(a) Action(s)

Selection @

If this task involves color change:

1. Which components require color change?
2. Determine the conditions used to select
these target components: ...

;'6661;366%{&' (color 0)
w1th the minimum and

(b) Component(s)
Selection @

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: .

() Color /< mininun-size component,
1

@ «(from color 0) to 7. :

'~ maximum-size component

Change Rule
\(from color 0) to 8.

action
schema

Figure 4: Goal-directedness priors augmentation with
input and response fragments from GPT-03-mini.

(Figure 4 block (a)), partially derived from GPAR
and extended based on the training set, such as
color change, movement, and extension; 2) For
each selected action, KAAR instructs the LLM
with the associated schema to resolve implementa-
tion details. For example, for a color change action,
KAAR first queries the LLLM to identify the target
components (Figure 4 blocks (b)), and then specify
the source and target colors for modification based
on the target components (Figure 4 blocks (c)). We
note that KAAR also instructs the LLM to incorpo-
rate condition-aware reasoning when determining
action implementation details, using knowledge
derived from geometry, topology, numbers, and
counting priors. This enables fine-grained control,
for example, applying color changes only to black
components conditioned on the maximum or min-
imum size: from black (value 0) to blue (value 8)
if largest, or to orange (value 7) if smallest. Fig-
ure 4 shows fragments of the goal-directedness



prior augmentation. See Appendix B for whole
priors in KAAR.

Ontology Construction. In contrast to GPAR
and previous work that leave priors unorganized
(Xu et al., 2023; Tan and Motani, 2024), KAAR
structures the full set of core knowledge priors
into an ontology, where priors are organized into
three hierarchical levels based on their dependen-
cies. KAAR augments LLMs with priors at each
level to enable incremental augmentation via in-
context learning. This reduces context interference
and supports stage-wise reasoning aligned with hu-
man cognitive development (Babakr et al., 2019).
Figure 3, block (b), illustrates the augmentation
process in KAAR alongside the augmented prior
fragments used to solve the problem shown in block
(a). KAAR begins augmentation with objectness
priors, encoding images into components with de-
tailed coordinates based on a specific abstraction
method (block (c)). KAAR then prompts geometry
and topology priors (block (d)), followed by num-
bers and counting priors (block (e)). These priors
reside at the same ontological level, as they all build
upon objectness. Finally, KAAR augments goal-
directedness priors, as shown in Figure 4, where
target components are derived from objectness anal-
ysis and conditions are inferred from geometric,
topological, and numerical analyses. After aug-
menting each level of priors, KAAR invokes the
ARC solver backbone to generate solutions. If any
solution passes I, it is validated on I;; otherwise,
augmentation proceeds to the next level of priors.

Prior Restriction. While the ontology provides
a hierarchical representation of priors, it may also
introduce hallucinations, such as duplicate abstrac-
tions, irrelevant component attributes or relations,
and inapplicable actions. To address this, KAAR
integrates additional restrictions to filter out inappli-
cable priors. KAAR adopts the duplicate-checking
strategy in GPAR, retaining only abstractions that
yield distinct components by size, color, or shape,
in at least one training instance. In KAAR, each
abstraction is associated with a set of applicable pri-
ors. For instance, when the entire image is treated
as a component, relation priors are excluded, and
actions such as movement and color change are
omitted, whereas symmetry and size attributes are
retained and actions such as flipping and rotation
are considered. In contrast, 4-connected and 8-
connected abstractions include all component at-
tributes and relations, and the full set of ten action
priors. See Appendix C for detailed restrictions.

S Experiments

Experimental Setup. We begin by comparing nine
candidate solvers on the full ARC public evaluation
set of 400 tasks. This offers broader insights than
previous studies limited to the subsets of 400 train-
ing tasks (Lei et al., 2024; Xu et al., 2023; Wang
et al., 2024), given the greater difficulty of the eval-
uation set (LeGris et al., 2025). We experiment
with reasoning-oriented LLMs, including propri-
etary models, GPT-03-mini (OpenAl, 2025), and
Gemini-2.0-Flash-Thinking (Gemini-2.0) (Deep-
Mind, 2024), and open-source models, DeepSeek-
R1-Distill-Llama-70B (DeepSeek-R1-70B) (Guo
et al., 2025) and QwQ-32B (Cloud, 2025). We
compute accuracy on test instances I; as the pri-
mary evaluation metric. It measures the proportion
of problems where the first solution passes training
instances I, and successfully solves I;; otherwise,
if none pass I, within 12 iterations, the last solu-
tion is evaluated on I, applied to both repeated
sampling and refinement strategies. We also report
accuracy on [, and I,.&I;, measuring the percent-
age of problems whose solutions solve I, and both
I, and I;. See Appendix D for parameter settings.

Results on Program Synthesis. Table 1 reports
the performance of nine ARC solvers across four
reasoning-oriented LLMs. For direct generation
methods, accuracy on I, and [,.&1; is omitted, as
solutions are evaluated directly on I;. GPT-03-
mini outperforms all other LLMs, achieving the
highest accuracy on I, (52.50%), I; (32.50%), and
1,.&1; (31.75%) under repeated sampling with stan-
dalone code generation (C), highlighting its strong
abstract reasoning capabilities. Notably, QwQ-
32B, the smallest model, outperforms DeepSeek-
R1-70B across all solvers and surpasses Gemini-
2.0 under refinement. Among nine solvers, re-
peated sampling-based methods generally outper-
form those based on direct generation or refinement.
This diverges from previous findings where refine-
ment dominated conventional code generation tasks
that lack abstract reasoning and generalization de-
mands (Lei et al., 2025; Zhong et al., 2024; Chen
et al., 2024) (see Appendix E for detailed anal-
ysis). Within repeated sampling, planning-aided
code generation (PC) yields the highest accuracy
on I; across most LLMs. It also demonstrates
the strongest generalization with GPT-03-mini and
Gemini-2.0, as evidenced by the smallest accu-
racy gap between I, and I,.&I;. A similar trend
is observed on QwQ-32B and DeepSeek-R1-70B,



Direct Generation Repeated Sampling Refinement

P c PC P c PC P c PC

T, - - - 3550 5250 3550 3100 4725  32.00

GPT-03-mini I, 2050 2450 2225 2375 3250 3075 2475 2925 2575
1,&1, : : : 200 3175 2925 2175 2850  25.00

T - - - 3650 3950 2150 1550 2550  15.50

Gemini-2.0 I, 700 675 625 1000 1475 1675 875 1200 1175
1,&1, ) ; : 950 1425 1650 800 1050  10.75

w025 T, - - - 1925 1350 1525 1675 1500 1425
I, 950 725 575 1125 1350 1425 1100 1425  14.00

&I, . : ] 925 1275 13.00 875  13.00 1175

T, - - - 875 675 7175 625 575 775

DeepSeek-R1-70B I, 425 475 450 425 725 7175 475 575 175
I,&1, - ] : 350 650 725 425 525 7.00

Table 1: Performance of nine ARC solvers measured by accuracy on I,., I;, and I,.&I; using four reasoning-oriented
LLMs. For each LLM, the highest accuracy on I, and I,&1; is in bold; the highest accuracy on I; 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.

I, In 1:&I;
Acc A ¥  Acc A v  Acc A ¥
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

GPT-03-mini

. RSPC 21.50 16.75 16.50
Gemini-2.0
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 2225 7.00 45.90 21.00 6.75 47.37 19.25 6.25 48.08
RSPC 775 - - 175 - - 725

DeepSeek-R1-70B ’
KAAR 1225 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 I, I, and I.&I;. A and -y denote
the absolute and relative improvements over RSPC, re-
spectively. All values are reported as percentages. For
I, I, and I,.&1;, the highest Acc values are in red and
the best A and +y results are in bold.

where both C and PC generalize effectively across
repeated sampling and refinement. Overall, re-
peated sampling with planning-aided code genera-
tion (RSPC) shows the best performance and thus
serves as the ARC solver backbone.

Results on KAAR. We further compare the per-
formance of RSPC with its knowledge-augmented
variant, KAAR. For each task, KAAR begins
with simpler abstractions, i.e., no abstraction and
whole image, and progresses to complicated 4-
connected and 8-connected abstractions, consistent
with GPAR. KAAR reports the accuracy on test
instances I; based on the first abstraction whose
solution solves all training instances I,.; otherwise,
it records the final solution from each abstraction
and selects the one that passes the most I, to eval-
uate on I (details in Appendix F). KAAR allows
the solver backbone (RSPC) up to 4 iterations per
invocation, totaling 12 iterations, consistent with
the non-augmented setting. As shown in Table 2,
KAAR consistently outperforms non-augmented

Coverage

(a) RSPC

(b) KAAR

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.

RSPC, yielding around 5% absolute accuracy gains
on I, I}, and I.&I; across all LLMs. This high-
lights the effectiveness and model-agnostic nature
of the augmented priors. KAAR achieves the high-
est accuracy using GPT-03-mini, i.e., 40% on I,
35% on I;, and 33% on I,&I;. It shows the best
absolute improvements (A), around 6.5%, using
QwQ-32B and the most pronounced relative gains
(), over 58%, using DeepSeek-R1-70B on ., I,
and I,.& ;. Moreover, KAAR maintains general-
ization comparable to RSPC across all LLMs, in-
dicating that the augmented priors are sufficiently
abstract and expressive to serve as basis functions
for reasoning, in line with ARC assumptions. See
Appendix G for a discussion of generalization and
Appendix H for evaluations on additional ARC-
related and non-ARC benchmarks.

Performance Analysis. We compare relative
problem coverage across evaluated LLMs under
RSPC and KAAR based on successful solutions
on test instances. As shown in Figure 5, each cell
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Figure 6: Accuracy on test instances I; 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).

(i,7) is computed as lAfQAj |, where A; and Aj are
the sets of problems solved by the row and column
LLMs, respectively. Values near 1 indicate that the
column LLM covers most problems solved by the
row LLM. Under RSPC (Figure 5 (a)), GPT-03-
mini exhibits broad coverage, with column values
consistently above 0.85. Gemini-2.0 and QwQ-
32B also show substantial alignment, with mutual
coverage exceeding 0.6. Figure 5 (b) illustrates
that KAAR generally improves or maintains inter-
model overlap compared to RSPC. Notably, the
coverage between GPT-03-mini and DeepSeek-R1-
70B increases from 0.22 under RSPC to 0.34 under
KAAR. These results underscore the effectiveness
of KAAR in improving cross-model generalization,
enabling all evaluated LLMs to solve additional
shared problems and allowing smaller models such
as QwQ-32B and DeepSeek-R1-70B to better align
with stronger LLMs on ARC. See Appendix I for
problem coverage across evaluated solvers.

Performance by Category. Following prior
work (Xu et al., 2023; Lei et al., 2024), we catego-
rize the 400 problems in the ARC public evaluation
set into four classes based on their primary trans-
formations: (1) movement (55 problems), (2) exten-
sion (129 problems), (3) recolor (115 problems),
and (4) others (101 problems). The others cate-
gory comprises infrequent transformations. See
Appendix J for examples of each category. Fig-
ure 6 illustrates the accuracy on test instances I for
RSPC and KAAR across four categories with eval-
uated LLMs. Each stacked bar represents RSPC ac-
curacy and the additional improvement contributed
by KAAR. KAAR consistently outperforms RSPC
with the largest accuracy gain in movement (14.5%
with QwQ-32B). It shows limited improvements
in extension, where several problems involve pixel-

6PT-03-mini RSPC
6PT-03-mini KAAR
70 QuQ-328 RSPC
QuQ-328 KAAR
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Figure 7: Accuracy on test instances I; for RSPC and
KAAR across average image size intervals, evaluated
using GPT-03-mini and QwQ-32B. See Figure 11 in
Appendix for results on other LLMs.

level extension, which minimizes the reliance on
component-level recognition. Moreover, extension
requires accurate spatial inference across multi-
ple components. This poses greater difficulty than
movement, which requires mainly direction iden-
tification. We note that multi-component spatial
inference remains a persistent challenge for LLMs
(Yamada et al., 2024; Cohn and Hernandez-Orallo,
2023; Bang et al., 2023), highlighting a difficulty
that is intrinsic to ARC and reinforcing its role as a
challenging benchmark for abstract reasoning and
generalization.

Impact of Size. A notable feature of ARC is
the variation in image size both within and across
problems. We categorize tasks by averaging the im-
age size per problem, computed over both training
and test image pairs. We report the accuracy on [;
for RSPC and KAAR across average image size
intervals using GPT-03-mini and QwQ-32B, the
strongest proprietary and open-source models. As
shown in Figure 7, both LLMs experience perfor-
mance degradation as image size increases. When
the average image size exceeds 400 pixels (20x20),
GPT-03-mini solves only three problems, while
QwQ-32B solves none. Benefiting from object-
centric representations, KAAR consistently out-
performs RSPC on problems with average image
sizes below 400 pixels. By abstracting each image
into components, KAAR reduces interference from
irrelevant pixels, directs attention to salient compo-
nents, and facilitates component-level transforma-
tion analysis. However, larger images tend to yield
oversized and numerous components after abstrac-
tion, where oversized components impede transfor-
mation execution and numerous components com-
plicate the identification of target components.

Scaling with Iterations. Figure 8 presents
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KAAR KAAR-P KAAR-S

Acc Acc A Acc A

I, 2575 2225 -3.50 23.00 -2.75
Gemini-2.0 I 21.75 18.75 -3.00 19.00 -2.75
I.&I; 2050 1775 -2.75 18.00 -2.50
I, 2225 1875 -3.50 1850 -3.75

QwQ-32B I 21.00 17.25 -3.75 17.75 -3.25
I.&I; 1925 1600 -3.25 1625 -3.00
I, 1225 1125 -1.00 9.00 -3.25
DeepSeek-R1-70B  I; 1275 11.00 -1.75 9.00 -3.75
I.&I; 1150 11.00 -0.50 8.50 -3.00

Table 3: Accuracy (Acc)on I,., I;, and I,.&I; for KAAR
and its variants across three LLMs. KAAR-P removes
the newly introduced priors and retains only the pri-
ors from GPAR. KAAR-S invokes the solver backbone
(RSPC) only after all knowledge priors are augmented.
A denotes the accuracy difference relative to KAAR.
All values are reported as percentages.

the variance in accuracy on [.&I; for RSPC and
KAAR as iteration count increases using GPT-03-
mini and QwQ-32B. For each task under KAAR,
we record iterations from the abstraction that solves
both I, and I;. For KAAR, performance improve-
ments across each 4-iteration block are driven by
the solver backbone invocation after augmenting
an additional level of priors. RSPC shows rapid
improvement in the first 4 iterations and plateaus
around iteration 8. KAAR consistently outper-
forms RSPC, with the performance gap progres-
sively increasing after additional priors are aug-
mented and peaking after the integration of goal-
directedness.

Ablation Study. KAAR adopts the core-
knowledge priors in GPAR and extends them with
additional priors required for solving ARC tasks.
These priors are organized within a dependency-
aware ontology that facilitates progressive knowl-
edge augmentation and stage-wise reasoning. We

evaluate two variants, KAAR-P and KAAR-S.
KAAR-P excludes the newly introduced priors
while preserving the priors from GPAR and pro-
gressive knowledge augmentation with stage-wise
reasoning. KAAR-S removes progressive augmen-
tation and stage-wise reasoning. Unlike KAAR,
which invokes the solver backbone (RSPC) after
augmenting each level of priors, KAAR-S uses
RSPC to solve each problem within 12 iterations
after augmenting all priors at once.

Table 3 reports the results for the same reasoning-
oriented LLMs as in Tables 1 and 2, excluding GPT-
03-mini due to its computational cost. KAAR-P
and KAAR-S show decreased accuracy across all
evaluation metrics, I, I;, and I,.&1;, for all evalu-
ated LLMs, demonstrating the effectiveness of the
newly introduced priors in KAAR and progressive
knowledge augmentation with stage-wise reason-
ing. Presenting all knowledge priors simultane-
ously introduces superfluous information, which
may obscure viable solutions and impair LLM rea-
soning accuracy. Appendix K further analyzes the
influence of the dependency-aware augmentation
order defined by the ontology.

6 Discussion

Rationale for ARC. While related benchmarks
exist, ARC remains a highly authentic measure
of generalization. In contrast to RAVEN (Zhang
et al., 2019) and PGM (Barrett et al., 2018), which
primarily evaluate closed-form rule fitting within
predefined rule spaces, ARC assumes that tasks are
solvable through core knowledge priors, while in-
tentionally leaving the problems underspecified to
prevent the explicit encoding of complete solution
rules (Chollet, 2019). Each ARC task is unique,
defining a distinct domain that requires solvers to
infer solutions from a few examples and general-
ize to test cases, thereby advancing models beyond
rule fitting toward genuine generalization. Recent
training approaches that employ data augmenta-
tion to generate additional examples for each task
(Akytirek et al., 2025; Franzen et al., 2025) achieve
notable results on ARC. However, they deviate sub-
stantially from ARC’s objective of solving each
task from limited examples without reliance on
externally generated data (Chollet, 2019).

Cost Analysis. As the solver backbone, RSPC
uses fewer tokens than its refinement-based coun-
terpart while achieving comparable or higher accu-
racy. In KAAR, knowledge augmentation increases



token consumption, while the additional tokens re-
main relatively constant since all priors, except
goal-directedness, are generated via image process-
ing algorithms. On GPT-03-mini, augmentation
tokens constitute around 60% of solver backbone
token usage, while on QwQ-32B, this overhead
decreases to about 20%, as the solver backbone
consumes more tokens. See Appendix L for a de-
tailed discussion.

Solution Analysis. To assess adherence to core
knowledge priors, we manually reviewed the solu-
tion plans and code generated by RSPC and KAAR
that successfully solve I; with GPT-03-mini. RSPC
tends to solve problems without object-centric rea-
soning. For instance, in Figure 1, it shifts each
row downward by one and pads the top with zeros,
rather than reasoning over objectness to move each
4-connected component down by one step. We
note that object recognition in ARC involves group-
ing pixels into task-specific components based on
clustering rules, differing from feature extraction
approaches (Zhao et al., 2019) in conventional com-
puter vision tasks. It remains challenging for cur-
rent LLMs (Xu et al., 2024; Li et al., 2024a). In
contrast, KAAR enables objectness through explic-
itly defined abstractions, implemented via standard
image processing algorithms, thus ensuring both
accuracy and generalization. KAAR-generated so-
Iutions are consistent with the augmented priors, as
shown in Figure 4.

7 Conclusion

We explored the generalization and abstract rea-
soning capabilities of reasoning-oriented LLMs on
the ARC benchmark using nine candidate solvers.
Experimental results show that repeated-sampling
planning-aided code generation (RSPC) achieves
the highest test accuracy and exhibits consistent
generalization across most evaluated LLMs. To
further improve performance, we propose KAAR,
which progressively augments LL.Ms with core
knowledge priors structured into hierarchical levels
based on their dependencies, and applies RSPC af-
ter augmenting each level of priors to enable stage-
wise reasoning. KAAR improves LLM perfor-
mance on ARC while maintaining strong general-
ization compared to RSPC. However, ARC remains
challenging even for the most capable reasoning-
oriented LLMs, given its emphasis on abstract rea-
soning and generalization, highlighting current lim-
itations and motivating future research.

Limitations

KAAR improves the performance of reasoning-
oriented LLMs on ARC tasks by progressively
prompting with core knowledge priors. Although
this inevitably increases token usage, the trade-off
can be justified, as the exploration of LLM gener-
alization remains in its early stages. KAAR inte-
grates diverse abstraction methods to enable object-
ness and iteratively applies abstractions in order of
increasing complexity. In contrast, humans typi-
cally infer appropriate abstractions directly from
training instances, rather than leveraging exhaus-
tive search. To address this, we prompt different
LLMs with raw 2D matrices of each ARC prob-
lem to select one or three relevant abstractions, but
the results are unsatisfactory. Accurate abstraction
inference often depends on validation through vi-
able solutions, thereby shifting the challenge back
to solution generation. Given the low solution-
generation accuracy reported in Table 1, direct ab-
straction inference remains a challenging task for
evaluated LLMs. Additionally, KAAR augments
core knowledge priors through in-context learning
but lacks mechanisms to enforce LLM adherence
to these priors during reasoning. However, the
close correspondence between KAAR-generated
solutions and augmented core knowledge priors
(Figure 4) suggests a potential underlying align-
ment. Future work could explore fine-tuning or
reinforcement learning to better align model behav-
ior with the desired reasoning patterns.
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Appendix
A Related Work

Knowledge-Augmented LLMs. Augmenting
LLMs with external knowledge can improve rea-
soning capabilities and mitigate hallucination in
different tasks (Mialon et al., 2023). Previous stud-
ies achieve this by incorporating domain-specific
knowledge, designed by human experts (Zhu et al.,
2025), retrieved via search engines (Vu et al., 2024),
or extracted from Wikipedia documents (Li et al.,
2024b). Trivedi et al. (2023) demonstrated that
interleaving knowledge augmentation within rea-
soning steps further reduces model hallucination,
resulting in more accurate multi-step reasoning.
Additionally, augmenting LLMs with execution
feedback improves performance on both question
answering (Qiao et al., 2024) and program synthe-
sis tasks (Lei et al., 2024; Zhong et al., 2024; Chen
et al., 2024). KAAR follows the interleaved knowl-
edge augmentation approach and further introduces
an ordered knowledge augmentation strategy based
on knowledge hierarchical dependencies to miti-
gate context interference and facilitate stage-wise
reasoning. Its superior performance over both the
non-augmented variant (RSPC) and the non—stage-
wise reasoning counterpart (KAAR-S) underscores
its effectiveness.

Search in DSL. An abstract, expressive, and
compositional representation of core knowledge
priors is essential for solving ARC tasks (Chollet,
2019). Recent studies have manually encoded core
knowledge priors into domain-specific languages
(DSLs) with lifted representations (Xu et al., 2023;
Lei et al., 2024; Wind, 2020). Various program
synthesis methods have been proposed to search
for valid program solutions within their DSLs, in-
cluding DAG-based search (Wind, 2020), graph-
based constraint-guided search used in ARGA (Xu
et al., 2023), and generalized planning employed
in GPAR (Lei et al., 2024).

KAAR benefits from the hand-crafted DSL in
GPAR, where core knowledge priors are encoded
with high precision and interpretability. Unlike
GPAR, which performs an exhaustive search over
the entire DSL, resulting in significant inefficien-
cies, KAAR leverages LLLMs pretrained on exten-
sive code-related corpora to synthesize programs.
Moreover, the underlying code generation strategy
in KAAR, RSPC, ensures high-quality and accu-
rate program solutions. KAAR further formalizes
the core knowledge priors into a dependency-aware

ontology, which preserves knowledge coverage and
enables progressive knowledge augmentation for
LLMs to support stage-wise reasoning, thereby re-
ducing interference from irrelevant and noisy con-
text.

LLMs for ARC. Recent studies have explored
using LLMs as ARC solvers to directly generate
test output matrices and have provided LLMs with
different problem descriptions to improve output
accuracy. Camposampiero et al. (2023) employed
LLMs to generate output grids from textual task de-
scriptions, derived from a vision module which is
designed to capture human-like visual priors. Min
(2023) prompted LL.Ms with the raw 2D matrices
of each task, along with transformation and abstrac-
tion examples. Xu et al. (2024) demonstrated that
object representations produced by predefined ab-
stractions can improve LLM performance on ARC
tasks. Diverging from direct image generation, Tan
and Motani (2024) evaluated LLM performance
on the ARC benchmark by generating Python pro-
gram solutions. Additionally, Wang et al. (2024)
approached ARC as an inductive reasoning prob-
lem and introduced hypothesis search, where pro-
gram solutions are generated by selecting LLM-
generated hypotheses encoded as functions.

When leveraging LLMs as ARC solvers, exist-
ing studies tend to emphasize accuracy on partial
training set problems and overlook the core princi-
ple of ARC, where solutions should be constructed
using core knowledge priors (Chollet, 2019). How-
ever, LL.Ms still lack these priors, such as object-
ness, as evidenced by RSPC-generated solutions.
KAAR addresses this gap by progressively aug-
menting LLMs with structured core knowledge pri-
ors. KAAR achieves strong performance, 35.0%
test accuracy on the full evaluation set of 400 prob-
lems using GPT-03-mini. It demonstrates substan-
tial generalization, and produces solutions that ad-
here to core knowledge priors.

Training-Based Methods. The few training ex-
amples available per ARC task restrict the effective-
ness of fine-tuning for achieving robust generaliza-
tion and accurate reasoning in billion-parameter
LLMs. To address this limitation, Bikov et al.
(2025) fine-tuned LLMs on augmented ARC tasks
constructed through standard image augmentation
operations, including rotation, flipping, and per-
mutation. Akyiirek et al. (2025) applied test-time
training to further improve LLM performance on
ARC. Models are first fine-tuned on large-scale
synthetic ARC data (RE-ARC) (Hodel, 2024) and



subsequently optimized for each ARC task us-
ing original input—output pairs, augmented exam-
ples, and leave-one-out examples. Extending this
framework, Franzen et al. (2025) incorporated aug-
mented data across test-time training, inference,
and selection, following initial fine-tuning on RE-
ARG, further advancing LLM performance on the
ARC benchmark. Hu et al. (2026) introduced a
similar two-stage ViT training paradigm, with ini-
tial fine-tuning on RE-ARC followed by test-time
training with canvas-derived augmented examples
for each ARC task.

Training approaches have achieved state-of-the-
art performance on ARC. However, they diverge
from ARC’s original goal of evaluating human-like
intelligence, which involves performing abstract
reasoning and generalization from limited exam-
ples without reliance on externally generated data
(Chollet, 2019). Human solvers typically infer so-
lutions solely from the provided examples (John-
son et al., 2021; Acquaviva et al., 2022). Given
this, training with additionally augmented data is
inconsistent with ARC’s intent. Instead, learn-
ing core knowledge priors and performing infer-
ence grounded in them offers a promising alterna-
tive. KAAR adopts this idea by augmenting LLMs
through in-context learning with core knowledge
priors, thereby preserving generalization while en-
hancing performance on ARC tasks.

B Core Knowledge Priors in KAAR

KAAR incorporates abstractions to enable object-
ness priors; leverages component attributes, re-
lations, and statistical analysis of component at-
tributes to encode geometry, topology, numbers,
and counting priors; and employs predefined ac-
tions to support goal-directedness priors. Table 10
presents all abstractions used in KAAR, organized
by their prioritization. KAAR incorporates fun-
damental abstractions, such as 4-connected and
8-connected components, from GPAR, and extends
them with additional abstractions unique to KAAR,
highlighted in red. Table 11 introduces geome-
try, topology, numbers, and counting priors, and
ten predefined transformations used in KAAR. For
each action, KAAR augments the LLM with its
corresponding schema to resolve implementation
details. The actions and their schemas are detailed
in Table 12. Most actions can be specified within
three steps, keeping them tractable for LLMs.

C Restrictions in KAAR

For certain abstractions, some priors are either inap-
plicable or exclusive. The specific priors assigned
to some abstractions are detailed in Table 13. For
the whole image abstraction, few priors are ap-
plicable as the abstraction contains only a single
component. In contrast, the 4/8-connected-multi-
color-non-background abstractions retain most pri-
ors. The highlighted priors that capture per-
component color diversity are used exclusively
for 4/8-connected-multi-color-non-background ab-
stractions, while priors tailored to a single-color
component, such as components with same color,
components with most frequent color, and compo-
nents with least frequent color, are excluded. For
the middle-vertical and middle-horizontal abstrac-
tions, where the image is evenly divided into two
components, flipping and movement actions are
enabled to facilitate reasoning over overlapping
components. For instance, in the problem shown in
Figure 9, the solution involves splitting the image
along a middle-vertical grid line and moving one
component to overlap the other. In the resulting
component, a pixel is colored red if the overlapping
pixels in both components are blue; otherwise, it is
colored black.

D Parameter Settings

KAAR operates on all LLMs through API ac-
cess with the full conversational history. For
proprietary models, GPT-03-mini and Gemini-2.0
Flash-Thinking (Gemini-2.0), we use the 2025-
01-31 snapshot and the exp-1219 version, respec-
tively, with default parameter settings. For open-
source models, DeepSeek-R1-Distill-Llama-70B
(DeepSeek-R1-70B) and QwQ-32B, we set tem-
perature to 0.6, top-p to 0.95, and top-k to 40 to
reduce repetitive outputs and filter rare tokens while
preserving generation diversity. We conduct exper-
iments on a virtual machine with 4 NVIDIA A100
80GB GPUs.

E Performance Analysis

In Table 1, the incorporation of planning facili-
tates accurate code generation under the repeated
sampling setting. For example, in Figure 13, re-
peated sampling with planning-aided code genera-
tion produces a correct solution using GPT-03-mini
by replicating the input image horizontally or ver-
tically based on the presence of a uniform row or
column, as specified in the plan and implemented



Figure 9: ARC problem 0520fde7

accordingly in code. In contrast, without planning
assistance, standalone code generation produces in-
complete logic, considering only whether the first
column is uniform to determine the replication di-
rection, which leads to failure on the test instance.

For the ARC benchmark, repeated sam-
pling-based methods achieve higher accuracy on
I., I, and I,.&1I; compared to refinement-based
approaches when using GPT-03-mini, Gemini-
2.0, and DeepSeek-R1-70B as shown in Table 1.
Figure 14 presents an ARC problem where re-
peated sampling with planning-aided code gener-
ation yields a correct solution, whereas its refine-
ment variant fails to correct the initial erroneous
code, and the flawed logic persists across subse-
quent refinements when using GPT-03-mini. Re-
cent studies have shown that refinement struggles
when the initial code significantly deviates from
the intended functionality (Tian and Chen, 2023).
Moreover, the lack of explicit correction instruc-
tions in feedback messages often leads to refine-
ments diverging further from the intended solution
(Lei et al., 2025).

F KAAR

Algorithm 1 presents the pseudocode of KAAR.
For each abstraction, KAAR incrementally aug-
ments the LLM with core knowledge priors, struc-
tured into three dependency-aware levels: begin-
ning with objectness (Line 5), followed by ge-
ometry and topology (Lines 10 and 12), numbers
and counting (Line 14), and concluding with goal-
directedness priors (Line 18). We note that KAAR
encodes geometry and topology priors through
component attributes (Line 9) and relations (Line
11). The full set of priors is detailed in Tables 10,
11, and 12. After augmenting each level of pri-
ors, KAAR invokes the solver backbone (RSPC)
at Lines 6, 15, and 19 to generate code solutions
guided by text-based plans, allowing up to 4 iter-
ations (Lines 25-37). In each iteration, the solver
backbone first validates the generated code on the
training instances I,; if successful, it then evalu-
ates the solution on the test instances I;. The solver
backbone returns solve if the generated solution
successfully solves I after passing I,; pass if only

I, is solved; or continues to the next iteration if the
solution fails on I,.. If the solver backbone fails to
solve I, within the allotted 4 iterations at Lines 6
and 15, KAAR augments the next level of priors.
KAAR proceeds to the next abstraction when the
solver backbone fails to solve I, at Line 19, after
the 4-iteration limit. KAAR terminates abstraction
iteration upon receiving either pass or solve from
the solver backbone and reports accuracy on I,
I;, and I,.&1; accordingly. If no abstraction fully
solves I, KAAR records the final code solution
for each abstraction (Line 22), selects the one that
passes the most training instances (Line 23), and
evaluates it on I; to determine additional accuracy
gains (Line 24).

KAAR generates priors offline using image pro-
cessing algorithms at Lines 4, 9, 11 and 13. In
contrast, KAAR enables goal-directedness priors
at Line 18 by prompting the LLM to select the most
suitable actions and identify their implementation
details, as described in Table 12. KAAR iterates
over abstractions from simpler to more complex,
following the order specified in Table 10. We note
that the highest-priority abstraction is no abstrac-
tion, where KAAR degrades to the solver backbone
(RSPC) as no priors are applied.

G Generalization

Table 1 highlights performance variations across
reasoning-oriented LLMs and ARC solvers with
respect to both accuracy and generalization. No-
tably, the ARC solver, repeated sampling with stan-
dalone code generation, exhibits a substantial accu-
racy gap between I, and I, &I;, indicating limited
generalization capability when using GPT-03-mini
and Gemini-2.0. In contrast, repeated sampling
with planning-aided code generation demonstrates
markedly improved generalization by preventing
solutions from directly replicating the output matri-
ces of training instances, as illustrated in Figure 16.
This output copying, observed under repeated sam-
pling with standalone code generation, accounts for
approximately 24% and 95% of 83 and 101 overfit-
ting problems with GPT-03-mini and Gemini-2.0,
respectively. When planning is incorporated, out-
put copying is reduced to around 8% and 35% of



25 and 20 overfitting problems with GPT-03-mini
and Gemini-2.0, respectively.

Planning-aided methods, RSPC and KAAR,
demonstrate smaller accuracy gaps in Table 2.
However, the generalization challenge persists.
One reason is that solutions include low-level logic
for the training pairs, thus failing to generalize. An-
other reason is the usage of incorrect abstractions.
KAAR selects the first abstraction that solves I,
to report accuracy on Iy, while this abstraction may
overfit to I,.. Figures 17 and 18 illustrate two ARC
problems, 695367ec and blfc8b8e, where both
RSPC and KAAR successfully solve the training
instances I,. but fail on the test instances I; when
using GPT-03-mini. For problem 695367ec, the
correct solution involves generating a fixed 15x15
output image by repeatedly copying the input im-
age, changing its color to black, and adding inter-
nal horizontal and vertical lines colored with the
original input image’s color. However, the RSPC-
generated code applies a distinct rule to each in-
put image size without considering generalization.
For problem bIfc8b8e, the solution requires accu-
rate object recognition despite component contact,
and correctly placing each component into one of
the four corners. However, RSPC fails to recog-
nize objectness, and its solution deviates from hu-
man intuition, being overfitted to /.. For problems
695367ec and bifcS8bSe, KAAR exhibits the same
limitations, although it adopts abstractions to en-
able objectness. KAAR begins with the simplest
abstraction, no abstraction, where KAAR degrades
to RSPC. As aresult, it generates the same solution
as RSPC and terminates without attempting other
abstractions, since the solution already solves I,
and is then evaluated on I, resulting in overfitting.

H Evaluation Beyond the Original ARC
Benchmark

To evaluate KAAR beyond the original ARC bench-
mark, we consider two complementary settings:
additional ARC-related tasks and non-ARC tasks
requiring few-shot inductive reasoning. Table 4
reports results on 200 sampled 1D-ARC tasks (Xu
et al., 2024) and all 120 public evaluation tasks
from ARC-AGI-2 (Chollet et al., 2025). 1D-
ARC formulates ARC-style transformations over
one-dimensional sequences, whereas ARC-AGI-
2 preserves the two-dimensional grid represen-
tation and incorporates complex task composi-
tions, object representations, and multi-step trans-

formations. KAAR achieves the highest accuracy
across both ARC-related benchmarks, all evalu-
ated LLMs, and all evaluation metrics. We note
that accuracy remains low for all evaluated ap-
proaches on ARC-AGI-2; nevertheless, KAAR con-
sistently outperforms all compared methods. This
result indicates that the core knowledge priors and
dependency-aware progressive augmentation intro-
duced in KAAR remain effective on ARC-AGI-2
despite its greater compositional complexity.

Table 5 further evaluates KAAR on List Func-
tions (Rule, 2020) and Simple Turing Con-
cept (Telle et al., 2019) from BIG-bench (Srivas-
tava et al., 2022). In both domains, the model infers
a hidden program from a small number of input-
output examples. The hidden programs operate on
integer lists in List Functions and binary strings
in Simple Turing Concept. The prior knowledge
required by these non-ARC domains differs from
the ARC-oriented priors. Accordingly, we intro-
duce KAAR*, which replaces the ARC-oriented
priors with domain-adapted priors while retaining
the dependency-aware ontology, progressive knowl-
edge augmentation, and stage-wise reasoning. For
List Functions, the ontology organizes domain-
adapted priors into three dependency levels: list
structure, attributes and relations, and list transfor-
mations. For Simple Turing Concept, the three
dependency levels comprise binary-string structure,
structural relations, and algorithmic transforma-
tions. Each ontology is defined at the benchmark
level before evaluation and constructed indepen-
dently of test outputs and task-specific transforma-
tion hints. With the ARC-oriented priors, KAAR
performs comparably to RSPC. KAAR* consis-
tently achieves the highest accuracy across both
non-ARC domains and all evaluated LLMs and
metrics. The superior performance of KAAR* sup-
ports the transferability of KAAR’s dependency-
aware progressive augmentation to non-ARC do-
mains when the augmented priors are aligned with
the target domain.

I Solution Coverage

We also report the relative problem coverage across
nine ARC solvers based on successful test in-
stance solutions using GPT-03-mini (Figure 19),
Gemini-2.0 (Figure 20), QwQ-32B (Figure 21),
and DeepSeek-R1-70B (Figure 22). Each cell (¢, j)
is computed using the same method described in
Figure 5. All solvers exhibit the strongest overall



Dataset Model Metric  Direct Generation PC  Repeated Sampling PC  Refinement PC KAAR
I - 84.00 82.50 90.00

GPT-03-mini I 76.00 82.00 82.50 89.00

I.&1y - 82.00 80.50 89.00

I, - 76.00 76.50 83.00

ID-ARC QwQ-32B Iy 66.00 74.00 73.50 82.00
L.&I, - 73.00 72.50 81.00

I - 74.00 72.50 81.00

DeepSeek-R1-70B I 64.00 72.00 69.50 80.00

L.&I, - 71.00 69.50 79.00

I - 3.33 2.50 10.00

GPT-03-mini I, 0.83 2.50 2.50 8.33

L.&I, - 1.67 1.67 6.67

I - 0.00 0.83 3.33

ARC-AGI2 QwQ-32B I 0.00 0.00 0.00 8189
I.&1y - 0.00 0.00 1.67

I, - 0.00 0.00 3.33

DeepSeek-R1-70B I, 0.00 0.00 0.00 2.50

L.&I, - 0.00 0.00 1.67

Table 4: Accuracy on I, I;, and I,.&I; for KAAR and planning-aided code generation (PC) under three generation
strategies (direct generation, repeated sampling, and refinement) on 200 sampled 1D-ARC tasks and all 120 public
evaluation tasks from ARC-AGI-2. For each dataset and LLM, the highest accuracy on I,. and I,.&I; is shown in
bold, while the highest accuracy on I; is shown in red. All values are reported as percentages.

coverage, with pairwise overlap consistently ex-
ceeding 0.55 when using GPT-03-mini. Among
them, repeated sampling with standalone (C) and
planning-aided code generation (PC) show the
highest coverage, with column values above 0.8 for
GPT-03-mini. This trend persists across Gemini-
2.0, QwQ-32B, and DeepSeek-R1-70B. Except for
GPT-03-mini, repeated sampling with planning-
aided code generation exhibits better alignment
than its standalone code generation counterpart,
generally yielding higher coverage values. How-
ever, under the direct generation setting, planning-
aided code generation shows the opposite behav-
ior, demonstrating lower alignment than standalone
code generation across all evaluated LLMs. Among
the four evaluated LLMs, all solvers present the
lowest average off-diagonal (i.e., i # j) coverage
of 0.603 with DeepSeek-R1-70B, suggesting po-
tential output instability and variability attributable
to solver choice.

J Example Tasks by Category in the ARC
Evaluation Set

ARC comprises 1000 unique tasks, with 400 allo-
cated to the training set and 600 to the evaluation
set. The evaluation set is further divided into a
public subset (400 tasks) and a private subset (200

tasks). Figure 10 illustrates example ARC tasks
for the movement, extension, recolor, and others
categories in the public evaluation set. In the move-
ment example, components are shifted to the image
boundary in directions determined by their colors.
The extension example is more complex, requiring
LLMs to find the shortest path between two red pix-
els while avoiding obstacles, which presents chal-
lenges for current reasoning-oriented models. Ad-
ditionally, reliance on pixel-level recognition weak-
ens the effectiveness of KAAR, which is designed
to facilitate component identification. The recolor
example involves changing non-black components
to black and updating black components based on
original non-black colors. The others example re-
quires generating a blue diagonal line whose length
depends on the number of 4-connected components
that are green and have a size greater than one in
the input image. The combination of numerical
reasoning and structural pattern generation makes
this task difficult to classify within the other three
categories.

K Ablation Study of Knowledge
Augmentation Order

Table 6 evaluates alternative augmentation orders
to assess KAAR’s dependency-aware hierarchy.



Dataset Model Metric  Direct Generation PC~ Repeated Sampling PC KAAR KAAR*
I - 95.60 95.20 98.40
GPT-03-mini  I; 74.80 76.00 76.00 80.00
List Functions I.&I - 76.00 76.00 80.00
I - 88.80 88.00 91.20
QwQ-32B I 66.40 69.20 68.80 72.80
L& - 69.20 68.40 72.80
I, - 98.50 98.50 99.00
GPT-03-mini I, 50.00 55.00 55.50 60.50
Simple Turing Concept L& - 55.00 55.50 60.50
I. - 93.00 92.50 94.00
QwQ-32B I, 43.50 48.50 47.50 52.50
L&, - 48.00 47.50 52.00

Table 5: Accuracy on I, I;, and I,.&1I, for planning-aided code generation (PC) with direct generation (Direct
Generation PC) or repeated sampling (RSPC), and for KAAR and KAAR™ on all 250 List Functions tasks and 200
sampled Simple Turing Concept tasks from BIG-bench. KAAR uses the original ARC-oriented priors, whereas
KAAR* replaces the ARC-oriented priors with priors adapted to each target domain while preserving the progressive
augmentation procedure. For each dataset and LLM, the highest accuracy on I,. and I,.&I; is shown in bold, while
the highest accuracy on /; is shown in red. All values are reported as percentages.

Consistent with Table 3, we exclude GPT-03-mini
from this analysis. KAAR-L changes the order of
priors within the same ontological level by aug-
menting numbers and counting before geometry
and topology, yet achieves performance compara-
ble to KAAR across all evaluated LLMs. This re-
sult suggests that KAAR is relatively insensitive to
the ordering of priors within the same dependency
level. In contrast, KAAR-G augments objectness
first, followed by goal-directedness, geometry and
topology, and numbers and counting. KAAR-R
reverses the entire hierarchy by augmenting goal-
directedness first, followed by geometry and topol-
ogy, numbers and counting, and objectness. Both
variants consistently underperform KAAR, with
KAAR-R exhibiting a larger performance decline
than KAAR-G across all evaluated settings. The
observed performance degradation suggests that
dependency-inconsistent augmentation introduces
contextual interference, providing empirical sup-
port for KAAR’s dependency-aware, progressive
augmentation strategy.

L Cost Analysis

Table 7 reports the average token cost per prob-
lem and test accuracy I; for planning-aided code
generation (PC) under three generation strategies:
direct generation, repeated sampling, and refine-
ment. Direct generation incurs the lowest token
cost but also yields the lowest test accuracy. Com-
pared with refinement PC, repeated sampling PC

(RSPC) achieves comparable or higher test accu-
racy while requiring fewer tokens, demonstrating
superior efficiency and effectiveness.

Table 8 reports the average token cost, including
both prompts and LL.M responses, for knowledge
augmentation and the solver backbone (RSPC),
when using KAAR as the ARC solver. For each
ARC task, we consider the abstraction whose solu-
tion solves I;; if none succeed, the one that passes
I,; otherwise, the abstraction with the lowest to-
ken usage is selected. Except for goal-directedness
priors, all core knowledge priors in KAAR are gen-
erated offline using image processing algorithms,
resulting in comparable augmentation costs across
all evaluated models. In contrast, token usage by
the solver backbone varies substantially due to dif-
ferences in the LLMs’ abstract reasoning and gen-
eralization capabilities. GPT-03-mini solves most
tasks efficiently, with the lowest token consump-
tion by the solver backbone, where tokens used
for knowledge augmentation account for approxi-
mately 62% of the solver backbone’s token usage.
However, the solver backbone consumes more to-
kens with QwQ-32B, as QwQ-32B consistently
generates longer reasoning traces. In this case, to-
kens used for knowledge augmentation constitute
only 19% of the solver backbone’s token usage.
Figure 15 illustrates the average token cost for aug-
menting priors at each level in KAAR.

Table 9 quantifies the marginal cost-
effectiveness of RSPC over direct generation
PC and KAAR over RSPC, measured by the



KAAR KAAR-L KAAR-G KAAR-R

Acc Acc A Acc A Acc A
I, 25.75 24.75 -1.00 24.00 -1.75 23.00 -2.75
Gemini-2.0 I: 21.75 21.75 0.00 20.25 -1.50 19.25 -2.50
&I 20.50 20.00 -0.50 19.00 -1.50 18.00 -2.50
I 22.25 22.00 -0.25 19.00 -3.25 18.00 -4.25
QwQ-32B I 21.00 20.75 -0.25 18.00 -3.00 17.25 -3.75
L.&I 19.25 19.25 0.00 16.75 -2.50 16.25 -3.00
I, 12.25 12.25 0.00 9.50 -2.75 8.50 -3.75
DeepSeek-R1-70B I 12.75 12.75 0.00 10.50 -2.25 8.25 -4.50
L.&I, 11.50 11.50 0.00 9.00 -2.50 8.00 -3.50

Table 6: Accuracy (Acc) on I, I;, and I,.&1; for KAAR and its augmentation-order variants across three LLMs.
KAAR-L changes the order of priors within the same ontological level by applying numbers and counting before
geometry and topology; KAAR-G introduces goal-directedness before geometry and topology, numbers and
counting; and KAAR-R reverses the entire hierarchical augmentation order. A denotes the performance difference
relative to KAAR. All values are reported as percentages.

Direct Generation PC Repeated Sampling PC Refinement PC
Model Tokens I; Tokens I; Tokens n
GPT-03-mini 11K 22.25% 106K 30.75% 121K 25.75%
Gemini-2.0 13K 6.25% 110K 16.75% 136K 11.75%
QwQ-32B 39K 5.75% 427K 14.25% 489K 14.00%
DeepSeek-R1-70B 23K 4.50% 252K 7.75% 276K 7.75%

Table 7: Average token cost per problem vs. accuracy on test instances I; for planning-aided code generation (PC)
under three generation strategies: direct generation, repeated sampling, and refinement. K is 103.

Knowledge Augmentation ~ Solver Backbone (RSPC)

GPT-03-mini 66K 106K
Gemini-2.0 58K 110K
QwQ-32B 79K 427K
DeepSeek-R1-70B 66K 252K

Table 8: Average token cost for knowledge augmenta-
tion and solver backbone (RSPC) in KAAR across four
evaluated LLMs. K is 103.

improvement in I; per 1K additional tokens.
Both RSPC and KAAR yield positive marginal
accuracy gains across all evaluated LLMs. How-
ever, the marginal efficiency of RSPC varies
substantially across models, whereas KAAR
maintains comparatively consistent gains per 1K
additional tokens. This cross-model consistency
demonstrates the robustness and effectiveness of
KAAR’s augmented core knowledge priors.



Algorithm 1: KAAR

Input :LLM M; ARC problem P = (I, I;); description Q = (I, {i’ | (i*,i°) € I,});
abstraction list .4; 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, @, t);
7 if result # failure then

8 L 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 L return result

18 AugmentGoalPriors(M, @, abs);

19 result, code, passedCount <— SolverBackbone (M, P, @, t);
20 if result # failure then

21 L return result
22 solutionList.append((code, passedCount));

23 bestCode <+ SelectMostPassed(solutionList);
24 return EvaluateOnTest(bestCode, 1;),

25 Function SolverBackbone (M, P, Q, t):

26 1+ 0;

27 while i < ¢ do

28 plan < M.generatePlan(Q);

29 code +— M.generateCode((), plan);

30 passedCount <— EvaluateOnTrain(code, I,.);
31 if passedCount == |I,.| then

32 if EvaluateOnTest(code, I;) then

33 L return solve, code, passedCount;
34 else

35 L return pass, code, passedCount;
36 i+1+1;

37 return failure, code, passedCount;




RSPC vs. Direct Generation PC KAAR vs. RSPC

Model Al A Tokens AI/1K Tokens Al A Tokens AI;/1K Tokens
GPT-03-mini 8.50% 95K 0.089% 4.25% 66K 0.064%
Gemini-2.0 10.50% 97K 0.108% 5.00% 58K 0.086%
QwQ-32B 8.50% 388K 0.022% 6.75% 79K 0.085%
DeepSeek-R1-70B 3.25% 229K 0.014% 5.00% 66K 0.076%

Table 9: Cost-performance comparison of RSPC relative to Direct Generation PC and KAAR relative to RSPC. PC
denotes planning-aided code generation, and RSPC denotes repeated sampling planning-aided code generation. Al
denotes the improvement in test accuracy, and A Tokens denotes the additional average token cost per problem.
AI/1K Tokens denotes the improvement in test accuracy per 1K additional tokens. K denotes 103.

Task f3e62deb
(Movement)

Task b15fcaOb
(Extension)

Task 6ea4a07e ‘ ‘ Task 3b4c2228
(Recolor) (Others)

Figure 10: Example ARC tasks for movement, extension, recolor, and others categories.

80 1 Gemini-2.8 RSPC
Gemini-2.0 KAAR
70 15.8 DeepSeek-R1-70B RSPC
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Figure 11: Accuracy on test instances [; for RSPC and KAAR across average image size intervals, evaluated with
Gemini-2.0 and DeepSeek-R1-70B.



Abstractions

Definitions

No Abstraction
Whole Image

Middle-Vertical

Middle-Horizontal

Multi-Lines

4/8-Connected

4/8-Connected-Non-

Background

4/8-Connected-Non-
Background-Edge

4/8-Connected-Multi-Color-

Non-Background

4/8-Connected-Bounding-Box

4/8-Connected-With-Black

Same-Color

We consider the whole image as a component.

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

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

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

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

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

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.

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

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.

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

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

Table 10: 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.



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 11: KAAR priors classified into geometry and topology, numbers and counting, and goal-directedness with
priors exclusive to KAAR highlighted in red. For goal-directedness, we incorporate ten predefined actions, with
their corresponding action schemas detailed in Table 12.



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 12: 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.



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- All All

metry; Bounding Box;

Hole Count
4/8-connected- All Component Color All
multi-color-non- Counting; Components
background with Same Number of Col-

ors; Component with Most
Distinct Colors; Compo-
nent with Fewest Distinct
Colors ...

Table 13: Abstractions with their assigned knowledge priors. “—” denotes no priors, while “All” indicates all
priors in the corresponding category, as defined in Table 11. 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 11.
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Figure 12: Variance in accuracy on [,.&I; with increasing iterations for RSPC and KAAR using Gemini-2.0 and
DeepSeek-R1-70B.



Repeated sampling with standalone code generation

______________________________________ N

{ Code Solution }

Task 15696249 |

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

if 1s_uni
for r in range(9):
in_row = input_image[r % 3]
for j in range(3):
output[r][3j] = in_row[]]

—

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 + il[block * 3 + j] = input_image[i]l[j]

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

Plan

The plan identifies correct
{ Code Solution }conditions and implements
def generate_output_image(input_image): FOde aCCOPdlngly,.yleldlng
n - lenCinputinage) the correct solution.
m en(input_image ’
__________________________ 4’. -
4

4 for i in range(n): \
if all(pixel = input_image[i][8] for pixel in input_image[il):
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 # O-indexed: O 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 # O-indexed column position.
start_col = 3 * block_col
for r in range(9):
in_row = input_image[r % 3]

\ for ¢ in range(3): 7
N oo o o - outeutlrllstart col + ol = dnrowlel  _ _ _ _ _ _ _ _ _____._ P
1
. return output 4
'
-

Figure 13: ARC problem 75696249, 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-03-mini.



Refinement with planning-aided code generation
4 def generate_output_image(input_image):

# Step 1: Discard the lower é rows to work only with the top 6 rows.

cropped = [row[:] for row in input_image[:6]]

N

|

Task d19f7514}

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

1f eroppealnllel = % Initial incorrect code

# Step 3: Vertical propagation.
# Process from the second row (index 1) downwards
for r in range(1, len(cropped)):
for ¢ in range(len(cropped[r])):
# If this pixel is 0 and the pixel 1mmed1ate1j above is 4, fill it with 4.

cropped[r][c] |

return cropped

def generate_output_image(input_image):

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

cols = TenCoroppeale]y LNCOPrect code after refinements

# 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 bXse.
output = [base[0][:]1]
def is_active(row):

return any(pixel != 8 for pixel in row)

# Process each subsequent PowW. pesecsmsscssccccecmccooocooooooo oo N

for r in range(1, rows): Incorrect logic persists
# Start with the base row. : .
new_row = base[r][:] after refinements.

if is_active(cropped[r]):
for ¢ in range(cols):
# 0nly consider blank cells that were not drawn pfiiginally
if new_row[c] = 0 and cropped[r]lc] =
17 PropagaTe only if the cell dire _'L jabove 1s 4. ~ ~ T~ T~ T T
1 if output[r-1][c] = 4:
# For a right border cell, propagate automatically
if ¢ = cols - 1:
new_row[c] = 4

left_drawn = (c - 1 = 0 and cropped[r]l[c - 1] == 0)
right_drawn = (c + 1 < cols and cropped[r]l[c + 1] == 0)

1
1
1 else:
1
1
| if left_drawn or right_drawn:

I
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
k
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

4
T a EE S GE N G D G B D ED SN G ED SN G GE BN SN B G BN B G B G D G B G G BN GE G G am e -
Repeated sampling with planning-aided code generation
e Y S -
’ \
1
1 o
' Code Solution .
1 1
I def generate_output_image(input_image): !
1 # Split the input image into two halves !
1 num_rows = len(input_image) 1
1 mid = num_rows // 2 1
1 top_half = [] 1
| bottom_half = [] !
1
1 # Replace nonzero pixels with 4 in both halves 1
1 for i in range(mid):
1 top_half.append([4 if pixel != 0 else O for pixel in input_image[i]]) !
1 for i1 in range(mid, num_rows): !
1 bottom_half.append([4 if pixel != 0 else 0 for pixel in input_image[i]]) 1
__________________________________________ - 1
: £ Comblne the corresponding rows of the top and bottom halves using pixelwise OR (nonzero becomes 4) S
Toutput_image = [1] 1
1 Ifor i in range(mid): Correct 'Logic 1
1 1 combined_row = [] * 1
1 1 for j in range(len(top_half[i])): |I
1 1 # If either pixel in the corresponding column is nonzero (i.e., equals 4), output 4; otherwise Q]|
1 " if top_half[il[j] or bottom_half[il[j]: 1
' combined_row.append(4) I
! else: h
! 1 combined_row.append(0) h
1 \ output_image.append(combined_row) Vs
1 N o e mm e mm Em o Em Em mm mm Em Em Em Em Em mm R N R m R e M R Em R R e A Em e e R e e e e - 1
1 return output_image 1

Figure 14: ARC problem d19f7514, where repeated sampling with planning-aided code generatmn 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-03-mini.
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Figure 15: Average token cost for augmenting priors at each level across four LLMs. K is 103.




Task 358ba94e | | Code Solution |

def generate_output_image(input_image):

freq = {}
for row in input_image:

for pix in row:

if pix == 0:
freqlpix] = freq.get(pix, 0) + 1

# If there is no non-zero pixel, return a 5x5 zero matrix.
if not freq:

return [[6, 0, 0, 0, 0] for _ in range(5)]
# Determine the “digit” (nonzero value) that occurs most often.
digit = max(freq, key=freq.get)

I return [ \
1 [z, 7, 7, 7, 71, 1
1 [7, 0, 7,7, 71, 1
1 [7, 7, 7, 0, 71, 1
1 [7, 0, 7, 7, 71, 1
[7, 7,7, 7, 7]
1 ] 1
1elif digit = 8: 1
1 return [ 1
1 [8, 8, 8, 8, 8], 1
1 [8, 0, 8, 0, 8], 1
[8, 8, 8, 8, 8],
! [8, 6, 8, 6, 8], !
1 [e, 8,888 1
1 1 ! q L
ot dlit = o: Copy the output matrices.: ,
return .
! [6, 6, 6, 6, 6], !
! [6, 08, 6, 0, 6], !
1 [6, 6, 6, 6, 6], !
1 [6, 0, 6, 6, 6], 1
1 ] [6, 6, 6, 6, 6] 1
Velif digit = 2: 1
1 return [ !
1 [2, 2, 2, 2, 2], !
1 [2, 2, 2, 2, 2], 1
1 [2, 0, 2, 2, 2], 1
1 [2, 2, 2, 2, 2], 1
[2, 2, 2, 2, 2]
1 ] 1
1elif digit = 1: 1
1 # For the test image the drawn digit is 1. 1
1 # We choose a pattern that follows a similar style to the others. 1
return [
! 1, 1, 1, 1, 1], !
! [1, 6, 1, 6, 1], !
1 [1, 1, 1, 1, 1], 1
1 [1, 0, 1, 1, 1], 1
v [1, 1, 1, 1, 1] 1
N ’
else:
# For any other digit, simply fill a 5x5 matrix with that digit

return [[digit]*5 for _ in range(5)]

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-03-mini.



Task 695367ec Code Solution

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

44 These mappings are inferred from the examples:

V# For 2x2 and 5x5 inputs, grid-lines occur at indices: 2, 5, 8, 11, 14.
Y4 For a 3x3 input, grid-lines occur at indices: 3, 7, 11.

Y% For a 4x4 input, grid-lines occur at indices: 4, 9, 14.

:if n in (2, 5):

grid_indices = {2, 5, 8, 11, 14} rroooorsooriiooi

lelif n = 3 Generate a rule for
1 grid-indices = {3, 7, 11} leach input size.
1elif n = 4: L

1 grid_indices = {4, 9, 14}

1else:

1 # Default: evenly space n grid-lines over a 15-element dimension.
1 # This is a fallbackTekf 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)} ,'
N e e e e m e m e e mm e, e, e, ,—_,—,—,—, ——_,— e —————— -
# 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 ¢ in range(out_size):
if ¢ in grid_indices:

row.append(v)
|:> else:

H row.append(0)
output.append(row)

return output

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-03-mini.

Task b1fc8b8e Code Solution
def generate_output_image(input_image):
# Determine the border pattern based on the top row of the é6x6 input.
# Lavot how many- 8 ' s.appear-in the FIinst Ol e @ c cmcccccccm e mmmmm - -
E::£> ,‘count_eights = sum(1 for pixel in input_image[0] if pixel = 8) \

1

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

. active_pattern = [8, 8, 0, 8, 8]

f top_active = active_pattern No objective-centric reasoning.
' ]

1

1

1

1

]

second_active = active_pattern
else: Rules are only applied to
# Use the "softer-border" pattern: &paining instances.
top_active = [0, 8, 0, 8, 8] o
N second_active = [8, 8, 0, 8, 8] .

~

# The blank row (middle row) is always all zeros.
blank = [0, 0, 0, 8, 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

1

return output_image

Figure 18: ARC problem bIfc8b8e, where RSPC and KAAR generate the same code solution that passes the training
instances but fails on the test instance using GPT-03-mini.
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Figure 19: Asymmetric relative coverage matrix of nine ARC solvers using GPT-03-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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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.



M Prompts for LLMs

We include all prompts used by KAAR and nine ARC solvers described in Section 3. We adopt a bash-like
notation for input arguments within the prompts, such as ${zest_inputs} denotes the test input 2D matrices.
A brief description of the prompts used for each solver is provided below.

* Direct generation with solution plan: Prompt 1 describes how to generate the solution plan, and
Prompt 2 uses the generated plan to produce the output images.

* Direct generation with standalone code: Prompt 3 describes how to generate the code to produce
the output images.

* Direct generation with planning-aided code: It first generates a solution plan using Prompt 1, then
uses Prompt 4 to produce code based on the generated plan.

* Repeated sampling with solution plan: It can be regarded as an iterative version of direct generation
with solution plan, and thus also uses Prompts 1 and 2.

* Repeated sampling with standalone code: It can be regarded as an iterative version of direct
generation with standalone code, and thus also uses Prompt 3.

* Repeated sampling with planning-aided code: It can be regarded as an iterative version of direct
generation with planning-aided code, and thus also uses Prompts 1 and 4.

* Refinement with solution plan: Prompt 5 describes the process of refining the generated solution
plan with the validation samples. It uses Prompts 1 and 2 to generate the initial plan and the result
image.

* Refinement with the standalone code: Prompt 6 describes the process of refining the generated
code with the validation samples. It uses Prompt 3 to produce the initial code solution.

* Refinement with the planning-aided code: Prompt 7 describes the process of refining the generated
plan and code with the validation samples. It use Prompts 1 and 4 to generate the initial plan and
produce the initial code guided by the plan, respectively.

* KAAR: Prompt 8 describes the augmentation of objectness priors. Prompts 9 and 10 introduce
the augmentation of geometry and topology priors, encoded as component attributes and relations,
respectively. Prompt 11 outlines the augmentation of numbers and counting priors. Prompts 12
and 13 describe action selection and target component identification in the process of augmenting
goal-directedness priors. For prompts implementing each action’s implementation details, please
refer to our code.

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

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

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

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




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

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

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

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

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

For example, if there is one test input image, the output image should be:
[Start Output Imagel]

[[e0,0,0], [0,0,0], [0,0,0]]

[End Output Imagel

If there are multiple (2) test input images, the the output images should be outputted as

[Start Output Imagel]
[[0,0,0], [0,0,0], [0,0,0]]
[End Output Imagel

[Start Output Imagel
cct,1,11, C1,1,11, [1,1,11]
[End Output Image]

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

Prompt 3: Direct generation with standalone code.

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

User
The input data consists of a few pairs of input and output images, where the left image
in each pair represents the input and the right image represents the corresponding output

Each image can be represented as a 2D matrix: ${matrix}
The test input image(s): ${test_inputs}

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

Generate a Python script to map each input image (2D matrix) to the corresponding output
image (2D matrix).

Ensure that the Python script generalizes across different cases and test input image(s)
while maintaining consistency with the observed input-output image pairs.

Please output the Python program, starting with [Start Program] and ending with [End
Program].

Include an assert statement with the function signature to verify that the generated
output matches the expected result, starting with [Assert Statement].

Use placeholders like input_image and output_image for the variables representing the
input and output images.

For example:

[Start Program]

def generate_output_image(input_image):
rows = len(input_image)
cols = len(input_image[@])




def dfs(r, c):
"""Depth-first search to mark all 4-connected '1's to '2's.
if r< @ or r >= rows or c < @ or ¢ > cols or input_image[r][c] != 1:
return
# Change the current component from 1 to 2
input_imagel[r][c] = 2
# Explore neighbors (up, down, left, right)
dfs(r - 1, c) # Up
dfs(r + 1, c) # Down
dfs(r, ¢ - 1) # Left
dfs(r, ¢ + 1) # Right

nnn

# Traverse the image to find all components with '1'
for r in range(rows):
for ¢ in range(cols):
if input_image[r][c] == 1:
dfs(r, c)

return input_image
[End Program]
[Assert Statement]
assert generate_output_image(input_image) == output_image

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

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

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

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

For example:

[Start Program]

def generate_output_image(input_image):
rows = len(input_image)
cols = len(input_image[@])

def dfs(r, c):
"""Depth-first search to mark all 4-connected '1's to '2's.
if r< @ or r >= rows or c < @ or ¢ > cols or input_image[r][c] != 1:
return
# Change the current component from 1 to 2
input_imagel[r][c] = 2
# Explore neighbors (up, down, left, right)
dfs(r - 1, c) # Up
dfs(r + 1, c) # Down
dfs(r, ¢ - 1) # Left
dfs(r, ¢ + 1) # Right

nnn

# Traverse the image to find all components with '1'
for r in range(rows):
for ¢ in range(cols):
if input_image[r][c] == 1:
dfs(r, c)
return input_image

[End Program]




[Assert Statement]
assert generate_output_image(input_image) == output_image

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

Prompt 5: Refinement with solution plan - plan refinement.

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

User

The problem description:

[start problem description]

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

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

[end problem description]

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

[start incorrect transformation plan]

${plan}
[end incorrect transformation plan]

The incorrect output(s) generated by the incorrect plan:
[start incorrect output]

${incorrect_output?}

[end incorrect output]

The generated correct output(s):
[start correct output]
${correct_output}

[end correct output]

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

Prompt 6: Refinement with standalone code - code refinement.

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

User
The problem description:

[start problem description]

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

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

[end problem description]

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

[start incorrect program]
${code?}
[end incorrect program]




The incorrect output(s) generated by the incorrect program:
[start incorrect output]

${incorrect_output?}

[end incorrect output]

The generated correct output(s):
[start correct output]
${correct_output}

[end correct output]

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

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

For example:

[Start Revised Program]

def generate_output_image(input_image):
rows = len(input_image)
cols = len(input_image[@])

def dfs(r, c):
"""Depth-first search to mark all 4-connected '1's to '2's.
if r<@orr > rows or c < @ or c > cols or input_imagel[r][c] != 1:
return
# Change the current component from 1 to 2
input_image[r][c] = 2
# Explore neighbors (up, down, left, right)
dfs(r - 1, c) # Up
dfs(r + 1, c) # Down
dfs(r, ¢ - 1) # Left
dfs(r, ¢ + 1) # Right

nnn

# Traverse the image to find all components with '1'
for r in range(rows):
for ¢ in range(cols):
if input_image[r][c] == 1:
dfs(r, c)

return input_image
[End Revised Program]
[Assert Statement]
assert generate_output_image(input_image) == output_image

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

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

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

User

The problem description:

[start problem description]

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

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

[end problem description]




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

[start incorrect transformation plan]

${plan}
[end incorrect transformation plan]

[start incorrect program]
${code?}
[end incorrect program]

The incorrect output(s) generated by the incorrect transformation plan and program:
[start incorrect output]

${incorrect_output?}

[end incorrect output]

The generated correct output(s):
[start correct output]
${correct_output}

[end correct output]

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

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

For the revised Python program, start with [Start Revised Program] and end with [End

Revised Program]. Ensure that the revised program generalizes across different cases and

the test input image(s), while maintaining consistency with the observed input and output
image pairs.

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

For example:
[Start Revised Program]

def generate_output_image(input_image):
rows = len(input_image)
cols = len(input_image[@])

def dfs(r, c):
"""Depth-first search to mark all 4-connected '1's to '2's."""
if r< @ or r > rows or c < @ or ¢ > cols or input_imagelr][c] !'= 1:
return
# Change the current component from 1 to 2
input_imagel[r][c] = 2
# Explore neighbors (up, down, left, right)
dfs(r - 1, c) # Up
dfs(r + 1, c) # Down
dfs(r, ¢ - 1) # Left
dfs(r, ¢ + 1) # Right

# Traverse the image to find all components with '1'
for r in range(rows):
for ¢ in range(cols):
if input_image[r][c] == 1:
dfs(r, c)

return input_image
[End Revised Program]
[Assert Statement]
assert generate_output_image(input_image) == output_image

Please note, the assert statement should strictly follow the provided format, and the
output image should be represented in list format!




n

Please note, the script should not include an if __name__ == "__main__": block.

Prompt 8: Objectness priors augmentation

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

User
The training instances consist of several pairs of input and output images, where the
left image in each pair represents the input and the right image represents the
corresponding output.

Please note that the test instance(s) only contains input image(s).

Each image is represented as a 2D matrix:

${matrix}

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

We treat the color represented by the number {background_color} as the background color.
${abstraction_rule}

The components in each input and output image pair are as follows:
${component_description}

Prompt 9: Geometry and topology priors augmentation - component attributes

System
You are an expert in geometry and topology analysis. Below is a summary of component
attributes, including:

Size (Width and Height); Color; Shape; Symmetry; Bounding Box; Hole Count; Nearest
Boundary.

User
${geometry_and_topology_priors_attributes}$

Prompt 10: Geometry and topology priors augmentation - component relations

System
You are an expert in geometry and topology analysis, Below is a summary of component
relations, including:

Different/Identical with other components; Inclusive; Touching or or not touching with
other component; Spatial Relations,

User
${geometry_and_topology_priors_relations}$

Prompt 11: Numbers and counting priors augmentation

System
You are an expert in numbers and counting analysis. Below is a summary of component
statistics, including:

Symmetry numerical summary; Size numerical summary; Color numerical summary; Shape
numerical summary; Hole counting summary.

User

${numbers_and_couting_priors}$

Prompt 12: Goal-directedness priors augmentation - action selection

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

Please determine which category or categories this task belongs to. Please select from
the following:

1. color change: color change involves modifying the value of a component, and the
component size and position always does not change.

2. movement: movement involves shifting the position of a component to a new location
within the image, and the component size always does not change.

3. extension: extending involves expanding the boundaries of a component to increase its
size or reach within the image, and the component size always changes.




4. completing: completing an image involves filling in missing or incomplete parts of a
component to achieve a coherent and fully formed image.

5. resizing: resizing involves altering the dimensions of a component by expanding or
shrinking its size within the image.

6. selecting: selecting involves identifying and isolating a specific component within
the image as the output component, and the component size and color always does not
change.

7. copying: copying involves duplicating a component and either placing the duplicate in
a new location or replacing the existing component within the image.

8. flipping: flipping involves mirroring a component along a specified axis to reverse
its orientation within the image.

9. rotation: rotation involves turning a component around a fixed point or center by a
specified angle within the image.

10. cropping: cropping involves cutting out a specific portion of a component.

Please select the best suitable one or multiple categories from the provided list that
best describe the task.

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

For example, if the task belongs only to "color change”, your response should be:
[start category]

1. color chang

[end category]

If the task belongs to both "selecting” and "extension”, your response should be:
[start category]

1. selecting

2. extension

[end category]

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

System
You are an expert in analyzing grid-based image tasks, specifically in ${action}
components.

User

If this task involves ${action}:
1. Begin by identifying WHICH COMPONENTS are to be ${action} in all input images (
training and test pairs).
- Refer to these components as TARGET components (e.g., component 1 in the first input
image, component 2 and component 3 in the second input image, etc.).
- List ALL target components in each training and test input image.
- For EACH target component, provide:
- Attribute Analysis result
- Relation analysis result
- Numerical analysis result

2. Determine the CONDITIONS used to select these TARGET components for ${action} from

each training and test input image.

- These conditions must be based on common priorities across all targeted components and
must differ from the unselected components.

- For example: the size of all target components might be equal to 3 while the size of
the unselected components is not 3.

2.1. Analyze whether these conditions are EMPTY or not.

Evaluate if these conditions are derived from attribute analysis, including:

.1. Color

2. Size

3. Shape

4. Width

5. Height

6. The number of holes

.7. Bounding box
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. Symmetry
. Nearest boundary

2.3. Evaluate if these conditions are derived from relation analysis, including:
2.3.1. Relative position with other components

2.3.2. Touching with other components

2.3.3. Whether they differ from or are identical with other components




2.3.4. Enclosure of other components

2.4. Evaluate if these conditions are derived from numerical analysis, including:
. Symmetry numerical analysis

. Size numerical analysis

. Color numerical analysis

. Shape numerical analysis

. Hole counting analysis
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You must evaluate each condition ONE by ONE and determine the best conditions.

Note:

- The conditions MUST work for ALL training and test input and output image pairs.

- Conditions CANNOT come from the output images!

- A condition can be EMPTY.

- If a condition is based on numerical features (e.g., size (width and height), or the
number of holes), you may use the operators =, <, >, >=, or <=.

- For cropping or selecting tasks, consider using a bounding box to extract each
component.
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