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By combining (A.10) and (A.11) into (A.2), we get ex-
actly the Gradient Equivalent Theorem stated in the text.
This completes the proof.

2. Implementation Details

In this section, we provide detailed hyperparameter settings
and the algorithmic procedure for MARVAL. Our frame-
work consists of two distinct stages: the Guided Score Im-
plicit Matching (GSIM) distillation stage and the Reinforce-
ment Learning (RL) refinement stage.

2.1. Hyperparameter Settings

Model Architectures. The architecture of our one-step
generator follows the same configuration of the original
MAR models [68].

Hyperparameter | Stage 1: GSIM Distillation
GPUs 8 x NVIDIA A100
Training Epochs 30

Approx. Training Time ~ 3 days
Teacher Steps (Ng;ff) 1000

Student Steps (Ng;¢) 1

CFG Scale (w) 1.2

Loss Function Pseudo-Huber (r = 107°)
Student model Lr S5e-6

Auxiliary model Lr Se-6

EMA momentum 0.9999

batch size per GPU 64

Table 1. Training Settings for MARVAL Distillation stage.

Training Configurations. The training is conducted on
NVIDIA A100 GPUs. We utilize the AdamW optimizer for
both stages. The specific hyperparameters for the Distilla-
tion and RL stages are provided in Table | and Table 2.

During the distillation stage, we set the teacher’s full dif-
fusion steps to Ng;rr = 1000 and the one-step generator
predicts the noise from the fix step 400. Based on our abla-
tion study, we set the Classifier-Free Guidance (CFG) scale
w = 1.2 for the teacher score, which provides the optimal
trade-off between fidelity (FID) and fidelity. For the loss
function, we use the Pseudo-Huber distance withr = 1le—5
to ensure numerical stability.

Hyperparameter ‘ Stage 2: RL Refinement
GPUs 8 x NVIDIA A100
Training Epochs 5

Approx. Training Time ~ 2 days

AR Loops (N4r) 64

Student Steps (Ng; ) 1

Reward Model Pickscore
Student model Lr 5e-6

EMA momentum 0.9999

batch size per GPU 2

Table 2. Training Settings for RL Refinement stage.

During the RL refinement stage, we use PickScore [22]
as the reward model. We generate samples with AR
loops(IN4r)=64 to calculate rewards, ensuring the opti-
mization aligns with the final inference quality and requires
less memory costs. Our best results in FID and IS are tested
when inferring with Nap = 128.

3. Additional Results

This section provides additional qualitative results for the

MARVAL-RL-L and MARVAL-RL-H models, as well as

extended text-to-image generation samples from our 1-

step+RL DC-AR model. The MARVAL results were not

included in the main paper for the following reasons:

* First, due to space limitations, we primarily presented re-
sults using the MARVAL-RL-B model.

» Second, the qualitative visualizations in the main experi-
ments adopt MARVAL-RL-B because it already delivers
strong visual quality while maintaining the fastest infer-
ence speed among all model sizes.

e Third, the MARVAL-L and MARVAL-H models achieve
relatively strong performance even before RL fine-tuning,
making the improvements brought by RL most pro-
nounced and interpretable on MARVAL-B.

For completeness, we include the MARVAL-RL-L and
MARVAL-RL-H visualizations in Fig. 1 and Fig. 2, respec-
tively. Compared with MARVAL-RL-B and MARVAL-
RL-L, the MARVAL-RL-H samples exhibit significantly
richer fine-grained textures, particularly on man-made ob-
jects such as buildings, tools, and clothes. This trend pro-
vides additional evidence that our method scales effectively:
as model capacity increases, the RL fine-tuning yields in-
creasingly detailed and visually faithful results.

Furthermore, to supplement the text-to-image experi-
ments presented in the main text, we provide a broader set
of qualitative samples generated by our 1-step+RL DC-AR
model in Fig. 3.



Figure 1. Qualitative results of MARVAL-RL-L.



Figure 2. Qualitative results of MARVAL-RL-H.
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Figure 3. More qualitative results of distilled+RL DC-AR text-to-image generation. Our method achieves high generation quality and
strong text alignment, demonstrating robust adaptability to prompts of varying lengths.
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