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Abstract

Parameter-Efficient finetuning (PEFT) enhances model per-
formance on downstream tasks by updating a minimal sub-
set of parameters. Representation finetuning (ReFT) methods
further improve efficiency by freezing model weights and op-
timizing internal representations with fewer parameters than
PEFT, outperforming PEFT on several tasks. However, ReFT
exhibits a significant performance decline on mathematical
reasoning tasks. To address this problem, the paper demon-
strates that ReFT’s poor performance on mathematical tasks
primarily stems from its struggle to generate effective rea-
soning prefixes during the early inference phase. Moreover,
ReFT disturbs the numerical encoding and the error accu-
mulats during the CoT stage. Based on these observations,
this paper proposes Bias-REstrained Prefix Representation
FineTuning (BREP ReFT), which enhances ReFT’s mathe-
matical reasoning capability by truncating training data to op-
timize the generation of initial reasoning prefixes, intervening
on the early inference stage to prevent error accumulation,
and constraining the intervention vectors’ magnitude to avoid
disturbing numerical encoding. Extensive experiments across
diverse model architectures demonstrate BREP’s superior ef-
fectiveness, efficiency, and robust generalization capability,
outperforming both standard ReFT and weight-based PEFT
methods on the task of mathematical reasoning.

Code — https://github.com/LiangThree/BREP

Introduction
Large language models (LLMs) exhibit remarkable per-
formance across a wide range of tasks (Achiam et al.
2023; Anil et al. 2023). Task-specific finetuning further en-
hances LLMs’ capabilities (Dai and Le 2015). However, full
parameter finetuning consumes substantial computational
costs (Brown et al. 2020; Houlsby et al. 2019). Parameter-
Efficient finetuing (PEFT) methods (Asai et al. 2022; He
et al. 2021), such as Low-Rank Adaptation (LoRA) (Hu
et al. 2022), Prefix-tuning (Li and Liang 2021) and Adapter
(Houlsby et al. 2019), mitigate this issue by updating a sub-
set of full parameters, yet still require a significant number
of trainable parameters (Ding et al. 2023, 2022; Aghajanyan,
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Zettlemoyer, and Gupta 2020). A recently proposed finetun-
ing paradigm, Representation Finetuning (ReFT), modifies
the internal representations of the model without adjusting
model parameters, and the model output could be intervened
and modified targetly. In this way, greater efficiency could be
achieved than PEFT (Li et al. 2023; Wu et al. 2024b,a).

Actually, there are several adaptation paradigms for ReFT,
including per-layer bias injection (Li et al. 2023), scaling
and biasing operations on layer-wise representations (Wu
et al. 2024a), and representation interventions within lin-
ear subspaces spanned by low-rank projection matrices (Wu
et al. 2024b). This work focuses on the most generalizable
and widely applicable ReFT approach: applying learnable
scaling and biasing operations to the model’s intermediate
representations. Other ReFT methodologies can be concep-
tualized as specific instances or variations of this fundamen-
tal operation(Li et al. 2023; Wu et al. 2024b).

ReFT demonstrates superior parameter efficiency and
achieves better performance in commonsense reasoning,
instruction-following (Li et al. 2023; Wang et al. 2025) but
exhibits a significant performance gap in mathematical rea-
soning compared to LoRA, averaging 11.5% in the GSM8K
dataset. Wu et al. (2024b) indicated that ReFTs may have
trouble in CoT reasoning than single-step commonsense rea-
soning tasks (Wei et al. 2022; Cobbe et al. 2021; Hendrycks
et al. 2021). Some representation engineering methods ex-
plored intervention techniques to enhance model reasoning
ability (Tang et al. 2025; Højer, Jarvis, and Heinrich 2025).
However, the improvement achieved by these methods is
small compared to the weight-based PEFT strategies.

Our diagnostic analysis reveals two primary factors for
this failure (as shown in Figure 1): 1) Misleading reasoning
prefixes: ReFT struggles to generate effective initial reason-
ing steps (the first k tokens generated by model when an-
swering questions), which are critical for guiding the model
towards a correct solution path (Ji et al. 2025; Qi et al. 2025).
2) Disturbing numerical encoding: The intervention vec-
tors used by ReFT can disrupt the model’s internal repre-
sentation of numbers, which is a fundamental component of
mathematical reasoning. During the autoregressive genera-
tion of CoT, this error continues to accumulate as the out-
put length increases, directly leading to the calculation error
(Cao et al. 2024; Zhang, Tang, and Hao 2025).
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Figure 1: The overview of ReFT and BREP. An example of misleading reasoning prefix and disturbing numerical encoding are
shown in ReFT.

Based on the aforementioned observations, this work pro-
poses Bias-Restrained Prefix Representation Finetuning
(BREP). It is a ReFT method that enhances mathemat-
ical reasoning performance through two components: 1)
Prefix Training and Early-Stage Intervention: Training
data is truncated to focus on initial mathematical reasoning
steps, learning high-quality prefix representations. During
inference, applying intervention only to the first k tokens,
which maximizes the benefits of prefix training and prevents
bias accumulation in CoT stage. 2) Bias Constraint Train-
ing: Excessively large-magnitude intervene vectors dam-
ages the model’s numerical encoding, while too short in-
tervene vectors results in ineffective utilization of ReFT’s
enhancements. This paper leverages Proportional-Integral-
Derivative (PID) (Åström and Hägglund 2006) control dur-
ing the train process, enabling intervene vectors constrained
within an optimal magnitude. BREP significantly improves
the performance of the model in mathematical reasoning
tasks surpassing existing ReFT and PEFT methods while
demonstrating robust generalization capabilities. The con-
tributions of our work are summarized as follows:

• Our analysis reveals that the primary causes of ReFT’s
underperformance in mathematical reasoning tasks are
misleading initialization of reasoning prefix and exces-
sively large-magnitude intervene vector disturbing nu-
merical encoding.

• The paper proposes bias-restrained prefix ReFT method
that enhances mathematical reasoning ability by optimiz-
ing the reasoning prefix and regulating intervention vec-
tor magnitudes to avoid numerical encoding error.

• A comprehensive experiment is conducted to demon-
strate the effectiveness, efficiency, and robust generaliza-
tion of our method.

ReFT Definition
In this section, a definition of ReFT is provided. For an input
token sequence x = (x1, . . . , xn) tokens are first embedded
into vectors h0 = (h0

1, . . . ,h
0
n) where each h0

i ∈ Rd. They
are processed by l transformer layers. Each layer j (1 ≤ j ≤

l) computes:
hj = hj−1 +Aj + Fj . (1)

with Aj and Fj being multi-head self-attention and feed-
forward network outputs respectively.

A widely used ReFT adjustment (Wu et al. 2024a) method
can be formalized as:

hj = W ⊙
(
hj−1 +Aj + Fj

)
+ b, (2)

where W, b ∈ Rd are learnable parameters, ⊙ denotes
element-wise multiplication (Hadamard product), and hj is
the ReFT modified representation. These vectors directly
guide the model output and its magnitude and direction di-
rectly determine the effectiveness of the ReFT.

Problem Diagnosis
In this section, interpretable analyze experiments are con-
ducted to reveal critical problems within ReFT in mathemat-
ical reasoning tasks.

Misleading Reasoning Prefixes
ReFT always fails to generate optimal reasoning steps dur-
ing the early stage of mathematical problem solving. To val-
idate this, prefixes of varying lengths were generated from a
ReFT-finetuned model on 100 GSM8K (Cobbe et al. 2021)
cases. Under a temperature setting of 0.6, the base model
continues to generate 10 responses along the given reason-
ing prefix. The answer results of the base model without pre-
fix are also provided for comparison. As shown in Figure
2, shorter ReFT prefixes marginally underperform the base
model without prefix, and the performance gap becomes
more pronounced with longer ReFT prefixes. These obser-
vations suggest a suboptimal effectiveness of ReFT in early
stage of mathematical reasoning. It is necessary to enhance
the capability of ReFT in the reasoning build-stage and re-
solve the critical performance decline caused by longer rep-
resentation intervention (Xu et al. 2025).

Disturbing Numerical Encoding
Theoretical Analysis Current research provides evidence
that LLMs encode the value of number linearly (Zhu, Dai,
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Figure 2: The impact of ReFT and Base prefix with various
prefix length on mathematical reasoning performance.

and Sui 2025). Formally, given a set of hidden states H =
{h1,h2, . . . ,hn} and their corresponding original numbers
X = {x1, x2, . . . , xn}, a linear regressor P can be trained
to predict the number encoded in the internal representation
of LLM:

P = Nh+ d, (3)
where N ∈ Rd and d are the weight parameters of P .

It is reasonable to hypothesize that, when ReFT modifies
the hidden states, it may have an impact on digital encod-
ing. Considering that ReFT induces minimal adjustments to
weight parameter W during mathematical task training, this
work focuses on analyzing the influence of bias parameter b.
Define a linear probe parameterized by (N,d). When ReFT
introduces a bias intervention α at a particular layer during
inference, the perturbed numerical encoding becomes:

P̂ = N(h+α) + d = Nh+ d+Nα = P +Nα, (4)

where P denotes the original probe prediction. When α only
affects the number in the direction of the digital encoding, α
is mapped to N:

P̂ ≈ P +N(N ·α) = P + c∥N∥2, (5)

where c denotes the projection coefficient of α onto N . Gen-
eralizing to a complete forward pass through L layers:

P̂cum = P +

(
L∑

i=1

ci

)
∥N∥2. (6)

As token generated during autoregressive inference, this
systematic error induced by ReFT progressively accu-
mulates during CoT outputs.

Empirical Validation To validate our analysis, this pa-
per first quantifies the intervention intensity threshold that
disrupts the computational capacity of the model. During
four-digit addition computations, positive interventions of
magnitude δ along the numerical encoding direction (n̂ =
N

∥N∥ ) are applied to the model. An intervention-induced er-
ror is defined as the calculation result after intervention is
changed:

Modelpositive-intervention(δ) > Modelpre-intervention, (7)

������

Figure 3: Effect of interventions on numerical encoding. X-
axis: The intensity of intervention along the direction of
numerical coding. Line plot (left y-axis): Error probability
of four-digit addition under interventions. Bar plot (right
y-axis): Intervention intensity of ReFT projected onto the
number encoding direction.

Modelpositive-intervention adds positive intervene to the model
which increases the calculation result while negative in-
tervene decreases it (model calculates 1234+4321=5560
positive-intervention > 5555 pre-intervention). As shown
in Figure 3 (purple curve), as the intensity of interference
increases, the error rate increases. This work establishes
δ = 0.04 as the critical threshold, interventions beyond this
magnitude induce >5 computational errors per 1,000 arith-
metic problems.

Subsequently, the intervention intensity of ReFT vectors
in the numerical encoding direction is measured. The hidden
state deviation α in equation (4) is projected before and after
ReFT onto the numerical encoding direction n̂ (this quanti-
fies the equivalent intervention intensity along the numerical
encoding axis for bias introduced by ReFT). As illustrated
in Figure 3 (blue bar), more than 1,000 ReFT intervene vec-
tors exceed the critical threshold (δcrit = 0.04). This statisti-
cally significant deviation directly explains 21 identified er-
rors related to numbers (consist of confusing and forgetting
key data that account for 18.4% of all errors), empirically
confirming that ReFT perturbs numerical encoding. The de-
tailed numerical probe training process and comprehensive
error statistics are documented in the Appendix.

Methodology
Based on the aforementioned observations, this paper pro-
poses Bias-REstrained Prefix Representation Finetuning
(BREP ReFT), which comprises two core components: 1)
Prefix Training and Early-Stage Intervention, 2) Bias Con-
straint Training.

Prefix Training and Early-Stage Intervention
Prefix Training Considering that the reasoning supervi-
sion signal is concentrated in early tokens (Qi et al. 2025)
and ReFT models always generate misleading reasoning
prefixes, BREP truncates the dataset and only utilizes the
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first k tokens of each response sequence for training. The
per-token supervision signal between the prefix training and
full training is:

Rt(i) =
1

lp
logpt(yt|x, y1:t−1)−

1

lf
logpt(yt|x, y1:t−1),

(8)
where pt denotes the conditional probability distribution
generated by the model at position t, x represents question,
yt is the target token. lp denotes the truncation length and
lf is the complete sequence length. It can be observed that
prefix training can provide a stronger signal strength when
t ≤ lp < lf .

Early-Stage Intervention During inference, BREP ap-
plies interventions only to the first n tokens (n ≤ lp). The
optimization target becomes the prefix cumulative reward:

Rcum =
n∑

t=1

Rt(i). (9)

This enables full use of the prefix training supervision signal
and avoids the accumulation of bias caused by continuous
intervention. Furthermore, the optimized gradient direction-
ality is as follows:

∇θR
intervene
cum ∝

n∑
t=1

∇θlogp(yt | x, y1:t−1), (10)

which formulates an ideal target gradient which is derived
exclusively from the first n tokens of the sequence, ∇θR
represents the direction of the cumulative gradient of the
training.

∇θR
prefix
cum ∝ ∇θR

intervene
cum +

lp∑
t=n+1

αt∇θlogp(yt | ·)︸ ︷︷ ︸
contamination signal

, (11)

∇θR
full
cum ∝ ∇θR

intervene
cum +

lf∑
t=n+1

αt∇θlogp(yt | ·)︸ ︷︷ ︸
contamination signal

, (12)

describes the gradient for prefix training and full training.
Prefix training focuses on optimization of initial reasoning,
while full training suffers significant contamination beyond
position n.

In general, prefix truncation brings a stronger supervised
signal and a gradient direction that is focused on early-stage
reasoning thoughts. Early-stage intervention makes full use
of these signals while avoiding the accumulation of errors
caused by intervention.

Bias Constraint Training
To constrain the magnitude of the learned intervene vector,
this paper develops a generalized framework for precision-
controlled bias magnitude during training. The total loss
function Ltotal consists of two components: a cross-entropy
loss term and an adaptive bias magnitude adjustment.

Cross-Entropy Loss Given target sequence Y =
{y1, y2, . . . , yk} containing the first k response tokens, the
cross-entropy loss at timestep t is computed as:

Lce = −1

k

k∑
t=1

logpt(yt | x, y1:t−1), (13)

where pyt

t ∈ [0, 1] denotes the softmax-normalized probabil-
ity of the target token yt at position t, x represents question
and V represents the vocabulary size (

∑V
i=1 p

i
t = 1).

Adaptive Bias Magnitude Adjustment To accelerate
early-stage learning while avoiding excessive bias in learn-
ing, an adaptive weight w(t) is regulated via Proportional-
Integral-Derivative (PID) control (Åström and Hägglund
2006; Tohma et al. 2025) which represents a foundational
control algorithm in dynamical systems. The weight update
mechanism follows:

b(t) =
1

L

L∑
l=1

∥bl(t)∥2, (14)

where b(t) denotes the mean bias vector learned across all
layers at the current training step.

e(t) = btarget − b(t), (15)

where btarget is the target bias magnitude (btarget will be ana-
lyzed in subsection Optimal Bias Magnitude) and e(t) is the
distance from the target bias magnitude.

∆w(t) = Kp · e(t) +Ki ·
∫ t

0

e(t)dt+Kd ·
de(t)

dt
, (16)

where Kp provides instantaneous error correction, Ki elim-
inates steady-state offset through accumulated error integra-
tion, and Kd enhances stability (Kp = 1 × 10−1,Ki =
1× 10−4,Kd = 1× 10−2). Our method automatically con-
strain the bias magnitude through ∆w(t).

w(t+ 1) = clip(w(t) · (1 + α ·∆w(t)) , wmin, wmax),
(17)

α is a smoothing factor to prevent excessive fluctuations
in the loss (α = 5) and wmax, wmin ensure stable update
range(wmax = 1× 10−1, wmin = 1× 10−5).

Bias constrained training enables precise optimization of
bias magnitude acquisition, ensuring models converge to
empirically validated optimal magnitude. The total loss is
formulated as:

Ltotal = w(t) · Lce. (18)
This enables the ReFT intervention vector to learn an opti-
mal magnitude, ensuring its effectiveness while preventing
disturbing the numerical encoding.

Experiments
Experimental Setup
Datasets. The experiments utilize two series of open-
source LLMs (Llama (Grattafiori et al. 2024) and Qwen
(Yang et al. 2025)) on mathematical reasoning tasks. Sim-
ple mathematical reasoning tasks are finetuned on a com-
bination of arithmetic reasoning datasets MATH10K (Hu
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Model Method Math10K PRM800K
GSM8K SVAMP MathQA Avg MATH500 AMC23 Avg

Llama3-8B
-Instruct

Base 80.0 88.9 55.0 74.6 40.4 57.5 49.0
LoRA 81.1 ↑1.1 90.0 ↑1.1 54.0 ↓1.0 75.0 ↑0.4 39.3 ↓1.1 53.8 ↓3.7 46.6 ↓2.4

RED 73.8 ↓6.2 88.9= 51.3 ↓3.7 71.3 ↓3.3 41.5 ↑1.1 56.4 ↓1.1 49.0=
LoReFT 78.8 ↓1.2 80.7 ↓8.2 44.7 ↓10.3 68.1 ↓6.5 37.0 ↓3.4 35.0 ↓22.5 36.0 ↓13.0

BREP(ours) 82.8 ↑2.8 89.5 ↑0.6 54.3 ↓0.7 75.5 ↑0.9 42.8 ↑2.4 52.5 ↓5.0 47.7 ↓1.3

Llama3.1-8B
-Instruct

Base 87.3 94.4 72.8 84.8 59.8 77.5 68.7
LoRA 87.9 ↑0.6 94.8 ↑0.4 72.9 ↑0.1 85.2 ↑0.4 43.7 ↓16.1 61.5 ↓16.0 52.6 ↓16.1

RED 82.9 ↓4.4 91.1 ↓3.3 67.5 ↓5.3 80.5 ↓4.3 58.1 ↓1.7 70.0 ↓7.5 64.1 ↓4.6

LoReFT 84.1 ↓3.2 89.1 ↓5.3 57.0 ↓15.8 76.7 ↓8.1 42.6 ↓17.2 42.5 ↓35.0 42.6 ↓26.1

BREP(ours) 91.6 ↑4.3 96.8 ↑2.4 73.3 ↑0.5 87.2 ↑2.4 63.5 ↑3.7 77.5= 70.5 ↑1.8

Qwen2.5-Math
-7B-Instruct

Base 95.4 96.1 82.7 91.4 81.2 60.0 70.6
LoRA 96.4 ↑1.0 96.5 ↑0.4 83.9 ↑1.2 92.3 ↑0.9 80.8 ↓0.4 74.4 ↑14.4 77.6 ↑7.0

RED 95.7 ↑0.3 95.9 ↓0.2 81.7 ↓1.0 91.1 ↓0.3 78.2 ↓3.0 66.7 ↑6.7 72.5 ↑1.9

LoReFT 93.6 ↓1.8 95.3 ↓0.8 74.5 ↓8.2 87.8 ↓3.6 78.8 ↓2.4 72.5 ↑12.5 75.7 ↑5.1

BREP(ours) 96.9 ↑1.5 96.2 ↑0.1 84.3 ↑1.6 92.5 ↑1.1 82.0 ↑0.8 74.4 ↑14.4 78.2 ↑7.6

Qwen3-8B

Base 95.1 96.7 86.5 92.8 82.0 85.0 83.5
LoRA 95.1= 96.8 ↑0.1 86.2 ↓0.3 92.7 ↓0.1 81.8 ↓0.2 87.5 ↑2.5 84.7 ↑1.2

RED 87.9 ↓7.2 91.8 ↓4.9 77.3 ↓9.2 85.7 ↓7.1 54.2 ↓27.8 35.0 ↓50.0 44.6 ↓38.9

LoReFT 87.1 ↓8.0 96.3 ↓0.4 72.8 ↓13.7 85.4 ↓7.4 72.4 ↓9.6 80.0 ↓5.0 76.2 ↓7.3

BREP(ours) 95.3 ↑0.2 97.4 ↑0.7 86.3 ↓0.2 93.0 ↑0.2 82.6 ↑0.6 87.5 ↑2.5 85.1 ↑1.6

Qwen3-14B

Base 96.5 96.3 87.4 93.4 84.2 82.5 83.4
LoRA 96.6 ↑0.1 96.1 ↓0.2 87.1 ↓0.3 93.3 ↓0.1 84.4 ↑0.2 70.0 ↓12.5 77.2 ↓6.2

RED 93.5 ↓3.0 95.8 ↓0.5 82.9 ↓4.5 90.7 ↓2.7 63.2 ↓21.0 57.5 ↓25.0 60.4 ↓23.0

LoReFT 88.5 ↓8.0 96.8 ↑0.5 74.2 ↓13.2 86.5 ↓6.9 73.0 ↓11.2 77.5 ↓5.0 75.3 ↓8.1

BREP(ours) 96.8 ↑0.3 96.2 ↓0.1 87.6 ↑0.2 93.5 ↑0.1 84.6 ↑0.4 90.0 ↑7.5 87.3 ↑3.9

Table 1: Performance comparison of Base (the original model without finetuning), RED (Wu et al. 2024a), LoRA (Hu et al.
2022), LoReFT (Wu et al. 2024b) and BREP(ours). Up arrows (↑) indicate improvement over base model, down arrows (↓)
indicate decrease. Best method in each group marked in bold.

et al. 2023) and tested on standard benchmarks includ-
ing GSM8K (Cobbe et al. 2021), SVAMP (Patel, Bhat-
tamishra, and Goyal 2021) and MATHQA (Amini et al.
2019). Complex mathematical reasoning tasks are finetuned
on PRM800K (Lightman et al. 2023) which includes step-
level human feedback labels and test on competitive bench-
marks (MATH500 (Hendrycks et al. 2021) and AMC).

Baselines. Different finetuning methods are compared,
such as the ReFT method (RED (Wu et al. 2024a) and
LoReFT (Wu et al. 2024b)), weight-based PEFT methods
(LoRA (Hu et al. 2022)), with Zero-shot CoT.

Implementation Details. Our experiments use two se-
ries open-source LLMs: Llama3-8B-Instruct, Llama3.1-8B-
Instruct (Grattafiori et al. 2024), Qwen2.5-Math-7B-Instruct
(Bai et al. 2023), Qwen3-8B (Yang et al. 2025) and Qwen3-
14B. Each method was fine-tuned using 5,000 data. All of
our experiments are run with a single Nvidia A100 80G
GPU. More experimental details are provided in Appendix.

Experimental Results
To verify the effectiveness of our method in mathematical
reasoning tasks, we compare it with the ReFT and weight-
based PEFT methods. As shown in Table 1. Vanilla ReFT
methods (e.g., RED) and its variant LoReFT achieve per-
formance marginally below the base model on mathemat-
ical reasoning tasks, while LoRA finetuning improves ac-
curacy on most benchmarks. In contrast, BREP substan-
tially enhances mathematical reasoning in nearly all mod-
els and test sets. Crucially, comparative analysis against
weight-based PEFT methods reveals BREP’s robustness: al-
though LoRA achieves competitive results on simpler math
reasoning tasks, it exhibits unstable performance on com-
plex benchmarks (e.g., MATH500). BREP maintains strong
performance across difficulty levels, demonstrating notable
gains in challenging problems. This indicates that BREP’s
constraint representation learning enables stronger general-
ization for multi-step mathematical reasoning.

Ablation Study
Ablation studies are conducted by systematically removing
individual modules. Table 2 demonstrates the critical contri-
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Figure 4: The analysis of BREP. (a) Comparison of mathematical reasoning effectiveness guided by BREP prefixes and ReFT
prefixes. (b) Numerical faithfulness performance gap between BREP and Base model. (c) Numerical faithfulness performance
gap between ReFT and Base model. (Red indicates faithfulness improvement, blue indicates faithfulness degradation.)

Model Ablation GSM8K MATH500

Llama3-8B
-Instruct

BREP 82.8 42.7
w/o PT 81.0 ↓1.8 40.2 ↓2.5

w/o BCT 80.0 ↓2.8 39.4 ↓3.3

w/o ESI 80.4 ↓2.4 37.6 ↓5.1

Qwen3-8B

BREP 96.9 82.0
w/o PT 95.5 ↓1.4 79.4 ↓2.6

w/o BCT 94.9 ↓2.0 79.8 ↓2.2

w/o ESI 95.1 ↓1.8 81.6 ↓0.4

Table 2: Ablation study of BREP, “w/o” denotes the removal
of subcomponent. PT: Prefix Truncation, BCT: Bias Con-
straint Training, ESI: Early-Stage Intervention.

butions of three core components—Prefix Truncation (PT),
Bias Constraint Training (BCT), and Early-Stage Interven-
tion (ESI). The most pronounced decline observed when re-
moving Bias Constraint Training, particularly for complex
reasoning, validating its necessity in ensure accurate calcula-
tion through intervention vector regulation. Early-Stage In-
tervention removal harms performance similarly, this aligns
with our hypothesis that interventions within longer rea-
soning chains enlarge error accumulation. Prefix Trunca-
tion’s absence yields smaller declines. Notably, performance
gaps widen with reasoning complexity: average drops on
MATH500 (↓2.68%) exceed those on GSM8K (↓2.03%),
underscoring BREP’s enhanced efficacy for multi-step long
CoT problems. These results establish the synergistic neces-
sity of all components for BREP.

BREP Exhibits Superior Reasoning Prefix
To verify whether BREP effectively addresses ReFT’s poor
performance in generating reasoning prefixes during the
early stage (analyzed in Misleading Reasoning Prefixes),
500 problems were randomly selected from GSM8K and
used both BREP and ReFT models to generate prefixes of
varying lengths. The base model then continued answer-
ing based on the given problems and prefixes. As shown
in Figure 4(a), BREP consistently outperforms ReFT by
+0.8–5.2% accuracy across different prefix lengths, with its

L2 Norm of Bias
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Figure 5: The relationship between model performance and
bias magnitude.

advantage becoming more pronounced as the prefix length
increases. This demonstrates that BREP generates signif-
icantly higher-quality initial reasoning paths. In complex,
multi-step reasoning scenarios, BREP can consistently en-
large the optimaztion gap with longer prefixes.

BREP Encodes Numbers Faithfully

This section verifies whether BREP effectively mitigates the
issue of ReFT in disturbing numerical encoding (analyzed in
Deviation accumulation in CoT). Probes are trained to de-
tect digital faithfulness within the model (Li et al. 2023; Be-
linkov 2022), the detailed training data construction method
and probe accuracy are introduced in Probe Details in Ap-
pendix. Figure 4(b) (BREP-Base) shows the accuracy gap
between BREP and the Base model across all layers and
token positions. Conversely, Figure 4(c) (ReFT-Base) illus-
trates the accuracy gap between ReFT and the Base model. It
can be observed visually that BREP exhibited significantly
higher numerical faithfulness compared to the Base model,
while ReFT performed below the Base model’s faithfulness
level. Detailed data statistics are available in Appendix. This
demonstrates the efficacy of BREP in resolving the disturba-
tion of ReFT on numerical encoding.
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Model Method BoolQ PIQA GPQA

Llama3
-8B

-Instruct

Base 19.4 42.4 27.0
LoRA 18.3 ↓1.1 47.2 ↑4.8 21.9 ↓5.1

RED 15.0 ↓4.4 63.9 ↑21.5 24.6 ↓2.4

BREP(ours) 20.7 ↑1.3 60.7 ↑18.3 28.2 ↑1.2

Qwen3
-8B

Base 68.9 40.1 48.7
LoRA 69.3 ↑0.4 40.6 ↑0.5 48.3 ↓0.4

RED 70.1 ↑1.2 23.0 ↓17.1 49.9 ↑1.2

BREP(ours) 69.1 ↑0.2 42.3 ↑2.2 50.2 ↑1.5

Table 3: Comparison of generalization performance.

BREP Achieves Optimal Bias Magnitude

The relationship between ℓ2-norm of bias vectors (∥bias∥2)
and model performance is analyzed in this section. As Fig-
ure 5 illustrates, optimal performance occurs when the ℓ2-
norm of learned bias vectors converges to a critical thresh-
old of 0.608, confirming a strong correlation between bias
size and model performance. An excessively small ℓ2-norm
indicates insufficient influence of the bias term, suggest-
ing underutilization of the ReFT mechanism. Conversely,
an excessively large ℓ2-norm causes disturbing numerical
encoding and error accumulation. Standard ReFT exceeds
∥biasReFT∥2 = 1.07, resulting a 6.2% performance decline
in GSM8K. Furthermore, significant variations in optimal
vector magnitude are observed in both different model fam-
ilies and differently-sized models within the same family.
Notably, BREP employs the same target bias within a se-
ries of LLM (targetLlama=1.0; targetQwen=1.5), while our
PID controller dynamically optimizes ∥bias∥2, contribut-
ing to the robustness during training. Optimal bias statistical
data and train trend are shown in Appendix.

BREP Has Stronger Generalization Cabilities

Generalization Capability. BREP’s generalization capa-
bility was further verified by evaluating models trained
on mathematical datasets on out-of-domain commonsense
tasks (BoolQ (Clark et al. 2019) and PIQA (Bisk et al.
2020)) and specialized science benchmarks GPQA (Rein
et al. 2024). As shown in Table 3, BREP achieves the most
significant cross-task generalization, delivering the strongest
average performance gains across all model architectures.
LoRA shows slight improvements (< 1.9%) on common-
sense tasks but suffers catastrophic degradation on GPQA.
RED exhibits high instability on two tasks. Although both
BREP and RED enhance model performance through repre-
sentation manipulation, there are significant differences in
their generalization abilities. This phenomenon may stem
from smaller vector magnitudes map representations into
a broader task subspace, which enhances the model’s rea-
soning and thinking capabilities rather than optimizing task-
specific performance.

Related Work
Representation Engineering. Representation Engineering
emerged as a paradigm to enhancing the performance, con-
trollability, and efficiency of LLMs by directly manipulat-
ing their internal representations (Mikolov, Yih, and Zweig
2013; Liu et al. 2023b; Singh et al. 2024; Park, Choe, and
Veitch 2023; Nanda, Lee, and Wattenberg 2023). Unlike
traditional weight-based PEFT methods (?Liu et al. 2023a;
Zhang et al. 2023, 2024), ReFT treats representations (e.g.,
hidden states) as fundamental units of analysis and control.
Current research focuses on two directions. Representation
Editing such as RED (Wu et al. 2024a) modify representa-
tions to reduce trainable parameters while maintaining per-
formance on several tasks. LoReFT (Wu et al. 2024b) extend
this via low-rank subspace interventions, achieving greater
parameter efficiency. CRFT (Huang et al. 2025) further iden-
tifies and optimizes critical representations. Cognitive Phe-
nomenon Modeling like RepE (Zou et al. 2024) enables
monitoring and steering high-level behaviors (e.g., truthful-
ness, emotions) by manipulating vectors. Honesty vectors
are used to detect hallucinations (Li et al. 2023). Overall,
representation engineering offers more lightweight and in-
terpretable methods for enhancing the performance of LLM
by directly manipulating their internal representations.

Prefix Finetuning. Recent studies reveal that the initial
tokens in LLM responses carry critical signals that influ-
ence model behavior (Lin et al. 2023; Kumar et al. 2025).
Qi et al. (2025) define shallow preference signals, demon-
strating that training on truncated responses achieves com-
petitive or superior reward modeling and DPO performance,
suggesting alignment methods often prioritize early tokens
over holistic response quality. Ji et al. (2025) extend this
insight to reasoning tasks, confirming that early tokens an-
chor the model’s problem-solving approach, finetuning ex-
clusively on prefixes preserves reasoning efficacy while re-
ducing computational costs by 75-99%. These works estab-
lish that prefix signals govern preference learning and rea-
soning in LLMs, advocating for more efficient and effective
alignment strategies.

Conclusion
This work addresses the significant performance degrada-
tion of ReFT on mathematical tasks. Our analysis reveals
misleading reasoning prefixes and disturbing numerical en-
coding are two primary causes for this problem. Based on
this, this paper proposes Bias-Restrained Prefix Represen-
tation Finetuning, a novel framework that achieves superior
performance to both ReFT and weight-based PEFT meth-
ods across multiple mathematical benchmarks while main-
taining strong generalization capabilities on several tasks.
This work highlights the potential for implementing lighter,
more parameter-efficient, and more interpretable ReFT ap-
proaches in mathematical reasoning tasks.
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