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Abstract

This paper proposes Shortcut Decoding, an ef-
ficient framework for accelerating Chain-of-
Thought (CoT) reasoning in Large Language
Models (LLMs). Existing methods that prune
or employ early stopping to reduce latency of-
ten compromise reasoning reliability. Moti-
vated by the observation that LLMs frequently
converge to correct solutions internally before
completing explicit textual reasoning, we pro-
pose a dual-signal adaptive controller that in-
tegrates lightweight probes over internal hid-
den states with step-level entropy. This con-
troller detects reasoning convergence during
generation and adaptively selects between a
fast exit path and a stability-verified path to
remove redundant steps while preserving an-
swer correctness. Experiments across multiple
mathematical reasoning benchmarks demon-
strate that Shortcut Decoding reduces token
usage by approximately 35%, maintains ac-
curacy comparable to full CoT decoding, and
maintains final-answer accuracy comparable to
the full CoT baseline, outperforming existing
early-stopping methods without updating the
base model. Our code is available at https:
//anonymous . 4open.science/r/test-15A.

1 Introduction

Chain-of-Thought (CoT) prompting and its struc-
tured variants have fundamentally enhanced the
reasoning capabilities of Large Language Models
(LLMs) by explicitly decomposing complex prob-
lems (Wei et al., 2022; Wang et al., 2023; Kojima
et al., 2022; Yao et al., 2023a; Zhou et al., 2023).
While recent Large Reasoning Models (LRMs),
such as OpenAl-ol and DeepSeek-R1, scale test-
time compute to achieve competition-level perfor-
mance (OpenAl, 2024; DeepSeek-Al, 2025), this
paradigm incurs a substantial computational cost.
Empirical evidence suggests that LRMs frequently
overthink: they continue to generate redundant
checks or digressions long after the core reason-

ing is internally resolved, sometimes even drifting
from a correct solution (Wei et al., 2025; Yang
et al., 2025; Li et al., 2024). A full CoT rollout
typically enumerates all reasoning steps from (1)
to (n) before emitting the final answer, even when
a substantial portion of the later steps is logically
redundant. While system-level optimizations can
alleviate latency (Kwon et al., 2023; Dao et al.,
2022; Leviathan et al., 2023), they do not address
this algorithmic redundancy.

Our work addresses the critical challenge of au-
tomatically truncating these redundant segments
without compromising accuracy. Prior efforts to
mitigate this efficiency bottleneck have primarily
relied on system-level optimizations (Dao et al.,
2022; Leviathan et al., 2023) or on model com-
pression techniques such as knowledge distilla-
tion (Yu et al., 2024; Li et al., 2025). However,
these approaches often require expensive retraining
or fail to dynamically adapt to the varying diffi-
culty of individual queries. While heuristic-based
early stopping (e.g., checking output entropy) of-
fers a training-free alternative (Mao et al., 2025;
Laaouach, 2025), it frequently suffers from the con-
fident error problem, where models maintain low
uncertainty even while hallucinating.

To overcome these limitations, we distinguish
our approach by grounding it not on speculative
heuristics, but on the empirical phenomenon sup-
ported by recent probing studies (Zhang et al.,
2025; Turpin et al., 2023): LLMs exhibit a think-
ing faster than they speak behavior. Specifically,
the high-dimensional internal representation often
converges to the correct answer well before the
textual generation concludes. Motivated by this
misalignment between internal belief saturation
and external realization, we propose a Shortcut
Decoding framework. Prior research indicates that
explicit CoT text does not always faithfully reflect
the model’s latent state (Lyu et al., 2023; Lightman
et al., 2024; Turpin et al., 2023; Manakul et al.,
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2023). While external signals such as semantic en-
tropy quantify confusion, they often fail to detect
“confidently wrong” errors (Liu et al., 2025; Far-
quhar et al., 2024; Kossen et al., 2024; Mao et al.,
2025; Laaouach, 2025; Li et al., 2025). Conversely,
internal probes on hidden states can effectively pre-
dict reasoning correctness well before the genera-
tion concludes (Fu et al., 2025; Shen et al., 2025;
Xu et al., 2025).

Utilizing these insights, we define a task-specific
reasoning convergence point as an intermediate
step at which the model’s hidden states already
capture a correct solution, even though the model
may continue generating additional CoT text subse-
quently. Our goal is to detect such a step 5;» during
decoding and then switch directly to final answer
generation, thereby skipping the remaining reason-
ing steps. To achieve this, we propose a dual-signal
early-exit framework built atop a frozen reasoning
model, without updating the base model parame-
ters. After each reasoning step .5;, the controller
collects two complementary signals. The first is
an internal confidence score Sprope (.S;), predicted
from the step representation by a lightweight MLP
probe gs. The second is an external uncertainty
score H;, computed as the step-averaged output
entropy. These two signals are jointly used to deter-
mine whether to terminate reasoning. Specifically,
afast exit is triggered when either Sprope (5;) is very
high or Hyye(S;) reaches an extreme low level, in-
dicating strong convergence. When Sprope(S;) is
high but H; remains moderate, a stable exit strat-
egy is applied, which requires the signals to remain
consistent over multiple consecutive steps before
exiting.

Our contributions are summarized as follows:

* Empirical Validation of “Thinking Faster than
Speaking” Hypothesis: We provide empiri-
cal evidence that the internal hidden states of
LLMs offer predictive signals for final cor-
rectness significantly earlier than explicit CoT
completion, laying a foundation for early stop-
ping based on internal states.

* Entropy-Probe Dual-Signal Framework: We
propose a novel framework that unifies inter-
nal semantic consistency and external uncer-
tainty. This dual-signal approach enables ro-
bust and adaptive early stopping, addressing
the limitations of relying solely on entropy or
internal probes.

* Adaptive Controller Design: An adaptive con-
troller dynamically evaluates internal probe
scores and step-level entropy during reason-
ing. It takes different actions based on the
reasoning state (e.g., rapid convergence, grad-
ual convergence, or confusion), achieving ef-
ficient inference under strict accuracy con-
straints.

* Significant Efficiency-Accuracy Trade-Off:
Extensive experiments on mathematical rea-
soning benchmarks show that our method sub-
stantially reduces token usage while main-
taining or improving accuracy, outperforming
state-of-the-art dynamic early-exit baselines
(Wei et al., 2025; Yang et al., 2025; Li et al.,
2024). This effectively mitigates semantic
drift and redundancy in long CoT reasoning.

2 Related Work

To address the high computational cost and over-
thinking behavior of LLMs on complex reason-
ing tasks, prior work has mainly followed two di-
rections: (i) explicit self-correction and structured
CoT methods that improve robustness at the cost
of longer reasoning; and (ii) dynamic, training-
free early stopping that intervenes during inference
without changing base model parameters.

2.1 Self-Correction and Structured CoT

A primary line of research enhances reasoning
robustness by structuring the generation process.
Agentic and reflective paradigms, such as ReAct
and Reflexion, organize reasoning into iterative
“act-and-reflect” cycles to revise answers based on
feedback (Yao et al., 2023b; Shinn et al., 2023).
Similarly, structured prompting schemes, includ-
ing Self-Consistency, Tree-of-Thoughts, Least-to-
Most, and step-wise verification, explicitly decom-
pose problems or explore diverse reasoning paths
to ensure reliability (Wang et al., 2023; Yao et al.,
2023a; Zhou et al., 2023; Kojima et al., 2022; Lyu
et al., 2023; Lightman et al., 2024).

However, these extensive reasoning chains face
two critical issues: faithfulness and efficiency.
From a faithfulness perspective, models often gen-
erate explanations decoupled from their internal
states, and self-correction is not guaranteed to rec-
tify logical errors (Lyu et al., 2023; Turpin et al.,
2023; Manakul et al., 2023). From an efficiency
perspective, empirical studies show that accuracy



gains often saturate while models overthink or spi-
ral into redundancy (Wei et al., 2025; Yang et al.,
2025; Li et al., 2024). Recent latent-space analy-
ses suggest a solution: essential reasoning logic is
often compressed in hidden states well before the
textual CoT concludes, as demonstrated by probe-
based and continuous CoT studies (Fu et al., 2025;
Shen et al., 2025; Xu et al., 2025).

2.2 Dynamic Inference-Time Intervention and
Early Stopping

A second direction focuses on dynamic interven-
tion: monitoring the evolving CoT and terminating
generation once convergence is detected (Wei et al.,
2025; Yang et al., 2025; Li et al., 2024). These
methods typically rely on two types of signals.

The first group utilizes surface-level patterns in
the generated text. Approaches like Dynamic Early
Exit and Escape Sky-high Cost monitor stability
or specific markers (e.g., “Wait”) to truncate re-
dundant explanations (Yang et al., 2025; Li et al.,
2024). While training-free, these rely on hand-
crafted heuristics that may not be generalized.

The second group leverages uncertainty and en-
tropy. Step-level entropy methods aggregate next-
token distributions to gauge confidence, triggering
early exits when entropy remains low (Mao et al.,
2025; Laaouach, 2025; Li et al., 2025). Broader
research on semantic entropy further quantifies hal-
lucination risks (Liu et al., 2025; Farquhar et al.,
2024; Kossen et al., 2024). However, a key limita-
tion is the “confidently wrong” phenomenon: low
entropy does not guarantee objective correctness
(Turpin et al., 2023). Although early-exit mecha-
nisms have been successfully applied in encoder-
style or adaptive architectures (Xin et al., 2020;
Schuster et al., 2022), adapting them to long-form
CoT requires more robust signals.

Our framework addresses these limitations
by combining external uncertainty with internal
hidden-state probes (Fu et al., 2025), creating a uni-
fied controller that distinguishes true convergence
from confident errors.

3 Methodology

This section proposes a Shortcut Decoding frame-
work, a plug-and-play method designed to acceler-
ate the reasoning of LLMs by pruning redundant
Chain-of-Thought (CoT) steps, without requiring
fine-tuning model parameters. An overall frame-
work is shown in Figure 1. The framework con-

structs a three-layer hierarchical architecture atop
the frozen base model.

The bottom layer is the Logical Step Segmen-
tation Layer. In this layer, the model generates
the chain-of-thought in an autoregressive manner,
while the system dynamically segments the contin-
uous token stream into distinct logical reasoning
steps. The middle layer is the Signal Extraction
Layer, which operates at the boundary of each log-
ical step to capture multi-dimensional indicators,
including the internal cognitive state obtained via
hidden state probes and the external uncertainty
obtained via output entropy. The top layer is the
Adaptive Decision Layer, where a dual-track con-
troller evaluates these fused signals to identify the
“Reasoning Completion Point” (RCP) and deter-
mines whether to immediately truncate the genera-
tion process.

3.1 Problem Setting

We consider a large reasoning language model fj
that takes a natural language question ¢ as input
and produces a chain-of-thought followed by a final
answer as output. The generated token sequence
can be written as

7yN)7 (1)

where the prefix corresponds to the chain-of-
thought (CoT) and the tail corresponds to the final
answer. The model defines a conditional distribu-
tion over output sequences and generates them in
an autoregressive fashion:
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During generation, the model maintains a se-
quence of hidden states {h;}¥,, where h; € RY
denotes the final-layer hidden representation at po-
sition ¢. At each position, a linear projection fol-
lowed by a softmax maps h; to a probability distri-
bution over the vocabulary V,

pt(v) = p@(yt =0 | y<t7Q)7 v e V7 (3)

which is used both for sampling the next token and
for constructing uncertainty-based signals in later
sections.

To make early-stopping decisions at a more
meaningful granularity than single tokens, we seg-
ment the CoT prefix into a sequence of logical
steps:

C:(SLSQ?"'aSL)v (4)
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Figure 1: Overall architecture of our shortcut decoding framework. At each reasoning step, the controller reads the
step-average entropy and the probe score, and chooses among fast early stop, stable early stop, or continuing CoT

generation.

where each .5; is a contiguous subsequence of to-
kens corresponding to one interpretable reasoning
step. To facilitate online boundary detection, we
adopt a unified prompting template that encour-
ages the model to write CoT in a numbered format
such as “(1)...(2)...(3) ...”. During generation,
whenever the output stream contains a “newline
+ step index” pattern (e.g., “\n(2)”"), we treat the
tokens from the previous index up to that newline
as a complete step S;, and only at such step bound-
aries do we compute step-level signals and consider
early-stopping decisions.

3.2 Entropy-Based External Signal and
Training-Free Early Stopping

We use output-distribution entropy as an external
uncertainty signal. At decoding position ¢, the
model yields a next-token distribution p; over the
vocabulary V, and the token entropy is

Zpt

veV

) log p¢(v). )

To reduce token-level noise, we aggregate entropy
at the reasoning-step level. Let 7(S;) be the set
of token positions in step 5;. The step-average
entropy is

Havg(Si) |T Z Ht (6)
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Entropy-only baseline. During online decoding,
at each step boundary we maintain (i) current CoT
token usage under a per-problem thinking budget,
and (ii) a window of the most recent step entropies.
We trigger early stopping at step .5; if (a) the re-
maining budget is sufficient for final answer genera-
tion and (b) all step-average entropies in the recent
window are below a fixed threshold. Once trig-
gered, we terminate CoT, treat the current history
as the reasoning context, and switch to an answer-
only prompt to produce the final answer.

This baseline is training-free and model-
agnostic, but entropy mainly reflects confidence
rather than correctness: the model may follow an
incorrect premise with consistently low entropy,
causing premature exits on “confident-but-wrong”
trajectories. This motivates adding an internal sig-
nal that better correlates with reasoning correctness
and completion.

3.3 Adaptive Early Stopping with Entropy
and Probe Signals

As shown in Figure 1, our framework keeps the
base model frozen and adds an Adaptive Controller
that decides whether to stop or continue after each
reasoning step .S;. The controller takes two step-
level signals as input, an internal probe score and
an external entropy score.

For each step S;, we first construct a step-level



hidden representation by averaging the final-layer
hidden states within the step
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which summarizes the internal reasoning state after
completing step .S;. On top of hjtep, we attach
a lightweight probe g, implemented as a small
multilayer perceptron

s(S;) = go(h;P), (8)

and obtain a step-level probe score through a sig-
moid

Sprobe(si) = U(S(Si))7 )]

which estimates whether the current reasoning state
is sufficient for safely producing the final answer.
The probe is trained with step-level labels while
the base model fy remains frozen. In parallel, the
entropy branch provides the external uncertainty
signal Haye(.S;) defined in Section 3.2.

At inference time, the Adaptive Controller reads
the pair (Havg(Si), Spmbe(Si)) at each step bound-
ary and chooses among Fast Exit, Stable Exit, and
Continue, matching the three outgoing paths in
Figure 1. Fast Exit targets highly confident steps
and triggers immediate termination whenever ei-
ther condition holds

H, avg (Sz ) S eentropy_extreme 3 ( 10)

or

Sprobe(Si) 2 Qaha- (11)

When Fast Exit is triggered, we stop CoT genera-
tion at step .5; and directly generate the Final An-
swer from the current context.

Stable Exit handles gradual convergence, where
Sprobe (i) is high but Hyye(.S;) is not yet at an ex-
treme low level. To avoid reacting to transient fluc-
tuations, the controller requires step-level consis-
tency over a window of length K and triggers Sta-
ble Exit only when the probe scores remain above
Ostable and the recent entropies stay in a medium-to-
low range for consecutive steps. If neither Fast Exit
nor Stable Exit is activated, the controller selects
Continue and the Frozen LLM generates the next
reasoning step, after which the signals are recom-
puted and the decision is repeated.

4 Experiments

4.1 Experimental Setup

Datasets and Models To assess model perfor-
mance across reasoning tasks of varying diffi-
culty, we selected three representative benchmarks:
MATH-500 (covering algebra, geometry, and other
competition-level domains), GSM8K (grade school
math word problems), and AIME 2024/2025 (high-
difficulty competition problems). For the mod-
els, we employed DeepSeek-R1-7B, DeepSeek-R1-
14B, and Qwen3-8B. These models possess strong
Chain-of-Thought (CoT) generation capabilities,
allowing us to verify the method’s generalizability
across different scales and architectures.

Baselines We compare our proposed “Entropy-
Probe Dual-Signal” method against several base-
lines: (1) Standard CoT (Baseline); (2) No-thinking
(direct answer generation), serving as a perfor-
mance lower bound; and (3) state-of-the-art dy-
namic early-stopping methods, DEER (Yang et al.,
2025) and Dynasor (Fu et al., 2025). Additionally,
we examine ablation variants, Pure Entropy and
Pure Probe, to validate the necessity of the dual-
signal design.

Evaluation Metrics The evaluation metrics pri-
marily include final answer Accuracy (ACC), Aver-
age Token Consumption (Avg Tokens), and Com-
pression Ratio (CR). The compression ratio quanti-
fies efficiency gains and is defined as:

N (i)
Zi:l Tez:rly

CR = :
N 7
Zizl TfSJl)l

(12)

where Té;r)ly and Tf(uil)l represent the token counts
for the early-stopped and full reasoning paths, re-
spectively. A lower CR value indicates greater

computational savings.

Inference Implementation Strategy For evalu-
ation, we run the early-exit decoding and the full-
CoT decoding separately under the same prompts
and decoding settings. When simulating an early
exit, we reuse the KV cache at the selected step
boundary to start answer-only decoding from the
same prefix, ensuring a fair comparison without
information leakage. All token statistics reported
for efficiency are computed on the early-exit path
only.



Method

GSMSK

MATH-500

AIME 24

AIME 25

Acc (%)1 Tokens] CR| Acc (%)1 Tokens| CRJ Acc (%) Tokens] CRJ} Acc (%)1 Tokens] CRJ

DeepSeek-R1-Distill-Qwen-7B

Baseline 89.5% 1512.3 100.0% 90.8% 3661.9
No-thinking 86.9%  302.1 20.0% 80.1% 585.7
Dynasor 89.5% 12933 855% 87.7% 2896.3
DEER 89.8% 11679 772% 87.8% 23473
Ours 90.6% 1036.5 68.5% 91.2% 2193.5
DeepSeek-R1-Distill-Qwen-14B

Baseline 932% 1519.6 100.0% 92.1% 3992.1
No-thinking 91.2% 2939 19.3% 86.4% 1321.8
Dynasor 93.1% 12425 81.8% 91.0% 2294.4
DEER 93.0% 11832 779% 91.6% 2364.3
Ours 93.2% 1003.7 66.1% 92.4% 2102.6
QOwen3-8B

Baseline 93.8% 2194.5 100.0% 93.4% 5216.3
No-thinking 89.2%  452.3 20.6% 92.5% 1269.6
Dynasor 924% 18235 83.1% 91.1% 3069.3
DEER 953% 16627 75.8% 89.2% 3064.9
Ours 958% 1513.3 69.0% 96.3% 2753.8

100.0%
16.0%
79.1%
64.1%
59.9%

100.0%
33.1%
57.5%
59.2%
52.7%

100.0%
24.3%
58.8%
58.8%
52.8%

43.3%
10.0%
43.3%
43.3%
53.3%

51.7%
26.7%
46.7%
53.3%
63.3%

63.3%
26.7%
60.0%
63.3%
66.7 %

10611.3 100.0%
2289.5 21.6%
10231.6 96.4%
10611.3 100.0%
6583.5 62.0%

11252.1 100.0%
5639.4 50.1%
89219 79.3%
8214.2 73.0%
8219.3 73.0%

13120.3 100.0%
3189.7 24.3%
11250.6 85.7%
10383.1 79.1%
8123.3 61.9%

36.7%
10.0%
36.7%
33.3%
40.0%

36.7%
13.3%
33.3%
43.3%
43.3%

53.3%
16.7%
46.7%
53.3%
60.0%

10309.0 100.0%
1755.3 17.0%
9125.4 88.5%
11432.8 111.0%
5937.0 57.6%

12103.0 100.0%
6128.3 50.6%
9834.6 81.3%
10313.6 85.2%
10625.7 87.8%

11923.8 100.0%
4323.0 36.3%
9281.5 77.8%
11284.3 94.6%
8039.9 67.4%

Table 1: Accuracy—cost trade-off on GSM8K, MATH-500, AIME 24, and AIME 25. Acc is the final-answer
accuracy (%), Tokens is the average number of CoT tokens generated (excluding the final answer), and CR is the
compression ratio relative to the full CoT baseline (lower CR indicates fewer tokens retained, i.e., higher efficiency).

4.2 Does the Model “Think Faster Than It
Speaks”?

Before building an early-stopping mechanism, we
first verify the core hypothesis of this work: the
internal hidden states of large reasoning models
contain forward-looking signals that can predict
the correctness of the final answer before the ex-
plicit chain-of-thought (CoT) text is fully gener-
ated. If this holds, then success or failure can be
judged from intermediate internal representations,
providing a solid basis for shortcut decoding.

We attach a lightweight MLP probe on top of
the frozen base model. At the end of each logical
step in the CoT, the probe reads the correspond-
ing step-level hidden representation and is trained,
under binary supervision, to predict whether the
current reasoning path will eventually lead to a
correct final answer. The probe output is mapped
through a sigmoid to obtain an estimated proba-
bility that “continuing from this step will yield a
correct answer.”

Figure 2 reports the probe accuracy as a func-
tion of relative CoT progress. Even within the
first ~10% of the reasoning trajectory, the probe al-
ready reaches around 70-80% accuracy, well above
chance, indicating that meaningful correctness sig-
nals emerge very early. More importantly, the
accuracy rises further and reaches the mid-90%

range around the late stage (roughly 75-85% of
the CoT), after which it remains essentially stable.
This suggests that before the model spends the last
~15-25% of its computation generating detailed
derivations and formatted explanations, its internal
representations have largely locked onto the correct
conclusion. These observations provide empirical
evidence for the claim that the model thinks faster
than it speaks, and motivate using internal states to
trigger early stopping around the reasoning com-
pletion point.

4.3 Effects and Limitations of the Pure
Entropy Early-Stopping Baseline

We analyze a pure entropy-based early-stopping
baseline to show that external uncertainty alone is
insufficient. At each logical step, we compute the
average token-level Shannon entropy and apply a
fixed threshold to decide whether to terminate CoT
generation.

Figure 3 shows a representative MATH-500 case.
Although the model reaches the correct answer at
Step 3, it continues redundant verification. Step
entropy oscillates: it spikes during linguistic hesita-
tion (e.g., “Wait...”) and drops during deterministic
re-checks, making fixed thresholds unreliable for
separating true completion from redundant contin-
uation.



GSMBK MATH-500

Method

AIME 24 AIME 25

Acc (%)1 Tokens] CR (%)] Acc(%)T Tokens| CR (%)] Acc(%)T Tokens] CR (%)] Acc (%)t Tokens| CR (%)]

DeepSeek-R1-Distill-Qwen-7B

Pure Probe  90.7% 1092.3 72.2% 91.2% 2308.6 63.0% 53.3% 6732.8 63.5% 40.0% 6436.0 62.4%
Pure Entropy 88.3% 9829 64.9% 88.1% 2089.3 57.1% 46.7% 61283 59.1% 36.7% 4770.0 46.3%
Ours 90.6% 1036.5 68.5% 91.2% 2193.5 59.9% 53.3% 6583.5 62.0% 40.0% 5937.0 57.6%
DeepSeek-R1-Distill-Qwen-14B

Pure Probe  93.3% 1205.3 79.3% 92.4% 2552.7 63.9% 63.3% 7716.8 68.6% 46.7% 10935.4 90.4%
Pure Entropy 91.9% 983.5 64.7% 88.6% 2076.4 52.0% 46.7% 4993.8 44.4% 333% 9939.4 82.1%
Ours 93.2% 1003.7 66.1% 92.4% 2102.6 52.7% 63.3% 8219.3 73.0% 43.3% 10625.7 87.8%
Qwen3-8B

Pure Probe  95.9% 1683.7 76.7% 95.6% 3512.8 67.3% 66.7% 11073.3 84.4% 60.0% 10935.7 91.7%
Pure Entropy 92.7% 1159.6 52.8% 92.7% 2493.1 47.8% 60.0% 7034.5 53.6% 53.3% 8064.0 67.6%
Ours 95.8% 1513.3 69.0% 96.3% 2753.8 52.8% 66.7% 81233 61.9% 60.0% 8039.9 67.4%

Table 2: Ablation study of different signaling mechanisms. Pure Probe relies solely on the internal hidden-state
probe, Pure Entropy relies solely on the external step entropy, and Ours (dual-signal) combines both to balance
efficiency and accuracy. Metrics: answer accuracy (Acc), average CoT tokens (Tokens), and compression ratio

(CR).

Stepwise probing accuracy
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Figure 2: Stepwise probing accuracy across relative
chain-of-thought positions. The probe accuracy rises
quickly and saturates around 80% of the CoT, well be-
fore the final answer is written out.

Quantitatively, this baseline reduces CoT tokens
by 43% but lowers accuracy from 90.8% to 88.1%
(Table 2). This highlights a fundamental mismatch:
step entropy reflects local next-token uncertainty
rather than global reasoning completion, motivat-
ing the need for internal probe signals.

4.4 Entropy-Probe Dual-Signal Adaptive
Early-Stopping Method

We now evaluate the proposed entropy-probe dual-
signal adaptive early-stopping method on the main
benchmarks and compare it with both the standard
full CoT decoding and existing early-stopping base-
lines such as DEER and Dynasor-CoT.

Table 1 summarizes the performance of
DeepSeek-R1-Distill-Qwen-7B, DeepSeek-R1-
Distill-Qwen-14B, and Qwen3-8B on GSMSK,
MATH-500, and AIME 2024/2025. Across models
and datasets, the dual-signal controller achieves a
favorable balance between efficiency and accuracy.
For example, across models and benchmarks, our
method reduces CoT tokens by roughly 31-47%,
while maintaining accuracy comparable to or
slightly better than full CoT decoding. This
counter-intuitive improvement suggests that
removing redundant late-stage reasoning not only
saves computation but can also reduce the risk of
logical drift and harmful self-correction in very
long CoT trajectories.

Compared with existing inference-time early-
stopping methods, the dual-signal controller offers
both higher accuracy and stronger compression.
Under comparable accuracy levels, it consistently
achieves lower compression ratios than DEER and
Dynasor-CoT, indicating more aggressive yet still
safe truncation of redundant segments. When con-
trasted with the single-signal variants, the effect
of signal combination becomes clearer: relative to
the pure entropy baseline, the dual-signal method
recovers most of the lost accuracy, especially on
medium- and high-difficulty problems where con-
fident but incorrect reasoning is common; relative
to the pure probe baseline, it achieves substantially
better compression by using entropy to identify seg-
ments where the model is confident at the token
level and therefore can afford to exit earlier.
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A store had 24 books. It sold 9 in the
morning and 7 in the afternoon.
How many books are left?
<think>
(1) Start with 24 books.
(2) Sold 9 in morning: 24 -9 = 15
(3) Sold 7 in afternoon: 15-7 = 8
(4) Wait, should | add or subtract?
Let me think again...
((5) Recalculate: 9+7=16, then 24-16=8 }-
(6) Confirmed. The answer is 8.
<think> 0.0

1.0

0.8

»
\

—

02

\ Mean T(\ken Entropy (nats)

\

Token Entropy Analysis

Probing - Correct
@® Probing » Wrong

Reasoning Step

Figure 3: A typical overthinking case. The model obtains the correct answer at Step 3 but continues redundant
reasoning. Step-wise entropy is high during hesitation phases and low during confident, deterministic steps, revealing

the limitation of simple entropy-based stopping criteria.

Overall, these results show that combining in-
ternal probe signals with external entropy signals
yields a robust and transferable early-stopping
mechanism that respects accuracy constraints while
significantly mitigating overthinking and high in-
ference cost.

4.5 Ablation Studies and Error Analysis

Table 2 reports ablations with Pure Entropy and
Pure Probe. Pure Entropy achieves the strongest
compression but consistently harms accuracy; on
MATH-500, it drops by about 2.7 points compared
to full CoT, showing that uncertainty alone cannot
separate true convergence from confident errors.
Pure Probe largely preserves accuracy but yields
weaker compression, indicating conservative stop-
ping when relying on internal signals alone. Com-
bining both signals yields a better balance: entropy
supports earlier exits in low-uncertainty regions,
while the probe helps reject semantically unreli-
able trajectories.

We also analyze why reducing overthinking can
improve final accuracy. We split baseline fail-
ures into reasoning errors, where the model never
reaches the correct answer, and overthinking errors,
where a correct intermediate conclusion is later
overwritten by redundant self-correction or explo-
ration. In our analysis, overthinking errors account
for a clear majority (roughly 55-65% of failures),
while the remaining 35-45% are reasoning errors.
This suggests many failures arise after the model

has already reached a correct state. By detecting
the reasoning convergence moment and truncating
promptly, our controller reduces such overwriting
and improves both efficiency and final-answer qual-

ity.
5 Conclusion

In this work, we address the inefficiency and over-
thinking issues in Large Reasoning Models (LRMs)
by proposing the Shortcut Decoding framework.
Grounded in the hypothesis that models think faster
than they speak, our framework employs a dual-
signal adaptive controller that combines internal
hidden-state probes with external step-level en-
tropy to accurately detect the reasoning conver-
gence point. Experimental results demonstrate that
our method reduces token consumption by approx-
imately 35% while maintaining or enhancing ac-
curacy, effectively reducing semantic drift from
redundant generation. This establishes a robust
paradigm for efficient reasoning.

Limitations

Our approach has limitations: it requires training
task-specific probes, limiting zero-shot generaliza-
tion to new tasks without additional data, and relies
on white-box access to model internals, making it
incompatible with closed-source systems that do
not expose intermediate representations.
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