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Abstract

While Large Language Models (LLMs) demon-
strate remarkable zero-shot generalization,
adapting them to downstream tasks or shift-
ing data distributions often requires continual
fine-tuning—a process prone to catastrophic
forgetting and limited knowledge transfer. This
challenge is especially pronounced in online
Incremental Learning (IL) settings, where task
boundaries are blurred, and data arrives in a
non-stationary stream. To address these is-
sues, we propose GROLE (Group Relative
Optimization for LoRA Experts), a novel ap-
proach that incrementally constructs a pool
of frozen, task-specific Low-Rank Adaptation
(LoRA) experts. At its core, GROLE employs
a lightweight, instance-level expert selector op-
timized through a group relative reinforcement
learning objective, which dynamically com-
bines relevant experts to maximize adaptabil-
ity without compromising stability. Extensive
experiments across diverse incremental learn-
ing benchmarks show that GROLE consistently
outperforms state-of-the-art methods, particu-
larly in task-free and blurred-boundary settings,
achieving an optimal balance between plastic-
ity and robustness.

1 Introduction

Large language models (LLMs) achieve remark-
able generalization capabilities across a wide range
of tasks (OpenAl et al., 2024; Yang et al., 2025a;
Comanici et al., 2025), yet peak performance on
downstream tasks still demands task-specific fine-
tuning. This alignment process injects domain
knowledge into the model, but it also creates a
costly bottleneck: every new task requires a sep-
arate copy of the full parameter set, multiplying
storage and training expenses and fragmenting the
model zoo into isolated experts.
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Incremental learning (IL) offers a unified alterna-
tive, where a single model acquires new knowledge
incrementally over time, while preserving previ-
ously learned capabilities and leveraging them to
enhance future adaptation (Ke and Liu, 2022; Wang
et al., 2024). An effective incremental learning
system is guided by two principal objectives. Pri-
marily, it has to overcome catastrophic forgetting
(CF), avoiding the performance degradation in ear-
lier tasks when the model parameters are updated
for fresh data. Second, the system should facili-
tate knowledge transfer (KT), reusing shared struc-
tures to accelerate future learning through back-
ward transfer and even refine earlier tasks.

Recent parameter-efficient techniques, notably
LoRA (Low-Rank Adaptation), reduce storage by
representing task-specific updates as low-rank ma-
trices. Most IL approaches built on LoRA still fall
into two extremes: (a) maintain a single LoRA and
regularize its drift, which suffers from CF under
blurry boundaries (Wang et al., 2023a, 2025); or (b)
allocate an independent LoRA per task, which re-
quires task identities at inference and limits knowl-
edge transfer (Chen et al., 2024; Yang et al., 2025b).
In this work, a question naturally arises: can we
enjoy the memory efficiency of LoORA while rout-
ing only the experts that are necessary for each
incoming instance, without requiring task labels?

We answer this question with GROLE (Group
Relative Optimization for LoRA Experts), which
introduces two key innovations:

* Frozen Expert Pool. GROLE incrementally
builds a diverse set of task-specific LoORA ex-
perts that remain frozen after creation, elimi-
nating forgetting through parameter isolation.

» Lightweight Adaptive Selector. A trainable
routing network dynamically combines ex-
perts for each input instance using a novel
group-relative reinforcement learning objec-
tive inspired by GRPO (Shao et al., 2024).
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Crucially, this operates without value/reward
networks or gradient flow through the LLM
backbone.

By training the lightweight selector on a small
batch of current stream data, GROLE effec-
tively prevents forgetting caused by direct param-
eter updates while enhancing the model’s capac-
ity for knowledge transfer across tasks through
instance-level expert merging. Experiments on
text-classification benchmarks with up to 12 se-
quential tasks show that GROLE establishes a new
state of the art, outperforming seven IL baselines
and even surpassing the multi-task upper bound on
the standard CL benchmark. Analysis reveals that
instance-level routing consistently reduces negative
transfer in blurred-boundary settings and yields ro-
bust generalization to held-out tasks.

In summary, the main contributions of our work
are as follows:

e We formalize instance-level IL as a joint op-
timization over a frozen expert pool and a
learnable weight space, providing a principled
trade-off between stability and plasticity.

e We propose GROLE, the LoRA-based IL
framework with instance-level selector that
routes experts without task IDs, value func-
tions, or gradient flow through the LLM.

e We demonstrate gains across multiple parti-
tioning strategies and verify strong out-of-
distribution generalization, highlighting the
practical value of GROLE in open-world con-
tinual learning.

2 Related Work

2.1 Incremental Learning (IL)

IL aims to incrementally train a model on sequen-
tial data by navigating the fundamental trade-off be-
tween mitigating CF (McCloskey and Cohen, 1989;
Robins, 1995) and maximizing KT (Thrun, 1995;
Lopez-Paz and Ranzato, 2017). Existing work is
generally categorized into three main branches:
replay-based, optimization-based, and architecture-
based methods. Replay-based IL. methods mitigate
forgetting by maintaining a representative subset
of old data in a memory buffer or using a gen-
erative model to synthesize pseudo-data (Rebuffi
et al., 2017; Wu et al., 2018; Riemer et al., 2019).
Optimization-based IL. methods focus on how to op-
timize the objective function or the gradient direc-
tion during training. Early works introduce objec-

tive function optimization, such as regularization
and knowledge distillation, to impose constraints
on model parameters (Li and Hoiem, 2016; Kirk-
patrick et al., 2017). Recent research has adapted
these principles to the fine-tuning of LLMs, primar-
ily by enforcing orthogonality constraints within
the low-rank parameter subspaces to minimize in-
terference between sequential tasks (Wang et al.,
2023a, 2025). Architecture-based IL. methods iso-
late task-specific parameters to prevent interference
from data across different tasks during model up-
dates. While some approaches directly optimize
task-specific parameters using task IDs (Xue et al.,
2022; Gurbuz and Dovrolis, 2022), others incor-
porate lightweight auxiliary modules to enable the
dynamic selection of corresponding parameters dur-
ing inference (Kim et al., 2022; Jin and Kim, 2022).

2.2 Reinforcement Learning (RL)

The alignment of LLMs with complex, non-
differentiable human objectives is increasingly
framed as an RL problem. Unlike supervised learn-
ing, which requires explicit input-output pairs, RL
is uniquely suited for scenarios where the objective
is defined by sparse or qualitative feedback. PPO
(Schulman et al., 2017) provides an actor-critic
framework, which requires a reward model and
a value function for advantage estimation. More-
over, PPO utilizes a surrogate objective with a clip-
ping mechanism to prevent large policy updates.
DPO (Rafailov et al., 2023) allows the model to
be trained directly on preference pairs using a sim-
ple binary cross-entropy loss. KTO (Ethayarajh
et al., 2024) leverages binary feedback signals for
training and exhibits a higher sensitivity to negative
samples. GRPO (Shao et al., 2024) eliminates the
need for a critic model by averaging rewards from
a group of multiple outputs generated for the same
input. GSPO (Zheng et al., 2025) shifts the focus to
the sequence level to improve GRPO. It defines the
importance sample ratio based on sequence rather
than tokens.

2.3 Parameter-Efficient Fine-Tuning (PEFT)

While scaling pre-trained models has consistently
yielded performance gains, the traditional full-
tuning method becomes infeasible with limited
compute resources due to the massive number
of parameters. To mitigate the prohibitive costs
of full-parameter updates in LLMs, Parameter-
Efficient Fine-Tuning (PEFT) has been widely
adopted as a resource-efficient strategy for down-
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stream task adaptation. Prompt-Tuning (Lester
et al., 2021) freezes the backbone model and up-
dates "soft prompts” embedding during training.
Prefix-Tuning (Li and Liang, 2021) prepends learn-
able prefix vectors to the hidden states of every
Transformer layer. P-Tuning (Liu et al., 2022) em-
ploys a prompt encoder to model the dependencies
between prompt tokens. LoRA(Hu et al., 2022)
adopts a low-rank decomposition strategy, and only
these auxiliary low-rank branches are optimized to
approximate the required weight updates. Many
pre-training-based IL methods leverage low-rank
adaptation to address downstream tasks with mini-
mal trainable parameters, significantly enhancing
training efficiency while conserving computational
resources (Wang et al., 2023a; Chen et al., 2024;
Yang et al., 2025b).

3 Methodology

In this section, we first establish a generalized for-
mulation of the incremental learning problem at the
instance level, focusing on task-free and blurred-
boundary scenarios. We then introduce the con-
cept of adaptive weights and identify the pivotal
challenges inherent in optimization. Finally, we
provide a novel insight that motivates our approach
and detail the technical implementation of the pro-
posed method.

3.1 Problem Formulation

General Instance-level IL Paradigm

In real-world scenarios, task boundaries are of-
ten ambiguous, and data distributions evolve con-
tinuously over time. To capture this complexity,
we formalize a general instance-level incremental
learning framework that includes both task-free and
blurred-boundary settings.

Consider a sequential data stream D =
{D1,Ds,...,Dr}, where D; represents the data
source of ¢-th task over the input space A and label
space );. Notably, we adopt a general definition
of tasks, where a task can even be defined as the
data within a single time window or step, with no
pre-defined semantic boundaries. This formula-
tion naturally encompasses scenarios ranging from
discrete task divisions to task-free settings with
blurred boundaries.

Meanwhile, we further denote a pre-trained
backbone W, an expert parameter pool W =
{AW, AWy, ..., AW}, and a weight space
A ={a = (a1,a,...,a,) | condition} C R™.

For input « and label y in the stream data D, the
objective of instance-level IL can be written as fol-
lows:

min £L(D; W, A)

T
1
= 2 By, [((fol@W,a)y). (1)
t=1

where /(-, -) denotes the cross-entropy loss func-
tion, and fg(x; W, o) denotes for a given adapter
layer, the output h is:

h = (Wo + Z OéiAWZ').’B )
=1

Existing approaches to IL follow two dominant
paradigms. Regularization-based methods opti-
mize a shared expert or an expert pool by penaliz-
ing parameter deviations across tasks to mitigate
catastrophic forgetting. Architecture-based meth-
ods deploy isolated experts and update specific
modules, typically requiring an explicit task ID
during inference. While effective in their respec-
tive settings, these methods rely on static weight
allocation, thus failing to adapt to instance-level
variations in data distributions. In contrast, we pro-
pose a dynamic weight optimization perspective.
Rather than treating expert combination as a prede-
termined or task-dependent operation, our method
learns to adaptively route and merge experts for
each input instance.

Adaptive Weights Instance-level IL Paradigm

The primary challenges lie in the joint optimiza-
tion of the expert pool and the weight space. We
observe that the isolation of task-specific parame-
ters limits KT, while the continual update of task-
sharing parameters leads to CF. Consequently, we
shift our focus toward maximizing the growing
expert pool’s potential by optimizing the weight
space, ensuring experts adaptively coordinate for
each instance. In this perspective, the objective can
be written as follows:

¢ = argm(gﬂﬁ(D;W,W¢(D)), 3

where 74 denotes the adaptive selection policy
network with trainable parameters ¢ at the in-
stance level. For each input instance « € D, this
policy generates the corresponding weight vector
a = mg(x), determining how to merge the expert
parameters in W.
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Figure 1: The overall framework of GROLE. The method operates in two stages: training task-specific LoORA
experts via SFT (represented by the light yellow expert) and subsequently learning an instance-level merging policy

via RL (represented by the orange selector).

A naive approach to learning adaptive merging
weights « is to treat them as standard learnable
parameters, either by jointly optimizing ¢ with
the base model or by generating them through a
lightweight network during SFT. However, this
strategy suffers from optimization instability due to
the lengthy backpropagation path, where the gradi-
ents for o must traverse all layers of the LLM, of-
ten leading to vanishing or unstable signals (Huang
etal.,2024). To circumvent this issue, we propose a
gradient-free alternative based on RL, which lever-
ages a scalar reward derived from the model’s final
output to guide the optimization of «, thereby en-
tirely avoiding error backpropagation through the
LLM. The proposed GROLE framework primarily
focuses on exploring the weight space and refor-
mulating the objective Eq. (3) into an optimizable
form.

3.2 Group Relative Optimization for LoRA
Experts

We propose a two-stage method, GROLE, as illus-
trated in Figure 1. In the first stage, we incremen-
tally learn a pool of task-specific LORA experts
via SFT. And in the second stage, we freeze the
LLM backbone and all LoRA experts’ parameters
to train an adaptive merging weight selector via
RL. Specifically, the selector’s output is utilized
for exploratory sampling during training, whereas
it is normalized to directly merge LoRA experts
during inference. The following sections detail

our methodology, centering on the training of the
selector.

Task-Specific LORA Experts via SFT

In the first stage, we incrementally construct
a set of LoRA experts to capture task-specific
knowledge. Specifically, at each time step ¢ €
{1,..., T}, anew expert is instantiated for the cur-
rent task Dy and added to the existing set of experts
{AW,...,AW,_1} trained on previous tasks.
Given a pre-trained backbone model with frozen pa-
rameters W, each LoRA expert i is parameterized
by two low-rank matrices A; € R*" B; € R"*¢
and AW ; = A;B;. While Eq. (1) permits n to
differ from T', we consider the case where n = T
for simplicity, assigning a dedicated LoRA expert
to each task. For each task ¢, the correspond-
ing expert (Ay, B;) is optimized via SFT on Dy,
while keeping both Wy and all preceding experts
{AW,...,AW_;} frozen. Upon completing
the incremental training process, the full param-
eter set W = {AW,..., AW} is frozen and
serves as the basis for the subsequent instance-level
merging stage.

Adaptive Merging Weight Selection via RL

In the second stage, we employ RL to train a
lightweight selector 7y that predicts instance-level
merging weights a. To ensure compatibility, the
raw input x is vectorized into @, through the
embedding layers of the base model. In our RL
formulation, x.,,, serves as the state, while the
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weight « is defined as the action, which governs
the adaptive merging of the frozen LoRA experts.
Specifically, we design a sampling strategy over
the selector output for exploration and exploitation
during training, a reward function based on the
pre-trained model and LoRA experts, and a group
relative optimization objective that maximizes the
expected reward without relying on gradient back-
propagation through the LLM.

Sampling Strategy: To enable the selector to
learn effective merging weights, we design a sam-
pling strategy that allows it to thoroughly explore
the weight space during training. First we de-
fine the weight space as the probability simplex
A={a eR"|Y" o =10 > 0}, which
ensures stable and well-behaved merging of LoRA
experts. Inspired by Lee et al. (2023), we denote
the selector output 7y (xcymp) as concentration ¢
and employ a Dirichlet distribution Dir(¢) for sam-
pling. The Dirichlet distribution possesses two
desirable properties. First, the sampling weight
vector o ~ Dir(c) naturally adhere to the probabil-
ity simplex constraints, such that " ; o; = 1 and
a; > 0. Second, « is controlled by concentration
c: lower concentrations yield more dispersed sam-
ples, while higher concentrations produce samples
concentrated near the mean ¢/||c||;. During train-
ing, the selector’s output concentration inherently
emerges as small initially to foster exploration, and
gradually increases to maximize exploitation as
the model converges. Compared to traditional grid
search, the Dirichlet distribution naturally balances
exploration and exploitation while inherently satis-
fying the simplex constraints of the weight space.

Reward Function: In RL, the alignment be-
tween the reward model and the optimization ob-
jective is critical for performance. To address this,
we adopt a streamlined reward function design: the
SFT model trained in the first stage serves directly
as the reward model. This ensures that the reward
signal is fully aligned with the downstream objec-
tive. Specifically, the reward for an action « given
state x is defined as:

R(mva) = _Clip(g(fe(x;an)7y)751752)7 €]

where /(-) denotes the cross-entropy loss function
and y represents the ground-truth label. To en-
hance training stability, we employ reward clip-
ping, bounded by [d1, J2], to constrain the reward
signal within a more concentrated numerical range.
This is necessitated by the fact that raw loss values

across different samples can fluctuate by several
orders of magnitude, which often leads to gradient
instability and impedes convergence. Meanwhile,
this clipping mechanism allows the model to by-
pass the influence of trivial samples (loss < é1) or
intractable samples (loss > d2), effectively stabi-
lizing the optimization process.

Optimization Objective: The optimization ob-
jective of the selector follows the GRPO framework
(Shao et al., 2024), which streamlines the training
process by eliminating the traditional value-critic
function. Instead of estimating absolute state val-
ues, we compute the advantage of an action by
comparing its reward against the collective perfor-
mance of a group. For each input, we sample a
group of G outputs from the current policy 7.

Specifically, the relative advantage is computed as
. r;—mean(7)

J std(r)

The objective function is formulated to maxi-

mize the group relative reward, where the advan-
tage for each sample is derived by normalizing its
reward against the mean and standard deviation of
all rewards within the group. Our objective can be
written as follows:

T
1
Jarpo(¢) = T ZE[(m,y)NDt,{aj}f:1~7r¢(Alw)}
t=1
1 G
G Z min [pjAj, clip(pj, 1 —€,1+€)A;], (5
j=1

where p; = mg(a; | x)/7g,,,(c; | x) denotes
the importance sample ratio, G denotes the group
size, and € denotes the clipping hyperparameter.
Additionally, due to the random initialization of
the selector and the lack of reference, we omit the
KL-divergence term in the standard GRPO loss.

Eq. (5) successfully reformulates the original ob-
jective in Eq. (3) into an optimizable surrogate. By
maximizing Jorpo(¢), we can derive an instance-
level adaptive weight selector 7.

4 Experiments

In this section, we describe the experimental setup
and present the main results in comparison with
existing mainstream approaches.

4.1 Experimental Setup

Dataset and Partition

The proposed method is evaluated on the following
two widely used benchmarks:
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e Standard CL Benchmark (Zhang et al.,
2015) consists of five text classification
datasets: AG News, Amazon reviews, Yelp
reviews, DBpedia, and Yahoo Answers.

¢ Large Number of Tasks (Razdaibiedina
et al., 2023) consists of 15 datasets, including
five datasets from the standard CL benchmark,
four from GLUE benchmark (MNLI, QQP,
RTE, SST2) (Wang et al., 2018), five from
SuperGLUE benchmark (WiC, CB, COPA,
MultiRC, BoolQ) (Wang et al., 2019), and
the IMDB movie reviews dataset (Maas et al.,
2011).

To faithfully simulate the blurred-boundary sce-
narios inherent in real-world online environ-
ments—where data streams often encompass a
concurrent mixture of samples from multiple
tasks—we employ two distinct partitioning strate-
gies (Zeng et al., 2023) to simulate realistic task
sequences:

* Shards: Decompose each task into & disjoint
shards and re-aggregate them randomly to con-
struct a fragmented task sequence, written as
Srd-k.

* Dirichlet: Sample a probability vector from
distribution Dirichlet(/) and assign samples
to sequential task slots according to these pro-
portions, written as Dir-£.

In our experiments, we instantiate three distinct par-
titioning configurations: Srd-1, Srd-4, and Dir-0.3.
It is worth noting that Srd-1 represents a traditional
sequential setup with a random task order, consis-
tent with numerous prior studies such as O-LoRA
(Wang et al., 2023a). In contrast, Srd-4 and Dir-
0.3 introduce complex task overlaps, providing a
more rigorous test of the model’s robustness against
blurred-boundary data streams. Considering the im-
balance in sample sizes across different datasets,
we curated a subset of 4 datasets for the standard
CL benchmark and 12 for the large number of tasks
to ensure distributional stability. More dataset and
partition details are provided in Appendix A.1

Metrics

To evaluate the proposed method, we define Aver-
age Accuracy (AA) at the ¢-th training stage across
the entire task sequence T'. Let a; ; represent the
testing accuracy on task j after the model has been
trained on task ¢. To simultaneously capture both
forward and backward transfer effects (Lopez-Paz

and Ranzato, 2017), the metric is formulated as
T
AAt = % Zj:l Qt,j-
By evaluating over the full set of T tasks at each
step t, this metric serves a dual purpose as follows:

* For j < t, it quantifies CF by measuring the
performance retention on previously learned
tasks.

* For j > t, it quantifies KT by reflecting the
model’s ability to generalize to unseen future
tasks based on its current knowledge.

Baselines

PerTaskLoRA trains an independent LoRA for
each task to achieve optimal per-task performance,
while MTL (Multi-Task Learning) trains a unified
LoRA jointly optimizing over all available task
data. These two non-incremental methods typically
provide the performance upper bound for IL. Re-
play mitigates catastrophic forgetting by rehearsing
a subset of historical samples retained in a memory
buffer. SeqLoRA continuously fine-tunes a single
LoRA module across the entire sequence, whereas
IncLoRA progressively instantiates a dedicated
LoRA expert for each new task, expanding the
expert pool over time. These three serve as founda-
tional IL baselines. O-LoRA (Wang et al., 2023a)
learns new tasks in orthogonal low-rank subspaces
without data replay. MultiLoRA (Wang et al.,
2023b) identifies and mitigates the over-dominance
of specific unitary transforms in LoRA’s weight
updates. MOELoRA (Chen et al., 2024) employs a
task-ID-guided gating mechanism to modulate ex-
pert contributions, while MTL-LoRA (Yang et al.,
2025b) relies on ID-dependent parameters to iso-
late task-specific features. We primarily focus our
comparison on these four baselines. More imple-
mentation details are provided in Appendix A.2

4.2 Main Results

Overall Performance: We evaluate the perfor-
mance of GROLE against comprehensive baselines
across six diverse task scenarios, encompassing
two benchmarks and three partitioning strategies.
As shown in Table 1, on the standard CL bench-
mark, our method achieves a 4.32% improvement
over the best baseline. This advantage is even more
pronounced on the large number of tasks, where the
performance gain reaches 9.47%. GROLE also ex-
hibits consistent performance across different par-
tition strategies, illustrating the selector’s efficacy
in adapting to complex, blurred-boundary tasks.
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Table 1: Overall performance comparison on the standard CL benchmark and large number of tasks. The average
accuracy (AAr) after training on the final task is reported.

Standard CL Benchmark Large Number of Tasks

Srd-1 Srd-4 Dir-0.3 Avg Srd-1 Srd-4 Dir-0.3 Avg
Replay 72.70 72.32 72.78 72.60 62.44 76.54 77.08 72.02
SeqLoRA 69.25 73.78 72.92 71.98 71.92 73.23 75.10 73.42
IncLoRA 73.08 55.70 49.55 59.44 65.60 41.15 33.40 46.72
O-LoRA 73.65 73.45 68.15 71.75 72.69 57.77 44.50 58.32
MultiLoRA 66.90 70.10 69.60 68.87 74.08 70.98 70.21 71.76
MoELoRA 70.13 75.30 66.63 70.68 76.35 58.00 67.52 67.29
MTL-LoRA 74.78 76.60 70.68 74.02 72.23 73.13 64.98 70.11
GROLE 78.10 78.83 78.08 78.34 82.79 82.63 83.25 82.89
PerTaskLoRA 77.60 77.60 77.10 77.43 85.17 82.73 82.44 83.45
MTL 77.75 77.75 77.75 77.75 83.90 83.90 83.90 83.90

Furthermore, against established upper bounds
(PerTaskLoRA and MTL), GROLE surpasses the
standard CL benchmark by 0.6% while remaining
highly competitive on the large number of tasks,
trailing by a narrow margin of 1%. Collectively,
these results confirm GROLE’s capacity to simul-
taneously mitigate CF and facilitate robust KT.

Task 4 — GROLE
O-LoRA

—— MultiLoRA

—— MoELORA
MTL-LoRA

Task 6 Task 2

Task 7

g5.25 | Task 1

Task 8

Task 11

Task 10

Figure 2: Per-task performance (ar ;) visualization on
the large number of tasks with Srd-1.

Per-Task Performance: To further analyze
the effectiveness of GROLE on individual tasks,
we visualize per-task testing accuracy ar; on a
large number of tasks benchmarked with Srd-1 af-
ter training the final task. This allows for a de-
tailed comparison of performance across individ-
ual task. As shown in Figure 2, our approach not
only achieves higher average performance but also
maintains consistently strong results across nearly
every task. Notably, while MTL-LoRA marginally
outperforms GROLE by 2.50% on Task 7, it suf-

fers a drastic performance decay of 34.75% on
Task 9. This pattern of instability is prevalent
among other baselines, further underscoring the
challenge of maintaining task-level balance. In con-
trast, GROLE achieves a superior trade-off, demon-
strating both formidable overall performance and
consistent robustness across diverse tasks.
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Figure 3: Visualization of negative transfer on the large
number of tasks.

Analysis of Negative Transfer: Focusing on
task-free baselines in Table 1(thereby excluding ID-
dependent MoELoRA and MTL-LoRA), methods
like O-LoRA suffer sharp declines under blurred
boundaries. Tracking the A A, evolution in Figure
3 reveals that while orthogonal regularization ini-
tially mitigates forgetting, it impairs generalization
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in scenarios with high inter-task overlap. Specifi-
cally, enforcing strict orthogonality on shared fea-
tures isolates knowledge into disjoint subspaces,
preventing effective representation reuse. This
rigidity hinders cross-task synergies, directly lead-
ing to negative transfer. Conversely, MultiLoRA
suffers from training instability due to implicit com-
petition among unrouted modules and sensitivity to
scaling initialization. The ‘dominance of top singu-
lar vectors’ (Wang et al., 2023b) further aggravates
these fluctuations, preventing robust convergence.
In contrast, GROLE demonstrates superior stabil-
ity, achieving continuous positive transfer by effec-
tively leveraging cross-task synergies without such
rigid constraints.

Table 2: Zero-shot generalization performance on the
Out-of-Distribution task.

Standard CL Benchmark
Srd-1 Srd-4 Dir-0.3 Avg
0O-LoRA 70.80 61.80 68.20 66.93
MultiLoRA 58.10 56.30 39.60 51.33
GROLE 70.10 70.40 71.00 70.50
MTL 55.90 55.90 55.90 55.90

Robustness to OOD Tasks: While our primary
metric the average accuracy A A; over the T sequen-
tial tasks provides a measure of KT, it may still re-
flect performance on tasks implicitly observed dur-
ing training, especially under blurred boundaries
where data distributions overlap. To better assess
generalization, we hold out one task AG News from
the standard CL benchmark as out-of-distribution
(OOD) task, entirely during training and evaluate
the model on it only at test time. As shown in
Table 2 (where ID-dependent methods are inap-
plicable), GROLE outperforms the best baseline
by 3.60% and maintains consistent performance
across diverse partitioning strategies. This result
indicates that our method not only excels at miti-
gating CF and facilitating KT but also possesses
robust OOD generalization capability, demonstrat-
ing that GROLE fully unleashes the potential of all
experts and exhibits adaptability to unseen tasks.

Impact of Group Size: The group size defines
the exploration scope in the weight space, deter-
mining how many candidate weight vectors are
considered for each instance. Intuitively, this hy-
perparameter may affect model performance. To
assess this impact, we evaluate GROLE with group
sizes {4, 8,16, 24,32} and compare their perfor-

Table 3: Impact of the sampling group size G on perfor-
mance (AA7) across the Standard CL Benchmark.

Group Standard CL Benchmark

Size Srd-1 Srd-4 Dir-0.3 Avg
G=14 77.63 78.15 78.03 77.94
G=28 77.60 77.63 77.95 77.73
G =16 78.10 78.83 78.08 78.34
G=24 78.15 78.65 78.20 78.33
G =32 77.70 77.80 78.10 77.87

mance in terms of AA7, where 16 is the value
selected for our main experiments. Results indicate
that performance with different group sizes exhibits
minimal variation, fluctuating by only about 0.6%
between the best (G = 16) and the worst (G = 8),
which shows the performance is not sensitive to
the choice of group size and further highlights the
robustness of GROLE.

Table 4: Performance with varying numbers of activated
experts.

Standard CL Benchmark

Srd-1  Srd-4  Dir-0.3 Avg
Top-1 76.83 76.95 76.25 76.68
Top-2 77.60 78.33 77.28 77.76
Top-all  78.10 78.83 78.08 78.34

Large Number of Tasks

Srd-1 Srd-4  Dir-0.3 Avg
Top-1 81.31 78.85 80.63 80.26
Top-2 82.38 80.52 82.58 81.83
Top-3 82.81 82.15 83.06 82.67
Top-6 82.71 82.43 83.21 82.78
Top-all 82.79 82.63 83.25 82.89

Top-k Activation: To validate the effectivity
of RL and the necessity of multi-expert merging,
we apply top-k selection to the selector’s predicted
weights, activating only the top-k LoRA experts
for merging. As shown in Table 4, results show
that GROLE maintains strong performance even
with only the highest-weighted expert activated.
Moreover, as more experts are activated, the perfor-
mance of GROLE is also consistently improving,
validating the stability of selector.

Sampling Strategy: We compared Dirichlet
sampling against Gaussian sampling during selec-
tor training. As shown in Table 5, Dirichlet sam-
pling consistently outperforms Gaussian sampling
across all benchmarks, with 0.81% average gains
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Table 5: Comparison of two different sampling strate-
gies.

Standard CL Benchmark

Srd-1 Srd-4 Dir-0.3 Avg
Gaussian 77.07 77.65 77.88 77.53
Dirichlet  78.10 78.83 78.08 78.34

Large Number of Tasks

Srd-1 Srd-4  Dir-0.3 Avg
Gaussian 79.35 80.81 82.96 81.04
Dirichlet 82.79 82.63 83.25 82.89

on standard CL benchmark and 1.85% average
gains on the large number of tasks, confirming the
effectiveness of Dirichlet sampling. This superior-
ity stems from the Dirichlet distribution’s inherent
properties: its support over the simplex naturally
produces sparse, interpretable weight vectors that
balance exploration and exploitation in searching
of weight space.

5 Conclusion

In this work, we propose GROLE, a novel incre-
mental learning framework that addresses the chal-
lenges of task-free and blurred-boundary scenar-
10s. GROLE maintains a growing pool of frozen,
task-specific LoRA experts and incorporates a
lightweight selector optimized by group relative
advantages. This two-stage paradigm ensures strict
parameter isolation to eliminate catastrophic forget-
ting and achieves strong knowledge transfer across
tasks through adaptively merging experts at the in-
stance level. Specifically, this modular architecture
facilitates the systematic expansion of the expert li-
brary, while the selector ensures the system’s agility
to navigate evolving scenarios, thereby utilizing the
growing expert pool while preserving prior knowl-
edge. The experimental results demonstrate that
GROLE achieves a balance between stability and
plasticity on existing benchmarks, making it emi-
nently suitable for incremental learning within com-
plex, open-world environments.

Limitations

Despite the performance gains achieved by
GROLE, it faces a common challenge with many
IL approaches: degradation of training and infer-
ence efficiency as the number of tasks 7" scales. A
growing pool of LoRA experts may introduce func-
tional redundancy, which enlarges the search space

and complicates the optimization of the selector.
Consequently, developing mechanisms to prune or
consolidate the expert pool, thereby minimizing ca-
pability overlap and compressing the weight space,
remains a critical and promising direction for future
research.
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A Appendix

A.1 Dataset and Partition Details

Since the imbalance sample sizes across differ-
ent datasets shown in Table 6, for the standard
CL benchmark, we select four tasks {"Yelp",
"Amazon", "Dbpedia", "Yahoo"} as {T1,...T4}
and {"AG News"} as OOD task. For the large
number of tasks, we select {"Yelp", "Amazon",
"MNLI", "QQP", "IMDB", "SST-2", "Dbpedia",
"AG News", "Yahoo", "MultiRC", "BoolQA",
"WiC"} as {71, ...Ti2}. As shown in Table 7 and
Table 9, we list the details of different tasks.

Moreover, we randomly select 4000 samples as
a trainset for LoRA experts, 1000 samples as a
subtrainset for the selector, and 1000 samples as
a testset for the standard CL benchmark, while
1600 samples as a trainset for LoRA experts, 400
samples as a subtrainset for the selector, and 400
samples are a testset for a large number of tasks.
As shown in Figure 4, we visualize the trainset
of two benchmarks with three different partition
strategies.

A.2 Implementation Details

Our experiments are deployed with 4 NVIDIA
H800 GPUs. We employ Llama3.1-8B (Grattafiori
et al., 2024) as the backbone model. For train-
ing the LoRA experts, we adopt the AdamW
(Loshchilov and Hutter, 2019) optimizer with a
cosine learning rate scheduler, setting the initial
learning rate to 1 x 10~*. The LoRA configuration
includes a rank of » = 8 and is applied to all avail-
able modules. We train the LoRA modules for 3
epochs with a per-device batch size of 1. For the
selector module, we implement a three-layer MLP
with hidden dimensions of [256, 64]. We employ
ReLU as the internal activation function and apply
Softplus at the output layer. During training, the
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Table 6: Size of different datasets.

Dbpedia Yahoo Amazon Yelp AG News MNLI QQP IMDB MultiRC BoolQA SST-2 WiC RTE COP CB

Train Size 14000 10000 5000 5000 4000 3000 2000 2000 2000 2000 2000 2000 2000 400 250
Test Size 7600 7600 7600 7600 7600 7600 7600 7600 4848 3270 872 638 277 100 56

Table 7: Datasets, Categories, Tasks, Domains, and Metrics.

Dataset Name  Category Task Domain Metric

Yelp CL Benchmark  Sentiment analysis Yelp reviews Accuracy
Amazon CL Benchmark  Sentiment analysis Amazon reviews Accuracy
Dbpedia CL Benchmark  Topic classification Wikipedia Accuracy
Yahoo CL Benchmark  Topic classification Yahoo Q&A Accuracy
AG News CL Benchmark  Topic classification News Accuracy
MNLI GLUE NLI Various Accuracy
QQP GLUE Paragraph detection Quora Accuracy
RTE GLUE NLI News, Wikipedia Accuracy
SST-2 GLUE Sentiment analysis Movie reviews Accuracy
WiC SuperGLUE Word sense disambiguation Lexical databases Accuracy
CB SuperGLUE NLI Various Accuracy
COPA SuperGLUE QA Blogs, encyclopedia  Accuracy
BoolQA SuperGLUE Boolean QA Wikipedia Accuracy
MultiRC SuperGLUE QA Various Accuracy
IMDB SuperGLUE Sentiment analysis Movie reviews Accuracy

selector is optimized using the AdamW optimizer
with a learning rate of 1 x 1072 and a weight de-
cay of 1 x 104, We set the dropout rate to 0.3,
using a batch size of 1 and a group size of 16. The
training epochs are configured as 1 for the stan-
dard CL benchmark and 10 for the large number of
tasks. We employ the cross-entropy loss and set the
reward clipping parameters to §; = 0.1,2 = 1.

propagation, but also achieves reasonable training
efficiency in selector optimization. Furthermore,
despite operating at the instance level, our selec-
tor fully supports batched training and inference,
which further reduces training elapse. As shown
in Table 8, stage 2 (selector training) requires less
than half the time of stage 1 (LoRA experts train-
ing) on the standard CL benchmark, demonstrating

the computational efficiency of training selector.
A.3 Supplyment

Table 8: GPU hours (minutes per epoch) of two stage
training: LoRA experts and selector.

Standard CL Benchmark
Srd-1  Srd-4  Dir-0.3 Avg
Stage 1 15.80 16.12 1591 15.94
Stage 2 6.88 6.87 6.89 6.88
Large Number of Tasks
Srd-1 Srd-4 Dir-0.3 Avg

Stage 1 19.47 22.52 22.13 21.37
Stage 2 18.12 18.18 18.06 18.12

Training Efficiency: As a gradient-free method
based on RL, GROLE not only circumvents the in-
stability issues associated with LLM gradient back-

39181



Table 9: Instructions for different tasks.

Task Instructions
NLI What is the logical relationship between the “sentence 1” and the “sentence 2”7 Choose
one of the options.
QQP Whether the “first sentence” and the “second sentence” have the same meaning? Choose
one of the options.
SC What is the sentiment of the following paragraph? Choose one of the options.
TC What is the topic of the following paragraph? Choose one of the options.
BoolQA According to the following passage, is the question true or false? Choose one of the
options.
MultiRC According to the following passage and question, is the candidate’s answer true or false?
Choose one of the options.
WiC Given a word and two sentences, whether the word is used with the same sense in both
sentences? Choose one of the options.
3 ? - task-0 3 ? - task0 3 ? - task-0
(a) Srd-1 (b) Srd-4 (c) Dir-0.3
(i) Standard CL Benchmark.
(d) Srd-1 (e) Srd-4 (f) Dir-0.3

(ii) Large Number of Tasks.

Figure 4: Visualization of trainset distribution on two benchmarks with three partition strategies.
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