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Fig. 1: Qualitative comparison of material transfer results. For each row, the
upper-left image is the source and the lower-left image is the material exemplar.

Abstract. Material transfer seeks to re-render an object’s surface using
a reference exemplar while preserving its original geometry and identity.
Current training-free methods often rely on attention-based injection,
which entangles attributes like color, texture, and structural patterns
into a single representation. This entanglement leads to structural in-
stability and imprecise results. Additionally, inversion-based editing in
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flow models is prone to reconstruction-induced trajectory drift, where
accumulated errors degrade object details. We propose MaterialFlow, a
training-free framework for precise material transfer using pre-trained
flow models. Our approach introduces a trajectory-aware velocity modu-
lation mechanism that rebalances the generative flow in an inversion-
free manner. This ensures stable and semantically consistent editing
dynamics without the need for explicit latent reconstruction. We fur-
ther introduce an attribute-aware disentanglement paradigm that sepa-
rates reference materials into color, texture, and meso-scale patterns for
fine-grained control. Evaluations on the Material Transfer Benchmark
(MTB) show that MaterialFlow surpasses state-of-the-art methods in
transfer quality, inference efficiency, and controllability. Project page:
https://github.com/Sung-Lin/MaterialFlow.

Keywords: Material Transfer - Image synthesis - Training-free Diffusion
models

1 Introduction

Material transfer is defined as the task of re-rendering an object’s surface appear-
ance using a reference exemplar while preserving the source object’s underlying
geometry and semantic identity. Conceptually, it functions as a form of “digital
alchemy,” allowing designers to decouple an object’s "what" (its structure and
meaning) from its "how" (its material properties such as reflectance, roughness,
and color). The ability to replace wood with marble, leather with fabric, or
matte paint with glossy metal benefits numerous domains, including digital con-
tent creation 45|, augmented reality previews [12]|, and 3D asset pipelines [26].

Despite the power of modern generative priors, high-quality material transfer
remains a daunting challenge. Material cues are inherently and tightly coupled
with local illumination and global geometry. Current 2D approaches can gener-
ally be grouped into two categories: (1) fine-tuning-based methods like Dream-
Booth [29] and U-VAP |35], which adapt models to material-specific data but
incur high per-task training costs, and (2) training-free feature-injection methods
like ZeST |7] and MaterialFusion [11]. While the latter are more efficient, they
often rely on complex auxiliary adapters (e.g., ControlNet [43]) or structural
cues like depth maps. Even with these additions, existing methods frequently
suffer from texture leakage, where material patterns ignore object boundaries,
or structural distortion, where the form of the object is warped to match the
material characteristics.

The search for more precise control has led to the emergence of flow-based
generative models [18]19]. For instance, unlike traditional diffusion models that
follow complex stochastic paths, Rectified Flow (RF) [19] reformulates genera-
tion as deterministic ordinary differential equations (ODE) transport. This shift
is technically significant for material transfer not merely for its sampling effi-
ciency, but for its trajectory properties. Because RF follows a straight-line latent
path, it offers a stable and predictable foundation to directly shape the gener-
ation process through velocity field modulation. This allows for the “surgical”
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injection of material attributes without the stochastic noise that often triggers
structural drift in diffusion-based editing.

However, simply adopting RF is not a “silver bullet.” Existing flow-editing
frameworks often rely on inversion, where small reconstruction errors accumu-
late along the deterministic path, leading to significant trajectory drift. In tasks
as sensitive as material transfer, these compounded errors frequently result in
the loss of original object details. Furthermore, most pipelines encode the ref-
erence material as a single entangled representation, causing heterogeneous at-
tributes like color and micro-texture to compete within the editing dynamics.
This competition often leads to an “all-or-nothing” transfer that either ignores
the reference or destroys the source object’s integrity as shown in Fig.

To bridge this gap, we propose MaterialFlow, an inversion-free material trans-
fer framework designed for pre-trained flow models. Our framework bypasses
explicit reconstruction by introducing a trajectory-aware normalization mech-
anism that rebalances velocity fields to maintain stable and semantically con-
sistent editing dynamics. Moreover, we develop an attribute-aware disentangle-
ment paradigm that explicitly separates the reference material into three factors:
color, texture, and structural patterns. By guiding the generative flow with these
decoupled representations, MaterialFlow enables precise, training-free material
transfer that consistently surpasses state-of-the-art methods in both efficiency
and controllability.

Our contributions can be summarized as follows:

o We propose MaterialFlow, a fully training-free framework that operates di-
rectly in the latent space of pre-trained flow models, avoiding the trajectory
drift common in inversion-based methods.

o We design a normalization mechanism that rebalances exemplar-conditioned
velocity fields, ensuring stable editing dynamics and preventing structural
distortion. Moreover, a principled paradigm is proposed to explicitly separate
reference materials into color, texture, and structural patterns, allowing for
fine-grained control over the transfer process.

o Experimental results on the MTB dataset demonstrate that MaterialFlow
achieves state-of-the-art overall performance while preserving object details
to the greatest extent.

2 Related Work

2.1 Exemplar-guided image editing

Exemplar-guided image editing (EIE) enables precise visual control by modify-
ing source images under the guidance of reference exemplars, allowing users to
specify complex appearance attributes that are difficult to describe in language
alone. A central challenge in this paradigm is effectively aligning source and ex-
emplar representations while preventing structural distortion. Early works like
Paint-by-Example [39] introduce information bottlenecks to integrate features,
while subsequent methods explore explicit modulation, such as TF-ICON’s |21]
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Fig. 2: Reconstruction error across Fig.3: Visualization of attribute-

timesteps. Comparison between object- aware disentanglement. Exemplar rep-
only inversion and joint object-material resentations separated into different ma-
inversion. terial attributes.

self-attention injection, Style Injection’s [8] and Z*’s [10] attention reweighting,
and AnyDoor’s detail extraction. Beyond attention-based designs, MAR-
BLE @ aligns representations in CLIP space, and MimicBrush employs
self-supervised correspondence, with recent efforts focusing on information ef-
ficiency and multimodal controllability . However, most existing ap-
proaches rely on complex attention modulation or additional trainable modules
that increase computational overhead. To enable a more efficient framework, we
instead adopt an inversion-free editing paradigm that operates in a fully training-
free manner, achieving strong editing performance with low computational cost.

2.2 Material acquisition and transfer

Material acquisition and transfer have evolved from classical studies of illumina-
tion and reflectance to recent generative models that support text-driven edit-
ing and 3D mesh texturing. While traditional 3D approaches like Text2Tex |3],
TEXTure , and TextureDreamer [41] rely on explicit geometry estimation, re-
cent works have shifted toward 2D-to-2D transfer to improve practicality. These
2D methods include (1) fine-tuning approaches (e.g., DreamBooth [29], Mate-
rial Palette , U-VAP , MARBLE @, MaTe ), which suffer from high
costs and overfitting; (2) token-modulation methods like Prospect , which
are limited by text-space controllability; and (3) feature-injection methods (e.g.,
MaterialFusion , ZeST )7 which often require auxiliary encoders and struc-
tural cues like depth maps. Critically, existing methods typically encode ref-
erence materials as homogeneous representations where diverse attributes are
entangled within a single latent space, limiting fine-grained control. In contrast,
our proposed framework explicitly disentangles complementary attributes, i.e.,
color, texture, and structural patterns, to guide editing dynamics in a training-
free manner, achieving semantically coherent transfer without extra learnable
modules or parameter overhead.
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3 MaterialFlow

Existing training-free material transfer approaches [7,{11},/45] built upon diffu-
sion and flow models typically depend on inversion-based editing frameworks,
where reference material features are extracted and injected via attention ma-
nipulation. Despite their effectiveness, existing frameworks are constrained by
inversion-induced information degradation, additional attention computations,
and entangled material representations. To overcome these limitations, we pro-
pose MaterialFlow, an inversion-free material transfer framework. We first treat
the reference material image as an exemplar and introduce an exemplar-guided
inversion-free editing paradigm in Sec. [3.2] Subsequently, in Sec. [3:3] we further
disentangle heterogeneous material attributes into attribute-specific exemplars
corresponding to color, texture, and structural patterns. These disentangled rep-
resentations are then integrated within Algorithm [I] to enable precise and con-
trollable material transfer.

3.1 Preliminaries

Rectified Flow models. Generative flow models [15]|18[19] learn a time-
dependent velocity field to construct a continuous transformation between two
probability distributions. Let Zy ~ pgata denote latent samples from the data
distribution and Z; ~ AN(0,I) denote samples from a standard Gaussian dis-
tribution. The transport between them is defined by the ordinary differential
equation

dZ; = V(Z, t)dt, te]0,1], (1)

where V(Z4,t) drives samples through continuous latent dynamics from noise
to data. Rectified Flow (RF) [19] further simplifies this process by adopting a
predefined linear interpolation,

Zi = (1—1)Zo + tZ1, 2)

which avoids complex trajectories and enables efficient latent transport.

Inversion-free Editing. Unlike diffusion models, inversion-based editing in
Rectified Flow (RF) models [9}28,33,36,37,{47] suffers from sensitivity to re-
construction errors as indicated by the green curve in Fig. 2] RF models follow
a deterministic continuous trajectory governed by an ODE-based velocity field,
so small reconstruction deviations introduced during inversion accumulate along
the flow path, which causes trajectory drift and reduces controllability during
image editing. Recent works [14}/16] propose editing strategies that avoid ex-
plicit inversion and better align with the training dynamics of RF models. One
representative example is FlowEdit [14], which is an inversion-free and model-
agnostic method for text based editing with flow models. Instead of first mapping
an image to its latent noise and then solving a separate reverse ODE, FlowEdit
directly constructs a transport between the source and target distributions by
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defining an ODE that evolves latent states from the source condition to the tar-
get condition with lower transport cost than inversion-based editing. To realize
this idea within RF, intermediate latents follow the same linear interpolation
scheme used in RF training. Specifically, given a source latent Zg', the latent
at time t is obtained by

Z° = (1 )Z5 + INy, (3)

where N; ~ N(0,I). A corresponding target latent Z{** is obtained with the
same construction at time ¢. The editing direction is defined by the difference
between the velocity fields of the target and source latents,

AV = V(Z™ 1) = V(Z<, 1), (4)

and this difference steers the source latent trajectory toward the target distri-
bution, as illustrated in Fig. 4| (a).

During sampling at timestep ¢;, the velocity difference is applied to update
the source latent using a first-order integration step. Specifically, the source
latent is updated as

Zifil — erc —+ (ti—l — ti) AVt, (5)

Inversion-free manipulation thus operates directly on the source latent without
explicit inversion, which reduces the computational cost from two times numeri-
cal function evaluations (NFEs) to one time, and avoids reconstruction-induced
drift, leading to more stable and accurate editing. Further analysis of the editing
efficiency is provided in the supplementary material.

Problem Formulation. Given a source object image Ip, we first encode it
into the latent space of the generative model using a VAE encoder, resulting
in the source latent representation Z%'¢ = £(Ip). The editing process is then
performed in the latent space through exemplar-guided inversion-free editing,
which will be detailed in Sec. In addition to the source object, our method
takes a reference material exemplar image I, as guidance. To enable fine-grained
material transfer, we further perform Attribute-aware Disentanglement on Iy,
decomposing it into three attribute-specific exemplars corresponding to color,
texture, and structural patterns, denoted as Io, I, and Ip, respectively. The
disentanglement process will be described in Sec.

Each attribute exemplar is then encoded into the latent space as 7€ =
E(Ie), ZT = E(Ir), and ZF = &(Ip), which are subsequently used to com-
pute attribute-specific velocity differences that guide the editing dynamics. The
complete editing framework will be presented in Algorithm [T}

3.2 Exemplar-guided Inversion-Free Editing

In inversion-based editing frameworks, the inversion procedure inevitably in-
troduces reconstruction errors that affect the entire editing trajectory. Since the
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Fig. 4: Comparison between inversion-free editing paradigms. (a) Inversion-
free Editing (IF). The latent Z'¥ is updated by computing the velocity difference
AV across timesteps and applying it to the current latent state. (b) Exemplar-
guided Inversion-free Editing (EIF). In addition to AV,"*") an exemplar-conditioned
velocity difference AV is computed from the reference exemplar. A trajectory-aware
normalization mechanism aligns the two velocity fields before aggregation, and the
combined velocity is used to update the latent ZEF.

editing process conditions on the inverted latent representation, any discrepancy
between the reconstructed latent and its original counterpart propagates along
the generation path and can be amplified through iterative transformations.

This limitation becomes more severe in editing tasks that involve exemplar
images, such as material transfer. In addition to inverting the source image, the
exemplar image also requires a separate inversion step to obtain its latent repre-
sentation. When only the object image (the human head sculpture) is inverted,
the resulting reconstruction error is illustrated by the green curve in Fig. 2] How-
ever, when both the object image and the reference material image (the ceramic
exemplar) are simultaneously inverted, the reconstruction errors from the two
sources accumulate, as reflected by the blue curve. As a result, an additional
reconstruction error is introduced from the exemplar side. These errors jointly
influence the velocity field guidance and accumulate throughout the transport
process, leading to larger deviations in the editing dynamics. This limitation
motivates us to adopt an inversion-free editing framework, which avoids explicit
latent reconstruction and provides a more stable and reliable foundation for
exemplar-guided material transfer.

However, combining additional exemplar-guidance introduces a fundamen-
tally different requirement from a text-guided setting. Unlike text-guided editing,
where the target condition typically induces localized and semantically consistent
modifications, exemplar-guided editing aims to inject only attribute-level infor-
mation from a reference image while preserving the primary semantic content
and structural integrity of the source image. In this setting, directly applying
the velocity difference derived from the exemplar-conditioned trajectory may
lead to an imbalance in flow guidance. Specifically, the exemplar trajectory may
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exhibit displacement magnitudes or directional tendencies that dominate the
source trajectory, causing the editing process to either (i) insufficiently affect
the source image due to a negligible velocity norm, or (ii) overly conform to
the exemplar appearance at the expense of structural fidelity. This imbalance is
further discussed in Sec. [4.4l

Therefore, rather than assuming implicit trajectory compatibility, it becomes
necessary to explicitly align the exemplar-conditioned velocity field with that of
the source trajectory. This alignment ensures that exemplar-driven modifica-
tions are introduced in a controlled manner, preserving the semantic backbone
of the source while enabling effective attribute transfer. To address this issue, we
introduce Fxemplar-guided Inversion-Free Editing, a principled extension that
rebalances the exemplar-conditioned velocity field to maintain stable and se-
mantically consistent editing dynamics, as illustrated in Fig. {4 (b). The key
idea is to align the displacement magnitudes of the two interpolated trajecto-
ries. Specifically, we introduce a trajectory-aware normalization mechanism that
dynamically calibrates the exemplar-conditioned velocity field according to the
relative trajectory displacement between the source and exemplar conditions.
The rebalanced velocity difference is then computed as follows:

1z — 7|

t = ~ -
ref ref
|z - 7

A‘/tref — )\tvref (Zief’ t) _ ‘/src(zfc7 t) , A (6)

+6’

where def denotes the interpolated latent trajectory under reference exemplar
conditioning, and e is a small positive constant introduced for numerical stability.
The rebalanced velocity difference is used to guide the source latent along the
forward generative trajectory. When both textual and exemplar conditions are
present, the complete velocity applied to the source latent is formulated as:

A‘/t _ A‘/ttar +A‘/trcf. (7)

Based on this formulation, we derive the MaterialFlow algorithm, which general-
izes text-guided inversion-free editing to include additional exemplar-guidance.

Although Ezxemplar-guided Inversion-free Editing introduces richer visual
guidance beyond textual descriptions, directly conditioning on a holistic material
exemplar remains insufficient for fine-grained material transfer. A material im-
age simultaneously encodes multiple visual factors, including color composition,
micro-texture statistics, and structural patterns, which contribute differently to
the perceived appearance. When treated as a single entangled latent condition,
these heterogeneous factors compete within the editing dynamics and often lead
to unintended structural changes or over transfer of irrelevant attributes. As il-
lustrated in Fig.[5] such entanglement frequently produces distorted structures or
exaggerated patterns. To address this issue, we explicitly disentangle the internal
attribute structure of the exemplar representation to enable more controllable
and semantically aligned material transfer.
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Algorithm 1 MaterialFlow algorithm

1: Input: source object latent Z°°; material exemplar Ips; {ti}iTZO; Tmax, Mmin

2: Output: Z)F

3: Init: Z)F = Z5©

4: 7,27 72 « E(D(Im)) > Attribute-aware Disentanglement
5: for ¢ = Nmax, Mmax — 1, ..., Nmin dO

6: N, Niy ~N(0,1)

7: erc, “— (1 — ti)Z(s)rC + tLNt1

8 ZP o« ZMF 77 — Z5©

9 AV o V(ZE ) — V(Z€ 1)
10: AV 0
11: for alla € {C,T, P} do > Exemplar-guided Inversion-Free Editing
12: Z¢ (1= t;) 28 + t: Ny,
13: a H??:C—AZS“H

i+ 125 25 e

14: AV = NV (ZE ) — VI(Z5, 1)
15: AV — AVET 4+ AV
16: end for

170 AV, + AV 4 AV

180 ZMF « ZMF 4 (ticn — t) AV,
19: end for

20: Return: Z)'F

3.3 Attribute-aware Disentanglement

Attribute disentanglement is widely used in image synthesis and editing to en-
able controllable manipulation of visual factors. Prior works [2}/24] show that
separating visual attributes in the embedding space leads to more structured
and controllable generation. However, existing training-free material transfer
methods [7)/111/45] typically encode the reference material as a unified latent rep-
resentation. As a result, heterogeneous attributes are entangled within a single
feature space, limiting the ability to selectively manipulate individual material
characteristics. Instead of attribute-level transfer, the model often superimposes
the overall appearance of the reference material on the source object, which
may cause structural distortion and detail degradation. To address this issue,
we propose an attribute-aware disentanglement paradigm for material trans-
fer. Specifically, we decompose the reference material into three complemen-
tary components, (1) color (I¢), (2) texture (Ir), and (3) structural patterns
(Ip), and design dedicated decoupling mechanisms for each attribute. For clar-
ity, Fig. [3] provides visual examples of the corresponding attribute exemplars. By
explicitly modeling their distinct roles, our framework enables more precise and
controllable material transfer through selective guidance of the editing dynamics.

Color. To achieve effective color disentanglement, we first extract the semantic
low-frequency component of the material exemplar Iy, via 2D Fourier low-pass
filtering:

I}\?IW :‘F_l(HIOWQ‘F(I]VI))a (8)
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where How denotes a radial low-pass mask in the frequency domain. Following
prior studies on color representation in generative models [12}/30], we summarize
the material’s semantic color by extracting a representative chromatic vector
Crep in the CIELab space from I}\‘/}W. Finally, to construct the color exemplar
Ic we align this representative color with the object’s low-frequency luminance
distribution:

Io(2) = Crop - LYY () (9)
where Y;lg‘J” denotes the object’s low-frequency luminance and #(-) represents
histogram alignment. This preserves the shading structure while transferring the
semantic color of the material.

Texture. In image synthesis, texture attributes characterize surface material
properties such as metallicity, roughness, glossiness, and granularity [32]. Unlike
color, which primarily conveys chromatic information, texture is predominantly
encoded in the high-frequency components of an image, reflecting local spatial
variations and fine-scale structural details [46]. To isolate the texture-specific
signal from the material exemplar I5;, we apply a 2D Fourier high-pass filter:

I}\l}gh = F ' (Hnigh © F(Inr)) (10)

where Hyjen denotes a radial high-pass mask in the frequency domain, satisfy-
ing Hunigh = 1 — Hiow. The resulting high-frequency component I]};}gh captures
local contrast patterns and micro-structural variations while suppressing global
chromatic information. We therefore designate

Ip = I,iE" (11)

as the texture exemplar, which serves to guide the transfer of surface-level ma-
terial characteristics independently of semantic color.

Structural Patterns. Beyond color and texture, an often-overlooked yet cru-
cial attribute in material transfer is the presence of structural patterns. While tex-
ture primarily captures high-frequency micro-variations, structural patterns de-
scribe meso-scale spatial organizations such as spots, streaks, stripes, or repeated
motifs distributed across a surface. This attribute is particularly prominent in
materials exhibiting characteristic spatial arrangements, including wood grain,
apple skin speckles, animal fur markings, or other abstract, non-object-centric
references. Unlike stochastic texture variations, structural patterns encode struc-
tured and spatially correlated configurations that are perceptually salient and
semantically meaningful. To disentangle this property from purely chromatic
and high-frequency signals, we extract representative material patches from the
surface region of the exemplar image I;. These patches preserve the spatial
arrangement and repetitive structural characteristics inherent to the material
while minimizing global color bias. Formally, we define the structural pattern
exemplar as

Ip = P(Iy), (12)
where P(-) denotes a patch extraction operator that selects spatially coherent
material regions from the exemplar image.
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Overall Pipeline. Algorithm [I] summarizes the procedure of MaterialFlow.
Starting from the source latent Z§™, we iteratively update the latent state along
a reverse-time schedule from ny.x to nmi, using a trajectory-aware velocity
modulation scheme. Here, {Zg}ae A denotes the set of disentangled attribute
exemplars in latent space, where A = {C,T, P} corresponds to color, texture,
and structural pattern, respectively. Each Zg represents the initial latent con-
structed from the attribute-specific exemplar. At each timestep ¢;, we first com-
pute the exemplar-guided velocity difference based on the source trajectory. We
then aggregate attribute-wise velocity modulations across all a € A, followed by
a first-order integration step to update the MaterialFlow latent ZtMF The final
edited latent Z)'F is obtained after completing the reverse-time iteration.

4 Experiments

To systematically evaluate the proposed MaterialFlow, we conduct experiments
on the Material Transfer Benchmark (MTB) 13| under a unified training-
free evaluation protocol. Specifically, all compared methods operate without any
additional fine-tuning. Pretrained weights of the backbone generative model |15]
23.127] and optional auxiliary modules (e.g., IP-Adapter [40]) are allowed to
be loaded, but no parameter updates are performed during evaluation. This
protocol ensures a fair comparison with our approach, which directly operates
on the native generative model without introducing any additional modules.

To further enable objective and scalable evaluation, we introduce a VQA-
based evaluation metric that assesses whether the generated images correctly
reflect the target material attributes while preserving the original object se-
mantics. Together with a complementary user study, these metrics provide both
automatic and human-centered perspectives for quantitative comparison across
different methods.

4.1 Experimental Setup

Dataset. The MTB dataset is a real-world benchmark constructed from im-
ages collected from Unsplash [31]. It contains 30 object images and 30 reference
material images, forming diverse object—material pairs for evaluating material
transfer in realistic scenarios.

Implementation Details. We implement MaterialFlow based on the FLUX.1-
dev model [15]. During inference, the number of diffusion timesteps is set to
28, while editing is performed within a predefined interval corresponding to 10
effective steps (Pmax — Mmin)-

For training-free baselines (IP-Adapter+SDXL [23,40], ZeST |7], and Mate-
rialFusion |11]), we follow the official implementations, adopting recommended
settings and loading pretrained auxiliary modules when required. For methods
that originally require additional training data for fine-tuning (ProSpect [45] and
MaTe |13]), we follow their inference pipelines but disable additional fine-tuning,
ensuring that all methods are evaluated under a unified training-free setting.
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IP-Adapter
+ SDXL

Object Material Ours MaterialFusion ZeST

Fig. 5: Qualitative comparisons. The first column shows the source object image,
and the second column shows the reference material exemplar.

4.2 Qualitative Results

Figure 5] presents qualitative comparisons between MaterialFlow and several
baseline methods, including MaterialFusion , ZeST , IP-Adapter+SDXL
, MaTe , and ProSpect . As shown in the figure, our approach achieves
effective material transfer while preserving fine-grained object details.

Methods that rely on auxiliary conditioning modules, such as MaterialFusion,
ZeST, and IP-Adapter, can strongly capture appearance cues from the reference
material. However, this often comes at the cost of degrading the structural details
of the original object. For instance, the facial features of the human sculpture and
the clothing details of the rabbit toy are noticeably distorted. In contrast, meth-
ods such as MaTe and ProSpect normally require data-driven optimization (e.g.,
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Table 1: Quantitative comparisons. The table reports two types of evaluation met-
rics: (1) VQA-based transfer quality, including Color, Texture, and Pattern alignment,
where Avg. denotes their average; (2) user study results, where Object indicates object
alignment, Material indicates material alignment, and Overall indicates overall perfor-
mance. Aux. denotes whether additional auxiliary modules are used.

Transfer Quality User Study Aux.
Colort Texturet Patternt Avg.t |Objectt Material? Overallt

IP-Adapter + SDXL [40] 41.11% 39.00% 32.22% 37.44% | 9.52% 6.90% 6.19% | v
ProSpect [|45] 21.44% 12.33% 5.78% 13.18%|22.38% 0.71%  1.67% | —
ZeST |7] 58.11% 57.00% 49.56% 54.89% | 54.76% 22.62% 48.57% | v
MaterialFusion |11] 41.33% 38.00% 31.78% 37.04% | 33.33% 13.10% 28.81% | v
MaTe [13] 67.00% 40.00% 20.44% 42.48% |68.81% 2.14% 10.00% | —

MaterialFlow (Ours) — 79.89% 42.67% 34.78% 52.45%|83.81% 20.48% 59.29%| —

fine-tuning or embedding refinement). Under our unified training-free evaluation
setting, their performance becomes unstable, indicating strong dependence on
training resources.

MaterialFlow does not rely on attention-based cross-image correspondence
to associate object and material images. Instead, our method guides the editing
dynamics through velocity-field manipulation in latent space, preventing ma-
terial patterns from being attached to semantically inconsistent regions. This
behavior is evident in the first row of Fig. [f] where other methods impose the
pattern onto the bear model, while our approach preserves the object structure
and produces more coherent material adaptation.

4.3 Quantitative Comparisons

Transfer Quality. Previous works on material transfer often evaluate using
generation quality metrics such as PSNR, SSIM [34], LPIPS [44], and CLIP
similarity |25], where the edited image is compared with the source object via
reconstruction metrics and with the reference material using CLIP similarity.
However, these metrics do not fully reflect the objective of material transfer,
which emphasizes fine-grained attribute alignment rather than low-level similar-
ity. Additional analysis and representative cases are provided in the supplemen-
tary material.

To address this limitation, inspired by prior visual question answering (VQA)
based evaluation paradigms [17], we introduce a VQA-based protocol for mea-
suring transfer quality. Specifically, we employ Qwen3-VL-30B-A3B [1] as the
evaluation model. Given the source object image, reference material exemplar,
and edited result, the model evaluates alignment across three attributes: color,
texture, and structural patterns, while verifying that the object structure is
preserved. We report the proportion of samples achieving high alignment for
each attribute and compute their average as the overall Transfer Quality score.
Prompt details and additional evaluation results using the proprietary GPT-5.5
model 22| are provided in the supplementary material.
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Fig. 6: Ablation study. Visualization of the effects of attribute-aware disentangle-
ment, trajectory-aware normalization, and attribute-specific guidance.

As shown in Tab. [T} our method achieves the best average alignment score
across the three attributes, demonstrating its effectiveness in producing faith-
ful material transfer while preserving object details. Conventional generation
metrics are also reported in the supplementary material for reference.

User Study. To further evaluate material transfer from a perceptual perspec-
tive, we conduct a user study. Participants are shown pairs of object images and
reference material images, together with edited results from different methods.
They evaluate the results from three aspects: (1) Object alignment, measuring
how well object details are preserved relative to the source object image; (2)
Material alignment, assessing how well the material appearance matches the ref-
erence material image; and (3) Overall performance, reflecting the overall quality
considering both aspects. More details of the user study protocol are provided in
the supplementary material. As shown in Tab. [I} our method achieves the best
overall score of 59.29% among all compared methods, while preserving object
details more faithfully than competing approaches.

4.4 Ablation Study

We visualize the effects of different components in MaterialFlow in Fig. [6] As
shown in Fig. @(a), without Attribute-aware Disentanglement, the exemplar ma-
terial is treated as a homogeneous representation, making it difficult for the
model to align with the desired attributes and leading to less controllable gen-
eration results. Fig. @b) shows that removing Trajectory-aware Normalization
causes the editing dynamics to become biased toward either the object or the
material, resulting in structural artifacts such as the curved and dragon-like
distortions on the sculpture. A detailed quantitative ablation of these two com-
ponents is provided in the supplementary material.

Fig. @(c)fFig. @(e) illustrate the effect of increasing the guidance scales for the
velocity-field differences of color, texture, and structural patterns, respectively.
Strengthening each attribute-specific guidance enhances the corresponding ma-
terial characteristics in the edited results. A more detailed quantitative analysis
of attribute-level Transfer Quality is provided in the supplementary material.
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5 Conclusion

We propose MaterialFlow, a training-free framework for exemplar-guided mate-
rial transfer in flow models. Our approach adopts an Exemplar-guided Inversion-
free Editing paradigm that stabilizes editing dynamics through trajectory-aware
normalization, avoiding reconstruction errors inherent in inversion-based meth-
ods. Moreover, Attribute-aware Disentanglement separates reference materials
into color, texture, and structural patterns, enabling controllable and fine-grained
transfer. Experiments on the MTB dataset show that MaterialFlow achieves
strong overall performance while preserving object details.
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