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Abstract

We propose a novel self-supervised embedding to learn
how actions sound from narrated in-the-wild egocentric
videos. Whereas existing methods rely on curated data
with known audio-visual correspondence, our multimodal
contrastive-consensus coding (MC3) embedding reinforces
the associations between audio, language, and vision when
all modality pairs agree, while diminishing those associa-
tions when any one pair does not. We show our approach
can successfully discover how subtle and long-tail human
actions sound in egocentric video, outperforming an array
of recent multimodal embedding techniques on two datasets
(Ego4D and EPIC-Sounds) and multiple cross-modal tasks.

1. Introduction

Human activity often produces sounds. Closing a door, chop-
ping vegetables, typing on a keyboard, talking with a friend—
our interactions with the objects and people around us gener-
ate audio that reveals our physical behaviors. These sounds
can be strongly associated with the subjects of our activity
and how we perform it. For example, opening a water bottle
sounds different than opening a cabinet; chopping sweet
potatoes sounds different than chopping onions; chopping
onions sounds different than mincing onions (the same ob-
ject). Understanding the link between sounds and actions is
valuable for a number of applications, such as multimodal ac-
tivity recognition, cross-modal retrieval, content generation,
or forecasting the physical effects of a person’s actions.

How should AI learn about sounding actions? Exist-
ing work typically curates annotated datasets for supervised
learning [9, 22, 28, 45], taking care to select events or actions
that have associated sounds (e.g., lawnmowing, chopping),
while others deliberately collect videos of object collisions
(e.g., striking objects with a drumstick [43] or crashing into
them with a robot [10, 17]), or develop physics-based simula-
tions [16]. On the one hand, these approaches are appealing
for their ability to focus on meaningful audio-visual corre-
spondences. On the other hand, their curated nature risks
limiting the scope of sounding actions that can be learned.

Action: C digs the 
soil with a hoe.

Action: C moves a 
metal cutting machine 
with hands.

Does the action sound?

Does the action sound?

Figure 1. We aim to distinguish sounds that are directly caused
by human actions (bottom) from those that are not (top). Given
egocentric training videos with language descriptions of the camera
wearer’s (“C") current action, we learn an embedding where the
audio and visual features of any given clip are best aligned only
when both are also consistent with the language. This allows
discerning clips where the audio and vision may be correlated (e.g.,
the cutting machine running making loud noise in top row) versus
those where the sounds are driven by human action (digging in
bottom row)—importantly, without language at inference time.

Instead, we aim to learn how human actions sound from
narrated in-the-wild egocentric videos. See Figure 1. Given
a pool of videos of everyday human activity, the goal is to
learn a cross-modal representation where sounding actions
cluster together based on how they look and sound. By sam-
pling the videos freely, we can broaden the scope to discover
the breadth of sounding actions without having to rely on a
closed, pre-defined set of action categories. In particular, by
focusing on unscripted egocentric video from wearable cam-
eras in daily-life settings [11, 26], we aim to include subtle
and long-tail scenarios unavailable in curated datasets, such
as sounds of keys jangling when unlocking a door, scissors
snipping when cutting the dog’s fur, or fingernails scratch-
ing on one’s own arm. Egocentric video is a particularly
attractive source here because 1) human interaction sounds
are more audible in near-field egocentric recordings and 2)
passively captured long-form ego-video simply covers more
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Figure 2. Main idea. On the left, the Venn diagram illustrates different ways audio (A), video (V ) and language (L) modalities can overlap
in the content they capture. C refers to the camera wearer. Regions II,III,IV are information that is only shared between two modalities but
not the third, e.g., the racing game in 1⃝ where the game sounds correlate with the vision, yet are not about the camera wearer’s described
action (using hands on laptop), the lifting action in 3⃝, where the visuals and language agree but the action is inaudible, and the invisible
talking action in 4⃝, where talking is heard and described, but the camera wearer cannot be seen speaking. Region I is the information that
corresponds to all modalities agreeing, e.g., the visible and audible plastering action in 2⃝. Our model’s “align" phase detects any such
(dis)agreements via pairwise contrastive learning on the modalities. In the “refine" phase, we use the intersection of that agreement (region I)
to refine the embedding. For example, on the right, we show what the three modality embeddings should look like after the “align" stage for
examples 1 and 2. Embeddings of instances where all modalities agree will be closer in the embedding space and apart otherwise. In other
words, for example 1, yellow (video) cannot be close to blue (audio) unless green is too (language).

everyday sounds, including the rare ones.
However, the learning task is challenging because some

visible actions do not make any sound, and some sounds
are the result of off-screen actions. Finally, other sounds
may be correlated with on-screen objects (such as traffic
noise and a city street), but are not directly related to the
video by a salient and visible camera wearer action. For
this reason, although existing self-supervised audio-visual
methods [3, 5, 6, 20, 23, 33, 35, 42] are good at detecting
audio-visual correspondences, they tend to capture general
correlations rather than the action-specific correspondence.

To address this challenge, we propose a novel multimodal
consensus embedding approach. Importantly, we suppose
the in-the-wild egocentric training videos are accompanied
by free-form natural language descriptions describing the
actions of the camera wearer, as provided in the “narrations"
of existing large-scale ego-video datasets [11, 26]. The main
idea is to seek video samples where there is semantic agree-
ment between all three modalities—the audio, visual, and
language—while distancing those that do not. This intersec-
tion of the modalities with language assures that correspon-
dences in the audio and visual streams stem from alignment
on the sounding action.

To achieve this, the proposed model first aligns a pre-
liminary embedding from contrastive losses imposed per
instance on each pair of modalities. Next, we refine those em-
beddings with a consensus objective that targets a minimum
(bottleneck) pairwise similarity. The latter pushes all pairs
of inter-modality agreement towards this consensus—or lack

thereof—while jointly continuing to optimize the paired-
modalities’ contrastive losses. In this way, we overcome
the simplifying assumption made by existing multimodal
embeddings that require all modalities to agree [1, 23, 55].
See Figure 2.

We demonstrate our approach by training with in-the-
wild data from Ego4D [26] without audio labels and testing
on both Ego4D and EPIC-Sounds [28]. To allow a for-
mal large-scale evaluation of sounding actions, we intro-
duce a dataset of professional annotations on 33K video
clips spanning Ego4D. Our model successfully discovers
sounding actions that agree with ground truth labels on
both datasets. Compared to existing multimodal embed-
ding paradigms [14, 23, 35, 55], our model not only better
discovers sounding actions and learns embeddings for cross-
modality retrieval, but also generalizes to the audio classi-
fication benchmark on EPIC-Sounds. To our knowledge,
this is the first result of its kind to show sounding actions
discovered organically from narrated in-the-wild video. We
will release the data and code for our models.

2. Related Work

Action/interaction/impact sound. Some work [21, 30,
40] leverages audio to improve activity recognition on video
datasets such as UCF101 [52] and ActivityNet [15], which
have visual labels but no audio labels. Existing audio
datasets such as AudioSet [22] and VGG-Sound [9] target
general sound classes such as music, speech, and sports.
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EPIC-Sounds [28] provides an audio classification bench-
mark for actions in kitchen environments, but it has no la-
bels for the correspondence between the visual action and
the sound. The Greatest Hits dataset [43] contains videos
where people hit and scratch object surfaces with a drum-
stick, which enables audio synthesis from videos. Interaction
sound has also been studied in robotics, e.g., using a robotic
platform to collect sounds and study the synergy between
action and sounds [10, 17]. Impact sounds are modeled in
a physics-based simulator [16]. Existing work assumes a
fixed, given taxonomy of action classes or audio labels of
interest. In contrast, we learn how actions make sounds from
in-the-wild narrated egocentric videos, without relying on a
taxonomy of discrete labels for the audio events.

Audio-visual learning. As naturally co-occurring data,
there are rich correspondences between video and audio,
such as spatial correspondence [18, 29, 38], acoustic corre-
spondence [8, 51], semantic correspondence [5, 6], and lip
motion [19, 49]. Existing work typically either learns one
type of correspondences by manually creating misalignment,
e.g., shifting audio temporally to create temporal supervi-
sion [5, 33, 42] or down-mixing audio channels to create
spatial supervision [18, 38], or it picks up any correspon-
dence that emerges from the learning process [37, 39] (e.g.,
actions, objects, environments). In contrast, we aim to learn
action-specific correspondence by leveraging the semantic
grounding from human narrations.

Language+X learning. Language can provide semantic
grounding for what we see or hear. Prior work exploring lan-
guage with another modality includes image/video caption-
ing [57], visual question answering [4], and audio caption-
ing [36]. Recent results with large-scale image-text datasets
show that language is excellent for guiding the learning of im-
age features (such as CLIP [47]), video features [34, 59], or
audio features [27]. However, there is limited work studying
binding language to more than one modality, as we propose.
Some recent work [1, 58] explores self-supervised learning
with language, vision, and sound, where the language is
typically the transcription of the audio. They construct self-
supervised objectives under the assumption that modalities
agree with each other. In contrast, we use language that is
different from the speech transcription and we also explore
modality agreement in training.

Multi-modal/view representation learning. Recent work
builds multimodal models using more than two modalities
(e.g., audio, video, and language) for improving the repre-
sentations of one modality [1, 2, 50], while others explore
modality-invariant or view-invariant features [23, 53, 55].
For example, ImageBind [23] binds the visual features with
other modalities in sequence, while CMC [55] proposes a
contrastive multi-view loss that maximizes the mutual infor-
mation between different views of the same scene. These

methods assume there exists shared information among all
modalities, which does not address how to find these exam-
ples. Our method implicitly discovers the shared information
by leveraging the multimodal consensus, or lack thereof.

3. Task Formulation
We define a sounding action as a human-initiated action that
produces sound during its execution due to interactions with
the surrounding environment. We are particularly interested
in learning how subtle and long-tail daily human actions
sound. If hypothetically we were given a clip with audio
a, video v, and label y indicating whether the clip contains
a sounding action, our objective would be to minimize the
distance between audio-visual embeddings if y = 1 and max-
imize the distance between them if y = 0, i.e., minimizing
(−1)yD(ea, ev), where D measures the distance and ea,v are
their embeddings. However, we do not assume access to any
such direct supervision; labeling sounding actions is expen-
sive, both because many actions do not produce sounds, and
because many clips do not contain actions. Instead, we aim
to discover sounding actions in a weakly supervised fashion,
while simultaneously learning multimodal embeddings that
capture them well.

To this end, we leverage “narrations", a form of lan-
guage description that is collected in recent egocentric video
datasets such as EPIC-Kitchens [11] and Ego4D [26]. These
narrations are timestamped free-form sentences describing
the current action being performed by the camera-wearer.
See Figure 2 for examples. Note that there may be other
events in the video, too (e.g., a TV is playing), but these are
not narrated. This is significant: the language specifically
addresses near-field human interactions with objects, people,
and the environment. The narrations offer two key benefits:
1) the timestamps provide temporal grounding of actions that
occur in the video, indicating where potentially interesting
clips are and 2) the language provides semantic grounding of
actions—which our multimodal consensus idea will exploit
to learn action-specific audio-visual correspondence.

Formally, given a video with frames v ∈ RT×H×W×C ,
audio a ∈ RS , and language narration l, where T and S are
the number of frames for video and audio respectively, the
goal is to learn embeddings ev and ea that are close in the
embedding space if both a and v capture the same human
action described in l, and distant otherwise. If we plot how
the three modalities overlap in a Venn diagram (Figure 2),
we can see that what we are interested in learning is exactly
region I, i.e., a camera-wearer action that sounds. From an
information-theory perspective, this is equivalent to learning
modality-invariant embeddings.

4. Multimodal Contrastive-Consensus Coding
Next we present our solution MC3 (Multimodal Contrastive-
Consensus Coding) for learning modality-invariant embed-
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Figure 3. Multimodal contrastive-consensus loss. (a): Given
three modality embeddings eti , e

t
j , etk, multimodal contrastive cod-

ing pulls each pair of modalities closer while pushing modality
pairs from another sample further away. (b): However, not all
modalities agree on how close they should be depending on the
instance. Thus we set the furthest distance a feature has with re-
spect to the anchor feature as the consensus and push the remaining
embeddings away to meet this consensus.

dings, which consists of an inter-sample contrastive loss and
an intra-sample consensus loss. See Fig. 3. We first present
the two-stage training framework in Sec. 4.1 and then dis-
cuss the two losses in Sec. 4.2 and Sec. 4.3. For simplicity,
we denote the n input modalities as Mi, i ∈ [1, n].

4.1. Align-Refine Two-stage Training

We design a two-stage training paradigm. The high-level
idea is to first optimize the pairwise agreement in an “align"
stage, and then refine these embeddings with global consen-
sus in the “refine" stage. See Fig. 2.

In the first stage, we train modality encoders with a con-
trastive loss Lcontrastive, which guides modality embeddings
to have a good initial alignment that captures the pairwise
similarity between modalities, as opposed to random initial-
ization.

In the second stage, we refine the pairwise-aligned em-
beddings with a globally established consensus. We train
the model with a consensus loss Lconsensus that pushes all
inter-sample modality agreement towards this consensus,
while jointly optimizing the contrastive loss Lcontrastive, to
maximally capture the shared information across modalities.
The MC3 loss LMC3 combines the contrastive and consensus
losses, and will be detailed below. We confirm experimen-
tally that it is important to keep the contrastive loss in the
second stage, although the main purpose of this stage is to
refine embeddings with consensus.

4.2. Multimodal Contrastive Coding

Cross-modal contrastive learning has been shown to discover
representations where modalities are informative of each
other [39]. Prior work [46, 56] shows that minimizing the
contrastive loss between Mi and Mj maximizes the lower
bound on the mutual information I(Mi;Mj). Inspired by
this, we first use contrastive learning to optimize the pairwise
similarities S(ei, ej) = eiej , where ei,j is the latent embed-
ding normalized on the unit sphere for modality pair i, j.

We use the InfoNCE [41] loss to optimize each individual
S(ei, ej) as follows:

Li,j = − 1

|B|
∑
t∈B

log
exp(etie

t
j/τ)∑

l∈B exp(etie
l
j/τ)

, (1)

where B is the batch and τ is the temperature. This loss treats
modalities from the same sample as positive pairs and pulls
them closer and it treats modalities from different samples
as negative pairs and pushes them apart. See Fig. 3 (a). The
total loss is the sum of losses enumerated over all pairs of
modalities, i.e., Lcontrastive =

∑
i,j Li,j .

4.3. Multimodal Consensus Coding

The contrastive loss above attempts to bring all temporally
co-occurring modalities closer assuming there are strong
correspondences among them in the input space. However,
naively doing so would be problematic for instances where
not all modalities agree (cf. Figure 2). To tackle this issue,
we propose a novel objective that leverages the consensus
of inter-sample modalities discovered from the contrastive
coding as additional supervision.

First of all, we choose an anchor modality Ma, which
serves as the point of comparison for other modalities
Mi, i ∈ [1, n], i ̸= a. With the normalized embedding eti of
modality i and sample t, we then compute the cosine similar-
ity score between each non-anchor modality and the anchor
modality. Now, these similarity scores may or may not agree
with each other. To only learn embeddings shared across
all modalities, we set the consensus score as the minimum
(bottleneck) score:

ct = K−1(min
i,i̸=a

(K1(e
t
1e

t
a), ...,Kn(e

t
ne

t
a))), (2)

where Ki(x) = ((x + 1)/2)αi , x ∈ [−1, 1] is a modality-
specific scaling function that first maps scores to [0, 1] and
then adjusts the distribution with a tunable parameter αi.
K−1 is the inverse function that maps the scaled score back
to the original space. The intuition behind Ki(x) is that
different modalities carry different amounts of information
and we want to normalize the score distributions among the
different modality pairs, making them comparable.

The consensus score ct is high if and only if all pairwise
scores are high, and it is low if there exists at least one
modality that does not agree with the anchor modality. After
obtaining the consensus score, we design a loss that forces
all modalities to follow this consensus, as follows:

Lconsensus =
1

|B|
∑
t∈B

∑
i,i ̸=a

||etieta − ct||2 (3)

The total loss LMC3 is the sum of the contrastive loss
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(Eq. 1) and the consensus loss (Eq. 3):

LMC3 = − 1

|B|
(
∑
t∈B

∑
i,j

log
exp(etie

t
j/τ)∑

l∈B exp(etie
l
j/τ)︸ ︷︷ ︸

Inter-sample

−
∑
i,i̸=a

||etieta − ct||2︸ ︷︷ ︸
Intra-sample

),

(4)

which pushes embeddings with a low consensus score apart
while pulling together embeddings with a high consensus
score, and thus aligns embeddings better in the joint embed-
ding space. See Fig. 3.

Optimizing this loss is not trivial since it has both con-
trastive and reconstruction objectives. Indeed, directly opti-
mizing the loss does not work well as shown in the ablation
study (Sec. 6.1). The proposed two-stage training paradigm
(Sec. 4.1) helps train the model stably.

4.4. Implementation Details

Our modalities of interest are M1 = A (audio), M2 = V
(vision), and M3 = L (language). There are six pairwise
contrastive losses for three modalities. When computing the
modality consensus, we empirically find using audio as the
anchor leads to the best results in our task (cf. Sec. 6). We set
the scaling parameters αl and αv to 1 and 0.5 respectively,
based on a hyperparameter search on the validation set. See
ablations in Supp.

For extracting the feature representations, we use TimeS-
former [7] as our video encoder, DistillBERT [48] as our
text encoder, and AST [24] as our audio encoder. We initial-
ize the video and language encoders with embeddings from
[34], and the audio encoder with embeddings pretrained on
ImageNet [13]. We train all encoders. We choose these
initial encoders due to their good results in the literature;
however, our MC3 loss is not specific to the choice of these
encoders and others could be swapped in.

We train all models on 8 A40 GPUs with a learning rate
of 3e−5 and batch size of 256 for 5 epochs, and take the final
checkpoint for evaluation. We use the Adam optimizer [32].
Our implementation is based on the codebase from [34].

5. Training and Eval Data for Sounding Actions
Dataset. Ego4D [26] is a large-scale egocentric video
dataset that has more than 3,600 hours of video recordings
depicting hundreds of daily activities—and 2,113 of those
hours have audio available. As discussed, it also has time-
stamped narrations that are free-form sentences describing
the current activity performed by the camera-wearer. How-
ever, Ego4D has no annotation of whether an action makes
sounds, what sounds an action makes, or whether there exists
other (non-action) sounds. It is thus non-trivial to detect if

Wash Close Cut Drop Stir Wipe Rub Touch Lift Hold

0.90 0.82 0.77 0.64 0.64 0.53 0.39 0.27 0.19 0.09

Table 1. Example verb groups and how frequently they sound

an action in the clip makes sound based on simple heuristics,
e.g., the burst of sound energy, since many actions could pro-
duce continuous sounds with ambient-sound characteristics,
e.g., wiping tables or sawing wood.

We construct the training dataset by extracting clips from
each Ego4D video based on the narration timestamps. These
clips cover a wide range of daily activities and environments,
including construction sites, cooking, arts and crafts, shop-
ping, farming, and many others. Since the timestamp is only
an approximate point for where an action occurs, we sample
the clip from 0.5 s before to 1 s after the timestamp (1.5 s
duration) so that the clip is likely long enough to capture the
action sound, if there is any, without introducing visuals that
stray from the narrated action. See ablations on the duration
in Supp. We sample a training set of 250K clips from 1,876
hours of video. From their narrations, we find there are 6,114
unique nouns (objects) and 2,819 unique verbs (actions).

Ground truth annotations for evaluation. Today’s ego-
centric video datasets lack annotations for sounding actions.
Thus, to determine how well our model learns long-tail
sounding actions and facilitate future research, we collect a
large ground truth evaluation set using professional annota-
tors trained for the task. It consists of 33K clips manually la-
beled as to whether or not the camera wearer’s action sounds
in the clip, i.e., indicating whether the action described in
the narration is both visible and audible in the clip.

To ensure annotation quality, in addition to providing
concrete examples and annotation guidelines (see Supp.) and
iterating with quality control feedback to the professional
annotators, we assign three annotators per clip and take
the majority vote as the correct answer. We split the 33K
obtained annotations into 3K for validation and 30K for
test. We stress that this is an eval set only; our training data
(above) has no manual labels about sound, only free-form
language narrations.

Action analysis. In total, among the 33,000 resulting
ground truth clips, 17,693 are positive and 15,307 are neg-
ative. To gain insight into the annotations, we group them
by semantic similarity and analyze them at a group level.
While narrations provide semantic descriptions of actions,
using them for grouping would be too noisy since the same
action could be described in different ways. To reduce the
influence of narration variance, we utilize the taxonomy
defined in Ego4D. For example, “check", “examine", and
“inspect" should belong to the same group (taxon). We first
group these clips by verb alone, i.e., extracting verbs from
narrations and then applying the taxonomy, which results
in 106 unique groups. We then compute the percentage

5



Wipe countertop
Pour dirt 

Scratch head
Paint wood

Figure 4. Long-tail distribution of sounding actions.

of clips in each group that make sounds. Tab. 1 shows 10
examples. We see that actions involving more significant
human motions (wash, close, cut) are more often sounding,
whereas more subtle movements (lift, hold) are often not.
Importantly, there is not a one-to-one mapping between an
action verb and its sounding label—how actions sound is
scenario-dependent and hence must be mined from the data.

While grouping by verbs provides some insights, how
actions make sounds also depends on the object that they
interact with, e.g., cutting a carrot sounds different from cut-
ting bread. To this end, we further group the 17K sounding
clips by both verbs and nouns, which results in 2,388 unique
action groups. We plot the long-tail distribution of them in
Fig. 4 and show examples sampled from this distribution.
This plot shows the diverse and long-tail nature of the actions
and our test set annotations, which is not present in existing
action datasets [10, 15, 17, 28, 43, 52].

6. Experiments
We compare our model with several baselines and ablations
on three tasks: sounding action discovery, sounding action
retrieval (both on Ego4D), and audio event classification (on
EPIC-Sounds). We show our model outperforms an array of
existing learning methods.

SotA Baselines. We consider two baselines that only use
a contrastive loss for two modalities, i.e., CLAP [14] for
audio-language and CM-ACC [35] for audio-video. For
more than two modalities, we consider two more baselines:
CMC [55] uses contrastive objectives between all pairs of
viewpoints (modalities in our case), representing the joint
training paradigm; ImageBind [23] learns the joint embed-
ding by first performing vision-language pretraining and
then freezing the vision encoder and training the vision-
audio modality pair. This represents strategies that align
modalities sequentially. For a fair comparison, we equip all
baselines with the same encoder and the same initialization
as ours (see Sec. 4.4) while keeping their losses original.

6.1. Sounding Action Discovery

Human interactions with objects in our daily lives are com-
plex and subtle. Due to many incidental background sounds,
recognizing whether actions make sound is not trivial but can
be useful for applications like multimodal video generation,
e.g., verifying the generated action video and audio match.

AV AL
ROC PR ROC PR

Random ✗ ✗ ✗ 0.500 0.559 0.500 0.559
CLAP [14] ✓ ✗ ✓ - - 0.637 0.695

CM-ACC [35] ✓ ✓ ✗ 0.540 0.590 - -
CMC [55] ✓ ✓ ✓ 0.550 0.601 0.635 0.693

ImageBind [23] ✓ ✓ ✓ 0.554 0.605 0.642 0.685

w/o Lconsensus ✓ ✓ ✓ 0.563 0.615 0.635 0.694
w/o Lcontrastive ✓ ✓ ✓ 0.436 0.493 0.584 0.620

w/o align-stage ✓ ✓ ✓ 0.448 0.507 0.464 0.521
MC3 ✓ ✓ ✓ 0.598 0.666 0.658 0.715

Table 2. Sounding action discovery. Area-under-curve (AUC)
values are reported for both ROC and precision-recall (PR) curves.
Both are the higher the better. We train our model five times with
different seeds; the standard deviation is always within 0.01.
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Figure 5. Precision-recall curves.

Figure 6. Our model’s clustered visual embeddings

Towards this goal, we answer the question “what actions
sound?" by performing sounding action discovery. In this
experiment, we take the per-modality encoders learned on
the narrated 250K Ego4D clips and apply them to the 30K
test clips. Given a test clip, we feed the video and audio
through their corresponding modality encoders, and com-
pute the cosine similarity between the output embeddings.
That score indicates how likely it is that the action in the
video sounds. For completeness, instead of defining a hard
threshold for positives, we plot the ROC and precision-recall
(PR) curves by varying the positive threshold, and calculate
the area-under-curve (AUC) values for them, which are in-
variant to the absolute score values and common metrics
for classification [12, 54]. For both metrics, higher values
are better, indicating the model learns meaningful embed-
dings of sounding actions. Similarly, we can also evaluate
discovery for audio-language, if narrations are available.
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Results. Table 2 shows the results for sounding action dis-
covery. We first look at discovery with audio-visual modal-
ities alone at test time (“AV " columns). CM-ACC [35]
discovers sounding actions much better than random chance,
showing that audio-visual contrastive learning captures both
visual action embeddings and action sound embeddings.
CMC [55] and ImageBind [23] do better—benefiting (like
us) from the language modality at training time. However,
neither the joint nor sequential training paradigm exploits
modality agreement, resulting in weak cross-modal con-
straints, and thus only marginal performance improvement.
In comparison, our model MC3 explicitly models the modal-
ity consensus and improves the discovery result substantially
by learning embeddings most relevant to sounding actions.

We also report the discovery result from using audio-
language modalities (“AL" columns). Since narrations pro-
vide action specifications, the discovery performance is bet-
ter than AV , e.g., CLAP [14] vs CM-ACC [35]. While
CMC’s [55] and ImageBind’s [23] joint training results are
not much better than CLAP [14], our model improves the
“AL" discovery by leveraging the video modality and impos-
ing the trimodal consensus constraint.

Fig. 5 plots the precision-recall curves.. For the audio-
visual curve, our model always has higher precision com-
pared to baselines, especially when recall is low. This is
strong evidence of our model learning features of sounding
actions, whereas baselines are limited to capturing general
audio-visual correspondence—whether action-based or not.
We observe a similar trend for audio-language discovery.

Ablations. To study the importance of each loss and the
two-stage training, we first ablate the consensus loss in the
second stage (“w/o Lconsensus" in Table 2), which trains the
model contrastively for both stages. The model performance
drops significantly, showing that exploring the modality con-
sensus is key to learning how actions sound. We then ablate
the contrastive loss in the second stage (“w/o Lcontrastive"),
which harms performance even more. This suggests that
Lconsensus functions like a regularization term that forces the
Lcontrastive to learn sounding action embeddings. Lastly, we
ablate the two-stage training strategy by removing the align
stage (“w/o align-stage"), which optimizes LMC3 directly;
this model fails badly. Aligning embeddings first is critical
to making MC3’s training stable.

Clustering. To visualize the learned embeddings, we
group video embeddings in the test set with agglomerative
clustering into 20 clusters. Fig. 6 shows the top 8 examples
of one cluster (more in Supp.). This cluster clearly captures
the sound of water running. Not only does it group videos
with similar actions that make this sound, but also it shows
the learned embeddings are agnostic of the background, e.g.,
the bathroom example.

V→A A→V L→A A→L
@5 @10 @5 @10 @5 @10 @5 @10

Random 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
CLAP [14] - - - - 49.8 87.6 34.0 67.1

CM-ACC [35] 34.6 63.5 30.9 57.7 - - - -
CMC [55] 36.5 67.9 33.8 63.7 44.1 81.8 32.8 64.3

ImageBind [23] 32.8 61.5 29.7 57.9 42.6 76.5 30.6 60.5

w/o Lconsensus 33.9 63.0 30.0 56.1 45.0 84.7 32.9 65.8
w/o Lcontrastive 3.3 3.7 6.4 12.5 3.1 4.7 3.3 8.0

w/o align-stage 10.0 19.4 5.9 11.8 11.6 20.9 6.5 12.6
MC3 38.4 72.8 34.4 66.3 46.2 88.5 37.5 73.8

Table 3. Sounding action retrieval. We report Recall @5 and @10
for different query-retrieval modalities. See R@1 results in Supp.

6.2. Sounding Action Retrieval

Retrieving a different modality given an action video, audio,
or description is another useful application, such as adding
sound effects to silent videos or retrieving captions for action
sounds. To explore this setting, we answer the question “how
do different actions sound?" by evaluating the cross-modal
retrieval performance of long-tail sounding actions that are
in the same category. Different from the binary classification
task above, here we aim to retrieve other examples of the
same action. To do this, we utilize actions groups constructed
in Sec. 5 based on verbs and nouns, and only keep groups
that have more than two instances of sounding actions (such
that there will be at least one true positive to retrieve for
each query). We then divide each action group equally into
a query pool of 7,559 examples and a retrieval pool of 7,032
examples. Given a query modality Mi of instance A, we
compute its distance to other modalities Mj of all instances
in the retrieval pool. A retrieval is correct if the retrieved
instance B and A belong to the same action group.
Results. Table 3 shows the results for four different query-
retrieval modality settings. For audio-visual retrieval, we
observe that all models can retrieve video with audio (or
audio with video) for similar actions with much higher recall
than random chance. Our model strongly outperforms the
baselines and ablations, benefiting from modeling the modal-
ity consensus explicitly. We also observe that retrieving
audio with video is easier than the opposite, likely because
audio can be vague sometimes, e.g., a collision sound might
occur due to various actions while seeing a cutting action
indicates more clearly the likely sound. For audio-language
retrieval, our model similarly outperforms the baselines by
large margins.
Different anchor choices. We also experiment with using
video or language as the anchor modality, and find that using
audio leads to the best result. See details in Supp.
Qualitative examples. In Fig 7, we show examples for
video-to-audio and audio-to-language retrieval. While these
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C drops the knife on 
the chopping board

1C puts down the 
knife

C holds the plant 
upright

1C holds the plants 
with the sisal fiber

C puts belt on the 
table

5C places the belt 
on a display table

C moves the clothes on the hanger rail

3C moves clothe on 
the hanging stand

C grates the coconut with a grater stool

1C grates the 
coconut with the 
grater in the bowl 
on the table

C puts the card on the table

4C puts cards down

V 
->
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A 
->
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 re

tr
ie

va
l

Figure 7. Qualitative examples for retrieval. The first row is video-to-audio retrieval, motivated by adding audio effects for silent videos. The
second row is audio-to-text retrieval, motivated by audio captioning applications. For each row, we show three correct retrieval examples
along with their text (gray indicates the text is not observed by the model). For the retrieved item, we show the rank as the superscript. All
examples are long-tail sounding actions, showing how our model learns to capture the features of how actions sound.

actions are subtle, our model retrieves audio or captions that
are very relevant. Listen to these examples in Supp. video.

6.3. Audio Classification on EPIC-Sounds

Finally, we evaluate our learned representation on a standard
audio benchmark. To assess the impact of our model’s ac-
tion sounds representation, we consider EPIC-Sounds [28],
a challenging audio classification benchmark for sounds in
kitchen environments. To our knowledge, EPIC-Sounds
represents the only large-scale benchmark for audio in ego-
centric video. Note, this classification task is different from
the sounding action discovery task in Sec. 6.1 in that here
the model only takes an audio clip as input.

We consider both linear-probe and fine-tuning settings.
In the linear-probe setup, we freeze the model weights and
only train the last classification layer, which evaluates the
quality of the pre-trained representations. In the fine-tuning
setup, we fine-tune both the encoder and the last layer.

Table 4 shows the results. We compare with two
SotA methods reported in EPIC-Sounds: SSAST [25] and
ASF [31]. SSAST is pretrained on LibriSpeech [44] with
self-supervised learning (SSL) and shares the same network
architecture as ours while ASF is trained on VGG-Sound
with supervised learning. With linear-probe, our model
strongly outperforms SSAST [25], which, like us, is also
pretrained in a self-supervised fashion with no audio labels.
ASF [31] does better than both, likely due to its advantage
of supervised audio classification pretraining. When fine-
tuning, our model outperforms both prior methods in all
but one metric when following the same fine-tuning and
evaluation protocol. This shows our MC3 audio encoder—

Top-1 Top-5 mCA MAP mAUC

Random - 7.71 30.95 2.29 0.023 0.500
ASF [31]* L 45.53 79.33 13.48 0.172 0.789

SSAST [25] L 28.74 64.84 7.14 0.079 0.755
MC3 L 42.44 78.76 12.79 0.153 0.818

ASF [31]* F 53.75 84.54 20.11 0.254 0.873
SSAST [25] F 53.47 84.56 20.22 0.235 0.879

MC3 F 55.97 85.86 21.65 0.242 0.885

Table 4. Results of classification on EPIC-Sounds. L: Linear-Probe;
F: Fine-tuning. * denotes pretraining with supervised audio classi-
fication while the rest are pretrained in a self-supervised fashion.

trained for sounding action discovery—learns generalizable
action sound embeddings, improving the state of the art. The
margins are naturally smaller in the fine-tuning regime, as
is typical, since all models have time to adapt to the new
domain.

7. Conclusion

We explored the problem of learning how first-person actions
sound from in-the-wild, narrated egocentric videos—without
audio labels. Training with 250K clips from Ego4D, we
show the promise of our novel multimodal consensus frame-
work for accurately aligning representations to capture the
long-tail of sounding actions in novel (unnarrated) videos,
with clear impact on sounding action discovery, retrieval,
and pre-training for audio classification. In the future, we
plan to explore multimodal consensus from asynchronous
multimodal streams.
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