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This supplementary material provides additional details and results. Section [A]describes more details
about CamEdit50K. Section[B]includes extra quantitative comparisons, such as shutter speed editing
and joint multi-parameter control. Section [C| shows qualitative comparisons with other methods.
Section [D] presents more visual results to demonstrate the controllability and photorealism of our
CamEdit.
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s A More Details of CamEdit50K

7 Our dataset consists of pairs of base images and corresponding captured or synthetic images, with each
g pair associated with a specific camera parameter. For real captured pairs, most images are collected
9 from the public datasets. Specifically, the focal plane pairs are primarily sourced from [2| I8} [15];
o aperture-labeled pairs are from [2, (8 4]; and shutter speed annotations are obtained from [[19} 20}, 13]].
11 For synthetic pairs, we render parameter-specific synthetic images from base images. We randomly
12 sample five parameters per sence to increase diversity. Synthetic images with visual artifacts or poor
13 quality are excluded.

14 A.1 Focal Plane

5 The focal plane refers to the plane corresponding to the focal point, where light entering a lens
6 converges to form a sharp image. Accurately simulating the true focal plane using only EXIF
7 metadata is a challenge. In this paper, we apply the parameter p to represent the focal plane. For real-
s world data, we define the parameter p; as the median of the normalized depth map D(z,y) € [0, 1]
9 within the sharpness mask M, as shown in the equation below:

py = median{D(xz,y) | (z,y) € M}, (1)

20 where M is computed using the method proposed in [5], which identifies regions of peak focus. As
21 1illustrated in Figure we show a real captured pair of images with corresponding sharpness masks
22 and depth maps used to compute ps. The depth map D(x, y) is estimated using Depth Anything
23 V2 [17]]. For generating synthetic images, DrBokeh [16] simulates defocus effects by rendering
24 the base image based on py. Figure[S_'Z] shows a base image, its depth map, and the corresponding
25 synthetic image rendered with a sampled py.

26 A.2 Aperture

27 Aperture controls the extent of defocus blur in an image and is typically recorded in the EXIF
28 metadata as an f-number. For real images, aperture values are directly extracted when EXIF metadata
9 is available. Otherwise, we estimate them using edge-based blur kernel analysis [7] combined with
o focal plane under a thin-lens approximation [[13]]. The resulting values are quantized to the nearest
31 standard f-number for consistency.
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Figure S1: Focal plane estimation from real data. From Figure S2: Synthetic rendering with sam-
left to right: base image, captured image, sharpness mask pled focal plane. From left to right: base
, and depth map. image, depth map, and synthetic image.

For synthetic data, we simulate images using BokehMe [14]] based on predicted depth maps. The
focal plane is fixed on the foreground subject, while background blur is applied according to the
specified aperture. To maintain foreground sharpness, we composite the blurred background with the
original subject using an alpha matte generated by BRIA.AT [[1].

A.3 Shutter Speed

Shutter speed, denoted as p,, determines the duration of light integration on the camera sensor and
directly influences image brightness. Following [[18} 9} [10], the image formation process is modeled
as:

L = ADC {¢ - Clip [Poisson(ps - QF - (H + p))] + N(0, 07 )}1/7 , 2)

read

where H represents the HDR irradiance, QF is the quantum efficiency, s is the dark current, £ is the
conversion gain, and o2, ; denotes the read noise variance. The Clip and ADC operators simulate
saturation and digitization respectively. The -y is the gamma correction factor.

For real data, we treat the HDR image as the latent irradiance H in Equation[2] and the corresponding
images captured at different exposure levels as observed outputs L. The shutter speed p; is estimated
by inverting Equation 2]

For synthetic data, images are rendered from HDR sources by varying p, across a predefined range
using Equation[2] In addition, each image is treated as input and the corresponding HDR image as
the output, with the estimated shutter speed ps.

B Additional Quantitative Comparisons

Comparison for shutter speed editing. We conduct experiments on test images from our proposed
CamEdit50K, which primarily consist of moderately low-light scenes where adjusting the shutter
speed is needed to simulate long exposure. As shown in Table [ST] our method achieves competitive
performance compared to several existing low-light image enhancement approaches. Furthermore, as
illustrated in the last two rows of Figure[S4] our method effectively enhances image quality in these
scenarios.

Table S1: Quantitative comparison on shutter speed editing.

Method NIQE| MUSIQT DINOft
SCI [IL1] 5.31 44.30 0.82
CycleR2R [10]  5.08 52.35 0.87
CLODE [6] 4.06 59.98 0.91
Ours 4.12 60.04 0.91

Joint control of multiple parameters. We also train a unified model that edits all three camera
parameters simultaneously. In this setting, we double the number of learnable parameter heads and
add 5,000 synthetic pairs exhibiting multi-parameter variation. As summarized in Table[S2] the joint
model matches the single-parameter variants in accuracy and perceptual quality, confirming effective
multi-parameter control.
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Table S2: Performance of CamEdit under single-parameter vs. joint multi-parameter control.

Aperture Focal Plane Shutter Speed
NIQE, DINO?1 Error| NIQE| DINO? Error, NIQE| DINO1 Error)

Setting

CamkEdit (Single-Parameter) 334 083 060 446 082 015 428 093 0.11
CamkEdit (Joint-Parameter) 342 0.84 065 470 083 0.17 412 091 0.15

C Additional Qualitative Comparisons

Comparison with image editing methods. Figure [S3|shows visual comparisons with state-of-the-
art image editing methods. Existing approaches, such as UltraEdit [21] and SuperEdit [12], lack
explicit control over camera parameters and fail to accurately reflect parameter variations. Although
a retrained version of UltraEdit (UltraEdit*) can simulate aperture changes, it remains insensitive
to input values and introduces undesired content. In contrast, CamEdit achieves accurate aperture
control while preserving consistency of scene structure and details. Both UltraEdit* and CamEdit
are based on the same SD3 backbone, and the performance improvements of CamEdit underscore
the effectiveness of our proposed modules: Continuous Parameter Prompting and Parameter-Aware
Modulation, as detailed in Sections 4.1 and 4.2 of the main paper, respectively.

Comparison with an Image Generation Method. We also present visual comparisons with the
camera-aware image generation method PhotoGen [18] in Figure[S3] Due to limited scene diversity
in its training data, PhotoGen has difficulty achieving high content fidelity and accurate control
over varying camera parameters. In contrast, CamEdit, guided by both the input image and our
CamEdit50K dataset, achieves consistent parameter control and generates more realistic and coherent
results.

“Adjust the image with aperture

SuperEdit UltraEdit
UltraEdit* Ours

“A bear climbing on a
thick tree trunk in a
dense forest, surrounded
by towering ancient
trees with sunlight
filtering through the
leaves with ...”

Ours

Figure S3: Visual comparison with diffusion-based methods under varying aperture parameters.
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D More Visual Results

We provide more visual results in Figure[S4]to demonstrate the controllability of focal plane, aperture,
and shutter speed. CamEdit enables precise adjustment of camera parameters across diverse scenes
and consistently generates photorealistic images with high aesthetic quality.

“...with focal plane 0.31.”

“Adjust the image with aperture /9.

7 “...with shutter speed 0.81s.”

“Adjust the image shutter speed 0.7s.” “Adjust the image shutter speed 0.78s.”

Figure S4: Additional results of CamEdit.

Continuous camera parameter control. Figure [S3]shows that CamEdit supports continuous control
over individual camera parameters. The model allows smooth adjustment of the focal plane from
distant to near focus, gradual changes in aperture values, and progressive variations in shutter speed.
These capabilities extend beyond the physical limitations of real cameras, enabling flexible and
expressive parameter editing. Throughout the adjustment process, both scene structure and fine
details remain consistent, demonstrating strong coherence under continuous parameter changes.
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“Adjust the image with focal plane

Figure S5: Additional CamEdit results demonstrating continuous control across varying camera
parameters.

Progressive camera parameter editing. Figure[S6|illustrates a structured editing process of CamEdit
involving sequential adjustments of camera parameters. The procedure begins by modifying the focal
plane to shift the focus point, followed by adjusting the aperture to vary the depth of field, and ends
with shutter speed adjustment to alter the exposure level. The middle blue path in the figure indicates
the main editing trajectory, starting from the input image. This step-by-step adjustment simulates
real camera operations and enables fine-grained control over different scenes. The resulting images
exhibit clear and continuous changes along each camera parameter dimension while preserving the
consistency of scene structure and detail.
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“...with focal plane 7 “..with aperture “...with shutter speed

Aperture: f/2 Shutter speed: 0.4s
Focal Plane: 0.57 Aperture: f/4.5
Focal Plane: 0.57

Focal Plane: 0.57 Aperture: f/4.5 Shutter speed: 0.71s

Focal Plane: 0.57 Aperture: f/4.5

Focal Plane: 0.57

Focal Plane: 0.8 Aperture: f/8.1 Shutter speed: 0.95s
Focal Plane: 0.57 Aperture: f/4.5
Focal Plane: 0.57

Figure S6: Progressive editing of camera parameters with CameraEdit, including focal plane, aperture,
and shutter speed. Blue arrows denote the primary editing trajectory starting from the input image.
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