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Abstract—Listeners use short interjections, so-called
backchannels, to signify attention or express agreement.
The automatic analysis of this behavior is of key importance
for human conversation analysis and interactive conversational
agents. Current state-of-the-art approaches for backchannel
analysis from visual behavior make use of two types of features:
features based on body pose and features based on facial
behavior. At the same time, transformer neural networks have
been established as an effective means to fuse input from
different data sources, but they have not yet been applied to
backchannel analysis. In this work, we conduct a comprehensive
evaluation of multi-modal transformer architectures for
automatic backchannel analysis based on pose and facial
information. We address both the detection of backchannels
as well as the task of estimating the agreement expressed in a
backchannel. In evaluations on the MultiMediate’22 backchannel
detection challenge, we reach 66.4% accuracy with a one-layer
transformer architecture, outperforming the previous state of the
art. With a two-layer transformer architecture, we furthermore
set a new state of the art (0.0604 MSE) on the task of estimating
the amount of agreement expressed in a backchannel.

Index Terms—backchannel detection, agreement estimation,
transformers, multi-modal fusion

I. INTRODUCTION

In a conversation, listeners produce backchannels that can
consist of a variety of behavioral cues, including vocalizations
(e.g. “yeah”, “hm”) as well as gestures and facial behavior
(e.g. hand movements or nods). Backchannels are crucial for
a smooth conversation, as they are an effective means to
communicate attention [1], [2], engagement [3], and agreement
or disagreement while another person is speaking [2], [4].
They even allow the speaker to adjust their storytelling [5]
and are used by humans for dialogue comprehension [6] and
turn-taking negotiation [7]. Therefore, any artificial system
that is supposed to fully understand and effectively support
human conversation requires the ability to accurately detect
and interpret human backchanneling behavior.

Despite the importance of automatic detection and inter-
pretation of backchanneling behavior, research in this area
is still limited [8], [9]. These approaches showed that visual
behavior observable on the face and in the body posture is
highly informative of backchanneling behavior, opening up
the possibility for backchannel analysis based on nonverbal

visual cues exclusively. As argued in previous works [10],
[11], such behavior analysis, based on visual cues only, has the
advantage to be robust to low-quality or even unavailable audio
recordings. However, how to best merge the visual feature
representations, obtained from facial behavior with those from
body posture, in a single prediction model is not yet well
explored. Previous work on backchannel analysis exclusively
used early concatenation to merge feature representations [8],
[9], as did previous work on engagement and emotion predic-
tion based on postural and facial behavior [12], [13].

In recent years, transformer neural networks have gained
popularity due to their breakthrough performance in natu-
ral language processing [14], audio signal processing [15]
and computer vision [16] tasks. Transformers proved to be
especially successful when fusing several input modalities
or feature representations, and several possible architectures
for such fusion were proposed [17]. Despite having these
suggestions in the literature, research using transformers to
fuse different feature representations commonly does not sys-
tematically evaluate these different fusion approaches against
each other [18]-[21].

In our work, we provide a comprehensive evaluation of dif-
ferent transformer architectures for multi-modal fusion for the
task of backchannel detection and agreement estimation from
backchannels in the recent MultiMediate challenge [8]. This
challenge is based on the MPIIGrouplInteraction dataset [22]
which consists of group discussions of three to four people.
Evaluating all applicable architectures discussed in a recent
survey on multi-modal transformers [17], we identify that a
single transformer layer working jointly on pose- and face-
based features outperforms the previous state-of-the-art on
backchannel detection. Similarly, for the task of agreement
estimation from backchannels, we set a new state-of-the-art
with a vertical stack of two transformer layers.

II. RELATED WORK

Our work is related to computational approaches concerned
with human backchannels as well as to transformer-based
multi-modal fusion approaches.
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A. Automatic Analysis of Backchannels

Computational approaches addressing the phenomenon of
backchanneling in human conversations can be grouped
into two categories. First, approaches that try to anticipate
backchannel insertions [23]-[26]. These approaches analyse
the conversation in order to find opportune moments to insert
backchannels, and are commonly based on word embed-
dings [24], [25], prosodic features [23], [24], or part-of-
speech-tags and discourse features [27]-[29]. As such, they
are not based on the analysis of observed backchannels, but
on the analysis of the context that precedes the backchannel.
The second group of approaches addresses the detection of
backchannels [8], [9], [30]. That is, given the observation
of a behaviour sequence, these approaches decide whether a
backchannel is present in this sequence or not. Compared to
backchannel anticipation, this problem is less well studied.
It can be a part of dialogue act classification [30], [31]
based on text and potentially multi-modal input. Recently, the
MultiMediate challenge introduced the task of backchannel
detection in group interactions based on audio- and video
input [8]. The current state-of-the art approach by Sharma
et al. [9] makes use of graph neural networks to model the
relation of individual features inside the discussion group.
While they employ deep audio-visual features [32], these
yielded only a minor improvement over video-only explicit
features computed from body pose [33] and face [34] (see
Figure 1). To characterize backchanneling behavior beyond the
mere detection of backchannel occurances, the MultiMediate
challenge introduced the task of estimating the amount of
agreement expressed in a given backchannel [8]. The current
state-of-the-art for this task still consists of features based on
head pose fed to an SVM classifier [8], and could not be sur-
passed by graph-based group modelling and deep features [9].

To summarize, head- and body pose based features per-
formed well in previous work on backchannel detection and
could serve as the basis of a visual-only approach to these
tasks which is independent of the availability and quality of
audio recordings. How to best integrate these features into a
prediction model however is still underexplored.

B. Multi-modal Fusion with Transformers

In recent years, transformer neural networks have become
increasingly popular as a result of their impressive perfor-
mance on a variety of domains, including natural language
processing [14], speech recognition [15], and image classifi-
cation [16]. The key ingredient of the transformer is the built-
in attention mechanism that enables the network to establish
relationships between each unit of the input with every other
unit. This inherent feature of transformers makes them espe-
cially suited for multi-modal fusion tasks where correspon-
dences between different modalities of feature representations
need to be established [17]. Multi-modal transformers have
been successfully applied to human behavior analysis tasks,
including emotion recognition [18], personality prediction and
body language recognition [19], [21], as well as valence

and arousal estimation [20]. While a recent survey on multi-
modal transformers by Xu et al. [17] provided a summary
of the most frequently used fusion strategies in transformer
networks, the multi-modal transformer architectures in the
literature commonly do not provide a principled comparison
of these different fusion strategies. Furthermore, while multi-
modal transformers were employed to fuse for example the
audio with the video modality, to the best of our knowledge,
they were not yet applied to the problem of fusing pose feature
representations with facial feature representations [12], [13].
In our work, we conduct the first comprehensive evaluation
of different transformer-based fusion mechanisms to process
pose- and facial information for the tasks of backchannel
detection and agreement estimation from backchannels.

III. METHOD

We first introduce the standard transformer layer from [14].
Subsequently, we explain all transformer architectures for
multi-modal fusion that we evaluated for backchannel analysis.
Finally, we detail our feature extraction approach.

A. Transformer Layers

The transformer layer is an architecture for processing
sequential data and was first applied in NLP [14]. The key
component of the transformer layer is the self-attention mech-
anism, which allows the model to selectively focus on certain
parts of the input sequence while processing it:
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0, K, and V are the query, key and value matrices respec-
tively, which are learned during training. dy is the dimension
of the key matrix. These attention weights are used to compute
the weighted sum of the value matrix, which is used as the
output of the attention mechanism.

While Equation 1 describes a single attention head, trans-
former layers use multi-headed attention. This means that the
single attention head is repeated s times and its output is
concatenated. The result is passed through a linear output
transformation using W?:

Attention(Q, K, V) = softmaz( 14 (1)

MultiHead(Q, K, V) = Concat(heads, ..., head;, )W °
2
The transformer layer also includes positional encoding,
which is added to the input embeddings to give the model
information about the relative position of the words in the
sentence. This allows the model to handle input sequences
of varying lengths and to process the order of the elements
in the sequence properly. Subsequently, the transformer layer
uses multi-layer perceptrons to further process the output of
the multi-head self-attention mechanism.



Fig. 1. Left: original frame from the MPIIGrouplnteraction dataset [22].
Middle: visualization of OpenFace 2.0 [34] output. Right: visualization of
OpenPose [33] output. The figures were magnified relative to the original to
show the facial features of the participants.

B. Multi-Modal Fusion Transformer

We evaluate all architectures presented in the recent survey
on multi-modal transformers by Xu et al. [17] and Figure 2
illustrates the different transformer architectures investigated
in our work. However, we do not consider the early summation
of feature vectors as this approach is not applicable to our
scenario due to a mismatch in the feature dimensions. In the
following, we present each architecture from Figure 2 in detail.

One Stream is a multimodal fusion architecture that con-
catenates token embedding sequences from multiple modalities
and inputs them into a transformer layer. This allows for
the encoding of the global multimodal context, but increases
computational complexity. The output of the transformer layer
is then passed to a fully connected layer:

O = FC(TF(C(91(x), 92(2)))) 3)

where O is the output, FC is fully connected layer, TF is
transformer layer and C stands for Concat(). x is the input
and g; and gy are two feature extracting transformations.

One-to-One stream is simply a vertical stacking of two One
Stream architectures. However, the fully connected layer is
only used once after the second transformer layer:

O = FC(TF(TF1(C(g1(x), 92(2))))) S

This architecture is not discussed in the survey by Xu et
al. [17]. However, we include it as a comparison to the other
two-layer architectures discussed in the survey article.
One-to-Two stream is a hierarchical combination of a
transformer layer that processes both modalities jointly (one-
stream), with subsequent, modality-specific transformer layers
(two-stream). This allows for cross-modal interactions while
maintaining the independence of uni-modal representations
that can then be processed further by a subsequent linear layer.
This splitting is intended to encode the different modalities
separately which could possibly prevent confounding informa-
tion from one modality corrupting the other in the intermediate

feature space. The associated equations for this architecture
are:

91, 92" = S(TF1(C(g1(x), ga())
01 = FC(TFQ(gll
Oy = FC(TF3(g2’
O = FF(C(01,02))

where S means splitting the output to 2 separate channels
intended to separate the input modalities in the intermediate
feature space, g1’ and g9’ stand for the separated channels in
the intermediate space and FF denotes a feed forward neural
network.

Two-to-One stream reverses the layer ordering of the one-
to-two stream architecture. The input modalities are encoded
with independent Transformer layers, their outputs concate-
nated, and then fed through a one-stream Transformer layer.
The motivation is to let the final transformer layer ascertain
the interactions and confounding information supplied by the
transformed intermediate input representations. The equation
for this architecture is:

O = FCO(TF35(C(TF1(91(2)), TF2(g92(x)))))  (6)

)
)
) ®

Cross Attention is a technique used in two-stream Trans-
formers to perceive cross-modal interactions by exchanging
O (Query) embeddings. [17] shows that two-stream cross-
attention can effectively learn cross-modal interactions, but
does not incorporate self-attention to the self-context within
each modality. The equation for this architecture is:

O = FC(C(TF1'(91(2)), TF2' (g2()))) )

where TF] and TF} are the transformer models with the
interchanged () embeddings.

Cross-to-one Stream architecture is concatenating the out-
puts of the two streams of cross-attention, then inputting it into
an additional Transformer layer to capture the global context.
The equation for this architecture is:

O = FC(TF5(C(TFy'(g1()), TF2'(g2(2))))) (8

C. Features

In this study, we extracted facial and body keypoints using
OpenFace 2.0 [34] and OpenPose [33] respectively, to be
used as features from the available video information [8].
The transforms ¢g; and g» used in Equations [3 - 8] are
representing the OpenPose Features p = go(x) € R and
OpenFace 2.0 Features f = gi(x) € RS™ respectively.
Figure 1 shows a sample from the group interaction dataset
on the left, OpenFace 2.0 features applied on the sample in
the middle, and OpenPose features applied on the sample on
the right. The OpenFace 2.0 features include facial attributes,
such as gaze direction, head pose, and facial action unit (AU)
intensities, which denote the degree of activation of facial
muscles. For OpenPose features p, only the skeleton pose
key points (no facial key points) were utilized. Preliminary
experiments revealed an improvement in performance when
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Fig. 2. Transformer architectures for multi-modal fusion that were evaluated in this study. Different colors represent different modalities, which correspond

to different sets of features in the study. Q: Query embedding; K: Key embedding; V: Value embedding. Best viewed in colour.

including the frame number at each position of the input
sequence. In this study, we used the absolute difference of
features between each consecutive frame as an input in order to
directly encode the movement dynamics. This proved superior
over inputting raw features or signed feature differences in
preliminary experiments.

IV. EXPERIMENTAL EVALUATION
A. Dataset

For our evaluations we make use of the MPIIGrouplnterac-
tion dataset [22]. This dataset comprises of 24 group discus-
sions on controversial topics. Groups consisted of three to four
participants each and discussions lasted for 20 minutes. All
participants were recorded with frame-synchronized cameras.
The dataset was later annotated for backchannels as well as the
amount of agreement expressed in each backchannel [8]. Both
verbal- and nonverbal backchanneling behavior was annotated.
For comparability, we precisely follow the definition of the
backchannel detection and agreement estimation tasks used
in the MultiMediate challenge, including the training and
validation splits [8], [35]. In the MultiMediate challenge, each
sample consists of a 10 second long video and a corresponding
ground truth annotation. In the backchannel detection task,
3358 training (including 1427 validation) samples contain a
backchannel in the last second of the input video. The same
number of samples without a backchannel during the last
second is provided as the negative class. In the agreement
estimation task on the other hand, only the samples containing
backchannels during the last second of the input video are

provided. The ground truth in this regression task is the amount
of agreement this backchannel expresses towards the current
speaker.

B. Implementation Details

While the MultiMediate challenge provides 10 second in-
put videos, only the last second may contain the relevant
backchannel. In preliminary experiments, we determined that
utilizing the last 3 seconds of the input video resulted in
the best performance. Shorter intervals appear to not contain
enough context and larger intervals tend to introduce a high
amount of non task-related information.

The number of attention heads applied to the transformer
that had OpenFace 2.0 features f as input was 4, while the
number of attention heads applied to the transformer that had
OpenPose features p as input was 2. The number of attention
heads applied to the concatenated OpenFace 2.0 and OpenPose
features as input was 10. Positional encoding was applied
only in the first layer of the transformer architectures. This
led to a slight improvement in performance compared to the
application of positional encoding in all transformer layers. For
multi-layer transformer architectures, we furthermore utilized
intermediate losses to directly supervise each transformer layer
in addition to the supervision applied to the final output.
This led to a consistent improvement across different archi-
tectures. For the intermediate loss equation, the weights were
distributed as evenly as possible among the layers. The loss



formula for One-to-Two Stream is shown in equation 9.

L1 = 0.5 % LTF2 + 0.5 % LTF3

9
L:035*LTF1+035*L1+03*LFF ©)

Here, Lrp, is the loss of the n" transformer, with n €
{1,2,3} for the 3 transformers used.

We utilized the Adam optimizer in all experiments, with a
weight decay of 0.0005 and a learning rate of 0.0005. Binary
Cross Entropy (BCE) loss was used for the backchannel
detection task (classification), and the Mean Squared Error
(MSE) loss for the agreement estimation task (regression). We
set the number of epochs to 350, and the best model was
saved according to the best results on the validation set. All
experiments were implemented in Pytorch [36]'.

C. Baseline and Metrics

To evaluate the utility of transformer networks in compari-
son to recurrent neural networks, we used both unidirectional
and bidirectional LSTMs as baselines. To ensure a fair compar-
ison, we configured the LSTM architecture to have a similar
number of parameters as the One Stream architecture. A single
layer of LSTM was utilized. We set the hidden size of the
unidirectional LSTM to 1045, while the bidirectional LSTM
to 660, to maintain a consistent relative number of parameters.

We followed the evaluation metrics used in the MultiMedi-
ate challenge [8]. For backchannel detection, we used accuracy
(ACC). For agreement estimation from backchannels we used
mean squared error (MSE).

V. RESULTS

We first report results on the MultiMediate’22 [8] validation
set to identify the best-performing transformer architecture
and to compare against LSTM baselines. Subsequently we
report results on the MultiMediate’22 test set to evaluate
our improvements over the state-of-the-art on backchannel
detection and agreement estimation from backchannels.

A. Comparison of Transformer Architectures

We present the results of our evaluation of different trans-
former architectures in Table I. For the backchannel detection
task, the best validation performance was achieved by a single-
layer, one-stream transformer network (0.736 ACC). The
second best approach was a single cross-attention layer with
(0.732 ACC). All transformer-based approaches outperformed
both the official challenge baseline (0.639 ACC) as well as uni-
and bidirectional LSTM networks (0.575 and 0.692 ACC). The
results obtained when single modalities were used as inputs
were inferior to the official challenge baseline. The accuracy
achieved with OpenFace 2.0 features and OpenPose features
was (0.520 and 0.597 ACC), respectively.

In the case of agreement estimation from backchannels,
the best performance (0.0644 MSE) was achieved by two
subsequent single-stream transformer layers, followed by the
one-to-two stream variant (0.0668 MSE). The single-layer,

ICode is available at
ijenn23-backchannel-detection

https://git.opendfki.de/body_language/

TABLE I
VALIDATION RESULTS FOR BACKCHANNEL DETECTION AND AGREEMENT
ESTIMATION FROM BACKCHANNELS ON DIFFERENT FUSION TECHNIQUES,

FIGURE 2.

Approach Detection Agreement

Acc T MSE |
One Stream 0.736 0.0672
One-to-One Stream 0.728 0.0644
One-to-Two Stream 0.725 0.0668
Two-to-One Stream 0.709 0.0754
Cross Attention 0.732 0.0711
Cross-to-One Stream 0.711 0.0698
One Stream (face only) 0.520 0.0677
One Stream (pose only) 0.597 0.0840
Unidirectional LSTM 0.575 0.0871
Bidirectional LSTM 0.692 0.0792
Sharma et al. [9] 0.693 0.073
Challenge Baseline (SVM) [8] 0.639 0.0750

one-stream transformer which performed best for backchan-
nel detection, reached an MSE of (0.0672) for agreement
estimation. All transformer-based approaches outperform uni-
and bidirectional LSTM baselines (0.0871 and 0.0792 re-
spectively). Only the dual-to-one stream transformer model
performs slightly worse than the official challenge baseline
(0.0750 MSE). In contrast to backchannel detection, the one-
stream model relying solely on facial features only suffers
from a minor reduction in performance compared to the one
stream model integrating face- and pose features (0.0677 MSE
vs. 0.0672 MSE). In contrast, relying on pose features only
led to a large reduction in performance (0.0840 MSE).

B. State-of-the-Art Comparison

For evaluation against the state of the art in backchannel
detection and agreement estimation, we submitted the predic-
tions of our models with the highest validation performance
to the MultiMediate challenge organizers for evaluation on
the test set. Table II shows the results for the backchannel
detection task. Included in the table are also approaches that
have not yet been published. Our approach reached a test ac-
curacy of 0.664, outperforming all published (0.621 ACC, [9])
and unpublished competitors (0.658 ACC). It also improved
over the official challenge baseline (0.596 ACC) by a large
margin. Results for the agreement estimation task are shown
in Table III. As in the case of backchannel detection, our
transformer-based method achieves the highest performance
(0.0604 MSE) of all evaluated approaches. At the same time,
the margin of improvement over the official challenge baseline
(0.0609) is rather small. We would like to note however that
our method is the first that was able to improve over the
official challenge baseline at all. For example, the approach
of Sharma et al. [9] reached only 0.0623 MSE even though it
led to improvements in the backchannel detection task. This
illustrates the extremely challenging nature of the agreement
estimation task.

C. Qualitative Results

We used the best model for each task to show qualitative
results. Figure 3 illustrates the results of the backchannel


https://git.opendfki.de/body_language/ijcnn23-backchannel-detection
https://git.opendfki.de/body_language/ijcnn23-backchannel-detection

Fig. 3. Qualitative examples for the backchannel detection task. Top: Ground
truth backchannel correctly predicted by our method. Bottom: Ground truth
backchannel missed by our method. The figures were magnified relative to
the original to show the facial features of the participants.

Fig. 4. Qualitative examples for the agreement estimation task. Left: perfect
prediction of our model (Ground Truth: 0.25, Prediction: 0.25), Middle:
wrong prediction (Ground Truth: 0.917, Prediction: 0.148), Right: (Ground
Truth: -0.75, Prediction: 0.134). The figures were magnified relative to the
original to show the facial features of the participants.

detection task. The top image represents a correctly predicted
backchannel. The participant is smiling and nodding, which
are two common facial backchannel cues. The bottom image
represents an incorrect prediction, where the model failed to
detect the presence of a backchannel. Here, the participant
only slightly tilted their head down, which is a more subtle
backchannel cue compared to the first example.

For the agreement estimation task, Figure 4 displays a
perfectly predicted sample on the left, while the other two are
incorrect predictions. In the left image, both the original and
predicted agreement estimations are (0.25), indicating slight
agreement from the participant. The participant is slightly
smiling and nodding, which led to a correct prediction by the
model. In the middle image, the original agreement estimation
is (0.917), while the prediction is (0.145). While the participant
is nodding, the facial expression shown in this example is
more associated with a negative evaluation, which appears to
have misled the model. On the right, the original agreement
estimation is (-0.75), indicating a high level of disagreement,
while the prediction is (0.133), indicating agreement. This
discrepancy is likely due to the participant smiling, which may
have confused the model into predicting agreement.

TABLE II
BACKCHANNEL DETECTION LEADERBOARD OF THE MULTIMEDIATE

CHALLENGE?

Username and Affiliation (Backchannel Detec- | Test Accuracy
tion)

Ours (One Stream) 0.664
Anonymous 1 (publication pending) 0.658

Ma et al. (publication pending) 0.656

Sharma et al. [9] 0.621

Baseline 2022: Head + Pose Features [8] 0.596

Baseline 2022: All Features [8] 0.592

Baseline 2022: Trivial (most likely class) [8] 0.500

TABLE III
BACKCHANNEL AGREEMENT ESTIMATION LEADERBOARD OF THE
MULTIMEDIATE CHALLENGE?

Username and Affiliation (Agreement Estima- | Test MSE
tion)

Ours (One-to-One Stream) 0.0604
Baseline 2022: Head Pose Features only [8] 0.0609
Sharma et al. [9] 0.0623
Baseline 2022: All Features [8] 0.0643
Ma et al. (publication pending) 0.0650
Baseline 2022: Trivial (mean on train) [8] 0.0665

VI. DISCUSSION

A. Achieved Performance

First and foremost, our results document the impressive
effectiveness of transformer-based architectures. In line with
recent work in computer vision [16] and natural language
processing [14], our transformer networks clearly outper-
formed classical approaches as well as commonly used LSTM
networks. They also set a new state of the art for backchannel
detection and agreement estimation on the MultiMediate chal-
lenge [8]. In the case of backchannel detection, we improved
with a clear margin over previously published approaches. On
the challenging task of agreement estimation from backchan-
nels, our model improved slightly over the official challenge
baselines, however it is the first approach that was able to do
so at all.

Our experiments with single input feature modalities (face
features only, pose features only) underline the crucial impor-
tance of using both face and pose information for backchannel
detection. In the agreement estimation task on the other hand,
face features are dominating and there is only a slight im-
provement when adding pose features. Interestingly, the best-
performing architecture for backchannel detection consisted of
a single transformer layer. While more elaborate multi-modal
fusion approaches like cross attention also improved over the
previous state of the art on the validation set, they could not
outperform the single-layer one-stream network. This points
to the importance of evaluating sophisticated fusion methods
against simpler ones - something that is often not done in
multi-modal transformer architectures [18]—[21].

Zhttps://multimediate-challenge.org/leaderboards/leaderboard_backchannel/
3https://multimediate-challenge.org/leaderboards/leaderboard_
backchannel-agreement/
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B. Limitations and Future Work

While we established a new state-of-the-art for backchannel
detection and agreement estimation from backchannels on the
MPIIGrouplnteraction corpus, it remains an open question to
what extent our results would generalize to other scenarios.
At present, MPIIGrouplnteraction is the only available corpus
that allows to address both prediction tasks from video input.
As this corpus is limited to discussions in German, it will
be important to collect further corpora, ideally involving
participants speaking different languages and from different
cultural backgrounds.

In our work we set out to address the backchannel detection
and agreement estimation from video input only. This has the
advantage to be robust against bad quality- or even lack of
audio recordings. While in previous work the addition of the
audio modality resulted in little or no improvement [8], [9], it
will be worthwhile for future work to investigate this issue in
the scenario of multi-modal transformer architectures as well.

Finally, while the detection of- and the estimation of agree-
ment from backchannels is a crucial step towards automatic
conversation analysis, future work should investigate how to
best make use of this information. Automatic backchannel
analysis could potentially be useful in systems that manage
engagement [37], to better characterise states of psychiatric
patients [38], or as a feature for exploratory conversation
analysis [39].

VII. CONCLUSION

In this paper, we conducted a comprehensive evalua-
tion of multi-modal transformer architectures for automatic
backchannel analysis from body pose and facial behaviour.
We identified a single one-stream transformer layer as the
best-performing architecture for backchannel detection, out-
performing the previous state of the art on the MultiMediate
challenge. For agreement estimation, an architecture consisting
of two subsequent one-stream transformer layers performed
best, reaching a new state of the art on this task. Our ablation
and baseline comparison experiments, prove the general effec-
tiveness of transformer-based approaches over recurrent neural
networks for automatic backchannel analysis, but also point
to the need to carefully evaluate sophisticated architectures
against more simple ones that might reach competitive- or
even better performance.
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