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ABSTRACT

Chain-of-Thought (CoT) has demonstrated that explicit reasoning steps enhance
large language model performance, yet this typically requires computationally ex-
pensive token sequences. In this work, we investigate Tiny Recursive Models
(TRM), which internalize reasoning via iterative refinement of a latent “thought”
vector. We benchmark accuracy of TRM against standard encoder-only Trans-
former (EOT) on the task of Jigsaw Puzzle reconstruction, a domain requir-
ing robust global spatial reasoning. While both architectures perform compa-
rably on trivial grids up to 3 × 3, EOT performance collapses as complex-
ity increases. In contrast, TRM maintains robust scaling with tight parameter
budget. Furthermore, TRMs exhibit “abrupt learning” phase transitions during
training, suggesting that latent recursion enables a qualitative leap in reasoning
depth unattainable by simply stacking transformer layers. Code available at:
https://github.com/Tima-Toma/depth-vs-recursion.
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Figure 1: TRM performance. Left: Intermediate predictions of puzzle reconstruction across steps.
Right: Systematic comparison showing the scalability gap against Transformer architectures.

1 INTRODUCTION

Chain-of-Thought (CoT) has established that explicit, step-by-step “thinking” can significantly im-
prove the reasoning capabilities of large language models (LLMs) (Wei et al., 2022). Despite its
success, CoT is often limited by its reliance on long, computationally expensive token sequences.
In response, recent work proposes a recursive paradigm (Jolicoeur-Martineau, 2025; Wang et al.,
2025) that internalizes the reasoning process within the model embedding space. Instead of out-
putting explicit text, these recursive models iteratively refine a candidate solution alongside a latent
“thought” vector, effectively decoupling reasoning depth from model size. The Tiny Recursion
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Model (TRM) (Jolicoeur-Martineau, 2025) exemplifies this approach, outperforming larger LLMs
equipped with standard reasoning techniques.

While Sudoku is an effective benchmark, a robust evaluation requires testing recursive architectures
across varied levels of complexity and spatial reasoning. Jigsaw puzzles are an ideal candidate, as
they demand a combination of local feature matching and global spatial planning. We therefore
benchmark TRM against a standard encoder-only Transformer (EOT) on the task of jigsaw puzzle
reconstruction. By systematically evaluating performance across increasing puzzle grid sizes, we
assess whether recursion in latent space offers a substantive advantage over traditional single-pass
processing in complex visual reasoning tasks.

2 METHODOLOGY

2.1 TASK AND DATASET

Prior work on recursive models (Wang et al., 2025; Jolicoeur-Martineau, 2025) has primarily focused
on LLMs solving complex logic games that remain challenging for state-of-the-art models, such as
Sudoku and mazes (Seely et al., 2025). We argue that, while valuable, these benchmarks are abstract
and purely symbolic. Instead, we focus on jigsaw puzzle reconstruction, a task that evaluates visually
grounded reasoning. This task poses a dual challenge that remains non-trivial for current vision-
language models (VLMs) (Lyu et al., 2025; Dirauf et al., 2026): successful reconstruction demands
both local visual perception to match textures and global reasoning to organize the pieces into a
coherent structure.
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Figure 2: Shuffled jigsaw puzzles ranging from 2× 2 to 6× 6. Patch size is fixed to 16px.

Crucially, jigsaw puzzles support scalable data generation with controlled complexity, ranging from
trivial 2×2 to complex 6×6 grids. This enables training on diverse real-world semantics and allows
us to systematically probe the “breaking point” of both EOT and TRM architectures. Prior work has
used MNIST and CIFAR datasets (Severo et al., 2025; Zhang et al., 2025), which are low-resolution
and therefore ill-suited to large grids. To address this, we use the COCO dataset (Lin et al., 2014).

2.2 PERMUTATION FORMULATION

We define the puzzle reconstruction task as recovering the original spatial configuration of an un-
ordered set of image patches X = {x1, . . . , xN}. Let π ∈ SN denote a permutation such that xπ(i)

is the correct patch for the i-th position. A naive approach is to predict π by independently assigning
an index in {1, . . . , N} to each position. However, this method allows NN possible outputs, the vast
majority of which are invalid since indices can be duplicated or omitted.

Algorithm 1 Fisher–Yates Shuffle

1: for i = 1 to N − 1 do
2: j ← uniform random integer in {0, . . . , N − i}
3: swap array[i] and array[i+ j]
4: end for

To constrain the model output strictly to the set of valid permutations, we adopt the Fisher–Yates
representation (Fisher & Yates, 1938; Severo et al., 2025). Rather than predicting absolute po-
sitions directly, we predict a sequence of swap operations. Specifically, for each patch at index
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i ∈ {1, . . . , N − 1}, the model predicts a relative index ji ∈ {i, . . . , N}. This value specifies which
element from the remaining patches (to the right of the current position) should be swapped into
position i, ensuring that the output is always a valid permutation by construction.

2.3 EXPERIMENTAL SETUP

To ensure that performance differences are attributable specifically to the recursive mechanism,
both architectures share an identical bidirectional encoder-only Transformer backbone (Vaswani
et al., 2017; Devlin et al., 2019). The backbone uses SwiGLU activations (Hendrycks & Gimpel,
2023; Shazeer, 2020), RMSNorm in a post-norm configuration (Zhang & Sennrich, 2019), and no
bias terms. Patch encoding is handled by a lightweight CNN encoder that captures local visual
features. The baseline is a bidirectional encoder-only Transformer that processes the sequence of
patch embeddings in a single forward pass. It uses full self-attention to predict the Fisher–Yates
permutation directly from the input.

TRM uses the same backbone but processes the input iteratively (Jolicoeur-Martineau, 2025). At
each step t, the network receives the initial patch embeddings, the current latent solution y(t−1), and
a latent “thought” vector z(t−1). The TRM processes the input through a “deep supervision” loop
consisting of Nsup macro-steps. Within each macro-step t, the model iterates n times for “thinking
time” before updating the current solution. After these reasoning steps, the model updates y.

z
(0)
0 ∼ N (0, 1) (1)

y(0) ∼ N (0, 1) (2)

z(t)n = f(y(t−1) + z
(t)
n−1 +X) (3)

y(t) = f(y(t−1) + z
(t)
N ) (4)

3 RESULTS

While both architectures achieve comparable accuracy on simple 2× 2 puzzles (∼95%), TRM sig-
nificantly outperforms the vanilla EOT as combinatorial complexity increases. On 5 × 5 puzzles,
EOT accuracy degrades to 57.61%, whereas TRM maintains robust scaling, achieving 94.15% accu-
racy. Notably, TRM achieves this with the same ∼0.7M parameter budget as the baseline, although
it requires approximately 20× more computation.

Model
Params

(M)
FLOPs

(M)
EOT 2 0.7 74.9
EOT 4 1.2 84.4
EOT 6 1.8 93.9
EOT 8 2.3 103.4
EOT 12 3.3 122.5

TRM 8 0.7 979.6
TRM 12 0.7 1469.5

Model Grid Size (n× n)
2× 2 3× 3 4× 4 5× 5 6× 6

EOT 2 96.18 81.49 56.54 44.92 32.27
EOT 4 96.38 92.95 75.93 55.34 47.25
EOT 6 96.34 94.45 80.40 57.14 52.74
EOT 8 96.08 94.60 62.76 57.61 52.95
EOT 12 96.14 94.74 62.82 11.94 9.09

TRM 8 94.46 96.11 94.88 89.43 56.78
TRM 12 94.10 95.47 95.32 94.15 76.14

Table 1: Complexity. Model size and
compute for 3 × 3 puzzle. Parameters
and FLOPs measured in millions.

Table 2: Patch level accuracy. Performance across
grid sizes. Suffix denotes depth of model: EOT —
number of layers, TRM — number of macro-steps.

Attempting to match the effective depth of TRM by increasing the number of EOT layers proved
ineffective. Performance peaked at 6 layers, and further deepening the model to 12 layers led to
training failure on complex grids (5 × 5 and 6 × 6). This confirms that recursive state refinement
cannot be approximated simply by stacking layers (Jolicoeur-Martineau, 2025).
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Figure 3: TRM training across increasing grid dimensions (3× 3 to 6× 6), with epochs along the X
axis. Phase of abrupt learning is delayed as puzzle complexity increases.

Unlike standard Transformers, which settle into stagnant plateaus, TRM exhibits a distinct phe-
nomenon of “abrupt learning” (Gopalani & Hu, 2025; Power et al., 2022; Naidu et al., 2025). After
an initial stall, the model undergoes a delayed phase transition—a sudden drop in loss that signals
the emergence of logical generalization. This breakthrough is tied to recurrence depth and task com-
plexity: while the 8-step model faltered on complex 6× 6 grids, increasing the depth to 12 reignited
the phase transition, driving accuracy up to 76.14%.
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(b) Logarithmic Scaling (y ∼ a logb(x))

Figure 4: (a) Epoch and (b) loss of the “abrupt learning” phase transition across different grid sizes.

The moment of “abrupt learning” was delayed as task complexity increased: larger puzzles exhibited
phase transitions at later epochs. To quantify this relationship, we plotted the puzzle size against both
the epoch at which the phase transition occurred and the loss value at that moment. The timing of the
phase transition is well approximated by an exponential function y ∼ abx with R2 = 0.98, while the
loss follows a logarithmic relationship y ∼ a logb(x) with R2 = 0.91. Both curves were fitted using
only the first three data points, with the fourth reserved for evaluation. Remarkably, the functions
share the same base parameter b = 1.57, suggesting a unified scaling mechanism underlying the
phase transition dynamics.

4 CONCLUSION

In this work, we demonstrate the superiority of TRMs over classical EOT on a complex visual
reasoning task. By comparing the two architectures on high-dimensional jigsaw reconstruction, we
show that latent recursion enables TRMs to solve tasks where size-matched static models fail to
converge.

This performance gain comes with a computational trade-off. While TRM maintains the same com-
pact parameter footprint (∼0.7M) as the baseline, it requires substantially more inference-time com-
putation to iteratively refine its latent “thought” vector. However, since simply increasing the depth
of a static Transformer yields diminishing returns, we argue that this trade-off is justified. TRM
does not merely improve metrics; it enables a qualitative leap in reasoning capability that static
architectures cannot replicate at this scale.

We hope that our experimental setup will serve as a valuable testbed for the community. This frame-
work provides a rigorous environment to further explore the limits of recursive self-improvement
without the prohibitive resource costs of massive language models.
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