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Abstract

Compound Expression Recognition (CER), a subfield of af-
fective computing, aims to detect complex emotional states
formed by combinations of basic emotions. In this work,
we present a novel zero-shot multimodal approach for CER
that combines six heterogeneous modalities into a single
pipeline: static and dynamic facial expressions, scene and
label matching, scene context, audio, and text. Unlike
previous approaches relying on task-specific training data,
our approach uses zero-shot components, including Con-
trastive Language-Image Pretraining (CLIP)-based label
matching and Qwen-VL for semantic scene understand-
ing. We further introduce a Multi-Head Probability Fu-
sion (MHPF) module that dynamically weights modality-
specific predictions, followed by basic-to-compound emo-
tion conversion that uses Pair-wise Probability Aggregation
(PPA) or Pair-wise Feature Similarity Aggregation (PFSA)
methods to produce interpretable compound emotion out-
puts. Evaluated under multi-corpus training, the proposed
approach achieves macro-F1 scores of 46.95% on AffWild2,
49.02% on Acted Facial Expressions in The Wild (AFEW),
and 34.85% on C-EXPR-DB via zero-shot testing, com-
parable to supervised approaches trained on target data.
Thus, our approach effectively captures Compound Expres-
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sions (CE) without domain adaptation. The source code is
publicly available at https://github.com/SMIL~-
SPCRAS/ICCVI_25.

1. Introduction

Compound Expression Recognition (CER), a subfield of af-
fective computing, represents an emerging challenge in in-
telligent human-computer interaction and multimodal inter-
face design. Unlike traditional emotion recognition sys-
tems that focus on discrete, basic emotional states — such
as Fear, Happiness, Sadness, Anger, Surprise, and Disgust
— CER aims at detecting complex, compound emotional ex-
pressions that naturally occur in human behavior. These
Compound Expressions (CE), including combinations such
as Happily Surprised, Angrily Surprised, or Sadly Fearful,
reflect more realistic and nuanced affective states that occur
in everyday interactions.

Although the need to develop approaches for CER has
long been recognized, significant interest has emerged in
this area since the 6th Affective Behavior Analysis in-the-
Wild (ABAW) Competition in 2024 [6, 11, 15, 16]. A wide
range of approaches have been proposed, differing in ex-
perimental setups. Some researchers have emphasized task-
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specific fine-tuning [20, 21], while others have focused on
zero-shot learning [26, 30]. The former works have demon-
strated high accuracy; however, they are limited to a single
target task. In contrast, the latter works have achieved lower
accuracy, but address multiple tasks simultaneously, recog-
nizing both basic emotions and CEs.

In this research, we introduce a novel multimodal zero-
shot approach specifically designed for CER. It integrates
six different modalities — static and dynamic facial expres-
sions, scene and label matching, scene context, audio sig-
nals, and textual descriptions, and probability-level fusion
— into a unified system. The main contribution of our ap-
proach is a specially selected prompt for an off-shelf Large
Visual Language Model (LVLM) describing the scene and
human behavior. We also propose a Multi-Head Probabil-
ity Fusion (MHPF) model that adaptively balances contri-
butions from individual modality-specific classifiers. Fi-
nally, we present two methods for basic-to-compound emo-
tion conversion, namely Pair-wise Probability Aggrega-
tion (PPA) and Pair-wise Feature Similarity Aggregation
(PFSA).

In general, our main contributions are as follows:

* We introduce a novel approach based on six modalities
for CER.

* We present an efficient MHPF model for dynamically
weighting the importance of modalities.

* We propose a novel PFSA method for basic-to-compound
emotion conversion.

2. Related Work

We compare our approach with the State-of-the-Art (SOTA)
approaches presented in the 6th, 7th, 8th and 9th ABAW
Competitions [16, 17, 19]. Several CER approaches have
been developed for this task, including our own [28], pro-
posed by the RAS team, the winners of the 9th ABAW chal-
lenge.

Savchenko [29, 30] focused on lightweight EmotiNet
models to recognize basic facial emotions. The CEs labels
were obtained by aggregating the predictions of basic emo-
tions and applying temporal smoothing using block-based
and Gaussian filters. In contrast, Richet et al. [26] relied on
the text modality and proposed an approach that converted
visual and audio signals into textual descriptions. These
descriptions, as well as the extracted text transcriptions,
served as prompts for Large Language Models (LLMs).

Yu et al. [35] and Wang et al. [33] proposed visual ap-
proaches based on static models trained specifically for
CER. For model training, both approaches used Real-world
Affective Faces Database (RAF-DB) annotated with CEs.
In contrast, Wang et al. [33] employed a LVLM using the
pre-trained Claude3' model to generate additional annota-

Uhttps://www.anthropic.com/claude
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tions for test samples in the C-EXPR-DB [7, 18, 19, 36]. Lu
et al. [22] also introduced a LVLM approach for CER us-
ing a two-stage LoRA adaptation of Qwen-VL. In the first
stage, basic emotion representations were learned; in the
second stage, CE features were refined using prompt engi-
neering to focus on relevant facial regions and emotional
concepts.

Liu, X. et al. [21], Liu, C. et al. [20] and Qiu et al.
[24] proposed visual approaches for CER. Liu, X. et al. [21]
combined ResNet50, Vision Transformer (ViT), and Facial
Action Units (FAU) features with transformer-based tem-
poral modeling and Fully Connected Layers (FCLs) fusion,
while Liu, C. et al. [20] introduced a curriculum learning ap-
proach based on CutMix and Mixup augmentation methods
of CE samples and a Masked Autoencoder for progressive
CE training. Qiu et al. [24] collected their own corpus with
data annotated for CE and developed an audio-visual en-
semble approach based on convolutional features from both
spectrograms and facial regions. These features were con-
catenated and processed using transformer layers, while the
final predictions of CEs were obtained by majority voting.

The SOTA approaches focus mainly on the visual modal-
ity, LLM and LVLM. Using LVLM, we comprehensively
analyze the performance of individual models and multi-
modal models for CER.

3. Methodology

The pipeline of the approach proposed is presented in Fig-
ure 1. Initially, the video files are divided into 4-second seg-
ments with a 2-second overlap, as previous studies show.
This window is sufficient to extract multimodal emotional
patterns. Our approach combines six different modalities,
which are detailed in the following.

3.1. Face Models

For each segment, the frame rate is downsampled to 20
frames per 4-second window, ensuring uniform temporal
resolution and reducing computational complexity. Facial
detection is performed using a two-stage method: an initial
YOLO v112 model, pre-trained on WIDER FACE, and fine-
tuned for real-world conditions, detects faces under chal-
lenging conditions, while a secondary refinement step based
on MediaPipe FaceMesh [23] validates face geometry and
filters out false-positive regions.

Two models extract static facial features. EmoAffect-
Net [27], a ResNet-50-based model fine-tuned on Affect-
Net, classifies six basic emotions (anger, disgust, fear, hap-
piness, sadness, surprise) and neutral states. A Contrastive
Language-Image Pretraining (CLIP) [25] model, based on
ViT-B/32 with 12 layers and 12 attention heads, is designed

Zhttps://github.com/akanametov/yolo-face
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Figure 1. Pipeline of the proposed multimodal CER approach. MHPF refers to Multi-Head Probability Fusion.

for cross-modal matching between images and text. It ex-
tracts both textual and visual features simultaneously.

Temporal modeling is carried out using the Mamba [2]
and Transformer [32] models. The Mamba uses a selec-
tive state-space mechanism that efficiently models long se-
quences with linear complexity. The Transformer captures
global dependencies using self-attention, but at a higher
computational cost.

3.2. Scene and Label Matching Model

We use CLIP to generate bimodal features for video frames
and eight emotion labels. We compute the cosine similarity
between frame and label features to quantify their match-
ing and then apply softmax normalization for probability
predictions. By matching visual and textual features, the
model supports zero-shot emotion classification and can be
extended to other multimodal tasks.
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3.3. Scene Models

To include contextual semantics, a modality based on tex-
tual scene descriptions is introduced. For each 4-second
video segment, a textual description is generated using the
Qwen-VL 2.5 32B LVLM?, which processes visual data and
produces unlimited natural language output. We experi-
mented with several prompts; however, the most effective
one encouraged a free-form emotional interpretation of non-
verbal behavior and the surrounding environment, focusing
on facial expressions, gestures, and posture.

The generated descriptions, aligned with the CE la-
bels via corpus annotations, are encoded using three
transformer-based models: CLIP [25], Emotion English
DistilRoBERTa Base (RoBERTa)*, and Jina Embeddings
V3 (Jina) [31]. A linear classification head was added to
each encoder.

3https://huggingface.co/Qwen/Qwen-VL-Chat-Int4
“https://huggingface.co/j-hartmann/emotion-english-distilroberta-
base/



3.4. Audio Models

The audio is extracted from each video segment and pro-
cessed using Silero® Voice Activity Detection (VAD). Only
segments with speech are used for training to avoid the in-
fluence of non-speech segments. We propose three models
for speech emotion recognition.

The first model employs a pre-trained WavLM model [1]
as a feature extractor, fine-tuning only the upper encoder
and projection layers. To capture local temporal depen-
dencies in audio, a Residual Bidirectional Long Short-Term
Memory (BiLSTM) Block is used. Attention Pooling then
aggregates the temporal information into a fixed-size fea-
ture vector. Finally, a classification head with several FCLs
predicts eight emotion labels.

Unlike the first model, which produces deterministic re-
sults, the second provides a distribution-based prediction
with explicit confidence estimation. This model is based
on the WavLM model [1] and consists of a Temporal Rela-
tion block that applies multi-head attention and aggregates
temporal information with an average pooling. These fea-
tures are concatenated, processed through FCLs and passed
to the Emotion Uncertainty head, which predicts class-wise
means and log-variances.

3.5. Text Models

For text analysis, transcriptions are extracted from 4-second
audio segments using the Parakeet Token-and-Duration
Transducer 0.6B V2 (Parakeet) model®. The original at-
tention mechanism is replaced with a local attention block
using a 128 x 128 relative position window to improve com-
putational efficiency on longer samples at the cost of tran-
scription accuracy.

Several transformer-based models are used to extract tex-
tual features: CLIP [25], RoBERTa and Jina [31]. Due to
the short length of most segments, only the first 1024 tokens
of Jina features are used. For other models, the maximum
supported token length is used. The resulting features are
then aggregated and passed through the final classification
head, predicting eight emotion labels.

3.6. Modality Fusion

We consider the modality fusion at the probability-level
only. To combine modalities, we propose the MHPF model.
This model uses H independent attention heads to assign
adaptive, class-specific weights to each of the M input
probability distributions p1,...,pm € RC, where C is the
number of emotion classes. Each head h learns a weight
matrix W), € RM*C which is normalized using a softmax
operation across the input dimension and used to calculate

Shttps://github.com/snakersd/silero-vad
Shttps://huggingface.co/nvidia/parakeet-tdt-0.6b-v2
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a weighted sum of the input probabilities:

M
op = Z softmax(W},, dim = 0)[m] © pm,

m=1

where © denotes element-wise multiplication. These head
outputs are then linearly combined using learned scalar
weights a € R, normalized via softmax:

H

y= Z softmax(a)y, - oy,
h=1

The resulting prediction y € R represents a flexible and
interpretable fusion of class-wise probabilities, where each
head captures a distinct weighting strategy. This promotes
robust aggregation across varying modalities and distribu-
tions.

3.7. Basic-to-Compound Emotion Conversion

In order to convert the original eight emotion labels to a set
of seven CEs, we propose two methods: PPA and PFSA.

The PPA method is based on summarizing the predicted
probabilities of the corresponding basic emotions to esti-
mate the probabilities of CEs, assuming that CEs can be
represented as additive combinations of their corresponding
basic emotions.

The PFSA method is based on cosine similarity in the la-
tent space of the model. Emotion-specific features are com-
puted from the validation subsets by averaging feature vec-
tors of correctly classified samples in each basic emotion.
Let Sj, denote the set of feature vectors correctly classified
as basic emotion k, then the prototype vector py is com-
puted as:

1 f;
il

|k
These prototypes serve as class centroids for basic emo-
tions. The CE prototypes are then constructed by averaging
the features of their corresponding basic emotions, followed
Pi

by the L2 normalization:
> (o)
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Each feature vector f from the test subset of C-EXPR-DB is
compared to all CE prototypes using cosine similarity. The
resulting scores sy are passed through a temperature-scaled
softmax to calculate the final CEs probabilities §j:
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This strategy produces a smooth probability distribution
over compound emotions with temperature 7' controlling
the confidence-sharpness trade-off.



To produce stable and consistent frame-wise CER,
segment-level predictions are duplicated across the corre-
sponding frames. Overlapping predictions are averaged per
frame to maintain temporal coherence in the final CER.

4. Experiments

During training of all video-based models, hyperparameters
were varied, including hidden state dimensions {128, 256,
512}, classification feature vectors {128, 256, 512}, num-
ber of layers {1 — 4}, Mamba-specific parameters {d_state:
4 — 16; kernel_size: 1 — 7}, Transformer-specific parame-
ters {num_heads: 2 — 16}. The model was trained for 100
epochs with a fixed batch size of 64 and a dropout rate of
0.15. The Adam optimizer with a learning rate of le — 5
was used. Early stopping was applied with a patience of
25 epochs if validation performance plateaued, promoting
stable convergence.

Scene-based models were trained for 75 epochs with a
batch size of 16 for RoBERTa and 48 for both Jina and
CLIP. The maximum token lengths were fixed at 192 for
RoBERTa and Jina, and 77 for CLIP. All models were op-
timized using Adam with a learning rate of le — 5. Early
stopping was applied with a patience of 10 epochs.

Audio-based models were trained for 75 epochs using
the AdamW optimizer with a learning rate of le — 5 and
a CosineAnnealingLR scheduler. The batch size was 32.
Early stopping was applied with a patience of 10 epochs.
The first model was trained using the Focal loss [34], while
the last model was trained using Negative Log-Likelihood
(NLL) loss with additional Kullback-Leibler divergence
regularization and log-variance penalization.

Text-based models were trained for 100 epochs with
batch sizes of 16, 32, and 64 for Jina, ROBERTa, and CLIP,
respectively, with the final 4, 3, and 2 layers unfrozen.
Training was carried out using Adam with a learning rate
of 1e — 4. Early stopping was applied with a patience of 30
epochs.

4.1. Research Corpora

In our study, we firstly trained our models for emotion
recognition using two corpora: Acted Facial Expressions
in The Wild (AFEW) [3] and AffWild2 [8-10, 12, 13]. The
AFEW dataset contains audio-visual data annotated for six
basic emotions and a neutral state, while AffWild2 includes
an additional 8th class labeled “other”.

Both corpora have a pre-defined training (773 videos or
855 4-second segments for AFEW and 248 videos or 15158
4-second segments for AffWild2 [4, 5]) and validation (383
videos or 411 4-second segments for AFEW and 70 videos
or 6450 4-second segments for AffWild2 [4, 6, 14]) subsets.
Although both corpora capture facial expressions in natural
settings, AFEW specifically includes acted emotional ex-
pressions. Both corpora are relatively close in domain to
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Figure 2. Heatmap visualization of cosine similarity between basic
emotions and CEs. Ne, An, Di, Fe, Ha, Sa, Su, Ot refer to Neutral,
Anger, Disgust, Fear, Happiness, Sadness, Surprise, and Other
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Figure 3. Heatmaps visualization of attention weights for MHPF
with one (top) and three heads (bottom).

the target corpus for CER, named C-EXPR-DB [6], which
has only 56 videos or 449 4-second segments available for
evaluation.



Test corpus

ID Model AffWild2 (8cl) AFEW (8cl) C-EXPR-DB (7cl), macro-F1
macro-F1 ~ UAR  Average macro-F1I ~UAR Average PPA PFSA
1 Face & EmoAffectnet 26.08 42.08 34.08 45.90 45.69 4580 23.09 23.59
2 Face & EmoAffectnet & Transformer 38.66 42.83  40.74 37.52 3649  37.01 13.21 15.52
3 Face & EmoAffectnet & Mamba 35.96 40.61 38.29 38.26 3770  37.98 19.48 20.54
4 Face & CLIP & Transformer 41.53 4340 4247 34.23 3420 3422 14.80 12.30
5 Face & CLIP & Mamba 40.49 4547 4298 37.60 37.31 37.46 16.79 19.04
6 Scene & LVLM & Jina 34.60 43.33 38.97 31.48 31.70  31.59 22.70 28.83
7 Scene & LVLM & RoBERTa 36.31 44.68  40.49 32.30 32.04 3217 34.62 34.85
8 Scene & LVLM & CLIP 29.01 39.29 34.15 24.38 25.38 24.88 22.37 20.61
9 Audio & WavLM & U-aware 33.45 33.88 33.67 26.44 26.33 26.39 12.19 17.44
10 Audio & WavLM & ReBiLSTM 26.38 32.78 29.58 23.09 2326  23.18 22.90 23.27
11 Text & Jina 32.54 41.67 37.11 14.36 13.90 14.13 21.68 27.46
12 Text & RoBERTa 27.21 35.71 31.46 16.24 15.40 15.82 22.07 25.08
13 Text & CLIP 35.83 4583  40.83 17.15 17.40 17.25 14.97 12.86
14 Scene and label matching & CLIP & Cosine similarity 10.84 13.09 11.97 11.79 30.41 24.10 12.18 0.58
The top three best-performing modality combinations for MHPF with different heads
15 ModelsID 1 & 5 & 6 & 10 & 14 & MHPF (one head) 44.92 49.58  47.25 47.01 46.89  46.95 28.81 -
16 Models ID 1 & 5 & 6 & 10 & 14 & MHPF (six heads) 45.21 50.54  47.88 46.41 4647  46.44 31.92 -
17 Models ID 1 & 5 & 6 & 10 & 13 & MHPF (one head) 46.95 51.08  49.02 4547 46.00 4574 32.29 -
18 ModelsID 1 & 5 & 6 & 10 & 13 & MHPF (two heads) 46.33 50.62  48.47 44.30 45.11 44.71 29.06 -
19 ModelsID1 &5 & 6 & 10 & 13 & 14 & MHPF (one head) 46.86 50.93  48.89 44.78 45.60  45.19 32.61 -
20 ModelsID1 &5 & 6 & 10 & 13 & 14 & MHPF (three heads) 46.50 51.04  48.77 47.14 4753 47.34 30.70 -

Table 1. Experimental results. PF is Probability Fusion. MHPF is Multi-Head Probability Fusion. PPA is Pair-wise Probability Aggrega-
tion. PESA is Pair-wise Feature Similarity Aggregation. The gray-highlighted performance measures represent our official submissions to

the CER challenge in the 9th ABAW Competition.

Table 2. Performance comparison (macro-F1, %) of SOTA meth-
ods. FT is a fine-tuning setup. ZS is a zero-shot setup.

Method ABAW  Setup Modality C-EXPR-DB
Wang et al. [33] 6th FT \' 18.45
Yu et al. [35] 6th FT \% 22.40
Liuetal. [21] 7th FT \'% 22.81
Qiu et al. [24] 6th FT AV 55.26
Lu et al. [22] 8th FT v 57.23
Liu et al. [20] 7th FT \Y% 60.63
Richet et al. [26] 7th 7S AVT 2591
Savchenko [30] 7th 7S \" 3243
Ours 9th 7S \" 34.85

4.2. Experimental Results

The experimental results demonstrate (see Table 1) varying
performance across different model configurations on three
corpora: AffWild2 (8 classes), AFEW (8 classes), and C-
EXPR-DB (7 classes).

All dynamic facial models (Model IDs 2—-5) demonstrate
a higher average performance on the AffWild2 and AFEW
corpora, but show a significantly lower macro-F1 on the
C-EXPR-DB corpus. This suggests that these models be-
come more confident in predicting basic emotions, while
more complex facial emotions are captured less effectively.
In contrast, the static facial model (Model ID 1), which
was not fine-tuned on any of the corpora used in this study,
achieves moderate performance across all the corpora, indi-
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cating strong generalization capabilities on unseen data.

Scene-based models (Model IDs 6-8) show moder-
ate performance on both corpora (AffWild2 and AFEW)
and the target C-EXPR-DB corpus, with the exception of
Model ID 7, which outperforms all models on C-EXPR-DB
(macro-F1 of 34.85%). This implies that scene-descriptive
prompts, combined with behavioral context, enable cross-
corpus generalization, and the inherent emotional knowl-
edge of the RoOBERTa model increases its advantage.

Despite the complexity of corpora designed for visual
analysis, audio-based (Model IDs 9-10) and text-based
models (Model IDs 11-13) achieve lower performance on
AffWild2 and AFEW, but outperform video-based mod-
els (Model IDs 1-8) on C-EXPR-DB. This emphasizes the
importance of integrating acoustic and linguistic features
alongside visual features. The Scene and Label Matching
model (Model ID 14) shows low performance across all cor-
pora, highlighting the need for task-specific fine-tuning of
the CLIP model.

The PFSA method shows better performance than the
PPA method. This suggests that probability predictions
alone are insufficient to capture the underlying structure of
the data. Instead, the creation of CE prototypes in the fea-
ture space provides a more coherent representation of basic-
to-compound emotion relationships. Figure 2 presents a
heatmap of the cosine similarity between basic and CEs for
Model ID 7. Four out of seven CEs correctly matched their
basic components. However, three CEs show confusion:
Happily Surprised is misclassified as Other (Ot), Sadly Sur-



prised as Fear (Fe), and Disgustedly Surprised as Anger
(An). This may reflect semantic proximity in the scene
and behavioral descriptions. The heatmap also highlights
the opposites of some expressions. For example, the co-
sine similarity between Happiness (Ha) and such CEs as
Fearfully Surprised, Angrily Surprised, Sadly Fearful, and
Sadly Angry has a negative value. This suggests that the
features are not directly comparable and that the model is
able to distinguish between them.

For multimodal fusion, we combined the best unimodal
models (in terms of average performance on AffWild2 and
AFEW), resulting in 56 configurations involving 2 to 6
modalities across six models. Table 1 shows the top three
combinations for MHPF with different numbers of heads.
While Model ID 20 (three heads) achieved a higher average
performance on AffWild2 and AFEW, Model ID 19 (one
head) showed the best result on C-EXPR-DB (macro-F1 of
32.61%). Although multimodal fusion proves to be effec-
tive for CER, it achieves lower results than Model ID 7.

Figure 3 shows heatmaps of the attention weights for two
models (IDs 19 and 20), illustrating how attention is dis-
tributed between different modalities when predicting vari-
ous emotions. The weights vary significantly between mod-
els, indicating different decision strategies. For example,
Model ID 19 relies more on the static facial modality and
the scene and label matching modality (Model IDs 1 and
14) when predicting Disgust (Di), while Model ID 20 places
additional emphasis on the scene modality (Model ID 7).

In addition, heatmaps show which modalities each model
relies on when predicting CEs. For example, when predict-
ing Sadly Surprised, Model ID 19 assigns greater weight
to the scene and textual modalities (Model IDs 7 and 13),
while Model ID 20 focuses on the static facial, audio, and
scene modalities (Model IDs 1, 7 and 10). In general,
Model ID 19 distributes attention across modalities less uni-
formly, assigning higher weights to select modalities, which
likely contributes to its better performance in CER. This
suggests that its simple attention mechanism (with only one
head) is more context-sensitive and better suited to the com-
plex nature of CEs.

Therefore, while multimodal fusion yields improve-
ments on emotional corpora with basic emotions, the scene
model is the most effective on C-EXPR-DB [19] for CER.
This shows that the correct prompting of LVLM can achieve
reliable results for both basic emotion recognition and CER.
Comparison with the SOTA results (see Table 2) shows
that the proposed approach outperforms all approaches not
trained on the target task, and is only surpassed by [20, 22,
241, which are not zero-shot solutions.

5. Conclusions

In this paper, we proposed a novel multimodal approach
for CER that combines six modalities: static and dynamic
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facial expressions, scene and label matching, scene con-
text, audio, and text, as well as probability-level fusion.
Each modality is processed using zero-shot or general-
purpose pipelines based on the CLIP, Qwen-VL, WavLM,
and RoBERTa models, and temporal dynamics is mod-
eled by the Transformer and Mamba models. MHPF dy-
namically combines emotion probability distributions, fol-
lowed by a basic-to-compound emotion conversion based
on Pair-wise Probability Aggregation (PPA) or Pair-wise
Feature Similarity Aggregation (PFSA). Our results show
that PFSA significantly outperforms PPA in CER, demon-
strating the potential of constructing CE prototypes. In ad-
dition, while simple probability weighting (MHPF with one
head) outperforms complex one (MHPF with three heads)
in CER, it is less reliable for basic emotion recognition.

Evaluated in the multi-corpus training setup, the method
proposed achieves macro-F1 scores of 46.95% on AffWild2
and 49.02% on AFEW, as well as 34.85% on C-EXPR-DB
without any fine-tuning on the target task. Multimodal fu-
sion showed the best results on AffWild2, AFEW, while
on C-EXPR-DB the best results were achieved by LVLM,
highlighting the potential of prompt-based strategies and
scene descriptions in CER. These results are competitive
with those of supervised approaches, demonstrating the ef-
fectiveness of our zero-shot pipeline.
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