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Abstract

Large reasoning models exhibit long chain-of-
thought reasoning with strategies such as back-
tracking and self-correction, though recent stud-
ies (Muennighoff et al., 2025; Zeng et al., 2025)
suggest that these abilities typically require ad-
ditional training. We first investigate whether
such behaviors can be elicited without any
training. To this end, we propose a decoding-
time approach, THINKLOGIT, which utilizes
logit arithmetic (Liu et al., 2024) to tune a
target large non-reasoning model for long rea-
soning using a substantially smaller reasoning
model as the guider. We then show that we
can further boost its performance by training
the guider model with preference optimization
over correct/incorrect reasoning pairs sampled
from both the target and guider model, a setup
we refer to as THINKLOGIT-DPO. Our ex-
periments demonstrate that THINKLOGIT and
THINKLOGIT-DPO achieve a relative improve-
ment in average accuracy by 24.5% and 29.1%,
respectively, over five reasoning benchmarks
using the Qwen2.5-32B guided by R1-Distill-
Qwen-1.5B, a model 21x smaller. Moreover,
we find that THINKLOGIT remains effective
when the guider and target come from different
model families. It is also orthogonal to post-
training methods for small models, as guiders
improved through supervised distillation or re-
inforcement learning can be directly plugged in
to yield stronger large models, offering a practi-
cal path to unlock long reasoning in large-scale
models without costly post-training.1

1 Introduction

Large reasoning models (LRMs), such as
DeepSeek-R1 (DeepSeek-AI et al., 2025), Ope-
nAI o1 (OpenAI, 2024), and Qwen3 (Qwen Team,
2025), have significantly advanced reasoning by
leveraging inference-time compute (Snell et al.,

* Correspondence to yunxiang@umich.edu
1Our code is publicly avaiable at https://github.com/

yunx-z/ThinkLogit.

2024; Brown et al., 2024). These models generate
very long chain-of-thought (CoT) traces involving
planning, reflection, and self-correction (Gandhi
et al., 2025). It is widely believed that such be-
haviors require specialized training, either through
reinforcement learning (RL) with verifiable re-
wards (DeepSeek-AI et al., 2025; Lambert et al.,
2024; Shao et al., 2024) or supervised distilla-
tion (Muennighoff et al., 2025; Li et al., 2025) from
other LRMs. However, such training is costly for
large models with long generations and many pa-
rameters. Meanwhile, existing training-free long
CoT elicitation methods (Pang et al., 2025; Muen-
nighoff et al., 2025; Zou et al., 2023; Tang et al.,
2025; Zhao et al., 2025) still remain limited, as they
often lengthen outputs without reliably inducing
genuine long reasoning and further require domain-
specific supervision or white-box access. While the
training costs are often prohibitive for large mod-
els, small models can be trained with modest com-
pute (Dang and Ngo, 2025; Luo et al., 2025a). This
observation motivates our central research ques-
tion: Can a small reasoning model elicit long CoT
behavior in a large non-reasoning model at infer-
ence time, without training 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., 2021, 2024; Mitchell 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 tar-
get logits. This token-by-token guidance transfers
long reasoning signals from the small model to the
large one without requiring any training of the tar-
get. Furthermore, since the output distributions of
long and short CoTs differ substantially, we align
them by training the small guider to correct errors
made by the target model while maintaining the
strengths of the target model. This training pro-
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cess uses Direct Preference Optimization (DPO;
Rafailov et al., 2023) on mixed preference pairs
sampled from both the guider and target models,
thereby making THINKLOGIT more on-policy, and
then applies logit arithmetic using the fine-tuned
guider. We refer to this approach as THINKLOGIT-
DPO and show that such training can further boost
performance compared to THINKLOGIT.

We evaluate our methods on five challenging
benchmarks covering mathematical and scientific
reasoning. Our results show that fusing the logits
of a small reasoning model (DeepSeek-R1-Distill-
Qwen-1.5B) with those of a large target (Qwen2.5-
32B) yields 24.5% and 29.1% relative accuracy
gains with THINKLOGIT and THINKLOGIT-DPO,
respectively, over the frozen target baseline. We fur-
ther show that our method remains effective even
when the target and guider models come from dif-
ferent families. Specifically, we show that a Qwen-
based guider can drive long reasoning from a Llama
target, highlighting cross-family generalization. We
further demonstrate that THINKLOGIT can emu-
late reinforcement learning in large frozen models
by leveraging small RL-trained guiders, sidestep-
ping the prohibitive cost of direct RL at scale. Our
ablation study shows that gains of THINKLOGIT-
DPO arise only when preference pairs combine the
strengths of both the guider and target models.

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),2 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.

2 Related Work

Eliciting Long Chain-of-Thought Reasoning.
Large reasoning models, such as OpenAI’s
o1 and o3 (OpenAI, 2024, 2025), DeepSeek-
R1 (DeepSeek-AI et al., 2025), and QwQ (Team,
2025), outperform standard LLMs on logic, math,
and programming tasks, with the ability to revisit
earlier steps and leverage extra test-time computa-
tion to generate longer reasoning chains. A com-
mon way to elicit long reasoning is reinforcement

2For example, the OpenAI API exposes a logit_bias
parameter that lets users alter token probabilities at inference
by boosting or suppressing specific tokens (OpenAI, 2025).

learning (Lambert et al., 2024; Shao et al., 2024;
Yu et al., 2025; Liu et al., 2025), which optimizes
the model for outcome-based correctness rewards.
A complementary line of work demonstrates that
the same capability can be acquired with data-
efficient supervised fine-tuning (SFT). Distilled
long CoTs from stronger teacher models allow a
student to extend its reasoning length and improve
accuracy with as few as one thousand training ex-
amples (Muennighoff et al., 2025; Xu et al., 2025;
Ye et al., 2025; Li et al., 2025). However, applying
either RL or SFT to large models requires signif-
icant resources (e.g., 16 H100 GPUs for SFT a
32B model reported by Muennighoff et al. (2025)),
making these approaches infeasible for many prac-
titioners. Our THINKLOGIT framework emulates
the benefits of SFT or RL on large targets without
incurring this heavy training cost. Finally, training-
free methods exploit the fact that pretrained LLMs
already exhibit long CoT behaviours (Liu et al.,
2025; Gandhi et al., 2025). Tang et al. (2025) in-
ject contrastive long-versus-short CoT representa-
tions into hidden states via representation engineer-
ing (Zou et al., 2023), whereas Zhao et al. (2025)
amplify a handful of key neurons at inference.
Both techniques, however, require domain-specific
long/short CoTs and white-box access, limiting
their applicability in out-of-domain or black-box
settings. In contrast, our flexible methods do not
require domain-specific supervision, or parameter
access to the target model.

Logit Arithmetic. Logit arithmetic is a decoding-
time technique that blends token-level output distri-
butions from multiple models (Liu et al., 2021;
Ormazabal et al., 2023; Fan et al., 2024; Shi
et al., 2024), and has been applied to emulate pre-
training (Mitchell et al., 2024), task-specific fine-
tuning (Liu et al., 2024; Fan et al., 2024), knowl-
edge unlearning (Huang et al., 2025), and overrid-
ing safety filters (Zhao et al., 2024). In these appli-
cations, the guiding signal typically induces rela-
tively shallow adjustments, such as shifting style,
steering toward domain-specific vocabulary, or sup-
pressing certain behaviors, with only modest distri-
butional divergence from the target. In contrast, our
setting demands bridging a larger gap: the guider
produces long CoTs that not only exceed the tar-
get’s short reasoning in length but also introduce
substantially more complex cognitive behaviors, in-
cluding systematic backtracking, verification, and
self-reflection (Gandhi et al., 2025). To our knowl-
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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.

edge, THINKLOGIT is the first to demonstrate that
logit arithmetic can elicit such behaviors in large
non-reasoning models. THINKLOGIT-DPO fur-
ther introduces a novel alignment strategy that mit-
igates distribution mismatch between long- and
short-CoT reasoning for better performance.

3 Methodology

Our goal is to elicit long CoT reasoning capabili-
ties from a large, frozen, non-reasoning language
model without expensive training. We introduce
two lightweight decoding-time techniques (see Fig-
ure 1): THINKLOGIT, which transfers long CoT
behaviors from a small guider via simple logit arith-
metic (Liu et al., 2024), and THINKLOGIT-DPO,
which further refines the guider using Direct Pref-
erence Optimization (DPO; Rafailov et al., 2023)
to align its guidance with the target model.

3.1 THINKLOGIT

Let z1:t = z1, . . . , zt be the partially decoded se-
quence of reasoning tokens at step t. For any lan-
guage model f , denote its pre-softmax logits at the
next step by ℓ

(f)
t+1 = f(z1:t) ∈ R|V|, where V is

the vocabulary. We assume three models during
inference:

• large (target) L, a pre-trained LLM lacking
long CoT capability;

• small base S0, a pre-trained model without
long reasoning fine-tuning;

• small reasoning (guider) S, obtained via
long CoT post-training to S0.

At decoding step t+1, the fused logits are com-
puted as ℓ̃t+1 = ℓ

(L)
t+1 + α

(
ℓ
(S)
t+1 − ℓ

(S0)
t+1

)
, where

α ≥ 0 controls the guidance strength. The delta
term ℓ(S) − ℓ(S0) encodes the probability shift that
turns a short-CoT model into a long-CoT one.
Intuitively, adding this delta to L induces analo-
gous long reasoning behaviors without altering its
weights.

Warm-up for Stable Decoding. We empirically
observe that directly applying logit arithmetic at
each decoding step would cause many repetitive
generations in the long CoT outputs. To stabilize
generations, we defer inference-time guidance for
long CoT until a prefix of length T :

ℓ̃t+1 =

{
ℓ
(L)
t+1, t+ 1 ≤ T,

ℓ
(L)
t+1 + α

(
ℓ
(S)
t+1 − ℓ

(S0)
t+1

)
, t+ 1 > T,

(1)

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:
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Type-1: (x, yL✓, yS×) — 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: (x, yS✓, yL×) — 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 θ
denote the parameters of the preference-optimized
guider, initialized from S. We train θ with a DPO
objective function that mixes the two pair types:

LDPO(θ) = λE(x,yL✓,yS×)∼D1
ℓθ
(
x; yL✓, yS×

)
+(1− λ)E(x,yS✓,yL×)∼D2

ℓθ
(
x; yS✓, yL×

)
,

(2)
where ℓθ

(
x; y+, y−

)
= log σ

(
rθ(x, y

+) −
rθ(x, y

−)
)
, σ is the sigmoid function, rθ(x, y) =

β[log πθ(y | x)− log πref(y | x)] is the implicit re-
ward of output y, and λ ∈ [0, 1] balances the
two datasets D1 (Type-1) and D2 (Type-2). We
use λ= |D1|

|D1|+|D2| by default, directly concatenating
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 five widely
used reasoning benchmarks for LRMs. Four of
them are competition math problems sources from
AIME2024 (30 problems), AIME2025 (30 prob-
lems), AMC23 (40 problems), and a subset of 134
hard problems (level 5) from MATH500 (Lightman
et al., 2024). We also evaluate on another scien-
tific reasoning dataset GPQA Diamond (Rein et al.,
2023), consisting of 198 PhD-level science ques-
tions in Biology, Chemistry, and Physics. For each
dataset, we independently sample 8 completions
with a decoding temperature of 0.6 and maximum
output length of 8192, and then compute their aver-
age accuracy as Avg@8 for our primary metric.

Models. Our primary target model is Qwen2.5-
32B (Yang et al., 2024a). We guide it using R1-
Distill-Qwen-1.5B (DeepSeek-AI et al., 2025), a

1.5B parameter model based on Qwen2.5-Math-
1.5B (Yang et al., 2024b) that has been supervised
fine-tuned on 800K long CoT examples distilled
from DeepSeek-R1. In our main experiment setup
(Section 5.1), the target, guider, and its base model
all come from the same Qwen family and share an
identical tokenizer, allowing their output logits to
be directly combined arithmetically.

To showcase the versatility of our approach,
we investigate several alternative model configu-
rations. First, to demonstrate robustness across
heterogeneous model families, we employ R1-
Distill-Qwen-1.5B as the guider of Llama-3.3-70B-
Instruct (Dubey et al., 2024) for long reasoning
(Section 5.3). Second, we show that THINKLOGIT

can emulate the benefits of RL on larger models
without resource-intensive training by evaluating
its effectiveness with two guiders produced via RL
rather than distillation (Section 6.1): One-Shot-
RLVR-1.5B3 (Wang et al., 2025) and DeepScaleR-
1.5B-Preview (Luo et al., 2025b). Unless other-
wise noted, THINKLOGIT and THINKLOGIT-DPO
use T=100 warmup steps and a guidance strength
of α=1 as the default hyperparameters.

Preference Data Construction. We use the level
4–5 subset of the MATH training set (Hendrycks
et al., 2021) and sample 5 completions for each
question from both the guider model (S) and the
target model (L). Each completion is checked for
final-answer correctness against the gold label.4

The target model L yields 12,412 correct com-
pletions (yL✓) and 16,448 incorrect ones (yL×),
whereas the guider S produces 18,651 correct
(yS✓) and 10,209 incorrect (yS×) completions.
Forming the Cartesian product for each question
gives 11,974 Type-1 preference pairs

(
yL✓, yS×

)
and 43,209 Type-2 pairs

(
yS✓, yL×

)
, for a total

of 55,183 pairs. We then randomly select 10K
preference pairs from the total 55K pairs for the
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.
More training details are in Appendix A.

3We use the checkpoint released at https:
//huggingface.co/ypwang61/One-Shot-RLVR-Qwen2.
5-Math-1.5B-pi1_pi13.

4We robustly extract answers from \boxed{} and
compute exact match with ground-truths based on this
script https://github.com/openai/prm800k/blob/main/
prm800k/grading/grader.py by (Lightman et al., 2024).

4
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Model # Trainable
Params

AIME
2024

AIME
2025

AMC
23

MATH
Level 5

GPQA
Diamond Average

(Guider) R1-Distill-Qwen-1.5B - 16.2 18.8 51.2 47.5 28.9 32.5
(Target) Qwen2.5-32B - 14.6 8.3 57.2 44.7 36.9 32.3

No Fine-tuning of the Target

Target + THINKLOGIT 0 22.5 +6.3 19.2 +0.3 62.2 +5.0 55.3 +7.8 41.8 +4.9 40.2 +7.7

Target + THINKLOGIT-DPO 78M 22.1 +5.9 21.7 +2.9 63.7 +6.5 58.5 +11.0 42.4 +5.5 41.7 +9.2

Full Fine-tuning of the Target
s1.1-32B 32B 32.9 25.4 70.0 72.2 51.9 44.5
R1-Distill-Qwen-32B 32B 45.8 35.0 76.9 72.7 55.6 57.2

Table 1: Comparison of avg@8 performance across five reasoning benchmarks. 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.

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 boosts reasoning accu-
racy upon both the target and the guider model, and
THINKLOGIT-DPO raises it further. Combining
the logits of the 32B target with those of the 1.5B
guider (THINKLOGIT) raises the average accuracy
by 24.5% relative to the frozen target and by 23.7%
relative to the guider. Replacing the vanilla guider
with the DPO-trained guider (THINKLOGIT-DPO)
brings the relative improvement to 29.1% over the
target model, without any extra inference cost.

Second, our approach significantly narrows the
performance gap with full-parameter fine-tuning
while modifying only a small subset of weights.
With LoRA, we adjust only 78M adapter parame-
ters, yet THINKLOGIT-DPO closes 77% of the
avg@8 gap between the frozen 32B target and
the fully fine-tuned s1.1-32B (Muennighoff et al.,
2025), which updates all 32B parameters. Al-
though our pipeline uses a 1.5B guider (R1-distill-
1.5B) fine-tuned on 800K distilled examples, this
training is 21× cheaper in FLOPs than directly tun-
ing a 32B target model (R1-distill-32B). Overall,
the cumulative data and compute requirements of
our pipeline remain well below those of fully fine-
tuning large models, while still delivering substan-
tial accuracy gains.

5.2 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 2
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20
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AIME2025 AMC23
0

2000
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6000

# 
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g 
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Qwen2.5-32B (Target)
Target + Budget Forcing

Target + Long CoT ICL
Target + ThinkLogit

Figure 2: 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.

contrasts our approach against two such base-
lines. First, the budget-forcing heuristic introduced
by Muennighoff et al. (2025) replaces the end-of-
sentence token with a placeholder string like “Wait”
to artificially increase output length. Although this
yields longer completions, the gains are limited
compared to our method, indicating that mere ver-
bosity does not translate into deeper reasoning.5

Second, inserting a single long CoT exam-
ple in the prompt (sampled from the s1.1-1K
dataset (Muennighoff et al., 2025)) for in-context
learning (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-

5For 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).
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Figure 3: Avg@8 for eliciting long CoT in a 72B target
model with our methods. THINKLOGIT-DPO delivers
larger performance improvements on AIME2025 and
AMC23 compared to THINKLOGIT, demonstrating that
preference signals learned on a 32B model transfer ef-
fectively to a larger 72B model in the same family.

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.

5.3 Generalization Across Scales and Families

A key strength of our framework is that once
trained, a small reasoning guider can be reused
far beyond its original training setting. First, pref-
erence signals learned on smaller targets gener-
alize to larger models within the same family. As
shown in Figure 3, a guider optimized on Qwen2.5-
32B outputs transfers effectively to Qwen2.5-72B,
where the DPO-trained variant (THINKLOGIT-
DPO) still outperforms the vanilla THINKLOGIT.

Second, the guider can also be applied to tar-
get models from different families. Although logit
arithmetic typically assumes a shared tokenizer,
we overcome this constraint by aligning vocabular-
ies with a minimum edit distance mapping (Wan
et al., 2024). In practice, this is a one-time, offline
step that introduces no inference overhead. Us-
ing this strategy, we guide Llama-3.3-70B-Instruct
with the R1-Distill-Qwen-1.5B. As shown in Ta-
ble 2, both THINKLOGIT and THINKLOGIT-DPO
improve accuracy over the Llama baseline, with
THINKLOGIT-DPO yielding a larger +5.5 point
gain. The guided models also produce substantially
longer CoTs. Manual inspection of their outputs
confirms the emergence of self-correction behav-
iors such as “Wait, no. Looking back at my steps, I

Model Avg@8 # Avg
Tokens

(Guider) R1-Distill-Qwen-1.5B 51.6 5.1K
(Target) Llama-3.3-70B-Instruct 53.8 2.4K
Target + THINKLOGIT 55.8 +2.0 3.2K
Target + THINKLOGIT-DPO 59.3 +5.5 3.4K

Table 2: Avg@8 and average output tokens for cross-
family guidance on AMC23. Results show that a small
Qwen-based guider can elicit long CoTs from a large
non-reasoning model from the Llama family, demon-
strating that our methods work across model families.

Model AIME
2024

AIME
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 +2.9 11.2 +2.9

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 37.9 +2.9

Table 3: 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.

made an error ...”.
Together, these results highlight the broad ap-

plicability of our approach: a single specialized
guider can be reused for larger models within or
across families, offering a scalable way to unlock
long reasoning without retraining each target.

6 Additional Analyses

6.1 Emulating Reinforcement Learning with
THINKLOGIT

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., 2025a), an expense that becomes
prohibitive for large-scale models. Table 3 shows
that THINKLOGIT enables the emulation of RL
effects on a large target model without training it.

First, we simulate a Zero-RL (applying RL di-
rectly on a base model; DeepSeek-AI et al., 2025;
Zeng et al., 2025) pipeline to enhance a large non-
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reasoning model, Qwen2.5-32B. We apply reason-
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., 2025a) guider, which is trained via dis-
tributed RL from an R1-Distill-Qwen-1.5B SFT
base. Both emulated pipelines deliver consistent
performance gains over the target large model and
RL-trained small guiders, while avoiding the pro-
hibitive cost of applying RL training 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.

6.2 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 4 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, yS✓, yS×). 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
(x, yS✓, yL×) (i.e., λ = 0 in Equation 2) yields
an avg@8 of 57.2, while using only Type-1 pairs
(x, yL✓, yS×) (i.e., λ = 1 in Equation 2) drops
further to 51.9. Both are substantially below the
63.7 achieved by the full mixture, indicating that
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)
provide complementary signals necessary for better
alignment.

Model Training Data
for Guider Avg@8

THINKLOGIT-DPO
(ours)

(x, yL✓, yS×),
(x, yS✓, yL×)

63.7

THINKLOGIT-DPO
w/o dual sources (x, yS✓, yS×) 58.8
w/o Type-1 pairs (x, yS✓, yL×) 57.2
w/o Type-2 pairs (x, yL✓, yS×) 51.9

THINKLOGIT-SFT
learning from target (x, yL✓) 44.7
self-learning (x, yS✓) 55.6
learning from teacher (x, yR1✓) 60.9

Table 4: Avg@8 on AMC23 under ablations of guider’s
training data and objectives in THINKLOGIT-DPO.
x, yL✓, and yS× denote the question, the correct (✓)
response for the large target model (L), and the incor-
rect (×) 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.

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 yL✓; Option 2: the guider’s own correct out-
puts yS✓ (also known as rejection-sampling fine-
tuning (Yuan et al., 2023)); Option 3: R1-distilled
completions yR1✓. 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.

6.3 Inference-Time Scaling Properties

Scaling the number of generations at test time is a
well-established strategy to improve reasoning per-
formance (Brown et al., 2024; Snell et al., 2024),
as drawing more samples increases the likelihood
of finding a correct solution. To quantify this ef-
fect, we use the pass@k metric (Chen et al., 2021),
which measures the probability that at least one
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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.

of k sampled outputs is correct. Figure 4 plots
pass@k for k = 1–16 on AIME2025, the bench-
mark where the 32B target performs weakest and
scaling effects are most pronounced. Both THIN-
KLOGIT and THINKLOGIT-DPO exceed the tar-
get’s pass@16 accuracy with only four samples,
representing a fourfold improvement in sample effi-
ciency. The gap further widens as k increases: at
k = 16, the DPO-aligned guider surpasses the tar-
get by roughly 17 points. These results demonstrate
that inference-time guidance consistently improves
reasoning and that the gains compound with larger
sampling budgets.

6.4 Impact of Key Hyperparameters

In THINKLOGIT, two hyperparameters play a crit-
ical role: the warm-up length T and the guidance
strength α (Eq. 1). We evaluate their effects on the
AMC23 benchmark, which presents a suitable mix
of problem difficulties and clearly exhibits both
stability and guidance effects. To assess warm-up,
we vary T over {0, 50, 100, 200, 500, 1000} with
α fixed to 1 (Figure 5). When T=0, guidance is
applied from the first decoded token, which empiri-
cally leads to more repetitions, lower output qual-
ity, and the lowest accuracy. Allowing 50–200 to-
kens of unguided generation stabilizes the chain-of-
thought, improving accuracy over both target and
guider models. Increasing T beyond 200 causes the
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Figure 5: Impact of warm-up T on THINKLOGIT: early
guidance (T=0) lowers accuracy and causes over-long,
repetitive outputs, while moderate warm-up (T=100)
gives the best performance with coherent long CoTs.

model to revert to the shorter CoTs typically pro-
duced by the target model, leading to an accuracy
drop and shorter outputs.

With T fixed at 100, we sweep α over
{0.5, 0.75, 1.0, 1.25, 1.5} to control how strongly
the guider’s delta-logits modify the target’s distri-
bution (Figure 6 in Appendix B). At α=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 earlier sections except this hyperparameter study
use the same hyperparameters (T=100 and α=1.0)
as a robust default, demonstrating that our method
achieves strong performance without extensive hy-
perparameter tuning.

7 Conclusion

We present THINKLOGIT, a training-free,
decoding-time framework for eliciting long
chain-of-thought reasoning in large non-reasoning
models through logit-level guidance from a
much smaller reasoning model. Its enhanced
variant, THINKLOGIT-DPO, leverages preference
optimization to align the guider with the target
model, achieving stronger improvements. Across
five reasoning benchmarks, our approach delivers
up to 29.1% relative accuracy gains using a
guider 21× smaller than the target. THINKLOGIT

demonstrates that a single guider can generalize
across target models of different sizes and
architectures, while also emulating the benefits of
reinforcement learning through the reuse of small
RL-trained guiders. Overall, our results establish
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inference-time guidance as a practical and flexible
alternative to costly post-training, opening a path
toward modular reasoning systems where small,
specialized models can endow large frozen models
with advanced reasoning capabilities.
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Limitations

Inference-time Overhead. Table 5 in Ap-
pendix B compares the inference efficiency of
THINKLOGIT with the frozen target alone. De-
ploying THINKLOGIT requires hosting the large
target together with two smaller models, the base
model S0 and the DPO-aligned guider S. In our
primary setup (a 32B target guided by a 1.5B
model), this increases the total parameter count
by about 1.1× relative to the target alone, while
still fitting on the same number of GPUs. Profil-
ing on NVIDIA L40S GPUs shows a moderate
slowdown of roughly 25% fewer tokens per second
compared to the target in isolation. THINKLOGIT-
DPO does not introduce any extra overhead, since
it simply replaces the guider in THINKLOGIT with
a preference-optimized model of identical size. The
observed throughput reduction stems from our pro-
totype implementation, which queries the three
models sequentially at each decoding step. In a
production environment, logits from all three mod-
els can be computed concurrently across distributed
GPUs. This would largely mitigate the slowdown,
making the throughput, in principle, comparable
to that of the target model alone.

Limited Domains of Evaluation. Our experi-
ments focus on math- and science-oriented reason-
ing tasks. A broader evaluation suite, including
coding (Jimenez et al., 2023; Jain et al., 2025),
planning (Zheng et al., 2024a; Xie et al., 2024),
and tool-use (Huang et al., 2024; Patil et al., 2025),

is needed to understand failure modes that may
emerge in less structurally similar settings.

Offline Alignment. The guider is aligned with
the target via Direct Preference Optimisation
(DPO) on a fixed set of preference pairs. This
offline formulation cannot adapt once deployment
uncovers new error patterns or distribution drift. In-
corporating online reinforcement learning (Schul-
man 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 efficiency and
stability challenges that remain open research prob-
lems.
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Target
(Qwen2.5-32B) Target + THINKLOGIT

Target + Full SFT
(R1-Distill-Qwen-32B)

Trainable Parameters – 0 32B
Training Examples – 0 800K
Inference Parameters 32B 35B (=32B+1.5B+1.5B) 32B
Inference GPU Count (# NVIDIA L40S, 46GB) 2 2 2
Inference Throughput (tokens/second) 10.1 7.6 (–25%) 9.1 (–10%)
Generation Length (tokens) 1166.6 6070.6 5445.5
Inference Latency Per Generation (seconds) 115.3 797.5 597.6

Table 5: Comparison of training and inference efficiency. THINKLOGIT trades increased inference latency for zero
training cost.

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

• Rank: 64
• αLoRA: 128
• Target modules: q_proj, k_proj, v_proj,
o_proj

• Bias: None

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

• 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
• β (reward scaling): 0.1
• Cutoff length: 8192

B Additional Results

Table 5 compares key generation efficiency met-
rics across the target model, THINKLOGIT, and
a fully fine-tuned target. THINKLOGIT requires
no additional training examples or tunable parame-
ters, while full fine-tuning involves 800K examples
and 32B trainable parameters. The decoding-time
method increases inference latency due to longer
reasoning traces but eliminates the need for ex-
pensive training and parameter updates. Figure 6
shows the effect of guidance strength α on THIN-
KLOGIT performance, with α=1.0 serving as the
robust default.
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30
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Figure 6: Sweeping the guidance strength α shows that
α = 1.0 yields the best trade-off between guider influ-
ence and target model priors.
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