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Figure 1. Overview. Our method, Alchemist, edits material properties of objects in input images by relative attribute strength s. Top:
We set the strength s = 1, resulting in a beetle without specular hightlights, a dark metallic dinosaur, and boot with gray albedo. Our
model generates plausible transparency including the light tint, caustics, and hallucinated plausible details behind the object. Bottom: We

demonstrate smooth edits for linearly chosen strength values.

Abstract

We propose a method to control material attributes of ob-
Jjects like roughness, metallic, albedo, and transparency in
real images. Our method capitalizes on the generative prior
of text-to-image models known for photorealism, employ-
ing a scalar value and instructions to alter low-level mate-
rial properties. Addressing the lack of datasets with con-
trolled material attributes, we generated an object-centric
synthetic dataset with physically-based materials. Fine-
tuning a modified pre-trained text-to-image model on this
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synthetic dataset enables us to edit material properties in
real-world images while preserving all other attributes. We
show the potential application of our model to material
edited NeRFs.

1. Introduction

Achieving fine-grained control over material properties
of objects in images is a complex task with wide commer-
cial applications beyond computer graphics. This ability is
particularly relevant in image editing, advertising, and im-
age forensics. We propose a method for precise editing of
material properties in images, harnessing the photorealistic
generative prior of text-to-image models. We specifically
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target four key material properties: roughness, metallic, our method are as follows:

albedo, and transparency. Our results illustrate that genera- , , ) o

tive text-to-image models contain a strong understanding of 1- We introduce an image-to-image diffusion model for
light transport which can be leveraged for precise control of paramelric _control of Iow-_level material propertles_,

these material properties. The physics of light transport af- ~ démonstrating smooth edits of roughness, metallic,
fects the appearance of the object. How we view the objects  &/bedo and transparency.

is an interplay of physical factors such as surface geome- 2. We render a synthetic dataset of ne-grained material

try, illumination sources, camera intrinsics, color science, edits using 100 3D objects and randomized environ-

sensor linearity, and tone-mapping. However, the most sig- ment maps, cameras, and base materials.

ni cant of these factors is material properties. 3. Our proposed model generalizes to real images despite
In computer graphics, Bidirectional Re ectance Distri- being trained on synthetic data.

bution Functions (BRDFs) [11,24,25] de ne material prop-

erties which led to the development of principled and phys- 2. Related Work
ically based BRDF models [4]. Prior methods typicallyem- _ ) o _
ployed an inverse rendering approach to disentangle and esPiffusion models for image generation. Denoising Dif-
timate complex scene attributes like geometry and illumina- fusion Probabalistic Models (DDPMs) have been an active
tion for material modi cation [35]. Recent work by Subias focus of the research community [12, 14, 27-29, 32, 33, 77]
et al. proposed a GAN-based method trained on syntheticf_or their excellent photorealistic image generation capabili-
data for perceptual material edits, focusing on metallic and ti€S from text prompts [55,64,66, 70]. Image-to-image tasks
roughness parameters, necessitating the masking of the ta@'® Possible by modifying the denoising network to ac-
geted real-world object [79]. Our approach uses the gen-CEPt image inputs, allowing style-transfer [/6], inpainting,
erative prior of text-to-image models. We directly modify Uncropping, super-resolution, and JPEG compression [69].
real-world images in pixel space, eliminating the need for Furthermore, the generative priors of 2D diffusion models
auxiliary information such as explicit 3D geometry or depth N@ve been utilized towards novel-view synthesis, 3D gener-
maps, environment maps, and material annotations, therebytion, and stylistic 3D editing [6, 8, 18, 22, 30, 42, 44, 61, 63,
bypassing the process of accurately estimating object and’ 1+ /2» 74, 81, 85,89, 91, 95]. Our image-to-image method
scene-level properties. leverages and further controls this learned prior of DDPMs.
Manipulating material properties in pixel space using a Control in generative models. Controlling generative
pre-trained text-to-image model presents two main chal- model output remains an active area of study with many
lenges. First, the scarcity of real-world datasets with pre- works proposing text-based methods [1, 3, 5, 10, 20, 26,
cisely labeled material properties makes generalizing from 34, 36, 43, 52, 60, 80, 82, 84]. Other works proposed al-
supervised training dif cult. Second, text-to-image models ternative control inputs such as depth maps, sketches [83,
are trained with textual descriptions like "gold,” "wood,” ], paint strokes [50], identity [47, 88], or photo collec-
or “plastic,” which often lack ne-grained details about the tions [40,67,68, 73]. Prompt-to-Prompt [2H#+ [84], and
material. This issue is compounded by the inherent discon-Null-text inversion [52] present editing techniques based
nect between the discrete nature of words and the continu-on reweighting of cross-attention maps. ControlNet [92]
ous nature of material parameters. and T2I-Adapter [54] demonstrate control through spatial
To overcome the rst challenge, we render a synthetic inputs de ning mid-level information. Generated images
dataset featuring physically-based materials and environ-from diffusion models can also incorporate new subjects
ment maps, thus addressing the need for ne-grained an-from an image collection using a small number of exem-
notations of material properties. For the second challenge plars [7, 19,40, 67,68, 73, 87]. While these works control
we employ extra input channels to an off-the-shelf diffusion high and mid-level information about objects, control of
model, re ning this model with an instruction-based pro- low-level properties such as materials remains a challenge
cess inspired by InstructPix2Pix [3]. Despite being trained for them, leading us to our present line of study.
on only 500 synthetic scenes comprising 100 unique 3D ob-Material understanding and editing. Editing materials
jects, our model effectively generalizes the control of mate- in images is a signi cant challenge, requiring a strong un-
rial properties to real inputimages, offering a solution to the derstanding of image formation. Human vision research has
issue of continuous control. extensively explored how attributes like albedo, roughness,
To summarize, we present a method that utilizes a pre-illumination, and geometry affect object perception [15, 16,
trained text-to-image model to manipulate ne-grained ma- 16,17,49,53,56-58, 78].
terial properties in images. Our approach offers an alterna- Image based material editing was introduced by Khan et
tive to traditional rendering pipelines, eliminating the need al. presenting simple material operations using depth esti-
for detailed auxiliary information. The key contributions of mates [35]. Subsequent works demonstrated disentangle-



Figure 2.Method. We generate a synthetic dataset by taking each of 100 objects, applying randomized materials and illumination maps,
and modifying the shading network according to randomly sampled attribute stren@thch object is rendered from 15 randomized
cameras (see Section 3 for details). During training we provids th€@ image as context and randomly choose a target image of known
attribute strength. At test time we provide the user-input context image and edit strength.

ters. Therefore, we opt to render a synthetic dataset, giv-
ing us full control of material attributes. Using this data,
we propose a method to perform material attribute control
given a context image, instruction, and a scalar value de n-
ing the desired relative attribute change. The method is
based on latent diffusion model for text-to-image generation
with modi cation that allows us to condition the network on
the relative attribute strength.

3.1. Datasets

We render our dataset with the Cycles renderer from
Blender [9], using publicly available 3D assets, physically-
based materials, and environment maps. Each scene begins
with one of 100 unique object meshes from polyhaven.com.
Each of these is paired with ve randomly chosen mate-
Figure 3.Synthetic dataset. Samples from our synthetic dataset rials of the 1200 available from ambientcg.com, and illu-
illustrating appearance change for a linear attribute change. minated with one of 400 environment maps. The mate-
rial is a Principled BRDF shader node, the base shader in
) o ) o ) Blender. The base con guration of the material is kept as
ment of material and lighting with a statistical prior [45], 5 control de ned as 0 strength change for each of the at-
editing gloss appearance [2, 48], intrisic image decompo-yihtes. This control serves as the context input image to
sition [41], and 2D editing of material exemplars [96]. {he method against which relative changes in roughness,
We forego these “decomposmonal” approaches and '”Ste_aqnetallic, albedo, and transparency are applied, sampling
leverage the largely self-supervised prior of DDPMs for di- 10 random relative values for each attribute, the details of
rect editing in pixel-space. _ ~which are described below. Finally, we render 15 images of
Generative models, particularly Generative Adversarial g4ch setup using different camera viewpoints and intrinsics.
Networks (GANs) [21], have been investigated for their This creates a wide combination of scenes with diversity
ability to alter material perception, focusing on gloss and i material, lighting, and background conditions. Samples
metallic properties [13, 79]. The application of semantic m, the rendered dataset are presented in Figure 3.

and material editing in NeRFs has also been explored usingR .

text-prompts and semantic masks [23, 941. _ oughnes; and Metallic. F_or both rpgghness and metal-
promp [ ] lic properties, we operate in an additive framework. In the

3. Method case when the material has the associated map for rough-

ness or metallic, we use an additive node yielding a para-

There is no existing object-centric dataset that precisely metric control between [-1, 1]. For materials where either
varies only single material attributes. Curating such a real of these spatial maps are missing, we control the attribute
world dataset would be infeasible due to the dif culty of control directly as a constant map, assuming the base 0.5 as
creating physical objects in this way with known parame- the control state of the attribute. Note that these values are



clamped between [0, 1] so in some cases, further increasindatent being denoiserl. Text conditioning is provided via
or decreasing the roughness does not result in any change ioross-attention layers using a generic prompt, “ Change
the rendered image. We account for this by under-samplingthe <attribute _name> of the <object _class> "
such images where the gradient of change is constant. Since textual CLIP embeddings [62] do not encode ne-
Reducing the roughness value results in a surface that regrained information well [59], prompt-only conditioning of
ects light more uniformly and sharply, giving ita glossy or s expressed textually (i.e. Change the roughness of the
shiny appearance. On the other hand, increasing the roughapple by 0.57) yields inconsistent output. To facilitate
ness value leads to a more diffused light re ection, making relative attribute strength conditioning, we also concatenate
the surface appear matte or dull. Low metallic value results a constant scalar grid of edit strength
in appearance predominantly determined by the base color, We initialize the weights of our denoising network with
as in the case of plastic and wood. Increasing the metallicthe pre-trained checkpoint of InstructPix2Pix [3], provid-
leads to the surface absorbing more of the incoming light, ing an image editing prior and understanding of instructive

resulting in a darker appearance of the object. prompts. During training (Fig. 2), we minimizes the loss:
Albedo. We implement a color mixing between the original | = g_ - o 2t E(1.): s D)ii 2
albedo map of the object and a spatially constant gray (RGB EMECse N Dt (2 (Ie) p)Jéi)

= 0.5) albedo map. The parametric controller operates be- We always provide the = 0 image as context , and

tween 0 and 1, where 0 corresponds to the original aIbedo,draW an edited imagk, at random for noising. Since we
and 1 corresponds to c_ompletely gray albedo. This can pealways render aa = 0 sample, and otherare chosen with

considered as detexturlng the albedo and can be INterestingy -+ ed sampling, our distribution has a slight bias towards
whgn combmed W'th roughne;s and mgtalhc parameters tozero. Since many edit strengths may have little effect (i.e.
achieve a mlrror—llk(? ora shadlng-on.I}I Image. we cannot lower the roughness of an object with O rough-
Transparency. We introduce the ability to control trans- ness), we nd that providing too many of these examples

parency by controlling the transmission value in the BSDF piases the network towards inaction. We therefore down-
shader node. The attribute value is chosen to be in ranggyeight such null examples, de ned @$. 14jj2 < , by

[0, 1]. For a chosen transmission value t, we choose to re-y, , via rejection sampling. In practice we sty =

duce the roughness and metallic component in an additivep:g0, = 0:05. We train withfp16 precision for 10k steps
manner by t, and also add a white overlay to the albedo toysing Adam [37] and learning rate 56-5 . We use the text
increase the intenSiw of the appeared color. For the value Ofencoders and noise schedule from Stable Diffusion.

0, we expect the same opaque object and at 1, we would get At test time we provide a held out image as contiext
a transparent version of the object, making it appear as if it edit strengtts, and prompp for the object class of the input

was made of glass. Note that we made the choice to retaifmage. We denoise f&0 steps using the DPM-solver
the effect of the albedo resulting in a ne tint on the object. pased noise scheduler [46].

3.2. Parametric Control in Diffusion Models Multi-attribute editing. We edit multiple attributes in a
) ) ) single diffusion pass by concatenating more than one edit
The rendered synthetic data is used to netune an image-grength, drawn fromis,: s, Smg giving us([zjE(I 0)js] as
to-image diffusion model conditioned on relative attribute e a1 UNet input, wherg is concatenation.

strength and a generic text instruction providing parametric

control over material properties. We operate in latent spacegleaess'lﬁ;;;iz%g'g?:r;(;g'ino fc:\z'\EisJaFI)roSz;)lieda(r::g?;iltﬁftlI-
using Stable Diffusion 1.5, a widely adopted text-to-image 9 P q y

latent diffusion model. tnhess of mgggs gttenerateld ltay dtllif_uszllc;_n rfnocé)el:[sr.] _We retaug
Diffusion models perform sequential denoising on noisy € same SElUp as InstructFixsix for both Image an

input samples, directing them towards the dataset distribu—fer:n;pcttctzng:goggi;/\évzsﬁbﬁ; hsot\rl\(;iveénlsmvsgsv?/a?t:?h\éwth
tion by maximizing a score function [75]. A noising pro- P 9

cess is de ned over timesteps2 T, resulting in a normal network to be faithful to edit strength and forced to reason

distribution atT. We operate in latent space by using a pre- a_lboutflnr(]:omlnglmat_erlallfattrlzu(tjes. A$§1nhbed0 bydde m-'b q
trained variational encodé& and ddecodeD [38], a potent tion of the problem ltself, and downweighted as describe
aid to conditional image generation [66]. Training draws above, we did not nd CFG os necessary. - .
an image sample from the dataset, encodes it into a latent we .W'” re!ease the dataset gener.atllon pipeline, image
z = E(1), then noises it at asz. A denoising network renderings with metadata, and the training code.
predicts the added noise given the latentdiffusion time 4. Results
t, and conditioning variables.

Our image-to-image model is conditioned on an input  We present qualitative analysis demonstrating the gen-
image to be edited, provided &%l.) concatenated to the eralization capability of our model to real images despite



Figure 4.Single-attribute editing results. Outputs from our model trained on individual attributes. Left of columns are held-out input and
right are model outputopject classs). Increased “Roughness” replaces specular highlights on the bag with base albedo. “Metallic” varies
contributions from albedo and shine in regions of the pumpkins and cat. Surfaces are changed to a at grey “Albedo” revealing object
illumination. “Transparency” preserves object tint while inpainting background and hallucinating plausible hidden structures and caustics.

being trained on synthetic data. Comparisons to baselinesTransparency. The transparent renditions of the binocu-
show the effectiveness of our model for ne-grained mate- lar and the chair demonstrate the prior over 3D geometry
rial editing, further supported by a user study. We extend of the objects, using which it generates the appropriately
the use of our model to NeRF material editing on the DTU tinted glass-like appearance and in-paints background ob-
dataset [31,51]. jects. With the edit of the banana, we can see the caustics
4.1. Results on Real Images underneath and the preservation of the specular highlights.
We demonstrate the effectiveness of our technique4.2. Baseline Comparisons

through editing material attributes, one at a time, for real un- .

seen images, in Figure 4. For each of the material attributes W& compare our method, Alchemist, to the GAN-based
we use a separate model trained only on that attribute. WelnN-image material editing of Subias et al. [79], Prompt-to-

observe that the model outputs preserve geometry and tak&0mpt [26] with Null-text Inversion (NTI) [52], and In-
the global illumination into account. structPix2Pix [3] in Figure 5. Furthermore, we ne-tuned

the InstructPix2Pix prompt-based approach with our syn-
thetic dataset. Subias et al.'s method results in exagger-

mate of the base albedo. The highlights are ampli ed when ated material changes as their objective is perceptual, not

. . hysically-based material edits. Null-text inversion and In-
the roughness is reduced as shown in the case of the pume o . . o
kin and statue structPix2Pix change the global image information instead

of only the object of interest: lighting changes for rough-
Metallic. The increase in the metallic component of the car ness and albedo edits, or a geometry change for metallicity
and pumpkin results in dampening of the base albedo andggit. When InstructPix2Pix is trained on our dataset with a
increase in the shine on the surface. The effect is reverseyrompt-only approach, we observe the model exaggerating
for the cat statue when the metallic strength was reduced the intended effect, yielding artifacts on the panda for metal-
Our method shows similar behavior to the Principled BRDF |ic and the water for the transparency case. The model also
shaders, which present perceptually subtle effects when tunzhanges the albedo of the sand when only asked to make the
ing the metallic value. change to the crab. Our method faithfully edits only the ob-
Albedo. As the relative strength for the albedo is turned ject of interest, introducing the specular hightlights on the
to 1, we observe the albedo of the Buddha statue, sh, andleg of the cat statue, dampening the albedo for the metal-
toy go to gray. This is not a trivial in-image desaturation lic panda, changing the albedo of the crab to gray while
operation as the network maintains the highlights, shadows retaining the geometry and illumination effects, and turn-
and the light tint from the plausible environment map. ing the dolphin transparent with plausible refractive effects.

Roughness. As the roughness is increased, the output
shows removal of the specular highlights replaced by esti-



Figure 5.Qualitative comparison. Comparison of Alchemist with baseline methods. We increase each of the attributes shown on the left.

InstructPix2Pix w/ our data Our Method probabilistic generative models. Samples of the test data
PSNR _ SSIM" LPIPS: PSNR SSIM° LPIPS? and model outputs are presented in the supplement.
Roughness 309 089 013 315 090 0.9 .
Met;’mc 310 089 010 311 089 009 User study. To further the comparison between the basg-
Albedo 26.9 0.88 0.14 272 088 0.10 line and our method, we conducted a user study presenting

Transparency 269 085 013 271 08 013  N=14 users with pairs of edited images. For each image
Table 1.Quantitative analysis. Metrics for the prompt-only In- pair, the users were asked to choose between the two based
structPix2Pix trained on our data and our proposed method com-q . (1) Photorealismand (2)*Which edit do you prefer?”
puting the PSNR, SSIM [56], and LPIPS [95] on a held-outunseen o o questions, the users were presented with the in-
synthetic rendered dataset of 10 scenes with 15 cameras. . k . .
struction, i.e. for transparency, the instruction was stated
as "the method should be able to output the same object as
Speci ¢ con gurations for each baseline is presented in the transparent retaining the tint of the object”. Each user was
supplement. presented with a total of 12 image pairs (3 image results for
each of the 4 attributes).

Quantitative Comparisons. Due to the lack of an existing .
dataset for quantitative analysis, we rendered 10 held-out O_ur_ me'_[hod W?S choserl as the one with more photo-
scenes with unseen 3D objects, materials, and environmen[eaIIStIC edits§9.6%vs. 30.4%) _an_d was strongly preferred
maps. Each scene was rendered from 15 different view—Overall (70.2% vS. 29‘8%): This is likely QUe FO th(_a ap-
points with 10 random scalar values for each attribute. We parent exaggera'uon exhibited by InstructP|?<2P|x trained on
present the average PSNR, SSIM [26], and LPIPS [93] of OUr data with prompt-only approach, leading to saturated

edits against GT for prompt-only InstructPix2Pix and Al- effects making it less photo-realistic.

chemist in Table 1. While the PSNR and SSIM scores are Smoothness in Parametric Control.

quite close, our model does better in terms of the LPIPS We demonstrate that our model achieves ne grained
score. We also note that prompt-only InstructPix2Pix ne- control of material parameters by linearly varying the
tuned on our data does not yield smooth transitions as thestrength of a single attribute, as shown in Figure 6. Ob-
relative strength is linearly changed, visible in video results serve that the model generates plausible specular highlights
presented in the supplement. Note that the image recon-on the headphone instead of naively interpolating pixel val-
struction metrics are not commonly used for evaluation of ues to the extrema and introduces more dampening of the
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