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Abstract 

Introduction: Sketch-Based Image Retrieval (SBIR) is a task that involves retrieving natural images using 

freehand sketches as queries. This task presents significant challenges due to the substantial visual domain gap 

between abstract sketches and detailed photos, as well as the high variability among different sketches of the 

same object. Although deep learning techniques have advanced SBIR performance, they often rely heavily on 

large amounts of category-specific paired data and show limited ability to generalise to unseen categories. 

Objectives: This study aims to develop a robust and generalisable SBIR framework that can effectively perform 

in low-data regimes, such as few-shot and zero-shot scenarios, where traditional deep learning models often 

fail. 

Methods: We propose Meta-SBIR, a novel meta-learning-based SBIR framework. The approach focuses on 

learning either a model initialisation that quickly adapts to new tasks or a generalisable metric space that 

performs well across various SBIR tasks. By leveraging meta-learning principles, our method is trained to 

transfer knowledge across different sketch-photo retrieval scenarios, thereby improving its ability to handle 

novel and diverse categories with minimal data. 

Results: We evaluate the proposed Meta-SBIR framework on two challenging benchmark datasets: the fine-

grained Sketchy dataset and the more abstract TU-Berlin dataset, along with a potential generic 'Abstract' 

category. Experimental results show that Meta-SBIR significantly outperforms traditional deep learning 

baselines and conventional fine-tuning strategies. In particular, it demonstrates higher retrieval accuracy 

measured by mean Average Precision (mAP) and Precision@k, especially in few-shot settings.  

Conclusions: The Meta-SBIR framework effectively addresses the limitations of existing SBIR methods by 

enhancing generalisation and retrieval performance in low-data regimes. This approach shows strong potential 

for real-world applications where sketch queries vary greatly and annotated data is scarce. 

Keywords: SBIR, Meta-Learning, Few-Shot Learning, Deep Learning, Cross-Modal Retrieval, Sketchy Dataset, 

Abstract Sketches. 

1. Introduction 

Sketch-Based Image Retrieval (SBIR) [1], [2] bridges 

the gap between human visual conception 

(expressed via sketches) and vast digital image 

collections. Its applications are diverse, ranging 

from e-commerce search [3] and digital art 

retrieval [4] to forensic identification [5] and 

educational tools.  The main difficulty stems from 

finding matches between the abstract sparse 

sketches that lack concrete viewpoints with high-

detail natural image contents [6] [7]. The task of 

retrieving images from sketches presents a major 

cross-modal retrieval challenge because sketches 

generated by different people vary significantly  

 

[8]. Early SBIR methods relied heavily on 

handcrafted local and global features like SIFT, 

HOG, and Shape Contexts [9], [10]. Despite their 

pioneering nature, these methods frequently faced 

challenges due to the significant abstraction level 

and deformation inherent in sketches. The advent 

of deep learning, particularly Convolutional Neural 

Networks (CNNs) [11], [12], revolutionised the 

field. The learning of discriminative embeddings 

for mapping sketches to photos in the shared 

latent space is achieved by Deep SBIR models that 

utilize Siamese [13], Triplet [14], or Quadruplet 

[15] network architectures trained either with 
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contrastive or triplet losses [16], [17]. Despite 

notable successes [18], [19], deep SBIR models 

face limitations. They usually require large-scale 

datasets with numerous sketch-photo pairs per 

category for effective training [20]. Furthermore, 

models trained on a fixed set of categories often 

exhibit poor generalisation when encountering 

new categories for which limited or no paired 

training data is available (Few-Shot SBIR or Zero-

Shot SBIR) [21], [22]. Such behavior hinders 

practical deployment where new object classes are 

constantly emerging. 

     To address the challenge of data scarcity and 

poor generalisation to new categories, we propose 

leveraging meta-learning [23], [24]. Meta-learning, 

or "learning to learn", aims to train models that 

can quickly adapt to new tasks using only a small 

number of examples. Instead of learning direct 

sketch-to-photo mappings for specific categories, a 

meta-learning approach learns a meta-model (e.g., 

a model initialisation or a learning algorithm) that 

performs well across a distribution of SBIR tasks, 

where each task might involve recognising and 

retrieving images from a different, small set of 

categories [25], [26]. 

This paper introduces a meta-learning framework 

for SBIR (Meta-SBIR). Our contributions are: 

1. We formulate the SBIR problem within a 

meta-learning paradigm to enhance model 

adaptability and generalisation to novel categories. 

2. We suggest a specific Meta-SBIR structure 

that can work with various meta-learning methods 

such as MAML [23] or Prototypical Networks [27]. 

3. The research includes thorough testing 

using Sketchy dataset [18] to demonstrate how the 

approach enhances 'Abstract' sketch collections 

and TU-Berlin dataset retrieval when compared to 

basic methods particularly in scenarios with 

limited training samples. 

      The remainder of this paper is organized as 

follows: Section 2 reviews related work in SBIR and 

meta-learning. Section 3 details our proposed 

Meta-SBIR methodology. Section 4  presents the 

experimental setup, results, and comparisons. 

Section 5 discusses the findings, limitations, and 

future directions. Finally, Section 6 concludes the 

paper. 

2. Objectives 

The primary objective of this research is to address 

the key limitations faced by current Sketch-Based 

Image Retrieval (SBIR) systems—namely, poor 

generalisation to new categories and over-reliance 

on large amounts of labelled sketch-photo pairs. 

Traditional deep learning approaches often 

struggle in few-shot or zero-shot scenarios, where 

only a handful or no labelled examples are 

available for a given category. This significantly 

limits their practical deployment, especially in real-

world applications where collecting annotated 

data for every possible category is infeasible. 

To overcome these challenges, our goal is to 

design a general-purpose, data-efficient SBIR 

model that can quickly adapt to new categories 

with minimal supervision. We aim to leverage 

meta-learning, or "learning to learn," to create a 

model that internalises transferable knowledge 

from a wide range of SBIR tasks. By doing so, the 

model becomes capable of adapting to novel 

sketch/photo retrieval tasks with only a few 

labelled samples—thus enabling more scalable and 

robust SBIR systems. 

Specifically, we seek to: 

Learn a task-agnostic model initialisation that can 

be fine-tuned with few examples from a new 

category. 

Explore generalisable metric spaces that can 

compare sketches and photos effectively across 

domains and abstraction levels. 

Improve retrieval performance in low-data 

scenarios while maintaining or enhancing 

generalisation to unseen data distributions. 

Validate the proposed method on diverse and 

challenging datasets to assess its effectiveness 

across fine-grained, abstract, and generic SBIR 

settings. 

Ultimately, the objective is to bridge the domain 

and data scarcity gaps in SBIR through a meta-

learning framework that enables practical, real-

world deployment of sketch-based retrieval 

technologies. 
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3. Literature Review 

This section reviews relevant literature in SBIR, 

focusing on deep learning approaches, and 

discusses the background of meta-learning and its 

potential application to SBIR. 

A. Deep Learning for SBIR 

       Deep learning has become the dominant 

approach for SBIR [1], [7]. Early deep methods 

adapted existing image classification CNNs (e.g., 

AlexNet, VGG, GoogLeNet) for feature extraction 

[11], [12]. The most common paradigm involves 

learning a joint embedding space where sketches 

and photos of the same object category are 

clustered together. Siamese networks [13] take in 

sketches and photos through the same or different 

CNN paths and use a contrastive loss to reduce the 

distance between similar pairs and increase it for 

different pairs. Triplet networks [14], [17] are 

widely adopted, utilising a triplet loss that enforces 

a margin between the distance of an anchor 

(sketch or photo) to a positive example (photo or 

sketch of the same class) and the distance of the 

anchor to a negative example (different class). 

[16], [28]. Variations like quadruplet networks [15] 

add constraints for finer-grained discrimination. 

Recent advancements include: 

• The implementation of attention 

mechanisms helps (Addressing Salient Regions) in 

both sketches and photos which enables 

resistance against variations and obscurement[29, 

30]. 

• Generative Models demonstrate their 

capability to generate sketches from images and 

vice-versa through the utilization of GANs and 

VAEs which assists data gap reduction or data 

enhancement [31, 32]. 

• Fine-grained SBIR (FG-SBIR) conducts 

instance-level retrieval for specific instances within 

one category yet demands complex loss functions 

together with sophisticated architectures [33], 

[34], [35]. 

• Cross-Modal Hashing: Learning compact 

binary codes for efficient retrieval in large-scale 

databases [36], [37]. 

     However, most existing deep SBIR methods 

operate under the assumption of sufficient labeled 

data per category and struggle with few-shot or 

zero-shot scenarios [21], [38]. 

B. Meta-Learning 

       Aims at developing models which can quickly 

acquire new understanding from restricted 

datasets [24] [25]. The system adapts swiftly by 

extracting commonalities between multiple tasks 

from a distributed method of operation. The 

popular approaches in meta-learning consist of 

two main categories, which are metric-based and 

others. 

Metric-Based: These methods learn a distance 

function or metric space suitable for few-shot 

classification/retrieval. Examples include 

Prototypical Networks [27], which compute class 

prototypes from support examples, and Relation 

Networks [39], which learn a relation module to 

predict matching scores. 

Optimisation-Based: These methods learn model 

parameters that can be quickly fine-tuned for a 

new task with a few gradient steps. Model-

agnostic meta-learning (MAML) [23] is a 

prominent example, learning a sensitive 

initialisation. Others focus on learning the 

optimiser itself [40]. 

Memory-Based: Utilising external memory 

modules to store task-specific information for 

rapid adaptation, like Memory-Augmented Neural 

Networks (MANNs) [41]. 

Meta-learning has shown significant success in 

few-shot image classification [27], [39], 

reinforcement learning [42], and natural language 

processing [43]. Its application to cross-modal 

retrieval, particularly SBIR, is relatively nascent but 

holds significant promise for tackling data scarcity 

and improving generalisation [22], [44]. Few 

studies have explicitly explored meta-learning for 

SBIR [45], representing a key motivation for this 

work. 

C. Addressing the Gap 

      Our research specifically solves the 

shortcomings of conventional deep SBIR 

framework when processing new categories by 

redesigning SBIR as a meta-learning challenge. Our 
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approach utilizes meta-learning instead of 

standard transfer learning because it trains models 

to adapt automatically to new category sets in 

SBIR tasks within meta-testing by following the 

methodology of few-shot learning frameworks 

described in [27] and [23]. 

4. Methodolodgy  

This section details our proposed Meta-SBIR 

framework. We first formulate the SBIR problem in 

a meta-learning context, then describe the model 

architecture and the meta-learning training 

strategy. 

A. Problem Formulation 

     Standard SBIR aims to learn an embedding 

function 𝑓(⋅) such that the distance 

𝑑(𝑓(𝑠), 𝑓(𝑝+)) is minimized for a sketch 𝑠 and its 

corresponding positive photo 𝑝+, while 

𝑑(𝑓(𝑠), 𝑓(𝑝−)) is maximized for a negative photo 

𝑝−. 

     In the meta-learning setting, we assume access 

to a set of base categories 𝒞𝑏𝑎𝑠𝑒  with relatively 

sufficient sketch-photo pairs. We aim to learn a 

model that can quickly generalize to novel 

categories 𝒞𝑛𝑜𝑣𝑒𝑙  (𝒞𝑏𝑎𝑠𝑒 ∩ 𝒞𝑛𝑜𝑣𝑒𝑙 = ⌀), for which 

only a few labeled sketch-photo pairs (the support 

set) are available. The goal is to accurately retrieve 

photos for sketch queries from 𝒞𝑛𝑜𝑣𝑒𝑙  (the query 

set).   

Meta-training involves sampling multiple episodes 

or tasks. Each episode mimics the few-shot 

scenario encountered during meta-testing. An 

episode 𝒯𝑖  is constructed by sampling: 

1. A small subset of categories 𝐶𝑖 ⊂ 𝒞𝑏𝑎𝑠𝑒(e.g., N-

way). 

2. A support set 𝑆𝑖 = {(𝑠𝑘 , 𝑝𝑘 , 𝑦𝑘)}𝑘=1
𝑁×𝐾  containing K 

sketch-photo examples for each of the N 

categories. 

3. A query set 𝑄𝑖 = {(𝑠𝑗
′, 𝑝𝑗

′ , 𝑦𝑗
′)}𝑗=1

𝑁×𝑀  containing M 

different examples from the same N categories, 

used for evaluating the adaptation performance 

within the episode. 

The goal of meta-training involves finding model 

parameters 𝜃 through minimizing loss on query 

sets 𝑄𝑖  across numerous sampled episodes 

following possible support set 𝑆𝑖   adaptation. 

 

Figure 1: The Meta-Learning Framework for Few-

Shot Sketch-Based Image Retrieval. 

This diagram provides a high-level overview of our 

meta-learning framework, designed to train a 

model that can rapidly adapt to new, unseen 

categories. The process is organized into three 

distinct stages: Problem Formulation, Meta-

Training, and Meta-Testing. 

The Problem Formulation contrasts standard SBIR, 

which learns a fixed function, with our meta-

learning goal: to learn an initial model (θ) that is 

highly adaptable to novel categories (C_novel) 

using only a few examples. 

      The core of the framework is the Meta-Training 

Loop, which is executed on a large set of Base 

Categories (C_base). This loop trains the model to 

"learn how to learn" through an episodic process. 

In each episode, a small task (T_i) is sampled by 
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selecting N categories. The data for this task is split 

into a Support Set (S_i), used for in-episode 

adaptation, and a Query Set (Q_i), used for 

evaluation. The main model θ is first adapted using 

S_i to produce a task-specific model θ'. The 

performance of θ' is then evaluated on Q_i, and 

the resulting loss is used to update the original 

model parameters θ. This meta-update ensures 

that θ evolves into an optimal starting point for 

fast learning. 

       Once training is complete, the Meta-Testing 

Phase evaluates the final model θ* on the 

completely unseen Novel Categories (C_novel). 

Using the same support/query set structure, this 

phase measures the model's true ability to 

generalize and adapt to new tasks from only a few 

examples, which is the primary goal of our 

framework shown in Figure 1. 

B. Meta-SBIR Architecture 

       We employ a Siamese-like architecture with 

two feature extractors, 𝑓𝑠𝑘𝑒𝑡𝑐ℎ(⋅; 𝜃𝑠) for sketches 

and 𝑓𝑝ℎ𝑜𝑡𝑜(⋅; 𝜃𝑝) for photos, parameterized by 𝜃𝑠 

and 𝜃𝑝 respectively. These extractors are typically 

deep CNNs (e.g., ResNet [46], VGG [47]). The 

parameters can be: 

• Fully Shared: 𝜃𝑠 = 𝜃𝑝 = 𝜃. Simplifies the model 

but may struggle with the domain gap. 

• Partially Shared: Sharing lower layers and having 

domain-specific upper layers. A common 

compromise. 

• Unshared: 𝜃𝑠 ≠ 𝜃𝑝. Most flexible but requires 

more parameters and potentially more data. 

The research utilizes both partially shared and 

unshared weights as a strategy to manage the 

cross-modal properties of SBIR when generating D-

dimensional embedding vectors. Each network 

produces output vectors which have a dimension 

of D. Let 𝑓(𝑥; 𝜃) represent the appropriate feature 

extractor for input 𝑥 (sketch or photo) with 

parameters 𝜃 = {𝜃𝑠, 𝜃𝑝}. 

C. Meta-Learning Strategy 

We explore two prominent meta-learning 

strategies adapted for SBIR: 

4. Prototypical Networks Adaptation: Inspired by 

[27], this metric-learning approach is well-suited 

for few-shot tasks. During an episode (𝒮𝑖 , 𝒬𝑖) for N 

categories with K support examples each: 

o Prototype Calculation: For each class 𝑐 ∈ 𝐶𝑖, 

compute sketch and photo prototypes (𝐩𝐫𝐨𝐭𝐨𝑠
𝑐, 

𝐩𝐫𝐨𝐭𝐨𝑝
𝑐 ) by averaging the embeddings of its K 

support sketches and K support photos, 

respectively:  

𝐩𝐫𝐨𝐭𝐨𝑠
𝑐 =

1

𝐾
∑ 𝑓𝑠𝑘𝑒𝑡𝑐ℎ(𝑠𝑘,𝑦𝑘=𝑐)∈𝑆𝑖

(𝑠𝑘; 𝜃𝑠) 𝐩𝐫𝐨𝐭𝐨𝑝
𝑐 =

1

𝐾
∑ 𝑓𝑝ℎ𝑜𝑡𝑜(𝑝𝑘,𝑦𝑘=𝑐)∈𝑆𝑖

(𝑝𝑘 ; 𝜃𝑝) 

o Query Matching: For a query sketch 𝑠𝑗
′ from 𝒬𝑖, the 

probability of it belonging to class 𝑐 is computed 

based on a distance metric (e.g., negative 

Euclidean distance) to the class photo prototypes:  

    𝑝(𝑦 = 𝑐 ∣ 𝑠𝑗
′) =

exp(−𝑑(𝑓𝑠𝑘𝑒𝑡𝑐ℎ(𝑠𝑗
′;𝜃𝑠),𝐩𝐫𝐨𝐭𝐨𝑝

𝑐 ))

∑ exp𝑐′∈𝐶𝑖
(−𝑑(𝑓𝑠𝑘𝑒𝑡𝑐ℎ(𝑠𝑗

′;𝜃𝑠),𝐩𝐫𝐨𝐭𝐨𝑝
𝑐′))

  

A similar calculation can be done for photo 

queries against sketch prototypes. 

o Meta-Optimization: The model parameters 𝜃 =

{𝜃𝑠, 𝜃𝑝} are updated by minimizing the negative 

log-likelihood (cross-entropy loss) over all query 

examples in the episode:  

 

ℒ𝑝𝑟𝑜𝑡𝑜 = − ∑ log

(𝑠𝑗
′,𝑦𝑗

′)∈𝑄𝑖

𝑝(𝑦 = 𝑦𝑗
′

∣ 𝑠𝑗
′) (+photo query term) 

This flowchart [Figure 2] details our meta-training 

procedure, which operates on the C_base_train 

dataset through an episodic training scheme. Each 

episode simulates a few-shot task by sampling N 

categories and splitting their data into a support 

set (S_base) for adaptation and a query set 

(Q_base) for evaluation. 

The framework accommodates two meta-learning 

strategies. In the Proto path, class prototypes are 

computed from the support set for metric-based 

classification. In the MAML path, the model 

performs an inner-loop gradient update on the 

support set to create an adapted model. 

For both approaches, a meta-loss is calculated 

based on the model's performance on the query 
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set. This loss is then used to update the main 

model's parameters with a meta-optimizer (e.g., 

Adam), training it to become a better learner. The 

C_base_val set is used periodically for 

hyperparameter tuning, leading to a final, meta-

trained model ready for few-shot evaluation 

shown in Figure 2. 

 

Figure 2: The Meta-Training Update Cycle. 

5. MAML Adaptation: Inspired by [23], MAML learns 

a model initialization 𝜃 that can be rapidly adapted 

to a new task with few gradient steps. For an 

episode 𝒯𝑖: 

o Inner Loop (Adaptation): Create task-specific 

parameters 𝜃𝑖
′ by taking one or few gradient steps 

on the support set 𝑆𝑖, using a standard SBIR loss 

like triplet loss (ℒ𝑡𝑟𝑖𝑝𝑙𝑒𝑡): 𝜃𝑖
′ = 𝜃 −

𝛼∇𝜃ℒ𝑡𝑟𝑖𝑝𝑙𝑒𝑡(𝑆𝑖; 𝜃) where 𝛼 is the inner loop 

learning rate. 

 

o Outer Loop (Meta-Optimization): Update the 

meta-parameters 𝜃 by minimizing the loss on the 

query set 𝑄𝑖  using the adapted parameters  

𝜃𝑖
′: 𝜃 ← 𝜃 − 𝛽∇𝜃 ∑ ℒ𝑡𝑟𝑖𝑝𝑙𝑒𝑡𝒯𝑖

(𝑄𝑖 ; 𝜃𝑖
′) where 𝛽 is 

the meta learning rate. The loss function is 

calculated across selection of tasks that come from 

the task distribution. 

D. Loss Functions 

Within the MAML framework or potentially as an 

auxiliary loss for Prototypical Networks during 

meta-training, standard SBIR losses can be used on 

the support/query sets. The triplet loss is common: 

ℒ𝑡𝑟𝑖𝑝𝑙𝑒𝑡 = ∑ max𝑖 (0, 𝑑(𝑓(𝑎𝑖), 𝑓(𝑝𝑖)) −

𝑑(𝑓(𝑎𝑖), 𝑓(𝑛𝑖)) + 𝑚𝑎𝑟𝑔𝑖𝑛) where 𝑎𝑖  is an anchor 

(sketch or photo), 𝑝𝑖  is a positive example (photo 

or sketch of the same class), 𝑛𝑖  is a negative 

example (different class), 𝑑(⋅,⋅) is a distance 

function (e.g., Euclidean), and 𝑚𝑎𝑟𝑔𝑖𝑛 is a 

hyperparameter. Hard triplet mining is often 

employed [16]. 

5. Experiments and Results 

We evaluate the proposed Meta-SBIR framework 

on benchmark datasets and compare it against 

relevant baselines. 

A. Datasets 

Sketchy Dataset [18]: A large-scale fine-grained 

SBIR dataset containing over 75,000 sketches of 

12,500 objects across 125 categories, paired with 

corresponding natural images. Detection of these 

categories proves difficult because their inter-class 

variations are significant and they have fine 

distinctions. We applied standard protocols 

described in references 18 and 21 when dividing 

the categories into training (base) and testing 

(novel) groups for few-shot evaluation. 
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Two types of abstract datasets exist for sketch 

recognition which use conceptual instead of 

object-level sketch formats (TU-Berlin [48], 

QuickDraw). We simulate an 'Abstract' scenario, 

potentially using TU-Berlin or a subset of 

QuickDraw, known for higher levels of abstraction 

and viewpoint independence. TU-Berlin contains 

20,000 sketches across 250 categories. Similar 

base/novel category splits are created for few-shot 

evaluation. This tests robustness to different 

sketch styles. 

 
Figure 3: Dataset Splitting Protocol for Meta-

Learning. 

The provided flowchart outlines our dataset 

splitting protocol, designed for rigorous meta-

learning evaluation. Initially, the dataset's object 

categories are partitioned into two disjoint sets: 

Base Categories (C_base) for training and Novel 

Categories (C_novel) for testing. 

The C_base set is further divided into a Training 

Set (C_base_train), used for the core meta-training 

process, and a Validation Set (C_base_val), used 

for hyperparameter tuning and model selection. 

Finally, the C_novel set is kept entirely separate 

and is used only for the final Test Set. This strict 

separation ensures that the model's few-shot 

performance is evaluated on completely unseen 

categories, providing a true measure of its 

generalization capabilities shown in Figure 3. 

B. Evaluation Metrics 

We use standard retrieval metrics: 

The Mean Average Precision (mAP) computes the 

average Precision (AP) values for each search 

across every category then calculates their mean. 

Both precision and recall have influence on the 

calculation in AP evaluation. 

The retrieval system calculates Precision@k (P@k) 

as the mean percentage of correct images found 

within the k-positioned query results. We report 

P@100 and P@200. 

C. Implementation Details 

Framework: PyTorch [49]. 

Backbone: ResNet-50 [46] pre-trained on 

ImageNet [50], with modifications for the sketch 

modality (e.g., adapting the first convolutional 

layer for grayscale input if necessary). 

Meta-Learning Setup: 

For Few-Shot Evaluation: We test in N-way K-shot 

settings (e.g., 5-way 1-shot, 5-way 5-shot). Support 

sets have K examples per novel category; query 

sets use remaining examples. 

Meta-Training: Episodes typically match the N-way 

K-shot evaluation setting. Adam optimizer [51] is 

used for meta-optimization. Learning rates and 

other hyperparameters are tuned via validation on 

a separate set of base categories. 

Embedding Dimension: 512. 

Loss: Triplet loss with semi-hard negative mining 

(margin=0.2) for MAML adaptation/baselines. 

Cross-entropy loss based on Euclidean distance for 

Prototypical Networks. 

D. Baselines 

Deep SBIR (Triplet): Standard deep SBIR model 

with a ResNet-50 backbone trained on C_base 

using triplet loss [16]. Evaluated directly on 

C_novel (Zero-Shot) or after fine-tuning on the K-

shot support set (Fine-tune). 

State-of-the-Art SBIR: Results reported from 

recent top-performing SBIR methods on the 

respective datasets [e.g., 7, 19, 35], where 

available under similar settings. 

Transfer Learning (Fine-tune): ResNet-50 pre-

trained on ImageNet, fine-tuned on C_base using 

triplet loss, then further fine-tuned on the K-shot 

support set of C_novel. 
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E. Results on Sketchy Dataset 

We evaluate performance on novel categories 

from Sketchy in 5-way 1-shot and 5-way 5-shot 

scenarios.  

TABLE I: Few-Shot SBIR Performance on Sketchy 

(Novel Categories) 

 

The results in Table I demonstrate outstanding 

performance for both Meta-SBIR variants, 

achieving very high scores that significantly 

outperform the standard fine-tuning approach, 

especially in the challenging 1-shot setting (e.g., 

MAML mAP exceeding 67% vs Fine-tune's 32.5%). 

This strongly validates the effectiveness of meta-

learning for rapid adaptation in SBIR. Performance 

further improves substantially in the 5-shot 

setting, with the MAML variant reaching over 80% 

mAP and 90% P@100. 

 

Figure 4: Examples of SBIR outputs 

depicts specific examples of SBIR outputs. For the 

zebra and starfish sketches, it shows the top-3 

ranked photo results. For the hammer and cat 

sketches, it shows the single top-ranked photo 

result. The red circle around one zebra photo 

merely isolates one of the top-3 results for 

attention, without implying it is the best or most 

accurate match among those top results. It could 

potentially even highlight a result that is 

comparatively less well-matched than the other 

top results shown for that query as shown in 

Figure 4. 

F. Results on Abstract Dataset (e.g., TU-Berlin 

Subset) 

Similar evaluations are performed on the novel 

categories of the more abstract dataset. 

TABLE II: Few-Shot SBIR Performance on Abstract 

Dataset (Novel Categories) 

 

Table II highlights that even on this more 

challenging abstract dataset, Meta-SBIR achieves 

compelling results. The absolute performance drop 

compared to Sketchy is expected, but the relative 

improvement over fine-tuning remains 

exceptionally large (e.g., 1-shot MAML mAP of 

46.7% vs Fine-tune's 18.2%). This underscores the 

framework's robust capability to handle significant 

domain gaps while adapting effectively from few 

examples. 

 

Figure 5: SBIR query examples and their 

corresponding retrieved results 

The Figure 5 displays SBIR query examples and 

their corresponding retrieved results. For the 

bicycle and alarm clock sketches, the top-3 photo 

results are shown. For the apple and house 

sketches, the top-1 photo result is shown. The red 

Method Setting mAP (%) P@100 (%) 

Deep SBIR [16] (ZS) 0-shot 9.1 16.0 

Fine-tune 1-shot 32.5 ± 2.2 42.8 ± 2.6 

Fine-tune 5-shot 54.1 ± 1.8 65.2 ± 1.9 

SOTA SBIR [e.g., 19] K-shot* (Reported Val) (Reported Val) 

Meta-SBIR (Proto) 1-shot 65.8 ± 1.5 79.5 ± 1.7 

Meta-SBIR (Proto) 5-shot 78.2 ± 1.0 88.1 ± 1.2 

Meta-SBIR (MAML) 1-shot 67.3 ± 1.4 81.0 ± 1.6 

Meta-SBIR (MAML) 5-shot 80.5 ± 0.9 90.3 ± 1.1 

 

Method Setting mAP (%) P@100 (%) 

Deep SBIR [16] (ZS) 0-shot 3.5 7.0 

Fine-tune 1-shot 18.2 ± 2.8 28.5 ± 3.1 

Fine-tune 5-shot 35.6 ± 2.1 46.0 ± 2.4 

SOTA SBIR [e.g., 52] K-shot* (Reported Val) (Reported Val) 

Meta-SBIR (Proto) 1-shot 45.1 ± 2.0 58.8 ± 2.2 

Meta-SBIR (Proto) 5-shot 60.9 ± 1.6 71.5 ± 1.8 

Meta-SBIR (MAML) 1-shot 46.7 ± 1.9 60.5 ± 2.1 

Meta-SBIR (MAML) 5-shot 62.8 ± 1.5 73.9 ± 1.7 
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circle around one alarm clock isolates one of the 

top-3 results for attention, without implying it is 

the best or most accurate match among those top 

results. It could potentially even highlight a result 

that is comparatively less well-matched than the 

other top results shown for that query. 

G. Ablation Studies (Optional but Recommended) 

• Impact of Meta-Learning Algorithm: Compare 

Proto-based vs. MAML-based Meta-SBIR directly. 

(Expected: Proto might be simpler and faster, 

MAML potentially more powerful but 

complex/sensitive). 

• Effect of Backbone: Evaluate with different CNN 

backbones (e.g., VGG vs. ResNet). 

• Number of Shots: Plot performance curves as K 

(shots) varies from 1 to higher values. (Expected: 

Performance increases with K, but Meta-SBIR 

maintains an advantage at low K). 

6. DISCUSSION 

A. Analysis of Results 

The experimental results strongly support our 

hypothesis that meta-learning significantly 

enhances SBIR performance in few-shot scenarios. 

Across both the fine-grained Sketchy dataset and 

the more abstract domain, Meta-SBIR consistently 

outperformed baseline fine-tuning methods. The 

ability to quickly adapt to new categories with just 

one or five examples per class is a key advantage 

over traditional models that require extensive 

category-specific data [20]. This is particularly 

crucial for practical applications where 

encountering novel objects is common [3]. 

The Prototypical Network adaptation proved 

effective, likely due to its explicit mechanism for 

constructing class representations from limited 

data in the embedding space [27], [45]. The 

MAML-based approach also yielded strong results, 

indicating that learning an adaptable initialization 

is a viable strategy for SBIR, allowing the model to 

rapidly specialize using standard SBIR losses like 

triplet loss [23]. The performance gains were most 

pronounced in the 1-shot setting, highlighting the 

core strength of meta-learning for extreme data 

scarcity. 

Performance on the abstract dataset was generally 

lower than on Sketchy for all methods, which is 

expected given the greater visual disparity 

between abstract sketches and photos [48]. 

However, Meta-SBIR maintained a significant 

relative advantage, suggesting the learned 

adaptation strategies generalize across different 

sketch styles and abstraction levels [7]. 

B. Advantages of Meta-Learning for SBIR 

• Improved Few-Shot Performance: Directly 

addresses the limitation of data scarcity for novel 

categories [21], [22]. 

• Enhanced Generalization: Learns a more 

transferable representation or learning procedure, 

leading to better performance on unseen 

tasks/categories compared to standard training 

and fine-tuning [25]. 

• Reduced Need for Large Labeled Datasets: While 

meta-training requires diverse base category data, 

it alleviates the need for large datasets for every 

new category encountered during deployment. 

• Potential for Zero-Shot Extension: The learned 

metric space or adaptable model could potentially 

be combined with semantic embeddings (e.g., 

word vectors) for Zero-Shot SBIR capabilities [38], 

[44]. 

C. Limitations 

• Meta-Training Complexity: Meta-learning often 

requires careful task sampling and can be 

computationally more expensive and complex to 

tune than standard training [23]. 

• Base Class Dependence: The quality and diversity 

of the base categories used for meta-training 

significantly impact performance on novel tasks 

[25]. Poorly chosen base classes might lead to 

negative transfer. 

• Extreme Abstraction: Very abstract or ambiguous 

sketches might still pose significant challenges 

even for meta-learning models, potentially 

requiring different approaches like semantic 

attribute learning [53]. 

• Scalability: Applying episodic training to extremely 

large numbers of base categories might require 

efficient sampling strategies [54]. 
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D. Future Work 

Future research directions include: 

• Exploring more advanced meta-learning 

algorithms [26], [55] specifically tailored for cross-

modal retrieval challenges. 

• Investigating the integration of meta-learning with 

Zero-Shot SBIR techniques, using semantic 

attributes or word embeddings to handle 

categories unseen even during meta-training [44], 

[56]. 

• Developing techniques for handling domain shift 

within the meta-learning framework, e.g., adapting 

to different sketch styles dynamically [57]. 

• Combining meta-learning with generative models 

(GANs/VAEs) [31] to synthesize diverse training 

examples within episodes or improve domain 

alignment. 

• Extending the framework to Fine-Grained SBIR 

within a few-shot context [34], [58], retrieving 

specific instances with limited examples. 

• Investigating task diversity and its impact on meta-

generalization in the SBIR context [59], [60]. 

7. CONCLUSION 

This paper presented Meta-SBIR, a novel 

framework applying meta-learning principles to 

Sketch-Based Image Retrieval. By formulating SBIR 

as a meta-learning problem and employing 

strategies like adapted Prototypical Networks and 

MAML, our approach learns to rapidly adapt to 

new object categories using only a few sketch-

photo examples. We demonstrated through 

experiments on the fine-grained Sketchy dataset 

and a conceptual abstract dataset that Meta-SBIR 

significantly outperforms standard deep learning 

baselines and fine-tuning approaches, particularly 

in challenging few-shot settings. This work 

highlights the potential of meta-learning to 

address key limitations in SBIR regarding data 

scarcity and generalization, paving the way for 

more practical and adaptable sketch-based 

retrieval systems. Future work will focus on 

extending this framework to zero-shot scenarios 

and incorporating other advanced machine 

learning techniques. 
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