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Abstract

Continual instruction tuning (CIT) has emerged as a promis-
ing strategy for adapting large language models (LLMs) to
new tasks while preserving historical knowledge. Most exist-
ing CIT methods have focused on offline CIT (offCIT), which
assumes clearly defined task boundaries and allows multi-
ple passes over the data. However, such assumptions rarely
hold in real-world scenarios, where data arrive in a stream-
ing fashion and task boundaries are unknown. This setting
introduces critical challenges: the absence of task identifiers
(task IDs), a significant imbalance in task-specific informa-
tion, and inaccessibility to previously seen data. In this work,
we propose Online Editing with Decoupled Implicit Task
(OnEDIT), an online CIT(onCIT) approach to tackle these
challenges. OnEDIT leverages a fixed-size adapter for the
implicit task, balancing current and past knowledge through
editing operations every time step without relying on task IDs
or backpropagation. Extensive experiments on CIT bench-
marks demonstrate that OnEDIT consistently maintains ro-
bust and stable performance, whereas existing state-of-the-art
baselines often suffer from performance degradation in on-
line settings. It suggests that OnEDIT achieves superior gen-
eralization across diverse task orders and model scales, while
maintaining high efficiency and low memory overhead.

Introduction

Large language models (LLMs) have shown rapid ad-
vances in recent years, demonstrating remarkable capabil-
ities across a wide spectrum of tasks (Min et al. 2023; Zhao
etal. 2023; Zhou et al. 2023; Dubey et al. 2024). However, as
model sizes and their computational costs continue to grow
(Wei et al. 2021; Yao et al. 2024), the need for more efficient
learning strategies that preserve previously acquired knowl-
edge while adapting to novel domains is necessitated. Con-
tinual instruction tuning (CIT) has emerged as a promising
paradigm to extend the knowledge of powerful LLMs and
adapt them to new tasks over time (Shi et al. 2024). How-
ever, sequentially learning multiple tasks often results in the
well-known problem of catastrophic forgetting, whereby the
performance of the model on previously learned tasks de-
grades as new knowledge is acquired (Jang et al. 2022; Jin
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et al. 2022; Chen et al. 2023; Cossu et al. 2024; Ke et al.
2022). This has led to the development of more effective
approaches for CIT, which can be broadly categorized into
two paradigms: offline continual instruction tuning (offCIT)
and online continual instruction tuning (onCIT) (Yang et al.
2024).

OffCIT has been extensively studied, operating under the
assumption that task boundaries are clearly defined and
allowing task-specific and multi-run training (Song et al.
2023; Scialom et al. 2022). In contrast, onCIT assumes that
the data arrive in a stream manner without explicit task
boundaries and that each sample can be observed only once
(de Masson d’Autume et al. 2019; Geng et al. 2021; Holla
et al. 2020; Li et al. 2023, 2025). This online setting better
reflects real-world deployment scenarios, but poses signif-
icant challenges: the absence of task identifiers (task IDs),
severe task information imbalance and inaccesibility to pre-
vious data. To mitigate the first two issues, many state-of-
the-art methods resort to memory buffers, allowing repeated
access to stored data (Wang et al. 2024; Song et al. 2023;
Sun et al. 2019; Holla et al. 2020). Although effective, this
approach raises privacy and scalability concerns, as it re-
quires storing data for each new task. To overcome these
limitations, model expansion-based approaches have gained
attention as a more practical and privacy-preserving alterna-
tive for onCIT, where previous data cannot be revisited.

Among parameter-efficient fine-tuning (PEFT) methods,
low-rank adaptation (LoRA) (Hu et al. 2022) has been
adopted as a fundamental technique for model expansion-
based strategies. By reparameterizing pretrained weights
into a low-rank decomposition, LoRA allows LLMs to
adapt to downstream tasks by updating only a small sub-
set of parameters, thereby enabling efficient CIT. Exist-
ing LoRA-based CIT methods (Zhang et al. 2023a; Bohao
et al. 2024; Michieli et al. 2024) typically instantiate a new
LoRA branch for each incoming task while freezing pre-
vious branches, thus mitigating catastrophic forgetting by
isolating task-specific knowledge. However, these methods
are often impractical in onCIT scenarios, where task IDs
are not available at inference time. To address this, recent
work proposes integrating new and previous LoRA branches
via a additive composition (Wang et al. 2023; Liang et al.
2024; Smith et al. 2023). Unfortunately, these approaches
force equal contribution across all branches, exacerbating
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Figure 1: Overview of general continual learning approaches and the proposed Online Editing with Decoupled Implicit Task

(OnEDIT) framework. (a) General continual learning sequentially adapts to a series of tasks 71, ..

., Tr using a task-specific

adapter w, for each task. (b) Expansion-based methods allocate a separate adapter for each task, indexed by a known task
ID i € {1,...,I}, and retain them during inference. (c) The proposed OnEDIT framework addresses the online continual
instruction tuning (onCIT) setting, where task IDs are unavailable. At each time step ¢, the current adapter w; is obtained by
optimizing the previous adapter w;_; on a mini-batch D; sampled from unknown tasks. The adapter u;, assigned to the implicit
task 7T, is updated through recursive editing operations involving w; and u;_1. The detailed editing operations are shown in

Figure 2.

the imbalance of task information and hindering overall per-
formance in CIT settings.

To address the key challenges in onCIT—task informa-
tion balancing, absence of task IDs, and inaccessibility to
past data—we propose a novel method, Online Editing with
Decoupled Implicit Task (OnEDIT). OnEDIT introduces an
implicit task and assigns a single adapter to this task, elim-
inating the need for explicit task IDs while reducing redun-
dant information acquisition (see Figure 1). OnEDIT fo-
cuses on the current adapter trained with the latest mini-
batch, iteratively integrated into the implicit task adapter
every update, accumulating historical knowledge. This in-
tegration is achieved using editing operations that compare
current information against historical knowledge, suppress-
ing redundancy before updating the implicit task adapter. A
subsequent regularization operation ensures that the current
adapter does not diverge significantly from the implicit one,
promoting stable knowledge accumulation. The main con-
tributions of this work are summarized as follows:

* OnEDIT operates without requiring task IDs or ac-
cess to previous data and mitigates catastrophic forget-
ting, thereby naturally balancing information across tasks
while preserving historical knowledge and enabling ro-
bust adaptation to novel tasks.

The implicit task mechanism relies solely on editing op-
erations without backpropagation, introducing minimal
additional computation, and requires only a fixed-size
adapter for the implicit task, keeping memory overhead
low.
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» Extensive experiments on CIT benchmarks demonstrate
the efficacy of OnEDIT in alleviating catastrophic forget-
ting and demonstrate its suitability for real-time updates
in the onCIT setting.

We evaluated OnEDIT on standard CIT benchmarks in
the onCIT setting, comparing its performance against exist-
ing state-of-the-art methods. Although prior approaches of-
ten suffer performance degradation in online environments,
OnEDIT consistently demonstrates superior generalization
across varying task orders and model scales. These improve-
ments stem from its ability to mitigate task information im-
balance through online editing with the implicit task, en-
abling rapid adaptation to novel tasks while effectively pre-
serving historical knowledge.

Related Works
Continual Learning for LLMs

Recent advances in LLMs have led to growing interest in
enabling them to adapt to new tasks continually without re-
training from scratch. This paradigm, known as CIT, extends
traditional continual learning to instruction-tuned LLMs by
sequentially updating the model with new task instruc-
tions, while aiming to retain previously acquired knowledge
(Shi et al. 2024). CIT methods can be broadly categorized
into three types: regularization-based, memory-based, and
expansion-based approaches. Regularization-based methods
introduce penalty terms in the loss function to reduce the
deviation from previously learned parameters (Kirkpatrick
et al. 2017; Aljundi et al. 2018; Rongali et al. 2020). Al-



though simple and efficient, these methods often strug-
gle with stability when scaling to LLMs. Memory-based
approaches store a subset of previous task data or gen-
erate pseudo samples to replay during new task training
(Buzzega et al. 2020; Rebuffi et al. 2017; Zhao et al. 2021).
These methods require careful memory management and
risk privacy leakage in sensitive applications. Expansion-
based methods, on the other hand, dynamically allocate new
model components for each new task while freezing exist-
ing components (Dettmers et al. 2024; Wang et al. 2023; Wu
et al. 2024; Yan et al. 2023). As the adoption of LoRA (Hu
et al. 2022) as a standard method, expansion-based methods
have gained attention particularly to LLM because of their
compatibility with PEFT (Houlsby et al. 2019; Li and Liang
2021; He et al. 2021). Despite their effectiveness, existing
expansion-based methods assume that task IDs are known at
inference time, enabling direct use of the correct parameter
blocks (Zhang et al. 2023a; Bohao et al. 2024). However,
this assumption rarely holds in real-world scenarios, mak-
ing such methods less practical. Furthermore, simple sum-
mation or concatenation of all PEFT modules is prone to
catastrophic forgetting and hinders knowledge transfer be-
tween tasks.

Online Continual Instruction Tuning

Most prior studies on continual instruction tuning have been
conducted in offline settings, where task boundaries are ex-
plicitly defined and data are revisited multiple times. How-
ever, in a real-world implementation, the data arrive as a
stream and can only be observed once, making the bound-
aries of the task uncertain or completely unavailable. This
discrepancy limits the applicability of offline CIT meth-
ods to dynamic real-time environments. To address these
challenges, recent studies have increasingly focused on on-
line settings. Some methods tackle unclear task boundaries
through rapid adaptation (de Masson d’ Autume et al. 2019;
Wang et al. 2020), while others, such as (Geng et al. 2021),
manage prior knowledge using pruning, expansion, and
masking in encoder-decoder models. Online meta-learning
approaches (Javed et al. 2019; Beaulieu et al. 2020) have
also been adapted for continual learning via episodic mem-
ory replay (Holla et al. 2020). Additionally, (Li et al. 2023)
shows promise in handling noisy, non-stationary streams for
relation learning. However, these approaches remain largely
limited to the pretraining phase of LLM and do not address
onClIT to expand task-specific knowledge. To this end, our
proposed OnEDIT, a method that harnesses PEFT to en-
able onCIT without relying on explicit task IDs, makes it
well suited for implementation in realistic streaming envi-
ronments.

Editing Task Vectors with Arithmetic Operation

Recent studies have demonstrated that arithmetic operations
between adapted weights can concretely implement seman-
tic intents (Ilharco et al. 2022). These semantic intents in-
clude improving the performance of the downstream tasks,
alleviating biases or unwanted behaviors, aligning the model
with human preferences, or updating the model with new in-
formation. Such semantic intents are based on the concept
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Semantic Intent Arithmetic Operation

Multi-task learning 7, + T3
Unlearning Ta — T3
Domain transfer Ty + (Ta — 7’5)

Table 1: Semantic intent and their arithmetic operation for
«, B and -y tasks.

of a task vector. The task vector is defined as:

T, =W,; - Wy, (D

where W ; represents the weights adapted for task ¢, and
W denotes initial weights of the model. This approach en-
codes the information needed to adapt to a specific task, in-
troducing a new paradigm for neural network editing. In-
spired by studies on weight interpolation (Guo et al. 2023;
Wortsman et al. 2022; Rame et al. 2022, 2023), task vectors
enable task editing, performing element-wise operations to
edit various models. For example, adding task vectors can
enhance multi-task model performance to achieve general-
ized capabilities (first row in Table 1), while unlearning can
help the model remove unwanted behaviors or forget spe-
cific tasks (second row in Table 1). Furthermore, when tasks
share similar relationships, combining task vectors allows
concrete computations of abstract concepts such as domain
transfer (third row in Table 1).

Problem Definition and Setup
Online Scenarios

CIT aims to enable LLMs to solve tasks that emerge se-
quentially within a continuous data stream. In the offCIT
setting, a model incrementally adapts to a sequence of tasks
(Ti,...,T1), each identified by a task ID ¢ € {1,...,I}.
We denote the dataset associated with task 7;, consisting of
N; samples, as D; = {(z,y?) : n=1,..., N;}, where
and y;" are the input and target texts, respectively.

In contrast, onCIT does not receive data as task-specific
datasets D; associated with a given task ID ¢, but instead
observes data as a stream of mini-batches D; of size B at
each time step ¢ € [1, T], where each sample is encountered
only once. Extending prior works on continual learning for
language models (Liang et al. 2025; Zhao et al. 2024; Wang
et al. 2023), we focus on a more challenging and realistic
online setting characterized by: (1) the absence of task IDs
during both training and inference, (2) single-pass learning
without repeated samples, and (3) no access to previously
seen data.

Imbalance in Task Information

With the widespread adoption of LoRA, model expansion-
based methods that add new adapters as tasks arrive have
gained increasing attention (Dettmers et al. 2024; Wang
et al. 2023; Wu et al. 2024; Yan et al. 2023). For the cur-
rent task ¢, these methods update h using adapter weights
w; € RY as follows:

h<—h—|—(wo—|—w1—|—w2—|—~~~+w1;_1)z, (2)
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Figure 2: Illustration of editing operations in OnEDIT. (a) Recovery operation, which preserve knowledge of the initial weights
W . (b) Editing operation for the implicit task vector. (c) Editing operation for the current task vector.

where the adapters from previous tasks are stored and frozen
after training, given the input z € R” and the output h € R/
for dimensions k, [, and d = [k. This method accumulates
adapters from all previous tasks, analogous to arithmetic that
represents multitask learning (as shown in Table 1). How-
ever, such additive accumulation implicitly assumes equal
importance across tasks and ignores sequential dependen-
cies and redundancy between adapters, leading to task in-
formation imbalance, reduced learning efficiency, and poor
performance on earlier tasks.

To address this balancing issue, methods that adjust
the importance among task-specific adapters with weighted
summation have proven to be effective. SAPT (Zhao et al.
2024) aligns task adapters through a shared attention mech-
anism, and GainLoRA (Liang et al. 2025) introduces sepa-
rate LoRA branches per task and merges them with gating
modules. Our proposed OnEDIT also performs information
balancing using a weighted scheme, but instead of maintain-
ing separate task-specific adapters, it dynamically modulates
information within a single adapter u; € R? assigned to
the implicit task 7. This is achieved by performing editing
operations between u;_; and the current task adapter w;
at each time step ¢, integrating new task information while
suppressing redundancy.

Online Editing with Decoupled Implicit Task
Overall Process

We consider the onCIT setting, where data arrive at each
time step ¢ in the form of mini-batches D; = {(x?,y}") :
n=1,..., N}, where (2}, y}") are input-output text pairs,
without any associated task IDs. The optimization process at
each time step t is defined as:

wy argmath({zbt_l,Wo},Dt), 3)

we—1

where w, represents the updated adapter weights at the time
t, wy is assigned as wy initialized with zero, and W, de-
notes the initial weights of the LLMs. The objective function
L is the log-likelihood defined as:

1 ~
Li=5 Y, logp(y [} {1, Wo}). ()

(@} 7 )ED:

To compute w;, we introduce a recursive editing operation
defined as:

’lIJt, U < Editing(wt, ’U,tfl), (5)

where u, is an adapter assigned to an implicit task 7, with
the same dimensionality as w;. The function Editing(-) op-
erates recursively on w; and u,, starting with w initialized
as wy. This allows the implicit task representation to pro-
gressively integrate knowledge from past data without main-
taining separate adapters for each task, enabling an onCIT
process.

Editing for Implicit Task Vector

In the implicit task, we aim to integrate historical knowl-
edge with current information to generalize across multiple
tasks. Starting from the zero-initialized adapter wy, the cur-
rent task vector 7; can be defined as 7; = w; — wy, and
the task vector for the implicit task as 7} = u; — wy. Task
vector editing is based on the notion that generalized weights
exist in the interpolation regions between weights (Guo et al.
2023; Wortsman et al. 2022; Rame et al. 2022, 2023). There-
fore, we compute the implicit task vector by interpolating
wy, Ui_1, and w; as follows:

U = AMwo + Aotg—1 + Azwy, (6)

subject to the constraints Ay + Ao + A3 = 1 and 0 <
A1, A2, A3 < 1. Since Ay = 1 — Ay — A3, we can rewrite
the equation as u; — wo = Aa(us—1 — wo) + Az(ws — wo).
Expressing this in terms of the task vectors 7; and 7, we
have 7% = AoT} | + A37;. By setting Ao = a(1 — b) and
A3 = b, for 0 < a,b < 1, the implicit task vector becomes

T ati | +b(T —atiq), @)
U — Wy + T )

The Equation (7) is a weighted version of the domain trans-
fer shown in Table 1, where the influence of each task is
naturally incorporated. The hyperparameter a controls the
influence of the previous implicit task vector 7¢_; (see Fig-
ure 2 (a)), recovering knowledge of initial weights wg, while
b controls the degree to which new information is integrated.
A smaller b leads to slower adaptation to rapidly changing
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information (see Figure 2 (b)). The term (7; — aT}"_;) com-
pares the current task vector 7, with the scaled implicit task
vector of the previous step aT}_;, transferring novel infor-
mation that is not already encoded in historical knowledge.
By adding this adjusted difference to a7}_;, we prevent the
excessive accumulation of redundant task information in the
implicit task and effectively mitigate catastrophic forgetting.

Editing for Current Task Vector

We leverage the non-overlapping information from the im-
plicit task adapter to modify the current adapter. However,
sufficient diversity among weights is necessary for general-
ized weights to exist in the interpolation regions between
weights (Wortsman et al. 2022; Rame et al. 2022). Para-
doxically, the implicit task vector can limit representational
diversity, making it essential for the current task vector to
remain sufficiently distinct. To achieve this, we encourage
the current task vector to incorporate historical knowledge
while remaining sufficiently distinct from the implicit task
vector. Specifically, we compute the orthogonal projection
of 7 onto T} using task vector arithmetic.

u
Tt Tt

t

€))

Oproj -y (T¢) = T¢ — g
where - denotes the dot product. This operation computes the
component of 7 that is orthogonal to 7}, which captures
novel information not yet encoded in 7}, such as (Wang
et al. 2023). As illustrated in Figure 2(c), the magnitude of
this orthogonal component is proportional to the angle be-
tween the two vectors, which is their dissimilarity. By lever-
aging this orthogonal vector, we dynamically adjust the dis-
tance between 7 and 7. Finally, we update 7 using the
following editing operation:

(10)
(1D

where 0 < ¢ < 1 is a hyperparameter that controls the in-
fluence of the orthogonal component. This operation corre-
sponds to a weighted version of the unlearning in Table 1,
which serves as regularization that prevents 7, from deviat-
ing too far from 7} by removing redundant components. As
aresult, the editing operation effectively balances task diver-
sity and shared information, using the implicit task vector as
a support.

Tt Tt — - Oproju(Ty),

Wy <+ wo + Ty

Experiments
Experimental Setup

Datasets Extending existing continual learning methods
for LLMs (Liang et al. 2025; Zhao et al. 2024; Wang et al.
2023), we evaluated our approach on three benchmarks:
the standard CIT benchmark (Qin et al. 2021), the long-
sequence benchmark (Razdaibiedina et al. 2023), and the
SuperNI benchmark (Wang et al. 2022). The standard CIT
benchmark consists of four classification tasks and is eval-
uated under three different task orders (Order 1, 2, and
3), following the protocol in (Qin et al. 2021). The long-
sequence benchmark includes 14 diverse classification tasks
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and is evaluated in three task orders (Order 4, 5 and 6),
as described in (Razdaibiedina et al. 2023). The SuperNI
benchmark spans a wide range of task types, including di-
alogue generation, information extraction, question answer-
ing, summarization, and sentiment analysis, evaluated in two
task orders (Order 7, 8). Details of the task sequences are
provided in the Appendix C.1.

Evaluation Metrics Following conventional continual
learning evaluation protocols (Chaudhry et al. 2019), we
evaluate performance using four metrics. Let a; ; denote the
test performance on the j-th task after training on the -
th task, where accuracy is used for classification tasks and
ROUGE-L (Lin 2004) for others. The four metrics are as
follows:

(1) Average Performance (AP): the average accuracy
across all tasks after completing training on the final task,
i.e, AP = % 21‘1:1 afg ;.

(2) Forgetting Rate (FR): measures how much knowledge
of the previous I —1 tasks is forgotten after learning the final
task, i.e., FR = ﬁ Zf:_ll (maxi;} Qi — a”).

(3) Forward Transfer (FWT): quantifies how much knowl-
edge learned from previous tasks helps with learning new
tasks, i.e, FWT = 1 S0 (4, — ag ).

(4) Backward Transfer (BWT): evaluates how learning
new tasks influences the performance on previously learned

tasks, i.e, BWT = 12 7" N(ar,; — aiy).

Comparison Methods We compared OnEDIT with eight
CIT baselines for LLMs. LoRA (Hu et al. 2022) learns se-
quential tasks using a fixed-size adapter without regulariza-
tion or replay. L2 (Zhang et al. 2023b) adds L2 regular-
ization to constrain adapter drift. IncLoRA (Zhang et al.
2023a) incrementally introduces new adapters per task,
while OLoRA (Wang et al. 2023) enforces orthogonality
among them. InfLoRA (Liang et al. 2024) reparameterizes
pretrained weights with a small number of tunable param-
eters, showing equivalence to subspace fine-tuning. Gain-
LoRA (Liang et al. 2025) extends a new LoRA branch for
each task and integrates branches through gating modules.
SAPT (Zhao et al. 2024) aligns PEFT training and selec-
tion through a shared attentive learning and selection mecha-
nism. We also include multitask learning (MTL) as an upper
bound. Full experimental details are in Appendix C.2.

Implementation Details We adopted two open-source
LLMs widely used in prior work: the encoder-decoder T5-
large (Raffel et al. 2020) and the decoder-only Llama3 (8B)
and Llama3-chat (Touvron et al. 2023; Dubey et al. 2024),
the latter incorporating additional instruction tuning. For
fairly evaluating performance under the onCIT setting, for
methods that do not require task IDs at the inference step
(LoRA, L2, GainLoRA, SAPT, and OnEDIT), we excluded
all task-descriptive instructions. In this work, we adopted In-
fLoRA as its update strategy for GainLoRA. For all com-
parison methods, we followed official implementations and
used the hyperparameters reported in their respective papers
to ensure consistency with CIT benchmarks. We used the
AdamW optimizer (Loshchilov et al. 2017) with 8; = 0.9,



Method Standard CIT Benchmark Long Sequence Benchmark SuperNI Benchmark Task
APt FR| FWTT BWTT AP{ FR| FWTT BWT{ APT FR] FWT{T BWT{ IDs

MTL 74.0 - - - 453 - - - 36.9 - - -
IncLoRA 495 304 -174 -27.8 | 184 403 -525 -555 | 183 171  -6.7 -5.8 v
OLoRA 60.1 338 -14.6 -254 | 252 491 -455 -451 | 198 13,6 -7.8 -6.7
InfLoRA 523 297 -16.1 -269 | 266 438 492 433 | 202 127 -6.6 4.4
LoRA 48.8 302 -158 -264 | 17.8 505 -59.2  -582 | 180 15.6 -10.3 -1.7
L2 441 343 -189 -208 | 185 523 -56.1 -585 | 179 170 -84 -4.8
GainLoRA | 66.4 248 -95 -20.1 | 298 405 429 396 | 276 123 -54 -5.6 -
SAPT 557 295 -159 -27.6 | 226 450 -488 -473 | 181 163 -85 -8.2
OnEDIT 674 223 -6.1 -169 | 384 331 -304 -30.0 | 289 154 -64 -3.5

Table 2: Results on the T5-large model across various benchmarks and task sequences. All values are averaged over different
task orders within each benchmark for each evaluation metric.

Standard CIT Benchmark
Model Method APT FR] FWT] BWTT
LoRA 504 29.8 -17.7 -24.8
OLoRA 62.0 318 -122 -22.7
Llama3 GainLoRA | 674 252 -84 -18.0
SAPT 55.6 284 -15.1 -26.3
OnEDIT 69.6 205 -7.9 -15.4
LoRA 51.1 28.8 -16.6 222
Llama3 OLpRA 62.8 30.1 -13.5 -23.6
—chat GainLoRA | 67.8 255 -8.3 -19.6
SAPT 56.9 277 -14.2 -26.5
OnEDIT 69.5 210 -7.2 -15.1

Table 3: Results of Llama3 and Llama3-chat models on stan-
dard CIT benchmarks. All values are averaged over different
task orders within each benchmark for each evaluation met-
ric.

B2 = 0.999 and a batch size of 64 and trained models for
only one epoch per task. For OnEDIT, we fixed the hyper-
parameters (a, b, ¢) to (0.99,0.025,0.15) across all experi-
ments, used a learning rate of 0.001, and employed LoRA as
the PEFT method for adapter weights.

Results of CIT Benchmarks for LLMs

All reported results are averaged over all task orders within
each benchmark. Table 2 summarizes the performance of
various CIT methods for LLMs across three benchmarks.
OffCIT approaches such as IncLoRA, OLoRA, and In-
fLLoRA consistently outperformed traditional CIT baselines
like LoRA and L2, highlighting the advantage of allo-
cating task-specific adapters using task identifiers to re-
tain task-level knowledge and prevent catastrophic for-
getting. Among them, OLoRA achieved the best overall
performance by enforcing orthogonality between adapters.
However, these methods exhibited significant performance
degradation when applied to long task sequences or diverse
tasks, as in the SuperNI benchmark, indicating that offCIT
methods may become unstable and susceptible to forgetting
in online settings. Among approaches that do not rely on task
IDs, GainLoRA demonstrated relatively strong performance
compared to LoRA, L2, and SAPT, which were more vul-
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nerable to instability in online environments. This suggests
that GainLoRA effectively balanced the information by ac-
counting for the relative importance of each task-specific
LoRA branch. Our proposed method, OnEDIT, achieved the
highest average performance across all benchmarks, indicat-
ing that it maintains robust performance across varying task
lengths and types while preserving historical knowledge and
adapting to new tasks. These results suggest that adjusting
the information internally through the implicit task vector
at each time step is more suitable for onCIT settings than
relying on separately allocated adapters for each task.

To observe model-specific performance trends, we eval-
uated state-of-the-art CIT methods on the standard CIT
benchmark using Llama3 and Llama3-chat models, as
shown in Table 3. In general, both Llama3 and Llama3-
chat exhibited more stable and higher performance among
the methods compared to T5-large. Although all methods
outperformed the single LoRA baseline, approaches like
OLoRA and SAPT still showed performance degradation in
online settings, consistent with their behavior in T5-large.
Among the methods that do not rely on task IDs, GainLoRA
achieved the best performance among existing approaches.
In particular, our proposed method, OnEDIT, consistently
outperformed all CIT methods on four metrics. This shows
that OnEDIT provides robust and consistent performance
improvements in onCIT settings, where task IDs are unavail-
able, and each sample is seen only once, regardless of the
model architecture.

Discussion
Analysis of Catastrophic Forgetting

We analyzed the ability to prevent catastrophic forgetting
by comparing forward transferability and historical knowl-
edge retention across methods. Figure 3 illustrates the for-
ward transferability for individual tasks (Figure 3(a)) and
the retention of knowledge over time (Figures 3(b)—(d))
on the standard CIT benchmark. As shown in Figure 3(a),
LoRA and GainLLoRA achieved slightly higher or compa-
rable performance to OnEDIT when adapting to each tar-
get task. However, Figures 3(b) and 3(c) reveal that both
methods experience a rapid decline in performance on pre-
viously learned tasks over time, demonstrating susceptibil-
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Figure 3: (a) Average performance of each current task after adaptation in Order 1 using the T5-large model. (b)—(d) Average

performance of each method along with adaptation time.

Method Adapter Forward Backward Time (s)
LoRA 1 B B 39.7
IncLoRA I BI B 45.7
OLoRA I BI B+ Ir? 101.6
OnEDIT 2 B B 422

Table 4: Comparison of computation and memory efficiency
for each method on Order 1. Adapter is the number of
adapters required for I tasks. Forward and Backward indi-
cate the computational load per mini-batch of size B, and
Time is the adaptation time for the final task using T5-large.

ity to catastrophic forgetting due to overfitting to the most
recent task. In contrast, Figure 3(d) shows that OnEDIT ex-
hibited relatively slight decline during adaptation, indicating
effective preservation of prior task performance. These re-
sults suggest that implicit task and editing operations play a
key role in mitigating forgetting and maintaining long-term
knowledge.

Analysis of Computational Efficiency

We compared and analyzed the efficiency of OnEDIT with
existing methods. Table 4 summarizes the computational re-
sources required by each approach. IncLoRA and OLoRA
required more memory and computation than LoRA, in-
creasing training times. Specifically, IncLoRA maintains
multiple adapters, increasing memory usage and computa-
tional overhead during the forward pass. OLoRA further
introduces an additional loss term to enforce orthogonality
among adapters. This orthogonality constraint adds compu-
tational complexity proportional to I x r2 during the back-
ward pass (Wang et al. 2023), where [ is the number of
tasks and 7 is the rank of the adapters, resulting in signifi-
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cantly longer training times. In contrast, OnEDIT uses only
two adapters, current and implicit, regardless of the num-
ber of tasks. Moreover, OnEDIT does not require additional
forward or backward passes through the network for each
adapter. Instead, it performs simple editing operations on the
adapters, such as vector addition and scalar multiplication,
which ensure minimal computational overhead.

Conclusion

In this work, we examined the limitations of existing state-
of-the-art CIT methods for LLMs under onCIT settings. Al-
though these methods performed well in off-CIT scenarios,
they faced significant challenges in real-world environments
where task IDs are unavailable and data arrive as a stream.
To address this, we focused on onCIT and introduced the
concept of an implicit task that balances historical knowl-
edge and novel information without requiring task IDs or
access to past data. Based on task vector arithmetic, our
proposed method, OnEDIT, mitigates catastrophic forget-
ting through online editing between the implicit and cur-
rent task vectors without backpropagation. This enables ef-
ficient CIT using only two fixed-size adapters and mini-
mal computation. As a result, OnEDIT consistently outper-
formed state-of-the-art methods in onCIT settings. These
improvements stem from the OnEDIT mechanism that al-
lows LLMs to quickly acquire new information while re-
ducing redundancy within knowledge. A limitation of our
approach lies in the requirement for hyperparameter tun-
ing. However, we demonstrated that fixed hyperparameters
achieved stable and consistent performance across diverse
benchmarks and models. In future work, we aim to implic-
itly identify these hyperparameters to further improve the
applicability and robustness of our method.
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