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Abstract. Automated Knowledge Graph Completion (KGC) is a cru-
cial task in the semantic web community, focused on discovering miss-
ing structured information within Knowledge Graphs (KGs), such as
identifying links between entities or classifying relation types. The con-
tinually improving performance of pre-trained Large Language Models
(LLMs), with their inherent ability to learn world knowledge, has shown
significant promise for KGC. However, as KGs evolve with new factual
knowledge, continual fine-tuning of such models becomes necessary, mak-
ing them vulnerable to catastrophic forgetting and incurring significant
computational and storage overhead. In this paper, we propose a dy-
namic Parameter-Efficient Fine-Tuning method that introduces a novel
and effective combination of masking and growing strategies for contin-
ual KGC, addressing a core limitation of existing methods: static archi-
tectures that suffer from parameter saturation over time. Our method
enables LLMs to continually adapt to evolving KGs while preserving pre-
viously acquired knowledge. It supports knowledge transfer, mitigates
catastrophic forgetting, and incrementally expands model capacity as
needed. Evaluation is conducted in two continual learning settings, task-
incremental learning for link prediction and class-incremental learning
for relation extraction. Experimental results show that the proposed
method outperforms both rehearsal-based and rehearsal-free baselines,
offering an effective and scalable solution for continual KG modeling.

Keywords: Knowledge Graphs · Link Prediction · Relation Extraction
· Large Language Models · Continual Learning.

1 Introduction

Knowledge Graphs (KGs) provide a structured knowledge representation which
is crucial for various applications such as question answering or semantic analysis
[46,55]. However, their construction and maintenance are often time-consuming
and complex, making automated Knowledge Graph Completion (KGC) a cen-
tral focus of research. Here, the continually improving performance of pre-trained
Large Language Models (LLMs), with their inherent ability to learn world knowl-
edge, has shown significant potential for KGC [29]. LLM-based solutions for KGC
include prompting approaches, in which LLMs receive an instruction (prompt)
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as input to derive new knowledge [29]. However, their performance can be heavily
dependent on the design and quality of the prompt. As an alternative, fine-tuning
LLMs to specific KG domains has shown promising results, adapting the model’s
knowledge to the nuances of a particular graph [8]. Conventional methods for
KGC typically provide a static solution, where a model is trained on a dataset
that represents only a snapshot of fixed knowledge [8,27,35,41,42]. Continuous
training on new data leads to catastrophic forgetting [18], where the learning
of new knowledge overwrites previously learned information. To address this
limitation, recent research has increasingly turned to the Continual Learning
(CL) paradigm. Within this context, several key requirements have been iden-
tified: preventing catastrophic forgetting [18], ensuring parameter efficiency for
LLM-based approaches [28,31,47], and supporting effective knowledge transfer
between previously learned and new tasks [31].

These principles of CL have been successfully applied to KGC, establish-
ing continual KGC as an emerging research direction. Existing approaches for
continual KGC can be broadly categorized into regularization-based, rehearsal-
based, and parameter isolation-based methods [44]. Although regularization-
and rehearsal-based approaches [5,6,9,19,20,26,50,56] show promise in mitigating
catastrophic forgetting, they cannot fully prevent it due to their inherent design
of updating previously learned parameters. Pure parameter isolation approaches,
such as training separate Parameter-Efficient Fine-Tuning (PEFT) modules per
task [48], fully prevent catastrophic forgetting, but sacrifice knowledge sharing
between tasks. Recent works like MoCL [45] attempt to bridge this gap through
similarity-based weight initialization for new tasks, but this sharing is limited to
initialization and gets overwritten during training. In the context of continual
link prediction, CapsKG [28] introduces a hybrid approach combining relation-
specific parameters that are updated through a complex routing mechanism and
shared parameters that are separated through learned binary masks. This ap-
proach is limited to Task-Incremental Learning (TIL), where task identifiers are
known during inference, and faces efficiency challenges due to its routing mech-
anism, which is known to be over 50 times slower than pure masked PEFT [16].

To address these limitations, we propose Continual Growing Knowledge Graph
Completion (CGKGC), illustrated in Figure 1. CGKGC combines masked
PEFT with selective backward pass updates to achieve both catastrophic for-
getting prevention and continuous knowledge sharing. The core architecture em-
ploys a single PEFT module where neurons are dynamically selected through
learning task-specific masks. While all active neurons participate in the forward
pass, enabling knowledge transfer, gradient updates are selectively blocked for
previously reserved neurons, ensuring parameter isolation. To prevent satura-
tion as tasks accumulate, we introduce a growing mechanism that dynamically
extends intermediate representations. For Class-Incremental Learning (CIL) sce-
narios where task identifiers are unknown during inference, we integrate a sim-
ilarity-based task identification system that leverages maximum likelihood esti-
mation over training embedding distributions. This enables application to both
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Fig. 1: Architecture overview of our proposed CGKGC approach for continual
KGC using a LoRA PEFT module. During inference in the CIL setting (left),
relation set identification is performed via embedding-based maximum likelihood
estimation to select the appropriate set of relation types. The training process
(right) combines relation-set-dependent masked neuron selection with selective
gradient updates, while the growing mechanism prevents saturation by extending
the intermediate representation space.

continual link prediction and relation extraction while maintaining efficient train-
ing characteristics.

In summary, our core contributions are: 1) A novel continual learning ap-
proach for KGC that completely prevents catastrophic forgetting while enabling
continuous knowledge transfer. 2) A growing mechanism that dynamically ex-
pands the model’s capacity while maintaining parameter efficiency and mitigat-
ing parameter saturation. 3) Extension of the approach to both TIL and CIL
settings, with a comprehensive evaluation of continual link prediction and rela-
tion extraction, showing superior performance over state-of-the-art methods. 4)
An ablation study which shows that our novel integration of masking and growth
strategies makes more efficient use of available parameters, leading to improved
performance with a reduced model size.3

The remainder of this paper is structured as follows: Section 2 includes related
work on CL, PEFT, and growing networks. Section 3 introduces CGKGC in
detail. Section 4 describes our experimental setup, while Section 5 presents our
results. Finally, Section 6 concludes the paper.

2 Related Work

PEFT PEFT approaches introduce distinct trainable parameters at various
points in the LM while keeping base parameters frozen. Houlsby et al. [12] de-
3 Our source code is available here: https://professor-x.de/code-cgkgc.

https://professor-x.de/code-cgkgc
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velop Adapters that insert trainable layers between the model’s existing layers.
Hu et al. [13] introduce Low Rank Adaptation (LoRA) which implements pa-
rameter updates through additive transformations. These methods all enable
efficient model adaptation to new knowledge and tasks while preventing catas-
trophic forgetting of the initial weights. While PEFT approaches can maintain
performance on previous tasks by using dedicated parameter sets for each task,
this prevents knowledge sharing between tasks.

Growing networks Neural growth strategies have been explored in various
works. Rusu et al. [33] develop a lifelong learning approach that expands the full
network while copying previous parameters, leading to high parameter counts.
Additional research optimizes PEFT module dimensions [40,53] but does not
jointly address CL and knowledge transfer.

Continual Learning (CL) CL is commonly divided into regularization-based,
rehearsal-based, and parameter isolation-based methods [45].

Regularization-based CL approaches augment the loss function with regu-
larization to reduce changes to parameters for previous tasks [1,14,18,24,36].
Within CRE, Nguyen et al. [26] reduce catastrophic forgetting through a spe-
cific regularization optimizing class-wise eigenvalues. In CLP, Cui et al. [6] inte-
grate regularization into their graph-based link prediction approach. While these
regularizations mitigate the effect of catastrophic forgetting, they do not fully
prevent it due to updates to the full network.

Rehearsal-based CL methods use a memory buffer to repeatedly train on
old and new tasks simultaneously [3,4,25,30,32]. Implementations in CRE and
CLP include the direct use of training samples for repeated training [50]. Since
retaining training data can cause privacy and security issues and run the risk
of overfitting to the kept data, many pseudo-rehearsal methods have been cre-
ated that replace the direct training data with pseudo-data through using re-
lation prototypes or a generator network [5,9,19,20,43,52,56]. These methods
require repeated updates to already fully trained past relations. In contrast, our
approach does not require additional training effort after the relation-specific
training phase and fully prevents catastrophic forgetting by design.

Parameter isolation-based CL aims to combat catastrophic forgetting by iso-
lating the parameters of individual tasks, e.g., by freezing previous parameters
and adding new parameters for each task [33] or reserving task-specific neurons
through masking [34]. Further, there exist approaches that purely learn a binary
mask for each task without training the base model [49]. Other works use a
PEFT module for each task to remain parameter efficient [48]. To enable knowl-
edge transfer between tasks, Razdaibiedina et al. [31] introduce a prepending
strategy for showing previous frozen PEFT modules to the current task. Wang
et al. [45] use similarity-based weighting instead to identify relevant previous
tasks and initialize the new task module with the weights from relevant tasks.
Within CRE, Zhou et al. [57] decompose the goal into task identification and
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within-task prediction. For within-task prediction, they leverage LoRA with ad-
ditional data augmentations. For task identification, they propose an ensemble
of the within-task prediction models and aggregate them through a temporal
voting strategy. As this voting strategy fully separates the individual models,
this approach does not allow knowledge transfer. Within CLP, Omeliyanenko et
al. [28] combine relation-specific and shared parameters within a PEFT mod-
ule. While relation-specific parameters are reused via a routing mechanism, the
shared parameters are masked to prevent catastrophic forgetting. Liu et al. [21]
introduces FastKGE, a continual knowledge graph embedding framework that
utilizes an Incremental Low-Rank Adapter (IncLoRA) mechanism to efficiently
manage evolving knowledge, while preserving existing information by freezing
previous parameters. New information is captured by training isolated LoRA
modules with adaptive rank allocation. While parameter isolation-based CL can
prevent catastrophic forgetting by design, full isolation impedes knowledge trans-
fer between previous and current relations.

Although various Continual Knowledge Graph Embedding (CKGE) meth-
ods [6,21,50] effectively update structural vector representations, they are lim-
ited to graph topology and lack the semantic reasoning and world knowledge of
pre-trained LLMs.

3 Methodology

In this section, we first introduce the architectures our solution builds upon.
We then present CGKGC, which adapts pretrained LLMs for continual KGC.
While our approach can be quickly adapted to different PEFT methods, we
showcase CGKGC with the popular low rank adapters [13] in this work. We
first introduce CGKGC on an individual task and then generalize to knowledge
sharing between tasks.

3.1 Adapter Module

The concept of adapter modules introduces additional parameters into a pre-
trained LLM, to adapt it to new knowledge or tasks, such as link prediction,
without modifying the original model weights. Besides design goals such as
parameter efficiency and minimizing storage overhead, a major advantage of
adapter modules is their ability to avoid or reduce the risk of catastrophic for-
getting in continuous knowledge integration scenarios, an aspect highly relevant
for KGC. For this, each knowledge source or task is associated with a distinct
set of trainable adapter parameters, enabling modular and continual updates.

Several adapter variants have been proposed in recent work, including Bot-
tleneck Adapters [12] and Low-Rank Adaptation (LoRA) [13]. These approaches
differ in structure and in how they are integrated into the underlying LM.
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3.2 Bottleneck Adapter

An early adapter variant is the Houlsby or bottleneck adapter [12]. As the name
suggests, it builds on the bottleneck principle commonly used in autoencoders,
comprising a down-projection feed-forward layer fd, a non-linear activation σ,
and an up-projection feed-forward layer fu that restores the original dimension-
ality. These modules are integrated twice within each Transformer layer l: once
after the multi-head self-attention sub-layer and once after the feed-forward sub-
layer. For a given relation type (link prediction) or set of relation types (relation
extraction) noted as (r), a bottleneck adapter can be defined as follows:

h′(r) = f (r)
u (σ(f

(r)
d (h(r))))) + h(r). (1)

where h ∈ Rz×e is the input representation from a preceding sub-layer, with z
denoting the sequence length and e the hidden dimensionality of the model. The
residual connection ensures that the adapter output h′(r) preserves the original
information while integrating relation-specific transformations.

3.3 Low-Rank Adaptation (LoRA)

LoRA [13] introduces a parameter-efficient strategy for task-specific fine-tuning
by adapting a frozen pre-trained weight matrix of the LLM with low-rank train-
able components. For a given Transformer layer l with pre-trained weight matrix
Wl ∈ Rd×k, LoRA adds two task-specific trainable matrices, A(r)

l ∈ Rd×a and
B

(r)
l ∈ Ra×k, with rank a ≪ min(d, k). In the context of task-incremental learn-

ing for knowledge graph construction, each task (r) refers to a relation type in
link prediction or a set of relation types in relation extraction.

h
(r)
l = Wlx

(r)
l +B

(r)
l A

(r)
l x

(r)
l (2)

where x
(r)
l ∈ Rk is the input vector at layer l for relation context (r). The

low-rank component B
(r)
l A

(r)
l x

(r)
l introduces relation-specific adaptation while

leaving the core LLM parameters untouched. This structure enables continual
KGC, where isolating updates to task-relevant parameters helps to preserve prior
knowledge. While this approach can be adopted for all pre-trained layers in the
LM, it is typically only applied to attention layers for parameter-efficiency [13].

3.4 Masked PEFT

In standard PEFT-based approaches, a new PEFT module is added to the back-
bone model for each new task or dataset. These modules are trained indepen-
dently and do not share parameters, which prevents any form of knowledge trans-
fer across tasks. To address this limitation, we draw inspiration from [16,34] and
propose a single PEFT module that is shared across all tasks (relations, rela-
tion sets) encountered during CL. By maintaining a single PEFT module, we
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enable cross-task knowledge transfer while significantly reducing the parame-
ter footprint. However, continual updates to a shared module risk catastrophic
forgetting. To mitigate this, we introduce a gating mechanism with masking
that selectively controls the activation of parameters and gradient flow during
training, preserving previously learned knowledge while adapting to new data.

For each new task (r), we compute a trainable binary mask m(r) with the
same dimensionality as the activated neurons within the PEFT module. This
binary mask is derived from task-specific embeddings e(r), representing a numer-
ical identifier for each task in latent space. The embeddings are passed through
a sigmoid activation function and scaled by a hyperparameter s to produce a
pseudo-gating function

m(r) = σ(se(r)). (3)

The hyperparameter s is a positive scalar that is gradually increased during
training, typically to values ≫ 1. This annealing process drives the learned mask
m(r) to converge toward binary values close to 0 or 1. These pseudo-binary masks
m(r) are applied to the corresponding activated neurons in the PEFT module
through element-wise multiplication, gating their contribution during training.

Gated LoRA In LoRA, we apply task-specific gating to the shared low-rank
adaptation weights as

h
′(r)
l = Wlx

(r)
l +

(
Bl(Alx

(r)
l ⊗m

(r)
Al

)⊗m
(r)
Bl

)
(4)

Here, m(r)
Al

∈ Rr and m
(r)
Bl

∈ Rk are the learned gating masks for relation
context (r), applied to the intermediate outputs of the LoRA weight matrices
Al and Bl, respectively. Note that Al and Bl themselves are shared across all
tasks and are not conditioned on (r). Only the gating masks are task-specific.

For integration into LoRA, the following steps are applied to both gating
masks m(r)

Al
and m

(r)
Bl

for each layer l. For brevity, we omit this distinction in the
notation. Since the pseudo-gating function typically produces continuous values,
the resulting masks may remain non-binary and lead to catastrophic forgetting.
To address this, we adopt the approach proposed by [15] and binarize the task-
specific masks after training on each task (r) is complete:

m
(r)
eval =

{
1 if σ(se(r)) > 0.5

0 otherwise.
(5)

Through this post-training binarization, the explicit activation and deacti-
vation of neurons is achieved, allowing tasks to directly draw upon or isolate
knowledge from previous tasks. However, weight updates to neurons already
used before could lead to catastrophic forgetting of previous tasks r(prev) that
have been learned prior to task (r). To prevent this, a mask m(prev) that ag-
gregates all neurons used for all previous tasks, i.e., relations or relation-sets, is
calculated through
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m(prev) = MaxPool
({

m
(r′)
eval, r

′ ∈ {r(prev)}
})

. (6)

The resulting mask m(prev) is then used to restrict gradient updates during
backpropagation for the current task (r).

g′(r) = g(r) ⊗ (1−m(prev)). (7)

Therefore, only neurons that were not previously activated are updated, thereby
preserving the knowledge learned from earlier tasks.

To prevent early exhaustion of the shared PEFT module’s capacity, [34]
emphasize the importance of maintaining sparsity in the task-specific masks
m(r). To encourage such sparsity, we incorporate a regularization term into the
loss function L during training for the current task (r). This term penalizes the
activation of neurons that have not yet been used by previous tasks through
iterating over all masks with

L′ = L+ λ · ∥m
(r) ⊗ (1−m(prev))∥1
∥1−m(prev)∥1

(8)

where λ is a weighting hyperparameter. Note that this is computed per LoRA
layer and per matrix (e.g., Al and Bl), as described earlier.

3.5 Growing PEFT

Using a single masked PEFT module across all tasks allows the model to access
knowledge acquired from previous tasks while mitigating catastrophic forgetting.
However, since capacity must be reserved for future learning, only a subset of
the remaining unallocated neurons can be used for training on each new task.
As tasks accumulate and more neurons are committed, the risk of exhausting
the capacity of the module increases. To address this limitation, we propose an
expandable PEFT module that dynamically increases its capacity according to
the demands of the CL process. This approach preserves knowledge transfer and
catastrophic forgetting prevention, while allowing the model to scale its capacity.

Expandable LoRA Given a LoRA module with weights A ∈ Rd×a , B ∈ Ra×k,
we dynamically expand the capacity by introducing additional neurons Aexp ∈
Rd×aexp , Bexp ∈ Raexp×k by

A′ = [A⊤|A⊤
exp]

⊤, B′ = [B|Bexp], (9)

where [·|·] denotes the concatenation operation along the first dimension, a rep-
resents the current LoRA rank, and aexp denotes the number of neurons added
to expand the layer size. Note that we only extend the intermediate dimension
a, as both d and k are fixed by the frozen LLM. When using our proposed gating
approach in conjunction with expandable LoRA, the dimensionality of all masks
m(r) is adjusted by extending the task embedding e(r) with e

(r)
exp ∈ Raexp through

e′
(r)

= [e(r)|e(r)exp]. (10)
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Expansion Strategy While various strategies of differing complexity exist for de-
termining when to expand neural networks, including predefined schedules [7],
we adopt a simpler and widely used approach that triggers expansion when the
validation loss reaches a plateau [17,51]. Once stagnation is detected, an expan-
sion step is performed by adding additional trainable parameters to the PEFT
module, after which training continues on the same task. This is repeated until
no further improvement in validation performance is observed after expansion.
The validation loss is evaluated at the end of each epoch and early stopping is
applied with a patience of five epochs, following [45].

3.6 Extension to CIL

The Masked PEFT and Expandable PEFT architectures described in Sections 3.4
and 3.5 inherently require knowledge of the current relation type or set of rela-
tion types (r) to apply the appropriate task-specific gating mask m(r). To adapt
our method to the more challenging CIL scenario for continual relation extrac-
tion, where the task of an incoming sample is unknown, we must first infer (r).
To achieve this, we integrate a parameter-free task identification mechanism in-
spired by the work of Wang et al. [48]. Their approach uses a pre-trained LLM
to distinguish between tasks without requiring additional trainable parameters
for the identification step itself. In our context, for an incoming test sample,
we first obtain its embedding representation, denoted as h(x), by processing
it through the frozen backbone LLM without any PEFT modules. During the
training phase for each relation type set (r), we compute and store the mean
representation µ

(r)
c for each class c within that relation type set, based on the

h(x) vectors of its training instances. Furthermore, a single covariance matrix Σ
is estimated and shared across all classes and tasks. At inference time, given a
new sample and its representation h(x), we calculate the Mahalanobis distance
between h(x) and each stored class mean µ

(r)
c :

Dist(h(x), µ(r)
c ) = (h(x)− µ(r)

c )TΣ−1(h(x)− µ(r)
c ) (11)

r∗ = argmin
r

Dist(h(x), µ(r)
c ) (12)

The relation type set (r∗) corresponding to the class c that yields the minimum
Mahalanobis distance is selected as the identified relation type set for the current
sample. This inferred relation type set (r∗) is then used to retrieve and apply
the relevant gating mask m(r∗) within our Masked PEFT module, processing
the sample with the appropriate task-specific configuration in a CIL setting.

4 Experimental Setup

We evaluate our proposed solution on two core automated KGC tasks: continual
link prediction and relation extraction. This section details formal task defini-
tions, the datasets used, and the baseline models for comparison.
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4.1 Task- and Class-Incremental Learning

In our experiments, we use two fundamental paradigms of CL.

Task-Incremental Learning (TIL) In TIL, the model is trained on a sequence
of tasks, each associated with its own set of classes. Here, the task identifier
is known during both training and inference. This allows the model to exploit
task-specific decision boundaries. Formally, the model is trained sequentially on
a series of tasks R = {(r1), (r2), . . . , (rN )}. Each task (rt) corresponds to learning
a specific relation type or set of relation types and is associated with a dataset
D(rt) = {(xj , cj)}|D

(rt)|
j=1 , where xj is an input sample with its corresponding class

lable cj . At inference time, the model is provided with both an input sample x
and the identifier (r) of the task it belongs to. The objective is then to predict
the correct label c ∈ C(r).

Class-Incremental Learning (CIL) In CIL, training is conducted as in TIL. How-
ever, at inference time, the model is not provided with task identifiers and must
instead classify among all previously encountered classes. Formally, given an in-
put sample x, the model must predict its correct class label c from the union of
all classes encountered across all tasks seen so far,

⋃N
t=1 C

(rt) without access to
the task identifier (r).

4.2 Continual Link Prediction (CLP)

Knowledge Graphs (KGs) represent facts as triples <hKG, rKG, tKG>, linking
head hKG and tail tKG entities via a relation type rKG. Since KGs are often
incomplete, the link prediction task aims to infer missing entities. Formally,
given an incomplete query such as <hKG, rKG, ?>, the objective is to learn a
function fLP that predicts the plausible missing tail entity tKG:

fLP (hKG, rKG) → tKG. (13)

In our experiments, we frame link prediction within the TIL setting, where the
specific relation type rKG directly serves as the task identifier (r).

4.3 Continual Relation Extraction (CRE)

CRE aims to extract fact triples <hKG, rKG, tKG> from natural language. For-
mally, given an input text x containing mentions of two entities, hKG and tKG,
the objective is to learn a function fRE that predicts the specific relation type
rKG holding between them:

fRE(x, hKG, tKG) → rKG. (14)

In our experiments, relation extraction is conducted in a CIL setting, as the
input text x typically does not provide explicit relation information.
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4.4 Datasets

For our CLP experiments, we follow [28] and use three well-established datasets
WN18 [2], YAGO3-10 [23,38], and FB15k [37].WN18 has a hierarchical structure,
with most triples representing hypernym and hyponym relations. YAGO3-10
primarily contains descriptive facts about individuals, such as their place of
birth or profession. FB15k covers a broad range of factual knowledge across
various domains, including people, locations, movies, and more. To ensure direct
comparability, we apply the same data preprocessing steps as in [28]. For our
CRE experiments, we employ two widely used benchmark datasets FewRel [10]
and TACRED [54]. FewRel contains 80 relation types with 700 instances each.
To ensure comparability, we follow the methodology of [5], splitting the data
into 10 subsets, each containing 8 distinct relation types. TACRED, in contrast,
is an imbalanced dataset containing 42 relation types. Consistent with [5], we
exclude the no_relation class and partition the dataset into 10 subsets, each
with 4 relation types. We also use the task order and data splits as in [5].

4.5 Input Prompts

For CLP, to adjust the LLM to the new KG relation type, we use the fixed
heuristics from [28] to convert each KG triple into natural language. For instance,
the triple <Leonardo_da_Vinci wasBornIn ?> is converted into Leonardo da
Vinci was born in. This input is then passed to the model for text completion.
Completions are then evaluated through exact match accuracy.

For CRE, we follow the strategy from [39]. Given a sentence and an entity
pair <hKG, tKG>, the input prompt is constructed by concatenating the sen-
tence with the natural language question “The relation between hKG and tKG
is? Answer:”. Results are evaluated with the standard continual learning proto-
col, reporting classification accuracy after the completion of each newly learned
task.

4.6 Baselines

For CLP, we compare against several approaches. LLaManotuning serves as
a zero-shot baseline without any fine-tuning on the underlying LLaMA 2-7B
model. Per-Task-Adapter and Per-Task-LoRA represent parameter isola-
tion strategies where a separate Adapter or LoRA module is trained for each
relation type, freezing the backbone LLM. In contrast, Seq-FT-Adapter and
Seq-FT-LoRA sequentially fine-tune a single, shared Adapter or LoRA mod-
ule across all relations, risking catastrophic forgetting. We also include meth-
ods specifically designed for continual KG completion: CapsKG [28] leverages
capsule-based routing, and MoCL [45] use LoRA modules which are initialized
with a weighted sum of LoRAs from previously learned tasks [45]. For CRE, we
include the following baselines. EA-EMR [43] utilizes memory replay combined
with embedding alignment. EMAR [9] employs a memory activation and re-
consolidation strategy. CML [52] leverages curriculum-meta learning to handle
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task order sensitivity and forgetting. RP-CRE [5] uses relation prototypes to
refine sample representations and preserve knowledge. CREST [20] mitigates
catastrophic forgetting by managing the disparate gradient signals of different
learning objectives. EoE [57] is a rehearsal-free method that enhances task iden-
tification through discriminative training and uses a cascade voting mechanism
to learn new relations. Finally, we also use MoCL as parameter isolation-based
CRE baseline, as it is inherently capable of CIL.

4.7 Hyperparameter and implementation details

We use the AdamW optimizer [22]. For CLP, following [28], and for CRE, fol-
lowing [20], we use a batch size of 16 for all experiments. The initial LoRA rank
is set to 4, based on prior work [45]. We initialize LoRA’s A and Aexp matri-
ces using the Kaiming uniform distribution [11], and LoRA’s B and Bexp with
zeros, following [13]. For dynamic LoRA, we extend the LoRA’s intermediate
rank. Early stopping is applied with a patience of 5 steps on the development
set. The supplementary material and our code repository provide detailed hy-
perparameter settings for CGKGC on CLP and CRE across datasets to foster
reproducibility. Training is conducted using the LLaMA 2-7B pre-trained LLM
on a single NVIDIA A100 GPU.

5 Results

5.1 CRE Results

In these experiments, we evaluate CGKGC on the two established benchmark
datasets TACRED and FewRel, comparing it against a range of rehearsal-based
and rehearsal-free baselines, as well as state-of-the-art (SoTA) methods. Notably,
we report the established average accuracy after each trained relation set r, which
re-evaluates the accuracy of all trained relation sets after training on each new
relation set.

Tables 1 and 2 present CRE results on TACRED and FewRel, respectively,
with both results showing similar observations. All rehearsal-based methods, in-
cluding the rehearsal-based SoTA method CREST, consistently underperform
compared to CGKGC. Results on later relation sets also show strong perfor-
mance decreases, indicating that these methods suffer from significant catas-
trophic forgetting. The current rehearsal-free SoTA method EoE outperforms
existing rehearsal-based approaches but still shows decreasing average accuracies
in continued training. MoCL, originally designed for continual text classification
and known for its strong performance, yields promising results that surpass ex-
isting CRE-specific SoTA solutions. Yet, our CGKGC outperforms all baselines.
While the relation-type classification of our basic CIL implementation identifies
the correct LoRA modules in 70% of cases, final CRE accuracies are considerably
higher, indicating that even incorrect LoRA modules are capable of correct CRE
due to inherent LM knowledge and knowledge transfer between LoRA modules.
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Table 1: Average accuracy of CIL on the TACRED dataset evaluated after train-
ing each relation set r, averaged over five sequences. Highest accuracies in bold.

Model r1 r2 r3 r4 r5 r6 r7 r8 r9 r10

EA-EMR 47.5 40.1 38.3 29.9 24 27.3 26.9 25.8 22.9 19.8
EMAR 73.6 57.0 48.3 42.3 37.7 34.0 32.6 30.0 27.6 25.1
CML 57.2 51.4 41.3 39.3 35.9 28.9 27.3 26.9 24.8 23.4
EMAR+BERT 96.6 85.7 81.0 78.6 73.9 72.3 71.7 72.2 72.6 71.0
RP-CRE 97.8 92.3 91.0 87.3 84.2 82.7 79.8 78.8 78.6 77.3
CREST 97.3 91.4 82.3 82.5 79.2 75.8 78.8 77.4 78.6 79.4

EoE 98.7 94.7 90.6 87.8 87.2 85.9 84.3 83.2 82.7 81.5
MoCL 96.4 96.6 95.4 95.0 94.9 94.6 94.6 94.5 94.6 94.8
CGKGC 96.7 96.6 96.1 96.1 96.2 96.0 96.1 96.2 96.3 96.3

Table 2: Average accuracy of CIL on the FewRel dataset evaluated after training
each relation set r, averaged over five sequences. Highest accuracies in bold.

Model r1 r2 r3 r4 r5 r6 r7 r8 r9 r10

EA-EMR 89.0 69.0 59.1 54.2 47.8 46.1 43.1 40.7 38.6 35.2
EMAR 88.5 73.2 66.6 63.8 55.8 54.3 52.9 50.9 48.8 46.3
CML 91.2 74.8 68.2 58.2 53.7 50.4 47.8 44.4 43.1 39.7
EMAR+BERT 98.8 89.1 89.5 85.7 83.6 84.8 79.3 80.0 77.1 73.8
RP-CRE 98.4 95.2 93.1 91.4 90.8 88.8 87.6 86.8 85.2 83.9
CREST 98.7 93.6 93.8 92.3 91.0 89.9 87.6 86.7 86.0 84.8

EoE 97.8 95.0 93.6 92.5 91.6 90.0 88.9 87.9 86.9 85.5
MoCL 96.9 93.9 93.5 93.7 94.2 94.0 94.1 94.2 94.6 94.4
CGKGC 97.0 96.3 96.7 96.8 96.9 97.0 96.9 96.9 96.9 96.9

Compared to MoCL, CGKGC achieves higher average accuracies in later stages
of training, suggesting that continuous access to parameters reserved by previous
relation types allows efficient knowledge transfer.

5.2 CLP results

In this experiment we evaluate CGKGC on CLP. Following Omeliyanenko et
al. [28] we fine-tune CGKGC sequentially on individual relation types, reporting
average accuracy after all relation types are trained.

Results can be found in Table 3. Without fine-tuning, the pretrained LLaMA
2-7B base model is unable to identify suitable target entities. Fully parameter-
isolated PEFT modules for each relation achieve higher scores, fully preventing
catastrophic forgetting by design. Here, LoRA outperforms the use of simple
Adapters. Without full parameter isolation, sequentially training on a single
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Table 3: Average accuracies of CLP on the WN18, YAGO3-10, and FB15k
datasets. Results are averaged over five random seeds, with the highest accu-
racies highlighted in bold.

Model/Dataset WN18 YAGO3-10 FB15k

LLaManotuning 0.4 ± 0.0 0.1 ± 0.0 0.3 ± 0.0

Per-Task-Adapter 18.8 ± 0.2 44.9 ± 0.7 32.2 ± 0.6
Per-Task-LoRA 26.8 ± 0.8 56.8 ± 0.6 35.6 ± 0.6

Seq-FT-Adapter 13.6 ± 0.4 26.1 ± 1.1 6.7 ± 1.1
Seq-FT-LoRA 16.6 ± 0.2 31.3 ± 5.4 13.9 ± 4.1
CapsKGforward 19.7 ± 0.4 46.4 ± 0.2 33.7 ± 0.1
CapsKGbackward 19.1 ± 0.4 46.3 ± 0.2 32.2 ± 0.2
MoCL 26.8 ± 0.7 57.1 ± 0.4 36.4 ± 0.5
CGKGC 27.4 ± 1.2 58.5 ± 0.5 36.7 ± 0.2

PEFT module yields considerably lower accuracy due to catastrophic forgetting,
as only the original model parameters are protected by the PEFT module while
knowledge of previously learned relation types is overwritten. CapsKG improves
on the Adapter solution it builds upon through its knowledge sharing approach
while preventing most catastrophic forgetting. The continual text classification
approach MoCL outperforms the other baselines, even offering slight improve-
ments over individual per-task PEFT modules due to its knowledge transfer at
initialization. Our CGKGC further improves on these results, outperforming
all baselines on all datasets. Calculating forward transfer scores in Section A.3
shows knowledge sharing improvements over MoCL without catastrophic forget-
ting. For closer inspection of the learned task masks for each relation we provide
similarity heatmaps of learned task masks in the supplementary code repository.
Our investigations reveal that CGKGC is able to share more neurons between
semantically similar relations.

5.3 Ablation Study

To obtain a deeper understanding of the behavior of CGKGC, we conduct
additional experiments on all three CLP datasets by varying the sparsity regu-
larization parameter λ and the growth size per growing step (see Equations (8)
to (10)).

We report performances and final parameter usage across multiple hyperpa-
rameter configurations for the FB15k dataset in Tables 4 and 5, respectively.
For the FB15k dataset with the highest number of relations, without growth,
a certain level of regularization is required to prevent early saturation. For ex-
cessively large regularizations λ, performance decreases considerably even with
growing enabled, with the used parameter quota showing that the model refrains
from using the available parameters. Increasing growth rate directly results in
lower final quotas of used parameters. Similar patterns can be observed in the
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ablations on the WN18 and YAGO3-10 datasets available in the supplementary
code repository. Throughout all datasets, high performance is achieved with low
regularizations λ and varying growth rates, suggesting that a suitable combina-
tion of both parameters, while dataset dependent, requires a low regularization
to allow the efficient use of available parameters.

Our solution utilizes iterative training loops until convergence. In our ex-
periments, this approach required approximately 21% more training time than
MoCL and 47% more than Per-Task-LoRA. However, this trade-off results in
models with up to four times fewer parameters, as detailed in our detailed final
parameter comparison in Appendix A.4. CGKGC achieves consistently higher
parameter efficiency compared to the final parameter counts of MoCL and can
adapt to dataset complexity instead of growing purely with increasing numbers
of tasks. Additionally, while we maintained a fixed batch size for comparability
in our demonstrations, our higher parameter efficiency can be leveraged with a
dynamic batch size for even faster training.

Table 4: Performance of CGKGC with varying λ and growth rate on FB15k.
Results show high accuracies for low regularization rates and variable growth
rates. High or no regularization causes considerable accuracy decrease.

Avg. Average Accuracy
λ\Growth 0% 25% 50% 75% 100%

0 18.22 36.66 36.12 36.27 36.07
0.1 33.55 36.23 35.97 36.28 36.26
1 34.45 36.29 36.37 36.21 36.45
10 34.22 35.96 36.06 35.82 36.02
100 32.91 31.19 31.58 31.34 32.87

Table 5: Parameter usage of CGKGC with varying λ and growth rate on FB15k.
Results show high parameter usage and minor increases in final model size for
slow growth rate, indicating that low regularization is sufficient to enforce high
parameter usage.

Avg. Used-Parameter Quota (Final LoRA Rank)
λ\Growth 0% 25% 50% 75% 100%

0 100 (4.0) 82.11 (13.8) 76.52 (20.4) 65.67 (34.6) 56.39 (46.4)
0.1 100 (4.0) 81.65 (14.2) 73.11 (25.6) 65.20 (35.8) 52.68 (51.2)
1 99.9 (4.0) 81.80 (14.4) 78.07 (19.2) 70.78 (28.6) 62.57 (39.2)
10 99.7 (4.0) 80.40 (16.0) 72.49 (26.0) 70.78 (28.0) 60.10 (41.6)
100 99.1 (4.0) 81.03 (15.2) 72.18 (26.4) 67.53 (31.6) 49.59 (55.2)
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6 Conclusion

We present CGKGC, a novel approach for continual knowledge graph comple-
tion that combines masked parameter-efficient fine-tuning with dynamic growth
mechanisms. Our solution entirely prevents catastrophic forgetting by design
while enabling continuous knowledge transfer between tasks. The growing mech-
anism successfully mitigates parameter saturation, allowing efficient adaptation
to new knowledge domains. Experimental results demonstrate superior perfor-
mance over the state-of-the-art in both task-incremental and class-incremental
learning settings for continual link prediction and relation extraction.

While CGKGC leverages parameter-efficient fine-tuning modules to remain
highly parameter-efficient even on longer task sequences, investigations to fur-
ther reduce the necessary parameter growth on new tasks is of interest. Addition-
ally, we employ a simple, parameter-free approach to task identification in the
class-incremental setting to showcase the feasibility of CGKGC through strong
results. A promising direction for future work is the exploration of other task
identification mechanisms to further improve performance. Similarly, we plan to
explore more growth strategies beyond the simple loss-based convergence strat-
egy that already provided state-of-the-art results.
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forward transfer scores are reported in the appendix for easy reproducibility.
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A Supplementary Material

A.1 Dataset Characteristics

The characteristics of the continual link prediction and relation extraction datasets
used in our experiments are summarized in Table 6 and Table 7, respectively.

Table 6: CLP datasets used, following the preprocessing steps in [28].
Dataset relation types entities train triples dev triples test triples total

WN18 5 23324 27045 9017 9018 45080
YAGO3-10 8 92991 75774 25260 25262 126296
FB15k 18 10754 38178 12734 12736 63648

Table 7: Relation extraction datasets used in this study, following [5].
Dataset relation types train dev test total

TACRED 42 68124 22631 15509 106264
FewRel 80 33600 11200 11200 56000

A.2 Hyperparameters

The detailed hyperparameters used for training CGKGC on each dataset con-
tained in our experiments are listed in Table 8.

Table 8: CGKGC hyperparameters for each dataset.
Hyperparameters WN18 YAGO3-10 FB15k TACRED FewRel

Epochs 40 40 40 40 40
Early stop patience 5 5 5 5 5
Learning rate 1e-3 1e-4 1e-4 1e-4 1e-4
Max. sequence len. 32 32 32 256 256
LoRA scaling factor α 16 16 16 16 16
Batch size 16 16 16 16 16
Growth % 0.75 1 0.25 0.25 0.25
λ 0.1 0 0 1 1
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Table 9: Forward transfer scores according to [45]. Higher is better. Best results
highlighted in bold.

Model/Dataset WN18 YAGO3-10 FB15k

MoCL 0.1423 0.3327 0.9195
CGKGC 0.9114 1.7935 1.1799

A.3 Forward Transfer Scores

To evaluate the average influence of previous tasks on the performance of the
current task, Wang et al. [45] calculate forward transfer scores by computing the
average percent point improvement of each task within a TIL sequence compared
to the performance achieved by training the same task without previous tasks.
We compute these forward transfer scores in for the CLP setting in Table 9.
While the previous SOTA method MoCL achieves non-negative scores on all
datasets, indicating that it is able to avoid catastrophic forgetting, our CGKGC
is able to consistently outperform MoCL on all datasets.

A.4 Paramter Count Comparison

We calculate the final parameter count of both MoCL and CGKGC in Table 10.
Here, parameter counts are taken after training on the final task to directly
compare final model size. MoCL grows to large parameter sizes on datasets
with many tasks, reaching over 43M parameters on the FB15k dataset that
contains 18 tasks. Conversely, our CGKGC uses less parameters on all datasets.
Additionally, the growth mechanism of CGKGC appears to dynamically adapt
the parameter needs to the complexity of the dataset instead of growing only
through the number of tasks: CGKGC uses more parameters on the YAGO3-
10 dataset with 8 relations than on the FB15k dataset with 18 relations. This
highlights both the adaptability and parameter efficiency of CGKGC.

Table 10: Final parameter count comparison of MoCL and CGKGC on all
datasets, taken after final task training, with considerably higher parameter
efficiency of CGKGC. Lower is better. Best results in bold.

Model/Dataset TACRED FewRels WN18 YAGO3-10 FB15k

MoCL 24 005 120 24 005 120 11 900 160 19 138 560 43 799 040
CGKGC 6505907 8290662 6556800 15532032 12074752
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