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Figure 1: Visualising the proposed Privileged Contrastive Pretraining (PriCon) framework. The top figure illustrates the 
traditional end-to-end training of an affect model based on a set multimodal signals. The middle figure illustrates a LUPI 
paradigm for affect modelling, by which the student model learns affect labels from modalities available in the wild (e.g., 
visual frames in this example) while the teacher model uses additional multimodal signals available in the lab (e.g., audio and 
physiological signals in this example) during training. The bottom figure visualises the high-level concept of PriCon that trains 
a teacher model via SCL prior to transferring knowledge to the student via LUPI. 

Abstract 
Affective Computing (AC) has made significant progress with the 
advent of deep learning, yet a persistent challenge remains: the 
reliable transfer of affective models from controlled laboratory set-
tings (in-vitro) to uncontrolled real-world environments (in-vivo). 
To address this challenge we introduce the Privileged Contrastive 
Pretraining (PriCon) framework according to which models are first 
pretrained via supervised contrastive learning (SCL) and then act 
as teacher models within a Learning Using Privileged Information 
(LUPI) framework. PriCon both leverages privileged information 
during training and enhances the robustness of derived affect mod-
els via SCL. Experiments conducted on two benchmark affective 
corpora, RECOLA and AGAIN, demonstrate that models trained 
using PriCon consistently outperform LUPI and end to end models. 
Remarkably, in many cases, PriCon models achieve performance 
comparable to models trained with access to all modalities during 
both training and testing. The findings underscore the potential of 
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PriCon as a paradigm towards further bridging the gap between 
in-vitro and in-vivo affective modelling, offering a scalable and 
practical solution for real-world applications. 
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1 Introduction 
Affective Computing (AC) has made significant leaps forward in 
recent years due to advances in deep learning [2, 9, 17, 35–37], 
which directly enhanced the predictive capacity of affect models. A 
major AC challenge remains, however: transferring models trained 
in controlled (in-vitro) environments to real-world (in-vivo) settings. 
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Although laboratory conditions enable precise data collection, real-
world scenarios introduce noise, privacy concerns, and hardware 
constraints, widening the in-vitro to in-vivo gap. 

As a response to the above challenges this paper introduces a 
unified framework that combines the advantages of Supervised Con-
trastive Learning (SCL) and the Learning Using Privileged Informa-
tion (LUPI) paradigm [38, 40]. The introduced Privileged Contrastive 
Pretraining (PriCon) framework both exploits additional modali-
ties during training as privileged information for the model and 
improves the generalisability of derived affect models deployed in 
in-vivo scenarios (see Figure 1). While LUPI allows PriCon to lever-
age richer data during training than what is available at test time, 
SCL enhances the quality of learned representations by encourag-
ing class-wise separation in the feature space. We integrate these 
two components within PriCon to address two key hypotheses. 
First, LUPI can enhance affect detection under real-world (in-vivo) 
conditions, producing performances comparable to in-vitro models 
(H1). Second, PriCon further enhances the effectiveness of in-vivo 
LUPI models (H2). Both hypotheses are evaluated on the RECOLA 
[29] and AGAIN [21] datasets, across different affective dimensions 
and modalities. 

For testing H1, we incorporate fine-grained image features and 
fused data (i.e., image frames and features) as privileged informa-
tion during in-vitro training, while using only frames for in-vivo 
testing. This approach reflects real-world limitations, where addi-
tional modalities (e.g., physiological signals) are impractical due 
to privacy and hardware constraints. For testing H2, PriCon is 
applied to in-vitro models, refining their representations and im-
proving their transferability to in-vivo settings. Our results show 
that privileged information significantly enhances model perfor-
mance (validating H1), while training privileged models via PriCon 
further improves in-vivo performance (validating H2). Notably, Pri-
Con trained models achieve performances comparable to those 
obtained from models trained on all modalities. 

This paper makes several key contributions towards advancing 
affect modelling in real-world settings. First, we evaluate the LUPI 
paradigm for affect modelling in games and dyadic interactions, 
demonstrating its potential in dynamic environments. Second, we 
introduce the PriCon framework that boosts the robustness and 
transferability of in-vitro LUPI models via SCL. Third, we validate 
the approach introduced on both RECOLA and AGAIN datasets, 
showing its robustness across affective dimensions (arousal and 
valence) and tasks (games vs. dyadic interactions). These findings 
underscore the benefits of privileged contrastive pretraining in creat-
ing more generalisable affective models for real-world applications. 

2 Related Work 
This section reviews related work on the two key learning paradigms 
featured in PriCon. Specifically, we survey learning using privileged 
information and contrastive learning under the lens of affect mod-
elling. 

2.1 LUPI for Affect Modelling 
While both distillation and LUPI involve a teacher-student frame-
work, they serve different purposes. Traditional knowledge distil-
lation focuses on compressing knowledge by training a student 

model to mimic the outputs of a more complex teacher model. 
For instance, Sun et al. [33] proposed a novel technique for micro-
expression detection that distils knowledge from a pre-trained deep 
teacher neural network to a shallow student neural network via a 
teacher-student correlative framework enabling the student to cap-
ture fine-grained details necessary for accurate micro-expression 
recognition. Similarly, Liu et al. [12] developed a cross-modal con-
sistency modelling-based knowledge distillation framework for 
image-text sentiment classification of social media data. By align-
ing the information between images and text, the student model can 
effectively capture the sentiment expressed in multimodal social 
media posts. 

Several affective computing problems have asymmetric train 
and test input distributions. This discrepancy means that the train-
ing phase might have access to richer or more diverse data than 
what is available during testing. Hence, it is not surprising that the 
LUPI paradigm has started to become popular for AC research. LUPI 
addresses this asymmetry by allowing the use of additional informa-
tion during training that is not available during testing. Makantasis 
et al. [16] introduced a ranking model that treats additional training 
information as privileged information to rank affect states. This 
approach leverages richer data available during training, such as 
audio or contextual information, to improve the ranking model’s ac-
curacy in predicting affective states. In another study [18], the same 
authors predicted arousal from gameplay footage while treating 
telemetry and heart rate as privileged information. Using detailed 
physiological and telemetry data during training, the model could 
better capture the nuances of player arousal based solely on game-
play footage during testing. Zhang et al. [46] proposed a LUPI 
method to distil EEG representations via capsule-based architec-
tures for both classification (positive, negarive, neutral emotion) 
and regression (vigilance) tasks. The capsule-based architectures 
captured spatial hierarchies in the data, making the distilled knowl-
edge more effective for the student model. 

This work extends LUPI-based affect modelling by applying it 
to affect classification, a previously unexplored area. Unlike prior 
studies that focus on ranking affect states or knowledge distilla-
tion for efficiency, our approach leverages multimodal privileged 
information to improve the discriminative power of the unimodal 
student model, enabling more accurate classification of affective 
states. Additionally, we enhance model robustness by pretaining 
the teacher models via SCL, improving generalisation. 

2.2 Contrastive Learning for Affect Modelling 
Contrastive learning techniques are among the most widely applied 
methods for learning representation. Notably, Li et al. [10] investi-
gated the impact of unsupervised representation learning for speech 
emotion recognition. Their study demonstrated that the proposed 
contrastive predictive coding method based on InfoNCE produced 
representations that achieved state-of-the-art performance across 
the activation, valence, and dominance dimensions. 

Building on these advances, Mai et al. [15] introduced a novel 
hybrid contrastive learning framework. This framework integrates 
intra-modal, inter-modal, and semi-contrastive learning to enable 
the model to explore cross-modal interactions and preserve inter-
class relationships, thereby reducing the modality gap. Their ap-
proach demonstrated significant improvements in capturing the 
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complex relationships between different modalities, such as audio 
and visual data, in emotion recognition tasks. Pinitas et al. [24] 
employed supervised contrastive learning on fine-grained multi-
modal features to develop robust arousal-infused representations. 
Their work underscored the importance of incorporating supervised 
learning signals to enhance the quality of representations, leading 
to higher arousal classification accuracy than the end-to-end alter-
natives. Yang et al. [43] proposed an innovative low-dimensional su-
pervised cluster-level contrastive learning method. This approach 
reduces the high-dimensional SCL space to a more manageable 
three-dimensional affect representation. By efficiently compressing 
the feature space, their method facilitates more effective and compu-
tationally efficient emotion recognition while maintaining high per-
formance. Recently, Pinitas et al. [25] introduced a novel few-shot 
representation learning framework that fine-tuned self-supervised 
models for engagement state prediction across FPS games outper-
forming end-to-end baselines. 

Unlike the aforementioned works that focus on unsupervised, 
hybrid, or cluster-level contrastive learning for affect modelling, this 
paper integrates supervised contrastive learning within the LUPI 
paradigm with the aim to improve in-vitro to in-vivo generalisation. 
Additionally, the focus on affect classification in games and dyadic 
interactions, rather than general emotion recognition, sets this 
study apart by tackling dynamic and interactive environments 
where real-time adaptability is crucial and very much needed. 

3 Methodology 
This section first describes the use of privileged information and 
supervised contrastive learning in a concise way and then moves 
on to outline the model architectures employed. 

3.1 Learning Using Privileged Information 
Learning using privileged information [38, 40] addresses problems 
characterised by an asymmetric distribution of information between 
training and test time. LUPI provides the means to transfer knowl-
edge from all available modalities to a machine learning model that 
makes predictions using only a subset of these modalities [13, 31]. 
As far as the RECOLA database is concerned, we treat as privileged 
the information that corresponds to physiology and ausiovisual 
features provided by the database creators [29]. For AGAIN, we 
consider fine-grained gameplay features as privileged information 
[21]. Our choice is justified by the fact that capturing physiology 
requires specialised sensors, while constructing physiology and 
audiovisual features implies the employment of specific software 
algorithms. In the same vein, information about the state of the 
game (e.g., number and actions of enemies) requires access to the 
game engine itself. On the contrary, information that comes from 
raw footage frames is considered prevalent information as it can be 
captured using conventional cameras that can be available at both 
training and test times. 

This study explores the use of privileged information with neu-
ral network-based affect models. Following [6, 13, 39], we repre-
sent privileged knowledge—i.e., information available only during 
training, such as physiological signals or high-resolution feature 
embeddings—within the output of a neural network that has been 
trained to make predictions based on either all available modalities 

(privileged + standard) or on privileged information alone. This 
model is called teacher. A trained teacher model can transfer knowl-
edge obtained through privileged information to another model 
called student. The transfer of knowledge can be achieved by feed-
ing the model with only those modalities of information that are 
available in the wild and forcing it during training to balance (via 
hyperparameter 𝛼 ) between learning the task (cross-entropy loss 
𝐿𝐶𝐸 ) and learning prediction distributions that match those of the 
teacher model (KL divergence loss 𝐿𝐾𝐿): 

𝐿𝑃 = (1 − 𝛼 )𝐿𝐶𝐸 (𝑓 (𝑥 ), 𝑦) + 𝛼 𝐿𝐾𝐿 (𝑔 ( ̃𝑥), 𝑓 (𝑥 )) (1) 

The resulting optimisation objective 𝐿𝑝 is shown in Eq. (1). Where 
𝑓 (𝑥 ) and 𝑔 (𝑥) are the outputs of the student and teacher models, 
respectively, while ˜ 𝑥 refers to the privileged modalities. It should 
be noted that after training, the student model makes predictions 
based only on the information that is available in the wild, without 
any dependence on the teacher model or privileged information. 

3.2 Privileged Contrastive Pretraining 
A central component of the PriCon framework is the pretraining 
of teacher models using SCL, which lays the foundation for effec-
tive privileged supervision. By leveraging class label information, 
SCL guides the formation of semantically meaningful sample pairs, 
resulting in highly discriminative representations. This results in 
an embedding space where similar instances are clustered together, 
and dissimilar ones are pushed apart, enhancing the model’s capac-
ity to generalise. 

In the PriCon framework, this teacher pretraining stage is not 
merely auxiliary but is instrumental in learning rich, class-consistent 
representation structure. Specifically, for each input 𝑥𝑖 (referred to 
as the anchor), SCL constructs a set of positives 𝑃𝑖 , which includes 
all other instances in the batch sharing the same class label, and con-
trasts them against negatives—instances from different classes. This 
structured approach enhances the teacher’s ability to model fine-
grained intra-class similarities and inter-class separability, which is 
later transferred to the student model through the LUPI paradigm. 

Compared to traditional supervised learning, which typically op-
timises for loss minimisation without explicitly shaping the latent 
space, SCL provides a more expressive training signal. By encour-
aging consistent semantic alignment in the representation space, 
it equips the teacher with a more nuanced understanding of class 
distributions—an essential property for the downstream knowledge 
transfer in PriCon. Formally, the supervised contrastive loss 𝐿𝑆𝐶 is 
defined as: 

𝐿𝑆𝐶 = 
∑︁ 

𝑖 ∈𝐼 

−1 
|𝑃𝑖 | 

∑︁ 

𝑝 ∈𝑃𝑖 
log 

exp(𝑟𝑖 · 𝑟𝑝 /𝜏 ) 
𝑎∈𝐴𝑖 

exp(𝑟𝑖 · 𝑟𝑎/𝜏 ) 
(2) 

where 𝐼 is a set that includes all samples and 𝑃𝑖 is the set that 
includes only the samples that are assigned to the same class as 
𝑖 . 𝐴𝑖 is a set that contains any element of set 𝐼 besides element 𝑖 . 
With 𝑟𝑖 , 𝑟𝑝 and 𝑟𝑎 we denote the latent representations of the model 
for the samples 𝑖 , 𝑝 and 𝑎, respectively. Finally, 𝜏 stands for a non-
negative temperature hyperparameter that controls the sharpness 
of the similarity distribution. It should be noted that 𝑖 , 𝑝 and 𝑎 
correspond to the index of the current sample, a sample positive 
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Figure 2: Illustration of the affect models. ‘C’ and ‘D’ denote 
convolutional and dense layers, respectively. The student 
model (light blue) and privileged teacher (dark blue) are fused 
in the fusion teacher via the gray module. 

to the current sample, and a sample different from the current one, 
respectively. 

This formulation ensures that representations of samples from 
the same class are tightly clustered by maximising 𝑟𝑖 · 𝑟𝑝 , while 
dissimilar samples are discouraged from occupying nearby regions 
in the latent space via the denominator term. In the context of 
PriCon, SCL serves as a powerful mechanism to encode privileged 
information into the teacher model, thus laying a strong represen-
tational foundation for effective student training in the subsequent 
knowledge transfer phase. 

3.3 Model Architectures 
In this section, we first present the main components used in LUPI, 
namely student and teacher models. Then, we present the baseline 
architectures that we compare against our method for assessing 
the effectiveness of the obtained models. Both student and teacher 
architectures are illustrated in Figure 2. 

3.3.1 Student Model. The student neural network 𝑆 is a predictive 
model that learns to estimate the target outcomes by utilising the 
information from frames. During the training phase, the student 
model leverages knowledge distilled from a teacher model 𝑇 , which 
has access to an additional set of modalities (i.e., privileged informa-
tion). This privileged information, available only during training, 
enhances the learning process by providing auxiliary guidance. The 
goal of the student model is to effectively generalise to new, un-
seen data, where privileged information is not available, using only 
the primary feature set. In this work 𝑆 is a Convolutional Neural 
Network (CNN) comprising five convolutional layers of 6, 8, 12, 
16 and 20 filters, respectively, followed by a dense layer. The first 
four convolutional layers are configured with a stride parameter of 
2, while the fifth convolutional layer uses a stride of 1. Each con-
volutional layer has a kernel size of dimensions 3x3 and employs 
the ReLU activation function. Finally, a dense layer with 768 neu-
rons, also activated using ReLU, is applied to produce the encoded 
frame representation. The output of this layer is fed to the decision 
layer, which is a simple 2-neuron dense SoftMax-activated layer. A 
dropout of 0.1 is applied before the last layer. 

3.3.2 Teacher Models. The teacher, 𝑇 , is a predictive model that is 
trained with access to both the primary feature set (i.e., prevalent 
information) and an additional set of privileged information. The 
teacher model is typically designed to achieve high performance 
by leveraging this richer information. Once trained, the teacher 
model’s knowledge is distilled and transferred to the student model 

(a) RECOLA 

(b) Platformer Games (AGAIN) 

Figure 3: Sample frames from the datasets. (a) RECOLA: 
dyadic interactions. (b) AGAIN: three platformer games: End-
less, Pirates!, and Run’N’Gun! (from left to right). 

𝑆 , guiding it to improve its predictions based on the primary feature 
set alone. The teacher model plays a crucial role in the LUPI frame-
work by acting as a source of enhanced supervision during training. 
In this paper, we consider two teacher architectures. Privileged 
Teacher: The privileged teacher 𝑇𝑝 considers only feature (privi-
leged) information. Consequently, it is a simple ANN consisting of 
two layers. The first layer has 30 neurons employing the logistic 
activation function. The output of this layer is fed to the decision 
layer which is a simple 2-neuron dense SoftMax-activated layer. 
Once again a dropout of 0.1 is applied before the last layer. Fu-
sion Teacher: The fusion teacher 𝑇𝑓 has access to both privileged 
and prevalent information (i.e., features and frames). In particular, 
it fuses the penultimate layers of the frame and feature models 
described above. To account for the difference in dimensionality, 
an additional ReLu-activated layer of 30 neurons is added to the 
frame encoder to match the dimensions of the feature encoder. In 
this case the feature encoder is a single 30-neuron layer activated 
by ReLU. The last layer of the fusion encoder is a linear layer of 
60 neurons activated by ReLU. The purpose of this last layer is to 
fuse information from both frames and features in order to yield 
the final representation. The output of the fusion layer is fed to a 
2-neuron dense layer which is activated by SoftMax. A dropout of 
0.1 is applied before the output layer. 

3.3.3 Baselines. There are two baseline architectures employed in 
this paper corresponding to student models that do not consider 
privileged information at all. The first architecture, used for compar-
ison with the conventional LUPI framework, performs end-to-end 
affect classification from frames, bypassing the representation learn-
ing process. The second baseline, used for comparison with the 
PriCon framework, first trains the latent dimension of the student 
model via SCL and then probes the frozen learned embeddings with 
a SoftMax activated layer as the one used in all models of this work. 

4 Datasets 
This section presents the datasets and preprocessing steps used to 
evaluate the performance of the proposed approach and test our 
hypotheses. 
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4.1 RECOLA Database 
The RECOLA dataset (Figure 3a) contains 9.5 hours of synchronised 
multimodal data from 46 French-speaking participants, including 
audio, visual, and physiological signals (electrocardiogram and elec-
trodermal activity). It features annotations for arousal and valence 
provided by six experts (third-person annotation). The dataset in-
cludes raw footage (frames) along with fine-grained feature sets: 40 
visual features (e.g., facial action units, head pose, optical flow), 130 
audio features (e.g., voice intensity, pitch, mel-frequency spectral 
coefficients), and 116 physiological features extracted from cardiac 
and electrodermal activity. Raw data is also available for further 
processing. Of the 46 participants, 34 consented to data sharing, 23 
of which are included in the public release. 

4.1.1 Processing RECOLA. As mentioned earlier, the RECOLA data-
base offers annotation traces for both arousal and valence. The same 
preprocessing approach is followed for both affective dimensions. 
Specifically, we segment each participant’s session (features and 
frames) into overlapping time windows using a sliding step of 
400 ms and window lengths of 1, 2, and 3 s. These hyperparame-
ters—the sliding step and window length—influence the size of the 
dataset and the temporal granularity of information contained in 
each window. Since the features and annotations are already syn-
chronised, there is no need to account for the reaction time between 
the stimulus and the emotional response. After segmentation, each 
time window contains a sequence of feature vectors and a sequence 
of frames. To reduce computational complexity, we compute the 
average value for each feature within the window, representing 
the time window with a single feature vector. This ensures that the 
dimensionality of the feature vector is independent of the window 
length. For frame sequences, we retain 5 greyscale frames with 
dimensions 224 × 224 per second. For example, the input for a 3 s 
time window consists of a single feature vector (via averaging) and 
a frame tensor with dimensions 15 × 224 × 224. 

When it comes to affect annotation, we use the median anno-
tation values per time window in order to derive a single trace 
segment—one per affect dimension—that mitigates inter-annotator 
disagreement [4]. The median affect trances are then averaged 
across time windows resulting in two scalar values per time win-
dow (𝑔𝑎 for arousal and 𝑔𝑣 for valence). To produce the correspond-
ing class labels we binarise the corresponding affect values. In 
RECOLA, the binarisation criterion is determined by the median 
ground truth value of the entire set of affect annotation traces (𝑔𝑠 ) 
and a threshold 𝜖 . Specifically, a time window 𝑖 is labelled as “high" 
if 𝑔𝑠𝑖 > 𝑔𝑠 + 𝜖 and as “low" if 𝑔𝑠𝑖 < 𝑔𝑠 − 𝜖 . The median is used for 
RECOLA because each video stimulus has been annotated by the 
same six expert annotators, making the median a robust measure 
of central tendency. For RECOLA, 𝜖 is set to 0.1, ensuring a precise 
exclusion of ambiguous annotations. 

4.2 AGAIN Dataset: Platformer Games 
For the experiments reported in this paper, we focus on the three 
games of the platformer genre featured in the AGAIN dataset (Fig-
ure 3b) as they offer sufficiently diverse gameplay properties with-
out in need of excessive computation for experimental validation. 
The three games examined include Endless, an infinite runner 
where players must avoid obstacles while automatically moving 

ever rightward, Pirates!, a jumping platformer similar to Super 
Mario Bros (Nintendo, 1985), and Run’N’Gun!, a more complex 
game which requires players to move while aiming and shooting at 
enemies. All games have arcade-style controls of varying complex-
ity, with Run’N’Gun! being the most complex of the three. Each 
game assigns a score to the player depending on their in-game 
performance. For the purpose of controlling the data collection 
process, we limit gameplay duration for all games to two minutes. 
The AGAIN-Platformers dataset consists of 120 participants that 
played and annotated their own gameplay in terms of arousal. Apart 
from raw gameplay footage the creators of AGAIN have also pro-
vided a high-level feature set for each game. The general feature 
set includes 14 features that describe player actions, environmental 
elements, and game events. Moreover, the dataset includes a set 
of game-specific extracted features for each game (33 for Endless!, 
39 for Pirates! and 47 for Run’N’Gun!). The game-specific features 
correspond to player status (e.g., player health), gameplay events 
(e.g., bot aims at player), bot status and the proximal and general 
game context (e.g., bot-player distance and pickups visible). 

4.2.1 Processing AGAIN. Each game in the AGAIN dataset pro-
vides self-reported arousal annotations, which are used in this work 
with a consistent preprocessing approach applied separately to each 
of the three games. Similarly to RECOLA, we segment each partici-
pant’s session into overlapping time windows using a sliding step 
of 500 ms and window lengths of 1, 2, and 3 s. Unlike the RECOLA 
dataset, synchronisation is required for AGAIN. To account for 
the reaction time between stimulus and emotional response, the 
arousal annotations are shifted backward by 1 s [22, 23]. Further-
more, the trace of each participant is normalised within [0, 1] due 
to the unbounded nature of the annotations in this dataset. 

After preprocessing, each time window contains a sequence of 
feature vectors and a sequence of frames. To reduce computational 
load, we compute the average value of each feature within the win-
dow, resulting in a single feature vector that represents the entire 
window. For frame sequences, we retain 5 greyscale frames with 
dimensions 224 × 224 per second. In the case of arousal annotation, 
there is no need to mitigate the disagreement between annotators 
since each participant provides a single trace per game per session 
(i.e., self-reporting annotations). For each session, we compute the 
arousal score 𝑔𝑎 as the mean value of this trace, yielding a scalar 
arousal score per session. This preprocessing pipeline is repeated 
independently for each of the three games in the dataset. For the 
AGAIN dataset, the binarisation criterion is based on the mean 
value of the annotation traces (𝑔𝑠 ) for each session, as it allows us 
to anchor binarisation relative to each participant’s own reporting 
baseline, rather than applying a fixed global threshold that may not 
generalise across participants or game contexts [19, 28]. For AGAIN, 
𝜖 is set to 0.2, accommodating the variability in self-reported an-
notations. These thresholds were empirically validated to ensure a 
balanced exclusion of ambiguous annotations while maintaining 
sufficient data [17]. 

5 Results 
This section presents the framework for evaluating the impact of 
contrastive teacher pretraining for privileged information on affect 
modelling and the experimental results obtained. 
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5.1 Evaluation Framework 
As mentioned earlier, we treat affect as a classification task. Hence, 
our models attempt to predict high and low affect (arousal or va-
lence) states. We adopt a 5-fold cross-validation scheme to evaluate 
the models’ performance across all experiments reported in the 
paper. When splitting a dataset, we make sure that data from the 
same participant is either in the training or the test set, not both. 
Before any train-test split we hold out 10% of the participants ran-
domly as our validation set. This set is used for stopping training 
early so as to avoid model overfitting; i.e., training stops after 5 
epochs without loss improvement on the validation set. The train-
ing, validation and test sets are the same for all models reported. 
We report models’ performance in terms of binary classification 
accuracy, since after class splitting, the datasets are balanced. A key 
component of the LUPI training objective is the hyperparameter 
𝛼 , which controls the teacher’s influence. We perform an exhaus-
tive search over candidate values 𝛼 ∈ {0.25, 0.5, 0.75, 1.0} using the 
validation set and adopt the value that yields the best performance 
for subsequent experiments. All reported results are statistically 
validated via pairwise t-tests (𝑝 < 0.05). 

In this work, student models make predictions using solely in-
formation that is available in the wild; in our experiments that is 
the raw footage frames. The student models trained via LUPI are 
denoted as 𝑆𝑝 and 𝑆 𝑓 and have access to privileged information 
through the Privileged Teacher and the Fusion Teacher, respectively. 
We compare the student’s performance against the performance 
achieved by the Fusion Teacher (𝑇𝑓 ) that uses all modalities (i.e., fea-
tures & frames) for training and testing, and the Privileged Teacher 
(𝑇𝑝 ) that makes predictions using only privileged information. 𝐸 
refers to models that do not utilise privileged information during 
training. In Tables 1 and 2 the LUPI columns refer to the conven-
tional approach where the teachers have been trained in an end-to-
end fashion in this case 𝐸 is also trained in the same manner. The 
PC column refers to LUPI with teachers that have been pretrained 
via SCL (proposed PriCon framework). The accuracy of the 𝑇𝑝 , 𝑇𝑓 
and 𝐸 models in the PC setting is obtained by applying a linear 
probe on top of the learned representations. 

5.2 The Importance of Privileged Information 
To test H1—which posits that LUPI can enhance affect detection un-
der real-world (in-vivo) conditions, producing performances compa-
rable to in-vitro models—we evaluate and compare the performance 
of baseline, teacher, and student models within the LUPI framework. 
Table 1 reports the average 5-fold validation accuracy for high–low 
arousal and valence classification tasks on the RECOLA dataset. 
The results are analysed across three different time windows (1s, 2s, 
3s). The models evaluated include baseline models, teacher models 
(Fusion and Privileged Teachers), and student models trained via 
the LUPI framework (see LUPI column). 

Baseline models (𝐸 ) consistently achieve low accuracy scores 
across all six experimental settings, indicating that models rely-
ing solely on raw frame data are unable to achieve competitive 
performance. This highlights the limitations of training models 
without incorporating privileged information or additional learn-
ing signals. The teacher models—namely the Fusion Teacher (𝑇𝑓 ) 
and the Privileged Teacher (𝑇𝑝 )—yield significantly higher accuracy 

Table 1: RECOLA: Average accuracy prediction for arousal 
and valence. 𝐸 corresponds to baseline models. 𝑆𝑝 and 𝑆 𝑓 
correspond to student models that have been trained under 
the privileged (𝑇𝑝 ) and fusion (𝑇𝑓 ) teacher, respectively. LUPI 
and PC denote, respectively, vanilla learning via privileged 
information and our introduced PriCon framework. Bold 
values correspond to the student model with the highest 
accuracy and underlined values correspond to models whose 
performance is statistically on par (𝑝 ≥ 0.05) with that model. 

Arousal 1 second 2 seconds 3 seconds 
Model LUPI PC LUPI PC LUPI PC 
𝐸 59.41 60.60 55.73 57.86 58.22 60.85 
𝑆𝑝 63.61 65.27 60.68 60.64 60.96 63.07 
𝑆 𝑓 60.75 63.74 61.20 62.31 61.62 62.31 
𝑇𝑝 69.24 71.41 71.59 73.58 73.11 75.45 
𝑇𝑓 63.04 64.60 66.73 68.86 66.22 69.49 

Valence 1 second 2 seconds 3 seconds 
Model LUPI PC LUPI PC LUPI PC 
𝐸 60.84 60.19 60.60 60.40 62.36 61.34 
𝑆𝑝 59.94 62.26 60.07 59.82 64.90 62.42 
𝑆 𝑓 61.66 61.58 60.78 60.09 62.51 59.61 
𝑇𝑝 60.95 62.10 56.51 59.48 65.15 62.80 
𝑇𝑓 62.74 62.38 61.26 61.99 64.74 64.21 

Table 2: AGAIN: Average accuracy prediction for arousal 
across three platformer games of the dataset. Bold values cor-
respond to the student model with the highest accuracy and 
underlined values correspond to models whose performance 
is statistically on par (𝑝 ≥ 0.05) with that model. 

Endless 1 second 2 seconds 3 seconds 
Model LUPI PC LUPI PC LUPI PC 
𝐸 65.96 67.83 63.14 65.84 65.52 65.54 
𝑆𝑝 66.71 67.95 67.08 68.21 66.36 69.51 
𝑆 𝑓 66.17 67.26 66.07 67.50 66.27 69.29 
𝑇𝑝 71.57 72.65 73.25 74.34 72.77 81.33 
𝑇𝑓 71.16 72.83 73.14 74.66 72.06 78.95 

Pirates! 1 second 2 seconds 3 seconds 
Model LUPI PC LUPI PC LUPI PC 
𝐸 67.63 67.03 66.22 65.49 66.54 66.57 
𝑆𝑝 66.79 66.89 66.03 67.06 66.42 66.86 
𝑆 𝑓 66.60 67.12 66.89 67.25 66.01 67.39 
𝑇𝑝 65.36 67.46 65.50 67.05 65.66 66.72 
𝑇𝑓 65.66 67.16 65.62 67.75 65.65 66.46 

Run’N’Gun! 1 second 2 seconds 3 seconds 
Model LUPI PC LUPI PC LUPI PC 
𝐸 67.40 70.21 68.11 69.95 68.07 68.77 
𝑆𝑝 70.40 71.32 70.43 71.41 69.73 71.11 
𝑆 𝑓 70.66 71.21 69.80 72.05 68.96 70.43 
𝑇𝑝 73.05 74.66 74.15 75.14 73.25 73.68 
𝑇𝑓 71.40 73.43 72.11 73.95 73.07 73.88 
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values for arousal compared to the baseline models. 𝑇𝑝 teachers, 
which consider only privileged features, consistently achieve the 
highest accuracy, establishing the upper bound for arousal classifi-
cation. On the other hand, 𝑇𝑓 teachers—trained on both privileged 
information and frames—achieve competitive results but typically 
perform worse than 𝑇𝑝 . 

LUPI-trained student models (𝑆𝑝 , 𝑆 𝑓 ) demonstrate substantial im-
provements over baseline models. Specifically, 𝑆 𝑓 , which is trained 
under the supervision of the Fusion Teacher, performs on par with 
or even outperforms 𝑆𝑝 , which is guided by the Privileged Teacher. 
This finding suggests that the inclusion of frames in the 𝑇𝑓 teacher 
can allow for better information transfer during the LUPI training 
process. 

While significant improvements are observed for arousal clas-
sification, valence classification results remain relatively stable 
across models, training strategies, and time window lengths. This 
can be attributed to the inherent challenges of valence prediction, 
which relies on subtle and ambiguous cues that are less dynamic 
and harder to capture than arousal. Valence-related expressions 
often appear visually similar across emotional contexts, making it 
difficult for models using raw frames to learn discriminative fea-
tures [1, 20]. Additionally, while privileged information provides 
strong supervisory signals for arousal, it may not capture sufficient 
valence-specific information, leading to weaker guidance from the 
𝑇𝑝 and 𝑇𝑓 teachers. This suggests that valence recognition might 
require additional contextual information, such as semantics or 
interaction dynamics [32, 42]. 

Table 2 presents the arousal classification results for the AGAIN 
dataset, which includes three platformer games: Run’N’Gun!, Pi-
rates!, and Endless. Each game is evaluated for time windows of 
1s, 2s, and 3s. In Run’N’Gun!, 𝑇𝑝 achieves the highest performance, 
establishing an upper bound. Among the LUPI-trained student mod-
els, 𝑆𝑝 performs on par with or slightly better 𝑆 𝑓 , and both improve 
upon the baseline models (𝐸 ). 

For Pirates!, performance remains relatively stable across all 
time windows, with limited improvements as the temporal context 
increases. This stability suggests that arousal cues are less dynamic 
and harder to capture in this game due to subtler changes in play. 
In this case, both teachers perform on par; the same holds for 𝑆 𝑓 
and 𝑆𝑝 among the student models. It is worth noting that here, 
teacher models perform on par with student models that do not 
use privileged information. Consequently, there is no information 
gain to be exploited by the LUPI framework. Finally, in Endless, 
the end-to-end teachers perform on par. Among the LUPI-trained 
students, 𝑆 𝑓 and 𝑆𝑝 also perform similarly across all time windows, 
consistently improving over the baseline models 𝐸 . 

The obtained results collectively across two different datasets 
and 3 different affective dimensions validate H1, confirming that 
the LUPI framework can enhance affect detection under real-world 
(in-vivo) conditions. LUPI-trained student models consistently out-
perform baseline models and, in several cases, closely approxi-
mate the performance of their privileged teacher counterparts. This 
demonstrates the potential of privileged supervision to guide the 
learning of compact, frame-only student models that generalise 
well in realistic settings where privileged modalities are unavailable 
at test time. 

5.3 Privileged Contrastive Pretraining 
To evaluate H2, we investigate the impact of PriCon—a frame-
work that integrates SCL within LUPI—on the performance of both 
teacher and student models. The central question is whether teacher 
pretraining via SCL leads to more effective student learning and 
ultimately enhances binary affect classification. To evaluate this, we 
focus on the results reported in the ‘PC’ columns of Tables 1 and 2, 
which isolate the influence of PriCon on model performance across 
different datasets, affective states, and time window configurations. 

For the RECOLA dataset (Table 1), PriCon significantly improves 
model performance across the board. SCL-pretrained teacher mod-
els, 𝑇𝑓 and 𝑇𝑝 , (PC column) not only match but often outperform 
their end-to-end LUPI counterparts. This indicates that contrastive 
pretraining enables the learning of more discriminative and gener-
alisable affect representations, which are beneficial regardless of 
whether the teacher is trained on fused or privileged data. Impor-
tantly, these benefits are transferred downstream: student models 
𝑆𝑝 and 𝑆 𝑓 consistently outperform the end-to-end baseline 𝐸, and 
in multiple cases even match or exceed the performance of SCL-
pretrained 𝐸 . These results validate the effectiveness of the PriCon 
framework, allowing student models to benefit from the increased 
performace of the SCL pretrained teachers. Valence classification 
results, however, remain relatively stable. While PriCon provides 
modest gains, the improvements are less substantial due to the sub-
tle and ambiguous nature of valence cues in visual data, as discussed 
in Section 5.2. 

In the AGAIN dataset (Table 2), PriCon continues to show strong 
and consistent gains for student models. In Run’N’Gun!, both 𝑆𝑝 
and 𝑆 𝑓 outperform not only the baseline 𝐸 but also their end-to-
end LUPI versions, reinforcing the utility of combining contrastive 
objectives (for teacher pretraining) with the conventional LUPI par-
adigm. This demonstrates PriCon’s capacity to bridge the modality 
gap during student training and produce better generalising models. 
In Pirates!, although the overall gains are smaller, PriCon yields 
noticeable improvements in 2-second time windows. Here, 𝑆𝑝 and 
𝑆 𝑓 significantly outperform 𝐸, even when teacher performance re-
mains similar. In Endless, PriCon teachers train students (see PC 
column) that achieve higher accuracy than both their end-to-end 
counterparts (LUPI column) and the baseline models 𝐸 . Notably, the 
performance gap is most pronounced for the 2s and 3s windows, 
suggesting that temporal context plays a role in enhancing the 
benefits of SCL teacher pretraining. 

In summary, obtained results validate H2, demonstrating the ef-
fectiveness of the PriCon framework. By integrating SCL for teacher 
pretraining and LUPI for privileged information distillation, PriCon 
enables the development of robust affective models with improve 
generalisation across tasks (affect dimensions), input modalities, 
and temporal resolutions. 

6 Discussion 
The findings presented in this paper underscore the significant 
potential of privileged contrastive pretraining for affect modelling. 
By focusing on binary classification (high vs. low affective state) 
our introduced method demonstrated improved robustness and 
performance across both RECOLA and AGAIN datasets. However, 
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several methodological limitations and considerations must be ac-
knowledged. Although arousal classification benefits substantially 
from PriCon, valence results show only marginal gains, indicating 
that valence remains a harder target for generalisation. Thus fu-
ture work should explore the integration of user context [34] and 
MAMBA [11] architectures within the PriCon framework to further 
improve valence prediction. 

The study employed an exhaustive search protocol to fine tune 
the 𝛼 hyperparameter, which controls the influence of the teacher 
in LUPI. While this approach ensured optimal performance for the 
chosen datasets, it may not generalise well to other datasets or 
applications. The fixed hyperparameter tuning approach assumes 
a universal solution, potentially missing dataset-specific variations. 
Tuning was done for 1-second time windows, assuming the opti-
mal 𝛼 value is consistent across all windows. While more efficient 
methods like Bayesian optimisation could improve tuning, their 
computational demands were deemed impractical for this study. Fu-
ture work could explore adaptive optimisation techniques such as 
gradient-based hyperparameter learning [3, 14] for better efficiency 
and performance across datasets. 

Beyond hyperparameter tuning, the manual selection of privi-
leged features represents another limitation of this study. While the 
selected features were thoughtfully aligned with domain knowl-
edge and task-specific objectives, the ad-hoc approach followed 
may have overlooked complex, latent structures within the datasets 
that automated methods could exploit. Attention mechanisms and 
feature-ranking algorithms [5, 45] could help identify and prioritise 
the most relevant features, revealing patterns missed by manual 
selection. However, implementing these methods would require ad-
ditional resources, potentially diverting attention from the study’s 
main goal of evaluating the proposed framework. While manual 
selection ensured interpretability, future work could explore auto-
mated techniques to enhance scalability and effectiveness. 

While the binary classification paradigm is widely used to show-
case the robustness of AC frameworks [7, 8, 26, 30] , a natural exten-
sion would be to explore the potential of PriCon in semi-supervised 
and self-supervised learning paradigms. Such extensions could un-
lock the ability to learn powerful general-purpose representations 
that are better suited for diverse affect modelling tasks, especially 
in scenarios with limited labelled data. These paradigms would 
be particularly beneficial for scaling affective computing systems 
in real-world applications where data labelling is often costly and 
time-consuming. 

Another promising direction involves extending PriCon to rank-
ing paradigms, which are essential for ordinal affect modelling 
tasks [16, 44]. The incorporation of PriCon into these paradigms 
could enable models to better exploit privileged information for 
inferring subtle affective gradients, thereby improving their ability 
to model subjective human experiences. Furthermore, combining 
PriCon with few-shot learning strategies [27, 41] could facilitate 
robust affect modelling in low-data regimes, a common challenge 
in real-world scenarios. However, these extensions would require 
significant methodological adaptations. These adaptations—while 
outside the scope of the current study—represent exciting opportu-
nities for advancing the field and addressing more complex affective 
computing challenges in future research. Finally, regarding eval-
uation, this study reports binary classification accuracy since the 

datasets are balanced. Nonetheless, future work could explore alter-
native metrics—such as F1 score, AUC, or mean absolute error—that 
may offer complementary insights, particularly in the presence of 
class imbalance or in regression-based affect modelling. 

7 Conclusions 
In this paper, we introduced a methodology for affect modelling 
in real-world scenarios by leveraging privileged information and 
teacher pre-training via SCL. Our central hypothesis posits that 
privileged information can facilitate the reliable transfer of affect 
models from controlled environments, where abundant high-quality 
data is available, to real-world settings. We evaluated this hypothe-
sis in the RECOLA and AGAIN datasets, which include both raw 
visual data and high-level handcrafted features. We considered all 
handcrafted features as privileged information that is accessible 
solely during model training, while also considering raw visual data 
such as video frames as available during both training and testing. 
As part of the PriCon framework, we pretrain teacher models via 
SCL and subsequently transfer their knowledge to student models, 
which operate without privileged information during testing. This 
approach assumes that teachers with a higher predictive power can 
produce more robust student models. 

Our findings for arousal and valence prediction highlight the 
combined advantages of leveraging privileged information and 
contrastive pretraining. Affect models trained via the PriCon frame-
work not only match but often exceed the performance of their 
teacher models, while operating solely on frame-based features at 
test time. Remarkably, in many cases, PriCon models achieve perfor-
mance comparable to models trained with access to all modalities 
during both training and testing. The proposed methodology has 
broad applicability to affective computing tasks involving multi-
modal data. It is especially valuable in scenarios where access to 
certain modalities is limited or unavailable, offering a scalable and 
effective approach to emotion recognition in the wild. The findings 
underscore the potential of PriCon as a paradigm towards further 
bridging the gap between in-vitro and in-vivo affective modelling, 
offering a scalable and practical solution for real-world applications. 
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