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Abstract—Sketches, as a new solution in multimedia systems
that can replace natural language, are characterized by sparse
visual cues such as simple strokes that differ significantly from
natural images containing complex elements such as background,
foreground, and texture. This misalignment poses substantial
challenges for zero-shot sketch-based image retrieval (ZS-SBIR).
Prior approaches match sketches to full images and tend to
overlook redundant elements in natural images, leading to model
distraction and semantic ambiguity. To address this issue, we
introduce a distraction-agnostic framework, purified cross-domain
matching (PuXIM), which operates on a straightforward principle:
masking and matching. We devise a visual-cross-linguistic (VxL)
sampler that generates linguistic masks based on semantic labels
to obscure semantically irrelevant image features. Our novel
contribution is the concept of purified masked matching (PMM),
which comprises two processes: (1) reconstruction, which compels
the image encoder to reconstruct the masked image feature, and
(2) interaction, which involves a transformer decoder that processes
both sketch and masked image features to investigate cross-domain
relationships for effective matching. Evaluated on the TU-Berlin,
Sketchy, and QuickDraw datasets, PuXIM sets new benchmarks
in terms of performance. Importantly, the distraction-agnostic
nature of the matching process renders PuXIM more conducive to
training, enabling efficient adaptation to zero-shot scenarios with
reduced data requirements and low data quality.

Index Terms—Sketch-based image retrieval, zero-shot learning,

cross-domain matching.

ITH the rapid development of multimedia services and
W the explosive growth of image data, efficient image rep-
resentation, and Al-generated content (AIGC) have become key
components of future multimedia communication systems. Pre-
vious human-computer interaction modes have relied primar-
ily on natural language [3], [4]. With the widespread use of
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touchscreen devices, sketches have emerged as a low-barrier
form of communication, transcending language barriers and of-
fering greater convenience and controllability. They provide a
novel modality for both image retrieval [5], [6], [7] and genera-
tion [8], [9], [10]. Sketch-based image retrieval (SBIR) addresses
the critical challenge of cross-domain semantic alignment be-
tween sketches and images, with applications in e-commerce,
information forensics, intelligent transportation systems, and
artificial intelligence-generated content (AIGC). SBIR enables
the use of sketches as search queries in image databases, of-
fering intuitive and flexible interactions. In e-commerce, SBIR
allows users to input sketches for personalized product recom-
mendations. In information forensics, it facilitates the search
for potential clues based on witness sketches. For intelligent
transportation, sketches can describe vehicle features for iden-
tification and localization. In AIGC, sketches provide a more
intuitive and controllable interface than does natural language.
A more challenging extension of SBIR is zero-shot sketch-based
image retrieval (ZS-SBIR), which bridges the domain gap be-
tween limited sketch data and natural images to retrieve matches
from unseen categories [11], [12], [13].

A critical issue in ZS-SBIR is the substantial discrepancy be-
tween the sparse visual cues of sketches and natural images. As
shown in Fig. 1(a), the mean number of semantics present in
an image for some categories in the popular ZS-SBIR datasets
Sketchy [14] and TU-Berlin [15] is greater than 3, and for some
categories, it is even greater than 9. Whereas sketches are com-
posed mainly of simple strokes, a sketch commonly contains
only a single semantic target and does not have the complex and
rich texture information in natural images, as shown in Fig. 1(b).

Despite advancements in ZS-SBIR, current methods still pre-
dominantly employ separate encoders for sketches and images
to embed them into a shared semantic space, optimizing with
losses such as triplet or contrastive loss to learn joint embed-
dings [16], [17], [18]. These approaches can be roughly di-
vided into two categories, as shown in Fig. 1(c): direct match-
ing and direct matching with interaction. However, matching
sketch—image pairs directly without considering semantic re-
dundancy can lead to matching ambiguity. The model is not
aware that the object to be matched by the sketch is the hat, the
cow, or the shoe (Fig. 1(c)), which distracts the model during
optimization and overly focuses on redundant information, thus
weakening the matching relationship between real sketch—image
pairs and making effective correspondence learning potentially
difficult.

To address this, we propose a distraction-agnostic frame-
work, namely, purified cross-domain matching (PuXIM), for
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Fig. 1. (a) The semantic statistics on Sketchy and TU-Berlin are derived via
a standard DeepLabv3 [1] semantic segmentation model pre-trained on the
COCO-Stuff dataset [2] (background instance is not included in the count).
(b) Illustrations of the sketch—image pairs with semantic ambiguity. (c) Prior
solutions: in previous method (1), sketches are directly matched with complete
images. The previous method (2) employs direct cross-domain matching for se-
mantic correspondence, both of which encounter background distractions. (d)
Our framework mitigates ambiguous semantics via mask reconstruction (re-
cons.) and interaction (inter.), masking 70% of the image features. In previous
studies, sketch features often align more closely with ambiguous natural image
elements such as “hat” and “shoes”. Our approach aims to narrow the gap be-
tween the sketch and ground truth (“cow”) and increase the distance between
sketches and nonground truth semantics for a purified semantic space.

ZS-SBIR. We leverage the semantic labels to directly focus
solely on pertinent image regions and eliminate semantic ambi-
guity. Our visual-cross-linguistic (VxL) sampler, by harnessing
vision-and-language pretraining (VLP) technologies [19], [20],
generates linguistic masks that identify and omit redundant im-
age pixels, preserving only semantically relevant features.

The method of using our obtained linguistic masks is equally
important. Previous approaches, such as hard masked match-
ing [21], indiscriminately erase all contextual details by zeroing
irrelevant pixels—a method that, while reducing ambiguity, also
discards valuable contextual cues. Recognizing the importance
of these cues, we introduce purified masked matching (PMM),
a delicate soft matching approach. PMM maintains the essential
context by focusing on masked image features as the primary
matching target. It employs a two-pronged strategy: reconstruc-
tion, where the image encoder works to replicate the masked fea-
ture, minimizing unnecessary semantics; and interaction, where
the sketch encoder engages with the masked image feature via
a transformer decoder, facilitating a purified cross-domain dia-
log. The objective of PMM is to refine the semantic correlation
between sketches and images, enhancing the model’s ability to
differentiate among semantic categories (Fig. 1(d)).

In summary, our main contributions are fourfold:

1) We introduce PuXIM, which is specifically designed to
address semantic ambiguity in sketch—image pairings.
PuXIM enhances differentiation between sketches and im-
ages within the semantic space, illustrating the advantages
of purified cross-domain matching in ZS-SBIR.

2) We design a visual cross-semantic (VxL) sampler to gen-
erate linguistic masks for nonessential regions by analyz-
ing visual responses against semantic labels from natural
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images. This enables the acquisition of more accurate im-
age representations to improve the matching process.

3) We propose PMM, which focuses on treating the masked
features of natural images as the primary targets for match-
ing. The reconstruction aspect minimizes unnecessary
semantics, leading to a more refined visual representa-
tion, whereas the interaction component, which lever-
ages a transformer decoder, deepens the understanding of
cross-domain relationships between sketches and images.

4) We validate the effectiveness of PuXIM through exten-
sive testing and comparison across several benchmarks, in-
cluding Sketchy, TU-Berlin, and QuickDraw. Our results
demonstrate that PuXIM sets new benchmarks, achieving
state-of-the-art performance in ZS-SBIR.

II. RELATED WORKS
A. Zero-Shot SBIR

Given a query sketch, SBIR aims to retrieve category-specific
photos from a gallery of multicategory photos [6], [22]. Recent
SBIR frameworks leverage metric learning techniques, such as
contrastive learning and triplet learning, to train relationships
between sketch—image pairs. These methods ensure that rep-
resentations of samples from the same category are close in
the latent semantic space [16], [23], [24]. Koley et al. [25] fur-
ther addressed the sketch abstraction problem by introducing an
abstraction-aware SBIR framework. After impressive progress
in the SBIR task, this framework naturally extended to the
more challenging and practical zero-shot SBIR (ZS-SBIR) task.
In ZS-SBIR, the goal is to generalize knowledge from train-
ing sketch—image pairs of partially seen categories to retrieve
images of unseen categories in a zero-shot retrieval scenario.
Furthermore, SAKE [5] employed additional semantic informa-
tion from ImageNet [26] for knowledge distillation to assist the
model in learning a shared semantic space for sketch—image
pairs. Wang et al. [27] utilized the SAKE framework, which fur-
ther introduces a memory bank for storing a large number of se-
mantic features, thus solving the problem that semantic features
can only be trained in mini-batches. Sketch3T [18] introduced
two self-supervised learning methods, namely, contour sketches
and stroke sequence learning, and proposed a framework trained
during testing. TVT [28] trained a fusion model through knowl-
edge distillation by using heterogeneous encoders for pre-trained
sketches and images in a three-way framework. More recently,
the cross-modal retrieval framework ZSE-SBIR was proposed
to introduce cross-attention to solve the ZS-SBIR cross-modal
matching problem and explore the interpretability of ZS-SBIR
for the first time [16]. However, its cross-modal components in
the retrieval task add a large computational burden to the in-
ference process. Ren et al. [29] eliminated the sketch—image
domain gap by generating large numbers of diverse photolike
images. Sain et al. [30] proposed a CLIP-based [31] fine-tuning
architecture for SBIR and achieved remarkable performance in
the zero-shot scenario.

Sketches are composed of sparse strokes that succinctly rep-
resent a target and are devoid of extraneous background or se-
mantic details. Existing zero-shot sketch-based image retrieval

Authorized licensed use limited to: Zhejiang University. Downloaded on May 08,2026 at 02:56:33 UTC from IEEE Xplore. Restrictions apply.



ZHOU et al.: PURIFIED ZERO-SHOT SKETCH-BASED IMAGE RETRIEVAL

(ZS-SBIR) methods match sketches to images but often fail to
account for the rich background, semantic, and textural details
inherent in natural images. This oversight causes models to fo-
cus excessively on ambiguous target regions within the images.
In contrast, our proposed PuXIM leverages semantic labels from
SBIR datasets and introduces the VXL sampler to mask ambigu-
ous features, directing the model’s attention to target regions
corresponding to the sketch. Additionally, we design specialized
reconstruction and interaction operations for image and sketch
features. The reconstruction operation compels the image en-
coder to replicate masked features while preserving contextual
information and emphasizing key regions. The interaction oper-
ation facilitates cross-modal learning by shuffling sketches and
masked features, enhancing cross-domain interactions. PuXIM
operates independently of specific model frameworks and can be
seamlessly integrated into existing SBIR architectures, enabling
the construction of a purified semantic space.

B. Vision and Language Pre-Training

Vision and language pretraining (VLP) aims to leverage the
learning of both image and text features for application in down-
stream tasks. Numerous studies have addressed downstream
multimodal tasks such as visual question answering (VQA)
and natural language for visual reasoning (NLVR) [32], [33].
They primarily adhere to the following framework in their de-
sign: dual encoders [33], [34] have been employed to extract
text features via methods such as BERT [35], and visual fea-
tures have been extracted via CNN or ViT. A multimodal fu-
sion module was utilized to compute cross-modal interactions.
In terms of multimodal fusion, ALBEF [36] demonstrated the
feasibility of momentum models in VLP and proposed align-
ing cross-modal features before fusion. ViLT [20] employed
a minimalistic unified transformer architecture to receive in-
puts from the visual and textual sides simultaneously for multi-
modal alignment. Pixel-BERT [37] abandoned the approach of
using expensive object detectors on the vision side by aligning
pixel-level features with text features. These models all utilize a
deep multimodal transformer to align the image—text represen-
tation. Instead, models such as CLIP [31] employed a relatively
lightweight multimodal matching approach, calculating the sim-
ilarity of image—text representations through contrastive learn-
ing to align multimodal features. Recent works have also inves-
tigated CLIP in explainable styles [38], [39], [40]. These VLP
models typically require massive image—text pairs for training
to acquire robust generalization capabilities for better transfer to
downstream tasks, such as cross-modal image—text retrieval. De-
spite the success of these approaches for cross-modal retrieval,
their contributions to the sketch community remain limited at
present.

C. Masked Learning

Masked language modeling (MLM) was first introduced in
natural language processing (NLP) [35], [41]. MLM randomly
predicts masked sequences for upstream self-supervised learn-
ing and has achieved incredible success in downstream
applications. Inspired by MLM, the computer vision
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community has also introduced masked image modeling (MIM)
based on transformer-based architecture [42] and has made con-
siderable progress in the field of self-supervised learning [43],
[44], [45], [46]. BEIT [43], as a pioneer, first considered em-
ploying a masked image modeling task to train self-supervised
visual encoders. MAE [44] embedded masked images via
autoencoders and predicted missing pixels through lightweight
decoders, thereby reconstructing the original image to obtain a
powerful and generalizable visual encoder. Benefiting from the
robust semantic modeling capability of MIM, it has also been
introduced into unsupervised knowledge distillation frame-
works to transfer knowledge from heavy models [47]. Unlike
most of these works, which employ random masking strategies,
we consider a more complex masking strategy for cross-domain
sketch—image matching related to semantic descriptions.

III. METHODOLOGY

In this section, we detail each key module in our proposed
framework, which consists of a VXL sampler, PMM reconstruc-
tion, and PMM interaction, as illustrated in Fig. 2.

A. Dual Encoders

Given a query sketch S € R"***¢ and a gallery image I €
R*wxe inspired by the success of the Vision Transformer
(ViT) [48] in visual downstream tasks and cross-domain learn-
ing [49], we use a 12-layer ViT (i.e., ViT-B/16) as the sketch en-
coder f; (-) and image encoder f£(-). Aninputsketch S orimage
I is embedded into the p + 1 patch sequence: { P, Pi,...Pp}.
We replace the [CLS] token P.;s with a retrieval token [RET] as a
global visual representation. The information interaction is per-
formed through multiple-head self-attention blocks to acquire
global contextual information. Specifically, in the self-attention
module, given the input X, we first obtain three matrices: the
query (Q), key (K), and value (V') from the input by

Q=W,X,K=WX,V=W,X (1)

where W, W, and W, are the corresponding weight matrices.
The attention output is computed by

-
Xan = softmax (Q\ﬁ(g ) V. 2)
We employ dual encoders with shared parameters as the
base architecture of PuXIM. During inference, cross-domain
matching is performed by computing the cosine similarity be-
tween the sketch representation pgs(S) € R4 and the image
representation p7(I) € R4, Our key innovation is to obtain
distraction-agnostic inference performance by learning purified
sketch—image representations during the training phase.

B. Visual-Cross-Linguistic Sampler

To constrain the ambiguous semantics in images for purified
sketch—image matching, we propose our VXL sampler to gener-
ate linguistic masks.

The sketch—image pairs used for training are mostly sourced
from the internet. Weakly related images can be considered pos-
itive pairs, whereas positive samples related to the sketches can
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Note: Skertch Encoder and Image Encoder share weights
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Fig. 2.

Overview of the proposed PuXIM framework: (a) PuXIM training stage:

complete structure, combining the VXL sampler with purified masked matching

(reconstruction and interaction) for purified semantic space. (b) PuXIM inference stage: standard dual encoder setup without additional components for baseline
evaluation in a purified semantic space. (¢) VXL sampler’s application of VLP for generating linguistic masks from semantic labels to filter out irrelevant features
in natural images. (d) A reconstruction method that aligns original and masked image features to refine semantic accuracy. (e) Interaction introduces a transformer
decoder to enhance sketch—image matching by processing both shuffled sketch and shuffled masked image patches for effective and fine-grained cross-domain

interaction.

also be included in negative pairs. Matching such sketch—-image
pairs may easily lead to semantic ambiguity. To address this, we
design a VxL sampler (Fig. 2(c)), which leverages the power
of VLP to select essential tokens via freely available semantic
labels in the training set D. CLIP (contrastive language—image
pretraining) [31], which is widely popular for open-set visual
understanding tasks, consists of two separate encoders, one for
images and one for text.

We obtain the manual labels for each image from the train-
ing set as the ground truth, whereas other semantic information
present in the image is considered ambiguous semantics. CLIP
ViT-B/16 is used as a visual encoder fi() to embed images
into visual features veyp € R(m+1)xd comprising m patches.
Similarly, the text encoder fg () embeds sentences of length s
into text features tcpp € R(5T1) 4 We generate a text prompt
“a photo of [category|” via semantic labels and calculate the
similarity scores between the text 7" of “[category]” and each
visual embedding token f](I); € R™*% (m; is the index of the
1-th image patch). The score is represented as:

T

F3(i

score = .

£,

75
7z,

3

Thetop (1 — r) x m proportion of the highest-scoring image to-
kens in VLP image feature v7 (1) € R™*< are retained to obtain

Authorized licensed use limited to: Zhejiang University. Downloaded on

Algorithm 1: Working Mechanism of the VXL Sampler on
a Single Natural Image.

Input: A natural image / and its semantic label 7" from the
training dataset Z.
1: Calculate image feature f é (I) through CLIP visual
encoder fJ(-).
2: Calculate text feature f¢T (T') through CLIP text encoder

710,

3:for i =1tomdo

4: repeat

5: Calculate the similarity score between image token
feature f(I); with text feature f (T') according to
Equation (3).

6: until all image tokens are calculated

7: end for

8: Set the feature values of the lowest-scored image tokens
to zero at a mask rate of 7.
Output: masked image feature vy.

the masked image feature map v;(I) € R™*< by VXL sampler,
while the remaining tokens are masked out (r is the masking ra-
tio). The VxL sampler that works during the training stage can
be summarized as Algorithm 1.

May 08,2026 at 02:56:33 UTC from IEEE Xplore. Restrictions apply.
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C. Purified Masked Matching

Designing a training approach that helps the model learn es-
sential information within the region of interest is of utmost
importance. A simplistic method to achieve this is to mask out
irrelevant input tokens. However, the background environment
of an image contains certain semantic priors that help the model
better differentiate specific categories in the image. Removing
this portion of information also results in the loss of visual in-
formation. Therefore, we propose PMM to manipulate image
representation at the feature level. PMM treats p; as the match-
ing target, on which the reconstruction and interaction oper-
ations are applied to the image encoder and sketch encoder,
respectively.

1) Reconstruction: Our PMM reconstruction is simple, i.e.,
the image encoder is encouraged to output purified representa-
tions to suppress redundant semantics while preserving the orig-
inal contextual information. In contrast to other mask modeling
methods, PMM reconstruction regards the masked image fea-
tures v; as the reconstruction target, aligning the image encoder
output p; with v; as much as possible, as shown in Fig. 2(d).
Our reconstruction loss computes the mean square error (MSE)
loss between the original and masked image features, which is
specifically represented as:

B L
Lree(pr, 1) Z > (Ir=3l) @
where L is the sum of the reconstruction layers. B is the mini-
batch size.

Moreover, part of the image subset has a large amount of
redundant semantics, and the feature signals of the ground truths
are weak; hence, we compute the mean and standard deviation
of the remaining tokens to obtain normalized mask features and
ensure that the retained features have sufficient feature responses
to improve the reconstruction quality.

2) Interaction: To further explore the cross-domain relation-
ships between sketches and images in semantic space, we pro-
pose an interaction operation that consists of transformer de-
coders for cross-domain matching, as shown in Fig. 2(e). Specit-
ically, our cross-domain decoder (CDD) contains self-attention,
cross-attention, and MLP modules. For cross-attention, the to-
kens from one domain are considered queries (Q)), and the to-
kens from the other domain are considered Keys and Values
(K, V).

Our proposed PMM interaction leverages masked image fea-
tures as interaction targets to determine whether the sketch and
image share the same semantic category. To enhance this pro-
cess, we introduce a shuffling operation that randomizes patches
between the image and the sketch. Unlike globally ordered patch
matching, shuffling requires the model to evaluate semantic rel-
evance on the basis of local relations in unordered patches, fos-
tering the learning of finer-grained interactions. This approach
is particularly effective in scenarios with high semantic ambigu-
ity, where achieving such precision without semantic purifica-
tion would be challenging. In our implementation, the shuffled
output from the sketch encoder serves as (Jg, and the shuffled
image feature v; serves as K*** and V;**. The cross-attention

933

is calculated by

QS (Kmsk)
Vd
Our interaction loss is a binary cross-entropy loss that is op-

timized to classify whether a sketch—image pair matches. The
loss can be written as follows:

XCrOss = softmax ( ) V”Lék, (5)

Lint = E(,a 5ayplylog (CDD (p5. 7))
+(1—y)log (1-CDD (p5,77))]  (6)

where y is the label (, i.e.,, 1 for the matching pair and O other-
wise), and CDD is a cross-domain decoder block.

The interaction operation involves two key issues: (1) We ob-
serve that the matching task is challenging to optimize because of
the high heterogeneity and semantic ambiguity between sketches
and images. Therefore, we utilize masked features as matching
targets for purified cross-modal interactions. (2) We introduce an
additional semantic space through a decoder during the training
phase to explore cross-domain relationships between sketches
and images while avoiding the use of computationally expensive
cross-attention during the inference phase, as shown in Fig. 2(b).

D. Total Loss

We exploit three losses to train our framework: a triplet loss
applied on the retrieval token, a reconstruction loss, and an in-
teraction loss on our PMM. The triplet loss can be written as:

B
1
Liri =5 ;max{d(o:a,xp) +a—d(@a,2),0} (7
where d(z;, ;) = ||z; — ||2, o is the margin, and z,, ), and

x,, are the anchor sketch, positive and negative photos, respec-
tively. To this end, the overall loss is summed as:

L= Lt'ri + )\rechec + )\intLint (8)

where A, and A;,,; are the corresponding loss weights.

IV. EXPERIMENTS
A. Datasets and Settings

1) Datasets: We evaluate our method using four popular
datasets for category-level ZS-SBIR. TU-Berlin [15] contains
250 categories, with 80 sketches in each, extended to 204,489
images. Following [50], we split it into 30 classes for testing and
220 classes for training. Sketchy [ 14] contains 75,471 sketches in
125 categories with 100 images each. The extended version [51]
has an extra 60,502 images from ImageNet [26]. Following [12],
we split it into 104/100 classes for training and 21/25 classes for
testing for the zero-shot setup. The QuickDraw Extended [52]
full version contains over 50 million sketches in 345 categories.
After expanding it with images, ZS-SBIR introduces a subset of
110 categories with 330,000 sketches and 204,000 photos. The
statistical results of the ZS-SBIR datasets are listed in Table 1.
For FG-ZS-SBIR, we use 104 classes from the Sketchy dataset
for training and 21 classes for zero-shot testing.
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TABLE I
STATISTICS ON THE NUMBER OF LABELS PER CATEGORY AND THE NUMBER OF
SKETCHES AND IMAGES OF THE ZS-SBIR DATASETS

Seen classes Unseen classes

Dataset Num  Sketch Image Num  Sketch  Image
TU-Berlin 220 15400 176081 30 2400 27989
Sketchy 100 55252 68401 25 15229 17101
Sketchy Split 104 57587 72949 21 12694 12553
QuickDraw 80 240080 149433 30 92991 54151

2) Implementation Details: We implement our method in Py-
Torch on a 24 GB Nvidia RTX 4090 GPU. For sketch and image
inputs, we use two shared ViT-B/16 [48] pre-trained on Ima-
geNet [26] as encoders. For the VXL sampler, we use CLIP [31]
with ViT-B/16 as the visual encoder. The input image size is
set as 224 x 224 with margin parameter ;. = 2.0, and prompts
are trained via the Adam optimizer with a learning rate le—5
for 40 epochs and batch size 64. VLP is fine-tuned on the cor-
responding dataset for better mask generation. The last three
layers (L. = 3) of features from the image encoder and VLP en-
coder are extracted for reconstruction, whereas the last layer fea-
ture is extracted for interaction. For interaction, we use a trans-
former decoder (without masking) with 4 layers and 4 heads.
All dimensions of the embeddings in the latent space are 768.
The values of A,... and A;,,; are empirically set to 0.05 and 0.1,
respectively..

3) Evaluation Protocol: According to recent SBIR meth-
ods [16], [28], the mean average precision (mAP) and precision
of the top 100 (Prec@100) and top 200 (Prec@200) methods
are reported following the standard evaluation protocol. For the
FG-ZS-SBIR, following Sain et al. [30], accuracy is measured
within a single category, i.e., acc.@gq, reflecting the percentage
of images in the top-q list that match the input sketch. We report
acc.@]1 and acc.@5.

B. Comparison With State-of-The-Art ZS-SBIR

We compare the ZS-SBIR frameworks initialized on Ima-
geNet [26] across the TU-Berlin Ext, Sketchy Ext, Sketchy Ext
Split, and QuickDraw datasets. The evaluated frameworks in-
clude SEM-PCYC [53], SAKE [5], PDFD [55], PCMS [56], and
AMA [59]. They all use acommon CNN to extract sketch—image
features and introduce text semantic features. SketchGCN [54]
introduces a GCN model for semantic preservation. DSN [17]
incorporates a memory bank into a contrastive learning frame-
work. TCN [63], similar to the SAKE [5] framework, introduces
additional semantic labels from ImageNet for knowledge distil-
lation. CA [27] introduces a memory bank, which addresses
the problem that SAKE can only learn a limited number of se-
mantic signals in a mini-batch. More recently, Sketch3T [18],
TVT [28], CIIM [60], and ZSE-SBIR [16] have used ViT as the
encoder for sketch—-image representations. They employ addi-
tional self-supervised tasks, knowledge distillation, cross-modal
similarity learning, and cross-attention encoders to reduce the
semantic gap between sketches and images. We also com-
pare recent CLIP-based frameworks, including CLIP-AT [30],
TLT [64], and CLIP-MA [62]. We employ the same training
strategy and model as Sain et al. [30] for ZS-SBIR testing, with
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the additional inclusion of PMM reconstruction and interaction.
The results are listed in Table IT .

As shown in Table II, even though our framework uses
the common dual encoder design during the inference stage,
it consistently outperforms the SOTA methods. In particular,
it achieves an absolute improvement of 12.5% in mAP@200
on the challenging Sketchy Ext Split dataset. Additionally, on
TU-Berlin and Sketchy Ext, PuXIM achieves absolute improve-
ments of 0.5% and 1.2% in terms of mAP, respectively, although
it performs slightly worse than some methods on QuickDraw.
Moreover, PuXIM (CLIP) achieves state-of-the-art performance
on four datasets, outperforming existing CLIP-based methods.
Notably, on the Sketchy Ext dataset, it achieves a significant ab-
solute improvement of 5% in mAP. Importantly, PuXIM oper-
ates solely as a purification strategy during training, introducing
no additional computational cost and not relying on the CLIP
text encoder during inference. This makes it more flexible and
efficient than fully CLIP-based models.

Moreover, we compare our method to a similar architecture
with ViT-B/16 as the backbone ZSE-SBIR [16] by selecting
certain sketch queries to show qualitative results on Sketchy
in Fig. 3. For more realistic style sketches, both PuXIM and
ZSE-SBIR retrieve relevant images well, except for “windmill”,
where ZSE-SBIR retrieves “bell”. For creative style sketches,
PuXIM retrieves the correct “parrot” at the top 1, and some
failure cases are reasonable. However, ZSE-SBIR ignores fine-
grained strokes in sketches and provides the wrong top 5 re-
trieves. Although both methods incorporate masking, the ZSE-
SBIR mask primarily reduces computational complexity and
lacks directionality, often resulting in a focus on explicit fore-
ground features. This leads to increased semantic ambiguity,
with the model relying on shape matching rather than semantic
alignment. In contrast, PuXIM generates precise masks via se-
mantic labels, enabling it to retain critical target regions while
reconstructing ambiguous features. This approach ensures ro-
bust semantic alignment and effective cross-domain interaction
within a purified semantic space.

C. Comparison With State-of-The-Art FG-ZS-SBIR

Category-level ZS-SBIR considers images across all cate-
gories as equivalent, focusing only on semantic relationships
while neglecting fine-grained aspects such as texture, pose, and
orientation. FG-ZS-SBIR is more challenging, requiring the
model to pay attention to fine-grained details alongside semantic
alignment.

For fair comparison, we evaluate models initialized on Ima-
geNet [26], including CrossGrad [65], CC-DG [66], and ZSE-
SBIR [16]. PuXIM outperforms the state-of-the-art ZSE-SBIR
by 4.05% in acc.@ 1. While both methods use masking mecha-
nisms, ZSE-SBIR primarily preserves foreground targets, which
may lead to errors in high semantic ambiguity images. PuXIM
leverages text labels to focus directly on targets matching the
sketch, achieving precise semantic alignment and superior per-
formance in FG-ZS-SBIR.

The visualization results in Fig. 3 highlight PuXIM’s effec-
tiveness. It accurately retrieves corresponding images in the
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TABLE IT
QUANTITATIVE COMPARISON OF PUXIM AGAINST EXISTING FRAMEWORKS ON POPULAR ZS-SBIR DATASETS. “-”: NOT REPORTED, “INIT”: MODEL PARAMETERS
INITIALIZATION, “x”: OUR REPRODUCTION.

INIT Method TU-Berlin Ext Sketchy Ext Sketchy Ext Split QuickDraw Ext
mAP  Prec@100 mAP Prec@100 mAP@200 Prec@200 mAP Prec@200
SEM-PCYC [15] 0.297 0.426 0.349 0.463 - - - -

SAKE [37] 0.475 0.599 0.547 0.692 0.497 0.598 0.130 0.179
SketchGCN [75] 0.324 0.505 0.382 0.538 - - - -
StyleGuide [16] 0.254 0.355 0.376 0.484 0.358 0.400 - -

PDFD [64] 0.483 0.600 0.661 0.781 - - - -

PCMS [11] 0.424 0.517 0.523 0.616 - - - -

DSN [61] 0.484 0.591 0.583 0.704 - - - -

BDA-SketchRet [5] 0.375 0.504 0.437 0.514 0.556 0.458 0.154 0.355
ImageNet SBTKNet [57] 0.480 0.608 0.553 0.698 0.502 0.596 - -
Sketch3T [50] 0.507 - 0.575 - - - - -

TVT [55] 0.484 0.662 0.648 0.796 0.531 0.618 0.149 0.293

AMA [71] 0.429 0.592 0.491 0.585 0.548 0.684 0.112 0.192
CA [60] 0.542 0.622 0.633 0.709 - - - -

ACNet [46] 0.577 0.658 - - 0.517 0.608 - -

CIIM [66] 0.569 0.693 0.722 0.818 0.541 0.644 0.167 0.305
ZSE-SBIR [34] 0.542 0.657 0.698 0.797 0.525 0.624 0.145 0.216
Ours (ViT-B/16) 0.582 0.673 0.734 0.810 0.681 0.633 0.150 0.255

CLIP-AT [48] 0.651 0.732 - - 0.723 0.725 0.202 0.388
CLIP TLT [73] 0.615 0.695 0.779 0.843 0.661 0.730 - -
CLIP-MA* [39] 0.668 0.741 0.753 0.797 0.694 0.708 0.229 0.405
Ours (CLIP) 0.697 0.750 0.829 0.869 0.746 0.799 0.235 0.402
Realistic Ours ZSE-SBIR
b Y M&
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Fig. 3.  Top-5 ZS-SBIR (top) and FG-ZS-SBIR (bottom) results obtained via PuXIM and ZSE-SBIR on the Sketchy Ext and Sketchy Ext Splits. The green
ticks denote correctly retrieved candidates, and the red crosses indicate incorrect retrievals. PuXIM has an advantage when dealing with more creative sketches.
Specifically, when given a sketch of a “parrot”, its top 1 retrieval result is correct, whereas ZSE-SBIR provides incorrect images in all of its top 5 retrieval results.
This finding demonstrates that purified masked matching can help the model learn a deeper sketch—image cross-domain relationship, thereby establishing a more
accurate semantic space.

Authorized licensed use limited to: Zhejiang University. Downloaded on May 08,2026 at 02:56:33 UTC from IEEE Xplore. Restrictions apply.



936

TABLE III
QUANTITATIVE COMPARISON OF PUXIM AGAINST EXISTING FG-ZS-SBIR
FRAMEWORKS ON SKETCHY DATASETS. “INIT”: MODEL PARAMETERS
INITIALIZATION.

INIT Method acc@1  acc@10
CrossGrad [53] 13.40 34.90
ImageNet CC-DG [43] 22.60 49.00
ZSE-SBIR [34] 23.97 49.52
PuXIM (ViT) 28.02 57.82
CLIP-AT [48] 28.68 62.34
CLIP CLIP-MA [39] 29.96 58.53
PuXIM (CLIP) 31.83 64.63

TABLE IV
COMPARISON OF THE EFFECTS OF DIFFERENT VXL SAMPLER MASKING RATES
AND THE APPLICATION OF RECONSTRUCTION LOSS ON PUXIM-FULL FOR
SKETCHES ON SKETCHY EXT DATASET. Sk REPRESENTS THE COMPONENT
USED ON THE SKETCH SIDE.

. ] VXL (sk) VXL (sk)+Lyec(sk)
Architecture  Rate (sk) mAP  Prec@100 mAP  Prec@100
0 0.734 0.810 0.734 0.810
Ours-full 0.3 0.626 0.747 0.678 0.780
0.5 0.527 0.650 0.651 0.755
0.7 0.463 0.531 0.613 0.701
TABLE V

COMPARISON OF PUXIM-FULL VIA DIFFERENT VXL SAMPLER MASKING
RATIOS ON SKETCHY AND TU-BERLIN DATASETS

TU-Berlin Ext Sketchy Ext

Architecture - Rate. — =5 @100 mAP Prec@100
Baseline 0 0450 0588 0579 0718
03 0517 0641 0679 0767
05 0543 0656  0.688  0.776
Ours-full 07 0582  0.673 0734 0810
08 0561 0672 0710  0.782
09 0539 0661 0672  0.746

top-5 list. While plausible errors occur (e.g., a “tree” retrieved
for a “windmill” sketch), ZSE-SBIR often retrieves incorrect
categories owing to its reliance on contour-based matching,
such as retrieving a “rhinoceros” for a “cow” sketch, ignoring
fine-grained details such as body texture.

In CLIP-based models, CLIP-AT and CLIP-MA integrate text
features but are limited in distinguishing cross-class semantics,
making precise matching challenging. PuXIM enhances tex-
tual guidance for semantic purification, achieving SOTA per-
formance in both acc. @1 and acc. @5 for FG-ZS-SBIR.

D. Quantitative Analysis

To provide a more reliable quantitative analysis, all our subse-
quent experiments use ViT-B/16 pre-trained on ImageNet [26]
as the backbone of PuXIM.

1) Masking Ratio of VxL Sampler: The VXL sampler relies
on an appropriate mask ratio; a too-low ratio fails to filter out
redundant semantics, whereas a too-high ratio damages the orig-
inal object semantics. We test our full PuXIM performance with
different masking ratios. The results are listed in Table V. We
conclude that the model performs optimally with a masking rate
of 0.7. To obtain a qualitative sense of our linguistic masks, see
Fig. 4. With a high masking ratio of 0.7, the retained tokens can
preserve information at key locations and eliminate ambiguous
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TABLE VI
COMPARISON OF PMM RECONSTRUCTION VIA DIFFERENT VISUAL ENCODERS
ON SKETCHY EXT DATASET. “+”” REPRESENTS SELF-MASKING.

Ltm' Ltri + chc
Encoder mAP Prec@100 mAP Prec@100
RNIS [20] 0383 0548 0440  0.585
RN50 [20] 0452 0586 0511 0657
DINO-S/8 [72] 0.527  0.639 0615  0.724
VIT-B/16% [58] 0579 0715  0.653  0.774
ViL-B/16 [58] 0.579 0715  0.680  0.788

semantics effectively, e.g.,, “cat” and “book” and “eyeglasses”
and “cat”. The results for different masking ratios are consistent
with our expectations, with the lowest performance observed at
rates of 0.3 and 0.9.

Fig. 5 shows the visualization results of different mask ratios.
For most natural images, 70% can be adapted, and the size of
the objects in the images does not significantly affect the re-
sults. Smaller objects can be extracted precisely, whereas larger
objects do not suffer from excessive semantic loss.

To investigate the effect of sketch masking, we apply two
masking strategies within the PuXIM framework: (1) directly
erasing low-response patches via the VXL sampler and (2) ap-
plying the proposed PMM reconstruction loss to the sketch fea-
tures. The visualization of masked sketches is shown in Fig. 5.

The performance results are summarized in Table IV. Mask-
ing sketches results in performance degradation. This is likely
due to the limited generalizability of VLP models such as CLIP
to sketch data, especially abstract sketches, where locating tar-
get features via semantic labels is challenging. Masking disrupts
the sparse visual cues that are critical for sketch representation.
The performance is better at lower masking rates, where less
information is removed.

Furthermore, applying the proposed PMM reconstruction loss
mitigates the performance drop, as it preserves the original
sketch features. At a high masking rate (r = 0.7), PuXIM with
sketch mask reconstruction outperforms the naive hard mask
strategy by 15% in mAP, demonstrating the effectiveness of re-
construction in maintaining sketch integrity.

2) PMM Reconstruction: To validate the generalizability of
PMM reconstruction, we exclude the PMM interaction and adopt
several common models as sketch—image encoders for valida-
tion on Sketchy Ext, including the ViT [48], DINO [67] and
ResNet [68] series. Moreover, given the extensive training of
the VLP visual encoder on upstream data, its feature map holds
richer priors. To maintain rigor, we also test a self-mask strat-
egy on ViT-B/16 output features to ensure consistency between
image features and masked image features, thereby mitigating
potential benefits from the powerful semantic richness associ-
ated with masked VLP features. As shown in Table VI, recon-
struction is applied to most common models, and lightweight
ResNet-18 and DINO-S/8 achieve significant improvements of
5.7% and 8.8% in mAP, respectively. Our standard architecture
ViT-B/16 improves the mAP by 10.1%. Notably, compared with
the VLP mask feature in our standard PuXIM, the performance
of the ViT self-masking feature slightly decreases (2.7% mAP).
This is expected, as the rich semantic features in CLIP transfer
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Ambiguous semantic sketch—image pairs and their masked tokens (r = 0.7). Semantic labels capture visual concepts for purified matching. When the

masking threshold is 0.7, it captures most of the effective feature regions while eliminating redundant semantics (e.g.,, “book™, “dog”, “cat”).
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Fig.5. Visualization examples for different mask rates on the image (top) and
sketch (bottom). For the image side, a low mask rate may introduce ambiguous
semantics, and a high mask rate will destroy the real semantic target, but the
performance is higher than that of the baseline, showing that the method can
generalize, with the best performance in both datasets at » = 0.7. For the sketch
side, since sketches do not suffer from semantic ambiguity, the best performance
is achieved when the mask rate is set to 0. For abstract sketches, a high masking
ratio in the VXL sampler may disrupt the original sketch information.

to the base model during the reconstruction process lead to some
improvements. This process is similar to knowledge distillation.
As expected, most of the performance improvement comes from
the masking effect (7.4% mAP), indicating the effectiveness of
semantic purification.

In addition to being applied in different base triplet frame-
works, PMM reconstruction can also be easily embedded into
any existing architecture as an additional component during the
training stage. We retest several existing representative SOTA
architectures and evaluate the benefits of PMM reconstruction.
As shown in Table VII, PMM reconstruction effectively im-
proves the performance of existing methods, with a maximum
mAP improvement of 7.3% on SAKE [5], and the current SOTA
method, ZSE-SBIR [16], also gains a 3.3% mAP improve-
ment. This demonstrates its ability to generalize across other

TABLE VII
SOTA METHODS USING PMM RECONSTRUCTION ON SKETCHY EXT DATASET

original purified
Method MAP  Prec@100 mAP  Prec@100
SAKE [37] 0551 0687 0624 0713
TVT [55] 0633 0741 0671  0.790
ZSE-SBIR [34] 0.684 0778 0717 0813
TABLE VIIT

COMPARISON OF PMM INTERACTION VIA DIFFERENT CROSS-DOMAIN INPUTS.
pr: OUTPUT FROM IMAGE ENCODER, pg: OUTPUT FROM SKETCH ENCODER,
vr: OUTPUT FROM VLP VISUAL ENCODER p7: MASKED OUTPUT FROM IMAGE
ENCODER, 07: MASKED OUTPUT FROM VLP VISUAL ENCODER.

TU-Berlin Ext Sketchy Ext

int.

mAP  Prec@100 mAP Prec@100
w/o int.  0.450 0.588 0.579 0.718
pr, ps  0.449 0.585 0.573 0.693
vr, ps  0.468 0.584 0.599 0.717
pr, ps  0.499 0.627 0.637 0.732
v, ps 0.512 0.615 0.656 0.748

architectures, and our proposed approach can assist any future
architecture in achieving better cross-domain matching.

3) PMM Interaction: To further verify the validity of the
PMM interaction individually, we remove the reconstruction op-
eration and emphasize comparing the results of the interaction
without our linguistic mask. Specifically, we employ different
combinations of feature interactions, including the image fea-
tures p; and sketch features pg from the dual encoders, the VLP
image features vy, the masked image features py, and the masked
VLP image features v;. Table VIII shows that previous works
employing direct cross-domain interactions without masks per-
form even worse than the baseline in terms of the mAP (0.449 vs.
0.450 on TU-Berlin, 0.573 vs. 0.579 on Sketchy). Owing to
the rich prior semantic features of VLP image features, there
is a slight improvement when interacting with sketch features.
Furthermore, the proposed purified masked interaction benefits
from distraction-agnostic pixel-level correspondence, leading to
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TABLE IX
COMPARISON OF DIFFERENT NUMBERS OF CROSS-DOMAIN DECODER LAYERS
OF PMM INTERACTION

TU-Berlin Ext Sketchy Ext

mAP  Prec@100 mAP  Prec@100
2 0.493 0.609 0.620 0.728
4 0.512 0.615 0.656 0.748
6 0.464 0.587 0.598 0.732

bicycle

Fig.6. Examples of the high semantic ambiguity training dataset. Each natural
image contains the semantics of several non-ground-truth objects. The models
train under conditions of semantic ambiguity, thereby posing a greater challenge
for the zero-shot scenario.

significant improvements in both feature interaction schemes.
Compared with the baseline, the standard PMM achieves signifi-
cant improvements in the mAPs of 6.2% and 7.7% on TU-Berlin
and Sketchy, respectively. The results indicate that performing
cross-domain interaction under conditions of high semantic am-
biguity is risky, as it can further distract the model. However,
by applying the proposed PMM interaction to purify natural
images, precise cross-domain interaction can be achieved, en-
abling the model to learn effective pixel feature correspondences
between sketches and images.

We also investigate how the complexity of interaction affects
the performance in Table IX, where we train our model with dif-
ferent numbers of layers of cross-domain decoders. The model
performs better when there are more layers in the decoders (2 vs.
4 layers). However, excessively heavy decoders (6 layers) can
also degrade performance. We argue that this is because the in-
creased parameters of the decoders cause the model to focus ex-
cessively on interactions, thereby weakening the influence of the
reconstruction components, resulting in the high semantic am-
biguity condition of the cross-domain interactions mentioned.

4) High Semantic Ambiguity ZS-SBIR: We customize a train-
ing set focused on semantic ambiguity conditions to further
validate the model’s performance. The training set contains
50 categories (e.g., banana, bicycle, cup) with a total of 934
highly semantically ambiguous images and 34532 sketches. The
sketches and images are selected from the training set of the
Sketchy Ext dataset, and each natural image contains several
other objects or has a complex background texture in addition to
the ground truth. The zero-shot validation set is consistent with
Sketchy Ext. Some examples are shown in Fig. 6. We choose
several popular frameworks to test the performance, includ-
ing SAKE [5], ZSE-SBIR [16], CLIP [30], and our proposed
PuXIM.

Table X shows that PuXIM achieves an mAP of 0.239 on just
934 highly semantically ambiguous natural images, surpassing
all SOTA methods. Notably, SAKE, which also uses semantic
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TABLE X
QUANTITATIVE COMPARISON OF PUXIM AGAINST EXISTING FRAMEWORKS ON
HIGH SEMANTIC AMBIGUITY DATASET. THE SEMANTIC COLUMN REPRESENTS
WHETHER THE METHOD USES SEMANTIC LABEL INFORMATION.

Methods Backbone Semantic mAP  Prec@100
SAKE [37] CSE-Res50 v 0.144 0.175
SAKE [37] ViT-B/16 v 0.179 0.152

ZSE-SBIR [34] ViT-B/16 X 0.135 0.192

CLIP [48] CLIP ViT-B/16 X 0.149 0.144

PuXIM (Ours) ViT-B/16 v 0.239 0.257

labels, outperforms other methods, particularly after employ-
ing ViT-B/16, even exceeding CLIP (mAP of 0.179 vs. 0.149).
We argue that SAKE potentially addresses the issue of seman-
tic ambiguity by preserving knowledge from semantic labels.
A part of the model’s benefits comes precisely from this. The
proposed masking strategy provides more effective semantic pu-
rification, surpassing SAKE (ViT-B/16) by 6% in terms of mAP.
In contrast, ZSE-SBIR and CLIP, which do not use semantic in-
formation, perform similarly and fall behind methods that use
semantic information. This suggests that severe model distrac-
tion poses a significant challenge in zero-shot scenarios.

5) ZS-SBIRs With Different Sketch Qualities: We evaluate
the performance of our method in zero-shot scenarios across
varying sketch quality levels. To quantify sketch quality, Yang
et al. [69] proposed the geometric aware classification layer,
which replaces the dense/softmax combination to predict a qual-
ity score between 0 and 1 through classification. However, as this
method relies on stroke sequences and lacks subjective human
evaluation, we adopt a more concise approach.

The Sketchy dataset [14] provides five quality labels: (1) cor-
rect, (2) contains environment details or shading, (3) incorrect
pose or perspective, (4) ambiguous, and (5) erroneous. Ignoring
“incorrect pose or perspective’” and “contains environment de-
tails or shading,” we redefine “correct” as good (1,137 sketches),
“ambiguous” as medium (1,137 sketches), and “erroneous” as
bad (917 sketches). Using these labels, we construct a dataset
for quality prediction and train MobileNetV3 [70], following
the implementation details of Liu et al. [71], achieving a final
recognition accuracy of 90.85% (with 10% of sketches for val-
idation).

The trained model predicts sketch quality across three SBIR
datasets: Sketchy Ext, TU-Berlin, and QuickDraw. As shown
in Fig. 7, Sketchy has the highest proportion of high-quality
sketches, TU-Berlin contains more medium-quality sketches,
and QuickDraw features the most low-quality sketches. We train
the ZS-SBIR methods on Sketchy Ext and TU-Berlin Ext and
validate them on all three datasets. This setup reflects a realistic
and challenging zero-shot scenario, where the sketch styles in
the training and testing sets differ significantly.

As shown in Table XI, the model’s performance improves
with the quality of the sketches across different datasets. PuXIM
consistently performs the best under varying sketch qualities.
For low-quality, rough sketches, PuXIM demonstrates better
adaptability, and due to a more accurate semantic space and
fine-grained matching, PuXIM shows significant improvement
with high-quality sketches. Particularly in the TU-Berlin dataset,
the mAP for high-quality sketches reaches 0.622, which is 11%
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TABLE XI
COMPARISON OF DIFFERENT SKETCH QUALITIES.“QS”, “T'S” AND “SS” DENOTE QUICKDRAW-STYLE, TU-BERLIN-STYLE, AND SKETCHY-STYLE SKETCH
QUALITY. THE BACKBONE OF ALL COMPARATIVE METHODS IS VIT-B/16 FOR FAIR COMPARISONS.

Sketchy Ext

TU-Berlin Ext

Method QS TS SS QS TS SS
mAP  Prec@100 | mAP  Prec@100 mAP  Prec@100 | mAP  Prec@100 mAP  Prec@100 | mAP  Prec@100
SAKE 0.194 0.268 0.394 0.517 0.607 0.741 0.230 0.294 0.511 0.624 0.488 0.594
ZSE-SBIR  0.231 0.345 0.466 0.562 0.684 0.778 0.262 0.357 0.544 0.660 0.512 0.625
PuXIM 0.263 0.360 0.493 0.585 0.734 0.810 0.279 0.393 0.582 0.673 0.622 0.677
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Fig.7.  Sketch datasets with different sketch qualities. QuickDraw sketch cre-
ators do not have any professional drawing skills, and the drawing time is limited
to 20 seconds, resulting in most sketches being rough and abstract. TU-Berlin
sketch creators are given 30 minutes to draw, with a potential list of images
provided as prompts, leading to higher sketch quality. The goal of Sketchy is to
create fine-grained and instance-level associations with natural images. Sketch
creators must base their sketches on specific photos to ensure sufficient similar-
ity, with no time limit on drawing, resulting in the highest sketch quality.

TABLE XII
COMPARISON OF DIFFERENT MASK STRATEGY ON SKETCHY EXT. VXL
SAMPLER[ORI.] REPRESENTS THE RESULT OF DIRECTLY ERASING THE
AMBIGUOUS SEMANTICS ON THE ORIGINAL IMAGE, AND VXL SAMPLER[FEA.]
REPRESENTS THE RESULT OF ERASING THE AMBIGUOUS SEMANTICS ON THE
FEATURE MAP AND INCORPORATING THE PMM.

Mask strategy Methods mAP  Prec@100
VxL sampler|ori.] 0.526 0.679
hard Grounding-DINO [38]  0.553 0.692
Grounded SAM [47] 0.565 0.703
soft VXL sampler|fea.] 0.734 0.810

higher than that of ZSE-SBIR, confirming its ability to general-
ize across sketches of different quality levels.

6) Comparison of Different Masking Strategies: We evalu-
ate hard mask strategies, which directly erase ambiguous pixels,
under the ZS-SBIR settings using the VxL sampler, Grounding-
DINO [72], and Grounded-SAM [73]. Grounding-DINO locates
targets via detection boxes, whereas Grounded-SAM applies the
Segment Anything Model (SAM) [74] for semantic segmen-
tation within these boxes, as shown in Fig. 8. The results in
Table XII show that while these methods perform well in mask-
ing, the VXL sampler’s soft mask strategy offers distinct advan-
tages. Unlike hard masks, the VXL sampler computes patch-text

Grounding-DINO Grounded SAM

Fig. 8. Visualization of different masking strategies. The confidence threshold
for the bounding box in Grounding-DINO is 0.3, and the matching threshold
between the text prompt and the bounding box is 0.25.

similarities and operates at the feature map level via the PMM,
allowing the model to retain contextual information while fo-
cusing on target regions. Hard masks, in contrast, disrupt image
semantics by erasing ambiguous pixels and fail to generalize
in zero-shot scenarios where semantic labels are unavailable.
The soft mask strategy with PMM outperforms the best hard
mask method (Grounded-SAM) by 16.9% mAP, demonstrating
its superior ability to handle semantic ambiguity and preserve
contextual relationships.

7) Comparison of Computational Costs: PuXIM avoids us-
ing computational cost processing in the inference stage for effi-
cient retrieval. To validate its computational cost for large-scale
retrieval, we compare the GFLOPs, model parameters, and av-
erage inference runtime per pair on different datasets between
our method and 2 SOTA methods, i.e.,, SAKE [5] and ZSE-
SBIR [16], and the results are listed in Table XIII. Owing to
the cross-domain interaction components present in both the
training and inference stages, ZSE-SBIR requires dynamically
updating the feature gallery on the basis of the input sketch,
resulting in a longer average runtime. The runtime increases lin-
early with the expansion of the image gallery. For example, since
the image gallery of TU-Berlin (176081) is larger than that of
Sketchy (68401), the average runtime per image increases sig-
nificantly. Instead, PuXIM explores only cross-domain interac-
tions during the training stage and enables offline retrieval, i.e.,,
the image gallery features can be saved locally without updating
them on the basis of the sketch inputs. It requires only a small
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TABLE XIII
COMPARISON OF COMPUTATIONAL COST

int. TU-Berlin Sketchy
Model Backbone train  infer GFLOPs  Params (M) Runtime (ms) mAP Runtime (ms) mAP
SAKE [37] CSE-ResNet-50 X X 3.90 27.6 5.12 0.475 4.65 0.547
ZSE-SBIR [34] ViT-B/16 v v 19.5 102.2 50927.95 0.542 34017.10 0.698
PuXIM (Ours) ViT-B/16 v X 17.79 87.8 5.31 0.582 4.98 0.734
Query sketch Image Purified Baseline TABLE XIV

Purified

Fig. 9. Attention maps for PMM interaction. We compare the sketch-image
cross-domain effects learned by the model with and without the mask during
the training stage and use the sketch retrieval token [RET] as a query to display
the attention maps in the inference stage. In the purified semantic space, the
model can achieve more reasonable cross-domain correspondences under high
semantic ambiguity conditions. In contrast, the non-purified baseline model
prefers to focus on foreground regions within the image.

computation and parameter increment, and the retrieval effi-
ciency is comparable to that of SAKE [5]. Importantly, PuXIM’s
purified cross-domain interaction can significantly improve the
model in zero-shot scenarios.

8) How Mask Interaction Works: Our proposed PMM inter-
action component is specifically designed for the training phase.
However, we are still eager to ascertain whether interactions can
truly learn cross-domain relationships with semantic ambiguity,
thus benefiting the validation set. To investigate this, we de-
vise the following method: using retrieval tokens of the sketch
representation from the last layer as queries, we compute the
similarity with pixel-level feature tokens of images to generate
attention maps. Examples of sketch—image pairs with semantic
ambiguity on the Sketchy Ext validation set are shown in Fig. 9.
We observe that attention maps without mask operations tend to
focus on the most salient regions in the images, which are eas-
ily influenced by semantically ambiguous objects such as “door”
and “table”, both of which exhibit highlighted areas. In contrast,
attention maps with PMM interactions better align with sketch
queries, effectively reducing model distraction.

9) Ablation Study: We conduct an ablation study to exam-
ine the importance of each component in PuXIM. In particular,
based on Ours-full, we remove every individual component one
at a time while the other parts remain, and the results are listed
in Table XIV. We evaluate the hard mask matching operation,
which directly zeros out irrelevant pixels without applying PMM
reconstruction. While this masks ambiguous regions, it leads
to lower performance than the baseline (0.425 vs. 0.450 mAP
on TU-Berlin). The degradation occurs because zeroing pix-
els removes semantic information, disrupting important contex-
tual cues. In zero-shot scenarios, the absence of semantic label

ABLATION STUDY ON TU-BERLIN AND SKETCHY DATASETS

Baseline  VxL PMM TU-Berlin Ext Sketchy Ext
ViT-B/16 Mask L,.. Liny mAP Prec@100 mAP Prec@100
v v 0.425 0.602 0.526 0.679
v 0.450 0.588 0.579 0.718
v v 0.468 0.584 0.599 0.717
v v 0.472 0.596 0.606 0.726
v v v 0512 0.615 0.656 0.748
v v v 0.530 0.657 0.680 0.788
v v v v 0.582 0.673 0.734 0.810

jellyfish

eyeglasses

Fig. 10.  Visualization of masked feature maps. We obtain attention maps by
using retrieval tokens as queries to visualize feature maps. The multiple-head
outputs are summed to produce the results.

guidance further impairs generalization, especially for seman-
tically rich datasets. In contrast, PMM matching employs soft
masking, preserving contextual information while directing the
model’s focus to key regions. This approach not only avoids
performance degradation but also enhances generalization in
zero-shot scenarios, demonstrating the importance of recon-
struction in learning purified semantics. When the same no-mask
features are used for cross-domain interactions as in previous
methods, the model shows only marginal improvements. In-
stead, the proposed distraction-agnostic mask significantly im-
proves PMM reconstruction and interaction compared with no
mask. Specifically, reconstruction improves by 8% and 10.1%
in mAP on TU-Berlin and Sketchy, respectively, whereas inter-
action improves by 6.2% and 7.7%, respectively.

10) Visualization of Normalized Masked Features: The
ground truth in some of the images may have a low feature re-
sponse due to redundant information, which affects the quality
of the masked feature and PMM reconstruction. Hence, we com-
pute the mean and standard deviation for the remaining tokens
to obtain normalized tokens and obtain higher-quality masked
features. Some examples can be seen in Fig. 10, and it can be
observed that some objects obtain higher feature responses af-
ter normalization, such as “cup” and “eyeglasses”. The detailed
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TABLE XV
COMPARISON OF PUXIM WITH MASKED FEATURE NORMALIZATION

TU-Berlin Ext Sketchy Ext

norm — AP Prec@I00  mAP  Prec@100
X 0560 0.653 0.708 0.782
PuXIM— 0 580 0.673 0.734 0.810

~#-SAKE -e-ZSE-SBIR -#—Ours

~#-SAKE -e-ZSE-SBIR -#-Ours
075

0.5

0.25

Training pairs Training pairs

10k 20k 30k 40k 50k 10k 20k 30k 40k 50k
Sketchy Ext TU-Berlin Ext

Fig. 11. Comparison of our PuXIM, SAKE, and ZSE-SBIR validation accura-
cies in the zero-shot setup at the training stage (the backbones are all ViT-B/16).
We limit the number of training pairs to 10k per epoch. PuXIM is more con-
ducive to training with reduced data requirements.

experimental results on TU-Berlin and Sketchy are shown in
Table XV, where the normalized mask yields 2.2% and 2.6%
improvements in mAP, respectively.

11) Why PuXIM: The proposed framework is specifically de-
signed for the training phase, where the focus lies on examining
the advantages gained from purified sketch—image cross-domain
matching. To investigate the advantages of PuXIM in zero-shot
scenarios, the number of sketch—image pairs is restricted to 10k
for each training epoch, and the validation mAP of SAKE [5]
and ZSE-SBIR [16] in each epoch on the TU-Berlin and Sketchy
datasets are shown in Fig. 11. For a fair comparison, both SAKE
and ZS-SBIR use the same ViT-B/16 backbone. PuXIM achieves
remarkable mAP with less data, whereas the performances of the
other methods are substantially lower in the initial epoch with a
data quantity of 10%k. We posit that this discrepancy arises from
the influence of semantic ambiguity, necessitating the model
to learn from a larger dataset to differentiate between seman-
tics across different categories. In contrast, PuXIM, which is a
distraction-agnostic model, can focus on matching genuine se-
mantic correspondences between sketches and images without
being influenced by ambiguous semantics. As a result, it can
transfer to the zero-shot setup via reduced data.

12) Visualization of the Sketch—Image Representations: Our
objective is to improve the model’s ability to distinguish be-
tween sketch and image categories in semantic space. We em-
ploy t-SNE [75] to visualize the dimensionality reduction of
the sketch—image representations learned by PuXIM on Sketchy
Ext, which is compared with the dual encoder baseline. We ran-
domly select results from 10 categories for display, as shown
in Fig. 12. PuXIM significantly enhances the distinctiveness of
outliers (semantically ambiguous and challenging samples) in
semantic space, increasing the separation between different cate-
gories and correspondingly reducing misclassified samples (blue
rectangular regions in the image domain and red rectangular re-
gions in the sketch domain). Another noteworthy phenomenon
is that images have more outliers than sketches do because of
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ViT baseline
(Photo)

ViT baseline
(Sketch)

PuXIiM
(Sketch)

Ag¥ PUXIM &
’iﬂ (Photo)

Fig. 12.  Visualized t-SNE results. Image representations in the sketch seman-
tic space are preserved and lightened for comparison. PuXIM can establish a
more accurate semantic space and effectively reduce ambiguous categories and
ambiguous samples (outliers).

semantic ambiguity, which is consistent with our previous dis-
cussion. While PuXIM effectively reduces outliers (ambigu-
ous images) through purified sketch-image matching, it also
achieves better semantic space for sketches.

V. CONCLUSION AND FUTURE WORK

This paper introduces PuXIM, a novel distraction-agnostic
framework for zero-shot sketch-based image retrieval (ZS-
SBIR), which addresses semantic ambiguity between sketches
and natural images. By integrating the visual-cross-linguistic
(VxL) sampler and purified masked matching (PMM), our ap-
proach significantly improves cross-domain semantic matching.
PMM, which leverages masked image representations gener-
ated by VxL, facilitates refined sketch—image pairing through
enhanced reconstruction and interaction techniques. Compre-
hensive testing and visual analysis confirm PuXIM’s superior-
ity in ZS-SBIR, setting new benchmarks on the Sketchy and
TU-Berlin datasets via basic dual encoders.

A plausible limitation of our method lies in the linguistic mask
generated by CLIP, which operates at the patch level with a fixed
masking rate. This approach lacks the precision needed to elimi-
nate redundant semantics effectively, especially when the target
in the image is small. Future work will explore pixel-level mask
generation to increase the precision of PuXIM. Additionally, we
plan to train the model on datasets with high semantic ambiguity
via precise masks and transfer it to fine-grained retrieval tasks,
aiming to achieve unified interclass and intraclass fine-grained
retrieval with higher precision.
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