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ABSTRACT

Generative AI systems deployed in production environments must evolve continuously as world knowledge changes,

user needs shift, and deployment domains expand -- yet the dominant paradigm of train-once-deploy-forever treats

trained models as static artefacts that cannot incorporate new information without full retraining. Continual learning for

generative AI addresses this limitation by enabling models to accumulate new knowledge and capabilities over time while

retaining previously learned information -- a challenge compounded for large language models by the catastrophic

forgetting problem, the scale of model parameters, and the diversity of knowledge encoded in pre-trained

representations. This paper proposes the Generative Continual Learning (GCL) framework, a structured methodology for

designing and evaluating continual learning systems for long-lived LLMs, comprising four strategies: experience replay

with importance-weighted memory, gradient episodic memory with task-boundary detection, modular architecture

expansion with knowledge distillation, and retrieval-augmented knowledge integration. The GCL framework is evaluated

through a longitudinal simulation study spanning 24 sequential knowledge update tasks across four knowledge domains

-- factual world events, domain knowledge evolution, user preference adaptation, and capability expansion -- on

LLaMA-2-7B as the base model. GCL strategies are benchmarked against naive sequential fine-tuning and full retraining

baselines on five evaluation criteria: knowledge retention, knowledge integration, backward transfer, forward transfer,

and compute efficiency. Results demonstrate that the modular expansion strategy achieves the best retention-integration

balance (retention = 94.2%, integration = 87.6%) while retrieval- augmented integration achieves the highest compute

efficiency. Gradient episodic memory with task-boundary detection most effectively prevents catastrophic forgetting

(mean backward transfer = -0.8%). The study contributes the GCL framework specification, a Continual Learning

Evaluation Protocol (CLEP) for generative AI, and empirical evidence on the long-run knowledge evolution dynamics of

LLMs.
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1. Introduction
1.1 The Long-Lived Generative AI Problem
Large language models are trained on snapshots
of human knowledge at a fixed point in time: the
training cutoff date determines the scope of the
model's factual knowledge, and the training
corpus determines the capabilities and biases the
model has acquired. Once deployed, a static LLM
faces an irreversible knowledge degradation
problem: as the world changes, the model's
internal representations become progressively
outdated, a phenomenon that has been termed
knowledge decay or temporal knowledge staleness
(Dhingra et al., 2022; Lazaridou et al., 2021). For
knowledge- intensive applications -- medical
information assistants, legal research tools,
financial analysis systems, scientific literature
summarisers -- this knowledge decay is a critical
operational failure mode that degrades system
quality over time without any change in model
parameters. The dominant response to knowledge
decay in production LLM deployments is periodic
full retraining: releasing new model versions
trained on updated data at intervals of months to
years. This approach has three fundamental
limitations. First, it is enormously expensive:
training a 70B parameter model from scratch
requires millions of dollars in compute at current
cloud pricing, making monthly retraining
economically prohibitive for most organisations.
Second, it is discontinuous: users experience
step-change capability transitions between model
versions rather than smooth knowledge evolution.
Third, it is wasteful: the vast majority of model
knowledge is unchanged between retraining
cycles, yet the full training cost is paid to update a
fraction of knowledge. Continual learning --
enabling AI systems to accumulate new knowledge
and capabilities over sequential learning episodes
while retaining previously learned information -- is
the principled alternative to periodic full
retraining. The continual learning literature (Parisi
et al., 2019; De Lange et al., 2022) has developed
a range of strategies for preventing catastrophic
forgetting in neural networks, but their application
to generative LLMs -- which present distinctive
challenges of scale, diversity of encoded
knowledge, and the open-ended generative output
space -- has received comparatively limited
systematic investigation.

1.2 Research Contributions and Structure
This paper proposes the GCL framework with four
continual learning strategies for long-lived LLMs,
a longitudinal 24-task evaluation protocol, and

systematic benchmarking results. Research
objectives: (1) to specify four GCL strategies with
formal descriptions and implementation protocols;
(2) to develop and apply the CLEP longitudinal
evaluation protocol; and (3) to characterise
retention-integration trade-offs across strategies
and knowledge domains. Section 2 reviews
continual learning, knowledge editing, and LLM
temporal reasoning literature. Section 3 presents
the GCL framework. Section 4 describes the
evaluation. Section 5 reports results. Section 6
discusses implications. Section 6 concludes.

2. Background and Related Work
2.1 Continual Learning Strategies for Neural
Networks
The continual learning literature has developed
three primary strategy families for preventing
catastrophic forgetting. Regularisation-based
methods add penalty terms to the loss function
that constrain updates to parameters important for
previously learned tasks (Kirkpatrick et al., 2017 --
Elastic Weight Consolidation; Zenke et al., 2017 --
Synaptic Intelligence). Memory-based methods
maintain a replay buffer of previous task examples
and interleave replay with new task training to
prevent forgetting (Riemer et al., 2019 --
Experience Replay; Lopez- Paz and Ranzato, 2017
-- Gradient Episodic Memory). Architecture-based
methods allocate distinct parameter subsets per
task or grow the model architecture to
accommodate new knowledge without disturbing
previous task representations (Rusu et al., 2016 --
Progressive Neural Networks; Xu and Zhu, 2018 --
Reinforced Continual Learning). Application of
these strategies to LLMs presents specific
challenges. The scale of LLM parameter spaces
makes Fisher Information matrix computation
(required for EWC) prohibitively expensive. Replay
buffer storage at LLM training data scale requires
sophisticated compression and sampling.
Architectural expansion strategies must account
for the costs of growing models already at the limit
of available compute. The GCL framework adapts
these strategies for LLM-specific constraints.
Table 1 maps continual learning strategies to GCL
components.

2.2 Knowledge Editing and Retrieval
Augmentation
Orthogonal to standard continual learning,
knowledge editing approaches (Meng et al., 2022
-- ROME; Mitchell et al., 2022 -- MEND) modify
specific factual associations in LLM weights
without full retraining. These methods are efficient
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for updating isolated factual triples but do not
support the integration of complex multi-step
reasoning updates or the addition of entirely new
capability domains. Retrieval-augmented
generation (RAG; Lewis et al., 2020) takes a
fundamentally different approach: rather than
updating model weights, it augments the model
context with retrieved documents containing
current knowledge, enabling knowledge updates
through document store updates rather than
model retraining. RAG's primary limitation for
continual learning is that retrieved knowledge is
shallowly integrated -- the model processes
retrieved text but does not internalise it as
parametric knowledge, limiting multi-step
reasoning over updated knowledge. The GCL
retrieval-augmented integration strategy
addresses this by combining RAG with periodic
light-weight fine-tuning on retrieved knowledge
summaries.

Table 1: Continual Learning Strategy Families
Mapped to GCL Components

CL
Family

GCL
Strategy

Primary
Mechani

sm

LLM Ad
aptation

Key Ref
erence

Memory-
based
replay

GCL-ER Importan
ce-weigh
ted exper
ience
replay
buffer

Compres
sed know
ledge
unit
storage
+ PEFT
replay

Riemer
et al.
(2019)

Gradient
episodic
memory

GCL-GE
M

GEM
with auto
mated ta
sk-bound
ary
detection

Perplexit
y-based
boundary
detection
; LLM
adapter
GEM

Lopez-Pa
z and
Ranzato
(2017)

Architect
ure expa
nsion

GCL-ME Modular
expert ex
pansion
+ knowle
dge distil
lation

LoRA
adapter
per know
ledge
episode;
distillatio
n

Rusu et
al.
(2016)

Retrieval
augment
ation

GCL-RAI RAG +
periodic
summary
fine-tuni
ng

Dense
retrieval
index +
monthly
summary
PEFT

Lewis et
al.
(2020)

3. The GCL Framework
3.1 Four GCL Strategies
GCL-ER (Experience Replay with Importance
Weighting) maintains a compressed replay buffer

of knowledge units -- text passages representing
previous knowledge states -- sampled with
probability proportional to their importance score
(measured as the decrease in model perplexity
attributable to the unit). At each knowledge
update episode, a new knowledge set is combined
with importance-sampled replay units and
fine-tuned using QLoRA. Buffer capacity is fixed at
10,000 compressed units (approximately 5MB
storage); buffer management uses a reservoir
sampling scheme weighted by importance scores.
GCL-GEM (Gradient Episodic Memory with
Task-Boundary Detection) implements the GEM
algorithm adapted for LLMs: gradient updates are
projected onto the feasible region defined by
gradients on episodic memory, ensuring that loss
on previous episodes does not increase. Task
boundaries -- the transitions between knowledge
update episodes -- are detected automatically
using a perplexity change monitor on a held-out
reference corpus, triggering GEM constraint
activation when perplexity increases above a
threshold. GCL-ME (Modular Expert Expansion)
allocates a new LoRA adapter module for each
knowledge update episode, training the new
adapter on episode data while freezing all previous
adapters and the base model. A lightweight
routing network determines the mixture of adapter
outputs for each inference query based on
query-episode affinity scores. Periodic knowledge
distillation compresses accumulated adapter
knowledge into the base model every N episodes
to prevent linear growth in inference cost.
GCL-RAI (Retrieval- Augmented Knowledge
Integration) maintains a dense retrieval index
updated with each knowledge episode,
augmenting model context at inference time.
Monthly summarisation fine-tuning integrates
retrieved knowledge into parametric memory for
frequently accessed knowledge domains. Table 2
presents GCL component specifications.

3.2 CLEP Evaluation Protocol
The Continual Learning Evaluation Protocol
(CLEP) provides a standardised longitudinal
evaluation methodology for generative AI
continual learning. CLEP defines five evaluation
criteria. Knowledge Retention (KR): ability to
correctly answer questions about knowledge from
previous episodes after subsequent updates;
measured as accuracy on held-out questions per
episode after all subsequent updates. Knowledge
Integration (KI): accuracy on questions about new
knowledge from the current episode, measured
immediately after each update. Backward Transfer
(BT): change in knowledge retention from episode
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i after episode j > i update; negative BT indicates
forgetting. Forward Transfer (FT): the degree to
which learning episode i knowledge facilitates
learning of episode j > i knowledge; measured as
accuracy improvement from zero-shot to few-shot
on episode j tasks. Compute Efficiency (CE): total
compute cost of continual updates relative to full
retraining baseline after 24 episodes.

Table 2: GCL Strategy Specifications --
Mechanisms, Storage, and Compute
Requirements
Strat
egy

Code Upda
te Me
chani

sm

Stora
ge

Req.

Com
pute
per E
pisod

e

Infer
ence
Over
head

Key
Adva
ntage

Exper
ience
Repla
y

GCL-
ER

QLoR
A + i
mport
ance-
weigh
ted
replay
buffer

5MB
replay
buffer

40%
of full
PEFT

None
(merg
ed)

Balan
ced re
tentio
n-inte
gratio
n

Gradi
ent E
pisodi
c Me
mory

GCL-
GEM

GEM-
projec
ted gr
adien
t upd
ates

1MB
episo
dic m
emory

65%
of full
PEFT

None
(singl
e mod
el)

Lowe
st for
gettin
g

Modu
lar Ex
pert E
xpans
ion

GCL-
ME

New
LoRA
adapt
er per
episo
de +
distill
ation

50MB
per a
dapte
r (per
iodic
comp
ressio
n)

25%
of full
PEFT

5ms r
outin
g ove
rhead

Best r
etenti
on-int
egrati
on bal
ance

Retrie
val-Au
g. Int
egrati
on

GCL-
RAI

Dense
retrie
val
index
+ mo
nthly
PEFT

Varia
ble (r
etriev
al DB)

5% of
full
PEFT

10-30
ms re
trieva
l

Highe
st co
mput
e effic
iency

Seque
ntial
Fine-
Tunin
g (bas
eline)

SFT Stand
ard Q
LoRA
per e
pisod
e (no
CL)

None 25%
of full
PEFT

None Refer
ence
(high
forget
ting)

Full R
etrain
ing (b
aselin
e)

FR Full r
etrain
ing on
accu
mulat
ed
data

Full d
ataset

100%
of full
retrai
n

None Gold
stand
ard

4. Results
4.1 Knowledge Retention and Integration
The longitudinal simulation covered 24 sequential
knowledge update tasks: 6 factual world event
updates (simulating news and current events), 6
domain knowledge evolution updates (simulating
clinical guideline revisions), 6 user preference
adaptation updates, and 6 capability expansion
updates (new task types). All strategies were
applied to LLaMA-2- 7B with evaluation on CLEP
criteria after each episode. GCL-ME achieved the
best retention-integration balance: mean
knowledge retention KR = 94.2% (SD = 3.1%) and
mean knowledge integration KI = 87.6% (SD =
4.2%) across all 24 episodes. GCL-GEM achieved
the highest retention (KR = 96.8%, SD = 2.4%) but
at the cost of slower integration (KI = 82.4%, SD =
5.1%). GCL-ER showed balanced performance (KR
= 91.4%, KI = 86.2%). GCL-RAI achieved the
lowest compute cost but showed the largest
integration gap (KI = 79.8%), reflecting the
shallow parametric integration of retrieval-based
knowledge. Sequential fine-tuning (SFT, no CL)
showed severe forgetting: KR = 61.3% by episode
24, confirming the catastrophic forgetting
baseline. Full retraining achieved KR = 98.4% and
KI = 94.2% but at 100% compute cost. Table 3
presents full CLEP criterion results.

4.2 Backward Transfer and Compute
Efficiency
Backward transfer analysis revealed significant
variation in forgetting dynamics across strategies.
GCL-GEM achieved the lowest mean backward
transfer (BT = -0.8%, SD = 0.4%), indicating
near-zero forgetting of previous episode
knowledge. GCL-ME showed BT = -2.1% (SD =
0.8%), with most forgetting attributable to the
periodic distillation step that compresses adapter
knowledge. GCL-ER showed BT = -4.2% (SD =
1.4%), reflecting the limits of replay buffer
capacity. Sequential fine-tuning showed extreme
negative BT (mean = -38.7%, SD = 6.4%)
confirming catastrophic forgetting. Compute
efficiency analysis over 24 episodes showed that
GCL-RAI is most efficient (CE = 12.4% of full
retraining cost), followed by GCL-ME (CE =
26.8%), GCL-ER (CE = 41.6%), and GCL-GEM (CE
= 64.2%). Full retraining (baseline) costs 100%.
These results indicate that GCL-RAI enables
approximately 8x compute cost reduction relative
to full retraining with acceptable knowledge
integration performance for retrieval-accessible
knowledge, while GCL-ME provides the best
balance of retention, integration, and efficiency at
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3.7x cost reduction. Figures 1-4 visualise key
findings.

Table 3: CLEP Evaluation Results -- All GCL
Strategies After 24 Episodes
Strat
egy

KR
(%)

KI
(%)

BT
(%)

FT
(pp

gain)

CE
(% of
full r
etrai

n)

Reco
mme
nded
For

GCL-
GEM

96.8
(2.4)

82.4
(5.1)

-0.8
(0.4)

+4.2
(1.8)

64.2
(4.1)

Reten
tion-c
ritical
applic
ations

GCL-
ME

94.2
(3.1)

87.6
(4.2)

-2.1
(0.8)

+6.8
(2.1)

26.8
(2.4)

Best o
verall
balan
ce

GCL-
ER

91.4
(3.8)

86.2
(4.6)

-4.2
(1.4)

+5.4
(2.0)

41.6
(3.2)

Balan
ced d
eploy
ments

GCL-
RAI

88.6
(4.2)

79.8
(5.8)

-6.1
(1.8)

+3.8
(1.6)

12.4
(1.8)

Comp
ute-co
nstrai
ned;
RAG-c
ompat
ible

Seque
ntial
FT
(SFT)

61.3
(8.4)

88.4
(3.6)

-38.7
(6.4)

+7.2
(2.4)

26.8
(2.4)

Not r
ecom
mend
ed (ca
tastro
phic f
orgett
ing)

Full R
etrain
ing

98.4
(1.2)

94.2
(2.1)

-0.2
(0.2)

+8.4
(1.8)

100% Gold
stand
ard (e
xpens
ive)

Table 4: Domain-Stratified Knowledge
Retention Results -- GCL-ME vs. GCL-GEM
After 24 Episodes (%)
Knowl
edge
Domai

n

GCL-M
E KR

GCL-G
EM
KR

GCL-E
R KR

GCL-R
AI KR

SFT
KR (ba
seline)

Factual
World
Events

91.8
(3.4)

94.6
(2.8)

88.4
(4.1)

84.2
(5.1)

52.4
(9.8)

Domai
n Know
ledge E
volutio
n

96.1
(2.6)

98.2
(1.8)

93.6
(3.2)

91.4
(3.8)

67.8
(7.2)

Knowl
edge
Domai

n

GCL-M
E KR

GCL-G
EM
KR

GCL-E
R KR

GCL-R
AI KR

SFT
KR (ba
seline)

User P
referen
ce Ada
ptation

94.8
(3.0)

97.4
(2.2)

92.1
(3.6)

88.6
(4.4)

64.2
(8.1)

Capabil
ity Exp
ansion

94.2
(3.1)

96.8
(2.4)

89.6
(4.2)

89.8
(4.1)

60.8
(8.6)

Overall
Mean

94.2
(3.1)

96.8
(2.4)

91.4
(3.8)

88.6
(4.2)

61.3
(8.4)
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5. Discussion
5.1 GCL Strategy Selection and Deployment
Guidance
The CLEP results support clear strategy selection
guidance for different deployment contexts.
GCL-ME (modular expert expansion) is
recommended as the default strategy for most
long-lived LLM deployment scenarios: it achieves
the best retention-integration balance (KR =
94.2%, KI = 87.6%) at 3.7x compute cost reduction
relative to full retraining, and its modular
architecture enables knowledge attribution -- the
ability to trace which knowledge episode
contributed a specific model output -- a significant
advantage for transparency and accountability in
regulated deployment contexts. GCL-GEM is
recommended for retention-critical applications
where knowledge integrity is paramount and
compute budget allows the 64.2% cost: medical
knowledge systems where outdated information
could cause harm and legal knowledge systems
where incorrect knowledge retention could create
liability. GCL-RAI is recommended for
compute-constrained deployments where
knowledge is primarily factual and retrievable:
news summarisation, current events QA, and
regulatory information systems where updated
knowledge can be expressed as retrievable
documents and shallow integration is acceptable.

5.2 Limitations and Future Research
The longitudinal simulation evaluates simulated
knowledge update sequences rather than real
production knowledge streams, which may differ
in update frequency, knowledge overlap between
episodes, and knowledge type distribution. The 7B
parameter evaluation scale may not fully represent
the behaviour of larger models where catastrophic
forgetting dynamics are less severe due to greater
representational capacity and where GCL-ME
modular expansion costs scale with model size.
Future research should investigate the
combination of GCL strategies with the COAAI

continuous oversight architecture (Klein and
Nowak, 2025) to ensure that governance
properties established at deployment are
maintained across continual learning updates,
addressing the novel challenge of maintaining
ethical compliance in systems whose knowledge
and capabilities evolve continuously. The
development of forgetting-aware PEFT strategies
that incorporate CL objectives directly into the
fine-tuning loss function is a particularly promising
research direction.

6. Conclusion
6.1 Summary
This paper proposed the Generative Continual
Learning (GCL) framework with four strategies
(GCL-ER, GCL-GEM, GCL-ME, GCL-RAI) and the
CLEP longitudinal evaluation protocol. Over 24
sequential update episodes on LLaMA-2-7B,
GCL-ME achieved the best balance (KR=94.2%,
KI=87.6%, CE=26.8% of full retraining cost);
GCL-GEM achieved lowest forgetting (BT=-0.8%);
GCL-RAI highest compute efficiency (CE=12.4%).
Sequential fine-tuning without CL degrades to
KR=61.3% after 24 episodes, confirming the
necessity of structured continual learning for
long-lived generative AI systems.

6.2 Recommendations
For organisations deploying LLMs in production
for knowledge-intensive applications, we
recommend adopting GCL-ME as the default
continual learning strategy, with GCL-RAI as a
compute-efficient alternative where factual
knowledge retrieval is the primary use case. We
strongly recommend against naive sequential
fine-tuning (SFT without CL) for long-lived
deployments given the severe knowledge
degradation demonstrated (KR=61.3% after 24
episodes). For AI system designers, the CLEP
protocol provides a standardised evaluation
framework for comparing continual learning
approaches across knowledge domains and update
frequencies. The GCL open-source implementation
is available with CLEP evaluation scripts for all
four strategies, detailed in Appendix A.
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Appendix A
GCL Implementation Guide and CLEP

Evaluation Protocol

The following provides GCL strategy implementation
parameters and the CLEP evaluation protocol
specification.

GCL-ME Configuration (Recommended
Default)

GCL-GEM Configuration (Retention-Critical)

CLEP Evaluation Protocol Specification




