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Towards a Hippocampus–Neocortex Inspired Two-Stage Diffusion Framework for
Single-Image Dehazing

Xinyue Liu (xyliu@dlut.edu.cn)1, Jiayu Liu (liujiayu@mail.dlut.edu.cn)1, Junchi Wu1,
Linlin Zong (llzong@dlut.edu.cn)1 & Wenxin Liang∗ (wxliang@dlut.edu.cn)1

1School of Software, Dalian University of Technology, ∗ Corresponding author

Abstract

Modeling perceptual restoration under severe degradation re-
mains a core challenge in vision science. Inspired by the hier-
archical organization of human episodic memory, we propose
a cognitively grounded two-stage diffusion framework for sin-
gle image dehazing. Analogous to neocortical–hippocampal
division of labor, the first stage encodes a coarse, stable global
structure, while the second stage progressively restores fine-
grained details conditioned on this intermediate representa-
tion. This staged reconstruction mirrors memory consolidation,
where global context is stabilized before perceptual detail is re-
fined, enabling a more efficient and cognitively plausible coarse-
to-fine inference process. By decomposing restoration into
functionally distinct stages, our framework avoids inefficient
multi-scale optimization and promotes stable, coherent conver-
gence through target-conditioned diffusion dynamics. Exten-
sive experiments demonstrate that the proposed model achieves
state-of-the-art performance, exhibiting strong robustness, in-
terpretability, and practical applicability in complex real-world
dehazing scenarios.

Keywords: Diffusion Model; Iterative Refinement; Single Im-
age Dehazing

Introduction
Perceptual restoration under severe environmental degrada-
tion is not merely an image processing problem, but a fun-
damental challenge for both vision science and artificial in-
telligence. Human perception exhibits a remarkable ability
to recover coherent and stable representations from highly
corrupted sensory input, suggesting the existence of struc-
tured, hierarchical inference mechanisms that support percep-
tual stability and refinement. In contrast, current computa-
tional models for visual restoration remain fragmented, often
emphasizing either local feature extraction or global relational
modeling, but rarely integrating both within a unified, cogni-
tively plausible framework.

Existing CNN-based approaches primarily operate as feed-
forward local processors, effectively capturing fine-grained
visual patterns but lacking mechanisms for constructing glob-
ally consistent perceptual hypotheses. For example, De-
hazeNet (Cai et al., 2016) pioneered the use of neural networks
to estimate atmospheric scattering model (ASM) parameters,
while AOD-Net (B. Li et al., 2017), GridDehazeNet (X. Liu
et al., 2019), and MsCNN (Kundu & Ari, 2020) abandoned
explicit physical modeling and instead learned haze-to-clear
image mappings in an end-to-end manner. From a cognitive
perspective, these models resemble early sensory process-

ing stages that emphasize local receptive field responses, yet
struggle to support higher-level perceptual organization, often
resulting in incomplete structural recovery and inconsistent vi-
sual coherence (Blau & Michaeli, 2018; Z. Chen et al., 2024;
Delbracio et al., 2021; Freirich et al., 2021; T. Li et al., 2025;
Yuan et al., 2023).

Transformer-based models, by contrast, prioritize global
contextual integration, analogous to higher-order cortical pro-
cessing, but often exhibit insufficient sensitivity to subtle low-
level details, leading to degraded perceptual fidelity. Vision
Transformers (ViTs) have been introduced into dehazing net-
works. Leveraging the self-attention mechanism for capturing
long-range contextual relationships (N. Zhang et al., 2023),
ViT-based models such as SAN (Liang et al., 2019), SAD-
Net (Sun et al., 2022), and Dehamer (Guo et al., 2022) en-
hance the representational capacity of dehazing networks by
integrating channel and spatial attention for refined feature
learning. However, the intrinsic patch-based tokenization of
ViTs weakens their sensitivity to fine-grained local textures (Z.
Chen et al., 2021; H. Wu, Xiao, et al., 2021), leading to locally
incoherent or over-smoothed details in dehazed outputs (Yuan
et al., 2023). To leverage the complementary strengths of
CNNs and Transformers, hybrid architectures have recently
been proposed across multiple vision domains (B. Chen et al.,
2024; J. Liu et al., 2023; N. Zhang et al., 2023). For in-
stance, LHNet (Yuan et al., 2023) integrates a CNN backbone
with a Transformer sub-network and an adaptive aggregation
module to jointly exploit local and global cues. This hybrid
design effectively enhances performance beyond pure CNN or
ViT counterparts. Nevertheless, the fusion of local and global
representations remains nontrivial due to their inherent differ-
ences in scale, semantic granularity, and feature abstraction
levels.

Recently, diffusion models (Ho et al., 2020) have drawn
intensive attention due to their strong ability to generate high-
quality images both unconditionally (Dhariwal & Nichol,
2021; Y. Song et al., 2021) and conditionally (Saharia et
al., 2023; Whang et al., 2022). Diffusion family offers a
compelling analogue to human perceptual inference: they it-
eratively refine noisy sensory representations into coherent
percepts, mirroring the coarse-to-fine, hierarchical integra-
tion processes observed in human vision. Each step in the
diffusion process can be seen as a constrained update of a per-
ceptual hypothesis, akin to predictive coding or probabilistic
inference, where global context and local detail are gradually
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reconciled. This interpretability and structured generative
trajectory distinguish diffusion models from other generative
paradigms, suggesting a closer alignment with biologically
plausible mechanisms of perceptual reconstruction and stabil-
ity. However, diffusion models face difficulties when directly
used for single image dehazing, since the huge distribution
difference between dense-haze and clear images makes dif-
fusion models struggle with weak and deviate distribution
guidance, and the high variance with respect to predicting the
spatial mean of the score function leads to color shift (Deck
& Bischoff, 2023; Yu et al., 2023).

DehazeDDPM (Yu et al., 2023) is the first diffusion model
specifically designed for the dehazing task, which applies
physical priors to compensate information of different im-
age regions. Nevertheless, the physical priors have limited
effect in dense haze scenarios, and the reliance of ASM limits
the model’s transferability. Moreover, it is admitted that De-
hazeDDPM still suffers from the color shift problem (Deck &
Bischoff, 2023). Experimental results reported in the litera-
tures (Yu et al., 2023) demonstrate that DehazeDDPM does
not outperform other methods like LNNet(Yuan et al., 2023)
and MITNet(Shen et al., 2023), this indicates that relying on
a diffusion model alone is inadequate to address the dehazing
problem well. DiffLI2D(Yang et al., 2025) exploits the se-
mantic latent space of frozen pre-trained diffusion models, re-
vealing that haze and content information can be disentangled
across diffusion time steps and used as guidance for dehazing.
This line of work demonstrates the promise of diffusion-based
representations for dehazing, but remains limited to latent fea-
ture extraction rather than full generative reconstruction.

In this work, we propose D2-Dehaze, a two-stage diffu-
sion framework for single-image dehazing that mirrors the
complementary roles of the neocortex and hippocampus in
human cognition. The first stage captures long-range global
structures by down-sampling hazy images and targets, then
applying a diffusion process to iteratively refine a coarse in-
termediate dehazed result. This resembles how the hippocam-
pus rapidly encodes global contextual information as a stable
scaffold. The second stage focuses on high-frequency local
details, treating the intermediate output as a condition for
super-resolution-like refinement, akin to the neocortex grad-
ually consolidating and enriching perceptual representations.

By decomposing dehazing into these functionally distinct
stages, D2-Dehaze avoids the inefficiencies of one-stage dif-
fusion and effectively reconciles global and local information
without explicit feature fusion. Supervision from the ground-
truth target consistently guides each stage toward accurate
structural and textural manifolds, enhancing stability and
generalization. Extensive evaluations on Dense-Haze, NH-
HAZE, and synthetic datasets demonstrate that D2-Dehaze
achieves state-of-the-art performance across both perceptual
(FID, LPIPS) and distortion (PSNR, SSIM) metrics, while
producing visually consistent, high-fidelity results in diverse
real-world scenarios.

Our Method
Overall Framework
We introduce a new single-image dehazing framework, D2-
Dehaze, based on two-stage diffusion refinement, as illustrated
in Fig. 1. The framework is composed of two distinct stages
inspired by the complementary roles of the hippocampus and
neocortex.

The first stage, diffusion for global dehazing (DGD), corre-
sponds to hippocampal-style rapid abstraction of global struc-
ture. In DGD, each pair of hazy image 𝑋 and target image 𝑌
are down-sampled to smaller-sized images 𝑥 and 𝑦. The 𝑥 and
𝑦 pairs are used as conditions and inputs to train a diffusion
model. DGD produces an intermediate dehazed image 𝐼𝑚
corresponding to an input 𝑋 .

The second stage, diffusion for detail recovery (DDR), mir-
rors neocortical-style gradual refinement of fine details. In
DDR, each intermediate image 𝐼𝑚 is up-sampled to an image
𝑍 with the same size of the corresponding input 𝑋 , then the 𝑍

and 𝑌 pairs are used as conditions and inputs to train another
diffusion model. DDR obtains the final dehazed results.

Stage 1: Diffusion for Global Dehazing
Down-sample We use average-pooling to down-sample
each input hazy image 𝑋 and its corresponding target image
𝑌 to smaller sized 𝑥 and 𝑦. With a parameter 𝛾 as the scaling
factor and the constant 2 as the sliding step size, 2𝛾 ∗2𝛾 pixels
from the input hazy image are average-pooled to a single pixel
in the down-sampled image.

Down-sampling reduces local variability and noise while
capturing essential global structure, analogous to the hip-
pocampus rapidly encoding coarse, stable representations of a
scene. By averaging features over localized regions, this pro-
cess enables diffusion models to efficiently extract global con-
text, suppress high-frequency noise, and stabilize subsequent
reconstruction, while also reducing computational complexity
for large-scale processing.

Diffusion With 𝑥 as the condition and 𝑦 as the input, we
train a diffusion model 𝐷1 to denoise from noise to 𝑦. Down-
sampling plays a hippocampal role by compressing visual
input into a coarse memory trace that preserves global struc-
ture while suppressing high-frequency noise. Rather than
performing detailed reconstruction, 𝐷1 acts as a hippocampo-
cortical interface, transforming compressed traces into stable
global prototypes through stochastic replay. By fitting noise
sequences under degraded-image guidance, it approximates
the clear-image distribution, generalizes to unseen samples,
and preserves global semantics while filtering local detail.

The noise addition process during training is illustrated in
Fig. 2 and Algorithm 1. Starting from 𝑡 = 0, 𝑦𝑡 denotes the
image corrupted by noise at time 𝑡. The conditional distribu-
tion of 𝑦𝑡 given 𝑦0, obtained by marginalizing intermediate
states, is defined in Eq. 1.

𝑦𝑡 =
√︁
𝛼̄𝑡 𝑦0 +

√︁
1 − 𝛼̄𝑡𝜖, 𝜖 ∼ N (0, 𝐼) , (1)
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Figure 1: Overall framework of our proposed D2-Dehaze.

Algorithm 1 Training of diffusion for global dehazing
1: repeat
2: (𝑥, 𝑦0) ∼ 𝑝 (𝑥, 𝑦)
3: 𝑡 ∼𝑈𝑛𝑖 𝑓 𝑜𝑟𝑚 ({1, . . . , 𝑇})
4: 𝜖 ∼ N (0, 𝐼)
5: Take gradient descent step on
6: ∇𝜃 ∥𝜖𝜃 (𝑥, 𝑦𝑡 , 𝛼̄𝑡 ) − 𝜖 ∥2
7: until converged

𝑡 ∈ [0, 𝑇], where 𝑇 > 0 is a fixed constant. The noise term
𝜖 follows a normal distribution, 𝜖 ∼ N(0, 𝐼). The cumula-
tive product of the coefficients is defined as 𝛼̄𝑡 =

∏𝑡
𝑖=1 𝛼𝑖 ,

where the hyperparameters 𝛼1:𝑇 satisfy 0 < 𝛼𝑡 < 1. These
parameters control the variance of the noise introduced at
each iteration. Furthermore, 𝑦0 is scaled by

√
𝛼̄𝑡 , which pro-

gressively reduces its contribution. This scaling ensures that
the overall variance of the random variables remains bounded
as 𝑡 → ∞. Finally a pure noise image 𝑦𝑇 is got under the
condition 𝑥.

In each noise addition step, 𝑡 and 𝑦𝑡 are fed to a U-net
network for training, which learns to estimate the noise under
the constraint of 𝐿2 norm. Specifically, the U-Net is trained
on the following variant of the variational bound:

𝐿 (𝜃) := 𝐸𝑡 ,𝑦0 , 𝜖

[


𝜖𝜃 (
𝑥,
√︁
𝛼̄𝑡 𝑦0 +

√︁
1 − 𝛼̄𝑡𝜖, 𝛼̄𝑡

)
− 𝜖




2
]
,

(2)

𝑦0 , 𝑥 𝑦1 , 𝑥 𝑦𝑇−1 , 𝑥 𝑦𝑇, 𝑥

UNet UNet UNet

…

𝜖𝜃 𝜖𝜃 𝜖𝜃

L 𝜖, 𝜖𝜃 : 𝐿2 𝑙𝑜𝑠𝑠

Figure 2: Training of diffusion for global dehazing.

Algorithm 2 Inference of diffusion for global dehazing
1: 𝜖𝜃 ∼ N (0, 𝐼)
2: for 𝑡 = 𝑇, ..., 1 do
3: 𝜖 ∼ N (0, 𝐼) if 𝑡 > 1, else 𝜖 = 0

4:

𝑦𝑡−1 ←
1
√
𝛼𝑡

(
𝑦𝑡 −

1 − 𝛼𝑡√
1 − 𝛼̄𝑡

𝜖𝜃 (𝑥, 𝑦𝑡 , 𝛼̄𝑡 )
)

+

√︄
(1 − 𝛼𝑡 )

1 − 𝛼̄𝑡−1
1 − 𝛼̄𝑡

𝜖

5: end for
6: return 𝑦̂0

where 𝜖 ∼ N (0, 𝐼), 𝜖𝜃 describes the trained U-Net network.
The inference process from noise to hazy-free distribution

is shown in Fig.3 and Algorithm 2 .
Firstly, 𝐷1 samples pure noise, denoted as 𝑦𝑇 , from a Gaus-

sian distribution. 𝑦𝑇 and 𝑥 are then input to the trained U-Net
network. The U-Net network produces an estimate of the
current noise, 𝜖𝜃 . As a condition, 𝑥 provides fundamental
distribution guidance, transforming the standard normal dis-
tribution into a more clear data distribution.

Given 𝑦𝑡 and 𝜖𝜃 (𝑥, 𝑦𝑡 , 𝛼𝑡 ), the posterior distribution of 𝑦𝑡−1
can be obtained as follows:

𝑦𝑡−1 ←
1
√
𝛼𝑡

(
𝑦𝑡 −

1 − 𝛼𝑡√
1 − 𝑎̄𝑡

𝜖𝜃 (𝑥, 𝑦𝑡 , 𝛼̄𝑡 )
)
+ 𝑔1 (𝑡) 𝜖, (3)

𝑔1 (𝑡) ←

√︄
(1 − 𝛼𝑡 )

1 − 𝛼̄𝑡−1
1 − 𝛼̄𝑡

, (4)

UNet

𝜖𝜃

𝑦𝑇, 𝑥 𝑦𝑇−1 , 𝑥

UNet

𝜖𝜃

𝑦𝑇−2 , 𝑥

UNet

𝜖𝜃

ො𝑦0

…

Figure 3: Inference of diffusion for global dehazing.
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where 𝜖 ∼ N (0, 𝐼). This can be interpreted as one step
of Langevin dynamics, where 𝜖𝜃 acts as an approximation
to the gradient of the data log-density. Notably, to reduce
computation, when estimating noise 𝜖𝜃 at the current moment,
we simultaneously pass 𝛼𝑡 along with the indispensable 𝑥 and
𝑦𝑡 . 𝑦𝑡−1 is then iteratively input to the U-Net to continue noise
estimation and denoising.

After 𝑇 step iterations, 𝐷1 obtains the fitted distribution 𝑦̂0
for 𝑦0. 𝑦̂0 is intermediate result image and is denoted as 𝐼𝑚,
which will be used as another condition in the second stage.

Stage 2: Diffusion for Detail Recovery
Up-sample The goal of this stage is to recover fine details
from the up-sampled intermediate image 𝐼𝑚. Serving as a
hippocampus-like memory trace that preserves global struc-
ture, 𝐼𝑚 is up-sampled via bicubic interpolation to produce 𝑍 ,
where each pixel aggregates information from 16 neighbors
using a distance-weighted sum, analogous to the neocortex
gradually refining detailed perceptual representations based
on stabilized global context.

𝑢 𝑣

𝑖, 𝑗

𝑖 + 𝑢, 𝑗 + 𝜈

𝑖 + 2, 𝑗 + 2

𝑖 − 1, 𝑗 − 1

Figure 4: Up-sampling interpolation. The original pixels are
in square shapes and the interpolated pixels are in circle shapes

Diffusion With 𝑍 as the condition and 𝑌 as the input, we
train another diffusion model𝐷2 to learn the denoising process
from noise to 𝑌 .

The training procedure of 𝐷2 follows the same diffusion
learning paradigm as 𝐷1, reflecting a shared statistical learn-
ing mechanism. However, their inference behaviors differ
in variance scheduling, mirroring the functional distinction
between the hippocampus and neocortex. The first-stage
model adopts a larger variance to enable broad stochastic
exploration, analogous to hippocampal encoding of uncertain
global structure. In contrast, the second-stage model employs
a smaller variance to support fine-grained refinement under
strong structural constraints, resembling neocortical consol-
idation and detail integration based on stabilized memory
traces 𝑍 .

To make the variance smaller, we replace the variance in
Eq.4 with Eq.5, i.e,

𝑔2 (𝑡) ←
√︁
(1 − 𝛼𝑡 ). (5)

Thus, in 𝐷2, the posterior distribution of𝑌𝑡−1 is represented
by Eq.6:

𝑌𝑡−1 ←
1
√
𝛼𝑡

(
𝑌𝑡 −

1 − 𝛼𝑡√
1 − 𝑎̄𝑡

𝜖𝜃 (𝑍,𝑌𝑡 , 𝛼̄𝑡 )
)
+ 𝑔2 (𝑡) 𝜖 . (6)

𝑌0 𝑌𝑡

෠𝑌0|𝑡

𝑌𝑡−1

𝑌𝑡−2

෠𝑌0|𝑡−1

𝑦0 𝑦𝑡

ො𝑦0|𝑡

𝑦𝑡−1

𝑦𝑡−2

ො𝑦0|𝑡−1

(a) Large Variance: Facilitates Exploration

(b) Small Variance: Enhances Characterization

Figure 5: Reverse diffusion with variance modulation: large
variance in 𝐷1 explores uncertain global structure, small vari-
ance in 𝐷2 refines precise local details.

Through iterative noise estimation, we ultimately obtain the
final dehazed result 𝐼 𝑓 𝑖𝑛𝑎𝑙 = 𝑌 .

To reveal the underlying significance of this operation, the
denoising formula can be formally decomposed. First, starting
from 𝑌𝑡 , we estimate 𝑌0 by rearranging the terms in Eq.1 as
follows:

𝑌0 =
1
√
𝛼̄𝑡

(
𝑌𝑡 −

√︁
1 − 𝛼̄𝑡𝜖𝜃 (𝑍,𝑌𝑡 , 𝛼̄𝑡 )

)
. (7)

Additionally, through algebraic manipulation and complet-
ing the square, we can express 𝑌𝑡−1 in terms of (𝑌0, 𝑌𝑡 ) as

𝑌𝑡−1 =

√
𝛼𝑡 (1 − 𝛼̄𝑡−1)

1 − 𝛼𝑡

𝑌𝑡 +
√
𝛼̄𝑡−1 (1 − 𝛼𝑡 )

1 − 𝛼̄𝑡

𝑌0

+

√︄
1 − 𝛼̄𝑡−1
1 − 𝛼̄𝑡

(1 − 𝛼𝑡 )𝜖 . (8)

In Eq.8, 𝑌0 is explicitly expressed. Equation 8 aligns with
Equation 3 when parameterizing the reverse process and de-
riving the variational lower bound for the log-likelihood of the
reverse chain. By substituting 𝑌0 in Eq.8 with its expression
from Eq.7, Eq.3 can be derived.

In Eq. 8, 𝑌𝑡−1 is determined by 𝑌𝑡 , 𝑌0, and the uncertainty
term 𝜖 . By rearranging (Eq. 7), we estimate a distribution
of 𝑌0 through “denoising” 𝑌𝑡 , which is initially biased. The
uncertainty term perturbs this hippocampus-like intermedi-
ate trace 𝑌0 |𝑡 , introducing stochastic exploration akin to the
hippocampus probing multiple possible memory trajectories.

The magnitude of this perturbation is illustrated by the red
circles in Fig. 5. In 𝐷1, repeated oscillatory perturbations
guide the model to recover global structure under high un-
certainty. In 𝐷2, however, the up-sampled condition map
𝑍 provides a neocortex-like stable scaffold, so smaller, care-
fully tuned variance suffices to refine local details with mini-
mal stochasticity, enabling precise reconstruction as shown in
Fig. 5(b).
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(a) input (b) GridNet (c) FFA-Net (d) MSBDN (e) AECR-Net (f) Dehamer (g) RIDCP

(h) FSDGN (i) PreNet (k) LHNet (m) D2-Dehaze(ours) (n) Ground-truth(j) DehazeDDPM (l) UCL-Dehaze
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DENSE
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Figure 6: Comparison of visual results on NH-HAZE and DENSE-HAZE dataset.

Results and Discussion
Experimental Settings
Datasets To evaluate the performance of our method, we adopt
four datasets. In real-world challenging scenes, we adopt two
benchmark real-world datasets: Dense-Haze (Ancuti et al.,
2019) and NH-HAZE (Ancuti et al., 2020). In order to enlarge
the datasets and enhance the sensitivity of the model to color,
we follow previous studies by performing data augmentation
in HSV space (Yuan et al., 2023).

Implementation Details The entire network is trained on
four NVIDIA TITAN RTX 24G in PyTorch. We employ the
ADAM optimizer with a learning rate of 0.00002. The batch
size is configured to 1, and the patch dimensions are set to 64
× 64. The scaling factor 𝛾 is assigned a value of 2.

Comparison with Baseline Methods
Quantity Comparison As shown in Table 1, hybrid
CNN–ViT models such as LHNet and MITNet outperform
earlier approaches, confirming the importance of integrating
global context with local detail in dehazing. Diffusion-based
DehazeDDPM further surpasses CNN-, ViT-, and GAN-based
methods, highlighting the strong generative capacity of dif-
fusion models. Our proposed D2-Dehaze achieves the best
overall performance across nearly all metrics, demonstrating
more faithful texture recovery, fewer artifacts, and competitive
PSNR/SSIM scores.

Visual Comparison We further provide visual comparisons
between our proposed method and several baseline approaches
on real hazy images sampled from Dense-Haze and NH-
HAZE datasets, as shown in Fig. 6. Across both Dense-Haze
and NH-HAZE datasets, most existing methods leave resid-
ual haze, blur, or global color shifts, whereas our D2-Dehaze
effectively removes haze, restores structural details, and pro-
duces results that are visually closest to the ground truth.

These results suggest that perceptual quality depends not

Table 1: Quantitative comparison of different dehazing algo-
rithms. ↓means lower is better and ↑ denotes higher is better.
Best results are in bold, second-best underlined.

DENSE-HAZE NH-HAZE
Method LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑
AOD-Net(ICCV2017) 0.5991 13.14 0.4144 0.4947 15.40 0.5693
GridNet(ICCV2019) 0.5102 13.31 0.3681 0.3046 13.80 0.5370
FFA-Net(AAAI2020) 0.4976 14.39 0.4524 0.3653 19.87 0.6915
MSBDN(CVPR2020) 0.5358 15.37 0.4858 0.2918 19.23 0.7056
AECR-Net(CVPR2021) 0.5368 15.80 0.4660 0.2782 19.88 0.7073
Dehamer(CVPR2022) 0.4796 16.62 0.5602 0.2296 20.66 0.6844
FSDGN(ECCV2022) 0.4190 16.91 0.5806 0.2248 19.99 0.7106
RIDCP(CVPR2023) 0.5507 8.08 0.4173 0.3578 12.27 0.4996
DehazeDDPM(arXiv2023) 0.2994 19.04 0.5922 0.1624 22.28 0.7309
LHNet(MM2023) 0.4442 18.87 0.5608 0.1917 22.09 0.6940
MITNet(MM2023) 0.4596 19.97 0.6056 0.1982 21.26 0.7122
SLP(TIP2023) 0.5532 17.17 0.5651 0.3643 19.33 0.6258
UCL-Dehaze(TIP2024) 0.4879 16.31 0.5261 0.3927 16.13 0.7045
DEA-Net(TIP2024) 0.5167 17.24 0.5993 0.2092 20.56 0.7052
DiffLI2D(ECCV2024) 0.4060 16.97 0.5840 0.2170 20.29 0.7380
SGDN (AAAI2025) - 22.03 0.6423 - 24.51 0.7973
D2-Dehaze (ours) 0.1627 21.19 0.6503 0.1438 25.58 0.8252

only on representational power but also on the efficiency of
the processing pathway. By decomposing the task into two
cognitively efficient stages, D2-Dehaze avoids the inefficien-
cies of single-stage optimization and achieves a more balanced
and robust reconstruction, reflecting how adaptive processing
strategies shape effective perception across varying condi-
tions.

Ablation Study
Effectiveness of Two-stage Diffusion To evaluate the effec-
tiveness of the two-stage diffusion strategy, we compare D2-
Dehaze with the one-stage DDPM using PSNR and SSIM.
As shown in Table 2, D2-Dehaze achieves significantly better
performance.

Visual comparisons in Fig. 7 further show that, under the
same number of diffusion steps, the one-stage model pro-
duces blurred and structurally incomplete results, whereas
our two-stage approach yields clearer structures and finer de-
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Table 2: Comparison of one-stage diffusion and two-stage
diffusion.

Method DENSE-HAZE NH-HAZE
PSNR↑ SSIM↑ PSNR↑ SSIM↑

DDPM 11.32 0.2135 12.12 0.2569
D2-Dehaze (ours) 21.19 0.6503 25.58 0.8252

Input
One-stage 1900 step 

inference information

Ground-truth
One-stage 

dehazed result

Two-stage 1900 step 

inference information

Two-stage 

dehazed result

Figure 7: Comparison of one-stage diffusion and two-stage
diffusion at different iterative steps.

tails. These results highlight how structuring the generative
process into more efficient stages reduces representational in-
efficiencies and improves perceptual outcomes, reflecting how
adaptive processing pathways shape more optimal and reliable
perception.

Effectiveness of DGD The first stage of D2-Dehaze is a
dehazing process on the down-sampled image. To verify the
contribution of our DGD in this stage to the whole dehaz-
ing task, we compare D2-Dehaze (DGD+DDR) with methods
LHNet+DDR, MITNet+DDR and UCL+DDR by replacing
DGD with dehazing algorithms LHNet, MITNet and UCL.
We use the DENSE-HAZE dataset, the results are reported in
Table 3. It can be seen that, comparing with other combina-
tions, D2-Dehaze (DGD+DDR) achieves better results on all
the three metrics.

Table 3: Comparison of different methods for the two-stage
D2-Dehaze framework.

Method LPIPS ↓ PSNR ↑ SSIM ↑
First Stage: Dehazing
LHNet+DDR 0.3321 19.29 0.6388
MITNet+DDR 0.4293 19.37 0.6413
UCL+DDR 0.5382 18.53 0.6223
Second Stage: Super-Resolution
DGD+SRDiff 0.2575 20.56 0.6029
DGD+RankSRGAN 0.2548 20.57 0.6036
D2-Dehaze (ours) 0.1627 21.19 0.6503

Effectiveness of DDR The second stage detail recovery
task is similar to an image super-resolution problem. To
demonstrate the effectiveness of our DDR in this stage,

we replace it with two image super-resolution algorithms,
SRDiff (H. Li et al., 2022) and RankSRGAN (W. Zhang et al.,
2019), and get two image dehazing methods, DGD+SRDiff
and DGD+RankSRGAN. The comparison of D2-Dehaze and
these two is shown in Table 3. It can be seen that D2-Dehaze
(DGD+DDR) performs better than the other two combina-
tions.

Investigation of parameter 𝛾

The setting of the scaling factor parameter 𝛾 is crucial to
the performance of our proposed D2-Dehaze method. To in-
vestigate the impact of the scaling parameter 𝛾, we perform
experiments on the NH-HAZE dataset using different 𝛾 val-
ues. We use distortion metrics PSNR and SSIM, and color
shift metric CDiff for evaluation.

𝛾 = 2

𝛾 = 1𝛾 = 0

𝛾 = 3

input

Ground-truth

Figure 8: Visual results of D2-Dehaze with different factors.

In the experiment, 𝛾 ∈ 0, 1, 2, 3 controls the down-sampling
factor, where 𝛾 = 0 denotes no down-sampling and higher val-
ues indicate scaling by 2𝛾 . As shown in Fig. 8, small 𝛾 values
(0, 1) lead to insufficient global abstraction and residual arti-
facts, while large 𝛾 (3) causes information loss and blurring.
In contrast, 𝛾 = 2 achieves the best balance between global
structure and local detail.

These findings highlight that perceptual performance de-
pends not only on processing capacity but also on the effi-
ciency of the processing pathway itself: both overly coarse
and overly fine strategies can lead to perceptual inefficien-
cies or distortions. By regulating the abstraction scale, the
model demonstrates a dynamic trade-off between efficiency
and fidelity, mirroring how human cognition adapts process-
ing strategies across tasks and contexts to redefine what con-
stitutes “optimal” perception.

Conclusion
We present D2-Dehaze, a two-stage diffusion framework for
single-image dehazing, inspired by neocortex–hippocampus
interactions. The first stage abstracts global structure akin
to hippocampal replay, while the second refines local details
using a stable neocortical scaffold, avoiding one-stage ineffi-
ciencies. Experiments show consistent gains in perceptual and
distortion metrics, robust color fidelity, and generalization.
This framework illustrates how efficiency- and exploration-
driven pathways shape perceptual reconstruction, offering a
cognitively grounded view of “optimal” perception.
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