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ABSTRACT
Automatic detection of backchannel has great potential to enhance
artificial mediators, which indicate listeners’ attention and agree-
ment in human communication. It is often expressed by subtle non-
verbal cues that occur briefly and sparsely. Focusing on identifying
and locating these subtle cues (i.e., their occurrence moment and
the involved body parts), this paper proposes a novel approach for
backchannel detection. In particular, our model utilizes temporal-
and modality-attention modules to determine and lead the model to
pay more attention to both the indicative moment and the accom-
panying body parts at that specific time. It achieves an accuracy
of 68.6% on the testing set in MultiMediate’23 backchannel detec-
tion challenge, outperforming the counterparts. Furthermore, we
conducted an ablation study to thoroughly understand the contri-
butions of our model. This study underscores the effectiveness of
our selection of modality inputs and the importance of the two
attention modules in our model.

CCS CONCEPTS
• Computing methodologies → Artificial intelligence.
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1 INTRODUCTION
Backchannels often occur in human-human interaction, expressed
by subtle verbal and non-verbal cues [6]. These subtle cues serve
as indicators of a listener’s attention and agreement without caus-
ing interruptions, yet often difficult to discern [21]. The ability
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Figure 1: Backchannel is often conveyed via subtle non-verbal
cues (e.g., head nods). The brief and sparseness of these cues
challenge the detection. Leading the model to the indicative
moments and body parts (i.e., when and where the indicative
cues occur) contributes in better detection.

to accurately detect backchannel occurrence has profound impli-
cations across a wide range of domains, such as artificial medi-
ation [9, 12, 22]. This paper proposes a novel approach for the
MultiMediate backchannel detection challenge [15, 16].

Extensive research has been conducted on applying machine
learning techniques for backchannel detection, which leverage dif-
ferent types of modalities [4, 14, 20]. The audio signal is one of
the primary modalities, from which verbal cues can be extracted
for backchannel detection [13]. Though, it may not be available
in certain situations, such as when the audience has the camera
on while muting themselves to avoid interrupting the speakers in
video conferences. This paper particularly explores subtle visual
cues from video signals for backchannel detection.

Recent studies [1, 16] have also highlighted the significance of
visual cues in backchannel detection. However, the brief and sparse
occurrence of these cues challenges the existing methods. They are
limited in the capability to identify either when (at which frames) or
where (accompanied by which body parts) the indicative visual cues
occur, thus are easily misled by irrelevant information. Prior studies
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Figure 2: Overview of our proposed method: Multimodalities are extracted from the raw video frames, which are then further
processed and encoded by our proposed two-stage attention-based model for backchannel detection.

stressed the incorporation of attention mechanisms to determine
the salience of the inputs and enable a model to attend to the most
salient ones [2, 7, 19, 25]. Inspired by that, this paper proposes a
neural network model with attention modules, namely Temporal
Multimodal Attention Network (TMAN), to tackle the challenge.

In particular, TMAN incorporates two attention-based modules:
the Unimodal Temporal Fusion Module (UTFM), which locates
salient frames and encodes temporal information within each visual
modality (e.g., head and gaze); and the Multimodal Fusion Module
(MFM), which identifies salient modalities and encode efficient
cross-modal features. They enable the model to determine and lead
the model to focus more on both the indicative frames and the
accompanying body parts at those frames.

We evaluated the proposed model on the backchannel detec-
tion dataset in the MultiMediate’23 challenge [15] that was origi-
nally introduced in MultiMediate’22 [16]. The experimental results
demonstrate the significance of attending to the salient moments
and visual body parts, and the effectiveness of attention modules.
Specifically, an accuracy of 68.6% is achieved when applying TMAN
on the test set in the challenge, outperforming all the competitors.

2 METHODOLOGY
TMAN extracts multiple body modalities from the given frames,
and then encodes the temporal and cross-modality features with
attention modules for backchannel detection (Fig. 2).

2.1 Multi-modalities
We employ VitPose [27] for body pose estimation and Openface
2.0 [3] for the extraction of facial- and head-related features (Fig. 2).
In particular, features from four modalities are extracted as follows.

Body pose: the coordinates of certain key joints extracted from
each video frame. Since all participants were seated in the experi-
ments, we specifically focus on the 11 upper body points: a pair of
eyes, ears, hands, elbows, and shoulders, and a single nose point.

Head pose: the position and orientation of the head. We extract
six head-related features from the detected face in each video frame.
These include three-dimensional position vector (i.e., 𝑥,𝑦, 𝑧) that
represents the head’s relative position to the camera in millimeters,
as well as three-dimensional orientation vector that measures the
head’s rotation in radians with respect to the camera.

Eye gaze: the gaze direction of the eyes. In particular, eight gaze
related features are extracted for each frame. These comprise three-
dimensional position vectors (i.e., 𝑥,𝑦, 𝑧) indicating the gazing po-
sition for each eye, as well as two averaged eye gaze directions in
radians for both eyes.

Facial action units (AUs): the representative facial AUs of each
individual. We specifically extract the intensity features from 17
representative AUs selected by the OpenFace 2.0 toolkit [3].

Furthermore, previous work demonstrated the significance of
movement patterns in group behavior analysis [8]. We hypothesize
that the raw modality features themselves do not provide adequate
information associated with the movement nature of these signals.
We thus propose to pre-process the input data by computing the
variations between consecutive frames for each modality. This
results in four additional modality inputs, namely, Body Movement,
Head Movement & Rotation, Gaze Movement, and Facial Action Units
Variation. The investigation of using raw or variation inputs, allows
us to understand the data and our model more effectively.

Figure 3: Unimodal Temporal Fusion Module (UTFM).

2.2 Unimodal Temporal Fusion Module (UTFM)
In the first stage of the proposed model, we encode representative
temporal features for each modality respectively with an attention-
based module, named Unimodal Temporal Fusion Module (UTFM).
Fig. 3 shows the structure of the proposed UTFM. For a particular
modality (e.g., head movement), it initially applies a standard Gated
Recurrent Units (GRU) to encode the latent features (ℎ𝑡 ) for each
frame. It then encodes the temporal information across all the
frames in the given time window. Our choice of GRU is informed by
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studies that underscore its effectiveness and robustness in encoding
temporal sequences across various tasks [5, 24]. Since backchannel
cues often occur briefly and sparsely, it is important to identify and
make the model focus on the most likely frames where backchannel
cues are prone to occur. To this end, UTFM employs an attention
layer to compute the saliency weights 𝑎𝑡 of the frames, based on
their latent features (ℎ𝑡 ). The overall temporal representation of the
target modality is attained by computing the weighted summation
of the latent features across all the frames. Frames with higher
attention weight contribute more to the temporal representation,
i.e., assisting the model to attend to the most salient frames.

Mathematically, UTFM attention computation and modelling are
achieved as follows:

ℎ𝑡𝑖 = 𝐺𝑅𝑈𝑖 (𝑀𝑡
𝑖 ) (1)

𝑎𝑡𝑖 = Softmax(ReLU(ℎ𝑡𝑖𝑊𝑡 + 𝑏𝑡 )) (2)

𝑐𝑈𝑇
𝑖 =

𝑇∑︁
𝑡=1

𝑎𝑡𝑖ℎ
𝑡
𝑖 (3)

where𝑀𝑖
𝑡 represents the input at the timestep (frame) 𝑡 of modality

𝑖 , ℎ𝑖
𝑇
denotes the latent features encoded by GRU.𝑊𝑡 and 𝑏𝑡 are

trainable parameters for attention computation, 𝑎𝑡
𝑖
denotes the

attention weight of the frame 𝑡 for modality 𝑖 , undergo ReLU and
softmax function. Lastly, 𝑐𝑈𝑇

𝑖
is the attention-weighted sum of

all latent features for the modality 𝑖 , which serves as the overall
temporal features of that modality for further modelling.

Figure 4: Multimodal Fusion Module (MFM).

2.3 Multimodal Fusion Module
We then encode the cross-modality features for backchannel detec-
tion based on the temporal representations extracted in the previous
stage. As shown in Fig. 4, we apply another attention-based module,
Multimodal Fusion Module (MFM), to discern the significance of
different modalities and guide the model to concentrate on the most
crucial ones. MFM computes the attention weights of the modalities
based on their temporal representations. Attention mechanisms
incorporated with sigmoid and tanh functions showed their partic-
ular effectiveness for multimodal data [10, 26]. Inspired by that, we
tailored the following attention computation to accommodate the
unique characteristics of our task.

𝑎𝑖 = Sigmoid(Tanh(𝑐𝑈𝑇
𝑖 𝑊1 + 𝑏1)𝑊2 + 𝑏2) (4)

𝑐𝑀 =

𝑁∑︁
𝑖=1

𝑎𝑖𝑐
𝑈𝑇
𝑖 (5)

where𝑊1,𝑊2, 𝑏1, and 𝑏2 denote trainable parameters of the at-
tention mechanism. 𝑎𝑖 is the computed attention weight for the

modality 𝑖 . Notably, this attention computation yielded better per-
formance in our pilot experiments than other commonly adopted
methods [1, 11, 18], consistent with observations from [26]. Lastly,
𝑐𝑀𝐹 is the integrated representation of all modality features, re-
flecting the weighted contribution of each modality to the final
multimodal feature vector.

3 EXPERIMENTS
3.1 Dataset
We evaluated the proposed model on the backchannel detection
dataset in MultiMediate’23 challenge [16]. This dataset is gener-
ated from a public group conversation dataset MPIIGroupInterac-
tion [17], which consists of 24 group conversations last about 20
minutes captured in a laboratory setup. The original MPIIGroupIn-
teraction videos were cut into multiple non-overlapping 10-second
windows forming the data samples in the backchannel dataset. The
ground truth of each sample was annotated based on the existence
of backchannel behavior at the end of the 10-second window. The
task is thereby framed as a binary classification task: the presence
or absence of a backchannel. In total, the dataset has 6,716 instances
for training, 2,854 for validation, and 4,898 for testing.

3.2 Experiment Settings
Previous work [23] and our pilot study observe the significance of
the last-second context window for backchannel detection. We thus
apply this setting in our experiments: inputting the last second of
the context window to our model for backchannel detection.

Our model is implemented in PyTorch and trained on an NVIDIA
GTX 3090 GPU. The model undergoes 20 training epochs, with a
batch size of 64. For optimization, we utilize the Adam optimizer
with an initial learning rate of 0.001 and a weight decay parameter
set to 0.0001. The architecture of our GRU networks comprises two
layers, each containing 128 neurons, with a dropout rate of 0.3. We
use binary cross-entropy with logits loss as our loss function.

4 RESULTS
We train ourmodel on the training set and conduct a comprehensive
ablation study on the validation set. And finally, we summarize our
testing set performance and compare it with the counterparts.

Table 1: The evaluation of the proposed attention modules

Model Validation Accuracy
Base-GRU 0.682
UTFM Only 0.693
MFM Only 0.711
TMAN 0.741

4.1 Ablation Study
We first study the contribution of the two proposed attention mod-
ules (UTFM and MFM), and the effectiveness of integrating them.
Table 1 depicts the performance yielded by a common GRU-based
neural netowkr model (Base-GRU ), the completed TMAN model
(TMAN ), TMAN leaves out theMFM (UTFM only), and TMAN leaves
out the UTFM (MFM only). It is worth noting that both the UTFM



Kangzhong Wang et al.

and MFM can contribute to performance improvement alone, beat-
ing the Base-GRU model. Notably, the model performance improved
significantly when a completed TMAN is employed, achieving the
accuracy of 74.1%. The results demonstrate the effectiveness of the
proposed attention modules, and underline the significance of lead-
ing model to attend to the salient moments (frames) and modalities
(body parts).

Table 2: The impacts of different modalities

Model Modality Acc.Body
Move.

Head Move.
& Rota.

Eye Gaze
Move.

Facial AUs
Var.

TMAN

✓ ✓ 0.615
✓ ✓ 0.621
✓ ✓ 0.613

✓ ✓ 0.664
✓ ✓ 0.657

✓ ✓ 0.648
✓ ✓ ✓ 0.701
✓ ✓ ✓ 0.693

✓ ✓ ✓ 0.722
✓ ✓ ✓ ✓ 0.741

In addition to the attention weights, our further experiment
investigate more on the impacts of different modalities. Table 2
summarizes the performance of applying different combinations
of the four modalities. It is worth noting that the model incorpo-
rate all the modalities outperforms the others revealing that the
cues from head, gaze, body, and face are all useful for backchannel
detection. Head and gaze modalities are more indicative than the
others though.

Furthermore, we hypothesize that computing and using the vari-
ations between consecutive frames enables more effective mod-
elling, which delivers the movement patterns to the model more
directly. To validate the hypothesis, we also explore the impact of
the pre-processing of the input signals in our experiment. Specifi-
cally, we evaluate impact of two pre-processing methods to get the
feature variations: (1) computing the absolute difference between
the consecutive frames; and (2) computing the subtraction (the
raw difference value) between consecutive frames. We evaluate the
TMAN model incorporating theset two pre-processing methods
and compare the performance with the model that process the raw
input signals.

Table 3: The impacts of data pre-processing

Input Validation Accuracy
Raw 0.642

Absolute Diff. 0.702
Subtraction 0.741

The experimental results (Table 3) emphasize the significance of
the pre-processing. Particularly, using subtraction to extract motion
dynamics yields the highest validation accuracy. This implies that
the subtraction process effectively captures critical data patterns
(i.e., the variation magnitude and orientation), benefiting the mod-
elling. These results jointly signify the effectiveness of the proposed
TMAN, especially when paired with the subtraction pre-processing
method with its superior ability to utilize multimodal data.

Table 4: Test results comparison

Method Test Acc.
TMAN (Ours) 0.686
Amer et al. 0.664
Anony. 1 0.658
Ma et al. 0.656

Sharma et al. 0.621
Baseline ’22 (Head + Pose) 0.596

Baseline ’22 (All) 0.592
Baseline ’22 (Trivial) 0.500

4.2 Testing Performance in the Challenge
Following the ablation study, we apply the completed TMAN with
full modalities and subtraction pre-processing on the testing set
for evaluation and comparsion. The results (Table 4) highlight the
impressive performance of our model, with an accuracy of 68.6%.
This is attributed to its capability to attend to both the salient
moments andmodalities, exceeding all competitors that solely focus
on modality attention [1] or lack any attention [16, 23].

5 CONCLUSION
In this study, we proposed a novel model Tempo- ral Multimodal
Attention Network (TMAN) for backchannel detection. We con-
ducted comprehensive experiments to extensively understand the
contribution of different modules, modalities, and pre-processing
methods. The experimental results show the effectiveness of the
proposed method, especially with the capability in determining and
guiding model to focus on the salient moments and modalities. In
the future, we will keep improving the model such as exploring
different network backbones, and pre-processing methods. Fur-
thermore, we will evaluate our method on different datasets with
diverse scenarios, such as remote video conferences.
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