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Modeling the Visual Ambiguity of Human Sketches
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Abstract

Human sketches provide a compact and expressive
form of visual communication, but their sparse structural
cues, while capturing essential object structures, introduce
ambiguity because a single sketch can correspond to mul-
tiple plausible images, making cross-domain alignment un-
certain and unstable. Such ambiguity fundamentally lim-
its sketch-based vision tasks that rely on precise sketch–
image correspondence. To address this challenge, we in-
troduce AmbiScore, a metric that quantifies the ambigu-
ity of sketch-image pairs, and use Zero-Shot Sketch-Based
Image Retrieval (ZS-SBIR) as a testbed to reveal how am-
biguous supervision leads to performance collapse in ex-
isting methods. We further propose DisAmb (Disentan-
gling Ambiguity), a framework that explicitly models and
mitigates ambiguity through two components: (1) Elastic
Matching, which adaptively adjusts supervision strength us-
ing AmbiScore, and (2) Purified Matching, which employs
ambiguity-agnostic masks to disentangle structure and ap-
pearance via shape jigsaw and texture swapping. DisAmb
establishes new benchmarks under high ambiguity and pro-
vides a robust, transferable supervisory signal for down-
stream sketch-guided tasks.

1. Introduction
Learning visual representations from human sketches

has long been a central focus in the computer vision com-
munity [32,42,56,58]. Sketches offer a direct, controllable,
and expressive interface, making them a compelling alter-
native to natural language [30, 31, 35, 43] or audio-based
interactions [38]. Recent work has shown the potential of
sketches in a variety of applications, including image re-
trieval [22, 25, 33, 34], semantic segmentation [17], and im-
age generation [21,23]. As these applications become more
complex, learning robust and fine-grained correspondences
between sketches and natural images becomes increasingly
important.

Despite this promise, sketches and images differ funda-
mentally in visual structure. Sketches contain only sparse
contours, while natural images present dense textures, col-

Figure 1. (a) We propose AmbiScore, a metric that quantifies the
semantic ambiguity of sketch-image pairs. (b) Attention from the
ViT [RET] token reveals model distraction on ambiguous inputs.
(c) We partition the Sketchy dataset into ambiguity intervals and
show that training on highly ambiguous data leads to a significant
drop in ZS-SBIR and ZS-FG-SBIR performance.

ors, and backgrounds. This mismatch often introduces irrel-
evant cues in the image that are not reflected in the sketch.
We define this mismatch as visual ambiguity, which raises
an important question: when an image contains content un-
related to the sketch, can sketch-to-image matching remain
reliable? Prior approaches in zero-shot sketch-based image
retrieval (ZS-SBIR) [34, 48, 50] ignore this issue by treat-
ing all training pairs as equally informative, regardless of
ambiguity.

This paper addresses the ambiguity challenge by first
asking how it can be quantified and then how it affects
model behavior. Manual annotation is infeasible due to the
subjective nature of ambiguity, but we observe that sketches
and images often share semantic labels. This insight al-
lows us to introduce AmbiScore, a metric that estimates the
ambiguity level of a sketch-image pair. AmbiScore lever-
ages vision-and-language pretraining (VLP) models [20,55]
to compute the semantic relevance between an image and
its label, serving as a proxy for how well the image con-
tent matches the sketch intent. Examples are illustrated in
Fig. 1(a).

To understand how ambiguity impacts model learning,
we analyze attention maps from the ViT [RET] token [34]
during training. As shown in Fig. 1(b), we observe a model
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distraction phenomenon: attention is drawn to background
elements or co-occurring objects instead of the sketch-
relevant region. This behavior suggests that ambiguous
training pairs can act as noisy supervision. To test this, we
partition the Sketchy Extended dataset [52] into five inter-
vals based on AmbiScore: [0.0, 0.2), [0.2, 0.4), [0.4, 0.6),
[0.6, 0.8), and [0.8, 1.0]. As shown in Fig. 1(c), train-
ing on higher-ambiguity subsets leads to significant per-
formance degradation, particularly in fine-grained ZS-FG-
SBIR tasks, where precise matching is essential.

To overcome this, we introduce DisAmb, a plug-and-
play training framework that explicitly accounts for visual
ambiguity in sketch-image matching. DisAmb contains two
key components. First, Elastic Matching (E-Match) uses
AmbiScore to modulate supervision strength: ambiguous
pairs are down-weighted, while low-ambiguity pairs are re-
inforced. Second, Purified Matching (P-Match) focuses
on improving alignment for ambiguous data. Using se-
mantic labels and open-set foundation models, we generate
ambiguity-agnostic masks that retain only sketch-relevant
regions. Based on these, we design two auxiliary tasks:
shape jigsaw, which encourages structural alignment, and
texture swapping, which focuses on semantic consistency.

We validate DisAmb across ZS-SBIR, ZS-FG-SBIR, and
downstream sketch-guided tasks such as segmentation and
generation. As shown in Fig. 1(c), our method consistently
improves performance under various ambiguity conditions
and offers a robust supervisory signal for cross-modal un-
derstanding.

Our contributions are threefold:
• We propose AmbiScore, a metric that quantifies

sketch-image ambiguity using vision-language rele-
vance, and reveal the impact of ambiguity on retrieval
performance.

• We introduce DisAmb, a training framework with two
components: E-Match, which modulates supervision
using AmbiScore, and P-Match, which captures fine-
grained correspondence through shape jigsaw and tex-
ture swapping.

• We demonstrate that DisAmb achieves state-of-the-art
results on sketch-based retrieval benchmarks and en-
hances generalization to other vision tasks.

2. Related Works

2.1. Sketch-Guided Vision Tasks

Sketch-based image retrieval (SBIR) retrieves category-
specific images using a query sketch [49, 51] by align-
ing sketch-image pairs in a shared latent space via metric
learning [3, 34, 49], enabling Zero-Shot SBIR (ZS-SBIR).
SAKE [37] distills ImageNet [27] semantics to improve
alignment. Sketch3T [50] leverages self-supervision with
contour sketches and stroke ordering for test-time train-

ing. ZSE-SBIR [34] enhances explainability via cross-
attention encoders. Foundation models further boost SBIR
performance to a new level [22, 25, 48]. Sketch-based
segmentation localizes objects by a query sketch. Early
methods adapt encoder-decoder architectures for segmen-
tation [17, 46]. Recent zero-shot approaches reduce re-
liance on pixel annotations (mask-free): Sketch2Seg [6]
trains a pixel classifier using features from a sketch-to-
image diffusion model. SketchYourSeg [26] combines
SBIR models and foundation models for multi-granularity
mask generation. Sketch-to-image generation controls ob-
ject morphology via sketches. GAN-based methods use
multi-stage pipelines [13] or latent mapping in pre-trained
GANs [21, 47]. Diffusion-based approaches often require
text prompts, but ControlNet [60] enables sketch condi-
tioning via a trainable UNet copy with zero convolutions.
T2I-Adapter [40] fuses sketch features into multi-scale
UNet representations. StableSketching [24] introduces an
abstraction-aware framework with a sketch adapter, adap-
tive time-step sampling, and SBIR-guided generation.

2.2. Learning with Noisy Supervision
Learning with noisy supervision addresses the pervasive

challenge of imperfect annotations in training data. Exist-
ing methods can be broadly divided into three categories.
Architecture-based methods adjust the network architecture
to model the noise transition matrix [2, 4]. Sample-based
methods distinguish clean samples from noisy samples by
treating low-loss examples as clean [1] or employing co-
teaching strategies [15, 59] in which dual networks mutu-
ally select reliable samples. Loss-based methods enhance
robustness by adjusting the loss contributions of clean and
noisy samples through techniques like bootstrapping losses
[44] or label correction [61], thereby mitigating the impact
of mislabeled data. Recently, noisy supervision has been
extended to image-text learning scenarios. NCR [11] par-
titions data into clean and noisy sets using network mem-
orization effects and rectifies misaligned correspondences
via adaptive co-teaching. ALBEF [31] employs momen-
tum distillation to learn from noisy web data by generat-
ing pseudo-targets. However, prior works mainly focus on
noisy supervision in vision-and-language data, while the
sketch-image ambiguity problem has not been explored.

3. Proposed Methodology
3.1. Overview

As shown in Fig. 2, our approach builds on the SBIR
framework for easy extension. Given a sketch (image) xs

(xi) and semantic label T. We extract cross-domain embed-
dings via two weight-shared 12-layer ViTs (ViT-B/16) [8]
as sketch (image) encoders (Vs/Vi). To handle semantic
ambiguity, E-Match adjusts the triplet margin based on T,
while P-Match generates binarized masks M to filter out
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Figure 2. Our DisAmb architecture. The proposed components are applied only in training for efficient inference and to prevent model
distraction.

abundant pixels. The way of utilizing this mask is trickier,
which will be described in the following sections.

3.2. Quantifying Ambiguity in Sketch-Image Pairs

We introduce an AmbiScore to evaluate the correlation
between images and sketches. Given a dataset Dt with N
categories, we manually craft a textual prompt “a photo
of [category]” for each category, resulting in a set
of category-specific prompts {T1,T2, . . . ,TN}. We then
leverage the CLIP text encoder T (·) to extract the corre-
sponding text features, forming a sequence of text repre-
sentations t = {t1, t2, . . . , tN}. For a given input image
xi, we utilize the CLIP image encoder I(·) to obtain its
visual representation vc ∈ Rd. To measure the semantic
relevance between the image and each category prompt, we
calculate the inner product between vc and each text feature
ti: pi = v⊤

c ti with i = 1, 2, . . . , N , producing a simi-
larity vector p = [p1, p2, . . . , pN ] ∈ RN . We then apply
the softmax function to obtain the normalized confidence
scores pi for each category:

pi =
exp(pi/τ)∑N
j=1 exp(pj/τ)

, i = 1, 2, . . . , N, (1)

where τ is the temperature, controlling the softness of the
probabilities, and τ = 1.5 in our implementation. Given the
ground-truth label index y ∈ {1, 2, . . . , N} corresponding
to xi, we define the AmbiScore st = (1− pt).

This AmbiScore quantifies the confidence in assigning
the image xi to its ground-truth category. Instead of man-
ually constructing hundreds or thousands of fixed prompt
combinations to calculate absolute ambiguity, AmbiScore
reflects a sample’s relative ambiguity within the dataset for
better adaptation to the scale and distribution across dif-
ferent datasets. However, we observe that the “person”
category is significantly more frequent in the dataset, so
we additionally incorporate a prompt of “a photo of
person” to improve generalization across diverse datasets.

3.3. Elastic Matching

We propose an elastic matching to dynamically control
the supervision stringency for different ambiguous samples
during the optimization process. We input xi and xs to
the encoder Vi(Vs) to obtain the image (sketch) features
vi(vs) ∈ Rl×d and its global representation vcls

i (vcls
s ) ∈

Rd, where d is the embedding dimension and vcls is the
class token. Prior methods adjust the global sketch-image
semantics by minimizing a triplet loss with a hard margin
α, which brings sketches and images of the same category
closer together while distancing images of other categories.
Instead, we propose a soft margin triplet loss LEM depend-
ing on the AmbiScore that assigns larger margins to true
positive pairs and smaller margins to ambiguous positive
pairs. Mathematically,

LEM = max{d(vcls
s ,vcls

p )− d(vcls
s ,vcls

n ) + αt, 0}, (2)

where vcls
s ,vcls

p , and vn
cls are the anchor sketch, positive and

negative images, respectively, distance function d(a, b) =
1− (a · b)/(||a|| · ||b||), and αt is the soft margin, which is
adaptively determined by:

αt =
ϵ1−ŝt − 1

ϵ− 1
α, (3)

where ϵ is the curve parameter and α is the margin pa-
rameter. We normalize st based on the gallery images by
ŝt = (st − smin)/(smax − smin), where smax and smin

are the maximum and minimum ambiguity scores in the
dataset, respectively. This operation prevents αt from being
uniformly low across highly ambiguous datasets, thereby
avoiding lethargy in LEM. The objective of the above for-
mulation is to ensure that when the st approaches 1, αt will
be assigned a small value, thus enabling the model to handle
ambiguous pairs more flexibly and mitigating their adverse
impact on the optimization process. Conversely, when the
st approaches 0, αt increases, enforcing a stricter separa-
tion.
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3.4. Purified Matching

Ambiguity-agnostic Mask. We prefer to further leverage
the ambiguous data rather than reflexively suppress them by
E-Match. Therefore, we propose a hard matching strategy
that more aggressively eliminates sketch-irrelevant regions
in the image. We leverage the power of foundation mod-
els to select essential areas based on their semantic labels.
Technically, given an input image xi and its semantic label
T, Grounding DINO first localizes the object with bounding
boxes, which are then used as prompts for SAM to obtain
masks M ∈ Rh×w×1. Its effectiveness has been validated
by Ren et al. [45] as Grounded SAM (F(·) in Figure 2).
Based on this, we can establish the connection between se-
mantic labels and natural images and accurately filter the
sketch-irrelevant region. Considering the failure of mask
extraction, we directly return the full image.

Shape Jigsaw. We downsample M from F into a
patch-level binary vector m ∈ {0, 1}

√
l×

√
l by m =

I
[
AvgPoolp×p(M) > τ

]
, where τ = 0.2 is a threshold ra-

tio. The mask is reshaped to M∗ ∈ Rl×1, and the image
features vi ∈ Rl×d are filtered as vmask = {vi}i∈S with
S = {i|M∗

i = 1}. Now we obtain the feature sequence rel-
evant to the sketch. We propose a shape jigsaw task based
on vmask. Specifically, we leverage masked image feature
vmask and sketch feature vs as the matching targets to deter-
mine whether they share the same semantic category. To en-
hance this process, we divide the sketch features vs ∈ Rl×d

into k randomly permuted segments. The shuffled sketch
feature vr

s and masked image feature vmask are fed into a
multi-layer transformer decoder Dr with cross-attention to
evaluate semantic relevance:

Xc = softmax(
Q(vr

s)K(vmask)
⊤

√
d

)V (vmask), (4)

where Q, K, and V are the corresponding weight matrices.
We first determine whether a given pair Φ = (vr

s,vmask) is
matched by optimizing a binary classification objective:

Lpair = −
[
y log ŷ + (1− y) log(1− ŷ)

]
, y ∈ {0, 1}, (5)

where y ∈ {0, 1} denotes the ground-truth label of being a
matched pair and ŷ is the predicted probability.

For positive pairs, a jigsaw loss Ljigsaw = H(ls, lgt)
predicts the spatial order of sketch patches ls against the
ground-truth positions lgt, where H(·) denotes the multi-
class cross-entropy. This auxiliary task fosters shape-
aware reasoning by enforcing spatial consistency between
sketches and images. Finally, the overall objective of our
proposed Shape Jigsaw task is the joint optimization as
LSJ = Lpair + Ljigsaw. Due to the high semantic diversity
in natural images, establishing local sketch-image corre-
spondences is not a trivial task, as the high complexity hin-

Figure 3. Texture-altered images via our masked texture swapping.

ders model learning effectively. Our linguistic mask sim-
plifies this process, making the optimization of our shape
jigsaw objective feasible. We shuffle sketches rather than
images, since sketches typically depict a single salient ob-
ject, while images often contain multiple objects or small
targets, where patch shuffling is misleading.
Texture Swapping. Images are texture-rich, and sketches
are composed of stroke contour. Therefore, sketch-image
matching often degenerates into a shape-matching task. Al-
though intuitive, naive shape matching tends to fully over-
look image texture, which is highly correlated with the ob-
ject semantics [12]. We expect the model to establish se-
mantic relationships between sketches and images, rather
than learning strong shape biases. Therefore, we introduce
a data augmentation trick, texture swapping.

Specifically, we construct a positive and synthetic nega-
tive image pair (xδ

p,x
δ
n). The negative sample xδ

n is derived
from the positive sample xδ

p but rendered with different tex-
tures or materials. To achieve this, we apply style transfer
using AdaIN [18], randomly drawing textures from the De-
scribable Textures dataset [5] to xδ

p. To ensure the model
focuses exclusively on the object’s intrinsic texture, we re-
place the input embeddings via the positive linguistic mask
M∗ by vδ

p = M∗⊙vp
i , v

δ
n = M∗⊙vn

i , where vp
i and vn

i

are the positive and negative image embeddings.
Given a triplet pair (xs,xδ

p,x
δ
n), training should de-

crease the distance of the sketch embedding (vs) from the
masked positive embedding (vδ

p), while increasing it from
the synthetic negative embedding (vδ

n). Accordingly, we
devise a triplet training objective with hard margin αts as:

LTS = max{d(vs,v
δ
p)− d(vs,v

δ
n) + αts, 0}. (6)

Our texture-swapping matching acts as an auxiliary hard
triplet strategy, enforcing negatives to share the positive’s
shape while differing in texture. This enables DisAmb
to focus on sketch-image semantic correspondence, han-
dling cases with similar shapes but different semantics (e.g.,
“horse” and “zebra” in Fig. 3). Notably, LTS prevents LEM

from becoming “lazy” when training on ambiguous sam-
ples, thereby facilitating effective model optimization.
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With λSJ and λTS as hyperparameters. Our total training
objective is

LDisAmb = LEM + λSJLSJ + λTSLTS. (7)

4. Experiments
Implementation Details. The input image and sketch
size is set as 224 × 224 with margin parameter α = αts =
1.0 and ϵ = 10. The ViT-B/16 initialized on ImageNet
[12] is trained using the Adam optimizer with a learning
rate 1e−5 for 40 epochs on an NVIDIA A100 GPU. The
segment parameter of shape jigsaw is k = 4 × 4, and
the transformer decoder is designed with 4 layers and 4
heads. Embedding dimensions in the latent space are 768.
λSJ = λTS = 0.5. The AmbiScore and ambiguity-agnostic
masks are calculated offline for efficient training.
Evaluation. We report mean average precision (mAP),
mAP@200, and precision at the top 100 (Prec@100) and
200 (Prec@200). For FG-ZS-SBIR, following Sain et al.
[48], accuracy is evaluated within a single category, i.e.,
acc.@q, denoting the proportion of top-q images matching
the query sketch. We present acc.@1 and acc.@5.
Datasets. We evaluate our approach on ZS-SBIR and FG-
ZS-SBIR using three standard benchmarks. (1) Sketchy
[52] comprises 75,471 sketches across 125 categories with
100 images each. The extended version [36] adds 60,502
ImageNet [27] images. Following [57], we use 104 classes
for training and 21 for zero-shot testing. (2) TU-Berlin [10]
contains 250 categories with 80 sketches per class, extended
to 204,489 images. Following [7], we split 220 classes for
training and 30 for testing. (3) QuickDraw Extended [14]
includes over 50M sketches in 345 categories. The ZS-
SBIR subset provides 110 categories with 330K sketches
and 204K images.

4.1. Results Analysis

Category Level ZS-SBIR. We compare the ZS-SBIR
frameworks initialized on ImageNet [27] in Table 1. While
existing works offer reasonable performance thanks to
their respective strategies of knowledge preservation (SAKE
[37]), test-time training (Sketch3T [50]), knowledge dis-
tillation (TVT [54]), cross-modality interaction (ZSE-SBIR
[34]), and other setups, our DisAmb-BASE (B-DisAmb),
built upon a concise dual-encoder architecture without
any additional components during inference, still surpasses
them across all benchmarks. Though DisAmb achieves
only a marginal improvement over SOTA in Prec@200 on
Sketchy, it surpasses prior methods by 10.7% in mAP@200,
which indicates that our method produces significantly
higher-quality top-200 retrieval rankings.

We further evaluate against representative methods
based on foundation models. SketchLVM [48], adopts
a CLIP-based fine-tuning strategy, whereas SD-PL [22]

Figure 4. Top-5 FG-ZS-SBIR results obtained via C-DisAmb and
SketchLVM on Sketchy. The green ticks denote correctly retrieved
candidates, and the red crosses indicate incorrect retrievals.

and SketchFusion [25] are stable diffusion-based meth-
ods. For fair comparison, our C-DisAmb employs prompt
fine-tuning following the implementation as SketchLVM,
while integrating our proposed components during train-
ing. Though SketchFusion leverages two foundation mod-
els (CLIP and Diffusion), our ambiguity-aware method still
achieves SOTA performance across all three datasets. Im-
portantly, DisAmb acts as a training-time purification strat-
egy, adding no inference cost and requiring no dependency
on specific foundation models, making it more flexible and
efficient than existing frameworks.

Cross-Category ZS-FG-SBIR. FG-ZS-SBIR is more
challenging than ZS-SBIR, requiring the model to focus on
fine-grained shape and texture details. For fair compari-
son, we evaluate models initialized on ImageNet [27], in-
cluding CrossGrad [53], CC-DG [41], and ZSE-SBIR [34]
in Table 2. Our method surpasses ZSE-SBIR by 4.32%,
despite both approaches employing masking mechanisms.
However, ZSE-SBIR primarily preserves foreground con-
tent exchange for computational efficiency, which may lead
to model distraction in ambiguous samples. We also re-
port results for foundation-model-based methods. While
stronger backbone networks are beyond the scope of this pa-
per, it is typically overlooked that these methods introduce
textual constraints, which can potentially mitigate ambigu-
ity, such as incorporating classification tasks based on text-
image similarity [48]. We are the first to notice the ambi-
guity issue and fully leverage the potential of text prompts.
Qualitative results in Fig. 4 highlight the effectiveness of
DisAmb. While occasional errors occur (e.g., a “tree” re-
trieved for a “windmill” sketch), SketchLVM frequently re-
trieves incorrect categories owing to its shape bias, such as
retrieving a “bat” for a “seagull” sketch.

Ambiguous ZS-SBIR. For the ZS-SBIR and FG-ZS-
SBIR datasets (Sketchy Ext and Sketchy), we analyze the
ambiguity distribution in Fig. 5 by binning sketch–image
pairs into five AmbiScore intervals: st ∈ [0.0, 0.2],
(0.2, 0.4], (0.4, 0.8], (0.8, 1.0]. Notably, only about 40% of
the data in both datasets fall into the low-ambiguity range.
To explicitly study the impact of ambiguity on model per-
formance, we randomly sample 10,000 images per inter-
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Figure 5. Comparison of our method against SOTAs across multiple subsets defined by AmbiScore intervals. For a fair comparison, we
adopt the same backbones as ZSE-SBIR and SketchLVM to evaluate performance with ViT-B/16 and foundation models, respectively.

Table 1. Quantitative comparison of DisAmb against existing
frameworks on ZS-SBIR datasets. “-”: not reported

Sketchy TU-Berlin QuickDrawMethods mAP@200 Prec@200 mAP Prec@100 mAP Prec@200

SAKE [37] 0.497 0.598 0.475 0.599 0.130 0.179
StyleGuide [9] 0.358 0.400 0.254 0.355 - -
Sketch3T [50] 0.575 0.624 0.507 0.648 - -

TVT [54] 0.531 0.618 0.484 0.662 0.149 0.293
ZSE-SBIR [34] 0.525 0.624 0.542 0.657 0.145 0.216

B-DisAmb 0.682 0.648 0.592 0.697 0.170 0.263

SketchLVM [48] 0.723 0.725 0.651 0.732 0.202 0.388
SD-PL [22] 0.746 0.747 0.680 0.744 0.231 0.397

SketchFusion [25] 0.761 0.763 0.695 0.753 0.242 0.399
C-DisAmb 0.812 0.789 0.707 0.760 0.245 0.412

Table 2. Results on Sketchy for cross-category ZS-FG-SBIR

Methods acc@1 acc@5 Methods acc@1 acc@5

CrossGrad [53] 13.40 34.90 SketchLVM [48] 28.68 62.34
CC-DG [41] 22.60 49.00 SD-PL [22] 31.94 65.81

ZSE-SBIR [34] 23.97 49.52 SketchFusion [25] 33.01 67.92
B-DisAmb 28.09 58.69 C-DisAmb 33.83 69.61

val for ZS-SBIR and 1,200 images per interval for FG-ZS-
SBIR. It can be observed (Fig. 5) that under high ambigu-
ity, existing SOTAs suffer severe performance degradation,
a trend particularly pronounced in FG-ZS-SBIR. Notably,
Sketch-LVM exhibits limited robustness against ambiguous
data due to its soft constraint based on text–image similarity,
as discussed previously. However, this robustness gradually
collapses when AmbiScore exceeds 0.6. In contrast, our
method achieves significant gains over the baselines on both
ViT-B/16 and CLIP backbones. This improvement stems
from the complementary synergy of E-Match and P-Match.

E-Match may become “lazy” on highly ambiguous data,
while P-Match rectifies this by computing a hard triplet loss
based on ambiguity-agnostic masks.

Sketch Quality. We evaluate our method in zero-shot set-
tings across varying sketch quality levels. To this end, we
introduce the Sketchy-Q dataset, comprising good (1,137
sketches), medium (1,137), and bad (917) quality samples.
Following the implementation of Li et al. [29], we train a
MobileNetV3 [16], achieving a classification accuracy of
90.85% (using 10% of sketches for validation). Dataset de-
tails are provided in the Appendix.

The trained model predicts sketch quality on three SBIR
benchmarks: Sketchy, TU-Berlin, and QuickDraw (see
Fig. 6). Sketchy has the highest proportion of high-
quality sketches, TU-Berlin contains more medium-quality
sketches, and QuickDraw features the most low-quality
sketches. This setup reflects a realistic and challenging
zero-shot scenario, where training and test sketch styles dif-
fer significantly. We train ZS-SBIR methods on Sketchy
and TU-Berlin and evaluate them on all three datasets. Per-
formance consistently improves with sketch quality in Ta-
ble 3. Our method outperforms prior work across all quality
levels, exhibiting stronger adaptability to rough sketches.
Due to a more accurate semantic space and fine-grained
matching, it achieves a substantial 11% mAP gain over
ZSE-SBIR on high-quality sketches, demonstrating robust
generalization across sketch qualities.
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Figure 6. Sketchy has the highest proportion of high-quality
sketches, TU-Berlin contains more medium-quality sketches, and
QuickDraw features the most low-quality sketches.

4.2. Ablation Studies

Justifying Design Components. We evaluate our models
(ViT-B/16 as the encoder), dropping one component at a
time for both ZS-SBIR and FG-ZS-SBIR. As presented in
Table 4, for both ZS-SBIR and FG-ZS-SBIR, using a fixed
margin αt (w/o E-Match) leads to a significant performance
drop (0.168 mAP@200 and 10.85% acc@1 in ZS-SBIR and
FG-ZS-SBIR, respectively), as the noisy supervision from
ambiguous data degrades the quality of the semantic space.
Removing Lpair and Ljigsaw (w/o shape jigsaw) and LTS

(w/o texture swapping) components impacts FG-ZS-SBIR
more significantly, since fine-grained retrieval requires the
model to capture not only overall shape but also the intri-
cate shape, pose, and semantic correspondences between
sketches and images. For FG-ZS-SBIR, texture swapping
is more effective than shape jigsaw. Finally, removing
the “person” prompt causes a slight performance decline
(3.1% and 1.92% in ZS-SBIR and FG-ZS-SBIR, respec-
tively), as AmbiScore measures relative ambiguity within
the dataset, and the high frequency of “person” across
categories weakens the model’s inter-class discriminability.

For the shape jigsaw, a too-small k may not aid the model
in learning shape details, while an excessively large k can
make optimization difficult. We evaluate the impact of dif-
ferent k values on performance. From the results presented
in Table 4, it can be observed that the model performs opti-
mally when k = 16. However, both small and large values
of k can negatively affect the model. Particularly, when k is
set to 36, it can cause a performance drop.

Shape Bias in SBIR. To investigate the influence of im-
age texture on SBIR, we extract binary masks by F and
edge maps from the Sketchy images and train a ViT-B/16
baseline directly on these images as shown in Fig. 7. These
images preserve only object outlines, with no texture. Com-
paring the results with the baseline trained on the original
Sketchy dataset in Table 5, we observe nearly equal perfor-
mance (0.466 vs. 0.449 vs. 0.479 in ZS-SBIR), indicat-
ing that SBIR frameworks exhibit a strong shape bias rather
than truly focusing on the semantic content of the images.
And with texture swapping enabled, the model achieved a
significant 5.8% mAP@200 improvement in ZS-SBIR and
3.84% acc@1 improvement in FG-ZS-SBIR.

Figure 7. Images with different textures.

Table 3. mAP@200 on Sketchy and mAP on TU-Berlin for dif-
ferent sketch quality ZS-SBIR. The backbone of all comparative
methods is ViT-B/16 for fair comparisons. “Q”: QuickDraw, “T”:
TU-Berlin, “S”: Sketchy

Sketchy TU-BerlinMethods
Q sketch T sketch S sketch Q sketch T sketch S sketch

SAKE [37] 0.195 0.325 0.497 0.230 0.511 0.488
ZSE-SBIR [34] 0.218 0.366 0.552 0.262 0.544 0.512

DisAmb 0.288 0.495 0.682 0.296 0.592 0.641

Table 4. Ablation study and choice of k on Sketchy.

Ablation Study

Methods mAP@200 acc@1

w/o αt (E-Match) 0.514 17.24
w/o “person” prompt 0.651 26.17

w/o Lpair (Shape Jigsaw) 0.631 23.53
w/o Ljigsaw (Shape Jigsaw) 0.616 22.01
w/o LTS (Texture Swapping) 0.635 21.28

Ours-full 0.682 28.09

Choice of k

k mAP@200 acc@1

4 0.603 21.74
9 0.642 24.55
16 0.682 28.09
25 0.661 25.35
36 0.580 20.13

Table 5. Model performance on different texture images.

ZS-SBIR FG-ZS-SBIRType mAP@200 Prec@200 acc@1 acc@5
Mask 0.466 0.410 14.08 36.11

Edge map 0.449 0.398 13.79 35.27
Image 0.479 0.423 14.74 37.92

Image w/ LTS 0.537 0.522 18.58 44.21

4.3. Task Adaptation via Purified SBIR Model

The SBIR model can be adapted as a supervised signal
for annotation-free sketch-image matching tasks. We eval-
uate the adaptability of our SBIR encoder for sketch-based
image segmentation (SBIS) and generation (SBIG). The ob-
jective of introducing the SBIR model is to minimize the
distance between the sketch and the segmented/generated
image in the latent space after encoding by the SBIR en-
coder. We evaluate whether the purified SBIR model can
provide higher-quality supervised signals, leading to supe-
rior performance and efficient training.

Dataset. (i) For SBIS, due to the lack of available sketch-
photo-mask paired datasets, we annotated 21 categories
from the Sketchy dataset following prior work, adding bi-
nary mask labels to each photo. The training does not in-
volve ground truth masks. (ii) For SBIG, we train and eval-
uate the model on the Sketchy dataset. We split this dataset
into a 9:1 ratio for training and evaluation.

Training & Evaluation. We train segmentation and gen-
eration models following the implementations of SketchY-
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Figure 8. Segmentation map generated by SkechYourSeg and our method (left). Image generated by StableSketch and our method (right).

ourSeg [26] and StableSketch [23], with the key differ-
ence that we incorporate our pre-trained SBIR model as
a supervisory signal. The segmentation task utilizes a
category-level SBIR model. We use mIoU and pAcc as
evaluation metrics. The generation task employs a fine-
grained SBIR model. We evaluate the generation qual-
ity and sketch-fidelity with two metrics: Frechet Inception
Distance-InceptionV3 (FID-I) [19] and CLIP (FID-C) [28]
following prior works [39, 40, 60]. Lower values of FID-I
and FID-C depict better generation quality. For fair compar-
ison, the SBIR model applies ViT-B/16 in all experiments.

Sketch-Based Image Segmentation. Based on the quan-
titative and qualitative results presented, we find that the
model using a standard SBIR loss for segmentation super-
vision tends to focus only on salient regions of the image.
The quantitative results in Table 6 show that the segmen-
tation pAcc using the purified SBIR model is significantly
higher than the baseline by 11.57%. Fig. 8 shows several
failure cases produced by prior work: the target “umbrella”
is misdirected as “person”. In contrast, our purified SBIR
model provides a more reliable and fine-grained supervisory
signal, yielding higher-quality segmentation masks.

Sketch-Based Image Generation. In sketch-based image
generation, although StableSketch can produce reasonable
color schemes and styles, its outputs still suffer from se-
mantic errors and structural distortions. For example, clear
semantic misinterpretations are observed in the generated
“butterfly” and “dolphin” in Fig. 8. In contrast, thanks to the
ambiguity-agnostic nature of our SBIR model’s supervisory
signal, the images generated are closer to real-world scenes
and exhibit fewer deformations. By leveraging shape and
texture-level awareness techniques, our method accurately
captures the intended semantics without compromising ob-
ject structure. The quantitative results in Table 6 demon-
strate that incorporating a more precise SBIR supervisory
signal outperforms existing methods on both FID-I (26.21
vs. 21.05) and FID-C (12.82 vs. 8.63).

Data Volume. We further evaluate the effectiveness of
our method under different data volumes in Fig. 9. As the

Table 6. Quantitative comparison on the Sketchy for segmentation
and generation.

Segmentation Generation

Methods mIOU↑ pAcc.↑ Methods FID-I↓ FID-C↓
SketchYourSeg [26] 65.68 68.29 StableSketch [23] 26.21 12.82

Ours 71.27 79.86 Ours 21.05 8.63

Figure 9. Comparison of our SBIR model with SOTAs under dif-
ferent training dataset volumes.

volume of training data increases, the advantage of our ap-
proach becomes more significant. Notably, in both sketch-
based image segmentation and generation, our method
achieves an mIOU of 62.33 and an FID-I of 26.07, re-
spectively, using 50% of the training data. These results
demonstrate that the purified SBIR supervision signal is
highly data efficient, enabling performance that matches or
even exceeds that of SOTAs while requiring nearly half the
amount of training data.

5. Conclusion

This paper revisits sketch–image matching through the
lens of ambiguity, proposing effective strategies to quan-
tify and mitigate it. We introduce elastic and purified
matching to address noisy supervision, achieving consistent
gains over state-of-the-art methods across multiple bench-
marks. Moreover, by extending our purified SBIR encoder
to sketch-based segmentation and generation, our frame-
work attains better performance and enables more efficient
adaptation to downstream sketch–guided vision tasks. A
limitation is that hand-crafted prompts may cause minor
fluctuations in AmbiScore, leading to inconsistent ambigu-
ity judgments. Future work will explore human feedback or
multimodal large language models (MLLM) for more reli-
able ambiguity evaluation.
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