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Abstract
Audio-visual representations leverage information from both
modalities to produce joint representations. Such representa-
tions have demonstrated their usefulness in a variety of tasks.
However, both modalities incorporated in the learned model
might not necessarily be present all the time during inference.
In this work, we study whether and how we can make exist-
ing models, trained under pristine conditions, robust to partial
modality loss without retraining them. We propose to use a
curriculum trained Masked AutoEncoder, to impute features of
missing input segments. We show that fine-tuning of classifi-
cation heads with the imputed features makes the base models
robust on multiple downstream tasks like emotion recognition
and Lombard speech recognition. Among the 12 cases evalu-
ated, our method outperforms strong baselines in 10 instances.
Index Terms: video, speech, masked autoencoder, missing
modality

1. Introduction
Recent works on multimodal audio-visual representation learn-
ing have been successful on a variety of tasks like action recog-
nition [1] and audio-visual speech recognition [2]. A typical
multimodal model learns representations of speech and video
separately and projects them in a common space [1, 3]; this al-
lows the model to leverage potentially supplementary unimodal
information. However, there are scenarios where segments from
either or both modalities are missing or dropped out, because of
low bandwidth, corrupted signals, etc. in communication sys-
tems in practice. These multimodal models, if not robust to
such dropouts, can suffer from a catastrophic regression in per-
formance with a partial or complete loss of one modality [4, 2].
Moreover, if the performance of a multimodal model degrades
below that of unimodal ones, there is no reason to use the mul-
timodal model in the first place. This enforces a strong need to
build a multimodal model that is robust to this dropout scenario.

In some recent works, modality loss has been dealt via uni-
modal back-offs [2, 5], which can take the form of a cascade
of models or a mixture of experts (MoEs). Other approaches
have focused on training with a simulation of the test scenario
[2]. In this paper, we propose feature imputation to improve
audio-visual multimodal models’ robustness to partial loss of
both speech and video input sequences without retraining the
models from scratch, which would save training time as well as
infrastructure cost to support the model training as multimodal
models employing neural network architectures get larger. The
proposed method makes existing multimodal models robust,
without retraining them, by interjecting an imputation module
based on a Masked AutoEncoder (MAE) that estimates feature
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values for dropped out clips instead of zero-ing them [6]. MAEs
have been introduced in various settings, like vision [7], natural
language [8], and audio-visual retrieval or event classification
tasks [9]. They are trained to reconstruct parts of inputs that
have been artificially masked for learning robust representations
of the input in the process. Thereafter, they are typically used
as feature extractors in downstream tasks [8, 7, 10]. However,
their training regime of masked (or missing) inputs is appropri-
ate for our inference setting, and indeed we show that MAEs
can also be robustly used to impute missing features for modal-
ity dropout even with frozen backbone feature extractors.

We break our inputs into small, continuous clips (e.g, 500
msec duration), and consider modality dropouts at that level in-
stead of individual frames. This is a more realistic setting than
individual missing frames. For instance, a network packet may
contain several audio/visual frames, thus its loss will result in
losing a clip instead of a frame. We focus on cases where ei-
ther or both modalities can be dropped out. As the inference
dropout rate is not expected to be fixed, we propose to train the
MAE-based feature imputation module with a curriculum of in-
creasing dropout rates. We perform experiments on sequence
classification tasks, like CREMA-D [11], RAVDESS [12], and
Lombard speech recognition [13]. Our contributions include

1. An audio-visual MAE to impute missing input segments dur-
ing inference for an existing classifier. To the best of our
knowledge, this is the first work to use imputation with
MAEs to improve robustness to modality dropouts.

2. A plug-and-play approach that can be integrated with any
classifier and is 14x faster than (re-)training of major parts.

3. Comprehensive experiments on three different data sets cov-
ering a wide range of dropout levels for both modalities and
studying how modality drop affects downstream tasks.

2. Related Work
2.1. Robustness to modality dropout

As multimodal training is actively researched in the present [14,
15], studying the impact of modality dropout also receives
needed attention. Many approaches to modality dropout in
audio-visual settings consider the case where one of the modal-
ities is entirely missing [16, 17]. Others have developed strate-
gies for robustness to missing input segments, such as train-
ing a multimodal model with randomly omitted audio/visual
frames as well as dropping an entire modality [18, 19, 20, 2].
In this case, the classifier is trained to handle missing segments
by itself, making the distribution shift during testing less se-
vere. Other techniques opt for unimodal backoffs, such as mix-
ture of experts (MoEs) and model cascades [2, 5], wherein the
components of a model that will process the input are selected



Figure 1: Different training stages in our proposed approach: 1) standard encoder training with a classifier head, 2) fine-tuning of
MAE with the frozen encoders to reconstruct missing features with a curriculum of varying masking dropout rates and 3) fine-tuning of
the classifier head with the output of MAE.

based on which modality is available at inference time. These
methods either require retraining of multimodal models from
scratch, come with carrying out multiple models (in the form of
additional unimodal models), or avoid explicitly modeling the
missing modality setting, but rather work around it.

2.2. Imputation

Our focus in this paper is time-series data that contains miss-
ing segments (i.e., a collection of contiguous frames), so we
limit the discussion in this section to this use case. Autoen-
coders have been used successfully for imputation or data clean-
ing, often in the form of Denoising or Variational Autoencoders
(VAEs). For example, [21] propose a partial VAE that utilizes
the conditional independence between observed and missing
data given the latent variables. [22] introduce the use of an in-
put dropout distribution during the training of a VAE. We, on the
other hand, re-purpose MAE to perform the imputation. MAEs
have been used in natural language processing [8] and vision
[7] as well as for audio-visual representations learning [9, 23].
CAV-MAE [9] uses a multimodal encoder-decoder architecture,
where the masked tokens are introduced in the decoder. The
output embeddings produced by the encoder are also guided by
a cross-modal contrastive loss. Note that the masking in CAV-
MAE is performed on image and spectrogram patches, whereas
we mask sequences of audio and visual frames in the paper.
While being used in MAEs to learn good representations during
training, the masked regime in our case is for inference to im-
pute missing feature sequences. The proposed MAE-based ap-
proach for feature imputation can be considered as a more nat-
ural alternative to generative models such as GANs [24], which
can be used to impute missing values, both in the form of the
raw signal itself and of speech or visual features [25].

3. Methodology
3.1. Approach

We propose to use MAEs during inference to perform imputa-
tion of missing segments at the feature level in an audio-visual
setup (Figure 1). We reconstruct only missing inputs, and the
final encoding with imputed features is fed to the classifica-
tion head. We fine-tune the latter to alleviate the shift between
real and imputed features. Since we handle modality inputs
chuck-wise, we leverage intermediate representations for those
chunks from the encoders per modality. We assume that our

visual chunk unit is clips rather than individual frames. This
allows us to impute features of the entire clip. This enables
us to leverage visual encoders that integrate temporal informa-
tion, like AVID-CMA [1] using a spatiotemporal convolution
block called R(2+1)D [26], which prevents the missing inputs
from “contaminating” neighboring frames [27, 28]. For audio
modality, we use a similar chunking strategy, as dropping out
individual frames is not a major concern due to the high sam-
pling frequency of the domain and audio encoders usually rely
on temporal information beyond very small windows [29, 30].

3.2. Backbone Encoders

AVID-CMA [1]: AVID-CMA relies on an R(2+1)D network
that provides clip-level features for visual modality. For au-
dio modality, a CNN operates on the log spectrogram of audio.
We modify the existing implementation and leverage the pre-
trained models provided by the authors.1 We switch to multi-
modal evaluation ([1] had unimodal) via feature concatenation.
CrissCross [3]: CrissCross utilizes similar backbones. Apart
from the alternative proxy task used for self-supervision, the
inference setting is virtually identical to AVID-CMA. We also
leverage their existing implementation and pre-trained models.2

3.3. Curriculum Masked Autoencoder

We find that initializing our MAE from the weights of CAV-
MAE [9] results in better downstream performance, even
though it uses image and spectrogram patches as opposed to
clip-level features. We, therefore, follow their architecture.
Because of this misalignment between the domains, we fur-
ther pre-train the MAE with a fixed dropout rate on AudioSet-
20K [31]. Then, we fine-tune the pre-trained MAE on features
of the downstream benchmarks with a curriculum of increasing
masking rates throughout training, from one masked chunk to
all but one. In this manner, the MAE-based imputation module
is trained in a principled way with variable masking rates, ex-
posing it to the entire gamut of possible inference dropout rates.

3.4. Classifiers

We experiment with pairing the following classifiers with the
MAE in our pipeline (shown in Figure 1), and in Section 3.5 we
present the corresponding baselines when the MAE is not used.

1https://github.com/facebookresearch/AVID-CMA
2https://github.com/pritamqu/CrissCross
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Figure 2: Accuracy of AVID-CMA features at corresponding
levels of dropout in both modalities.

Linear: Following the standard evaluation process of AVID-
CMA and CrissCross, we experiment with a linear classifier,
independently predicting for individual clips and aggregating
the predictions to arrive at a video-level prediction.
GRU [32]: To introduce temporal dependencies, we experiment
with treating the output features of the backbone encoders for
each clip as a sequence and using a GRU to classify the se-
quence by using its final hidden representation.

3.5. Baselines

When the MAE is not used, we use the following baselines,
each corresponding to the classifiers in Section 3.4:
Unimodal Backoff for Linear Classifier: We train both a mul-
timodal classifier and unimodal classifiers, which we backoff
to if one of the modalities is missing. Clips with no modality
present are discarded. This backoff approach can be likened
to an MoE, and is virtually identical to dropout training with
frozen backbones.
Constant Imputation for GRU: Due to the temporal depen-
dency between different clips, there is no obvious backoff to
different models depending on the present modalities of clips,
nor is it obvious that clips can be skipped when both modali-
ties are absent. Therefore, we replace missing features with a
fixed feature vector, and then fine-tune the GRU classifier by
randomly dropping segments.

4. Experiments
4.1. Datasets

CREMA-D [11]: 7,442 clips of actors speaking 12 different
sentences in one of the following acted emotions: happiness,
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Figure 3: Accuracy of CrissCross features at corresponding lev-
els of dropout in both modalities.

sadness, anger, fear, disgust, and neutral. We use 70-15-15
speaker-independent random splits.
RAVDESS [12]: 4,230 clips of 24 actors speaking or singing
2 lexically-neutral sentences in one of the following emotions:
calm, happy, sad, angry, fearful, surprised and disgusted. We
use speaker-independent random splits, with 4 test speakers.
Lombard speech recognition [13]: Lombard speech recogni-
tion dataset with labels indicating whether the speech is Lom-
bard [33] or plain. There are 54 talkers with 100 evenly divided
utterances each. We refer to this dataset as Lombard. We use
speaker-independent random splits, with 8 test speakers.

4.2. Implementation Details

We use up to 4 NVIDIA Tesla T4 GPUs for model training. We
apply dropout randomly and independently in the two modal-
ities, but keep the dropout ratios equal to constrain the pos-
sible space of dropouts. We freeze the pre-trained backbone
encoders instead of fine-tuning them jointly with the final clas-
sifiers. Note that the number of parameters in our MAE (from
CAV-MAE) is larger than the number of parameters in the back-
bone encoders (180M vs. 25M). However, handling video clips
makes the throughput of training the backbone encoders con-
siderably worse than the proposed MAE, specifically, 0.7 GPU
hrs and 0.05 GPU hrs per epoch on CREMA-D respectively —
a 14× reduction — justifying the choice to keep the backbones
frozen. At the same time, initializing weights from CAV-MAE
also makes the proposed approach more data-efficient. Our
clips are 400ms for CREMA-D and RAVDESS, and 500ms for
Lombard and AudioSet, selected heuristically based on video
duration statistics. The number of clips we use per video is 10
for Audioset and RAVDESS, and 5 for CREMA-D and Lom-



bard. We found that abandoning the contrastive loss in MAE’s
training from [9] is preferable as the models converge to a bet-
ter reconstruction loss. We pre-train the MAE for 50 epochs on
AudioSet-20K with a 1e-4 learning rate, and we fix the dropout
rate to the closest possible rate to 75% (used in CAV-MAE pre-
training). We then fine-tune it on each dataset for 50 epochs,
with a 1e-4 learning rate for CREMA-D and Lombard, and 5e-
4 for RAVDESS. We increase the dropout rate every 5 epochs
in datasets with 10 clips, or every 10 epochs otherwise. We use
a 1e-3 learning rate to train the classification heads.

For the constant imputation for the GPU classifier, we
found that an all-zeros vector performs favorably in the absence
of fine-tuning, and equivalently otherwise to an average feature
vector for each modality from AudioSet-20K, hence we present
the former. To fine-tune this baseline GRU, for each sample,
we randomly sample the level of dropout (which is equal for
both modalities) from all possible dropout rates, and then sam-
ple a dropout mask. We do the same when fine-tuning the GRU
with MAE features, whereas we select the largest dropout rate
(the last rate in the curriculum) for the fine-tuning of the linear
classifier with MAE features.

4.3. Feature Imputation with MAE against Baselines

We present the performance of the imputed features in all
datasets. Each data point has equal amounts of dropout in both
modalities. We focus on the influence of different levels of
dropout and the utilization of different classifiers. Our results
are presented in Figure 2 using AVID-CMA, and Figure 3 us-
ing CrissCross. We plot the mean and standard dev based on
10 random masks applied to each sample, and we consider the
performance of two models equivalent when ranges overlap.

We present Pristine, Video only, Audio Only, Backoff, Reg-
ular, Regular-ft-all, curri-MAE, curri-MAE-ft and curri-MAE-
ft-all. Pristine, Video Only and Audio Only are the performance
of the classifier and unimodal baselines in perfect conditions.
Backoff is the linear classifier’s baseline (Section 3.5). Reg-
ular denotes the performance of the GRU in the presence of
missing data using a frozen classifier trained on pristine data.
curri-MAE denotes our MAE trained using a curriculum (Sec-
tion 3.3). Finally, Regular-ft-all, curri-MAE-ft and curri-MAE-
ft-all are the performances with a finetuned classifier (Sections
3.5 and 4.2). The absence of a baseline denotes performance
below the presented range. We selected all our hyperparame-
ters on AVID-CMA and attempted to replicate our findings on
CrissCross. Of the total 12 cases we examined, curri-MAE-ft-
all surpasses strong baselines in all cases except with CrissCross
on RAVDESS dataset with either classifiers.

First, we focus on AVID-CMA (Figure 2). For the lin-
ear classifier (Figure 2a), we see that the finetuned classifier
on MAE features (i.e., imputed) performs either favorably or
equivalently to the baselines. In fact, our proposed method out-
performs the baselines at all dropouts rates in CREMA-D and
Lombard, most rates in RAVDESS, and is otherwise equivalent.
The MAE imputation without fine-tuning, on the other hand, is
mostly equivalent to Backoff. Interestingly, we also find that the
classifier’s performance improves when fine-tuned, compared
to the pristine condition, which means that the MAE imputation
also acted as a data augmentation technique. The augmenta-
tion effect is strong enough that it can persist up to high levels
of dropout, such as 40% for CREMA-D and RAVDESS. We
do not show the final accuracy of the classifier in the pristine
condition as that is not our focus in this work.

In the GRU case, Figure 2b demonstrates the same trends.
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Figure 4: Performance comparison between finetuning with
curriculum MAE’s (curri-MAE) imputations, and finetuning
with fixed-rate MAE’s (MAE) imputations, at a mixture of the
designated dropout rates, i.e., (40+70)% denotes fine-tuning
the classifier with imputations at both 40% and 70% dropout.

Our proposed method is at least equivalent to the baselines, with
CREMA-D and Lombard again showcasing the most favorable
comparisons. We see fewer augmentation effects of the MAE.
In the case of the GRU, it seems that the baseline fine-tuning
can also occasionally provide augmentation effects. Finally, the
baseline GRU with no fine-tuning degrades very rapidly.

In the case of CrissCross with a linear classifier, in Fig-
ure 3a, we see that our method continues to perform favorably
in CREMA-D under all conditions, but not in Lombard and
RAVDESS. Augmentation effects appear in CREMA-D.

When GRUs are used with CrissCross instead, in Figure 3b,
we see that our proposed method fares favorably to the base-
lines, except for a single datapoint, 40% dropout in RAVDESS.
Compared to AVID-CMA with a GRU, we see more noticeable
augmentation effects, notably both for the MAE fine-tuning and
the baseline GRU fine-tuning, in RAVDESS and Lombard. The
simple GRU baseline degrades quickly except for Lombard.

4.4. Why is the Dropout Curriculum Important?

We compare a regular (70% fixed-rate) MAE with our curricu-
lum MAE (curri-MAE) in Figure 4. We observe that the right
dropout-rate mixture for imputing and fine-tuning the GRU can
be dataset-specific with MAE. In contrast, our curri-MAE re-
liably achieves performance equivalent to the best mixture of
the MAE (40%+70%), stabilizing fine-tuning. We also observe
that taking MAE’s best mixture and applying curriculum to it
(curr-MAE-ft*) produces virtually identical results to the mix-
ture of all rates that we use. Therefore, the proposed curriculum
is integral for robustness.

5. Conclusions
In this study, we address the challenge of partial modality loss
and propose a curriculum-based Masked AutoEncoder (MAE)
for feature imputation. Our approach surpasses existing meth-
ods, yielding a more robust classifier. We observe that fine-
tuning with imputations acts as augmentation and bridges the
gap between real and generated features. As our work focuses
on data sets with mostly short clips, it can be directly extended
to streaming, by using a small number of future clips to derive
the final embeddings of the MAE, which is left as future work.
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