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Abstract

Test-time compute has led to remarkable success in the large
language model (LLM) community, particularly for com-
plex tasks, where longer chains of thought (CoTs) are gen-
erated to enhance reasoning capabilities. However, growing
evidence reveals that such reasoning models often produce
CoTs plagued by excessive redundancy, including repetitive
verification steps and unnecessary reasoning shifts. The root
cause lies in post-training of them that overly rely on outcome
reward paradigms, as the data of process reward paradigms,
which regulate intermediate reasoning steps, is difficult to
construct at scale. To address this, we propose PI (1), a novel
framework for Test-time Prompt Intervention. PI provides an
interface to dynamically guide and regulate reasoning paths
during inference through timely (When module) and proper
(How module) interventions and post-intervention sampling
(Which module). This allows human problem-solving exper-
tise and cognitive science principles to be seamlessly inte-
grated into LLMSs’ reasoning processes, enhancing controlla-
bility and interpretability. Extensive experiments across mul-
tiple models and datasets demonstrate that PI significantly
shortens CoTs while reducing hallucination, yielding more
concise and reliable reasoning.

1 Introduction

While data and parameter scaling laws (Kaplan et al. 2020)
have long driven progress in large language models (LLMs),
the emergence of test-time scaling (Snell et al. 2024) has
shifted the community’s focus toward more efficient meth-
ods for enhancing reasoning capabilities. Pioneering works
such as OpenAl ol (OpenAl 2024), DeepSeek-R1, and
Qwen3 exemplify this paradigm, where large reasoning
models (LRMs) (Xu et al. 2025) leverage extended chains
of thought (CoTs) (Wei et al. 2023) to tackle complex prob-
lems, including mathematics (Cobbe et al. 2021; AI-MO
2024; Hendrycks et al. 2021; He et al. 2024) and scientific
(Rein et al. 2023; Lewkowycz et al. 2022) tasks.

However, recent studies (Chen et al. 2025; Team et al.
2025) have revealed that the CoTs generated by these LRMs
often exhibit significant redundancy (Chen et al. 2025;
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Figure 1: LRMs’ original reasoning misses the optimal tra-
jectory due to overthinking, resulting in verbosity, while 7 ’s
timely interventions streamline reasoning process, reaching
the correct conclusion more efficiently (12 steps to 4 steps).

Cuadron et al. 2025), such as repetitive verification and fre-
quent shifts in reasoning (Wu et al. 2025; Cuadron et al.
2025; Yang et al. 2025b). Some works (Manuvinakurike
et al. 2025) even argue that “Chain-of-Thought is not ex-
plainability,” suggesting that CoTs tend to produce plausi-
ble yet non-causal explanations, and advocate for integrating
cognitive science principles to make Al explanations more
aligned with human reasoning. The root cause lies in the
current post-training paradigm of LRMs, which primarily
relies on 0/1 outcome rewards, like GRPO (Shao et al. 2024;
Schulman et al. 2017), rather than process-based rewards
(Lightman et al. 2023; Wang et al. 2024; Zhang et al. 2025),



as the latter is inherently difficult to scale for data construc-
tion. This results in a lack of regulation over intermediate
reasoning steps during training. Intuitively, if empowering
models to regulate intermediate reasoning during training is
challenging, can we instead intervene in the reasoning pro-
cess at test time to achieve more concise and reliable CoT?
As illustrated in Figure 1 (upper), LRMs’ original reason-
ing deviates from the optimal trajectory due to overthink-
ing, resulting in verbosity. However, by intervening at crit-
ical moments (e.g., step 2) to guide reasoning actions, as
shown in the Figure 1 (lower), we can enforce progressive
reasoning and eliminate unnecessary shifts, thereby reach-
ing the correct conclusion more efficiently (reducing steps
from 12 to 4). While prior work has preliminarily explored
inserting prompts during CoT generation (e.g., s1’s (Muen-
nighoff et al. 2025) forced thinking or DEER’s (Yang et al.
2025b) early exit), none have systematically addressed the
guided regulation of reasoning paths. This paper uniquely
enables dynamic control over CoT trajectory unfolding,
significantly enhancing both the controllability and inter-
pretability (Manuvinakurike et al. 2025) in model reasoning.
To this end, we propose a framework, PI (), of test-
time Prompt Intervention, which is designed to compen-
sate for the lack of intermediate reasoning regulation dur-
ing model training. Within this framework, we explicitly de-
fine the purpose and function of each reasoning step, (such
as verification, summarization, and progressive reasoning)
thereby enhancing the transparency and interpretability of
the CoT. Building on this foundation, the proposed frame-
work provides an interface for users to dynamically control
the model’s reasoning path at appropriate junctures. This
enables the integration of human problem-solving exper-
tise and cognitive science principles into the CoT generation
process, resulting in more concise and reliable CoT.
Specifically, the PI framework consists of three core mod-
ules: When Module determines the optimal intervention tim-
ing. How Module establishes the most effective polices for
intervention. Which Module chooses the best candidate rea-
soning path post-intervention. We conducted a systematic
analysis of different implementations for these modules, em-
pirically validating the effectiveness of carefully designed
fixed-intervention patterns. Furthermore, we propose an au-
tomated intervention strategy adaptable to diverse scenarios.
Extensive experiments across multiple models and datasets
demonstrate that our method significantly improves reason-
ing conciseness, while effectively mitigating LLM halluci-
nations (Huang et al. 2025) (see Figure 6). These results un-
derscore the high potential of test-time prompt intervention
paradigms.
Our key contributions are summarized as follows:

* We propose a novel test-time prompt intervention frame-
work that regulates reasoning processes, offering new
perspectives for controllable chain-of-thought genera-
tion.

e Our plug-and-play method demonstrates remarkable
scalability across models of varying scales (e.g.,
DeepSeek Series, Qwen3), achieving comparable or su-
perior accuracy with only 40.5% to 50.4% of original
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CoT length on STEM benchmarks (GSMS8K, Math500,
AMC, OlympiadBench, GPQA, Minerva). Extensive ex-
periments on GSM-NoOp and Truthful QA datasets show
2.5%-4.1% reduction in hallucinations.

* The proposed PI framework introduces a human-AlI col-
laboration interface, seamlessly integrating cognitive sci-
ence principles and expert knowledge to guide LLM:s to-
ward more efficient and reliable reasoning paradigms.

2 Observations and Motivations

In this section, we analyze the reasoning patterns of LRMs
and identify issues inherent in their CoTs by visualization
and statistical analysis. We then conduct a preliminary ex-
ploration of prompt intervention, revealing substantial op-
portunities for optimization in LRMs’ reasoning trajectories.

While LRMs exploit the test-time scaling law to achieve
expert-level performance on complex tasks, recent studies
have revealed that they may consume thousands of tokens to
solve trivial problems like “2+3 =7 (Chen et al. 2025) and
exhibit problematic reasoning patterns, such as generating
more than twice the length for incorrect answers compared
to correct ones (Fatemi et al. 2025). This inevitably raises
questions about the rationality of LRMs’ reasoning trajecto-
ries. To understand LRMs’ reasoning behavior, we first seek
to answer the question: What is the logical structure of
CoT when expanded into reasoning steps?

To investigate this question, we visualize attention maps
to reveal how reasoning steps interconnect, providing an in-
tuitive view of dependency structures in the CoTs. We an-
alyze the reasoning trajectory generated by Qwen3-8B on
a MATH-500 sample, shown in Figure 2(c). The reason-
ing process is segmented into steps using “\n\n” delim-
iters, with step-level attention scores displayed in Figure
2(a). Based on these attention patterns, we construct a rea-
soning graph (Figure 2(b)) where nodes connect when their
attention score exceeds 0.1, and edge thickness indicates re-
lationship strength. More setups are placed in Appendix A.

Examining Figure 2 collectively, we observe distinct at-
tention patterns throughout the reasoning process. Early
stages focus primarily on step 2, which explores the
problem-solving approach, while backtracking and verifi-
cation steps (steps 7-8) receive minimal subsequent atten-
tion. After generating step 9 with the correct answer, all fol-
lowing steps predominantly attend to this pivotal moment.
However, the model performs several redundant checks with
low attention scores (e.g., step 12) before reaching the final
conclusion. We consider steps receiving negligible attention
during subsequent reasoning as redundant. Bypassing these
through generation intervention could substantially enhance
efficiency. Using the graph structure in Figure 2(b), we for-
malize this analysis by identifying critical steps: a subset
where each node includes all its highly-attended predeces-
sors. If the model generated only these critical steps (2, 9,
and 13), as shown in Figure 2(c), it would achieve a 75%
reduction in computational overhead.

After visually exploring the logical structure of CoT, we
proceed to examine the question: What problematic rea-
soning behaviors in LRMs require intervention?
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Figure 2: An illustrative example showing that LRMs exhibit confused and redundant thought processes during reasoning. (a)
Step-level attention map visualization of a complete reasoning trajectory, with steps separated by “\n\n”. (b) Directed Acyclic
Graph (DAG) representation of the reasoning process, where each step is a node and edge thickness reflects the magnitude of
attention values. (c) Abbreviated content of each reasoning step. More details of experimental setups are placed in Appendix A.
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Figure 3: (a) The word cloud visualization of the LRMs’ CoTs. (b) The number of verification steps for correctly answered ver-
sus incorrectly answered samples. (c) The distribution of the proportion of verification steps in correct answers versus incorrect
answers. (d) Accuracy and length of Qwen3-8B-generated response on two datasets under different processing strategies.

Figure 2(c) shows that low-attention steps are frequently
associated with verification processes. Word frequency anal-
ysis of LRMs’ CoT sequences confirms this pattern—the
word clouds in Figure 3(a) reveal high frequencies of
verification-related terms like “wait” and “check”. We
further compared verification step occurrence in correct
versus incorrect answers from Qwen3-8B on MATH-500
and GPQA datasets. Figure 3(b) shows the model gener-
ates significantly more verification steps for incorrect sam-
ples—12.5 times more on MATH-500 and 6.6 times more
on GPQA. The histograms in Figure 3(c) illustrate verifica-
tion step distributions relative to total reasoning steps, re-
vealing that the model achieves higher accuracy on samples
with fewer verification steps. These findings suggest that ex-
cessive verification hinders reasoning efficiency, making it
harder for LRMs to reach answers. This indicates verifica-
tion may be the problematic behavior requiring intervention.

Building on these findings, we conducted preliminary ex-
periments with two verification intervention strategies and
compared their effects on accuracy and length, as shown in
Figure 3(d). NoVerify uses post-processing to mask ver-
ification steps in generated CoTs, while NoWait employs
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test-time intervention by replacing verification trigger words
during generation. Additional details are provided in Ap-
pendix A. The results of NoVerify demonstrates that re-
moving verification steps from the generated reasoning does
not hinder the model’s ability to reach correct conclusions.
Instead, it helps the model summarize key reasoning infor-
mation more accurately, achieving higher accuracy with re-
duced token costs. The results of NoWait shows that even
a simple intervention effectively reduce token consumption
while maintaining stable or only slightly reduced accuracy.
These outcomes further confirm the existence of redundant
verification steps in LRMs’ CoTs and highlight the potential
for optimization through prompt intervention.

3 Methodology

Motivated by the pilot observations, we argue that while
LRMs are intelligent thinkers, they frequently exhibit con-
voluted reasoning patterns due to insufficient meta-cognitive
learning during post-training (Wang and Zhao 2024; Griot
et al. 2025; Didolkar et al. 2024). This necessitates hu-
man guidance as a meta-thinker to appropriately steer the
model’s thinking processes. To address this challenge, we
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Figure 4: An overview of the Prompt Intervention (7) framework. See cases in Appendix B for detailed illustration.

introduce the test-time Prompt Intervention (7) framework
(Figure 4), designed to regulate LLM reasoning behavior
through strategic human intervention. The framework com-
prises three interconnected modules: determining when to
intervene (When module), establishing how to intervene
(How module), and selecting which post-intervention rea-
soning path to adopt (Which module).

3.1 How Module

Reasoning Behaviors. To steer the CoT in LRMs more
scientifically, we first analyze their reasoning behaviors. In-
spired by recent work (Gandhi et al. 2025; Luo et al. 2025)
and based on observations of the generated CoTs, we catego-
rize reasoning steps into six types: Progression, Summary,
Exploration, Verification, Backtracking, and Conclusion.

Progression involves advancing further along the current
line of reasoning based on known information and infer-
ence rules, often accompanied by connective words such
as “Next”, “Then” or phrases like “Okay, moving on”.

Summary involves organizing and integrating key infor-
mation obtained from existing reasoning steps to lay the
foundation for subsequent reasoning, often accompanied
by summarizing phrases such as “Putting it together”.

Exploration involves actively generating new hypothe-
ses or seeking alternative solution approaches when the
current reasoning trajectory fails to yield progress, often
accompanied by connective words like “Alternatively”.

Verification involves checking and confirming the logi-
cal consistency and accuracy of recently generated rea-
soning steps, typically accompanied by “Waiz”.

Backtracking enables the system to revert to earlier de-
cision points and select new paths when the current rea-
soning approach is incorrect, facilitating error correction.

Conclusion delivers the final answer once adequate and
accurate reasoning information has been gathered.

Since these behaviors in LLMs are frequently accompa-
nied by action-triggering signals, we can strategically insert
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Figure 5: Comparison of experimental results on Qwen3-4B
between original generation, static PI, and dynamic PI.

different trigger words during the reasoning process to in-
tervene in the model’s reasoning trajectory. Based on the
intervention mechanisms employed, PI () can be catego-
rized into static intervention and dynamic intervention ap-
proaches. Static interventions are well-suited for deliber-
ate design incorporating cognitive theoretical frameworks,
while dynamic interventions demonstrate superior general-
izability and broader applicability across diverse tasks.

Static Intervention. S1 (Muennighoff et al. 2025) repre-
sents a special case of static intervention, which incorporates
additional verification and exploration steps. To address the
overthinking problem, developed several static PI strategies
as shown in Figure 4 to reduce verification. Figure 5 shows
the performance of multiple predefined static intervention
strategies, including progressive priority (7°(p)), progres-
sive with verification (7°(p,v)), progressive with summa-
rization (7% (p, s)). Experimental results demonstrate length
declines on simple problems, whereas accuracy drops on
challenging questions. This suggests that while static PI mit-
igates overthinking issues in simple cases, the rigid pre-
defined intervention patterns hinder the model’s reasoning
ability when dealing with complex problems.



Dynamic Intervention. Given the substantial variability
across problems, it becomes challenging to predetermine the
optimal reasoning trajectory for each specific instance. To
address these limitations, we develop dynamic PI strategies
that mitigate the risk of over-intervention. Specifically, upon
completion of a reasoning step, dynamic PI concurrently ex-
tends multiple branches that generate diverse reasoning be-
haviors. These are combined with the model’s naturally gen-
erated reasoning steps as candidate options, with the optimal
path selected using the Which module design.

St = {8t} S — LRM(SS!,T,), T, € T, (1)

where S; is the candidate step and 7 denotes trigger sets.
A key advantage of dynamic PI lies in its ability to flex-
ibly adapt intervention actions based on varying task de-
mands. When prioritizing reasoning efficiency, we desig-
nate progression behavior as a constant candidate action, in-
voke summary behavior less frequently, and preserve other
reasoning behaviors that emerge naturally from the model,
thus promoting depth-first reasoning in CoT (7¢(p, s)). For
simple tasks, conclusion behavior can be added to facilitate
early exit, further mitigating overthinking (7%(p, s, c)). For
trust-critical applications, verification branch can be incor-
porated to reduce hallucinations (7%(p, s, v)). Once dynamic
PI generates multiple branches, the choice of optimal branch
(determined by the Which module) and intervention timing
(governed by the When module) becomes crucial.

3.2 Which Module

A straightforward approach involves relying on LRM’s pre-
diction confidence by evaluating the perplexity (PPL) of
candidates and selecting the branch with the lowest PPL.

=3 log Pw))-

PPL(S;) = exp(— S)
*yes;

(@)

Nevertheless, branch selection based purely on perplex-
ity can lead the model into degenerative behaviors such as
repetitive patterns. To address this limitation, we seek a met-
ric that captures “reasoning depth” to guide branch selection.
By prioritizing branches with deeper reasoning, the Which
module minimizes superficial information propagation and
accelerates the reasoning process. We characterize token-
level decision disparities through differences in probability
distributions between the model’s early layers and the final
layer, where large disparities indicate critical nonlinear in-
tegration and reasoning occurring across layers. By concep-
tualizing the hidden state space of multi-layer Transformers
as a high-dimensional semantic manifold, we provide theo-
retical analysis from geometric and causal perspectives, ac-
companied by visual illustrations in Appendix B. In practice,
we quantify this disparity using Jensen-Shannon divergence
(JSD) (Chuang et al. 2024; Sun et al. 2025), computing the
Reasoning Depth Score (RDS) by averaging across all to-
kens over multiple early layers in each step, as follows:

R(S;) = ﬁ 3 %ZJSD@@»,%(%)), 3)
v Y E€S;

leL
ai(ye) = softmax (LM-Head (n")), e £, @4
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where L is the set of selected early layers and p(y;) is the
final distribution from the last layer.

After separately normalizing both perplexity and RDS,
we select the optimal reasoning branch based on their com-
bined score S = arg max;—1..x P(S5;), calculated as:

P(S;) = a-Norm(PPL(S;)™*) 4+ 3 - Norm(R(S;)), (5)

where Norm denotes normalization and 3 = 1 — «. This
scoring design considers both the logical coherence and
thinking depth of reasoning steps. Based on a greedy strat-
egy, it strengthens the model’s reasoning at each step, re-
fraining superficial information transfer, thus arriving at the
final conclusion more efficiently.

3.3 When Module

As for intervention timing, it can be configured at various
granularities, such as fixed token intervals or at natural tran-
sition points in the reasoning process Yang et al. (2025b).
In this work, PI adopts step-level intervention, using “\n\n”
as the step delimiter. However, relying solely on the explicit
“\n\n” for segmentation and expanding branch at every step
presents limitations. These limitations arise from two key
factors: first, the inherent uncertainty in step granularity, as
a single major step may encompass multiple sub-steps; and
second, the potential strong correlations between adjacent
steps, where subsequent steps often represent logical con-
sequences of their predecessors. Inspired by Wang et al.
(2025b), we combine the model’s internal state, specifically
entropy, to determine optimal intervention timing.

H(yo) =~ > p(yo)logp (vo) .
Yyo€V

(6)

where 1y denotes the first token that LRMs generate at the
current step. We provide theoretical analysis and illustrative
examples demonstrating the performance advantages (see
Appendix B) and efficiency improvements (see Appendix F)
of entropy-based step-level intervention.

4 Experiments
4.1 Experimental Setup

Benchmarks and Metrics. We evaluate model perfor-
mance across eight benchmarks spanning three categories:
four mathematical reasoning benchmarks (GSM8K (Cobbe
et al. 2021), MATH-500 (Hendrycks et al. 2021), AMC
2023 (AI-MO 2024), and OlympiadBench (He et al. 2024)),
two STEM reasoning benchmarks (GPQA Diamond (Rein
et al. 2023) and Minerva (Lewkowycz et al. 2022)), and two
hallucination-related benchmarks (GSM-NoOp (Mirzadeh
et al. 2024) and Truthful QA (Lin, Hilton, and Evans 2022)).
For evaluation, we employ three metrics: Accuracy (Acce),
Token Number (Tok), and Compression Rate (CR).

Backbone LRMs, Baselines, and Implementations. We
conducted experiments on the Qwen3 series of models (4B,
8B, 14B) (Yang et al. 2025a), and the DeepSeek-R1-Distill
models (including Qwen-7B, Qwen-14B, Llama-8B). Our
model selection spans different sizes and training datasets to
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DeepSeek-R1-Distill-Qwen-14B

Vanilla
NoThinking
NOWAIT
DEER
PL-n’(p, s)

93.9 1,458 100%
90.1 272 18.7%
924 503 345%
93.3 1,006 69.0%
939 572 39.2%

90.0
76.2
88.2
90.2
89.6

4,012
646
2,524
2,457
2,042

100%
16.1%
62.9%
61.2%
50.9%

87.5
65.0
90.0
88.8
92.5

6,958
1,106
4,320
4,196
3,736

100%
15.9%
62.1%
60.3%
53.7%

55.6
42.7
56.1
55.0
58.7

8,063 100%
1,711 21.2%
5,913 73.3%
5,695 70.6%
5,098 63.2%

539
384
51.0
56.3
55.8

7,132
548
4,227
4,628
3,906

100%
7.8%
59.3%
64.9%
54.8%

45.6
38.3
442
46.0
46.7

4,932
549
2,865
3,154
1,997

100%
11.1%
58.1%
64.0%
40.5%

71.1
58.5
70.3
71.6
72.9

100%
15.1%
58.4%
65.0%
50.4%

Owen3-8B
Vanilla
NoThinking
NOWAIT
DEER
PL-7%(p, s)

952 2,191 100%
93.3 304 13.9%
95.0 1,220 55.7%
95.5 1,042 47.6%
95.3 840 38.8%

924
85.8
93.2
922
94.0

5,224
1,052
4,007
3,124
3,074

100%
20.1%
76.7%
59.8%
58.8%

88.8
72.5
87.5
88.8
89.4

8,027
2,397
7,181
4,486
4,814

100%
29.9%
89.5%
55.9%
60.0%

60.3
51.0
63.0
65.0
65.5

9,414
2,503
8,294
7,357
5,573

100%
26.6%
88.1%
78.1%
59.2%

58.1
52.0
57.3
59.1
58.6

9,105
1,551
7,722
8,596
4,081

100%
17.0%
84.8%
94.4%
44.8%

524
44.5
51.8
522
52.0

6,850
664
5,658
3,941
2,724

100%
9.7%
82.6%
57.5%
39.8%

74.5
66.5
74.6
75.5
75.8

100%
19.5%
79.6%
65.6%
50.2%

Table 1: Experimental results on various LRMs. ”Acc” denotes accuracy, “Tok™ denotes token count, and "CR” denotes com-
pression rate. /] indicate that higher/lower values are better. The top-2 best results are highlighted in bold. The result is

statistically significant with p-value < 0.05.

Method | GSM-NoOp | Truthful QA
Acct Tokens| MCI171 Tokens| MC271 Tokens)

Vanilla 82.5 1998 56.0 673 70.2 766
NoThinking  77.1 317 14.8 147 2.9 184
NOWAIT 793 626 46.9 709 60.1 774
DEER 833 1282 2.9 667 53 810
Pl-n(p,s) 850 677 58.3 511 72.1 543
PI-7d(p,s,v) 83.7 802 59.1 672 74.3 739

Table 2: Experimental results of PI on hallucination bench-
marks with DeepSeek-R1-Distill-Qwen-14B.

o | 00 02 04 06 08 1.0
MATH-500 | 92.6 92.6 93.0 94.0 938 932
Minerva 509 52.0 51.8 52.0 51.7 512
AMC23 85.0 850 90.0 894 86.5 875

Table 3: Performance of PI on Qwen3-8B regarding a.

validate the robustness and generalizability of PI. We com-
pare our PI against SoTA training-free efficient reasoning
methods, including NoThinking (Ma et al. 2025), NOWAIT
(Wang et al. 2025a), and DEER (Yang et al. 2025b). For the
decoding strategy, we employ top-p sampling with the offi-
cially recommended parameters of temperature = 0.6 and
p = 0.95. We set the maximum generation length to 16384,
and set the o to 0.6. More details of benchmarks, metrics,
baselines, and implementations are placed in Appendix C.

4.2 Experimental Results

Efficient Reasoning. Table 1 demonstrates PI’s perfor-
mance across six widely accepted benchmarks on 4 different
state-of-the-art reasoning models, demonstrating significant
improvements in both accuracy and efficiency. Specifically,
compared to vanilla CoT, PI achieves an average accuracy
improvement of 0.5 to 1.8 percentage points while reduc-
ing sequence length by 49.6% to 59.6%. Compared to other
baselines, PI demonstrates more balanced and comprehen-
sive performance, achieving Pareto-optimal results across
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both accuracy and compression rate dimensions. We provide
additional analysis of computational cost in Appendix F to
further demonstrate the efficiency of PI.

Hallucination. Table 2 shows that PI effectively reduces
hallucination issues by 2.5% to 4.1% on two hallucination
benchmarks. Specifically, on GSM-NoOp, PI-7¢(p, s) mit-
igates harmful reflection arising from the model’s attention
to distracting information in problem statements, effectively
suppressing overthinking to avoid reasoning hallucinations.
On TruthfulQA, a factual dataset that does not involve com-
plex reasoning, PI-7¢(p, s,v) improves reliability by incor-
porating a verification branch that dynamically validates re-
called knowledge during the reasoning process.

Ablation Study. To validate the effectiveness of the spe-
cific designs in PI's three modules (When, Which, and
How), we performed ablation studies in Table 3. Specif-
ically, -When(Ent) denotes removing the design that dy-
namically intervenes only at high-entropy positions, -RDS
denotes removing the RDS-based branch selection design.
We also tested adding verification 7¢(p, s, v) and conclu-
sion 7¢(p, s, c) branches. Results show that removing the
high-entropy intervention mechanism (-When(Ent)) leads to
decreased accuracy, as forcing new branch creation at ev-
ery step may compromise the reasoning quality of branches.
Similarly, excluding reasoning depth score (-RDS) dimin-
ishes the model’s reasoning depth at each step, leading to
reduced accuracy. Adding verification branches proves un-
necessary, as the model’s spontaneous verifications are suf-
ficient. The conclusion branch variant achieves shorter rea-
soning while improving performance on GSM8K and AMC,
but significantly degrades accuracy on challenging datasets.
These findings suggest designing targeted interventions for
different scenarios. For instance, retaining the conclusion
branch for simple problems while discarding it for challeng-
ing problems would maximize PI’s benefits.

Impact of hyperparameters. Table 3,4 illustrate how «
and N affect PI performance across multiple benchmarks,
revealing that optimal performance is achieved with o rang-
ing from 0.4 to 0.6 and N ranging from 3 to 5. When « val-



Question: In how many ways can 8 people sit around a round table if 3
of the people-Pierre, Rosa, and Thomas-all want to sit together? (Two
seatings are considered the same if one is a rotation of the other.)
Original Response V Verification E' Exploration
Okay, so | need to figure out how many ways 8 people can sit around a
round table, <omitted> Let me recall how circular permutations work.
<omitted > But since it's a circular table, the number of ways to arrange
these 6 items is (6-1)! = 5! = 120 ways. Since there are 3 people, it's 3! = 6
ways. Therefore, the total number of arrangements should be 5! multiplied
by 3! which is 120 * 6 = 720. But hold on, Let me check if there's something
I'm missing. <omitted> <omitted> So,
fix the block's position. <omitted> Therefore, total number of
arrangements is 5! * 31 = 120 * 6 = 720. <omitted> Token number: 16384
PT's Response P) Progression (S Summary
Okay, so | need to figure out <omitted>First, | remember that <omitted>
Okay, moving on. Let me try that approach. <omitted>

the answer is 5! * 3! = 720. So the final answer should be 720.
</think> [Conclusion] Token number: 1281

Question: What is it illegal to do to the flag in the UK?

A. In the UK it's not illegal to do anything to a flag. <omitted>

H. Burning the Union Jack flag is illegal. I. Burning English flag is illegal.

Original Response

Okay, so | need to figure out <omitted> OK, | think the law in the UK is called the Flag
Burning Act or something similar.. So options E, F, G, H, and I are all about burning flags.
Among these, H is the most specific, mentioning the Union Jack. <omitted> So the
answer should be H, which states that burning the Union Jack flag is illegal in the UK.
<omitted> burning the Union Jack as a form of disrespect, making it a criminal
offense. </think> <omitted> Therefore, the correct answer is:\\boxed{H}. X

PI's Response P)Progression (S’ summary V' Verification
Okay, so | need to figure out <omitted> Okay, moving on. | think the UK has specific laws
about the Union Jack. <omitted> Wait, let me verify. | recall that in the UK, there are no
laws that specifically protect the Union Jack from being burned or defiled. Okay,
moving on. | think the answer might be that it’ s not illegal to burn the flag in the UK.
<omitted> <omitted> A, B, C, or D would be correct, while
E, F, G, H, | are incorrect <omitted> Wait, let me verify. <omitted> So, yes, there ‘s no
specific law against burning the flag itself. </think> <omitted> \\boxed{A}. v

Figure 6: Comparison of responses generated using PI versus Vanilla CoT on MATH-500 (left) and Truthful QA (right).

Method \ GSMSK MATH-500 AMC OlympiadBench GPQA-D Minerva Overall
Acct Tok] CR| AcctT Tok| CRJ} Acct Tok] CR| Acct Tok] CR] Acct Tok] CR| Acct Tok] CR| AccT CR}
Vanilla 95.2 2191 100% 92.4 5224 100% 88.8 8027 100% 60.3 9414 100% 58.1 9105 100% 52.4 6850 100% |[74.5 100%
wd(p, s) 95.3 840 38.8% 94.0 3,074 58.8% 89.4 4814 60.0% 65.5 5573 59.2% 58.6 4081 44.8% 52.0 2724 39.8%|75.8 50.2%
-When (Ent) 95.2 717 32.7% 93.4 2887 553% 90.0 4607 57.4% 64.4 5481 58.2% 57.3 4138 45.5% 52.1 2792 40.8%|75.4 48.3%
-RDS 95.6 747 34.1% 932 2922 559% 87.5 5072 63.2% 63.7 5729 60.9% 55.3 4314 47.4% 51.2 2870 41.9%|74.4 50.6%
wd(p,s,v) 95.0 871 39.8% 92.6 3326 63.7% 90.0 5203 64.8% 63.4 5809 61.7% 56.5 4847 532% 51.9 3241 47.3%|749 55.1%
7l(p,s,c) 95.6 696 31.8% 89.4 2054 39.3% 91.3 3390 42.2% 55.3 3448 36.6% 46.5 1842 20.2% 47.8 1965 28.7%|71.0 33.0%
Table 4: Ablation study results on Qwen3-8B. The result is statistically significant with p-value < 0.05.
« \ 00 02 04 06 08 1.0 5 Related Work
MATH-500 | 926 926 930 94.0 938 932 The original intention of test-time computing (Snell et al.
Minerva 509 520 51.8 520 517 512 2024) is to enhance the intelligence of LLMs by increasing
AMC23 850 85.0 90.0 894 865 875 computational overhead during the inference phase. Follow-

Table 5: Performance of PI on Qwen3-8B regarding number

of selected early layers V.

ues are extremely small (prioritizing reasoning depth only)
or large (emphasizing logical coherence only), accuracy suf-
fers, confirming that effective reasoning requires balancing
both coherence and reasoning depth. When N exceeds 3, the
reasoning depth score (RDS) computation adequately cap-
tures thinking depth, facilitating the generation of more con-

cise and effective reasoning chains in LRMs.

Case Study. Through artificial intervention during gener-
ation, PI enhances the priority of progression and summa-
rization while substantially reducing verification behaviors,
thus reaching the final answer with reduced reasoning costs.
Although Vanilla CoT also obtains the correct answer, it ex-
hibits overthinking with more than ten verification attempts
or thought switches, revealing the disorganized thought pat-
terns in LRMs. The right side of Figure 6 presents a com-
parison on factual QA. Initially, both methods assume that
burning the British flag is illegal. However, through reflec-
tion, PI recalls that unlike other countries, the UK does not
have specific laws protecting the flag. After summarizing the

CoT, PI guides the LRM to the correct answer.

ing the test-time scaling law (Ji et al. 2025), two directions
have garnered significant attention in the LLM community:
test-time training (Sun et al. 2020) and test-time reasoning
(Zhang et al. 2024; Dai, Yang, and Si 2025). The former en-
ables models to tackle data distributional shifts (Zhu et al.
2024) and learn to memorize (Behrouz, Zhong, and Mir-
rokni 2024) by updating parameters during testing, while the
latter improves the model’s reasoning capabilities through
techniques like repeat sampling (Wang et al. 2023; Gulcehre
et al. 2023; Gui, Garbacea, and Veitch 2024; Amini et al.
2025), self-correlation (Paul et al. 2024; Gou et al. 2024;
Welleck et al. 2022; Havrilla et al. 2024) and tree search
(Yao et al. 2023; Qi et al. 2024; Zhang et al. 2024; Hao
et al. 2023). Some works focus on optimizing demonstra-
tions (Chen et al. 2023) or feedback modeling (Zheng et al.
2023).

6 Conclusion and Future Work

This paper proposes a new research branch of test-time
compute: Test-Time Prompt Intervention (PI), which guides
models through interventions during inference to generate
more controllable, concise, and less hallucinatory CoTs.
The PI framework formalizes and empirically validates
two intervention paradigms: The static prompt intervention
paradigm can be conceptualized as an interface for non-Al
experts to inject their domain expertise and cognitive theo-
ries into model reasoning through rule-based interventions.
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