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ABSTRACT

Recent work on recursive reasoning models like TRM demonstrates that tiny net-
works (7M parameters) can achieve strong performance on abstract reasoning
tasks through latent recursion—iterative refinement in hidden representation space
without emitting intermediate tokens. This raises a natural question about oper-
ator choice: Mamba-2’s state space recurrence is itself a form of iterative refine-
ment, making it a natural candidate for recursive reasoning—but does introducing
Mamba-2 into the recursive scaffold preserve reasoning capability? We investigate
this by replacing the Transformer blocks in TRM with Mamba-2 hybrid opera-
tors while maintaining parameter parity (6.83M vs 6.86M parameters). On ARC-
AGI-1, we find that the hybrid improves pass@2 (the official metric) by +2.0%
(45.88% vs 43.88%) and consistently outperforms at higher K values (+4.75%
at pass@100), whilst maintaining pass@1 parity. This suggests improved candi-
date coverage—the model generates correct solutions more reliably—with similar
top-1 selection. Our results validate that Mamba-2 hybrid operators preserve rea-
soning capability within the recursive scaffold, establishing SSM-based operators
as viable candidates in the recursive operator design space and taking a first step
towards understanding the best mixing strategies for recursive reasoning.

1 INTRODUCTION

Large language models have excelled in reasoning tasks such as mathematics, code generation, and
logical inference through chain-of-thought prompting (Wei et al., 2022), iterative refinement, and
sampling with aggregation (Wang et al., 2022b; Yao et al., 2023). A growing body of literature
suggests that the recursive process—rather than model scale alone—is central to reasoning capa-
bility (Saunshi et al., 2025; Feng et al., 2023). This represents a fundamental shift from “bigger
models” to “more thinking time,” where performance scales with inference-time computation rather
than parameter count alone.

Most compute-scaling approaches operate in token space, producing visible intermediate steps that
can be inspected and verified (Wei et al., 2022; Nye et al., 2021). However, chain-of-thought models
often expend computational resources on tokens unrelated to reasoning—for instance, tokens serv-
ing grammatical or stylistic purposes. Two key questions remain open: whether this is the most ef-
ficient approach, and whether non-reasoning tokens serve any purpose beyond providing additional
forward passes for the model to “ponder” before producing an answer. The purported visibility and
interpretability of explicit reasoning traces is also challenged by questions of faithfulness: the stated
reasoning may not reflect the model’s actual computation (Lanham et al., 2023).

An emerging alternative is latent recursion: iterative refinement in hidden representation space
without emitting intermediate tokens (Geiping et al., 2025; Saunshi et al., 2025; Hao et al., 2024).
The Tiny Recursive Model (TRM) (Jolicoeur-Martineau, 2025) and Hierarchical Recursive Model
(HRM) (Wang et al., 2025a) exemplify this approach by addressing the challenging ARC-AGI
dataset with extremely tiny models. Specifically, TRM achieves 44.6% on ARC-AGI-1 with only
7M parameters through repeated latent updates. This dramatically outperforms comparably-sized
models that lack recursive depth, and notably surpasses many commercial LLM APIs on this bench-
mark. What enables such small recursive models to succeed where large-scale models struggle
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remains not fully understood, but evidence increasingly points to the recursive process itself as the
key ingredient.

TRM and similar recursive reasoning models assume attention-heavy Transformer blocks as the per-
step operator. This raises a key question: can alternative operators—particularly those with inherent
recurrence like state space models—enter the design space of recursive reasoning without degrading
capability? Recent literature demonstrates that Mamba-2 hybrid models serve as strong candidates
for language tasks (Gu & Dao, 2024; Dao & Gu, 2024; Lenz et al., 2025), and are particularly
promising for test-time computation due to their efficient inference speed (Wang et al., 2025b).
Mamba-2’s state space recurrence (ht = atht−1 + Btxt) is itself a form of iterative refinement,
making it a natural and potentially more efficient substrate for recursive reasoning. Validating that
such operators preserve reasoning capability within the recursive scaffold is a necessary first step
before exploring deeper questions—such as whether the recursive loop can be internalised into SSM
state updates, leveraging Mamba’s inherent inner recurrence rather than relying solely on outer-loop
iteration.

We present a TRM variant where Transformer blocks are replaced with a Mamba-2 + attention
hybrid operator (Gu & Dao, 2024; Dao & Gu, 2024), parameter-matched to the original. Our con-
tributions are:

• C1: We are the first Mamba-hybrid model for recursive latent reasoning.
• C2: Empirical validation on ARC-AGI-1 showing improved pass@2 performance (+2.0%),

with supplementary results on Sudoku and Maze demonstrating competitive accuracy.
• C3: Analysis of pass@K patterns revealing a coverage-vs-selection trade-off: the hybrid

improves candidate diversity while maintaining top-1 selection quality.

2 BACKGROUND

2.1 TRM: RECURSIVE REASONING WITH TINY NETWORKS

The Hierarchical Reasoning Model (HRM) (Wang et al., 2025a) first demonstrated that extremely
small models could achieve remarkable performance on abstract reasoning through latent recursion.
With only 27M parameters, HRM achieved 40.3% on ARC-AGI-1—dramatically outperforming
comparably-sized models and notably surpassing many commercial LLM APIs on this benchmark.
This result challenged conventional wisdom that reasoning capability requires massive scale.

Building on HRM’s success, the Tiny Recursive Model (TRM) (Jolicoeur-Martineau, 2025) pro-
posed a simplified architecture that achieves even stronger performance with fewer parameters (5–
7M). TRM maintains two latent states: zH (high-level) and zL (low-level), updated through H outer
cycles and L inner cycles:

z
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where f is the learned update function (a stack of Transformer blocks). A key architectural differ-
ence: HRM uses two separate models to process zL and zH , whilst TRM finds that a single shared
model suffices, enabling the dramatic parameter reduction whilst improving performance to 44.6%
on ARC-AGI-1.

2.2 ARC-AGI EVALUATION PROTOCOL

The Abstraction and Reasoning Corpus (ARC) (Chollet, 2019) evaluates abstract reasoning through
visual puzzles. The evaluation protocol used in TRM expands each test input into ∼880 augmenta-
tions via dihedral transformations and colour permutations. The model runs once per augmentation,
predictions are inverse-transformed back to the original space, and results are aggregated by (vote
count, average confidence). The pass@K metric measures whether the correct answer appears in the
top-K ranked predictions.

Official metric: ARC-AGI uses pass@2 as the primary measurement system to account for tasks
with explicit ambiguity requiring two guesses, and to catch unintentional ambiguity or dataset mis-
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takes (Foundation, 2025). More broadly, pass@K measures candidate-set coverage—whether the
model generates the correct answer among its diverse predictions—whilst lower K values (especially
pass@1) reflect winner selection—whether the aggregation correctly ranks the answer first.

2.3 MAMBA-2 AS AN ALTERNATIVE MIXER

State Space Models (SSMs) offer an alternative to attention for sequence modeling, addressing the
quadratic complexity of Transformers. Mamba (Gu & Dao, 2024) introduces selective SSMs, where
model parameters vary with input, enabling the model to selectively propagate or forget information.
The core mechanism processes sequences through a recurrent state update:

ht = Ātht−1 + B̄txt (3)

where ht is the hidden state, xt is the input, and Āt, B̄t are input-dependent parameters. Mamba-2
(Dao & Gu, 2024) simplifies this to ht = atht−1 + Btxt (where at is a scalar), achieving 2–8×
faster training through improved hardware utilization via Structured State Space Duality (SSD).

From an operator viewpoint, TRM repeatedly applies an update function to refine latent states. The
original TRM uses bidirectional attention for cross-position communication. Mamba-2 provides
an alternative mixer with linear complexity. While Mamba excels at sequential dependencies, it
processes information causally in one direction. We therefore explore hybrid designs that combine
Mamba-2’s efficient sequential processing with explicit cross-position mixing (attention or dense
MLP) to capture bidirectional dependencies.

3 METHOD

3.1 ARCHITECTURE: TRM WITH HYBRID UPDATE OPERATOR

We preserve TRM’s recursive structure while replacing the per-step operator. The recursion schedule
remains unchanged: Hcycles = 3 outer loops and Lcycles = 4–6 inner loops, with the same state
representation (zH , zL) and output heads (LM prediction + Q-halt signal for adaptive computation).

What changes: We swap the Transformer blocks for hybrid block stacks. Figure 1 illustrates the
architectural differences between the original TRM and our hybrid variants. We experiment with
two variants:

• TR-mamba2attn: As shown in Figure 1, this variant replaces the attention-only blocks
with a Mamba-2 → Mamba-2 → Attention → MLP pipeline, combining sequential state
space processing with cross-position attention.

• TR-mamba2mlpt: Similar to TR-mamba2attn, but replaces the attention block with MLP-
t, which operates on the transposed sequence dimension for all-to-all cross-position com-
munication without attention.

We did not use a pure Mamba model because Mamba’s sequential processing is causal by nature,
processing information in one direction. For sequence-to-sequence tasks like Sudoku, Maze, and
ARC-AGI, bidirectional processing is essential to capture dependencies across the entire spatial
grid. For simplicity, we use attention and MLP-t blocks to provide the necessary cross-position
information flow, complementing Mamba-2’s sequential processing capabilities.

3.2 PARAMETER MATCHING

To isolate the effect of the operator choice, we match parameters:

• Hidden size: 512

• TRM-attn: 6.83M parameters

• TR-mamba2attn: 6.86M parameters

• Mamba-2 specifics: dstate = 128, headdim = 64, expand = 2
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Input Mamba-2 Mamba-2 Attention MLP Output

norm&add norm&add norm&add norm&add

(a) TR-mamba2attn: Mamba-2 blocks followed by Attention and MLP.

Input Attention MLP Attention MLP Output

norm&add norm&add norm&add norm&add

(b) TRM-Att: the original TRM attention model.

Figure 1: Architecture comparison: (a) TR-mamba2attn with Mamba-2 hybrid operator and (b)
TRM-attn with attention-based operator. Both use post-norm residual connections (norm&add) be-
tween components.

3.3 NORMALISATION CHOICE: WHY POST-NORM MATTERS

A critical implementation detail for recursive models is the normalisation placement. Modern LLMs
typically use pre-norm:

ht+1 = ht + F (Norm(ht)) (4)

However, in unrolled recursion where the same residual module is applied T times, pre-norm can
allow the residual stream magnitude to grow with t (approximately

√
t or worse if updates are

correlated), eventually causing NaN failures.

Post-norm resolves this by re-normalising after each residual add:

ht+1 = Norm(ht + F (ht)) (5)

This bounds the hidden state scale regardless of recursion depth. HRM (Wang et al., 2025a) origi-
nally motivated post-norm for Q-learning convergence stability in their Adaptive Computation Time
mechanism. TRM (Jolicoeur-Martineau, 2025) removed the Q-learning objective (finding its contri-
bution to generalisation marginal) whilst retaining post-norm in its architecture, but did not explicitly
discuss why. We argue that post-norm is essential for recursion stability itself, independent of Q-
learning: it bounds the residual stream magnitude across recursive unrolling, preventing divergence.
We follow this design and use post-norm (RMSNorm) in all our experiments.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Benchmarks: We evaluate on three tasks from the TRM benchmark suite:

• ARC-AGI-1: Abstract reasoning puzzles with up to 30×30 grids, 12-token vocabulary

• Sudoku-Extreme: 9×9 constraint satisfaction puzzles

• Maze-30×30-Hard: Path-finding through 30×30 mazes

Models: We compare four variants:

• TRM-attn: Original attention-based TRM (6.83M params)

• TRM-mlp-t: TRM with MLP-t blocks (5M params on Sudoku, 19M on ARC/Maze)

• TR-mamba2attn: Mamba-2 + Attention hybrid (6.86M params)
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Table 1: ARC-AGI-1 Pass@K results. The hybrid (TR-mamba2attn) improves pass@2 (the official
metric) by +2.0% and consistently outperforms at higher K values, with the gap growing to +4.75%
at K=100, whilst maintaining pass@1 parity.

K 1 2 5 10 100 1000
TRM-attn 40.75 43.88 49.25 52.13 60.50 65.50
TR-mamba2attn 40.50 45.88 51.88 54.50 65.25 69.75

∆ −0.25 +2.00 +2.63 +2.37 +4.75 +4.25

Table 2: Sudoku-Extreme exact accuracy. MLP-t variants outperform attention-based models, with
TR-mamba2mlpt slightly underperforming the TRM-mlp-t baseline, suggesting constraint satisfac-
tion benefits from dense cross-position mixing.

Model Params Accuracy (%)
TRM-attn 6.83M 72.2
TR-mamba2attn 6.86M 66.5

TRM-mlp-t 5.00M 87.4
TR-mamba2mlpt 6.28M 84.2

• TR-mamba2mlpt: Mamba-2 + MLP-t hybrid (6.28M params on Sudoku, 13.24M on
ARC/Maze)

Evaluation: Sudoku uses exact accuracy; ARC uses pass@K with K ∈ {1, 2, 5, 10, 100, 1000}
after augmentation and voting.

4.2 RESULTS

ARC-AGI-1 (Table 1): TRM-mlp-t achieves 29.6% pass@2 (19M parameters) as reported in the
original TRM paper; we did not reproduce this result to conserve computational resources, in-
stead focusing on the more capable attention-based TRM which warrants detailed investigation.
TR-mamba2mlpt achieves 32.125% pass@2 (13.24M parameters)—a +2.5% improvement over the
reported TRM-mlp-t baseline. We focus comparison on attention-based models. The hybrid (TR-
mamba2attn) outperforms on pass@2 by +2.0% (45.88% vs 43.88%), and the advantage grows at
higher K values, reaching +4.75% at K=100. The hybrid maintains near-parity at pass@1 (−0.25%),
indicating similar top-1 selection whilst improving candidate coverage. This pattern is consistent
throughout training—the hybrid’s pass@2 and pass@100 curves pull ahead of attention after the
first few epochs and maintain the lead, as shown in Figure 2.

Sudoku (Table 2): The MLP-t variants achieve the strongest results, with TRM-mlp-t reach-
ing 87.4% (the best) and TR-mamba2mlpt achieving 84.2%—both substantially outperforming
attention-based models (TRM-attn: 72.2%, TR-mamba2attn: 66.5%). This suggests that constraint
satisfaction on small, fixed grids (9×9) benefits from dense all-to-all communication rather than
selective attention or sequential processing.

Maze (Table 3): In contrast to Sudoku, both MLP-t variants completely fail on the larger 30×30
grids (0.0% accuracy), whilst TR-mamba2attn achieves 80.6% versus 60.8% for TRM-attn. Train-
ing shows high variance across checkpoints (fluctuating between 6–85% accuracy), making these
results preliminary. The complete failure of MLP-t on this task highlights the importance of context-
dependent architectural choices: dense mixing succeeds on small grids but fails to scale to larger
spatial reasoning tasks.
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Table 3: Maze-30×30-Hard exact accuracy. Training shows high variance across checkpoints for
all models. Both MLP-t variants fail on this task, whilst TR-mamba2attn achieves 80.6% at the final
checkpoint, though results remain preliminary given instability.

Model Params Accuracy (%)
TRM-attn 6.83M 60.8
TR-mamba2attn 6.86M 80.6

TRM-mlp-t 19.0M 0.0
TR-mamba2mlpt 13.24M 0.0
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Figure 2: Training curves for ARC-AGI-1 across all pass@K metrics. The hybrid (TR-mamba2attn,
orange) consistently outperforms the baseline (TRM-attn, blue) at pass@2 (the official metric) and
higher K values throughout training, whilst maintaining pass@1 parity. The gap emerges early and
remains stable, demonstrating that improved candidate coverage is a consistent property rather than
a late-training phenomenon.

5 DISCUSSION

5.1 INTERPRETING THE PASS@K PATTERN

The ARC-AGI-1 evaluation protocol provides important context for interpreting pass@K metrics.
The original test set contains 400 puzzles with 419 test inputs (19 puzzles have two test inputs, each
scored independently), which are augmented through dihedral transformations and colour permuta-
tions to yield 368,150 total test instances—an average of ∼880× augmentation per test input. Each
augmentation produces a prediction, which is then inverse-transformed and aggregated through vot-
ing. In this setting, pass@1000 effectively measures whether the correct answer appears anywhere
within the model’s predicted candidate set across all augmentations. The hybrid model achieves
69.75% at pass@1000 versus 65.50% for TRM-attn (+4.25%), indicating that the hybrid exhibits
better coverage: the correct solution is more likely to be generated somewhere within its diverse
candidate pool.
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Figure 3: Evaluation statistics on ARC-AGI-1 comparing TR-mamba2attn (hybrid) and TRM-attn
(baseline). The hybrid generates more unique candidates per puzzle and exhibits higher vote entropy
(indicating diverse exploration), whilst TRM-attn shows higher vote concentration on the top-1 can-
didate and larger top-1 margin (indicating decisive selection). These statistics provide quantitative
evidence for the coverage vs selection trade-off observed in pass@K curves.

The ARC results reveal a coverage vs selection trade-off. The hybrid improves pass@2 by +2.0%,
and this advantage grows at higher K values:

• Coverage (pass@2 and higher K): The hybrid generates the correct solution within its
candidate set more often, improving candidate diversity.

• Selection (pass@1): Both models rank the correct solution first at similar rates (near-
parity), so the hybrid’s coverage gain does not come at the expense of top-1 selection.

To validate this hypothesis, we analyse the prediction statistics from the final checkpoints of both
models on the ARC-AGI-1 evaluation set. Figure 3 quantifies this trade-off through four key candi-
date metrics. The hybrid generates substantially more unique candidates per puzzle (339.5 vs 266.6,
+27%) with higher vote entropy (5.39 vs 4.56), indicating greater diversity in the candidate pool.
Conversely, TRM-attn exhibits stronger selection: 41.1% of votes concentrate on the top-1 candi-
date (vs 32.9% for hybrid), with a larger top-1 margin (32.3% vs 24.0%). This explains the pass@K
pattern: the hybrid’s broader exploration yields more correct candidates within the pool (improving
pass@K), whilst TRM-attn’s more decisive voting concentrates on fewer high-confidence predic-
tions (maintaining pass@1 parity). Mamba-2’s sequential processing appears to contribute different
solution trajectories during augmentation, increasing the diversity of the candidate pool without
degrading the quality of the best prediction.

5.2 DIFFICULTY-STRATIFIED ANALYSIS

Stratifying puzzles by difficulty sharpens this picture. We define difficulty using the average correct-
vote share across both models (a model-agnostic measure): puzzles where neither model reliably
produces the correct answer are “hard,” and those where correct answers dominate the candidate
pool are “easy.” We stratify all 419 test inputs at a 15% correct-vote-share threshold: hard (<15%,
N=246) and easy (≥15%, N=173). On hard test inputs, the hybrid gains +4.9 pp at pass@5 over
TRM-attn. The mechanism is intuitive: when the correct answer is rare in the candidate pool, the
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hybrid’s flatter vote distribution avoids concentrating votes on a single dominant—but wrong—
candidate, preserving the correct answer’s chance of surfacing at higher K. On easy puzzles, the
pattern reverses: TRM-attn gains +4.6 pp at pass@1, because its sharper vote concentration more
reliably promotes an already-dominant correct answer to the top rank. The aggregate pass@K
pattern—near-parity at pass@1, growing hybrid advantage at higher K—is the net effect of these
two opposing trends. At pass@5, the two models also solve partially disjoint puzzle sets (31 hybrid-
only vs 23 TRM-attn-only), suggesting that different mixing strategies contribute complementary
strengths.

5.3 MAMBA-2 ENTERS THE RECURSIVE OPERATOR DESIGN SPACE

The key finding is that the hybrid excels at candidate coverage on ARC-AGI, improving pass@2
by +2.0% with growing advantages at higher K values (+4–5% at high K), whilst maintaining top-1
parity. Improved pass@2 performance on ARC alongside competitive results across Sudoku and
Maze validates that introducing Mamba-2 into the recursive scaffold does not degrade reasoning
capability—and on coverage metrics, improves it. This establishes Mamba-2 hybrid operators as
viable candidates in the recursive operator design space, and motivates deeper investigation into the
interaction between outer-loop recursion and SSMs’ inherent inner recurrence.

6 RELATED WORK

Explicit CoT and token-space compute: Chain-of-thought prompting (Wei et al., 2022) and self-
consistency (Wang et al., 2022b) scale reasoning by producing visible intermediate steps. A the-
oretical study proves that standard, bounded-depth Transformers are mathematically incapable of
directly solving basic arithmetic or linear equations unless the model size grows super-polynomially
(Feng et al., 2023), providing theoretical grounding for why explicit reasoning steps are necessary.
Tree of Thoughts (Yao et al., 2023) and scratchpads (Nye et al., 2021) extend this to search and plan-
ning. We study recursive reasoning in latent space, which shares the same philosophy by extending
the effective model depth through looping forward passes over the operator model.

Implicit/latent CoT: Recent work connects chain-of-thought reasoning to latent reasoning by grad-
ually converting explicit CoT models. Deng et al. (2024) explore removing intermediate reasoning
steps entirely or partially, though this approach generally lags behind explicit CoT in accuracy when
no additional latent looping is provided. Hao et al. (2024) replace text tokens with continuous
thought vectors, arguing that latent variables can encode multiple alternative future steps simultane-
ously. Zelikman et al. (2024) use reinforcement learning to incentivise models to generate internal
thoughts. More recently, Jolicoeur-Martineau (2025); Wang et al. (2025a) demonstrate that dual hid-
den states enable strong reasoning capability with tiny models (7M parameters) on specific reason-
ing benchmarks. Our work is directly built on TRM, replacing Transformer blocks with Mamba-2
hybrid operators and achieving improved ARC-AGI pass@K performance whilst maintaining com-
petitive pass@1 accuracy.

Looped Transformers: Dehghani et al. (2019) first established the fundamental architecture for
looped transformers with Universal Transformers. Saunshi et al. (2025) explicitly study “Looped
Transformers” denoted as (k ⊗ L), where a k-layer block is looped L times, proving that these
loops generate “latent thoughts” and can simulate chain-of-thought reasoning steps. Yang et al.
(2024) demonstrate that a looped transformer with 1 layer can match the performance of a standard
12-layer transformer by iterating the loop, focusing on emulating iterative algorithms like gradient
descent. Geiping et al. (2025) propose a depth-recurrent architecture featuring a core recurrent block
sandwiched between a prelude and coda, where the core block is iterated r times (randomly sampled
during training) to allow the model to “think” in latent space. Although all these papers loop the
operator model (transformer), input injection has been mentioned in multiple literature as a key
design choice.

Efficient backbones: State space models (SSMs) offer linear-time sequence modeling as an alterna-
tive to quadratic-complexity attention. Gu & Dao (2024) introduce Mamba, which achieves linear-
time performance through selective state spaces that dynamically modulate which information to
retain or forget. Dao & Gu (2024) establish a theoretical duality between transformers and SSMs,
showing that structured state space models can be viewed as a generalization of attention mech-
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anisms, leading to Mamba-2 with improved efficiency and expressiveness. Hybrid architectures
combining attention and SSMs have shown promise: Lenz et al. (2025) demonstrate that Jamba,
a hybrid Transformer-Mamba model, achieves competitive performance at scale whilst maintaining
efficiency benefits. More recently, Wang et al. (2025b) explore Mamba’s potential for test-time com-
pute scaling, proposing M1 as a Mamba-based reasoning model that leverages the linear complexity
to enable more intensive inference-time computation. Our work extends this direction by integrating
Mamba-2 into recursive reasoning architectures, combining the efficiency of SSMs with the iterative
refinement capabilities of looped transformers.

Normalisation in recursion: Pre-norm vs post-norm affects training dynamics (Xiong et al., 2020).
DeepNet (Wang et al., 2022a) and ReZero (Bachlechner et al., 2021) address stability in deep net-
works. HRM (Wang et al., 2025a) specifically motivates post-norm for recursive Q-learning stability.

7 CONCLUSION

We investigated whether Mamba-2—whose state space recurrence is itself a form of iterative
refinement—can enter the design space of operators for TRM-style recursive reasoning without
degrading capability. By replacing Transformer blocks with Mamba-2 hybrid operators (parameter-
matched), we found:

• ARC-AGI: +2.0% improvement on pass@2 (the official metric) with growing advantages
at higher K values, suggesting better candidate coverage

• Coverage-vs-selection trade-off: Mamba-2’s sequential processing contributes distinct
solution trajectories, increasing candidate diversity without degrading top-1 quality. Diffi-
culty stratification further shows the two operators solve partially disjoint puzzle sets, rein-
forcing that different mixing strategies bring complementary strengths within the recursive
design space.

• Post-norm: Critical for stable recursive computation

Our results validate that Mamba-2 hybrid operators can enter the recursive operator design space
with competitive performance, taking a firm first step towards understanding the best mixing strate-
gies for recursive reasoning. Future work should investigate whether the recursive loop can be
internalised into SSM state updates—leveraging Mamba’s inherent inner recurrence—alongside
compute-normalised evaluation.
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