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Abstract. ARC tests in-context rule induction: given a few input-output005 005

demonstrations, a model must infer the hidden rule and apply it to006 006

a new query. While many approaches express ARC rules through lan-007 007

guage, code, or symbolic programs, ARC itself is visual-symbolic: rules008 008

appear as grid transitions over objects, colors, shapes, and spatial rela-009 009

tions. We introduce Loop-OWM, an object-centric world-modeling archi-010 010

tecture that learns these rules as composable transitions over structured011 011

states. It combines color-prototype slots, demonstration-conditioned task012 012

summaries, and a looped transition model with dense propagation and013 013

slot-conditioned correction. On both ARC-1 and ARC-2, Loop-OWM014 014

outperforms non-looped and looped baselines with comparable or fewer015 015

parameters. These results suggest that ARC rules can be learned not016 016

only as language descriptions or searched programs, but also as transi-017 017

tions over visual-symbolic world states.018 018

Keywords: visual reasoning · object-centric world modeling · transfer019 019

learning · ARC-AGI020 020

1 Introduction021 021

The Abstraction and Reasoning Corpus (ARC) was introduced as a benchmark022 022

for studying abstract reasoning under limited supervision: each task provides023 023

only a few input-output demonstrations, and the model must infer the hidden024 024

rule and apply it to a new query input. This setting has naturally attracted025 025

language-centric and program-centric approaches, where the demonstrations are026 026

interpreted as prompts for rule induction, search, or program synthesis. However,027 027

the task interface of ARC is not linguistic. The rules are expressed through028 028

transitions of discrete 2D grids: objects are moved, copied, recolored, completed,029 029

counted, or related through spatial configurations. ARC therefore sits at an030 030

interesting boundary between language-like reasoning and visual-symbolic state031 031

transition.032 032

Recent visual approaches show that this visual-symbolic interface can be033 033

modeled directly by representing ARC examples as grid images or visual can-034 034

vases. However, they still largely treat ARC as direct grid-to-grid prediction: the035 035

model is asked to produce the target grid, while the intermediate structure of the036 036

rule – what objects are present, how they change, and how the observed tran-037 037

sition should apply to a new state – remains implicit. This is limiting because038 038
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Fig. 1: Loop-OWM overview. Demonstration pairs are augmented and encoded into
task context tokens, which condition an object-aware transition model to recurrently
update the query state and decode the final prediction under grid and transition su-
pervision.

many ARC tasks are naturally object-indexed. We therefore ask: can ARC rules039 039

be learned as composable object-aware transitions over structured grid states,040 040

and rolled out through iterative updates?041 041

In this paper, we study ARC from the perspective of object-centric world042 042

modeling. In this view, each grid is a visual-symbolic world state, each demon-043 043

stration pair provides evidence of a state transition, and each task specifies a044 044

state transition rule that should generalize from given pairs to news query ex-045 045

amples. Solving an ARC task then requires more than predicting an output046 046

grid: the model must interpret the current state, identify reusable object-level047 047

structure, infer how the state changes from demonstrations, and execute the in-048 048

ferred transition on a new input. This formulation connects ARC to in-context049 049

rule induction: the demonstration pairs act as a prompt, but the induced rule050 050

is grounded in structured visual states rather than expressed purely in natural051 051

language or code.052 052

We propose Loop-OWM, a composable architecture built around this for-053 053

mulation. The model consists of three conceptual components. First, an object-054 054

centric grid interpreter converts ARC grids into structured visual-symbolic states,055 055

exposing candidate entities through slots. Second, a task encoder reads the056 056

demonstration inputs, outputs, and transition-related features to infer a task-057 057

specific rule representation. Third, a looped transition model applies the inferred058 058

rule to the query state through iterative updates. The loop is not used merely059 059

as additional computation depth; rather, it implements a rollout mechanism in060 060
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which the model repeatedly updates an internal state under a task-conditioned061 061

transition rule.062 062

This design allows us to separate high-level modeling principles from lower-063 063

level architectural choices. Loop-OWM is not a single monolithic predictor, but064 064

a structured design space for studying how neural models can learn visual-065 065

symbolic transition rules. In our final instantiation, each recurrent update is im-066 066

plemented through two complementary branches: one branch models dense grid-067 067

level state propagation, while the other injects object-aware corrections through068 068

slot-conditioned representations. We evaluate design choices through controlled069 069

comparisons with non-looped and looped ViT baselines, together with ablation070 070

studies on object-aware updates, task-summary tokens, transition supervision,071 071

and recurrent rollout. Beyond improving ARC prediction, we hope this study072 072

contributes to a broader view of abstract reasoning: ARC rules need not be rep-073 073

resented only as language descriptions or searched programs, but can also be074 074

learned as composable transitions over structured world states.075 075

2 Related Work076 076

2.1 ARC as Rule Induction077 077

ARC was introduced to measure skill-acquisition efficiency and abstract reason-078 078

ing from limited experience (2). Each task provides only a few input-output079 079

demonstrations, requiring the solver to infer a hidden transformation rule and080 080

apply it to a new query. This has motivated symbolic, program-centric, and081 081

more recently LLM-based approaches that describe, search, or synthesize can-082 082

didate programs for ARC tasks (17; 21; 25). Such methods exploit the discrete083 083

and compositional structure of ARC, but often rely on explicit program spaces,084 084

hand-designed primitives, execution-guided search, or language-mediated reason-085 085

ing. Recent analyses also suggest that LLMs can identify high-level concepts but086 086

still struggle with compositional execution of spatial transformations (12). We087 087

study a complementary direction: learning ARC rules as latent transitions over088 088

visual-symbolic grid states, rather than expressing them explicitly as language089 089

or code.090 090

2.2 Neural Visual Models for ARC091 091

Recent work shows that ARC’s visual interface can be modeled directly. Vision-092 092

centric ARC methods represent tasks as spatial canvases and train neural ar-093 093

chitectures for grid-to-grid translation (8). Looped visual transformers further094 094

introduce recurrent computation, repeatedly applying shared blocks to increase095 095

effective reasoning depth without increasing parameter count (5; 18; 19; 20).096 096

These approaches demonstrate that visual modeling and iterative computa-097 097

tion are useful inductive biases for ARC. However, they primarily treat the098 098

task as output-grid prediction. In contrast, Loop-OWM formulates ARC as099 099

demonstration-conditioned state transition learning: the model must infer what100 100
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objects are present, how they change, and how the observed transformation101 101

should be applied compositionally to a new state.102 102

2.3 Object-Centric and World Models103 103

Many ARC rules are naturally object-indexed: transformations often operate on104 104

shapes, colors, connected components, and spatial relations rather than indepen-105 105

dent grid cells (2; 27). This makes object-centric representation learning relevant106 106

to ARC. Slot-based methods provide a mechanism for exposing an entity-like107 107

structure from dense visual features (1; 11; 14), while object-centric video and108 108

world models show that such representations can support dynamics and rela-109 109

tional reasoning (16; 26; 28). Our setting differs from video or control domains:110 110

ARC provides no natural temporal trajectories, so the transition rule must be in-111 111

ferred from a few input-output demonstrations. Loop-OWM therefore treats the112 112

demonstration pairs themselves as evidence for a task-specific dynamics model.113 113

3 Problem Formulation114 114

An ARC task consists of a small set of input-output demonstrations115 115

D = {(x(i), y(i))}Ni=1, (1)116 116

and a query input x ∈ {0, . . . , C − 1}H×W where each grid is a discrete visual-117 117

symbolic state, C counts the valid ARC colors. The goal is to predict the cor-118 118

responding output grid y by inferring the task-specific rule expressed by the119 119

demonstrations. A direct prediction model treats this problem as120 120

ŷ = fθ(x,D), (2)121 121

where the demonstrations act as conditioning information for grid-to-grid pre-122 122

diction.123 123

In contrast, we formulate ARC as demonstration-conditioned state transition124 124

learning. Each demonstration pair (x(i), y(i)) provides evidence of how a state125 125

changes under the hidden task rule. The model must infer a latent transition126 126

rule zD from the demonstrations and apply it to the query state:127 127

zD = ψtask
θ (D), ŷ = Rollout(x, zD). (3)128 128

This separates rule induction from rule execution: the task encoder ψtask
θ (·) infers129 129

what transition should be applied, while the rollout model applies the inferred130 130

rule to a new state. We use the term world model in this restricted sense :131 131

a model of structured ARC states and the task-conditioned transitions between132 132

them, rather than a model of physical dynamics or embodied control.133 133

Object-aware state abstraction. We introduce an object-aware state ab-134 134

straction. Given a grid x, we first map each cell color to an embedding using135 135

a shared color embed table E ∈ RC×d. The resulting feature map is patchified136 136
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with a p × p convolution (4) and augmented with 2D positional embeddings,137 137

yielding dense grid-state tokens138 138

H = ϕgrid(x) ∈ RL×d, L = (H/p)(W/p). (4)139 139

These dense tokens preserve fine-grained spatial information and serve as the140 140

grid-level state representation used by the transition model.141 141

From the dense grid-state tokens, we extract a set of K object slots142 142

S = {sk}Kk=1, sk ∈ Rd, (5)143 143

using a Slot Attention (14) module Sθ(·): the slots attend competitively to the144 144

dense tokens and are iteratively updated through attention, recurrent refinement,145 145

and a residual MLP.146 146

The slots are not required to be explicit symbolic objects or perfect segmen-147 147

tation masks. Instead, they serve as a structured interface through which the148 148

model can expose candidate entity-level information to the task encoder and149 149

transition model.150 150

Looped rule execution. Given the inferred task rule zD, the query grid is151 151

initialized as a latent state152 152

H0 = ϕgrid(x). (6)153 153

The model then applies a shared Transformer-based (23) transition module for154 154

L recurrent steps:155 155

Ht+1 = Fθ(H
t, zD), t = 0, . . . , T − 1. (7)156 156

The final state is decoded into logits Ŷ over the ARC color vocabulary,157 157

Ŷ = Decθ(H
T ), (8)158 158

which defines a categorical distribution over colors.159 159

pθ(c | u, v) = softmax
[
Ŷ(u,v)

]
c
. (9)160 160

Given the ground-truth output grid y, we define a standard cross-entropy loss161 161

over valid cells:162 162

Lgrid = − 1

|V|
∑

(u,v)∈V

log pθ(y(u,v) | u, v), (10)163 163

where V denotes the set of valid non-padding cells.164 164

The loop should not be understood merely as extra depth. It provides a roll-165 165

out mechanism: the same inferred rule can be repeatedly applied to an evolving166 166

internal state, allowing ARC prediction to be framed as iterative state transition167 167

rather than one-shot image translation. For simplicity, we use θ to collectively168 168

denote all learnable parameters.169 169
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4 Method170 170

Loop-OWM instantiates the formulation above with four learnable modules:171 171

an object-centric interpreter Sθ(·), a task encoder ψtask
θ (·), a looped transition172 172

model Fθ(·) with decoding module Decθ(·). An overview of Loop-OWM is shown173 173

in Figure 1.174 174

In this section, we focus on the design choices that instantiate the formu-175 175

lation: how grids are interpreted as object-aware states, how demonstrations are176 176

summarized into task representations, how the looped transition module updates177 177

the query state, and how different transition branches and supervision signals178 178

are combined in the final model.179 179

4.1 Color-Prototype Slot Initialization180 180

A key design choice is how slots are initialized. Instead of sampling free Gaussian181 181

slots per image, we initialize each slot from a color prototype. Specifically, the182 182

initial seed of slot i is given by183 183

s0i = Ei + bi ∈ Rd (11)184 184

where Ei is a row of the embedding table E and bi is a learnable slot-specific185 185

bias, bi = µ + σ · ϵi with µ, σ ∈ Rd shared learnable bias and log-variance, and186 186

ϵi ∼ N (0, I) resampled at every forward pass. Special symbols such as padding187 187

or ignored tokens are not used as slot prototypes. When K = C, slot i is seeded188 188

by Ei directly; if K is a positive integer multiple of C, we tile the table and each189 189

color anchors K/C slots that share the same seed.190 190

This color-prototype initialization binds slot identity to the shared ARC color191 191

palette. As a result, the same slot index has a consistent color anchor across192 192

demonstration pairs and query grids. This is useful for ARC because color is not193 193

merely a visual attribute; it often functions as a symbolic identifier for objects,194 194

regions, or roles within a task. The prototype slots therefore provide a stable195 195

object-aware interface while still allowing the Slot Attention updates to adapt196 196

each slot to the spatial context of a particular grid.197 197

Stationary Color Anchors. Since the same color embedding table E ∈ RC×d198 198

is used both to encode grid cells and to initialize slot prototypes, unconstrained199 199

updates to E would move the color anchors during training. This can blur the200 200

intended correspondence between slot identity and ARC color identity. To keep201 201

the prototype anchors stable, we initialize E as an orthogonal row frame and202 202

freeze it throughout training:203 203

EE⊤ ≈ d · IC , (12)204 204

up to the subset of rows used for valid ARC colors. The scaling by d corresponds205 205

to using a gain of
√
d, so that each color embedding has norm

√
d. This keeps the206 206

input magnitude comparable to a standard embedding layer and avoids changing207 207

the scale seen by downstream patch and positional layers. Empirically, we find208 208

that freezing E stabilizes the training of the looped transition model Fθ(·).209 209
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4.2 Complementary Transition Module210 210

The module Fθ(·) serves as the transition operator of the ARC world model.211 211

Given the current state Ht ∈ RL×d and the inferred task context zD, it predicts212 212

both how information should be transported across grid positions and what slot-213 213

conditioned content should be written back into the state.214 214

The update is decomposed into two complementary branches. The first branch215 215

predicts a dense patch-to-patch transition operator216 216

P t ∈ RL×L, (13)217 217

which routes information over grid positions. The second branch writes slot-218 218

conditioned content back to the patch level, producing an update219 219

Rt ∈ RL×d. (14)220 220

Together, these branches allow the model to represent both spatial propaga-221 221

tion and object-aware content modification. In practice, they are implemented222 222

with a shared task-conditioned cross-attention backbone and separate prediction223 223

heads..224 224

Slot-Conditioned Update. To map object-level information back to the grid225 225

state, inspired by VideoSAUR (28), we introduce a slot-to-grid mixer Ms2g
θ (·) as226 226

part of the decoding module Decθ(·). At each loop step, the mixer maintains a set227 227

of learnable positional patch queries Q = {qj}Lj=1, where qj ∈ Rd corresponds to228 228

one grid patch and is t-independent. Each patch query qj attends to the current229 229

slots St = {sti}Ki=1 and reconstructs a slot-conditioned patch feature:230 230

h̃tj =

K∑
i=1

softmaxi

(
⟨WQqj ,WKs

t
i⟩√

d

)
WVs

t
i. (15)231 231

We denote the reconstructed patch features as232 232

h̃t := {h̃tj}Lj=1 := Ms2g
θ (Q, St) ∈ RL×d (16)233 233

and pass them through a lightweight MLP renderer to produce the slot-conditioned234 234

update235 235

Rt := MLPθ(h̃
t). (17)236 236

This branch serves as the channel through which object-level information can237 237

write new or corrected content into the grid state.238 238

State update modes. We study three ways of composing P t and Rt into the239 239

next state:240 240

(1) Slot-only update. The next state is fully generated by the slot-to-grid241 241

mixer:242 242

Ht+1 = Rt. (18)243 243

This mode is closest to the formulation used in object-centric video models (16;244 244

28), where P t is only trained through auxiliary transition supervision and does245 245

not affect the forward prediction.246 246
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(2) Transport-only update. The next state is produced only by dense trans-247 247

port:248 248

Ht+1 = P tHt. (19)249 249

This forces the model to express the transition purely as routing over existing250 250

patch features. While suitable for permutation-like transformations, this mode is251 251

too restrictive for ARC rules that require writing new content, such as recoloring,252 252

filling, or completing shapes.253 253

(3) Complementary update. The last tests their complementarity:254 254

Ht+1 = P tHt + αt ·Rt. (20)255 255

where αt is a learnable gate parameter. The two paths therefore play comple-256 256

mentary roles: P t keeps the dense spatial propagation in the forward computa-257 257

tion, while Rt provides the object-aware update to express content changes that258 258

cannot be captured by transport alone. We ablate different updating modes in259 259

Section 5.3.260 260

4.3 Task Encoder with Summary Tokens261 261

We use the task encoder ψθ(·) to summarize the demonstration set D into a262 262

small set of context tokens that condition the looped transition model Fθ(·) at263 263

every step 1.264 264

Given the encoded demo-pair features, we construct a sequence of demo-pair265 265

tokens that represent the input/output states and transition-related features for266 266

each example. Depending on the update mode (introduced in Section 4.2), these267 267

pair tokens may be defined over slot-level representations or patch-level grid268 268

features. A learnable task-summary query bank then cross-attends to these demo269 269

pair tokens, producing the task embedding zD. More implementation details for270 270

the task encoder are provided in A.4.271 271

The main design choice is how to parameterize the task-summary queries.272 272

Consider three variants:273 273

(1) Shared-only Summary. The summary queries are shared across all tasks.274 274

Conditioning on a particular task therefore comes entirely from cross-attention275 275

to that task’s demonstration tokens. This encourages amortized rule induction:276 276

the same query bank must learn a general procedure for reading demonstrations277 277

and extracting a task rule.278 278

(2) Per-task Summary. The summary queries can instead be retrieved from279 279

a task-specific lookup table. For a training task m, the encoder uses a learned280 280

table entry Etask
m as the initial summary queries. This gives the model task-281 281

specific memory and may help when the same training tasks are revisited many282 282

times. However, it also ties part of the representation to the training task-id283 283

space, so unseen tasks require either newly initialized task entries and test-time284 284

adaptation.285 285

1 In implementation, at each loop step, a loop-index embedding is concatenated with
zD along the sequence dimension before being used to condition the transition model
Fθ(·).
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System #Params ARC-1 ARC-2

ViT
VARC (8) 18M 54.5 8.3
VARC (ensemble) 73M 60.4 11.1

recurrent models
HRM (24) 27M 40.3 5.0
TRM (9) 7M 44.6 7.8

recurrent ViT
LoopViT-S (20) 3.8M 60.1 10.0
LoopViT-M 11.2M 63.8 11.5
LoopViT-L 18M 65.8 14.2

Loop-OWM 32/1 (Ours) 10.42M 67.3 20.2
Loop-OWM 64/2 (Ours) 10.63M 68.5 22.5

System Type Cost/task($) ARC-1 ARC-2

large language models (LLMs)
Deepseek V3.2 Base LLM 0.080 57.0 4.0
o3-Pro (High) CoT+Syn. 7.55 59.3 4.9
o3 (Preview, Low) CoT+Syn. 200.00 75.7 4.0
Gemini 3.1 Pro (Pre.) CoT 0.962 98.0 77.1
GPT-5.5 (xHigh) CoT 1.87 95.0 85.0

human results
Human Panel - - 98.0 100.0
Avg. Human - - 60.2 -

Note. System type describes the inference strategy:
Base LLM represents single-shot inference from
standard language models;
CoTs represents chain-of-thought reasoning;
CoT+Syn. denotes CoT reasoning with additional
synthesized programs or candidate solutions.

Table 1: System-level Comparison on ARC-1 and ARC-2. (Left) Compact neu-
ral ARC systems. Loop-OWM performs 4 recurrent steps and uses two-stage training:
offline procedural augmentation followed by task-specific test-time training with task-
variant augmentation. ARC-2 results use ARC-1-to-2 transfer initialization from the
checkpoint trained on ARC-1 for 200 offline epochs. We report pass@2 mean acc. over
5 runs, 30 random test-time views per task; parameter counts exclude per-task sum-
mary tables. (Right) LLM-based systems and human references (3; 13). LLM results
are from the ARC-AGI leaderboard and use different inference strategies, including
base LLM inference, chain-of-thought reasoning, and synthesized candidate solutions.

(3) Hybrid Summary. The hybrid variant combines shared global summary286 286

tokens with task-specific summary tokens. This design separates two roles: shared287 287

tokens provide a task-agnostic interface for reading demonstrations, while task-288 288

specific tokens provide additional capacity for storing task-dependent biases.289 289

During training, task-token dropout can be applied so that the model cannot290 290

rely exclusively on task identifiers and must still use the demonstration readout.291 291

These variants instantiate different points in the trade-off between amortized292 292

rule induction and task-specific memory. The shared variant is most compatible293 293

with unseen task generalization and cross-benchmark transfer; the per-task vari-294 294

ant provides stronger task-specific capacity; and the hybrid variant attempts to295 295

combine both. We therefore treat the choice of task-summary parameterization296 296

as an empirical design question and compare the variants in the ablation study297 297

in Section 5.3.298 298

4.4 Composed Transition across Loops299 299

How the transition matrix P t is computed and supervised across loops is an300 300

orthogonal design choice. We separate two axes: (i) what target the predicted301 301

transition is compared against, and (ii) which transition quantity is supervised.302 302

For the first axis, we compare raw patch-feature similarity with a slot-mediated303 303

similarity target. For the second axis, we compare supervising an individual304 304

transition matrix with supervising the composed transition induced by the full305 305

looped rollout.306 306

(1) Dense vs. Slot-mediated Transition. Following VideoSAUR (28), a nat-307 307

ural target for dense patch-wise transport is the softmax-normalized cosine sim-308 308
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ilarity between destination (·dst) and source (·src) patches q and p :309 309

Praw
q,p = softmaxp

(
⟨f̂dstq , f̂ srcp ⟩

τ

)
, (21)310 310

where f̂ denotes a ℓ2-normalized patch feature and τ is a temperature.311 311

Empirically, we found this target can be biased towards identity transport :312 312

patch features include position-dependent information, source and destination313 313

patches at the same coordinate can become similar simply because they share314 314

the same position, even when the task rule requires nontrivial content movement.315 315

To reduce this positional identity bias, we use a slot-mediated transition316 316

target. We pass both the source and destination grids through the same slot317 317

encoder Sθ(·) with shared color-prototype slot seeds, obtaining slot-membership318 318

masks319 319

M src,Mdst ∈ RL×K , (22)320 320

where M∗
j,k is the membership of a src/dst patch j to slot k. We compute the321 321

slot-mediated similarity by marginalizing over the shared slot index:322 322

simslot
q,p =

K∑
k=1

Mdst
k,qM

src
k,p, (23)323 323

and define the transition target by normalizing over source patches:324 324

Pslot
q,p = softmaxp

(
simslot

q,p

τ

)
. (24)325 325

This target asks whether a destination patch and a source patch are assigned to326 326

the same color-prototype slot, rather than whether their raw patch embeddings327 327

are similar. It therefore reduces positional identity bias and provides a transport328 328

target aligned with the object-centric abstraction used by the model.329 329

Note that the color-prototype initialization provides a shared slot coordinate330 330

system across source and destination grids: unlike randomly initialized slots,331 331

whose ordering is permutation-symmetric, prototype slots are anchored to the332 332

ARC color palette and are therefore more consistently aligned across grids. In333 333

practice, we use this slot-mediated target in the main model.334 334

(2) Final-loop vs. Composed Transition. The second design choice concerns335 335

which transition quantity should be supervised. A straightforward option is to336 336

attach the transition loss only to the final-step transition matrix337 337

P̂ final = P̂T−1. (25)338 338

This supervises the last routing operation before decoding, but does not directly339 339

constrain the effective transport induced by the full looped rollout.340 340

When applying the transition module recurrently, the overall transport from341 341

the initial query state to the final state is given by the composition of all per-342 342

step transition matrices. With the update convention Ht+1 = P tHt (+Rt), the343 343

effective transition after T steps is344 344

P̂ total = P̂T−1P̂T−2 · · · P̂ 0. (26)345 345
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We supervise P̂ ∗ using a transition target computed between the query input346 346

grid and the ground-truth output grid:347 347

Ltrans = − 1

L

L∑
q=1

L∑
p=1

P∗
q,p log

(
P̂ ∗
q,p + ϵ

)
, (27)348 348

where P∗
q,p is the transition target chosen (either raw or slot), and P̂ ∗

q,p is the349 349

supervised prediction.350 350

Supervising P̂ total aligns the transport objective with the actual multi-step351 351

routing experienced by the query state. In contrast to supervising only P̂ final,352 352

the composed objective discourages any single step from collapsing to a trivial353 353

identity solution unless the remaining steps compensate for the full input-to-354 354

output transport. In practice, we supervise the composed total transition in our355 355

main setting.356 356

Overall objective. The full training loss is:357 357

L = Lgrid + λLtrans, (28)358 358

where λ controls the transition loss weight.359 359

5 Experiments360 360

Datasets. We evaluate Loop-OWM on ARC-1 and ARC-2 (2; 3). Since the orig-361 361

inal ARC files provide only a few demonstrations per task, training directly on362 362

the raw files gives very sparse supervision for learning neural transition models.363 363

We therefore use procedural augmentation to generate additional input-output364 364

pairs for the training tasks, while keeping the official evaluation tasks out. More365 365

implementation and configurations details are provided in Appendix A.1.366 366

5.1 Two-stage Training367 367

We adopt a two-stage training pipeline consisting of offline pretraining and test-368 368

time adaptation. This protocol is natural for ARC because each test task may369 369

instantiate a rule that is not directly covered by the offline training distribution.370 370

The offline stage trains general visual-symbolic machinery for grid interpretation,371 371

object-centric abstraction, and transition modeling, while the test-time stage372 372

specializes this machinery to the rule specified by the demonstrations of the373 373

current task. This separates general mechanism learning from task-specific rule374 374

specialization, matching the few-shot nature of ARC.375 375

Offline procedural augmentation. For ARC-1, we augment the 400 training376 376

tasks with RE-ARC (7), a procedural reimplementation of the ARC-1 training377 377

tasks. For each original training task, RE-ARC can generate fresh input-output378 378

pairs by sampling from the underlying task program. Following (8), we generate379 379

approximately 1000 pairs per task, allowing the model to train with dense task-380 380

level supervision rather than only the few examples provided in the raw ARC381 381
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files. This augmentation is applied only to the training split; the evaluation split382 382

is held out and never used for generation or training.383 383

For ARC-2, we use ARC-GEN (15), a mimetic procedural generator for ARC.384 384

Among the 1000 ARC-2 training tasks, 891 task ids are covered by ARC-GEN:385 385

500 correspond to ARC-2-specific task instances, while the remaining 391 are386 386

overlapping with ARC-1. We generate up to 1000 pairs per covered task. Tasks387 387

whose rejection sampler exceeds a per-call time budget are dropped; this affects388 388

16 tasks, all from the ARC-2-only subset. None of the 120 ARC-2 evaluation389 389

tasks have a corresponding generator, so the offline augmentation is leakage-390 390

free.391 391

Test-time augmentation. We follow the the task-variant augmentation strat-392 392

egy introduced in VARC (8): for each original test task, we create 50 augmented393 393

task variants via rotations, flips, or color permutations. Resuming the offline-394 394

trained checkpoint, we further train the model on the demonstrations of the395 395

current test task and their augmented variants. For inference, we evaluate the396 396

adapted model on multi-augmented views, invert the transformations on the pre-397 397

dicted grids, and consolidate the resulting candidates by majority voting. We use398 398

30 random views per task and report the mean accuracy over 5 independent runs.399 399

ARC-1 to ARC-2 transfer. For ARC-2, we additionally study cross-benchmark400 400

initialization from ARC-1. Specifically, we first train Loop-OWM on ARC-1 for401 401

200 offline epochs, and then use this checkpoint to initialize offline training on402 402

ARC-2. Only task-independent parameters are transferred; task-id-dependent403 403

parameters, such as per-task summary tables, are re-initialized for ARC-2. This404 404

protocol tests whether the model can transfer general visual-symbolic machinery405 405

across ARC benchmarks. Detailed training curves and analysis are provided in406 406

Appendix A.5.407 407

5.2 System-Level Comparison408 408

We compare Loop-OWM with prior neural systems, LLMs, recurrent methods,409 409

and human-level references on ARC-1 and ARC-2. As shown in Table 1 (Left),410 410

Loop-OWM achieves the strongest results among compact neural systems. Com-411 411

pared with recurrent baselines (9; 20; 24), Loop-OWM achieves substantially412 412

higher performance while remaining in a compact parameter regime.413 413

Table 1 (Right) also highlights a different trade-off from LLM-based sys-414 414

tems. Recent LLMs can obtain strong performance on ARC, especially when415 415

using chain-of-thought (CoT) reasoning with optional synthesized candidate so-416 416

lutions. However, this performance often comes with substantially higher infer-417 417

ence cost. In contrast, Loop-OWM is a compact ViT-based model trained to418 418

operate directly on grid-structured inputs, without relying on external language419 419

reasoning, program synthesis, or LLM-scale candidate search. This suggests that420 420

explicitly modeling object-centric recurrent transitions can provide an effective421 421

inductive bias for ARC-style visual reasoning.422 422

Finally, the gap between ARC-1 and ARC-2 remains significant for all neural423 423

systems, indicating that ARC-2 continues to pose a substantially harder gener-424 424

alization challenge. Nevertheless, Loop-OWM narrows this gap relative to prior425 425
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(a) State-update composition.

(b) Task-summary parameterization.

Fig. 2: Ablation results on the ARC-1 evaluation set using the 32/1 configuration.
All variants use 100 offline training epochs and 100 test-time training epochs, and are
evaluated with a reduced multi-view budget of 10 random views over 2 independent
runs.

compact neural models, suggesting that recurrent object-world modeling is a426 426

promising direction for scaling vision-based ARC solvers.427 427

5.3 Ablation Study428 428

We ablate the two design choices most directly tied to our modeling hypothesis:429 429

how the looped transition module composes dense and object-aware updates, and430 430

how the task encoder parameterizes the summary tokens used for rule induction.431 431

All variants are conducted on ARC-1 using a 32 × 32 canvas with patch size p432 432

= 1) and the same two-stage training protocol: 100-ep offline training followed by433 433

100-ep test-time training. We use 10 random views per task over 2 independent434 434

runs and report pass@2 mean accuracy on ARC-1 evaluation set. More choices435 435

are analyzed in the appendix.436 436

(a) State update composition. As introduced in Section 4.2, we first compare437 437

three update variants: slot-only, transport-only, and complementary update. To438 438

isolate this factor, all variants use only the per-task summary parameterization.439 439

Figure 2a shows a clear ordering; the complementary update performs best. This440 440

supports our hypothesis that ARC world-state transitions require both spatial441 441

transport and object-aware content updates, rather than pure routing alone.442 442

(b) Task-summary parameterization. We next compare three variants in-443 443

troduced in Section 4.3: shared-only, per-task, and hybrid. To isolate this factor,444 444

all variants use the same complementary update mode. Figure 2b highlights an445 445

empirical trade-off. Shared-only summary tokens provide the cleanest amortized446 446

formulation, but offer limited task-specific capacity during test-time training.447 447
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Input Ground-Truth Loop 1 Loop 2 Loop 3 Loop 4 Final Output

Fig. 3: Example rollout without stable semantics.

Adding per-task summary entries substantially improves performance, suggest-448 448

ing that these entries act as adaptable placeholders for task-specific rule infor-449 449

mation. The hybrid is slightly better than per-task-only, indicating that shared450 450

summary queries still provide a useful amortized rule-induction bias when com-451 451

bined with task-specific capacity.452 452

6 Limitations and Future Work453 453

Although Loop-OWM uses recurrence as a rollout mechanism, we do not ob-454 454

serve stable, human-interpretable semantics at individual loop steps, as shown455 455

in Figure 3. Ideally, different loops might correspond to reusable reasoning stages456 456

such as localization, transport, recoloring, or boundary refinement. In practice,457 457

however, computation is distributed across steps without a consistent cross-task458 458

pattern. This is expected to some extent: standard ARC provides only input-459 459

output supervision and does not supervise intermediate states; the internal roll-460 460

out is therefore underdetermined as long as the final grid is correct.461 461

Addressing this limitation requires trajectory-level supervision. As a first462 462

step, we are building an ARC-2-derived dataset with principled intermediate-463 463

state annotations, currently covering approximately 500 tasks. By supervising464 464

sub-transformations rather than only final outputs, such data could make recur-465 465

rent updates more semantically grounded and move looped ARC models toward466 466

more inspectable world models.467 467

7 Conclusion468 468

We frame ARC as rule induction over visual-symbolic state transitions. Under469 469

this view, demonstrations define how a structured grid state should change, and470 470

solving a new query requires executing the inferred transition rather than merely471 471

predicting pixels. Our proposed model instantiates this idea with object-aware472 472

grid interpretation, task-summary tokens, and recurrent transition updates that473 473

combine dense transport with slot-conditioned writing. Results on ARC-1 and474 474

ARC-2, together with the targeted ablations, show that this formulation provides475 475

an effective inductive bias for compact neural ARC solvers. More broadly, the476 476

study suggests that ARC can serve not only as a benchmark for language- or477 477

program-based reasoning, but also as a controlled setting for learning composable478 478

world-state dynamics.479 479



Bibliography480 480

[1] Burgess, C.P., Matthey, L., Watters, N., Kabra, R., Higgins, I., Botvinick,481 481

M., Lerchner, A.: Monet: Unsupervised scene decomposition and represen-482 482

tation. arXiv preprint arXiv:1901.11390 (2019), https://arxiv.org/abs/483 483

1901.11390484 484

[2] Chollet, F.: On the measure of intelligence. arXiv preprint arXiv:1911.01547485 485

(2019), https://arxiv.org/abs/1911.01547486 486

[3] Chollet, F., Knoop, M., Kamradt, G., Landers, B., Pinkard, H.: ARC-487 487

AGI-2: A new challenge for frontier AI reasoning systems. arXiv preprint488 488

arXiv:2505.11831 (2025), https://arxiv.org/abs/2505.11831489 489

[4] Dosovitskiy, A., Beyer, L., Kolesnikov, A., Weissenborn, D., Zhai, X., Un-490 490

terthiner, T., Dehghani, M., Minderer, M., Heigold, G., Gelly, S., Uszko-491 491

reit, J., Houlsby, N.: An image is worth 16x16 words: Transformers for492 492

image recognition at scale. In: Proc. of the International Conf. on Learn-493 493

ing Representations (ICLR) (2021), https://openreview.net/forum?id=494 494

YicbFdNTTy495 495

[5] Geiping, J., McLeish, S., Jain, N., Kirchenbauer, J., Singh, S., Bartold-496 496

son, B.R., Kailkhura, B., Bhatele, A., Goldstein, T.: Scaling up test-497 497

time compute with latent reasoning: A recurrent depth approach. In: Ad-498 498

vances in Neural Information Processing Systems (NeurIPS) (2025), https:499 499

//openreview.net/forum?id=S3GhJooWIC500 500

[6] He, K., Chen, X., Xie, S., Li, Y., Dollár, P., Girshick, R.B.: Masked au-501 501

toencoders are scalable vision learners. In: Proc. IEEE Conf. on Computer502 502

Vision and Pattern Recognition (CVPR). pp. 15979–15988 (2022)503 503

[7] Hodel, M.: Addressing the abstraction and reasoning corpus via procedu-504 504

ral example generation. arXiv preprint arXiv:2404.07353 (2024), https:505 505

//arxiv.org/abs/2404.07353506 506

[8] Hu, K., Cy, A., Qiu, L., Ding, X.D., Wang, R., Zhu, Y.E., Andreas, J.,507 507

He, K.: Arc is a vision problem! arXiv preprint arXiv:2511.14761 (2025),508 508

https://arxiv.org/abs/2511.14761509 509

[9] Jolicoeur-Martineau, A.: Less is more: Recursive reasoning with tiny net-510 510

works. arXiv preprint arXiv:2510.04871 (2025), https://arxiv.org/abs/511 511

2510.04871512 512

[10] Jordan, Keller, Jin, Yuchen, Boza, Vlado, Jiacheng, You, Cecista, Franz,513 513

Newhouse, Laker, Bernstein, Jeremy: Muon: An optimizer for hidden lay-514 514

ers in neural networks (2024), https://kellerjordan.github.io/posts/515 515

muon516 516

[11] Kirilenko, D., Vorobyov, V., Kovalev, A., Panov, A.: Object-centric learning517 517

with slot mixture module. In: Proc. of the International Conf. on Learn-518 518

ing Representations (ICLR) (2024), https://openreview.net/forum?id=519 519

aBUidW4Nkd520 520

[12] Lee, S., Sim, W., Shin, D., Seo, W., Park, J., Lee, S., Hwang, S., Kim,521 521

S., Kim, S.: Reasoning abilities of large language models: In-depth analysis522 522

https://arxiv.org/abs/1901.11390
https://arxiv.org/abs/1901.11390
https://arxiv.org/abs/1901.11390
https://arxiv.org/abs/1911.01547
https://arxiv.org/abs/2505.11831
https://openreview.net/forum?id=YicbFdNTTy
https://openreview.net/forum?id=YicbFdNTTy
https://openreview.net/forum?id=YicbFdNTTy
https://openreview.net/forum?id=S3GhJooWIC
https://openreview.net/forum?id=S3GhJooWIC
https://openreview.net/forum?id=S3GhJooWIC
https://arxiv.org/abs/2404.07353
https://arxiv.org/abs/2404.07353
https://arxiv.org/abs/2404.07353
https://arxiv.org/abs/2511.14761
https://arxiv.org/abs/2510.04871
https://arxiv.org/abs/2510.04871
https://arxiv.org/abs/2510.04871
https://kellerjordan.github.io/posts/muon
https://kellerjordan.github.io/posts/muon
https://kellerjordan.github.io/posts/muon
https://openreview.net/forum?id=aBUidW4Nkd
https://openreview.net/forum?id=aBUidW4Nkd
https://openreview.net/forum?id=aBUidW4Nkd


16 ECCV 2026 Workshop UniWorld Submission #5

on the abstraction and reasoning corpus. arXiv preprint arXiv:2403.11793523 523

(2024), https://arxiv.org/abs/2403.11793524 524

[13] LeGris, S., Vong, W.K., Lake, B.M., Gureckis, T.M.: H-ARC: A robust525 525

estimate of human performance on the abstraction and reasoning corpus526 526

benchmark. arXiv preprint arXiv:2409.01374 (2024), https://arxiv.org/527 527

abs/2409.01374528 528

[14] Locatello, F., Weissenborn, D., Unterthiner, T., Mahendran, A., Heigold,529 529

G., Uszkoreit, J., Dosovitskiy, A., Kipf, T.: Object-centric learning with530 530

slot attention. In: Advances in Neural Information Processing Systems531 531

(NeurIPS). vol. 33, pp. 11525–11538 (2020)532 532

[15] Moffitt, M.D.: ARC-GEN: A mimetic procedural benchmark generator for533 533

the abstraction and reasoning corpus (2025), https://arxiv.org/abs/534 534

2511.00162535 535

[16] Nam, H., Le Lidec, Q., Maes, L., LeCun, Y., Balestriero, R.: Causal-536 536

jepa: Learning world models through object-level latent interventions. arXiv537 537

preprint arXiv:2602.11389 (2026)538 538

[17] Ouellette, S.: Towards efficient neurally-guided program induction for ARC-539 539

AGI. arXiv preprint arXiv:2411.17708 (2024), https://arxiv.org/abs/540 540

2411.17708541 541

[18] Saunshi, N., Dikkala, N., Li, Z., Kumar, S., Reddi, S.J.: Reasoning with542 542

latent thoughts: On the power of looped transformers. In: Proc. of the543 543

International Conf. on Learning Representations (ICLR) (2025), https:544 544

//openreview.net/forum?id=din0lGfZFd545 545

[19] Schwarzschild, A., Borgnia, E., Gupta, A., Huang, F., Vishkin, U., Gold-546 546

blum, M., Goldstein, T.: Can you learn an algorithm? generalizing from547 547

easy to hard problems with recurrent networks. In: Advances in Neural548 548

Information Processing Systems (NeurIPS) (2021), https://openreview.549 549

net/forum?id=Tsp2PL7-GQ550 550

[20] Shu, W.J., Qiu, X., Zhu, R.J., Chen, H.H., Liu, Y., Yang, H.: Loopvit: Scal-551 551

ing visual arc with looped transformers. arXiv preprint arXiv:2602.02156552 552

(2026), https://arxiv.org/abs/2602.02156553 553

[21] Singhal, K., Shroff, G.: Conceptsearch: Towards efficient program search554 554

using llms for abstraction and reasoning corpus (arc). In: Proc. of the Conf.555 555

on Artificial Intelligence (AAAI) (2025), https://doi.org/10.1609/aaai.556 556

v39i28.35300557 557

[22] Su, J., Ahmed, M., Lu, Y., Pan, S., Bo, W., Liu, Y.: Roformer: Enhanced558 558

transformer with rotary position embedding. Neurocomputing 568, 127063559 559

(2024), https://dl.acm.org/doi/10.1016/j.neucom.2023.127063560 560

[23] Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez,561 561

A.N., Kaiser, L., Polosukhin, I.: Attention is all you need. In: Ad-562 562

vances in Neural Information Processing Systems (NeurIPS) (2017),563 563

https://proceedings.neurips.cc/paper_files/paper/2017/hash/564 564

3f5ee243547dee91fbd053c1c4a845aa-Abstract.html565 565

[24] Wang, G., Li, J., Sun, Y., Chen, X., Liu, C., Wu, Y., Lu, M., Song,566 566

S., Abbasi Yadkori, Y.: Hierarchical reasoning model. arXiv preprint567 567

arXiv:2506.21734 (2025), https://arxiv.org/abs/2506.21734568 568

https://arxiv.org/abs/2403.11793
https://arxiv.org/abs/2409.01374
https://arxiv.org/abs/2409.01374
https://arxiv.org/abs/2409.01374
https://arxiv.org/abs/2511.00162
https://arxiv.org/abs/2511.00162
https://arxiv.org/abs/2511.00162
https://arxiv.org/abs/2411.17708
https://arxiv.org/abs/2411.17708
https://arxiv.org/abs/2411.17708
https://openreview.net/forum?id=din0lGfZFd
https://openreview.net/forum?id=din0lGfZFd
https://openreview.net/forum?id=din0lGfZFd
https://openreview.net/forum?id=Tsp2PL7-GQ
https://openreview.net/forum?id=Tsp2PL7-GQ
https://openreview.net/forum?id=Tsp2PL7-GQ
https://arxiv.org/abs/2602.02156
https://doi.org/10.1609/aaai.v39i28.35300
https://doi.org/10.1609/aaai.v39i28.35300
https://doi.org/10.1609/aaai.v39i28.35300
https://dl.acm.org/doi/10.1016/j.neucom.2023.127063
https://proceedings.neurips.cc/paper_files/paper/2017/hash/3f5ee243547dee91fbd053c1c4a845aa-Abstract.html
https://proceedings.neurips.cc/paper_files/paper/2017/hash/3f5ee243547dee91fbd053c1c4a845aa-Abstract.html
https://proceedings.neurips.cc/paper_files/paper/2017/hash/3f5ee243547dee91fbd053c1c4a845aa-Abstract.html
https://arxiv.org/abs/2506.21734


ECCV 2026 Workshop UniWorld Submission #5 17

[25] Wind, J.S.: DSL solution to the ARC challenge. GitHub repository (2020),569 569

https://github.com/victorvikram/ARC-icecuber570 570

[26] Wu, Z., Dvornik, N., Greff, K., Kipf, T., Garg, A.: Slotformer: Unsu-571 571

pervised visual dynamics simulation with object-centric models. In: Proc.572 572

of the International Conf. on Learning Representations (ICLR) (2023),573 573

https://openreview.net/forum?id=TFbwV6I0VLg574 574

[27] Xu, Y., Li, W., Vaezipoor, P., Sanner, S., Khalil, E.B.: LLMs and the575 575

abstraction and reasoning corpus: Successes, failures, and the importance576 576

of object-based representations. Journal of Machine Learning Research577 577

(JMLR) (2024), https://openreview.net/forum?id=E8m8oySvPJ578 578

[28] Zadaianchuk, A., Seitzer, M., Martius, G.: Object-centric learning for real-579 579

world videos by predicting temporal feature similarities. In: Advances580 580

in Neural Information Processing Systems (NeurIPS) (2023), https://581 581

openreview.net/forum?id=t1jLRFvBqm582 582

https://github.com/victorvikram/ARC-icecuber
https://openreview.net/forum?id=TFbwV6I0VLg
https://openreview.net/forum?id=E8m8oySvPJ
https://openreview.net/forum?id=t1jLRFvBqm
https://openreview.net/forum?id=t1jLRFvBqm
https://openreview.net/forum?id=t1jLRFvBqm


18 ECCV 2026 Workshop UniWorld Submission #5

A Appendix583 583

A.1 Configurations and Model Size584 584

We report the training configurations in Table 2. In addition, Table 3 shows the585 585

parameter breakdown of our 64/2 model (64× 64 canvas with patch size p = 2).586 586

The model has 10.63M parameters excluding the per-task summary table. This587 587

table is tied to the number of training task identifiers and therefore scales with588 588

the benchmark-specific task vocabulary rather than with the reusable model589 589

architecture. For ARC-2, the per-task summary table contains 1000× (Nq
task =590 590

)8×256 ≈ 2.048M parameters, where Nq
task defines the capacity of the summary591 591

query bank (see A.4). Most parameters are concentrated in three components:592 592

the task encoder, the transition core, and the decoder. Together, these account593 593

for approximately 84.4% of the model. The slot module is shared between the594 594

task encoder and the looped predictor and contributes only 10.6% of the total595 595

parameter count. We use Muon (10) optimizer with cosine lr-scheduler through596 596

training.597 597

Number of recurrent steps. We ablate the number of recurrent rollout steps598 598

in the 32/1 configuration, testing T ∈ {3, 4, 5, 6}. We ablate T ∈ {3, 4, 5, 6}599 599

rollout steps and find that T = 4 gives the best validation performance, with600 600

no visible benefit from additional steps. We therefore use T = 4 throughout all601 601

experiments.602 602

A.2 Data Preprocessing603 603

Following the visual-canvas setup in VARC (8), we place ARC grids, whose604 604

spatial size is at most 30 × 30, on an image-like canvas. We use a 2× scaling605 605

ratio with a 64 × 64 canvas and patch size p = 2, producing a 32 × 32 token606 606

grid with L = 1024 patch tokens. This keeps the transformer sequence length607 607

comparable to a 32 × 32 canvas with 1 × 1 patches, while allowing each 2 × 2608 608

patch to contain richer local color patterns.609 609

Since ARC input and output grids may have different raw shapes, we follow610 610

(8) and handle shape prediction on the fixed canvas. Canvas cells outside the611 611

placed grid receive an [IGNORE] token, while output grids additionally use a612 612

[PAD] token to mark the right column and bottom row immediately adjacent613 613

to the valid output region 2. The grid cross-entropy is computed on all non-614 614

[IGNORE] cells; [PAD] tokens are supervised as meaningful boundary tokens,615 615

allowing the model to recover the output shape from its own predictions. At616 616

inference time, we locate the rightmost and bottommost predicted [PAD] tokens617 617

and crop the canvas accordingly. Following (8), we also apply a foreground mask618 618

in the predictor self-attention layers by masking keys corresponding to [IGNORE]619 619

cells; [PAD] keys are left unmasked because they encode valid output-boundary620 620

information.621 621

2 In our implementation, [IGNORE] and [PAD] correspond to IGNORE_INDEX=10 and
PAD_INDEX=11, respectively.
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offline training
epochs 200
warmup epochs 0
optimizer Muon, β = 0.95

batch size (per GPU) 64
GPU type H200 ×4
learning rate 1e−3

learning rate scheduler cosine (min 0.05×)
weight decay 0.01
dropout 0
task query bank Nq

task 8
use loop-index embedding true
loop steps 4
Ltrans weight 0.1
test-time training
epochs 200
warmup epochs 0
optimizer Muon, β = 0.95

batch size 8
learning rate 5e−4

learning rate scheduler cosine (min 0.05×)
weight decay 0.01
dropout 0
task query bank Nq

task 8
use loop-index embedding true
loop steps 4
Ltrans weight 0.1
views per test pair 30
independent runs 5

Table 2: Training Configurations.

During training, we apply VARC-style canvas augmentations, including ran-622 622

dom translation, scale changes, rotations, flips, and color permutations. Spatial623 623

augmentations are applied consistently to the input and output grids of each624 624

pair so that the underlying task rule is preserved.625 625

A.3 Positional Embeddings626 626

We use absolute 2D sine-cosine positional embeddings (6) at several sites in627 627

the model. At the input, each cell token is formed by concatenating a color628 628

embedding slice with a 2D positional embedding, rather than adding position to629 629

color. This keeps color and position in separate channels at initialization, which630 630

preserves the initial dot-product alignment between color-prototype slot seeds631 631

and same-color patches. Importantly, this does not force slots to ignore position:632 632
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Component #Params Share Type Hidden dim Description

Task encoder ψθ(·) 3.17M 29.8% 4 blocks 256 Cross- and self-attn, MLP (ff= 512)
Transition Fθ(·) 3.16M 29.8% 6 blocks 256 Looped transformer core, 4 steps
Decoder Decθ(·) 2.63M 24.8% Cross-Attn + MLP 256 Slot mixer, renderer, output head (ff= 512)
Slot encoder Sθ(·) 1.12M 10.6% Slot attention 256 Shared color-prototype, 24 slots, 3 iters
Patch embedding 0.26M 2.5% Conv2d (1×1) 256 Convolutional patch embedding
2D pos embedding 0.26M 2.5% sin-cosine 1024× 256 Positional embedding table
Output head 0.01M 0.1% Linear 256 → 12 Color prediction head
Other small modules < 0.01M < 0.1% others 256 Color-, role-, step-embeddings, LayerNorm

Total 10.64M 100% Excluding per-task summary bank

Table 3: Parameter breakdown of the Loop-OWM (64/2) configuration, excluding
the per-task summary bank. The total model size is 10.64M parameters. The task
encoder, transition core, and decoder dominate the parameter count, while the shared
slot tokenizer remains comparatively small.

Sθ(·) applies learnable projections to the full token dimension, so the model can633 633

still learn to use positional information when useful.634 634

For slot-mediated update (Sec. 4.2), we also add 2D positional embeddings to635 635

the per-patch queries Q = {qj}Lj=1 in the slot mixer Ms2g
θ (·), enabling the alloca-636 636

tor to route slot content to specific grid positions. In addition, the Transformer-637 637

based transition module Fθ(·) applies 2D RoPE (22) to the image-token atten-638 638

tion block, providing a relative positional signal complementary to the absolute639 639

sine-cosine embeddings.640 640

A.4 Task Encoder Implementation641 641

The task encoder ψθ(·) (introduced in Section 4.3) maps the demonstration set642 642

D to a sequence of context tokens zD that condition the looped transition model643 643

Fθ(·).644 644

For each demonstration pair, let Hin and Hout denote the encoded input and645 645

output features. We first compute a demo-side transition Tdemo as a softmax-646 646

normalized feature similarity from input units to output units. This provides647 647

a lightweight alignment between the two grids and is used only to construct648 648

transition-aware features for the task encoder. Using this alignment, we represent649 649

each demonstration pair with r ∈ {3, 4} role streams: (1) the input features Hin,650 650

(2) the output features Hout, (3) the post-transport residual651 651

∆demo = Hout − TdemoHin,652 652

and, (4) optionally, a position-flow stream obtained by transporting the per-unit653 653

positional embeddings through the same transition Tdemo. The residual stream654 654

highlights content that cannot be explained by directly transporting the input655 655

features, while the optional position-flow stream exposes the spatial displacement656 656

implied by the demo-side transition.657 657

Each role stream is shifted by a learnable role embedding erole ∈ Rd, shared658 658

across demonstrations and tasks. The role-tagged streams are then concatenated659 659
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Fig. 4: ARC-2 offline training from scratch versus initialization from an ARC-1 check-
point trained for 200 offline epochs. Left: per-epoch validation accuracy. Right: running
maximum validation accuracy.

to each demo-pair and projected to the model dimension. This produces the660 660

demo-pair tokens attended by the task-summary query bank.661 661

The summary query bank consists of Nq
task(= 8) learnable queries. These662 662

queries cross-attend to the demo-pair tokens through Dtask (= 4) layers, pro-663 663

ducing the task context tokens zD. Depending on the summary-token variant664 664

introduced in Section 4.3, the initial queries may be shared across all tasks,665 665

retrieved from a per-task lookup table, or formed by combining shared and task-666 666

specific queries. The resulting context tokens are concatenated with a loop-index667 667

embedding at each rollout step before conditioning the transition model Fθ(·).668 668

Role embeddings. Inside the task encoder, each demonstration pair is de-669 669

composed into r ∈ {3, 4} role-specific streams at a common unit granularity:670 670

slots in slot-encoder mode and patches otherwise. The streams correspond to671 671

the demonstration input, demonstration output, post-transport residual, and672 672

optionally a position-flow stream obtained by transporting per-unit positional673 673

embeddings through the same demo-side transition. We add a learnable role674 674

embedding er ∈ Rd to each stream, shared across demonstrations and units.675 675

The role-tagged streams are then concatenated along the channel dimension and676 676

linearly projected to the model dimension, producing the demo-pair tokens at-677 677

tended by the task-summary queries. The additive role tag complements channel678 678

concatenation by giving each stream a learnable role anchor before projection.679 679

A.5 Cross-benchmark Transfer Learning680 680

ARC-1 and ARC-2 share the same grid and color interface, but ARC-2 defines a681 681

new and more challenging distribution of tasks. This creates a natural transfer682 682

setting for evaluating training efficiency: if the model has learned general visual-683 683

symbolic machinery on ARC-1, then adapting to ARC-2 should require less684 684

training than learning the same machinery from scratch.685 685
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We study 1-to-2 transfer by first training Loop-OWM on ARC-1 for 200686 686

offline epochs, and then using the resulting checkpoint to initialize ARC-2 of-687 687

fline training. We copy all task-independent components; parameters tied to688 688

benchmark-specific task identities, such as per-task summary tables, are re-689 689

initialized for ARC–2. We reset the optimizer before training on ARC-2 and690 690

use cosine learning-rate scheduler for both runs.691 691

Figure 4 compares ARC-2 offline validation accuracy between model training692 692

from scratch (v3, red curve) with model initialized from ARC-1 checkpoints (v1,693 693

deeper-blue curve). The transferred model converges faster and reaches substan-694 694

tially higher offline validation accuracy, indicating that ARC-1 pretraining pro-695 695

vides a useful initialization for object-centric abstraction and task-conditioning696 696

mechanism. Since task-id-dependent parameters are not reused (the [+taskem-697 697

bed] curve (v2, lighter-blue) isolates the effect of adding a per-task summary,698 698

which is re-initialized for ARC-2), this improvement between v1 and v3 cannot699 699

be explained by carrying over task-specific lookup memory for repeated ARC-1700 700

tasks.701 701
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