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Abstract


Generative artificial intelligence (AI)-based music generation has the potential to create new opportunities for music therapy; however, integrated examinations of generative AI and music therapy remain limited. This paper provides a focused survey of recent studies that apply generative AI within music therapy-related contexts, examining how such approaches have been explored in relation to therapeutic considerations, including emotional and physiological regulation. Rather than offering an exhaustive historical review, we analyze generative AI-augmented music therapy systems from a system-level perspective, focusing on their overall design and implementation. Based on this survey, we discuss open research challenges at the intersection of generative music, adaptive systems, and digital health, and outline future research directions toward scalable and personalized generative AI-based music therapy.
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1. Introduction


Mental and developmental disorders affect individuals across the lifespan and remain among the leading contributors to the global burden of disease, imposing substantial social, economic, and healthcare costs worldwide. Alongside pharmacological and psychotherapeutic interventions, music therapy has emerged as an effective complementary intervention for supporting emotional regulation, cognitive functioning, and psychosocial well-being. Often described as a universal language, music plays a fundamental role in human emotional expression and social communication, making it particularly well suited for therapeutic contexts that require nonverbal or affect-centered interventions [1,2,3].



A large body of clinical and experimental research has demonstrated the therapeutic benefits of music-based interventions across diverse populations and conditions [4]. Structured music therapy has been shown to reduce symptoms of anxiety [5] and depression [6], alleviate behavioral disturbances in dementia [7], promote cognitive and language development in children [8], and enhance emotional resilience in individuals experiencing chronic illness or psychological stress [9]. Across the lifespan, music therapy engages multiple therapeutic mechanisms, including emotional expression, social interaction, memory recall, and physiological regulation. Despite these advantages, traditional music therapy practices often rely on fixed musical repertoires or therapist-led improvisation, which limits scalability [10,11]. Especially where trained music therapists are scarce [12], fine-grained and continuous personalization is difficult to achieve in real time. Recent advances in generative artificial intelligence (AI) have significantly expanded data-driven music generation and modeling, enabling increasingly adaptive and personalized music-based intervention systems. Contemporary generative music AI (GMAI) systems can produce high-quality, structurally coherent, and stylistically diverse music in both symbolic and audio domains [13,14,15]. In parallel, progress in affective computing, multimodal sensing, and digital health technologies has enabled continuous or near-continuous measurement of users’ emotional, physiological, and behavioral states [16]. The convergence of these developments has given rise to GMAI-augmented music therapy, in which generative models are informed by contextual or user-state information to support personalized musical experiences in therapeutic settings.



In this paper, GMAI refers to AI models based on deep generative architectures that can produce symbolic music representations, audio waveforms, or hybrid forms thereof. Through multimodal sensing and affective modeling, changes in a user’s emotional or physiological state can be estimated, and such information may be used to guide generative models toward music that is appropriate for individual preferences, cultural context, or therapeutic intent. GMAI systems may be deployed either as stand-alone tools or as assistive technologies that support music therapists. By enabling adaptive and interactive musical experiences, GMAI-based music therapy has the potential not only to enhance therapeutic effectiveness but also to improve accessibility and scalability, particularly in resource-limited or remote healthcare environments [10,17].



Despite growing interest, research at the intersection of generative AI and music therapy remains fragmented. Existing review studies tend to focus either on the therapeutic effects of music for specific clinical populations [1,2,4] or on advances in music generation technologies themselves [13,14,15]. In contrast, system-level integration, including architectural design, user interaction and UI/UX considerations, and differentiated generative strategies tailored to therapeutic goals and target populations, has received comparatively limited attention. Furthermore, recent technical developments, such as controllable music generation [18], multimodal representation learning [16], and reinforcement learning-based personalization [19], have not yet been coherently synthesized within the context of music therapy. As generative models continue to mature and interest in AI-driven digital therapeutics grows, there is an increasing need for an architecture-oriented and focused survey of generative AI-based music therapy systems.



Accordingly, this paper aims to analyze recent representative research trends in which generative AI has been integrated into music therapy-related systems and to identify key open challenges and future research directions. To this end, we address the following research questions:




	
RQ1 (Conceptual perspective): How have generative AI-based music generation techniques been conceptualized and utilized in music therapy contexts, and how have therapeutic considerations, such as emotional or physiological regulation, been discussed in relation to generative mechanisms?



	
RQ2 (System-level perspective): How do AI-augmented music therapy systems incorporate common components-including sensing, affective state modeling, generative music modules, and adaptive feedback loops-and how are these components implemented across experimental and real-world settings?



	
RQ3 (Future outlook): What major open challenges remain at the intersection of generative music, affect-aware adaptation, and digital health, and what research directions are required to enable scalable and personalized generative AI-based music therapy?








The remainder of this paper is organized as follows. Section 2 reviews the background of music therapy and GMAI. Section 3 outlines the literature search methodology and presents the integrated system architecture derived from the surveyed studies. Section 4 discusses representative case studies mapped onto the derived system architecture, and highlights open challenges and future research directions for adaptive, generative AI-based music therapy systems.




2. Music Therapy and Digital Technology-Based Interventions


Music therapy is a clinically established intervention that utilizes structured musical experiences to support emotional regulation, cognitive engagement, and social interaction across diverse populations. While traditional active and receptive methods rely on human-mediated adaptation, the field is increasingly shifting toward digital frameworks to enhance the precision and scalability of these interventions.



2.1. Digital Transformation of Music Therapy Interventions


The transition from traditional practices to digital technology-based interventions has fundamentally altered the therapeutic landscape. Early systems primarily functioned through rule-based playback, but modern approaches integrate affective computing and multimodal sensing to enable responsive and adaptive therapeutic environments.



While traditional music therapy has established efficacy across clinical conditions-ranging from stress reduction in mental health to cognitive stimulation in dementia care-recent advances in digital sensing and interactive media have driven a shift toward computationally grounded intervention paradigms [20]. In this context, generative AI has emerged as a key enabling technology, moving beyond static playback control toward systems that adapt musical content based on real-time physiological and behavioral data.



Building on these advances, recent digital interventions increasingly incorporate GMAI with affective computing frameworks, enabling closed-loop interaction through the integration of physiological signals, behavioral cues, and user feedback. The potential benefits of such digital technology-based music interventions can be summarized as follows:




	
Large-scale personalization: GMAI enables the creation of music that reflects individual preferences, cultural background, and therapeutic needs. This capability supports more fine-grained personalization even in contexts where direct therapist involvement is limited.



	
Dynamic adaptability: By leveraging real-time physiological and behavioral data-such as heart rate, affective state estimates, or sleep-related indicators-generative systems can produce context-sensitive music that responds to a user’s current condition. This dynamic adaptation has the potential to enhance intervention effectiveness in applications such as stress management, mood regulation, and neurorehabilitation.



	
Accessibility and scalability: By reducing reliance on continuous access to trained therapists or pre-curated musical content, AI-based music intervention systems can improve accessibility to music therapy in resource-constrained or remote environments.








These capabilities position GMAI-based systems as a key enabler of next-generation music therapy, bridging personalized intervention with scalable and adaptive digital health solutions.




2.2. Generative AI for Music


Automated or AI-based music generation is a research area at the intersection of computational creativity, machine learning, and audio signal processing, and has evolved steadily over the past several decades. Such systems are commonly referred to as music generation systems [21] and, as illustrated in Figure 1, support various stages of the music production pipeline, including composition, arrangement, sound design, mixing, and mastering.



In practical music generation settings, the input representation plays a critical role in determining both model behavior and output characteristics. Inputs may take diverse forms, such as symbolic sequences (e.g., MIDI), raw audio waveforms, spectral representations, text prompts, style descriptors, structural templates, or excerpts of reference music. These representation choices directly influence model dimensionality, training stability, and the perceptual quality of the generated output. GMAI systems leverage such inputs to support interactive creative processes, including ideation and exploration, and to determine melodic, harmonic, rhythmic, timbral, and expressive attributes of generated music. Prior to the widespread adoption of deep learning, music generation had been extensively studied using a range of computational approaches [22]. Early systems were primarily based on rule-based methods grounded in explicit music theory and compositional constraints, and were later extended using probabilistic models such as Markov models and optimization techniques including evolutionary algorithms. While these approaches allowed for transparent incorporation of musical rules, they faced inherent limitations in expressive flexibility, musical diversity, and emotional depth. With the introduction of deep learning, music generation transitioned decisively toward data-driven, sequence-based modeling paradigms [23]. Recurrent neural networks (RNNs) and long short-term memory (LSTM) architectures enabled effective modeling of music as temporal sequences, capturing local temporal dependencies and forming the foundation of symbolic music generation. The subsequent adoption of transformer architectures further advanced the field by employing attention mechanisms to model long-range structure and complex inter-instrument relationships, substantially improving performance in symbolic composition and performance modeling tasks [24].



Despite their strengths in learning high-level musical structures such as melody, harmony, and rhythm, symbolic approaches remain limited in representing key perceptual aspects of real-world music, including timbre, performance nuance, and fine-grained expressive gestures. To address these limitations, recent research has increasingly shifted toward audio-domain music generation, in which models synthesize high-fidelity audio directly in the waveform domain, typically conditioned on raw waveforms or high-resolution acoustic representations. Sample-level audio generation became feasible with autoregressive models such as WaveNet [25], while generative adversarial network (GAN)-based approaches later improved synthesis efficiency while maintaining direct waveform-level generation [26,27]. More recently, diffusion-based models have emerged as a dominant paradigm, demonstrating strong performance in terms of audio quality, stability, and temporal coherence [28].



In parallel, self-supervised learning on large-scale audio corpora has led to significant advances in music representation learning [29,30]. The resulting embeddings capture rich musical attributes, including semantic content, style, instrument identity, and expressive characteristics, and have become a core foundation for multimodal music generation systems that integrate audio, symbolic, and textual modalities. Enabled by these technological developments, AI-generated music has been increasingly adopted in applications such as game audio, adaptive soundtracks, virtual production, interactive composition, and large-scale content generation.



Nevertheless, music remains a highly complex generative target that simultaneously demands hierarchical structure, polyphonic coherence, and expressive communication. In particular, the precise control [31] of emotional conveyance, tension-release dynamics, and subtle expressive variation continues to pose fundamental challenges for generative models. These limitations are especially salient in therapeutic contexts, where musical expressivity and contextual appropriateness play a critical role, underscoring the need for system-level integration and adaptive control strategies in generative AI-based music therapy systems.





3. System Design Framework for AI-Based Music Therapy


To examine recent developments in AI-based music therapy, a structured literature search was conducted using Web of Science (WoS) and Google Scholar. The primary Boolean query applied to titles, abstracts, and metadata included the terms “music therapy” OR “intervention.” WoS was selected for its curated indexing and standardized metadata quality, whereas Google Scholar was used to ensure broader coverage of interdisciplinary and emerging research spanning computer science, digital health, and music technology.



This survey adopts a system-oriented perspective, emphasizing architectural design aspects, including computational models, modular configurations, interaction pipelines, and multimodal integration strategies, rather than quantitative validation of therapeutic efficacy or comparative clinical performance. Analysis of the retrieved studies revealed recurring architectural patterns that can be abstracted into four functional layers, as illustrated in Figure 2. Although individual systems differ in sensing modalities, music generation techniques, and therapeutic application contexts, many share a modular and closed-loop structure grounded in principles of affective computing.



From this perspective, AI-based music therapy systems may be conceptualized as comprising four interconnected functional layers: (1) sensing, (2) affective modeling, (3) music generation, (4) adaptive feedback. These layers provide an organizational lens for examining how multimodal inputs, AI-driven generative models, and control mechanisms are coordinated to enable adaptive and personalized music-based interventions.



The four-layer architecture shown in Figure 2 is proposed as an interpretive framework for organizing heterogeneous systems reported in the literature. It does not prescribe a specific implementation strategy nor claim methodological novelty; rather, it offers a descriptive abstraction of structural elements that recur across existing approaches. Table 1 summarizes the primary roles and typical design characteristics associated with each functional layer. Detailed discussions of representative methods, design considerations, and technical variations are provided in Section 3.1, Section 3.2, Section 3.3 and Section 3.4.



3.1. Multimodal Acquisition Layer


The multimodal acquisition layer is responsible for collecting observable signals that reflect the user’s emotional, cognitive, and physiological states. Because complex affective responses and therapeutic dynamics cannot be sufficiently captured by a single signal modality, recent systems increasingly emphasize the integration of complementary multimodal information.



3.1.1. Physiological Signals


Physiological signals capture autonomic and neurophysiological responses closely associated with emotional arousal and stress [32]. Representative measures include electroencephalography (EEG) [33], heart rate and heart rate variability [34], respiration rate, electrodermal activity [35], and galvanic skin response [36]. These signals offer objectivity and high temporal resolution, but typically require careful preprocessing to mitigate noise and motion artifacts.




3.1.2. Behavioral and Kinematic Signals


Behavioral and kinematic signals capture externally observable expressions of affect, such as body movement, posture, gestures, and interaction patterns [37]. In music therapy contexts, such signals can reflect engagement, relaxation, and social responsiveness.




3.1.3. Visual and Facial Cues


Visual and facial cues, including facial expressions, gaze patterns, and head movements, enable non-invasive estimation of emotional state and attentional focus [38].




3.1.4. Acoustic and Speech-Related Features


Acoustic and speech-related features, such as pitch, energy, speaking rate, and spectral characteristics, provide paralinguistic indicators for inferring affective valence and arousal levels [39]. In practical therapeutic environments, however, acoustic observations are often contaminated by background noise, reverberation, and concurrent sound sources. This necessitates the use of multi-source separation and signal reconstruction techniques to extract clean acoustic feedback [51,52]. By improving the signal-to-noise ratio of captured audio, such methods can enhance the reliability of downstream affective feature extraction and contribute to more robust multimodal inference.




3.1.5. Self-Report and Interaction-Based Inputs


Self-report and interaction-based inputs, including mood ratings, preference selections, and therapist annotations, offer contextual and reference information for affective modeling, albeit with lower temporal resolution [40].



While multimodal integration can compensate for the limitations of single-modality approaches and yield more robust user state estimation, practical system deployment remains constrained by increased computational complexity, latency, sensor synchronization requirements, and processing costs. Consequently, many existing systems still rely on a single modality or a limited subset of modalities.





3.2. Affective Representation and Modeling Layer


The affective representation and modeling layer translates heterogeneous sensory inputs into structured representations of the user’s emotional state. Conceptually, this layer functions as the semantic bridge between raw observations and adaptive music generation, transforming multimodal physiological, behavioral, and contextual signals into interpretable affective descriptors that can guide therapeutic intervention.



At a high level, existing approaches to affect modeling can be grouped into three complementary paradigms. First, dimensional models represent emotion within continuous low-dimensional spaces, most commonly arousal–valence (AV) or pleasure–arousal–dominance (PAD) frameworks [42,53]. These representations are particularly well-suited for music-based applications because musical attributes such as tempo, intensity, and harmonic tension naturally align with continuous affective dimensions. Second, categorical models map inputs to discrete emotional states (e.g., happiness, sadness, anxiety), offering intuitive interpretability for clinical settings and user interaction [43]. Third, representation-learning approaches embed multimodal signals into shared latent spaces through cross-modal alignment or joint embedding techniques [41]. These learned representations often capture subtle affective nuances that predefined taxonomies may fail to explicitly encode.



Beyond representational format, temporal modeling constitutes a defining characteristic of this layer. Emotional states evolve dynamically rather than instantaneously; accordingly, many systems incorporate smoothing, state-tracking, or sequential modeling mechanisms to ensure temporal coherence and robustness under noisy sensing conditions [44,45]. Such mechanisms help prevent abrupt or unstable transitions in downstream music generation, thereby preserving therapeutic continuity.



Moreover, depending on the disorder and the patient’s physical condition, this layer may incorporate cohort-specific psychoacoustic constraints to enhance therapeutic effectiveness. For example, conditions such as chronic tinnitus necessitate frequency-aware regulation, informed by objective psychoacoustic principles such as critical bands and auditory masking, to avoid symptom exacerbation [54]. More broadly, the cognitive nature of auditory perception underscores the importance of integrating measurable perceptual factors-such as loudness, spectral balance, and individualized hearing profiles-into affect modeling. Embedding such psychoacoustic parameters as intermediate control targets allows clinically relevant constraints to be systematically conveyed to the music synthesis core, thereby supporting more precise, controllable, and effective therapeutic interventions.



From a systems perspective, the primary contribution of the affective modeling layer lies not merely in classification accuracy, but in its capacity to produce stable, interpretable, and controllable affect embeddings. These embeddings serve as intermediate control signals that link sensed user states with generative music parameters, enabling structured alignment between inferred emotion and musical expression. By abstracting high-dimensional observations into semantically meaningful representations, this layer establishes the foundation for adaptive, personalized, and closed-loop music-based interventions.




3.3. AI-Assisted Music Synthesis Core


Building upon the structured affective embeddings produced by the preceding layer, the AI-assisted music synthesis core translates inferred emotional states into adaptive musical expression. Whereas the affective modeling layer abstracts multimodal signals into semantically meaningful representations, this layer operationalizes those representations as generative control inputs for music creation. In doing so, it enables a closed-loop linkage between sensed user state and therapeutic sound output.



In contrast to earlier systems that relied primarily on music recommendation from predefined libraries, contemporary approaches increasingly frame music production as a controllable generative process. Affective embeddings, whether dimensional, categorical, or learned latent vectors, are mapped onto musically salient parameters such as tempo, rhythmic density, harmonic tension, melodic contour, timbral characteristics, and dynamic intensity. These control variables condition generative models, allowing emotional intent to be systematically aligned with musical structure.



Current implementations span multiple generative paradigms, including transformer-based symbolic music models, autoregressive audio generators, diffusion-based synthesis frameworks, and hybrid architectures that integrate symbolic planning with waveform-level rendering [24,46]. Across these approaches, the central design objective is not merely expressive diversity, but controllability: the capacity to produce musically coherent outputs that remain consistent with the inferred affective state over time.



Moreover, when the type of disorder and the therapeutic environment permit, the integration of spatial audio and sound field reproduction can further enhance the effectiveness of AI-assisted music synthesis. Compared to conventional mono sound, spatial audio provides a heightened sense of immersion and spatial presence, which can facilitate attentional engagement. Such increased engagement has been associated with reductions in perceived pain and boredom in clinical settings [55,56]. Despite these potential benefits, spatial audio and sound field reproduction remain relatively underexplored in both music therapy [57] and generative music AI [58], even though they are actively studied in broader audio engineering domains [59]. Incorporating spatial rendering as an additional control dimension-alongside tempo, harmony, and timbre-opens new possibilities for shaping therapeutic soundscapes that dynamically adapt not only in musical content but also in spatial perception.



From a therapeutic systems perspective, stability, interpretability, and safety are critical considerations. Generated music must avoid abrupt structural shifts or unintended affective cues that could disrupt therapeutic continuity. Consequently, many systems incorporate constraints on tempo ranges, harmonic progression patterns, stylistic boundaries, or structural repetition to maintain predictable and clinically appropriate behavior [1].



Viewed within the broader four-layer architecture, the music synthesis core functions as an adaptive translation mechanism that converts abstract affect embeddings into structured musical narratives. Its effectiveness depends on how reliably affective representations can be transformed into coherent, emotionally aligned musical trajectories that support personalized intervention goals.




3.4. Feedback and Adaptive Optimization Layer


Extending the generative translation performed by the music synthesis core, the feedback and adaptive optimization layer completes the closed-loop architecture by monitoring user responses and updating system behavior over time. Whereas the affective modeling layer abstracts user state and the synthesis core operationalizes it into musical output, this layer evaluates the consequences of that output and adjusts subsequent generation accordingly. In this sense, it provides the temporal continuity necessary for sustained therapeutic interaction.



User responses, captured through the multimodal acquisition layer, serve as evidence for assessing the evolving impact of the generated music. Changes in physiological signals, behavioral indicators, or inferred affective states inform whether therapeutic objectives are being approached, maintained, or deviated from. These observations may be interpreted as implicit feedback signals that guide adaptive control.



Adaptation strategies span a continuum of complexity. At a basic level, systems may implement rule-based parameter adjustments that modulate tempo, intensity, or structural features in response to detected affective shifts. More advanced approaches employ learning-based optimization mechanisms, including reward modeling grounded in affective state transitions [47], reinforcement learning or online adaptation strategies [48,49], and other data-driven policy updates.



From a therapeutic systems perspective, however, adaptation extends beyond algorithmic optimization. Human-in-the-loop configurations, particularly therapist oversight, remain central to maintaining clinical validity, ethical responsibility, and contextual appropriateness [50]. Rather than fully automating intervention decisions, many practical deployments position adaptive algorithms as assistive components that augment professional judgment.



Within the overall four-layer framework, the feedback and optimization layer functions as the regulatory mechanism that stabilizes and personalizes the intervention trajectory. Its effectiveness depends on the reliable interpretation of user responses, the controllability of the generative process, and the balanced integration of automated adaptation with human expertise.




3.5. System Integration and Implementation


The practical implementation of an AI-based music therapy system requires careful design choices regarding which components, discussed in Section 3.1, should be incorporated into therapeutic workflows, as well as whether a single-modal or multimodal approach is more appropriate. In multimodal settings, differences in temporal resolution across modalities must be reconciled, typically through temporal smoothing and joint latent embedding techniques, to map heterogeneous signals into a unified affective representation space [60,61]. Common representation spaces include the AV model and the PAD framework, as noted in Section 3.2.



However, widely used large-scale generative models such as MusicGen [18] and Suno [62] are not inherently trained within these affective representation spaces. As a result, affective embeddings must be transformed into compatible input formats, such as structured text prompts or descriptive metadata. In practice, this is often achieved by decoding emotion-based embeddings into natural language descriptors that guide the generation process [38]. Additionally, personal information-including user-preferred genres, individual physiological baselines, and historical therapeutic responses-can be incorporated into the generation process through style descriptors or meta-tags appended to the prompt [63]. This enables the generated music to be not only emotionally aligned but also personalized to the user’s cultural and aesthetic context, thereby enhancing therapeutic engagement.



Nevertheless, the embedding-to-text transformation introduces a potential loss or distortion of affective information [64]. Addressing this issue requires tighter coupling between representation learning and generative control, motivating a transition toward unified architectures in which the latent space of affective modeling is directly aligned with the conditioning space of the generative model [65,66]. One possible approach is to adopt joint embedding frameworks, similar to those used in contrastive language–image pre-training (CLIP) [67] or contrastive language–audio pre-training (CLAP) [68], where physiological states and musical features are projected into a shared space to minimize representational discrepancy. Alternatively, the development of specialized generative models tailored for music therapy—capable of directly conditioning on affective embeddings without intermediate text conversion—could further mitigate information loss. However, such end-to-end approaches remain limited in practice due to the scarcity of labeled data and the inherent difficulty of defining stable training objectives for subjective therapeutic outcomes.



A critical engineering hurdle in this integrative pipeline is maintaining real-time responsiveness. While a system is technically considered as real-time operation if it generates audio faster than playback, effective music therapy requires that subsequent stimuli be generated within a few seconds to preserve the continuity of the feedback loop. System-imposed delays have been shown to negatively affect user perception and task performance [69,70]. In practice, end-to-end latency encompasses sensing, preprocessing, inference, and audio rendering, and must typically be constrained within a range of a few hundred milliseconds to a few seconds, depending on the interaction paradigm. To address this, recent efforts focus on reducing generation latency through efficient neural architectures and incremental or streaming generation strategies [71]. Furthermore, cloud-edge integration is increasingly adopted to minimize transmission delays, although it introduces additional challenges related to system reliability, bandwidth variability, and deployment cost [72,73]. These considerations highlight that achieving clinically viable real-time performance requires not only algorithmic efficiency but also careful system-level optimization across the entire pipeline.





4. Current Status and Future Research Directions for Generative-AI Based Music Therapy


4.1. Literature Search and Case Study Selection


Building on the four-layer architectural framework derived in Section 3, we further explore recent case studies in GMAI-based music therapy. The objective of this section is not to quantitatively compare performance or to assess clinical superiority across methods. Instead, the focus is on analyzing how the GMAI-based music therapy architectural framework is instantiated in existing systems, and on characterizing the associated design space, including sensing modalities, generative modeling strategies, and interaction mechanisms.



We select only case studies that explicitly employ GMAI as a core system component, to reflect a shift from treating generative models as auxiliary tools toward embedding them as central elements of therapeutic system design. The literature search was restricted to studies published between January 2019 and December 2025. This period corresponds to the emergence and active integration of contemporary generative AI paradigms-such as transformer-based sequence models, diffusion-based generative models, and neural music generation systems-into digital health and music-based interventions.



The primary Boolean query applied to titles, abstracts, and metadata was:



(“music”) AND (therapy OR intervention OR clinical) AND



(“AI” OR “AI-augmented” OR “AI-assisted” OR “generative model”)



Retrieved records were screened to retain studies where generative AI constituted a core methodological component rather than a peripheral tool. After screening, five case studies were identified that met the selection criteria. This subsection examines five representative case studies (S1–S5 [74,75,76,77,78]; see Table 2). As GMAI has only recently reached a level of maturity that enables its application across diverse domains, relatively few music therapy studies currently position generative AI as a core system component. Notably, the five selected case studies were all published between 2024 and 2025, reflecting this emerging trend.



In Table 2, selected representative case studies are analyzed and mapped onto the four-layer framework, illustrating how different sensing modalities, affective modeling, generative paradigms, and interaction strategies instantiate shared design principles. Consistent with prior system-oriented reviews, this survey emphasizes architectural diversity and conceptual abstraction, aiming to synthesize a coherent system-level perspective across diverse implementations.



These studies reflect a shift from treating generative models as auxiliary tools toward embedding them as core elements of therapeutic system design. The objective is not to compare clinical outcomes or benchmark performance, but to analyze how the proposed architectural abstraction is instantiated in practice, including sensing modalities, generative strategies, and interaction mechanisms.



Case S1 Ref. [74] utilizes environmental video captured around the patient as the primary input modality. A vision–language model extracts semantic descriptors from the video stream, which are curated by the patient or therapist and provided as textual prompts to a commercial GMAI system (Suno API [62]). This approach exemplifies prompt-mediated control, where environmental context influences music generation through user-guided textual conditioning rather than explicit affective state modeling.



Case S2 Ref. [75] proposes a closed-loop framework in which EEG signals are encoded into latent representations using a pretrained encoder. These embeddings condition a music generation model to enable affect-informed synthesis. An adaptive control mechanism based on reinforcement learning permits selective user intervention, supporting dynamic adjustment of the generative process in response to inferred neural states.



Case S3 Ref. [76] similarly adopts an EEG-driven closed-loop paradigm, combining EEG-based emotion recognition with pretrained audio generative models. The system integrates an EEG emotion classifier, a HiFiGAN-based audio generator, and a variational autoencoder (VAE) derived from DCASE Challenge Task 7.1. While the study demonstrates the feasibility of coupling neural signals with high-fidelity audio synthesis, the feedback pathway is only partially specified, and explicit mechanisms for adaptive control remain limited.



Case S4 Ref. [77] introduces a hybrid generative architecture that combines a cross-modal transformer (CMT) with a VAE. The CMT models associations between textual prompts and music representations through attention mechanisms, while the VAE introduces stochastic latent variables to enhance generative diversity. Although user feedback is conceptually acknowledged as a potential adaptation mechanism, detailed learning procedures and quantitative evaluations of adaptive behavior are limited.



Case S5 Ref. [78] builds on a pretrained MusicGen [18] model and proposes a continuous prompt-engineering strategy. Initial music generation is driven by a base textual prompt, after which subsequent iterations incorporate partial audio outputs from previous steps together with additional textual inputs describing the patient’s emotional state, preferred instruments, and musical genres. Experimental results indicate improved alignment between generated music and target affective conditions, highlighting the potential of iterative, context-aware prompting for affect-aligned generation.



In summary, the representative studies summarized in Table 2 demonstrate increasing interest in integrating generative AI into music therapy systems, while also indicating that practical therapeutic deployment remains at an early stage. Most current approaches rely predominantly on text-based conditioning to encode emotional or therapeutic intent, with comparatively limited integration of multimodal affective representations and fully realized adaptive closed-loop control. These observations motivate the open challenges and the future research opportunities discussed in Section 4.2 and Section 4.3.




4.2. Open Challenges in AI-Based Music Therapy Systems


Existing review articles and prior studies have identified several open challenges and future directions for AI applications in music therapy. Collectively, this body of work suggests that the field is transitioning from static music recommendations toward adaptive, closed-loop systems that incorporate biofeedback, multimodal sensing, and interactive control. The representative systems reviewed in Section 4.1 (S1–S5) reflect this transition at varying levels of architectural maturity.



4.2.1. Advanced Personalization via Biofeedback Loops


A central challenge is enabling fine-grained personalization through real-time biofeedback. Future AI-based music therapy systems are increasingly envisioned as prescription digital therapeutics (DTx) rather than static media delivery tools, in which music is dynamically adapted in response to physiological and affective signals. Prior work has proposed affect-aware music generation interfaces explicitly designed for biofeedback, such as AffectMachine-Classical [79], as representative examples of this paradigm.



Among the surveyed systems, S2 and S3 most clearly instantiate biofeedback-driven personalization by incorporating EEG signals into closed-loop music generation pipelines. In S2, EEG-derived latent embeddings condition the generative process within a reinforcement learning-based control framework, enabling adaptive modulation of music in response to inferred neural states. S3 similarly integrates EEG-based emotion recognition with pretrained audio generative models, although the feedback pathway remains implicit and lacks explicit adaptive optimization.



In contrast, S1, S4, and S5 primarily rely on static or semi-static textual prompts to encode affective intent. While such prompt-mediated personalization offers accessibility and ease of interaction, it limits the system’s ability to respond dynamically to evolving user states, underscoring a key challenge for next-generation AI-based music therapy systems.




4.2.2. Neurorehabilitation and Motor Function Recovery


Beyond affect regulation, AI-driven music therapy is increasingly explored in neurorehabilitation contexts, including stroke and Parkinson’s disease [80]. In intelligent rhythmic auditory stimulation (RAS), AI systems dynamically adjust musical tempo and rhythmic structure to align with a patient’s gait, effectively acting as a responsive rhythmic partner during rehabilitation.



Although none of the representative systems (S1–S5) explicitly target motor rehabilitation, the closed-loop architectures demonstrated in S2 and S3 provide a technical foundation that could be extended to such applications. Their continuous biosignal acquisition and generative control mechanisms align with the requirements of adaptive RAS systems.



Relatedly, studies on neural plasticity suggest that AI-generated music combined with brainwave entrainment-for example, 40 Hz gamma stimulation-may support memory recall and neural integrity in patients with Alzheimer’s disease [10]. These applications further emphasize the importance of sample-level, audio-domain generative models, as employed in S3, where waveform-level synthesis enables precise temporal and spectral control relevant to neural entrainment.




4.2.3. Human-in-the-Loop and Co-Creative Paradigms


A recurring theme in the literature is that AI systems should augment rather than replace therapists [81]. Human-in-the-loop paradigms remain essential for maintaining clinical validity, ethical responsibility, and contextual appropriateness. Therapist-facing interfaces that provide interpretable indicators-such as synchronization between physiological responses and musical structure-can support informed intervention during therapy sessions.



Among the reviewed systems, S1 and S5 most explicitly incorporate human mediation. In S1, semantic descriptors extracted from environmental video are curated by the patient or therapist before being passed as prompts to a commercial GMAI system, positioning humans as critical intermediaries in the control loop. S5 similarly adopts a sequential prompt refinement strategy, where affective state and musical preferences are incrementally injected into the generation process.



While none of the surveyed systems fully realize real-time musical co-performance, S4’s cross-modal transformer architecture suggests a potential pathway toward interactive co-creation by aligning textual intent and musical structure through attention-based mechanisms.




4.2.4. Expansion of Therapeutic Domains and Clinical Validation


Finally, although anxiety and depression remain dominant application domains, AI-based music therapy is gradually expanding into broader clinical contexts. Across S1–S5, however, therapeutic objectives are typically framed in broad affective terms, with limited differentiation across clinical cohorts.



Large-scale randomized controlled trials (RCTs) specifically targeting AI-driven music therapy remain scarce. While standardized outcome measures and multimodal physiological evaluation frameworks are gradually maturing [10], the lack of explicit clinical endpoints in S1–S5 highlights a persistent gap between proof-of-concept system design and clinically grounded evaluation.





4.3. Generative AI-Specific Research Gaps and Opportunities


While many of the challenges discussed in Section 4.2 are shared with broader AI-driven music therapy and digital health systems, the adoption of modern GMAI introduces additional research gaps that are not adequately addressed in existing literature. This section highlights opportunities that arise specifically from the use of GMAI as a core generative component, many of which are directly reflected in the limitations observed across S1–S5.



4.3.1. Goal-Oriented and Therapy-Aware GMAI Models


A fundamental research direction is the development of GMAI models explicitly aligned with therapeutic objectives. From a technical standpoint, this requires training generative models on clinically annotated datasets, ensuring robustness across diverse populations, and supporting interoperability across heterogeneous sensing devices and care environments.



Across the reviewed systems, S1, S4, and S5 rely primarily on large-scale, general-purpose pretrained music generation models. While these models exhibit strong expressive capacity, their training corpora lack therapeutic annotation, cohort specificity, and clinical context. Consequently, therapeutic intent is injected post hoc via textual prompts rather than being embedded within the model’s generative priors.



In contrast, S2 and S3 take preliminary steps toward therapy-aware modeling by incorporating biosignal-derived representations into the generation pipeline. Nevertheless, even these systems stop short of training GMAI models on clinically grounded, cohort-specific datasets. Given that music therapy principles vary substantially across populations-for example, ISO-based emotional transitions in adult mental health [82,83], reminiscence therapy [84] in dementia care, and action-oriented musical forms in pediatric neurodevelopmental interventions [85,86]-developing cohort-adaptive GMAI models remains a largely unexplored opportunity.



Moreover, recent analyses of music intervention studies report substantial issues in reporting quality, including inconsistencies and ambiguities in methodological descriptions, which limit reproducibility and data reuse [87]. These limitations pose a critical challenge for GMAI-based music therapy, where high-quality, well-annotated datasets are essential for model training. In particular, existing clinical data sources such as electronic health records (EHRs) often lack fine-grained musical information, including detailed repertoire characteristics, session structure, and therapist intervention strategies. As a result, constructing datasets suitable for training therapy-aware GMAI models remains highly challenging.



Addressing this gap requires the establishment of standardized data collection guidelines tailored to music therapy contexts. Prior work on clinical music therapy practice highlights the importance of structured outcome documentation and EHR-integrated data collection processes [88,89,90]. Extending these principles to GMAI-oriented datasets would enable the systematic capture of both clinical outcomes and music-specific features. Furthermore, recent studies emphasize the importance of human-AI co-design and collaboration with music therapists in developing usable systems and interfaces [81,91]. Incorporating such collaborative approaches into dataset construction is essential to ensure that collected data accurately reflect therapeutic intent and real-world clinical practices.




4.3.2. User Interface, Interaction Design, and Translational Barriers


The effectiveness of GMAI-based music therapy systems depends not only on algorithmic performance but also on user interface (UI) and user experience (UX) design, particularly in clinical settings. This challenge is evident across the reviewed systems. S1 and S5 offer relatively accessible interaction paradigms based on text prompts and preference selection but rely heavily on user interpretation and manual control. Conversely, S2 and S3 incorporate sophisticated sensing and modeling components, yet provide limited discussion of therapist-facing interfaces or interpretability mechanisms.



Addressing this gap requires UI/UX mechanisms that mediate between architectural layers, enabling clinicians to interact through intuitive and clinically interpretable controls. However, current GMAI-based systems lack unified evaluation protocols that simultaneously capture generative performance and therapeutic relevance. While music generation studies primarily assess perceptual quality and diversity using objective or distribution-based metrics [92], music therapy research relies on standardized clinical outcome measures such as behavioral, cognitive, and affective assessments [93,94]. This methodological divergence highlights a critical research gap and underscores the need for integrated evaluation frameworks that align computational generative metrics with clinical therapeutic objectives for context-sensitive and patient-specific assessment.



Beyond interface design, the physical configuration of the therapy environment and the adoption of specialized equipment represent an additional, yet often overlooked, dimension of system effectiveness. Thoughtful music therapy room design, combined with the use of noise reduction technologies, can help minimize ambient distractions and enhance patient engagement [95,96]. For instance, active noise control or environmental noise suppression may improve attentional focus and cognitive stability, as excessive noise in clinical settings has been associated with impaired attention, stress, and reduced care quality [97,98]. Such considerations highlight the importance of integrating environmental and hardware-level design into the broader GMAI system framework.




4.3.3. Digital Twin-Driven Simulation for Generative Music AI Design


Beyond real-time closed-loop control, digital twin frameworks offer a complementary approach by enabling offline, patient-specific simulation of therapeutic processes [99,100]. Such frameworks allow systematic evaluation of generative strategies without direct exposure to patients.



While none of the representative systems explicitly implement digital twins, S2 and S5 implicitly point toward this direction. S2’s reinforcement learning-based adaptive control and S5’s sequential conditioning strategy both suggest the need for simulation-based evaluation of generative policies prior to deployment.



When integrated with GMAI, digital twins enable controlled simulation of affective and behavioral responses to synthesized music under diverse therapeutic assumptions. High-level patient state representations encoded within the digital twin can serve as conditioning variables for generative models, extending the conditioning mechanisms explored in S2 and S3 into a principled, simulation-driven design framework. By shifting optimization and validation into virtual environments, digital twin-based approaches offer a promising pathway toward safer, more interpretable, and clinically grounded deployment of GMAI-based music therapy systems [101,102].






5. Conclusions


This survey examined recent generative AI-based music therapy systems from a system-level perspective, organizing prior work within a four-layer architectural framework encompassing multimodal acquisition, affective representation, music synthesis, and feedback-driven adaptive optimization. By mapping representative studies onto this framework, we clarified how generative music AI is integrated into therapeutic settings and identified both recurring design patterns and persistent research gaps.



Our analysis indicates that existing systems predominantly emphasize isolated components—most notably music generation—while comprehensive end-to-end integration remains uncommon. In particular, cohort-specific therapeutic modeling, principled and interpretable affective representations, and sustained feedback-driven adaptation are insufficiently addressed. No single system currently spans all architectural layers in a clinically grounded and scalable manner. This suggests that present limitations stem less from generative model capacity and more from challenges in system integration, validation, and translational deployment.



Future research should therefore prioritize system-oriented and cohort-aware design, with greater emphasis on interpretable affective modeling, human-in-the-loop interaction, and precautionary digital twin-driven simulation for safe evaluation. Advancing generative AI from a standalone content generation tool to an adaptive therapeutic component is essential for achieving personalized, reliable, and clinically meaningful systems. Ultimately, progress in this area will require close collaboration among generative AI researchers, clinicians, and music therapists to ensure that technical advances translate into safe and effective therapeutic practice.
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Figure 1. General architecture of an AI-based music generation. Overview of an end-to-end generative music AI pipeline, illustrating input modalities, core generative modeling, output representations, and integration with conventional music production processes. 
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Figure 2. System architecture for adaptive affective music therapy. The framework integrates multimodal physiological sensing, ambient context, and patient feedback with a music synthesis core, which might be optimized through a closed-loop affective reward-based reinforcement learning process with optional clinical mediation. 
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Table 1. System-level functional layers in AI-based music therapy systems.
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	Functional Layer
	Primary Role
	Typical Inputs/Methods
	Studies





	Multimodal acquisition layer
	Capture observable signals reflecting user emotional, physiological, and behavioral states
	EEG, HR/HRV, EDA, respiration; motion and posture; facial expression and gaze; speech and acoustic features; self-report measures
	[32,33,34,35,36,37,38,39,40]



	Affective representation and modeling layer
	Fuse heterogeneous inputs into unified, machine-interpretable affective state representations
	Cross-modal feature alignment; joint latent embeddings; arousal–valence or PAD models; temporal smoothing and state estimation
	[41,42,43,44,45]



	AI-assisted music synthesis core
	Generate or control music content conditioned on affective state and therapeutic intent
	Symbolic generation (transformer-based); audio-domain generation (diffusion models); affect-to-music parameter mapping; safety-constrained generation
	[13,14,18,23,24,27,31,46]



	Feedback and adaptive optimization layer
	Close the loop between generated music and user response to enable dynamic adaptation
	Rule-based control; reward modeling from affective change; reinforcement learning; online optimization; human-in-the-loop intervention
	[47,48,49,50]










 





Table 2. Representative case studies of generative AI-based music therapy systems.
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	Case
	Input Modality
	Affective Modeling
	Generation & Adaptation
	Architectural Emphasis





	S1 [74]
	Environmental video
	Implicit affect and contextual cues extracted via a visual-language model; mediated through user or therapist prompts
	Commercial text-to-music system (Suno API) with manual prompt refinement; no automated closed-loop adaptation
	Prompt-mediated contextual control without explicit physiological affect modeling



	S2 [75]
	Real-time EEG
	Latent affect embeddings from a pretrained EEG encoder used as continuous conditioning variables
	Affect-conditioned music generation integrated with reinforcement learning-based adaptive control and selective user intervention
	EEG-conditioned closed-loop generation emphasizing neural affect modeling and adaptation



	S3 [76]
	EEG
	Discrete or continuous affect labels inferred from EEG-based emotion recognition
	Pretrained audio generative models (HiFiGAN + VAE); no explicit adaptive feedback
	Feasibility-driven EEG-audio integration without closed-loop optimization



	S4 [77]
	Text prompts and symbolic or latent music
	Implicit affective descriptors embedded via cross-modal attention
	Hybrid cross-modal transformer and VAE; feedback conceptually acknowledged but weakly specified
	Cross-modal latent alignment prioritizing expressive diversity over adaptive therapy



	S5 [78]
	Iterative text prompts with partial audio
	Affective intent encoded through iterative textual descriptors updated across generations
	MusicGen guided by prompt engineering and generation history; adaptation across iterations
	Iterative affect-aware prompting with temporal refinement of affect alignment
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