UNICORN: Latent Diffusion-based Unified Controllable Image Restoration
Network across Multiple Degradations
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Figure 1. METARESTORE data capture setup

1. Metalens Image Formation

For a given source image .S, the imaging process for a
camera with a wavelength-dependent point spread function
(PSF) p, can be described as:

(9) = P( [ (0r(8) = p) @ )re ) d3) + A (1)

where I, € REXWXC represents the sensor measured im-
age with ¢ denoting the RGB channels, py(-) < 1 is the
lens’s relative light efficiency, x.(\) the spectral sensitiv-
ity of channels to wavelength A, and * denotes convolution.
P(-) and N represents Poisson noise and additive Gaussian
noise, respectively. The source image (.5) can then be esti-
mated as S = arg maxg(S|I) = argmaxg(I]S)(S) using
a maximum a-posteriori framework with a known prior (.5).

Restoration of image S from sensor measurement [ in-
troduces severe artifacts due to the ill-posed nature of the
image formation process (Eq. (1)), especially impacted by
the sensor’s spectral response () and noise N. Ignoring
kc(A) reduces the image restoration problem to deblurring
with a known PSF, but integrating wavelength-dependent ..
over A introduces haze in the image, requiring both deblur-
ring and dehazing. Sensor noise further degrades high fre-
quencies in the image, leading to loss of fine details. There-
fore, to simplify the restoration problem, we pose Eq. (1)
as

I(z,y) = H(B(D(S))) +n 2)

where H(-), B(-), D(-) and 7 represent hazing, blurring,
image darkening and the noise. Note that reconstructing
S from simplified Eq. (2) still remains a challenging non-
linear problem, beyond the scope of traditional deblurring,
denoising, dehazing or contrast enhancement techniques.

2. Implementation details

2.1. Synthetic single datasets

For obtaining an all-in-one restoration model for multiple
degradations, as proposed in the main manuscript, we aug-
ment our training with synthetic single degradation datasets
like blurring with a point spread function like Gaussian
(with different standard deviations) or Jinc which is quite
different from the motion blur encountered in GoPro [9].
Similarly, we differentiate severe low-light enhancement
for images with zero visibility as in Sony Total Dark [15]
against moderate low light (or contrast) enhancement from
LOL [14]. We present qualitative comparisons for such spe-
cial but frequently observed degradations types in Fig. 10
and Fig. 11.

2.2. Synthetic mixed datasets

As mentioned in the Sec. 4 of the main manuscript, we
evaluated our method on three synthetic mixed datasets and
summarized the results in Tab. 2 of the main paper. For a
fair comparison against state of the art methods, we eval-
uate our model trained on single degradation datasets for
deblurring, dehazing, denoising and low light enhancement
followed by a short fine-tuning phase on a small subset
(< 10%) of the full mixed degradation dataset. We com-
pare against the publicly released checkpoints of DiffUIR(-
L) [17] for its full all-in-one model, AutoDIR [2] and DA-
CLIP [7] for its in-the-wild model. Figure 12, Fig. 13 and
Fig. 14 present our qualitative results for the mixed degra-
dation restoration.

2.3. METARESTORE dataset creation

Metalens Fabrication @ We fabricated the 1 cm large
aperture meta-optic using a nanofabrication approach, fa-
cilitated in an ISO Class 5-7 clean room environment.
First, quartz wafer (purchases from University Wafer), were
cleaned in subsequent ultrasonicating baths of Acetone,
IPA, and DI water, then exposed to a short oxygen descum
in a Barrel Etcher. We then deposited an ~ 800 nm thick
Silicon Nitride film using plasma enhanced chemical vapor
deposition in an SPTS chamber. Afterwards the wafer was



Figure 2. Low level guidances for metalens images
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Figure 3. Metalens SEM images

diced into 1.5 cm square pieces and again cleaned using an
ultrasonicating bath and barrel etch steps (as before). We
then applied a positive resist (ZEP 520A) with a thickness
of 400nm. To mitigate charging during the patterning, we
also applied a conductive polymer layer (DisCharge H20).
We then patterned the resist using a 8 nA, 100 keV electron
beam (JEOL JBX6300FS) at a dose of about 300 uC cm?.
After electron beam lithography, we removed the conduc-
tive polymer layer using a short IPA bath and developed
the resist at room temperature in Amyl Acetate for 2 min.
Subsequently, the sample was again descummed in a short
barrel etch step and a layer of about 75 nm alumina was
evaporated onto the sample. The resist was then lifted off
overnight in an NMP bath at on a hot plate. Subsequently,
the SiN layer was etched using a fluorine based etch mix-
ture in an inductively coupled reactive ion etcher (Oxford
Plasmalab System 100). Finally, the chip was integrated in
a 3D printed holder and mounted with the sensor. Scanning
Electron Microscope Images after fabrication can be seen
in Fig. 3.

Data Capture A 405nm metalens camera was placed 1
m from an LCD display to maintain consistent optical path
length, after calibrating the exposure time, white balance,
and contrast to optimize image quality. The process was
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conducted in a dark room to eliminate ambient light in-
terference. This is to make sure that the captured images
reflected only the distortions introduced by the metalens.
Using the Div2K [1] dataset, 800 images (training dataset)
were displayed on the screen and captured by the camera,
with a Linux server and the Vimba SDK automating frame
alignment, timing, and camera control for a consistent ac-
quisition. Similarly, we captured new 400 images from [6]
as the evaluation dataset for our method. The captured im-
ages show a mixture of degradation types, including chro-
matic aberrations and blur, as shown in figures displayed.
The overall setup is presented in Fig. 1.

2.4. Low level cue generation

Section 3.2 explains the process of generation of several
primary I! and secondary I{L’QW guidances to refine the
overall control. Figure 2 visualizes all the different cues
we generate for the mixed degradation encountered in met-
alenses. While each primary guidance itself does not look
close to the original image, their effect on the UNICORN
control head coupled with low level information from the
secondary guidances helps image restoration in both seen
(Fig. 5) as well as unseen scenarios (Fig. 4).

2.5. Model details

Training and inference settings We initialize Control-
Net with Stable Diffusion (SD) backend after switching the
prompt embedder to a image-to-image CLIP model instead
of text-to-image. The fine-tuned image-to-image SD check-
points are obtained from the Diffusers library [13]. This
forms our baseline model.

For inference, we use the DDIM [12] sampling sched-
ule over 50 iterations. Our proposed model runs on a single



consumer NVIDIA RTX 3090 24GB GPU with an average
inference time of 7 seconds across all tasks. At the end of
the reverse diffusion process, we perform an optional his-
togram matching with the source image (or one of the pri-
mary guidances depending on which appears better) to gen-
erate color consistent samples.

2.6. Discussion on MoE and TSU units

To assess the importance of the shared multi-control head
architecture we first ablate the K control heads from UNI-
CoRN(Fig. 3 main paper), and then replace it with a single
control head with low-level input cues similar to Control-
Net [16]. For ablating the task stabilizer units (TSU), we
simply replace them with identity functions. To assess the
contributions of the mixture-of-experts (MoE) adaptors, we
replace weighted fusion by naive addition of controls from
all control paths.

Quantitative metrics (PSNR) on model performance after ablations.

Datasets ControlNet [16] UNICORN w/o MoE w/o TSU
Single Tasks 24.09 29.20 29.20 28.14
Mixed Tasks 22.54 28.61 26.33 25.41

METARESTORE 21.36 27.93 23.42 24.10

As shown in the table above, vanilla ControlNet [16] per-
forms poorly compared to our method in the absence of
task-specific control pathways due to the sharing of a sin-
gle control head among multiple degradations. At the same
time, naively adding controls in the absence of the MoE
units fails to capture the importance of task-specific restora-
tion cues, leading to a drop in the metrics. Finally, removing
the TSU units effectively eliminates task sharing among dif-
ferent degradations, making performance on mixed degra-
dations restoration brittle.

2.7. Choice of low-level cues

The motivation for using low-level cues stems from trying
to unlock the power of intermediate image representations
from traditional image processing techniques, when used
with deep learning techniques. In our UNICORN architec-
ture, we make the choice of augmenting the degraded image
with a variety of low-level cues for every degradation type,
rather than associating low-level cues with a specific degra-
dation.

2.8. Effect of task-based text prompt

Our base diffusion model is a finetuned image-text mixer
variant [13] over the original Stable Diffusion 1.4 model.
Although it preserves faint text based task control due to our
training scheme involving task-based text prompts, we ob-
serve the visual performance to be much better when using
a generic task prompt and letting the MoE adaptors decide
on the restoration task weighting.

2.9. Evaluation Fairness Assessment

Our experiments use open-source code and models from
baseline methods. The performance drop in baseline meth-
ods from Table 4 (single tasks) to Table 1 (zero-shot) is due
to the limitations of existing methods in handling multiple
simultaneous degradations. This trend is also supported by
the experimental observations in DiffUIR' [17], where Air-
Net [4], PromptIR [10], and DA-CLIP [7] perform poorly
on real-world datasets. AutoDIR’s sequential restoration is
sub-optimal as seen in Fig. 2 in the main paper. DA-CLIP
used a fine-tuned CLIP [11] model to generate precondi-
tioning information on single degradation tasks, which lim-
its it’s generalization capability on mixed restoration tasks,
as was also noted as a limitation of their work. For AirNet
and PromptIR, we use open-source checkpoints for denois-
ing and dehazing (Tables 1, 2 and 4) and fine-tune them for
other tasks. For AutoDIR, DA-CLIP, and DiffUIR (Tables
1, 2 and 4), we use their all-in-one universal checkpoints.
For AutoDIR, we report performance without including
their structural consistency model since that operates as an
independent degradation restoration module. Fine-tuning
AirNet on the METARESTORE benchmark showed no im-
provements (Table 1).

3. More visualisations

We provide additional visual results for single degradation
removal similar to Fig. 4 from the main text for all 4 bench-
marks presented in Tab. 1 of the main manuscript.
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