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Abstract

Unlike human reasoning in abstract conceptual
spaces, large language models (LLMs) typi-
cally reason by generating discrete tokens at
each step, then discard the rich semantic in-
formation contained in the output distribution.
Recent work such as Soft Thinking has shown
that LLMs’ latent reasoning via soft concepts
is a promising direction, but LLMs are trained
on discrete tokens, leaving the continuous con-
cept space underutilized during training. To
address this, we propose Soft Concept Mixing
(SCM)1, a soft concept aware training scheme
that directly exposes the model to soft repre-
sentations during training. Specifically, SCM
constructs a soft concept vector by forming a
probability-weighted average of embeddings.
Then, this vector is mixed into the model’s
hidden states, which embody rich contextual
information. Finally, the entire latent reason-
ing process is optimized with Reinforcement
Learning (RL). Experiments on six reasoning
benchmarks demonstrate that SCM improves
the reasoning performance of LLMs, and simul-
taneously maintains a stable training dynamic.

1 Introduction

Large language models (LLMs) excel in complex
reasoning tasks like mathematics, commonsense,
and code. Chain-of-Thought (CoT) prompting
(Wei et al., 2022; Lobo et al., 2025) and its related
works (Guo et al., 2025; Zhang et al., 2023) substan-
tially improve LLM performance by decomposing
problems step by step through the generation of
intermediate reasoning traces.

However, unlike human cognition which op-
erates in a high-dimensional abstract space to
weigh multiple possibilities(Quiroga et al., 2005;
Fedorenko and Varley, 2016), standard CoT rea-
soning constrains the reasoning process strictly to

*Corresponding Author
1Code is available at https://github.com/wkedk822/

SCM.

sequences of discrete tokens(Yao et al., 2023). This
constraint may introduce a significant risk of error
propagation, where a minor deviation in early rea-
soning steps—often stemming from sampling ran-
domness or greedy decoding limitations—cascades
into an incorrect final conclusion (Turpin et al.,
2023). Crucially, the underlying probability distri-
bution often retains the correct reasoning direction
within the top-ranked logits, yet this rich seman-
tic information regarding alternative hypotheses is
entirely discarded during the discretization process.

Recent studies have explored latent space reason-
ing (Deng et al., 2025; Xu et al., 2025; Cheng and
Van Durme, 2024; Tack et al., 2026; Yang et al.,
2024). For instance, Coconut (Hao et al., 2025)
uses the last hidden state of the model as the next-
step input embedding, thereby achieving a form
of “continuous thought” within the latent space.
However, its training paradigm relies on a complex,
multi-stage training process that requires a large
corpus of CoT trajectories for supervision. This
approach is not only computationally intensive but
also potentially degrades the general capabilities ac-
quired during pre-training. In contrast, a Reinforce-
ment Learning (RL) framework does not require
CoT trajectories, enabling the model to explore al-
ternative reasoning paths through outcome-driven
optimization.

Another line of work, Soft Thinking (Zhang
et al., 2025), leverages the full output probability
distribution to construct a concept token, allow-
ing reasoning to proceed in a high-dimensional
semantic space. However, as a method applied
only at inference time, it introduces a fundamental
gap between its continuous reasoning process and
the model’s training on discrete tokens. Since the
model is never exposed to such continuous repre-
sentations during its training phase, it struggles to
utilize these soft concepts, causing performance in-
stability. This requires the development of a novel
framework that empowers the model to effectively
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explore and internalize continuous concepts, weav-
ing them directly into the fabric of its own rich,
contextual understanding during training.

To achieve this, we propose Soft Concept
Mixing (SCM), a lightweight framework that in-
tegrates soft concept vectors directly into the lan-
guage model’s training phase. At each reasoning
step, SCM not only samples discrete tokens but
also leverages the model’s full output probabil-
ity distribution to generate a soft concept vector
via probability-weighted average of embeddings.
This vector is mixed into the model’s hidden states,
preserving the distribution’s rich latent semantics.
SCM additionally introduces a continuous context
conditioning pathway between successive steps.
This allows subsequent steps to condition on dis-
tributional information produced at step t, comple-
menting discrete token generation with continuous
context. To optimize the complex policy space
that combines both discrete tokens and continu-
ous concepts, we adopt the RL framework based
on Group Relative Policy Optimization (GRPO)
(Shao et al., 2024), which stably optimizes the la-
tent policy space and effectively guides the model’s
internal reasoning process.

Our evaluations on reasoning benchmarks show
that SCM improves performance across different
model scales. Furthermore, our approach demon-
strates high representational stability; Principal
Component Analysis (PCA) of hidden states re-
veals only slight latent shifts, comparable to the
GRPO baseline. In summary, our main contribu-
tions are as follows:

• We propose SCM, a lightweight framework
that integrates soft concepts into hidden states
and utilizes reinforcement learning to dynam-
ically optimize these continuous representa-
tions.

• Our evaluations on reasoning benchmarks
show that SCM consistently improves per-
formance across different model scales and
architectures.

• The analysis of computational efficiency and
training stability reveals that SCM demon-
strates stability during training and incurs
marginal inference overhead, offering a highly
favorable trade-off for practical deployment.

2 Related work

2.1 Latent reasoning

Training-based Methods. Coconut (Hao et al.,
2025) leverages the model’s hidden states as con-
tinuous latent vectors for reasoning. By directly
utilizing the hidden state from the previous step
as the input embedding for the subsequent step,
it achieves more flexible and efficient reasoning
within the latent space. However, this approach re-
quires a fixed Chain-of-Thought (CoT). Despite its
potential, Coconut relies heavily on Ground Truth
CoT data and necessitates a complex multi-stage
training strategy to internalize the process from
explicit to implicit reasoning. This cumbersome
training procedure significantly increases computa-
tional overhead, thereby limiting its scalability in
large-scale scenarios. CoCoMix (Tack et al., 2026),
on the other hand, employs Sparse Autoencoders
(SAE) to extract "continuous concepts." By inter-
leaving these concepts with the model’s hidden
states, it effectively enhances the model’s semantic
representation capabilities.

Inference-time Methods. Soft Thinking (Zhang
et al., 2025) constructs "concept tokens" via the
probability-weighted averaging of token embed-
dings, enabling the model to explore multiple rea-
soning paths simultaneously. However, Wu et al.
(Wu et al., 2026) observed that despite the inclu-
sion of soft tokens, the distribution tends to rapidly
collapse towards the top-1 token, thereby diminish-
ing the benefit of soft tokens in conveying richer
information. To address this limitation, the authors
proposed Stochastic Soft Thinking, a method that
restores diversity by incorporating randomness via
Dirichlet or Gumbel-Softmax sampling. Similarly,
Mixture of Inputs (MOI) (Zhuang et al., 2025) syn-
thesizes the probability distribution predicted in the
previous step with the actually sampled token us-
ing Bayesian estimation to generate a novel input
representation. This design allows the model to
preserve richer internal representations throughout
the entire reasoning process.

2.2 Reinforcement Learning

Reinforcement Learning (RL) has become central
to optimizing reasoning capabilities, shifting focus
from imitating human labels (SFT) to optimizing
outcomes. Early approaches like Proximal Policy
Optimization (PPO) (Schulman et al., 2017) em-
ploy actor-critic architectures that jointly train a
state value function V for advantage estimation,
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Figure 1: Training Framework for Soft Concept Mixing (SCM).

a design that inevitably incurs high memory over-
heads.

To address this, Group Relative Policy Optimiza-
tion (GRPO) (Shao et al., 2024) emerged as a more
efficient, critic-free alternative. By estimating base-
lines directly from group scores rather than relying
on a separate value network, GRPO significantly
reduces computational overhead. It stabilizes train-
ing by directly optimizing the relative advantages
of reasoning trajectories within a sampled group,
effectively reinforcing reasoning capability.

Hybrid Reasoning Policy Optimization (HRPO)
(Yue et al., 2025) introduces a reinforcement learn-
ing framework designed to enhance latent reason-
ing. Unlike traditional methods that rely solely on
discrete tokens, HRPO integrates continuous hid-
den states into the generation process via a learn-
able gating mechanism. This mechanism gradu-
ally incorporates information from prior hidden
states into the current token embedding, allowing
the model to leverage a "hybrid" representation.
However, this architectural addition incurs extra
computational overhead due to the gating parame-
ters. Furthermore, achieving optimal performance
is non-trivial, as it necessitates extensive experi-
mentation to precisely tune the hyperparameters
that govern the balance between discrete and con-
tinuous representations during RL training.

These standard RL approaches excel at optimiz-
ing reasoning strategies based on outcomes. How-
ever, they are often constrained by the rigid dis-

creteness of language generation, which forces the
model to make hard token commitments at every
step, potentially discarding valuable alternative rea-
soning paths that could enhance overall solution
quality.

3 Methodology

In this section, we introduce Soft Concept Mix-
ing (SCM), a lightweight training framework de-
signed to enhance the latent reasoning capabilities
of Large Language Models. The overall process is
illustrated in Figure 1.

3.1 Soft Concept Vector Generation
To generate a guidance signal more informative
than discrete tokens, we introduce the soft con-
cept vector. At step t, given the output logits
zt ∈ R|V |, we compute the probability distribu-
tion pt = Softmax(zt). The soft concept vector
ŝet is then constructed as the expectation of token
embeddings E over this distribution:

ŝet =

|V |∑

i=1

pt,i · e(xi) = Ex∼pt [e(x)].

In practice, we apply top-k and top-p truncation
to suppress low-probability noise and concentrate
probability mass on semantically relevant candi-
dates, followed by renormalization. To ensure se-
mantic consistency, these truncation settings are
aligned with the decoding configurations used dur-
ing inference. The resulting vector ŝet provides a
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continuous summary of the high-probability token
embeddings, capturing the dominant distributional
concept at the current step.

3.2 Soft Concept Mixing
To effectively inject the rich distributional infor-
mation carried by the soft concept vector into the
model’s latent representation space, we leverage
the native self-attention mechanism of the Trans-
former. We project the soft concept into the Key-
Value subspace across all transformer layers and all
attention heads, providing it as additional context.

Let h(l)
t denote the hidden state input of the l-th

layer at time step t. In standard self-attention com-
putation, the model first derives the Query vector,
along with the Key and Value matrices representing
the historical context:

q
(l)
t = h

(l)
t W

(l)
Q , K

(l)
<t, V

(l)
<t

where W
(l)
Q is the projection matrix, and K

(l)
<t and

V
(l)
<t denote the sequences of Keys and Values from

previous time steps.
To inject the soft concept vector ŝet−1 generated

from the previous time step, we first project it into
the current layer’s semantic space to generate the
concept Key and concept Value:

k
(l)
se = ŝet−1W

(l)
K , v

(l)
se = ŝet−1W

(l)
V

Subsequently, we extend the attention context with
these concept vectors. The modified Key and Value
sequences become:

K̂
(l)

= [K
(l)
<t;k

(l)
se ], V̂

(l)
= [V

(l)
<t;v

(l)
se ]

Finally, the model computes the attention output
based on this extended context:

h
′(l)
t = Attention(q(l)t , K̂

(l)
, V̂

(l)
)

Thus, the soft concept ŝet−1 participates in the
reasoning process as a contextual guidance sig-
nal. Crucially, this approach ensures geometric
consistency between the concept vectors and the
model’s original feature space, while empowering
the model to flexibly “backtrack” to utilize distri-
bution information within the latent space.

3.3 Optimizing Latent Reasoning via RL
To effectively optimize the reasoning process, we
view generation as a discrete token policy aug-
mented with a deterministic continuous condition-
ing pathway. The discrete policy governs token

selection, while the latent continuous policy gener-
ates soft concept vectors that enhance the model’s
hidden state, bridging continuous semantic explo-
ration and discrete decision-making.

We formalize the reasoning process as a Markov
Decision Process (MDP). At each step t, the state
st consists of the input x, the history of generated
tokens y<t, the current hidden state ht, and the pre-
vious concept vector ŝet−1. The policy πθ operates
in two sequential phases: 1) Discrete Action: The
model integrates ŝet−1 into the attention context
to derive the enhanced hidden state h′

t, and sub-
sequently samples the discrete token yt from the
distribution pt = πθ(· | h′

t). 2) Latent Action: Us-
ing the materialized distribution pt, a deterministic
operation computes the current soft concept vector
ŝet = Ev∼pt

[e(v)] via a differentiable weighted
sum over the vocabulary.

GRPO Training. We optimize πθ using GRPO
(Shao et al., 2024). For each input x, we sam-
ple K rollouts. In each rollout, the model ap-
plies the concept-mixing operation at every step
to obtain the enhanced state h′

t and then samples
yt ∼ πθ(· | x,y<t,h

′
t). We compute a total reward

r(k) per rollout based on correctness and formatting
constraints. Using the group-normalized advantage
A(k) = (r(k) − µ)/(σ + ϵ), our training objective
is to minimize:

L(θ) =− Ex

[
1

K

K∑

k=1

1

|y(k)|

|y(k)|∑

t=1

(
min

(
ρ
(k)
t A(k), clip

(ρ
(k)
t , 1− c, 1 + c)A(k)

)
− βDKL

(
πθ ∥ πref

)
)]

where ρ(k)t =
πθ(y

(k)
t |x,y(k)

<t ,h
′(k)
t )

πold(y
(k)
t |x,y(k)

<t ,h
′(k)
t )

denotes the prob-

ability ratio, c is the clipping threshold, and πref is
the reference model. This eliminates the need for a
separate value function, providing stable gradients
to directly reinforce high-reward trajectories.

Continuous Semantic Conditioning. Instead of
treating the discarded probability distribution pt as
a byproduct, SCM leverages it to enrich the imme-
diate downstream state. By deterministically inject-
ing the expected semantic vector ŝet into the KV
cache, the subsequent state h′

t+1 is conditioned on
a multi-hypothesis representation rather than a sin-
gle, hard-committed discrete token. Consequently,
when GRPO optimizes the discrete token policy
based on outcome rewards, it operates over these
semantically enriched states, allowing the model to
make more robust decisions grounded in broader
latent context.
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Model Method MATH500 AIME24 GSM8K GPQA-D MMLU BBH Avg.

DS-R1-Q-7B

CoT 91.75 50.00 90.25 50.44 66.58 45.19 65.70
Soft Thinking 90.55 48.75 89.40 49.62 66.35 46.24 65.15
GRPO 93.20 53.33 90.45 51.01 67.03 47.34 67.06
SCM 94.40 56.25 92.53 52.84 67.91 48.98 68.82

w/o hidden states 93.00 54.58 90.80 51.07 66.90 45.25 66.93

DS-R1-L-8B

CoT 81.10 44.58 69.35 44.38 71.15 46.33 59.48
Soft Thinking 77.55 40.42 70.15 42.87 70.60 47.88 58.25
GRPO 81.43 47.92 70.25 44.89 72.10 48.02 60.77
SCM 82.60 55.00 71.90 45.58 73.90 48.87 62.98

w/o hidden states 81.90 50.42 70.60 45.08 71.90 47.16 61.18

DS-R1-Q-1.5B

CoT 80.80 30.00 75.20 33.27 44.38 24.93 48.10
Soft Thinking 80.60 20.00 77.30 31.82 44.17 26.18 46.68
GRPO 82.75 33.33 76.95 33.71 45.02 25.57 49.56
SCM 84.00 36.67 77.79 35.98 46.90 29.44 51.80

w/o hidden states 80.60 33.33 77.18 33.84 45.80 26.08 49.47

Qwen2.5-7B-INS

CoT 75.00 12.08 89.61 32.58 68.23 59.12 56.10
Soft Thinking 76.10 13.33 90.96 32.20 68.27 60.04 56.82
GRPO 76.20 13.33 90.42 32.95 68.86 60.62 57.06
SCM 77.60 18.75 91.89 33.46 70.11 63.47 59.21

w/o hidden states 75.80 13.33 90.37 32.32 68.09 60.92 56.81

Table 1: Accuracy of SCM compared to other baselines on six reasoning benchmarks. The GRPO baseline enhances
CoT with RL fine-tuning. Best results are in bold.

4 Experiments

4.1 Experimental setup
Datasets. We train on two mathematical rea-
soning datasets—GSM8K (Cobbe et al., 2021)
and MATH (Hendrycks et al., 2021b), covering
a wide difficulty range from elementary arith-
metic to competition-level problems. Further-
more, we evaluate our proposed method and all
baselines on six public reasoning benchmarks:
GSM8K, MATH500, AIME 2024 (MAA Commit-
tees, 2024), GPQA-Diamond (Rein et al., 2024),
BIG-Bench Hard (BBH) (Suzgun et al., 2023), and
MMLU (Hendrycks et al., 2021a).

Models. We conduct experiments using four
open-source LLMs: DeepSeek-R1-Distill-Qwen-
7B, DeepSeek-R1-Distill-Llama-8B, DeepSeek-
R1-Distill-Qwen-1.5B (Guo et al., 2025), and
Qwen2.5-7B-Instruct (Qwen Team, 2025).

RL Setup. We fine-tune our models using the
GRPO algorithm, implemented with the Unsloth
framework. We apply a trainable LoRA mod-
ule (Hu et al., 2022) (rank=32, alpha=64), target-
ing all linear layers in the attention (Q/K/V/O)
and MLP (gate/up/down) blocks. The models are
trained for one epoch on four NVIDIA A100 GPUs
with a global batch size of 64, sampling K = 8
rollouts per prompt. We use a learning rate of
5× 10−6 and a maximum output length of 4096 to-

kens. Comprehensive details regarding the reward
formulation and system prompts are provided in
Appendix B.

Evaluation Settings. All methods use the same
chat templates and CoT prompting, and we re-
port avg@8 accuracy, defined as the average ac-
curacy over 8 independent sampling runs per prob-
lem. To assess varying reasoning budgets, extended
pass@k and majority-vote@k metrics are detailed
in Appendix E. For decoding, we use top-k=30
sampling with temperature 0.6, top-p=0.95, and a
maximum generated length of 32,768 tokens. Soft
Thinking (Zhang et al., 2025) is evaluated with its
official implementation and default hyperparame-
ters, detailed in Appendix C.1.

4.2 Main Results

We evaluated the proposed Soft Concept Mixing
(SCM) method on four models, and compared it
with traditional Chain-of-Thought (CoT) reason-
ing, Soft Thinking, and the reinforcement learning
baseline of GRPO fine-tuned on CoT. In addition,
we conducted an ablation study (denoted as SCM
w/o hidden states) where the soft concept vector
is directly added to the token embedding of the
next step. Detailed results are shown in Table 1.
To verify the robustness of these performance im-
provements, the results of statistical significance
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Method MATH500 AIME 2024 GSM8K GPQA-Diamond MMLU BBH Avg

CoT Thinking 91.75 50.00 90.25 50.44 66.58 45.19 65.70
Soft Thinking(Gumbel) 93.45 52.08 89.52 50.69 67.35 45.67 66.46
MOI 93.53 52.08 89.04 48.99 66.85 45.98 66.08
HRPO 93.73 55.00 89.88 50.76 66.70 46.34 67.07
Coconut 92.60 43.33 89.25 47.10 66.50 45.27 64.01

SCM (Ours) 94.40 56.25 92.53 52.84 67.91 48.98 68.82

Table 2: Comparison with concurrent methods on DeepSeek-R1-Distill-Qwen-7B. We report the avg@8 accuracy
(%) across six benchmarks.

tests are provided in Appendix D.
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Figure 2: Training process of GRPO with and without
SCM on DeepSeek-R1-Distill-Qwen-1.5B.

First and foremost, SCM demonstrates con-
sistent efficacy across diverse model architec-
tures. On both DeepSeek-R1-Distill-Qwen-7B and
DeepSeek-R1-Distill-Llama-8B, SCM achieves su-
perior average accuracies of 68.82% and 62.98%,
respectively, outperforming the CoT and Soft
Thinking baselines by margins ranging from 3.1
to 4.7 percentage points. Furthermore, SCM ex-
hibits superior performance compared to the strong
GRPO reinforcement learning baseline, particu-
larly on challenging benchmarks such as AIME
2024 and BBH. This indicates that by integrating
soft concepts directly into the reinforcement learn-
ing process, SCM enables the model to actively
adapt its internal representations to leverage these
continuous signals, thereby achieving more robust
reasoning trajectories.

Furthermore, the robustness of SCM is val-
idated on models with limited capacity. On
the lightweight DeepSeek-R1-Distill-Qwen-1.5B,
SCM still surpasses CoT, Soft Thinking, and
GRPO. This stability is also reflected in the train-
ing dynamics, where Figure 2 shows SCM ex-
hibits higher and more stable rewards compared
to GRPO in later training stages. The method’s
applicability extends beyond reasoning-oriented ar-
chitectures, as SCM also yields consistent gains on
an instruction-tuned model Qwen2.5-7B-Instruct.

Finally, our ablation study confirms the necessity of
the hidden state fusion component, as its removal
degrades performance.

4.3 Comparison with Concurrent Works

We evaluate SCM against recent training-based
(Coconut (Hao et al., 2025), HRPO (Yue et al.,
2025)) and inference-time (Stochastic Soft Think-
ing (Wu et al., 2026), MOI (Zhuang et al., 2025))
latent approaches. For fairness, all baselines follow
their official implementations and recommended
configurations (Appendix C). Table 2 reports the
main results. Extended evaluations (Appendix F)
show SCM consistently outperforms concurrent
works CODI (Shen et al., 2025) and LTPO (Ye
et al., 2026).

Compared to existing latent approaches, SCM
is a purpose-built mechanism for autonomous la-
tent exploration. Unlike Coconut, which relies on
rigid imitative supervision and a computationally
expensive multi-stage curriculum, SCM leverages
outcome-driven RL to autonomously discover in-
tuition signals without predefined trajectories. Fur-
thermore, SCM circumvents the architectural com-
plexity of HRPO by projecting concepts natively
into the Key-Value subspace, preserving geomet-
ric consistency without specialized gating modules.
Unlike inference-only strategies (e.g., Stochastic
Soft Thinking, MOI) that inherently suffer from
training-inference mismatch, SCM integrates soft
concepts directly during training. Crucially, SCM
establishes a continuous semantic pathway, en-
abling later steps to be dynamically conditioned
on the rich distributions generated in earlier steps.

Collectively, SCM maintains robust out-of-
domain performance without catastrophic forget-
ting, exhibiting distinct advantages in reasoning ca-
pability, architectural simplicity, and autonomous
optimization over existing latent paradigms.
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Figure 3: PCA shift of DeepSeek-R1-Distill-Llama-8B across six datasets.

5 Analysis

5.1 Latent Space Shift Analysis

To further investigate the impact of SCM on the
internal representation structure of models, we em-
ploy Principal Component Analysis (PCA) to vi-
sualize and quantitatively evaluate the shift of la-
tent representation centers before and after training
across different models (Huan et al., 2026; Zheng
et al., 2025; Xu et al., 2026). Specifically, we apply
PCA (n = 2) to the hidden states of all transformer
layers. For each layer l and evaluation dataset D,
we compute the centroid of the hidden states zl,D.
The latent space deviation is then defined as the Eu-
clidean distance between the centers of the trained
and initialized models: dl,D = ∥z(trained)

l,D −z
(init)
l,D ∥2.

The quantitative results in Table 3 are derived by
averaging dl,D across all transformer layers and all
datasets within each specific category, providing a
robust measure of global representational drift.

Model Method Math
Datasets

Knowledge
Datasets

DS-R1-L-8B GRPO 0.02 0.07
SCM 0.06 0.05

DS-R1-Q-1.5B GRPO 0.04 0.06
SCM 0.05 0.08

Table 3: PCA shift distances of representation centers
across models.

Figure 3 presents PCA distribution comparisons
for the same model evaluated across six datasets.
We observe that whether trained solely with GRPO
or with the additional SCM mechanism, the overall
latent representation shows no significant large-
scale drift, indicating stable policy optimization.

This stability is quantitatively confirmed across dif-
ferent model architectures in Table 3. Crucially,
SCM achieves significant performance gains de-
spite this minimal representational shift. This sug-
gests that the soft concepts facilitate localized ad-
justments to intermediate representations, rather
than inducing large-scale shifts in the overall repre-
sentation space.

5.2 Ablation on the Added Noise

To determine whether the performance gains
of SCM stem from the preservation of multi-
hypothesis semantic distributions, or merely from
stochastic regularization and dense architectural
connectivity within the embedding manifold, we
evaluate four information carriers:

• Gaussian Noise: A random vector ϵ ∼
N (0, σ) matching SCM’s average magnitude,
testing pure stochastic regularization.

• Random Token Mixture: An average embed-
ding of uniformly sampled tokens matching
the candidate set size, injecting structurally
valid but semantically irrelevant noise.

• Logit Concatenation: The raw, unnormal-
ized logit vector zt ∈ R|V | concatenated via
a linear layer, exploring raw feature transmis-
sion.

• Hard Token Embedding (Sampled): The
exact embedding of the discretely sampled
token yt, providing a contextually accurate
but strictly singular semantic signal to isolate
the architectural skip-connection effect.
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Method Information Carrier Integration GSM8K AIME 2024

GRPO (Baseline) None - 90.45 53.33
Gaussian Noise Random ϵ ∼ N (0, σ) Add to ht 90.52 53.33
Random Token Mix Random Embeddings ∈ Rd Add to ht 89.95 52.50
Logit Concat Raw Logits ∈ R|V | Concat to Input 89.80 51.67
Hard Token Embedding Sampled Embed ∈ Rd Add to ht 91.20 54.17
SCM (Ours) Soft Concept ∈ Rd Add to ht 92.53 56.25

Table 4: Ablation of information carriers on GSM8K and AIME2024 using DeepSeek-R1-Distill-Qwen-7B. We
compare SCM against alternative injection strategies to isolate the impact of multi-hypothesis semantic distributions.

As shown in Table 4, injecting arbitrary con-
tinuous signals (Gaussian Noise, Random Token
Mixture) or unnormalized dense features (Logit
Concatenation) fails to improve upon the vanilla
GRPO baseline, and often degrades performance
due to semantic conflict or the curse of dimension-
ality. This confirms that simply adding structural
perturbations or raw features is counterproductive;
the hidden state requires semantically aligned guid-
ance.

Crucially, while the Hard Token Embedding
baseline provides a contextually valid residual sig-
nal and slightly stabilizes reasoning, it strictly un-
derperforms SCM. This empirical gap provides
support for our core hypothesis: SCM’s superior-
ity is not a byproduct of denser cross-layer con-
nectivity, but stems directly from preserving the
alternative semantic trajectories encoded within the
continuous probability distribution pt.

Method Inference (A100) Training (1 Epoch)

Speed Overhead Avg@8 Time

Vanilla GRPO 1,584 tok/s - 67.06% ∼52 h
SCM (Ours) 1,511 tok/s +4.6% 68.82% ∼54 h

Table 5: Efficiency comparison on DeepSeek-R1-Distill-
Qwen-7B.

5.3 Computational Efficiency Analysis
We benchmarked the computational cost us-
ing DeepSeek-R1-Distill-Qwen-7B on a single
NVIDIA A100. As shown in Table 5, SCM in-
troduces a marginal inference overhead of ∼4.6%
(1,511 vs. 1,584 tokens/s). Leveraging the trun-
cation strategy, the resulting computation is im-
plemented as a highly parallelized matrix-vector
product, ensuring that the per-step overhead re-
mains minimal on GPUs. Regarding training, SCM
requires slightly more wall-clock time (∼54h vs.
∼52h per epoch) but yields an Avg@8 improve-

ment of 1.76 percentage points. This demonstrates
that SCM offers a highly favorable trade-off, ex-
changing minor computational cost for substantial
improvements in latent reasoning.

6 Conclusion

In this work, we introduced Soft Concept Mix-
ing (SCM), a lightweight training framework that
mixes the rich semantic information from the
discarded probability distribution back into the
model’s latent space, and explicitly preserves these
continuous distributional signals via reinforcement
learning. Our experiments across multiple bench-
marks and architectures demonstrate that this ap-
proach consistently improves performance across
diverse reasoning benchmarks while maintaining
stable training dynamics, offering a computation-
ally efficient strategy for enhancing latent reason-
ing in LLMs.

Limitations

While SCM demonstrates significant improve-
ments in latent reasoning, several limitations war-
rant future investigation. First, our method has
been validated exclusively within the GRPO frame-
work; it remains to be verified whether other al-
gorithms (e.g., PPO) or standard Supervised Fine-
Tuning (SFT) can effectively align soft concept
distributions. Second, future research could in-
vestigate whether latent reasoning is more concen-
trated within specific semantic blocks or hierarchi-
cal layers, and explore the potential expansion from
token-level soft concepts to more comprehensive
context-level representations. Finally, although the
injected soft concept vectors empirically enhance
performance by serving as effective “intuition” sig-
nals, these continuous biases are not directly inter-
pretable by humans, and we currently lack qual-
itative analysis to fully characterize the specific
semantic nature of these latent injections.
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A Benchmark Details

We utilize six benchmarks to evaluate reasoning
across diverse domains and difficulty levels:

• GSM8K (Cobbe et al., 2021): A dataset of
high-quality grade-school mathematics prob-
lems, containing 7.5k training and 1.3k test
samples.

• MATH-500 (Hendrycks et al., 2021b): A 500-
problem evaluation subset of the MATH test
set, comprising challenging competition-level
mathematics problems across seven subjects.

• AIME 2024 (MAA Committees, 2024): A set
of advanced competition-level problems from
the 2024 American Invitational Mathematics
Examination.

• GPQA-Diamond (Rein et al., 2024): A
graduate-level benchmark requiring deep do-
main knowledge and complex reasoning, pri-
marily in STEM fields.

• BIG-Bench Hard (BBH) (Suzgun et al.,
2023): A suite of 23 challenging tasks se-
lected from Big-Bench to evaluate complex
reasoning capabilities.

• MMLU (Hendrycks et al., 2021a): A mas-
sive multitask benchmark covering 57 sub-
jects across STEM, humanities, and social
sciences.

B Experimental Details

In this section, we provide the specific configura-
tions used in our experiments, including the reward
formulation and system prompts.

B.1 Reward Function Formulation
To guide the reinforcement learning process, we
design a composite reward function r(k) that con-
sists of two components: a correctness reward racc
and a format compliance reward rfmt.

• Correctness Reward (racc): This binary term
is set to 1 if the model’s final answer matches
the ground truth, and 0 otherwise.

• Format Reward (rfmt): To ensure the struc-
tural integrity of the reasoning trace, we grant
+0.25 for the presence of each of the four re-
quired structural tags: <think>, </think>,
<answer>, and </answer>.

B.2 RL Training Prompt

The system prompt used during the Reinforcement
Learning (RL) training phase is presented below:

System Prompt for RL Training

Think about the problem and provide
your working out. Then put your final
answer within \boxed{}. The reasoning
process and answer are enclosed within
’<think>’ ’</think>’ and ’<answer>’
’</answer>’ tags, respectively, i.e., <think>
{reasoning process} </think> <answer>
\boxed{{final answer}} </answer>.
{Question}

B.3 Mathematical Reasoning Prompts

The evaluation prompt for mathematical reasoning
benchmarks (GSM8K, MATH, AIME 2024) is as
follows:

System Prompt for Math Benchmarks

Please reason step by step, and put your final
answer within \boxed{{}}.
{Question}

B.4 Knowledge-Based Reasoning Prompts

The evaluation prompt for knowledge-based rea-
soning benchmarks (MMLU, GPQA, BBH) is as
follows:

System Prompt for Knowledge-Based
Benchmarks

Please solve the following multiple-choice
question. Please show your choice in the
answer field with only the choice letter, e.g.,
"answer": "C".
{Question}

C Implementation Details of Concurrent
Baselines

To ensure a fair and rigorous comparison, we
strictly followed the official training protocols and
hyperparameter settings for all concurrent base-
lines. For training-based methods (Coconut and
HRPO), models were trained on the standard splits
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of GSM8K and MATH. For inference-time strate-
gies (Soft Thinking, Stochastic Soft Thinking, and
MOI), we kept the evaluation setup identical to our
SCM runs (using the same chat template, decod-
ing temperature 0.6, maximum output lengths, and
avg@8 metric).

C.1 Soft Thinking
We evaluate Soft Thinking (Zhang et al., 2025)
using its official codebase. Following the default
configuration, the concept tokens are determined
using a sampling strategy with temperature 0.6,
top-p = 0.95, and top-k = 30. Regarding the
inference termination strategy, we utilize the "Cold
Stop" mechanism with an entropy threshold of 0.1
and a length threshold of 256 tokens.

C.2 Coconut Reimplementation
Since the original Coconut (Hao et al., 2025) im-
plementation targeted GPT-2, we adapted the code-
base for the 7B model using Low-Rank Adaptation
(LoRA) to manage computational costs while main-
taining performance. We strictly implemented its
signature multi-stage continuous reasoning cur-
riculum:

• Stage 0 (Warm-up): The model is first
trained with standard Supervised Fine-Tuning
(SFT) on the target logic chains.

• Curriculum Stages: Following the initial
warm-up, we progressively increase the num-
ber of continuous latent tokens (k) that replace
the original discrete reasoning tokens.

• Training Schedule: Each stage consists of
3 training epochs. The transition between
stages allows the model to gradually adapt
from discrete CoT generation to continuous
latent reasoning, ensuring the stability of the
latent space.

C.3 HRPO Settings
For Hybrid Reasoning Policy Optimization
(HRPO) (Yue et al., 2025), we follow the official
implementation and hyperparameter configurations
described in the original work.

Gating Mechanism. HRPO introduces a learn-
able gating parameter Λ to balance latent hidden
representations and token embeddings. Follow-
ing the original setup, the initialization is chosen
such that the hidden ratio falls within the recom-
mended range [0.95, 0.999]. Sensitivity analysis in

the HRPO study shows that performance remains
stable across this interval with only minor varia-
tions across knowledge and STEM benchmarks. In
our experiments, we adopt Λ = 0.99, which lies
within this effective range and provides competitive
performance across tasks.

C.4 Stochastic Soft Thinking

Stochastic Soft Thinking (Wu et al., 2026) utilizes
Gumbel-Softmax sampling to inject stochastic
noise into the token logits prior to normalization,
thereby diversifying the mixture of tokens. In our
experiments, we set the internal Gumbel-Softmax
distribution hyperparameter to τ = 0.5, follow-
ing the optimal configuration reported in the orig-
inal study to provide a continuous approximation
for the categorical distribution.

C.5 Mixture of Inputs (MOI)

Mixture of Inputs (MOI) (Zhuang et al., 2025)
blends the discrete sampled token with the dis-
carded token distribution to maintain richer infor-
mation. The hyperparameter β controls the concen-
tration over the mixing weights, effectively balanc-
ing the model’s prior belief (the output distribution)
with its observed evidence (the sampled token). We
set the concentration parameter to β = 1.

D Statistical Significance Analysis

In our main experiments (Table 1), we follow the
standard practice of reporting the Avg@8 evaluation
metric to evaluate the reasoning capabilities of the
models. To strictly evaluate the statistical signifi-
cance of the performance gains achieved by SCM,
we conduct additional sampling-based evaluations.
Specifically, utilizing the exact same model check-
points, we evaluate the DS-R1-Q-7B and DS-R1-
L-8B backbones across 3 different random seeds
during the decoding phase.

Averaged results and standard deviations (±σ)
across these 3 independent evaluation runs are pre-
sented in Table 6. Furthermore, we perform a
paired t-test between the trial outcomes of SCM
and the strongest baseline (GRPO). Results demon-
strating statistically significant improvements (p <
0.05) are highlighted in bold with an asterisk (∗).

These findings confirm that SCM consistently
outperforms standard RL optimization. The anal-
ysis demonstrates that SCM delivers reliable and
highly significant performance gains on reasoning-
intensive benchmarks, exhibiting strong statistical
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Model Method MATH500 AIME24 GSM8K GPQA-D MMLU BBH Avg.

DS-R1-Q-7B
GRPO 93.12±0.42 52.92±0.59 90.30±0.32 51.16±0.48 67.10±0.22 47.12±0.65 66.95±0.28

SCM (Ours) 94.28∗±0.28 55.83∗±0.59 92.41∗±0.28 52.69∗±0.45 67.85±0.25 48.75±0.58 68.64∗±0.24

DS-R1-L-8B
GRPO 81.25±0.48 47.64±0.71 70.10±0.45 44.95±0.55 72.05±0.32 48.15±0.68 60.69±0.38

SCM (Ours) 82.45∗±0.35 54.58∗±0.59 71.75∗±0.32 45.64±0.42 73.80∗±0.28 48.80±0.55 62.84∗±0.30

Table 6: Significance test of SCM. Values are mean ± SD across 3 evaluation seeds. Bold∗ denotes p < 0.05
(paired t-test).

Model Method Metric MATH AIME 24 GSM8K GPQA-D MMLU BBH Avg.

DS-R1-Q-1.5B

GRPO pass@1 81.40 33.33 76.95 33.84 45.10 24.50 49.19
SCM pass@1 82.80 36.67 77.79 34.34 45.80 28.20 50.93

GRPO maj@8 84.20 36.67 77.10 34.34 46.20 26.20 50.79
SCM maj@8 85.20 36.67 78.17 36.36 47.20 30.10 52.28

Qwen2.5-7B-INS

GRPO pass@1 75.40 13.33 90.67 32.32 68.10 60.56 56.73
SCM pass@1 76.20 16.67 91.89 32.83 69.50 62.94 58.34

GRPO maj@8 78.60 16.67 92.42 34.34 71.20 64.10 59.56
SCM maj@8 80.20 20.00 94.54 35.35 72.80 65.40 61.38

Table 7: Performance Comparison of Pass@1 and Majority-vote@8.

confidence without relying on favorable sampling
variance.

E Extended Evaluation: Pass@1 and
Majority Voting

To provide a more comprehensive and granular
assessment of SCM’s performance under varied
inference constraints, we report the pass@1 and
majority-vote@8 (maj@8) results for DeepSeek-
R1-Distill-Qwen-1.5B and Qwen2.5-7B-Instruct
in Table 7. This evaluation examines the robust-
ness of internalized latent reasoning in both single-
trial scenarios and high-budget settings where self-
consistency is employed.

F Extended Comparison with Latest
Baselines

To further substantiate the effectiveness of our pro-
posed approach, we extend our evaluation to in-
clude two recently proposed latent reasoning frame-
works: CODI (Shen et al., 2025) and LTPO (Ye
et al., 2026). Since these works are highly con-
current, we quote their reported performance di-
rectly from the original papers (denoted with †)
and evaluate SCM under identical evaluation pro-
tocols (e.g., adopting the same base models, bench-
mark datasets, and pass@1 metric) to ensure a fair
comparison.

Comparison with LTPO. We compare SCM
against LTPO on the Qwen2.5-7B-Instruct

backbone across five mathematical reasoning
benchmarks: GSM8K (Cobbe et al., 2021),
Math500 (Hendrycks et al., 2021b), ASDiv
Aug (Miao et al., 2020), AIME 2024 (MAA
Committees, 2024), and AIME 2025 (MAA
Committees, 2025). As shown in Table 8, SCM
consistently outperforms LTPO. Specifically, our
method achieves an overall average improvement
of 1.39 percentage points, with notable gains
on GSM8K (91.89% vs. 88.17%) and Math500
(76.20% vs. 73.60%).

Comparison with CODI. CODI attempts to
compress the chain-of-thought into a continuous
space via a self-distillation paradigm. To com-
pare with this approach, we evaluate SCM against
CODI using the GPT-2 model. Following CODI’s
evaluation protocol, we measure performance on
SVAMP (Patel et al., 2021), GSM-Hard (Gao et al.,
2023), and MultiArith (Roy and Roth, 2015). As
shown in Table 9, SCM outperforms CODI by a
clear margin, demonstrating superior continuous
reasoning without requiring the complex multi-
stage distillation process.

G Ablation Study on Layer-wise Injection

To explore the impact of SCM injection strategies
across different architectural depths, as recent re-
search indicates that transformer layers in LLMs ex-
hibit distinct functionalities in reasoning and knowl-
edge retrieval (Song et al., 2026), we conducted an
additional layer-wise ablation study on DeepSeek-
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Method GSM8K Math500 ASDiv Aug AIME24 AIME25 Avg.

LTPO† 88.17 73.60 92.20 16.67 13.33 56.79
SCM (Ours) 91.89 76.20 92.80 16.67 13.33 58.18

Table 8: Comparison with LTPO on Qwen2.5-7B-Instruct. The symbol † indicates the pass@1 accuracy reported by
(Ye et al., 2026). Best results are in bold.

Method SVAMP GSM-Hard MultiArith Avg.

CODI† 42.90 9.90 92.80 48.53
SCM (Ours) 56.50 11.20 94.30 54.00

Table 9: Comparison with CODI on GPT-2. The symbol
† indicates the pass@1 accuracy reported by (Shen et al.,
2025). Best results are in bold.

R1-Distill-Qwen-1.5B. Specifically, we divided the
transformer layers into three groups: Bottom (lay-
ers 0–8), Middle (layers 9–18), and Top (layers
19–27), and evaluated the model’s performance
when soft concepts were injected exclusively into
each individual group. The Avg@8 accuracy is
reported in Table 10.

Injection GSM8K MATH500

GRPO (Baseline) 76.95 82.75
Bottom 77.15 83.10
Middle 77.58 83.65
Top 77.05 82.95
SCM (All Layers) 77.79 84.00

Table 10: Layer-wise SCM ablation results (Avg@8).

The results show that injecting soft concepts into
middle layers provides competitive improvements,
suggesting that these layers may offer an effec-
tive interface for incorporating continuous seman-
tic information. Meanwhile, full-layer injection
achieves the best overall performance, indicating
that different layers can mutually benefit from con-
tinuous concepts during reasoning.
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