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Abstract

Audio and video tokenizers are autoencoders
trained to represent the content of recordings
as a sequence of vectors. They are prevalently
used to interface large language models with
non-textual modalities. While they allow ad-
vanced applications such as video generation,
the envelope of their limitations is not known
in the context of multimodal conversation. This
work focuses on backchannels, which listeners
use to signal to the speaker that they are lis-
tening. This feedback is essential to maintain
the conversation flow. We evaluate whether a
representative set of audio and video tokenizers
encode backchannels using linear probing. Re-
sults show that although audio tokenizers cap-
ture the phenomenon relatively well, backchan-
nels are not linearly separated by video tok-
enizers. However, joint representations result-
ing from concatenating representations in both
modalities improve accuracy significantly over
audio-only representations, suggesting to train
multimodal tokenizers.

1 Introduction

Backchannels are an important feature of conver-
sations, allowing a listener to regularly give feed-
back to the speaker and to show understanding
and interest (Schegloff, 1982; Bavelas et al., 2000).
They consist in head movements such as nods,
smiles, frowning, short verbal unit insertions such
as "hmm", "yeah", "okay". They help to regulate
conversation flow and communicate engagement,
attention or agreement.

Backchannels constitute a complex phenomenon
due to significant variability in their frequency, tim-
ing, and modality of production. Although nu-
merous opportunities for backchanneling emerge
during interaction, only a limited subset is actually
realized by interlocutors. Moreover, as an intrinsi-
cally multimodal behavior, backchannels can be ex-
pressed through auditory, visual, or both modalities.
This inherent stochasticity makes them particularly
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challenging to detect, predict, and generate in di-
alogue systems. Nonetheless, their production is
crucial for supporting and maintaining high-quality
conversation. Their absence or inappropriate pro-
duction can collapse the conversational flow in dia-
log systems, and decrease dialog naturalness.

Past work has focused on high-level features ex-
tracted by specialized models, such as body and
head pose estimation, face landmark estimation, or
verbalized unit detection in automatic transcripts.
Due to the different nature of audio and video fea-
tures, multimodal models often rely on late fusion,
which does not captureT- well cross-modal interac-
tions, and is sensitive to cascading errors (such as
lack of detected face).

Recent work on end-to-end generative audio
models, such as dGSLM (Nguyen et al., 2022), has
shown that indirect modeling of conversation phe-
nomena through self-supervision allows for gen-
erating natural-sounding continuations of conver-
sations including speaker identity, turn taking and
backchanneling. In particular, dGSLM proposed
training a next-token predicting language model to
generate discrete units from the HuUBERT masked
transformer (Hsu et al., 2021) and synthesize audio
samples from these units. Since then, a range of
audio "tokenizers" have been proposed, which can
be fed to large language models (LLMs) in order to
account for the audio modality, both as input and
output, resulting in promising dialog systems.

Recent developments of video generation mod-
els have lead to the emergence of video tokenizers,
trained to compress video sequences as a set of
discrete tokens that can be fed to LLMs, and detok-
enized back to a sequence of images as generation
output. Like audio tokenizers, video tokenizers
can potentially replace the standard video feature
extraction stages and generate audio-visual dialog
continuations. Yet, the emergence of dialog-related
capabilities such as backchannelling through pre-
training is not well studied.
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In this paper, we test the capacity of audio and
video tokenizers to represent backchannels in the
framework of linear probing. Our goal is not to
obtain good backchannel detectors, but rather to un-
derstand how pretraining captures the phenomenon.
Our contributions are: (1) an assessment of activa-
tion linear separability with respect to backchan-
nels, from a set of audio and video models, and
their combination; (2) a study of linguistic fea-
tures correlation with backchannel detection suc-
cess/failure in linear probing; (3) a discussion of the
pretraining choices impacting the detection of fine-
grained conversational events in both modalities.
All data, code and models are made available!.

2 Related work

Backchannel detection has a long history of re-
search in the audio modality, based on explicit
lexical and prosodic features (Noguchi and Den,
1998; Vinciarelli et al., 2008; Al Moubayed et al.,
2009; de Kok and Heylen, 2012; Mueller et al.,
2015; Ruede et al., 2017; Kholiavin et al., 2020;
Amer et al., 2023). Although backchannels have
been annotated mainly as part of dialog act an-
notation efforts on large speech datasets, such as
Switchboard or ICSI meeting recordings (Jurafsky
et al., 1998; Shriberg et al., 2004), there also ex-
ist a number of efforts to annotate backchannels
in both the visual and audio modalities (Bertrand
et al., 2007; Degutyte and Astell, 2021; Blomsma
et al., 2024; Boudin et al., 2021). The larger avail-
able multimodal corpora include MPIIGrouplnter-
action (Muller et al., 2022), Cup of CoFee (Prévot
et al., 2016), NOXI (Cafaro et al., 2017), Vyak-
titv (Jain et al., 2021), SMYLE, (Boudin et al.,
2023), IFADV (Truong et al., 2011), or Chico (Bo-
dur et al., 2021).

Audio tokenizers have been developed in the
framework of self-supervision for speech appli-
cations such as ASR. They typically start from
temporal or spectral representations of the speech
signal (such as Mel filterbanks), and encode the
speech signal with a variety of neural architec-
tures. Initial approaches include contrastive pre-
dictive coding (van den Oord et al., 2018), au-
toregressive predictive coding (Chung and Glass,
2019), and HuBERT (Hsu et al., 2021) which iter-
atively trains an encoder to predict masked units
originating from k-means clustering of previous
iteration representations. While pervasive, theses
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approaches are being replaced with autoencoders
trained to regenerate audio from latent discrete
representations. They use VQ-VAE:s to learn dis-
crete representations and exploit a number of losses
to ensure that frequencies and dynamics are pre-
served (Kong et al., 2020), they maintain high fi-
delity with Residual vector quantization (Défos-
sez et al., 2022), and distill higher level repre-
sentations in order to preserve semantics (Zhang
et al., 2023). Examples of influencial tokenizers
include VQ-wav2vec (Baevski et al., 2019), Sound-
Stream (Zeghidour et al., 2021), BestRQ (Chiu
et al., 2022), Encodec (Défossez et al., 2022),
BEATSs (Chen et al., 2022), Data2Vec (Baevski
et al., 2022), SpeechTokenizer (Zhang et al., 2023),
WavTokenizer (Ji et al., 2024).

Video tokenizers aim at producing discrete or
continuous representations from a sequence of
video frames. They mostly follow the compression
paradigm where an auto-encoder is trained to en-
code video frames as a latent representation which
is then decoded to reconstruct the sequence of im-
ages. Finite scalar quantization (FSQ) replaces
VQ-VAE as it is more stable at training (Mentzer
et al., 2023). They include diverse neural archi-
tectures and resort to factorizing spatio-temporal
relationships to decrease computation costs com-
pared to a full 3D analysis. They might be ini-
tialized with 2D encoders from image generation
models (Zheng et al., 2024), or are jointly trained
on single images and videos in order to benefit from
the diversity and quantity of image datasets (Wang
et al., 2024). Examples include VideoGPT-
Tokenizer (Yan et al., 2021), VideoGPT+ (Maaz
et al., 2024), Omni-Tokenizer (Wang et al., 2024),
CogVideoX-Tokenize (Yang et al., 2024), Open-
Sora (Zheng et al., 2024), OpenSora-Plan (Lin
et al., 2024), CV-VAE (Zhao et al., 2024), Vid-
Tok (Tang et al., 2024), Cosmos-Tokenizer (Agar-
wal et al., 2025).

Probing of audio and vision models behavior is
a very active research area. It consists in analyzing
model weights, activations or performances in a
particular domain in order to explain observed be-
havior. In conversation analysis, a number of stud-
ies have shown that audio models represent known
language structures although they have not been ex-
plicitly trained to recognize them (Shah et al., 2021;
Martin et al., 2023; Pasad et al., 2023; Ashihara
et al., 2023; Ngo and Kim, 2024). Similar patterns
have been uncovered in the vision modality (Caron
et al.,2021; Vanyan et al., 2023; Kumar et al., 2023;



Basaj et al., 2021). Although multimodal scenes
correspond to correlated audio and video signals,
audio and video tokenizers are trained disjointly.
Their representation capabilities are infrequently
evaluated, in particular in the context of multimodal
conversation.

3 Experimental setup

3.1 Linear probing

Linear probing consists in assessing whether a rep-
resentation space is linearly separable according to
a classification task. Although it is more strict than
measuring whether the input contains information
about the task, one does not have to find the most
effective non-linear model for extracting that infor-
mation from a potentially infinite set of models. It
is important to note that we want to assess whether
pretraining results in this linear separability, not
whether the information is present and could be
used by a more general classifier.

In the following, we train a logistic regression
on the output of the tokenizers. Representations are
extracted by feeding speech or video corresponding
to the evaluated segment to the tokenizers, result-
ing in a sequence of vectors that are then averaged
along the time dimension. Other pooling methods
have been proposed but they typically add many
parameters or assess a different property than lin-
ear separability, such as with RNNs or Echo-state
networks (Sun et al., 2024). If we assume that con-
secutive phenomena occupy different dimensions
in the representation space, then average pooling
keeps the underlying information in linearly sep-
arable form. For tokenizers trained with discrete
latent representations, we use the embeddings of
the discrete tokens.

3.2 Tokenizers

We have selected four representative audio tokeniz-
ers with varying architectures and training data:

e HuBERT (Hsu et al., 2021), trained with
masked prediction of discrete tokens resulting
from a k-means clustering of the underlying
acoustic space. In a first training iteration,
clusters are generated from MFCCs, and in a
second iteration, they are generated from hid-
den representations of the first iteration model.
Variants of HUuBERT (base, large) are trained
respectively on Librispeech (1k hours) and
and Librilight (60k hours).
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* SpeechTokenizer (Zhang et al., 2023), an au-
toencoder trained to reconstruct the speech
signal. It leverages RVQ-GANs which itera-
tively quantize the residual of previous quan-
tization stages. It also adds a distillation loss
from HUBERT in order to capture high-level
information. SpeechTokenizer is trained on
Librispeech (1k hours) and Common Voice
(31k hours).

Wavtokenizer (Ji et al., 2024), a RQ-GAN
autoencoder similar to SpeechTokenizer, but
which foregoes the residual quantizer in order
to reduce the number of tokens per second.
It increases the codebook size and changes
the decoder to obtain higher reconstruction
fidelity. It is trained on 8k hours of speech.

Mimi (Défossez et al., 2024), is also an au-
toencoder from the VQ-VAE family, but it
conditions the generation of fine-grained resid-
ual tokens on higher-level tokens at the same
timestamp in order to parallelize processing.
Authors do not specify the exact training data
but mention training on 7m hours of speech.

Video tokenization is a developing field, there-
fore we selected a set of tokenizers which were
available and sufficiently documented:

* Cosmos (Agarwal et al., 2025): A causal
autoencoder trained on reconstruction, per-
ceptual, optical flow and Gram-matrix losses.
It consists of 3D Haar Wavelet layers fol-
lowed by residual blocks that perform spatio-
temporal factorized 3D convolution and down-
sampling. The last block uses self-attention in
order to account for long-range dependencies.
Discrete variants of the model (DV) rely on
FSQ for quantization. It is trained on 100M
clips from 49 to 121 frames with varying res-
olution and frame rate, on both still pictures
and videos from undisclosed data sources.

VidTok (Tang et al., 2024): A causal VAE
with continuous and discrete variants trained
with FSQ. The architecture differs from Cos-
mos in that it includes full 3D convolutions
in addition to factorized spatio-temporal con-
volutions, and an "alpha-blender" module
which downsamples temporal resolution via
weighted averaging. The model is trained with
Latent diffusion losses (Rombach et al., 2021),



including a KL regularizer for continuous vari-
ants, and a commitment loss for discrete vari-
ants. VidTok is trained on 10M clips of 17
frames, from undisclosed sources.

OpenSora (Zheng et al., 2024): A replica-
tion of the Sora work. The model decorre-
lates spatial and temporal compression, first
applying a 2D VAE initialized with the SDXL
VAE (Podell et al., 2023), and then applying a
3D VAE to compress in the time dimension. It
is trained on 30M instances of 17 frames, (80k
hours of video) with progressive introduction
of more difficult instances. The variant we
work with is version 1.2.

In our experiments, we use the native frame rate
of the videos (30 fps) and average the represen-
tations of consecutive sets of frames that fit each
model’s context size.

3.3 The SMYLE dataset

We used a subset of the French multimodal
SMYLE corpus (illustrated in Figure 1), consist-
ing of 25 dyads (50 participants) with feedback
annotations (Boudin et al., 2024). We selected this
corpus for its controlled video recording conditions.
SMYLE includes face-to-face interactions across
two tasks: a storytelling task, where one partici-
pant narrates three types of stories® to a listener,
followed by 15-minute free conversation.

Figure 1: Illustration of the SMYLE dataset, featuring a
screenshot of both participants videos side by side.

Feedback was annotated into generic and spe-
cific types following the framework proposed by
Bavelas et al. (2000). Here, feedback refers to any
reaction from one speaker to the other (excluding
responses to explicit questions) and includes vocal,
verbal, or gestural cues. Generic feedback encom-
passes brief vocalizations (e.g., “mh mh,” “ok”),

INarratives: (1) retelling the content of a video clip; (2)

summarizing the plot of a movie, book, or video game; and
(3) describing favorite holiday.
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nodding, and smiling, typically used to signal un-
derstanding and encourage the speaker to continue.
In contrast, specific feedback involves more expres-
sive and evaluative responses, which may include
speech (e.g., completions, repetitions, reformula-
tions, humor, etc.), as well as laughter and various
gestures, such as facial expressions, head move-
ments, and hand gestures. This annotated subset
totals 13.4 hours of interaction (7.04 hours of story-
telling and 6.36 of free conversation) and includes
6,285 instances of generic feedback (3,470 from
the storytelling task and 2,815 from the free con-
versation part). This makes the SMYLE feedback
subset twice the size of that in the MPIIGrouplnter-
action corpus (Muller et al., 2022).

In addition to feedback annotations, the SMYLE
corpus includes other manual annotations such as
head movements (nods, shakes, tilts, and others),
laughter, and orthographic transcriptions. Acous-
tic features, including pitch (FO) and intensity,
were automatically extracted using the OpenSmile
toolkit with the eGeMAPS feature set (Eyben et al.,
2010, 2016)3. Features were computed using a
sliding window of 0.08 s with a 0.04-second step,
resulting in values every 40 ms. We use these anno-
tations to better understand how tokenizers capture
backchannels.

3.4 Backchannels and non-events

Since our work addresses backchannels, and no
prior work has addressed the detection of both spe-
cific and generic feedback, we concentrate here on
detecting generic feedback, which closely aligns
with the concept of backchannels. In the following,
backchannel events were extracted from the generic
feedback annotation of the dataset. In order to
stabilize tokenizer behavior, we clipped segments
longer than 2000 ms and extended segments shorter
than 500 ms while keeping their start time, reduc-
ing chance of overlap with a different event. Each
selected backchannel event was paired with a ran-
dom non-event segment of equal duration, within
the same video. Backchannels not overlapping
with verbal or visual annotations were dropped.
This process yielded 6,025 backchannel segments
(also referred to as events) and 6,025 matched non-
backchannel segments (referred to as non-events),
resulting in a total of 12,050 segments.

Visual, lexical, and prosodic characteristics

3Available at https: //www.audeering.com/research
/opensmile/, using the pipeline at https://github.com/M
atthisHoules/opensmile_feature_extractor.
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of the segments are summarized in Tables 1
and 2, which present descriptive statistics for both
backchannels and non-events. Table 1 shows the
proportion of segments that contain different types
of head movements, vocal activity (silence, speech,
laughter), and interjections (e.g., "yeah," "ok,"
etc.). Table 2 reports the mean, standard devia-
tion for pitch (FO) and loudness, computed only
on segments containing speech. All features re-
ported in these tables—whether visual, lexical, or
prosodic—can occur both during main speaker
turns and during feedback, which contributes to
the task difficulty.

Type Features Backchannel Other
Nod 89.23  16.15
Head Shake 1.29 8.94
Tilt 1.46 5.21
Other 0.35 1.39
Silence 98.82  79.25
Activity Speech 43.62  48.33
Laughter 0.77 4.87
ouais / yeah 3047 2724
d’accord | fine 3.13 0.76
ok / okay 4330  29.76
Interjections  hm /hm hm 11.19 1.43
ouil yes 17.32 2588
non / no 0.27 3.13
all inter. 4334 29.79

Table 1: Proportion (%) of visual and lexical features
for backchannels and non-event segments. Each value
indicates the percentage of segments in which the corre-
sponding feature was annotated. Note that most events
affect both the audio and video modality.

Type Features Backchannel Other
FO Mean 92.65 115.29
SD 68.05 64.12
Loudness Mean 0.65 1.41
SD 0.52 0.72

Table 2: Average values of FO and loudness for vocal-
ized backchannels and other events. For each segment,
the mean and standard deviation (SD) were computed
and then averaged across all segments in each class.

4 Results and discussion

For each type of representation, we train a logis-
tic regression to discriminate between backchannel
events and non-events. Results are averaged over a
30-fold split of the events. For each split, we ran-
domly sample 5k events for training the regression
in order to account for both test set and training set
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variability. Each linear model is trained via gradi-
ent decent implemented in Pytorch, and randomly
initialized to account for training variation. We
report significance with the two-sided t-test over
accuracy means, at a level of 1073,

4.1 Accuracy results

Audio Video Acc. t-test
HuBERT - 0.734 =
SpeechTokenizer - 0.731 >
Mimi - 0.695 >
WavTokenizer - 0.641 >
Chance - 0.5

- VidTok 0.626 >
- Cosmos 0.574 >
- OpenSora  0.504 =
- Chance 0.5

Table 3: Backchannel detection accuracy of monomodal
probes. The t-test column indicates the significance of
the difference between the result on the current row and
the result on the next row at the 103 level. For exam-
ple, HuBERT is not significantly better than SpeechTo-
kenizer.

Table 3 shows the accuracy of the linear probe
on audio and video representations. When mul-
tiple model variants are available, we select the
best variant according to results in Tables 5 and 6.
Audio representations lead to higher performance
than video representations although the majority of
backchannels contain nodding (89%, Table 1), a
strong visual cue. HUBERT is better at detecting
backchannels than Mimi (trained on several order
of magnitude more data), which probably compro-
mises high-level phenomena for better reconstruc-
tion accuracy. In the visual modality, VidTok repre-
sentations are better than Cosmos representations,
which might be explained by its use of non-factored
3D convolutions, although no real conclusion can
be drawn without controlling their respective train-
ing data. The OpenSora probe is not better than
chance, which indicates that although the model
is able to generate compelling videos from its hid-
den representations, visual phenomena linked to
backchannels are not linearly separable. Figure 2
shows that reconstructed videos sometimes lack
precise details which are important for conversa-
tion understanding.

Table 4 focuses on multimodal results obtained
by training the linear probe on concatenated au-
dio and video representations. Combinations that
involve VidTok are systematically significantly bet-



Figure 2: Example of original frame (left) and regen-
erated frame (right) from Cosmos. Although global
picture is faithful, the model failed to capture the cor-
rect mouth and eye behavior.

Audio Video Acc.  t-test
HuBERT VidTok 0.785 >
HuBERT Cosmos 0.722 =
HuBERT OpenSora  0.705 =
Mimi VidTok 0.796 >
Mimi Cosmos 0.728 =
Mimi OpenSora  0.696 =
SpeechTokenizer  VidTok 0.818 >
SpeechTokenizer =~ Cosmos 0.758 =
SpeechTokenizer ~OpenSora 0.736 =
WavTokenizer VidTok 0.766 >
WavTokenizer Cosmos 0.696 >
WavTokenizer OpenSora  0.638 =

Table 4: Multimodal probe accuracy by concatenating
monomodal representations. The t-test column indicates
significance of the difference to the audio-only model
of the pair. > indicates that the result is significantly
better at the 1072 level.

ter than corresponding audio probe with accuracy
improvements of 3-7 points, suggesting that the
probe can account for complementary information
in both modalities. VidTok’s performance might
be related to the quantity of spontaneous conver-
sations in its training data. The best combination
is SpeechTokenizer representations concatenated
with with VidTok representations with an accuracy
of 81.8%. Those results suggest that it might be
beneficial for conversation processing to jointly
train audio and video tokenizers, so that they can
learn the intricate synchronization of fine-grained
conversational behavior.

Tables 5 and 6 present probing accuracy for
variants of models made available by their au-
thors. In the audio modality, larger models trained
or more diverse data, such as HuBERT-large or
SpeechTokenizer-snake, lead to higher probe accu-
racy. In the video modality, higher compression
(i.e. 8x16x16 vs 8x8x8) tends to decrease accu-
racy, continuous representations are better than dis-
crete representations (CV vs DV for Cosmos; kl
vs FSQ for VidTok), and more channels or larger
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Audio model Acc.
hubert-large-1160k 0.734
hubert-base-1s960 0.721
WavTokenizer_small_320_24k_4096 0.641
wavtokenizer_medium_speech_320_24k  0.633
WavTokenizer_small_600_24k_4096 0.628
wavtokenizer_large_speech_320_24k 0.623
SpeechTokenizer_snake 0.731
SpeechTokenizer_hubert_avg 0.712
mimi 0.695

Table 5: Accuracy of audio model variants. The se-
lected variant is denoted in bold. Details on variants are
provided in Appendix A.

codebooks are correlated with better accuracy. In-
terestingly, the Cosmos-1.0 variant (vs 0.1), trained
on more data with a larger context size is not able
to better capture backchannels in the linear probing
sense. It would be interesting to carefully assess
those parameters for a range of speech phenomena.

Video model Acc
Cosmos-1.0-Tokenizer-CV8x8x8 0.574
Cosmos-0.1-Tokenizer-CV8x8x8 0.574
Cosmos-0.1-Tokenizer-CV8x16x16  0.565
Cosmos-0.1-Tokenizer-CV4x8x8 0.543
Cosmos-0.1-Tokenizer-DV8x16x16  0.531
Cosmos-0.1-Tokenizer-DV8x8x8 0.522
Cosmos-1.0-Tokenizer-DV8x16x16  0.514
Cosmos-0.1-Tokenizer-DV4x8x8 0.514
vidtok_KkI_causal_488_16chn 0.626
vidtok_Kkl_causal_488_8chn 0.594
vidtok_fsq_causal_488_262144 0.559
vidtok_fsq_causal_488_32768 0.546
vidtok_Kkl_causal_488_4chn 0.529
vidtok_fsq_causal_41616_262144 0.500
vidtok_fsq_causal_488_4096 0.500
vidtok_kl_causal_41616_4chn 0.500
OpenSora-1.2 0.504

Table 6: Accuracy of video model variants. The se-
lected variant is denoted in bold. Details on variants are
provided in Appendix A.

4.2 Correlation with linguistic variables

To better understand model performance and to
identify which audio, visual, and lexical charac-
teristics were associated with prediction success,
we computed Pearson correlations between a set of
visual, lexical, and prosodic features (described in
Section 3.3) and a binary success variable (coded as
1 for correct predictions and O for incorrect ones).
Positive correlations indicate that a feature was
more likely to be present, or to take on higher
values, when the model made a correct predic-



tion. Negative correlations indicate that the feature
tended to occur more often, or with higher values,
when the model failed. Correlations were com-
puted separately for backchannels and non-event
predictions to examine whether different cues sup-
ported successful classification.

In Tables 7, 8, and 9, we report corre-
lations for the best performing model of
each modality:  hubert-large-1160k for au-
dio, vidtok_kl_causal 488 16chn for video,
and the combined SpeechTokenizer snake &

vidtok_kl_causal_488_16chn model for the

multimodal setting.
Features Backchannel Other

r P r P

Silence 0.015 =0.25 -0.267 <.001
Speech 0.346 <.001 0.281 <.001
Laugh -0.033 <0.05 0.037 <.005
Inter. 0.349 <.001 0.166 <.001
ouais 0.264 <.001 0.164 <.001
d’accord 0.015 =0.26 -0.025 =0.06
okay 0.350 <.001 0.165 <.001
hm 0.163 <.001 0.007 =0.59
oui 0.197 <.001 0.181 <.001
mean FO -0.127 <.001 0.283 <.001
sd FO -0.059 <.005 0.040 <.05
mean Loud. -0.174 <.001 0.367 <.001
sd Loud. -0.052 <.010 0210 <.001

Table 7: Pearson’s correlation coefficients and p-values
for the audio model, separated by backchannel and non-
event predictions, with correlations greater than 0.10
highlighted in bold.

Features Backchannel Other

r p r p
Nod 0.141 <.001 -0.154 <.001
Shake 0.021 =0.10 -0.084 <.001
Tilt 0.026 <.05 -0.076 <.001
Other -0.015 =026 -0.005 =0.72
Speech -0.016 =021 -0.227 <.001
Laugh 0.003 =0.81 -0.042 <.005

Table 8: Pearson’s correlation coefficients and p-values
for the video model, separated by backchannel and non-
event predictions, with correlations greater than 0.10
highlighted in bold.

The results indicate that distinct sets of features
contribute to successful backchannel and non-event
predictions. As shown in Table 7, speech activ-
ity shows strong positive correlations with predic-
tion success in both cases (r = 0.346, p < .001
for events; r = 0.281, p < .001 for non-events),
indicating that the presence of speech in general
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Features Backchannel Other

r P r P
Nod 0.056 <.001 -0.092 <.001
Shake 0.005 =0.69 0.037 <.005
Tilt 0.015 =0.25 -0.030 =0.02
Other -0.010 =043 0.029 =0.03
Silence 0.012 =0.36 -0.187 <.001
Speech 0.103 <.001 0172 <.001
Laugh -0.061 <.001 0.029 <.05
Inter. 0.106 <.001 0.093 <.001
ouais 0.068 <.001 0.092 <.001
d’accord 0.016 =0.22 -0.032 =0.02
okay 0.105 <.001 0.093 <.001
hm 0.057 <.001 -0.017 =0.19
oui 0.018 =0.158 0.110 <.001
mean FO -0.127 <.001 0.164 <.001
sd FO -0.059 <.005 0.012 =0.53
mean Loud. -0.174 <.001 0.242 =0.53
sd Loud. -0.052 =0.01 0.113 <.001

Table 9: Pearson’s correlation coefficients (r) and associ-
ated p-values (p) for the multimodal model, separated
by backchannel and non-event predictions, with correla-
tions greater than 0.10 highlighted in bold.

facilitates classification. However, interjections
provide a more specific lexical cue for backchan-
nel prediction, with robust correlations observed
for interjections overall (r = 0.349, p < .001) and
particularly for ouais and okay. By contrast, acous-
tic features (pitch and loudness) show divergent
patterns across conditions. For backchannel clas-
sification, higher values of pitch and loudness are
negatively correlated with success, suggesting that
increased prosodic prominence tends to mislead
the model. In contrast, non-event classification
benefits more strongly from acoustic cues. Higher
mean pitch (r = 0.283, p <.001), greater loudness
(r=0.367, p <.001), and larger loudness variability
(r=0.210, p < .001) are all positively associated
with successful classification. These findings are
consistent with the production characteristics of
the two categories: backchannel events are typi-
cally produced as short interjections with low pitch
and intensity, whereas non-events involve longer
and more complex speech, accompanied by greater
prosodic variability that the model can exploit to
distinguish them.

The video model exhibits generally weak correla-
tions with prediction success, reflecting its overall
low classification performance. For event prob-
ing, nodding is the only feature exceeding 0.10
(r = 0.141, p < .001; Table 8), consistent with
the fact that nods are frequently produced during
backchanneling. For non-events, speech activity is



negatively correlated with prediction success (r =
-0.227, p < .001), and head movements and laugh-
ter show weak or negative correlations. Overall,
the correlations suggests that the video model fails
to distinguish between brief speech produced by
listeners during backchannels and the longer, more
complex main speakers’ speech and gestures. Such
confusion likely contributes to the video model’s
low performance, as it is unable to capture these
fine-grained interactional differences.

The correlations observed in the multimodal
model (Table 9) generally reflect the same patterns
as the unimodal analyses: interjections are most
strongly associated with event prediction, whereas
acoustic features are positively correlated with non-
event prediction.

4.3 Representation projections
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Figure 3: t-SNE projection of event representations for
SpeechTokenizer (left) and VidTok (right), colored by
event type (top) and speaker (bottom).

From Table 3, there seem to be a performance
gap between the two modalities, up to 10 points
with the compared models. To tentatively explain
this gap, we plotted locality preserving 2D projec-
tions of the representations of the 12k events of the
dataset using t-SNE. Although this method leads
to projections with relatively limited utility, we can
observe in Figure 3 that SpeechTokenizer and Vid-
Tok representations have very different structure:
while the former corresponds to a dense cloud, the
later is very clustered. We looked at the t-SNE
plot for all models and observed an identical trend,
audio and video representations are dissimilar, ir-
respective of model structure, training losses or
data size. Figure 3 shows that while backchan-
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nels occupy a distinctive subspace in audio rep-
resentations, they are scattered among clusters in
video representations (top row). When coloring
data points with speaker identities, it appears that
video representations are dominated by identity
information, which might explain the lower perfor-
mance of the probes. It is the case even though
videos are shot in controlled conditions with con-
trolled lighting and uniform background, meaning
that those clusters are really related to participant
identity or behavior idiosyncrasies. An hypothe-
sis we have is that the absence of distillation from
"higher-level" HuBERT-like units is what sets apart
video tokenizers. It would be interesting to explore
how such component could affect the quality of
video tokenizers.

4.4 Limitations

The main limitation of our work is that we do
not have enough training data in order to separate
speakers in training and test. An order of magni-
tude larger dataset would be necessary to be able
to apply probes to novel participants. Another lim-
itation is that although the SMYLE dataset con-
tains speaker-specific recordings, the interlocutor is
slightly audible in some recordings, giving models
the opportunity to rely on that information to iden-
tify backchannel opportunities in their speech. Fi-
nally, resorting to off-the-shelf models, especially
when their training recipe is not well documented,
precludes definite conclusions on matters related
to training data. Further experiments are needed to
address those limitations.

5 Conclusion

This study assesses whether backchannels are nat-
urally captured by the self-supervised training of
audio and video tokenizers. We observe that the
accuracy of linear probes trained from their repre-
sentations is higher for audio than video models.
Analysis uncovers that video representations are
much more centered on speakers/participants than
audio representations.

In future work, we will explore whether LLMs
trained on top of those tokenizers can effectively
better extract backchannels from the representation
space that linear probes cannot untangle. We also
plan on training audio-visual tokenizers to better
model fine-grained behavior.
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A Model variants

We use author-provided variants for WavTokenizer,
SpeechTokenizer, Cosmos, VidTok:

o WavTokenizer*: small is trained on LibriTTS,
medium is trained on 10k hours of speech, au-
dio and music, and large is trained on 80k
hours of the same; 600 yields 40 units per
second while 320 yields 75 units per seconds.

« SpeechTokenizer’: hubert_avg is trained on
LibriSpeech and adopts average representa-
tion across all HUBERT layers as semantic

4https: //github.com/jishengpeng/WavTokenizer
Shttps://github.com/ZhangXInFD/SpeechTokenizer
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teacher, while snake LibriSpeech and Com-
mon Voice, with Snake activation, average
representation across all HuBERT layers.

+ Cosmos®: variants depend on the type of la-

tent representation (CV for continuous, DV for
discrete) and compression ¢ X x X y where ¢ is
temporal, and z X y is spatial resolution; @. 1
models are trained on instances of 17 frames
while 1.0-8x8x8 is trained on 49 frames and
1.0-8x16x16 is trained on 121 frames.

* VidTok’: variants are categorized accord-
ing to the training regularizer/quantizer (k1,
Kullback-Leibler for continuous latents, and
fsq, Finite Scalar Quantization for discrete
latents), the compression ratio (txy, temporal
and spatial, 41616 meaning 4x16x16), and the
size of the latent space (in channels for con-
tinuous latents and codebook size for discrete
latents).

®https://huggingface.co/nvidia/Cosmos-1.0-Tok
enizer-DV8x16x16

"https://github.com/microsoft/vidtok
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