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Abstract

We propose a method for tuning the parameters of a color
adjustment Image Signal Processor (ISP) algorithmic “block”
using language prompts. This enables the user to impart a par-
ticular visual style to the ISP-processed image simply by describ-
ing it through a text prompt. To do this, we first implement the
ISP block in a differentiable manner. Then, we define an objec-
tive function using an off-the-shelf, pretrained vision-language-
model (VLM) such that the objective is minimized when the ISP-
processed-image is most visually similar to the input language
prompt. Finally, we optimize the ISP parameters using gradient
descent. Experimental results demonstrate tuning of ISP param-
eters with different language prompts, and compare the perfor-
mance of different pretrained VLMs and optimization strategies.

1. Introduction

Modern digital cameras and camera phones utilize an ISP
(Image Signal Processor) that processes the raw sensor data into
an image that matches human-visual expectations. Typically, an
ISP is comprised of a sequence of distinct algorithmic “blocks,”
each of which handle a specific task within the ISP pipeline,
such as Demosaicing, noise reduction, color adjustments, com-
pression, etc [1, 2]. While recent efforts have been made to
replace on-device ISPs with neural networks [3-5], the typical
modern ISP is implemented using rule-based and hand-crafted
algorithms due to their power efficiency and consistency [6].

The inner working of ISP blocks requires the setting of pa-
rameters, such as coefficients and thresholds, which critically im-
pact the visual quality of the final processed image [2]. As a
result, tuning the ISP parameters is a significant and important
problem that affects the camera’s visual quality. Due to the diffi-
culty of manually tuning ISP parameters, efforts have been made
to develop automatic tuning algorithms [7-11]. Furthermore,
researchers have developed machine-learning-based ISP tuning
methods [12-18], which have recently shown great promise.

In this work, we investigate the automatic tuning of a color
adjustment ISP block, and in particular the tuning of a 3 x 3 color
transformation matrix [11]. In a typical ISP, the color adjustment
block(s) perform two functions: 1) color correction, i.e. cor-
recting for spectral sensitivities of the imaging system and color-
casts due to illumination [11, 19, 20], and 2) color enhancement,
i.e. imparting a visual style, feeling, or mood to the image us-
ing color [21, 22] referred to as color-grading in cinema [23].
Color correction optimization is well studied, and typically uses
calibrated images with known color values as the optimization
target [6, 11, 24].

Color enhancement is inherently a more subjective problem,
since the preferred visual style of an image changes from person-
to-person. For example, a study in [25] found that given the same
input unenhanced image, different professional photographers
added their own unique visual enhancements to it, exhibiting dif-
ferent style preferences. To ease the process of image enhance-
ment, researchers have proposed approaches that use reference
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Figure 1: Our method tunes ISP parameters based on an input language
prompt. The tuned parameters are then used to process the input image,

resulting in a stylized image matching the prompt.

stylized images as targets for color enhancement optimization,
which maps the visual style of the reference image(s) onto the
input image. This allows the user to impart their preferred style
by selecting example reference images. Several works achieve
this by training a neural-network based ISP [22, 26], filter esti-
mation [21], or ISP parameter optimization [15].

In this work, we take a different approach to color enhance-
ment ISP tuning by proposing a method for optimizing a color
adjustment ISP block that uses language prompts as a style ref-
erence. To do this, we leverage recent advances in large vision
language models (VLMs) [27-30], which connect the visual and
language modalities. We define an optimization objective that is
minimized when the ISP parameters are tuned such that the out-
put processed image is most similar to input text prompt, e.g. “A
vibrant photo.” Similarity is computed by the Contrastive Lan-
guage Image Pretraining (CLIP) VLM [27]. Optimization is then
performed by gradient descent directly on the ISP parameters.
We note that no training of the VLM is required, and that off-
the-shelf, pretrained models give sufficient results. Tuning of the
ISP parameters is achieved in a few hundred optimization steps.

Our method provides a new and unique way to interact with
and tune ISP parameters, and a novel way to impart visual styles
to images: via language. See Fig. 1 for examples. While other
works have considered language-based image enhancement [31—
34], none use language for ISP tuning. Furthermore, in Sec. 2.3
we show that fully-neural-network-based enhancement methods
such as [31] leave behind visual artifacts (“hallucinations”) that
our ISP tuning approach does not. To our knowledge, we are the
first work on language-based ISP tuning, and the first work on
the application of language-based color ISP block tuning.

2. Proposed ISP Tuning Method

We propose a method to optimize the parameters, ¢ € @, of
an ISP block. We first define an input RGB image X € R3*HxW
with spatial dimensions H and W and 3 color channel dimensions
R, G, B, and an ISP block g : R3*H*XW » @ — RI¥XHXW that
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Figure 2: Our proposed language-based color-ISP-parameter optimization system. We use the CLIP vision-language model to define an objective that
is minimized when the visual appearance of the input processed image is most similar to the description of the input language prompt. A gradient based

solver is used to iteratively tune the ISP parameters.

maps an input image and ISP parameters to an output image Y €
R3*HXW of the same dimensions. Refer to Fig. 2 for the full
system diagram.

A color adjustment ISP block g, is utilized, comprised
of a linear matrix multiplication;

gcolor(xv(p) :M¢X7 (D

with My a 9 parameter 3 x 3 matrix

I—¢n ) 913
My=| ¢ 1-¢ ¢ 2
931 032 1—¢s3,

The 3x3 linear matrix formulation is a standard practice for color
transformation, as found in [6, 10, 11, 19, 35].

Parameters are initialized as ¢;; = 0 V 7, j and constrained
such that |¢;;| < 7V i, j. Parameters are further constrained such
that [1,1,1]7M = [1,1,1]7, where all rows sum to 1 ensuring
that the white point is conserved [10, 11].

To enable use of a gradient-based solver, we require com-
putation of dg.,1,r/d¢; ;. Since our color ISP block is defined as
a linear matrix multiplication in (1), the gradients are straightfor-
ward to compute by a standard deep learning framework.

2.1 Language-based Objective

The goal of optimization is to obtain parameters ¢*, such
that the processed image Y* = g(X, ¢*) has a visual appearance
matching the language prompt description t € T. Here T repre-
sents the space of text prompts, which is typically a short phrase
in this work, e.g. t ="A dreamy photo.”

To do this, we utilize a pretrained CLIP (Contrastive
Language-Image Pretraining) vision-language model [27-29],
which connects the visual and language modalities by com-
puting similarity between an image and a text prompt. The
CLIP model is comprised of two encoders; an image encoder
fimage : R¥>*H*W — RF "and text encoder fioy : T — RF, which
map an input image and input text prompt, respectively, into a
common F-dimensional embedding space. The CLIP text en-
coder requires a tokenizer to first convert the text into a numerical
representation, and is typically provided with existing pretrained
CLIP models.

Next, a similarity measure S : RF x RF — [0,1] is defined
between finqge and frexr. We follow the original CLIP paper [27]
by using a cosine similarity,

b
S(a,b) = — >

3
all[Ib]] )

however, other similarity measures can be explored [29, 36].
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Finally, the optimization objective is defined,

0" = arg;nax N [fimage (MQ)X) s Jrext (t)] > 4

which is solved by finding the ¢ such that the processed image is
most visually similar to the input text prompt.
We further define a “two-prompt” optimization,

(6))

¢:\€,Bﬁa = aIg;nin HSOftmaX (SXA¢>SXB¢) _ aHZ

where sx49 = S (fimage (Mg X) , fiext (ta)). The two prompt op-
timization (5) tunes the ISP parameters to interpolate between
text prompts t4 and tp, according to ratio ¢, following the con-
vention in [29]. Experimental results in Sec. 3.3 demonstrate the
two-prompt objective enables fine-grain control over the visual
appearance of the final processed image, and we recommend to
the 2-prompt method as a best practice.

2.2 Optimization

Since the CLIP image encoder is neural network-based and
the color ISP block is defined in a differentiable manner, the op-
timization objective is fully differentiable with respect to the ISP
parameters. As a result, the optimization in Eq.(4) is solvable
using gradient descent.

During optimization, the input image is resized, maintain-
ing the original image aspect ratio, and center cropped to match
the expected image size of the CLIP model. Further, the input to
the image encoder is normalized according to constants derived
by the training dataset, and are defined by OpenCLIP [28]. The
model “VIT-B-32” has feature dimension F=768 and expected
image size 224x224. During inference, the output processed
image is clipped to the range [0, 1] and converted to the uint8
datatype prior to display.

An example optimization is shown in Fig. 3, where the color
ISP parameters are optimized using the prompt t = “A warm
color-palette photo.” During optimization we see that, in the
lower right panel, the ISP parameters are adjusted, which then
subsequently improves the similarity (upper right panel) between
the prompt and processed image. The optimization is mostly
converged within 100 iterations and fully in 400. Qualitatively,
the final image exhibits a more “warm”-like color palette, as ob-
served by the overall reddened hues.

2.3 Comparison to Neural Network-based Lan-
guage Enhancement

Existing methods for language-based image enhancement
rely on neural networks to perform image processing [31, 32].
While neural network approaches exhibit a high degree of ex-
pressiveness they have several drawbacks; they have strict reso-
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Figure 3: Example parameter optimization with prompt t =“A warm
color palette photo.” The color matrix parameters ¢ are iteratively up-
dated, resulting in a processed image with redder and warmer colors.

lution requirements and tend to impart visual artifacts (“halluci-
nations”) to the output image. Our method does not suffer from
such limitations.

We demonstrate this by color-enhancing an image using the
prompt “A vibrant photo.” using our method and the method
in [31], a state of the art language-based image editing and en-
hancement algorithm “MGIE.” The output processed images are
shown in Fig. 4. First we note that the MGIE method imparts se-
vere visual artifacts and hallucinations, as shown in the zoomed
in regions. The textures of the roof are significantly changed
(red inset), and the sign content is altered (blue inset). Second,
we note that MGIE requires the input image to size 512 x 512
and so their result is center-cropped. ISP-tuning approaches do
not suffer from these drawbacks.

While the MGIE output is more vibrant looking, we note
that the optimal “vibrant photo” is subjective. We show in
Sec. 3.2 and Sec. 3.3.D that adjusting the parameter clipping con-
straints and using the two-prompt tuning method overcomes this
limitation by enabling control over the degree of visual style.

3. Experimental Results

We evaluated our approach by conducting a series of ex-
periments, starting with 24 RGB images from the “Kodak Loss-
less True Color Image Suite”! as input images. Unless otherwise
specified, we performed optimization for 1000 iterations using
the Adam optimizer with learning rate= 2e — 3, parameter clip-
ping level T = 0.25, and CLIP model “VIT-B-32” with pretrained
weights “LAION-2B” [37] implemented by OpenClip [28]. Our
method was implemented in the PyTorch framework [38], and
ran on a single RTX3090 GPU. For a single image and prompt,
optimization completed in approximately 30 seconds.

3.1 Prompt variety

Our method relies on the pretrained CLIP model to correctly
interpret the 1) visual style aspects of the language prompt and
2) visual style aspects of the image, while being agnostic to the
semantic content of the image. Recent works have suggested this
to be possible, but also bring up several deficiencies [29, 33, 39].

To test this, we qualitatively evaluated how well our CLIP-
based method performs with different target prompts and cate-
gory of prompt. We evaluated with in the following categories:
Explicit color descriptors (e.g. “dark yellow,” “cool”), cultural
reference (e.g. ‘“Matrix movie,” “Cowboy western”), and ab-
stract/emotional (e.g. ‘“happy,” “dreamy”). Optimization was
performed on all 24 images of the dataset with input prompt t =
“A {prompt} photo.” Visual results are shown in Fig. 5, which
show the output processed images. We found that the model

Thttps://rOk.us/graphics/kodak/
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(¢) MGIE [31]

(a) Input
Figure 4: Output processed images for our ISP tuning method and the
MGIE neural-network based image enhancement method, using prompt
“A vibrant photo.” Our method does not have strict resolution require-

(b) Our ISP Tuning

ments as MGIE, and does not impart visual artifacts and hallucinations
as shown in the zoomed in sections.

works well for explicit color descriptors, for which there are
commonly understood meanings. For example, “warm” tuning
results in processed images that have redder and yellower tones,
whereas “cool” tuning results in blue and purple tones.

Interestingly, the tuning method was able to capture colors
related to cultural references, such as the neon greens and purples
of the “Matrix movie” or the muted yellows of a country western
“Cowboy” movie, indicating that the vision language model we
used was able to correctly encode these concepts.

Prompts that use abstract emotions did not work as well. For
example the 1st and 4th row of images did not show much stylis-
tic change from prompt-to-prompt. The other rows did show
some change, but it was not clear that the final images are con-
sistently well matched to the expected look. Still, we found that
the tuning on abstract emotions were able to impart some vi-
sual qualities that, at least to these authors, were aligned with
prompts. For example, “happy” tuning resulted in brighter and
more vibrant colors and “sad” tuning resulted in dull and more
muted colors.

These results demonstrate the proposed tuning method can
achieve visual styles matching the input language prompt. How-
ever, some prompts and images did not work as well. We at-
tribute the instance of poor performance to inability of VLM to
properly encode the stylistic meaning in the visual and/or lan-
guage domain, and improvements might be made by finetuning
the CLIP model to this task.

3.2 Two-prompt tuning

A drawback of using language is that language itself can
be ambiguous, yielding unexpected results. For example, the
general concept of a “warm” image may have a rough common
meaning, but the exact appearance and optimal degree of “warm-
ness” may very from person-to-person. As a result finely control-
ling the ISP is important in the context of language tuning. The
two prompt approach defined in (5) addresses this by using a 2nd
prompt to enforce additional opposite meaning (e.g. a “warm”
image and not a “cool” image) as well as enabling finer control
in degree of the imparted visual style via interpolation parameter
a. In this experiment, we evaluated the two prompt approach.

To do this, we performed optimization using (5), with a
range of o and 5 different pairs of prompts, shown in Fig. 6.

Each of the 5 prompt-pairs exhibit a visual style gradient
determined by ¢. For example, the “happy feeling” (@ = 0.99)
photo shows bright, vibrant colors, whereas the “sad feeling”
(a0 = 0.01) photo shows duller, muted, and cooler colors. Im-
portantly, the degree of this visual appearance is smoothly inter-
polated, via the o parameter, demonstrating fine grained visual
appearance control. Overall, we found this 2 prompt approach to
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Figure 5: (Best viewed in color and zoomed.) Images processed after ISP tuning on varied language prompts, including explicit color descriptors,
abstract emotions, and cultural references. Different visual styles can be achieved simply by describing it through a text prompt.
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Figure 6: (Best viewed in color and zoomed.) Processed images after tuning using the “2 prompt approach”, which interpolates between two prompts
according to parameter . Fine grain control is achieved over the look and feel of the final processed image.

give better results.

3.3 Quantitative result and ablations

To evaluate our design choices, we conducted an experi-
ment providing a quantitative result. To do this, we compared
the processed images from prompts “A vibrant image” Y, and
“A dull image” Yx*; under different settings. Then, we evalu-
ated the vibrant-dull image pairs by computing the 1) difference
in “Colorfulness* CLIP-IQA score [29], and 2) the difference in
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colorfulness metric [40]. These values are reported in Table 1 as
A CLIP-IQA and AC, where higher values indicate the method
was able to impart a higher difference in colorfulness. An ex-
ample is shown in Fig. 7, where the bottom right panel shows
the CLIP-IQA scores, which quantifies the “colorfulness” in the
input and processed images.

We evaluated our method’s performance for different 1.
prompt constructions, 2. pretrained CLIP models, 3. solvers,
and 4. parameter clipping level 7.

2025 Society for Imaging Science and Technology



Table 1: Quantitative results and system design evaluation

Prompt Model T Optim.  Acuipi@A+  ACt
A ViT-B-32/laion2b  0.25 adam 024 299
B ViT-B-32 / laion2b  0.25 adam 0.34 35.1
Cc ViT-B-32 / laion2b 0.25 adam 0.33 32.6
D ViT-B-32/laion2b  0.25 adam 0.30 23.0
B ViT-B-32 / openai 0.25 adam 020 242
B ViT-L/14 / laion2b 0.25 adam 0.14 139
B ViT-B-32/laion2b ~ 0.25  adamw 0.34 351
B ViT-B-32/ laion2b 0.25 sgd 035 35.1
B ViT-B-32/laion2b  0.33 adam 0.44 4241
B ViT-B-32 / laion2b 0.50 adam 049 495
B ViT-B-32 / laion2b 1.00 adam 048 61.3

Table 2: Different prompt constructions used in Experiment 3.2

PromptID  Prompt Construction
A “{prompt}”
B “A {prompt} photo”
C “A photo that appears {prompt}”
D “A {prompt} photo of {content description}”

3.3.A Prompt Construction

The different prompt constructions are shown in Table 2.
We found B “A {prompt} photo” to performed best, whereas
prompts “{prompt}” and “A {prompt} photo of {content de-
scription}” performed the worst. This finding aligns with other
works [29] that found the choice of prompt impacts the perfor-
mance of CLIP models. Interestingly, adding content descrip-
tions with prompt D did not improve the performance, and was
possibly causing the optimization objective to focus on the con-
tent, rather than introducing extra context as was intended.

3.3.B Model Choice

Of the pretrained models available in OpenCLIP [28],
we found architecture ViT-B/32 with pretrained weights
laion2b_s34b_b79%k to perform the best. Using pretrained weights
by OpenAl or using a larger model ViT-L/14 performed worse.
We found it interesting that the larger model performed worse.
One possible explanation is a gradient issue encountered by using
a larger model, which might be solved by further tuning the op-
timization hyperparameters but is outside the scope of this work.

3.3.C Optimizer Choice

We found that the choice of optimizer did not impact the re-
sult, with Adam, AdamW, and SGD performing nearly equally.
SGD did give a slightly better CLIP-IQA score, but the differ-
ence was not significant. For each optimizer, a learning rate was
empirically chosen that yielded best performance.

3.3.D Parameter Clipping

We tuned with different parameter clipping levels
7 € {0.25,0.33,0.5,1.0}, and found that relaxing the clipping
level (larger 7) resulted in greater colorfulness differences
between the “vibrant” and “dull” processed images. Examples
of tuning with different 7 is shown in Fig. 8. While relaxing the
clipping constraint enables the tuning to impart more significant
color changes, we observed that 7 > 0.5 resulted in a unnatural
looking processed images and so we empirically set T = 0.25.
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Noisiness Contrast

(b) “Dull”  (c) “Vibrant” (d) CLIP-IQA Ratings
Figure 7: Processed images from tuning with “vibrant” and “dull” as
input prompts. The CLIP-IQA “colorfulness” rating (d) shows significant
differences between the images.

=025 =025 7=0.25 =025
Figure 8: Processed versions of Kodak Image 13 tuned with the prompts

“A dull photo” (left), and “A vibrant photo” (right), at different coefficient
clipping levels, 7, of 0.25 to 1.0.

4. Limitations

Here, we discuss several limitations: First, our tuning
method uses a single image input, resulting in ISP parameters
that are tuned for that specific image. Tuning per-image may be
inefficient to deploy in practice, and so methods that tune global
parameters that can be applied to any image can be explored as
future work. Second, the range visual appearance is limited by
the expressive power of the ISP block itself. Other ISP blocks
can be explored for tuning, such as LUTs, however our method
requires the ISP block to be defined in a differentiable manner.
Third, using language to describe visual style is inherently sub-
jective, which makes evaluation difficult. Evaluation may be ben-
efited by the development of better metrics or by large-scale user
surveys. Finally, the vision language model we used was trained
on images and text that largely focused on the semantic content
of the image, rather than stylistic elements, which may be caus-
ing worse performance. The method can be improved by finetun-
ing the CLIP model on data labeled according to image stylistic
elements. We hope that the idea of language-based ISP tuning
can be improved upon to address these limitations.

5. Conclusion

We proposed a method to tune the parameters of a color
ISP block, simply by describing the desired style via a language
prompt. To do this, we used the CLIP vision language model to
compute similarity between the target prompt and the processed
image, and then performed gradient descent onto the ISP param-
eters themselves. Our method demonstrates a novel way to tune
ISP parameters, and experimental results highlighted creative vi-
sual styles that can be achieved with this method, along with lim-
itations.
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