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A Related Work7

Visual Generative Models. Visual generative models have advanced through two primary8

paradigms: autoregressive and diffusion approaches. Autoregressive methods, inspired by lan-9

guage modeling success [8, 9, 16, 17], sequentially predict image tokens or pixels, as seen in10

ViT-VQGAN [18] and VideoPoet [7]. Recent work like LlamaGen [14] demonstrates that pure11

autoregressive architectures can achieve state-of-the-art generation, while Janus [4] introduces decou-12

pled visual encoding to unify multimodal understanding and generation. Meanwhile, diffusion models13

have emerged as a powerful alternative, with continuous approaches [20] dominating text-to-image14

tasks and discrete variants like MaskGIT [3] operating on tokenized representations. Notably, Show-o15

adopts discrete diffusion through masked token prediction, achieving high-fidelity generation while16

maintaining training efficiency.17

Reinforcement Learning (RL). Reinforcement Learning (RL) trains agents to maximize rewards18

through environment interactions, with methods split into on-policy (e.g., PPO [12], GRPO [13])19

and off-policy (e.g., DPO [10]) approaches. On-policy methods like PPO use current policy data for20

stable but costly updates, employing techniques like GAE [11] for variance reduction, while GRPO21

replaces critics with group-wise reward comparisons. Off-policy methods like DPO reuse historical22

data for efficiency but risk distribution mismatch, directly optimizing preferences without reward23

modeling. The key difference lies in data usage: on-policy requires fresh data for stability, whereas24

off-policy trades some reliability for sample efficiency. Applied to language models via RLHF [2],25

these methods enhance alignment (e.g., RLOO [1]’s critic-free approach) and reasoning [5, 6, 15, 19]26

through MDP formulations, balancing computational cost and performance in tasks like mathematical27

reasoning. This demonstrates RL’s adaptability across policy paradigms for improving language28

models.29
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B Implementation Details of Structured Prompt Generation Pipeline30

As discussed in Sec. 2.4 of the main paper (Investigation of Effective Scaling Strategies), we enlarge31

T2I-COMPBENCH by generating an additional set of category-specific prompts with GPT-4o, thereby32

doubling the size of the original benchmark. Specifically, for each of the eight categories—color,33

texture, shape, numeracy, spatial, 3D spatial, non-spatial, and complex—we craft a dedicated meta-34

prompt. All meta-prompts are derived from a shared template, but include category-dependent35

constraints. An example for the color category is given below:36

I am working on a reinforcement learning for image generation project, and I
need your assistance in generating additional prompts that focus on color-based
descriptions.
Existing prompts: #Prompts From T2I-CompBench#
Task: Generate 2 additional prompts that maintain the same syntactic structure
while ensuring diversity.
Requirements:
Color Usage:
Each prompt must explicitly include at least two different colors.
The color words should be commonly used and perceptually distinct (e.g., "red"
and "blue" are good, but "light red" and "dark red" are too similar).
Allowed color descriptors: basic colors (e.g., red, blue, green, yellow, pink,
purple, orange, brown, black, white, gray) and common material-based variations
(e.g., "golden", "silver", "ivory").
Avoid uncommon or overly specific colors (e.g., "cerulean", "chartreuse").
Object Selection:
The first object should be a tangible item with a strong association to color
(e.g., clothing, furniture, makeup, vehicles, buildings).
The second object (if applicable) should also be a realistic, color-relevant
entity that fits within a scene.
Avoid repetition of objects already in the dataset (e.g., if "lipstick" and
"blush" exist, do not use them again).
Color and Object Compatibility:
Ensure that the selected colors are realistically applicable to the given
objects.
Examples of Good Color-object Pairings:
"A red sports car and a black leather seat." (both colors are reasonable for cars
and seats)
Examples of Bad Color-object Pairings (to avoid):
"A purple banana and a silver cloud." (unnatural color choices)
Diversity Constraints:
Do not generate prompts that are simple color swaps (e.g., "A red lipstick and a
pink blush" and "a pink lipstick and a red blush" are too similar).
Ensure semantic diversity by describing different types of objects and settings
(e.g., fashion, interior design, nature, technology).
The sentence structure should mimic the provided examples but not be identical.
Output Format:
Return the response as a Python list of strings in JSON-compatible format, e.g.:
{
"prompt1",
"prompt2"
}
Strictly use lowercase (no capitalization except for proper nouns).
Now, generate two new prompts following these requirements.

37

In practice, we iterate through every prompt in the color subset of T2I-COMPBENCH, replace the38

placeholder #Prompts From T2I-CompBench# with the current prompt, and feed the resulting39

meta-prompt to GPT-4o. We apply the same pipeline to the remaining seven categories. The complete40

collection of category-specific meta-prompts will be released upon the paper’s acceptance.41
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C Detailed Record of Computational Time42

To facilitate a fair comparison between DPO and GRPO, as outlined in Sections 2.2, we maintain43

comparable training computational costs, measured in terms of computational time. The computa-44

tional expense of DPO consists of three main components: (i) generating training images based on45

provided prompts, (ii) scoring these images using a reward model, and (iii) executing the subsequent46

training phase. Detailed computational times for both GRPO and DPO are systematically recorded47

and presented in Table 1. Additionally, we assess and document the total training computational time48

for three key scaling strategies implemented for GRPO and DPO across different scaling ratios, as49

presented in Table 2. These computational time costs for both tables are evaluated using 8 A10050

GPUs, with Janus-pro [4] serving as the baseline.

Table 1: Comparison of DPO and GRPO Training Computational Costs (in GPU hours).

Reward Type DPO GRPO

Simple Image Scoring Training Total Total

HPS 1.51 h 0.83 h 0.67 h 2.99 h 2.92 h
ImageReward 1.50 h 0.08 h 0.67 h 2.25 h 2.55 h
Unified Reward 1.51 h 1.80 h 0.67 h 3.97 h 4.03 h

51

Table 2: Total Computational Time for Scaling Strategies Across Varying Scaling Ratios.

Scaling Strategy Ratio 1 Ratio 2 Ratio 3

DPO GRPO DPO GRPO DPO GRPO

Data Scaling 2.99 h 2.92 h 5.97 h 5.84 h 9.01 h 8.76 h
Sampling Scaling 2.99 h 2.92 h 5.33 h 5.78 h 7.66 h 8.64 h
Iterative Scaling 2.99 h 2.92 h 5.99 h 5.84 h 8.98 h 8.76 h

D Additional Qualitative Results52

We provide additional visualization results for “In-Domain Performance vs. Out-of-Domain General-53

ization" and “the Impact of Different Reward Models" in Figure 1 and Figure 2. We also provide54

more qualitative results for the “Effect of Scaling Strategies" in Figure 3. These examples further55

support and illustrate the key insights discussed in the main paper.56

A photo of  an orange motorcycle and a pink donut. A photo of  a backpack right of  a sandwich.

Janus-Pro w/ DPO w/ GRPO

The smooth, glossy surface of  the lake reflected the 
fiery colors of  the sunset, 

a serene oasis of  tranquility and reflection.

The sharp, angular edges of  the diamond refracted 
the light into a dazzling display of  brilliance 
and clarity, a gemstone of  unparalleled beauty.

Janus-Pro w/ DPO w/ GRPO

Janus-Pro w/ DPO w/ GRPO

Janus-Pro w/ DPO w/ GRPO

DPO	
outperforms	
GRPO	in	in-
domain	

evaluations.

GRPO	
generalizes	
better	than	
DPO	out-of-
domain.

In-Domain Out-of-Domain

In-Domain Out-of-Domain

Figure 1: More Visualization Results of In-Domain vs Out-of-Domain Performance Comparison.
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DPO’s	
generalization	is	

more	sensitive	to	

reward	model	
choice	than	
GRPO.

A photo of  a yellow handbag and a blue refrigerator.

HPS Image Reward Unified Reward

A photo of  three trucks.

Hard Reward HPS Image Reward Unified Reward Hard Reward

DPO

GRPO

A photo of  a refrigerator below a scissors.

HPS Image Reward Unified Reward

A photo of  a yellow bird and a black motorcycle.

Hard Reward HPS Image Reward Unified Reward Hard Reward

DPO

GRPO

A	better	reward	
model	can	
potentially	
enhance	RL	
generalization.

Figure 2: More Visualization Results of the Impact of Different Reward Models.

The soft, warm glow of  the fireplace provided a cozy haven on a cold 
winter night, a refuge of  comfort and relaxation.

Base Sample 8 Sample 12

The bold, striking patterns of  the tiger's stripes blended seamlessly 
with the dappled light of  the jungle, a creature of  stealth and beauty.

Sample 16 Base Sample 8 Sample 12 Sample 16

The	tiger	appears	clearer	and	is	enhanced	by	subtle	jungle	lighting. The	scene	is	clearer	and	enriched	with	a	winter	night	ambiance.

The delicate, intricate lace of  the wedding dress flowed gracefully 
around the bride, a symbol of  love and commitment. A photo of  a yellow airplane.

The intricate, winding vines of  the ivy climbed up the ancient brick 
wall, a testament to the enduring beauty of  nature.

A photo of  a purple wine glass and a black apple.

The sharp, angular lines of  the skyscrapers jutted up into the sky, a 
towering testament to human ingenuity and ambition.

A photo of  a green teddy bear and a brown kite.

Base Iter1 Iter2 Iter3 Base Iter1 Iter2 Iter3

Base Sample 8 Sample 12 Sample 16 Base Sample 8 Sample 12 Sample 16

Base Size Double Size Triple Size Base Size Double Size Triple Size

More	samples	

yield	GRPO’s	best	

in-domain	gains	
efficiently.

Scaling	in-domain	

data	improves	
GRPO	

generalization	but	

risks	diminishing	
returns.

Iterative	training	

boosts	DPO’s	in-

domain	gains	but	
risks	

generalization.

Moderate	
sampling	

enhances	DPO;	
excessive	

sampling	causes	
overfitting.

Scaling	in-
domain	data	

boosts	DPO’s	in-	
and	out-of-
domain	

performance.

The	teddy	bear	and	kite	are	sharper,	with	improved	color	contrast.	The	skyscrapers'	lines	are	more	defined,	with	a	more	straightforward	structure.

Clearer,	reduced	texture	collapse redundant	wine	glass	(quality	drop)Clearer,	reduced	texture	collapse Ghosting	effect	(quality	drop)

The	lace	of	the	wedding	dress	is	more	detailed,	with	improved	fabric	texture. Improved	realism	and	complexity	of	the	structure	and	details.

Base Sample 8 Sample 12

a photo of  a white dog and a blue potted plant  

Sample 16

Clearer	dog,	reduced	dog	face	collapse Redundant	potted	plant(quality	drop)

a photo of  a purple elephant and a brown sports ball

Clearer,	reduced	ball	texture	collapse Texture	collapse	and	redundant	ball	(quality	drop)

Base Size Double Size Triple Size

In-Domain

Out-of-Domain

In-Domain

Out-of-Domain

Out-of-DomainIn-Domain

Out-of-DomainIn-Domain

Out-of-DomainIn-Domain

Shape	collapse	(quality	drop)

Figure 3: Visualization Results of Different Investigating Scaling Strategies.
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E Limitations and Future Work57

While our study establishes a strong foundation for incorporating Chain-of-Thought reasoning into58

image generation via reinforcement learning (RL), several aspects warrant further investigation. Our59

current focus is on two representative RL algorithms and autoregressive generation frameworks,60

leaving broader explorations, such as alternative RL strategies, diffusion-based paradigms, and61

extensions to other generative tasks like video or 3D content, as valuable future directions. These62

areas offer opportunities to deepen understanding and enhance the generalizability of RL-based63

approaches in multimodal generation.64
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