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Abstract

Large reasoning models exhibit long chain-
of-thought reasoning with complex strategies
such as backtracking and self-verification. Yet,
these capabilities typically require resource-
intensive post-training. We investigate whether
such behaviors can be elicited in large mod-
els without any gradient updates. To this end,
we propose a decoding-time approach, THIN-
KLOGIT, which utilizes logit arithmetic (Liu
et al., 2024) to transfer these capabilities from a
substantially smaller reasoning guider to a large
non-reasoning target. We further show that we
can boost performance by training the guider to
correct the target’s errors using preference opti-
mization over mixed model outputs, a setup we
refer to as THINKLOGIT-DPO. We evaluate
these methods across six reasoning benchmarks
spanning math, science, and coding domains
using the Qwen2.5-32B guided by R1-Distill-
Qwen-1.5B, a model 21x smaller. Our ex-
periments demonstrate that THINKLOGIT and
THINKLOGIT-DPO achieve a relative improve-
ment of 21.5% and 24.2%, respectively, over
the target model. Moreover, THINKLOGIT re-
mains effective even when the guider and target
come from different model families. Crucially,
our method requires zero training for the large
model and would incur minimal inference over-
head when logits are computed in parallel, pre-
senting a practical solution for enabling long
reasoning at scale.!

1 Introduction

Large reasoning models (LRMs), such as OpenAl
ol (OpenAl, 2024) and DeepSeek-R1 (DeepSeek-
Al et al., 2025), have significantly advanced reason-
ing by leveraging inference-time compute (Snell
et al., 2024; Brown et al., 2024). These mod-
els generate very long chain-of-thought (CoT)

* Correspondence to yunxiang@umich.edu
'Our code is publicly avaiable at https://github.com/
yunx-z/think-logit.

traces involving planning, reflection, and self-
correction (Gandhi et al., 2025). It is widely be-
lieved that such behaviors require specialized train-
ing, either through reinforcement learning (RL)
with verifiable rewards (DeepSeek-Al et al., 2025;
Lambert et al., 2024; Shao et al., 2024) or super-
vised distillation (Muennighoff et al., 2025; Li
et al., 2025) from other LRMs. However, such
training is costly for large models with long gener-
ations and many parameters. Meanwhile, existing
training-free long CoT elicitation methods (Pang
et al., 2025; Muennighoff et al., 2025; Zou et al.,
2023; Tang et al., 2025; Zhao et al., 2025) still
remain limited, as they often lengthen outputs with-
out reliably inducing complex reasoning behaviors
and further require domain-specific supervision or
white-box access. While the training costs are often
prohibitive for large models, small models can be
trained with modest compute (Dang and Ngo, 2025;
Luo et al., 2025b). This observation motivates our
central research question: Can a small reasoning
model elicit long CoT behavior in a large non-
reasoning model at inference time, without train-
ing the large model?

We address this question with a decoding-time
method, THINKLOGIT, which elicits long CoT
reasoning in a large non-reasoning model as the
target. At each decoding step, we use logit arith-
metic (Liu et al., 2024) by computing the logit
difference between a small guider model trained
for long reasoning and its base version, and add
the resulting shift to the target logits. This token-
by-token guidance transfers long reasoning signals
from the small model to the large one without re-
quiring any gradient updates of the target.

Furthermore, since the output distributions of
long and short CoTs differ substantially, we align
them by training the small guider to correct er-
rors made by the target model while maintain-
ing the strengths of the target model. This
training process uses Direct Preference Optimiza-
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tion (DPO; Rafailov et al., 2023) on mixed prefer-
ence pairs sampled from both the guider and target
models, thereby making THINKLOGIT more on-
policy (Agarwal et al., 2024; Lu and Lab, 2025),
and then applies logit arithmetic using the fine-
tuned guider. We call this approach THINKLOGIT-
DPO and show that it further boosts performance
compared to THINKLOGIT.

We evaluate our methods on six challenging
benchmarks covering mathematical, scientific, and
code reasoning. Our results show that fusing
the logits of a small reasoning model (R1-Distill-
Qwen-1.5B) with those of a large target (Qwen2.5-
32B) yields 21.5% and 24.2% relative performance
gains with THINKLOGIT and THINKLOGIT-DPO,
respectively, over the frozen target baseline. We
further demonstrate that our method generalizes ef-
fectively across model families. Notably, a Qwen-
based guider successfully drives long reasoning in
Llama (Dubey et al., 2024), OLMo (OLMo et al.,
2025), and EXAONE (Research et al., 2024) tar-
gets. Crucially, our approach requires zero training
for the large model and incurs minimal inference la-
tency overhead by computing the guider and target
logits in parallel.

Our approach is particularly favorable when
training the target is infeasible: extreme-scale mod-
els beyond practical fine-tuning budgets (Dettmers
et al., 2023), black-box models limited to logit
access (Ormazabal et al., 2023),%> or privacy-
preserving settings where an on-device guider
steers a centralized model without exposing pri-
vate data (McMahan et al., 2017; Xu et al., 2024).
In these important scenarios, it enables efficient
reasoning transfer without full-model fine-tuning.

To summarize, our main contributions are:

* We propose THINKLOGIT, a training-free
decoding method that transfers long reason-
ing capabilities from a small guider to a large
target using logit arithmetic (Section 3.1).

¢ We introduce THINKLOGIT-DPO, which
further boosts performance by training the
guider to correct target errors via preference
optimization on mixed outputs (Section 3.2).

* We demonstrate up to 24.2% relative improve-
ment across diverse domains (math, science,
coding) and effective generalization to hetero-
geneous model families (Section 5.1 & 5.2).

For example, the OpenAl API exposes a logit_bias
parameter that lets users alter token probabilities at inference
by boosting or suppressing specific tokens (OpenAl, 2025).

2 Related Work

Eliciting Long Chain-of-Thought Reasoning.
Standard approaches rely on reinforcement learn-
ing (Lambert et al., 2024; Shao et al., 2024; Yu
et al., 2025; Liu et al., 2025) or supervised fine-
tuning (Muennighoff et al., 2025; Xu et al., 2025a;
Ye et al., 2025; Li et al., 2025) to elicit long CoT ca-
pabilities. However, applying these to large models
incurs prohibitive computational costs. Alterna-
tively, training-free methods exploit the fact that
pretrained LLMs already exhibit latent long CoT
behaviors (Liu et al., 2025; Gandhi et al., 2025).
While techniques such as representation engineer-
ing (Zou et al., 2023; Tang et al., 2025) or neuron
amplification (Zhao et al., 2025) attempt to surface
these capabilities, they typically require white-box
access and domain-specific supervision. In con-
trast, our THINKLOGIT framework operates with-
out parameter access or task-specific constraints,
effectively emulating the benefits of costly training
in a flexible, black-box compatible manner.

Logit Arithmetic. Logit arithmetic blends out-
put distributions from multiple models to steer gen-
eration (Liu et al., 2021; Ormazabal et al., 2023;
Fan et al., 2024; Shi et al., 2024), and has been
applied to emulating pretraining (Mitchell et al.,
2024), task-specific fine-tuning (Liu et al., 2024;
Fan et al., 2024), knowledge unlearning (Huang
et al., 2025), and overriding safety filters (Zhao
et al., 2024). However, prior applications typi-
cally target local attributes like vocabulary or style.
In contrast, our setting demands modeling long-
range dependencies to sustain complex cognitive
behaviors like backtracking and verification over
extended sequences (Gandhi et al., 2025). While
concurrent work (Ouyang et al., 2025) also applies
logit arithmetic to reasoning, they rely on direct
fusion within the same model family. We advance
this by introducing DPO alignment for targeted
error correction and demonstrating robustness in
cross-family transfer.

3 Methodology

In this section, we introduce THINKLOGIT (Sec-
tion 3.1) and THINKLOGIT-DPO (Section 3.2) to
elicit long CoT in frozen non-reasoning models via
logit arithmetic and DPO.

3.1 THINKLOGIT

Let zy.+ = 21,..., 2 be the partially decoded se-
quence of reasoning tokens at step ¢. For any lan-
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Figure 1: Overview of our proposed THINKLOGIT and THINKLOGIT-DPO approaches to elicit long chain-of-
thought reasoning from a large non-reasoning model that is frozen.

guage model f, denote its pre-softmax logits at the
next step by ng?l = f(z14) € RVl where V is
the vocabulary. We assume three models during
inference:

* large (target) L, a pre-trained LLLM lacking

long CoT capability;

 small base S, a pre-trained model without

long reasoning fine-tuning;

* small reasoning (guider) S, obtained via

long CoT post-training to Sp.

As shown in Figure 1, at decoding step t+1, the
fused logits are computed as Zt+1 = Bfi)l + o
(Egi)l — Egiol)), where o > 0 controls the guidance
strength. The delta term ¢(5) — ¢(50) encodes the
probability shift that turns a short-CoT model into
a long-CoT one. In the illustrated example, while
the target model favors shallow continuations like
“Now” or “We,” THINKLOGIT shifts the top pre-
diction to “Wait” by fusing the reasoning-oriented
delta logits. This intervention triggers a reflective
self-correction step (“Wait, hold on...”). In Ap-
pendix A, we provide a theoretical analysis justi-
fying that our logit arithmetic formulation behaves
approximately linearly across tasks.

3.2 THINKLOGIT-DPO

The effectiveness of THINKLOGIT can be con-
strained by distribution mismatches between the
guider and target. To address this, we further train
the small model as a stronger guider that corrects
target reasoning errors while retaining the target

strengths, using a mixture of two types of prefer-
ence pairs sampled from both the target L and the
guider .S outputs (see Figure 1):

Type-1: (x, y™, y°*) — The large model’s cor-
rect (short) CoT is preferred over the small
model’s incorrect (long) one. This encourages
the guider to preserve the correctness of the
target model and avoid introducing new errors.

Type-2: (z, y°Y, y**) — The small model’s cor-
rect (long) CoT is preferred over the large
model’s incorrect (short) one, teaching the
guider to be more confident at fixing the large
model’s reasoning errors.

We gather these pairs from training queries x by
independently sampling CoTs from L and S and la-
beling correctness based on the final answer. Let 0
denote the parameters of the preference-optimized
guider, initialized from S. We train 6 with a DPO
objective function that mixes the two pair types:

ﬁDPO(H) =\ E(m,yL\/’ny Y~Dy ge(ﬂf, yL/, ysx)

+(1 — )\) E(x,ys‘/,ny)fvpz 69(1'; yS/vyLX)a
(1)

where fp(z; yT,y7) = logo(re(z,yt) —
ro(z,y~)), o is the sigmoid function, 7 (z,y) =
Bllog me(y | ) — log me(y | )] is the implicit re-
ward of output y, and A € [0, 1] balances the
two datasets ‘Dl (Type-1) and D, (Type-2). We
D

S 21
use A= i

Dy by default, directly concatenating
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Model # Trainable | AIME AIME AMC MATH GPQA LiveCode
ode Params | 2024 2025 23 Level 5 Diamond Bench v5

(Guider) R1-Distill-Qwen-1.5B - 16.2 18.8 51.2 47.5 28.9 36.2

(Target) Qwen2.5-32B - 14.6 8.3 57.2 44.7 36.9 48.3

No Fine-tuning of the Target

Target + THINKLOGIT 0 22.5 +63 19.2 +03 622 +50 553 +78  41.8 +49 54.1 +58

Target + THINKLOGIT-DPO 78M 22.1 +59 21.7 +29 63.7 +65 58.5 +11.0 424 +55 524 +41

Full Fine-tuning of the Target

s1.1-32B 32B 32.9 254 70.0 72.2 51.9 58.0

R1-Distill-Qwen-32B 32B 45.8 35.0 76.9 72.7 55.6 75.4

Table 1: Comparison of avg@8 performance across six reasoning benchmarks covering math, science, and coding
domains. The yellow cells highlight the improvement of our methods over the stronger baseline model (Target
or Guider). We show that THINKLOGIT and THINKLOGIT-DPO provide substantial gains over the baselines and
partially recovers the benefits of full-model fine-tuning without any training of the large target model.

two datasets as DPO training data without further
rebalancing. After fine-tuning, we replace S in
THINKLOGIT with the optimized guider to obtain
THINKLOGIT-DPO.

4 Experimental Setup

Benchmarks. We evaluate models on six widely
used reasoning benchmarks for LRMs. Four of
them are competition math problems sources from
AIME2024, AIME2025, AMC23, and Level 5
hard problems from MATH-500 (Lightman et al.,
2024). For scientific reasoning, we evaluate on
GPQA Diamond (Rein et al., 2023), consisting of
198 PhD-level science questions in Biology, Chem-
istry, and Physics. For code reasoning, we use a
200-problem subset from the v5 release of Live-
CodeBench (Jain et al., 2025). For each dataset, we
independently sample 8 completions with a decod-
ing temperature of 0.6 and maximum output length
of 8192, and then compute their average accuracy
(for math and science reasoning) or pass rate (for
code reasoning) as Avg@8 for our primary metric.

Models. Our primary setup pairs a Qwen2.5-
32B (Yang et al., 2024a) target with an R1-Distill-
Qwen-1.5B (DeepSeek-Al et al., 2025) guider.
The guider is initialized from Qwen2.5-Math-
1.5B (Yang et al., 2024b) and fine-tuned on dis-
tilled long CoTs from DeepSeek-R1 (DeepSeek-
Al et al., 2025). The guider and target share the
same Qwen tokenizer, which enables direct appli-
cation of logit arithmetic. To demonstrate versa-
tility, we also evaluate: (1) Cross-family targets
(Section 5.2): We apply the Qwen-based guider
to large non-reasoning models from three distinct
model families: Llama-3.3-70B-Instruct (Dubey
et al., 2024) built by Meta, OLMo-2-0325-32B-

Instruct (OLMo et al., 2025) built by Ai2, and
EXAONE-3.5-32B-Instruct built by LG Al Re-
search (Research et al., 2024). (2) RL-trained
guiders (Section 5.3): We test guiders produced via
RL rather than supervised distillation: One-Shot-
RLVR-1.5B (Wang et al., 2025) and DeepScaleR-
1.5B-Preview (Luo et al., 2025¢). We set the guid-
ance strength to o = 1 by default.

Preference Data Construction. We construct
our preference dataset using the level 4-5 subset
of the MATH training set (Hendrycks et al., 2021).
For each question, we sample completions from
both the guider and target models to construct con-
flicting pairs where one model is correct and the
other is incorrect. From the resulting pool of over
55k candidate pairs (spanning both Type-1 and
Type-2 categories), we randomly select a subset
of 10k pairs for DPO training. To save training
compute, we apply LoRA (Hu et al., 2022) with a
rank size of 64 for parameter-efficient fine-tuning
of the guider model. Detailed statistics regarding
completion counts and pair distributions are pro-
vided in Appendix B.

5 Experiment Results

5.1 Main Results

Table 1 presents the avg@8 accuracies for all sys-
tems. We highlight two key observations. First,
THINKLOGIT consistently enhances reasoning per-
formance across math, science, and coding bench-
marks, outperforming both the target and guider
models. Combining the logits of the 32B target
with those of the 1.5B guider (THINKLOGIT) raises
the average performance by 21.5% relative to the
frozen target and by 28.3% relative to the guider.
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Figure 2: Cross-family long reasoning elicitation on
MATH-500 (Lightman et al., 2024) , applying a Qwen-
based guider to Llama, OLMo, and EXAONE targets
with greedy decoding. THINKLOGIT generalizes effec-
tively across heterogeneous model families, delivering
consistent accuracy gains (up to +25.9% absolute) de-
spite architectural and tokenizer differences.

While THINKLOGIT-DPO performs better than
THINKLOGIT by 3.7% relative in math, the im-
provement does not transfer to code reasoning. We
attribute this to the fact that the DPO-trained guider
was optimized exclusively on mathematical prefer-
ence pairs. These results highlight that preference
alignment is domain-dependent, suggesting that
multi-domain training data is necessary to general-
ize these benefits to other reasoning tasks.

Second, our approach recovers a significant por-
tion of the performance benefits of full-parameter
fine-tuning without any training. Remarkably,
THINKLOGIT bridges 45% of the performance
gap to the data-efficient s1.1-32B (Muennighoff
et al., 2025) baseline (trained on 1K examples)
and 30% of the gap to the stronger R1-Distill-
Qwen-32B (DeepSeek-Al et al., 2025) upper bound
(trained on 800K examples). It achieves this by
leveraging an off-the-shelf 1.5B guider, requiring
zero gradient updates or data collection. This
demonstrates that a substantial fraction of the rea-
soning capabilities typically acquired through ex-
pensive full-model training can instead be elicited
at inference time by simply reusing existing open-
weights reasoning models.

5.2 Generalization Across Model Families

In our main results, both the guider and target mod-
els come from the same Qwen model family. We
now show that the small reasoning guider can also
be applied to target models from different fami-
lies. Although logit arithmetic typically assumes a
shared tokenizer, we overcome this constraint by
aligning vocabularies with a minimum edit distance

AIME AIME
Model 2024 2025
Emulating RL on a Base Target
(Guider) One-Shot-RLVR-1.5B 13.3 7.1
(Target) Qwen2.5-32B 14.6 8.3
Target + THINKLOGIT 17.5 +29 11.2 +29

Emulating RL on a Supervised Fine-Tuned Target

(Guider) DeepScaleR-1.5B 30.0 23.8
(Target) R1-Distill-Qwen-32B  45.8 35.0
Target + THINKLOGIT 47.5 +1.7 379 +29

Table 2: Avg@8 performance of THINKLOGIT emulat-
ing reinforcement learning (RL) on large target models.
The two small guiders are trained via RL. Both emulated
RL pipelines deliver consistent performance gains while
avoiding the prohibitive cost of applying RL training on
large target models.

mapping (Wan et al., 2024). In practice, this is a
one-time, offline step that introduces no inference
overhead.

Using this strategy, we employ the RI-
Distill-Qwen-1.5B to guide three target mod-
els: Llama-3.3-70B-Instruct, OLMo-2-0325-32B-
Instruct, and EXAONE-3.5-32B-Instruct. As
shown in Figure 2, THINKLOGIT consistently im-
proves reasoning performance across all three het-
erogeneous targets on the MATH-500 benchmark,
with the most notable gains observed on EXAONE-
3.5-32B-Instruct, which achieves a 25.9% abso-
lute accuracy increase. These results highlight the
broad applicability of our approach: a single spe-
cialized guider can be reused for larger models
within or across families, offering a scalable way
to unlock long reasoning without retraining each
target.

5.3 Emulation of Reinforcement Learning

RL with verifiable rewards is a powerful paradigm
for enhancing the reasoning capabilities of lan-
guage models (Lambert et al., 2024; Shao et al.,
2024), but it is often prohibitively expensive. For
example, training even a small 1.5B model with RL
for long reasoning can require thousands of GPU
hours (Luo et al., 2025b), an expense that becomes
prohibitive for large-scale models. In Table 2, we
investigate whether THINKLOGIT could emulate
the effects of RL on a large target model without
training it.

First, we simulate a Zero-RL (applying RL di-
rectly on a base model; DeepSeek-Al et al., 2025;
Zeng et al., 2025) pipeline to enhance a large non-
reasoning model, Qwen2.5-32B. We apply reason-
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Figure 3: Comparison of THINKLOGIT against two
training-free long CoT elicitation baselines: budget forc-
ing and one-shot long CoT in-context learning (ICL).
While these approaches increase verbosity, their accura-
cies are generally lower and can even degrade, whereas
THINKLOGIT consistently produces longer reasoning
that delivers the best performance.

ing from the One-Shot-RLVR-1.5B (Wang et al.,
2025) guider, which is RL-trained on only one ex-
ample from a Qwen2.5-Math-1.5B base. Second,
we simulate an SFT-then-RL pipeline to further
improve an already supervised fine-tuned reason-
ing model like R1-Distill-Qwen-32B. We apply
guidance from the DeepScaleR-1.5B-Preview (Luo
et al., 2025b) guider, which is trained via dis-
tributed RL from an R1-Distill-Qwen-1.5B base.

Table 2 shows that both emulated pipelines de-
liver consistent performance gains over the target
large model and RL-trained small guiders, while
avoiding the prohibitive cost of applying RL train-
ing directly to the large target model. This confirms
that our method is an orthogonal technique that can
directly benefit from advances in small-model post-
training (e.g., distillation or RL), offering a flexible
and efficient mechanism to transfer the benefits
of powerful but expensive training paradigms to
larger models.

5.4 Comparison with Training-Free Baselines

A natural question is whether existing training-
free techniques are sufficient to elicit long CoTs,
or if specialized methods are required. Figure 3
contrasts our approach against two such baselines.
First, the budget-forcing® heuristic (Muennighoff
et al., 2025) replaces the end-of-sentence token
with a placeholder string like “Wait” to artificially
increase output length. Crucially, we find that
further scaling the number of tokens in this base-

3For budget forcing, we report results using Qwen2.5-32B-
Instruct, since applying it to the base Qwen2.5-32B led to
low-quality outputs and degraded performance. This choice is
consistent with the setup in Muennighoff et al. (2025).

AIME2025
50
40
X
©®3p
0
©
a
20 —%¥— Target + ThinkLogit-DPO
—@— Target + ThinkLogit
R1-Distill-1.5B (Guider)
10 —8— Qwen2.5-32B (Target)
1 4 8 16
k
Figure 4: Inference-time scaling on AIME2025.

Pass@ k for k=1-16 comparing the target, guider, their
direct logit fusion (THINKLOGIT), and the DPO-aligned
fusion (THINKLOGIT-DPO). Our methods demonstrate
superior sample efficiency, reaching stronger perfor-
mance with fewer generations and maintaining larger
gains as the sample budget increases.

line yields no additional accuracy gains; instead,
the model frequently degenerates into repetitive
loops—restating the same conclusion without pro-
ducing new information—rather than generating
valid cognitive steps. In contrast, our method elicits
genuine backtracking and verification, confirming
that mere verbosity does not translate into deeper
reasoning.

Second, inserting a single long CoT example
sourced from the s1.1-1K dataset (Muennighoff
et al., 2025) into the prompt for in-context learn-
ing (ICL; Brown et al., 2020; Min et al., 2022;
Dong et al., 2024) also degrades performance de-
spite longer outputs from the target model. In con-
trast, THINKLOGIT uses logit-level guidance from
a small reasoning model to steer the decoding to-
wards genuine long CoT reasoning, which trans-
lates into a clear uplift in the answer accuracy. This
shows that our improvements stem from the qual-
ity of the guidance being applied, rather than the
quantity of tokens generated.

5.5 Inference-Time Scaling Properties

We further evaluate the scalability of THINKLOGIT
concerning both repeated sampling and guider ca-
pacity. Figure 4 shows that THINKLOGIT scales
effectively with the number of generations per ques-
tion. Test-time scaling via repeated sampling is a
well-established strategy for enhancing reasoning
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performance (Brown et al., 2024; Snell et al., 2024),
as drawing more samples naturally increases the
probability of finding a correct solution. We quan-
tify this effect using the pass@k metric (Chen et al.,
2021), which measures the likelihood that at least
one of k sampled outputs is correct. Figure 4 plots
pass@k for k = 1-16 on AIME2025, the bench-
mark where the 32B target is weakest and scaling
effects are most pronounced.

Notably, both THINKLOGIT and THINKLOGIT-
DPO surpass the target’s pass@ 16 accuracy using
only four samples, demonstrating a fourfold in-
crease in sample efficiency. This performance gap
widens as k scales: at k = 16, the DPO-aligned
guider outperforms the target by roughly 17 points.
Ultimately, these results confirm that inference-
time guidance reliably improves reasoning, with
gains that compound alongside larger sampling
budgets.

Although our primary configuration uses a
1.5B guider for efficiency, we demonstrate in Ap-
pendix C that performance consistently improves
as guider size increases.

6 Additional Analyses

6.1 Ablation Study of THINKLOGIT-DPO

To further investigate the design choices in
THINKLOGIT-DPO, we ablate both our mixed-pair
data construction and preference-based learning ob-
jective (DPO) against single-source or supervised
fine-tuning alternatives. Results in Table 3 answer
the following research questions.

Are preference pairs sourced from both the tar-
get and the guider necessary to maximize perfor-
mance? We construct the same amount of 10K
preference pairs using only the guider’s correct vs.
incorrect outputs, i.e., (x, y°¥, y*). DPO on this
data underperforms markedly on AMC23 (58.8 vs.
63.7 by our THINKLOGIT-DPO), confirming that
mixing pairs which highlight both the target’s and
guider’s strengths is crucial for maximal gains.

Is training on both types of pairs necessary for
the effectiveness of THINKLOGIT-DPO? We
next ablate by training on only one type of pref-
erence pairs at a time: using only Type-2 pairs
(z, v°, y¥*) (i.e., A = 0 in Equation 1) yields
an avg@8 of 57.2, while using only Type-1 pairs
(z, y™, y>*) (i.e., A = 1 in Equation 1) drops
further to 51.9. Both are substantially below the
63.7 achieved by the full mixture, indicating that

Training Data

Model for Guider Avg@8
THINKLOGIT-DPO
(z, y=", y>*)

Ours (@ vy 63.7
w/o dual sources  (x, y°¥, y°*)  58.8
wlo Type-1 pairs ~ (z, y°¥, y&>)  57.2
wilo Type-2 pairs  (x, y*, y°%)  51.9

THINKLOGIT-SFT

learning from target (z,y™") 44.7

self-learning (z,y°) 55.6

learning from teacher  (z,y™"") 60.9

Table 3: Avg@8 on AMC23 under ablations of guider’s
training data and objectives in THINKLOGIT-DPO.
z, y*, and 45> denote the question, the correct (v')
response for the large target model (L), and the incor-
rect (x) response from the small guider model (S), re-
spectively. Our dual-source, mixed-pair DPO performs
the best, demonstrating the necessity of complementary
preference signals and preference-based alignment.

both Type-2 pairs (which teach the guider to cor-
rect target errors) and Type-1 pairs (which enforce
preservation of the correct reasoning of the target)
are necessary for better alignment.

Can supervised fine-tuning replace prefer-
ence-based alignment of the guider? We eval-
uate SFT against DPO by training the guider on
three equally sized sets of high-quality comple-
tions: Option 1: the target model’s correct out-
puts y~¥'; Option 2: the guider’s own correct out-
puts y° (also known as rejection-sampling fine-
tuning (Yuan et al., 2023)); Option 3: R1-distilled
completions 41", Although SFT on Options 1 and
2 makes the guider a stronger standalone reasoner,
none of these variants match the performance of
the DPO-aligned guider. This gap highlights that
optimizing with pairwise preference comparisons
yields a better guider than optimizing solely for cor-
rectness. While SFT on Option 3 adapts the guider
toward the target’s short CoT reasoning style and
thus reduces the distributional gap, it also tends
to overwrite the guider’s native strengths of long
reasoning. In contrast, DPO preserves the guider’s
intrinsic reasoning capabilities while selectively
aligning it to the target’s preferences through pair-
wise comparisons.

We also ablate the guidance strength o in Ap-
pendix G, where we observe that the default value
a = 1.0 performs best. We applied the exact same
hyperparameter configuration across all main ex-
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Figure 5: Average frequency of key reasoning
behaviors (Branching out, Backtracking, and Self-
verification) across all six benchmarks. THINKLOGIT
and THINKLOGIT-DPO successfully elicit complex
cognitive patterns in the target non-reasoning model,
effectively transferring the long reasoning capabilities
of the small guider.

periments, encompassing six benchmarks and six
guider-target model pairs. This required zero per-
task or per-model tuning, confirming the strong
out-of-the-box robustness of our method.

6.2 Reasoning Behavior Analysis

To verify that THINKLOGIT and THINKLOGIT-
DPO elicit genuine long reasoning capabilities
rather than simply increasing output verbosity,
we analyze the frequency of tokens associated
with three key reasoning behaviors: Branching
out (exploring alternative approaches), Backtrack-
ing (correcting errors or revising steps), and Self-
verification (systematic checking of intermediate
results).

To quantify these behaviors, we curate a lex-
icon of representative keywords based on prior
studies (Gandhi et al., 2025; Ouyang et al., 2025).
We process the model reasoning traces with the
spaCy (Honnibal et al., 2020) toolkit using tok-
enization and lemmatization to account for mor-
phological variations, then calculate the frequency
of keywords associated with each reasoning behav-
ior. The full list of keywords used for this analysis
is provided in Table 6 of Appendix D.

We present the average frequency of these be-
haviors across all six datasets in Figure 5, which
reveals a stark contrast before and after applying
THINKLOGIT. The target model (Qwen2.5-32B)
exhibits negligible occurrences of these reasoning
behaviors, which is consistent with its inability to
perform long chain-of-thought reasoning. In con-

Target THINKLOGIT SFT

Training Efficiency

Training Parameters - 0 32B

# Training GPUs - 0 8 x80GB*
Inference Efficiency

Inference Parameters 32B 35B 32B

# Inference GPUs 2x46GB  2x46GB 2x46GB

Inference Throughput

(tokens/second) 10.1 7.6 2.1

Table 4: Comparison of training and inference efficiency,
using Qwen2.5-32B as the Target model. We select
R1-Distill-Qwen-32B as a representative model for full-
parameter supervised fine-tuning (SFT). Training GPUs
required for SFT (*) is estimated based on Zheng et al.
(2024). THINKLOGIT trades increased inference latency
for zero training cost, making long reasoning possible
when training the large target is infeasible.

trast, the guider model (R1-Distill-1.5B) demon-
strates a high frequency of reasoning-related to-
kens, particularly for Backtracking and Branching
out. THINKLOGIT and THINKLOGIT-DPO suc-
cessfully transfer these behaviors to the large tar-
get model, eliciting substantial amounts of branch-
ing, backtracking, and self-verification, effectively
bridging the gap between the non-reasoning tar-
get and the specialized guider. We further break
down these behaviors by domain in Figure 7 (see
Appendix D). The results show consistent trends
across math, science, and coding tasks.

We provide an example model output after apply-
ing THINKLOGIT in Figure 6, showing that THIN-
KLOGIT elicits rich long CoT behaviors like back-
tracking and self-verification rather than merely
increasing verbosity. In Appendix F, we further an-
alyze specific failure modes, observing that THIN-
KLOGIT can struggle to form higher-level abstrac-
tions, hallucinates contradictions that disrupt in-
ductive reasoning, or fail to recover from wrong
assumptions.

6.3 Efficiency Analysis

Training Efficiency. As illustrated in Table 4,
THINKLOGIT entirely eliminates the training over-
head associated with adapting large non-reasoning
models for long reasoning. While full parame-
ter supervised fine-tuning (SFT) of the 32B target
demands significant computational resources (es-
timated at eight 80GB GPUs), THINKLOGIT re-
quires zero training for the target model itself. This
makes THINKLOGIT distinctively advantageous in
resource-constrained settings where training a 32B
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Question: Ler P(x) be a monic polynomial of degree 3. Suppose that P(x) has remainder R(x) when it is divided by
(z — 1)(x — 4), and remainder 2R (x) when it is divided by (x — 2)(xz — 3). Given that P(0) = 5, find P(5).

Answer: 15.

(Guider) R1-Distill-Qwen-1.5B

Alright, so I have this problem here
about a monic polynomial of degree
3, P(x). [...]

by-step.
So,P(x)=x3+ax2+bx+c=x3-7x2
+29x +5
Let me double-check to make sure.
First, let’s compute P(1): [...]

R(3)=15*3 +13=45 +13=58. Wait,
that’s 56 vs 58. Hmm, that’s a prob-

(Target) Qwen2.5-32B

Given the problem, we need to find the poly-
nomial P(z) and then use it to determine it.
P(5). Let’s break down the problem step-
1. **Understand the problem:** [...]

2. **Formulate the polynomial:** [...]

3. **Use the given conditions:** [...]

Target + THINKLOGIT
Let’s write a Python program to solve
import sympy as sp [...]

Wait, this is not going to work. Because
Python’s sympy.rem() function doesn’t
accept the polynomial in a string form.
Also, the way I defined the equations is
incorrect.

Maybe I should approach this problem
differently. [...]

lem. 7. **Solve for the coefficients a, b, and c:**

Wait, hold on, maybe I made a mis- [--]
take in calculations.
Let me recalculate P(3): [...]

Wait, earlier when I thought I had a
discrepancy, I must have miscalcu-
lated. [...]

**Final Answer** The value of P(5)

is .

Wiait, no. Let’s first express Equation 1
as:r+s=a+b+6.[..]

The value of P(5) is .

Simplify: 4a + b + 20.5 = 0. Hmm,
fractional coefficient. Not sure if that’s
intended.

Wait, perhaps I made a mistake earlier.

Wait, let me double-check the substitu-
tion into Equation 3. [...]

Yep, P(5)=15.
**Final Answer**| 15

Figure 6: Example model outputs. We show a question from MATHS500, where both the Guider and Target provide
incorrect answers but our THINKLOGIT generates the correct answer. [...] indicates that the text was trimmed to
fit this page, but the generated text is actually longer. We highlight text that exhibits long CoT behaviors (e.g.,
backtracking, branching out, self-verification) in yellow. THINKLOGIT elicits informative long CoT reasoning

behaviors from the non-reasoning target model.

model is computationally infeasible.

Inference Efficiency. Table 4 further compares
the inference metrics of THINKLOGIT against the
frozen target and the fully fine-tuned baseline. De-
ploying THINKLOGIT requires hosting the large tar-
get alongside two smaller models: the base model
So and the reasoning guider S. In our primary
setup (a 32B target guided by a 1.5B model), this in-
creases the total parameter count by approximately
1.1x (from 32B to 35B) relative to the target alone.
Crucially, this combined footprint still fits within
the same hardware configuration (2x 46GB GPUys),
avoiding the need for extra inference hardware.
Regarding inference throughput (tokens gener-
ated per second), profiling on NVIDIA L40S GPUs
shows a moderate reduction of roughly 25% (10.1
vs. 7.6 tokens/second) compared to the target in
isolation. Notably, THINKLOGIT-DPO introduces
no additional overhead beyond THINKLOGIT, as
it simply replaces the guider with a preference-
optimized model of identical size. The observed
throughput reduction primarily stems from our pro-

totype implementation based on the Huggingface
generate() function, which queries the three mod-
els sequentially at each decoding step. In a pro-
duction environment, logits from all three models
could be computed concurrently across distributed
GPUs, which would largely mitigate this latency
and make throughput comparable to that of the
standalone target model.

7 Conclusion

We present THINKLOGIT, a training-free frame-
work eliciting long chain-of-thought via logit guid-
ance from a small reasoner, and its optimized vari-
ant THINKLOGIT-DPO. Delivering up to 24.2%
gains with a 21x smaller guider, our approach
generalizes across model families and emulates
RL benefits. These results establish inference-
time guidance as a practical alternative to post-
training, enabling modular systems where special-
ized, lightweight models unlock advanced reason-
ing in large-scale foundation models.
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Limitations

Inference Overhead. While THINKLOGIT elim-
inates the prohibitive cost of training large models,
it introduces a modest inference overhead by re-
quiring the simultaneous execution of the small
guider and base models. In our current sequen-
tial implementation, this results in a throughput
reduction of approximately 25% compared to the
standalone target. However, as discussed in Sec-
tion 6.3, this latency is primarily an engineering
bottleneck rather than a fundamental one brought
by our methodology. Since the additional model
weights fit within the same hardware footprint, pro-
duction deployments can compute guider logits in
parallel to achieve throughput comparable to the
target model alone.

Furthermore, cross-model versatility multiplies
compute savings for training. Unlike standard fine-
tuning, which requires independent training for
each target, our approach offers high reusability.
We demonstrate that a single 1.5B Qwen guider ef-
fectively steers models from diverse families such
as Llama, OLMo, and EXAONE (Figure 2). This
one-to-many capability multiplies the training com-
pute saved across all guided models.

Finally, new methods that reduce overthinking
and yield shorter reasoning traces will directly
lower our per-token overhead. Recent methods
actively reduce overthinking to generate shorter
reasoning traces (Xu et al., 2025b; Song and Zheng,
2025; Luo et al., 2025a). This shift is also visible
in practice, with Anthropic substantially lowering
Claude’s reasoning verbosity between model iter-
ations (Zhou et al., 2025). Because our overhead
scales linearly with token count, these shorter rea-
soning trajectories naturally shrink the absolute
inference cost of our method.

Offline Alignment. The guider is aligned with
the target via DPO on a fixed set of preference
pairs. This offline formulation cannot adapt once
deployment uncovers new error patterns or distri-
bution drift. Incorporating online reinforcement
learning (Schulman et al., 2017; Shao et al., 2024)
that updates the guider from streamed on-policy
samples could, in principle, reduce this brittleness.
However, on-policy RL introduces training effi-
ciency and stability challenges that remain open
research problems.
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A Theoretical Grounding

We provide a clearer mathematical interpretation
for why our logit arithmetic formulation behaves
approximately linearly across tasks.

Consider a pretrained model (Sp) and its post-
trained long-CoT variant (.5), which maximize an
RL objective with a KL divergence penalty:

masx By plr(a, )] — B KL(P(|2)]1So( |2)).
This is known to have a closed-form solu-
tion (Rafailov et al., 2023):

P*(yl2) = S So(yle) exp (r(z,))

1
Z(x)

Rearranging gives an implicit reward function
for any fine-tuned model S:

S(ylz)
So(ylz)

Thus, the log-likelihood ratio between a trained
and untrained model encodes behavioral shift intro-
duced by long-CoT training.

Now, in ThinkLogit we combine the target
model L with this reward signal via (=101 +a-
(s — ls,)-

Exponentiating both sides gives:

S(ylz) \*
50(y$)> ’

which corresponds to adjusting the target distri-
bution according to the guider’s implicit reward. In
this view, the apparent linearity of logit arithmetic
follows naturally from the multiplicative form of
the KL-regularized optimum and the fact that logits
are log-probabilities, rather than from an ad-hoc
linearity assumption.

r(z,y) = Blog

Plylz) o L(yla) (

B Training Details

Environment. All experiments were conducted
using NVIDIA A40/L40S GPUs with 48GB mem-
ory. The software environment was configured as
follows:

* 360-LLaMA-Factory (Zou et al., 2024) (A
long CoT adapted version of LLaMA-Factory
0.9.1 (Zheng et al., 2024))

e torch2.7.0

e transformers 4.51.3

* accelerate 1.0.1
* datasets 3.1.0

* tr10.9.6

peft 0.12.0

* deepspeed 0.14.4

LoRA Configuration. We applied LoRA (Hu
et al., 2022) for parameter-efficient fine-tuning of
the guider model:

* Rank: 64

® (LoRA- 128

* Target modules: q_proj, k_proj, v_proj,

0_proj
* Bias: None

DPO Training. For preference optimization with
DPO, we used the following settings:

e Batch size: 32 (4 GPUs * 8 Gradient Accu-

mulation)

* Epoch: 1

* Learning rate: 5e-6

* Optimizer: AdamW

* Learning rate scheduler: cosine with warmup

* Warmup ratio: 0.1

* 3 (reward scaling): 0.1

* Cutoff length: 8192

Preference Data Statistics. To construct the
preference data, we sampled 5 completions for
each question from both the guider (S) and tar-
get (L) models. Each completion was checked
for final-answer correctness against the gold label.
The target model L yielded 12,412 correct (y=¥)
and 16,448 incorrect (y~>) completions, whereas
the guider S produced 18,651 correct (y°*) and
10,209 incorrect (y°*) completions. Forming the
Cartesian product for each question resulted in
11,974 Type-1 preference pairs (yL/, Tad X) and
43,209 Type-2 pairs (y°",yL>), for a total pool
of 55,183 pairs.

C TImpact of Guider Model Size

A key hypothesis of THINKLOGIT is that the qual-
ity of the elicited reasoning depends on the strength
of the guidance signal provided by the small model.
In our main experiments, we utilized a 1.5B param-
eter guider for efficiency. To investigate whether
our approach benefits from scaling the guider’s ca-
pacity, we replace the 1.5B guider with a larger
7B reasoning model (R1-Distill-Qwen-7B), while
keeping the target model (Qwen2.5-32B) fixed.
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AIME AMC
Model 2024 23
(Target) Qwen2.5-32B 14.6 57.2
Target + THINKLOGIT 1.5B 22.5 +79 62.2 +5.0
Target + THINKLOGIT 7B 35.8 212 69.9 +12.7

Table 5: Scaling properties of the guider model. Avg@8
performance improves substantially when replacing the
1.5B guider with a 7B model, indicating that THIN-
KLOGIT effectively leverages increased capacity in the
guider model.

Table 5 presents the results on AIME 2024 and
AMC 23. We observe a strong positive correlation
between guider size and performance gains. While
the 1.5B guider yields reasonable improvements
(+7.9% absolute on AIME 2024), scaling to the 7B
guider nearly triples this gain to +21.2%. Similarly,
on AMC 23, the improvement from base model
jumps from +5.0% to +12.7% absolute.

These results demonstrate that THINKLOGIT is
not merely transferring a generic “reasoning style”
(e.g., token verbosity), but effectively transferring
the specific reasoning capabilities of the guider.
Consequently, as small reasoning models continue
to improve in quality and efficiency, our inference-
time method can directly leverage these advances
to further boost large frozen models.

D Domain-Specific Analysis on Reasoning
Behaviors

We further break down the reasoning behaviors
defined in Section 6.2 by domain in Figure 7.
The results show consistent trends across Math
(AIME2024, AIME2025, AMC23, MATH Level
5), Science (GPQA Diamond), and Coding (Live-
CodeBench) tasks. This detailed domain-specific
breakdown confirms that the elicited reasoning be-
haviors are robust across different types of complex
problem-solving scenarios and are not limited to a
single domain.

E Case Study

To determine whether THINKLOGIT elicits mean-
ingful thought processes or simply inflates out-
put length, we compare the guider, target, and
THINKLOGIT outputs on a selected question from
the MATH-500 dataset (Figure 6). The analysis
demonstrates that THINKLOGIT generates informa-
tive reasoning behaviors. In contrast to existing
training-free methods (Muennighoff et al., 2025)
that often artificially lengthen traces with repetitive

filler, the additional tokens here drive functional
self-correction, successfully redirecting an erro-
neous trajectory toward the true solution.

F Qualitative Analysis of Failure Modes

While THINKLOGIT demonstrates strong capabil-
ities in eliciting long chain-of-thought reasoning
without training, we observe specific failure modes
where the interaction between the guider’s impulse
to lengthen generation and the target’s knowledge
boundaries leads to reasoning collapse. We catego-
rize these failures into three distinct types.

F.1 THINKLOGIT struggles to form
higher-level abstractions

In this failure mode, the model successfully initi-
ates a complex reasoning path and correctly sets up
the problem constraints. However, when it lacks a
specific high-level mathematical insight (e.g., rec-
ognizing an optimization boundary or an envelope),
the guidance strength (o) prevents the model from
stopping or guessing. Instead, the model enters a
recursive loop, re-deriving the same intermediate
conditions using varied phrasing until the context
window is exhausted.

Question: Let O(0,0), A(3,0), and B(0, @)
be points in the coordinate plane. Let F be the
family of segments PQ of unit length lying in the
first quadrant with P on the x-axis and Q) on the
y-axis. There is a unique point C on AB, distinct
from A and B, that does not belong to any segment
from F other than AB. Then OC? = %, where p

and q are relatively prime positive integers. Find
p+q

Answer: 23.

Failure Analysis: The model correctly parame-
terizes the family of lines y = (—q/p)x + ¢ sub-
ject to p? + ¢® = 1. However, it fails to recognize
that the “unique point” corresponds to the point of
tangency with the family’s envelope (an astroid).
Lacking this conceptual leap, the model attempts
to prove the uniqueness condition algebraically for
every possible parameter p, q.

THINKLOGIT Long CoT Excerpt

“Therefore, I need to characterize all points C' on AB
such that there exists no other PQ in F with PQ
intersecting AB at C'... Therefore, for C' to NOT lie
on any other P(), this equation must have no solution
p,q in (0, 1) other than the PQ) = AB case.

[...]
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Behavior Keywords

Branching out
Backtracking
Self-verification

alternatively, another, try, suppose, consider, different, assume, also, option
however, but, mistake, error, contradiction, wrong, revisit, actually, again, flawed
check, verify, confirm, satisfy, plug, back, substitute, ensure, validate, test

Table 6: Keywords identifying three types of reasoning behaviors: Branching out, Backtracking, and Self-

verification.

I (Target) Qwen2.5-32B

Math

I (Guider) R1-Distill-1.5B

Science

I Target + ThinkLogit [ Target + ThinkLogit-DPO

Coding

I
=)

80

w
o

60

40

Average Count
N
o

=
o

20

0 Branching out Backtracking Self-verification 0 Branching out

Backtracking Self-verification

80

60

40

20

0Branching out Backtracking Self-verification

Figure 7: Domain-specific breakdown of reasoning behaviors across Math, Science, and Coding tasks. The elicited

behaviors are robust across diverse domains.

So, (—q/p)((1 —)/2) 4+ q # (v/3/2)t... leading to
V1 —p2[—(1 —t)/p+ 2] # +/3t. Hmm. Alterna-
tively, perhaps express ¢ in terms of p or vice versa.
Since p? 4+ ¢%> = 1,50 ¢ = /1 — p2.

[...]

But as I derived earlier, leading to /1 — p?[—(1 —
t)/p + 2] # /3t. Hmm. Alternatively, perhaps
parameterize differently. Wait, hold on. Let me think
of C'as a pointon AB..”

(The model repeats this derivation loop for over 1,000
tokens before terminating with a random guess.)

F.2 THINKLOGIT hallucinates contradictions
that disrupt inductive reasoning

This failure mode occurs when the model intro-
duces factual inconsistencies, or “hallucinations”,
into its own reasoning history, directly contradict-
ing valid conclusions it just derived. A single cor-
rupted derivation in the reasoning traces obscures
the underlying mathematical structure (e.g., an
arithmetic sequence), preventing the model from
inducing a general rule. Consequently, it aban-
dons efficient generalization strategies and reverts
to inefficient, step-by-step manual simulation that
eventually exhausts the context window.

Question: Alice and Bob play the following
game. A stack of n tokens lies before them. The
players take turns with Alice going first. On each
turn, the player removes either 1 token or 4 tokens
from the stack. Whoever removes the last token
wins. Find the number of positive integers n less

than or equal to 2024 for which there exists a strat-
egy for Bob that guarantees that Bob will win the
game regardless of Alice’s play.

Answer: 809.

Failure Analysis: The model correctly computes
the status of small n values step-by-step. It cor-
rectly derives that n = 21 is a winning position.
However, in the subsequent summary step, it hal-
lucinates that 21 is losing. This error breaks the
visible pattern (congruence modulo 5), causing the
model to doubt its hypothesis and revert to manu-
ally simulating the game state for n > 22, which is
computationally infeasible within the token limit.

THINKLOGIT Long CoT Excerpt

“n = 21: current player can take 1, leaving 20 [which
is losing]. So current player can leave opponent in
losing—so n = 21 is winning.

Hmm, so the losing positions up to n = 21 are: 0, 2,
5,7,10, 12, 15, 17, 20, 21...

Looking at differences between consecutive losing
positions: 20-17=3 21-20=1

So after the initial +2, it’s alternating between +3 and
+2, except for the last jump which is +1 from 20 to 21.
Hmm, that’s a bit irregular.

[...]

n = 22: Current player can take 1, leave 21—which
is dp[21]=True... Wait, no—if n = 21 is a losing
position, then opponent would lose...”
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F.3 THINKLOGIT fails to recover from a
wrong assumption

Strong guidance can occasionally reinforce
“greedy” heuristics. The model locks onto a sim-
plified constraint early in the reasoning process.
When rigorous algebraic substitution reveals a con-
tradiction, the model exhibits Algebraic Rigidity:
rather than questioning the heuristic, it assumes it
has misread the problem statement, leading to a
loop of text re-interpretation.

Question: Find the number of ways to place a
digit in each cell of a 2x3 grid so that the sum of the
two numbers formed by reading left to right is 999,
and the sum of the three numbers formed by reading
top to bottom is 99. The grid below is an example
of such an arrangement because 8 + 991 = 999
and 9 4+ 9 + 81 = 99.

0108
9191

Answer: 45.

Failure Analysis: The model sets up the vertical
sum 10(a + b+ ¢) + (d+ e + f) = 99. It applies
a greedy heuristic that place values do not overlap,
assuminga +b+c=9 (tens)andd+e+ f =9
(units). When substituting values derived from the
rows yields a contradiction (18 = 9), the model en-
ters a “verification loop,” repeatedly re-calculating
the example provided in the prompt rather than
revising the incorrect constrainta + b+ c = 9.

THINKLOGIT Long CoT Excerpt

“So, 10(a + b+ ¢) is 90, and (d + e + f) is 9...
So, top-to-bottom constraints: 1. a +b+c =9 2.
d+e+f=9

[...]

Substitute into constraint 5: (9 —a) + (9 —b) + (9 —
¢) = 9 Simplify: 27 — (a + b+ ¢) = 9. From
constraint4,a +b+c¢=9,s0: 27 -9 =18 = 9?
Hmm, that’s not matching.

This suggests a contradiction, meaning that my con-
straints are wrong. Wait, maybe I made a wrong
assumption... Wait, let me retrace... Wait, hold on, the
problem says...

(The model spends the remaining context re-verifying
the example grid: “Wait, original grid: First row 0, 0,
8.”)

F.4 Mitigations and Future Work

The failure modes identified above, specifically the
tendency to loop or stagnate, suggest that a static
guidance strength o may be suboptimal for all rea-
soning stages. Future work could investigate dy-
namic guidance annealing (Fan et al., 2024), where

AMC23
65
60
55
©®50
g
z 45
40 Target
35 Guider
30 B Target + ThinkLogit

0.5 0.75 1.0
a (guidance strength)

1.25 1.5

Figure 8: Sweeping the guidance strength v shows that
a = 1.0 yields the best trade-off between guider influ-
ence and target model priors.

« is reduced when repetitive n-grams or circular
logic are detected, allowing the target model to
“break out” of local minima or terminate unpromis-
ing paths. Additionally, since hallucination often
stems from the model losing track of long contexts,
explicitly prompting the guider to summarize inter-
mediate states could reduce hallucination. Finally,
for failures in abstraction, equipping the model
with tool use (e.g., a Python interpreter) could al-
low it to offload intractable algebraic verifications
that currently lead to context exhaustion.

G Impact of the Guidance Strength

In THINKLOGIT, the hyperparameter of the guid-
ance strength « plays a critical role. We evaluate its
effects on the AMC23 benchmark, which presents
a suitable mix of problem difficulties and clearly
exhibits both stability and guidance effects. We
sweep « over {0.5,0.75,1.0,1.25, 1.5} to control
how strongly the guider’s delta-logits modify the
target’s distribution (see Figure 8). At a=1.0, we
observe the highest avg@8 together with moderate
generation length, indicating an optimal trade-off
between the guider’s corrective signal and the tar-
get model’s own priors. Crucially, all experiments
in the main paper except this hyperparameter study
use the same hyperparameter «=1.0 as a robust
default, demonstrating that our method achieves
strong performance without extensive hyperparam-
eter tuning.
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