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 A B S T R A C T

Most existing dynamic facial expression recognition (DFER) algorithms are developed based on raw video 
data, e.g. using 3D CNN-, RNN-, or Transformer-based models to incorporate temporal cues of raw videos, 
while they overlook that the videos obtained in practice are compressed videos due to their advantage of low 
storage requirements. Consequently, these algorithms may overfit to redundant patterns in raw videos and fail 
to exploit the multimodal information available in compressed data. To address these problems, we propose 
a compressed video-driven framework for DFER. Unlike other schemes that use only decoded RGB frames, 
our approach is carried out entirely in the compressed domain and uses all readily available modalities, i.e., 
I-frames, motion vectors, and residuals, for the purpose of making full use of the compressed-video modalities 
and their interaction in the video. To obtain richer expression features, we design a multimodal interaction 
attention paradigm to model temporal modality sequences, inter-modal weighting, multimodal interaction, and 
intra-modal enhancement based on the compressed-video representation. Our algorithm benefits from not only 
the modal-parallel temporal modeling of the multimodal representation to take into account the characteristics 
of each modality, but also the inter-modal weighting, multimodal interaction and intra-modal enhancement. 
Extensive experimental and ablation studies have shown that our approach achieves state-of-the-art (SOTA) 
results in three benchmark datasets, i.e. Oulu-CASIA, AFEW and DFEW. Our codes are publicly available at 
https://github.com/JunLiangZ/CompressedVideo-DFER.
. Introduction

Facial expression is one of the most natural signals for humans 
o convey their emotions and intentions, which can strengthen the 
motional connection between people. Facial Expression Recognition 
FER) aims to classify several basic expression categories from images 
r videos, including ‘happy’, ‘angry’, ‘disgust’, ‘fear’, ‘sad’, ‘neutral’ 
nd ‘surprise’ [1]. Since FER has extraordinary significance for under-
tanding human emotions, it has a wide range of applications in real 
ife, such as human–computer interaction, medical diagnosis, classroom 
eaching, etc [2].
Expression video carries rich cues of emotions [3] since it can 

dditionally capture temporal dynamics that cannot be conveyed by 
tatic images. However, with the rapid growth of video content, storage 
equirements have increased dramatically, and reducing storage and 

∗ Corresponding author at: Computer Vision Institute, School of Artificial Intelligence, Shenzhen University, China.
E-mail address: llshen@szu.edu.cn (L. Shen).

transmission costs has become a main concern [4]. In order to reduce 
storage space or enable large-scale video transmission in bandwidth-
limited communication networks, videos are frequently converted into 
the compressed format (i.e., compressed domain) [5]. However, most 
existing Dynamic Facial Expression Recognition (DFER) methods rely 
on raw videos. They do not consider the storage burden of raw data 
or exploit the multimodal cues in compressed videos, often using a 
single modality [6,7] or processing them separately [8]. This neglect 
of multimodal information is partly due to the difficulty of reasoning 
about expressive cross-modal interactions [9].

One of the ongoing challenges for DFER in the compressed domain 
of videos is how to effectively model the spatio-temporal dynamic rep-
resentation of each modality. Though video sequences contain temporal 
information that sheds light on the dynamic of facial expressions, quite 
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Fig. 1. (a) Storage space usages before (blue) and after (red) video compression. (b) Comparison between previous methods and ours for compressed video 
recognition on DFEW. Compared to other methods that operate on the original video (with the storage size of 0.87MB), our method operates directly on the 
compressed domain (with the storage size of 0.07MB), allowing collaborative representation of I-frames (𝐼), motion vectors (𝑀), and residuals (𝑅) for multimodal 
interactive learning.
a few CNN-based methods [10] only model the visual information 
at the frame level, and do not involve visual relationship reasoning 
between different frames. Sequence-based approaches are modeled by 
long short-term memory (LSTM) [11] or 3D convolution [12]. How-
ever, they still perform mediocrely in describing subtle expressive 
motions when the scale of model parameters is not large enough. In 
addition, it is also very common to use optical flow to capture dynamic 
motion information [8,13], but obtaining optical flow frame by frame 
is very time-consuming, which is usually the main computational bot-
tleneck of recognition models. Meanwhile, the successive frames of the 
video are filled with many uninformative and repetitive patterns [6], 
which may also drown out the truly meaningful information about the 
dynamic facial expressions. Although several works have attempted to 
explore the compressed domain (e.g., MIC [6]), they are often limited 
to single-modality inputs such as residuals and lack explicit inter-modal 
coordination or temporal modeling. In contrast, our method jointly ex-
ploits I-frames, motion vectors, and residuals, and introduces structured 
modules to capture both inter- and intra-modal dependencies for more 
comprehensive dynamic expression representation.

Specifically, to address the aforementioned issues, we exploit com-
pressed representations developed for storing and transmitting videos, 
rather than operating on raw video (see Fig.  1(b)). We employ the 
compressed representation of expression video from the motivations of 
three aspects.

(i) Video compression (using H.264, HEVC, etc.) reduces the storage 
overhead (e.g., as shown in Fig.  1(a), video compression reduces the 
storage size of DFEW from 17 GB to 1.6 GB, reducing the storage 
overhead by 90.5% ). As shown in Fig.  2, a compressed video con-
tains only a small number of original frames (i.e., I-frames), and the 
cues associated with the other frames are encoded in motion vectors 
and residuals occupying much less space than the original I-frames. 
In this way, the compressed video implicitly provides three types 
of modality information, where an I-frame denotes a complete RGB 
image of an video, the motion vectors being similar to optical flow 
represent pixel shifts between consecutive frames, and the residuals 
represent the difference between the pixel value of the original frame 
and that estimated by motion vectors, which are usually treated as the 
changes in appearance and motion boundaries. Thus, the compressed 
representation can remove many uninformative and repetitive patterns, 
and highlight the meaningful signal of the original video [14].

(ii) Since motion vectors can represent similar motion signals for 
the-same-category expressions from different identities, e.g. skin colors 
and lighting conditions, they can reduce the influence of identities and 
expression-irrelevant factors on expression recognition.

(iii) Since residuals can capture subtle variations of the key expres-
sion parts (e.g., mouth or eyes) reflecting expression semantics, they 
2 
Table 1
Comparison of our method with related methods. 𝐼 represents the original 
image, 𝑀 represents the motion vector, and 𝑅 represents the residual. MITM 
denotes the Multimodal inter-frame temporal modeling. Mult denotes the 
weighting, interaction and enhancement between the three modalities, i.e. 𝐼 , 
𝑅, 𝑀 .
 Methods 𝐼 𝑀 𝑅 MITM Mult 
 MIC [6]’2021 No No Yes No No  
 Former-DFER [15]’ 2021 Yes No No No No  
 DPCNet [16]’ 2022 Yes No No No No  
 EST [17]’ 2023 Yes No No No No  
 LOGO-FORMER [18]’ 2023 Yes No No No No  
 Ours Yes Yes Yes Yes Yes  

mitigate the effect of the inherent large-intra-class gap in FER task. 
These merits motivate us to act directly in the compressed domain of 
video expressions (please refer to Fig.  1). We then treat the three types 
of information representations, i.e., I-frames, motion vectors, and resid-
uals as three different modalities, and perform feature representation 
learning via multimodal interaction.

To encode the multimodal features for the compressed video, we use 
the transformer [19] to complement the ResNet backbone, motivated 
from its powerful capacity of modeling global relationship in natural 
language processing (NLP) [19], video [20] and multimodal [21,22]. 
Based on this, we introduce a modal-parallel temporal transformer for 
the three modalities to allow the model to capture long-term depen-
dencies in video sequences and represent the temporal characteristics 
of each modality in a parallel fashion. In addition, we design a mul-
timodal adaptation and interaction module to learn complementary 
representations and inter-modal interaction cues. In particular, the 
recent work MIC [6] also recognizes dynamic facial expressions in the 
compressed domain of a video, while it only uses a single modality 
(i.e., residuals) and ignores the correlations between modalities. Our 
approach extracts richer information by fully utilizing the cues from 
multiple modalities as well as the interactions between modalities, thus 
representing expressions more accurately and comprehensively.

For clarity, we illustrate the main differences between our com-
pressed video-driven method and existing works in Table  1. It shows 
that our method fully utilizes the cues from the three compressed-video 
modalities, instead of relying solely on single-modality information 
(e.g., 𝐼 or 𝑅), compared with existing methods. In addition to the tem-
poral cues of each modality, the complementarity of the cues between 
modalities is also considered. Therefore, we design a modal-parallel 
temporal transformer as well as a multimodal adaptation and interac-
tion module, to better capture the contextual information and inter-
modal complementarity in video expressions. Our work’s contributions 
are summarized as:
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Fig. 2. The visualization of three modalities of two compressed videos under different lighting conditions from the DFEW dataset. The 1st row includes the 
I-frames (𝐼), as well as the reconstructed frames (labeled with the yellow dotted boxes) using the I-frames, motion vectors and residuals. Motion vectors (𝑀) in 
the 2nd row capture the motion information of consecutive frames. Residuals (𝑅) in the 3rd row provide subtle changes in the face, such as the mouth and eyes. 
P-frames are dependent on the reference frame (i.e., 𝐼) for decoding, and they store only the differences (i.e., 𝑀 and 𝑅) from the reference frame 𝐼 .
∙ We propose a compressed video-driven framework for DFER that 
operates directly in the compressed domain, utilizing multimodal-
based temporal modeling and inter-modal interaction. To the best 
of our knowledge, this is one of pioneering works to explore mul-
timodal temporal modeling and interaction for the recognition of 
compressed expression videos.

∙ We design a DFER-oriented multimodal interaction attention 
mechanism to encode both the temporal and cross-modal in-
teraction cues by modeling the inconsistency and complemen-
tarity among the three compressed-video modalities under an 
asymmetric target-source interaction strategy.

∙ Extensive experimental results on three datasets, i.e. Oulu-CASIA, 
AFEW and DFEW demonstrate the superiority of our multimodal-
based paradigm, over existing state-of-the-art (SOTA) methods in 
terms of WAR and UAR.

2. Related work

2.1. Video-based FER

For video-based FER, although hand-crafted feature methods [23] 
and STLMBP [24] show reasonable effectiveness, they have limited ap-
plicability in specific scenarios and are difficult to optimize. Currently, 
deep learning techniques of Long Short-Term Memory (LSTM) [25] 
and Convolutional 3D (C3D) [26] are the two most widely used meth-
ods for this task, and these methods usually extract spatio-temporal 
facial information from video sequences, e.g. Zhang et al. [27] pro-
posed a double-channel weighted mixture CNN–LSTM network, Yu 
et al. [28] extracted both local–global and spatial–temporal information 
based on the cascaded CNN–LSTM structure, and Kim et al. [10] 
integrated C3D and LSTM for spatiotemporal feature representation 
learning. More recently, Gan et al. [29] explored motion similarity for 
macro-/micro-expression recognition, and Liu et al. [30] introduced 
muscle-movement-aware transformer representations for FER.

However, current algorithms rarely take into account the high 
storage overhead of original videos, which is often tens of times higher 
than that of the compressed format in actual transmission or storage. 
In terms of methodology, although current methods are robust to 
variations in expression intensity, they only consider a single visual 
modality and fail to fully utilize the multimodal information of video 
data. In addition, there are many uninformative and repetitive patterns 
in consecutive frames, and this redundant information may impair 
the generalization capacity of models on learning truly meaningful 
expression information.

Furthermore, recent studies have shown that compressed video 
implicitly contains cues from multiple modalities, i.e., I-frames, motion 
vectors, and residuals [31]. Meanwhile, video compression can remove 
3 
up to two orders of magnitude of redundant information, and motion 
vectors and residuals can provide original RGB images with additional 
motion cues [14,32]. Liu et al. [6] propose to conduct the FER task for 
dynamic expressions in the compressed domain, while it uses only the 
residual information and ignores the complementary cues in the three 
modalities. To this end, our method employs all the three modalities 
in the compressed domain, and proposes the multimodal interaction 
between these modalities for exploring this complementarity.

Different modalities such as visual signals, natural language or 
acoustic signals are often complementary in terms of semantics, ex-
ploring effective integration between different modalities is thus a 
key aspect of multimodal learning [33]. Compared with simple fusion 
methods of different modalities, e.g. [34] that tend to ignore the com-
plementary information between modalities, multimodal transformers 
achieve cross-modal interactions to capture complex relationships and 
interactions between different modality data [35]. For the interaction 
between multiple modalities in multimodal transformer, Tsai et al. [36] 
proposed to align the multimodal language sequences, Lv et al. [37] 
suggested to progressively enhance modal features, Zhang et al. [38] 
introduced an unified transformer-based multimodal framework for 
two tasks. However, these approaches [36–38] mainly focus on the 
interactive fusion between modalities, ignoring the importance incon-
sistency among different modalities. For instance, the multimodal cues 
of I-frames, motion vectors, and residuals show largely inconsistent 
importance to the compressed expression videos.

To this end, we propose to not only implement interactive learning 
between modalities in the compressed domain, but also adaptively 
weigh and enhance each modality to trade off their contributions for 
the final representation.

2.2. Multimodal interaction attention mechanism

The multimodal attention mechanism enables the model to fo-
cus on multiple modalities or levels of features to achieve a more 
comprehensive representation, which has been widely adopted in the 
fields of machine translation [39], image detection [40], and emotion 
recognition [41]. For the task of multimodal emotion representation, 
the multimodal attention mechanism is frequently used to capture the 
correlation between modalities, e.g. Yadav and Vishwakarma [42] used 
it to explore the correlation between image and text modalities, and 
Akhtar et al. [43] explored the correlation between adjacent utter-
ances and their multimodal information. However, these representation 
methods tend to ignore the inconsistency between modalities, while 
this inconsistency exists widely in multimodal-related tasks, e.g. DFER.

For DFER, current works use the attention mechanism to mainly 
explore the multi-level cues in the temporal or spatial dimension, 
e.g. Chen et al. [44] modeled spatio-temporal and channel correla-
tions, Xia et al. [45] learned salient facial features at the spatial 
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Fig. 3. Overview of our proposed method. Modal-parallel temporal transformer (MpTF) encoder models temporal information of three modalities parallelly; 
inter-modal weighting (Inter-MW) re-weighs the source modalities to distinguish their different contributions on expression recognition; multimodal interaction 
transformer (MI-Former) based on cross-modal attention (CMA) encoder learns interactions between modalities; and intra-modal enhancement (Intra-ME) 
adaptively enhances the target modality for its final representation. ⊗ denotes scalar multiplication. ∗ 𝑛𝑙 denotes that a module is executed for 𝑛𝑙 times. 𝑛𝑙
is also the number of MpTF layers, 𝑛𝑑 is the number of MI-Former layers, 𝑀𝑠/ 𝑅𝑠 are the weighted source modality features, and the Z-series variables are the 
cross-modal attention outputs.
and temporal levels, and Xia and Jiang [46] proposed a transformer-
based hierarchical architecture. Since these works are developed for the 
original video, the inherent multiscale features of compressed video are 
rarely explored. To this end, we make use of the inherent multiscale 
characteristic of multiple modalities in the compressed domain of ex-
pression video, and design a multimodal interaction attention paradigm 
to encode these multimodal cues for interaction learning, in addition to 
the temporal representation of each modality.

2.3. Compressed-domain video understanding

With the increasing demand for efficient video storage and trans-
mission, compressed-domain video analysis has become an emerging 
research direction in computer vision. Unlike conventional approaches 
that rely on fully decoded RGB frames, compressed-domain methods 
operate directly on intermediate signals, i.e., I-frames, motion vec-
tors, and residuals, which are generated during video encoding. These 
signals inherently retain spatial appearance, motion dynamics, and 
fine-grained residual information, thereby preserving key semantic cues 
while significantly reducing storage usage.

Early studies mainly focused on the task of action recognition. 
Zhang et al. [47] replaced optical flow with motion vectors to accel-
erate computation, highlighting the efficiency potential of the com-
pressed domain. Wu et al. [14] further demonstrated the feasibility 
of using motion vectors and residuals jointly for video understanding, 
and Huang et al. [48] introduced a teacher–student framework that 
fused these cues to approximate optical-flow supervision. Chen and 
Ho et al. [31] explored multimodal fusion of I-frames and residu-
als via a transformer framework, showing improved representation 
capability. However, these methods were primarily designed for coarse-
grained motion recognition and did not explicitly investigate modal-
ity complementarity or adaptive weighting among compressed-domain 
signals.

For the task of FER, the study within the compressed domain re-
mains at an early stage. Liu et al. [6] introduced the MIC model, which 
verified the feasibility of applying compressed features to dynamic fa-
cial expression recognition but was limited to single-modality (residual-
based) modeling, lacking explicit cross-modal interaction. More re-
cently, Li et al. [49] employed cross-attention and adaptive gradi-
ent modulation to balance multimodal contributions in compressed-
domain action recognition. However, their framework primarily ad-
dresses large-scale motion dynamics rather than subtle facial deforma-
tions that require fine-grained inter- and intra-modal coordination.
4 
To this end, our work extends compressed-domain learning to DFER, 
which explores subtle emotional information depending on the joint 
modeling of I-frames, motion vectors, and residuals. Specifically, we 
design the Modal-Parallel Temporal Transformer (MpTF) and the mul-
timodal Adaptation and Interaction (MAaI), to explicitly capture both 
inter-modal and intra-modal dependencies, thereby enabling efficient, 
fine-grained, and semantically consistent emotion representation learn-
ing. Unlike previous I/M/R-based compressed-video fusion schemes, 
our method designs a DFER-oriented asymmetric interaction strategy, 
where I-frames serve as the semantic target modality and motion 
vectors/residuals provide complementary source cues.

3. Proposed method

Overview: As illustrated in Fig.  3, our framework is carried out 
directly on the compressed domain, and comprises three branches that 
take three modalities of the compressed video, i.e., I-frame, motion 
vectors, and residuals as input, where I-frames represent complete im-
age information, motion vectors contain motion information between 
consecutive video frames, and residuals capture the difference between 
the original frame and the frame predicted based on the reference 
frame and motion vectors. With three parallel branches, we introduce 
the modal-parallel temporal transformer (MpTF) to model the tempo-
ral characteristics of each modality based on a frame-level attention 
operator. Furthermore, based on the multimodal representation of com-
pressed videos, we propose a multimodal interaction attention aimed at 
learning inter-modal, multimodal interaction and intra-modal cues for 
a more robust expression representation.

3.1. Modeling compressed video representations

Considering that there is redundant information in the video, algo-
rithms for video compression such as MPFG4, H.264 or HEVC can be 
adopted to distill the key information [50]. They use the contents of a 
few frames from the video (termed as reference frames) to compress 
other frames by only storing their differences. In the compression 
domain, there are two typical types of frames, i.e., I-frames (intra-frame 
coded frames), which are regular RGB images, and P-frames (predicted 
frames) [14], which are predicted based on a reference frame (e.g., I-
frame), motion vectors and residuals. In our framework, P-frames are 
introduced only to illustrate the physical principle and feature decom-
position of compressed videos, rather than serving as explicit model 



W. Xie et al.

 

Knowledge-Based Systems 350 (2026) 116590 
inputs. The subsequent multimodal modeling is conducted directly on 
the three component modalities, i.e., I-frames, motion vectors, and 
residuals.

Specifically, motion vectors represent the movement of macroblocks 
(a frame is usually divided into multiple macroblocks, e.g. 16 × 16 
in the video compression process) between sequential frames, and the 
residuals preserve the pixel difference between the P-frame and the 
original frame. Formally, we use 𝑀(𝑡) to represent the motion vector 
from the original frame to the predicted frame at time 𝑡, and 𝑅(𝑡) to rep-
resent the residual between the original frame and the predicted frame, 
after that the motion vector 𝑀(𝑡) has compensated the predicted frame. 
Then P-frames at pixel 𝑝𝑖 are reconstructed based on the recurrence 
relation [14] as: 

𝐼𝑝𝑖(𝑡) = 𝐼
𝑝𝑖−𝑀𝑝𝑖

(𝑡)
(𝑡−1) + 𝑅𝑝𝑖(𝑡) (1)

where 𝐼(𝑡) denotes the RGB image at time 𝑡. The motion vectors 
and residuals are then passed through discrete cosine transform, and 
entropy-encoded [14].

Consequently, the I-frames, motion vectors, and residuals in a com-
pressed video implicitly provide a multimodal representation, and each 
modality can provide unique information. Therefore, our method uses 
the representations of these three modalities to learn the temporal 
and modal interaction cues of compressed expression videos. Simi-
lar conclusions have also been reported in previous works on com-
pressed video understanding [14,31,51], which demonstrate that I-
frames, motion vectors, and residuals convey complementary semantic, 
motion, and detail information, and their joint modeling yields more 
discriminative representations.

3.2. Modal-parallel temporal transformer (MpTF)

Based on the reconstructed I-frames modality in Eq. (1), the modali-
ties of motion vectors and residuals, we introduce the MpTF to optimize 
the temporal transformer of them in a parallel fashion. That is, instead 
of optimizing the network parameters with respect to (w.r.t.) only a 
single modality, e.g. the I-frames in current works for temporal video 
representation, we propose to optimize the temporal representations of 
the three modalities simultaneously with three transformers.

Specifically, our method uses 𝑛𝑡 sampled I-frames 𝐼 , motion vec-
tors 𝑀 and residuals 𝑅 from each of 𝑛 compressed video sequences, 
i.e. {𝑐𝑣𝑘}𝑛𝑘=1 as input, where 𝐼,𝑀,𝑅 ∈ R𝑛𝑡×3×ℎ×𝑤, ℎ and 𝑤 represent 
the height and width of the images, respectively. Specifically, for the 
training, the original sequence is equally divided into 𝑛𝑢 segments, 
and then 𝑛𝑣 frames are randomly selected from each segment. For the 
testing, we first divide all frames into 𝑛𝑢 segments and then select 𝑛𝑣
frames in the middle of each segment. Thus, the length of the sampled 
segments is 𝑛𝑡 = 𝑛𝑢 ⋅ 𝑛𝑣 for both the training and test sets. Then we 
extract the cues of three modalities for each frame using the encoder 
(e.g. pre-trained ResNet18 [52]) to obtain the features, i.e., 𝐱𝑖 ∈ R𝑛𝑡×𝑑 , 
𝑖 ∈ {𝐼,𝑀,𝑅} with the same dimension.

The MpTF consists of 𝑛𝑙 temporal transformer encoders, which takes 
the frame feature 𝐱𝑖 as input, aiming to model the temporal information 
of three modalities parallelly. The detailed framework is shown in Fig. 
3. MpTF-encoder is responsible for extracting temporal features of the 
three modalities; Inter-MW adaptively adjusts the modality weights; 
MI-Former models inter-modal interactions; Intra-ME performs adap-
tive enhancement for the target modality. In each transformer encoder, 
the time position code 𝐞(𝑖,𝑡) ∈ R𝑑 is embedded to preserve the position 
information as: 
𝐳0(𝑖,𝑡) = 𝐱(𝑖,𝑡) + 𝐞(𝑖,𝑡) (2)

where 𝐳0(𝑖,𝑡), 𝑖 ∈ {𝐼,𝑀,𝑅}, 𝑡 ∈ {1, 2,… , 𝑛𝑡} denotes the input embedding 
representation of the transformer encoder, where each transformer 
encoder further consists of 𝑛𝑙 encoders. In the 𝑙 ∈ {1, 2,… , 𝑛𝑙}-th 
encoder, the query (𝐪), key (𝐤) and value (𝐯) matrices are specifically 
5 
computed for each frame based on the representation 𝐳𝑙−1(𝑖,𝑡) produced 
from preceding blocks. This process can be formulated as: 

𝐪𝑙(𝑖,𝑡) = 𝑊 𝑙
(𝑖,𝑞)𝐿𝑁

(

𝐳𝑙−1(𝑖,𝑡)

)

∈ R𝑑

𝐤𝑙(𝑖,𝑡) = 𝑊 𝑙
(𝑖,𝑘)𝐿𝑁

(

𝐳𝑙−1(𝑖,𝑡)

)

∈ R𝑑

𝐯𝑙(𝑖,𝑡) = 𝑊 𝑙
(𝑖,𝑣)𝐿𝑁

(

𝐳𝑙−1(𝑖,𝑡)

)

∈ R𝑑
(3)

where 𝑊 𝑙
(𝑖,𝑞), 𝑊 𝑙

(𝑖,𝑘), 𝑊 𝑙
(𝑖,𝑣) are projection matrices used in the attention 

operation [19], 𝐿𝑁(⋅) represents layer normalization [53]. Then, the 
self-attention weights for query matrix 𝐪𝑙(𝑖,𝑡) are given by: 

𝛼𝑙(𝑖,𝑡) = 𝑆𝑀

⎛

⎜

⎜

⎜

⎝

(

𝐪𝑙(𝑖,𝑡)
)𝑇

√

𝑑
⋅ [𝐤𝑙(𝑖,1),… ,𝐤𝑙(𝑖,𝑛𝑡)]

⎞

⎟

⎟

⎟

⎠

(4)

where 𝑆𝑀(⋅) denotes the Softmax activation function, [⋅] denotes the 
concatenation operator. The output 𝐳𝑙(𝑖,𝑡) at the 𝑙-th layer is formulated 
as: 
𝐳𝑙(𝑖,𝑡) =𝑀𝐿𝑃 (𝐿𝑁(𝐳′𝑙(𝑖,𝑡))) + 𝐳′𝑙(𝑖,𝑡)
𝐳′𝑙(𝑖,𝑡) = 𝑊𝑖𝐬𝑙(𝑖,𝑡) + 𝐳𝑙−1(𝑖,𝑡)
𝐬𝑙(𝑖,𝑡) = 𝛼𝑙(𝑖,𝑡)[𝐯

𝑙
(𝑖,1),… , 𝐯𝑙(𝑖,𝑛𝑡)]

(5)

Finally, we concatenate different frame features {𝐳𝑛𝑙(𝑖,𝑡) ∈ R𝑑 , 𝑡 ∈
{1,… , 𝑛𝑡}} to obtain the modality feature representations with tempo-
ral information, i.e., 𝐼(𝑛𝑡), 𝑀(𝑛𝑡), 𝑅(𝑛𝑡) ∈ R𝑛𝑡×𝑑 , e.g., 𝐼(𝑛𝑡) = [𝐳𝑛𝑙(𝐼,1),… , 𝐳𝑛𝑙(𝐼,𝑛𝑡)]

𝑇 .
With the above parallel feature representations for the three modalities, 
we can take into account the characteristics of each modality during the 
temporal modeling of them, based on the inherent multimodality of a 
compressed video.

3.3. Multimodal adaptation and interaction (MAaI)

In addition to the temporal dynamics encoding of three modalities 
with MpTF, we further propose a multimodal adaptation and inter-
action (MAaI) module to learn complementary cues among different 
modalities. As shown in Fig.  3, it consists of the modules of inter-modal 
weighting, multimodal interaction, and intra-modal enhancement.

Considering the fact that the information contained in different 
modalities in the compressed video domain is quite unbalanced, i.e.,
modality 𝐼 contains more useful information than modalities 𝑀 and 
𝑅 [14], we classify the three modalities into source modality 𝑀 , 𝑅 and 
target modality 𝐼 , and utilize the source modality to interact with the 
target modality.

Inter-Modal Weighting (Inter-MW). In the compressed domain, let 
the modalities 𝑀 and 𝑅 represent non-original RGB image that may 
contain much noise, while modality 𝐼 contains much more useful infor-
mation than 𝑀 and 𝑅 [14]. Therefore, we use only the dynamic global 
features of the target modality 𝐼 as the anchor to obtain importance 
weights w.r.t. the source modalities of 𝑀 and 𝑅, based on the similarity 
computation. Here, the term ‘anchor’ indicates that the target modality 
𝐼 serves as a semantic reference and weighting baseline to guide the 
adaptive fusion of the auxiliary modalities 𝑀 and 𝑅.

Specifically, we first embed a global token (similar to the class to-
ken [17]) 𝐱(𝑖,0) ∈ R𝑑 in the MpTF to obtain the global feature represen-
tation for each modality, i.e., 𝐳𝑛𝑙(𝐼,0), 𝐳𝑛𝑙(𝑀,0), 𝐳𝑛𝑙(𝑅,0) ∈ R𝑑 via Eqs. (2)∼(5). 
Then, we compute the cosine similarities between modalities 𝐼 and 𝑀
or 𝑅, i.e., 𝑠𝑀  or 𝑠𝑅 as follows: 

𝑠𝑀 = cos
(

𝐳𝑛𝑙(𝐼,0), 𝐳
𝑛𝑙
(𝑀,0)

)

=

(

𝐳𝑛𝑙(𝐼,0)
)𝑇

𝐳𝑛𝑙(𝑀,0)

‖

‖

‖

𝐳𝑛𝑙(𝐼,0)
‖

‖

‖

⋅ ‖‖
‖

𝐳𝑛𝑙(𝑀,0)
‖

‖

‖

, (6)

where ‖ ⋅ ‖ denotes the Euclidean norm. We then normalize 𝑠𝑀  and 
𝑠𝑅 by a linear normalization, i.e. 𝑠𝑀 ← (𝑠𝑀 + 1)∕2, to use them 
as the importance of the corresponding modality. Based on this, we 
obtain the final feature representations of the source modalities as 
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𝑀𝑠 = 𝑀(𝑛𝑡) ⋅ 𝑠𝑀 ∈ R𝑛𝑡×𝑑 , 𝑅𝑠 = 𝑅(𝑛𝑡) ⋅ 𝑠𝑅 ∈ R𝑛𝑡×𝑑 , and that of the target 
modality as 𝐼𝑠 = 𝐼(𝑛𝑡) ∈ R𝑛𝑡×𝑑 .

Multimodal Interaction.
Each modality provides distinct and complementary expression 

cues, while simple concatenation ignores their representational incon-
sistencies [14]. Therefore, on the basis of the feature representation via 
Inter-MW, we further propose the multimodal interaction transformer 
(MI-Former), to explore the potential adaptation process from the 
source modality to the target one, in order to fully utilize the inconsis-
tent complementary information of the modalities in the compressed 
domain.

Specifically, to encourage interactions between different modalities, 
we use cross-modal attention (CMA) to help the target modality learn 
cues from the source modalities, where a CMA in the case that 𝐼𝑠 and 
𝑀𝑠 interact is defined as: 

CMA𝑀→𝐼
(

𝐼𝑠,𝑀𝑠
)

= 𝑆𝑀

(

𝑄𝐼𝐾𝑇
𝑀

√

𝑑𝑘

)

𝑉𝑀 ∈ R𝑛𝑡×𝑑𝑣 (7)

where the query 𝑄𝐼 = 𝐼𝑠𝑊𝑄𝐼  with 𝑊𝑄𝐼 ∈ R𝑑×𝑑𝑘 , the key 𝐾𝑀 =
𝑀𝑠𝑊𝐾𝑀  with 𝑊𝐾𝑀 ∈ R𝑑×𝑑𝑘 , and the value 𝑉𝑀 = 𝑀𝑠𝑊𝑉𝑀  with 
𝑊𝑉𝑀 ∈ R𝑑×𝑑𝑣 . 𝑆𝑀(⋅) is conducted row by row. For the interaction 
between 𝐼𝑠 and 𝑅𝑠, CMA𝑅→𝐼

(

𝐼𝑠, 𝑅𝑠
) can be similarly obtained. Based 

on multiple stages of CMA, we then design a multimodal interaction 
transformer (MI-Former) to enable the modality 𝐼 to learn information 
from the modalities of 𝑀 and 𝑅. Compared with common feature in-
teraction methods, our interaction strategy is modality-asymmetric, and 
the cross-attention strategy provides more targeted and adaptive fusion. 
It enables the I-frame features to selectively focus on useful cues from 
motion and residual modalities, dynamically aligns complementary 
information across modalities, and highlights salient expression regions 
through adaptive weighting, leading to more robust and discriminative 
representations.

First, to enable the feature representation to carry temporal infor-
mation, we add positional embedding (PE) enhancement [36] to the 
three modalities 𝐼 , 𝑀 and 𝑅. For instance: 
𝑍[0]
𝐼 = 𝐼𝑠 + PE𝐼 (𝑛𝑡, 𝑑)

𝑍[0]
𝑀 =𝑀𝑠 + PE𝑀 (𝑛𝑡, 𝑑)

(8)

where PE𝐼 (𝑛𝑡, 𝑑) ,PE𝑀 (𝑛𝑡, 𝑑) ∈ R𝑛𝑡×𝑑 represent the embedding of the 
corresponding position index [36].

Formally, the proposed MI-Former consists of 𝑛𝑑 CMA encoders, 
which are progressively computed as: 
𝑍[0]
𝑀→𝐼 = 𝑍[0]

𝐼
𝑍̂[𝑗]
𝑀→𝐼 = CMA[𝑗]

𝑀→𝐼

(

𝐿𝑁
(

𝑍[𝑗−1]
𝑀→𝐼

)

, 𝐿𝑁
(

𝑍[0]
𝑀

))

+𝐿𝑁
(

𝑍[𝑗−1]
𝑀→𝐼

)

𝑍[𝑗]
𝑀→𝐼 = 𝑓𝜃[𝑗]𝑀→𝐼

(

𝐿𝑁
(

𝑍̂[𝑗]
𝑀→𝐼

))

+ 𝐿𝑁
(

𝑍̂[𝑗]
𝑀→𝐼

)

(9)

where 𝑓𝜃[𝑗]𝑀→𝐼
 is the 𝑗th feed-forward sublayer parameterized by 𝜃[𝑗]𝑀→𝐼

(1 ≤ 𝑗 ≤ 𝑛𝑑). In this way, the target modality 𝐼 can continuously receive 
information from the source modality 𝑀 through a MI-Former, which 
enables network to exchange cues between modalities and learn their 
correlation.

As a result, we obtain the representations 𝑍[𝑛𝑑]
𝑀→𝐼 ∈ R𝑛𝑡×𝑑 corre-

sponding to the target modality 𝐼 after interaction with the source 
modality 𝑀 . Similarly, we get the representation 𝑍[𝑛𝑑]

𝑅→𝐼 ∈ R𝑛𝑡×𝑑 of 
𝐼 after the interaction with another source modality 𝑅, for further 
learning meaningful information about cross-modal association.

Intra-Modal Enhancement (Intra-ME). To enable the target modal-
ity to learn the information of the source modalities after inter-modal 
weighting and cross-modal interaction, we weigh each representation 
of the target modality via the proposed Intra-ME. First, based on the 
three representations of the target modality 𝐼 , i.e., 𝑍[𝑛𝑑]

𝑀→𝐼 , 𝑍𝐼  and 
𝑍[𝑛𝑑] ∈ R𝑛𝑡×𝑑 through the preceding two stages, we flatten them 
𝑅→𝐼

6 
into the vector representations, i.e. 𝐹𝑍𝑀→𝐼 , 𝐹𝑍𝐼  and 𝐹𝑍𝑅→𝐼 ∈ R𝑑𝑡×1, 
where 𝑑𝑡 = 𝑛𝑡 ⋅ 𝑑. Then, for each of the vector representation, we 
use a shared attention vector 𝑠𝑞 ∈ R𝑑𝑡×1 to obtain the attention 
weights 𝜇𝑀→𝐼 , 𝜇𝐼  and 𝜇𝑅→𝐼 . Here, 𝑠𝑞 denotes a learnable global query 
vector that is randomly initialized and optimized during training to 
adaptively extract importance information from the three-modality rep-
resentations. Although Intra-ME involves linear projection and fusion 
operations, it performs adaptive weighting guided by 𝑠𝑞 to emphasize 
semantically relevant modalities and suppress redundant information, 
thereby enhancing cross-modal feature representation. Specifically, 
𝜇𝑀→𝐼 = 𝑠𝑞𝑇 tanh

(

𝑾 𝑀→𝐼𝐹𝑍𝑀→𝐼 + 𝒃𝑀→𝐼
)

(10)

where 𝑊𝑀→𝐼 ∈ R𝑑𝑡×𝑑𝑡 , 𝑏𝑀→𝐼 ∈ R𝑑𝑡×1. Similar to Eq. (10), 𝜇𝐼 , 𝜇𝑅→𝐼  can 
also be obtained, and these weights are further normalized using the 
Softmax function as: 
[𝜓𝑀→𝐼 , 𝜓𝐼 , 𝜓𝑅→𝐼 ] = 𝑆𝑀([𝜇𝑀→𝐼 , 𝜇𝐼 , 𝜇𝑅→𝐼 ]) (11)

The final representation of modality 𝐼 , i.e., 𝐹𝑅𝐼 ∈ R3𝑑𝑡  is obtained by 
the concatenation of weighted summation as: 

𝐹𝑅𝐼 =
[

𝜓𝑀→𝐼 ⊗ 𝐹𝑍𝑀→𝐼 , 𝜓𝐼 ⊗ 𝐹𝑍𝐼 , 𝜓𝑅→𝐼 ⊗ 𝐹𝑍𝑅→𝐼
]

(12)

where ⊗ represents the scalar multiplication operator.
Finally, 𝐹𝑅𝐼  is used in the classification with the cross entropy loss: 

𝐶𝐸 = − 1
𝑛
∑𝑛
𝑘=1

∑#𝑐𝑙𝑎𝑠𝑠
𝑐=1 1𝑦𝑘=𝑐 log

(

𝑦̂(𝑘,𝑐)
)

𝑦̂ = 𝐹𝐶
(

𝐹𝑅𝐼
)

∈ R#𝑐𝑙𝑎𝑠𝑠 (13)

where 𝐹𝐶 denotes a fully connected layer, #𝑐𝑙𝑎𝑠𝑠 denotes the number 
of classes, 𝑛 denotes the number of samples (or video sequences), 
𝑦̂(𝑘,𝑐) denotes the probability that the 𝑘th sample is predicted to be 
its ground-truth category, i.e. 𝑦𝑘. For clarity, the pseudo code of the 
proposed algorithm is presented in Algorithm 1, and the detailed flow 
of the module MAaI is shown in Algorithm 2.

Complexity analysis. We then analyze the time complexities of 
our proposed MpTF and MAaI. Firstly, the MpTF consists of 𝑛𝑙 single-
head attention transformer encoders for the three modal features 𝐱𝐼 , 
𝐱𝑀  and 𝐱𝑅 ∈ R𝑛𝑡×𝑑 . Therefore, the complexity of the MpTF module 
is 𝑂 (

𝑛𝑙 ⋅ 𝑛𝑡2
)

. For the MAaI module, it consists of an Inter-MW, a MI-
Former, and an Intra-ME. The time complexity of the Inter-MW, mainly 
arises from the computation of the cosine similarity between 𝐳𝑛𝑙(𝐼,0) ∈ R𝑑

and 𝐳𝑛𝑙(𝑀,0), 𝐳
𝑛𝑙
(𝑅,0) ∈ R𝑑 , which is 𝑂(𝑑). In MI-Former, 𝑛𝑑 cross-modal 

attention encoders are utilized for multimodal interaction, hence the 
time complexity of this module is 𝑂 (

𝑛𝑑 ⋅ 𝑛𝑡2 ⋅ 𝑛ℎ
)

. The time complexity 
of the Intra-ME, mainly arises from the differentiated enhancement of 
three representations of the target modality 𝐼 , i.e., 𝐹𝑍𝑀→𝐼 , 𝐹𝑍𝐼  and 
𝐹𝑍𝑅→𝐼 ∈ R𝑑𝑡×1, which is 𝑂(𝑑2𝑡 ). Thus, the complexity of the MAaI 
module is approximate to 𝑂(𝑑) + 𝑂 (

𝑛𝑑 ⋅ 𝑛𝑡2 ⋅ 𝑛ℎ
)

+ 𝑂(𝑑2𝑡 ). In summary, 
the total complexity of our proposed method is 𝑂 (

𝑛𝑙 ⋅ 𝑛𝑡2
)

+ 𝑂(𝑑) +
𝑂
(

𝑛𝑑 ⋅ 𝑛𝑡2 ⋅ 𝑛ℎ
)

+ 𝑂(𝑑2𝑡 ).

4. Experiments

4.1. Datasets

Oulu-CASIA: The Oulu-CASIA [54] dataset contains six basic ex-
pressions of 80 subjects, including ‘angry’, ‘disgust’, ‘fear’, ‘happy’, ‘sad’ 
and ‘surprise’. Each video can be divided into three parts: normal, 
weak and dark according to lighting conditions. Each part contains 
480 sequences, and each expression sequence starts from the neutral 
stage and ends with the emotional peak. We employ the same 10-fold 
cross-validation strategy as current state of the arts.

AFEW: The AFEW [55] dataset is composed of video clips from 
films, including spontaneous expressions, lighting changes, various 
head poses and occlusions. It contains 1809 video clips with seven ex-
pressions: ‘angry’, ‘disgust’, ‘fear’, ‘happy’, ‘sad’, ‘surprise’, and ‘neutral’. 
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Algorithm 1: The training of the proposed algorithm
Input: Compressed video training dataset {𝑐𝑣𝑘, 𝑦𝑘}𝑛𝑘=1, model 

parameters 𝜃.
Output: Optimized model.
Initialize 𝜃 with a pre-trained model;
while not converged do

Randomly sample 𝑛𝑡 frames in compressed video of facial 
expressions
Get the three modalities 𝐼,𝑀,𝑅 for each frame by Eq. (1)
#Employ MpTF module
Extract each modality feature 𝐱𝐼 , 𝐱𝑀 , 𝐱𝑅
Get the spatio-temporal features 𝐼(𝑛𝑡), 𝑀(𝑛𝑡), 𝑅(𝑛𝑡) parallelly by 
Eqs. (2)∼(5).
#Employ Inter-MW module
Get the global information 𝐳𝑛𝑙(𝐼,0), 𝐳𝑛𝑙(𝑀,0), 𝐳

𝑛𝑙
(𝑅,0) of each modality 

based on global tokens {𝐱(𝑖,0)}
Calculate the weights 𝑠𝑀  and 𝑠𝑅 of the modalities 𝑀 and 𝑅 by 
Eq. (6)
Get the weighted features 𝐼𝑠, 𝑀𝑠, 𝑅𝑠.
#Employ MI-Former module
Get the modal interaction features 𝑍[𝑛𝑑]

𝑀→𝐼 , 𝑍
[𝑛𝑑]
𝑅→𝐼  by Eqs. 

(7)∼(9).
#Employ Intra-ME module
Obtain the final representation 𝐹𝑅𝐼  with fusion of three 
representations of the target modality by Eqs. (10)∼(12).
#Perform forward calculation and backpropagation
Get the prediction probabilities 𝑦̂ of videos and calculate the 
cross-entropy loss 𝐶𝐸 by Eq. (13)
Update 𝜃 with back propagation according to 𝐶𝐸 .

end 

Algorithm 2: The Cross-Modal Interaction in MAaI
Input: Temporal features of three modalities 𝐼 , 𝑀 , 𝑅 from MpTF.
Output: Final fused representation 𝐹𝑅𝐼  of the target modality 𝐼 .
# Step 1: Inter-Modal Weighting (Inter-MW)
Obtain the global information 𝐳𝑛𝑙(𝐼,0), 𝐳𝑛𝑙(𝑀,0), and 𝐳𝑛𝑙(𝑅,0) of each 
modality by aggregating global tokens 𝐱(𝑖,0) via Eqs. (2)∼(5).
Compute cosine similarities between 𝐼 and 𝑀,𝑅 to generate 
importance weights 𝑠𝑀 , 𝑠𝑅 by Eq. (6).
Derive the weighted modality features: 𝐼𝑠 = 𝐼(𝑛𝑡) ∈ R𝑛𝑡×𝑑 , 
𝑀𝑠 =𝑀(𝑛𝑡) ⋅ 𝑠𝑀 ∈ R𝑛𝑡×𝑑 , and 𝑅𝑠 = 𝑅(𝑛𝑡) ⋅ 𝑠𝑅 ∈ R𝑛𝑡×𝑑 .
# Step 2: Multimodal Interaction (MI-Former)
Use 𝐈𝑠 as the Query and 𝐌𝑠,𝐑𝑠 as the Key/Value inputs in the 
cross-attention mechanism.
Compute cross-modal attention to obtain the complementary 
interaction outputs: 𝑍[𝑛𝑑]

𝑀→𝐼  and 𝑍
[𝑛𝑑]
𝑅→𝐼 , representing motion- and 

residual-enhanced features of the target modality by Eqs. (7)–(9).
# Step 3: Intra-Modal Enhancement (Intra-ME)
Take the three target-side representations, 𝑍[𝑛𝑑]

𝑀→𝐼 , 𝑍𝐼 , and 𝑍
[𝑛𝑑]
𝑅→𝐼

(obtained from Step 2 and Step 1), and flatten them into vectors 
𝐹𝑍𝑀→𝐼 , 𝐹𝑍𝐼 , and 𝐹𝑍𝑅→𝐼 , respectively.
Compute attention weights 𝜇𝑀→𝐼  with the shared attention vector 
𝐬𝑞 by Eq. (10); obtain 𝜇𝐼  and 𝜇𝑅→𝐼  analogously.
Compute adaptive attention weights 𝜓𝑀→𝐼 , 𝜓𝐼 , and 𝜓𝑅→𝐼  via the 
normalization function defined in Eq. (11).
Fuse these weighted representations to form the final target 
representation 𝐹𝑅𝐼  by Eq. (12).

All video clips are divided into three parts: training (773 video clips), 
validation (383 video clips) and testing (653 video clips). Since its test 
set is not publicly available, we train our model on the training set and 
evaluate the performances on the validation set.
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DFEW: The DFEW [56] dataset comes from more than 1500 movies 
around the world, covering various challenging interferences, and 
is a large-scale unconstrained facial expression database. It contains 
12,059 single-label video clips and also includes 7 emotional labels, 
namely ‘angry’, ‘disgust’, ‘fear’, ‘happy’, ‘sad’, ‘surprise’ and ‘neutral’. 
All samples were divided into 5 equal-sized and non-overlapping folds, 
i.e. (fd1∼fd5), one of which was used for testing and the rest for 
training. We used the 5-fold cross-validation setup provided by DFEW 
to ensure fair comparisons among different methods.

4.2. Implementation details

Data Pre-processing: In our experiments, we convert the original 
video into MPEG-4 encoded compressed video and set the Group Of 
Pictures (GOP) to 1. Then we select a sequence of 𝑛𝑡 = 8 frames from the 
compressed video and transform each frame into the three modalities, 
i.e. I-frames, motion vectors and residuals as the input of our model. 
In addition, we employ only simple data augmentation techniques, 
i.e., image flipping and random erasure to avoid over-fitting. To reduce 
the dependence on computational resources, we preprocessed all the 
original images according to facial landmarks to generate face images 
and resized the images to 112 × 112 before acquiring the modalities.

Training Setting: We perform our experiments with GeForce RTX 
3090 GPUs to build the entire framework on PyTorch. For feature 
extraction of the three modalities, we use ResNet18 [52] pre-trained 
on the face recognition dataset, i.e. MS-Celeb-1M (MS1M) [57]. For 
the AFEW and DFEW datasets, we set the learning rate to 3e-5 and 
the batch size to 32. For the Oulu-CASIA dataset, we set the learning 
rate to 3e-4 and the batch size to 4. For all the models, we use the 
Adam optimizer with a weight decay of 0.0001 and the learning rate 
scheduler of ExponentialLR with the gamma value of 0.9. Training ends 
at epoch 120. In our approach, we set the numbers of encoders in the 
MpTF and MI-Former to 𝑛𝑙 = 1 and 𝑛𝑑 = 3, respectively.

In all experiments, we use weighted average recall (WAR) and un-
weighted average recall (UAR) as evaluation metrics. In the following 
experiments, we conduct the analysis and discussion mainly on DFEW.

4.3. Ablation studies

For the baseline model, the features of the three modalities are 
extracted and directly concatenated for classification. In this section, 
we perform ablation studies to evaluate the performance of each mod-
ule, the importance of different modalities, the performance sensitivity 
against the numbers of encoders and frames, and the performance 
under different target modalities.

Ablation study of proposed modules: We first investigate the 
effectiveness of each module of our approach in Table  2. It shows 
that MpTF and MI-Former bring large improvements, e.g. using MpTF 
can increase UAR and WAR by 1.33% and 1.12%, respectively, and 
integrated MI-Former can further improve UAR by 0.65% and WAR by 
0.59%. The effectiveness of MpTF maybe due to that it can take into 
account the characteristics of each modality, when providing temporal 
features for dynamic FER tasks. MI-Former achieves good performance 
since it enables inter-modal interactions and provides correlation in-
formation between modalities. In addition, the use of Inter-MW reduces 
the influence of modality-specific noise, bringing further improvements 
(UAR/0.17%, WAR/0.31%). Finally, using Intra-ME for differentially 
enhancing the three representations of the target modality, our method 
improves the baseline by 2.65% in terms of UAR and 2.26% in terms 
of WAR.

Evaluation of the modal importance: To evaluate the importance 
of each modality, we conducted an ablation study of our model on 
DFEW based on different combinations of modalities, and the results 
are shown in Table  3. For individual modalities, I-frames obtained the 
best accuracy of 63.95%, indicating that this modality contains the 
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Table 2
Ablation study of our method on DFEW.
 MpTF MAaI Params(MB) UAR(%) WAR(%) 
 Inter-MW MI-Former Intra-ME   
 × × × × 33.61 53.44 65.79  
 ✓ × × × 37.16 54.77 66.91  
 ✓ ✓ × × 37.16 54.94 67.22  
 ✓ ✓ ✓ × 37.57 55.59 67.81  
 ✓ ✓ ✓ ✓ 38.60 56.09 68.05  

Table 3
Comparison of modality importance on DFEW.
 I M R Params(MB) UAR(%) WAR(%) 
 ✓ × × 12.39 51.98 63.95  
 × ✓ × 12.38 34.39 44.23  
 × × ✓ 12.39 43.11 53.59  
 × ✓ ✓ 25.99 48.45 60.09  
 ✓ × ✓ 25.99 54.42 66.91  
 ✓ ✓ × 25.99 54.88 67.39  
 ✓ ✓ ✓ 38.60 56.09 68.05  

Table 4
Performance sensitivity against different numbers of encoders, i.e. the hyper-
parameters of 𝑛𝑙 and 𝑛𝑑 on DFEW.
 𝑛𝑙 𝑛𝑑 Params(MB) UAR(%) WAR(%) 
 1 1 38.08 54.56 67.33  
 3 1 45.61 54.58 66.92  
 1a 3a 38.60 56.09 68.05  
 3 3 45.67 55.03 67.39  
 1 6 38.83 55.18 67.48  
a Denotes the default setting used in our method.

Table 5
Performances of different target modality settings on DFEW. 
 Target modality Params(MB) UAR(%) WAR(%) 
 Ia 38.60 56.09 68.05  
 𝑀 38.60 52.06 63.96  
 𝑅 38.60 54.19 66.17  
 𝐼,𝑀,𝑅 38.58 55.51 67.51  
a Denotes the default setting used in our method.

Table 6
End-to-end runtime breakdown for different data setups on DFEW.
 Data mode Full-frame

decoding
Data loading /
modality extraction

Model
inference

Total
time

 

 Raw RGB video 1.64 s 0.45 s 2.20 s 4.29 s  
 Compressed video N/A 1.10 s 2.55 s 3.65 s  

Fig. 4. Accuracy of different numbers of frames (𝑛𝑡) on DFEW. Our method 
uses the setting of 𝑛𝑡 = 8.
8 
richest expression cues, that is why we set I-frame as the target modal-
ity and the other two modalities as the source modalities. Although 
individual motion vectors and residuals achieve less competitive per-
formances, they can bring further improvement over I-frames, i.e., they 
helped I-frames improve by 2.90%/2.44% and 3.44%/2.96% in terms 
of UAR and WAR, respectively.

Evaluation of the number of encoders: In our approach, we set 
the numbers of encoders, i.e. 𝑛𝑙 for MpTF and 𝑛𝑑 for MI-Former as 1 
and 3, respectively. In this section, we study the performance sensitivity 
against these parameters, and present the results in Table  4. Table  4 
shows that a shallow model, corresponding to small 𝑛𝑙 and 𝑛𝑑 , performs 
poorly due to its limited parameters. From another aspect, a deep 
network with large 𝑛𝑙 and 𝑛𝑑 may lead to overfitting, since the patterns 
of the motion vectors and residuals are much simpler than those of the 
I-frames in the compression domain. Therefore, increasing the number 
of model encoders maybe not be always helpful to the performance.

Evaluation of frame number: In the proposed method, a small 
number of frames (𝑛𝑡) is employed to obtain the cues associated with 
the three modalities, we further study the performance when a larger 𝑛𝑡
is used, i.e., an ablation study of this parameter is conducted in Fig.  4. 
It shows that our method obtains the best results in terms of WAR and 
UAR at 𝑛𝑡 = 8, which is only 0.4% higher than the average performance 
of 𝑛𝑡 = 2 ∼ 16 (except 𝑛𝑡 = 8), indicating that our method is robust to 
the variation of this parameter. In addition, a too large 𝑛𝑡 may impair 
the generalization of the model due to possible invalid frames, while a 
smaller 𝑛𝑡 is more helpful to the robustness of our method on capturing 
the temporal cues of frame-level modal features, and it can also reduce 
the computational overhead.

Evaluation of different target modalities: Considering that the 
I-frames (𝐼) often contain the richest cues in the compressed domain 
(a detailed description is introduced in Section 4.5), we use them as 
our target modality, while the motion vectors (𝑀) and residuals (𝑅) as 
the source modalities for interaction with them in the representation 
learning. To study the performance when the target modality is set to 
𝑀 , 𝑅 or all the three modalities (𝐼 , 𝑀 , 𝑅) are used as target modalities 
(when one modality is used as target one, the other two modalities are 
used as source ones), we perform an ablation study on the setting of 
the target modality in Table  5, where the performances are compared 
with that of the default setting, i.e. the target modality is set as 𝐼 .

Table  5 shows that the performance is degraded when either 𝑀 or 𝑅
is used as the target modality. Specifically, when 𝑀 is used as the target 
modality, the performance is decreased by 4.03% and 4.09% in terms 
of UAR and WAR, respectively. Especially, when using all the three 
modalities (𝐼 , 𝑀 , 𝑅) as the target modalities, the performances of UAR 
and WAR are reduced by margins of 0.58% and 0.54%, compared with 
the default setting of using 𝐼 as the target modality. This performance 
decline maybe due to the fact that the modalities of motion vectors and 
residuals also introduce noise or redundant information to the I-frame, 
besides of the complementary cues.

Comparison of computational complexity: Our method operates 
directly in the compressed domain of videos. To validate its efficiency, 
we compared it with an approach that decompresses the original video 
first. To provide a detailed efficiency analysis, we further report an end-
to-end runtime breakdown under two data setups, including full-frame 
decoding, data loading/modality extraction, actual model inference, 
and total processing time. All measurements were conducted on the 
DFEW dataset using a workstation equipped with an NVIDIA GeForce 
RTX 3090 GPU.

As shown in Table  6, the raw RGB video mode requires 1.64 s 
for full-frame decoding, 0.45 s for data loading, and 2.20 s for model 
inference, resulting in a total processing time of 4.29 s per video. 
In contrast, the compressed-video mode does not require full-frame 
RGB decoding, and requires 1.10 s for data loading and compressed-
domain modality extraction, including I-frames, motion vectors, and 
residuals. Although its model inference time is slightly higher due 
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Table 7
Robustness under different compression settings on DFEW.
 Compression factor Setting UAR(%) WAR(%) 
 Codec H.264a 56.09 68.05  
 Codec H.265/HEVC 55.95 67.92  
 Codec AV1 55.82 67.79  
 GOP size 1a 56.09 68.05  
 GOP size 3 55.78 67.68  
 GOP size 5 55.45 67.31  
 QP 25 56.00 68.00  
 QP 30a 56.09 68.05  
 QP 40 55.97 67.93  
a Denotes the default setting used in our method.

to the three-branch multimodal design, the total processing time is 
reduced from 4.29 s to 3.65 s per video. These results indicate that 
the proposed compressed-domain framework reduces the end-to-end 
runtime by avoiding full-frame RGB decoding while preserving the 
advantages of multimodal compressed-domain representation.

Robustness under different compression settings:  Since the pro-
posed method directly relies on compressed-domain signals, we further 
evaluate its robustness under different compression configurations on 
DFEW, including video codecs, Group of Pictures (GOP) sizes, and 
quantization parameters (QP). Unless otherwise specified, the default 
setting is H.264 with GOP = 1 and QP = 30.

As shown in Table  7, the proposed method remains stable under 
different codec settings. When replacing the default H.264 codec with 
H.265/HEVC and AV1, the largest performance drops are only 0.27 
percentage points in UAR and 0.26 percentage points in WAR. When 
increasing the GOP size from 1 to 5, UAR and WAR decrease by 0.64 
and 0.74 percentage points, respectively. This indicates that the method 
can tolerate different temporal coding structures, although a larger GOP 
size slightly changes the distribution of motion vectors and residuals. 
In addition, varying QP from 25 to 40 leads to only minor performance 
fluctuations, with the maximum drop being 0.12 percentage points in 
both UAR and WAR compared with the default QP = 30. These results 
demonstrate that the proposed compressed-domain framework is not 
overly sensitive to variations in codec type, GOP size, and quantization 
parameter (QP), and can maintain stable performance under realistic 
compression settings.

Comparison with key-frame-based methods: To further validate 
the effectiveness of dynamic temporal modeling, we conducted an 
additional comparison between our dynamic sequence-based frame-
work and static key-frame recognition approaches on the Oulu-CASIA 
dataset. Specifically, the last three frames of each sequence were se-
lected as key frames to represent peak expressions, following the stan-
dard protocol used in static facial expression recognition. As shown in 
Table  8, our dynamic facial expression recognition framework achieves 
a 0.57% improvement in WAR over the best-performing static key-
frame-based method (DICE-FER [58]), while using the same back-
bone (ResNet18). This result confirms that static key-frame approaches 
tend to lose essential temporal variation cues, such as sequential eye-
gaze and mouth-motion changes, which are crucial for distinguish-
ing visually similar expressions. By contrast, dynamic modeling effec-
tively captures these temporal dependencies, yielding more robust and 
discriminative representations.

Evaluation of inter-modal weighting sensitivity: To further ana-
lyze the sensitivity of inter-modal weighting, we conducted additional 
experiments on the DFEW dataset to evaluate the contribution of each 
modality weighting factor. As shown in Table  9, the motion vector 
weighting 𝑆𝑀  improves UAR by 0.15% and WAR by 0.27% by compar-
ing the 2nd and 3rd rows, while the residual weighting 𝑆𝑅 improves 
UAR by 0.13% and WAR by 0.13% by comparing the 2nd and 4th rows. 
These results indicate that both weighting factors effectively suppress 
9 
Table 8
Comparison of static recognition methods and ours on the Oulu-CASIA. Bold 
denotes the best. Underline denotes the second best.
 Methods Training Data Feature WAR(%) 
 ATT [59]’ 2024 The last three frames Static 89.03  
 HNCL [60]’ 2025 The last three frames Static 87.31  
 DICE-FER [58]’ 2025 The last three frames Static 91.10  
 Ours The last three frames Static 91.23  
 Ours Sequence Dynamic 91.67  

Table 9
Comparison of inter-modal weight effects on the DFEW.
 𝑆𝑀 𝑆𝑅 UAR(%) WAR(%) 
 – – 55.84 67.65  
 ✓ – 55.99 67.92  
 – ✓ 55.97 67.78  
 ✓ ✓ 56.09 68.05  

Table 10
Comparison of SOTA methods and ours on Oulu-CASIA. Bold denotes the best. 
Underline denotes the second best.
 Methods Training Data Feature WAR(%) 
 STM-Exp [61]’ 2014 All frames Dynamic 74.59  
 DTAGN [62]’ 2015 All frames Dynamic 81.46  
 LOMo [63]’ 2016 All frames Dynamic 82.10  
 Traj. on S+(2, n) [64]’ 2017 All frames Dynamic 83.13  
 PHRNN-MSCNN [65]’ 2017 All frames Dynamic 86.25  
 SAANet [66]’ 2020 All frames Dynamic 88.33  
 MGLN [28]’ 2020 All frames Dynamic 90.40  
 CAN [67]’ 2021 Sixteen frames Dynamic 88.33  
 STANER [68]’ 2022 All frames Dynamic 89.52  
 STAFER [69]’ 2023 All frames Dynamic 88.34  
 CSTAN [70]’ 2023 Sixteen frames Dynamic 90.67  
 ESTLNet [71]’ 2024 Eight frames Dynamic 89.38  
 Baseline Eight frames Dynamic 88.75  
 Ours Eight frames Dynamic 91.67  

modality-specific noise and enhance overall feature representation, 
demonstrating the robustness of the inter-modal weighting mechanism.

4.4. Comparison with SOTA methods

Results on in-the-laboratory dataset. To study the performance 
of our algorithm on in-the-lab datasets, Table  10 reports the perfor-
mances of different state of the arts on Oulu-CASIA, where only the 
metric WAR is used for the evaluation and comparison following the 
works [68,70]. It shows that our proposed method achieves WAR of 
91.67% in recognizing six basic expressions, outperforming current 
SOTA methods. CSTAN [70] proposes to learn and integrate spatiotem-
poral emotional information during expression changing, while it only 
considers spatiotemporal characteristics and relies on the original video 
modality, without utilizing the multimodal information of the video. In 
addition, it uses 16 frames of a single video as input, which demands 
larger overhead of network training compared with ours that uses only 
8 frames. Meanwhile, our method not only considers the temporal 
inconsistency among the employed three modalities, but also makes 
full use of the complementary information among these modalities, and 
achieves the best performance with 1% higher WAR than CSTAN.

Results on in-the-wild dataset. Compared with data collected in 
laboratory scenarios, the data in the wild conditions are more complex 
and challenging. In this section, we evaluate the performance of our 
model on in-the-wild datasets of DFEW and AFEW.

For the DFEW dataset, the experiments are performed under 5-fold 
cross-validation following the previous work [56], and the results are 
shown in Table  11. The results show that our method outperforms 
current SOTA method, i.e., DPCNet [16] by 1.07% in terms of UAR. 
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Table 11
Comparison of our method with SOTA methods on DFEW. Bold denotes the best. Underline denotes the second best. ‡ denotes 
that the results were computed based on the confusion matrix reported in the corresponding paper.
 Methods Feature Backbone FLOPs(G) Param(MB) UAR(%) WAR(%) 
 C3D [26]’ 2015 Dynamic C3D 77.23 78 42.74 53.54  
 C3D,EC-STFL [56]’ 2020 77.23 78 45.10 55.50  
 R3D18 [72]’ 2018 Dynamic 3D ResNet18 40.86 33 42.79 53.22  
 R3D18,EC-STFL [56]’ 2020 81.73 33 45.05 56.19  
 VGG11-LSTM [56]’ 2020 Dynamic VGG11 63.87 153 42.39 53.70  
 VGG11-LSTM,EC-STFL [56]’ 2020 63.87 153 44.78 56.25  
 ResNet18-LSTM [56]’ 2020

Dynamic ResNet18
15.71 31 42.86 53.08  

 ResNet18-LSTM,EC-STFL [56]’ 2020 15.71 31 43.60 54.72  
 Former-DFER [15]’ 2021 9.11 146 53.69 65.70  
 ResNet50-LSTM [16]’ 2022 Dynamic ResNet50 35.67 37 50.85 62.26  
 DPCNet [16]’ 2022 9.52 51 55.02‡ 66.32  
 RS-DFER [73]’ 2023 Dynamic 3D Resnet18 4.78 42.52 51.79 63.31  
 Transformer [17]’ 2023 Dynamic Transformer N/A 34.37 50.39 63.85  
 EST [17]’ 2023 N/A 42.78 53.94 65.85  
 LOGO-FORMER [18]’ 2023 Dynamic ResNet18 10.27 N/A 54.21 66.98  
 ESTLNet [71]’ 2024 N/A N/A N/A 68.78  
 D2SP [74]’ 2025 Dynamic ResNet18+LSTM N/A N/A 51.40 64.72  
 MS-CRFNet [75]’ 2025 Dynamic ResNet18 N/A N/A 54.00 66.81  
 ResNet18(baseline) Dynamic ResNet18 11.62 33.61 53.44 65.79  
 Ours 11.66 38.60 56.09 68.05  
Table 12
Comparison of our method with SOTA methods on AFEW. Bold denotes the 
best. Underline denotes the second best.
 Methods Feature UAR(%) WAR(%) 
 C3D [26]’ 2015 Dynamic 43.75 46.72  
 I3D-RGB [76]’ 2017 Dynamic 41.86 45.41  
 R(2+1)D [72]’ 2018 Dynamic 42.89 46.19  
 3D ResNet18 [77]’ 2018 Dynamic 42.14 45.67  
 Multimodal-CNN [78]’ 2018 Dynamic N/A 51.44  
 Emotion-BEEU [79]’ 2020 Dynamic N/A 52.49  
 MIC [6]’ 2021 Dynamic N/A 53.18  
 Former-DFER [15]’ 2021 Dynamic 47.42 50.92  
 DPCNet [16]’ 2022 Dynamic 47.86 51.67  
 CEFNet [80]’ 2022 Dynamic N/A 53.98  
 RS-DFER [73]’ 2023 Dynamic 48.88 49.76  
 EST [17]’ 2023 Dynamic 49.57 54.26  
 ESTLNet [71]’ 2024 Dynamic N/A 53.79  
 baseline Dynamic 47.58 52.36  
 Ours Dynamic 49.59 54.30  

In terms of WAR, our algorithm ranks the second, which is only 
inferior to current SOTA method ESTLNet [71] by 0.73%. It is probably 
because that the large-scale in-the-wild dataset DFEW contains more 
sequences with tiny expression variations, placing a large challenge 
to our compressed video-driven algorithm. It is noteworthy that, our 
approach substantially reduces data storage requirements, i.e., from 
17G to 1.6G, achieving a 90.5% reduction compared to SOTA methods, 
validating the substantial merit of our method in real application.

For the AFEW dataset, our model is mainly compared with SOTA 
methods that are also trained based on videos. Table  12 shows that our 
method achieves the best results in terms of both UAR and WAR, and 
improves the baseline by 2.01% and 1.94%, respectively. Compared 
with MIC [6], which only uses single-modality information, i.e., residu-
als,  in the compressed domain, our method achieves a WAR value that 
is 1.12% higher, indicating that the multiple modalities we employed 
can provide complementary cues for the feature representation.

Additionally, we show the performance of our algorithm for each 
category of expressions from DFEW, i.e. the confusion matrices in Fig. 
5, it demonstrates that our method shows relatively consistent accura-
cies across the five folds of DFEW, and achieves the highest average 
accuracy of 90.14% for the ‘happy’ expression, while has difficulty in 
10 
predicting the expressions of ‘disgust’ and ‘fear’. This maybe due to the 
severe label imbalance of DFEW, in which ‘disgust’ and ‘fear’ account 
for only the proportions of 1.22% and 8.14%, that are significantly 
smaller than those of the other categories.

4.5. Visualization

Visualization of the results of the modal-parallel temporal 
transformer (MpTF). To shed light on the effect of MpTF, we visualize 
the modification brought by this module on target modality, i.e. the I-
frame (since it contains the richest expression information), by studying 
the heatmaps generated with/without the MpTF, and the results are 
shown in Fig.  6.

For the setting of baseline (the second row), the model takes no 
account of the temporal cues and treats each frame as an independent 
frame. As a result, as shown in Fig.  6, heat maps of frames from 
the same expression sequence focus on different positions, resulting 
in predicting a ‘angry’ expression to be ‘sad’. This result shows that 
MpTF provides the indispensable temporal information for dynamic 
FER in the compressed domain. In addition, Fig.  6 shows that the three 
modalities also show a large inconsistency in temporal representations.

Furthermore, to evaluate the performance of parallel optimization 
of three modalities, that is aware of the inconsistency of different 
modalities, we conduct a tiny ablation study in Table  13, where a 
non-modal-parallel setting (‘𝑤∕𝑜’), i.e., the three network branches 
of the three modalities share weights, is used for the comparison. 
Table  13 shows that the proposed modal-parallel setting can achieve 
improvements of 0.69% and 0.39% on DFEW in terms of UAR and 
WAR, respectively, with the sacrifice of slightly increased number of 
model parameters. These results show that the modal-parallel setting 
is beneficial to the following modal interaction learning, thanks to the 
exploration of the unique features of each modality.

Visualization of class attention maps (CAM). To explore the 
contributions of different modalities in the compressed domain, we 
visualized the representation of each modality and the corresponding 
CAM distribution [81] in Fig.  8.

As shown in the CAM specific to the I-frame modality (2nd row), our 
method pays more attention to the regions with the most discriminative 
cues (e.g., mouth, eyes, etc.). However, as shown in the red boxes, I-
frames may focus only on the eye region of the ‘happy’ expression, in 
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Fig. 5. The confusion matrices of our method on the fd1∼fd5 of DFEW. 
Fig. 6. Visualization of the effect of the modal-parallel temporal transformer (MpTF). The first row shows the original face images of ‘angry’ from DFEW; the 
second row shows the heatmaps generated by the baseline (predicted to be ‘sad’); and the third row shows the heatmaps generated by the variant with the MpTF 
added on the baseline (predicted to be ‘angry’). The yellow dotted box indicates the reconstructed frames (P-frames) in compressed videos.
Fig. 7. Feature distributions learned by the baseline (top) and our method (bottom) on fd1∼fd5 of DFEW.
this case, motion vectors and residuals help the model to transfer the 
attention on the cheek and mouth. That is, motion vectors and residuals 
can provide the movement of facial features and subtle expression 
changes, to compensate for the weaker temporal variation in I-frames, 
reflecting the usefulness of the proposed multimodal interactions in 
video expression representation.
11 
Visualization of weight distributions specific to the target mod-
ality. We use box plots in Fig.  9 to further analyze the weights 𝜓𝑀→𝐼 , 
𝜓𝐼 , 𝜓𝑅→𝐼  of the three representations 𝑍[𝑛𝑑]

𝑀→𝐼 , 𝑍𝐼 , 𝑍
[𝑛𝑑]
𝑅→𝐼  of the target 

modality obtained in Intra-ME (Eqs. (10)∼(12)). As shown in Fig.  9, the 
weight of 𝑍𝐼  is much larger than those of the other two representations, 
which means that the information provided by I-frame is the most 
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Fig. 8. Visualization of class attention maps (CAM) of three modalities. The modality cues in the compressed domain (odd rows) and the heatmaps (even rows) 
specific to the three modalities, i.e., I-frames (1st, 2nd rows), motion vectors (3rd, 4th rows), residuals (5th, 6th rows), are generated for a video with the ‘happy’ 
category from DFEW. The yellow dotted box indicates the reconstructed frames in compressed videos.
Table 13
Performance of the used modal-parallel setting (‘𝑤’) in MpTF for the DFEW 
dataset. 𝑤∕𝑜 indicates that the three branches of the modalities share network 
parameters.
 Modal-Parallel Params(MB) UAR(%) WAR(%) 
 𝑤∕𝑜 36.29 55.40 67.66  
 𝑤 38.60 56.09 68.05  

Fig. 9. Visualization of the weight (𝜓𝑀→𝐼 , 𝜓𝐼 , 𝜓𝑅→𝐼 ) distribution specific to 
the target modality.
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important. Meanwhile, since the motion vectors and residuals can 
also provide information, such as facial motion and complementary 
features, to the I-frame via multimodal interaction, the weights of 
𝑍[𝑛𝑑]
𝑀→𝐼  and 𝑍

[𝑛𝑑]
𝑅→𝐼  also account for certain proportions.

Visualization of failure cases. As shown in Fig.  10, the proposed 
method may still fail on expression sequences with very subtle visual 
changes. Such errors mainly occur when the facial motion is weak, 
the discriminative cues around the eyes and mouth are not sufficiently 
salient, or the illumination condition is poor. These challenging cases 
may produce weak motion-vector and residual responses, thereby lim-
iting the complementary cues that MI-Former can introduce in the 
I-frame representation of our compressed-domain framework. In ad-
dition, degraded appearance cues under poor illumination may also 
weaken the semantic guidance of the I-frame target modality, making 
the final multimodal representation ambiguous.

Visualization of feature distribution. In this part, we use t-
SNE [82] to visualize the distribution of dynamic expression features 
represented by the baseline and our method in Fig.  7. It shows that 
the features obtained by the baseline have significant overlap between 
categories. In contrast, our method achieves clearer boundaries be-
tween categories and more focused clustering centers, verifying that 
our method can learn more discriminative features for DFER.

4.6. Symbol definitions

To improve the readability and reproducibility of the proposed 
framework, we provide a summary of all mathematical symbols and 
their corresponding meanings in Table  14. This table lists the key 
variables used throughout Eqs. (2)∼(13) and Algorithm 1, including 
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Fig. 10. Representative failure cases with subtle visual changes. The first row shows a ‘happy’ sequence misclassified as ‘surprise’, and the second row shows a 
‘surprise’ sequence misclassified as ‘disgust’.
Table 14
Definition and description of symbols.
 Symbol Meaning  
 𝐼,𝑀,𝑅 Three modalities in compressed video: I-frame (full image), Motion Vector (inter-frame 

displacement), and Residual (pixel difference).
 

 𝑛𝑡 Number of sampled frames in each video clip.  
 𝑥(𝑖,𝑡) Feature vector of the 𝑡th frame under modality 𝑖 ∈ {𝐼,𝑀,𝑅}, extracted by the encoder 

(ResNet18).
 

 𝑒(𝑖,𝑡) Temporal positional encoding for modality 𝑖, used to preserve frame order information.  
 𝑧(0)(𝑖,𝑡) Initial input embedding of modality 𝑖, obtained by adding feature and positional encoding.  
 𝑊 𝑙

(𝑖,𝑞) ,𝑊
𝑙
(𝑖,𝑘) ,𝑊

𝑙
(𝑖,𝑣) Query, Key, and Value projection matrices for modality 𝑖 in the 𝑙th Transformer layer.  

 𝑞𝑙(𝑖,𝑡) , 𝑘𝑙(𝑖,𝑡) , 𝑣𝑙(𝑖,𝑡) Query, Key, Value vectors of modality 𝑖 at frame 𝑡.  
 𝛼𝑙(𝑖,𝑡) Self-attention weight of modality 𝑖 at frame 𝑡.  
 𝑠𝑙(𝑖,𝑡) Aggregated feature based on attention weights.  
 𝑧𝑙(𝑖,𝑡) Output feature of modality 𝑖 from the 𝑙th Transformer encoder.  
 𝐼 (𝑛𝑡 ) ,𝑀 (𝑛𝑡 ) , 𝑅(𝑛𝑡 ) Frame-level feature sequences of three modalities after temporal modeling.  
 𝑧(𝐼,0)𝑛𝑙

, 𝑧(𝑀,0)
𝑛𝑙

, 𝑧(𝑅,0)𝑛𝑙
Global representations (tokens) of each modality.  

 𝑠𝑀 , 𝑠𝑅 Cosine similarity between 𝐼 modality and 𝑀/𝑅 modalities, measuring inter-modal 
correlation.

 

 𝑀𝑠 , 𝑅𝑠 , 𝐼𝑠 Weighted features of target modality 𝐼 and source modalities 𝑀/𝑅.  
 𝑄𝐼 , 𝐾𝑀 , 𝑉𝑀 , 𝐾𝑅 , 𝑉𝑅 Query, Key, and Value matrices in the cross-modal attention.  
 CMA𝑀→𝐼 ,CMA𝑅→𝐼 Cross-modal attention outputs from source modalities 𝑀/𝑅 to target modality 𝐼 .  
 𝑍 [0]

𝐼 , 𝑍 [0]
𝑀 , 𝑍 [0]

𝑅 Initial feature representations of each modality after adding positional embeddings.  
 𝑍̂ [𝑗]

𝑀→𝐼 , 𝑍̂
[𝑗]
𝑅→𝐼 Representations of the 𝑗th cross-modal attention encoder layer.  

 𝑍 [𝑛𝑑 ]
𝑀→𝐼 , 𝑍

[𝑛𝑑 ]
𝑅→𝐼 Final representations of the 𝐼 modality after interaction with 𝑀/𝑅 modalities.  

 𝐹𝑍𝑀→𝐼
, 𝐹𝑍𝐼

, 𝐹𝑍𝑅→𝐼
Flattened features of 𝐼 and its two interacted representations.  

 𝑠𝑞 Shared attention query vector in Intra-ME.  
 𝜇𝑀→𝐼 , 𝜇𝐼 , 𝜇𝑅→𝐼 Raw attention scores of the three representations.  
 𝜓𝑀→𝐼 , 𝜓𝐼 , 𝜓𝑅→𝐼 Normalized attention weights obtained via Softmax.  
 𝐹𝑅𝐼 Final fused representation of the target modality 𝐼 , obtained via weighted concatenation.  
 𝑦̂ Predicted class probability distribution output.  
 𝐶𝐸 Cross-entropy loss function.  
 𝑛𝑙 Number of encoder layers in the Modal-Parallel Temporal Transformer (MpTF).  
 𝑛𝑑 Number of encoder layers in the multimodal Interaction Transformer (MI-Former).  
 𝑑 Dimensionality of modality features.  
 𝑑𝑡 Flattened feature dimensionality, 𝑑𝑡 = 𝑛𝑡 × 𝑑.  
intermediate feature representations, attention weights, and fusion out-
puts.

5. Conclusion and discussion

To avoid the high storage requirement of raw videos on which most 
existing methods were developed, we proposed to recognize videos 
directly in the compressed domain to reduce the storage overhead. 
13 
Furthermore, due to the availability of multiple modalities in com-
pressed videos, including I-frames, motion vectors, and residuals, each 
of which can provide unique facial expression information, we propose 
a method that combines modal-parallel temporal modeling and mul-
timodal interaction-based attention, to explore facial expression cues 
in the compressed video domain. In terms of utilizing the multimodal 
information in the compressed video, our algorithm mainly has two 
merits. First, the proposed modal-parallel temporal transformer for 
modeling the temporal information of all the modalities via a parallel 
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fashion, can well encode the specific characteristics of each modality, 
or each component of compressed video representation. Second, the 
multimodal adaptation and interaction module designed based on a 
multimodal interaction attention, can model the inter-modality, modal-
ity interaction and intra-modality cues for a complementary represen-
tation. Meanwhile, the inconsistency of the representation intensities of 
different modalities are well addressed. Our method achieves excellent 
performances on a laboratory collected dataset, i.e. Oulu-CASIA, as well 
as two in-the-wild datasets, i.e. DFEW and AFEW.

Although our method has shown effectiveness, there is still room 
for further improvement. First, our algorithm may fail to deal with the 
expression sequences with extremely small visual changes. Second, the 
proposed algorithm may be sensitive to the long-tail problem due to 
the uneven data distribution. We also note that motion vectors inher-
ently encode temporal variations of body posture, providing a natural 
signal basis for extending toward posture-driven emotion recognition. 
Meanwhile, inspired by recent advances in posture- and motion-based 
emotion recognition, e.g. Zhai et al. [83], Wang et al. [84], and Wang 
et al. [85], suggesting that posture/gesture features can offer stable and 
discriminative information to resist facial ambiguity or occlusion, we 
will explore integrating body posture and gesture information within 
a compressed-domain framework to build a unified, multi-level emo-
tion understanding model. Finally, although our method is practically 
meaningful in the compressed-domain setting in terms of reduced 
storage requirements and free of full-frame RGB decoding, a rigorous 
significance testing against all compared methods is deserved before its 
actual deployment.
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