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Abstract

Parameter-Efficient Fine-Tuning (PEFT), par-
ticularly Low-Rank Adaptation (LoRA), has
become a standard approach for adapting Large
Language Models (LLMs) under limited com-
pute. However, in continual settings where
models are updated sequentially with small
datasets, conventional LoRA updates strug-
gle to balance rapid adaptation and knowl-
edge retention. Existing methods typically
treat the low-rank space as a homogeneous
update region, lacking mechanisms to regu-
late how short-term updates are consolidated
over time. We propose a continual LoRA
framework with Program memory, inspired by
Complementary Learning Systems in neuro-
science. Our approach, dubbed ProCL, orga-
nizes LoRA adapters into structured program
memory slots that are dynamically retrieved
through input-conditioned attention. This en-
ables rapid and localized adaptation, encour-
aging similar inputs to reuse shared adapter
regions while reserving unused capacity for fu-
ture data. The slots are then combined with
the underlying adapter, which maintains a dis-
tributed representation that gradually accumu-
lates knowledge across tasks to balance plastic-
ity and stability. Our method operates entirely
within the LoRA parameterization and incurs
no additional inference cost. Experiments on
diverse benchmarks demonstrate improved re-
tention and reduced catastrophic forgetting over
other continual LoRA strategies.

1 Introduction

Large language models (LLMs) have achieved
strong performance across a wide range of tasks
[1, 2]. However, adapting them to evolving
real-world scenarios remains challenging, as full
fine-tuning is often computationally prohibitive.
Parameter-Efficient Fine-Tuning (PEFT), particu-
larly Low-Rank Adaptation (LoRA) [9], addresses
this by restricting updates to low-rank subspaces

while freezing the backbone, enabling efficient
adaptation with minimal additional parameters.

In real-world deployment, model adaptation is
rarely a one-time process; LLMs must continually
incorporate new knowledge from sequential, often
small-scale datasets. For instance, a clinical model
fine-tuned for diagnosis may later be updated for
treatment recommendation, improving new capa-
bilities while degrading earlier ones. This high-
lights the stability–plasticity dilemma, where mod-
els must learn new tasks without forgetting prior
knowledge [19]. Although LoRA constrains up-
dates to low-rank subspaces, sequential fine-tuning
can still introduce interference, leading to forget-
ting and reduced retention [5, 6].

Existing approaches for continual adaptation of
LLMs often add adapters or task-specific mod-
ules to isolate task-relevant knowledge [22, 25].
While effective at reducing interference, these
methods increase architectural complexity, mem-
ory usage, and inference latency, making them
cumbersome for long task sequences. Alterna-
tively, regularization-based techniques constrain
updates to orthogonal subspaces to reduce inter-
ference across tasks [26, 29]. While effective at
mitigating forgetting, the model’s effective plas-
ticity is reduced, limiting its ability to learn new
information on later tasks. Recent strategies im-
prove retention by refining low-rank factors with
wavelet kernels [6]. However, they still modify
the shared low-rank subspace globally, without ex-
plicitly controlling how new knowledge is written,
partitioned, or consolidated. As a result, LoRA
updates remain vulnerable to interference, lead-
ing to degraded performance on previously learned
tasks. Empirically, prior work has largely focused
on simple text classification tasks, which neither re-
flect the generative capabilities of LLMs nor fully
capture catastrophic forgetting in more complex
settings. For example, in question answering, we
consistently observe substantial performance degra-
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Figure 1: Catastrophic forgetting in QA tasks (lower is better). BoolQ’s accuracy drops after fine-tuning on SQuAD
and AdversarialQA. While all methods suffer from forgetting across LLM backbones, our approach consistently
exhibits the smallest or near-smallest performance degradation.

dation of prior methods after only a few tasks (see
Fig. 1). These limitations raise a key question: can
LoRA be equipped with a principled mechanism for
efficient and robust continual learning?

To address this challenge, we propose a memory-
structured adaptation mechanism that organizes
how knowledge is written into LoRA adapters dur-
ing continual learning. Drawing inspiration from
Complementary Learning Systems (CLS) in neu-
roscience [18, 20], we model continual adaptation
as the interaction between rapid episodic index-
ing and slower distributed representations. In our
framework, dubbed ProCL, low-rank adapters are
treated as program memory [13], with the adapter
weights partitioned into multiple slots or programs.
An input-conditioned attention mechanism dynam-
ically retrieves and composes these programs, al-
lowing similar inputs to activate and update shared
adapter regions while routing unrelated inputs to
different parts of the parameter space. This helps
localize parameter updates, reducing interference
between different data regions.

At the same time, the original LoRA weight
provides a stable distributed representation that
reflects previously learned knowledge. Dur-
ing training, this weight is combined with the
program-composed weights to produce the exe-
cuting adapter, serving as a shared baseline that
stabilizes optimization while the programs intro-
duce input-dependent adaptations. These adaptive
compositions are periodically integrated into a per-
sistent adapter through a consolidation step, which
accumulates routing-based updates over time. Dur-
ing inference, this learned adapter is used directly
without program routing. By structuring adapta-
tion in this way, ProCL enables selective plasticity
during training while producing a compact, static

model for deployment, mitigating catastrophic for-
getting without introducing additional inference
overhead. Experiments on text classification and
question answering continual learning benchmarks
demonstrate that this memory-structured adapta-
tion mechanism significantly improves knowledge
retention, cross-task generalization, and efficiency
compared to existing continual LoRA strategies.

2 Related Work

Continual learning (CL) aims to adapt models to
new tasks sequentially without catastrophic forget-
ting [19]. Applying CL to LLMs is challenging
due to their massive parameter spaces, high compu-
tational costs, and sensitivity to interference across
tasks. Existing approaches for continual LLM fine-
tuning can be grouped into two main directions.

Adapter-Modular and Progressive Architec-
tures. Adapter-based and parameter-efficient tun-
ing approaches [8, 9] freeze the backbone and in-
troduce task modules. Progressive or modular ex-
tensions, including LoraHub [10] and MOLE [28],
dynamically compose or gate multiple LoRA com-
ponents for cross-task reuse. Although these de-
signs reduce catastrophic forgetting, they increase
memory footprint and complexity as tasks accumu-
late, assuming task identity is known at inference
time.

Regularization-based Methods. Regulariza-
tion and subspace-based approaches aim to miti-
gate interference across tasks. Classical methods
such as EWC [11] constrain updates based on pa-
rameter importance, while more recent techniques
focus more on LoRA-specific constraints. For ex-
ample, O-LoRA [26] enforces orthogonality be-
tween low-rank updates, N-LoRA [29] prevents pa-

22178



rameter collisions via disjoint subspaces, OLieRA
[3] preserves model geometry through Lie group
constraints, and DEAL [6] uses wavelet kernels
to retain historical knowledge. Despite these ad-
vances, these methods lack explicit mechanisms to
isolate task-specific updates, and accumulated con-
straints gradually exhaust the effective parameter
space, limiting plasticity over long task sequences.
In contrast, inspired by CLS [18, 20], our approach
introduces program-memory slots to structure how
task knowledge is written and consolidated, en-
abling selective retention and adaptability.

Memory in CL. Memory-based methods miti-
gate forgetting by storing past information, e.g., via
experience replay [23] and gradient episodic mem-
ory [16, 4, 7]. Another line explores program mem-
ory, where reusable weight components are stored
and composed across tasks [13, 14]. Related to
this, mixture-of-experts (MoE, [24]) models route
inputs to specialized experts, but combine outputs,
whereas program memory methods compose pa-
rameters to form task-adaptive models. Prior ap-
proaches rely on external buffers or modules [12]
and are not tailored for parameter-efficient LLM
adaptation. In contrast, we integrate program mem-
ory directly into LoRA, enabling structured storage,
routing, and consolidation within the adapter with-
out external data buffers.

Positioning Relative to Recent Continual-
Learning Methods. Recent parameter-efficient
CL methods such as InfLoRA [15], LB-CL [21],
and MoRAM [17] mitigate interference using
task-dependent low-rank subspaces or memory
components. Unlike ProCL, however, their re-
tained components depend on accumulated task his-
tory. ProCL instead targets a fixed-capacity, static-
adapter setting: it maintains a fixed number of pro-
gram slots during training and consolidates them
into a single LoRA adapter for inference, without
retaining an expanding collection of task-specific
components or a retrieval mechanism. These meth-
ods are therefore complementary but operate under
different memory and deployment assumptions.

3 Background

LoRA-Based Fine-tuning. LoRA (Low-Rank
Adaptation) enhances LLMs by introducing low-
rank matrices to parameter updates during fine-
tuning. Given a pre-trained weight matrix W0 ∈
RD1×D2 , LoRA decomposes the weight update
∆W into two smaller matrices A ∈ RD1×R and

B ∈ RD2×R, where R ≪ min{D1, D2}. The
update is expressed as:

∆W = AB⊤ (1)

This reduces the number of trainable parameters
from D1 ·D2 to D1 ·R+D2 ·R, enabling efficient
adaptation to new tasks with significantly lower
computational cost than full fine-tuning. In prac-
tice, the adapted linear transformation is applied as
y = x(W0 + ∆W )⊤. Note that the factorization
∆W = AB⊤ is equivalent to the commonly used
form BA up to transposition conventions, and does
not affect the forward computation. In our method,
we operate on a generic low-rank factor (e.g., A or
B⊤), which we denote as W for simplicity, without
loss of generality.

Continual Learning with LoRA. Formally, in
the general continual learning setting, consider a
sequence of tasks T1, . . . , Tt with corresponding
datasets D1, . . . ,Dt. The model is presented with
the task datasets sequentially, one at a time. The
standard objective is to learn a model that performs
well across all seen tasks. At task t, the objective
can be expressed as:

min
θ1,...,θt

1

t

t∑

i=1

L(θi,Di), (2)

where θi denotes the model parameters after
learning task Ti, and L is the task-specific loss.

In the context of LoRA-based fine-tuning, the
model parameters θi at task i are decomposed into
a fixed pre-trained weight W0 and low-rank adap-
tation matrices Ai, Bi for each task. The continual
learning objective then becomes:

min
A1,B1,...,At,Bt

1

t

t∑

i=1

L
(
W0 +AiB

⊤
i ,Di

)
, (3)

Here, the goal is to find low-rank matrices Ai

and Bi that allow the model to efficiently adapt
to each new task while preserving performance
on all previously learned tasks, naturally reflecting
the stability–plasticity trade-off central to continual
learning. For example, a simple method (Sequen-
tial LoRA) shares the same adapters across tasks,
i.e., they are initialized from the previously learned
matrices: Ai ← Ai−1 and Bi ← Bi−1, to better
accumulate knowledge from past tasks.
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4 Method

We propose ProCL, a Program Memory frame-
work for LoRA inspired by Complementary
Learning Systems. ProCL addresses catastrophic
forgetting in continual fine-tuning by replacing a
single monolithic LoRA adapter with a library of
small specialist weight matrices, termed programs.
The input is compressed into a summary vector and
passed through a lightweight encoder to produce
task queries, which are compared against learnable
program keys via multi-head attention to produce
soft routing weights. These weights determine how
programs are combined to form the final adapter.
As training progresses, different tasks activate dif-
ferent programs, reducing gradient interaction; we
show formally that such interaction is bounded and
approaches zero as routing specialization sharpens.
The final adapter combines a frozen copy of the
original adapter with the dynamically routed pro-
gram blend, preventing overwriting of prior knowl-
edge. Analogous to biological memory consoli-
dation, a moving average step folds the executed
adapter back into the persistent weight, gradually
integrating new knowledge into a stable representa-
tion. The process is depicted in Fig. 2.

4.1 Program Memory as Structured
Low-Rank Adapters

Consider a low-rank adapter weight:

W ∈ RR×D, (4)

where R is the LoRA rank and D the other dimen-
sion. Instead of treating W as a monolithic matrix,
we partition it into N programs:

W =
[
W (1); . . . ;W (N)

]
, (5)

where W (n) ∈ Rr×D, r = R/N . Here, n =
1, . . . , N with N as a hyperparameter that divides
R. Each program W (n) serves as a memory slot
that stores data-relevant adaptations. We use the
terms program and memory slot interchangeably
throughout the paper. Importantly, the adapter
weight W remains the only persistent parameter
saved by LoRA frameworks. Program memory
is not a separate parameter set; it is an execution-
time abstraction over the same adapter tensor W ,
ensuring full compatibility with existing LoRA im-
plementations.

4.2 Input-Conditioned Program Selection

During training for a task, given a training sample:
x ∈ RT×D, where T and D are the number of to-
kens and embedding size, respectively, we compute
an input representation via mean pooling:

z =
1

T

T∑

t=1

xt. (6)

A lightweight task encoder produces task
queries:

Q = fenc(z) ∈ RN×kd . (7)

We use the task queries to perform attention over
the programs. Attending to slot-based memory re-
sembles the episodic retrieval mechanism in CLS
[27]. Since each attention operation selects a pro-
gram W (n) ∈ Rr×D, we employ R/r = N paral-
lel attention heads to retrieve N programs, which
are then concatenated to form the executed adapter.
Each head h ∈ [1, N ] maintains a set of learnable
key vectors Kh = {K1

h, . . . ,K
N
h } ∈ RN×kd as-

sociated with the set of programs in Eq. 5. The
attention weights for head h over memory slots are
computed as:

αh = Softmax
(
Q[h]K⊤

h

)
, (8)

where αh ∈ RN . To improve stability during train-
ing, we aggregate attention across the batch:

ᾱh =
1

B

B∑

b=1

α
(b)
h . (9)

This yields a batch-level routing distribution that
remains input-adaptive across batches while reduc-
ing variance from per-sample fluctuations. Since
batches in continual fine-tuning predominantly con-
tain samples from the same task, this aggregation
preserves task-conditioned routing behavior where
different tasks still activate different programs. The
effective program for head h is obtained via a soft
composition over memory slots:

Ŵh =
N∑

n=1

ᾱh,n · σ(sn) ·W (n), (10)

where sn is a learnable scaling parameter and σ(·)
ensures stable gating. We emphasize that this op-
eration performs a soft selection over programs,
allowing multiple memory slots to contribute to
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Figure 2: Overview of ProCL. Given an input x, the model queries relevant parameter slots in the Program Memory
W . Through attention, selected programs are composed into an input-conditioned weight Ŵ (x), which is combined
with the base weight for execution to produce the output y. The resulting execution weight is then distilled back into
the memory via consolidation. This process is conceptually inspired by Complementary Learning Systems (CLS).

the composed adapter. Then, all head-specific pro-
grams are row-stacked:

Ŵ =
[
Ŵ1; . . . ; ŴN

]
. (11)

Theoretically, our proposed mechanism reduces
cross-task gradient interaction by routing gradient
updates through input-conditioned programs. The
theoretical result is summarized below:
Remark 1: Program Routing Bounds Cross-
Task Gradient Interaction. Let J(t, t′) :=
|⟨Gt, Gt′⟩F | denote the magnitude of cross-
task gradient interaction. ProCL satisfies
JProCL(t, t

′) ≤ (maxh βh)S(t, t
′), where βh ∈

[0, 1] is the routing-induced gating coefficient
and S(t, t′) :=

∑
h |⟨g̃h,t, g̃h,t′⟩F |. Under rout-

ing specialization (A1), maxh βh → 0 as task-
specific routing distributions become disjoint, driv-
ing JProCL(t, t

′)→ 0.

Proof. See Appendix A.1.

4.3 Stable–Adaptive Weight Composition and
Consolidation

The composed programs are aggregated with the
original adapter to form the executing adapter:

Wexec = γWorig + Ŵ (x), (12)

where Worig denotes the initial LoRA adapter
weight before task-specific training, Ŵ (x) is the
program-composed weight produced by the input-
conditioned routing mechanism (Eq. 11), and γ
is a learnable scaling parameter controlling the
contribution of the original adapter. γ is initial-
ized per-layer as γ0 = σ(− log RMS(W )), where

RMS(W ) denotes the root-mean-square of the
layer weights. This norm-adaptive scheme assigns
smaller γ to large-norm layers and larger γ to small-
norm layers, balancing their contributions, con-
strained to (0, 1) via the sigmoid function σ. The
executing adapter Wexec is used in the same man-
ner as standard LoRA to produce the output y. In
this formulation, Worig acts as a frozen stability
anchor that preserves previously acquired knowl-
edge, while Ŵ provides fast, input-specific adap-
tation through the selected programs. The mixing
coefficient γ controls this stability–plasticity trade-
off, with smaller values emphasizing adaptation
and larger values emphasizing retention. During
training, gradients flow only through the program-
composed adapter Ŵ , while Worig remains fixed.
This allows ProCL to learn localized updates rela-
tive to a stable baseline, reducing destructive inter-
ference with prior knowledge. However, dynamic
execution alone introduces routing overhead and
does not permanently store newly acquired knowl-
edge. We therefore introduce a consolidation step:

W ← (1− λ)W + λWexec, (13)

where λ ∈ [0, 1] controls the consolidation rate.
This update compresses input-conditioned program
compositions into the persistent weight W . Specifi-
cally, Wexec = γWorig + Ŵ (x) captures fast, input-
dependent adaptations, while W accumulates their
average effect over time. This mirrors CLS the-
ory: routing enables rapid, context-specific updates
(fast memory), and consolidation distills them into
a stable parametric representation (slow memory).
As a result, W evolves via both gradient updates
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and consolidation, acting as a compact summary of
program-memory-based learning.

Parameter Scope: At the beginning of each
continual round, the routing-only parameters
(fenc,Kh, sn, γ) are reinitialized and trained only
to guide consolidation; they are discarded after
each round, while only the consolidated adapter W
is carried forward and used at inference.
Remark 2: Consolidation Approximates the Ex-
pected Executing Adapter. Let ∆(x) := Ŵ (x)
denote the routed program composition, and define

W ∗ := γWorig + Ex∼D[∆(x)].

Under late-training stationarity of the routing map
and bounded ∆(x), the consolidation update drives
W toward W ∗ in expectation within each task.

Proof. See Appendix A.2.

Efficient Inference. At inference time, we dis-
card the routing mechanism and directly use the
consolidated adapter W (i.e., Wexec = W ). The
consolidation step integrates the executing adapters
encountered during training into a single persistent
parameter, allowing W to approximate the average
effect of input-conditioned program composition
(Remark 2). This eliminates the need for program
selection and storage for Worig at test time, while
preserving the benefits of program-based learning.

5 Experimental Results

5.1 Experimental Setup
Benchmarks. The benchmark consists of two
continual learning settings. First, we construct a
question answering (QA) setting with three QA
datasets (BoolQ→SQuAD→AdversarialQA) pre-
sented sequentially, each sampled to 5,000 training
and 1,000 test examples. They are ordered to max-
imize the distribution shift, increasing difficulty.
Since each task requires the model to generate an
answer string matched against a ground-truth re-
sponse, we report the mean per-CL-round accuracy,
averaged first across tasks within each continual
learning round and then across all rounds. Second,
following [6], we adopt a text classification (TC)
setting with three curricula of increasing length: 3-
task, 4-task, and 15-task. For this setting, we report
Average Accuracy (AA), the mean classification
accuracy across tasks per continual learning round
averaged over all rounds, and ROUGE-1 (R-1), the
unigram F1 overlap between model outputs and
ground-truth labels, computed in the same manner.

Baselines. We evaluate ProCL against modern
LoRA CL baselines with: Sequential LoRA (Seq-
LoRA), which initializes adapters from the previ-
ously learned matrices; O-LoRA [26], which en-
forces orthogonality between task adapters; and
DEAL [6], the current state-of-the-art continual
learning method for LoRA. In QA tasks, we also in-
clude classical continual learning methods adapted
to LoRA parameters, including EWC [11] and Re-
play [23]. For TC tasks, prior work has shown
that modern CL methods consistently outperform
classical approaches [6]; therefore, we omit the
classical baselines to reduce computational cost.

Implementation details. We experiment with
three LLM families spanning a range of scales:
Llama3 (3B, 8B), Qwen3 (4B, 8B), and Flan-T5
(Base, Large) (see Appendix Table 5). Qwen is
omitted for TC because the codebase does not
support it in this setting. All baselines were
re-run under our unified training and evaluation
pipeline based on DEAL’s official codebase, with
the same LoRA rank and common hyperparam-
eters across methods to ensure fair comparison.
The experiments were conducted on either a sin-
gle NVIDIA V100 GPU with 40GB memory or
a single NVIDIA H100 GPU with 80GB mem-
ory. Results are averaged over 3 runs. Statistical
ties are declared using Cohen’s d < 0.5 (small
effect size). Full implementation details, includ-
ing training configurations, hyperparameters, and
datasets, are provided in Appendix B.1. For ProCL,
if not stated otherwise, the default hyperparam-
eters are N = 4, kd = 16, and λ = 0.9 (see
Sec. 5.4). Source code will be available at https:
//github.com/thaihungle/ProCL.git.

5.2 Benchmarking Results

QA Benchmarks. Table 1 demonstrates that
ProCL achieves the best overall performance with
an average accuracy of 69.1, outperforming all
baselines by a clear margin (e.g., +2.9 over DEAL
and +7.9 over Seq-LoRA). While DEAL is com-
petitive on some larger models, its performance
is inconsistent across architectures. In contrast,
ProCL delivers stable gains across all models, with
particularly strong improvements in more challeng-
ing settings such as Qwen3-4B. These results high-
light the robustness and effectiveness of ProCL in
balancing stability and plasticity.

Text Classification Benchmarks. Table 2
shows that ProCL consistently achieves the best or
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LLM Seq-LoRA EWC Replay O-LoRA DEAL ProCL

Llama-3.2-3B 67.7 ± 0.9 68.1 ± 1.2 67.6 ± 1.1 68.1 ± 0.3 66.4 ± 1.6 69.8 ± 0.6
Llama-3.1-8B 64.5 ± 1.4 65.3 ± 1.1 62.8 ± 1.3 72.4 ± 0.4 72.1 ± 2.1 73.2 ± 0.9

Qwen3-4B 52.5 ± 1.9 54.5 ± 0.6 54.8 ± 1.9 56.6 ± 0.2 68.2 ± 0.7 72.5 ± 0.2
Qwen3-8B 59.1 ± 1.7 58.7 ± 0.8 58.8 ± 1.5 58.6 ± 1.2 72.9 ± 1.5 72.8 ± 2.4

Flan-T5-Base 61.3 ± 2.2 60.9 ± 1.1 60.6 ± 1.3 54.2 ± 0.7 61.4 ± 1.9 62.8 ± 1.0
Flan-T5-Large 62.0 ± 1.7 62.6 ± 0.9 62.8 ± 1.2 61.6 ± 1.0 55.9 ± 8.7 63.4 ± 1.7

Average 61.2 ± 1.6 61.7 ± 1.0 61.2 ± 1.4 61.9 ± 1.6 66.2 ± 2.8 69.1 ± 1.1

Table 1: Final average accuracy across continual learning rounds on QA benchmarks. Bold denotes the best method,
or those within a small effect size of it (Cohen’s d < 0.5).

Method LLM 3-Task (TC) 4-Task (Standard) 15-Task (Large) Avg
(AA)AA R-1 AA R-1 AA R-1

Seq-LoRA
LLaMA-3.1

8B

60.8 ± 0.2 62.1 ± 0.5 55.3 ± 0.3 57.0 ± 0.6 49.6 ± 0.2 52.4 ± 0.4 55.2 ± 0.3
O-LoRA 59.7 ± 0.5 61.0 ± 0.3 53.4 ± 0.4 55.2 ± 0.7 48.9 ± 0.2 52.8 ± 0.5 54.0 ± 0.4
DEAL 61.5 ± 0.3 62.9 ± 0.6 56.4 ± 0.2 58.2 ± 0.4 50.8 ± 0.5 52.6 ± 0.3 56.2 ± 0.3
ProCL 62.6 ± 0.2 62.5 ± 0.7 57.9 ± 0.3 59.6 ± 0.5 52.1 ± 0.1 53.7 ± 0.4 57.5 ± 0.2

Seq-LoRA
LLaMA-3.2

3B

56.1 ± 0.6 57.8 ± 0.4 50.4 ± 0.2 52.9 ± 0.5 45.2 ± 0.3 48.0 ± 0.6 50.6 ± 0.3
O-LoRA 54.8 ± 0.5 56.5 ± 0.3 48.3 ± 0.4 50.6 ± 0.2 44.1 ± 0.7 48.5 ± 0.4 49.1 ± 0.5
DEAL 56.9 ± 0.2 58.6 ± 0.5 51.3 ± 0.6 53.8 ± 0.3 46.0 ± 0.1 48.2 ± 0.6 51.4 ± 0.2
ProCL 58.0 ± 0.3 58.2 ± 0.6 52.9 ± 0.2 55.1 ± 0.5 47.3 ± 0.3 49.4 ± 0.4 52.7 ± 0.2

Seq-LoRA
Flan-T5
Large

86.4 ± 0.2 88.1 ± 0.3 77.2 ± 0.7 81.2 ± 0.4 72.6 ± 0.2 77.8 ± 0.6 78.7 ± 0.3
O-LoRA 85.0 ± 0.6 86.9 ± 0.5 71.0 ± 0.7 73.1 ± 0.6 70.6 ± 0.4 80.1 ± 0.5 75.5 ± 0.6
DEAL 87.5 ± 0.2 89.2 ± 0.4 78.3 ± 0.5 82.3 ± 0.3 73.7 ± 0.1 78.9 ± 0.5 79.8 ± 0.2
ProCL 88.3 ± 0.3 88.9 ± 0.6 81.0 ± 0.4 85.7 ± 0.5 74.6 ± 0.2 80.0 ± 0.4 81.3 ± 0.3

Seq-LoRA
Flan-T5

Base

75.7 ± 0.3 77.5 ± 0.5 66.8 ± 0.6 76.3 ± 0.4 55.6 ± 0.2 63.0 ± 0.3 66.0 ± 0.4
O-LoRA 75.8 ± 0.5 77.6 ± 0.2 66.4 ± 0.3 76.0 ± 0.6 53.4 ± 0.4 62.0 ± 0.2 65.2 ± 0.3
DEAL 77.0 ± 0.2 78.7 ± 0.6 67.2 ± 0.3 76.8 ± 0.2 56.2 ± 0.5 63.4 ± 0.3 66.8 ± 0.3
ProCL 78.1 ± 0.4 79.8 ± 0.5 68.2 ± 0.3 77.8 ± 0.2 57.3 ± 0.6 64.4 ± 0.4 67.9 ± 0.4

Table 2: Final average accuracy across continual learning rounds on text classification. Results are reported as mean
± standard deviation over 3 runs. Avg (AA) denotes the mean accuracy across the three curricula. Bold denotes the
best method, or all methods within a small effect size of it (Cohen’s d < 0.5).

second-best results across curricula, model scales,
and both AA and R-1 metrics. Its advantage is
more evident on longer task sequences: on the
15-task curriculum, ProCL improves AA over the
strongest baseline, DEAL, by approximately 0.9–
1.3% across models. The gains are also clear in the
4-task setting, where ProCL outperforms DEAL by
2.7% on Flan-T5-Large (81.0 vs. 78.3) and 1.0% on
Flan-T5-Base (68.2 vs. 67.2). Even in the shorter
3-task setting, ProCL maintains a consistent ad-
vantage, suggesting stronger early-stage retention.
Across architectures, Flan-T5 generally achieves
higher absolute accuracy than LLaMA, likely be-
cause its encoder-decoder design is better aligned
with classification-style objectives; nevertheless,
ProCL remains effective on both families.

5.3 Ablation Study

In Table 3, we analyze the contribution of each
component of ProCL across multiple backbone
models on the QA benchmark. Removing the
original adapter weight Worig leads to substan-
tial performance degradation on LLaMA-3.2-3B
(69.8 → 65.9) and Qwen3-4B (72.5 → 67.1),
highlighting the importance of maintaining a stable
reference representation during continual adapta-
tion. On Flan-T5-Base, disabling consolidation
causes the largest drop (62.8 → 60.1), indicating
that transferring the dynamically composed exe-
cution weights into a persistent adapter is particu-
larly important for encoder–decoder architectures.
Removing slot scaling consistently hurts perfor-
mance across all three backbones, suggesting that
slot-wise modulation is important for flexible pro-
gram composition. Replacing learned routing with
random or uniform routing also consistently de-
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Configuration LLaMA3-3B Qwen3-4B T5-Base

w/o Worig 65.9 ± 0.3 67.1 ± 0.4 61.6 ± 0.8
w/o Cons. 68.2 ± 1.0 69.4 ± 0.8 60.1 ± 1.3
w/o Scaling sn 64.8 ± 0.7 67.5 ± 0.6 60.6 ± 1.0
Random α 67.5 ± 1.4 68.6 ± 1.2 61.8 ± 1.2
Uniform α 69.0 ± 1.6 70.1 ± 1.3 60.4 ± 0.9
Full 69.8 ± 0.6 72.5 ± 0.2 62.8 ± 1.0

Table 3: ProCL ablation on the QA benchmark across
different backbone models.

grades performance across models, confirming that
input-conditioned program selection is essential for
reducing interference and improving retention.

5.4 Model Analysis

Hyperparameter Sensitivity. Appendix Figure 3
(left) reports the sensitivity of ProCL to the number
of programs (N ), key dimension (kd), and con-
solidation strength (λ) on the QA benchmark us-
ing LLaMA-3.2-3B. The default setting, N = 4,
kd = 16, and λ = 0.9, achieves the best per-
formance of 69.78 ± 0.60. Performance drops
with either too few or too many programs (e.g.,
62.87 ± 3.18 for N = 1 and 66.29 ± 1.70 for
N = 16), while kd = 16 provides the best bal-
ance of expressiveness and stability. ProCL is also
relatively robust to λ, although full replacement up-
dates (λ = 1) reduce performance to 67.09± 0.84.
On the Forgetting Issues. We measure forget-
ting on BoolQ as the average accuracy drop after
subsequent tasks: 1

2

[
(Acc(BoolQ | round 1) −

Acc(BoolQ | round 2)) + (Acc(BoolQ |
round 1)−Acc(BoolQ | round 3))

]
. As shown in

Fig. 1, existing CL methods exhibit substantial and
variable forgetting (e.g., DEAL reaches 45.97 on
Flan-T5-Large, while Seq-LoRA and O-LoRA of-
ten exceed 20 points on Qwen models). In contrast,
ProCL achieves the lowest or near-lowest forget-
ting across models, including 4.63 on Flan-T5-Base
and below 10 on Qwen3-4B/8B, demonstrating a
stronger balance between retention and adaptation.
Routing Behavior. We analyze ProCL’s training-
stage routing on FLAN-T5-base using N = 4,
kd = 16, and λ = 0.9, with fixed sets of
1,000 SQuAD and AdversarialQA samples. Defin-
ing slot mass as the average routing probabil-
ity of each slot, we observe no collapse under
maxnmassn ≥ 0.9, and all four slots remain ac-
tive under massn ≥ 0.05. For 1,000 randomly
sampled SQuAD–AdversarialQA pairs evaluated
at the same ProCL module, the mean, median, and

Dataset Slot 0 Slot 1 Slot 2 Slot 3

SQuAD 0.252 0.271 0.252 0.226
AdversarialQA 0.215 0.296 0.226 0.262

SQuAD 0.252 0.271 0.252 0.226
AdversarialQA 0.213 0.298 0.233 0.257

SQuAD 0.256 0.269 0.242 0.232
AdversarialQA 0.215 0.296 0.226 0.262

SQuAD 0.312 0.198 0.262 0.228
AdversarialQA 0.340 0.225 0.241 0.194

SQuAD 0.251 0.272 0.246 0.232
AdversarialQA 0.215 0.296 0.226 0.262

Table 4: Representative routing distributions over four
program slots for paired SQuAD and AdversarialQA
samples evaluated at the same ProCL modules.

maximum ℓ1 distances between routing vectors α
are 0.0903, 0.0875, and 0.1240, respectively.

Table 4 further shows sample- and dataset-
dependent routing shifts: AdversarialQA often
places more mass on slots 1 and 3, whereas SQuAD
tends to allocate more mass to slots 0 and 2. These
results indicate non-collapsed, input-conditioned
routing with emerging task-dependent structure.
Sensitivity to Batch Composition. We also test
whether mixed-task batches destabilize routing ag-
gregation. Appendix Table 7 compares homoge-
neous SQuAD and AdversarialQA batches with
mixed batches using within-batch pairwise ℓ1 dis-
tance and distance to the batch mean.

Mixed batches only slightly increase routing dis-
persion, from 0.00121–0.00140 to 0.00147 in pair-
wise distance and to 0.00098 in distance to the
batch mean, suggesting that batch-level routing re-
mains stable under heterogeneous composition.
Efficiency. Appendix Fig. 3 (right) compares
ProCL with DEAL across multiple LLM back-
bones on a single GPU, averaging over sequence
lengths (128, 512) and batch sizes (4, 16) using
800 samples per model. ProCL is approximately
1.7–2.0× faster during training and 6–8× faster at
inference, where routing is removed after consoli-
dation. We further isolate ProCL’s overhead rela-
tive to Seq-LoRA on FLAN-T5-base in Appendix
Table 8.

Relative to Seq-LoRA, ProCL incurs additional
training computation but little memory or deploy-
ment overhead. Peak memory increases by only
22.5 MB (0.29%), routing adds 983,016 parame-
ters (0.39% of the backbone), and consolidation
requires 2.29 ms across 72 modules (0.77% of one
ProCL training step). After consolidation, infer-
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ence latency is essentially unchanged (65.94 ms
versus 65.78 ms).

6 Conclusion

We proposed ProCL, a memory-structured con-
tinual LoRA framework that organizes adaptation
through program memory and consolidation. By
enabling input-conditioned adapter composition
during training and a compact static adapter at infer-
ence, ProCL achieves a favorable balance between
plasticity and stability without additional deploy-
ment cost. Across diverse LLM backbones and
tasks, our method consistently reduces catastrophic
forgetting and improves retention over existing con-
tinual LoRA approaches. These results suggest that
structuring the low-rank space with program-level
memory is a promising direction for scalable con-
tinual adaptation of LLMs.

Limitations

ProCL has two key limitations. First, its effective-
ness relies on the emergence of routing special-
ization. When tasks are highly similar or share
overlapping features, routing may concentrate on a
few programs, reducing separation and limiting its
ability to mitigate interference. Although our task
sequences follow prior continual-learning protocols
for controlled comparison, we do not exhaustively
evaluate all task orders, degrees of task similarity,
or broader domain shifts. Future work could there-
fore study routing robustness under more diverse
task orders and encourage program diversity, e.g.,
through entropy regularization.

Second, ProCL assumes a fixed set of programs.
As the number or diversity of tasks grows, this
fixed capacity may become a bottleneck, forcing
unrelated tasks to share programs and potentially
degrading long-term retention. Our current experi-
ments also do not cover substantially longer hetero-
geneous streams. Extending ProCL with dynamic
program expansion or pruning, together with eval-
uation on longer and more diverse task sequences,
is an important direction for future work.

Use of AI Assistants

We used AI-based writing assistants to improve the
grammar, clarity, and phrasing of the manuscript.

Ethical Consideration

ProCL improves continual fine-tuning by reduc-
ing catastrophic forgetting, which can enhance the

efficiency and adaptability of deployed language
models in evolving environments. This may benefit
applications requiring incremental updates, such
as personalized assistants or domain adaptation,
by reducing retraining costs and improving knowl-
edge retention. However, improved retention may
also preserve outdated or biased information if not
carefully managed. Additionally, more efficient
continual learning could lower the barrier to de-
ploying large models, potentially amplifying mis-
use. Future work should consider mechanisms for
controlled forgetting, bias mitigation, and responsi-
ble deployment.
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Appendix

A Theoretical Results

For notational simplicity, we describe the theoreti-
cal properties of our program memory framework
in terms of a general weight matrix W . In prac-
tice, W corresponds to the adapter weights, which
are combined with the pretrained LLM weights to
produce the final output. We omit this detail for
brevity, as it does not affect the nature of the theo-
retical analysis. We also assume γ = 1 for notation
simplicity (the result extends trivially by absorbing
γ into Worig), without affecting the validity of the
proof.

A.1 Program Routing Reduces Cross-Task
Interaction

Setup and Assumptions

Consider a continual learning sequence of tasks
{1, . . . , T}. For each task t, let xt ∈ RB×D be
the batched input, y∗t the target, and Lt the task
loss. Recall that Ŵ = [Ŵ1; . . . ; ŴN ] is formed
by concatenating N head outputs, where head h
produces:

Ŵh =
N∑

n=1

ᾱh,n σ(sn)W
(n) (14)

where Ŵh ∈ Rr×D, r = R/N and
ᾱh,n = 1

B

∑B
b=1 Softmax(Q[h]K⊤

h )b,n is the
batch-averaged attention weight of head h over
program n. The executing weight is Wexec =
Worig + Ŵ , with Worig frozen throughout training.

For simplicity, the output is y = xW⊤
exec, so the

gradient of the loss with respect to Wexec is:

∂Lt
∂Wexec

= (xtW
⊤
exec − y∗t )

⊤xt (15)

Since Worig is frozen, we define the residual tar-
get:

rt ≜ y∗t − xtW
⊤
orig (16)

which isolates the novel task signal not yet ex-
plained by prior knowledge in Worig. The gradient
then simplifies to:

∂Lt
∂Wexec

= (xtŴ
⊤ − rt)

⊤xt (17)

Since W (n) ∈ Rr×D contributes to every head
h via ᾱh,n, and Ŵh occupies the h-th row block

of Ŵ , the gradient with respect to program W (n)

accumulates across all heads:

∂Lt
∂W (n)

=
N∑

h=1

∂Lt
∂Ŵh

· ∂Ŵh

∂W (n)

= σ(sn)
N∑

h=1

ᾱh,n ·
[
(xtŴ

⊤ − rt)
⊤xt

]
h

(18)
where [·]h denotes the h-th row block of size r×D.
Program n thus receives a head-weighted aggrega-
tion of gradient signals, gated jointly by σ(sn) and
the per-head routing weights {ᾱh,n}Nh=1.

We analyze ProCL that optimizes programs
{W (n)} via Eq. (18), where Worig anchors gradi-
ents to the residual rt, and {ᾱh,n} selectively gates
updates per program per head. We make the fol-
lowing assumption:

A1. (Routing specialization) As training pro-
ceeds, attention sharpens so each task t con-
centrates routing mass on a subset St ⊆
{1, . . . , N}, with St ∩ St′ → ∅ for tasks with
distinct input statistics.

Proposition A.1 (Program Routing Bounds Cross–
Task Gradient Interaction). Let J (t, t′) denote the
cross-task gradient interaction magnitude between
tasks t and t′ < t:

J (t, t′) ≜
∣∣∣∣
〈

∂Lt
∂Wexec

,
∂Lt′

∂Wexec

〉

F

∣∣∣∣ ≥ 0, (19)

and let S(t, t′) ≜
∑

h |⟨g̃h,t, g̃h,t′⟩F | aggregate
per-head interaction magnitudes. Then ProCL sat-
isfies

JProCL(t, t
′) ≤

(
max
h

βh
)
S(t, t′). (20)

Under Assumption A1, maxh βh → 0 as rout-
ing specialization increases, and consequently
JProCL(t, t

′)→ 0.

Proof. Let Gt = ∂Lt
∂Wexec

denote the effec-
tive adapter gradient of task t. Since Ŵ =
[Ŵ1, . . . , ŴN ] is formed by concatenating the out-
puts of N heads along the row dimension, the gradi-
ent naturally decomposes into disjoint row blocks.
Let g̃h,t denote the gradient block corresponding to
head h, embedded in the full R×D space. Because
different heads occupy non-overlapping row blocks,
their supports are disjoint, and thus for h ̸= h′,

⟨g̃h,t, g̃h′,t′⟩F = 0.

22187



Therefore, the full inner product decomposes as

⟨Gt, Gt′⟩F =
∑

h

⟨g̃h,t, g̃h,t′⟩F .

Under ProCL, gradients are routed through pro-
grams as in Eq. 18, yielding

⟨Gt, Gt′⟩ProCL
F =

∑

h

βh⟨g̃h,t, g̃h,t′⟩F ,

where

βh =
∑

n

σ(sn,t)σ(sn,t′)ᾱh,n,tᾱh,n,t′ .

Here, because sn is a task-specific parameter
(Sec. 4.3), we write sn,t to denote the value learned
during task t. We first bound βh. Define

un = σ(sn,t)ᾱh,n,t, vn = σ(sn,t′)ᾱh,n,t′ .

Then βh =
∑

n unvn. By the Cauchy–Schwarz
inequality,

βh ≤ ∥u∥2∥v∥2.
Since 0 < σ(·) < 1 and routing weights form a

probability distribution,
∑

n

ᾱh,n,t = 1, 0 ≤ ᾱh,n,t ≤ 1,

we obtain

∥u∥22 =
∑

n

σ(sn,t)
2ᾱ2

h,n,t

≤
∑

n

ᾱ2
h,n,t

≤
∑

n

ᾱh,n,t

= 1.

(21)

Thus ∥u∥2 ≤ 1 and similarly ∥v∥2 ≤ 1, implying

0 ≤ βh ≤ 1.

Applying the triangle inequality to the routed
inner-product decomposition,

JProCL(t, t
′) =

∣∣∣
∑

h

βh⟨g̃h,t, g̃h,t′⟩F
∣∣∣

≤
∑

h

βh
∣∣⟨g̃h,t, g̃h,t′⟩F

∣∣.
(22)

Bounding each βh by maxh′ βh′ ,

JProCL(t, t
′) ≤

(
max
h

βh
)∑

h

∣∣⟨g̃h,t, g̃h,t′⟩F
∣∣

=
(
max
h

βh
)
S(t, t′).

(23)

Finally, under Assumption A1 (routing special-
ization), for each task t and head h, the rout-
ing distribution ᾱh,·,t concentrates on a subset
St ⊆ {1, . . . , N} such that

∑

n∈St

ᾱh,n,t → 1,
∑

n/∈St

ᾱh,n,t → 0,

and for tasks with distinct input statistics, these
subsets become asymptotically disjoint, i.e.,

St ∩ St′ = ∅.

Since 0 < σ(·) ≤ 1, we upper bound

βh ≤
∑

n

ᾱh,n,tᾱh,n,t′ = ⟨ᾱh,·,t, ᾱh,·,t′⟩.

We now show that this inner product vanishes.
Decompose over St:

∑

n

ᾱh,n,tᾱh,n,t′ =
∑

n∈St

ᾱh,n,tᾱh,n,t′+

∑

n/∈St

ᾱh,n,tᾱh,n,t′ . (24)

For the first term, since St ∩ St′ = ∅, all indices
in St lie outside St′ , and thus

∑

n∈St

ᾱh,n,tᾱh,n,t′ ≤
( ∑

n∈St

ᾱh,n,t

)
·max
n∈St

ᾱh,n,t′

→ 0,
(25)

since ᾱh,n,t′ → 0 for n /∈ St′ .
For the second term,

∑

n/∈St

ᾱh,n,tᾱh,n,t′ ≤
∑

n/∈St

ᾱh,n,t → 0.

Combining both bounds yields

∑

n

ᾱh,n,tᾱh,n,t′ → 0,

and hence βh → 0 for every h.

(26)

Therefore maxh βh → 0. Since S(t, t′) is a finite
sum of finite-dimensional gradient inner products,
the bound JProCL(t, t

′) ≤ (maxh βh)S(t, t′) gives

JProCL(t, t
′)→ 0.
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A.2 Theoretical Justification of Consolidation
and Efficient Inference

We formalize the consolidation mechanism within
a single task, under a late-training regime where
the program memory and routing behavior are ap-
proximately stable. The adapter is structured as

W = [W (1); . . . ;W (N)],

and the routed program composition is

∆(x) := Ŵ (x) =

N∑

n=1

αn(x)σ(sn)W
(n), (27)

where αn(x) are routing weights with∑
n αn(x) = 1. The executing adapter is

Wexec(x) = γWorig +∆(x),

and consolidation updates

W (t+1) = (1−λ)W (t)+λWexec(xt), xt ∼ D,

where λ ∈ (0, 1) is the consolidation rate.

Setup and Assumptions. Within the analysis
window, we make the following assumptions:

A2. (Late-training stationarity) The map x 7→
∆(x) is approximately stationary: the slot
drift induced by consolidation is small rel-
ative to the routing-induced averaging over
the analysis window. We treat ∆(x) as a fixed
function of x for the purposes of the recursion
analysis.

A3. (Sampling) The samples xt ∼ D are
drawn i.i.d., so that E[∆(xt) | W (t)] =
Ex∼D[∆(x)].

A4. (Boundedness) E∥∆(x)∥F < ∞, ensuring
W ∗ is well-defined and E[∆(x)] exists as a
finite matrix.

Scope. Algorithm 1 resets Worig ← W at
task boundaries. Proposition A.2 therefore applies
within a single task, where Worig and γ are held
fixed. Across tasks, the recursion restarts from a
new anchor.

Proposition A.2 (Consolidation Approximates Ex-
pected Routed Adapter). Define

W ∗ := γWorig + Ex∼D[∆(x)].

Under Assumptions A2–A4, E[W (t)] → W ∗ as
t→∞.

Proof. Under A2, ∆(x) is a linear combination of
fixed program slots:

∆(x) =

N∑

n=1

αn(x)σ(sn)W
(n).

By linearity of expectation, justified by A4,

E[∆(x)] =
N∑

n=1

E[αn(x)]σ(sn)W
(n).

Define E(t) := W (t) −W ∗. From the consoli-
dation update,

E(t+1) = (1− λ)W (t) + λ
(
γWorig +∆(xt)

)

−W ∗

= (1− λ)W (t) − (1− λ)γWorig

+ λ∆(xt)− E[∆(x)]

= (1− λ)
(
W (t) − γWorig − E[∆(x)]

)

+ λ
(
∆(xt)− E[∆(x)]

)

= (1− λ)E(t) + λξt,

where ξt := ∆(xt)− E[∆(x)].
Under A3, E[ξt | W (t)] = 0. Taking expecta-

tion,

E[E(t+1)] = (1− λ)E[E(t)].

Unrolling the recursion gives

E[E(t)] = (1− λ)tE(0) → 0 as t→∞,

since λ ∈ (0, 1) implies |1 − λ| < 1. Therefore
E[W (t)]→W ∗.

Remark on the late-training regime. Proposi-
tion A.2 is a within-task, late-training result, ap-
plying once the program memory and routing are
approximately stable — a condition that is natural
as training converges. Under this regime, consol-
idation performs online stochastic approximation
of W ∗, with each program slot W (n) contributing
proportionally to its expected routing frequency
E[αn(x)] and scaling factor σ(sn): frequently ac-
tivated and highly scaled programs dominate the
consolidated adapter. Outside this regime, the tar-
get W ∗

t becomes time-varying; consolidation then
tracks a slowly drifting mean, with λ governing the
trade-off between tracking speed and variance.
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Algorithm 1 ProCL Training

Require: Continual datasets {D1, . . . ,DT }, initial LoRA adapter W ∈ RR×D, number of programs N ,
consolidation rate λ

Ensure: Final consolidated adapter W
1: Partition W into programs {W (1), . . . ,W (N)}, where W (n) ∈ Rr×D and r = R/N
2: Worig ←W
3: for task t = 1 to T do
4: for mini-batch (x,y∗) ∼ Dt do
5: for sample b = 1 to B do
6: z(b) ← 1

T

∑T
ℓ=1 x

(b)
ℓ

7: Q(b) ← fenc(z
(b)) ∈ RN×kd

8: end for
9: for head h = 1 to N do

10: for sample b = 1 to B do
11: α

(b)
h ← Softmax

(
Q(b)[h]K⊤

h

)

12: end for
13: ᾱh ← 1

B

∑B
b=1α

(b)
h

14: Ŵh ←
∑N

n=1 ᾱh,nσ(sn)W
(n)

15: end for
16: Ŵ ← [Ŵ1 ∥ · · · ∥ ŴN ]

17: Wexec ← γWorig + Ŵ
18: Compute predictions y using Wexec

19: Compute loss L(y,y∗)
20: Update trainable parameters via backpropagation ▷ Worig is frozen
21: W ← (1− λ)W + λWexec ▷ Consolidation
22: end for
23: Worig ←W ▷ Freeze consolidated adapter for next task
24: end for
25: return W

B Method Details

B.1 Training Configurations and
Hyperparameters

Unless otherwise stated, we use LoRA-based con-
tinual fine-tuning, where the adapter from round
t−1 initializes the adapter in round t. For the QA ex-
periments, we use the following prompt template:

Question: {question}
Context: {context}
Answer:

For text classification (TC) continual experi-
ments, we follow prior work exactly1 (Creative
Commons Attribution-NonCommercial 4.0 Interna-
tional license), using a constant learning rate with
no warmup and sequence-length limits of 512/50
(source/target). For QA tasks, we use the same base

1https://github.com/zzm-black/
DEAL-Continuous-Low-Rank-Fine-Tuning

learning rate and epoch count with task-specific
generation lengths. The default hyperparameters
for all baselines are reported in Table 6. A single
continual learning run typically takes 2–24 hours
on a V100 and 1–10 hours on an H100, depending
on model size and task sequence.

We implemented the experiments in Python us-
ing PyTorch, Hugging Face Transformers, Datasets,
PEFT, and Tokenizers. Tokenization was per-
formed with the corresponding pretrained-model
tokenizer loaded via AutoTokenizer; inputs were
truncated/padded to a maximum source length of
512 and targets/generation to length 50. LoRA
adapters were implemented with PEFT. For
evaluation, we used exact match/accuracy and
ROUGE-1/ROUGE-L, with ROUGE computed us-
ing rouge_score/the repository ROUGE implemen-
tation with stemming enabled where applicable.
Classification F1 metrics were computed using
scikit-learn. Package versions are listed in the re-
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leased repository requirement files.
The paper is written with the support of AI tools

to improve writing and fix grammar.
Datasets. For TC continual learning, we use

up to 15 datasets: yelp, amazon, MNLI, CB, COPA,
QQP, RTE, IMDB, SST-2, dbpedia, agnews, yahoo,
MultiRC, BoolQA, and WiC. For QA continual
learning, we use up to 3 datasets: google/boolq,
squad, and adversarial_qa.
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Model Size Hugging Face Link

LLaMA-3.2 3B https://huggingface.co/meta-llama/Llama-3.2-3B-Instruct
LLaMA-3.1 8B https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
Qwen3 4B https://huggingface.co/Qwen/Qwen3-4B
Qwen3 8B https://huggingface.co/Qwen/Qwen3-8B
Flan-T5 Base https://huggingface.co/google/flan-t5-base
Flan-T5 Large https://huggingface.co/google/flan-t5-large

Table 5: LLM used in our experiments. All models are publicly available on Hugging Face.

Hyperparameter Value

Backbone models Llama-3 / Flan-T5 / Qwen3
PEFT method LoRA (continual adapter initialization)
LoRA rank r 32 (UIE), 16 (QA)
LoRA scaling α 32
LoRA dropout 0.1
Learning rate 1× 10−5

Train batch size (per device) 4 (TC), 16 (QA)
Gradient accumulation steps 2 (TC), 1 (QA)
Number of epochs 1 per task (except for TC’s MNLI: 2)
Input / output length 512 / 50 (TC), QA decoding up to 32 new tokens

Table 6: Core training hyperparameters used across experiments.

Batch composition Pairwise ℓ1 To mean ℓ1

AdversarialQA 0.00121 0.00082
SQuAD 0.00140 0.00096
SQuAD + AdversarialQA 0.00147 0.00098

Table 7: Routing dispersion for homogeneous and
mixed-task batches.

Method Train Peak Mem. Routing Consolid. Inference
(ms/step) (MB) Params. (ms) (ms)

Seq-LoRA 176.41 7675.61 0 0.00 65.78
ProCL 297.21 7698.11 983,016 2.29 65.94

Table 8: Training and inference efficiency on FLAN-
T5-base. Consolidation time is measured across all 72
ProCL modules.
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Figure 3: Left: Hyperparameter sensitivity of ProCL on QA benchmark. Right: Average runtime (ms per iteration)
comparison of ProCL and DEAL across LLMs
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