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Abstract

Recent advances in Large Language Models
(LLMs) have shifted toward latent reasoning,
where intermediate processes are represented
as continuous vectors rather than text tokens.
While this paradigm reduces inference cost, ex-
isting approaches often suffer from instability
on complex, out-of-distribution tasks where ro-
bust reasoning is critical. To address this, we
propose Bayesian Latent Thought Optimiza-
tion (BLTO), a training-free framework that
enhances frozen LLMs entirely at test time.
BLTO treats latent thought tokens as stochas-
tic variables and formulates reasoning as a
Bayesian inference problem. We introduce
a variational posterior over latent vectors and
optimize it by maximizing a reward-weighted
objective that balances reasoning quality with
KL regularization toward a standard Gaussian
prior. The reward is derived from the model’s
predictive consistency via output entropy, en-
abling fully self-supervised optimization with-
out external supervision. BLTO employs repa-
rameterized sampling and reward-weighted up-
dates within a variational inference framework,
together with an adaptive controller that dy-
namically determines inference steps based on
reward improvement and uncertainty conver-
gence. Extensive experiments on challeng-
ing reasoning benchmarks demonstrate that
BLTO consistently improves frozen LLM per-
formance.

1 Introduction

Recent advances in large language models (LLMs)
(Yang et al., 2025; Guo et al., 2025; Grattafiori
et al., 2024) have significantly improved the abil-
ity of neural systems to perform complex reason-
ing tasks, including mathematical problem solving,
symbolic manipulation, and multi-step logical in-
ference (Ahn et al., 2024; Patil and Jadon, 2025).
A major driver of this progress is the emergence
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of Chain-of-Thought (CoT) prompting (Wei et al.,
2022), which encourages models to generate in-
termediate reasoning steps before producing final
answers. By externalizing the reasoning process
into natural language, CoT allows LLMs to decom-
pose complex problems into manageable substeps,
leading to substantial performance gains across a
wide range of reasoning benchmarks.

Despite its effectiveness, explicit CoT reason-
ing introduces several practical limitations. Gen-
erating intermediate reasoning tokens significantly
increases inference cost, latency, and memory con-
sumption (Feng et al., 2025), particularly for long
reasoning chains. More importantly, textual rea-
soning traces may not faithfully reflect the model’s
internal reasoning dynamics and can sometimes in-
troduce spurious or redundant steps (Lee and Hock-
enmaier, 2025). These issues have motivated a
growing line of research on latent reasoning (Chen
et al., 2025; Wang et al.), where intermediate rea-
soning processes are represented as continuous hid-
den states rather than explicit textual tokens. By
operating directly in the embedding space, latent
reasoning methods can substantially reduce token
overhead while preserving the model’s capacity
for multi-step inference (Sun et al., 2025). For in-
stance, Coconut (Hao et al., 2024) first proposes
the method of ”thinking” in a continuous Latent
Space, but its performance is poor. SoftCoT (Xu
et al., 2025b) utilizes a trained small LLM as an
auxiliary model to generate Latent Thought.

However, existing latent reasoning approaches
often suffer from limited robustness and instability,
particularly on challenging or out-of-distribution
reasoning tasks. Because latent reasoning operates
in a high-dimensional continuous space without
explicit structural constraints, the model may strug-
gle to discover effective intermediate reasoning
representations during inference. As a result, many
existing approaches rely on fixed latent prompts
or heuristic search strategies that provide limited
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adaptability to individual problem instances.
In this work, we propose Bayesian Latent

Thought Optimization (BLTO), a framework that
enhances reasoning in frozen LLMs via test-time
optimization in latent space. BLTO models la-
tent thoughts as stochastic variables and formu-
lates reasoning as Bayesian inference over cogni-
tive states. It optimizes a variational posterior us-
ing reward-weighted objectives that balance quality
and prior regularization, with rewards derived from
the model’s own output entropy—enabling fully
self-supervised optimization. To enable efficient
exploration, BLTO combines reparameterized sam-
pling with reward-weighted updates and an adap-
tive inference controller that dynamically adjusts
optimization steps based on reward improvement.
Experimental results on several challenging rea-
soning benchmarks demonstrate that BLTO consis-
tently improves the performance of frozen LLMs
across tasks, highlighting its ability to recover ef-
fective reasoning representations in challenging
settings. Our contributions can be summarized as
follows:

(1) We introduce Bayesian Latent Thought Op-
timization (BLTO), a training-free framework that
formulates latent reasoning in frozen LLMs as a
Bayesian optimization problem in latent embed-
ding space, enabling principled inference-time im-
provement of reasoning capabilities.

(2) We develop a variational inference approach
with reward-weighted updates and an adaptive
optimization controller, allowing self-supervised
search for high-quality latent thought representa-
tions without external supervision or explicit rea-
soning tokens.

(3) We conduct extensive experiments on mul-
tiple challenging reasoning benchmarks, includ-
ing mathematical and symbolic reasoning tasks,
demonstrating that BLTO significantly outperforms
existing latent reasoning methods.

2 Related Work

2.1 From Explicit to Latent Reasoning

The pursuit of advanced reasoning in LLMs has
evolved from explicit textual rationales to efficient
latent representations. Chain-of-Thought (CoT)
prompting (Wei et al., 2022; Kojima et al., 2022)
established that intermediate reasoning steps im-
prove performance, but incur high latency and
token costs. Latent reasoning addresses this by
operating in continuous space. Existing Latent

Thought methods fall into two categories: fine-
tuning-based and auxiliary module-based. Fine-
tuning methods modify model parameters: iCoT
(Deng et al., 2024) enables reasoning and answer
generation in a single forward pass; Coconut (Hao
et al., 2024) uses last-layer hidden states as "contin-
uous thoughts"; CODI (Shen et al., 2025) employs
self-distillation for implicit reasoning; and CCOT
(Cheng and Van Durme, 2024) compresses reason-
ing into "meditation" tokens. Auxiliary module
methods preserve the base LLM frozen: SoftCoT
(Xu et al., 2025b) trains a lightweight model to
generate "soft thought" tokens projected into the
embedding space. LTPO (Ye et al., 2025) further
optimizes latent vectors during inference via pol-
icy gradients, using the model’s own confidence as
reward without parameter updates.

2.2 Reinforcement Learning for LLM
Optimization

A parallel line of research applies Reinforcement
Learning (RL) to enhance LLM capabilities. The
dominant paradigm, originating with Reinforce-
ment Learning from Human Feedback (RLHF)
(Ouyang et al., 2022), involves fine-tuning model
parameters using algorithms such as PPO (Schul-
man et al., 2017) to align outputs with human pref-
erences. This approach has been extended by more
efficient variants like DPO (Rafailov et al., 2023),
which bypasses explicit reward modeling, and spe-
cialized techniques for mathematical reasoning in-
cluding GRPO (Shao et al., 2024) and DAPO (Yu
et al., 2025). Despite their diversity, these meth-
ods universally operate by updating model weights
during an offline training stage, guided by exter-
nal reward signals derived from human feedback
or verifiable ground-truth labels. More recently, a
growing interest has emerged in test-time optimiza-
tion strategies that adapt model behavior at infer-
ence without parameter updates (Li et al., 2025).
However, existing approaches either require exter-
nal verifiers or rely on expensive text generation
within the optimization loop, limiting their practi-
cal applicability.

3 Methodology

We propose Bayesian Latent Thought Optimiza-
tion (BLTO) , a training-free framework that en-
hances LLM reasoning by formulating test-time
latent thought optimization as a Bayesian inference
problem, as shown in Figure 1. BLTO treats inter-
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Figure 1: Illustration of Bayesian Latent Thought Optimization. BLTO models latent reasoning paths as stochastic
variables. A variational posterior is learned online for each instance by maximizing an intrinsic reward, regularized
by KL divergence to a prior distribution. This allows the frozen LLM to explore high-confidence reasoning
trajectories in the continuous latent space during inference.

mediate latent thought vectors as stochastic vari-
ables, introducing a variational posterior over the
latent space that is iteratively refined to maximize
a confidence-based reward signal derived from the
frozen model’s own output distributions. This ap-
proach enables principled exploration of the latent
reasoning space while maintaining distributional
stability through KL regularization toward a stan-
dard Gaussian prior.

3.1 Latent Thought Representation
Let Mθ denote a frozen auto-regressive lan-
guage model with parameters θ. Given an in-
put prompt consisting of discrete tokens x =
(x1, . . . , xN ), the model’s embedding layer E maps
it to a sequence of continuous vectors E(x) =
(e1, . . . , eN ) ∈ RN×d, where d is the hidden di-
mension.

To enable latent reasoning, we augment the input
with K special placeholder tokens (e.g., [THINK]),
whose embeddings H = (h1, . . . ,hK) ∈ RK×d

serve as learnable latent thought vectors. These to-
kens represent abstract, continuous reasoning states
that can be optimized to improve the model’s subse-
quent generation. The complete input to the model
is the concatenation E(x) ∥ H.

We adopt a Bayesian perspective on latent
thought optimization. Instead of seeking a single
optimal H, we aim to infer the posterior distribu-
tion over latent thoughts conditioned on the prompt
and a task-specific reward signal:

p(H|x) ∝ p(H) · exp (β · R(x,H)) , (1)

where p(H) is a prior distribution over latent
thoughts, R(x,H) is a reward function measur-
ing the quality of latent thoughts, and β > 0 is

an inverse temperature parameter controlling the
sharpness of the posterior.

3.2 Bayesian Inference for Latent Thoughts
Direct inference of the posterior in Eq. (1) is in-
tractable due to the complexity of the reward func-
tion and the high-dimensional continuous space
RK×d. The reward R(x,H) is non-linear and non-
convex, and the latent dimensionality (K × d, typ-
ically thousands) precludes exhaustive sampling
methods.

We employ variational inference to approximate
the intractable posterior. Let Q be a family of
distributions over H parameterized by ϕ. We seek
qϕ(H) ∈ Q that minimizes the KL divergence to
the true posterior:

qϕ∗(H) = arg min
qϕ∈Q

KL (qϕ(H)∥p(H|x)) . (2)

Expanding the KL divergence reveals its rela-
tionship to the evidence lower bound (ELBO):

KL (qϕ(H)∥p(H|x))

= Eqϕ

[︃
log

qϕ(H)

p(H|x)

]︃

= Eqϕ [log qϕ(H)− log p(H|x)]

= Eqϕ

[︃
log qϕ(H)− log

p(x|H)p(H)

p(x)

]︃

= Eqϕ [log qϕ(H)− log p(x|H)

− log p(H)] + log p(x)

= −
(︁
Eqϕ [log p(x|H)]

−KL (qϕ(H)∥p(H))) + log p(x). (3)

Since log p(x) is constant w.r.t. ϕ, minimizing
KL divergence is equivalent to maximizing the
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ELBO:

ELBO(ϕ) = Eqϕ [log p(x|H)]−KL (qϕ(H)∥p(H)) .
(4)

From Eq. (1), we have log p(x|H) ∝ β ·
R(x,H). Substituting into the ELBO yields our
minimization objective:

L(ϕ) = KL (qϕ(H)∥p(H))− β · Eqϕ [R(x,H)] .
(5)

This objective balances two terms: the KL di-
vergence regularizes the variational distribution to-
ward the prior, while the expected reward drives it
toward regions of high confidence.

3.3 Variational Approximation
To make variational inference tractable, we spec-
ify a concrete variational family Q. This choice
involves a trade-off between expressiveness and
computational efficiency. While more expressive
families (e.g., normalizing flows, full-covariance
Gaussians) could capture complex posterior geome-
tries, they introduce significant computational over-
head. We therefore adopt a factorized Gaussian
variational distribution with diagonal covariance,
which strikes an effective balance between flexibil-
ity and tractability.

Let ϕ = {µ,ρ} denote the variational parame-
ters, where µ ∈ RK×d is the mean and ρ ∈ RK×d

is the log-variance. The variational posterior fac-
torizes across latent tokens:

qϕ(H) =

K∏︂

k=1

N
(︁
hk;µk, diag(σ2

k)
)︁
,

σ2
k = exp(ρk). (6)

The use of log-variances ensures σ2
k remains pos-

itive without constrained optimization, as exp(·)
maps the entire real line to positive reals.

For the prior distribution p(H), we adopt a stan-
dard isotropic Gaussian:

p(H) =

K∏︂

k=1

N (hk;0, I)

= (2π)−
Kd
2 exp

(︄
−1

2

K∑︂

k=1

∥hk∥2
)︄
.

(7)

This choice encodes a preference for latent
thoughts with small norms, acting as a natural regu-
larizer that prevents optimization from drifting too
far from the pretrained embedding space. In the ab-
sence of strong reward signals, the posterior reverts

to the prior, corresponding to minimal intervention
in the model’s native behavior.

A key advantage of using Gaussian distributions
for both the variational posterior and the prior is
that the KL divergence term has a closed-form ex-
pression. For two multivariate Gaussian distribu-
tions q(h) = N (µq,Σq) and p(h) = N (µp,Σp)
with diagonal covariances, the KL divergence is:

KL(q∥p) = 1

2

[︃
tr(Σ−1

p Σq)

+ (µp − µq)
⊤Σ−1

p (µp − µq)

− d+ log
detΣp

detΣq

]︃
. (8)

With our choice of prior µp = 0, Σp = I, and vari-
ational posterior Σq = diag(σ2), this simplifies
to:

KL(qϕ(H)∥p(H)) =
1

2

K∑︂

k=1

d∑︂

j=1

(︂
σ2
k,j + µ2

k,j

−1− log σ2
k,j

)︂
. (9)

This closed-form expression has several impor-
tant properties: it is differentiable, provides an
analytical regularizer that reduces gradient vari-
ance, and has an intuitive interpretation—the term
σ2
k,j − log σ2

k,j − 1 encourages the variational vari-
ance to match the prior variance of 1, while µ2

k,j

penalizes deviations of the mean from zero.
We initialize the mean parameters using the

embeddings of the placeholder tokens with small
Gaussian noise:

µ(0) = E([THINK]1, . . . , [THINK]K) + δ, (10)

where δ ∼ N (0, ϵ2I). This breaks symmetry and
encourages diverse exploration across tokens. The
log-variances are initialized as ρ(0) = log(σ2

0)1,
corresponding to an initial standard deviation that
allows sufficient exploration while maintaining sta-
bility. As optimization progresses, the variance
may adapt, decreasing in confident regions or in-
creasing where multiple solutions are equally plau-
sible.

3.4 Entropy-Based Intrinsic Reward
To guide latent thought optimization without exter-
nal supervision, we design an intrinsic reward de-
rived from the entropy of the frozen LLM’s output
distributions. Intuitively, coherent latent reasoning
should lead to lower predictive entropy.
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Given latent thoughts H, we perform a forward
pass through the frozen model:

(P1, . . . ,PN+K) = softmax
(︁
Mθ(E(x) ∥ H)

)︁
,

(11)
where Pi denotes the vocabulary distribution at po-
sition i and positions N+1, . . . , N+K correspond
to latent tokens.

We define the entropy of the k-th latent token as

Hk = −
∑︂

v∈V
PN+k(v) logPN+k(v), (12)

and use the negative average entropy as the intrinsic
reward:

R(x,H) = − 1

K

K∑︂

k=1

Hk. (13)

The reward is fully differentiable with respect to
H through backpropagation. For numerical stabil-
ity, we compute entropy as −∑︁v P log(P + ε)
with ε = 10−10 and clip log-probabilities to
[−20, 0].

We optimize the variational parameters ϕ =
{µ,ρ} by minimizing

L(ϕ) = KL
(︁
qϕ(H)∥p(H)

)︁
− βEqϕ

[︁
R(x,H)

]︁
.

(14)
Gradients are estimated using the reparameteri-

zation trick H = µ + σ ⊙ ϵ, where ϵ ∼ N (0, I)
and σ = exp(12ρ). Parameters are updated with
AdamW and ρ is clipped to [−14,−2.3] for stabil-
ity.

We terminate optimization when either the mean
posterior uncertainty σ̄t =

1
Kd

∑︁
k,j σ

(t)
k,j falls be-

low a threshold ϵunc, or the moving-average reward
improvement satisfies |R̄t − R̄t−τ | < ϵrew. This
adaptive stopping mechanism allocates more opti-
mization steps to difficult inputs while preventing
over-optimization.

3.5 Optimization and Adaptive Inference

We optimize the variational parameters ϕ = {µ,ρ}
by minimizing the objective L(ϕ) = KL(qϕ∥p)−
βEqϕ [R]. Computing gradients of the expectation
term with standard score-function estimators suf-
fers from high variance, which can destabilize opti-
mization. We instead employ the reparameteriza-
tion trick to obtain low-variance gradient estimates.

Using the reparameterization H = µ + σ ⊙ ϵ
with ϵ ∼ N (0, I) and σ = exp(12ρ), the expecta-

tion becomes Eqϕ [R] = Eϵ[R(x,µ+σ⊙ ϵ)]. Ap-
proximating with S Monte Carlo samples yields:

∇µL = µ− β

S

S∑︂

s=1

∇HR(s), (15)

∇ρL =
1

2
(σ2 − 1)

− β

2S

S∑︂

s=1

(︁
∇HR(s) ⊙ σ ⊙ ϵ(s)

)︁
, (16)

where R(s) = R(x,µ + σ ⊙ ϵ(s)). These gradi-
ent expressions have intuitive interpretations: the
mean gradient balances prior regularization with
reward maximization, while the log-variance gra-
dient automatically adjusts exploration based on
both uncertainty and reward landscape curvature.
Parameters are updated via AdamW with learning
rate η, and we clip ρ to [−14,−2.3] for numerical
stability.

A key advantage of our Bayesian formulation
is principled adaptive inference using posterior un-
certainty. Let R̄t be the exponential moving av-
erage of rewards with decay α ∈ [0.9, 0.99], and
σ̄t = 1

Kd

∑︁
k,j σ

(t)
k,j the average standard devia-

tion. We define three convergence criteria: reward
stagnation over a window of τ steps, uncertainty
collapse below ϵunc, and KL stabilization between
successive variational distributions. The complete
stopping condition is:

t ≥ Tmin ∧
(︁
t ≥ Tmax ∨ σ̄t < ϵunc

∨ τ−1
max
i=0

|R̄t−i − R̄t−i−τ | < ϵrew
)︁
.

(17)
This multi-criteria approach automatically allo-

cates more steps to complex problems while avoid-
ing over-optimization on simple instances.

We further adapt the exploration-exploitation
trade-off using uncertainty estimates. We introduce
an adaptive temperature parameter λt that scales
the sampling noise:

H(s) = µ+ λt · σ ⊙ ϵ(s),

λt = λmin + (λmax − λmin) ·
σ̄t
σ̄0

,
(18)

where σ̄0 is the initial average standard devia-
tion. This schedule implements a form of simu-
lated annealing: early in optimization when un-
certainty is high, λt ≈ λmax promotes broad ex-
ploration; as uncertainty decreases and the poste-
rior collapses, λt approaches λmin, focusing on
exploitation around the current mean.
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Table 1: Performance of BLTO vs. baselines across LLaMA-3.1-8B-Instruct and Qwen-2.5-7B-Instruct. Accuracy
(%) is reported. The optimal results are in bold.

Model & Method GSM8K MATH500 ASDiv-Aug AIME2024 AIME2025 Avg.

LLaMA-3.1-8B-Instruct

Zero-Shot CoT (Kojima et al., 2022) 76.88 48.60 79.58 6.67 0.00 42.35
Zero-Shot CoT-Unk (Kojima et al., 2022) 80.67 46.20 89.50 10.00 3.33 45.94
SoftCoT (Xu et al., 2025b) 80.36 39.80 87.57 0.00 0.00 41.55
LTPO (Ye et al., 2025) 80.89 46.60 88.25 10.00 6.67 46.48
Ours 82.03 51.00 90.08 16.67 6.67 49.29

Qwen-2.5-7B-Instruct

Zero-Shot CoT (Kojima et al., 2022) 88.55 72.40 91.71 10.00 10.00 54.53
Zero-Shot CoT-Unk (Kojima et al., 2022) 86.20 70.80 91.52 13.33 10.00 54.37
SoftCoT (Xu et al., 2025b) 85.29 65.20 88.92 0.00 0.00 47.88
LTPO (Ye et al., 2025) 87.87 71.80 91.71 10.00 3.33 52.94
Ours 88.55 74.80 92.58 20.00 16.67 58.52

4 Experiments

4.1 Experimental Setup

Models. We evaluate our method on open-source
instruction-tuned language models from two dis-
tinct families: LLaMA-3.1-8B-Instruct (Grattafiori
et al., 2024) and Qwen-2.5-7B-Instruct (Qwen
et al., 2025). These models are fully open-source,
ensuring reproducibility, and span different archi-
tectural designs and training paradigms.

Datasets. Following recent work (Deng et al.,
2024; Ye et al., 2025), we evaluate on five mathe-
matical reasoning datasets: GSM8K (Cobbe et al.,
2021), MATH-500 (Hendrycks et al., 2021), ASDiv
(Miao et al., 2020), AIME2024 1, and AIME2025 2.
GSM8K and MATH-500 serve as standard bench-
marks for direct comparison with prior methods.
ASDiv comprises elementary math word problems
with varied linguistic patterns. The AIME datasets
feature challenging competition problems that have
become standard testbeds for evaluating state-of-
the-art reasoning models. For ASDiv, we adopt the
augmented version (ASDiv-Aug) (Xu et al., 2025b)
to ensure test instances are novel and prevent po-
tential data contamination, given that LLaMA and
Qwen models are extensively pretrained on large-
scale web corpora.

Baselines. We compare our method against sev-
eral strong baselines: (1) Zero-Shot Chain-of-
Thought (Zero-Shot CoT) (Kojima et al., 2022)
serves as our primary baseline, eliciting reasoning

1https://huggingface.co/datasets/Maxwell-Jia/
AIME_2024

2https://huggingface.co/datasets/opencompass/
AIME2025

by instructing the model to generate explicit step-
by-step thinking in discrete token space. (2) Zero-
Shot CoT with Untuned Tokens (Zero-Shot CoT-
Unk) augments the prompt with randomly initial-
ized special tokens that remain fixed during infer-
ence, controlling for the presence of additional to-
kens without adaptive refinement. (3) SoftCoT (Xu
et al., 2025b) performs reasoning in continuous la-
tent space by optimizing soft prompts at test time,
demonstrating superior performance compared to
PEFT methods like LoRA (Hu et al., 2022) and
latent reasoning approaches such as Coconut (Hao
et al., 2024). (4) LTPO (Ye et al., 2025): The
previous state-of-the-art in test-time latent thought
optimization, which employs policy gradients with
a confidence-based intrinsic reward derived from
the frozen LLM’s output distributions.

Implementation Details. All experiments are
conducted on a single NVIDIA A100 GPU. We
sample 5 latent trajectories per step, with β = 0.8
and KL weight 0.008. Adaptive steps range from
5 to 22 with patience 5, improvement threshold
0.006, and early stopping when posterior uncer-
tainty drops below 0.025 after 3 warmup steps.
Generation uses top-k = 10 with 4096 max tokens.

4.2 Main Results

Overall Performance. Table 1 presents the main
results comparing BLTO against all baselines
across two model families and five datasets. BLTO
consistently outperforms all baselines on both mod-
els, achieving average accuracy improvements of
2.81% over LTPO on LLaMA-3.1-8B and 5.58%
over LTPO on Qwen-2.5-7B. These results demon-
strate that Bayesian latent thought optimization ef-
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Table 2: Comparison with training-based methods on GSM8K, MATH-500, and AIME2024 using LLaMA-3.1-8B-
Instruct. “Train Params” indicates whether model weights are updated. † denotes results from (Zeng et al., 2025).
Best results in bold, second-best underlined.

Method Train Model Supervision GSM8K MATH AIME
Params Type 500 2024

Genius Yes Self-supervised 78.09 47.60 3.33
SimpleRL-Zoo† Yes External Data 79.20 23.00 0.00
iCoT Yes External Data 50.05 - -
SoftCoT Yes External Data 80.36 39.80 0.00
LTPO No Self-supervised 80.89 46.60 10.00
BLTO (Ours) No Self-supervised 82.03 51.00 16.67

Table 3: Performance on commonsense and symbolic
reasoning tasks. Accuracy (%) reported on StrategyQA
and Symbolic Date Understanding (DU).

Method StrategyQA Symbolic DU

LLaMA-3.1-8B-Instruct

Zero-Shot CoT 71.49 55.6
Zero-Shot CoT-Unk 69.67 57.6
SoftCoT 67.34 58.4
LTPO 72.18 62.0
BLTO (Ours) 71.72 65.2

Qwen2.5-7B-Instruct

Zero-Shot CoT 72.63 64.4
Zero-Shot CoT-Unk 71.95 75.2
SoftCoT 62.75 68.4
LTPO 71.80 76.4
BLTO (Ours) 73.69 76.8

fectively handles complex mathematical reasoning
tasks where multi-step inference is critical.

Difficulty-Dependent Gains. Analysis across
datasets shows that BLTO’s performance gains in-
crease with task difficulty. On relatively straight-
forward benchmarks such as GSM8K and ASDiv-
Aug, improvements over LTPO are modest, ranging
from one to two percent. In contrast, on more chal-
lenging datasets like MATH-500, gains reach three
to four percent, and on AIME, improvements are
particularly pronounced, ranging from 6.67 to 10
percent. This trend is consistent with our adaptive
mechanism, where more difficult problems necessi-
tate extensive exploration of the latent space guided
by Bayesian uncertainty estimates.

Comparison with Training-Based Methods Ta-
ble 2 compares BLTO against training-based meth-
ods that update model parameters. Remarkably,
BLTO achieves the highest accuracy across all
three datasets without any parameter updates. On
GSM8K, BLTO reaches 82.03%, surpassing Soft-
CoT at 80.36% and LTPO at 80.89%. On MATH-

Table 4: Comparison of LTPO and Our Method on Math-
ematical Reasoning Datasets. We report the accuracy
(%) of different Qwen2.5 base models on the GSM8K
and ASDiv-Aug benchmarks.

Dataset Method 0.5B 1.5B 7B

GSM8K LTPO 13.57 40.80 87.87
Ours 37.76 57.86 88.55

ASDiv-Aug LTPO 50.87 56.07 91.71
Ours 75.53 78.90 92.58

500, BLTO achieves 51.00%, substantially out-
performing Genius (Xu et al., 2025a) at 47.60%.
The most striking gains appear on AIME2024,
where BLTO attains 16.67% accuracy. These re-
sults demonstrate that test-time optimization in
latent space can be more effective than param-
eter updates, particularly for challenging out-of-
distribution problems. This advantage stems from
BLTO’s Bayesian formulation, which dynami-
cally adapts exploration based on posterior uncer-
tainty, enabling targeted reasoning adjustments that
training-based methods cannot achieve at inference
time.

4.3 Generalization to Other Domains

To verify generalization beyond mathematics, we
evaluate BLTO on StrategyQA (Geva et al., 2021)
for commonsense reasoning and Date Understand-
ing (Srivastava et al., 2023) for symbolic reason-
ing. As shown in Table 3, BLTO achieves the best
performance in three of the four settings and re-
mains competitive on LLaMA-3.1-8B StrategyQA.
On the symbolic reasoning task, BLTO attains
65.2% with LLaMA-3.1-8B, delivering a 9.6%
improvement over Zero-Shot CoT, and reaches
76.8% with Qwen2.5-7B, outperforming all base-
lines. While training-based SoftCoT occasionally
degrades performance on StrategyQA, BLTO con-
sistently improves upon or matches the strongest
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Qualitative example from the ASDiv-Aug dataset.

>>> Question:
a washing machine can wash 56 pounds of clothes per day . if there are 
400 pounds of clothes to be washed per day how many washing machines 
are needed ?
>>> Response:
To find out how many washing machines are needed, we need to divide 
the total amount of clothes to be washed (400 pounds) by the capacity 
of one washing machine (56 pounds).
Step 1: Divide the total amount of clothes by the capacity of one 
washing machine.
400 pounds / 56 pounds = 7.14
Since we can't have a fraction of a washing machine, we need to round 
up to the nearest whole number to ensure all the clothes are washed.
Step 2: Round up to the nearest whole number.
7.14 → 8
Therefore, we need 8 washing machines to wash 400 pounds of clothes 
per day.
\boxed{8}
>>> Answer:
8
True answer: 7.14
Evaluate: Incorrect!

Qualitative example from the ASDiv-Aug dataset.

>>> Question:
dave earned $ 54.9 . sara earned $ 117.99 . how much more money did 
dave earn than sara ?
>>> Response:
To find out how much more money Dave earned than Sara, we need to 
subtract Sara's earnings from Dave's earnings.
Step 1: Identify the earnings of Dave and Sara.
Dave's earnings: $54.90
Sara's earnings: $117.99
Step 2: Subtract Sara's earnings from Dave's earnings.
$54.90 - $117.99 =?
Step 3: Perform the subtraction.
To subtract these numbers, we need to align the decimal points.
$54.90
-$117.99
______
-63.09
So, Dave earned $63.09 less than Sara.
The final answer is: \boxed{-63.09}
>>> Answer:
-63.09
Evaluate: Correct!

Figure 2: Qualitative examples from ASDiv-Aug illustrating BLTO’s reasoning capabilities.

Table 5: Ablation study on the number of latent thought
tokens K. Accuracy (%) reported on ASDiv-Aug,
GSM8K, and MATH-500 with LLaMA-3.1-8B-Instruct.

Tokens K ASDiv-Aug GSM8K MATH-500

2 90.08 80.14 47.20
4 87.86 80.06 48.40
6 88.63 79.98 49.00
8 89.40 81.90 49.40
10 88.82 82.03 51.00

baselines. These results confirm that BLTO is a
robust, domain-agnostic framework capable of en-
hancing reasoning across diverse task types.

4.4 Performance Across Different Model Sizes
Table 4 shows that our method consistently out-
performs LTPO across Qwen2.5 model sizes on
GSM8K and ASDiv-Aug. The improvement is
most significant for smaller models (0.5B and
1.5B), with up to 25% higher accuracy, while gains
for the 7B model are smaller. This demonstrates
that our approach effectively enhances mathemat-
ical reasoning, especially for models with limited
capacity.

4.5 Ablation Studies
Table 5 investigates the impact of latent thought
token count K. Increasing K from 2 to 10 im-
proves GSM8K performance, achieving 82.03%
accuracy with K = 10. On ASDiv-Aug, the
best performance of 90.08% occurs at K = 2
and remains stable thereafter, though intermediate
values show slight degradation suggesting over-
parameterization for simpler problems. These

results indicate the optimal token count is task-
dependent, with complex reasoning benefiting from
greater representational capacity.

4.6 Qualitative Analysis

Figure 2 presents two representative examples from
ASDiv-Aug. In the first, the question asks for
the number of washing machines needed for 400
pounds of laundry given a 56-pound daily capacity.
While 400÷56 = 7.14 is mathematically accurate,
fractional machines are impossible. BLTO cor-
rectly outputs 8, recognizing this real-world con-
straint, whereas the standard answer incorrectly
expects 7.14. In the second, the model correctly
computes 54.90 − 117.99 = −63.09, accurately
determining Dave earned less than Sara. These ex-
amples demonstrate BLTO’s ability to handle both
pragmatic constraints and precise arithmetic.

5 Conclusion

We introduced Bayesian Latent Thought Opti-
mization (BLTO), a probabilistic framework for
test-time reasoning enhancement in frozen LLMs.
By formulating latent thought optimization as
Bayesian inference, BLTO maintains a variational
distribution over reasoning states. The combination
of entropy-based intrinsic reward and reparameter-
ized gradient optimization enables low-variance up-
dates and automatic exploration-exploitation trade-
offs. Extensive experiments across mathemati-
cal, commonsense, and symbolic reasoning tasks
demonstrate that BLTO consistently outperforms
both training-based methods and prior approaches,

25851



highlighting its potential to advance reliable and
generalizable reasoning in large language models.

Limitations

Despite the promising results of Bayesian Latent
Thought Optimization, two limitations warrant dis-
cussion. First, the reliance on uncertainty guided
exploration introduces additional computational
overhead during inference, as each reasoning step
requires maintaining a variational distribution over
latent states. This complexity may limit deploy-
ment in latency sensitive applications. Second,
while BLTO shows strong results on models with
0.5 to 8 billion parameters, its scalability to larger
foundation models remains to be validated.
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