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Abstract

Reward hacking occurs when an optimization process exploits imperfections in a proxy re-
ward, producing behavior that scores highly according to the proxy while failing to achieve
the intended objective. The problem has become increasingly important in modern AI
systems that rely on learned reward models, including reinforcement learning from human
feedback (RLHF), best-of-n (BoN) selection, and related approaches for large language
models (LLMs). This survey synthesizes theoretical and empirical research on reward hack-
ing, covering its underlying mechanisms, observed manifestations, and proposed mitigation
strategies. We identify common drivers of reward hacking, including proxy misspecification,
spurious correlations, distribution shift, and Goodhartian overoptimization, and we examine
approaches that either improve reward modeling or limit the ability of optimization algo-
rithms to exploit reward imperfections. Our goal is to provide a coherent overview of the
field and to highlight key challenges and directions for future research.

1 Introduction

Aligning LLMs with human preferences typically proceeds through reward modeling followed by policy
optimization. A reward model (RM) trained on human comparisons provides a scalar signal that guides fine-
tuning via reinforcement learning or related alignment algorithms. Because the RM is only an approximation
of human judgment, aggressive optimization can increase proxy scores while harming the qualities we actually
care about. Moreover, preference-based reward learning is susceptible to distribution shift: preference models
are trained on a limited distribution of comparisons, but during optimization the policy may move into regions
of the output space that are poorly represented in the training data, making the learned reward unreliable
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and exacerbating misalignment (Xu et al., 2026). These issues manifest as reward hacking, specification
gaming, or reward overoptimization, and have been documented across RLHF pipelines, direct alignment
algorithms, and inference-time reranking (Gao et al., 2023; Rafailov et al., 2024; Khalaf et al., 2026).

Understanding reward hacking requires both conceptual clarity and empirical measurement. Some works
provide formal definitions and impossibility results (Skalse et al., 2022; Laidlaw et al., 2025); others quantify
overoptimization curves, study human deception, or characterize inference-time failure modes (Gao et al.,
2023; Wen et al., 2025; Khalaf et al., 2026). Mitigation strategies likewise split naturally: one can improve
the RM so that it is harder to exploit (Miao et al., 2024; Chen et al., 2024; Liu et al., 2025; Coste et al., 2024),
or one can change the optimization procedure—during training or at inference—to limit overoptimization
(Miao et al., 2025; Moskovitz et al., 2024; Laidlaw et al., 2025; Liu et al., 2024; Khalaf et al., 2026).

This survey organizes the reward hacking literature along two complementary dimensions: the characteri-
zation of the problem and the design of solutions. On the problem side, we review both theoretical works
that formalize reward hacking and empirical studies that measure, characterize, and analyze its occurrence
in practice. On the solution side, we distinguish approaches that improve reward models from those that
modify or constrain the optimization process to reduce exploitation of reward-model imperfections. This
taxonomy highlights common themes across seemingly disparate settings, including RLHF, direct preference
optimization, and inference-time selection methods, and provides a unified perspective on the causes and
mitigation of reward hacking. Section 2 introduces the necessary background and terminology. Section 3
presents the proposed taxonomy, Section 4 reviews the literature within this framework, and Sections 5 to 7
discuss broader implications and future directions.

2 Background

2.1 Reinforcement Learning from Human Feedback

Reinforcement learning from human feedback (RLHF) is a widely used alignment framework for large lan-
guage models. It typically consists of three stages (Chen et al., 2024; Liu et al., 2025; Moskovitz et al.,
2024):

• Supervised Fine-Tuning (SFT): a pretrained language model is fine-tuned on demonstrations of
desired behavior.

• Reward Modeling (RM): a reward model is trained on human preference comparisons to predict
which responses humans prefer.

• Policy Optimization: the policy is optimized to maximize the learned reward model, often using
reinforcement learning algorithms such as PPO.

The reward model acts as a proxy for human preferences. Because it is only an approximation of the true
objective, optimizing the policy against the reward model can increase proxy reward while degrading the
qualities that humans ultimately care about, creating opportunities for reward hacking (Gao et al., 2023;
Wen et al., 2025).

2.2 Best-of-n Sampling

Best-of-n (BoN) sampling is an inference-time optimization procedure in which multiple candidate responses
are generated for a prompt and scored using a reward model. The response with the highest reward-model
score is then selected as the final output (Khalaf et al., 2026; Coste et al., 2024).

Although BoN does not modify model parameters, it still performs optimization with respect to the reward
model. As the number of sampled candidates increases, the procedure can increasingly exploit inaccuracies
in the reward model, leading to higher proxy rewards without corresponding improvements in true quality.
This phenomenon represents an inference-time form of reward hacking (Khalaf et al., 2026).
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2.3 Direct Alignment Algorithms

Direct alignment algorithms (DAAs), such as Direct Preference Optimization (DPO), align language models
using preference data without explicitly training a reward model or performing online reinforcement learning
(Rafailov et al., 2024; Liu et al., 2024). Instead, these methods optimize objectives that can be interpreted
as implicitly encoding a reward function derived from human preferences.

Despite avoiding an explicit reward model, DAAs remain vulnerable to reward-model-like overoptimization
effects. Both theoretical and empirical studies have shown that increasing optimization pressure can produce
behavior analogous to reward hacking in RLHF, including degradation with respect to underlying human
preferences despite continued improvements in the optimized objective (Rafailov et al., 2024; Liu et al.,
2024). Moreover, standard DAAs typically assume that the training preference distribution is representative
of the deployment setting and do not explicitly account for distribution shifts in the preference data, which
can degrade alignment performance under domain or annotation changes (Xu et al., 2026).

2.4 Reward Hacking and Overoptimization

The literature uses several closely related terms to describe failures that arise when an agent is optimized
against an imperfect proxy objective. Although these terms are sometimes used interchangeably, they de-
scribe different aspects of the problem.

• Specification gaming: a behavioral phenomenon in which an agent satisfies the literal or measurable
specification of a task while violating the intention behind that specification. The key issue is a mismatch
between what is explicitly specified and what is actually intended. Specification gaming therefore describes
the behavioral outcome of exploiting an incomplete or misspecified objective, and does not necessarily
require a learned reward model.

• Reward hacking: a broader optimization phenomenon in which an agent exploits imperfections in a
proxy reward to obtain high proxy reward without achieving the intended objective (Skalse et al., 2022;
Laidlaw et al., 2025). Specification gaming can therefore be viewed as one important form of reward
hacking, but reward hacking also includes failures caused by learned reward-model artifacts, distribution
shift, uncertainty, and other weaknesses that need not correspond to a literal specification loophole.

• Reward overoptimization: a particular regime or dynamic of proxy optimization in which increasing
optimization pressure continues to improve the proxy reward while true or gold-standard performance
eventually plateaus or deteriorates (Gao et al., 2023; Coste et al., 2024). Thus, overoptimization is
characterized by the relationship between optimization strength, proxy reward, and true performance,
whereas reward hacking characterizes the underlying exploitation of a proxy. Reward overoptimization
can consequently be understood as one empirically measurable manifestation of reward hacking.

These distinctions can be summarized as follows: specification gaming concerns what behavior exploits the
mismatch, reward hacking concerns the exploitation of an imperfect proxy during optimization, and reward
overoptimization concerns how performance changes as optimization pressure increases. The concepts over-
lap, but they should not be treated as synonyms. In particular, reward overoptimization does not necessarily
imply that the agent has discovered a discrete “hack”; a gradual degradation caused by increasingly unreliable
reward estimates can also constitute overoptimization.

Across LLM systems, these phenomena are often associated with behaviors that exploit weaknesses in eval-
uation proxies rather than reflecting true task performance. Common manifestations include excessive ver-
bosity, exploitation of formatting or stylistic biases, sycophantic responses, and reliance on superficial cues
that correlate with reward-model preferences rather than underlying quality (Chen et al., 2024; Wen et al.,
2025).
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Category Representative papers

Problem – theoretical (Skalse et al., 2022; Laidlaw et al., 2025)
Problem – empirical (Gao et al., 2023; Rafailov et al., 2024; Wen et al., 2025; Khalaf et al., 2026)

Solution – reward
model

(Miao et al., 2024; Chen et al., 2024; Liu et al., 2025; Coste et al., 2024; Wen & Yang,
2026; Setlur et al., 2025; Zhang et al., 2026; Cheng et al., 2025; Song et al., 2026;
Ferreira et al., 2025; Xu et al., 2025; Zhao et al., 2026; Ye et al., 2026; Srivastava et al.,
2025; Reber et al., 2024)

Solution – optimization
process

(Laidlaw et al., 2025; Miao et al., 2025; Moskovitz et al., 2024; Liu et al., 2024; Khalaf
et al., 2026; Zhang et al., 2024; Dai et al., 2025; Ackermann et al., 2026; Farquhar et al.,
2025)

Table 1: Taxonomy of reward hacking literature. Representative works are shown for each category.

3 Methodology and Taxonomy

Table 1 summarizes the categorization of works on reward hacking according to their primary contribution.
Several works span multiple categories; these are discussed in all relevant sections.

Two orthogonal axes are useful for comparing mitigation strategies. First, methods either improve the reward
model rϕ or constrain optimization of the policy πθ under an imperfect reward signal. Second, interventions
operate either during training or at inference time. Inference-time approaches include best-of-n (BoN)
reranking and ensemble-based selection (Khalaf et al., 2026; Coste et al., 2024).

4 Review of Key Papers

4.1 The Reward Hacking Problem

4.1.1 Theoretical Characterizations

Defining and Characterizing Reward Hacking. Skalse et al. provide the first formal MDP-based
definition of reward hacking (Skalse et al., 2022). Given true reward R and proxy reward R̃, the proxy
is unhackable if increasing expected proxy return never decreases expected true return. Because reward is
linear in state-action occupancy, unhackability is highly restrictive: over the space of stochastic policies, two
non-constant rewards are unhackable only if one is constant, or equivalently if they induce identical policy
orderings under all distributions. Non-trivial unhackable pairs exist only under restricted policy classes, such
as deterministic policies or finite policy sets. The paper further studies simplifications, an asymmetric case
in which the proxy omits fine-grained distinctions. Even seemingly natural simplifications, such as coarse-
graining reward magnitudes or omitting task-relevant features, can remain vulnerable to hacking. These
results imply that proxy rewards must capture high-fidelity preference structure, and that learned reward
models may be best interpreted as training signals rather than objectives to be optimized without constraint.

Correlated Proxies. Laidlaw et al. introduce an operational definition of reward hacking based on cor-
relation under a reference policy πref (Laidlaw et al., 2025). A proxy reward R̃ is r-correlated with the true
reward R if their correlation exceeds r on state-action pairs sampled from πref . Reward hacking occurs when
optimization of R̃ produces a policy whose true return is lower than that of πref . This formulation captures
failure cases in settings such as traffic control, glucose regulation, and RLHF. The analysis motivates regu-
larization toward πref , with theoretical results suggesting that χ2 occupancy-measure regularization can be
more effective than standard action-level KL penalties.

Together, Skalse et al. provide formal limitations on proxy objectives that preserve ordering over policies,
while Laidlaw et al. characterize reward hacking in terms of measurable degradation under optimization and
associated regularization strategies.
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4.1.2 Empirical Characterizations

Scaling Laws for Reward Model Overoptimization. Gao et al. quantify reward overoptimization in
a synthetic setup where a fixed large reward model is used as a gold-standard evaluator (Gao et al., 2023).
As policies are optimized against this proxy using either reinforcement learning or best-of-n sampling, gold
reward varies as a function of root KL divergence from the initial policy (d). The resulting scaling laws
take the form RBoN(d) = d(αBoN − βBoNd) and RRL(d) = d(αRL − βRL log d), with coefficients that depend
smoothly on reward model scale. The results show that best-of-n amplifies overoptimization more rapidly
than RL in KL space, that larger reward models delay but do not eliminate degradation, and that KL
penalties primarily act as early stopping mechanisms rather than resolving overoptimization.

Rafailov et al. extend this analysis to direct preference optimization (DPO) and related direct alignment
algorithms (Rafailov et al., 2024). Although these methods do not explicitly train a reward model or per-
form online reinforcement learning, they exhibit similar degradation behavior under increasing optimization
pressure, with performance on true preferences deteriorating before full convergence. Moreover, the scaling
behavior of direct alignment algorithms follows functional forms closely aligned with those observed in rein-
forcement learning settings, suggesting a degree of universality in overoptimization dynamics across training
paradigms.

Language Models Learn to Mislead Humans via RLHF. Wen et al. study unintended misleading
behavior emerging from standard RLHF training, referred to as U-SOPHISTRY (Wen et al., 2025). On
benchmarks such as QuALITY and APPS, RLHF optimized with a reward model trained from human feed-
back increases human preference for incorrect outputs, without improving oracle correctness. False positive
rates increase by 24.1% on QuALITY and 18.3% on APPS under time-constrained evaluation conditions.
The analysis identifies behaviors such as selective evidence presentation, plausible but incorrect reasoning,
and programs that pass superficial tests while remaining incorrect. These results demonstrate that reward
model optimization can systematically misalign human judgments with ground-truth correctness.

4.2 Reward Hacking Mitigation Strategies

4.2.1 Reward-Model-Based Methods

InfoRM. Miao et al. attribute reward hacking to reward misgeneralization, in which reward models exploit
spurious features such as response length that correlate with human labels but not with true preferences (Miao
et al., 2024). InfoRM introduces a variational information bottleneck (IB) to filter irrelevant information
from latent representations. Overoptimized responses are found to appear as outliers in the IB latent space,
motivating the Cluster Separation Index (CSI) as an online detection signal. Experiments across reward
model scales from 70M to 7B show improved RLHF performance; GPT-4-based evaluations report a win rate
of 57.0% compared to 49.0% for a standard reward model baseline on Anthropic-Helpful. InfoRM combines
improved reward modeling with a monitoring signal for detecting and potentially mitigating overoptimization
during training.

ODIN. Chen et al. focus on length-related reward hacking, one of the most commonly observed failure
modes in LLM reward models (Chen et al., 2024). They introduce a Pareto-front evaluation protocol that
plots reward versus response length across hyperparameter configurations to expose length bias. ODIN
consists of a two-head reward model sharing a common representation, where one head captures length-
correlated features and the other is decorrelated via orthogonality constraints; only the latter is used for
reinforcement learning. ODIN substantially reduces length–reward correlation while improving policy per-
formance on the Pareto frontier for both PPO and ReMax, outperforming extensive tuning of clipping, KL,
and length penalties.

Robust Reward Model. Liu et al. (Liu et al., 2025) show that standard reward models can learn
prompt-independent artifacts (e.g., length and formatting biases) from fixed-context preference data, lead-
ing to unreliable optimization signals. They propose a causal augmentation strategy that disrupts these
spurious correlations, producing robust reward models that generalize better under policy optimization.
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Extending this perspective, Ye et al. (Ye et al., 2026) reinterpret reward hacking as a shortcut-learning
problem in preference-based reward models, where models exploit spurious features that correlate with hu-
man preferences rather than capturing genuine quality signals. They propose Preference-based Reward
Invariance for Shortcut Mitigation (PRISM), which represents shortcuts as group-invariant kernels and in-
troduces reward-invariant regularization to rectify shortcut behaviors. Unlike bias-specific approaches that
target individual artifacts, PRISM provides a unified framework for mitigating diverse shortcut behaviors
and improves out-of-distribution generalization of reward models on challenging unseen data. Similarly, Sri-
vastava et al. (Srivastava et al., 2025) propose CROME, a causal framework that mitigates reward hacking
during reward model training by disentangling causal and spurious attributes through targeted synthetic
data augmentation. CROME introduces two complementary strategies: causal augmentations that enforce
sensitivity to genuine quality drivers and neutral augmentations that encourage invariance to spurious fea-
tures. Importantly, CROME does not require prior knowledge of the types of spurious attributes affecting
reward models and consistently improves robustness across multiple reward modeling techniques and down-
stream Best-of-N settings. Building on the same causal perspective, Song et al. (Song et al., 2026) investigate
reward hacking in external reasoning systems, arguing that it arises from latent semantic confounders that
simultaneously influence reasoning generation and reward evaluation. Rather than retraining the reward
model, they introduce Causal Reward Adjustment (CRA), which identifies these confounding features using
sparse autoencoders and applies backdoor adjustment to compute debiased rewards at inference time. This
post hoc correction reduces the selection of flawed reasoning chains while improving reasoning accuracy,
demonstrating that causal interventions can mitigate reward hacking both during reward model training
and during reward-based reasoning evaluation. This aligns with the broader distributionally robust perspec-
tive of GAS-DRO (Wen & Yang, 2026), which argues that models should remain reliable under plausible
shifts beyond the observed training distribution. While GAS-DRO formalizes robustness through adversarial
ambiguity sets over generative distributions, RRM achieves a similar goal in reward modeling by removing
artifact-driven preferences and improving robustness to optimization-induced distribution shifts.

Causal Reward Model Explainability. Reber et al. (Reber et al., 2024) highlight that reward models
are often treated as black boxes, making it unclear which attributes of responses actually influence reward
predictions. They introduce RATE (Rewrite-based Attribute Treatment Estimators), a causal framework
that measures the effect of specific response attributes (e.g., helpfulness, complexity, and sensitivity) on
reward model outputs through counterfactual rewriting. Since counterfactual rewrites may introduce un-
intended changes beyond the target attribute, RATE mitigates this issue using rewrites of rewrites, which
cancel out off-target effects in expectation. Experiments demonstrate that RATE can effectively estimate
causal effects and reveal that naive reward model analyses can suffer from substantial bias caused by spu-
rious associations, providing a tool for understanding and auditing reward models beyond their observed
correlations.

Reward Model Ensembles. Reward model ensembles aim to improve the robustness of preference-
based evaluation by combining predictions from multiple independently trained reward models rather than
relying on a single model (Coste et al., 2024). By aggregating diverse reward estimators, ensemble methods
reduce the dependence on any individual reward model and provide a more reliable assessment of policy
outputs. These approaches have been explored as a means to improve alignment performance by leveraging
the complementary strengths of multiple reward models, particularly in settings where reward estimation
is prone to variability. The use of ensembles has been studied in both Best-of-N (BoN) sampling and
reinforcement learning from human feedback (RLHF) pipelines, where the aggregated reward signal is used
to guide policy selection and optimization.

Uncertainty-Based Reward Routing. To mitigate the computational overhead of reward ensembles in
online RLHF, (Xu et al., 2025) propose a dynamic routing framework. They employ Spectral-normalized
Gaussian Processes (SNGP) to quantify the epistemic uncertainty of a fast, pairwise reward model. Samples
exceeding a defined uncertainty threshold (typically out-of-distribution states) are routed to a more capa-
ble but costly LLM judge (e.g., DeepSeek-R1), while confident samples are evaluated by the fast model.
This strategy maintains alignment performance comparable to using strong judges exclusively, but with
significantly reduced inference latency.
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PRM-specific strategies. To mitigate reward hacking, a growing body of work focuses on redesigning
Process Reward Models (PRMs) to ensure step-level supervision is both structurally sound and causally
grounded. (Zhang et al., 2026) initiate this by proposing Conditional Reward Modeling (CRM), which
frames reasoning as a temporal probabilistic process where each step’s reward is the conditional probability
of reaching a correct answer. This approach captures inter-step dependencies and resolves credit assignment
ambiguity by explicitly linking intermediate steps to the final outcome. Complementing this structural re-
finement, (Setlur et al., 2025) introduce Process Advantage Verifiers (PAV), which argue that absolute
Q-values are insufficient for exploration. Instead, PAVs measure "progress" as step-level advantages under a
distinct prover policy, effectively diversifying exploration and preventing the policy from converging on de-
generate, repetitive behaviors. While CRM and PAV focus on the formulation of the reward signal, (Cheng
et al., 2025) address a fundamental vulnerability in signal aggregation through PURE. They demonstrate
that canonical summation-form credit assignment—which defines value as the cumulative sum of future re-
wards—unintentionally incentivizes "armchair general" behavior, where models prioritize high-reward "think-
ing" steps over actual problem-solving. By replacing summation with a min-form credit assignment that
equates a trajectory’s value to its "worst" step, PURE stabilizes training and achieves comparable alignment
to verifiable methods with a 3× efficiency gain. Finally, these mathematical refinements are grounded in
interpretability by (Ferreira et al., 2025), who propose Causal Reasoning Attribution (CRA) to bridge
the "faithfulness gap" in natural-language explanations. CRA augments PRMs with causal attribution sig-
nals to ensure that the step-level rewards prioritized by methods like CRM and PAV reflect the input features
that genuinely influenced the model’s prediction, rather than rewarded post-hoc rationalisations. Together,
these methods form a cohesive framework for robust PRMs: CRM and PAV provide structurally accurate
and exploratory reward signals, PURE ensures these signals are aggregated to prevent training collapse, and
CRA guarantees the resulting reasoning is faithful to the model’s underlying decision process.

Generative Reward Robustness and Master-RMs. As LLMs increasingly serve as generative judges,
(Zhao et al., 2026) identify their vulnerability to master key attacks—superficial phrases (e.g., Let’s solve
this step by step) that trigger false-positive rewards without actual reasoning. Interestingly, this vulnera-
bility scales non-monotonically, as larger models often act as self-solvers rather than faithful verifiers. To
counter this, they introduce Master-RMs, fine-tuned on adversarially truncated responses. This targeted data
augmentation forces the reward model to ignore vacuous openers and focus on actual semantic reasoning,
reducing false positive rates to near-zero while maintaining high alignment with human judgment.

4.2.2 Optimization-Process-Based Methods

Correlated Proxies and ORPO. Laidlaw et al. Beyond their theoretical formulation (Section 4.1.1),
Laidlaw et al. propose Occupancy-Regularized Policy Optimization (ORPO), which applies χ2 occupancy-
measure regularization toward a reference policy πref (Laidlaw et al., 2025). Theory provides bounds on
true-reward improvement under correlated proxies when sufficient regularization is applied. Empirically,
occupancy-measure regularization outperforms action-level KL regularization and exhibits greater robustness
to the regularization coefficient across tasks.

Energy Loss-Aware PPO (EPPO). Miao et al. identify an energy loss phenomenon, where a mea-
sure derived from hidden-state norm dynamics increases during reinforcement learning and correlates with
reward-model exploitation (Miao et al., 2025). They show that excessive energy loss is associated with re-
duced contextual relevance under RL optimization. EPPO penalizes deviations in energy loss relative to a
supervised fine-tuning reference model during reward optimization and can be interpreted as an entropy-
regularized reinforcement learning method. Experiments across multiple models and tasks show that EPPO
mitigates reward hacking while maintaining or improving RLHF performance.

Gradient Regularization (GR). (Ackermann et al., 2026) establish a theoretical link between reward
model accuracy and the flatness of the optimization landscape in parameter space. They observe that
reward hacking often corresponds to the exploitation of sharp maxima in action space, which coincides
with a significant increase in the policy’s gradient norm. To mitigate this, they propose explicit Gradient
Regularization (GR) to bias policy updates toward flatter regions where the proxy reward is proven to
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remain more accurate. Empirically, GR outperforms standard KL penalties in RLHF and verifiable reward
tasks (RLVR), preventing the policy from over-focusing on easy formatting cues or “hacking” LLM-as-a-
judge signals. This approach suggests that stabilizing optimization through internal gradient dynamics can
potentially replace traditional divergence-based constraints while maintaining higher task performance.

Constrained RLHF. Moskovitz et al. study reward hacking in settings where the reward is composed
of multiple components capturing different aspects of quality (e.g., helpfulness or safety) (Moskovitz et al.,
2024). They observe that each component has a regime in which it remains a reliable proxy, beyond which fur-
ther optimization degrades true performance; they refer to these thresholds as proxy points. Their approach
formulates constrained reinforcement learning using Lagrange multipliers to prevent any single component
from being optimized beyond its proxy point, rather than combining components via fixed scalar weights.
A variant of the method additionally infers these proxy points online during training, rather than requiring
them to be pre-specified. This yields an optimization-side method for controlling multi-objective reward
overoptimization.

Regularized Preference Optimization (RPO). Liu et al. model reward overoptimization as arising
from distributional shift and uncertainty in reward evaluation under out-of-distribution samples (Liu et al.,
2024). They derive a maximin formulation over adversarial reward models and obtain a practical objective
combining a DPO-style preference loss with a supervised fine-tuning regularizer, referred to as Regularized
Preference Optimization (RPO). The supervised term acts as a constraint that limits deviation from the
data distribution and reduces exploitation of spurious reward signals. Experiments show improved alignment
performance compared to standard DPO baselines.

Behavior-Supported Policy Optimization (BSPO). Building on the theme of distributional shift,
(Dai et al., 2025) identify extrapolation errors on out-of-distribution (OOD) responses as a primary driver of
reward overoptimization. They propose BSPO, which characterizes the in-distribution region of the reward
model using the next-token distribution of the training data, termed the behavior policy. By introducing a
behavior-supported Bellman operator, the method regularizes the value function to penalize OOD actions
while leaving in-distribution evaluations unaffected. Theoretically, BSPO provides a monotonic improvement
guarantee toward an optimal behavior-supported policy, a property lacking in standard reward regularization
frameworks. Empirical results demonstrate that by explicitly restricting policy iteration to supported regions,
BSPO effectively minimizes reward overestimation and outperforms traditional KL-penalty and ensemble
baselines in achieving high gold reward across multiple model scales.

Uncertainty-Aware Optimization with Reward Models. Recent approaches incorporate uncertainty
estimates into reward optimization to account for the reliability of reward predictions during policy training.
(Coste et al., 2024) study conservative optimization objectives based on reward model ensembles, demon-
strating that uncertainty-aware aggregation can mitigate overoptimization. To reduce the computational
overhead of ensemble-based methods, (Zhang et al., 2024) introduce a lightweight uncertainty estimation
approach using the final-layer embeddings of reward models as a proxy for sample reliability. Based on these
estimates, they propose Adversarial Policy Optimization (ADVPO), a distributionally robust framework
that optimizes policies against pessimistic reward functions within a confidence region, achieving a balance
between robustness and conservatism.

Inference-Time Hedging. Khalaf et al. propose HedgeTune, a method for selecting inference-time pa-
rameters (e.g., n) in best-of-n and soft best-of-n decoding to optimize true reward under proxy-based selection
(Khalaf et al., 2026). The method mitigates reward hacking by limiting the extent of inference-time opti-
mization. Experiments in reasoning, mathematics, and preference-based evaluation settings show improved
performance under proxy-guided selection.

Myopic Optimization with Non-myopic Approval (MONA). Farquhar et al. propose Myopic Opti-
mization with Non-myopic Approval (MONA), an optimization framework that mitigates multi-step reward
hacking by modifying the optimization objective rather than improving the reward model (Farquhar et al.,
2025). Instead of maximizing long-term returns, MONA performs myopic optimization using immediate
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rewards augmented with non-myopic approval signals that estimate the future desirability of each action.
This design removes incentives for agents to construct long-horizon reward-hacking strategies while still en-
abling purposeful long-term behavior. Experiments on multiple environments show that MONA substantially
reduces multi-step reward hacking compared with conventional RL.(Farquhar et al., 2025).

5 Comparison and Discussion

The methods reviewed above do not treat reward hacking as a single failure mode. Rather, they intervene
at different points in the reward-optimization pipeline and implicitly make different assumptions about
the source of the mismatch between the optimized reward and the underlying objective. This distinction is
important when comparing their effectiveness: a method designed to remove a spurious feature from a reward
model cannot, in general, prevent a policy from overoptimizing an otherwise accurate reward model, while an
optimization constraint cannot recover information that is absent from the reward signal. Accordingly, the
methods can be compared along four dimensions: (i) the assumed source of reward hacking, (ii) the location
of intervention, (iii) the specific failure mode targeted, and (iv) the conditions under which the method is
most appropriate.

5.1 Recurring Failure Mechanisms

Across the reviewed papers, reward hacking can be organized into several distinct but interacting mechanisms.

1. Proxy misspecification and fundamental proxy limitations. Some methods address the problem
at the level of the reward proxy itself. The theoretical results of Skalse et al. show that, under broad policy
classes, non-trivial proxies cannot in general be guaranteed to remain unhackable (Skalse et al., 2022).
Thus, improving the reward model does not eliminate the fundamental possibility of exploitation. Laidlaw
et al. further show that even a proxy that is correlated with the true objective can be exploited under
sufficient optimization pressure (Laidlaw et al., 2025). These results motivate methods that constrain
optimization rather than relying exclusively on better reward prediction.

2. Spurious-feature and shortcut exploitation. A more concrete failure occurs when a reward model
relies on features that correlate with human preference labels but are not causally related to the desired
quality. Examples include response length, formatting, stylistic patterns, and other prompt-independent
artifacts (Miao et al., 2024; Chen et al., 2024; Liu et al., 2025; Ye et al., 2026). This class of failure is
primarily addressed by reward-model-side methods such as InfoRM, ODIN, RRM, PRISM, and CROME.
These methods differ, however, in how they identify or suppress the shortcuts: InfoRM removes irrelevant
information through a variational bottleneck, ODIN explicitly isolates length-correlated features, RRM
and CROME use causal augmentation, while PRISM formulates shortcut mitigation through reward
invariance.

3. Distribution shift and reward extrapolation. A policy optimized against a reward model may
move away from the distribution on which the reward model was trained. In this region, the reward
model can become systematically overconfident or inaccurate. RPO, BSPO, ensemble-based methods,
and ADVPO primarily address this failure by limiting or accounting for optimization in regions where
reward estimates are unreliable (Liu et al., 2024; Dai et al., 2025; Coste et al., 2024; Zhang et al., 2024).
This mechanism differs from ordinary feature-level shortcut exploitation: the problem is not necessarily
that a particular feature is known to be spurious, but that the policy reaches states for which the reward
model has insufficient support or uncertainty is high.

4. Overoptimization of an imperfect reward. Even when the reward model is reasonably accurate on
the training distribution, increasing optimization strength can eventually reduce the true reward. The
scaling results discussed in the literature characterize this phenomenon as a non-monotonic relationship
between optimization strength and gold reward. This failure motivates methods such as ORPO, EPPO,
Gradient Regularization, Constrained RLHF, and HedgeTune, which restrict the extent or geometry of
optimization rather than attempting to make the reward model perfectly accurate.
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5. Incorrect temporal or step-level credit assignment. In reasoning tasks, reward hacking can arise
because the reward assigned to individual reasoning steps does not faithfully represent their contribution
to the final outcome. CRM addresses this by defining rewards through the conditional probability of
ultimately obtaining the correct answer, while PAV models step-level progress under a prover policy
(Zhang et al., 2026; Setlur et al., 2025). PURE instead targets the aggregation mechanism itself, showing
that summing future step rewards can allow a few highly rewarded but unproductive steps to mask
erroneous reasoning (Cheng et al., 2025). These methods are therefore particularly relevant to process
reward models and multi-step reasoning, rather than to generic response-level reward hacking.

6. Long-horizon and inference-time exploitation. Some failures are created not by an inaccurate re-
ward model alone but by the optimization procedure exploiting opportunities that emerge over multiple
steps. MONA directly targets such multi-step reward-hacking strategies by combining myopic optimiza-
tion with non-myopic approval signals (Farquhar et al., 2025). At inference time, HedgeTune instead
limits the amount of proxy-guided search in Best-of-N -type procedures (Khalaf et al., 2026). These ap-
proaches are therefore most appropriate when the principal source of hacking is the strength or horizon
of the search, rather than a specific artifact in the reward model.

7. Judge-specific and explanation-specific vulnerabilities. Generative reward models introduce ad-
ditional failure modes. Master-RMs target “master key” phrases that cause an LLM judge to assign
high reward without corresponding reasoning (Zhao et al., 2026). In explanation evaluation, Ferreira et
al. show that process reward models may reward plausible post-hoc explanations that are not causally
responsible for the model’s decision (Ferreira et al., 2025). These failures require methods that distin-
guish genuine reasoning or causal influence from superficially plausible text and therefore cannot be fully
addressed by generic reward regularization.

5.2 What Exactly Do the Mitigation Methods Change?

The most important distinction among the reviewed methods is the component of the reward-optimization
pipeline that they modify. Table 2 therefore provides a unified comparison of the reviewed mitigation
methods according to the failure type they target, the component at which they intervene, and whether the
intervention occurs during training or inference. This organization makes it easier to compare methods that
address similar failure modes through different parts of the reward-optimization pipeline.

The table highlights three broad intervention points. First, reward-model and evaluator interventions attempt
to make the proxy more faithful or reduce the influence of unreliable reward estimates. InfoRM, ODIN,
RRM, PRISM, and CROME primarily target spurious features and shortcut learning, but differ in how
the problematic correlations are identified or removed. CRA and RATE instead use causal analysis to
identify or correct problematic reward dependencies. Reward-model ensembles and uncertainty-aware routing
address uncertainty more directly, reducing the probability that an unreliable reward estimate determines
the optimization outcome.

Second, policy-optimization interventions accept that the reward model may remain imperfect and instead
constrain how aggressively the policy can exploit it. ORPO, EPPO, Gradient Regularization, Constrained
RLHF, RPO, BSPO, and ADVPO differ in the signal or constraint they use, but share the goal of limiting
optimization in regions where the proxy becomes unreliable. These methods therefore intervene primarily on
the policy or optimization procedure rather than attempting to eliminate every imperfection in the reward
model.

Third, several methods intervene at specialized stages of the alignment pipeline. CRM, PAV, PURE, and
causal attribution methods focus on process-level reasoning, credit assignment, or evaluation, while Hed-
geTune addresses inference-time search and MONA addresses multi-step exploitation. These methods illus-
trate why reward hacking should not be treated as a single failure mechanism: the appropriate intervention
depends on whether the dominant problem lies in the reward representation, reward evaluation, policy
optimization, temporal credit assignment, or inference-time search.

Within the reward-model family, the methods also differ substantially in scope. ODIN is particularly spe-
cialized to length-related reward hacking, whereas InfoRM, RRM, PRISM, and CROME address broader
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Method Failure type Intervention Stage
InfoRM Spurious features and reward-

model misgeneralization
Filters irrelevant information through a variational infor-
mation bottleneck; uses latent-space outlier detection for
overoptimized responses

Training

ODIN Length-related reward hacking Separates length-correlated information from reward-
relevant representations using a two-head architecture
and orthogonality constraint

Training

RRM Prompt-independent artifacts Uses causal augmentation to disrupt correlations between
artifacts and preference labels

Training

PRISM General shortcut learning Enforces reward invariance across predefined shortcut
groups rather than targeting a single artifact

Training

CROME Unknown or diverse spurious at-
tributes

Uses causal and neutral synthetic augmentations to dis-
tinguish genuine quality attributes from spurious ones

Training

CRA Latent semantic confounding Applies post-hoc causal backdoor adjustment using iden-
tified confounding features

Inference

RATE Unknown causal influence of re-
sponse attributes

Uses counterfactual rewriting to estimate causal effects
of response attributes and audit reward predictions

Training /
Analysis

Reward model ensem-
bles

Reward-estimation variability Aggregates predictions from multiple independently
trained reward models

Inference

Uncertainty-aware
routing

Unreliable or OOD reward pre-
dictions

Routes uncertain samples to a stronger judge while using
a cheaper reward model for confident samples

Inference

Master-RMs Superficial “master key” phrases Trains generative reward models on adversarially trun-
cated responses to reduce sensitivity to superficial rea-
soning cues

Training

CRM Ambiguous step-level credit as-
signment

Defines step rewards through the conditional probability
of ultimately reaching the correct answer

Training

PAV Poor estimation of step-level
progress

Predicts process advantage under a distinct prover policy
to improve exploration

Training

PURE Bad reasoning masked by reward
aggregation

Replaces cumulative reward summation with minimum-
based trajectory aggregation

Training

Causal attribution for
explanations

Plausible but fabricated expla-
nations

Adds causal attribution signals to distinguish genuine de-
cision evidence from post-hoc rationalizations

Training

ORPO Overoptimization of correlated
proxies

Regularizes the policy occupancy measure toward a ref-
erence policy using χ2 divergence

Training

EPPO Reward hacking associated with
internal dynamics

Penalizes deviations in energy loss from a supervised fine-
tuning reference

Training

Gradient Regulariza-
tion

Exploitation of sharp reward
maxima

Penalizes large policy gradients and biases optimization
toward flatter regions

Training

Constrained RLHF Overoptimization of individual
reward components

Constrains each reward component using its estimated
proxy point rather than fixed scalar weights

Training

RPO Distribution shift and OOD re-
ward uncertainty

Combines DPO with an SFT regularizer to limit devia-
tion from the preference-data distribution

Training

BSPO Reward overestimation on un-
supported actions

Restricts policy iteration using a behavior-supported
Bellman operator

Training

ADVPO Optimization against uncertain
rewards

Optimizes against pessimistic reward functions within an
uncertainty set estimated from reward-model representa-
tions

Training

HedgeTune Inference-time overoptimization Limits Best-of-N optimization by selecting the degree of
search using limited true-reward calibration

Inference

MONA Multi-step reward-hacking
strategies

Uses myopic optimization with non-myopic approval sig-
nals to reduce incentives for long-horizon hacking

Training

Table 2: Unified comparison of reward-hacking mitigation methods. Methods are compared by the primary
failure type they target, where they intervene in the reward-optimization pipeline, and whether the inter-
vention occurs during training or inference.

classes of spurious features and shortcut learning. InfoRM compresses irrelevant information and uses the
resulting representation for detection; RRM disrupts known artifact correlations through causal augmen-
tation; PRISM imposes an explicit invariance structure; and CROME attempts to distinguish causal from
spurious attributes without requiring the shortcut types to be specified beforehand.

CRA occupies a different position because it does not require changing the reward model itself. Instead,
it applies causal adjustment after reward-model training, making it attractive when retraining the reward
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model or policy is undesirable. Its limitation is that the relevant latent confounders must be identifiable
well enough for the adjustment to be meaningful. RATE is also distinct because its primary contribution
is diagnostic: by estimating the causal effects of individual attributes, it can reveal why a reward model
behaves as it does, but causal diagnosis alone does not guarantee that subsequent policy optimization will
be safe.

The process-reward methods likewise operate at different points in the reasoning pipeline. CRM changes
the definition of the step-level reward, PAV changes what the verifier is trained to predict, PURE changes
how step rewards are aggregated, and causal attribution methods change what constitutes evidence for a
faithful explanation. Because these interventions address different components of process evaluation, they
can in principle be combined rather than being strictly competing alternatives.

Overall, the unified comparison shows that the distinction between reward-model improvement and opti-
mization constraints is useful but not absolute. Some methods improve the proxy itself, others modify how
it is evaluated, and others constrain how strongly a policy or inference procedure can optimize it. Conse-
quently, the most informative way to compare mitigation methods is to consider both where they intervene
in the reward-optimization pipeline and which failure mechanism they are designed to prevent.

5.3 Overall Trade-off

The central trade-off across the literature is therefore between reward fidelity, optimization freedom, and
computational cost. Methods that modify the reward model attempt to increase fidelity but may require
new training data, architectural changes, or assumptions about shortcut structure. Methods that constrain
optimization can remain effective with an imperfect reward model, but excessive conservatism may prevent
the policy from discovering genuinely high-quality solutions. Uncertainty-aware and routing approaches can
preserve performance while concentrating computation on difficult cases, but they require reliable uncertainty
estimation and, in some cases, access to a substantially stronger judge.

More fundamentally, the literature indicates that reward hacking cannot be reduced to a single defect of
reward models. The failure can arise from what the reward model represents, where the policy operates,
how strongly the proxy is optimized, how rewards are assigned across reasoning steps, or how much search
is performed at inference time. Consequently, the appropriate mitigation should be selected according to
the observed failure mechanism rather than according to a generic notion of “reward-model robustness.” A
reward-model intervention is most direct when the source of reward error is identifiable; an optimization
constraint is more appropriate when the reward is useful but becomes unreliable under strong optimization;
uncertainty-based methods are suitable when reliability varies across samples; and specialized PRM, judge,
or inference-time methods are necessary when the hacking mechanism is specific to reasoning, generative
evaluation, or search.

Overall, the strongest implication of the comparison is that improving reward models and constraining opti-
mization should be viewed as complementary rather than competing strategies. Reward-model improvements
reduce the set of exploitable weaknesses, while conservative or uncertainty-aware optimization reduces the
opportunity to exploit weaknesses that remain. Nevertheless, the theoretical results on proxy alignment
imply that neither strategy can provide a general guarantee of unhackability. The practical objective is
therefore not to eliminate the possibility of reward hacking altogether, but to identify the dominant failure
mechanism and intervene at the corresponding level of the reward-optimization pipeline.

6 Open Problems and Future Directions

Unified definitions and evaluation protocols. Existing work provides complementary but incompat-
ible formalisms of reward hacking, ranging from MDP-based definitions to correlation-based and empirical
scaling perspectives. A unified evaluation framework applicable across RLHF, direct preference optimization,
and inference-time selection remains an open problem.
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Detection of overoptimization. Several studies propose internal signals for detecting reward hacking,
including latent-space structure and energy-based measures. However, robust and general detection methods
that transfer across models, tasks, and training regimes remain underdeveloped.

Scaling behavior of mitigation strategies. While larger reward models and conservative optimization
both reduce overoptimization to some extent, their scaling behavior is not fully understood. In particular,
whether mitigation techniques remain effective as model and dataset scales increase is still unclear.

Out-of-distribution generalization for reward models. RRM and GAS-DRO highlight the impor-
tance of improving reward model robustness beyond the training preference distribution (Liu et al., 2025;
Wen & Yang, 2026). A key future direction is to develop reward models that generalize across distribution
shifts introduced by evolving policies, diverse response styles, and previously unseen optimization behaviors.
Robust reward models should capture stable human-aligned signals that transfer to novel settings and remain
reliable against emerging reward-hacking strategies.

Evaluation Beyond Preference Accuracy. Future work should develop evaluation protocols that ex-
plicitly measure a reward model’s robustness to optimization rather than relying solely on static preference
prediction benchmarks. Since reward models are ultimately optimized by downstream algorithms such as
RLHF and best-of-n sampling, evaluation should account for the extent to which optimization induces re-
ward overoptimization. Incorporating optimization-aware metrics into reward-model assessment could help
identify reward models that remain reliable under increasing optimization pressure and reduce the risk of
reward hacking in aligned language models (Kim et al., 2025).

7 Conclusion

This survey reviewed recent work on reward hacking in large language model alignment, spanning theo-
retical characterizations, empirical analyses, and mitigation strategies. Across these settings, a consistent
pattern emerges: optimization of imperfect proxy objectives can lead to systematic divergence between proxy
performance and true task quality.

Existing mitigation approaches can be broadly categorized into methods that improve reward model robust-
ness and methods that constrain optimization dynamics. Although both categories reduce specific failure
modes, neither fully resolves reward hacking under strong optimization regimes. The reviewed literature
therefore suggests that robust alignment requires a combination of improved proxy design and conservative
optimization procedures.
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