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Supplementary Material

In this Supplementary Material, we provide additional
details, including the comparison with GAN-based meth-
ods in Section A, discussion on perception and restoration
in Section B, more visual comparisons in Section C, and the
algorithm in Section D. We conduct these additional com-
parisons and analyses to validate the effectiveness of DNF-
SR.

A. Comparison with GAN-based Methods

We compare DNF-SR with three GAN-based Real-ISR
methods: BSRGAN [22], RealESRGAN [13], and LDL [8].
Quantitative evaluations are conducted on the DIV2K [1],
RealSR [4], DrealSR [15] and RealLQ [2] datasets, with
results summarized in Tab. 1. The experimental results
demonstrate that DNF-SR, leveraging a dual-input strat-
egy and a novel post-training optimization method NF²T,
achieves significantly superior no-reference metrics com-
pared to GAN-based methods.

Additionally, Fig 2 presents a visual comparison be-
tween DNF-SR and other GAN-based methods. The results
show that DNF-SR reconstructs more photorealistic and
natural outcomes. When compared to GAN-based meth-
ods, DNF-SR demonstrates distinct advantages in visual fi-
delity. Specifically, it achieves higher precision in restor-
ing structured elements (e.g., text and architectural details)
while rendering complex materials such as fabrics and nat-
ural textures with enhanced realism. This enables DNF-
SR to more accurately reproduce the fine-grained detail hi-
erarchy and authentic visual texture characteristic of high-
resolution images, outperforming the GAN-based methods
in both structural integrity and perceptual quality.

B. Discussion on Perception and Restoration

In experiments, we observe that existing multi-modal large
language models (MLLMs) can effectively perceive the
content in images. Even for challenging low-resolution
(LR) images, they can infer reasonable content for blurred
regions based on the overall image information. Mean-
while, current DiT-based generative models can adhere well
to captions for image generation. However, in SR tasks,
restoring strongly semantic structures such as text and logos
is extremely challenging. As shown in the first row of Fig. 1,
when no additional caption is used for the SR model, it is
difficult to restore text with normal semantics. As shown in
Fig 1, when captions generated by MLLMs are used as con-
ditions, DiT-based SR models can effectively alleviate this
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Figure 1. Visual comparisons between DNF-SR and DiT4SR
when using different captions including no caption, a reasonable
caption with “Nokia”, and an unreasonable caption where “Nokia”
is replaced with “Nckia”. DiT4SR exhibits structural issues at the
position indicated by the red arrow.

issue. Nevertheless, when we manually replace “Nokia”
with “Nckia”, DiT4SR exhibits poor prompt-following per-
formance. This is because when applying text-to-image
models to SR task, the model is caused to focus more on
LR images, which impairs the inherent prompt-following
capability of the original text-to-image model. In contrast,
our method DNF-SR narrows the gap between LR and the
original input of generative models through a dual-path in-
put design. It also initializes with an image editing model
to better perceive the information of LR used as conditions.
This enables DNF-SR to better preserve the inherent gener-
ation capability and prompt-following ability of the original
generative model when applied to SR tasks, thereby allow-
ing it to better adhere to captions and restore more realistic
and reasonable images.

However, current SR methods still obtain captions by
leveraging MLLMs to perceive image content before ap-
plying them to restoration tasks. Only using text caption
may sometimes fail to fully convey image information, and
the separate execution of perception and restoration steps
also introduces redundancy. Thus, it is highly meaningful
to develop an integrated perception-restoration model that
can accurately perceive semantic information in LR images



Table 1. A comprehensive evaluation against state-of-the-art GAN-based methods across synthetic and real-world datasets. The top-
performing results under each metric are marked in red.

Datasets Methods PSNR ↑ LPIPS [3] ↓ CLIPIQA [12] ↑ MUSIQ [7] ↑ MAINIQA [20] ↑ QALIGN [16] ↑ VQ-R1 [18] ↑

DIV2k

BSRGAN 24.583 0.3351 0.5246 61.193 0.5040 3.1703 3.3063
RealESRGAN 24.293 0.3112 0.5276 61.049 0.5484 3.2764 3.2623

LDL 23.828 0.3256 0.5179 60.040 0.5328 3.1798 3.1018
DNF-SR 23.631 0.3234 0.7723 71.546 0.6703 4.1563 4.3630

DrealSR

BSRGAN 28.702 0.2858 0.5092 57.159 0.4844 2.9572 3.0559
RealESRGAN 28.618 0.2818 0.4517 54.275 0.4902 2.8638 2.7683

LDL 28.196 0.2790 0.4473 53.948 0.4894 2.8576 2.6129
DNF-SR 28.141 0.3531 0.7559 68.732 0.6515 3.7997 3.9152

RealSR

BSRGAN 26.379 0.2656 0.5114 63.283 0.5419 3.1829 3.4907
RealESRGAN 25.687 0.2710 0.4489 60.364 0.5504 3.1081 3.1342

LDL 25.280 0.2750 0.4556 60.930 0.5495 3.0898 2.9897
DNF-SR 24.970 0.3239 0.7257 70.040 0.6930 4.0718 4.2646

RealLQ250

BSRGAN - - 0.5940 66.289 0.5963 3.4794 3.8124
RealESRGAN - - 0.6253 66.990 0.6148 3.6471 3.8088

LDL - - 0.6183 67.027 0.6147 3.6357 3.6940
DNF-SR - - 0.7997 73.700 0.7029 4.4752 4.6090

and perform restoration within a single framework.

C. More Visual Comparisons
In Fig. 3 and 4, we provide more visual comparisons with
other diffusion-based Real-ISR methods. As shown in
Fig. 3, DNF-SR can better adhere to the content of the
caption and restore more accurate text information. And
in close-up scenarios, DNF-SR can better restore the tex-
ture and details of the image. Meanwhile, as shown in
Fig. 4, DNF-SR can restore more realistic images under se-
vere degradation. These examples all demonstrate the per-
formance and robustness of DNF-SR for Real-ISR.

D. Algorithm Details
The training of DNF-SR consists of two stages: supervised
fine-tuning (SFT) and post-training. In the SFT stage, we
use multiple losses to perform supervised fine-tuning on the
paired (xL, xH , c) dataset. In the post-training stage, we
adopt a Negative-aware Feature Fine-Tuning method for re-
inforcement learning. Specifically, we sample K noises to
generate K restored images, then compute rewards using
multiple reward functions, which are normalized and ag-
gregated into a single r. Subsequently, we define positive
and negative optimization directions to improve model per-
formance. Here, K = 8. Details are in Algorithm 1.
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Figure 2. Vision comparisons between DNF-SR and GAN-based Real-ISR methods [8, 13, 22]. Zoom in for a better view.
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Caption: Close-up of a vending machine grid with compartments, some holding snacks priced ¥3 and ¥2, white dividers, and empty slots.

Caption: Close-up of a Martini bottle and a Kronenbourg 664 Blanc bottle, with colorful pencils in the background, vibrant still life.

Caption: Close-up of delicate white and pink flowering branches with a soft green background, featuring tender blossoms and buds in a serene.
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Caption: Close-up of white chamomile flowers with yellow centers and green stems, against a softly blurred, warm-toned natural background.
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Figure 3. Vision comparisons between DNF-SR and different diffusion-based Real-ISR methods [5, 6, 9–11, 14, 17, 19, 21].
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Caption: Medieval stone castle with tall towers, crenellated walls, flag on highest tower. Bright blue sky with scattered clouds, green grassy 
field, small bushes around.

Caption: Young child in blue shirt with colorful patterns, eating from white paper plate. Buffet table with red tomatoes, yellow chips, condiment 
bottles. Bright, casual family gathering scene.

Caption: Black and white vintage-style photo of a woman with voluminous curly hair, wearing a white dress with a black wide belt, leaning on 
metal rails.
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Caption: Modern building facade with white vertical slats, rectangular windows, grid pattern, monochromatic gray and white tones.
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Figure 4. Vision comparisons between DNF-SR and different diffusion-based Real-ISR methods [5, 6, 9–11, 14, 17, 19, 21].



Algorithm 1: Training Procedure of Negativate-aware Feature Fine-tuning in DNF-SR
Input: Training datasets {xL, xH , c} , fine-tuning one-step Diffusion-based SR Model including VAE encoder Eref

and velocity prediction network vref , pre-trained VAE decoder Dφ, number of samples K per training step,
N raw reward functions rraw(·) ∈ R, one fixed mid-timestep tmid.

Output: Post-trained one-step velocity prediction network vθ for SR.
1 Initialize data collection policy for velocity prediction vold ← vref .
2 Initialize training policy for velocity prediction vθ ← vref .
3 Initialize data buffer D ← ∅
4 while train do

/* Rollout Step, Data Collection */
5 for each sampled data(xL, xH , c) ∼ D do
6 Sample K standard Gaussian noises ϵ1:K and collect K restored images x̂1:K

H using vold.
7 Compute rewards {rraw1:N }1:K using N raw reward functions, respectively.
8 Standardize raw rewards in group: rstdi := (rrawi −mean({rrawi }1:K))/std({rrawi }1:K).
9 Normalize rewards using the standard Gaussian cumulative distribution function: ri = Φ(X < rstd).

10 Average the N rewards: r = avg(r1:N )

11 D ← {c, xL, x̂
1:K
H , r1:K}

12 end
/* Gradient Step, Policy Optimization */

13 for each mini batch {c, xL, x̂H , r} do
14 Encode the LR image: zL = Eref (xL).
15 Forward diffusion process: zt = tmidϵ+ (1− tmid)zL.

/* Calculate Positive Optimization Direction */

16 Implicit positive velocity: v+θ := (1− β)vold(zt, c, tmid) + βvθ(zt, c, tmid).
17 Implicit positive image: x̂+

θ := Dφ(zL − tmidv
+
θ ).

18 Positive optimization direction: L+
θ = rLrec(x̂

+
θ , x̂H).

/* Calculate Positive Optimization Direction */

19 Implicit negative velocity: v−θ := (1 + β)vold(zt, c, tmid)− βvθ(zt, c, tmid).
20 Implicit negative image: x̂−

θ := Dφ(zL − tmidv
−
θ ).

21 Negative optimization direction: L−
θ = (1− r)Lrec(x̂

−
θ , x̂H).

/* Update Model Parameters */

22 θ ← θ − λ∇θ

[
L+
θ + L−

θ

]
23 end

/* Online Update */
24 Update data collection policy vold ← vθ, and clear buffer D ← ∅.
25 end
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