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Methodology: A Looped Vision
Transformer

e We build on the VARC framework, which treats ARC as an image-
to-image task on a unified 'canvas'.

e We replace the standard feed-forward backbone with a weight-
tied (looped) transformer core.

e This core is executed for a fixed number of iterations (K), allowing
the model to refine its prediction over time.
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The Looped Inference Process

01 Initialization

Embed the input canvas into an initial hidden state hy.

02 Iterative Refinement
For steps t = 1, ..., K, repeatedly apply the same transformer
core Fy to update the hidden state.

03 Final Prediction

Decode the hidden state at each step for an intermediate
prediction. The final answer is the prediction from the last
step, pk.



Training Dynamics: More Loops, Better
Generalization

e Analysis of offine training reveals a key benefit of looping.

e Increasing the number of loop steps (K) not only improves
evaluation accuracy (solid lines) but also reduces the gap

between training (dashed lines) and evaluation performance.

e This suggests that iterative computation provides a powerful
inductive bias for generalization.
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Training Dynamics: More Loops,
Better Perfformance v O trinjscctmey

e Experiments show that increasing loop iterations (K) from 1 to 3
consistently improves accuracy.

e For afixed core depth (e.g., B=4), performance jumps from " i )
41.0% (K=1) to 57.4% (K=3). fwf“"\ﬂ . .

e This demonstrates that 'thinking time' is a more efficient scaling
axis than just model width.



Main Results on ARC-
AGI

Loop-VIiT significantly
outperforms previous Vision-
based and recurrent models.

A single 11.2M Loop-ViT
surpasses the 73M VARC
ensemble, demonstrating the
power of iterative
computation.
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Key Findings: Efficiency via Recurrence

Efficiency: A 5.9M Loop-ViT (K=6) surpasses
the 18M VARC baseline.

Scaling: A single 11.2M Loop-ViT (K=06)
outperforms the 73M VARC Ensemble.

Consistency: Gains hold on both ARC-1 and
ARC-2 benchmarks, using the same model
checkpoint.




Conclusion

Computational time is a potent, underutilized resource in visual reasoning.

Progressive refinement via looping yields better generalization and parameter efficiency than
simply stacking more layers.

Future work can explore adaptive computation and apply looped transformers to other visual
tasks like inpainting and video understanding.




