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Abstract

The emergence of audio-visual foundation models under-
scores the importance of reliably assessing their multi-
modal understanding. The VGGSound dataset is commonly
used as a benchmark for evaluation audio-visual classifica-
tion. However, our analysis identifies several limitations of
VGGSound, including incomplete labelling, partially over-
lapping classes, and misaligned modalities. These lead to
distorted evaluations of auditory and visual capabilities.
To address these limitations, we introduce VGGSounder,
a comprehensively re-annotated, multi-label test set that
extends VGGSound and is specifically designed to evalu-
ate audio-visual foundation models. VGGSounder features
detailed modality annotations, enabling precise analyses
of modality-specific performance. Furthermore, we reveal
model limitations by analysing performance degradation
when adding another input modality with our new modality
confusion metric. Our dataset and project page are avail-
able at https://vggsounder.github.io/.

1. Introduction

Rigorous evaluation benchmarks have been instrumental in

assessing the effectiveness of audio-visual models [33, 43,

49, 57]. Specifically, multi-modal foundation models inte-

grating visual and auditory data aim to achieve a holistic

understanding of audio-visual content. However, the field

lacks large-scale modality-aware classification benchmarks

with ground-truth annotations indicating whether each la-

bel is visible, audible, or both. Such annotations would

allow detailed evaluations of multi-modal model capabili-

ties. To address this gap, we introduce VGGSounder, an

enhanced version of the widely-used audio-visual classifi-

cation dataset VGGSound [13], which facilitates modality-

*equal contribution

Figure 1. We introduce VGGSounder, a multi-label audio-
visual classification benchmark with modality annotations. We

extend the original VGGSound test set with human-annotated

audible , visible , and visible+audible labels. We

add meta labels for common confounders, such as background

music. We benchmark eleven recent audio-visual models on

VGGSounder. It enables selective analysis of a model’s auditory

and visual capabilities on classes relevant for the queried modality.

aware evaluation of audio-visual foundation models.

VGGSound has several notable limitations. First,

its data is inherently multi-label; for instance, a sin-

gle sample may simultaneously include labels such as

playing drum kit and playing acoustic guitar

when multiple instruments are present. Additionally, evalu-

ating how different modalities contribute to model perfor-

mance becomes difficult without explicit modality anno-

tations, as some labels are either not visually present or

not audible (e.g., certain instruments might only be audi-

ble but not visible in advertisements). Moreover, overlap-

ping label classes present another challenge; for example,
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the orchestra label often coincides with labels for indi-

vidual instruments. These issues result in systematic under-

evaluation of multi-modal audio-visual foundation models.

To overcome these limitations, we present

VGGSounder, an improved benchmark inspired by similar

advancements in other domains [12, 28]. We re-annotate

the dataset to create a comprehensive multi-label classifi-

cation setting by collecting detailed annotations for each

sample, including (1) additional classes present, (2) explicit

modality annotations to label modality misalignment,

(3) metadata indicating the presence of background music,

voice-over, or static images, and (4) merging of classes to

address overlapping classes. Consequently, VGGSounder
provides a robust, foundation-model-ready benchmark

enabling structured analysis of whether models rely on

audio or visual cues. Furthermore, we include meta-labels

(e.g., background music, voice-over, or static images) to

easily filter out unreliable labels during evaluation. Util-

ising VGGSounder, we evaluate audio-visual foundation

models, demonstrating their poor performance on our

benchmark. We find that the state-of-the-art, closed-source

Gemini models consistently rely exclusively on the visual

modality. In addition to that, we measure the modality

confusion, i.e. when models get distracted by an additional

input modality, which exposes the unsuccessful merging of

modalities. These findings highlight the importance of the

audio-focused VGGSounder benchmark as a critical tool

for accurately assessing audio-visual foundation models.

We make the following contributions:

1. We illustrate limitations of VGGSound in Sec. 3.

2. We curate VGGSounder with multi-modal human an-

notations for multi-label classification in Sec. 4.

3. We evaluate state-of-the-art audio-visual models, ob-

serving differences between embedding models and

autoregressive foundation models in Sec. 5.

4. We propose new metrics to quantify the negative im-

pact of using multiple input modalities in Sec. 5.

2. Related work

Audio-visual learning Many prior works consider audio-

visual tasks that include sound source localisation and sep-

aration [3, 5, 9, 15, 27, 56, 62, 67, 75, 80, 85, 86, 90],

event localisation [50, 51, 74, 78], audio-visual question an-

swering [48, 54, 83, 84], audio-visual synchronisation [14,

23, 25, 38, 39, 42], audio synthesis using visual informa-

tion [19, 26, 31, 44, 45, 61, 69–71, 87], or audio-driven

face image synthesis [7, 40, 77]. Audio-visual data has also

been leveraged for speech-related tasks, including speech

and speaker recognition [2, 4, 59], or the spotting of spoken

keywords [58, 66].

Furthermore, the natural alignment between audio and

Dataset # Clips # Classes
Multi-
label

Modality
labels

Annotation
pipeline

Flickr-SoundNet [10] 2M - � � -

Kinetics-Sound [7] 18.8k 34 � � MTurk

AudioSet [26] 2.1M 537 � � Manual

AVE [62] 4k 28 � � Manual

VEGAS [76] 132k 10 � � MTurk

Visually Aligned Sounds [15] 13k 8 � � MTurk

VGGSound [12] 200k 309 � � Classifiers+Manual

VGGSound-Sparse [32] 7.1k 12 � � Manual

Visual Sound [66] 91k 309 � � ImageBind [30]

VGGSounder 15.4k 309 � � MTurk

Table 1. Comparison of audio-visual classification benchmarks.

video has been exploited to learn improved audio-visual

embeddings for downstream tasks [6, 10, 11, 18, 20, 21,

46, 60, 63–65, 79]. Using both modalities jointly gener-

ally leads to performance boosts over using one modality

in isolation. We examine this observation closely and aim

to evaluate the effective use of multiple input modalities for

the video classification task. To enable this, we propose —

to the best of our knowledge, the first multi-label video clas-

sification benchmark that includes per-modality annotations

for every sample (see Tab. 1).

Audio-visual foundation models Recently, multi-modal

general-purpose models have emerged that can handle di-

verse downstream tasks without task-specific finetuning –

also referred to as multi-modal foundation models. For in-

stance, images or language were used as the bridge between

modalities including audio, image, and text [30, 89]. Build-

ing on this, PandaGPT [72] leverages Vicuna [22] and Im-

ageBind’s embedding space to train a general multi-modal

model exclusively on image-text pairs. Unified-IO 2 [53]

employs universal tokenisation to process audio, video, and

text. VideoLLaMA2 [21] uses a Spatial-Temporal Con-

volution connector in the visual branch before projecting

audio and visual information into the LLM input space.

The recently introduced Ola model [52] advances omni-

modal processing through progressive modality alignment,

using video to bridge audio and visual information. The

Gemini models [73] are closed-source multi-modal models

that achieve impressive performance on diverse downstream

tasks. We use VGGSounder to benchmark the audio-visual

capabilities of the aforementioned models.

Audio-visual classification benchmarks Audio-visual

classification is distinct from general video classification

(e.g. on YouTube-8M [1]), as classes typically cover both

audible and visible actions or events. Commonly used

datasets for audio-visual classification include Kinetics-

Sound [8] sourced from the Kinetics dataset [41], Flickr-

SoundNet [11] scraped from Flickr, and AudioSet [29] and

VGGSound [13], both sourced from YouTube.

Kinetics-Sound features manual labels of human actions,

but covers only 34 classes. Flickr-SoundNet is much larger,

but only a small subset is labelled. Similarly, only a small

fraction of the roughly 2M AudioSet samples are annotated

and have aligned audio and video.
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Figure 2. Limitations of VGGSound. We show video frames from videos in the VGGSound test set along with their annotated label

(grey) to demonstrate various limitations. A. VGGSound samples are labelled with a single class, yet many videos contain multiple distinct

classes. B. Additionally, many classes partially overlap or are ambiguous. C. Some samples are labelled with classes that are not present

in one of the modalities (i.e., the labelled class is not visible or audible).

In contrast, VGGSound ensures audio-visual correspon-

dence for around 200 000 samples and was curated with an

automatic pipeline involving class-list generation, and audi-

tory and visual content verification. The visual verification

step ensures that a class is represented in the centre frame.

The VEGAS dataset [88] provides better quality as-

surances for a small subset of AudioSet with only 10

classes. Visually Aligned Sounds [16] subsamples VE-

GAS and AudioSet after human verification, and Visual

Sound [76] subsamples VGGSound using a multi-modal

embedding model, both aiming for high audio-visual corre-

spondence. Similarly, VGGSound-Sparse [37] is a subset of

VGGSound with a focus on temporally and spatially sparse

synchronisation signals (e.g., short loud noises).

Overall, VGGSound strikes the best balance between size,

generality, and annotations, making it a common bench-

mark for audio-visual classification. We update VGGSound

to sustain its usability for the development of the next gen-

eration of multi-modal foundation models.

3. Limitations of VGGSound
Since we are interested in the VGGSound dataset for bench-

marking audio-visual multi-modal models, our analysis fo-

cuses on the VGGSound test set,1 which consists of 15 446

video clips, each 10s long and labelled with one of 309

classes. We qualitatively identify several limitations of the

VGGSound annotations outlined below and in Fig. 2.

Co-occurring classes While VGGSound’s visual verifi-

cation aimed to minimise multiple classes co-occurring

in a clip, we find that most samples nevertheless

clearly contain multiple classes, see Fig. 2A. In some

cases, classes are temporally separated, e.g., show-

ing male speech, man speaking and then cutting to

1Although these issues most likely also apply to the training set.

footage of firing cannon . Most often, classes co-occur

at the same time, sometimes for the entire duration of the

video clip. Overlapping classes are often related, such

as different instruments in a band or orchestra, but can

also be entirely unrelated, e.g., donkey, ass braying

co-occurring with playing violin . As additional em-

pirical evidence, we provide a co-occurrence matrix com-

puted using CAV-MAE [33], a state-of-the-art audio-visual

model, in Appendix D.

Overlapping classes The issue of co-occurring classes

is exacerbated by many of the 309 automatically gen-

erated classes partially overlapping in their definition,

as illustrated in Fig. 2B. We found two pairs of

synonymous classes: timpani and tympani and

dog barking and dog bow-wow . Additionally, some

classes are strict subclasses of others, such as the gender-

specific versions of cattle mooing : cow lowing

and bull bellowing ; or the more specific variants

of people eating : people eating noodle and

people eating apple . Finally, several classes com-

monly appear together, such as playing snare drum

which is often played as part of a drum kit , or seman-

tically similar concepts: running electric fan and

air conditioning noise , and sloshing water

and splashing water .

Modality misalignment Despite VGGSound’s auditory

and visual content verification, we find that many of

the annotated classes are not visible or not audible, as

shown in Fig. 2C. A large fraction of videos contains

background music, voice-over and narration, or other

background sounds like bird chirping, tweeting or

cricket chirping without a visible source. Similarly,

some videos contain visible but inaudible cues for classes

like sea waves . Static images and slide shows accompa-
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Figure 3. Overview of VGGSounder. A. Most samples contain more than one label. B. More than a quarter of labels are audible but not

visible. In contrast, only a tiny fraction is visible but not audible. C. Speech and bird sounds are the most common classes; more details

can be found in Appendix B. D. Forty percent of the samples contain some combination of background music , voice over , and

static image(s) , making the classification task significantly harder.

nied by music or other sounds are other frequent sources of

misaligned modalities. Finally, some classes are misaligned

by definition: wind noise is only audible and not visible.

Overall, 48.43 % of the original VGGSound test samples

have misaligned modalities. This finding challenges the

widely held assumption that VGGSound has strong modal-

ity alignment [32, 47].

Other datasets, such as Visually Aligned Sounds, Visual

Sound, and VGGSound-Sparse (see Sec. 2) omitted samples

with misaligned modalities. In contrast, we contend that

inaudible or invisible cues are common in natural videos

and should be considered when benchmarking multi-modal

models. We, therefore, place particular emphasis on craft-

ing reliable modality annotations for all samples, allowing

users to evaluate models on samples that guarantee modal-

ity alignment, and on those where classes are only visible

or only audible (see Tab. 1).

Takeaway 1 VGGSound suffers from several issues:

class co-occurrence not captured by single labels, over-

lapping class definitions, and modality misalignment,

see Fig. 2.

4. Building VGGSounder
We propose a series of fixes for VGGSound’s issues, ulti-

mately resulting in the updated VGGSounder benchmark.

We are not the first aiming to future-proof an existing

benchmark: [12] analysed shortcomings of ImageNet [24],

ultimately proposing switching to a multi-label classifica-

tion task with additional manual labels. [28] similarly re-

annotated samples in MMLU [35, 36] to fix labelling errors.

Both works inspire our approach to improve VGGSound.

To deal with co-occurring classes, we switch to a multi-

label classification setting. This effectively handles most

overlapping class definitions: a strong model can assign a

high probability to multiple classes, even if they partially

overlap. This also allows us to ensure that synonymous

classes, as well as subclasses and their superclass, always

appear together in the ground-truth labels.

To deal with modality misalignment, we add a modal-

ity annotation to each label. For example, we can label

a video as containing people clapping in the audio

and containing playing volleyball in the audio and

video data. We also add meta-labels to indicate whether a

sample contains background music , voice over , or

static image(s) to optionally treat these cases sepa-

rately during evaluation.

We employ a pipeline similar to [12] to annotate multiple

labels per sample, which we outline below.

Collecting proposals We create a gold standard refer-

ence set by labelling a small, randomly selected subset of

VGGSound test samples with four in-house computer vi-

sion experts. The interface used for this first labelling step

is shown in Appendix A. We extend the subset until each

class is covered at least once, leading to a final size of 417

samples. Labels from different annotators are merged via a

simple majority vote.

Given the gold standard set, we want to find a solid strat-

egy for automatically generating label proposals which are

shown to the humans labelling the test set. This should have

a recall greater than 90 % while maximising precision com-

pared to the gold standard labels to produce a small set of

proposals with good label coverage. Our final strategy com-

bines predictions from several state-of-the-art models with

a manual heuristic to obtain 93% recall for an average of 30

proposals per sample, see Appendix A.

Human labelling We use Amazon Mechanical Turk to

re-annotate the entire VGGSound test set. For each

sample, we first ask annotators to indicate whether the

video contains background music , voice over , or
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static image(s) . Then, annotators are asked to indi-

cate for each label proposal whether the class is audible

and/or visible . Finally, annotators can add a class if it is

missing from the proposals. Annotators were paid the US

minimum wage; the interface used is shown in Appendix A.

We let annotators label the samples in batches of 20, each

containing two gold standard samples as catch trials. We

reject and re-annotate all batches with a catch trial F1-score

below 25%. In addition, we obtain modality annotations for

the original VGGSound labels and meta-classes. Further

details are provided in Appendix A.

Final labels We merge all obtained annotations using ma-

jority voting. Additionally, we automatically add synony-

mous classes and superclasses for a given subclass, e.g., we

add cattle mooing whenever cow lowing is in the set

of labels. The full set of classes added this way is described

in Appendix A.

Takeaway 2 We develop VGGSounder: A multi-label

video classification benchmark extending VGGSound

with human-annotated multi-labels, modality annota-

tions, and meta-labels as summarised in Fig. 3.

5. Benchmarking audio-visual models
We use VGGSounder to benchmark four popular audio-

visual embedding models and seven foundation models, and

analyse their auditory and visual capabilities.

Models We evaluate the audio-visual embedding models
CAV-MAE [33], DeepAVFusion [57], AV-Siam [49], and

Equi-AV [43]. Those were finetuned on VGGSound.

We benchmark several models from the closed-source Gem-

ini family [73] in a zero-shot evaluation protocol. Further-

more, we use LLM-assisted evaluation to evaluate the fol-

lowing four open-source autoregressive foundation models:

VideoLLaMA-2 [21], Unified-IO-2 [53], Panda-GPT [72],

and Ola [52]. All models are evaluated in three modes: us-

ing unimodal-audio, unimodal-visual, or multi-modal (au-

dio and visual) inputs. Further details about models and

their evaluation are provided in Appendix C.1.

Metrics To benchmark the models on VGGSounder, we

use multi-label classification metrics. For embedding mod-

els, all metrics are computed for the top-k predictions, with

k ∈ {1, 3, 5, 10}. In contrast, prompting foundation models

yields an unordered set of class predictions of varying size,

and we compute only a single metric using the entire set. As

a result, metrics are not directly comparable between em-

bedding and foundation models. To get a sense of their rel-

ative performance, we report metrics for embedding models

for k = 1 in the main text, matching the median number of

predictions per sample for the foundation models.

For open-source models such as VideoLLaMA-2, Ola,

Unified-IO-2, and Panda-GPT, we employ LLM-assisted

evaluation [55, 81], in which the Qwen-3 model [82] is

tasked to assess the correspondence between model outputs

and target classes. Closed-source models from the Gemini

family are evaluated by providing the full list of 309 classes

as input. Further details on the evaluation procedures and

exact prompts are provided in Appendix C.

Subset accuracy compares the predicted label set to the

ground-truth label set and reports the fraction of samples

for which they match. This is our strictest metric.

F1-score is the harmonic mean of precision and recall. It is

strictly larger than the subset accuracy.

Hit reports the fraction of samples for which any of the pre-

dicted labels are part of the ground-truth label set. This is

the most lenient metric which is strictly larger than the F1-

score. We include this metric for ease of comparison to the

“ReaL-Accuracy” used in [12].

All metrics are computed separately for each input modality

(audio, video, and audio-visual) and label modality. We use

lowercase symbols a, v, and av to indicate the input modal-

ity: audio-only, visual-only, or audio-visual inputs, respec-

tively. For label modality, we use uppercase symbols A, V,

and AV, referring to the subsets of the benchmark with au-

dible, visible, and audio-visual labels. We further include

A¬V (audible but not visible) and V ¬A (visible but not

audible) to analyze unaligned cues. For clarity, we define

shorthand notations such as a = a(A) to denote the model’s

performance on the audible subset A using only audio input.

Analogously, v = v(V ) and av = av(AV ) refer to video-

only and audio-visual performance on their respective label

subsets. Furthermore, we use micro-aggregation to balance

the contribution from each class.

We additionally measure the negative impact of using multi-

modal inputs. In particular, μ is a new metric we propose to

measure a model’s modality confusion (μ). We define it as

μM = 100 ·
∑

x∈M I[m(x)-correct ∩ av(x)-wrong]

Ntotal
, (1)

where M ∈ [A, V,A∩ V ] and their associated modality in-

puts are m ∈ [a, v], correct/wrong is determined as in the

Hit score (with k = 1 for embedding models). Ntotal refers

to the total number of samples. μ measures the fraction of

samples a model correctly classified given an input modality

but got wrong when using both modalities simultaneously.

We additionally report μA∩V as the percentage of samples a

model could solve in either modality unimodally but could

not solve multi-modally. In other words, the modality con-

fusion μ captures how frequently a model is distracted by

an additional input modality, which can indicate the unsuc-

cessful merging of modalities.

Takeaway 3 We propose a new metric, modality con-
fusion μ, that measures how frequently a model is dis-

tracted by an additional input modality; see Eq. (1).
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Subset Accuracy ↑ F1 ↑ Hit ↑ μ ↓
Model a v av a v av a(A¬V ) v(V ¬A) a v av μA μV μA∩V

Embedding Models
CAV-MAE 13.19 19.23 24.49 34.46 34.91 42.62 13.94 19.00 62.29 53.44 64.17 3.58 6.43 0.77

DeepAVFusion 10.19 11.10 21.53 25.31 21.29 37.35 10.37 10.55 45.77 32.61 56.27 3.74 3.93 0.17
Equi-AV 11.60 10.52 20.00 29.39 20.42 34.69 12.55 10.65 53.12 31.26 52.24 6.97 7.13 1.38

AV-Siam 12.79 19.75 22.83 33.30 35.41 39.43 12.90 18.21 60.19 54.20 59.36 9.36 8.80 3.58

Closed-source Foundation Models
Gemini 1.5 Flash 1.78 14.44 16.44 14.49 36.98 42.52 15.61 21.61 32.73 47.36 59.10 10.22 4.25 0.77

Gemini 1.5 Pro 3.05 20.86 22.53 19.26 49.73 53.74 17.73 22.90 35.03 69.23 75.42 2.09 4.85 0.57
Gemini 2.0 Flash 1.85 12.54 12.69 11.80 34.08 36.45 6.19 18.90 18.51 43.83 47.72 2.39 5.43 1.00

Open-source Foundation Models
VideoLLaMA 2 12.86 19.85 24.47 38.87 47.82 52.35 20.34 28.08 58.91 52.02 59.80 12.72 5.46 2.95

Unified-IO 2 11.94 11.56 25.61 35.31 27.92 48.89 21.38 16.53 54.39 31.05 65.11 8.70 5.16 1.79
PandaGPT 3.19 4.19 5.46 18.73 18.56 20.85 16.82 14.40 21.08 17.01 18.82 7.59 5.90 2.47

OLA 14.11 8.69 18.19 47.70 24.85 46.48 40.44 13.45 59.05 24.57 51.51 15.47 6.80 2.49

Table 2. Audio-visual video classification results on VGGSounder. We report multi-label classification metrics (subset accuracy, F1-

score, Hit accuracy, modality confusion (μ) for audio- a(A), visual - v(V ), audio-visual - av(AV ), audio-only - a(A¬V ) and video-only

- v(V ¬A) inputs. The embedding models CAV-MAE, DeepAVFusion, and Equi-AV were finetuned on the VGGSound training set. We

report metrics for k = 1 here and for other k in Appendix D. The closed sourced multi-modal foundation models Gemini and open-sourced

models use a zero-shot evaluation protocol and LLM-assisted protocol respectively.

5.1. Re-evaluating the state of the art
We present the benchmark performance of state-of-the-art

audio-visual models in Tab. 2.

Overall performance Unsurprisingly, all models perform

best with access to both input modalities (AV). Across

all metrics, both open- and closed-source general-purpose

models perform comparably to the purpose-built embed-

ding models CAV-MAE and AV-Siam. This indicates that

foundation models have reached — and for some modal-

ities exceeded — the performance of specialised models.

However, the embedding models finetuned on VGGSound

generally have stronger unimodal performance with audio

inputs (A) compared to visual inputs (V), which is in line

with their pretraining on AudioSet. Interestingly, this trend

is reversed for most foundation models, which seem to be

biased towards visual inputs, with unimodal video perfor-

mance (V) being substantially higher than unimodal audio

performance (A).

Takeaway 4 Foundation models perform comparably to

finetuned embedding models. Embedding models more

heavily rely on audio cues than on visual ones, while

foundation models exploit visible cues rather than audi-
ble ones, see Tab. 2.

Modality confusion The modality confusion score μ shows

that, for all models, a notable fraction of test samples

(4–11%) were misclassified when an additional modality

was included—despite being correctly classified with uni-

modal input. Furthermore, for all models, a small portion of

test samples is not solvable multi-modally even though they

were solvable in both modalities alone (μA∩V ). This in-

sight is made possible by VGGSounder’s per-label modal-

ity annotations and shows that all models are suscepti-

ble to being distracted given an additional modality. This

is a concerning issue for multi-modal models since they

should preserve unimodal capabilities when adding a sec-

ond modality. Being able to evaluate this behaviour on the

VGGSounder benchmark is a first step towards enabling the

development of mitigation strategies, eventually resulting in

stronger audio-visual models.

Takeaway 5 Our modality confusion score reveals that

all models are negatively impacted by additional modal-

ities for a substantial amount of samples (see Tab. 2).

Performance across modalities Fig. 4 shows the perfor-

mance profiles across modalities. At first glance, we can see

that VideoLLaMA-2’s performance is well balanced for dif-

ferent input modalities, while models from the Gemini fam-

ily distinctly underperform on audio inputs. In contrast, em-

bedding models exhibit a moderate balance across modali-

ties, with DeepAVFusion and EquiAV showing slight un-

derperformance for visual input.

As Fig. 4 also illustrates, profiling of this kind is enabled

through the modality annotations in VGGSounder. In con-

trast, VGGSound assumed that all classes are perceivable

in both modalities, and did not account for background

sounds. This resulted in consistent under-evaluation of

foundation models (that were not finetuned on VGGSound)

for audio inputs.
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In addition to the radar plot in Fig. 4, we provide results

on VGGSound in Appendix D, showing that all models

have substantially lower performance than their hit scores

in Tab. 2. This confirms that many model predictions were

incorrectly flagged as false positives in VGGSound due to

the incomplete ground-truth labels, painting a distorted pic-

ture of models’ limitations.

Figure 4. VGGSounder more accurately captures model per-
formance across input modalities. We show the Hit score on

VGGSounder and accuracy on VGGSound, normalised by the per-

model maximum performance on each benchmark. Specifically

for foundation models, we observe a significant difference in per-

formance between VGGSound and VGGSounder.

Takeaway 6 VGGSounder’s more complete ground-

truth labels allow for more accurate, modality-specific

profiling of model performance (see Fig. 4).

5.2. Performance analysis using meta-classes
VGGSounder includes annotations of three meta-classes for

each sample: background music indicates whether sam-

ples contain music without a visible source, voice over

similarly marks speech without a visible source, and

static image(s) flags that the visual stream consists of

one or only a few static visual frames.

These new meta-classes allow us to evaluate the model be-

haviour in challenging scenarios where information from

one modality dominates. We consider the performance dif-

ference between samples that do contain a meta-label and

samples that do not contain it. Positive numbers indicate

that the models perform better on the subset with meta-

labels. In Tab. 3, we summarise the main findings, focussing

on F1-score as the most balanced multi-label metric. Addi-

tional results are provided in Appendix D.

Background music All models perform worse on video

samples containing background music. This indicates that

it is challenging to decouple background audio from the rest

of the video. The evaluated models are not good at differ-

entiating between sound sources without visual cues, e.g.

predicting different instruments in the background music.

Voice over In contrast to background music, we observe

a clear difference between embedding models and founda-

tion models for samples with voice-over. While the au-

dio classification performance of embedding models drops

substantially. This drop is only slight for VideoLLaMA-2

and Unified-IO 2, and the performance of other foundation

models even improves. This indicates that the foundation

models are less distracted by voice-over.

Static image(s) The impact of static images is more nu-

anced: First, audio classification performance improves for

embedding models while it decreases for the foundation

models. This shows that the purpose-built, VGGSound-

finetuned embedding models can more accurately predict

specific sounds in the absence of other cues.

Second, visual classification performance on static images

drops for all models, suggesting that models rely on rich

temporal cues to make accurate predictions.

Third, the subset accuracy (i.e. exact label set matches) for

uni-modal predictions shows that foundation models per-

form better in visual than audio classification with and with-

out static images. In contrast, embedding models perform

better in audio classification on static images but worse in

visual classification for other samples. This suggests that

non-static samples form a challenging subset for embed-

ding models, where a model needs to favour one modality

over another one to make a correct prediction.

Samples without any meta-label When comparing the

model performance on samples without background music,

static images, or voice-over annotations (column neither in

Tab. 3) to the performance on the entire test set, we see a

performance gain (here negative numbers indicate an in-

creased F1 score). This finding concludes that these three

categories form challenging subsets of the dataset.

Takeaway 7 Samples with background music, static
images(s), and voice over provide distinct challenges for

each model (see Tab. 3). This highlights VGGSounder’s

value for comprehensive model evaluation.

5.3. Impact of VGGSounder labels
Our relabelling pipeline adds two types of labels to those

in VGGSound: (1) automatically generated labels based on

synonymous classes and sub-/superclasses, and (2) human-

curated labels. In Tab. 4 , we ablate the impact of each type

of added labels in terms of the relative performance gains

(Hit score). A complete breakdown of the effects across all
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background music voice over static image(s) neither

Δ F1 ΔF1 Δ F1 Sub. Acc. w/ Sub. Acc. w/o Δ F1

Model a v av a a v a v a v a v av

Embedding Models
CAV-MAE −0.66 −0.59 −0.65 −1.13 0.31 −0.28 12.73 19.22 11.98 19.21 −1.00 −1.27 −1.24

DeepAVFusion −0.71 −0.80 −0.70 −1.25 0.28 −0.18 9.79 10.81 9.30 10.81 −1.27 −1.01 −1.36

Equi-AV −0.79 −0.42 −0.41 −0.97 0.28 −0.23 11.12 10.45 10.49 10.45 −0.97 −0.97 −0.89

AV-Siam −0.73 −0.72 −0.82 −1.08 0.34 −0.26 12.34 19.53 11.57 19.52 −1.01 −1.34 −1.39

Closed-source Foundation Models
Gemini 1.5 Flash −0.22 −0.41 −0.69 2.08 −0.36 −0.25 1.66 14.35 1.68 14.39 1.40 −1.10 −1.62

Gemini 1.5 Pro −0.36 −0.61 −0.94 2.48 −0.31 −0.24 2.83 20.85 2.87 20.80 1.64 −0.89 −1.09

Gemini 2.0 Flash −0.09 −0.32 −0.58 0.03 0.13 −0.26 1.70 12.33 1.53 12.40 −0.03 −1.07 −1.22

Open-source Foundation Models
VideoLLaMA 2 −0.47 −0.72 −0.84 −0.54 0.27 −0.31 12.55 19.64 12.04 19.70 −0.47 −1.26 −1.33

Unified-IO 2 −1.20 0.18 −0.65 −0.68 0.12 −0.21 11.39 11.89 10.88 12.00 −1.07 −0.15 −1.17

PandaGPT −1.13 −0.15 −0.42 0.56 −0.22 −0.16 2.94 4.27 2.91 4.24 −0.60 −0.15 −0.65

OLA −2.16 0.09 −0.44 1.50 −0.48 −0.18 13.03 8.88 12.88 8.89 −0.80 −0.13 −0.06

Table 3. Summary of performance differences in the presence/absence of meta-classes. Difference in F1 scores (Δ F1) for audio-

visual video classification on VGGSounder between videos with a meta-class and those without it. Positive numbers (Δ) indicate better

performance when the meta-class is present. Additional results are provided in Appendix D.

Human labels ↑ Auto labels ↑
Model A V AV A V AV

Gemini 1.5 Flash 29.28 14.59 16.36 0.48 0.93 1.51

Gemini 1.5 Pro 28.61 25.52 27.63 0.31 1.99 2.10

Gemini 2.0 Flash 8.80 12.16 11.13 0.22 1.12 1.28

Table 4. Impact of added labels using different strategies in
VGGSounder. We show the change in multi-label classification

performance (Δ Hit) when adding automatically added (Auto) or

human-annotated (Human) labels to VGGSound, and compare to

the original VGGSound data.

models and metrics is provided in Appendix D. While per-

formance is consistently higher with automatically added

labels (Auto), the increase is noticeably smaller than that

for human-curated labels. Paired with the observation that

models do frequently predict correct classes that were not

part of the original VGGSound label set, this indicates that

human-curated labels better cover the ground truth.

Takeaway 8 Automatically added labels are an impor-

tant step, but human-curated labels have a bigger effect

on eliminating incorrectly flagged false positives, under-

scoring the value of accurate human annotation.

6. Discussion

Choice of VGGSound as base dataset VGGSound is com-

monly used to evaluate audio-visual models on the multi-

modal video classification task. As it is currently the most

suitable testbed for audio-visual classification tasks (due

to its size, diversity of categories, non-constrained setting,

and relatively strong audio-visual correspondence), it serves

as an optimal starting point for our substantially improved

VGGSounder benchmark with a multi-label evaluation pro-

tocol for foundation models that makes the benchmark suit-

able for meaningful evaluation.

Multi-label vs single-label classification Video content is

inherently complex, often containing multiple co-occurring

objects and actions both within and across modalities. This

makes it unlikely that a given clip belongs to just one class

as is the case in the single-label classification task. There-

fore, our VGGSounder extends the VGGSound test set to

multi-label classification. Unlike models trained on a nar-

row single-label dataset, foundation models develop versa-

tile representations. Multi-label evaluation thus also aligns

very naturally with this capability.

7. Conclusion
We introduced an modality-aware evaluation set for audio-

visual foundation models. VGGSounder builds on the

widely used VGGSound dataset by adding: (a) comprehen-

sive human annotations for missing classes, (b) specifying

modality information per label, (c) introducing specialised

meta-labels for frequently occurring real-world challenges,

and (d) using heuristic methods to improve label quality.

Through our newly introduced metric, modality confusion,

we observe that incorporating additional modalities does

not necessarily yield better results. Models often become

more confused on a substantial subset of test samples. Fur-

thermore, finetuned embedding models tend to rely heavily

on audio cues, while foundation models depend more on

visual information. Additionally, our meta-label analysis

highlights distinct challenges across various specialised yet

commonly occurring scenarios such as background music,

static images, and voice-overs. Overall, we hope that the

VGGSounder benchmark will advance the evaluation and

development of foundational audio-visual models.
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