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Figure 1. Conditional Foley generation via analogy. We generate a soundtrack for a silent input video, given a user-provided conditional
example specifying what its audio should “sound like.” In the first example, we make the xylophone strikes sound like the clicks of a
mechanical keyboard. In the second, we generate a soundtrack for a video in which the drumstick striking a wooden door sounds as though
it were made of metal. Notice that the shape of the sound events in the generated audio (e.g., thin stripes in the top example) matches the
conditional audio and the onsets match the input example’s audio. For reference, we provide the input video’s (held out) sound on the right.
We encourage the reader to watch and listen to the results on our project webpage.

Abstract

The sound effects that designers add to videos are de-
signed to convey a particular artistic effect and, thus, may
be quite different from a scene’s true sound. Inspired by
the challenges of creating a soundtrack for a video that dif-
fers from its true sound, but that nonetheless matches the
actions occurring on screen, we propose the problem of con-
ditional Foley. We present the following contributions to
address this problem. First, we propose a pretext task for
training our model to predict sound for an input video clip
using a conditional audio-visual clip sampled from another
time within the same source video. Second, we propose a
model for generating a soundtrack for a silent input video,
given a user-supplied example that specifies what the video
should “sound like”. We show through human studies and
automated evaluation metrics that our model successfully
generates sound from videos, while varying its output ac-
cording to the content of a supplied example. Project site:
https://xypb.github.io/CondFoleyGen.

1. Introduction
When artists create sound effects for videos, they often

“borrow” sounds from other sources, then manipulate them
to match the on-screen actions. These artists’ aim is not
necessarily to convey the scene’s true sound, but rather to

achieve a desired artistic effect. Thus, the clunk of a coconut
shell becomes a trotting horse, or the sizzle of cooking bacon
becomes rain1.

The problem of creating sound effects for video, known
as Foley [1], has often been posed as predicting a video’s
co-occurring sound [29,42,68]. Yet the task that artists solve
is subtly different. They create a soundtrack for a video that
differs from its true sound, but that still plausibly matches
the on-screen events. Also, these prior systems largely do
not give artists control over the output sound.

To aid Foley artists while giving them artistic control,
we propose a conditional Foley problem inspired by classic
work on image analogies [27]. Our task is to generate a
soundtrack for an input silent video from a user-provided
conditional audio-visual example that specifies what the
input video should “sound like.” The generated soundtrack
should relate to the input video in an analogous way as
the provided example (Fig. 1). This formulation naturally
separates the problem of selecting an exemplar sound, which
arguably requires the artist’s judgment, from the problem
of manipulating that sound to match a video, such as by
precisely adjusting its timing and timbre.

This proposed task is challenging, since a system must

1We encourage you to watch and listen to how sound artists work:
https://www.youtube.com/watch?v=UO3N_PRIgX0
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learn to adapt the exemplar (conditional) sound to match the
timing of the visual content of a silent video while preserv-
ing the exemplar sound’s timbre. While prior methods can
predict a video’s sound [29, 42, 68], they cannot incorporate
an artist’s exemplary conditional sound. Furthermore, while
vision-to-sound methods can pose the problem as predicting
a video’s soundtrack from its images, it is less clear how
supervision for conditional examples can be obtained.

To address these challenges, we contribute a self-
supervised pretext task for learning conditional Foley, as
well as a model for solving it. Our pretext task exploits
the fact that natural videos tend to contain repeated events
that produce closely related sounds. To train the model,
we randomly sample two pairs of audio-visual clips from
a video, and use one as the conditional example for the
other. Our model learns to infer the types of actions within
the scene from the conditional example, and to generate
analogous sounds to match the input example. At test time,
our model generalizes to conditional sounds obtained from
other videos. To solve the task, we train a Transformer [58]
to autoregressively predict a sequence of audio codes for
a spectrogram VQGAN [13], while conditioning on the
provided audio-visual example. We improve the model’s
performance at test time by generating a large number of
soundtracks, then using an audio-visual synchronization
model [8, 30, 41] to select the sound with the highest degree
of temporal alignment with the video.

We evaluate our model on the Greatest Hits dataset [42],
which contains videos that require an understanding of mate-
rial properties and physical interactions, and via qualitative
examples from the highly diverse CountixAV dataset [66].
Through perceptual studies and quantitative evaluations, we
show that our model generates soundtracks that convey the
physical properties of conditional examples while reflecting
the timing and motions of the on-screen actions.

2. Related Work
Predicting sound from images and video. In early work,
Van Den Doel et al. [56] generated sound for physical sim-
ulations. More recent examples include predicting sound-
tracks for videos in which someone strikes objects with a
drumstick [42], generating music from piano [35], body mo-
tion [50], or dance videos [14, 51], and generating speech
from lip motions [12, 44]. Other work predicted natural
sounds (typically ambient sound) using an autoregressive
vocoder [68], temporal relational networks [20], and visu-
ally guided generative adversarial network [21]. Iashin and
Rahtu [29] recently used a VQGAN [13, 57] operating on
mel spectrograms to generate sounds. We adopt this archi-
tecture to perform conditioned sound generation. In contrast
to previous approaches, our goal is not simply to estimate
the sound from a silent video, but to use a user-provided
example to tailor the sound to the actions in a scene.

Sound design. The sounds that occur in a film are often not
recorded on-site, but instead are inserted by artists. Sound
designers perform a number of steps, including “spotting”
visual events that require sound, choosing or recording an
appropriate sound, and manipulating the chosen sound with
editing software [1]. Our work addresses this final manipula-
tion step. Other work has sought computational approaches
to re-target or match visual signals to audio in sound design
problems. Davis and Agrawala [10] re-targeted video to
match a soundtrack by aligning both signals at estimated
beats. Langlois and James [37] addressed the task of syn-
chronizing vision to match sounds. Other work learns to
match relevant music with videos [52]. However, they do
not address the proposed conditional Foley task.

Interactive stylization. We take inspiration from the clas-
sic work of Hertzmann et al. [27], which learned to restyle
input images from a single user-provided example of an im-
age and its stylization. Like this work, we seek to generalize
from one piece of paired data (a video and its sound) to an-
other. Zhang et al. [65] learned to colorize images with sim-
ulated user-provided hints, using a self-supervised training
procedure. In contrast, our model is given user-supplied hints
of audio-visual examples from other videos, rather than from
annotations of the input. A variety of methods have been
proposed to stylize images with user-provided conditions.
Li et al. [39] stylized input images based on user-provided
sound. Lee et al. [38] generated images from sound and
pretrained language models. Chen et al. [3] learned to alter
the acoustics of speech sound to match a visual scene. Many
recent methods have applied style transfer to audio. [55]
These include methods that separate style and content using
feature statistics [55, 60], following Gatys et al. [19], and
methods that transfer musical timbre [28] based on Cycle-
GAN [69]. In contrast, Foley generation requires generating
sound without a ground truth audio, since in general there
is no existing recorded sound [1] in Foley artists’ workflow.
Nistal et al. [40] propose to synthesize drum sounds using a
GAN [22] conditioned on audio perceptual features rather
than a complete audio-visual conditional clip.

Self-supervised and few-shot audio-visual learning. Our
work aims to learn from data without human annotations.
There has been much recent progress in learning strong
audio-visual representations from video with accompanying
audio tracks for other downstream applications [2,6,9,11,15–
17,24,41,54,63,64,67]. Example applications include using
audio-visual data for source separation [11,15,24,41,54,67]
and for converting mono sound to stereo [16, 17, 63, 64].
Our work focuses on a different application, but is related
to methods that adapt themselves using a small number of
labeled examples, such as audio event detection [61, 62],
talking head generation [5], and diarization [7].
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Figure 2. Conditional video-to-audio synthesis via Foley analogy. (a) For our pretext task, we extract two clips from a longer video and
train our model to predict the soundtrack for one, given audio-visual information from the other. Through this process, our model learns to
condition its soundtrack predictions on other videos. (b) At test time, we provide the model with a silent input video and an audio-visual clip
(taken from another video). We can use an audio-visual synchronization model to re-rank the generated soundtracks and choose the one with
the best temporal alignment.

3. Method
Our goal is to generate a soundtrack for a silent input

video, given a user-provided conditional audio-visual ex-
ample that specifies what the video should “sound like”.
We learn a function Fθ(vq,vc,ac) parameterized by θ that
generates a soundtrack from an input video vq , given a con-
ditional video vc and conditional audio ac. We now describe
our pretext task for training Fθ from unlabeled data, and our
conditional vision-to-sound model.

3.1. Pretext task for conditional prediction
We desire a pretext task that results in the model obtaining

the necessary information from each source. In particular, we
would like the input video to specify the type of action (e.g.,
hitting vs. scratching an object) and its timing, while the
conditional audio-visual example should specify the timbre
of the generated sound (e.g., the type of the materials that
are being interacted with).

We define our task as a video-to-audio prediction problem
in which another clip from the same video is provided as the
conditional example (Fig. 2a). During training, we sample
two clips from a longer video, centered at times t and t+∆t
respectively, using one as the conditional example and the
other as the input video. The model is tasked with predicting
the sound from the silent input video, using conditional clips
as an additional input.

According to this pretext task, we can define a loss L over
an audio target ag and a prediction Fθ(vq,vc,ac) given
corresponding input video vq and conditional audio-visual
clip (vc,ac):

L(ag,Fθ(vq,vc,ac)) (1)
This formulation exploits the fact that the actions within a

video tend to be closely related [66] (or “self-similar” [49]),
such as when an action is performed repeatedly. Thus ran-
domly sampled pairs of clips frequently contain related ac-
tions. When this occurs, the model can use conditional sound
to improve its prediction. However, the model cannot solve
the task by simply “copying and pasting” the conditional
sound, since it must account for the content of the timing of

actions (and the type of motion) in the input video. Since the
model is trained to assume that the conditional example is
informative about the input, we empirically find that it learns
to base its prediction on the conditional sound. This finding
allows for substituting in a conditional sound sampled from
a completely different video at test time (Fig. 2b).

3.2. Conditional sound prediction architecture
We describe our architecture of Fθ for, first, obtaining a

code representation for a target sound via VQGAN [13, 29]
and, second, predicting an output sound for a given input
video and conditional audio-visual pair.

Vector-quantized audio representation. We follow
Iashin and Rahtu [29] and represent the predicted sound as
a sequence of discrete codes, using a VQGAN [13, 57] that
operates on mel spectrograms2. We learn this code by train-
ing an autoencoder to reconstruct sounds in a dataset, using
the codes as its latent vector. After training, a predicted code
sequence can subsequently be converted to a waveform.

Given a waveform a and its mel spectrogram
MSTFT(a) ∈ RT×F , we compute embeddings ẑ =
E(MSTFT(a)) ∈ RT ′×F ′×d, where T ′ and F ′ define a
lower-resolution time-frequency grid, d is the dimensional-
ity of the embedding at each patch, and E is a CNN. Each
embedding vector is then replaced with the nearest entry in
a codebook {ck}Kk=1:

ztf = q(ẑtf ) = argmin
ck

||ẑtf − ck||, (2)

where ẑtf is the embedding at time-frequency index (t, f).
We train the model to reconstruct the input sound Ŝ =
D(q(E(MSTFT(a)))), where D is a CNN-based decoder
and q is applied to every embedding. We use the loss func-
tion from [29], which adapts the VQGAN loss [13] to spec-
trograms, jointly minimizing a mean-squared error recon-
struction loss [57], a perceptual loss [32], and a patch-based
discriminator loss [31]. We provide details in the supp.

2We use log mel spectrograms unless otherwise noted.
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Figure 3. Conditional Foley generation. (Top) We predict the soundtrack for a silent video, conditioned on an audio-visual pair sampled
from the same video. We encode and tokenize the video and audio signals, and feed them into a transformer. This transformer autoregressively
predicts a code from a VQGAN [13, 29], representing the input example’s sound. (Bottom) We generate a waveform by converting the code
to a mel spectrogram, then using a MelGAN [36] vocoder to convert it to a waveform. Here, LCE represents a cross-entropy loss.

Finally, we can obtain a code s ∈ {0, 1, · · · ,K−1}T ′×F ′

for a sound from the VQGAN by replacing each quantized
vector in z with the index of its nearest codebook entry, i.e.,
stf is the index of the selected codebook entry in Eq. (2).
Autoregressive sound prediction. With the predicted
code s, we can now formulate the likelihood of generat-
ing code s from the silent input video and the conditional
example. We order the indices of s in raster scan order [13]
and predict them autoregressively:

pθ(s|vq,vc,ac) =
∏
i

pθ(si|s<i,vq,vc,ac), (3)

where s<i are the previous indices in the sequence. Given
these probabilities, we formulate L (Eq. (1)) as the cross-
entropy loss between the predicted token si and ground-truth
token ŝi.

Having defined a code-based representation for sounds,
we describe our architecture of Fθ for conditional sound
prediction (Fig. 3). Following [13, 29], we predict the code
sequence (Eq. (3)) using a decoder-only transformer [59]
based on GPT-2 [45]. The inputs to this transformer are
tokenized versions of vq,vc, and ac. We now describe how
these signals are converted into tokens.
Input representations. We represent each video signal
using a ResNet (2+1)D-18 [53]. To preserve fine-grained
temporal information, we remove all temporal striding, so
that the final convolutional layer has the same temporal sam-
pling rate as the input video. We perform average pooling
over the spatial dimension, resulting in an embedding vector
for each frame. Each such vector becomes a token. We
denote this tokenization operation Tv(v).

We represent the conditional audio signal using its vector-
quantized embeddings. Specifically, we compute z(c) =

q(E(MSTFT(ac))) ∈ RT ′×F ′×d (Eq. (2)) and extract its d-
dimensional embedding vectors z(c)1 , z

(c)
2 , · · · , z(c)N in raster-

scan order. We denote this tokenization operation Ta(ac).
We combine these tokens into a single sequence:

S = Concat(Tv(vc), Tv(vq), Ta(ac)). Thus, we model
pθ(s|vq,vc,ac) = pθ(s|S). Following standard prac-
tice [13, 57], we generate the audio code autoregressively,
feeding the previously generated codes back into the model
using their vector-quantized representation.

Generating a waveform. Our complete model Fθ works
by first generating a code using a transformer, converting it to
a mel spectrogram using the decoder D, then converting the
mel spectrogram to a waveform. To perform this final step,
we follow [29] and use a pretrained MelGAN vocoder [36].
We found that this produced significantly better results than
standard Griffin-Lim [23].

Re-ranking based on audio-visual synchronization. In-
spired by other work in cross-modal generation, we use
re-ranking to improve our model’s predictions [47]. We gen-
erate a large number of sounds, then select the best one, as
judged by a separate classifier. Typically, these approaches
use a model that judges the multimodal agreement between
the input and output. In our case, however, such a clas-
sifier ought to consider conditionally generated sound to
be a poor match for both the input and conditional videos.
We instead propose to use an audio-visual synchronization
model [8,30,41] to measure the temporal alignment between
the predicted sound and the input video. These models pre-
dict a temporal offset that best aligns visual and audio data.

As shown in Fig. 2b, we use an off-the-shelf synchroniza-
tion model [30] to estimate the offset t between the audio
and video and the prediction’s confidence. We find the min-
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Model

Task

Material Action Onset
match mismatch overall match mismatch overall # onset onset sync.

Acc (%) Acc (%) Acc (%) Acc (%) Acc (%) Acc (%) Acc (%) AP (%)

Style transfer∗ [18, 55] 30.0 33.5 32.3 20.8 36.6 31.3 19.1 46.9
Onset transfer 54.8 51.4 52.6 69.0 44.7 52.9 24.8 71.9

Chance 5.9 5.9 5.9 50.0 50.0 50.0 – –
SpecVQGAN [29] 25.4 26.8 26.1 52.3 43.1 46.2 11.3 51.0
SpecVQGAN - finetuned [29] 29.9 25.7 27.2 70.6 58.4 62.5 25.8 59.3
Ours - No cond. 21.3 24.9 23.7 61.4 55.1 57.2 24.6 59.3
Ours - Base 41.1 41.6 41.4 67.5 59.2 62.0 26.5 60.0
Ours - w/ re-rank 43.4 45.2 44.0 78.2 61.3 66.7 25.3 54.3

Table 1. Automated evaluation metrics. We measure the rate at that generated sounds have the material properties of the conditional
examples, the actions of the input examples, and the number and the timing of the onsets in the generated sound with respect to the original
sound. We further break down the automated metrics according to whether the conditional and input examples have the matched (or
mismatched) actions and materials. The number of onsets is measured by whether the generated sound has the same number of onsets as
the original sound. We measure the average precision of onset predictions that are within 0.1 seconds of the ground truth to evaluate the
timing of the generated onsets. ∗ indicates that the model is an “oracle” and accesses the input example’s sound.

imum absolute offset min |t| among all outputs. Then the
outputs with an absolute offset greater than min |t|+ τ are
removed, where τ is the offset tolerance. Finally, we select
the sound with the highest confidence.

4. Experiments
To evaluate our method, we use a combination of auto-

matic evaluation metrics and human perceptual studies.

4.1. Experiment Setup
Dataset. We train our conditional Foley generation model
on datasets of video clips: Greatest Hits [42], which is
composed of videos of a drumstick interacting with different
objects in scenes, and CountixAV [66], which contains videos
with as much as 23 different classes of repeated actions from
in-the-wild YouTube video. These are challenging datasets
for audio generation since they require precise timing, and
varying sounds subtly based on fine-grained visual properties.
In particular, the Greatest Hits task requires an understanding
of the motion of the drumstick and the material properties of
the objects. Since this dataset is straightforward to analyze
in terms of actions and materials, we use it for our quantita-
tive evaluation, while for CountixAV we provide qualitative
results with permission to evaluate with similar videos in the
wild. We provide more information about the dataset and the
implementation details in the supplement.

Other models. We consider a variety of other models for
comparison. First, we use the SpecVQGAN model of Iashin
and Rahtu [29], a state-of-the-art vision-to-sound prediction
method based on a two-stream visual network. We use
the publicly released implementation and weight. We also
finetuned the model on the Greatest Hits [42] dataset for the
automated metrics as a fair comparison.

We also consider several ablations of our model: No con-
ditional example: We remove all conditional information
from the model. This model is a vision-to-sound prediction
method that resembles SpecVQGAN [29] after controlling

for architectural and data variations from our model. No con-
ditional video: This model is provided with the conditional
audio ac but not the video vc, and hence cannot observe how
the audio and visual events are connected in the conditional
video. No augmentation: A model trained without audio
augmentation. Random conditional examples: A model
that is trained with conditional audio-visual clips that are
unrelated to the input video, and hence uninformative. We
select these clips randomly from other videos in the dataset.
Re-ranked examples: We generate 100 outputs for each
pair of input and condition, then re-rank them.

To better understand our model’s behavior, we compare
it against two “non-generative” methods. First, we propose
a model called Onset Transfer. Instead of generating the
sound, as our model does, this model uses a hand-crafted
approach for transferring sounds from the conditional exam-
ple. We train a ResNet (2+1)-D [53] model to detect audio
onsets from video in both the conditional and input videos,
then transfer sounds extracted from random onsets in the
conditional example (see the supp. for more details). Sec-
ond, we evaluated an audio Style Transfer method. We used
the model of Ulyanov [55], which applies the stylization
method of Gatys et al. [18] to spectrograms. We note that
this method requires audio as input and is not designed for
Foley generation. To address this, we provide the model
with aq, the ground truth audio from the input video, thus
giving it oracle information.

4.2. Automated Timbre Evaluation
A successful prediction method should accurately convey

the actions in the input video but the material properties of
the conditional example. To evaluate whether this is the case,
trained classifiers to recognize the action (hit vs. scratch)
and the material (a 17-way classification problem), using
the labels in the Greatest Hits dataset [42]. We then used it
to classify the predicted, conditional, and input sounds, and
compared the estimated labels.
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Figure 4. Qualitative results. We present results from our model. We show the result for the internet videos from the model trained
on CountixAV dataset [66] (Row 1–3) and the Greatest Hits dataset [42] (Row 4–6). Rows 3 and 6 show failure cases with red crosses
on generated audio. The timing and number of hits in the generated audio largely match that of the (held out) audio for the input video,
suggesting the generated audio is matching the actions in the input video. The frequencies of the generated audio approximately match the
conditional example, indicating a similar timbre. To hear the sounds and see more examples, please refer to our project webpage.

Sound classifier. We finetune a pretrained VGGish classi-
fier [25,26] on the Greatest Hits [42] dataset to recognize the
action or the material from a mel spectrogram. To avoid am-
biguity, we only used clips that contained a single material
or action type. We provide more details in the supplement.
Evaluation metrics. We used two evaluation metrics that
capture our two criteria: action accuracy, the fraction of pre-
dicted sounds that have the same estimated action category
as the (held out) input sound, and material accuracy, the
fraction of predicted sounds that have the same estimated
material category as the conditional example.
Results. We found (Tab. 1) that our model performed sig-
nificantly better on the material metric than SpecVQGAN
and than the variation without conditional examples, both of
which are unconditional vision-to-sound prediction methods.
As expected, the onset transfer model obtains near-optimal
performance, since it simply transfers sounds from the con-
ditional sound, which (trivially) are likely to have the same
estimated category. On the other hand, this onset transfer
baseline performs poorly on the action metric, since it has no
mechanism for adapting the transferred sounds to the actions

in the video (e.g., converting hits to scratches). By contrast,
our model obtains high performance on this metric.

To further understand the source of performance differ-
ences, we broke down the results according to whether the
properties of the conditional example matched those of the
input sound or not (Tab. 1). As expected, the onset transfer
method performs strongly on material metrics, since “copy
and pasting” conditioning sounds is a trivial solution. On
the other hand, our generative approaches significantly out-
perform it when there is a mismatch between action types,
since they can adapt the sound to match the action.

Additionally, we found that the synchronization re-
ranking significantly boosted performance on both material
and action tasks (Tab. 1). The re-ranked model outperforms
the onset transfer method on all three action-related met-
rics. It also narrows the gap to the onset transfer method for
material-related metrics. This demonstrates the effectiveness
of the re-ranking method, as well as the advantage of posing
our approach as a generative model.
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Figure 5. Model comparison. We show conditional Foley generation results for several models, using multiple conditional sounds. We
show the result for publicly-sourced demonstration videos (Row 1–2) and the Greatest Hits dataset [42] (Row 3–4). Each of the input videos
is paired with two different conditional videos. We provide 2 samples from the model variation with no conditional example.

4.3. Automated Onset Evaluation
To evaluate the quality of the generated timbre, we seek

to evaluate whether the conditional Foley generation model
generates sounds whose onsets match those of the (held-out)
sound in the input video. We evaluate two criteria: whether
the generated sound contains the correct number of onsets,
and whether their timing matches those in the input video.

Evaluation metrics. We measure the fraction of video
clips that contain the same number of onsets as the ground
truth audio. Following Owens et al. [43], we report the
average precision of detecting the correct onset where the
relative wave amplitude provides the confidence of each
onset. A detection is correct if it lies within a 0.1-second
window of the ground truth.

Results. We notice (Tab. 1) that our model outperforms all
the generative baselines and the Style transfer method in both
metrics. It is not surprising that the onset transfer method
obtains the best performance on the onset synchronization
task, given that it is explicitly trained on a closely related
task. The success of our model in generating the correct
number of onset compared with the onset transfer model
can be explained by the extra information about the audio-
visual relation provided in the condition, which helps the
model better understand the action in the video. As shown
in Tab. 1, the accuracy in capturing the correct number of
onsets drops to the same level as the onset transfer method
if we remove conditional information. Interestingly, we find

Model Variation
Task

Material Sync.
Chosen(%) ↑ Chosen(%) ↑

Style transfer∗ [18, 55] – 9.9 (±2.3) 10.6 (±2.4)
Onset transfer – 64.7 (±3.8) 57.3 (±3.9)

SpecVQGAN [29] – 16.3 (±2.9) 18.0 (±3.0)

Ours

base 50.0 (±0.0) 50.0 (±0.0)
- cond. 35.3 (±3.8) 40.1 (±4.0)
- cond. video 46.1 (±4.0) 45.0 (±4.0)
- augment 51.3 (±3.9) 49.7 (±4.0)
w/ rand. cond. 45.5 (±4.0) 47.5 (±4.0)
+ re-rank 54.3 (±3.4) 53.8 (±3.4)

Table 2. Perceptual study results. We report the rate at which
participants chose a given method’s results over our method (base)
for the two questions in our study. For reference, we include the
rate that our base method would obtain in the study (50%). We
report results in terms of 95% confidence interval.

(Tab. 1) a drop in the performance for the re-ranked model.
This may be due to the domain shift from the VGG-Sound
dataset [4] that the synchronization network [30] was trained
on, which may make it difficult to infer the precise timing of
the sounds (rather than an overall assessment of whether the
two streams are synchronized).

4.4. Perceptual Study
We also evaluated our model using a perceptual study,

conducted using Amazon Mechanic Turk. We provide the
participant with the conditional audio-visual clip and two
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input videos whose sound was generated by different models
(our base model, plus a randomly chosen alternative).

We asked the participants to judge the generated sounds
on two criteria that are similar to the automated metrics.
Participants were asked to select: 1) in which result the
audio is better synchronized with the actions in the video, 2)
in which result the sound is most like that of the object or
material in the conditional example. The 376 participants in
our study were shown 21 sets of videos, randomly sampled
from the evaluation set, the first 5 of which were used as
practice and not counted.

Comparison to other variations of our model. We evalu-
ate the influence of different variations of our model in terms
of choosing the corresponding method in the perceptual
study (Tab. 2). Our re-ranked model performs best overall
and the base model without re-ranking also beats most of the
baselines on both metrics. The model with no conditional
example obtains poor performance on the material metric
but obtains a relatively smaller decrease in synchronization
performance. This is understandable, since the model did
not use the conditional example but still was encouraged to
be synchronized with the video. The model with no condi-
tional video incurs a small drop in the material metrics and
a relatively larger drop in synchronization, perhaps because
it is unable to observe the relationship between images and
sound in the conditional example.

Comparison to other approaches. We compare our
model to other methods. Overall, the variation with no
conditional example (which is a vision-to-sound method)
outperforms SpecVQGAN [29]. The style transfer [18, 55]
model performs poorly (and qualitatively often contains ar-
tifacts). Interestingly, the onset transfer model performs
quite well on the perceptual study, outperforming our base
model and the model with re-ranking, despite the fact that it
does not tailor its output to the actions in the scene (Tab. 1).
This is understandable, since it “copy and pastes” sounds
from the conditional example at times that are chosen to
be synchronized with impacts. Thus, the user is likely to
observe that it exactly matches the conditional sounds and
(trivially) conveys the same properties. However, this only
occurs when the audio events are cleanly separated in time,
and we expect the model to fail when sounds are not easily
divided into discrete onsets, or when onsets are ambiguous.

4.5. Qualitative Results
We provide visualizations of predicted sounds from our

test set in Fig. 4. Through this visualization, we can see
that our model successfully generates sounds that resemble
spectral properties of the conditional sound, while matching
the timing and actions in the input video’s (held out) sound.
We also present the qualitative result (Fig. 4) of our method
on the wild videos from the model trained on the CountixAV
dataset [66]. We follow the same training and generation

scheme as for the Greatest Hits [42]. The model again
generates sounds with matching conditional spectral features
and input action synchronization.

In Fig. 5, we visualize how our results vary as a function
of the conditional sound and compare our model with the
baselines on both datasets. For each input video, we show
predictions from different models. We see that our model
varies its output depending on the conditional sound (e.g.,
varying its output based on whether the conditional example
is plastic or metal). We see that the onset transfer method
“copies and pastes” sounds from the conditional example
at the correct times. We also observe the failure of the
onset transfer baseline (see Fig. 5 Video in the wild part)
in a more realistic scenario, where actions and sound in
it are more abundant and complex. We show two random
samples from the model with no conditioning. We see that
the prediction generally matches the input sound, rather than
the conditioning sound, and that there are large amounts of
variation in the generated audio’s timbre. Please refer to the
supp. to listen to our outputs and for more qualitative results.

5. Discussion
In this paper, we proposed the conditional Foley task. We

also proposed a method for solving this problem through
self-supervised learning. We evaluated our method on the
Greatest Hits dataset, finding through perceptual studies
and automated metrics that our model successfully learns
to transfer relevant information from a conditional sound,
while matching the events within the silent input video. We
also demonstrate the effectiveness of the model on more
complex and realistic data from publicly-sourced videos
with the model trained on the CountixAV dataset.

We see our work potentially opening several directions.
Our work tackled one step of the sound design process—the
process of manipulating sound to match a video. We see this
as a step toward the broader goal of semi-automated “user
in the loop” sound design. We also see our work as a step
toward synthesis methods that can learn by analogy, in the
tradition of classic work such as image analogies [27]. We
will release code and models on our project site.
Limitations and Broader Impacts. While soundtrack
generation is useful for creative applications, such as film
making, it can also be used to create videos that can po-
tentially be used to create disinformation, which can have
negative outcomes. The field of image and audio forensics
can help mitigate this outcome.
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