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Abstract

Large language models (LLMs) have become central to a wide range of applications,
but their ability to adapt to ever-evolving environments, including changing tasks,
data, and user needs, remains a significant challenge. Knowledge adaptation in LLMs
is crucial for maintaining their effectiveness in dynamic settings where continuous
learning and knowledge updates are essential. Traditional methods, such as multi-task
learning, attempt to integrate new knowledge with previously learned information
by jointly training on both new and historical datasets. While these strategies can
balance the integration of new and historical knowledge, they are computationally

expensive, memory-intensive, and often inefficient.

This limitation constrains the adaptability of models in real-world, continually chang-
ing scenarios. In such settings, models must continuously acquire new knowledge
while retaining previously learned information to maintain stability and performance.
Moreover, it is crucial for models to update outdated knowledge to ensure consistency
and reliability. To address these demands, this thesis examines strategies for optimiz-
ing knowledge adaptation in continual learning (CL) and model editing, with a focus

on improving efficiency, reliability, and practical applicability.

Continual learning (CL) enables models to acquire new knowledge from a sequence
of tasks while retaining previously learned information, addressing the challenge of
catastrophic forgetting. We first propose Knowledge Identification and Fusion (KIF),

which localizes the importance of model parameters for different tasks and consoli-



dates both task-specific and task-shared knowledge by leveraging a model merging
mechanism. We then introduce Recurrent KIF, which dynamically estimates param-
eter importance and iteratively integrates knowledge, overcoming the limitations of
static importance estimation in earlier approaches. Finally, we propose Adaptive
Iterative Model Merging (AIMMerging), which determines the optimal timing for
model merging by leveraging learning and forgetting signals extracted from the train-
ing trajectory. Together, these progressive methods advance the continual learning
field, providing scalable and effective solutions for continuous knowledge adaptation

in large language models.

Model editing focuses on updating outdated or incorrect facts encoded in LLMs,
ensuring that the new knowledge is incorporated without disrupting unrelated in-
formation. To address this, we propose a geometric knowledge editing method that
distinguishes neurons associated with new knowledge updates from those linked to
general knowledge perturbations by analyzing the geometric relationships of parame-
ter changes induced by fine-tuning. By masking updates to general-knowledge-related
neurons, we prevent negative impacts on generalization ability, while optimizing up-
dates to new-knowledge-related neurons, thereby improving the precision, stability,

and effectiveness of model editing.

To demonstrate the practical impact of our approaches, we evaluate them on dialogue
state tracking (DST), a core task in task-oriented dialogue systems. The proposed
continual learning techniques enhance the robustness and adaptability of LLM-driven
DST models in cross-domain and evolving-task scenarios, highlighting the real-world

value of knowledge adaptation.

In summary, this thesis develops and evaluates a set of methodologies for knowl-
edge adaptation in large language models under practical constraints. By addressing
key challenges such as catastrophic forgetting, efficient knowledge integration, and
reliable model updates, the proposed approaches strengthen the robustness and ap-

plicability of LLMs in dynamic environments. These methods—spanning continual

i



learning techniques that mitigate forgetting and editing strategies that ensure precise
and consistent updates—offer targeted solutions to common limitations in real-world
adaptation. Extensive experiments validate their effectiveness, showing consistent
improvements in stability, generalization, and adaptability. Beyond empirical results,
this thesis provides methodological insights that can guide future research and practi-
cal deployment of scalable and reliable LLM adaptation. Related contributions have
been published or submitted to top NLP conferences.
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Chapter 1

Introduction

IMlustration of Knowledge Adaptation. Large language models (LLMs) have
demonstrated remarkable capabilities across a wide range of natural language pro-
cessing (NLP) tasks, from text generation and reasoning to dialogue understanding
and knowledge-intensive applications [77, 20, 54, 168, [§]. Central to their success is
the vast amount of knowledge encoded during large-scale pretraining. However, as
real-world environments evolve, new information emerges, outdated knowledge must
be corrected, and task requirements continually shift. This necessitates knowledge
adaptation—the process by which LLMs acquire, update, and refine knowledge to
remain effective in dynamic contexts. Unlike static pretraining, knowledge adapta-
tion emphasizes continual refinement, enabling models to remain aligned with current

data distributions and user needs [17, 123] 157].

Importance of Knowledge Adaptation. Knowledge adaptation [I69] is critical
for ensuring the long-term usability and reliability of LLMs. In practice, users expect
models to seamlessly incorporate novel knowledge while preserving prior competen-
cies, ensuring both stability and adaptability. Without effective adaptation, models
risk catastrophic forgetting, inconsistencies in predictions, or the perpetuation of out-

dated knowledge. Moreover, the ability to adapt efficiently is increasingly important
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given the rising costs of large-scale retraining. As such, knowledge adaptation forms
a foundational requirement for deploying LLMs in real-world, continually evolving

environments [164] [137].

Applications of Knowledge Adaptation. The importance of knowledge adapta-
tion is reflected in numerous applications. In dialogue systems, models must incorpo-
rate emerging intents and domain-specific terminology while retaining general conver-
sational abilities [49, [I87]. In knowledge-intensive tasks such as question answering
and fact verification, LLMs must stay consistent with up-to-date world knowledge
while avoiding factual conflicts [99]. Similarly, in task-oriented dialogue systems,
continual adaptation ensures robustness across domains and evolving task configura-
tions [47]. Beyond NLP, adaptation is crucial in broader Al systems where long-term
interaction with dynamic environments requires ongoing learning, efficient updating,

and reliable knowledge retention [14].

Challenges in Knowledge Adaptation. Despite its necessity, knowledge adapta-

tion in large language models faces three major challenges:

(1) Catastrophic Forgetting. When adapting to new tasks or data, LLMs often
overwrite previously acquired knowledge, leading to severe performance degradation
on earlier tasks. This phenomenon, known as catastrophic forgetting [95], undermines
the reliability of models in dynamic environments. Continual Learning (CL) seeks
to mitigate this issue by enabling sequential acquisition of knowledge while retaining
past competencies, but effective solutions must balance stability and plasticity across

evolving tasks.

(2) Precision of Knowledge Updates. In many scenarios, adaptation requires
modifying specific facts or correcting outdated knowledge without altering unrelated
capabilities [40]. However, parameter updates in LLMs can propagate broadly, unin-
tentionally distorting general reasoning or unrelated facts. This makes reliable and

fine-grained model editing particularly challenging. Ensuring precision requires dis-



tinguishing between neurons or parameters associated with the new knowledge and

those tied to general knowledge, while minimizing unintended side effects.

(3) Scalability and Efficiency. Given the size of modern LLMs, adaptation meth-
ods must remain computationally and memory efficient [127, [72]. Full-model retrain-
ing or multi-task learning is often impractical due to resource demands. Similarly,
repeated fine-tuning can be prohibitively expensive in real-world applications where
knowledge evolves rapidly. This highlights the need for scalable approaches—such as
parameter-efficient continual learning or lightweight editing—that preserve effective-

ness while reducing computational burden.

Motivation and Thesis Scope. While large language models have demonstrated
remarkable capabilities, their practical deployment is still constrained by challenges
in retaining prior knowledge, ensuring reliable updates, and scaling adap-
tation efficiently. These challenges highlight the need for methodologies that can
support dynamic, fine-grained, and resource-aware adaptation. This thesis addresses
these needs by developing and evaluating novel approaches in continual learn-
ing—to mitigate catastrophic forgetting and enable sequential knowledge acquisi-
tion—and model editing—to achieve precise and reliable updates of specific knowl-
edge without harming general capabilities. Beyond methodological contributions, we
investigate their applications in dialogue state tracking (DST), a representative task
in task-oriented dialogue systems, to demonstrate practical effectiveness. Overall,
this work aims to advance both the theoretical foundations and the applied value
of knowledge adaptation in large language models, contributing toward more robust,

efficient, and generalizable Al systems.



Chapter 1. Introduction

1.1 Continual Learning

Continual Learning (CL) has emerged as a key paradigm within knowledge
adaptation, particularly in scenarios where models must operate under
dynamic and evolving conditions. Unlike conventional approaches that assume
static data distributions or fixed task boundaries, CL enables models to acquire new
knowledge sequentially while retaining previously learned information [77, 20} 54].
This property makes CL especially relevant for large language models (LLMs), which
are increasingly deployed in real-world settings where domains, tasks, and user de-

mands change continuously.

The most critical obstacle in CL is catastrophic forgetting [95], where the
acquisition of new tasks severely degrades performance on previously learned ones.
The root cause lies in the sequential nature of training: as models are optimized for
new objectives, their parameters may drift away from configurations that encoded
earlier knowledge. Existing solutions to this issue fall into three main categories: (1)
Replay-based methods, which store and rehearse samples or representations from past
tasks[168, [§]; (2) Regularization-based methods, which constrain parameter updates
to preserve important weights from earlier tasks [12, 148 [114]; (3) Architecture-
based methods, which allocate new parameters or modules for each task to avoid
interference [116], [188] [132]. While these strategies provide partial relief, they often

require trade-offs between memory efficiency, adaptability, and scalability.

To address these limitations, this thesis proposes a line of research advancing continual

learning in LLMs:

Knowledge Identification and Fusion (KIF): This framework identifies task-
specific and task-shared parameters, and integrates them through a model merging

mechanism, thereby improving knowledge consolidation across tasks.

Recurrent KIF': Building upon KIF, this method dynamically re-estimates parame-
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ter importance and iteratively fuses knowledge, mitigating the shortcomings of static

importance estimation.

Adaptive Iterative Model Merging (AIMMerging): This approach further
enhances flexibility by determining the optimal timing for model merging through

monitoring learning and forgetting signals extracted from the training trajectory.

Together, these methods form a coherent set of solutions that significantly improve
the robustness and adaptability of LLMs under continual learning. By reducing catas-
trophic forgetting, enabling dynamic integration, and scaling efficiently across tasks,
our work provides a principled foundation for continual knowledge adaptation in

large-scale models.

1.2 Model Editing

Model editing is an essential component of knowledge adaptation in large
language models (LLMs). Unlike continual learning, which focuses on sequentially
acquiring new knowledge across tasks, model editing aims to directly and efficiently
update specific knowledge—such as facts, relations, or domain-specific rules—while
leaving unrelated knowledge intact [97, 21]. This capability is especially valuable in
real-world scenarios where models must quickly adapt to evolving facts (e.g., changes

in world events or domain regulations) without retraining on large datasets.

Despite its potential, model editing presents several key challenges: (1)
Precision. Updates must target specific pieces of knowledge without unintentionally
modifying unrelated facts. Failure to achieve this can compromise the reliability of
the model’s outputs. (2) Consistency. Newly edited knowledge must remain coherent
across diverse contexts, ensuring that updates generalize beyond the exact prompt
used for editing. (3) Stability. Edits should not degrade the model’s generalization

ability or cause performance regressions in unrelated tasks.
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Prior work has proposed multiple strategies to address these challenges.
Retraining- or fine-tuning-based methods apply targeted updates using small datasets,
but risk overfitting and require high computational cost [180, 136}, [80]. Memory-based
approaches store external knowledge bases and dynamically retrieve updates, but of-
ten struggle with integration and scalability [I00]. Locate-then-edit-based methods,
such as MEMIT [96], identify neurons or subspaces associated with specific knowl-
edge and apply targeted modifications. While promising, these approaches still face
difficulties in distinguishing new-knowledge updates from general-knowledge pertur-

bations, limiting their precision and stability.

To overcome these limitations, this thesis introduces a geometric knowledge edit-
ing (GeoEdit) framework. The key idea is to analyze the geometric relationships of
parameter updates induced by fine-tuning, thereby separating: General-knowledge-
related neurons, which contribute broadly to the model’s generalization; New-knowledge-
related neurons, which encode specific factual updates. By masking updates to the
former while optimizing updates for the latter, our approach ensures that editing
enhances the accuracy of new knowledge while minimizing interference with existing

knowledge. This leads to more reliable and precise model adaptation.

In summary, model editing complements continual learning by providing a fine-
grained mechanism for updating specific knowledge in LLMs. Whereas CL addresses
long-term adaptation across evolving tasks, model editing enables rapid and localized
updates, ensuring that LLMs remain both up-to-date and reliable. Together, these
two paradigms form a comprehensive strategy for robust knowledge adaptation in

dynamic environments.
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1.3 Dialogue State Tracking

Dialogue State Tracking (DST) is a fundamental component of task-oriented
dialogue systems (ToDS), responsible for accurately tracking the user’s goals, in-
tents, and preferences throughout multi-turn interactions [39, 26]. By maintaining
a structured representation of the dialogue state, DST enables dialogue systems to
generate contextually relevant responses and perform task-specific actions such as
booking or recommendation. With the growing demand for intelligent assistants that
operate across multiple domains (e.g., travel, healthcare, finance), robust and adapt-

able DST has become a critical research focus.

Despite significant progress, DST continues to face several challenges: (1)
Multi-domain adaptation and generalization. Real-world systems must generalize
across diverse domains with heterogeneous slot-value spaces. A plethora of models
have been proposed to address these challenges [23, [7], but effective adaptation across
domains remains difficult. (2) Co-reference resolution. Users frequently employ pro-
nouns or implicit references to previously mentioned entities. This co-reference issue
complicates the model’s ability to maintain accurate states [126]. (3) Error propa-
gation. Errors in earlier turns may accumulate and propagate through subsequent
turns, degrading the overall dialogue quality [183] [162]. These challenges collectively

hinder the reliability and scalability of DST in real-world conversational agents.

Existing approaches have explored a range of strategies to address these
issues: Schema-guided methods explicitly leverage domain ontologies to improve gen-
eralization by aligning dialogue states with predefined structures [49, 105, [184) 25].
Contextual modeling approaches enhance DST performance by handling co-reference
and long-range dependencies with advanced attention mechanisms or memory archi-
tectures [36], [161), 87, 151]. While effective, these approaches often require substantial
labeled data, struggle to handle evolving domains, and remain vulnerable to cumula-

tive errors.
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Building on our research in knowledge adaptation, this thesis makes the following con-
tributions to dialogue state tracking (DST): (1) LLM-driven DST. We first explore
the use of large language models (LLMs) as the backbone for DST, demonstrating
their strong capability and adaptability across different experimental settings. (2)
Continual DST. To address the challenges of domain shifts and evolving tasks in
dialogue systems, we propose two continual learning frameworks: Reason-of-Select
(RoS), which enhances the model’s ability to identify and retain task-relevant knowl-
edge while reducing interference from irrelevant information. Task Skill Localiza-
tion and Consolidation (TaSL), which further localizes task-specific skills within the
model and consolidates them via a model merging mechanism, thereby mitigating
catastrophic forgetting and supporting stable continual adaptation. Together, these
contributions illustrate how knowledge adaptation techniques can be applied to DST,
improving robustness, adaptability, and scalability in dynamic conversational envi-

ronments.

In summary, DST serves as a representative and practical application of knowledge
adaptation. By integrating different continual learning techniques, we demonstrate
how LLM-based DST models can achieve improved robustness, adaptability, and
reliability in complex, evolving dialogue environments. This case study validates the
practical utility of knowledge adaptation, bridging methodological innovations with

real-world applications.

1.4 Contributions

This thesis investigates knowledge adaptation in large language models (LLMs)
from two complementary perspectives: continual task-level adaptation and precise
knowledge-level updating. Rather than treating these as isolated problems, this work
develops a progressively evolving methodological framework that enables LLMs to

adapt at different granularities while maintaining stability and reliability.



1.4. Contributions

Contribution 1: A Progressive Framework for Continual Knowledge Adap-

tation.

A central challenge in continual learning (CL) is catastrophic forgetting, where ac-
quiring new knowledge leads to degradation of previously learned capabilities. To
systematically address this issue, this thesis proposes a sequence of increasingly re-

fined methods:

o Knowledge Identification and Fusion (KIF) introduces importance-aware pa-
rameter fusion by identifying task-specific and task-shared knowledge, enabling

selective retention during model updates.

e Recurrent KIF' extends this idea by dynamically re-estimating parameter impor-
tance across training stages, allowing the model to adaptively adjust to evolving

task distributions.

o Adaptive Iterative Model Merging (AIMMerging) further advances the frame-
work by incorporating learning and forgetting signals to determine merging
timing, thereby aligning adaptation with the model’s internal learning dynam-

ics.

These methods form a coherent progression: from static importance estimation, to
dynamic re-estimation, and finally to signal-driven adaptive merging. Together, they

establish a robust framework for continual knowledge adaptation in LLMs.

Contribution 2: Geometric Knowledge Editing for Fine-Grained and Re-

liable Updates.

While continual learning operates at the task level, many real-world applications
require fine-grained factual updates without disturbing unrelated knowledge. To ad-

dress this complementary challenge, this thesis proposes GeoFEdit, a geometric knowl-
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edge editing framework that analyzes the structure of fine-tuning trajectories in pa-

rameter space.

By distinguishing neurons associated with new knowledge from those responsible for
general representations, GeoEdit selectively masks general-knowledge-related neurons
and optimizes updates on new-knowledge-related ones. This neuron-level geometric
perspective enables more precise and consistent updates, reducing unintended side

effects and improving editing reliability.

Importantly, this contribution extends the adaptation principle from task-level pa-
rameter fusion to neuron-level geometric modulation, thereby bridging coarse-grained

continual learning and fine-grained knowledge editing.

Contribution 3: Practical Validation through Continual Dialogue State
Tracking (DST).

To demonstrate the practical utility of the proposed knowledge adaptation framework,
this thesis applies the developed methodologies to dialogue state tracking (DST),
a challenging setting characterized by domain heterogeneity, evolving user require-

ments, and error propagation.

Building on the continual adaptation principles developed in earlier chapters, we de-
sign the Reason-of-Select (RoS) framework for continual DST. This system improves
cross-domain generalization, mitigates forgetting in evolving-task scenarios, and val-

idates the effectiveness of knowledge adaptation techniques in real-world systems.

Together, these contributions advance knowledge adaptation in LLMs across multiple
granularities—ranging from task-level continual learning to neuron-level knowledge
editing—and demonstrate their applicability in dynamic real-world scenarios. By
establishing both theoretical foundations and practical validation, this thesis provides

a unified perspective on how LLMs can adapt reliably and evolve continuously.
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Chapter 2

Background and Related Works

In this chapter, we provide a comprehensive overview of the foundational concepts
and prior research relevant to knowledge adaptation in large language models (LLMs).
We first introduce the notion of knowledge adaptation and its importance in enabling
models to remain effective in dynamic and evolving environments. Next, we review
continual learning, discussing its role in mitigating catastrophic forgetting and sup-
porting incremental knowledge acquisition. We then examine model editing, which
focuses on precise and reliable updates to existing knowledge while preserving unre-
lated information. Finally, we provide background on dialogue state tracking (DST),
a core application domain that highlights the practical value of knowledge adaptation
techniques. Through this chapter, we aim to establish a solid conceptual foundation

for the methods and contributions presented in subsequent chapters.

2.1 Knowledge Adaptation

Knowledge adaptation [169] aims to transfer knowledge from a source domain to a
target domain and generalizes the concept of knowledge transfer to dynamic and

evolving environments, particularly in large language models (LLMs). Rather than

11
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solely leveraging information from a static source task to improve a target task,
knowledge adaptation emphasizes the continuous integration of new knowledge while
maintaining consistency with previously acquired information. Before formally defin-
ing knowledge adaptation, we first introduce the concepts of Domain and Task, which

provide the foundation for describing knowledge in machine learning models.
Definition 2.1 (Domain). A domain D is defined as a pair:
D - {x, P(X)}, (2.1)

where:

o X is the feature space, representing all possible input instances (e.g., text, vec-

tors, images).

o P(X) is the probability distribution over the feature space X, and X = {z; €
X}, denotes a set of input samples. A domain characterizes the environment

or source from which data is drawn.
Definition 2.2 (Task). A task T is defined as a tuple:
T =AY, PY[|X), f()}, (2.2)
where:
o YV is the label space, representing all possible outputs or target values.

o P(Y|X) is the conditional distribution mapping inputs to outputs.

o [:X — Y is the predictive function, learned from labeled data {(x;,y;)} ;.

In summary, a domain D specifies the type of data (through the feature space X)
and its underlying statistical properties (captured by P(X)) relevant to a machine
learning problem. A task 7 defines both the objective to be predicted (through the

12
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label space )) and the predictive function f(-) that maps inputs from X to outputs
in ), based on the associated domain D. Importantly, a task is not merely a set of

labels or examples—it represents the function f(-) that the model seeks to learn.

Building on these definitions, knowledge adaptation extends the concept of knowl-
edge transfer by enabling models to continuously incorporate new information from
evolving domains while maintaining consistency with previously acquired knowledge.

Formally, we define knowledge adaptation as follows.

Definition 2.3 (Knowledge Adaptation [169]). Given a source domain Dg with task
Ts = {Vs, [s(-)} and a target domain Dy with task Tr = {Vr, fr(-)}, knowledge
adaptation aims to improve the predictive function fr(-) by leveraging prior knowl-
edge K = {Dgs, Ts, fs(:)}, while continuously integrating new knowledge and updating
outdated information. Formally, the objective is to minimize the expected loss on the

target task:

H};n Eeryr)~pPr(xr,Yr) {‘C (fT(iET), yT)] ’ (23)

subject to the constraint that new updates do not degrade previously learned capabili-
ties. Where L denotes the loss function associated with the task Tr, and Pr(Xr,Yr)

represents the joint distribution of the input-output pairs in the target domain.

Knowledge adaptation extends traditional transfer learning by explicitly consider-
ing dynamic environments and continual updates. In practice, LLMs must balance
three key aspects: retention of previously acquired knowledge, integration of new
knowledge from evolving data or tasks, and consistency to ensure updates do not
introduce conflicts or reduce generalization ability. This thesis builds upon existing
approaches—including continual learning and model editing—to develop a unified

framework for scalable, robust, and efficient knowledge adaptation in LLMs.

13
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2.2 Continual Learning

Continual learning (CL) [I57] focuses on developing algorithms that accumulate

knowledge from non-stationary data. The formal definition is as follows:

Definition 2.4 (Continual Learning). Continual learning aims to progressively ac-
cumulate knowledge from a sequence of tasks {Ti,...,Tx}. Each task Ty includes a

N,
distinct dataset Dy = {(xf,yf)} jl of size Ny, where x¥ € Xy, and y¥ € Y.

i=
The model, parameterized by ©, is trained sequentially on these tasks to minimize the

following objective:

L=E, < v, [ logpely | )] (2.4)

Memory-free scenario: The model cannot access historical data during training.
Each task T; is observed only once, and the model must retain knowledge from previous

tasks while learning from the current task.

Memory-replay scenario: A practical approach where a small subset of data from
previous tasks is stored in a memory buffer to facilitate continual learning. Specifi-
cally, | M| samples from each previous task T; are randomly stored in memory M,.
During training on the current task Ty, the model is optimized jointly on the new task

data Dk and the memory buffer M< k.

A continual learning algorithm must mitigate catastrophic forgetting of previous tasks

while facilitating effective knowledge transfer across tasks.

Conventional continual learning methods can be categorized into three main
types: (i) Regularization-based methods impose explicit constraints to preserve the
knowledge of previous tasks by penalizing the variation of each parameter based on
its contribution to past tasks [57, 68], such as in the EWC [61] method. However,
these methods typically restrict the learning of task-shared knowledge by only consid-

ering parameter importance from the perspective of past tasks. This limitation often

14
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leads to a suboptimal balance between retaining previous knowledge and excelling
at new tasks, as it does not account for the relevance of parameters to both past
and current tasks. (ii) Rehearsal-based methods mitigate catastrophic forgetting by
either storing old training samples [141], [102] or training generative models to provide
pseudo-samples of previous tasks [48, [75], enabling data replay during the learning
of new tasks. (iii) Architecture-based methods aim to prevent task interference by
dynamically expanding model capacity or assigning dedicated parameter subspaces
to each task [I14] [152]. While effective at minimizing forgetting, these methods often
hinder knowledge transfer (KT) between tasks.

Continual Learning for LLMs: In the era of LLMs, model mixture-based meth-
ods that employ parameter-efficient fine-tuning (PEFT) have become the dominant
approach [48| 117, [182], typically falling into two categories: model ensemble and

model merging techniques.

Model ensemble methods allocate independent PEFT blocks to each task, effectively
isolating task-specific parameters |26, 102, 60, 116], 69, 38, 129]. For instance, O-
LoRA [138] enforces orthogonality among LoRA adapters, while SAPT [179] uses
a selection module to combine task-specific blocks via task correlations. Though
effective for knowledge preservation, they hinder inter-task transfer and scale poorly

due to growing memory overhead [171].

In contrast, model merging techniques combine multiple models into a single uni-
fied model [13, 2, 112], addressing memory constraints. For example, global model
merging approaches [146], [62] perform a weighted fusion of models before and after
training, often assuming that all model parameters contribute equally to each task.
Fine-grained approaches like Feng et al. [27] leverage parameter importance masks to
enable neuron- or matrix-level fusion. Recently, Feng et al. [29] introduced a multi-
round merging paradigm for CL, demonstrating that integrating merges during model

iterations can significantly enhance model performance.
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2.3 Model Editing

Model editing, also referred to as knowledge updating, involves modifying the be-
havior of an initial target model on specific edit examples without compromising its
performance on unrelated examples. Given an initial model f, and a set of input-
output knowledge pairs Dy = {(z1,41), (z2,¥2),- .., (Tk, yx)}, the task is to update
the model parameters to obtain a new model fy, and a corresponding set of new
input-output pairs Dye, = {(21,y7V), (22, ¥5Y), . . ., (zk, yp¥) }, where k denotes the
number of knowledge pairs to be updated. To illustrate this process, consider an
edit example (z;,y*") with the edit label y*" #£ fy(x;), the post-edit model fy,
should generate the expected output such that fy (z.) = y.. The objective of the

post-edit model fy, is to meet three essential properties: reliability, generality, and

locality [128].

Definition 2.5 (Reliability). Reliability measures the accuracy of the updated model
on the new knowledge. Specifically, the output for “Who is the President of the US?”
should be updated from “Joe Biden” to “Donald Trump.” This can be formalized as

follows:

Eﬁevye’\‘Dnew:ﬂ‘ {a’rgma’xyfae (y‘xe) = ye} : (25>

Definition 2.6 (Generality). Generality means that the new model fp, should also
update rephrased in-scope examples I(x.,y.). Such as the answer to “Who holds the
position of the President of the US?” should also be changed from “Joe Biden” to
“Donald Trump” This is evaluated by the average accuracy of fo« on examples from

the equivalence neighborhood, as expressed by:

Exévyé"’[($eyye):n‘ {argmaxyfee (y|xf€) = y;} . (26)

Definition 2.7 (Locality). A good edit should modify relevant knowledge without
affecting other irrelevant out-of-scope examples O(x.,y.). For example, the question,

“Who said: this is a battle for the soul of the nation?” should remain unchanged as
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“Joe Biden”. Locality (or specificity) is defined as:

By gt 0w 1 { argmaz, fo, (y12)) = fa(yl2l)}. (2.7)

Existing model editing methods can be classified as follows:

(1) Fine-tuning is an intuitive and straightforward way to update the model’s knowl-
edge 26,133, [181]. Recent parameter-efficient fine-tuning methods like Prefix-Tuning [73]
and LoRA [45] have made fine-tuning more suitable for knowledge editing. Ni et al.
[T00] proposes the “Forgetting before Learning” (F-Learning) paradigm, which em-
ploys parametric arithmetic to facilitate the forgetting of old knowledge and the learn-
ing of new knowledge. However, this often leads to unintended changes in unrelated

knowledge, negatively affecting generalization [128], 35].

(2) Meta-learning (“learning to learn”) methods use a hypernetwork to generate task-
specific updates, allowing LLMs to quickly adapt to new data without retraining from

scratch 15, 117, 133].

(3) Locate-and-edit methods usually locate influential parameters and then edit them
by introducing a perturbation [I70] 56] 155]. Classic methods like ROME [96] and
MEMIT [97] use causal reasoning to identify key neuron activations and adjust specific
weights. More recent approaches, such as AlphaEdit [2I], improve the method by

projecting perturbations onto the null space of preserved knowledge.

2.4 Dialogue State Tracking

In task-oriented dialogue systems, a dialogue with 7" turns of conversations between
the system and the user can be represented as {(Ai,U;), (A2, Us) ..., (Ap,Ur)},
where A represents system response and U represents user input. A predefined
slot set & = {S1,...,5;} is given, where J is the total number of slots. The di-

alogue context at turn t includes previous turns of interactions, denoted as X; =

17



Chapter 2. Background and Related Works

{(A1,U1), (A2, Us) ..., (A, Up)}. The dialogue state at turn ¢ is represented as a set
of (slot, value) pairs, denoted as B; = {(S1,V{),...,(S;,V})}, where V! is the value
of slot S;. For multi-domain DST, following previous works [66], a slot is defined
as the concatenation of the specific domain and the slot, e.g., “restaurant-area” If
no information is provided in the dialogue about a specific slot, the value associated
with that slot is set to “NONE”. Essentially, the DST problem is defined as learning
a dialogue state tracker F : &; — B;.

In continual DST, we aim to train a model f : X x T — )Y across a sequence of
dialogue domains 7y, ..., Tx. Each dialogue domain has its dataset Dy for 7. This
model predicts the target y based on input x and task 7, € 7. The notation f, refers
to the model after training on task 7, while fk denotes the model after averaging for
fk,l and fr. Within a given task 7, a dialogue with M turns of interaction between
the system and the user is denoted as Xy = {(A1,U1), (As, Us) ..., (Ap, Unr) }, where

A and U represent the system’s response and the user’s input, respectively.

Multi-Domain Dialogue State Tracking Recent studies in multi-domain DST
have extensively utilized the pre-trained language models to achieve high-performance
results [108], 167, 119, 24, 140, BI]. For example, Xie et al. [I50] proposed a multi-
stage correctable dialogue state tracking method to mitigate the error propagation
phenomenon, while Wang and Xin [126] proposed a jointly decision making and a
dialogue update technique to prevent error accumulation. In addition, Wang et al.
[135] and Manotumruksa et al. [92] solve the challenge of co-referencing by learning
correlations between slots, for example, by using a combination of slot prompts or

hard copy mechanism.

LLMs for Dialogue State Tracking While large language models such as GPT-
3 [6] and T5 [I06] have gained significant popularity, the efficient utilization of
these models remains a significant challenge. Recent advancements in parameter-
efficient fine-tuning (PEFT) techniques have effectively alleviated this problem, such
as LoRAJ45] and Prefix Tuning[82]. For instance, both Lee et al. [65] and Yang et al.
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[163] proposed a prompt-tuning method that leverages domain-specific prompts and
context information to improve the performance of DST task. Meanwhile, Ma et al.
[87] and Chen et al. [I0] introduced the prefix tuning approach, which involves mod-
ifying the input prompt by adding specific tokens at the beginning of the dialogue,

aiming to enhance the efficiency of model fine-tuning.

Recently, Heck et al. [39] exclusively tested ChatGPT’s performance on the Multi-
woz 2.1 dataset. With the emergence of open-source large language models, such as
LLaMa [122], it provides a series of higher-quality backbone models with different
parameters. Leveraging LLaMa and the technique of instruction tuning has proven

to achieve better results [I121], opening new avenues for our research.

Continual Dialogue State Tracking In the realm of Continual DST, pioneering
efforts by Madotto et al. [90] and Liu et al. [81] have leveraged these CL strategies to
set benchmark performance using PLMs. The DST-EGQA approach by Cho et al.
[14] reformulates the DST task to an example-guided question-answering task, aiming
to align distribution shifts across different domains to mitigate forgetting. However,
these methods overlook DST task correlations that could enhance knowledge trans-
fer. The recent Continual Prompt Tuning (CPT) method by Zhu et al. [I87] attempts
knowledge transfer via domain-specific soft prompts but depends on inefficient mem-
ory replay and extensive retraining. This dataset-driven approach is inefficient and

lacks robustness.

2.5 Low-Rank Adaptation

Low-Rank Adaptation (LoRA) [45] is a parameter-efficient fine-tuning method to
adapt LLMs to novel tasks. It operates under the assumption that parameter changes
during full fine-tuning on a downstream task reside within a low-rank space. This

approach allows for not having to fine-tune the entire model, thus significantly im-
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proving computational efficiency and resource utilization. Inspired by the low-rank
internal dimensionality [I], LoRA hypothesizes the updates to the weights also has a
low “intrinsic rank” during adaptation. For instance, consider a pre-trained weight
matrix W© € RO that takes 2 as input, LoRA modifies the output h of W

with a low-rank decomposition:
h=WO% + AWz = WOz + BAx, (2.8)

while B € R“*" A € R™™ and the rank r < min(in,out). A is initialized from
a random Gaussian distribution and B is initialized with all zeros. During training,
W© remains fixed, and only BA is updated. Due to its effectiveness, LoRA has
emerged as one of the most favored PEFT methods within the NLP community
[104].
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Language Model Continual

Learning

3.1 Introduction

Why CL for LLMs. Continual learning (CL) is vital for the effective deployment
of large language models (LLMs) in evolving environments, allowing them to sequen-
tially acquire new knowledge and circumventing the necessity of costly retraining
[77, 20, 54, 168, [§]. CL is particularly critical for LLMs in dynamic environments

such as dialogue systems, personalized assistants, and domain-specific applications.

Challenges. The core challenge in CL lies in effectively balancing the retention of
previously learned knowledge (mitigating catastrophic forgetting, CF [95]) with the
acquisition of new knowledge (facilitating knowledge transfer, KT [59]). Successfully

managing this inherent trade-off is vital for practical deployment.

Current Research. Existing approaches span replay-based methods, regularization
on important parameters, and parameter-isolation/expansion techniques. While re-

play can curb forgetting, it raises storage/privacy concerns and scales poorly with
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task count. Regularization methods depend on accurate importance estimates that
are typically computed once and then fixed, limiting adaptability in long task se-
quences. Isolation/expansion improves stability but restricts cross-task sharing and
inflates model size. Recently, model-merging ideas have emerged, but most adopt
fized merging schedules or global heuristics, lacking mechanisms to adapt when and

how to merge as learning progresses.

Our Solution. We introduce a suite of model-merging based CL methods tailored
for LLMs that (i) localize where knowledge resides, (ii) update importance estimates
recurrently as tasks arrive, and (iii) adaptively determine when to merge using learn-

ing /forgetting signals:

Knowledge Identification and Fusion (KIF). We localize the importance of
model parameters for each task and explicitly separate task-specific and task-shared
components. KIF then consolidates knowledge via a targeted model merging mecha-
nism, preserving shared competence while reducing interference among task-specific
parameters. This yields stronger retention and more principled cross-task integration

than naive fine-tuning or static merges.

Experiments show that KIF significantly mitigates forgetting compared to fine-tuning
and EWC-like methods, while maintaining competitive adaptability across diverse CL

benchmarks.

Recurrent KIF. To overcome the limitations of static importance estimation, Re-
current KIF dynamically re-estimates parameter importance as new tasks arrive and
iteratively integrates knowledge. By updating importance signals and re-fusing pa-
rameters recurrently, it accommodates representation drift and maintains a better

stability—plasticity balance over long task sequences.

Our evaluations demonstrate that Recurrent KIF achieves higher retention on earlier
tasks and superior average accuracy in longer task sequences, outperforming both

KIF and prior state-of-the-art consolidation methods.
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Adaptive Iterative Model Merging (AIMMerging). AIMMerging determines
the optimal timing and intensity of merging by monitoring training trajectories, lever-
aging learning and forgetting signals. This adaptive scheduler avoids premature or
delayed merges, triggering consolidation precisely when it best preserves prior knowl-

edge while enabling effective acquisition of new skills.

Empirical results highlight that AIMMerging achieves the best trade-off between sta-
bility and adaptability, consistently outperforming both static merging and recurrent

consolidation baselines in different tasks.

3.2 Related Work

Although continual learning (CL) has been extensively studied, our work is most
closely related to two complementary lines of research: parameter importance identi-

fication and model merging. These techniques form the foundation of our proposed

KIF, Recurrent KIF, and AIMMerging methods.

Parameter Importance Identification. Identifying important parameters or knowl-
edge regions within LLMs has gained significant attention in the NLP community
178, 79, 27, 155, 117, 175]. This research improves our understanding of LLMs
and enhances their performance across a variety of tasks, including model editing
[139, 30], compression [I74], 55]. In the context of CL, Du et al. [I§] use the gradient
magnitudes to selectively update parameters. Feng et al. [28] employ gradient-based
metrics to compare the parameter importance distributions of current and historical
tasks, merging task-shared regions to promote KT and retaining task-specific regions

to prevent CF.

Model Merging. Another relevant direction is model merging, where multiple
models trained on different tasks or domains are combined into a single unified

model. Early work investigated weight interpolation [I3] 2, 112], functional regu-
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larization [146} [52], and task-specific adapters [48] 117, [182]. More recently, methods
such as TIES-Merging [I56] and RegMean [52] have shown that carefully designed
merging strategies can preserve task performance without requiring joint retraining.
These techniques highlight the potential of merging as a practical alternative to replay

or parameter isolation.

3.3 Methodology — Knowledge Identification and
Fusion (KIF)

3.3.1 Introduction

To address these limitations, we introduce Knowledge Identification and Fusion
(KIF) [28], a novel CL framework designed to improve KT between tasks without
relying on memory replay. Our approach is motivated by recent findings that model
parameters contribute unevenly to performance [I0I]. For instance, the authors in
[T77] uncovered a core region in LLMs that is crucial for all languages, suggesting
that preserving these vital regions can mitigate forgetting. Additionally, findings
from [I86] indicate that fine-tuning with LoRA often preserves many unnecessary
parameter changes, pointing to substantial redundancies within parameter-efficient

fine-tuning (PEFT) blocks.

Based on these insights, KIF facilitates KT by pinpointing and consolidating the
importance distribution of model parameters across tasks. Initially, KIF utilizes a
group-wise importance-aware knowledge identification technique that employs
gradient trajectories to identify tiny regions within the parameter space that store
crucial knowledge for the current task. By comparing the importance distribution
with those of previous tasks, we can then differentiate between task-specific and task-

shared regions, as illustrated in Figure 3.1 The subsequent knowledge fusion
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Figure 3.1: Conceptual illustration of KIF. By identifying task-relevant areas across
both previously accumulated and current tasks, we can consolidate the task-shared
and task-specific parameters to facilitate efficient knowledge transfer (KT) and miti-

gate catastrophic forgetting (CF).

phase then categorically integrates weights from previous tasks with the current one,

efficiently mitigating CF.

In detail, KIF first reconstructs the model or PEFT block into fine-grained “skzll
units”. A skill unit refers to a distinct subset of model parameters that encapsulates
specific functional capabilities or knowledge relevant to a particular task, such as the
Query matrix within the self-attention layer. By operating at this finer granularity, we
can localize and consolidate task-specific and shared knowledge within a single PEFT

block, rather than adapting a separate PEFT block for each task as in previous works.

The importance-aware knowledge identification method employs a new group-wise
metric to compute importance scores, effectively quantifying the significance of each
skill unit for the current task. Our knowledge fusion phase, then based on a fine-
grained model averaging strategy, effectively manages different types of knowledge.

This stage facilitates forward KT by using previously fine-tuned weights as the start-
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ing point for new tasks. For backward KT, we merge knowledge from both current
and past tasks into localized task-shared skill units, boosting their effectiveness. To
prevent CF, we ensure the integrity of skill units containing prior task-specific knowl-
edge is maintained, safeguarding them from being altered by the learning of new

tasks.

Given the widespread adoption and success of LoRA in fine-tuning LLMs, there is a
compelling opportunity to optimize the KIF framework specifically for LoRA. While
the initial KIF framework has shown promising results, its validation has been lim-
ited to a specific sub-task, and its broader applicability on general CL benchmarks
remains explored. Additionally, the reliance on first-order gradients for knowledge
identification in KIF may not yield precise importance localization. The knowledge
fusion phase also involves many hyperparameters, which could complicate the aver-

aging process.

To address these issues, we propose KIFLoRA, a variant of KIF optimized for LoRA.
KIFLoRA redesigns the LoRA adapter into new skill units based on parameter depen-
dencies, streamlining knowledge management throughout sequential task learning. It
incorporates an orthogonal loss during fine-tuning to ensure distinct latent semantic
features are captured within the same LoRA adapter. For knowledge identification,
KIFLoRA utilizes a new second-order gradient approximate group-wise metric, en-

hancing the precision of importance scores.

In knowledge fusion, it shifts from hard-mask to soft-mask averaging, employing an
adaptive technique that flexibly integrates task-specific and shared parameters accord-
ing to the importance of the skill unit. Additionally, we combine KIF with memory
replay to broaden its application scope, introducing the KIF-M model. KIF frame-
work and its variants excel in mitigating CF and showcase remarkable capabilities for

KT, outperforming SOTA methods.

The main contributions are summarized as follows:
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« We introduce the Knowledge Identification and Fusion (KIF) framework for lan-
guage model continual learning. By pinpointing and amalgamating task-specific
and task-shared knowledge at a granular skill unit level, KIF ensures effective
knowledge transfer and significantly reduces catastrophic forgetting, addressing
the shortcomings of previous methodologies.

o We devise various group-wise knowledge identification and fine-grained knowledge
fusion techniques. Notably, our KIF utilizes either first-order gradients or an
innovative second-order gradient approximation for assessing parameter impor-
tance. For knowledge fusion, we implement strategies ranging from categorical
hard-masking to adaptive soft-masking, enhancing the flexibility and precision of

knowledge integration.

e The KIF framework is distinguished by its robust generalizability and extensi-
bility. Its skill units are designed flexibly, allowing for seamless tailoring to PEFT
methods, such as LoRA, optimizing performance across different model architec-
tures. Moreover, integrating KIF with memory replay enables further performance
enhancements and broadens its applicability to diverse scenarios.

o FExtensive evaluation on two CL benchmarks demonstrates the superiority of our
KIF framework and its variants in facilitating knowledge transfer and mitigating
catastrophic forgetting, especially in memory-free scenarios. Furthermore, KIF
consistently excels across diverse model sizes (from 220M to 7B), various model

architectures (TH and LLaMA-2), and unseen tasks.

3.3.2 Proposed Method: KIF

Overview KIF includes two key components: (i) Knowledge Identification,
utilizing a group-wise importance metric to precisely identify the importance dis-
tribution of parameters across tasks, and (ii) Knowledge Fusion, which employs

an innovative fine-grained model averaging strategy to integrate model weights from
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Knowledge Fusion
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Figure 3.2: Left: Depiction of reconstructing LoRA as fine-grained skill units. Right:
Overview of KIF. Step 1: We compute the importance scores of skill units for the
current task k using our importance-aware knowledge identification method during
fine-tuning. Step 2: Based on a categorical model averaging strategy, the knowledge
fusion mechanism merges the model fk_l, which accumulates knowledge of all previous
tasks, with the current task’s model f. This integration is strategically guided by the
importance distributions of skill units across different tasks. This iterative process

continues with the addition of each new task.

both current and previous tasks for effective knowledge transfer. Figure |3.2] presents
a detailed overview of our proposed KIF framework, with the following subsections

elaborating on each component and the corresponding extensions.

Fine-Grained Skill Unit

Before localizing the importance of parameters, it is essential to define a structure
that facilitates better organization and understanding of the knowledge stored within

the model. This structure aids in addressing CF and enhancing KT. We define this
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basic structural element of stored skills or knowledge in the model as a “skill unit.”

Depending on different usage scenarios, we propose two structures for skill units:

Matrix-Level Skill Unit In this division strategy, we define skill units as individual
matrices in the model, such as the query or key matrices in the self-attention layer
or the A matrix in LoRA. This approach aligns with the original KIF framework
and offers the advantage of being model-agnostic. It is suitable for both traditional
full-parameter fine-tuning and modern parameter-efficient fine-tuning methods like

LoRA, ensuring broad generalizability.

LoRA-Tailored Skill Unit While the matrix-level division is straightforward and
intuitive, it does not adequately address intra-matrix redundancy or inter-matrix

dependencies.

To address these limitations and the inefficiencies noted in recent work [138], which
treats each LoRA adapter as a container for task-specific knowledge, we propose a
more refined decomposition of model matrices into new, finer-grained “skill units”
based on parameter dependencies specifically tailored for LoRA. The construction

process for these LoRA-tailored skill units unfolds as follows.

As shown in Eq (??7), A and B can be viewed as a combination of a set of vectors:
A =lay,as,+ -+ ,a,], B=[b,by,---,b;], where a; € R™, b; € R°. Thus BA can be
further disassembled as:

W =WO +ba; + byag+ - - + bra,
) (3.1)
=WO tu +uy+-- +u,

where each skill unit u; is a matrix formed by the product of the vectors b;, a;. Thus,
LoRA can be conceptualized as an aggregation of knowledge across multiple skill

units:

W=W+3 ba, =W +3 (3.2)
=1

i=1
This division strategy significantly reduces the redundancy inherent in the traditional

approach of utilizing separate LoRA adapters for each task [I38]. To ensure that
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different skill units within the same layer learn distinct latent semantic features, we

incorporate a regularization term as introduced in [173]:
R(A,B) = |A"A— 1|z + | B"B — 1|3, (3.3)

where [ is the identity matrix, this forces A and B to be orthogonal after training.

Importance-aware Knowledge Identification

To calculate the importance of each skill unit u, we introduce a group-wise metric that
mitigates the significant computational and storage burdens associated with previous

parameter-level importance calculation methods [63]:

1 in out
IT(u) = — i 3.4
(0) = G5 o 2 20 (3.4)

where w;; denotes the trainable parameters, and in x out represents the total param-
eter count in a skill unit w. The function Z(u) measures the collective importance
of all parameters within each skill unit, with higher values indicating greater im-
portance. The importance function s(-) for individual parameters, inspired by the
pruning community [64], is quantified by measuring the impact of its removal on the
loss. Specifically, to estimate the importance of W;, we measure the change in loss
when the parameter is zeroed out using:
Iy, = |AL(D)| = |[Lw,(D) — Lw,=0(D)|

oL(D) 1 ,
— M/_*M/HM/ ‘/]/
am 7 2 (il 1 + O(” Z|| )

where H is the Hessian matrix, W; is the i-th parameter in W, and L is the next-

(3.5)

token prediction loss. If removing a parameter has a significant influence, then the
model is sensitive to it, and we should retain it. Based on Eq. (3.5)), we can derive

the following two metrics for calculating importance:

First-Order Gradient-Based Metric In the original KIF framework, we defined

the importance function s(-) as the magnitude of the gradient-weight product:
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This metric primarily considers the first-order gradient term in determining parameter
importance. However, the significance of a parameter is also influenced by second-
order gradients, represented by the Hessian matrix. Overlooking this second-order
gradient information can introduce biases in the identification process, potentially

degrading model performance. Therefore, we propose the following new metric.

Second-Order Gradient Approximation Metric The direct computation of the
Hessian matrix for LLMs is impractical due to its O(N?) complexity. To address
this, we propose a second-order gradient approximation metric that balances the
efficiency of first-order methods with the precision of second-order gradients. To
reduce computational demands, we approximate the diagonal of the Hessian, H;;,
using the Fisher information matrix [I13]. The importance is then defined as:

_loc(p) 1Y (0L(D;) . \°
w1, W 2;‘;( ow,

(3.7)

However, calculating the importance as specified in Eq. across the entire train-
ing set introduces significant challenges, as model training typically accesses only
mini-batch data. This limitation subjects the metric to variability due to stochas-
tic sampling and training dynamics, introducing substantial uncertainty in estimating
parameter sensitivity. To mitigate this, we propose a more reliable importance metric

based on sensitivity smoothing and uncertainty quantification [173]:

I (wy) = a1 (wig) + (1 = aq) 1Y (wy;) (3.8)

UY (wi;) = aaU" (wiy) +

) (3.9)
(1—ay) ‘I(t) (wy;) — IV (wij)’

where a; and o, are smoothing factors, and ¢ is the iteration number. I® represents
smoothed sensitivity and U® is the uncertainty term quantified by the local variation
between I and ). Using the exponential moving average of the importance metric,

we can retain and examine the trajectory gradient for a longer time, yielding a more
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Algorithm 1 Importance-aware Knowledge Identification
Training dataset D, for task 7y; total training iterations T'; hyperparameters

ai,ap. t=1,...,T Sample a mini-batch from Dj, and compute the gradient VL;
Compute the sensitivity I (w;;) via Eq. or Eq. ; Update I via Eq.
and U® via Eq. ; Compute the importance score Z(u¥) for each skill
unit u¥ by Eq. , for i =1,...,n. fx and importance scores Z(Uy,) for Uy.

precise importance assessment. Importance is ultimately determined by:

s (wig) = I (wyy) - UY (wyy) (3.10)

To calculate the importance score of each skill unit for the current task 7, we use
Eq. (3.4) during fine-tuning. The model f with n skill units is denoted as U =
{uy, ..., u,}, with their importance scores for task 7, denoted by Z(U;) € R"™. The

detailed computation process is provided in Algorithm [I}

After computing the importance scores for each skill unit at the current task 7, it is
crucial to compare these with scores from all previously learned tasks to distinguish
between task-specific and task-shared skill units. To streamline this process and
avoid the inefficiencies associated with storing scores for each past task, we aggregate
importance scores from all prior tasks into a cumulative score for tasks up to Tx_1.
This approach allows for iterative refinement of accumulated scores without the need
to separately store past task scores. The skill units with these cumulative scores up

to Tr_1 are denoted as Z;lk_l, calculated using:

I(Uy—1) = BNorm(Z(Uy—2)) + (1 — B)Norm(Z(Uy_1)) (3.11)

where 8 € [0,1] and Norm(-) normalizes the importance scores to the [0, 1] range,
ensuring consistency across models. The initial scores, Z(U4; ), are set equal to Z(U ).
Following this, the importance distribution for skill units up to task 7,_; is combined

with that of the current task, 7y, to facilitate the knowledge fusion process.
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Knowledge Fusion

Following knowledge identification, the next critical phase is knowledge fusion, where
knowledge within each skill unit is integrated into a cohesive framework. This process
utilizes a sophisticated model averaging approach that accounts for various factors to

optimize task performance.

Traditional coarse-grained model averaging operates under the assumption that all
model weights hold equal importance for the training task [61], 19], typically imple-

mented through the following iterative computation:

fe =M+ (1 =N fi (3.12)

However, coarse-grained methods may overemphasize weights that are irrelevant to
the current task, contaminating previously acquired task-specific knowledge and lead-
ing to forgetting. To overcome these limitations, we introduce two fine-grained av-
eraging strategies that focus on skill units instead of the entire model. Our method
distinguishes between task-shared and task-specific skill units, applying a weighted
averaging technique to the parameters within each unit. This refined approach offers

a tailored solution, addressing the unique requirements of each task more effectively.

Static Weighted Fusion In the original KIF framework, this merging strategy
initiates by establishing importance thresholds ¢ through quantiles, selecting the top
20% of skill units based on importance scores. A skill unit u¥ is considered important

(denoted as (u¥)*) if its score Z(u¥) exceeds &, and unimportant ((u¥)~) otherwise.

The static weighted fusion strategy tailors parameter integration for each skill unit,
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according to its importance across different tasks. The method is defined as follows:

S O S A N (e R (T
~k—1 ~k—1 k\—
u; if (@)%, (ug)
ar = (3.13)
uy, if (@777, (uf)*
(0 +uf), if (@), (uf)”

This approach performs the element-wise adjustment of parameters within each skill
unit based on its relevance to previous and current tasks. The hyperparameter v is

employed to control their influences.

Adaptive Weighted Fusion As a sophisticated extension to the static method,
which necessitated the manual setting of multiple hyperparameters, this adaptive
strategy simplifies the process by automatically adjusting to various scenarios. This
enhancement increases the efficiency and flexibility of the averaging process. Specifi-

cally, for a specific skill unit u;, the weighting coefficients are determined by:

M = exp (Z(af ™) /7) A = exp (Z(uf)/7) (3.14)

where both exp and temperature coefficient 7 are scaled to the raw importance score.

Then the updated model parameters are:

k S\k_l k—1 )\k k

)

By applying Eq. (3.13) or Eq. (3.15)) in our knowledge fusion phrase, it effectively
addresses the challenges in CL:

« Mitigating CF: When Z(a} ") is high and Z(u¥) is low, this indicates that the
skill unit u; is more critical for previous tasks. According to Eq. (3.13]) or (3.15)),
we maintain the previous task-specific knowledge in @¥~! untouched, preventing

contamination from the less relevant u?.
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Algorithm 2 KIF
Dataset Dy, for task &k = 1,..., K; initial pre-trained model fy; hyperparame-

ters oy, i, B, 7. # sequential tasks. task k =1,..., K # knowledge identification.
Get f and calculate U}, by Algorithm ; k =1 # initialization at beginning task.
fl — fi1, Uy — Uy; # knowledge fusion. skill unit i = 1,..., n Calculate @* by Eq.
; Get the averaged model fk based on L?k; Calculate accumulated importance
score I(Z;{k) according to Eq. (3.11));

« Facilitating Forward KT: Conversely, if Z(a¥™") is low and Z(uF) is high, it
suggests that u; holds greater importance for the current task. As training initiates
from the endpoint of the previous task, maintaining the integrity of parameters in
u¥ leverages historically learned knowledge to enhance performance on the current
task.

 Enabling Backward KT: When both Z(4f™') and Z(u¥) are high, u; is vital
for both previous and current tasks. Here, we integrate newly acquired knowledge
into this task-shared skill unit to support backward KT.

« Handling Low Relevance: If both Z(4*"1i) and Z(u*i) are low, indicating min-
imal relevance to any task, a simple averaging of parameters within this unit is

adequate.

Knowledge fusion is conducted before starting a new task in CL, utilizing the averaged
model for subsequent task initialization. Only the importance scores of U,_; and U
are preserved for use between tasks, starting with Z:ll = U; estimated from f; on D;.

Detailed implementation of entire KIF algorithm is provided in Algorithm

3.3.3 KIF with Memory Replay: KIF-M

To adapt KIF for scenarios where historical data are accessible, we introduce a mem-
ory replay-enhanced version, KIF-M, designed to further improve model performance.

The implementation process is shown in Figure [3.3]
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the replay phase, we can further enhance the performance of KIF.

Following the training on task 7 using the knowledge identification and fusion, we
obtain the model fk Before the next task arrives, a replay stage is introduced, where
the model fj is fine-tuned using historical data stored in the memory buffer M.

This process results in a new model f;”, which helps recover forgotten knowledge.

Specifically, during the replay stage, we avoid fine-tuning the parameters of all skill
units with historical data, as this could potentially degrade the model’s performance
on the current task. Instead, we maintain the integrity of the current task-specific
skill units and selectively fine-tune the remaining parameters. This approach achieves

a better balance between retaining previous knowledge and excelling in new tasks.
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3.3.4 Experiments
Experimental Setup

Datasets We utilize the SuperNI Benchmark [I43], a comprehensive benchmark de-
signed to evaluate diverse NLP tasks using expert-written instructions. This bench-
mark facilitates thorough evaluation in more practical settings for the CL of LLMs.
It includes tasks in dialogue generation, information extraction, question answering,
summarization, and sentiment analysis. Following the established CL setup [179],
three tasks are chosen from each type, creating a sequence of 15 tasks in total for
evaluation. For each task, 1,000 instances from the dataset are randomly selected for

training, and 100 instances are used for validation and testing.

Additionally, we utilize the Long Sequence Benchmark [I09], which consists of 15
classification datasets tailored for CL. Consistent with previous work [138], we ran-
domly select 1,000 samples per task for training and reserve 500 samples per class
for validation and testing. The experiments include two different task orders for each

benchmark.

Evaluation Metrics We denote a;; as the testing performance (Accuracy for clas-
sification task and Rouge-L [78] for others) on the i-th test set of task right after

training on j-th task. The performance of CL is assessed using three metrics:

1 K
AP = — ; 1
K Zzz:l (IK7Z (3 6)
1 K
FWT = — Z Qi—1,4 (317)
K- i=2
1 K-1
BWT = —— Z AR — A4 (318)
K — i=1

Average Performance (AP) [I6] calculates the average performance across all
tasks after training on the final task. Forward Transfer (FWT) [83] evaluates

a model’s generalization ability by measuring the averaged zero-shot performance.
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Table 3.1: The overall results on two continual learning benchmarks with Tb5-large

model. All results are averaged over two different orders of each benchmark.

SuperNI Benchmark Long Sequence Benchmark

Method Memory-Replay

APt FWTt BWT?T | APt FWTt BWTH
SeqLoRA 6.43 1.58  -30.94 | 9.72 6.81 -73.37
IncLoRA 19.12 2.03 -31.24 | 62.50 2.62 -15.34
ProgPrompt [109] 3.34 529  -33.18 | 7.98 6.63 -66.71
EWC [61] 1746  4.20  -28.61 | 4545  3.73 -25.93
L2P [145) X 12.73  1.14 -7.95 | 57.98  8.36 -16.63
LFPT5 [103] 24.76 7.46 -24.41 | 67.01 9.48 -12.80
O-LoRA [I38] 25.89 8.14 -24.59 | 69.24  10.15 -4.05
KIF (ours) 26.41 11.78 -18.55 | 70.71  11.80 -3.67
KIFLoRA (ours) 27.43 11.02 -16.91 | 72.29 12.89 -3.04
Replay 35.37 235 -15.79 | 70.98  3.28 -15.42
SAPT [179] ; 51.54 888  -0.57 | 82.02 9.86 -1.25
KIF-M (ours) 52.12  11.13  -1.31 | 84.21 12.32 -1.08
KIFLoRA-M (ours) 53.01 11.21 -0.81 | 84.36 11.71 -0.98

Backward Transfer (BWT) [58] assesses the impact of new learning on previous

tasks. Negative BWT indicates the model lost some previously acquired knowledge.

Baselines We evaluate KIF against the following PEFT-based CL baseline methods:
SeqLoR A : sequentially trains the LoRA on the task orders. IncLoRA: incremental
learning of new LoRA parameters on a sequential series of tasks. Replay: replays
real samples from old tasks when learning new tasks to avoid forgetting. EWC' [61):
finetune the model with a regularization loss designed to minimize updates to param-
eters critical to previously learned tasks. L2P [145)]: uses the input to dynamically
select and update prompts from a fixed prompt pool. LFPTS [103]: continuously
trains a soft prompt for each task with generative replay. Prog-Prompt [109]:
sequentially concatenates previous learned prompts to the current one during the
training and testing time. O-LoRA [138]: learns tasks in distinct LoRA subspaces,
ensuring orthogonality, and aggregates all LoRA weights for testing. SAPT [179]:

leverages pseudo samples and a shared attention framework to align PEFT block
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Table 3.2: The comparison between KIF and other CL methods. Specifically, RF
indicates whether the method is rehearsal-free. PE indicates whether the method is
parameter efficient. UT indicates whether the method can be applied to solve unseen

tasks. KT indicates whether the method enables knowledge transfer.

Method RF PE UT KT
EWC [61] v v
0OGD [22] v v
LFPT5 [103] v v
L2P [147] v

EIP [144] VS

O-LoRA [I38] v v v
MoCL [I32] VR
SAPT [I79] v v v
KIF v v v Y

learning and selection.

Table compares our KIF with other baselines, highlighting three key advantages:
data privacy-friendliness, model parameter efficiency, and improved generalization ca-
pabilities. To clarify the specific identification and fusion techniques used in KIF and
its variants: KIF': our foundational framework incorporates matrix-level skill units,
utilizes a first-order gradient-based metric for knowledge identification (Eq. , and
employs static weighted fusion (Eq. [3.13). KIFLoRA: an extension of KIF that
introduces LoRA-tailored skill units, adopts a second-order gradient approximation
metric (Eq. , and features adaptive weighted fusion (Eq. . KIF-M and
KIFLoRA-M: these enhancements of KIF and KIFLoRA integrate memory replay

to further boost performance.

Implementation Details We utilize two distinct language model architectures: the
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encoder-decoder T5 model [I06] and the decoder-only LLaMA model [122]. In KIF,
the hyperparameters a; and as in Eq. and Eq. are set to 0.85. We set 3 in
Eq. to 0.7 and 7 in Eq. to 0.15. Following [I18], we allocate 2% of the
original training set volume for replay samples in all replay-based baseline methods.

Hyperparameters are as follows:

o Th-base (220M), T5-large (780M), and T5-XL (3B): Training was conducted with
a learning rate of 3e-4, batch size of 8, maximum input length of 512, maximum
target length of 128, a rank of 8, targeting modules [q, v] and 10 epochs.

« LLaMA (7B): With a learning rate of 3e-4, a batch size of 128, a cutoff length of
512, and 10 epochs. LoRA settings were rank = 8, alpha = 16, dropout = 0.05,
targeting modules [q_proj, v_proj]. For testing, settings included temperature =

0.02, top_p = 0, top_k = 1, max new tokens = 128.

Main Results

The overall CL results of various methods using the same TbH-large backbone are

summarized in Table B.11

Firstly, KIF and its variants consistently demonstrate superior CL performance by
effectively facilitating knowledge transfer. Compared to previous replay-free methods
like IncLoRA and O-LoRA, our methods excel in addressing the critical challenges
of CF and KT, achieving the highest AP, FWT, and BWT when learning tasks

sequentially.

Furthermore, our enhanced version, KIFLoRA, significantly outperforms KIF. Specif-
ically, KIF-M achieves average gains of 1.3% in AP and 0.3% in BWT, underscoring
the effectiveness of enhancements to each framework component. Notably, even with-
out memory replay, KIF-M surpasses the performance of vanilla repla on the Long

Sequence Benchmark, particularly in BWT.
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Figure 3.4: Performance of KIFLoRA across various backbones.

For the memory-based methods, to ensure a fair comparison, we adopted the same
data synthesis-based generative replay approach used in SAPT, ensuring that the
amount of data used in memory replay is consistent across methods. The results
show that both KIF-M and KIFLoRA-M surpass the best SAPT models, further
proving the versatility and robustness of our framework. For subsequent experimental

analyses and comparisons, we will focus on KIFLoRA, the most effective memory-free
version, for further evaluations.

Secondly, KIFLoRA consistently demonstrates superior performance across various
backbones. To further validate our framework’s effectiveness, we conducted experi-
ments using a range of parameter-level backbones. As depicted in Figure [3.4] perfor-
mance improvements are evident with increasing model size. For instance, in T5-XL,
KIFLoRA boosts the AP metric from 28.6% to 33.3%, and shows substantial enhance-
ments in FWT and BWT, rising from 11.1% to 16.1% and improving from -20.6% to

-14.0%, respectively. These results further validate the robust generalization ability

of our method.

Thirdly, our knowledge fusion technique effectively counters catastrophic forgetting.
To rigorously assess our model’s ability to mitigate forgetting, we evaluated its perfor-
mance on the initial task after training on subsequent tasks using the Long Sequence

Benchmark. Figure3.5|illustrates that KIFLoRA significantly reduces the rate of for-
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Figure 3.5: Performance trajectory of Task 1 on Long Sequence Benchmark through-

out the continual learning process.

getting, with an average performance decline of only 10% after training on the final
task. In contrast, vanilla backbones suffer a substantial average performance drop of

22%, highlighting our method’s enhanced capacity to preserve learned knowledge.

Performance on Unseen Tasks

Building on prior research [179], we selected three tasks from each category to eval-
uate our method’s cross-task generalization capabilities, a critical measure for CL
algorithms. The results, indicated by the average Rouge-L scores in Table [3.3] high-
light the effectiveness of our approach. T5-ZS refers to the zero-shot task adaptation
methods employed. KIFLoRA exhibited the best performance among all methods
tested, a success largely due to its proficient identification and management of task-

specific and shared parameters.

Visualization of Skill Units

We visualized the distribution of importance scores for skill units across tasks on the

T5-large model, as shown in Figure and Figure 3.7 leading to several critical
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Table 3.3: Results on unseen tasks using the T5-Large backbone.

Unseen Tasks

Avg.

Dialog IE QA Sum SA
T5-ZS 7.49 6.70 428 12.14  4.54 7.03
O-LoRA 4.39 9.89 25.38 8.26 50.41 | 19.67
LFPT5 6.96 35.32 35.00 13.26 21.51 | 22.41
KIFLoRA | 10.32 31.34 37.13 14.20 47.17 | 28.03

insights:

o There is noticeable variability in the importance of skill units for the same task,
with important skill units comprising only a small fraction of all trainable LoRA
parameters.

e The distribution of important skill units is task-dependent, illustrating the pres-
ence of both task-shared and task-specific parameters. This observation substan-
tiates the feasibility of the design motivations behind the KIF framework.

« For classification tasks, such as those in the Long Sequence Benchmark (Figure
, the skill units in the encoder, particularly the lower layers closer to the model
input, play a more pivotal role. Conversely, for generative tasks, like dialogue
generation and summarization in the SuperNI benchmark (Figure , both en-
coder and decoder units are crucial, impacting both lower and upper layers of the
network.

o Within each layer, the importance of the Query (Q) matrices in the attention

mechanism consistently exceeds that of the Value (V) matrices.
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Figure 3.6: Visualization of importance scores for LoRA-tailored skill units across

different tasks on T5-large within the Long Sequence Benchmark.
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Figure 3.7: Visualization of importance scores for LoRA-tailored skill units across

different tasks on T5-large within the SuperNI Benchmark.

Ablation Study

In this section, we assess the impact of importance-aware knowledge identification,

fine-grained knowledge fusion, and memory size on model performance.

Effect of the Proposed Importance Metric in Knowledge Identification We
explore alternative importance scoring methods to validate the effectiveness of our
approach: (i) To evaluate the impact of using moving averages on trajectory gradi-
ents, we modify s(-) in Eq. to focus solely on sensitivity, as outlined in Eq.
(3.7); (ii) To verify the validity of our proposed approximate second-order gradient
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Table 3.4: Ablation Study for Importance-Aware Knowledge Identification.

Method AP  FWT BWT

vanilla Th-large  54.10  3.32  -29.63

s()=1() 7048 1039 -3.81
s()=|Vu,£| 6882 1080 -6.22
KIFLoRA (ours) 72.29 12.89 -2.04

importance metric in Eq. , we implement a first-order Taylor expansion as de-
scribed in Eq. . The comparative results, presented in Table , show that using
moving averages for importance scoring substantially enhances model performance.
Additionally, compared to the first-order gradient approximation, our novel second-
order gradient method results in performance improvements of up to 3.4%, 2.1%, and
4.2% across the evaluated metrics. These findings underscore the significant role of

accurate knowledge identification.

Effect of Adaptive Knowledge Fusion We evaluate our fine-grained, skill unit-
level adaptive weighted fusion against two coarse-grained strategies: (i) Weight-
Ensemble, which uniformly averages the LoRA parameters using a global weight as
per Eq. (3.12), and (ii) Exponential Moving Average (EMA) [120], which computes

a running average of parameters at each fine-tuning iteration.

According to Table [3.5, Weight-Ensemble significantly enhances the performance of
the vanilla model, demonstrating the advantages of coarse-grained averaging in CL.
While EMA generally outperforms Weight-Ensemble, it does not match the effective-
ness of our fine-grained approach. EMA’s frequent parameter adjustments within the
same task can lead to suboptimal outcomes. In contrast, our method, which strate-
gically averages weights only after the completion of each task, boosts computational

efficiency and model performance.
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Table 3.5: Ablation Study for Fine-Grained Knowledge Fusion.

Method AP  FWT BWT

vanilla Th-large  54.10  3.32  -29.63

Weight-Ens. 63.28 7.71 -11.82
EMA 62.76 823  -9.80
KIFLoRA (ours) 72.29 12.89 -3.04

Table 3.6: Ablation Study on Memory Size.

Memory Size

2% 5% 10% 50%

Replay 71.2 724 738 76.1
KIF-M 74.2 751 757 79.2
KIFLoRA-M 74.3 754 76.2 79.8
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The Effect of Memory Size We examine how varying the memory size affects the
performance of Replay, KIF-M, and KIFLoRA-M. By adjusting the memory size per
task | M| to 2%, 5%, 10%, 50%, we summarized the results in Table[3.6] As expected,
increasing the memory size generally enhances the performance of all methods, with
Replay showing the most significant improvement. This is predictable as Replay heav-
ily depends on memory to mitigate catastrophic forgetting. When the memory size
is substantially increased, Replay approaches the functionality of multi-task learning,

which, while effective, incurs considerable storage and computational costs.

Conversely, KIF-M and KIFLoRA-M utilize knowledge fusion strategies to effectively
maintain parameters that store historical knowledge. Consequently, while increasing
memory size does boost their performance, the improvements are less dramatic as the

memory size grows.

3.3.5 Conclusion

We introduced the novel Knowledge Identification and Fusion (KIF) framework for
language model continual learning. KIFLoRA employs importance-aware knowledge
identification and fine-grained knowledge fusion to effectively differentiate between
task-specific and shared knowledge within each skill unit, mitigating forgetting while
enhancing knowledge transfer. The framework is highly generalizable and extensible,
allowing integration with memory replay methods to boost performance. Extensive
testing shows that KIFLoRA excels in preserving past knowledge and performing
well in new tasks, surpassing previous state-of-the-art approaches. Comprehensive

experiments demonstrate demonstrate our framework’s exceptional ability.

Despite significant improvements in efficiency and performance in large language
model continual learning, certain limitations persist. For instance, the choice of
importance thresholds following the determination of importance distribution can

impact the effectiveness of knowledge fusion. Dynamically selecting these thresholds
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based on data distribution may yield a more precise classification of task-shared and
task-specific parameters, further enhancing performance. Additionally, merging the
knowledge identification and fusion phases could allow for ongoing parameter consol-
idation based on their importance during model training. This integrated approach
would facilitate more flexible adaptations and better address scenarios in online con-

tinual learning.

3.4 Methodology — Recurrent Knowledge Identifi-
cation and Fusion (Recurrent-KIF)

3.4.1 Introduction

The success of parameter importance-based approaches is contingent on the accurate
estimation of parameter importance. A key limitation lies in their reliance on static
importance estimations, where the parameter importance scores for previous tasks
remain unchanged and are not updated during subsequent training. Over time, as
model parameters gradually diverge from the state at which the Hessian was originally
computed, these unadjusted importance estimates become increasingly inaccurate due

to the growing truncation error in the Taylor expansion.

The human brain demonstrates remarkable CL ability through two alternating sys-
tems: the hippocampus, which quickly acquires representations for specific experi-
ences, and the neocortex, which selectively consolidates useful memories into long-
term storage. This process is known as the Complementary Learning Systems (CLS)

theory [94] in neuroscience.

Drawing inspiration from the CLS theory, we propose Recurrent Knowledge Identifi-
cation and Fusion (Recurrent-KIF), a novel CL framework that dynamically estimates

parameter importance and iteratively fuses knowledge. Recurrent-KIF integrates an
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Human Continual Learning Inspiration for LLMs

Inner Learner

Fast Adaptation
with Knowledge
Identification

Hippocampus

“For rapid capture of

new information” Outer Learner

Global control with
Knowledge Fusion

Neocortex

“Build long-term memory
through selective integration” |1

~

Figure 3.8: Conceptual illustration of Recurrent-KIF. Inspired by the CLS theory,
Recurrent-KIF iteratively employs an inner learner to localize new knowledge and an

outer learner to manage the global fusion of knowledge.

inner learner, which rapidly adapts to new task-specific knowledge, and an outer

learner, which manages the global fusion of new and historical knowledge (see Figure
3.8).

In detail, the inner learner adapts to new knowledge while utilizing the proposed
knowledge identification method to identify important parameters. The outer learner
then retrieves historical task information from a memory buffer based on the latest
model state, enabling dynamic updates of the importance distributions for previous
tasks. Subsequently, a knowledge fusion mechanism is employed to integrate new and
historical knowledge by pruning redundant information to mitigate CF and merging
key knowledge to enhance K'T. Through iterative cycles of multiple rounds of fusion,
Recurrent-KIF effectively captures valuable information throughout the model train-

ing process, distinguishing it from traditional post-training fusion methods. Each
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knowledge fusion step adaptively updates fusion weights according to the most recent

importance distributions, resulting in smoother and more controlled optimization.

We conduct extensive experiments to assess the effectiveness of Recurrent-KIF on
two CL benchmarks for LLMs. The results consistently highlight the superiority of
Recurrent-KIF in mitigating CF while exhibiting exceptional KT capabilities, out-
performing state-of-the-art methods. Furthermore, Recurrent-KIF exhibits robust
scalability across various model architectures and sizes (from 770M to 13B), under-

scoring its generalization ability.
Our main contributions are summarized as:

o We propose Recurrent-KIF, a novel CL framework for recurrent knowledge iden-
tification and fusion that dynamically estimates parameter importance and itera-

tively integrates knowledge.

o We introduce a new learning paradigm for Recurrent-KIF, featuring an inner
learner that rapidly captures and localizes new information, and an outer learner
that globally controls the fusion of new and historical knowledge.

« Extensive evaluation validates the effectiveness of Recurrent-KIF in addressing

CL challenges.

3.4.2 Proposed Method: Recurrent-KIF

Notation We consider a pre-trained model § € R™ with n parameters. After train-
ing on task 7;_1, the model are denoted as #*~!. Fine-tuning on a new task 7y
produces updated parameters #*. The difference 7% = 9% — 9¥~1  referred to as the
task vector or training residual [52], represents task-specific parameter updates. In
the Recurrent-KIF framework, we obtain transient training residuals through each
iteration of the inner and outer loops. Specifically, two task vectors are employed to

capture and quantify the new knowledge learned in the inner loop and the historical
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Figure 3.9: Iterative update process of Recurrent-KIF for the b-th iteration.
The notation €} represents training samples drawn from Dy, while ¢, refers to samples
drawn from M_j. Inner Learner (Step 1): Performs () iterations to rapidly adapt
to the new task while identifying the parameter importance distribution. Quter
Learner (Step 2): Retrieves historical task information using memory data and
performs knowledge fusion, guided by the importance distributions of both current
and historical tasks. Recurrent Updates (Step 3): This inner-outer loop cycle is
repeated, ensuring that each fusion knowledge step is based on up-to-date importance

distributions.

knowledge retrieved in the outer loop.

Overview Recurrent-KIF restructures the training process into multiple iterative
learning cycles, each comprising two key components as illustrated in Figure [3.9;
(i) Inner Learner with Knowledge Identification: rapidly acquires new task
knowledge while estimating the corresponding parameter importance, and (ii) Quter
Learner with Knowledge Fusion: utilizes a memory buffer to retrieve historical
task information. By leveraging the importance distributions of both current and
historical tasks, it provides global control for effective knowledge transfer through

redundant knowledge pruning and key knowledge merging.
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Inner Learner with Knowledge Identification

Assume the current task is 7, and the iterative update for the model parameters 6%~
at the b-th iteration are denoted by ;' [} In the inner loop, the model initializes
with Oy0) = 6, and is rapidly updated over @ gradient steps using batch data €]
sampled from Dy at the g-th step. After obtaining 6y g) the task-specific updates are

encapsulated in the task vector 7/" € R™:

7" = Oyq) — (o) (3.19)

This task vector captures the knowledge acquired for the current task. However, 7"
often contains redundant information, and directly merging it into the model may
compromise historical knowledge, leading to catastrophic forgetting. To address this,
we propose a knowledge identification technique to identify the key parameters which

storing critical knowledge within the task vector.

We use a commonly adopted importance metric in model pruning [63], defined as the

magnitude of the gradient-weight product:
where w;; represents trainable parameters.

Due to stochastic batch sampling and training dynamics, the metric in Eq. (3.20)) may
be unreliable, introducing variability [172]. To mitigate this, we apply an exponential

moving average [174] to smooth the trajectory gradients over ) inner loop iterations:

Iyg) = arlyq1y + (1 — 1) Iy (3.21)

where o is the smoothing factor, ¢ € {1,2, ..., Q} is the iteration number in the inner
loop, and Iy, represents smoothed importance. The inner task vector i and its

associated parameter importance I\" are then passed to the outer learner.

'For simplicity, we omit the superscripts k& — 1 in subsequent descriptions.
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Outer Learner with Knowledge Fusion

The outer loop manages the global merging of knowledge, guided by parameter im-
portance. To access historical knowledge, after acquiring 6y (qg), the outer loop samples
data ¢ from the memory buffer M_,. It then performs several training iterations,
updating the parameters to fyar). Then the outer task vector 7" € R", capturing

historical task information, is defined as:

7" = Oyar) — Ou(q) (3.22)

Dynamic Update of Historical Importance Distribution. While obtaining
the outer task vector, we calculate the historical task importance distribution based
on the latest model state ), using Eq. (3.20). The update process is then expressed

as:

L =P | Oyg) (3.23)

This update, based on conditional probability, enables the computation of the his-
torical importance distribution I9"* using the current model state. This distinguishes
it from traditional static importance estimation methods and ensures more accurate
knowledge identification. However, the limited sample size from the memory buffer
can introduce significant variance in the importance estimates. To address this, we

also apply exponential smoothing to the previous outer loop distribution I5™%:
I = o™ + (1 — ap) I (3.24)
where as is the smoothing factor, enhancing stability and robustness in importance

estimation.

Knowledge Fusion via Importance-based Binary Mask. Knowledge fusion

is guided by the importance distributions I;® and I{". To binarize the importance
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distributions, a quantile-based threshold ¢ is applied to select the top 20% of param-
eters from both I}* and I{"*. This generates binary masks mj" € R and m{* € R",
defined as:

i =TI > 630), mg™ = 1™ > 67) (3.25)

where I(-) is the indicator function that outputs 1 if the condition is met and 0

otherwise. Knowledge fusion is then performed as follows:
Opi1 = O, + (M O 1" +mp™ © 7)) (3.26)

where ® denotes element-wise multiplication.

This knowledge fusion mechanism provides precise global control, effectively tackling
key challenges in CL. First, redundant information in the task vectors 7™ and 7°u*
is filtered out via the mask operation. Second, task-shared knowledge is effectively
merged to facilitate knowledge transfer. Lastly, task-specific knowledge is preserved

to prevent catastrophic forgetting.

The inner and outer loops operate iteratively, enabling multi-round fusion of knowl-
edge. This iterative process facilitates the capture and absorption of useful infor-
mation generated during training, providing smoother optimization compared to tra-
ditional post-training fusion methods. Detailed implementation of Recurrent-KIF

algorithm is provided in the Algorithm [3]

3.4.3 Experiments

Dataset We adopt the experimental setup from Du et al. [I8], using two CL bench-
mark datasets: (i) Standard CL Benchmark, which consists of five text classi-
fication tasks from Zhang et al. [I76]: AG News, Amazon Reviews, Yelp Reviews,
DBpedia, and Yahoo Answers. (ii) Long Sequence Benchmark, a more challenging

evaluation scenario comprising 15 tasks [I09]: five from the Standard CL Benchmark,

four from the GLUE benchmark [124], five from SuperGLUE [125], and the IMDB
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Algorithm 3 The Algorithm of the proposed Recurrent-KIF
Current task dataset Dy, memory buffer M, model weights 6, initial inner-

loop learning rate [3;,, outer-loop learning rate f3,,;, number of inner-loop steps
(), number of outer-loop steps S, hyperparameters a;, as, total number of fusion
steps N. # training iterations. b = 1,..., N sample training data €] (¢ =
1,...,Q) from Dy, Oy0) = by # inner loop. ¢ =1 Q obtain batch samples €] Oy, =
Obiq—1) — Bin VL (Hb(q,l)) # knowledge identification. compute the importance
f(wij) via Eq. ; update I via Eq. calculate 7™ = Oyq) — Op(0)
and obtain Ij™ # outer loop. HS(M) = Oy) s = 1 to S sample memory data ¢;
from M, 05( M) = (9;(_]\}[) — Bout VL (QZ&\}[)) calculate 79" = 495’( M)~ y(@) calculate
I via Eq. # knowledge fusion. obtain mi*, m¢" via Eq. update

Bhin = b+ (mip O 2 + ™ © 7)

Movie Reviews dataset [89]. Following Wang et al. [I38], we sample 1000 instances

for training on each task and reserve 500 per class for validation.

Metrics Let a;; denote the testing performance on task 7; after training on task
T;. We evaluate the overall performance (OP) [9] and backward transfer (BWT) [83]

after training on the final task:

1 K
OP = — Y aix (3.27)
K i=1
1 K-1
BWT = ﬁ : (ai,K — CLLZ’) (328)

Baselines We compare Recurrent-KIF against a range of baseline methods, in-
cluding traditional CL approaches, recent PEFT-based model ensemble and merging
methods. (1) SeqLoRA: LoRA parameters are trained on a task sequence without
regularization or sample replay. (2) IncLoRA: incremental learning of LoRA param-
eters without regularization or sample replay. (3) LoRA Replay: LoRA fine-tuning
with a memory buffer. (4) EWC [61)]: finetune LoRA with a regularization loss to
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Standard CL benchmarks Long Sequence Benchmark

Method

OP} BWT1 OP+ BWT1
SeqLoRA 43.7 -50.4 11.6 -73.4
IncLoRA 66.4 -20.0 61.2 -26.7
LoRAReplay 68.8 117 70.9 -15.4
EWC* [61] 50.3 : 45.1 .
L2P* [145] 60.7 - 56.1 163
LFPT5* [103] 72.7 - 69.2 128
MoELoRA* [S6] 54.1 - 27.6 -
O-LoRA* [138] 75.8 3.8 69.6 4.1
TaSL [28] 76.3 4.0 744 5.3
VR-MCL [149] 76.0 3.7 748 4.9
MIGU* [I§] 76.6 - 76.5 -
Recurrent-KIF (ours) | 78.4 -2.8 77.8 -3.6
MTL 80.3 - 81.8 -
SAPT-LoRA [I79] - - 82.0 13

Table 3.7: Overall results on two CL benchmarks using the TH5-large model. We
report Overall Performance (OP) and Backward Transfer (BWT) after training on
the final task. All results are averaged over three different task orders. Methods
marked with * are copied from previous papers. The last two rows represent upper

bound performance.

prevent interference with previous tasks. (5) L2P [145]: dynamically selects and
updates prompts from a pool on an instance-by-instance basis. (6) LFPT5 [103]:
learns a soft prompt that solves tasks and generates training samples for replay. (7)
O-LoRA [138]: extends IncLoRA to learn different LoRAs in orthogonal subspaces.
(8) MoELoRA [86]]: a vanilla MoE with LoRA number equals to the task number.
(9) SAPT [179]: uses pseudo samples and a shared attention framework to align
PEFT block learning and selection (10) TaSL [28]: selectively updates or retains
skill regions based on parameter importance. (11) MIGU [18]: updates impor-
tant parameters based on gradient magnitude. (12) VR-MCL [149]: dynamically
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updates historical task parameter importance distributions using memory replay. Ad-
ditionally, multi-task learning with LoRA, referred to as MTL, serves as the upper
bound.

Training Details We evaluate Recurrent-KIF using two distinct language model
architectures: the encoder-decoder T5 model [106] (T5-large and T5-x1), and the
decoder-only LLaMA model [122] (LLaMA2-7B and LLaMA2-13B)f’| Hyperparam-
eters a; and ay in Eq. and Eq. are set to 0.55, with the number of
inner loop iterations @) set to 8, and the number of outer loop iterations set to 4.
Following Zhao et al. [I79], 2% of the original training set is used for replay samples.

All experiments are averaged over 3 runs.

Main Results

The overall CL results using the same TH-large backbone are summarized in Table

B.7

Our Recurrent-KIF effectively addresses the challenges of CF and KT si-
multaneously. Compared to both traditional CL methods (LoRAReplay, L2P) and
model ensemble-based methods (MoELoRA, O-LoRA), Recurrent-KIF outperforms
them in both CF (increasing average OP from 72.7% to 78.1% compared to O-LoRA)
and KT (increasing average BWT from -13.6% to -3.2% compared to LoRAReplay).
SAPT achieves the highest performance by leveraging generative replay-based data
augmentation, surpassing MTL result. However, it relies heavily on external data

synthesis, which can be costly in LLM settings.

Moreover, when compared to parameter importance-based methods like TaSL and

VR-MCL, Recurrent-KIF consistently delivers the best OP and BW'T scores. Notably,

2Due to being limited by an academic computing budget, we employed 8-bit quantization for

LLaMA models.
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Figure 3.10: Performance of Recurrent-KIF with different backbones on the Long

Sequence Benchmark.

Recurrent-KIF outperforms the state-of-the-art CL method, MIGU, increasing OP
from 76.6% to 78.1%. These results underscore the effectiveness of our recurrent
knowledge identification and fusion framework, validating the advantages of dynamic
parameter importance estimation in mitigating forgetting and promoting knowledge

transfer.

Recurrent-KIF demonstrates consistent superiority across various back-
bones. To further validate the robustness of Recurrent-KIF, we conduct experi-
ments across different backbones (Figure[3.10)). Across all backbone sizes, from 770M
to 13B, Recurrent-KIF consistently outperforms all baseline models. For instance, us-
ing the LLaMA2-7B backbone, Recurrent-KIF boosts the OP metric from 75.6% to
78.2% compared to VR-MCL. These results emphasize the critical role of accurate pa-
rameter importance estimation and demonstrate the robust generalization capability

of Recurrent-KIF across different model scales.
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LoRAReplay - === VR-MCL Recurrent-KIF (Ours)

(a) T5-large on Task Order 1 (b) LLaMAZ2-7B on Task Order 3

Figure 3.11: Impact of Catastrophic Forgetting in Continual Learning. After
fine-tuning on the final task (in orange), Recurrent-KIF demonstrates superior re-
sistance to performance decline on previously learned tasks (in blue), outperforming

baseline methods.

Dynamic importance estimation enables effective knowledge retention and
transfer. Figure illustrates the performance of various methods across all his-
torical tasks after completing the final task. It highlights that Recurrent-KIF opti-
mally restores the model’s performance on previous tasks, with significant improve-
ments on Amazon and Copa. Notably, on IMDB and AG News, Recurrent-KIF per-
forms comparably to multi-task learning results. These demonstrate that Recurrent-
KIF strikes an effective balance between preserving prior knowledge and excelling in

new tasks.

Ablation Study

We conduct ablation studies to assess the effectiveness of the proposed techniques in

Recurrent-KIF. The results for task order 1 on the Long Sequence Benchmark are

shown in Table B.8]
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Method OP BWT

Recurrent-KIF 77.9 -3.4

- DIE 74.8  -4.8
- KI 52.3 -21.5
+ GM 72.1  -11.2
+ Adaptive 76.1 4.1
- Share 75.8 4.3

Table 3.8: Ablation study. “- DIE”, “- KI”, “- Share” refer to the removal of dynamic
importance estimation, knowledge identification, and task-shared region updates, re-
spectively. “+ GM”, “+ Adaptive” represent replacing the knowledge fusion mecha-

nism with global merging and adaptive merging strategy, respectively.

Effect of Dynamic Importance Estimations. To validate the role of dynamic
importance estimation, we replace it with a static version (“- DIE”), where importance
scores for historical tasks remain fixed after their initial computation. The significant
performance decline (3.1% on OP and 1.4% on BWT) highlights the necessity of
dynamically updating historical task importance distributions. By maintaining up-
to-date importance scores, our approach improves both robustness and accuracy,

thereby enhancing knowledge retention and transfer.

Effect of Importance-Based Binary Mask Strategy in Knowledge Fusion.
We replace our knowledge fusion mechanism with three alternative model merging
strategies: (i) Without knowledge identification (“- KI”): Directly merge 7™ and
7°" in Eq.(3.26) without applying importance-based fusion. (ii) Global importance-
based merging (“+ GM”): Use a global weighted sum of importance scores I;® and
I for fusion instead of applying element-wise masking. (iii) Adaptive Fusion [159]
(“4+ Adaptive”): A soft-masking method that uses raw importance scores directly for

fusion instead of binary masks. Additionally, we evaluate the effectiveness of updating
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Figure 3.12: Visualizations of task vector and parameter importance distributions on

Th-large.

the task-shared region by introducing “- Share”, where m™ is set to 0 when both m®™

out

and m°* are 1.

The results in Table confirm the effectiveness of importance-based binary masking
in filtering redundant information and preserving task-specific knowledge. Moreover,
disabling updates to the task-shared region leads to performance drops of 2.1% and
0.9% on two evaluation metrics, demonstrating that updating task-shared parameters

is critical for effective knowledge transfer between tasks.

Effect of Multi-Round Knowledge Fusion. We compare multi-round fusion
with traditional single-step fusion methods and analyze the impact of the number
of knowledge fusions by adjusting the inner loop iteration size (). In Recurrent-KIF,
with the total number of iterations for the inner loop fixed at ', increasing () reduces

the number of fusion steps, which is N'/Q.

Figure presents two key findings: (i) Multi-round fusion consistently outper-
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Figure 3.13: Ablation study on the number of fusions.

forms single-step fusion by leveraging intermediate training information, resulting in
smoother knowledge integration, similar to the distinction between gradient descent
and stochastic gradient descent; and (ii) performance improves with the number of
fusion steps up to a certain point, after which diminishing returns are observed.
This decline occurs because excessive fusion introduces noise and redundant updates,
disrupting the balance between new and prior knowledge, and potentially causing

overfitting to unconverged intermediate states.

Visualization

We present two key visualizations to analyze the effectiveness of our proposed meth-

ods:

Can the Magnitude of the Task Vector Reflect Parameter Importance?
We explore the relationship between task vector magnitude and parameter importance
scores. As shown in Figure (a), although the magnitude of parameter updates
is generally large, only a subset of parameters, mainly in the encoder, are truly

important. This indicates that a large portion of the parameters are redundant,
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highlighting the need for our importance-based knowledge fusion mechanism.

Does the Importance Distribution of Historical Tasks Change with Model
State? Figure [3.12|b) illustrates the shift in the importance distribution of histor-
ical tasks before and after training on a new task. While the overall distribution
remains stable across model states, notable changes in specific importance scores are
observed, highlighted by the dashed box. This demonstrates the value of dynamic
estimation, enabling more precise identification of key parameters and enhancing

knowledge fusion across tasks.

3.4.4 Conclusion

In this section, we introduce Recurrent Knowledge Identification and Fusion (Recurrent-
KIF), a novel CL framework that dynamically estimates the importance of parame-
ters for previous tasks. Recurrent-KIF iteratively employs an inner learner to localize
new knowledge and an outer learner to manage the global fusion of knowledge, en-
abling real-time and adaptive adjustments to the fusion strategy based on evolving
importance distributions. Extensive experiments demonstrate the effectiveness of

Recurrent-KIF in addressing continual learning challenges.

3.5 Methodology — Adaptive Iterative Model Merg-
ing (AIMMerging)

3.5.1 Introduction

Recent model merging methods [17), [123] [157] have gained prominence for CL, largely
due to their capacity for KT. Traditional approaches typically involve a single-round

merge, commonly applied between pre- and post-training models, using global or
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(a) Single-round Merging

O

Merge
(b) Fix-interval Multi-round Merging

(c) Adaptive Iterative Merging

_________________

//’/ ———————— o e P e e
If the learning or forgetting signal is If the learning signal is activated but the forgetting
activated (Pin 1, 2), perform merging signal is not (Pin 3), delay merging until the forgetting
to prevent CF. signal is triggered (Pin 4), excelling in new tasks.

Figure 3.14: Tllustration of three different model merging strategies. Guided by the
learning and forgetting signals extracted from the training trajectory, our AIMMerg-
ing adaptively adjusts the merging intervals and frequency, thereby enhancing CL

performance.

fine-grained strategies (Figure [3.14f(a)). Departing from single-round methods, Feng
et al. [29] proposed a recurrent framework that merges models iteratively after fixed
training steps (Figure [3.14|(b)), showing that leveraging intermediate training states

through multiple merges can enhance performance.

This multi-round merging paradigm reveals significant potential and highlights the
importance of optimizing the merging process. Inspired by these promising results, a

critical question emerges:

How can we determine the optimal timing and frequency of merging

during training to further enhance performance?
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To this end, we propose a novel CL framework called Adaptive Iterative Model
Merging (AIMMerging). It achieves dynamic monitoring of the training status
by innovatively employing learning and forgetting signals extracted from the

training trajectory.

Based on these signals, AIMMerging consists of two key modules: the Training
Trajectory-guided Merge Controller, responsible for adaptively scheduling the
timing and frequency of model merging, and the Rehearsal-based Knowledge

Fusion Module, which performs the global merging operation.

More specifically, the learning stgnal is quantified by the change in model param-
eters across training steps, reflecting the model’s acquisition progress for new knowl-
edge. Analysis of its trend via a sliding window identifies periods of rapid learning or
slow convergence. The forgetting signal, on the other hand, is derived from the loss
on historical data, offering real-time insight into the extent of CF. It is triggered when
the historical loss exceeds a predefined threshold or shows a notable rise, signifying

potential knowledge loss.

These signals guide the merge controller with distinct functions. The learning signal,
typically measured after a merge, helps determine the next merging interval, thereby
influencing the overall merging frequency. In contrast, the forgetting signal is contin-
uously monitored during training. It serves as a critical, real-time trigger, prompting

an immediate merge when significant forgetting of historical knowledge occurs.

Leveraging the dynamic monitoring from the learning and forgetting signals, the
training trajectory-guided merge controller adaptively determines the merging
schedule by interpreting their interplay. Based on the findings from our preliminary
study (see Section , the controller increases the merging frequency to proactively
mitigate CF when the learning signal indicates a rapid learning phase or the forgetting
signal is activated. Conversely, when the learning signal indicates a slow convergence

phase or the forgetting signal remains inactive, the controller reduces the merging fre-
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quency, allowing the model to focus more on learning new knowledge. Through this
interaction, our method strikes a better balance between retaining previous knowl-
edge and excelling in new tasks. The rehearsal-based knowledge fusion module
executes the global merge operation, utilizing the relative importance weights derived
from the learning and forgetting signals to merge new and historical knowledge effec-
tively. Extensive experiments demonstrate the strong performance of our method in

addressing CL challenges.

Our main contributions are summarized as:

» We propose a novel adaptive iterative model merging framework (AIMMerging)
for CL. To the best of our knowledge, AIMMerging is the first to leverage the train-
ing trajectory by extracting learning and forgetting signals to dynamically monitor
the model’s state and guiding adaptive scheduling of iterative model merging.

o We introduce two novel techniques: the training trajectory-guided merge con-
troller and the rehearsal-based knowledge fusion module.

» Extensive evaluation on three CL benchmarks utilizing four backbones (from
770M to 13B) demonstrates that AIMMerging significantly enhances knowledge
transfer capabilities, achieving an average relative improvement of 80% (from -
2.5% to -0.5%) in FWT and 59% (from -4.9% to -2.0%) in BWT | surpassing

previous state-of-the-art methods.

3.5.2 Preliminary Study

In this section, we conduct two key analysis: (i) investigating the dynamic changes
in the model’s training states regarding new knowledge acquisition and historical
knowledge forgetting, and (ii) examining the impact of model merging during training
on both new and historical knowledge. These analyses provide valuable insights for

optimizing the adaptive merging strategy.
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Notation We consider a pre-trained model § € R™ with n parameters. After train-
ing on task 7;_1, the model are denoted as #*~!. Fine-tuning on a new task 7j,
produces updated parameters #%. The difference 7% = ¥ — %1 referred to as the

task vector or training residual [52], represents task-specific parameter updates.

For traditional single-round merging methods, a merging function fueree is typically
used to combine the model #*~1 and the fine-tuned model #* to obtain the final
model: 6F = Jmerge (0571, 0%). In contrast, multi-round model merging methods per-
form merges during the training process. Specifically, assuming the total number of
training iterations is .J, 9;“’1 represents the model’s parameters at the j-th iteration.
For example, if the interval between two consecutive merges is S (e.g., 100 training
iterations), the merged model is represented as: éf;é = ,’nerge(ej?—l, Hﬁé) The model

is then further trained based on éﬁé

Analysis of Knowledge Acquisition and Forgetting

New Knowledge Acquisition We measure the model’s learning state for new
knowledge by summing the absolute values of parameter changes within a fixed train-
ing interval, such as every 10 steps (Figure . In the early stages of training, the
parameter changes are large and show an upward trend, indicating the rapid learning
phase. As training progresses, these changes decrease, signaling a slow convergence
phase. Interestingly, peaks may reappear, suggesting the model revisits unlearned or

challenging knowledge.

Based on two learning scenarios, we conducted two comparative experiments: (1)
increasing merging frequency during the rapid learning phase, and (2) increasing
merging frequency during the slow convergence phase. As shown in Table the
results reveal that increasing merging frequency during the rapid learning phase im-
proves performance by preventing excessive accumulation of new knowledge. How-

ever, merging during the convergence phase leads to a decline in performance, likely
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Figure 3.15: Parameter change for new knowledge acquisition during training.

Merging Strategy OP FWT BWT

Fix Interval 78.3 -34 2.7

Slow Convergence Phaset™ 779 -3.8  -3.0
Rapid Learning Phase* 78.5 -2.7 -1.9

Table 3.9: The impact of different merging strategies on performance. “*” indicates

increased merging frequency during the corresponding phases.

due to redundancy in the stable model. This insight is valuable for refining the

learning signal strategy in our method.

Forgetting of Historical Knowledge During training, we sample a batch of mem-

ory data from the buffer, feeding it into the model for loss calculation without gradient

updates. This allows us to monitor historical knowledge loss, as shown in Fig. |3.16]

The loss for historical knowledge increases as new knowledge is learned, aligning with

expectations. When the loss exceeds a predefined threshold, the forgetting signal is

triggered, prompting merging to mitigate forgetting.
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Figure 3.17: Loss change for new and historical knowledge after model merges during

training.

Impact of Model Merging on New and Historical Knowledge

We perform one or two merges during training to observe the changes in loss for both
new and historical knowledge (Figure . The results show that after each merge,
historical knowledge loss decreases significantly, demonstrating effective mitigation of
CF. However, the loss for new tasks increases, indicating that merging may interfere
with learning new knowledge. Thus, selecting the appropriate merging timing is key

to balancing new knowledge acquisition and historical knowledge retention.
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3.5.3 Proposed Method: AIMMerging

Overview AlIMMerging employs two signals, the learning signal and the for-
getting signal, to monitor the model’s training state. Based on the real-time
fluctuations of these two signals, our approach reconfigures the training process
into multiple iterative model merging cycles, guided by two core components: (i)
Training Trajectory-guided Merge Controller: adaptively selects the timing of
model merges and dynamically adjusts the intervals between subsequent merges. (ii)
Rehearsal-based Knowledge Fusion: responsible for generating merging weights

and applying memory-replay techniques to integrate new and historical knowledge.

The Design of Merge Controller

Assume the current task is 7T, and 9;-“’1 represents the model’s state after j training

iterations [l

Merge Controller with Learning Signal The core function of the learning signal
is to dynamically adjust the merging interval S based on the model’s current state for
new knowledge. Assume the b-th merge is scheduled at the j-th training iteration, and
the interval since the (b—1)-th merge is Sp. The task vector capturing the parameter

update between these two successive merges is defined as:
Ty = Gj - Hj—Sb (329)

By summing the absolute values of the task vector elements, we obtain a measure of

the model’s learning state for the new task, expressed as:
i=1

where 77 is the i-th element of the task vector. Dividing by S, normalizes the value,

allowing for fair comparison across intervals of varying lengths.

3For simplicity, we omit the superscript k& — 1 in the following descriptions.
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We use A to assess the model’s learning state for new knowledge. By comparing the
current value A, with the previous one A, 1, we observe the parameter change trend

and adjust the merging interval from S, to Spi1.

However, considering only the trend between two consecutive values may cause the
learning signal to be overly sensitive to short-term fluctuations. To address this, we
adopt a sliding window approach to analyze parameter change trends across multi-
ple historical points and capture a more reliable overall trajectory. Specifically, we
maintain a list to record the historical values of A, denoted as H = [Ay, Ag, ..., Ap_1].
Given a sliding window length L,,, we compare the trends between consecutive entries,

i.e., between Ay and Ap_1, Ap_1 and Ao, ..., up to Ap_p,+1 and Ap_p,,.

If upward trends dominate, indicating rapid learning phrase for new knowledge, we
reduce the merging interval based on the magnitude of parameter changes (Case 1).
If downward trends dominate, indicating slow convergence phase, we increase the
merging interval (Case 3). If they are balanced, we keep the current interval (Case

2). The adjustment strategy is defined as:

max(Smin, 6/ Mearn)s  (Case 1)

Sh11 =4 Sy, (Case 2) (3.31)

min(Smax, Sp - 7fgam), (Case 3)

where Sy, and Spa denote the minimum and maximum allowed merging intervals,
and Vearn 1S & step-size adjustment factor. A cold-start phase is introduced at the
beginning of training, during which no adjustments are made, lasting the length of

the sliding window with an initial interval S;,;.

Merge Controller with Both Learning and Forgetting Signals Relying only
on the learning signal, the model adjusts the merging interval S based on the learning
state for new knowledge, but this neglects the forgetting of historical knowledge,

leading to a suboptimal merging strategy.
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To address this, we further integrate the forgetting signal F to assist the controller
adjust the merging strategy by considering both new and historical knowledge. The
strategy triggers earlier or delayed merges depending on the forgetting signal, opti-

mizing the merging interval.

We define the forgetting signal based on the loss change of historical data during the
training of new tasks. In each iteration, a batch of historical data is sampled from
the memory buffer and combined with the current task’s batch. The historical data
is used only for loss computation, excluding it from gradient updates. The forgetting
signal is activated if the loss on historical tasks exceeds a predefined threshold, which
is calculated using the average loss over the first 2/3 x Spy1 steps, scaled by an
adjustment factor 7oge¢ to produce the threshold d541. If the historical loss exceeds
this threshold during subsequent training, the forgetting signal is triggered and the
activation count is incremented as: F(b+ 1) = F(b+ 1) + 1.

Overall Workflow of the Merge Controller If the forgetting signal is activated
multiple times (e.g., F(b+1) > Fiuaz) before the scheduled merging interval Spq, an
early merge is triggered to prevent further forgetting, i.e., the actual merging interval
Spr1 < Spt1. Conversely, if the model reaches the predefined merging interval Sy,
without the forgetting signal being activated, the merge can be deferred to allow the
model to continue focusing on learning new knowledge. The merge will be triggered
either when the forgetting signal is activated (S, > Sp41) or when the iteration

count reaches the upper limit (S;,; = 2 * Sy11).

In summary, our controller dynamically balances both learning and forgetting signals
to optimize new knowledge acquisition while minimizing forgetting, resulting in an

adaptive merging strategy.
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Rehearsal-based Knowledge Fusion

When the merge controller initiates a merge, the knowledge fusion module performs
the actual task knowledge fusion. Assume the b-th merge occurs at the j-th training

iteration. The parameter change representing new knowledge is defined as:

Tnew, — 9]‘ - ej—S,g (332)

Next, we fine-tune #; on memory data for S;/2 steps, resulting in an updated model

state 0jar). The task vector for historical knowledge is then:

Tpastb = QJ(M) - 6]' (333)

The final model parameters are updated by fusing both task vectors with learnable

weights:

éj = Qj—Sg + aq - Tnewb —I— Qa9 Tpastb (334)

where ay and as are the fusion weights, computed as follows:

o For 7w, we assess the proportion of the upward trend in the learning signal’s
sliding window, Ppew = Lup/Ly, indicating the model’s active learning of new
knowledge.

o For 7, we compute the ratio of the forgetting signal’s activation count F(b)
to the maximum threshold Fiax, Ppast = F(b)/Fmax, suggesting the extent of

historical knowledge forgetting.

The fusion weights are then normalized as:

Pnew Ppast
= — = — 3.35
“ 7)new + 7)past “ 7)new + 7)past ( )

After the fusion is completed, training continues from the updated model state éj.
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Standard CL Long Sequence SuperNI

OpPt FWTt BWT?T | OPt FWTt+ BWTY | OPt FWTt BWTYT
SeqLoRA 437  -9.1 -50.4 | 11.6 -108 -734 | 64 -136  -31.0
IncLoRA 66.4 -8.7 -20.0 | 61.2 -11.1 -26.7 8.2 -15.1 -27.4
LoRAReplay 68.8  -9.0 -11.7 | 709 -11.3  -154 | 354 -124  -15.8
EWC* [61] 50.3 - - 45.1 - - 35.7 - -
L2P* [145] 60.7 - - 56.1 1.36 -16.3 | 127 -19.1 -8.0
LFPT5* [103] 2.7 - - 69.2  -2.5 -12.8 | 344 -05 -14.5
MoELoRA* [8€] 541  -6.2 ST 1216 86 -13.2 | 21.8 -T2 -19.0
O-LoRA* [138] 75.8  -5.9 -3.8 | 696 -82 -4.1 | 259  -01 -24.6
TaSL [28] 76.3  -5.4 -40 | 744 -79 -5.3 | 389  -12 -10.8
MIGU* [18] 76.6 - - 76.5 - - - - -
VR-MCL [149] 76.0 -4.6 -3.7 74.8 -6.0 -4.9 41.1 0.2 -9.3
Recurrent-KIF* [29] 78.4 -3.1 -2.8 77.8 4.6 -3.6 | 43.3 0.4 -8.4
AIMMerging (ours) | 78.1 -1.5 -04 |77.9 -2.3 -1.8 | 44.3 2.2 -4.0
MTL 80.3 - - 81.8 - - 50.7 - -
SAPT-LoRA [I79) - - - 82.0 1.9 -1.3 | 51.5 1.9 -0.57

Table 3.10: Overall results on three CL benchmarks using the Th-large model. We
report Overall Performance (OP), Forward Transfer (FWT), and Backward Transfer
(BWT) after training on the final task. All results are averaged over different task
orders. Methods marked with * are copied from previous papers. The last two rows

represent upper bound performance.

3.5.4 Experiments

Dataset We adopt the experimental setup from Du et al. [I§], using three CL
benchmark datasets: (i) Standard CL Benchmark, which consists of five text clas-
sification tasks from Zhang et al. [I76]. (ii) Long Sequence Benchmark, a more
challenging evaluation scenario comprising 15 tasks [109]. (iii) SuperNI Bench-
mark [143], a comprehensive benchmark for text generation, designed to evaluate 15
NLP tasks. Following Wang et al. [I38], we sample 1000 instances for training on

each task and reserve 500 per class for testing.
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Metrics Let a;; denote the testing performance on task 7; after training on task
T;, and ag, refers to the performance of training task ¢ individually. We evaluate the
overall performance (OP) [9], backward transfer (BWT) [58], and forward transfer
(FWT) [83] after training on the final task.

Baselines We compare AIMMerging against various advanced methods, as well
as both single-round and multi-round model merging methods. All methods are
implemented using the LoRA framework to ensure fairness: (1) SeqLoRA: LoRA
parameters are trained on a task sequence without regularization or sample replay.
(2) IncLoRA: incremental learning of LoRA parameters without regularization or
sample replay. (3) LoRAReplay: LoRA fine-tuning with a memory buffer. (4)
EWC [61)]: finetune LoRA with a regularization loss to prevent interference with
previous tasks. (5) L2P [145]: dynamically selects and updates prompts from a
pool on an instance-by-instance basis. (6) LFPT5 [103]: learns a soft prompt
that solves tasks and generates training samples for replay. (7) O-LoRA [138]:
extends IncLoRA to learn different LoRAs in orthogonal subspaces. (8) MoELoRA
[86]: a vanilla MoE with LoRA number equals to the task number. (9) SAPT
[L79]: uses pseudo samples and a shared attention framework to align PEFT block
learning and selection. (10) MIGU [18]: updates important parameters based on
gradient magnitude. (11) TaSL [28]: a single-round model merging method based on
parameter importance. (12) VR-MCL [149]: dynamically updates the distribution
of parameter importance through memory replay. (13) Recurrent-KIF [29]: a
multi-round model merging method based on fixed merging intervals. Additionally,

multi-task learning, referred to as MTL, serves as the upper bound.

Training Details We evaluate AIMMerging using different backbone models, in-
cluding T5-large [106], Qwen3 1.7B [I58], LLaMA2-7B [122], and LLaMA2-13B. For

the learning signal, the initial merging interval S;,;; is set to 8, and the sliding win-
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dow size L, is set to 3. The minimum and maximum merging intervals, S,,;, and
Spmaz, are set to 2 and 128, respectively. The adjustment factors ;5. and v, are
selected based on the current merging interval: if S > 64, we set !, = 1.5 and
Yiearn = 2; otherwise, we set 5, = 2 and 4.,,, = 1.5. For the forgetting signal,
the threshold scaling factor Ygget is set to 2, and the maximum number of allowed
activations before forcing an early merge, F.x, is set to 3. Following Feng et al.
[29], 2% of the original training set is used for replay samples. All experiments are

averaged over 3 runs.

Main Results

The overall CL results using the same T5-large backbone are summarized in Table

2. L0l

Our Training Trajectory-based AIMMerging Method Effectively Addresses
Both CF and KT Challenges. Compared to traditional CL methods (LoRAReplay,
EWC) and model merging approaches (O-LoRA, MoELoRA, TaSL), AIMMerging
outperforms them in both CF (increasing OP from 59.5% to 66.8% compared to
O-LoRA) and KT (improving BWT from -6.0% to -2.1% compared to VR-MCL).
SAPT achieves the highest performance with generative replay-based data augmen-
tation, surpassing MTL results. Notably, AIMMerging achieves a BWT of -1.8%
on the long sequence benchmark, close to SAPT’s -1.3%, and outperforms SAPT in
FWT on SuperNI (improving from 1.9% to 2.2%).

Moreover, AIMMerging outperforms the state-of-the-art Recurrent-KIF, also based
on multi-round merging, with significant improvements in both FWT (2.0%, from
-2.5% to -0.5%) and BWT (2.9%, from -4.9% to -2.0%). These results show that
AIMMerging effectively balances preserving prior knowledge and excelling in new

tasks.
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Figure 3.18: Performance of AIMMerging with different backbones on the Long Se-

quence Benchmark.

AIMMerging Demonstrates Consistent Superiority and Generalization Across
Various Backbones. We validated the robustness of AIMMerging using backbones
ranging from 770M to 13B parameters, as shown in Figure[3.18 Across all sizes, AIM-
Merging consistently outperforms baseline models. Notably, with the LLaMA2-7B
backbone, AIMMerging improves FWT from 78.2% to 79.3% and BWT from -2.9%
to -1.6% compared to Recurrent-KIF, demonstrating its strong generalization ability

across different model scales.

The Adaptive Iterative Merging Framework Enables Effective Knowledge
Retention. Figure(3.19|illustrates the performance of the initial task after training
on subsequent tasks. AIMMerging significantly reduces catastrophic forgetting, with
only a 4% performance drop after training on the final task. In contrast, vanilla replay
shows a 32% drop, and Recurrent-KIF shows a 10% decline. These results underscore

our model’s strong backward knowledge transfer capability.
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Figure 3.19: Performance trajectory of Task 1 on the longsequence benchmark during

the CL process.

Ablation Study

We perform ablation studies to evaluate the effectiveness of the two key techniques

in AIMMerging. Results for task order 1 on the SuperNI Benchmark are shown in
Table B.11}

Effect of Training Trajectory-guided Merge Controller. To validate the con-
tribution of the learning signal and forgetting signal to the merge controller’s decision-
making, we remove the learning signal (“- LS”) and forgetting signal (“- FS”) indi-
vidually. When only the learning signal is used, merging occurs whenever the model’s
iteration reaches the pre-defined interval S. When only the forgetting signal is used,
merging occurs when the loss of historical tasks exceeds the threshold. The perfor-
mance decline in Table highlights the necessity of both signals. Using only one
signal leads to focusing on either new knowledge learning or historical knowledge

retention, while both signals allow better balance.
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Method OoP FWT BWT

AIMMerging 45.1 1.3 -2.2

- LS 439 0.5 -3.4
- FS 44.3 08 -3.9
+ MGM 44.2 0.7 -3.7
+ IFM 449 1.2 -2.1

Table 3.11: Ablation study. “- LS”, “- FS” refer to the removal of the learning signal
and forgetting signal in our merge controller, respectively. “+ MGM” and “+ IFM”
represent replacing the merging weights with manually set global merging weights

and parameter importance-based fine-grained merging weights, respectively.

Effect of Rehearsal-based Knowledge Fusion Module. We replace the weight
calculation method in our fusion mechanism with two alternatives: (i) Manually
set global merging weights (via grid search). (ii) Parameter importance-based fine-
grained merging weights (following Feng et al. [29]). Our results show that weights
based on the learning and forgetting signals outperform manually set weights, im-
proving three evaluation metrics by 0.9%, 0.6%, and 1.5%. Compared to parameter
importance-based weights, our method shows slightly better performance, demon-
strating that the learning and forgetting signals effectively capture the relevance of
task vectors for knowledge updating and retention. Moreover, our approach is more
efficient, avoiding the computational overhead of calculating and storing parameter

importance.

Visualization

We visualize two key aspects of our method’s effectiveness.
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Figure 3.20: Visualizing merge controller behavior based on dynamic changes in learn-

ing and forgetting signals.

Visualizing How the Merge Controller Adjusts Merging Timing and Step
Size Based on the Learning and Forgetting Signals. As shown on the left of
Figure [3.20] for simpler training scenarios, the merge controller gradually increases
the merging interval. In the early stages of training, when there is significant new
knowledge update, increasing the merging frequency helps prevent forgetting of his-
torical knowledge. While in later stages, reducing it avoids redundant merges. In
contrast, for more complex scenarios shown on the right, our method dynamically
adjusts the merging frequency based on changes in the training state. For example,

the model enters multiple rapid learning phases again during the middle of training

(indicated by the peaks in the figure), prompting an increase in merging frequency.

Visualizing Adaptive Iterative Merging’s Effect on Catastrophic Forget-
ting. Figure demonstrates the impact of our multi-round merging approach
on historical knowledge forgetting. With vanilla LoRAReplay, the loss for historical
tasks increases progressively, reflecting an escalating degree of forgetting. In contrast,
our method effectively mitigates forgetting by selecting optimal merging points, en-

abling timely suppression before significant forgetting occurs. This results in a more
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Variation of Historical Task Loss Over Training Steps

History Loss (Vanilla)
0.25 History Loss (Ours)
= Fitted Line (Vanilla)
== Fitted Line (Ours)

o
1)
S

Hisotry Loss
°

o
=)

0.05

0.00

0 100 200 300 400 500 600
Training Step
Figure 3.21: Visualization of the effect of AIMMerging in alleviating catastrophic
forgetting.

stable or even decreasing overall loss trend, demonstrating the effectiveness of our

approach in alleviating catastrophic forgetting.

3.5.5 Conclusion

In this section, we introduce Adaptive Iterative Model Merging (AIMMerging), a
novel CL framework that enables dynamic monitoring of the training status by lever-
aging learning and forgetting signals extracted from the training trajectory. The
framework consists of two key modules: the training trajectory-guided merge con-
troller, which adaptively schedules the timing and frequency of model merging, and
the rehearsal-based knowledge fusion module, which performs the global merging op-
eration based on these signals. Extensive experiments validate the effectiveness of

AIMMerging in addressing the key challenges of continual learning.
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3.6 Chapter Review

In this chapter, we tackled the challenge of catastrophic forgetting in continual learning
for large language models (LLMs). We proposed three progressive methods: Knowl-
edge Identification and Fusion (KIF), Recurrent KIF, and Adaptive Iterative Model
Merging (AIMMerging). KIF identifies task-specific and task-shared knowledge by
estimating parameter importance and consolidating them through model merging.
Recurrent KIF extends this approach by dynamically updating importance scores
over time, enabling more reliable knowledge integration in long task sequences. Fi-
nally, AIMMerging introduces adaptivity into the merging process by determining
the optimal timing based on learning and forgetting signals. Extensive experiments
demonstrate that our methods outperform existing baselines such as EWC, MAS,

and TIES-Merging in balancing stability and plasticity.

Limitations in large-scale continual learning. Although our methods scale bet-
ter than traditional parameter regularization approaches, challenges remain in sce-
narios with extremely long task sequences or highly heterogeneous domains. The
cumulative drift of representations can still degrade performance, even when dy-
namic importance estimation is applied. Future work may explore hybrid strategies
that combine importance estimation with modular architectures or memory-replay to

further enhance robustness.

Adaptive merging requires reliable signals. AIMMerging relies on the extrac-
tion of learning and forgetting signals from the training trajectory. While effective in
our experiments, the quality of these signals may vary depending on task complexity
and data noise. This can lead to suboptimal or delayed merging decisions. A promis-
ing direction is to incorporate meta-learning techniques to calibrate these signals or

to explore uncertainty-aware merging schedules.
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Trade-off between efficiency and accuracy. Our methods prioritize scalability
to LLMs by avoiding heavy replay or task-specific modules. However, model merging
and dynamic importance tracking still introduce additional computational overhead.
While this overhead is modest compared to full retraining, further optimization—such
as sparse merging strategies or low-rank importance estimation—could make these

methods more efficient for deployment in resource-constrained environments.

Overall, the methods presented in this chapter provide scalable and adaptive solutions
to continual learning in LLMs. By integrating parameter importance identification
and model merging into a unified framework, they advance the state of the art in
mitigating catastrophic forgetting while highlighting open challenges and directions

for future research.
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Chapter 4

Knowledge Editing for Large
Language Models

4.1 Introduction

Large language models (LLMs) have demonstrated the ability to store vast amounts
of knowledge during pre-training and retrieve it during inference [164, [137]. However,
much of the knowledge in the real world is constantly evolving. For instance, the
answer to the question “Who is the President of the United States?” was “Joe Biden”
in 2024, but it is now “Donald Trump”. As a result, some knowledge that was once

correct in LLMs can become obsolete or inaccurate [71], [50].

Real-World Scenarios of Knowledge Editing. In practical deployment, large
language models frequently require targeted knowledge updates without full retrain-
ing. Typical scenarios include correcting outdated factual information, incorporating
newly emerging entities or events, refining domain-specific policies, and addressing
safety-related adjustments. In such cases, retraining the entire model is often com-

putationally prohibitive, while prompt-based solutions may not provide persistent or
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Figure 4.1: Conceptual illustration of F-Learning [100] and our proposed GeoEdit.

globally consistent updates. Knowledge editing aims to provide durable and local-
ized parameter-level modifications that integrate new information directly into the

model’s internal representation.

Comparison with Context Engineering. Knowledge editing differs fundamen-
tally from context engineering. Context engineering modifies model behavior at infer-
ence time by altering prompts, adding retrieved documents, or introducing structured
instructions. It is flexible and does not alter model parameters, but its effects are
transient and dependent on the provided context. In contrast, knowledge editing
performs parameter-level updates that persist across inference settings, enabling con-
sistent responses without requiring additional prompts or retrieval mechanisms. From
a knowledge adaptation perspective, context engineering operates at the input level,
whereas knowledge editing operates at the model level. These two approaches are

complementary: context engineering provides flexible and reversible control, while
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Chapter 4. Knowledge Editing for Large Language Models

knowledge editing ensures persistent and integrated updates.

To address this issue, model editing methods have been developed to update the target
new knowledge while preserving unrelated general knowledge within the model [40,
88, [139]. Specifically, current model editing methods typically follow the “locate-
and-edit” paradigm [130} 127, [72]. The core idea is first to locate influential weights
in LLMs and then edit them by introducing a perturbation. Although effective,
these approaches incur significant computational overhead to identify the important
neurons and parameters [96]. Some methods also require sampling additional data
(e.g., from Wikipedia) to mitigate the impact on the general knowledge within LLMs

during editing [97, 21], introducing extra costs and potential biases.

In contrast, fine-tuning with updated knowledge, as demonstrated in recent stud-
ies [180, 136, 80], offers a more straightforward solution through the use of parameter-
efficient fine-tuning (PEFT) techniques. These methods employ various strategies to
edit the model without the need to differentiate the importance of individual parame-
ters [29]. Among these, the pioneering work F-Learning [I00] introduces a new learn-
ing framework called “Forgetting before Learning,” as illustrated in Figure (a).
This approach is based on the empirical observation that new knowledge can be dif-
ficult to learn when it conflicts with existing knowledge. By first forgetting outdated
knowledge, the learning of new knowledge becomes easier. However, this approach
has a critical limitation: it struggles to balance the integration of new knowledge with
the preservation of existing general knowledge. Specifically, F-Learning assumes that
all updates between old and new knowledge are inherently conflicting, which over-
simplifies the complexity of knowledge integration. Furthermore, the uncontrained
forgetting process can significantly impact the model’s generalization ability to out-

of-scope samples, considerably reducing the performance of the Locality metric.

To address these limitations, we propose Geometric Knowledge Editing (GeoEdit),
a novel fine-tuning-based model editing framework that enhances editing precision

while strongly preserving model generalization without the need for additional unre-
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lated data. The core insight of GeoEdit is to distinguish between neurons associated
with new knowledge updates and those linked to general knowledge perturbations
by analyzing the geometric relationships of parameter updates caused by fine-tuning.
By masking the updates of general-knowledge-related neurons, we prevent neg-
ative impacts on the model’s generalization ability. At the same time, we optimize
the update strategy for new-knowledge-related neurons, further enhancing the

effectiveness of model editing.

Specifically, we first fine-tune the current model separately on the old and new knowl-
edge datasets. This allows us to derive neuron-level task vectors, 7,4 and 7y, using
task arithmetic [51], which capture the directions of knowledge retention and updat-
ing w.r.t. each neuron, as shown in Figure [1.1(b). We then introduce a direction-
aware knowledge identification method that computes the angle ¢ between these two
directions to classify neurons, followed by customized editing strategies: (i) Orthog-
onal Knowledge Editing (for approximately orthogonal directions): Neurons with
updates orthogonal to old knowledge are classified as general-knowledge-related neu-
rons. These updates are considered detrimental to the model’s generalization ability,
so we refrain from updating these neurons. The remaining neurons are treated as
new-knowledge-related neurons, which are updated with two different strategies: (ii)
Synergistic Knowledge Editing (for aligned directions): When there is slight
conflict between old and new knowledge, we can leverage their similarities to si-
multaneously integrate both. (iii) Conflicting Knowledge Editing (for opposite
directions): For updates with significant conflict, we apply the F-Learning strategy,

where old knowledge is first forgotten before integrating new information.

Additionally, to mitigate angular bias in high-dimensional space, GeoEdit employs
a combined dimensionality reduction approach to more effectively extract angular
information, ensuring the reliability of the edits. To optimize vector fusion, we intro-
duce an importance-guided task vector fusion technique, which applies fine-grained

weights to the vectors and suppresses noise from redundant parameters, further en-
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hancing the effectiveness of model editing. Extensive experiments demonstrate that
GeoEdit achieves the best performance among all fine-tuning-based methods and
show its significant potential for complementing locate-and-edit methods, further en-

hancing performance.
Our main contributions are summarized as:

o We propose a novel geometric knowledge editing framework (GeoEdit) for up-
dating LLMs.

o We develop new direction-aware knowledge identification and importance-guided
task vector fusion techniques.

« Extensive evaluation on two widely-used datasets shows that GeoEdit overcomes
the limitations of F-Learning, improving the Locality metric by 7.4% while main-

taining the best performance in the Reliability and Generality metrics.

4.2 Related Work

Knowledge editing has gained significant attention due to the increasing need to
update the knowledge in LLMs [116} 137, [5, 4]. Existing methods can be classified

into two main approaches:

Locate and edit methods usually locate influential parameters and then edit them
by introducing a perturbation [I70, 56l 155]. Classic methods like ROME [96] and
MEMIT [97] use causal reasoning to identify key neuron activations and adjust spe-
cific weights. Additionally, Yu et al. [166] employs gradient-based attribution to
identify important weights. More recent approaches, such as AlphaEdit [21], improve
the method by projecting perturbations onto the null space of preserved knowledge,

demonstrating strong performance.

Fine-tuning is an intuitive and straightforward way to update the model’s knowl-

edge [20, 33 I81]. Recently, a series of PEFT methods, such as Prefix-Tuning [73] and
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LoRA [46], have made knowledge editing based on fine-tuning more feasible. Zhang
et al. [I74] enhance update efficiency and adaptability by performing incremental
parameter updates of varying magnitudes, which are determined by calculating the

importance of the weight matrix.

However, both of these methods struggle to balance new knowledge updates with
preserving unrelated knowledge [37, 27, [I1]. For instance, locate-and-edit methods
typically require large additional datasets to capture general knowledge and avoid
disruption during editing [131) 44, [3, I71]. Furthermore, locate-and-edit methods
primarily focus on editing the MLP layers of the model, while fine-tuning methods
offer the flexibility to adjust different regions of the model.

Thus, our paper focuses on improving fine-tuning methods. By distinguishing between
general knowledge and updated knowledge based on the angular divergence between
the updated directions of old and new knowledge, our GeokEdit avoids updating gen-
eral knowledge, ensuring model generalization while applying tailored strategies to
enhance the effectiveness of knowledge updates. Additionally, our method can fine-
tune parameters in regions different from those targeted by locate-and-edit methods,

allowing for potential complementarity that further enhances performance.

Practical Instantiation of GeoEdit under Limited Old-Knowledge Data.
GeoEdit constructs the task vector 7,4 using an old-knowledge dataset to distinguish
general-knowledge-related neurons from new-knowledge-related ones. In realistic set-
tings, however, curated old-knowledge datasets may not always be available. In such
cases, GeoEdit can be instantiated using alternative approximations. For example,
the pre-trained model itself can serve as an implicit representation of old knowl-
edge, and parameter differences before and after lightweight fine-tuning on new facts
can approximate directional task vectors. Additionally, small replay sets, synthetic
samples generated by the model, or Fisher-information-based approximations can be

employed to estimate general-knowledge sensitivity. These strategies relax the strict

89



Chapter 4. Knowledge Editing for Large Language Models

i (a) Extracting Neuron-level Task Vectors i‘ (b) Dimensionality Reduction Using Auto-Encoder i
i om e i ; 3 Reconstruction |
‘ I ~ o T, T ;
B et R hRnRREEEEE R \\ H otd — ol Loss + Semantic
! D 1d ! H & ‘E& Consistency Loss |
i s o . ! " T new !
gl ———gt i e Rota: new Ee9
| old i ||| ||| Y Encoder Decoder o e
" i i i (¢) Geometric Knowledge Editing
iy Tota = Bo1a — 0 L " o Editing ;
e Juu | (@ Orthogonal Knowledge Editing ;
i Told I No update 3
: -== § I_, - 1 P
: Pig S S i +-SNE X Teait !
P, P — . f . © Synerisic Knowlodge Ediing  MSG—_—_—_) ;
it D ! ¥ J

g new ol I/' =) / , OldKnowledge

new . || ®ee Encoder . . Retention Direction '

| ' ® Conflicting Knowledge Editing
1 . . . i " . New Knowledge
n i _pi _opi i ' For each neuron i —_ . e !
N Tnew = Onew — 0 J " - Updating Direction |
3 TTTTrTTTTTTTTmTeeees : = i i \ ) Knowledge Editing 3
: Tnew ' Importance-guided Task Vector Fusion (Egq. /1) Direction

Figure 4.2: Overview of KIF. Step (a): Neuron-level task vectors 7,4 and 7, are
extracted for both the old and new knowledge datasets using parametric arithmetic.
Step (b): An auto-encoder is trained to project a low-dimensional representation of
the task vectors, eliminating the angular bias issue in high-dimensional space. Step
(c): The latent task vectors, hpe, and hyyg, are reduced to two dimensions using
t-SNE to compute the angular relationships, which are used to classify neurons based
on the angle. Finally, after applying different editing strategies, we obtain the edited

vector Teq;t, which is added to the initial model to generate the edited model fj,.

requirement of large curated old datasets while preserving the geometric principle
underlying GeoEdit. Therefore, although the availability of old-knowledge data im-
proves estimation accuracy, the core mechanism of neuron-level geometric separation

remains applicable under practical constraints.

4.3 Methodology

In this section, we present our method for knowledge editing in LLMs. As illustrated

in Figure GeoEdit follows a three-step process:
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4.3.1 Extracting Neuron-level Task Vectors

Supervised fine-tuning (SFT) on a dataset injects new knowledge into the LLMs,
reflected in model parameter changes. For an initial model fy; with parameters 6,
fine-tuning on dataset D produces updated parameters. The difference between the

updated and original parameters is referred to as the task vector [51], calculated as:
T=FT{0,D} — 6 (4.1)

where 7 is the corresponding task vector, and FT is the fine-tuning operation. Unlike
F-Learning, we fine-tune the initial model fy separately on the old and new knowledge

datasets to isolate their respective adaptations, then compute task vectors:
Toia = FT{0, Doia} — 0 (4.2)

Tnew — FT{G, Dnew} —0 (43)

where D4 and D, are datasets encoding outdated and updated knowledge respec-

tively.

While prior research typically captures task vectors at the model level [51], we pro-
pose extracting them at the neuron level for finer control. Let 0 = {6',62, ... 6V}
represent the N neurons in the LLM, where the i-th neuron is represented by 6° €
R with d, dimensional parameters. The neuron-level task vectors are given by
Toew = AT ews Toows - - - TV b, Where 72 corresponds to the new knowledge task vec-
tor for the ¢-th neuron ﬂ This approach enables more granular analysis of parameter

changes and selective editing of knowledge-specific neurons, enhancing model editing

precision.

After obtaining the task vectors for both old and new knowledge, we focus on the

directional characteristics, which are more crucial than magnitudes for knowledge

'We define a “neuron” as the linear transformation corresponding to a single column in matrix

W € R"*out wwhere W consists of out neurons.
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editing. We define the direction of 7,4 as the knowledge retention direction and 7,
as the knowledge updating direction. By analyzing the angle between these directions,
we can distinguish general-knowledge-related neurons to avoid harming generalization

and new-knowledge-related neurons to enhance editing effectiveness.

4.3.2 Angular Relationship Extraction through Dimension-
ality Reduction

Due to the tendency of high-dimensional vectors to become nearly orthogonal, it is
necessary to reduce the dimensionality of the original vectors in order to better cap-
ture the underlying angular relationships. However, experiments have shown that
directly applying PCA or t-SNE for dimensionality reduction on 7 yields suboptimal
results. Therefore, we propose an alternative approach where an auto-encoder (AE)
is first used to encode the high-dimensional vectors. This effectively filters out irrel-
evant information and extracts meaningful features. Subsequently, applying t-SNE
to the encoded vectors allows for a more accurate representation of the true angular

relationships.

Thus, we train a semantic encoder and decoder, both implemented using multi-layer
perceptrons (MLPs). Specifically, the semantic encoder, denoted as SemEnc(-), maps

the high-dimensional task vectors 7,4 and 7, into the latent space as:
h' = SemEnc(7") (4.4)

where h? € Réatent is the latent task vector, and djuens denotes its dimensionality.

The decoder, Dec(+), then generates 7* from h' as follows:
# = Dec(h') (4.5)

where 7 is the reconstructed task vector. The auto-encoder is optimized using both
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a reconstruction loss and a semantic consistency loss:

Lap =MSE (7, #7) +

A KL (forrs (2)[| forre(2))

(4.6)

where MSE(+) is mean square error loss function, and KL(-) is the Kullback-Leibler

divergence.

4.3.3 Geometric Knowledge Editing

After training the AE, we project 7,4 and 7., into the latent space and then apply
t-SNE to further project them into a 2D space to compute the angular relationships.
GeoEdit then edit the original task vectors to obtain the edited task vector 7.4;;. This

vector is subsequently added to the initial model, resulting in the final edited model

Jo.-

Direction-aware Knowledge Identification For neuron ¢, we first use the en-

coder to reduce the dimensionality of 7%, and 7!_, yielding the latent task vectors

ew

hi, and hi_, . We then apply t-SNE to obtain the 2D vectors hi,, and hi_ . Next,

new* new*

we compute the angular divergence ¢ as:

i i
¢ = arccos 24 new (4.7)
héld ’ h%ew

Neurons with angles near orthogonality (within the range of ¢; to ¢9) are classi-
fied as general-knowledge-related, while the remaining neurons are classified as new-

knowledge-related.
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Importance-guided Task Vector Fusion We then apply customized editing

strategies based on the classification of neurons as follows:

aiTéld + BiT’rz‘Lew7 if Qb € (007 ¢1)

Tédit - 07 if ¢ S [¢17 ¢2] (48)

_aiTgld + BiT'riLewJ if ¢ € (¢27 1800)

where o', 3% € [0,1] are the fusion weights, automatically assigned based on the
neuron’s importance to both new and old knowledge, removing the need for manual

adjustment.

To calculate the fusion weights, we measure the importance of each neuron by ana-
lyzing the gradient trajectory of its parameters during fine-tuning. The importance
is determined by the collective contribution of its trainable parameters:
. 1 &
T(0) = 3 s(w) (4.9)
dn 553
where w; represents the trainable parameters and d,, is the total number of parameters
in neuron #°. The function Z(#) reflects the importance of the neuron, with higher

values indicating greater significance. The function s(-) computes the importance of

individual parameters based on the magnitude of the gradient-weight product [174]:

s(w) = WV, L] (4.10)

Due to stochastic sampling and training dynamics, the metric in Eq. (4.10)) may vary,
reducing reliability [28]. To address this, we apply an exponential moving average to

smooth the trajectory gradients across training iterations.

We normalize the importance scores Zoig = {2y, - - -, Iy} and Zoew = {Z} s - - - I}
independently to the range [0, 1]. This yields the final fusion weights @ = {a*,...,a"}
and 3 = {B3',..., "}, which are then applied to the corresponding task vectors 74

and Tyey for editing.
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By applying Eq. (4.8)), our GeoEdit effectively addresses the challenges in model
editing:

» Preserving general knowledge (Case 2): We mask updates to general-knowledge-

related neurons to avoid negatively impacting the model’s generalization ability.

« Improving knowledge editing (Case 1 & 3): For acute angles, we leverage the
similarity between old and new knowledge for efficient integration. For obtuse
angles, significant conflict triggers a “forget-then-learn” strategy, optimizing the

updates for new-knowledge-related neurons.

4.4 Experiments

Datasets We use two widely recognized datasets: ZsRE [67] and COUNTERFACT
[96]. We adopt the experimental setup from Yao et al. [164], using the eval and
edit subsets consisting of 19,085 and 10,000 examples, respectively. The datasets
are partitioned into old and new knowledge categories, as in F-Learning [100]. For
example, in ZsRE, old knowledge is modified to new knowledge, such as the change

from “Los Angeles” to “New Orleans.”

Baselines We evaluate GeoEdit against two types of methods: fine-tuning-based
approaches, including full fine-tuning (Full-FT), LoRA [45], FT-c [185], and F-
Learning [100]; and locate-and-edit-based methods, including MEND [98], ROME
[96], MEMIT [97], RECT [35] and AlphaEdit [21].

Training Details Following the setup of F-Learning, we first fine-tune the base
model on the old knowledge for three epochs, resulting in the original model, which
serves as the baseline for our experiments. In GeoEdit and F-Learning, we use LoRA
to enhance the efficiency of fine-tuning. The encoder and decoder consists of 2-layer

MLPs with dimensions [4096 — 2048,2048 — 512] and [512 — 2048, 2048 — 4096],
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respectively, where djens is set to 512. We set A in Eq. (4.6) to 0.5, ¢1 and ¢9 in Eq.
(4.8) to 85° and 95°, respectively.

4.4.1 Experimental Results

The overall results are presented in Table 4.1 Firstly, ROME maintains high Relia-
bility and Generality across both datasets while achieving excellent Locality (greater
than 90). Since the injection of new knowledge typically impacts Locality, this sug-
gests that ROME performs minimal knowledge updating, likely due to its limited
parameter edits. In contrast, F-Learning shows a significant drop in Locality due
to the lack of constraints during the forgetting phase, negatively impacting gener-
alization. Our GeoEdit method outperforms fine-tuning-based methods, improving
locality by 7.4% over F-Learning. Additionally, by classifying different knowledge
editing strategies for new-knowledge-related neurons, our method further improves

Reliability and Generality.

AlphaEdit achieves the best performance among locate-and-edit-based methods and
outperforms GeoEdit in most cases. This is because AlphaEdit requires the use of
an additional 100,000 Wikipedia entries to enhance general knowledge encoding and
editing accuracy. In contrast, GeoEdit achieves its performance without relying on
any external data. Furthermore, due to the flexibility of fine-tuning methods, we
can effectively combine GeoEdit with AlphaEdit (which edits the parameters of the
MLP layer, while GeoEdit targets the parameters of the attention layer), creating a

complementary approach that further enhances performance.

4.4.2 Ablation Study

We conduct ablation studies to evaluate the effectiveness of the techniques in GeoEdit.

The results on the ZsRE dataset with LLaMA2-7B are shown in Table [4.2]

96



4.4. Experiments

Distribution of Angles (°) Distribution of Angles (°)

»1 4096 Dimensions P i i
P | T ~a 2 Dimensions

w Dimensionality Reduction
> Using t-SNE
=)
g 40
U" 4
8 30
89

! .
o 25 50 75 Angle (%00 125 150 175
Dimensionality Reduction Using
Auto-encoder ionof Angles
3 ) 7 L . .
{ 512 Dimensions g ‘ J A 2 Dimensions
Dimensionality Reduction

& Using t-SNE
§ 20 4
o
5]
—
=~

0 25 100 125 150 175

~ Angle

100

~ Angle

125 150 175

Figure 4.3: Distribution of the angles ¢ between task vectors before and after dimen-

sionality reduction.

Effect of Geometric Editing Strategies. In GeoEdit, knowledge updates are
categorized into synergistic, orthogonal, and conflict editing strategies, based on the
angle between knowledge retention and updating directions. To evaluate their impact,
we disable each strategy and replace it with vanilla fine-tuning on new knowledge. For

“~ Orthogonal” means setting hegit = hpew instead of hegiy = 0. As shown

example,
in Table removing any strategy results in performance degradation. Excluding
orthogonal editing significantly reduces locality, from 75.7% to 71.7%, while removing
conflict editing lowers the reliability metric from 85.2% to 82.6%. These findings

underscore the importance of each editing strategy.

Effect of Importance-guided Task Vector Fusion. We replace the importance-
based weights a and § in Eq. (4.8)) with manually set values (“+ MW?”), applying the
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same weight to all neurons instead of assigning neuron-specific weights as in GeoEdit.

Through grid search, we set &« = 0.3 and g = 1.

The performance decline in Table highlights the effectiveness of our importance-
guided fusion. This approach provides two key benefits: it offers neuron-level adaptive
weights for greater precision and ensures that parameter updates are influenced by
both the task vector’s magnitude and each neuron’s importance. The smaller weights
“masks” significant changes for less important neurons, minimizing their impact on

the model’s generalizability.

Effect of Latent Space Dimension. We investigate the effect of the latent di-
mension Aygen: in the auto-encoder on model performance. As shown in Table [£.3]
both larger latent dimensions (greater than 1024) and very small latent dimensions
(less than 256) lead to performance collapse. This is because the large training loss of
the auto-encoder results in poor t-SNE dimensionality reduction, ultimately affecting
the accuracy of angular calculations. Our experiments demonstrate that a latent di-

mension of 512 strikes an optimal balance, effectively removing noise and extracting
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key features for calculating the angular distribution, which ensures effective model

editing and strong generalization.

4.4.3 Visualization

We present two key visualizations to demonstrate the effectiveness of our approach:

Angle Distribution Between Old Knowledge Retention and New Knowl-
edge Updating Directions. We visualize the angle distribution ¢ between task
vectors using different dimensionality reduction methods, as shown in Figure 1.3 In
high-dimensional space, angles are primarily concentrated around 90 degrees, indi-
cating near orthogonality. Although directly applying t-SNE alleviates this issue to
some extent, the angular distribution remains insufficiently dispersed. By first using
an AE for denoising and key feature extraction, followed by t-SNE, we achieve a more
uniform distribution that spans the full range from 0 to 180 degrees. This allows us to
reveal various types of conflicts between old and new knowledge. This motivates the
development of editing strategies based on angles, enabling us to distinguish between
updates that correspond to learning new knowledge and those that modify general

knowledge.

Visualization of Task Vector Magnitudes and Importance-guided Fusion
Weights. Figure illustrates that while the magnitudes of the task vectors 74q
and T,e, are generally large, only a subset of the parameters are truly important,
highlighting redundancy in the task vectors. Our importance-guided fusion mecha-
nism effectively filters out this redundancy, enhancing the model editing process and

minimizing its impact on generalization.
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4.4.4 Editing Time Analysis

Table shows the average time to edit 1000 samples. We find that the editing time
of fine-tuning methods is comparable to that of location-based methods, thanks to
the use of PEFT techniques and the avoidance of the complex location-based pro-
cess. Among fine-tuning approaches, F-Learning, which follows a two-stage process
of forgetting before learning, takes approximately twice as long as Full-F'T. In con-
trast, our method enables the parallel acquisition of old and new knowledge, resulting
in training times comparable to Full-F'T. Thus, our method requires less time than

F-Learning, delivering substantial performance improvements.

4.5 Chapter Review

In this chapter, we proposed Geometric Knowledge Editing (GeoEdit), a novel frame-
work that leverages the geometric relationships between parameter updates to en-
hance model editing in large language models. GeoEdit introduces a direction-aware
knowledge identification technique to distinguish between general-knowledge-related
neurons and new-knowledge-related neurons. For the former, parameter updates
are masked to avoid harming the model’s generalization ability, while for the lat-
ter, an importance-guided task vector fusion strategy is applied to facilitate efficient
knowledge integration. Extensive experiments validate the effectiveness of GeoEdit
in achieving a favorable balance between integrating new knowledge and preserving

general knowledge.

Limitation in accessing old knowledge. GeoEdit relies on access to old knowl-
edge datasets to construct the task vector 7,4. However, in practice, such datasets
may not always be available. A possible workaround is to query the initial model

directly with the editing task and treat its outputs as pseudo old knowledge. While
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this solution reduces dependence on datasets, it introduces additional inference costs,
especially in mass-editing scenarios, and poses challenges when the outputs are am-
biguous (e.g., in open-ended questions). Future work may explore dataset-free task

vector extraction methods to improve the practicality and adaptability of GeoEdit.

Limitation of angle-based knowledge disentanglement. The core mechanism
of GeoEdit differentiates between general and new knowledge by examining the an-
gle between parameter update vectors. Although this geometric perspective provides
valuable insights, it does not perfectly disentangle knowledge sources, and some degra-
dation of generalization ability persists. To mitigate this limitation, future extensions
may incorporate richer geometric features—such as task vector projections, update
magnitudes, or higher-order alignment measures—to refine the editing process and

achieve stronger preservation of general knowledge.

Overall, GeoEdit presents a promising step toward reliable and controllable model
editing. By combining direction-aware identification with task vector fusion, it ad-
vances the ability of LLMs to adapt new knowledge efficiently while retaining previ-

ously acquired information.
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LLAMA2-7B LLAMA-7B
Dataset Paradigm  Method
Reliability Generality Locality Reliability Generality Locality
Original model 43.70 43.17 / 43.29 42.85 /
MEND 29.77 25.86 71.54 30.99 27.12 69.83
ROME 43.67 42.66 93.14 43.45 42.94 98.60
Locate € edit MEMIT 83.57 79.06 70.52 78.30 7743 69.44
RECT 84.08 77.80 69.03 78.78 76.20 67.97
AlphaEdit 87.91 81.52 77.14 87.09 80.41 76.53
ZsRE LoRA 43.10 42.20 70.83 46.93 45.87 75.86
FT-c 49.02 46.96 67.37 47.33 45.51 68.14
Fine-tuning  Full-FT 81.02 74.67 70.51 70.52 66.69 65.26
F-Learning 84.65 81.51 70.92 83.06 79.50 70.09
GeoEdit 85.21 82.43 75.71 84.81 79.86 75.15
GeoEdit* 88.13 82.07 79.75 87.76 80.70 77.98
Original model 18.47 16.95 / 21.61 17.88 /
MEND 14.77 14.67 90.93 17.51 16.27 89.64
ROME 18.41 17.20 93.60 21.83 19.08 92.27
Locate & edit MEMIT 61.94 37.45 21.90 56.94 31.48 25.70
RECT 62.90 39.86 20.03 57.82 33.51 23.48
AlphaEdit 71.79 48.36 36.07 60.01 38.19 41.70
COUNTERFACT LoRA 30.56 23.24 40.08 27.54 21.21 39.75
FT-c 29.23 19.32 19.70 26.97 17.90 20.09
Fine-tuning ~ Full-FT 65.99 44.08 28.34 32.13 31.95 32,51
F-Learning 69.53 45.56 28.41 56.39 39.75 31.87
GeoEdit 68.34 46.53 37.73 55.88 40.60 42.33
GeoEdit* 72.20 48.57 38.71 60.89 41.37 43.99

Table 4.1: Results on three metrics for the two datasets using LLAMA2-7B and
LLAMA-7B. The best-performing method for each paradigm is highlighted in bold.
AlphaEdit and our GeoEdit each achieve the best performance within their respective
paradigms. Notably, the optimal performance is attained by GeoEdit*, which results
from applying GeoEdit to the non-located parameters in AlphaEdit, effectively com-
bining the strengths of both methods.
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Method Reliability Generality Locality
GeoEdit 85.21 82.43 75.71
- Synergistic 84.37 81.13 75.94
- Orthogonal 85.29 82.86 71.70
- Conflict 82.57 79.40 75.45
+ MW 84.91 82.04 73.73

Table 4.2: Ablation study. “- Synergistic”, “- Orthogonal”, and “- Conflict” refer to
removing the synergistic, orthogonal, and conflict knowledge editing strategies, re-
spectively. “+ MW?” denotes replacing the importance-guided fusion with a manually

set weighting approach.

hiatens  Reliability  Generality Locality

128 44.94 43.79 75.68
256 46.75 46.54 77.33
512 46.11 47.19 78.42
1024 25.39 24.49 94.81
2048 23.03 24.14 96.14

Table 4.3: Ablation study on latent dimension hjapent.

Average time per 1000 edits

Method
zsRE COUNTERFACT

FT-c 653.2(s) 579.3(s)
ROME  2184.2(s) 1810.4(s)
MEMIT — 862.2(s) 847.7(s)
FullFT  810.2(s) 792.4(s)
F-Learning 1670.4(s) 1603.8(s)
GeoEdit 1028.0(s) 1010.6(s)

Table 4.4: Editing time for two datasets on LLAMA2-7B.
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Chapter 5

Application: Dialogue State
Tracking

5.1 Introduction

Practical dialogue systems require continual adaptation to new services while main-
taining previously acquired task capabilities. However, most prior research on dia-
logue systems has focused on domain-specific, offline training settings, with limited

consideration of adaptation to evolving services and user requirements [99)].

With the recent advances in large language models (LLMs), LLM-based dialogue
systems have demonstrated significant improvements over traditional pipeline-based
approaches [47]. Nevertheless, the large parameter scale of LLMs makes full retraining
prohibitively expensive in terms of computational cost and time [79]. Therefore, effi-
cient continual learning (CL) mechanisms are essential for enabling dialogue systems

to acquire new capabilities while preserving prior knowledge.

Dialogue State Tracking (DST). Dialogue State Tracking (DST) is a core com-

ponent of task-oriented dialogue systems. Given a multi-turn dialogue, the DST
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module maintains a structured representation of the user’s goal, typically formulated
as a set of (domain, slot, value) triplets. At each turn, the model updates the dialogue
state based on the dialogue context, which includes both user utterances and system

responses.

In this thesis, we adopt an LLM-driven DST framework, where the dialogue context
is encoded by the language model and the dialogue state is generated or extracted
in a structured format. This formulation allows DST to naturally benefit from the
generalization ability of LLMs, while also exposing it to catastrophic forgetting when

new domains or services are introduced sequentially.

As real-world dialogue systems continuously expand to cover new domains, continual
DST has emerged as an important research problem [14]. This setting requires mod-
els to incrementally incorporate new domain-slot-value structures while maintaining
performance on previously learned domains, making it a representative application

scenario for knowledge adaptation.

As a specific task of CL, Continual DST grapples with catastrophic forgetting [95] [32],
where sequential learning of new tasks hinders retention of prior ones. This problem
is more acute in DST due to significant data distribution shifts across domains in
the CL process, exemplified by transitions from Hotel to Restaurant domains (see
Figure . Recent advances in Continual DST, including memory replay and regu-
larization [I87], and reformulation as a question-answering task [14], strive to address
forgetting. However, these methods face challenges like reliance on past data and

high computational demands during testing, which hinder real-time applications.

Recent LLMs show impressive DST performance [39, 26], but practical deployment
faces hurdles like offline computational load and online data privacy concerns. More-
over, enabling LLMs for CL demands significant resources, leading to the exploration
of smaller models. After a comprehensive analysis of the current smaller DST models,

we have identified a critical loss of capability brought by domain shifts in CL that
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Dialogues
_____ .
o0 i What time do you prefer?
= Turn 3 o)
e | I would like an appointment at 9:15 am.
8 Hotel DST | (---- booooo o SEESESSESSSSSSS REEEEEEEE e
= .
o} I VR b T
s ! Booking appointment with Rigg Christie
% Restaurant DST : 6} 'él' on March 11th at 10:45 am.
urn 6 |
5 | Can you make the appointment for
] I 2
S ServicesDST | |.... . feonereinel e
E ! 'él' Would you like to Rigg.Christie on
s Tum 7| March 5th at 10:30 am instead?
=) 1 !
‘g Taxi DST i No, that does not work for me.
O
States: (slot = value) { DST
<

E
Groundtruth: services - appointment date = 10:45 am

Predict: services - appointment date = 10:30 am

Figure 5.1: Left: Depiction of the Continual DST learning process. Right: An actual
instance of the “Value Selection Quandary” phenomenon, demonstrating a dialogue
with three mentioned date values, where the model incorrectly chooses the most recent

time at turn 7 rather than the correct value at turn 6.

models fail to output correct value when facing a set of similar candidates (named
“Value Selection Quandary” as elaborated in Section 2). For example, in Figure ,
when tracking the jservices-appointment_date; slot, the model incorrectly chooses
the most recent time mentioned, revealing its inability to grasp contextual subtleties
and favoring direct value extraction over logical reasoning. This phenomenon is be-
cause, as the CL progresses, the model needs to understand the relevant knowledge of
newly emerging domains and chooses to forget domain-irrelevant or weakly relevant

knowledge, such as value selection.

This thesis addresses these challenges by boosting smaller models’ reasoning ability,
termed as meta-reasoning. Meta-reasoning, guided by the insight that domain-
specific dialogues represent only a fragment of the underlying meta-knowledge, can

be viewed as a form of multi-view augmentation from different domains in the CL
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process. This domain bootstrapping strategy facilitates the transfer and broaden-
ing of meta-knowledge, transcending traditional single-perspective reasoning. Meta-
reasoning enriches smaller models’ reasoning abilities to dissect and interpret intricate
dialogue scenarios, addressing the “Value Selection Quandary” and broadening their
cognitive horizons. Moreover, this domain-agnostic feature aligns data distribution

shifts across different domains, effectively reducing catastrophic forgetting.

Inspired by the powerful reasoning abilities of LLMs like LLaMA-2-70B [122] and
ChatGPT E], we introduce Reason-of-Select (RoS) distillation approach, designed to
graft these advanced reasoning capabilities onto smaller models. We present a “multi-
value resolution” strategy tailored to DST, prompting teacher LLMs to generate a
“selection chain” that discerns and elaborates the best value choice from various
options. Then, we distill this rationale into a smaller student model to boost its

meta-reasoning capabilities, making it easier to deploy to terminal systems.

Moreover, to enhance faithful reasoning and reduce hallucinations in the teacher
model, we integrate a schema-guided prompt, strengthening source-target correlation
and semantic coherence. Our innovative Semantic Contrastive Reasoning Selection
method uses semantic similarity to select the most accurate teacher-generated ratio-
nale, suitable even in black-box scenarios. Extensive experiments with various teacher
and student model sizes demonstrate our method’s exceptional Continual DST per-

formance and robust cross-dataset generalization capabilities.
To summarize, our main contributions are:

« We propose a Reason-of-Select (RoS) distillation framework for Continual DST.
Through enhancing domain-agnostic meta-reasoning capabilities, ambiguous value
selection and catastrophic forgetting caused by data distribution shifts across do-

mains can be effectively mitigated.

o To alleviate the hallucination outputted by a teacher model in our annotation-

Thttps://chat.openai.com/chat
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free reasoning framework, we present a Semantic Contrastive Reasoning Selection
strategy to obtain trust-worthy rationale from multiple candidates, ensuring faith-
ful reasoning transfer.

o Comprehensive experiments with two teacher models and four student models of
varying sizes demonstrate superior performance and robust generalization of our

proposed method.

5.2 Related Work

5.2.1 Knowledge Distillation from LLMs

Knowledge distillation in NLP, crucial for transferring insights from larger teacher
models to smaller student models, has evolved recently, especially in extracting rea-
soning from LLMs. Recent studies [43], 142} 160, [154] highlight LLMs’ role in bolster-
ing smaller models. Li et al. [70] furthered this with a symbolic Chain of Thought
(CoT) distillation, enhancing smaller models through CoT prompting. Despite these
advancements, the faithfulness of generated rationales, critical for student models’
behavior, often must be addressed. Wang et al. [134] proposed a contrastive decoding
method to reduce hallucinations, but its reliance on teacher model logits limits its ap-
plicability for black-box LLMs. Current reasoning distillation methods are unsuitable

for DST task and lead to unproductive reasoning processes.

To overcome these issues, our method focuses on the Value Selection Quandary in
DST, introducing a ‘multi-value resolution” prompt and a Semantic Contrastive Rea-

soning Selection method, enhancing knowledge transfer accuracy and relevance.
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5.2.2 Continual Dialogue State Tracking

Continual Learning in task-oriented dialogue systems, focusing on mitigating catas-
trophic forgetting, has employed various methods such as architecture-based [115] [34,
153], rehearsal-based [110), 41, 85], and regularization-based [76] 28, 84]. In DST,
contributions like Madotto et al. [90] and Liu et al. [81] have utilized these CL strate-
gies, with Zhu et al. [I87] introducing Continual Prompt Tuning (CPT) to fine-tune
domain-specific soft prompts. Furthermore, DST-EGQA [14] employs a question-
answering framework based on example-guided learning. However, its reliance on
fixed QA templates may limit adaptability across diverse domains. Our method, in
contrast, offers enhanced time efficiency and flexibility during testing, eliminating the

need for sample retrieval, thus presenting a more efficient solution.

5.3 Methodology

5.3.1 Overview

Our Reason-of-Select Distillation framework capitalizes on LLMs to create a faithful
selection reasoning process through a ‘multi-value resolution’ strategy and Semantic
Contrastive Reasoning Selection. This enriched knowledge is then imparted to smaller

student models for training, as illustrated in Figure [5.2]

5.3.2 Teacher’s Reasoning Generation

The process begins with a dialogue-centric prompt that includes dialogue content X',
the target slot S;, and its value V; to derive a reasoning process R. While traditional
prompts like “Tell me why S; is V;” or the famous “Let’s think step by step” prompt
[62] generate reasonings that tend to merely highlight the location of the correct
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Teacher: Faithful RoS Reasoning Generation Student: Learning to Reason
via Semantic Contrastive Reasoning Selection Precisely to Solve Value Selection
Example Input Quandary Phenomenon

dialogue context> = [SYSTEM]: What time do you prefer? [USER]: I would like an appointment at 10:45 am. ... [SYSTEM]: Would you like
to Rigg Christie on March 5th at 10:30 am instead? [USER]: No, that does not work for me.
<slot name> = services_4-appointment_date, <ground truth> = 10:45 am, <slot description= = services indicates discover the right therapist for

you and make reservations easily, appointment_date indicates date of the appointment. lnput: Given the follovylng dlak’gue’
Multi-Value Resolution Prompt= = Can you tell me why and your reasoning process? In the context of dialogue state tracking, there are often track the state of the dialogue and
multiple possible values associated with the requested slot. Please provide a concise explanation of how to select the most appropriate value for » predict the value of the slot.
the requested slot by carefully analyzing the dialogue context, user and system intent, and taking into consideration any confirmation or /' B Jialogue contexts
rejection information. ll dialogue contex )
i So the value of slot <slot name~ is
Prompt Template '
® Dialogue-related Prompt Semantic Contrastive ! l
Pgrformmg the dialogue state tracking task. Consider the @ Reasoning Selection
dialogue content: <dialogue context>, the answer to slot @
slot name> is <ground truth>. [ I s
&l mall LM
® Scheme-guided Prompt — .g' .
Some information about the slot: <slot description Reasoning Transfer,
® Multi-Value Resolution Prompt Large LM oy x-'
Hallucination!
Example Output
In the given dialogue, the user initially requested an appointment at 9:15 am. But the user then changed the time to 10:45 am. \ Output:
The system then suggested an alternative time of 10:30 am on the 5th of March, which the user rejected. Based on this \x Reasoning process:

information, the most appropriate value for the requested slot '<services-appointment_date>' is '10:45 am'. Although the
system suggested an alternative time, the user rejected it, indicating that they still prefer the original time of 10:45 am.
Therefore, considering the user's preference and their rejection of the alternative time, '10:45 am' is the most appropriate
value for the requested slot '<services-appointment_date>'.

<reasoning>
Result: <ground truth>

Figure 5.2: Overview of the Reason-of-Select (RoS) Distillation method.
(a) Teacher: A large LM prompted to generate a faithful rationale given a dialogue
context and the value for the request slot in the training set via the “multi-value reso-
lution” strategy and Semantic Contrastive Reasoning Selection method. (b) Student:
A small LM is fine-tuned to generate an accurate rationale and the corresponding

value.

answer in the dialogue.

Our innovative “multi-value resolution” prompt Pgr fosters a more elaborate reason-
ing process, enhancing the model’s capability from mere location identification to an
in-depth selection reasoning process, as illustrated in Figure 5.2 This methodologi-
cal advancement from basic identification to complex process reasoning represents a

substantial leap in the model’s cognitive capacities.

This stage’s input-output representation is fieqcher : Xt & S; ® Vjt ® Pr — R;. How-
ever, neural LMs often exhibit hallucinations — generating text with tenuous ties to
the input [53], 93], which our unsupervised annotation approach can exacerbate. To
counter this, we introduce the innovative Semantic Contrastive Reasoning Selection

method, pivotal for accurately aligning reasoning with corresponding answers.
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5.3.3 Ensuring Faithful Teaching with Semantic Contrastive

Reasoning Selection

Our novel strategy employs a newly schema-guided prompt (yellow background in
Figure to direct teacher models toward generating on-topic rationales, signifi-
cantly improving the source-target correlation. Our Semantic Contrastive Reasoning
Selection technique revolutionizes reasoning generation, creating a spectrum of can-
didates and choosing the most semantically aligned. Inspired by contrastive decoding
[74] in text generation task, our method adapts this concept to suit black-box LLMs
like ChatGPT. We introduce strategic input perturbations to simulate and correct

reasoning errors, refining the teacher model’s output.

The procedure commences with the LLM generating G diverse reasonings (R, ..., Rq).
We then introduce two forms of perturbation: value-level and slot-level, as illustrated
in Figure [5.3] While value-level perturbation subtly modifies the ground truth value,
slot-level perturbation involves completely replacing the slot-value pair. This latter
proves particularly effective in inducing a range of reasoning responses, from logical
to nonsensical, thereby enriching our negative sample pool with N perturbed rea-
sonings (PR1,...,PRy). Positive samples are represented by the dialogue-centric
prompt, denoted as DC. Utilizing a fixed, pre-trained contextual encoder, Sentence-
transformers [I11], we then transform these R, PR and DC into semantic represen-

tations within space &, as illustrated in Figure [5.4]

The crux of our method lies in selecting the most appropriate reasoning from the
generated GG candidates, a decision based on their semantic proximity to the pos-
itive samples and divergence from the negative samples. This selection process is

formulated as an elegant optimization problem:
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Normal Request ®
+ Slot: appointment_date General.
Value: 10:45 am ' ' Reasoning

Value-level Perturbation

Dialogue ol Slot: appointment_date | Perturbed
Context Value: 9:15 am Reasoning
Slot-level Perturbation
s Slot: therapist_name | | __, Perturbed
Value: blank gary Reasoning

Teacher Model

Figure 5.3: Demonstration of value-level and slot-level perturbations to elicit diverse

negative reasonings.

min Distance(R;, DC)

N (5.1)
s.t. max Z Distance(R;, PR.,)

n=1

To quantify the relationship between each reasoning and the sample sets, we introduce

a sophisticated scoring mechanism:

exp (d (R;,DC) /1)

SeorelRe) = ¥ exp (d (Rey PRa) 7

(5.2)

where d is a distance function and 7 is a temperature scalar. By computing a score for
each reasoning, we discern the optimal choice with the lowest score for training the
student model based on its alignment with actual dialog context and its divergence

from perturbed content.

5.3.4 Training Student Models via Reasoning-Enhanced Data

Armed with the annotated dataset {X,S,R,V}, we proceed to train a smaller stu-

dent model within the self-rationalization framework, emphasizing both predictive
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:/ " Semantic "\: ____________ Semantic Space
|__Embeddings | PR
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{ Pre-trained Contextual 1 @
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Figure 5.4: Mlustration of the Semantic Contrastive Reasoning Selection method.

and explanatory skills. This approach departs from prior post-rationalization mod-
els, where rationales are formulated post-prediction or those employing a multi-task

format, treating rationale creation as an auxiliary task.

The student model is conditioned to generate a sequence that merges rationale tokens
with the corresponding answer tokens in response to a given dialogue context and slot
request, as demonstrated in the right part in Figure [5.2] This task is executed by
fine-tuning a pre-trained language model, with “silver” data derived from the teacher

model. We employ a standard language modeling loss termed factual reasoning loss:

J
'Cfactual - - ZIOgP(RJ, V} | X7Sj) (53)
J

5.4 Experiments

5.4.1 Experimental Setup

Dataset Our experiment employs the Schema-Guided Dialog dataset (SGD) [107],
encompassing 44 services across 19 domains with slot descriptions. Adhering to the
Continual DST setup by Zhu et al. [I87], we focus on single-service dialogs, randomly

selecting 15 tasks from 44. Each service varies in training sample size and slots. To
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ensure robustness, we experiment with five task orders via random permutations,

aligning with prior studies.

Evaluation Protocol We assess the DST performance using the widely adopted
Joint Goal Accuracy (JGA) metric [147], which demands accurate predictions for
all slot values. We denote a;; as the JGA on the test set of task 7; right after

training on task 7;. CL performance is assessed using three metrics from Zhu et al.
K

1
[187]: (i) Avg.JGA = ?Z‘”ﬂiv representing the average JGA across all tasks
i=1

1 K
after training on the final task Ty. (i) Forward Transfer (FWT) = X1 Z i1,
Tt =2
evaluating generalization by measuring zero-shot performance, and (i) Backward
1 K-l
Transfer (BWT) = X1 Z ak; — a;;, quantifying resistance to forgetting by
=l

assessing the influence of new learning on previous tasks.

Baselines We evaluate our model against existing Continual DST baselines: Fine-
tuning: Continuously fine-tune the model on new task data. Replay: Stores |M|
instances per task 7; in memory M; for joint training with new tasks. EWC [61):
Maintain a memory but leverage it to compute the Fisher information matrix for
regularization. AdapterCL [42]: Freeze the pre-trained model and independently
train a residual Adapter for each task. Continual Prompt Tuning (CPT) [187]:
Freeze the backbone model and continually train soft prompts with knowledge transfer
in both forward and backward directions. DST-EGQA [1})]: Reformulate DST as

a Question-Answering task using retrieval-augmented in-context learning.

We also include our method with memory replay and multi-task learning as perfor-

mance caps.

Training Details ChatGPT (using the gpt-3.5-turbo API) and LLaMA-2-70B

serve as teacher models for fine-tuning smaller student models including T5-small,
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Method Teacher Student Avg. JGA FWT BWT  +Memory +Params -+Reg.
Fine-tune - 44109 8.310 —36.639 - - -
EwWC - 47.911 8409 —38.14; v v v
Replay - 58.635 10905 —3.223 v - -
AdapterCL - T5-small 49.8, 7 - - - v -
CPT - 61.295 13.7p8 0.50.4 v v v
DST-EGQA - 55.535 23.621 —19.14 - - -
+ Dialogue Memory - 68.90.3 22518 —5919 v - -
RoS (ours) 59.039 25520 —17.957 - - -
+ Dialogue Memory LLaMA-2-705  T5-small 72.1p8 26.729 —2.615 v - -
RoS (ours) 68.741  51.917 —8.538 - - -
+ Dialogue Memory ChatGPT LLaMA-75 74.237  52.T15 -2.497 v - -
CPT Multi-task - T5-base 64.019 - - - v v
DST-EGQA Multi-task - T5-small 74.21 8 - - - - -
LLaMA-2-70B  T5-small 76.30.5 - - - - -

RoS Multi-task
ChatGPT LLaMA-7B 78.90.3 - - - - -

Table 5.1: CL metric results and reliance on other continual learning techniques.
Means and standard variances are reported. We compare models sequentially trained
on 15 tasks from the SGD dataset and aggregate results across five domain permuta-
tions. The last four rows provide the multi-tasking results, which serve as an upper

bound. All rows that use memory are with M = 50.

Th-base, FlanT5-XL, and LLaMA-7B, utilizing generated rationales. The teacher
model’s temperature is set to 0.7, generating five candidate reasonings (G = 5) along-
side three value-level and three slot-level perturbed negative reasonings (N = 6). In
Eq.2, the parameter 7 is set to 0.8, employing the Euclidean distance metric. The

memory size per task |M| is maintained at 50, in line with previous studies [187].

5.4.2 Main Results

Table presents the results from various methodologies. Key findings include:
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Injecting Reasoning Knowledge Effectively Enhances CL Performance Our
RoS method significantly surpasses standard fine-tuning on Tbh-small, raising the
Avg.JGA from 44.1% to 59.0%, and showing gains in both FWT and BWT. This
highlights the value of integrating reasoning into Continual DST. Compared with the
erstwhile top-performing DST-EGQA, we achieve a new SOTA performance in all
metrics, notably increasing Avg. JGA from 55.5% to 59.0% without extra memory,
demonstrating our approach’s effectiveness in mitigating historical task forgetting.
Furthermore, when memory is available, RoS jumps from 59.0% to 72.1%, even out-
stripping the CPT’s multi-task performance. Among various student models, RoS
with LLaMA-7B, fine-tuned with ChatGPT’s reasoning, stands out, substantially
lifting the Avg. JGA from 59.0% to 68.7%, with a remarkable FWT improvement
from 25.5% to 51.9%.

Figure [5.5| shows the models’ ability to mitigate catastrophic forgetting by assessing
their performance on the initial task post successive task learnings. Models with
RoS reasoning skills exhibit a slower forgetting rate, with a 15% average drop in
performance in both T5-small and LLaMA-7B. In contrast, vanilla backbone models
show a steeper decline, averaging a 28% performance dip, highlighting the importance

of domain-agnostic reasoning skills in sustaining historical task performance.

RoS Distillation Exhibits Strong Generalization Ability Our method signif-
icantly improves the FWT metric, indicative of robust generalization and zero-shot
learning capabilities. It bridges the distribution gap across domains by creating a
systematic reasoning chain, evident in handling semantically similar but differently
described slots, like jservices-appointment_date; and jhotels-check_in_date;. Unlike
traditional models, ours utilizes reasoning to recognize similarities, enhancing adapt-

ability to unseen slots.

To further evaluate this generalization, we introduce a new 16th task using MultiwWOZ

2.4 data [165]. The zero-shot performance on this task follows the sequential training
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Figure 5.5: Task 1 performance trajectory during continual DST learning process.

Method Backbone Attraction Restaurant Train Average

CPT T5-base 10.05 19.37 3.34 10.92
T5-small 8.40 12.87 2.94 8.07
Fine-tune
LLaMA-7B 40.47 52.73 18.75 37.32
T5-small 15.74 24.07 4.05 14.62
RoS
LLaMA-7B 42.84 59.94 25.57 42.78

Table 5.2: Zero-Shot performance on the 16th cross-dataset task using the MultiwOZ
2.4 dataset.

of the first 15 tasks from the SGD, as shown in Table [5.2|

Compared to similar parameter-sized backbones, RoS (T5-small) outperforms the T5-
base CPT baseline, increasing average JGA by 3.7%, from 10.92% to 14.62% across
domains. This is particularly notable in the Attraction domain, with JGA rising from
10.05% to 15.74%. Compared to various vanilla backbones, the improvement due to
domain-agnostic reasoning averages a 6% increase, further confirming RoS’s robust

generalization.

To assess the hallucination rate of the teacher model, we utilized SelfCheckGPT [91]

and employed BERTScore for evaluation. BERTScore provides scores ranging from
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Initial BERTScore After
BERTScore (%) Contrastive Selection (%)

Teacher Model

ChatGPT 19.3 14.2
LLaMA-2-70B 21.7 15.9

Table 5.3: Hallucination rate of the reasoning generated by teacher models after our

contrastive selection method.

[0.0, 1.0], where higher values indicate a greater likelihood of non-factual content,
implying an increased probability of hallucination. Our evaluation included the aver-
age BERTScore for the initial generation of five candidate reasonings by the teacher
models, the BERTScore after applying the Semantic Contrastive Reasoning Selection
method, and the hallucination rate of the distilled student. The summarized results

are presented in the Table [5.3

Table illustrates that for both teacher models, ChatGPT and LLaMA-2-70B, the
average BERTScore for the initial five reasoning candidates were 19.3% and 21.7%,
respectively. After applying the Semantic Contrastive Reasoning Selection method,
the BERTScore decreased to 14.2% and 15.9%, affirming the effectiveness of our
proposed approach in enhancing the factual of reasoning. Regarding the student
models, there is no significant difference in BERTScore when distilled with different
teacher models. Additionally, we observed that the quality of reasoning generated by

the student models improves as the model size increases.

5.4.3 Ablation Study

The Role of Model Size Variation in Teacher and Student Models Our
study investigates the effect of teacher and student model sizes on performance.
Figure shows a clear trend: larger student models, like LLaMA-7B, outperform

smaller ones, such as T5-small. We first evaluate LLaMA-7B’s continual learning in
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Figure 5.6: Comparative task performance across varying sizes of teacher and student

models.

DST, finding it outperforms most T5-small or T5-base-based methods. However, ap-
plying our RoS method with reasoning is the most notable enhancement, especially in
smaller models. For example, integrating reasoning into Th-small yields an impressive
15% average increase in all evaluation metrics. Contrary to our initial assumption
that students guided by ChatGPT might surpass those instructed by LLaMA-2-70B,
the results indicate equal reasoning quality from both teacher models, suggesting their

similar effectiveness in enhancing student model learning.

Effectiveness of Semantic Contrastive Reasoning Selection Method To as-
sess our method’s ability to reduce reasoning hallucinations, we compared three rea-
soning selection strategies: random selection from G candidates and selecting the

highest and lowest scoring (ours) reasonings, as per Equation 2. The results are

detailed in Table [5.4

Initial results show that all methods significantly outperform the vanilla LLaMA, with
even random selection improving Avg. JGA by 4.94%. This highlights the inherent

reasoning quality in current teacher models. Yet, refining the selection to eliminate
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Models Avg. JGA FWT BWT
LLaMA-7B (backbone) 63.04 43.10 -15.10
+ Max Score 65.72 49.05 -13.34
+ Random Selection 66.98 51.14 -11.73

+ Min Score (Ours)  70.17  52.06 -8.90

Table 5.4: Ablation study on the effectiveness of strategies to alleviate hallucination

in teacher model’s reasoning.

hallucinatory reasonings and aggregate higher-quality reasonings further enhanced
performance. Compared to random selection, our method shows additional gains of
3.2%, 0.9%, and 2.8% in the evaluated metrics. In contrast, selecting the highest-
scoring result, i.e., favoring less effective reasoning, resulted in reduced performance.
These findings robustly affirm the effectiveness of our semantic similarity-based se-

lection approach.

5.4.4 Case Study

Table presents a key test case and various methods’ predictions to showcase stu-
dent models’ advanced reasoning capabilities. The dialogue involves two values for the
ipickup_timej, slot: “17:15” and a later update to “half past 1 in the afternoon”. The
vanilla LLaMA model incorrectly selects “17:15”, while our model effectively identi-
fies all possible values and accurately determines the correct one. Interestingly, our
RoS T5-small model’s output of “1:30 pm” mirrors the ground truth but is marked
incorrect due to current evaluation criteria. This highlights a challenge in matching

model outputs with expected formats, suggesting a direction for future refinement.
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[Dialogue from previous turns omitted ...]

[SYSTEM]: What time would you like to pick the car up at?

[USER]: I'd need it for 17:15.

[SYSTEM]: I have 6 possible options for you - Fresno station has a Standard available for pick
up on March 11th, it is a Chevrolet Cruze.

[USER]: What else is available? I'd like something small - and I think I'd actually be picking it
up at half past 1 in the afternoon, instead.

[SYSTEM]: I have 4 options for you: ...

Dialogue Context

Golden State (rentalcars_2-pickup_time, half past 1 in the afternoon)

Vanilla LLaMA-7B | (rentalcars 2-pickup time, 17:15) x

Reasoning process: The dialogue context indicates that the user is scheduling a rental car pickup.
The user specifies a pickup time of 17:15, but later changes their mind and requests a pickup

RoS time of 1:30 pm. The system confirms the change and provides the user with options for pickup
(T5-small) at 1:30 pm. Therefore, the most appropriate value for the slot <rentalcars-pickup_time> is 1:30
pm, as it aligns with the user's revised request and the system's confirmation.

Result: 1:30 pm X

Reasoning process: The slot <rentalcars-pickup time> has multiple possible values, but the
most appropriate value is 'half past 1 in the afternoon' based on the dialogue context and user
intent. The user initially mentions they'd like to pick up the car at 17:15, but later corrects
themselves and confirms they'd like to pick it up at 'half past 1 in the afternoon. This selection is
further supported by the system's confirmation question, which asks the user to review their
reservation details, including the pickup time, and the user's confirmation of the reservation
Result: half past 1 in the afternoon \/

RoS
(LLaMA-7B)

Table 5.5: Exemplary dialogue from the SGD test set with two possible values, with
predictions by the vanilla LLaMA-7B and our meta-reasoning augmented method

applied to two distinct backbones.

5.5 Chapter Review

In this chapter, we introduced the Reason-of-Select (RoS) distillation method to
tackle the challenges of catastrophic forgetting and the Value Selection Quandary
in continual dialogue state tracking (DST). RoS enhances smaller student models
with a domain-agnostic meta-reasoning capability, expanding their reasoning capac-
ity and aligning knowledge across shifting data distributions in different domains.
Two complementary strategies—the multi-value resolution mechanism and Semantic
Contrastive Reasoning Selection—further strengthen RoS by ensuring reliable knowl-
edge transfer and improving model robustness. Extensive experiments demonstrate
that RoS achieves superior performance and generalization compared to conventional

approaches.
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Computational considerations. Unlike standard knowledge distillation, RoS re-
quires additional resources during data preparation and student model training. The
Contrastive Reasoning Selection component generates multiple candidate reasonings,
along with various value-level and slot-level perturbations, which increases prepara-
tion time relative to conventional rationale distillation. Moreover, training the student
model with reasoning introduces slight additional computational overhead. However,
these costs are one-time and do not impact inference: once trained, the student model
can reason efficiently without additional prediction time, and the overhead for gener-

ating reasoning during testing is negligible.

Overall, RoS provides a robust and scalable framework for continual DST, offering
improved reasoning capabilities, reliable knowledge transfer, and strong generalization

while maintaining practical efficiency at inference.
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Chapter 6

Conclusion and Future Works

6.1 Conclusion

This thesis studies knowledge adaptation in large language models (LLMs)
under a unified perspective of enabling models to adapt continuously while preserving
reliability and stability. Rather than treating continual learning and model editing as
isolated problems, this work positions them as complementary mechanisms operating

at different granularities of adaptation.

From a temporal perspective, continual learning (CL) addresses adaptation across
evolving tasks. In Chapter |3, we developed a progressively refined framework for
continual knowledge integration, consisting of Knowledge Identification and Fusion
(KIF), Recurrent KIF, and Adaptive Iterative Model Merging (AIMMerging). These
methods evolve from static importance-aware fusion, to dynamic re-estimation of
parameter importance, and finally to signal-driven adaptive merging based on learning
and forgetting dynamics. Together, they provide a scalable solution for mitigating

catastrophic forgetting and enabling stable task-level adaptation in large-scale LLMs.

From a granularity perspective, model editing addresses fine-grained knowledge up-
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dates within a fixed task distribution. In Chapter 4 we proposed Geometric Knowl-
edge Editing (GeoEdit), which analyzes the geometric structure of fine-tuning trajec-
tories to distinguish neurons associated with new knowledge from those responsible
for general representations. By selectively constraining updates to general-knowledge
neurons while optimizing new-knowledge neurons, GeoEdit enables precise factual
updates with minimal unintended interference. This neuron-level geometric control

complements the task-level adaptation mechanisms developed in continual learning.

Importantly, these two lines of research are not independent. Continual learning
ensures stability across sequential tasks, while model editing provides precision in
localized knowledge updates. Together, they form a multi-scale knowledge adapta-
tion framework: task-level consolidation maintains long-term competence, whereas
neuron-level modulation ensures fine-grained reliability. This unified perspective ad-
vances the goal of building adaptive and evolving LLMs that can update, expand,

and refine their knowledge without sacrificing previously acquired capabilities.

To validate the practical implications of this framework, Chapter [5| applied the pro-
posed adaptation principles to Dialogue State Tracking (DST), a representative real-
world scenario characterized by domain expansion and evolving user requirements.
The continual DST framework demonstrates how task-level consolidation and struc-
tured knowledge updating jointly enable robust generalization and stable performance

across dynamic dialogue environments.

Overall, this thesis contributes both methodological innovations and a unified con-
ceptual framework for knowledge adaptation in LLMs. By bridging continual task
learning and fine-grained knowledge editing, it provides scalable solutions for build-
ing reliable, adaptable, and evolving large language models suitable for dynamic real-

world deployment.
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6.2 Future Works

Building on the contributions of this thesis, future research will focus on extending
knowledge adaptation strategies specifically for Large Language Models (LLMs), ad-
dressing their scale, dynamic data requirements, and computational challenges. The
goal is to enable LLMs to continuously learn, preserve general knowledge, and adapt

efficiently to new tasks.

6.2.1 Continual Learning for Large Language Models

A promising direction is the development of continual learning techniques tailored to
LLMs. While LLMs are pretrained on large static corpora, real-world applications
often require adaptation to streaming and evolving data. Retraining from scratch is

computationally expensive and impractical.

Future research may explore scalable CL strategies, including;:

« Dynamic parameter importance estimation: Extending methods like Re-
current KIF to continuously evaluate the importance of model parameters for

knowledge retention in evolving tasks.

o Adaptive model merging: Leveraging learning and forgetting signals to de-
termine optimal merging points for integrating new task knowledge without

catastrophic forgetting.

o« Memory-aware training: Maintaining a curated set of representative samples
from past tasks as a dynamic memory buffer to facilitate efficient continual

learning and knowledge preservation.

These strategies aim to enable LLMs to retain past knowledge while efficiently acquir-

ing new information, improving adaptability in dynamic and complex environments.
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6.2.2 Model Editing for Large Language Models

Another key research direction is advancing model editing techniques for LLMs. Cur-
rent approaches, such as GeoEdit, selectively update parameters to integrate new
knowledge while minimizing interference with general knowledge. However, chal-
lenges remain when old knowledge datasets are unavailable or when new knowledge

conflicts with existing general knowledge.

Future work may explore:

o Synthetic or inferred task vectors: Using model outputs or generated rep-

resentations as substitutes for unavailable reference datasets.

o Multi-factor geometric analysis: Incorporating additional geometric met-
rics, such as task vector projections and magnitude, to more effectively separate

general knowledge preservation from new knowledge integration.

« Scalable mass-editing: FExtending editing methods to handle large-scale,

multi-task updates efficiently while minimizing inference overhead.

These directions aim to make LLMs more flexible and robust, ensuring that new
knowledge can be integrated effectively without degrading previously learned general

knowledge.
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