
Mitigating Length Bias in RLHF Through a Causal Lens

Hyeonji Kim1, Sujeong Oh1, Sanghack Lee1*

1Graduate School of Data Science, Seoul National University

Abstract

Reinforcement learning from human feedback (RLHF) is
widely used to align large language models (LLMs) with hu-
man preferences. However, RLHF-trained reward models of-
ten exhibit length bias—a systematic tendency to favor longer
responses by conflating verbosity with quality. We propose a
causal framework for analyzing and mitigating length bias in
RLHF reward modeling. Central to our approach is a coun-
terfactual data augmentation method that generates response
pairs designed to isolate content quality from verbosity. These
counterfactual examples are then used to train the reward
model, enabling it to assess responses based on content qual-
ity independently of verbosity. Specifically, we construct (1)
length-divergent pairs with similar content and (2) content-
divergent pairs of similar length. Empirical evaluations show
that our method reduces length bias in reward assignment and
leads to more concise, content-focused outputs from the policy
model. These findings demonstrate that the proposed approach
effectively reduces length bias and improves the robustness
and content sensitivity of reward modeling in RLHF pipelines.

1 Introduction
Large language models (LLMs) have demonstrated remark-
able performance across a wide range of natural language
tasks (Brown et al. 2020; Liang et al. 2023; Chowdhery
et al. 2023). Reinforcement learning from human feedback
(RLHF) (Ziegler et al. 2019; Stiennon et al. 2020) has be-
come the dominant approach for aligning LLM behavior
with human preferences (Ouyang et al. 2022). Despite its
success, RLHF often inherits and amplifies systematic biases
inherently present in human preference data, with length bias
being one of the most persistent issues (Ouyang et al. 2022;
Shen et al. 2023; Saito et al. 2023). Length bias refers to
the tendency of reward models to assign higher scores to
longer responses, even when informativeness and relevance
are comparable or worse. This bias can significantly distort
model behavior and user experience (Singhal et al. 2024).

Recent studies have empirically demonstrated that both
models and human annotators are susceptible to verbosity
bias (Saito et al. 2023; Shen et al. 2023), often preferring
longer responses even when content is held constant. When
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such preferences are implicitly encoded into reward models,
RLHF-trained LLMs tend to prioritize verbosity over clarity,
often resulting in unnecessarily long and less effective outputs
that may degrade user experience. This phenomenon may
arise because reward models leverage spurious correlations in
data that fail to capture the true quality of the output (Stiennon
et al. 2020; Singhal et al. 2024; Huang et al. 2025).

Several methods have been proposed to mitigate length
bias. For instance, Chen et al. (2024); Wang et al. (2025)
operate on learned representations by regularizing the re-
ward model, and Liu et al. (2025); Cai et al. (2025) generate
randomized or loosely controlled response pairs to reduce
sensitivity to length. However, these approaches often lack
the ability to explicitly disentangle verbosity from semantic
quality, still leaving the reward model vulnerable to spurious
correlations between response length and the reward.

To guide the reward model toward learning preferences
based on content quality rather than surface length features,
we adopt a causal perspective on length bias. Without such
a framework, it is difficult to separate genuine effects from
misleading patterns. For example, although there is a strong
correlation between a country’s per capita chocolate con-
sumption and its number of Nobel laureates, both are influ-
enced by a third factor such as national wealth. This classic
example highlights the risk of relying solely on observational
correlations without causal reasoning.

To address this, we propose a counterfactual data augmen-
tation framework that enables reward models to disentangle
content quality from response length. While counterfactual
data augmentation has been used to mitigate spurious cor-
relations in classification tasks (Kaushik, Hovy, and Lipton
2020), our work extends this causal idea to the RLHF reward-
modeling by asking: “How would the reward change if the
same content were expressed more concisely?” To answer
this, we generate two types of counterfactual preference pairs:
(1) semantically equivalent responses of different lengths,
and (2) semantically different responses of similar lengths.
These comparisons isolate the effects of content and verbosity,
guiding the reward model to develop preferences based on
semantic quality rather than length. Our contributions are:

• We identify a key limitation of existing approaches to
mitigating length bias: their limited ability to disentangle
verbosity from semantic quality due to reliance on spuri-
ous correlation. Our analysis shows that, without explicit
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interventions, current methods often conflate response
length with informativeness.

• We propose a novel counterfactual data augmentation
framework which enables reward models to generate re-
wards by separating content quality from response length.
Training on carefully constructed response pairs that iso-
late one factor at a time, our method facilitates content-
based preference learning during reward model training.

• We empirically demonstrate that our approach effectively
mitigates length bias and leads to more robust content-
sensitive reward modeling in LLM, as evidenced by com-
prehensive evaluations across multiple benchmarks.

2 Preliminaries
Length Bias in Reward Model Reinforcement Learning
from Human Feedback (RLHF) (Ouyang et al. 2022) aligns
language models with human preferences via fine-tuning on
pairwise comparisons. Common approaches include Proxi-
mal Policy Optimization (PPO) (Schulman et al. 2017), which
uses a learned reward model, and Direct Preference Optimiza-
tion (DPO) (Rafailov et al. 2023), which directly optimizes
preferences without an explicit reward model. See Appendix
A1 for further RLHF details.

Several methods have been proposed to mitigate length
bias in reward modeling, primarily through architectural or
training-time interventions. ODIN (Chen et al. 2024) uses a
dual-head reward model to isolate semantic and stylistic fea-
tures, while RRM (Liu et al. 2025) augments preference data
with length perturbations to promote robustness. Although
both reduce surface-level sensitivity to response length, they
do not perform controlled interventions on length itself, and
may suppress stylistic variance without truly disentangling
verbosity from content quality. This motivates our approach
of counterfactual data augmentation, which disentangles the
effect of content and length on reward in a principled manner.

Pearl’s Causal Hierarchy The Pearl’s Causal Hierarchy
(PCH) (Bareinboim et al. 2022; Pearl and Mackenzie 2018)
organizes causal reasoning into three hierarchical levels—
associational, interventional, and counterfactual—each cor-
responding to a distinct type of question one can pose about
the world. These levels align with fundamental modes of
reasoning: observing, acting, and imagining. The first level,
association, is based on statistical correlations observed in
data, typically expressed as conditional probabilities such
as P (y|x); for example, one may ask: “How does belief in
a disease change when a particular symptom is observed?”
The second level, intervention, concerns the effects of actions
or manipulations, often represented as P (y|do(x)) or P (yx),
addressing questions such as: “Will the headache subside if
the patient is given the drug?” The third level, counterfactual,
involves reasoning about alternate outcomes under hypotheti-
cal scenarios. Such questions are formulated as P (yx|x′, y′),
asking, for instance: “If the patient had taken the drug and
the headache disappeared, would the headache still have per-
sisted had they not taken the drug?” This hierarchy highlights

1Extended version including full technical appendices is avail-
able at: https://arxiv.org/abs/2511.12573.
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Figure 1: Comparison of original perspective and our per-
spective on reward modeling process.

that higher-level causal reasoning requires stronger assump-
tions and richer models to support counterfactual inference.
See Appendix B for additional examples and formalizations.

Structure of Reward Model Common perspectives on
reward modeling can be represented by the causal structure
in Fig. 1 (a), where a response T is generated from a prompt
X and then passed to a reward model which outputs a score
R. While the diagram shows a single response for simplicity,
RLHF training is conducted on pairwise preference data,
applying this structure to both responses in a comparison.2

Crucially, however, the reward signal R is not directly su-
pervised from the environment. Although the reward model
outputs a scalar value, this value is not grounded in explicit
feedback signals (as in traditional RL), but is instead inferred
from binary preference labels over response pairs, either an-
notated by humans or provided by automated judges. As a
result, the reward model is trained via comparative supervi-
sion: it learns to assign higher scores to preferred responses
within triplets of the form (X,Tchosen, Trejected). Over time,
this process encourages the model to approximate a reward
function that aligns with observed preferences.

3 Causal Interpretation of Length Bias
Length Bias as a Causal Problem Length bias refers to
the tendency to assign higher scores to longer responses, even
when they are no more informative than shorter ones. This
phenomenon frequently arises during RLHF reward model
training due to the entanglement between semantic content
and response length, making it difficult for the reward model
to determine whether its preference stems from content or
length and leading it to treat verbosity as a dominant reward
signal. From a causal perspective, this can be illustrated by
the structure in Fig. 1(b), where each response T is generated
from two factors: latent semantic content C and response
length L. These two factors may interact, affecting each
other, as responses are shaped both by what is said and how
extensively it is conveyed.

Motivation for Counterfactuals Since content and length
often co-vary in natural data, conventional observational
comparisons—such as randomly sampled response pairs
from RLHF datasets—are insufficient to isolate the causal
effect of length on reward. To address this, we introduce a
counterfactual data augmentation strategy, which generates
synthetic response pairs to answer questions that natural data

2The final preference comparison between reward scores is omit-
ted in the figure to focus on the causal pathways from the prompt
X to each response T .
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Figure 2: Response dimension over an observation edit (P1)
and a counterfactual (P2).

cannot support, such as: “What would the reward have been
if the response length had been different?”

Fig. 2 illustrates the need for counterfactual data aug-
mentation geometrically. Natural responses lie on a low-
dimensional manifold embedded in a space defined by con-
tent and length (Appendix C). Because these two attributes
are often entangled in real-world data, changing one attribute
(e.g., length) typically induces a shift in the other (e.g., con-
tent). For instance, an observational edit moves along the
response manifold—from X to P1—by varying length, but
often alters content implicitly. This is analogous to editing
an image: adjusting hairstyle may unintentionally shift per-
ceived gender when the underlying latent representation does
not cleanly separate the two. To isolate the effect of a single
factor, we must vary one while holding the other fixed. This
motivates counterfactual edits, which simulate responses off
the natural manifold (e.g., X → P2)—something not achiev-
able with observational data in the response manifold.

Feasibility of Counterfactuals A natural question arises:
how can one generate counterfactual data, given that coun-
terfactuals by definition pertain to alternative outcomes that
did not actually occur? In our case, such construction is fea-
sible because the setting itself falls under the category of
realizable counterfactuals (Raghavan and Bareinboim 2025),
permitting targeted interventions (Level 2 in PCH) to approx-
imate counterfactual outcomes (Level 3).3 We can therefore
construct counterfactual responses Tc̃,ℓ′ by independently in-
tervening on content and length: setting C ← c̃ via semantic
transplantation and L← ℓ′ via prompt-level control.

When reward models are repeatedly trained on counterfac-
tual preference pairs in which both responses have identical
lengths, any residual preference signal must be attributed to
semantic differences. This repeated exposure encourages the
model to ground its judgments in content alone, gradually
attenuating sensitivity to verbosity. In effect, this decouples
response length from reward estimation without impairing
semantic content of the response. As a result, the influence of
length L on reward diminishes, allowing the model to better
reflect content-driven distinctions. For a formal treatment of
this mechanism, see Appendix E.

3Raghavan and Bareinboim (2025) formally show that an L3
distribution is realizable if and only if the target variables (e.g.,
content C and length L) are not simultaneously subject to conflicting
interventions on the same causal parent. See Appendix D for details.

Our augmentation strategy relies on three key assump-
tions: (1) Each response T can be approximately decomposed
into two factors: latent content C and observable length L,
such that their influence on the reward is fully mediated
through the response; (2) It is feasible to generate alterna-
tive responses that modify one factor (e.g., verbosity) while
preserving the other (e.g., semantic content), enabling con-
trolled interventions; (3) When two responses have approxi-
mately the same length, any difference in model preference
is assumed to reflect differences in semantic content quality.
These assumptions allow us to treat counterfactual compar-
isons at fixed length as valid supervision signals for training
content-aware reward models.

3.1 Operational Definitions of Length and Content
To enable quantifiable control required for counterfactual data
augmentation, we define length and content in operational
terms that allow consistent measurement and manipulation.
For length, we partition the empirical token distribution of
responses into five quantile-based bins—Very Short, Short,
Medium, Long, and Very Long—treating responses within
the same bin as approximately equal in length. For content,
which is a latent property, we define it through the relational
criterion of semantic equivalence. This relational definition
allows us to systematically distinguish between fixed content
and varying content pairs for counterfactual construction.
Fixed Content: Responses that convey the same meaning
despite variations in tone, redundancy, or structure. Varying
Content: Responses that differ in factuality, specificity, or
intent while keeping the length fixed.

4 Length Bias Mitigation Pipeline
To implement our causal approach, we introduce a three-
stage framework summarized in Fig. 3. The process consists
of three main stages: (1) Counterfactual Data Augmentation:
Generate augmented response variants via controlled manipu-
lation on either response length or semantic content, keeping
the other approximately constant. (2) Bias Diagnosis: Iden-
tify length-driven preference flips by applying targeted length
interventions while preserving content. (3) Bias Mitigation:
Retrain the reward model using curated counterfactuals that
isolate semantic content from stylistic factors like verbosity.

4.1 Counterfactual Data Augmentation
Implementations

To disentangle the effect of length on reward, we generate
counterfactually augmented response pairs by manipulating
either content or length while keeping the other factor approx-
imately fixed. These augmentations produce response pairs
aligned in length, enabling controlled comparisons under
fixed-length conditions during reward learning. We employ
two complementary augmentation strategies4:

• Length-fixed augmentation: Given a target response, we
generate alternative responses that vary in factuality or
informativeness by intervening on the semantic content
while keeping the length approximately fixed. To achieve

4Full augmentation procedures are provided in Appendix F.
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Figure 3: Overview of our method. We generate length- and content-fixed counterfactuals and use them for bias diagnosis and
reward model training.

Content Quality Shorter Same Longer
Better ✓ ✓ ✓
Same ✗ ✗ length bias
Worse ✗ length bias length bias

Table 1: Rules for diagnosing length bias based on the
winning response’s content quality and relative length: the
model’s preference is acceptable (✓), implausible (✗), or
likely indicative of length bias (length bias).

this, we apply transformations such as detail removal,
elaboration, information substitution, or rewriting figura-
tive expressions into literal descriptions.

• Content-fixed augmentation: Given a target response, we
generate alternatives that vary in verbosity by intervening
on length while preserving the original meaning. Here,
the length is aligned to that of the reference response used
to determine the original preference label. To preserve
semantic content while varying length, we apply surface-
level augmentations such as filler insertion (deletion),
pleonasm (simplification), redundant sentence reusing
(pruning), paraphrasing, and format changes.

After generating responses, it is essential to verify that
the intended factor has been successfully manipulated. As
described in Sec. 3.1, length is operationalized via token-
level binning, enabling automatic verification through bin
membership. In contrast, content is a latent property that can-
not be reliably assessed using simple heuristics. To ensure
fidelity, we apply automated editing strategies followed by se-
mantic filtering using a binary classifier that checks whether
semantic content is preserved. These verification steps con-
firm whether the intended manipulation was successful and
enhance the overall quality of the augmented data.

4.2 Diagnosing Length Bias
We define a diagnostic rule table (Table 1) that categorizes
each case based on the relative content quality and length of
the winning response, and determines whether the model’s
preference is attributable to content or likely influenced by
length bias. According to this scheme, length bias is diag-
nosed when the model prefers a longer response with worse
content, excluding ties from both diagnosis and training.

Preference flips. To scale up the diagnostic rules in Ta-
ble 1 for large-scale evaluation, we introduce a binary de-
cision rule based on preference flips, which are induced
by controlled length interventions using content-fixed aug-
mented responses. A preference flip occurs when the re-
ward model reverses its ranking of a response pair solely
due to a change in length, with semantic content held con-
stant. Let R(X,T ) denote the reward score assigned to re-
sponse T given prompt X . Suppose the original model pref-
erence is R(X,A) > R(X,B). A preference flip is said
to occur if, for a counterfactual variant A′ or B′ with the
same content but altered length, the ranking reverses—e.g.,
R(X,A′) < R(X,B) or R(X,A) < R(X,B′). When the
model initially prefers the longer response but reverses its
choice after a content-preserving length adjustment, we inter-
pret this as evidence that the original preference was driven
by verbosity rather than semantic quality.

For each original preference pair (A,B), we generate K
content-fixed length variants and evaluate the model’s consis-
tency against them (e.g., A vs B′

1, A vs B′
2, etc.). A pair is

considered biased if the number of preference flips exceeds
half of the number of counterfactuals. Formally, we apply
the indicator function 1[(

∑K
k=1 f

(k)
Al

+
∑K

k=1 f
(k)
Bl

) > K],

where f (k)
Al

= 1[ŷ(k) ̸= y] denotes a flipped preference under
the k-th intervention on response A, and y is the original
model preference label—i.e., the response that was favored
in the original (A,B) pair. This criterion detects cases where
length changes alone consistently alter model decisions.

To generalize this diagnosis, we define the flip ratio F :

F(A,B) =
# of flipped preferences

Total counterfactual comparisons
.

Pairs with F > 0.5 are flagged as length-biased. This con-
tinuous metric enables scalable and automated diagnostics
aligned with the rule-based intuition, while providing fine-
grained control for downstream filtering and training.

Final counterfactual data used for bias mitigation. After
identifying bias-prone examples via preference flips, we se-
lectively use counterfactually augmented response pairs for
reward model training. For response pairs that exhibit length
bias—i.e., more than half of the content-fixed counterfactual
pairs result in preference flips—we include the flipped ex-
amples in the training set. In addition, we incorporate the
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Figure 4: Experimental pipeline with edge styles indicating flow type. Purple nodes represent data transformation stages; orange
nodes algorithmic processing steps. Black arrows data transformation; red dashed arrows model-based processing or state change.

length-fixed variants of the original responses to further dis-
entangle length from content during reward learning.

4.3 Mitigating Length Bias
To illustrate how the selected counterfactually augmented
data mitigates length bias, consider a response pair (A,B)
that has been diagnosed as length-biased through content-
fixed augmentation. In the original preference data, the model
favored A due to its verbosity rather than its semantic quality,
meaning the original supervision signal does not reflect a
true preference. To correct this, we form a new training pair
by combining the content-fixed counterfactual A′—which
preserves the meaning of A while matching the length of
B—with the original response B, forming the pair (A′, B).
In this counterfactual pair, where length is neutralized, we
revise the supervision to favor B, yielding a more accurate
learning signal grounded in semantic content.

In addition to the flipped preference pairs from content-
fixed augmentations, we also incorporate length-fixed aug-
mentations to directly supervise semantic quality. For each
response A, we use its pre-generated length-fixed variant A′′,
which has degraded semantic content but maintains length,
and train the model to prefer A over A′′. This setup encour-
ages the reward model to distinguish fine-grained semantic
differences under fixed stylistic conditions, enabling learning
signals that reflect content alone. For instance, if A′′ is seman-
tically inferior to A, and A is determined to be worse than
B based on the content-controlled pair (A′, B), the model
learns a content-grounded ranking: A′′ < A′ = A < B.

These counterfactual augmentations ensure that the reward
model learns to prioritize semantic content over superficial
stylistic features such as verbosity by providing targeted
supervision—via content- and length-fixed variants—that
explicitly disentangles content quality from length artifacts.

5 Experiments
We present an overview of our experimental pipeline in Fig. 4,
which summarizes the three core stages of our method: coun-
terfactual data augmentation, bias diagnosis, and bias mitiga-
tion through reward model fine-tuning.

5.1 Data Augmentation
We use the RLHF preference dataset from RLHFlow (Dong
et al. 2024), consisting of 699k prompt-response pairs with
pairwise preference labels from seven sources, for its large
scale and diverse annotation sources. For augmentation, we
selected GPT-4o-mini (OpenAI 2024) due to its strong se-
mantic fidelity and stylistic control.

To study length bias, we filtered for examples where the
preferred response is longer and the two responses fall into

Stage Content Length
Augmented pairs (pre-filtering) 474k 471k

Filtered pairs 473k 466k
Length bias pairs 199k 214k

Table 2: Summary of augmentation and filtering statistics.

different length bins (Appendix G), discarding pairs with
extreme disparities (≥4 bins apart). This yielded 225,358
examples, from which we randomly sampled 50,000 for aug-
mentation. Using controlled editing strategies,5 we generated
474k content-fixed and 471k length-fixed response pairs, to-
taling approximately 945k augmented comparisons—a 19×
increase over the original sample.

To verify whether the intended factor (content or length) is
correctly preserved, we fine-tuned a binary classifier based on
all-mpnet-base-v2 (Song et al. 2020).6 After filtering,
472k content-fixed and 466k length-fixed response pairs were
retained. These filtered counterfactuals form a reliable basis
for diagnosing length bias.

5.2 Length Bias Identification and Mitigation Data
Construction

Length bias identification. To measure the presence of
length bias, we remove all original preference labels from the
RLHFlow dataset and re-score each prompt–response pair us-
ing a reference reward model, OpenLLaMA-3B (Geng and
Liu 2023). Then, we conducted content-fixed comparison
using counterfactual responses that preserve semantic con-
tent while varying length. A flip is recorded when a model’s
preference reverses due to a change in length alone. Among
49,861 pairs, 23,651 (47.43%) exhibited length bias. See
Appendix J for full distribution.

Mitigation data construction. For each pair classified as
length-biased, we construct a mitigation dataset by combin-
ing content-fixed and length-fixed augmentations. From the
content-fixed set, we retain only those that cause a preference
flip, ensuring the bias is empirically observed. Then, for each
confirmed flip, we include the corresponding length-fixed
augmentations to reinforce content sensitivity. This yields
198,778 flipped content-fixed pairs and 213,699 aligned
length-fixed augmentations. After deduplication, we obtain
412,286 unique (prompt, chosen, rejected) triplets which will

5Examples and templates illustrating these augmentation strate-
gies are provided in Appendix H.

6We describe implementation details for all models—including,
cross-encoders, reward models, and policy models—in Appendix I.
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Model RewardBench-1 RewardBench-2 Chatbot Arena

Chat Chat Hard Safety Reasoning Avg Factuality PIF Math Safety Focus Avg LC Accuracy

HRO 0.718 0.485 0.334 0.420 0.486 0.364 0.275 0.350 0.240 0.238 0.250 0.249
ODIN 0.499 0.487 0.514 0.485 0.496 0.301 0.263 0.230 0.154 0.147 0.219 0.463
CDA_OpenLM* 0.466 0.493 0.504 0.482 0.486 0.416 0.257 0.311 0.270 0.133 0.278 0.508
CDA_LoRA* 0.732 0.496 0.332 0.427 0.497 0.361 0.244 0.336 0.267 0.232 0.288 0.248
CDA_HRO* 0.491 0.510 0.529 0.495 0.506 0.461 0.197 0.244 0.281 0.199 0.276 0.493

Table 3: Accuracy of reward models across three datasets: RewardBench-1, RewardBench-2, and length-controlled (LC)
accuracy from Chatbot Arena. (* indicates models trained with our method.)

be used in reward model fine-tuning. The total number of
data points processed is summarized in Table 2.

Reward model finetuning. To mitigate length bias,
we fine-tune reward models on a counterfactually aug-
mented dataset that disentangles verbosity from seman-
tic content. We utilized two baseline models to fine-tune:
OpenLLaMA-3B and its RLHF variant reward model,
HH-RLHF_RM_OpenLLaMA-3B (Diao et al. 2024; Dong
et al. 2023).

Fine-tuned reward models. We evaluate five re-
ward models: (1) HRO, the baseline reward model
HH-RLHF_RM_OpenLLaMA-3B; (2) ODIN (Chen et al.
2024), a recent method which mitigates length bias via dual-
head reward modeling. Although the original ODIN used
Vicuna-7B, we reimplemented it on the OpenLLaMA-3B
backbone to eliminate confounding effects from base model
performance differences. This ensures that any observed
differences in evaluation are attributable to methodological
differences rather than disparities in model capacity or
pretraining quality. (3) CDA_OpenLM, a reward model
obtained through fine-tuning OpenLLaMA-3B on our
counterfactually augmented dataset; (4) CDA_LoRA, a
LoRA-based fine-tuning of HRO using our mitigation data;
and (5) CDA_HRO, a full fine-tuning of HRO on the same
dataset. Comprehensive details of all evaluation experiments,
including dataset specifications and repeated-run statistics,
are provided in Appendix K.

Evaluation of reward model length bias reduction. We
evaluate reward models using two complementary metrics:

• RewardBench Average Score: RewardBench (Lambert
et al. 2025; Malik et al. 2025) provides a comprehen-
sive evaluation of general reward model performance
aligned with human preferences. We use both versions of
the benchmark, with version 2 being more challenging
than version 1. For consistency with our length-bias di-
agnosis and mitigation setup, we exclude tie cases from
RewardBench-2 in our reporting.

• Length-controlled accuracy: This metric directly mea-
sures the extent to which reward models rely on verbosity
by evaluating whether they correctly prefer shorter re-
sponses when appropriate. Using Chatbot Arena pairwise
preferences (Chiang et al. 2024), we select pairs in which
the preferred response is shorter by at least two token-
length bins and check whether the reward model assigns
higher scores to the concise option.

Figure 5: Reward distribution across response lengths on
RewardBench-1 (top) and RewardBench-2 (bottom).

Together, these metrics assess whether reducing length bias
compromises general reward model performance.

Table 3 reports category-wise and mean accuracy on
RewardBench along with length-controlled accuracy. On
RewardBench-1, CDA_HRO achieves the highest mean accu-
racy, and both CDA_HRO and CDA_OpenLM exhibit more
balanced category-wise performance, with notable improve-
ments on bias-sensitive subsets (chat hard, safety,
reasoning). In contrast, baseline models display more un-
even patterns with similar overall scores. For RewardBench-2,
CDA_LoRA and HRO show strong peaks in individual cat-
egories, while CDA_OpenLM and CDA_HRO provide more
stable performance. As RewardBench-2 is more challeng-
ing and less sensitive to verbosity, large gains are not ex-
pected, and our models perform comparably to the baseline.
This trend is consistent with the length-controlled evalua-
tion, where CDA_OpenLM and CDA_HRO achieve substan-
tially higher LC accuracy than the baseline, demonstrating
robustness when length cannot be used as a cue. Although
CDA_LoRA remains competitive overall, its lower LC accu-
racy (24.80%) reflects the limitations of partial fine-tuning
in mitigating length bias. Across both RewardBench ver-
sions, our CDA-based models maintain competitive overall
accuracy with more stable category-wise behavior, while
substantially improving length-controlled accuracy.

Taken together, these results show that our approach mit-
igates length bias without compromising general reward
model performance, overcoming the trade-off commonly ob-
served in baseline methods.

Reward distribution across length. To examine how re-
ward models handle verbosity, we visualize reward–length
distributions for RewardBench-1 and the more challenging
RewardBench-2 (Fig. 5). In both datasets, HRO shows a
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Model Length Controlled Winrate Winrate Avg. length
OpenLM 8.47 9.94 1385
SFT 16.97 25.71 2061
PPO_HRO 18.97 28.45 2048
ODIN 12.19 11.34 1026
PPO_CDA_OpenLM* 36.06 30.69 1072
PPO_CDA_HRO* 37.18 32.55 1118

Table 4: Length controlled winrate of RLHF models on Al-
pacaEval. (* for ours.)

strong positive correlation between response length and re-
ward, revealing substantial length bias. In contrast, our coun-
terfactually fine-tuned models (CDA_HRO, CDA_OpenLM)
and ODIN yield more vertically aligned distributions, indicat-
ing reduced sensitivity to verbosity. The gap becomes even
clearer on the harder RewardBench-2, where the baseline’s
bias intensifies while our models remain robust.

Policy model finetuning. To evaluate the downstream im-
pact of length bias mitigation, we fine-tune a policy via Su-
pervised Fine-Tuning (SFT) followed by PPO (Schulman
et al. 2017), using reward models with and without mitiga-
tion. This allows us to assess how improvements in reward
modeling affect final policy behavior.

We evaluate six RLHF policy models, all initialized
from the same SFT model based on OpenLLaMA-3B7:
(1) OpenLM, the unaligned base OpenLLaMA-3B model;
(2) SFT, trained on supervised instruction-following data;
(3) PPO_HRO, fine-tuned with the baseline reward model
HRO; (4) ODIN, trained using the ODIN reward model reim-
plemented on OpenLLaMA-3B; (5) PPO_CDA_OpenLM,
trained with our counterfactual reward model CDA_OpenLM;
and (6) PPO_CDA_HRO, trained with CDA_HRO. This
setup enables controlled comparison of reward strategies
and the effectiveness of counterfactual data.

Final RLHF performance. We follow the AlpacaEval pro-
tocol (Dubois, Liang, and Hashimoto 2024), where models
are evaluated against LLaMA-2-7B-chat-hf (Touvron
et al. 2023). Since our base policy model is OpenLLaMA-3B,
which is derived from LLaMA-1, we select LLaMA-2-7B-
chat as a reference—upgrading both the version (LLaMA-1
to LLaMA-2) and model size (3B to 7B). This choice ensures
a stronger and more up-to-date judge model for comparison.
Additional evaluations are in Appendix L.

Table 4 shows that our RLHF-trained model,
PPO_CDA_HRO, achieves the highest length-controlled
winrate (37.18%), more than doubling that of PPO_HRO
(18.97%) and SFT (16.97%). While baseline models achieve
reasonable overall winrates, their sharp drop under length
control indicates reliance on verbosity. In contrast, our
CDA-trained policies produce shorter yet higher-quality
responses, demonstrating that gains at the reward-model level
carry over to downstream RLHF behavior. Unlike ODIN,
which reduces length at the cost of winrate, our method
improves conciseness without degrading performance.

7Note that we exclude CDA_LoRA from PPO training, as
parameter-efficient fine-tuning under frozen reward heads showed
limited effectiveness in mitigating bias (Table 3).

Figure 6: Length distribution of model outputs. OpenLM is
excluded from this comparison as it is an untrained baseline
model without any supervised fine-tuning.

To identify factors driving win rate differences in AlpacaE-
val, we analyzed response-length distributions. As shown in
Figure 6, traditional reward models like SFT and PPO_HRO,
tend to favor longer responses, with a noticeable skew toward
higher word counts. In contrast, models trained with our coun-
terfactual data augmentation approach (PPO_CDA_OpenLM
and PPO_CDA_HRO) show a more balanced distribution,
with shorter, content-rich responses being selected more fre-
quently. This indicates that our improved performance stems
from the ability to generate more concise, high-quality out-
puts rather than simply producing longer responses.

Summary. Taken together, our results show that counterfac-
tual reward-model fine-tuning improves robustness to length
bias without sacrificing overall performance. Across reward-
level benchmarks and downstream RLHF evaluation, CDA-
based models avoid verbosity-driven preferences and enable
policies to generate more concise, content-faithful responses,
outperforming prior approaches.

6 Conclusion
We presented a causal framework for mitigating length bias in
reward models trained through reinforcement learning from
human feedback (RLHF). Our method uses counterfactual
data augmentation to disentangle the effect of semantic con-
tent from verbosity, enabling reward models to better reflect
human preferences grounded in meaning rather than sur-
face features. By generating content-fixed and length-fixed
response pairs, we allow the reward model to learn prefer-
ences that are robust to stylistic confounds and focused on
underlying semantic quality. Empirical evaluations demon-
strate that our approach substantially reduces length-driven
preference errors while maintaining or improving alignment
performance across standard RLHF benchmarks. In particu-
lar, models trained with our counterfactually augmented data
consistently prefer more concise yet informative responses
and show greater robustness to stylistic variations. Moreover,
downstream policy models optimized with these improved
reward signals generate responses that are not only shorter
on average but also rated higher in informativeness and rele-
vance. These findings underscore the utility of causality in
enhancing the fidelity and interpretability of reward mod-
els. While our method assumes a clean separation between
content and length, it opens the door for future extensions
that address additional confounding factors—such as tone,
coherence, or factuality—through appropriate expansions of
the underlying causal graph.
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