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A. The Complete Derivation for Loss-gradient Guidance

As mentioned in Section 4.1, we provide a detailed derivation of our main method in the supplementary materials. We first
provide an explanation for Equation (7) in our main text.

Va, logp(z: | g) = Va,logp(z) + Ve, logp(g | z4). (D
According to Bayes’ theorem, p(z; | g) can be expressed as:

p(g | ) X p(x)

pre | g9) = : 2)
(w1 9) p(9)
Taking the logarithm on both sides of the equation, we obtain:

log p(z¢ | g) =logp(g | x¢) + log p(x:) — log p(g). (©)

Differentiating both sides of the equation with respect to x;, we can ignore p(g) as it is independent of x;. Thus, the equation
can be expressed as:

Ve, logp(xy | g) = Vi, logp(xy) + Vo, log p(g | z¢). 4

Thus, we have completed the derivation of Equation (7) in our main text. Next, we will continue with the detailed derivation
of Equation (9) in Section 4.1, which can be represented as:

€ = (@, t) + VT — @V, [lg = M(o(@))ll3

)
=egy(x,t) + pvV1 — VL,
According to Equations (6) in our main text, we can deduce:
6¢(xt7t) =~V l_atvxt logp(mt)v (6)
€, = —V1—;Vy, logp(z | g).
Therefore, we can easily obtain:
€y, = €p(xy,t) — V1 =V, logp(g | ). 7
It can be inferred from the main text that V,, log p(g | 1) ~ —pVa, |lg — M(Zo(x¢))||5. Thus, we can derive that:
€ = eo(we,1) + pVT—aiVa, llg = Mio(w))ll3 ®

= €42, 1) + pvV1 — VL,

We have also provided the pseudocode for our training phase, which can be found in Algorithm 1.
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Algorithm 1 Pseudo Code for Our Guidance in the training stage

Require: The low-resolution image z;, the high-resolution image x¢, the forward operator M, no-guidance training itera-
tions )\, total training iterations A\
1: if training iterations < \; then
2: Predict the noise €4 (x¢, t) through the denoising model

3: Take gradient descent step on:
Vo lle = €4 (1, 1)]1” ©
4: return
5: end if
6: if \; < training iterations < \r then
7: Input the high-resolution image x( into the forward operator M to get guidance g

g = M(xo) (10)

Predict the noise €, (x,, t) through the denoising model
9: Optimize the predicted noise €, (x, t) using guidance g

6;5 = €4z, t) + pV1 — Vg, |lg — M(io(wt))llg

(1D
= ep(e,t) + pvV1 — VL,
10 Take gradient descent step on:
2
Vo [le —esll (12)
11: return
12: end if
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Figure 1. Visual comparison of infrared image super-resolution with SOTA methods on TNO and RoadScene datasets.

024 B. Additional Comparison for QOur Proposed Approach

025 Qualitative Comparison. The qualitative results shown in Figure | highlight the superior visual performance of our method
026 compared to other approaches. Additional examples are provided in the supplementary materials. For a comprehensive
027 evaluation, we selected representative images from the TNO and RoadScene datasets for qualitative analysis. Our method
028 preserves more accurate thermal details and clear object contours on the TNO dataset, avoiding artifacts and noise commonly
029 observed in other methods. For the RoadScene dataset, our approach excels in reconstructing fine textures and maintaining
030 structural consistency, particularly in complex traffic scenarios where other methods struggle with blurring and misalignment.
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Datasets TNO RoadScene

Methods CLIP-IQAT MUSIQ?T CLIP-IQAT MUSIQ?T
Low Resolution - 0.2020 22.507 0.1487 22.349
ESRGAN [7] ECCV’18 0.2625 33.033 0.2607 44.470
RealSR-JPEG [4] CVPR’20 0.4271 46.562 0.4270 52.860
BSRGAN [11] CVPR’21 0.4006 53.305 0.3139 53.491
SwinIR [6] CVPR’21 0.2656 32910 0.1890 34.677
RealESRGAN [8] ICCV’21 0.3828 48.3307 0.2933 49.853
HAT [1] CVPR’23 0.2791 33.961 0.2247 35.413
DAT [2] ICCV’23 0.2854 34.130 0.2351 34.655
ResShift [10] NeurIPS’23 0.4745 50.546 0.3607 51.528
CoRPLE [5] ECCV’24 0.2601 30.516 0.2018 27.701
SinSR [9] CVPR’24 0.6159 54.027 0.5207 54.184
Bi-DiffSR [3] NeurIPS’24 0.3106 34.883 0.2519 38.543
DifIISR Ours 0.6218 54.601 0.5302 54.568
High Resolution - 0.2018 30.074 0.1604 40.864

Table 1. No-reference Metrics Comparison of infrared image super-resolution with SOTA methods on TNO and RoadScene datasets.

These results demonstrate the distinct advantages of our approach in producing high-quality visual outputs across diverse
datasets.

Quantitative Comparison. Table | provides a quantitative analysis of our method on the TNO and RoadScene datasets
compared to various approaches. Our method consistently achieves the best performance across all metrics on both datasets,
demonstrating its effectiveness in evaluating and enhancing image quality. On the TNO dataset, our approach excels in
capturing critical features under challenging scenarios, aligning well with human perceptual judgments. Similarly, on the
RoadScene dataset, our method outperforms others across all evaluation metrics, showcasing its robustness and superior
capability in handling diverse and complex scenes.

C. More Ablation for Our Dual Guidance
C.1. Ablation for different visual guidance

In the choices for visual guidance, we utilized MSE and SSIM as replacements. The following is the description of these loss
functions. SSIM (Structural Similarity Index) loss is a visual loss function that measures the similarity between two images
based on their contrast, and structure. The SSIM loss is defined as:

Lssiv =1 —SSIM(x,y)

where SSTM (z,y) measures the structural similarity between the images x and y. MSE (Mean Squared Error) loss is a
common loss function that measures the average squared difference between predicted and target values. It is defined as:

N
1
Lyske = N ;(fﬁi —ui)?
where x; and y; are the predicted and target values, respectively, and N is the total number of pixels. Table 2 presents our
ablation results, demonstrating that our method outperforms other visual guidance approaches across all metrics.
C.2. Ablation for different perceptual guidance

LPIPS and Edge were adopted as substitutes for the replacement options of perceptual guidance. LPIPS (Learned Perceptual
Image Patch Similarity) is a perceptual loss function that measures the perceptual similarity between two images using deep
network features. It is defined as:

Lrpirs =Y willéi(x) — du(y)|
I
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Visual Guidance PSNR  CLIP-IQA mAP mloU Visual Guidance PSNR  CLIP-IQA mAP mloU

- 33.466 0.5102 312 409 - 33.466 0.5102 312 409

SSIM Based 34.010 0.5189 31.8 41.5 LPIPS Based 33.954 0.5189 32.7 41.6

MSE Based 34.244 0.5278 31.7 41.3 EDGE Based 33.823 0.5217 325 42.0

Ours 34.575 0.5379 331 424 Ours 34.575 0.5379 331 424

Table 2. Ablation study for different visual guidance. Table 3. Ablation study for different perceptual guidance.
055 where ¢; represents features from the [-th layer, and w; are learned weights. Edge loss focuses on preserving edge details
056 by comparing the edges of the generated image with the target image. Typically, edges are extracted using edge detection

057 methods like Sobel or Canny filters, and the loss is defined as:

058 Lepar = | E(x) — E(y)|®
059 where E(-) represents the edge detection operator. The ablation results, shown in Table 3, indicate that our method performs
060 better than other perceptual guidance strategies across all metrics.
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