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Abstract

Transformer-based approaches have gained significant at-
tention in image restoration, where the core component, i.e,
Multi-Head Attention (MHA), plays a crucial role in cap-
turing diverse features and recovering high-quality results.
In MHA, heads perform attention calculation independently
from uniform split subspaces, and a redundancy issue is
triggered to hinder the model from achieving satisfactory
outputs. In this paper, we propose to improve MHA by ex-
ploring diverse learners and introducing various interac-
tions between heads, which results in a Hierarchical multl-
head atteNtion driven Transformer model, termed HINT,
for image restoration. HINT contains two modules, i.e., the
Hierarchical Multi-Head Attention (HMHA ) and the Query-
Key Cache Updating (QKCU) module, to address the re-
dundancy problem that is rooted in vanilla MHA. Specif-
ically, HMHA extracts diverse contextual features by em-
ploying heads to learn from subspaces of varying sizes and
containing different information. Moreover, QKCU, com-
prising intra- and inter-layer schemes, further reduces the
redundancy problem by facilitating enhanced interactions
between attention heads within and across layers. Exten-
sive experiments are conducted on 12 benchmarks across 5
image restoration tasks, including low-light enhancement,
dehazing, desnowing, denoising, and deraining, to demon-
strate the superiority of HINT. The source code is available
at https://github.com/joshyZhou/HINT.

1. Introduction

The Transformer-based frameworks [4, 22, 65] achieve
promising performance in the field of image restoration.
The success of this paradigm is rooted in the self-attention
mechanism (SA) modeling non-local relations of pixels,
which is crucial for recovering the global structure of the
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Figure 1. Comparisons between the vanilla MHA [3, 42, 89]
(Left) and the proposed HMHA equipped with the QKCU module
(Right), for the low-light enhancement task. The standard MHA
assigns h heads with subspaces of the same size (C), and each
head performs attention calculation independently. As a result,
these heads intend to focus on the same regions (red boxes) and ne-
glect the restoration of some degraded areas ( boxes), lead-
ing to an unsatisfactory output (losing details and introducing blur
effect). In contrast, HMHA implements the reranking operation
before a hierarchical subspace split, which encourages the model
to learn diverse representative features. The QKCU enhances in-
teractions between heads via intra-/inter-layer ways, modulating
predicted features in HMHA and leading to better outputs.

image. Many works pay attention to develop efficient SA
variants for high-quality outputs [42, 63, 89]. While it is
worth noting that multi-head attention (MHA), employing
multiple heads to perform self-attention computation in par-
allel from uniform split subspace, serves as the key fun-
damental component in embracing high computational effi-
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ciency and enhancing the diversity of the captured features.

The conventional MHA mechanism has a drawback of
the redundancy issue. Some researches [53, 54, 70], in the
field of NLP, have pointed out that specialized heads con-
tribute most to the final decision while others can be pruned.
In this paper, we demonstrate that this problem exists in the
restoration tasks, and further find out that the redundancy
issue can be traced to the focus on the same region by differ-
ent heads. As shown in Figure 1, the standard MHA mech-
anism assigns h heads with subspaces of the same dimen-
sion (C”), where each head performs attention calculations
in parallel and independently of the others. The visualized
features from different heads disclose the problem of the
vanilla MHA - that is, the inclination to pay attention to the
same region (red boxes) which is redundant, and neglect of
restoration on some degraded areas (yellow boxes) which
causes unpleasant outputs.

To address this limitation, we improve the MHA from
two perspectives. First, the heads learn from subspaces of
uniform size, which contain similar information, leading to
the problem of focusing on the same regions. Intuitively,
to mitigate this issue, we introduce a ranking paradigm in
terms of channel similarity before a hierarchical subspace
splitting. In this way, each subspace contains information
independent from others, and their sizes are different. This
design explores heads as diverse learners, resulting in a hi-
erarchical Multi-Head Attention module, namely HMHA,
to replace the vanilla counterpart. It is capable of extract-
ing diverse representative features, compared to the conven-
tional MHA.. Second, a lack of collaboration between heads
makes the redundancy problem worse. We propose to en-
hance interactions between heads in intra- and inter-layer
schemes through a Query-Key Cache Updating (QKCU)
mechanism. Specifically, the intra-layer cache serves as a
gating module, enhancing useful information in aggregated
features that are captured by heads. On the other hand, the
inter-layer cache emphasizes modulating the calculated at-
tention score of each head, using history attention scores.
Both intra- and inter- modulation are dependent on inputs,
which improve the capability of HMHA to learn diverse
contextual representations. Building upon the two key com-
ponents, we propose HINT for image restoration.

Overall, we summarize the contributions of this work:

e We present HINT, a Hierarchical multl-head atteNtion
driven Transformer model for removing undesired degra-
dations from images. HINT demonstrates the effect of ex-
ploring diverse learners in Multi-Head Attention (MHA)
and enhancing interactions via inter- and intra-layer ways
for the problem of image restoration.

e HINT introduces Hierarchical Multi-Head Attention
(HMHA), which alleviates the redundancy issue in stan-
dard MHA by enabling the model to learn distinctive
contextual features from different subspaces. Addition-

ally, HINT incorporates the Query-Key Cache Updat-
ing (QKCU) mechanism, combining intra- and inter-layer
schemes to enhance interaction between heads.

» Extensive qualitative and quantitative evaluations are con-
ducted on 12 benchmarks for 5 typical image restoration
tasks: low-light enhancement, dehazing, desnowing, de-
noising, and deraining, where HINT performs favorably
against state-of-the-art algorithms in terms of restored im-
age quality and model complexity.

2. Related Work

2.1. Image Restoration

Capturing images in unsatisfactory environments often re-
sults in low-quality outputs, negatively impacting down-
stream tasks [7, 8, 23]. Image restoration offers a plausible
solution by recovering clear images from undesired degra-
dations, e.g., haze [29, 37, 62], rain streaks [26, 56, 72],
and low-light [3, 76, 81]. Over the past decades, the re-
search community has witnessed the paradigm shift from
conventional hand-crafted approaches [12, 25] to learning-
based models [32, 43, 85]. To achieve improved restoration
performance, various efficient modules and advanced archi-
tecture designs have been proposed. Among these, residual
feature learning [27, 45, 93] with skip connection, encoder-
decoder architecture [13, 35, 86] for hierarchical represen-
tations, and attention mechanisms [20, 61, 90] to emphasize
important signals have become the popular ingredients.

In recent years, Transformer-based models [65] have
been adapted for low-level tasks, achieving significant ad-
vancements across various image restoration tasks [59, 80,
87]. TPT [5] is a pioneering work that applies the vision
Transformer [22] to low-level tasks, and obtains surprising
results. The quadratic complexity of vanilla self-attention
hinders it from applying high-resolution inputs, prompting
researchers to explore solutions for reducing computational
loads. To address this, Restormer [89] computes atten-
tion scores along channel dimension. Another approach is
window-based attention [48], which is adopted by models
such as Uformer [75] and SwinIR [42]. Although these
attention mechanisms successfully alleviate the computa-
tional burden, they still rely on the vanilla MHA [65], which
incurs redundancy issue [52, 54, 79] and further limits the
representation capacity of the model.

2.2. Multi-Head Attention

As a fundamental component of the Transformer, MHA
plays a crucial role in capturing diverse relationships and
achieving impressive performance in practice. Unfortu-
nately, it is well known in the research community that not
all heads contribute equally to the given task [66]. Previ-
ous works have attempted to address this by incorporating
interaction or collaboration between heads [1, 40, 92], how-

12308



Figure 2. Illustration of the proposed Hierarchical multi-head atteNtion driven Transformer model (HINT). (a) Overview architecture of
the proposed HINT. (b) Hierarchical Multi-Head Attention (HMHA) mechanism.

ever, the expressive power gained from these methods re-
mains limited, as the heads still operate independently [79].
Another potential remedy is to modulate the query, key,
and value projections of heads [15, 46]. While this mod-
ifies the underlying information flow, it lacks adaptability
to inputs due to its static nature [79]. More recently, the
community has explored dynamically modulating attention
scores [53, 60, 70], which ensures improvement of expres-
sive power without introducing much computational loads.

In this study, towards solving the image restoration prob-
lem, we build upon the basic idea of modulating attention
scores [53, 79], while further mitigating the limited express
power issue that is rooted in the vanilla MHA. Specifically,
standard MHA assigns each head with subspaces using the
same dimension size [5, 42, 89], limiting the ability of the
heads to learn distinctive features and resulting in redun-
dancy. In contrast, we propose to learn hierarchical rep-
resentations using HMHA that extracts diverse contextual
information from heads using different dimensional sub-
spaces. Additionally, we introduce the QKCU mechanism,
incorporating both intra- and inter-layer schemes, to en-
hance interaction among heads. Unlike existing restoration
methods to implement modulation of attention scores in a
static projection way [11, 95], HINT makes the modulation
dynamic, achieving better model expressiveness.

3. Method

Overall Pipeline. As illustrated in Figure 2, the proposed
HINT follows an encoder-decoder architecture. Given a de-
graded input I € R¥*Wx3 3 convolutional layer is first

used to extract the shallow feature F, € REXW*C where
H, W, and C represent the height, width and channel di-
mension, respectively. The shallow feature is then pro-
cessed through the N-level restoration pipeline to produce
a deep feature F; € RTXWXC At each level of both the
encoder and decoder, there are N» basic blocks, along with
a convolution layer for down-sampling or up-sampling. Fol-
lowing prior works [34, 95, 96], we adopt an asymmetric
design, which omits the self-attention mechanism in the en-
coder part, to boost the restoration performance. Thus, the
basic block in the encoder consists only of a Feed-Forward
Network (FFN) [89], while in the decoder, the block in-
cludes both the proposed HMHA and an FFN. We employ
skip connection operation with 1 X 1 convolution to take
advantage of features from the encoder in the decoder lay-
ers. After that, a refinement stage, consisting of N3 basic
blocks, is developed to further enhance the learned features.
Finally, a 3 x 3 convolution layer processes the deep feature
F, to generate the residual image R € RT*W>3 The re-
stored image is obtained by adding the residual image to the
degraded one, i.e., I=I+R.

3.1. Hierarchical Multi-head Attention

Standard MHA assigns each head with a subspace of the
same size containing similar information, which hampers
the ability to learn distinctive features, leading to redun-
dancy. To address this, HINT forms the HMHA to explore
different dimensional subspaces, encouraging each head to
learn diverse contextual information.

We begin by revisiting the scaled dot-product attention
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mechanism in MHA [65], which is adopted in mainstream
approaches [42, 89, 95]. Given a normalized input tensor
X € REXWXC ‘the attention score is calculated as:

-
QK >V,
Vdy, (1
Q=XWgu,K=XWg,V=XWy,

Attention(Q,K,V) = Softmax <

where Wq € RE*de Wy € REX4 and Wy, € RExd
are the linear projection matrices for the query (Q), key
(K), and value (V). Notably, for self-attention, the dimen-
sions of key and value are equal, i.e., dy = d,,.

The conventional MHA [22, 89] leverages multiple
heads to perform scaled dot-product attention in parallel.
By operating the attention function on different subspaces,
the representation power of the model is supposed to be
enhanced. Specifically, standard MHA adopts h heads to
learn representations of (Q, K, V) in different subspace, i.e,
dy./h. The MHA can be formally expressed as:

MultiHead(X) = Concat(H;, Ho, ..., Hy, )W,

H; = Attention(XW5,, XWi XW?), @
where Wi, € RO*%/h Wi e RO*W/M and WY, €
RCE*dw/h are the projection matrices for the i-th head. The
output projection matrix W,, € R% *dout aggregates the
features captured by all heads.

To enhance the express power of MHA, we introduce
a hierarchical representation learning process. To be spe-
cific, the proposed HMHA assign each head to a differ-
ent dimensional subspace by splitting the channel space as
C = [Cy,Cq,...,Ch] with C1 < Cy < ... < C},. Before
performing this split, we first rerank the channels based on
their similarity to ensure that each head focuses on distinct
semantic features. Each head then operates within its own
subspace, performing dot-product attention in different sub-
space to capture diverse contextual information.

3.2. Query-Key Cache Updating Mechanism

The HMHA mechanism encourages multiple heads to
learn features containing diverse contextual information,
while these heads still work independently as conventional
works [42, 89]. In this way, there is a lack of collaboration
within the layer and across the entire model. As a result,
the model is hindered from achieving optimal restoration
performance. To mitigate this issue, we develop a QKCU
mechanism that enhances interaction among heads, both
within layers and across layers, as illustrated in Figure 3.

Intra Query-Key Cache Modulation & Updating. Given
two input tensors, including the IntraCache Finira €
REXHW and Output of HMHA Fgu¢ € REXHEW we be-
gin by computing the sum of the two features F5 ;,, =
Fintra + Fout. To selectively retain the most informative
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Figure 3. Query-Key Cache Updating Mecanism.

elements within the flow of information, we introduce a gat-
ing mechanism, which can be formulated as:

Fgated = GELU(COHV(FiSntra)) © Fisntran 3)

where Fgatea € REXHW is the result of the gating mecha-
nism, ® denotes element-wise multiplication, Conv(+) and
GELU(+) are convolution operation and the GELU activa-
tion function [30], respectively. Then, we adapt this trans-
formed feature via feature compression and rebuilding:

Tntra = Convyp (Convdown (Fgated ), 4)

where FQ, ... € REHW ig the output feature after the

modulation process, Conv,,(-) and Convgewn(+) are con-
volution operations that project the channel dimension into
higher and lower levels, respectively. This design encour-
ages the model to focus on the key features of the data.

Next, to update the Intra Query-Key Cache in each layer,
we compute the sum of the Query (Q) and Key (K) projec-
tions for each head as follows:

F'=Q +K/,

5
Fintra = Concat(F", ..., F") ©)

Inter Query-Key Cache Modulation & Updating. Given
two input tensors, the InterCache Fipter € RE %" and
the dot-product attention of query and key Fag € RCXC7,
we first resize Fipger t0 obtain Fipter € RE*Ci. Af-
ter that, we compute the modulation components by sum-
ming F,¢¢ and the resized feature map f‘inter, resulting in:
F?$ = Fait + f‘inter. We then calculate ‘scale’ and

inter
‘shift” components for pixel-wise modulation:

s s
Fshift = Finterwshifta Fscale = Finterwscale7 (6)

Fm = Fscale © Fatt + Fshifta
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(¢) HDCW [10]
Figure 5. Qualitative results on Snow100K [47] for snow removal. HINT offers a clear result, while the images generated by other
considered approaches remain noticeable snow artifacts.

(a) Input (b) Reference

(d) JSTASR [9]

| (e) Uformer [75] (f) AST [95]

(g) HINT (Ours)

Table 2. Quantitative results on Snow 100K [47] for snow removal.

Method JSTASR Allin One Uformer DesnowNet HDCW TransWeather NAFNet AST FocalNet SFNet ConvIR-S HINT
ECCV’20 CVPR’20 CVPR’22 TIP’18 ICCV’21 CVPR’22 ECCV’22 CVPR’24 ICCV’23 ICLR’23 TPAMI'24

[9] [41] [75] [47] [10] [64] [6] [95] [16] [17] [68] (Ours)

PSNR 23.12 26.07 29.80 30.50 31.54 31.82 32.41 32.50 33.53 33.79 33.79 34.14

SSIM 0.86 0.88 0.93 0.94 0.95 0.93 0.95 0.96 0.95 0.95 0.95 0.94

Table 3. Quantitative compari

son on SOTS [38] for haze removal.

Method EPDN FDGAN AirNet InstructlR Restormer NAFNet FSNet  PromptIR DehazeFormer AdalR NDR-Restore HINT
CVPR’19 AAAI'20 CVPR’22 ECCV’24 CVPR’22 ECCV’22 TPAMI'24 NeurIPS’23 TIP’23 ICLR’25 TIP’24 -

[57] [21] [39] [14] [89] [6] [18] [55] [62] [19] [84] (Ours)

PSNR 22.57 23.15 23.18 30.22 30.87 30.98 31.11 31.31 31.78 31.80 31.96 32.24

SSIM 0.863 0.921 0.900 0.959 0.969 0.970 0.971 0.973 0.977 0.981 0.980 0.981

Table 4. Quantitative results on Rain100L [24] benchmark for
rain-streak removal.

Method Restormer PromptIR NDR-Restore AdalR  FPro HINT
CVPR’22 NeurlPS’23 TIP 24 ICLR’25 ECCV’24 -

[89] [55] [84] [19] [96]  (Ours)

PSNR  36.74 37.04 38.33 38.90 3920 40.04

SSIM 0.978 0.979 0.984 0.985 0.985 0.986

image restoration schemes based on diverse architectures,
e.g., CNN-based [88], Transformer-based [75, 89], and
Mamba-based [28], HINT receives at least 1.74 dB gain.
Notably, our model yields a remarkable 1.11 dB perfor-
mance improvement on PSNR over the recent algorithm
IGDFormer [77]. The qualitative comparison is depicted
in Figure 4. In the top row, previous methods fall short
of recovering satisfactory results. They either meet over-
/under-exposed issue [44, 83] (Figure 4d and 4f) or struggle
to restore the true colors [88, 89, 94] (Figure 4c, 4e and 4g).
For the bottom case, the image restored by HINT is closer
to the reference one, where other algorithms introduce no-
ticeable blur patterns [83, 88, 89, 94] (Figure 4c, 4e, 41, 4g),
or cause a under-exposed problem [44] (Figure 4d).

Snow Removal. For image desnowing, we conduct exper-
iments on the Snow100K [47] dataset, similar to existing
works [17, 68]. HINT archives the best PSNR score and a
competitive SSIM result among all methods. To be specific,
HINT provides a significant 1.64 dB boost on PSNR over
the recent general restoration pipeline AST [95]. Addition-
ally, compared to approaches [9, 10, 47] that are designed
for desnowing, HINT showcases the superiority of better
performance. Furthermore, compared to methods [41, 64]
that are proposed to address adverse weather conditions,
our method earns consistent benefits. For general restora-
tion schemes, including CNN-based [6, 16, 17, 68] and

Table 5. Quantitative comparisons on BSD68 [51] and Urban100
[31] for denosing.

Method BSD68 [51] Urban100 [31]
o=15 0=25 0=50 | 0=15 o0=25 0=50
AirNet[39] 34.14 3148 2823 | 3440 32.10 28.88
Restormer[89] 3429 31.64 2841 | 3467 3241 2931
PromptIR[55] 3434 31.71 2849 | 3477 3249 29.39
NDR-Restore[84] | 3430 31.65 2838 | 34.80 3248 29.31
HINT (Ours) ‘ 3436 31.74 28.55 ‘ 3491 3270 29.70

Transformer-based [75, 95], HINT shows at least a 0.35
dB performance boost on PSNR. The visual comparisons
are shown in Figure 5, where HINT restores a clear result
(Figure 5g). The desnowing techniques [9, 10] offer un-
satisfactory outputs (Figure 5c and 5d). The results from
Transformer-based approaches [75, 95] exhibit noticeable
snow artifacts (Figure 5e and 5f).

Haze Removal. Consistent with [19, 55], we perform im-
age dehazing experiments on the SOTS [38] dataset, where
11 representative approaches are considered to make a com-
parison in Table 3. As can be seen, HINT outperforms all
other methods on both PSNR and SSIM metrics. It is worth
noting that, HINT surpasses all the methods [21, 57, 62],
which are elaborately designed for dehazing, by at least
0.46 dB on PSNR. When compared to image restoration
pipelines (all-in-one paradigms [19, 55, 84] and general
ones [6, 14, 18, 89]), HINT consistently shows advantages.
Rain Streak Removal. We compare HINT with state-of-
the-art deraining approaches on the Rain100L [24] bench-
mark, following [55, 96]. As shown in Table 4, HINT
achieves the highest scores in terms of PSNR and SSIM
metrics. When compared to the restoration pipelines, in-
cluding the all-in-one algorithms [19, 55, 84] and general
approach [96], HINT maintains consistent advantages.
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Figure 6. Feature Visualization. The top line exhibits the feature map of each head learned by MDTA, while the feature maps at the bottom
illustrate the results of HMHA. The heads in MDTA intend to focus on the same regions (red boxes), whereas the counterparts in HMHA
showcase superiority in learning representations from different subspaces. As a result, the model equipped with the proposed HMHA

(a) Reference

restores a pleasant image, which is closer to the reference one ( boxes).
Table 6. Ablation study for different self-attention mechanisms. Table 8. Ablation study of QKCU.

W-MSA MDTA HMHA IntraCache  InterCache \ Params  PSNR  SSIM

Model [75] [89] Ours
(a) 21.34 26.47 0.949
PSNR/SSIM ‘ 24.19/0.941 26.42/0.948 ‘ 27.17/0.950 (b) v 23.82 26.67 0.949
(©) v 2239 2672 0.949
Table 7. Ablation study of HMHA. (d) Vv 4 24.87 2717  0.950

Ranking Strategy ‘ Params PSNR SSIM
(a) No-Ranking [89] 24.76 26.42 0.948

(b) Random Shuffle [91] 24.87 26.54 0.949
(c) HMHA (Ours) 24.87 27.17 0.950

Noise Removal. For image denoising, we perform exper-
iments on BSD68 [51] and Urban100 [31]. As shown in
Table 5, HINT performs favorably against state-of-the-art
denoising methods. Compared to the strong competitor
Restormer [89], HINT achieves an average gain of 0.2 dB in
PSNR. Our HINT surpasses previous methods in all-in-one
paradigms [39, 55, 84], delivering at least 0.12 dB gain.

4.3. Analysis and Discussion

We have demonstrated that exploring the HMHA mecha-
nism equipped with QKCU in a Transformer-based model
brings benefits across several restoration tasks. Next, we
further perform experiments to study the proposed modules
and analyze the effect of each component. For ablation
studies, various low-light enhancement models HINT are
trained on the LOL-v2-syn subset [83]. To ensure fair com-
parisons, all models are trained under identical experimen-
tal settings, and the FLOPs/Runtimes are computed using
256 x 256 input images.

Effect of HMHA. To investigate whether the proposed
HMHA enhances the capability of modeling diverse con-
textual information, we compare it with two representa-
tive variants, including (1) Window-based Multi-head Self-
Attention (W-MSA) [46], and (2) Multi-Dconv Head Trans-
posed Attention (MDTA) [89]. The quantitative compari-

son is reported in Table 6. The model incorporating HMHA
achieves the highest scores on both PSNR and SSIM met-
rics, outperforming other variants. Specifically, replacing
HMHA with W-MSA or MDTA leads to significant per-
formance drops of 2.98 dB and 0.75 dB, respectively. To
investigate the effect of HMHA, we further visualize the
feature maps learned by the heads in MDTA and HMHA,
respectively. As shown in Figure 6, the heads in MDTA in-
tend to focus on the same regions (indicated by red boxes),
whereas the heads in HMHA showcase superiority in learn-
ing distinct representations from different subspaces. Con-
sequently, the model with HMHA produces a result that is
closer to the reference image (highlighted by yellow boxes).

We then show the effectiveness of the reranking strategy
in HMHA for achieving discriminative representation in Ta-
ble 7. When we replace the reranking strategy (Table 7c)
with a random shuffle operation [91] (Table 7b), we ob-
serve a performance drop of 0.63 dB on PSNR. In contrast,
compared to the model without any ranking mechanism (Ta-
ble 7a), which is degraded to vanilla MHA [89], our HMHA
achieves a significant 0.75 dB performance boost. These re-
sults highlight the positive impact of the reranking strategy
in enhancing the expressive power of the model.

Effect of QKCU. To show the effectiveness of the pro-
posed QKCU module, we conduct experiments on differ-
ent variants in Table 8. Disabling either IntraCache or In-
terCache within QKCU results in performance declines of
0.45 dB and 0.5 dB, respectively, indicating the importance
of these modules in restoring high-quality images. In total,
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Table 9. Model efficiency analysis on LOL-v2-syn [72]. ‘%’ de-
notes methods for reducing redundancy problems, ‘f’ indicates

general image restoration algorithms.
Method QuadPrior  MambaLLIE  Retinexformer ~RUAS  SNR-Net  IGDFormer Sparse

FLOPs/G 20.85 15.57 0.83 26.35 9.68 53.26
Params/M - 2.28 161 0.003 4.01 3.55 233
Latency/s 1.72 0.09 0.02 0.01 0.03 - 0.06
PSNR/dB 16.11 25.87 25.67 16.55 24.14 25.33 22.05
Method tMIRNet fUformer TRestormer tFPro TAST* ftMambalR*  fHINT*
FLOPs/G 785.00 12.00 144.25 81.9 110.55 60.66 126.92
Params/M 31.76 529 26.13 223 65.36 4.30 24.87
Latency/s 0.10 0.02 0.04 0.06 0.05 1.06 0.10
PSNR/dB 21.94 19.66 21.41 21.66 19.93 25.55 27.17

Table 10. Quantitative comparisons (MANIQA [82]) on real-
world datasets. These results are all obtained from testing with
their best LOL-v2-syn [72] weights.

Dataset | DICM [36] MEF [50] NPE([71] VV[67] | Meant
SNR-Net [81] 0.465 0.527 0480 0239 | 0428
Uformer [75] 0.526 0.634 0515 0356 | 0.508
Restormer [89] | 0.535 0.641 0.491 0356 | 0507
Sparse [83] 0.458 0.532 0324 0341 | 0413
HINT | 0.583 0.642 0.547 0.448 | 0.555

Table 11. Quantitative result of low-light object detection Ex-
Dark [49] benchmark. HINT positively impacts the downstream
task, and boosts the average precision (AP) scores to 7.6%.

HINT | A
527 | +71.6

Metric ‘ Input

Mean (average precision, AP) \ 45.1

Input HINT
Figure 7. Visual comparison of low-light object detection. Com-
pared to the low-light input (left), the detector can predict a well-
placed bounding box on the image restored by HINT (right).

the QKCU mechanism brings 0.7 dB performance gain with
limited computation loads (16.5% in Parameters).

Model efficiency. We provide the comparison of model ef-
ficiency in terms of complexity (FLOPs and Parameters),
latency (Run-times), and performance (PSNR), as shown in
Table 9. HINT obtains the highest PSNR score, while main-
taining lower complexity than CNN-based MIRNet [88],
Transformer-based IPT [5] and Restormer [89].
Evaluation on real-world scenarios. To assess the per-
formance of HINT under real-world scenarios, we test
it on real-world dataset without ground-truth, including
DICM [36], MEF [50], NPE [71], and VV [67]. The quan-
titative comparisons are summarized in Table 10, where
HINT outperforms all other methods.

Application to high-level vision Task. We conduct the
low-light object detection experiment on the ExDark [49]
dataset. HINT is pre-trained on the LOL-v2-syn subset and
directly applied to enhance the low-light images, with the
YOLO-v3 [58] model serving as the detector. The enhanced
images bring benefits for the downstream task in qualitative
(Figure 7) and quantitative ways (Table 11).

Eigen Energy
5 3% 65

umulative

Cumul
P

Cumulative Eigen Energy
° o

Input HINT
Figure 9. Failure Case. HINT meets the challenges of restoring
input under extremely low-light conditions.

Analysis about redundancy. We conduct eigenvalue anal-
ysis [2] of the attention matrices to investigate the redun-
dancy issue within conventional MHA, as shown in Fig. 8.
Specifically, we first compute the covariance matrix of at-
tention matrices, and perform eigen decomposition from
the layer-wise (left) and head-wise (right) perspectives. The
conventional MHA (7op) uses the top 30 eigenvalues to cap-
ture more than 90% of the energy. In a word, the number
of active heads is much smaller than the actual number of
heads, denoting the redundancy issue. In contrast, the pro-
posed HINT (Bottom) uses top 200 eigenvalues to capture >
90% energy, which enlarges the effective number of heads,
mitigating the redundancy problem.

5. Conclusion

We present HINT, a Transformer-based pipeline for image
restoration. Without bells and whistles, HINT is simple yet
effective for 5 typical restoration tasks on 12 benchmarks,
which demonstrates the effect of two design choices: 1)
Hierarchical Multi-Head Attention (HMHA); 2) Query-Key
Cache Updating (QKCU). By leveraging HMHA to migrate
redundancy that is rooted in the vanilla Multi-Head Atten-
tion (MHA), and introducing QKCU to enhance interac-
tions between heads via intra- and inter- modulation, HINT
is able to perform favorably against previous state-of-the-art
algorithms in terms of model complexity and accuracy.
Limitations. While HINT offers a plausible solution for
image restoration, an interesting way to achieve better re-
sults is to solve the failure case it triggers. As shown in
Figure 9, HINT struggles to recover some cases under ex-
tremely low-light conditions. One potential reason for this
could be the domain gap between the synthetic datasets used
for pre-training and real-world data. Collecting large-scale
real-world datasets could be a valuable direction.
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