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Abstract

Group affect refers to the subjective emotion that is
evoked by an external stimulus in a group, which is an im-
portant factor that shapes group behavior and outcomes.
Recognizing group affect involves identifying important in-
dividuals and salient objects among a crowd that can evoke
emotions. However, most existing methods lack attention
to affective meaning in group dynamics and fail to ac-
count for the contextual relevance of faces and objects in
group-level images. In this work, we propose a solution
by incorporating the psychological concept of the Most Im-
portant Person (MIP), which represents the most notewor-
thy face in a crowd and has affective semantic meaning.
We present the Dual-branch Cross-Patch Attention Trans-
former (DCAT) which uses global image and MIP together
as inputs. Specifically, we first learn the informative fa-
cial regions produced by the MIP and the global context
separately. Then, the Cross-Patch Attention module is pro-
posed to fuse the features of MIP and global context to-
gether to complement each other. Our proposed method
outperforms state-of-the-art methods on GAF 3.0, GroupE-
moW, and HECO datasets. Moreover, we demonstrate the
potential for broader applications by showing that our pro-
posed model can be transferred to another group affect task,
group cohesion, and achieve comparable results.

1. Introduction

Humans are active and social creatures, using multi-
modal interactions to convey their intentions, attitudes, and
feelings. Such physical and emotional interactions between
individuals within a group can generate group-level affect

Global + All 3Random 3MIPs 1Random MIP

Acc (%) 85.01 85.47 87.46 82.30 88.86

Table 1. Different face selection strategies. The “3Random” refers
to selecting 3 faces randomly from the detected faces in the im-
age, while the “3MIPs” strategy selects the top three detected faces
based on their importance ranking. The dataset evaluated here is
the GroupEmoW [22].

or group-level emotion [2] 1.

Figure 1. Feature map comparison between using MIP and all
faces. The yellow box in (a) represents the MIP region.

By providing the group-level information, group affect
prediction has various real-world applications, e.g., work
team outcome prediction [21], social relationship recogni-
tion [33], human-machine interaction systems [24]. As a
result, the research topics surrounding group affect are di-

1In this work, groups range in size from two or three individuals up to
hundreds.
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verse, including categorical analysis, e.g., group valence
(positive, negative, neutral) prediction [16, 22], continuous
intensity estimation, e.g., group cohesion prediction [15].

Group affect is influenced by a combination of a group’s
affective context (e.g., salient objects in the funeral, party)
and affective composition (i.e., the combination of a group
members’ state and trait affect) [2]. Previous methods for
group affect recognition mainly adopted a bottom-up ap-
proach [9, 44, 16, 22], where features were extracted from
individuals separately and then fused to output group-level
emotion. This was done by utilizing multi-cues from sepa-
rate pre-trained detectors, such as facial expressions of in-
dividuals, object proposals, and scene features. While these
cues can provide valuable information, they may not fully
capture the complex interplay of emotions within a group.
As indicated in [12], current group-level recognition ar-
chitectures tend to focus on detecting salient regions, but
they may lack an understanding of the affective meaning
in the image. Therefore, there is a need for a more holis-
tic approach that considers the most important region in the
crowd and how they interact with the scene.

Hence, in this work, we introduce a crucial psycholog-
ical concept, namely, Most Important Person (MIP) [2],
which goes beyond saliency and considers the importance
of individuals for group affect recognition. The MIP of an
image is often the group leaders who can influence the emo-
tion of a group [11, 37, 34]. MIP has been explored in many
related works in psychology and affective computing, such
as the Affective Transfer Process phenomenon in psychol-
ogy [2], which indicates that the MIP of an image can in-
fluence the group’s emotion. We conducted a preliminary
experiment based on the CrossVit [5] model to demonstrate
the effectiveness of the MIP in group affect. Our architec-
ture uses both the global image and faces as two inputs.
As depicted in Table 1, the results demonstrate that using
all faces is considerably less effective than using the MIP,
and even less effective than randomly selecting three facial
images. Additionally, as observed in the feature maps illus-
trated in Figure 1, the model that employs all faces fails to
predict accurately due to its focus on irrelevant background
regions or faces. In contrast, the network that utilizes MIP
can efficiently focus on relevant facial regions, thereby en-
hancing prediction accuracy. This is mainly due to the fact
that in crowded scenes with many blurry faces, the model
trained on all faces exhibits dispersed attention, while the
model trained on the MIP region concentrates specifically
on the relevant area.

Based on the above observations, we present a dual-
pathway vision transformer model, the Dual-branch Cross-
Patch Attention Transformer (DCAT), including a global
branch and a MIP branch. With the dual-pathway, spatial-
wise discriminative clues can be discovered both globally
and locally in conjunction with self-attention learning. For

the dual-pathway interaction, since there are many interfer-
ences in the group, we propose the Cross-Patch Attention
(CPA) module. CPA first utilizes the Token Ranking Mod-
ule to select the important tokens in each path, and then the
cross-attention is calculated between the selected query vec-
tors and the entire key-value vectors from the other path. In
this way, global and MIP contexts are able to complement
and compensate for each other.

This paper makes the following main contributions:

• In this work, we validate that MIP plays a crucial role
in group affect recognition. To the best of our knowl-
edge, this is the first work introducing MIP into the
group affect task.

• The MIP and global affective context information
are integrated into the proposed dual-pathway vision
transformer architecture for recognizing group emo-
tions in a context-aware manner. We also propose
a novel CPA module that focuses on the interactions
among diverse scene contexts and facial informative
regions.

• Experimental results show that the proposed DCAT
outperforms both state-of-the-art group affect works
and vision transformer models in terms of accuracy
and model parameters. This is also the first work to
explore group affect recognition that goes beyond the
CNN-based approach. Moreover, our proposed model
can be utilized in other group-level affect tasks, i.e.,
group cohesion analysis.

2. Related works
2.1. Group affect recognition methods

Current group affect recognition methods primarily ana-
lyze the individual members of a group and then assess their
contribution to the overall mood of the group by taking into
account a variety of cues, such as faces, salient objects, and
scenes. Fujii et al. [9] proposed a two-stage classification
method, in which the first stage classifies facial expressions,
and the second stage adds scene features into consideration
to fuse faces and scenes through spectral clustering for fur-
ther group affect recognition. Khan et al. [22] considered
multi-cues, which include all faces, object proposals, and
scene information. To achieve such an architecture, addi-
tional face detection and object proposal detection detec-
tors are needed. Similarly, Guo et al. [16] also investigated
multi-cues using graph neural networks, where the topology
of the graph varies as the number of entities varies.

However, in large groups, it is not feasible to consider
the expressions of all faces and objects individually before
aggregating, resulting in lower efficiency and accuracy. As
indicated in [9], considering the performance of the main
subject estimation is needed, while our work fills the gap.
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2.2. Most important person (MIP) detection

2.2.1 MIP detection

A MIP detection model understands a high-level pattern in
a social event image to identify the most important per-
son. Ramanathan et al. [35] used an RNN to learn time-
varying attention weights that can be used for event detec-
tion and classification. Without any explicit annotations,
the person with the highest attendance can be identified as
the MIP. In order to overcome the inherent variability of
human poses, PersonRank [27] produced a multiple Hyper-
Interaction Graph, which treats each individual person as a
node. The most active node can be identified using four
types of edge message functions. POINT [26] proposed
two types of interaction modules, i.e., the person-person in-
teraction module and the event-person interaction module.
It then aggregated relation features and person features to
form the important feature. To reduce the annotation effort,
Hong et al. [19] formulated a POINT-based iterative learn-
ing method for semi-supervised important people detection.
Thus, we incorporate people awareness into global-level af-
fect analysis in this work.

2.3. Dual attention learning models

Visual attention with dual-pathway has been widely used
to find important contextual regions. Based on the outstand-
ing performance of vision transformers (ViTs) in various
visual tasks [8], there are many self-attention-based dual-
pathway networks in recent years. Zhu et al. [49] proposed
a global-local cross-attention to reinforce the spatial-wise
discriminative clues for fine-grained recognition. A pair-
wise cross-attention was designed to establish the interac-
tions between image pairs. Dual-ViT [46] incorporated a
compressed semantic pathway that served as prior informa-
tion in learning finer pixel-level details. The semantic path-
way and pixel pathway are integrated together and trained
to spread enhanced self-attention information in parallel.

The most similar architecture to our work is the Cross-
ViT [5], which was proposed to learn multi-scale features
effectively. However, we differ from it in two main ways.
Firstly, our network divides at different scales using global
images and MIP images, whereas CrossViT divides at dif-
ferent scales using the same input image. Another differ-
ence is the cross-attention mechanism. The CrossViT ex-
changes class tokens, while we designed a Cross-Patch At-
tention module based on attentive queries from both paths.

3. Proposed Dual-branch Cross-Patch Atten-
tion Transformer (DCAT)

3.1. Overview

The architecture of our proposed Dual-branch Cross-
Patch Attention Transformer (DCAT) for group affect

recognition is shown in Figure 2. The model contains two
inputs, i.e., the global image and the corresponding MIP
image. The two images are tokenized into patches first and
sent into a stack of Multi-Scale Transformer Encoder, which
consists of dual-path Transformer Encoder, Token Ranking
Module, and Cross-Patch Attention (CPA). Specifically, in
a dual-path Transformer Encoder, the global image is sent
to the coarse-level path to capture long-range information
and further refine the encoded tokens for fine-grained de-
tails. On the other hand, the MIP image is fed to the fine-
level path to obtain high-level semantic tokens. Next, since
the global and MIP features are conceptual interdependent,
we incorporate dual-path interaction in our model. In par-
ticular, we sort tokens according to their importance in each
path based on the Token Ranking Module, then calculate the
CPA using the key and value vectors from the other path. Fi-
nally, the class tokens from two branches are combined and
sent into a linear layer for prediction.

3.2. Dual-pathway learning

To leverage the global information of a group captured
by the global image and the local-based semantic prior of
the MIP, we propose a dual-pathway feature learning ap-
proach for group affect prediction. By integrating self-
attention learning into the dual-pathway, our approach en-
ables the discovery of spatial-wise discriminative clues both
globally and locally. To validate our assumptions, we com-
pute the CKA similarity [43] to measure the similarity of the
intermediate token features in each layer and the final CLS
token, follwing [43]. As illustrated in Figure 3, both the
MIP and global tokens exhibit a positive correlation with the
CLS token as the model depth increases. This suggests that
both features are valuable for the final classification task and
highlights the rationality and necessity of our dual-pathway
input design.

Firstly, both the global and MIP image are tokenized
into patches, then the class token and a learnable position
embedding are added to both branches before the Multi-
Scale Transformer Encoder. In order to balance compu-
tational costs, our Transformer Encoders in the two path-
ways include different numbers (i.e., G=6 and M=1) in-
spired by CrossViT [5]. The global branch is the large
(primary) branch with a coarse patch size (i.e., 12), with a
larger embedding size, and more transformer encoders. The
MIP image is the input of a small (complementary) branch
with fine-grained patch size (i.e., 16), fewer encoders, and a
smaller embedding size.

As the core of the vision transformer, the Multi-Head
Self-Attention (MHSA) maps a query vector into a set of
key and value vectors [8]. In the l-th Transformer En-
coder block in both pathways (a basic Transformer Encoder
is shown in Figure 2b), the output feature map is Xl ∈
R(N+1)×d. The attention matrix Al ∈ RS×(N+1)×(N+1)
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Figure 2. The overall architecture of our proposed Dual-branch Cross-Patch Attention Transformer (DCAT).

Figure 3. CKA similarity in
each layer.

Figure 4. Different drop ratio of
the MIP branch.

of MHSA module in the block is computed as:

Al = Softmax(
Ql ∗KT

l√
d

), (1)

where Ql ∈ R(N+1)×d and Kl ∈ R(N+1)×d denote the
queries and keys projected by Xl of self-attention operation
in (l − 1)-th transformer block, respectively. S represents
the number of heads, T is a transpose operator, d is the di-

mension of the embedding. N is the number of tokenized
patches. The input global and MIP images are divided into
different patches numbers with different N . The calculation
includes 1 class token in addition to the N tokens.

3.3. The interaction of global and MIP pathways

Due to the large amount of information in group-level
images, extracting features by either global or MIP branch
alone is not sufficient, and cross-attention of discriminative
tokens from both can provide complementary effects.

Having obtained global and MIP tokens by the Trans-
former Encoder, we should consider the dual-path interac-
tions. To achieve this, we propose the Cross-Patch Atten-
tion (CPA) mechanism to establish spatial interactions be-
tween the global and MIP images. Firstly, we sort the to-
kens based on their importance in each path using the Token
Ranking Module and create a new query matrix by selecting
the top η tokens. As depicted in Figure 4, the model’s per-
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formance, taking the MIP branch as an example 2, is related
to the drop ratio, where dropping a certain percentage of to-
kens can improve performance. Secondly, we compute the
Cross-Patch Attention (CPA) using the new query matrix
and key-value from the other branch. It is noteworthy that
the gradients propagate through both pathways, which al-
lows it to compensate for information loss on global feature
compression through global-to-local interaction. As vali-
dated in [49], such cross-attention can also be viewed as a
novel regularization method to regularize attention learning,
especially for our small datasets.

3.3.1 Token Ranking Module

For Cross-Patch Attention, we need to remove unimportant
contents from the complex group images and keep only the
tokens that are relevant.

Our first step is to rank the tokens according to their
importance. While the class token attention map Acls ∈
R1×(N+1) reflects the importance of features [43, 29], we
denote the token importance by the similarity scores be-
tween the global class token and each patch token:

Acls = Softmax(
qcls ∗KT

√
d

), (2)

where qcls ∈ R1×d is the query vector of the class token,
K ∈ R(N+1)×d is the key vector, and d is the dimension of
the embedding.

According to the equation 2, the weights of each patch
correlated with the class token are computed. In such a way,
the Acls reveals how much each patch contributes to the
final classification since it captures the global interactions
of the class token to all patches.

3.3.2 Cross-Patch Attention (CPA)

Based on the importance score of each token, we then con-
struct a newly selected query matrix Qsel ∈ R(α+1)×d, rep-
resenting the attentive local embedding, by selecting the top
α query vectors that correspond to the top α highest re-
sponses in the class attention map.

In each pathway, the Cross-Patch Attention (CPA) vec-
tors is computed as below,

fCPA(Q,K, V ) = Softmax(
Qsel ∗KT

√
d

)V, (3)

where K ∈ R(N+1)×d is the key vector, V ∈ R(N+1)×d is
the value vector and d is the dimension of the embedding.

As shown in Figure 2c, the CPA operation is bidirec-
tional, with each of the two branches providing the selected
tokens as the query vector. Both branches are fused together

2The global branch exhibits similar behavior.

C times, which means the selected queries are updated in
each CPA.

Finally, after repeating L Multi-Scale Transformer En-
coder, the class tokens from two branches are combined and
sent into a linear layer for prediction. The cross-entropy loss
is used here for final classification [5, 8].

4. Experiments
4.1. Implemental details

Our model is partly pre-trained with the weight of
CrossViT [5] on ImageNet. We train all our models for 300
epochs (30 warm-up epochs) on 2 GPUs (RTX 3090 Ti)
with a batch size of 64. The numbers of Transformer En-
coder in the dual path, CPA, and Multi-Scale Transformer
Encoder are set as M=1, G=6, C=3, and L=1. For the to-
ken selection ratios α of (global, MIP), we use (0.5, 0.5) for
GAF 3.0 and (1, 0.5) for GroupEmoW throughout the paper.
More details can be found in our supplementary materials.

4.2. Datasets

In this paper, we utilize several datasets for our exper-
iments, including GroupEmoW [16], GAF 3.0 [13], GAF
Cohesion [13, 15], and HECO [44], as presented in Ta-
ble 2. The GroupEmoW dataset contains images obtained
from the web via search engines, using keywords related to
various social events such as funerals, birthdays, protests,
conferences, and meetings. GAF 3.0 [13] and GAF Co-
hesion [13, 15] datasets were created through web crawl-
ing using a diverse set of keywords related to social events,
including world cup winners, weddings, family gather-
ings, laughing clubs, birthday celebrations, siblings, riots,
protests, and violence. The cohesion scores in GAF Cohe-
sion range from strongly agree, agree, disagree to strongly
disagree, using a 0-3 scale.

In our experiments, we utilized the MIP ground truth
provided by HECO [44]. However, the ground truth for
GAF 3.0 and GroupEmoW was not available. However,
since the ground truth for GAF 3.0 and GroupEmoW
was not available, we employed the pre-trained POINT
model [26] to generate the MIP. The POINT model was
trained on the Multi-scene Important People Image Dataset
(MS Dataset). 3.

4.3. Comparison with state-of-the-art group affect
methods and ViTs

In this work, we have built our proposed modules based
on CrossViT [5] with vanilla Transformer Encoders [8],
which denotes by DCAT-ViT. In addition, since there is a
series of ViTs without the class token, e.g., Swin [31] and

3To evaluate the effectiveness of the pre-trained POINT model, we la-
beled the MIP on the GAF 3.0 and GroupEmoW datasets, and further de-
tails can be found in the supplementary material.
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Dataset Label Train/Val/Test Scenario Evaluation metric

GroupEmoW [13] Neutral, Positive, Negative 11,127/3,178/1,589 Specific social events Acc
GAF 3.0 [13, 15] Neutral, Positive, Negative 9,815/4,349/3011 Specific social events Acc

HECO [44] Surprise, Excitement, Happiness, Peace,
Disgust, Anger, Fear, and Sadness 6,570/1,877/938 In-the-wild images

that do not limit scenes mAP

GAF Cohesion [13, 15] 0-3 9,815/4,349/3011 Specific social events MSE

Table 2. Datasets details used in this paper (Acc = Accuracy, mAP = mean average precision, MSE = mean square error).

Figure 5. Model parameter and accuracy trade-off comparison on
the GAF 3.0 dataset. Our proposed models are highlighted by the
blue rectangular box.

CSwin [7]. In order to prove the generality of our approach,
we have added the proposed dual-pathway and CPA module
to the CSwin transformer [7], which is denoted by DCAT-
CSwin-L.

A comparison of the proposed model with the state-
of-the-art group affect approaches on GAF 3.0 and
GroupEmoW datasets can be found in Figure 5 and Ta-
ble 3, respectively. Since our proposed DCAT model
is based on a vision transformer, we also compare it
with recent vision transformer models, such as multi-
scale-based (CrossViT [5], Focal-B [45], RegionViT-
B [4], TCFormer-L [47]), CNN-transformer hybrid-based
(Conformer-L [32] ), and lightweight-based models (Evo-
LeViT [43], DynamicSwin-T [36], DVT [40]).

Comparing with state-of-the-art group affect meth-
ods. Our DCAT-ViT and DCAT-CSwin-L achieve the best
results compared to other group affect recognition meth-
ods on the GAF 3.0 dataset. Specifically, our DCAT-ViT
achieves 77.29% accuracy with only 26.70M parameters,
which is only about 7.6% of TMM [9], while our DCAT-
CSwin-L with a larger number of parameters (358M)
achieves 79.20% accuracy. On the GroupEmoW dataset,
our DCAT-CSwin-L also achieves the best performance
compared to other methods. It is worth noting that our
proposed method only needs the global image and corre-

Methods Acc (%) Source

Group affect methods
ResNet34 [18] 68.13 Global, Faces
SE-ResNet-50 [20] 69.79 Global
Efficientnet-b2 [38] 72.33 Global, Faces
CAER-Net [25] 80.61 Global, Faces
GNN [16] 82.38 Global
GNN [16] 84.62 Global, Faces, Objects
ConGNN [41] 85.59 Global, Faces, Objects
WACV 21 [22] 89.36 Global, Faces
GNN [16] 89.93 Global, Faces
WACV 21 [22] 90.18 Global, Faces, Objects

Vision transformers
ViT [8] 87.50 Global
P2T-base [42] 86.50 Global
DeepViT [48] 83.90 Global
Conformer-L [32] 83.35 Global
Focal-B [45] 87.98 Global
CrossViT [5] 88.48 Global
TransFG [17] 89.47 Global
RegionViT-B [4] 89.49 Global
CSwin-L [7] 89.90 Global
DVT [40] 87.90 Global
Evo-LeViT [43] 87.83 Global
TCFormer-L [47] 89.24 Global

DCAT-ViT 89.55 Global, MIP
DCAT-CSwin-L 90.47 Global, MIP

Table 3. Overall Accuracy Comparison on the GroupEmoW
dataset. ”Source” refers to the types of features used in each paper.

sponding MIP image, while current group affect methods
need multiple pre-trained detectors, which may be influ-
enced by imperfect faces and objects. Furthermore, our
method learns discriminative clues end-to-end in coordina-
tion with self-attention learning.

Comparing with single focal attention methods. A
comparison is made between our dual-pathway attention
model and methods specifically designed for local attention
(Focal Transformers [45] and TransFG [17]). This finding
highlights the fact that saliency does not always equate to
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Method mAP (%)
GCNs [23] 48.84
Depth [28] 49.02
OpenFace [1]+OpenPose [3] 50.28
R-FCN [6]+HOI-Net [30] 50.34
HECO [44] 50.24
DCAT-ViT 53.49
DCAT-CSwin-L 58.06

Table 4. Comparison on HECO dataset.

importance, and that our method’s attention mechanism can
effectively identify and leverage the most critical affective
regions.

Overall, our proposed DCAT-ViT and DCAT-CSwin-L
perform better than other group affect recognition models
and ViTs in terms of both accuracy and model complexity.

4.4. The scalability of our method

Our proposed architecture can be adapted to accommo-
date the concept of a primary agent, similar to the idea of
MIP, which was introduced by HECO [44]. Specifically, we
can modify the input to the MIP branch from the MIP im-
age to the primary agent while keeping the global branch
unchanged.

Due to the wide variety of human-object interactions
(HOIs) in natural scenes and the fact that interactions of
agents’ actions with objects can induce emotional arousal of
the primary agent in the scene, a useful approach for emo-
tion recognition in images is to detect HOIs. In previous
approaches [44, 25], multiple contexts, such as regions of
interest (ROIs) and HOIs of all objects, were considered.
Our proposed method outperforms previous approaches, as
shown in Table 4. Our proposed method achieved superior
performance on the dataset, which may be attributed to the
wide variety of HOI categories in various challenging sce-
narios. Previous methods relied on pre-trained HOI mod-
els that were limited by predefined interaction categories.
In contrast, our Cross-Patch Attention (CPA) module lever-
ages the ability to learn HOI interactions directly from the
data, allowing for greater flexibility and adaptability in rec-
ognizing new and diverse HOI categories. Moreover, our
dual-pathway architecture significantly simplifies the com-
putational process, eliminating the need for a heuristic se-
lection of affective regions.

4.5. Transfer learning for group cohesion estimation

Group cohesion is an affective phenomenon and a mea-
sure of agreement between members. Since cohesion and
emotion (or valence) are intertwined in social science and
affective computing, our DCAT for group valence predic-
tion can be extented to group cohesion estimation. In this
work, we finetune our model pre-trained on GroupEmoW

Figure 6. Group cohesion score comparison in the GAF Cohesion
dataset (MSE is the evaluation metric, the lower the better).

Module GAF 3.0 GroupEmoW

CrossVit 75.56 88.48
CrossVit+A 75.79 88.86
CrossVit+A+B 76.21 88.96
CrossVit+A+B+C 77.29 89.55
CSwin-L 78.09 89.90
CSwin-L+A 78.93 90.12
CSwin-L+A+B 79.20 90.47

Table 5. The accuracy (%) of each proposed module. A, B, and
C represent dual-pathway input, CPA module, and Token Ranking
Module, respectively. The downsampling operation in each stage
of the CSWin-L can be regarded as a token selection mechanism,
so the Token Ranking Module is not included in it.

for the GAF Cohesion dataset. The results in Figure 6 as-
sure that our models still have good generalization ability
rather than only fit to group affect datasets compared to
other group affect recognition methods, e.g., EmoticW [13],
ICMAI2020 [50], AIST2020 [10], as well as the ViTs, i.e.,
ViT [8], CSwin [7], Swin transformer [31].

4.6. Ablation study

The effectiveness of each module. The effectiveness of
each module proposed in our work, i.e., dual-pathway input,
CPA module, Token Ranking Module, is shown in Table 5.
For both the DCAT-ViT and DCAT-CSwin-L, each of the
modules contributes to our overall results.

The effectiveness of dual-input. Hence, we should
also dynamically consider the global affective context while
learning group affect, as validated in Table 6, where MIP
and global inputs together perform better than either alone.

Cross-Cls-Attention (CCA) vs Our proposed Cross-
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Input GAF 3.0 GroupEmoW

Only MIP 68.02 80.08
Only global 75.56 88.48
MIP + global 77.29 89.55

Table 6. Effectiveness of dual-input on GAF 3.0 [14] and GroupE-
moW [22] dataset (evaluation metric is ACC (%)).

GAF 3.0 GroupEmoW

CCA 75.41% 87.86%
CPA 77.29% 89.55%

Table 7. Comparison between the CCA and our proposed CPA (us-
ing the DCAT-ViT) on GAF 3.0 and GroupEmoW dataset.

Figure 7. The visualization of the interaction of global and MIP.

Patch-Attention (CPA). It is worth comparing between
Cross-Cls-Attention (CCA) proposed in CrossViT [5] and
our proposed CPA (as provided in Table 7). The CCA only
exchanges the class token in the cross-attention mechanism,
which limits its ability to capture global interactions be-
tween class tokens and patches in each branch. In complex
scenarios, such as those encountered in group affect recog-
nition, our proposed CPA approach is more effective for
modeling the interdependencies between global and MIP
features.

4.7. Visualization of the interaction of global and
MIP pathways

The interaction of the global and MIP pathways, in-
cluding token dropping and CPA, is demonstrated in Fig-

Figure 8. The performance of average face quality, using all faces
and using the MIP under different face count intervals in the im-
age. The GroupEmoW dataset is used here.

ure 7. As depicted in column (b), irrelevant background
and other facial details are eliminated, while the MIP re-
gion and significant background regions (such as banners in
protest scenes) are preserved for cross-patch attention. This
demonstrates the effectiveness of our MIP-global interac-
tion and highlights its efficacy in capturing discriminative
information.

4.8. Case study: the relationship between group size
and performance

Previous studies have suggested that distinguishing be-
tween the negative and neutral categories in a group can
be challenging [9]. In this paper, we present new insights
into this issue. We first analyze the number of individu-
als in each image and find that as the number of individu-
als increases, the average quality of their facial features de-
creases 4, as illustrated in Figure 8. This indicates that facial
details become increasingly blurred and difficult to extract,
posing a significant challenge, particularly when trying to
distinguish between negative and neutral categories, which
are inherently difficult to distinguish. In contrast to previ-
ous works that typically average features across all detected
faces [9], our approach selectively focuses on the most in-
formative facial region, i.e., the MIP, and outperforms mod-
els that utilize all faces in images with larger populations.
This approach avoids interference from low-quality faces
and effectively interacts between the features of the MIP
and those of the entire global image through our proposed
CPA module, enhancing the accuracy of our results. There-
fore, our approach yields higher accuracy for distinguish-
ing between the negative and neutral categories compared
to previous methods. The exact numerical results can be
found in the supplementary material.

4We quantify face quality based on [39].

20605



5. Conclusions
In this work, by incorporating the MIP concept, we

propose a dual-pathway vision transformer model, the
Dual-branch Cross-Patch Attention Transformer (DCAT)
for group affect recognition. Moreover, we propose the
CPA module so that the important tokens from both paths
can be interacted with. In terms of accuracy and parame-
ters, the proposed DCAT outperforms both state-of-the-art
group affect models and vision transformer models. It is
also the first study to explore group affect recognition be-
yond CNNs. Moreover, our proposed model can be utilized
in other group-level affect tasks, i.e., group cohesion analy-
sis.
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