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Figure 1. Overview. We present MARBLE, a method for performing various material editing in images such as material blending (top row)
and parametric control of material properties (bottom row) leveraging CLIP-space and pre-trained generative models. Given two material
exemplar images, we can achieve a controllable blend of materials on the object by blending the material representation in CLIP-space. For
parametric material attribute control, we learn a shallow network using synthetic data to predict the direction in CLIP-space for changing
specific material properties such as metallic.

Abstract

Editing materials of objects in images based on exemplar
images is an active area of research in computer vision and
graphics. We propose MARBLE, a method for performing
material blending and recomposing fine-grained material
properties by finding material embeddings in CLIP-space
and using that to control pre-trained text-to-image models.
We improve exemplar-based material editing by finding a
block in the denoising UNet responsible for material attri-
bution. Given two material exemplar-images, we find direc-
tions in the CLIP-space for blending the materials. Further,
we can achieve parametric control over fine-grained ma-
terial attributes such as roughness, metallic, transparency,
and glow using a shallow network to predict the direction
for the desired material attribute change. We perform qual-

itative and quantitative analysis to demonstrate the efficacy
of our proposed method. We also present the ability of our
method to perform multiple edits in a single forward pass
and applicability to painting.

1. Introduction

Editing object materials such as diffuse albedo, rough-
ness, etc. in images is instrumental for graphics and vision
applications such as game design, advertising, and visual
content creation. Performing material editing in a single
image using traditional graphics techniques requires under-
standing of several object and environment properties such
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as object geometry, its material properties as well as envi-
ronment illumination, making it a highly challenging task.
Previous approaches for material editing use crude approx-
imations of object geometry and environment maps [30],
resulting in non-photorealistic results limited to finite mate-
rial editing options.

In this work, we tackle the problem of material transfer
and recompose the material properties given a single image
by directly leveraging the implicit knowledge of object and
environment properties present in the pre-trained image dif-
fusion models [45]. This circumvents the need for explicit
estimation of these properties, which is challenging given
a single image. Recent works such as Alchemist [50] and
ZeST [15] demonstrate the use of diffusion models for ma-
terial editing in images. ZeST [15] proposes a zero-shot
technique for exemplar-based material transfer, where the
object material from an exemplar image is transferred to the
target object in the input image. However, this approach is
limited to high-level material changes and does not perform
fine-grained control of material properties. On the other
hand, Alchemist [50] proposes a supervised fine-tuning of
Stable Diffusion [45] for fine-grained material control such
as roughness, transparency etc. in images. However, such a
fine-tuning of the diffusion model has the potential to over-
fit to the synthetic data used for training, thereby destroying
the valuable object prior knowledge in these models.

In contrast, we propose a technique that can perform
versatile material editing with material transfer as well as
fine-grained control, while also retaining the base diffusion
model priors. In particular, we propose to keep the im-
age diffusion model intact and perform material editing via
CLIP [42] image features that are injected into the diffu-
sion model. A key contribution of this work is to demon-
strate that a surprising amount of material editing is possi-
ble with the manipulation of the CLIP-Space features. Our
technique called MARBLE (Material Recomposition and
Blending in CLIP-space) enables versatile material editing
tasks ranging from performing coarse material transfer us-
ing an example image or blending materials from multiple
objects (Figure 1 top row) to fine-grained material control
of properties such as metallic, transparency, etc. (Figure 1
bottom row).

It is far from trivial to achieve such diverse material edit-
ing tasks using only CLIP image features as CLIP captures
all the object properties such as semantics, geometry etc.,
not just the material properties. We build our method using
ZeST architecture [15] for exemplar-based material transfer
with some modifications. ZeST uses IP-Adapter [59] that
injects CLIP features into the diffusion model, along with
a color-agnostic inpainting technique for material transfer
from an exemplar image to the target object image. With
systematic experiments, we find a U-Net block in the Stable
Diffusion that responds to the object materials. Following

this insight, we propose to inject CLIP features into this spe-
cific U-Net block resulting in better material transfer. This
modified architecture acts as the base for two variants of
material editing. First, we show that this technique can also
be used for material blending between two or more exem-
plar images. For the fine-grained control of the material
properties such as increasing or decreasing transparency, we
propose to learn lightweight MLPs, using a small synthetic
dataset, that predicts material editing directions for each of
the individual material properties in the CLIP-space. As a
result, we can achieve fine-grained control of the material
properties by moving the CLIP features along these editing
directions.

We provide extensive experimental analysis and results
on a wide range of applications, combining a series of
coarse and fine-grained material edits. Results on both syn-
thetic and real-world images demonstrate highly plausible
material editing using MARBLE for material transfer as
well as fine-grained control. We compare MARBLE against
other image/material editing approaches when a baseline
is available, of which both our quantitative and qualitative
analysis shows superiority in performance. As we keep
the based diffusion model intact, we find that the learned
editing directions using the shader-based synthetic dataset
can generalize to various image styles, including anime and
paintings. Overall, MARBLE has several favorable proper-
ties for material editing in images:
• Wide Range of Novel Editing Controls. To the best of

our knowledge, MARBLE is the first approach to offer
parametric control, exemplar-based guidance, and blend-
ing of materials all within one general framework.

• Operates only in CLIP-Space. The minimal tuning na-
ture of our approach brings maximal flexibility in model
selection and performing multiple edits in one go.

• Robustness in Various Styles. MARBLE can not only
generate and edit materials of realistic images but can also
be incorporated with various painting and artwork styles,
bringing much flexibility to graphic designers.

2. Related Work
Controlled Image Editing with Diffusion Models. Re-
cent advances in text and class-conditional image gener-
ation using diffusion models enable photorealistic image
generation [18, 25–29, 38, 43, 45, 48, 52]. These mod-
els act as a base model for performing 3D-aware inpaint-
ing [40, 45], text-based editing [7, 21], and controlled
generation [13, 32, 47]. High-level semantic and stylis-
tic edits are based on inputs such as text-based instruc-
tions [8, 21, 24, 55], semantic segmentation [3], bounding
box [12, 34, 57, 58], and images [14, 46, 47, 49, 56, 59].
InstructPix2Pix allows for instruction-based editing of im-
ages, allowing for stylistic and high-level semantic changes
in the images [7]. These methods are trained and hence lim-
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Figure 2. Comparison of material block injection vs. all Blocks
injection. We present examples of using the same input and ma-
terial exemplar. Given the same depth condition, injecting only
into the material block allows much better geometry preservation
compared to injecting to all blocks in the UNet.

ited to domains of high-level semantic changes, failing to
edit low-level details such as object geometry and materials.
Beyond high-level semantic control, edits can be performed
based on mid-level features such as depth maps [6, 63] and
edge-maps [37, 61].

Recent work has enabled fine-grained continuous control
enhancing the level on control in image editing [4, 20, 41].
Continuous control over concepts such as weather, age, and
styles can be achieved in diffusion model-based genera-
tive models from a small set of text or images [20]. Bau-
mann et al. identifies directions within token-level CLIP
text embeddings allowing for fine-grained over high-level
attributes such as age and aesthetics in text-to-image mod-
els [4]. These methods demonstrate control over high-level
semantics using embeddings of pre-trained models.

Material Editing. Material editing is a challenging task,
requiring understanding of object and scene properties such
as geometry, illumination, and material attributes. Mate-
rial acquisition methods extract material properties under
known illumination and camera configurations [1, 2, 17].
Recent methods explore material recognition and segmen-
tation with a data driven approach requiring little to no prior
knowledge about the environment [5, 31, 35, 51, 54].

Khan et al. proposed in-image material editing with
normal estimates as approximations of the scene geome-
try [30]. Advances in generative models have facilitated
more robust and photorealistic material editing techniques
in images and 3D models [9–11, 15, 16, 22, 36, 44, 50, 53,
60]. Coarse material editing in a zero-shot manner lever-
aging generative priors of pre-trained text-to-image mod-
els along with geometric and illumination information [15].

Fine-grained material properties can be edited by finetuning
a generative model on physically rendered data [50].

In our work, we propose a method for using using CLIP-
space for material editing, specifically blending materials
and recomposing fine-grained material attributes.

3. Method

Our method, MARBLE, uses CLIP embeddings and a pre-
trained diffusion model to perform efficient material trans-
fer, material blending, and parametric tuning of fine-grained
material attributes. Specifically, we extend the architecture
from ZeST, a zero-shot approach on performing exemplar-
based material transfer by Cheng et al. [15].

Exemplar-based material transfer methods aim to trans-
fer the material M from a given exemplar image Im to an
object in an input image I . ZeST performs the material
transfer in a zero-shot manner using a pre-trained inpainting
model (e.g., Stable Diffusion XL [45]) S . It guides the in-
painting model using the foreground mask of the object FI ,
depth map DI as geometric cue, and a foreground grayscale
initial image Iinit as illumination cue, aiming to utilize only
the material features f(zm) from Im during the generation
process.

Igen = S(Iinit, FI , DI , f(zm)) (1)

Note that f(·) is the cross attention injection of feature
zm originally computed using the CLS token from CLIP en-
coder with a fine-tuned head provided by IP-Adapter. While
this method results in images with plausible material trans-
fer, this approach is not robust due to the convoluted nature
of the CLIP embeddings – some information besides mate-
rials is still passed to the denoising process, leading to cases
of shifts in object geometry and shading.

3.1. Targeted Material Block Injection
To mitigate these limitations, we find and inject the ma-
terial embedding only to attention blocks in the denoising
UNet of the inpainting model, the one responsible for at-
tributing materials on the objects. Instead of injecting the
material embedding zm at each of the attention layers in
the denoising UNet, we find specific block responsible for
material attribution following the process inspired by In-
stantStyle [56]. InstantStyle identifies a specific block re-
sponsible for injecting style information to the objects. We
perform a similar study of exhaustively visualizing the gen-
erated results when injecting the information across each
block of the denoising UNet to identify which layer con-
tributes specifically to material transfer. Our results illus-
trate that both material and style attribution on objects is
performed by the same layer close to the bottleneck of the
UNet. This is an expected outcome as material transfer can
be seen as a specialized form of style transfer.
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value of the material but also decrease the roughness ef-
fect to create a more glass-like transparent appearance. We
present some examples in Figure 4.
Training and Inference Setup. While this rendered dataset
proved to be useful for our task, we identify two key lim-
itations. First, the dataset is fairly small resulting in po-
tential inductive biases in the image features. Second, note
that CLIP features are fairly noisy [33]. These observations
suggest that there may be a small set of features within the
CLIP features we should not learn from. To mitigate this,
we stack the editing directions of a given attribute (com-
puted as the difference of two CLIP features given an image
pair) and perform singular value decomposition to obtain a
low-rank approximation of the stacked matrix. The rank for
each attribute is decided by the elbow method when plotting
out the singular values. The variance explained for all four
attributes fall within the range of 67% − 80%.

Figure 3 provides an overview of the training and infer-
ence setup. During training, we take an input image Ima

and an editing strength δ. We then train our attribute editing
network pθ(Ima , δ) (a 2-layer MLP) with the criterion:

arg min
θ

[cossim(sma+δ , pθ(Ima , δ))

+ MSE(sma+δ , pθ(Ima , δ))], (3)

where sma+δ is the low-rank material attribute from a to
a + δ approximated by SVD, [cossim, MSE] are the cosine
similarity loss and mean-squared loss, respectively. With
this objective, pθ learns to predict the low-rank approxi-
mated CLIP feature of the same original image with one
attribute α increased by δ.

With a learned attribute editing network pθ at inference
time, we can obtain fine-grained material features after tun-
ing attribute a to a + δ altering zma into zma+δ :

zma+δ = CLIP(Ii
m) + pθ(Ii

m, δ). (4)

This feature allows us to build on top of our exemplar-
based transfer pipeline, where we can regenerate an image
with recomposed material attributes.

Since we did not finetune the pre-trained diffusion
model, each attribute network can be trained separately and
used jointly to find the designated CLIP feature. We provide
examples of this in Section 4.3.

4. Experiments
We present qualitative and quantitative evaluations to vali-
date MARBLE. We analyze the effectiveness of our method
at material blending and fine-grained parametric control
over material attributes. Further analysis on the robustness
beyond natural images and dataset efficiency for achiev-
ing parametric control demonstrates the practical impact for
material editing.
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Figure 5. Material blending results. By interpolating the CLIP
features of the material exemplars, MARBLE can transfer the in-
termediate blended features to the input image, creating material
blending effect. Blending can work with exemplar images with
following configurations: (1) Different objects with different ma-
terials, (2) Different objects made of the same base material except
one varying attribute (metallic), and (3) Same object and same ma-
terial with one attribute (metallic) varying.

4.1. Qualitative Results
Material Blending. We present material blending results
with different selection of material pairs in Figure 5. Note
that exemplar materials m1 and m2 can be in different con-
figurations. They can be two completely different material
exemplars (example 1) or the same exemplar and material
with only one attribute varying (example 3). Surprisingly,
even when the two exemplars are of different objects with
the same base material with a single varying attribute (sec-
ond example), the CLIP embeddings are sufficiently able
to identify the underlying attribute and perform parametric
control through material blending.
Parametric Control of Material Attributes. We present
slider results for roughness, metallic, transparency, and
glow in Figure 6. For each of the attributes, we show two
sliding examples, one using the reference image for both
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Figure 6. Parametric control results. We present four sets of results controlling roughness, transparency, metallic, and glow. For each set
of results, we present one example directly using the reference image for context and material, and another set where we change to a new
material exemplar. MARBLE disentangles the reflections from the albedo to provide perceptually convincing results.

context and material, and the other with a new material ap-
plied demonstrating the combination of material editing and
fine-grained control in a single forward pass.

Note that the attribute we intend to control is disentan-
gled from the other attributes. For the roughness examples,
we observe reduction in the specularity on the surface as
roughness increases. For the transparency and metallic ex-
amples, the reflection is disentangled with the albedo/base
color of the object, lighting up the colors in some regions
and darkening the others. For the glow example, the color
of the glow follows the original albedo of the object.
Parametric Control Qualitative Comparisons. We com-
pare our method to three baselines, namely Instruct-
Pix2Pix [7], Concept Slider (Text), and Concept Slider (Im-
age) [20].

For InstructPix2Pix, we use prompts to guide at-
tribute changes. Specifically, given an image, we
use the prompt “Make the *object more/less
*attribute”, where *object is the object in the im-
age and *attribute is the intended attribute change
(e.g., Make the chair transparent). Note that
this does not allow for parametric control.

We also implement two types of Concept Sliders using
text and image with the SDXL backbone. For text concept
sliders, we find opposite words describing the attribute (e.g.
transparent and opaque, rough and smooth) and
train a slider for each set of attributes. For image sliders, we
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Figure 7. Qualitative comparisons. We compare against In-
structPix2Pix and 2 versions of Concept Sliders. (T) and (I)
denote text and image trained versions, respectively. All base-
lines either fail to capture the parametric control (Concept Slid-
ers/chair/transparency), or result in undesired changes in object
geometry (toy figure/glow, pot/roughness) or albedo (Instruct-
Pix2Pix/car/metallic).

use pairs from the two ends of the spectrum of our dataset to
train for each material attribute. During inference, we per-
form DDIM inversion on the image and increase the slider
value to the maximum before noticeable artifacts occur.

Figure 7 presents the qualitative comparisons against the
baselines. Due to the ambiguity of text descriptions, In-



Table 1. Quantitative comparisons. We present quantitative
comparisons for all attribute controls compared to Concept Sliders
trained using our dataset.

PSNR! LPIPS" CLIP! DreamSim"

Roughness
Concept Slider (Images) 18.87 0.356 0.597 0.567
MARBLE 26.56 0.056 0.931 0.129

Metallic
Concept Slider (Images) 19.45 0.317 0.655 0.479
MARBLE 26.82 0.053 0.928 0.121

Transparency
Concept Slider (Images) 19.85 0.346 0.639 0.525
MARBLE 26.99 0.070 0.905 0.163

Glow
Concept Slider (Images) 16.92 0.301 0.661 0.509
MARBLE 19.73 0.111 0.890 0.213

structPix2Pix often leads to unintended changes on other at-
tributes such as the geometry of the pot and chair, the albedo
of the car for metallic, or the background for the toy Þgure
for glow. On the other hand, editing with Concept Slid-
ers (trained with either text or image pairs) requires DDIM
inversion in the Þrst place, which leads to inaccurate recon-
structions even without parametric changes. While the slid-
ers occasionally produces reasonable outputs for metallic
and roughness (rougher pot surfaces and reßection on the
car), the concept of transparency and glow were not cap-
tured by this approach. Our method produces high-Þdelity
results, showing disentangled and accurate edits for all at-
tributes.

4.2. Quantitative Results

Out of the three baselines, only the image-trained concept
slider allows us to compute quantitative metrics. Instruct-
Pix2Pix does not allow continuous control and neither does
the editing strength of text-trained concept slider corre-
spond well with the actual shader value changes in Blender.

Using a rendered validation set comprising of 50 ob-
jects, each with changing material attributes, we compare
against image-trained concept sliders in terms of PSNR,
LPIPS [62], CLIP Score [42] and DreamSim [19]. Table1
shows that MARBLE performs better than baselines across
all metrics for all attributes.

User Study. To further validate the effectiveness of MAR-
BLE on real-world images, we conduct a user study with
16 participants. We generate results on 20 real-world im-
ages with edits controlling a random material attribute us-
ing our method and image-based Concept Slider. Each user
was provided 3 image sets to compare based on the intended
control. As a result,87.5% participants chose images gen-
erated by our method, MARBLE.
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Figure 8.Multiple controls at once. With minimal tuning on the
pre-trained components, MARBLE can perform material trans-
fer and incorporate multiple attribute controls all in a single pass
on real-world images. We present a grid of results of increasing
roughness and metallic of a toy car, where we can see that the two
attributes are properly disentangled from one another.

4.3. Discussion

Multi-Concept Control-Grid. One of the main merits of
CLIP-based control is the ability to control multiple at-
tributes in a single forward pass. Figure8 presents an exam-
ple of controlling roughness and metallic components of the
toy carÕs material. MARBLE allows us to transfer a metal
material onto the toy, while simultaneously enabling Þne-
grained control over metallic and roughness of material.
Each image is generated in a single forward pass. While
trained separately, we can see that the two attributes are dis-
entangled from one another even when applied together.
Robustness on Real-World Images. In addition to the
eight slider examples, we also present a variety of results
of increasing the value one attribute. MARBLE was able to
perform realistic edits across a variety of object from dif-
ferent backgrounds. As In-the-wild editing by Subias et al.
also support metallic, we show the qualitative comparisons
for the three examples given.

Parametric Control with Different Styles. By solely
operating in the CLIP space and not changing the pre-
trained weights of the base diffusion model, MARBLE also
shows capabilities to perform parametric control on vari-
ous styles understood within the CLIP text features. Figure
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Figure 9. Additional Results for Attribute Control. We present
12 pairs of results on increasing attribute value (From left to right).
As In-the-wild editing by Subias et al. also support metallic, we
show the qualitative comparisons for the three examples. Zoom in
for details.
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ÔA teapot on a table, neon cyberpunk style paintingÕ

ÔA teapot on a table, Van Gogh paintingÕ
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Figure 10. Parametric control with different styles. By lever-
aging the generalization capability of CLIP, our parametric con-
trols can be also be adopted for images with various styles. We
present parametric control over two styles of paintings generated
by SDXL. Despite being trained on rendered images, the paramet-
ric controlled editing preserves the given style when presenting
attribute changes.

10 presents two examples of paintings with different styles
generated by SDXL. MARBLE changes the transparency
and roughness of the foreground object while preserving the
original style of the image. This is particularly evident on
the wiggly brush strokes on the transparent pot mimicking
the style of Van Gogh.
How small can the training dataset be? Furthermore,
we investigate how small the training dataset can be by mea-

Figure 11. Data efficiency. We trained the transparency controller
with 8, 16, 32, 64, 128 and 250 objects and present their PSNR
and DreamSim scores. Even with as few as 16 objects, we can still
obtain decent numbers on the validation dataset.
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Figure 12. Limitations. Our method has two primary limitations.
(1) Sometimes performing parametric control also changes the tex-
ture patterns of the object such as the pattern on side of the leather
backpack changes as roughness increases (left). (2) Sometimes the
effects of the parametric control leads to artifacts.

suring the PSNR and DreamSim on synthetically rendered
validation dataset (Figure 11). To our surprise, training on
as few as 16 objects was sufficient to achieve similar results
compared to using the full dataset. Qualitative results on
real-world dataset are also presented in the Appendix.
Limitations. Our method has two main limitations, as
shown in Figure 12. First, parametric control would some-
times change the textural patterns of an object, such as the
pattern on the leather backpack of the left example. Second,
the effect of the control causes undesired artifacts when the
model is not expected to result in no change, as observed in
the case of increasing transparency of the glass. These ar-
tifacts and loss of the high-frequency details can be caused
due to multiple reasons such as the effect of noise pattern
added to the latent of the context image, operations in the
noisy CLIP-space, or the information loss in the encoding-
decoding process of SDXL.

5. Conclusion
We present MARBLE, a method using CLIP-space for
material editing in images. MARBLE builds on top of
previous works in parametric and exemplar-based con-
trol, while adding a new blending mechanism, to allow
flexibility of users to blend and recompose materials
in a given image. The controls can be trained without
finetuning generative model, and allows for multiple edits
in one single forward pass. Overall, MARBLE presents
an interesting direction for fine-grained, graphics-based
controls of generative models revealing the advantages of
CLIP-space representation for low-level controlled editing.
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