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Abstract

Multimodal video understanding is crucial for analyzing
egocentric videos, where integrating multiple sensory sig-
nals significantly enhances action recognition and moment
localization. However, practical applications often grap-
ple with incomplete modalities due to factors like privacy
concerns, efficiency demands, or hardware malfunctions.
Addressing this, our study delves into the impact of miss-
ing modalities on egocentric action recognition, particu-
larly within transformer-based models. We introduce a
novel concept—Missing Modality Token (MMT)—to main-
tain performance even when modalities are absent, a strat-
egy that proves effective in the Ego4D, Epic-Kitchens, and
Epic-Sounds datasets. Our method mitigates the perfor-
mance loss, reducing it from its original ~ 30% drop to
only ~ 10% when half of the test set is modal-incomplete.
Through extensive experimentation, we demonstrate the
adaptability of MMT to different training scenarios and its
superiority in handling missing modalities compared to cur-
rent methods. Our research contributes a comprehensive
analysis and an innovative approach, opening avenues for
more resilient multimodal systems in real-world settings.

1. Introduction

Multimodal video understanding has been the de facto ap-
proach for analyzing egocentric videos. Recent works have
shown that the complimentary multisensory signals in ego-
centric videos are superior for understanding actions [24—
26, 33, 37] and localizing moments [2, 41, 43, 47]. How-
ever, multimodal systems need to be practical for real-world
applications that could suffer from the incompleteness of
modality inputs due to privacy, efficiency, or simply device
failures [30]. For example, when predicting in real-time
using a wearable device, parts of the recordings might be
scrapped to preserve the privacy of the bystanders/camera
wearer [14, 16]. Furthermore, using all sensors could be
expensive for a wearable device, opting for cheaper modal-
ities such as audio or IMU [17]. Thus, studying the impact
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Figure 1. Multimodal models are typically trained on modal-
complete data. However, these models ( ) fail when encoun-
tering modal-incomplete inputs at test time. Our proposed adapta-
tion strategy for handling missing modalities ( ) significantly
improves performance across datasets. Notably, when all test in-
puts are modal-incomplete (rtest = 100%), our approach sur-
passes unimodal performance (violet) by 5 points in Epic-Kitchens
and doubles the baseline performance in Ego4D-AR.

of missing modalities is crucial for realistic settings.

Still, the current effort to study the impact of miss-
ing modalities in egocentric datasets remains rather lim-
ited. Most methods presume all modal inputs to be in-
tact during training and inference. Recent works have
studied the effect of missing modalities for different tasks
varying from recommendation systems to emotion recog-
nition [29, 36, 38, 40, 44, 46]. Notably, the majority of
research concerning missing modalities has primarily ad-
dressed the issue during testing [3, 38, 40, 44, 46, 50], while
just a handful studied it across both training and testing
phases [29, 30, 35]. Similar to our setting, Lee et al. [30]
propose a strategy to learn prompts for pre-trained back-
bones to deal with missing modalities. However, they ana-
lyze their method for image and text datasets only; we im-
plement our version for action recognition and use it as a
baseline in Sec. 4. More recently, Gong et al. [14] pro-
posed a benchmark for multimodal generalization, focusing
on few-shot learning recognition while considering missing
modalities. Though the latter work proposes an interesting
benchmark that includes a zero-shot and few-shot setups,
no works have diagnosed how recent transformer-based ap-



proaches perform when modalities are missing for action
recognition.

In this work, we study the problem of missing modali-
ties in egocentric action recognition. First, we investigate
how current transformer-based models are affected by in-
complete modalities at test time. In Fig. 1, we observe how
the current state-of-the-art audiovisual recognition model,
Multimodal Bottleneck Transformer (MBT) [37], trained
on modal-complete inputs, suffers from a critical degra-
dation in performance when the missing modality rate in-
creases. The advantage of the multimodal backbone (or-
ange) is lost when the missing modality rate in the test set
exceeds ~ 27% (Ego4D-AR) and ~ 70% (Epic-Kitchens).
At this point, the unimodal model (purple) becomes a better
alternative. To address this problem, we propose learning
the missing modality ’template” during training to replace
missing modalities at test time. We call this template the
Missing Modality Token (MMT) and explain how to learn
it in Sec. 3.4. Fig. 1 (Epic-Kitchens) also shows how our
approach (green) dramatically improves the test accuracy
and stays at least 5 points above the unimodal performance
even when the test set is fully modal-incomplete. Further-
more, our methods enable better multimodal performance
overall in modal-incomplete Ego4D-AR.

We verify the effectiveness of our method in 3 egocentric
datasets, including Ego4D [16], which has a full coverage
of RGB video, but only 70% of videos have audio. We ex-
tensively analyze our proposed training strategies, showing
how to train with MMT under different missing modality
scenarios. Our experiments show that our simple yet effec-
tive approach proposes a strong solution to this problem.

Our contributions are twofold: (1) We present a com-
prehensive study of the challenge of missing modalities in
egocentric action recognition, exploring datasets with vary-
ing degrees of modal incompleteness and evaluating the in-
fluence of the fusion layer. (2) We introduce the Missing
Modality Token (MMT) as a novel solution to handle miss-
ing modalities during both training and testing. In conjunc-
tion with a training strategy termed random-replace, our ap-
proach is extensively evaluated and demonstrates significant
improvements over existing baselines. This work provides
valuable insights and lays the groundwork for developing
robust multimodal backbones.

2. Related work

Addressing missing modality. Addressing missing modal-
ities presents a notable challenge, explored through various
strategies by researchers from different areas. From medical
applications [1] to sentiment analysis [3], missing modali-
ties are a long-standing problem in multimodal understand-
ing. Some methods [11, 12, 42] distill the knowledge from a
multimodal teacher to an unimodal RGB model. Others are
tailored for scenarios where test data is multimodal yet in-
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complete in terms of modalities. For example, Ma et al. [35]
and Colombo et al. [3] investigate missing modalities within
a Bayesian Meta-learning framework. Meanwhile, Tsai et
al. [44], Zhao et al. [50], and Woo et al. [48] attempt to
reconstruct missing inputs. Neverova et al. [38] focus on
multimodal gesture recognition, employing depth, audio,
and video streams, and updating network parameters based
on different modality combinations. Most of these works
rely on modality-specific architectures [20, 28] and/or use
complex generative pipelines. Our approach uses a generic
multimodal Transformer [45]. Furthermore, these meth-
ods assume that the training data is fully modal-complete,
which is not the case in current large-scale datasets [17].
Instead, our method applies to modal-complete and modal-
incomplete training sets.

Recent studies utilizing transformers, such as the work
of Parthasarathy et al. [40], explore missing modalities at
test time and propose training-time augmentations. Ma et
al. [36] develop strategies for optimal fusion layers and
class tokens in the context of missing modalities, focusing
on image-text datasets. Our research differs by demonstrat-
ing the effectiveness of our method across various fusion
layers (see supplementary materials), which avoids any ex-
pensive fusion policy learning. Lee et al. [30] proposes to
learn to prompt large multimodal backbones for image and
text classification when modalities are missing at train and
test time. We adapt their method to our setting and show
that ours is more practical and effective for dealing with
missing modalities in egocentric videos. Lastly, Gong et
al. [14] introduce a benchmark for handling missing modal-
ities within the Ego4D dataset, tailored for few-shot classi-
fication '. Our work proposes to diagnose and study the
problem in a simpler setting to understand the effect of
missing modalities in egocentric video understanding. We
want to note that most of related transformer-based meth-
ods [14, 36, 40] do not provide the code, which makes it
challenging to compare to.

Multimodal egocentric video understanding. Egocen-
tric perception faces distinct challenges compared to tra-
ditional video understanding benchmarks such as Activi-
tyNet [7] and Kinetics [23]. The nature of how egocen-
tric datasets are captured means that they usually feature
strongly aligned and synchronized audiovisual signals. Key
benchmarks in this field, including Epic-Kitchens [4], Epic-
Sounds [22], and the more recent and extensive Ego4D [16],
have demonstrated the importance of audiovisual learning
for understanding egocentric videos due to the complemen-
tary nature of the audio and visual modalities [24, 25, 43].
These datasets have facilitated the creation of several audio-
visual backbones tailored for video understanding. Xiao et
al. [49] introduced a CNN-based dual-stream architecture,
utilizing SlowFast networks for the visual component [8]

ICode and data are not available
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Figure 2. Learning and Predicting with Missing Modalities. Left: Given modal-incomplete data, it is still unclear how to effectively
train and predict with a multimodal model (we present some naive baseline methods in Sec. 3.3). Right: To address this issue, we
introduce a Missing Modality Token (MMT). During training, MMT learns the representation of missing inputs from modal-incomplete
samples and modal-complete samples. For the latter, we use random-replace to let the network observe the missing inputs and thus learn
better representations (Sec. 3.4). At test time, we replace the tokens of missing inputs with MMT to effectively represent them.

and a separate stream for audio [26]. With the advent
and adaptability of transformer architectures, several stud-
ies have treated different modalities as input tokens for a
multimodal transformer encoder [10, 27, 31, 32]. However,
self-attention mechanisms can become prohibitively expen-
sive as the number of tokens increases. To address this, Na-
grani et al. [37] offered an efficient Multimodal Bottleneck
Transformer (MBT) that avoids costly self-attention. We
build atop MBT and introduce Missing Modality Token to
make it robust for missing modalities at train and test times.

3. Dealing with missing modalities

This section outlines our approach to addressing the missing
modality problem. Specifically, we discuss the evaluation
scenarios (3.1), multimodal design and fusion (3.2), naive
baselines (3.3), and our proposed method (3.4).

3.1. Problem statement, setup, and evaluation

Given the training and testing multimodal samples, we de-
note the missing modality rates as 7¢.qin and riess, cOmM-
puted by dividing the number of modal-incomplete sam-
ples by the total number of samples, assuming that only
one modality is missing per sample. Our work consid-
ers two training scenarios: a modal-incomplete training
set (T¢rqin 7 0%), and a modal-complete training set
(Ptrain = 0%). To assess the model’s performance un-
der varying degrees of missing data, we create several test
set variants by progressively removing modality informa-
tion until 75 = 100%.

Following previous works [35, 36] when using fully
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modal-complete datasets (r¢rqin = 0% and rese = 0%),
we assume that the modality with the best unimodal per-
formance (e.g., audio for Epic-Sounds) is made incomplete
at test time. Unlike prior research [30, 35, 36], we also
validate our adaptation strategies on datasets with naturally
incomplete modalities in both training and testing splits.
We conduct our evaluations on egocentric action recogni-
tion datasets using the two commonly available modalities:
visual (RGB frames) and audio.

3.2. Efficient and effective multimodal fusion

We address the challenge of missing modalities by employ-
ing advanced multimodal fusion strategies. While previous
transformer-based methods predominantly used simple fu-
sion techniques—such as early or mid-fusion with cross-
modal self-attention, where tokens are concatenated at the
fusion layer—these approaches encounter scalability issues
for videos due to the quadratic complexity inherent in the
attention mechanism [30, 37].

To enhance both efficiency and effectiveness, we adopt
MBT [37], tthe current state-of-the-art in audiovisual fu-
sion. MBT utilizes a bottleneck transformer that stream-
lines cross-modal interactions by introducing a small set
of learnable bottleneck” tokens. This design allows each
modality to perform self-attention with minimal compu-
tational overhead, making it especially well-suited for
information-dense modalities such as video. The original
MBT model set the fusion layer at 8 for optimal downstream
performance.

Fusion Layer. A critical aspect of multimodal fusion is
the design of the fusion layer, denoted as Ly, where cross-



modal interactions occur. We evaluate the original bottle-
neck model on modal-complete audiovisual inputs and train
variants with different fusion layers. Fig. 5 presents results
(marked as baseline) for Epic-Kitchens and Epic-Sounds.

Our analysis reveals that when all modalities are present
(rtest = 0), performance remains largely unaffected by
the choice of fusion layer. However, under missing modal-
ity conditions, the fusion layer significantly impacts perfor-
mance. For instance, in Epic-Sounds at r4.s; = 50%, test
accuracy improves from 35% with Ly = 0 to 42% with
Ly = 11. Interestingly, earlier fusion is more effective
in Epic-Kitchens, while later fusion yields better results in
Epic-Sounds. This aligns with prior observations [36] that
the optimal fusion strategy is dataset-dependent.

While this finding may seem intuitive, it poses a practi-
cal challenge—when model performance is highly sensitive
to the fusion layer, identifying the best setting can be com-
putationally expensive. To address this, we analyze the ef-
fect of fusion layers under missing modality conditions and
present further results in the supplementary material.

3.3. Intuitive baselines

Designing effective solutions for missing modalities is chal-
lenging (Fig. 2). However, simple and intuitive adaptations
can be applied at test time. We introduce two training-free
baselines and one training-time strategy to handle missing
modalities.

Passing Missing Inputs as Zero Tensors. A straightfor-
ward approach is to replace missing modality inputs with
tensors filled with zeros. This method, widely used in prior
work [1, 30, 40], is popular for its simplicity and ease of
implementation. Unless stated otherwise, we adopt this as
our primary baseline, referring to it as baseline.

Passing Only Complete Inputs. Since transformers can
handle sequences of varying lengths, we can omit tokens
corresponding to missing modalities and provide only the
available modality tokens. While intuitive, this approach
becomes impractical for batched inference when some in-
puts within a batch have missing modalities.

Modality Dropping. As a training-time strategy, we can
randomly drop modalities during training as a form of
augmentation. This helps the model learn robustness to
missing modalities without requiring architectural modifi-
cations. Similar to the training-free baseline, when a modal-
ity is dropped during training, it is replaced with a zero ten-
SOr.

3.4. Our approach to dealing with missing modali-
ties

We propose a simple and generalizable approach for han-
dling missing modalities. Instead of filling missing inputs
with zero tensors or discarding them, we introduce a learn-
able Missing Modality Token (MMT). MMT serves as a
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“template” for missing inputs, learning to represent them
based on the non-missing modality.

Fig. 2 (right) illustrates MMT in action. When a sam-
ple lacks a modality, MMT—a shared parameter—is re-
peated to match the missing tokens and passed to the trans-
former along with the available modality. Each token re-
tains distinct positional embeddings, akin to the masked to-
ken in [18]. This allows MMT to generalize across modal-
incomplete samples by leveraging non-missing tokens.

However, if MMT is trained solely on naturally miss-
ing samples, it never directly observes the inputs it aims
to mimic. Moreover, in datasets where only a fraction of
samples are incomplete (e.g., Tirain = 10%), MMT has
limited training exposure. To address this, we introduce the
random-replace strategy:

This increases training opportunities for MMT and en-
ables the model to see both complete and incomplete ver-
sions of the same sample, reinforcing cross-modal depen-
dencies.

However, setting p too high may lead to excessive in-
formation loss, especially if a critical modality is replaced
(Sec. 4.4). Thus, MMT is trained in two ways: (1) Using
naturally missing modality samples. (2) Applying random
replacement on modal-complete samples. Below, we de-
tail how these strategies are applied across different dataset
conditions.

Modal-Incomplete Training Set. Given that 7y, of the
training samples are modal-incomplete and 100% — 7¢yqin
are modal-complete, MMT can be trained in two ways:

(1) Learning from Modal-Incomplete Only: MMT re-
places missing modality inputs only for modal-incomplete
samples. Modal-complete samples remain unchanged (i.e.,
p = 0).

(2) Learning from Both Modal-Complete and Modal-
Incomplete: In addition to (1), we apply random-replace
with p > 0 to expose MMT to artificially missing inputs.
Modal-Complete Training set. Since all training sam-
ples are modal-complete, MMT is trained exclusively using
random-replace (p > 0).

Inference. Regardless of the training strategy, MMT re-
places missing input tokens at test time.

4. Experiments

We present a detailed analysis of our MMT under both
modal-complete and modal-incomplete training sets. For
both scenarios, we explore the usage of random-replace.
Namely, in Sec. 4.4 we ablate the effect of p. In Sec. 4.5,
we study how the severity of missing modality in the train-
ing data affects the performance. Sec. 4.6 we extend the
setup to multiple missing modalities. Then, we compare our
method to the baselines we proposed and [30] in Sec. 4.8.
Additionally, we study the effect of fusion layers L in sup-
plementary materials.



4.1. Datasets

We use Ego4D [16] videos to pre-train the MBT backbone.
Due to privacy regulations, only 2.5K of the 3.7K video
hours retain original audio. From these, we extract 450K
10-second modal-complete clips. For downstream tasks,
we use the following egocentric action recognition bench-
marks:
Epic-Kitchens-100 [5]: 90K variable-length clips spanning
100 hours, labeled with 300 nouns and 97 verbs. We use
two output heads to jointly predict verb and noun classes.
All videos have complete audio-visual streams (7¢qin, =
Ttest = 0%)
Epic-Sounds [22]: 79K clips from the same 100 hours as
Epic-Kitchens, annotated with 44 unique sound labels, in-
dependent of noun-verb labels.
Ego4D-AR: A dataset derived from Ego4D’s Short-Term
Action Anticipation task [16]. We use time-to-contact
timestamps to trim clips and assign action labels. It contains
142K noun-verb clips, with 128 noun and 81 verb classes.
Verbs are highly imbalanced, so we apply class-weighted
loss. Unlike Epic-Kitchens, Ego4D-AR naturally has miss-
ing modalities, with audio present in only 71% of training
and 73% of test clips (¢rain = 29%, Tiest = 27%).

For clarity, we report verb accuracy for Epic-Kitchens,
class accuracy for Epic-Sounds, and noun accuracy for
Ego4D-AR, with additional metrics in Supplementary.

4.2. Implementations details

Pre-training. We use the audiovisual MAEs [9, 13, 18]
protocols and train our own implementation of Audiovi-
sual Bottleneck MAE. We use the trimmed Ego4D clips and
train for 200 epochs. We mask 70% of audio and 90% of
video tokens. We use the same pre-trained model for all
experiments. More details of the decoder used in the pre-
training can be found in the supplementary material.
Architecture. Following [21], we use ViT-Base [6] with
12 transformer layers, 12 attention heads, and embedding
dimension 768 as the encoder for each modality. For the
fusion design, we follow MBT [37] and fix the number of
bottlenecks to B = 4 and the fusion layer to Ly = 8.
Inputs. Following [15, 21], we convert an audio waveform
of ¢ seconds to log Mel-filterbank with 128 Mel-frequency
bins, with a Hanning window of 25ms, shifting every 10ms.
The output is a spectrogram of 128 x 100¢. We use 8-second
audio and the patch size of 16 x 16, resulting in (128 x 100 x
8)/256 = 400 audio tokens. For video, we sample 16 RGB
frames at 8 fps of 224 x 224. Similarly to [21], we tokenize
the frames with 3D convolutions, using the spacetime patch
size of 16 x 16 x 2. Each video input produces (16 x 224 x
224)/(256 x 2) = 1568 tokens.

Finetuning. We train for 50 epochs in Epic-Kitchens ex-
periments, 20 in Epic-Sounds, and 15 in Ego4D-AR. We
use SpecAugment [39] for audio augmentation and Aug-
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mix [19] for video augmentation. We use AdamW [34] op-
timizer with half-cycle cosine learning rate decay. When
comparing the modality dropping baseline with MMT, we
train it with the same drop probability.

Table 1. The performance of the audio, video, and bottleneck
audiovisual models on each dataset. = We train and evaluate
all models with 74y4in, = 0 and r¢ese = 0%. In Ego4D-AR,
this is done by filtering out the modal-incomplete samples. In all
datasets, multimodal performance beats unimodal performance.

Dataset Audio Video Audiovisual
Epic-Kitchens | 40.0% 63.2% 64.0%
Epic-Sounds 46.5% 41.4% 55.2%
Ego4D-AR 263% 34.6% 36.4%

4.3. Unimodal and baseline multimodal models

Tab. 1 presents the unimodal and multimodal performance
across downstream datasets. As in the original MBT, mul-
timodal models are trained exclusively on fully modal-
complete samples. These models serve as our baseline
across all datasets. In scenarios where 7. is small (i.e.,
test data is nearly modal-complete), the adapted model
should ideally maintain performance close to the multi-
modal baseline, ensuring that multimodal reasoning capa-
bilities are preserved.

Due to the annotation strategy, video is the dominant
modality in Epic-Kitchens and Ego4D-AR, while audio is
more informative in Epic-Sounds. Consequently, as out-
lined in Sec .3.1, we train our models to be robust to missing
video in Epic-Kitchens and Ego4D-AR, and to missing au-
dio in Epic-Sounds (except in Sec .4.6, where either modal-
ity may be absent). Additionally, we report unimodal per-
formance for the non-missing modality (e.g., video in Epic-
Sounds) since adapted models should converge toward this
performance at higher values of r¢est.

Epic-Sounds, having fewer training samples and a more
balanced unimodal performance across modalities, is ana-
lyzed more extensively in Sec .4.5 and Sec .4.6.

4.4. Results with MMT.

We apply MMT as described in Sec. 3.4. Fig. 3 il-
lustrates how performance varies with different modal-
ity drop probabilities p using the random-replace and
compares these results to both unimodal (purple) and
baseline multimodal (orange) performance across the
datasets. For Epic-Kitchens, we experiment with p €
{12.5%, 25%, 50%}. In Ego4D-AR, where the training set
naturally has 7.4;n = 29% missing modalities, we con-
sider p € {0%, 25%, 50%, 75%}. In Epic-Sounds, we ob-
serve that higher values of p lead to better performance, so
we employ p € {30%,60%, 90%}.
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The optimal p varies among datasets, likely due to different missing modality, 7¢rqin, and individual modality performance (see Tab. 1).

Overall, the results emphasize the need to select a suf-
ficiently high p so that the model can adequately adapt
to missing modalities, while avoiding excessive informa-
tion loss. For instance, in Epic-Sounds, the model trained
with p = 30% achieves 42.7% accuracy at r4.s; = 75%,
whereas increasing p to 60% improves performance 44.6%.
Similarly, in Ego4D-AR, training with naturally modal-
incomplete samples only (p = 0%) results in 28.6% ac-
curacy at 145 = 75% but increasing p to 25% boosts accu-
racy to 33.5%. Conversely, setting p too high can lead the
model to over-rely on the modality that is always present:
for example, the model trained with p = 75% in Ego4D-
AR achieves higher accuracy at r4.5; = 100% but drops to
unimodal video performance at ry.,; = 27%, suggesting it
has effectively ignored the audio modality.

We find that the models trained with p = 60% for Epic-
Sounds, p = 25% for Epic-Kitchens, and p = 25% for
Ego4D-AR deliver the best overall performance on their
respective datasets. In missing modality scenarios, these
models substantially outperform the baselines. For ex-
ample, at 745y = 50%, the adapted models achieve im-
provements of 11.5 points in Epic-Sounds, 7.8 points in
Epic-Kitchens, and 9.3 points in Ego4D-AR compared to
the baseline. Notably, for Epic-Sounds and Epic-Kitchens,
the MMT-trained models match or exceed unimodal per-
formance even when all modalities but one are missing
(riest = 100%). At the same time, they retain the base-
line multimodal performance when 7;.s; = 0%, demon-
strating that the adaptation strategy does not compromise
the model’s overall capabilities.

In Ego4D-AR, the baseline model fails to reach uni-
modal accuracy even at 75y = 27%, primarily because
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Terain = 29% of the training samples were filtered out, re-
sulting in information loss. This makes the MMT-trained
models a significantly better choice, as they better leverage
the available data in modal-incomplete datasets.

In Epic-Kitchens, the model achieves better results with
a lower drop probability of p = 25% compared to Epic-
Sounds. We attribute this to the fact that the video modality,
which is missing in Epic-Kitchens, generates nearly four
times as many tokens as audio. Consequently, replacing
video tokens results in a higher degree of information loss,
necessitating a smaller p to preserve critical content.

4.5. Datasets with modal-incomplete training data.

In Sec. 4.4, Ego4D-AR is the only naturally modal-
incomplete dataset, , prompting us to investigate the gener-
alization of our method across datasets with varying 7¢,qr, -
In cases where 744, 1s even higher—for instance, when
filtering out noisy or corrupted data leads to significant in-
formation loss—MMT enables us to learn from all instances
rather than discarding valuable samples.

Fig. 4a presents results on our modal-incomplete version
of Epic-Sounds with 7y.qin = 25% and ¢4, = 50% (see
Supplementary for details on the dataset creation). As ob-
served in Ego4D-AR, the baseline model performs subop-
timally under high r,.4;,. However, applying the random-
replace with p = 60% significantly improves the baseline
accuracy at r4.5; = 100%—by 20 points when r.q;y =
25% and 30 points when 7.4, = 50%. Moreover, train-
ing MMT on modal-complete samples (p = 60%) yields a
substantial performance boost compared to models trained
solely on modal-incomplete samples (p = 0%).



Audiovisual (baseline) ~ —— Unimodal ~ HEE p=0% p=60%

Epic-Sounds, rtrain = 25% Epic-Sounds, rtrain = 50%

Y

S
2
3

@

S
o0
3

L8 .

IS

S
=
3

Accuracy (%)
g

g
Accuracy (%)

L/
/]
-
s B

I
S

0 25
Missing rate rtest (%)

50 75 100 0 25 50 75

Missing rate rest (%)

100

(a) Results with modal-incomplete training data. Since Epic-Sounds
does not naturally contain missing modalities in the training data, we man-
ually remove audio from (left) 7¢,.q;, = 25% and (right) 7¢q:n, = 50%
of the training samples.

Video missing at test Audio missing at test

\

—e— Audiovisual(ours)
Audiovisual(baseline)

P w
& 2

Accuracy (%)
g

Accuracy (%)

2
8
8

—e— Audiovisual(ours)
Audiovisual(baselinc)

>

0 25 50 75
Missing rate (%)

100 0 25 50 75

Missing rate rfs(%)

100

(b) Multiple modalities missing. We train our model with two MMTs:
one for missing video and one for audio. We run the inference twice: (left)
with missing video and (right) missing audio. We use Epic-Sounds with
= 25% = 25%.

Vv
»Ttrain

Figure 4. Comparison of performance under different training and testing conditions with incomplete modalities.
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Figure 5. Fusion Layer L vs. accuracy in the models trained with no adaptation strategy (Baseline) and trained with MMT (Ours).
For training with MMT, we use random-replace strategy with p = 60% for Epic-Sounds and p = 25% for Epic-Kitchens. This strategy
makes MBT more robust to missing modalities across all L and significantly reduces the negative effect of missing modalities.

4.6. Both modalities missing

In our setup, we train a single Missing Modality Token
(MMT) under the assumption that only one modality is
missing at a time. However, in real-world scenarios, ei-
ther modality could be absent for each sample. Conven-
tional multimodal baselines handle this by filtering out all
modal-incomplete samples, reducing the training set to a
small subset where both modalities are present—potentially
degrading model performance.

Extending our approach to handle both missing modal-
ities is straightforward: we introduce two MMTs, one for
each modality. To simulate this scenario, we modify Epic-
Sounds by removing audio from r{} . = 25% of training
samples and video from another r}.,.. = 25%. For sim-
plicity, we set p = 0% for both MMTs when training.

For the baseline, we exclude all modal-incomplete sam-
ples, effectively discarding half of the training data. Fig. 4b
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compares our model’s performance to the baseline for miss-
ing video (left) and missing audio (right). As shown, train-
ing with MMT significantly improves model performance.

4.7. The effect of the fusion layer.

As discussed in Sec. 3.2, the fusion layer significantly im-
pacts the performance of the bottleneck model, particu-
larly when test inputs are modal-incomplete. In Fig .5,
we analyze whether training with MMT improves robust-
ness to missing modalities across different fusion layers and
whether models trained with MMT exhibit the same sensi-
tivity to the fusion layer as baseline models.

Our findings show that introducing MMT enhances ro-
bustness to missing modalities across all fusion layers in
both Epic-Sounds and Epic-Kitchens. Under extreme con-
ditions (7¢es¢ = 100%), the adapted models achieve ~ 45%
accuracy in Epic-Kitchens, outperforming the unimodal au-



dio model, which reaches only 40%.

Additionally, adapted models do not display the same
sensitivity to the fusion layer as the baseline. For instance,
in Epic-Sounds, baseline models trained with Ly = 11 per-
form best, whereas this is not the case for adapted mod-
els—at 745t = 100%, accuracy drops to 37% with Ly =
11, while remaining 40% across other L values.

Overall, adapted models perform consistently well
across fusion layers, ensuring stable performance under
modal-incomplete conditions. Our approach effectively
mitigates a long-standing challenge [36]—selecting an op-
timal fusion layer when modalities are missing.

Table 2. We compare MMT with the baselines described in
Sec. 3.3. We show the best result in bold and underline the runner-
up. The training-free baselines are labeled as fest. The missing
modality representation is indicated as follows: zeros for passing
zeros, skip for skipping the tokens of the missing input, or MMT.
Train-zeros corresponds to the modality dropping baseline.

(a) Epic-Sounds

Missing rate | 0% | 25% | 50% | 75% | 100%

Unimodal 414 | 414 | 414 | 414 | 414
Test-zeros 552 | 456 | 37.1 | 28.3 19.5
Test-skip 552 | 47.0 | 39.9 | 325 | 250
Train-zeros 56.8 | 52.1 | 47.6 | 43.2 | 38.8
Train-MMT (Ours) | 56.3 | 52.3 | 48.6 | 44.6 | 40.7
(b) Epic-Kitchens
Missing rate | 0% | 25% | 50% | 75% | 100%
Unimodal 40.0 | 40.0 | 40.0 | 40.0 | 40.0
Test-zeros 63.9 | 555 | 46.8 | 379 | 295
Test-skip 639 | 532 | 42.1 | 30.8 | 20.0
Train-zeros 61.5 | 57.5 | 53.5 | 493 | 452
Train-MMT (Ours) | 63.4 | 59.0 | 54.6 | 50.0 | 45.3
(c) Ego4D-AR
Ttest 27% | 50% | 75% | 100%
Unimodal 34.6 | 34.6 | 34.6 34.6
Test-zeros 30.5 | 259 | 21.1 16.0
Test-skip 325 | 30.8 | 29.1 27.2
Train-zeros 36.2 | 348 | 334 | 32.1
Train-MMT (Ours) | 36.7 | 35.2 | 33.5 | 32.0

4.8. MMT vs. other missing modality representa-
tions

In Tab. 2, we compare our random-replace against the base-
lines from Sec. 3.3, as well as unimodal performance.

The training-free baselines generally perform better than
the unimodal models when the missing modality rate is
moderate (r4.s; < 50%) in Epic-Kitchens and Epic-Sounds.
However, as the missing rate increases, the performance of
these baselines drops below that of the unimodal models.
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This highlights the importance of explicitly adapting mod-
els to missing modalities during training.

Interestingly, the effectiveness of different baselines
varies across datasets. In Epic-Kitchens, representing miss-
ing modalities by passing zero tensors yields better perfor-
mance than skipping the missing modality tokens. In con-
trast, in Epic-Sounds and Ego4D-AR, skipping the missing
modality tokens leads to better results than filling them with
zeros. One possible reason for this difference is that video
inputs generate a larger number of tokens compared to au-
dio. As a result, completely removing video tokens may
have a more detrimental effect than replacing them with
zeros, whereas removing audio tokens may not lead to as
much information loss.

The modality dropping baseline, which applies miss-
ing modality adaptation during training, consistently out-
performs the training-free approaches by a significant mar-
gin. This is expected, as the modality dropping strategy
directly trains the network to handle missing modalities by
randomly omitting inputs during training. For fairness, we
train this baseline with the same p used in our MMT model
for the corresponding dataset.

Our proposed MMT approach further enhances robust-
ness across all datasets, demonstrating the benefits of using
a dedicated learnable missing modality token instead of re-
lying on fixed inputs. By learning a suitable representation
for the missing modality, MMT allows the model to better
adapt to incomplete inputs. Importantly, this added flexi-
bility does not introduce any tangible computational over-
head compared to the modality dropping baseline, as both
approaches employ a similar training framework.

Finally, we observe that MMT trained with random-
replace consistently achieves strong performance even
when the missing modality rate is extreme (1405 = 100%).
In Epic-Sounds, MMT performs comparably to the uni-
modal model, achieving 40.7% accuracy versus 41.4% for
the unimodal baseline. In Epic-Kitchens, MMT not only
remains robust but even surpasses unimodal performance,
reaching 45.3% accuracy compared to 40.0%. These results
further reinforce the effectiveness of our approach in han-
dling missing modalities in multimodal learning settings.

5. Conclusion

We explore the missing modality problem in multimodal
egocentric datasets. We suggest a simple yet effective
method by learning the optimal token representation of the
missing modality (MMT). Placing learnable tokens to rep-
resent missing inputs provides an easy and intuitive way
to train and test with modal-incomplete inputs. We pro-
pose strategy random-replace to learn MMT when train-
ing action recognition models and show how their perfor-
mance brings us closer to robust and effective multimodal
systems.
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