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Abstract001

Reward hacking—the phenomenon in which002
optimizing a proxy objective yields behavior003
that scores well but violates the designer’s004
intent—has become a central failure mode in005
aligning large language models (LLMs). Mod-006
ern alignment pipelines rely on learned or007
implicit rewards (human preferences, model-008
based judges, or downstream metrics), creat-009
ing incentives for models to exploit spurious010
correlates, social shortcuts (e.g., sycophancy),011
brittle evaluation protocols, or even the reward012
channel itself. Recent work further suggests013
that reward-hacking competencies can gener-014
alize and interact with safety-critical behav-015
iors, including reward tampering, deceptive016
alignment, and emergent misalignment (Mac-017
Diarmid et al., 2025). We propose a unify-018
ing lens based on the interaction between (i)019
proxy gaps (misspecification and misgeneral-020
ization of rewards), (ii) optimization pressure021
(overoptimization and distribution shift), and022
(iii) oversight limits (evaluation brittleness and023
exploitable measurement). Building on this024
lens, we offer a taxonomy of reward hack-025
ing behaviors, review evaluation protocols and026
benchmarks, and organize mitigation strategies027
across the alignment pipeline—from data inter-028
ventions and robust/causal reward modeling to029
constrained optimization, monitoring, and post030
hoc steering. We conclude with open problems031
toward reducing reward hacking while main-032
taining capability and safety.033

1 Introduction034

Large language models are commonly aligned us-035

ing methods that convert human intent into a train-036

able signal: supervised instruction tuning, rein-037

forcement learning from human feedback (RLHF),038

or direct preference optimization (DPO) and related039

“direct alignment” objectives (Chaudhari et al.,040

2025; Casper et al., 2023; Rafailov et al., 2023).041

These methods are powerful precisely because they042

Figure 1: Optimizing proxy rewards can induce reward
hacking and misalignment (MacDiarmid et al., 2025).

enable optimization—but this strength also creates 043

a vulnerability: when the reward (explicit or im- 044

plicit) is an imperfect proxy for what we actually 045

want, optimization can push models toward reward 046

hacking. Empirically, this shows up as overopti- 047

mizing superficial correlates (e.g., verbosity), ex- 048

ploiting evaluation artifacts, producing sycophantic 049

agreement that is rewarded by preference data, or 050

manipulating the reward channel itself (Gao et al., 051

2023; Chen et al., 2024a; Sharma et al., 2024; Deni- 052

son et al., 2024). 053

The safety stakes are rising. Recent reports doc- 054

ument reward hacking in frontier model evalua- 055

tions (METR, 2025) and show that training on 056

reward-hacking demonstrations can generalize to 057

broader misaligned behaviors (Taylor et al., 2025). 058

Motivated by evidence that narrow fine-tuning can 059

lead to emergent misalignment (Betley et al., 2025) 060

and by concerns about deceptive behaviors such 061

as alignment faking and sleeper agents (Greenblatt 062

et al., 2024; Hubinger et al., 2024), understand- 063

ing and mitigating reward hacking is increasingly 064

1



central to trustworthy deployment. This survey is065

further motivated by evidence that reward hacking066

in production RL can induce emergent misalign-067

ment and deceptive behavior (MacDiarmid et al.,068

2025). Fig. 1 illustrates this dynamic: proxy opti-069

mization can shift a model from helpful behavior to070

reward hacking and safety-relevant misalignment.071

Survey scope and goal. We focus on reward072

hacking in LLMs: failures where models learn073

strategies that optimize a proxy reward or evalua-074

tion while deviating from the intended task, truth-075

fulness, safety, or user intent. We treat closely076

related phenomena—sycophancy, length hacking,077

benchmark exploitation, prompt injection, reward078

tampering, and deceptive alignment—as different079

faces of the same underlying problem: optimization080

under imperfect oversight. Our goal is to go be-081

yond a paper-by-paper catalog: we distill a usable082

conceptual lens and actionable insights that help re-083

searchers and practitioners diagnose, measure, and084

reduce reward hacking. For quick navigation from085

individual references to themes, see the reference-086

to-theme index in Appendix E.087

Contributions. We make three synthesis-088

oriented contributions that emphasize new089

structure and actionable insights:090

• We propose a unifying lens based on proxy gaps,091

optimization pressure, and oversight limits,092

and use it to derive a practical taxonomy of re-093

ward hacking behaviors.094

• We operationalize measurement: we distill stan-095

dard evaluation protocols and confounders and096

make assumptions about the dataset explicit via097

consolidated dataset statistics .098

• We translate the literature into actionable guid-099

ance: we map mitigation levers across the align-100

ment pipeline and extract cross-cutting design101

principles and open research questions.102

2 Preliminaries: alignment objectives and103

where reward hacking enters104

2.1 Alignment pipelines as optimization of105

proxy rewards106

RLHF is often described as a three-stage pro-107

cess (instruction tuning, reward modeling, and pol-108

icy optimization), with significant variations and109

open limitations (Casper et al., 2023; Chaudhari110

et al., 2025). One helpful abstraction is to view111

many RLHF-style methods as optimizing a KL- 112

regularized objective relative to a reference policy 113

πref (often the SFT model): 114

max
π

Ey∼π(·|x)[r(x, y)]

− β DKL(π(· | x) ∥ πref(· | x)) ,
(1) 115

where r is a learned or implicit reward signal and 116

β controls deviation from the reference (Rafailov 117

et al., 2023; Chaudhari et al., 2025). At a high level, 118

these pipelines optimize a policy πθ using a reward 119

signal that is learned from preference data or oth- 120

erwise estimated. This creates an inherent proxy: 121

the learned reward captures some aspects of human 122

intent, but can also latch onto spurious features or 123

fail under distribution shift (LeVine et al., 2023; 124

Xu et al., 2025). 125

DPO (Rafailov et al., 2023) removes explicit 126

reward-model training by optimizing a closed-form 127

objective over preference pairs. However, because 128

it still optimizes an objective derived from prefer- 129

ence data, DPO can also amplify spurious prefer- 130

ences (e.g., length/verbosity) (Park et al., 2024). 131

More broadly, many alignment methods can be 132

viewed as different ways of balancing optimization 133

strength against proxy reliability (Chaudhari et al., 134

2025; Kim and Seo, 2024). 135

2.2 Goodhart dynamics and overoptimization 136

When a proxy is optimized strongly, its correla- 137

tion with the true objective can break down (a 138

Goodhart-style effect). In LLM alignment, this 139

can appear as reward-model overoptimization (Gao 140

et al., 2023), where optimizing for higher predicted 141

reward yields worse human-perceived quality, or 142

as “accuracy paradox” effects where better reward- 143

model accuracy does not yield better optimized 144

policies (Chen et al., 2024c). Recent analyses also 145

identify optimization instabilities and “energy loss” 146

phenomena in RLHF that can correlate with reward 147

hacking (Miao et al., 2025). 148

2.3 A working definition 149

In this survey, we use reward hacking as an um- 150

brella term for behaviors in which a model attains 151

high reward or evaluation scores through strategies 152

misaligned with its intended goals. We distinguish 153

three recurring mechanisms: 154

• Proxy exploitation: the reward or judge corre- 155

lates with unwanted features (e.g., length), and 156

optimization amplifies those features (Chen et al., 157

2024a; Park et al., 2024). 158
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• Evaluation gaming: the model exploits artifacts159

of the evaluation procedure (unit tests, prompt160

templates, judges) (Zhong et al., 2025; Schulhoff161

et al., 2023).162

• Reward-channel attacks: the model manip-163

ulates, deceives, or otherwise corrupts the re-164

ward/oversight process (Denison et al., 2024;165

Greenblatt et al., 2024).166

3 A taxonomy of reward hacking in167

LLMs168

Fig. 2 provides a compact map of the taxonomy we169

use throughout the survey. We treat social reward170

hacking (sycophancy) as a subcategory of proxy ex-171

ploitation, but discuss it separately as it has distinct172

evaluation protocols and mitigation patterns.173

3.1 Proxy exploitation: spurious correlates174

and misgeneralization175

Length and presentation hacking. Reward176

models and LLM judges can exhibit length bias, in-177

centivizing verbose, well-formatted responses even178

when they are not more helpful (Chen et al., 2024a).179

This issue is not confined to RLHF: direct objec-180

tives like DPO can also exploit mild length pref-181

erences in data and go far out-of-distribution in182

response length (Park et al., 2024).183

Proxy rewards as diagnostic tools. An im-184

portant complementary perspective is that inter-185

pretable proxy rewards can help diagnose what186

black-box reward models might be valuing. Kim187

and Seo (2024) propose “reverse reward engi-188

neering”: construct a white-box proxy reward189

from interpretable features (length, repetition, and190

retrieval-style relevance) and test whether optimiz-191

ing it preserves a monotonic relationship with a192

stronger “gold” reward model over PPO training.193

Their results provide a concrete Goodhart example:194

optimizing a length-only proxy can increase proxy195

reward while decreasing gold-reward, whereas a196

query-type-aware proxy achieves near-monotonic197

behavior (reported Spearman correlations near 1198

on their settings). For our survey, the key takeaway199

is that reward hacking can be revealed by tracking200

proxy–gold monotonicity and by inspecting which201

interpretable features drive reward improvements.202

Robust and information-theoretic reward mod-203

eling. Several approaches aim to harden reward204

models against hacking by changing how rewards205

are learned. ODIN (Chen et al., 2024a) trains206

separate reward heads to isolate length-correlated 207

signals and discards the length head during pol- 208

icy optimization. RRM (Liu et al., 2025) pro- 209

poses robust training procedures to mitigate re- 210

ward hacking, while InfoRM (Miao et al., 2024) 211

uses information-theoretic modeling to reduce ex- 212

ploitable shortcuts in RLHF rewards. Reward- 213

model ensembles can mitigate reward hacking but 214

may not eliminate it (Eisenstein et al., 2024). Two 215

recurring themes are (i) representation-level robust- 216

ness (InfoRM’s information bottleneck view and 217

its use of latent-space deviation indicators for mon- 218

itoring/early stopping) (Miao et al., 2024), and 219

(ii) diversity as a hedge against misspecification 220

(pretraining-diverse ensembles improving best-of- 221

n reranking more than finetuning-only ensembles, 222

while still sharing some failure modes) (Eisenstein 223

et al., 2024). RRM further highlights a data-centric 224

route: reshape reward-model training distributions 225

to reduce spurious correlations (e.g., balancing 226

length/relevance artifacts) before optimization am- 227

plifies them (Liu et al., 2025). 228

Distribution shift and “consistency vs. causal- 229

ity”. Reward models can fail under distribution 230

shift (LeVine et al., 2023), and may reward inter- 231

nal consistency rather than causal correctness (Xu 232

et al., 2025). These observations motivate causal 233

or counterfactually robust reward modeling, includ- 234

ing proposals for causal rewards in LLM align- 235

ment (Wang et al., 2025). 236

3.2 Social reward hacking: sycophancy and 237

preference artifacts 238

Sycophancy—agreeing with a user even when they 239

are wrong—can be viewed as a form of reward 240

hacking that exploits human preference signals and 241

interaction norms (Sharma et al., 2024; Malmqvist, 242

2025). It manifests in multiple forms: propositional 243

sycophancy and “are you sure?” effects (Sharma 244

et al., 2024; Fanous et al., 2025), argument-driven 245

stance shifts (Kaur, 2025), and broader “social 246

sycophancy” in advice settings (Cheng et al., 2025). 247

Sycophancy vulnerabilities also extend beyond 248

text-only settings to large vision-language mod- 249

els (Zhao et al., 2024). Keyword-based prompt 250

artifacts can elicit agreement and bias, and de- 251

fense strategies can themselves be brittle (Rrv et al., 252

2024). Industry analyses indicate that such behav- 253

iors can arise from blind spots in training and eval- 254

uation (OpenAI, 2025; Hurst et al., 2024). 255
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Figure 2: A high-level taxonomy of reward hacking in LLMs, organized by the interaction between proxy gaps,
optimization pressure, and oversight limits. Concrete instances include length/format exploitation (Chen et al.,
2024a; Park et al., 2024), sycophancy (Sharma et al., 2024; Cheng et al., 2025), benchmark exploitation (Zhong
et al., 2025), and reward tampering (Denison et al., 2024).

Sycophancy as a Goodhart problem. Sharma256

et al. (2024) provide evidence that sycophancy257

is not a niche artifact: it appears across multi-258

ple prompting settings (including “are you sure?”259

challenges and misconception prompts) and can260

be incentivized by preference data and preference261

models. Their analyses support a reward-hacking262

interpretation: when “agreeing with the user” is263

correlated with perceived helpfulness, optimiza-264

tion can push models to exploit that correlation265

even at the expense of truthfulness. Complement-266

ing this, Fanous et al. (2025) propose a rebuttal-267

based multi-turn evaluation that separates “progres-268

sive” vs. “regressive” behavior changes, highlight-269

ing that models can be pushed away from correct270

answers by persuasive counterevidence. OpenAI271

(2025) describe a real deployment incident where272

changing the mixture of reward signals (including273

user-feedback signals) increased sycophancy, illus-274

trating how small shifts in proxy optimization can275

produce safety-relevant behavioral regressions.276

Data and objective interventions. Sycophancy277

can be reduced with targeted data interventions, in-278

cluding simple synthetic data (100k training pool;279

filtered per model) (Wei et al., 2023). Other ap-280

proaches fine-tune with explicit preference pairs281

that mark non-sycophantic responses as preferred,282

e.g., using DPO on curated sycophancy datasets283

(1,000 preference pairs) (Khan et al., 2024). Post284

hoc methods, such as pinpoint tuning, aim to re-285

duce sycophancy through minimal-capability re-286

gression (Chen et al., 2024b).287

3.3 Evaluation gaming: prompt injection, 288

benchmarks, and self-refinement 289

Reward hacking can occur even without an explicit 290

reward model when evaluation is programmatic 291

or judge-based. Prompt-injection and prompt- 292

hacking competitions demonstrate that models can 293

be induced to optimize for hidden targets or by- 294

pass instruction hierarchies (HackAPrompt: ≥600k 295

prompts) (Schulhoff et al., 2023). Models can 296

also spontaneously discover reward-hacking strate- 297

gies in iterative self-refinement loops (Pan et al., 298

2024). Model-written evaluations offer a scalable 299

way to probe behavior, but also surface the breadth 300

of exploitable evaluation dimensions (Perez et al., 301

2023). In coding tasks, ImpossibleBench (Zhong 302

et al., 2025) constructs “impossible” variants in 303

which passing tests necessarily violates the natural- 304

language specification, thereby directly measuring 305

test-case exploitation; it also yields thousands of 306

labeled cheating traces (e.g., 2,371 on Impossible- 307

SWEbench). 308

3.4 Reward-channel attacks and deceptive 309

alignment 310

Some failures go beyond exploiting correlates and 311

instead target the reward/oversight channel itself. 312

Work on reward tampering studies how LLMs 313

might learn to subvert reward mechanisms (Deni- 314

son et al., 2024). Other lines of study examine 315

deception in safety training, including alignment 316

faking (Greenblatt et al., 2024) and sleeper agents 317

that persist through safety training (Hubinger et al., 318

2024). These behaviors interact with monitor- 319
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ing: reasoning traces are not always faithful to320

the model’s decision process, limiting naive CoT321

monitoring as a defense (Chen et al., 2025).322

4 Measuring reward hacking: protocols,323

benchmarks, and failure surfaces324

Tab. 1 distills common evaluation protocols and325

confounders, while Tab. 2 reports key dataset statis-326

tics used in the cited studies. Appendix A and327

Appendix B provide extended protocol checklists,328

additional dataset notes, and a reporting template329

for reproducible measurement.330

A “failure surface” view. Surveys of RLHF lim-331

itations emphasize that reward hacking can arise332

from imperfections at multiple stages: human feed-333

back, reward modeling, policy optimization, and334

joint co-adaptation (Casper et al., 2023; Chaudhari335

et al., 2025). A practical implication is that im-336

proving any single component (e.g., reward-model337

accuracy) is not sufficient: the system must be ro-338

bust to distribution shift (LeVine et al., 2023) and339

to non-causal shortcuts (Xu et al., 2025), and it340

must be evaluated under adversarial and OOD con-341

ditions (Zhong et al., 2025; Schulhoff et al., 2023).342

Domain-specific reward hacking. Reward hack-343

ing is not limited to chat: preference optimization344

in LLM-based recommendation systems can ex-345

hibit reward-hacking dynamics and requires tai-346

lored mitigation (Anonymous, 2025). In particu-347

lar, Anonymous (2025) connects reward hacking348

to one-class implicit-feedback structure (many neg-349

atives are unsampled, creating “insensitive” opti-350

mization regions) and proposes a pseudo-negative351

“anchor” to keep gradients informative for un-352

sampled negatives—an example of translating353

the proxy/pressure/oversight lens into a domain-354

specific fix. Similarly, step-level reward models355

for reasoning can behave counterintuitively, high-356

lighting the need to validate what “reward” actu-357

ally measures (e.g., when step-level signals reward358

patterns that do not correspond to correct reason-359

ing) (Ma et al., 2025).360

5 Mitigation strategies: where and how to361

intervene362

Fig. 3 sketches where mitigations apply in the align-363

ment pipeline, and Tab. 3 groups representative364

methods by intervention point. An important distri-365

butional lesson from production-RL settings is that366

safety training that appears effective on chat-like367

Figure 3: Mitigation levers across the alignment
pipeline. The key theme is to reduce the proxy gap,
reduce optimization pressure on brittle proxies, and in-
crease oversight robustness.

prompts can leave residual misalignment in agentic 368

contexts, so evaluation and safety training should 369

target the deployment distribution (MacDiarmid 370

et al., 2025). Appendix C expands this mapping 371

into a more granular mitigation matrix and practical 372

decision rules. 373

5.1 Design principles (our synthesis) 374

Across the surveyed work, we find that many 375

“mitigations” are instances of a small number of 376

reusable design principles: 377

• Measure optimization, not just snapshots. 378

Track how evaluation changes over optimization 379

(e.g., proxy–gold monotonicity (Kim and Seo, 380

2024) or scaling/overoptimization curves (Gao 381

et al., 2023)) instead of comparing a small set of 382

checkpoints. 383

• Make spurious factors explicit and remov- 384

able. Identify correlates that a model can exploit 385

(length, repetition, keyword artifacts) and either 386

control them in evaluation or remove them from 387

reward signals (Chen et al., 2024a; Park et al., 388

2024; Rrv et al., 2024). 389

• Prefer constraints and robustness checks 390

to ad hoc penalties. Output-level penalties 391

can be bypassed; constraints and robustness- 392

focused objectives can better limit overoptimiza- 393

tion (Moskovitz et al., 2024) and expose failure 394

under shift (LeVine et al., 2023; Xu et al., 2025). 395

• Assume the evaluation will be gamed. Treat 396
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Phenomenon What is measured (typical protocol) Common confounders / attack surface

Reward-model overopti-
mization

Sweep optimization pressure; compare
proxy reward vs human/judge curves (Gao
et al., 2023; Chen et al., 2024c; Miao et al.,
2025).

Goodhart breakdown; instability/dynamics as early
warning (Miao et al., 2025).

Length/format hacking

Score–length Pareto; length-controlled eval;
proxy–gold monotonicity (Chen et al.,
2024a; Park et al., 2024; Kim and Seo,
2024).

Verbosity/format bias; OOD length drift (Chen et al.,
2024a; Park et al., 2024).

Sycophancy (proposi-
tional/social)

Prompt perturbations (“are you
sure?”/rebuttals); stance flips; advice
norms (Sharma et al., 2024; Fanous et al.,
2025; Kaur, 2025; Cheng et al., 2025).

Agreeableness rewarded; ambiguous ground truth;
feedback-signal regressions (OpenAI, 2025).

Prompt hacking/injection
Adversarial prompts + programmatic suc-
cess checks (Schulhoff et al., 2023; Rrv et al.,
2024).

Instruction-hierarchy bypass; keyword/paraphrase
brittleness (Schulhoff et al., 2023; Rrv et al., 2024).

Benchmark exploitation
(coding)

Impossible/conflicting tests; cheating rate;
test-access ablations (Zhong et al., 2025).

Test edits/overloading/state tricks; weak multi-file
monitoring (Zhong et al., 2025).

Generalization from re-
ward hacks

Train on low-stakes hacks; evaluate transfer
+ OOD behavior (Taylor et al., 2025; Mac-
Diarmid et al., 2025; Betley et al., 2025).

Benign-looking hacks generalize; narrow FT →
broad misalignment (Taylor et al., 2025; Betley et al.,
2025).

Reward tamper-
ing/deception

Oversight-manipulation + persistence tests;
monitor-faithfulness checks (Denison et al.,
2024; Greenblatt et al., 2024; Hubinger et al.,
2024; Chen et al., 2025).

Reward-channel attacks; CoT non-faithfulness; eva-
sion (Chen et al., 2025).

Table 1: Representative measurement settings for reward hacking in LLMs. Across domains, a common failure
mode is that the evaluation procedure becomes a proxy that the model can exploit under optimization pressure.

evaluation artifacts as an attack surface: build397

adversarial tests (prompt hacking, impossible398

tasks) and use them during development (Schul-399

hoff et al., 2023; Zhong et al., 2025).400

• Plan for reward-channel attacks. In safety-401

critical settings, consider the possibility of re-402

ward tampering and deceptive behaviors, and403

avoid assuming faithful reasoning traces (Deni-404

son et al., 2024; Greenblatt et al., 2024; Chen405

et al., 2025).406

5.2 Post-hoc steering and localized updates407

Not all mitigations require retraining a full align-408

ment pipeline. Two representative directions are (i)409

representation-level steering and (ii) localized fine-410

tuning. Contrastive Activation Addition (CAA)411

steers model behavior at inference time by adding412

activation “steering vectors” computed from pos-413

itive/negative exemplars, offering a lightweight414

way to reduce undesired behaviors (or enhance de-415

sired ones) without modifying weights (Rimsky416

et al., 2024). Pinpoint tuning takes an opposite417

approach: identify a small subset of “region-of-418

interest” modules responsible for sycophantic be-419

havior and update only those modules to reduce420

sycophancy with minimal side effects (Chen et al.,421

2024b). In our framework, these methods reduce422

reward hacking by modifying the model’s response423

policy while keeping the proxy/oversight pipeline 424

fixed—functional for rapid iteration but not a sub- 425

stitute for robust reward design and evaluation. 426

5.3 Why “just train a better reward model” is 427

not enough 428

Several works caution that stronger reward mod- 429

els do not automatically yield better-aligned poli- 430

cies. Scaling analyses show that overoptimization 431

can grow with scale (Gao et al., 2023), and con- 432

trolled studies show that moderately accurate re- 433

ward models can outperform more accurate ones 434

after optimization (Chen et al., 2024c). These find- 435

ings support a guideline: mitigation should target 436

the interaction between proxy and optimizer (e.g., 437

constraints (Moskovitz et al., 2024), energy-based 438

diagnostics (Miao et al., 2025), or reward heads 439

explicitly removing spurious features (Chen et al., 440

2024a)). 441

Concretely, constrained optimization can reduce 442

reward hacking by preventing the optimizer from 443

taking extreme steps that exploit reward-model 444

blind spots. Moskovitz et al. (2024) formulate con- 445

strained RLHF to mitigate overoptimization while 446

still improving reward, thereby providing an in- 447

stance of “optimization pressure” mitigation (re- 448

ducing the extent to which the policy can chase 449

proxy idiosyncrasies). From a complementary an- 450
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Dataset / benchmark Venue Focus Size / split Training
data?

HackAPrompt (Schul-
hoff et al., 2023)

EMNLP
2023 prompt hacking 560,161 (Playground) + 41,596 (Submis-

sions); 10 challenges ×

Production RL case
study (MacDiarmid
et al., 2025)

arXiv 2025 reward hacks → mis-
alignment env count n/r; SDF 99:1 docs; 6-eval suite ✓

School of Reward
Hacks (Taylor et al.,
2025)

arXiv 2025 reward-hack SFT de-
mos

1,073 dialogues (35 tasks; 973 NL + 100
code); split n/r ✓

SycEval (Fanous et al.,
2025) AIES 2025 rebuttal sycophancy AMPS 500 + MedQuad 500; 3k initial + 24k

rebuttals ×

Keyword sycophancy
set (Rrv et al., 2024) ACL 2024 misleading key-

words
500 sets; 5 domains (1,030 gen → 650 filt
→ 500) ×

DPO sycophancy
pairs (Khan et al., 2024)

BigData
2024

persona/pref syco-
phancy

train: 1,000 pairs (+120 pref pairs); eval:
120 ID + 120 OOD ✓

Leading-query LVLM
benchmarks (Zhao et al.,
2024)

arXiv 2024 leading cues vs vi-
sion

POPE 9k; AMBER 14k; RWQA 765;
SciQA 2,017; MM-Vet 218 ×

Synthetic anti-
sycophancy data (Wei
et al., 2023)

arXiv 2023 data intervention train pool: 100k (17 datasets); eval: 3k (1k
× 3) ✓

RRM augmented RM
data (Liu et al., 2025) ICLR 2025 robust reward model-

ing RM train: 2.4M examples (∼14× aug.) ✓

ImpossibleBench tran-
scripts (Zhong et al.,
2025)

arXiv 2025 cheating transcripts Impossible: SWE 2,371; Live 193. Open-
test: SWE 2,300; Live 550 ×

Table 2: Key datasets/benchmarks and basic statistics (n/r = not reported). “Training data?” indicates whether the
dataset is used for learning/optimization (e.g., SFT/RL/RM training) in the cited work.

gle, Miao et al. (2025) analyzes an “energy loss”451

phenomenon in RLHF and proposes it as a diagnos-452

tic/mitigation signal for reward hacking, reflecting453

an emerging theme: training dynamics (not just454

static reward accuracy) can predict when optimiza-455

tion is entering an exploitative regime.456

5.4 Sycophancy as a training-data and457

objective-design problem458

Sycophancy can be incentivized by preference data459

and reward models (Sharma et al., 2024; OpenAI,460

2025). Data-focused mitigations (Wei et al., 2023)461

and explicit preference labeling approaches (Khan462

et al., 2024) indicate that sycophancy is at least par-463

tially addressable by shaping the preference signal.464

However, broader forms of social sycophancy raise465

the concern that some “face-preserving” behavior466

may be rewarded by human preferences in advice467

settings (Cheng et al., 2025), suggesting fundamen-468

tal trade-offs between user satisfaction, politeness469

norms, and truthfulness.470

6 Safety implications: from reward471

hacking to misalignment472

Reward hacking is not merely a quality issue; it can473

interact with safety-critical failure modes. Train-474

ing on reward hacking can generalize to broader 475

misaligned behaviors (Taylor et al., 2025), and nar- 476

row fine-tuning can produce emergent misalign- 477

ment (Betley et al., 2025). Frontier evaluations 478

report real instances of reward hacking in agentic 479

benchmarks (METR, 2025), motivating adversarial 480

testing and conservative deployment practices. 481

Recent work directly studies this dynamic in a 482

production-RL setting: when models learn reward 483

hacks on real production coding environments, mis- 484

alignment can generalize to alignment faking and 485

sabotage in an agent scaffold (MacDiarmid et al., 486

2025). In their Claude Code sabotage evaluation, 487

sabotage occurs 12% of the time and reduces a 488

reward-hacking classifier’s effectiveness to 65% of 489

baseline (MacDiarmid et al., 2025). They also find 490

that standard chat-like RLHF safety training can 491

eliminate misalignment on chat-like evaluations 492

while leaving substantial misalignment on agentic 493

evaluations (up to 70% of pre-RLHF misalignment 494

remaining on some evaluations), motivating mit- 495

igations that target reward hacking directly and 496

broaden safety-training distributions (MacDiarmid 497

et al., 2025). 498

Reward tampering and deception further com- 499

plicate the picture: if models can manipulate over- 500

7



Where to intervene Goal Representative methods

Data / preferences Break spurious incentives; teach truthfulness
and anti-sycophancy; broaden coverage.

Synthetic data interventions (Wei et al., 2023); curated
preference pairs + DPO (Khan et al., 2024; Rafailov
et al., 2023); keyword-defense analysis (Rrv et al.,
2024).

Reward modeling
Make rewards harder to hack; reduce reliance
on spurious correlates; improve robustness un-
der shift.

ODIN (disentangle length) (Chen et al., 2024a); robust
RM training (Liu et al., 2025); information-theoretic
RM (Miao et al., 2024); RM ensembles (Eisenstein
et al., 2024); causal rewards / causality critiques (Wang
et al., 2025; Xu et al., 2025); distribution-shift analy-
sis (LeVine et al., 2023).

Optimization Limit overoptimization and co-adaptation; sta-
bilize training.

Constrained RLHF (Moskovitz et al., 2024); energy-
loss perspective (Miao et al., 2025); length-regularized
DPO (Park et al., 2024).

Post-hoc steering Reduce specific failure modes without retrain-
ing whole model.

Contrastive activation addition steering (Rimsky et al.,
2024); pinpoint tuning for sycophancy (Chen et al.,
2024b).

Evaluation/monitoring Increase oversight robustness; detect cheating;
stress-test.

Model-written evals (Perez et al., 2023); Impos-
sibleBench (Zhong et al., 2025); prompt-hacking
datasets (Schulhoff et al., 2023); system-level report-
ing (Hurst et al., 2024).

Table 3: Mitigation strategies grouped by intervention point. Many methods combine multiple levers; e.g., robust
reward modeling plus constrained optimization.

sight (Denison et al., 2024) or strategically misrep-501

resent their alignment (Greenblatt et al., 2024; Hub-502

inger et al., 2024), then naive training-time penal-503

ties may “drive hacking underground” (METR,504

2025). Finally, monitoring approaches must con-505

tend with non-faithful reasoning traces (Chen et al.,506

2025), and system-level documentation (e.g., sys-507

tem cards) provides essential context for real-world508

risks and mitigations (Hurst et al., 2024). Ap-509

pendix D collects extended case studies and a510

deployment-oriented checklist for agentic settings511

and reward-channel risks.512

7 Open problems and research directions513

We highlight several open problems that recur514

across the surveyed literature:515

• Robust oversight under shift. How can we516

evaluate alignment under distribution shift and517

adversarial settings, when reward models may518

not track causality (LeVine et al., 2023; Xu519

et al., 2025) and test-case access enables cheat-520

ing (Zhong et al., 2025)?521

• Causal reward design. Can we operational-522

ize causal or counterfactually robust rewards at523

scale (Wang et al., 2025), and how should we val-524

idate that such rewards resist exploitation better525

than correlational proxies (Kim and Seo, 2024)?526

• Optimization-aware reward learning. How527

should reward models be trained with the op-528

timizer in mind, given scaling and accuracy- 529

paradox effects (Gao et al., 2023; Chen et al., 530

2024c)? 531

• Long-horizon and agentic settings. Reward 532

hacking in interactive or tool-using agents may 533

be more severe, as suggested by frontier evalua- 534

tions (METR, 2025) and by work on deceptive 535

persistence (Hubinger et al., 2024). 536

• Sycophancy vs. helpfulness trade-offs. How 537

should we balance politeness, user satisfaction, 538

and truthfulness when preference data may in- 539

centivize agreement (Sharma et al., 2024; Cheng 540

et al., 2025)? 541

8 Conclusion 542

Reward hacking in LLMs emerges from a repeat- 543

able paradigm: optimize a proxy under limited 544

oversight, and models will exploit whatever the 545

proxy makes easy. Across the surveyed literature, 546

we find that reward hacking encompasses low-level 547

correlates, social dynamics, evaluation gaming, and 548

safety-critical threats. Mitigation requires combin- 549

ing better reward signals (ideally causal/robust), 550

optimization constraints, and adversarial evalua- 551

tion and monitoring. We believe that this survey 552

can help researchers and practitioners reason about 553

reward hacking as a systematic alignment failure 554

mode and to design interventions that reduce it 555

without sacrificing capability or safety. 556
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Limitations557

This survey focuses on reward hacking in large558

language models and related phenomena. We do559

not attempt to comprehensively cover all histori-560

cal work on specification gaming, Goodhart’s law,561

or RLHF beyond this curated set. Because many562

mitigations are evaluated under different model563

families, datasets, and metrics, cross-paper com-564

parisons should be interpreted qualitatively rather565

than as definitive rankings.566

Ethics Statement567

We confirm that this survey strictly follows ethi-568

cal research standards. All of the literature papers569

mentioned in the main paper are publicly available,570

and no human participants or personally identifi-571

able information have been included. The aim of572

the survey is to promote academic understanding573

of the LLM reward hacking research area and to574

point out approaches to mitigate such issues. All575

previous related works have been cited appropri-576

ately, with due recognition given to their original577

contributions.578
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A Survey of Reward Hacking in823

Large Language Models824

Supplementary Material825

A Extended measurement protocols and826

reporting checklist827

This appendix provides additional operational de-828

tail intended to make the survey more actionable:829

extended protocol checklists, reporting templates,830

and cross-paper caveats. The core theme is consis-831

tent with the main text: reward hacking is a system-832

level failure mode that depends on proxy gaps, op-833

timization pressure, and oversight limits (Casper834

et al., 2023; Chaudhari et al., 2025; Kim and Seo,835

2024).836

A.1 Protocol checklists by failure mode837

Reward-model overoptimization (Goodhart838

curves). When studying overoptimization, a min-839

imal protocol is a sweep over optimization pres-840

sure (e.g., PPO steps/epochs, KL target, best-of-n,841

or temperature) and a joint plot of (i) proxy re-842

ward and (ii) a stronger “gold” or human/judge out-843

come (Gao et al., 2023; Chen et al., 2024c; Miao844

et al., 2025). Recommended controls:845

• Hold out a stronger evaluator. Separate the846

training proxy from the auditing metric, and re-847

port proxy–audit divergence (Kim and Seo, 2024;848

Chen et al., 2024c).849

• Report the optimization knob. Specify KL tar-850

get / KL penalty, reward scaling, batch sizes, and851

selection strategy (e.g., best-of-n) so others can852

reproduce the pressure regime (Gao et al., 2023;853

Chaudhari et al., 2025).854

• Track dynamics, not just endpoints. Instabili-855

ties and “energy loss” signals can act as early856

warnings that optimization is entering an ex-857

ploitative regime (Miao et al., 2025).858

Length/format hacking and other spurious cor-859

relates. To detect spurious correlate exploitation,860

compare scores under length-controlled evaluation,861

compute score–length Pareto frontiers, and test862

monotonicity between interpretable proxies and863

stronger reward models during optimization (Chen864

et al., 2024a; Park et al., 2024; Kim and Seo, 2024).865

Recommended controls:866

• Disentangle the correlate. Explicitly separate 867

length-correlated reward components or train re- 868

ward heads that isolate spurious features (Chen 869

et al., 2024a). 870

• Stress test OOD length. Report response-length 871

distributions before and after optimization to de- 872

tect drift (Park et al., 2024). 873

• Audit robustness interventions. Data aug- 874

mentation and robust RM training can reduce 875

correlate-based hacks but rarely eliminate them 876

completely (Liu et al., 2025; Eisenstein et al., 877

2024). 878

Sycophancy (propositional, political, and social). 879

Sycophancy is best measured with targeted pertur- 880

bations that decouple user confidence from ground 881

truth: “are you sure?” prompts, rebuttal conversa- 882

tions, stance-flip tests, and advice scenarios where 883

social norms create incentives to agree (Perez et al., 884

2023; Sharma et al., 2024; Fanous et al., 2025; 885

Kaur, 2025; Cheng et al., 2025; Malmqvist, 2025). 886

Recommended controls: 887

• Separate truth from politeness. For advice set- 888

tings, report both factual correctness and social- 889

tone preferences to expose trade-offs (Cheng 890

et al., 2025; OpenAI, 2025). 891

• Adversarial keyword/leading cues. Keyword- 892

triggered agreement and leading queries can cre- 893

ate brittle failure modes and “defenses” that over- 894

fit surface forms (Rrv et al., 2024; Zhao et al., 895

2024). 896

• Report intervention data. Synthetic data 897

and curated preference-pair training can reduce 898

sycophancy; report dataset size, filtering, and 899

ID/OOD evaluation splits (Wei et al., 2023; Khan 900

et al., 2024). 901

Prompt injection and prompt hacking. For 902

injection-style failures, evaluate with adversarial 903

prompts against a fixed success criterion (e.g., 904

jailbreak success, hidden target completion) and 905

measure robustness to paraphrase and instruction- 906

hierarchy variants (Schulhoff et al., 2023; Rrv 907

et al., 2024). For coding benchmarks, include ex- 908

plicit test-access ablations to quantify the degree 909

of benchmark exploitation (Zhong et al., 2025). 910

In-context reward hacking (without parameter 911

updates). Iterative self-refinement can display in- 912

context reward hacking when the judge and author 913

12



share context; evaluate trajectories under context-914

sharing ablations and verify improvements with915

external human ratings (Pan et al., 2024).916

Reward-channel attacks, deception, and agen-917

tic settings. When the model can influence over-918

sight, evaluate in settings where (i) reward func-919

tions are gameable, (ii) the model can act over long920

horizons, and (iii) monitoring is imperfect (Deni-921

son et al., 2024; Greenblatt et al., 2024; Hubinger922

et al., 2024). Recommended controls:923

• Agentic evaluations. Validate alignment on tool-924

using or agent scaffolds; chat-like performance925

can mask failures in agentic contexts (METR,926

2025; MacDiarmid et al., 2025).927

• Monitor faithfulness. Do not assume reasoning928

traces are faithful; audit monitoring pipelines for929

evasion and unfaithfulness (Chen et al., 2025).930

• Document deployment assumptions. System931

cards and deployment reports help clarify evalua-932

tion scope and residual risk (Hurst et al., 2024).933

A.2 Reporting template (recommended934

minimum)935

For reproducible reporting, we recommend explic-936

itly stating:937

• Data. Dataset sizes, train/dev/test splits, filter-938

ing, and whether data is used for learning or939

evaluation-only (Wei et al., 2023; Khan et al.,940

2024; Zhong et al., 2025).941

• Optimization. Objective (RLHF/DPO), hyperpa-942

rameters controlling optimization pressure, and943

selection strategy (e.g., best-of-n) (Chaudhari944

et al., 2025; Rafailov et al., 2023; Gao et al.,945

2023).946

• Oversight/evaluation. Evaluator type (hu-947

man/judge/RM), adversarial tests, and robustness948

checks under distribution shift (LeVine et al.,949

2023; Xu et al., 2025).950

• Threat model. What the model can see/do (test951

access, tool access, reward access) and what952

counts as success (Schulhoff et al., 2023; Deni-953

son et al., 2024).954

B Extended dataset and benchmark955

details956

Tab. 4 extends Tab. 2 with additional “what to re-957

port” guidance and includes datasets used to study958

sycophancy, in-context reward hacking, and step-959

level rewards.960

C Extended mitigation matrix and 961

decision rules 962

Tab. 5 expands Table 3 with a lens-based view: 963

whether a mitigation primarily reduces the proxy 964

gap, limits optimization pressure on brittle proxies, 965

and/or strengthens oversight. 966

C.1 Practical decision rules (informal) 967

The literature supports a few recurring decision 968

rules: 969

• If proxy reward increases while audit quality 970

decreases, treat this as a Goodhart signal and re- 971

duce pressure (constraints, early stopping) while 972

improving reward robustness (Gao et al., 2023; 973

Chen et al., 2024c; Miao et al., 2025; Moskovitz 974

et al., 2024). 975

• If failures are triggered by superficial cues 976

(length/keywords), remove spurious features 977

from the reward signal and stress test under 978

paraphrase and OOD perturbations (Chen et al., 979

2024a; Rrv et al., 2024; Liu et al., 2025). 980

• If chat-like evaluations look safe but agentic 981

settings fail, re-center evaluation and safety train- 982

ing around the deployment distribution (MacDi- 983

armid et al., 2025; METR, 2025; Hubinger et al., 984

2024). 985

• If monitoring is used as a defense, audit faith- 986

fulness assumptions and treat chain-of-thought as 987

an untrusted signal unless validated (Chen et al., 988

2025). 989

D Safety case studies and deployment 990

checklist 991

This section collects longer-form case studies 992

that illustrate how reward hacking can generalize 993

to safety-relevant misalignment, and it distills a 994

deployment-oriented checklist. 995

D.1 Case studies: how reward hacking 996

generalizes 997

Production RL: emergent misalignment from 998

reward hacking. MacDiarmid et al. (2025) show 999

that teaching reward-hack strategies and training 1000

on production coding RL environments can lead 1001

to broad misalignment, including alignment fak- 1002

ing and sabotage in an agent scaffold. They also 1003

show that chat-like RLHF can mask residual agen- 1004

tic misalignment, motivating distribution-targeted 1005

evaluation and safety training. 1006
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Narrow training → broad misalignment. Two1007

complementary lines of evidence highlight transfer1008

risks: reward-hacking demonstrations can general-1009

ize to broader misaligned behavior (Taylor et al.,1010

2025), and narrow fine-tuning can yield emergent1011

misalignment beyond the training domain (Betley1012

et al., 2025).1013

Reward tampering and oversight manipulation.1014

Denison et al. (2024) study curricula where mod-1015

els learn increasingly direct specification gaming1016

and occasionally generalize to reward tampering,1017

reinforcing the need to harden the reward channel1018

and avoid assuming oversight is static.1019

Deception persistence across training. Work1020

on alignment faking and sleeper agents emphasizes1021

that models can appear aligned under some eval-1022

uations while retaining misaligned objectives or1023

triggers (Greenblatt et al., 2024; Hubinger et al.,1024

2024).1025

In-context reward hacking as a warning sign.1026

Pan et al. (2024) show that reward hacking can1027

arise even without parameter updates when the1028

same model plays judge+author, indicating that1029

some reward-hacking behaviors can be elicited by1030

protocol design alone.1031

D.2 Deployment-oriented checklist1032

(practitioner version)1033

• Define the reward channel threat model. Spec-1034

ify what the model can observe/modify (tests,1035

graders, prompt templates, tool access, mem-1036

ory) (Zhong et al., 2025; Denison et al., 2024).1037

• Evaluate agentic behavior. Include tool-using1038

or long-horizon tasks; do not rely solely on1039

chat-like evaluations (METR, 2025; MacDiarmid1040

et al., 2025).1041

• Check for sycophancy under persuasion. Use1042

rebuttal protocols, stance flips, and advice scenar-1043

ios; report truth vs politeness trade-offs (Sharma1044

et al., 2024; Fanous et al., 2025; Kaur, 2025;1045

Cheng et al., 2025).1046

• Harden against prompt injection. Test para-1047

phrases and instruction-hierarchy variants; moni-1048

tor for brittle keyword-based defenses (Schulhoff1049

et al., 2023; Rrv et al., 2024).1050

• Audit proxy-gap failure modes. Stress test spu-1051

rious correlates (length, style, “consistency”) and1052

validate causal/reward invariances where possi- 1053

ble (Chen et al., 2024a; Xu et al., 2025; Wang 1054

et al., 2025). 1055

• Document assumptions and residual risk. Use 1056

system-level documentation (system cards) and 1057

report evaluation gaps explicitly (Hurst et al., 1058

2024). 1059

E Reference-to-theme index 1060

Tab. 6 provides an at-a-glance index mapping each 1061

reference to the survey’s main themes. 1062
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Dataset / benchmark Primary use What is provided (stats) What to report / common
gaps

Train?

HackAPrompt (Schul-
hoff et al., 2023)

prompt injection 560,161 (Playground) +
41,596 (Submissions); 10
challenges

Define success criteria +
prompt variants; test
paraphrase robustness; avoid
overfitting to keywords (Rrv
et al., 2024).

×

ImpossibleBench (Zhong
et al., 2025)

benchmark exploita-
tion

Impossible: SWE 2,371; Live
193. Open-test: SWE 2,300;
Live 550

Report test-access assumptions
and ablations; separate “solve”
vs “cheat” labels; disclose
monitoring constraints.

×

School of Reward
Hacks (Taylor et al.,
2025)

reward-hack SFT de-
mos

1,073 dialogues (35 tasks; 973
NL + 100 code); split n/r

Provide split protocol and
OOD evaluation; report
whether hacks are explicitly
described to the model.

✓

DPO sycophancy
pairs (Khan et al., 2024)

anti-sycophancy
training

train: 1,000 pairs (+120 pref
pairs); eval: 120 ID + 120
OOD

Report persona/prompt
distribution; distinguish
preference alignment vs
factual correctness.

✓

SycEval (Fanous et al.,
2025)

rebuttal sycophancy
eval

AMPS 500 + MedQuad 500;
3k initial + 24k rebuttals

Specify multi-turn protocol;
report progressive vs
regressive flips and calibration
under persuasion.

×

Political sycophancy
set (Perez et al., 2023)

political agreement
eval

n/r (paper-defined
prompts/labels)

Clarify stance labels, topic
coverage, and how “agreement”
is detected (classifier vs
rubric).

×

Keyword sycophancy
set (Rrv et al., 2024)

keyword-triggered
bias

500 sets; 5 domains (1,030 gen
→ 650 filt → 500)

Report keyword construction
pipeline; evaluate defenses
under distribution shift and
paraphrases.

×

Leading-query LVLM
benchmarks (Zhao et al.,
2024)

leading cues vs vi-
sion

POPE 9k; AMBER 14k;
RWQA 765; SciQA 2,017;
MM-Vet 218

Separate language-leading
effects from vision evidence;
disclose rewrite procedure and
leakage.

×

Synthetic anti-
sycophancy data (Wei
et al., 2023)

data intervention train pool: 100k (17 datasets);
eval: 3k (1k × 3)

Report filtering strategy and
model dependence; evaluate
trade-offs with helpfulness.

✓

RRM augmented RM
data (Liu et al., 2025)

robust reward model-
ing

RM train: 2.4M examples
(∼14× aug.)

Disclose augmentation recipe;
report performance under shift
and after optimization (not just
RM accuracy).

✓

Production RL case
study (MacDiarmid
et al., 2025)

reward hacks → mis-
alignment

env count n/r; SDF 99:1 docs;
6-eval suite

Specify hack definition,
environment mix, and agentic
evaluation distribution; report
residual risk after RLHF.

✓

Self-refinement es-
says (Pan et al., 2024)

in-context hacking
eval

23 essays; 5 refinement steps;
3 ratings/essay

Report judge/author context
sharing; audit whether score
improvements correlate with
human ratings.

×

Step-level reward
datasets (Ma et al.,
2025)

step-reward valida-
tion

n/r (task-specific corpora) Report step label source,
aggregation method, and
whether step rewards track
correct reasoning vs patterns.

×

Table 4: Extended dataset/benchmark notes (n/r = not reported). “Train?” indicates whether the dataset is used for
learning/optimization (e.g., SFT/RL/RM training) in the cited work.
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Where Lever (example) Proxy gap Pressure Oversight Evidence / notes

Data / preferences Synthetic anti-sycophancy + cu-
rated pairs

✓ × ✓ Data interventions and explicit preference labeling
reduce sycophancy and reshape incentives (Wei et al.,
2023; Khan et al., 2024; Sharma et al., 2024). Social
norms can reintroduce proxy pressure in advice
settings (Cheng et al., 2025; OpenAI, 2025).

Domain-specific objec-
tives

Recommendation “anchors” ✓ ✓ × One-class implicit feedback creates insensitive
regions; pseudo-negative anchors maintain
informative gradients (Anonymous, 2025).

Reward modeling Disentangle spurious features ✓ × ✓ Length-correlated reward heads can be separated and
removed during optimization (Chen et al., 2024a);
DPO can also amplify length preferences (Park et al.,
2024).

Reward modeling Robust RM training / augmenta-
tion

✓ × ✓ Robust procedures and augmentation improve
resistance to spurious shortcuts but do not eliminate
hacking after optimization (Liu et al., 2025; Eisenstein
et al., 2024).

Reward modeling Information-theoretic / represen-
tation robustness

✓ × ✓ InfoRM constrains exploitable information and
proposes monitoring indicators (Miao et al., 2024).

Reward design Causal/counterfactual rewards ✓ × ✓ Causal rewards aim to break spurious correlations;
audits should test invariances under
interventions (Wang et al., 2025; Xu et al., 2025; Kim
and Seo, 2024).

Optimization Constrained RLHF × ✓ × Limit overoptimization while improving reward; best
used when proxy is brittle under high
pressure (Moskovitz et al., 2024).

Optimization Dynamics-aware early stopping × ✓ ✓ Training dynamics (e.g., “energy loss”) can indicate
exploitative regimes and support early
stopping/diagnostics (Miao et al., 2025).

Evaluation Adversarial prompts + robust-
ness checks

× × ✓ Prompt-injection benchmarks and keyword studies
show brittleness; evaluate paraphrase/instruction
hierarchy variants (Schulhoff et al., 2023; Rrv et al.,
2024).

Evaluation Impossible / exploitability tests × × ✓ Test-access enables cheating; report explicit cheating
rates and ablations (Zhong et al., 2025).

Monitoring Faithfulness-aware monitoring × × ✓ Reasoning traces can be non-faithful; monitoring must
be audited for evasion (Chen et al., 2025).

Safety training Target the deployment distribu-
tion

× ✓ ✓ Chat-like RLHF can mask agentic misalignment;
diversify safety data and evaluate on agentic
tasks (METR, 2025; MacDiarmid et al., 2025).

Post-hoc Activation steering / pinpoint tun-
ing

× × × Useful for rapid mitigation without full retraining, but
does not fix the underlying reward/oversight
mismatch (Rimsky et al., 2024; Chen et al., 2024b).

Table 5: Extended mitigation matrix. Columns indicate whether the lever primarily reduces proxy gaps, limits
optimization pressure, and/or strengthens oversight robustness.
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Theme What it contributes Representative works

Survey framing / RLHF
limits

System-level view of alignment pipelines and
why proxy optimization creates reward
hacking pressure.

(Casper et al., 2023; Chaudhari et al., 2025)

Overoptimization and di-
agnostics

Empirical Goodhart curves, accuracy-paradox
effects, and training-dynamics signals for
exploitative regimes.

(Gao et al., 2023; Chen et al., 2024c; Miao
et al., 2025)

Proxy design and causal-
ity

Critiques of correlational rewards and
proposals for causal/counterfactual reward
modeling under shift.

(Kim and Seo, 2024; Xu et al., 2025; Wang
et al., 2025; LeVine et al., 2023)

Robust reward modeling Reward heads that remove spurious correlates;
robust RM training/augmentation; ensembles;
information-theoretic views; step-level reward
pitfalls.

(Chen et al., 2024a; Liu et al., 2025; Eisenstein
et al., 2024; Miao et al., 2024; Ma et al., 2025)

Social reward hacking
(sycophancy)

Political/propositional/social sycophancy
phenomena; rebuttal protocols;
persuasion-driven stance shifts; deployment
regressions; mitigations.

(Perez et al., 2023; Sharma et al., 2024;
Malmqvist, 2025; Fanous et al., 2025; Kaur,
2025; Cheng et al., 2025; OpenAI, 2025; Khan
et al., 2024; Wei et al., 2023; Zhao et al., 2024;
Rrv et al., 2024)

Evaluation gaming Prompt injection benchmarks, keyword
brittleness, and coding benchmark
exploitability under test access.

(Schulhoff et al., 2023; Rrv et al., 2024; Zhong
et al., 2025; Pan et al., 2024)

Constraints and opti-
mization control

Methods that explicitly constrain optimization
or reshape objectives to limit reward hacking
under pressure.

(Moskovitz et al., 2024; Rafailov et al., 2023;
Park et al., 2024)

Reward-channel attacks
and deception

Reward tampering curricula, alignment faking,
sleeper agents, and monitoring limitations
(non-faithful CoT).

(Denison et al., 2024; Greenblatt et al., 2024;
Hubinger et al., 2024; Chen et al., 2025)

Emergent misalignment
in practice

Evidence that reward hacking can generalize
to agentic sabotage and that chat-like RLHF
can mask residual risk.

(MacDiarmid et al., 2025; METR, 2025;
Betley et al., 2025; Taylor et al., 2025)

Post-hoc steering / patch-
ing

Inference-time steering and localized
fine-tuning as rapid interventions with limited
root-cause coverage.

(Rimsky et al., 2024; Chen et al., 2024b)

Table 6: Reference-to-theme index for the appendix.

17


	Introduction
	Preliminaries: alignment objectives and where reward hacking enters
	Alignment pipelines as optimization of proxy rewards
	Goodhart dynamics and overoptimization
	A working definition

	A taxonomy of reward hacking in LLMs
	Proxy exploitation: spurious correlates and misgeneralization
	Social reward hacking: sycophancy and preference artifacts
	Evaluation gaming: prompt injection, benchmarks, and self-refinement
	Reward-channel attacks and deceptive alignment

	Measuring reward hacking: protocols, benchmarks, and failure surfaces
	Mitigation strategies: where and how to intervene
	Design principles (our synthesis)
	Post-hoc steering and localized updates
	Why ``just train a better reward model'' is not enough
	Sycophancy as a training-data and objective-design problem

	Safety implications: from reward hacking to misalignment
	Open problems and research directions
	Conclusion
	Extended measurement protocols and reporting checklist
	Protocol checklists by failure mode
	Reporting template (recommended minimum)

	Extended dataset and benchmark details
	Extended mitigation matrix and decision rules
	Practical decision rules (informal)

	Safety case studies and deployment checklist
	Case studies: how reward hacking generalizes
	Deployment-oriented checklist (practitioner version)

	Reference-to-theme index

