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Abstract

We propose a novel Iterative Predictor-Critic Code Decod-
ing framework for real-world image dehazing, abbreviated
as IPC-Dehaze, which leverages the high-quality code-
book prior encapsulated in a pre-trained VOQGAN. Apart
Jfrom previous codebook-based methods that rely on one-
shot decoding, our method utilizes high-quality codes ob-
tained in the previous iteration to guide the prediction of
the Code-Predictor in the subsequent iteration, improv-
ing code prediction accuracy and ensuring stable dehaz-
ing performance. Our idea stems from the observations
that 1) the degradation of hazy images varies with haze
density and scene depth, and 2) clear regions play crucial
cues in restoring dense haze regions. However, it is non-
trivial to progressively refine the obtained codes in sub-
sequent iterations, owing to the difficulty in determining
which codes should be retained or replaced at each itera-
tion. Another key insight of our study is to propose Code-
Critic to capture interrelations among codes. The Code-
Critic is used to evaluate code correlations and then re-
sample a set of codes with the highest mask scores, i.e.,
a higher score indicates that the code is more likely to be
rejected, which helps retain more accurate codes and pre-
dict difficult ones. Extensive experiments demonstrate the
superiority of our method over state-of-the-art methods in
real-world dehazing. Our project page can be found at
https://github.com/Jiayi-Fu/IPC-Dehaze.

1. Introduction

In real-world scenarios, capturing hazy images is a com-
mon occurrence, wherein the visual output exhibits dimin-
ished clarity and sharpness. This phenomenon is primarily
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Iterative results of our IPC-Dehaze

Figure 1. A comparison between the state-of-the-art real-world
image dehazing methods and our IPC-Dehaze. In comparison, our
result is sharper and clearer, with less color distortion and overex-
posure. The bottom images present the results of each iteration in
our method, showing the continuous improvements with our core
Predictor-Critic mechanism.

attributable to the presence of atmospheric particles that ir-
regularly disperse and scatter light. The presence of haze
can significantly impact the visual quality or accuracy of
subsequent perception algorithms. Consequently, there has
been a growing interest in image dehazing, aiming to restore
clear images from their hazy counterparts.

Achieving a clean image from a hazy one is inherently
challenging. Traditional methods address this ill-posed



problem by leveraging various priors [2, 14, 19, 43], but
they often struggle in real-world scenes due to ideal as-
sumptions or limited generalization capabilities. The advent
of deep learning has led to data-driven methods exhibiting
remarkable performance in image dehazing. These meth-
ods either estimate the physical model-related transmission
map [4, 30] or directly restore the clean image [12, 29].
However, they are commonly trained on images synthesized
by ideal physical models, posing challenges when applied
to complex real-world scenes.

To address this issue, some approaches focus on improv-
ing data synthesis [31, 40] or employ alternative training
strategies like unsupervised learning [16, 41]. Recent work,
RIDCP [38], highlights the importance of considering mul-
tiple degradation factors for synthesizing hazy images and
demonstrates the effectiveness of high-quality codebook
priors. In line with RIDCP, some works [10, 25] have been
proposed for real-world dehazing. Despite the progress
made by current methods, they still face some limitations.
Specifically, they may overlook the spatial variations in
degradation with haze density and scene depth, leading to
over-recovery in thin haze areas or under-recovery in dense
haze areas. Additionally, accurately recovering a challeng-
ing scene with a one-shot (i.e., only a single attempt or
instance) mapping proves difficult, resulting in suboptimal
performance.

Inspired by the physical phenomenon that areas with thin
haze contain more information while areas with dense haze
contain less, we found that dehazing efforts could benefit
from focusing on relatively clear scenes first, before ad-
dressing more challenging areas. To achieve that, we follow
previous methods [38] to utilize the high-quality codebook
encapsulated in a pre-train VQGAN [13] as prior. Unlike
previous codebook-based methods that perform a one-shot
code prediction, we present a novel iterative decoding pre-
diction framework, which performs dehazing in an easy-to-
hard manner, improving the overall accuracy and stability
of the dehazing process, as the comparison shown in Fig. 1.

In our method, an encoder first maps a hazy image into
tokens. Then, according to the current tokens, a Predictor-
Critic mechanism is used to alternately predict high-quality
codes and evaluate which should be retained. As the itera-
tions progress, the number of retained codes progressively
grows until all codes are finalized. In particular, in the ¢-th
iteration, we get the high-quality codes predicted in the pre-
vious iteration and a mask map that determines which codes
are retained in this iteration. Next, we feed the mask map
processed tokens into the Code-Predictor to predict all the
high-quality codes in this iteration, and we also need to gen-
erate a mask map to benefit the next iteration. To achieve
the iterative dehazing shown above, we fuse the tokens from
clean and hazy images with a random mask. The processed
tokens are fed to Code-Predictor to match the high-quality

codebook, simulating the prediction of the ¢-th iteration dur-

ing inference. Following the inference process, obtaining an

effective and instructive mask map is important, so we pro-
pose Code-Critic to better reject the least likely codes and
retain the good ones.

The contributions of this study are summarized as fol-
lows:

* We propose a novel iterative decoding dehazing frame-
work. In comparison to one-shot methods, our method
uses high-quality codes from previous iterations as cues
to guide Code-Predictor in predicting the subsequent
codes, implementing better iterative dehazing.

* We introduce Code-Ceritic to evaluate the interdependence
in the output of the Code-Predictor, selecting which codes
should be retained or rejected across iterative decoding
steps to guide subsequent predictions. This module im-
proves the coherence among selected codes and prevents
error accumulation.

* With these novel designs, our approach surpasses state-
of-the-art methods in real-world dehazing both qualita-
tively and quantitatively.

2. Related Work

Early single image dehazing methods [2, 14, 19, 43]
recover images by estimating the parameters of imaging
model [20]. However, hand-crafted priors suffer from
poor generalization ability and cannot adapt to the various
scenes. With the development of deep learning, data-driven
methods have achieved remarkable results. One kind of ap-
proach [4, 23, 30] is inspired by the scattering model, but
the performance is unsatisfactory when the scene does not
conform to the ideal physical model. Another line [18, 29]
is to directly obtain a clean image using a network. How-
ever, due to the domain gap between synthetic data and real
data, the model trained on synthetic images often suffers
from sub-optimal performance when applied to real-world
hazy images.

There has been a remarkable amount of research fo-
cusing on real-world image dehazing. Real-world im-
age dehazing methods can be roughly divided into three
categories: 1) Domain Adaptation-based Method. Some
methods employ domain adaptation to reduce the gap be-
tween the synthetic domain and the real domain [31, 32].
These supervised methods typically achieve excellent per-
formance on synthetic datasets, but they often struggle to
generalize well to real-world hazy images. 2) GAN-based
Method. In contrast, GAN-based unsupervised dehazing
methods learn the dehazing mapping from unpaired clean
and hazy images. To produce clearer and more realistic im-
ages, Liu et al. [28] proposed a dehazing network based on a
physical model and an enhancer network that supervises the
mapping from the hazy domain to the clean domain. Yang et
al. [40] introduced an unpaired image dehazing framework
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Figure 2. Overview of our IPC-Dehaze. In the training phase, we use fused tokens Z; = Z; © M + Z. ® (1 — M) from the hazy and
clean images, and predict the sequence codes S by Code-Predictor. We also train Code-Ceritic to evaluate each code in set S for potential
rejection and resampling. In the inference phase, Zi—o is initially encoded as low-quality tokens Z;. During the ¢-th iterative decoding
step, the Code-Predictor takes Z; as input, predicting the sequence codes .S and the corresponding high-quality tokens Z.. To retain the
reliable codes and resample the others, the Code-Ceritic evaluates S and produces a mask map M by p. This mask map M is then used to
generate Z;41 through a Fusion process. Following 7" iterations, Z is output to reconstruct the clean image by a decoder. The SFT refers
to the Spital Feature Transform, which adjusts the feature within the encoder and decoder.

that utilizes self-enhancement to re-render blurred images
with various haze densities. However, GAN-based meth-
ods often tend to produce unrealistic haze, which further
compromises the overall dehazing performance. 3) Deep
Prior-based Method. Some methods [10, 25] that introduce
handcrafted priors in the network framework or loss func-
tions still fail to overcome their inherent limitations. Some
efforts have been made to utilize prior knowledge extracted
from high-quality images to aid in image restoration. Some
face restoration [17, 42] and super-resolution [7, 9] meth-
ods based on VQGAN [13] have demonstrated the superi-
ority of high-quality priors. RIDCP [38] leverage a latent
high-quality prior in image dehazing and achieve signifi-
cant performance. However, the one-shot-based algorithm
struggles with extremely dense haze and performs poorly
in the inhomogeneous haze, failing to take full advantage
of the information in the thin haze. To address these is-
sues, our new framework introduces generative capability
and high-quality priors and enhances the model’s general-
ization through an iterative approach.

3. Methodology

In this work, we propose a novel image dehazing frame-
work via iterative decoding, which is shown in Fig. 2.
Firstly, to introduce robust high-quality priors, we pre-
train a VQGAN [13] on high-quality datasets. In this
stage, we can obtain a latent high-quality discrete code-
book and the corresponding encoder and decoder. To match

the correct code, we use the proposed Code-Predictor re-
placing the nearest neighbor matching (Stage I). To cap-
ture the global relationship of the code sequence, we in-
troduce Code-Critic for selecting whether a code gener-
ated by the Code-Predictor is accepted or not during it-
erative decoding (Stage II). This ensures that the accep-
tance or rejection of a code should be not decided inde-
pendently. We present the training process in Algorithm 1.
During the inference phase, the process begins with to-
kens encoded from a hazy image. Over T iterations,
the current token is fed into the Code-Predictor and the
Code-Critic selects which high-quality codes will be re-
tained for the next iteration. This process continues un-
til all codes have been replaced with high-quality ones.
We present the inference process in Algorithm 2.

3.1. Preliminary

Learning A Codebook via VQGAN. In order to allevi-
ate the complexity of directly generating images in pixel
space, VQVAE [33] proposes a vector quantized (VQ) au-
toencoder to learn discrete codebooks in the latent space.
VQGAN [13] further enhances the perceptual quality of the
reconstruction results by introducing adversarial loss and
perceptual loss. Following VQGAN, the codebook learning
consists of three parts:

i) The encoder E'fr encodes the high-quality image patch
I, € REXW>X3 (o latent features Z, = Egy(I) €
R™*nxd where the d denotes the dimension of code-



Algorithm 1 Training Process

Algorithm 2 Inference Process

Input: 7, Z., S}, Code-Predictor G, Code-Critic G,
mask schedule functions «(r), learning rate 7, number of
tokens in latent V.
1: repeat
2: ro~ U(071)
3. M, + randomly sample([y(r) - N)
4 Iy +— Z; O My + Z. ® (1 — M) {Confuse Z; and
Z.. based on M, }
5. po < Go(Zy)
6: S« argmax(pg)
7: 0+ 60— 77V9£9
8:  if training Code-Ceritic then
9: S < sample from py
10: M + (S # Sp) {Build ground truth}
11: ¢ — ¢ — nV¢£¢
12:  end if
13: until convergence

Input: Encoder Er, decoder Dy, Code-Predictor Gy,
Code-Critic G, mask schedule functions (), codebook
C, number of tokens in latent N, number of iterations 7",
low-quality images I;
Output: clear images I,
1. 2 < EL(IZ)
2: My + 1 {M; initialized to 1}
3: fort < 1toT do
Zi<— Z1 O M+ Z. © (1 — M)
po < Go(Z4)
S < sample from py
Z. + C(S) {Using S to select tokens from the code-
book C'}
8 py  Go(5)
9:  Myyq < sample[(%) - N from p,
10: end for
11: Ipee < Dp(Z.)

Nk

book embedding vector.

ii) Eachitem in Z}, is replaced with the closest code in the
codebook C' € RX*4 with K codebook size to obtain
the quantized feature Z,. € Rmxnxd gng sequence Sy,
which is formulated by Eq. (1):

z(9) = q(Z;) = argmin ||Z,(L”) — ckll2,
cpeC (1)
5499 — k such that Z(9) = ..
iii) Reconstructing the image [; by the decoder Dy:
Irec = DH(ZC)

Analysis. To reduce the ill-posedness of image dehaz-
ing, we pre-train a VQGAN to learn a latent discrete high-
quality codebook, which improves the network’s robustness
against various degradations. Due to the domain gap be-
tween the hazy images and clean images, the nearest neigh-
bor matching (Eq. (1)) is ineffective in accurately matching
codes. This issue will be further discussed in the ablation
study (see Fig. 7). Thus, we will introduce Code-Predictor
to better match codes.

MaskGIT: An Iterative Generation Paradigm.
MaskGIT [5] is an image generation approach that
incorporates masked token modeling and parallel de-
coding, improving both performance and efficiency. Let
Y = [y;]~, denote the latent tokens derived from the input
image via an encoder, M represents the corresponding
binary mask of Y, and Yj; represents Y masked by M.
During training, MaskGIT trains a predictor that can predict
the masked parts through Y};, aiming to maximize the pos-
terior probability P(y;|Yy;). During inference, MaskGIT
predicts all tokens, keeping only the most confident ones,
and re-sampling the rest in the next iteration.

Analysis. In contrast to image generation, image restora-

tion emphasizes the fidelity of the original scene. Thus, it
makes sense to use the low-quality features of the image as
a condition. Directly applying MaskGIT to image restora-
tion is infeasible as it is designed for LQ-to-HQ mapping
rather than HQ-to-HQ mapping; meanwhile, the mecha-
nism for independently sampling tokens ignores their inter-
dependence [22]. To address these issues, we employ Code-
Critic at each iteration to identify the relationships between
tokens. This approach effectively identifies which tokens to
mask at each iteration.

3.2. Code-Predictor Training (Stage I)

In this stage, we will fix codebook C, decoder Dy, and
pre-train encoder E'y (also referred to as F). When we
have haze images I;, we can obtain corresponding features
Z; with E,(I;). We then randomly sample a binary mask
matrix M; € R™*™ where the mask ratio can be deter-
mined by [v(r) - (m x n)], where y(r) denotes the cosine
function, and r is a random number sampled from a Uni-
form(0,1]. To obtain the input Z;, we apply M to Z; and
Z., following the formulated by:

Zy=72,0 M+ Z.® (1 - My). @)
Then, Z; is fed into Code-Predictor GGy to forecast the

probability pg € R("™*™)*K gyer all codes in the codebook
C. We adopt cross-entropy loss Ly to train Gy:

N
Lo=—>" 5" logpe(S,"| 1), 3)
1=0

where 7 is the index, /N is the number of elements.
To align the features between hazy images and high-
quality images, we introduce the SFT module [35, 42]:

Ey = Fy+a®F+fB;a,8 = Conv(concat(Fe, Fy)). (4)



Table 1. Quantitative comparison using NR-IQA on RTTS, Fattal, and URHI datasets. Red and blue indicate the best, second-best
performers respectively. * indicate that due to image size constraints, we are unable to test the results under CLIPIQA and TOPIQ metrics.

Datasets| Metrics |Hazy images MSBDN [12] Dehamer [18] DEA-Net [11]|DAD [31] D4 [40] PSD [10] RIDCP [38] KA-Net [15] Ours
MUSIQT 53.76 53.73 53.57 54.09 49.33 53.55 50.30 55.23 54.64 59.60

PI| 4.78 4.15 441 3.83 4.19 3.86 3.61 3.56 3.63 3.22

RTTS |MANIQA?T 0.311 0.311 0.310 0.314 0.221 0.297 0.256 0.251 0.259 0.327
CLIPIQA?T 0.39 0.36 0.36 0.37 0.25 0.34 0.28 0.30 0.28 0.44
Q-Alignt 3.04 3.04 3.10 3.11 2.84 2.97 2.63 3.24 3.09 349

TOPIQT 0.400 0.406 0.401 0.407 0.335 0.402  0.353 0.412 0.394 0.500

MUSIQT 63.61 63.67 64.40 63.33 58.17 63.92  60.96 65.48 64.09 66.22

PI| 3.18 2.47 2.48 2.66 3.02 2.44 2.83 2.37 2.81 2.41

Fattal [MANIQAT 0.38 0.38 0.38 0.40 0.26 0.39 0.33 0.31 0.35 0.43
CLIPIQAT 0.51 0.53 0.51 0.50 0.42 0.55 0.48 0.42 0.50 0.59
Q-Alignt 3.739 3.943 3.923 3.934 3.593 3.980 3.312 3.799 3.982 4.234

TOPIQT 0.56 0.56 0.56 0.58 0.41 0.59 0.49 0.50 0.55 0.63

MUSIQ?T 57.8 57.35 57.08 57.64 57.12 52.23 53.96 61.39 58.57 62.5

URHI* PI] 4.07 3.57 3.88 3.83 3.64 3.71 3.48 2.87 3.15 3.08
MANIQAT 0.355 0.348 0.350 0.355 0.344 0.262  0.294 0.314 0.306 0.364
Q-Alignt 3.21 3.19 3.10 3.28 2.92 3.16 2.68 3.51 3.23 3.70

We jointly train low-quality image encoder Ej,, Code-
Predictor Gy, and SFT. Further training details will be pro-
vided in the supplementary material.

3.3. Code-Critic Training (Stage II)

In training Stage I, we obtain high-quality restored images.
However, during the inference stage, we only sample codes
S from the output distribution py of the Code-Predictor,
without considering the relationships between the codes. To
overcome this challenge, in Stage II training, we keep other
model components fixed and introduce the Code-Critic G 4
to evaluate whether each code should be accepted.

We intuitively feed S into Code-Critic and output pg to
check whether each code in S is consistent with the ones
in Sp,. If not, it’s rejected, otherwise it’s accepted. Based
on this, we can create a label sequence M = (S # Sy).
During the training stage II, we use the binary cross-entropy
loss to optimize the Code-Critic:

N
Ly == Mlogpy(S™)+(1-M")log(1-py(S™)).

i=0
)
Since the Code-Ceritic is trained to accurately evaluate
various cases of Code-Predictor, we introduce the sampling
temperature to enhance the sampling diversity of Code-

Predictor:
K

) p(i)
Py = e/ Y

e
=0

%
Té, (©)

where T'emp is set to 2.

3.4. Iterative Decoding Via Predictor-Critic

The inference stage pipeline is illustrated in Algorithm 2.
To start, the low-quality image [; is encoded by Ej, into

Z;, alongside an initial mask M;. During the inference
stage, the following process goes through a total of 7 itera-
tions. At each iteration, we obtain Z; using Eq. (2). Then,
a code sequence S is sampled from the Code-Predictor Gy.
The accuracy and correlation of S are evaluated using the
Code-Critic G4 to determine which code in S should be re-
jected and resampled in the next iteration, as indicated by
the binary mask M;,;. The mask ratio is determined by
[v(r) - N]. After completing 7T iterations, we can achieve
clear images with I ... = Dy (Z.).

4. Experiments
4.1. Experimental Settings

Training Datasets. During the codebook learning phase,
we follow the Real ESRGAN [36] to generate paired data.
We obtain images from DIV2K [1] and Flickr2K [27] and
randomly crop and resize them into non-overlapping 512 x
512 patches. During the training phase (Stage I and Stage
II), we generate paired images employing the synthetic data
generation methodology proposed by RIDCP [38].

Testing Datasets. We qualitatively and quantitatively
evaluate our model on the real-world datasets RTTS and
URHI [24], which contain 4,322 and 4,809 images respec-
tively, covering various scenes with different haze densities,
resolutions, and degradation levels. Additionally, we fur-
ther conduct comparisons on Fattal’s dataset [ 14].

4.2. Network Architectures.

In our work, we utilize a VQGAN network similar to Fe-
MaSR [7]. To accommodate images of different resolutions,
we employ a 4x RSTB [26] and a 2x RSTB as the body
for the Code-Predictor and Code-Critic, followed by a lin-
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Figure 3. Visual comparison on RTTS. Zoom in for best view.

Hazy image Dehamer DEA-Net

Figure 4. Visual comparison on Fattal. Zoom in for best view.

ear projection layer. More details about the network can be
found in the supplemental material.

Our method is implemented with PyTorch on 4 NVIDIA
RTX 3090 GPUs. We randomly resize and flip the in-
put data, and crop it into 256 x 256 patches for data aug-
mentation. We use Adam with parameters of 51 = 0.9,
B2 = 0.99, and fix the learning rate to 1 x 10~% for all
stages of training. We pre-train VQGAN with a batch size
of 32 and adopt a batch size of 16 for Stage I and Stage
II. The networks are respectively trained with 400K, 100K,
and 20K iterations during the three training stages.

4.3. Comparisons with State-of-the-art Methods

We compare our method with several state-of-the-art de-
hazing approaches through both quantitative and qualitative
analyses. We present more experimental results and analy-
sis in the supplementary material.

Quantitative Comparison. Due to the difficulty in ob-
taining ground truth hazy images from the real world, we

quantitatively analyzed our method with some commonly
used no-reference image quality assessment (IQA) metrics.
To better assess the results, we apply IQA metrics focusing
on different aspects, such as perceptual IQA (MUSIQ [21],
PI[3], and MANIQA [39]), semantic IQA (TOPIQ [8]), and
LLMs-based IQA (CLIPIQA [34], Q-Align [37]). All IQA
metrics, except for PI, higher metric scores represent bet-
ter image quality. We compare our method with the meth-
ods that have achieved outstanding results in benchmarks:
MSDBN [12], Dehamer [18], and DEA-Net [11] as well as
real-world image dehazing methods: DAD [31], PSD [10],
D4 [40], RIDCP [38], and KA-Net [15].

For a fair comparison, we execute the official code for
all the mentioned methods and evaluate them using IQA-
Pytorch [6]. As seen from the Tab. 1, our method achieves
first and second places in comparison to other state-of-
the-art methods. The results suggest that our method per-
forms better in dehazing capabilities, color fidelity, and im-
age quality. Overall, our method obtained the best results



Hazy image Dehamer DEA-Net PSD RIDCP KA-Net Ours
Figure 5. Visual comparison on URHI. Zoom in for best view.
Hazy image Dehamer DEA-Net PSD RIDCP Ours

KA-Net

(b) Results of different SOTA dehazing methods on the dense hazy images.

Figure 6. Visual comparison on challenging scenarios. Zoom in for best view.

in quantitative metrics, further supporting its superiority in
real-world image dehazing.

Qualitative Comparison. We conduct a qualitative com-
parison on the RTTS, Fattal, and URHI datasets, as shown
in Figs. 3 to 5. Dehamer [18] and DEA-Net [11] show lim-
ited dehazing capabilities. PSD [10] is somewhat overex-
posed and color-shifting. RIDCP [38] and KA-Net [15]
demonstrate effective performance, but the image quality
is subpar and they struggle with dense haze areas. In com-
parison, the quality of our restoration significantly outper-
forms other methods in both thin and dense haze regions
(such as within the red and green box in the bottom image
in Fig. 4). The comparison reveals that our approach can

generate high-quality, more natural, and cleaner images.

To further demonstrate the superiority of our approach,
we additionally select some challenging scenarios for vi-
sion comparison. As shown in Fig. 6 (a), the captured hazy
images may be color-biased due to the effects of low light,
and particles such as sand, and dust. Our results can handle
the color casts and have more natural colors and cleaner im-
ages. In Fig. 6 (b), our method still performs well even in
the presence of dense haze with less noise compared to the
suboptimal method, RIDCP.

4.4. Ablation Study and Analysis

To validate the significance of the Code-Predictor and
Code-Critic, we conducted a series of experiments focused
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Figure 7. Ablation results of the proposed Code-Predictor. The
first row displays the results with no iteration, while the second
row shows the results with iteration. The first column shows the
results of the NN-based code matching, the second column shows
the results of Code-Predictor (without Code-Critic), and the third
column shows our results. We observed that Code-Predictor al-
lows for iterations (from 7" = 1 to T = 8) to bring about changes,
and Code-Critic leads to better results.

Table 2. Quantitative ablation analysis of the Code-Predictor on
RTTS when 7" = 8. Red indicates the best results.

Method MUSIQt PI, MANIQAT Q-Alignt TOPIQt
NN Matching ~ 58.19  3.25 0.303 3.25 0.458
wlo Code-Critic ~ 57.74 332 0303 3.36 0.462
Ours 5960 322 0327 3.49 0.500

on: (1) examining the effectiveness of iterative dehazing
with Code-Predictor, and (2) investigating the enhancement
of iterative dehazing through the integration of Code-Critic
with Code-Predictor.

Effectiveness of Code-Predictor. First, we compare the
Code-Predictor with the nearest neighbor (NN) matching
method to validate the effectiveness of this module in our
network. To eliminate interference, we did not introduce
the Code-Ceritic in this ablation experiment. In order to ap-
ply iteration in the model based on nearest neighbor match-
ing, we use the distance from token mapping to the code-
book as the criterion for whether the generated code will be
retained in the next iteration. As shown in Fig. 7, when us-
ing NN matching, increasing the number of iterations does
not lead to better results (see the first column). It is obvi-
ous that during the training phase, what we learn is inde-
pendent matching for each token without considering the
relationships between tokens, so iteration does not change
the code. However, Code-Predictor takes Z; as a condition,
which uses the high-quality code obtained from the previ-
ous iteration to guide the next iteration. Compared to the
NN matching method, our Code-Predictor can select more
likely codes during the iteration process, which is crucial
for the iterative decoding prediction. Tab. 2 also verifies this
conclusion from the point of view of quantitative analysis.

w/o Code-Critic ’

Ours

0] L] L] ]

Figure 8. Ablation results of the proposed Code-Critic. The im-
ages from left to right display the results at different ¢ When
T = 8. The top image in each pair represents the results from
sequence S, while the bottom image represents the mask map af-
ter S has been evaluated by Code-Critic. Without Code-Critic, the
mask map tends to be random. Our method’s mask map can first
retain the code in thin haze areas, resulting in better outcomes.

However, without the Code-Critic, Code-Predictor cannot
effectively determine which codes to keep in each iteration,
resulting in limited improvements. We further discuss the
role of Code-Ceritic below.

Effectiveness of Code-Critic. To further discuss the ne-
cessity of Code-Critic, we compare the sampling method
based on code confidence and that based on Code-Critic.
As shown in Algorithm 2, the results are shown in Figs. 7
and 8. It is evident that with the inclusion of the Code-
Critic, the process of code selection exhibits a trend from
close to distant, from simple to challenging. Moreover, sig-
nificant improvements in image optimization are observed
during iterations. Such a design leads to much cleaner and
sharper results in comparison to the absence of the Code-
Critic. Additionally, Tab. 2 further demonstrates the find-
ings.

5. Conclusion

Inspired by the natural phenomenon that the degradation of
haze images is closely related to the density of haze and
scene depth, we propose a new method for real-world it-
erative dehazing. Our iterative process is different from the
one-shot-based method. The one-shot-based method cannot
effectively handle thin haze areas. In contrast, our process
can first identify faint haze and restore regions with low dif-
ficulty. Then, it uses these restored parts as guidance to
predict haze density and restore regions with higher diffi-
culty. Extensive experiments demonstrate the superiority of
our approach.
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