
A Sequential Approach for Conditional Random Fields
Based Entity Recognition and Routing in Mixture of

Experts State Space Models

A PROJECT REPORT

SUBMITTED IN PARTIAL FULFILLMENT OF THE REQUIREMENTS FOR
THE AWARD OF THE DEGREE

OF
MASTER OF TECHNOLOGY by RESEARCH

IN
COMPUTER SCIENCE AND ENGINEERING

Submitted by

CHANDRESH PANDEY

2K24/RCO/06

Under the supervision of

Prof. Rahul Katarya

COMPUTER SCIENCE AND ENGINEERING
DELHI TECHNOLOGICAL UNIVERSITY

(Formerly Delhi College of Engineering) Bawana
Road, Delhi 110042

MAY, 2026



i

DEPARTMENT OF COMPUTER SCIENCE AND ENGINEERING
DELHI TECHNOLOGICAL UNIVERSITY

(Formerly Delhi College of Engineering) Bawana
Road, Delhi-110042

ACKNOWLEDGEMENT

I wish to express my sincerest gratitude to Prof. Rahul Katarya for his continuous
guidance and mentorship that he provided me during the project. He showed me the
path to achieve my targets by explaining all the tasks to be done and explained to me
the importance of this project as well as its industrial relevance. He was always ready
to help me and clear my doubts regarding any hurdles in this project. Without his
constant support and motivation, this project would not have been successful.

Place: Delhi

Date: MAY, 2026

Chandresh Pandey



ii

DEPARTMENT OF COMPUTER SCIENCE AND ENGINEERING
DELHI TECHNOLOGICAL UNIVERSITY

(Formerly Delhi College of Engineering) Bawana
Road, Delhi-110042

CANDIDATE’S DECLARATION

I, Chandresh Pandey, Roll No – 2K24/RCO/06, student of M.Tech by Research (Com-
puter Science and Engineering), hereby declare that the project dissertation titled “A
Sequential Approach for Conditional Random Fields Based Entity Recognition and
Routing in Mixture of Experts State Space Models.”, which is submitted by me to the
Department of Computer Science and Engineering, Delhi Technological University,
Delhi, in partial fulfillment of the requirement for the award of the degree of Master
of Technology by Research, is original and not copied from any source without proper
citation. This work has not previously formed the basis for the award of any Degree,
Diploma, Associate ship, Fellowship, or other similar title or recognition.

Candidate’s Signature

This is to certify that the student has incorporated all the corrections suggested by the
examiners in the thesis and the statement made by the candidate is correct to the best
of our knowledge.

Signature of Supervisor Signature of External Examiner



iii

DEPARTMENT OF COMPUTER SCIENCE AND ENGINEERING
DELHI TECHNOLOGICAL UNIVERSITY

(Formerly Delhi College of Engineering) Bawana
Road, Delhi-110042

CERTIFICATE

I hereby certify that the Project Dissertation titled “A Sequential Approach for Con-
ditional Random Fields Based Entity Recognition and Routing in Mixture of Ex-
perts State Space Models.” which is submitted by Chandresh Pandey, Roll No –
2K24/RCO/06, Computer Science and Engineering, Delhi Technological University,
Delhi in partial fulfillment of the requirement for the award of the degree of Master
of Technology by Research, is a record of the project work carried out by the student
under my supervision. To the best of my knowledge this work has not been submitted
in part or full for any Degree or Diploma to this University or elsewhere.

Place: Delhi

Date: MAY, 2026

Prof. Rahul Katarya

SUPERVISOR



iv

A Sequential Approach for Conditional Random Fields Based
Entity Recognition and Routing in Mixture of Experts State Space

Models

Chandresh Pandey

ABSTRACT

Sequential learning systems have become increasingly important for modeling tem-
poral and structured data in domains such as language processing, dynamical sys-
tems, and biomedical text mining. Recent architectures including State Space Mod-
els (SSMs) and Mixture-of-Experts (MoE) have improved scalability and long-range
sequence modeling, while structured prediction methods such as Conditional Random
Fields (CRFs) continue to provide effective sequence-level inference. The behavior of
modular sequential architectures, by contrast, under heterogeneous conditions remains
insufficiently understood.

This thesis presents a study of modular sequential learning systems through empiri-
cal analysis and application-oriented evaluation. The first part investigates Mixture-
of-Experts based spectral State Space Models in controlled regime-switching envi-
ronments containing chaotic, oscillatory, and noisy temporal patterns. Experimental
results demonstrate routing collapse, instability, and inverse scaling behavior, where
increasing the number of experts does not consistently improve performance. The sec-
ond part presents a sequential Biomedical Named Entity Recognition framework com-
bining BioBERT, Bidirectional LSTM, multi-head self-attention, and a Conditional
Random Field decoder. Evaluated on the BioCreative V Chemical–Disease Relation
dataset, the proposed model achieves an entity-level micro-averaged F1-score above
86% with improved sequence-level consistency.

The findings of this thesis show that modularity alone does not guarantee improved
sequential learning performance. Instead, effective architectures depend on the align-
ment between model structure and the underlying characteristics of the data. The
study highlights the importance of structured inference, stable routing mechanisms,
and alignment-aware design for future sequential learning systems.
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CHAPTER 1

INTRODUCTION

Sequential learning has become one of the central problems in modern machine learn-
ing due to its importance in modeling temporal, contextual, and structured data. Ap-
plications such as language modeling, biomedical text mining, forecasting, and dy-
namical system analysis all require models capable of learning dependencies across
long sequences while preserving relevant contextual information. Recent advances in
deep learning have improved the ability of neural architectures to process sequential
data, particularly through transformer-based models and structured sequential frame-
works [1]. As sequence modeling tasks become increasingly heterogeneous, and com-
putationally demanding, the limitations of conventional architectures have become
more apparent [2].

Recent developments make great use of SSMs as an efficient tool for long-range
sequence modelling. SSMs offer efficient sequential computation without changing
the representation of time, unlike the traditional recurrent architecture, which is highly
ineffective. In parallel, MoE architectures have attracted interest for their modular
computation, achieved through an expert specialization, and a routing component [3].
These are based on the idea that, for sequential data, multiple specialized functions
should be able to model some of the data’s variability. These architectures have been
empirically proven competitive in various domains; however, their performance in case
of dynamically changing conditions is still not well understood. However, while hav-
ing more experts may lead to better results, it can also generate routing instabilities,
expert collapses, and inconsistent specializations at training time, among others [4].

Structured prediction methods provide a different perspective on sequential mod-
eling. Instead of introducing modularity within latent dynamics, approaches based on
CRFs impose structure directly on output dependencies. Such methods remain highly
effective in sequence labeling tasks where contextual consistency is important, partic-
ularly in BioNER. Biomedical text contains complex terminology, long entity spans,
abbreviations, and domain-specific ambiguity, making accurate entity recognition a
challenging problem. While transformer encoders provide strong contextual repre-
sentations, independent token-level predictions often fail to maintain sequence-level
consistency. Sequential architectures combining contextual encoders with sequential
and structured decoding components therefore continue to achieve competitive perfor-
mance in biomedical sequence labeling tasks [2].

In order to explore modular sequential architectures, the following two comple-
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mentary lines of research have been explored in this thesis. The first part explores
the application of MoE-based spectral SSMs in controlled environments with various
chaotic, oscillatory and noisy temporal regimes [2]. Analysis methods include the
study of routing behavior, stability and the interplay between modular decomposition
and system’s dynamics. The second part introduces a sequential BioNER framework,
which combines BioBERT, BiLSTM, self-attention, and structured decoding methods
for biomedical entity recognition with CRF. The study of the two systems will allow
the research to analyze the effects of modularity on sequential learning and its neg-
ative and positive influences on increasing an Architecture’s complexity. This work
aims at grasping the impact of structural assumptions of sequential architectures on
the learning behavior over different heterogeneous domains [5], [6], [1]. The results
indicate that in addition to model capacity and/or model architecture, successful se-
quential modeling is also dependent on matching model structure with the nature of
the underlying data.

1.1 Motivation
As the domains of applications for sequential and temporal data such as models of
dynamical systems, biomedical text mining, and natural language processing grow in
complexity, it is also becoming increasingly important to have efficient and reliable
sequential learning architectures. Patterns evolve over time and in many modern ap-
plications it is required to model heterogeneous data distributions with patterns that
behave differently in various situations with stable models representing these data dis-
tributions in the long-term. While recent progress in deep learning has increased the
power of the models that can be represented and solved as sequences, current deep
learning architectures are not always well suited for cases of dynamically changing
temporal structures, noisy regimes, or structured prediction constraints.

New perspectives in SSMs and MoE architectures have emerged recently, which
bring new opportunities to scalable sequential computing and modular learning. These
techniques try to address the above problem through breaking down a problem into
smaller, specialized tasks (components). Although modules are good across the board
in some tasks, they are often found to be unstable in other routing tasks, exhibit-
ing representation collapse, expert specialization inconsistencies and performance
degradation when coping with diverse conditions. Structured prediction tasks, like
BioNER, also demand for architectures that are able to maintain a sequence-level con-
sistency, to deal with contextual ambiguity, and to capture the complex entity bound-
aries.Structured prediction tasks (like BioNER) simultaneously demand architectures
capable of maintaining sequence-level consistency, having the ability to handle con-
textual ambiguity and to capture the complex entity boundaries. This underlines the
importance of understanding when decomposition in modules would benefit learning
behaviors and when modulating more will be in these ways counterproductive.

The objective of this research is to investigate the efficacy of modular sequential
architectures both in temporal modelling as well as in structured prediction. This study
explores MoE-based spectral SSMs in controlled regime switching environments, and
proposes a sequential BioNER framework that combines the BioNER-based contextual
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encoding, sequential modeling, attention mechanisms, and CRF-based decoding. The
ultimate goal of the study is to gain deeper insights into these types of stability and
routing behavior, and to help build more reliable and alignment-aware architectures
for future sequential learning applications.

1.2 Objectives
The principal aims of this study are:

• To study the behavior of modular sequential learning architectures under hetero-
geneous conditions, investigate the effectiveness of MoE-based spectral SSMs
for regime-switching temporal modeling, and analyze routing behavior, expert
specialization, and inverse scaling in modular sequential systems.

• To develop a sequential BioNER framework integrating BioBERT, BiLSTM,
self-attention, and CRF-based structured decoding, evaluate model performance
using standard metrics such as precision, recall, F1-score, and NMSE, and per-
form comparative and error-based analysis for understanding the strengths and
limitations of sequential architectures.

• To explore alignment-aware design principles for improving stability and struc-
tured inference in future sequential learning systems.

1.3 Challenges
There are several challenges associated with designing efficient and reliable sequential
learning architectures for heterogeneous temporal and structured data:

• Sequential data often contains dynamically changing temporal patterns, making
stable long-range modeling difficult, and modeling heterogeneous regimes such
as chaotic, oscillatory, and noisy temporal patterns within a unified framework
is computationally challenging.

• MoE-based architectures frequently suffer from routing instability, expert col-
lapse, and inconsistent specialization during training, and increasing the number
of experts does not always improve performance and may lead to inverse scaling
behavior.

• Biomedical sequence labeling tasks contain contextual ambiguity, long entity
spans, abbreviations, and imbalanced label distributions, and independent token-
level predictions may fail to maintain sequence-level consistency in BioNER
tasks.

This research aims to address these challenges through the study of modular spec-
tral SSMs and the development of a sequential BioNER framework combining contex-
tual encoding, sequential modeling, attention mechanisms, and CRF-based structured
decoding.
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1.4 Thesis Organization
• Chapter 1: Introduction Introduces the fundamental concepts of sequential

learning, modular architectures, and structured prediction. The chapter presents
the motivation, objectives, research challenges, and overall scope of the thesis
within the context of heterogeneous temporal modeling and biomedical sequence
labeling.

• Chapter 2: Literature Review — Reviews existing research on sequential
learning architectures including SSMs, MoE frameworks, transformer-based
models, and CRF-based structured prediction methods. The chapter also dis-
cusses recent developments in BioNER and highlights limitations related to rout-
ing instability, expert collapse, and sequence-level consistency.

• Chapter 3: Proposed Work — Describes the datasets, preprocessing pipeline,
modular spectral SSM framework, MoE routing mechanism, proposed GMS ar-
chitecture, and the BioNER framework integrating BioBERT, BiLSTM, self-
attention, and CRF-based structured decoding.

• Chapter 4: Results and Discussion — Presents the experimental setup, evalu-
ation metrics, routing analysis, phase-space reconstruction studies, comparative
performance evaluation, BioNER benchmarking, ablation analysis, and detailed
discussion of the observed findings across both sequential learning tasks.

• Chapter 5: Conclusion and Future Scope — Summarizes the major findings
of the study, discusses the limitations of modular sequential architectures, and
outlines future research directions related to stability-aware routing, geometry-
aware evaluation, structured inference, and efficient sequential learning systems.
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CHAPTER 2

LITERATURE REVIEW

2.1 Literature Survey
Sequential learning and structured prediction have recently achieved intensive focus,
because of their use in natural language processing, temporal prediction and biomed-
ical text mining. Previous sequential models mainly employed hand-crafted feature
engineering approaches along with recurrent neural networks. These techniques could
model context at short-range, but were often hard to scale and had poor performance
in modelling long-range context, or in coping with weak gradients. New transformer
architectures brought a significant advancement to the study of contextual learning, but
their high quadratic complexity posed problems for long-sequence processing and for
the deployment while keeping a limited resource footprint.

The recent progress in SSM has opened the possibility of alternative methods to ef-
ficiently model long range sequence data. Other architectures like Mamba and spectral
SSM related architectures achieved effective sequential learning in the chosen mod-
els with less computation as compared to the classical transformer based models [3].
At the same time, MoE architectures introduced modular computation through rout-
ing mechanisms and expert specialization, enabling larger model capacity without
proportional increases in computation. Several recent studies combined MoE with
SSM-based architectures to improve scalability and sequential representation learn-
ing [7], [8]. Researchers have also reported issues such as routing instability, expert
collapse, inconsistent specialization, and degradation under heterogeneous conditions.
Studies on sparse MoE routing further showed that increasing the number of experts
does not always guarantee improved performance and may lead to representation col-
lapse during training [9].

In parallel, structured prediction methods based on CRFs continued to remain ef-
fective for sequence labeling tasks, particularly in BioNER. Earlier approaches relied
heavily on handcrafted linguistic features and statistical sequence models, but mod-
ern systems increasingly combine contextual encoders with sequential and structured
decoding components [10]. Sequential architectures integrating transformer encoders,
BiLSTM layers, attention mechanisms, and CRF-based decoding achieved strong per-
formance in biomedical entity recognition by improving contextual understanding and
maintaining sequence-level consistency. Recent studies demonstrated that CRF-based
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structured decoding still plays an important role in handling complex biomedical ter-
minology, long entity spans, and contextual ambiguity [11].

From the reviewed literature, it can be observed that both modular sequential ar-
chitectures and structured prediction frameworks offer important advantages for com-
plex sequence modeling tasks. Issues related to routing behavior, stability, heteroge-
neous temporal dynamics, and structured consistency remain open research challenges.
These observations form the foundation of the present study, which investigates mod-
ular spectral SSMs and sequential CRF-based BioNER architectures within a unified
sequential learning framework. Table 2.1 summarises representative recent work on
modular sequential and MoE-based SSM architectures, while Table 2.2 lists represen-
tative BioNER systems evaluated on the BC5CDR corpus together with their reported
F1 values and limitations.

Table 2.1: Summary of existing research on modular sequential architectures and
MoE-based SSMs.

Reference &
Year

Objective Architecture /
Dataset

Key Findings Limitations

Gu et al., 2021 Efficient
long-range
sequence
modeling

S4 / Long Range
Arena

Strong
long-sequence
performance

High
implementation
complexity

Dao & Gu [3],
2023

Linear-time
selective
sequence
modeling

Mamba /
Language
modeling
benchmarks

Efficient scalable
sequential
learning

Limited analysis
of heterogeneous
dynamics

Fedus et al. [8],
2021

Sparse expert
scaling for
transformers

Switch
Transformer

Improved
scalability
through sparse
routing

Routing
instability and
expert imbalance

Lepikhin et
al. [7], 2020

Large-scale
MoE training

GShard /
Multilingual
translation

Increased model
capacity with
sparse experts

Communication
overhead and
routing collapse
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Table 2.2: Recent BioNER systems evaluated on the BC5CDR corpus.
Reference &
Year

Aim Model / Dataset Results (F1 %) Limitations

Keloth et al.,
2024

Instruction-
tuned generation

BioNER-LLaMA
(LLaMA-7B) / NCBI,
BC5CDR, BC2GM

Chemical: 92.6,
Disease: 86.9

High cost,
LLMs

Gou & Jie,
2023

Lightweight
BERT

LWNER (BERT + CNN +
BiLSTM + CRF) /
BC5CDR

Chemical: 91.29,
Disease: 81.23

Low disease
F1

Zhang &
Chen [11],
2022

Multi-task +
syntax

BioBERT + POS / Syn /
Dep Attn
/ Multi-datasets

Chemical: 94.26,
Disease: 87.76

Complexity

Sun et al., 2021 MRC
reformulation

BioBERT / BlueBERT /
Clinical-BERT-MRC /
BC5CDR

Chemical: 94.19,
Disease: 87.83

Templates,
training

Lee et al. [17],
2020

Domain
pre-training

BioBERT / BC5CDR Chemical: 93.47,
Disease: 87.15

No CRF,
labels

2.2 Dataset
The datasets used in this research correspond to two different sequential learning
problems: heterogeneous temporal sequence modeling and biomedical named entity
recognition. For the analysis of modular sequential architectures, synthetic regime-
switching temporal datasets were generated to simulate heterogeneous dynamical envi-
ronments. The generated sequences contain chaotic, oscillatory, and noise-dominated
temporal regimes in order to evaluate the stability and routing behavior of MoE-based
spectral SSMs under changing sequential conditions. Chaotic sequences were gen-
erated using the Mackey–Glass system, while oscillatory and autoregressive noise
regimes were introduced to create controlled temporal transitions. The combined
dataset allows evaluation of long-range sequential modeling, expert specialization, and
routing consistency under heterogeneous dynamics [12].

The generated temporal sequences were divided into training and testing sets while
maintaining consistent regime distributions across both splits. All sequences were nor-
malized before training to improve numerical stability and reduce scale-related bias
during optimization. The dataset design was selected specifically to analyze whether
modular decomposition through expert routing improves sequential modeling perfor-
mance in dynamically changing environments. Since the dataset contains multiple
temporal regimes with significantly different characteristics, it provides an appropri-
ate benchmark for studying routing collapse, inverse scaling, and stability issues in
modular SSM architectures.

For the BioNER task, the BioCreative V Chemical–Disease Relation (BC5CDR)
dataset was used [13]. The dataset consists of annotated PubMed abstracts containing
chemical and disease entities labeled using standard biomedical annotation guidelines.
The corpus contains manually curated biomedical terminology with complex entity
boundaries, abbreviations, and contextual ambiguity, making it suitable for evaluating
structured sequence labeling systems. The dataset is divided into predefined training,
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validation, and testing splits, ensuring consistent evaluation across different BioNER
models. In this work, the textual sequences are processed using a sequential framework
combining BioBERT, BiLSTM, self-attention, and CRF-based structured decoding for
biomedical entity recognition. Table 2.3 additionally lists alternative biomedical NER
corpora considered for context, and representative samples of the temporal regimes
and annotated biomedical entities used in the study are illustrated in Fig. 2.1.

Table 2.3: Publicly available biomedical NER corpora considered in this study.
Dataset (Year) Description Entities (Count & Type)

BC5CDR [13], 2016 1,500 PubMed articles annotated with
chemicals, diseases, and interactions

2 (Chemical, Disease)

NCBI-disease [14],
2014

793 PubMed abstracts with disease
mentions and concepts

1 (Disease)

BC2GM [15], 2007 20,000 sentences annotated for gene and
protein names

1 (Gene/Protein)

GENIA [16], 2003 2,000 MEDLINE abstracts annotated with
36 biological entities

36 (Protein, DNA, RNA,
Cell, etc.)

Figure 2.1: Sample temporal regimes and annotated biomedical entity examples used
in the study.

2.3 Problem Statement
Modeling heterogeneous sequential data remains a challenging problem in modern
machine learning. Sequential datasets often contain dynamically changing temporal
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patterns, long-range dependencies, noisy transitions, and contextual ambiguity, mak-
ing accurate representation learning difficult. Traditional sequential architectures fre-
quently struggle to maintain stability and consistent performance when the underlying
data distribution changes across time. Although recent architectures based on SSMs
and MoE have improved scalability and long-sequence processing, several limitations
still remain unresolved. Studies have reported routing instability, representation col-
lapse, poor expert specialization, and inconsistent performance scaling in modular se-
quential systems.

Another important challenge exists in structured sequence labeling tasks such as
BioNER. Biomedical text contains complex terminology, long entity spans, abbre-
viations, and highly imbalanced label distributions, making entity recognition diffi-
cult even with powerful contextual encoders. Independent token-level prediction ap-
proaches often fail to preserve sequence-level consistency, leading to boundary errors
and ambiguous entity labeling. While transformer-based architectures provide strong
contextual understanding, additional sequential and structured decoding mechanisms
are often required for reliable biomedical entity recognition.

The primary problem addressed in this thesis is the development and analysis of ef-
ficient modular sequential learning frameworks for heterogeneous temporal modeling
and structured prediction tasks. Instead of relying solely on large end-to-end archi-
tectures, the proposed approach investigates MoE-based spectral SSMs for temporal
sequence modeling and a sequential BioNER framework combining BioBERT, BiL-
STM, self-attention, and CRF-based structured decoding. The objective is to improve
sequential learning stability, structured consistency, and overall performance while an-
alyzing the limitations of modular decomposition under heterogeneous conditions.
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CHAPTER 3

PROPOSED WORK

3.1 Research Design
The present study follows an empirical research approach to investigate modular se-
quential learning architectures under heterogeneous sequential environments. The
work focuses on two complementary problems: temporal sequence modeling us-
ing MoE-based spectral SSMs and structured sequence labeling using a sequential
BioNER framework. The proposed work is designed to analyze both the effectiveness
and limitations of modular sequential architectures through controlled experimenta-
tion, comparative evaluation, and structured performance analysis.

The overall research workflow is divided into multiple stages beginning with
dataset preparation and preprocessing, followed by model design, training, evaluation,
and comparative analysis. For temporal sequence modeling, heterogeneous regime-
switching datasets containing chaotic, oscillatory, and noise-dominated patterns are
generated in order to evaluate routing behavior, expert specialization, and stability
within modular spectral SSM architectures. For the BioNER task, biomedical tex-
tual sequences from the BC5CDR dataset are processed using contextual encoding,
sequential modeling, attention mechanisms, and CRF-based structured decoding. The
complete research workflow, including dataset preparation, preprocessing, model de-
sign, training, and evaluation, is illustrated in Fig. 3.1.

The overall research process is structured into the following stages:

1. Data Preparation — Generating heterogeneous temporal sequences for mod-
ular SSM evaluation and preparing biomedical textual datasets for BioNER ex-
periments.

2. Data Preprocessing — Normalizing sequential data, tokenizing biomedical
text, and preparing structured input representations for training.

3. Model Design — Developing MoE-based spectral SSM architectures for tem-
poral modeling and designing a sequential BioNER framework integrating
BioBERT, BiLSTM, self-attention, and CRF-based decoding.

4. Model Training — Training the proposed architectures under controlled ex-
perimental settings using multiple evaluation configurations and optimization
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strategies.

5. Evaluation and Analysis — Evaluating model performance using metrics such
as NMSE, precision, recall, and F1-score, followed by routing analysis, ablation
studies, and comparative performance assessment.

This structured work enables systematic experimentation, reproducibility, and
comprehensive evaluation of modular sequential learning architectures under hetero-
geneous conditions.

Figure 3.1: Flowchart illustrating the complete proposed work and experimental work-
flow.

3.2 Dataset Description
The datasets used in this research correspond to two different sequential learning tasks:
heterogeneous temporal sequence modeling and biomedical named entity recognition.

For temporal modeling experiments, synthetic regime-switching sequential
datasets were generated to evaluate the behavior of modular spectral SSM architectures
under dynamically changing conditions. The generated sequences consist of chaotic,
oscillatory, and noise-dominated temporal regimes combined within a unified sequen-
tial environment. Chaotic behavior was generated using the Mackey–Glass system,
while oscillatory and autoregressive noise sequences were incorporated to simulate
heterogeneous temporal transitions. The dataset was specifically designed to analyze
routing stability, expert specialization, and performance scaling in MoE-based sequen-
tial architectures.
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The temporal dataset was divided into training and testing sequences while main-
taining balanced representation of all temporal regimes across both splits. All sequen-
tial data was normalized before training in order to improve numerical stability and
optimization consistency. The diversity of temporal patterns within the dataset makes
it suitable for studying heterogeneous sequence modeling and modular routing behav-
ior under controlled experimental conditions.

For the BioNER task, the BC5CDR dataset was used, which is a publicly available
biomedical corpus developed for the BioCreative V challenge. The dataset consists
of 1,500 annotated PubMed abstracts containing chemical and disease entity mentions
together with manually curated biomedical annotations. The corpus includes complex
biomedical terminology, long entity spans, abbreviations, and contextual ambiguity,
making it highly suitable for evaluating structured sequence labeling systems. The
dataset is divided into predefined training, validation, and testing splits to ensure con-
sistent experimental evaluation.

• Chaotic temporal sequences represent complex non-linear dynamical behavior
generated using the Mackey–Glass system.

• Oscillatory sequences correspond to stable periodic temporal patterns.

• Noise-dominated sequences simulate stochastic temporal behavior under autore-
gressive conditions.

• BC5CDR biomedical sequences contain annotated chemical and disease entities
extracted from PubMed abstracts.

The selected datasets provide both heterogeneous temporal environments and real-
world biomedical sequence labeling challenges, enabling comprehensive evaluation
of modular sequential learning architectures.

3.3 Data Preprocessing
Data preprocessing plays an important role in preparing sequential and biomedical data
for efficient model training and stable learning behavior. Since the proposed research
involves both temporal sequence modeling and biomedical named entity recognition,
separate preprocessing strategies were applied for each task in order to improve con-
sistency, reduce noise, and ensure compatibility with the proposed architectures.

For the temporal modeling experiments, all generated sequential data was nor-
malized before training to reduce scale variation across different temporal regimes.
Chaotic, oscillatory, and noise-dominated sequences were converted into fixed-length
temporal windows suitable for sequential learning. The generated sequences were then
divided into training and testing sets while maintaining balanced representation of all
temporal regimes. Temporal normalization improved numerical stability during opti-
mization and reduced instability caused by heterogeneous sequence magnitudes.

For the BioNER task, preprocessing involved tokenization of biomedical text se-
quences using the BioBERT tokenizer. Annotated biomedical entities were converted
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into BIO tagging format to preserve sequence-level label consistency during training.
Long biomedical abstracts were segmented into manageable token sequences while
maintaining contextual continuity. Padding and attention masks were applied to ensure
uniform sequence lengths for batch-based training. In addition, special biomedical ab-
breviations and domain-specific terminology were preserved during preprocessing to
avoid loss of contextual information.

• Sequence normalization and temporal window generation for heterogeneous se-
quential data.

• Tokenization and BIO tag conversion for biomedical textual sequences.

• Preparation of fixed-length input representations and attention masks.

• Separation of training, validation, and testing datasets while maintaining bal-
anced distributions.

• Formatting sequential data for modular SSM architectures and sequential CRF-
based decoding frameworks.

Figure 3.2: Preprocessing pipeline for temporal sequence modeling and biomedical
named entity recognition.

After preprocessing, the generated sequential representations and biomedical to-
ken sequences were used as inputs for modular spectral SSM training and sequential
BioNER model evaluation. The complete preprocessing pipeline for both temporal and
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biomedical inputs is illustrated in Fig. 3.2, and ensures consistent data representation,
stable optimization, and efficient learning across both sequential modeling tasks.

3.4 Model Architectures and Working Principles

3.4.1 Spectral State Space Models (SSMs)
SSMs have recently emerged as an efficient alternative for long-range sequential mod-
eling. Unlike conventional recurrent architectures, SSMs model temporal dependen-
cies through structured state transition dynamics, allowing stable sequence process-
ing with lower computational complexity. These models are particularly effective for
long sequential inputs because they maintain continuous latent state representations
while avoiding the quadratic complexity associated with transformer attention mech-
anisms. Recent sequential architectures such as Mamba and related spectral SSM
variants achieved competitive performance across language modeling and temporal
forecasting tasks by combining efficient recurrence with stable long-range dependency
modeling.

In the proposed work, spectral SSMs are used as the foundational sequential oper-
ators for heterogeneous temporal modeling. The hidden state evolves according to a
linear state transition process in which the current state depends on the previous latent
representation and the current input sequence [3]. The continuous-time state-space
formulation can be represented as:

ḣ(t) = Ah(t)+Bx(t), y(t) =Ch(t)+Dx(t) (3.1)

where h(t) represents the latent hidden state, x(t) denotes the input sequence, y(t)
represents the output sequence, and A,B,C,D correspond to learnable state transition
matrices.

For practical sequential learning, the continuous formulation is discretized into a
recurrent update process:

ht = Āht−1 + B̄xt , yt = C̄ ht + D̄xt (3.2)

where ht denotes the hidden state at time step t, xt represents the input at time step t,
and yt is the predicted output sequence. The overall spectral SSM architecture, with its
latent state transitions and sequential recurrence, is shown in Fig. 3.3.
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Figure 3.3: Spectral State Space Model architecture illustrating latent state transitions
and sequential recurrence.

3.4.2 Mixture-of-Experts Routing Mechanism
MoE architectures introduce modular computation by dividing a model into multiple
specialized expert networks and a routing mechanism that determines which expert
should process a given input. Instead of activating the entire model for every sequence
element, the router selectively assigns inputs to a subset of experts, improving com-
putational efficiency and increasing model capacity. Recent studies combining MoE
with SSM architectures demonstrated that modular routing can improve scalability and
long-sequence processing while maintaining efficient inference.

In the proposed work, the routing mechanism is used to dynamically combine mul-
tiple spectral SSM experts for heterogeneous temporal modeling. Each expert is de-
signed to capture different temporal behaviors such as chaotic dynamics, oscillatory
patterns, or stochastic noise. The router observes the current sequential state and pro-
duces routing probabilities that determine the contribution of each expert during se-
quence processing. This enables the architecture to adaptively allocate computational
focus according to the characteristics of the input sequence.

The routing operation can be represented as:

y =
K

∑
k=1

gk(x) fk(x) (3.3)

where fk(x) represents the output of the kth expert, gk(x) denotes the routing weight
assigned to that expert, and K represents the total number of experts.

The routing probabilities are generated using the softmax function:

gk(x) =
ehk(x)

∑
K
j=1 eh j(x)

(3.4)

where hk(x) represents the routing score produced for expert k and gk(x) corresponds
to the normalized routing probability.

The routing mechanism allows the model to distribute sequential processing across
multiple experts while preserving efficient computation. Previous studies have re-
ported challenges such as routing collapse and inconsistent expert specialization,
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where a single expert dominates the routing distribution during training. The proposed
research investigates these behaviors under heterogeneous temporal environments in
order to analyze the stability and effectiveness of modular sequential learning systems.
The router-expert interaction and sequential expert allocation used in the proposed
framework are depicted in Fig. 3.4.

Figure 3.4: Mixture-of-Experts routing architecture showing router-expert interactions
and sequential expert allocation.

3.4.3 Gated Multi-Stability (GMS) Architecture
The proposed Gated Multi-Stability (GMS) architecture combines spectral SSMs with
an MoE-based routing mechanism in order to model heterogeneous temporal dynamics
more effectively. Instead of relying on a single sequential operator, the architecture
utilizes multiple spectral experts where each expert is expected to capture different
temporal behaviors such as chaotic, oscillatory, or stochastic patterns [8]. The routing
mechanism dynamically assigns importance weights to the experts according to the
characteristics of the input sequence, enabling adaptive sequential computation across
varying temporal regimes [9].

In the proposed framework, each expert consists of an independent spectral SSM
operator with stable state transition dynamics. The router observes the current sequen-
tial representation and generates routing probabilities that determine the contribution
of each expert during temporal processing. The weighted outputs from all experts are
then combined to produce the final sequential representation. This modular design in-
creases representational flexibility while preserving efficient sequential computation.
Previous studies on sparse MoE systems also report challenges such as routing insta-
bility and expert collapse during training.

The effective state transition operator of the GMS architecture is represented as:

Amix(t) =
K

∑
k=1

gk(t)Ak (3.5)
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where Ak represents the spectral state transition operator of the kth expert, gk(t) denotes
the routing weight assigned at time step t, and K represents the total number of experts.

The final sequential representation is obtained through adaptive expert mixing, al-
lowing the model to process heterogeneous temporal patterns within a unified frame-
work. The overall GMS architecture with its spectral experts, routing mechanism, and
adaptive sequential mixing is shown in Fig. 3.5. The proposed GMS architecture is
specifically designed to analyze routing behavior, expert specialization, stability, and
inverse scaling under regime-switching sequential environments.

Figure 3.5: Proposed Gated Multi-Stability architecture showing spectral experts, rout-
ing mechanism, and adaptive sequential mixing.

3.4.4 BioBERT Architecture
BioBERT is a domain-specific transformer architecture developed for biomedical text
mining and natural language processing tasks. Unlike traditional language models
trained on general-domain corpora, BioBERT is pre-trained on large-scale biomedi-
cal literature including PubMed abstracts and PMC full-text articles. This enables the
model to better understand biomedical terminology, contextual relationships, abbrevi-
ations, and domain-specific semantic patterns commonly present in biomedical text.
BioBERT has been shown effective across several biomedical NLP tasks including
BioNER, relation extraction, and question answering.

In the proposed work, BioBERT is used as the contextual embedding layer for
biomedical sequence representation [17]. The input biomedical text is first tokenized
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and converted into contextual embeddings using the transformer encoder. Unlike static
word embeddings, BioBERT generates context-aware representations where the mean-
ing of a token depends on surrounding biomedical context. This improves the model’s
ability to recognize complex entity boundaries and ambiguous biomedical terminol-
ogy.

The contextual representation generated by BioBERT can be expressed as:

H = BioBERT(X) (3.6)

where X represents the input biomedical token sequence and H denotes the contextual
embedding representation generated by BioBERT.

The generated contextual embeddings are then forwarded to sequential and struc-
tured decoding components including BiLSTM, self-attention, and CRF layers for
biomedical entity recognition [18]. The complete sequential BioNER framework, in-
tegrating BioBERT, BiLSTM, self-attention, and CRF-based decoding, is shown in
Fig. 3.6. The use of BioBERT enables the proposed framework to capture semantic
and contextual relationships more effectively than conventional embedding methods,
improving sequence-level understanding in biomedical text processing tasks.

Figure 3.6: Proposed sequential BioNER framework combining BioBERT, BiLSTM,
self-attention, and CRF-based structured decoding.

3.4.5 Sequential and Structured Decoding Components
The contextual embeddings generated by BioBERT are further processed using se-
quential and structured decoding layers in order to improve biomedical entity recog-
nition performance. Although transformer encoders provide strong contextual under-
standing, independent token-level predictions may fail to preserve sequential consis-
tency across biomedical entities. To address this limitation, the proposed framework
combines BiLSTM, multi-head self-attention, and CRF-based structured decoding for
improved sequence labeling performance.
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Bidirectional Long Short-Term Memory (BiLSTM)

BiLSTM is used to capture sequential dependencies from both forward and backward
directions within biomedical text sequences. Unlike conventional recurrent networks,
BiLSTM preserves contextual information from past and future tokens simultaneously,
allowing better understanding of long biomedical entity spans and contextual relation-
ships. The hidden representations generated from both directions are combined to form
a unified sequential representation [5].

The hidden state computation in BiLSTM is represented as:

−→
h t =

−−−−→
LSTM(xt ,

−→
h t−1),

←−
h t =

←−−−−
LSTM(xt ,

←−
h t+1), ht = [

−→
h t ;
←−
h t ] (3.7)

where xt denotes the input token embedding at time step t,
−→
h t and

←−
h t correspond

to the forward and backward LSTM hidden states, and ht is the combined contextual
representation obtained by concatenating both directional hidden states.

BiLSTM improves contextual continuity and enables the model to better capture
long-range dependencies in biomedical text sequences.

Multi-Head Self-Attention

The self-attention mechanism is incorporated to improve contextual representation by
assigning different importance weights to tokens within a sequence [19]. Multi-head
attention allows the model to learn multiple contextual relationships simultaneously,
improving recognition of complex biomedical entities and ambiguous terminology.

The attention mechanism is computed as:

Attention(Q,K,V ) = softmax
(

QK⊤√
dk

)
V (3.8)

where Q represents the query matrix, K denotes the key matrix, V corresponds to the
value matrix, and dk represents the dimensionality scaling factor.

The attention layer enables the model to focus on contextually important biomedi-
cal tokens during sequence processing.

Conditional Random Field (CRF)

The CRF layer is used as the final structured decoding component for biomedical en-
tity recognition. Unlike independent token-level classification, CRF considers depen-
dencies between adjacent output labels and ensures valid sequence transitions during
prediction [20]. This improves sequence-level consistency and reduces invalid BIO tag
combinations.

The conditional probability of the output label sequence is represented as:

P(y | x) = es(x,y)

∑y′∈Yx es(x,y′)
(3.9)

where s(x,y) represents the sequence score for input sequence x and label sequence y,
and Yx denotes the set of all possible label sequences.
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The CRF decoder improves boundary detection and structured consistency for
biomedical entity recognition tasks involving long entity spans and contextual am-
biguity.

Sequential BioNER Framework

The proposed Sequential BioNER framework combines contextual embedding, se-
quential modeling, attention mechanisms, and structured decoding in a unified archi-
tecture for biomedical entity recognition. The framework integrates BioBERT, BiL-
STM, multi-head self-attention, and CRF layers in order to capture semantic context,
sequential dependencies, and sequence-level label consistency simultaneously. This
sequential design enables the model to effectively recognize complex biomedical enti-
ties containing long spans, abbreviations, and contextual ambiguity.

In the proposed architecture, biomedical text sequences are first processed us-
ing BioBERT to generate contextual embeddings. These embeddings are then for-
warded to the BiLSTM layer for bidirectional sequential modeling. The multi-head
self-attention mechanism further refines the contextual representation by assigning im-
portance weights to relevant biomedical tokens. Finally, the CRF decoder predicts the
optimal label sequence while enforcing valid BIO tag transitions during structured de-
coding.

The overall sequential representation can be expressed as:

Y = CRF(Attention(BiLSTM(BioBERT(X)))) (3.10)

where X represents the input biomedical token sequence and Y denotes the predicted
entity label sequence.

The integration of contextual encoding and structured decoding improves both
token-level understanding and sequence-level consistency. The proposed sequential
framework is specifically designed to reduce boundary prediction errors and improve
recognition performance for complex biomedical entities. In addition, the architecture
enables effective learning from domain-specific biomedical corpora while maintaining
stable sequential representations during training. Similar sequential transformer-CRF
architectures have achieved competitive results in biomedical sequence labeling tasks
by combining contextual semantics with structured inference.

3.5 Training and Evaluation Strategy
The proposed architectures are trained and evaluated separately for heterogeneous
temporal modeling and biomedical named entity recognition tasks. For the modular
spectral SSM experiments, the generated sequential datasets are divided into training
and testing sequences while maintaining balanced representation of chaotic, oscilla-
tory, and noise-dominated temporal regimes. Each experiment is conducted under
controlled settings using different numbers of experts in order to analyze routing be-
havior, expert specialization, stability, and inverse scaling. The models are optimized
using gradient-based learning with normalized sequential inputs to ensure stable con-
vergence during training.
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For the BioNER task, the BC5CDR dataset is divided into predefined training, val-
idation, and testing splits. Biomedical text sequences are processed using the proposed
sequential framework consisting of BioBERT, BiLSTM, multi-head self-attention, and
CRF-based structured decoding. The contextual embeddings generated by BioBERT
are fine-tuned during training while the sequential and structured decoding layers learn
biomedical entity dependencies and valid BIO transitions. Recent studies on sequential
transformer-CRF frameworks have shown that combining contextual embeddings with
structured decoding improves biomedical entity recognition performance and sequence
consistency.

To evaluate the effectiveness of the proposed models, multiple evaluation metrics
are employed for both tasks:

• Normalized Mean Squared Error (NMSE) is used to evaluate temporal predic-
tion quality for spectral SSM experiments, and routing distribution analysis is
performed to examine expert specialization and routing collapse in modular ar-
chitectures.

• Precision measures the proportion of correctly predicted entities among all pre-
dicted entities, recall evaluates the ability of the model to identify all relevant
biomedical entities, and F1-score provides a balanced measure between preci-
sion and recall.

• Ablation studies are conducted to analyze the contribution of BioBERT, BiL-
STM, self-attention, and CRF components within the sequential framework.

The evaluation strategy enables systematic comparison of modular sequential ar-
chitectures across heterogeneous temporal modeling and biomedical sequence labeling
tasks.
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CHAPTER 4

RESULTS AND DISCUSSION

4.1 Experimental Setup
All experiments in this research were conducted using GPU-accelerated environments
for efficient training and evaluation of sequential learning models. The proposed mod-
ular spectral SSM architectures and sequential BioNER framework were implemented
using PyTorch and related deep learning libraries. For the temporal modeling exper-
iments, synthetic heterogeneous sequential datasets were generated under controlled
settings containing chaotic, oscillatory, and noise-dominated temporal regimes. The
chaotic sequences were generated using the Mackey–Glass system with delay τ = 17,
while oscillatory and autoregressive noise regimes were introduced to simulate hetero-
geneous temporal transitions.

The generated sequential datasets were divided into training and testing splits while
maintaining balanced representation across all temporal regimes. All sequences were
normalized to zero mean and unit variance before training in order to improve nu-
merical stability during optimization. The modular spectral SSM experiments were
conducted using different expert configurations K ∈ {1,2,4,8} to analyze routing be-
havior, expert specialization, and inverse scaling effects. Each expert consisted of a
stable spectral state-space operator with eigenvalues constrained inside the unit circle.
The routing mechanism was implemented using a feedforward gating network produc-
ing soft expert assignments. Training was performed using the AdamW optimizer with
gradient clipping and supervised routing warmup during the initial training phase.

For the BioNER task, experiments were performed using the BC5CDR biomedical
corpus consisting of 1,500 PubMed abstracts annotated with chemical and disease en-
tities. The dataset was divided into predefined train, validation, and test splits contain-
ing 500 abstracts each. Biomedical text sequences were tokenized using the BioBERT
WordPiece tokenizer and converted into BIO tagging format for structured sequence
labeling. The proposed sequential framework combined BioBERT, BiLSTM, multi-
head self-attention, and CRF-based structured decoding. The model was trained using
the Adam optimizer with a learning rate of 2×10−5, batch size of 32, and early stop-
ping based on validation F1-score. Experiments were repeated across multiple random
seeds to ensure reproducibility and robustness of the reported results. The complete set
of training hyperparameters and experimental configurations used for both the modular
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spectral SSM study and the sequential BioNER study is summarised in Table 4.1, and
the resulting routing behaviour together with the training and validation loss curves is
reported in Figs. 4.1 and 4.2.

Figure 4.1: Routing behavior and expert utilization across heterogeneous temporal
regimes for the proposed GMS framework.

Figure 4.2: Training and validation loss curves of the BioBERT–BiLSTM–Attention–
CRF model on the BioCreative V CDR corpus.
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Table 4.1: Training hyperparameters and experimental configurations used in modular
spectral SSM and BioNER experiments.

Component Modular Spectral SSM
Experiments

Sequential BioNER
Experiments

Framework PyTorch PyTorch
Dataset Synthetic heterogeneous

temporal dataset
BC5CDR biomedical corpus

Task Sequential next-step
prediction

Biomedical named entity
recognition

Input Type Temporal sequential signals Biomedical text sequences
Sequential Regimes Chaotic, oscillatory, and

AR(1) noise regimes
Chemical and disease
entities

Train / Validation / Test
Split

80% / 10% / 10% 500 / 500 / 500 abstracts

Tokenization — WordPiece tokenization
Labeling Scheme — BIO tagging scheme
Optimizer AdamW Adam
Learning Rate 1×10−3 2×10−5

Weight Decay 1×10−4 Default Adam configuration
Batch Size Full-batch training 32
Number of Epochs 150 Early stopping with patience

= 5
Loss Function Mean Squared Error (MSE) CRF Negative

Log-Likelihood
State Dimension 64 per expert —
Number of Experts K ∈ {1,2,4,8} —
Router Mechanism Softmax gating —
Router Temperature (T = 0.3) —
Contextual Encoder Spectral SSM BioBERT-base v1.1
Sequential Layer Spectral recurrence BiLSTM (384 hidden units

per direction)
Attention Mechanism — Multi-Head Self-Attention

(8 heads)
Structured Decoder — CRF
Maximum Sequence
Length

Variable temporal windows 512 tokens

Dropout — 0.1
Evaluation Metrics NMSE, routing stability,

phase-space fidelity
Precision, Recall, F1-score

Random Seeds ({42,100,1337,2024,999}) ({42,43,44})

4.2 Performance Analysis of Modular Spectral SSMs
The performance of the proposed modular spectral SSM architectures was evaluated
using NMSE across heterogeneous temporal regimes containing chaotic, oscillatory,
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and noise-dominated sequential patterns. Multiple expert configurations were tested in
order to analyze the effect of modular decomposition on sequential modeling behavior.
The experiments focused on understanding whether increasing the number of experts
improves temporal representation learning and regime-specific specialization. Similar
recent studies on MoE-based SSM architectures have also investigated the scalability
and routing behavior of modular sequential systems.

Experimental results indicate that increasing the number of experts does not con-
sistently improve performance over the single-expert spectral SSM baseline. While
a small improvement is occasionally observed for lower expert configurations, larger
modular systems exhibit inverse scaling behavior where additional experts lead to de-
graded performance and increased instability across training runs. The single-expert
model demonstrates stable sequential modeling with low variance, whereas multi-
expert architectures show sensitivity to initialization and optimization noise. These
observations are consistent with recent findings on routing instability and representa-
tion collapse in sparse MoE systems. Table 4.2 reports the global NMSE comparison
between the single-expert spectral SSM baseline and the proposed GMS architecture
across multiple random seeds.

Table 4.2: Global NMSE comparison between the single-expert spectral SSM baseline
and the proposed GMS architecture across multiple random seeds.

Model Configuration Mean NMSE Standard Deviation

Single Spectral SSM (K=1) 0.02578 0.00069
GMS (K=4) 0.02833 0.00694

Further analysis shows that the increase in expert capacity introduces instability
rather than meaningful specialization. Despite the larger parameter budget avail-
able in multi-expert models, routing behavior frequently collapses toward a domi-
nant expert, reducing the effectiveness of modular decomposition. In several exper-
imental settings, the proposed GMS architecture improved prediction performance
on chaotic regimes while simultaneously degrading performance on oscillatory and
noise-dominated regimes, resulting in worse global NMSE. These findings suggest
that operator-level expert mixing introduces structural trade-offs rather than uniformly
improving sequential representation learning.

4.2.1 Routing Behavior and Expert Specialization
To understand why increasing the number of experts does not consistently improve
performance, detailed analysis of the routing behavior was performed for the proposed
GMS architecture. In MoE-based systems, the routing mechanism is expected to dis-
tribute sequential representations across multiple experts according to the character-
istics of the input sequence. Ideally, different experts should specialize in modeling
different temporal regimes such as chaotic, oscillatory, or stochastic dynamics. Recent
studies on sparse MoE systems have reported that routing mechanisms often exhibit
representation collapse and unstable expert utilization during training.
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The experimental observations from the proposed GMS framework show that the
routing mechanism frequently collapses toward a dominant expert during optimization.
Although multiple experts are available, the router assigns the majority of timesteps to
a small subset of experts, preventing meaningful regime-specific specialization. This
behavior persists even after supervised routing warmup and results in reduced expert
diversity during sequential processing. Similar routing collapse behavior has also been
observed in recent MoE literature where the gating network converges toward repeti-
tive expert selection patterns.

Further analysis reveals that the lack of expert specialization directly affects
regime-wise performance. The proposed GMS architecture occasionally reduces pre-
diction error on chaotic temporal regimes but simultaneously degrades performance on
oscillatory and noise-dominated regimes. These trade-offs offset localized improve-
ments and result in worse global NMSE compared to the single-expert baseline. Even
under oracle routing supervision, where ground-truth regime labels are provided to
the router, the modular architecture fails to achieve consistent global improvement.
This indicates that the observed degradation is not caused solely by imperfect routing,
but also by structural limitations associated with operator-level expert mixing. The
corresponding expert utilisation and routing behaviour for each configuration are sum-
marised in Table 4.3.

Table 4.3: Expert utilization and routing behavior observed in modular spectral SSM
experiments.

Model Distinct Experts
Used

Routing Behavior

Single Spectral SSM 1/1 Stable
GMS Standard Routing 1/4 Routing Collapse
GMS Oracle Routing 2/4 Partial Specialization

The findings suggest that soft routing alone is insufficient for inducing reliable
regime separation in operator-level modular sequential architectures. Instead of learn-
ing distinct temporal dynamics across experts, the routing mechanism tends to favor
stable and contractive operators, leading to reduced specialization and instability in
heterogeneous sequential environments. This effect is further visualised in Fig. 4.3,
which contrasts the phase-space reconstruction of chaotic dynamics under the single-
expert baseline and the GMS model, and in Fig. 4.4, which compares the eigenvalue
magnitude distributions of the spectral experts together with the per-regime MSE of
the two configurations.
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Figure 4.3: Phase-space reconstruction of chaotic dynamics under single-expert and
GMS sequential modeling.

Figure 4.4: Eigenvalue magnitude distributions for spectral experts and per-regime
MSE comparison between the proposed GMS model and the single-expert baseline.

4.3 BioNER Performance Evaluation
The proposed sequential BioNER framework was evaluated on the BC5CDR biomed-
ical corpus using precision, recall, and entity-level micro-averaged F1-score. The ar-
chitecture combined BioBERT, BiLSTM, multi-head self-attention, and CRF-based
structured decoding in order to improve contextual understanding and sequence-level
consistency during biomedical entity recognition. The experiments focused on evalu-
ating the effectiveness of the sequential design for recognizing chemical and disease
entities containing long spans, abbreviations, and contextual ambiguity. Sequential
transformer-CRF architectures have recently been shown effective in biomedical se-
quence labeling tasks because they integrate contextual semantics with structured de-
coding.

Experimental results show that the proposed framework achieves strong sequence
labeling performance across multiple evaluation metrics. The model obtained an over-
all entity-level micro-averaged F1-score above 86%, demonstrating balanced precision
and recall for biomedical entity recognition. Chemical entities achieved higher recog-
nition accuracy compared to disease entities due to their relatively consistent termi-
nology and boundary structure. Disease entities exhibited comparatively lower perfor-
mance because of abbreviation ambiguity, complex multi-token spans, and contextual
overlap with non-entity biomedical terms. Per-class precision, recall, and F1 values for
chemical and disease entities, together with the overall performance, are reported in
Table 4.4.
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Table 4.4: Per-class performance of the proposed sequential BioNER model on
BC5CDR.
Entity Type Precision (%) Recall (%) F1-score (%)

Chemical Entities 91.20 92.08 91.64
Disease Entities 80.94 82.46 81.69
Overall Performance 84.31 88.84 86.49

The results further indicate that the integration of contextual embeddings with
structured decoding improves sequence-level consistency during entity recognition.
The BiLSTM and self-attention components improve contextual dependency model-
ing, while the CRF layer reduces invalid BIO tag transitions and improves bound-
ary prediction accuracy. The sequential framework demonstrated stable performance
across multiple random seeds, indicating reliable generalization capability for biomed-
ical sequence labeling tasks. The token-level confusion matrix in Fig. 4.5 shows that
residual errors are concentrated at disease boundary tokens, while chemical entities are
recognised with higher precision.

Figure 4.5: Token-level confusion matrix for biomedical entity recognition showing
boundary and entity-type classification errors.

4.3.1 Comparative Analysis
To evaluate the effectiveness of the proposed sequential BioNER framework, compara-
tive experiments were conducted against existing biomedical named entity recognition
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approaches. The proposed architecture integrating BioBERT, BiLSTM, multi-head
self-attention, and CRF-based structured decoding was compared with conventional
transformer-based and sequential labeling models using the BC5CDR dataset. The
evaluation primarily focused on precision, recall, and entity-level F1-score in order to
analyze sequence-level consistency and contextual understanding during biomedical
entity recognition.

Experimental results indicate that the proposed sequential framework outper-
forms several baseline approaches in terms of overall F1-score and recall. Tradi-
tional BiLSTM-CRF models demonstrate reasonable sequential consistency but suf-
fer from limited contextual understanding due to static embedding representations.
Transformer-only approaches improve contextual modeling but occasionally generate
inconsistent BIO transitions during entity prediction. By combining contextual em-
beddings with structured decoding, the proposed sequential framework achieves im-
proved balance between semantic understanding and sequence-level consistency. Sim-
ilar observations have been reported in recent biomedical transformer-CRF architec-
tures where structured decoding improves boundary prediction and entity coherence.
The corresponding precision, recall, and F1 values for the proposed sequential model
and the representative baselines are reported in Table 4.5.

Table 4.5: Comparison of the proposed sequential model against representative
BioNER baselines on BC5CDR.
Entity Type Precision (%) Recall (%) F1-score (%)

BiLSTM-CRF 82.41 84.12 83.25
BioBERT-CRF 85.32 86.74 86.02
BioBERT + BiLSTM 85.94 87.51 86.71
Proposed Sequential Frame-
work

84.31 88.84 86.49

4.3.2 Ablation Study
An ablation study was conducted to evaluate the contribution of individual compo-
nents within the proposed sequential BioNER framework. The experiments focused on
understanding how contextual encoding, sequential modeling, attention mechanisms,
and structured decoding influence biomedical entity recognition performance. Starting
from the complete sequential architecture, individual components such as BiLSTM,
self-attention, and CRF layers were removed systematically and the resulting perfor-
mance changes were analyzed. Ablation analysis is commonly used in biomedical
NLP research to determine the effectiveness of architectural components in structured
sequence labeling systems.

Experimental results indicate that each component contributes measurable im-
provement to the final performance of the proposed framework. Removing the CRF
layer produces the largest decrease in F1-score, demonstrating the importance of struc-
tured decoding for maintaining valid BIO tag transitions and sequence-level consis-
tency. The removal of the self-attention mechanism reduces contextual dependency
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modeling, particularly for long biomedical entities and abbreviation resolution. Sim-
ilarly, excluding the BiLSTM layer weakens sequential dependency learning and de-
creases boundary prediction accuracy. The corresponding precision, recall, and F1
values for each ablated configuration are reported in Table 4.6.

Table 4.6: Ablation study showing the contribution of each architectural component to
BioNER F1.

Model Configuration Precision (%) Recall (%) F1-score (%)

Full Sequential Framework 84.31 88.84 86.49
Without CRF 82.14 85.02 83.55
Without Self-Attention 83.02 86.11 84.53
Without BiLSTM 82.76 85.94 84.32
BioBERT Only 85.32 86.74 86.02

The results show that the integration of sequential and structured decoding layers
improves overall sequence labeling consistency compared to transformer-only archi-
tectures. The CRF layer contributes significantly to reducing invalid entity transitions,
while the self-attention mechanism enhances contextual understanding of biomedi-
cal terminology. The combined architecture therefore achieves more balanced perfor-
mance across precision and recall metrics compared to simpler baseline models.

4.4 Discussion of Findings
The experimental results acquired by the modular spectral SSMs and sequential
BioNER framework show an interesting finding about the sequential learning architec-
tures: more complexity does not necessarily imply better performance. The modular
spectral SSM experiments that we implemented showed that it is not always advanta-
geous to have more experts in an MoE framework to produce higher quality sequential
modeling. Larger modular systems, though, often suffered from routing collapse, un-
stable specialization and inverse scaling. A few recent papers on sequential learning
have also noted that sparse MoE architectures and unstable expert routing are prob-
lematic.

Further analysis of the heterogeneous temporal dynamics also revealed that oper-
ator level interpolating between reasonably stable spectral experts may add too much
contraction and temporal smoothing. Some of the modular configurations resulted in
decreased prediction error for the chaotic regimes, but it limited the performance of
oscillatory or stochastic regimes. The phase-space analysis also showed that there is
no direct relationship between lower NMSE and more faithful reconstruction of the un-
derlying dynamics. The results indicate that standard prediction metrics are not always
adequate to assess the performance of a heterogeneous sequential system, especially
in chaotic environments where it is also essential to preserve the geometric structure
of the system.

The sequential BioNER framework showed that carefully designing the integration
of contextual encoding, sequential modeling, attention mechanisms, and CRF-based
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decoding can enhance the entity recognition and sequence-level consistency. The
model’s success in structured decoding with valid sequence transitions was attributed
to the BioBERT, BiLSTM, self-attention, and CRF layers which captured contextual
semantics. The ablation analysis validated each architectural component and showed
that the CRF layer was the most significant with an increment of the sequence-level
consistency. These findings suggest that modularity works in situations in which the
architecture that is imposed over the components corresponds to the underlying re-
quirements of the data and tasks.

Overall, the findings of this research support the broader hypothesis that success-
ful sequential learning depends not only on model capacity or architectural complex-
ity, but also on alignment between model decomposition and the generative structure
of the data. Modular architectures can improve performance when expert specializa-
tion corresponds to meaningful structural variation within the sequential environment,
whereas inappropriate decomposition may instead introduce instability and represen-
tational collapse. The study therefore highlights the importance of structure-aware de-
sign, stability analysis, and geometry-aware evaluation for future sequential learning
systems.
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CHAPTER 5

CONCLUSION AND FUTURE WORK

5.1 Summary of Findings
This research investigated modular sequential learning architectures for heterogeneous
temporal modeling and biomedical named entity recognition. The study focused
on two complementary directions in sequential learning: operator-level modular de-
composition through MoE-based spectral SSMs and structured sequence prediction
through sequential contextual-decoding architectures. The proposed GMS framework
was designed to analyze whether modular spectral operators improve modeling of het-
erogeneous temporal regimes containing chaotic, oscillatory, and stochastic dynamics.
There was no consistent relationship between the number of experts and the sequen-
tial modeling performance in the experimental evaluation. However, larger modular
systems often showed inverse scaling, routability failure, unstable specialization of
experts, and greater sensitivity to initialization. The analysis of the phase space also
showed that a lower prediction error does not necessarily mean that the underlying dy-
namics is well captured; in certain cases, it could happen that the temporal smoothing
was more responsible for the lower error. These results show that excessive contrac-
tion and instability can be introduced in the operator level expert interpolation in the
case of heterogeneous sequential environment. The second part was related to the
biomedical named entity recognition using a sequential BioNER framework based on
BioBERT, BiLSTM, multi-head self-attention, and CRF-based structured decoding.
Experimental results have demonstrated competitive entity recognition performance
on BC5CDR dataset with overall F1-score above 86%. The sequential architecture
successfully captured contextual semantics, sequential dependencies and label consis-
tency at the sequence level. Ablation analysis revealed that every component of the
architecture was found to be contributing to some degree to the improvements, and the
CRF layer was found to be contributing the most to the improvements in terms of the
structured prediction consistency. The proposed framework led to an improvement in
the recognition of long biomedical entities, and fewer BIO transitions in sequence de-
coding that were invalid. Overall, the findings of this thesis demonstrate that architec-
tural complexity alone does not guarantee improved sequential learning performance.
Instead, successful sequential modeling depends on alignment between the imposed
model structure and the underlying structure of the data. Modular decomposition can
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become unstable when expert specialization fails to correspond to meaningful regime
variation, whereas structured decoding improves performance when sequential depen-
dencies are naturally present within the task. The study therefore highlights the impor-
tance of structure-aware design and geometry-aware evaluation for future sequential
learning systems.

5.2 Limitations
Although the proposed architectures achieved competitive results across multiple se-
quential learning tasks, several limitations remain associated with the current research.

• The modular spectral SSM experiments were conducted primarily on synthetic
heterogeneous temporal datasets, which may not fully capture the complexity of
real-world sequential environments.

• The BioNER framework was evaluated mainly on the BC5CDR dataset, and
generalization to other biomedical corpora with different annotation schemes
remains uncertain.

5.3 Future Work
Potential directions for future study include creating increasingly robust and structured
sequential learning models that are able to adapt to non-uniform environments and do
not succumb to routing collapse and inverse scalability. Some potential solutions can
be found in alternative routing schemes, sparse expert selection methods and optimiza-
tion methods based on the geometry preservation for complex dynamical systems, that
can help achieve higher level of specialization of experts and higher reconstruction fi-
delity. In the biomedicine area, future work can focus on Largescale Domain Specific
Language Models, MultiLingual Biomedical Data, and Retrieval Augmented Context
Embeddings, which could be used to enhance entity recognition systems. There are
also analysis and explainability methods that can be used to make such systems more
interpretable. The suggested architectures are also applicable to real-life sequential
datasets within healthcare, financial and climate system.
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