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Abstract

Looped Transformers — which repeatedly ap-
ply a shared block — are an architecturally nat-
ural fit for variable-length algorithmic tasks. Al-
though they can exhibit strong length general-
ization beyond the length of training sequences,
this behavior is brittle, yielding high out-of-
distribution (OOD) variance, even across well-
performing in-distribution solutions. We trace
this variance to the spurious correlation in simple
algorithmic tasks between sequence length and
number of loops. Introducing stochasticity into
the number of loops during training sharply re-
duces OOD variance and stabilises predictions
across inference-time loop counts. To improve
upon heuristic randomisation schemes, we fur-
ther analyse RL-Halting as a learned stochas-
tic schedule and find it generally improves the
accuracy–stability trade-off. We provide compar-
isons across binary addition, Dyck-1, Unique Set,
and Copy, showing that learned stochastic stop-
ping often improves this trade-off but can also sta-
bilise a suboptimal computation. Overall, our re-
sults suggest that “when to stop” should be treated
as a training-time design choice in looped archi-
tectures, not merely as an inference-time compute-
allocation rule.

1. Introduction
Transformers often achieve strong in-distribution perfor-
mance, but can fail sharply when evaluation requires ex-
trapolation: inputs may be longer, harder, or more composi-
tional than those seen during training (Reizinger et al., 2024;
Abbe et al., 2024). A common example is length generalisa-

*Equal mentorship contribution. †Equal supervision. 1EPFL,
Lausanne, Switzerland 2Max Planck Institute for Intelligent Sys-
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tion, where models are trained on short instances but tested
on longer ones (Zhou et al., 2023; Cai et al., 2025; Lee et al.,
2025). Algorithmic tasks such as multi-digit addition and
planning-style tasks such as maze solving are representative
cases: success requires executing a reusable procedure, not
merely interpolating between familiar patterns.

A natural way to support such reusable computation is to
add iteration via weight sharing. Looped Transformers
and related recurrent-depth architectures repeatedly apply
a shared block to an internal state before producing an an-
swer (Dehghani et al., 2018; Schwarzschild et al., 2021;
Bansal et al., 2022; Giannou et al., 2023; Fan et al., 2024;
Geiping et al., 2025; Zhu et al., 2025). This gives a sim-
ple computational intuition: if longer or harder instances
require more repeated computation, then running the same
block for more iterations may enable extrapolation. Indeed,
prior work has shown that looped models can represent algo-
rithmic computations and can sometimes discover extrapo-
lating solutions (Giannou et al., 2023; Yang et al., 2023; Fan
et al., 2024). However, expressivity alone does not answer
the training question: even if an extrapolating computation
exists in the architecture, gradient-based training may not
reliably select it.

We show that this gap between architectural potential
and training outcome is central in practice. On length-
generalisation tasks, Looped Transformers can contain
computations that solve inputs far beyond the training-
length regime, yet this potential is highly unstable across
runs. Runs with similar in-distribution accuracy can exhibit
qualitatively different out-of-distribution (OOD) behaviour:
some extrapolate, while others collapse soon after leaving
the training regime. This suggests that looping does not
simply add a uniformly helpful inductive bias. Instead, it
introduces a training-time selection problem: among the
many computation trajectories available through repeated
application of the same block, training must select one that
is both stable and extrapolating.

We study this selection problem through the lens of stop-
ping schedules, which determine how many loop iterations
are used during training. A deterministic schedule super-
vises each input at a single prescribed depth, potentially
making the learned computation brittle to that choice. A
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stochastic schedule instead exposes the model to a local
neighbourhood of loop depths, reducing dependence on
any one stopping time. Empirically, we find that stochastic
schedules substantially reduce run-to-run OOD variability
and make predictions more stable across inference-time loop
counts. However, stability alone is not sufficient: a sched-
ule can stabilise a computation that still fails to extrapolate.
We therefore also study RL-Halting, a learned stochastic
stopping schedule related to adaptive-computation meth-
ods (Banino et al., 2021; Zhu et al., 2025). RL-Halting often
improves the accuracy–stability trade-off across sequence
tasks, but it can also stabilise a suboptimal computation.

Overall, our results suggest that “when to stop” is not merely
an inference-time compute-allocation question. For looped
architectures, it is also a training-time design choice that
affects which computation trajectory is learned. Our con-
tributions are:

• The extrapolation–stability gap. We show that deter-
ministic Looped Transformers can contain extrapolat-
ing computations, but that these computations are not
reliably selected across runs (§ 4.1).

• Stabilisation via stochastic schedules. We show that
stochastic stopping schedules reduce run-to-run OOD
variability and stabilise predictions across inference-
time loop counts (§ 4.3).

• Learning stochastic stopping schedules. We study
RL-Halting as a learned stochastic schedule, finding
that it often improves the accuracy–stability trade-off,
while also showing that stable stopping does not always
imply extrapolating stopping (§ 4.4).

2. Background
2.1. Looped Transformers

Looped Transformers implement iterative computation by
repeatedly applying the same Transformer block across
depth (Dehghani et al., 2018; Giannou et al., 2023; Fan
et al., 2024; Geiping et al., 2025; Zhu et al., 2025). Rather
than stacking K independent blocks with separate param-
eters, a looped model reuses a single block for multiple
iterations. This weight tying keeps the parameter count
fixed while allowing the amount of computation to vary
with the number of loop steps.

In our experiments, we follow the looped architecture used
by Fan et al. (2024). Let x be an input sequence and let
E(x) ∈ Rm×d denote its token embeddings, where m
is the token-sequence length. The model maintains hid-
den states H(t) ∈ Rm×d for loop iteration t, initialised as
H(0) = E(x). At each loop iteration, we apply the same
Transformer block Blockθ:

H(t) = Blockθ

(
H(t−1) +H(0)

)
, t = 1, . . . ,K.

The addition of H(0) implements input injection (Fan et al.,
2024; Geiping et al., 2025): the original input representation
is reintroduced at each iteration so that the loop can refine
its state while retaining direct access to the input tokens.

After K loop iterations, a readout map produces token-level
logits from H(K), and training uses standard token-level
cross-entropy on the supervised output positions. Crucially,
supervision is applied only at the chosen loop depth, rather
than at every intermediate iteration. Thus, unlike a standard
fixed-depth Transformer, a Looped Transformer requires
specifying not only the model parameters θ, but also the
loop depth at which the prediction is read out.

2.2. Stopping Schedules as Training-Time Choices

A stopping schedule determines how many loop iterations
are used for an input. We write K ∼ πstop(K | x), where
πstop may be deterministic, stochastic, or learned. We use
K for a generic loop count, and τ when emphasising a
sampled stopping time, as in § 4.4.

For an example (x, y), a stopping schedule induces the
objective

Lπ(θ;x, y) = EK∼πstop(·|x)ℓ(θ;x, y,K),

where ℓ(θ;x, y,K) is the prediction loss after K loop it-
erations. In practice, each optimisation step samples one
loop depth per example. For deterministic schedules, this
reduces to training at the prescribed depth. For stochastic
schedules, the sampled-depth update is an unbiased estimate
of the schedule-averaged objective.

This sampled-depth view is important because the stop-
ping schedule affects training, not only inference. By
choosing which loop depths receive supervision, the sched-
ule can change which computation trajectory the model
learns. Fixed schedules always train at a prescribed depth,
length-matched schedules tie the depth to the input length,
and adaptive-computation methods learn or infer when to
stop (Saunshi et al., 2024; Fan et al., 2024; Bansal et al.,
2021; Banino et al., 2021; Zhu et al., 2025). In the experi-
ments, we compare deterministic schedules, hand-designed
stochastic schedules, and a learned stochastic stopping rule.

3. Experimental Setup
Unless otherwise stated, our diagnostic experiments use
binary addition; cross-task results are reported in § 4.4.

3.1. Tasks and length-generalisation protocol

We evaluate length generalisation under a controlled train–
test length shift. Let n denote the problem length. For
binary addition, n is the number of digits in each operand;
for the other sequence tasks, n is the corresponding input
length or problem size. All models are trained on lengths
n < 20, which we call the in-distribution regime (ID),
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and evaluated on lengths n ≥ 20, which we call OOD.
Unless otherwise stated, OOD summaries are computed
over lengths {20, 25, 30, . . . , 60}.

Our main task is binary addition. Each example contains
two n-digit binary numbers, and the target is their sum fol-
lowed by an end token; for example, 1011 + 0110 maps to
10001<eos>. Binary addition admits a linear-time algo-
rithm, but vanilla Transformers struggle to length-generalise
on this task without explicit index hints (Zhou et al., 2023;
Fan et al., 2024).

We also report results on Dyck-1, Unique Set, and Copy.
Dyck-1 tests generalisation in a simple formal-language set-
ting with nested structure. Unique Set maps a sequence
to the unique symbols in order of first appearance, e.g.
[a, b, a, c, b] 7→ [a, b, c,<eos>]. Copy maps the input se-
quence to itself followed by an end token. For all tasks, a
prediction is correct only if the complete output sequence is
correct, including the end token.
3.2. Models and stopping schedules

We compare fixed-depth Transformers with Looped Trans-
formers. The fixed-depth baselines are a 3-layer Trans-
former, matching the parameter count of one looped block,
and a 60-layer Transformer, serving as a higher-compute
baseline. The Looped Transformer reuses a shared 3-layer
block across loop iterations.

For Looped Transformers, we evaluate three families of
stopping schedules.

Deterministic schedules. We consider a fixed schedule,
K = 20, as in fixed-depth latent-reasoning settings (Saunshi
et al., 2024), and a length-matched schedule, K = n, where
n is the input length (Fan et al., 2024).

Hand-designed stochastic schedules. Starting
from the length-matched schedule, we sample ∆ ∼
Unif{−w, . . . , w} and train at K = clip(n+∆, 1, Tmax).
Unless otherwise stated, stochastic schedules sample one
loop depth per example per optimisation step.

Learned stochastic schedules. We study RL-Halting as
a learned stochastic schedule. It samples a stopping time
during training and updates the stopping policy using the re-
alised task loss. The full parameterisation and optimisation
rule are introduced in § 4.4.

Additional implementation details are given in Appx. B.
3.3. Evaluation metrics

Our primary diagnostic metric is oracle-over-iterations ac-
curacy. For examples of length n, we define

Accoracle(n) = E(x,y)∼Dn

[
max

K∈Keval

acc(ŷK(x), y)

]
,

where ŷK(x) is the prediction after K loop iterations. For
fixed-depth Transformer baselines, which have no loop
depth to select, we evaluate the final prediction at the
model’s fixed depth.

Oracle-over-iterations accuracy is not an inference policy:
it uses the ground-truth answer to select the best loop depth.
We use it as a diagnostic upper bound on the extrapolation
potential of a trained looped model, separating whether
an extrapolating computation exists at some depth from
whether a practical stopping rule can select it. We make this
distinction explicit on Unique Set in Appx. D.3.

For summary tables, we report the following met-
rics. OOD is the average oracle accuracy over lengths
{20, 25, 30, . . . , 60}, and Near is the average over near-
OOD lengths 20–40. Max@90 is the largest OOD length
at which each run reaches at least 90% accuracy, averaged
across runs. Front.@90 is the mean-accuracy frontier: the
largest evaluated OOD length at which the mean accuracy
across runs reaches at least 90%. Std. is the standard devia-
tion of per-run average OOD accuracy.

For length-wise figures, we additionally show the mean and
standard deviation across independent runs at each input
length.

4. Experimental Results
4.1. Deterministic Looping Reveals Extrapolation

Potential but Is Unstable

We first ask whether deterministic looped models reliably
learn computations that extrapolate beyond the training-
length regime. This isolates the effect of looping itself
before introducing stochastic or learned stopping schedules.
The answer is mixed: looped models can contain extrapolat-
ing computations, but these computations are not reliably
selected across training runs.

4.2. Effect of fixed loop budget

Looping reveals extrapolation potential, but not reliable
OOD performance.

Fig. 1 compares fixed-depth Transformers with Looped
Transformers on binary addition. The fixed-depth Trans-
former baselines fit the ID regime but degrade sharply be-
yond the training-length boundary. Looped Transformers, in
contrast, show clear extrapolation potential: for both fixed
K = 20 and length-matched K = n, the best runs remain
accurate on substantially longer inputs.

This potential is not reflected in reliable average perfor-
mance. The individual run curves in Fig. 1 show large OOD
variation: some looped runs extrapolate far beyond the train-
ing lengths, while others collapse soon after entering the
OOD regime. This is also visible quantitatively in Fig. 5:
the OOD standard deviation is only 0.009 and 0.005 for
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Figure 1. Oracle-over-iterations accuracy on binary addition as a function of input length for standard Transformers and
Looped Transformers trained with deterministic stopping schedules. The shaded region marks the ID regime, and the right-hand side
corresponds to longer OOD inputs. Thin solid lines denote individual runs, the bold solid line denotes the mean across runs, and the
dashed line denotes the per-length maximum across runs.
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Figure 2. Mean accuracy and run-to-run variability on binary
addition across input lengths. Left: mean oracle-over-iterations
accuracy across runs for standard Transformer baselines and fixed-
K Looped Transformers with K ∈ {10, 15, 20}. Right: standard
deviation across runs at each digit length. The shaded region marks
the ID regime, while digit lengths from 20 to 60 correspond to the
OOD regime.

the 3-layer and 60-layer Transformer baselines, but rises
to 0.087 for Looped Transformers with fixed K = 20 and
0.122 for Looped Transformers with K = n. Controlled
variants, where either the initialisation or the data order is
fixed, show the same qualitative instability; see Appx. D.1
for details.

Larger loop budgets widen the gap between potential
and reliability.

We next vary the fixed loop budget. As shown in Fig. 2, in-
creasing K shifts the mean accuracy curve toward longer in-
puts, suggesting that additional loop computation can extend
the range over which some models extrapolate. However,
the same increase also raises run-to-run variability in the
OOD regime, especially at intermediate lengths where some
runs still solve the task while others have already collapsed.

Thus, larger loop budgets increase extrapolation potential,
but also make OOD behaviour less reliable. This supports
the view that looping expands the set of computation tra-
jectories available to training: some trajectories extrapolate,
while others fit the ID regime but fail OOD.

This supports the view that looping creates a selection prob-
lem: the architecture may contain extrapolating trajectories,

but training does not reliably select them.

4.3. Stochastic Schedules Stabilise Looped Models

The previous subsection showed that deterministic looped
models can contain extrapolating computations, but do not
reliably select them across runs. We now test whether this se-
lection problem can be regularised by randomising the loop
depth during training. Starting from the length-matched
schedule K = n, we train stochastic variants that sample
loop depths from a local window around n. The mechanism
behind this stabilisation is discussed separately in Appx. E,
where we give a toy illustration of how randomising over
nearby loop depths can average out depth-specific effects.

We evaluate stochastic schedules along two axes. First,
we ask whether they reduce run-to-run variability in OOD
performance. Second, we ask whether they make each
trained model less sensitive to the precise loop depth used
at inference time.

Randomised schedules reduce run-to-run variability

Fig. 3 shows that stochastic schedules substantially reduce
the spread of OOD outcomes across runs. The determin-
istic length-matched schedule has a wide min–max range,
indicating that different runs select very different OOD be-
haviours. By contrast, the ±5 and ±10 windows produce
much tighter ranges and smaller standard deviations.

The effect is primarily one of stabilisation, not a monotonic
improvement in accuracy. The mean OOD accuracy in-
creases from the deterministic schedule to the ±5 window,
but decreases again for the ±10 window. Thus, randomisa-
tion can reduce OOD variance, but too much randomness
need not further improve extrapolation. A toy gradient-
averaging view that may explain this stabilising effect is
given in Appx. E.1.

Randomised schedules stabilise predictions across loop
depths.
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Figure 3. OOD oracle-over-iterations accuracy for stochastic
variants of the length-matched schedule on binary addition.
“Original” denotes the deterministic schedule K = n. For window
size w ∈ {1, 5, 10}, we sample ∆ ∼ Unif{−w, . . . , w} and
set K = clip(n + ∆, 1, Tmax). For each run, OOD accuracy is
averaged over digit lengths {20, 25, 30, . . . , 60}. Circles indicate
the mean across runs, thick vertical bars show mean ± standard
deviation, and light horizontal bars show the minimum–maximum
range across runs.

We next test whether stochastic schedules also stabilise the
loop trajectory within a trained model. For each model,
we sweep the inference-time loop count K and measure
accuracy at each depth. We also measure the prediction flip
rate, Prx[ŷK+1(x) ̸= ŷK(x)], which records how often the
predicted sequence changes between adjacent loop depths.

Fig. 4 shows that deterministic schedules are sensitive to the
inference-time stopping depth. They often achieve high
accuracy only over a narrow range of loop counts, and
their predictions can continue changing across many iter-
ations. Randomised training reduces this sensitivity: the
randomised length-matched schedule gives a broader high-
accuracy region across K and a faster decrease in prediction
flip rate. This is consistent with the loop-consistency view
in Appx. E.2, where supervising nearby depths encourages
predictions to stabilise along the loop trajectory.

Together, Figs. 3 and 4 show that stochastic schedules sta-
bilise looped models across both training runs and inference-
time loop depths, while also highlighting that stabilisation
alone does not guarantee extrapolation.

4.4. Learned Stopping Improves the Accuracy–Stability
Trade-off

The stochastic schedules above stabilise looped models,
but their sampling distribution is hand-designed and the
window size matters. We therefore ask whether the stopping
distribution itself can be learned. We study this with RL-
Halting, a learned stochastic stopping schedule that samples
one loop depth during training and updates the stopping
policy from the realised task loss. This places RL-Halting
within our main goal: understanding whether adaptive depth
selection can reduce the training-time selection problem in
looped models.

RL-Halting parameterises a distribution over stopping times

Task Method OOD ↑ Near ↑ Max@90 ↑ Front.@90 ↑ Std. ↓

Addition Fix K = 20 34.2 61.5 27.3 25 7.4
K = n 22.1 39.6 23.0 20 9.9
K = n,±5 30.9 55.6 27.5 25 5.9
RL-Halt 45.0 80.0 30.0 30 2.7

Dyck-1 Fix K = 20 84.6 93.3 49.5 30 23.8
K = n 66.6 79.8 40.8 25 33.3
K = n,±5 88.2 97.4 52.0 35 18.7
RL-Halt 97.5 100.0 55.6 60 3.6

Unique Fix K = 20 66.1 78.0 39.0 20 34.0
K = n 78.5 96.6 44.1 35 17.5
K = n,±5 73.2 98.8 40.7 40 9.3
RL-Halt 82.8 98.8 41.2 40 3.3

Copy Fix K = 20 62.3 82.0 36.2 25 27.7
K = n 68.7 94.3 36.7 35 13.2
K = n,±5 55.9 89.4 33.8 30 8.5
RL-Halt 43.2 76.1 28.0 25 2.7

Table 1. OOD performance across tasks and stopping sched-
ules. OOD and Near denote average accuracy over lengths 20–60
and 20–40, respectively. Max@90 is the per-run maximum solved
length averaged across runs, Front.@90 is the mean-accuracy fron-
tier at 90%, and Std. is the standard deviation of per-run average
OOD accuracy.

using a hazard head on the loop hidden states. During train-
ing, it samples a stopping depth, applies the task loss only at
that realised depth, and updates the stopping policy with a
score-function estimator using negative task loss as reward.
This differs from weighted-loss adaptive computation meth-
ods such as PonderNet, and keeps the comparison aligned
with the sampled-depth schedules in Sec. 4.3. We give
the full formulation in Appx. C. A direct comparison with
a PonderNet-style baseline on binary addition is given in
Appx. D.5.

Learned schedules can improve the accuracy–stability
trade-off. Tab. 1 compares deterministic schedules, hand-
designed stochastic schedules, and RL-Halting across four
tasks. On Addition and Dyck-1, RL-Halting achieves both
the highest OOD accuracy and the lowest OOD standard
deviation. On Unique Set, it also improves average and near-
OOD accuracy while substantially reducing variance, al-
though the length-matched schedule attains a slightly larger
Avg. Max Len@90; an oracle–policy gap analysis on this
task is given in Appx. D.3. These results suggest that adap-
tive depth selection can preserve the stabilising effect of
sampled-depth training while improving extrapolation on
several tasks.

Stability does not guarantee the best extrapolating sched-
ule. The Copy task shows the limitation. RL-Halting re-
duces OOD standard deviation from 13.2 to 2.7, but its
average OOD accuracy and extrapolation frontier are worse
than the length-matched schedule. Thus, a learned stochas-
tic schedule can stabilise the model around a suboptimal
computation. Taken together, these results show that adap-
tive stopping can improve the accuracy–stability trade-off,
but it does not fully solve the trajectory-selection problem.
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trained with fixed K = 20, length-matched K = #Digits, randomised length-matched K = #Digits (Random), and RL-Halting. Here
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Lower flip rates indicate more stable loop trajectories. RL-Halting is shown for reference and discussed in § 4.4.

Conclusion
We studied length generalisation in Looped Transformers
through the lens of stopping schedules. Our results show
that looping creates a training-time selection problem over
computation trajectories: deterministic schedules can reveal
strong extrapolation potential, but this potential is unstable
across runs. Stochastic schedules reduce this fragility by
training across nearby loop depths, improving run-to-run
stability and robustness to the inference-time loop count.
However, stability alone does not guarantee extrapolation:
RL-Halting often improves the accuracy–stability trade-off,
but can also stabilise a suboptimal computation. These
findings suggest that “when to stop” should be treated as a
central training-time design choice in looped architectures.
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Mészáros, A., Reizinger, P., and Huszár, F. Out-of-
distribution evaluation of rule-based and strategic rea-
soning in chess transformers. In Forty-third International
Conference on Machine Learning, 2026. URL https:
//openreview.net/forum?id=JFGUsQ68rG.

Ramasinghe, S., Macdonald, L. E., Farazi, M., Saratchan-
dran, H., and Lucey, S. How much does Ini-
tialization Affect Generalization? In Proceed-
ings of the 40th International Conference on Ma-
chine Learning, pp. 28637–28655. PMLR, July
2023. URL https://proceedings.mlr.press/
v202/ramasinghe23a.html.
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A. Related Works
Stability of length generalisation. Prior work has shown that Transformer length generalisation can be possible but fragile.
Most directly, Zhou et al. (2024) show that extrapolation on integer addition is highly sensitive to random initialisation
and training data order, even with strong in-distribution performance. Other work connects length-generalisation failures
to positional-encoding distribution shift (Ruoss et al., 2023; Cho et al., 2024; Kazemnejad et al.), attention-variance
mechanisms (Li & Boduljak, 2025), and broader effects of initialisation or data ordering on optimisation (Ramasinghe
et al., 2023; Hacohen & Weinshall, 2019; Schwarzschild et al., 2021; Kuo et al., 2025). Mészáros et al. (2024) studies
OOD extrapolation performance in formal languages across many architectures (not including Looped Transformers), and
Mészáros et al. (2026) conducts a similar study across multiple chess variants. Our work studies a complementary instability
specific to looped architectures: the loop count used during training is not merely a compute budget, but affects which
computation trajectory is selected and how stable length extrapolation becomes.

Extrapolation and recurrent structure. Recurrent and weight-tied architectures support extrapolation by reusing com-
putation across multiple steps, as studied in recurrent networks, Universal Transformers, deep equilibrium models, and
Looped Transformers (Schwarzschild et al., 2021; Bansal et al., 2022; Dehghani et al., 2018; Anil et al.; Giannou et al.,
2023; Yang et al., 2023; Fan et al., 2024; Saunshi et al., 2024; Geiping et al., 2025; Zhu et al., 2025; Wang et al., 2025). In
particular, Fan et al. (2024) show that Looped Transformers can achieve strong length generalisation on arithmetic tasks,
demonstrating the extrapolation potential of repeated computation. Our work studies a complementary question: whether
this potential is selected reliably during training. We show that looped models can exhibit high run-to-run OOD instability,
and that stochastic loop schedules can regularise this instability by reducing dependence on a single prescribed loop depth.

Learning when to stop. Adaptive-computation methods learn to allocate computation across inputs, from Adaptive
Computation Time (Graves, 2017) to probabilistic halting methods such as PonderNet (Banino et al., 2021). In recurrent
reasoning, the stopping rule matters because too few iterations may under-compute, while too many can cause overthinking
and hurt extrapolation (Bansal et al., 2021; 2022). Recent Looped Language Models also use learned depth allocation and
relate it to PonderNet-style objectives (Zhu et al., 2025). Our RL-Halting variant is related to these methods, but matches
our sampled-depth protocol: each update samples one stopping depth and supervises only that realised depth. This lets us
study learned stopping as an adaptive form of stochastic loop-depth regularisation, rather than primarily as compute saving.

Randomisation as regularisation. Randomisation is widely used to regularise neural networks by preventing over-reliance
on a single computation path. Dropout randomly removes units (Srivastava et al.), stochastic depth randomly skips residual
layers (Huang et al., 2016), and LayerDrop applies structured dropout to Transformer layers (Fan et al., 2019). Randomisation
has also been used to improve length generalisation, for example through randomised positional encodings (Ruoss et al.,
2023), and to encourage path-independent behaviour in equilibrium models through randomised depth training (Anil et al.).
Our work studies a different axis of randomisation: the loop depth at which a recurrent-depth model is supervised. This can
be viewed as regularising the learned computation trajectory by averaging over nearby stopping depths, thereby reducing
sensitivity to a single prescribed loop count.

B. Implementation Details
Architecture and training. Our Looped Transformer implementation follows Fan et al. (Fan et al., 2024). One looped
block consists of three Transformer layers and is reused across loop iterations with input injection at each step. Following
the length-generalisation setup of Fan et al. (Fan et al., 2024), we use no positional embeddings (NoPE). The 3-layer
Transformer baseline matches the parameter count of one looped block, while the 60-layer Transformer baseline provides a
higher-compute fixed-depth comparison. All models are trained with AdamW using batch size 64 for 100k gradient steps.
The learning rate is set to 10−4 and decayed to 0 with a cosine schedule after the curriculum reaches the maximum training
length. For stability evaluation, we run 32 independent seeds on Addition and 18 independent seeds on the other tasks.

Stopping schedules. For stochastic schedules, each optimisation step samples one loop count per example. For the
randomised length-matched schedules, we sample

∆ ∼ Unif{−w, . . . , w}, K = clip(n+∆, 1, Tmax).

Evaluation. Unless otherwise stated, OOD summaries are computed over lengths {20, 25, 30, . . . , 60}, and a prediction is
correct only if the complete output sequence is correct, including the end token.
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Controlled variance experiments. For the “Original” setting, both random initialisation and data order vary across runs.
For “Fixed init.”, all runs use the same initialisation and vary only the data order. For “Fixed data”, all runs use the same
data order and vary only the initialisation.

C. RL-Halting Details
We describe the learned stochastic stopping rule used in Sec. 4.4. RL-Halting parameterises a distribution over loop
depths, samples one depth during training, and updates the stopping policy from the realised task loss. This matches the
sampled-depth protocol used by the hand-designed stochastic schedules, while allowing the stopping distribution to adapt
during training.

Stopping distribution. Let H(t) ∈ Rm×d denote the hidden states after t loop iterations, and let Tmax be the maximum
allowed number of loop iterations. After each iteration, we average-pool the hidden states to obtain a summary vector

ht = Pool(H(t)). (1)

A learned stopping head qϕ maps this summary to a stopping hazard

rt = σ(qϕ(ht)), (2)

where σ is the sigmoid function. The hazard rt is the probability of stopping at iteration t conditioned on not having stopped
earlier. This induces the stopping distribution

πstop,ϕ(τ = t | x) = rt

t−1∏
i=1

(1− ri), t < Tmax. (3)

The remaining probability mass is assigned to the final iteration:

πstop,ϕ(τ = Tmax | x) =
Tmax−1∏

i=1

(1− ri). (4)

Thus, the model is forced to stop by Tmax.

Sampled-depth supervision. For each training example (x, y), we sample a stopping time

τ ∼ πstop,ϕ(· | x). (5)

The Looped Transformer is then supervised only at the sampled depth τ . Let ŷτ (x) denote the prediction after τ loop
iterations. The task loss is

ℓ(θ;x, y, τ) = CE(ŷτ (x), y), (6)

where CE denotes the task cross-entropy loss. The model parameters θ are updated using the ordinary supervised gradient
of this sampled-depth loss.

Stopping-policy update. The stopping policy is trained with a score-function estimator. We define the reward as the
negative task loss:

R(x, y, τ) = −ℓ(θ;x, y, τ). (7)

The objective for the stopping policy is to maximise the expected reward under the stopping distribution:

J(ϕ) = Eτ∼πstop,ϕ(·|x)[R(x, y, τ)]. (8)

Using the score-function identity, the policy-gradient estimator is

∇ϕJ(ϕ) = Eτ∼πstop,ϕ(·|x)[(R(x, y, τ)− b)∇ϕ log πstop,ϕ(τ | x)], (9)

where b is a moving-average baseline used to reduce gradient variance. In practice, we also add an entropy regulariser over
the stopping distribution to encourage exploration over loop depths:

Jent(ϕ) = J(ϕ) + λentH(πstop,ϕ(· | x)). (10)
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Figure 5. OOD variability on binary addition across models and controlled settings. Bars show the mean standard deviation of oracle-
over-iterations accuracy across runs, averaged over OOD digit lengths from 20 to 60. For Looped Transformers, “Original” varies both
initialisation and data order across runs, “Fixed init.” varies only data order, and “Fixed data” varies only initialisation. Hatching marks
the controlled settings.

Training loss. Equivalently, when using gradient descent, we minimise the stopping-policy loss

Lhalt(ϕ) = −sg(R− b) log πstop,ϕ(τ | x)− λentH(πstop,ϕ(· | x)), (11)

where sg(·) denotes stop-gradient. The total update consists of the sampled-depth task loss for the Looped Transformer and
the policy-gradient loss for the stopping head:

L = ℓ(θ;x, y, τ) + Lhalt(ϕ). (12)

Relation to stochastic schedules. The hand-designed stochastic schedules in Sec. 4.3 sample loop depths from a fixed
distribution, such as a local window around the input length. RL-Halting instead learns this distribution from the realised
task loss. Both approaches expose the model to sampled stopping depths during training, but RL-Halting makes the sampling
distribution adaptive.

D. Additional Results
D.1. Controlled variance experiments

To test whether OOD instability is caused mainly by random initialisation or by data order, we run two controlled variants of
the looped experiments. In the “Fixed init.” setting, all runs use the same initialisation and differ only in data order. In the
“Fixed data” setting, all runs use the same data order and differ only in initialisation.

Fig. 5 shows that the high OOD variance of Looped Transformers does not disappear under either control. For fixed K = 20,
the OOD standard deviation remains around 0.09 in both controlled settings, compared with 0.087 in the original setting.
For the length-matched schedule K = n, the controlled standard deviations are even higher, around 0.16, compared with
0.122 in the original setting. By contrast, the fixed-depth Transformer baselines have much lower OOD standard deviation,
0.009 for the 3-layer model and 0.005 for the 60-layer model.

These results suggest that OOD instability is not an artefact of varying all sources of randomness simultaneously. Both
initialisation and data order can steer looped training toward different extrapolation behaviours, even when models achieve
similar in-distribution performance.

Increasing the fixed loop budget shifts the mean accuracy curve toward longer inputs, suggesting that additional loop
computation can extend extrapolation potential. However, it also raises run-to-run variability in the OOD regime, especially
at intermediate lengths where some runs still solve the task while others have already collapsed.

D.2. Randomising around a fixed loop budget

We also test whether stochasticity helps when the centre of the schedule is fixed rather than length-matched. Starting from
the fixed schedule K = 20, we sample ∆ ∼ Unif{−5, . . . , 5} and train at K = 20 +∆.
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Table 2. Fixed-budget randomisation and learned-halting baselines on binary addition. OOD is average oracle-over-iterations
accuracy over lengths 20–60, Front.@90 is the mean-accuracy frontier at 90%, and Std. is the standard deviation across runs.

Setting OOD ↑ Front.@90 ↑ Std. ↓
Fix K = 20 34.2 25 7.4
K = 20± 5 34.2 25 4.7
PonderNet 29.4 20 15.1
RL-Halting 45.0 30 2.7
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Figure 6. Policy accuracy and oracle–policy gap on Unique Set. Left: policy accuracy, evaluating each method using its prescribed
stopping rule. Right: oracle-over-iterations accuracy minus policy accuracy. A large gap indicates that a correct output exists at some
loop depth but is not selected by the policy. Randomised and learned stochastic schedules reduce this gap, suggesting that they stabilise
predictions across loop depths and make performance less sensitive to the exact stopping time.

Tab. 2 shows that randomising around the fixed budget leaves the mean OOD accuracy and extrapolation frontier unchanged,
but reduces the standard deviation across runs from 7.4 to 4.7. This suggests that the stabilising effect of stochastic schedules
is not specific to length-matched schedules: exposing the model to nearby loop depths can reduce run-to-run variability even
when the schedule is centred at a fixed compute budget.

D.3. Oracle–policy gap on Unique Set

Our main results use oracle-over-iterations accuracy to diagnose whether a trained looped model produces a correct output
at some evaluated depth. However, oracle accuracy does not measure whether a practical stopping rule selects that depth. To
make this distinction explicit, we compare oracle accuracy with policy accuracy on Unique Set. Policy accuracy evaluates
each method using its inference-time stopping rule: K = 20 for K = 20, K = n for K = #Digits, and the centre depth
K = n for K = #Digits (Random ±5). For RL-Halting, we choose the stopping depth with the highest learned probability.

We define the oracle–policy gap at length n as

Gap(n) = Accoracle(n)−Accpolicy(n).

A large gap means that a correct output exists at some loop depth, but the stopping rule often fails to select it. Thus, the gap
measures a failure of depth selection rather than the absence of an extrapolating computation.

Fig. 6 shows that deterministic schedules can have a large oracle–policy gap in the OOD regime. For fixed K = 20, policy
accuracy collapses soon after the training-length boundary, while oracle accuracy remains substantially higher, indicating
that the model can still produce correct outputs at some other loop depths. The length-matched schedule performs better, but
still leaves a growing gap at longer OOD lengths.

By contrast, the randomised length-matched schedule and RL-Halting have much smaller oracle–policy gaps. This is
consistent with the trajectory-stability results in Fig. 4: when predictions are more stable across nearby loop depths, the
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Figure 7. Learned stopping schedule and stopping entropy on binary addition. For this visualisation, the stopping distribution is
truncated at Tvis = 60. Left: learned stopping distributions π(Tvis)

stop,ϕ(τ = k | x) for RL-Halting, averaged over binary-addition examples
with the same digit length. As the number of digits increases, the probability mass shifts toward larger loop depths, indicating that
the learned policy adapts its stopping distribution to problem length. Right: conditional stopping entropy as a function of digit length,
compared with uniform local-window schedules. RL-Halting remains stochastic across both ID and OOD digit lengths, but has lower
entropy than wide uniform schedules, suggesting that it learns a structured stochastic schedule rather than a maximally diffuse one.

exact stopping time matters less, and policy accuracy approaches oracle accuracy. Thus, stochastic schedules reduce not
only run-to-run variability, but also the mismatch between the computation available somewhere along the loop and the
computation selected by the stopping rule.

A small oracle–policy gap does not by itself imply strong extrapolation. A model can have a small gap because it is stably
correct, but also because it is stably wrong. For this reason, we report both policy accuracy and oracle–policy gap: policy
accuracy measures the quality of the selected computation, while the gap measures how much performance is lost due to
imperfect depth selection.

D.4. Learned stopping schedule on binary addition

We further inspect the stopping distribution learned by RL-Halting on binary addition. The goal is to understand whether the
learned schedule collapses to an almost deterministic stopping rule, or whether it remains genuinely stochastic during length
extrapolation.

For this diagnostic, we evaluate the learned stopping head over a visualisation horizon Tvis = 60. This horizon is used only
to inspect the learned distribution and compare it with length-matched uniform schedules. For any horizon T , the same
hazard rule defines a truncated stopping distribution π

(T )
stop,ϕ(τ = k | x), with the remaining tail probability assigned to the

final depth T .

We quantify the randomness of the learned schedule using the conditional entropy

HT (τ | x) = −
T∑

k=1

π
(T )
stop,ϕ(τ = k | x) log2 π

(T )
stop,ϕ(τ = k | x). (13)

In this appendix, we set T = Tvis = 60 and report the entropy averaged over binary-addition examples of the same digit
length,

H(n) = Ex:#digits(x)=n [HTvis
(τ | x)] . (14)

This measures randomness after conditioning on the input, and therefore distinguishes genuinely stochastic stopping from
deterministic input-dependent schedules such as K = n, which have zero conditional entropy.

Fig. 7 shows that RL-Halting learns a structured length-dependent distribution on binary addition. For short inputs, the
distribution places substantial mass on smaller loop counts. As the number of digits increases, the mass shifts smoothly to
the right, assigning higher probability to larger loop counts. Thus, the learned stopping rule is not simply a fixed-depth
policy: it adapts the range of likely stopping times to the input length.
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At the same time, the learned schedule does not collapse to a deterministic stopping depth. The entropy curve remains
clearly above zero across both ID and OOD lengths, showing that RL-Halting continues to sample from a non-degenerate
distribution. However, its entropy is lower than that of wide uniform schedules around the input length. This suggests
that RL-Halting learns a middle ground: it preserves stochasticity over loop depths, but concentrates probability on a
length-dependent range of useful depths.

This behaviour is consistent with the role of RL-Halting in the binary-addition experiments. Unlike deterministic schedules,
it does not force every update to use a single prescribed depth. Unlike hand-designed random schedules, it does not spread
probability uniformly over a fixed window. Instead, it learns an adaptive stochastic schedule whose support shifts with digit
length while maintaining moderate entropy. This provides a possible explanation for why RL-Halting reduces run-to-run
OOD variability on addition while improving the accuracy–stability trade-off.

D.5. Comparison with PonderNet-style halting

We also include a PonderNet-style learned halting baseline in Tab. 2. PonderNet and RL-Halting use a similar hazard-based
parameterisation of the stopping distribution, but differ in how this distribution is trained. A PonderNet-style objective
optimises a distribution-weighted loss over loop depths, so depths with larger stopping probability also receive larger
effective training weight. By contrast, RL-Halting samples a single stopping depth for each example, supervises the model
only at that realised depth, and updates the stopping head with a policy-gradient estimator using the negative task loss as
reward.

In our binary-addition experiments, the PonderNet-style baseline is substantially less stable than RL-Halting. As shown in
Tab. 2, PonderNet obtains lower OOD accuracy and a higher standard deviation across runs, while RL-Halting achieves both
the best OOD accuracy and the lowest variance. Empirically, we find that the PonderNet-style objective is sensitive to data
order and often collapses toward a nearly deterministic halting distribution, even with entropy regularisation coefficient 0.01.

This is consistent with the broader observation that learned halting or gating mechanisms require explicit regularisation to
avoid degenerate stopping behaviour: PonderNet uses a KL prior partly to assign non-zero probability to all halting steps
and promote exploration, while recent learned-depth models also report collapse or instability in learned gates (Banino et al.,
2021; Zhu et al., 2025).

One possible explanation is a self-reinforcing feedback loop: early batches can assign slightly higher stopping probability to
some depths, those depths then receive larger effective loss weight, and the stopping distribution further concentrates around
them.

E. Why Does Randomisation Stabilise Looping?
The previous section showed that randomising the training loop depth stabilises Looped Transformers in two ways: it
reduces run-to-run OOD variability, and it makes predictions less sensitive to the inference-time loop count. We now give an
informal explanation for these effects. The goal is not to prove that randomisation improves extrapolation, but to identify
two simple mechanisms by which it can reduce fragility. Formal toy statements and proofs are given in Appxs. F and G.

E.1. Why can randomisation reduce fragility? A toy gradient-averaging view

Although each SGD step samples only one loop depth, the expected update corresponds to a depth-averaged objective. Let
Lk(θ; z) be the loss on example z = (x, y) after k loop iterations, and define

Jw(θ; z) =
1

|Sw(x)|
∑

k∈Sw(x)

Lk(θ; z),

where Sw(x) is a local window of loop depths around the input length. If K ∼ Unif(Sw(x)), then

EK

[
∇θLK(θ; z)

]
= ∇θJw(θ; z).

Thus, randomisation changes the expected update from a single-depth update to an average over nearby loop depths.

To interpret this averaging effect, write each depth-specific gradient as Gk = Ḡ+ ξk, where Ḡ is the component shared
across nearby depths and ξk is a depth-specific residual. If the residuals are bounded and weakly aligned, averaging over
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E[GK ]Ḡ

Single depth: Gk = Ḡ+ ξk
Randomised: E[GK ] = Ḡ+ E[ξK ] ≈ Ḡ

Figure 8. Toy geometry of gradient averaging. A single-depth update Gk can deviate from the shared direction Ḡ by a depth-specific
residual ξk. When randomised schedules sample several nearby loop depths, weakly aligned residuals partially cancel in expectation,
moving the expected update E[GK ] closer to the shared component Ḡ. This provides a possible stabilising mechanism, but does not
imply that Ḡ is extrapolating.

loop depths suppresses their contribution, so the expected update moves closer to the shared direction. This gives a possible
mechanism for the reduced run-to-run spread in Fig. 3. A formal version of this toy argument is given in Prop. F.2.

This mechanism explains stabilisation, not extrapolation. The shared direction Ḡ need not be the direction that leads to the
best OOD solution, so lower variance need not imply higher mean OOD accuracy.

E.2. Why can randomisation stabilise the loop trajectory?

A complementary view is that randomised schedules supervise the same input at multiple nearby loop depths. A deterministic
schedule only asks the model to be correct at one prescribed depth, whereas a randomised schedule asks it to produce
compatible answers across a local window of depths.

This can stabilise the loop trajectory. If nearby loop states are trained to support the same target output, then predictions
are less likely to change abruptly from one iteration to the next. This gives an interpretation of the lower prediction flip
rates and broader useful-K regions in Fig. 4. Again, this is only a stabilising mechanism: it encourages consistency across
nearby depths, but does not guarantee that the consistent computation is the extrapolating one. A formal sufficient-condition
argument is given in Prop. G.2.

F. Toy Analysis for Randomised Loop Schedules
This appendix formalises the gradient-averaging intuition used in § 4.3. The result should be read as a local mechanism for
stabilisation, not as a guarantee that randomisation always improves extrapolation.

Let z = (x, y) be a training example and let Lk(θ; z) denote the loss after running the looped model for k iterations. Assume
Lk is differentiable in θ, and define the loop-k gradient gk(θ; z) := ∇θLk(θ; z). For a randomised schedule π supported on
a finite set of loop depths S ⊆ {1, . . . , T}, define the schedule-averaged objective

Jπ(θ; z) := EK∼π [LK(θ; z)] =
∑
k∈S

π(k)Lk(θ; z).

Its gradient is
gπ(θ; z) := ∇θJπ(θ; z) =

∑
k∈S

π(k)gk(θ; z).

Equivalently, if one samples K ∼ π at each update and uses the single-depth gradient gK(θ; z), then

EK∼π [gK(θ; z)] = gπ(θ; z).
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Thus, sampling one loop count per update gives an unbiased estimator of the gradient of the schedule-averaged objective.

Assumption F.1 (Local shared-gradient model). Fix θ and z = (x, y). For loop depths k ∈ S, assume that the gradients
admit the decomposition

gk(θ; z) = ḡ(θ; z) + ξk(θ; z),

where ḡ(θ; z) is a shared update direction and ξk(θ; z) is a depth-specific residual. Assume there exist constants B > 0 and
ρ ∈ [0, 1] such that

∥ξk(θ; z)∥2 ≤ B2 for all k ∈ S,

and
⟨ξi(θ; z), ξj(θ; z)⟩ ≤ ρB2 for all i ̸= j, i, j ∈ S.

Proposition F.2 (Randomised schedules average depth-specific updates). Under Assumption F.1, the schedule-averaged
gradient satisfies

∥gπ(θ; z)− ḡ(θ; z)∥2 ≤ B2

[
ρ+ (1− ρ)

∑
k∈S

π(k)2

]
.

In particular, if π is uniform on S and m = |S|, then

∥gπ(θ; z)− ḡ(θ; z)∥2 ≤ B2

(
ρ+

1− ρ

m

)
.

Thus, when the depth-specific residuals are weakly aligned across loop depths, increasing the number of loop depths in the
randomised window reduces the remaining depth-specific component of the expected update.

Proof. Using the decomposition gk = ḡ + ξk and
∑

k∈S π(k) = 1, we have

gπ − ḡ =
∑
k∈S

π(k)gk − ḡ =
∑
k∈S

π(k)(ḡ + ξk)− ḡ =
∑
k∈S

π(k)ξk.

Therefore,

∥gπ − ḡ∥2 =

∥∥∥∥∥∑
k∈S

π(k)ξk

∥∥∥∥∥
2

.

Expanding the squared norm gives

∥gπ − ḡ∥2 =
∑
k∈S

π(k)2∥ξk∥2 +
∑
i,j∈S
i̸=j

π(i)π(j)⟨ξi, ξj⟩.

By Assumption F.1,
∥gπ − ḡ∥2 ≤ B2

∑
k∈S

π(k)2 + ρB2
∑
i,j∈S
i̸=j

π(i)π(j).

Since ∑
i,j∈S
i̸=j

π(i)π(j) =

(∑
k∈S

π(k)

)2

−
∑
k∈S

π(k)2 = 1−
∑
k∈S

π(k)2,

we obtain

∥gπ − ḡ∥2 ≤ B2
∑
k∈S

π(k)2 + ρB2

(
1−

∑
k∈S

π(k)2

)
.

Rearranging gives

∥gπ − ḡ∥2 ≤ B2

[
ρ+ (1− ρ)

∑
k∈S

π(k)2

]
.
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If π is uniform on S and m = |S|, then π(k) = 1/m for all k ∈ S, so∑
k∈S

π(k)2 = m · 1

m2
=

1

m
.

Substituting this into the bound gives

∥gπ − ḡ∥2 ≤ B2

(
ρ+

1− ρ

m

)
.

Interpretation. For the schedules used in § 4.3, S corresponds to a window of nearby loop depths around the input length,
e.g. K ∼ #digits +Unif(−w,w). The proposition shows that if nearby depths share a common useful update direction
and differ mainly through weakly aligned depth-specific residuals, then averaging over a larger window suppresses the
depth-specific part of the expected update. This provides a possible mechanism for reduced OOD variance across runs.

The assumption is intentionally local. It is not expected to hold for arbitrary loop depths or arbitrarily large windows.
Moreover, the proposition only explains stabilisation of the expected update around ḡ; it does not imply that ḡ is an
extrapolating direction. Therefore, lower variance under stochastic schedules need not imply higher mean OOD accuracy.

G. Toy Analysis for Loop-Consistent Representations
This appendix formalises the intuition that randomised schedules can encourage hidden states at different loop depths to
become consistent. The result is a sufficient-condition argument: it does not claim that low loss always identifies a unique
hidden representation, but shows that if successful predictions at different depths require closeness to a shared representation,
then training across multiple depths forces those states to be close to one another.

Let Hθ
k(x) ∈ Rn×d be the full hidden state after k loop iterations, and let Lk(θ;x, y) = ℓ(Readout(Hθ

k(x)), y) be the
prediction loss at depth k. Let S ⊆ {1, . . . , T} be a finite set of loop depths, and consider the randomised-depth objective

JS(θ) = E(x,y)∼D

[
1

|S|
∑
k∈S

Lk(θ;x, y)

]
.

Assumption G.1 (Shared target representation). For every input x, there exists a representation Z⋆(x) ∈ Rn×d and a
constant µ > 0 such that, for every k ∈ S,

Lk(θ;x, y) ≥
µ

2
∥Hθ

k(x)− Z⋆(x)∥2F .

Proposition G.2 (Randomised schedules encourage loop-consistent states). Under Assumption G.1, if JS(θ) ≤ ε, then

E(x,y)∼D

 1

|S|2
∑
i,j∈S

∥Hθ
i (x)−Hθ

j (x)∥2F

 ≤ 8ε

µ
.

Proof. By Assumption G.1,

JS(θ) = E(x,y)

[
1

|S|
∑
k∈S

Lk(θ;x, y)

]
≥ µ

2
E(x,y)

[
1

|S|
∑
k∈S

∥Hθ
k(x)− Z⋆(x)∥2F

]
.

Therefore, if JS(θ) ≤ ε, then

E(x,y)

[
1

|S|
∑
k∈S

∥Hθ
k(x)− Z⋆(x)∥2F

]
≤ 2ε

µ
.

For any i, j ∈ S,
∥Hθ

i (x)−Hθ
j (x)∥2F = ∥(Hθ

i (x)− Z⋆(x))− (Hθ
j (x)− Z⋆(x))∥2F
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and therefore
∥Hθ

i (x)−Hθ
j (x)∥2F ≤ 2∥Hθ

i (x)− Z⋆(x)∥2F + 2∥Hθ
j (x)− Z⋆(x)∥2F .

Averaging over all pairs (i, j) ∈ S × S gives

1

|S|2
∑
i,j∈S

∥Hθ
i (x)−Hθ

j (x)∥2F ≤ 4

|S|
∑
k∈S

∥Hθ
k(x)− Z⋆(x)∥2F .

Taking expectation over (x, y) ∼ D and using the previous bound yields

E(x,y)

 1

|S|2
∑
i,j∈S

∥Hθ
i (x)−Hθ

j (x)∥2F

 ≤ 4 · 2ε
µ

=
8ε

µ
.

Interpretation. The proposition shows that, under a shared-representation assumption, low loss across a stochastic window
implies consistency of hidden states within that window. This provides a toy explanation for why stochastic schedules can
reduce prediction changes across adjacent loop counts. The assumption is intentionally strong: cross-entropy loss does not
generally identify a unique hidden representation. The result should therefore be interpreted as a sufficient mechanism, not
as a universal guarantee.
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