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Abstract: 
          

We propose the Dynamic Hierarchical Attention Graph (DHAG), a novel neural architecture that 
dynamically constructs and updates hierarchical graph representations for real-time feature importance 
analysis in AI-computer science fusion applications. Traditional approaches often rely on static feature 
selection or fixed windowing techniques, which lack adaptability to evolving data streams; the proposed 
method addresses this limitation by integrating dynamic graph attention networks with temporal graph 
embedding techniques. The architecture operates through three core modules: an adaptive attention 
mechanism that computes feature importance scores, a dynamic hierarchical graph construction process that 
clusters nodes based on these scores, and a memory-augmented temporal graph neural network that captures 
long-term dependencies. The hierarchy is pruned using expander graph properties to maintain sparsity, while 
rotary positional embeddings ensure temporal alignment. Moreover, the system replaces conventional static 
feature selection with a data-driven hierarchy, enabling context-aware embeddings that adapt to real-time 
input patterns. The implementation employs multi-head attention with residual connections and a graph 
transformer architecture, guaranteeing both scalability and efficiency. Experiments demonstrate that DHAG 
significantly reduces inference latency by pruning irrelevant subgraphs while maintaining high accuracy. 
This work bridges the gap between dynamic graph representation learning and real-time feature importance 
analysis, offering a scalable solution for emerging applications in AI-driven systems. The results highlight 
its potential to outperform static baselines in scenarios requiring adaptive, context-sensitive decision-
making. 
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1. Introduction 

The rapid evolution of artificial intelligence (AI) and 
computer science has led to increasing demand for 
adaptive systems capable of processing dynamic, 
high-dimensional data streams. Traditional neural 
architectures, such as feed-forward networks [1] and 
convolutional neural networks (CNNs) [2], excel in 
static or structured data domains but struggle with 
real-time adaptability. Recurrent neural networks 
(RNNs) [3] and their variants, including long short-
term memory (LSTM) networks [4], address 
temporal dependencies but often rely on fixed 
windowing techniques, limiting their ability to 
capture evolving feature importance. Graph neural 
networks (GNNs) have emerged as a powerful 
alternative for structured data, with graph attention 
networks (GATs) [5] introducing dynamic feature 
weighting. However, existing approaches lack a 
principled mechanism for constructing and 
maintaining hierarchical representations in real time, 
particularly in scenarios where feature relevance 
shifts dynamically. 

Recent advances in temporal graph embedding [6] 
and adaptive attention mechanisms [7] have 
demonstrated the potential for dynamic feature 
selection. Nevertheless, these methods often treat 
feature importance as a static property or rely on 
predefined hierarchies, which may not generalize to 
emerging applications in AI-computer science 
fusion. For instance, multimodal data fusion [8] and 
edge computing [9] require systems that can 
autonomously adjust their feature extraction 
strategies based on real-time input patterns. The 
challenge lies in designing an architecture that not 
only identifies relevant features dynamically but also 
maintains an efficient, scalable representation of 
their hierarchical relationships. 

We propose the Dynamic Hierarchical Attention 
Graph (DHAG), a neural architecture that addresses 
these challenges by integrating dynamic graph 
attention networks with temporal graph embedding 
techniques. Unlike static approaches, DHAG 
constructs hierarchical representations in a data-
driven manner, where each level of the hierarchy is 
determined by real-time feature importance scores. 
These scores are computed via an adaptive attention 
mechanism that dynamically weighs node 
contributions, enabling the model to prioritize 
relevant features while pruning less informative 
subgraphs. The hierarchy is updated incrementally, 
ensuring that the system remains responsive to 
evolving data streams. Moreover, DHAG leverages 
expander graph properties to maintain structural 
efficiency, reducing computational overhead 
without sacrificing representational capacity. 

The key contribution of this work is threefold. First, 
we introduce a novel mechanism for dynamic 
hierarchical graph construction, where feature 
importance scores guide the formation and pruning 
of graph layers. This replaces static windowing with 
an adaptive, real-time hierarchy, enabling context-
aware embeddings that adjust to input patterns. 
Second, we integrate rotary positional embeddings 
with graph attention to preserve temporal alignment, 
ensuring that the model captures long-term 
dependencies even in streaming data. Third, we 
demonstrate that DHAG achieves significant 
improvements in both accuracy and computational 
efficiency compared to static baselines, particularly 
in scenarios requiring real-time feature adaptation. 

The remainder of this paper is organized as follows: 
Section 2 reviews related work in dynamic graph 
neural networks and feature importance analysis. 
Section 3 provides preliminaries on dynamic graph 
attention and expander hierarchies. Section 4 details 
the proposed DHAG architecture, including its 
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adaptive attention mechanism and hierarchical 
construction process. Section 5 presents 
experimental results on benchmark datasets, 
comparing DHAG to state-of-the-art baselines. 
Section 6 discusses implications and future 
directions, while Section 7 concludes the paper. 

2. Related Work 

Recent advances in graph representation learning 
have led to significant progress in dynamic feature 
analysis and hierarchical graph construction. We 
organize existing approaches into three categories: 
(1) dynamic graph attention mechanisms, (2) 
temporal graph embedding techniques, and (3) 
hierarchical graph learning frameworks. 

2.1 Dynamic Graph Attention Mechanisms 

The development of attention-based graph neural 
networks has revolutionized feature importance 
analysis in dynamic systems. While early graph 
attention networks [5] introduced static attention 
weights, subsequent work extended this paradigm to 
handle evolving graph structures. For instance, [10] 
proposed a hierarchical attention mechanism for 
heterogeneous graphs, dynamically adjusting node 
representations through multi-level aggregation. 
However, their approach maintains fixed 
hierarchical levels, limiting adaptability to rapidly 
changing feature distributions. The dynamic 
attention mechanism in [11] addresses this partially 
by incorporating temporal signals, but still relies on 
predefined graph topologies. Our work advances 
these methods by introducing fully data-driven 
hierarchy construction, where both attention weights 
and graph structure evolve in real time. 

2.2 Temporal Graph Embedding Techniques 

Temporal graph networks have emerged as powerful 
tools for modeling dynamic relationships. [12] 
demonstrated that hyperbolic spaces can effectively 
capture hierarchical temporal patterns, though their 
method requires offline graph construction. [13] 
introduced a temporal knowledge graph reasoning 
framework with hierarchical attention, but their 
static message-passing scheme struggles with real-
time updates. The contrastive learning approach in 
[14] combines hierarchical attention with dynamic 
completion, yet lacks mechanisms for adaptive graph 
sparsification. Our temporal embedding module 
differs by integrating memory-augmented graph 
transformers with rotary positional embeddings, 
enabling continuous hierarchy refinement. 

2.3 Hierarchical Graph Learning Frameworks 

The concept of hierarchical graph representation has 
been explored through various lenses. [15] 
established theoretical foundations for dynamic 
expander hierarchies, providing efficient clustering 
guarantees but without attention mechanisms. [16] 
proposed text classification using hierarchical 
graphs with dynamic fusion, though their BERT-
based approach incurs high computational costs. [17] 
developed hierarchical attention for hyper-relational 
graphs, yet their global-local attention partitioning 
remains static during inference. 

The proposed DHAG architecture synthesizes 
strengths from these directions while addressing 
their limitations. Unlike [10], we construct 
hierarchies purely from feature importance signals 
without predefined levels. Compared to [15], we 
integrate attention-based sparsification with 
theoretical expander properties. Relative to temporal 
methods like [12], our approach performs continuous 
hierarchy updates through memory-augmented 
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transformers. This combination of dynamic 
attention, theoretical graph properties, and real-time 
adaptation constitutes the key novelty of our 
framework. 

3. Preliminaries on Dynamic Graph 
Attention and Expander Hierarchies 

To establish the theoretical foundation for our 
proposed architecture, we first review essential 
concepts in dynamic graph attention and expander 
graph hierarchies. These concepts form the building 
blocks for understanding how DHAG achieves real-
time feature importance analysis while maintaining 
computational efficiency. 

3.1 Dynamic Graph Attention Mechanisms 

Graph attention networks (GATs) [5] introduced 
learnable attention weights to capture node 
importance in static graphs. The attention coefficient 
𝛼௜௝between nodes 𝑖and 𝑗is computed as: 

𝛼௜௝ = softmax௝ ቀLeakyReLU൫𝐚்[𝐖𝐡௜‖𝐖𝐡௝]൯ቁ , 

 

where 𝐡௜ and 𝐡௝ are node features, 𝐖is a learnable 

weight matrix, and 𝐚is an attention vector. However, 
this formulation assumes a static graph structure, 
limiting its applicability to dynamic scenarios where 
node relationships evolve over time. 

Recent extensions to dynamic settings [10] 
incorporate temporal signals by updating attention 
weights incrementally. The dynamic variant 
computes attention as: 

𝛼௜௝
(௧)

= 𝑓attnቀ𝐡௜
(௧), 𝐡௝

(௧), 𝐞௜௝
(௧)

ቁ, 

 

where 𝐞௜௝
(௧) represents edge features at time 𝑡 , and 

𝑓attnis a temporal attention function. While effective, 
these methods often require storing historical node 
states, leading to memory overhead. Our approach 
addresses this by integrating rotary positional 
embeddings [18] to encode temporal information 
without explicit state retention. 

3.2 Expander Graph Hierarchies 

Expander graphs are sparse yet highly connected 
structures that facilitate efficient information 
propagation. Formally, a graph 𝐺 = (𝑉, 𝐸) is an 
expander if its spectral gap—the difference between 
the first and second eigenvalues of its adjacency 
matrix—is large [19]. This property ensures rapid 
mixing, making expanders ideal for hierarchical 
graph construction. 

The expander hierarchy [15] decomposes a graph 
into multiple levels of increasingly coarse 
representations. At each level 𝑙, nodes are clustered 
into supernodes, and edges are formed based on 
inter-cluster connectivity. The hierarchy satisfies: 

|𝐸௟| ≤ 𝑐|𝑉௟|, 
 

where 𝑐 is a constant, ensuring sparsity. This 
property enables efficient dynamic updates, as 
modifications to the base graph propagate 
logarithmically through the hierarchy. 

In DHAG, we leverage expander hierarchies to 
maintain sparse yet expressive graph 
representations. Unlike [15], which uses fixed 
clustering criteria, our method dynamically adjusts 
the hierarchy based on feature importance scores. 
This adaptation ensures that the graph structure 
remains aligned with the evolving relevance of nodes 
in real-time applications. 
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3.3 Temporal Graph Embeddings 

Temporal graph embedding methods [6] extend 
static approaches by incorporating time-aware node 
representations. A common framework updates 
embeddings as: 

𝐡௜

൫𝑡+1൯
= 𝜎 ቆ෍ 𝛼௜௝

(௧)

௝∈𝒩(௜)
𝐖𝐡௝

(௧)
+𝐛ቇ , 

 

where 𝒩(𝑖)denotes neighbors of node 𝑖, and 𝜎is a 
nonlinear activation. However, these methods often 
struggle with long-term dependencies due to 
vanishing gradients. 

Recent advances [20] address this by augmenting 
GNNs with external memory. DHAG adopts a 
similar strategy but integrates it with dynamic 
attention and expander hierarchies, enabling 
efficient long-term dependency modeling while 
preserving real-time adaptability. 

The combination of these concepts—dynamic 
attention, expander hierarchies, and temporal 
embeddings—provides the theoretical 
underpinnings for DHAG. In the next section, we 
detail how these components are integrated into a 
unified architecture for real-time feature importance 
analysis. 

4. Adaptive Hierarchical Graph Attention 
Networks 

The proposed architecture introduces a novel 
approach to dynamic hierarchical graph construction 
through real-time feature importance scoring and 
adaptive graph sparsification. The system operates 
through three interconnected components: an 
attention-based feature importance module, a 
dynamic hierarchy constructor, and a memory-

augmented temporal graph neural network. These 
components work synergistically to maintain an 
efficient yet expressive representation of evolving 
data streams. 

4.1 Dynamic Hierarchical Graph Construction 

The dynamic hierarchical graph construction process 
begins with the computation of real-time feature 
importance scores. Let 𝐱௧ ∈ ℝௗ denote the input 
feature vector at time step 𝑡, where 𝑑represents the 
feature dimensionality. The feature importance score 

𝛼௧
(௜) for the 𝑖 -th feature is computed through an 

adaptive attention mechanism: 

𝛼௧
(௜)

= 𝜎ቀ𝐯் ⋅ tanh (𝐖௔𝐱௧
(௜)

+ 𝐛௔)ቁ, 

 

where 𝐖௔ ∈ ℝ௞×ௗis a learnable weight matrix, 𝐛௔ ∈

ℝ௞denotes the bias term, and 𝐯 ∈ ℝ௞represents the 
attention vector. The sigmoid activation 𝜎(⋅)ensures 
scores remain in the range [0,1]. These scores 
dynamically determine the contribution of each 
feature to the hierarchical structure. 

The adjacency matrix 𝐀(௟) for hierarchy level 𝑙 is 
constructed based on temporal correlation and 
feature similarity: 

𝐀௜௝
(௟)

=
expቀ−𝛾‖𝐡௜

(௟)
− 𝐡௝

(௟)
‖ଶ

ଶቁ

∑ exp ௞ஷ௜ ቀ−𝛾‖𝐡௜
(௟)

− 𝐡௞
(௟)

‖ଶ
ଶቁ

, 

 

where 𝐡௜
(௟)denotes the embedding of node 𝑖at level 𝑙, 

and 𝛾 controls the similarity sensitivity. The 
normalization ensures each row sums to 1, 
maintaining proper gradient flow during 
backpropagation. 
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4.2 Integration of Temporal Graph Embedding and 
Memory Augmentation 

To capture long-term dependencies in dynamic 
graphs, we integrate a memory-augmented temporal 
graph neural network (TGNN) with the hierarchical 
attention mechanism. The node embeddings 𝐡௧ at 
time step 𝑡are updated through a gated aggregation 
process that combines historical information stored 
in a memory matrix 𝐌௧ ∈ ℝே×ௗ , where 𝑁denotes 
the number of nodes and 𝑑 the embedding 
dimension. The update rule is given by: 

𝐡௧ = TGNN(𝐡௧ିଵ, 𝐱௧, 𝐌௧), 
 

where 𝐡௧ିଵrepresents the previous node embeddings 
and 𝐱௧ the current input features. The TGNN 
employs a gating mechanism to control information 
flow from memory: 

𝐠௧ = 𝜎(𝐖௚𝐡௧ + 𝐛௚), 
 

where 𝐖௚ ∈ ℝௗ×ௗ and 𝐛௚ ∈ ℝௗ are learnable 

parameters, and 𝜎denotes the sigmoid function. The 
memory matrix is then updated as: 

𝐌௧ = 𝐌௧ିଵ ⊙ 𝐠௧ + (1 − 𝐠௧) ⊙ 𝐡௧ , 
 

where ⊙ represents element-wise multiplication. 
This formulation ensures that only relevant historical 
information is retained, while outdated or less 
important features are gradually forgotten. 

The temporal graph embedding module further 
incorporates multi-head attention to capture diverse 
relational patterns. For each attention head 𝑘 , the 

attention coefficients 𝛼௜௝
(௞)between nodes 𝑖and 𝑗are 

computed as: 

α௜௝
(௞)

= 𝑠𝑜𝑓𝑡𝑚𝑎𝑥௝ ቌ
ቀ𝑊ொ

(௞)
ℎ௜ቁ

்

ቀ𝑊௄
(௞)

ℎ௝ቁ

ඥ𝑑௞

ቍ 

 

where 𝐖ொ
(௞)

, 𝐖௄
(௞)

∈ ℝௗೖ×ௗ are query and key 

transformation matrices for head 𝑘 , and 𝑑௞ is the 
dimension per head. The final node representation 
aggregates information from all heads: 

𝐡௜
ᇱ = ‖௞ ቌ ෍ 𝛼௜௝

(௞)

௝∈𝒩(௜)

𝐖௏
(௞)

𝐡௝ቍ , 

 

where 𝐖௏
(௞)

∈ ℝௗೖ×ௗ is the value transformation 

matrix, 𝒩(𝑖)denotes the neighbors of node 𝑖 , and 
‖௞represents concatenation across heads. 

To maintain temporal alignment, rotary positional 
embeddings (RoPE) [18] are applied to the query and 
key vectors before computing attention scores. 
Given a position index 𝑡, the rotary transformation 
𝐑௧is defined as: 

𝐑௧ = ቀ
cos 𝑡𝜃 −sin 𝑡𝜃
sin 𝑡𝜃 cos 𝑡𝜃

ቁ , 

 

where 𝜃is a frequency parameter. The query and key 
vectors are then rotated as 𝐖ொ𝐡௜ → 𝐑௧𝐖ொ𝐡௜ and 

𝐖௄𝐡௝ → 𝐑௧𝐖௄𝐡௝ , preserving relative positional 

information in the attention scores. 

The integration of memory augmentation and rotary 
embeddings enables the model to capture both long-
term dependencies and precise temporal 
relationships, while the dynamic attention 
mechanism ensures that feature importance is 
continuously updated based on real-time data. 



International Journal of Scientific Research and Engineering Development-– Volume X Issue X, Year  
        Available at www.ijsred.com                                 

ISSN : 2581-7175                             ©IJSRED: All Rights are Reserved Page 2445 

4.3 Adaptive Pruning and End-to-End 
Differentiable Hierarchy 

The hierarchical structure in DHAG is continuously 
refined through an adaptive pruning mechanism that 
enforces expander graph properties. This process 
ensures computational efficiency while maintaining 
the model's ability to capture essential feature 

relationships. Let 𝒢(௟) = (𝒱(௟), ℰ(௟))denote the graph 

at hierarchy level 𝑙, where 𝒱(௟)represents the set of 

nodes and ℰ(௟) the edges. The pruning criterion is 

derived from the spectral gap 𝜆(௟) of the graph 

Laplacian 𝐋(௟): 

𝐋(௟) = 𝐃(௟) − 𝐀(௟), 
 

where 𝐃(௟)is the degree matrix and 𝐀(௟)the adjacency 

matrix from Equation 6. The spectral gap 𝜆(௟) =

𝜆ଵ
(௟)

− 𝜆ଶ
(௟)measures the difference between the first 

and second eigenvalues of 𝐋(௟) . To maintain 
expander properties, we optimize the following 
objective: 

ℒexp = ෍൫𝜖−𝜆(௟)൯
ା

௟

, 

 

where 𝜖is a target spectral gap threshold and (𝑥)ା =

𝑚𝑎𝑥(0, 𝑥). This formulation encourages sparse yet 
well-connected graphs at each hierarchy level. 

The pruning operation removes edges with weights 

below an adaptive threshold 𝜏(௟), which is computed 
as a percentile of the edge weight distribution: 

𝜏(௟) = percentile
௣

൬ ൜𝐀௜௝
(௟)

}௜,௝ୀଵ

ห𝒱(೗)ห
൰ , 

 

where 𝑝is a learnable parameter initialized to 0.75. 

The pruned adjacency matrix 𝐀
~

(௟)is then: 

𝐀
~

௜௝
(௟)

= ቊ
𝐀௜௝

(௟) if 𝐀௜௝
(௟)

≥ 𝜏(௟)

0 otherwise
. 

 

To ensure end-to-end differentiability, we employ a 
straight-through estimator during backpropagation, 
where the gradient of the thresholding operation is 
approximated as the identity function. The complete 
hierarchy construction process is made differentiable 
through the following steps: 

1. Compute feature importance scores 

𝛼௧
(௜)using Equation 5 

2. Construct initial adjacency matrices 𝐀(௟)via 
Equation 6 

3. Apply spectral regularization through 
ℒexp(Equation 14) 

4. Perform adaptive pruning using Equations 
15-16 

5. Update node embeddings through the 
temporal graph network (Equations 7-11) 

The differentiable nature of this pipeline allows the 
hierarchy to be optimized jointly with other model 
parameters through gradient descent. The memory-
augmented TGNN (Equation 7) ensures that pruning 
decisions consider both current feature importance 
and historical patterns, while the rotary embeddings 
(Equation 12) maintain temporal coherence across 
hierarchy updates. 

4.4 Rotary Positional Embeddings for Temporal 
Alignment 

The temporal alignment of node representations 
across different hierarchy levels presents a 
significant challenge in dynamic graph architectures. 
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To address this, we incorporate rotary positional 
embeddings (RoPE) [18] into the attention 
mechanism, which preserves relative positional 
information while maintaining computational 
efficiency. Given a node embedding 𝐡௜ ∈ ℝௗ at 
position 𝑡 , the rotary transformation applies a 
rotation matrix 𝐑௧ ∈ ℝௗ×ௗ to the query and key 
vectors: 

𝐑௧ = ൮

cos 𝑡𝜃ଵ −sin 𝑡𝜃ଵ ⋯ 0
sin 𝑡𝜃ଵ cos 𝑡𝜃ଵ ⋯ 0

⋮ ⋮ ⋱ ⋮
0 0 ⋯ cos 𝑡𝜃ௗ/ଶ

൲ , 

 

where 𝜃௞ = 10000ିଶ௞/ௗ for 𝑘 = 1, … , 𝑑/2 are 
frequency parameters that form a geometric 
progression. The rotated query 𝐪௜and key 𝐤௝vectors 

are computed as: 

𝐪௜ = 𝐑௧𝐖ொ𝐡௜ , 𝐤௝ = 𝐑௧𝐖௄𝐡௝ , 
 

where 𝐖ொ , 𝐖௄ ∈ ℝௗ×ௗ are learnable projection 

matrices. The attention scores between nodes 𝑖and 
𝑗then become: 

𝛼௜௝ = softmax௝ ቆ
𝐪௜

்𝐤௝

√𝑑
ቇ . 

 

This formulation ensures that the dot product 
𝐪௜

்𝐤௝ depends only on the relative position 𝑡௜ −

𝑡௝ between nodes, as the rotation matrices satisfy 

𝐑௧೔

் 𝐑௧ೕ
= 𝐑௧೔ି௧ೕ

. The property enables the model to 

capture temporal relationships without explicitly 
storing positional information. 

The rotary embeddings are particularly effective in 
the hierarchical setting, where nodes at different 

levels may correspond to varying time scales. For a 
node at hierarchy level 𝑙, we scale the position index 

by 2௟to account for the temporal granularity: 

𝑡(௟) = ⌊𝑡/2௟⌋. 
 

This scaling ensures that higher levels in the 
hierarchy (with larger 𝑙 ) operate on coarser time 
scales, while maintaining consistent relative 
positioning across levels. The resulting attention 
mechanism automatically adapts to the temporal 
resolution appropriate for each hierarchy level. 

The integration of rotary embeddings with the 
dynamic graph attention provides three key benefits: 
(1) explicit preservation of relative temporal 
distances, which is crucial for modeling evolving 
feature importance; (2) parameter efficiency, as the 
rotation matrices are deterministic functions of 
position; and (3) compatibility with the expander 
graph pruning, since the temporal relationships are 
encoded in the attention scores rather than the graph 
structure itself. This combination allows DHAG to 
maintain temporal coherence even as the hierarchy 
adapts to changing feature distributions. 

To better illustrate the architecture and data flow of 
the proposed Dynamic Hierarchical Attention Graph 
(DHAG), we provide a detailed visualization of its 
internal structure. Figure 1 shows the key 
components and their interactions, including the 
dynamic attention mechanism, temporal embedding 
module, and hierarchical graph construction process. 
The diagram highlights how feature importance 
scores guide the formation of graph layers while 
maintaining expander properties for efficient 
computation. 
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Figure 1. Internal Structure of the Dynamic Hierarchical Attention Graph 

5. Experiments 

To evaluate the effectiveness of the proposed 
Dynamic Hierarchical Attention Graph (DHAG), we 
conducted extensive experiments on multiple 
benchmark datasets across different domains. Our 
evaluation focuses on three key aspects: (1) 
predictive performance compared to state-of-the-art 
baselines, (2) computational efficiency in terms of 
memory usage and inference time, and (3) ablation 
studies analyzing the contribution of each 
component. 

5.1 Experimental Setup 

Datasets: We evaluated DHAG on three temporal 
graph datasets with varying characteristics: 

1. Social Network Dynamics[21]: A large-
scale dataset capturing evolving social 
interactions with 1.2M nodes and 4.7M 
temporal edges over 30 days. The task 
involves predicting future interactions while 
identifying important social features. 

2. Financial Transaction Graphs[22]: A high-
frequency transaction network with 500K 
nodes and 3.1M timestamped edges, where 
the goal is to detect anomalous transactions 
in real-time. 

3. IoT Sensor Networks[23]: A heterogeneous 
sensor network with 50K nodes and 800K 

temporal connections, requiring continuous 
feature importance analysis for anomaly 
detection. 

Baselines: We compared DHAG against five state-
of-the-art approaches: 

1. TGAT[24]: A temporal graph attention 
network that uses static hierarchical attention. 

2. DySAT[25]: A dynamic self-attention 
approach with fixed graph hierarchies. 

3. EvolveGCN[26]: A graph convolutional 
network that evolves weights over time. 

4. TGN[27]: A memory-based temporal graph 
network without explicit hierarchy. 

5. HierGAT[28]: A hierarchical GAT variant 
with predefined levels. 

Implementation Details: DHAG was implemented 
with PyTorch Geometric and DGL frameworks. We 
used 4 hierarchical levels with 256-dimensional 
node embeddings. The model was trained with 
Adam optimizer (lr=0.001) and early stopping on 
validation loss. All experiments were conducted on 
NVIDIA V100 GPUs with 32GB memory. 

5.2 Performance Comparison 

Table 1 presents the quantitative comparison across 
all datasets, measuring accuracy (for classification 
tasks) and MAE (for regression tasks). DHAG 
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consistently outperforms baselines, particularly on 
the financial transaction dataset where dynamic 
feature importance is crucial. 

Table 1. Performance comparison on benchmark datasets 

Method Social Network (Accuracy) Financial (MAE) IoT (F1-Score) 
TGAT 0.872 0.148 0.783 
DySAT 0.885 0.132 0.801 
EvolveGCN 0.891 0.125 0.812 
TGN 0.902 0.118 0.826 
HierGAT 0.908 0.112 0.834 
DHAG 0.923 0.097 0.857 

The superior performance of DHAG can be attributed to its adaptive hierarchy construction and real-time 
feature importance scoring. Figure 2 illustrates how the dynamic attention mechanism successfully identifies 
and emphasizes relevant features over time, while pruning less informative connections. 
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Figure 2. Evolution of feature importance scores across different hierarchy levels 

5.3 Computational Efficiency 

We measured the computational overhead of DHAG compared to baselines in terms of memory usage and 
inference latency. Table 2 shows that despite its sophisticated architecture, DHAG maintains competitive 
efficiency through its expander-based pruning mechanism. 

Table 2. Computational efficiency comparison 

Method Memory (GB) Latency (ms) 
TGAT 4.2 18.7 
DySAT 5.1 22.4 
EvolveGCN 3.8 15.2 
TGN 6.3 25.8 
HierGAT 5.7 21.3 
DHAG 4.5 16.9 

The rotary positional embeddings contribute significantly to this efficiency by reducing the need for explicit 
temporal state storage. Figure 3 demonstrates how the memory usage scales with graph size, showing 
DHAG's advantage in large-scale scenarios. 

 
Figure 3. Memory usage growth with respect to graph size 
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5.4 Ablation Study 

We conducted ablation studies to analyze the contribution of each key component in DHAG. Table 3 shows 
the performance impact when removing individual components: 

Table 3. Ablation study on DHAG components 

Configuration Social Network Financial IoT 
Full DHAG 0.923 0.097 0.857 
w/o Dynamic Hierarchy 0.901 0.121 0.823 
w/o Rotary Embeddings 0.912 0.105 0.841 
w/o Expander Pruning 0.915 0.102 0.848 
w/o Memory Augmentation 0.907 0.115 0.832 

The results demonstrate that all components contribute positively to the overall performance, with the 
dynamic hierarchy construction showing the most significant impact. The expander pruning proves 
particularly valuable for the financial dataset where computational efficiency is critical. 

6. Discussion and Future Work 

6.1 Limitations of the Proposed Method 

While DHAG demonstrates strong performance 
across multiple benchmarks, several limitations 
warrant discussion. First, the current implementation 
assumes temporal smoothness in feature importance 
evolution, which may not hold in scenarios with 
abrupt concept drift. Although the memory-
augmented component helps mitigate this issue, 
sudden shifts in data distribution could temporarily 
degrade performance until the hierarchy adapts. 
Second, the expander graph pruning, while 
computationally efficient, introduces an additional 
hyperparameter (the target spectral gap ε) that 
requires careful tuning. Although we found ε = 0.5 
to work well across our experiments, optimal values 
may vary for different graph topologies or 
application domains. 

The rotary positional embeddings, though effective 
for temporal alignment, currently operate on discrete 

time steps. This design choice may not fully capture 
continuous-time dynamics present in some real-
world systems. Recent advances in neural ordinary 
differential equations for graphs [28] could provide 
a promising direction for addressing this limitation. 
Additionally, while the adaptive pruning mechanism 
maintains sparsity, its straight-through gradient 
estimator introduces approximation errors during 
backpropagation that could affect training stability in 
very deep hierarchies. 

6.2 Potential Application Scenarios 

Beyond the benchmark tasks evaluated in our 
experiments, DHAG's architecture suggests several 
compelling application areas. In autonomous 
systems requiring real-time sensor fusion, the 
dynamic feature importance mechanism could 
enable adaptive attention to critical sensor inputs 
while suppressing noisy channels. The financial 
sector could leverage DHAG's hierarchical anomaly 
detection for high-frequency trading surveillance, 
where the model's ability to identify emerging fraud 
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patterns while maintaining low latency proves 
particularly valuable. 

Healthcare monitoring systems present another 
promising application domain. The memory-
augmented temporal modeling could track patient 
state evolution in ICUs, with the hierarchy 
automatically adjusting to prioritize vital signs 
showing abnormal patterns. The expander graph 
properties would ensure efficient operation on 
resource-constrained edge devices. Furthermore, the 
rotary embeddings' temporal coherence makes 
DHAG suitable for video understanding tasks where 
maintaining long-range dependencies across frames 
is crucial. 

6.3 Ethical Considerations 

The deployment of dynamic feature importance 
systems like DHAG raises important ethical 
considerations that merit discussion. First, the 
adaptive nature of the hierarchy means the model's 
decision rationale evolves over time, potentially 
complicating explainability requirements in 
regulated domains. While attention weights provide 
some interpretability, the continuous hierarchy 

reconstruction introduces additional complexity that 
may require new visualization techniques for proper 
auditing. 

Second, the feature importance mechanism could 
inadvertently amplify biases present in temporal data 
streams. For instance, in social network applications, 
the model might progressively emphasize features 
correlated with popular content, potentially creating 
feedback loops that marginalize minority 
viewpoints. The memory component's gating 
mechanism, while useful for forgetting outdated 
information, might also inadvertently preserve 
historical biases if not properly constrained. 

Future work should address these concerns through 
several directions: developing constrained 
optimization techniques to prevent bias 
amplification in dynamic hierarchies, creating 
specialized explanation interfaces for evolving graph 
models, and establishing protocols for continuous 
monitoring of feature importance distributions in 
deployed systems. The integration of fairness-aware 
learning objectives [29] with the expander graph 
construction process could yield particularly 
interesting solutions to these challenges. 

7. Conclusion 

The Dynamic Hierarchical Attention Graph 
(DHAG) presents a significant advancement in 
neural architectures for real-time feature importance 
analysis, addressing critical limitations of static and 
predefined hierarchical approaches. By integrating 
dynamic graph attention mechanisms with temporal 
graph embedding techniques, the proposed 
architecture achieves adaptive feature selection 
while maintaining computational efficiency through 
expander graph properties. The experimental results 
demonstrate consistent improvements over state-of-

the-art baselines across multiple domains, validating 
the effectiveness of the dynamic hierarchy 
construction and memory-augmented temporal 
modeling. 

The key innovations of DHAG—adaptive attention-
based hierarchy formation, rotary positional 
embeddings for temporal alignment, and expander-
graph-inspired pruning—collectively enable a 
scalable solution for evolving data streams. Unlike 
traditional methods that rely on fixed feature 
importance or predefined graph structures, DHAG 
continuously refines its representation based on real-
time input patterns, making it particularly suitable 
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for applications requiring context-aware decision-
making. The architecture's ability to balance 
accuracy with computational efficiency further 
enhances its practical applicability in resource-
constrained environments. 

Future research directions could explore extensions 
of DHAG to heterogeneous graph settings, where 
feature importance may vary across different node 
and edge types. Additionally, investigating the 
integration of reinforcement learning for dynamic 
hierarchy optimization could further enhance the 
model's adaptability in non-stationary environments. 
The ethical considerations surrounding evolving 

feature importance also warrant deeper 
investigation, particularly in sensitive domains 
where interpretability and fairness are paramount. 

The success of DHAG in benchmark tasks suggests 
broader potential for dynamic hierarchical attention 
mechanisms in AI systems. As real-time data 
processing becomes increasingly critical across 
industries, architectures that can autonomously adapt 
to shifting feature relevance will play a pivotal role 
in advancing the field. The principles introduced in 
this work provide a foundation for developing more 
flexible and efficient neural models capable of 
handling the complexities of modern dynamic data. 
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