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Abstract

Recent progress in large language models
(LLMs) has focused on test-time scaling to im-
prove reasoning via increased inference com-
putation, but often at the cost of efficiency.
We revisit test-time behavior and uncover a
simple yet underexplored phenomenon: rea-
soning uncertainty is highly localized—only
a small subset of high-entropy tokens domi-
nantly affects output correctness. Motivated
by this, we propose Minimal Test-Time Inter-
vention (MTI), a training-free framework that
enhances reasoning accuracy and stability with
minimal overhead. MTI includes: (i) Selec-
tive CFG intervention, applying classifier-free
guidance only at uncertain positions; and (ii)
Lightweight negative-prompt guidance, reusing
the main model’s KV cache to approximate un-
conditional decoding efficiently. MTI yields
consistent gains across general, coding, and
STEM tasks—e.g., +9.28% average improve-
ment on six benchmarks for DeepSeek-R1-7B
and +11.25% on AIME2024 using Ling-mini-
2.0—while remaining highly efficient. The
anonymous VLLM version code can be found
here.

1 Introduction

Large language models (LLMs) (Achiam et al.,
2023; Team et al.,, 2024; Dubey et al., 2024;
Guo et al., 2025a; Yang et al., 2025a; Lozhkov
et al., 2024; Young et al., 2024) have advanced
rapidly, with ever-increasing parameter counts,
larger pretraining corpora, and improved optimiza-
tion techniques leading to steady gains across
benchmarks. Beyond such training-time scaling,
recent research has increasingly focused on fest-
time scaling—allocating more computation dur-
ing inference through deeper reasoning or broader
search. Methods such as chain-of-thought prompt-
ing (Wei et al., 2022), self-consistency (Wang et al.,
2022), and frameworks like Reflexion (Shinn et al.,
2023) or Tree of Thoughts (Yao et al., 2023) demon-
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Figure 1: Incorrect answers exhibit higher average an-
swer entropy than correct ones, primarily due to high-
entropy tokens.

strate that increasing inference-time computation
can enhance reasoning quality and output accu-
racy. However, these methods achieve better perfor-
mance by trading inference efficiency for computa-
tion, as they require multiple reasoning trajectories,
extensive sampling, or long multi-step deliberation,
making them computationally expensive and some-
times impractical in real-world deployments.

In this work, we challenge the prevailing as-
sumption that improving test-time performance of
large language models must inherently come at the
cost of increased inference computation. To ex-
amine this, we conduct an empirical analysis on
the AIME2024 benchmark, comparing reasoning
trajectories that yield correct versus incorrect an-
swers. Interestingly, as shown in the inset panel
in the upper-right corner of in Fig. 1, correct re-
sponses exhibit significantly lower average answer
entropy than incorrect ones, indicating that reason-
ing failures are associated with higher uncertainty.
Furthermore, as illustrated in the main panel in
Fig. 1, only a small fraction of tokens within each
response have notably high entropy, yet these few
tokens contribute a disproportionate share of the
average answer entropy. This observation suggests
that reasoning errors are not uniformly distributed
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across the sequence but are instead concentrated
in a few high-entropy “critical steps”, where local
uncertainty can propagate and destabilize subse-
quent predictions. We hypothesize that by selec-
tively stabilizing these high-entropy regions, one
can suppress error amplification and improve over-
all reasoning accuracy and consistency, all while
intervening on only a minimal subset of tokens.

Building on this observation, we propose Min-
imal Test-Time Intervention (MTI), a training-
free approach that improves reasoning performance
without incurring substantial inference cost. Specif-
ically, MTI first detects high-entropy tokens by
measuring the dispersion of the model’s predictive
distribution during generation. High entropy indi-
cates uncertainty in token prediction, and thus a
greater likelihood that local instability may prop-
agate through the autoregressive chain. To re-
duce this uncertainty, MTI draws inspiration from
classifier-free guidance (CFG) (Sanchez et al.,
2023), which combines conditional and uncondi-
tional predictions to steer model outputs toward
more task-aligned regions of the probability space.
However, directly applying standard CFG would re-
quire maintaining a separate unconditional branch,
resulting in computational and memory overhead.

To address this, MTI introduces a lightweight
alternative: before generating a high-entropy to-
ken, the model temporarily augments its input with
the short phrase “OUTPUT ERROR”, which implicitly
constructs an on-the-fly unconditional contrastive
branch for CFG-style guidance. This branch reuses
the main model’s KV cache, adding only two aux-
iliary tokens per high-entropy position for the CFG
computation. Since high-entropy tokens consti-
tute only a small fraction of the overall sequence,
the additional overhead is negligible. In practice,
this design effectively shifts the model’s predictive
distribution toward the correct region of the prob-
ability space, enhancing reasoning stability and
accuracy with negligible test-time computation.

In general, our main contributions are as follows:

* We find that high-entropy tokens are the main
sources of error in LLM reasoning. Detect-
ing them via token entropy and intervening
selectively improves reasoning performance.

* We introduce a training-free test-time inter-
vention based on CFG that selectively applies
guidance to high-entropy tokens, yielding bet-
ter answers with minimal overhead. We fur-
ther implement negative-prompt injection via

KV-cache reuse, which shrinks the uncondi-
tional branch’s KV-cache allocation and more
faithfully approximates the unconditional dis-
tribution used by CFG.

* We achieve robust performance across gen-
eral, coding, and STEM benchmarks, show-
ing consistent improvements over direct infer-
ence across the latest LLMs of varying scales.
Specifically, our method yields a 9.28% av-
erage gain on six comprehensive tasks with
DeepSeek-R1-7B and a +11.25% improve-
ment on the AIME2024 benchmark with Ling-
mini-2.0, demonstrating its broad effective-
ness across different tasks.

2 Related Works

Test-time optimizations for LLMs. Test-time op-
timizations for LLMs. Recent research focuses
on test-time or decoding-time optimizations to en-
hance LLM reasoning, robustness, or efficiency
without retraining (Chen et al., 2025a). One line of
research improves reasoning capabilities through
prompt engineering and advanced sampling strate-
gies, such as Chain-of-Thought (CoT) (Wei et al.,
2022), self-consistency (Wang et al., 2022). Build-
ing on these, search and evaluation frameworks
have been proposed, including Reflexion (Shinn
et al., 2023), Tree of Thoughts (Yao et al., 2023),
DeepConf (Fu et al., 2025), and EGB (Li et al.,
2025b). Despite their effectiveness in enhancing
semantic robustness, these methods often incur sig-
nificant sampling and memory overhead (Sanchez
et al., 2023). Furthermore, hallucination mitigation
strategies such as Contrastive Decoding (Li et al.,
2023; Lee et al., 2025b) introduce additional com-
plexity by incorporating an auxiliary small model.
Another direction targets computational efficiency
via speculative decoding (Leviathan et al., 2023;
Chen et al., 2025b; Yan et al., 2024; Zhang et al.,
2023) or memory optimizations like FlashAtten-
tion (Dao et al., 2022). Unlike these computation-
ally intensive approaches, our method selectively
intervenes only on high-entropy tokens, achieving
significant performance improvements with neg-
ligible overhead. Furthermore, our framework is
highly flexible, serving as a plug-and-play decod-
ing strategy that can be seamlessly combined with
existing reasoning techniques. We further discuss
its connection with other decoding strategies in
Sec. A.7.
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Figure 2: Comparison between CFG and MTI. MTI applies CFG exclusively to high-entropy tokens and reuses the

conditional KV cache via negative prompt injection.

Classifier-free guidance in LLMs. Originally de-
veloped for diffusion models, Classifier-Free Guid-
ance (CFG) (Ho and Salimans, 2022) balances fi-
delity and diversity by interpolating between con-
ditional and unconditional predictions. This mech-
anism can also incorporate negative prompts to
steer generation away from undesirable attributes,
such as content errors (Koulischer et al., 2024) or
artifacts (Miyake et al., 2025; Yang et al., 2023).
However, adapting CFG to LLMs (Sanchez et al.,
2023) faces two primary hurdles: the lack of a well-
defined unconditional space—rendering empty neg-
ative prompts poorly calibrated—and the huge com-
putational and memory overhead. We address these
by applying CFG selectively to high-entropy to-
kens and introducing negative-prompt injection via
KV-cache reuse, effectively eliminating redundant
cache allocation and computational inefficiency
while improving unconditional space approxima-
tion to suppress erroneous content generation.

Entropy-based token selection in LLMs. Recent
studies emphasize that LLM tokens exhibit vary-
ing uncertainty, with token-level entropy serving
as a reliable metric for identifying critical deci-
sion boundaries. While prior work leverages low-
entropy tokens for redundancy pruning (Li et al.,
2025c; Xia et al., 2025) or focuses on high-entropy
tokens for optimization (Wang et al., 2025; Lee
et al., 2025a; Qian et al., 2025), these methods typ-
ically require retraining or heuristic-based pruning.
In contrast, our approach is entirely training-free

and operates at inference-time. Specifically, we
leverage token entropy to determine where to apply
CFG—only to tokens with high entropy.

3 Method

3.1 Preliminary

We first introduce the notation used throughout
this paper. Let P(-) denote the token distribution
predicted by the LLM. Given a context c, the con-
ditional probability of generating a token z is de-
noted by P(x | ¢). In the setting of classifier-free
guidance (CFG), ¢ represents a negative prompt
in the unconditional branch. The CFG-adjusted
distribution is denoted by P(-), where w controls
the strength of guidance. We use I; to denote the
logits predicted at generation step ¢, z; denotes the
token generated at step ¢, and 7 denotes the entropy
threshold.

Classifier-Free Guidance in LLLMs. Originally
proposed for diffusion models, classifier-free guid-
ance (Ho and Salimans, 2022) improves condi-
tional generation by interpolating between condi-
tional and unconditional predictions. In diffusion
models, an additional null condition is introduced
during training to learn the global data distribution.
In contrast, for LLMs, CFG is applied purely at in-
ference time without requiring additional training
objectives (Sanchez et al., 2023). The guided pre-
diction is formulated in the log-probability space
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where x ; denotes the sequence of previously gen-
erated tokens up to step ¢ — 1. The negative prompt
¢ encourages the model to generate outputs that
deviate from the unconditional distribution.
Token and answer entropy. We adopt Shannon
entropy to quantify the model’s uncertainty over
predicted logits. Lower entropy indicates higher
confidence, while higher entropy reflects greater
uncertainty. The token entropy at step ¢ is defined
as:

v
Hy=—> pilogp, 2
i=1

where [p1, ..., py], = softmax(l), V denotes the
vocabulary size, and p; is the probability assigned
to the ¢-th token.

The answer-level entropy for the n-th question
is defined as the sum of token entropies along its
full reasoning trajectory:

Tn
An = Z Ht7 (3)
t=1

where 7T, is the length of the generated trajectory.
The average answer entropy A,y over N data in-
stances is given by:

Aavg = X7 Z An (4)

KV Cache in LLM-CFG. At generation step ¢,
the key-value (KV) cache avoids recomputation of
full-prefix attention by reusing previously stored
keys and values. Under LLM-CFG, two separate
KV caches are maintained—one for conditional
prediction and one for unconditional prediction—to
enable efficient guided inference. Specifically, the
caches used to compute the outputs for the two
branches at step t are:
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For simplicity, we do not distinguish between keys
and values; for example, ¢ denotes the KV pairs
cached after processing the prompt c. Figure 2
follows the same notation.

3.2 Selective CFG intervention

LLMs often display chain instability in multi-step
reasoning: uncertainty at a few steps amplifies and
derails the entire answer. To locate where this insta-
bility originates, the inset panel in the upper-right
corner of Fig. 1 shows that questions answered
incorrectly have markedly higher average answer
entropy than those answered correctly. The main
panel further indicates that the gap is driven by
high-entropy tokens in erroneous responses. These
findings suggest that overall failure is concentrated
at a small set of critical high-entropy nodes and
that stabilizing these nodes can yield gains.

Based on this observation, Fig. 2b proposes a
selective CFG intervention strategy. During decod-
ing, we monitor token entropy and intervene only
when it exceeds a threshold 7: tokens with entropy
< 7 proceed normally, whereas tokens with en-
tropy > 7 receive CFG to reduce local uncertainty
and prevent error propagation. Compared with
the vanilla CFG baseline in Fig. 2a, which applies
guidance uniformly at every step, our approach ac-
tivates selectively at unstable nodes, concentrating
guidance where it matters most and improving both
stability and efficiency.

3.3 Lightweight negative-prompt guidance

However, as illustrated in Fig. 2a, although selec-
tive CFG intervention reduces the frequency of
application, it still requires maintaining two sepa-
rate sets of KV caches because the contexts of the
conditional and unconditional branches differ. This
dual-KV cache mechanism substantially degrades
inference efficiency in modern LLLM accelerators
and weakens the long-context capabilities of frame-
works such as v11m . Furthermore, CFG originated
in the field of diffusion model, where a specific
“null condition” is typically trained on global data
to optimize the unconditional branch. In the con-
text of LLMs, however, CFG lacks this explicit
training process, rendering the control capability
of its unconditional branch inherently unstable.

To address these challenges, as shown in Fig. 2b,
we propose to reuse the KV cache of the condi-
tional branch and append a short negative prompt.
This KV reuse mechanism eliminates the need for
a separate unconditional KV cache, thereby signifi-
cantly reducing the memory footprint. To tackle the
instability of the unconditional branch space, we
draw inspiration from negative prompting in diffu-
sion model and construct a negative unconditional



branch to steer the model away from erroneous to-
kens. Specifically, we inject short negative cues
(e.g., “OUTPUT ERROR”) into the reused KV cache,
forcing the unconditional branch to generate an
undesirable probability distribution. This distribu-
tion is then used to perturb high-entropy nodes in
the conditional branch, thereby refining the gener-
ation results. While we use “OUTPUT ERROR” as
a general-purpose cue, this prompt can be further
tailored to specific tasks for even greater precision.
Nevertheless, our experiments show that even this
simple two-word cue yields robust performance
gains across various datasets.

4 Experiments

4.1 Experimental setup

Datasets. To assess robustness across
diverse domains, we evaluate on three cate-
gories of benchmarks: general tasks (MMLU-
Pro (Wang et al.,, 2024)); coding tasks (Hu-
manEval (Chen et al., 2021), HumanEvalPlus,
LiveCodeBench (Jain et al., 2024)); and STEM
tasks (GPQA-Diamond (Rein et al., 2024),
MATHS500 (Lightman et al., 2023), AIME2024).
We use OpenCompass' (Contributors, 2023) for
consistent and fair evaluation; the corresponding
test configuration files and all testing details are
provided in Appendix A.1.

Model selection. To evaluate the effectiveness of
our method, we experiment with the Qwen3 (Yang
et al., 2025a) model family (Qwen3-8B, Qwen3-
14B, and Qwen3-32B), DeepSeek-R1-7B (Guo
et al., 2025b) and Ling-mini-2.0 (Li et al., 2025a).
Baselines. We compare against the follow-
ing baselines: (1) Direct Inference (DI): generate
outputs directly from the LLM; (2) Vanilla CFG
with negative prompt (VC): classifier-free guidance
with a specified negative prompt, set to the same
prompt injected in our method. Following vanilla
CFG (Sanchez et al., 2023), we set w to 1.5 and use
it as the default hyperparameter. Additionally, a de-
tailed comparison between MTI and current SOTA
test-time scaling methods is provided in Tab. 5.
Implementation details. All experiments set con-
text length of 32768 to ensure that the models’ full
capabilities are preserved in all datasets. To evalu-
ate the effectiveness of MTI and to further examine
its ability to correct the model’s probability dis-
tribution—where changes to the top-1 prediction
are the most directly observable—while ensuring
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reproducibility, we uniformly adopt greedy search
as the base decoding strategy in Tab. 1. Addition-
ally, to validate the robustness of our method under
stochastic decoding, we evaluate it on AIME2024
using random sampling with temperature 0.6, top-p
0.95, and top-k 20. We run eight independent tests
and report the average performance in Tab. 2.

4.2 Main Results

Experimental results in Tab. 1 and Tab. 2 show
that MTI consistently outperforms Direct Inference
(DD and Vanilla CFG (VC). Notably, MTI exhibits
a broad “green zone” where it surpasses DI across
nearly all threshold configurations, proving its ro-
bustness without meticulous tuning.

As shown in Tab. 1, on DeepSeek-R1-7B, MTI
reaches an average score of 70.73% (+9.28% over
DI) with 21.8% CFG usage, and on Qwen3-14B,
MTI reaches an average score of 85.33% (+3.00%
over DI) with 32.8% CFG usage. Crucially, MTI
rectifies erroneous distributions where traditional
strategies fail. For instance, unlike rank-preserving
methods such as Temperature sampling, MTI re-
shapes the distribution by re-ranking logits to el-
evate suppressed candidates. For example, on
GPQA-Diamond with DeepSeek-R1-7B, DI with
greedy decoding leads to highly repetitive gener-
ations, resulting in a poor score of 29.29%. By
contrast, MTI corrects the erroneous top-1 logits,
improving performance to 51.52% (+22.23%).

On AIME2024 (Table 2), MTI demonstrates
its effectiveness under random sampling, boost-
ing DeepSeek-R1-7B from 54.17% to 62.92%
(+8.75%) and Ling-mini-2.0 from 60.00% to
71.25% (+11.25%). In contrast, VC often underper-
forms DI in AIME2024 (e.g., 73.34% vs. 73.75%
on Qwen3-8B). As analyzed in Table 6, applying
CFG in low-entropy scopes (< 1.5) actually de-
grades performance to 71.67%, whereas targeting
high-entropy states (> 1.5) yields 78.34%. This
suggests that in long-form reasoning, excessive in-
tervention during high-confidence steps disturbs
the model’s logical flow, leading to cumulative er-
rors. By bypassing these states, MTI mitigates error
propagation and achieves competitive performance
against SOTA methods in Table 5. These results
validate MTI as a scalable and reliable approach
for enhancing LLM reasoning without the need for
exhaustive hyperparameter search.
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Model Method 7+ MMLU-P GPQA-D MATH500 HEval HEval+ LiveCodeBench Avg. Usage

DI - 44.45 29.29 84.60 79.27 71.34 42.75/80.17 61.70 -
Q vC - 47.76 32.32 92.40 81.10 73.78 47.75/81.21 65.19  100%
E' 0.1 53.89 45.96 92.80 89.02 78.05 51.75/79.96 7020 31.4%
% 0.5 54.29 51.52 93.60 85.98 77.44 54.25/79.75 7098 21.8%
té Ours 1.0 53.47 48.48 91.80 81.71 81.71 52.00/79.75 69.85 12.7%
g 1.5 52.31 4091 93.20 81.71 73.17 50.50/80.79 67.51 9.3%
2.0 50.41 38.89 90.60 80.49 75.61 48.00/81.84 66.55 3.6%

DI - 63.93 52.02 94.00 87.20 75.00 57.00/38.62 66.82 -
- vC - 63.48 53.54 95.80 85.37 78.66 56.50/40.29 67.66 100%
f 0.1 63.77 56.57 94.80 87.80 78.66 56.50/42.80 68.70 28.2%
g 0.5 64.54 52.02 94.80 86.59 79.27 57.25/45.09 68.51 14.8%
éo Ours 1.0 63.86 52.02 95.00 86.59 76.22 55.00/41.75 6721 4.5%
= 1.5 63.18 54.04 94.60 87.20 76.22 57.50/39.46 67.46 0.9%
2.0 63.81 51.52 95.20 87.20 75.00 58.00/39.67 6720 0.2%

DI - 70.52 57.07 96.80 87.20 67.07 79.50/97.70 79.41 -
vC - 70.19 57.58 92.60 90.85 65.85 84.75/93.74 79.37  100%
2 0.1 70.69 54.55 96.80 92.07 74.39 88.00/96.45 81.85 50.5%
'é 0.5 71.91 60.61 97.00 95.12 69.51 87.25/98.12 82.79 30.5%
- Ours 1.0 72.28 60.10 97.00 90.85 67.07 88.00/97.91 81.89 9.8%
© 1.5 72.38 61.11 95.80 89.02 65.24 84.75/97.49 80.83 3.3%
2.0 70.96 56.06 96.80 88.41 65.85 81.50/97.70 79.61  0.4%

DI - 75.61 57.58 96.40 92.07 70.12 86.00/98.54 82.33 -
vC - 74.12 60.10 94.80 90.85 69.51 89.00/98.96 82.48 100%
§ 0.1 74.86 64.14 97.00 95.73 72.56 90.25/97.91 84.64 48.6%
cé 0.5 74.63 64.14 97.20 96.95 75.00 91.50/97.91 85.33 32.8%
2 Ours 1.0 76.12 62.12 97.00 95.12 75.61 90.50/97.49 84.85 10.3%
© 1.5 7591 62.12 97.60 95.73 69.51 88.50/97.70 83.87 3.5%
2.0 75.64 61.62 97.20 93.90 70.73 88.00/98.33 83.63 0.3%

DI - 76.76 61.62 97.00 97.56 97.56 91.00/99.16 88.67 -
vC - 74.96 56.57 94.00 95.12 95.73 87.25/98.54 86.02  100%
g 0.1 76.56 64.65 98.40 96.34 97.56 92.00/98.75 89.18 49.1%
fé 0.5 77.15 65.66 98.40 98.17 98.17 90.75/98.54 89.55 31.2%
2 Ours 1.0 78.47 65.66 97.40 98.17 97.56 91.25/99.16 89.67 13.1%
4 1.5 77.80 60.61 96.20 97.56 97.56 89.75/98.75 88.32  3.4%
2.0 76.86 61.62 96.00 96.34 98.17 90.00/98.75 88.25 0.7%

Table 1: Performance comparison on general, coding and STEM benchmarks. We compare Direct Inference (DI),
Vanilla CFG (VC), and Ours (MTI) under varying entropy thresholds (7). Avg. (%) and CFG Usage denote the
average performance and CFG usage ratio, respectively. Green cells indicate cases where Ours outperforms DI, and

Ours consistently surpasses both DI and VC.

Method T DS-R1-7B Qwen3-8B

7395/ -
73.34/100%

Qwen3-14B

78.33/-
75.421100%

Qwen3-32B

79.58 /-
72.92/100%

Ling-mini-2.0

DI -
vC -

54.17/-
48.33/100%

60.00 /-
65.00/ 100%

0.1  57.08/51.6%
0.5 51.67/369%
Ours 1.0 62.92/21.1%
1.5 60.00/13.2%
2.0 58.75/6.9%

65.00/15.8%
68.34/7.6%
7125/ 1.4%
63.33/0.2%
65.00/0.01%

76.60 / 37.8%
77.08/22.5%
75.42/8.0%
78.34/1.9%
75.00/0.3%

79.58 / 40.0%
80.83/24.4%
81.67/8.2%
78.33/2.0%
80.00/0.3%

82.92/41.7%
84.58/25.7%
82.92/9.0%
82.50/2.2%
77.92/03%

Table 2: AIME2024 accuracy (%) and CFG usage for
different models and methods. Results are averaged
over 8 random sampling runs. Green cells indicate
cases where Ours (MTTI) outperforms DI, and Ours con-
sistently surpasses both DI and VC.

4.3 Ablation Study

Entropy threshold 7. Fig. 3a shows the ablation
study on 7, with the curve representing the average
accuracy from DeepSeek-R1-7B results in Tab. 1.

As T increases, performance follows a unimodal
pattern, rising initially before declining. A low 7
over-modifies low-entropy tokens, destabilizing the
reasoning chain, while a high 7 leaves high-entropy
tokens uncorrected, degrading performance. The
optimal 7 can be determined via cross-validation on
a held-out dataset. Additionally, the “green zone’
in Tab. 1 reveals that MTI consistently outperforms
DI across most threshold configurations, demon-
strating robustness without extensive tuning. As
shown in Tab. 1 and Sec. 5, at an entropy threshold
of 0.5, MTT outperforms all comparison methods.

bl

CFG hyperparameters w. Fig. 3b investi-
gates the impact of w on the average accuracy
of DeepSeek-R1-7B across the GPQA-Diamond,
Math500, and HumanEvalPlus datasets, following
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Figure 3: Ablation study results on the selection of (a) entropy threshold, (b) w in classifier-free guidance and (c)

negative prompt in MTL.

the experimental settings in Tab. 1, where the per-
formance exhibits an initial increase followed by
a subsequent decline. The model attains its peak
accuracy when w = 1.5. Notably, the performance
is fairly stable around this value, indicating that
w is not sensitive and typically does not require
extensive tuning.

Negative prompt. Fig. 3c shows the impact
of negative prompts on the average accuracy
of DeepSeek-R1-7B across the GPQA-Diamond,
Math500, and HumanEvalPlus datasets. Experi-
mental results reveal two key observations. First,
negative prompts (e.g., OUTPUT ERROR, Invalid
Logic) consistently outperform positive prompts
(e.g., OUTPUT CORRECT, Valid Logic). Second,
negative prompts that are semantically grounded
perform significantly better than meaningless or
weakly informative tokens (e.g., apple, !!!).
These findings confirm that, within the MTI frame-
work, negative prompts effectively guide the model
away from undesirable conditional distributions.
By explicitly encoding errors or logical failures,
these prompts suppress the generation probability
of incorrect tokens more reliably. In contrast, mean-
ingless tokens introduce only unspecific perturba-
tions, which makes them less effective. While task-
specific negative prompts can yield additional im-
provements (Appendix Sec. A.6), OUTPUT ERROR
demonstrates strong universality and robustness,
making it a powerful, general-purpose heuristic
across tasks.

4.4 Analysis

Not all tokens are created equal in CFG. To in-
vestigate the intrinsic mechanism and provide a
principled justification for our method, we conduct
a greedy search experiment using Qwen3-8B on
the HumanEvalPlus dataset, as illustrated in Fig. 4.
We specifically analyze the tokens generated during
the inference phase, focusing on the relationship
between their logits entropy and the effectiveness
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Figure 4: Entropy distributions of tokens categorized
by vanilla CFG modification success. x-axis: token
entropy; y-axis: token count per bin.

of CFG in altering the top-1 prediction. The em-
pirical results reveal a clear divergence: as shown
in the top panel of Fig. 4, the vast majority of to-
kens remain unchanged after applying CFG, with
these instances predominantly concentrated in the
low-entropy region. Conversely, the bottom panel
demonstrates that tokens whose predictions are suc-
cessfully steered by CFG are primarily those with
high entropy. We attribute this phenomenon to the
confidence levels inherent in the logits distribution.
Low-entropy logits typically contain a single dom-
inant mode, indicating that the model is already
highly confident in its prediction; this makes the to-
ken naturally resistant to CFG-based modification.
These observations resonate with our core motiva-
tion: since low-entropy tokens are often “immune”
to CFG, it is both reasonable and efficient to apply
CFG selectively to high-entropy tokens, thereby
avoiding redundant computations on predictions
that are unlikely to change.

Word-cloud analysis. As shown in Fig. 5, we
conduct a word cloud visualization on Qwen3-8B
using the GPQA-Diamond dataset, specifically fo-
cusing on questions where the model initially fail
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Figure 5: Token word clouds before vs. after MTI.

but reach the correct answer after applying MTL
By comparing the high entropy token distributions
before and after intervention, we observe that MTI
significantly enhances lexical diversity: generic
tokens (e.g., the, a) are frequently replaced by se-
mantically dense reasoning terms and connectives.
Notably, there is a distinct shift away from simple
sequential connectives (e.g., so) toward more di-
verse and critical connectives, such as adversative
conjunctions and hedging terms (e.g., however, if,
perhaps, alternatively, wait). This transition sug-
gests that MTT helps the model abandon erroneous
prior reasoning chains and initiate new lines of
thought, effectively steering the trajectory toward
correct inferences. Overall, applying MTI yields
more varied and balanced vocabularies, which ex-
pand the hypothesis space for reasoning trajectories
and ultimately result in better outcomes.

Model Method 7 Accuracy (%) Latency
DI - 78.262 45475
- vC - 76.296 12411s
= 0.1 79.082 6081s
g 0.5 80.660 5289s
2 Ours
< 1.0 80.698 4551s
1.5 80.052 3954s
DI - 74.556 1288s
] vC - 75.460 3142s
E 0.1 76.400 1495s
£ 0.5 75.338 1444
o0 Ours
5 1.0 74.736 1370s
15 75.308 1302s

Table 3: Inference Cost. Ours (MTI) consistently out-
performs DI and VC with negligible computational over-
head.

Inference cost. We evaluate the latency of Qwen-
14B and Ling-mini-2.0 on the GPQA-Diamond,
Math500, HumanEval, Winogrande, and Hu-
manEvalPlus datasets. Here, latency refers to the
total time required to evaluate all datasets on a

single GPU following the setting in Tab. 1. As
shown in Tab. 3, we observe that MTI does not
necessarily increase the inference time. This is be-
cause MTI can guide the reasoning trajectory more
effectively and reduce unnecessary or incorrect rea-
soning chains, resulting in shorter output.

4.5 Applying MTI to vision language models

Method Where2Place RefSpatial VaBenchPoint
DI 61.39/- 42.45/- 38.87/-
vC 61.76/100%  39.86/100%  35.88/100%
Ours 64.36/3.7%  44.24/3.7% 40.86/4.5%

Table 4: Evaluation of Ours (MTI) with vision-language
model. Results are reported as Accuracy(%) / CFG
Usage. Ours consistently outperforms DI and VC.

To examine whether MTI generalizes across
pretraining objectives, we extend it to the vision-
language model (VLM) setting. We evalu-
ate MTI on three spatial understanding bench-
marks—Where2Place (Yuan et al., 2024), RefS-
patial (Zhou et al., 2025), and VaBenchPoint (Yuan
et al., 2025)—using Qwen3-8B-VL-Instruct. We
strictly follow the official evaluation prompts of
Qwen3-8B-VL-Instruct and report results in the
same format as Tab. 4. With an entropy threshold
of 7 = 2.0, MTl1 s activated for only 3.7%—4.5% of
generated tokens, yet consistently improves accu-
racy: 61.39%—64.36%(+2.97%) on Where2Place,
42.45%—44.24%(+1.79%) on RefSpatial, and
38.87%—40.86%(+1.99%) on VaBenchPoint.

5 Conclusion

We propose Minimal Test-Time Intervention (MTI),
a training-free framework that improves LLM rea-
soning with minimal overhead. We first introduce
selective CFG intervention to use token entropy
to identify unstable positions and apply classifier-
free guidance only at those tokens, stabilizing the
reasoning trajectory without unnecessary computa-
tion. We further introduce the lightweight negative-
prompt guidance to approximate the unconditional
branch without additional memory cost. Experi-
ments across general, coding and STEM bench-
marks show consistent improvements. MTI is
plug-and-play, compatible with modern accelera-
tion frameworks, providing an effective mechanism
for enhancing test-time reasoning reliability.



6 Limitations

In our experiments, we find that meaningless to-
kens, such as “apple”, as well as positive prompts,
improve performance over Direct Inference, though
not as effectively as semantically explicit negative
prompts like “OUTPUT ERROR”. The underlying
interpretability of this effect remains unexplored,
and further investigation into this area is a key di-
rection for future research.
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A Appendix
A.1 Testing setup and files

For our results, we use the following OpenCompass
configuration files:

* gpga_gen.py

math_500_gen.py
aime2024_gen.py
humaneval_gen.py
humaneval _plus_gen.py
livecodebench_gen.py

mmlu_pro_gen.py

During evaluation, the MMLU-Pro score is com-
puted as the average over all subsets. For
AIME2024, we conduct eight runs and report the
mean score. The results of LiveCodeBench
come from tests on lcb_code_generation and
lcb_code_execution.

A.2 Comparison with SOTA test-time scaling

methods
Model  Method  r AIME2024 MATHS500 GPQA-D Avg.
TALE - 68.9 923 591 704
NoThinking - 30.0 87.1 542 571
@ Dynasor - 62.2 91.7 57.7 70.5
=z DEER - 45.6 88.7 593 645
§ CGRS - 61.1 933 598 714
< 0.5 77.1 97.0 60.6 782
Ours 1.0 754 97.0 60.1 775
1.5 78.3 95.8 611 784
TALE - 48.9 89.1 362 58.1
o  NoThinking - 322 80.9 379 503
= Dynasor - 47.8 81.8 222 50.6
i DEER - 47.8 89.6 331 568
3 CGRS - 522 87.6 328 575
= 0.5 517 93.6 5152 65.6
a8 Ours 1.0 62.9 91.8 485 617
15 60.0 932 409 647

Table 5: Comparison with SOTA test-time scaling meth-
ods. Ours (MTI) consistently outperforms SOTA test-
time scaling methods.

As shown in Tab. 5, we compare our method
with the state-of-the-art approaches TALE (Han
et al., 2025), NoThinking (Ma et al., 2025), Dy-
nasor (Fu et al.), DEER (Yang et al., 2025b), and
CGRS (Huang et al., 2025) under the same set-
tings on Qwen3-8B and DeepSeek-R1-7B across
AIME2024, Math500, and GPQA-Diamond. The
results clearly demonstrate the superiority of our
method.
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https://arxiv.org/abs/2201.11903
https://github.com/open-compass/opencompass/blob/main/opencompass/configs/datasets/gpqa/gpqa_gen.py
https://github.com/open-compass/opencompass/blob/main/opencompass/configs/datasets/math/math_500_gen.py
https://github.com/open-compass/opencompass/blob/main/opencompass/configs/datasets/aime2024/aime2024_gen.py
https://github.com/open-compass/opencompass/blob/main/opencompass/configs/datasets/humaneval/humaneval_gen.py
https://github.com/open-compass/opencompass/blob/main/opencompass/configs/datasets/humaneval_plus/humaneval_plus_gen.py
https://github.com/open-compass/opencompass/blob/main/opencompass/configs/datasets/livecodebench/livecodebench_gen.py
https://github.com/open-compass/opencompass/blob/main/opencompass/configs/datasets/mmlu_pro/mmlu_pro_gen.py

Method Entropy scope AIME2024(%)

DI - 73.75
vC - 73.34
Entropy < 1.5 71.67

Ours
Entropy > 1.5 78.34

Table 6: Performance under different entropy scopes.
The performance gains in high-entropy scopes signifi-
cantly outweigh those in low-entropy ones.

A.3 Comparison with contrastive decoding

Contrastive Decoding (CD) (Li et al., 2023) is
introduced to suppress unreliable generations by
contrasting a strong model with a weaker counter-
part, thereby reducing hallucinations and improv-
ing faithfulness to the conditioning context. The
formulation for CD is defined as:

log P (24 | ¢, & xy)

=log Ps (x¢ | ¢, x<y)
—a-log Py (z¢ | ¢,x<4),

(6)

where « is a hyperparameter and log ps denotes
the distribution from a large expert LM, while
log py, is derived from a small amateur LM. No-
tably, if logp,, is replaced by a version of the
expert model itself, the formulation is closely
resembles Classifier-Free Guidance (CFG). To
evaluate the functional distinctions between these
two methods, we integrate CD into the MTI
framework—replacing the original CFG compo-
nent—and perform a comparative analysis to ob-
serve their respective effects on generation quality.

We evaluate the performance on the Ling-mini-
2.0 model. The results show that o = 0.5 yields
better performance than oo = 1.5. The optimal re-
sult is achieved when 7 = 0.1 and o = 0.5; while
this configuration outperforms both DI and VCD,
it remains below the 71.25% achieved by the CFG-
based version of MTI (see Tab. 2). Furthermore,
a comparison of inference overhead reveals that
MTI(CD) requires the execution of CD on 16.6%
of tokens, whereas MTI(CFG) requires CFG on
only 1.4% of tokens. This proves that the effective-
ness of CFG is superior to that of CD.

A.4 Performance under different entropy
scopes.

Following the experimental setup in Table 2, we
evaluate Qwen3-8B on the AIME2024 benchmark
across various entropy thresholds. The results re-
veal a clear performance divide: applying CFG to
low-entropy tokens (entropy < 1.5) leads to a sig-
nificant degradation compared to Direct Inference
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(DI). This demonstrates that interventions on low-
entropy regions are inherently detrimental, as they
introduce instability that accumulates over the long-
form reasoning chains required by AIME2024. In
contrast, by masking out these low-entropy tokens
and restricting CFG only to high-entropy regions
(entropy > 1.5), MTI significantly outperforms
Vanilla CFG (VC). This confirms that selective in-
tervention is crucial; MTI achieves superior results
precisely by exempting predictable tokens from
guidance, thereby maintaining stability while lever-
aging the benefits of CFG where it is most effective.

A.5 Case study.

Comparing Reasoning Outputs on Math

Problem. Consider the function

ifx > a,
ar +2a ifzx < a,

where a is a real number. What is the largest value of a such that the graph
of y = f(z) intersects every horizontal line at least once? Please reason
step by step, and put your final answer within ().

Direct Inference: Upper bound miscalculated; lost the 4+-2a term.

“.. f(z) = ax + 2a, = < a gives range (—o0, a?), hence is (1) ”

Vanilla CFG: Incorrect reasoning; Repeated generation.

“... So for any a # 0, the function is surjective onto R.
But wait... Let me think again... But wait... Let me think again... ”

Ours: Correct bound and inequality; final answer is correct.

“... union is (—o0, a® + 2a) U [a®, o0), so the maximum a is (2) ”

Figure 6: Case study: direct inference vs. vanilla CFG
vs. our method on Qwen3-8B.

As shown in Fig. 6, we observe two represen-
tative failure modes. Direct Inference: symbolic
information loss—when rewriting the upper bound
of the piecewise range, the constant term “+2a”
is dropped, yielding an underestimated bound and
a wrong interval. Vanilla CFG: the main issue is
looped generation: the model repeatedly oscillates
between claims (e.g., surjectivity onto R) and re-
tractions without a verifiable stopping criterion, and
it neglects boundary conditions of the piecewise
form. This looping arises from applying the CFG
to all tokens, which can induce reasoning even for
low-entropy tokens, thereby disrupting an other-
wise stable reasoning process. Ours: By enforcing
explicit boundary/inequality checks and compos-
ing the ranges in a unified manner, it avoids these
pitfalls and produces the correct final answer.



Method DI VCD MTI (CD) VCD MTI (CD)

o 0.5 0.5 1.5 1.5

T 0.1 0.5 1.0 1.5 2.0 0.1 0.5 1.0 1.5 2.0
AIME2024 (%) 60.00 65.00 70.00 6834 6834 66.67 61.67 3.33 1.67 1.67 10.00  51.67 66.67
MTI Usage 100% 16.6% 82% 14% 02% 0.1% 100% 259% 17.5% 113% 88% 0.1%

Table 7: Performance of Ours(MTI) with Contrastive Decoding (CD) on Ling-mini-2.0 using the AIME2024
dataset. VCD denotes the vanilla contrastive decoding baseline. We report results across various hyperparameter
configurations for o and 7, along with the corresponding MTT usage percentage. As shown CFG outperforms CD.

A.6 Discussion on task-specific negative
prompts

Following the same experimental setting as in
Tab. 1, we evaluate task-specific negative prompts
using DeepSeek-R1-7B on Math500 and Hu-
manEvalPlus. As shown in Tab. 8, while OUTPUT
ERROR is a robust general-purpose choice, align-
ing the negative prompt’s semantics with domain
characteristics can further enhance performance.
Specifically, Bad Reasoning is more suitable
for mathematical tasks (94.20% vs. 93.40% for
SYNTAX ERROR) as it better suppresses flawed log-
ical chains. Conversely, SYNTAX ERROR is more
effective for coding (77.44% vs. 76.83% for Bad
Reasoning) by directly targeting structural failure
modes. These results demonstrate that performance
can be further optimized by refining the semantic
granularity of negative prompts to match the spe-
cific constraints of the target task.

Negative Prompt  Task  Accuracy (%)
Bad Reasoning Math 94.20
SYNTAX ERROR Math 93.40
OUTPUT ERROR Math 93.60
Bad Reasoning  Coding 76.83
SYNTAX ERROR Coding 77.44
OUTPUT ERROR Coding 77.44

Table 8: Ablation study of task-specific negative
prompts on math and coding benchmarks.

A.7 Discussion on decoding strategies

Decoding strategies play a critical role in infer-
ence, as they determine how effectively a model’s
capabilities are realized. Early methods such as
greedy search select the most probable token at
each step, but often suffer from repetition. Beam
Search mitigates this issue by maintaining multi-
ple high-probability candidates, yet its determin-
istic nature leads to outputs with limited diversity.
To improve diversity, sampling-based approaches
have been proposed, including temperature scal-
ing, top-k sampling (Fan et al., 2018), and top-p
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sampling (Holtzman et al., 2019; Nguyen et al.,
2024; Tang et al., 2025). These methods increase
overall diversity, but do not correct potential mis-
ranking among candidate tokens. MTI targets high-
diversity (high-entropy) generation positions dur-
ing reasoning, where probability ordering is more
likely to be unreliable, and applies selective distri-
bution correction to adjust the relative likelihoods
of candidate tokens. Accordingly, MTI preserves
necessary diversity while mitigating errors caused
by miscalibrated probability rankings, and is or-
thogonal to and compatible with standard sampling
strategies.

Other decoding approaches rely on auxiliary
models, such as Speculative Decoding (Leviathan
et al., 2023; Chen et al., 2025b) for acceleration
and Contrastive Decoding (Li et al., 2023; Lee
et al., 2025b; Chuang et al., 2023) for reducing
hallucinations. In contrast, MTI requires no ad-
ditional models and focuses on improving reason-
ing ability rather than speed or hallucination con-
trol. LLM-CFG (Sanchez et al., 2023) guides
generation via unconditional predictions but re-
quires maintaining two KV caches and often yields
unstable gains in modern reasoning models. By
contrast, MTI employs Selective CFG Interven-
tion only at high-diversity positions, achieving
gains with negligible overhead, while Lightweight
Negative-Prompt Guidance reuses the conditional
KV cache and avoids maintaining dual KV caches,
enabling easy integration with modern inference
frameworks (Kwon et al., 2023).

A.8 Use of LLMs

We use LLMs to polish the paper, correct some
grammatical errors, and make the language more
concise and fluent.
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