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Abstract 

 
Query-by-Humming (QBH) systems enable users to retrieve music by humming short melodic 

fragments. This survey consolidates developments from foundational systems to modern deep learning 

models, covering melody extraction, matching techniques, datasets, system optimization, commercial 

applications, and future trends. With over 50 key contributions reviewed, we present a holistic 

understanding of the QBH domain and highlight challenges and future directions. 

 
Keywords: Query by humming, Music information retrieval, Dynamic time warping, 

Convolution neural network, mean reciprocal rank. 

 
1. Introduction 

 
The rapid expansion of digital music libraries, fueled by the rise of streaming platforms and cloud- 

based storage, has created a growing demand for intuitive and user-friendly music retrieval systems. 

Traditional search methods that rely on metadata—such as song titles, artist names, or lyrics—are often 

insufficient when users are unable to recall this specific information. In such scenarios, Query-by- 

Humming (QBH) systems present a compelling alternative by allowing users to search for music using 

brief sung or hummed melodic fragments. These systems function by extracting melodic features— 

most notably the fundamental frequency (F0) and pitch contours—from the user's vocal input, then 

matching this information against a precompiled database of melodies to identify potential song 

candidates [12][13][15]. 

A key strength of QBH systems lies in their robustness to variations in tempo, pitch, rhythm, and vocal 

timbre, making them especially accessible for casual users and well-suited for natural, flexible human- 

computer interaction within music information retrieval (MIR). Early research in QBH provided 

foundational insights into melody extraction, alignment techniques, and similarity measures, paving 

the way for advanced systems capable of handling polyphonic audio, leveraging machine learning 
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models, and supporting real-time query processing with improved accuracy and responsiveness. 
 

 
2. Evolution of QBH Systems 

2.1 Foundational Stage (1995–2005) 

 
The work in [12] introduced QBH by leveraging pitch contours and string alignment. The system 

translated user-hummed queries into pitch sequences and used edit distance to match them against a 

melody database, laying the foundational principles for symbolic music retrieval. 

 
Building upon this, [13] proposed MELDEX, a system that incorporated not only pitch but also interval 

and rhythmic features, enhancing the system's robustness to variations in tempo and key introduced by 

different users. This multi-dimensional approach aimed to improve matching accuracy. 

 
Later, [15] introduced the MUSART testbed, which, although published after the foundational period, 

played a crucial role by offering standardized evaluation methods for QBH systems. MUSART helped 

address reproducibility issues in music information retrieval research and enabled consistent 

comparative benchmarking of different approaches. 

 
2.2 Pre-Deep Learning Improvements (2006–2015) 

 
Dynamic Time Warping (DTW) and its optimized variants such as FastDTW emerged as core 

techniques during this era, enabling efficient alignment of variable-length pitch sequences and greatly 

enhancing the system's resilience to tempo and rhythm variations between the query and target audio 

[26]. In parallel, musical parameter-based warping strategies were investigated to improve accuracy 

and retrieval effectiveness, as shown in [30]. 

 
To overcome limitations inherent to alignment-based matching, entropy-based methods were 

introduced to quantify the informational content of queries and refine similarity measures [4][5]. These 

innovations, along with subsequence matching techniques, contributed to more robust retrieval 

capabilities, particularly when dealing with incomplete or noisy user inputs. 

 
Moreover, the foundational principles of Hidden Markov Models (HMMs) continued to play a 

significant role in QBH development, with [27] providing probabilistic modeling of melodic transitions 

that improved recognition under uncertain or variable conditions. 

 
This phase also marked a shift toward improving computational efficiency and scalability, laying the 
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groundwork for the deep learning-based advancements that would follow in the next decade. 

 
2.3 Rise of Deep Learning (2016–Present) 

 
Deep learning has transformed Query-by-Humming (QBH) systems by introducing powerful neural 

architectures such as Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), 

and, more recently, Transformers. These models have significantly enhanced feature extraction 

capabilities by learning hierarchical representations of audio signals directly from raw or preprocessed 

inputs, outperforming traditional handcrafted approaches [41][42][43][44][46][48]. CNN-based 

architectures, as demonstrated in [41], showed strong performance in capturing pitch and timbral 

nuances, while CRNNs effectively incorporated temporal context. Further refinement was achieved 

through deep models for singing transcription [46], which led to more accurate melody contour 

extraction. Pretrained Audio Neural Networks (PANNs), introduced in [48], offered robust 

generalization across multiple tasks, including QBH. 

 
Moreover, hybrid models have gained traction by combining metadata (e.g., artist, genre) with audio 

features to improve retrieval precision. These systems often implement progressive filtering—first 

narrowing the search space using metadata before applying more intensive audio-based matching 

[6][25][47]. This two-stage strategy enhances scalability and accuracy, particularly in large-scale 

music databases. An example is provided in [47], where multiple feature types were fused using a 

voting mechanism, resulting in improved retrieval robustness. These hybrid and context-aware 

approaches highlight the evolution toward more intelligent and adaptive QBH systems. 

 
3. Melody Extraction Techniques 

Melody extraction refers to the process of converting a user's sung or hummed input into a symbolic 

or machine-readable melodic representation. Early techniques relied predominantly on handcrafted 

features that focused on harmonic and temporal aspects of the audio signal. 

 
Initial studies such as [28] leveraged chroma features to capture harmonic content, enabling effective 

representation of pitch classes for melody identification and cover song similarity. Building on this, 

[29] proposed binary chroma similarity combined with local alignment, which improved robustness to 

variations in key and tempo, making it more tolerant of noisy or imperfect user inputs. Further 

refinement was presented in [31], where pitch contour features were utilized to preserve the shape and 

temporal dynamics of melodies, offering improved performance in vocal queries. 

 
With the emergence of deep learning, melody extraction became increasingly data-driven. In [1], Total 
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Variation Regularization was introduced to suppress background noise and highlight structural melodic 

boundaries, enhancing clarity in humming signals. Deep learning architectures like HumTrans [3] 

employed large-scale humming datasets to train transcription models capable of capturing fine-grained 

pitch variations, thus boosting accuracy and adaptability. The DeepSinging model proposed in [46] 

provided a specialized neural framework for singing voice transcription, significantly outperforming 

traditional approaches by leveraging deep representations. 

 
Parallel to these, denoising and segmentation techniques have also played a crucial role. Early work in 

[14] emphasized encoding timing information and proposed simple denoising strategies to better align 

rhythmic structures. In [24], discriminative models were used for transcription, which inherently 

provided noise resilience and improved polyphonic handling. Additionally, [35] introduced methods 

combining onset detection with segmentation strategies, allowing for more accurate isolation of 

melodic phrases in noisy or complex audio. 

 
Together, these handcrafted, data-driven, and signal-processing-based approaches have significantly 

advanced the precision, adaptability, and robustness of melody extraction in modern Query-by- 

Humming systems. 

 
4. Matching Algorithms 

 
Efficient and accurate melody matching forms the backbone of any Query-by-Humming (QBH) 

system, as it enables the comparison between the user’s hummed input and stored musical 

representations. Over the years, a range of algorithms—from traditional time-series alignment 

techniques to modern deep learning-based embeddings—have been employed to improve both 

accuracy and scalability. 

 
DTW & FastDTW Dynamic Time Warping (DTW) has been pivotal in aligning pitch contours with 

flexibility in tempo. It was first employed in QBH by [12], enabling alignment between user-hummed 

queries and stored melodies. Later, [11] extended DTW applications to polyphonic audio, handling 

more complex musical structures. To enhance computational efficiency, [26] introduced FastDTW and 

warping indexes, dramatically reducing runtime without a significant loss in alignment accuracy, thus 

making DTW-based methods more suitable for real-time QBH applications. 

HMMs Hidden Markov Models (HMMs) offer a probabilistic framework for modeling sequential data, 

well-suited to melody modeling. The foundational concepts were introduced in [27], and later adapted 

for large-scale audio retrieval in [13]. QBH systems were further enhanced by [37], who integrated 
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pitch interval modeling within an HMM framework, allowing robust matching even under noisy, 

incomplete, or variably sung input. 

LSH Locality Sensitive Hashing (LSH) provides a highly scalable approach for approximate nearest- 

neighbor searches in high-dimensional spaces. This was utilized in [10] for real-time QBH retrieval, 

allowing the system to quickly narrow down potential matches in massive music repositories. Earlier, 

[34] demonstrated LSH's efficacy in melody indexing, enabling quick candidate filtering before 

applying more computationally intensive similarity measures. 

Embedding-based Approaches Recent developments in deep learning have shifted focus toward 

embedding-based similarity matching. Models trained to map audio inputs into a lower-dimensional 

latent space have enabled rapid similarity calculations using simple distance metrics like cosine 

similarity or dot product. [3] trained embeddings on large humming datasets to improve the 

representational capacity of humming queries. A unified approach integrating melodic and spectral 

features was explored in [6], while [42] developed deep architectures for learning high-level audio 

representations, forming the foundation for embedding-based matching in most current QBH systems. 

Together, these diverse strategies—from sequence alignment and probabilistic modeling to hash-based 

indexing and deep embeddings—enable modern QBH systems to achieve high accuracy, scalability, 

and robustness across a variety of musical genres, query conditions, and dataset sizes. 

5. Dataset Creation 

 
A solid foundation of well-structured and diverse datasets is crucial for the design, training, 

benchmarking, and continual improvement of Query-by-Humming (QBH) systems. These datasets 

capture the real-world variability of humming queries, including tonal differences, timing fluctuations, 

background noise, and user diversity. They support the training of machine learning models, the 

evaluation of retrieval performance, and the development of robust systems capable of handling noisy 

or incomplete inputs. 

CHAD The CHAD dataset is a pioneering collection of manually aligned hum-song pairs, offering 

precise pitch and timing annotations. It provides a valuable testbed for evaluating temporal alignment 

methods such as DTW and FastDTW. The dataset's time-aligned structure makes it especially useful 

for examining how well QBH systems match melodic contours and rhythms under controlled 

conditions [2][3]. 

HumTrans The HumTrans dataset [3] is an open-source resource specifically designed for training 

deep learning models on melody transcription and QBH tasks. It features a diverse set of hummed 

inputs with variations in tempo, pitch, accent, and background noise. These properties help improve 
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model generalization, especially for real-world applications where humming may be inconsistent and 

acoustically noisy. 

MTG-QBH The MTG-QBH dataset [16] includes natural, real-user humming recordings that reflect 

broad tonal and stylistic diversity. Its inclusion of spontaneous and expressive queries makes it 

particularly valuable for testing the robustness of QBH systems against variability in human 

performance. It also enables the study of cross-lingual and user-specific retrieval patterns. 

MIREX-QBSH The MIREX-QBSH dataset [15], used in the Music Information Retrieval Evaluation 

eXchange, provides a standardized platform for evaluating QBH systems. It includes a wide range of 

test queries and associated metadata, allowing researchers to directly compare the performance of 

different retrieval algorithms under consistent and reproducible conditions. 

Crowd-sourced Techniques Recent research has explored scalable dataset creation via crowd- 

sourcing platforms. Efforts in [2][3] have utilized crowd-sourced humming samples and applied semi- 

supervised learning techniques to ensure label accuracy at scale. This approach enables the collection 

of large, diverse, and realistic humming datasets without incurring prohibitive annotation costs, 

fostering the growth of more inclusive and representative datasets. 

Collectively, these datasets underpin the development and evaluation of QBH systems, enabling 

advances in feature extraction, melody matching, and real-world deployment. They also support 

reproducibility and benchmarking, which are essential for academic and industrial progress in music 

information retrieval. 

6. System Optimization and Scalability 

Scalability and performance optimization are essential for enabling Query-by-Humming (QBH) 

systems to function effectively in real-time and commercial settings. These improvements span various 

aspects, including indexing, computational acceleration, and memory efficiency. 

Indexing Locality Sensitive Hashing (LSH) and subsequence indexing techniques have significantly 

improved the speed of candidate retrieval in large-scale music databases. An LSH-based indexing 

framework was introduced in [10], reducing retrieval latency while maintaining high accuracy. Further 

enhancements were proposed in [34], where LSH was applied to both MIDI and audio data, enabling 

real-time performance in extensive music collections. 

Parallelization & GPU Acceleration To meet the high computational requirements of deep learning- 

based feature extraction, the use of parallel processing and GPU acceleration has become standard 

practice. The foundational ideas for real-time audio feature computation were established in [22], and 

have since evolved into fully parallelized pipelines capable of processing humming inputs in real time. 
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Model Compression For deployment on edge devices like smartphones, model compression and 

pruning techniques have been explored to reduce computational load without compromising 

performance. In [6], it was shown that compressed models can still maintain high accuracy in melody 

extraction tasks. Earlier lightweight implementations such as the CubyHum system in [19] 

demonstrated the feasibility of mobile QBH systems, setting a standard for future on-device 

applications. 

Hybrid Systems Multi-stage filtering has been adopted to improve both scalability and retrieval 

accuracy. A progressive filtering strategy was introduced in [25], where queries are first narrowed 

down using metadata (e.g., genre or artist), followed by more computationally intensive similarity 

matching. More recently, [47] proposed combining diverse features and ensemble-based voting 

techniques within hybrid QBH frameworks, enhancing robustness and retrieval precision. 

These innovations collectively contribute to the practical deployment of QBH systems, enabling them 

to deliver fast and accurate results in both cloud-based platforms and resource-constrained 

environments like mobile devices. 

7. Evaluation Metrics 

 
To evaluate the performance of Query-by-Humming (QBH) systems, the Mean Reciprocal Rank 

(MRR) and Top-X Hit Rate metrics are commonly used [15, 36]. MRR calculates the average of the 

reciprocal ranks of the correct results in the retrieval list, giving an indication of how quickly the correct 

match appears in the ranking. A higher MRR reflects that the system retrieves relevant results closer 

to the top. The Top-X Hit Rate measures the proportion of queries where the correct result appears 

within the top X retrieved items, providing insights into the system’s retrieval precision, particularly 

under practical limitations. 

These metrics are essential in QBH systems, especially when users may only hum a brief segment of 

a song, as they capture both the accuracy of the retrieval process and user satisfaction. Moreover, 

evaluation frameworks like MUSART provide standardized benchmarking tools for comparing 

retrieval performance across various systems, datasets, and feature extraction methods [15]. These 

frameworks facilitate reproducibility and fairness in performance comparisons by offering structured 

datasets, predefined tasks, and evaluation scripts. 

8. Commercial Applications 

 
Query-by-Humming (QBH) systems have successfully moved from academic research to real-world 

commercial use, demonstrating their practical value in music information retrieval. A notable example 

is Google’s "Hum to Search" feature, launched in 2020, which allows users to hum a melody and 
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identify the corresponding song using embedding-based audio retrieval techniques powered by deep 

learning models [7]. This service is designed to be robust to pitch and rhythm variations, ensuring 

accurate matches even with off-key humming. 

Other well-known platforms such as Midomi and SoundHound have long offered real-time humming 

and singing recognition, enabling users to search for music simply by vocalizing a tune [21]. These 

applications utilize advanced audio fingerprinting and machine learning models to identify matches 

from extensive music databases in seconds. 

The integration of QBH capabilities into music streaming services and mobile applications further 

enhances user accessibility and interaction, particularly when users cannot recall lyrics or song titles 

[21]. As a result, QBH not only improves the music search experience but also introduces new 

opportunities for music discovery, recommendation, and engagement across various user 

demographics and scenarios. 

9. Challenges and Limitations 

 
Despite the promising capabilities of Query-by-Humming (QBH) systems, several significant 

challenges hinder their performance and scalability. One of the foremost issues is the high variability 

in user humming, which can differ widely in pitch accuracy, rhythm consistency, tempo, and 

articulation. Such inconsistencies introduce a large degree of unpredictability in the input, making it 

difficult for systems to generate stable feature representations for matching [8]. 

Background noise is another critical limitation, especially in mobile or uncontrolled environments. 

Noisy recordings—due to ambient sounds, overlapping speech, or recording artifacts—can severely 

distort the input signal, compromising the feature extraction process and leading to incorrect or failed 

retrievals [5]. Although noise-robust models and preprocessing techniques exist, they are not always 

effective under all acoustic conditions. 

Polyphonic complexity presents a further challenge, particularly when humming queries are matched 

against full-length polyphonic audio tracks containing multiple instruments and vocal layers. 

Distinguishing the target melody from such complex mixtures requires advanced source separation or 

attention-based modeling, which remains computationally demanding and error-prone [8]. 

Additionally, multilingual melodies and culturally diverse musical expressions introduce challenges 

related to melodic interpretation and representation. Differences in musical scales, tuning systems, and 

ornamentation styles across languages and cultures can hinder the system’s ability to generalize 

effectively [32][33]. As global usage of QBH expands, addressing these cross-cultural limitations 

becomes increasingly important for inclusive and equitable performance. 
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10. Future Directions 

 
The future of Query-by-Humming (QBH) systems lies in addressing current limitations while 

embracing emerging technologies to enhance scalability, accuracy, and user experience. One key area 

of advancement is the adoption of advanced deep learning architectures, such as Siamese networks, 

transformers, and convolutional-recurrent models, which have shown potential for capturing temporal 

and tonal nuances in melodic content [42][46]. These models can better represent and compare 

humming queries with target songs, improving retrieval accuracy even under noisy or varied input 

conditions. 

Cross-modal retrieval is another promising direction, where humming queries can be matched not just 

to audio, but to lyrics, sheet music, or even visual representations like music videos [6]. This approach 

broadens the scope of QBH applications and enhances accessibility across different content types and 

user preferences. 

With increasing user expectations for seamless interaction, real-time processing capabilities are 

becoming essential. Lightweight architectures and edge-computing optimizations are being developed 

to support instantaneous feedback during humming input, reducing latency and improving user 

satisfaction [19][25]. 

Personalization also holds promise, enabling systems to adapt to an individual’s vocal patterns, pitch 

tendencies, and musical tastes. By incorporating user-specific feedback and preference modelling, 

QBH systems can offer more relevant and accurate results [6][47]. 

The use of synthetic queries—artificially generated humming-like audio fragments—has emerged as 

a means to augment training datasets and enhance system robustness to diverse inputs. Techniques 

such as pitch shifting, time-stretching, and noise injection help simulate real-world user queries during 

model training [20][44]. 

Finally, integration with music platforms like Spotify, YouTube Music, or SoundCloud can turn QBH 

into a mainstream search feature, enabling users to find songs by humming directly within their favorite 

streaming environments. This not only boosts user engagement but also fosters broader adoption of 

QBH technology [23][50]. 

11. Conclusion 

 
Query-by-Humming (QBH) systems have witnessed a transformative evolution, progressing from 

early string-matching and template-based approaches to modern deep learning-driven frameworks. 

This shift has enabled greater robustness to user variability, improved accuracy, and broader 

applicability in real-world scenarios. The integration of sophisticated AI models, such as convolutional 
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neural networks (CNNs), recurrent neural networks (RNNs), and embedding-based retrieval 

mechanisms, has significantly enhanced the system's ability to handle diverse and noisy humming 

inputs. 

The future development and widespread adoption of QBH systems hinge on several critical factors. 

First, the availability of large, diverse, and well-annotated datasets is essential for training and 

evaluating deep models under realistic conditions. Second, scalability must be prioritized to ensure fast 

and accurate retrieval across millions of songs, particularly in commercial applications. Innovations in 

indexing techniques, approximate nearest neighbour (ANN) search, and model compression will play 

a vital role in this regard. 

Lastly, user-centric design principles are crucial for fostering engagement and ensuring that QBH tools 

remain intuitive and accessible. Features such as personalization, real-time interaction, and integration 

with existing streaming platforms will determine how effectively QBH technologies can bridge the 

gap between user intent and musical discovery [23][49][50]. 

Ultimately, the convergence of technical innovation, usability, and music industry collaboration will 

define the next generation of QBH systems, pushing the boundaries of music information retrieval and 

redefining how users interact with sound. 
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