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Abstract

Audio-visual event parsing plays a crucial role in understanding multimodal video
content, but existing methods typically rely on offline processing of entire videos
with huge model sizes, limiting their real-time applicability. We introduce Online
Audio-Visual Event Parsing (On-AVEP), a novel paradigm for parsing audio, vi-
sual, and audio-visual events by sequentially analyzing incoming video streams.
The On-AVEP task necessitates models with two key capabilities: (1) Accurate
online inference, to effectively distinguish events with unclear and limited con-
text in online settings, and (2) Real-time efficiency, to balance high performance
with computational constraints. To cultivate these, we propose the Predictive
Future Modeling (PreFM) framework featured by (a) predictive multimodal future
modeling to infer and integrate beneficial future audio-visual cues, thereby en-
hancing contextual understanding and (b) modality-agnostic robust representation
along with focal temporal prioritization to improve precision and generalization.
Extensive experiments on the UnAV-100 and LLP datasets show PreFM signifi-
cantly outperforms state-of-the-art methods by a large margin with significantly
fewer parameters, offering an insightful approach for real-time multimodal video
understanding. Code is available at https://github.com/XiaoYu-1123/PreFM.

1 Introduction

Multimodal learning [S) [72} 38, [79] is a significant topic in the machine learning research area.
Among various modalities, audio [62] and vision [60} 47] are the primary ways humans perceive the
world, making audio-visual learning (AVL) [19, 142} 35, [15] essential. Among various progress [43,
450131} 134] related to AVL, audio-visual event parsing (AVEP), i.e., understanding events in videos,
becomes increasingly important with the explosive growth of video content on streaming platforms.

AVEP involves processing both modality-aligned (audio-visual) and modality-misaligned (audio-only
or visual-only) events in video content. Prevailing methods [[13| [14} 78] operate offline, analyzing
entire video sequences to utilize global context for accurate video events understanding. Though
offering precise predictions, the necessity of whole-video processing, often coupled with large
models and consequently high computational costs, makes these approaches unsuitable for real-time
applications that require immediate detection and swift responses in dynamic environments such as
autonomous driving [65, [70], wearable devices [26} 2], and human-robot interaction [0, [32].

To tackle these limitations, we introduce Online Audio-Visual Event Parsing (On-AVEP), a new
paradigm that parses audio, visual, and audio-visual events in streaming videos with an online
processing manner. The core characteristic of On-AVEP is to perceive the environmental state and
generate timely feedback using only historical and current multimodal information, while balancing
model performance and efficiency particularly in resource-aware and dynamic environments.
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Figure 1: (a) lllustration of parsing events in online scenarios: if a man opens his mouth and
produces a vocal sound at tiffig it is unclear based solely on information frdhto T whether this
marks the beginning of a musical phrase (as parsuofding) or the start of a conversation (as in
“speaking). Precisely parsing events with these limited context is crucial for accurate online inference.
(b) Simpli ed architecture of our PreFM framework, highlighting predictive future modeling and
modality-agnostic robust representation (MRR). (c) Comparison of performance and ef ciency
against SOTA methods on the UnAV-100[13] dataset.

Speci cally, On-AVEP necessitates the model possess two key capabilitieac¢lyate Online
Inference: This requires that the model adapts to complex and dynamic scene variations and
accurately predicts ongoing events by relying exclusively on past and current information without
any future context. As illustrated in FigJrg 1(a), the model needs to distinguish similar events with
unclear, limited context due to the lack of future information. R&al-time Ef ciency: To meet the
immediate response demands of On-AVEP applications, the model needs to achieve accurate event
parsing with low computational cost, balancing performance and complexity well to satisfy the needs
of online video processing.

To cultivate these essential capabilities, we introducePteelictive Future Modeling (PreFM)
framework as illustrated in Figuig 1(b). PreFM aims to predict future states through effective
temporal-modality feature fusion and leverage knowledge distillation and temporal prioritization for
training ef ciency. To achieve (1) accurate online inference, PreFM empdogdictive multimodal

future modeling, using available data and fusing their features to infer bene cial future audio-visual
cues. The cross-temporal and cross-modal feature interactions are utilized to effectively reduce noise
within the pseudo-future context and enhance current representations. For (2) balancing real-time
ef ciency and overall parsing performance, PreFM integrates two designs during tramauglity-
agnostic robust representationdistills rich, modality-agnostic knowledge from a large pre-trained
teacher model for more generalized representationfarad temporal prioritization encourages

the model to focus on the most temporally critical information for online decisions, thereby boosting
the model's inference accuracy while keeping high inference ef ciency.

Extensive experiments on two challenging datasets, UnAv{180dnd LLP [54], demonstrate that

the PreFM framework signi cantly outperforms existing state-of-the-art (SOTA) methods in both
segment-level and event-level metrics. Moreover, PreFM exhibits substantial advantages in model
ef ciency, striking a superior balance between performance and model complexity, with the margin
of + 9:3 in event-level average F1 score and metz[§fo parameters as highlighted in Figure 1(c).

In summary, our main contributions are:

* (I) We introduce Online Audio-Visual Event Parsing (On-AVEP), a new paradigm for real-time
multimodal understanding. To our knowledge, this is the rst work to systematically address
the challenge of parsing audio, visual, and audio-visual events from streaming video. We further
establish that success in this paradigm requires two critical capabilities: (a) accurate online inference
from limited context, and (b) real-time ef ciency to balance performance with computational cost.

* (II) We propose the PreFM framework, a novel and ef cient architecture for On-AVEP. PreFM's
core innovations include: (a) Predictive Multimodal Future Modeling mechanism to overcome the
critical problem of missing future context; and (b) a combination of Modality-agnostic Robust
Representation and Focal Temporal Prioritization to enhance model robustness and ef ciency
during training, providing an insightful approach to multimodal real-time video understanding.



« (Ill) We establish new SOTA performance with unprecedented ef ciency. Extensive experiments
on two public datasets show that PreFM drastically outperforms previous methods (e.g., +9.3 Avg
F1-score on UnAV-100), while using a fraction of the computational resources (e.g., only 2.7% of
the parameters of the next best model), validating it as a powerful and practical solution.

2 Related Work

Online Video Understanding encompasses online action detection for identifying actifsi,

44], action anticipation for predicting futur&[73], and online temporal action localizatioag, 51]

for determining action boundaries. Frameworks like JOADAA[ TPT [67] and MAT [58] jointly

model detection and anticipation tasks, bridging the present and future. Recent research focuses on
model reliability through uncertainty quanti catiod$] and adaptability through open-vocabulary
detection §1]. Concurrent advancements explore leveraging large language models for complex
online understanding task33, 3, 69). However, these methods rely solely on the visual modality and
neglect the crucial auditory perception, motivating our research into online audio-visual event parsing
aiming to integrate both sensory streams for a more robust and holistic real-time understanding.

Audio Visual Video Parsing (AVVP) aims to temporally classify videos within segments as
audible or visible events. Early weakly-supervised meth&dsg6] use attention to infer temporal
structure. Subsequent works0F12, 4] further address modality imbalance and interaction. A
signi cant recent trend involves leveraging external knowledge, using language pra@hjpts [
pre-trained models like CLIRIE]/CLAP [8] to denoise or generate ner pseudo-labels from weak
supervision 29, 77, 30]. Building on this, methods such as CoLea™|| NREP [27], and MM-

CSE [7]] focuse on sophisticated feature disentanglement and interaction for improved performance.

Audio Visual Event Localization (AVEL) is rst introduced to temporally locate events that

are both visually and auditorily present within trimmed video cl®3.[ Subsequent method&3,

41, 28, 36, 23, 74] leverage cross-modal attention, background suppression, contrastive smaples
and adapters to improve localization accuracy. AVE-RV] [s developed to handle portrait-mode
short videos, while OV-AVEL T5] extends the task into an open-vocabulary setting. For densely
annotated, untrimmed videos featuring multiple overlapping events, UhBM¢leases the UnAv-

100 benchmark and inspires models like UniAM], LOCO [64], FASTEN [39] and CCNet 7§,

which employ multi-temporal fusion, local correspondence correction and cross-modal consistency
for dense event localization. Recent effo8,[15, 52, 40] also aim to omni-understanding using
powerful large language models. However, these approaches generally rely on full-video inputs
and huge model sizes, making them unsuitable for real-time parsing. Our work distinguishes itself
by unifying AVEL and AVVP into a comprehensive online audio-visual event parsing framework,
designed for ef cient real-time processing and capable of identifying events regardless of whether
they are solely auditory, visual or audio-visual.

3 Methods

In this section, we rst introduce the problem setup in Sec. 3.1 and present a brief overview of our
method in Sec. 3.2, with core designs: Predictive Multimodal Future Modeling (Sec. 3.3), Modality-
agnostic Robust Representation (Sec. 3.4), and Focal Temporal Prioritization (Sec. 3.5). Finally, we
discuss the speci cs of our approach during training and online inference in Sec. 3.6.

3.1 Preliminaries

On-AVEP involves predicting events within streaming videos by sequentially processing multimodal
information. This task is primarily divided into two sub-tasks: online audio-visual event localization
(On-AVEL) and online audio-visual video parsing (On-AVVP). In the former, given a sequence of
audio-visual data pairsV;; A¢g/-; and the corresponding labgk 1, whereT denotes the current

time step, the model is required to predict the multi-label event vgetar 2 f 0; 1> , whereC,,
represents the total number of audio-visual event categories. While the latter task involves predicting
%=1 2f0;1g9%*Cv, whereC, andC, represent the number of audio-only and visual-only events,
respectively. In both sub-tasks, models typically take the pre-processed visual-audio feature vectors



Figure 2: The pipeline of PreFM. It takes real-time audio-visual streams, using predictive modeling to
generate multimodal future context, modality-agnostic robust representation to enhance performance
by transferring knowledge, and focal temporal prioritization to emphasize the current tine. step

ffagl, andffYgl; 2 RT P (D: feature dimension) within existing video datasé&4, P5, 53, 13]
for subsequent operations.

3.2 Overview

As illustrated in Figure 2, during online inference, PreFM sequentially processes incoming audio and
visual features2; FY available up to the current timie. To address the challenge of missing future
information, which is crucial for event disambiguation, the cBredictive Multimodal Future

Modeling network (Sec. 3.3) dynamically generates pseudo-future multimodal sequences. This
process starts with Bseudo-Future Mechanisthat fuses current-time multimodal features and
subsequently models initial pseudo-future predictiBfisF;’, thenTemporal-Modality Cross Fusion

where pseudo-future cues and current representations are mutually enhanced through comprehensive
cross-temporal and cross-modal interactions. The resulting contextually augmented representations
Fa;FY are then utilized for event parsing at tirfie

To train an effective and ef cient PreFM model, in addition to direct supervision on predictions
for both the current window and the pseudo-future sequences, PreFM utlloaedity-agnostic
Robust Representation(MRR, Sec. 3.4). Through MRR, event labgisare transformed into
target modality-agnostic featurés using a pre-trained teacher model; PreFM's internal event
representationg®” are then guided to align with these target features via a dedicated distillation loss
term. Furthermoreiocal Temporal Prioritization (Sec. 3.5) is implemented by reweighting the
contributions of different relative time steps, encouraging the model to make precise predictions at
current time.

3.3 Predictive Multimodal Future Modeling Network

Inspired by advances in online action detecti6B, [17, 67], our approach to On-AVEP centers

on predictively modeling multimodal pseudo-future sequences using only currently available data.
To help PreFM better utilize and consolidate all available modal and temporal cues, we propose a
Universal Hybrid Attention (UHA) block to bridge different modalities across time. Given the target
query sequenc® and the exible list ofk context set§ F; gk, where eaclf; can represent various
temporal segments of different modalities, UHA merges these feature® iasdfollows:

X
UHA(Q:fFigk, ) = FFN(LN(Q+  Attn(Q;Fi; Fi))) 1)
i=1

WhereAttn is multi-head attentiond7], LN is Layer Normalization, an&FN is a Feed-Forward
Network. UHA serves as the foundational attention block for subsequent fusion operations.



Pseudo-Future Mechanism This mechanism rst fuses current audio-visual information and then
models an initial prediction of the future sequence. Given input features up to current time
f(fY;f2)gl.; , we de ne a current working window of length.. This yields the initial current
audio and visual featurdg? = ff2gl_; | ,, andFY = ff¥g_; | ,;,bothinRte P,

First, we perform an initialeature fusiorbetweer-2 andF}. Each sequence is processed by our
UHA block with both as context. The fused current featlgsFy 2 Rtc P are produced by:

&= UHA(F! fFE F/g);m 2fa;vg 2)

Next, future modelinggenerates initial pseudo-future sequences of lehgthWe use learnable
tokensQ?; Q" 2 Rt P as queries. These attend to the corresponding fused current features:

F" = Atn(Q™; F{" F{");m 2 f ajvg ®3)
This step yields the initial multimodal pseudo-future sequef&sy 2 R D

Temporal-Modality Cross Fusion Having obtained the fused current featur€g;(FY) and ini-

tial pseudo-future sequencd®¥; F;’), this stage performs further interactions to mutually re ne
them, reducing potential noise within the pseudo-future, while simultaneously enriching the current
representations with foresight gleaned from the modeled future.

First, future augmentatiore nes the initial pseudo-future pre-
dictions with UHA block:

(= UHA(F™;fF FY;F'g);m 2fa;vg (4)

This yields augmented pseudo-future sequertegs’ 2

R-t D, Notably, the context list within the UHA block en-
ables a rich combination of self-attention, as well as cross-
interactions across modalities and time. For instance, the aug-

mented visual pseudo-futufq" is obtained by interacting with

F¢ (for self-attention) F? (for cross-modal attention), arf
(for cross-temporal attention) as shown in Figure 3.

Next, current re nementntegrates the augmented future badkgure 3: Temporal-modality cross
into the current representations: fusion for the pseudo-futuréy’.
FM = UHAFMEFFY FMgim 2favg  (5)

This results in the nal contextually-aware current feature sequeligesy 2 Rtc D

Finally, these augmented current and future features are projected by a shared classi catiofi)head
and a Sigmoid functio( ) to obtain event predictiong 2 R-¢ © (for the current window) and
9% 2 R-t C (for the future window):

¥. = S(h(Concat(F2; FY))) ;% = S(h(Concat(F#;F}))) (6)

Here,Concat denotes feature concatenation, & the event class count (eith€g, or C, + C,).
For online inference, the prediction iy corresponding to tim& is used. While during training.
andy; are supervised across the time stepof L.+1;T + L; ], using BCE loss with annotations
yc 2 Rte Candy; 2 Rtr C

Le = BCE(Yc;Ye); Lt = BCE(9r;yr) (1)
3.4 Modality-agnostic Robust Representation

Learning from the rich, modality-agnostic event representations established by powerful pre-trained
teacher models4p, 8, 16, 59, 2(] is ef cient to obtain robust and generalizable representations



while maintaining ef ciency. For each time stdp we convert the event labelg into “a/an
audio/visual/audio-visual event ¢€ls ]” as text prompt, which is then processed by the text encoder
of frozen teacher model OnePeab#][to obtain modality-agnostic event featuffes Simultaneously,
the student's representatidfh = Concat(f’}a; f’}’ ) can be easily extracted from our PreFM model,
and distilled by the target representatfgn Cosine similarity is used as distillation loss as follows:

1 TXLf . f/;av ho(ft)

L = - - 7
™ Lo+ Lr o Lcﬂ( kfevk kho(f )k

) (8)

WherehY( ) denotes the projector module implemented by a linear layer to align different dimensions.

3.5 Focal Temporal Prioritization

To emphasize the predictions close to the present moment, we introduce a focal temporal prioritization
scheme to the loss calculation, highlighting the signi cance of prediction at timeTsiegtead of a
uniform weighting. Speci cally, we de ne temporal priorities using a Gaussian function centered at

the current timel; g(t; ) = exp (Zt—)z , Wheret is the relative temporal distance from tiffie
and controls the width of the focus. We de ne the temporal weightét) 2 [T L.+ 1;T]for
the current window, andi (t) 2 [T +1;T + L¢] for pseudo-future sequences,

L t T;L L t T;L
we(t T)= poe X ) w = PTiLfg( )
k=T Lo+ 9K TiLe) k=T+1 9k T;L¢)

9)

Let L¢(t), Lt (t) andL e (t) be the per-timestep loss in Eg. 7 and Eq. 8. Wewfe T) =
Concatfwc(t T);ws(t T)g to obtain the while weights sequence vector. The nal loss is
computed as:

)(T TXLf TXLf
L= we(t T) Le(t)+ we(t T) Le(t)+ wt T) Lmr (1) (10)
t=T L+l t=T+1 t=T Lc+1

The hyperparameter balances the robust representation term (typically 1.0).

3.6 Training and Online Inference

Random Segment Sampling for Training To adapt training for the online nature of On-AVEP

and enhance data utilization, we design a random segment sampling strategy. During training, for a
video of total lengthry , the target prediction timek 2 [1; Ty ] are generated by = kL +

Here,k serves as an index for iterating across the video, a&d0; L. 1]is a periodically selected
random integer offset. THe.-length feature sequenced t";ff‘)gtT:k T, L.+1 actasmodelinputs,

and zero-padding is applied at the beginnin@if< L . 1. This strategy provides diverse training
segments with a xed history length., suitable for the online setting.

Online Inference During inference, the model works in a truly online manner, processing the input
video stream with a sliding window of length, and stridel. At each stefinter , the model takes
features fromTiner L. +1;Tinter ], generates the multimodal pseudo-future context, and gets
the nal event predictions for the current time st€grer .

4 Experiments

4.1 Experimental Setups

Dataset UnAV-100[13] is a large-scale dataset designed for dense audio-visual event localization
in untrimmed videos. It contains 10,790 videos of varying lengths covering 100 event categories, with
over 30,000 annotated audio-visual event instanceB. [54] provides 11,849 trimmed 10-second

clips across 25 categories for audio-only and visual-only event parsing. For online scenarios, we
concatenate LLP clips into longer video sequences. Speci cally, half of these sequences are formed



Table 1: Comparison with SOTA methods on On-AVEL task. Feature extractdfsdenotes

13D [1]+VGGish [24], O. denotes OnePeacgq andC.C.denotes CLIP46]+CLAP [8]. “PreFM+”
replaces the feature extractor from CLIP/CLAP to OnePeace and the hidden dimension is expanded
from 256t0 512 Methods marked with*” take the entire video as input, fully utilizing the complete
context.

Segment-Level Event-Level Inference
Methods Extractors ‘ Fl mAP | 01 03 05 07 09 AvgJ Paramg  FLOPs? ‘ Memory# FPS  Latency#
UnAv [13] LV, 47.5 58.3 509 37.1 287 182 9.4 28 139.4M 52.4G | 764.7MB 10.6 94.3ms
UniAV [14] O. 47.8 66.9 | 50.3 38.9 299 211 123 303130.8M 22.7G | 1020.5MB  15.6 64.1ms
CCNet[78] (0] 54.8 62.3 | 583 46.3 375 273 158 37,0238.8M 721G | 1179.4MB 7.5 133.3ms
PreFM (Ours) C.C. 59.1 70.1 615 536 46.9 39.6 29.2 46.3| 6.5M 0.4G 56.4MB 51.9 19.3ms

V. 56.1 67.8 | 59.3 56.0 52.7 46.7 351 50

PreFM+ (Ours) (0] 62.4 70.6 66.3 58.2 522 445 354 515| 13.8M 0.5G 1442MB 420 23.8ms

UnAV*[13] | 6 139.4M 524G | 764.7MB  10.6 94.3ms
UniAV* [14] [¢] 59.2 70.0 | 62.8 59.0 551 487 35.0 52/9130.8M 22.7G | 1020.5MB  15.6 64.1ms
CCNet* [78] [¢] 65.0 70.6 | 69.0 651 610 53.1 40.1 58)3238.8M 721G | 11794MB 7.5 133.3ms

Table 2: Comparison with SOTA methods on On-AVVP task. Feature extrad®®oBsC.denotes
R3D [55]+CLIP [46]+CLAP [8] andR.R.Vdenotes R3D [55]+ResNet152 [21]+Vsh: VGGish [24].
“PreFM+” increases the hidden dimension fra@8to 256, Methods marked with*” take the entire
10-second video clips as input, fully utilizing the complete context.

Segment-Level Event-Level Inference

Methods Bxtractors ‘ Fl, FlL Fly| MAP, MAP, MAP. | 0.5 05 05y |Avga AG, Avga ‘ Params  FLOPst ‘ Memory# FPS  Latency#
VALOR [29] RCC. | 497 524 454 729 684 567 | 365 461 346| 352 428 330| 49M 045G | 201MB 622  16.1ms
ColLeaF[49] RRV. | 507 445 410 628 458 373 |37.0 364 206 37.3 355 207| 57M 025G | 1141MB 604  16.6ms
LEAP [76] RRV. |506 493 458 733 643 546|401 425 350 384 306 343| 520M 109G | 2047MB 193  51.8ms
NREP [27] RCC. | 537 514 455 665 527 423|389 456 342 383 423 335 96M 169G | 90.2MB 264  37.9ms
MMCSE [71]  RC.C. |533 565 489 746 700 57.5|30.4 508 384| 37.7 469 362| 62M 091G | 330MB 361  27.7ms
PreFM (Ours) ~ R.C.C. | 600 59.3 533| 80.0 73.7 613 | 471 509 420 | 463 50.6 412 | 33M 022G | 207MB 944  10.6ms
PreFM+ (Ours)  R.C.C. | 61.0 60.0 54.6| 80.2 738 614 | 485 517 431|476 5.0 422 | 12M 048G | 559MB 535 18.7ms
VALOR" [29] RCC. |656 618 565 8lL4 737 614|551 549 46.7| 540 542 460| 49M 045G | 20.IMB 622  16.1ms
ColeaF* [49] RRV. | 605 580 524 717 607 493|483 530 421 487 518 425 57M  0.25G | 114.1MB 604  16.6ms
LEAP* [76] RRV. | 616 615 565 806 7.3 602|523 564 47.7] 5.2 550 46.7| 52.0M 109G | 2047MB 193  518ms
NREP*[27] RC.C. |673 637 57.9 774 662 539|550 575 47.8| 549 567 47.1| 9.6M 169G | 90.2MB 264  37.9ms
MM-CSE*[7]] ~ RC.C. | 670 640 57.6 823 748 6L.7|569 568 473 547 560 461 62M 091G | 33.0MB 361  27.7ms

by randomly concatenating clips to simulate the rapid scene variations often encountered in online
streaming content; the other half are formed by concatenating clips from the same event category
to represent longer, continuous event occurrences. Following recent @&k&[9, 49, 27, 71],
segment-wise pseudo labels from CLIP [46, 22] and CLAP [8] are used for supervision.

Metric  For model performance, we follow prior work§, 54], using F1-score and mean Average
Precision (mAP) as segment-level metrics. For event-level evaluation, consecutive positive segments
are treated as a complete event instance. We calculate event-level F1-scores by setting tiou =
[0.1:0.1:0.9] L3 and average F1-score (Avg F1-score) for overall performance. For the On-AVVP
task, we adhere to the established protocol from VALQ@B],[evaluating audio-only (A), visual-only

(V), and combined audio-visual (AV, denoted with subscript “av”) events. Regarding model ef ciency,

we assess the number of trainable parameters, FLOPS per inference, peak inference memory and FPS.

Implementation details For both tasks, we set 60 training epochs, with the rst 10 epochs dedicated

to warm-up. A batch size of 128 is used, and AdamW serves as the optimizer with a weight decay
of 1e 4. We set the valuk . of 10 andL¢ of 5 as the default setting. CLIR§] and CLAP [B] are

used to extract visual and audio features with a temporal stride set to 1 second, respectively. All
experiments are conducted on a single RTX 3090. For the learning rate and the hidden dimension
within the attention block, we uske 3 and 256 for On-AVEL5e 4 and 128 for On-AVVP.

4.2 Comparison with Existing Work

Our method is benchmarked against recent SOTA methods UbhZYJniAV [ 14] and CCNet 7§

on UnAV-100 [L3] for the On-AVEL task, while VALOR R9], CoLeaf 9], LEAP [76], NREP [27],
and MM-CSE /1] on LLP [54] for the On-AVVP task. We provide two versions of our method: the
basic version “PreFM”, and the improved version “PreFM+" with larger hidden size.

Performance Comparison As shown in Table 1, PreFM clearly achieves new SOTA result®for
AVELtask, surpassing the second-best method with signi cant improvement®im+mAP and ©.3



in Avg F1-score. Furthermore, our enhanced version, PreFM+, extends these gdr&sitomAP

and +14.5in Avg F1-score with only a moderate increase in parameters, highlighting the excellent
scalability of the PreFM architecture for applications requiring higher precision. Similar®rer
AVVPtask shown in Table 2, PreFM demonstrates consistent advantages, achieving improvements
of +3.8in mAP,, and +5.0in Avg F1-scorg, and PreFM+ further elevating performance &%

in mAP,, and 46.0in Avg F1-scorg, over the second-best methods. Notably, we also present the
original of ine results of these baseline methods (marked with to show their performance under
full-context conditions. Even when compared to these results, our online PreFM achieves comparable
performance despite predicting with limited context.

These substantial performance gains across both tasks are largely attributed to our core predictive
multimodal future modeling (PMFM) design. By dynamically generating and integrating pseudo-
future contextual cues from streaming data, PMFM empowers our method to effectively parse
environmental states and accurately capture temporal boundaries.

Ef ciency Analysis Regarding théOn-AVELtask (Table 1), PreFM's ef ciency is remarkable.
PreFM utilizes merel®. 76 parametersg;5M vs 238.8NIcompared to the next best performing
method, and it requires only.6% FLOPs 0.4G vs 72.1(and4.8% peak memory56.4MB vs
1179.4MB for a single inference, while running at an impressive 51.9 FPS with merely a latency of
19.3ms The compelling ef ciency advantage is also evident in@m@AVVPtask (Table 2). Such
ability to deliver SOTA performance with drastically reduced overhead highlights that PreFM is
designed with a strong emphasis on practical deployability, rendering it a highly suitable and ef cient
solution for resource-constrained real-time applications.

4.3 Ablation Studies

Main Component To systematically evaluate the contribution of each proposed component, we
conduct comprehensive ablation studies on the On-AVEL task, with results presented in Table 3(a).
The simple prediction strategy (row 1) uses only data at finead performs badly. Our baseline
(row 2), which just extends accessible data to conitexbut no more improvements, achieves an
Avg F1-score of 40.8%. Introducing the pseudo future mecharfsi ¢ow 3) signi cantly boosts
performance to 42.4 (+1.6 vs baseline), underscoring the importance of future context modeling
over relying solely on past or current information. Further incorporating modality-agnostic robust
representationL(ys , row 5) or random segment samplingg, row 6) individually builds upon

this, yielding Avg F1-scores of 44.2 (+3.4 vs baseline) and 44.0 (+3.2 vs baseline) respectively,
demonstrating their distinct bene ts. The focal temporal prioritizatiw(t) consistently improves
results when applied (e.g., row 4 vs 3, and row 7 vs 5), con rming its effectiveness in focusing
the model on critical information at the current moment. Finally, our full PreFM model (row
8), integrating all components, achieves a nal Avg F1-score of 46.3, marking a substantial +5.5
improvement over the baseline and validating the collective effectiveness of our design.

Impact of future-oriented losses We investigate the impact of direct future supervisignand

future part of robust representation ldsg,+ used in pseudo-futurd>) mechanism. Results

are shown in Table 3(b). A comparison of the rst two rows shows that merely incorporating the
extra parameters in the future module without applying any future supervision yields negligible
performance gains. Conversely, the results in the subsequent three rows indicate that designing
losses to explicitly guide the model in anticipating and modeling the future, whether through direct
supervision or robust representation distillation, enhances model performance. These ndings clearly
demonstrate that the performance bene ts derived from our pseudo-future mechanism are primarily
attributable to the effective learning guided by these targeted future-oriented losses, rather than merely
an increase in model capacity.

Impact of temporal-modality cross fusion Generating reliable audio-visual pseudo-future is
challenging due to inherent predictive noise. Table 3(c) compares our Temporal-Modality Cross
Fusion (TMCF) with ablated variants that utilize only self-attention (Self), audio-visual modality
fusion (M only), or temporal-only fusion (T only), focusing on their accuracy in predicting the future
(the rst three relative time steps) and overall event parsing performance. The inferior performance of
these simpli ed variants underscores that uni-dimensional interactions are insuf cient for producing
robust future sequences, leaving its reliability and noise levels suboptimal. In contrast, our full TMCF,



Table 3: (a) Overall ablation studyP F: the pseudo future mechanism(t): focal temporal
prioritization,L mr : modality-agnostic robust representati®g: random segment sampling. (b)
Ablation studies for future-oriented losses. (c) Ablation studies for temporal-modality cross fusion.
Params: trainable parameters, S-L: Segment-Level, E-L: Event-Level.

SL EL S-LF1 E-L

PP WO ter RS map  avg T+l T+2 T+3| Avg

1) Simple Predictions 66.6 29.9 S-L E-L Self 55.4 546 53.7 44.6

@ 7 707|691 408, L Lo ‘ PF Params‘ - y e 4 546 537 44,
@ 3 7 77 | 697 424 fo st mAP  Avg

@ 3 3 7 7 69.7 430 7 7 7 2.6M 69.8 44.7 Tonly | 56.7 56.0 55.5 45.3
G5 3 7 3 7 | 69.8 442 7 7 3 6.5M | 69.6 44.8

6 3 7 7 3 |705 440 7 3 3  65M | 69.9 452 Monly | 56.6 55.7 55.1) 45.0
M 38 3 38 7 |694 454 3 7 3  6.5M | 69.6 455

® 3 3 3 3 |701 463 3 3 3  65M | 701 463 NEE | 578 BaB B84 das

(a) (b) (c)

Table 4: (a) Ablation studies for different length of past and future. (c) Ablation studies for different
pre-trained teacher models.

L. L Seg-Level | Event-Level

¢ =T 1 F1 mAP| 05 Avg
(1) 10 1 (588 701|468 459 Models Dimension% Seg-Level | Event-Level
(2) 10 5 |591 701|469 463 m : Vo
(3) 10 10|57.3 69.9|46.4 454  AudioClip [20] 1024 | 587 70.2 | 46.6 46.2
4 5 5 |57.2 699|441 435  ImageBind [16] 1024 | 583 70.0|47.2 459
(5) 20 5 |489 657|389 385 ONE-PEACE[59] 1536 | 59.1 70.1 | 46.9 46.3

(@) (b)

by collaboratively leveraging both cross-modal and cross-temporal interactions from available content,
generates more accurate and dependable pseudo-future sequences. This results in a higher-quality
predictive context that more effectively mitigates noise and aids robust real-time event parsing.

Impact of context lengthsL; andL; We investigate the impact of varying lengths for the working
areal . and the pseudo-future sequerice, with results presented in Table 4(a). The optimal
performance, achieving an Avg F1-score of 46.3, is obtained with our default con guration of
L. =10 andL; =5 (row 2). Analysis ofL; (rows 1, 2, 3, with_, = 10 xed) indicates that while

a very short future windowl( = 1) provides insuf cient predictive insight, an overly long one
(Ly =10) can introduce distracting noise, both degrading performance. Similarly, exanhiging
(rows 2, 4,5, withL =5 xed) reveals that too little historical context ( = 5) offers inadequate
support, whereas excessive histdry € 20) may include outdated or irrelevant information. These
ndings con rm the importance of appropriately sized context windows, With= 10 andL¢ =5
providing the most effective balance for the immediate event parsing task.

Different teacher models in MRR We evaluate the in uence of different pteained teacher
models on our modalitagnostic robust representation (MRR) module. Speci cally, we compare
OnePeaced9], ImageBind [L6], and AudioClip R0] across multiple metrics. As the results demon-
strate in Table 4(b), no single model consistently outperforms the others on every measure. However,
OnePeace delivers better segmientl F1-scores and average evtavel performance, which lead

us to adopt it as our default teacher.

Temporal impact of the pseudo-future Figure 4(a) illustrates how our pseudo futufeR)
mechanism affects prediction accuracy across time steps relative to the current rilorfreon

the orange line, we observe that the model's peak performance occurs signi cantly earlier (around
relative timeT  6), with accuracy declining as it approachiesindicating a strong reliance on full
context. In contrast, the purple line shows that incorporatindg’thenot only achieves generally
higher accuracy but also shifts its performance peak much closer to the actual target(&noend

T 2). These observations underscore a fundamental principle in event parsing: accurate event
identi cation intrinsically depends on a comprehensive contextual window. Thus, the reliance on
future context presents a signi cant hurdle for online systems. P&rmechanism effectively



Figure 4: (a) The performance across different relative time steps. (b) t-SNE visualization of the
pre-classi er features. We use nine animal events from UnAV-100 [13] for better illustration.

Figure 5: (a) The visualization on the On-AVEL task. (b) The visualization on the On-AVVP task.
GT: ground truth. The red dotted box indicates the area of mispredictions.

anticipates event trends, models and utilizes audio-visual future information to enhance prediction
accuracy near the present moment, thereby mitigating immediate contextual limitations.

Impact of MRR on latent feature representation Figure 4(b) qualitatively evaluates our modality-
agnostic robust representation (MRR) via t-SNE visualization of latent features from nine prede ned
animal events from UnAV-1001[3]. With MRR, event classes form more compact and well-separated
clusters, unlike the more chaotic clusters from the model without MRR. This suggests that while
MRR may shift the latent space, it guides the model towards more discriminative representations,
enhancing event separability and overall performance.

4.4 Qualitative Analysis

Figure 5 presents a qualitative comparison of our PreFM with SOTA methods UIB\MJCNet [78]

on On-AVEL task and MM-CSET1] on On-AVVP tasks. Prior methods often exhibit limitations
such as missed detections (e.g., “trombone” by UnAV, “piano” by CCNet, “cheering” by MM-CSE),
fragmented predictions (e.g., “trumpet” by UnAV) depicted by red dotted box. In stark contrast,
PreFM's predictions exhibit strong temporal continuity and precise event boundary localization,
without the interruptions or errors in other methods. These visualizations intuitively showcase
PreFM's enhanced recognition accuracy and the coherent, continuous nature of its event parsing.

5 Conclusions

In this work, we introduce online audio-visual event parsing to enable real-time multimodal event
understanding in streaming videos. We identify accurate online inference and real-time ef ciency as
two crucial capabilities in this setting, and propose the PreFM framework, featuring a novel predictive
multimodal future modeling to infer future context and modality-agnostic robust representation
together with focal temporal prioritization for model's generalization. Extensive experiments on the
UnAV-100 and LLP datasets validate that PreFM signi cantly outperforms prior methods, achieving
state-of-the-art performance while offering a superior balance between accuracy and computational
ef ciency, thus presenting a viable solution for practical real-time multimodal applications.
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contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

» The claims made should match theoretical and experimental results, and re ect how
much the results can be expected to generalize to other settings.

* Itis ne to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justi cation: The limitations of this paper are outlined in Sec A.1.

Guidelines:

» The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

» The authors are encouraged to create a separate "Limitations" section in their paper.

» The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-speci cation, asymptotic approximations only holding locally). The authors
should re ect on how these assumptions might be violated in practice and what the
implications would be.

» The authors should re ect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

« The authors should re ect on the factors that in uence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

» The authors should discuss the computational ef ciency of the proposed algorithms
and how they scale with dataset size.

« If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren't acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be speci cally instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]

16



Justi cation: This paper does not involve theoretical results, assumptions or proofs.
Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justi cation: We provide detailed information on the experimental setup in Sec 4.1.
Guidelines:

The answer NA means that the paper does not include experiments.

If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of

whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken

to make their results reproducible or veri able.

Depending on the contribution, reproducibility can be accomplished in various ways.

For example, if the contribution is a novel architecture, describing the architecture fully

might suf ce, or if the contribution is a speci ¢ model and empirical evaluation, it may

be necessary to either make it possible for others to replicate the model with the same

dataset, or provide access to the model. In general. releasing code and data is often

one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurlPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with suf cient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]

Justi cation: We submit our source code in the supplementary material and provide detailed
information on the experimental setup in Sec 4.1.

Guidelines:

« The answer NA means that paper does not include experiments requiring code.

» Please see the NeurlPS code and data submission guiddiites/(nips.cc/
public/guides/CodeSubmissionPolicy ) for more details.

» While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

» The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurlPS code and data submission guidtpees (
/Inips.cc/public/guides/CodeSubmissionPolicy ) for more details.

» The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

» The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

» At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

 Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justi cation: We provide the source code in the supplementary material, detail the exper-
imental settings in Sec. 4.1, outline the training and inference details of our method in
Sec. 3.6, and further supplemented additional online inference details in Sec. A.3.

Guidelines:

» The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

 The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical signi cance

Question: Does the paper report error bars suitably and correctly de ned or other appropriate
information about the statistical signi cance of the experiments?

Answer:

Justi cation: Following previous works29, 76, 71, 13, 14, 78], we do not report extra error
bars or statistical information.

Guidelines:

» The answer NA means that the paper does not include experiments.

» The authors should answer "Yes" if the results are accompanied by error bars, con -
dence intervals, or statistical signi cance tests, at least for the experiments that support
the main claims of the paper.

» The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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» The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

» The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% Cl, if the hypothesis
of Normality of errors is not veri ed.

« For asymmetric distributions, the authors should be careful not to show in tables or
gures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

« If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding gures or tables in the text.

8. Experiments compute resources

10.

Question: For each experiment, does the paper provide suf cient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justi cation: The experiments in our method can be completed on a 3090 GPU. We also
provide the model parameters and computational complexity of the experimental results.

Guidelines:

» The answer NA means that the paper does not include experiments.

» The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

» The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn't make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurlPS Code of Ethickttps://neurips.cc/public/EthicsGuidelines ?

Answer: [Yes]
Justi cation: We strictly adhere to the NeurlPS Code of Ethics.
Guidelines:

* The answer NA means that the authors have not reviewed the NeurlPS Code of Ethics.

« If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

» The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justi cation: The broader impacts of this paper are outlined in Sec A.1.
Guidelines:

» The answer NA means that there is no societal impact of the work performed.

« If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.
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« Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake pro les, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact speci ¢
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

» The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the ef ciency and accessibility of ML).

11. Safeguards

12.

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.qg., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justi cation: Our work poses no such risks.
Guidelines:

» The answer NA means that the paper poses no such risks.

» Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety lters.

» Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

» We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justi cation: Our paper uses the open-source code assets from VAR@Rahd the public
dataset UnAV-100 [13] and LLP [54].

Guidelines:

» The answer NA means that the paper does not use existing assets.
« The authors should cite the original paper that produced the code package or dataset.

» The authors should state which version of the asset is used and, if possible, include a
URL.

« The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

20



13.

14.

15.

« If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datapetgerswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset's creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justi cation: Our paper does not release new assets.
Guidelines:

» The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

» The paper should discuss whether and how consent was obtained from people whose
asset is used.

« At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip le.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justi cation: Our paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

» The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

« Including this information in the supplemental material is ne, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

 According to the NeurlPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)

approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justi cation: Our paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

» The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

» Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.
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» We recognize that the procedures for this may vary signi cantly between institutions
and locations, and we expect authors to adhere to the NeurlPS Code of Ethics and the

guidelines for their institution.
* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scienti ¢ rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justi cation: Our method does not involve LLMs as any important, original, or non-standard
components.
Guidelines:
« The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.
» Please refer to our LLM policyhttps://neurips.cc/Conferences/2025/LLM )
for what should or should not be described.
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A Technical Appendices and Supplementary Material

A.1 Limitations and Broader Impact

Limitations  While PreFM demonstrates promising results in online audio-visual event parsing,
we identify a couple of key avenues for future exploration and enhancement. Firstly, the current
PreFM design is primarily tailored for event detection and localization. Further research can extend
its capabilities to more complex, semantically rich tasks such as video question answering or detailed
captioning, and enhance its capacity for long-range temporal reasoning, potentially through integration
with large language models. Secondly, while PreFM's predictive modeling of pseudo-future context
is a key component for enhancing online inference, the inherent nature of future prediction means
that the generated cues may not always perfectly foresee subsequent events. Although our temporal-
modality cross fusion (TMCF) (detailed in Sec. 3.3) is designed to re ne these predictions and
mitigate potential noise by leveraging cross-modal and cross-temporal interactions—with its positive
impact analyzed in Sec. 4.3— the noise may somewhat degrade performance. While TMCF offers an
initial solution, further research can be developed to enhance the reliability and effectiveness of the
future.

Broader Impact Our work on online audio-visual event parsing, using methods like PreFM, can
greatly improve real-time Al systems. However, we must think carefully about serious ethical issues
when using audio and video data. Important issues include protecting people's privacy from unwanted
watching or access, reducing unfair biases that the Al might learn from its data should be considered.

A.2 Additional Results and Analysis

Quantitative Analysis of the Pseudo-Future's Quality We evaluate them from two perspectives,

their semantic similarity to ground-truth event features, and their effectiveness in predicting future
events:Top-k Similarity AccuracyWe measure if a generated feature vector at a relative future time
step (T+1-T+5) is the Top-1 or Top-5 closest match to its corresponding ground-truth class feature
embedding, among all 100 classes in UnAV-160ture Prediction F1-ScoréWe also report the
standard segment-level F1-score for predictions made for future time steps. The results are presented
in the Table 5.

This results provides two key insights: First, the pseudo-future features are remarkably realistic. The
Top-5 Similarity Accuracy of over 94% demonstrates that the correct event feature is almost always
ranked among the top candidates. Second, these high-quality features enable strong future prediction
performance, as evidenced by the solid F1-scores.

Table 5: The quantitative results of the pseudo-future's quality.

Metric \T+1 T+2 T+3 T+4 T+5

Top-1 Similarity | 45.4 44.6 44.0 433 426
Top-5 Similarity | 95.5 953 951 94.8 943
F1 575 56.5 554 547 541

Ablation study on hyperparams The ablation study on the loss weighting hyperparametsr

shown in Table 6. The results indicate that performance diminishes at the tested extreme values
( =0:1and = 10), while the model exhibits stable and strong performance across a moderate
range (from =0:5to0 =2). Therefore, we adopt = 1 as the default setting in our experiments

for simplicity.
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Table 6: Ablation studies for hyperparams, loss weight

Seg-Level | Event-Level
F1  mAP| 05 Avg

0.1]| 583 70.8| 46.9 458
05|589 702|472 46.2
1 (591 701|469 46.3
15| 584 699|472 46.2
2 | 592 700|475 46.6
5 | 559 689]443 437
10 | 13.2 50.8| 94 95

Different feature extractors Table 7 presents the ablation study on different feature extractors, eval-
uating their impact on the performance and ef ciency of On-AVEP task. The results clearly indicate
that employing more powerful foundation models as feature extractors generally leads to signi cant
improvements in parsing performance. Speci cally, while the I3B-YGGish [24] combination

is relatively lightweight, its performance is comparatively limited. In contrast, AudioQlpgnd

CLIP [46]+CLAP [8] offer a favorable balance between performance and computational ef ciency.
Although OnePeacep] achieves the best parsing results, its substantial computational requirements
may hinder its practical deployment in real-world scenarios. Notably, the computational complexity
of our proposed PreFM module remain relatively stable and low across all tested feature extractors.
This underscores that the feature extraction stage constitutes the primary performance bottleneck and
source of computational load, directly impacting the system's online processing capabilities.

Table 7: Ablation studies for different feature extractors. a: audio extractor part, v: visual extractor
part.

Seg-Level | Event-Level| Dimensions FLOPSt
F1 mAP| 05 Avg a v a v PreFM

13D [L]+VGGish [24] | 30.7 48.7| 23.7 24.0| 128 2048 0.9G 3.5G  0.3G
AudioClip[20] | 48.0 63.6| 37.7 37.0| 1024 1024| 2.7G  54G  0.1G
CLIP [46]+CLAP [8] | 59.1 70.1 | 46.9 463 768 768 | 23.1G 77.8G 0.5G
ONE-PEACE [59] | 62.4 70.6| 522 51.5| 1536 1536| 78.8G 389.8G 0.4G

Methods ‘

Failure cases The quantitative ndings and analysis about failure cases are shown below:

Confusion Between Similar Evente analyze the events with the lowest performance and their most
common confusions in Table 8. This results reveal that PreFM struggles to distinguish between events
that are semantically or acoustically similar. We hypothesize this is because our current framework
does not explicitly incorporate a contrastive learning design to better separate the representations of
events originating from similar audio-visual sources.

Table 8: The quantitative analysis of confusion between similar events.

Event \Precision Recall F1 Most confused with

People slurping] 0.55 0.17 0.25 People eating, man speaking
People shoutin 0.42 0.19 0.27 Baby laughter, engine knocking

Performance in Dense Scen®¢e analyze the impact of event density (the number of event classes
within a video) on event-level performance in Table 9. These results show that PreFM's performance
degrade in complex videos containing a large number of distinct event classes. This suggests that
while our future modeling is effective, its bene ts are less pronounced in scenarios with very rapid
scene changes and drastic context shifts.
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Table 9: The quantitative analysis of PreFM in dense scenes.

Num events\ Event-Level Avg

1-3 0.54
4-6 0.23
>6 0.13

A.3 Additional Details

The detailed process of modality-agnostic representation re nement (MRR) For the MRR

process, we select OnePeace [59] as the pre-trained teacher model. The generation of target teacher
featured at each time stepinvolves the following steps: First, ground-truth event lalyelare
converted into textual prompts using the templaté&ah audio/visual/audio-visual event pdls 1"

These prompts are then processed by the OnePeace text encoder to yield the modality-agnostic event
features. If multiple events are active at tilpehe nal f; is computed by averaging the features

corresponding to all active event classes. Concurrently, the student model's represéﬁt’aﬁnn

prepared. We extract the audio featuf@sand visual feature’ from our model at time, speci cally
from the layer before the nal classi cation hedd ). These extracted features are subsequently

concatenated in feature dimension to form the student's representittor: Concat(f2; fY).

Speci ¢ values for focal temporal prioritization As detailed in Eq. 9 and Eq. 10, our focal
temporal prioritization are designed to emphasize predictions closer to the currert tirhide

maintaining thelgverall loss scale. This scale preservation ensures ttﬂ,at the sum of weights for the

context window, [_; | _,; We(t), equals, and for the future window, tT:Tle ws (1), equals

Ls. Table 10 presents the speci ¢ numerical values of these weights for each relative time step,
calculated with our default settings bf = 10 andL¢ = 5.

Table 10: Speci ¢ values of the focal temporal prioritization for current time ste{ 9;T])
and future prediction time stepsZ [T +1;T + 5]).

Current Future
9 T8 T7 T6 T5 T4 T3 T2 T1 T | T+l T+2 T+3 T+4 T+5

Weight value| 0.76 0.83 0.89 0.95 101 1.06 1.09 112 114 11812 110 1.03 094 081

Time step

Difference between random segment sampling and normal sampling The details of our random
segment sampling strategy are described in Sec. 3.6. In contrast, normal sampling strategy just
involves dividing a video of total lengtiiy; into a sequence & non-overlapping chunks, each

of lengthL.. For such a normal approach, the target prediction flinéor eachk-th chunk is
deterministically set to its nal time step, speci cally de ned ag = kL. 1. This means that
predictions are consistently targeted only at the very end of these xed chunks, unlike the more varied
and diverse target prediction times generated by our random segment sampling method.

Dataset modi cation for online setting For theUnAV-100 dataset13], while its original anno-
tations specify continuous time segments for events [&l® . Tstart ; Tend]), We convert these into
frame-level discrete labels for our online task. Speci cally, for any given fiend a particular
event within a video stream, a label bfndicates the event is currently occurring, whHilendicates it
is not.
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Figure 6: Visualization of the LLP dataset adaptation for the online setting. Various colored rectangles
represent video clips of different categories. Video clips are processed by random concatenation and
consistent concatenation.

TheLLP dataset$4] initially provides 11,849 10-second video clips. To adapt it for our online
evaluation setting, we concatenate 11,849 new, untrimmed video streams as shown in Figure 6. Each
new stream is created by using the original 10-second clips as its base and concatenating additional
clips. These resulting streams are speci cally constructed to achieve one of six distinct target total
durations:10 second¢representing the original clip itself20 seconds, 30 seconds, 40 seconds, 50
seconds, or 60 second&pproximately an equal number of streams are generated for each of these
six target durations.

This concatenation process employs two distinct strategies: half of the 11,849 streams are formed by
random concatenatigmandomly combining clips from different categories. This aims to simulate the
rapid and complex within-second scene variations commonly observed in current streaming content.
The other half are constructed bgnsistent concatenatipidentifying the rst event category present

in the base clip and then concatenating multiple additional clips that also contain this speci ¢ event,
thereby simulating longer videos with a consistent, ongoing event context. This approach allows
us to assess the model's adaptability to complex dynamic scenes and its capability for consistent
understanding and discrimination within extended event contexts.

Regarding other datasets: The case of LFAV The LFAV dataset25], comprising 5175 untrimmed
videos with diverse audio, visual, and audio-visual events, is designed for long-form audio-visual
video parsing and thus appears initially relevant for the On-AVEP task. However, we identify two
critical limitations that preclude its effective use with our PreFM framework.

Firstly, complete access to the original video data is restricted. Of the of cially stated 3721 training,
486 validation, and 968 test samples, our attempts allow us to retrieve only 3512, 461, and 910
samples respectively (totaling 4883 out of 5175 raw videos). The LFAV benchmark provides pre-
extracted features using VGGist¥], ResNet1821], and R3D p5]. This reliance on xed features
prevents us from employing different feature extractors or leveraging pre-trained models (such as
OnePeaceq9] for our modality-agnostic robust representation) directly on the raw video data, which

is a key aspect of our method.

Secondly, LFAV is curated under a weak supervision paradigm, offering only video-level annotations
for its training set. The absence of readily available segment-level ground truth makes LFAV
unsuitable for training critical components of our PreFM model. Speci cally, mechanisms like
our predictive future modeling and focal temporal prioritization require ner-grained temporal
supervision than what LFAV's training annotations provide, rendering it incompatible with the
training requirements for our online streaming prediction approach.

More online inference details All methods are evaluated using their of cially provided checkpoints;
for those without an available checkpoint, we reproduce the results using their of cial code. For any
prediction at timeT in online testing, only data frofato T is available.

ForOn-AVEL tasks, SOTA method4 B, 14, 78] pad the entire video beyorid + 1 with zeros as
input because these methods originally utilize the complete video, and we use this padding to ensure
a uniform input length under online settings. Our method, in contrast, does not use all available
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historical data up to T instead, it processes the segment [T L. + 1;T] as input to derive the
prediction at time T .

For On-AVVP tasks, SOTA approaches [29, 49, 76, 27, 71] employ the segment [T~ 9; T] as input,
since these methods are designed for 10-second video clips. Similarly, our method utilizes the
segment [T L.+ 1; T] as input for making predictions at time T.

Re-evaluation of efficiency metrics for fair comparison Table 11 (for the On-AVEL task) and
Table 12 (for the On-AVVP task) present side-by-side comparisons of efficiency metrics. These
include figures from our standardized re-evaluation (denoted as “Our Eval.”’) and those originally
published in the respective papers (denoted as “Reported”).

For our evaluations, we adhere to a strict and consistent protocol. The number of trainable param-
eters for all models is calculated as the sum of elements in all parameters requiring gradients (us-
ing sum(p.numel() for p in model.parameters() if p.requires_grad)). To measure
FLOPs, we consistently employ the thop library for all methods, assessing a single forward pass
(via flops, _ = profile(model, inputs=(input,))). All our efficiency tests are conducted
under identical environmental conditions to ensure reproducibility and a fair basis for comparison.

Discrepancies may be observed between our “Our Eval.” figures and the “Reported” values from
the original publications. Such differences can arise from variations in measurement methodologies,
specific versions of libraries used, or the underlying hardware and software environments. We present
both sets of values to offer a transparent perspective, respecting the data from original publications
while providing a benchmark that is directly comparable across methods under our unified testing
framework.

Table 11: Comparison of re-evaluated (“Our Eval.”) and originally reported (“Reported”) efficiency
metrics on the On-AVEL task. (“-” indicates the metric was not provided in the original paper.

Methods Params FLOPs
Our Eval. Reported Our Eval. Reported
UnAV [13] (CVPR2023) 139.4M - 52.4G -
UniAV [14] (Arxiv2404) 130.8M 130M 22.7G -
CCNet [78] (AAAI2025) | 238.8M - 721G -
PreFM 12.3M none 0.4G none
PreFM+ 36.9M none 0.5G none

Table 12: Comparison of re-evaluated (“Our Eval.”) and originally reported (“Reported”) efficiency

metrics on the On-AV VP task. “-” indicates the metric was not provided in the original paper.
. Params FLOPs

Methods Our Eval. Reported Our Eval. Reported
VALOR [29] (NeurIPS2023) 4.9M 5.IM 0.45G 0.45G
Coleaf [49] (ECCV2024) 5.7M - 0.25G 48.2G
LEAP [76] (ECCV2024) 52.0M 52.0M 1.09G 0.79G
NREP [27] (TNNLS2024) 9.6M 9.6M 1.69G 0.37G
MM-CSE [71] (AAAI2025) 6.2M 4.5M 091G 0.80G
PreFM 3.3M none 0.22G none
PreFM+ 12.1M none 0.48G none

A.4 More Qualitative Analysis

On-AVEL  Figure[7)provides further qualitative validation of our method’s on the On-AVEL task
through four distinct examples, comparing our results (“Ours”) against the state-of-the-art CCNet [[78]]
model (“SOTA”). These visualizations collectively demonstrate that our approach consistently yields
event localizations that are more aligned with the ground truth annotations compared to CCNet.
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Figure 8: More visualization results on the On-AV VP task.
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Figure 7: More visualization results on the On-AVEL task.

On-AVVP Similarly, we provide further qualitative results of our method’s on the On-AV VP task
through four distinct examples, comparing our results (“Ours”) against the state-of-the-art MM-
CSE [[71] model (“SOTA”). The visualization results are shown in Figure@ These visualizations
highlight our method’s superior performance in precisely parsing events and reducing errors compared

to the SOTA model.

This robust handling of both unimodal and multimodal event characteristics signifies a key advantage
of our approach for the online audio-visual event parsing task.
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