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Abstract

Establishing accurate correspondence between sparse
line representations and rich textured imagery remains a
formidable challenge. While diffusion features excel in se-
mantic correspondence, they struggle to bridge the fun-
damental gap between abstract sketches and texture-rich
photographs. We identify two critical disparities: spa-
tial domain misalignment from structural abstraction dif-
ferences, and frequency domain inconsistencies from tex-
ture density variations. Based on this analysis, we propose
SFA-DIFT, a novel approach that learns spatial-frequency
aligned diffusion features for robust cross-modal corre-
spondence. Unlike previous methods focusing solely on spa-
tial alignment, our key innovation performs dual-domain
alignment by learning unified clean diffusion features while
strategically aggregating low-frequency components in the
frequency domain. This comprehensive spatial-frequency
alignment enables equitable understanding between sparse
abstractions and rich textures. To validate our approach,
we extend the existing sketch-photo correspondence dataset
(PSC6K) by generating multi-style textured imagery, cre-
ating MS-PSC6K, a comprehensive correspondence bench-
mark. Extensive experiments demonstrate that SFA-DIFT
achieves state-of-the-art performance, delivering substan-
tial improvements with an average of 0.87% on PCK@1,
2.20% on PCK@5, and 0.95% on PCK@10 over previous
best methods, validating the effectiveness and robustness of
our dual-domain alignment approach. Codes are available
on https://github.com/Mofr77/SFA-DIFT.

1. Introduction
Establishing semantic correspondence between simple line
drawings and complex textured images (as shown in
Fig. 1(a)) presents a fundamental challenge. While humans
effortlessly establish correspondences between sparse lines
and rich photographs through shared semantic understand-
ing, computer vision algorithms [15, 19] struggle to navi-
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Figure 1. Cross-sparsity correspondence examples and feature
visualization. (a) Representative cross-sparsity correspondence
examples from extended MS-PSC6K. (b) t-SNE [20] visualization
comparing cross-modal features from Stable Diffusion (SD) and
our SFA-DIFT method. Best viewed when zoomed in.

gate this visual sparsity gap. The challenge lies in recon-
ciling different visual representations between sparse line
drawings that capture essential geometric structures and
dense textured imagery rich in photometric details. This
correspondence challenge across visual sparsity is critical
for sketch-based image retrieval [26], content-aware edit-
ing [13], and creative design tools [32], while serving as an
ideal testbed for cross-modal understanding capabilities.
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Existing methods exhibit notable limitations in cross-
modal correspondence between sparse sketches and texture-
rich images: dedicated encoders [17, 19] suffer from poor
generalization due to the scarcity of sketch data, while
text-prompt-based learning [3, 14, 26] fails to address the
underlying feature distribution discrepancies required for
dense correspondence estimation. Although Stable Diffu-
sion (SD) models [24] show promise [31, 36], its features
remain heavily biased toward texture and appearance, lead-
ing to pronounced distribution shift on pure line drawings.
Systematic analyses [11, 15] of these fundamental cross-
modal disparities remain limited. Therefore, bridging this
representational gap and aligning cross-modal semantics
constitute the core challenge of this work.

Our analysis reveals two key challenges that limit dif-
fusion features for accurate correspondence between sparse
line drawings and texture-rich images. First, the standard
forward noising process introduces noise, degrading feature
purity, which is particularly detrimental to clean line repre-
sentations. CleanDIFT [30] addresses this issue by align-
ing features across timesteps, allowing for direct feature
extraction from clean images. Nevertheless, its effective-
ness on sketches remains limited. Second, diffusion mod-
els struggle to capture low-frequency semantic information
from sketches. While prior work [15] utilized CLIP [23]
to modulate low-frequency semantic signals, the method is
insufficient to fully bridge the modality gap for establishing
dense correspondences.

Motivated by these observations, we propose SFA-
DIFT, a novel approach that learns spatial-frequency
aligned diffusion features for correspondence between
sparse line representations and rich textured imagery. Un-
like previous methods that exclusively focus on spatial do-
main feature alignment, our method addresses the funda-
mental disparities between sparse line and rich textured im-
agery across both spatial and frequency domains through
a dual-domain alignment strategy. To address the spa-
tial misalignment of lines, our approach builds upon a
pre-trained CleanDIFT backbone and employs parameter-
efficient Low-Rank Adaptation (LoRA) [8] to enhance
sketch comprehension through unsupervised fine-tuning on
sketch data. This process learns unified clean diffusion
features (Unified CleanDIFT) that map both modalities
into a shared semantic space while suppressing modality-
specific noise. This guides the model to focus on the core
geometric structure, making the representation robust to the
visual differences between sparse lines and dense textures.

To achieve comprehensive spatial-frequency alignment,
we further introduce a low-frequency feature aggregation
(LoFFA) module that strategically processes low-frequency
components. Specifically, the module decomposes multi-
scale features via Discrete Wavelet Transform (DWT) and
selectively applies convolution and aggregation to the low-

frequency components (LL sub-band), directing the model
to focus on shared structural patterns that are crucial for
cross-modal correspondence. This dual-domain alignment
approach enables our method to bridge both the spatial do-
main gaps caused by visual appearance differences and fre-
quency domain disparities arising from sketch sparsity. As
visualized in Fig. 1(b), the t-SNE [20] visualization reveals
that our method achieves superior cross-modal clustering
by semantic classes rather than modality types, effectively
mapping sparse line drawings and texture-rich images into a
unified semantic space, while SD shows high modality dis-
crimination with distinct modality-specific clustering. Main
contributions are as follows:
• We conduct a systematic analysis revealing funda-

mental discrepancies between sparse line drawings and
texture-rich images across both spatial and frequency
domains, and demonstrate that existing diffusion features
fail to bridge these multi-domain gaps, resulting in inac-
curate correspondence estimation.

• We propose SFA-DIFT, which integrates unified clean
diffusion features via parameter-efficient LoRA fine-
tuning and low-frequency feature aggregation, achiev-
ing spatial–frequency alignment for robust correspon-
dence estimation between sparse lines and rich textures.

• We introduce MS-PSC6K, an extended multi-style ver-
sion of PSC6K, providing a comprehensive evaluation
protocol for cross-modal correspondence. Extensive ex-
periments on both PSC6K and MS-PSC6K demonstrate
that our approach achieves state-of-the-art performance,
with substantial improvements over previous methods
in sparse line–rich texture correspondence.

2. Understanding Line-Texture Disparities
We decompose the fundamental correspondence challenge
between sparse line drawings and texture-rich images into
two critical perspectives: spatial disparities arising from
line drawing abstraction, and frequency disparities stem-
ming from texture density variations. Through both con-
ceptual analysis and formal characterization, we show how
these domain-specific gaps manifest in cross-sparsity cor-
respondence tasks. We then critically examine the limita-
tions of existing diffusion-based methods in bridging these
multi-faceted disparities, establishing the foundation for our
dual-domain alignment approach.

2.1. Spatial Perspective
The first fundamental gap stems from line drawings be-
ing sparse spatial abstractions of object structure. Unlike
photographs that capture dense surface detail, sketches are
cognitively selective representations [1] that preserve only
principal contours while omitting textures and fine geomet-
ric features. This abstraction creates two primary chal-
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(a)               (b)               (c)              (d)                 (e)               (f)               (g)             (h)                 (i)                (j)               (k)              (l)

Figure 2. Cross-sparsity feature analysis in spatial and frequency domains on MS-PSC6K dataset. Rows 1-2: Image pairs and PCA-
visualized features. Rows 3-4: Frequency spectra of extracted features. Columns show different methods: (a, e, i) original images, (b, f, j)
SD, (c, g, k) SketchFusion, (d, h, l) CleanDIFT.

lenges: “sparsity”, where numerous textured regions lack
corresponding sketch elements [34], and “misalignment”,
where line positions may deviate from true object bound-
aries [29], introducing systematic spatial shifts. Effec-
tive correspondence thus requires higher-level understand-
ing [10] of shared structural topology.

2.2. Frequency Perspective
The second gap emerges from fundamental frequency-
domain disparities between texture-rich images and sparse
line drawings. We quantify this difference through log-
magnitude Fourier spectrum analysis (Fig. 2(a, e, i)). Tex-
tured images exhibit energy broadly distributed across fre-
quencies, with low frequencies capturing macro shape, mid
frequencies encoding surface patterns, and high frequen-
cies preserving fine details [25]. Conversely, sketches dis-
play distinctly different spectral characteristics: dominant
low-frequency plateaus from overall structure, broadband
high-frequency spikes from sharp edges, and notably sparse
mid-frequency content [7]. This spectral mismatch creates
three critical challenges: cross-modal feature alignment be-
comes problematic in frequency space, texture-dependent
representations fail on sketch inputs, and correspondence
ambiguity is amplified across domains.

2.3. Limitations of Prior Efforts
Early hand-crafted descriptors like SIFT [16] and HOG [18]
lack semantic robustness for extreme representation gaps.
Recent deep models [4, 12] and advanced correlation op-
erators [21] achieve better performance on appearance-
consistent pairs, but struggle when modalities exhibit fun-
damental differences. The core issue lies in training bias:
general models trained on texture-rich images develop in-
herent preferences for photometric features. Our PCA anal-

ysis of SD features [24] (Fig. 2(b, f, j)) confirms this limi-
tation: when processing sparse sketches, SD produces pro-
nounced “feature voids” and noise-like artifacts in feature
maps, disrupting semantic localization and creating dis-
persed, entangled representations. This occurs because the
model searches for textures in line-only inputs, causing
spatial correspondence collapse. The t-SNE visualization
(Fig. 1(b) left) further demonstrates this bias through dis-
tinct modality-specific clustering, indicating high modality
discrimination that hinders cross-modal understanding.

SketchFusion [15] attempts to bridge modality differ-
ences by modulating signals with CLIP [23]. While this
approach injects high-level semantics and reduces spatial
discrepancies by aligning sketch and photo features seman-
tically, it addresses symptoms rather than root causes. The
method functions as a high-level patch that cannot resolve
fundamental low-level frequency mismatches, leaving fea-
ture embeddings largely separated (Fig. 2(c, g, k)).

CleanDIFT [30] addresses SD’s limitations through de-
noising, achieving markedly improved feature smoothness
and noise suppression (Fig. 2(d, h, l)). For sketch con-
tours [2], CleanDIFT demonstrates “feature densification,”
effectively inferring missing spatial structures from sparse
line drawings, a clear improvement over SD’s feature dis-
continuity. This enhancement manifests as strengthened
low-frequency components in both image and sketch fea-
tures, visible as brighter, broader central regions in fre-
quency spectra, reflecting preference for global shape in-
formation while suppressing high-frequency noise. How-
ever, this denoising mechanism introduces a critical trade-
off: overly smoothed feature maps attenuate semantic ex-
pressiveness, particularly for sketches. The resulting in-
complete cross-modal activation fusion reveals that the do-
main gap persists despite CleanDIFT’s improvements.
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Figure 3. Our SFA-DIFT framework first creates a Unified CleanDIFT extractor via LoRA fine-tuning, and then uses its frozen features
to train a Low-Frequency Feature Aggregation (LoFFA) module that amplifies low-frequency components for robust correspondence.

3. Method

Based on the dual-domain gap analysis in Sec. 2, we
propose Spatial-Frequency Aligned Diffusion Features
(SFA-DIFT) to establish effective correspondence between
sparse lines and texture-rich imagery. Our approach ad-
dresses both gaps through two complementary stages: (1)
Unified Clean Diffusion Feature Learning bridges spa-
tial domain disparities via parameter-efficient fine-tuning,
and (2) Low-Frequency Feature Aggregation resolves
frequency domain mismatches through wavelet-based pro-
cessing. Fig. 3 illustrates the complete framework.

3.1. Unified Clean Diffusion Feature Learning

Our analysis demonstrates that existing diffusion features
exhibit significant cross-modal misalignment, with sparse
sketches and texture-rich images forming separate clusters
in the feature space. To address this fundamental limita-
tion, we introduce a unified clean diffusion feature (Unified
CleanDIFT) learning stage that maps both modalities into
a shared semantic subspace while preserving their essen-
tial structural information. We employ Low-Rank Adapta-
tion (LoRA) [8] to efficiently fine-tune the pre-trained Cle-
anDIFT model on sketch data in an unsupervised manner.
By integrating LoRA into all linear projection layers of the
U-Net backbone, this approach preserves the model’s rich
understanding of textured images while effectively adapt-
ing to sketch-specific characteristics. For each weight ma-

trix W ∈ Rd×d, the adaptation is formulated as:

W ′ = W +∆W , where ∆W = αBA, (1)

where A ∈ Rr×d and B ∈ Rd×r are trainable low-rank
matrices with rank r ≪ d, and α is a learnable scaling fac-
tor. Only A and B are updated during training. Our train-
ing process employs a teacher-student framework with two
parallel forward passes:

1. Teacher Path with Noisy Input: Given a clean
sketch x0, we first apply forward diffusion to obtain noisy
version xt at randomly sampled timestep t ∈ [1, T ], using
noise ϵ ∼ N (0, I). The original, frozen SD model then
processes xt to extract intermediate features from its U-Net
layers. We denote these as the target features, Ftarget =

{F (k)
target}Kk=1, where k indexes the selected layers.
2. Student Path with Clean Input: The clean sketch x0

is fed into our LoRA-enhanced model using fixed timestep
t′ = 261, following the optimal setting for clean image fea-
ture extraction in [30]. The predicted features are denoted
as Fpred = {F (k)

pred}Kk=1.
During training, to align with timestep-varying diffusion

features, we introduce pointwise projection heads explicitly
conditioned on the diffusion timestep. Given the predicted
features Fpred as input, these heads produce a set of pro-
jected features Fproj = {F (k)

proj}Kk=1.
Both pathways use the unified text prompt “a photo

of a [class]” to maintain consistency with the pre-trained
model’s conditioning space.
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Learning Objective. We seek to maximize the cosine sim-
ilarity between predicted and target features. The loss func-
tion is formulated as the negative cosine similarity, com-
puted as the expectation over the data distribution and sam-
pled timesteps:

Lada = Ex0,ϵ,t

[
−

K∑
k=1

F
(k)
proj (x0, t

′) · F (k)
target(xt, t)

∥F (k)
proj (x0, t′)∥∥F (k)

target(xt, t)∥

]
,

(2)
where K represents the number of aligned feature layers, as
established in [30]. Through sampling t over the complete
timestep range, the model learns to produce temporally-
invariant, unified clean diffusion features.

3.2. Low-Frequency Feature Aggregation
Despite addressing spatial misalignment, a frequency dis-
parity persists between low-frequency sketches and broad-
spectrum images [11, 37]. To address this, we introduce
the Low-Frequency Feature Aggregation (LoFFA) module
that enhances shared low-frequency information while sup-
pressing modality-specific high-frequency noise.

The LoFFA module processes a set of L multi-scale fea-
tures F S = {FS

l }Ll=1 and F T = {FT
l }Ll=1, extracted from

both modalities by Unified CleanDIFT and DINOv2 [22],
where each feature map Fl has a dimension of Cl×Hl×Wl.
For each layer l, the processing pipeline begins with channel
dimension reduction via convolution, followed by Adaptive
Instance Normalization (AdaIN) [9] to align the image fea-
ture’s distribution to the sketch’s distribution, leaving the
sketch feature’s distribution unchanged.

At its core is the Low-Frequency Enhancement (LoFE)
module, which selectively amplifies low-frequency compo-
nents to bridge the frequency domain gap between source
and target features. Taking the source feature FS,in

l as an
example, the LoFE process begins with a hierarchical two-
level Discrete Wavelet Transform (DWT).

First, the input feature FS,in
l undergoes an initial DWT,

yielding the first-level low-frequency component FS,(1)
LL,l and

high-frequency components F
S,(1)
H,l . This low-frequency

component is then passed through a Convolutional Block
with Batch Normalization and GELU (CBG) before a sec-
ond DWT decomposition, which results in the second-level
components FS,(2)

LL,l and F
S,(2)
H,l , as shown below:

F
S,(1)
LL, l , F

S,(1)
H, l = DWT

(
FS,in
l

)
, (3)

F
S,(2)
LL, l , F

S,(2)
H, l = DWT

(
CBG

(
F

S,(1)
LL, l

))
. (4)

The resulting lowest-frequency component F
S,(2)
LL,l , is

then enhanced via a sigmoid-gated modulation mechanism,
formulated as:

F̃
S,(2)
LL,l = F

S,(2)
LL,l ⊙

(
1+M

)
, (5)

where the learnable attention mask M is generated by a
lightweight, sigmoid-activated convolutional network ap-
plied to F

S,(2)
LL,l . The resulting term (1 + M), where 1

denotes a tensor of ones, forms an adaptive scaling fac-
tor. For reconstruction, a weighted sum combines the en-
hanced subband with its preceding low-frequency counter-
part, and the result is then passed through a series of In-
verse Discrete Wavelet Transforms (IDWTs) with the high-
frequency components (FS,(2)

H,l and F
S,(1)
H,l ), using learnable

weights to balance structural preservation and cross-modal
enhancement. The entire operation ultimately produces the
low-frequency enhanced features, denoted as H(FS,in

l ).
To ensure training stability, the LoFE process is embed-

ded within a scaled residual connection:

FS,out
l = FS,in

l + β
(
H(FS,in

l )− FS,in
l

)
, (6)

where β is a learnable scalar. The resulting enhanced source
feature FS,out

l then passes through a second AdaIN layer
and a final convolutional layer to produce the refined source
feature FS′

l . Similarly, the target feature FT,in
l follows the

same LoFE processing pipeline to produce the refined tar-
get feature FT ′

l , ensuring both modalities receive equivalent
low-frequency enhancement.

After processing all layers through LoFFA, we obtain
refined features {FS′

l }Ll=1 and {FT ′

l }Ll=1. The final com-
prehensive representation for each modality is computed
through adaptive weighted summation:

F̂ S =
L∑

l=1

ωlF
S′

l , F̂ T =
L∑

l=1

ωlF
T ′

l , (7)

where ωl is a learnable scalar weight that adaptively bal-
ances the contribution of each refined feature layer.
Training Objective. Given the final representations F̂ S

and F̂ T and their corresponding sets of P keypoint, KS =
{kSi }Pi=1 and KT = {kTi }Pi=1, we formulate a dual objec-
tive loss function to train the LoFFA module.

We apply CLIP-style symmetric contrastive loss [23] on
features sampled at keypoint locations to pull corresponding
pairs closer while pushing non-corresponding pairs apart:

LCL = CL
(
F̂ S(KS), F̂ T (KT )

)
, (8)

where F̂ (K) denotes sampling features from the map F̂ at
all locations in the set K.

To address the limitations of traditional End-Point Error
(EPE) loss [6] on feature maps with potential discontinu-
ities, we adopt the dense matching loss from [36]. For each
source keypoint kSi , we compute a dense similarity map
with the entire target feature map: Ci = F̂ S(kSi )

⊤F̂ T .
The predicted target location k̂Ti obtained via differen-
tiable Soft-Argmax: k̂Ti = SoftArgmax(Ci), which en-
ables backpropagating gradients to all spatial locations. The
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(a)               (b)                 (c)              (d)                  (e)               (f)

Figure 4. Progressive feature refinement analysis demonstrat-
ing model improvements. Rows 1-2: PCA-projected feature vi-
sualizations showing spatial domain characteristics. Rows 3-4:
Frequency domain analysis of the corresponding extracted fea-
tures. Method comparison: (a, c, e) Unified CleanDIFT, (b, d,
f) SFA-DIFT with LoFFA enhancement.

dense loss is formulated as:

LDense =
∑
i

∥∥k̂Ti −
(
kTi + ϵ

)∥∥
2
, (9)

where ϵ is a small Gaussian noise added to the ground-truth
target keypoint positions for regularization.

The final training objective combines both losses:

L = LCL + LDense. (10)

3.3. Bridging the Spatial and Frequency Gap
Our two-stage approach achieves effective spatial-
frequency alignment. As shown in Fig. 4, Unified
CleanDIFT first establishes consistent spatial features
across modalities. LoFFA then aggregates shared low-
frequency components while suppressing modality-specific
high-frequency noise, resulting in concentrated spectral
energy in the low-to-mid frequency range and sharpened
spatial boundaries. This dual-domain alignment enables
robust correspondence between sparse sketches and
texture-rich images.

4. Experiments
4.1. Experimental Setup
Datasets. To validate our method’s effectiveness on cross-
sparsity correspondence, we introduce MS-PSC6K, an ex-
tension of the PSC6K [19] dataset. The original PSC6K
provides 1,250 photos from 125 object categories, each with
five corresponding sketches and 150,000 manually anno-
tated keypoints. To create MS-PSC6K, we generate five

Table 1. Quantitative comparison with state-of-the-art meth-
ods on PSC6K datasets. ∗ indicates zero-shot methods. ‡ indi-
cates supervised methods.

Methods PCK@1 PCK@5 PCK@10

SD∗ 3.02 38.66 69.77
CLIP∗ 3.18 40.31 68.99
DINOV2-ViT-B/14∗ 4.27 44.50 72.58
DINOV3-ViT-B/16∗ 5.98 56.11 83.05
SD+DINO∗ 3.55 39.36 66.67
CleanDIFT + DINO∗ 5.73 55.47 83.81
Fuse2Match∗ 5.92 48.87 72.25
CleanDIFT+DINO‡ 9.44 70.25 90.99
GMRW-SC‡ - 53.61 82.20
Self-Sup‡ 5.33 58.02 84.87
SketchFusion‡ - 70.31 89.86

SFA-DIFT‡ (Ours)
9.81

0.37%↑
72.94

2.63%↑
92.70

1.71%↑

stylized versions with distinct textures for each photo, intro-
ducing greater style diversity. This results in a new dataset
of 7,500 texture-rich images. Additionally, we adopt the
Sketchy [27] dataset, which contains 62,500 sketches across
125 categories, to fine-tune CleanDIFT into our Unified
CleanDIFT model.
Evaluation Metric. We assess correspondence accuracy
using the Percentage of Correct Keypoints (PCK) [33].
PCK is calculated within a threshold of α(h,w), where α
represents the tolerance factor and (h,w) denote the height
and width dimensions of the object’s bounding box. In our
experiments, we evaluate performance using three tolerance
values: α ∈ {0.1, 0.05, 0.01}, corresponding to PCK@10,
PCK@5, and PCK@1 metrics, respectively.

Complete details on method implementation, training
protocols, dataset partitioning, and the creation and ra-
dial power spectrum analysis of the MS-PSC6K dataset are
available in the supplementary material.

4.2. Results

Photo-Sketch Correspondence on PSC6K Dataset. As
shown in Tab. 1, zero-shot baselines such as SD [35],
Fuse2Match [38] and DINOv2 [22], which operate with-
out target dataset exposure, demonstrate suboptimal perfor-
mance due to significant representation gaps. We also com-
pare against supervised methods like SketchFusion [15],
Self-Sup [19] and GMRW-SC [28]. These methods, de-
fined by parameter updates on the target dataset, also show
limited effectiveness. In sharp contrast, our proposed SFA-
DIFT model achieves a breakthrough, establishing a new
state-of-the-art with 9.81% PCK@1, 72.94% PCK@5, and
92.70% PCK@10.
Multi-Style Photo-Sketch Correspondence on MS-
PSC6K Dataset. Evaluating existing SOTA methods’
generalization [15, 19] on our stylistically diverse MS-
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Table 2. Quantitative comparison with state-of-the-art methods on MS-PSC6K datasets. Performance is evaluated across five artistic
styles (Abstract, Baroque, Realism, Post-Imp, Neo-Imp). ∗ indicates zero-shot methods. ‡ indicates supervised methods.

Abstract Realism Baroque Neo-Impressionism Post-impressionism
Method @1 @5 @10 @1 @5 @10 @1 @5 @10 @1 @5 @10 @1 @5 @10

SD∗ 3.17 40.53 70.70 3.20 40.12 70.85 3.12 39.36 69.09 3.30 40.49 71.40 3.33 41.27 71.74
CLIP ∗ 2.65 34.72 64.09 2.52 34.49 64.48 2.55 33.87 62.80 2.25 32.88 62.85 2.58 35.76 65.62
DINOv2-ViT-B/14∗ 3.32 39.26 68.16 3.46 39.44 68.25 3.23 37.98 66.73 3.01 37.48 67.57 3.63 40.87 69.58
DINOv3-ViT-B/16∗ 5.15 55.41 83.20 5.34 54.49 80.03 4.96 52.56 80.97 4.88 53.63 81.94 5.59 57.09 84.37
SD+DINO ∗ 3.88 44.20 74.66 3.78 43.98 74.95 3.64 43.15 73.57 3.43 43.28 74.94 3.90 44.96 75.76
Fuse2Match∗ 5.05 45.53 70.43 4.93 45.17 70.17 4.72 43.66 68.16 4.71 45.83 71.43 5.32 47.50 71.97
CleanDIFT+DINO ∗ 5.28 54.74 83.70 5.24 54.60 83.60 5.28 54.92 83.82 5.34 55.20 84.11 5.53 56.01 84.54
CleanDIFT+DINO ‡ 7.15 66.02 89.79 7.76 66.82 90.07 7.72 66.70 89.83 7.88 67.86 90.63 8.02 68.09 90.81
Self-Sup∗ 4.19 51.96 81.34 3.41 46.14 76.26 3.54 47.54 78.10 3.31 45.22 76.54 4.45 54.00 82.83
SketchFusion ∗ 4.43 48.85 77.24 3.66 44.11 73.88 3.91 45.05 74.09 3.74 44.16 73.81 4.93 50.45 78.41
Self-Sup‡ 3.27 45.23 77.33 2.76 40.71 73.10 3.01 42.54 74.85 2.46 38.17 72.63 3.48 46.66 78.42
SketchFusion‡ 5.05 51.83 78.98 4.50 48.43 77.39 4.66 49.11 76.92 4.29 48.18 77.03 4.95 52.15 79.31

SFA-DIFT ‡ 8.98
1.83%↑

70.43
4.41%↑

91.49
1.70%↑

8.84
1.08%↑

68.45
1.63%↑

90.68
0.61%↑

8.47
0.75%↑

68.25
1.55%↑

90.30
0.47%↑

8.59
0.71%↑

68.89
1.03%↑

90.88
0.25%↑

8.60
0.58%↑

70.05
1.96%↑

91.74
0.93%↑

(b) SketchFusion‡(a) Self-Sup‡ (c) SFA-DIFT‡ (Ours)Incorrect Correct

Source Target Source Target Source Target Source Target Source Target Source Target

Figure 5. Qualitative cross-sparsity correspondence comparison. Each row demonstrates cross-sparsity correspondence results between
sketches and various textured images. Methods (a), (b), and (c) represent different approaches. For each method, we present correspondence
results using both sketch-to-texture and texture-to-sketch configurations to evaluate bidirectional correspondence performance. SFA-DIFT
achieves superior accuracy and robustness.

PSC6K dataset, we found that direct transfer of pre-trained
weights caused a marked performance degradation, indi-
cating domain sensitivity. Critically, re-training on MS-
PSC6K further degraded their performance, suggesting a
failure to converge on such heterogeneous data. In contrast,
our method demonstrated superior robustness. Averaging
across the five style variations, it achieved new state-of-the-
art results of 8.70% PCK@1, 69.21% PCK@5, and 91.02%

PCK@10, despite a slight performance dip, as detailed in
Tab. 2. Qualitative results are presented in Fig. 5. More
visualizations are in the supplementary material.

4.3. Robustness to Rich Textural Variations

A key limitation in evaluating model robustness is that ab-
solute performance drops under style and texture perturba-
tions remain unnormalized, making fair baseline compar-

37721



Table 3. Robustness Ratio (RR) of various approaches under
texture variations. ∗ indicates zero-shot methods. ‡ indicates
supervised methods.

Methods RR@1 RR@5 RR@10

SD∗ 1.07 1.04 1.01
CLIP∗ 0.79 0.85 0.93
DINOv2-ViT-B/14∗ 0.78 0.81 0.94
DINOv3-ViT-B/16∗ 0.87 0.97 0.98
SD+DINO∗ 1.05 1.11 1.12
Fuse2Match∗ 0.80 0.93 0.98
CleanDIFT∗ 0.94 0.99 0.99
CleanDIFT+DINOv2∗ 0.93 0.99 1.00
Self-Sup∗ 0.71 0.84 0.93
SketchFusion∗ - 0.66 0.88
Self-Sup‡ 0.56 0.74 0.87
SketchFusion‡ - 0.71 0.87
CleanDIFT+DINOv2‡ 0.82 0.96 0.99

Unified CleanDIFT∗ (Ours) 0.99 0.99 1.00
SFA-DIFT‡ (Ours-full) 0.87 0.95 0.98

Table 4. Ablation study. Quantitative analysis of method variants.
∗ indicates zero-shot methods. ‡ indicates supervised methods.

Methods PCK@1 PCK@5 PCK@10

CleanDIFT∗ 5.59 57.27 84.57
Unified CleanDIFT∗ 5.94 58.69 85.57
Unified CleanDIFT + DINOv2∗ 5.62 56.76 85.07

Unified CleanDIFT + Conv‡ 8.68 68.78 90.17
LoFFA w/o AdaIN‡ 8.57 68.64 90.52
LoFE → Conv‡ 8.53 69.01 90.51
DWT & IDWT → Conv‡ 7.96 66.98 89.77
Single DWT & IDWT‡ 8.51 68.45 90.52

SFA-DIFT‡ (Ours-full) 8.89 69.83 91.32

isons difficult [5]. To address this limitation, we propose the
Robustness Ratio (RR), a standardized ratio-based metric
that enables consistent comparisons across diverse style and
texture variations:

RR :=
1
N

∑N
i=1 PCK

(
xs
i , x̂

t,pert
i

)
1
N

∑N
i=1 PCK

(
xs
i , x̂

t,orig
i

) . (11)

Here, N denotes the number of samples, x̂t,pert
i denotes the

prediction on the texture-perturbed image, while x̂t,orig
i de-

notes the prediction on the original image.
As reported in Tab. 3, baselines like CleanDIFT + DI-

NOv2 [30] and Self-Sup [19] show RR degradation af-
ter fine-tuning on MS-PSC6K. Lacking explicit frequency
alignment, they overfit to high-frequency styles in pixel and
feature domains, impairing generalization across stylistic
perturbations. Note that RR > 1 indicates a bias toward di-
verse styles rather than photos. In contrast, our Unified Cle-
anDIFT maintains a stable RR near 1.0, demonstrating gen-
uine invariance to textural shifts. The slight RR decrease

of our full SFA-DIFT is expected given task complexity,
where high-variance distractors (textures, color shifts) com-
pete with essential structural cues. This lowers performance
improvement rates compared to simpler photo-sketch cor-
respondence, reducing the RR metric. Importantly, SFA-
DIFT achieves superior robustness through explicit spatial-
frequency regularization. By suppressing high-frequency
style noise while preserving mid-to-low frequency con-
sistency, our method maintains substantially higher post-
training RR than baselines, optimally balancing domain
specialization and generalization robustness.

4.4. Ablation Study

We evaluate component contributions using averaged met-
rics across MS-PSC6K and PSC6K (Tab. 4). Zero-shot pre-
trained models like CleanDIFT show limited effectiveness,
highlighting the inadequacy of general-purpose features for
fine-grained cross-modal matching.

To address this, we introduce the LoFFA module and val-
idate its design through five ablation settings. Compared
to a fairly supervised Unified CleanDIFT + Conv‡ base-
line, LoFFA yields significant gains. Internally, variants
including LoFFA without AdaIN‡, LoFE to Conv‡, DWT
and IDWT to Conv‡, and Single DWT and IDWT‡ con-
firm the necessity of distribution alignment, low-frequency
enhancement, explicit frequency transforms, and deep fre-
quency decomposition, respectively. SFA-DIFT outper-
forms all variants, proving frequency-aware alignment ef-
fectively bridges the modality gap.

5. Conclusion

This paper addresses the challenging correspondence prob-
lem between sparse line drawings and texture-rich pho-
tographs by identifying fundamental cross-modal discrep-
ancies. We reveal that correspondence failures stem from
spatial abstraction gaps and frequency distribution incon-
sistencies. Our SFA-DIFT framework tackles these chal-
lenges through parameter-efficient LoRA-based fine-tuning
for spatial alignment and lightweight low-frequency aggre-
gation for frequency reconciliation. Extensive evaluation
on our MS-PSC6K benchmark demonstrates state-of-the-
art performance with significant improvements. The re-
sults validate that effective cross-sparsity correspondence
requires simultaneous spatial and frequency domain align-
ment, providing a principled framework for understanding
and addressing line-texture mismatches.
Limitation and Future Work. The use of Diffusion fea-
tures in our approach presents inherent limitations in in-
ference efficiency, with an average processing time of 0.8
seconds per correspondence estimation. We plan to explore
more computationally efficient and semantically effective
diffusion feature representations in future research.
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