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The challenge of effectively and efficiently adapting statically pre-trained Large Language Models (LLMs) to ever-evolving data
distributions remains predominant. When tailored for specific needs, pre-trained LLMs often suffer from significant performance
degradation in previous knowledge domains — a phenomenon known as “catastrophic forgetting”. While extensively studied in the
Continual Learning (CL) community, this problem presents new challenges in the context of LLMs. In this survey, we provide a
comprehensive overview and detailed discussion of the current research progress on LLMs within the context of CL. Besides the
introduction of the preliminary knowledge, this survey is structured into four main sections: we first describe an overview of continually
learning LLMs, consisting of two directions of continuity: vertical continuity (or vertical continual learning), i.e., continual adaptation
from general to specific capabilities, and horizontal continuity (or horizontal continual learning), i.e., continual adaptation across time
and domains (Section 3). Following vertical continuity, we summarize three stages of learning LLMs in the context of modern CL:
Continual Pre-Training (CPT), Domain-Adaptive Pre-training (DAP), and Continual Fine-Tuning (CFT) (Section 4). We then provide an
overview of evaluation protocols for continual learning with LLMs, along with currently available data sources (Section 5). Finally, we
discuss intriguing questions related to continual learning for LLMs (Section 6). This survey sheds light on the relatively understudied
domain of continually pre-training, adapting, and fine-tuning large language models, suggesting the necessity for greater attention
from the community. Key areas requiring immediate focus include the development of practical and accessible evaluation benchmarks,
along with methodologies specifically designed to counter forgetting and enable knowledge transfer within the evolving landscape of
LLM learning paradigms. The full list of papers examined in this survey is available at https://github.com/Wang-ML-Lab/llm-continual-

learning-survey.
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1 INTRODUCTION

Recent advances in large language models (LLMs) have demonstrated considerable potential for achieving artificial
general intelligence (AGI) [1, 6, 22, 40, 173, 186, 230, 231]. Researchers have observed that complex abilities such as
multi-step reasoning, few-shot in-context learning, and instruction following improve as the scale of parameter size
increases [159, 250, 252, 253, 277]. The development of LLMs is impactful and revolutionary, prompting machine learning

practitioners to reconsider traditional computational paradigms for once-challenging human-level tasks. However, LLMs
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are typically trained on static, pre-collected datasets encompassing general domains, leading to gradual performance
degradation over time [5, 52, 95, 96, 100, 137] and across different content domains [35, 44, 69, 71, 100, 104, 183, 184, 221].
Additionally, a single pre-trained large model cannot meet every user need and requires further fine-tuning [10, 16, 37,
106, 182, 254, 255, 255, 281, 299, 299]. While one potential solution is re-collecting pre-training data and re-training
models with additional specific needs, this approach is prohibitively expensive and impractical in real-world scenarios.

To efficiently adapt LLMs to downstream tasks while minimizing performance degradation on previous knowledge
domains, researchers employ the methodology of Continual Learning (CL), also known as lifelong learning or incremental
learning [38, 178, 232, 237]. Inspired by the incremental learning pattern observed in human brains [101, 153, 154, 175],
CL trains machine learning models sequentially on a series of tasks with the expectation of maintaining performance
across all tasks [57, 58, 113, 124]. Throughout training, models have limited or no access to previous data, posing
a challenge in retaining past knowledge as optimization constraints from unseen previous data are absent during
current-task learning [124, 135, 213]. This challenge, known as catastrophic forgetting [155], has been a central focus
in continual learning research since its inception. Over the years, researchers have explored various techniques to
mitigate forgetting. These include replay-based methods [30, 207, 213], parameter regularization [4, 113, 196], and
model architecture expansion [191, 236]. Together, these techniques have significantly advanced the goal of achieving
zero forgetting in continual learning across diverse tasks, model architectures, and learning paradigms.

In the context of training and adapting LLMs sequentially, the significance of CL is undergoing semantic shifts of its
own as well. To highlight this ongoing shift, in this paper, we provide a comprehensive overview and detailed discussion
of the current research progress on continual LLMs. For the general picture of continual LLMs, we for the first time

divide it into two directions of continuity that need to be addressed by practitioners (details in Section 3):

e Vertical continuity (or vertical continual learning), which refers to the ongoing adaptation of LLMs as
they transition from large-scale general domains to smaller-scale specific domains, involving shifts in learning
objectives and entities of execution. For example, healthcare institutions may develop LLMs tailored to the
medical domain while retaining their general reasoning and question answering capabilities for users.

e Horizontal continuity (or horizontal continual learning), which refers to continual adaptation across time
and domains, often entails multiple training stages and increased vulnerability to forgetting. For example, social
media platforms continuously update LLMs to reflect recent trends, ensuring accurate targeting of downstream

services like advertising and recommendations without compromised experience for existing users.

Importantly, separating vertical and horizontal CL transcends mere modification of existing paradigms, like domain-
incremental learning, which aligns with horizontal continuity. This distinction offers a robust framework for analyzing
complex CL paradigms in language models. For instance, Recyclable Tuning preserves both vertical and horizontal
continuity simultaneously [183], and future designs might include zigzagging between horizontal and vertical CL.

In Fig. 1, following vertical continuity, we delineate three key stages of LLM learning within modern CL: Continual
Pre-Training (CPT), Domain-Adaptive Pre-training (DAP), and Continual Fine-Tuning (CFT) (details in Section 4). In
CPT, existing research primarily investigates three types of distributional shifts: temporal, content-level, and language-
level. Each presents distinct focuses and challenges. In DAP, CL evaluation and techniques are frequently utilized.
However, there is a noticeable lack of diversity in these techniques, considering the maturity of the conventional CL
community. In CFT, our focus is on the emerging field of learning LLMs, covering topics such as Continual Instruction
Tuning (CIT), Continual Model Refinement (CMR), Continual Model Alignment (CMA), and Continual Multimodal
LLMs (CMLLMs). Next, we present a compilation of publicly available evaluation protocols and benchmarks (details in
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Section 5). We conclude our survey with a discussion covering emergent properties of continual LLMs, changes in the
roles of conventional CL types and memory constraints within the context of continual LLMs, and prospective research
directions for this subject (details in Section 6).

In summary, this survey provides a comprehensive review of existing continual learning studies for LLMs, which
significantly distinguishes itself from existing literature on related topics [17, 105, 237, 261, 276]. Our survey highlights
the underexplored research area of continually developing LLMs, especially in the field of CPT and DAP. We emphasize
the needs for increased attention from the community, including the development of practical, accessible, and widely
acknowledged evaluation benchmarks. Additionally, methodologies need to be tailored to address forgetting in emerging
LLM learning paradigms. We hope this survey can provide a systematic and novel perspective of continual learning in
the rapidly-changing field of LLMs and can help the continual learning community contribute to the challenging goals

of developing LLMs in a more efficient, reliable, and sustainable manner [8, 25, 95, 219, 268].

2 BACKGROUND AND RELATED WORK
2.1 Large Language Models

Primarily built on the transformer architecture, pre-trained language models (PLMs) have established a universal
hidden embedding space through extensive pre-training on large-scale unlabeled text corpora [51, 133, 189]. By scaling
parameters to billions or even hundreds of billions and training on massive text datasets [84, 102], PLMs not only
demonstrate superior language understanding and generation capabilities but also manifest emergent abilities such as
in-context learning, instruction following, and multi-step reasoning [159, 250, 252, 253, 277]. These larger models are

commonly referred to as Large Language Models (LLMs). For more detailed introduction, please refer to Appendix A.1.

2.1.1  Pre-training of LLMs. There are two popular pre-training paradigms for LLMs. (1) Decoder-only models typically
employ auto-regressive language modeling (LM) tasks during pre-training, including the GPT family [1, 22, 173, 186],
Gemini family [194, 225], and the open-source Llama family [230, 231]. Specifically, given a sequence of tokens x =
[x1, %2, - -+, xn], LM predicts the next token x; autoregressively based on all preceding tokens x<; = [x1,x2, -+ ,xz-1],
and trains the entire network by minimizing the negative log-likelihood — Zi\i 1 log P(x¢|x<¢), where P(x1]x<1) 2 P(x1)
is the unconditional probability estimation of the first token. (2) Encoder-only models, e.g., BERT [51, 133], use masked
language modeling (MLM) as a common pre-training objective. In MLM, for the input sequence x, a subset of input
tokens m(x) are masked and replaced with the special [MASK] token. The pre-training goal is to utilize the unmasked
parts X\ ,,,(x) to predict the masked portions m(x). In summary, the overarching goal of MLM is to minimize the negative

log-likelihood — ¥z m(x) log P(X|x\m(x))-

2.1.2  Adaptation of LLMs. LLMs are primarily trained to generate linguistically coherent text. However, this training
may not align with human values, preferences, or practical needs. Furthermore, the pre-training data can be outdated,
leading to knowledge cutoffs or inaccuracies. To address these issues, various computational paradigms such as
Instruction Tuning (IT) [288], Model Refinement (MR) [47], and Model Alignment (MA) [174, 187] have been proposed.
These approaches adapt LLMs to better meet diverse downstream tasks and user requirements.

Numerous studies show that Instruction Tuning (IT) can notably improve LLMs’ ability to follow textual instruc-
tions [98, 174, 203, 250, 288], leveraging the pre-existing knowledge within LLMs to bridge the gap between general and
task-specific performance [251]. Recent works like WizardLM [269] and CodecLM [246] further tailor synthetic data
to steer LLMs’ behavior through IT. Additionally, IT enhances the interaction between humans and LLMs, providing
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a more natural interface and aligning LLM outputs more closely with human expectations and preferences [145].
LLMs make mistakes, such as inaccurate translations or outdated information [47]. Directly fine-tuning the model to
correct these mistakes may disrupt its performance on previously learned tasks. To overcome these challenges, Model
Refinement (MR) is proposed to rectify the model’s errors while preserving its performance on other inputs, with
only moderate computing resources [47, 74, 76, 92, 163, 164, 215]. Model Alignment (MA) ensures Al systems’ actions
and outputs align with human values, ethics, and preferences [174, 187]. MA can be broadly categorized into two types:
Reinforcement Learning-based (RL-based) and Supervised Learning-based (SL-based). RL-based approaches [174, 205]
are trained to make decisions reinforced by human feedback, using a reward system to guide them towards desirable
outcomes. In contrast, SL-based approaches [81, 97, 187] directly train models on datasets of human preferences, aligning

their output with demonstrated human values.

2.2 Continual Learning

Humans can accumulate knowledge and skills across tasks without significant performance decline on previous tasks
[101, 153, 154, 175]. In contrast, machine learning models, which are typically data-centric, often experience performance
degradation on old tasks when trained on new ones, a phenomenon known as “catastrophic forgetting.” The challenge
of adapting models to a sequence of tasks without forgetting, especially when little to no past data can be preserved, is
extensively studied in the continual learning community [38, 178, 232, 237]. Formally, the objective of CL is to find a
hypothesis that minimizes risk across all tasks/domains. Consider DIL as an example [112, 213], at ¢-th learning stage,

the ideal training objective £(h) is defined as

-1
L2y Lo+ Lo,k (1)
S— S——
past domains current domain

where D; denotes the data distribution of the i-th continual learning stage. The objectives for past domains are often
challenging to measure or optimize due to the memory constraints (Definition A.3). Therefore, the core of designing CL
algorithms lies in identifying a proxy learning objective for the first term without violating the memory constraint. A

more detailed introduction to the formal definition of CL and its techniques can be found in Appendix A.2.

2.2.1 Types of Continual Learning. To lay the groundwork for subsequent discussions (as illustrated in Table 3 and
Section 6.2), we follow the conceptual framework proposed by [112, 232, 237]. There are three primary types of
continual learning scenarios: (i) Task-Incremental Learning (TIL), where task indices are available to the model during
inference [113, 124]; (ii) Domain-Incremental Learning (DIL), where the model learns a sequence of tasks with the
same formulation but without task indices during inference [213]; and (iii) Class-Incremental Learning (CIL), where the

model learns new classes of data during training [112, 193].

2.2.2 Techniques of Continual Learning. Existing CL techniques can be roughly categorized into five groups [237]:
(i) replay-based, (ii) regularization-based, (iii) architecture-based, (iv) optimization-based, and (v) representation-based.
Here, we provide a concise yet comprehensive introduction to the first three categories of continual learning techniques,
as they are extensively applied in continual LLMs.

Replay-based methods adopt the relaxed memory constraint by keeping a small buffer of observed data and
retraining the model on it when learning new tasks. Although replay-based methods may theoretically lead to loose
generalization bounds [213], they are valued for their simplicity, stability, and high performance, even with a small
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episodic memory [24, 30, 193, 195]. Regularization-based methods adopt a regularization term A || — 6;_1 || that
penalizes large deviation from the history model in the parameter space, where ||o||y = T Xo is the vector norm
evaluated on a positive-semi-definite matrix X, and A is the regularization coefficient, a hyper-parameter introduced
to balance the past knowledge retention and current knowledge learning. The matrix ¥ introduced is to measure the
different level of importance of each parameters and their correlations in retaining the past knowledge. In practice,
to reduce computational overhead, diagonal matrices are often designed to encode only the importance of each
parameter [4, 113, 197]. Architecture-based methods, especially expanding the network architecture dynamically
to assimilate new knowledge, is considered the most efficient form of CL [248, 249]. This method primarily tackles
adaptation challenges and can achieve zero-forgetting when task IDs are available during inference or can be correctly
inferred [71, 256]. However, due to the difficulty of task ID inference, architecture expansion is predominantly utilized
in TIL but is scarcely explored in DIL or CIL. In conjunction with pre-trained backbone large models like ViT [54],
CoLoR [256] trains various low-rank adaptation (LoRA) [86] modules for different tasks. It estimates and stores
prototypes for each task and utilizes the natural clustering ability of the pre-trained model during testing to infer task IDs,
selecting the corresponding LoRA component for prediction generation. In the domain of continual LLMs, architecture
expansion has resurged in popularity following the rise of parameter-efficient fine-tuning (PEFT) [50, 86, 211], a topic
we will delve into shortly [96, 100, 118, 177, 240, 257, 272, 273].

2.2.3  Evaluation Metrics of Continual Learning. There are four evaluation protocols primarily designed for continual
learning. Overall Performance (OP) [106, 286, 291] calculates the average performance up until the current training
stage, measuring the overall ability of a model balancing the performance of each task. As noted in [213], OP corresponds
to the primary optimization objective of continual learning, and hence receives the most attention. Forgetting (F)
represents the largest performance drop observed of each task throughout the training process, averaged over all
training stages. It quantifies the negative impact of learning new tasks brought to previously acquired knowledge.
Ideally, a robust continual learning framework should achieve Backward Transfer (BWT), where learning new tasks
enhances performance on prior tasks. BWT is measured by negating the forgetting, and hence a negative forgetting
indicates a an improvement in performance on earlier tasks. Forward Transfer (FWT) measures the generalization
ability of the continual learning algorithms to unseen tasks. It is defined as the difference between the current model’s

performance evaluated on the future tasks and the randomly initialized model. Refer to Appendix B.1 for more details.

3 CONTINUAL LEARNING MEETS LARGE LANGUAGE MODELS: AN OVERVIEW

Large language models (LLMs) are extensive in various dimensions, including the size of model parameters, pre-training
datasets, computational resources, project teams, and development cycles [1, 6, 22, 40, 173, 186, 230, 231]. The substantial
scale of LLMs presents notable challenges for development teams, particularly in keeping them updated amidst rapid
environmental changes [5, 52, 95, 96, 100]. To illustrate, in 2023, the average daily influx of new tweets exceeds 500
million?, and training on even a subset of this large volume of data is unaffordable. Recyclable Tuning [183] is the first
work to explicitly outline the supplier-consumer structure in the modern LLM production pipeline. On the supplier
side, the model is continually pre-trained over a sequence of large-scale unlabeled datasets. After every release of the
pre-trained model, the consumer utilizes the stronger and more up-to-date upstream model for downstream tasks.
Compared to the upstream supplier, downstream users often lack capacity of collecting and storing large-scale data,

maintaining large-scale hardware systems, and training LLMs themselves. In this survey, we extend this framework

ISource: https://www.omnicoreagency.com/twitter-statistics

Manuscript submitted to ACM


https://www.omnicoreagency.com/twitter-statistics

6 Shi et al.

and further present a comprehensive modern production pipeline encompassing various studies on continual LLM
pre-training, adaptation, and deployment (Fig. 1). What sets our framework apart from existing studies [261] is the

incorporation of two directions of continuity: Vertical Continuity and Horizontal Continuity.

3.1 Vertical Continuity (Vertical Continual Learning)

Definition. Vertical continuity (or vertical continual learning) has long been studied, either implicitly or explicitly, in
existing literature. Vertical continuity is characterized by a hierarchical structure encompassing data inclusiveness, task
scope, and computational resources. Specifically, the training task transitions gradually from general pre-training to
downstream tasks, typically undertaken by distinct entities within the production pipeline [68, 71, 183, 197, 268, 272].
Fig. 1 shows a typical pipeline for vertical continuity in LLMs, i.e., “pre-training” — “domain-adaptive training” —
“downstream fine-tuning” [42, 48, 68, 72, 73, 91, 121, 146, 148, 197, 257, 258, 272, 303]:

e Pre-training. During the pre-training stage, a substantial amount of data from diverse domains is required to
develop a general-purpose LLM. This phase demands a sizable research and development team dedicated to
training and benchmarking the model, along with considerable computational resources.

e Domain-Adaptive Pre-training. Subsequently, downstream institutions may opt for domain-adaptive pre-
training to tailor the model for specific tasks using domain-specific data unavailable to the upstream supplier.

¢ Finetuning. Finally, the LLM undergoes fine-tuning on annotated data for downstream tasks before deployment.

Throughout the process, the unlabeled domain-specific dataset is smaller in scale than the upstream pre-training phase
but larger than the final downstream task fine-tuning phase. This pattern extends to computational resources, team size,
and other factors. It is important to note that vertical continuity can involve more than three stages [91, 129, 172, 199].
In real-world applications, during domain-adaptive pre-training, additional “layers” can be added to accommodate
multiple entities, such as various departments with distinct objectives but operating within the same domain.

Vertical Forgetting. We term the performance degradation (in terms of general knowledge) due to vertical
continual learning “vertical forgetting”. As shown in Fig. 2, for vertical continual learning, the data distribution of
upstream tasks partially covers the downstream, meaning the model might start off at a decent initialization for the

subsequent stage of training. Two significant challenges must be addressed to prevent vertical forgetting:

o Task Heterogeneity. Stemming from the inherent disparity between the formulation of upstream tasks and
downstream tasks, task heterogeneity can lead to differences in model structures and training schemes, which has
long been recognized as a major hurdle [112, 124, 170, 193, 262]. To mitigate this issue, practitioners often employ
methodologies such as freezing shared parameters during downstream phases or reformulating downstream
tasks to match the structure of pre-training tasks [118, 177, 240, 257, 272, 273].

e Inaccessible Upstream Data. This challenge arises primarily from varying levels of confidentiality across
entities undertaking vertical continual learning. Data collected and curated under different protocols may not be
accessible to some downstream entities. This scenario is even more challenging than the strict memory constraint
presented in conventional CL (Definition A.3), as algorithms for latter case rely on access to previous data at
specific points for parameter importance measurement [4, 113] or for replay [24, 30, 195, 213]. To address the
challenge of inaccessible upstream data, existing methods either use public datasets or generate pseudo-examples

to create proxy pre-training datasets [182].
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Fig. 1. A high-level overview of the modern pipeline for continually pre-training and fine-tuning LLMs, where two dimensions of
continuity are described. Vertical Continuity (or Vertical Continual Learning): LLM training can be vertically divided into three
stages: (i) Continual Pre-Training (CPT), (ii) Domain-Adaptive Pre-training (DAP), and (iii) Continual Fine-Tuning (CFT). The main
focus is the retention of the LLM’s general knowledge (prevention of vertical forgetting). Horizontal Continuity (or Horizontal
Continual Learning): After the LLMs are deployed, the models are continually updated when a new set of data becomes available.
The primary goal is to prevent horizontal forgetting in a long sequence of tasks.

3.2 Horizontal Continuity (Horizontal Continual Learning)

Definition. Horizontal continuity (or horizontal continual learning) refers to continual adaptation across time and
domains, a topic extensively explored within the continual learning community. The primary rationale for preserving
horizontal continuity lies in the dynamic nature of data distribution over time. To stay updated with these content shifts,
an LLM must incrementally learn newly-emerged data. Otherwise, the cost of re-training will become prohibitively
expensive and impractical [5, 29, 219, 268]. Empirical evidence has consistently shown that despite their impressive
capabilities, LLMs struggle to generalize effectively to future unseen data, particularly in the face of temporal or
domain shifts [5, 52, 95, 96]. Additionally, they struggle to retain complete knowledge of past experiences when
adapting to new temporal domains, although they do demonstrate a higher level of robustness against catastrophic
forgetting [144, 156, 223, 299]. The necessity of employing complex CL algorithms to address challenges in LLMs remains
an open question. For instance, during large-scale continual pre-training, large institutions can typically afford the storage
costs of retaining all historical data, rendering memory constraints meaningless. Several studies have demonstrated that
with full access to historical data, simple sparse replay techniques can effectively mitigate forgetting [62, 181, 208, 223].
In contrast, numerous continual learning studies have showcased superior performance compared to naive solutions,
suggesting the importance of continual learning techniques in LLM training [35, 95, 100, 184].

Horizontal Forgetting. We informally define “horizontal forgetting” as the performance degradation on the
previous tasks when model is undergoing horizontal continual learning. As illustrated in Fig. 2, horizontal continual
learning typically involves training stages of similar scales, with potential distributional overlap among their data. In
summary, two main challenges need to be addressed for horizontal continual learning of LLMs:

Manuscript submitted to ACM



8 Shi et al.

Gradual Shift Abrupt Shift
'Jraf,rf'/:,\/hj[;:/ S S
(1)
~an Adaptive Pre_; < 3in 2 ST omai
2\ DAR) !’””’/}/y Domain A DomainB: Domain C
;'\ne-Tuning
()
N
L
(a) Vertical Continual Learning of LLMs (b) Horizontal Continual Learning of LLMs

Fig. 2. A diagram showing two different directions of continual learning of LLMs. (a) Vertical Continual Learning of LLMs: in this
case, the upstream data distribution usually partially covers the subsequent tasks’ data distribution. (b) Horizontal Continual
Learning of LLMs: No constraints on the data distributions are present on horizontal continual learning. The continual LLMs need
to handle the challenge of abrupt distributional shifts and a longer sequence of training.

o Long Task Sequences. Horizontal continual learning ideally involves numerous incremental phases, particularly
to accommodate temporal shifts in data distribution. A longer task sequence entails more update steps of the
model, leading to inevitable forgetting of previously learned tasks. To address this challenge, researchers employ
established continual learning techniques with stronger constraints, such as continual model ensemble [191].

o Abrupt Distributional Shift. In contrast to vertical continuity, where distributional shifts are often predictable,
horizontal continual learning does not impose constraints on task properties. Evidence suggests that abrupt

changes in task distributions can result in significant horizontal forgetting of the model [204].

4 LEARNING STAGES OF CONTINUAL LARGE LANGUAGE MODELS

Fig. 1 provides an overview of continually learning LLMs. Along the axis of vertical continuity, three main “layers” of
modern continual learning emerge. The top layer, Continual Pre-Training (CPT), involves continuous pre-training of
LLMs by the supplier on newly-collected data alongside existing data (Section 4.1). The middle layer, Domain-Adaptive
Pre-training (DAP), prepares LLMs for domain-specific applications through additional pre-training on domain-specific
unlabeled data (Section 4.2). The bottom layer, Continual Fine-Tuning (CFT), targets models for final downstream tasks

on the consumer side (Section 4.3), where the model needs to be updated after deployment for the specified task.

4.1 Continual Pre-Training (CPT)

4.1.1 CPT: Effectiveness and Efficiency. Before delving into the details of continual pre-training (CPT), it is important
to address two fundamental questions: Firstly, regarding effectiveness, can CPT enhance performance on downstream
tasks beyond that of the initial training on a wide range of data domains? Extensive studies have not only demonstrated
the necessity of CPT for improved downstream performance [35, 71, 95, 96, 100, 184], but also shown that when
distributional shifts are gradual [95, 278] or somewhat correlated [71], CPT can effectively help model generalize to
unseen data. The second question is about efficiency: given the large size of an LLM’ parameters and data, both old and
new, can we achieve adaptation and knowledge retention in a computationally efficient way? Concerning efficiency,
most studies focus on techniques for efficient knowledge retention [95, 96, 100, 118], which significantly overlap with
the CL literature addressing catastrophic forgetting [4, 24, 191, 193, 195, 196, 201, 207, 213, 236]. In contrast to prior
approaches that fully utilize emergent data, some studies recognize the impracticality of this approach in real production
environments. Instead, they concentrate on further improving the efficiency of adaptation. For instance, ELLE [184]
employs a function-preserved model expansion to facilitate efficient knowledge growth; [5] and [268] sub-sample

training data based on novelty and diversity to enhance training efficiency, achieving superior performance compared
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Table 1. Summary of existing studies on Continual Pre-training of LLMs. The papers are organized based on their relation to
CL: (i) no CL techniques are studied, (ii) CL techniques are studied as solely baselines, and (iii) new CL approaches are proposed.
In the table, Dist. Shift denotes what type(s) of distributional shifts this particular study considers and is dedicated to solve. In the
section of Continual Learning Tech., we mainly categorize three types of continual learning techniques that are studied in the
paper: rehearsal (Rehearsal), parameter regularization (Param. Reg.), and architecture expansion (Arch. Exp.). We use “V”, “X”, and “&”
to denote “deployed in the proposed method”, “not studied in the paper”, and “studied as a baseline method”, respectively. Note that
we do not include naive sequential fine-tuning in this table, as it is universally studied as the important baseline method in all of the
papers in the table. The papers with only “®” [95, 96, 100] means that only existing CL techniques are studied, without proposing
new ones, and the papers with only “X” [63, 69] means that special aspects of fine-tuning are studied, without using CL techniques.

Method Scenario Continual Learning Tech. LLM Arch. Evaluation
Dist. Shift #Domains Rehearsal Param. Reg. Arch. Exp. Pre-Training Downstream
TimeLMs [137] Temporal 8 X X X RoBERTa v v
: RoBERTa
[278] Content 159 X X X GPT-2 v X
69 ontent 1 thia
[69] C X X X Pythi v X
63 Language 3 X
guag X X GPT v X
. TinyLlama
RHO-1 [130] Other 1 X X X Mistral v v
-
[118] Language 1 X P-Freeze® Al_d(?ls;; Llama2 v v
P-Freeze® LoRA%*
CKL [96 T al 1 ix-Review® T5 v
[96] ‘emporal Mix-Review' RecAdam® K-Adapter® X
ER*
Logit-KD* »
LLPT [100] Temporal 4 Rep-KD* oEWC® LAdaP};er i RoBERTa v v
c Contrast-KD* Ayer Exp-
ontent 8 Y
SEED-KD
P-Freeze® LoRA%*
T IWiki [95 T 1 5 ix-Review® GPT-2 v v
emporalWiki [95] ‘emporal Mix-Review' RecAdam® K-Adapter®
v
, CPT .
CPT* [104] Content 4 DE]R)*; EWC* ‘;i;i’/:f", RoBERTa v X
HAT* “‘
ERNIE 2.0 [221] Content 4 ER* x x ERNIE x v/
[5] Temporal 7 X P-Freeze” Vocab. Exp.” BERT X 4
BERT
v
[44] Content 5 X X Vocab. Exp. ROBERTa X v
DEMix [71] Content 8 X X MoE” GPT-3 v v/
4
TempoT5 [52] Temporal 1 X X V(;CIZZET}J T5 X 4
. ) ER/ v
RecTuning [183] Content 4 KDY X Adapter* RoBERTa X v
> 5 v
Lifelong-MoE [35] Content 3 I?II; / 12 Ff;;ze MoE” GLaM v v
Prompt”’
%] P
ELLE [184] Content 5 ER > P-Freeze” Layer Exp)/ BERT v v
KD 2 GPT
Adapter
[94] Lcai’g‘:f:gte 2 ERY X X GPT-NeoX v v
CuteGPT
CEM [294] Other 1 ERY X X ChatGLM X v
Qwen-Chat
IR-DRO [36] Other 1 ER’ X X OPT x v

to full-data training. Though currently underexplored, efficient adaptation in continual pre-training is poised to become

significant, given recent findings emphasizing data quality over quantity for LLM generalization [216, 267].

4.1.2  General Observations on CPT. Table 1 summarizes the existing studies on continual pre-training (CPT), and here

are some key observations we make about CPT.

e OBS-1: The development of advanced techniques tailored specifically for CPT is at the starting stage
and warrants further exploration. Only about half of the examined papers propose novel techniques for
CPT [5, 35, 44, 52, 71, 104, 183, 184, 221], while the remaining half either focus solely on the effects of pure
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adaptation without considering CL techniques [63, 69, 137], or conduct empirical studies on the straightforward

application of existing CL techniques [95, 96, 100, 118].

OBS-2: The diversity of CL techniques incorporated in CPT remains limited. Most practical implementa-
tions of CL techniques for CPT primarily focus on architecture expansion of LLMs [5, 35, 44, 52, 71, 183], with
only a few explicitly utilizing replay [35, 183] and parameter regularization [5, 35].

OBS-3: There is an apparent gap between the existing studies and the real production environment
of CPT. Except for the recent study [278] which conducts CPT over 159 domains, the longest sequence of
pre-training stages explored is 8 [71, 100]. However, this falls short of real-world scenarios where continual
pre-training occurs more frequently and persists for months or years. The efficacy of CPT methods in such
prolonged scenarios remains uncertain. Additionally, investigating CPT in a task-boundary-free data stream

setting is an important avenue for research to be explored in the future as well.

4.1.3 Distributional Shifts in CPT. This survey categorizes distributional shifts of CPT into three main types: (i) Language
Shift: LLMs sequentially learn different language corpora, e.g., English — Chinese [63, 118]. (ii) Content Shift: LLMs
sequentially learn corpora from different fields, e.g., chemistry — biology [35, 44, 69, 71, 100, 183]. (iii) Temporal Shift:
Distributional shifts occur over time, e.g., news in 2021 — news in 2022, with a major focus on timestamp-sensitive
knowledge retention and update [5, 52, 95, 96, 100].

Language Shift. [63] focuses on assessing LLMs’ natural ability to learn new languages sequentially. With no
explicit CL techniques employed, the study observes consistent positive forward transfer of the knowledge, facilitating
new language acquisition regardless of the learning order. Forgetting, on the other hand, emerges as a significant
challenge that cannot be mitigated by the increasing size of LLMs. In [118], the degree of forgetting of previously learned
language when adapting LLMs to a new language is investigated. Various CL techniques, including parameter freezing,
LoRA [86], and (IA)® [132], are evaluated across multiple dimensions. Preliminary experimental results highlight the
non-trivial nature of addressing horizontal forgetting for CPT under the language shift as well.

Content Shift. [278] explores the large-scale CPT over 159 content domains, and shows that CPT on various
domains can effectively improve models’ adaptation ability compared to DAP on single domain. Similarly, [69] continues
the pre-training phase of Pythia [16] with no complex CL techniques and discovers that learning rate re-warming
consistently improves models trained from scratch. Built upon this simple observation, [94] further shows that proper
combination of learning rate re-warming and re-decay, and replay of the previous data is sufficient to achieve a
comparable performance to full re-training. LLPT [100] establishes a comprehensive training and evaluation protocol for
a series of content-level distributional shifts. They assess multiple CL methods and, similar to [63], find consistent forward
knowledge transfer, yet horizontal forgetting remains significant. Besides, contrary to the common understanding
that experience replay [30] is the most efficient approach to preventing forgetting, the authors find it ineffective in
the case of CPT, due to the potential overfitting issue. Recyclable Tuning [183] shows that if the upstream supplier
continually pre-trains LLMs, with or without replay, consumer-side efficiency can be boosted by recycling previously
learned update components when proper CL techniques are applied.

DEMix [71] incrementally trains and integrates new experts (DEMix layer) for new domains during CPT. To ensure
reasonable inference performance during testing when no domain information is available, it proposes a parameter-free
probabilistic approach to dynamically estimate a weighted mixture of domains. DEMix’s modularization has been
shown to facilitate efficient domain-adaptive pre-training, promote relevant knowledge during inference, and allow for
removable components. Lifelong-MoE [35], similar to DEMix [71], incrementally trains domain experts for new domains.

Manuscript submitted to ACM



Continual Learning of Large Language Models: A Comprehensive Survey 11

However, Lifelong-MoE differs from DEMix in utilizing a token-level gating function to activate multiple experts for
intermediate embedding calculation. During training, previous experts’ parameters and gating functions remain frozen,
and knowledge distillation loss is employed to regulate parameter updates, which thereby makes Lifelong-MoE robust
against the issue of horizontal forgetting.

It is noteworthy that some papers draw almost opposite conclusions regarding the significance of CPT for content
shifts. For instance, [44] continually pre-trains BERT-based models [51, 133] on five scientific domains and evaluates
performance on downstream sentiment analysis. They observe that even the trivial sequential pre-training does not
exhibit severe forgetting, prompting reasonable questions about the necessity of CPT.

Temporal Shift. In the context of CPT amid content shifts, Multi-Task Learning (MTL) is often regarded as the
upper bound achievable [178, 213, 237]. However, this belief does not fully hold when considering CL under temporal
shifts [52, 95, 96], as temporal shifts can introduce conflicting information, posing challenges for LLMs. For instance,
the statement “Lionel Messi plays for team Barcelona” remains accurate from 2004 to 2021 but becomes false by 2024, as
“Lionel Messi plays for team Inter Miami” becomes the correct statement.

Hence, as advocated by CKL [96] and TemporalWiki [95], LLMs undergoing continual adaptation to temporal shifts
must simultaneously achieve three objectives: (i) retention of old knowledge, (ii) acquisition of new knowledge, and
(i) update of the outdated knowledge. They evaluate the same set of continual learning baseline methods [34, 79, 87, 239],
each highlighting distinct aspects of their impact. CKL [96] observes that parameter expansion consistently exhibits
robust performance across all experimental conditions. In contrast, replay-based methods struggle to efficiently adapt to
new knowledge acquisition and outdated knowledge update, leading to rapid forgetting of newly learned information
during training. TemporalWiki [95] constructs a series of temporal corpora and their differential sets from sequential
snapshots of Wikipedia, revealing that updating LLMs on these differential sets substantially enhances new knowledge
acquisition and updates, requiring significantly less computational resources, and various CL techniques prove effective
in mitigating horizontal forgetting during this process. LLPT [100] introduces temporal generalization evaluation for
LLMs pre-trained on sequential corpora. Through experiments on a large-scale chronologically-ordered Tweet Stream,
the authors demonstrate the superiority of CPT combined with CL techniques to task-specific LMs, in terms of both
knowledge acquisition and temporal generalization. Nonetheless, these preliminary experiments do not conclusively
determine which specific CL method is more preferable than the others.

Another line of work, Temporal Language Models (TLMs), takes a different approach to address knowledge retention,
acquisition, and update under temporal shifts by integrating temporal information into the model [52, 198, 219]. During
training, they inject temporal information into training examples as prefixes of prompts, using special tokens [198],
explicit year information [52], or syntax-guided structural information [219]. In sequential training experiments
conducted by TempoT5 [52], comparison between continually and jointly pre-trained LMs demonstrates that CPT
better balances adaptation and forgetting when the replay rate of past data is appropriately set.

Others. CPT as a technique to progressively attain novel knowledge, can be used to refine LLMs’ behavior.
CEM [294] collects examples where the model’s response is incorrect and continually trains the model on these
examples, along with a supplemental dataset. RHO-1 [130] proposes Selective Language Modeling (SLM), which
employs a reference model to evaluate the perplexity of each token in the training corpus, and continually pre-trains
the model on high-perplexity tokens. Similarly, IR-DRO [36] re-trains the model on re-weighted examples from the
original pre-training dataset, focusing more on higher-loss sequences.

The significance of addressing temporal shifts through CPT is underscored by several industrial studies. For instance,

[5] employs a dynamic vocabulary expansion algorithm and an efficient sub-sampling procedure to conduct CPT on
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large-scale emerging tweet data. Conversely, [137] adopts CPT without explicit measures to constrain model updates,
releasing a series of BERT-based LMs incrementally trained on new tweet data every three months. Preliminary
experimental results demonstrate substantial improvements of continually pre-trained LMs over the base BERT model
across downstream tasks. While some studies question the necessity of continually adapting LLMs along the temporal
axis for environmental reasons, such as reducing CO; emissions [8], the community commonly embraces CPT as a

more efficient learning paradigm compared to the traditional “combine-and-retrain” approach.

4.2 Domain-Adaptive Pre-training (DAP)

Background of DAP. Institutions, regardless of size, often possess significant amounts of unlabeled, domain-specific
data. This data bridges the gap between general-purpose LLMs trained on diverse corpora and fine-tuned LLMs
designed for specific downstream tasks. Leveraging this data as a preparatory stage can facilitate effective adaptation
of LLMs to downstream tasks. Such process of “continued/continual/continuous pre-training” [9, 42, 68, 73, 91, 138,
148, 212, 264, 266, 268, 272, 282, 285], “further pre-training” [3, 48, 129, 200, 218], “domain tuning” [197], “knowledge
enhancement pre-training” [138], and “knowledge injection training” [258] is unified and termed “Domain Adaptive
Pre-training (DAP)” [72] for clarity and consistency throughout this survey. In the pioneering work of domain-adaptive
pre-training (DAPT) [72], the authors continuously pre-train the language models on a larger domain-specific dataset
before fine-tuning them to the downstream tasks, resulting in universally improved performance aross various tasks. As
the observation above has been validated on multiple domains in parallel, including BioMed, CS, News, and Reviews [72],
practitioners commonly accept that employing DAP on additional unlabeled domain-specific data benefits downstream
tasks. Consequently, this technique has become widely deployed in many modern LLMs.

Summary of LLMs with DAP. We provide a summary of the existing 41 studies utilizing DAP for LLMs in Table 2.
Each entry is characterized by three main features: (i) training process specifications, encompassing the vertical domain
for which LLMs are trained, the training pipeline preceding release, and the LLM architecture employed; (ii) adopted
continual learning techniques, including rehearsal, parameter regularization, and architecture expansion; and (iii)

evaluation metrics for CL, such as backward transfer (forgetting) and forward transfer (adaptation to downstream data).

4.2.1 General Observation on DAP. Several key observations emerge regarding the research landscape of DAP (Table 2).

e OBS-1: DAP predominantly occurs in a single stage. Continual DAP which involves more than one stage
is seldom explored: among all papers listed in Table 2, only one employs two stages of DAP (“PT — DAP —
DAP — FT” in Code Llama [199]). It is arguably reasonable to categorize studies that conduct only one stage
of DAP and nothing more [9, 39, 67, 138, 168, 177, 218, 226, 268, 271] into CPT rather than DAP. Nevertheless,

considering that they aim to adapt a general-purpose LLM to a specific domain, we include them in this section.

OBS-2: The notion of interpreting DAP through the lens of CL, whether intentional or not, is widely
embraced. As shown in Table 2, except for the first section (white, 13/41), where papers overlook any potential
side effects of DAP leading to vertical forgetting, the remaining sections (all gray, 28/41) either evaluate the
potential negative impacts of DAP or proactively employ CL techniques to mitigate the risk of vertical forgetting.
e OBS-3: Further research of more sophisticated CL techniques for not just DAP, but general vertical
continual learning is much needed. It is supported by the widespread adoption of CL techniques (22/41)
for training domain-specific LLMs. However, the diversity of these techniques is limited, with only replay [9,
33, 39, 42, 91, 148, 197, 258, 274, 289] and parameter expansion (LoRA [177, 257, 271, 272]) or Layer/Block

expansion [257, 272] utilized. In fact, it appears that individuals may not explicitly recognize that DAP should be
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viewed from the perspective of vertical continuity, as they often employ CL techniques unknowingly, e.g., studies
deploying replay terming the technique as “data combination” [258] or “data mixing/mixture” [9, 39, 148, 274],

without recognizing it as a typical CL solution to vertical continual learning.

4.2.2 Different Domains of DAP. We include work aimed at establishing vertical LLMs across various domains, including
legal, medical, financial, scientific, and code. Additionally, we cover other domains such as language and e-commerce.

Legal Domain. InLayer Llama [91], the authors gathered publicly available legal texts from China Courts websites,
totaling approximately 10 billion tokens as noted in a GitHub issue. In SaulLM [42], the authors collected the DAP
corpus from various jurisdictions in different countries, resulting in a corpus of 30 billion tokens to cover diverse aspects
of legal texts. When combined with previously available datasets, the total number of tokens used for legal-domain
DAP reaches 94 billion. The substantial volume of DAP data, while offering valuable insights into specific domains,
increases the risk of vertical forgetting of the general knowledge due to the large number of update steps involved. To
mitigate this issue, SaulLM incorporates general data from Wikipedia, StackExchange, and GitHub into the DAP data,
constituting about 2% of the final dataset [42]. Similarly, Lawyer Llama incorporates replaying general-domain data
during DAP, but the replay rate is not disclosed [91]. [222] also replays of non-latest business documents during DAP
when building a Japanese business-specific LLM.

Medical Domain. Efforts have been made to develop medical specialists by either training an LLM from scratch [66,
143] or fine-tuning publicly-available LLMs to meet specific medical needs [33, 146, 258]. Among these approaches, DAP
techniques have been extensively utilized to preserve the communication and instruction-following abilities of a general
LLM, preparing it for subsequent medical applications [33, 146, 258]. BioMedGPT [146] is a multi-modal biomedical
language model that integrates representations of human language and the language of life (molecules, proteins, cells,
genes, etc.). Prior to final multi-modal supervised fine-tuning, the authors initialize the model from Llama2-Chat [231]
and conduct DAP using extensive biomedical documents from S20RC [134], without considering any CL techniques or
evaluations. In [68], DAP is performed using Chinese medical encyclopedias and online expert articles, with next-token
prediction as the training objective. During DAP, the performance gradually deteriorates on general-domain datasets
as the training step increases, but improves on the downstream medical examination tasks [82]. PMC-LLama [258]
gathers biomedical papers from S20RC [134] and medical textbooks for “knowledge injection training” During this
phase, a general language corpus from RedPajama-Data [43] is replayed at a 5% rate within a training batch. However,
the paper does not analyze the effectiveness of this operation of mixing in general-domain data for DAP.

To mitigate vertical forgetting, AF Adapter [272] proposes an adapter structure extending the width of Attention layers
and FFNs for acquiring domain knowledge and only the adapters are tuned during DAP. Similarly, Hippocrates [2]
deploys LoRA during DAP to both have medical-specific knowledge injected and general ability preserved. Me-
Llama [265] mixes in about 25% of the general-domain data for DAP on the clinical notes and biomedical articles,
which achieves even positive backward transfer on MMLU [82]. HuatuoGPT-II [33] proposes to fuse the DAP into the
final SFT, unifying the two stages into one single process. The challenge of such process mainly comes from the data
heterogeneity of DAP’s unlabeled corpus. The authors address this challenge by reformulating paragraphs of data into
(instruction, output) format using existing large language models. They further employ a priority sampling strategy
to avoid compromising downstream ability, a pitfall observed in the fixed-rate data mixing strategy [231]. This paper
empirically demonstrates the superiority of unified one-stage SFT over two-stage training, questioning the reasonability

of the current DAP. On medical-domain data, [197] finds that LMs constrained by CL techniques on source domains
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exhibit greater robustness to future domain shifts. Specifically, they identify that parameter regularization techniques
like EWC [113], despite slightly higher cost, can facilitate positive forward and backward transfer.

Financial Domain. A gap persists between general-purpose LLMs and existing domain-specific smaller-scale
LLMs [7, 259], underscoring the urgent need for more powerful financial-domain experts through the integration of
LLMs. Notably, DAP techniques have emerged as crucial tools for tailoring LLMs to the intricacies of the financial
domain while mitigating the negative effects of abrupt domain shifts from general to finance [121, 138, 268, 271, 289].

BBT-Fin [138] collects a Chinese financial DAP dataset comprising 80 billion tokens sourced from corporate reports,
analyst reports, social media, and financial news. In addition to the conventional masked language modeling (MLM)
training objective, BBT-Fin further incorporates triplet masking and span masking techniques during DAP. CFGPT [121]
creates CFData, a financial dataset for DAP and SFT, comprising 141 billion tokens. During DAP, CFGPT does not
employ CL techniques but utilizes QLoRA [50] for preventing overfitting to downstream data and balancing general
response ability and domain-specific ability during SFT. These two methods are typical domain-specific LLMs focusing
solely on adaptation to target domains without explicit CL measures or evaluation of vertical forgetting.

In [268], the authors aim to enhance the data efficiency of DAP. When the downstream tasks’ data distribution 7~
are known, based on the generalization bound [14, 61, 213], the authors propose to sample the subset of DAP data
whose distribution D is similar to the downstream task’s data, i.e., dgaq(D, 7) is low. When the downstream data
distribution is unknown, the authors suggest ensuring novelty and diversity in the sampled corpus for DAP. This
approach significantly enhances DAP efficiency: it utilizes only 10% of the originally collected data yet outperforms
models trained on the entire DAP dataset, underscoring the importance of data quality over quantity. WeaverBird [271]
introduces an intelligent finance dialogue system, where the encoder is trained on Chinese and English financial
documents, alongside expert-annotated financial query-response pairs, using LoRA [87]. Xuanyuan 2.0 [289], akin to
HuatuoGPT-1I [33], proposes the technique of hybrid-tuning, which fuses the stages of DAP and SFT into one, general-
domain data and financial-domain data into one. Notably, the distribution of data in hybrid-tuning is unconventional:
financial DAP data comprises only a small portion of 13%. This prompts a pertinent question in line with the investigation
on efficient DAP in [268]: Is a large DAP dataset necessary for developing a domain-specific LLM?

Scientific Domain. Vertical scientific LLMs span many subjects [9, 15, 129, 142, 168, 285, 301]. However, among
all the studies listed above, only a small fraction of them adopt the technique of DAP. OceanGPT [15] is the first LLM
tailored specifically for the ocean domain. It performs DAP on a raw corpus of ocean science literature, prioritizing recent
research and historically significant works. K2 [48] pioneers the development of a foundational language model tailored
specifically for geoscience. It aggregates geoscience open access literature and Earth science-related Wikipedia pages
for DAP. Following this, it undergoes multi-task instruction tuning utilizing LoRA [87] on both a general instruction
tuning dataset and the GeoSignal benchmark introduced within the K2 framework. AstroLlama [168] gathers abstracts
solely from astronomy papers on arXiv and proceeds pre-training. It observes an improved perplexity on the domain of
scholarly astronomy, without providing more quantitative evaluation. MarineGPT [301] is a multi-modal LLM designed
specifically for the marine domain. During DAP, MarineGPT incorporates 5 million marine image-text pairs to imbue
domain knowledge. This involves training a Q-Former [122] between the frozen visual and text decoder [54, 230].

Another branch of methods proactively integrate in the replay of the general-domain data to mitigate vertical
forgetting. GeoGalactica [129] introduces a series of LLMs tailored for geoscience. In the DAP phase, besides the
52-billion-token geoscience corpus, Arxiv papers and Codedata are incorporated, with a mixing ratio of 8:1:1. The
authors believe that the inclusion of the Codedata during the model’s pre-training can significantly boost the reasoning

ability of the LLMs. Although GeoGalactica pinpoints challenges of DAP, including overfitting, catastrophic forgetting,
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Table 2. Summary of the existing studies that leverage Domain-Adaptive Pre-training of LLMs, where the papers are
organized in four main categories based on whether they (i) adopt the continual learning techniques and (ii) perform the evaluation
for backward transfer (forgetting). In the column of Train Proc. (Training Process), we omit the phase of general Pre-Training. DAP
represents Domain-Adaptive Pre-Training; SFT represents Supervised Fine-Tuning; IT represents Instruction Tuning. The prefix G- and
D- represent General and Domain-Specific training process [91, 129], and the prefix U- represents them unified [33, 257]. The prefix
MM- and LC- represents Multi-Modal and Long-Context training phases [146, 199, 301]. In the column of Continual Learning
Eval., we consider two criteria: (i) Backward Transfer, i.e., performance degradation on the previous tasks, which is also known as
catastrophic forgetting, (ii) Forward Transfer, i.e., the performance gained by DAP while transferring the LLMs to the downstream
tasks. We use L and Perp. to denote Loss and Perplexity, FT to denote Fine-Tuning, ZS and FS to denote Zero-Shot and Few-Shot
Accuracy, HE and LLM to denote the Human Evaluation and LLM Evaluation for generative tasks.

Continual Learning Tech. Continual Learning Eval.

Domain Method Train Proc. LLM Arch.
Rehearsal Param. Reg. Arch. Exp. Backward Transfer ~ Forward Transfer
Medical BioMedGPT [146] DAP — MM-SFT Llama2 X X X X FT
Financial BBT-Fin [138] DAP T5 X X X X FT
Financial CFGPT [121] DAP — SFT InternLM X X Q-LoRA(sFT) X HET
Scientific AstroLlama [168] DAP LlaVa X X X X Perp.
Vicuna
Scientific OceanGPT [15] DAP — IT Llama2-chat X X LoRA(T) X HE
ChatGLM2
Scientific K2 [48] DAP — SFT Llama X X LoRA(sFT) X Perp. | ZS | LLM
Scientific MarineGPT [301] MM-DAP — MM-IT Llama X X X X HE
Code CodeGen [172] DAP — DAP CodeGen X X X X Perp. | ZS
Llama2
Code Comment-Aug [218] IT — DAP Code Llama X X X X A
InternLM2
§ BERT
EventTemporal EcoNet [73]" DAP — FT RoBERTa X X X X FT
CommonSense CALM [303] DAP — FT T5 x X X x FT
Multi-Domain BLADE [120] DAP — IT BLOOMZ X X X X zs
Scientific ClimateGPT [229] DAP — IT — RAG Llama2 X X X X FS | Ret.
Medical [68] DAP — FT Llama2 X X X FS |FT FS | FT
Financial [268] DAP Pythia X X X L|FS L|FS
Scientific GeoGalactica [129]  DAP — G-SFT — D-SFT GAL X X X ZS Perp. | ZS | LLM
Code StarCoder [226] DAP StarCoder X X X Perp. | ZS | FS Perp. | ZS | FS
Code DeepSeek-Coder [67] DAP DeepSeek-LLM X X X ZS | FS zS
Multi-Domain DAPT [72] DAP — FT RoBERTa X X X Loss L|FT
Financial WeaverBird [271] DAP GLM2 X X LoRA X HE
StarCoder
Code IRCoder [177] DAP DeepSeek-Coder X X LoRA X A
Code Llama
Code Code Llama [199] D]i/;l‘?Dl;\C};F: ;‘{ITT Llama2 Replay X X X Perp. | ZS
Legal SaulLM [42] DAP — U-IT Mistral Replay X X X Perp. | ZS
Medical PMC-Llama [258] DAP — IT Llama Replay X X X ZS | FT
Scientific Llema [9] DAP Code Llama Replay X X X Perp. | FS
EwWcC® N
Multi-Domain DAS [107] [DAP], RoBERTa DER-++* HAT* Adapter X FT
A DEMix’
Soft-Masking
Medical Hippocrates [2] DAP > IT - MA Lpamas x x LoRA x 75| 7S
Language Sailor [55] DAP Qwenl.5 Replay X X X zs
y Block Exp.
Code & Math Llama Pro [257] DAP — U-SFT Llama2 X X LoRA* ZS | FS Perp. | ZS | FS
Medical AF Adapter [272] DAP — FT RoBERTa X X Liz;f,"p " Acc. L|FT
BERT o 5
Medical [197] DAP — FT RoBERTa Rgé’;’; L;;Zg,' X L|FT L|FT
DistilBERT
Medical HuatuoGPT-II [33] DAP + U-SFT Baichuan2 Replay X X ZS ZS |HE
Financial XuanYuan 2.0 [289] DAP + SFT BLOOM Replay X X HE HE
Scientific PLlama [274] DAP — IT GAL Replay X X L L|ZS
E-Commerce EcomGPT-CT [148] DAP — SFT BLOOM Replay X X ZS | FS ZS | FS
Legal Layer Llama [91] DAP — G-IT — D-IT Llama Replay X X A zs
Multi-Domain AdaptLLM [39] DAP Llama Replay X X A ZS | FT
Language Swallow [60] DAP Llama2 Replay X X S} FS
Financial [222] DAP Llama2 Replay X X Loss | ZS Loss | ZS | FS | RAG
Medical Me-Llama [265] DAP — IT Llama2 Replay X X ZS|FS ZS | FS | FT
Language Aurora-M [167] DAP — IT StarCoder Replay X X A 7S |FS |HE
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maintaining the training stability, and convergence speed, it does not further provide empirical evidence supporting
the inclusion of the Codedata, or deploying specific measures to address the challenges proposed above. Llemma [9]
focuses on mathematics, initialized from Code Llama [199], and undergoes DAP on a blend of the 55-billion-token
mathematical pre-training dataset and general domain data at the ratio of 19:1. In contrast, PLlama [274], designed for
plant science, mixes domain-specific and general-domain data at the ratio of 9:1.

Code Domain. The development of LLMs for automatic code filling, debugging, and generation holds significant
practical importance [166, 220]. These advancements cover various frameworks, including encoder-only [166], encoder-
decoder [242, 245], and decoder-only [67, 172, 227]. There is a growing trend towards decoder-only architectures [220],
leveraging models pre-trained on general natural language like Llama [230, 231]. Consequently, there is a shift in the
training objective from utilizing code structures to simpler tasks like next token prediction and infilling.

From the perspective of CL, the code domain presents unique advantages and challenges for DAP, compared to other
domains. On one hand, its hierarchical structure (general domain corpus — multi-language code — specific programming
language) provides an ideal training pipeline for DAPs [199], offering potential for more efficient training strategies. On
the other hand, programming languages adhere to strict grammars, unlike the fuzzy and context-dependent natural
language. Consequently, language models should ideally leverage these structures through tailored designs, and adopting
the same training objectives as for natural languages may yield sub-optimal results. Therefore, many existing studies
omit DAP [147, 242, 245]. In the following section, we will introduce existing code LLMs that employ DAP before the
final downstream tasks, discussing both their common attributes and unique characteristics.

Representing a series of notable works that focus solely on adaptation to target domains, CodeGen [172] comprises a
suite of LLMs designed for natural language (CodeGen-NL), multi-lingual programming languages (CodeGen-Multi), and
mono-lingual programming languages (CodeGen-Mono). These models are trained sequentially, with each subsequent
model initialized from the previous one trained on more general-domain data. Comment-Aug [218] addresses the
challenge of aligning programming languages with natural languages (PL-NL alignment) by performing DAP on the code
augmented with generated additional comments. StarCoder [226] introduces two models: StarCoderBase and StarCoder.
StarCoderBase is initially trained on a mixed dataset comprising various programming languages without significant
reweighting on the data. Subsequently, StarCoderBase undergoes further fine-tuning on additional 35 billion tokens of
Python code, resulting in the development of StarCoder. DeepSeek-Coder-v1.5 [67] originates from DeepSeek-LLM [224]
and undergoes pre-training on 2 trillion tokens, comprising 87% source code, 10% English code-related natural language,
and 3% Chinese natural language corpus. Initialization from a general-domain LLM results in improved performance
across various tasks, including natural language and mathematical reasoning, with minimal performance degradation
on coding tasks, which underscores the efficacy of DAP.

As the only work that utilizes the general data replay to mitigate vertical forgetting in the code domain, Code Llama [199]
introduces a sophisticated training framework tailored for various coding tasks and model sizes. Initialized from Llama 2
weights, these models undergo DAP on a dataset composed of deduplicated public code, discussions about code, and a
subset of natural language data. This mix of natural language data serves as a form of pseudo-replay to maintain the
models’ proficiency in understanding natural language. Besides replay, architecture expansion has proven effective in
acquiring robust coding abilities and preventing vertical forgetting simultaneously. IRCoder [177] utilizes compiler
intermediate representations to enhance the multilingual transferability of Code LLMs. By conducting DAP on code
grounded in intermediate representations with LoRA [86], IRCoder achieves superior multilingual programming in-
struction following, enhanced multilingual code understanding, and increased robustness to prompt perturbations.

Llama Pro [257] undergoes DAP on a combination of code and math data. It expands the original Llama2 architecture
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by dynamically adding multiple identity copies of the transformer blocks. These added blocks initially preserves the
original functionality, and will be tuned for DAP. The proposed expansion method is shown to be more resilient against
vertical forgetting compared to other parameter-efficient tuning methods like LoRA.

The three aforementioned studies highlight the importance of DAP for code LLMs. However, it is crucial to note that
the problem definition and conventional architectures of existing Code LLMs may present challenges of compatibility
for DAP deployment, and need to be addressed in the future.

Other Domains. ECONET [73] enhances the model’s ability to reason about event temporal relations through a
dedicated DAP phase. Temporal and event indicators are masked out, and a contrastive loss is applied to the recovered
masked tokens. Results demonstrate that incorporating this DAP stage significantly improves performance on final
tasks compared to direct fine-tuning. Concept-Aware Language Model (CALM) [303] introduces a data-efficient DAP
approach for enhancing the concept-centric commonsense reasoning ability of LLMs. It incorporates both generative
and discriminative commonsense reasoning tasks specifically tailored for concept-centric reasoning tasks. Consequently,
even a small number of data examples for DAP can lead to notable improvements for downstream tasks.

Aurora-M [167] and Swallow [60] adopt the simple replay strategy that mixes in a small portion of general data
during DAP for their multi-lingual ability. Furthermore, Sailor [55] studies the optimal strategy of data mixing for
DAP, balancing the general knowledge and capacity of different languages. EcomGPT-CT [148] employs a data mixing
strategy for DAP which transforms semi-structured E-commerce data into a set of nodes and edges, samples a cluster of
nodes, and then extracts and concatenates them into a training example. It combines the general-domain corpus with
E-commerce data at a ratio of 2:1, which is significantly lower than the common setting adopted by other works.

Notably, there are some papers studying other effective ways of DAP. AdaptLLM [39] transforms raw corpora
into (raw text, question, answer) format, creating intrinsic reading comprehension tasks. AdaptLLM demonstrates
superior domain-specific knowledge adaptation and minimal vertical forgetting, thereby challenging the data efficiency
of conventional DAP. Tag-LLM [212] re-purposes the general-domain LLM into domain-specific one by multi-stage
training of domain tags and function tags, without modifying the base LLM’s weights and thereby mitigates forgetting.

4.3 Continual Fine-Tuning (CFT)

Background of Continual Fine-Tuning (CFT). Continual Fine-Tuning (CFT) lies at the bottom layer of the vertical
continuity, where models are trained on successive homogeneous tasks drawn from an evolving data distribution. As
the service-oriented layer of LLM, it does not require consideration of further adaptation to another downstream tasks,
simplifying optimization objectives to a great extent: better adaptation and less forgetting?. In the era of LLMs, new
computational paradigms in CFT have emerged and attracted significant attention within the research community. These
topics include (i) Continual Instruction Tuning (CIT) [292], (ii) Continual Model Refinement (CMR) [74], (iii) Continual
Model Alignment (CMA) [128, 287], and (iv) Continual Learning for Multimodal Language Models (CMLLMs) [77, 171].
We summarize existing studies on CFT in Table 3, categorizing studies into sub-categories as listed above. The table
includes details on incremental learning types (X-IL), LLM architecture, and employed CL techniques and evaluation

metrics. After discussing general observations on CFT in Section 4.3.1, we will delve into each sub-category in detail.

4.3.1 General Observations on CFT. Examining the landscape of continual learning in the context of LLMs, and

combined with the results shown in Table 3, we make several key observations about CFT.

2We direct interested readers to additional survey literature on the topic of general CFT [17, 105].
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Table 3. Summary of the existing studies on Continual Fine-Tuning LLMs, where the papers are organized in five main categories
based on what downstream tasks they are designed to tackle, including (i) General Continual Fine-Tuning (CFT); (ii) Continual
Instruction Tuning (CIT); (iii) Continual Model Refinement (CMR); (iv) Continual Model Alignment (CMA); (v) Continual Multimodal
LLMs (CMLLMs), which is shown in the column of CFT Type. The column of X-IL shows what continual learning paradigm the
study includes [232], where TIL represents task-incremental learning, meaning task ID/information is provided during inference; DIL
represents domain-incremental learning, meaning the tasks are defined in the same format, and no task ID/information is available
during inference; CIL represents class-incremental learning, meaning the task ID needs to be further inferred when testing.

Continual Learning Tech. Continual Learning Eval.
CFT Type Method X-IL LLM Arch. Rehearsal Param. Reg. Arch. Exp. Others Avg. Bwd. Fwd.
Acc. Trans. Trans.
CTR[106]  DIL|CIL BERT X X Adapter X /7 7
[223] TIL BERT S-Replay X X X & & &
CIRCLE [281] DIL T5 Replay EWC Prompt X v o/ v
ConPET [217] DIL Llama Replay X LoRA X v o/ v
[10] DIL | CIL BERT X X X G-Prompt v 7/ X
General DistilBERT
[144] TIL ALBERT | RoBERTa ER | DER | LwF X X X & & X
SEQ* [299] TIL | CIL Pythia | BERT | GPT2 X P-Freeze X Tricks for Classifiers X v X
LFPT5 [182] DIL T5 P-Replay X X X v o/ X
[254] DIL RoBERTa | GPT2 Replay EWC | SI | RWalk X X v o/ X
LR ADJUST [255] DIL XLM-R X X X LR Scheduling v v v
C3[37] TIL T5 KD X Prompt Tuning X v o/ X
CTo [208] TIL TO S-Replay X X X v o/ v
LLaMA
RCL [241] TIL Vicuna | Baichuan Replay X X X v o/ v
Dynalnst [165] TIL BART Replay X X X v 7/ v
CITB [292] TIL T5 Replay | AGEM L2 | EWC AdapterCL X v o/ v
CIT SSR [89] TIL LLaMA | Alpaca RandSel | KMeansSel X X X v o/ v
KPIG [80] DIL|TIL  LLaMA |Baichuan  Dynalnst | PCLL | DCL EI\;?C LM]-)CAOIEEtail KPIG v v v
ConTinTin [279] TIL BART Replay X X InstructionSpeak v/ v
O-LoRA [240] TIL LLaMA | Alpaca X X O-LoRA X v o/ v
SAPT [297] TIL T5 | LLaMA X X X SAPT /S 7 v
InsCL [243] TIL LLaMA Replay X X InsCL v o/ v
CMR [125] DIL BART ER | MIR | MLR L2 EWC X X /S / v
GRACE [74] DIL T5 | BERT | GPT2 X X Adapter X /S 7 X
WIIKE [85] DIL GPT2 | GPT-J X X Adaptor X v o/ v
CMR Larimar [45] DIL BERT | GPT-J X X X Kanerva Memory v v v
MELO [280] DIL BERT | GPT2 | T5 X X LoRA X v v v
CME [123] DIL BERT Replay X X Inner-Prod. Reg. v 7/ v
WISE [238] DIL  GPT-J|Llama2 | Mistral X X X Side Memory v o/ v
COPF [286] TIL | DIL Llama Replay Function Reg. Prompt X v X v
CMA AMA [128] DIL OpenLLaMA | Mistral Replay L1|L2 LoRA Adaptive Model Avg. % & &
CPPO [287] TIL GPT2 X Weighting Prompt X v v v
EProj [77] TIL InstructBLIP X TSIR Projector Exp. X v X v
Fwd-Prompt [298]  TIL InstructBLIP | BLIP2 X X Projector Exp. X v v v
CMLLMs ColIN [32] TIL LLaVA X X MoE | LoRA X /X v
Model Tailor [304]  TIL InstructBLIP | LLaVA X Model Tailor X X v 7/ v
RebQ [296] TIL VILT X X Prompt Tuning X v X v

e OBS-1: There has been a noticeable transition in focus from CIL to TIL and DIL. It has been a longstanding
common sense in the CL community that CIL, as it requires the model to predict the context label and within-
context label at the same time [112, 232, 237], is the most challenging CL scenario and hence receives most of
the attention from the community. However, among all 35 papers presented in Table 3, only 3 papers study
CFT of CIL. The transition of the research focus demonstrates the importance of TIL and DIL in the real-world
applications of continual LLMs. More detailed discussion of this transition is included in Section 6.2.

e OBS-2: In CFT, CL techniques enjoy broader adoption and explicit exploration compared to CPT and
DAP. In Table 3, all 35 papers explicitly deploy the CL techniques, 50% of which develop new techniques that
cannot be easily interpreted as trivial combination of existing classic CL techniques, e.g., shared attentive learning
framework in SAPT [297], external memory deployed in Larimar [45], and adaptive model averaging method to
achieve Pareto-optimal in AMA [128], etc. This underscores the recognition of continual learning as a pivotal

component in the development of resilient and adaptive LLMs.
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4.3.2  General Continual Fine-Tuning (General CFT). Researchers have long investigated the phenomenon of forgetting
resilience in pre-trained LLMs when fine-tuned for downstream tasks [106, 144, 156, 223, 299], despite some discover
the opposite [144]. Although the pre-trained weights initially position the model in a flat-loss basin, aiding adaptation
to future tasks without severely impacting previous ones [156], zero or near-zero forgetting is only observed at
the representation level. This implies that while the model retains its ability to distinguish between task-specific
representations, it may still forget specific task details [144, 223, 260, 299]. Therefore, additional measures are necessary
when deploying these models in real-world applications [10, 37, 106, 182, 254, 281].

Many studies advance beyond naive sequential fine-tuning, leveraging the inherent anti-forgetting nature of LLMs
while avoiding the adoption of overly complex CL techniques [255, 299]. For instance, LR ADJUST [255] proposes a
straightforward yet effective method of dynamically adjusting the learning rate to mitigate the overwriting of knowledge
from new languages onto old ones. Building on the innate anti-forgetting ability of large language models like Pythia
[16], SEQ* [299] introduces several strategies for fine-tuning LLMs on a sequence of downstream classification tasks,
such as freezing the LLM and old classifier’s parameters after warm-up, and pre-allocating future classifiers, etc.

Given the minimal forgetting observed at the representation level in CL, some studies aim to tackle the misalignment
between the representation space and the decision-making layers by introducing representation-level constraints during
CFT. NeiAttn [10] exemplifies this approach by formulating classification tasks as masked language modeling and
proposing a neighboring attention mechanism to counteract negative representation drift.

Another line of approaches refines the input/output format and network architectures of pre-trained LLMs to be
better suited for CFT. For instance, CTR [106] incorporates two CL-plugin modules, i.e., a task-specific module (TSM)
for acquiring task-specific knowledge and a knowledge-sharing module (KSM) for selectively transferring previously
learned similar knowledge. CIRCLE [281] manually designs diverse prompt templates for various types of buggy code,
unifying them as the cloze task and employs difficulty-based replay to enhance continual program repair. LFPT5 [182]
addresses lifelong few-shot language learning by consolidating sequence labeling, text classification, and text generation
into a text-to-text generation task. It undergoes prompt tuning on generated pseudo-examples from previous domains
when adapting to new tasks. In [291], the authors propose a method for adaptively adding compositional adapters
during continual sequence generation tasks. Before training on new domains, a decision stage determines which
trained module can be reused. During training, this module also regenerates examples of the past for replay. C3 [37]
merges PEFT and in-context learning (ICL) in a teacher-student framework. The teacher model undergoes in-context
tuning focused solely on the current domain, while the student model, together with tunable prompts, minimizes the

KL-divergence between the output distribution and the ground truth and teacher model simultaneously.

4.3.3  Continual Instruction Tuning (CIT). When the instruction tuning data comes in as a stream, forgetting of the
previously learned instructions should be addressed. CT0 [208] represents the inaugural study on Continual Instruction
Tuning (CIT) of LLMs, applying the replay method on the base T0 model throughout the process. Many subsequent
studies focus on enhancing the replay method used during CIT. For instance, [80] improve replay efficiency by computing
Key-Part Information Gain (KPIG) on masked parts to dynamically select replay data, addressing the “half-listening”
issue in instruction following. Similarly, SSR [89] uses the LLM to generate synthetic instances for replay, achieving
superior or comparable performance to traditional methods at a lower cost.

Other approaches introduce multiple CL techniques during CIT. Dynalnst [165] merges parameter regularization
with dynamic replay, selectively storing and replaying instances and tasks to enhance outcomes. InstructionSpeak [279]
employs negative training and replay instructions to improve both forward transfer and backward transfer. Some
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methods incorporate PEFT. Orthogonal Low-Rank Adaptation (O-LoRA) learns new tasks within an orthogonal subspace
while preserving LoRA parameters for previous tasks [240] to minimize the interference among different tasks. Shared
Attention Framework (SAPT) combines a PET block with a selection module via a Shared Attentive Learning & Selection
module, tackling catastrophic forgetting and knowledge transfer concurrently [297]. While regularization-based and
architectural-based methods require additional parameter storage and GPU memory, together with replay-based

methods they remain for CIT due to the simplicity and effectiveness [243].

4.3.4 Continual Model Refinement (CMR). The concept of model editing was initially explored in [215], which in-
troduced a “reliability-locality-efficiency” principle and proposed a gradient descent editor to address it efficiently.
Subsequent research, such as [47] and [163], extended this principle to edit factual knowledge in BERT-based language
models and larger models like GPT-J-6B [235] and T5-XXL [189], respectively, using gradient decomposition. These ap-
proaches typically update a subset of model parameters to alter the labels of specific inputs. Additionally, memory-based
models, as discussed in [164] and [74], incorporate editing through retrieval mechanisms.

Continual Model Refinement (CMR) extends model refinement horizontally, presenting updated sample pairs
(xes Ye, ﬂe)i?l sequentially as a stream. [125] initially introduces this idea, evaluating various CL methods with a
dynamic sampling algorithm. Many CMR methods employ a retrieval mechanism. For instance, [74] uses hidden
activations of the language model as a “key” to activate updated parameters only when input x( resembles updated
sample pairs; [280] improves this approach’s efficiency by integrating LoRA [86]; [45] augments the LLM with an
external episodic memory, modeling CMR as an ongoing memory refresh. Meanwhile, some methods focus solely
on updating a subset of model parameters. For example, [85] addresses the issue of “toxicity buildup and flash” in
single-editing methods like ROME [157], adapting it to the CL context with a knowledge-aware layer selection algorithm.
WISE [238] addresses the “impossible triangle” of reliability, locality, and generalization in existing lifelong model
refinement methods. It introduces a side memory system that enables knowledge sharding and merging, successfully
achieving all three objectives simultaneously.

While all these works pioneer research in CMR, the exploration of CMR of LLMs remains open. [75] highlights a
potential problem: the location for storing the fact may not coincide with the best place for editing it. This challenges
the classical “locate and edit” paradigm used by several existing methods [157, 158], and could become a signifi-
cent concern for CMR [85]. Other questions, including whether such problem setting fits LLMs and whether more
memory/computationally efficient methods of CMR could be developed for LLMs, are yet to be answered.

4.3.5 Continual Model Alignment (CMA). When LLMs undergo the phase of MA, vertical forgetting of previous
knowledge usually occurs. In [128], the authors refer to this phenomenon of catastrophic forgetting induced caused by
MA as the “Alignment Tax.” Notably, even a single stage of MA can diminish the model’s performance capabilities, as it
restricts the model’s responses to a narrower subset of the training distribution.

Continual Model Alignment (CMA) aims to continuously refine LLMs to align with evolving human values, ethics,
and data. The static nature of LLM training on historical data sets can lead to discrepancies between the models’ outputs
and current factual accuracies, societal norms, and standards, making CMA a crucial process for maintaining their
adaptability and alignment with contemporary contexts. Likewise, there are two types of CMA frameworks: RL-based
and SL-based. In the realm of RL-based CMA, two significant contributions have been noted. [128] identifies the conflicts
between the existing CL techniques and RLHF, and proposes Adaptive Model Averaging (AMA), adaptively finding
appropriate ratios for the combination of model layers to gain maximal rewards with minimal tax; Continual Proximal

Policy Optimization (CPPO) [287] proposes a weighting strategy for different examples deciding its usage of policy
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enhancement or knowledge retention, mitigating the alignment tax over time. For SL-based CMA, Continual Optimal
Policy Fitting (COPF) [286] presents a solution adapted from the Direct Policy Optimization (DPO) [188], solving its

potential risks of sub-optimal policy fitting and over-optimization in the context of CMA.

4.3.6 Continual Multimodal Large Language Models (CMLLMSs). Continually training multi-modal models like CLIP [185]
has been long studied [171, 300], while the problem of continually training MLLMs still remains underexplored. Sev-
eral existing studies have investigated the causes of catastrophic forgetting when continually training MLLMs. [298]
performs singular value decomposition on input embeddings, revealing a significant disparity among different input
embeddings. This discrepancy causes the model to learn irrelevant information for previously trained tasks, resulting in
catastrophic forgetting and negative forward transfer. [284] observes that minority collapse may lead to catastrophic
forgetting, when the imbalance ratio between majority and minority classes approaches infinity during fine-tuning. It
further identifies hallucination as a contributing factor to performance degradation in MLLMs.

Continual Fine-Tuning MLLMs. In contrast to traditional continual learning methods that involve full-model
fine-tuning for new tasks, continual fine-tuning for MLLMs focuses on refining specific layers when adapting to new
tasks [32, 77, 284, 298, 304]. Given the strong capabilities of pre-trained models, training specific layers suffices, and can
simultaneously reduce computational demands. [296] additionally considers an continual learning scenario, Continual
Missing Modality Learning (CMML), where different modalities are emerging throughout the incremental learning
stages. All the aforementioned studies collectively indicate that MLLMs still suffer from catastrophic forgetting, which
manifests in two ways: along the direction of vertical continuity, a performance decline on pre-trained tasks following
fine-tuning for downstream tasks; and along the axis of horizontal continuity, a performance degrade on previously
fine-tuned tasks after fine-tuning for new tasks. [298] also observes negative forward transfer, where the performance
of unseen tasks degrades when learning new tasks, indicating a decline in model generalization capability.

While traditional CL methods are applicable, some may not yield optimal results, as evidenced by various exper-
iments [77, 298]. For instance, [77] observes a consistent efficacy of replay-based and model expansion strategies
across diverse scenarios of continual fine-tuning MLLMs, but regularization-based methods only perform well on
models that have been jointly instruction-tuned on multiple tasks. Other works seek to develop ad-hoc solutions
for continual learning MLLMs. [77] proposes EProj to expand the projection layer in MLLMs for each new task and
utilizes task-similarity-informed regularization (TIR) to enhance performance. [298] introduces Fwd-Prompt, a prompt
tuning method that projects prompt gradient to both the residual space and the pre-trained subspace to minimize the
interference between tasks and reuse pre-trained knowledge respectively, fostering positive forward transfer without
relying on previous samples. [304] focuses on the forgetting of the pre-trained MLLMs after fine-tuned on specific tasks
and proposes model tailor to compensate the selected subset that are critical for enhancing target task performance.
[296] presents a novel method named Reconstruct before Query (RebQ), leveraging the multi-modal knowledge from a
pre-trained model to reconstruct the absent information for the missing modality. Recently, MoE (Mixture-of-Experts)
framework has gained attention which resembles the architecture-based methods in CL. It provides the model with
the ability to learn different intentions from distinct experts, e.g., [32] first introduces MoELoRA to fine-tune LLaVA,
effectively mitigate the catastrophic forgetting of MLLMs in CoIN and the results demonstrate the effectiveness.

5 EVALUATION PROTOCOLS AND DATASETS

Continual LLMs’ Evaluation Protocols. LAnguage Model Analysis (LAMA) is an evaluation framework designed
to probe the world knowledge embedded in language models [179]. LAMA converts each world fact into a cloze statement,
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which is then input into the language models to predict the correct answer. It has been extensively utilized in work
on CPT under the temporal shifts [95, 96]. FUAR (Forgotten / (Updated + Acquired) Ratio) is proposed for CPT to
address the OP’s drawback of not able to accurately reflect the model’s behavior. A FUAR value of 1 represents an equal
trade-off between the knowledge forgetting and knowledge learning, while a FUAR less than 1 suggests high learning
efficacy. In TRACE [241], the authors propose a set of “X-Delta” metrics for continual instruction tuning, quantifying
the forward transfer on specific abilities of LLMs, which is a straightforward extension of FWT. Specifically, the authors
construct three sets of evaluation tasks to benchmark the ability of LLMs, including general ability, instruction following,
and safety. For more detailed introduction to these evaluation protocols, please refer to Appendix B.2.

Datasets. In this section, we provide a comprehensive review of the datasets available for benchmarking continual
LLMs, as illustrated in Table 4. We provide information about these datasets’ types, what distributional shifts and
semantic domains they include, and their sources and applications. We intentionally exclude datasets used for domain-
adaptive pre-training LLMs in vertical domains such as legal, medical, and financial, unless they are specifically designed
for continual domain-adaptive pre-training. Furthermore, we omit datasets used in general continual fine-tuning, as

they have already been extensively studied in existing works [17, 105]. For details, please refer to Appendix B.3.

6 DISCUSSION
6.1 Intriguing Properties Emergent in Continual LLMs

Beyond the well-established resilience of pre-trained large language models (LLMs) against catastrophic forgetting
compared to downstream-specific models [106, 144, 156, 223, 299], there is a notable lack of exploration into other
intriguing properties of LLMs when trained continually. In [275], it is observed that when fine-tuned sequentially and
cyclically on a series of documents, large models exhibit a phenomenon known as “anticipatory recovering” This refers
to the LLMs’ ability to recover forgotten information on documents even before encountering them again. This suggests
that LLMs may possess the capability of sequential memorization, which could pave the way for research into more

complex structured learning environments as model parameters scale up.

6.2 Conventional Types of Incremental Learning

As mentioned in Section 2.2.1, three types of incremental learning are prevalent [232]. Among them, class-incremental
learning (CIL) has historically attracted significant attention from the community [193, 262]. However, in the context
of continually pre-training and adapting large language models (LLMs), we observe a decreased interest in CIL but
an increased focus on task-incremental learning (TIL) and domain-incremental learning (DIL). Given that language
models are inherently designed for content generation and are pre-trained with the pretext generative task of next-word
prediction, it is natural to emphasize the patterns of generative tasks and integrate the traditional CIL paradigm into
the broader framework of language modeling, discarding the incremental classification head [26, 210]. However, the
declining attention to CIL does not suggest that it is not impactful in the field of continual learning for LLMs. Techniques
such as vocabulary expansion [5, 44] and learning routing function in the MoE system [35] can be seen as an extension
of expanding the classification head in CIL, and previously validated techniques of CIL can be directly applied.

The importance of DIL is self-evident, given the shared task definition and input-output format in continual
pre-training (CPT) and domain-adaptive pre-training (DAP). On the other hand, TIL attracts significant interest
as it plays a crucial role in instruction tuning, where instructions can be seen as natural-language-encoded task
indices [80, 89, 165, 208, 240, 243, 279, 297]. It is worth noting that the boundary between TIL and DIL becomes
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somewhat blurred in continual instruction tuning. Language models demonstrate the capability to infer domain

information for unseen instructions, suggesting a convergence of TIL and DIL in certain contexts.

6.3 Roles of Memory in Continual LLMs

Previous continual learning research, drawing inspiration from human learning patterns, primarily emphasizes the
storage efficiency of past data. However, this focus may no longer hold true in the context of continual LLMs. In
the direction of relaxing memory constraints, institutions with access to training data may opt to retain full access
without restricting memory size, given that the cost of memory storage is more than affordable. In such scenarios,
as highlighted in [233], the challenge shifts from storage efficiency to computational efficiency. To achieve continual
learning goals, models must efficiently adapt to new data (efficient adaptation) and select key experiences for replay
(efficient replay) [99, 268]. Therefore, it is essential to reassess the existing memory constraint and prioritize optimizing
computational efficiency for continual learning of LLMs by restricting the number of updates and FLOPs [180, 247].
On the other end of the spectrum, studies with tightened memory constraints remain vital in modern continual
learning of LLMs. As shown in Fig. 1, upstream suppliers of LLMs typically do not provide training data with the released
model weights. Consequently, consumers must adapt these models to downstream data without access to the actual
replay data. Various rehearsal-free continual strategies are applied in this scenario, such as collecting data examples
from alternate sources [9, 42, 199, 258], leveraging the generative capabilities of LLMs to produce pseudo-examples
for replay [182], and implementing regularization techniques in the parameter space [107, 197]. Continual learning
under the strict memory constraint is also driven by data privacy concerns, where preserving data on the server side
is prohibited. In these scenarios, researchers must rely on online continual learning methods [150, 181], where data
examples are only utilized for training as they arrive in a stream, and numerous efforts are already underway to develop

LLMs capable of operating under these constraints [20].

6.4 Prospective Directions

Theories of Continual LLMs. It is widely recognized that the continual learning community tends to prioritize
empirical research over theoretical exploration. Nevertheless, there are efforts to establish theoretical foundations
for CL. In [237], the authors utilize second-order Taylor expansions around optimal parameters to derive an inter-
task generalization error bound based on the maximum eigenvalue and lz-norm of parameter differences. Another
line of approaches leverages task/domain discrepancies to construct a multi-task generalization bound. For instance,
Unified Domain Incremental Learning (UDIL) in [213] proposes upper bounds for intra-domain and cross-domain
distillation losses, unifying various replay-based DIL techniques under a single adaptive generalization bound. However,
applying these existing theories directly to continual LLMs can be imprudent, given their pre-trained, large-scale
nature. Consequently, there is a notable gap in research focusing on continually learning LLMs with robust theoretical
guarantees and understanding the forgetting behaviors of LLMs from a theoretical perspective.

Efficient Replay for Knowledge Retention for Continual LLMs. While the storage budget can theoretically be
infinite (Section 6.3), replaying past experiences without specific design can lead to inefficient updates in current domain
learning, resulting in slow convergence. Beyond sparse replay solutions that control data mixture ratios [129, 199, 274],
there is ongoing exploration of efficient replay for continual LLMs. For example, KPIG [80] enhances replay efficiency
by calculating Key-Part Information Gain (KPIG) on masked segments, enabling the dynamic selection of replay data.
[99] introduces a forgetting forecasting mechanism based on output changes during adaptation, later used for selective
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replay in continual model refinement (CMR). More sophisticated and accurate data mixing strategies and efficient replay
sample selection mechanisms are needed and hence we mark it as a significant research focus in the future.

Continual LLMs with Controllable Memory. The long-term memory inherent in the whole set of parameters
of LLMs often lacks interpretability and explicit manipulability, which is crucial in certain application areas such as
machine unlearning [21], where the continually pre-trained models need to constantly roll back to a previous version
predating the inclusion of the revoked data and retrain the model from that point onward. This example illustrates
the benefits of equipping LLMs with an external, controllable memory. As part of continual model refinement (CMR),
memory systems for continual learning have been explored in several studies. Larimar [45] suggests integrating the
Kanerva Machine [263] as an episodic memory for multi-fact model editing. This memory system supports basic
operations like writing, reading, and generating, as well as advanced operations such as sequential writing and forgetting.
It enables one-shot knowledge updates without costly retraining or fine-tuning. Other memory systems like Hopfield
Networks [192] hold promise for future investigation as well.

Continual LLMs with Custom Preferences. In service-oriented contexts, users often require different trade-offs
between domain expertise, ethics, values, or tones of expression. Efficiently building customized LLMs for individual
users and offering flexible adjustment options is a challenging task. Early attempts in this direction include Imprecise
Bayesian Continual Learning (IBCL), which, under certain assumptions, guarantees the generation of Pareto-optimal
models based on user preferences by combining two model posteriors in the parameter space [139]. While empirical

validation is limited in scale, this approach paves the way for future research in this area.

7 CONCLUSION

In this work, we offer a comprehensive survey on continual LLMs, summarizing recent advancements in their training
and deployment from a continual learning standpoint. We categorize the problems and tasks based on their positions
within our proposed broader framework of modern stratified continual learning of LLMs. While there is a widespread
and growing interest in this area across the community, we also note several missing cornerstones, including algorithmic
diversity and a fundamental understanding of large models’ behaviors such as knowledge forgetting, transfer, and
acquisition. With a holistic yet detailed approach, we aim for this survey to inspire more practitioners to explore

continual learning techniques, ultimately contributing to the development of robust and self-evolving Al systems.
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SUPPLEMENTARY MATERIAL
A PRELIMINARIES

In this section, we provide an overview of the fundamental concepts of large language models (LLMs) and continual
learning (CL). We begin by introducing the notation used in this paper. Subsequently, we discuss the pre-training and
downstream adaptation of LLMs, as well as mainstream LLM families (Appendix A.1), followed by an introduction to
basic continual learning techniques studied by the community (Appendix A.2).

Notation. We denote scalars with lowercase letters, vectors with lowercase boldface letters, and matrices with

uppercase boldface letters. The I;-norm of vectors and the Frobenius norm of a matrix are represented by || - ||2. For
avector v = [01,02,--+,0n]", ||loll2 = ONa viz Y2, for a matrix A € R™" || Az = (ZijAl?j)l/z. We use e, Lo to

denote the error function, and loss function that is deployed for training, respectively, where the subscript is used to
denote the error/loss measured by taking the expectation on the data distribution ©. We further use fs to represent
the empirical evaluation of the loss function L over the set of examples S. Probability and expectation are denoted by P

and E, respectively. We use [m] to denote the set of positive integers up to m, {1,-- -, m}.

A.1 Large Language Models

In the past two decades, neural language modeling has emerged as the dominant field of deep learning, marked by
significant and rapid advancements. Primarily built on the transformer architecture, pre-trained language models (PLMs)
like BERT have established a universal hidden embedding space through extensive pre-training on large-scale unlabeled
text corpora. Following the pre-training and fine-tuning paradigms, PLMs exhibit promising performance across
various natural language processing tasks after being fine-tuned upon small amounts of task-specific data [51, 133, 189].
Research on scaling laws indicates that increasing model size enhances the capacity of language modelss [84, 102].
By scaling parameters to billions or even hundreds of billions and training on massive text datasets, PLMs not only
demonstrate superior language understanding and generation capabilities but also manifest emergent abilities such as
in-context learning, instruction following, and multi-step reasoning, which are absent in small-scale language models
like BERT [159, 250, 252, 253, 277]. These larger models are commonly referred to as Large Language Models (LLMs).

A.1.1  Pre-Training of LLMSs. Pre-training is essential for language models to acquire broad language representations.
Decoder-only models typically employ probability language modeling (LM) tasks during pre-training. LM, in this
context, specifically refers to auto-regressive LM. Given a sequence of tokens x = [x1,x2,- -, xnN], LM predicts the
next token x; autoregressively based on all preceding tokens x<; = [x1,x2, - -+ , x;—1], and trains the entire network by

minimizing the negative log-likelihood:

N
Lim(x) £ = ) log P(xt|x<y), @)
t=1

where P(x1]|x<1) = P(x1) is the unconditional probability estimation of the first token. The three most popular families
of decoder-only models are GPT, PaLM, and LLaMA. The GPT family, developed by OpenAl, includes models such
as GPT-2 [186], GPT-3 [22], ChatGPT [173], and GPT-4 [1]. Notably, GPT-3 was the first LLM to exhibit emergent
abilities not found in smaller PLMs. Another notable family, Gemini, developed by Google, is comparable to the GPT
family [194, 225]. While both GPT and Gemini families are closed-source, LLaMA, released by Meta, is currently the
most popular open-source family of LLMs [230, 231]. The weights of these models are made available to the research
community under non-commercial licenses.
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Masked language modeling (MLM) task serves as a common pre-training objective for encoder-only models like
BERT [51, 133]. In MLM, for the input sequence x, a subset of input tokens m(x) are masked and replaced with the
special [MASK] token. The pre-training goal is to utilize the unmasked parts x\p,(x) to predict the masked portions

m(x). In summary, the overarching goal of MLM is to minimize the negative log-likelihood:

Lym(x) £ - Z log P(X]2\pn (x))- ®3)

xem(x)
Some encoder-decoder architecture models, such as T5 [189], also utilize Sequence-to-Sequence MLM task as the
pre-training objective. They take masked sentences as encoder inputs and utilize the decoder to sequentially predict the

masked tokens.

A.1.2  Adaptation of LLMs. LLMs are primarily trained to generate linguistically coherent text. However, this training
may not align with human values, preferences, or practical needs. Furthermore, the pre-training data can be outdated,
leading to knowledge cutoffs or inaccuracies. To address these issues, various computational paradigms such as
Instruction Tuning (IT) [288], Model Refinement (MR) [47], and Model Alignment (MA) [174, 187] have been proposed.

These approaches adapt LLMs to better meet diverse downstream tasks and user requirements.

DEFINITION A.1 (INSTRUCTION TUNING, IT). Let h(x) be a language model that takes as input data x, typically
consisting of natural language instructions or queries. Instruction Tuning (IT) is a specialized training approach designed to
enhance the model’s ability to accurately and effectively respond to specific instructions. The objective of IT is to refine h by
adjusting its parameters using a designated set of training examples I = {(x;, g,)}fil drawn from the IT data distribution
Dy, wherey; represents the desired output for x. This set is curated to target specific tasks or functionalities that require

improved performance. Formally, IT seeks to find an optimal refined hypothesis h* that satisfies:
N
h* £ arg rr}lll,n E(x,y)~Dr [— log P(y|x, h’)] ~ arg nilll'n ; —log P(yi|xi, h'). (4)

REMARK. The task of Model Alignment (MA) is usually formulated in the same problem definition as IT, with an

M
a=1’

alignment dataset of size M as A = {(xq, Ya. Ya)} where y, represents the model’s original decision for input x4, and

Y, denotes the aligned decision that adheres to specified ethical guidelines or desired outcomes.

DEFINITION A.2 (MODEL REFINEMENT, MR). Suppose we have a model h(x) taking data x (e.g., natural language

queries) as inputs. Consider a size-N editing set & = {(xe, Ye, i]e)}il, where Y, denotes the true label of xe, but the model
incorrectly outputs ye for xe. Model Refinement (MR) aims to efficiently update the model from h to h’ such that it correctly
predicts the editing set &, while preserving the original outputs outside &. Formally, we aims to find I’ satisfying
Y if (x0.90) € &,
h' (x0) = )
h(xg) o.w.

A.2 Continual Learning

Humans gradually accumulate knowledge and skills across tasks without significant performance decline on previous
tasks [101, 153, 154, 175]. In contrast, machine learning models are usually data-centric, minimizing the training loss on
the subsequent tasks will cause the model fail on the old ones, which phenomenon is phrased as “catastrophic forgetting”.
Addressing this challenge is a focal point in continual learning research. The problem of efficiently adapting models to
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a sequence of tasks without forgetting is extensively studied in the continual learning community [38, 178, 232, 237].

These studies are typically conducted under the following memory constraint of CL.

DEFINITION A.3 (MEMORY CONSTRAINT OF CONTINUAL LEARNING). Suppose T sets of observations {S; ~ T¢ }tT=1
come in as a sequence, where {7;}?:1 denotes the T task distributions . At the learning stage t > 1, the sets of observations

{S; lt.:_ll are not accessible (strong) or only partially accessible (relaxed).

REMARK. In early stages of CL, works mostly focused on the strong memory constraint [4, 113, 124, 135]; as the research
field progresses, more focus was put on relaxing the memory constraint to a small buffer for replay [24, 30, 193, 213]; some

modern CL works completely discard the memory constraint but put focus on the computational budget [181, 233].

A.2.1 Three Types of Continual Learning. There are three outstanding types of continual learning scenarios: task-
incremental learning (TIL), domain-incremental learning (DIL), and class-incremental learning (CIL). To establish a
groundwork for subsequent discussions (as illustrated in Table 3 and Section 6.2), we adhere to the conceptual framework

proposed by [112, 232, 237] and offer formal definitions for these three continual learning scenarios.

DEFINITION A.4 (TASK-INCREMENTAL LEARNING, TIL). Suppose T task distributions {‘7}}?:1 come in as a sequence,
where T; denotes the joint distribution over the t-th task’s input space and the label space (X;, Y). Denote X = Uthl X; and
VA Uthl Y; as the union of the input and label spaces, respectively. Under the memory constraint defined in Definition A.3,
Task-Incremental Learning (TIL) aims to find the optimal hypothesis h* : X X [T] — Y that satisfies:

T
R = argm}inZE(x,y)Nq; []lh(x,t#y] . (6)
=1

DEFINITION A.5 (DOMAIN-INCREMENTAL LEARNING, DIL). Suppose T domain distributions {Z)t}tT:1 come in as
a sequence, where D; denotes the t-th joint distribution over the shared input space and label space (X,Y). Under the
memory constraint defined in Definition A.3, Domain-Incremental Learning (DIL) aims to find the optimal hypothesis
h* : X — Y that satisfies:
T
h* = argm}fnZE(x,y)NDt []]-h(x)#:y] . 7)
=1

DEFINITION A.6 (CLASS-INCREMENTAL LEARNING, CIL). Suppose T task distributions {‘7;}1‘721 come in as a sequence,
where T; denotes the joint distribution over the t-th task’s input space and the label space (X;, Y;). Denote X = Uthl X; and
Yy Uthl Y; as the union of the input and label spaces, respectively. Under the memory constraint defined in Definition A.3,
Class-Incremental Learning (CIL) aims to find the optimal hypothesis h* : X — [T] X Y that satisfies:

T
= argm}znZE(X’y)Nﬂ []lh(x)#.(t,y)] . 3)
t=1

REMARK. In TIL, it is common to have a shared input space X = X;,Vt € [T], but the space of the label distribution Y; can
be distinct (Y; N Y; = 0,Vi # j), partially shared (Y; N Y; # 0,3i # j), or shared across different tasks (Y = Yy, Vt € [T]).
In DIL, the tasks are defined in the same format, i.e., same input space X and same output space Y. During the inference, no
task IDs are provided for the hypothesis, which means the continual learning model needs to capture the pattern between the
domain-invariant features and the labels. DIL is commonly perceived as more difficult than TIL. CIL is commonly viewed as
the most challenging continual learning scenario, as the model needs to infer the label and the task ID at the same time.

Another possible formulation of CIL is to represent it as DIL but the output label spaces are disjoint, Y; N Y; = 0,Vi # j.
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A.2.2  Techniques of Continual Learning. The objective of CL is to find a hypothesis that minimizes risk across all

tasks/domains. Consider DIL as an example [213], at t-th learning stage, the ideal training objective L(h) is defined as

t—1
L) = Lo+ Lp,(h) . ©
i=1

N— N—
past domains  current domain

The objectives for past domains are often challenging to measure or optimize due to the memory constraints (Defini-
tion A.3). Therefore, the core of designing CL algorithms lies in identifying a proxy learning objective for the first term
without violating the memory constraint. Existing CL techniques can be roughly categorized into 5 groups: (i) replay-
based, (ii) regularization-based, (iii) architecture-based, (iv) optimization-based, and (v) representation-based [237].
Here, we provide a concise yet comprehensive introduction to the first three categories of continual learning techniques,
as they find extensive application in continually learning large language models.

Replay-Based Methods. Replay-based methods adopt the relaxed memory constraint by keeping a small buffer

of observed data {Mi}z:ll for each task 7;. Formally, they seek to optimize the following empirical training objective:

t—1
Liepy() = > Lag () +  Ls,(h) (10)
i=1

proxy for past domains  current domain

where .ZS denotes the empirical loss term evaluated on the set of examples S. Often regarded as a simplistic solution
to CL, replay-based methods may theoretically lead to loose generalization bounds [213]. Despite this, they are
valued for their simplicity, stability, and high performance, even with a small episodic memory [30, 195]. For instance,
DER++ [24] demonstrates consistent performance enhancement by replaying a small set of past examples along
with their logits (known as dark experience replay). ESM-ER [204] introduces error sensitivity modulation (ESM) to
mitigate abrupt representational drift caused by high-error new examples. A significant focus in replay-based CL is
enhancing sample efficiency for buffer maintenance. For instance, [193] prioritizes exemplar selection based on herding
to accurately model class mean throughout class-incremental learning. [295] propose storing low-fidelity examples to
achieve memory-efficient exemplar set maintenance.

Regularization-Based Methods. Suppose hg, , is the hypothesis yielded after the ¢ — 1-th stage of training,
parameterized by 6;_1. Regularization-based methods utilize a regularization term as a proxy for past domain losses,
determined by the distance in the parameter space.

Licg(h) = 210~ 0rally + Ls,(ho) (1)

proxy for past domains  current domain

where ||o||s, = " v is the vector norm evaluated on a positive-semi-definite matrix ¥, and 1 is the regularization
coeflicient, a hyper-parameter introduced to balance the past knowledge retention and current knowledge learning.
The matrix X introduced is to measure the different level of importance of each parameters and their correlations in
retaining the past knowledge. In practice, to reduce computational overhead, diagonal matrices are often designed
to encode only the importance of each parameter. For example, Elastic Weight Consolidation (EWC) [113] adopts a
Bayesian perspective, using diagonal values from the Fisher Information Matrix (FIM) as an approximation for the

Hessian matrix of parameters. This forms a sequential Maximize A Posteriori (MAP) optimization for continual learning.
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Memory Aware Synapses (MAS) [4] computes parameter importance in an online and unsupervised manner, defining
importance by accumulated absolute gradient during training. It is also worth noting that when X = I degenerates
to an identity matrix, the regularization term simplifies to a basic l-penalty term, equally penalizing each parameter,
which can be surprisingly effective in some cases of continual LLMs [197].

Architecture-Based Methods. Expanding the network architecture dynamically to assimilate new knowledge is
deemed the most efficient form of CL [248, 249]. This method primarily tackles adaptation challenges and can achieve
zero-forgetting when task IDs are available during inference or can be correctly inferred [71, 256]. However, due to the
difficulty of task ID inference, architecture expansion is predominantly utilized in TIL but is scarcely explored in DIL
or CIL. Progressive Neural Networks (PNN) [201] proposes learning laterally connected neurons as new tasks arise,
ensuring non-forgetting and enabling transfer of previously learned neurons for future tasks. In conjunction with pre-
trained backbone large models like ViT [54], CoLoR [256] trains various low-rank adaptation (LoRA) [86] modules for
different tasks. It estimates and stores prototypes for each task and utilizes the natural clustering ability of the pre-trained
model during testing to infer task IDs, selecting the corresponding LoRA component for prediction generation. In the
domain of continual LLMs, architecture expansion has resurged in popularity following the rise of parameter-efficient
fine-tuning (PEFT) [50, 86, 211], a topic we will delve into shortly [96, 100, 118, 177, 240, 257, 272, 273].

B EVALUATION PROTOCOLS AND DATASETS

In Appendix B.1, we review common continual learning evaluation metrics and provide formal definitions. In Appen-
dix B.2, we introduce metrics designed specifically for continual LLMs. Finally, in Appendix B.3, we outline the datasets

available for each discussed topic.

B.1 Evaluation Metrics of Continual Learning

In the realm of conventional continual learning, where task streams take the form of classification, many metrics rely
on the concept of Accuracy Matrix [136, 213]. Extending this notion to the context of continually learning LLMs, we

introduce the Performance Matrix P € RT*T

, where T represents the total number of training stages. Each entry of
P corresponds to a performance metric evaluated on the models, such as perplexity on pre-training data [35, 69, 100],
zero-shot/few-shot evaluation metrics on downstream data without fine-tuning [9, 42, 48, 172, 199, 258], fine-tuned
accuracies on downstream tasks [5, 35, 96, 183], and probing accuracies from fine-tuning add-on components evaluated
on downstream tasks [144, 223, 299]. In P, P; ; denotes the model’s performance after training on task i and evaluating
on task j. With this Performance Matrix definition, we introduce the primary evaluation protocols widely adopted.
Overall Performance (OP). The Overall Performance (OP) [106, 286, 291] is a natural extension of the concept
of Average Accuracy [136, 213]. The OP measured up until training stage ¢ is the average performance of the model

trained right after the stage t. Denote it as OP; and we have:
¢
oP; £ 1% Py (12)
i=1

As noted in [213], the OP corresponds to the primary optimization objective defined in Definition A.4, A.5, and A.6.
In much of the continual learning literature, once all T tasks are completed, the final OP (OP7) is reported, with the
subscript T often omitted for brevity. In some works, OP is weighted by the importance of tasks OP 2 % 217.;1 w;iPs,
where w; = N;/ Z};l Nj represents the ratio of data. In some literature, OP is referred to as “example accuracy” [37],
“whole accuracy” [217], or “edit success rate” in CMR [74].
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Forgetting (F). Define F; as the forgetting up to task ¢, which represents the largest performance drop observed

throughout the training process, averaged over t training stages:
t-1
F, & L max {P;;—P;;}|. 13
H; nax {P1j = Fej) (13)

Typically, researchers report the average forgetting F = Fr at the end of the entire training process. Forgetting quantifies
the impact of learning new tasks on previously acquired knowledge. Ideally, a robust continual learning framework
should achieve Backward Transfer (BWT), where learning new tasks enhances performance on prior tasks. This
enhancement is typically measured by negating the forgetting, thus indicating an improvement in performance on
earlier tasks. The concepts of Forgetting and Backward Transfer underpin various evaluation metrics, such as knowledge
retention [100], performance on unchanged knowledge [95], average increased perplexity (AP') [184], and test and edit
retention rate in CMR [74].

Forward Transfer (FWT). Forward Transfer measures the generalization ability of the continual learning algo-

rithms. Formally, forward transfer FWT; up to training stage ¢ is defined as
t
FWT, = L ZPi—l,i - b;, (14)
i=2

where b; is the baseline performance of the model evaluated on task i before undergoing continual learning. Strictly
speaking, the definition of b; is not the same as defined in the previous work [136, 213], where it is used to denote the
performance of a random initialization of the model. Additionally, we extend the notation of forward transfer in the
vertical direction to represent the performance improvement on downstream tasks resulting from domain-adaptive
pre-training (see Table 2). Forward Transfer is alternatively referred to as temporal generalization [100] or knowledge

transfer [116] in some literature. In this section, we introduce the evaluation protocols and datasets for continul LLMs.

B.2 Continual LLMs’ Evaluation Protocols

LAnguage Model Analysis (LAMA). LAnguage Model Analysis (LAMA) is an evaluation framework designed
to probe the world knowledge embedded in language models [179]. It converts each world fact into a cloze statement,
which is then inputted into the language models to predict the correct answer. LAMA has been extended for continual
pre-training, particularly for those under the temporal shifts [95, 96]. In CKL, three LAMA benchmarks are constructed
for different dimensions: InvariantLAMA assesses knowledge retention on time-invariant facts, UpdatedLAMA focuses
on knowledge update, and NewLAMA evaluates knowledge acquisition [96].

Forgotten / (Updated + Acquired) Ratio (FUAR). As the performance of a pre-trained LLM is decomposed
into a fine-grained set in CKL [96], OP becomes a too general metric and cannot accurately reflect the balance and
trade-offs of the model’s behavior. To address this issue, CKL proposes a joint evaluation metric FUAR (Forgotten
/ (Updated + Acquired) Ratio) for continual pre-training. A FUAR value of 1 represents an equal trade-off between
the knowledge forgetting and knowledge learning: for each piece of updated or acquired knowledge, one piece of
time-invariant knowledge is forgotten on average. A FUAR less than 1 suggests high learning efficacy, where more than
one piece of knowledge is acquired at the expense of forgetting one piece of time-invariant knowledge.

X-Delta. In TRACE [241], the authors propose a set of “X-Delta” metrics for continual instruction tuning, quanti-
fying the forward transfer on specific abilities of LLMs. Let’s denote a set of M datasets {X7, Xy, - - - , Xp} for task X.
The baseline performances of the pre-trained LLM evaluated on these tasks are denoted as {b%, - - -, bAX/I} The model
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undergoes continuous fine-tuning on a different set of tasks, distinct from those used for evaluation. Throughout the
sequential training process, the performance of the model after learning task ¢ on evaluation tasks X; is Ri(i. The X-Delta

ARf( after learning task ¢ is defined as:

M
ARK = 43 (R, = bY). (15)
m=1
In the public TRACE benchmark, the authors construct three sets of evaluation tasks to benchmark the ability of LLMs,
including general ability, instruction following, and safety [241].

NLG Score. In continual model alignment, three prominent metrics used to evaluate different aspects of Natural
language generation (NLG) are BLEU-4 [176], METEOR [12], and ROUGE-L [126]. BLEU-4 [176], designed for machine
translation (MT), evaluates the precision of n-grams between the machine-generated and reference texts, focusing
especially on four-word sequences to gauge fluency and adequacy. METEOR [12] also targets MT but aims to improve
correlation with human judgment by considering synonyms and stemming, thus providing a more nuanced assessment
of translation quality. On the other hand, ROUGE-L [126] is commonly applied in summarization tasks, assessing the
longest common subsequence between the generated summary and a set of reference summaries, effectively measuring
the recall of essential content. Each metric has its strengths and is tailored to specific kinds of language processing

tasks, reflecting different dimensions of text generation quality.

B.3 Datasets

In this section, we provide a comprehensive review of the datasets available for benchmarking continual LLMs, as
illustrated in Table 4. We intentionally exclude datasets used for domain-adaptive pre-training LLMs in vertical domains
such as legal, medical, and financial, unless they are specifically designed for continual domain-adaptive pre-training.
Furthermore, we omit datasets used in general continual fine-tuning, as they have already been extensively studied in
existing works [17, 105].

Datasets for Continual Pre-Training (CPT) and Domain Adaptive Pre-Training (DAP). Current research
lacks a widely recognized benchmark for evaluating continual pre-training LLMs under temporal shifts. TimeLMs
utilizes a series of Twitter corpora collected until 2022, sequentially pre-training RoOBERTa models quarterly [137].
CC-RecentNews, adopted as unlabeled pre-training data for LMs in CKL [96], consists of recent news and serves as
a single-stage dataset. Additionally, CKL introduces InvariantLAMA, NewLAMA, and UpdatedLAMA to assess the
principles of continual knowledge learning. TWiki, a dataset derived from the articles of Wikipedia between August
and December 2021, is curated and cleaned in TemporalWiki [95]. This dataset facilitates the exploration of incremental
learning by providing the Diffsets between neighboring snapshots. For works that study the content-level distributional
shifts in CPT and DAP, researchers often resort to a similar set of publicly available datasets [134, 169, 270] to construct
their own test beds for continual learning algorithms. The *DAPT dataset, developed by [72], comprises four domains:
BioMed and Computer Science from S20RC [134], News from [283], and Reviews from [78]. In *DAPT’s original
study, each domain undergoes individual domain adaptive pre-training stages to demonstrate the universality of DAP’s
effectiveness. Subsequent works, such as ELLE [184] and Recyclable Tuning [183], follow suit by employing these
domains for multi-stage CPT. DEMix [71] presents another large-scale dataset, featuring eight semantic domains with
over 73.8 billion tokens. Alongside the training set, it includes eight additional datasets for validating the generalization
ability of LLMs. On a smaller scale, *CPT [104] and *DAS [107] datasets consist of four and eight domains, respectively,
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with approximately 3.12 million examples and a size of 4.16GB each. These datasets are constructed similarly to the
aforementioned ones.

Datasets for Continual Instruction Tuning. Measuring the effectiveness of CIT is crucial, particularly be-
cause traditional evaluation metrics may not be suitable for LLMs: many of them are overly simplistic and fail to
comprehensively assess the model’s ability to learn continually. New benchmarks and metrics are required to evaluate
both the retention of old knowledge and the integration of new instructions. TRACE [241] stands as a continual
learning benchmark designed specifically for LLMs, encompassing diverse tasks such as multilingual capabilities,
code generation, and mathematical reasoning. CITB [292] represents another benchmark for CIT, incorporating both
learning and evaluation protocols. It in addition demonstrates that replay generally yields the best performance across
all methods. CoIN [32] extends the benchmark to MLLMs, incorporating a balanced and diverse set of instructions from
vision-language datasets.

Datasets for Continual Model Refinement. Most datasets for continual model refinement can be categorized
into two types [152]: fact checking and question answering. For fact checking, models are asked to verify the truthfulness
of certain claims, typically modeled as a classification task. Key datasets include FEVER [228] (used by [47, 76]) and
VitaminC [206] (used by [164]), both sourced from Wikipedia. For question answering, models are tasked with providing
specific answers instead of choices. Zero-shot Relation Extraction (zsRE) [117] is the most widely employed dataset
for this purpose [45, 74-76, 157, 158], alongside Natural Questions (NQ) [114] and T-rex [59]. [157] adapted zsRE with
additional counterfactuals to create the more challenging CounterFact dataset, used by [45, 85, 280]. Beyond these two
categories, SCOTUS [28] is also utilized [74] in the assessment of continual model refinement through a document
classification task for U.S. Supreme Court cases into 11 topics.

Datasets for Continual Model Alignment. In the domain of reinforcement learning with human feedback (RLHF),
several datasets are commonly employed across different studies to evaluate the adaptation and effectiveness of models
under varying scenarios and continuous learning conditions. The IMDB [149] and HH-RLHF [11] dataset, as introduced
in [286] within their study on continual learning through optimal policy fitting, leverages data gathered from interactive
RL scenarios to model human preferences dynamically. Similarly, the Reddit TL;DR dataset [234] used by [286, 287]
is focused on text summarization, providing a robust platform for testing the longevity and adaptability of learning
algorithms under evolving conditions. Lastly, Common Sense QA [18, 41, 115], Reading Comprehension [56, 190], and
Translation [19], which are utilized in [128] are selected to assess the challenges of aligning RL agents with human
expectations without incurring significant performance penalties. Each of these datasets is pivotal in advancing the
understanding of continual learning and the interplay between human feedback and machine learning adaptation.

Datasets for Continual Multimodal Large Language Models. Following LLaVA [131], many MLLMs adopt
the pattern of instruction tuning to enable assessing alignment with human intention and knowledge preservation
for reasoning. Thus, traditional tasks like image classification can be transformed to VQA tasks to evaluate the ability
of MLLMs, which are otherwise challenging to assess using conventional methods. Several benchmarks have been
proposed to evaluate the CL method for MLLMs. MCIT [77] proposes the first continual instruction tuning benchmarks,
Benchmarkl and Benchmark2. The difference between benchmark1 and benchmark2 is that benchmark2 includes
Multi-task Joint Instruction Tuning, which aims to explore whether multi-task joint instruction tuning improves the
model’s continual learning ability. [284] proposes EMT, the first classification evaluation framework to investigate
catastrophic forgetting in MLLMs. [32] presents a comprehensive benchmark CoIN, spanning 8 task categories and

evaluating MLLMs from two perspectives: Instruction Following and General Knowledge, which assess the alignment
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with human intention and knowledge preserved for reasoning, respectively. [296] constructs two datasets, UPMC-
Food101-CMML and MM-IMDb-CMML to benchmark the novel CMML task, which means the data of certain modalities
is missing during continual fine-tuning. UPMC-Food101-CMM contains 101 food categories and 61,142 training, 6,846
validation, and 22,716 test image-text pairs. MM-IMDb-CMML is a multi-label classification dataset across 27 distinct

movie genres, consisting of 15,552 training, 2,608 validation and 7,799 test image-text pairs.
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