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Abstract: Large Language Models (LLMs) have achieved remarkable success across a wide range of natural language
processing tasks, yet their deployment in real-world systems remains constrained by inefficiencies in training dynamics, domain
generalization, and alignment with downstream objectives. This paper proposes a unified optimization framework that integrates
multi-objective learning, adaptive knowledge distillation, and distribution-aware fine-tuning to enhance both performance and
efficiency of LLMs. The framework jointly optimizes task-specific objectives, representation alignment, and inference efficiency
through a coordinated training mechanism. Experimental results demonstrate consistent improvements in accuracy, convergence
speed, and robustness across diverse benchmarks, highlighting the effectiveness of the proposed method.
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1. Introduction

Large Language Models (LLMs) have emerged as a
foundational paradigm in modern artificial intelligence,
significantly advancing capabilities in text generation,
reasoning, and semantic understanding. Recent architectures
based on transformer models have demonstrated strong
generalization across tasks by leveraging large-scale
pretraining on diverse corpora [1]. However, despite these
successes, several limitations persist, including high
computational cost, inefficient adaptation to new domains, and
challenges in balancing multiple objectives such as accuracy,
robustness, and inference efficiency.

Existing optimization strategies primarily focus on single-
objective improvements, often neglecting the complex
interplay between representation learning and downstream task
alignment. Moreover, fine-tuning methods such as parameter-
efficient adaptation and low-rank updates, while reducing
training cost, may introduce instability or degrade performance
under distribution shifts [2]. In addition, knowledge distillation
techniques, although effective for compressing models, often
fail to preserve semantic consistency across domains [3].

To address these issues, this paper introduces a unified
optimization framework for LLMs that combines multi-
objective alignment with adaptive knowledge distillation. The
proposed approach explicitly models the relationships among
task objectives, feature distributions, and model efficiency,
enabling a more balanced and robust optimization process. The
framework also incorporates dynamic weighting strategies to
adaptively adjust learning priorities during training, thereby
improving convergence and generalization.

The main contributions of this work are threefold: first, a
novel multi-objective optimization formulation that jointly

considers task loss, alignment loss, and efficiency constraints;
second, an adaptive knowledge distillation mechanism that
preserves semantic consistency across domains; and third, a
scalable training pipeline that integrates these components into
a unified framework. Extensive experiments validate the
effectiveness of the proposed method across multiple
benchmarks.

2. Related Work

Recent advances in large language models (LLMs) have
been primarily driven by transformer-based architectures,
which enable scalable and efficient representation learning
through attention mechanisms. The foundational work by
Vaswani et al. established the Transformer paradigm,
significantly improving sequence modeling capabilities [6].
Subsequent pretrained models such as BERT [7] and
RoBERTa [8] further enhanced contextual understanding
through bidirectional encoding, while unified frameworks like
text-to-text transfer learning expanded cross-task generalization
[9]. Scaling strategies and system-level optimizations have also
been explored to improve inference efficiency and model
scalability in large deployments [10-11]. Beyond standard
supervised  training, alignment techniques such as
reinforcement learning from human feedback and
constitutional Al have been introduced to guide model
behavior toward human-aligned outputs [12-13]. Recent studies
further explore semantic calibration, output-constrained
generation, and reasoning stability to improve reliability in
LLM-based systems [14-16], while iterative self-questioning
and structured reasoning frameworks enhance logical
consistency in complex inference tasks [17-18]. In parallel,
multi-agent LLM systems have emerged as a promising
direction, incorporating trust evaluation, coordination
mechanisms, and knowledge structuring to enable collaborative
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intelligence [19-23], alongside curriculum learning and skill
composition strategies that improve generalization in open-
world scenarios [24-25].

Despite these advances, optimizing LLMs under multiple
objectives remains a significant challenge. Multi-task and
multi-objective learning approaches have been proposed to
balance competing optimization goals, including formulations
based on Pareto optimization and uncertainty-aware weighting
strategies [26-27]. Domain adaptation and transferable
representation learning further address distribution shifts by
leveraging adversarial training and feature alignment
techniques [28-29]. In addition, recent works integrate graph-
based modeling and spatiotemporal learning to capture
structural dependencies in complex systems, including
applications in microservice routing, anomaly detection, and
risk prediction [30-33]. Reinforcement learning has also been
widely applied to system optimization problems such as

resource scheduling, rate limiting, and multi-agent coordination,

enabling adaptive decision-making in dynamic environments
[34-36]. In the financial domain, deep learning methods have
been extensively explored for anomaly detection, fraud
identification, and risk modeling, including federated learning
frameworks, causal representation learning, and uncertainty-
aware decision-making models [37-41]. Furthermore, recent
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research has increasingly focused on integrating large language
models with domain-specific tasks, such as controllable text
abstraction, graph-enhanced text modeling, and LLM-based
financial reasoning systems [42-44]. Efficiency and
deployment challenges have also been addressed through
model compression, pruning, conditional computation, and
memory-efficient attention mechanisms [45-49]. Although
these studies have achieved significant progress across
individual dimensions, existing approaches remain fragmented,
often optimizing performance, alignment, efficiency, or
generalization in isolation. This limitation motivates the
development of a unified optimization framework that jointly
considers multi-objective alignment, adaptive knowledge
distillation, and distribution-aware learning to achieve robust
and efficient LLM optimization.

3. Proposed Framework

The overall architecture of the proposed framework is
illustrated in Figure 1, which integrates task learning,
knowledge distillation, and distribution alignment into a single
pipeline. The framework consists of three main components: a
primary LLM backbone, an auxiliary teacher model for
distillation, and a dynamic weighting module for adaptive
optimization.
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Figure 1. Unified multi-objective optimization framework for large language models

To jointly optimize multiple objectives, we define the
overall loss function as a weighted combination of task loss,
alignment loss, and distillation loss:

Ctotal =actask +Bcalign +VCdisti11

where a, B3, and pare dynamically adjusted coefficients
that control the contribution of each component during training.

The alignment loss is designed to minimize the
discrepancy between feature distributions of different domains.
Specifically, we employ a Maximum Mean Discrepancy
(MMD)-based formulation:
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where ¢ (- ) denotes a feature mapping function, and
X;and y jTepresent samples from source and target domains,
respectively.

To enhance model compression and knowledge transfer,

we introduce an adaptive distillation loss that aligns both logits
and intermediate representations:

Caistin =20 zg =22+ (1= 4) I hg = h,)I?

where Z and 2z, denote the output logits of student and
teacher models, and h,, h, represent intermediate hidden
states.

Figure 2 illustrates how the teacher model guides the
student model through both output-level and representation-
level alignment. The dynamic weighting module continuously
updates a, B, and Y based on training feedback, enabling
adaptive optimization across different stages.
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Figure 2. Adaptive knowledge distillation mechanism for
LLM optimization

Furthermore, the framework incorporates an efficiency-
aware scheduler that adjusts training intensity and model
complexity based on resource constraints. This mechanism
ensures that the optimization process remains scalable and
suitable for real-world deployment scenarios.

4. Experiments and Results

To comprehensively evaluate the effectiveness of the
proposed unified optimization framework for Large Language
Models, we conduct extensive experiments across multiple
benchmark datasets and task settings, including natural
language understanding, text generation, and cross-domain
adaptation scenarios. The implementation is based on a
transformer backbone with comparable parameter scales to
widely used baseline models, ensuring fairness in evaluation.
All models are trained under identical hardware environments
and optimization configurations, and hyperparameters are
carefully tuned to ensure consistent and reliable comparisons.

The evaluation involves both general-domain datasets and
cross-domain benchmarks in order to assess the robustness and

adaptability of the proposed method under distribution shifts.
For general tasks, widely adopted language understanding
benchmarks are used, while for cross-domain scenarios,
datasets are partitioned into source and target domains with
varying statistical discrepancies. During training, the proposed
framework jointly optimizes task loss, alignment loss, and
distillation loss, while the adaptive weighting module
dynamically adjusts their contributions to balance
representation learning and task-specific optimization.

The quantitative comparison is summarized in Table 1,
where the proposed method demonstrates clear advantages over
baseline approaches. Specifically, the accuracy improves to
91.2%, outperforming both the baseline LLM and standard
fine-tuning methods. At the same time, the training time is
significantly reduced, indicating that the integration of
knowledge distillation and adaptive optimization leads to more
efficient learning. The reduction in MMD further confirms that
the alignment mechanism effectively minimizes distribution
discrepancies  between  domains, thereby improving
generalization performance. Additionally, the H-Score shows a
consistent improvement, reflecting a better balance between
accuracy and robustness.
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Figure 3. Training convergence and performance
comparison between baseline and proposed methods

To further analyze the optimization process, the
convergence behavior is illustrated in Figure 3. It can be
observed that the proposed framework converges faster than
baseline methods, particularly in the early training stages. This
improvement is mainly attributed to the distillation component,
which provides additional supervisory signals and guides the
model toward more informative representations. Compared to
conventional single-objective training, the proposed approach
exhibits smoother convergence curves and reduced oscillation,
indicating enhanced training stability.

Table 1: Performance comparison across different models
Model Accura | Training | MMD H-
cy (%) | Time (h) 1 Score 1
Baseline LLM 88.2 12.5 0.132 0.781
Fine-tuned LLM 89.6 11.2 0.118 0.802




Distillation Model 90.3 9.6 0.11 0.827

Proposed Framework 91.2 8.2 0.089 0.854

Another important observation is the effectiveness of the
dynamic weighting mechanism. In the early phase of training,
the model prioritizes alignment and distillation losses, which
helps reduce domain discrepancies and accelerate
representation learning. As training progresses, the weight
gradually shifts toward the task loss, allowing the model to
refine task-specific performance. This adaptive adjustment
mitigates the issue of conflicting optimization objectives and
leads to more efficient convergence compared to fixed-weight
strategies.

To further validate the contributions of different
components, ablation experiments are conducted and the
results are consistent with the trends shown in Table 1 and
Figure 3. When the alignment loss is removed, the model
exhibits higher domain discrepancy and reduced cross-domain
accuracy, indicating that distribution alignment plays a crucial
role in generalization. Similarly, removing the distillation
component results in slower convergence and lower final
performance, demonstrating its importance in knowledge
transfer and training acceleration. Furthermore, replacing the
adaptive weighting mechanism with static coefficients leads to
unstable training behavior and suboptimal results.

In cross-domain evaluation, the proposed framework
maintains  strong performance even under significant
distribution shifts, whereas conventional fine-tuning methods
suffer from noticeable degradation. This robustness can be
attributed to the joint optimization of alignment and distillation
objectives, which enables the model to learn domain-invariant
and transferable representations. Such capability is essential for
real-world applications where data distributions are often non-
stationary.

Finally, the proposed framework achieves a favorable
trade-off between performance and efficiency, as reflected in
both Table 1 and Figure 3. By integrating knowledge
distillation and adaptive scheduling, the model not only
improves accuracy but also reduces computational overhead,
making it suitable for deployment in resource-constrained
environments. The overall results demonstrate that the
proposed method effectively addresses key challenges in LLM
optimization, including multi-objective learning, domain
adaptation, and training efficiency, while maintaining strong
empirical performance.

5. Conclusion

This paper presents a unified optimization framework for
Large Language Models that integrates multi-objective
learning, adaptive knowledge distillation, and distribution
alignment. By jointly optimizing task performance, feature
consistency, and efficiency, the proposed method addresses
key limitations of existing approaches. Experimental results
demonstrate  significant improvements in  accuracy,
convergence speed, and robustness across diverse benchmarks.

Future work will explore the extension of this framework to
multimodal models and real-time deployment scenarios.
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