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Abstract

Chain-of-Thought (CoT) has become a corner-
stone of reasoning in large language models,
yet its effectiveness is constrained by the lim-
ited expressiveness of discrete token sampling.
Recent latent reasoning approaches attempt
to alleviate this limitation by replacing dis-
crete tokens with soft embeddings (probability-
weighted mixtures of token embeddings) or
hidden states, but they commonly suffer from
two issues: (1) global activation injects pertur-
bations into high-confidence steps, impairing
reasoning stability; and (2) soft embeddings
quickly collapse toward the highest-probability
token, limiting exploration of alternative tra-
jectories. To address these challenges, we pro-
pose SeLaR (Selective Latent Reasoning), a
lightweight and training-free framework. Se-
LaR introduces an entropy-gated mechanism
that activates soft embeddings only at low-
confidence steps, while preserving discrete de-
coding at high-confidence steps. Additionally,
we propose an entropy-aware contrastive reg-
ularization that pushes soft embeddings away
from the highest-probability token’s direction,
encouraging sustained exploration of multi-
ple latent reasoning paths. Experiments on
five reasoning benchmarks demonstrate that
SeLaR consistently outperforms standard CoT
and state-of-the-art training-free methods.

1 Introduction

Chain-of-Thought (CoT) (Wei et al., 2023; Goyal
et al., 2024; Pfau et al., 2024) has become a pre-
vailing paradigm for enabling multi-step reason-
ing in large language models (Brown et al., 2020;
Chowdhery et al., 2022; Du et al., 2022; Touvron
et al., 2023; OpenAI et al., 2024b; Singh et al.,
2025). By explicitly generating intermediate rea-
soning steps, CoT significantly improves perfor-
mance on complex tasks such as mathematical and

† Corresponding author.

logical reasoning (DeepSeek-AI et al., 2025; Ope-
nAI et al., 2024a, 2025; Abdin et al., 2025; Qwen
et al., 2025; Team et al., 2025). However, CoT
relies on hard token commitments at each step:
the model must discretize its internal distribution
into a single sampled token, potentially discarding
valuable information about alternative reasoning
paths. This commitment may hinder the effective
propagation of uncertainty across reasoning steps,
ultimately leading to suboptimal final predictions
(Li et al., 2025).

Inspired by human reasoning, which often con-
siders multiple plausible hypotheses simultane-
ously, recent work has explored latent reasoning
paradigms that replace discrete token sampling
with soft embeddings or hidden states as carriers
of reasoning information (Hao et al., 2025; Cheng
and Durme, 2024; Xu et al., 2025; Zhang et al.,
2025b; Tan et al., 2025; Shi et al., 2025). These ap-
proaches enable richer representations and implicit
branching over multiple candidate tokens during
reasoning.

Existing latent reasoning methods can be cate-
gorized into fine-tuning–based and training-free
approaches. Fine-tuning methods such as Co-
conut (Hao et al., 2025) propagate hidden states
as reasoning signals, but often suffer from catas-
trophic forgetting (Lobo et al., 2025) due to the
domain gap between hidden-state and input embed-
ding spaces. Training-free methods such as Soft
Thinking (Zhang et al., 2025b) employ soft embed-
dings to explore multiple reasoning trajectories, but
activate them uniformly across all steps regardless
of model confidence.

Our work is motivated by a key empirical obser-
vation: during CoT decoding, the entropy of the
model’s output distribution exhibits a clear long-
tail pattern across reasoning steps. As illustrated
in Figure 1, most reasoning steps cluster in a low-
entropy region, reflecting confident token commit-
ments, while a small but consistent tail extends to
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Figure 1: Normalized entropy distributions of decoding steps across five reasoning benchmarks using Qwen3-8B.
Each subplot shows the density of step-wise entropy values, revealing a clear long-tail structure: the majority of
steps concentrate in a low-entropy region (deterministic steps), while a smaller tail extends toward higher entropy
values (exploratory steps).

higher entropy values, corresponding to moments
of increased ambiguity. We refer to the former
as deterministic steps, where the model decisively
commits to a single token, and the latter as ex-
ploratory steps, where multiple candidates compete
and broader exploration may be beneficial.

This entropy-based view reveals a key limitation
of existing latent reasoning methods: global activa-
tion ignores the long-tail structure of model confi-
dence, applying soft embeddings indiscriminately
to both deterministic and exploratory steps. At
deterministic steps where the model is already con-
fident, this introduces unnecessary perturbations
that undermine reasoning stability. Furthermore,
even at exploratory steps, prior work (Wu et al.,
2025) shows that soft embeddings collapse prema-
turely toward the dominant token, concentrating
reasoning on a single trajectory and suppressing
alternatives.

To address these limitations, we propose SeLaR,
a selective and training-free latent reasoning frame-
work. This paper centers on two key questions: (i)
When should latent reasoning be activated? Se-
LaR introduces an entropy-gated mechanism that
activates soft embeddings only at exploratory steps,
while preserving discrete decoding at deterministic
steps. (ii) How can premature collapse toward the
dominant token be mitigated? SeLaR incorporates

an entropy-aware contrastive regularization that
pushes soft embeddings away from the dominant
token’s direction in proportion to entropy magni-
tude, sustaining exploration across alternative rea-
soning paths. Our contributions are summarized as
follows:

• We empirically show that only a small frac-
tion of reasoning steps exhibit high uncer-
tainty, and that activating latent reasoning ex-
clusively at exploratory steps significantly out-
performs globally applied latent reasoning.

• We propose SeLaR, a lightweight and training-
free framework that selectively activates latent
reasoning via entropy gating at exploratory
steps, while preserving standard discrete de-
coding at deterministic steps. To further pre-
vent premature collapse toward the dominant
token, SeLaR introduces an entropy-aware
contrastive regularization that sustains mul-
tiple latent reasoning alternatives.

• Extensive experiments on five reasoning
benchmarks across multiple model scales
demonstrate that SeLaR consistently outper-
forms standard CoT decoding and state-of-the-
art training-free reasoning methods.
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2 Related Work

Chain-of-Thought Reasoning

Chain-of-Thought (CoT) reasoning enhances the
problem-solving capabilities of large language
models by explicitly generating intermediate rea-
soning steps, and has become a central paradigm
for improving multi-step reasoning (Zhou et al.,
2023; Shinn et al., 2023; Madaan et al., 2023;
Zheng et al., 2024; Wang et al., 2024a; Havrilla
et al., 2024; Shao et al., 2024; Chu et al., 2024;
Wang et al., 2024b; Saunshi et al., 2024; Jin et al.,
2025; Wei et al., 2025; Yu et al., 2025; Lee et al.,
2025). Subsequent studies have primarily focused
on improving CoT through decoding and search
strategies. For example, self-consistency (Wang
et al., 2023) mitigates the instability of single rea-
soning paths by sampling multiple trajectories and
aggregating their predictions, while tree- (Yao et al.,
2023) or graph-based (Besta et al., 2024) search
methods explicitly explore multiple discrete reason-
ing paths to improve robustness. Despite its strong
empirical performance, CoT operates by commit-
ting to a single sequence of discrete tokens at each
step, which can obscure or eliminate information
about other plausible reasoning trajectories.

Latent Reasoning

Latent reasoning differs from explicit CoT by lever-
aging hidden states or soft embeddings (Deng et al.,
2023; Geiping et al., 2025; Yang et al., 2025b;
Shalev et al., 2024; Mohtashami et al., 2024; Wu
et al., 2026; Wang et al., 2025; Su et al., 2025;
Zhang et al., 2025a) to convey intermediate rea-
soning signals. Prior work in this area generally
falls into two categories. Fine-tuning-based meth-
ods (Hao et al., 2025; Cheng and Durme, 2024; Xu
et al., 2025) propagate hidden states across reason-
ing steps via full or partial fine-tuning, enabling
implicit multi-step reasoning that goes beyond dis-
crete token generation. In contrast, training-free
methods (Zhang et al., 2025b; Wu et al., 2025;
Shi et al., 2025) replace discrete token inputs with
probability-weighted soft embeddings, allowing
models to operate in continuous space without pa-
rameter updates. Our approach belongs to the latter
category, but diverges from existing paradigms that
apply latent reasoning globally. Specifically, Se-
LaR employs an entropy-gated mechanism to selec-
tively activate latent reasoning only at exploratory
steps, while incorporating a contrastive regulariza-
tion strategy to prevent premature collapse toward

the dominant token’s trajectory during the reason-
ing process.

3 Method

3.1 Overview
We propose SeLaR, a selective and training-free
latent reasoning framework that dynamically acti-
vates latent reasoning only when necessary. The
core idea is to avoid globally propagating soft em-
beddings throughout the entire decoding process.
Instead, SeLaR leverages token-level entropy as a
confidence signal to identify high-uncertainty ex-
ploratory steps, at which latent reasoning is selec-
tively enabled. For deterministic steps where the
model exhibits high confidence, standard discrete
decoding is preserved to maintain stability and effi-
ciency.

As shown in Figure 2, SeLaR comprises two
components: (1) an entropy-gated selective mecha-
nism that determines when latent reasoning should
be activated during decoding, and (2) an entropy-
aware contrastive regularization that mitigates the
tendency of soft embeddings to overemphasize the
highest-probability token, which increasingly dom-
inates subsequent predictions and suppresses alter-
native reasoning paths.

3.2 Background
Standard Chain-of-Thought Reasoning Given
an input query q, a language model L generates a
reasoning sequence r1:T = (x1, . . . , xT ) followed
by a final answer a. At each decoding step t, the
model produces a conditional distribution over the
vocabulary V:

pt(v) = p(v | q, x<t), v ∈ V. (1)

Standard Chain-of-Thought (CoT) decoding com-
mits to a single discrete token xt at each step:

xt =




argmax

v∈V
pt(v), Greedy

v ∼ p̃t(v), Sampling
(2)

where p̃t is the filtered distribution obtained by
applying temperature scaling and truncation strate-
gies (e.g., top-k, top-p) to the original distribution
pt. The embedding ext is then used as input for the
next decoding step.

Latent Reasoning with Soft Embeddings La-
tent reasoning methods replace discrete token in-
puts with soft embeddings to preserve distributional

7075



LLM 

Backbone 

(frozen)

Prompt: {Question} \n Please reason step by step, and make sure 

put your final answer within \\boxed{{}}.

Latent Reasoning in Exploratory Steps

Standard COT Reasoning in 

Deterministic Steps  

E
n
t
ro
p
y

Position

Uncertain

Confident

Entropy Threshold

Entropy

GateProbability

<Threshold

Input Token Embeddings

Entropy

Gate

>Threshold

Discrete 

Embedding

Weighted TopK 

Embedding

Weighted TopK 

Embedding
Difference from the 

Direction of Top1 Token
Contrastive Regularization 

Embedding

Entropy

Figure 2: Overview of SeLaR. At each decoding step, we compute the normalized entropy over top-k tokens. If
entropy falls below threshold τ (deterministic step), standard discrete decoding is applied. Otherwise (exploratory
step), we construct a soft embedding from top-k candidates and apply contrastive regularization to push it away
from the dominant token, encouraging exploration of alternative reasoning paths.

information. Let E ∈ R|V|×d denote the embed-
ding matrix. At step t, instead of committing to a
sampled token, a soft embedding is computed as:

et =
∑

v∈V
pt(v) · ev =

∑

v∈V
pt(v) · Ev. (3)

This soft embedding is fed to the model as the next-
step input, enabling implicit exploration of multiple
candidate tokens within a single forward pass.

3.3 Entropy-gated Selective Mechanism
Motivation. Existing training-free latent reason-
ing methods propagate soft embeddings at every de-
coding step. While enabling richer representations,
this global activation injects unnecessary perturba-
tion into confident steps, undermining reasoning
stability. Our key insight is that latent reasoning
is only necessary when the model is uncertain,
motivating a selective mechanism that activates it
only at critical exploratory steps.

Entropy as a Measure of Uncertainty At de-
coding step t, the model produces a predictive
distribution pt(·) over the vocabulary V . Rather
than computing entropy over the full vocabulary
as in prior work (Shi et al., 2025), we estimate
uncertainty using the top-k most probable tokens,
which dominate the model’s predictive mass and

are most relevant for decision making. Specifically,
let Vk ⊂ V denote the set of top-k tokens under pt.
We first renormalize the distribution over Vk:

p̂t(v) =
pt(v)∑

u∈Vk
pt(u)

, v ∈ Vk, (4)

and define the truncated entropy as:

Ht = −
∑

v∈Vk

p̂t(v) log p̂t(v), (5)

H̄t = clamp

(
Ht

log k
, 0, 1

)
. (6)

This top-k entropy captures the model’s uncertainty
among its most plausible candidates while avoiding
perturbation from the low-probability tokens. Low
entropy indicates confident predictions dominated
by a small number of candidates, whereas high en-
tropy reflects ambiguity among multiple competing
tokens.

Threshold Selection The entropy threshold τ de-
termines when latent reasoning is activated. Across
models and benchmarks, H̄t exhibits a clear long-
tail pattern during CoT decoding: a dominant low-
entropy region where a single token commands the
predictive mass (deterministic steps), and a sparse
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long-tail high-entropy region where multiple to-
kens compete (exploratory steps). The low-density
transition between these two regions marks a quali-
tative shift from single-token dominance to multi-
token competition, providing a principled and nat-
ural boundary for selecting τ . Consequently, τ
is positioned within this transition band, serving
as a separator that demarcates high-confidence de-
terministic steps from low-confidence exploratory
ones. As shown in Appendix B, SeLaR is robust
to the exact choice of τ , with stable performance
across τ ∈ [0.3, 0.7].

Entropy-Gated Selective Activation Given the
entropy threshold τ , the input for the next step is
then computed as:

et =





Ext , if H̄t ≤ τ,
∑

v∈Vk

p̂t(v) · ev, if H̄t > τ, (7)

where ev denotes the embedding of token v. At
deterministic steps, the model follows standard dis-
crete decoding by committing to a single sampled
token. At exploratory steps, latent reasoning is
activated by replacing the discrete token with a
soft embedding. This entropy-gated mechanism
enables latent reasoning only when it is most ben-
eficial, while maintaining the stability of standard
decoding elsewhere.

3.4 Entropy-aware Contrastive
Regularization

Motivation Selective activation addresses when
to apply latent reasoning, but does not address how
to maintain effective exploration once activated.
We now turn to a complementary challenge: pre-
venting soft embeddings from prematurely collaps-
ing back to a single token during the reasoning
process.

Premature Collapse in Latent Reasoning Al-
though soft embeddings enable implicit explo-
ration of multiple candidate tokens, prior work (Wu
et al., 2025) has identified a premature col-
lapse phenomenon: during latent reasoning, soft
embeddings quickly become dominated by the
highest-probability token, effectively degenerat-
ing to greedy decoding. Formally, let v∗t =
argmaxv∈Vk

p̂t(v) denote the dominant token at
step t. The soft embedding et tends to align in-
creasingly with ev∗t as decoding proceeds. This
alignment accelerates convergence toward a single

trajectory, undermining the multi-path exploration
that soft embeddings are designed to enable.

Entropy-aware Contrastive Regularization To
counteract premature collapse, we introduce a con-
trastive regularization that explicitly pushes the soft
embedding away from the dominant token direc-
tion. At each exploratory step, we compute the
difference between the soft embedding and the
dominant token embedding:

∆t = et − ev∗t , ∆̂t =
∆t

∥∆t∥+ ϵ
, (8)

where ∆̂t is the unit direction pointing from ev∗t
toward et. The regularized soft embedding is then
computed as:

ẽt = et + H̄t · ∆̂t · ∥∆t∥. (9)

This formulation scales the repulsion from the dom-
inant token according to the model’s uncertainty:
when entropy is high, the regularization effect is
strong, encouraging broader exploration; as the
model becomes confident, the effect diminishes
naturally.

4 Experiments

4.1 Settings

Datasets We conduct experiments on five rea-
soning datasets, including GSM8K (Cheng and
Durme, 2024), MATH500 (Hendrycks et al., 2021),
AIME2024 (HuggingFaceH4, 2024), AIME2025
(Yentinglin, 2025) in the mathematical domain, and
GPQA-Diamond (Rein et al., 2024) for STEM rea-
soning. For more details, please refer to Appendix
A.2.

Baselines We compare SeLaR against four base-
lines: (1) standard CoT reasoning with sampling,
(2) standard CoT reasoning with greedy decod-
ing, (3) Soft Thinking (Zhang et al., 2025b), a
training-free latent reasoning method that globally
applies soft embeddings, and (4) SwiReasoning
(SwiR) (Shi et al., 2025), which switches between
explicit and latent reasoning modes based on the
relative entropy increase between adjacent decod-
ing steps. However, relying on between-step en-
tropy deltas makes the trigger prone to spurious
firing, forcing SwiR to resort to window-based
smoothing heuristics that introduce additional hy-
perparameters.
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Table 1: Detailed results on reasoning benchmarks. Results highlighted in green indicate performance comparable
to or better than CoT (Sampling). Results highlighted in red indicate a performance drop relative to CoT (Sampling).

Method GSM8K MATH500 GPQA AIME24 AIME25 Avg

Qwen3-1.7B (Yang et al., 2025a)
CoT (Sampling) 90.07 92.00 39.39 50.00 33.33 60.96
CoT (Greedy) 88.32 90.60 31.31 40.00 30.00 56.05
Soft Thinking 89.46 91.00 33.83 36.67 36.67 57.53
SwiR 89.84 92.00 37.88 46.67 23.33 57.94
SeLaR 90.60 92.60 35.35 53.33 36.67 61.71

Qwen3-8B (Yang et al., 2025a)
CoT (Sampling) 95.45 98.00 61.62 76.67 66.67 79.68
CoT (Greedy) 95.22 96.20 55.05 70.00 63.33 75.96
Soft Thinking 94.92 95.80 57.58 70.00 66.67 76.99
SwiR 95.68 97.00 62.63 60.00 66.67 76.40
SeLaR 95.83 97.00 61.62 83.33 80.00 83.56

Qwen3-32B (Yang et al., 2025a)
CoT (Sampling) 95.83 97.40 66.16 80.42 72.08 82.38
CoT (Greedy) 95.91 97.20 69.70 80.00 73.33 83.23
Soft Thinking 95.75 97.40 67.17 74.58 66.25 80.23
SwiR 96.21 98.40 70.20 82.92 73.75 84.30
SeLaR 96.06 97.60 67.17 83.33 80.00 84.83

Implementation Details. We evaluate SeLaR
on three reasoning-oriented LLMs: Qwen3-1.7B,
Qwen3-8B, and Qwen3-32B (Yang et al., 2025a).
All experiments are implemented using the Hug-
ging Face Transformers framework (Wolf et al.,
2020). For fair comparison, all baselines are re-
produced under identical hardware conditions (4×
NVIDIA RTX PRO 6000 GPUs) using the offi-
cial implementation and reported hyperparameters.
Since the SwiR hyperparameters for Qwen3-32B
are not publicly available, we directly adopt the
baseline results reported in (Shi et al., 2025). All
methods use the same decoding settings: tem-
perature 0.6, top-p 0.95, top-k 20, and min-p
0.0. Dataset-specific entropy thresholds for Se-
LaR are provided in Appendix B. To further as-
sess generality across model families, we addition-
ally report results on DeepSeek-R1-Distill-Llama-
8B (DeepSeek-AI et al., 2025) in Appendix C.

4.2 Results

Table 1 presents the main results across five reason-
ing benchmarks and three model scales.

Finding 1: SeLaR consistently outperforms
baselines on average.

Across all model scales, SeLaR achieves the
highest average accuracy, improving upon CoT
(Sampling) by +0.75%, +3.88%, and +2.45% on
Qwen3-1.7B, Qwen3-8B, and Qwen3-32B, respec-
tively. Notably, SeLaR is the only method that
consistently surpasses CoT across all model sizes.
In contrast, Soft Thinking and SwiR exhibit incon-
sistent behavior: while occasionally matching or
exceeding CoT on individual benchmarks, their av-
erage performance frequently falls below the CoT
baseline.

Finding 2: Significant gains on challenging
benchmarks.

SeLaR’s advantage is most pronounced on the
hardest benchmarks, AIME 2024 and AIME 2025,
which demand deep multi-step reasoning and pre-
cise numerical computation. On Qwen3-8B, Se-
LaR improves AIME 2024 from 76.67% to 83.33%
(+6.66%) and AIME 2025 from 66.67% to 80.00%
(+13.33%). Similar trends hold on Qwen3-1.7B
and Qwen3-32B. We attribute these gains to the
complementary effect of the two components: en-
tropy gating concentrates latent reasoning at the
most uncertain and consequential steps, while con-
trastive regularization prevents premature collapse
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Figure 3: Computational overhead of SeLaR and SwiR relative to CoT (Sampling) on Qwen3-8B. (a) Tokens per
correct answer: SeLaR beats SwiR on 4 of 5 benchmarks, most notably on AIME 2024/2025. (b) Average tokens
on correctly-answered samples. (c) Average tokens on wrongly-answered samples.

at precisely those steps where a wrong commit-
ment would cascade into irreversible reasoning er-
rors. Together, they provide the greatest benefit on
problems where a single misstep is most costly.

4.3 Computational Overhead

The cost-effectiveness of a reasoning method is
jointly determined by the tokens it spends per prob-
lem and the accuracy it achieves. Reporting either
in isolation is misleading: a method that reduces
token usage while sacrificing accuracy is not truly
more efficient, and one that improves accuracy at
disproportionate token cost is not truly faster. We
therefore report three complementary metrics that
together characterize cost-effectiveness in Figure 3,
all as percentage changes relative to the CoT (Sam-
pling) baseline on Qwen3-8B.

We denote the average tokens on correctly- and
wrongly-answered samples as Tc and Tw, respec-
tively, and write accuracy as α. Our headline metric
is Tokens per Correct Answer:

TPCA =
α · Tc + (1− α) · Tw

α
, (10)

Finding 3: On average, SeLaR is more cost-
effective than SwiR, with the advantage
widening on the hardest reasoning tasks.

On TPCA (Figure 3a), SeLaR outperforms SwiR
by 6.5, 4.8, 52.4, and 27.2 percentage points on
GSM8K, MATH500, AIME 2024, and AIME 2025,
respectively. This advantage is most pronounced
on AIME 2024, where SeLaR reduces TPCA by
19.2% relative to CoT while SwiR inflates it by
33.2%. The main reason is that SwiR’s accuracy

on AIME 2024 drops to 60%, only marginally com-
pensated by its shorter reasoning trajectories. The
sole exception is GPQA, where SeLaR’s TPCA is
9.7% higher than CoT. We attribute this to GPQA’s
knowledge-intensive nature, where latent explo-
ration at uncertain decoding steps provides little
benefit when correct answers depend on domain
recall rather than multi-step reasoning.

Finding 4: SwiR’s apparent efficiency ad-
vantage on correct samples is a survivorship
bias.

SeLaR’s gains arise from both shorter correct
trajectories and higher accuracy. On correctly-
answered samples (Figure 3b), SeLaR’s Tc falls
within −6.0% to +1.6% of CoT across all bench-
marks, confirming that selective activation and con-
trastive regularization introduce no runtime over-
head. However, SwiR’s apparent −19.9% reduc-
tion on AIME 2024 is an artifact of survivorship
bias, as SwiR answers only the easier 60% of prob-
lems correctly, and those naturally require fewer
tokens. TPCA corrects for this survivorship bias,
revealing SwiR’s true +33.2% cost inflation on
AIME 2024.

4.4 Ablation Studies

We ablate each component of SeLaR on Qwen3-8B
to quantify its individual contribution. Results are
presented in Table 2.

Effect of Selective Activation Removing selec-
tive activation (i.e., applying soft embeddings glob-
ally at every step) leads to an average performance
drop of 5.19% (from 83.56% to 78.37%), even
falling below the CoT baseline. This confirms that
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indiscriminate activation perturbs high-confidence
steps where the model is already committed, desta-
bilizing reasoning chains that would otherwise suc-
ceed.

Effect of Contrastive Regularization Remov-
ing contrastive regularization results in an aver-
age performance drop of 7.82% (from 83.56% to
75.74%). The degradation is particularly severe
on challenging benchmarks: AIME 2024 drops
from 83.33% to 70.00% and AIME 2025 drops
from 80.00% to 60.00%. While this behavioral ev-
idence confirms that contrastive regularization is in-
dispensable, it does not reveal how the component
intervenes inside the forward pass. We investigate
this mechanism in the following subsection.

4.5 How Contrastive Regularization Works

To understand how contrastive regularization
works, we must answer two questions: (i) does
it produce consistent effects across exploratory
steps rather than isolated cases, and (ii) does it
truly preserve multiple reasoning trajectories, or
does it merely swap the dominant top-1 token for
a different top-k candidate while remaining single-
threaded? We address both via a logit lens analysis
inspired by the approach of (Nostalgebraist, 2020).

Logit Lens Setting. We collect N = 200 branch-
ing steps from 10 random AIME 2025 problems
under SeLaR on Qwen3-8B, where a branching
step is an exploratory step (entropy above τ ) with
top-1/top-2 probability ratio below 2.0. For each

step t, we cache the KV state and run four indepen-
dent forward passes at step t+1, with input embed-
ding set to ev∗t , ev∗∗t , et, and ẽt respectively, where
v∗t , v

∗∗
t are the top-1/top-2 tokens and et, ẽt are the

soft embeddings without and with contrastive reg-
ularization. For each pass, we apply the logit lens
at every layer ℓ and take the top-k projected to-
kens (k=10), denoted T ·

ℓ . We then measure how
much each soft-embedding pass shares with the
two references:

Otop1(ℓ) =
|T soft

ℓ ∩ T top1
ℓ |

k
, (11)

Otop2(ℓ) =
|T soft

ℓ ∩ T top2
ℓ |

k
, (12)

quantifying how much of each candidate’s reason-
ing content the soft-embedding forward pass still
carries at layer ℓ. We average both across all N
steps.

Logit Lens Results. Figure 4 shows the aggre-
gated curves. Without contrastive regularization
(left), Otop1 rises from∼0.45 to∼0.73 while Otop2
stagnates around ∼0.40, reproducing the collapse
behavior of (Wu et al., 2025): the forward pass pro-
gressively collapses onto the top-1 trajectory and
suppresses the top-2 alternative. Unlike (Wu et al.,
2025), Otop1 does not saturate to 1 because our soft
embedding mixes k top candidates computed from
the model’s actual output distribution, rather than
a manually balanced two-token mixture. The key
observation is thus the relative gap between the two
curves, not their absolute values.
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Table 2: Ablation study on Qwen3-8B. We evaluate the contribution of each component in SeLaR.

Method GSM8K MATH500 GPQA AIME24 AIME25 Avg

CoT (Sampling) 95.45 98.00 61.62 76.67 66.67 79.68

SeLaR (Full) 95.83 97.00 61.62 83.33 80.00 83.56

Component Ablation
w/o Selective Activation 95.14 95.80 57.58 76.67 66.67 78.37
w/o Contrastive Reg. 94.92 96.20 57.58 70.00 60.00 75.74

Finding 5: Contrastive regularization pre-
vents the collapse into single-threaded be-
havior, keeping multiple candidate trajecto-
ries alive in deep layers.

A natural concern is whether contrastive regu-
larization merely shifts the collapse from the top-1
to another top-k candidate, leaving the forward
pass still single-threaded. Note that if this were
the case, we would expect Otop1 to decrease and
Otop2 to increase, mirroring the left panel with the
two curves swapped. Instead, both overlaps remain
substantially non-zero and comparable in deep lay-
ers: Otop2 climbs to ∼0.60 while Otop1 settles at
∼0.55. This confirms that contrastive regulariza-
tion implements genuine sustained exploration of
latent reasoning paths.
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Figure 5: Activation frequency analysis on Qwen3-
8B. Exploratory steps (high entropy) account for 6.2%–
13.8% of total reasoning tokens.

4.6 Detailed Analysis

Sensitivity Analysis Appendix B examines the
sensitivity of SeLaR to the entropy threshold τ and
top-k value. We find that performance remains
stable across τ ∈ [0.3, 0.7] with k = 3, achieving
the best average accuracy (80.86%) at τ = 0.5. For
the top-k value, k = 3 consistently outperforms
larger values, as excessive candidates dilute the soft
embedding with low-probability tokens.

Activation Frequency Analysis Figure 5 shows
the proportion of exploratory steps (high entropy)
versus deterministic steps (low entropy) across
benchmarks. Exploratory steps account for 6.2%–
13.8% of total tokens, averaging 10.0%. This vari-
ation reflects dataset-specific thresholds: AIME
2024 (τ = 0.4) exhibits the highest activation fre-
quency, while GPQA-Diamond (τ = 0.7) shows
the lowest. This confirms that selective activation
targets approximately one in ten tokens where ex-
ploration is most beneficial. Activation frequency
analysis on DeepSeek-R1-Distill-Llama-8B is pro-
vided in Appendix C.

5 Conclusion

We present SeLaR, a training-free latent reasoning
framework that selectively activates soft embed-
dings based on entropy. SeLaR preserves discrete
token commitments at deterministic steps for sta-
bility, and activates soft embeddings at exploratory
steps to enable alternative reasoning trajectories.
An entropy-aware contrastive regularization further
mitigates premature collapse toward the dominant
token. More broadly, SeLaR addresses both when
and how latent reasoning should be applied: token-
level entropy signals when to activate, while con-
trastive regularization governs how exploration is
sustained. This perspective offers new insights into
designing adaptive reasoning mechanisms in large
language models.
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Limitations

While SeLaR demonstrates consistent improve-
ments across multiple benchmarks, some limita-
tions warrant discussion.

Constraints of Token Embedding Space Like
other training-free latent reasoning methods, Se-
LaR operates in the token embedding space at the
input level. Although contrastive regularization ef-
fectively mitigates premature collapse toward the
dominant token, this approach is inherently limited
in expressiveness compared to manipulating hid-
den states directly. Future work on latent reasoning
should explore the hidden state space, which serves
as the primary information carrier for reasoning in
LLMs.

Sensitivity to Base Model Confidence SeLaR
yields larger improvements on base models with
higher confidence (e.g., Qwen3-8B) than on those
with lower confidence (e.g., DeepSeek-R1-Distill-
Llama-8B). Our analysis indicates that less con-
fident models exhibit higher entropy more fre-
quently, triggering excessive exploratory steps. Fu-
ture work should investigate confidence-aware acti-
vation mechanisms or explore signals beyond en-
tropy to better adapt to varying base model charac-
teristics.
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Algorithm 1 SELAR (SELECTIVE LATENT REASONING)
Require: Question x1:n, modelM, max steps Smax, top-k, entropy threshold τ
Ensure: Answer y1:m

1: Init: Embedding matrix E, max entropy Hmax = log k
2: for t = 1 to Smax do
3: ℓt ←M(x1:t−1); pt ← softmax(ℓt) ▷ Forward pass
4: Vk ← top-k(pt) ▷ Select top-k tokens
5: p̂t[v]← pt[v]/

∑
v′∈Vk

pt[v
′] for v ∈ Vk ▷ Normalize over top-k

6: Ht ← −
∑

v∈Vk
p̂t[v] log p̂t[v] ▷ Compute entropy

7: H̄t ← Ht/Hmax ▷ Normalize entropy to [0, 1]
8: xt ← Sample(pt) ▷ Sample discrete token for readable output
9:

10: if H̄t < τ then ▷ Deterministic Step: Low entropy
11: et ← E[xt] ▷ Use discrete embedding
12: else ▷ Exploratory Step: High entropy
13: et ←

∑
v∈Vk

p̂t[v] · E[v] ▷ Soft embedding
14: v∗ ← argmaxv∈Vk

pt[v] ▷ Dominant token
15: ∆t ← et − E[v∗] ▷ Direction from dominant
16: ∆̂t ← ∆t/(∥∆t∥+ ϵ) ▷ Unit direction
17: ẽt ← et + H̄t · ∆̂t · ∥∆t∥ ▷ Contrastive regularization
18: end if
19: Feed et as input embedding for next step
20: if xt = <EOS> then
21: break
22: end if
23: end for
24: Extract answer y from xn+1:t

25: return y

Appendix

A Supplementary Details

A.1 SeLaR Implementation

Alg 1 provides the detailed implementation of Se-
LaR. The core selective activation mechanism is
shown in black: at each step, we compute the nor-
malized entropy over top-k tokens and compare
it against threshold τ to determine whether to use
discrete embeddings (deterministic steps) or soft
embeddings (exploratory steps). The contrastive
regularization component is outlined in blue, which
pushes the soft embedding away from the dominant
token proportionally to the entropy, preventing pre-
mature collapse.

A.2 Dataset Details

We evaluate our method on five reasoning bench-
marks spanning mathematical problem-solving and
knowledge-intensive question answering.

GSM8K is a benchmark for evaluating multi-
step mathematical reasoning in natural language.
Following standard practice, we evaluate on the
official test set, which contains 1,319 grade-school
level math word problems requiring explicit step-
by-step reasoning. : https://huggingface.
co/datasets/openai/gsm8k.

MATH500 is a challenging subset of the MATH
dataset, consisting of 500 high school competition-
level problems spanning algebra, geometry, num-
ber theory, and calculus. The problems require
non-trivial symbolic manipulation and multi-step
deductive reasoning. : https://huggingface.
co/datasets/HuggingFaceH4/MATH-500.

AIME 2024 is a benchmark of 30 problems from
the 2024 American Invitational Mathematics Ex-
amination. Each problem demands deep multi-
step reasoning and precise numerical computa-
tion, with answers constrained to integers within
a fixed range. : https://huggingface.co/
datasets/HuggingFaceH4/aime_2024.
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Table 3: Sensitivity analysis on Qwen3-8B. We vary the entropy threshold τ and top-k value while keeping other
settings fixed.

k τ GSM8K MATH500 GPQA AIME24 AIME25 Avg

Varying τ (fixed k = 3)
3 0.3 95.00 96.40 53.03 76.67 80.00 80.22
3 0.4 95.22 96.60 54.55 83.33 70.00 79.94
3 0.5 95.60 97.00 55.05 76.67 80.00 80.86
3 0.6 95.83 96.00 60.10 76.67 70.00 79.72
3 0.7 95.53 96.40 60.10 76.67 56.67 77.07

Varying k (fixed τ = 0.5)
3 0.5 95.60 97.00 55.05 76.67 80.00 80.86
5 0.5 95.30 96.40 61.62 76.67 53.33 76.66
7 0.5 95.00 96.60 55.56 73.33 63.33 76.76

AIME 2025 is a benchmark of 30 problems
from the 2025 AIME examination, featuring newly
released competition problems with similar for-
mats but increased novelty, providing a strin-
gent test of generalization and reasoning robust-
ness. : https://huggingface.co/datasets/
yentinglin/aime_2025.

GPQA Diamond is the most difficult split of the
GPQA benchmark, containing 198 expert-curated
questions across mathematics, physics, chemistry,
biology, and computer science. The questions are
designed to resist superficial pattern matching and
require advanced domain knowledge and rigor-
ous reasoning. : https://huggingface.co/
datasets/hendrydong/gpqa_diamond_mc.

B Sensitivity Analysis Details

Table 3 presents the sensitivity analysis for SeLaR
on Qwen3-8B.

Effect of Entropy Threshold τ We vary τ from
0.3 to 0.7 with k = 3. Lower thresholds activate
latent reasoning too frequently, introducing per-
turbation at high-confidence steps, while higher
thresholds activate it too conservatively, limiting
exploration at true exploratory steps. The optimal
τ varies across datasets (e.g., τ = 0.4–0.7), reflect-
ing their inherent entropy characteristics: harder
tasks benefit from reserving latent reasoning for
highly uncertain steps, whereas tasks with more
frequent exploratory steps favor earlier activation.
Importantly, SeLaR remains stable across a wide
range of thresholds (τ ∈ [0.3, 0.7]), indicating that
τ serves as a coarse uncertainty gate derived from
the entropy distribution rather than a finely tuned

hyperparameter.

Effect of Top-k Value We vary k from 3 to 7
while fixing τ = 0.5. Smaller k values yield bet-
ter average performance, with k = 3 achieving
80.86% compared to 76.66% for k = 5 and 76.76%
for k = 7. This suggests that restricting soft em-
beddings to fewer high-probability candidates pre-
serves semantic coherence, while larger k values
dilute the representation with low-probability to-
kens that introduce perturbation.

Final Selection Based on the above analysis, we
fix k = 3 across all experiments and select dataset-
specific thresholds that maximize individual bench-
mark performance: τ = 0.6 for GSM8K, τ = 0.5
for MATH500, τ = 0.7 for GPQA-Diamond,
τ = 0.4 for AIME 2024, and τ = 0.5 for AIME
2025. These settings are used for all main results
reported in Table 1.

C Experimental Results on Other Model
Families

Table 4 presents results on DeepSeek-R1-Distill-
Llama-8B, a model from a different family from
Qwen3. SeLaR achieves the highest average ac-
curacy (60.53%), outperforming CoT (Sampling)
by 2.77% and SwiR by 1.25%. However, the
improvements are less pronounced compared to
Qwen3 models. As shown in Figure 7, DeepSeek-
R1-Distill-Llama-8B exhibits higher activation fre-
quencies (8.8%–15.3%) compared to Qwen3-8B
(6.2%–13.8%), indicating lower confidence during
reasoning. This triggers more frequent exploratory
steps and introduces additional perturbation, limit-
ing the effectiveness of selective activation. This
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To solve the problem, we begin by understanding the

…

From coordinate geometry and angle analysis, the arcs 

between these points are determined as follows: Arc DE: 

72° Arc HJ:  23° Arc FG: $ 72° \nThese arcs are 

determined by calculating the central angles 

…

Final Answer is \\boxed{334}

To solve the problem, we are given triangle

…

The find following arc measures DE = 72° HJ = 24° FG = 

72° \n measures are verified from the the central angles 

between the respective using the circle.\n vector dot 

products and magn law of Cosines.

…

Final Answer is \\boxed{336}

Standard COT

Our SeLaR

Figure 6: Case study on an AIME 2025 geometry problem. Standard CoT computes Arc HJ = 23° at the critical
exploratory step, leading to an incorrect final answer of 334. SeLaR activates selective latent reasoning at this
exploratory step, correctly computing Arc HJ = 24° and yielding the correct answer 336.

Table 4: Results of DeepSeek-R1-Distill-Llama-8B. Results highlighted in green indicate performance comparable
to or better than CoT (Sampling). Results highlighted in red indicate a performance drop relative to CoT (Sampling).

Method GSM8K MATH500 GPQA AIME24 AIME25 Avg

DeepSeek-R1-Distill-Llama-8B (DeepSeek-AI et al., 2025)
CoT (Sampling) 89.01 90.20 42.93 36.67 30.00 57.76
CoT (Greedy) 85.29 83.60 30.30 30.00 26.67 51.17
Soft Thinking 85.67 82.20 32.83 30.00 23.33 50.81
SwiR 89.31 87.80 45.96 50.00 23.33 59.28
SeLaR 90.22 88.20 40.91 46.67 36.67 60.53
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Figure 7: Activation frequency analysis on DeepSeek-
R1-Distill-Llama-8B. Exploratory steps account for
8.8%–15.3% of total reasoning tokens, higher than
Qwen3-8B (6.2%–13.8%).

sensitivity is a natural trade-off of the training-free
design: SeLaR operates at the embedding level
without modifying hidden states and therefore in-
evitably depends on the base model’s intrinsic rea-
soning capability in hidden-state space.

D Case Study

Figure 6 presents a qualitative comparison on an
AIME 2025 geometry problem. Both Standard
CoT and SeLaR follow identical reasoning paths
initially, but diverge at a critical exploratory point:
computing Arc HJ. Standard CoT commits to 23°
and arrives at an incorrect answer of 334, while Se-
LaR correctly computes 24° and yields the correct
answer 336.
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