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Abstract

Recent ARC-AGI systems have shown that
pure vision can solve abstract grid reasoning
without language backbones, but most strong
models still rely on fixed-depth feed-forward
computation. We study whether recurrent com-
putation is a better scaling axis for this setting.
We propose Loop-ViT, a vision-native recur-
rent model that reuses a weight-tied Hybrid
Block across multiple steps, with local convo-
lutions for image-token refinement and atten-
tion for global rule induction. We also use an
entropy-based exit rule to reduce unnecessary
iterations at inference time. On ARC-AGI-1,
Loop-ViT improves the parameter-efficiency
trade-off over fixed-depth vision baselines and
reaches 65.8% accuracy with an 18M model.
Overall, the results suggest that repeated com-
putation is a useful inductive bias for ARC-
style visual reasoning. The code is available
at https://github.com/WenjieShu/LoopViT.

1 Introduction

A core facet of ARC-style reasoning is not recogni-
tion alone, but the execution of a rule inferred from
a handful of examples. ARC (Chollet, 2019; Chol-
let et al., 2024) operationalizes this setting through
compact demonstration pairs and exact grid-level
outputs, so the model must repeatedly revise local
structure while keeping track of a global transfor-
mation. ARC-AGI combines compositional query-
time reasoning with a small supervision budget,
which makes success depend on step-wise state
updates rather than static pattern matching. Un-
like conventional vision benchmarks that reward
dataset-scale statistical learning of textures or se-
mantics (Deng et al., 2009; Lin et al., 2014; Cordts
et al., 2016), ARC emphasizes procedural transfor-
mation over recognition.

Humans often solve these tasks through itera-
tive hypothesis testing and revision (Johnson et al.,
2021; LeGris et al., 2024), but current learning

Figure 1: Accuracy and parameter trade-offs on ARC-
AGI-1. Loop-ViT improves the parameter-efficiency
curve relative to prior vision-based baselines.

systems still struggle when they lack an explicit
mechanism for multi-step deliberation (Pfister and
Jud, 2025; Moskvichev et al., 2023). That gap mat-
ters because ARC is not just a visual classification
problem: it asks the model to infer a latent pro-
gram and then execute it consistently under tight
sample constraints.

The need for iteration is not new. Prior recur-
rent ARC systems such as TRM and HRM already
showed that iterative computation can help with
abstract reasoning (Wang et al., 2025; Jolicoeur-
Martineau, 2025). Their value is conceptual as
much as empirical: they show that ARC bene-
fits from multi-step inference. At the same time,
those models operate on tokenized or serialized
inputs, where spatial structure is flattened before
reasoning begins. In contrast, the VARC line
of work restored a purely visual formulation for
ARC (Hu et al., 2025), but most strong vision
solvers still use fixed-depth feed-forward compu-
tation. This leaves a gap between iteration and
spatial representation: can recurrence be made
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vision-native without losing the visual structure
that ARC depends on? This question is especially
relevant because many successful ARC pipelines
still rely on serialization, search, or test-time adap-
tation, which makes it hard to tell whether gains
come from the representation, the computation, or
both (Wang et al., 2024; Berman, 2024b; Tang
et al., 2024; Berman, 2024a; Li et al., 2025;
Berman, 2025; Macfarlane and Bonnet, 2024). In
that sense, our goal is not to replace those sys-
tems wholesale, but to isolate what recurrence con-
tributes once the input is kept fully visual.

We study this gap with Loop-ViT, a recur-
rent Vision Transformer that reuses a weight-tied
Hybrid Block across multiple iterations. The
block combines depth-wise convolution and self-
attention so that each step can refine local structure
while preserving global context. In this design,
recurrence is not an add-on; it is the update rule
the model repeatedly applies over a visual state.
We also use an entropy-based exit rule at infer-
ence time so that easier instances stop early and
harder ones continue for more steps. We treat this
as a practical compute-control mechanism, not the
main contribution.

Empirically, Loop-ViT improves the parameter-
efficiency trade-off on ARC-AGI-1, as shown in
Figure 1. A 3.8M-parameter model exceeds the
18M VARC baseline, and the 18M variant reaches
65.8% accuracy. The qualitative analyses in Sec. 4
further show that predictions stabilize over itera-
tions and that the exit rule correlates with task dif-
ficulty. Taken together, these results suggest that
recurrence remains a useful scaling axis for pure
visual ARC, provided it is paired with a spatially
grounded representation.

Our contributions are summarized as follows:

• Vision-native recurrence for ARC: We study
ARC-style solving as recurrent state refine-
ment over spatial tokens, while keeping the
input representation fully visual.

• Spatially grounded recurrent core: We in-
stantiate this formulation with a weight-tied
Hybrid Block that combines local convolu-
tion for image-token updates and attention for
global rule induction.

• Time-vs-space scaling evidence: We show in-
creasing recurrent computation improves the
parameter-efficiency trade-off on ARC-AGI-
1 relative to fixed-depth vision baselines, and

we provide lightweight behavioral analysis of
the recurrent refinement process.

2 Related Work

We situate Loop-ViT in three lines of work: ARC
reasoning with recurrent models, pure-vision ARC
systems, and adaptive computation. Figure 2 sum-
marizes the resulting design space.
ARC reasoning with recurrence. Recurrent
computation is not new to ARC. Prior models such
as TRM and HRM showed that iterative state up-
dates can be effective for abstract reasoning (Wang
et al., 2025; Jolicoeur-Martineau, 2025). These
methods are important because they demonstrate
that ARC benefits from multi-step inference rather
than one-shot prediction. However, they typically
operate on tokenized or serialized representations,
where the grid structure is flattened before reason-
ing begins. Loop-ViT takes the same lesson, but
asks whether recurrence can operate directly on a
vision-native spatial state.
Pure-vision ARC models. The VARC frame-
work (Hu et al., 2025) moved ARC back into the
image domain by treating it as a vision problem
rather than a text generation problem. This is a
shift, because the task is fundamentally grid-based
and depends on spatial relationships that are awk-
ward to preserve in serialized form. Most strong
vision systems in this line, however, use fixed-
depth feed-forward computation. Loop-ViT builds
on VARC’s visual front end, but replaces the static
computation graph with a weight-tied recurrent up-
date rule applied to the same spatial state.
Adaptive computation. Recurrent models nat-
urally decouple parameters from computation,
which makes them a good fit for instance-
dependent reasoning time. This broader idea also
appears in weight-tied and iterative architectures
that reuse computation across depth. Classical
soft-halting methods such as ACT and Ponder-
Net (Graves, 2017; Banino et al., 2021) learn
when to stop, while more recent hard-halting or
depth-allocation methods adjust computation with
learned policies (Xu et al., 2023; Raposo et al.,
2024). Related work has also explored entropy-
based objectives and latent-step allocation for rea-
soning (Zhu et al., 2025; Chen et al., 2025; Bae
et al., 2025). In Loop-ViT, we use a simple
entropy-based exit at inference time as a practical
heuristic: it is not the main novelty, but a way to
let easier tasks stop early while preserving more
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Figure 2: Comparison of input representations and
inference paradigms for ARC. (A) LLMs operate on
a 1D textual token sequence obtained by serializing
the ARC grids into a prompt (e.g., JSON/ASCII). (B)
Recurrent token models also take a 1D sequence, but
with a discrete grid-tokenization that pads the grid to a
fixed canvas and inserts special boundary tokens (e.g.,
PAD/EOS), yielding a fixed-length token stream. (C)
VARC follows a vision formulation, encoding the grid
as a 2D spatial input processed in a single forward pass.
(D) Ours combines the vision input with looped/itera-
tive inference, repeatedly refining internal repre- sen-
tations and predictions across multiple steps, bridging
spatial inductive bias and recurrent computation.

computation for difficult cases.

3 Method

Figure 3 illustrates the overall architecture of
Loop-ViT. As depicted in Figure 3 (B), our model
introduces iterative state refinement through a
weight-tied core. We first formalize the recurrent
update rule (Sec. §3.1). We then detail the Hybrid
Encoder Block, which integrates convolutional
and attention mechanisms for heterogeneous pro-
cessing of image and task tokens (Sec. §3.2). Fi-
nally, we describe a simple entropy-based exit rule
for inference-time compute allocation (Sec. §3.3)
and the training protocol (Sec. §3.4).

3.1 Loop-ViT Architecture

Let emb(·) : X → RM×d be the input embedding
function that maps a visual grid x and task-specific
context c to a sequence of M tokens with hidden
dimension d. Let Mθ(·) : RM×d → RM×d be a
core transformer trunk parameterized by θ. As il-
lustrated in Figure 3 (A), a standard non-looped vi-
sion transformer stacks L distinct layers such that

the total function F is:

F(·) := head ◦ LθL ◦ · · · ◦ Lθ1 ◦ emb(·), (1)

where head(·) is the output projection layer. In
contrast, our proposed Loop-ViT reuses the same
core trunk Mθ for T iterations. Let t ∈
{1, . . . , Tmax} be the number of loop steps. As
shown in the unrolled view of Figure 3 (B), the
state zt evolves through the recursive application
of the transition operator:

zt+1 = Mθ(zt + et), z0 = emb(·), (2)

where et is a learned step-dependent embedding
that disambiguates the computation progress. The
final output is given by F (t)(·) = head(zt). This
formulation forces the model to learn a unified,
step-wise transition rule that can be applied repeat-
edly. Crucially, scaling the computational duration
T does not increase the parameter count, which
makes recurrence a natural way to trade computa-
tion for capacity. For inference iterations exceed-
ing the training budget, we adopt an identity ex-
trapolation for the step embeddings: et = eTtrain

for all t > Ttrain.

3.2 Hybrid Encoder Block
We hypothesize that ARC tasks require two dis-
tinct modes of processing: local pattern match-
ing (e.g., continuing a line or filling a region) and
global rule induction (e.g., detecting symmetry or
gravity). To support this, our Hybrid Block ex-
plicitly fuses the strengths of convolutions and at-
tention. The depth-wise convolution in the FFN
acts as a cellular automaton update rule, process-
ing local neighborhoods to maintain spatial consis-
tency. Simultaneously, the global attention mecha-
nism broadcasts rule information across the entire
grid, enabling long-range reasoning.

The core trunk Mθ consists of L hybrid encoder
layers. Each layer balances global relational rea-
soning with local spatial updates.
Internal Layer Structure. As shown in Fig-
ure 3 (C), each layer consists of Multi-Head Self-
Attention (MHSA) followed by a Heterogeneous
ConvGLU as the Feed-Forward Network (FFN).
To better capture spatial relationships in ARC
grids, the MHSA employs Rotary Positional Em-
beddings (RoPE) (Su et al., 2024). Given an input
sequence Z ∈ RM×d, we first project it into query,
key, and value manifolds for each head h:

Qh,Kh, Vh = ZWQ
h , ZWK

h , ZW V
h . (3)
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Figure 3: The overall pipeline of the proposed LoopViT. (A) Comparison of the standard VARC pipeline versus
our Loop-ViT pipeline. Loop-ViT introduces iterative state refinement through a weight-tied core. (B) Detailed
unrolled view of the Loop-ViT recurrence, where the state zt acts as a dynamic memory. (C) Structure of the
Hybrid Transformer Block, employing RMSNorm and Rotary Positional Embeddings. (D) The Heterogeneous
Feed-Forward Network (ConvGLU), which splits processing pathways to apply depth-wise convolution solely to
image tokens while preserving task tokens, reconciling local spatial updates with global rule induction.

The RoPE operator fR is applied to Qh and Kh to
inject relative positional information. The output
of a single head Oh is then computed as:

Oh = Softmax
(
fR(Qh)fR(Kh)

T

√
dh

)
Vh, (4)

where WQ
h ,WK

h ,W V
h are learnable projections

and dh is the head dimension. The final MHSA
output integrates all heads via concatenation and a
linear projection WO:

MHSA(Z) = Concatenate(O1, . . . , OH)WO.
(5)

To ensure numerical stability during deep recur-
rence, we adopt a pre-norm configuration with
RMSNorm (Zhang and Sennrich, 2019). The full

layer transition is defined as:

Z ′ = Z + MHSA(RMSNorm(Z)) (6)

Zout = Z ′ + ConvGLU(RMSNorm(Z ′)). (7)

Heterogeneous Processing. The primary en-
gine of our visual induction is the Heterogeneous
ConvGLU, as illustrated in Figure 3 (D). Recog-
nizing that task-level context tokens and spatial
image patches require distinct inductive biases, we
apply depthwise convolutions selectively. For a se-
quence Z, we first compute the gated and value
representations:

[Xgate, Xval] = Linear1(Z). (8)

We then partition Xgate into task tokens Gtask and
image tokens Gimg. While Gtask bypasses the spa-
tial operator to preserve abstract rules, we reshape
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Gimg to a 2D grid and apply a 3×3 depthwise con-
volution (DW-Conv) to capture local connectivity:

Ĝimg = Flatten(DW-Conv(Reshape(Gimg))).
(9)

The augmented gate X̂gate is then reassembled via
concatenation: X̂gate = [Gtask, Ĝimg]. The final
output is derived as:

ConvGLU(Z) = Linear2(σ(X̂gate)⊙Xval), (10)

where σ denotes the activation function (e.g.,
SiLU). This dual-track prior facilitates the decom-
position of visual reasoning: MHSA facilitates
global task induction, while ConvGLU executes
local spatial transformations.

3.3 Dynamic Exit via Entropy-Based
Stopping

A recurrent model naturally permits instance-
dependent computation at inference time. We
therefore use a simple entropy-based exit rule as a
practical compute-control heuristic, motivated by
the variable complexity of ARC tasks: simple ge-
ometric transformations may stabilize in few iter-
ations, while complex algorithmic puzzles can re-
quire prolonged refinement.

The inference-time Dynamic Exit mechanism
uses the magnitude of predictive entropy. Let
Pt = softmax(head(zt)) be the predicted proba-
bility distribution over the grid categories at step
t. We quantify the model’s confidence through the
average pixel-wise Shannon entropy:

Ht = − 1

N

N∑

i=1

C∑

c=1

Pt,i(c) logPt,i(c), (11)

where N is the number of pixels and C is the num-
ber of color categories. During inference, gener-
ation halts at step t if the entropy falls below a
confidence threshold Ht < τ , where τ = 0.05. If
the threshold is not met, computation continues un-
til reaching a hard limit of Tmax iterations. Once
halted, the state is frozen (zk = zt, ∀k > t), effec-
tively bypassing further core layer computations.
We treat this entropy-based strategy as a practical
compute-saving heuristic that uses prediction sta-
bilization as a proxy for convergence.

3.4 Training Strategy

We employ a training protocol to learn a recurrent
transition rule under a fixed unroll budget.

Fixed-Depth Training. The model is trained on
the ARC and RE-ARC datasets. Crucially, we do
not use dynamic halting during training. Instead,
we unroll the core Mθ for a fixed number of steps
T (e.g., T = 12) and apply supervision on the fi-
nal output. This procedure ensures that the model
learns a robust transition rule Mθ that converges
within the allocated budget, rather than overfitting
to early exits. The objective is a standard per-pixel
cross-entropy loss:

Loffline = CrossEntropy(PT , Ygt). (12)

Test-Time Training (TTT). During evaluation,
we fine-tune the shared weights θ on the few-
shot demonstrations of each task. We generate
augmented views (rotations, flips, color permuta-
tions) of the support examples to create a task-
specific batch. This adaptation phase specializes
the shared recurrent operator to the puzzle.

4 Experiments

This section evaluates Loop-ViT on ARC-AGI.
Our goal is to study whether recurrent computa-
tion provides a better parameter-efficiency trade-
off than fixed-depth visual models. The evaluation
is organized around three questions: (i) how Loop-
ViT compares against LLMs and vision baselines;
(ii) how performance changes with recurrent depth
and core depth; and (iii) how the internal predic-
tions evolve across steps.

4.1 Experimental Setup

Datasets and Benchmarks. Primary evaluation
is conducted on the ARC-AGI-1 benchmark (Chol-
let, 2019). Following state-of-the-art pixel-based
methodologies (Hu et al., 2025), we augment
the training split with synthetic samples from the
RE-ARC generator (Hodel, 2024). We report
Pass@2 accuracy in percentage (%). Results on
ARC-AGI-2 are also provided to assess out-of-
distribution generalization.

Implementation Framework. A two-stage
training pipeline is adopted: (i) offline pre-
training on augmented datasets; (ii) Test-Time
Training (TTT) (Sun et al., 2020) on few-shot
demonstrations. During TTT, the model spe-
cializes its weights to the specific task through
local augmentations (e.g., rotations and flips). To
isolate the effect of recurrence, Loop-ViT follows
the VARC visual front end and uses the same
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Table 1: Performance comparison on ARC-AGI bench-
mark. Loop-ViT demonstrates superior parameter effi-
ciency, with a modest 11.2M parameters outperforming
a 73M-parameter ensemble. Best results are bold, the
second results are underlined.

Model #Params ARC-AGI-1 ARC-AGI-2

Large Language Models (LLMs)
Deepseek R1 (Guo et al., 2025) 671B 15.8 1.3
Claude 3.7 8k (Foundation, 2025) N/A 21.2 0.9
o3-mini-high (Foundation, 2025) N/A 34.5 3.0
GPT-5 (Foundation, 2025) N/A 44.0 1.9
Grok-4-thinking (Foundation, 2025) 1.7T 66.7 16.0
Bespoke (Grok-4) (Berman, 2025) 1.7T 79.6 29.4

Recurrent Models
HRM (Wang et al., 2025) 27M 40.3 5.0
TRM (Jolicoeur-Martineau, 2025) 7M 44.6 7.8

Vision Models
VARC (Hu et al., 2025) 18M 54.5 8.3
VARC (ensemble) (Hu et al., 2025) 73M 60.4 11.1

Loop-ViT (Small) 3.8M 60.1 10.0
Loop-ViT (Medium) 11.2M 63.8 11.5
Loop-ViT (Large) 18M 65.8 14.2

human results
avg.human (LeGris et al., 2024) – 60.2 –
best.human – 98.0 100.0

ARC/RE-ARC augmentation and TTT protocol
as the corresponding vision baselines.

Model Configurations. We analyze three vari-
ants designated as Small (3.8M params), Medium
(11.2M params), and Large (18M params). We
set Tmax ∈ [20, 28] for the Small variant and
Tmax ∈ [4, 8] for Medium/Large, depending on
model scale and task complexity.

4.2 Main Results: Performance and
Parameter Efficiency

Table 1 summarizes the performance of Loop-ViT.
The main observation is that a recurrent visual
model can be competitive with larger fixed-depth
vision baselines and many large language model
systems on ARC-AGI.

Loop-ViT shows a clear benefit from recurrence.
By recycling weights across iterations, Loop-ViT
(Large) achieves 65.8% on ARC-1, surpassing the
73M VARC ensemble. This suggests that scaling
iterative computation can be a useful alternative to
increasing raw layer count.

4.3 Analysis of Recurrent Refinement

The results above are best understood as evidence
for iterative refinement rather than one-shot recog-
nition. We therefore use the remaining diagnostics
to connect the performance gains with the recur-
rent design, without claiming a full theory.

Prediction Stabilization. In Figure 4 and Fig-
ure 8, prediction changes become smaller across
iterations while entropy decays in parallel. This
means later steps typically make smaller correc-
tions than earlier ones, which is consistent with
the model gradually sharpening an initially coarse
visual state.

Exit as a Difficulty Signal. The dynamic-exit
plots in Figure 7 and Figure 9 suggest that the
entropy rule is not just a convenience for saving
compute. Easier cases tend to stop earlier, while
harder cases require more steps, so the exit deci-
sion tracks task difficulty in a way that is qualita-
tively aligned with the benchmark.

What We Do Not Claim. These observations do
not prove stable attractors, latent chain-of-thought
behavior, or a complete explanation of the solver.
What they do show is more modest: the recurrent
core behaves like a refinement process, and the
adaptive halting rule follows that refinement in a
sensible way.

4.4 Ablation Study

To evaluate the effectiveness of our design choices,
we conduct a series of ablation experiments. We
focus on two critical axes: (i) the structural trade-
offs between parameter budget (space) and com-
putational depth (time), and (ii) the necessity of
spatial inductive biases in the recurrent core.

Space-Time Joint Scaling. Figure 5 explores
the trade-off between core block depth (B) and
number of unrolled loop steps (T ). The diverg-
ing trajectories reveal two regimes: (i) For low-
capacity cores (B = 2), increasing T yields the
largest gains as weight-tied recurrence emulates
deeper computation; (ii) For high-capacity cores
(B = 10), performance continues to scale with T
up to the computational limit, reaching 63.9%.

Inductive Bias: Hybrid vs. Vanilla. The Hy-
brid Block (DW-Conv + MHSA) is compared
against a standard Vanilla Transformer across core
depths. As shown in Figure 6, the Hybrid architec-
ture maintains a consistent lead. This suggests that
local spatial priors are a fundamental requirement
for grounding abstract reasoning in grid-based vi-
sual domains, regardless of model depth.

Impact of Dynamic Exit. The effectiveness of
adaptive halting is evaluated by comparing our
dynamic-step model (constrained to T ∈ [4, 8])
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Input Loop1 Loop2 Loop3 Loop4 Loop5 Loop6

Ground Truth

Figure 4: Iterative Prediction Refinement in Loop-ViT. (Top) The model’s output progressively approaches the
ground truth through successive iterations. (Middle) Pixel-wise difference maps between consecutive steps show
decreasing prediction volatility. (Bottom) Entropy measurements demonstrate the stabilization of the model’s
confidence. This diagnostic view shows how recurrent processing enables gradual convergence over steps.
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Figure 5: Joint scaling of core block depth (B) and
loop steps (T ) on ARC-AGI-1. We vary the number of
layers in the recurrent core (B) and the number of un-
rolled iterations (T ). Each line represents a fixed core
depth. The effect of recurrence is most visible in lower-
capacity core models (e.g., B = 2), where increasing
T from 1 to 6 yields a large performance gain. Perfor-
mance continues to scale with T even for deeper cores,
suggesting that computation time can compensate for
limited parameter space.

against a fixed 6-step baseline. As shown in
Figure 7, the entropy-based exit rule achieves
higher accuracy while using lower average infer-
ence compute on ARC-AGI-1.

Efficiency vs. Difficulty. We further analyze the
correlation between inference steps and task diffi-
culty using the Loop-ViT variant with B = 2 (ap-
proximately 5M parameters) in Figure 9. Samples
that exit early (e.g., at Step 5) yield higher accu-
racy (83.33%), whereas those requiring more iter-
ations (Step 8) are harder (45.80%). This indicates
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60.1

62.1

63.2

Vanilla Transformer Hybrid (Ours)

Figure 6: Ablation of Inductive Bias: Hybrid vs.
Vanilla Core across different core block depths (B)
on ARC-AGI-1. We compare our Hybrid architecture
(incorporating depth-wise convolutions in the FFN)
against a standard Vanilla Transformer core. The Hy-
brid core consistently maintains an accuracy gap over
the Vanilla baseline across all depths. This indicates
that local spatial priors are useful for grounding ab-
stract reasoning in the image domain, and this benefit
does not disappear as model depth increases.

that the exit rule correlates with task difficulty.

4.5 Mechanistic Insights

Beyond quantitative performance, we conduct a
qualitative analysis to understand the internal re-
finement process of Loop-ViT. By visualizing pre-
diction changes and attention evolution, we aim to
see how the recurrent state evolves across steps.

Prediction Evolution. As illustrated in Fig-
ure 4, Loop-ViT’s predictions become progres-
sively more stable across iterations. Quantitative
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Figure 7: Accuracy–Compute–Params comparisons.
The horizontal axis is total inference compute, the ver-
tical axis is Accuracy, and the circle radius corresponds
to model Parameters. For Loop-ViT, GFLOPs accounts
for unrolled recurrence and is computed using the aver-
age executed steps under entropy-based halting. Our
entropy-based exit strategy (orange) consistently sur-
passes the fixed-step baselines (grey) across all model
scales (B=2, 4, 6), showing a better accuracy–compute
Pareto frontier. Feed-forward VARC baselines are in-
cluded for comparison.

Figure 8: Quantitative Diagnostics of Recurrent
Convergence. We monitor the evolution of (top) the
L2-normalized difference δt and (bottom) the average
pixel-wise Shannon entropy Ht across Loop-ViT iter-
ations. Solid lines and shaded regions represent the
mean and variance across the validation set, respec-
tively. The synchronized decay of both prediction
volatility and information uncertainty suggests that the
model’s internal state becomes more stable over time.

analysis in Figure 8 shows a synchronized decay
in both prediction volatility (L2 difference) and
uncertainty (entropy). The L2 difference drops in
early iterations, suggesting a rapid commitment to
the task geometry. The reduction in mean entropy
Ht indicates that the predictions become more con-
centrated over time.

Step-wise Attention Dynamics. We visualize
the evolution of self-attention patterns across the
loop in Figure 10. In earlier steps, attention matri-
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Figure 9: Efficiency vs. Task Difficulty Analysis. Us-
ing Loop-ViT variant (B = 2), we stratify the test set
by the number of inference steps Loop-ViT requires
before exiting. “Early Exit" (Step 5) samples achieve
higher accuracy (83.33%) compared to those requiring
full depth (Step 8, 45.80%). This suggests that the exit
rule correlates with task difficulty and compute usage.

Loop1 Loop2 Loop3 Loop4 Loop5 Loop6

Layer0 Layer2 Layer4 Layer6 Layer8 Layer10

Ddemo xinfer yinfer

0.0 1.0

Figure 10: Evolution of Attention Patterns Across
Processing Steps. We visualize the average self-
attention maps across Loop-ViT’s recurrent steps.
Early steps exhibit broad attention that analyzes the
full input context. Later steps develop focused, sparse
patterns that precisely track the algorithmic operations
needed to solve the ARC task. This shift from broad to
localized attention is consistent with step-wise refine-
ment.

ces are relatively dense, reflecting broad context
integration. As processing progresses, attention
shifts toward more localized patterns focusing on
the grid transitions required for the predicted rule.

5 Conclusion

We studied recurrent computation for visual,
rather than serialized, ARC solving. Loop-ViT
uses a weight-tied Hybrid Block that combines
local convolution and global attention over spa-
tial tokens. On ARC-AGI-1, it improves the
parameter-efficiency trade-off over fixed-depth vi-
sual baselines, while entropy-based early exit pro-
vides inference-time compute control. These re-
sults support recurrence as a useful scaling axis
for spatially grounded visual reasoning.
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Limitations

Our evaluation focuses on ARC-AGI-1, which pro-
vides a controlled testbed for abstract visual rea-
soning but does not cover the full diversity of
natural-language and multimodal reasoning tasks.
Although we report ARC-AGI-2 results, a finer-
grained analysis of out-of-distribution failures re-
mains important. The entropy-based exit rule is a
practical inference heuristic with a fixed threshold,
and future work should study threshold sensitivity,
learned halting, and alternative uncertainty signals.
We also leave more extensive multi-seed reporting,
RE-ARC leakage checks, and ablations of step em-
beddings and weight tying to future work.
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