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ABSTRACT

Complex activities in real-world audio unfold over extended
durations and exhibit hierarchical structure, yet most prior
work focuses on short clips and isolated events. To bridge this
gap, we introduce MultiAct, a new dataset and benchmark for
multi-level structured understanding of human activities from
long-form audio. MultiAct comprises long-duration kitchen
recordings annotated at three semantic levels (activities, sub-
activities and events) and paired with fine-grained captions
and high-level summaries. We further propose a unified hier-
archical model that jointly performs classification, detection,
sequence prediction and multi-resolution captioning. Exper-
iments on MultiAct establish strong baselines and reveal key
challenges in modelling hierarchical and compositional struc-
ture of long-form audio. A promising direction for future
work is the exploration of methods better suited to capturing
the complex, long-range relationships in long-form audio.

Index Terms— Long-form audio, hierarchical activity
recognition, audio captioning, sound events, MultiAct

1. INTRODUCTION

While audio understanding has seen increasing attention
in recent years, the recognition of complex human activ-
ities purely from auditory signals remains largely under-
studied [ 2l [3]. Despite recent progress in sound event
detection and captioning, most existing datasets [4} |5, 6] and
models [[7,18,|9] are constrained to short clips (e.g., 10-30 sec-
onds), which typically capture only isolated acoustic events or
brief action snippets. As a result, the understanding of long-
form, structured human activities remains largely unexplored.
However, in real-world settings, meaningful activities often
span extended durations and comprise sequences of tempo-
rally related events [[10]]. Effective modelling of this long-
form acoustic structure, particularly procedural relationships
among events, is essential for deeper semantic understanding
but is not adequately addressed in current research [[L1 [12].
To advance long-form activity understanding, it is es-
sential to model the structural complexity of human be-
haviour while addressing the limitations of existing audio
datasets [13]]. Drawing inspiration from the ecological psy-
chology framework [14, [15], human activity can be analysed
across three levels: behavior settings, behavior episodes, and

Table 1. Comparison of audio datasets by annotation level.

Dataset Scale Avg. Dur Event Sub-activity Activity
AudioSet [4] ~5800h 10s v X X
VGGSound [5]] ~550h 10s v X X
Clotho [6] ~24h  15s-30s (Captions) X X
EPIC-SOUNDS [3] ~100h  ~4.9s v X X
MultiAct ~%h - v v v

atomic physical units. A behavior setting denotes a stable ac-
tivity pattern bounded by specific spatial, temporal, and social
constraints. In a kitchen scenario, a high-level activity such as
Cleanup functions as a behavior setting that structures goal-
oriented behavior episodes, including sub-activities such as
scrubbing a pan. These episodes are further composed of
fine-grained atomic physical units, manifested in the auditory
domain as primitive sound events such as water running
or metal collision. Modelling such a hierarchy is there-
fore crucial for robust semantic representation and reasoning
over complex auditory sequences. However, widely used
audio datasets, such as AudioSet [4], VGGSound [5] and
Clotho [6]], are not well suited for this purpose. As shown
in Table |1} these datasets consist of short clips with flat,
event-level annotations, lacking the temporal scope, sequen-
tial relationships, and hierarchical organisation required to
study compositional semantics and high-level activity.

To address this challenge, we introduce the MultiAct
dataset, a new benchmark for multi-level structured under-
standing of human activities from long-form audio. MultiAct
is partially derived from EPIC-SOUNDS [3], where we re-
annotate a curated subset and reorganise it into long, contigu-
ous segments with hierarchical temporal labels and paired
textual descriptions. The MultiAct dataset has three distin-
guishing features: (1) hierarchical annotations at three se-
mantic levels: high-level activities, sub-activities and events,
enabling the study of compositional structure and sequen-
tial reasoning; (2) long-form audio recordings of up to 50
minutes, allowing models to capture extended temporal de-
pendencies and activity flow; (3) dual natural-language de-
scriptions for each segment, comprising fine-grained captions
and high-level summaries, supporting multi-resolution lan-
guage generation. To the best of our knowledge, MultiAct is
the first audio dataset with these features.

Furthermore, we introduce a unified hierarchical frame-
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Fig. 1. The hierarchical structure of MultiAct and LLM-
assisted annotation pipeline.

work for understanding long-form audio activities. We ex-
plore tasks such as hierarchical activity recognition, sub-
activity sequence prediction and captioning at multiple res-
olutions. Experiments on the MultiAct dataset demonstrate
strong performance across tasks and reveal key challenges
in modelling structured long-form audio. All resources are
available at: .github.com/PennyZhang9/MultiActh

2. DATASET

The MultiAct dataset is derived from recordings of individ-
uals engaged in cooking activities within a kitchen environ-
ment. This dataset is structured in a three-level hierarchy
grounded in activity partonomy, providing rich temporal an-
notations at the levels of activity, sub-activity, and event. As
shown in Fig [T[a), each high-level activity (e.g., Cleanup)
is composed of multiple sub-activities (e.g., WashScrub,
WipeTidy), which in turn consist of a sequence of fine-
grained sound events (e.g., scrub, metal collision,
water). This hierarchical structure enables the modelling of
procedural semantics across different temporal resolutions.

MultiAct comprises 8.97 hours of long-form audio from
17 kitchen environments sampled from EPIC-SOUNDS [3],
augmented with additional hierarchical annotations. It in-
cludes 51 activity instances across 3 coarse activity classes,
with durations ranging from 15.7s to 3164s (mean 628s).
At the sub-activity level, it contains 472 annotated instances
spanning 12 categories, with durations from 0.57s to 572s
(mean 63.6s). For event-level modelling, the taxonomy
reuses and refines 44 classes, comprising 7312 instances
with durations between 0.2s and 100s (mean 4.91s). In
addition to temporal annotations, MultiAct also includes
fine-grained captions aligned with short-term acoustic events

and high-level summaries describing the overall activity,
supporting text generation tasks at multiple granularities.
Our MultiAct annotations are released under the Creative
Commons Attribution (CC BY) license. The accompanying
audio is sourced from EPIC-SOUNDS |[3]], a derivative of
EPIC-KITCHENS [10], and remains subject to the original
non-commercial EPIC-KITCHENS Research License.
Annotations are constructed through a two-phase Large
Language Model (LLM)-assisted workflow, as shown in
Fig. [[[b). In Phase 1, we prompt GPT-40 [16]], with long-
form audio content and task-specific instructions to generate
a structured annotation draft. Although the output may in-
clude hallucinations or boundary errors due to the audio
complexity and long duration, it serves as a rich initialisation
for downstream refinement. In Phase 2, these drafts are iter-
atively corrected by human annotators, guided by metadata
and a knowledge base of predefined categories and labelling
rules. This human-in-the-loop process is particularly critical
given the dataset’s multi-level annotation scheme and ensures
high-quality, consistent labels across all semantic levels.

3. METHOD
As illustrated in Fig. 2] we propose a unified hierarchical
framework for long-form audio activity recognition and cap-
tioning, consisting of three components: Auditory SlowFast
(ASF) [17] feature extractor, multi-level hierarchical activity
encoder and unified language decoder for caption and sum-
mary generation.

A SlowFast-style encoder with synchronised fast and slow
paths extracts temporally aligned acoustic features: the fast
path captures transient cues at high resolution; the slow path
aggregates longer-range spectral structure. The fused out-
puts form tokenised, frame-level representations for all down-
stream tasks.

To model semantic structure at multiple temporal reso-
lutions, we design a hierarchical encoder composed of three
task-specific components. The event encoder performs fine-
grained event classification and boundary detection. The
sub-activity encoder models mid-level temporal structure
via sub-activity classification, boundary detection, and se-
quence prediction, and fuses its embeddings with frame-level
ASF features for activity-level prediction. The activity en-
coder predicts high-level procedural categories. All three
encoders operate on a shared audio token representation ex-
tracted from the ASF backbone and are trained separately to
produce level-specific outputs.

To generate natural-language outputs, we adopt a unified
BART-based captioning decoder [18]. Audio features from
the ASF encoder are first linearly projected and processed by
a multi-layer Transformer audio encoder. Optionally, seman-
tic cues from any level of the hierarchical encoder (e.g., sub-
activity sequences or activity labels) are encoded by the pre-
trained BART text encoder to provide textual conditioning.
The audio and text encoder outputs are then concatenated and
fed to the BART decoder, which autoregressively generates
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Fig. 2. Overview of the proposed architecture.

either fine-grained captions or high-level summaries, depend-
ing on the task.

4. EXPERIMENTS

In this section, we evaluate our approach on four tasks using
the MultiAct dataset: (i) Hierarchical Activity Classifica-
tion, predicts one label at each level (activity, sub-activity,
event), given a temporally bounded audio segment; (ii) Au-
dio Activity Detection, produces class-labelled temporal seg-
ments on untrimmed audio; (iii) Audio Activity Sequence
Prediction, predicts the ordered sub-activity sequence to cap-
ture temporal dynamics and intent from a segment; and (iv)
Audio Activity Captioning, generates either a fine-grained,
time-ordered caption or a high-level summary for the long-
form audio. In all experiments, the ASF backbone [17] pre-
trained on EPIC-SOUNDS [3] serves as a frozen feature ex-
tractor, producing 2304-dimensional frame-level audio fea-
tures that are fed to the task-specific models.

4.1. Hierarchical Activity Classification

The purpose of the activity classification task is to evaluate
whether a model offers a comprehensive understanding of ac-
tivities from auditory information across multiple semantic
levels. Given a temporally bounded audio segment (with start
and end times), the model predicts one label at each of the
activity, sub-activity and event levels. This is formulated as
three parallel single-label, multi-class classification tasks.
Baselines. We implement three baselines to study archi-
tectural choices. Event-level classification is performed by
training a linear layer on top of the ASF audio features. For
sub-activity and activity classification, we freeze ASF and
stack two Bidirectional Gated Recurrent Unit (BiGRU) layers
(256 hidden units per direction) on top to encode temporal
dynamics, followed by task-specific attention. ASF-Atten
applies self-attention pooling [19] to the BiGRU outputs
for sub-activity classification. ASF-CrossAtten introduces a
cross-attention module [20] and jointly trains sub-activity and
activity heads to capture hierarchical dependencies. We report

Table 2. Results of the classification baseline models (%, 7).

Split Level Model Top-1 Top-5 mPCA mAP mAUC
Event ASF 690 936 301 416 935
ASF-Atten 500 926 552 649 855
val Sub-activity  AGE CrossAtten 519 889 497 659 875
ASF-Atten 600 NA 607 794 872
ACtivity  AQE.CrossAtten 667 NA 619 727 846
Event ASF 672 924 331 415 919
ASF-Atten 513 833 474 419 715
vl Sub-activity  ASE CrossAtten 423 744 338 370 764
ASF-Atten 833 NA 833 944 958
Activity  ASE CrossAten 833  N/A 833 722 708

five standard metrics: Top-1 and Top-5 accuracy, mean Per-
Class Accuracy (mPCA), mean Average Precision (mAP),
and mean Area Under the Curve (mAUC). Higher values
indicate better performance for all metrics. For Activity
(3 classes), Top-5 is undefined and therefore omitted (cells
marked N/A).

Results. Table 2] shows the performance across all three se-
mantic levels on both validation and evaluation splits. ASF-
CrossAtten performs best on activity classification (83.3%
Eval), while ASF-Atten excels at Sub-activity, benefiting
from temporal modelling.

4.2. Audio Activity Detection

In this experiment, we further evaluate the temporal detection
task, which aims to detect activity segments along the tem-
poral axis and assign each segment a class label (e.g., sub-
activity or event). This is formulated as a multi-class tempo-
ral detection problem that jointly predicts segment boundaries
(start and end) and the class of each detected segment.
Baselines. We adapt ActionFormer [21]], a strong video ac-
tion detection model, to the audio domain. During training,
we extract ASF features using 2-s windows with a 200-ms
stride, and feed them to ActionFormer for temporal proposal
generation and classification. Performance is reported as
mAP across multiple Intersection-over-Union (IoU) thresh-



Table 3. Results of the detection baseline models (%, 1).
AP at Different IoU Thresholds

Split - Level @01 @02 @03 @04 @05 Mean
Event 170 147 128 112 98  13.1
Val “gub-activity 443 410 308 253 243 33.1
Event 165 157 150 136 125 146
Eval

Sub-activity  41.8 373 322 260 220 319

Table 4. Results of the sequence prediction models for sub-
activities (%, J.).
AER on Different Training Context Length
Slit © 534 6 8 Ful
Val 667 722 759 815 889 79.6
Eval 692 744 756 872 872 80.8

olds.

Results. As shown in Table |3 sub-activity detection con-
sistently outperforms event detection, with higher AP across
both splits. However, performance drops notably at higher
IoU thresholds. For instance, on the evaluation set, the sub-
activity AP falls from 41.8% at an IoU of 0.1 to 22.0% at an
IoU of 0.5, suggesting challenges in precise boundary local-
ization.

4.3. Audio Activity Sequence Prediction

In audio datasets, activity sequence prediction has been rarely
defined or systematically studied in prior work. Leverag-
ing MultiAct’s dense, time-aligned annotations and rich sub-
activity taxonomy, we formalise the task as sequence predic-
tion: given a bounded audio segment, predict the ordered sub-
activity sequence. The model infers both which sub-activities
appear and their order without explicit segment boundaries,
emphasising procedural structure and long-range dependen-
cies rather than local boundary detection.

Baselines. We use ASF audio features as input to a Conformer-
based encoder [22]. The features are first projected with a
linear layer. Adopting the convolution kernel size of 31 from
the original study, our encoder is configured with 8 layers
and processes these features to produce rich contextual rep-
resentations. A final linear layer maps these representations
to label logits, and the model is trained with the Connection-
ist Temporal Classification (CTC) objective [23] to predict
sub-activity sequences. During inference, we apply sliding
window decoding to handle long-form audio. We evaluate the
Activity Error Rate (AER) as a function of training context
length, varying the context from 2, 3, 4, 6, to 8 sub-activities,
and also including the entire sequence (“Full”).

Results. Table [4] reveals that shorter contexts (2—4) produce
the lowest AER, while error increases with longer contexts
(6-8) and only partially improves with Full. These results
highlight the importance of local context and the difficulty of
modelling long-range dependencies, underscoring sequence
prediction as a challenging open problem.

Table 5. Results of the fine-grained captioning (C) and high-
level summarization (S) baseline models (%, 7).

Split  Task Method BLEUI BLEU4 METEOR ROUGE-L CIDEr
Rule 24.0 49 114 20.0 38
€ Hierarchical 392 10.8 15.8 285 16.2
Val Rule 237 7.99 11.7 26.9 9.3
S Hicrarchical  28.4 9.8 135 325 24.1
Rule 16.8 27 13.0 20.2 28
€ Hierarchical  17.8 34 9.6 23.0 20.1
Eval Rule 17.3 7.5 8.8 20.7 22
S Hierarchical 218 73 11.0 283 11.1

4.4. Audio Activity Captioning

In this experiment, we investigate whether explicitly mod-
elling hierarchical relations among events, sub-activities and
activities improves the coherence and semantic fidelity of cap-
tions for long-form audio. This task focuses on generating
natural language descriptions of long-form audio segments at
two levels: fine-grained captioning and high-level summari-
sation.

Baselines. To establish a captioning baseline, we adopt a
dual-encoder, BART-decoder [[18] architecture. ASF-derived
audio features are linearly projected to the BART hidden size
and encoded by a Transformer audio encoder (10 layers, 8 at-
tention heads). In parallel, the BART text encoder processes
structured cues from multi-level activity encoders. We then
concatenate the audio and text encoder outputs and pass them
to the BART decoder to generate captions. Training uses
teacher forcing with token-level cross-entropy; inference uses
beam search (beam size 4) with a length penalty and trigram
blocking. We evaluate the performance with BLEU-1/4 [24],
METEOR [25]], ROUGE-L [26]], and CIDEr [27].

Results. Table [5 reports the results for fine-grained caption-
ing (C) and high-level summarisation (S) on the validation
and evaluation splits. The hierarchical model outperforms
the rule-based baseline on most metrics, with the largest
gains in CIDEr and ROUGE-L. Summarisation generally
achieves higher BLEU, METEOR, and ROUGE than cap-
tioning, whereas captioning attains the highest CIDEr on
the evaluation split. Overall, performance is higher on sum-
marisation than on fine-grained captioning, underscoring the
challenge of generating temporally precise and semantically
rich descriptions for long-form audio.

5. CONCLUSION

We present MultiAct, a first-of-its-kind benchmark for struc-
tured long-form audio, offering hierarchical annotations
(activities, sub-activities, events) together with paired fine-
grained captions and high-level summaries. Alongside the
dataset, we introduce a unified hierarchical model for joint
recognition and captioning. Experiments on MultiAct val-
idate the approach and highlight persistent challenges in
modelling semantic and procedural structure in long-form
audio. We hope this work catalyses sustained progress in
high-level activity understanding from long-form audio.
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