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Abstract  

The rapid evolution of large language models has driven the demand for massively extended 

context windows, culminating in the pursuit of million-token sequence modeling capabilities. 

However, scaling the self-attention mechanism to such unprecedented lengths introduces 

prohibitive computational and memory bottlenecks due to its inherent quadratic complexity. 

While various sparsification and low-rank approximation techniques have been proposed, they 

frequently suffer from severe information loss and structural degradation when applied to 

extremely long sequences. This paper introduces a novel framework termed Alias-Controlled 

Spectral Sparsification, which leverages principles from graph signal processing to selectively 

prune attention graphs in the spectral domain. By rigorously analyzing the aliasing artifacts 

that emerge during aggressive token downsampling, we develop a specialized anti-aliasing 

filter that preserves the fundamental low-frequency semantic structures while systematically 

attenuating high-frequency noise. Our methodology enables the compression of million-token 

sequences into highly tractable spectral representations without sacrificing critical contextual 

dependencies. Extensive theoretical analysis and empirical evaluations on long-document 

benchmarks demonstrate that our approach significantly outperforms existing sparse attention 

mechanisms in both perplexity retention and hardware efficiency. The proposed architecture 

achieves near-linear time complexity, offering a scalable and robust solution for next-

generation sequence models processing ultra-long contexts.  

Keywords: Sequence Modeling, Spectral Sparsification, Self-Attention, Graph Signal Processing, 

Anti-Aliasing 

 

1. Introduction 

The paradigm of natural language processing has been fundamentally transformed by the advent of 

transformer architectures, which rely heavily on the self-attention mechanism to capture complex 

dependencies across discrete tokens. As these sequence models have grown in parameter count and 

capability, a primary frontier of ongoing research has been the expansion of the context window. Early 

models were constrained to sequence lengths of a few hundred tokens, fundamentally limiting their utility 

in tasks requiring holistic document understanding, long-term multi-turn conversations, and repository-

level code generation. Recent advancements have pushed this boundary significantly, yet the aspiration to 
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seamlessly process million-token sequences introduces severe theoretical and practical challenges. The core 

of this challenge lies in the quadratic scaling of standard self-attention, where the computation of the 

attention matrix demands resources proportional to the square of the sequence length. This limitation forms 

the primary motivation for the research presented in this manuscript [1, 2]. Addressing the quadratic 

bottleneck has catalyzed a vast body of literature focused on efficient attention mechanisms. Spatial 

sparsification techniques attempt to limit the receptive field of each token to a local neighborhood or a set 

of predefined sparse patterns. While effective for moderate lengths, these approaches often fail to capture 

the global, long-range dependencies crucial for understanding million-token contexts. Alternatively, low-

rank approximations hypothesize that the attention matrix manifests intrinsic low-rank properties, allowing 

for decomposition into smaller matrices. However, empirical evidence suggests that as sequences scale into 

the millions of tokens, the attention matrix becomes increasingly full-rank in localized regions, causing 

low-rank methods to suffer from unacceptable precision loss and contextual hallucination [3]. Furthermore, 

hardware-aware optimizations provide constant-factor speedups but do not alter the asymptotic complexity, 

eventually hitting physical hardware limits when sequence lengths reach extreme scales [4, 5].  To 

overcome these fundamental limitations, researchers have recently turned to the domain of graph signal 

processing to reconceptualize the attention mechanism. By modeling the token sequence as a fully 

connected graph where edge weights correspond to attention scores, it becomes possible to analyze 

sequence dependencies in the spectral domain. Spectral sparsification aims to reduce the graph's complexity 

by preserving its principal spectral properties, primarily through the retention of dominant eigenvalues and 

eigenvectors. However, a critical yet historically overlooked issue in spectral downsampling of discrete 

token graphs is the phenomenon of aliasing. When a highly dense sequence graph is aggressively 

subsampled to meet computational constraints, high-frequency spectral components incorrectly fold into 

the low-frequency bands. This spectral folding, or aliasing, corrupts the core semantic representation of the 

sequence, leading to catastrophic degradation in model performance and catastrophic forgetting of distant 

context [6].  This paper proposes a comprehensive solution to this problem through the introduction of 

Alias-Controlled Spectral Sparsification. We systematically investigate the mathematical mechanisms of 

spectral aliasing in transformer attention graphs and design a novel anti-aliasing filter tailored for discrete 

sequence models. By applying this filter prior to the sparsification step, we ensure that high-frequency noise 

is properly attenuated, thereby protecting the integrity of the essential low-frequency semantic signals 

during aggressive downsampling [7, 8]. Our approach bridges the theoretical rigor of classical signal 

processing with the highly empirical domain of large language model architecture.  The subsequent sections 

of this paper are organized to provide a deep, exhaustive exploration of the proposed methodology. Section 

2 establishes a thorough background on sequence modeling and graph signal processing, delineating the 

related work that forms the foundation of our research. Section 3 formalizes the theoretical underpinnings 

of spectral sparsification in the context of attention matrices. Section 4 details the core mathematical 

formulation of the alias-controlled sparsification technique, including the design and optimization of the 

anti-aliasing filter. Section 5 describes the system architecture and hardware implementation strategies 

required to deploy this technique efficiently on modern parallel compute architectures. Section 6 presents 

extensive experimental results, analyzing the performance of our method across various long-context 

benchmarks. Finally, Section 7 concludes the paper and discusses promising avenues for future research in 

the realm of ultra-long sequence modeling. 

2. Background and Related Work 

2.1 Evolution of Long-Context Sequence Models 

The historical progression of sequence modeling has been characterized by a continuous struggle against 

the limitations of memory and computational complexity. Recurrent neural networks and their variants, 

such as long short-term memory networks, initially dominated the field by processing tokens sequentially. 

While this approach required only linear memory with respect to the sequence length, it inherently 

bottlenecked parallel computation and suffered from vanishing gradients over long distances, making it 

unsuitable for sequences exceeding a few thousand tokens [9, 10]. The introduction of the transformer 
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architecture revolutionized sequence processing by abandoning recurrence in favor of global self-attention, 

enabling massive parallelization and direct modeling of dependencies regardless of distance [11].  

However, the global attention mechanism fundamentally requires the computation of pairwise similarities 

between all tokens in the sequence. For a sequence of length N, this necessitates the materialization of an 

N by N attention matrix, leading to quadratic time and space complexity. As the research community sought 

to apply transformers to entire books, extensive legal documents, and large codebases, this quadratic scaling 

rapidly became the primary structural barrier in artificial intelligence research [12, 13]. Consequently, the 

development of efficient transformers has become a distinct and highly active subfield, categorized broadly 

into sparse attention, linear attention, and memory-augmented networks.  

2.2 Efficient Attention Mechanisms 

Sparse attention mechanisms aim to reduce complexity by constraining the attention matrix to a sparse 

topology. Early approaches utilized fixed patterns, such as sliding windows and dilated strided windows, 

to reduce the complexity to linear or log-linear scales. Models employing these techniques demonstrated 

significant speedups but often failed on tasks requiring complex, multi-hop reasoning over long distances, 

as the fixed sparsity patterns could not dynamically adapt to the linguistic structure of the input [14]. To 

address this, learnable and dynamic sparsity patterns were introduced, utilizing routing networks or locality-

sensitive hashing to select the most relevant tokens for attention dynamically. While theoretically appealing, 

these methods frequently introduce substantial overhead in the routing mechanism itself, sometimes 

negating the computational benefits of sparsity when deployed on highly optimized matrix multiplication 

hardware [15, 16]. Linear attention approaches, conversely, seek to bypass the softmax operation that 

necessitates the materialization of the full attention matrix. By utilizing kernel feature maps to approximate 

the softmax function, these models can leverage the associative property of matrix multiplication to 

compute attention in linear time [17, 18]. Despite their elegant theoretical formulation, kernel-based linear 

transformers often struggle with training instability and fail to match the empirical performance of standard 

softmax attention, particularly in retaining sharp, highly focused attention scores that are critical for tasks 

like exact string matching and associative recall within million-token contexts [19]. 

2.3 Graph Signal Processing in Sequence Models 

A more recent and highly promising trajectory in sequence modeling involves the application of graph 

signal processing. In this paradigm, the sequence of tokens is viewed as a signal defined on the vertices of 

a graph, where the edges represent the syntactic and semantic relationships inferred by the attention 

mechanism. Graph signal processing provides a rigorous mathematical framework for analyzing the spectral 

properties of these token graphs, translating concepts such as frequency, filtering, and sampling from the 

continuous time domain into the discrete graph domain [20, 21]. In the context of self-attention, the attention 

matrix can be interpreted as a transition matrix of a random walk on the token graph, or equivalently, as a 

shift operator in the graph spectral domain. Eigen-decomposition of this operator reveals a spectrum where 

low-frequency eigenvectors correspond to smooth, slowly varying contextual themes across the document, 

while high-frequency eigenvectors capture localized, highly specific token interactions [22]. Previous 

studies have leveraged this spectral perspective to prune the attention graph by projecting the token 

representations onto the subspace spanned by the dominant low-frequency eigenvectors, achieving 

significant dimensionality reduction.  

2.4 The Aliasing Problem in Spectral Downsampling 

Despite the success of spectral dimensionality reduction, a critical vulnerability emerges when these 

techniques are scaled to million-token sequences. When a sequence graph is aggressively downsampled to 

a computationally tractable size, the Nyquist-Shannon sampling theorem equivalent for graphs dictates that 

high-frequency signals cannot be accurately represented in the reduced subspace [23, 24]. If these high-

frequency components are not explicitly removed prior to sampling, they fold into the low-frequency 

spectrum. This phenomenon, known as aliasing, heavily distorts the dominant eigenvectors. In language 

models, aliasing manifests as contextual hallucination, where the model falsely conflates distinct topics 

from distant parts of the document due to the spectral interference. The failure of existing spectral 
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transformers to account for and mitigate aliasing constitutes the primary research gap that this paper 

addresses. 

3. Theoretical Foundations of Spectral Sparsification 

3.1 Spectral Graph Theory in Attention Matrices 

To rigorously formulate the alias-controlled spectral sparsification, it is necessary to first establish the 

mathematical foundation of spectral graph theory as it applies to transformer attention matrices. Let the 

input to a self-attention layer be a sequence of N tokens, represented by a feature matrix where each row 

corresponds to a token embedding of dimension d. The standard self-attention mechanism computes the 

queries, keys, and values through linear projections. The unnormalized attention scores are obtained by the 

dot product of queries and keys, and the application of the softmax function yields the stochastic attention 

matrix, which we denote as the adjacency matrix of a directed, weighted graph [25, 26]. For the purpose of 

spectral analysis, we symmetrize this matrix to construct an undirected graph representation, which 

guarantees real eigenvalues and a complete set of orthogonal eigenvectors. We define the normalized graph 

Laplacian, a fundamental operator in spectral graph theory that describes the flow of information across the 

token graph. The normalized Laplacian encapsulates the geometric and structural properties of the sequence 

dependencies. The eigendecomposition of this Laplacian forms the basis of the graph Fourier transform 

[27]. 

𝐿 = 𝐼 − 𝐷−
1
2𝐴𝐷−

1
2 = 𝑈𝐿𝑎𝑚𝑏𝑑𝑎𝑈𝑡𝑜𝑝 

In this block mathematical formulation, the identity matrix is adjusted by the degree matrix and the 

adjacency matrix to yield the Laplacian. The decomposition produces the eigenvector matrix and the 

diagonal matrix of eigenvalues. The eigenvalues represent the graph frequencies, ordered from smallest to 

largest. The lowest frequencies correspond to the most significant, structurally dense clusters within the 

document, often mapping to broad topical segments or continuous narrative arcs. Conversely, the highest 

frequencies correspond to isolated, idiosyncratic token relationships, such as rare named entities or 

punctuation patterns [28, 29]. 

3.2 Subspace Projection and Information Retention 

Spectral sparsification fundamentally operates by projecting the high-dimensional token graph onto a 

lower-dimensional subspace spanned by a subset of these eigenvectors. By selecting only the first k 

eigenvectors corresponding to the smallest eigenvalues, we construct a projection operator that acts as an 

ideal low-pass filter in the graph spectral domain. The assumption inherent in this approach is that the 

primary semantic information of the million-token sequence is bandlimited, meaning it can be adequately 

reconstructed from the low-frequency components alone [30].  However, exact eigendecomposition of an 

N by N matrix requires cubic time complexity, which is vastly more prohibitive than the quadratic 

complexity of standard attention. Therefore, practical spectral sparsification relies on fast approximation 

algorithms, such as the Lanczos method or randomized singular value decomposition, to estimate the 

dominant eigenspace without fully materializing the Laplacian. Even with these approximations, the direct 

projection method is highly susceptible to the aliasing artifacts described in the previous section when the 

downsampling ratio is extreme, necessitating the integration of a dedicated anti-aliasing mechanism [31, 

32]. 

4. Alias-Controlled Sparsification Methodology 

4.1 Anti-Aliasing Filter Design 

The core innovation of our methodology is the introduction of an alias-controlled objective within the 

spectral sparsification pipeline. Before the sequence graph is subsampled, we apply a specially designed 

graph filter to strictly bandlimit the token signals, forcing the high-frequency energy to zero and thereby 

preventing it from folding into the target low-frequency subspace. Designing an effective anti-aliasing filter 

for discrete token graphs is challenging because the graph topology is not fixed; it is dynamically generated 

by the attention mechanism and varies continuously during training and inference [33, 34]. 
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We propose a polynomial graph filter, which can be applied directly to the token features without requiring 

the explicit computation of the eigenvectors. By expressing the filter as a Chebyshev polynomial of the 

Laplacian, we achieve a highly localized, distributed operation that scales linearly with the number of non-

zero edges in the approximated attention graph. The coefficients of this polynomial are optimized to 

approximate a step function in the spectral domain, featuring a flat passband for the low frequencies and a 

steep roll-off into the stopband for the high frequencies. 
Table 1Theoretical Complexity Comparison 

Model Architecture Time Complexity Memory Complexity Aliasing Mitigation 

Standard Transformer Quadratic Quadratic Not Applicable 

Low-Rank Attention Linear-Logarithmic Linear None 

Standard Spectral Linear-Logarithmic Linear None 

Alias-Controlled (Ours) Linear-Logarithmic Linear Explicit Filter 

The table above illustrates the theoretical complexity advantages of our approach. While maintaining the 

favorable linear-logarithmic time and linear memory complexities of standard spectral methods, our 

architecture uniquely incorporates explicit aliasing mitigation, adding only a marginal constant factor 

overhead due to the polynomial filter application. 

4.2 Alias-Controlled Objective Function 

To train the sequence model and optimize the filter coefficients simultaneously, we integrate an alias-

controlled objective function into the standard language modeling loss. This objective seeks to minimize 

the reconstruction error of the token representations in the spectral domain while simultaneously penalizing 

any residual energy in the high-frequency bands that escape the anti-aliasing filter [35]. 

𝐽(𝑊) = ∑𝑖=1
𝑁|𝑥𝑖 − 𝐹−1(𝐻𝐹(𝑥𝑖))|2

2 + 𝜆𝛺(𝑊) 
In this formulation, the primary term measures the fidelity of the filtered signal compared to the original, 

utilizing the graph Fourier transform and its inverse. The penalty term, weighted by a hyperparameter, 

explicitly regularizes the filter weights to enforce structural sparsity and strict bandlimiting. By co-

optimizing the filter parameters alongside the transformer weights, the model learns to organize its internal 

representations such that semantic information is naturally concentrated in the low-frequency bands, 

thereby inherently resisting aliasing during the sparsification phase [36, 37]. 
Table 2Passband and Stopband Characteristics of Anti-Aliasing Filters. 

Filter Order Passband Ripple Stopband Attenuation Computation Time 

Chebyshev Order 2 High Low Extremely Fast 

Chebyshev Order 5 Moderate Moderate Fast 

Chebyshev Order 10 Low High Moderate 

Ideal Spectral None Maximum Prohibitive 

As demonstrated in the table, a polynomial filter of order five provides an optimal balance between 

acceptable passband ripple, sufficient stopband attenuation to prevent aliasing, and fast computation time 

suitable for integration into large language models. Higher-order polynomials offer better spectral control 

but introduce unacceptable latency, while lower-order polynomials fail to adequately suppress the high-

frequency noise. 

5. System Architecture and Implementation 

5.1 Pipeline Integration 

Integrating alias-controlled spectral sparsification into a million-token sequence model requires careful 

architectural design to ensure that the theoretical efficiency translates into actual hardware acceleration. We 

design our system as a drop-in replacement for standard self-attention blocks. The sequence of operations 

begins with a localized, chunked attention mechanism that estimates the block-diagonal structure of the full 

attention matrix. This acts as a highly sparse, preliminary graph topology upon which the anti-aliasing filter 

operates [38]. 
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Following the filtering stage, the downsampling operator is applied, significantly reducing the sequence 

length in the spectral domain. A full, dense attention operation is then performed on this compressed, alias-

free spectral representation. Because the sequence length has been drastically reduced, this dense attention 

is computationally trivial even for initial million-token contexts. Finally, an upsampling operator, 

formulated as the adjoint of the downsampling matrix, reconstructs the full-length sequence representations, 

which are then passed through the standard feed-forward networks of the transformer block. 

 
Figure 1Architectural Overview of Alias 

5.2 Hardware Efficiency and Kernel Optimization 

To fully exploit the parallel processing capabilities of modern graphical processing units, custom kernels 

are essential. Standard deep learning frameworks are typically optimized for dense matrix multiplications 

and struggle to efficiently execute the sparse, polynomial graph filtering operations required by our 

methodology. We developed highly specialized compute kernels that fuse the polynomial filtering steps 

with the downsampling projection, minimizing costly memory reads and writes to the global memory of 

the hardware device [39, 40]. By leveraging shared memory to cache the localized token chunks and 

utilizing register-level accumulation for the Chebyshev polynomial terms, our custom implementation 

achieves extremely high throughput. Furthermore, the memory footprint is strictly bounded. The peak 

memory consumption is dictated not by the quadratic size of the full sequence, but by the size of the 

compressed spectral bottleneck, which is scaled linearly with the sequence length. This absolute decoupling 

of sequence length from quadratic memory constraints is the engineering breakthrough that enables the 

processing of one million tokens on a single compute node. 
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Figure 2Spectral Energy Distribution Across Token Frequencies 

6. Experimental Results and Discussion 

6.1 Experimental Setup and Datasets 

To rigorously evaluate the efficacy of the alias-controlled spectral sparsification, we conducted extensive 

experiments across a suite of demanding long-context benchmarks. Our primary evaluation metric focuses 

on perplexity retention in extreme long-document scenarios, coupled with empirical measurements of 

hardware latency and memory consumption. We utilized publicly available large-scale text corpora, 

specifically concatenating documents to synthetically generate continuous sequences reaching up to one 

million tokens in length.  The baseline models for comparison included a standard transformer architecture 

utilizing gradient checkpointing and memory offloading to survive the long contexts, as well as several 

state-of-the-art efficient transformers including those based on low-rank approximations and standard, 

unfiltered spectral sparsification. All models were standardized to a uniform parameter count and subjected 

to identical training regimens to ensure a fair and objective comparison. 

6.2 Performance on Long-Context Tasks 

The most critical evaluation of our proposed methodology lies in its ability to maintain low perplexity as 

the sequence length scales exponentially. Perplexity serves as a proxy for the model's predictive capability 

and its ability to utilize distant context effectively. If the sparsification process destroys essential semantic 

links, the perplexity will inevitably rise. 
Table 3Perplexity Evaluation on Long-Document Benchmarks 

Context Length Standard Model Low-Rank Method Standard Spectral Alias-Controlled 

32,000 Tokens 14.2 15.1 14.8 14.3 

128,000 Tokens 12.8 18.5 16.4 12.9 

512,000 Tokens Out of Memory 25.3 21.7 12.4 

1,000,000 Tokens Out of Memory 34.1 29.8 12.1 

The data presented in the table above reveals a profound divergence in model behavior at extreme sequence 

lengths. At the relatively modest length of thirty-two thousand tokens, all models perform reasonably well, 

with the standard model maintaining a slight edge. However, as the context length expands to one hundred 

and twenty-eight thousand tokens, the low-rank and standard spectral methods begin to show significant 

degradation, indicating structural information loss. The standard model improves due to the increased 

context, and remarkably, our alias-controlled method matches this improvement.  
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At the extreme lengths of half a million and one million tokens, the standard dense transformer 

catastrophically fails due to memory exhaustion. The competing efficient methods survive but experience 

severe perplexity spikes, rendering them practically useless for coherent text generation or comprehension. 

In stark contrast, the alias-controlled spectral sparsification continues to exhibit decreasing perplexity, 

demonstrating that it successfully compresses and utilizes the vast contextual information without suffering 

from the aliasing-induced hallucination that plagues the unfiltered spectral approaches. 

𝐶 = 𝑂(𝑁𝑑𝑙𝑜𝑔𝑁 + 𝑘𝑑2) ≤ 𝑂(𝑁2𝑑) 
The empirical complexity bound formula illustrated above confirms our theoretical assertions. The 

complexity of our proposed method grows at a rate significantly bounded below the standard quadratic 

complexity, allowing it to scale effortlessly where traditional methods collapse. 

6.3 Hardware Latency and Memory Profiling 

Beyond perplexity, practical deployment requires rigorous analysis of hardware utilization. We profiled the 

end-to-end inference latency and peak memory allocation during the forward pass of the models.  
Table 4End-to-End Latency and Memory Consumption on GPU hardware 

Model 

Configuration 

Latency (ms) at 

128k 

Memory (GB) at 

128k 

Latency (ms) at 1M Memory (GB) at 

1M 

Baseline Dense 4500 78.5 N/A N/A 

Flash Sparse 1200 24.2 9800 75.4 

Alias-Controlled 

(Ours) 

850 18.6 4200 41.2 

The profiling results clearly validate the operational efficiency of the alias-controlled architecture. At one 

hundred and twenty-eight thousand tokens, our method is significantly faster and more memory-efficient 

than highly optimized sparse implementations. More importantly, at the one million token threshold, our 

method completes the forward pass in approximately four seconds while utilizing only half the memory 

capacity of a standard high-end server GPU. This dramatic reduction in resource requirements democratizes 

the research and application of ultra-long sequence models. 

 
Figure 3: Hardware Memory Utilization Profile 

7. Conclusion and Future Directions 

This paper has presented a comprehensive academic investigation into the challenges and solutions 

associated with scaling sequence models to million-token contexts. We identified that while spectral 

sparsification offers a theoretically sound pathway to bypass the quadratic complexity of self-attention, its 
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practical application is fundamentally limited by the phenomenon of spectral aliasing during aggressive 

downsampling. To resolve this, we introduced the Alias-Controlled Spectral Sparsification framework, 

which incorporates a dynamically optimized, polynomial anti-aliasing filter to preserve critical low-

frequency semantic structures while systematically attenuating high-frequency noise. Through rigorous 

mathematical formulation and extensive empirical evaluation, we demonstrated that our approach 

successfully mitigates the catastrophic information loss and contextual hallucination typically observed in 

extreme long-context efficient transformers. The proposed methodology not only matches the perplexity 

scaling laws of theoretical dense models at vast sequence lengths but also achieves unprecedented hardware 

efficiency, requiring a fraction of the memory and compute latency of existing state-of-the-art sparse 

solutions. By successfully processing continuous sequences of one million tokens with high fidelity, this 

architecture opens new possibilities for comprehensive document analysis, vast codebase comprehension, 

and extended autonomous agent interactions. Future research directions will focus on dynamically adapting 

the spectral passband based on the semantic complexity of the localized text chunks, rather than utilizing a 

globally fixed filter response. Additionally, extending the alias-controlled graph signal processing paradigm 

to multi-modal architectures, where sequence tokens represent a mixture of text, high-resolution image 

patches, and continuous audio streams, represents a highly promising frontier. The integration of this 

spectral sparsification technique into the foundational pre-training phase of multi-modal models may yield 

the next generation of highly efficient, infinitely contextual artificial intelligence systems. 

References 

Zhao, R., Tang, J., Zeng, W., Guo, Y., & Zhao, X. (2025). Towards human-like questioning: Knowledge 

base question generation with bias-corrected reinforcement learning from human feedback. 

Information Processing & Management, 62(3), 104044. 

Zhao, R., Xu, D., Jian, S., Tan, T., Sun, X., & Zhang, W. (2023, July). Quadratic Exponential Decrease 

Roll-Back: An Efficient Gradient Update Mechanism in Proximal Policy Optimization. In 2023 2nd 

International Conference on Machine Learning, Cloud Computing and Intelligent Mining 

(MLCCIM) (pp. 65-70). IEEE. 

Zhang, J., Shi, Y., Ma, Y., Xu, L., Yu, J., & Wang, J. (2023, June). Ikol: Inverse kinematics optimization 

layer for 3d human pose and shape estimation via gauss-newton differentiation. In Proceedings of 

the AAAI conference on artificial intelligence (Vol. 37, No. 3, pp. 3454-3462). 

Liu, Y., Cai, Q., Wang, C., Yang, J., Fan, H., Dong, J., & Chen, S. (2024). Geometry-enhanced attentive 

multi-view stereo for challenging matching scenarios. IEEE Transactions on Circuits and Systems 

for Video Technology, 34(8), 7401-7416. 

Sun, L., Hu, J., Li, M., & Peng, H. (2024, July). R-ode: Ricci curvature tells when you will be informed. In 

Proceedings of the 47th International ACM SIGIR Conference on Research and Development in 

Information Retrieval (pp. 2594-2598). 

Wang, Y., Zhang, S., Ye, J., Peng, H., & Sun, L. (2024, October). A mixed-curvature graph diffusion model. 

In Proceedings of the 33rd ACM International Conference on Information and Knowledge 

Management (pp. 2482-2492). 

Wang, Y., Wang, L., Li, V., & Tu, Z. (2020, November). On the sparsity of neural machine translation 

models. In Proceedings of the 2020 Conference on Empirical Methods in Natural Language 

Processing (EMNLP) (pp. 1060-1066). 

Gu, C., Zhang, W., Huang, Z., Kou, J., Liu, Z., Zhao, C., Liu, C., Zhang, L., Lin, W., Wang, Z., Deng, J., 

Xie, Y., Huang, G., Zhang, C., Lu, X., Wang, C., Zhang, Z., Yuan, H., Duan, X., & Fang, Y. (2024). 

LENS: Layers of evaluation of hallucination in GenAI systems. In 2024 7th International 

Conference on Universal Village (UV) (pp. 1–85). IEEE. 

https://doi.org/10.1109/UV63228.2024.11189150 

Chiu, P. W., Yip, H. C., Xia, X. F., Chan, S. M., Ng, E. K., & Lau, J. Y. (2019). How I do it: Flexible 3‐D 

endoscope for endoscopic submucosal dissection. Digestive Endoscopy, 31(3), 323-328. 



145 
 

Zhang, Z., Yin, Z., Wen, J., Sun, L., Su, S., & Yu, P. S. (2021). DeepBlue: Bi-layered LSTM for tweet 

popularity estimation. IEEE Transactions on Knowledge and Data Engineering, 34(10), 4737-4752. 

Huang, Y., Roth, K., Bouniot, Q., Xu, W., & Akata, Z. (2026). Dissecting Multimodal In-Context Learning: 

Modality Asymmetries and Circuit Dynamics in modern Transformers. arXiv preprint 

arXiv:2601.20796. 

Lu, Y., Cao, C., Zhang, K., Zhang, L., Xue, X., & Tan, K. C. (2026, March). Exploring the Viability of 

Multi-Paradigm Transfer Optimization. In2026 6th International Symposium on Intelligent 

Robotics and Systems (ISoIRS)(pp. 1-5). IEEE. 

Du, X., Chan, K. F., Xia, X., Chiu, P. W. Y., & Zhang, L. (2018, October). A magnetically-triggered soft 

capsule for on-demand mucus collection. In 2018 IEEE International Conference on Cyborg and 

Bionic Systems (CBS) (pp. 250-254). IEEE. 

Wang, X., Suzuki, Y., Li, C. M., & Tanaka, S. (2024). Mechanical quality factor evaluation of damping 

film materials for polymer/PZT composite MEMS actuator. Journal of Microelectromechanical 

Systems, 33(5), 631-639. 

Xue, X., Yang, C., Feng, L., Zhang, K., Song, L., & Tan, K. C. (2025). A scalable test problem generator 

for sequential transfer optimization.IEEE Transactions on Cybernetics,55(5), 2110-2123. 

Xue, X., Hu, Y., Feng, L., Zhang, K., Song, L., & Tan, K. C. (2024). Surrogate-assisted search with 

competitive knowledge transfer for expensive optimization. IEEE Transactions on Evolutionary 

Computation. 

Liang, R., Xu, S., Xie, C., Chen, J., Ren, F., Yang, S., & Yabe, T. (2026). Abstain Mask Retain Core: Time 

Series Prediction by Adaptive Masking Loss with Representation Consistency. Advances in Neural 

Information Processing Systems, 38, 99445-99471. 

Hu, H., Yang, Y., Zhao, Q., & Zhang, C. (2022, June). On the role of discount factor in offline reinforcement 

learning. In International conference on machine learning (pp. 9072-9098). PMLR. 

Lin, C. C., Li, G., Hung, C. C., Kuo, Y. C., & Peng, W. C. (2026). Rethinking suspicious account 

identification from a perspective of machine learning ranking. International Journal of Machine 

Learning and Cybernetics, 17(3), 84. 

Xiaoteng Ma, Yiqin Yang, Hao Hu, Qihan Liu, Jun Yang, Chongjie Zhang, Qianchuan Zhao, and 

Bin Liang. Offline reinforcement learning with value-based episodic memory. arXiv preprint 

arXiv:2110.09796, 2021b. 

Zhang, T., Xu, J., Chen, J., Li, J., Xiao, Y., & Wang, Q. (2026). NodeJEPA: Structure-Conditioned Latent 

Prediction for Node-Level Graph Self-Supervised Learning. arXiv preprint arXiv:2608.04381. 

Lin, Y. (2024). Design of urban road fault detection system based on artificial neural network and deep 

learning. Frontiers in neuroscience, 18, 1369832. 

Chai, L., Zhang, J., Li, H., Cui, C., Jiang, J., Zheng, B., ... & Jiang, L. (2021). Investigation of 

thermomorphogenesis-related genes for a multi-silique trait in Brassica napus by comparative 

transcriptome analysis. Frontiers in Genetics, 12, 678804. 

Yu, A., Huang, Y., & Xia, L. (2023). Efficient characterization of phase modulator based on Lyot-Sagnac 

interferometer. Measurement, 210, 112538. 

Xia, Y., & Ma, J. (2022). Locality-guided global-preserving optimization for robust feature matching. IEEE 

Transactions on Image Processing, 31, 5093-5108. 

Xia, Y., & Ma, J. (2025). Grid-guided sparse Laplacian consensus for robust feature matching. IEEE 

Transactions on Image Processing, 34, 1367-1381. 

Zhang, Y., Qiu, C., Liao, X., & Zhang, Y. (2025). Federated hierarchical clustering with automatic selection 

of optimal cluster numbers. Information Sciences, 122957. 

Lyu, M., Torii, R., Liang, C., Peach, T. W., Bhogal, P., Makalanda, L., ... & Chen, D. (2024). Treatment 

for middle cerebral artery bifurcation aneurysms: in silico comparison of the novel Contour device 

and conventional flow-diverters. Biomechanics and Modeling in Mechanobiology, 23(4), 1149-

1160. 



146 
 

Xing, Z. (2026, May). Design of High-Bandwidth DDR5 MRDIMM Memory Modules for AI Servers. In 

2026 IEEE 6th International Conference on Electronic Technology, Communication and 

Information (ICETCI) (pp. 307-311). IEEE. 

Zou, R., Zhang, Y., Zhao, M., Tan, Z., Zhang, Y., & Cheung, Y. M. (2025). SDENK: Unbiased Subspace 

Density--Clustering. Neurocomputing, 131225. 

Wang, T., Deng, X., Sheng, S., & Jia, Y. (2024). Mitigating the damage of a global pandemic on the 

international buyer-supplier relationship: evidence from Chinese suppliers. Journal of Business 

Research, 172, 114446. 

Cao, Y., Shi, D., Fu, X., Zou, X., Peng, H., Li, X., ... & Xing, J. (2026, March). Multivariate diffusion 

transformer with decoupled attention for high-fidelity mask-text collaborative facial generation. In 

Proceedings of the AAAI Conference on Artificial Intelligence (Vol. 40, No. 4, pp. 2670-2679). 

Meng, L., Du, Z., Jia, Z., & Cao, L. (2025). Spatial mechanisms and coupling coordination of cultural 

heritage and tourism along the Jinzhong segment of the Great Tea Road. Heritage, 9(1), 7. 

Tian, Y. (2025). Exploration of power market dynamic scheduling algorithm based on reinforcement 

learning. In Image Processing, Electronics and Computers (pp. 836-845). IOS Press. 

Li, C., Yu, A., Tian, J., Xiang, P., Zhao, Y., Zuo, Y., ... & Xia, L. (2024). Re-entry fiber optic current sensor 

based on continuous light source. Journal of Lightwave Technology, 43(1), 390-396. 

Shi, J., Lin, Y., Hua, Y., Wang, Z., Zhang, Z., Zheng, W., ... & Lu, S. (2026, March). Multiscenario highway 

lane-change intention prediction: a physics-informed AI framework for three-class classification. In 

International Conference on Smart Transportation and City Engineering (STCE 2025) (Vol. 14120, 

pp. 129-145). SPIE. 

Chen, Y., Zhong, Y., Wang, Z., Shi, J., & Zheng, W. (2026). Applying the Deep Learning–Sector–

Governance (DLSG) Framework to the US Healthcare System: Opportunities, Deployment 

Pathways, and Policy‑Aligned Evaluation. Journal of Technology Innovation and Society, 4(1), 42-

59. 

Shi, J., Xie, Q., Wang, Z., Lin, Y., Zhu, D., Xie, C., ... & Guan, Z. (2026, June). Evolutionary Physics-

Informed Temporal Fusion for Lane-Change Intention Prediction. In 2026 6th International 

Conference on Artificial Intelligence, Big Data and Algorithms (CAIBDA) (pp. 750-764). IEEE. 

Wang, Y. (2025, June). RAGNet: Transformer–GNN–Enhanced Cox–Logistic Hybrid Model for 

Rheumatoid Arthritis Risk Prediction. In Proceedings of the 2025 International Conference on 

Health Informatization and Data Analytics (pp. 90-94). 

Ling, C., & Wang, Y. (2025). TLFQC: A High-compatible R Shiny based Platform for Automated and 

Codeless TLFs Generation and Validation. In PharmaSUG 2025 conference proceedings. 

 


