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Abstract

Inference-time scaling (ITS) for latent rea-
soning requires sampling multiple candidate
latent trajectories, yet current methods typi-
cally rely on heuristic perturbations such as
dropout or fixed Gaussian noise. We show
that stronger perturbations do not necessar-
ily improve candidate-set quality: they often
induce larger distribution shifts without pro-
ducing more decision-useful reasoning paths.
This limitation arises because heuristic pertur-
bations inject stochasticity through fixed or
hand-designed mechanisms rather than an op-
timizable, context-conditioned sampling pol-
icy, making latent exploration difficult to con-
trol. We focus on the sampling side of la-
tent ITS and propose the Gaussian Thought
Sampler (GTS), a lightweight module that pre-
dicts context-dependent Gaussian perturbations
over continuous reasoning states. Trained with
GRPO-style policy optimization while keeping
the backbone frozen, GTS turns heuristic per-
turbation into a trainable, context-conditioned
sampling policy. Experiments across two latent
reasoning backbones and multiple benchmarks
show that GTS consistently improves pass@N
over heuristic baselines, suggesting that effec-
tive sampling for latent ITS requires controlled,
optimizable exploration rather than simply am-
plified stochasticity.!

1 Introduction

Inference-time scaling (ITS) has emerged as a cen-
tral mechanism for enhancing the reasoning perfor-
mance of large language models (LLMs). By allo-
cating additional test-time compute to two coupled
stages: sampling multiple useful candidate trajec-
tories and selecting or aggregating their decoded
answers, approaches such as self-consistency and
best-of- N sampling significantly improve accuracy
without modifying model parameters (Wang et al.,

'Our code is available at: https://github.com/yuriak/
GaussianThoughtSampler

2023, 2024; Cobbe et al., 2021; Lightman et al.,
2024). In discrete, token-based LLMs, sampling
reasoning trajectories is naturally supported by ex-
plicit conditional distributions over next tokens.
Strategies such as temperature scaling or nucleus
sampling operate directly on these distributions, im-
plicitly trading off diversity and likelihood under a
probabilistic framework.

Recent advances in continuous latent reason-
ing introduce a different computational regime,
where models refine hidden-state thought repre-
sentations without generating intermediate textual
tokens (Hao et al., 2024; Shen et al., 2025; Sui et al.,
2025; Zhu et al., 2025). While efficient and expres-
sive, this paradigm removes the token-level distri-
butions that support principled sampling in discrete
models. As a result, extending the conventional
sample-then-select ITS mechanism to intermedi-
ate latent thoughts is non-trivial: on the sampling
side, existing latent reasoning models typically rely
on heuristic perturbations, such as dropout or fixed
Gaussian noise (Wang et al., 2025; You et al., 2026).
These perturbations introduce stochasticity, but do
not define an explicit sampling distribution over
latent thoughts.

We therefore focus on this under-defined sam-
pling component and revisit latent ITS through the
lens of exploration over reasoning trajectories at
inference time?, which raises a fundamental ques-
tion: what constitutes effective exploration in
continuous reasoning space? Our analysis (§2
and §5) shows that the challenge is not simply how
much perturbation to inject, but how to control
exploration. Heuristic perturbations use manually
chosen global scales that are sensitive to the back-
bone, task, and latent geometry, making them prone
to under- or over-exploration (i.e., overly concen-
trated or excessively diffuse search); they may in-
crease diversity or distribution shift without mov-

2We formalize this notion of exploration in §2.1.
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ing samples toward decision-improving regions, as
illustrated in Figure 1.

To address this limitation, we introduce the
Gaussian Thought Sampler (GTS), a lightweight
module that predicts context-dependent Gaussian
perturbations over latent reasoning states while
keeping the backbone frozen. By defining an ex-
plicit conditional density, GTS turns heuristic noise
injection into a trainable sampling policy for latent
exploration, bringing latent ITS closer to the dis-
tributional perspective that underlies token-level
inference-time scaling. Our contributions are as
follows:

* We identify a key limitation of heuristic latent

ITS: effective scaling requires controlling sam-

pling quality, not just injecting stochasticity.

* We propose GTS, a lightweight conditional Gaus-
sian sampler that makes latent perturbation ex-
plicit and optimizable.

* We demonstrate consistent gains over heuristic
perturbation baselines on two representative la-
tent reasoning backbones across in- and out-of-
distribution arithmetic benchmarks, with addi-
tional evidence on commonsense and multi-step
logical reasoning tasks.

2 Diagnostic Analysis of Heuristic
Sampling

2.1 Exploration as Trajectory Sampling in
ITS

ITS improves reasoning by allocating additional
test-time compute to sample multiple candidate
trajectories and select or aggregate their decoded
answers (Wang et al., 2023). This resembles ex-
ploration in reinforcement learning: a stochastic
policy samples trajectories, and performance im-
proves when the sampled set contains better out-
comes (Sutton and Barto, 1998; Stiennon et al.,
2022; DeepSeek-Al et al., 2025). We therefore
formalize ITS as exploration over reasoning tra-
jectories at inference time. Given an input x, let
T (x) denote the set of valid reasoning trajectories
and let 7(7 | x) be the inference-time sampling
policy. Under an exploration budget of N, ITS
draws

W WM (), D eT(), )
and predicts by selecting or aggregating answers
decoded from these trajectories. Unlike RL, this

exploration is used only to generate candidates and
does not update 7 during inference.

This view highlights a key difference between
text and latent reasoning. In text-based models,
7(7 | x) is induced by token-level stochastic de-
coding from explicit categorical distributions. In
latent reasoning models, intermediate reasoning
steps are typically deterministic,

h?—?-tl = f9(h1ctletv x)v )

and therefore do not directly define a stochastic
trajectory distribution (where fy is the LLM and
hdet is the deterministic hidden state). Existing
methods enable exploration by perturbing latent
dynamics, for example

his1 = fo(he, @) + 2, 3)

where z; is a stochastic perturbation.

Under finite budgets, the central issue is not
merely whether sampling produces different tra-
jectories, but whether it produces useful ones. We
therefore evaluate exploration quality: whether
heuristic perturbations move the model’s predictive
belief toward the correct answer, rather than merely
introducing random variation.

2.2 Experimental Setup

Models We evaluate a text-based reasoning
model, i.e., GPT-2 (Radford et al., 2019) fine-tuned
on GSM8K-Aug (Deng et al., 2023), and a la-
tent reasoning model, COCONUT, built on the
same backbone. GPT-2 produces textual reason-
ing followed by the delimiter "###* before answer
generation. COCONUT performs K = 6 latent
reasoning steps, following prior implementation
details (Hao et al., 2024).

Sampling Protocol For each input x in the
GSMS8K-test (Cobbe et al., 2021) dataset, we gen-
erate N = 32 reasoning trajectories by applying
sampling only to the reasoning stage. For each
trajectory 7, we quantify the predictive probabil-
ity of the first ground-truth answer token ¥} using
teacher forcing after appending the answer pre-
fix. Since GSM8K answers are numeric, we focus
on yj to reduce multi-token noise while preserv-
ing decision information. GPT-2 uses token-level
sampling (temperature 1.0) and dropout sampling
(p € {0.1,0.5}). COCONUT applies dropout-
based perturbations in latent space.
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Sampling SGT SG>051 JS
GPT-2
Token (temp=1.0) 9.94 0.62 0.29
Dropout (p = 0.1) 9.64 0.58 0.30
Dropout (p = 0.5) 3.89 0.57 0.67
COCONUT
Dropout (p = 0.1) 1.09 0.61 0.05
Dropout (p = 0.5) —0.87 0.40 0.28

Table 1: Preliminary sampling quality analysis on GPT-
2 and COCONUT. We report SG, SG rate, and distri-
bution shift (JS). Higher is better for SG and SG rate.

2.3 Measuring Sampling Quality

Let 79t denote the deterministic reasoning trajec-
tory, and let p(y} | «, 7) be the predictive probabil-
ity of the first correct answer token.

Sampling Gain (SG) We define trajectory-level
gain as the change in log-odds of the correct an-
swer:

A(r) = s(1) — s(79), (4)
_ p(y7 | @, 7)
s =leer— ey @

Positive A(7) indicates improved decision confi-
dence relative to the deterministic baseline. To
reflect best-of- NV selection, we define

SG(z) = max A(7), (6)

E<N
and report the dataset-level mean SG.

Sampling Gain Rate We also report the fraction
of inputs with SG(x) > 0.5, corresponding to a
substantial increase in decision odds.

Distribution Shift We measure distribution shift
by the Jensen—Shannon divergence (JS) between
answer-token distributions:

38(r) =38 (p(- | &,7) | p(- | 2, 7). (D)

Mean JS captures how strongly sampling alters
the answer distribution, regardless of whether the
change is beneficial.

2.4 Results

Table 1 reveals a consistent mismatch between dis-
tribution shift and sampling quality. For GPT-2,
token sampling and mild dropout both achieve high
SG with moderate JS, whereas stronger dropout

greatly increases JS but substantially reduces SG.
The effect is more pronounced in COCONUT:
mild latent dropout yields positive SG with mini-
mal shift, while stronger dropout produces negative
SG despite larger divergence.

These results show that stronger perturbations
can move samples farther from the deterministic
trajectory without making them more useful. This
mismatch is especially pronounced in latent reason-
ing, where heuristic perturbations are more likely
to move sampling away from decision-improving
regions. These results suggest that effective latent
exploration requires more than simply increasing
stochasticity, and instead calls for better-controlled
sampling mechanisms.

3 Gaussian Thought Sampler

3.1 Overview

We augment a frozen latent reasoning backbone
with a learnable, context-conditioned sampling pol-
icy over hidden-state perturbations. Instead of
injecting heuristic noise into deterministic latent
reasoning, GTS models exploration as an explicit
conditional density over continuous perturbations.
This reformulates inference-time exploration as a
probabilistic modeling problem and enables direct
optimization of the sampling mechanism. Unlike
latent-variable or per-instance optimization meth-
ods (Kong et al., 2025; Zhou et al., 2025; Chen
et al., 2024), GTS learns an amortized sampling
policy for existing deterministic latent reasoning
backbones, see Appendix A for further discussion.

3.2 Conditional Latent Sampling

Problem Setup Given an input question z, a la-
tent reasoning model parameterized by 6 performs
K latent reasoning steps and then produces an an-
swer distribution:

p@(y | xvhlzK) (8)

where h;, € R? denotes the backbone hidden state
at step k. Our goal is to introduce a learnable con-
ditional sampling distribution over latent perturba-
tions while keeping @ fixed.

Perturbation Variable We introduce a continu-
ous perturbation variable z; € R? at each reason-
ing step and define:

hy = hiet 4+ 7, 9)

where h%et is the deterministic hidden state. The
perturbed state hy, is fed back into the backbone
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I. Limitation of Heuristic Sampling

Il. GTS Sampling Policy

Ill. Training with Reinforcement Learning

Sampled  Decoded Answer Reward
Prompt Trajectory ~ Answer  Confidence Correctness + Confidence
v High
Latent Reasoning Model with —{ Frozen Latent Reasoning Model } Rollout it 32 CONOt2
Heuristic Sampling #
e.g. Dropout / Fixed Gaussian Noise
i High
hidden state hj; #4436 ‘i H ig B-0B=AS
GTS Sampler
(Trainable MLPs, ¢) -
#it 48 -1.0-0.1=-11
153 Ok
7 det
Too weak: Too strong: Dispersed hi 1 hi #H# 32 tow 1.0+01=11
Restricted paths paths Sampled Perturbation
(Under-exploration) (Over-exploration) 2= pg + 0k © e, 65 ~ N(0,1) . o J
I | 1S

Fail to target decision-improving regions ()

Update Policy GRPO Loss

Key Finding: Perturbation strength alone
CANNOT reliably determine sampling quality

GTS learns where and how much to perturb
the latent state at each step

) |
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Figure 1: Overview of GTS. Left: Heuristic latent perturbations cannot reliably control sampling quality: weak
noise under-explores, while strong noise over-disperses trajectories. Middle: GTS predicts a context-dependent
Gaussian perturbation distribution from the deterministic latent state at each step. Right: Trajectories are scored by
correctness and confidence, and GRPO trains GTS to favor perturbations that improve inference-time scaling.

for subsequent reasoning, yielding a sampled latent
trajectory: 7 = {hy,..., hx}.

Context-Conditioned Gaussian Policy We pa-
rameterize a conditional Gaussian policy over per-
turbations:

o(zk | cr) = Npy(cr), diag(a(ck))), (10)

where cj denotes the conditioning context at step k
(in practice, the backbone hidden state hget). Sam-
pling follows the reparameterization:

€ ~ N (0, I).
(1)
Because Equation (9) defines an affine transfor-
mation with unit Jacobian, the change of variables
preserves density. Therefore, learning g4 (2, | cx)
is equivalent to learning an explicit conditional den-
sity over perturbed thought representations hy,. The
backbone computation remains unchanged, while
GTS governs how perturbations are sampled during
latent reasoning.

2. = py(ck) +oglcr) © e,

3.3 Policy Learning

GTS defines an explicit conditional density over la-
tent perturbation trajectories. A natural alternative
would be likelihood-based training, e.g., ELBO-
style variational objectives (Kingma and Welling,
2022). However, our goal is not to model a latent
posterior, but to directly optimize inference-time
exploration under task-level rewards. The quality

of a perturbation trajectory is determined by task-
level outcomes, which are non-differentiable with
respect to the sampler parameters. We therefore
treat latent perturbations as continuous actions and
optimize the policy via reinforcement learning.

Trajectory Policy For an input z, a perturbation
trajectory 7 = {z1, ...,z } defines a factorized
Gaussian policy:

K

log qs(7 | z) = > _logqy(zs | cx).
k=1

(12)

For a diagonal Gaussian, the per-step log-density
admits a closed-form expression:

log q4(zk. | ck) = (13)

D
3 (s

d=1

42 log oy, q + log(27)|.

N =

This closed-form density is essential: it enables
exact computation of policy likelihoods and density
ratios, making policy-gradient optimization well-
defined in continuous latent space.

Reward Design For each input x, we sample N
trajectories and decode answers {a(V}¥, during
rollout. Let * denote the ground-truth answer. The
reward for trajectory ¢ is defined as

r® = rg (2 I[a® = 3] — 1) + as®, (14)

7864



where the first term provides a symmetric correct-
ness signal and s is a confidence-based shaping
term derived from the normalized log-probability
of the generated answer. The shaping term en-
courages high-confidence correct trajectories and
discourages high-confidence incorrect ones, while
remaining secondary to correctness. See Ap-
pendix B.1 for more details.

GRPO-Style Policy Optimization To stabilize
policy updates, we maintain a reference sampler
¢, s an exponential moving average of the cur-
rent policy (Schulman et al., 2017; Ouyang et al.,
2022). For trajectory 70, we compute the density
ratio: )
o _ 2| 2)
Qoo (70 | )
In implementation, we compute this ratio using a
dimension-normalized log-ratio surrogate for nu-
merical stability in high-dimensional latent space;
see Appendix B.2. The analytical Gaussian density
still provides the underlying closed-form quantity
for both the current and reference policies. Follow-
ing GRPO-style clipped optimization (DeepSeek-
Al et al., 2025), the policy gradient objective is:

p (15)

Lpa = (16)

—E[ min (o0 4D, clip(p®, 1 - e, 1+ ¢) AD)],

where A denotes the group-normalized advan-
tage computed within each prompt, and 1 £ e,
defines the clipping range. We further regularize
the sampler via a KL penalty between the current
and reference Gaussian policies:

Lxr, = BE[KL(qp(z | cr)lldg, (zr | ck))],
(I7)
which also admits a closed-form solution. The final
objective is:

Lats = Lpa + Lk, (18)

This formulation directly optimizes the inference-
time exploration distribution in continuous latent
space while leaving the base language model un-
changed.

Design Rationale This diagonal Gaussian formu-
lation provides a minimal tractable form of contin-
uous latent sampling. It defines an explicit condi-
tional density, enabling exact log-probabilities, den-
sity ratios, and KL regularization for policy opti-
mization. Its context-dependent mean and variance

support both directed latent steering and adaptive
stochastic exploration, while keeping the sampler
lightweight and the backbone unchanged. See Ap-
pendix B.3 for additional discussion.

4 Experiments

4.1 Experimental Setup

Data We use the GSM8K-aug training corpus
adopted in prior latent reasoning work (Deng et al.,
2023). We use answer-focused mathematical rea-
soning as our primary controlled setting because
its verifiable rewards, exact-match evaluation, and
standard pass@ N diagnostics provide a clean set-
ting for isolating sampling quality. From the full
augmented set (386k), we uniformly sample 20k
instances for training. Evaluation is performed
on the standard GSM8K (Cobbe et al., 2021) test
set (1319 samples). To assess transfer beyond the
training distribution within arithmetic reasoning,
we additionally evaluate the same trained samplers
on three out-of-distribution benchmarks: Multi-
Arith (Roy and Roth, 2015), SVAMP (Patel et al.,
2021), and GSM8K-Hard (Gao et al., 2023). No
additional training or hyperparameter tuning is per-
formed for these datasets; all samplers are applied
directly at inference time under the same settings
as the main experiments. To examine whether the
observed sampling behavior extends beyond arith-
metic reasoning, we further evaluate on three non-
arithmetic benchmarks: CommonsenseQA (Tal-
mor et al., 2019; Shen et al., 2025) for common-
sense reasoning, and ProsQA (Hao et al., 2024)
and ProntoQA (Saparov and He, 2023) for multi-
step logical reasoning. These experiments use task-
specific latent reasoning backbones and are there-
fore reported separately from the arithmetic out-of-
distribution evaluation.

Models We evaluate GTS on two representative
latent reasoning models with different architec-
tures and latent dynamics: COCONUT (Hao et al.,
2024) and CODI (Shen et al., 2025). For CO-
CONUT, we follow Hao et al. (2024), using a
GPT-2-based recurrent latent reasoning backbone
with K = 6 latent steps. For CODI, we use a
larger LLAMA-3.2-1B (Grattafiori et al., 2024)
backbone with 6 latent reasoning steps and its recur-
rent filtering module. Together, they test whether
a learnable perturbation policy improves sampling
over heuristic perturbations across distinct latent
reasoning regimes. In all cases, backbone param-
eters are frozen and only the Gaussian sampler
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Figure 2: ITS performance under different sampling strategies. Pass@ N on COCONUT (left) and CODI (right)
as a function of the sampling budget N. All methods coincide at N = 1, corresponding to deterministic latent
reasoning. As IV increases, GTS scales more consistently than dropout-based sampling and standard Gaussian noise
(StandardG). Additional out-of-distribution results are reported in §C.1.

is trained. For the non-arithmetic evaluation, we
use publicly released COCONUT checkpoints for
ProsQA and ProntoQA (Dilgren and Wiegreffe,
2026). For CommonsenseQA, we train a GPT-2-
based CODI backbone using the official CODI
codebase®. GTS is then trained on each frozen
task-specific backbone under the same protocol as

the main experiments.

GTS Architecture The sampler consists of
lightweight mean and log-standard-deviation heads
parameterizing a diagonal Gaussian policy over la-
tent perturbations. To avoid premature collapse to
a deterministic policy, we enforce a minimum log-
standard-deviation during training (log o > —2.0).
Latent perturbations are injected only during recur-
sive latent reasoning steps (from <start_latent>
to <lat_5> when K = 6), ensuring that stochastic-
ity only affects the reasoning dynamics rather than
the final answer decoding stage. Additional imple-
mentation details are provided in Appendix B.2.

Training For each prompt, we sample N = 32
perturbation trajectories during rollout. Unless oth-
erwise stated, training runs for 10K optimization
steps with batch size set as 32 and a learning rate
of 1 x 10~* with linear warmup. Other hyperpa-
rameters can be found in Appendix B.2.

Baselines We compare GTS with two stochastic
inference baselines: Dropout Sampling, which
enables dropout during latent reasoning with p €
{0.1,0.5} while disabling it for prompt prefilling
and answer generation; and Standard Gaussian
Noise, which adds isotropic noise € ~ N(0,1) to
each latent hidden state without context condition-

3https://github.com/zhenyi4/codi

ing or learned parameters.

Evaluation We  evaluate  ITS perfor-
mance by varying the sampling budget
N € {1,2,4,8,16,32,64,128}. When N = 1,
all methods reduce to deterministic inference. For
N > 2, stochasticity is applied exclusively to
latent reasoning, and answers are decoded greedily
to isolate the effect of thought sampling. We
use pass@N as a candidate-set quality metric:
it measures whether the sampler can expose at
least one correct trajectory, rather than evaluating
a particular non-oracle aggregation rule. For the
non-arithmetic experiments, we report pass@ N at
N € {8,32,128}; CommonsenseQA results are
reported as mean + standard deviation over three
random seeds.

4.2 Main Results

Overall scaling behavior Figure 2 shows
pass@N curves on COCONUT and CODI. At
N =1, all methods reduce to deterministic latent
reasoning. As IV increases, stochastic latent sam-
pling generally improves candidate-set quality, con-
firming that latent thoughts can support inference-
time scaling. The curves also reveal a small-budget
exploration cost: GTS and the standard Gaussian
noise baseline (StandardG) can slightly reduce per-
formance at N = 2, suggesting that perturbations
may initially disrupt individual trajectories before
the benefit of a larger candidate set becomes appar-
ent.

Comparison with baselines Heuristic perturba-
tion methods show substantially different behav-
iors across settings. Dropout with a mild rate
(p = 0.1) provides stable gains on both models
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Method @8 @32 @128
CommonsenseQA (Det. 39.3)
Dropout 43.440.16  46.740.29  50.54+0.17
StandardG  43.9+0.13  45.94+0.05  48.94+0.45
GTS 46.7+0.05 51.3+0.17 57.5+0.19
ProsQA (Det. 98.0)
Dropout 98.0 98.2 98.0
StandardG 98.0 98.0 98.0
GTS 98.0 98.4 98.4
ProntoQA (Det. 99.0)

Dropout 99.1 99.1 99.1
StandardG 99.1 99.1 99.3
GTS 99.1 99.3 99.3

Table 2: Pass@N (%) on non-arithmetic reasoning
benchmarks. Deterministic accuracy is shown in paren-
theses. CommonsenseQA results are mean + standard
deviation over three random seeds.

and remains a relatively strong baseline, especially
at small-to-moderate budgets. In contrast, stronger
dropout (p = 0.5) consistently performs worse,
most clearly on COCONUT, where it causes a
sharp small-budget degradation and remains well
below the other methods throughout. StandardG is
also less stable, with weaker small-budget behav-
ior and less consistent scaling than mild dropout.
Taken together, these results suggest that fixed
heuristic perturbations can help, but their effec-
tiveness is highly sensitive to perturbation strength
and model dynamics.

Effectiveness GTS achieves the strongest scal-
ing behavior at moderate-to-large budgets on both
backbones. Its advantage over heuristic baselines
becomes clearer as N grows, indicating that the
learned sampler produces more useful candidate
trajectories under finite inference budgets. The
larger relative gain on COCONUT suggests that
the benefit of learned perturbation control depends
on backbone-specific latent dynamics; we discuss
this further in Appendix D.1. Appendix C.1 shows
the same overall pattern on three out-of-distribution
benchmarks, with GTS remaining more consistent
than heuristic perturbations. Overall, these arith-
metic experiments show that learning a context-
conditioned perturbation policy yields more effec-
tive sampling-side latent ITS than globally fixed
stochastic perturbations.

Generalization beyond arithmetic Table 2 ex-
tends the evaluation to commonsense and multi-
step logical reasoning. On CommonsenseQA, GTS

shows clear scaling gains as the sampling budget in-
creases, improving pass@ N from 46.7% at N = 8
to 57.5% at N = 128. At N = 128, this sub-
stantially exceeds both Dropout (50.5%) and Stan-
dardG (48.9%), showing that the benefit of learned
latent sampling is not restricted to arithmetic rea-
soning. ProsQA and ProntoQA provide a com-
plementary sanity check: their deterministic latent
backbones already achieve 98.0% and 99.0%, re-
spectively, leaving little headroom for inference-
time scaling. GTS preserves this near-saturated
performance and reaches 98.4% on ProsQA and
99.3% on ProntoQA at larger sampling budgets.
We therefore interpret these two benchmarks pri-
marily as evidence that the learned sampler does
not degrade already near-ceiling logical reasoning
performance, rather than as settings with substan-
tial scaling headroom.

Controlled follow-up studies Appendix C fur-
ther examines robustness and scope. Perturbation
sweeps (App. C.2) show that heuristic baselines
remain sensitive to tuning, with optimal scales
varying across backbones and budgets. A norm-
adaptive Gaussian control further shows that sim-
ple state-dependent rescaling does not close the
gap to GTS. Latent-step experiments (App. C.3)
show that GTS remains effective under moderate
trajectory-length changes. Repeated evaluation
over five random seeds (App. C.7) confirms that
GTS maintains consistent gains with low variance
across stochastic rollouts. Token sampling exper-
iments (App. C.4) further show that the improve-
ments are not tied to greedy answer decoding. Un-
der simple non-oracle selection rules (App. C.5),
GTS also improves selected-answer accuracy, al-
though the gap to pass@N confirms that answer
selection remains a separate bottleneck. Reward ab-
lations (App. C.8) further show that dense shaping
improves candidate-set quality over an accuracy-
only variant. Computational profiling (App. C.9)
further shows that GTS adds only modest latency,
memory, and parameter overhead.

S Analysis
5.1 On Sampling Quality

We revisit sampling quality using the diagnostic
metrics introduced in §2. Following the same pro-
tocol and dataset, we evaluate SG, SG rate, and
distribution shift on both COCONUT and CODI,
together with StandardG as additional baseline con-
sistent with the ITS setup in §4.1.
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Figure 3: Average number of unique decoded answers per prompt.
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Sampling SG1T SG>051 JS
COCONUT
Dropout (p = 0.1) 1.09 0.61 0.05
Dropout (p = 0.5) —0.87 0.40 0.28
StandardG 0.34 0.51 0.20
GTS 1.84 0.82 0.11
CODI
Dropout (p = 0.1) 0.53 0.31 0.01
Dropout (p = 0.5) 0.47 0.39 0.06
StandardG 0.11 0.38 0.15
GTS 1.15 0.70 0.10

Table 3: Sampling quality analysis for latent reasoning
models on GSM8K. We report SG, SG rate, and dis-
tribution shift (measured by JS divergence). Higher is
better for SG and SG rate.

Failure modes of heuristic perturbations Ta-
ble 3 shows that the mismatch between distribution
shift and sampling quality observed in §2 persists
across both latent reasoning backbones. We sum-
marize this behavior with two recurring regimes:

¢ Under-exploration refers to perturbations that
are too weak to move sampling meaningfully
away from the deterministic trajectory, yielding
limited distribution shift and only modest gains.

* Over-exploration refers to perturbations that are
too strong and disrupt decision-relevant informa-
tion, producing large distribution shift but limited
or even negative SG and reduced SG rate.

These regimes are clearly reflected in Table 3
and heuristic perturbation sensitivity analysis in
Appendix C.2. For COCONUT, mild dropout
remains in the under-exploration regime, while
stronger dropout moves into over-exploration,
sharply increasing distribution shift but driving SG
negative. For CODI, the same pattern appears
more mildly: stronger perturbations again increase

distribution shift without proportional gains in sam-
pling quality. Across both backbones, GTS avoids
these extremes and achieves positive SG with rela-
tively controlled distribution shift. Appendix D.3
provides a candidate-set interpretation of this ef-
fect, showing why finite-budget scaling depends
on assigning probability mass to useful latent tra-
jectories rather than merely increasing perturbation
magnitude.

5.2 On Sampling Behavior

Answer-level diversity Figure 3 reports the aver-
age number of unique decoded answers per prompt,
capturing discrete branching after greedy decoding.
Unlike distribution shift in Table 3, higher answer
diversity does not necessarily imply stronger SG or
better pass@ N scaling. StandardG often produces
more unique answers than GTS at moderate bud-
gets, yet this additional branching does not translate
into higher SG or pass@ N, showing that output
diversity alone is not necessarily decision-useful.

Step-wise signal-to-noise ratio To analyze how
stochastic intervention evolves across latent reason-
ing steps, we measure a step-wise signal-to-noise
ratio (SNR) on GSM8K-test, sampling N = 32
trajectories per prompt and averaging SNR at the
prompt level. At latent step ¢, with the predicted
mean vector j; € R” and diagonal log standard
deviation log o; € RP, we define:

B3

[1 <D o
EZi:lJt,z‘

SNR measures the relative strength of determin-
istic steering and injected noise; values below 1
indicate noise-dominated steps. Figure 4 shows
that COCONUT exhibits a saw-tooth, moderate-
SNR pattern across adjacent latent steps, while

SNR; = (19)
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Figure 4: Step-wise distribution of signal-to-noise ratio
(SNR) across latent reasoning steps. Each violin shows
the distribution over prompts; markers denote medians.

T T
<s_lat> <lat_1>

N h h4+u h4+oc@®e h+=z
COCONUT
8 34.2 35.9 37.1 42.2
32 34.2 35.9 44.4 49.6
128 34.2 35.9 51.3 55.6
CODI
8 48.1 49.7 48.9 51.8
32 48.1 49.7 50.8 55.3
128 48.1 49.7 53.1 57.5

Table 4: Decomposing GTS perturbations on GSM8K.
We report pass@ N (%) for deterministic states 7, mean-
only h+ p, variance-only h + o ® ¢, and full GTS h+ z,
where e ~ N (0,]) and z = p+ 0 O e.

CODI concentrates deterministic steering early
(peaking at <lat_2>) and shifts to lower-SNR ex-
ploration later. Thus, GTS does not impose a fixed
stochastic schedule, but adapts the steering-noise
balance to the backbone’s latent dynamics (See Ap-
pendix D.2 for further discussion). Appendix C.6
further shows that the learned perturbations are
bounded and state-dependent rather than simple
rescalings of latent states.

5.3 Disentangling Steering and Stochasticity

To understand how GTS uses its Gaussian param-
eterization, we decompose the learned perturba-
tion into its mean and variance components in Ta-
ble 4. Mean-only perturbations provide limited
gains, indicating that deterministic steering alone
cannot account for the scaling improvement. In
contrast, variance-only perturbations already im-
prove with larger sampling budgets, showing that
learned stochasticity contributes useful candidate

diversity. The full perturbation consistently per-
forms best, suggesting that effective latent explo-
ration benefits from coupling directional control
with adaptive uncertainty. This decomposition ex-
plains why a context-conditioned Gaussian is a
suitable minimal policy class: the mean provides
reusable directional corrections in latent space,
while the variance controls where sampling should
remain exploratory under finite inference budgets.

6 Conclusion

We study inference-time scaling in latent reason-
ing models from the perspective of sampling in
continuous thought space. Our analysis shows
that heuristic perturbations do not reliably produce
effective exploration: larger distribution shift or
higher answer diversity does not necessarily trans-
late into better sampling quality, and fixed pertur-
bation schemes can easily fall into under- or over-
exploration. To address this limitation, we intro-
duce GTS as a proof of concept, with a lightweight
Gaussian sampler that models latent perturbation
as a conditional sampling policy. Across two repre-
sentative latent reasoning architectures, GTS yields
stronger and more reliable scaling on arithmetic
benchmarks and extends these gains to additional
commonsense and logical reasoning settings, with
ablations showing that both directed steering and
learned stochasticity contribute to its gains. Over-
all, our results suggest that effective sampling-side
latent ITS requires not just more stochasticity or
diversity, but better-controlled and optimizable ex-
ploration over latent reasoning trajectories.

Limitations

This work has several limitations. GTS may be
less effective under very small sampling budgets,
noisy or unavailable reward signals, or substan-
tially different latent geometries where a diagonal
perturbation policy is insufficient. In addition, our
main focus is on the sampling component of la-
tent ITS: GTS aims to improve the generation of
candidate latent reasoning trajectories, while final
answer selection or aggregation remains a comple-
mentary direction. More advanced verifiers, pro-
cess reward models, or latent reward models may
further improve end-to-end inference-time scaling
when combined with stronger latent candidate gen-
eration. Our analysis of sampling behavior remains
empirical and does not provide a formal theoretical
characterization of exploration in high-dimensional
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latent spaces. Finally, we study two representative
latent reasoning architectures, and the behavior of
learnable perturbation policies may differ under
alternative continuous reasoning formulations. We
leave broader task coverage, sampler-selector co-
design, and theoretical analysis to future work.
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Appendix
A Related Work

A.1 ITS in Discrete Space

ITS improves reasoning by allocating additional
test-time compute to generate candidate solutions
and select or aggregate their decoded answers.
In token-based models, this sample-then-select
paradigm is naturally supported by explicit next-
token distributions. Self-consistency (Wang et al.,
2023) samples multiple CoT solutions and ag-
gregates them via majority voting, while best-
of-N methods use likelihoods, confidence sig-
nals, or learned verifiers to rank sampled candi-
dates (Cobbe et al., 2021; Lightman et al., 2024).
pass@Fk evaluation in code generation further high-
lights candidate-set coverage as a meaningful
generation-side objective (Chen et al., 2021), and
recent work directly optimizes exploration-oriented
objectives such as pass@Fk or entropy-driven rea-
soning (Chen et al., 2025; Cheng et al., 2025).
Structured prompting frameworks such as Least-to-
Most (Zhou et al., 2023), Tree-of-Thoughts (Yao
et al., 2023), and Graph-of-Thoughts (Besta et al.,
2024) further formulate reasoning as explicit search
over branching intermediate states. In parallel, ver-
ifier and Process Reward Model (PRM) methods
improve the selection side by evaluating final an-
swers or intermediate reasoning steps (Wang et al.,
2024; Zhang et al., 2025b,a). Together, these works
show that candidate generation and answer selec-
tion are closely coupled but can be studied as dis-
tinct components of ITS. They also benefit from
explicit textual trajectories and token probabilities,
which make sampling, scoring, and aggregation
relatively well defined in discrete space.

A.2 Continuous Space Reasoning

Continuous latent reasoning performs multi-step
inference directly in hidden state space, refining
latent thought representations without emitting in-
termediate textual tokens (Sui et al., 2025; Zhu
et al., 2025). This paradigm aims to improve
reasoning efficiency and representational expres-
sivity, and CoT2 (Gozeten et al., 2025) further
shows that continuous states can represent mul-
tiple reasoning traces in parallel. Existing work
primarily studies how to construct, train, or orga-
nize such latent reasoning representations. CO-
CONUT (Hao et al., 2024) executes reasoning
within hidden state space; CODI (Shen et al., 2025)

aligns student and teacher hidden states through
self-distillation; CCOT (Cheng and Durme, 2024)
introduces variable-length latent embeddings with
optional decoding; and Token Assorted (Su et al.,
2025) mixes discrete and latent reasoning. Latent
Thought Models (Kong et al., 2025) introduce ex-
plicit latent thought vectors with prior distributions
and variational posterior inference as inference-
time computation. These works demonstrate the
promise of continuous thought representations, but
they mainly focus on representation learning, ar-
chitecture design, or training objectives. The sam-
pling side of latent ITS remains less developed,
especially for existing latent reasoning backbones
whose intermediate transitions are mostly determin-
istic at inference time.

A.3 Continuous-Space ITS

Recent work has begun to study ITS in continu-
ous reasoning space. SoftCoT++ (Xu et al., 2025)
promotes diverse latent paths by generating mul-
tiple “soft thoughts” from distinct initial tokens,
while CoT2 (Gozeten et al., 2025) represents paral-
lel reasoning paths as superpositions of continuous
tokens. Other work samples and aggregates latent
trajectories more directly: Wang et al. (2025) use
Monte Carlo Dropout to induce stochastic latent
paths and analyze the gap between pass@N and
practical aggregation, while You et al. (2026) com-
bine latent trajectory sampling with a learned re-
ward model for aggregation. Probabilistic and vari-
ational formulations are also related. LaTRO (Chen
et al., 2024) treats textual rationales as latent vari-
ables and optimizes them with a self-rewarding
variational objective, while Variational Reason-
ing (Zhou et al., 2025) derives ELBO and multi-
trace objectives for thinking traces and connects
rejection sampling, forward-KL training, and RL-
style methods such as GRPO. These works provide
useful probabilistic perspectives, but mainly oper-
ate over textual traces whose likelihoods are de-
fined by autoregressive token probabilities. Finally,
LatentSeek (Li et al., 2026) and LTPO (Ye et al.,
2026) optimize instance-specific latent thought vec-
tors at test time using intrinsic signals such as
model confidence, whereas our goal is to learn an
amortized sampler that can be reused across inputs.

Overall, continuous-space ITS lacks the mature
sampling and selection machinery available in to-
ken space. Existing methods either rely on heuris-
tic perturbations such as dropout or fixed Gaussian
noise, optimize textual reasoning traces with token-
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level likelihoods, or perform per-instance latent
optimization. GTS instead targets the sampling-
side gap in latent ITS: it augments a frozen la-
tent reasoning backbone with an explicit, context-
conditioned Gaussian perturbation policy whose
density is tractable and whose sampling behavior
can be optimized with policy-gradient objectives.
Thus, our contribution is not a new latent-variable
language model, a verifier, or a per-instance op-
timizer, but a lightweight mechanism that turns
heuristic latent perturbation into a learned condi-
tional sampling policy for finite-budget latent ITS.

B Additional Details about GTS

B.1 Reward Shaping

For each input x, we sample a group of N latent
perturbation trajectories and obtain /V decoded an-
swers. Let a() denote the i-th decoded answer, and
let I[a() = y*] be the exact-match indicator with
respect to the ground-truth answer y*. The reward
for trajectory ¢ is defined as

r = 7y (20 = y*] — 1) + as®, (20

where g > 0 controls the base correctness magni-
tude and « scales a lightweight shaping term.

Base Correctness Term The first term assigns
—+7p to correct answers and —7( to incorrect ones.
This symmetric formulation ensures that correct-
ness remains the dominant optimization signal.
When a = 0, the objective reduces to accuracy-
only reward.

Confidence Score For each trajectory, we com-
pute a scalar confidence score ) using the length-
normalized log-probability of the generated an-
Swer:

la(®)]
; 1 (%) i) (9
D) = w tE_l IOgPG(at | x,r( ),a<t)’

2D
where |a(?)| denotes answer length and 7(%) is the
sampled latent trajectory. Length normalization
prevents longer answers from being systematically
penalized.

Within-Group Normalized Shaping To avoid
directly optimizing raw likelihood (which could
dominate correctness), we apply group-wise nor-
malization separately over correct and incorrect

subsets. Define
C={i:la" =y =1},
W = {i: 1[a® = y*] = 0}.

(22)
(23)

Within each subset (when its size is at least 3), we
compute a z-score normalization:
W — ps

He®) = EHS
os

Se{C,WwW}, (24

where ps and os are the mean and standard
deviation of ¢(*) within the subset. The shaping
term is then defined as

tanh(22)  iec, |c| >3
s = _tanh(2€D) Gew, W >3
0 otherwise.
(25)

The temperature parameter 7 controls the smooth-
ness of the shaping signal, which is set as 1.0 in
our experiments.

Design Rationale This construction has three de-
sirable properties: (1) correctness remains the pri-
mary optimization objective via rg; (2) shaping
only provides relative discrimination within cor-
rect and incorrect groups, rather than encourag-
ing unconditional likelihood maximization; and
(3) the tanh squashing bounds the shaping magni-
tude, ensuring it remains secondary to the correct-
ness term. Empirically, this dense signal improves
within-group ranking of sampled trajectories with-
out destabilizing training.

B.2 Implementation Details

Sampler Architecture GTS consists of two
lightweight heads that predict the mean pg(cy)
and log standard deviation logoy(cy) of a diag-
onal Gaussian policy at each latent step. Each head
is implemented as a two-layer feed-forward net-
work with hidden dimension D, SiL.U activation,
and output dimension D. Only the sampler param-
eters are trainable; all backbone parameters remain
frozen.

To prevent premature collapse toward a deter-
ministic policy, we clamp the minimum log stan-
dard deviation to —2.0, corresponding to oy, =
exp(—2) ~ 0.135. This lower bound ensures a
non-trivial exploration scale throughout training.

For COCONUT, perturbations are directly added
to the latent hidden state. For CODI, which con-
tains an additional recurrent filtering module with
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layer normalization at the end, perturbations are
injected after the recurrent filter output. This place-
ment ensures that stochastic perturbations are not
attenuated by normalization layers and can effec-
tively propagate to subsequent reasoning steps.

In terms of parameter size, GTS introduces
approximately 2.3M parameters for COCONUT
(1.8% of the backbone) and 16M parameters for
CODI (1.2% of the backbone).

Perturbation Schedule Across Latent Steps
Both models employ K = 6 latent reasoning
steps. However, perturbations are injected only
from <start_latent> through <lat_5>.

The final latent token <lat_6> influences the
output only through attention to <end_latent>
and does not re-enter the latent autoregressive loop.
Specifically, the subsequent <end_latent> token
is provided via teacher forcing when predicting the
answer prefix, meaning that <lat_6> affects decod-
ing through key-value cache interactions but is not
recursively fed back as a new latent state. Inject-
ing perturbations at <lat_6> would therefore not
fully propagate through the reasoning dynamics.
To ensure that stochasticity consistently influences
autoregressive latent refinement, we restrict pertur-
bations to the first five latent steps.

Policy Optimization Details The reference sam-
pler gy, is updated as an exponential moving av-
erage (EMA) of the current policy with decay rate
0.999. The KL regularization coefficient is set to
B = 0.001.

Advantages are normalized at the prompt level:
for each prompt, the N = 32 rollout rewards are
standardized before computing the policy objective.
With batch size 32 prompts, each optimization step
processes 32 x 32 sampled trajectories jointly.

When computing trajectory log densities, a diag-
onal Gaussian formally requires summing over all
latent dimensions. In practice, directly using the
unnormalized sum over high-dimensional hidden
states produces very large-magnitude trajectory log
densities and can make policy ratios numerically
unstable. We therefore use a dimension-normalized
log density when forming policy ratios:

D
- 1
lok =75 D _logao(zra | ex),  (26)
d=1
and accumulate it over latent steps,

K
lo(T | @) = Lo, (27)
k=1

where K denotes the perturbed latent steps. The
same normalization is applied to both the current
sampler and the reference sampler, so the resulting
log-ratio remains a consistent scaled surrogate for
comparing the two policies while keeping its mag-
nitude suitable for optimization. The closed-form
KL term is computed under the same dimension-
normalized convention as the policy log-ratio, so
both the policy-gradient and regularization terms
are scaled consistently in high-dimensional latent
space.
For the GRPO objective, we first compute the

normalized trajectory log-ratio

AR =Ty(r D | 2) = by (7 | 2). (28)
For numerical stability, this log-ratio is clipped to
[—20, 20] before exponentiation:

p® = exp (dip (AZ(i), 90, 20)) .9
This clipping is applied only to the log-ratio used
to compute the policy ratio and prevents overflow
or underflow during exponentiation. The resulting
ratio p(*) is then used in the standard clipped GRPO
surrogate, where the policy ratio is clipped to [1 —
€, 1 + €] inside the objective, where € = 0.2 in our
experiments. Thus, the [—20, 20] clipping controls
numerical stability at the log-ratio level, while the
GRPO clipping controls the size of policy updates.

Training Configuration Unless otherwise stated,
GTS is trained for 10K optimization steps with
learning rate 1 x 10~ and linear warmup (200
steps) with AdamW optimizer (8s={0.9,0.999},
e = le — 8§, weight decay = (). The reward shaping
coefficient is « = 0.2, rg = 1.0. All experiments
are conducted on a single NVIDIA A100 GPU.

B.3 Design Choices for the Sampling Policy

Diagonal Gaussian Policy We adopt a diago-
nal Gaussian parameterization for the per-step per-
turbation distribution, which provides a practi-
cal trade-off between expressiveness, efficiency,
and optimization stability. It supports dimension-
wise scaling and directional steering while re-
taining closed-form log-density and KL diver-
gence, whereas a full-covariance Gaussian would
require O(D?) parameters and introduce substan-
tially higher memory and numerical cost in high-
dimensional latent spaces. Importantly, the diag-
onal assumption applies only to the conditional
distribution g4 (2, | ¢x) at each reasoning step, not
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to the full latent trajectory: previously perturbed
states are propagated through the nonlinear back-
bone and determine subsequent conditioning con-
texts, so cross-dimensional dependencies can re-
enter through the recurrent dynamics. We therefore
view the diagonal Gaussian as a minimal tractable
policy class rather than an assumption of globally
independent latent dimensions; richer low-rank or
full-covariance parameterizations remain possible
extensions.

Additive Perturbation Formulation We model
latent exploration through additive perturbations
hy = h%e’t + 2. This formulation preserves the
original backbone dynamics and ensures that per-
turbations act as local steering signals rather than
replacing latent representations. Additive noise
also yields a unit Jacobian transformation, allowing
the perturbation density to be directly interpreted as
a distribution over latent thought states. More com-
plex transformations (e.g., multiplicative gating or
learned flows) could increase flexibility but would
entangle exploration with backbone dynamics and
complicate policy density computation.

Relation to Dropout-Based Bayesian Sampling
Dropout has been interpreted as approximate
Bayesian inference, where Bernoulli masking cor-
responds to a variational approximation over model
weights and enables predictive uncertainty estima-
tion via Monte Carlo sampling (Gal and Ghahra-
mani, 2016). Under this perspective, stochastic
forward passes primarily serve to quantify epis-
temic uncertainty and improve calibration in weight
space. ITS in latent reasoning, however, constitutes
a search problem: the objective is to increase the
probability of obtaining at least one correct reason-
ing trajectory under a fixed sampling budget. Accu-
rate posterior uncertainty estimation does not nec-
essarily imply optimal trajectory-level exploration
for decision correction. Our method therefore does
not aim to approximate a weight posterior, but in-
stead learns a reward-aligned perturbation policy
over latent states tailored to the inference-time ob-
jective.

C Additional Experimental Results

C.1 Out of Distribution Evaluation

To examine whether the learned exploration pol-
icy generalizes beyond the training distribution,
we evaluate the samplers trained on GSM8K-Aug
on three out-of-distribution arithmetic reasoning

benchmarks: MultiArith (Roy and Roth, 2015)
(600 samples), SVAMP (Patel et al., 2021) (1000
samples), and GSM8K-Hard (Gao et al., 2023)
(1319 samples). No additional training or hyperpa-
rameter tuning is performed for these datasets; the
samplers are applied directly at inference time un-
der the same settings used in the main experiments
in Section 4.1.

Figure 5 reports the resulting pass@N curves
for both COCONUT and CODI. Across all three
benchmarks, GTS consistently achieves stronger
scaling behavior than heuristic baselines, including
dropout-based sampling and standard Gaussian per-
turbations. The improvement is particularly clear
at moderate-to-large sampling budgets, indicating
that the learned perturbation policy transfers more
consistently to unseen arithmetic benchmarks and
continues to yield stronger scaling behavior than
heuristic baselines.

In contrast, heuristic sampling methods exhibit
noticeably inconsistent behavior across bench-
marks. The same perturbation configuration can
perform reasonably well on one dataset but degrade
significantly on another (e.g., CODI-StandardG
on MultiA and SVAMP). This variability suggests
that fixed heuristic perturbations are sensitive to
differences in problem difficulty, input distribu-
tion, and task characteristics. Overall, these re-
sults further support the central motivation of this
work: effective sampling-side latent ITS requires
better-controlled, context-aware sampling rather
than globally fixed stochastic perturbations.

C.2 Sensitivity of Heuristic Perturbations

We further examine whether stronger tuning of
heuristic perturbation baselines can close the gap
to GTS. Table 5 reports the effect of varying the
isotropic Gaussian scale ¢ for StandardG. The opti-
mal scale is both backbone- and budget-dependent:
COCONUT favors a relatively large scale at higher
budgets, while CODI performs best around o =
0.5 and degrades when the scale becomes too large.
This confirms that fixed Gaussian perturbations re-
quire careful global scale selection and can easily
move from under-exploration to disruptive pertur-
bation.

Table 6 shows a similar sensitivity for latent
dropout. For COCONUT, mild dropout with p =
0.1 performs best across budgets, whereas stronger
dropout substantially degrades performance. For
CODI, the best setting shifts to p = 0.3, again in-
dicating that the appropriate perturbation strength
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Figure 5: Out-of-distribution ITS performance on three benchmarks. Rows correspond to MultiArith, SVAMP, and
GSMS8K-Hard respectively, and columns correspond to COCONUT (left) and CODI (right).

depends on the latent dynamics of the backbone.
These results support our main observation that
heuristic perturbations can be useful, but their ef-
fectiveness is brittle because the perturbation scale
is fixed globally rather than conditioned on the cur-
rent latent state.

The scale sweeps leave open whether a simple
state-dependent noise schedule could remove the
need for such global tuning. We therefore introduce
a training-free Norm-Adaptive Gaussian baseline
(Norm-AdaptiveG), which calibrates the isotropic
noise magnitude to the norm of the current latent
state at every example, trajectory, and reasoning

step:

o= albille

VD
where D is the latent dimension and A controls
the perturbation magnitude relative to the cur-
rent hidden-state norm. Under this construc-
tion, E||zxll2 ~ A||hg|l2, so the perturbation
strength adapts locally while remaining isotropic
and training-free.

As shown in Table 7, norm-adaptive scaling
can improve over the untuned StandardG baseline
in some settings, but it does not consistently out-
perform a carefully chosen fixed Gaussian scale.
Moreover, its best A remains backbone- and budget-
dependent. For example, COCONUT favors A =

€k ~ N(O, ID): (30)
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N o = 0.05 o =0.1 o =0.2 o =0.5 o=0.7 oc=1.0
COCONUT
8 35.0 36.0 37.3 39.2 39.1 33.6
32 35.7 36.8 39.2 44.5 45.1 41.9
128 36.0 37.3 40.5 471 48.7 48.6
CODI
8 48.6 49.4 50.1 50.8 48.9 45.2
32 48.7 50.1 51.0 52.5 51.6 48.7
128 49.1 50.5 51.8 53.6 52.0 51.1

Table 5: Standard Gaussian scale sweep on GSM8K. We report pass@ N (%) for isotropic latent perturbations with
different noise scales o. The best result for each sampling budget within each backbone is highlighted in bold.

N p = 0.05 p=0.1 p=20.3 p=0.5 p=0.7 p=20.9
COCONUT
8 38.1 40.1 33.5 20.7 19.3 19.6
32 41.9 43.6 40.4 28.2 274 31.2
128 44.8 46.9 46.3 35.7 34.2 43.1
CODI
8 50.0 50.1 50.8 49.4 47.5 45.7
32 50.9 51.4 52.5 51.0 49.4 49.1
128 51.3 52.6 53.5 52.2 50.9 51.8

Table 6: Effect of the dropout probability in latent dropout sampling. We report pass@N (%) under different
dropout probabilities p on GSM8K. The best result for each sampling budget within each backbone is highlighted in

bold.

0.5 at smaller budgets but A = 1.0 at N = 128,
while CODI favors A = 0.1 at smaller budgets and
A = 1.0at N = 128. Most importantly, no tested
Norm-AdaptiveG configuration matches GTS at
any sampling budget on either backbone.
Together, these results show that the limitations
of heuristic perturbation are not explained solely by
the use of a globally fixed noise magnitude. Simple
adaptation based on latent-state norm provides a
stronger training-free control, but remains insuffi-
cient to reproduce the consistent scaling behavior
of GTS. This suggests that GTS’s advantage cannot
be reduced to state-dependent rescaling alone, and
instead benefits from learning context-conditioned
perturbations optimized for sampling quality.

C.3 Latent-step Robustness of GTS

We further ablate the number of latent reasoning
steps used during inference. Table 8 evaluates
whether GTS remains effective when the inference-
time latent horizon differs from the training-time
configuration. Rather than treating K as a tuned
hyperparameter, this experiment tests whether the
learned sampler can adapt to shorter or longer la-
tent reasoning dynamics without collapsing under

a train-test mismatch in trajectory length. We use
the same perturbation rule as in the main K = 6
setting: perturbations are applied to the recurrently
propagated latent states, i.e., the first K — 1 la-
tent positions. For K = 1, where no subsequent
latent refinement step exists, we perturb the sin-
gle available latent entry point <start_latent>.
Thus, across all K, stochasticity is injected only
where it can influence latent reasoning dynamics
rather than only final answer decoding.

Across both backbones, GTS consistently im-
proves pass@ N under unseen values of K. This
suggests that the learned perturbation policy does
not collapse or suffer from obvious error accumu-
lation when the inference-time latent-step number
differs from the training-time setting. Instead, GTS
appears to adapt to the backbone’s latent dynamics
across the tested trajectory lengths. Longer latent
horizons can provide additional opportunities for
useful trajectory exploration, especially on CODI;
however, the gains become smaller at larger K for
COCONUT, indicating a saturation effect rather
than unbounded improvement from simply increas-
ing the number of latent steps.
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Method COCONUT CODI

@8 @32 @128 @8 @32 @128
Dropout (p = 0.1) 40.1 43.6 46.9 50.1 51.4 52.6
StandardG (o = 1.0) 33.6 41.9 48.6 45.2 48.7 51.1
Norm-AdaptiveG (A = 0.1) 36.2 37.0 37.6 49.5 50.1 50.6
Norm-AdaptiveG (A = 0.5) 39.8 43.8 46.6 48.3 49.3 51.3
Norm-AdaptiveG (A = 1.0) 34.3 41.8 47.6 46.1 49.8 52.1
GTS 42.2 49.6 55.6 51.8 55.3 57.5

Table 7: Comparison with a norm-adaptive Gaussian perturbation baseline on GSM8K. Norm-AdaptiveG scales
isotropic Gaussian noise according to the norm of the current latent state, with A controlling the relative perturbation
magnitude. We report pass@ N (%). The best result for each backbone and sampling budget is highlighted in bold.

N K=1 K =3 K=35 K=6 K =28 K =10
COCONUT
1 (det.) 8.4 19.0 30.2 34.2 35.3 35.4
8 12.3 27.1 39.7 42.2 43.4 42.8
32 15.2 33.3 45.6 49.6 50.1 50.6
128 18.0 38.1 51.4 55.6 56.0 56.2
CODI
1 (det.) 32.1 43.7 47.8 48.1 49.0 48.3
8 34.0 49.4 50.9 51.8 53.1 53.5
32 34.8 52.9 54.5 55.3 57.1 57.8
128 35.8 55.0 56.4 57.5 61.5 62.2

Table 8: Effect of the number of latent reasoning steps for GTS. We report pass@N (%) under different latent
reasoning step counts K on GSM8K. The N = 1 row corresponds to deterministic latent inference without
stochastic sampling. The best result for each sampling budget within each backbone is highlighted in bold.

C.4 Effectiveness with Token Sampling

The main experiments use greedy answer decoding
to isolate the effect of latent thought sampling. We
additionally test whether GTS remains useful when
combined with stochastic answer generation. As
shown in Table 9, answer token sampling alone
already improves over deterministic decoding, but
adding latent thought sampling can further improve
pass@N. GTS combined with token sampling
achieves the strongest results at moderate and large
budgets on both backbones. This suggests that la-
tent thought sampling and answer-level sampling
provide complementary sources of diversity, rather
than competing alternatives. It also indicates that
the main greedy-decoding evaluation is a controlled
setting for isolating latent exploration, not the only
inference mode in which GTS can be applied.

C.5 Answer Selection

Pass@ N measures the quality of the sampled can-
didate set under oracle selection, but practical
inference also requires selecting a final answer.

To evaluate this setting, Table 10 compares sim-
ple non-oracle selection rules, including major-
ity voting, answer log-probability reranking, and
GTS trajectory-density reranking. Across both
backbones, GTS generally yields higher selected-
answer accuracy than the heuristic sampling base-
lines under comparable selection rules. The im-
provement is smaller than the pass@ N gap, which
is expected because answer selection remains a sep-
arate challenge from candidate generation (Wang
et al., 2025).

The GTS-specific log ggTs score provides a use-
ful additional ranking signal, although it is not
uniformly the best selector across all budgets and
backbones. This suggests that the learned sampler
captures information about trajectory plausibility,
but simple density-based selection alone does not
fully solve aggregation. Overall, these results sup-
port the role of GTS as a sampling-side method: it
improves the candidate set and remains beneficial
under basic practical selection rules, while leav-
ing more advanced sampler-selector co-design to
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N Det. StdG Drop. GTS
COCONUT
8 42.3 36.3 44.0 43.7
32 49.6 50.6 53.0 54.9
128  56.3 57.9 59.3 64.9
CODI
8 54.6 51.8 56.3 54.7
32 60.1 59.4 61.6 64.1
128 65.6 66.1 66.4 71.6

Table 9: Combining latent thought sampling with an-
swer token sampling on GSM8K. We report pass@ N
(%) when answer generation uses token sampling with
temperature 0.7. Det., StdG, Drop., and GTS denote de-
terministic latent states, StandardG with o = 1.0, latent
dropout with p = 0.1, and the learned Gaussian thought
sampler, respectively. The best result for each sampling
budget within each backbone is highlighted in bold.

future work.

C.6 Additional Analysis on Steering
Geometry

Finally, we analyze the geometry of the learned per-
turbations following identical configurations with
the SNR analysis (§5.2). Table 11 reports step-
wise statistics of the predicted mean perturbation
w and sampled perturbation 2, relative to the de-
terministic latent state hi. The cosine similarity
cos(pg, hi) stays close to zero for both backbones,
indicating that GTS is not simply rescaling the hid-
den state along its radial direction. Meanwhile, the
relative magnitude || ug||2/|| Ak ||2 remains bounded
across steps, despite no explicit value constraint be-
ing imposed on . This suggests that the learned
mean perturbation does not exhibit runaway be-
havior, but instead provides stable, state-dependent
steering.

The sampled perturbation  magnitude
llzk|l2/||hk|l2 further shows backbone-specific
intervention patterns. For COCONUT, the sampled
perturbation alternates between larger and smaller
magnitudes across adjacent steps, while for CODI
it remains more stable, with the mean perturbation
becoming strongest around the middle latent step.
Together with the SNR analysis (§5.2), these
results suggest that GTS learns adaptive interven-
tions aligned with the latent dynamics of each
backbone, rather than applying an unconstrained
or ungrounded disturbance to the latent reasoning
trajectory.

Reward Ablation with pass@N

==O==COCONUT (GTS Reward)
0.55{=°— CODI (GTS Reward)

COCONUT (Acc Reward)
CODI (Acc Reward)

1 2 4 8 16 32 64 128
N

Figure 6: Ablation study on the reward shaping.
Pass@N of the GTS trained with the accuracy-only
reward and the dense reward introduced in §3.3.

C.7 Stability Across Random Seeds

To examine whether the observed gains de-
pend on a favorable sampling seed, we repeat
the sampling evaluation with five random seeds
{42,43,44,45,46}. As shown in Table 12, GTS
achieves the highest mean pass@ N across all bud-
gets on both backbones, while maintaining small
across-seed variation. This indicates that the im-
provement is not driven by a single lucky rollout
set, but remains stable under repeated stochastic
sampling.

C.8 Ablation on Reward Shaping

We compare GTS trained with the full dense re-
ward in Section 3.3 against an accuracy-only vari-
ant. In the simplified setting, the shaping term is
removed by setting o = 0, reducing the reward
to r) = {—1,1}. All other training configura-
tions remain identical. Figure 6 shows pass@N
curves on GSM8K-test for both COCONUT and
CODI. The dense reward consistently outperforms
the accuracy-only variant, and the performance gap
widens as NV increases. The shaping term effec-
tively provides additional within-group discrimina-
tion, improving the quality of sampled candidate
sets. In contrast, the accuracy-only reward treats
all correct (and incorrect) samples equally, limiting
refinement during training.

C.9 Computational Overhead

Table 13 reports the inference and training cost of
GTS on a single NVIDIA A100-80G GPU. For
inference, we profile 128 GSM8K examples with
batch size 2 and N = 32. GTS introduces only
a small runtime overhead relative to the underly-
ing latent reasoning backbone. On COCONUT,
its per-trajectory latency is comparable to dropout
sampling (2.612 vs. 2.609 ms), and on CODI it
is likewise comparable to StandardG (13.773 vs.
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N Dropout (p = 0.1) StdG (o0 = 1.0) GTS
M-vote log pans M-vote log pans M-vote log pans log qcTs
COCONUT
8 32.1 31.5 20.4 21.0 35.1 35.2 35.8
32 32.8 32.2 21.5 22.5 36.3 35.7 36.2
128 33.0 33.4 24.1 23.3 35.9 36.8 36.1
CODI

8 43.2 42.3 39.8 40.6 44.2 46.0 45.3
32 42.8 43.1 40.2 41.1 45.6 46.6 45.3
128 43.7 43.8 40.0 41.2 46.1 46.7 45.9

Table 10: Reranking accuracy under different latent thought sampling methods on GSM8K. We compare majority
voting (M-vote), reranking by the length-normalized answer token log-probability log pans, and, for GTS only,
reranking by the GTS trajectory log-density log ggTs. The best result for each sampling budget within each

backbone is highlighted in bold.

Metric k=1 k=2 k=3 k=4 k=5 k=6
COCONUT
cos(puk, hi) 0.0340.04 —0.0140.04 0.05-£0.04 0.01+£0.03 0.05-£0.04 —0.01-£0.03
lpell2/hell2 0.33+0.03 0.3440.02 0.3540.03 0.3440.02 0.34:£0.03 0.36-£0.03
lzell2/llPkll2 1.01£0.23 0.8340.12 1.12+0.17 0.800.14 1.10+0.21 0.8040.15
CODI
cos(p, b 0.05:£0.03 0.06:£0.03 —0.08£0.03 ~ —0.01+£0.01  —0.03+0.01 0.00-£0.01
lierll2/ || hell2 0.3540.04 0.38+0.05 0.58+0.10 0.26+0.01 0.24+0.01 0.27+0.03
lzkll2/|lhell2 1.05+0.02 1.06+0.02 1.16+0.06 1.0440.02 1.03£0.02 1.04:£0.02

Table 11: Steering geometry analysis (N = 32) of GTS across latent reasoning steps on GSM8K. Each entry reports
mean =+ variance over prompts. We measure the cosine similarity between the predicted mean perturbation and
the deterministic latent state, cos(u, hy), the relative mean perturbation magnitude || ||2/]| | 2, and the relative

sampled perturbation magnitude ||z |2/

13.788 ms). Peak memory increases from 1.991
to 2.000 GB on COCONUT and from 7.059 to
7.160 GB on CODI, corresponding to less than
1.5% additional peak memory in both cases.

Sampler training is performed with batch size 8
and N = 32 on the same GPU. An optimization
step takes 665.9 ms for COCONUT and 4368.5
ms for CODI, with peak memory usage of 6.3
GB and 11.7 GB, respectively. GTS adds approx-
imately 2.3M parameters (1.8% of the backbone)
for COCONUT and 16M (1.2%) for CODI. Since
the backbone remains frozen, sampler training is
a one-time cost, while the trained sampler can be
reused across subsequent inference runs.

D Additional Analysis and Discussion

D.1 Further Discussion on Main Results

Beyond absolute pass@ N improvements, we ob-
serve that the relative gains brought by GTS differ
across backbone architectures. On COCONUT,
the improvement spans a wider margin (approxi-
mately 35— 55), whereas on CODI the gains are
more moderate (approximately 48 — 58). We hy-

hk”Q, where z; = U + o) © €.

pothesize that this discrepancy reflects structural
differences in model scale and latent representation
geometry.

Model Scale and Latent Dimensionality CO-
CONUT, built on a GPT-2 backbone, operates
in a lower-dimensional latent space (D = 768)
with fewer layers. In such a regime, perturba-
tions added to latent states can propagate more
directly through subsequent reasoning steps, al-
lowing moderate steering signals to produce visi-
ble changes in downstream predictions. By con-
trast, CODI employs a deeper architecture with
substantially higher dimensional latent representa-
tions (D = 2048). In higher-dimensional spaces,
meaningful directional steering becomes inherently
more challenging: the action space grows with D,
while the relative magnitude of any single pertur-
bation component diminishes. Moreover, deeper
networks possess stronger internal correction dy-
namics, which can dampen or redistribute injected
perturbations across layers. As a result, while GTS
remains effective on CODI, its relative gains are
naturally smaller than those observed on the lower-
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N Dropout (p = 0.1) Dropout (p = 0.5) StdG (o0 = 1.0) GTS
COCONUT
8 39.42+0.52 20.64+0.69 33.39%+0.39 42.094+0.24
32 43.68+0.16 28.10+0.55 41.9440.70 49.234+0.38
128 46.9340.49 34.77+0.44 48.5440.55 55.42+0.51
CODI
8 50.46+0.14 49.48+0.19 45.63+0.34 52.01+0.21
32 51.4540.07 51.07+0.20 48.79+0.25 55.42+0.25
128 52.48+0.20 52.30+0.25 51.39+0.43 58.02+0.41

Table 12: Stability across random seeds on GSM8K. We report pass@ N (%) as mean + standard deviation over
five random seeds {42, 43,44, 45, 46}. The best mean result for each sampling budget within each backbone is

highlighted in bold.
Method COCONUT CODI
Time Peak mem. Time Peak mem.
Inference (ms/trajectory; batch size 2, N = 32)

Det. 2.486 1.991 GB 13.480 7.059 GB
Dropout 2.609 1.991 GB 13.529 7.059 GB
StandardG 2.603 1.991 GB 13.788 7.059 GB
GTS 2.612 2.000 GB 13.773 7.160 GB

Sampler Training (ms/optimization step; batch size 8, N = 32)
GTS 665.9 6.3 GB 4368.5 11.7 GB

Table 13: Computational overhead of GTS on GSMS8K. All measurements are obtained on a single NVIDIA
A100-80G GPU. Inference profiling uses 128 examples. Time is reported in milliseconds per trajectory for inference
and milliseconds per optimization step for sampler training.

dimensional backbone.

Sampler Capacity Relative to Backbone Size
Although the sampler architecture adopts the same
two-layer design in both settings, its relative capac-
ity differs with respect to the backbone. As reported
in Section B.2, GTS introduces approximately
1.8% additional parameters for COCONUT and
1.2% for CODI. While the absolute sampler size in-
creases with latent dimension, the backbone grows
more substantially in the higher-dimensional model.
Consequently, the sampler-to-backbone capacity
ratio becomes smaller in CODI.

Moreover, the effective control problem scales
with latent dimensionality. A diagonal Gaussian
policy in D = 2048 dimensions operates over a
substantially larger action space than in D = 768,
increasing the difficulty of learning precise context-
conditioned steering directions. The same archi-
tectural design therefore faces a more demanding
control landscape in larger latent manifolds.

From this perspective, the reduced relative gain
on CODI does not indicate diminished effec-
tiveness of structured perturbation, but rather re-

flects the increased complexity of steering higher-
dimensional reasoning dynamics. Future work may
explore model-specific sampler architectures, in-
cluding deeper sampler heads or layer-wise per-
turbation mechanisms, to better match backbone
scale. In the present work, however, we deliber-
ately keep the sampler lightweight to isolate and
validate the core idea of learnable, controlled latent
exploration.

On the Small-N Behavior We also observe a
mild performance drop at very small sampling
budgets (e.g., N = 2). This phenomenon is not
unique to GTS and reflects a general exploration-
exploitation trade-off: when only a few samples
are available, even structured perturbations may
temporarily disrupt otherwise correct deterministic
reasoning. As NV increases, the probability that at
least one trajectory meaningfully improves the in-
ternal decision state grows rapidly, leading to the
observed recovery and scaling gains.

Importantly, this small-N degradation is not fun-
damental. One could introduce an explicit budget-
aware scaling factor on the perturbation magnitude
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(e.g., modulating z as a function of IV) to suppress
exploration at very small budgets. We deliberately
avoid such adaptive scheduling to ensure a fair
comparison across methods and sampling budgets.
Designing budget-sensitive exploration control re-
mains an interesting direction for improving ITS in
continuous reasoning space.

D.2 Further Discussion on Sampling Behavior

To better understand the structural differences ob-
served in the step-wise SNR distributions (Fig-
ure 4), we relate them to the underlying training
objectives and latent reasoning formulations of the
two models.

COCONUT: Paired Latent-Step Dynamics
For COCONUT, SNR exhibits a clear saw-tooth
pattern across adjacent latent steps. Median val-
ues remain in a moderate range (approximately
0.3-0.5), indicating that deterministic steering and
stochastic variation are comparable in magnitude
throughout reasoning.

This alternating structure is consistent with CO-
CONUT’s training design. COCONUT is trained
via curriculum learning that progressively com-
presses textual reasoning into latent thought repre-
sentations. Importantly, its original training formu-
lation contains three effective reasoning steps, each
composed of two latent thought vectors. Within
each pair, the first sub-step primarily consolidates
information, while the second refines or expands
upon it.

The SNR plot suggests that GTS adapts to this
internal structure. The first sub-step within each
effective reasoning pair tends to exhibit relatively
stronger deterministic steering, while the second al-
lows comparatively greater stochastic exploration.
Rather than imposing a rigid perturbation schedule,
GTS could align with the base model’s intrinsic rea-
soning rhythm, preserving the alternation between
consolidation and variation.

CODI: Front-Loaded Deterministic Adjust-
ment In contrast, CODI displays a front-loaded
SNR profile. Deterministic strength peaks at the
second latent step and then transitions into a sus-
tained lower-SNR regime for subsequent steps.
Later reasoning steps therefore operate in a more
exploration-dominated setting.

This behavior is consistent with CODI’s training
objective. Unlike COCONUT, which compresses
intermediate textual reasoning through staged cur-
riculum learning, CODI relies on distillation to

align latent reasoning with the text reasoning an-
swer prefix at the final step. As a result, its latent
trajectory is trained to evolve more smoothly and
coherently across steps, without an explicit paired-
step structure.

Under this formulation, a single early determin-
istic adjustment may be sufficient to steer the trajec-
tory toward a promising region of latent space, after
which controlled exploration can proceed without
further strong intervention. The observed SNR
profile therefore reflects how GTS adapts to the
more continuous and globally aligned reasoning
dynamics of CODI.

Adaptive Rather Than Prescriptive Control
Taken together, these patterns indicate that GTS
does not enforce a uniform perturbation sched-
ule across architectures. Instead, the balance be-
tween deterministic steering and stochastic varia-
tion emerges from interaction with each model’s
latent reasoning dynamics. The SNR distributions
thus suggest that context-dependent perturbations
can adapt to model-specific latent dynamics, rather
than uniformly amplifying or suppressing stochas-
ticity across all reasoning steps.

D.3 A Candidate-Set View of Sampling-Side
Latent ITS

We provide a simple candidate-set interpretation of
sampling-side latent ITS. For an input x, let 7 (x)
denote the space of latent reasoning trajectories
induced by a sampler ¢(7 | z). Define a subset
U(z) C T (z) of useful trajectories, e.g., trajecto-
ries with A(7) > 0 under the sampling-gain metric
(defined in 4), or trajectories that decode to the
correct answer. Under a sampling budget N, the
probability that the candidate set contains at least
one useful trajectory is

Py(go) =1—(1—qU(z) |2)". 3D

This expression makes explicit that sampling-side
ITS is governed by how much probability mass
the sampler assigns to useful regions of trajectory
space, rather than by perturbation magnitude or di-
versity alone. For finite N, increasing q(U(x) | =)
directly improves the chance that the candidate set
exposes a better reasoning path, while the marginal
benefit naturally saturates as this probability be-
comes large.

This view also clarifies why distribution shift and
answer diversity are insufficient proxies for sam-
pling quality. A sampler may induce a large shift
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from the deterministic trajectory by placing mass
on many irrelevant or harmful regions, yielding
diverse candidates but small ¢(U(z) | z). Con-
versely, a controlled perturbation may induce only
moderate shift while concentrating more mass near
decision-improving trajectories. Thus, effective
exploration is not equivalent to moving farther in
latent or answer space; it requires moving probabil-
ity mass toward regions that are useful under the
downstream task.

The Gaussian parameterization used by GTS can
be interpreted through this lens. The learned mean
provides a context-dependent directional shift that
can move samples toward reusable useful regions,
while the learned variance controls local explo-
ration around that shifted center. If the variance
is too small, the sampler may remain near a nar-
row trajectory and miss alternative useful paths;
if it is too large, probability mass is diluted over
irrelevant regions. A context-conditioned Gaussian
therefore offers a minimal policy class for balanc-
ing directed steering and stochastic coverage under
finite inference budgets. This interpretation is con-
sistent with our empirical decomposition in Table 4,
where mean-only and variance-only perturbations
provide partial gains, but their combination gives
the strongest scaling behavior.
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