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Abstract

Preference optimization has become a widely
used post-training paradigm for improving the
reasoning abilities of large language models.
Existing methods typically learn from pre-
ferred and dispreferred responses as external
behavioral supervision, while largely ignor-
ing capability-related signals encoded in the
model’s internal representations. In this work,
we study whether such internal signals can pro-
vide useful auxiliary supervision for mathemat-
ical reasoning. We introduce YFPO (Yoked
Feature Preference Optimization), a neuron-
guided preference optimization framework that
couples response-level preference learning with
neuron-level rewards. YFPO first uses At-
tnLRP to identify math-associated internal fea-
tures, and then derives an auxiliary reward from
the activation margin of these neurons between
preferred and dispreferred responses. This re-
ward is combined with the standard preference
optimization objective, encouraging the model
to align external preferences with internal math-
related features. We conduct small-scale exper-
iments on GSMS8K with a compact language
model. Results show that neuron-guided re-
wards can influence preference optimization
dynamics and yield measurable improvements
in several settings, suggesting that internal rep-
resentations can serve as lightweight and in-
terpretable signals for reasoning-oriented post-
training.

1 Introduction

Preference optimization has become an important
post-training paradigm for improving large lan-
guage models (LLMs), especially on reasoning-
oriented tasks. Existing methods, including PPO-
style RLHF and direct preference optimization
methods such as DPO, IPO, KTO, ORPO, and
SimPO, typically rely on external supervision sig-
nals such as human preferences, reward models,
verifier feedback, or chosen/rejected response pairs

(Schulman et al., 2017; Stiennon et al., 2020;
Ouyang et al., 2022; Rafailov et al., 2023; Azar
et al., 2023; Ethayarajh et al., 2024; Hong et al.,
2024; Meng et al., 2024). For mathematical rea-
soning, such signals are often derived from final-
answer correctness, process supervision, or auto-
matic verifiers (Cobbe et al., 2021; Lightman et al.,
2023; Shao et al., 2024; Yu et al., 2025). While
effective, these objectives mainly tell the model
which output is preferred, but rarely use internal
computational signals involved in generating that
output.

In this work, we ask whether internal model rep-
resentations can provide useful auxiliary signals for
preference optimization. Prior interpretability stud-
ies suggest that LLMSs contain neuron-level struc-
tures associated with factual knowledge, language
behavior, and task-specific patterns (Dai et al.,
2022; Tang et al., 2024). Attribution methods such
as AttnLRP further enable relevance estimation
over internal components (Achtibat et al., 2024).
For mathematical reasoning, neurons with high rel-
evance on math examples may provide coarse but
informative signals about whether the model en-
gages math-related internal features.

We introduce YFPO (Yoked Feature Prefer-
ence Optimization), a neuron-guided preference
optimization framework that augments DPO-style
training with neuron-level rewards. YFPO first uses
AttnLRP to identify a fixed set of math-related neu-
rons. During preference optimization, it extracts
their activations for preferred and dispreferred re-
sponses, constructs an auxiliary reward from the
activation margin, and combines this reward with
the standard DPO objective. As illustrated in Fig-
ure 1, this design uses the chosen/rejected structure
of preference data to align external response-level
preferences with internal math-related features.

Our contributions are threefold: (1) we study
how internal math-related neuron signals can com-
plement external preference data in preference op-
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Figure 1: Overview of YFPO. In the offline stage, AttnLRP is used to identify a fixed set of top-K math-
related neurons. During preference optimization, YFPO extracts activations from these neurons for preferred
and dispreferred responses, constructs a neuron reward margin, and combines it with the DPO objective.

timization; (2) we propose YFPO, which converts
AttnLRP-selected neuron activations into an aux-
iliary reward for DPO-style training; and (3) we
conduct small-scale experiments on Qwen2-0.5B
and GSMB8K, showing that neuron-guided rewards
can influence preference optimization dynamics
and yield measurable improvements in several set-
tings.

2 Related Work

Preference optimization and reasoning. Pref-
erence optimization has become a central tech-
nique for LLM post-training. Early RLHF methods
typically use reward models and PPO-style rein-
forcement learning to align model outputs with hu-
man preferences (Schulman et al., 2017; Stiennon
et al., 2020; Ouyang et al., 2022). More recent di-
rect preference optimization methods, including
DPO, TPO, KTO, ORPO, and SimPO, simplify
this pipeline by optimizing on chosen/rejected re-
sponses or preference-like labels without explicitly
training a separate reward model (Rafailov et al.,
2023; Azar et al., 2023; Ethayarajh et al., 2024;
Hong et al., 2024; Meng et al., 2024). For math-

ematical reasoning, preference optimization and
reinforcement learning often rely on final-answer
correctness, process supervision, verifiers, or pref-
erence data as external feedback signals (Cobbe
et al., 2021; Lightman et al., 2023; Shao et al.,
2024; Yu et al., 2025). In contrast, YFPO stud-
ies whether internal neuron-level signals associated
with mathematical reasoning can provide auxiliary
guidance during preference optimization.

Neuron-level interpretability. Neuron-level in-
terpretability aims to identify internal components
associated with specific knowledge, languages, or
task behaviors. Prior work has used feature attri-
bution, probing, activation statistics, and interven-
tion to analyze neurons related to factual knowl-
edge or language-specific behavior (Sundararajan
et al., 2017; Belinkov, 2022; Dai et al., 2022; Tang
et al., 2024). AttnLRP extends layer-wise rele-
vance propagation to transformer models and en-
ables efficient attribution over latent representa-
tions (Achtibat et al., 2024). While these meth-
ods are commonly used to explain model behavior,
YFPO uses relevance-selected math-related neu-
rons as training signals: it converts their activa-
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tion margin between preferred and dispreferred re-
sponses into an auxiliary reward, connecting inter-
nal capability representations with external prefer-
ence learning.

3 Method

We propose YFPO, a neuron-guided preference op-
timization method that augments DPO-style train-
ing with an auxiliary reward from math-related
neurons. YFPO contains two stages: offline neuron
selection and online preference optimization. In
the offline stage, we identify neurons associated
with mathematical reasoning using AttnLRP. In the
training stage, we compute a neuron reward margin
between preferred and dispreferred responses and
add it to the DPO objective.

3.1 Math-Related Neuron Selection

We use AttnLRP (Achtibat et al., 2024) to identify
neurons associated with mathematical reasoning
Given mathematical reasoning samples. AttnLRP
assigns relevance scores to intermediate MLP chan-
nels according to their contribution to output to-
kens.

We use AttnLRP to select internal coordinates
associated with MLP down-projection modules, in-
dexed by layer [ and coordinate j. For each neuron,
we aggregate its signed relevance over mathemati-
cal samples and response tokens:

;= Byt [Riji(z,9)], (1)

where R; ;; denotes the relevance assigned to neu-
ron (I, j) at response token ¢. We select the Top-K
neurons with the largest signed relevance scores as
the AttnLRP-selected internal feature set:

Ninath = TopK; ; (71,7) - 2

Unless otherwise stated, we use X = 1024 and
keep Mmam fixed during preference optimization.

3.2 Neuron-Guided Reward

Given a preference example (x,y™,y~), where
yT and y~ denote the preferred and dispreferred
responses, we extract internal activations using for-
ward hooks on the outputs of the corresponding
mlp.down_proj modules. For a response y, we
define its math-neuron score as:

Sneu(T,Y) = B jyeNpun, teT, [@15.6(2,9)],  (3)

where a; j; is the activation of neuron (I, j) at re-
sponse token t, and 7, denotes response tokens.

Before constructing the pairwise margin, sequence-
level neuron scores are standardized within the con-
catenated chosen/rejected batch:

Sneu — UB
op +10-6’

Sneu =
where pg and op are the batch mean and standard
deviation. The neuron reward margin is:

Aneu = gneu(xa y+) - §neu(x7 y_)' (4)

A larger Ape, indicates that the preferred re-
sponse obtains a higher activation score on the se-
lected math-related neurons than the dispreferred
response.

3.3 YFPO Objective

YFPO uses DPO (Rafailov et al., 2023) as the base
objective. For a preference example (z,y",y7),
the standard DPO margin is:

Appo = [log mg(y™|x) — logma(y ™ |z)]
- [log Tret(y T |7) — log Trref(y_]m)] .
)

YFPO adds the neuron reward margin to the DPO
loss:

Lyrpo = —log o(BADPPo) — AApeu,  (6)

where [ controls the DPO preference strength
and A controls the neuron-guided reward strength.
When A = 0, YFPO reduces to standard DPO.
When A > 0, the model is optimized to prefer cho-
sen responses while increasing their math-neuron
activation margin over rejected responses.

Additional implementation details are provided
in Appendix A.

4 Experiments

We conduct small-scale experiments to examine
whether neuron-guided rewards can complement
DPO-style preference optimization for mathemati-
cal reasoning.

Setup. We use Qwen2-0.5B as the base model
and xinlai/Math-Step-DP0O-10@K as the prefer-
ence dataset. We evaluate both the full 10K train-
ing set and a randomly sampled 2K subset. For
YFPO, math-related neurons are selected offline
using AttnLRP with K = 1024, and the neuron
reward margin A,y is added to the DPO objective.
We compare standard DPO with DPO+YFPO un-
der different \ values. All models are evaluated
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Metric  DPO  YFPOg.0s YFPO1,
C1 0.3647 0.3738 0.3738
C2 0.3662 0.3586 0.3669
C3 0.3639 0.3707 0.3692
Avg. 0.3649 0.3677 0.3700
Best 0.3662 0.3738 0.3738
Anvg. - +0.0028 +0.0051
ABest - +0.0076 +0.0076

Table 1: GSMSK results on Qwen2-0.5B using the full
10K training set. YFPO, denotes DPO+YFPO with
coefficient A\. C1/C2/C3 denote three saved checkpoints.

Metric DPO YFPO:, YFPOgp.:1 YFPOgp:2 YFPOg.s
C1 0.3601 0.3616 0.3730  0.3616 0.3715
C2 0.3647  0.3692 0.3609 0.3715 0.3669
C3 0.3669 0.3624  0.3669 0.3624  0.3639
Avg. 03639 0.3644  0.3669 0.3652  0.3674
Best 0.3669  0.3692 0.3730 0.3715 0.3715
Apve. - +0.0005 +0.0030 +0.0013 +0.0035
ABest - +0.0023  +0.0061 +0.0046 +0.0046
Table 2: GSMS8K results on Qwen2-0.5B using

a randomly sampled 2K subset. YFPO, denotes
DPO+YFPO with coefficient A\. C1/C2/C3 denote three
saved checkpoints.

on GSMSK using greedy decoding. The original
Qwen2-0.5B obtains 0.3654 accuracy on GSMS8K.
Additional training-dynamics analysis and training
details are provided in Appendices B and C.

Results. Table 1 shows results on the full 10K
training set. Standard DPO provides limited im-
provement over the original model, reaching a
best accuracy of 0.3662. Adding YFPO improves
the best checkpoint accuracy under both tested A
values, with both settings reaching 0.3738. The
A = 1.0 setting also improves average accuracy
from 0.3649 to 0.3700.

Table 2 shows results on the 2K subset. YFPO
improves the best checkpoint accuracy under all
tested A values. The strongest best-checkpoint re-
sult is obtained with A = 0.1, reaching 0.3730
and improving over DPO by 0.0061. In terms of

average accuracy, A = 0.3 performs best, improv-
ing from 0.3639 to 0.3674. These results suggest
that math-related neuron rewards can provide use-
ful auxiliary signals even under a lower-resource
preference training setting.

Analysis. The results suggest that YFPO pro-
vides a useful auxiliary signal for preference opti-
mization. On the full 10K set, YFPO improves the
best checkpoint accuracy from 0.3662 to 0.3738,
and the A = 1.0 setting improves the average ac-
curacy from 0.3649 to 0.3700. On the 2K subset,
YFPO improves best checkpoint accuracy under
all tested A values, with the strongest result reach-
ing 0.3730. These gains are modest but consis-
tent across data-scale settings, indicating that math-
related neuron activations can complement external
chosen/rejected supervision.

However, YFPO does not follow a simple mono-
tonic trend with respect to A. Different reward
strengths lead to different best checkpoints, show-
ing that neuron-guided rewards are sensitive to re-
ward scale and training stage. Appendix B further
shows that YFPO preserves the external DPO pref-
erence signal while introducing a distinct neuron-
level signal. This suggests that the neuron reward
is not merely a post-hoc explanatory metric, but an
active training signal that can influence preference
optimization dynamics.

5 Conclusion

We introduced YFPO, a neuron-guided prefer-
ence optimization method that augments DPO-style
training with rewards derived from math-related
neurons. YFPO uses AttnLRP to identify rele-
vant neurons offline and computes a neuron ac-
tivation margin between preferred and dispreferred
responses during training. In this way, YFPO con-
nects external response-level preference supervi-
sion with internal capability-related signals.

Experiments on Qwen2-0.5B and GSMS8K show
that YFPO brings measurable improvements over
standard DPO under multiple settings. On both
the full 10K training set and the 2K subset, YFPO
improves best-checkpoint accuracy, and in several
cases also improves average checkpoint accuracy.
These results indicate that activations of AttnLRP-
selected internal features can provide useful auxil-
iary supervision.

Our analysis further suggests that neuron-guided
rewards influence preference optimization dynam-
ics while preserving the external DPO preference
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signal. Although the gains remain modest and
sensitive to reward scale and checkpoint selection,
YFPO provides measurable evidence that internal
neuron-level signals can complement external pref-
erence data for reasoning-oriented post-training.

6 Limitations

This work has several limitations. First, our exper-
iments are limited in scale. We mainly evaluate
YFPO on Qwen2-0.5B and GSMS8K, without sys-
tematic experiments on larger models, instruction-
tuned models, or broader mathematical reasoning
benchmarks. Therefore, the current results should
be interpreted as initial evidence in a small-model
setting rather than a general conclusion across
model scales and tasks.

Second, the gains of YFPO are modest and
checkpoint-sensitive. Although YFPO improves
over DPO under several settings, its effectiveness
depends on the reward coefficient A, training stage,
and data scale. Future work should conduct more
systematic A sweeps, multi-seed experiments, and
larger-scale evaluations to better assess the stability
of neuron-guided rewards.

Third, YFPO relies on a fixed set of AttnLRP-
selected neurons and uses their activation margin
as an auxiliary reward. This design is simple and
interpretable, but the selected neurons may change
their role during training, and activation signals do
not necessarily imply true causal contribution to
reasoning ability. Future work should explore dy-
namic neuron selection, random-neuron baselines,
causal intervention, and extensions to other post-
training objectives such as SimPO, ORPO, GRPO,
and process reward learning.
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A Additional Implementation Details

Hook placement. During YFPO training, for-
ward hooks are applied to the output activations
of the mlp.down_proj modules. For blocks rep-
resented in the fixed AttnLRP index map, the in-
dexed coordinates are used. For blocks without
indexed coordinates, the implementation uses the
mean over the down_proj output coordinates as a
deterministic fallback. This keeps the activation
space used for neuron reward computation aligned
with the neuron set selected by AttnLRP. For blocks
represented in the fixed AttnLRP index map, the
indexed coordinates are used. For blocks without
indexed coordinates, the implementation uses the
mean over the down_proj output coordinates as a
deterministic fallback.

Response-token masking. The neuron score is
computed only over response tokens. Prompt to-
kens are excluded because the length and content
of the input problem may otherwise dominate the
activation score. We average over both selected
neurons and response tokens to reduce sensitivity
to sequence length and neuron count.

Signed relevance selection. YFPO uses the
signed relevance values produced by AttnLRP for
neuron selection. Specifically, neurons are selected
according to their aggregated relevance scores 77 ;,
rather than the absolute values |r; ;|. Thus, the se-
lected neurons are those with the largest positive
relevance to mathematical reasoning outputs under
the attribution procedure.

Activation-based reward. The neuron reward is
computed from the raw activations of the selected
neurons, without taking absolute values. This re-
ward encourages preferred responses to obtain a
higher activation score on the selected math-related
neurons than dispreferred responses.

Reference model. The reference model is used
only for computing the DPO log-probability mar-
gin. It does not participate in the neuron reward
computation. The neuron reward is computed from
the current policy model and remains differentiable
with respect to the policy parameters.

Fixed neuron set. The selected math-related neu-
ron set Nam 18 kept fixed throughout preference
optimization. This makes different training runs
comparable and avoids introducing extra instability
from dynamically changing neuron sets.

B Training Dynamics

Figure 2 shows the training dynamics of YFPO on
the 2K subset. The external DPO preference mar-
gin follows broadly similar trends across DPO and
YFPO variants, suggesting that the neuron reward
does not collapse the original preference optimiza-
tion process. Meanwhile, the internal neuron re-
ward exhibits different trajectories across A values,
indicating that it acts as an additional optimiza-
tion signal rather than a static explanatory metric.
These dynamics support the main results: YFPO
can improve best-checkpoint accuracy under multi-
ple reward strengths, but its effect remains sensitive
to reward scale and training stage.

C Additional Training Details

We report results from three saved training check-
points, denoted as C1, C2, and C3 in the main text.
The average accuracy reflects overall checkpoint-
level behavior, while the best accuracy reflects
the strongest observed checkpoint under each set-
ting. This reporting protocol is used because YFPO
shows visible checkpoint-level variance under dif-
ferent reward strengths.

Training configuration. Table 3 summarizes the
main training configuration. We train Qwen2-0.5B
with bfloat16 precision and use the sigmoid DPO
loss. The random seed and data seed are both
set to 42. Checkpoints are saved at the end of
each epoch, yielding C1, C2, and C3. For YFPO,
we use K = 1024 selected math-related neurons
and sweep A over the values reported in the main
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Hyperparameter Value

Base model Qwen2-0.5B

Training precision bfloat16

Random seed 42

Data seed 42

Training epochs 3

Save strategy per epoch

Batch size / device 4

Gradient accumulation 2

Effective batch size / device 8

Learning rate 1x107°

Max sequence length 4096

DPO loss type sigmoid

DPO g3 0.1

Optimizer AdamW (Transformers/TRL default)
Selected neurons K 1024

YFPO coefficient A reported in Tables 1 and 2
Evaluation GSMSK, greedy decoding

Table 3: Training configuration used for DPO and

DPO+YFPO experiments.

tables.

Unless explicitly specified, other DPO-

related hyperparameters follow the default values
of DPOConfig. We use the default values in the
TRL version used in our experiments.

The 2K subset used in Table 2 is a randomly
sampled subset of xinlai/Math-Step-DPO-10K.
It refers to a reduced training-data setting, not a

random-neuron baseline.
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YFPO training dynamics and GSM8K performance on the 2K subset

(a) External preference margin (b) Internal neuron reward (c) GSM8K summary on 2K subset
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Figure 2: Training dynamics and GSMS8K performance of YFPO on the 2K data subset. Left: external DPO
preference margin during training. Middle: logged internal neuron reward for different A values. Right: average and
best GSM8K accuracy across three checkpoints. YFPO preserves the external preference optimization signal while
introducing a distinct neuron-level optimization signal, and achieves better best-checkpoint accuracy than DPO
under multiple A settings.
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