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Abstract

Fine-Grained Sketch-Based Image Retrieval (FG-SBIR) aims
to minimize the distance between sketches and correspond-
ing images in the embedding space. However, scalability is
hindered by the growing complexity of solutions, mainly due
to the abstract nature of fine-grained sketches. In this paper,
we propose an effective approach to narrow the gap between
the two domains. It mainly facilitates unified mutual informa-
tion sharing both intra- and inter-samples, rather than treating
them as a single feature alignment problem between modali-
ties. Specifically, our approach includes: (i) Employing dual
weight-sharing networks to optimize alignment within the
sketch and image domain, which also effectively mitigates
model learning saturation issues. (ii) Introducing an objec-
tive optimization function based on contrastive loss to en-
hance the model’s ability to align features in both intra- and
inter-samples. (iii) Presenting a self-supervised Multi-Scale
Token Recycling (MSTR) Module featured by recycling dis-
carded patch tokens in multi-scale features, further enhanc-
ing representation capability and retrieval performance. Our
framework achieves excellent results on CNN- and ViT-based
backbones. Extensive experiments demonstrate its superiority
over existing methods. We also introduce Cloths-V1, the first
professional fashion sketch-image dataset, utilized to validate
our method and will be beneficial for other applications.

Code — https://github.com/ExponentiAI/ARNet

Introduction
Starting with (Yu et al. 2016), the triplet loss has gained
prominence in the field of Fine-Grained Sketch-Based Im-
age Retrieval (FG-SBIR). It encourages proximity among
similar samples (Pos) in the embedding space while push-
ing different samples (Neg) farther apart, as shown in
Fig. 1 (a), thereby achieving effective separation of the sam-
ples. However, the selection of suitable triplets necessitates
further refinement to achieve optimal performance. More-
over, in some cases, the triplet loss might not provide suffi-
cient gradient signals, affecting the model optimization pro-
cess. To address these challenges, methods such as rein-
forcement learning (Muhammad et al. 2018; Bhunia et al.
2020, 2022a), meta-learning (Sain et al. 2021; Bhunia et al.
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Figure 1: [Left] Comparison of our objective function with
traditional methods based on Triplet Loss (TL) and Con-
trastive Loss (CL). [Right] Comparison of our method with
previous methods for handling Patch Tokens in ViTs.

2022b), and out-of-sample learning (Sain et al. 2023) have
emerged. These approaches aim to refine the model’s re-
trieval capabilities. However, such strategies may introduce
instability during model training and pose challenges in tun-
ing hyperparameters, such as gradient vanishing and hy-
perparameter sensitivity in (Sain et al. 2021; Bhunia et al.
2021). These challenges collectively compromise the over-
all model scalability, making it challenging for researchers
to further expand their research. Furthermore, several meth-
ods (Sain et al. 2020; Yang et al. 2021; Pang et al. 2020)
divide input sketches into strokes or layers, adding addi-
tional complexity. These might be less compatible with other
datasets and less adaptable for broader exploration. In sum-
mary, triplet loss has achieved widespread adoption and
spurred the development centered on its selection and op-
timization. However, this advancement has come at the cost
of modeling complexity and a compromise in stability.

The introduction of Vision Transformer (ViT) (Dosovit-
skiy et al. 2020) has introduced a new architectural back-
bone and powerful performance in the field of computer vi-
sion. However, existing methods (Abhra et al. 2022; Sain
et al. 2023) typically utilize the [CLS] Token as feature out-
put, discarding the features of other Patch Tokens as shown
in Fig. 1, or employing common aggregation methods such
as AvgPool or MaxPool, etc. We found that there are dif-
ferences between these discarded Patch Tokens, which may
contain potential useful information. Therefore, reasonable
recycling of useful features from these discarded tokens will
improve the representation ability of the model.
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In this study, we introduce the ARNet (Feature Alignment
and Token Recycling). We experimentally discovered that
a straightforward methodology can achieve favorable re-
sults and enhance the model’s versatility by switching any
backbone. Additionally, recycling token features can im-
prove the model’s feature representation capability. Specifi-
cally, we simultaneously optimize the feature distribution of
intra- and inter-samples through structural design and loss
function configuration. Our initial experiments revealed that
single-branch encoders can tend to train saturation. There-
fore, we introduced a dual weight-sharing network structure
to enhance feature consistency within the sketch and im-
age domains, ensuring effective learning of key fine-grained
features. We also proposed a new objective optimization
method for self-supervised training, promoting optimization
of features in both intra- and inter-samples, as shown in
Fig. 1 (c), which differs from traditional Triplet Loss (a) and
Contrastive Loss (b). Furthermore, we introduced the plug-
and-play Multi-Scale Token Recycling (MSTR) Module to re-
cycle discarded Patch Tokens and used Multi-Scale Token-
Wise Contrastive Learning to filter out similar features be-
tween tokens while retaining unique features. This approach
enhances feature learning from individual samples, thereby
improving the model’s representation ability.

In summary, our contributions are summarized as follows:
• We propose a novel self-supervised FG-SBIR framework

straightforwardly with the dual weight-sharing networks
to enhance feature alignment within the samples domain
and the objective optimization function to optimize intra-
and inter-sample feature distributions concurrently.

• We introduce a plug-and-play module for ViT, the
MSTR, which leverages the discarded patch tokens recy-
cling and contrastive learning among tokens with multi-
scale features to achieve better feature representation and
enhanced performance.

• Extensive experiments verify the effectiveness of each
component and the superior performance of our method
on FG-SBIR over other state-of-the-art methods.

• Additionally, we introduce a new dataset named Clothes-
V1, filling the gap in professional fashion clothing
datasets in this field. Its multi-level quality can be valu-
able for other computer vision tasks as well.

Related Work
FG-SBIR. Fine-grained sketch-based image retrieval
(FG-SBIR) involves retrieving images in a specific category
based on a given sketch query. The evolution of FG-SBIR,
from the introduction of triplet loss (Yu et al. 2016) to ad-
vancements in model learning capabilities through attention
mechanisms (Song et al. 2017) and recent approaches such
as reinforcement learning (Muhammad et al. 2018; Bhu-
nia et al. 2020, 2022a), meta-learning (Sain et al. 2021;
Bhunia et al. 2022b), and sketch layered feature represen-
tation (Bhunia et al. 2020; Sain et al. 2020; Yang et al.
2021), has been rapid. However, these approaches are based
on triplet loss and improve model performance using intri-
cate methodologies. In contrast, our approach takes a differ-
ent perspective by designing a simple and universal frame-

Figure 2: (a) A initial network for FG-SBIR. (b) Visualiza-
tion of the training process with different augmentations.

work. This is suitable for any backbone, yielding improved
retrieval results without a complex methodology design.

Contrastive Learning. Contrastive learning improves
model representational ability by maximizing positive sam-
ple similarity and minimizing negative sample similarity. In
earlier works, Wu et al. (2018) proposed the memory bank to
store data features. Since then, methods like (Ye et al. 2019;
Tian, Krishnan, and Isola 2020; Chen et al. 2020; Duan et al.
2024) used data augmentation, learned from multiple views
as input or larger pos-neg sample pairs, etc. He et al. (2020)
proposed the momentum encoder to address sample selec-
tion bias. Caron et al. (2020) used a clustering algorithm to
reduce computational costs. Recently, Wang et al. (2021b);
Tang et al. (2021, 2023) proposed pixel contrast for im-
age segmentation or synthesis. These methods drive unsu-
pervised representation learning to achieve superior perfor-
mance. Similarly, we can leverage the concept of contrastive
learning to FG-SBIR for better retrieval performance.

Vision Transformer. Vision Transformer (ViT) (Doso-
vitskiy et al. 2020) uses a self-attention mechanism
like (Vaswani et al. 2017), leading to a more effective way to
model global features compared to traditional CNNs. Based
on this, methods such as (Han et al. 2021; Thiry et al. 2024;
Liu et al. 2021; Wang et al. 2021a) proposed smaller patches,
the shift-window mechanism, progressive shrinking pyra-
mid, etc. to further enhance the capability of ViTs. How-
ever, only a few studies (Abhra et al. 2022; Sain et al. 2023)
have explored ViT in the field of FG-SBIR. Moreover, these
methods choose the [CLS] Token as feature output and dis-
card other Patch Tokens, which will also result in discarding
some potentially useful features. Therefore, we introduce the
ViT into FG-SBIR and further improve model performance
by recycling the discarded features.

Methodology
How to Keep Learning?
We begin with an initial structure as shown in Fig. 2 (a), us-
ing the prevalent pre-trained ViT-B/16 (Dosovitskiy et al.
2020) as our backbone and modifying the dimensions of
the classification layer. However, we encountered the first
challenge: the model’s performance exhibited saturation
around the 150-epoch mark, and subsequent training iter-
ations yielded negligible enhancements, as illustrated by
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Figure 3: (a)(b) The average attention distance of ViT backbone in multi-heads (dots) w.r.t each layer. (c)(d) The comparison
of similarity and variance between discarded 196 Patch Tokens in the output of the ViT backbone.

the A0 curve in Fig. 2 (b) *. We tried experimenting with
conventional solutions like data augmentation, output fea-
ture normalization, etc. Unfortunately, these methods did not
show improvements. In terms of data augmentation, meth-
ods like A1 and A2 appeared to have no benefit in the gener-
alization capability or even drive the model into overfitting
territory, as shown in Fig. 2 (b) by the A1 and A2 curves.

Thus, the question of whether the model’s ability to learn
better feature representations from input samples was im-
peded by its single-network architecture. Inspired by (Brom-
ley et al. 1993), we surpass this limitation by introducing the
dual weight-sharing networks. This change in approach en-
abled the model to optimize the feature distribution of both
intra- and inter-samples, yielding more representative and
discriminative features. Furthermore, through an alternative
preprocessing approach for inputs, we have a noteworthy ob-
servation: the inclusion of A0 is beneficial to the weight-
sharing network and consistently yields better outcomes. In-
triguingly, the elaborate data augmentation strategy A2 is in-
compatible with the nuances of fine-grained datasets, damp-
ening the model’s generalization abilities. The A0+A1 curve
in Fig. 2 (b) demonstrates the model’s enduring generaliza-
tion capacity within the 500 epochs with the absence of pro-
nounced feature degradation.

Are Discarded Patch Tokens Useless?
In previous studies (Dosovitskiy et al. 2020), the features at
the [CLS] Token were chosen as the features extracted by
ViT, and the features at other Patch Tokens were discarded.
So are these discarded features really useless?

The Multi-Head Self-Attention module is the core compo-
nent of the ViT, aiding in the analysis of information and at-
tention distribution learned by the model. For the n-th head,
the attention matrix can be expressed as:

Attn = softmax
(
Qn(Kn)T /

√
dKn

)
·Vn, (1)

where n ∈ {1, . . . , N}, N is the number of multi-heads with
each head computing the attention independently, followed
by concatenation and projection to form the final output. Q
(query), K (key), and V (value) are linear projections of the
input feature, obtained by applying three learnable weight
matrices WQ, WK , and WV , respectively.

*A0: no augmentation. A1: image scaling, rotation, and crop-
ping operations. A2: similar to Moco (He et al. 2020).

As expressed in Eq. (2), we calculate the mean Mean and
variance Var of the average attention distance of each head.
Here, Attij is the attention weight of the i-th token to the
j-th token, |i− j| is the distance between the i-th token and
the j-th token, and µi is the average attention distance of the
i-th token. M is the number of patch tokens.

µi =

M∑
j=1

Attnij |i− j|, Meann =
1

M

M∑
i=1

µi,

Varn =
1

M

M∑
i=1

M∑
j=1

(Attnij |i− j| − µi)
2.

(2)

As illustrated in Fig. 3, we compute the average atten-
tion distance of multi-heads attention for each layer within
the ViT backbone, along with the Mean and Variance of
attention distance for each layer. A lower Mean indicates
a model preference for local features, while a lower Vari-
ance indicates more consistent feature representations. We
observe that the model’s attention map tends to be consistent
as the number of model layers increases (Fig. 3 (a)), but it
is not completely consistent (Fig. 3 (b)). There are always
some differences between the Patch Tokens in each head
(Fig. 3 (c)), and these differences likely contain useful se-
mantic information. By recycling these discarded Patch To-
kens, we can extract the unique features contained in each
token and integrate them into the [CLS] Token, achieving
better feature representation. Fig. 3 (c) and (d) present the
feature similarity graphs with and without the Patch Tokens
recycling, respectively. Our method increases feature differ-
ences by 36.87%, thereby ensuring that the unique features
of each token are retained and utilized effectively.

Feature Alignment and Token Recycling
We present the framework of our method in Fig. 4, which
consists of three main components: (i) The Basic Model that
achieves high retrieval performance with a straightforward
structure by feature alignment. (ii) The Multi-Scale Token
Recycling (MSTR) Module designed to recycle potentially
valuable features from discarded Patch Tokens. (iii) The Loss
Function utilized for optimizing model training.

Basic Model. We begin by randomly loading sketch-
image sample pairs from the dataset and performing data
augmentation. The augmented and original samples are then
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Figure 4: An overview of our method, which enhanced feature alignment from both intra- and inter-sample perspectives. We
propose the MSTR Module to further improve the Encoder’s feature representation ability by recycling discarded Patch Tokens.

input into the weight-sharing network E as previously de-
scribed. Finally, we utilize a linear layer to map the [CLS]
Token of sketch and image features to a joint embedding
space. Specifically, denoting the sketches and images within
our dataset as S and I respectively, with the number of sam-
ples in each minibatch designated as m, we succinctly rep-
resent our data-loading process as Bm ⇒ {sj ∈ S, ij ∈
I | sj and ij ∈ R224×224×3}, and j = 1, 2, . . . ,m. Ini-
tiating the feature extraction process, we begin by apply-
ing data augmentation to the input samples Bm, generating
the sample pairs denoted as B′m ⇒ {(sj , s′j , ij , i′j) | sj ∈
S, ij ∈ I, s′j ∈ S and i′j ∈ I are augmented samples}.
Subsequently, the augmented samples undergo patch en-
coding and positional encoding before being fed to the en-
coders Eskt and Eimg , obtaining the sketch features Fskt ⇒
{fskt ← Eskt(s), f ′

skt ← Eskt(s′)} and image features
Fimg ⇒ {fimg ← Eimg(i), f

′
img ← Eimg(i

′)} for the
input samples Bm. Finally, the resulting features Fskt and
Fimg are channeled through a linear layer, mapping them
into the R1×512 dimension within a joint embedding space.
This process yields the embedded sketch features Fout

skt and
image features Fout

img for retrieval in a straightforward way.

MSTR Module. Based on the previous analysis and the
Basic Model, we further propose the Multi-Scale Token Re-
cycling (MSTR) Module, which can achieve a better fea-
ture representation of samples by recycling potentially use-
ful features from discarded Patch Tokens. Specifically, for
the feature F obtained by the ViT backbone, which contains
the features of retained [CLS] Token FCLS and discarded
Patch Tokens FPT . We use the MSTR Module to extract po-
tentially useful features from the FPT , then output and add
them to the FCLS . Other operations remain consistent with
the Basic Model, making MSTR a plug-and-play module.

For the input feature FPT , we recognize that after the

self-attention mechanism of ViT, the features among these
tokens become More Similar. To uncover potentially use-
ful information, we leverage the fact that each token orig-
inates from a different position in the image, thus contain-
ing unique semantic information. Our goal is to make the fi-
nal FPT More Diverse, ensuring each token retains unique
and useful features, thereby improving the overall feature
representation. We first reduce the dimension of FPT to ob-
tain three scale features, providing a richer multi-level fea-
ture representation FML. We then use two Transformer lay-
ers (Vaswani et al. 2017) to sequentially encode the FML.
Finally, the resulting embedded feature is dimensionally re-
duced and added with FCLS .

During the model training process, we reduce the dimen-
sion of FML to filter out and concatenate the key feature
Fmap

ML . Furthermore, we constructed a Multi-Scale Contrast
Map (MAP) to guide the learning of the MSTR Module. For
tokens within the same scale, we maximize the distance be-
tween them to highlight their differences. For tokens be-
tween different scales, we maximize the distance between
patches at different positions and minimize the distance be-
tween patches at the same or adjacent positions, ensuring
that we capture unique features while not ignoring the in-
herent similarities among tokens:

ℓrecyc =
1

n2

n∑
i=1

n∑
j=1

(
(Fmap

ML · F
map
ML

T
)ij − MAPij

)2

. (3)

Loss Function
Inspired by (Chen et al. 2020), we introduce contrastive loss
as our basic objective function:

L(F) = − 1

N

N∑
i=1

log

∑ L
N −1
z=1 exp((Fi · F⊤

N ·z+i)/τ)∑L
j=1 I[i̸=j] exp((Fi · F⊤

j )/τ)
, (4)
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Figure 5: Comparison of our dataset with other datasets.

whereF denotes an input feature vector derived from n sam-
ple vectors and concatenate Cat along the batch size dimen-
sion, its construction follows F = Cat(F1,F2, . . . ,Fn). N
is the batch size, L is the length of the concatenated fea-
ture vector, and τ is a temperature parameter. The indicator
function I[i ̸= j] ∈ {0, 1} equals 1 when i ̸= j. (·) is the dot
product to obtain the similarity matrix between two vectors.

Basic Model Optimize. The complete loss function of our
Basic Model (ARNet Basic) comprised of: (i) Multi-Modal
Loss ℓmulti minimizes the distance between the sketch and
its corresponding image within the joint embedding space.
(ii) Inter-Sample Loss ℓinter encourages the similarity be-
tween the sketch features and image features output by their
Encoders E , which can further optimize their ultimate distri-
bution within their joint embedding space. (iii) Intra-Sample
Loss ℓintra learns the distinctive features inherent to the
original images and their augmented counterparts in a self-
supervised way, enhancing the capability of feature repre-
sentation. In general, it is represented as follows:

LB =
L(Fout

skt ,Fout
img)︸ ︷︷ ︸

ℓmulti

+L(fskt, fimg)︸ ︷︷ ︸
ℓinter

+L(fskt, f ′
skt) + L(fimg, f

′
img)︸ ︷︷ ︸ .

ℓintra

(5)

Full Model Optimize. Based on the Basic Model, we in-
corporate the MSTR Module to achieve better performance.
As a result, the loss function of our full model (ARNet Full)
can be represented as:

L+ = LB + ℓrecyc. (6)

In this way, our approach can facilitate the model to si-
multaneously focus on information both intra- and inter-
samples with multi-perspectives, while incorporating recy-
cled potentially valuable features.

Experiments and Results
Experimental Settings
Clothes-V1. We invited four professional designers (over
five years) and three junior designers (over one year or de-
sign novice) to complete its creation. This diverse team com-
position ensures a wide range of sketch styles and levels of

Method
Clothes-V1(%)

Acc.@1 Acc.@5 Acc.@10
Triplet-SN 64.36 85.82 92.73
Triplet-Att-SN 70.18 83.64 91.64
B-Siamese 84.73 97.82 99.27
OnTheFly 63.27 90.18 92.73
EUPS-SBIR 89.47 94.73 97.36

ARNet Basic 94.12 98.91 99.27
ARNet Full 95.27 98.55 99.27

Table 1: Comparative results of our model against other
methods on Clothes-V1.

expertise, making the dataset more representative of real-
life scenarios. Its specialized nature and diverse collection
of fashion sketches make it a valuable resource for various
tasks, including FG-SBIR, image generation, image transla-
tion, and fashion-related research.

Specifically, Clothes-V1 has 1200 (500) sketches (im-
ages), containing 925 (380) and 275 (120) for the training
and validation set. Each image corresponds to at least one
sketch and at most five sketches. The dataset is further cate-
gorized into types such as sweaters, shirts, jackets, dresses,
cheongsams, etc. Please refer to our GitHub for more details.

Datasets. We utilize two widely used FG-SBIR datasets
QMUL-Chair-V2 and QMUL-Shoe-V2 (Yu et al. 2016)
along with our proposed self-collected dataset Clothes-V1
to evaluate the performance of our proposed framework.
The QMUL-Chair-V2 includes 964 (300) and 311 (100)
sketches (images) for the training set and validation set, and
the QMUL-Shoe-V2 includes 5982 (1800) and 666 (200)
sketches (images) for the training set and validation set.

Implementation Details. Our model is implemented us-
ing the PyTorch framework and is based on the ViT-B/16-1K
model (Dosovitskiy et al. 2020). The input size is 224×224,
the final embedding vector’s dimension is 512, and the tem-
perature parameter τ is 0.07. We train the model on a single
NVIDIA 32GB Tesla V100 GPU, using a batch size of 16
and the Adam optimizer (Kingma and Ba 2014) with a learn-
ing rate of 6e-6 and weight decay of 1e-4, and the training
process lasts for 500 epochs. In addition, we incorporated
other pre-trained models VGG16 (Simonyan and Zisserman
2014), ResNet50 (He et al. 2016), InceptionV3 (Szegedy
et al. 2016), and Swin-ViT (Liu et al. 2021) to further verify
the adaptability and efficacy of our framework.

Evaluation Metrics. We utilize the widely used R@1,
R@5, and R@10 to quantify the retrieval performance,
which represents the probability of the correct image appear-
ing in the first 1, 5, and 10 retrieved results, respectively.

Competitors. We compare our approach with previous 12
state-of-the-art methods: Triplet-SN (Yu et al. 2016), Triplet-
Att-SN (Song et al. 2017), and B-Siamese (Sain et al. 2020)
are basic methods. CMHM-SBIR (Sain et al. 2020) proposes
a multi-level structure. OnTheFly (Bhunia et al. 2020) em-
ploys multi-stage sketch input. SketchAA (Yang et al. 2021)
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Method
QMUL-Chair-V2 QMUL-Shoe-V2

R@1 R@5 R@10 R@1 R@5 R@10
Triplet-SN 33.75 65.94 79.26 18.62 43.09 59.31
Triplet-Att-SN 37.15 67.80 82.97 22.67 51.20 65.02
B-Siamese 40.56 71.83 85.76 20.12 48.95 63.81
CMHM-SBIR 51.70 80.50 88.85 29.28 59.76 74.62
OnTheFly 39.01 75.85 87.00 35.91 66.78 78.54
SketchAA 52.89 - 94.88 32.22 - 79.63
Semi-Sup 60.20 78.10 90.81 39.10 69.90 87.50
StyleMeUp 62.86 79.60 91.14 36.47 68.10 81.83
Adpt-SBIR - - - 38.30 76.60 -
Part-SBIR 63.30 79.70 - 39.90 68.20 82.90
NT-SBIR 64.80 79.10 - 43.70 74.90 -
EUPS-SBIR 71.22 80.10 92.18 44.18 70.80 84.68

ARNet Basic 73.31 93.24 97.15 40.11 67.54 79.29
ARNet Full 75.45 94.66 97.87 42.91 72.95 81.72

Table 2: Comparative results of our model against other
methods on QMUL-Chair-V2 and QMUL-Shoe-V2.

proposes a multi-granularity modeling. Semi-Sup (Bhunia
et al. 2021) introduces a semi-supervised framework. Style-
MeUp (Sain et al. 2021) proposes a meta-learning frame-
work. Adpt-SBIR (Bhunia et al. 2022b) introduces a model-
agnostic framework. Part-SBIR (Chowdhury et al. 2022)
proposes cross-modal associations. NT-SBIR (Bhunia et al.
2022a) uses sketch stroke selection. EUPS-SBIR (Sain et al.
2023) employs model aided learning.

Performance Analysis
FG-SBIR. As presented in Tables 1 and 2, our proposed
method exhibits superior performance compared to other
baselines on three datasets. (i) QMUL-Chair-V2: Our model
achieves new SOTA results and its Top5 accuracy can sur-
pass EUPS-SBIR’s Top10 accuracy. For Top1 accuracy, it
outperforms nearly 10% compared to NT-SBIR and Part-
SBIR. (ii) QMUL-Shoe-V2: Although our model does not se-
cure the top ranking, it still demonstrates encouraging poten-
tial with third position, boasting a slight gap in three metrics
compared to the existing methods. This can be attributed
to the dataset’s larger size and the more relatively irregu-
lar sketch strokes compared to the chair and clothes, lead-
ing to more complex mappings and being closely clustered
within the joint embedding space, which may affect the op-
timization process. (iii) Clothes-V1: The results present a
clear advantage of our model in Top1 and Top5 accuracy,
along with an impressive nearly 100% accuracy in Top10.
(iv) ARNet Full: Based on the ARNet Basic, our model
achieved excellent results on three datasets with steady im-
provement by our proposed MSTR Module. These experi-
mental results demonstrate our model’s remarkable retrieval
capabilities in a straightforward way, as well as the effective-
ness of our approach for recycling discarded Patch Tokens.

Retrieval Performance. We present the comparative re-
trieval performance in Fig. 6. The corresponding images
retrieved by our method achieve better ranking results in

Figure 6: Retrieval results between our method (blue) and
Triplet-Att-SN (green) on QMUL-Chair-V2.

Figure 7: t-SNE visualizations of sketches (blue) and images
(pink) feature embeddings on QMUL-Chair-V2.

Acc.@5 (top). The top-retrieved image in the Acc.@10 also
exhibits a significant similarity to the provided sketch (bot-
tom). Furthermore, in the second row, despite the ground
truth being in second place, the first one resembles the pro-
vided sketch from a human visual perspective. These results
highlight our stronger retrieval performance.

Feature Embedding. We utilize the t-SNE (Van der
Maaten and Hinton 2008) to visualize the distribution of en-
coded sketches and images in the joint embedding space.
As depicted in Fig. 7, it illustrates a relatively even distribu-
tion across two modalities and a close distribution between
images and their corresponding sketches. This indicates the
success of our method in extracting and encoding key in-
formation, effectively optimizing sample feature distribution
and yielding better retrieval results.

Ablation Study
Framework. Table 3 represents that our dual weight-
sharing networks can significantly enhance the overall per-
formance of the model across various mainstream backbone
networks. In essence, our framework takes into account both
the single feature distribution and the joint feature distribu-
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Method Backbone ℓinter Acc.@1 Acc.@5 Acc.@10
Fr

am
ew

or
k

Sing VGG16 # 22.42 56.23 74.38
Sing InceptionV3 # 39.86 78.29 90.04
Sing ResNet50 # 36.66 74.73 86.48
Sing ViT-B/16 # 59.43 89.32 95.02
Sing Swin-ViT # 62.63 93.24 97.51

Doub VGG16 # 31.32 64.77 81.14
Doub InceptionV3 # 42.71 80.43 90.39
Doub ResNet50 # 42.35 72.95 85.41
Doub ViT-B/16 # 58.36 90.75 95.37
Doub Swin-ViT # 63.35 90.75 95.37

Doub VGG16 ✓ 46.26 79.00 86.83
Doub InceptionV3 ✓ 46.26 82.56 91.82
Doub ResNet50 ✓ 48.04 81.14 89.32
Doub ViT-B/16 ✓ 73.31 93.24 97.15
Doub Swin-ViT ✓ 73.31 93.95 98.22

Method Augment Loss Acc.@1 Acc.@5 Acc.@10

D
at

al
oa

de
r

Sing A0 C 59.43 89.32 95.02
Sing A1 C 68.33 90.39 95.73
Sing A2 C 61.92 91.04 96.44

Doub A0+A1 C 73.31 93.24 97.15
Doub A0+A2 C 69.75 92.17 95.37
Doub A1+A2 C 64.41 87.19 93.24
Doub A2+A1 C 58.36 85.41 91.82

Trp-S A0 T 57.65 89.83 96.09
Trp-S A1 T 55.52 87.90 95.37
Trp-S A2 T 51.60 81.85 90.75

Trp-I A0 T 24.20 51.96 68.68
Trp-I A1 T 16.01 41.64 55.87
Trp-I A2 T 17.44 41.28 58.36

Table 3: Ablation Studies on our framework and different
ways to load datasets on QMUL-Chair-V2. ((i) Doub: Uti-
lized our dual weight-sharing networks. (ii) Sing: no utiliza-
tion. (iii) Trp-S/I: Use the sketch/image sample as Triplet-
loss anchor. (iv) C/T: Contrastive loss/Triplet loss.)

tion of sketches and images, resulting in better feature rep-
resentations. Furthermore, we observed that the ℓinter can
enhance the overall model’s performance and accelerate the
convergence trajectory. This can be attributed to its ability to
further enhance the feature alignment between sketches and
images, contributing to the extraction of more distinctive and
representative features by dual weight-sharing networks.

Dataloader. We compare three different data processing
strategies using two data loading methods based on the Con-
trast loss C and the Triplet loss T in Table 3. The results
demonstrated that the C-based method consistently outper-
forms the T-based method under the same conditions. This
superiority is attributed to our loss function’s comprehen-
sive in-sample and inter-sample optimization, which pro-
vides greater gradient contrast information in each mini-
batch optimization, thereby enhancing overall performance.

Rcyc Map LayT LayS Dim Acc.@1 Acc.@5 Acc.@10

# # # # # 73.31 93.24 97.15
max # # # # 72.95 94.66 98.22
mean # # # # 71.89 93.59 97.15
cat # # # # 65.48 92.53 97.51
✓ # 1 3 16 73.67 94.31 97.51
✓ ✓ 1 3 16 74.38 94.66 97.15
✓ ✓ 3 3 16 71.89 93.24 96.44
✓ ✓ 2 3 16 75.45 94.66 97.87
✓ ✓ 2 4 16 72.95 92.53 97.87
✓ ✓ 2 2 16 73.67 95.02 95.02
✓ ✓ 2 3 8 72.60 93.59 97.15
✓ ✓ 2 3 24 73.31 94.31 97.51
✓ ✓ 2 3 48 72.60 93.59 97.15

Table 4: Ablation Studies on our MSTR Module on QMUL-
Chair-V2. (max, mean, and cat: Use MaxPool, AvgPool,
and Concatenation for Discarded Patch Tokens.)

MSTR Module. As shown in Table 4, we conducted ab-
lation experiments on the MSTR module from four perspec-
tives: recycling discarded Patch Tokens (Rcyc), construct-
ing MAP (Map), the number of Transformer Layers (LayT),
the number of feature Scale Layers (LayS), and the fea-
ture dimension used for Map (Dim). The results indicate
that simple methods like MaxPool, AvgPool, and Concate-
nation not only fail to improve but may even negatively im-
pact model performance. Using the map can enhance con-
trastive learning between tokens, thus improving model per-
formance. When examining LayT, 2 layers outperformed
both 1 and 3 layers. This is mainly because 1 layer fails to
encode feature information adequately, while 3 layers result
in over-encoding and negative effects. For validating LayS,
we evaluated models with 2 and 4 layers compared to our
3-layer setting. The results demonstrate that using 3 layers
improves Top1 accuracy by approximately 2% and 3% com-
pared to the settings of 2 and 4 layers, while also achieving
balanced performance in Top5 and Top10 accuracy. Regard-
ing Dim, we observed a similar phenomenon that 8 cannot
encapsulate all unique information, while 24 and 48 include
too much irrelevant information, weakening the feature rep-
resentation of discarded Patch Tokens. These findings collec-
tively demonstrate the effectiveness of our MSTR module.

Conclusion
In this paper, we present ARNet, a novel FG-SBIR solution,
along with a general and diverse clothing dataset, Cloth-
V1. Our approach incorporates structure and loss function
design, enabling the model to concurrently focus on intra-
and inter-sample feature alignment. Our proposed method
exhibits strong scalability, accommodating various main-
stream backbones as feature extraction networks, and offers
straightforward implementation. Moreover, we introduce the
MSTR module to further improve our basic model represen-
tation ability by recycling discarded Patch Tokens. Extensive
experiments demonstrate that our ARNet achieves superior
retrieval performance across several benchmarks.
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