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 a b s t r a c t

In multimodal learning, not all parts of all modalities are of equal importance. An additional modality can in-
troduce overlapping signals while requiring a significant increase in computation. As a result, there are many 
cases where computational requirements for a multimodal model are increasing while its performance is degrad-
ing. Early detecting and subsequently fusing only the complementary segments that exist in the high-resource 
modality by previewing the low-resource modality is how one can overcome this problem. This work proposes a 
framework to dynamically learn the selection of such salient segments in the vision feature space by previewing 
the acoustic features of the audio. The framework contains a self-supervised discrete variational autoencoder 
(dVAE) component and a traditional supervised multimodal fusion component. The former is trained to pro-
duce a discrete masked vector in the latent space, as opposed to the traditional continuous latent VAE, by using 
Binary Concrete distributions as the encoder and the prior distributions. This masked vector removes the non-
salient segments in the vision feature space before passing them to the latter component. At inference time, only 
salient vision features need to be extracted, making the framework very efficient. The empirical experiment on a 
large-scale video interview dataset reveals that this approach outperforms SOTA in terms of both efficiency and 
performance, requiring only 15.42 percent of the original vision features (a 23% relative improvement) while 
improving correlation from 0.6792 to 0.7196 and F1-score from 74.73% to 76.64%.

1.  Introduction

We digitalize our complex world via various input devices such as 
microphones, cameras, sensors, etc. Multiple modalities (i.e., views) of 
an event can be captured simultaneously by these devices. The field 
of multimodal learning aims to improve the robustness and generaliz-
ability of artificial intelligence by fusing complementary information 
from these modalities [1]. In some ideal scenarios and real-world ap-
plications, the additional supply of abundant information will improve 
the performance of multimodal models compared to their unimodal 
model counterparts [2,3]. In practice, efficiently learning from multi-
modal data in the era of large-scale deep learning remains a major chal-
lenge. It is neither efficient nor feasible for a model to learn from all 
parts of all modalities at scale due to computational constraints [4]. This 
problem cannot be easily resolved by adding computational resources as 
some of the modalities are dense and high-dimensional, leading to a low 
signal-to-noise ratio for a particular task, making the whole multimodal
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learning approach counterproductive. Additionally, a less mentioned 
but increasingly important concern is the cost of inference [5,6]. The 
deployment cost of multimodal models is high due to the additional re-
source requirements (e.g., GPUs, electricity) and the opportunity cost 
as the time from the user’s first request to the system’s first response 
increases. In this paper, we formalize these problems and propose our 
solution to the question: Given a set of input modalities, how to select the 
most salient complementary segments and improve the inference efficiency of 
multimodal models?

In search of the answer, we first must ask ourselves, what is an effi-
cient model? In the context of this paper, an efficient model is a model 
that uses the right amount of computation for an input sample while 
maintaining the performance requirements. The human brain, concep-
tually, is a very efficient model as most of the input from the five senses 
is discarded and only informative segments are processed. Furthermore, 
the brain allocates a different amount of cognitive power for processing 
the task at hand. Compact models, on the other hand, aim to use the least
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amount of computation averaged from the sample distribution. They are 
generally trained using techniques such as knowledge distillation, quan-
tization, pruning, or low-rank adaptation [7]. While the developed tech-
niques have achieved tremendous success, the one-size-fits-all compact 
models still use the same amount of computation for every input they re-
ceive. Part of the reason is that deep learning hardware and frameworks 
are optimized to process batches of samples in parallel by requiring them 
to have equal length. At training time, this pipeline is very effective as 
all samples are available to be divided into batches. At inference time, 
however, the samples do not come in batches but rather one by one. 
If a model has the ability to dynamically reduce or increase the com-
putation needed per individual sample during inference, it would then 
be very efficient, especially when multimodalities are involved. In this 
spirit, building on previous work [8,9], we further explore the problem 
of constructing efficient multimodal models by dynamically allocating 
computational resources for multimodal processing.

This problem is an important one due to the implications of its so-
lutions. As machine learning systems are deployed at a massive scale, 
efficient models will reduce energy consumption, thereby saving both 
operational costs and the environment. In the case of human-centric 
video understanding, resource requirements scale exponentially with 
the introduction of each additional modality [10]. The reason lies in 
how different modalities are represented (e.g., language as 1D vectors, 
audio as 2D matrices, images as 3D tensors, and video as 4D tensors) 
and their combination. An inefficient multimodal model not only re-
quires significantly more computation but it is also ineffective, as useful 
signals in one modality can be diluted by the noise introduced by an-
other [11]. Following this reasoning, efficient models have the potential 
to achieve performance improvements while avoiding the degradation 
commonly observed in compact architectures.

Several previous works have attempted this problem. One way to de-
sign efficient models is to follow the coarse-to-fine framework [12]. Un-
der this framework, a lightweight model is trained with coarse features 
to decide whether the current frame is worthy of fine feature inspection 
or should be skipped. We recognize two shortcomings of this approach. 
First, the coarse features of all frames still need to be extracted. Second, 
we know that the modalities capture the same event and that different 
modalities require different amounts of computation, but these prior 
knowledge is not incorporated. Another way to design efficient models 
was proposed by [13], where a video is trimmed into several clips (i.e., 
segments) and only the first image and the audio of the clips are used to 
train the model. A skimming module then decides which of the key mo-
ments (a subset of image-audio pairs) to be used for video-level action 
recognition. As images and audio are much less compute-intensive than 
the whole video itself, the resulting model is more efficient. While this 
method works well for action recognition tasks, a problem arises when 
we consider the situation where a short sequence of frames contains 
important semantic information. This situation frequently occurs in af-
fective computing: changes in facial expressions are captured in a short 
clip, and a single frame will fail to provide the necessary information to 
correctly understand the expression. Using only one frame to represent 
a segment during the training phase forces the model to learn with miss-
ing data, which is suboptimal. The ideas from these previous works and 
their remaining limitations motivate us to propose EMF-dVAE (Efficient 
Multimodal Fusion with discrete Variational Autoencoder), a framework 
that addresses these challenges by processing all vision features during 
training while using only salient vision features during inference.

EMF-dVAE was designed for human-centric video understanding 
tasks, where typical modalities are language, audio, and vision. The two 
main components of EMF-dVAE are a discrete variational autoencoder 
(dVAE) and a multimodal fusion (MF) network. The discrete variational 
autoencoder can be trained in a self-supervised manner. This component 
aims to reconstruct the vision feature space from the corrupted vision 
features, where the corrupted segments are determined by the audio 
features. The resulting encoder of the dVAE can output a binary mask 
vector in the latent space that marks the salient segments. Since the sam-

pling process of a binary vector from a discrete distribution breaks the 
differentiability requirements of backpropagation, we replace discrete 
distributions with Binary Concrete distributions, which enable differen-
tiable sampling. During training, dVAE has access to all available vi-
sion features to learn what is important and what is not. At inference 
time, only the encoder of the dVAE is activated and only features of 
salient vision segments are extracted and passed to the MF component. 
This design choice reflects different cost considerations: training occurs 
once and should leverage all available data (vision features can be pre-
extracted and reused across epochs), while inference happens repeatedly 
in deployment and must prioritize efficiency (extracted vision features 
are used only once). The second component of EMF-dVAE, the MF net-
work, simply contains a fusion operator and a deep multimodal network. 
While we maintain a simple design for this component to aid the evalu-
ation of mask vectors produced by dVAE, future work can explore more 
sophisticated architectures.

For evaluation, we conducted experiments on a large-scale video in-
terview dataset. The empirical results suggest that EMF-dVAE is not only 
more efficient than traditional approaches but also more effective, es-
tablishing new state-of-the-art (SOTA) results. We conducted analysis 
and ablation studies to further validate this finding. In summary, the 
main contributions of this paper are:

• We formalize the problem of efficiency in multimodal models during 
the inference phase.

• We propose the EMF-dVAE framework to tackle this problem. The 
core contribution is a novel audio-guided selective fusion mecha-
nism, in which a VAE with Binary Concrete distribution learns to 
generate a binary mask vector that identifies and retains only the 
most salient visual segments for the downstream prediction task.

• We conduct experiments on a large-scale video interview dataset. 
The experimental results suggest that the framework is robust and 
efficient.

2.  Preliminaries

The idea of previewing the audio modality and deciding which vision 
segments to invest resources in requires discrete decisions. The back-
propagation algorithm, which powered the success of neural networks, 
on the other hand, is only sufficient when the loss function is a de-
terministic and differentiable function of the parameter vector. In this 
section, we present the mathematical background previously developed 
for training neural networks with discrete and non-differentiable lay-
ers, for their importance in a rich class of problems, including ours. Ad-
ditionally, we review the original variational autoencoders framework 
and their training objective as they served as the backbone of the dVAE 
component. The last part of the section discusses a specific challenge 
in multimodal learning when only one label is available for long-form 
video or time-series data.

2.1.  Backpropagation through discrete stochastic nodes

A stochastic computation graph is a directed acyclic graph that con-
tains stochastic nodes in addition to deterministic nodes (for a rigorous 
definition, see [14]). A neural network is non-differentiable due to these 
stochastic nodes. The stochastic nodes are distributed conditionally on 
their parents; in other words, these non-deterministic nodes are sampled 
from a conditional distribution. Consider an input x and a stochastic 
node 𝑆 in a stochastic computation graph. Denote 𝑃𝑎(𝑆) as the parent 
of the stochastic node 𝑆. In the forward pass, we first sample 𝑆 from 
the conditional distribution 𝑝𝜙(𝑆|x, 𝑃 𝑎(𝑆)) and evaluate a determinis-
tic loss function 𝑓𝜃(𝑥) at 𝑆. To avoid clutters in notation, we denote 
𝑝𝜙(𝑆|x, 𝑃 𝑎(𝑆)) as 𝑝𝜙(x). Treating 𝑓𝜃(𝑆) as a noisy objective, we would 
like to optimize its expected value (𝜃, 𝜙) = 𝔼𝑆∼𝑝𝜙(𝑥)

[

𝑓𝜃(𝑆)
] w.r.t. pa-

rameters 𝜃, 𝜙. The objective and its gradients are intractable; however, 
we can estimate them with samples from 𝑝𝜙(𝑥).
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The gradient of the expected value w.r.t. 𝜃 is:
∇𝜃(𝜃, 𝜙) = ∇𝜃𝔼𝑆∼𝑝𝜙(𝑥)

[

𝑓𝜃(𝑆)
]

= 𝔼𝑆∼𝑝𝜙(𝑥)
[

∇𝜃𝑓𝜃(𝑆)
]

(1)

and can be estimated with Monte Carlo sampling:

∇𝜃(𝜃, 𝜙) ≃
1
𝐾

𝐾
∑

𝑘=1
∇𝜃𝑓𝜃(𝑆𝑘) (2)

where 𝑆𝑘 ∼ 𝑝𝜙(𝑥) independently and identically distributed (i.i.d).
The gradient of the expected value w.r.t. the distribution parameters 

𝜙 is more challenging to compute:
∇𝜙(𝜃, 𝜙) = ∇𝜙𝔼𝑆∼𝑝𝜙(𝑥)

[

𝑓𝜃(𝑆)
]

= ∇𝜙 ∫ 𝑝𝜙(𝑥)𝑓𝜃(𝑥)𝑑𝑥 (LOTUS rule)

= ∫ 𝑓𝜃(𝑥)∇𝜙𝑝𝜙(𝑥)𝑑𝑥 (Leibniz’s rule) (3)

This gradient does not lead to a Monte Carlo gradient estimator be-
cause it does not have the form of an expectation w.r.t. 𝑥.

2.1.1.  The score function estimator
The score function estimator (also known as REINFORCE or likeli-

hood ratio estimator) uses the identity ∇𝜙𝑝𝜙 = 𝑝𝜙(𝑥)∇𝜙 log 𝑝𝜙(𝑥) to trans-
form the gradient in Eq. 3 to:

∇𝜙(𝜃, 𝜙) = ∫ 𝑓𝜃(𝑥)𝑝𝜙(𝑥)∇𝜙 log 𝑝𝜙(𝑥)𝑑𝑥

= 𝔼𝑆∼𝑝𝜙(𝑥)
[

𝑓𝜃(𝑆)∇𝜙 log 𝑝𝜙(𝑆)
]

(4)

The identity serves two purposes: (1) to transform Eq. 3 into an ex-
pectation involving the derivative of the probability and (2) to replace 
the probability with the log probability. The log probability formulation 
(2) tends to be more numerically stable for floating-point calculation on 
computers, and the expectation w.r.t. 𝑥 formulation (1) allows us to use 
the Monte Carlo gradient estimator:

∇𝜙(𝜃, 𝜙) =
1
𝐾

𝐾
∑

𝑘=1
𝑓𝜃(𝑆𝑘)∇𝜙 log 𝑝𝜙(𝑆𝑘) (5)

where 𝑆𝑘 ∼ 𝑝𝜙(𝑥) (i.i.d.). This estimator requires that it is possible to 
sample from log 𝑝𝜙(𝑥) and log 𝑝𝜙(𝑥) is differentiable w.r.t. 𝜙. In prac-
tice, we can choose a distribution 𝑝𝜙(𝑥) that satisfies both requirements. 
While this estimator is very general since 𝑓𝜙(𝑥) does not need to be dif-
ferentiable or continuous as a function of 𝑥, its high variance disallows 
efficient and stable training [15,16].

2.1.2.  The reparameterization trick
The high variance of the score function estimator motivates the de-

velopment of the reparameterization trick as an alternative path to over-
come the sampling problem in Eq. 3. This trick was first introduced 
in the context of variational inference [17]. In Eq. 3, instead of sam-
pling 𝑆 from 𝑝𝜙(x), we calculate 𝑆 using a deterministic function 𝑔𝜙(𝑧): 
𝑆 = 𝑔𝜙(𝑍) where 𝑍 ∼ 𝑞(𝑧). This step has moved the stochastic process 
from 𝑆 to 𝑍. For example, in many cases, we want 𝑆 to follow a Gaussian 
distribution. We can define the function 𝑔𝜙 as 𝑔𝜇,𝜎 (𝝐) = 𝜇 + 𝜎𝝐 where 
𝝐 ∼ 𝑁(0, 1), then sampling 𝑆 from a Gaussian distribution (with mean 
𝜇 and standard deviation 𝜎) is equivalent to sampling 𝝐 from a stan-
dard Gaussian distribution and determine 𝑆 = 𝑔𝜇,𝜎 (𝝐) (due to the fact 
that all Gaussians are affine transformations of the standard Gaussian 
distribution).

Assume that 𝑓𝜃(𝑥) is differentiable w.r.t. 𝑥 and 𝑔𝜙(𝑧) is differentiable 
w.r.t. 𝜙, substitute 𝑋 = 𝑔𝜙(𝑍) to Eq. 3, we have:
∇𝜙(𝜃, 𝜙) =∇𝜙𝔼𝑋∼𝑝𝜙(𝑥)

[

𝑓𝜃(𝑋)
]

=∇𝜙𝔼𝑍∼𝑞(𝑥)
[

𝑓𝜃(𝑔𝜙(𝑍))
]

=𝔼𝑍∼𝑞(𝑥)
[

∇𝜙𝑓𝜃(𝑔𝜙(𝑍))
]

=𝔼𝑍∼𝑞(𝑥)
[

𝑓 ′
𝜃(𝑔𝜙(𝑍))∇𝜙𝑔𝜙(𝑍))

]

(Chain rule) (6)

As shown in Eq. 6, the reparameterization trick reduces the problem of 
estimating the gradient w.r.t. parameters of a distribution to the simpler 
problem of estimating the gradient w.r.t. parameters of a deterministic 
function.

2.1.3.  The Gumbel-Softmax or concrete estimator
In some situation, we would like 𝑆 to follow a discrete (categori-

cal) distribution 𝑝𝜋 (𝑥), where 𝜋 = (𝜋1,… , 𝜋𝑘) and 𝜋𝑖 ∈ (0, 1) are the class 
probabilities. The Gumbel-Max trick [18] takes advantage of the repa-
rameterization trick by constructing the deterministic function 𝑔𝜋 (𝑧) in 
the following manner:
𝑔𝜋 (𝑧𝑖) = argmax

𝑖

[

𝑧𝑖 + log(𝜋𝑖)
]

= argmax
𝑖

[

− log
(

− log(𝑈𝑖)
)

+ log(𝜋𝑖)
]

(7)

where 𝑈𝑖 ∼ Uniform(0, 1) i.i.d. for each 𝑖 and 𝑧 is substitute by 
− log

(

− log𝑈𝑖
) which is a sample from the Gumbel distribution. The 

Gumbel distribution is chosen for the added noise since it is stable un-
der the max operations. Since argmax is a discrete and non-differentiable 
function, the sof tmax function is used as its continuous and differen-
tiable approximation in the Gumbel-Softmax estimator:

𝑦𝑖 =
exp

((

log
(

𝜋𝑖
)

+ 𝑧𝑖
)

∕𝜏
)

∑𝑘
𝑗=1 exp

((

log
(

𝜋𝑗
)

+ 𝑧𝑗
)

∕𝜏
)

(8)

where 𝑦𝑖 is the value at index 𝑖 in the one-hot vector of size ℝ𝑘. In Eq. 8, 𝜏
is a temperature parameter to control the “softness” of the distribution. 
When 𝜏 → 0, samples from the Gumbel-Softmax distribution are iden-
tical to samples from a categorical distribution. In the literature, the 
Gumbel-Softmax distribution is also often referred to as the Concrete 
distribution [19,20].

2.1.4.  The relaxed Bernoulli or binary concrete distribution
The relaxed Bernoulli or Binary Concrete distribution is a special case 

of the Gumbel-Softmax distribution. To sample 𝑆 from BinConcrete(𝜋), 
where 𝜋 is the probability of success, we can sample 𝐿 ∼ Logistic(𝜇 =
0, 𝑠 = 1) and set

𝑆 = 1
1 + exp(−(log 𝛼 + 𝐿)∕𝜏)

= Sigmoid
(

log 𝛼 + 𝐿
𝜏

)

(9)

where log 𝛼 = log(𝜋∕(1 − 𝜋)). 𝜋∕(1 − 𝜋) is the ratio of success probabil-
ity to failure probability for a Bernoulli distribution, and by varying the 
value of 𝜋, we can impose our prior bias. In Eq. 9, log 𝛼 is the only vari-
able that carries information about which class (0 or 1) is more likely. 
As the range of log 𝛼 is all real numbers, log 𝛼 is implemented as the 
pre-activation output of a neural network. The reparameterization trick 
allows the gradients to flow through the BinConcrete sampling process 
as the source of randomness is delegated to the Logistic sampling. For 
the definition and properties of the Binary Concrete random variable, 
we refer readers to Appendix B in [20]. For the rest of this paper, we 
will refer to this distribution as the Binary Concrete distribution.

2.1.5.  The straight-through trick
A useful trick when training end-to-end models with Concrete dis-

tribution is the straight-through trick. To use this trick, we simply dis-
cretize the samples from the Concrete distribution during the forward 
pass of the network using a predefined threshold, while using the “soft” 
values in the backward pass for backpropagation.

2.2.  Variational autoencoders

Variational autoencoder (VAE,  [17]) is a powerful framework for un-
supervised learning of latent variable representations. Consider a dataset 
 of 𝑁 i.i.d. observations:
 = {x(1), x(2),… , x(𝑁)} (10)
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where x are observed variables. We assume that there is a probability 
distribution from which the data were sampled. Under the i.i.d. assump-
tion, the log-probability assigned to the data by the model is:

log 𝑝𝜃() = log

(

∏

x∈
𝑝𝜃(x)

)

=
∑

x∈
log 𝑝𝜃(x) (11)

Probabilistic models aim to learn the probability distribution 𝑝𝜃 usu-
ally via maximum likelihood estimation (MLE). In other words, we try to 
find the set of parameters 𝜃 of a distribution 𝑝 that will maximize the 
probability 𝑝𝜃(). The log-probability is used instead of probability to 
handle extreme values and simplified calculations while does not affect 
the behavior of the probability function. In addition to observed vari-
ables x from the dataset, it is often the case that there are unobserved 
variables z which are a part of the model. As z are unobservable (or 
even definable), they are called latent variables. VAE can be viewed as 
the process of finding the distribution that maps the observable vari-
ables x to the latent variables z such that the latent representations can 
capture the essence of the original data (z is meaningful for data gen-
eration). To achieve this goal, VAE was designed with two coupled but 
independently parameterized models: the encoder and the decoder.

2.2.1.  The encoder and decoder
To properly understand the encoder of VAE, we first discuss deep 

latent variable models (DLVM). A DLVM 𝑝𝜃(x, z) is a latent variable 
model whose distributions are parameterized by neural networks. The 
marginal distribution over the observed variables 𝑝𝜃(z) is then given by:

𝑝𝜃(x) = ∫ 𝑝𝜃(x, z)𝑑z (12)

This marginal probability is typically intractable, therefore the con-
ditional probability:

𝑝𝜃(z|x) =
𝑝𝜃(x, z)
𝑝𝜃(x)

(13)

is also intractable. To overcome this problem, VAE introduces an infer-
ence model (the encoder) 𝑞𝜙(z|x) and optimizes the variational param-
eters 𝜙 such that 𝑞𝜙(z|x) ≈ 𝑝𝜃(z|x). In practice, the encoder is parame-
terized by a neural network (𝜙 include the weights and biases of the 
network), for example:
(𝜇, log (𝜎)) = EncoderNeuralNet𝜙(x)
𝑞𝜙(z|x) =  (z;𝜇,diag(𝜎)) (14)

The generative model (the decoder) 𝑝𝜃(x|z) is another model that 
learn the mapping from z back to x. Theoretically, the decoder also 
outputs the parameters of 𝜃, but typical implementation of the decoder 
outputs the sample directly, which is interpreted as the mean sample of 
the Gaussian distributions.

2.2.2.  Evidence lower bound
VAE are trained based on the principle of MLE [21]. We have:

log 𝑝𝜃(x) = 𝔼𝑞𝜙(z|x)
[

log 𝑝𝜃(x)
]

= 𝔼𝑞𝜙(z|x)

[

log
[

𝑝𝜃(x, z)
𝑞𝜙(z|x)

]]

+ 𝔼𝑞𝜙(z|x)

[

log
[

𝑝𝜃(z|x)
𝑞𝜙(z|x)

]]

(15)

The second term in Eq. 15 is the KL-divergence of 𝑝𝜃(z|x) from 
𝑞𝜙(z|x). Since the KL-divergence is non-negative, maximizing only the 
first term will maximize log 𝑝𝜃(x). The first term is therefore known as 
the evidence lower bound (ELBO):
𝜃,𝜙(x) = 𝔼𝑞𝜃 (z|x)

[

log 𝑝𝜃(x, z) − log 𝑞𝜙(z|x)
]

(16)

which can be regrouped as:
𝜃,𝜙(x) = −KL

[

𝑞𝜙(z|x) ∣∣ 𝑝𝜙(z)
]

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
KL-divergence

+𝔼𝑞𝜙(z∣x)
[

log 𝑝𝜃(x|z)
]

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
reconstruction loss

(17)

In practice, the reconstruction loss, reconstruction, could be (but not 
limited to) the mean square error loss or the cross entropy loss. Ad-
ditionally, since neural networks are optimized under the principle of 
gradient descent (i.e, minimizing the loss function), the loss function of 
VAE becomes:
𝑉 𝐴𝐸 = KL-divergence + reconstruction (18)

2.3.  Multimodal representation learning from video-level annotations

We are now discussing a more practical and specific challenge 
in multimodal representation learning. In human-centric video under-
standing, there are two main ways to collect the annotations. The first 
way is to collect the labels at the frame-level. In this case, annotators 
annotate each frame or short sequence of frames (up to a few seconds) 
with the corresponding label. This type of annotation is common for 
basic perception recognition tasks such as emotion recognition or en-
gagement prediction. This process is expensive, time-consuming, and 
only feasible for small-scale datasets. The second way to annotate the 
labels is at the video-level. Each video (with a length of a few minutes) 
is watched uninterruptedly by the annotator, and a label is assigned to 
the whole video. This type of annotation is suitable for advanced cog-
nitive reasoning tasks where the annotators are required to be domain 
experts. Some examples of video-level annotations are speech essay rat-
ing or hirability assessment. While the annotations are not as expensive 
to obtain, video-level annotated tasks pose their own challenges.

We argue that the main challenge is the discrepancy between the in-
put multimodal data and the prediction task. It is often not possible even 
for the annotators to describe exactly why a decision for a score is made, 
as the multimodal signals are processed unconsciously in the brain. A 
single output label provides too little feedback for a model to learn the 
connection between the input videos and the final ratings. In unimodal 
learning, this discrepancy problem has been addressed by moving from 
supervised learning to self-supervised learning. A model is trained un-
supervised on a large-scale dataset to learn general latent features, and 
these features are transferred to the supervised learning task. In multi-
modal learning, unsupervised learning of the fused modality represen-
tations remains a difficult problem. To combat this challenge, this work 
combines a self-supervised component to denoise unimodal representa-
tions with a supervised component for final prediction.

3.  Method

We start this section by formulating the efficiency problem in mul-
timodal processing during inference and then describe the proposed 
framework.

3.1.  Problem statement

In this work, we focus on human-centric video understanding, which 
is one of the most common types of multimodal processing. Typically, 
a video can be decomposed into three separate modalities: vision (V), 
audio (A), and language (L). Vision refers to the frames (images) in the 
video, audio refers to the sound waves captured as the electric signal, 
and language refers to the spoken content.

The prediction task is simple to describe: given a video, our goal 
is to construct a model that can place a label on the video. The la-
bel is the answer to a particular question of interest, e.g., Were the 
person in the video happy or sad? (emotion recognition task) or Should 
we consider hiring this person? (hirability assessment task). To train such 
models, the common approach is to follow a two-stage process: feature 
extraction and model training. In the feature extraction stage, feature 
vectors for each modality are extracted using a learnt encoder. These 
encoders are typically pre-trained on the modality-specific data to ex-
tract high-level representations from raw inputs. For example, the Open-
Face toolkit [22], which contains several facial (CNN-based) encoders, 
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is commonly used for feature extraction. The extracted action units then 
serve as input vision features in the model training stage. In the context 
of this work, we denote the extracted vision, audio, and language fea-
tures as 𝑋{𝑣,𝑎,𝑙} ∈ ℝ𝑇{𝑣,𝑎,𝑙}×𝑑{𝑣,𝑎,𝑙} , where 𝑇  is the sequence length for each 
modality and 𝑑 is the corresponding feature dimension. In the model 
training stage, these pre-extracted features are used as input to develop 
multimodal models. Algorithm S1 and Algorithm S2 (Supplementary 
Material (SM)) show the two-stage process in more detail.

There are several advantages to this decoupling procedure. First, 
since the encoders in stage one were tailored to a specific modality, 
they excelled at extracting unimodal features. The models developed 
in stage two could then focus on how to effectively fuse information 
among the modalities to make the final prediction without having to 
worry about the unimodal representation learning task. Additionally, 
as the unimodal features for all samples were already available, sam-
pling a mini-batch can be done efficiently. Without the pre-extracted 
features, we would not be able to take advantage of the parallel pro-
cessing power of modern GPUs. Lastly, in many cases, the collectors of 
the datasets are not allowed to share the original video files since they 
may contain personally identifiable information elements. By sharing 
only the extracted features, this issue could be somewhat mitigated, and 
other research groups can still develop models from these datasets. The 
shared extracted features also provide the same unimodal starting point, 
making it fairer to compare different proposed multimodal approaches.

One pitfall of this procedure arises when we consider real-world in-
ference scenarios. In such cases, the system does not receive a batch of 
videos, but rather one video at a time. The system also needs to exe-
cute both stages consecutively for one video to get a prediction. Our 
aim is to minimize the inference time - the time it takes for the system 
to receive a video and return a prediction to the user. One approach is 
to make the model 𝑓 in stage two more compact, which is the focus of 
some previous work. While it is known in multimodal learning that the 
contributions of modalities are imbalanced [23], the unimodal feature 
extraction step has not made use of this fact. We viewed this as an op-
portunity to be more efficient and asked the question: Can we make the 
whole process more efficient during inference-time, when both stages 
need to be executed consecutively?

3.2.  The proposed framework

3.2.1.  Overview
To answer the main research question, we propose using the audio 

modality to guide the selection of vision feature segments to be pro-
cessed. As language and audio are considered “light” modalities, the 
complexity of their computation is within the acceptable realm. The pro-
posal came from the observation that humans do not pay full attention 
to the visual cues at all times. Fig. 1 depicts the overview of the EMF-
dVAE framework during training. The training starts with the extracted 
audio, vision, and language features. The key novelty of the EMF-dVAE 
is the introduction of the Masker model 𝑔𝜙 (i.e., the dVAE component). 
𝑔𝜙 takes the audio features as its input and outputs a mask vector. The 
mask vector has the same size as the vision features, and we want it to 
be in the form of a binary vector. Assuming that the temporal dimension 
of the vision features is unchanged after the feature extraction process, 
we can mask out part of the vision modality with zeros by element-
wise multiplying it with the mask vector. Conceptually, this procedure 
attempts to mimic the mechanism of human visual attention: we look 
when we hear something of interest. The second component, which we 
call the Predictor (i.e., the MF component), takes multimodal features 
as input, fuses and then passes them to a multimodal fusion network. 
This component is responsible for making the final predictions.

Note that once the Masker model is trained, there is no longer a 
need to extract all of the vision features from the whole video during 
inference. Instead, only features of non-masked segments are extracted, 
and the rest of the feature vector can be filled with zeros. Algorithm 1 
formalizes this behavior of EMF-dVAE during inference.

Algorithm 1 EMF-dVAE during inference.
Require: 𝑁 raw videos, each video can be decomposed into three raw 
data types: vision (V), audio (A), and spoken content (L).

Require: Pre-trained encoders or feature extractors 𝐸𝑣, 𝐸𝑎, 𝐸𝑙 for cor-
responding vision, audio, and language modalities.
Inference time, processing new video 𝑘:
Decompose the video 𝑘 into 𝑉 𝑘, 𝐴𝑘, and 𝐿𝑘.
Extract audio features: 𝑋𝑘

𝑎 = 𝐸𝑎
(

𝐴𝑘)

Extract language features: 𝑋𝑘
𝑙 = 𝐸𝑙

(

𝐿𝑘)

Extract the mask vector from the masked model: 𝗆𝖺𝗌𝗄𝑘 = 𝑔𝜃1
(

𝑋𝑘
𝑎
)

Mask the vision features: 𝑉 𝑘 = 𝗆𝖺𝗌𝗄𝑘 ⊙ 𝑉 𝑘

Extract masked vision features: 𝑋̃𝑘
𝑣 = 𝐸𝑣

(

𝑉 𝑘)

Combine into one video feature: 𝑋̃𝑘
𝑣,𝑎,𝑙 ←

(

𝑋̃𝑘
𝑣 , 𝑋

𝑘
𝑎 , 𝑋

𝑘
𝑙
)

Make prediction: 𝑦̂ = 𝑓𝜃2
(

𝑋̃𝑘
𝑣,𝑎,𝑙

)

3.2.2.  The masker model
Our goal for the Masker model is to receive an audio segment as in-

put and output a binary vector marking the most informative segments. 
The binary vector lies in 𝔹𝑇𝑣 , where 𝔹 is the Boolean domain. This mask 
vector operates solely along the temporal dimension and not on the fea-
ture dimensions. The element-wise operation between 𝗆𝖺𝗌𝗄𝑘 ∈ 𝔹𝑇𝑣  and 
𝑉 𝑘 ∈ ℝ𝑇𝑣×𝑑𝑣  is made possible by PyTorch’s broadcasting operation. A 
function that outputs only binary vectors is not differentiable, hence 
cannot be a part of a neural network as is. One way to achieve this 
goal and overcome this obstacle is to train a neural network whose out-
puts represent parameters of Binary Concrete distributions (log 𝛼 or 𝜋 in 
Eq. (9)), then sample from these distributions independently to produce 
the mask vector. The properties of the Binary Concrete distribution al-
low each component of the mask vector to be close to 1 or 0, and the 
reparameterization trick (Eq. (6)) allows the gradient to flow through 
the stochastic sampling operation. To narrow the gap between training 
and inference, the straight-through trick is used to discretize 0s and 1s 
during the forward pass, while the approximations are used during the 
backward pass. With these modifications, the framework shown in Fig. 1 
can be trained in an end-to-end manner, using only the target label. Un-
fortunately, there are two main pitfalls with this approach. First, the 
model has to use only one target label for the whole training sequence, 
so the objective function does not explicitly guide the model toward 
choosing the most representative segments. This is the challenge previ-
ously discussed in Section 2.3. Second, as the size of the binary vector 
increases linearly (in the case of longer videos or finer segmentations), 
the possible choices for the binary vector grow exponentially. As a result, 
it would take exponentially more runs for the model to try out differ-
ent combinations for the mask vector. The infeasibility of this solution 
inspires us to resort to VAE.

Recall that one interpretation of VAE is to learn the deep latent vari-
ables z that compress the original data. The vector z is in the much sim-
pler z-space compared to the original x-space. The success of VAE shows 
that it is possible to learn the distribution 𝑞𝜙(z|x) without having to try 
all possible combinations for z. If we treat the mask vector as a sample 
drawn from 𝑞𝜙(z|x), then we can overcome the computational problem 
mentioned in the previous paragraph. Fig. 2 illustrates the modifications 
we made to the original VAE to learn the mask vector, highlighted in 
blue. At the framework level, the input to the encoder is one modality 
(audio) while the output of the decoder is another (vision). It is unrea-
sonable to ask the model to reconstruct the vision features based solely 
on the audio features, so the input to the decoder is actually the masked 
version of the vision features (constructed using z). In other words, the 
decoder’s task is to reconstruct the original vision features given a sub-
set of them, which is a reasonable task since many of the vision features 
are redundant. At the implementation level, we use the Binary Concrete 
distributions in place of the typically used Gaussian distributions to fa-
cilitate the discrete nature of the mask vector. The prior distributions 
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Fig. 1. The proposed EMF-dVAE framework.

Fig. 2. Binary Concrete VAE for unsupervised learning of the masked vector.

can be biased toward a low success rate (high masking ratio) by setting 
𝜋prior in Eq. (9) to a low value. The posterior distributions can be pa-
rameterized with a neural network whose outputs are the log 𝛼 values. 
These modifications allow us to train the Masker model while avoiding 
the need to check all possible values of 𝐳. At inference time, only the 
encoder of the Masker model is needed for sampling the mask vector. 
Fig. 3 illustrates the implementation of the dVAE masker model.

3.2.3.  Objective function
In the most general case, the training loss function is:

total = prediction + 𝜆(reconstruction + 𝛽KL-divergence) (19)

where 𝜆 and 𝛽 are tunable hyperparameters. We selected Mean 
Squared Error (MSE) as the reconstruction and prediction losses. For 
reconstruction, MSE is appropriate because the embedding space is contin-
uous and geometrically structured, making Euclidean distance a mean-
ingful reconstruction objective. We did not experiment with perceptual 
loss because the outputs of dVAE are embedding features, and there is 
no standard pre-trained network that can be used for the downstream 
evaluation of these features. Contrastive loss was also considered but 
not adopted, as it is not designed for direct reconstruction of continu-
ous embedding features and requires paired data, which is not available 

in our setting. For the KL-divergence between Concrete distributions, 
we used the empirical KL as the estimator.

4.  Experiments

4.1.  Dataset

We conducted our experiments on the ETS-Interview dataset, which 
is a large-scale video corpus of job interviews collected and annotated 
by [24]. This dataset is chosen to validate our method because of its 
large size and consistent video durations. The dataset contains 1891 
videos, each of which is a 2-minute recording of one of the Mechani-
cal Turk workers located in the United States answering one of eight 
predefined questions. In total, videos of 260 Tuckers are included in 
the dataset (as some videos were corrupted, not all Tuckers answered 
all eight questions). The dataset is equipped with several Likert scale 
annotations conducted by five independent expert raters, covering per-
sonalities and hirability labels. As shown in previous work [9,24,25], 
the holistic interview performance prediction is the most challenging 
task; as such, this is the task that we will tackle. Training, validation, 
and testing sample sizes are 1211, 308, and 372, respectively, with no 
overlapping participants in the same set. To obtain more samples for 
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Fig. 3. Illustration of discrete VAE for multimodal encoding.

unsupervised training of the Masker, we first remove the background 
with InSPyReNet1 [26] and then produce 7 additional augmented ver-
sions of the original videos by applying the transformations: vertical 
flip, horizontal flip, random rotate, gaussian blur, piecewise affine, in-
verted colors, and multiply (using VidAug2). As a result, we obtained 
9688 vision-augmented training samples for the unsupervised learning 
process. We then reduced the frame rate to 16 frames per second, and 
conducted resizing and central cropping to 224 × 224 pixels from the 
original 640 × 480 pixels.

4.2.  Implementation

4.2.1.  Unimodal feature extractors
Directly learning from raw modality forms (e.g., at the pixel level) 

is ineffective in our case, as a very large amount of data is required to 
capture meaningful representational embeddings. Instead, we rely on 
pre-trained unimodal models to extract deep feature representations.

Vision features. We extracted vision feature embeddings with 
VideoMAEv2 3 [27]. VideoMAEv2 is a very efficient large pre-trained 
video model, with a masking ratio up to 95%. VideoMAEv2 takes 
an input of size 16 × 3 × 224 × 224 (frames × channels × height ×width, 
which is equivalent to a 1-second segment of our video after downsam-
pling, and outputs a 768-dimensional embedding vector. Since the du-
ration of our videos is much longer than a second, we concatenate the 
segment embedding vectors to get the video embedding tensor of size 
𝑇𝑣 × 768, where 𝑇𝑣 denotes the length of the videos in seconds. Since 
VideoMAEv2 simultaneously takes 16 frames as its input, it is techni-
cally efficient and convenient to map 16 frames to a second. This map-
ping allows the feature extraction step at inference to be conducted with 
clear boundaries (for example, extracting features from the 15-second 
mark to the 18-second mark, as opposed to from the 15.3-second mark 
to the 18.8-second mark). A finer unit of time can of course be cho-
sen, but there will be an efficiency trade-off, as the number of times the 
vision encoder model is called will increase.

Audio features. We extracted audio feature embeddings with 
wav2vec 2.04 [28]. wav2vec 2.0 is a powerful framework for captur-
ing speech representations directly from waveform input. For each au-
dio sample, two embedding vectors are extracted. The first embedding 
tensor is the last hidden layer of the model, which we name audio contex-
tual features as this embedding captures the contextual representation 

1 https://github.com/nadermx/backgroundremover
2 https://github.com/okankop/vidaug
3 Checkpoint: videomaev2-base.
4 Checkpoint: wav2vec2-base-960h.

of the whole audio file (at the cost of losing the temporal dimension). 
This embedding has the size of 𝑇𝑎𝑐 × 768. The second embedding tensor 
is the output of the convolutional component, which is closer to the raw 
waveform signals and the relative temporal dimension remains intact. 
This embedding has the size of 𝑇𝑎𝑎 × 512, and we named it audio acoustic
features. 𝑇𝑎𝑎 is much larger than 𝑇𝑎𝑐 as it is closer to the raw signals and 
hence keeps more details of the original audio. We opted to make use 
of the additional audio acoustic features because the input of the Masker 
should have the temporal dimension remain intact, as it (hypothetically) 
aids the learning of temporal relationships between audio segments and 
video segments. More details on this are given in Section 4.2.3.

Language features. For language features, we extracted the tran-
scripts from the audio files using Whisper5 and then pass it through the 
pre-trained RoBERTa-base [29] model. The output is a language em-
bedding tensor of size 𝑇𝑙 × 768 for each video, where 𝑇𝑙 is the length of 
transcription.

4.2.2.  Base model: the perceiver
As for the base model, we use the same Perceiver architecture [30] 

for the Encoder, the Decoder, and the Predictor. The Perceiver was cho-
sen due to its promise of making very few assumptions about the input 
modality and its ability to handle very long sequences. Unlike the stan-
dard attention mechanism in Transformers:

Attention(𝑄,𝐾, 𝑉 ) = sof tmax

(

𝑄𝐾𝑇
√

𝑑𝑘

)

𝑉 (20)

which has a quadratic time and memory complexity due to QKV are in 
ℝ𝑀×𝐷 (𝑀 is the sequence length and 𝐷 is the embedding dimension); 
the Perceiver introduced the asymmatric attention by letting 𝑄 ∈ ℝ𝑁×𝐷

(where 𝑁 ≪ 𝑀). The resulting cross-attention then has the lower com-
plexity of (𝑀𝑁) instead of (𝑀2).

4.2.3.  Realization of the framework
Fig. 4 shows the concrete components of the framework. As previ-

ously mentioned, we used the audio acoustic features as the input to the 
Mask encoder and the audio contextual features as the input to the Predic-
tor. The acoustic features are used for the mask construction as they are 
closer to the raw waveform and the temporal dimension remains intact, 
while the contextual features provide a global compression of the whole 
audio file, making them more suitable for final task prediction. The area 
bounded by the dotted blue line encapsulates the Masker model, and it 
can be trained unsupervised. The area bounded by the dotted red line 
represents the Predictor model, and it can be trained with the label to 

5 Checkpoint: whisper-base.
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Fig. 4. Implementation of the EMF-dVAE framework.

make the final predictions. The unimodal features are simply concate-
nated and passed to the Perceiver model, where fusion and alignment 
implicitly take place. We note that the Predictor does not have any re-
quirements regarding its vision input, i.e., it can take either the original 
vision features or the reconstructed vision features. This design choice 
makes it easier to evaluate the effectiveness of the Masker. For training, 
we first train the Masker model with mostly the reconstruction loss, then 
the KL-divergence term is gradually introduced to penalize the higher 
masking ratios. Once the Masker model training has converged, we use 
its output to train the Predictor model.

4.2.4.  Hyperparameters and hardware configuration
Table S1 (SM) shows the hyperparameters of the models. All exper-

iments were conducted on a desktop with 1 GPU (Nvidia RTX 4090), 
16-core CPU (Intel i9-12900), 32GB of RAM (2 × DDR5), and 1TB of 
NVMe SSD storage. The training time for the Masker and the Predictor 
is 24.5 minutes and 3.1 minutes, respectively.

4.3.  Baseline models and evaluation metrics

For evaluation, we compare our method with three models previ-
ously developed for the same dataset (ACII2017 [24], HCII2023 [25], 
ICMI2024 [9]) and three SOTA models in affective computing 
(MulT [31], TFR-Net [32], EMT-DLFR [33]). Descriptions of these mod-
els are given in Section S3 (SM). For metrics, five commonly employed 
metrics were used for evaluation, including correlation (Corr), 2-class 
F1-score (F1), 2-class accuracy (Acc2), 7-class accuracy (Acc7), and 
mean absolute error (MAE). We keep the metric calculations (such as 
binary threshold, macro average, etc.) the same as previous work for 
the ease of comparison.

4.4.  Main results

Reconstruction loss vs. KL-divergence. To train the dVAE masker, 
we first biased the prior Concrete distributions towards class 0 by set-
ting 𝜋 in Eq. (9) to 0.01. The prior distributions then act as a regulariza-
tion, as the KL-divergence will pull the posterior distributions towards 
the prior, i.e., the mask vectors with more zeros are preferred. The KL-
divergence weight 𝛽 allows us to control this regularization. Initially, we 
set 𝛽 to 0 and then gradually increased 𝛽 by 1 after every training epoch. 
With a small 𝛽, the reconstruction loss will dominate the total VAE loss, 
allowing the model to reconstruct visual features by simply opening up 
the mask. As training progresses, the KL-divergence loss will gradually 
dominate the total loss, forcing the model to reduce the percentage of 
visible segments at the expense of reconstruction ability. We then save 
the checkpoints for dVAE when the visible ratio on the validation set 
reaches 75%, 50%, 25%, 20%, 15%, 10%, and 5%. Training stops at 
the 5% checkpoint or at a maximum of 100 epochs. Fig. 5 shows the 
behavior of the reconstruction MAE, KL-divergence, and percentage of 
visible segments when the temperatures of the posteriors are 0.1, 0.5, 
or 1. A lower temperature results in greater discrepancy between the 
probabilities of the binary classes in each mask vector element, but at 
the cost of higher gradient variance. Conversely, a higher temperature 
produces softer mask vectors (probabilities closer to 0.5) with lower gra-
dient variance, but at the cost of less discrete masking decisions. With 
𝜏posterior = 0.5, training is smooth and the model converged as expected. 
With 𝜏posterior = 0.1, dVAE failed to converge; and with 𝜏posterior = 1, the 
model still converges but the interaction between the two losses is more 
abrupt.

Sensitivity analysis. To determine the optimal masking ratio, we 
conducted experiments on the Predictor using saved dVAE’s check-
points. Fig. 6 shows the 10-run averaged Corr and F1-score of the Predic-
tor when trained with no vision features, all vision features, and vision 
features produced by the saved checkpoints at masking ratios of 5%, 
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Fig. 5. The effects of 𝜏posterior on dVAE training stability and convergence.

Fig. 6. Performance of the Predictor model with different levels of masking 
ratio produced by dVAE, averaged over 10 seeds.

10%, 15%, 20%, 25%, 50%, and 75%. The performance curve peaks 
at the 15% masking ratio, suggesting that too few or too many vision 
features can harm performance.

Performance results. Table 1 compares the detailed results of EMF-
dVAE at the 15% masking ratio checkpoint with baselines. As the table 
shows, EMF-dVAE achieves better results across all metrics while using 
only 15.42% of all available visual features on the test set. In terms of 
correlation, EMF-dVAE achieves a 0.0404-point improvement over the 
previous best method on the same dataset (ICMI2024 [9]) and a 0.038-
point improvement compared to the SOTA method (EMT-DLFR [33]). 
In terms of classification, EMF-dVAE also achieves a new high F1-score 
of 76.64%, a 1.91-point increase compared to ICMI2024 and a 4.4-point 
increase compared to EMT-DLFR. Out of 10 runs, the best model trained 
with the dVAE’s mask achieves a correlation of 0.7591, while the worst 
model achieves a correlation of 0.7050. For reference, the minimum and 
average correlation coefficients of individual human raters’ scores to the 
averaged scores are 0.70 and 0.74 [24]. Our worst and average results 
therefore (for the first time) reach human-level agreement, and our best 
model surpasses the average human rater.

Inference time analysis. To understand how much time is saved 
with EMF-dVAE, we constructed two inference pipelines that simulate 
the deployment environment. The first pipeline (EMF-dVAE) uses the 

Table 1 
Performance results on the ETS-Interview dataset.
 Description  Vision  Corr ↑  F1 ↑  Acc2 ↑  Acc7 ↑  MAE ↓
 ACII2017 [24]  -  -  66.38  66.40  -  -
 HCII2023 [25]  -  -  70.29  70.33  -  -
 ICMI2024 [9]  20%  0.6792  74.73  74.57  57.53  0.5201
 MulT [31]  100%  0.6174  67.83  68.1  52.24  0.5793
 TFR-Net [32]  100%  0.3860  61.95  64.07  51.79  0.6582
 EMT-DLFR [33]  100%  0.6816  72.24  72.58  55.91  0.5259
 EMF-dVAE  15.42%  0.7196  76.64  76.77  59.28  0.4943

pre-trained encoder of the Masker model to select the salient segments, 
conducts pre-processing and feature extraction on only the selected seg-
ments, and then passes the extracted features to the Predictor model. 
The second pipeline follows the typical approach, where features are 
extracted from the whole video and then passed to the predictor mod-
els. Three SOTA models are chosen as the predictor models, and there is 
no Masker model. We ran sequential inference with 10 random videos 
taken from the validation set and report the averaged statistics in Ta-
ble 2. On average, EMF-dVAE is able to reduce the total inference time 
from 52.13 seconds to 18.01 seconds (a 65.5% reduction). In addition 
to the time saved from the smaller number of vision features to be ex-
tracted, the running time of our predictor model is also shorter than that 
of other methods (0.2 seconds compared to more than 1.31 seconds) due 
to the smaller number of parameters. We note that the 2.02-second in-
ference time for the Masker model can be decreased in deployment if 
the model is pre-loaded into GPUs or batch inference is possible.

Parameter-free masking approaches. Table 3 compares the per-
formance of EMF-dVAE with two simple parameter-free masking tech-
niques: random masking and uniform masking. Random masking gener-
ates binary vectors by thresholding uniformly sampled random values at 
0.15. Uniform masking produces the masked binary vector by selecting 
15% of segments at evenly-spaced intervals. To our surprise, these two 
simple masking techniques could achieve relatively high results. That 

Information Fusion 137 (2027) 104613 

9 



H. Le et al.

Fig. 7. Visualization of the masks produced for 10 random validation samples.

Table 2 
Inference time (in seconds) of EMF-dVAE compared to typical mul-
timodal fusion approaches (average results over 10 random videos).
 Component  MulT  TFR-Net  EMT-DLFR  EMF-dVAE
 Masker model  -  -  -  2.02
 Feature extraction  50.82  51.09  50.83  17.80
 Predictor model  1.31  1.71  1.32  0.20
 Total time  52.13  52.80  52.15  18.01

being said, EMF-dVAE outperforms both of these approaches while hav-
ing smaller standard deviations across all metrics, indicating a more 
stable and reliable selection of the salient segments.

Ablation study. To isolate the contribution of selective visual seg-
ments from architectural improvements, we conducted ablation experi-
ments with the following additional settings: the Predictor model with 
all vision features and without vision features, the Predictor model with-
out audio features, mask learning by Predictor-supervision (the Masker’s 
decoder component is removed), and mask learning with additional lan-
guage features (EMF-dVAE-L – language is used in addition to audio in 
the dVAE masker). Table 4 shows that the improved results indeed came 
from the incorporation of vision modality. EMF-dVAE also achieves bet-
ter performance than the Predictor with all vision features and features 
selected by the Predictor-supervised mask learning approach. The last 
two rows in Table 4 show that the inclusion of language features in 
the masker model does not significantly improve performance. Possible 
reasons for this result are the lack of time-series information in the con-
textual language features and the partial overlap of signals in language 
and audio, as transcriptions are generated from audio.

Visualization of the mask. In Fig. 7, we visualize the masks pro-
duced by dVAE on 10 random samples taken from the validation set. The 
masks are sparse across samples, indicating that there is no posterior 
collapse (a situation when VAE disregards the input); and the number 
of masked segments is different between samples: sample t42_v1 re-
quires only 7 visual segments while sample t134_v7 requires 28 visual 
segments. This difference supports our original hypothesis that differ-
ent videos require different amounts of computation. Fig. 8 shows the 
histogram of informative segments selected by the model in different 
videos. Two patterns can be inferred from Fig. 8: (1) there are peaks at 
the beginning, middle, and end of the videos; and (2) the remaining time 
steps (excluding the dip at time step 60) are selected with a comparable 
frequency, which could explain the high performance of the parameter-
free uniform masking approach on this dataset. As opposed to selecting 
only one continuous representative visual segment as in ICMI2024 [9], 
the figures validate that dVAE can select finer segments across the whole 
video, as well as a different number of fine-grained segments for differ-
ent videos, which may contribute to the improved performance.

5.  Related work

5.1.  Human-centric video understanding

Human-centric video understanding refers to the realm of tasks de-
signed for machines to learn about human behaviors and emotions. 
The tasks can range from basic perception recognition (e.g., emotion 
recognition) from short clips (IEMOCAP [34], MOSEI [35]) to advanced 
cognitive reasoning (e.g., interview assessment) from long-form videos 
(ETS-interview [24], MIT-interview [36]). The advanced cognitive rea-
soning tasks are more challenging due to the computational demand, 
lack of annotated datasets, and the strong requirement to make use of 
all available modalities. While the method proposed in this paper was 
evaluated on an interview assessment dataset, it has the potential to be 
applied to other advanced cognitive reasoning tasks.

5.2.  Efficient multimodal deep learning

Dynamic neural networks refer to networks that can adapt their 
structures or parameters to different inputs during the inference 
phase [37]. Under this umbrella, our framework can be utilized to build 
temporal-wise dynamic models that adaptively select (remove) frames 
to be processed. The frame selection problem has been studied inten-
sively with the development of methods such as adaptive frame selec-
tion [38,39] and vision token pruning [40–42]. Our work is also related 
to cross-modal early exiting strategies, such as [43,44], and denoising 
methods, such as [45,46]. While sharing the general goal and inspi-
rations, our proposed method significantly differs from these related 
works.

5.3.  Discrete representation learning

There are many applications in unsupervised learning, language 
modeling, or reinforcement learning where discrete distributions are en-
countered. Stochastic neural networks with discrete random variables 
are developed to provide the theoretical and practical framework for 
those applications, e.g., the discovery of the Gumbel-Softmax or Con-
crete distribution [19,20]. In this work, we apply the Binary Concrete 
distribution for discrete representation learning under the VAE frame-
work. One type of discrete VAE was previously proposed by [47]. EMF-
dVAE significantly differs from this approach, as we do not project the 
approximating posterior and the prior into a continuous space, but fu-
ture work could compare the two approaches. The Vector Quantised-
VAE [48] model was also introduced to produce discrete codes via a 
codebook. We did not employ this model in EMF-dVAE, since in its 
standard implementation, the size of the codebook would grow expo-
nentially with respect to the length of the video.
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Table 3 
Comparison with parameter-free approaches.
 Setting  Vision  Corr ↑  F1 ↑  Acc2 ↑  Acc7 ↑  MAE ↓
 Random masking  15%  0.7049 (± 0.021)  75.43 (± 2.3)  75.62 (± 2.4)  58.28 (± 2.9)  0.5064 (± 0.02)
 Uniform masking  15%  0.7117 (± 0.020)  75.86 (± 3.4)  76.02 (± 3.2)  56.56 (± 4.3)  0.5196 (± 0.03)
 EMF-dVAE  15.42% (± 0.16)  0.7196 (± 0.016)  76.64 (± 1.96)  76.77 (± 1.96)  59.28 (± 2.23)  0.4943 (± 0.016)

Table 4 
Ablation study results.
 Component  Vision  Corr ↑  F1 ↑  Acc2 ↑  Acc7 ↑  MAE ↓
 Predictor only  0%  0.6816  72.95  73.44  57.12  0.5270
 Predictor only  100%  0.6819  74.25  74.44  55.97  0.5256
 Predictor w/o audio  0%  0.6452  70.40  70.67  52.12  0.5621
 Predictor w/o audio  100%  0.6469  74.63  74.82  55.76  0.5449
 Predictor-supervised mask learning  16.96%  0.6561  72.57  72.82  54.83  0.5555
 EMF-dVAE-L  14.16%  0.7148  76.80  76.91  58.95  0.4989
 EMF-dVAE  15.42%  0.7196  76.64  76.77  59.28  0.4943

Fig. 8. Histogram of informative segments selected by the dVAE across different videos. The x-axis is the timestamp of the segments within the videos, and the y-axis 
is the number of times each segment is selected across the total set of 308 validation videos.

6.  Conclusion

This work introduces EMF-dVAE, an efficient multimodal fusion 
framework for human-centric video understanding. EMF-dVAE uses 
only 15.42 percent of the vision features yet achieves state-of-the-art 
performance, while reducing the inference time from 52.13 seconds to 
18.01 seconds for 2-minute videos. However, several open questions 
remain. First, what is the generalization ability of EMF-dVAE? In this 
work, we conducted experiments on only one large-scale interview video 
dataset. It would be of interest to investigate how EMF-dVAE performs 
across a wider range of tasks and datasets. Second, while dVAE relies 
on the Binary Concrete distribution to produce the mask vector, alterna-
tive approaches exist. Future work could explore those approaches and 
compare the pros and cons of each. Third, we did not employ audio aug-
mentation methods in this work. The incorporation of those methods 
could potentially improve the Masker’s ability to learn robust audio-
visual correlations. Finally, EMF-dVAE was evaluated on an English-
speaking dataset. For languages with significantly different intonation 
or word order, effective knowledge fusion remains an open challenge.
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