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(a) Trial and error reinforcement learning. (b) Reinforcement learning from human feedback.

Figure 2: Comparing RLHF to a traditional RL problem. (leff) is the canonical RL problem, where an agent interacts

repeatedly with an environment. (right) is RLHF, where an agent is optimized against a set of predetermined prompts
and a learned reward model for one action per input state.
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1. Human Feedback

Scoring Patterns
Query &

Query & Answer: Yes

Question: Is smoothness of object's movement good?
Answer: No

1. Image Description
A young woman with long, wavy silver-blue hair ... ]

R

f
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2. Problematic Regions Identification
Eye,hands ...

Response1 & Response2 Response1 & Response2 3. Adaptive Hierarchical Implausibility Mapper  —————~
Question: Are the details relatively refined? .
RM RM Answer: Yes Answer: No 2 . Skl
5 . —>
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| Score1 | | Score2 | | Score (Relative) | Linear Weighted Sum of Binary VQA = . y :
3.71 > 291 ~ ~ 4. Implausibility Region Analysis =
(i) Pointwise (ii) Pairwise ' ' S S R e e
. i
( 5. Verisimilitude Score Prediction
Based on the overall analysis, the plausibility score is 0.6812
2.76 < 3.33 X

(1) Point-wise/Pair-wise Score

- fREFs (WiT451-10)
> e BXEE
> R FoIREEEME ALELUERE,
—HHEE
o Jolb® (WARIZHLTFB)
> LR fEER, —BEMRS
> e MASZ
> #F: RewardDance!’ / Pref-GRPQO?2

=1

FANNY

>
>
>

1. RewardDance: Reward Scaling in Visual Generation

2. Pref-GRPO: Pairwise Preference Reward-based GRPO for Stable Text-to-Image Reinforcement Learning

3. VisionReward: Fine-Grained Multi-Dimensional Human Preference Learning for Image and Video Generation
4. LiFT: Leveraging Human Feedback for Text-to-Video Model Alignment

5. HEIE: MLLM-Based Hierarchical Explainable AIGC Image Implausibility Evaluator

(2) Bool question answer 1
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1. Human Feedback
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Pairwise Image Dataset Real Image

The image captures the iconic Louvre Museum in Paris, France, with its renowned glass pyramid as the
centerpiece. The pyramid, a modern architectural marvel, stands prominently in the middle of the

HPDv3

Caption scene. In the foreground, a large fountain with a central jet of water adds a dynamic element to the
composition.

Efﬁ = -8

Prompt: The image captures a picturesque scene of a steam train traversing a mountainous landscape. The train, with its black engine and red carriages, emits a plume of white smoke as it emerges from a 2 — o

2 5 . A 5 5 5 3 »n L -

tunnel. The tunnel itself is an impressive structure with multiple arches supported by sturdy pillars, spanning a deep valley. E Caption Bk Lo e
Rank Pair 1 Annotator num: 19 confidence: 0.92 Rank Pair 3 Annotator num: 19 confidence: 0.88 Rank Pair 21 Annotator num: 9 confidence: 0.99 To—

= - %——» VLM Encoder —>| (—> MLP —L----- > a1

Figure 2. An overview of HPDv3 and HPSv3. HPDv3 integrates
both real-world collected and generated images. HPSv3 employs a
VLM backbone to extract rich semantic representations from im-
ages and captions, then utilizes uncertainty-aware ranking to ef-
fectively learn human preferences from paired comparison data.

1. HPSv3: Towards Wide-Spectrum Human Preference Score (ICCV 2025) — / / J

2. Probabilistic Uncertain Reward Model



2.Reward Modeling
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Figure 1. Reward Model Scoring Paradox Across Multiple
Models Based on CLIP [26] (CLIP Score, PickScore) and
BLIP [15] (ITM Score, ImageReward). Refine images are
generated with refined prompts by LLMs.
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Enhancing Reward Models for High-quality Image Generation: Beyond Text-Image Alignment (ICCV 2025)
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Enhancing Reward Models for High-quality Image Generation: Beyond Text-Image Alignment



2.Reward Modeling
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q(x;i) = [q1(x:), q2(xs), - - -, qre (3)]T

qr(:) — p(q(z;))
Vo2(q(zi)) + 02(q(x;)) +~

1 if MOS(z) > MOS(y)
p(z,y) =4 0.5 if MOS(z) = MOS(y) .
0 otherwise
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Text

Prompt C

VisualQuality-R1

Text

Prompt C ﬂ'g

Image x;

VisualQuality-R1

Response 1
<think>The image appears to be blurry,
which significantly reduces its clarity and
detail. The colors are somewhat muted
[...] </think><answer>1.20</answer>

Response K
<think>The image appears to be blurry
and lacks sharpness, which affects the
clarity and detail that can be discerned
[...] </think><answer>1.22</answer>

Response 1
<think>The image appears to be a close-
up of an animal's eye, likely a fox or
similar creature, [...]
</think><answer>3.50</answer>

Response K
<think>The image appears to be a close-
up of an animal's face, likely a fox, given
the fur pattern and eye color [...]
</think><answer>4.20</answer>

Predicted
Scores

Predicted

. A
Scores Mean Estimate
and Variance

§_;

O
O

0

k-th Estimate
and Variance

© —

Human
Preference
A 4 A A

Thurstone Fidelity
Model Reward

Reinforcement
Learning to Rank (RL2R)

Figure 2: System diagram of the proposed VisualQuality-R1 trained via RL2R. Given an image pair
(x;, ;) with a shared text prompt ¢, VisualQuality-R1 generates K responses. Following GRPO [35],
each response includes a detailed reasoning process and a predicted quality score. To assess relative
visual quality, we calculate the asymmetric comparative probability that image x; is perceived better
than z; under the Thurstone model [40]. This involves subtracting the mean predicted score of z;
from the k-th score of x;, standardized by their added sample variance. A fidelity reward is derived
from human preference, providing continuous supervisory signals for policy optimization.

X EEZE&E (Thurstone)
x;REE T X jHIIEXI FREL IR

Table 1: Structured text prompt used in VisualQuality-R1.

You are doing the image quality assessment task. Here is the question:

(o) = gy 3 (Vo a)nene) + /0 plena)) A~ pilnas) )
i

VisualQuality-R1: Reasoning-Induced Image Quality Assessment via Reinforcement Learning to Rank (NeurlPS 2025 Spotlight )

Rate the overall image visual quality. The rating should be a float between 1 and 5, with 1 representing
very poor quality and 5 representing excellent quality. First output the thinking process in <think>
</think> tags and then output the final answer with only one score in <answer> </answer> tags.

//



2.Reward Modeling
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RewardDance: Reward Scaling in Visual Generation



2.Reward Modeling
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Figure 2 Comparison of training dynamics for Regressive vs. Generative reward models during diffusion RL fine-tuning.

RL Iteration

RL Iteration

At the same 2B model scale (Left vs. Middle panel), the generative reward model exhibits significantly superior training
dynamics compared to the regression-based one: it facilitates higher exploration magnitude, manifested as greater
reward variance, and a more favorable reward growth trend. This higher diversity in reward signals indicates that the
generative RM exhibits stronger robustness against reward hacking. Under a regression-based RM, the diffusion model
risks learning to exploit reward loopholes to achieve high scores without making substantive progress. This inherent
robustness is key to the generative RM’s successful scaling to 26B parameters (Right panel).

RewardDance: Reward Scaling in Visual Generation
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™ Examples Alignment

Pointwise Regressive pd 70.8

: ) FLUX.1-dev [27] | Pointwise Generative x 71.6
Image Text Image, Text, Instruction Image, Text, Instruction, Ref Image, COT Puivise Cenerative 7 73.0
| i i | &Il vs. @R
. Pointwise Regressive X 80.7
[ Image Encoder J [ Text Encoder J { Vision-Language Model ] [ Vision-Language Model ] Seedream-3.0 SFT | Pointwise Generative 4 81.0
! i i l Pairwise Generative v 816
ImagT Emb TeXtIEmb HuddeniSeate Hidden State Table 7 Both generative reward modeling paradigm and
v v v reward context scaling consistently improve performance.
[ Cosine Similarity J [ Regression Head ] [ LLM Head ]
¥ Cosine Similarity ¢ Scalar Value $ Probability Value
Reward Scores Reward Scores Reward Scores Base Model | Type | Image-Text Alignment R
N
CLIP-based RM Architecture i i Hapelin 0 EH 4 —‘z
VLM-based RM Architecture RewardDance Architecture Seedream-3.0 SFT | +CoT Finetuing 83.6 ( 15 —E%L )

p Table 9 Ablation of COT Finetuning.
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Please evaluate two images generated
from the prompt: “two monkeys in the
cage". Is image 2 better than image 1?
Please answer "yes" or "no", and
given the detailed reason.

Imagel

Image2

BRIV BT 4 B

Specific evaluation criteria

Imagel Tokens Image2 Tokens ~ Prompt & CoT Task Instruction | Imagel Tokens  Image2 Tokens  Prompt & CoT Task Instruction
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Figure 3 Overview of RewardDance framework compared with existing reward model Architecture. (Top): Previous . g% E S (MERRE T AIRE)
works use CLIP-based or VLM-based reward models to provide scalar reward scores for diffusion model training. =TI =

(Bottom): Our RewardDance approach (from 1B to 26B parameters) uses task-aware CoT instructions for reward - B (CoT) HIBHURE
modeling with reasoning. Red flames indicate trainable components; blue ice cubes indicate frozen parameters. RAEMFIBNESENS ERME, \

RewardDance: Reward Scaling in Visual Generation



2.Reward Modeling
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Figure 5 This figure shows the reward curves for Seedream during the RL stage, experiments with a separate reward

model of varying sizes (1B to 26B). While reward scores consistently improve with more RL iterations across all models,

a key trade-off emerges with RM size: larger RMs tend to exhibit a higher standard deviation, suggesting stronger
robustness and less susceptibility to reward hacking.
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RewardDance: Reward Scaling in Visual Generation

BEESHNEMEE, &

Reward Scaling for Different Diffusion Model Sizes
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Figure 7 The performance of Seedream and Seedream-
Lite models with different RM model sizes. While both
models benefit from larger RMs, the performance im-
provement is substantially more pronounced for the larger
model. This suggests that larger generative models re-
quire commensurately larger reward models to realize
their full potential.
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2.Reward Modeling
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Figure 8 Text-to-Image generation comparison across reward models of increasing size (Baseline, 1B, 4B, 8B, 26B).
Larger reward models demonstrate progressively better prompt adherence, visual quality, and semantic understanding.
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Stagel Reward LoRA Ensembles

Instruction: How much time do you
spend with your family?

Optimize Response: I spend 2 hours with my
2 family each day, including family time,
reading together.

Reward,;: 1.1 Reward,: 1.2.. Rewardy:2.1

SFT Model Reward Model Policy my Dinter

Stage2 Data Selection

Uncertainty based Data Selection Gradient based Data Selection

Compute Random
Gradients Projection
Do
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Adam LoRA Gradient : Derain
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Figure 1: Overall training pipeline of our UGDA. The optimization is based on the Low-Rank
Adaptation (LoRA) (Hu et al., 2021). We divide our pipeline into three stages, which are Reward
LoRA Ensembles, Data Selection, Reward LoRAs Refining, respectively.
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UNCERTAINTY AND INFLUENCE AWARE REWARD MODEL REFINEMENT FOR REINFORCEMENT LEARNING FROM HUMAN FEEDBACK (ICLR 2025)
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Figure 1: Visualization of our approach in a 2D stateless task. On the top-left side, the true
reward function and learned RMs are visualized, on the lower-left side the SFT policy and
learned policy distributions are shown. The colored circles contain 99% of each policy’s
action samples. The first RM Ry, is trained on data sampled from the SFT policy 7! and thus
performs well on pairs of actions sampled from 7!, but is inaccurate on samples generated

by 7t2. This leads the policy trained with standard PPO-RLHF to stagnate early (top-right).

Using IW, after k = 200, 000 samples, we train an off-policy corrected RM Ry, that is accurate
on samples generated by 71> and can thus be used to continue training and obtain a better
policy 73. Iterating this process, we obtain a better final policy (bottom-right).

Off-Policy Corrected Reward Modeling for Reinforcement Learning from Human Feedback (COLM 2025 )
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Does RL for LLM just Trade Entropy for Performance ?

Qwen2.5 Model Family

Q —
Carsi B e 0.5 xR %
> 5% improvement Performance g
O 35.0 - 25
= . [ - l O3
3 32 < 3
8 95% improvement |—— Test Accuracy 03 O R - p(?{) + b ¥]

30.0 —— Training Entro e = —acx ]
i 95% consumption 2 i E < 20
S 275 L0.2 W I 5
T 25.0 - m 10 1.5B
= 5% consumption rol Entropy as 0.58
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0 500 1000 1500 2000 2500 100 10-1
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Figure 1: Left: Entropy collapse and performance saturation. Over 95% entropy drop/performance gains take
place at the early stage of RL training. The model then reaches a plateau with little improvement. Right: The
predictable relationship between validation performance and policy entropy. Without intervention, the policy
“trades” entropy for performance exponentially, showing clear ceilings that hinder further policy enhancement.
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Qwen2.5 Model Family Mistral Model Family
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Figure 3: Fitting curves between policy entropy and validation performance on math task. We conduct
validation every 4 rollout steps until convergence.
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Figure 4: Fitting curves between policy entropy and validation performance in coding task. We conduct
validation every 4 rollout steps until convergence.
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Figure 6: Training Qwen?2.5-7B with differ-

ent RL algorithms.
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REBAURFTE? Bigoh

Policy entropy. Policy entropy quantifies the predictability or randomness inherent in the actions selected by
an agent. Given policy model 7y, training dataset D, we measure the average token-level entropy of the policy
model on training data, which is defined as follows:

lyl
1 1
H (w0, D) = ~Enny llogmo(ely<i)] = — 15 >, 7 > By, log T (ye|y <4, 2)] 5)
eD =1

Lemma 1 (Entropy difference of softmax policy) (Proofin Appendix E.2, adapted from Liu (2025)) Assume

that policy g is a tabular softmax policy, where each state-action pair (s, a) is associated with an individual - YoHrs = = . b L
logit parameter z; , = 05 ,, the difference of policy entropy given state s between two consecutive steps under sNFBIXSEERE 5 EO{E logit BISIUER BIMTTE
first-order approximation satisfies e - _ R .
- ERMERMIER logit FFEIE X, MAENIE, BREZTE,;

7 « HRMEZREPIERT logit FEUEKR, MAHERRA, WEEZ LF
H(E ) —H(x§) ~ Bona,, [H(m515) = H(nh18)] ~ Eonar, |~CoVanmgiis) (08 (als), 2551 = 25,)]

Theorem 1 (Entropy change under policy gradient) Let the actor policy mg be a tabular softmax policy,

and g be updated via vanilla policy gradient, the difference of policy entropy given state s between two .
consecutive steps satisfies #policy gradientl&EE T,
logitfI B E SHEE" KB IELL

_ //J

H(Wg+1|8) = H(Trg|5) ~ —1] - COVC&N?TQ('H) ( S :T(;L;(QL(.;) . A(¢5’=(l))

The Entropy Mechanism of Reinforcement Learning for Reasoning Language Models
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Figure 10: The policy entropy and validation accuracy of adding KL penalty between policy and reference
model where Ly = L + 8Dy (mgl|| 7). L is the original loss and /3 is the coefficient of KL loss.
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Table 1: Covariance distribu-
tion of Qwen2.5-7B in train-

ing step 1.
o (Ye|¥oe)
E (9) = t [ﬂ.g “(yth;;)At} 1 t ¢ Iclip Group Mean Value
Clip-Cov = gk

0 te Lup TARN Bt

Top 2% 1.385

2 . . Top 20% 0.351

FZE—: clip ratio Top 50% 0.152

All 0.003

ﬁﬂ(yt|y<t)
E Togq (Wt ¥er) L] tgéIKL

o) 4, 8D (o, (Wely <o)l Mo (mely<e)) |, € Ixe

Tl,14 (Yt ‘y<t)

BFE_:

LKL—COV (6) —_

t

+KL

The Entropy Mechanism of Reinforcement Learning for Reasoning Language Models

def compute_policy_loss(old_log_prob, log_prob
select_ratio, method, **args):
ratio = exp(log_prob - old_log_prob)

kl_coef = args["kl_coef"]
k1l_penalty = (log_prob - old_log_prob)

select_idx = topk(covs, k=select_num,
# apply KL penalty of these samples
pg_lossesi[select_idx] += kl_coef * kl

+ o+ o+ +

pg_loss = pg_lossesl.mean ()

return pg_loss

pg_lossesl = -ratio * advantages
i # calculate token wise centered cross - product
+ covs = (log_prob - log_prob.mean()) * (advantages - advantages.mean
©)))
+ select_num = int(select_ratio * len(pg_lossesl))
if method == "clip_cov":
pg_losses2 = -clip(ratio, args["clip_range_lb"], args["
clip_range_ub"]) * advantages
* # randomly select index to be detached
+ clip_idx = random_select(covs[covs > args["cov_1b"] & covs <
args["cov_ub"]], num=select_num)
+ pg_lossesl[clip_idx].detach_()
+ pg_losses2[clip_idx].detach_()
pg_loss = maximum(pg_lossesl, pg_losses2).mean()
if method == "kl_cov":

- pg_losses = pg_lossesl + kl_coef * kl_penalty
# find out index with highest conviriance

, advantages,

.abs ()

largest=True)

_penalty[select_idx]

Listing 1: The pseudo-code of the policy loss computation with C1ip-Cov and KL-Cov. The implementation

only need to modify several lines of code.
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Figure 11: Training Qwen2.5-7B (Top) / Qwen2.5-32B (bottom) with GRPO with/without our methods.

’ . ; ' . . Jparo(f) = E(q,a)N’D,{oi 2
Left: Entropy dynamics. Our methods uplift policy entropy from collapse, enabling sustained exploration.

1~To 4 (+19)

G o]

Middle: Our method also incentivizes longer responses compared with vanilla GRPO. Right: The policy model ——> Y min (n +(0)A;.,, clip (n V) R, Ehigh) A, t)
consistently outperforms the baseline on testsets, avoiding performance plateaus. o 1 IOZI =1 =1 ’
s.t. 0 < |{o; | is_equivalent(a, oi)}‘ <G.
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* DAPO: An Open-Source LLM Reinforcement Learning System at Scale
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FlowRL: Matching Reward Distributions for LLM Reasoning

)
\':.,'
%,

Sf Sf Sf Out Flow r(T)

exp(Br(x,y))
Zp(X)

mein D1 (srrg(y | X) ) = 7e(y | X) « exp(Br(X,y)),

Proposition 1. In terms of expected gradients, minimizing the KL objective in Eq. 2 is equivalent to
minimizing the trajectory balance loss used in GFlowNet [Bartoldson et al., 2025, Lee et al., 2024, Malkin
et al., 2022, 2023]:

exp(Br(x,y))
Zp(X)

mein D1 (jrg(y | X) ) = mein (log Zy(x) + log me(y | X) — pr(x, y))2 (3)

Trajectory Balance
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FlowRL: Matching Reward Distributions for LLM Reasoning
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