
UNA: A Unified Supervised Framework for Efficient LLM Alignment
Across Feedback Types

Anonymous ACL submission

Abstract001

RL alignment methods, including RLHF and002
DPO, are primarily based on pairwise prefer-003
ence data. Although scalar or score-based feed-004
back has been collected in some settings, it005
is rarely used directly, and preference magni-006
tude information is typically ignored. Further-007
more, current alignment frameworks offer lim-008
ited capability for unifying heterogeneous su-009
pervision signals, making it difficult to jointly010
leverage diverse data types within a single train-011
ing paradigm. This limitation constrains the012
richness and scalability of the alignment pro-013
cess. To address this gap, we propose a UNified014
Alignment (UNA) framework capable of train-015
ing across different types of feedback, includ-016
ing binary, pairwise, and score-based, through017
a generalized implicit reward function. The018
reward function is theoretically proved to be019
the optimal policy by the log sum inequality.020
Extensive experiments on classical benchmarks021
consistently demonstrate the advantage of the022
proposed unified framework with typical LLM023
base models.024

1 Introduction025

LLMs are deployed in diverse, real-world settings026

where feedback is rarely uniform. Therefore, it is027

important to achieve alignment training across dif-028

ferent types of supervision signals. Heterogeneous029

data, such as the pairwise preference data, score030

feedback, Likert-scale human ratings, and domain-031

specific evaluation metrics, capture different facets032

of human expectations. A framework that can unify033

these heterogeneous data sources enables models034

to leverage substantially richer information and re-035

duces reliance on any single annotation paradigm.036

Score-based feedback encodes the degree or in-037

tensity of preference, offering more fine-grained038

guidance than binary comparisons. Several datasets039

already provide such score signals. For exam-040

ple, OpenAI’s WebGPT (Nakano et al., 2021) in-041

cludes Likert-scale human ratings of quality; An-042

thropicHH 1 dataset has multi-level preference la- 043

bels; UltraFeedback (Cui et al., 2023) provides 044

0–10 quality ratings across multiple dimensions; 045

and HelpSteer (Wang et al., 2024d) and HelpSteer 046

2 (Wang et al., 2024c) include numeric helpfulness 047

and safety scores. These datasets include informa- 048

tive supervision signals, yet few alignment methods 049

can utilize score-based feedback. 050

Especially, there is no unified framework that in- 051

tegrates diverse forms of feedback. Existing meth- 052

ods often require separate training pipelines for 053

each feedback type, e.g., Reinforcement Learning 054

from Human Feedback (RLHF) (Ouyang et al., 055

2022) with PPO for rewards, Direct Preference 056

Optimization (DPO) (Rafailov et al., 2023) for pair- 057

wise data. Little work has been done to unify di- 058

verse forms of feedback into a single training ob- 059

jective. This allows training to proceed under one 060

consistent optimization framework and has the po- 061

tential to utilize a broader supervision space for 062

more robust and effective alignment. 063

RLHF, as shown in Figure 1(b), is a two-stage 064

process. First, a Reward Model (RM) is trained on 065

pairwise preference data. Next, the LLM policy 066

is fine-tuned through RL, typically using proximal 067

policy optimization (PPO) (Schulman et al., 2017), 068

where the RM evaluates the generated responses. 069

However, RLHF faces several limitations: over- 070

fitting in RM training (Zhu et al., 2024; Huyen, 071

2023), unstable RL fine-tuning (Ma et al., 2024; 072

Byun et al., 2024), and high memory requirements 073

for maintaining multiple models (policy, reference 074

policy, RM, and value model) (Wang et al., 2024a). 075

DPO simplifies this by mathematically establish- 076

ing a mapping between the RM and the optimal 077

policy, combining the RM and RL training into a 078

single, stable binary classification problem (Figure 079

1(c)). This eliminates the need for an explicit RM 080

and reduces memory costs. The policy is optimized 081

1https://huggingface.co/datasets/Anthropic/hh-rlhf
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Figure 1: A figure comparison among (a). UNA, (b) RLHF, (c) DPO and (d) KTO. Each subfigure is composed of
four types of data: “prompt data", “preference feedback", “binary feedback" and “score feedback", “LLM policy",
“response", two reward models: “generalized implicit reward model" and “explicit reward model" and a module to
minimize the difference between implicit and explicit rewards. The connection between data to other modules are
utilizing green dash arrow, while others are connected by black solid arrow. All unused modules are grayed out. In
part (b), RLHF firstly utilizes preference feedback to train the explicit reward model, and then use the evaluation
provided by the explicit reward model to continuous optimize the policy in a online mode. In comparison, in part (c)
and (d), DPO and KTO utilize preference feedback and binary feedback respectively to generate implicit reward to
align LLM policy. However, in part (a), UNA can utilize different types of data to get the generalized implicit and
explicit rewards and minimize their differences to align LLM policy in both online and offline modes.

using the difference in implicit rewards calculated082

for desired and undesired responses. Kahneman-083

Tversky Optimization (KTO) (Ethayarajh et al.,084

2024) extends DPO to use binary feedback for de-085

sired and undesired responses (Figure 1(d)). De-086

spite their efficiency, both DPO and KTO require087

labeled training data for direct supervised optimiza-088

tion, whereas RLHF/PPO relies on a learned RM089

to guide policy optimization.090

We propose UNA, a method capable of training091

with different data types, addressing the limitations092

of RLHF/PPO, DPO, and KTO. We design an im-093

plicit reward model in UNA and prove that the094

optimal policy π∗
θ(y|x) for the RLHF objective is095

achieved when the implicit reward model is sat-096

isfied. Based on this generalized implicit reward,097

UNA unifies RLHF/PPO, DPO, and KTO into a098

supervised learning framework that minimizes the099

difference between an implicit reward and an ex-100

plicit reward (Figure 1(a)). The explicit reward can101

be derived from human labelers, reward functions, 102

or LLMs. UNA reformulates alignment by replac- 103

ing PPO-based reinforcement learning in conven- 104

tional RLHF pipelines with a supervised learning 105

objective that minimizes the differences between 106

an implicit reward derived from the policy and an 107

explicit reward signal, enabling more stable and 108

computationally efficient training. 109

This paper has the following contributions: 110

(1) We propose UNA, a unified alignment frame- 111

work that reformulates RLHF/PPO, DPO, and KTO 112

within a supervised learning paradigm, which can 113

flexibly accommodate diverse feedback types, in- 114

cluding pairwise, binary, and scalar rewards, under 115

both online and offline training settings. 116

(2) We mathematically prove that the optimal 117

policy derived from the RLHF objective func- 118

tion is induced by the reward function rθ(x, y) = 119

β log
(

πθ(y|x)
πref(y|x)

)
. 120

(3) We conduct comprehensive experiments 121
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across multiple benchmark datasets and show that122

UNA surpasses DPO and KTO across different123

tasks. It achieves this while simplifying the RL124

fine-tuning process in RLHF/PPO, improving sta-125

bility, and significantly reducing memory overhead.126

2 Related Work127

The LLM field has been transformed by large-scale128

pretraining with billions of parameters and trillions129

of tokens (OpenAI et al., 2024; Anthropic, 2024;130

Team et al., 2023). After pretraining, SFT is ap-131

plied to enhance performance on downstream tasks.132

However, pretraining and SFT alone cannot resolve133

bias and ethical issues inherent in the training data134

(OpenAI et al., 2024).135

To address these challenges, RLHF with PPO136

has been widely adopted to align LLMs, including137

GPT and Claude (Ouyang et al., 2022; Bai et al.,138

2022a). Despite its effectiveness, RLHF/PPO suf-139

fers from high memory usage, instability, and multi-140

stage training complexity, including separate RM141

training and RL fine-tuning (Rafailov et al., 2023).142

To reduce the cost of human labeling, AI feedback143

can replace human feedback in a method called144

RLAIF (Bai et al., 2022b; Lee et al., 2023). RLOO,145

in contrast, considers PPO overkill for pretrained146

LLMs and provides a simpler alignment alternative147

(Ahmadian et al., 2024).148

RLHF and RLAIF remain complex, unstable,149

and memory-intensive; GRPO addresses these is-150

sues by removing the PPO value model and using151

the average reward as the advantage baseline (Shao152

et al., 2024). In DAPO (Yu et al., 2025), the au-153

thors utilized (i) a higher ceiling clip, (ii) dynamic154

sampling, (iii) token-level policy gradient loss, and155

(iv) overlong reward shaping to improve the sta-156

bility of GRPO. GSPO replaces (i) the token-level157

importance ratio with a sequence-level importance158

ratio and (ii) routing replay to stabilize the expert159

choice in GRPO (Zheng et al., 2025).160

Simplifying RLHF: DPO and Variants DPO sim-161

plifies RLHF by mapping the optimal policy to162

the reward model in a single step, transforming163

unstable RL training into a binary classification164

problem (Rafailov et al., 2023). DPOP (Pal et al.,165

2024) mathematically demonstrates that the reward166

of desired responses may decrease during DPO167

and introduces a maximum term to prevent this.168

IPO identifies that under nearly deterministic con-169

ditions, the KL divergence constraint imposed by β170

may become ineffective, potentially leading to over-171

fitting, and proposes a new loss term to mitigate 172

this (Azar et al., 2023). Sequential DPO (sDPO) 173

divides the dataset into splits and aligns the model 174

sequentially, achieving better performance than us- 175

ing the entire dataset at once (Kim et al., 2024). 176

Iterative DPO leverages the LLM as both response 177

generator and evaluator to iteratively improve itself 178

(Yuan et al., 2024; Xu et al., 2024). TDPO provides 179

token-level rewards to refine generation (Rafailov 180

et al., 2024; Zeng et al., 2024). 181

Merging SFT with Alignment Several works inte- 182

grate SFT with alignment. For example, ORPO 183

introduces a loss function that increases the ra- 184

tio of desired over undesired responses, achieving 185

the goals of both SFT and alignment (Hong et al., 186

2024). PAFT conducts SFT and alignment in par- 187

allel and merges the results afterward (Pentyala 188

et al., 2024). R-DPO (Park et al., 2024) and SimPO 189

(Meng et al., 2024) address the verbosity problem 190

in outputs, using length-control methods to reduce 191

response length while maintaining performance. 192

Feedback Types: Pairwise, Binary, and Ranking 193

Early work focused on pairwise datasets, which are 194

costly to collect. Binary feedback, such as “thumbs 195

up” or “thumbs down,” is easier to obtain. KTO 196

leverages human preference between desired and 197

undesired responses for effective binary feedback 198

alignment (Ethayarajh et al., 2024), while DRO 199

optimizes binary feedback by estimating policy 200

and value functions sequentially (Richemond et al., 201

2024). Nash learning models LLM improvement 202

as a min-max problem, addressing intransitivity in 203

human preferences through iterative optimization 204

(Munos et al., 2024), though at the cost of increased 205

training time. SPPO uses a single model to simulate 206

both sides of a competitive setup (Wu et al., 2024). 207

Ranking-based approaches, such as LiPO (Liu 208

et al., 2024), RRHF (Yuan et al., 2023), and PRO 209

(Song et al., 2024), utilize the ranking of response 210

lists and relative scores. RPO minimizes KL di- 211

vergence between predicted and labeled rewards, 212

aligning closely with the method proposed in this 213

work (Nvidia et al., 2024). 214

Open Challenges Despite these advances, several 215

challenges remain: (i) No unified method currently 216

combines RLHF and DPO; (ii) There is no unified 217

framework that integrates diverse forms of feed- 218

back, including pairwise, binary, and listwise rank- 219

ing. These limitations motivate the development 220

of UNA, which aims to unify and simplify LLM 221

alignment methods such as PPO, DPO, and KTO, 222

while improving training stability and efficiency 223
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compared to conventional RLHF pipelines. Unlike224

RLHF, which relies on reinforcement learning with225

an explicit reward optimization loop, UNA formu-226

lates alignment as a supervised learning problem.227

This design enables more stable training dynamics228

and higher computational efficiency while retaining229

alignment effectiveness.230

3 UNified Alignment (UNA) Framework231

We introduce UNA, which derives a general loss232

function that reformulates RLHF/PPO, DPO, and233

KTO under a unified supervised learning frame-234

work, allowing UNA to leverage different types235

of feedback data. We further compare UNA with236

existing techniques and show the relationship of237

UNA to DPO, KTO, and RLHF/PPO.238

3.1 UNA via Implicit Reward Modeling239

Inspired by the idea of DPO, we propose a new rela-240

tionship between the implicit reward model and the241

optimal policy for a unified alignment framework,242

including RLHF/PPO, DPO, and KTO on different243

types of data. By adhering to the same objective244

outlined in RLHF (Equation 1), we formulate a245

novel connection between the implicit reward func-246

tion and the optimal policy, as shown in Equation 2.247

The derivation can be found in Section 4 through248

log-sum inequality. A more general derivation of249

UNA, which arrives at the same result as DPO, is250

presented in Section D.251

π∗
θ(y|x) = argmax

πθ

Ex∼D

[
Ey∼πθ(·|x)[rϕ(x, y)]

−β DKL(πθ(· | x) ∥πref(· | x))
]
(1)

252

rθ(x, y) = β log

(
πθ(y|x)
πref(y|x)

)
(2)253

The optimal implicit reward formulation in Equa-254

tion 2 implies that we can transform the original255

unstable, memory-expensive RL training process256

into a reward function optimization problem, i.e.,257

a stable and memory-efficient supervised learn-258

ing process. The explicit rewards in the original259

RL training process can be derived from multi-260

ple methods in both online and offline modes, in-261

cluding human labeling, LLM-as-a-Judge, and a262

reward model. Eventually, the RL fine-tuning pro-263

cess is transformed into a general minimization264

problem between explicit reward rϕ(x, y) and im-265

plicit reward rθ(x, y) as shown in Equation 3 where266

g(x1, x2) refers to a general function that measure 267

the difference between x1 and x2 like MSE. 268

The implicit and explicit rewards may be de- 269

fined on different numerical scales. For example, 270

the explicit reward can be provided on a scale of 271

[0, 1, 2, 3, 4, 5], while the implicit reward is [−1, 1]. 272

To ensure meaningful comparison and stable opti- 273

mization, rewards are normalized before training 274

so that implicit and explicit rewards are aligned on 275

a common scale before the difference is calculated. 276

LUNA-reward(πθ) = E(x,y)∼D[g(rϕ(x, y), rθ(x, y))]
(3) 277

Leveraging this general implicit reward function, 278

UNA can be applied in both online and offline 279

modes. Figure 2 illustrates UNA’s applications to 280

various data types and its simplification of RLHF. 281

3.1.1 Offline UNA 282

In Offline UNA, prompts, responses, and their cor- 283

responding explicit rewards (x, y, r) are gathered 284

before training. These explicit rewards can encom- 285

pass pairwise feedback, binary feedback, and score- 286

based feedback, all of which the UNA framework 287

is designed to handle seamlessly. Offline UNA en- 288

compasses: (i) equivalence to DPO for pairwise 289

preference dataset; (ii) compatibility with binary 290

feedback, and (iii) accommodation of score-based 291

feedback. 292

Equivalence to DPO for Pairwise Datasets For 293

pairwise datasets, the implicit rewards of desired 294

and undesired responses can be derived as shown 295

in Figure 2(a). Then, the LLM policy is aligned 296

by maximizing the difference of implicit rewards 297

between desired and undesired responses. It is 298

equivalent to DPO as the loss function is the same 299

as long as g(x) = log[σ(x)] is applied to the differ- 300

ence of implicit rewards of desired and undesired 301

responses in Equation 3. 302

Compatibility with Binary Feedback For bi- 303

nary feedback, the positive and negative feedback 304

can be transformed into explicit scores. Positive 305

or ’thumbs up’ data can be assigned an explicit 306

reward score of 1, i.e., rϕ(x, yw) = 1. In contrast, 307

negative or ’thumbs down’ data can be assigned an 308

explicit reward score of 0, i.e., rϕ(x, yl) = 0. Af- 309

terward, the implicit reward is first estimated, and 310

then its difference from the explicit reward model 311

is minimized on a pointwise basis, which contrasts 312

with preference-based feedback. Because the ex- 313

plicit feedback is binary, a normalization function 314
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LLM Policy: 
πθ(y|x) Response: y

Minimize 
Difference: 

g(rθ(x, y), rΦ(x, y))

Explicit Reward 
Model: 
rΦ(x, y)

Generalized
Implicit Reward 
Model: rθ(x, y)

Prompt Data: 
x

Preference 
Feedback: 

yw>yl

Binary 
Feedback: y, 

r∈{0,1}

Score 
Feedback: y, 

r∈[0,1]

(a). UNA: equivalent to DPO for pairwise data

LLM Policy: 
πθ(y|x) Response: y

Minimize 
Difference: 

g(rθ(x, y), rΦ(x, y))
Explicit Reward 
Model: rΦ(x, y)

Generalized
Implicit Reward 
Model: rθ(x, y)

Prompt Data: 
x

Preference 
Feedback: 

yw>yl

Binary 
Feedback: y, 

r∈{0,1}

Score 
Feedback: y, 

r∈[0,1]

(b). UNA: RM/LLM distillation for score-based data

LLM Policy: 
πθ(y|x)

Response: y

Minimize 
Difference: 

g(rθ(x, y), rΦ(x, y))

Explicit Reward 
Model: rΦ(x, y)

Generalized 
Implicit Reward 
Model: rθ(x, y)

Prompt Data: 
x

Preference 
Feedback: 

yw>yl

Binary 
Feedback: y, 

r∈{0,1}

Score 
Feedback: y, 

r∈[0,1]

(c). UNA: simplification of RLHF for online training

Figure 2: The two applications of UNA: Offline UNA and Online UNA. Offline UNA includes (a). equivalent
to DPO for pairwise data, (b). RM/LLM-as-a-Judge distillation for score-based data. Online UNA includes (c).
simplification of RLHF for online training. The same modules are utilized as in Figure 1, and unused modules are
grayed out. For part (a), the same steps as DPO will be utilized. For part (b), (c), from the different types of data,
including pairwise, binary, and score-based feedback, implicit and explicit rewards are firstly gathered. Then, the
difference between implicit and explicit rewards is minimized to align the LLM policy.

should be utilized on the implicit reward function315

beforehand. Considering the implicit and explicit316

rewards, multiple loss functions can be formulated,317

like MSE and BCE.318

Accommodation of Score-based Feedback Re-319

searchers have utilized LLM-as-a-Judge and RM320

to evaluate responses by outputting score-based321

rewards according to predefined standards. If the322

score-based evaluations are accurate enough, they323

can be an extra information to utilize for align-324

ment, compared with binary or preference feed-325

back. When the tuple type of data (prompt, re-326

sponse, explicit reward) is provided, the prompt327

and response are utilized to calculate implicit re-328

ward as shown in Equation 2, and the model is329

aligned by minimizing the difference between im-330

plicit and explicit rewards as shown in Figure 2(b).331

Because the explicit rewards from RM and LLM332

are not binary, usually a score in the interval [0, 1].333

As a result, only MSE can be used as the loss func-334

tion, excluding BCE. In particular, when LLM-as-335

a-Judge is utilized for evaluation, it can be regarded336

as an offline version of RLAIF.337

3.1.2 Online UNA338

Online UNA generates responses y on-the-fly from339

the current policy given sampled prompts x, and340

computes rewards r based on the resulting (x, y)341

pairs via a learned RM. This framework aligns342

closely with RLHF but offers a more streamlined343

and stable approach to the RLHF process. Online344

UNA features improvement over RLHF in the RL345

fine-tuning stage by replacing PPO with a super-346

vised learning process.347

Simplification of RLHF When utilizing a reward348

model for online evaluation, UNA greatly sim- 349

plifies the RL fine-tuning stage of RLHF/PPO as 350

shown in Figure 2(c). Assuming the reward model 351

has already been trained, the focus shifts exclu- 352

sively to the RL fine-tuning stage. Prompts are first 353

sent to the current policy for online response gen- 354

eration and implicit reward estimation. Then, the 355

prompt and response are sent to the reward model 356

for explicit reward estimation. The last step mini- 357

mize the differences between implicit and explicit 358

rewards to align the LLM policy. Eventually, the 359

original RL objective in Equation 1 can be trans- 360

formed to difference minimization, like the MSE 361

of implicit reward and explicit reward. 362

UNA has several benefits over PPO in the RL 363

fine-tuning stage. First, it transforms the original 364

unstable RL problem into a stable supervised learn- 365

ing problem by minimizing the difference between 366

implicit and explicit rewards. Second, UNA re- 367

moves the necessity of a value model in PPO, and 368

partially reduces memory cost. Finally, the compu- 369

tation cost of MSE is much lower compared with 370

the multiple terms in PPO to maintain performance. 371

As a result, UNA will speed up the training process. 372

3.2 Theoretical Relationship of UNA to DPO 373

and RLHF 374

UNA and DPO The implicit rewards of UNA is 375

presented in Equation 2, DPO in Equation 4. The 376

key difference between them lies in the presence 377

of the β logZ(x) term. Specifically, the implicit 378

reward used in UNA can be viewed as a special 379

case of DPO, where the partition function Z(x) = 380∑
y πref(y|x) exp

(
1
β rθ(x, y)

)
is equal to 1. This 381

condition is exactly satisfied when the reward func- 382
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tion takes the form rθ(x, y) = β log
(

πθ(y|x)
πref(y|x)

)
.383

Therefore, the optimal implicit reward function in384

UNA can be interpreted as a special case—and a385

strict subset—of the optimal implicit reward func-386

tion used in DPO.387

rθ(x, y) = β log

(
πθ(y|x)
πref(y|x)

)
+ β logZ(x) (4)388

Since Z(x) is generally intractable, DPO389

sidesteps this issue by employing pairwise pref-390

erence comparisons, which allow the partition term391

to cancel out. However, this approach precludes392

the use of pointwise preference data, which of-393

ten carries richer information. In contrast, UNA394

avoids the need for Z(x) altogether, enabling ef-395

fective utilization of pointwise preference signals.396

RLHF typically utilizes pointwise preference sig-397

nals from a pretrained reward model. From this per-398

spective, UNA unifies RLHF and DPO by bridging399

their underlying data types—pointwise and pair-400

wise—within a common theoretical framework.401

UNA and RLHF Both UNA and RLHF leverage402

pointwise rewards for aligning language models.403

RLHF follows a reinforcement learning paradigm,404

aiming to directly maximize the total explicit re-405

ward through policy optimization. In contrast,406

UNA treats the pointwise reward as an explicit tar-407

get and aligns the model via supervised learning by408

minimizing the discrepancy between the implicit409

reward (induced by the policy) and the explicit410

reward function. Notably, DPO also employs su-411

pervised learning but relies on pairwise preference412

data for alignment. From this perspective, UNA413

unifies RLHF and DPO by bridging their training414

paradigms: It adopts a supervised learning simi-415

lar to DPO, while retaining the ability to leverage416

pointwise reward signals as in RLHF.417

In summary, DPO aligns LLMs using pairwise418

preferences via supervised learning, while RLHF419

aligns LLMs using pointwise preferences through420

RL. UNA serves as a unifying framework that em-421

ploys supervised learning to integrate both pairwise422

and pointwise preference data.423

4 Mathematical Proof of UNA424

Here we rigorously prove that r(x, y) =425

β log
(

πθ(y|x)
πref(y|x)

)
will maximize the objective in RL426

in Equation 1. The proof deriving the mapping be-427

tween the optimal policy and the reward model in428

DPO is provided in the appendix B.429

Proposition 1. Log Sum Inequality Let 430

a1, . . . , an and b1, . . . , bn be non-negative num- 431

bers. Denote the sum of all ai by a, i.e.,
∑n

i=1 ai = 432

a and the sum of all bi by b, i.e.,
∑n

i=1 bi = b. The 433

log sum inequality states Equation 5 with equality 434

if and only if ai
bi

are equal for all i, in other words 435

ai = λ× bi for all i. The proof could be found in 436

appendix C. 437

n∑
i=1

ai log
ai
bi

≥ a log
a

b
(5) 438

Starting from the same objective in Equation 1, 439

it can be simplified as shown in Equation 6. 440

π∗
θ (y|x) = max

πθ

Ex∼D

[
Ey∼πθ(y|x)rθ(x, y) 441

− βDKL (πθ(y|x)∥πref(y|x))

]
442

= max
πθ

Ex∼D

[
Ey∼πθ(y|x)

(
r(x, y)− β log

πθ(y|x)
πref(y|x)

)]
443

= max
πθ

Ex∼D

[
Ey∼πθ(y|x)

(
1

β
r(x, y)− log

πθ(y|x)
πref(y|x)

)]
444

= max
πθ

Ex∼D

[
Ey∼πθ(y|x)

(
− log

πθ(y|x)
πref(y|x)e

1
β
r(x,y)

)]
445

(6) 446

Based on the log-sum inequality in Equation 5, 447

the term can be further simplified as shown in Equa- 448

tion 7 because both πθ(y|x) and πref(y|x)e
1
β
(r(x,y))

449

are non-negative. 450

Ex∼D

[
Ey∼πθ(y|x)

(
− log

πθ(y|x)
πref(y|x)e

1
β
(r(x,y))

)]
451

= −Ex∼D

[∑
y

(
πθ(y|x) log

πθ(y|x)
πref(y|x)e

1
β
(r(x,y))

)]
452

≤ −Ex∼D

[(∑
y

πθ(y|x)

)
log

∑
y πθ(y|x)∑

y πref(y|x)e
1
β
(r(x,y))

]
453

= −Ex∼D

(
1 log

1∑
y πref(y|x)e

1
β
(r(x,y))

)
454

= Ex∼D

[
log

(∑
y

πref(y|x)e
1
β
(r(x,y))

)]
455

= Ex∼D

[
log
(
Ey∼πref(y|x)e

1
β
(r(x,y))

)]
(7) 456

As a result, the maximum value of 457

the objective function in Equation 1 is 458

βEx∼D

{
log
(
Ey∼πref(y|x)e

1
β
(r(x,y))

)}
in Equa- 459

tion 7, and this inequality reaches the equality 460
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Table 1: Comparison of UNA with DPO, KTO considering pairwise, binary, and score-based data on different
benchmarks. Best performance values are in bold.

Method TruthfulQA IFEval HellaSwag ARC WinoGrande MMLU-pro Math-Hard
Mistral 7B 42.58 23.22 83.44 61.43 77.58 30.11 2.92

+ DPO 44.75 26.30 84.42 62.88 79.16 30.41 2.25
+ KTO 47.72 24.18 84.21 62.29 78.14 30.43 2.34
+ UNA-pairwise 44.75 26.30 84.42 62.88 79.16 30.41 2.25
+ UNA-binary (BCE) 48.33 26.49 84.60 63.14 79.40 30.73 2.99
+ UNA-score (MSE) 55.09 37.25 84.52 63.23 80.27 29.72 2.77
+ UNA-score & binary 64.62 51.28 86.86 66.47 79.79 30.09 3.25

Llama 8B 45.16 13.19 81.78 58.11 76.87 32.73 5.66
+ DPO 53.47 19.63 83.01 59.22 78.22 33.05 6.42
+ KTO 55.07 23.24 83.15 59.13 77.66 32.86 6.95
+ UNA-pairwise 53.47 19.63 83.01 59.22 78.22 33.05 6.42
+ UNA-binary (BCE) 54.75 22.96 83.00 59.04 78.45 33.01 6.57
+ UNA-score (MSE) 60.46 35.13 84.14 61.69 79.40 34.42 4.98
+ UNA-score & binary 61.24 27.61 85.40 62.88 78.93 34.25 5.66

Gemma 4B 39.73 27.47 77.48 58.02 72.69 27.92 6.72
+ DPO 40.37 28.27 77.83 58.45 72.93 28.03 6.57
+ KTO 39.71 27.66 77.56 58.28 72.61 27.98 6.57
+ UNA-pairwise 40.37 28.27 77.83 58.45 72.93 28.03 6.57
+ UNA-binary (BCE) 40.79 26.19 77.95 58.36 72.61 27.95 6.87
+ UNA-score (MSE) 45.74 29.80 79.71 61.26 73.48 28.72 5.29
+ UNA-score & binary 46.69 27.54 81.21 59.30 72.14 28.49 7.40

Qwen 8B 52.19 42.27 79.71 67.92 77.03 47.21 29.46
+ DPO 51.78 40.21 79.81 67.41 76.87 47.48 28.32
+ KTO 52.07 43.19 79.58 67.66 76.56 47.18 28.25
+ UNA-pairwise 51.78 40.21 79.81 67.41 76.87 47.48 28.32
+ UNA-binary (BCE) 52.10 39.57 79.34 66.72 76.80 46.89 25.38
+ UNA-score (MSE) 64.44 53.46 81.00 68.69 78.37 48.94 34.59
+ UNA-score & binary 66.92 64.14 82.92 68.43 73.72 44.83 42.60

condition when Equation 8 is satisfied where λ is a461

constant.462

πθ(y|x)

πref(y|x)e
1
β
r(x,y)

=
1

λ
(8)463

By rewriting this term, we can obtain the464

reward in term of the policy, i.e., r(x, y) =465

β log
(

πθ(y|x)
πref(y|x)

)
+β log(λ). In special case, λ = 1,466

it is simplified to r(x, y) = β log
(

πθ(y|x)
πref(y|x)

)
.467

A more generalized UNA derivation is presented468

in Appendix D. This derivation confirms that the469

same fundamental relationship between the reward470

model and the policy model, as defined by DPO, is471

maintained (Equation 4). It also includes a discus-472

sion detailing the conditions λ = 1.473

5 Experiments and Results474

We evaluate UNA under two experimental settings.475

Offline Setting mistralai/Mistral-7B-v0.1 (Jiang476

et al., 2023), meta-llama/Llama-3.1-8B (Grattafiori477

et al., 2024), Qwen/Qwen3-8B-Base (Yang et al.,478

2025), and google/gemma-3-4b-pt (Team et al.,479

2025) are utilized as the policy model, and the480

HelpSteer2 dataset (Nvidia et al., 2024) is used as481

the alignment data, which have a prompt, chosen482

and rejected responses with corresponding scores 483

that are labeled by humans from the perspectives 484

of helpfulness, correctness, coherence, complexity, 485

and verbosity. The combined score is computed as: 486

0.65 × helpfulness + 0.8 × correctness + 0.45 × 487

coherence, following (Wang et al., 2024c). For 488

binary feedback, the chosen responses are regarded 489

as desired responses with reward “+1" and rejected 490

responses are regarded as undesired responses with 491

reward “0". The score-based feedback includes 492

a rating of 0 to 4 for each metric in HelpSteer2. 493

The rewards are weighted and normalized and used 494

as explicit feedback to align the LLM. 495

Low rank adaptation (LoRA) (Hu et al., 2021) 496

is employed during the fine-tuning process with 497

r = 32, where r denotes the ranks used in LoRA. 498

Beam search is used to identify the optimal com- 499

bination of β and learning rate. The selected con- 500

figurations are listed. UNA-binary uses β = 0.01, 501

while DPO, KTO, and UNA-score utilize β = 0.03. 502

Furthermore, UNA-score employs a learning rate 503

of 3×10−5, whereas the other methods use a learn- 504

ing rate of 5× 10−6. 505

Online Setting We use policy model 506

Qwen/Qwen2-1.5B-Instruct (Yang et al., 2024a) 507

and mistralai/Mistral-7B-Instruct (Jiang 508

et al., 2023), and reward model 509

7



Table 2: The comparison of UNA with RLHF using HelpSteer2 prompts on different benchmarks.

Method TruthfulQA IFEval HellaSwag ARC WinoGrande MMLU-Pro Math-Hard
Qwen2-1.5B-INST 45.93 22.20 66.72 43.94 66.06 25.56 5.40

+ RLHF 46.93 22.37 66.56 42.83 64.88 25.17 5.48
+ UNA 47.08 24.78 66.98 44.28 65.27 25.30 5.40

Mistral-7B-INST 55.94 38.46 75.99 55.29 73.72 24.53 2.02
+ RLHF 55.88 38.53 76.03 55.20 73.56 24.60 1.79
+ UNA 55.88 39.17 76.61 55.20 74.03 24.87 1.75

Ray2333/GRM-Llama3.2-3B-rewardmodel-ft510

(Yang et al., 2024b). We use prompts from511

Helpsteer2, excluding those longer than 512512

tokens. In RLHF, prompts are used for response513

generation, reward estimation via a reward model,514

and policy updates through PPO. In contrast,515

online UNA uses the same prompts for response516

generation, implicit reward estimation by the517

policy, explicit reward estimation by the reward518

model, and policy updates via discrepancy519

minimization (e.g., MSE) between implicit and520

explicit rewards.521

Similarly, we identify the optimal combination522

of parameters with beam search. For β, RLHF uti-523

lizes 10, while UNA uses 30, with both approaches524

employing the same learning rate of 3× 10−6.525

After alignment, seven benchmark tasks are uti-526

lized to measure the performance, including Truth-527

fulQA (Lin et al., 2022), IFEval (Zhou et al., 2023),528

HellaSwag (Zellers et al., 2019), ARC (Clark529

et al., 2018), WinoGrande (Sakaguchi et al., 2019),530

MMLU-pro (Wang et al., 2024b), and Math-Hard531

(Hendrycks et al., 2021). In addition to evaluating532

the model’s selection capabilities from predefined533

candidate answers, Alpaca-eval is used to assess534

the model’s ability to generate text responses.535

5.1 Offline: Improvements over DPO & KTO536

The results are presented in Table 1, along with537

the following insights. (1) UNA works with differ-538

ent forms of feedback. (2) On binary data, UNA539

outperforms DPO and KTO. (3) With score-based540

feedback, UNA outperforms UNA-binary, benefit-541

ing from the additional information provided by542

scalar scores. (4) Although the settings are not543

directly comparable due to differences in train-544

ing data, UNA with both binary and score feed-545

back outperforms the score-only variant on many546

tasks where binary data are from Helpsteer3 (Wang547

et al., 2025). We also conducted evaluations on Al-548

pacaEval (Li et al., 2023), and UNA-score achieves549

the highest performance ( seen Table 3 in the ap-550

pendix E).551

5.2 Online: Improvement and Simplification 552

over RLHF 553

Table 2 shows that online UNA outperforms RLHF 554

on most tasks. The problem of alignment tax 555

(Ouyang et al., 2022) still exists on some tasks, 556

as their performances decrease. Notably, by re- 557

formulating RLHF as a supervised learning prob- 558

lem and eliminating the value model, online UNA 559

substantially reduces both memory consumption 560

and training time. The training time for 20,000 561

steps with 8 80G A100 GPUs is around 8 hours for 562

RLHF and 6.5 hours for online UNA with the same 563

batch size. The comparison of RLHF with UNA 564

on AlpacaEval (Table 4 in appendix E). further 565

demonstrates the benefit of UNA over RLHF. 566

6 Conclusion 567

We introduce UNA, a unified alignment framework 568

that supports training with diverse forms of feed- 569

back. By introducing an implicit reward model 570

and showing that satisfying this condition yields 571

the RLHF-optimal policy, UNA provides a unified 572

foundation for alignment across feedback modali- 573

ties. Through theoretical derivations and extensive 574

empirical evaluation, we demonstrate that UNA ef- 575

fectively supports binary, pairwise, and score-based 576

feedback. In particular, under score-based feed- 577

back, UNA can exploit pairwise difference infor- 578

mation, leading to consistently better performance 579

than DPO and KTO. Furthermore, we find that 580

combining binary and score-based feedback yields 581

additional performance gains over the score-only 582

UNA variant across multiple tasks. Our experi- 583

mental results also show that UNA outperforms 584

RLHF in both effectiveness and training efficiency. 585

Overall, our findings suggest that UNA provides 586

a general and practical alignment framework that 587

overcomes key limitations of RLHF/PPO, DPO, 588

and KTO, while enabling robust and effective learn- 589

ing from heterogeneous feedback signals. 590
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Limitations591

There are some limitations for this work. In this592

work, the theoretical unification of GRPO, which593

greatly reduces the computational overhead of PPO,594

within the UNA framework remains unexplored. In595

addition, the datasets utilized are limited to En-596

glish research datasets, while more experiments597

on multilingual industrial-level datasets should be598

conducted.599
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A Default Notation873

x: prompt to LLM874

yw : desired response875

yl : undesired response876

P (yw > yl|x) : the probability of desired response over undesired response877

rϕ(x, y) : the explicit reward878

rθ(x, y) : the implicit reward879

sϕ(x, y) : the explicit score: normalized explicit reward880

sθ(x, y) : the implicit score: normalized implicit reward881

DKL : KL divergence882

πθ : LLM policy to be aligned883

πref : reference policy for LLM alignment884

g(·) : any function that measures the difference between implicit and explicit reward functions885
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B DPO: Relationship between optimal policy and reward function 886

The objective of RLHF / DPO is shown in Equation 1. From the objective, the relationship between 887

optimal reward and optimal policy can be derived in Equation 4 where Z(x) =
∑

y πref(y|x)e
(

1
β
rθ(x,y)

)
. 888

The illustration for deriving DPO is shown in Equation 9. 889

(9)

π∗
θ(y|x) = max

πθ

Ex∼D

[
Ey∼πθ(y|x)rθ(x, y)− βDKL (πθ(y|x)∥πref(y|x))

]
= max

πθ

Ex∼D

{
Ey∼πθ(y|x)

[
r(x, y)− β log

πθ(y|x)
πref(y|x)

]}
= min

πθ

Ex∼D

{
Ey∼πθ(y|x)

[
log

πθ(y|x)
πref(y|x)

− 1

β
r(x, y)

]}

= min
πθ

Ex∼D

Ey∼πθ(y|x)

log
 πθ(y|x)

1
Z(x)πref(y|x)e

1
β
r(x,y)

− log (Z(x))


= min

πθ

Ex∼D

Ey∼πθ(y|x)

log
 πθ(y|x)

1
Z(x)πref(y|x)e

1
β
r(x,y)

− log (Z(x))


= min

πθ

Ex∼D

{
DKL

(
πθ(y|x)∥

1

Z(x)
πref(y|x)e

1
β
r(x,y)

)
− log (Z(x))

}

The objective function is minimized when DKL

(
πθ(y|x)|| 1

Z(x)πref(y|x)e
1
β
r(x,y)

)
= 0, and this is 890

equivalent to πθ(y|x) = 1
Z(x)πref(y|x)e

1
β
r(x,y). By rewriting, the reward model can be expressed in term 891

of the current policy as shown in Equation 4. 892

However, the term Z(x) cannot be computed as it needed to be computed by summing all candidate 893

responses y. DPO avoids this problem by subtracting the rewards of desired and undesired responses 894

r(x, yw)− r(x, yl) = β
[
log
(

πθ(yw|x)
πref(yw|x)

)
− log

(
πθ(yl|x)
πref(yl|x)

)]
. In addition, the authors argue “We say that 895

two reward functions r(x, y) and r′(x, y) are equivalent iff r(x, y)− r′(x, y) = f(x) for some function 896

f". However, rigorous proof cannot be provided and it is only provided that r(x, y) and r′(x, y) induce 897

the same optimal policy. For Lipo, r(x, y) = β log
(

πθ(y|x)
πref(y|x)

)
is directly utilized as rewards for listwise 898

responses and KTO estimates Z(x) by averaging over multiple samples. 899
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C Derivation of log-sum inequality900

Jensen inequality. For a real convex function φ, numbers x1, x2, . . . , xn in its domain, and positive901

weights ai, Jensen’s inequality can be stated as in Equation 10:902 ∑n
i=1 aiφ(xi)∑n

i=1 ai
≥ φ

(∑n
i=1 aixi∑n
i=1 ai

)
(10)903

904

Proof of log-sum inequality. Firstly, define f(x) = x log(x). Then, f ′(x) = 1 + log(x) and905

f ′′(x) = 1
x . For the domain x > 0, f ′′(x) > 0. As a result, f(x) = x log(x) is a convex function and906

satisfies Jensen’s inequality. Then, the log-sum inequality could be derived in Equation 11.907

(11)

n∑
i=1

ai log

(
ai
bi

)
=

n∑
i=1

bif

(
ai
bi

)

= b

n∑
i=1

bi
b
f

(
ai
bi

)

= b

∑n
i=1 bif

(
ai
bi

)
∑n

i=1 bi

≥ bf

[∑n
i=1 bi

ai
bi∑n

i=1 bi

]
= bf

(a
b

)
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D Mathematical Proof of the Generalized UNA and Its Relationship with DPO 908

Starting from the same objective in Equation 1, it can be simplified as shown in Equation 12. 909

(12)

π∗
θ(y|x) = max

πθ

Ex∼D

[
Ey∼πθ(y|x)rθ(x, y)− βDKL (πθ(y|x)∥πref(y|x))

]
= max

πθ

Ex∼D

{
Ey∼πθ(y|x)

[
r(x, y)− β log

πθ(y|x)
πref(y|x)

]}
= βmax

πθ

Ex∼D

{
Ey∼πθ(y|x)

[
1

β
r(x, y)− log

πθ(y|x)
πref(y|x)

]}
= βmax

πθ

Ex∼D

{
Ey∼πθ(y|x)

[
− log

(
πθ(y|x)

πref(y|x)e
1
β
r(x,y)

)]}

= βmax
πθ

Ex∼D

{
Ey∼πθ(y|x)

[
− log

(
πθ(y|x)

πref(y|x)e
1
β
(r(x,y)−f(x))

)
+

1

β
f(x)

]}

= βmax
πθ

Ex∼D

{
Ey∼πθ(y|x)

[
− log

(
πθ(y|x)

πref(y|x)e
1
β
(r(x,y)−f(x))

)]
+

1

β
f(x)

}

Based on the log-sum inequality in Equation 5, the term can be further simplified as shown in Equation 910

13 because both πθ(y|x) and πref(y|x)e
1
β
(r(x,y)−f(x)) are non-negative. 911

(13)

βEx ∼D

{
Ey∼πθ(y|x)

[
− log

(
πθ(y|x)

πref(y|x)e
1
β
(r(x,y)−f(x))

)]
+

1

β
f(x)

}

= βEx∼D

{
−
∑
y

[
πθ(y|x) log

(
πθ(y|x)

πref(y|x)e
1
β
(r(x,y)−f(x))

)]
+

1

β
f(x)

}

≤ βEx∼D


−(∑

y

πθ(y|x)

)
log

 ∑
y πθ(y|x)∑

y πref(y|x)e
1
β
(r(x,y)−f(x))

+
1

β
f(x)


= βEx∼D


−1 log

 1∑
y πref(y|x)e

1
β
(r(x,y)−f(x))

+
1

β
f(x)


= βEx∼D

{
log
(
Ey∼πref(y|x)e

1
β
(r(x,y)−f(x))

)
+

1

β
f(x)

}
As a result, the maximum value of the objective function 912

maxπθ
Ex∼D

[
Ey∼πθ(y|x)rθ(x, y)− βDKL (πθ(y|x)∥πref(y|x))

]
in Equation 12 is 913

βEx∼D

{
log
(
Ey∼πref(y|x)e

1
β
(r(x,y)−f(x))

)
+ 1

β f(x)
}

in Equation 13, and this inequality reaches 914

the equality condition when Equation 14 is satisfied where λ is a constant. 915

(14)
πθ(y|x)

πref(y|x)e
1
β
(r(x,y)−f(x))

=
1

λ

By rewriting this term, we can obtain the reward in term of the policy as shown in Equation 15. 916

In special case, f(x) = β log(λ) = 0, it is simplified to r(x, y) = β log
(

πθ(y|x)
πref(y|x)

)
. The condition 917

f(x) = β log(λ) = 0 refers that implicit and explicit reward models are exactly the same. 918

(15)
r(x, y) = β log

(
λπθ(y|x)
πref(y|x)

)
+ f(x)

= β log

(
πθ(y|x)
πref(y|x)

)
+ f(x) + β log(λ)
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When plugging Equation 14 in Equation 13, the upper bound can be simplified into a constant919

β log(λ) + Ex∼D(f(x)) as shown in Equation 16.920

(16)

βEx ∼D

{
log
(
Ey∼πref(y|x)e

1
β
(r(x,y)−f(x))

)
+

1

β
f(x)

}
= βEx∼D

{
log

(
Ey∼πref(y|x)

λπθ(y|x)
πref(y|x)

)
+

1

β
f(x)

}
= βEx∼D

{
log
(
Ey∼πθ(y|x)λ

)
+

1

β
f(x)

}
= βEx∼D

{
log (λ) +

1

β
f(x)

}
= β log(λ) + Ex∼D(f(x))

When desired to generalize this into “infinite dimension", another constraint needs to be added, i.e.,921 ∑
y πref(y|x)e

1
β
(r(x,y)−f(x)) should be finite. Then, f(x) is further restricted to f(x) > max[r(x, y)]922

with normalization on r(x, y) in advance. Eventually,
∑

y πref(y|x)e
1
β
(r(x,y)−f(x))

<
∑

y πref(y|x) = 1,923

which will be finite.924

Lastly, the relationship between UNA and DPO will be established. Under the optimal condition of UNA,925

as defined in Eq. 14, the probability πθ(y|x) can be expressed as πθ(y|x) = 1
λπref(y|x)e

1
β
(r(x,y)−f(x)).926

Since πθ(y|x) represents a valid probability distribution, it must satisfy the normalization condition927 ∑
y πθ(y|x) = 1. Consequently, this can be rewritten as shown in Eq. 17.928

(17)

1 =
∑
y

πθ(y|x)

=
∑
y

1

λ
πref(y|x)e

1
β
(r(x,y)−f(x))

=
∑
y

πref(y|x)e
1
β
r(x,y)

λe
1
β
f(x)

=

∑
y πref(y|x)e

1
β
r(x,y)

λe
1
β
f(x)

=
Z(x)

λe
1
β
f(x)

From Eq. 17, we can derive Z(x) = λe
1
β
f(x). When apply log on both sides, β log(Z(x)) =929

β log(λe
1
β
f(x)

) = f(x) + β log(λ). The implicit reward function of DPO and UNA is unified: r(x, y) =930

β log
(

πθ(y|x)
πref(y|x)

)
+ f(x) + β log(λ) = β log

(
πθ(y|x)
πref(y|x)

)
+ β log(Z(x)).931

From Eq. 17, we derive the expression for Z(x) as Z(x) = λe
1
β
f(x). Taking the natural logarithm on932

both sides yields β log(Z(x)) = β log
(
λe

1
β
f(x)
)
= f(x) + β log(λ). Thus, the implicit reward function933

for DPO and UNA can be unified as r(x, y) = β log
(

πθ(y|x)
πref(y|x)

)
+ f(x) + β log(λ) = β log

(
πθ(y|x)
πref(y|x)

)
+934

β log(Z(x)).935
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E Result of UNA on Alpacaeval 936

Table 3: The comparison of UNA with DPO, KTO, considering pairwise, binary, and score-based data on AlpacaEval
using HelpSteer2 as fine-tuning data

Method Alpacaeval LC WR Method Alpacaeval LC WR
Mistral 0.31 Llama 0.25

+ DPO 3.67 + DPO 2.09
+ KTO 4.46 + KTO 4.17
+ UNA-pairwise 3.67 + UNA-pairwise 2.09
+ UNA-binary (BCE) 7.41 + UNA-binary (BCE) 3.96
+ UNA-score (MSE) 8.78 + UNA-score (MSE) 7.87

Table 4: The comparison of UNA with RLHF using HelpSteer2 prompts on AlpacaEval

Method AlpacaEval LC WR Method AlpacaEval LC WR
Qwen2-1.5B-INST 1.06 Mistral-7B-INST 10.31

+ RLHF 0.66 + RLHF 10.15
+ UNA 1.63 + UNA 10.54
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