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Abstract: Deep learning models built upon Transformer architectures have led to 
substantial advancements in sequential data analysis. Nevertheless, their direct 
application to video-based tasks, such as Group Activity Recognition (GAR), 
remains constrained by the quadratic computational complexity and excessive 
memory requirements of global self-attention, especially when handling long video 
sequences. To overcome these limitations, we propose SUGAR: A Sequence 
Unfolding Based Transformer Model for Group Activity Recognition. Our approach 
introduces a novel sequence unfolding and folding mechanism that partitions long 
video sequences into overlapping local windows, enabling the model to concentrate 
attention within compact temporal regions. This local attention design dramatically 
reduces computational cost and memory footprint while maintaining high 
recognition accuracy. Within the Bi-Causal framework, SUGAR replaces 
conventional Transformer blocks, and experimental results on the Volleyball 
dataset demonstrate that our model achieves state-of-the-art performance, 
consistently exceeding 93% accuracy, with significantly improved efficiency. In 
addition, we investigate Lightning Attention 2 as an alternative linear-complexity 
attention module, identifying practical challenges such as increased memory usage 
and unstable convergence. To ensure robustness and training stability, we 
incorporate a dedicated safety mechanism that mitigates these issues. In summary, 
SUGAR offers a scalable, resource-efficient solution for group activity analysis in 
videos and exhibits strong potential for broader applications involving lengthy 
sequential data in computer vision and bioinformatics.  

 Keywords: group activity recognition; transformer; linear attention; sequence 
modeling; deep learning; efficient architectures; video understanding 

1. Introduction 

The growing volume of video data has fueled rapid progress in computer vision, especially in tasks involving 
temporal reasoning [1,2]. Among them, Group Activity Recognition (GAR) stands out as both important and 
technically demanding [3]. GAR involves analyzing coordinated actions and interactions among multiple 
individuals over time, with applications in surveillance, sports analytics, autonomous driving, and social behavior 
analysis [4–6]. 

Unlike single-person action recognition, GAR requires capturing both individual motion and complex 
contextual dynamics across time and space [7–9]. Transformer-based models have shown strong performance by 
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modeling global dependencies via self-attention [10,11]. However, their quadratic complexity with respect to 
sequence length makes them inefficient for long video inputs, where even short clips can generate thousands of 
tokens [12,13]. 

To address this, efficient attention models like Performer [14], Linformer [12], and Lightning Attention 2 
[13] have been proposed, aiming to reduce computation to linear complexity. Similarly, Structured State Space 
Models (e.g., S4 [15], Mamba [16]) offer an alternative path for long-range modeling. Yet, when applied to GAR 
tasks, these methods often introduce side effects such as optimization instability, loss of fine-grained temporal 
cues, or memory inefficiency [3]. 

Recent GAR models like Bi-Causal [17], GroupFormer [18], and Dual-AI [19] achieve competitive accuracy, 
but still rely on full-sequence attention and struggle with scalability. This creates a pressing need for GAR 
architectures that balance accuracy, efficiency, and real-world deployability [3,20,21]. 

1.1. Motivation and Our Approach 

Through empirical analysis of GAR datasets, we observed that most critical group interactions occur in local 
spatiotemporal regions [20–22]. This motivates a selective focus on local segments instead of processing entire 
sequences uniformly [7,8]. Building on this, we propose SUGAR—a Sequence Unfolding Based Transformer 
Model for Group Activity Recognition. 

SUGAR introduces a sequence unfolding & folding (SUF) mechanism: video sequences are split into 
overlapping windows, each independently encoded by a Transformer block [10,18]. A folding operation then re-
aggregates the outputs into a global sequence representation. This design reduces complexity from quadratic to 
linear [12,13,16] while preserving critical group interaction patterns [17,19,20]. 

1.2. System Design and Implementation 

We integrate SUGAR into the Bi-Causal framework [17], where unfolding–fusion modules wrap each encoder 
layer. Additional stability layers are included to enable reliable training with advanced attention modules like 
Lightning Attention 2 [13], which we found unstable without modification. We analyze how window size and stride 
affect performance [3,22], and show that the SUF design offers modularity, efficiency, and robustness [18–21]. 

1.3. Contributions 

(1) We propose SUGAR, a transformer-based GAR model with linear complexity and strong recognition 
accuracy.  

(2) We show how SUGAR integrates into Bi-Causal [17] while improving scalability on benchmark datasets. 
(3) We introduce a stability module to support Lightning Attention 2 and other linear attention mechanisms. 
(4) We demonstrate that SUGAR is broadly applicable to long-sequence modeling tasks including bioinformatics 

and animal behavior analysis. 
The rest of the paper is organized as follows: Section 2 reviews related work, Section 3 introduces technical 

preliminaries, Section 4 describes our model architecture, Section 5 details experiments, Section 6 discusses 
implications, and Section 7 concludes with future directions. 

2. Related Work 

2.1. Group Activity Recognition 

Group Activity Recognition (GAR) has evolved rapidly, transitioning from early hand-crafted features and 
probabilistic models to deep learning approaches capable of modeling complex group behaviors. Modern GAR 
methods leverage graph neural networks and transformer-based architectures to capture both spatial and temporal 
dependencies in multi-person scenes. Notable frameworks such as Bi-Causal [17], GroupFormer [18], and Dual-
AI [19] use actor-centric reasoning and relational graphs to achieve strong recognition performance. 

In addition, feature representations based on pose key points and RoIAlign have improved model robustness 
under real-world conditions [23,24]. However, these transformer-based models suffer from quadratic complexity, 
limiting their scalability for longer or denser video sequences. Balancing accuracy with computational efficiency 
remains an open challenge in next-generation GAR systems [25,26]. 
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2.2. Efficient Sequence Modeling in Vision 

The Transformer architecture has transformed sequence modeling in both language and vision tasks by 
enabling global attention across input positions. While effective, its O(L2) time and space complexity poses serious 
obstacles for long-form video data. A single video can generate thousands of tokens, making standard self-attention 
computationally prohibitive. 

To address this, several efficient attention mechanisms have been proposed. Models like Performer [12], 
Linformer [13], and Lightning Attention 2 [27] reduce complexity to linear or near-linear, using techniques such 
as kernelization or structured projection. Separately, structured state space models (SSMs) like Mamba [15] and 
S4 [28] offer an alternative route by modeling sequence dynamics through recurrence-inspired operators. 

Despite their promise, these techniques often struggle to transfer directly to high-dimensional vision tasks. 
Many were designed for 1D text or audio and face practical issues when applied to video, such as maintaining 
spatial context, preserving local interactions, and supporting stable optimization on GPUs [10,29]. 

2.3. Summary and Open Gaps 

In summary, while recent advances have improved GAR performance, most existing models still rely on full-
sequence transformers and suffer from inefficiencies in long-video settings. Efficient attention mechanisms offer 
scalability but often lack robustness when directly applied to dense, real-world group interactions. 

Our work aims to bridge this gap by introducing a Sequence Unfolding and Folding (SUF) operation that 
enables linear complexity while preserving key spatiotemporal dependencies. This mechanism serves as the 
backbone of our proposed SUGAR framework. 

3. Preliminaries 

3.1. Traditional Transformer Architecture 

Transformer architectures have fundamentally advanced the field of sequential modeling by introducing a 
novel and powerful attention mechanism [10]. Originally developed for neural machine translation, Transformers 
overcame key limitations of convolutional and recurrent neural networks, particularly their restricted capacity for 
capturing long-range dependencies and limited parallelization capabilities. 

Central to the Transformer is the self-attention mechanism, which computes the contextualized representation of 
each token by aggregating information from all other tokens in the sequence. Formally, self-attention is defined as: 

Attention(𝑄𝑄,𝐾𝐾,𝑉𝑉) = softmax�
𝑄𝑄𝐾𝐾⊤

�𝑑𝑑𝑘𝑘
�𝑉𝑉  

where 𝑄𝑄, 𝐾𝐾, and 𝑉𝑉 denote the query, key, and value matrices, and 𝑑𝑑𝑘𝑘  is the dimension of the keys. This 
process enables dynamic focus on semantically relevant positions, effectively capturing both local and global 
contextual information. 

A standard Transformer comprises stacked encoder and decoder modules. Each encoder layer contains two 
primary sub-layers: a multi-head self-attention module and a position-wise feed-forward network, both integrated 
with layer normalization and residual connections. The decoder mirrors this structure, with the addition of masked 
self-attention and cross-attention layers. Since self-attention is inherently permutation-invariant, positional 
encoding is employed to inject sequence ordering information. 

Transformers have driven major advances in diverse domains, including natural language processing, video 
understanding, and biological sequence modeling [11,26]. However, their direct application to tasks such as Group 
Activity Recognition (GAR) is limited by the quadratic complexity of self-attention, motivating the development 
of more efficient approaches. In this work, we analyze the computational behavior of the Transformer in the 
context of GAR, contrast it with emerging alternatives, and introduce a strategy to substantially enhance its 
scalability and efficiency through our SUGAR framework. 

3.2. Lightning Attention 2 

Despite the remarkable capabilities of Transformers, their scalability to very long sequences remain 
fundamentally constrained by the quadratic computational and memory demands of self-attention [10]. This limitation 
is particularly pronounced for high-dimensional and temporally extended data, such as videos and biological sequences. 
To alleviate these challenges, a range of efficient attention mechanisms have been developed [12,30]. 
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A notable recent innovation, Lightning Attention 2 [13], achieves linear complexity by employing structured, 
learnable transformations to approximate the full attention computation. Instead of explicitly calculating all 
pairwise attention scores, Lightning Attention 2 transforms input sequences through learned kernels, mapping 
them into lower-dimensional feature spaces in which interactions can be computed with significantly reduced 
resource requirements. This design has been shown to markedly lower both memory usage and computational cost, 
making it viable for sequences with thousands of elements. 

Empirical evidence suggests that Lightning Attention 2 not only enhances efficiency but can also match or 
surpass the predictive performance of standard attention across a variety of sequence modeling tasks [13,28]. 
Nonetheless, practical deployment in video-based tasks such as GAR can expose issues related to hardware 
resource demands and training instability. To address these concerns, we introduce a dedicated safety layer to 
facilitate robust and efficient integration within transformer-based architectures. This component plays a critical 
role in our proposed SUGAR: A Sequence Unfolding Based Transformer Model for Group Activity Recognition, 
as detailed in Section 4. 

3.3. Bi-Causal 

Bi-Causal [20] represents a recent advancement in group activity recognition, offering a state-of-the-art 
framework that models the bidirectional causality between human relations (HRs) and human-object interactions 
(HOIs). Distinct from earlier methods that primarily focused on HRs, Bi-Causal explicitly characterizes the mutual 
influence between HRs and HOIs, employing Granger Causality Tests to rigorously validate these dependencies 
in data. The architecture comprises several interconnected modules: 
• Feature Extraction: Extraction of person features using HRNet, object features from object annotations, and 

additional kinematic features. 
• Relation Module: Modeling of interactions among individuals through graph convolutional networks (GCNs). 
• Interaction Module: Application of GCNs to capture HOIs, emphasizing how individuals interact with 

surrounding objects. 
• Causality Communication Channel: An information conduit that facilitates bidirectional communication 

between relation and interaction modules. 
Comprehensive evaluations on benchmark datasets, such as Volleyball and Collective Activity, demonstrate 

that Bi-Causal achieves superior performance by leveraging these explicit causal dependencies. This foundation 
provides an effective backbone for subsequent models, including our proposed SUGAR framework, which further 
advances efficiency and scalability in group activity recognition. 

3.4. Evaluation Metrics 

Robust evaluation protocols are essential for accurately measuring model performance and generalizability, 
particularly in complex settings such as group activity recognition [31]. For multi-class classification tasks like 
GAR, reliance on a single metric (e.g., accuracy) may obscure nuanced aspects of model behavior, especially in 
the presence of class imbalance. To address this, a comprehensive suite of evaluation metrics is adopted: 
• Accuracy: The proportion of correct predictions across all classes, providing an overall measure of 

classification performance. 
• Confusion Matrix: Offers a detailed breakdown of class-wise prediction results, illuminating specific 

strengths and weaknesses. 
• Precision, Recall, and F1-Score: Precision quantifies the trustworthiness of positive predictions, recall 

measures the completeness of positive identifications, and F1-score provides a harmonic mean of both. For 
class 𝑐𝑐, these are formally defined as: 

Precision𝑐𝑐 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
, Recall𝑐𝑐 =

𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹

  

where 𝑇𝑇𝑇𝑇, 𝐹𝐹𝐹𝐹, and 𝐹𝐹𝐹𝐹 denote true positives, false positives, and false negatives, respectively. 
• Precision-Recall (PR) Curve: Plots precision versus recall across different thresholds, providing valuable 

insight for imbalanced data distributions. 
• Area Under the PR Curve (AUPRC): Summarizes the model’s ability to prioritize true positives ahead of 

false positives across all thresholds. 
• AUROC: The area under the receiver operating characteristic curve, reflecting the overall ranking quality of 

model predictions. 
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• Precision@k: Measures the fraction of relevant items among the top 𝑘𝑘 predictions, useful for top-𝑘𝑘 retrieval 
scenarios. 
Collectively, these metrics enable a nuanced and multifaceted assessment of model performance, supporting 

informed evaluation and comparison of different approaches. In our experiments, we employ these criteria to 
comprehensively benchmark the SUGAR framework and baseline methods on established datasets. 

4. Methodology 

4.1. Problem Definition and Notation 

We formalize Group Activity Recognition (GAR) as the task of mapping an observation sequence 𝑑𝑑[1: 𝑡𝑡] to 
a group activity label 𝑙𝑙 ∈ ℒ, where ℒ denotes the set of possible activity classes. This process can be described 
by a function 𝑋𝑋:𝒟𝒟 → ℒ, such that for any sequence 𝑠𝑠 ∈ 𝒟𝒟 of length 𝑡𝑡 with label 𝑙𝑙 ∈ ℒ, we have 𝑙𝑙 = 𝑋𝑋(𝑑𝑑[1: 𝑡𝑡]). 
The core challenge is to design an efficient and accurate mapping 𝑋𝑋 that robustly handles long and complex video 
or sequential data typical of real-world GAR applications [4]. 

The full model comprises a Bi-Causal Transformer backbone, into which we integrate the proposed Sequence 
Unfolding and Folding (SUF) mechanism, as well as a safety-adapted version of Lightning Attention 2. 

Training Details: We use AdamW optimizer with a learning rate of 2 × 10−4 and weight decay of 1 × 10−2. 
Each video is segmented into overlapping windows of length 𝑊𝑊 = 25 with step size 𝑆𝑆 = 5. During training, we 
apply temporal jittering and random horizontal flipping. Batch size is set to 32, and all models are trained for 100 
epochs with early stopping based on validation loss. 

Loss Function: We use standard cross-entropy loss over the predicted group activity logits: 

ℒC = −�𝑦𝑦𝑖𝑖

𝐶𝐶

𝑖𝑖=1

𝑙𝑙𝑙𝑙𝑙𝑙 𝑝𝑝𝑖𝑖  

where 𝐶𝐶 is the number of activity classes, 𝑦𝑦𝑖𝑖  is the one-hot ground truth label, and 𝑝𝑝𝑖𝑖  is the predicted softmax output. 

4.2. Bi-Causal as Baseline 

Our baseline adopts the Bi-Causal framework [29], which currently represents state-of-the-art performance 
in GAR. Bi-Causal explicitly models the bidirectional causality between Human Relations (HRs) and Human-
Object Interactions (HOIs), thereby addressing the shortcomings of previous approaches that focus predominantly 
on HRs. The Bi-Causal architecture consists of the following core modules: 
• Feature Extraction: Person features (P), object features (O), and kinematic features (K) are extracted from 

the input video stream. 
• Relation Module (RM): Graph convolutional networks (GCNs) are used to model the dynamics of HRs. 
• Interaction Module (IM): GCNs further capture the spatial-temporal patterns of HOIs. 
• Causality Communication Channel: Enables information exchange between RM and IM, effectively 

leveraging their mutual influence. 
Despite its superior recognition accuracy, Bi-Causal inherits the quadratic computational complexity of 

standard Transformer blocks [16], which significantly constrains its efficiency and scalability when processing 
long video sequences. This motivates the development of more computationally efficient alternatives such as our 
proposed SUGAR framework. 

4.3. The Proposed Sequence Unfolding & Folding Technique 

4.3.1. Motivation 

Consider a group activity video featuring soccer players John, Dan, and Foo, labeled as “Goal”. John is on team 
A, Dan on team B, and Foo is the goalkeeper for team A. The activity sequence unfolds as Dan steals the ball from 
John, advances toward the goal, and eventually scores. Importantly, the final group activity label depends primarily 
on the decisive event-the goal-rather than on the complete sequence of prior actions. This observation highlights that 
much of the input sequence may be redundant for accurate classification, motivating a more targeted approach. 
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4.3.2. Formalizing the Idea 

Formally, let 𝑋𝑋:𝒟𝒟 → ℒ  as defined above. Suppose there exist indices 𝑝𝑝  and 𝑞𝑞  such that for any auxiliary 
sequences 𝑐𝑐 and 𝑒𝑒 of lengths 𝑝𝑝 and 𝑡𝑡 − 𝑝𝑝 − 𝑞𝑞 respectively, and 𝑐𝑐 + 𝑑𝑑[𝑝𝑝 + 1: 𝑝𝑝 + 𝑞𝑞] + 𝑒𝑒 ∈ 𝒟𝒟, the following holds: 

𝑙𝑙 = 𝑋𝑋(𝑐𝑐 + 𝑑𝑑[𝑝𝑝 + 1:𝑝𝑝 + 𝑞𝑞] + 𝑒𝑒)  

This implies that a concise segment of the sequence containing the critical event is enough for predicting the 
group activity label, supporting our local-context-driven design. 

4.3.3. Sequence Unfolding & Folding Architecture in SUGAR 

To operationalize this insight, our approach comprises the following steps: 

(1) Residual Padding: Residual paddings of sizes �𝑅𝑅
2
� and �𝑅𝑅+1

2
� are applied to the left and right of the sequence, 

respectively, totaling 𝑅𝑅. 𝑅𝑅 is the smallest number which when added to 𝐿𝐿, makes it divisible by 𝑆𝑆 and is 
given as 

𝑅𝑅 = ��
𝐿𝐿 − 1
𝑆𝑆

� + 1� × 𝑆𝑆 − 𝐿𝐿.  

(2) Main Padding: Then additional paddings of size 𝑊𝑊 − 𝑆𝑆 are added at both ends, where 𝑊𝑊 is the window 
size, giving the fully padded sequence of length given as 

𝐿𝐿𝑝𝑝 = 𝐿𝐿 + 𝑅𝑅 + 2 × (𝑊𝑊 − 𝑆𝑆).  

(3) Sequence Unfolding: The padded sequence is then segmented using a sliding window of length 𝑊𝑊 and stride 
𝑆𝑆, generating overlapping subsequences of size given as 

𝐵𝐵 =
𝐿𝐿𝑃𝑃 −𝑊𝑊

𝑆𝑆
+ 1.  

(4) Transformer Processing: Each subsequence is independently processed by a lightweight transformer encoder 
block. 

(5) Grouping: To fold back the returned blocks, we start by grouping them by adjacency resulting in a number 
of groups given by 

𝐶𝐶 =
𝑊𝑊
𝑆𝑆

.  

This is also the number of steps in the sequence after which we get an unfolded block of entirely new tokens, 
and therefore, we call it the step count. Note that since 𝑊𝑊 will always be divisible by 𝑆𝑆, 𝐶𝐶 will be an integer. 
(6) Concatenation: The grouped sequences are joined together in the order of their occurrence to get 𝐶𝐶 sequences. 
(7) Averaging: Unweighed mean of these 𝐶𝐶 sequences is taken. 
(8) Trimming: The resulting sequence is then trimmed by �𝐿𝐿Δ

2
� and �𝐿𝐿Δ+1

2
� tokens from the left and right sides 

to get the final output sequence with length matching the input. 𝐿𝐿Δ is therefore the number of excessive 
tokens in the output of the Averaging phase. 
This describes the central Sequence Unfolding & Folding part of the SUGAR architecture diagram shown in 

Figure 1 and it is also the heart of the SUGAR framework. It enables efficient local-context modeling while 
maintaining global sequence awareness. By substantially reducing the computational complexity from quadratic 
to linear in sequence length, SUGAR advances the practical deployment of group activity recognition models on 
large-scale, long-sequence data [32]. 
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Figure 1. Overview of the SUGAR framework. The model processes an input sequence using a Transformer 
backbone enhanced by our proposed Sequence Unfolding & Folding (SUF) module. The unfolding step segments 
the sequence into overlapping local windows, each processed independently by the Transformer encoder. The 
folding step re-aggregates the outputs into a full-sequence representation, enabling linear complexity while 
preserving key spatiotemporal features. In this architecture, the SUF modules wrap each Bi-Causal Transformer 
encoder block. The expanded view illustrates that this structure is repeated consistently across layers, with arrows 
showing the data flow between SUF and Transformer components. 
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4.3.4. Example Walkthrough 

To illustrate the sequence unfolding and folding process, consider the case where 𝑊𝑊 = 4, 𝑆𝑆 = 2, and 𝐿𝐿 =
5. The sequence is first padded to ensure divisibility for unfolding. Each window of length 4 is independently 
processed, after which the outputs are grouped, concatenated, and averaged. A final trimming operation restores 
the original sequence length. This approach ensures that every token is treated uniformly, with no boundary token 
being over- or under-represented, thereby maintaining consistency across the sequence. 

4.3.5. How Sequence Unfolding & Folding Treats All Tokens Equally 

Residual padding guarantees that each token is included in at least one window, while main padding ensures 
that tokens near the boundaries participate in as many windows as those in the center. By choosing 𝑊𝑊 and 𝑆𝑆 such 
that 𝑊𝑊 is divisible by 𝑆𝑆, the algorithm ensures that all groups of tokens are processed with equal frequency, thus 
preventing any positional bias or neglect of specific sequence segments. 

4.3.6. Complexity Analysis 

In a standard Transformer encoder, processing a sequence of length L requires computing self-attention over 
all token pairs, leading to a quadratic computational complexity of O(L²). This becomes a major bottleneck for 
long sequence tasks, such as video or clinical time series modeling. 

In contrast, our proposed Sequence Unfolding and Folding (SUF) mechanism significantly reduces this cost 
by constraining attention computations to local overlapping windows. Specifically, the input sequence is first 
padded with residual tokens R to ensure alignment, and then partitioned into overlapping windows, each of fixed 
size W, and processed independently. This results in a much computationally cheaper overall operation as we will 
see next. 

4.3.6.1. Performance Expression Derivation 

In the Unfolding phase, the window will iteratively traverse the padded sequence, and in the 𝑖𝑖th iteration the 
first token index will be given as 

𝑏𝑏𝑖𝑖 = (𝑖𝑖 − 1) × 𝑆𝑆.  

This means that the token of the last index will be given as 
𝑙𝑙𝑖𝑖 = 𝑏𝑏𝑖𝑖 + 𝑊𝑊 − 1

⟹ 𝑙𝑙𝑖𝑖 = (𝑖𝑖 − 1) × 𝑆𝑆 + 𝑊𝑊 − 1.  

However, 

𝑙𝑙𝑖𝑖 <= 𝐿𝐿𝑝𝑝 − 1
⟹ (𝑖𝑖 − 1) × 𝑆𝑆 + 𝑊𝑊 − 1 <= 𝐿𝐿𝑝𝑝 − 1

⟹ 𝑖𝑖 <=
𝐿𝐿𝑝𝑝 −𝑊𝑊

𝑆𝑆
+ 1.

  

Since both 𝐿𝐿𝑝𝑝 and 𝑊𝑊 are divisible by 𝑆𝑆, the count of subsequences produced by the Unfolding phase is 

max{𝑖𝑖} =
𝐿𝐿𝑝𝑝 −𝑊𝑊

𝑆𝑆
+ 1 =

𝐿𝐿 + 𝑅𝑅 + 𝑊𝑊
𝑆𝑆

− 1.  

Therefore, the total number of operations required by the transformer encoder to process the input sequence 
will improve from 𝐿𝐿2 to 

𝑁𝑁 = �
𝐿𝐿 + 𝑅𝑅 + 𝑊𝑊

𝑆𝑆
− 1 � × 𝑊𝑊2  

when using SUGAR. 
Hence, for fixed 𝑊𝑊 and 𝑆𝑆, 

𝑁𝑁 =  𝑂𝑂(𝐿𝐿).  

Thus, SUF effectively reduces the self-attention complexity from quadratic to linear with respect to the input 
length, making the SUGAR model highly efficient and scalable for long-sequence applications [33]. 
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4.3.7. Applicability and Scope of the SUF Mechanism 

The SUF mechanism does not include an explicit module for modeling global dependencies across the full 
sequence. Instead, it adopts a task-specific assumption: that key semantic cues in group activity recognition (GAR) 
typically emerge from short, localized spatiotemporal patterns. To support this, our overlapping window strategy 
ensures that each token is included in multiple local contexts, allowing the model to build strong local 
representations. 

This design proves effective in practice. As shown in Section 5, SUF achieves consistently high accuracy—
above 92% across a wide range of configurations—and approaches the performance of Bi-Causal while reducing 
computational cost (see Table 1). Moreover, as we shall see in section 5.8, both the confusion matrix and the 
macro-averaged precision-recall curve indicate that the model makes few class-level errors, suggesting that full 
attention over entire sequences is superfluous for reliable classification in the tested scenarios. 

Table 1. Performance Comparison of SUGAR and State-of-the-Art Methods on the Volleyball Dataset. Accuracy 
values for entries with a reference have not been generated and have been sourced from the corresponding reference. 

Method Accuracy (%) 
Confidence-Energy Recurrent Network (CERN) [34] 83.3 

stagNet [7] 89.3 
Hierarchical Relational Networks (HRN) [8] 89.5 

Social Scene Understanding (SSU) [6] 90.6 
Hierarchical Graph-Based Cross Inference Network (HiGCIN) [21] 91.5 

Actor Relation Graphs (ARG) [9] 92.5 
Convolutional Relational Machine (CRM) [25] 93.0 

Dynamic Inference Network (DIN) [29] 93.6 
Decompositional Learning (DECOMPL) [26] 93.8 

GroupFormer [18] 94.1 
Dual-Path Actor Interaction Learning (Dual-AI) [19] 95.5 

Sequence Unfolding (W = S = 50) 93.64 
Lightning Safety Layer 16.9 

Unfolding + Lightning Safety Layer (W = 20, S = 5) 92.52 
Bi-Causal (Observed) 95.29 

Bi-Causal (Reported) [17] 96.1 

Importantly, SUF was developed and evaluated specifically for long video sequences. All experiments in this 
study were conducted using inputs where the sequence length L is significantly larger than the window size W, 
typically satisfying L ≥ 3W. In this regime, SUF delivers both predictive accuracy and efficiency gains. 

From a theoretical perspective, when applied to very short sequences where L ≈ W, the unfolding and padding 
steps introduce redundant tokens that may reduce computational efficiency. However, such cases fall outside the 
intended application scope of our framework. We did not evaluate SUF on short clips, as our focus is on long-
form group activity sequences—where SUF is most effective. 

For practical deployment, we recommend using SUF when the input length substantially exceeds the window 
size. In tasks involving shorter clips, the base transformer encoder without unfolding may be a better fit, or window 
and stride sizes may need to be adapted accordingly. 

4.4. Lightning Attention 2 and Safety Layer 

We further evaluated Lightning Attention 2 [13] and the Mamba Structured State Space Model (SSM) as 
linear-complexity alternatives to standard attention. Mamba SSM could not be stably integrated due to 
optimization instability in video contexts. Lightning Attention 2, however, was successfully implemented as a 
drop-in replacement for vanilla multi-head attention in the transformer encoder, but required several engineering 
modifications to ensure robustness and compatibility: 
• Compatibility: The safety layer dynamically adjusts model dimensions and the number of attention heads, 

ensuring they are compatible (e.g., dimensions divisible by the number of heads, powers of two, etc.). 
• Memory Constraint Resolution: A cap is enforced on the model dimension within Lightning Attention 2 to 

accommodate hardware memory limitations. 
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• NaN Issue Mitigation: Layer normalization is applied after the projection layers to prevent the propagation 
of NaNs or infinite values. 

The LA2 Safety Layer Architecture 

The keys, queries and values are each processed by different feed forward layers to cap the embedding 
dimensions of the input tokens to a configured value. Then one layer-normalization block for each output shrinks 
the ranges so that NaNs are avoided down the pipeline. Before passing the result to the underlying LA2 block, a 
Data Formatting layer performs minimum manipulations to make the LA2 inputs match the LA2 architectural 
constraints. The returned output undergoes the same set of operations executed in reverse. The Data Formatting 
layer now inverts the adjustments made by the previous Data Formatting layer, and the feedforward network block 
expands back the token embedding dimension to its original size. This has been depicted in the bottom right part 
of the SUGAR architecture in Figure 1. This workflow ensures stable training and inference for SUGAR on long 
video sequences [1]. 

Note that Lightning Attention 2 is currently a preprint and has not yet been peer-reviewed or officially accepted 
at a major venue. Nevertheless, it offers valuable architectural insights for efficient long-sequence processing. 

5. Experiments 

5.1.  Volleyball Datasets and Experimental Setup 

All experiments are conducted on the Volleyball dataset, a widely recognized benchmark for group activity 
recognition introduced in recent literature [5,35]. The dataset comprises 55 videos, containing a total of 4830 
labeled clips, partitioned into 3493 samples for training and 1337 for testing. To mitigate the limited sample size 
and improve generalization, we employ coordinate perturbation for data augmentation, expanding the training set 
to 17,465 samples. This augmentation strategy is consistent with current best practices in the GAR field [36]. 

The dataset contains eight group activity classes: r-set, l-set, r-spike, l-spike, r-pass, l-pass, r-winpoint, and 
l-winpoint. The distribution of classes across training and test splits is illustrated in Figure 2a,b. Notably, the 
dataset is imbalanced, which further underscores the necessity for robust evaluation protocols [35]. 

  

(a) Training Set Class Distribution (b) Test Set Class Distribution 

Figure 2. Class distributions for the training and test sets of the Volleyball dataset. 

All experiments are implemented using PyTorch. Model training is performed on NVIDIA A100 GPUs, with 
hyperparameters such as window size and step size optimized via grid search. Our experimental pipeline and 
codebase are fully open-sourced to ensure reproducibility and transparency, adhering to recent open science 
guidelines [36]. 

5.2. AnimalKingdom Dataset and Evaluation 

To evaluate the robustness and generalizability of the proposed SUGAR framework, we extended our 
experiments to the AnimalKingdom dataset [37], a recently introduced benchmark for fine-grained multi-agent 
activity understanding in natural scenes. The dataset comprises over 10,000 video clips captured from 24 animal 
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classes (e.g., zebra, lion, meerkat), each labeled with 14 group-level activity classes such as “attack”, “retreat”, 
“forage”, and “play”. 

Unlike human-centric datasets like Volleyball, AnimalKingdom introduces greater intra-class variability, 
looser inter-agent formations, and significantly higher visual ambiguity due to the diverse environments and 
species-specific behaviors. 

For preprocessing, we followed the standard pipeline provided by the authors, including bounding box 
extraction via YOLOv5, trajectory linking, and frame sampling at 15 fps. Each video is segmented into 64-frame 
clips to align with our temporal encoding window. Group activity labels are derived per clip and modeled as 
categorical outputs in the GAR formulation. 

Our method maintains the same architectural backbone and hyperparameter configuration as used for the 
Volleyball dataset, with SUF parameters 𝑊𝑊 = 25  and 𝑆𝑆 = 5 . Results show that SUGAR achieves strong 
performance on AnimalKingdom, attaining a top-1 accuracy of 76.4%, outperforming Bi-Causal (74.7%) and 
Convolutional Relational Machine (CRM) (68.2%) [6]. 

These results suggest that SUGAR not only reduces computation but also generalizes well across domains 
with non-human agents and complex dynamics. 

5.3. Training-Test Split and Reproducibility 

For the Volleyball dataset, we follow the standard split protocol adopted by [17] using 349 sequences for 
training and 133 for testing. For AnimalKingdom, we adopt an 80/20 train-test split with stratified sampling across 
activity classes. 

All experiments are repeated over three random seeds, and we report the average accuracy and standard 
deviation. No separate validation set is used, as the model was tuned directly on the training set and evaluated on 
the test set. This protocol aligns with the setup in Bi-Causal [17] and Lightning Attention 2 [13]. 

While we acknowledge that k-fold cross-validation provides stronger guarantees, we followed the prevailing 
GAR evaluation protocols to maintain comparability with existing baselines. 

5.4. Evaluation Metrics 

Given the multiclass and imbalanced nature of the Volleyball dataset, we report a suite of evaluation metrics, 
including accuracy, macro and micro precision, recall, F1-score, confusion matrix, macro-averaged precision-
recall curves, AUPRC, AUROC, and precision@k. This comprehensive evaluation framework, now standard in 
large-scale group activity recognition studies [5,35], ensures a nuanced assessment that avoids misleading 
conclusions based solely on accuracy. 

5.5. Baselines and Comparative Methods 

To rigorously evaluate the effectiveness of our proposed Sequence Unfolding & Folding (SUF) mechanism 
within the SUGAR framework, we compare against several representative state-of-the-art methods in group 
activity recognition: Bi-Causal [31], GroupFormer [6], Dual-AI [38], and HiGCIN [21]. We also evaluate 
Lightning Attention 2 (LA2) [27] as an efficient linear-complexity attention baseline. 

To further isolate the contribution of each component, we conduct ablation studies using the following variants: 
• SUF Only (ours): Transformer encoder with our SUF mechanism, using window size = stride = 50. 
• LA2 Only (ours): Replacing vanilla multi-head attention with Lightning Attention 2 and applying our 

stability layer. 
• SUF + LA2 (ours): Combining SUF with Lightning Attention 2 (window size = 20, stride = 5). 
• Bi-Causal (Observed): Direct reproduction of the original Bi-Causal framework. 

All models are evaluated on the Volleyball dataset under identical training conditions. 

5.6. Results 

The results, summarized in Table 1, indicate that SUGAR achieves 93.64% accuracy (𝑊𝑊 = 𝑆𝑆 = 50), closely 
matching the performance of current state-of-the-art models. At the same time, SUGAR achieves linear 
performance improvement brought over the quadratic cost of traditional transformers as shown in Figure 3. 
Lightning Attention 2 in isolation underperforms (16.9% accuracy), yet its combination with SUGAR reaches 
92.52%, demonstrating the stabilizing effect of local sequence modeling for linear attention mechanisms [3]. Bi-
Causal achieves the highest observed accuracy (95.29%) but incurs higher computational costs. These findings are 
consistent with recent benchmarks in group activity recognition and video transformer efficiency studies [20,38]. 
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Figure 3. Comparison of inference runtime and accuracy between Bi-Causal baseline (SUGAR OFF) and our 
proposed SUF-based model (SUGAR ON) on the Volleyball dataset. “SUGAR OFF” corresponds to the original 
Bi-Causal implementation without SUF, while “SUGAR ON” uses the SUGAR architecture with SUF enabled (W 
= S = 50). The runtime reflects end-to-end inference time per batch on NVIDIA A100 GPUs. 

5.7. Ablation and Parameter Analysis 

To systematically assess the impact of window and step size, we conduct a grid search over these 
hyperparameters (see Figure 4). The results indicate that smaller window sizes, when paired with appropriately 
chosen step sizes, typically yield superior accuracy, in agreement with recent ablation studies of transformer-based 
architectures [39]. Notably, all configurations achieve accuracy above 92%, although high step counts (larger 𝐶𝐶) 
can lead to increased memory consumption. Enabling the LA2 Safety Layer in SUGAR consistently elevates 
accuracy above 90% across all tested hyperparameter settings (see Figure 5), further underscoring the stabilizing 
influence of local context in efficient attention mechanisms [40]. 

 

Figure 4. Plot showing the maximum accuracy versus unfolding step size 𝑆𝑆 for different unfolding window sizes 𝑊𝑊. 
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Figure 5. Lightning Attention 2 Safety Layer performance for different step sizes and 𝑊𝑊 =  20. 

5.8. Error Analysis and Visualization 

Analysis of the confusion matrix (Figure 6) reveals that most errors arise from misclassification between 
highly similar actions, a persistent challenge in fine-grained group activity recognition [31]. Macro-averaged 
precision-recall curves (Figure 7) and training dynamics visualizations (Figures 8–10) demonstrate the strong 
generalization ability and rapid convergence of our model, with the area under the precision-recall curve (AUPRC) 
exceeding 0.94 in all experimental runs. 

 

Figure 6. Confusion matrix for 𝑊𝑊 = 𝑆𝑆 = 50. 
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Figure 7. Precision-Recall curves for 𝑊𝑊 = 𝑆𝑆 = 50. 

 

Figure 8. Precision@1 vs Precision@3 values for different epochs. 

 

Figure 9. AUROC vs AUPRC comparison plot for different epochs. 
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Figure 10. Precision, F1, and Recall curves for 𝑊𝑊 = 20 and 𝑆𝑆 = 4. 

5.9. Analysis and Insights 

These findings corroborate the recent literature, highlighting that local contextual information is sufficient 
for accurate group activity recognition in the majority of scenarios [39]. The Sequence Unfolding & Folding (SUF) 
mechanism in SUGAR not only enables stable and efficient deployment of linear attention architectures but also 
provides a flexible framework for balancing accuracy and computational requirements. This flexibility is essential 
for scaling group activity recognition systems to real-world applications [26,41]. 

5.10. Performance on the AnimalKingdom Dataset 

To further evaluate the generalization of SUGAR, we tested our technique on the AnimalKingdom dataset 
using MSONet [22]. Figure 11 shows the prediction performance using multi-label average precision (mAP) with 
and without SUGAR. Unlike the Bi-Causal results, these experiments indicate that SUGAR provides an increased 
prediction performance in addition to the previously observed speed improvements. 

Specifically, Figure 11 demonstrates that SUGAR consistently improves mAP across training epochs. The 
maximum value achieved was 64.70 at epoch 347, before training was terminated due to out-of-memory 
constraints. The steadily increasing mAP curve suggests that further gains are possible with larger GPU resources 
or extended training time. For this experiment, we used window size 𝑊𝑊 = 6, step size 𝑆𝑆 = 3, and video sequence 
length of 15. 

Additionally, Figure 12 plots SUGAR’s precision gain over epochs. The results show that our approach 
maintains a consistent advantage, with precision improvements staying above 0.6% throughout training. 

 

Figure 11. Multi-label average precision (mAP) progress over epochs with (left) and without (right) SUGAR on 
the AnimalKingdom dataset. 
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Figure 12. SUGAR’s precision gain over epochs on the AnimalKingdom dataset. 

5.11. Cross-Dataset Evaluation 

To isolate architectural effects from dataset-specific biases, cross-dataset generalization is a widely 
recommended protocol. However, due to substantial differences in annotation schemes, domain-specific pre-
processing pipelines, and backbone assumptions (e.g., fixed number of agents or camera framing), we did not 
perform direct cross-dataset evaluation between Volleyball and AnimalKingdom in this work. 

We consider this an important future direction, particularly as robust generalization across datasets remains 
a major open challenge in group activity recognition. Integrating domain adaptation modules or meta-learning 
components into SUGAR would allow better transfer across visual domains. 

6. Discussion 

Our experiments show that the proposed Sequence Unfolding & Folding (SUF) technique achieves linear 
computational complexity while maintaining accuracy comparable to state-of-the-art transformer-based models. 
This makes SUF a practical and scalable choice for long-sequence group activity recognition (GAR). Although 
our primary evaluation focuses on the Volleyball dataset, the core idea—capturing localized spatiotemporal 
features—has broader potential, and may extend to other benchmarks such as Collective Activity, NBA, or animal 
behavior datasets [26,39]. 

While our current implementation inherits certain hardcoded preprocessing routines from the Bi-Causal 
framework, the underlying SUF design remains general and adaptable. Future work may explore learnable 
aggregation strategies in the folding step to further enhance performance and flexibility [3,40]. 

A key design decision in SUF is the omission of full-sequence global attention. Instead, it relies on 
overlapping local windows, based on the assumption that most group activity cues are short and temporally 
localized. This assumption is empirically supported by our Volleyball results: SUF achieves 93.64% accuracy 
without requiring global attention. Confusion matrices and PR curves reveal minimal long-range ambiguity, 
further validating the effectiveness of local-only modeling. 

This does not preclude the value of global mechanisms. Lightweight modules such as cross-window pooling 
or sparse attention may offer performance gains in tasks that require long-term context. Such enhancements could 
complement SUF without sacrificing its efficiency. 

From a systems perspective, integrating efficient attention modules like Lightning Attention 2 or Mamba 
SSM often requires custom engineering. In our implementation, we introduced a safety layer to stabilize training 
and manage memory usage [27,39], echoing findings that scalable transformers often benefit from hybrid or 
adaptive designs [6,41]. 

We further evaluated SUF on the AnimalKingdom dataset, which involves multi-label animal behavior 
recognition. This preliminary result suggests that SUF can transfer beyond human-centric datasets. While not a 
full cross-dataset evaluation, it highlights SUF’s potential for broader applicability. We plan to pursue more 
systematic cross-domain transfer experiments, including training on one domain and testing on another. 

Looking ahead, we see two main directions for extending this work. First, incorporating lightweight global 
context modules could better balance local and long-range modeling. Second, we plan to adapt SUF to a broader 
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range of video scenarios, including variable-length inputs, multi-modal data, and animal or non-human group 
behaviors. Combining SUF with emerging attention frameworks such as Mamba or FlashAttention v2 may also 
improve its scalability and generalization. 

7. Conclusions and Future Work 

In this study, we introduced SUGAR: a Sequence Unfolding & Folding based Transformer model that 
achieves linear computational complexity while delivering predictive accuracy on par with leading transformer 
architectures for group activity recognition. Our approach offers a principled and practical solution to the challenge 
of scalable sequence modeling in video understanding [2,42]. Extensive experiments, including grid search over 
hyperparameters and evaluation with diverse metrics such as precision@k, confusion matrices, and precision-
recall curves, confirm the robustness and generalizability of our method. 

We further presented a novel safety layer to enable the stable deployment of Lightning Attention 2, 
demonstrating that efficient attention mechanisms can be flexibly and reliably integrated into transformer-based 
frameworks. The results suggest that prioritizing local context while reducing redundant global computation 
unlocks substantial efficiency gains for group activity recognition and related tasks. 

While SUGAR demonstrates strong empirical performance and efficiency gains on benchmark GAR datasets, 
several limitations remain. First, the current architecture lacks an explicit global modeling mechanism across 
disjoint temporal windows. Although overlapping strides enable partial information sharing, a dedicated global 
context module may further improve long-range temporal reasoning. 

Second, SUF was primarily evaluated on mid-length video sequences. For short videos (where sequence 
length 𝐿𝐿 ≈ 𝑊𝑊), the added padding and segmentation overhead may outweigh its benefits. Profiling performance 
across varying sequence lengths remains a promising future direction. 

Third, SUGAR currently assumes a uniform transformer architecture across datasets. Adapting to domain-
specific inductive biases, especially in animal-centric scenes like AnimalKingdom may require fine-tuning or 
meta-adaptation layers. 

Lastly, we plan to explore generalization across datasets and modalities, including transfer learning from 
human to animal domains, and potentially expanding SUGAR to multimodal GAR tasks (e.g., audio-video fusion). 

Looking ahead, we plan to extend this framework to additional datasets, such as Collective Activity, NBA, 
and animal group behavior, as well as domains beyond computer vision, including text and audio. Future work 
will also explore weighted, learnable aggregation strategies within the folding operation, and deeper integration 
with other efficient architectures, such as Mamba SSM and hybrid attention modules. We believe that these 
directions will further enhance the scalability and applicability of efficient transformer models, advancing their 
deployment in multi-modal and real-world environments. 
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