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ABSTRACT 

Speech topic classification aims to identify the dominant thematic category of spoken content and plays a 

key role in applications such as speech analytics, content indexing, and information retrieval. Despite 

recent progress in speech representation learning, accurately inferring topics from raw speech remains 

challenging due to semantic variability, long-duration dependencies, and the absence of explicit alignment 

between speech and topic-level semantics. Existing approaches often rely on cascading automatic speech 

recognition with text-based models or focus on local acoustic representations, which limits their 

effectiveness in end-to-end settings. This study presents a Topic-Oriented Semantic Reasoning Framework 

(TOSR-Framework) for end-to-end speech topic classification. The proposed framework integrates topic-

oriented speech encoding, semantic alignment between speech and language representations, and global 

topic reasoning within a unified architecture. By emphasizing topic-relevant semantic information and 

enabling structured aggregation of distributed cues over time, the framework improves robustness under 

conversational and long-form speech conditions. Experimental evaluations on the Fisher, Switchboard, and 

TED Speech Topic datasets demonstrate that the proposed approach consistently outperforms existing 

methods, confirming its effectiveness for speech topic classification in diverse scenarios. 

Keywords-speech topic classification; end-to-end speech understanding; semantic reasoning; speech-language 

representation alignment; long-form conversational speech analysis 

I. INTRODUCTION  

The increasing volume of spoken content generated through 
lectures, meetings, broadcasts, and online media has created a 
growing demand for automated techniques that can organize 
and interpret speech at a semantic level. Among these 
techniques, speech topic classification has emerged as an 
important research problem, as it aims to identify the 
underlying thematic category of a spoken segment based on its 
semantic content. Accurate topic classification enables efficient 
indexing, retrieval, summarization, and analysis of speech data 
across a wide range of real-world applications. Speech topic 
classification is inherently more challenging than topic 
classification in written text. Spoken language is continuous, 
temporally extended, and often unstructured, with semantic 
information distributed over long durations rather than 
expressed in concise sentences. In addition, speech data 
frequently exhibit variability in pronunciation, speaking style, 
and linguistic expression [1]. These challenges are further 
amplified in realistic scenarios where speech may contain 
informal language usage, multilingual expressions, or code-

mixed content, leading to instability in semantic interpretation. 
A fundamental difficulty in speech topic classification lies in 
the robust representation of semantic meaning [2]. Topic 
inference relies on capturing high-level semantic cues rather 
than isolated acoustic patterns, yet these cues may be weak, 
ambiguous, or inconsistently expressed across a speech 
segment. Linguistic variability, such as the mixing of languages 
or the use of non-standard lexical forms, can further distort 
semantic signals, making direct topic inference unreliable 
without mechanisms that stabilize and contextualize meaning. 

Existing approaches predominantly rely on cascading 
automatic speech recognition with text-based topic 
classification or adopt end-to-end speech models that primarily 
focus on local acoustic representations [3]. However, ASR-
based pipelines suffer from error propagation, while many end-
to-end models struggle to capture global semantic structure and 
long-range discourse information, particularly in conversational 
and long-form speech [4]. Moreover, most existing speech-
based topic classification frameworks do not explicitly 
distinguish between task-relevant semantic information and 
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task-irrelevant acoustic variations, leading to suboptimal topic 
discrimination [5]. Another critical limitation lies in the 
absence of effective semantic alignment between speech-
derived representations and topic-level language semantics [6]. 
Without such alignment, models fail to consistently aggregate 
distributed semantic evidence over time, resulting in degraded 
performance under topic drift, linguistic variability, and diverse 
speech conditions [7]. These challenges are evident across 
widely used benchmark datasets, including conversational 
corpora and structured monologic speech. 

The core problem addressed in this research is the design of 
an end-to-end speech topic classification framework that can  
(i) extract topic-relevant semantic representations from raw 
speech, (ii) align speech semantics with topic-level language 
representations, and (iii) perform robust topic reasoning over 
long-duration speech without reliance on oracle transcripts. 
Addressing this problem is essential for developing scalable 
and reliable speech understanding systems suitable for real-
world applications. 

Recent advances in large-scale pre-trained speech models 
have significantly influenced downstream speech 
understanding tasks. Whisper adopts a weakly supervised 
training paradigm with prompt-based conditioning and has 
demonstrated strong robustness and generalization in automatic 
speech recognition [8]. Although its direct use for speech topic 
classification remains limited, several studies have explored its 
adaptability to related classification problems. For example, 
Whisper encoder representations have been combined with 
frequency-domain acoustic features using attention-based 
fusion, and a multi-task learning framework has been applied to 
jointly address emotion and gender classification [9]. In [10], 
fine-tuning strategies for Whisper were investigated in 
stuttering speech data by attaching a lightweight classification 
head and selectively freezing encoder layers to reduce training 
complexity. Whisper has also been extended to cognitive health 
assessment, processing long-duration speech by segmenting 
audio into shorter intervals and aggregating predictions to 
detect Alzheimer's disease, illustrating its effectiveness in 
transfer learning scenarios [11]. In parallel, transformer-based 
language models have been extensively studied for semantic 
classification tasks in the text domain. In [12], transformer 
encoders were fine-tuned for identifying misleading and 
inconsistent news articles by integrating cascade classification 
with masked language modelling and prompt-based learning.  

Addressing the growing need for interpretability in large 
language models, an explanation framework [13] aligned 
contextual embeddings with feature importance scores through 
a Siamese-style neural network, eliminating the reliance on 
input perturbation during inference. Classical machine learning 
approaches continue to provide strong baselines for content 
categorization tasks, as demonstrated in the evaluation of 
several supervised classifiers for news topic classification, with 
optimized Support Vector Machines (SVM) offering 
competitive performance under reduced computational 
requirements [14, 15]. In the speech domain, a deep neural 
architecture [16] integrated convolutional operations with 
squeeze-excitation and residual connections to capture 
discriminative patterns in dysarthric speech. This study further 

adopted a cross-corpus fine-tuning strategy to improve severity 
classification, highlighting the role of transfer learning in 
speech-based analysis.  

Despite recent progress in speech representation learning 
and transformer-based models, speech topic classification 
remains underexplored, particularly in end-to-end settings that 
do not rely on oracle transcripts [17]. Existing approaches 
either focus on improving acoustic representations or apply 
language models without explicitly modeling topic-oriented 
semantic abstraction across long speech durations [18]. 
Moreover, limited attention has been paid to the semantic 
alignment between speech-derived representations and topic-
level language semantics, which is crucial for robust topic 
inference under conversational variability and topic drift [19]. 
These limitations highlight the need for a unified framework 
that integrates topic-aware speech encoding, semantic 
alignment, and global topic reasoning within an end-to-end 
speech-based classification system. 

A. Motivation and Contribution  

Traditional approaches to topic classification often assume 
that linguistic content is clean, well-structured, and 
homogeneous. However, such assumptions rarely hold in 
practical speech data. As a result, topic classification systems 
must be designed to handle semantic noise and contextual 
variability, ensuring that topic-level understanding is not overly 
sensitive to surface-level inconsistencies [17]. This perspective 
aligns with broader findings in language processing research, 
where semantic normalization and contextual integration have 
been shown to play a critical role in reliable topic inference 
[20]. Motivated by these challenges, this research views speech 
topic classification not merely as a final prediction task, but as 
a process that depends on the quality and stability of the 
underlying semantic representations [21]. By emphasizing 
semantic robustness and contextual coherence, the study aims 
to contribute toward more reliable topic classification in 
complex speech scenarios, particularly those involving 
linguistic diversity and long-form discourse. Such an approach 
supports the development of speech understanding systems that 
are better suited to real-world conditions, where variability and 
noise are intrinsic rather than exceptional. 

The proposed Topic-Oriented Semantic Reasoning 
Framework (TOSR-Framework) for end-to-end speech topic 
classification operates directly on raw speech without reliance 
on oracle transcripts. A topic-oriented speech encoding strategy 
is introduced, which selectively emphasizes semantic 
information relevant to topic inference while suppressing task-
irrelevant acoustic variations [22]. A semantic alignment 
mechanism is developed, which explicitly aligns speech-
derived representations with topic-level language semantics, 
enabling robust aggregation of distributed semantic cues across 
long speech durations. A topic reasoning module performs 
global semantic inference to improve topic discrimination in 
both conversational and long-form speech. Extensive 
experiments on Fisher, Switchboard, and TED Speech Topic 
datasets demonstrate that the proposed framework consistently 
outperforms existing state-of-the-art models. 
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II. PROPOSED METHOD 

The proposed TOSR-Framework operates as an end-to-end 
speech topic classification system that progressively transforms 
raw speech into high-level topic predictions through structured 
semantic processing [23]. The framework first employs a 
Topic-Oriented Speech Encoder to extract hierarchical speech 
representations and selectively emphasize topic-relevant 
semantic information while suppressing task-irrelevant acoustic 
variations [24]. These representations are then passed to a 
Semantic Alignment Network, which aligns speech-derived 
semantics with topic-level language representations using 
attention-based interaction and latent semantic tokens, enabling 
robust aggregation of distributed semantic cues over time [25]. 
Finally, a Topic Reasoning Decoder performs global semantic 
reasoning on the aligned representations to infer the dominant 
topic of the input speech without reliance on oracle transcripts. 
By integrating topic-aware encoding, explicit semantic 
alignment, and discourse-level reasoning within a unified 
pipeline, the framework effectively addresses semantic 
variability and long-duration dependency challenges inherent in 
speech topic classification. 

A. Topic-Oriented Speech Encoder (TOSE) 

The Topic-Oriented Speech Encoder is designed to extract 
high-level semantic representations from raw speech that are 
informative for topic classification. The encoder first employs a 
Temporal–Spectral Feature Extraction Module (TSFEM) to 
capture local acoustic patterns in the time–frequency domain. 
These features are then processed through a stack of 
transformer layers to model long-range contextual 
dependencies in the speech signal. Finally, a Topic-Guided 
Layer Aggregation (TGLA) mechanism selectively combines 
representations from different transformer layers, emphasising 
those that contribute most to topic-level semantic 
understanding [26]. The resulting representation provides a 
stable and topic-relevant speech embedding for downstream 
processing. 

 

 

Fig. 1.  Topic-oriented speech encoder. 

B. Semantic Alignment Network (SAN) 

The Semantic Alignment Network (SAN) aligns topic-
relevant semantic information between speech and language 
representations through shared attention and cross-modal 
interaction. It consists of parallel Speech Semantic Transformer 
and Topic Semantic Transformer branches connected via topic-
guided semantic queries. Semantic self-attention layers model 
intra-modality context and are shared across both branches to 
enforce semantic consistency [27]. Speech–Topic Cross-
Attention enables explicit interaction between speech-derived 
features and topic text embeddings, allowing the network to 
extract aligned semantic cues. Semantic refinement layers 
further enhance discriminative topic-related features. 

The network produces compact Speech Semantic Latent 
(SSL) and Topic Semantic Latent (TSL) representations and is 
trained using complementary objectives, including Speech–
Topic Matching, Speech–Topic Contrastive Alignment, and 
Speech-to-Topic Semantic Generation. Together, these 
components ensure robust alignment between speech and topic 
semantics for downstream topic inference. Figure 2 shows the 
Speech–Topic Semantic Alignment and Reasoning 
architecture. 

 

 

Fig. 2.  Speech–Topic Semantic Alignment and Reasoning architecture. 

C. Topic Reasoning Decoder 

The Topic Reasoning Decoder receives topic-aligned 
semantic representations and performs high-level reasoning to 
infer the underlying topic of the speech [28]. Topic semantic 
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latents are first transformed into language-compatible 
representations through a Semantic Projection Layer. These 
projected representations are organized as Speech Semantic 
Tokens and Boundary Tokens, which define the semantic 
content and structural boundaries of the input sequence. A 
Topic-aware Tokeniser prepares the token sequence for the 
decoder, ensuring compatibility with the language model's 
input format. The Topic Reasoning Decoder, implemented 
using a large language model, processes these tokens to capture 
long-range semantic dependencies and generate coherent topic-
level inferences. The decoder may optionally employ 
lightweight parameter adaptation to improve task-specific 
performance while preserving the general reasoning 
capabilities of the pre-trained model. 

III. PERFORMANCE EVALUATION  

A. Dataset Details 

The Fisher, Switchboard, and TED Speech Topic datasets 
are widely used benchmarks for evaluating speech topic 
classification systems, as they collectively capture diverse 
speech characteristics and topic structures. Fisher [29] and 
Switchboard [30] are corpora of spontaneous telephone 
conversations. Their long duration and high topic variability 
make dominant-topic inference difficult because the relevant 
cues are spread thinly across informal and fragmented speech. 
In contrast, TedSpeechTopic is a large-scale, open-source 
dataset curated from TED talks, offering high-quality audio, 
structured discourse, and stable topic labels across formal 
monologic speech [31]. Together, these datasets provide a 
complementary evaluation framework, enabling assessment of 
topic classification models under both conversational and 
content-rich speech scenarios. 

Figure 3 illustrates a performance comparison on the Fisher 
dataset, which consists of long, spontaneous telephone 
conversations with significant topic variability. Traditional 
text-based models such as TFIDF+SVM, TextCNN, and BERT 
achieve accuracies in the range of 95–96%, indicating strong 
performance when oracle transcripts are available. Speech-
based models show relatively lower performance due to the 
challenges of conversational speech, with WavLM-based 
approaches achieving around 91%. MGANet improves 
performance to 94.25% by incorporating global attention 
mechanisms. WhisMultiNet significantly outperforms prior 
speech-based methods with an accuracy of 98.26%, 
demonstrating effective global semantic modelling. The 
Proposed System (PS) achieves the highest accuracy of 
99.14%, indicating improved topic discrimination through 
enhanced topic-oriented speech encoding and semantic 
alignment. 

Figure 4 presents the results on the Switchboard dataset, 
which is characterized by shorter but highly diverse 
conversational speech segments. Classical text-based models 
maintain strong performance, with BERT achieving 95.12% 
accuracy. However, speech-based methods exhibit a wider 
performance gap, with LMHA and WavLM-GCN showing 
lower accuracies due to the difficulty of modeling topic 
consistency in fragmented conversations. MGANet improves 
performance to 89.79% by leveraging multi-head attention. 

WhisMultiNet achieves a substantial improvement with an 
accuracy of 97.02%, reflecting its ability to aggregate semantic 
information across conversation segments. The proposed 
system further improves performance to 98.37%, confirming its 
robustness in handling conversational topic drift and semantic 
variability. 

 

 

Fig. 3.  Accuracy comparison on the Fisher dataset. 

 

Fig. 4.  Accuracy comparison on the Switchboard dataset. 

 

Fig. 5.  Accuracy comparison on TED Speech Topic dataset. 
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Figure 5 shows an accuracy comparison on the TED 
Speech Topic dataset, which consists of structured, monologic 
TED talks with stable topic distributions. Text-based models 
perform competitively, achieving accuracies close to 88%, as 
the speech content is well-organized and semantically coherent. 
MGANet attains 83.29%, indicating limited effectiveness in 
capturing long-range discourse semantics. WhisMultiNet 
improves accuracy to 90.12% by effectively modeling global 
semantic dependencies across long-form speech. The proposed 
system achieves the highest accuracy of 92.05%, demonstrating 
its ability to leverage topic-oriented semantic representations 
and perform reliable topic reasoning on content-rich speech. 

TABLE I.  PERFORMANCE EVALUATION 

Model 

Fisher  

(T = 10)  

Accuracy (%) 

Switchboard  

(T = 30) 

Accuracy (%) 

TED Speech 

Topic (T = 10)  

Accuracy (%) 

TFIDF + SVM 96.12 94.51 88.18 

TextCNN 95.6 92.67 87.32 

BERT 95.09 95.12 88.56 

LMHA [19] – 84.88 – 

WavLM+LSTM+ 

Attention [17] 
91.3 – – 

WavLM-GCN [20] 91.3 79.97 – 

MGANet [21] 94.25 89.79 83.29 

WhisMultiNet 

(Existing) 
98.26 97.02 90.12 

PS 99.14 98.37 92.05 

 

B. Comparative Analysis 

The proposed system consistently outperforms 
WhisMultiNet across all evaluated datasets, achieving 
improvements of 0.88%, 1.35%, and 1.93% on Fisher, 
Switchboard, and TED Speech Topic, respectively. These gains 
can be attributed to the integration of topic-oriented speech 
encoding, semantic alignment mechanisms, and enhanced 
topic-level reasoning. The improvements are particularly 
notable on TED Speech Topic, where long-form and content-
rich speech requires stable semantic representation and 
effective discourse-level aggregation. Overall, the comparative 
results indicate that while existing models perform well under 
constrained or transcript-dependent settings, the proposed 
system offers superior robustness and generalization in end-to-
end speech topic classification. By explicitly modeling topic-
relevant semantics and improving alignment between speech 
and topic representations, PS establishes a clear advancement 
over existing state-of-the-art methods. 

IV. CONCLUSION  

This paper introduced a Topic-Oriented Semantic 
Reasoning Framework (TOSR-Framework) for end-to-end 
speech topic classification. The framework targets three 
problems that have limited progress in this area: semantic 
variability of spoken content, long-range dependencies that 
scatter topic cues across an utterance, and missing alignment 
between speech-derived features and topic-level language 
semantics. The architecture consists of three parts: A Topic-
Oriented Speech Encoder builds a hierarchical representation 
of the audio and biases it toward topic-relevant content, 
suppressing acoustic variation that does not help classification; 

A Semantic Alignment Network then ties those speech features 
to language-level topic semantics through attention and latent 
semantic tokens, which lets the model pool evidence across the 
utterance; The Topic Reasoning Decoder reasons over the 
aligned features and predicts the topic directly from raw 
speech, with no oracle transcript required. Across three 
benchmarks, the framework outperformed the strongest 
published baselines. The framework also transfers from 
spontaneous telephone speech to formal monologic TED talks, 
an indication that topic-centric semantic modeling carries 
across acoustic and discursive settings.  

However, several limitations of this study are worth noting. 
The evaluation covers only English speech corpora, so 
behavior on multilingual or code-mixed audio, which is 
common in real deployments, is still unknown. The alignment 
module depends on pre-trained language representations and 
may carry over their biases. The decoder works on fixed-length 
topic segments, which is awkward for streaming or low-latency 
use. The framework also treats topic labels as a flat categorical 
set and ignores hierarchical relationships between topics.  

Four lines of follow-up work are planned. The first is 
multilingual and code-mixed speech, paired with cross-lingual 
alignment of the semantic encoder. The second is hierarchical 
topic labels, so that the decoder can return predictions at 
multiple granularities. The third is a streaming variant for long 
recordings such as broadcasts and meetings. The fourth is self-
supervised pre-training of the alignment module on large 
unlabeled speech-text corpora, which should reduce reliance on 
weakly supervised topic labels. Taken together, these directions 
should make the TOSR-Framework more broadly applicable as 
an architecture for semantic understanding of long-form 
speech. 
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