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Abstract 

Aiming at the problem of insufficient note-level attribute modulation and the difficulty of fusion of cross-genre musical 

elements, the study proposes a hierarchical conditional embedding mechanism and a symbolic feature conditional diffusion 

method. Through the dynamic gated fusion of note-structure and adaptive acoustic modulation guided by symbols, it 

optimizes the millisecond precision generation of melodic rhythm and the synergistic control efficiency of high-fidelity 

audio synthesis. This enables fine-grained controlled generation of cross-cultural heterogeneous music. The experimental 

results indicated that the model achieved 96.2% note localization accuracy in cross-cultural scenarios, which was 12.8% 

higher than the benchmark. The minimum value of beat synchronization deviation was 1.7 ms, which was 52.9% lower 

than the optimal comparison model. The average value of polyphony duration was 70.6%, an improvement of 9.8%. 

Differential scale fusion reached 12.5 tone level, breaking through the limit of twelve equal temperament. The peak 

memory occupation was 198.3 MB, and the energy consumption of a single song was as low as 0.142 kWh, reducing 

energy consumption by 29.4% compared with the traditional solution. The professional composition evaluation revealed 

that the cultural coordination degree of the heterogeneous style fusion fragment was 92.1%. The real-time generation delay 

stabilized at 2.8 ms, and the generation quality improved by 38.7% compared to the industrial standard. These results 

proved the model's comprehensive advantages in cross-dimensional control and artistic expression. This model can be 

integrated into digital audio workstations (DAWs) as either a plug-in or a cloud API. It provides creators with real-time, 

interactive generation and style transfer capabilities. It provides intuitive control over both macro-level structure and micro-

level acoustic details via natural language commands or symbolic input. This significantly lowers the barrier to high-

quality, AI-assisted creation. This drives the popularization and application of cross-cultural music fusion exploration. 
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1. Introduction 

In the field of music, digital music generation technology is gradually evolving from the early symbolic rule-driven, 

simple probabilistic model to a data-driven paradigm centered on deep neural networks [1]. It is capable of automatically 

generating melodic fragments and even complete works with considerable musical structure and emotional 

expressiveness [2]. However, the current mainstream AI music generation technologies still face significant challenges 

in meeting the growing demand for refined and personalized creation. One of them is the problem of insufficient control 

granularity. Existing technologies lack high-precision guidance capabilities for microscopic musical details (e.g., 

specific bar harmonies, local rhythmic structures), which constrains the complete realization of creators' intentions [3]. 

The second is the problem of homogeneity of the generated results. Current models rely on a single style dataset for 

training, making it difficult to integrate cross-genre/cultural elements (e.g., classical and electronic, Eastern and 
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Western), etc., resulting in music that lacks innovation and artistic recognition [4]. The dominance of a single cultural 

style intensifies the trend toward musical homogenization, leading to the decline of creators of marginalized traditional 

music [5, 6]. Therefore, the goal of achieving genuinely heterogeneous music generation is to provide creators with tools 

for cross-cultural dialogue, promote the fusion and reinvention of cultural grammars, and infuse the global music 

ecosystem with sustainable computational creativity [7]. 

Transformer with extra-long context (Transformer-XL) is able to extend the Transformer context length to deal with 

the long sequence dependency problem by utilizing segment-level recursion mechanism and relative position encoding 

[8]. Diffusion-based waveform generative model (DiffWave) generates high-fidelity audio signals directly in the 

waveform domain for high-quality music synthesis by gradually denoising through a reverse diffusion process [9]. 

However, Transformer-XL lacks the ability of fine-grained hierarchical control of note-level attributes and 

macrostructures. DiffWave, on the other hand, is difficult to effectively fuse discrete symbol features to precisely 

modulate timbral dynamics [10, 11]. Therefore, this research focuses on the underlying logic of Transformer-XL, 

DiffWave and improves it. It proposes fine-grained controllable-heterogeneous generation model-Transformer-XL & 

DiffWave (FCH-TD). This research is grounded in the theoretical approaches of hierarchical cognition and the 

generation theory of musical information. These approaches emphasize that the perception and creation of music 

constitute a cross-level process ranging from micro-notes to macro-structures. The study employs a hierarchical 

computational framework with a dual-stage architecture for symbolic and acoustic generation. This architecture 

processes structured logic and high-fidelity texture, respectively. The Transformer-XL model is based on inter-segment 

state recursion, which allows it to model long-range structural dependencies. DiffWave ensures acoustic generation 

quality through diffusion process theory. The innovation lies in the proposed hierarchical conditional embedding 

mechanism, which integrates external control signals and internal states adaptively via gated information fusion and 

attention modulation theory. The conditional diffusion mechanism, which is grounded in cross-modal representation 

learning, is a symbolic feature that employs AdaIN (adaptive instance normalization) to map symbolic semantics to 

acoustic features. This enables fine-grained control. 

The study is divided into four sections. The first section summarizes the current research status of fine-grained control 

and heterogeneity fusion technology in the field of artificial intelligence music generation. The second section is based 

on Transformer-XL and DiffWave. It proposes an improved fine-grained control mechanism and a deep learning 

heterogeneity fusion framework for the FC-HGM-TD music generation model. The third section verifies the reliability 

and artistic expressiveness of the proposed model through music generation test cases and an analysis of actual creations. 

The fourth section systematically summarizes the whole study and discusses the future optimization direction. 

2. Related Works 

With the rapid development of artificial intelligence, especially deep generative modeling, AI-generated content 

technology has demonstrated powerful potential and transformative impact in several fields of artistic creation [12]. 

However, the problems of insufficient heterogeneous expression and lack of fine-grained control in the existing 

technologies seriously restrict the development and application of digital music generation technologies. Aiming at these 

problems, many experts in the field of digital music have explored [13]. Aiming at the problem that textual control 

cannot regulate the fine-grained attributes of time dimension, Wu et al. proposed a multidimensional temporal diffusion 

music control network. It realized precise and collaborative control of multi-scale time-varying features such as beat 

position/dynamic intensity/melodic contour through the spectrogram conditional modulation mechanism and local 

timing masking strategy. It could empower high-freedom creation of heterogeneous music [14]. Aiming at the problem 

of uncontrolled thematic continuity and the lack of fine-grained musical structure, Shih et al. proposed the thematic 

conditional Transformer model. Through the self-learning mechanism of musical thematic features and the gated parallel 

attention module, it realized the development of multilevel variations of a given thematic material, supporting the 

structured reproduction and innovation of heterogeneous music [15]. Aiming at the problem of uncontrolled fine-grained 

synergy and lack of theoretical specification of multi-track music, Jin et al. proposed the music theory-guided 

hierarchical Transformer architecture. Through the double constraint mechanism of single-track decoding learning-

cross-track interaction modeling and music theory reward network, it realized the systematic synergy and structural 

specification generation of multi-instrument heterogeneous features, and guaranteed the global harmonic logic and local 

vocal control of musical works [16]. Aiming at the problems of missing cross-modal dance-music fine-grained 

correlations and insufficient multi-instrument heterogeneity synergy, Han et al. proposed a hierarchical conditional 

generation framework. It realized frame-level control and stylized co-generation of dance movements to heterogeneous 

multi-instrument signals through dance map convolutional feature extraction, drum track sequence Transformer 

decoding, and self-supervised musical instrument digital interface (MIDI) multi-track complementation mechanism 

[17]. 

In addition, Wu et al. proposed a time-varying conditional transformer-variable self-encoder fusion architecture to 

address the problem of the lack of fine-grained control and limited coupling of musical attributes for long sequences. 

Through the segmented time-varying conditional injection mechanism and attribute-separated hidden space modeling, 
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the precise control of beat-level rhythmic intensity/harmonic density and the decoupling of cross-stylistic heterogeneous 

features of musical sequences were realized [18]. Shukla & Banka proposed a dynamic music genetic optimization 

algorithm to address the problems of rigidity in parametric music generation and insufficient cross-stylistic motivic 

integration. It realized fine-grained temporal/pitch calibration of single melodies and heterogeneous melodic 

combination creation through beat-to-scale adaptive mapping and cross-scale motivic algorithmic mechanism [19]. 

Borsos et al. proposed audio token-based language modeling framework (ATLM) to address the problem of the lack of 

long-term coherence and the difficulty of combining sonic details. It achieved a coherent continuation of the piano 

melody despite the lack of musical input and the natural emergence of a heterogeneous stylistic fusion by combining 

low-dimensional semantic tokens from the participle framework to create a long-term structure and high-dimensional 

acoustic tokens to ensure sound quality [20]. Aiming at the problems of multimodal representation fragmentation and 

lack of heterogeneous style resolution, A. Mehra et al. proposed spectro-lyrical embeddings model (SLEM). It realized 

fine-grained decoupling control of acoustic spectral texture and semantic narrative structure through an end-to-end 

multimodal weight adjustable pivot and genre feature particle clustering mechanism. This could support the visual 

deconstruction and dynamic reorganization of cross-linguistic heterogeneous styles [21]. 

In summary, the existing research is able to realize the guarantee of long duration music structure coherence, precise 

injection of multi-dimensional temporal conditions and implicit fusion of cross-genre features through the mechanisms 

of multilevel discrete token modeling, diffusion-transformer cross-modal coupling architecture, and semantic-acoustic 

dual-stream synergy. It has made a breakthrough in the field of controlled digital music generation. However, these 

methods still exhibit three common shortcomings: First, the absence of an effective joint control mechanism between 

note-level attributes and macro-level structure makes it easy for elements such as melody, rhythm, and harmony to 

become decoupled during cross-scale regulation. Second, the integration of diverse musical cultural elements, such as 

modes, scales, and rhythmic patterns, lacks explicit strategies for detecting and resolving conflicts, which often results 

in stylistic confusion or auditory dissonance. Third, most approaches have difficulty balancing high real-time generation 

efficiency with high-fidelity artistic expression. This is especially true in interactive composition scenarios, where it is 

difficult to achieve both a low-latency response and nuanced rendering of complex musical emotions simultaneously. 

In addition, fine-grained control and heterogeneous style decoupling are the key to guarantee the automatic generation 

of digital music, and their importance is self-evident. Therefore, this study proposes the FCH-TD generative model, 

which integrates a hierarchical conditional embedding mechanism and a symbol-feature conditional diffusion 

mechanism. This model is based on the inter-segment state recursion and long-range dependency modeling capabilities 

of Transformer-XL, as well as the non-autoregressive, high-fidelity waveform generation architecture of DiffWave. 

Architecturally, the model comprises two core modules: First is a melody generation module based on an enhanced 

Transformer-XL. This module achieves adaptive fusion of user instructions with hidden states and macro-level control 

at the phrase level. It does so by introducing note-level gated fusion units and structure-level tag-guided attention. 

Second, the DiffWave audio synthesis module uses one-dimensional convolutional encoding of symbolic sequences and 

AdaIN feature modulation to convert discrete symbolic information into spectral-domain control conditions. This 

enables precise regulation of timbre, dynamics, and acoustic details. The entire model establishes an end-to-end, cross-

modal mapping from symbolic control to waveform generation. This supports cross-style and cross-scale music 

generation while maintaining low inference latency. 

3. Material and Methods  

This research employs a hierarchical, collaborative generation framework that breaks down music generation into 

two levels: symbolic sequences and acoustic signals. This approach addresses issues of control and semantic 

consistency. The symbolic layer constructs a high-precision controllable generation system through sequence modeling 

and procedural control theory. The acoustic layer uses diffusion probability models and conditional generation theory 

to achieve high-fidelity synthesis driven by symbolic semantics. The two layers are interconnected via a symbolic feature 

conditional diffusion mechanism. Injecting symbolic semantics as conditional priors into the acoustic generation process 

ensures that the output is highly consistent with the intended symbolic meaning. 

This section is divided into two parts. The first part uses Transformer-XL as the core framework, combining the 

hierarchical conditional embedding mechanism with phrase-level structural control to construct a lightweight cascade 

melody generation module. It can optimize the capture accuracy and dynamic adaptation of note-level melodic/rhythmic 

features in heterogeneous music data. The second part establishes an audio synthesis module by combining the DiffWave 

diffusion model, symbolic feature conditional modulation, and the AdaIN strategy. This combination enhances the 

module's ability to model spatio-temporal correlations across timbre and expressive dimensions. Finally, the FCH-TD 

music generation model is established to enhance the real-time generation quality and control freedom of digital music. 

3.1. Controlled Generation of Melodic Rhythms Driven by Transformer-XL 

Melody and rhythm are the core elements of music, determining the emotional tone and structural integrity of the 

work. However, the traditional melodic rhythm generation model is weak in modeling long sequences, lacks variation 
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in single structure, and fails to achieve note-level fine-grained control. Melody and rhythm generation can be modeled 

as a conditional sequence generation problem. The core challenge lies in modeling long-range dependencies while 

responding to external control instructions. This study adopts the Transformer-XL architecture, leveraging its segmented 

recurrent mechanism to handle long-term sequence dependencies. External control is introduced through a hierarchical, 

conditional embedding mechanism that is designed to inject control information at two levels. Note level: Dynamically 

fuses instructions with hidden states via gating units. Structure level: It incorporates macro-level instructions as key-

value pairs into attention calculations through token-guided mechanisms. This enables holistic regulation of the 

generation direction [22]. Therefore, the study uses Transformer-XL as the basis for constructing the module that 

generates melodic rhythms. The structure of Transformer-XL is shown in Figure 1 [23]. 
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x1 x2 x12...
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(No grad)
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Figure 1. Structural diagram of Transformer-XL 

In Figure 1, the model contains 12 layers of encoders, each consisting of a multi-head self-attention and feedforward 

network that supports cross-segment state caching [24]. To eliminate the distortion of absolute position coding for long-

distance note relationships, Transformer-XL introduces a relative position bias matrix 𝐸𝑟𝑒𝑙  (learnable parameter) into 

the attention computation. Its output is shown in Equation 1 [25]. 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾⊤+𝐸𝑟𝑒𝑙

√𝑑𝑘
) 𝑉                    (1) 

In Equation 1, {𝑄, 𝐾, 𝑉} is the query, key, and value matrices, respectively, which are obtained from the input 

sequence by linear transformation. 𝑑𝑘 is the key vector dimension, default 64. This mechanism effectively improves the 

model's ability to model long-distance dependencies by adding a bias term related to the relative position in the attention 

score. To further extend the context length, Transformer-XL employs a fragment looping mechanism, which allows the 

current fragment to reuse the history state of the previous fragment. The computation of the implicit state of the 𝑙th layer 

of its 𝑡 segment is shown in Equation 2 [26]. 

ℎ𝑡
(𝑙)

= 𝑓𝜃([ℎ𝑡−1
(𝑙)

; ℎ𝑡
(𝑙−1)

])                       (2) 

In Equation 2, ℎ𝑡−1
(𝑙)  is the state of layer 𝑙 cache of the previous segment. ℎ𝑡

(𝑙−1) is the output of layer 𝑙 − 1 of the 

current fragment. 𝑓𝜃 contains the transform function for layer normalization and residual concatenation. Finally, 

Transformer-XL further enhances the feature representation by feed-forward neural network (FFN) as shown in 

Equation 3. 

𝐹𝐹𝑁(𝐴) = 𝑅𝑒𝐿𝑈(𝐴𝑊1 + 𝑏1)𝑊2 + 𝑏2                     (3) 

In Equation 3, 𝐴 is the output matrix from the attention layer. 𝑊1 and 𝑊2 ∈ ℝ𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑓𝑓  are the weight matrices 

(𝑑𝑚𝑜𝑑𝑒𝑙 = 512) of the first and second layers, respectively. 𝑏1 and 𝑏2 are the corresponding bias terms. 𝑑𝑓𝑓 is the FNN 

intermediate hidden layer dimension with a default value of 2048. With the above steps, Transformer-XL is able to 

efficiently model long sequences of note dependencies [27]. However, it lacks an external control interface to respond 

to user-specified fine-grained commands for note-level melodic rhythms [28]. Therefore, the study designs a hierarchical 

conditional embedding mechanism to realize fine-grained instruction parsing and decoupling of heterogeneous syntactic 

elements. Its structure is shown in Figure 2. 
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Figure 2. Structural diagram of the layered conditional embedding mechanism 

In Figure 2, the mechanism is a two-tier hierarchical control architecture, in which the note hierarchy vectors are 

directly injected into the network layer and the structural hierarchy markers drive the macro generation. In the note 

hierarchy, in order to realize the effective fusion of user control signals 𝑐, the study designs the gated fusion unit. The 

structure performs dynamic weighted integration between model states and user inputs through a learnable gating 

mechanism. The note level pitch/time value vector 𝑐𝑛 injection method is shown in Equation 4. 

{
𝑔 = 𝜎(𝑊𝑔[ℎ𝑡; 𝑐𝑛])

ℎ̃𝑡 = 𝑔⊙ ℎ𝑡 + (1 − 𝑔)⊙ (𝑊𝑛𝑐𝑛)
                     (4) 

In Equation 4, 𝑐𝑛 ∈ ℝ𝑑𝑐 is the note control vector (𝑑𝑐 = 32). 𝑊𝑔 ∈ ℝ𝑑ℎ×(𝑑ℎ+𝑑𝑐) is the gating weight matrix. ℎ𝑡 is the 

current implicit state. 𝑊𝑛 is the control vector linear transformation matrix [29]. This gating fusion unit dynamically 

balances the fusion ratio between the original state ℎ𝑡 and the control signal 𝑐𝑛, preserving the autonomous generation 

capability of the model while responding to the user intent. In a structural hierarchy, the study proposes a structural 

labeling guidance module based on the attention mechanism to introduce macro-structural control. This module guides 

the generation process through phrase labeling 𝑚𝑝. At this point, the attention calculation is shown in Equation 5. 

{
𝐴𝑡𝑡𝑛(𝑄𝑚 , 𝐾, 𝑉) = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (

𝑄𝑚𝐾⊤

√𝑑𝑘
) 𝑉

𝑄𝑚 = 𝑊𝑞[ℎ𝑡; 𝑚𝑝]
                     (5) 

In Equation 5, 𝑚𝑝 ∈ ℝ𝑑𝑚  is the learnable structure labeling (𝑑𝑚 = 16). 𝑊𝑞 ∈ ℝ𝑑ℎ×(𝑑ℎ+𝑑𝑚) is the query 

transformation matrix [30]. The study incorporates macro-structural instructions (e.g., phrase onset and termination) 

into the attentional decision-making process to enhance the model's ability to understand and control the response to the 

musical structure. To enhance training stability and retain information integrity, the final output is processed by residual 

concatenation with layer normalization as shown in Equation 6. 

𝑜𝑡 = 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(ℎ̃𝑡 + 𝐴𝑡𝑡𝑛(𝑄𝑚, 𝐾, 𝑉))                      (6) 

In Equation 6, ℎ̃𝑡 is the implicit state after fusion of control signals. 𝐴𝑡𝑡𝑛(𝑄𝑚 , 𝐾, 𝑉) is the attention output guided by 

structural labeling. The study maintains the stability of the model output distribution after introducing external control 

through residual linkage and layer normalization, ensuring that the generation results meet structural requirements and 

musical naturalness. Therefore, the structure of the proposed melody rhythm generation module is shown in Figure 3. 
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Figure 3. Structural diagram of the melody rhythm generation module 
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In Figure 3, the module uses the Transformer-XL core architecture as the underlying generative engine, integrating 

a two-tier control system of note-level gated fusion units and structure-level labeling guidance mechanisms. The former 

realizes adaptive fusion of user commands and model states through a learnable gating network. The latter utilizes 

structural markers to drive the attentional decision-making process. The layers are coupled by residual connections and 

layer normalization, forming a multi-granular control pathway with a real-time response. Ultimately, this pathway 

outputs a symbolic melodic sequence that fuses fine-grained commands. 

3.2. Diffwave-Driven Audio Synthesis with FCH-TD Model Integration 

The melody rhythm generation module established in the study achieves precise resolution of note-level melodic 

rhythms and outputs a structured sequence of symbolic features through a multi-level control architecture. However, it 

lacks the ability of fine-grained rendering in the audio domain to control the details of timbre brightness and dynamic 

expressiveness. Meanwhile, audio synthesis requires the controllable generation of symbolic conditions within the 

continuous signal space. DiffWave is based on diffusion models and iteratively optimizes data distributions through 

denoising, but it lacks semantic responsiveness. This study proposes a symbol-conditional diffusion mechanism that 

maps symbol sequences into acoustic condition vectors via cross-modal encoding. Using AdaIN to inject these vectors 

into each diffusion step and modulate feature distributions through affine transformations achieves end-to-end control 

of the generation process through symbol semantics [31]. Therefore, the study takes DiffWave as the core to build the 

audio synthesis base module. Its structure is shown in Figure 4 [32]. 
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Figure 4. Structural diagram of DiffWave 

In Figure 4, the DiffWave contains the diffusion step of the residual network stack, which transforms the Meier 

spectrum through the forward noise addition and reverse denoising process [33]. In particular, the forward diffusion 

process of DiffWave gradually noises the original spectrum 𝑥0 to a Gaussian distribution to construct the training target. 

Its state transfer at step 𝑡 is shown in Equation 7 [34]. 

𝑞(𝑥𝑡 ∣ 𝑥𝑡−1) = 𝒩(𝑥𝑡; √1 − 𝛽𝑡𝑥𝑡−1, 𝛽𝑡𝐼)                     (7) 

In Equation 7, 𝑥𝑡 is the noise-containing spectrum at step 𝑡 (𝑡 ∈ [1, 𝑇]). 𝛽𝑡 is the preset noise variance (usually a 

linearly increasing sequence). 𝒩 denotes Gaussian distribution. 𝐼 is the unit matrix. In the forward diffusion process, 

DiffWave adds Gaussian noise step by step through the Markov chain so that the input signal eventually tends to pure 

noise. The inverse denoising process of DiffWave is learned by the neural network to recover the original signal from 

the noise, and each step of denoising is realized by predicting and removing the noise as shown in Equation 8. 

𝑝𝜃(𝑥𝑡−1 ∣ 𝑥𝑡) = 𝒩(𝑥𝑡−1; 𝜇𝜃(𝑥𝑡 , 𝑡), 𝛴𝑡)                     (8) 

In Equation 8, 𝜇𝜃 is the mean value of the neural network prediction (based on the current noise state 𝑥𝑡 and time 

step 𝑡). 𝛴𝑡 is the fixed variance (set to 𝜎𝑡
2𝑰 for the study). In the inverse denoising process, DiffWave gradually 

reconstructs the original audio signal by predicting and removing the noise added in the 𝑡 step through the residual 

network [35]. Moreover, the training objective of DiffWave is to minimize the mean square error between the network 

prediction noise and the real noise. Its loss function is shown in Equation 9. 
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ℒ = 𝔼𝑡,𝑥0,𝜖[‖𝜖 − 𝜖𝜃(𝑥𝑡 , 𝑡)‖
2]                      (9) 

In Equation 9, 𝜖 is the true Gaussian noise. 𝜖𝜃 is the noise predicted by the neural network. 𝑥𝑡 is the reparameterization 

result and 𝑥𝑡 = √𝛼̄𝑡𝑥0 + √1 − 𝛼̄𝑡𝜖. where 𝛼̄𝑡 = ∏ (1 − 𝛽𝑖)
𝑡
𝑖=1 , is the cumulative noise coefficient. The loss function is 

able to guide the model to accurately learn the noise distribution at each step, leading to high-quality audio synthesis. 

However, DiffWave lacks a structured control interface to respond to note-level timbre and expressive commands output 

by the melody module [36]. Therefore, the study introduces symbolic feature condition diffusion mechanism to realize 

fine-grained timbre and dynamics control. The principle is shown in Figure 5. 
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Figure 5. Schematic diagram of the principle of symbol feature condition diffusion mechanism 

In Figure 5, the mechanism is responsible for transforming the symbol features output from the melody module into 

modulation vectors and injecting them into the diffusion process via AdaIN. First, to transform the structured 

information output from the melodic module into a conditional representation that can be embedded into the diffusion 

model, the study employs a one-dimensional discrete convolution to encode the input symbolic features in a temporal 

sequence, as shown in Equation 10. 

𝑐̃ = 𝐶𝑜𝑛𝑣1𝐷(𝑆;𝑊𝑐)                     (10) 

In Equation 10, 𝑆 ∈ ℝ𝐿×4 is a sequence of symbolic features containing pitch, time value, intensity, and instrument 

identity codes. 𝑐̃ is the encoded condition vector. 𝑊𝑐 is the convolutional kernel weight (number of channels 64, kernel 

size 5) [37]. Through the above calculations, the study extracts local control features with temporal sensitivity for the 

conditional guidance of the subsequent diffusion process. After that, the study introduces the AdaIN mechanism in the 

residual block of the diffusion network to realize the dynamic modulation of the control signal on the intermediate 

features, as shown in Equation 11. 

𝐴𝑑𝑎𝐼𝑁(𝑥̈, 𝑐̃) = 𝛾(𝑐̃) ⋅
𝑥̈−𝜇(𝑥̈)

𝜎(𝑥̈)
+ 𝛽(𝑐̃)                   (11) 

In Equation 11, 𝑥̈ is the intermediate feature map in the diffusion network. 𝜇(𝑥̈) and 𝜇(𝑥̈) are the mean and standard 

deviation of the feature maps. 𝛾(𝑐̃) and 𝛽(𝑐̃)
 
are the scaling and biasing parameters generated from the condition vector 

𝑐̃ by multilayer perceptron (MLP) [38]. It is investigated to dynamically adjust the network feature distribution according 

to the current control signal, thus realizing the fine tuning of timbre, loudness, and other attributes. In addition, the study 

introduces control signals in the inverse denoising process of DiffWave to equip the noise prediction function with the 

ability to respond to the input conditions. The improved noise prediction function is shown in Equation 12. 

𝜖𝜃(𝑥̈𝑡 , 𝑡, 𝑐̃) = 𝑅𝑒𝑠𝑁𝑒𝑡(𝑥̈𝑡 , 𝑡, 𝐴𝑑𝑎𝐼𝑁(𝑥̈𝑡 , 𝑐̃))                   (12) 

In Equation 12, 𝑥̈𝑡 is the noisy spectrum at step 𝑡. 𝑡 is the time step index. 𝜖𝜃 is the noise predicted by the neural 

network. 𝑐̃ is the condition vector. 𝑅𝑒𝑠𝑁𝑒𝑡 denotes the residual operation in the original DiffWave [39]. The improved 

noise prediction can effectively fuse external control signals without destroying the original diffusion architecture, and 

realize structure-driven high-quality audio synthesis. Therefore, the audio synthesis module established in the study uses 

the DiffWave diffusion architecture as a substrate, and achieves control through the symbolic feature condition diffusion 

mechanism: First, the structured features output from the melody module are convolutionally encoded into condition 

vectors. Then, the feature distribution of the diffusion network is dynamically modulated by AdaIN. Finally, the 

conditioned noise prediction process is driven to complete the audio synthesis. In summary, the study integrates the 

melody rhythm generation module, audio synthesis module, and establishes the FCH-TD music generation model. Its 

structure is shown in Figure 6. 
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Figure 6. Schematic diagram of the FCH-TD model structure 

In Figure 6, the model fuses the dual modules of symbol generation and acoustic synthesis through a cascading 

architecture. The front-end symbol generation engine parses user commands based on the improved Transformer-XL, 

and outputs a four-dimensional symbol sequence containing pitch/timing/strength/instrument. The back-end 

neuroacoustic synthesizer uses the conditionalized DiffWave architecture to inject symbol sequences into the diffusion 

process. This is done through convolutional coding and adaptive modulation, which achieves note-level timbre and 

dynamic control. Ultimately, this generates high-fidelity, heterogeneous audio. In practical deployment, user control 

commands are primarily specified with precision by editing standard MIDI files. These files contain note sequences that 

can be directly mapped to the model's four symbolic features: pitch, duration, velocity, and instrument identifier. This 

enables millisecond-level precision control over generated content. 

4. Results 

To verify the effectiveness of the proposed model for note-level fine-grained control and generation of cross-stylistic 

heterogeneity, the study employs a quantitative evaluation of standard datasets and real-world testing in professional 

compositional scenarios. The former quantitatively evaluates the decoupling accuracy of melodic-rhythmic attributes 

and the integration of heterogeneous elements through multi-style data injection and fine-grained control instruction 

parsing tests. The latter is based on the professional composition workflow and multicultural creation background, to 

verify the real-time control response capability and the effectiveness of enhancing the freedom of artistic expression. 

4.1. Simulation Quantitative Evaluation and Validation 

In the simulation test, the study sets up the corresponding experimental environment according to the application 

scenario of the music generation model, which is divided into hardware environment and software environment. The 

specific environment configuration is shown in Table 1. 

Table 1. Schematic diagram of the experimental setup 

Category Component Specification/Version 

Hardware 

CPU AMD Ryzen 9 7950X 

RAM 64GB DDR5 4800MHz 

GPU NVIDIA RTX 4090 (24GB GDDR6X) 

Storage 2TB NVMe SSD (PCIe 4.0) 

Software 

OS Ubuntu 22.04 LTS 

Deep learning framework PyTorch 2.1+CUDA 12.1 

Audio processing library Diffusers 0.20.2 

MIDI toolkit Mido 1.2.10/PrettyMIDI 0.2.9 

Virtual environment Conda 23.11.0 
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In Table 1, the study adopts PyTorch 2.0 to build a hierarchical conditional embedding mechanism and symbol 

feature conditional diffusion module to realize the FCH-TD model architecture. The audio synthesis process is also 

optimized using the Diffusers library, which supports multi-track MIDI symbol input and real-time control command 

parsing. The parameter settings are consistent with the research methodology section. The study uses Lakh MIDI Dataset 

v0.1 as a training and test set (randomly divided 1:9). The dataset contains 176,581 multi-track MIDI files covering 12 

styles including classical, jazz, and pop. 3827 cross-stylistic fusion segments are used as heterogeneity control labels as 

well as the benchmark test subset LMD-Matched (with 5000 samples labeled with manual fine-grained modifications) 

[40].  

In addition, the study selects methods from the literature [18-21] as comparison methods for FCH-TD, including 

theme-conditioned music morphosis model (TCMM), genetic bresenham-line composition model (GBLC), ATLM, and 

SLEM. These are cutting-edge methods for the 2022-2025 period, covering areas such as fine control of symbols, 

heterogeneous recombination, symbol-free generation, and multimodal fusion. They can effectively measure note-level 

timing accuracy and cross-stylistic heterogeneity. The study first compares the note event detection precision (NEDP) 

and rhythm sync-alignment deviation (RSAD) of the different methods to validate the model timing control robustness 

and note-level intent reduction ability, as shown in Figure 7. 
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Figure 7. Comparison of differences between NEDP and RSAD 

In Figure 7(a), the mean NEDP of the FCH-TD model reaches 96.2%, which is significantly better than 85.9% for 

TCMM, 79.8% for GBLC, 90.1% for ATLM, and 89.9% for SLEM (p<0.001). TCMM's thematic attention is missing 

note-level gating. GBLC's genetic algorithm ignores long-range harmonization. ATLM's acoustic tokens blur note 

boundaries. SLEM's multimodal weighting interferes with feature extraction. The hierarchical embedding mechanism 

of FCH-TD, on the other hand, dynamically fuses user commands and hidden states to realize precise solutions of cross-

cultural melodies. In Figure 7(b), the average RSAD value of FCH-TD is only 2.3 ms, which is much lower than 4.7 ms 

for TCMM, 9.1 ms for GBLC, 13.4 ms for ATLM, and 9.5 ms for SLEM (p<0.001). The TCMM static theme labeling 

and GBLC Brillouin line algorithms are rigid. The ATLM lacks explicit timing constraints, and the SLEM decoupling 

ignores rhythmic semantics. In contrast, FCH-TD maintains millisecond synchronization in mixed polyrhythmic-

scatterboard scenarios through structural labeling attention with residual normalization. This advantage demonstrates 

the essential role of hierarchical control architecture in balancing musical expression complexity with generative timing 

precision. It provides a reliable foundation for creating high-fidelity music in real time. After that, the study compares 

the music generation time (MGT) and computational load (CPL) of the different methods to validate the real-time 

compositional performance of the model, as shown in Table 2. 

Table 2. Real-time creation performance verification 

Indicators and methods 5 10 15 20 25 30 Mean 
Standard 

deviation 

MGT 

(s) 

FCH-TD 3.3 2.6 2.4 1.8 1.8 2.0 2.3 0.53 

TCMM 7.9 7.5 6.1 5.0 7.4 7.0 6.8 0.99 

GBLC 10.8 7.3 8.7 8.0 10.1 5.8 8.5 1.68 

ATLM 12.7 9.6 11.7 9.0 11.3 13.6 11.3 1.61 

SLEM 6.6 6.6 5.6 9.6 9.7 9.4 7.9 1.69 
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CPL 

(TFLOPs) 

FCH-TD 19 21 17 16 16 21 18 2.13 

TCMM 33 41 39 39 31 35 36 3.59 

GBLC 39 46 32 33 37 36 37 4.60 

ATLM 46 53 53 56 47 45 50 4.16 

SLEM 22 20 30 29 31 29 27 4.22 

In Table 2, the mean MGT of FCH-TD is as low as 2.3 s, which is significantly better than 6.8 s for TCMM, 8.5 s 

for GBLC, 11.3 s for ATLM, and 7.9 s for SLEM (p<0.001). TCMM thematic attention lacks lightweight gating, GBLC 

genetic algorithm ignores cross-segment caching, ATLM acoustic diffusion lacks step compression, and SLEM 

multimodal fusion increases timing overhead. In contrast, FCH-TD accelerates Transformer-XL segment-level recursion 

through hierarchical gated fusion units, combined with DiffWave 100-step diffusion optimization for real-time 

generation across styles. In addition, the mean CPL value of 18 TFLOPs for FCH-TD is reduced by 9 TFLOPs-32 

TFLOPs compared to the comparison method (p<0.001). TCMM's fully-connected condition injection is redundant, 

GBLC Brillouin line iteration is inefficient, ATLM's high-dimensional token computation is bloated, and SLEM's dual-

stream coding is undecoupled. In contrast, the one-dimensional convolutional coding of symbol features of FCH-TD 

and AdaIN modulation synergistically compresses the arithmetic power to support timbre high-fidelity synthesis. This 

lightweight design overcomes the traditional performance bottleneck between real-time generation and high-fidelity 

sound quality. It provides a practical technical solution that enables efficient and smooth creation in complex musical 

scenarios. Then, the study compares the pitch range (PR) and unique pitch class (NPC) of the works generated by 

different methods to verify the fine-grained pitch compression with heterogeneous pitch scale effectiveness, as shown 

in Figure 8. 
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Figure 8. Verification of differences between PR and NPC 

In Figure 8(a), the mean PR of FCH-TD is 28.2, which is significantly smaller than that of TCMM (44.6), GBLC 

(36.5), ATLM (42.8), and SLEM (50.3) (p<0.001). The model's structural marking guidance module effectively 

suppressed cross-octave pitch drift through a phrase-level register anchoring mechanism. It maintains a compact 26-30 

semitone distribution in the generated musical piece. In contrast, TCMM's theme-attention defocus (onset 48), ATLM 

acoustic tokens blurring boundaries (onset 48), and SLEM lyrics' strong matching interference (onset 57) all lead to 

uncontrolled spread of pitch regions. In Figure 8(b), the mean NPC of FCH-TD is 11.8, which is significantly higher 

than that of TCMM's 9.7, GBLC's 7.9, ATLM's 10.9, and SLEM's 9.7 (p=0.002). Its hierarchical gated fusion unit 

independently decouples the differential scale channels, supporting cross-cultural fusion of Arabic 1/4 tones (e.g., Sikah 

scale) with the Indian 22 Sruti system. It is capable of breaking through the twelve equal temperament limits up to 12.5 

tone levels. Whereas, TCMM theme curing western tuning (min. 8.2), GBLC genetic algorithm convergence to 

mainstream scale ((minimum value of 6.9), and SLEM multimodal interference (maximum value of 10.8) all impede 

the heterogeneous scale expression. This architecture significantly enhances the expressive power and artistic diversity 

of generated music in the pitch dimension. It does so by providing precise vocal range control and cross-cultural scale 

fusion capabilities. These features provide core technological support for creating music in a variety of styles. To verify 

the adaptive generation ability and polyphonic control accuracy of the model's cross-cultural polyphonic structure, the 

study further compares the polyphony (POLY) and polyphony rate (POLYr) of the works generated by different 

methods, as shown in Figure 9. 
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Figure 9. Validation of differences between POLY and POLYr 

In Figure 9(a), the mean value of POLY of FCH-TD reaches 6.0, which is significantly higher than that of TCMM's 

4.9, GBLC's 3.9, ATLM's 4.7, and SLEM's 5.0 (p<0.001). Its structural marking guidance module maintains the precise 

concurrency of 5.8-6.2 notes in different works through the mechanism of cross-cultural POLY rule synergy. In contrast, 

TCMM thematic attention solidifies harmonic patterns (minimum value of 4.3), ATLM acoustic tokens blurring vocal 

boundaries (minimum value of 3.9), and SLEM lyrics interfering with polyphonic structure (minimum value of .3) all 

lead to a decrease in the number of note concurrency. In Figure 9(b), the FCH-TD has a mean POLYr value of 70.6%, 

which is significantly better than 57.2% for TCMM, 56.6% for GBLC, 60.9% for ATLM, and 63.8% for SLEM 

(p=0.002). Its hierarchical gated fusion unit supports continuous synergy of different styles of works (>68.3% time step 

containing multiple notes) through independent vocal density control channels. In contrast, the GBLC genetic algorithm 

converges monophonic parts (minimum value of 51.7%), SLEM multimodal forced slicing (minimum value of 60.0%), 

and TCMM columnar harmonic rigidity (minimum value of 48.4%) all disrupt polyphonic continuity. This polyphonic 

generation capability demonstrates the model's effectiveness in modeling complex polyphonic structures and culturally 

specific rules, providing a core guarantee for the artistic authenticity and structural richness of generated music. 

4.2. Creating Scenarios for Real-World Validation 

Simulation verification can efficiently verify the core performance of algorithms, eliminate hardware interference, 

and reduce the cost of trial and error. However, it cannot completely simulate the user interaction and real-time feedback 

of the real creation scene, ignoring the cross-device compatibility problem and the distortion of artistic expression 

evaluation. The actual test can verify the performance of the model in the real playing environment and validate the 

feasibility of actual deployment. Therefore, the study chooses TCMM and ATLM, which have the best simulation 

performance, as the comparison method, which is deployed on the National Digital Music Creation and Research Cloud 

Platform. The platform accesses a multi-genre composition matrix and continuously injects high-precision MIDI 

command streams (10ms timing resolution), 48kHz acoustic feature streams, and cross-cultural style switching event 

markers. Tests cover complex scenarios such as note-level real-time editing (e.g., ascending chromaticism in measure 

3), heterogeneous style fusion, and high-density POLY generation (6-part counterpoint). The study begins by generating 

100 pieces each of classical (C), popular (P), jazz (J), electronic (E), and folk (F) styles by different methods. These 

works are then classified using the visual geometry group-inspired audio classification network (VGGish) developed by 

Google [41]. The study uses this to verify the accuracy of the heterogeneous style of the generated works. The results 

are shown in Figure 10. 
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Figure 10. Verification of the accuracy of heterogeneous styles in musical works 



HighTech and Innovation Journal         Vol. 7, No. 1, March, 2026 

223 

 

Figure 10(a), Figure 10(b), and Figure 10(c) show that the overall stylistic accuracy of FCH-TD-generated works 

reaches 92.2%, which is significantly higher than 76.0% in TCMM and 68.4% in ATLM (p<0.001). Its hierarchical 

conditional embedding mechanism with structural marking guidance guarantees high recognition of style features. Folk 

style purity 95% is 22% higher than ATLM. TCMM thematic attention generalization causes 12% classical→folk 

misclassification (p=0.003). ATLM acoustic tokens are lost symbolic structure resulting in 18% electronic→popular 

misclassification rate (p<0.001). FCH-TD maintains ≤5% misclassification rate in cross-cultural heterogeneity 

scenarios, verifying the efficacy of fine-grained control in disambiguating cultural grammatical conflicts. This outcome 

fully demonstrates the dual advantages of the hierarchical control mechanism: preserving stylistic purity and achieving 

cross-cultural integration. This mechanism provides a fundamental guarantee of the cultural authenticity and artistic 

diversity of generated music. After that, the study takes folk style music as an example to verify the quality of the work 

by comparing the PR, NPC, POLY, and POLYr of folk style music work generated by different methods, as shown in 

Figure 11. 
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Figure 11. Quality verification of folk style music works 

Figure 11(a) and Figure 11(b) show that FCH-TD achieves an excellent performance of 29 in the PR metric, 

significantly lower than 41 in TCMM vs. 37 in ATLM (p<0.001). Its structural marking compresses the long tonal range 

of the folk style through phrase-level register-locking mechanism. Moreover, its NPC index reaches 12, which is 1.3-

2.1 tone levels higher than TCMM's 9.9 and ATLM's 10.7 (p=0.002). The FCH-TD's gated fusion unit enables cross-

cultural integration of the FCH-TD 1/4 tone and pentatonic scales. In addition, FCH-TD's POLY metric of 5.8 is 1.7 

notes ahead of TCMM (4.1) (p<0.001), and the POLYr metric of 69.8% is 9.6% higher than ATLM's 60.2% (p=0.003). 

The polyphonic scheduling of its structural markers supports continuous polyphonic interweaving, empirically 

demonstrating the high-fidelity control of ethnomusicogenesis. This result underscores the model's capacity to optimize 

PR, scale diversity, and polyphonic complexity synergistically in the generation of ethnic music, offering a high-fidelity, 

structurally rich generative solution for cross-cultural music composition. Immediately following, to verify the actual 

deployment potential of the model, the study compares the memory footprint (MF) and energy consumption (EC) of the 

different methods, as shown in Figure 12. 
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Figure 12. Verification of actual deployment potential 

In Figure 12(a), the mean MF of FCH-TD, 224.5 MB, is significantly lower than that of TCMM, 293.7 MB, and 

ATLM, 357.3 MB (p<0.001). Its hierarchical conditional embedding mechanism achieves parameter compression by 

replacing the fully-connected layer with a lightweight gated fusion unit, combined with Transformer-XL segment-level 
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recursive caching. TCMM has a minimum MF of 240 MB due to subject attention matrix inflation. ATLM acoustic 

token encoding redundancy with a minimum MF of 305 MB exposes memory optimization flaws in both (p=0.002). In 

Figure 12(b), the average FCH-TD single-track EC is 0.165 kWh, which is 41%-51% (p<0.001) lower than 0.278 kWh 

in TCMM with 0.337 kWh in ATLM. The advantage stems from diffusion step size compression to bring down the 

number of inference steps and lightweight convolutional conditional modulation to cut down GPUCPL. TCMM full-

sequence recomputation reaches a maximum EC of 0.35 kWh. ATLM bimodal parallel coding has a maximum EC of 

0.40 kWh, which highlights the bottleneck of energy efficiency (p=0.003). This lightweight architecture design 

significantly reduces resource consumption, enabling the efficient deployment and real-time application of high-quality 

music generation models on standard computing devices. In addition, to verify the effectiveness of the 

methods/strategies used in the study, the study conducts ablation experiments. The results are shown in Table 3. 

Table 3. Module ablation experiment 

Modules and indicators full Ablation I Ablation II Ablation III Ablation IV Ablation V 

Transformer-XL √ √ √ √ √ √ 

Layered condition 

embedding mechanism 

Note hierarchy √ √ × × √ × 

Structural hierarchy √ × √ × √ × 

DiffWave √ √ √ √ √ √ 

Symbolic feature condition diffusion mechanism √ √ √ √ × × 

NEDP (%) 96.2 92.5 90.1 86.7 88.9 82.4 

RSAD (ms) 2.3 3.8 4.1 5.3 4.7 6.9 

CPL (TFLOPs) 18.0 16.2 15.8 15.1 14.6 13.5 

EC (kWh) 0.165 0.152 0.148 0.142 0.138 0.130 

In Table 3, the full model reaches 96.2% in the NEDP metric, which is significantly better than the 82.4% of ablation 

V (p<0.001). Its note hierarchy and structural hierarchy synergistically guarantee the note localization accuracy. 

Moreover, its RSAD metric of 2.3 ms is 65% higher than that of 3.8 ms in ablation I (p=0.003), which proves the central 

role of structural hierarchy for beat synchronization. When the symbolic feature condition diffusion mechanism is absent 

(ablation IV), NEDP decreases to 88.9% (p=0.002) and RSAD rises to 4.7 ms (p=0.003), highlighting the necessity of 

AdaIN modulation. In addition, the EC value of the full model (0.165 kWh) decreases with module cuts to 0.130 kWh 

for ablation V. However, the CPL arithmetic of 18.0 TFLOPs decreases to 13.5 TFLOPs (p<0.001), empirically 

demonstrating that the hierarchical control architecture cannot be cut. This ablation experiment confirms the functional 

complementarity and structural inseparability of each module. These modules interact synergistically to form the core 

foundation for high-precision music generation and high-performance computing. To investigate the model's sensitivity 

to hyperparameters in the gating and AdaIN modulation steps, the study selects the gate weight scale, AdaIN scaling 

factor, and diffusion steps (Reverse) parameters. These are validated with different gradients, as shown in Table 4. 

Table 4. Verification of hyperparameter sensitivity 

Model Hyperparameter Value Training Time (hours) NEDP (%) RSAD (ms) POLYr (%) 

FCH-TD 

Gate weight scale 

0.5 18.5 93.5 3.1 67.8 

1 20.2 96.2 2.3 70.6 

2 23.8 95.1 2.8 68.9 

AdaIN scaling factor 

0.5 19.1 94.8 2.7 66.1 

1 20.2 96.2 2.3 70.6 

2 21.5 95.9 2.5 69.3 

Diffusion steps (Reverse) 

50 16.8 94.1 2.9 68.5 

100 20.2 96.2 2.3 70.6 

200 27.3 96.5 2.2 70.9 

ATLM - - 25.1 90.1 13.4 60.9 

SLEM - - 22.7 89.9 9.5 63.8 

As shown in Table 4, the FCH-TD model achieves optimal or near-optimal performance with the default parameter 

settings of gate weight=1.0, AdaIN scale=1.0, and diffusion steps=100. This setting effectively balances efficiency and 

generation quality. Significant variations in the gating weight impact control integration. Reducing the weight to 0.5, 

for example, lowers NEDP to 93.5%, while increasing RSAD to 3.1 ms. This indicates insufficient control integration. 

Increasing it to 2.0 slightly reduces the NEDP, but it also raises the RSAD to 2.8 ms. This suggests the potential for 
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overfitting. Similar trends are exhibited by AdaIN scaling factor variations, with deviations from the default values 

causing declines in both POLYr and temporal accuracy. This underscores the critical importance of calibrating feature 

modulation. Increasing diffusion steps to 200 marginally improves NEDP (96.5%) and RSAD (2.2 ms) but significantly 

raises computational costs, extending training time by over 35%. The FCH-TD model significantly outperforms the 

ATLM and SLEM baselines across all configurations (p<0.001), demonstrating its robustness and exceptional capability 

in cross-cultural music generation. Analysis indicates that the default parameters represent the optimal operating point 

for achieving high-quality synthesis. 

5. Discussion 

Aiming at the problem of the lack of note-level fine-grained control and the insufficient integration of cross-cultural 

heterogeneity, the study took Transformer-XL and DiffWave as the core. It also designed a hierarchical conditional 

embedding mechanism and a symbolic feature conditional diffusion method to establish the FCH-TD music generation 

model. It was optimized for the synergistic control of precise melodic rhythm resolution and high-fidelity audio synthesis 

through note-structure two-level hierarchical gating fusion and symbol-guided AdaIN modulation. The experimental 

results indicated that the NEDP of FCH-TD reached 96.2%, which was significantly better than the 85.9% of TCMM. 

The missing note-level gating mechanism for thematic attention in TCMM resulted in localized feature misalignment. 

The beat synchronization deviation was as low as 2.3 ms, which was 82.8% optimized compared to 13.4 ms in ATLM 

[42]. The acoustic tokens of ATLM blur note boundaries and accumulated beat phase errors. Polyphonic note count 5.8 

surpassed SLEM's 5.0 due to SLEM's multimodal weights interfering with polyphonic structure resolution. NPC 

richness 12.0 significantly outperformed GBLC's 7.9, with GBLC genetic algorithms ignoring long-range harmonic 

associations [43]. In addition, the MF of the model was 23.6% lower at 224.5 MB compared to 293.7 MB for TCMM, 

which injected redundant parameters for the fully connected condition. The single-curve EC 0.165 kWh saved 40.7% 

power compared to SLEM's 0.278 kWh, and SLEM dual-stream coding without decoupling increased the timing 

overhead [44]. Folk style purity 95% with cross-cultural misclassification rate ≤5% confirmed symbol-guided AdaIN 

modulation breaks through the spectral coupling limitation of TCMM/ATLM. Generation efficiency improvement of 

41%-51% derived from hierarchical gated fusion accelerated Transformer-XL segment level recursion in concert with 

DiffWave step size compression optimization. 

Furthermore, despite significant advancements in their respective fields, several cited studies (e.g., TCMM, GBLC, 

ATLM, and SLEM) have failed to develop an integrated, end-to-end, symbolic-acoustic generation framework. These 

models either operate within single domains or employ post-conversion strategies, resulting in decoupled feature 

representation and control. This leads to issues such as timbre-texture mismatch and loss of symbolic details. In contrast, 

the proposed FCH-TD model introduces a novel dual-domain architecture. It injects fine-grained symbolic control 

directly into the sequence model via a hierarchical conditional embedding mechanism. It also employs a symbolic feature 

conditional diffusion process to achieve high-fidelity acoustic rendering. This tight coupling precisely preserves the 

structural intent from the symbolic domain in the acoustic output. This results in significant improvements in timbre 

accuracy, cultural expressiveness, and real-time controllability. 

6. Conclusion 

The FCH-TD model achieved a millisecond-level response time to commands through note-level gating fusion and 

anchors cultural grammatical rules via structural marker attention. It also enabled microtonal scale integration through 

symbol-conditioned diffusion. Together, these mechanisms formed a technological closed loop that integrated fine-

grained control with heterogeneous generation. This effectively overcome the architectural limitations of traditional 

models of decoupled control and cross-cultural expression. The model significantly enhanced the accuracy of symbolic 

generation and the fidelity of audio synthesis by hierarchically integrating user instructions and implicit states, as well 

as introducing cross-modal conditional modulation. The experimental results demonstrated the model's superior 

performance in terms of note-level precision, stylistic fusion, and real-time generation efficiency. This made it a viable 

solution for generating high-quality, customizable music that bridges the gap between artistic expression and 

computational efficiency. It paved the way for more responsive and culturally nuanced AI-assisted compositions. 

Nevertheless, the study acknowledges the following limitation: although the real-time generation latency of 2.3 ms 

is low, it remains above the threshold required for professional performance scenarios due to the fidelity constraints of 

the diffusion model's step compression mechanism. Furthermore, the absence of subjective perceptual evaluation and a 

quantifiable cross-cultural aesthetic framework limits the comprehensiveness of the validation. To address these issues, 

future work will focus on creating hardware-aware dynamic compression algorithms that reduce diffusion steps further 

without compromising quality. The research plan aims to introduce EEG-based techniques for quantifying aesthetic 

preferences and to establish a mathematical framework for resolving cultural syntactic conflicts. This will enhance the 

model's adaptability and practicality in professional music composition environments. Furthermore, the research will 

use audio datasets, such as MAESTRO, GiantMIDI-Piano, and the Freesound Dataset, for cross-validation while 

investigating the applicability of the model in non-musical audio domains. One example is voice synthesis with fine-

grained emotional control. 
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