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Abstract

Reinforcement Learning from Human Feed-
back (RLHF) relies on reward models to align
large language models with human preferences.
However, RLHF often suffers from reward
hacking, wherein policy learning exploits flaws
in the trained reward model to maximize re-
ward scores without genuinely aligning with
human preferences. A significant example of
such reward hacking is length bias, where re-
ward models usually favor longer responses ir-
respective of actual response quality. Previous
works on tackling length bias have notable lim-
itations, these approaches either mitigate bias
without characterizing the bias form, or simply
assume a linear length-reward relation. To accu-
rately model the intricate nature of length bias
and facilitate more effective bias mitigation,
we propose FiMi-RM (Bias Fitting to Mitigate
Length Bias of Reward Model), a framework
that autonomously learns and corrects under-
lying bias patterns. Our approach consists of
three stages: First, we warm up by training a
standard reward model which inherently con-
tains length bias. Next, we deploy a lightweight
fitting model to capture the non-linear relation
between length and reward. Finally, we in-
corporate this learned relation into the reward
model, effectively decoupling length from re-
ward while preserving preference modeling ca-
pabilities. Experimental results demonstrate
that FiMi-RM achieves a more balanced length-
reward distribution. Furthermore, when applied
to alignment algorithms such as Direct Prefer-
ence Optimization (DPO) and Best-of-N (BoN),
our debiased reward model improves length-
controlled win rate and reduces verbosity with-
out compromising its performance.

1 Introduction

Reinforcement Learning from Human Feedback
(RLHF) (Askell et al., 2021; Ouyang et al., 2022;
Ziegler et al., 2020; Dong et al., 2024) is a popular

*Corresponding author.

method for aligning large language models (LLMs)
with human preferences, used in models like GPT
(OpenAI et al., 2024), Qwen (Qwen et al., 2025;
Yang et al., 2024), DeepSeek (DeepSeek-AI et al.,
2025b,a), Gemini (Team et al., 2024a) and Llama
(Grattafiori et al., 2024; Touvron et al., 2023). The
framework involves three stages: supervised fine-
tuning, reward model training via comparisons be-
tween preferred and dispreferred outputs (using
methods like Bradley-Terry model (Bradley and
Terry, 1952)), and reinforcement learning optimiza-
tion (Schulman et al., 2017).

However, RLHF generally suffers from reward
hacking (Gao et al., 2023; Weng, 2024), where
policy learning leverages flaws in the trained re-
ward model to maximize reward scores but does not
learn the true human preferences. Empirical analy-
sis reveals that reward hacking manifests through
multiple mechanisms: (1) Explicit surface-level
bias, such as reward model usually favoring longer
responses (Singhal et al., 2023) or preferring par-
ticular response formats (e.g., numbered lists or
markdown tables) (Zhang et al., 2024); (2) Implicit
semantic bias, which arises from latent correlations
in the training data distribution, where the reward
model learns to associate higher reward with spe-
cific syntactic structures or topic distributions that
match frequent patterns in the preference dataset
(Pang et al., 2023; OpenAI, 2025).

A particularly prevalent form of reward hack-
ing is length bias (Singhal et al., 2023; Köpf et al.,
2023), where reward models favor longer outputs
over shorter ones. This bias not only distorts the re-
ward model’s preference modeling but also leads to
excessively verbose generations in reinforcement
learning finetuned models. A key factor of this
problem lies in human preference data, which often
exhibits bias and inconsistencies due to challenges
such as imperfect rating criteria and variability in
annotator quality (Chen et al., 2024b; Stiennon
et al., 2020; Pang et al., 2023; Lambert and Calan-
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dra, 2023). Specifically, with respect to length, hu-
man raters disproportionately favor longer outputs,
a tendency that reward models can exploit, thereby
causing length bias. Given the inherent difficulties
in obtaining perfectly reliable human annotations,
developing algorithmic approaches to mitigate such
spurious correlations becomes increasingly crucial.

Existing approaches sometimes do not character-
ize the bias form. For instance, RRM (Liu et al.,
2025) adopts a causal framework to achieve a more
balanced data distribution, while other methods
incorporate KL regularization terms during policy
training (Stiennon et al., 2020; Ouyang et al., 2022).
Alternatively, other studies assume a linear length-
reward relation for tractability. ODIN (Chen et al.,
2024b), for example, introduces a dual-headed ar-
chitecture designed to decouple length-dependent
scoring from quality-based assessment, and uses
the Pearson correlation coefficient (Pearson, 1895)
to quantify the length-reward relation. Similarly,
length penalty (Singhal et al., 2023) directly sub-
tracts the product of length and a constant from the
reward to mitigate bias. Additionally, Huang et.al.
(Huang et al., 2025) calculate the hacked reward
by performing linear regression on points within
a certain neighborhood during the reward model
inference phase. Although the linear assumption
offers mathematical simplicity and intuitive fea-
sibility, it fails to capture some details, like non-
linear features where length interacts with reward
in complex ways.

To overcome this problem, we introduce FiMi-
RM, an automated framework designed to model
the complex non-linear relation between output
length and reward scores, enabling more precise
debiasing. The method begins by training a conven-
tional reward model which inherently has length-
related bias to warm up. Building upon this, a
lightweight fitting model is trained to explicitly
characterize how reward scores correlate with re-
sponse length. By integrating these learned pat-
terns into the reward model, the system effectively
mitigates length bias without compromising its
core preference modeling functionality. Empiri-
cal results confirm that FiMi-RM achieves a more
balanced length-reward distribution. When de-
ployed in downstream algorithms such as Direct
Preference Optimization (DPO) (Rafailov et al.,
2023) and Best-of-N (BoN) (Gui et al., 2024; Sessa
et al., 2025; Dong et al., 2023), the debiased model
demonstrates improved performance on length-
controlled win rates, reducing excessive verbosity

while maintaining competitive task accuracy. Fur-
ther analysis of the fitting process reveals a multi-
stage bias pattern: exhibiting strong linear correla-
tion for short responses, flattening of the relation
for longer responses and in some cases a slight
downward tendency for extended outputs. Our con-
tributions can be summarized as:

• We propose a multi-stage framework that
autonomously learns non-linear relation be-
tween response length and hacked reward and
uses this relation to better mitigate the length
bias.

• We demonstrate the effectiveness of our length
debiasing approach through comprehensive
validation, including length-reward distribu-
tion on preference dataset, length-controlled
win rate and length distribution of responses
selected by reward models.

• We show the fitting result of the relation be-
tween length and hacked reward and identify
that the length bias in the reward model is non-
linear, which further illustrates the importance
of debiasing with non-linear relations.

2 Related Work

Reinforcement Learning From Human Feed-
back RLHF (Askell et al., 2021; Ouyang et al.,
2022; Ziegler et al., 2020; Dong et al., 2024) is
an optimization algorithm proposed to align with
human preferences. This algorithm is often diverse,
with the most basic one being PPO (Schulman et al.,
2017). Building upon PPO, several improved meth-
ods have been derived: GRPO (Shao et al., 2024)
optimizes strategies through relative reward com-
parisons among multiple candidate outputs within
a group, eliminating the need for a separate value
model; DAPO (Yu et al., 2025) addresses issues
such as entropy collapse, reward noise, and train-
ing instability in GRPO; and BoN (Gui et al., 2024;
Sessa et al., 2025; Dong et al., 2023) directly uti-
lizes the reward model to select the one with the
highest reward score as the final output. Addition-
ally, DPO (Rafailov et al., 2023) unifies reward
modeling and reinforcement learning into a single
stage by directly optimizing the policy on pairwise
preference data, eliminating the need for an ex-
plicit reward model and online sampling. Simpo
(Meng et al., 2024) further enhances model per-
formance by removing the reference model and
incorporating target reward boundaries and length
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normalization on the basis of DPO. Apart from
them, there are many excellent studies that have
contributed to the RLHF (Chen et al., 2024a; Hong
et al., 2024; Gheshlaghi Azar et al., 2024; Etha-
yarajh et al., 2024; Richemond et al., 2024).

Length Bias in Reward Hacking A typical ex-
ample of reward hacking is length bias, where the
reward model prefers longer responses irrespective
of actual response quality, leading the trained pol-
icy to generate unnecessarily verbose outputs. A
part of existing approaches alleviate length bias
through comprehensive reward hacking mitigation
strategies, like some incorporate KL regularization
terms during policy training (Stiennon et al., 2020;
Ouyang et al., 2022). Additionally, Eisenstein et.al.
(Eisenstein et al., 2024) point out that reward model
ensembles can alleviate reward hacking and WARP
(Ramé et al., 2024a) as well as WARM (Ramé et al.,
2024b) utilize model merging techniques to reduce
reward hacking, whereas RRM (Liu et al., 2025)
introduces a data augmentation approach by incor-
porating a causal framework to alleviate the hack-
ing. Apart from these, others specifically target
length debiasing, such as length penalty (Singhal
et al., 2023) directly subtracts the product of length
and a certain coefficient from the reward to debias
in a simple and intuitive way. Shen et.al. (Shen
et al., 2023) applying Product-of-Experts to decou-
ple the length and reward. Huang et.al. (Huang
et al., 2025) derive the hacked reward by apply-
ing linear regression to nearby points in the reward
model’s inference stage. Park et al. (Park et al.,
2024) introduce a length regularization term into
the DPO objective, and SamPO (Lu et al., 2024)
address the cumulative length-dependent structure
of KL divergence through per-token normalization
in DPO. Moreover, ODIN (Chen et al., 2024b) de-
coupling the reward model’s scoring for length and
quality with two-head structure to mitigate length
bias. ALBM (Bu et al., 2025) further introduces
a prompt analyzer that adaptively reweights the
reward based on the prompt. These works either
do not explicitly model the form of length bias
or directly assume a linear relation between them.
Therefore in this paper we continue to focus on
length debiasing but moves beyond the simplis-
tic assumption of a linear relation between length
and reward bias. Instead, we employ a dedicated
lightweight model to directly fit this relation, en-
abling more precise length debiasing based on an
accurate understanding of the bias.

3 Method

This section elaborates on our whole framework as
shown in Figure 1(a), which consists of three key
stages: (1) a warm-up stage, where a standard re-
ward model is trained and retains its inherent length
bias, (2) a bias-fitting stage, where a lightweight
model learns the relation between response length
and biased reward, thereby capturing non-linear
bias patterns, and (3) a debiasing stage, where the
fitted relation is incorporated to debias.

Additionally, our framework employs two dis-
tinct models: (1) Reward model (modelr(x, y) or
r(x, y) for simplicity), which serves as a reward
function for response quality. This model is initial-
ized from an existing large language models. (2)
Fitting model (modelf (y)), a lightweight model
designed to fit the length bias inherent in the re-
ward model r(x, y).

3.1 Warm-Up
The primary objective of the warm-up stage is to
obtain a reward model with inherent length bias,
a systematic tendency to assign a higher score to
longer responses before implementing corrective
measures. We initialize training using the standard
reward modeling paradigm based on the Bradley-
Terry model (Bradley and Terry, 1952), where
given an input prompt x, the human-preferred re-
sponse is denoted as yw and the dispreferred re-
sponse as yl. The training loss function is:

LBT = −E(x,yw,yl) [log σ (r(x, yw)− r(x, yl))] .
(1)

Previous approaches operating under the assump-
tion of an approximate linear relation between re-
sponse length and reward, so they could directly
apply length debiasing during initial training. In
contrast, our method requires a precise character-
ization of this relation. The warm-up stage delib-
erately preserves length bias to enable subsequent
learning and systematic removal of this bias.

3.2 Length Bias Fitting
After training a reward model with inherent length
bias, we proceed to formally characterize and miti-
gate this relation using the fitting model. The pro-
posed approach operates as follows: given the input
response length len(y), we first project this scalar
value into a d-dimensional features (in our training
d equals to 32). Inspired by positional encoding
(PE) (Vaswani et al., 2017), we treat the response
length as the position in PE, thereby deriving a
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Stage 1: Warm-Up Stage 2: Length Bias Fitting Stage 3: Length Debiasing 
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Figure 1: a: An overview of our method. We first use traditional reward model training to initially establish the
model’s length bias. Then we employ a lightweight fitting model to fit the reward hacking: given the length of a
response, we minimize loss to make the output of the fitting model as close as possible to that of the reward model.
The final step involves debiasing the length bias in the reward model based on the relation fitted by the fitting model,
these two models take turns to train. b: The detailed architecture of the modelf .

length encoding (LE) that embeds length informa-
tion into features. Subsequently, the features after
encoding are then processed through ResNet (He
et al., 2016) architecture, the output is then fed into
a final linear projection layer which serves as the
regression head to produce the predicted reward r̂
(Figure 1(b)). The optimization objective of the
modelf is to minimize the discrepancy between
the predicted reward r̂ and the actual reward output
r. We formulate the loss function as:

Lfit = −Lpearson,Lpearson = |ρ (rsg, r̂)| , (2)

r̂ = modelf (len(y)), rsg = modelr(x, y). (3)

The ρ (rsg, r̂) in Equation 2 means the Pearson cor-
relation coefficient (Pearson, 1895), which could
be calculated by:

ρ(r, r̂) =

∑n
i=1(ri − r̄)(r̂i − ¯̂r)

√∑n
i=1(ri − r̄)2

√∑n
i=1(r̂i − ¯̂r)2

.

(4)
Here ri denotes the reward assigned by the re-
ward model to the i-th sample within the current
batch, and r̄ is the corresponding batch mean; anal-
ogously, r̂i and ¯̂r denote the i-th predicted reward
and the batch mean. To prevent gradient flow
through the correlation term, we introduce rsg as a
stop-gradient copy of r, treating it as a constant in
the computation. The Pearson loss Lpearson is de-
signed to maximize the correlation between r̂ and
rsg, thereby driving the fitting model to accurately
capture the reward model’s length bias. In this for-
mulation, the Pearson correlation coefficient is just

employed as an optimization objective to capture
the dependency between the two rewards, without
implying assumption of linearity in length-reward
relation. The fitting model itself is responsible for
learning the underlying non-linear relation. In other
words, the Pearson term is used only to align the
correlation pattern between the two rewards, while
the nonlinear fitting model independently learns
the actual reward-length dependency.

3.3 Length Debiasing

After fitting the length bias through the fitting
model, we now debias the reward model that was
initially trained in warm-up stage by incorporating
two critical objectives into its training: (1) preserv-
ing its discriminative capacity for human prefer-
ences, and (2) decoupling its outputs from response
length dependence. This is achieved through a com-
posite loss function:

Ldebiased = L′
pearson + LBT. (5)

Compared to Lpearson, L′
pearson is slightly adapted

to ensure gradient backpropagation through the
reward model:

L′
pearson = |ρ(r, r̂sg)|. (6)

The L′
pearson is to make the output of the reward

model as uncorrelated as possible to the predicted
reward of the fitting model, and the LBT is to ensure
that the model still has the ability to model human
preferences. Additionally, to better fit the bias of
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the model, these two models take turns to train and
the loss function could be written as:

L = I(step)∗Ldebiased+(1−I(step))∗Lfit. (7)

Here I(step) is the indicator function that indicates
which model is trained under this step. For exam-
ple, if we use every a (in our training a equals to 8)
steps to change the model for training in the third
stage, then I(step) can be expressed as:

I(step) =

{
0, 2ka ≤ step < 2ka+ a, k ∈ N,
1, 2ka+ a ≤ step < 2(k + 1)a, k ∈ N.

(8)

4 Experiments

In this section, we introduce the experimental set-
tings and validate the effectiveness of our method
through three key steps. First, we train the reward
model to demonstrate its accuracy under differ-
ent subsets and plot the length-reward distribution.
Next, we apply reward models to various alignment
algorithms to verify its effectiveness. Finally, we
conduct an analysis of the length distribution be-
tween different methods and show the fitted curve
of modelf at different steps in training.

4.1 Experimental Settings
Training Data For training data, we utilize the
static split Dahoas-rm-static1 from Anthropic’s
HH dataset (Bai et al., 2022), partitioning it into
three subsets: 30k samples for supervised fine-
tuning (SFT) of the base model, 30k samples for
reward model training, and 8k samples reserved for
downstream task validation. Moreover, the dataset
also contains 5k samples for testing (in Table 1).

Training Details In our experiments, we utilize
the Qwen2.5-7B2 and Gemma2-9B3 models (Qwen
et al., 2025; Team et al., 2024b), training them with
the DeepSpeed framework (Rasley et al., 2020).
For supervised fine-tuning, we employ a learning
rate of 1e-5 with a batch size of 8 (per-device batch
size 8) and training model for 2 epochs. Further-
more, all reward models are initialized from the
same SFT model and trained use the learning rate
of 2e-5, a batch size of 16 (per-device batch size
4 with gradient accumulation steps 4), and runs
1 epoch. We conduct these experiments on same

1https://huggingface.co/datasets/Dahoas/
rm-static

2https://huggingface.co/Qwen/Qwen2.5-7B
3https://huggingface.co/google/gemma-2-9b

hardware configurations: all models are trained on
8×A100 GPUs. Additionally, inference operations
leverage vLLM (Kwon et al., 2023), with sampling
configured as temperature 0.7, top-p 0.8, top-k 20,
and repetition penalty 1.1.

Alignment Algorithm Given the computational
demands and hyperparameter sensitivity of PPO,
we focus on the evaluation of the BoN (Best of
N) (Gui et al., 2024; Sessa et al., 2025; Dong
et al., 2023) and DPO (Direct Preference Opti-
mization) (Rafailov et al., 2023) approaches. The
BoN implementation selects highest-scoring re-
sponses from N seed-generated outputs (here we
set N = 8). In DPO, reward models cannot be
directly applied, we utilize the original 8k prefer-
ence pairs from the dataset but replace the human
labels with predictions from reward models: both
responses are scored, and the preference label is
reassigned according to the score. All methods
share same DPO training hyperparameters: learn-
ing rate 2e-6, 1 epoch, batch size 16 (per-device
batch size 2 with gradient accumulation steps 8),
and β = 0.1.

Compared Methods We compare three methods:
the vanilla reward model (Vanilla RM) and two
length-debiasing approaches based on a linear as-
sumption, Length Penalty (Singhal et al., 2023) and
ODIN (Chen et al., 2024b). The Length Penalty di-
rectly subtracts the product of response length and
a fixed coefficient from the reward, whereas ODIN
employs a two-head structure that linearly disen-
tangles the reward model’s assessments of length
and quality, thereby mitigating length bias.

Evaluation To address the well-documented
length bias in LLM evaluation (observed even in
models like GPT (OpenAI et al., 2024)), we employ
the length-controlled Alpaca-Eval (Dubois et al.,
2024) benchmark for length debiased performance
assessment. The key metrics include:
• Win Rate (WR): The winning rate of the aligned

language model against fixed reference out-
puts (here we take the SFT model outputs as
references because all methods share the same
SFT model), as scored by GPT-4.

• Length-Controlled Win Rate (LC-WR): The win
rate after applying length debiasing to GPT-4’s
evaluation. It is a more accurate metric that re-
flects the text generation quality.

• Length of characters/tokens (Lchar/Ltoken): Av-
erage response length in characters/tokens.
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Apart from Alpaca-Eval, we test the models trained
with DPO on other benchmarks: MT-Bench (Zheng
et al., 2023) and IFEval (Zhou et al., 2023). MT-
Bench is a benchmark designed to evaluate the
capabilities of LLMs, particularly focusing on
their performance in multi-turn conversations and
instruction-following tasks, and IF-Eval specifi-
cally designed to evaluate the instruction-following
capability of LLMs.

4.2 Experimental Results

Accuracy on Preference Datasets We evaluate
the accuracy of our method in preference datasets
by splitting the test set into two subsets: C-longer
containing samples where the chosen response
was longer than the rejected response (len(yw) >
len(yl)) and R-longer is the rejected response was
longer (len(yl) > len(yw)). The results in Ta-
ble 1 demonstrate that our approach achieves better
length balance, with the reward model showing a
closer accuracy across two subsets.

As shown in Table 1, FiMi-RM reduces accu-
racy on the C-longer subset while improving it on
R-longer. We clarify that this trade-off is not a
degradation of discriminative ability. A reward
model with length bias trivially achieves high C-
longer accuracy by exploiting the length shortcut.
In the extreme case, ranking purely by length would
yield 100% C-longer accuracy with no semantic
understanding. Furthermore, since the C-longer
subset constitutes a larger portion (58%) of the total
dataset, a length-biased model can inflate its over-
all accuracy simply by optimizing on this majority
subset. So the drop in C-longer accuracy therefore
indicates that FiMi-RM has successfully discarded
this shortcut, and the slight reduction in overall
accuracy reflects a more balanced performance dis-
tribution rather than diminished capability. Impor-
tantly, the consistent improvements across down-
stream benchmarks confirm that semantic quality
is preserved and improved after debiasing, demon-
strating that the trade-off in static preference accu-
racy does not hinder the performance.

Length-Reward Distribution To further analyze
the test set results, we plot a scatter graph of re-
sponse length 4 and reward given by different 7B
models, along with the average reward for differ-
ent length ranges. Since directly calculating the
mean reward for each individual length results in

4Unless otherwise specified, all subsequent references to
"length" in this paper refer to token length

high variance, we split the length range into bins of
size 25 to compute the average reward within each
bin. As shown in Figure 2, our method exhibits a
more balanced distribution compared to other meth-
ods: Our scatter plot demonstrates better symmetry
along the x-axis (length axis), and average curve
is also more flatter. This figure further validate the
effectiveness of our length debiasing approach.

Performance of Different Alignment Algorithms
Using Reward Models As shown in Table 2 and
Table 3, we conduct an evaluation under two align-
ment algorithms: DPO and BoN. Our results reveal
that the reward model consistently achieves higher
LC-WR compared to baseline methods, demon-
strating its effectiveness in mitigating length bias.
While non-debiased win rate also favors ours.

In terms of response length, our method exhibit
shorter outputs compare to others in most case,
though our BoN-generated responses are longer
than ODIN’s in Qwen2.5-7B. However, shorter
length does not always indicate better performance,
the better length-controlled win rate confirms that
our model produces optimally balanced responses
within a reasonable length range.

To further evaluate performance, we assess the
language model trained with DPO on additional
benchmarks (Table 4). On MT-bench, our model
outperforms competing methods in the first round
(T1), second round (T2), and overall average score
(Avg). It also achieves higher prompt-level accu-
racy on IFEval, offering further evidence that our
length debiasing improves output quality.

Length Distribution of Reward Models’ Selec-
tion We analyze the length distribution of re-
sponses selected by different 7B reward models
under the BoN algorithm, which is shown in Figure
3 and Figure 4, as well as the distribution of chosen
(yw) and rejected (yl) responses during DPO data
annotation, which is shown in Figure 5 and 6.

The results in Figure 3 and 4 show that, com-
pared to vanilla RM and Length Penalty, our
method exhibits stronger preferences for shorter
responses in BoN selection. While ODIN also
reduces bias toward excessively long outputs, it pri-
marily shifts preferences toward medium-length re-
sponses rather than increasing selection of shorter
ones. In contrast, our approach has a more bal-
anced distribution, with a tendency to favor concise
outputs.

Furthermore, in DPO annotation (Figure 5 and
6), the gap between chosen and rejected response
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RM Acc (%) Qwen2.5-7B Gemma2-9B
All C-longer R-longer All C-longer R-longer

Vanilla RM 70.14 80.72 56.88 66.42 80.86 47.63
Length Penalty 70.45 79.76 59.01 67.31 79.41 51.81
ODIN 70.08 78.61 59.50 67.81 76.81 56.69
FiMi-RM (Ours) 69.75 73.60 65.70 67.34 69.07 66.38

Table 1: Accuracy on Preference Datasets. Our approach achieves better length balance, with the reward model
showing a closer accuracy across both subsets. Notably, the C-longer subset constitutes a larger proportion (58%) of
the total dataset. Given this data distribution, prioritizing accuracy optimization for the C-longer subset may result
in a misleadingly favorable assessment of overall performance.
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Figure 2: Scatter plot of reward-length, with binned averages (black lines). Our method demonstrates a more
balanced reward distribution compared to others, indicating effective debiasing. Because the absolute reward
magnitude is unconstrained during RM training, it is not comparable across different reward models; therefore, we
do not label the y-axis in the figure.

BoN Qwen2.5-7B Gemma2-9B
LC-WR↑ WR↑ Lchar Ltoken LC-WR↑ WR↑ Lchar Ltoken

Vanilla RM 68.25 73.84 638 148 62.91 65.77 756 179
Length Penalty 69.22 74.54 620 144 62.69 65.62 712 158
ODIN 71.38 75.58 512 115 63.46 65.24 684 168
FiMi-RM (Ours) 72.59 76.39 543 125 66.68 67.77 534 123

Table 2: The length-controlled Alpaca-Eval results under the BoN algorithm. Our method achieved the highest win
rate (WR) and length-controlled win rate (LC-WR). While our output length in Qwen2.5-7B is slightly longer than
ODIN’s, we maintain better performance in LC-WR and WR, indicating more effective bias mitigation.

DPO Qwen2.5-7B Gemma2-9B
LC-WR↑ WR↑ Lchar Ltoken LC-WR↑ WR↑ Lchar Ltoken

Vanilla RM 58.56 61.73 1089 254 57.35 59.81 1135 267
Length Penalty 57.67 62.89 980 227 57.78 60.03 1077 250
ODIN 58.91 63.16 1044 244 57.96 61.19 905 214
FiMi-RM (Ours) 62.17 67.32 757 174 59.47 61.61 773 189

Table 3: The length-controlled Alpaca-Eval results under the DPO algorithm. Our results demonstrate better
performance in both LC-WR and WR.

length distribution is smaller for our method com-
pared to other methods. This indicates that our
reward model has less length bias in preference
data labeling. The reduced discrepancy between
chosen and rejected length further validates that

our strategy mitigates length reward hacking better.

Training Process of Fitting Model In Figure 7
we show the fitted curve of modelf at different
steps in training stage 2 (stage of length bias fit-
ting). The blue scatter points represent the actual
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Figure 3: The pairwise comparison of the distribution of responses selected by BoN. The figure indicates that,
relative to vanilla RM and Length Penalty, our approach demonstrates a stronger inclination toward shorter responses
in BoN selection. Although ODIN also mitigates bias toward overly lengthy outputs, it mainly shifts preferences
toward medium-length responses rather than enhancing the selection of shorter ones.
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Figure 4: Difference in response length distributions under BoN, computed from the two overlapping histograms
shown in Figure 3. Positive values (green) indicate that FiMi-RM assigns higher density to the corresponding length
range compared to the others; negative values (red) indicate lower density.

DPO
Qwen2.5-7B Gemma2-9B

MT-bench IFEval MT-bench IFEval

T1↑ T2↑ Avg↑ Accprompt ↑ T1↑ T2↑ Avg↑ Accprompt ↑
Vanilla RM 5.45 3.43 4.44 17.4 3.99 3.06 3.53 18.0
Length Penalty 5.11 3.35 4.23 16.6 4.51 3.18 3.84 18.2
ODIN 5.33 3.73 4.53 18.6 4.46 3.16 3.81 17.8
FiMi-RM (Ours) 5.60 4.04 4.82 19.0 4.65 3.34 3.99 19.6

Table 4: Other benchmarks’ results under the DPO algorithm. Our model outperforms other methods on MT-bench
in both the first round (T1), the second round (T2), and the average score. It also achieves improvements on prompt-
level accuracy in IFEval, further demonstrating that our method enhances output quality after length debiasing.

output of the reward model before debiasing, while
the black curves illustrate the relation fitted by the
fitting model. Here we show the process of the
fitting model capturing the bias relation and the
fitted result. As shown in the figure, the initially
fitted curve (step 0) exhibits no clear pattern at the
beginning because it is randomly initialized, and
with training progresses, the curve gradually aligns
with the trend of the scatter points.

Furthermore, the last subfigure (step 200) reveals
two distinct phases: For responses shorter than
100 tokens, the reward-length relation exhibits a
strong linear trend, indicating that the bias grows

almost proportionally with length. When beyond
100 tokens, the relation becomes noticeably flatter
and in some cases even shows a slight downward
tendency, suggesting that the effect of length on
reward diminishes or reverses for longer outputs.

5 Conclusion

This paper primarily investigates length debiasing
in reward models. Previous approaches to length
debiasing are typically not characterize the bias
form or assume a linear relation between input
length and the hacked reward. To achieve better
length debiasing, we employ a lightweight model
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Figure 5: Length distribution of chosen and rejected responses in the labeling stage of DPO. The gap between
chosen and rejected response length is noticeably smaller for our method when comparing to others.
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Figure 6: The difference between the chosen and rejected response length distributions (chosen - rejected) shown
in Figure 5.
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Figure 7: The fitted curve of modelf at different steps in training.

to explicitly fit the relation between input length
and the hacked reward from the reward model.
In experiments, we test our method on BoN and
DPO, observing improvements in different bench-
marks. From the perspective of societal impact,
better aligning models with human preferences
helps them serve humanity more effectively and
safely. However, stronger alignment capabilities
could also be misused to align with harmful content.
Therefore, we must strengthen the regulatory.
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Limitations

Here we focus on length debiasing in reward mod-
els. Although we have achieved better results in
debiasing, whether human preferences are entirely
independent of length (or in terms of correlation,
whether the Pearson correlation coefficient is truly
zero) remains a question worthy of further investi-
gation. From a practical standpoint, empirical ob-
servations suggest that humans often favor more de-
tailed responses, which naturally tend to be longer.
For instance, in tasks like summarization or open-
ended question answering, thorough explanations
with supporting evidence are typically rated higher
than brief, vague answers; or to put it another
way, sometimes users explicitly include requests
for longer and more detailed responses in their in-
structions. These introduce a potential positive
correlation between length and preferences.
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A Ablation Study

We conduct ablation experiments with three dimen-
sions: (1) the multi-stage training design vs. joint
training, (2) the alternating training schedule in
Stage 3, (3) the architecture of the fitting model
modelf . All experiments use Qwen2.5-7B as the
base model and BoN (N = 8) as the alignment
algorithm, evaluated on AlpacaEval.

Multi-Stage Design vs. Joint Training. Here we
explored a joint training strategy where the fitting
model, reward model, and debiasing objective are
optimized together. While joint training is feasi-
ble, its performance is weaker than the multi-stage
design, as shown in Table 5. By separating bias
modeling (Stage 2) and bias mitigation (Stage 3)
into distinct stages, the pipeline allows the fitting
model to first accurately characterize the length
bias before the reward model attempts to remove
it.

Alternating Training Schedule We compare
FiMi-RM against a variant that trains only the re-
ward model in Stage 3 (without alternating updates
to modelf ). As shown in Table 5, removing al-
ternating training degrades both LC-WR and WR,
confirming that refining the two models is benefi-
cial for accurate bias capture and removal.

Architecture of Fitting Model We compare our
ResNet-based modelf against four alternatives: a
simple linear function f(x) = ax + b, Polyno-
mial Regression, 1D-CNN, and MLP. Results are
summarized in Table 5. The ResNet architecture
achieves the best performance.

B Visualization Results of Gemma Model

In the experimental section, we present various
visualization results on the Qwen model, and in this
appendix, we further provide corresponding results
on the Gemma2-9B. Including: the scatter plot of
reward-length (Figure 8); the comparison of the
distribution of responses selected by BoN (Figure
9 and 10); the length distribution of chosen and
rejected responses in the data reannotating stage of
DPO (Figure 11 and 12).

From these figures, we observe that although
the model family changes, the conclusions remain
largely consistent with those obtained earlier on
Qwen2.5-7B: our reward model exhibits a smaller
bias with respect to length, demonstrating the gen-
erality of our approach.

C Detailed Network Structure of Fitting
Model

Here we present the detailed structure of our
modelf in Table 6. As mentioned in method sec-
tion, the formula for Length Encoding is

LE(len(y)) =

[
sin

(
len(y)

100002j/d

)
, cos

(
len(y)

100002j/d

)] d
2
−1

j=0

.

(9)
Where the hidden dimension d is set to 32 in ex-
periments. This yields a total of ≈ 6.4K parame-
ters for modelf , which is negligible compared to
the reward models’ sizes (7B and 9B). Since the
computation of the Pearson correlation coefficient
becomes more accurate with larger batch size B,
we adopt a multi-GPU aggregation framework, ag-
gregating the batch data across 8 devices to obtain
the length-reward pairs, this effectively increase
the value of B. Additionally, due to the relatively
small model size, we set the learning rate to 5e-3
during training.

D Computational Cost Analysis

FiMi-RM introduces a secondary fitting model, but
this does not increase total training cost. To ensure
a fair comparison, samples used to update the fitting
model are not reused to update the reward model
within the same iteration; consequently, the total
number of training steps is identical to the Vanilla
RM baseline.

Table 7 reports average per-step times on
8×A100 GPUs, across all 938 steps, FiMi-RM al-
locates 480 steps to first stage, 240 steps to Stage 2,
and the remaining 218 steps to Stage 3. Since all
steps in Stage 2 and half of the steps in Stage 3
are allocated to the faster fitting-model updates, the
overall training time per epoch is reduced by ap-
proximately 25% relative to the Vanilla RM. FiMi-
RM therefore achieves length debiasing with no
additional computational overhead.

E BT Loss Monitoring During Stage 3

To assess whether the preference modeling capacity
of the reward model is maintained during Stage 3,
we monitor the Bradley–Terry loss LBT through-
out debiasing training. On the Dahoas-rm-static
dataset with Qwen2.5-7B, the BT loss increases
from 0.530 to 0.566 over Stage 3. This rise is
an expected consequence of removing the length
shortcut: because approximately 58% of chosen
responses are longer, the vanilla model exploits
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Figure 8: The scatter plot of reward-length relation (Gemma2-9B).
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Figure 9: Comparison of the distribution of responses selected by BoN (Gemma2-9B).
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Figure 10: Difference in response length distributions (Gemma2-9B).
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Figure 11: The length distribution of chosen and rejected responses in the labeling stage of DPO (Gemma2-9B).

length as a proxy signal, yielding an artificially low
BT loss. By enforcing semantic focus and decou-
pling length from reward, the training objective
becomes harder, which naturally raises the loss.
Critically, consistent improvements across down-
stream benchmarks confirm that preference mod-
eling ability is preserved and indeed strengthened
after debiasing.

F Results under SimPO

To assess the generality of FiMi-RM beyond DPO
and BoN, we conduct the experiments replacing
DPO with SimPO (Meng et al., 2024) (learning
rate 5e-7, β = 2, γ = 0.8, per-device batch size
2 and gradient accumulation steps 8 on Qwen2.5-
7B). As shown in Table 8, FiMi-RM reduces re-
sponse length and improves LC-WR compared to
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Figure 12: The difference between the chosen and rejected response length distributions (chosen - rejected) shown
in Figure 11 (Gemma2-9B).

Method LC-WR↑ WR↑ Lchar

Vanilla RM 69.25 73.84 638

FiMi-RM with Joint Training 71.51 76.01 568
FiMi-RM without Alternating Training 71.16 74.27 588

FiMi-RM with Polynomial Regression 67.11 71.54 722
FiMi-RM with Linear Fitting 71.67 75.30 501
FiMi-RM with 1D-CNN 71.15 74.29 516
FiMi-RM with MLP 71.35 75.26 550

FiMi-RM (Ours) 72.59 76.39 543

Table 5: Ablation results. “Joint Training” optimizes all objectives together in a single stage. “without Alternating
Training” trains only the reward model in Stage 3. “Linear Fitting” replaces modelf with f(x) = ax+ b.

component layer input → output

embedding Length Encoding len(y):[B] → [B, d]

block 1 LayerNorm(d) [B, d] → [B, d]
MLP(d→d→d→d) [B, d] → [B, d]
ReLU + residual [B, d] → [B, d]

block 2 LayerNorm(d) [B, d] → [B, d]
MLP(d→d→d→d) [B, d] → [B, d]
ReLU + residual [B, d] → [B, d]

head Linear(d→1) [B, d] → [B, 1]
squeeze(1) [B, 1] → r̂ :[B]

Table 6: Structure of modelf

the vanilla reward model under SimPO training as
well.

G Evaluation on RLHFlow Dataset

To evaluate robustness across diverse preference
distributions, we train FiMi-RM on the RLH-
Flow (Dong et al., 2024) dataset, a comprehensive
dataset with eight sources. Table 9 reports AlpacaE-
val results using Qwen2.5-7B and BoN (N = 8).

FiMi-RM consistently outperforms the vanilla
reward model on this more diverse dataset, achiev-
ing higher alignment accuracy with shorter outputs.

H Evaluation on other RLHF Setting

We futher evaluate our debiased reward model di-
rectly in other RLHF setting using GRPO (Shao
et al., 2024). Table 10 reports AlpacaEval results
on Qwen2.5-7B, with learning rate 2e-6, batch size
8 (per-device batch size 1 with gradient accumula-
tion steps 8), and sample size n = 8. FiMi-RM
achieves higher LC-WR while producing more con-
cise responses.

I Use Of AI Assistants

Alpaca-Eval and MT-Bench use GPT for evalua-
tion; aside from that, AI is used only for polishing
and grammar checks.
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Training Step Type Time (s/step)

Standard RM update (Vanilla RM baseline) ≈2.48
Fitting model update (forward through both; backward through modelf ) ≈0.60
Debiased RM update (forward through both; backward through RM) ≈2.50

Vanilla RM total ≈43 min/epoch
FiMi-RM total ≈32 min/epoch

Table 7: Training time on 8×A100 GPUs (Qwen2.5-7B). The fitting model (6.4k parameters) is negligibly small
relative to Qwen2.5-7B (7B parameters), so its backward is much more faster. The total time includes not only
training time but also other overhead, so it will be longer than simply training time × number of steps.

SimPO LC-WR↑ WR↑ Lchar

Vanilla RM 53.68 58.69 711
FiMi-RM 55.03 58.81 549

Table 8: AlpacaEval results under SimPO training
(Qwen2.5-7B).

Method LC-WR↑ WR↑ Lchar

Vanilla RM 62.00 68.73 1627
FiMi-RM (Ours) 66.59 71.72 1595

Table 9: AlpacaEval results on the RLHFlow dataset
(Qwen2.5-7B, BoN).

GRPO LC-WR↑ WR↑ Lchar

Vanilla RM 58.80 72.73 1285
FiMi-RM 67.42 75.91 999

Table 10: Results under GRPO training.
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