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Abstract

Though multimodal emotion recognition has achieved
significant progress over recent years, the potential of rich
synergic relationships across the modalities is not fully
exploited. In this paper, we introduce Recursive Joint
Cross-Modal Attention (RJCMA) to effectively capture both
intra- and inter-modal relationships across audio, visual,
and text modalities for dimensional emotion recognition.
In particular, we compute the attention weights based on
cross-correlation between the joint audio-visual-text feature
representations and the feature representations of individ-
ual modalities to simultaneously capture intra- and inter-
modal relationships across the modalities. The attended
features of the individual modalities are again fed as in-
put to the fusion model in a recursive mechanism to ob-
tain more refined feature representations. We have also
explored Temporal Convolutional Networks (TCNs) to im-
prove the temporal modeling of the feature representations
of individual modalities. Extensive experiments are con-
ducted to evaluate the performance of the proposed fu-
sion model on the challenging Affwild2 dataset. By ef-
fectively capturing the synergic intra- and inter-modal re-
lationships across audio, visual, and text modalities, the
proposed fusion model achieves a Concordance Correla-
tion Coefficient (CCC) of 0.585 (0.542) and 0.674 (0.619)
for valence and arousal, respectively, on the validation set
(test set). This shows a significant improvement over the
baseline of 0.240 (0.211) and 0.200 (0.191) for valence
and arousal, respectively, in the validation set (test set),
achieving second place in the valence-arousal challenge
of the 6th Affective Behavior Analysis in-the-Wild (ABAW)
competition. The code is available on GitHub: https:
//github.com/praveena2j/RJCMA.

1. Introduction

Emotion recognition is a challenging problem due to the di-
verse nature of expressions associated with emotional states

across individuals and cultures [1]. It has a wide range of
applications in various fields such as health care (assessing
pain, fatigue, depression) [2, 3], autonomous driving (as-
sessing driver emotional states) [4], robotics (for realistic
human-computer interaction) [5], etc. Emotion recognition
is often explored in the literature as a classification prob-
lem of categorizing emotions into seven classes: anger, dis-
gust, fear, happiness, sadness, surprise, and contempt [6].
Recently, compound expression datasets have also been in-
troduced to capture human emotions beyond seven classes
[7]. However, they also do not capture the diverse range of
emotions expressed by humans. Therefore, a dimensional
model of emotions has been introduced to capture the di-
verse range of emotions, predominantly using valence and
arousal. Valence denotes the range of emotions from very
sad (negative) to very happy (positive), whereas arousal rep-
resents the intensities of emotions from being very pas-
sive (sleepiness) to very active (high excitement) [8]. Di-
mensional Emotion Recognition (DER) is more challeng-
ing than categorical emotion recognition, as they are highly
prone to label noise due to the complex process of obtaining
dimensional annotations.

Multimodal learning has been recently gaining a lot of
attention as it can offer rich complementary information
across multiple modalities, which can play a crucial role in
outperforming unimodal approaches [9]. Human emotions
are communicated in complex ways through various modal-
ities such as face, voice, and language. Multimodal emotion
recognition aims to effectively fuse audio, visual, and text
by capturing the rich intra- and inter-modal complemen-
tary relationships across the modalities. Early approaches
of multimodal fusion for DER either rely on Long Short
Term Memory (LSTM)-based fusion [10, 11] or early fea-
ture concatenation [12, 13]. With the advent of transform-
ers [14], attention models using multimodal transformers
have attained much interest to effectively combine multiple
modalities for DER [15–17]. Recently, cross-modal atten-
tion was found to be quite promising in capturing the rich
inter-modal complementary relationships across the modal-
ities, which has been successfully applied for several appli-
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cations such as action localization [18], emotion recognition
[19], and person verification [20]. Praveen et al. [21, 22] ex-
plored joint cross-attention by introducing joint feature rep-
resentation in the cross-attentional framework and achieved
significant improvement over vanilla cross-attention [19].
They have further improved the performance of the model
by introducing recursive fusion, and LSTMs for temporal
modeling of individual feature representations as well as the
audio-visual representations [23]. Recursive fusion of the
cross-attention models has also been successfully explored
for other audio-visual tasks such as event localization [24]
and person verification [25]. However, most of the existing
cross-attention based models are focused on audio-visual
fusion for DER.

In this work, we have investigated the prospect of effi-
ciently capturing the synergic intra- and inter-modal rela-
tionships across audio, visual, and text modalities for DER.
By deploying cross-correlation between the joint audio-
visual-text feature representation and feature representa-
tions of individual modalities, we can simultaneously cap-
ture intra- and inter-modal relationships across the modal-
ities. Inspired by the performance of recursive attention
models [23, 24], we have also incorporated a recursive fu-
sion of audio, visual, and text modalities in the context of
joint cross-attentional fusion to obtain more refined feature
representations. The major contributions of the paper can
be summarized as follows.

• Joint cross-modal attention is explored among audio, vi-
sual, and text modalities using a joint audio-visual-text
feature representation to simultaneously capture intra-
and inter-modal relationships across the modalities.

• Recursive fusion is used to further improve the feature
representations of individual modalities. TCNs are also
used to improve the temporal modeling of individual fea-
ture representations.

• Extensive experiments are conducted to evaluate the ro-
bustness of the proposed approach on the challenging Af-
fwild2 dataset.

2. Related Work

2.1. Multimodal Emotion Recognition

One of the early approaches using deep learning architec-
tures for DER was proposed by Tzirakis et al. [10], where
they explored 1D Convolutional Neural Networks (CNN)
for audio and Resnet-50 [26] for visual modality. The deep
features are then fused using LSTMs for estimating predic-
tions of valence and arousal. With the advancement of 3D
CNN models, Kuhnke et al. [12] showed performance im-
provement using R3D [27] for visual modality and Resnet-
18 [26] for audio modality with simple feature concatena-
tion. Kollias et al. [28–30] explored DER along with other
tasks of classification of expressions and action units in a

unified framework. Another widely explored line of re-
search for DER is based on knowledge distillation (KD)
[31]. Schoneveld et al. [11] explored KD for obtaining
robust visual representations, while Wang et al. [32] and
Deng et al. [33] attempted to leverage KD to deal with label
uncertainties. Recently, KD is also explored along with the
paradigm of Learning Under Privileged Information (LUPI)
to efficiently exploit multiple modalities for DER [34]. Li
et al. [35] proposed Decoupled Multimodal Distillation
(DMD) to mitigate the issues of multimodal heterogeneities
by dynamically distilling the modality-relevant information
across the modalities. Although these methods have shown
promising performance by exploiting multiple modalities,
they do not focus on capturing the synergic relationships
pertaining to intra- and inter-modal relationships across the
modalities.

2.2. Attention Models for Multimodal Emotion
Recognition

Inspired by the performance of transformers [14], several
approaches have been proposed to investigate the poten-
tial of transformers for DER. Most of the existing works
explored transformers to encode the concatenated version
of the feature representations of individual modalities [16,
17, 36, 37]. Tran et al. [38] showed that fine-tuning trans-
formers with cross-modal attention trained on a large-scale
voxceleb2 [39] dataset helps to improve the performance
of multimodal emotion recognition. Huang et al. [40] ex-
plored multimodal transformers along with self-attention
modules, where audio modality is used to attend to visual
modality to produce robust multimodal feature represen-
tations. Parthasarathy et al. [15] further extended their
idea by employing cross-modal attention in a bidirectional
fashion, where audio modality is used to attend to visual
modality and vice-versa. Karas et al. [41] provided a com-
prehensive evaluation of the fusion models based on self-
attention, cross-attention and LSTMs for DER. Zhang et
al. [42] proposed leader-follower attention, where audio,
visual, and text modalities are combined to obtain the at-
tended feature representations using the modality-wise at-
tention scores, which is further concatenated to visual fea-
tures for final predictions.

Praveen et al. [19] explored cross-attention based on
cross-correlation across the feature representations of au-
dio and visual modalities. They further extended their ap-
proach by employing joint audio-visual feature representa-
tion in the cross-attentional framework and showed signif-
icant performance improvement [21]. Praveen et al. [23]
improved the performance by introducing recursive fusion
and LSTMs for temporal modeling of individual modalities.
In this work, we further extend the idea of [23] by incorpo-
rating text modality, and TCNs to effectively capture the
intra-modal relationships. The proposed approach primar-
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ily differs from [23] in three aspects : (1) In this work, we
employ text modality in the framework of recursive joint
cross-attention in addition to audio and visual modalities,
whereas [23] uses only audio and visual modalities. (2) In
[23], LSTMs are used, whereas we have deployed TCNs
as they are found to be effective in improving the temporal
modeling of individual modalities. (3) In [23], R3D [27] is
used for visual backbone and Resnet 18 for audio modality,
whereas we have used Resnet-50 fine-tuned on FER+ [43]
for visual and VGG [44] pretrained on Audioset for audio
modality.

3. Proposed Approach
3.1. Visual Network

Facial expressions play a significant role in conveying the
emotional state of a person. In videos, spatial informa-
tion provide the semantic regions of face pertinent to the
expressions, whereas temporal dynamics convey the evo-
lution of expressions in videos across the frames. There-
fore, effectively modeling the spatial and temporal dynam-
ics of facial expressions in videos is crucial to obtain ro-
bust visual feature representations. Several approaches have
been explored using 2D CNNs in conjunction with LSTMs,
where 2D CNNs are used to encode the spatial informa-
tion and LSTMs for temporal dynamics of facial expres-
sions [45, 46]. With the advent of 3D CNN models [27],
they are successfully explored for DER [12, 21, 22] and
showed improvement over 2D CNNs with LSTMs. It has
also been shown that 3DCNNs in combination with LSTMs
are effective in capturing the temporal dynamics [23], where
3DCNNs are efficient in capturing short-term dynamics and
LSTMs are robust in modeling long-term dynamics. Re-
cently, TCNs are found to be promising to effectively cap-
ture the temporal dynamics for DER [36, 42]. In this work,
we have used Resnet-50 [26] pretrained on MS-CELEB-
1M dataset [47], which is further fine-tuned on FER+ [43]
dataset similar to that of [42]. We have further used TCNs
to effectively capture the temporal dynamics of facial ex-
pressions.

3.2. Audio Network

Speech-based emotion recognition is another promising re-
search area due to the rich emotion-relevant information
in the vocal expressions. With the advancement of deep
learning models, vocal expressions are encoded using 1D
CNNs with raw speech signals [10] or 2D CNNs with spec-
trograms [11, 12]. Some of the works also explored deep
features in combination with conventional hand-crafted fea-
tures to encode the vocal expressions [16, 48]. Recently,
spectrograms have been widely explored as they are found
to be efficient in capturing the affective states of the vo-
cal expressions [21, 42]. Therefore, we have also explored

spectrograms with 2D CNNs to encode the vocal expres-
sions. Specifically, we have used VGG-Net architecture
pretrained on large-scale audioset dataset [49]. Similar to
visual modality, we have also used TCNs to encode the tem-
poral dynamics of frame-level vocal embeddings.

3.3. Text Network

Text modality is another predominantly explored modal-
ity for emotion detection, which carries semantic emotion-
relevant information in the text data [50]. Effectively lever-
aging the textual data can boost the performance of multi-
modal fusion as they can offer significant emotion-relevant
information and complement audio and visual modalities.
Based on transformers, BERT features are predominantly
explored text encoders for emotion recognition in the lit-
erature [51]. Therefore, we also used BERT as text en-
coder, followed by TCNs to encode the temporal informa-
tion across the word embeddings.

3.4. Recursive Joint Cross-Modal Attention

Given the input video sub-sequence S of K frames, the au-
dio, visual and text data are preprocessed and fed to the cor-
responding encoders, followed by TCNs to obtain the fea-
ture representations of the respective modalities as shown in
Fig 1. The feature representations of the audio, visual and
text modalities are denoted by Xa = {x1

a,x
2
a, ...,x

K
a } ∈

Rda×K , Xv = {x1
v,x

2
v, ...,x

K
v } ∈ Rdv×K and Xt =

{x1
t ,x

2
t , ...,x

K
t } ∈ Rdt×K , respectively, where da, dv ,

and dt are dimensions of audio, visual and text features.
xk
a, xk

v and xk
t represents the feature vectors of the individ-

ual frames of audio, visual, and text modalities.
Given the audio (A), Visual (V), and Text (T) feature rep-

resentations, Xa, Xv , and Xt the joint feature representa-
tion (J ) of audio, visual, and text modalities is obtained by
concatenating the feature vectors of all modalities, followed
by fully connected layer as

J = FC([Xa;Xv;Xt]) ∈ Rd×K (1)

where d = da + dv + dt denotes the dimensionality of J
and FC denote fully connected layer.

Now J is fed to the joint cross-attentional framework of
the respective modalities as shown in Fig 2 to attend to the
feature representations of individual modalities. This helps
to simultaneously encode the intra- and inter-modal rela-
tionships within the same modalities as well as across the
modalities in obtaining the attention weights. The cross-
correlation between the J and Xa are obtained as joint
cross-correlation matrix Ca, which is given by

Ca = tanh

(
X⊤

a W jaJ√
d

)
(2)

where W ja ∈ Rda×d represents learnable weight matrix
across the Xa and J .
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Figure 1. Illustration of the proposed framework with the recursive joint cross-modal attention. Best viewed in color.

Similarly, the cross-correlation matrices of other two
modalities Cv and Ct are obtained as

Cv = tanh

(
X⊤

v W jvJ√
d

)
(3)

Ct = tanh

(
X⊤

t W jtJ√
d

)
(4)

where W jv ∈ Rdv×d, W jt ∈ Rdt×d represents learnable
weight matrices for visual and text modalities, respectively.

The obtained joint cross-correlation matrices of the indi-
vidual modalities are used to compute the attention weights,
thereby capturing the semantic relevance of both across and
within the same modalities. Higher correlation coefficient
of the joint cross-correlation matrices denote higher seman-
tic relevance pertinent to the intra- and inter-modal relation-
ships of the corresponding feature vectors. Now the joint
cross-correlation matrices are used to compute the attention
maps of the individual modalities. For the audio modality,
the joint correlation matrix Ca and the corresponding audio
features Xa are combined using the learnable weight ma-
trix W ca, followed by ReLU activation function to com-
pute the attention maps Ha, which is given by

Ha = ReLU(XaW caCa) (5)

where W ca ∈ RK×K denote learnable weight matrix for
audio modality. Similarly the attention maps of visual and
text modalities are obtained as

Hv = ReLU(XvW cvCv) (6)

Ht = ReLU(XtW ctCt) (7)

where W cv ∈ RK×K ,W ct ∈ RK×K are the learnable
weight matrices of visual and text modalities, respectively.
Now the attention maps are used to compute the attended
features of the individual modalities as:

Xatt,a = HaW ha +Xa (8)

Xatt,v = HvW hv +Xv (9)

Xatt,t = HtW ht +Xt (10)

where W ha ∈ RK×K , W hv ∈ RK×K , and W ht ∈
RK×K denote the learnable weight matrices for audio, vi-
sual and text modalities, respectively.

In order to obtain more refined feature representations,
the attended features of each modality are again fed as input
to the respective joint cross-modal attention module, which
is given by

X
(l)
att,a = H(l)

a W
(l)
ha +X(l−1)

a (11)

X
(l)
att,v = H(l)

v W
(l)
hv +X(l−1)

v (12)

X
(l)
att,t = H

(l)
t W

(l)
ht +X

(l−1)
t (13)

where W
(l)
ha ∈ RK×K , W (l)

ht ∈ RK×K , and W
(l)
ht ∈

RK×K denote the learnable weight matrices of audio, vi-
sual and text modalities, respectively, and l refers to the re-
cursive step.

The attended features of the individual modalities after l
iterations are concatenated to obtain the multimodal feature
representation X

(l)
att, shown as:

X
(l)
att = [X

(l)
att,a;X

(l)
att,v;X

(l)
att,t] (14)
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Figure 2. Joint Cross-Modal Attention blocks of audio, visual and text modalities

Finally the multimodal feature representation X
(l)
att is fed

to regression layers (Multi Layer Perceptron) for the final
prediction of valence or arousal.

4. Experimental Setup
4.1. Dataset

Affwild is the largest database in the field of affective com-
puting, consisting of 298 videos captured under extremely
challenging conditions from YouTube videos [52]. The
database is extended substantially to foster the development
of robust models for estimating valence and arousal by in-
troducing 260 more videos, resulting in a total of 558 videos
with 1.4M frames [53]. The database has been further ex-
panded by adding new videos in the subsequent series of
ABAW challenges [54–59]. In the 6th ABAW challenge
[60] for the valence-arousal track, the dataset is provided
with 594 videos of around 2, 993, 081 frames from 584 sub-
jects. Sixteen of these videos display two subjects, both of
which have been annotated. The final annotations are ob-
tained by taking an average of annotations provided by four
experts, using a joystick. The annotations for valence and
arousal are provided continuously in the range of [−1, 1].
The dataset is partitioned into the training, validation, and
test sets in a subject-independent manner to ensure that each
subject appears exclusively in one partition. The partition-
ing resulted in 356, 76, and 162 videos for train, validation,
and test partitions, respectively.

4.2. Implementation Details

4.2.1 Preprocessing

For the visual modality, we have used the cropped and
aligned images provided by the challenge organizers [60].

For the missing faces in the video frames, we have consid-
ered black frames (i.e., zero pixels), and the video frames
with no annotations of valence and arousal i.e., with anno-
tations of −5 are excluded. The given video sequences are
divided into sub-sequences of 300 (i.e.,K = 300) with a
stride of 200 frames and the facial images are resized to
48× 48.

For audio modality, the speech signals are extracted from
the corresponding videos with a sampling rate of 16KHz.
The log melspectrograms are then obtained using the pre-
processing code provided by the Vggish repository1. To en-
sure that the audio modality is properly synchronized with
the sub-sequences of other modalities, we have used a hop
length of 1/fps of the raw videos to extract the spectro-
grams.

For the text modality, the extracted speech signals from
audio preprocessing are fed to the pretrained speech recog-
nition model of Vosk toolkit2 to obtain the recognized
words along with word-level timestamps. Next, a pre-
trained punctuation restoration and capitalization model3 is
used to restore the punctuations of the recognized words,
which carries semantic information pertinent to emotional
states. Now BERT features are extracted at word-level us-
ing a pre-trained BERT model4. The word-level features
are computed by taking a summation of the last four lay-
ers of the BERT model [61]. The recognized words may
usually span a larger time window of multiple frames. In
order to synchronize the word-level BERT features of text
modality with audio and visual modalities, the word-level

1https://github.com/harritaylor/torchvggish
2https://alphacephei.com/vosk/models/vosk-model-en-us-0.22.zip
3https://pypi.org/project/deepmultilingualpunctuation/
4https://pypi.org/project/pytorch-pretrained-bert/
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text embedding is populated as per the timestamp of each
word by reassigning the same word-level feature to all the
frames within the time span of the corresponding word.

4.2.2 Training Details

For visual modality, random flipping, and random crop with
a size of 40 are used for data augmentation in training, while
only center crop is used for validation. For audio and vi-
sual features, the input data is normalized in order to have
a mean and standard deviation of 0.5. For text modality,
the BERT features are normalized to ensure the mean as 0
and standard deviation as 1. Adam optimizer is used with
a weight decay of 0.001 and batch size is set to be 12. The
models are trained separately for valence and arousal. The
maximum number of epochs is set to be 100 and early stop-
ping is employed to avoid over-fitting. The hyperparame-
ters of the initial learning rate and minimum learning rate
are set to be 1e − 5 and 1e − 8, respectively. In our train-
ing strategy, we have deployed a warm-up scheme using
ReduceLROnPlateau scheduler with patience of 5 and a
factor of 0.1 based on the CCC score of the validation par-
tition. It has been shown that gradual training of the back-
bones of individual modalities along with the fusion model
by gradually fine-tuning the layers of the backbones helps
to improve the performance of the system [42]. Therefore,
we have deployed a similar strategy in our training frame-
work, where three groups of layers for visual (Resnet-50)
and audio (VGG) backbones are progressively selected for
fine-tuning. Initially at epoch 0, the first group is unfrozen
and the learning rate is linearly warmed up to 1e− 5 within
an epoch. Then repetitive warm-up is employed until epoch
5, after which ReduceLROnPlateau is used to update the
learning rate. The learning rate is gradually dropped with
a factor of 0.1 until validation CCC does not improve over
5 consecutive epochs. After which the second group is un-
frozen and the learning rate is reset to 1e − 5, followed by
a warm-up scheme with ReduceLROnPlateau. The pro-
cedure is repeated till all the layers are fine-tuned for au-
dio and visual backbones. Also, note that the best model
state dictionary over prior epochs is loaded at the end of
each epoch to mitigate the issues of over-fitting. To fur-
ther control the problem of over-fitting, we have employed
cross-validation with 6 folds, where the fold 0 partition is
the same as the original partition provided by the organizers
[60]. The results obtained from the 6-fold cross-validation
are shown in Table 1. In all these experiments, we have used
3 iterations in the fusion model (i.e., l=3).

4.2.3 Loss Function

The concordance correlation coefficient (ρc) is the widely-
used evaluation metric in the literature for DER to mea-
sure the level of agreement between the predictions (x) and

Table 1. CCC of the proposed approach on the six folds of cross-
validation. Bold indicates the highest scores. Fold 0 is the official
validation set.

Validation Set Valence Arousal Mean

Fold 0 0.455 0.652 0.553

Fold 1 0.585 0.674 0.629
Fold 2 0.467 0.631 0.549

Fold 3 0.536 0.647 0.591

Fold 4 0.432 0.629 0.526

Fold 5 0.463 0.615 0.539

ground truth (y) annotations [10]. Let µx, and µy repre-
sent the mean of predictions and ground truth, respectively.
Similarly, σ2

x and σ2
y denote the variance of predictions and

ground truth, respectively, then ρc between the predictions
and ground truth can be obtained as:

ρc =
2σ2

xy

σ2
x + σ2

y + (µx − µy)2
(15)

where σ2
xy denotes the covariance between predictions and

ground truth. Though Mean Square Error (MSE) is the
commonly used loss function for regression models, we use
the CCC-based loss function as it is a standard loss function
in the literature for DER [10, 21], which is given by

L = 1− ρc (16)

5. Results and Discussion
5.1. Ablation Study

In order to understand the impact of the recursive mecha-
nism, we have conducted a series of experiments by varying
the number of recursions as shown in Table 3. First, we did
an experiment with a single recursion, which is the same as
joint cross attention [21] for audio, visual, and text modal-
ities. Now we executed multiple experiments by slowly in-
creasing the number of recursions and found that the per-
formance of the system gradually increases with multiple
recursions. This shows that the recursive mechanism helps
in obtaining more robust feature representations by progres-
sively refining the features. We have achieved the best re-
sults at 3 iterations, beyond that the performance of the sys-
tem declines. We hypothesize that this can be attributed to
the fact that though recursive fusion initially helps to im-
prove the performance, it may result in over-fitting with
more iterations, resulting in a performance decline on the
validation set. A similar trend of performance improvement
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Table 2. CCC of the proposed approach compared to state-of-the-art methods for multimodal fusion on the original Affwild2 validation set
(fold 0). ⋆ indicates that results are presented with the implementation of our experimental setup. Highest scores are shown in bold.

Method Type of Validation Set Test Set
Fusion Valence Arousal Valence Arousal

Zhang et al. [37] Transformers 0.464 0.640 0.648 0.625

Zhang et al. [42] Leader-Follower 0.441 0.645 0.552 0.629

Zhou et al. [36] Transformers 0.550 0.681 0.500 0.632
Zhang et al. [17] Transformers 0.554 0.659 0.523 0.545

Meng et al. [16] Transformers 0.588 0.668 0.606 0.596

Praveen et al [21] JCA 0.663 0.584 0.374 0.363

Praveen et al [23] RJCA 0.703 0.623 0.467 0.405

Praveen et al [23]⋆ RJCA 0.443 0.639 0.537 0.576

RJCMA (Ours) RJCMA 0.455 0.652 0.542 0.619

Table 3. CCC of the proposed fusion model by varying the number
of recursions. Bold indicates the highest scores. Fold 1 is used for
experiments with multiple recursions.

Num. of recursions (l) Valence Arousal Mean

l = 1 0.568 0.656 0.607

l = 2 0.576 0.669 0.618

l = 3 0.585 0.674 0.629
l = 4 0.579 0.652 0.615

with multiple recursions is also observed for other audio-
visual tasks such as person verification [25] and event lo-
calization [24], thereby underscoring our hypothesis.

5.2. Comparison to State-of-the-art

Most of the approaches evaluated on the Affwild2 dataset
have been submitted to previous ABAW challenges. There-
fore, we have compared the performance of the proposed
approach with some of the relevant state-of-the-art models
of previous ABAW challenges as shown in Table 2. Several
approaches explored ensemble-based methods using mul-
tiple encoders for each modality, followed by transform-
ers to encode the concatenated multimodal feature repre-
sentation [16, 17, 36]. By exploiting multiple backbones
and large-scale training with external datasets, Meng et al.
[16] significantly improved the test set performance on both
valence and arousal. Similarly, Zhou et al. [36] also ex-
plored multiple backbones and showed better improvement
in the arousal performance of the test set than [16]. Even
though ensemble-based methods show better performance
on test set, it is often cumbersome and computationally ex-
pensive. Zhang et al. [37] showed that exploring Masked
Auto-Encoders (MAE) is a promising line of research to

achieve better generalization and consistently improved per-
formance in both valence and arousal. Zhang et al. [42] ex-
plored the leader-follower attention model for multimodal
fusion, where audio and text modalities are leveraged to at-
tend to the visual modality, and showed good performance
on the test set without the need for multiple backbones for
each modality.

Praveen et al. [21] proposed Joint Cross Attention (JCA)
by introducing a joint feature representation in the cross-
attention framework and showed significant improvement
in the validation set, especially for valence. They further
improved the performance of their approach by deploying
a recursive mechanism and LSTMs for the temporal mod-
eling of individual modalities and multimodal feature rep-
resentations [23]. However, they do not seem to have a
better generalization ability as they fail to show improve-
ment in the test set. We hypothesize that this may be due to
naive audio and visual backbones, fine-tuned on Affwild2
dataset. Therefore, to have a fair comparison with [23], we
have reimplemented their fusion model by replacing their
audio and visual backbones with Vggish [44] and Resnet-
50 pre-trained on MSCELEB-1M and FER+ [42], followed
by TCNs. By replacing the visual and audio backbones of
[23] and progressive fine-tuning of the backbones similar to
that of [42], the problem of over-fitting has been mitigated
and showed improvement in test set performance also. We
can observe that performance has been improved in both
validation and test sets by introducing text modality into
the RJCA framework [23], especially for arousal. Note that
even though the performance of the valence for [37, 42] as
well as our approach on the official validation set is lower,
they achieved better performance on other folds of cross-
validation, thus improving the performance of the test set.
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Table 4. CCC of the proposed approach on Affwild2 test set compared to other methods submitted to 6th ABAW competition. Bold
indicates best results of our approach on the test set.∗ denote citations are not available.

Method Modalities Ensemble Valence Arousal Mean

Netease Fuxi AI Lab [62] Audio, Visual Yes 0.6873 0.6569 0.6721

RJCMA (Ours) Audio, Visual, Text No 0.5418 0.6196 0.5807
CtyunAI [63] Visual No 0.5223 0.6057 0.5640

SUN-CE [64] Audio, Visual Yes 0.5355 0.5861 0.5608

USTC-IAT-United [65] Audio, Visual No 0.5208 0.5748 0.5478

HSEmotion [66] Visual No 0.4925 0.5461 0.5193

KBS-DGU∗ Audio, Visual No 0.4836 0.5318 0.5077

ETS-LIVIA [67] Audio, Visual No 0.4198 0.4669 0.4434

CAS-MAIS∗ Audio, Visual, Text No 0.4245 0.3414 0.3830

IMLAB [68] Visual No 0.2912 0.2456 00.2684

Baseline [60] Visual No 0.2110 0.1910 0.2010

5.3. Results on Test Set

Multimodal learning is gaining a lot of attention for affec-
tive behavior analysis as most of the methods submitted
for the valence-arousal challenge of the 6th ABAW com-
petition [60] employed multimodal fusion [62, 64, 65, 67].
Some of these methods explored ensemble-based fusion for
better generalization ability [62, 64]. Another widely ex-
plored strategy to improve the test set performance is to
exploit pre-training with multiple large-scale datasets using
Masked Auto-Encoders (MAE) [62, 63] or multiple back-
bones for each modality [64–66]. Netease Fuxi AI Lab [62]
used MAEs pretrained with 5 external data sets of around
262M images and Vggish model [44] for the audio modal-
ity, followed by ensemble-based fusion, and showed a sig-
nificant improvement for both valence and arousal, achiev-
ing first place in the challenge. Similarly, CtyunAI [63]
also used MAE for visual modality pre-trained with 4 ex-
ternal datasets, followed by TCNs for temporal modeling,
and achieved very good performance for arousal than va-
lence. Sun-CE [64] explored multiple backbones for both
audio and visual modalities, followed by ensemble-based
fusion, while USTC-IAT-United [65] used multiple back-
bones only for the audio modality and achieved decent per-
formance for both valence and arousal. KBS-DGU and
ETS-LIVIA [67] exploited combining features from multi-
ple fusion models of self-attention and cross-attention mod-
els for improving the performance of audio-visual fusion.
KBS-DGU explored both self-attention and cross-attention
models, while ETS-LIVIA [67] used joint feature represen-
tation with cross-attention models across audio and visual
modalities. Unlike other approaches, we have explored the
prospect of simultaneously capturing the intra- and inter-
modal relationships across audio, visual, and text modal-

ities recursively and achieved very good performance for
both valence and arousal without using multiple backbones
or pre-training with large-scale external datasets. Therefore,
the performance of our approach can be solely attributed to
the robustness of the sophisticated fusion model, providing
a cost-effective solution for affective behavior analysis in-
the-wild.

6. Conclusion

In this work, we showed that effectively capturing the syn-
ergic relationships pertinent to the intra- and inter-modal
characteristics among the audio, visual, and text modali-
ties can significantly improve the performance of the sys-
tem. By introducing the joint representation in the cross-
attentional framework, we can simultaneously capture both
intra- and inter-modal relationships across the audio, vi-
sual, and text modalities. The performance of the sys-
tem is further enhanced using recursive fusion by progres-
sively refining the features to obtain robust multimodal fea-
ture representations. Experimental results in the challeng-
ing Affwild2 dataset indicate that the proposed model can
achieve a better multimodal fusion performance, outper-
forming most methods for both valence and arousal. The
performance of the system can also be improved by lever-
aging advanced text encoders and sophisticated backbones
for the individual modalities.
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