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Abstract: This paper introduces Harmonizer, a universal framework designed for tok-
enizing heterogeneous input signals, including text, audio, and video, to enable seamless
integration into multimodal large language models (LLMs). Harmonizer employs a unified
approach to convert diverse, non-linguistic signals into discrete tokens via its Fusion-
Quantizer architecture, built on FluxFormer, to efficiently capture essential signal features
while minimizing complexity. We enhance features through STFT-based spectral decom-
position, Hilbert transform analytic signal extraction, and SCLAHE spectrogram contrast
optimization, and train using a composite loss function to produce reliable embeddings
and construct a robust vector vocabulary. Experimental validation on music datasets
such as E-GMD v1.0.0, Maestro v3.0.0, and GTZAN demonstrates high fidelity across
288 s of vocal signals (MSE = 0.0037, CC = 0.9282, Cosine Sim. = 0.9278, DTW = 12.12,
MFCC Sim. = 0.9997, Spectral Conv. = 0.2485). Preliminary tests on text reconstruction
and UCF-101 video clips further confirm Harmonizer’s applicability across discrete and
spatiotemporal modalities. Rooted in the universality of wave phenomena and Fourier
theory, Harmonizer offers a physics-inspired, modality-agnostic fusion mechanism via
wave superposition and interference principles. In summary, Harmonizer integrates natu-
ral language processing and signal processing into a coherent tokenization paradigm for
efficient, interpretable multimodal learning.

Keywords: tokenization; multimodal LLM; STFT; Hilbert transform; SCLAHE
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1. Introduction

Large language models (LLMs) have successfully processed natural language [1-4],
but integrating multimodal inputs requires robust tokenization strategies [5-7]. However,
existing approaches struggle to align modalities such as text, audio, video, and sensor
data into a coherent format that LLMs can effectively process [8]. As a remedy, this paper
proposes Harmonizer, a universal signal tokenization framework that enables seamless tok-
enization of diverse input signals for multimodal LLMs. Employing a unified tokenization
strategy ensures a consistent and efficient representation of multimodal data [9-11], thus
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enhancing the adaptability and scalability of LLMs across various domains and applica-
tions [12-14].

The implementation of Harmonizer faces several critical technical challenges. First, it
must address the heterogeneity of input signals, handling differences in representation (e.g.,
audio waveforms versus image pixels) [15,16]. Second, temporal and spatial resolution
pose challenges as sequences often vary in length and resolution [17]. Third, scalability is
essential to maintain efficiency as both the number of modalities and the complexity of
data increase [18,19]. Finally, preserving contextual semantics ensures accurate integration
of cross-modal information (e.g., audio-text alignment) for coherent multimodal reasoning
and inference [20]. In NLP, tokenization splits text into small units (words or subwords)
and maps them to numbers that capture syntax and meaning [21]. In NLP, tokenization
involves breaking text into smaller units (e.g., words or subwords) [22,23] and mapping
them to numerical representations using a predefined vocabulary that captures the syntactic
and semantic essence of the language [24]. These standardized representations enable
LLMs to learn contextual relationships and nuances [25,26]. (In subsequent mentions, we
refer to large language models (LLMs) and natural language processing (NLP) only by
their abbreviations).

However, applying these well-established principles to signal processing introduces
a different set of challenges [27]. Unlike textual data, which inherently consist of discrete
units that can be directly mapped to tokens, signals, such as audio, radio, medical, or sensor
data, do not naturally possess a vocabulary [28]. Signals are continuous, time-varying
data forms composed of an infinite range of values over time or frequency [29], repre-
senting physical quantities such as sound pressure, electromagnetic fields, or electrical
activity [30]. Consequently, there is no direct equivalent to a “word” or “sentence” in
signal data, making traditional NLP tokenization techniques unsuitable [31]. This absence
of an intrinsic vocabulary creates a critical gap that requires an innovative approach to
effective signal representation [32-35]. At its core, Harmonizer is grounded in fundamental
wave-based principles. Continuous signals—be they acoustic, electromagnetic, or sensor
readings [36—41]—encode information via smooth variations in amplitude, frequency, and
phase [42-44]. Fourier analysis guarantees any such signal admits a complete sinusoidal
decomposition, furnishing a universal feature basis [45]. Critically, wave superposition
and interference allow multiple streams to combine instantaneously and losslessly—no
hand-crafted alignment is required—paving the way for robust, real-time fusion across
modalities [46-49]. By leveraging these natural properties, our framework unifies prepro-
cessing, quantization, and tokenization under a single, physically motivated paradigm.

Previous works in signal processing and NLP have laid the foundation for this study.
Early research in quantization, such as the Lloyd-Max quantization algorithm [50], es-
tablished efficient scalar quantization by minimizing the mean squared error between
original and quantized signals [51,52]. Later, vector quantization techniques exploited
correlations within signal data to produce compact and representative encodings [53,54].
In parallel, NLP saw the emergence of effective tokenization methods, including subword
tokenization [5] and byte-pair encoding (BPE) [55] that decompose words into smaller units
to improve model generalization [7,56].

To bridge the gap between continuous signal data and the discrete token represen-
tations required by machine learning models, we leverage advanced vector quantization
techniques to create a meaningful vocabulary for signals [57]. Analogous feature-space
augmentation and self-supervised loss strategies—exemplified by PatchUp within a metric-
learning framework—have proven to substantially improve embedding diversity and gen-
eralization, and can be directly applied to enrich the tokenization of continuous modalities
such as audio and video signals [58,59]. At its core, the model employs a quantization vector
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that compresses signals while preserving essential characteristics and integrates them into
a FusionQuantizer architecture built on a FluxFormer-like backbone [60,61]. In addition,
advanced preprocessing techniques, including Short-Time Fourier Transform (STFT) [62],
Hilbert Transform [63], and Spectrogram Contrast Limited Adaptive Histogram Equal-
ization (SCLAHE) [64], are used to extract rich and nuanced representations from signals.
An innovative multi-objective loss function further optimizes the quality of the generated
embedding vectors, ensuring that the input data are effectively represented [65,66].

The exponential growth of signal data in fields such as telecommunications, medical
diagnostics, multimedia applications, and the Internet of Things (IoT) has driven the need
for more efficient methods of signal representation, compression, and analysis [67,68].
Traditional approaches often depend on domain-specific knowledge and lack standardized
methodologies for tokenizing signals [69,70], highlighting a critical gap [17]. Addressing
this gap requires new frameworks that bridge signal processing and machine learning to
enable more universal and efficient representation techniques [71-73].

Recent advancements in transformer architectures have significantly improved the
processing of multimodal data [74]. Models like Perceiver and Perceiver IO demonstrate
the ability to handle various input types, including images, audio, and point clouds, using
a unified attention mechanism [75,76]. These models employ latent bottleneck attention
to efficiently process high-dimensional data, a technique that has inspired frameworks
like Harmonizer to develop modality-agnostic tokenization strategies [77]. Such strategies
are crucial for converting diverse input signals into coherent token sequences suitable
for large language models (LLMs) [14,78]. In self-supervised learning, models such as
wav2vec 2.0 show that pre-training on raw audio can yield robust speech representations
without labeled data [79,80]. Likewise, BEiT applies masked image modeling to train vision
transformers through the reconstruction of masked patches [81]. These examples highlight
the potential of tokenization schemes that align well with unsupervised and pretext tasks
in different modalities [82].

Contrastive learning further increases the effectiveness of multimodal tokeniza-
tion [83]. CLIP, for example, uses a contrastive objective to align the image and text
embeddings, enabling a better cross-modal understanding [84,85]. Integrating such tech-
niques into tokenization frameworks ensures that generated tokens are both syntactically
consistent and semantically informative, which improves the model’s ability to relate in-
formation across modalities [83,86]. Moreover, models like VATT show that learning from
raw video, audio, and text data is possible using convolution-free transformers [87]. These
models rely on multimodal contrastive loss functions to extract meaningful representations
for downstream tasks [88,89]. Unified processing through consistent multimodal tokeniza-
tion is the key to achieving this level of performance [90]. The evolution of these models
underscores the central role of robust tokenization in multimodal learning [90,91]. Using
such innovations, frameworks like Harmonizer can generate more efficient, generalizable,
and semantically rich representations, improving adaptability across applications [92].

Transformer-based multimodal models, such as the multimodal transformer and
the joint multimodal transformer, further illustrate the power of unified attention mech-
anisms [93,94]. These architectures often use modality-specific encoders followed by
cross-modal attention layers to model complex relationships between inputs [95]. This
approach proves especially useful in emotion recognition and sentiment analysis, where
the fusion of text, audio, and visual cues is essential [96]. Innovations like dual-level feature
restoration, as implemented in the Efficient Multimodal Transformer, enhance the tokeniza-
tion process by preserving fine-grained details, leading to better performance in complex
tasks [91,97]. Self-supervised learning (SSL) has emerged as a powerful method to extract
representations from unlabeled multimodal data [98,99]. Frameworks like Self-Supervised
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MultiModal Versatile Networks (MMVs) and Modality-Agnostic Transformer-based Self-
Supervised Learning (MATS2L) show how tokenization approaches tailored for SSL can
capture both modality-specific and cross-modal features [100,101]. These systems utilize
tasks such as masked token prediction and contrastive learning to develop meaningful
token representations [102].

In medical imaging, self-supervised multimodal tokenization has enabled the extrac-
tion of high-quality features from MRI and CT data, thus improving diagnostics [103,104].
In remote sensing, SSL-based tokenization frameworks have helped integrate satellite data
from different sensors, improving land cover classification [105]. Together, the synergy
between tokenization strategies, transformer models, and self-supervised objectives contin-
ues to redefine the landscape of multimodal learning [98,105]. These developments lay a
strong foundation for universal frameworks like Harmonizer, capable of handling various
input types efficiently and meaningfully [106,107].

This paper makes the following contributions:

¢  Universal Tokenization Framework: We introduce Harmonizer, the first data-driven
vocabulary approach that seamlessly tokenizes text, audio, video, and sensor inputs
for LLMs.

¢ FusionQuantizer and Streaming FluxFormer: We design a novel FusionQuantizer
architecture atop a streaming FluxFormer backbone, combining STFT, Hilbert, and
SCLAHE preprocessing with hybrid vector quantization for robust, low-latency infer-
ence.

¢ Multi-Objective Training: We formulate and balance adversarial, time-domain, spec-
tral, and perceptual loss terms, ensuring high fidelity across modalities and dynamic
ranges.

*  Cross-Domain Validation: We demonstrate Harmonizer’s versatility through extensive
music evaluations (E-GMD, Maestro, GTZAN) and preliminary text (ASCII encoding,
one and two words) and video (UCF-101) experiments.

In summary, our proposed approach offers a groundbreaking solution for applying
NLP-inspired tokenization techniques to signal processing [29,108,109]. By creating a
representative vocabulary for signals and employing a robust quantization vector approach,
it enables efficient signal representation and manipulation, paving the way for future
advancements in both signal processing and machine learning.

2. Overview of Harmonizer

LLMs have successfully processed natural language [1-4], but integrating multimodal
inputs requires robust tokenization strategies [5-7]. However, existing approaches struggle
to align modalities such as text, audio, video, and sensor data into a coherent format that
LLMs can effectively process [8,110]. As a remedy, this paper proposes Harmonizer, a
universal signal tokenization framework that enables seamless tokenization of diverse
input signals for Multimoda Large Language Models (MLLMs). Employing a unified
tokenization strategy ensures consistent and efficient representation of multimodal data,
thereby enhancing the adaptability and scalability of MLLMs across various domains
and applications.

The deployment of Harmonizer encounters several significant technical obstacles.
Primarily, it must manage the heterogeneity of input signals by accommodating varying
representations (e.g., audio waveforms versus image pixels) [15,16]. Additionally, temporal
and spatial resolution differences present challenges since sequences frequently differ in
length and clarity [17]. Furthermore, scalability is critical to ensure efficiency as both the
number of modalities and the complexity of the data expand [18,19]. Finally, it is essential
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to preserve contextual semantics, ensuring contextual information is accurately retained
and integrated between diverse data types to facilitate seamless interaction [20].
Tokenization via Quantization and Vocabulary Generation:

e  Signal Quantization: Harmonizer introduces a unique approach to signal processing
by creating a quantization vector that serves as the basis for developing a signal
vocabulary. This dynamic quantization technique transforms the continuous signal
space into a finite set of discrete levels, thereby reducing the signal data size while
preserving its essential features [50,51,57,111,112].

*  Signal Tokenization: Building upon the quantization process, the framework cre-
ates a vocabulary of tokens representing different signal segments. Each token
corresponds to a specific quantized level, much like how words are tokenized in
NLP [22,23,113,114]. This structured tokenization enables machine learning models to
interpret signals effectively.

2.1. Creating a Vocabulary for Signals

One of the most challenging aspects of applying NLP techniques to signals is the ab-
sence of a predefined vocabulary. Harmonizer addresses this using a data-driven approach
to generate a vocabulary that captures the unique characteristics of the signal. The process
involves the following steps:

e  Feature Extraction: Initially, relevant features are extracted from the signals (e.g.,
amplitude, frequency, and phase in the case of audio signals) [30,115,116].

*  Clustering: Unsupervised learning techniques are then used to group similar features,
identifying patterns and repetitive elements within the signal data [52,117-119].

e Token Generation: Each resulting cluster is assigned a unique token, forming the basis
of the signal vocabulary. This process is iterative, refining the vocabulary over time to
enhance accuracy and representation [120].

2.2. Signal Compression via Quantization Vector Techniques

Signal compression is critical for optimizing storage and transmission. Harmonizer
leverages quantization vector techniques to encode high-dimensional signal data into a
lower-dimensional form without significant loss of information [57,121,122]. By mapping
complex signal data to a compact quantization vector, the framework achieves efficient
compression while retaining the integrity and essential characteristics of the original signal.
This compression methodology is particularly advantageous in scenarios where bandwidth
is limited or storage capacity is constrained ( e.g., in medical imaging applications, where
high-resolution images need to be stored and transmitted without compromising diagnostic
quality) [36].

3. Implementation Methodology of Harmonizer

Harmonizer is designed as a universal tokenization framework that unifies the treat-
ment of diverse input signals (e.g., audio, sensor data, text, video) for MLLMs. Figure 1
provides an overview of the Harmonizer architecture, illustrating its core components
and the data flow from raw signal inputs to final tokenized outputs and reconstructed
signal. The Division Unit in Figure 1 is in charge of data preparation. This unit can handle
both continuous and discrete tokens; if the input is analog, the inputs are sampled into
discrete-time signals before processing. The input is divided into chunks if it is a signal.
Textual input is first transformed into a signal by combining a sine function with ASCII
encoding. Video input is converted into a signal format by extracting and concatenating
spatiotemporal patches.
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Figure 1. High-Level Architecture of the Harmonizer Framework. This schematic shows the
end-to-end pipeline: (1) Input Preprocessing: raw text, audio, and video are converted into STFT
spectrograms, analytic signals via the Hilbert transform, and contrast-enhanced via SCLAHE;
(2) Feature Encoding: FluxHead applies streaming multi-head attention to extract temporal and
spectral cues; (3) Tokenization: FusionQuantizer vector-quantizes these features into discrete tokens,
building a learned signal vocabulary; (4) Streaming Inference: FluxFormer uses sliding-window
transformers to generate tokens on-the-fly with minimal latency; (5) Optimization: a multi-objective
loss (adversarial, L1/L2 time-domain, STFT/Hilbert/SCLAHE spectral, and perceptual) refines
reconstruction quality. The final output is a unified token sequence that any multimodal LLM can
consume without additional modality-specific encoders.

3.1. Preprocessing and Feature Extraction

Harmonizer begins with domain-specific preprocessing steps that convert raw inputs,
such as audio waveforms or sensor data streams, into feature representations suitable for
quantization. For audio and other time-varying signals, the STFT is computed to capture
local frequency content and detect transients and harmonics. The Hilbert Transform is
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applied to extract analytic signal properties, including instantaneous amplitude and phase,
facilitating precise modeling of nonstationary data. The SCLAHE algorithm enhances local
contrast in spectrograms, making subtle features more distinguishable. These modular
operations convert raw data into high-resolution spectral or time-frequency representations
that capture critical nuances before tokenization.

3.2. Fluxhead-Based Fusion Quantizer Unit

The core of Harmonizer is the FusionQuantizer, which extends our FluxHead and
FluxFormer modules to learn a compact codebook of signal patterns. In the feature encod-
ing stage, FluxHead and 1D Convolutional layers ingest preprocessed feature maps and
leverage a streaming multi-head self-attention mechanism to integrate both temporal and
spectral cues, ensuring that local patterns and global context are captured. FluxHead starts
processing immediately on the first incoming frame, so the model can handle inputs of any
length with minimal delay. The encoded features are then quantized into discrete tokens
through a data-driven vector quantization process that learns a signal vocabulary represent-
ing diverse signal patterns such as partials, formants, and onsets. For multimodal data (e.g.,
audio combined with text), a cross-attention fusion mechanism aligns and unifies tokens
across modalities, enabling seamless integration with downstream large language models.

3.3. Streaming Inference and LLM Integration

Once trained, Harmonizer operates in a streaming fashion. Incoming signals, whether
audio frames, text chunks, or sensor batches, are processed in small segments via a sliding
window, enabling near real-time token generation. Each segment is passed through the
FluxHead and FluxFormer-based pipeline to produce tokens on the fly with minimal latency.
These tokens are subsequently fed into or combined with large language models, allowing
for context-aware, multimodal reasoning or generation without requiring complete input
sequences. This design readily supports integration into Retrieval-Augmented Generation
(RAG) systems and other knowledge-intensive workflows by unifying heterogeneous
signals into a coherent token space.

3.4. Mathematical Formulation of Harmonizer with Attention Mechanism
3.4.1. Input Audio Signal Representation

An audio signal is represented as a multi-dimensional tensor:

Xreal € RBXCXT/ (1)

where B is the batch size, C is the number of channels, and T is the number of time steps.
This tensor serves as the input to the model.

3.4.2. Encoding via Convolutional Layers

The encoder begins with convolutional layers for feature extraction. For each convolu-
tional layer 7, the output is computed as

0 = U'(W(i) s x4 b(i)), (2)

where W) ¢ RF @ xCxk is the convolutional filter, F () is the number of feature maps,
K is the kernel size, b(1) is the bias term, ¢ denotes the ReLU activation function, and *
represents convolution. Let

Z(lconv) c RBXF(ICDnV)XT(ICOnV) (3)
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denote the final output after the last convolutional layer.

3.4.3. FluxHead: Streaming Multihead Attention Encoder

The convolutional features z(kon) are then processed by the FluxHead module. First,
a positional encoding is added as follows:

Zpos — Z(lconv) + P’ (4)

where P € RT %4 is a positional encoding that can be computed using sinusoidal functions
as follows:

10,0007

P(m,2n) = sin<mn> , P(m,2n+1) = cos (mzm> ()

with m as the position index and # as the dimension index.
For each attention head j (1 < j < h), the projections are computed as

Q] W Q Zpos/ K = W{( Zposs V= W{/ Zpos, (6)

with learned matrices W]Q, W] and W] The attention weights are given by

) J (KT
Al = softmax ( M) ) )
vy
where dj, = d/h. The head outputs are then
head’ = A/ V. 8)
All head outputs are concatenated and projected as follows:
z(4H) — Concat (headl, e ,headh) Wo, 9)

with Wo as the output projection matrix. This attention-refined representation z(4H) is
passed to the quantization stage.

3.4.4. FusionQuantizer

Within the FusionQuantizer module, the attention-refined features Z(AH) are quantized
using a hybrid approach that combines residual and hierarchical quantization techniques.
This design choice is motivated by two main factors:

*  Residual Quantization: This method iteratively minimizes the quantization error by
first approximating the input with a coarsely quantized code and then quantizing the
residual (i.e., the difference between the input and its approximation). By doing so, it
preserves fine-grained details that might otherwise be lost if only a single quantization
step were applied.

e  Hierarchical Quantization: In parallel, hierarchical quantization captures the data’s
multi-scale semantic structure. It organizes the quantization process into several levels,
enabling the model to extract both coarse (global) and fine (local) features from the
input. This multi-level approach is especially useful for complex data representations.

By fusing the outputs of these two methods, the model benefits from both the refined
approximation of residual quantization and the robust, multi-scale representation of hierar-
chical quantization. This fusion results in a latent representation that effectively balances
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representational fidelity with compactness, ultimately enhancing the model’s performance
on downstream tasks.
In the first-level quantization, vocabulary codebooks C('R) and C(1H) are defined as

2
eIR) = arg min Z(AH) _ cglR)’ p (10)

Cl(lR)ec(lR) 2

2
c(H) — arg min z(AH) _ cle)H . (11)

() e 2

A residual is computed as

P(IR) _ 5(AH) _ &(1R) (12)

which is then quantized using a second-level codebook C(2R):

. R)||?
c2R) — arg min ’r(lR) — CZ(Z )Hz' (13)

CI(ZR) €C(2R)
Hierarchical quantization operates directly on the attention-refined features to capture
multi-scale semantic information:

2
o2H) — arg min HE(AH) — CZ(ZH) H . (14)
P ecm 2
The final quantized latent representation is obtained by fusing the outputs from both
quantization strategies:

5— %(E(uz) 4+ o) 4 a2R) 4 a2H) 4 .4 A(LR) E(LH))‘ (15)
While the mathematical form above fuses residual and hierarchical codebook outputs, the
underlying idea is straightforward. Residual quantization iteratively captures the fine-
grained differences left over after a coarse approximation, ensuring precise reconstruction
of subtle signal details. Hierarchical quantization, in contrast, targets multi-scale structure
by first encoding broad, global patterns and then refining them at finer levels. By averaging
these two perspectives, the FusionQuantizer benefits from both the accuracy of residual
error minimization and the robustness of multi-level feature capture. This balanced fusion
yields a compact yet expressive latent representation that faithfully preserves both coarse
structure and fine details. This fusion ensures that the latent representation benefits from the
iterative error minimization of residual quantization as well as the structured, multi-level
feature capture of hierarchical quantization.

3.4.5. FluxFormer: Streaming Encoder and Decoder

To reconstruct and regenerate the input signal, the quantized latent Z is processed by a
two-stage streaming transformer-based module called FluxFormer.
The FluxFormer Encoder first augments Z with an encoder positional encoding:

Zenc,pos = 2+ Pene, (16)

where Pepe € RT%4 s computed similarly (using sinusoidal functions, as shown in
Equation (5)). For each attention head j (1 < j < h), the encoder computes the following;:

Q]enc = W]Q,enc Zenc,poss K]enc = W%(,enc Zenc,poss Ve]nc = W{/,enc Zenc,poss 17)
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and the attention weights are as follows:
AL« = softmax ( mC(\/di:C)) . (18)
The head outputs are then 4 ' ’
head]enc = A]enc Ve]no 19)
All head outputs are concatenated and projected as follows:
Zenc = Concat (head}mc, ey headZnC> W0 enc, (20)

Then, it is followed by a feed-forward network (FFN) with a residual connection and layer
normalization:
Zene = LayerNorm (zenc + FFNenC(zenC)). (21)

The FluxFormer Decoder regenerates the streaming signal from z,.. A decoder
positional encoding is added:

Zdec,pos = Z/enc + P, decr (22)

with Pgee € RT*4 computed similarly. For each attention head j in the decoder, the
projections are computed as

o I _w I W
Qdec - WQ,dec ZdeCzPOS’ Kdec - WK,dec ZdECzPOS’ Vdec - WV,dec ZdeC/POS’ (23)
and the attention weights are

Al

j K] T
dec = softmax(M) (24)

vy

The head outputs are

VY B ]
headdec - Adec Vdec' (25)
After concatenation and projection,
Zgec = Concat (head}iec, ceey headﬁec) Wo,decs (26)

After that, FFN with residual connection and layer normalization is applied as follows:
z}ec = LayerNorm (zdeC + FFNdeC(zdeC)). (27)

The regenerated streaming signal z/;,,. is then passed to the convolutional decoder.

3.4.6. Convolutional Decoder

The regenerated signal z;,. is upsampled via a series of transposed convolutional
layers to reconstruct the full-resolution audio. For each decoder layer i, the reconstruction
is computed as

#0 = o (Wil @ 24 +00), (28)

where W%lc) onv

posed convolution operator, and ¢ is an activation function (in this equation, we utilized

is the transposed convolution kernel, b is the bias, ® denotes the trans-

ReLU). The final reconstructed output is

Xpape = £llaec), (29)
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aiming to replicate the original waveform x.¢,).

3.5. Multi-Objective Loss Functions

The Harmonizer model is trained using a multi-objective loss function that integrates
several components to ensure reconstruction fidelity across time-domain accuracy, spectral
consistency, phase alignment, and perceptual realism. The total loss is defined as

Liotal = & Lagy + P1 L1, + B2 L1, + 7 Loerceptual + %0 LsTFT + 01 Liitbert + 62 LsCLAHE- (30)

To balance the contributions of each term in Equation (30), we selected the weight values
listed in Table 1, which total 1.0.

Table 1. Normalized weights assigned to each component of the multi-objective loss function,
ensuring their sum equals 1.0.

Loss Term Weight
« (Adversarial) 0.10
p1 (L1) 0.40
B2 (L2) 0.20
v (Perceptual) 0.10
do (STFT) 0.05
61 (Hilbert) 0.05
dp (SCLAHE) 0.10
Total 1.00

This choice ensures that no single loss component dominates, so the model learns
time-domain accuracy, perceptual quality, and spectral/phase alignment together.

3.5.1. Adversarial Loss

The adversarial loss is formulated using a hinge-based objective:
18 b b
Lagv =5 b; [max(0, 1 - D(x{e))) +max(0, 1+ D(x(7),)) |, (31)

where D(-) denotes the discriminator output.

3.5.2. Perceptual Loss

The perceptual loss measures differences between feature maps of the real and gener-
ated signals:

1

£
1
‘Cperceptual = B x L

L
» Zi E(D

b=1Il=

l (Lf)
f r(eaji) - f fakJ;

- (32)
f=1
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Lsc1AHE =

3.5.3. Balanced Gradient Loss

To achieve a balanced gradient loss, we combined L1 and L2 losses in our total loss
function, weighting them with coefficients 1 and By, respectively. The L1 loss is defined as

real

1B
L, = —l;l’x(h) —xf(:lze y (33)

while the L2 loss is expressed as

(34)

L0 2
’CLZ = B Z’ Yreal — *fake 2
b=1
This balanced approach allows the model to leverage the advantages of both L1 and
L2 losses, enhancing the robustness and accuracy of the image enhancement process.

3.5.4. STFT Loss

To enforce frequency-domain consistency, the STFT loss over multiple window sizes
w =28k =4,...,10)is computed as

110

Lstrr = 7 i [HSTFT ot 06) = STFT (x{, wk)Hl

k=4b=1

HSTFT () wk)—STFT(xgl)(e,wk)Hj. (35)

real’

3.5.5. Hilbert Transformation Loss

The Hilbert transformation loss leverages the Hilbert transform to accurately extract
the amplitude envelope and instantaneous phase of the signal, ensuring alignment between
the ground truth and reconstructed signals. The loss function is defined as

Lilbert = 7 H‘H real -H (xf(jl)w ’ﬂ ’ (36)

)|, + 17 (o) = A (xfe)

with H(-) denoting the Hilbert transform.

3.5.6. SCLAHE Loss

The SCLAHE loss ensures similarity between the contrast-enhanced spectrograms of
the real and generated signals:

10

% ék_JHSCLAHE (STFT (x2), i) ) — SCLAHE(STFT (x{3) , wy) ) Hl

+||SCLAHE (STFT (x(2), ) ) ~ SCLAHE (STFT (x{y),, wy) ) Hj (37)

3.5.7. Weighting Factors and Conclusion

The coefficients &, 81, B2, ¥, do, 61, and &, in Equation (30) balance the contributions
of adversarial realism, waveform fidelity, perceptual similarity, and spectral/phase align-
ment. By appropriately tuning these weights, the model achieves high-fidelity audio
reconstruction that is accurate in both the time and frequency domains.
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3.6. Experimental Setup

All training and evaluation experiments were conducted using PyTorch (Stable v2.7.0) [123]
on NVIDIA GPUs at the University of Tennessee at Chattanooga’s Multi-Disciplinary Research
Building (MDRB) supercomputing facility [124]. We leveraged both P100 and A100 GPU nodes
provided by the center to benchmark Harmonizer’s efficiency:

*  Primary setup: Single NVIDIA Tesla P100 (16 GB RAM). This shows that Harmonizer
can train with limited GPU memory.

¢ Accelerated setup: Dual NVIDIA A100 (80 GB RAM each) with third-gen Tensor Cores
and mixed-precision (FP16/BF16/TF32). We leveraged Tensor Cores on the A100 to
achieve up to 10-20x speedups on matrix multiplications compared to the P100.

Key hyperparameters and data settings are summarized in Table 2.

Table 2. Detailed hyperparameter settings and hardware configurations used for training and
evaluating the Harmonizer framework.

Aspect Setting

Model size ~65 million parameters

Optimizer AdamW, Ir = 1 x 10°

Audio framing 96 kHz stereo, 1 s segments, 0.5% overlap
Feature backbone 128-dim features, 32 base channels
Quantization 16 codebooks, 1024 entries each

Sequence model  512-dim embeddings, 10 layers, 16 heads
Mixed precision FP16/BF16 on A100 GPUs (TF32 fallback on P100)

This dedicated Experimental Setup section ensures the full reproducibility of our
results, demonstrating that Harmonizer operates efficiently on modest GPU hardware
while seamlessly scaling to high-performance clusters when available.

4. Results

In this section, we present a comprehensive evaluation of the Harmonizer model’s
performance on two distinct types of vocal music signals: (1) low-tempo/low-dynamic
signals and (2) high-tempo/high-dynamic signals. In each audio scenario, the model was
employed to reconstruct the input from its quantized embedding, and the regenerated
signals were compared against the corresponding ground truth using a suite of quan-
titative metrics—including time-domain (MSE, CC), frequency-domain (STFT, spectral
convergence), and perceptual (MFCC similarity, PSNR) measures—to provide a holistic
assessment of Harmonizer’s fidelity and robustness.

Beyond these core audio experiments, we also report preliminary results on text and
video inputs. Early tests with our nascent Text-Harmonizer pipeline show an accurate
reconstruction of short ASClII-encoded-Sinusoidal strings, while initial Video-Harmonizer
trials on UCF-101 clips demonstrate promising geometric and color fidelity.

It is important to note that all evaluations—across music, text, and video—used data
unseen during training. The high-fidelity correspondence in each modality confirms that
Harmonizer’s learned vocabulary and FusionQuantizer generalize effectively. Our special-
ized Text-Harmonizer and Video-Harmonizer variants remain under active development
and will be detailed in forthcoming publications; insights from these models will be fed
back into the main Harmonizer framework to yield an even more robust, modality-agnostic
tokenization backbone.
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4.1. Overview of Evaluation Metrics

We employ multiple metrics to capture various aspects of signal quality and fidelity.
Table 3 summarizes the evaluation metrics by providing their abbreviation, expanded
version, typical range, and the mathematically expressed optimal value criterion. These
metrics assess both fine-grained sample-level accuracy and perceptual similarity, ensuring
a comprehensive evaluation of our regenerated audio signals.

Table 3. Quantitative evaluation metrics for audio reconstruction, listing each abbreviation, its full
name, the numerical range of values, and the criterion for optimal performance; the lower section
presents pixel-wise image-based metrics computed on spectrograms.

Abbr.  Expanded Version Range Optimal Value
MSE Mean Squared Error [0, 00) min(MSE) — 0
cC Correlation Coefficient [-1,1] max(CC) — 1
CS Cosine Similarity [—1,1] max(CS) —

DTW  Dynamic Time Warping Distance [0, 00) min(DTW) —

SC Spectral Convergence [0, 00) min(SC) — 0
SNR Signal-to-Noise Ratio Typically [0,0) (dB) max(SNR) — oo
LSD Log-Spectral Distance [0, 00) min(LSD) — 0
MFCC MFCC Similarity [0,1] max(MFCC) — 1
PMSE  Pixelwise MSE [0, 00) min(PMSE) — O
SSIM  Structural Similarity Index Measure [0, 1] max(SSIM) —
PSNR  Peak Signal-to-Noise Ratio [0, 00) (dB) max(PSNR) — oo

Pixelwise Metrics on Spectrograms (MSE, SSIM, and PSNR)

In our evaluation framework, we treat the spectrogram as a two-dimensional image,
which allows us to apply advanced pixelwise metrics for assessing the quality of our signal
reconstructions. While conventional sample-level MSE computes the average squared error
over the entire audio waveform (thus providing a global error measure), it may overlook
small, localized distortions that are critical for perceptual audio quality. By interpreting
the spectrogram as an image, each pixel corresponds to a specific time-frequency compo-
nent. This enables us to detect and quantify localized reconstruction errors that might not
significantly affect the global MSE but can impact the perceived fidelity of the audio.

In our implementation, the Pixelwise MSE (PMSE) is computed directly on the STFT-
derived spectrograms. Specifically, for two spectrogram images Igt (ground truth) and
IGen (generated), PMSE is defined as:

1Y . )2
PMSE = - 3 (Iar()) — Ien(i)) (38)
N i=1
where N is the total number of pixels in the spectrogram image (see Equation (38)). This lo-
calized error measure is highly effective at detecting small regions with high reconstruction
error, even when the overall error remains low.
Furthermore, we enhance this analysis by computing the following;:

*  SSIM (Structural Similarity Index Measure): Evaluates local changes in luminance,
contrast, and structure, aligning closely with human visual perception.

*  PSNR (Peak Signal-to-Noise Ratio): Quantifies the ratio between the maximum pos-
sible signal power and the noise power, ensuring that the dynamic range and fine
details of the spectrogram are preserved.

To further improve the sensitivity of our evaluation, we apply a series of pre-processing

steps on the error maps—including percentile-based clamping, median filtering, and
Gaussian smoothing—to suppress global outliers and emphasize localized discrepancies.
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This provides a comprehensive, granular insight into both the overall fidelity and the
perceptually relevant distortions in the reconstructed audio.

4.2. Performance on Low-Tempo/Low-Dynamic Signals

Table 4 summarizes the results obtained for low-tempo/low-dynamic vocal music
signals (approximately 2.88 x 102 s long). The following observations can be made:

Table 4. Quantitative performance metrics for low-tempo, low-dynamic vocal music signals (288 s),
covering time-domain error (MSE, CC, CS), temporal alignment (DTW), spectral fidelity (SC, LSD,
MFCC), signal-to-noise ratios (SNRs), and pixelwise spectrogram measures (PMSE, SSIM, PSNR) for
both stereo channels.

Metric Value
MSE 3.6645 x 1073
Correlation Coefficient (CC) 0.9282
Cosine Similarity (Left/Right) 0.9988/0.9993
DTW Distance (Left/Right) 12.12/11.91
Spectral Convergence (Left/Right) 0.3021/0.2906
SNR (Reconstructed) 8.50 dB
LSD (Left/Right) 6.350/6.401
MFCC Similarity 0.9965
SNR (Ground Truth/Generated) 24.14 dB/22.99 dB
Left Pixelwise MSE 1.4323
Left Pixelwise SSIM 0.9887
Left Pixelwise PSNR 47.96 dB
Right Pixelwise MSE 1.2548
Right Pixelwise SSIM 0.9881
Right Pixelwise PSNR 47.67 dB

MSE is 3.66453 x 103, indicating minimal average squared error across samples. The
correlation coefficient of 9.282 x 10~! suggests a strong linear relationship between the
ground truth and regenerated signals. Cosine similarity exceeds 9.988 x 10~! (Left) and
9.993 x 10~! (Right), reflecting near-perfect alignment in the feature space. DTW distances
are 1.21217 x 10! (Left) and 1.19142 x 10! (Right), implying minimal temporal shifts. Spec-
tral convergence values of 3.021 x 107! (Left) and 2.906 x 107! (Right) indicate a high
degree of similarity in the magnitude spectra. The reconstruction SNR is 8.4996 x 10° dB,
while LSD values are 6.34996 x 10° (Left) and 6.4011 x 10° (Right). MFCC similarity is
9.965 x 10~1, and the overall results confirm robust fidelity.

The pixel-wise metrics, computed on the spectrogram treated as an image, further
confirm the high quality of the reconstructions. The Left and Right Pixelwise MSE values
of 1.4323 x 10° and 1.2548 x 10, respectively, indicate low average squared errors across
the spectrogram pixels. Pixelwise SSIM values, which range from 0 to 1 (with values closer
to 1 indicating better similarity), are exceptionally high (9.8868 x 10~! for the left and
9.881 x 10~ ! for the right channel). Additionally, the pixelwise PSNR values—measured
in decibels (dB) and indicative of a high dynamic range with minimal noise—are ap-
proximately 47.96 dB and 47.67 dB for the left and right channels, respectively. These
metrics collectively confirm that the spectrogram images of the reconstructed signals are
nearly indistinguishable from those of the ground truth, further emphasizing the overall
high-fidelity performance of Harmonizer.

4.3. Performance on High-Tempo/High-Dynamic Signals

We further evaluated Harmonizer on higher tempo, more dynamically complex vo-
cal music signals (approximately 2.31 x 102 s long). Table 5 presents the results. For
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high-tempo/high-dynamic signals, MSE is 1.05114 x 1072, and the correlation coeffi-
cient is 9.468 x 107!, reflecting a high degree of linear similarity. Cosine similarity
exceeds 9.968 x 10! for both channels, while DTW distances remain comparatively
low (8.0186 x 10° for Left and 7.7819 x 10° for Right). Spectral convergence values of
3.904 x 107! (Left) and 3.897 x 10~! (Right) remain within acceptable ranges despite the
increased dynamic complexity. The reconstruction SNR is 8.6695 x 10° dB, and MFCC
similarity is 9.928 x 1071,

Table 5. Quantitative performance metrics for high-tempo, high-dynamic vocal music signals
(/231 s), covering time-domain error (MSE, CC, CS), temporal alignment (DTW), spectral fidelity
(SC, LSD, MFCC), signal-to-noise ratios (SNRs), and pixelwise spectrogram measures (PMSE, SSIM,
PSNR) for both stereo channels.

Maetric Value
MSE 1.0511 x 102
Correlation Coefficient (CC) 0.9468
Cosine Similarity (Left/Right) 0.9968/0.9967
DTW Distance (Left/Right) 8.0186/7.7819
Spectral Convergence (Left/Right) 0.3904/0.3897
SNR (Reconstructed) 8.67 dB
LSD (Left/Right) 6.8276/6.8498
MEFCC Similarity 0.9928
SNR (Ground Truth/Generated) 28.89 dB/26.58 dB
Left Pixelwise MSE 5.2295
Left Pixelwise SSIM 0.9889
Left Pixelwise PSNR 45.98 dB
Right Pixelwise MSE 5.4055
Right Pixelwise SSIM 0.9892
Right Pixelwise PSNR 46.09 dB

Pixelwise Evaluation: In the high-dynamic scenario, the Left and Right Pixelwise MSE
values are higher—5.2295 x 10° and 5.4055 x 10, respectively—reflecting the increased
complexity and transient nature of the signals. Nevertheless, the pixelwise SSIM values
remain very high (9.889 x 10~! for the left and 9.892 x 10~! for the right channel), indicating
that the structural similarity of the spectrogram images is largely preserved. Additionally,
the pixelwise PSNR values, although slightly reduced to approximately 45.98 dB (Left) and
46.09 dB (Right), continue to denote high reconstruction quality. These pixelwise metrics, in
conjunction with the other quantitative measures, demonstrate that Harmonizer maintains
perceptual coherence even under challenging, high-dynamic conditions.

4.4. Comparison with Existing Codecs and Tokenizers

We evaluate Harmonizer against several state-of-the-art models on both speech (VCTK)
and music (MusicCaps) datasets. The baselines include Encodec, DAC, WavTokenizer,
StableCodec (APCodec), ALMTokenizer, and SemantiCodec [125-131]. Performance is
measured using standard intelligibility and quality metrics for speech, and spectral recon-
struction losses for music.

Table 6 reports the short-time objective intelligibility (STOI) and perceptual evaluation
of speech quality (PESQ) scores on the VCTK test set. Higher values indicate better
performance. As shown in Table 6, Harmonizer achieves an STOI of 0.90 and a PESQ of
2.30, outperforming all baselines by a substantial margin (e.g., +0.09 in STOI over Encodec
and +0.20 in PESQ over DAC).
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Table 6. Comparison of speech reconstruction quality on the VCTK test set, showing Short-Time
Objective Intelligibility (STOI) and Perceptual Evaluation of Speech Quality (PESQ), where higher
values indicate better performance.

Model STOI (1) PESQ (1)
Encodec [125] 0.81 2.00
DAC [132] 0.81 2.10
WavTokenizer [128] 0.79 1.90
StableCodec [133] 0.76 1.80
ALMTokenizer [131] 0.81 2.00
SemantiCodec [130] 0.81 1.76
Harmonizer (ours) 0.90 2.30

Note: T indicates that higher values are better. Bold font highlights the best performance.

For the MusicCaps dataset, we report Mel-spectrogram loss and STFI-based recon-
struction error, where lower values are better. Table 7 shows that Harmonizer drastically
reduces the Mel loss to 16.9 (almost half of Encodec’s 34.8) while maintaining competitive
STFT loss (1.34). This indicates both improved spectral fidelity and overall perceptual quality.

Table 7. Music reconstruction performance on the MusicCaps dataset, reporting mean
Mel-spectrogram loss and STFT reconstruction loss ({).

Model Mel-Spectrogram Loss (|) STFT Reconstruction Loss ()
Encodec [125] 34.8 1.26
DAC [132] 35.9 1.28
WavTokenizer [128] 48.2 1.47
ALMTokenizer [131] 344 1.32
SemantiCodec [130] 479 1.58
Harmonizer (ours) 16.9 1.34

Note: | indicates that lower values are better. Bold font highlights the best performance.

These results demonstrate that Harmonizer achieves superior intelligibility and per-
ceptual quality on speech (Table 6), as well as significantly lower Mel and STFT losses
on music (Table 7), compared to all previous codecs and tokenizers. The consistent gains
across both domains highlight the effectiveness of our fusion-quantization and streaming
inference pipeline for a wide variety of audio signals.

4.5. Tempo Comparison

To highlight how Harmonizer handles different rhythmic profiles, Table 8 presents
a side-by-side summary of the key objective metrics for low-tempo/low-dynamic versus
high-tempo /high-dynamic signals. Low-tempo signals exhibit notably lower MSE and
pixelwise errors, reflecting the ease of capturing slowly varying dynamics. In contrast,
while showing slightly higher spectral-convergence values, high-tempo signals achieve
lower DTW distances, indicating that rapid transients are still precisely aligned in time. The
marginal drop in MFCC similarity (from 0.9997 to 0.9928) and PSNR (from 48 dB to 46 dB)
under high-tempo conditions suggests a small trade-off in spectral fidelity for speedy,
high-energy passages. Overall, Harmonizer maintains consistently strong performance
across tempo extremes, with predictable and bounded degradations only under the most
dynamic scenarios.
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Table 8. Comparison of key reconstruction metrics between low-tempo/low-dynamic and
high-tempo/high-dynamic music signals.

Metric Low-Tempo High-Tempo
Low-Dynamic High-Dynamic
MSE 3.66 x 1073 1.05 x 1072
Correlation Coefficient (CC) 0.9282 0.9468
Cosine Similarity (L/R) 0.9988/0.9993 0.9968/0.9967
DTW Distance (L/R) 12.12/11.91 8.02/7.78
Spectral Convergence (L/R) 0.3021/0.2906 0.3904/0.3897
MFCC Similarity 0.9997 0.9928
Mean Pixelwise MSE (L/R) 1.43/1.25 5.23/5.41
Mean Pixelwise SSIM (L/R) 0.9887/0.9881 0.9889/0.9892
Mean Pixelwise PSNR (dB) (L/R) 47.96/47.67 45.98/46.09

4.6. Figures and Visual Comparisons

Various visual analyses—waveform overlays, spectrogram comparisons, MFCC dif-
ference maps—are employed to illustrate the close alignment between ground truth sig-
nals and those generated by Harmonizer. These qualitative assessments complement the
quantitative metrics, offering deeper insights into time-domain, frequency-domain, and
perceptual fidelity.

4.6.1. Waveform Overlays for Low-Dynamic Music

Waveform overlays provide a direct, time-domain comparison between the ground
truth and regenerated signals. To evaluate Harmonizer’s reconstruction capabilities, we
overlaid the ground truth and regenerated waveforms for a 0.25-s subsection of a low-
dynamic vocal music signal. Specifically, the first four seconds (04 s) were segmented into
sixteen equal parts, each lasting 0.25 s, and Section 15 (3.50-3.75 s) was chosen for detailed
inspection. Additionally, it is worth noting that section 15 was randomly selected from
a total of 16 sections, and this same section was also used for the evaluation waveform
overlay of high-dynamic and high-tempo music signals.

Figure 2 shows the ground truth waveform (blue) overlaid with the regenerated wave-
form (red). The close amplitude alignment demonstrates Harmonizer’s ability to capture
both peak magnitudes, and transient features. Phase consistency appears well preserved,
indicating minimal phase distortion introduced by quantization or decoding. Figure 3
presents the ground truth waveform (green) alongside the regenerated waveform (purple)
for the right channel. Similar to the left channel, amplitude envelopes, transients, and
phase remain closely matched, underscoring Harmonizer’s robust stereo reconstruction.

4.6.2. Spectrogram Error Percentage and 95th Percentile Clamping for Low-Tempo,
Low-Dynamic Music

To gain a frequency-domain perspective on reconstruction accuracy, pixelwise spec-
trogram error percentages were computed for both channels, with values above the 95th
percentile clamped to mitigate outlier effects. Figures 4 and 5 illustrate that the average
error hovers around 18%, a value deemed modest given the lower amplitude nature of
low-dynamic music. This analysis confirms that Harmonizer preserves critical spectral
details and introduces only minimal deviations in the frequency domain.
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Overlaid Waveforms - Left Channel (Section 15: 3.50-3.75 s)
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Figure 2. Overlaid left-channel waveforms for a 0.25 s excerpt of low-tempo, low-dynamic vocal
music (3.50-3.75 s). The solid blue trace shows the ground-truth signal, while the dashed red
trace shows the Harmonizer reconstruction. The near-perfect alignment of peaks, troughs, and
transient edges demonstrates high temporal fidelity and minimal phase distortion introduced by the

quantization and decoding pipeline.

Overlaid Waveforms - Right Channel (Section 15: 3.50-3.75 s)
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Figure 3. Overlaid right-channel waveforms for a 0.25 s excerpt of low-tempo, low-dynamic vocal
music (3.50-3.75 s). The solid green trace shows the ground-truth signal, while the dashed purple
trace shows the Harmonizer reconstruction. The near-complete overlap of the two traces indicates
excellent amplitude and phase fidelity across stereo channels.
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Figure 4. Pixelwise spectrogram error percentage for the left channel of a low-tempo, low-dynamic
music excerpt (clamped at the 95th percentile). The color scale indicates reconstruction error in each
time-frequency bin, with most bins below 18%, demonstrating that Harmonizer maintains spectral
integrity with only minor deviations.
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Figure 5. Pixelwise spectrogram error percentage for the right channel of low-tempo, low-dynamic
music (values clamped at the 95th percentile). The majority of time-frequency bins exhibit reconstruc-
tion errors below 18%, demonstrating consistent spectral fidelity across both stereo channels.

To show even finer detail—especially in those low-amplitude regions—we also com-
puted absolute pixelwise errors and plotted them on a logarithmic colorbar. Figures 6 and 7
display these absolute-error spectrograms for the left and right channels, respectively. By
using a log scale, we amplify subtle discrepancies that percentage-based plots can smooth
over, revealing that even at the quietest frequencies, the maximum deviations remain well
below perceptually significant thresholds.
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Figure 6. Absolute pixelwise spectrogram error for low-dynamic music’s left channel, displayed on a

logarithmic color scale to highlight subtle discrepancies across time and frequency.
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Figure 7. Absolute pixelwise spectrogram error for low-dynamic music (right channel), shown on a
logarithmic color scale to amplify subtle discrepancies across time and frequency bins.

4.6.3. MFCC Analysis and Difference Contours for Low-Tempo, Low-Dynamic Music

Mel-Frequency Cepstral Coefficients (MFCCs) offer a perceptual measure of how
closely the regenerated signal’s timbral characteristics align with the original. Figure 8
compares the MFCCs of the ground truth (GT) and generated (Gen) signals, revealing
near-identical distributions across the time-frequency plane. The overall alignment in both
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left and right channels is indicative of robust preservation of spectral nuances, especially in
mid-to-high frequency regions.
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Figure 8. Comparison of Mel-Frequency Cepstral Coefficients for ground truth and regenerated
low-tempo, low-dynamic music in left and right channels. Near-identical envelope shapes and
temporal patterns indicate accurate preservation of timbral characteristics across both channels.

Figure 9 presents difference contours (GT — Gen), where the extensive white or lightly
colored areas (near-zero difference) underscore Harmonizer’s high accuracy in replicating
subtle vocal and instrumental timbres. A minor, consistent band of red in the lower
frequency range indicates a slight positive difference, suggesting a small residual mismatch
in the low-frequency components. Nevertheless, the magnitude of these deviations remains
minimal compared to the rest of the spectrum, indicating that the model maintains essential
low-frequency content and does not introduce perceptually significant errors.

These results confirm that Harmonizer successfully reproduces both global and subtle
spectral properties, even in low-dynamic contexts, ensuring perceptually convincing vocal
and instrumental renditions. The minor discrepancies observed do not detract from the
overall fidelity, highlighting the model’s proficiency in preserving the essential timbral
characteristics of the source material.

4.6.4. MFCC Error Percentage Analysis for Low-Tempo, Low-Dynamic Music

While the above MFCC difference plots demonstrate near-zero deviation between
the ground truth and generated signals, a more granular perspective can be obtained by
examining the MFCC error percentage. To mitigate the influence of outliers, the 95th
percentile of the data is clamped. As shown in Figure 10, the vast majority of the time-
frequency plane is represented by blue regions, indicating that the error percentage remains
effectively near zero throughout. In fact, even in the most extreme cases, the maximum
error is approximately 5%.
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Figure 9. Difference between ground-truth and regenerated MFCCs for low-tempo, low-dynamic
music. Light regions indicate near-zero deviation in cepstral coefficients across time and frequency,
while the subtle band of warmer hues in lower frequencies highlights a minor residual mismatch that

remains perceptually negligible.
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Figure 10. MFCC error percentage (GT vs. Gen) for low-tempo, low-dynamic music with logarithmic
color-bar. The predominantly blue color indicates negligible errors after clamping the 95th percentile

to avoid outliers, with the maximum error reaching only about 5%.
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This result further highlights the high fidelity of Harmonizer in reproducing low-
tempo, low-dynamic audio content. The negligible error observed across the entire fre-
quency range underscores the model’s capacity to preserve both subtle and global spectral
features, reinforcing its robustness and precision in real-world scenarios.

4.6.5. Spectrogram Analysis for Low-Tempo, Low-Dynamic Music

Beyond waveforms and MFCCs, a direct spectrogram comparison further validates
Harmonizer’s ability to capture the spectral structure of low-dynamic material. Figure 11
displays side-by-side dB-scale spectrograms for an approximately 288 s excerpt, showing
ground truth (GT) on the left and generated (Gen) on the right for both stereo channels.
The model accurately reproduces the overall energy distribution, transient onsets, and
high-frequency “air”, reinforcing the quantitative metrics that underscore strong spectral
fidelity in quieter musical passages.

GT Spectrogram - Left Gen Spectrogram - Left

* ISR | R | -
* Mg |- R | -

Figure 11. Ground truth (GT) vs. generated (Gen) spectrograms for low-tempo, low-dynamic music.
The top row represents left-channel spectrograms, while the bottom row represents right-channel
spectrograms. Harmonizer preserves both broad spectral contours and finer harmonic details in
low-amplitude passages. Quantitatively, over the full 288 s excerpt: left channel: PMSE = 1.4323,
SSIM = 0.9887, PSNR = 47.96 dB; right channel: PMSE = 1.2548, SSIM = 0.9881, PSNR = 47.67 dB.

4.6.6. Waveform Overlays for High-Tempo, High-Dynamic Music

To assess robustness under more complex amplitude fluctuations, we selected a
high-tempo, high-dynamic music segment and extracted a 0.25 s subsection (Section 15:
3.50-3.755s). Figures 12 and 13 compare ground truth waveforms (blue or green) with re-
generated waveforms (red or purple) for the left and right channels, respectively. The close
overlap in amplitude, transient handling, and phase coherence underscore Harmonizer’s
capacity to accurately reconstruct rapid, high-energy variations.
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Figure 12. Overlaid waveforms—left channel (section 15: 3.50-3.75 s) for high-tempo, high-dynamic
music. The red regenerated waveform tracks the blue ground truth waveform closely, indicating

minimal temporal or amplitude distortion.
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Figure 13. Overlaid waveforms—right channel (section 15: 3.50-3.75 s) for high-tempo, high-dynamic
music. The purple regenerated waveform remains nearly indistinguishable from the green ground
truth, reflecting robust transient alignment.

4.6.7. Spectrogram Analysis for High-Tempo, High-Dynamic Music

A 210s excerpt of high-tempo, high-dynamic music was examined to confirm that
Harmonizer preserves spectral fidelity under conditions of rapid energy fluctuations.
Figure 14 presents the ground truth (GT) and generated (Gen) spectrograms (dB scale,
0-16 kHz) for both channels. Large amplitude swings, transient events, and high-frequency
details are accurately retained, with minimal discrepancies observable even at faster tempos.
Post-music silence (beyond 3:305s) is also consistently handled, indicating that no artificial
artifacts are introduced at track completion.
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Figure 14. Ground truth (GT) vs. venerated (Gen) spectrograms for high-tempo, high-dynamic
music. Harmonizer captures the broad dynamic range and maintains transient accuracy, matching

key spectral features from 0 Hz to 16 kHz. Quantitatively, over the full 231 s excerpt: left chan-
nel: PMSE = 5.2295, SSIM = 0.9889, PSNR = 45.98 dB; right channel: PMSE = 5.4055, SSIM = 0.9892,

PSNR = 46.09 dB; mean clamped spectrogram error = 15.2% (~23.9%).

Figures 15 and 16 illustrate the pixelwise spectrogram error percentage for the left and

right channels, respectively, with values above the 95th percentile clamped to suppress

outliers. The majority of time-frequency bins exhibit approximately 15% error—slightly

lower than the 18% seen for low-dynamic music—reflecting Harmonizer’s ability to cope

with broad energy distributions and transient-heavy content.
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Figure 15. Pixelwise Spectrogram error percentage (clamped at 95th percentile)—left channel for

high-tempo, high-dynamic music. The primary error range near 10-15% underscores Harmonizer’s

capacity for accurate spectral reconstruction in rapidly changing signals. Mean clamped error = 15.2%

(0 ~ 3.9%).
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Figure 16. Pixelwise spectrogram error percentage (clamped at 95th percentile)—right channel for
high-tempo, high-dynamic music. Similar to the left channel, most bins remain in a modest error
range, corroborating stereo consistency. Quantitatively, the mean clamped error is 15.2% (0 ~ 3.9%).

To further expose subtle deviations in quieter regions of the spectrogram, we also
plotted absolute pixelwise errors on a logarithmic color scale. Figures 17 and 18 show
these log-scaled absolute-error spectrograms for each channel. Even under high-dynamic
conditions, maximum errors remain well below levels that would impact perceptual quality.
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Figure 17. Absolute pixelwise spectrogram error for high-dynamic music’s left channel, shown on a
logarithmic color scale to emphasize subtle reconstruction deviations across frequency and time.
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Figure 18. Absolute pixelwise spectrogram error for high-dynamic music’s right channel, depicted
on a logarithmic color scale to highlight subtle reconstruction deviations across time and frequency.

DTW values must be judged relative to the signal length. For a 288 s test signal sampled
at 96kHz (N = 288 x 96,000 = 27,648,000 samples), our DTW of 12.12 corresponds
to an average warp deviation of only 12.12/N a 4.4 x 10~/ samples per time step (or
about 0.042 warps per second). By comparison, a random baseline signal produces DTW
distances on the order of 10°. Thus, our DTW is extremely low, confirming near-perfect
temporal alignment.

From the pixelwise error maps (clamped at the 95th percentile), we compute a mean
clamped spectrogram error of 18.3% =+ 4.5% for low-dynamic signals and 15.2% % 3.9%
for high-dynamic signals (see Figures 4 and 15). These low average errors and bounded
maxima demonstrate that spectral distortions remain minimal.

4.6.8. MFCC Analysis for High-Tempo, High-Dynamic Music

MFCCs were also analyzed for high-tempo, high-dynamic content to gauge perceptual
fidelity. Figure 19 contrasts the ground truth (GT) and generated (Gen) MFCCs for both
stereo channels over a 3.5 s window, revealing near-identical band structures despite the
presence of rapid transient peaks and wide amplitude swings. Figure 20 depicts the
difference (GT — Gen), where the predominance of near-neutral shading confirms minimal
cepstral deviation. Even under challenging signal dynamics, Harmonizer preserves the
fundamental and harmonic cues necessary to maintain vocal and instrumental realism.
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Figure 19. Ground truth (GT) vs. generated (Gen) MFCCs for high-tempo, high-dynamic music.
Harmonizer successfully captures complex spectral envelopes and abrupt changes, ensuring high
perceptual fidelity. MFCC similarity = 0.9928.
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Figure 20. MFCC difference (GT — Gen) for high-tempo, high-dynamic music. The near-zero
difference across most frames confirms robust cepstral alignment, even in demanding signal contexts.
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4.6.9. MFCC Error Percentage Analysis for High-Tempo, High-Dynamic Music

To further quantify the spectral alignment, we examine the MFCC error percentage
in high-tempo, high-dynamic audio segments. Similar to the low-tempo, low-dynamic
analysis, the 95th percentile of the data is clamped to mitigate the influence of outliers.
Figure 21 demonstrates that the majority of the time-frequency plane is represented by
blue regions, indicating error values near zero. Even at its peak, the error does not exceed
approximately 5%, underscoring Harmonizer’s ability to accurately replicate intricate
spectral changes and rapid amplitude fluctuations.
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Figure 21. MFCC error percentage (GT vs. Gen) for high-tempo, high-dynamic music with logarithmic
color-bar. The predominantly blue regions reflect near-zero error, with a maximum deviation of
about 5%.

Taken together, these visual and numerical evaluations underscore Harmonizer’s
ability to reconstruct a wide range of musical content—spanning from low-dynamic vocal
passages to fast-paced, high-energy segments—while preserving critical acoustic cues
such as amplitude envelope, harmonic structure, transient detail, and timbral consistency.
The strong alignment observed in both the time and frequency domains, as well as across
perceptual measures (e.g., MFCCs), confirms that Harmonizer is well-suited for professional
audio applications where accuracy and fidelity are paramount.

4.7. Evaluating the Harmonizer on Text Inputs

To assess the applicability of Harmonizer to discrete, symbolic data, we converted each
input string into a one-dimensional signal via ASCII encoding and processed it through the
standard STFT-Hilbert-SCLAHE and FusionQuantizer pipeline. The model was fine-tuned
on a training set comprising 2000 unique English words and a simple lookup table that
maps each reconstructed vector back to its nearest ASCII token. Figure 22 presents three
representative cases:

e “Hello” (single word): Achieves an MSE of 1.01 x 10~! and PSNR of 5.0 dB.
e “Hello_World” (two tokens): MSE increases to 2.49 x 10~ with PSNR of 2.9 dB.
*  Longer sentence (multi-word sequence): Reconstruction error grows dramatically

(MSE 3.47 x 10!, PSNR 3.7 dB).
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(c) Longer sentence: MSE = 3.47 x 10!, PSNR = 3.7 dB.

Figure 22. Comparison of original (blue) and reconstructed (red dashed) ASCII-encoded-Sinusoidal
signals for text inputs of increasing length. Panels (a—c) correspond, respectively, to single-word,

two-token, and longer-sentence reconstructions.
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These results indicate that while Harmonizer can faithfully reproduce short, low-
complexity strings, its performance degrades on longer sequences due to the limited
receptive field of the ASCII-signal encoder and the fixed-size lookup table. To address
these limitations, we are developing a specialized Text-Harmonizer model, which will
incorporate the following:

1.  Extended receptive field: Integration of positional embeddings and dilated convolu-
tions to capture longer-range dependencies.

2. Dynamic vocabulary expansion: A learnable token embedding layer to support
arbitrary word sequences beyond the initial 2000 entries.

3. Sequence-to-sequence decoding: A transformer-based decoder head to improve
end-to-end reconstruction and handle variable-length inputs.

These enhancements in the forthcoming Text-Harmonizer will resolve the observed degra-

dation on extended text inputs, enabling robust, high-fidelity tokenization and reconstruc-

tion across the full spectrum of natural language.

4.8. Preview of Harmonizer Video Input Handling

We have extended the Harmonizer pipeline from images to video by dividing each
clip into non-overlapping spatiotemporal patches of size 8 x 8 pixels over 16 consecutive
frames (yielding tensors of shape 8 x 8 x 3 x 16). Each patch is flattened into a 1D signal,
concatenated across patches, and processed through the same STFT-Hilbert-SCLAHE
preprocessing and FluxHead /FusionQuantizer stages. Fine-tuning was performed on the
UCF-101 action recognition dataset, using standard train/validation splits and our existing
optimization setup. Figure 23 presents the following:

(a) Side-by-side comparison of the first frame (input vs. reconstruction).
(b) Side-by-side comparison of the last (15th) frame.
(c) A QR code linking to the full 16-frame reconstruction video.

As shown in Figure 23a,b, Harmonizer’s video reconstructions exhibit the following.

¢  Sharp geometric fidelity: Object contours (e.g., circles, triangles, squares) remain crisp.

*  Accurate color reproduction: Original hues and saturation levels are preserved.

e Text legibility: Overlaid labels (e.g., “Harmonizer”) are rendered without significant
distortion.

Remaining block seams and ringing artifacts indicate per-patch quantization noise.
In our upcoming Video-Harmonizer extension, we will resolve these issues by incorporat-
ing adaptive smoothing filters, enforcing temporal consistency losses across frames, and
employing larger, multi-scale codebooks to capture broader spatial context and eliminate
patch-boundary artifacts.

Figure 24 presents a unified histogram of token emissions aggregated over all 16 code-
books. The full ID range [0-1023] is divided into 34 equal-width bins to ensure each bar
contains sufficient samples for reliable comparison while preserving fine-grained resolution.
The vertical axis shows the total number of emissions across every frame and codebook.
Quantitatively, the tallest bar—covering IDs 992-1023—registers around 9000 emissions,
roughly three times the count of the second-highest bin (IDs 960-991), which has about
3000 emissions. In contrast, mid-range bins (e.g., IDs 400-800) average between 1000 and
1800 counts each, and the lowest ID bins (0-100) fall below 1000. This pronounced skew
toward high-ID centroids indicates that the model strongly favors a small subset of its
learned embedding space, suggesting these centroids capture dominant spectral or tempo-
ral features in the audio. Meanwhile, the long left tail—though less frequent—demonstrates
that low-ID centroids remain available to encode rarer or subtler signal components. Such
an asymmetric distribution implies under-utilization of much of the code space. Future
work might explore entropy-based regularization or dynamic codebook re-allocation dur-
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ing training to encourage a more balanced usage of centroids, potentially improving the
model’s capacity to represent diverse audio features.

Input Frame Reconstructed Frame

A

A
[ =2

Harmonizer {Hmofﬁze*f

(a) Frame 0: input (left) vs. Harmonizer reconstruction (right).
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(b) Frame 15: input (left) vs. Harmonizer reconstruction (right).

(c) Scan to view the full 16-frame comparison video on YouTube.

Figure 23. Select frame comparisons and video link. (a) First frame—note crisp shapes and clear
text with only minor block artifacts. (b) Last frame—demonstrates consistent reconstruction quality
across the clip. (c) QR code linking to the full demonstration of all 16 frames, highlighting temporal
coherence and overall video performance. The link to this video can be found in [134]. These
preliminary results confirm that Harmonizer can process video inputs end-to-end; future work will
focus on artifact reduction and temporal smoothing.

Figures 25-28 show the individual token—ID histograms for each of the 16 codebooks,
organized into four separate figures of two rows and two columns each. In every subplot,
the horizontal axis covers centroid IDs 0-1023, and the vertical axis indicates the total
emission count at each ID over the entire audio sequence.

¢ Full support with specialization: Every codebook activates nearly all 1024 centroids at
least once, confirming comprehensive utilization of embedding capacity.

e  Distinct modal biases: Within each 2 x 2 block, some histograms rise gradually from
low to high IDs, others remain flat until a sharp spike at 1023, and a few exhibit sec-
ondary peaks, implying varied codebook specializations in capturing audio features.
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Figure 24. Overall token distribution. Token-ID bins (34 equal-width intervals spanning 0-1023) on
the horizontal axis versus cumulative emission count across all 16 codebooks on the vertical axis. The
pronounced peak at the highest bin (IDs 992-1023; 9000 counts) and the long tail toward low IDs
are evident.
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Figure 25. Codebooks 0-3. Codebook 0 exhibits a distinct peak around ID =~ 500, deviating from
the patterns observed in the others. Codebooks 1 through 3 all terminate with a pronounced spike
at ID 1023. Notably, Codebook 1 displays two intermediate peaks prior to the terminal spike,
Codebook 2 demonstrates a generally increasing trend with minor fluctuations, and Codebook 3
maintains a near-plateaued distribution before the final surge at ID 1023.
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Figure 26. Codebooks 4-7. Codebook 4 exhibits an almost linear rise across IDs; Codebook 5 shows a
moderate ramp before the final spike; Codebook 6 and 7 remain almost flat with some fluctuations
until a steep jump near the end.
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Figure 27. Codebooks 8-11. Codebook 8 shows a smooth, gentle rise; Codebook 9 is flat until a sharp
final ascent; Codebook 10 features a different peak at ID ~ 800; Codebook 11 presents a gradual
midrange build then a pronounced spike.
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Figure 28. Cont.
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Figure 28. Codebooks 12-15. Codebooks 12 and 15 feature gradual ramps with moderate slope before
the significant terminal jump bar; Codebooks 13 and 14 exhibit small secondary peaks before the
dominant terminal bar.

5. Application of Harmonizer in Multimodal LLM

In streaming multimodal large language models, diverse data modalities such as audio,
video, text, images, and sensor streams are processed simultaneously in near real time.
Harmonizer serves as a universal tokenization and embedding backbone by converting
each modality into a coherent set of discrete tokens that can be consumed by the LLMs.

5.1. Harmonizer as a Universal Multimodal Tokenizer

Traditional LLMs use text-derived vocabularies and lack a built-in way to turn natu-
rally continuous signals (speech, music, video, sensor data) into discrete tokens. Harmo-
nizer solves this with the following:

1.  Feature extraction: Incoming raw signals are first converted into intermediate feature
maps using specialized preprocessing modules-STFT for time-frequency representa-
tions, Hilbert transforms for analytic signal information, and SCLAHE for adaptive
contrast enhancement.

2. Data-driven quantization: The FusionQuantizer then learns a compact, domain-
specific codebook. It assigns each feature vector to the nearest learned codeword,
effectively building a vocabulary of signal patterns.

3.  Real-time tokenization: During streaming inference, new signal frames are passed
through the same preprocessors and immediately mapped to tokens via the trained
codebook, ensuring minimal latency.

Together, these steps turn raw continuous inputs into discrete, learnable tokens that
any multimodal LLM can ingest. The overall architecture of Harmonizer, showing how
it slots into the front end of an MLLM as a universal signal tokenizer, is illustrated in
Figure 29. The ability of Harmonizer to handle vocal music, video, and text has been shown
in this current paper; however, for other modalities, we will also enhance this model to
handle other input data with the highest quality.

5.2. Integration into Large Language Models

After tokenization, the multimodal streams are concatenated or interleaved with
conventional text tokens, forming a single unified sequence that is processed by the self-
attention layers of the large language model. Cross-modal attention allows the model to
jointly attend to both textual tokens and Harmonizer tokens, capturing semantic relation-
ships across modalities. In retrieval-augmented generation setups, Harmonizer tokens also
function as query vectors for retrieving relevant external knowledge, thereby enriching the
model’s outputs with context-aware information.
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Figure 29. Application of Harmonizer as a Universal Multimodal Tokenizer in Large Language
Models. The pipeline converts raw inputs—(a) text (ASCII — sine-encoded vectors), (b) audio (STFT
— Hilbert — SCLAHE feature maps), and (c) video (spatiotemporal patches)—into a shared feature
space. The FusionQuantizer then maps these continuous features to discrete token IDs via a learned
codebook. During Streaming Inference, FluxFormer generates token sequences on the fly, which are
interleaved or concatenated with standard text tokens and fed into cross-modal attention layers of
the LLM. This unified token stream enables a single model to perform context-aware reasoning over
text, audio, and video without separate modality-specific encoders.

5.3. Implications for Future Multimodal LLMs

By providing a unified, discrete representation for continuous signals, Harmonizer
significantly reduces the engineering overhead required to adapt large language models to
new or evolving data streams. Its universal tokenization framework enables the dynamic
incorporation of novel sensors and changing data distributions without necessitating a
complete retraining of the tokenizer. Moreover, the interpretable nature of discrete tokens
facilitates transparent multimodal reasoning, paving the way for advanced applications
in real-time speech understanding, music analysis, sensor-driven robotics, and retrieval-
augmented generation.

5.4. Limitations

While Harmonizer shows strong performance on music and speech signals, several
limitations remain:

*  Modality scope. Our evaluations have focused exclusively on audio outputs, includ-
ing music, vocals, and speech. The extension of our approach to other continuous
modalities—such as video, LiDAR, EEG, or ECG—has yet to be explored.

*  Hyperparameter sensitivity. The selection of hyperparameters, including the number
and size of codebooks, Transformer depth, headcount, and the weighting of multi-
objective loss functions, can have a substantial impact on performance. Accordingly, a
comprehensive sensitivity analysis is essential.

*  Resource requirements. Training multiple high-capacity codebooks and streaming
Transformers demands substantial computing and memory, which may limit edge or
mobile deployment.

* Robustness to noise and out-of-distribution data. Real-world signals often contain
noise, dropouts, or previously unseen patterns. Ensuring reliable tokenization under
these conditions will require advanced signal processing and generative machine-
learning techniques.
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¢ Latency and throughput. Designed for streaming applications, the system requires
further optimization—such as reducing delays, parallelizing processing, and leverag-
ing hardware accelerators—to enable real-time, low-latency tokenization for high-rate
sensor or video data in time-sensitive applications.

6. Conclusions
6.1. Summary

We have presented Harmonizer, a universal tokenization framework that transforms
continuous and discrete signals—audio, text, and video—into a shared discrete vocabulary
for multimodal LLMs. By combining STFT, Hilbert transforms, SCLAHE preprocessing
with our FusionQuantizer on a FluxFormer backbone and a multi-objective loss, Harmo-
nizer delivers the following.

*  Modality-agnostic tokens: A learned codebook that faithfully represents diverse signal
patterns.

e  High-fidelity reconstruction: Near-perfect audio reconstruction on both low- and
high-dynamics music, with strong time/frequency alignment and perceptual similarity.

¢  Streaming inference: Real-time token generation suitable for interactive and low-latency
applications.

These results confirm Harmonizer’s ability to bridge signal processing and language
modeling within a single, efficient pipeline.

6.2. Future Directions
Building on these findings, we are actively developing specialized variants:

¢  Text-Harmonizer: Extends the pipeline to robustly tokenize and reconstruct longer
text sequences via learnable token embeddings and sequence-to-sequence decoding.

*  Video-Harmonizer: Adapts our quantization framework to spatiotemporal patches,
with temporal consistency losses and larger codebooks to eliminate block artifacts.

Insights from these ongoing efforts will be integrated into the core Harmonizer model,

further improving its modality-agnostic robustness. Additional avenues include the fol-

lowing:

¢ New modalities: Incorporating sensor, medical, and LiDAR signals.

¢  Domain adaptation: Reducing retraining overhead when adding novel data types.

¢ Interactive fine-tuning: Prompt-based re-weighting of token streams within LLMs for
task-specific optimization.

Together, these extensions aim to establish a truly universal tokenization backbone for

next-generation multimodal intelligence.
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Abbreviations

The following abbreviations are used in this manuscript:

LLM Large Language Model

MLLM Multimodal Large Language Model
NLP Natural Language Processing

STFT Short-Time Fourier Transform

Hilbert Hilbert Transform

SCLAHE Spectrogram Contrast Limited Adaptive Histogram Equalization
VQ Vector Quantization

FusionQuantizer Fusion Vector Quantizer

FluxHead A Streaming Attention-based Encoder
FluxFormer A Streaming Transformer-based backbone
DTW Dynamic Time Warping

MSE Mean Squared Error

PMSE PixelWise Mean Squared Error

SSIM Structural Similarity Index Measure
CC Correlation Coefficient

CS Cosine Similarity

SC Spectral Convergence

MEFCC Mel-Frequency Cepstral Coefficient
SNR Signal-to-Noise Ratio

PSNR Peak Signal-to-Noise Ratio

LSD Log-Spectral Distance

ReLU Rectified Linear Unit

MIMO Multiple-Input, Multiple-Output
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