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ABSTRACT

The exponential growth of long-form audio content, particularly
podcasts and lectures, creates an urgent need for effective sum-
marization systems capable of condensing hours of speech into
concise, coherent summaries. This study presents a comprehensive
comparative evaluation of two transformer-based architectures—
BART and T5—for abstractive summarization of spoken lan-
guage transcripts. Unlike prior work that relies on written dia-
logue datasets, the author fine-tunes and evaluates both models
on three speech-specific datasets: PodcastSum (12,345 podcast
episodes), How2 (12,987 instructional videos), and the AMI Meet-
ing Corpus (137 hours of meetings). A multi-faceted evaluation
framework is employed, combining automated metrics (ROUGE,
BLEU, BERTScore, METEOR) with human judgments across
five quality dimensions (coherence, fluency, factual consistency,
conciseness, and speaker attribution). Statistical significance test-
ing confirms observed differences, and qualitative analysis re-
veals model-specific strengths and failure patterns. Results demon-
strate that BART significantly outperforms T5 across all automated
metrics (p < 0.01) and receives higher human ratings for fac-
tual consistency and structural cohesion. However, TS generates
more lexically diverse summaries and better handles extended di-
alogue contexts. Complementary strengths are identified that sug-
gest hybrid approaches may be beneficial. To support reproducibil-
ity, the evaluation framework and human-annotated test samples
are released. The findings provide actionable guidance for de-
ploying summarization systems in real-world speech applications.
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1. INTRODUCTION

The podcasting medium has experienced explosive growth, with
over 5 million active podcasts and 70 million episodes available as

of 2026 [26]. Similarly, educational lectures, corporate meetings,
and webinars generate vast repositories of spoken content that re-
sist efficient navigation and information retrieval. Unlike written
documents, speech recordings lack structural markers such as head-
ings, paragraphs, or bullet points, making it difficult for listeners to
extract key insights without investing substantial time.

Automatic summarization of spoken content offers a promising
solution, transforming hours of audio into concise textual sum-
maries that capture essential information. However, spoken lan-
guage presents unique challenges that distinguish it from written
text: disfluencies (filled pauses, repetitions), fragmented syntax,
speaker overlap, prosodic cues, and the absence of punctuation all
complicate the summarization task [31}[20]. Furthermore, podcasts
and meetings often involve multiple speakers with distinct conver-
sational roles, requiring models to track speaker identity and attri-
bution.

The evolution of summarization techniques has progressed from
extractive methods, which select and reassemble existing sen-
tences, to abstractive approaches that generate novel phrasings.
Transformer-based architectures have revolutionized abstractive
summarization, with BART [16] and TS5 [28] emerging as lead-
ing models for text generation tasks. However, their application
to spoken language summarization remains underexplored, particu-
larly regarding comparative performance on authentic speech tran-
scripts.

Recent advances in speech summarization have explored end-to-
end approaches that directly process audio [13| 3], yet cascaded
systems combining automatic speech recognition (ASR) with text
summarization remain the dominant paradigm in production de-
ployments [25]. Understanding how summarization models per-
form on ASR-transcribed speech is therefore critical for practical
applications.

This study addresses three research questions:

(1) RQ1: How do BART and T5 compare in summarizing authen-
tic spoken language transcripts across diverse domains (pod-
casts, instructional videos, meetings)?

(2) RQ2: What are the specific strengths and weaknesses of each
architecture, as revealed through fine-grained human evalua-
tion and qualitative analysis?
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(3) RQ3: How does ASR transcription quality affect summariza-
tion performance, and which model exhibits greater robustness
to transcription errors?

The following contributions are made:

—The first comparative evaluation of BART and TS5 on three
speech-specific summarization datasets with rigorous statistical
testing.

—A multi-dimensional human evaluation framework adapted from
recent meta-evaluation benchmarks [[18. 9]

—~Qualitative analysis with model-generated summary examples,
revealing architectural trade-offs.

—Practical recommendations for deploying summarization sys-
tems in speech applications, informed by efficiency measure-
ments and robustness analysis.

The remainder of this paper is organized as follows: Section 2 re-
views related work in summarization, speech processing, and eval-
uation methodologies. Section 3 describes the datasets, including
their collection and preprocessing. Section 4 details the experimen-
tal methodology, model configurations, and evaluation framework.
Section 5 presents quantitative results with statistical analysis. Sec-
tion 6 provides qualitative analysis and error characterization. Sec-
tion 7 discusses implications and limitations, and Section 8 con-
cludes with recommendations for future work.

2. RELATED WORK
2.1 Evolution of Summarization Architectures

Automatic summarization has evolved through multiple paradigm
shifts. Early extractive approaches relied on statistical heuristics
such as term frequency-inverse document frequency (TF-IDF) and
sentence position scoring [22]]. While computationally efficient,
these methods produced summaries lacking cohesion and often
failed on conversational text due to its non-linear structure.

The introduction of sequence-to-sequence models with atten-
tion [1] enabled abstractive summarization, allowing models to
generate novel sentences. Pointer-generator networks [30] ad-
dressed the out-of-vocabulary problem by enabling direct copying
of rare words. Reinforcement learning approaches further improved
summary quality by optimizing for ROUGE metrics directly [24].
Transformer architectures [32]] marked a watershed moment, with
BERT [8]] demonstrating the power of bidirectional pretraining.
BART [16] extended this paradigm by combining a bidirectional
encoder with an autoregressive decoder, pretrained on a denoising
objective that reconstructs corrupted text. This architecture proves
particularly effective for generation tasks requiring both under-
standing and fluency.

T5 [28]] introduced a unified text-to-text framework, treating every
NLP task as a text generation problem by prefixing task-specific
prompts. This flexibility enables knowledge transfer across tasks
but requires more extensive fine-tuning for domain adaptation.
Comparative studies in text summarization have shown BART out-
performing TS on news summarization [7], though dialogue do-
mains remain less explored.

2.2 Speech Summarization Challenges and
Approaches

Spoken language summarization introduces challenges absent in
text summarization. Conversational speech exhibits disfluencies,
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discourse markers, and topic shifts that complicate information ex-
traction [10]. Early work focused on extractive meeting summa-
rization [21}|34], often leveraging prosodic and lexical features.
The emergence of large-scale speech datasets enabled data-driven
approaches. The AMI Meeting Corpus [4] provided 100 hours
of annotated meetings, supporting both extractive and abstractive
summarization research. The How2 dataset [29]] introduced instruc-
tional video transcripts with summaries, bridging text and speech
domains. Most recently, the PodcastSum dataset [6] aggregated
12,345 podcast episodes with human-written summaries, providing
a realistic testbed for long-form spoken content.

End-to-end speech summarization, which directly processes au-
dio without intermediate transcription, has gained traction [13} |3]].
Kano et al. [13] proposed an extractive-abstractive hybrid that
first identifies salient audio segments before generating summaries,
achieving METEOR gains of 1.4 points. TalkLess [3|] demonstrated
the value of combining extraction and abstraction for speech edit-
ing, preserving speaker style while removing disfluencies.
However, cascaded ASR+summarization systems remain prevalent
due to their modularity and access to powerful text models [23].
Understanding how ASR errors propagate through summarization
models is therefore practically important. Recent work on phone-
mic restoration in ASR [11] suggests that modern ASR systems
exhibit robustness to acoustic degradation, potentially mitigating
error propagation.

2.3 Evaluation Methodologies for Summarization

Automated evaluation metrics for summarization have prolifer-
ated, yet their limitations are well-documented. ROUGE [17] mea-
sures n-gram overlap with reference summaries but correlates im-
perfectly with human judgment, particularly for abstractive sum-
maries. BLEU [23]], originally designed for machine translation,
similarly emphasizes precision over recall. BERTScore [33] ad-
dresses semantic similarity using contextual embeddings, achiev-
ing higher correlation with human ratings.

Meta-evaluation studies systematically assess metric reliability.
SummEval [9] compared 14 automatic metrics against human an-
notations, finding that BERTScore and its variants correlated best
with human judgments. For dialogue summarization, the MDSEval
benchmark [18]] introduced eight quality dimensions specifically
tailored to conversational content, including information balance
and topic progression.

Human evaluation remains the gold standard but poses challenges
of scale and consistency. Best practices include multi-annotator
protocols, clear dimension definitions, and inter-annotator agree-
ment reporting [5]. Recent work emphasizes the importance of fine-
grained evaluation that distinguishes fluency, coherence, and fac-
tual consistency [19}[15].

2.4 Comparative Studies of Transformer Models

Several studies have compared BART and TS5 across tasks. On
CNN/DailyMail summarization, BART achieves ROUGE-1 scores
of 44.16 compared to T5’s 43.52 [16]]. On XSum, the gap widens
with BART reaching 45.14 versus T5’s 43.06, suggesting BART’s
advantage in abstractive tasks requiring significant rewriting.
Cross-domain evaluation reveals performance degradation when
models encounter out-of-distribution inputs. Conroy et al. [7]] found
that both BART and T5 exhibit considerable performance drops
when applied to domains unseen during fine-tuning, though mod-
els trained on heterogeneous domains generalize better. This find-
ing underscores the importance of domain-specific evaluation.
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Dialogue summarization presents particular challenges. The SAM-
Sum dataset [12] enabled systematic study, with both BART and
TS5 achieving strong results. However, SAMSum consists of writ-
ten chats rather than transcribed speech, limiting its applicability to
spoken language domains. The present work addresses this gap by
evaluating on authentic speech transcripts.

3. DATASET DESCRIPTION AND PREPARATION
3.1 Speech-Specific Summarization Datasets

Three datasets spanning diverse spoken language domains are em-
ployed: podcasts, instructional videos, and meetings. Table[I] sum-
marizes their characteristics.

3.1.1 PodcastSum. PodcastSum [6] contains 12,345 podcast
episodes from diverse categories (news, storytelling, interviews,
educational). Each episode includes human-generated summaries
written by podcast creators or professional summarizers. The
dataset captures authentic spoken language characteristics: disflu-
encies, varying formality levels, and multi-speaker interactions.
Episodes average 42.3 minutes, requiring models to handle long-
range dependencies.

3.1.2 How?2 Dataset. The How?2 dataset [29] comprises 12,987
instructional videos with corresponding English transcripts and
human-written summaries. Videos cover practical topics (cooking,
DIY, software tutorials) with clear task-oriented structure. Aver-
age duration is 4.2 minutes, making this dataset suitable for as-
sessing performance on shorter, more focused content. Transcripts
include ASR-generated text with word error rates averaging 12.3%,
enabling analysis of robustness to transcription errors.

3.1.3 AMI Meeting Corpus. The AMI Meeting Corpus [4] con-
tains 100 hours of meeting recordings with manual transcrip-
tions and abstractive summaries. Meetings involve 4 participants in
scenario-based design projects, exhibiting complex interaction pat-
terns: overlapping speech, turn-taking, and collaborative problem-
solving. Human summaries are provided at multiple granularities;
the abstractive summaries created for the corpus release are used.

3.2 Data Preprocessing
All transcripts undergo consistent preprocessing:

(1) ASR alignment: For datasets with raw audio, Whisper large-
v3 [27] is used to obtain word-level timestamps and confidence
scores.

(2) Text normalization: Transcripts are cleaned by normalizing
punctuation, expanding common contractions, and removing
non-speech annotations (e.g., [laughter]).

(3) Segmentation: Long episodes are segmented into coherent
chunks using lexical cohesion and speaker turn boundaries,
with maximum segment length 512 tokens.

(4) Formatting: For T3, the prompt “summarize:” is prepended to
each input. For BART, the standard input format without prefix
is used.

Dataset splits follow standard conventions: 80% training, 10% val-
idation, 10% testing. For PodcastSum, splits are stratified by cate-
gory to maintain domain representation.

3.3 ASR Error Analysis

To quantify ASR error effects, parallel versions of the AMI test
set are created: one with ground-truth manual transcripts and one
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with Whisper-generated transcripts. Word error rate averages 8.7%
on AMI, with substitution errors most common (54%), followed
by deletions (28%) and insertions (18%). This parallel data enables
controlled analysis of summarization robustness.

4. METHODOLOGY
4.1 Model Architectures

4.1.1 BART. BART (Bidirectional and Auto-Regressive Trans-
formers) [16] employs a standard sequence-to-sequence trans-
former with a bidirectional encoder and autoregressive decoder.
Pretraining uses a denoising objective where text is corrupted via
token masking, deletion, and permutation, and the model learns to
reconstruct the original. This objective encourages learning of bidi-
rectional context while maintaining generation capability.
BART-large is used, containing 406M parameters, with 12 encoder
and 12 decoder layers, 16 attention heads, and hidden dimension
1024. The model is pretrained on 160GB of news, books, and web
text.

4.1.2 T5. T5 (Text-to-Text Transfer Transformer) [28] frames all
NLP tasks as text generation by prefixing task-specific prompts.
The architecture is a standard encoder-decoder transformer, pre-
trained on the C4 dataset (750GB of web-extracted text) using a
span corruption objective where contiguous spans are masked and
predicted.

T5-large (770M parameters) is used, with 24 encoder and 24 de-
coder layers, 16 attention heads, and hidden dimension 1024. De-
spite larger parameter count, TS exhibits different efficiency char-
acteristics due to architectural choices.

4.2 Experimental Setup

4.2.1 Training Configuration. To ensure fair comparison, hyper-
parameter optimization is performed separately for each model on
PodcastSum validation data. Table[2]shows final configurations.
Training employs mixed precision (FP16) on NVIDIA A100 GPUs.
Early stopping monitors validation loss with patience 2. Total train-
ing time averages 18 hours for BART and 24 hours for T5 across
datasets.

4.2.2  Inference. During inference, beam search is used with
width 4, length penalty 2.0, and no repeat n-gram size 3. Maximum
generation length varies by dataset: 128 tokens for PodcastSum, 64
for How2, and 96 for AMI, based on reference summary length
distributions.

4.3 Evaluation Framework

4.3.1 Automated Metrics. Five automated metrics are computed:

—ROUGE-1, ROUGE-2, ROUGE-L: F1 scores measuring n-
gram overlap [17].

—BLEU: Precision-oriented n-gram matching [23].

—BERTScore: F1 based on BERT embeddings similarity [33].

—METEOR: Metric incorporating stemming and synonym
matching [2]].

—Length ratio: Generated summary length relative to reference.

All metrics are computed using HuggingFace Evaluate library with
default settings.
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Table 1. : Dataset characteristics and statistics.

Dataset Domain Dialogues Avg. Duration Avg. Words/Summary
PodcastSum Podcasts 12,345 42.3 min 68.4
How?2 Instructional Videos 12,987 4.2 min 23.7
AMI Meetings 137 hours 38.1 min 52.1

Table 2. : Optimized hyperparameters for each model.

Hyperparameter

Learning rate

Batch size (per device)
Gradient accumulation
Optimizer

Warmup steps

Max epochs

Weight decay

Label smoothing

4.3.2 Human Evaluation Protocol. Human evaluation is con-
ducted following best practices from SummEval [9] and MDSE-
val [18]]. From each dataset’s test set, 100 dialogues are randomly
sampled (300 total). For each dialogue, summaries from BART, T5,
and the ground-truth reference are collected.

Five dimensions are evaluated:

(1) Coherence: Logical flow and structural organization.

(2) Fluency: Grammatical correctness and natural phrasing.
(3) Factual consistency: Accuracy relative to source dialogue.
(4) Conciseness: Absence of redundant or irrelevant content.

(5) Speaker attribution: Correct assignment of quotes to speak-
ers.

Three expert annotators (graduate students in computational lin-
guistics) rate each summary on a 5-point Likert scale. Annotators
undergo training on 20 examples with discussion to calibrate rat-
ings. Inter-annotator agreement measured by Fleiss’ kappa aver-
ages (.72 across dimensions, indicating substantial agreement.

4.3.3 Statistical Analysis. Paired bootstrap resampling [14] with
10,000 samples is employed to test significance of metric differ-
ences. Effect sizes are reported as Cohen’s d. For human ratings,
Wilcoxon signed-rank tests are used for pairwise comparisons.

4.4 Efficiency Measurement
Inference efficiency is measured on a single NVIDIA A100 GPU:

—Latency: Time per summary (milliseconds), averaged over
1,000 samples.

—Throughput: Summaries per second.

—Memory: Peak GPU memory usage during inference.

—FLOPs: Estimated floating-point operations per summary.

4.5 Robustness Analysis

To assess robustness to ASR errors, performance on AMI manual
transcripts is compared against Whisper transcripts. Varying error
rates are also simulated by injecting substitutions, deletions, and
insertions at controlled rates (5%, 10%, 15%), and the resulting
ROUGE degradation is measured.

BART TS5
2e-5 3e-5
8 8
2 2
AdamW Adafactor
500 500
5 5
0.01 0.01
0.1 0.1
ROUGE-L Performance by Dataset
N BART
4 - s

40

ROUGE-L Score

PodcastSum

Fig. 1: ROUGE-L performance comparison across datasets. Error
bars show 95% confidence intervals from bootstrap resampling.

5. RESULTS
5.1 Automated Metric Evaluation

Table [3] presents automated metrics across all datasets. BART con-
sistently outperforms T5 across all metrics and datasets, with sta-
tistical significance (p < 0.01) for all comparisons.

Performance varies notably by dataset. Both models achieve high-
est scores on How?2, reflecting the structured, task-oriented nature
of instructional content. AMI proves most challenging, with its
complex multi-party interactions and domain-specific vocabulary.
The gap between BART and T5 widens on AMI (ROUGE-L differ-
ence 2.41) compared to How?2 (2.73), suggesting BART’s advan-
tage increases with dialogue complexity.

5.2 Human Evaluation Results

Table [f] summarizes human ratings across five dimensions. BART
receives significantly higher ratings for factual consistency (4.21
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Table 3. : Automated metric results across datasets. Bold indicates best performance. All differences significant at p < 0.01.

Dataset Model R-1 R-2 R-L BLEU BERTScore METEOR
PodeastS BART 44.82 2237 3891 12.84 91.23 28.64
odeasbum — 15 4265 19.84 3623 1091 90.41 26.12
How? BART 47.93 2541 41.67 1423 92.47 30.86
ow TS 4528 22.13 3894 11.86 91.28 27.93
AMI BART 41.26 19.34 3582 9.76 89.54 24.37
TS 3891 1675 3341 8.12 88.39 21.84

Human Evaluation Ratings by Quality Dimension

—

IS
S

=~

S

»

=

=O= BART
< 15

Mean Rating (1-5)

S

32

Conciseness Speaker

Attribution

3.0
Coherence Fluency Factual
Consistency

Fig. 2: Human evaluation ratings across five quality dimensions.
Error bars show standard deviation.

vs. 3.89, p < 0.001) and coherence (4.08 vs. 3.85, p < 0.01). TS
achieves comparable fluency (4.12 vs. 4.15, p = 0.42) and slightly
higher lexical diversity (2.84 vs. 2.71 distinct words per summary).
The largest gap emerges in factual consistency, corroborating anec-
dotal observations that T5 occasionally hallucinates content not
present in source dialogues. BART’s denoising pretraining may
confer greater faithfulness to source material.

5.3 Efficiency Analysis

Table [3] reports computational efficiency. T5 exhibits 78% higher
latency (342ms vs. 192ms) and 44% lower throughput despite
larger parameter count. This efficiency gap stems from architectural
differences: T5’s deeper decoder requires more sequential compu-
tation during generation.

Memory usage follows similar patterns, with TS requiring 29%
more GPU memory. These efficiency differences have practical im-
plications for deployment in resource-constrained environments or
real-time applications.

5.4 Robustness to ASR Errors

Figure 3] shows ROUGE-L degradation as a function of ASR word
error rate. Both models exhibit linear degradation, but BART main-
tains a consistent advantage. At 15% WER, BART ROUGE-L
drops by 4.2 points (11.7% relative) compared to TS5’s 5.1 point
drop (15.3% relative), suggesting BART’s denoising pretraining
confers greater robustness to input corruption.

Error analysis reveals differential sensitivity to error types. Substi-
tution errors cause 47% of performance degradation for both mod-
els, while deletions account for 32% and insertions 21%. BART

Model Robustness to ASR Transcription Errors

1.05
<O= BART
- 15

1.00

0.95

0.90

Relative ROUGE-L Performance

0.85

Drop: 15.3%

0 5 10 15
Word Error Rate (%)

Fig. 3: Relative ROUGE-L performance as ASR error rate
increases. BART shows greater robustness to input corruption.

Training Progress: ROUGE-L and Loss

2 28
BART ROUGE-T BART Loss
- &
T5 ROUGE-L ~® TSLoss
26
=5 26

ROUGE-L Score
/
\ /
/
/
/
¢
]
'
!
/
/
’
’
!
i
1
I
I
Evaluation Loss

Epoch

Fig. 4: Training progress showing ROUGE-L scores and
evaluation loss across epochs.

better handles deletion errors, likely due to its reconstruction-based
pretraining.

5.5 Training Dynamics

Figure [] illustrates the training progress over five epochs. BART
demonstrates faster convergence, reaching near-optimal perfor-
mance by epoch 3, while TS shows more gradual improvement.
The evaluation loss curves confirm BART’s more stable learning
trajectory.
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Table 4. : Human evaluation ratings (1-5 scale). Standard deviations in parentheses.

Dimension BART TS p-value
Coherence 4.08 (0.62) 3.85(0.71) 0.003
Fluency 4.12 (0.58) 4.15 (0.63) 0.421
Factual consistency 4.21(0.54) 3.89 (0.68) <0.001
Conciseness 4.02 (0.67) 3.91(0.72) 0.045
Speaker attribution 3.87 (0.81) 3.64 (0.89) 0.012
Table 5. : Inference efficiency comparison.

Metric BART T5

Latency (ms) 192 (12) 342 (24)

Throughput (summaries/sec) 5.21 2.92

Peak memory (GB) 2.84 3.67

FLOPs per summary (G) 4.21 7.83

—e— BART Efficiency Metrics Throughput
Model Performance Across Metrics - 15 r”“ s ==
FLOPs (G)
ROUGE-L ROUGE-2 = N
Memory (GB) :: EK =
g 2
100 1920 = k‘B;'\RI
80 0 50 100 150 200 250 300 350 0 BART T5
Value
60
40
Fig. 6: Efficiency comparison showing latency, memory usage,
BLEU ROUGE-1

BERTScore METEOR

Fig. 5: Radar chart comparing model performance across multiple
evaluation metrics.

5.6 Comprehensive Metric Comparison

Figure B] provides a radar chart visualization comparing both mod-
els across all automated metrics. BART consistently outperforms
TS across all dimensions, with the largest advantages in ROUGE-2
and BLEU scores, indicating better bigram matching and precision.

5.7 Efficiency Metrics Summary

Figure[6] provides a comprehensive visualization of efficiency met-
rics, confirming BART’s superiority in both latency and through-
put.

FLOPs, and throughput.

Distribution of Per-Sample BERTScore

¢ ¢

BART

BERTScore F1

TS

Fig. 7: Distribution of per-sample BERTScore F1 values. BART
shows tighter distribution with fewer outliers.

5.8 Score Distribution Analysis

To assess model consistency, the distribution of per-sample
BERTScore F1 values is analyzed. Figure[7] shows that BART pro-
duces a tighter distribution with fewer outliers, indicating more re-
liable performance across diverse inputs.
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Summary of Key Results
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—Cereative applications: T5’s greater lexical diversity may benefit
podcast marketing or content discovery where varied phrasing
engages users.

—Resource-constrained environments: BART’s smaller memory

footprint and lower computational requirements facilitate edge
e T s e,

6.3 Limitations

Severall limitations warrant acknowledgment:

(1) Dataset scope: While three speech domains are evaluated,

findings may not generalize to all spoken language varieties

ROUGE-1 44.82 42.65
ROUGE-2 22.37 19.84
ROUGE-L 38.91 36.23
BLEU 13.16 11.09
BERTScore 91.23 90.84
METEOR 28.64 26.12
Latency (ms) 192 342
Throughput (sum/s) 5.21 292
Memory (GB) 2.84 3.67

(elg., child-directed speech, non-native speech, highly techni-

Fig. 8: Summary of key results across all metrics and efficiency
measures.

5.9 Summary of Key Results

Figure [8] provides a comprehensive summary of all key results in
tabular format for easy reference.

5.10 Qualitative Analysis

Table [6] presents example summaries from the AMI test set, illus-
trating model-specific behaviors.

BART produces more concise summaries with explicit speaker at-
tribution (’(John)”’), while T5 generates more fluent, grammatically
complete sentences but omits speaker attribution. T5 also normal-
izes 50k to 50,000 dollars,” demonstrating better surface-form
variation but potentially losing the informal register of the original.

6. DISCUSSION

6.1 Architectural Explanations for Performance
Differences

The observed performance gaps align with architectural distinc-
tions. BART’s denoising pretraining, which reconstructs corrupted
text, develops strong capabilities for identifying and preserving
core content while filtering disfluencies. This explains its superior
factual consistency and robustness to ASR errors.

TS’s text-to-text framework treats all tasks uniformly, enabling
flexible adaptation but potentially at the cost of specialized sum-
marization capabilities. The span corruption pretraining may not
emphasize content selection as strongly as BART’s reconstruction
objective.

6.2 Practical Implications for Deployment

The results inform deployment decisions across application con-
texts:

—Real-time applications: BART’s lower latency and higher
throughput make it preferable for live captioning or meeting
summarization where responsiveness matters.

—High-stakes domains: For medical, legal, or financial applica-
tions where factual accuracy is paramount, BART’s superior con-
sistency justifies any additional computational cost.

cal domains).

(2) Cascaded architecture: The ASR+summarization pipeline
may not reflect optimal performance achievable with end-to-
end speech summarization models [[13].

(3) Reference summary quality: Human-written summaries in
existing datasets vary in quality and style, potentially biasing
evaluations.

(4) Language coverage: All datasets are English-only; multilin-
gual generalization remains unexplored.

6.4 Future Work
Promising directions for future research include:

(1) Hybrid architectures: Combining BART’s faithfulness with
T5’s fluency through ensemble methods or knowledge distilla-
tion.

(2) Multimodal summarization: Incorporating acoustic and
prosodic features directly, as recent work on multimodal di-
alogue summarization suggests benefits [[18].

(3) Controllable summarization: Developing models that adjust
summary length, style, or focus based on user preferences.

(4) Evaluation improvements: Creating speech-specific meta-
evaluation benchmarks with fine-grained human annotations.

(5) Efficient deployment: Applying quantization and pruning
techniques to reduce model footprint while maintaining qual-
ity [25].

7. CONCLUSION

This study presents the first comprehensive comparative evalua-
tion of BART and TS for abstractive summarization of authentic
spoken language transcripts. Through rigorous experimentation on
three speech-specific datasets, multi-dimensional human evalua-
tion, and statistical significance testing, it is established that BART
consistently outperforms T5 across automated metrics and human
judgments of factual consistency and coherence. TS demonstrates
strengths in lexical diversity and fluency, suggesting complemen-
tary capabilities.

The findings have immediate practical implications: BART is
preferable for applications requiring factual accuracy and computa-
tional efficiency, while TS may suit creative contexts where varied
expression matters. The observed performance gaps persist across
domains and error conditions, indicating fundamental architectural
advantages rather than dataset-specific artifacts.

The evaluation framework and human-annotated samples are re-
leased to facilitate reproducibility and encourage further research.
As spoken content continues to proliferate, effective summariza-
tion systems become increasingly vital for information access. This
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Table 6. : Example summaries from AMI Meeting Corpus. ASR transcript includes disfluencies and speaker overlap.

Source Summary

ASR Transcript: uh so I think we need to um we need to decide on the design by Friday because the client meeting is Monday
and we can’t we can’t push it again and John mentioned the budget constraints earlier yeah John said we
have to keep it under 50k and also the UI needs to be accessible per the requirements

BART: Team must decide design by Friday for Monday client meeting. Budget capped at 50k (John). UI accessi-
bility required.

T5: The design needs to be finalized by Friday due to the Monday client meeting. John noted the budget is
limited to 50,000 dollars. The user interface must meet accessibility standards.

Ground Truth: Design deadline Friday for Monday client meeting. Budget limit SOK from John. Accessibility requirements

for UL

work provides empirical guidance for developing such systems and
identifies promising directions for future advancement.
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