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A Appendix

A.1 Training Data

Training Data for Unified Reinforcement Learning. To support synergistic multimodal modeling
during unified RL, we curate a dataset (i.e., x2x_rft_22k) that simultaneously involves text-to-image
generation and multimodal understanding tasks. As illustrated in Figure 1, each sample includes a
real image, a prompt for generation, and a problem for understanding. The real images are sourced
from the COCO 2017 train split [5], while the problems and their corresponding solutions are adapted
from A-OKVQA [8] and GPT-VQA [10]. In addition, prompts are selected from the original COCO
captions based on their entity coverage with the problem solutions.

Generation Generation

Prompt: a girl eating a carrot Prompt: an ice cream truck parked in ;;a;j#k 8
a field with kites flying in the sky : ”
Question: The girl is going to get hurt if the carrot goes it
in her throat because she will start doing what? X
Options: ;
A. choking Question: The girl is going to get hurt ﬁ
B. passing out if the carrot goes in her throat Ee
C. chewing because she will start doing what?
D. laughing
Answer the question based on the image and your world knowledge. Answer the question based on the image and your world knowledge.
Please write your thinking process inside <think> </think> tags, and Please write your thinking process inside <think> </think> tags, and
provide your final answer (option letter, e.g., A/B/C/D) inside provide your final answer (only 1-3 words) inside
<answer> </answer> tags. <answer> </answer> tags.
Your response MUST strictly follow this format: <think> ...</think> Your response MUST strictly follow this format: <think> ...</think>
<answer>option letter</answer> <answer>concise answer</answer>
~————— Understanding (MC) / Understanding (OE)

Figure 1: Representative training samples used in unified reinforcement learning.

Training Data for Refined Reinforcement Learning. In this stage, we collect three specialized
datasets for task-specific RL. For text-to-image generation, we continue constructing a dataset (i.e.,
x2x_rft_16k) with prompts derived from COCO captions. Moreover, we curate mcot_r1_mcq and
mcot_r1_vqa for multiple-choice and open-ended multimodal understanding, respectively. These
two datasets encompass a diverse range of multimodal tasks, including mathematical reasoning,
science-problem solving, and visual commonsense reasoning, across multiple source datasets. Specif-
ically, mcot_r1_mcq consists of A-OKVQA [8], M3CoT [1], SQA-IMG (train) [6], ArxivQA [4],
TabMWP (MC) [7], and MAVIS-Instruct (MC) [9], while mcot_r1_vqa includes GeomVerse [3],
R-CoT [2], TabMWP (OE) [7], and MAVIS-Instruct (OE) [9].
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Supplementary Experimental Setups

Table | provides detailed hyperparameter settings for ULM-R1’s RL training.

Table 1: Training hyperparameter setting.

Configuration Unified RL Refined RL (T2I) Refined RL (MM2T-MC) Refined RL (MM2T-OE)
Number of sampled outputs (G) 8 16 16 16
Regularization coefficient of Dy, (3) 0 0.02 0.02 0.02

Max prompt length 1024 256 1024 1024

Max completion length 512 / 512 512

Batch size 16 16 32 32

Peak learning rate 4e-6 le-6 le-6 le-6

Epoch 1 1 1 1
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