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Generalization Enhancement(GE)
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\begin{algorithm}
\caption{Multimodal learning with OGM-GE strategy}
\label{alg:1}
\begin{algorithmic}
\Require Training dataset $\mathcal{D}=\{(x"a_{i},x"v_{i}), y_{i}\}_{i=1,2...N}$,
iteration number $T$, hyper-parameter $\alpha$, initialized modal-specific
parameters $\theta”{u}$, $Su \in \{a,v\}$.
\For{$t=0, \cdots,T-1$}
\State Sample a fresh mini-batch $B {t}$ from $\mathcal{D}$;
\State Feed-forward the batched data $B {t}$ to the model;
\State Calculate $\rho"{u}$ using Equation~\ref{8} and~\ref{calcu ratio};
\State Calculate $k {t}"{u}$ using Equation~\ref{k};
\State Calculate gradient $\tilde{g}(\theta {t}"{u})$ using back-propagation;
\State Sample $h(\theta {t}"{u})$ based on covariance of gradient $\tilde{g}
(\theta_{t}"{u})$;
\State Update using $\theta”{u} {t+1} =\theta {t}"{u} - \eta
(k_{t}"{ur\tilde{g}(\theta {t}"{u})+ h(\theta {t}"{u}))$.
\EndFor
\end{algorithmic}
\end{algorithm}
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Dataset CREMA-D KS

Method Acc Acc
Concatenation 51.7 59.8
Modality-Drop [©] (audio) 54.4 60.3
Modality-Drop [V] (visual) 53.3 61.3
Grad-Blending [39] 56.8 62.2
OGM 59.0 61.1
OGM-GE 61.9 62.3
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{E& 1Eaudio-visual event localizationfF55 _Li#1T= :

Audio-visual Event Localization

w/ or w/o OGM-GE w/0o w/
AVGA [36] 72.0 72.8
PSP [46] 76.2 76.9
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audio-visual model
—— audio-visual model with OGM-GE
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o optimizer

Dataset CREMA-D KS VGGSound

Method Acc Acc Acc
SGD 51.7 59.8 49.1
SGD¥ 61.9 63.1 50.6
Adam 49.7 57.4 47.3

AdamT 54.6 58.9 48.2

o different noise intensities

Settings CREMA-D | VGGSound
(b=64, Ir=1e-4) 50.4 48.3
(b=64, Ir=5e-4) 51.0 48.7
(b=64, Ir=1e-3) 51.8 49.1
(b= 64, Ir=1e-3) 51.8 49.1
(b=128, Ir=1e-3) 50.2 48.8
(b=256, Ir=1e-3) 48.6 47.7
(b= 64, Ir=1e-3) w/ GE 60.2 50.3
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2. CREMA-D: 0.716 (bs=32illl%5) >0.641 (RepoiZfftfickpt) >0.619 (ILX) , IEXF@ERTEXTIUR, &
NAbsSHMEANSHIER, BXTEEXERAKRT



PR

e the uni-modal performance in multimodal model still do not surpass the best uni-modal model.

e solely leveraging optimization-oriented method could not thoroughly solve the imbalance problem,
more advanced fusion strategy or network architectures are needed

o EEREIX T MES, depth, optical flow, languageth =5 H
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