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Abstract. Dimensional affect prediction from speech has traditionally relied on
acoustic features to estimate continuous affect representations (e.g., arousal, va-
lence) at each time step. However, affect evolves dynamically over time, and
incorporating temporal information may improve prediction accuracy. This study
investigates emotional dynamics in speech emotion recognition using multitask
learning, where a model jointly predicts both the affect state and its temporal
derivative. Experiments on the RECOLA and SEWA datasets show that incor-
porating dynamic information improves affect state prediction, particularly for
valence, known to be challenging to model from audio alone. While CCC scores
for affect dynamic predictions remain lower than those for affect state predic-
tions, results indicate that learning dynamics as an auxiliary task enhances affect
state estimation over time. These findings underscore the importance of mod-
elling emotional dynamics to capture the temporal evolution of affect.

Keywords: affective computing, dimensional affect, computational paralinguis-
tics

1 Introduction

In recent decades, a growing consensus in the literature has highlighted the importance
of viewing affect as an episode rather than as a static state [29, 39, 34, 19, 4]. More
specifically, this perspective emphasises the need to consider the dynamics of states
within an affective episode in order to fully understand it. A clear illustration of this
postulate is the difference between joy and relief: relief differs from joy in that a tran-
sient state of uncertainty precedes the fulfillment of a desired event [15]. In other words,
these two emotions cannot be properly distinguished without considering the temporal
dynamics of the episode. Applied to affect prediction, this principle necessitates cap-
turing affect representations continuously rather than as isolated points in time.

Traditional approaches in speech emotion recognition (SER) primarily focus on
mapping acoustic features to affect labels at each timestamp independently, overlook-
ing the temporal evolution of emotions. However, emotional states are inherently dy-
namic and context-dependent [30], influenced by preceding and ongoing interactions.
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Modelling affect dynamics in continuous speech is particularly challenging due to the
temporal dependencies between affect states. Several studies have explored Recurrent
Neural Networks (RNNs) and attention-based architectures to capture sequential depen-
dencies in emotion trajectories [20, 23, 22]. Yet, most models still optimise for static
predictions and fail to explicitly encode emotional changes over time, limiting their
ability to model emotional transitions, escalation, or decay.

To address this gap, we propose a multitask learning (MTL) approach that jointly
predicts affect and its temporal derivative, encouraging the model to learn both the
current emotional state and its temporal variation. By explicitly integrating emotional
dynamics, we hypothesise that MTL will enhance affect prediction, particularly for
valence, which is known to be difficult to infer from speech alone [37].

Our contributions are as follows: (i) We first introduce a multitask learning frame-
work for speech emotion recognition that simultaneously predicts dimensional affect
and its temporal evolution. (ii) We evaluate our approach on two benchmark datasets,
RECOLA [28] and SEWA [18], across three languages – French, German, and Hungar-
ian –, and analyse how dynamic information impacts valence and arousal predictions.
(iii) We demonstrate that explicitly modelling affect dynamics systematically improves
affect prediction, achieving state-of-the-art results using simple GRU models, despite
previous work employing more complex architectures. These findings highlight the im-
portance of capturing the temporal flow of emotions.

The remainder of the paper is structured as follows: Section 2 reviews related work
on continuous affect prediction and multitask learning. Section 3 presents our proposed
approach, followed by the experimental setup and results in Section 4. Section 5 dis-
cusses findings and limitations and concludes with future research directions.

2 Related Work

Predicting affect continuously over time remains a longstanding challenge in affec-
tive computing [40]. Traditional dimensional affect prediction models map either hand-
crafted or self-supervised acoustic features to valence and arousal scores at each time
step [1]. However, affect states tend to evolve gradually rather than change abruptly,
making temporal modelling crucial for improving prediction accuracy.

Among affect dimensions, valence – representing intrinsic pleasantness – remains
one of the most challenging to predict from speech alone [37]. Unlike arousal, which is
closely tied to acoustic energy and prosody, valence is often conveyed through semantic
and contextual cues. Prior research has shown that multimodal approaches, e.g., inte-
grating facial expressions and lexical content, improve valence prediction [27, 31], but
these approaches rely on data such as video that is not always available, for instance in
call centre settings.

To address these difficulties, several studies have leveraged sequential deep learn-
ing models such as Long Short-Term Memory (LSTM) networks [12] and Gated Re-
current Units (GRUs) [5] to capture long-range dependencies in affect signals. For
instance, an end-to-end deep learning approach using LSTMs has been proposed to
model speech-based emotional trajectories [33]. Similarly, convolutional-recurrent hy-
brid models have been explored for end-to-end SER [36]. More recently, self-attention-
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based transformers have been investigated for emotion sequence modelling [9, 32],
showing promising results in capturing contextual dependencies over time.

Multitask learning (MTL) has been widely adopted in affective computing to im-
prove emotion recognition by leveraging shared representations across related tasks.
Prior work has explored MTL for jointly predicting multiple emotion dimensions, such
as valence, arousal, and dominance [25]. Other studies have incorporated speaker iden-
tity, contextual information, or physiological signals as auxiliary tasks to improve gen-
eralisation [13].

A particularly relevant approach involves training models to predict both an affect
state and its temporal evolution. The AVEC 2019 State-of-Mind sub-challenge proposed
dynamic representations of affect to better capture emotional changes in personal story-
telling [27]. Similarly, emotional dynamics have been explicitly modelled in conversa-
tional settings using multitask frameworks that jointly classify emotion labels, emotion
shifts, and sentiment [38]. Other studies have leveraged context-aware networks to more
effectively capture the evolution of emotions in conversations [11, 35].

Despite recent advances, few studies explicitly integrate affect dynamics into time-
continuous emotion prediction. While fine-tuning pretrained transformer models on di-
mensional affect has been explored [37], these approaches often overlook its temporal
evolution. A notable prior approach to addressing this limitation is the use of neural
ordinary differential equations. Initially explored in related domains such as time-series
forecasting [14], this method was later applied to continuous emotion recognition by
reformulating the prediction task as an ordinary differential equation involving both
the emotion signal and its derivative, thereby implicitly modelling affect dynamics [7].
Building on this direction, our work introduces a multitask learning framework that
jointly predicts affect states and their temporal derivatives, enabling the model to explic-
itly learn how emotions evolve over time. We hypothesise that this approach improves
continuous affect state prediction, even in unimodal speech settings.

3 Methodology

This section details the preprocessing of affect annotations and training features, fol-
lowed by the architecture and objectives of our MTL framework. Figure 1 illustrates
the overall training methodology. We first obtain affect dynamics references by com-
puting the temporal derivatives of the Gold Standard affect annotations. The models are
then trained to jointly predict dimensional affect and its temporal evolution, leveraging
both handcrafted and self-supervised features.

3.1 Temporal Differentiation of Dimensional Affect

In order to model affect dynamics from the Gold Standard annotation, we approximate
the temporal derivative of each affect dimension E by computing its discrete-time dif-
ferential for each time step i:(

dE

dt

)
[i] ≈ E[i]− E[i− 1]

t[i]− t[i− 1]
(1)
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Fig. 1: The proposed MTL training methodology applied on a single affect dimension. Affect dy-
namics are derived by computing the temporal derivative of the Gold Standard affect annotations.
Models are then trained to jointly predict both continuous affect states and their dynamics.

3.2 Audio Features

Handcrafted Features Traditional speech-based affect recognition relies on hand-
crafted low-level descriptors (LLDs), including spectral, cepstral, and prosodic features
extracted over sliding windows. We use 40 Mel-Filter Bank (MFB) features, standard-
ised to zero mean and unit variance. Additionally, we extract MFCCs (1–13) with their
first and second-order derivatives. Following AVEC 2019 [27], mean and standard devi-
ation are computed over 4-second windows with a 100 ms hop size. To align with affect
annotations (4 Hz), all features are down-sampled via averaging over a sliding window,
with parameters set according to the down-sampling rate.

Self-Supervised Representation Learning from Speech Recent studies have demon-
strated that self-supervised speech models, such as Wav2Vec2 (W2V2) [3], provide
robust representations for affect recognition, outperforming traditional handcrafted fea-
tures [10, 37]. In our study, we extract W2V2 embeddings from the audio input as fea-
tures. For multilingual settings, we use language-specific pretrained models, if avail-
able, or multilingual XLSR models [6] otherwise. These models are used purely as
feature extractors, with no fine-tuning for speech emotion recognition. As with hand-
crafted features, extracted speech representations are down-sampled by averaging over
a sliding window to match the affect annotation rate (4 Hz).

3.3 Model Design

Our MTL model consists of a 2-layer GRU with a hidden size H , followed by an output
head that predicts both affect states and their temporal derivatives. Instead of using
N separate output heads (each of size 1), we opt for a single shared output head to
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encourage cross-task knowledge sharing; the output head is a single linear layer with a
tanh activation function, where the input size is H and the output size is N .

We implement two model configurations: (i) Mono-dimensional model: Handles a
single affect dimension (N = 2), predicting both affect and its dynamics. (ii) Multi-
dimensional model: Handles D affect dimensions predicting both affect states and their
derivatives within a single model (N = 2 × D). For the mono-dimensional models,
we experiment with hidden sizes H = {16, 32}. For the multi-dimensional models, we
also experiment with H = 64 to accommodate the increased number of tasks.

3.4 Loss Function and Metric

We optimise and evaluate our model using the Concordance Correlation Coefficient
(CCC) [21], which measures agreement between the prediction y and the gold standard
x:

ρccc =
2σxy

σ2
x + σ2

y + (µx − µy)2
(2)

where µx and µy are the means, σx and σy the variances, and σxy is the covariance.
The CCC loss is defined as:

Lccc = 1− ρccc (3)

We train an MTL model to jointly predict both affect states and their derivatives
(dynamic) using the CCC loss. To balance these tasks, we introduce a weight parameter
w ∈ [0, 1] defining the mono-dimensional loss Lmono as:

Lmono = (1− w)Lstate + wLdynamics (4)

where Lstate is the CCC loss computed between the model’s prediction Ê and the
gold standard affect state E, and Ldynamics is the CCC loss computed between the
predicted affect derivative dÊ

dt and the gold standard affect derivative dE
dt .

For multi-dimensional setups, the loss is averaged over D affect dimensions:

Lmulti =
1

D

D∑
d=1

Lmonod (5)

4 Experiments and Results

4.1 Datasets

We evaluate our approach on two well-established benchmark datasets for dimensional
affect prediction – RECOLA and SEWA –, which provide a controlled vs. in-the-wild
comparison for affect prediction across three languages: French, German, and Hungar-
ian.

The REmote COLlaborative and Affective interactions (RECOLA) dataset [28] is
a multimodal corpus of 3.8 hours of spontaneous, collaborative interactions in French,
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collected from 46 participants engaged in dyadic problem-solving tasks. Recorded in
a controlled, noise-free environment with a high-quality microphone setup, RECOLA
includes valence and arousal annotations, rated continuously over time by multiple an-
notators. We use the training, development, and test splits from [33].

The SEWA corpus [18] contains over 33 hours of audio-visual recordings from
398 participants engaged in spontaneous discussions about advertisements they had
watched, providing naturalistic affective expressions in a conversational setting. Unlike
RECOLA, SEWA was recorded in the wild, with speech captured in varied acoustic
environments using different recording devices, such as laptop and smartphone micro-
phones, making it more representative of real-world affective speech. The dataset spans
six cultural groups, each with approximately 66 participants, and includes valence,
arousal, and liking annotations, rated continuously over time, similarly to RECOLA.
We focus on the German (SEWA DE) and Hungarian (SEWA HU) subsets, following
the same training, development, and test partitioning as in AVEC 2019 [27].

4.2 Experimental Setup

For each dataset, we extract MFB, MFCC, and W2V2 features. For French, we use
W2V2 models pretrained on 2.9 k hours of French speech, available in two architec-
tures: base (768-dimensional vectors) and large (1024-dimensional vectors) [10]3. For
German4 and Hungarian5, we use XLSR models fine-tuned on the respective languages.

The aim of our experiment is to assess the impact of weight parameter w in the loss
function Lmono as defined in Equation 4, on the model’s ability to predict the affect state
and its dynamic for arousal and valence. For each model configuration (cf. section 3.3)
and for each feature set (cf. section 3.2), we train models using values of w within the
range [0, 1] in increments of 0.1: Setting w = 0 corresponds to training solely on an
affect state, while w = 1 trains exclusively on its dynamics. Increasing w gradually
shifts the model’s focus toward optimising affect dynamics prediction.

All training uses a unit batch size with the Adam optimiser [17] and a learning
rate of 6e-4. Training runs for a maximum of 250 epochs, with early stopping after 30
epochs of no improvement on the development set. These values were selected through
hyper-parameter tuning with w = 0.5.

4.3 Experimental Results

Table 1 reports the CCC scores for predicting affect (left) and its dynamics (right) on the
test set, using the value of w that yielded the best performance on the development set.
Results are provided for both mono-dimensional and multi-dimensional setups, across
all features and corpora, and are compared to models trained exclusively on affect states
(w = 0). Paired permutation tests with 1000 permutations between the best model and

3 https://huggingface.co/LeBenchmark
4 https://huggingface.co/facebook/wav2vec2-large-xlsr-53-german
5 https://huggingface.co/jonatasgrosman/wav2vec2-large-xlsr-53-
hungarian
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(a) RECOLA (FR) - arousal (b) RECOLA (FR) - valence

(c) SEWA DE - arousal (d) SEWA DE - valence

(e) SEWA HU - arousal (f) SEWA HU - valence

Fig. 2: Evolution of the CCC score, averaged over multi-dimensional models with W2V2 features,
as a function of weight w for predicting arousal and valence on the development and test partitions
of the RECOLA (FR), SEWA DE, and SEWA HU corpora, with error bars indicating the 95%
confidence interval. Scores for w = 1 are not reported for visibility purposes as the values are
close to zero.

the model trained solely on affect states are performed to further evaluate the signifi-
cance of the improvement achieved by the new approach. A p-value less than .05 in-
dicates significance and is marked with an asterisk (*) next to the corresponding CCC.
Figure 2 illustrates the evolution of average CCC scores for multi-dimensional models
with W2V2 features, on both the development and test sets, as a function of w.

In most cases, the best performance on the development set is achieved when affect
dynamics are included (w ̸= 0), particularly for valence. However, determining the
optimal value of w remains challenging, as different corpora, languages, and affect
dimensions exhibit varying sensitivity to this parameter. On RECOLA (FR), training
models to predict both affect states and their dynamics consistently improves valence
prediction. In contrast, the benefits are less evident for arousal, as well as for SEWA DE
and SEWA HU. These trends are also reflected in the evolution of average CCC scores
shown in Figure 2. Additionally, it is important to note that the value of w yielding the
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Table 1: CCC scores for predicting arousal and valence, as well as their dynamics, using different
acoustic features (MFCC, MFB, W2V2) on the test sets of RECOLA (FR), SEWA DE, and SEWA
HU. Left: predictions evaluated against affect states; right: against their temporal derivatives.
Rows labeled w = 0 show models trained only on affect states; rows labeled best w indicate
optimal weights based on development set. Best results per affect dimension are in bold. For
affect state predictions, significant improvements over w = 0 (p < .05) are marked with *.

Affect State Affect Dynamics

Mono-dimensional Multi-dimensional Mono-dimensional Multi-dimensional

MFCC MFB W2V2 MFCC MFB W2V2 MFCC MFB W2V2 MFCC MFB W2V2

RECOLA (FR)

Arousal CCC best w .799 .799 .795 .784 .799 .791 .470 .615 .629 .471 .620 .616
CCC w = 0 .760 .799 .807 .768 .799 .787 .061 .350 .004 .053 .168 .124
best w 0.8 0.1 0.9 0.5 0.0 0.6 1.0 1.0 1.0 1.0 0.7 0.8

Valence CCC best w .471 .485 .577* .492 .428 .578* .260 .450 .559 .289 .426 .562
CCC w = 0 .416 .440 .427 .446 .395 .426 .000 .071 .002 -.002 .058 .044
best w 0.4 0.9 0.5 0.4 0.3 0.6 0.4 0.9 1.0 0.8 0.7 0.8

SEWA DE

Arousal CCC best w .292 .341 .377 .218 .285 .440 .070 .145 .262 .046 .131 .267
CCC w = 0 .165 .354 .406 .336 .285 .401 -.004 -.004 .000 .001 .019 .012
best w 0.6 0.2 0.9 0.8 0.0 0.9 0.8 0.8 0.3 0.8 0.8 1.0

Valence CCC best w .190 .304 .561 .261 .271 .574 .081 .119 .352 .0.095 .165 .387
CCC w = 0 .190 .396 .548 .388 .271 .549 .001 -.002 .000 .001 .049 .001
best w 0.0 0.5 0.8 0.8 0.0 0.3 0.8 0.5 1.0 0.8 0.8 1.0

SEWA HU

Arousal CCC best w .197 .241 .386 .092 .028 .441* .048 .122 .170 .023 .137 .177
CCC w = 0 .126 .241 .379 .092 .121 .375 -.011 .001 -.004 .001 -.009 -.002
best w 0.8 0.0 0.5 0.8 0.8 0.7 0.8 0.8 0.8 0.7 0.8 0.8

Valence CCC best w .152 .192 .345 -.126 .081 .394 .038 .050 .121 .045 .081 .137
CCC w = 0 .031 .145 .332 .026 .107 .386 .007 .004 .004 .000 .006 .003
best w 0.4 0.7 0.1 0.7 0.4 0.8 0.8 0.2 0.8 0.6 0.3 0.8

best performance on the development set does not always generalise optimally to the
test set. This helps explain cases where the best development performance is achieved
with w ̸= 0, yet the CCC on the test set remains lower than that of the model trained
solely on affect states.

Comparing mono-dimensional and multi-dimensional models, we observe that the
best performance in predicting affect states (highlighted in bold in Table 1) is mostly
achieved when jointly training on arousal, valence, and their dynamics. This suggests
that the four tasks handled by the multi-dimensional model are correlated, facilitating
knowledge sharing between tasks in the hidden representations, which benefits valence
prediction—known to be challenging to model from speech alone. This effect is par-
ticularly noticeable for valence prediction on the RECOLA (FR) dataset, and is less
evident on SEWA DE and SEWA HU, where the benefits of multi-dimensional models
are primarily observed when trained on W2V2 features.

The observations above demonstrate that feature choice plays a crucial role. Hand-
crafted features (MFCC, MFB) appear to provide less informative representations as the
number of tasks—that is, the complexity of the prediction—increases, resulting in little
to no improvement over traditional methods or the mono-dimensional approach when



Beyond Static Emotions 9

jointly training on multiple dimensions. These findings highlight the advantages of self-
supervised pretrained models in SER. Although not fine-tuned for this task, W2V2 em-
beddings consistently outperform handcrafted features, especially in multi-dimensional
models.

As seen on the right side of Table 1, CCC scores for affect dynamics prediction
remain lower than those for affect state prediction, even in the best cases, which mostly
occur when w is closer to 1.0, i.e., when training is more biased toward affect dynam-
ics. Moreover, training exclusively on affect states (w = 0.0) leads to poor CCC scores
when tested on affect dynamics, and vice versa. Interestingly, this contrasts with find-
ings from AVEC 2019 [27], where models trained on dynamics performed better when
tested on affect states in a non-time-continuous setting.

Finally, we compare our approach—specifically the models using W2V2 features
and multi-dimensional architectures—with state-of-the-art results reported in Table 2.
It is important to note that some RECOLA results were obtained using the 18-subject
version (9 for training, 9 for validation) [26, 7], whereas our models are trained and
evaluated on the full 46-subject set, reducing the risk of overfitting while still achieving
state-of-the-art performance. We also note that our method significantly improves CCC
scores for valence prediction across all three datasets compared to previous works.

Table 2: CCC of proposed (W2V2 + multi-dimensional model) and state-of-the-art methods.
Dataset Method, Features + Model Arousal Valence

RECOLA (FR)

Praveen et al. 2022 [26], DFT + CNN .822 .463
Dang et al. 2024 [7], BoAW-MFCC + CD-NODE .782 .506
Parcollet et al. 2024 [24], W2V2 + GRU .664 .466
Ours, W2V2 + MTL-GRU (best w) .791 .578

SEWA DE
Ringeval et al. 2019 [27], BoAW-eGeMAPS + LSTM .276 .325
Ringeval et al. 2019 [27], MFCC + LSTM .296 .288
Ours, W2V2 + MTL-GRU (best w) .440 .574

SEWA HU
Ringeval et al. 2019 [27], BoAW-eGeMAPS + LSTM .250 .151
Ringeval et al. 2019 [27], MFCC + LSTM .159 -.019
Ours, W2V2 + MTL-GRU (best w) .441 .394

5 Discussion and Conclusion

Our study demonstrates that modelling emotion dynamics through multitask learning
generally enhances the prediction of continuous dimensional emotions, particularly
when combined with self-supervised pretrained speech representations. However, the
optimal value of w on the development set does not always generalise well to the test
set, highlighting the challenge of selecting this parameter. Moreover, the benefits of in-
corporating emotion dynamics are less pronounced for arousal, as well as for more
complex in-the-wild datasets such as SEWA DE and SEWA HU. Noise introduced
by the derivative operation makes training more challenging, particularly for the less
controlled SEWA dataset, which may explain the limited improvement observed when
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incorporating affect dynamics—unlike the more controlled RECOLA dataset. Future
work should explore signal smoothing techniques to mitigate the negative impact of
noisy affect dynamics, such as temporal averaging or convolutional layers with a sinc
kernel acting as a low-pass filter with a trainable cut-off frequency [16, 2].

The multi-dimensional setup further improves performance by leveraging correla-
tions between arousal, valence, and their respective dynamics, especially with W2V2
features. Our results confirm that pretrained self-supervised models consistently outper-
form handcrafted features, demonstrating their effectiveness even without fine-tuning
for emotion recognition. Combined with our MTL framework, a simple GRU achieves
state-of-the-art results on RECOLA and SEWA, despite past works using more power-
ful models such as Bi-LSTMs with access to future contexts. These findings highlight
the potential of emotion dynamics modelling, multitask learning, and self-supervised
pretrained models in advancing dimensional affect recognition from speech.

Despite these advancements, the choice of w remains both language- and affect-
dependent, making it a crucial factor in model performance. Future work should ex-
plore adaptive strategies for dynamically tuning w and further investigate fine-tuning
of W2V2 for SER. Moreover, it would be of interest to explore speech encoders that
leverage semantic information, such as SONAR [8], as acoustic descriptors.
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