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Abstract001

Personalized alignment from preference data002
has focused primarily on improving personal003
reward model (RM) accuracy, with the im-004
plicit assumption that better preference rank-005
ing translates to better personalized behavior.006
However, in deployment, computational con-007
straints necessitate inference-time adaptation008
such as reward-guided decoding (RGD) rather009
than per-user policy fine-tuning. This creates010
a critical but overlooked requirement: reward011
models must not only rank preferences accu-012
rately but also effectively guide generation.013
We demonstrate that standard RM accuracy014
fails catastrophically as a selection criterion for015
deployment-ready personalized rewards. We016
introduce policy accuracy—a metric quantify-017
ing whether RGD-adapted LLMs correctly dis-018
criminate between preferred and dispreferred re-019
sponses—and show that upstream RM accuracy020
correlates only weakly with downstream policy021
accuracy (Kendall’s 𝜏 = 0.08–0.31). More criti-022
cally, we introduce Pref-LaMP, the first person-023
alized alignment benchmark with ground-truth024
user completions, enabling direct behavioural025
evaluation. On Pref-LaMP, we expose a com-026
plete decoupling between discriminative rank-027
ing and generation metrics: methods with 20-028
point RM accuracy differences produce almost029
identical output quality, and methods with high030
ranking accuracy can fail to generate behav-031
iorally aligned responses. These findings reveal032
that the field has been optimizing for proxy033
metrics that do not predict deployment perfor-034
mance, and that current personalized alignment035
methods fail to operationalize preferences into036
behavioral adaptation under realistic deploy-037
ment constraints. In contrast, we find simple038
in-context learning (ICL) to be highly effec-039
tive - dominating all reward-guided methods040
for models ≥3B parameters, achieving ∼3 point041
ROUGE-1 gains over the best reward method042
at 7B scale.043

1 Introduction 044

Recent advances in aligning large language models 045

(LLMs) with human preferences have primarily fo- 046

cused on learning from aggregated feedback across 047

diverse user populations (Rafailov et al., 2023; 048

Ouyang et al., 2022). However, preferences are 049

inherently pluralistic—varying across individuals, 050

communities, and contexts (Santurkar et al., 2023; 051

Sorensen et al., 2024). This reality motivates per- 052

sonalized alignment: adapting model behavior to 053

heterogeneous, sometimes conflicting, user pref- 054

erences rather than collapsing them into a single 055

consensus objective. 056

Current personalized alignment research has con- 057

verged on a common paradigm: collect user-specific 058

preference data (pairwise comparisons), train per- 059

sonalized ranking/reward models to capture indi- 060

vidual preferences, and assume that better reward 061

models naturally translates to better policies (Bose 062

et al., 2025; Chen et al., 2025a; Shenfeld et al., 063

2025; Li et al., 2024; Poddar et al., 2024). The 064

last assumption is likely to break as suggested by 065

Goodhart’s law (El-Mhamdi and Hoang, 2024). Un- 066

like standard RLHF, personalized alignment lacks 067

downstream benchmarks that measures policy per- 068

formance such as MMLU (Hendrycks et al., 2021) 069

and GSM8k (Cobbe et al., 2021). 070

Practical Deployment and the End-to-End Per- 071

spective Per-user policy fine-tuning using per- 072

sonal rewards via RL is computationally infeasible 073

at scale. RL-based personalization requires per- 074

user dynamic adapter management, RL instability 075

mitigation, and orders of magnitude more compute 076

than inference-time alternatives. One key scal- 077

able deployment path is inference-time adaptation 078

through reward-guided decoding (RGD) (Khanov 079

et al., 2024), maintaining a single base policy while 080

using personalized rewards to guide generation. 081

Another option is or Best-of-N sampling (Ichihara 082

et al., 2025) but the high latency of BoN makes it 083
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unfit for personalization text generation.084

This deployment reality demands we adopt an085

end-to-end behavioral perspective: personalized086

alignment is not merely reward modeling, but the087

complete process from preference data to actual088

generation behavior. We propose a key principle:089

A personalized alignment method must090

specify not only how preferences are mod-091

eled, but how they are operationalized092

into behavioral adaptation.093

A direct corollary of this is that papers proposing094

reward models are responsible for evaluating if im-095

proved RM accuracy translates to improved genera-096

tion. Current evaluations ignore this responsibility,097

treating reward modeling and policy adaptation098

as independent. This obscures whether methods099

actually achieve their objective: making models100

generate responses aligned with user preferences.101

Our Investigation We adopt an end-to-end per-102

spective, studying the complete chain from pref-103

erence modeling to generation behavior. We ask104

three questions: (1) Does RM accuracy predict105

policy accuracy under RGD? (2) Does policy ac-106

curacy predict generation quality? (3) How do107

reward-based alignment methods compare to sim-108

pler baselines? To answer these, we introduce (A)109

policy accuracy, measuring whether RGD scoring110

assigns higher scores to preferred responses, and111

(B) Pref-LaMP, a preference learning benchmark112

with ground-truth user completions enabling direct113

behavioral evaluation.114

Key Findings Our findings reveal a fundamen-115

tal selection crisis: practitioners cannot reliably116

choose deployment-ready methods because stan-117

dard metrics do not predict actual performance.118

Finding 1: Upstream RM accuracy does not119

predict downstream policy accuracy under RGD120

(Kendall’s 𝜏 = 0.08–0.31). Methods with 20-point121

RM accuracy differences achieve nearly identical122

policy performance.123

Finding 2: Response ranking quality does not124

predict response generation quality. On Pref-125

LaMP, methods with similar generation quality126

vary dramatically in RM and policy accuracy.127

Finding 3: ICL dominates at scale. At 7B pa-128

rameters, ICL-RAG, with RAG selected preference129

demonstrations (Salemi et al., 2024), outperforms130

best personalized reward model by ∼3 ROUGE-1131

points.132

Implications: For practitioners, use simple ICL- 133

RAG in preference to published personal reward 134

methods. For researchers, take an end-to-end per- 135

spective: co-design and co-evaluate reward person- 136

alization with policy adaptation strategies and evalu- 137

ate generation quality as well as ranking. Use Pref- 138

LaMP and develop more benchmarks with ground- 139

truth completions, analogous to GSM8K/MMLU 140

for general RLHF. 141

Contributions To summarize, we (1) contribute 142

Pref-LaMP—the first benchmark with ground- 143

truth user completions, (2) demonstrate the standard 144

RM accuracy metric fails as a selection criterion 145

across three datasets and four scales, (3) demon- 146

strate that a simple ICL baseline outperforms pub- 147

lished personal alignment work in end-to-end adap- 148

tation, and (4) provide actionable recommendations 149

for practitioners and researchers. 150

2 Related Work 151

Personalized Alignment Recent work has fo- 152

cused on learning user-specific reward models or 153

policies for alignment under limited supervision 154

(e.g., PAL, PReF, LoRE, P-DPO, VPL) (Chen et al., 155

2025a; Poddar et al., 2024; Bose et al., 2025; Shen- 156

feld et al., 2025; Li et al., 2024). These approaches 157

largely target reward-modeling accuracy (e.g rela- 158

tive preference ranking) as proxies for personaliza- 159

tion quality (Chen et al., 2025a; Bose et al., 2025; 160

Shenfeld et al., 2025). However, such metrics often 161

fail to capture (i) whether RM adaptation translates 162

to downstream policy adaptation, and (ii) whether, 163

under realistic resource-constrained settings, a per- 164

sonalized policy is able to go beyond response 165

ranking and actually generate responses reflective 166

of a user’s preferences. This evaluation limitation 167

leaves open the null hypothesis that prior personal 168

alignment results, measured by RM accuracy, are 169

due to unintended overoptimization, also known as 170

reward-hacking (Pan et al., 2022). 171

Multi-Objective Alignment Multi-objective 172

alignment (MOA) addresses the challenge of op- 173

timizing language models across multiple known 174

and predefined reward dimensions simultaneously. 175

Unlike personalized alignment, where the goal is to 176

learn individual user preferences under limited su- 177

pervision, MOA assumes access to distinct reward 178

models for each objective dimension (e.g., help- 179

fulness, harmlessness, factuality) and focuses on 180

finding optimal policy trade-offs among these objec- 181
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tives. Prior work has explored weighted reward op-182

timization (Zhou et al., 2024), model merging (Jang183

et al., 2024; Rame et al., 2023), auxiliary correction184

models (Ji et al., 2024; Yang et al., 2024a), test-185

time reward-guided decoding (Chen et al., 2025b)186

among other methods (Yang et al., 2024b).187

Evaluation Challenges in RLHF Existing evalu-188

ation practices in RLHF and personalized alignment189

rely on proxy metrics such as reward-model scores190

which are susceptible to reward hacking and circu-191

larity (Tien et al., 2023; Pan et al., 2022). These192

methods assess optimization success rather than be-193

havioral quality (Wen et al., 2025; Gao et al., 2023;194

El-Mhamdi and Hoang, 2024). In contrast, our195

work introduces a framework for direct behavioral196

evaluation, measuring whether generated responses197

match user-provided completions (Section 5). Ex-198

tended discussion of related evaluation pathologies199

appears in Appendix A. Our work addresses these200

limitations by introducing direct behavioral evalua-201

tion on ground-truth user completions, measuring202

actual generation quality rather than relying on203

proxy metrics.204

Inference-Time Alignment Reward-guided de-205

coding (Khanov et al., 2024) and Best-of-N sam-206

pling (Ichihara et al., 2025) enable policy steering207

without fine-tuning, making them computation-208

ally attractive for personalization. Recent work209

has explored their effectiveness (Wu, 2025), but210

standard personal alignment evaluation remains211

limited to reward-based metrics. Our work is the212

first to systematically evaluate test-time alignment213

(reward-guided decoding in particular) for person-214

alized alignment with ground-truth behavioral as-215

sessment, revealing fundamental limitations in their216

ability to operationalize user preferences.217

3 Preliminaries and Problem Setup218

3.1 Personalized Preference Learning219

Consider a preference dataset D =220

{(𝑢𝑖 , 𝑥𝑖 , 𝑦 (𝑤)
𝑖
, 𝑦

(𝑙)
𝑖
)}𝑁
𝑖=1, where 𝑢𝑖 ∈ {1..𝐾}221

is a user identifier, 𝑥𝑖 is a prompt, and 𝑦 (𝑤)
𝑖
, 𝑦

(𝑙)
𝑖

are222

chosen/winning and rejected/loosing completions.223

We partition users into Utrain (for learning shared224

preference structure) and Uadapt (for evaluating225

few-shot personalization). Users in Uadapt226

are further split into support sets Dsupport
𝑘

(for227

adaptation) and query sets Dquery
𝑘

(for evaluation).228

For user 𝑘 , we denote their full dataset as229

D𝑘 = {(𝑥𝑖 , 𝑦 (𝑤)
𝑖
, 𝑦

(𝑙)
𝑖
) : 𝑢𝑖 = 𝑘}.230

Personalized Reward Modeling. The reward
model conditions on user identity: 𝑟𝜃,𝑧𝑘 (𝑦 | 𝑥),
decomposing into shared parameters 𝜃 (general
preference structure) and user-specific parameters
𝑧𝑘 (individual preferences). Training on Utrain
learns both 𝜃 and {𝑧𝑘}𝑘∈Utrain . At deployment, for
user 𝑘 ∈ Uadapt with support data Dsupport

𝑘
, we

adapt:
𝑧𝑘 = A

(
Dsupport
𝑘

; 𝜃
)

where A is the adaptation algorithm. 231

3.2 Deployment via Reward-Guided Decoding 232

Given computational constraints prohibiting per- 233

user policy fine-tuning, we deploy personalized 234

alignment through inference-time guidance using 235

Reward-Guided Decoding (Khanov et al., 2024). 236

Reward-Guided Decoding (ARGS). At each 237

generation step 𝑡, ARGS scores the top-𝑘 tokens 238

𝑉
(𝑘 )
𝑡 retrieved from an off-the-shelf prior LLM 239

policy, 𝜋, using 240

score(𝑣 | 𝑥, 𝑦<𝑡 ; 𝑧𝑘 , 𝜆) = log 𝜋(𝑣 | 𝑥, 𝑦<𝑡 )
+ 𝜆 · 𝑟𝜃,𝑧𝑘 (𝑣 | 𝑥, 𝑦<𝑡 ),

(1) 241

selecting 𝑦𝑡 = arg max
𝑣∈𝑉 (𝑘)

𝑡

score(𝑣). This bal- 242

ances base model fluency (log 𝜋) with personalized 243

alignment (𝑟𝜃,𝑧𝑘 ). 244

3.3 The Evaluation Gap 245

Standard practice evaluates personalization meth- 246

ods by reward model accuracy, defined below. 247

Definition 1 (Reward Model Ranking Accu- 248

racy). For user 𝑘 with evaluation set Dquery
𝑘

= 249

{(𝑥𝑖 , 𝑦 (𝑤)
𝑖
, 𝑦

(𝑙)
𝑖
)}, we define the Reward Model 250

Ranking Accuracy as 251

1
|Deval

𝑘
|

∑︁
Deval

𝑘

I
[
𝑟𝜃,𝑧𝑘 (𝑦

(𝑤)
𝑖

| 𝑥𝑖) > 𝑟𝜃,𝑧𝑘 (𝑦
(𝑙)
𝑖

| 𝑥𝑖)
]
.

(2) 252

This measures pairwise ranking on complete 253

responses of the reward model. Later we will show 254

that this standard metric has several issues and is 255

not predictive of deployment performance. 256

4 Policy Accuracy: Measuring Preference 257

Ranking Under RGD 258

We introduce a metric quantifying whether the RGD 259

scoring function—not just the reward model in iso- 260

lation—correctly ranks preferred over dispreferred 261

responses. 262
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Definition 2 (Policy Ranking Accuracy). Let 𝑠 :263

Y × X → R be the scoring function used at gener-264

ation time. The policy accuracy for user 𝑘 is given265

by266

1
|Dquery

𝑘
|

∑︁
Dquery

𝑘

I
[
𝑠(𝑦 (𝑤)

𝑖
| 𝑥𝑖) > 𝑠(𝑦 (𝑙)𝑖 | 𝑥𝑖)

]
, (3)267

where 𝑦 (𝑤) and 𝑦 (𝑙) denote the chosen (winning)268

and rejected (losing) completions.269

We instantiate 𝑠 with three scoring functions,270

each revealing different aspects of the personaliza-271

tion pipeline.272

Base Policy. The base policy’s length-273

normalized log-likelihood, its off-the-shelf non-274

personalized zero-shot ranking ability,275

𝑠base(𝑦 | 𝑥) = 1
|𝑦 |

|𝑦 |∑︁
𝑡=1

log 𝜋(𝑦𝑡 | 𝑥, 𝑦<𝑡 ). (4)276

Global RGD. RGD with a non-personalized277

reward model 𝑟𝜃 trained by aggregating data across278

all users denoted 𝑠global(𝑦 | 𝑥),279

|𝑦 |∑︁
𝑡=1

[
log 𝜋(𝑦𝑡 | 𝑥, 𝑦<𝑡 ) + 𝜆 · 𝑟𝜃 (𝑦𝑡 | 𝑥, 𝑦<𝑡 )

]
. (5)280

Personalized RGD. RGD with personalized re-281

ward model 𝑟𝜃,𝑧𝑘 denoted 𝑠personal(𝑦 | 𝑥; 𝑧𝑘),282

|𝑦 |∑︁
𝑡=1

[
log 𝜋(𝑦𝑡 | 𝑥, 𝑦<𝑡 )+𝜆·𝑟𝜃,𝑧𝑘 (𝑦𝑡 | 𝑥, 𝑦<𝑡 )

]
. (6)283

Comparing these reveals: (1) whether reward284

guidance improves ranking over the base policy, and285

(2) whether personalization provides gains beyond286

a global reward model.287

In-Context Learning. An alternative per-288

sonalization mechanism conditions the base pol-289

icy on user-specific demonstrations Ddemo
𝑘

=290

{(𝑥𝑖 , 𝑦 (𝑤)
𝑖
, 𝑦

(𝑙)
𝑖

} ⊂ Dsupport
𝑘

rather than learning291

reward parameters. The ICL scoring function, de-292

noted 𝑠ICL(𝑦 | 𝑥;Ddemo
𝑘

) is293

1
|𝑦 |

|𝑦 |∑︁
𝑡=1

log 𝜋(𝑦𝑡 | Ddemo
𝑘 , 𝑥, 𝑦<𝑡 ), (7)294

where demonstrations are prepended to the input295

prompt. Both personalized RGD and ICL leverage296

user-specific information—𝑧𝑘 versus Ddemo
𝑘

—but297

through different mechanisms: learned reward shap-298

ing versus direct context conditioning. This allows299

us to compare whether parametric reward models or 300

demonstration-based adaptation better capture user 301

preferences, particularly as model scale increases. 302

Outstanding Limitation. Policy accuracy mea- 303

sures how well the scoring function ranks static 304

responses—not whether the policy will actually 305

generate outputs that actually align with user pref- 306

erences. A method might rank existing responses 307

correctly while producing generations that differ 308

substantially from what users would write. This 309

motivates our behavioral evaluation in Section 5. 310

5 Pref-LaMP: A Benchmark for Direct 311

Behavioral Evaluation 312

To enable direct measurement of behavioral align- 313

ment without circular reward-based metrics, we 314

introduce Pref-LaMP—a personalized alignment 315

benchmark providing both pairwise preferences and 316

ground-truth user-authored completions. 317

Dataset Construction Pref-LaMP derives from 318

LaMP-5 (Salemi et al., 2024), pairing researchers’ 319

abstracts with their titles. Both are author-written, 320

capturing individual style. We construct prefer- 321

ences via hard negative mining: (1) encode ab- 322

stracts with Qwen3-Embedding-0.6B, (2) retrieve 323

top-𝑘 similar abstracts, (3) sample one retrieved 324

abstract as 𝑥 and use its title as 𝑦 (𝑙) , (4) use original 325

title as 𝑦 (𝑤) . This ensures rejections are topically 326

relevant but different in title formulation1. 327

Pref-LaMP is the first benchmark enabling 328

direct behavioural evaluation of personalization 329

through user-authored completions, measurable via 330

ROUGE and BERTScore. 331

Behavioral Alignment Metric We evaluate end- 332

to-end behavioural alignment by comparing user- 333

generated and personalized model responses. 334

Definition 3 (Behavioral Alignment). Let G : X → 335

Y be a generation operator and S : Y ×Y → R 336

be a similarity measure. For user 𝑘 with test set 337

P𝑘 = {(𝑥 𝑗 , 𝑦GT
𝑗
)}𝑀𝑘

𝑗=1: 338

AS (G, 𝑘) =
1

|P𝑘 |
∑︁

(𝑥 𝑗 ,𝑦GT
𝑗

) ∈P𝑘

S
(
G(𝑥 𝑗), 𝑦GT

𝑗

)
(8) 339

We instantiate G with ARGS decoding (Eq. 1), 340

zero-shot generation and ICL generation. Mean- 341

while, S in instantiated with ROUGE-1 (lexi- 342

1Human-written rather than LLM-written negatives avoid
shortcut learning. Initial LLM-generated rejections let linear
probes detect generation artifacts rather than preference signals.
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Dataset Reward Model Base Policies

TLDR SmolLM2-180M 180M, 360M, 1.7B
PRISM Qwen2.5-0.5B 0.5B, 1.5B, 3B, 7B
Pref-LaMP Qwen2.5-0.5B 0.5B, 1.5B, 3B, 7B

Table 1: Model configurations.

cal overlap), ROUGE-L (longest common subse-343

quence), and BERTScore-F1 (semantic similarity).344

This measures whether generated outputs match345

what users actually write, providing ground-truth346

assessment of behavioral alignment.347

6 Experimental Setup348

Datasets and Models We consider datasets:349

TLDR (Stiennon et al., 2020): Binary stylistic350

preferences, 10 training users (2,097 prefs/user), 31351

adaptation users (100 prefs/user). PRISM (Kirk352

et al., 2024): Pluralistic preferences, 1,232 training353

users (22.1 prefs/user), 139 adaptation users (14.5354

prefs/user). Pref-LaMP (ours): User-authored355

completions, 485 training users (48.8 prefs/user),356

126 adaptation users (49.2 prefs/user).357

Models and Methods All reward models use358

LoRA rank 8, trained onUtrain to learn shared 𝜃 and359

user-specific {𝑧𝑘}. We evaluate six personalization360

methods: LoRE (Bose et al., 2025) (learn reward361

bases and user-specific convex combination), LoRE-362

Alt (same as LoRE but alternates between bases363

and user specific parameter gradient steps), PReF364

(Shenfeld et al., 2025) (collaborative filtering), PAL365

(Chen et al., 2025a), VPL (Poddar et al., 2024),366

MPU/MPU-Avg (a simple baselines of per-user367

MLPs), and P-DPO (Li et al., 2024) (personalized368

direct preference optimization). Baselines include369

Global-RM (non-personalized Bradley-Terry using370

last token embedding as input to RM decoder),371

Global-RM-V2 (a sequence reward is average re-372

ward for all tokens), GenARM (Xu et al., 2025)373

(autoregressive RM for token-level guidance), zero-374

shot generation, ICL (random demonstrations), and375

ICL-RAG (retrieved demonstrations).376

Evaluation Protocol We measure: (1) RM ac-377

curacy on adaptation users’ held-out preferences378

(Eq. 2), (2) Adaption users’ policy accuracy vs prior379

(no-reward) and global reward baselines (Eq. 3), (3)380

generation quality on Pref-LaMP via ROUGE-1/L381

and BERTScore against ground-truth (Eq. 8), and382

(4) win rates where each method’s RM judges its383

own outputs versus zero-shot baseline.384

Policy Accuracy

Method RM Accuracy 135M 360M 1.7B

Pe
rs

on
al

iz
ed

LoRE 82.56 ± 1.12 81.09 ± 0.76 81.09 ± 0.89 81.01 ± 1.10
MPU 76.76 ± 0.26 49.96 ± 3.24 54.36 ± 7.36 55.12 ± 8.07
MPU-Avg 77.83 ± 0.19 52.91 ± 4.01 52.96 ± 3.97 52.94 ± 3.98
P-DPO - - - -
PAL 87.00 ± 0.05 - - -
PReF 65.27 ± 8.15 46.68 ± 7.18 49.56 ± 11.77 49.65 ± 11.95
VPL 68.67 ± 1.94 59.78 ± 4.34 60.40 ± 4.82 60.67 ± 4.92

Ba
se

lin
es GenARM 53.67 ± 3.15 53.06 ± 0.02 61.56 ± 0.03 62.59 ± 0.02

Global 73.67 ± 2.45 58.80 ± 4.79 59.58 ± 1.55 60.34 ± 1.80
Global-V2 38.66 ± 1.40 53.05 ± 0.02 61.26 ± 0.07 62.54 ± 0.04
Prior - 62.00 ± 0.00 61.57 ± 0.00 64.60 ± 0.00

Pearson 𝑟 - 0.41 0.15 0.11
Spearman 𝜌 - 0.36 0.09 0.09
Kendall 𝜏 - 0.31 0.08 0.09

Table 2: Policy accuracy and reward model performance
on TLDR + SmolLM. Base reward model is SmolLM2-
135M. Top: Personal rewards. Mid: Global alignment.

7 Result 1: Reward Model Accuracy Does 385

Not Imply Policy Accuracy 386

We first investigate whether reward model accuracy 387

predicts policy accuracy under reward-guided de- 388

coding. I.e., whether personal rewards that rank 389

preferences well can guide policies to do the same. 390

TLDR: Weak Correlation on Simple Data We 391

first evaluate the popular TDLR dataset’s simple 392

binary style preferences in Table 2. The main ob- 393

servation is that upstream RM accuracy correlates 394

weakly with downstream policy accuracy (Kendall’s 395

𝜏 = 0.08–0.31), degrading as scale increases (Pear- 396

son 𝑟: 0.41 → 0.11 from 180M to 1.7B). 397

Additionally, most personalization methods 398

(MPU, MPU-Avg, PReF) fail to adapt policies, 399

achieving policy accuracies below the prior base- 400

line (62-65%), particularly at smaller scales. PAL 401

achieves highest RM accuracy (87.0%) but doesn’t 402

support RGD, while LoRE—with lower RM accu- 403

racy (82.6%)—achieves superior policy accuracy 404

(∼81%). Overall, LoRE substantially outperforms 405

all competitors as well as prior and global reward 406

policies, demonstrating genuine effectiveness for 407

inference-time adaptation and validating our evalu- 408

ation framework. 409

PRISM: Personalization Fails on Pluralistic 410

Data Results for the more complex PRISM 411

benchmark are summarized in Table 3 and Fig- 412

ure 1. All personalization methods fail in terms of 413

their policy accuracy underperforming the global 414

RM baseline (77.9% vs. 52.8-74.3%) in Table 415

3. Meanwhile, RM-policy correlation, as shown 416

in Fig 1, remains weak (Kendall’s 𝜏 = 0.17-0.29), 417

slightly strengthening with scale (𝑟: 0.31 → 0.48). 418

Critically, VPL achieves highest policy accuracy 419

(63.8-66.4%) despite 9.5 points lower RM accuracy 420
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Personalized Global

LoRE LoRE-Alt MPU MPU-Avg PAL PReF VPL Global RM Global RM-v2

RM Acc. 65.95±4.57 67.15±0.42 52.76±5.40 60.43±1.25 70.74±0.42 74.34±2.20 68.35±2.59 77.94±3.55 62.11±4.15

Table 3: Reward model accuracies of various personal alignment methods using Qwen2.5-0.5B backbone on PRISM
dataset. All personal alignment methods underperform non-personal Global Reward Model V1.

Figure 1: RM vs Policy Accuracy Correlation on PRISM across model scales. Correlations remain consistently weak:
Pearson 𝑟 ranges from 0.30–0.48, Spearman 𝜌 from 0.25–0.43, and Kendall 𝜏 from 0.17–0.29. While correlations
slightly strengthen with scale, they remain far below what would be needed for RM accuracy to reliably predict
policy performance. Notably, methods with similar RM accuracy can have substantially different policy accuracy
and vice-versa, demonstrating that the standard RM metric is not a reliable proxy for deployment performance.

than Global RM—a complete ranking inversion.421

In terms of scale, methods show minimal scal-422

ing gains, remaining in narrow bands (LoRE-423

Alt: 57.1-58.5%, VPL: 63.8-66.4%). Unlike424

TLDR/SmolLM2 where correlations degraded425

with scale (𝑟 = 0.41→0.11), PRISM/Qwen2.5426

shows strengthening correlations (𝑟 = 0.31→0.48).427

Whether this reflects dataset differences, model428

architecture, or their interaction remains unclear.429

Regardless, even at 7B, correlations remain too430

weak for choosing methods based on RM accuracy.431

Discussion Our careful control evaluation shows432

wide failure of prior personal alignment methods433

both in terms of beating global alignment base-434

lines, and in terms of the standard metric of RM435

accuracy not corresponding to downstream policy436

accuracy. We attribute this to a mixture of released437

code not reproducing results, missing non-personal438

baselines, and inconsistent non-comparable choice439

of datasets in prior evaluations. See Appendix D440

and E for further discussion.441

Implication: Personal RM accuracy does not442

reflect performance during policy inference and can-443

not guide choice of reward model for deployment:444

Methods with 10+ point RM gaps can perform445

identically as adapted policies; methods with near446

identical RM accuracy can have 10+ point gaps in447

policy accuracy; and alignment methods can invert448

in ranking between reward and policy evaluations.449

Recommendation. Future personal alignment 450

methods must specify a policy adaptation strat- 451

egy, and assess downstream policy understanding 452

across multiple datasets and scales—not just up- 453

stream personal reward accuracy. The RM-policy 454

disconnect demands new metrics measuring reward 455

models’ suitability for guiding generation, rather 456

than pairwise ranking accuracy alone. 457

8 Result 2: Preference Discrimination 458

Does Not Imply Generation Quality 459

Given the weak correlation between RM accuracy 460

and policy discrimination ability under RGD, we 461

now ask: even when methods achieve high policy 462

accuracy—demonstrably preferring chosen over re- 463

jected responses—do they actually generate outputs 464

that behaviorally align with user preferences? 465

8.1 Pref-LaMP: Complete Decoupling 466

We first study Pref-LaMP with preference ranking 467

evaluation in Table 4. They key observation is 468

that for this challenging task, similarly to PRISM 469

(Table 3), personal alignment methods struggle to 470

surpass Global RM baselines – for both the standard 471

proxy metric of upstream RM accuracy, as well as 472

our downstream policy accuracy. Only LoRE-Alt 473

come close to the global baselines in RM accuracy. 474

We next move to analysing behavioural genera- 475

tion quality of the policies – as uniquely enabled 476
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Global Personalized

Acc GenARM Global RM Global RM-v2 LoRE LoRE-Alt MPU MPU-Avg PAL PReF VPL ICL

RM 83.89±0.60 84.96±0.13 84.69±0.07 65.60±7.89 84.96±0.48 65.26±1.03 67.30±0.30 53.77±0.28 51.46±3.84 43.63±3.77 -
Policy 71.34±0.56 68.28±0.00 78.02±0.94 69.65±0.31 65.76±6.60 63.46±8.11 63.16±6.70 - 68.79±0.70 66.75±2.33 75.67±0.44

Table 4: Pref-LaMP preference ranking accuracy for RMs and adapted policies (Qwen2.5-3B). RM personalization
does not clearly outperform global RMs for either upstream RM or downstream policy preference ranking.

Figure 2: Generation quality (ROUGE-1, ROUGE-L, BERTScore-F1) under RGD across model scales. At 0.5B-1.5B,
personalized RMs marginally improve over zero-shot; at 3B-7B, ICL baselines dominate all reward-guided methods.

by our Pref-LAMP dataset, in Figure 2 and raw477

results in Appendix C. We see that: (1) The top478

personal alignment methods for upstream ranking479

accuracy (LoRE-Alt in Table 4) tend to underper-480

form in downstream generation quality. (2) A few481

personal alignment methods can surpass the zero-482

shot baseline but produce comparative performance483

to Global RM baseline. However, the better meth-484

ods for generation (e.g, MPU-Avg and LoRe) are485

worse for upstream ranking (Table 4). Both these486

observations reflect decoupling between upstream487

RM accuracy and downstream behavioural gen-488

eration. This shows that downstream generation489

quality evaluation is a crucial missing component490

of standard evaluation practice.491

Our end-to-end behavioural evaluation also al-492

lows direct comparison between existing RM-493

focused personal alignment approaches and ICL.494

From Table 4, we can see that ICL actually achieves495

better policy preference ranking than the personal496

RMs. In terms of generation quality, Figure 2 shows497

that direct application of ICL surpasses both the498

baselines and prior personal alignment methods499

at 3-7B scale. This suggests that practitioners to-500

day should use simple ICL in favour of complex501

RM-based alignment approaches.502

Discussion: Reconciling Prior Claims How503

Method 0.5B 1.5B 3B 7B

G
lo

ba
l GenARM 100.0% 100.0% 100.0% 99.8%

Global RM 99.9% 99.9% 99.9% 99.9%
Global RM-v2 98.4% 97.2% 89.4% 84.4%

Pe
rs

on
al

iz
ed

LoRE 73.7% 72.9% 73.8% 73.7%
LoRE-Alt 97.0% 96.0% 96.3% 96.3%
MPU 61.9% 61.8% 61.5% 61.5%
MPU-Avg 69.8% 69.3% 70.1% 69.9%
PReF 54.9% 54.8% 56.1% 55.5%
VPL 51.1% 50.1% 50.5% 48.4%

Table 5: Win rate: fraction of examples where each
RM judges its own RGD output as better than zero-shot.
High win rates reveal severe reward hacking—methods
claim near-perfect improvement despite ground-truth
metrics showing minimal or negative gains (Fig 2).

can we reconcile prior papers’ claims of successful 504

RM+RGD based non-personal alignment with the 505

often negative results from our experiments? The 506

evaluation protocol of prior RGD-based analyses 507

involved guiding generation with a RM, and then 508

evaluating the resulting generations using the same 509

RM (Khanov et al., 2024). The issue with win-rates 510

scored in this way is circularity. If RGD-adaptation 511

can hack the RM (find a ’false positive’ response 512

that the RM accepts, while not actually reflecting 513

user preferences), using the same RM to evaluate 514

the result produces overly optimistic results. 515

To study this protocol, we report win Rate vs zero- 516

shot in Table 5, which confirms the risk of ‘circular’ 517

evaluation. Using the same RM to guide decod- 518
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Scale RM Acc Policy Acc Win Rate

Kendall’s 𝜏 with ROUGE-1

0.5B -0.126 -0.017 -0.135
1.5B -0.126 -0.054 -0.188
3B -0.148 -0.158 -0.112
7B -0.114 -0.112 -0.034

Table 6: Correlations between metrics and generation
quality (ROUGE-1) on Pref-LaMP. All correlations are
negligible to negative across model scales, demonstrat-
ing no standard metric predicts behavioral alignment.

ing and judge completions vs a baseline suffers519

from reward hacking/overoptimization (El-Mhamdi520

and Hoang, 2024). GenARM claims 100% im-521

provement over zero-shot despite ROUGE-1 being522

marginally worse. Global RM claims 99.9% superi-523

ority while producing outputs identical to methods524

20 points lower in RM accuracy. The circular evalu-525

ation protocol is thus vulnerable to reward hacking,526

and only appears to solve personal alignment.527

Despite their limitations, ranking held-out prefer-528

ences (Table 2,4) does not suffer from this – because529

the RM is not used to generate; neither does our530

ground-truth evaluation (Figure. 2) – because the531

RM generation is compared to ground-truth.532

Additional Analysis: ICL We provide further533

analysis in Appendix C.1 showing ICL and ICL-534

RAG improve further with shots higher than 8 (as535

used in the main text).536

No Metric Predicts Generation Quality To537

summarise, we considered the standard RM ac-538

curacy, RGD-win rate, and our policy-accuracy539

metrics, all of which are discriminative ranking540

metrics. Table 6 correlates each of these against our541

end-to-end generation quality metric. All exhibit542

negligible to negative correlations with generation543

quality (Kendall’s 𝜏 = -0.188 to -0.017), with the544

negative correlations suggesting reward hacking.545

Takeaway: No existing metric predicts whether546

personalization methods will generate aligned out-547

puts. Ground-truth evaluation on user-authored548

completions is a necessary evaluation component.549

9 Discussion and Conclusion550

Our findings reveal an evaluation crisis in per-551

sonal alignment research: RM accuracy is uncor-552

related with policy accuracy (𝜏 = 0.08-0.31), and553

method rankings can completely invert between554

upstream and downstream evaluations. Using Pref-555

LaMP—the first benchmark with ground-truth user556

completions, we show discriminative metrics fail to557

predict generation quality (Table 6): reward mod- 558

els claiming 99% win rates show no improvement 559

over baselines in ground-truth similarity. The field 560

has been optimizing proxy metrics divorced from 561

deployment objectives. 562

On a more positive note, we highlight that in con- 563

trast to these issues with personal rewards and their 564

evaluations, simple in-context learning dominates 565

reward-guided methods for models ≥3B parameters, 566

while being easy and reliable to implement. 567

Practical Recommendations. Practitioners 568

should use ICL with retrieval for 3B+ models; 569

reward modeling adds complexity without benefit 570

at scale. Researchers should: (1) evaluate complete 571

pipelines end-to-end, not just reward model accu- 572

racy, (2) include policy accuracy and ground-truth 573

behavioral metrics, (3) test across model scales to 574

detect scale-dependent effects, (4) build behavioral 575

benchmarks with user-authored completions and 576

(5) compare against ICL baselines and focus fu- 577

ture research effort on developing such amortized 578

approaches to personal alignment. 579

9.1 Limitations 580

We focus on RGD because it represents a key scal- 581

able deployment path—per-user RL fine-tuning 582

remains computationally infeasible for realistic pop- 583

ulations. A fundamental challenge with RGD is 584

that it assumes reward models can be token-wise 585

factorized to provide local guidance at each genera- 586

tion step, which is a known source of error when 587

this assumption is violated (Li et al., 2025). While 588

GenARM is specifically designed to address this 589

limitation through token-level autoregressive re- 590

ward training, it still exhibits the same performance 591

gaps we observe across other methods. This sug- 592

gests the problem runs deeper than factorization 593

alone—the disconnect between preference learning 594

and generation guidance may be fundamental to the 595

inference-time adaptation paradigm. 596

Our use of three datasets goes beyond most 597

prior work, which often used only one or con- 598

trived datasets. However, our results do show some 599

facets of dataset dependence, so future work should 600

aim to establish larger multi-dataset benchmark 601

suits to thoroughly test personalization across more 602

dimensions of interest. 603
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A Extended Related Work and783

Limitations784

Incomparable Accuracy Metrics RLHF and DPO785

both use pairwise preference accuracy, but these786

metrics measure fundamentally different things. In787

RLHF, reward model accuracy measures how well788

𝑅𝜃 ranks response pairs. However, the reward789

model is not the final artifact—it guides a policy790

through ARGS or RL fine-tuning. The critical791

question is: does the resulting policy generate792

aligned responses? Reward model accuracy cannot793

answer this. A reward model might perfectly rank794

static pairs while the derived policy fails to generate795

appropriate responses. In DPO, policy accuracy796

measures whether 𝜋𝜙 assigns higher probability797

to preferred responses, but only at the likelihood798

level—not generation quality. These metrics are not799

comparable across methods, and neither directly800

measures the ultimate goal: whether generated801

outputs align with user preferences.802

Circular Evaluation Under Frozen Rewards803

A common RLHF practice adapts policies using804

reward models, then evaluates by measuring if805

adapted policies achieve higher rewards than base-806

lines. This creates circularity: the reward model807

serves as both the training signal and evaluation808

metric. High performance only confirms the pol-809

icy learned to exploit the reward model’s scoring810

function—not that it captures actual user prefer-811

ences. If the reward model is misspecified, this812

circular evaluation systematically hides the failure.813

A policy could achieve high reward scores while814

generating responses users would disprefer, and the815

evaluation cannot detect this because both train-816

ing and evaluation use the same potentially-flawed817

reward model.818

Proxy-Based Evaluation with LLM-as-a-819

Judge Recent work uses frontier LLMs as judges,820

conditioning them on few-shot user examples to821

rank policy outputs. While appealing, LLM-as-822

judge remains a learned proxy, not a direct measure823

of user satisfaction. It provides only relative rank-824

ings between methods and cannot quantify whether825

even the best-ranked method produces satisfactory826

outputs for individual users.827

Toward Comprehensive Evaluation These lim-828

itations motivate our evaluation framework, which:829

(1) introduces comparable metrics for both reward830

model quality and policy understanding, (2) breaks831

circular evaluation by measuring behavioral align-832

ment against ground-truth user completions rather833

Figure 3: Pref-LAMP generation quality. ROUGE-1 vs.
number of in-context examples. ICL-RAG consistently
outperforms random ICL, with performance scaling with
both model size and context length.

than reward scores, (3) moves beyond proxies to 834

evaluate actual generation quality, and (4) disentan- 835

gles where personalization succeeds or fails across 836

the reward modeling, policy guidance, and genera- 837

tion stages. 838

B Raw Results: PRISM 839

Please note that we only evaluate on a subset of the 840

test split of PRISM. This is because policy accuracy 841

computation was expensive. Reward model’s per- 842

formance on the full test split is in Table 8. Global 843

RM still outperforms all other methods so our con- 844

clusions in the main paper text does not change. 845

Meanwhile, data plotted in Figure 1 can be found 846

in Table 7. 847

C Raw Results: Pref-LaMP5 848

Raw results for Pref-LaMP5 dataset can be found 849

in Tables 9, 10, 11 and 12. 850

C.1 ICL Further Analysis 851

We further analyse our strong ICL baselines in terms 852

of number of demonstrations. ICL-RAG improves 853

steadily with demonstrations and scale, reaching 854

∼49 ROUGE-1 at 7B with 8 shots. Larger models 855

show no saturation, effectively leveraging context 856

without reward guidance. This shows that personal 857

alignment is not only possible, but straightforward 858

to implement. However, operationalizing standard 859

but more complex RM-based personal alignment 860

approaches with RGD is comparatively fraught. 861

This is shown in Figure 3. 862
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LoRE PReF VPL Global RM Global RM-v2 MPU MPU-Avg LoRE-Alt
RM Accuracy 65.95 ± 4.57 74.34 ± 2.20 68.35 ± 2.59 77.94 ± 3.55 62.11 ± 4.15 52.76 ± 5.40 60.43 ± 1.25 67.15 ± 0.42

Policy accuracies
0.5B 56.83 ± 0.00 57.31 ± 1.66 66.43 ± 3.24 64.51 ± 0.83 62.59 ± 5.04 59.47 ± 2.91 57.55 ± 3.81 58.51 ± 0.83
1.5B 57.07 ± 0.42 58.99 ± 1.90 65.71 ± 1.81 64.51 ± 0.83 62.35 ± 4.63 60.43 ± 2.88 58.27 ± 2.49 57.55 ± 0.72
3B 57.07 ± 0.42 57.31 ± 0.42 64.03 ± 3.81 64.51 ± 0.83 61.39 ± 3.69 57.55 ± 2.88 56.12 ± 2.59 56.59 ± 1.81
7B 57.55 ± 0.00 59.23 ± 2.53 63.79 ± 2.31 64.51 ± 0.83 61.87 ± 3.81 58.03 ± 2.91 56.35 ± 2.53 57.07 ± 0.83

Table 7: Reward model accuracy and policy accuracies per model and method for the PRISM dataset.

LoRE LoRE-Alt MPU MPU-Avg PAL PReF VPL Global RM Global RM2

RM Accuracy 56.53
±0.15

60.33
±0.57

49.66
±1.13

49.07
±1.46

62.51
±0.30

62.73
±0.64

60.31
±2.98

64.51
±0.41

59.18
±0.74

Table 8: Test set accuracy evaluated across all samples from unseen users. Note: The results reported in the main
text use only a single test sample per user due to computational constraints.

D Architectural and Initialization863

Enhancements to PReF for864

Reward-Guided Decoding and Dataset865

Considerations866

D.1 Motivation for Architectural Modification867

In our work, we leverage the core principles of868

PReF but introduce a key architectural modification869

and a novel initialization scheme. These changes870

are motivated by the need to adapt PReF from a871

pairwise preference model into a pointwise reward872

model, making it suitable for advanced applications873

such as reward-guided decoding.874

The original PReF model is designed to predict875

a user’s preference for one complete response over876

another. It computes a single score for a pair of877

items, (𝑟1, 𝑟2). However, reward-guided decoding878

requires a scalar reward score for a single, often879

incomplete, sequence at each step of the generation880

process. The original PReF formulation is therefore881

unsuitable for this task.882

To address this, we modified the PReF architec-883

ture to explicitly compute a user-specific reward for884

an individual response, 𝑅(𝑢, 𝑟). This allows us to885

score single candidate sequences during decoding.886

D.2 Original vs. Modified Reward887

Formulation888

The original PReF model calculates a preference889

score 𝑠 for a user 𝑢 and a pair of responses (𝑟1, 𝑟2)890

based on the difference of their feature representa-891

tions:892

𝑠(𝑢, 𝑟1, 𝑟2) = u⊤ (𝜙(𝑟1) − 𝜙(𝑟2)
)

893

Here, 𝜙 is a linear head that projects the LLM’s894

response embeddings into a latent feature space,895

and u is the user’s embedding vector.896

Our modified architecture decomposes this cal- 897

culation into two distinct reward computations: 898

𝑅(𝑢, 𝑟) = u⊤𝜙(𝑟) 899
900

𝑠(𝑢, 𝑟1, 𝑟2) = 𝑅(𝑢, 𝑟1) − 𝑅(𝑢, 𝑟2) 901

While these two formulations are mathematically 902

equivalent in the final forward pass, this decom- 903

position presents a significant challenge for the 904

model’s initialization, which we address with a 905

novel technique. 906

D.3 The Initialization Challenge and Our 907

Solution 908

The PReF methodology uses Singular Value De- 909

composition (SVD) on a (response_pair × user) 910

preference matrix to warm-start the model’s pa- 911

rameters. A key challenge arises because the SVD 912

process yields a single feature vector, v𝑝, for each 913

response pair 𝑝. This vector v𝑝 serves as a proxy 914

for the latent feature difference, 𝜙(𝑟1) − 𝜙(𝑟2). 915

The SVD provides no direct information about 916

the individual feature vectors 𝜙(𝑟1) and 𝜙(𝑟2). To 917

initialize a linear head 𝜙 that operates on individual 918

responses, we leverage the linearity of the projection 919

and work directly in the difference space. 920

We achieve this with the following direct regres- 921

sion algorithm: 922

1. Perform SVD: Perform SVD on the prefer- 923

ence matrix as in the original PReF to obtain 924

the matrix of pairwise feature vectors𝑈𝑆 (rep- 925

resenting 𝜙(𝑟1) − 𝜙(𝑟2) for each pair) and user 926

embeddings 𝑉𝑆 . 927

2. Compute LLM Embedding Differences: 928

For each unique response pair (𝑟1, 𝑟2) in the 929

training data, compute the difference of their 930

frozen LLM embeddings: ediff = e(𝑟1) −e(𝑟2). 931
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Method RM Acc Policy Acc ROUGE-1 ROUGE-L BertScore-F1

Reward Models + ARGS

GenARM 83.89 ± 0.60 71.62 ± 0.85 40.82 ± 0.50 35.13 ± 0.42 68.93 ± 0.25
Global RM 84.96 ± 0.13 66.41 ± 0.13 41.37 ± 0.02 35.87 ± 0.02 68.45 ± 0.00
Global RM-v2 84.69 ± 0.07 79.13 ± 0.57 31.41 ± 0.75 26.40 ± 0.79 67.52 ± 0.56
LoRE 65.60 ± 7.89 67.84 ± 0.50 41.40 ± 0.01 35.86 ± 0.01 68.45 ± 0.01
LoRE-Alt 84.96 ± 0.48 64.63 ± 5.61 35.14 ± 10.81 30.61 ± 9.07 67.10 ± 2.34
MPU 65.26 ± 1.03 60.96 ± 8.54 39.97 ± 2.35 34.43 ± 2.30 67.69 ± 1.26
MPU-Avg 67.30 ± 0.30 60.14 ± 5.50 41.38 ± 0.03 35.83 ± 0.02 68.46 ± 0.01
PAL 53.77 ± 0.28 nan ± nan nan ± nan nan ± nan nan ± nan
PReF 51.46 ± 3.84 66.06 ± 2.55 40.88 ± 0.90 35.26 ± 0.97 68.14 ± 0.56
VPL 43.63 ± 3.77 63.58 ± 4.02 31.04 ± 14.71 26.68 ± 12.78 64.09 ± 5.90

DPO

P-DPO - 77.57 ± 0.92 40.65 ± 0.46 34.56 ± 0.43 68.04 ± 0.24

Baselines

Zero-Shot - - 40.32 ± 0.00 34.77 ± 0.00 67.70 ± 0.00
ICL - 69.46 ± 0.16 38.17 ± 0.20 33.52 ± 0.21 67.14 ± 0.13
ICL-RAG - - 39.95 ± 0.02 35.62 ± 0.02 68.21 ± 0.00

Table 9: ROUGE scores for Qwen2.5-0.5B-Instruct (mean ± std across seeds).

3. Direct Regression on Differences: Construct932

a regression problem where the input matrix933

𝑋 contains all LLM embedding differences934

ediff, and the target matrix 𝑌 contains the cor-935

responding SVD-derived pairwise features v𝑝936

from𝑈𝑆 . Solve for the linear head weights𝑊937

such that:938

𝑊 · (e(𝑟1) − e(𝑟2)) ≈ v𝑝939

4. Bias-Free Linear Regression: A bias-free940

(intercept-free) regression is used to find the941

optimal initial weights𝑊 for the linear head942

𝜙. This approach is mathematically sound943

because:944

• If 𝜙(𝑟) = 𝑊 · e(𝑟), then 𝜙(𝑟1) − 𝜙(𝑟2) =945

𝑊 · (e(𝑟1) − e(𝑟2))946

• Learning 𝑊 from differences is equiva-947

lent to learning it from individual features948

• The lack of bias term means reward val-949

ues have an arbitrary global offset, which950

cancels out in pairwise comparisons951

D.4 End-to-End Training952

Following this warm-start initialization of both953

the user embeddings (from 𝑉𝑆) and the linear re-954

ward head (from our direct regression method), the955

model is trained end-to-end using backpropagation. 956

During training, the model computes individual re- 957

wards 𝑅(𝑢, 𝑟1) and 𝑅(𝑢, 𝑟2) for chosen and rejected 958

responses. The Bradley-Terry preference learning 959

loss is then computed: 960

L = − log𝜎(𝑅(𝑢, 𝑟1) − 𝑅(𝑢, 𝑟2)) 961

where 𝜎 is the sigmoid function. Gradients are 962

backpropagated to fine-tune 𝜙, u, and optionally 963

the LLM encoder if not frozen. 964

This procedure optimizes the true preference 965

learning objective, with the SVD-based initializa- 966

tion serving as a high-quality starting point that 967

accelerates convergence and improves stability. Any 968

imprecision in initialization (such as the arbitrary 969

offset in absolute reward values) is corrected during 970

training. This enhanced methodology preserves the 971

core insights of PReF’s SVD-based initialization 972

while adapting its architecture to support reward- 973

guided decoding. 974

D.5 PReF’s Acknowledged Synthetic 975

Augmentation 976

The original PReF implementation uses a syntheti- 977

cally augmented version of PRISM rather than the 978

natural conversational data. The authors state: 979
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Method RM Acc Policy Acc ROUGE-1 ROUGE-L BertScore-F1

Reward Models + ARGS

GenARM 83.89 ± 0.60 71.24 ± 0.52 43.54 ± 0.74 37.53 ± 0.79 69.99 ± 0.04
Global RM 84.96 ± 0.13 67.17 ± 0.04 45.47 ± 0.02 39.45 ± 0.03 70.32 ± 0.00
Global RM-v2 84.69 ± 0.07 78.73 ± 0.71 32.75 ± 0.78 27.77 ± 0.78 68.27 ± 0.59
LoRE 65.60 ± 7.89 68.49 ± 0.26 45.47 ± 0.03 39.45 ± 0.04 70.32 ± 0.01
LoRE-Alt 84.96 ± 0.48 65.11 ± 6.09 38.55 ± 11.99 33.50 ± 10.30 68.69 ± 2.82
MPU 65.26 ± 1.03 61.97 ± 8.37 44.53 ± 1.59 38.56 ± 1.46 69.76 ± 0.90
MPU-Avg 67.30 ± 0.30 61.15 ± 6.38 45.47 ± 0.04 39.45 ± 0.04 70.31 ± 0.01
PReF 51.46 ± 3.84 67.07 ± 1.74 45.30 ± 0.39 39.30 ± 0.35 70.20 ± 0.18
VPL 43.63 ± 3.77 64.72 ± 3.68 35.19 ± 15.65 30.32 ± 13.94 66.08 ± 6.12

DPO

P-DPO - 77.57 ± 0.92 40.65 ± 0.46 34.56 ± 0.43 68.04 ± 0.24

Baselines

Zero-Shot - - 43.83 ± 0.00 37.89 ± 0.00 69.42 ± 0.00
ICL - 72.98 ± 0.38 43.09 ± 0.25 37.90 ± 0.07 69.50 ± 0.14
ICL-RAG - - 43.96 ± 0.03 39.16 ± 0.01 69.96 ± 0.00

Table 10: ROUGE scores for Qwen2.5-1.5B-Instruct (mean ± std across seeds).

“However, the original PRISM dataset980

cannot be used directly because it was981

collected in a way that prevents over-982

lap between users and prompts, which983

is necessary for our method. Therefore,984

we augmented it with synthetic annota-985

tions via the protocol described in PER-986

SONA, resulting in 50 user preferences987

per prompt.”988

They leverage the PERSONA protocol (TODO989

cite), which uses LLMs as judges to simulate user990

preferences. The code snippet confirms this syn-991

thetic generation approach:992

def get_preference_prism(993

user_description,994

prompt,995

response_1,996

response_2):997

prompt1=prompts.PRISM_no_confidence.\998

format(999

prompt=prompt,1000

user_description=user_description,1001

response_1=response_1,1002

response_2=response_2,1003

)1004

pref1 = get_completion(1005

prompt1,1006

system_prompt=None, 1007

model="gpt-4o-mini", 1008

temp=0.0 1009

) 1010

Code can be found in github codebase 1011

idanshen/PReF_code on line 78 in file 1012

PReF_code/utils/data.py. This can be found 1013

here. 1014

D.6 Data Structure Analysis 1015

Analysis of their dataset reveals a perfectly uniform 1016

structure: 1017

Total training samples: 90,450 1018

Unique (prompt, 𝑟1, 𝑟2) triples: 1,809 1019

Unique users: 1,200 1020

Users per prompt triple: Exactly 50 (zero vari- 1021

ance) 1022

Average samples per user: 75.4 1023

This perfect uniformity demonstrates artificial con- 1024

struction. 1025

D.7 Real PRISM Conversational Data 1026

In contrast, the real PRISM dataset (TODO cite) 1027

consists of: 1028

• Natural multi-turn conversations between 1029

users and AI assistants 1030

14
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Method RM Acc Policy Acc ROUGE-1 ROUGE-L BertScore-F1

Reward Models + ARGS

GenARM 83.89 ± 0.60 71.34 ± 0.56 43.30 ± 0.96 37.22 ± 0.99 69.94 ± 0.13
Global RM 84.96 ± 0.13 68.28 ± 0.00 45.14 ± 0.03 39.20 ± 0.02 70.53 ± 0.01
Global RM-v2 84.69 ± 0.07 78.02 ± 0.94 36.43 ± 1.99 30.36 ± 1.77 68.25 ± 0.43
LoRE 65.60 ± 7.89 69.65 ± 0.31 45.14 ± 0.03 39.21 ± 0.02 70.53 ± 0.01
LoRE-Alt 84.96 ± 0.48 65.76 ± 6.60 39.74 ± 9.42 34.26 ± 8.65 68.77 ± 3.07
MPU 65.26 ± 1.03 63.46 ± 8.11 44.75 ± 0.75 38.62 ± 0.97 70.22 ± 0.49
MPU-Avg 67.30 ± 0.30 63.16 ± 6.70 45.16 ± 0.05 39.25 ± 0.03 70.56 ± 0.04
PReF 51.46 ± 3.84 68.79 ± 0.70 44.99 ± 0.29 39.10 ± 0.16 70.45 ± 0.12
VPL 43.63 ± 3.77 66.75 ± 2.33 36.00 ± 14.93 30.90 ± 13.64 66.71 ± 6.07

DPO

P-DPO - 77.57 ± 0.92 40.65 ± 0.46 34.56 ± 0.43 68.04 ± 0.24

Baselines

Zero-Shot - - 44.86 ± 0.00 38.67 ± 0.00 70.28 ± 0.00
ICL - 75.67 ± 0.44 45.63 ± 0.04 40.14 ± 0.05 70.47 ± 0.06
ICL-RAG - - 46.82 ± 0.03 41.38 ± 0.04 71.14 ± 0.00

Table 11: ROUGE scores for Qwen2.5-3B-Instruct (mean ± std across seeds).

• Real human preferences expressed through1031

dialogue1032

• Sparse preference matrix (unique conversation1033

contexts)1034

• No systematic overlap between users and1035

prompts1036

Our implementation extracts genuine conversa-1037

tional preferences, yielding ∼27K training samples.1038

D.8 Comparison and Implications1039

PReF’s “PRISM” dataset differs fundamentally1040

from real PRISM data across multiple dimensions.1041

While PReF uses synthetic data generated by GPT-1042

4o-mini with simulated demographic preferences,1043

real PRISM captures authentic human conversa-1044

tions and actual user choices. The synthetic dataset1045

exhibits a dense matrix structure with exactly 501046

users per item, enabling high controllability and1047

strong SVD performance, whereas real PRISM1048

data is characterized by sparse, unique contexts1049

with natural variation that yields weaker SVD re-1050

sults. PReF’s dataset contains over 90K samples1051

compared to 27K in the real data, but this larger1052

volume comes at the cost of realism—the synthetic1053

patterns may not generalize to authentic human1054

behavior in the way that real PRISM’s genuine user1055

interactions do.1056

D.9 Implications for Reproducibility and 1057

Comparison 1058

Key points: 1059

1. Not an apples-to-apples comparison—PReF’s 1060

dense setup differs fundamentally from real 1061

sparse data. 1062

2. SVD initialization performs better in dense 1063

synthetic matrices. 1064

3. Training dynamics differ due to uniform syn- 1065

thetic distribution. 1066

4. Evaluation on simulated preferences may not 1067

generalize to real human data. 1068

D.10 Methodological Considerations and 1069

Design Choices 1070

PReF’s reliance on dense user-item overlap is intrin- 1071

sic to collaborative filtering. Sparse real data poses 1072

challenges but reflects real-world personalization. 1073

Design options: 1074

• Match PReF: Use synthetic PERSONA-style 1075

preferences for strong SVD initialization. 1076

• Use Real Data: Accept weaker SVD signals, 1077

require stronger regularization and robust train- 1078

ing. 1079
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Method RM Acc Policy Acc ROUGE-1 ROUGE-L BertScore-F1

Reward Models + ARGS

GenARM 83.89 ± 0.60 72.08 ± 0.58 45.17 ± 0.53 39.18 ± 0.56 70.52 ± 0.11
Global RM 84.96 ± 0.13 69.08 ± 0.04 45.96 ± 0.04 40.15 ± 0.02 70.75 ± 0.01
Global RM-v2 84.69 ± 0.07 78.44 ± 0.90 38.91 ± 4.31 33.43 ± 3.62 68.96 ± 0.91
LoRE 65.60 ± 7.89 70.97 ± 0.35 45.97 ± 0.03 40.16 ± 0.03 70.75 ± 0.00
LoRE-Alt 84.96 ± 0.48 66.52 ± 7.25 41.07 ± 8.42 35.66 ± 7.82 69.10 ± 2.89
MPU 65.26 ± 1.03 64.82 ± 8.31 45.56 ± 0.66 39.78 ± 0.66 70.45 ± 0.47
MPU-Avg 67.30 ± 0.30 64.02 ± 6.99 45.92 ± 0.04 40.14 ± 0.02 70.75 ± 0.01
PReF 51.46 ± 3.84 70.04 ± 0.45 45.82 ± 0.18 40.01 ± 0.23 70.71 ± 0.08
VPL 43.63 ± 3.77 67.82 ± 2.50 37.57 ± 14.22 32.64 ± 12.70 67.53 ± 5.39

DPO

P-DPO - 77.57 ± 0.92 40.65 ± 0.46 34.56 ± 0.43 68.04 ± 0.24

Baselines

Zero-Shot - - 45.46 ± 0.00 39.23 ± 0.00 70.20 ± 0.00
ICL - 74.74 ± 0.25 47.42 ± 0.22 42.24 ± 0.26 71.54 ± 0.11
ICL-RAG - - 48.90 ± 0.02 43.81 ± 0.01 72.20 ± 0.00

Table 12: ROUGE scores for Qwen2.5-7B-Instruct (mean ± std across seeds).

• Hybrid: Augment sparse real data with syn-1080

thetic overlap.1081

Our Choice: We prioritize authenticity by using1082

real PRISM conversational preferences in their1083

natural sparse form, tackling the more difficult—but1084

more realistic—personalization problem.1085

E LoRe Architecture1086

LoRE is a pairwise preference learning method1087

introduced in LoRe: Personalizing LLMs via Low-1088

Rank Reward Modeling (?). It learns a reward1089

function from preference data, where each datapoint1090

consists of a user input and two responses, one1091

preferred over the other.1092

Unlike methods that train a binary classifier to1093

predict which response is better, LoRE optimizes1094

a logistic loss over the difference of reward val-1095

ues assigned to the preferred and dispreferred re-1096

sponses.1097

E.1 Architecture1098

The LoRE architecture consists of two key compo-1099

nents:1100

Feature Extractor A shared feature extractor 𝜙1101

(typically a pretrained language model) processes1102

the input 𝑥 and response 𝑦 to produce 𝐾 base reward1103

scores: 𝑅𝜙 (𝑥, 𝑦) ∈ R𝐾 .1104

User-Specific Weights For each user, we learn a 1105

low-rank weight vector 𝑤 ∈ R𝐾 that linearly com- 1106

bines these base rewards to produce a personalized 1107

scalar reward: 1108

𝑅𝑤 (𝑥, 𝑦) = 𝑤⊤𝑅𝜙 (𝑥, 𝑦) (9) 1109

This architecture allows the model to learn a 1110

shared representation of reward dimensions through 1111

𝜙, while capturing individual user preferences 1112

through the lightweight weight vectors 𝑤. 1113

E.2 Original Loss Formulation 1114

For a preference pair (𝑥, 𝑦+, 𝑦−) where 𝑦+ is pre- 1115

ferred over 𝑦−, the loss uses the difference of per- 1116

sonalized rewards: 1117

LLoRE = log(1+exp(−𝑤⊤ [𝑅𝜙 (𝑥, 𝑦+)−𝑅𝜙 (𝑥, 𝑦−)]))
(10) 1118

This encourages the model to assign a higher 1119

personalized reward to the preferred response 𝑦+ 1120

over the dispreferred one 𝑦−. 1121

E.3 Two Training Algorithms 1122

The paper introduces two variants: 1123

LoRE Trains both user-specific weights 𝑤 and 1124

the feature extractor 𝜙 simultaneously in a single 1125

optimization step. This approach was used for the 1126

TL;DR dataset in the original implementation. 1127
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LoRE-Alt Uses an alternating optimization strat-1128

egy: for each batch, it takes one gradient step on1129

the user-specific weights 𝑤 (freezing the feature1130

extractor 𝜙), then one step on the feature extractor1131

𝜙 (freezing the weights 𝑤). This approach was1132

used for more complex datasets in the original1133

implementation.1134

LoRE-Alt also leverages an off-the-shelf reward1135

model (Skywork RM) and includes a regularization1136

term to prevent the learned model from deviating too1137

far from the pretrained baseline. However, since1138

we train our Qwen2.5-0.5B model from scratch1139

without a pretrained reward model, we omit this1140

regularization.1141

Note: The original codebase does not success-1142

fully reproduce results on the PRISM dataset.1143

E.4 our Variant: Equivalent Log-Sigmoid1144

Loss1145

In our implementation, we instead use:1146

loss = -F.logsigmoid(reward_diff).mean()1147

where:1148

reward_diff = w.T @ (1149

R_phi(x, y^+) - R_phi(x, y^-)1150

)1151

This is mathematically equivalent to the original1152

logistic loss, since:1153

− log(𝜎(𝑥)) = log(1 + exp(−𝑥)) (11)1154

The logsigmoid loss is a numerically stable,1155

PyTorch-friendly implementation of the same core1156

principle. This change does not affect the training1157

dynamics or final optimization target—it is purely1158

an implementation detail.1159

E.5 Architectural Equivalence1160

In the original LoRE paper, the reward model can1161

be formulated to take the difference of features1162

directly:1163

𝑤⊤ [𝜙(𝑥, 𝑦+) − 𝜙(𝑥, 𝑦−)] (12)1164

In our implementation, we compute the re-1165

ward separately on each response using the1166

𝐾-dimensional feature extractor, then take the1167

weighted difference:1168

𝑤⊤𝑅𝜙 (𝑥, 𝑦+) − 𝑤⊤𝑅𝜙 (𝑥, 𝑦−) (13)1169

These formulations are mathematically identical1170

due to the linearity of the inner product:1171

𝑤⊤ [𝑅𝜙 (𝑥, 𝑦+) − 𝑅𝜙 (𝑥, 𝑦−)] = (14)1172

𝑤⊤𝑅𝜙 (𝑥, 𝑦+) − 𝑤⊤𝑅𝜙 (𝑥, 𝑦−) (15)1173

This equivalence holds because the personaliza- 1174

tion layer (the 𝑤 weights) is linear in the feature 1175

space. 1176

E.6 ARGS Support 1177

LoRE also supports Alignment as Reward-Guided 1178

Search (ARGS), where generation is guided at 1179

decoding time using the learned reward model. In 1180

our implementation, we enable ARGS as a runtime 1181

decoding strategy by plugging in the learned reward 1182

model as a plug-and-play scoring function. 1183

This is implemented by scoring candidate contin- 1184

uations during beam or sampling-based decoding 1185

using the personalized reward: 1186

𝑅𝑤 (𝑥, 𝑦candidate) = 𝑤⊤𝑅𝜙 (𝑥, 𝑦candidate) (16) 1187

This allows us to steer generation toward re- 1188

sponses that maximize the learned user-aligned re- 1189

ward signal, without requiring reinforcement learn- 1190

ing or sampling from a reward-shaped distribution. 1191

E.7 Known Reproduction Issues 1192

It is a known issue that LoRe released code does 1193

not reproduce their results on the PRISM dataset 1194

due to issues in dataset preparation that confalted 1195

reported results. 2. This can be found here. 1196

F Hyperparameters 1197

F.1 Reward Modelling 1198

For the TLDR dataset, all models were trained with 1199

a LoRA of rank 8 and LoRA alpha of 16. rsLora 1200

was used for initializaiton. The backbone (LoRA 1201

module) was 5 × 10−5. Different models decoder 1202

used varying hyperparameters as listed below: 1203

1. LoRe: decoder LR=0.5, latent dim=2 1204

2. MPU & MPU-Avg: decoder LR=1 × 10−3 1205

3. PAL: default hyperparameters from original 1206

implementation. Topic/Query projectors with 1207

LR=1 × 10−4 and weight decay of 0.01 and 1208

user weights with LR=5×10−3 without weight 1209

decay. Finally, latent dimension was 2 1210

4. P-DPO: Number of soft tokens = 8 1211

5. PReF: decoder LR was 1 × 10−3 and weight 1212

decay of 0.02. Latent dimension was 2 1213

2https://github.com/facebookresearch/LoRe/
issues/1
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6. Vanilla & Vanilla-V2: decoder (reward MLP)1214

was trained with LR=1 × 10−41215

7. VPL: used original implementation hyperpa-1216

rameters. The VAE component was trained1217

with LR=1 × 10−4. MLP used same LR and1218

weight decay of 0.0011219

For PRISM, and Pref-LaMP5 dataset, same hyper-1220

parameters were used with the differences of:1221

1. LoRe: latent dimension = 81222

2. LoRe-Alt: same learning rates but latent di-1223

mension = 201224

3. PReF: latent dimension = 81225

4. PAL: latent dimension = 81226

F.2 ARGS1227

To find the best weight hyperparameter for ARGS1228

on TLDR and PRISM dataset, we maximized the1229

policy accuracy metric over the seen/train users test1230

split for each trained model. We found that this1231

is necessary since reward models trained using1232

the same algorithm can converge to producing1233

rewards of different magnitudes. For LaMP-5,1234

we used the harmonic mean of rouge-1, inverse1235

perplexity (coherence), and policy accuracy to find1236

the best weight which is subsequently used during1237

generation.1238

G Use of AI1239

We used AI assistance in two capacities during this1240

work:1241

Code development: We used Cursor IDE with1242

AI-assisted code completion during implementa-1243

tion. All AI-generated code suggestions were man-1244

ually reviewed and verified before integration into1245

the codebase.1246

Writing assistance: We used large language1247

models to help articulate technical concepts and im-1248

prove clarity of exposition. The conceptual content,1249

experimental design, results, and conclusions are1250

entirely our own work. AI assistance was limited1251

to rephrasing and refining presentation of ideas we1252

specified.1253

All scientific claims, experimental results, and in-1254

tellectual contributions in this paper are the original1255

work of the authors.1256
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