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Abstract

Enabling Large Language Models (LLMs) to
evolve sustainably requires simultaneously pre-
serving previously acquired knowledge (Past),
effectively acquiring new task-specific skills
(Present), and reserving sufficient parameter
capacity for subsequent adaptation (Future).
However, existing continual learning (CL)
paradigms often prioritize immediate perfor-
mance through dense updates, leading to catas-
trophic forgetting and rapid exhaustion of
model capacity. To harmonize these conflict-
ing demands, we draw inspiration from the
brain’s functional partitioning and propose the
Null-Space Constrained Parameter Region-
Specific Method (PaRSP). PaRSP establishes
a dynamic “Task-Region Mapping” that dis-
tinguishes between specialized neurons and
generalist neurons. By precisely localizing a
sparse “functional core” for each task, PaRSP
restricts updates to specific regions via null-
space orthogonality, preserving the vast ma-
jority of the network as an immutable “long-
term memory bank.” This induced sparsity not
only enhances plasticity via targeted adaptation
and minimizes interference to ensure stability,
but also strategically reserves substantial capac-
ity, securing sustainability for future evolution.
Extensive experiments validate PaRSP’s state-
of-the-art performance, particularly on Stan-
dard CL and Long Sequence benchmarks, ef-
fectively harmonizing the stability-plasticity-
sustainability trade-off. Code is available at
https://github.com/JinhuiBot/PaRSP

1 Introduction

Continual Learning (CL) for Large Language
Models (LLMs) (Dubey et al., 2024; Yang et al.,
2025) has become increasingly essential for ad-
dressing evolving real-world scenarios, continu-
ously updating domain knowledge, and accommo-
dating diverse user demands (Zhou et al., 2024).
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Figure 1: Comparison of Continual Learning paradigms
across three key capabilities: Past (Stability), Present
(Plasticity), and Future (Sustainability). (1) Full Fine-
Tuning prioritizes the present, sacrificing past stability
and saturating future capacity. (2) Regularization con-
strains updates to protect the past, hindering present
and future plasticity. (3) Architecture-based meth-
ods incur unbounded parameter growth, compromising
future sustainability. (4) Our PaRSP harmonizes the
triad via sparse activation (plasticity) and null-space
orthogonality (stability), reserving capacity for future
sustainability.

An ideal CL method should not only handle current
streaming tasks efficiently but also maintain cogni-
tive coherence and optimal resource allocation over
long-term knowledge evolution, thereby facilitating
a transition from “static models” to “dynamically
evolving intelligence.” Specifically, such a method
must support three critical capabilities: 1) Stabil-
ity (Preserving the Past): The ability to preserve
and consolidate previously acquired knowledge,
effectively mitigating catastrophic forgetting (Mc-
Closkey and Cohen, 1989); 2) Plasticity (Learning
the Present): The capacity to rapidly adapt to new
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https://github.com/JinhuiBot/PaRSP

tasks and acquire novel knowledge efficiently (Do-
hare et al., 2024); and 3) Sustainability (Reserv-
ing for the Future): The capacity for long-term
adaptation, preserving sufficient parameter capac-
ity and learning effectiveness for future challenges.

Although recent studies have explored a wide
range of strategies to improve continual learn-
ing in large language models, achieving a uni-
fied balance among these objectives remains un-
resolved. As illustrated in Figure 1: (1) Full Fine-
Tuning (Ouyang et al., 2022) prioritizes the present
via global updates. Despite immediate gains, this
triggers catastrophic forgetting of the past and
prematurely saturates capacity, compromising fu-
ture expansion. (2) Regularization-based meth-
ods (Kirkpatrick et al., 2017; Du et al., 2024)
preserve the past via rigid constraints or selec-
tive weight freezing. However, this “defensive”
rigidity severely restricts plasticity, hindering ef-
fective adaptation to the present and future. (3)
Architecture-based methods (Wang et al., 2023a;
Razdaibiedina et al., 2023) mitigate interference
by adding dedicated modules. Yet, the resulting
linear parameter growth incurs poor efficiency, ren-
dering them unsustainable for the future. There-
fore, the greatest challenge of continual learning
in LLMs is to balance immediate plasticity for
current tasks with long-term stability of past
knowledge, while preserving capacity for future
adaptation.

Notably, the human brain demonstrates remark-
able resilience in continual learning despite finite
biological resources. This capability stems from
a sophisticated storage mechanism where mem-
ory is encoded within sparse, task-specific clus-
ters known as memory engrams (Josselyn and
Tonegawa, 2020), rather than in a homogeneous
medium. These engrams are dynamic, utilizing
systems consolidation to reorganize circuitry for
long-term retention without disrupting new acqui-
sition (Ko et al., 2025). Crucially, biological cir-
cuits employ a functional partitioning mechanism:
while certain neurons are highly specialized for
specific tasks, others serve as shared bridges for
general cognition (Sporns and Betzel, 2016). This
duality suggests that effective knowledge repre-
sentation implies inherent modularity and spar-
sity (Olshausen and Field, 2004). By emulating
these strategies, LLMs can effectively balance task-
specific adaptation with global cognitive preserva-
tion, achieving a synergy between stability, plastic-
ity, and sustainability.

Inspired by these insights, we propose the Null-
Space Constrained Parameter Region-Specific
Method (PaRSP) for LLMs. Our core motiva-
tion is to establish a dynamic “Task-Region Map-
ping” that explicitly distinguishes between special-
ized neurons (prioritizing plasticity) and general-
ist neurons (requiring stability). Through precisely
localizing the “functional core” of each new task,
PaRSP identifies the optimal parameter subspace
for efficient adaptation to ensure high Plasticity,
while simultaneously confining gradient updates to
sparse regions to sequester the vast majority of the
network as an immutable memory repository. En-
forcing null-space orthogonality within these active
regions further ensures that updates remain alge-
braically non-destructive to established represen-
tations. This synergistic design not only mitigates
cross-task interference to bolster Stability but also
strategically conserves substantial parameter capac-
ity, thereby securing long-term Sustainability for
future adaptation.

Specifically, PaRSP operates via a synergistic
dual-stage mechanism: Task-Specific Parameter
Region Activation followed by Orthogonal Update
via Null Space Projection. In the first stage, we
utilize neuron-level attribution (Yu and Ananiadou,
2024) to pinpoint the salient “functional core” most
relevant to the current task. By topologically isolat-
ing these specialized neuron clusters, we maximize
present plasticity while sequestering parameter ca-
pacity for future sustainability. In the second stage,
we leverage Null Space Projection theory (Saha
et al., 2021; Wang et al., 2023a) to mathematically
rectify weight updates AW within the identified
active regions. Constraining these updates to the
null space of prior activations ensures representa-
tion invariance, thereby rigorously safeguarding
past stability.

We conducted extensive evaluations on multi-
ple benchmarks, including standard CL bench-
marks (Zhang et al., 2015), long-sequence bench-
marks (Razdaibiedina et al., 2023), and TRACE
(Wang et al., 2023b), using Llama-3.1-8B (Dubey
et al., 2024) and Qwen-2.5-7B (Yang et al., 2025).
Results demonstrate that PaRSP establishes new
state-of-the-art performance on the Standard CL
and Long Sequence benchmarks, offering a ro-
bust paradigm that effectively harmonizes the past,
present, and future of LLM evolution.

Our main contributions are summarized as fol-
lows:
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* We propose PaRSP, a novel bio-inspired CL
method that, to the best of our knowledge,
is the first to explicitly harmonize preserving
past knowledge, learning current tasks, and
reserving capacity for future adaptation.

* We integrate Null Space Projection theory
into task-specific region updates, construct-
ing a dual-protection mechanism that theo-
retically guarantees resistance to catastrophic
forgetting.

* We introduce an optimized Dual SVD strat-
egy and implicit projection mechanism, which
shifts computational complexity to a lin-
ear scale. This renders PaRSP production-
ready for massive LLMs with negligible pre-
computation overhead.

» Extensive experiments across three diverse
benchmark categories show PaRSP achieves
highly competitive performance, establishing
new SOTA results on the Standard CL and
Long Sequence benchmarks while remaining
robust on complex reasoning tasks.

2 Related Work

2.1 Continual Learning For LLMs

Continual Learning (CL) aims to acquire knowl-
edge from task streams without erasing previously
learned information. Classical approaches primar-
ily fall into three categories: Rehearsal-based meth-
ods mitigate forgetting by replaying history, either
via synthesized pseudo-samples (Shin et al., 2017;
Sun et al., 2020) or buffered real data employed
for gradient constraints (Lopez-Paz and Ranzato,
2017; Chaudhry et al., 2019) and coreset optimiza-
tion (Tiwari et al., 2022; Wang et al., 2024; He et al.,
2024); Regularization-based methods (Kirkpatrick
et al., 2017; Du et al., 2024) impose constraints
on critical weights to prevent drastic updates; and
Architecture-based methods (Wang et al., 2023a;
Razdaibiedina et al., 2023) dynamically expand
model capacity or isolate task-specific parameters.
However, these paradigms suffer from privacy risks,
restricted plasticity, or unbounded expansion. In
contrast, PaRSP optimizes a fixed parameter space
via strategic partitioning—allocating mutable re-
gions for adaptation and immutable cores for mem-
ory—thereby circumventing replay or architectural
growth while ensuring sustainable evolution.

2.2 Neuron-Level Interpretability and
Optimization

Research on neuron-level interpretability has
evolved from passive analysis to active optimiza-
tion, aiming to elucidate and manipulate how
LLMs encode knowledge. Early analytic efforts
primarily utilized gradient-based attribution (Sun-
dararajan et al., 2017) to identify “Knowledge Neu-
rons” (Dai et al., 2022) or conceptualized Trans-
former layers as Key-Value Memories (Geva et al.,
2021). Crucially, these insights have been trans-
lated into targeted optimization strategies. For in-
stance, causal tracing methods have enabled precise
Model Editing (Meng et al., 2022, 2023), allow-
ing for the surgical correction of factual errors by
modifying specific MLP weights. Similarly, Wang
et al. (2022) identified “Skill Neurons” to guide
parameter-efficient tuning, demonstrating that opti-
mizing only a tiny subset of task-specific neurons
yields competitive performance. However, given
the prohibitive costs of dynamic intervention, we
instead leverage efficient static attribution (Yu and
Ananiadou, 2024; Tan et al., 2025). This allows
PaRSP to rapidly localize task-specific “functional
cores,” bypassing the scalability bottlenecks of re-
peated forward-backward passes.

3 Problem Formulation

Continual Learning (CL) enables models to sequen-
tially acquire new knowledge without catastrophi-
cally forgetting prior information.

Formal Definition. Let M, denote an LLM pa-
rameterized by . The model encounters a task
stream 7 = {T1,...,Tn}, where each task 7} is
associated with a data distribution D; and a loss
function £;. The objective is to minimize the ex-
pected loss on the current task 7; (updating parame-
ters to 6;) subject to the constraint that performance
on all previous tasks 7 < ¢ remains non-degrading:

Héin E(x,y)NDt [ﬁt(Mgt (.’E), y)] (1)
st V<t E(:p,y)NDj [‘CJ (Met (ZE), y)]
< E(m,y)ND‘j [EJ (Mej (2),y)] 2

where 0; represents the model’s parameters after
completing task 7T’;. The constraint in Equation (2)
precisely defines the mathematical desideratum of
“non-forgetting.”

Study Setup. We adopt a rigorous setting char-
acterized by: (1) Heterogeneous Task Sequences,
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(A) Task-Specific Parameter Region Activation

(C) Dual-Constrained Optimization Mechanism

(B) Orthogonal Update via Null Space Projection
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Figure 2: Overview of the Null-Space Constrained Parameter Region-Specific Method (PaRSP). The method
operates in a synergistic dual-stage process and coupled with a unified optimization process: (A) Task-Specific
Parameter Region Activation: Static attribution is employed to generate a binary mask M that topologically
isolates task-specific neurons (highlighted in pink), while freezing the remaining parameters. (B) Null-Space
Projector Construction: Uncentered covariance matrices accumulated from prior tasks are used to construct a
projector P via singular value decomposition (SVD). From a geometric perspective, P constrains updates to lie
in the null space, ensuring orthogonality to previously learned knowledge. (C) Dual-Constrained Optimization:
During training, the gradient updates are jointly regulated by the spatial mask M and the directional projector P,
ensuring that the resulting parameter update AW is both sparse and non-interfering.

encompassing diverse tasks that require implicit
format distinction; and (2) Task-Agnostic Evalua-
tion, where the model must infer objectives directly
from the input context without explicit task identi-
fiers.

4 Methodology

4.1 Motivation and Overview

Our methodology operationalizes the biological
principle of functional partitioning highlighted in
the Introduction. Just as the brain encodes mem-
ory in sparse, task-specific engrams to optimize
efficiency and reduce interference, we aim to im-
plement a similar dual-protection mechanism in
LLMs. We translate this biological insight into a
method that imposes topological isolation (mim-
icking sparse allocation) and geometric constraints
(mimicking synaptic stability). Specifically, by con-
fining updates to a sparse “functional core” and
projecting gradients onto the null space of prior
activations, we ensure that the model’s evolution is
“lossless”—granting the freedom to adapt to new
tasks while mathematically guaranteeing the invari-
ance of historical knowledge.

Based on this philosophy, we propose the Null-
Space Constrained Parameter Region-Specific

Method (PaRSP). As illustrated in Figure 2,
PaRSP harmonizes the Past, Present, and Future
via two synergistic stages:

(1) Task-Specific Parameter Region Activation.
Facing a new task, we employ a lightweight
attribution-based localization mechanism to iden-
tify the most semantically relevant neuron clusters.
This process mimics the brain’s sparse activation
strategy, allowing us to freeze the vast majority
of the network and activate only a specific subset.
This topological isolation maximizes plasticity for
the present while strategically reserving massive
parameter capacity for the future (Sustainability).

(2) Orthogonal Update via Null Space Projec-
tion. Within the selected active regions, we en-
force a null-space constrained optimization. We
derive the null space from the input activations of
prior tasks and project new task gradients onto it.
Geometrically, this ensures the update trajectory
is strictly orthogonal to the feature subspace of
old knowledge. This design enables the superposi-
tion of capabilities within the same physical region,
ensuring that acquiring the Present task does not
compromise the stability of the past.
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4.2 Task-Specific Parameter Region
Activation

To operationalize the biological principle of func-
tional partitioning, we aim to identify and activate
only the subset of parameters responsible for the
target task, while freezing the remainder. How-
ever, locating these “task-specific regions” within
the vast parameter space of LLMs is non-trivial.
Drawing inspiration from the Neuron-Level Knowl-
edge Attribution framework (Yu and Ananiadou,
2024), we formulate a strategy based on informa-
tion salience.

Definition of Attribution Score. We define the
importance of a model component v (e.g., a specific
layer output or a neuron’s contribution) by measur-
ing its impact on the correct prediction of the target
token y. Leveraging the Logit Lens approach, we
project the latent state produced by v onto the vo-
cabulary space and compute the Log-Probability
Gain:

mp(v) = -

D 2o 18Py hint Ah)

“log P(y | hm)]
3)

where h;, denotes the input representation (resid-
ual stream) accumulated before component v, Ah,,
represents the specific output vector contributed by
v, and Dy, is the calibration dataset for the current
task k.

Hierarchical Localization. To balance compu-
tational efficiency with localization precision, we
employ a coarse-to-fine hierarchical selection pro-
cess to identify key components based on the scores
defined in Equation (3). The detailed algorithmic
procedures for layer-wise filtering and neuron-wise
identification are provided in Appendix B.

This process yields a binary mask M%), which
topologically isolates the “functional sub-network”
for task k. By strict localization, we ensure that the
model adaptation is confined to relevant regions,
thereby maximizing plasticity for the present while
reserving the majority of the parameter space to
ensure sustainability for the future.

4.3 Orthogonal Update via Null Space
Projection

While the specific area activation described in Sec-
tion 4.2 provides a macroscopic isolation, a mi-
croscopic challenge remains. Neural circuits are

not perfectly disentangled; within activated task-
specific regions, neurons often exhibit a dual nature.
We categorize them into two types: Specialized
Neurons, which exclusively serve the current task,
and Generalist Neurons, which act as cognitive
bridges shared across multiple tasks. To update
specialized neurons without disrupting the synaptic
stability of generalist neurons, we introduce a strict
geometric constraint: the Null Space Projection.

Mathematical Formulation of the Null Space.
Our objective is to ensure that the parameter update
AW for the current task does not alter the model’s
response to previous tasks. Let X ;g € RN de-
note the input activation matrix accumulated from
previous tasks. To preserve existing knowledge, the
updated weights W/ = W 4+ AW must satisfy:

(W + AW)XOM =WX,u = AWX,u=0

“
This implies that the gradient update AW must lie
in the Null Space of the previous input represen-
tations, denoted as N (X,;4). Geometrically, the
learning trajectory of the new task must be orthog-
onal to the feature subspace spanned by old tasks,
providing a mathematical guarantee for the stability
of the past.

Uncentered Covariance-Based Projector Con-
struction. Directly storing X4 is impractical.
We leverage a fundamental linear algebra prop-
erty: the null space of a matrix is identical to the
null space of its uncentered covariance matrix, i.e.,
N (Xoa) = N (XoaXZ,). This allows us to main-
tain only the recursive uncentered covariance ma-
trix ¥ = ), x;x;. We construct a projection
matrix P =T — UcoreUZ;Te via Singular Value
Decomposition (SVD) on ¥, where U, spans
the feature space of old tasks. During backpropa-
gation, we project the raw gradient g onto the null
space: g = gP. Consequently, parameter updates
operate exclusively in directions that are “invisible”
to the generalist neurons’ historical function.

4.4 Dual-Constrained Optimization
Mechanism

By integrating Task-Specific Parameter Region Ac-
tivation (Section 4.2) with Orthogonal Update via
Null Space Projection (Section 4.3), we propose a
Dual-Constrained Optimization paradigm. Let
Liask be the current loss and G; = Vi, Lisk be
the raw gradient. To harmonize stability, plastic-
ity, and sustainability, we simultaneously impose

27017



Methods Standard CL (SC) Long Sequence (LS) TRACE
FP 1 AP 1 Forget | FP 1 AP 1 Forget | FP 1 AP 1T Forget |

) SeqLoRA 79.6:(:,62 80.8:(:,49 5.8 74.8:(:_58 83-8;{:_52 9.0 65.1 +.69 82.4:{:_54 17.3
O,E LoRAReplay 803171 809456 0.6 82.0+69 85.0+.75 3.0 787183 85.7+s 7.0
« O-LoRA (Wangetal,2023a) 723+gs 739165 1.6  7Tldigy 748161 37 36715 50.1ig 134
g DATA (Liao et alA, 2025) 80.9i.40 80.6i.35 -0.3 80.0i53 82-3i.48 2.3 72A7ilg4 80~4i,88 7.7
ﬁ DATA + Replay 80.8+33 80.44 47 -0.4 82.24 66 82-61.77 0.4 77.61_37 81.0+ .72 34

PaRSP (Ours) 863150 86.0L 34 -0.3 88.0.67 88.2. 43 0.2 73.8+85 80.11gg 6.3

Table 1: Main results on Standard CL (SC), Long Sequence (LS), and TRACE benchmarks using the Llama-3.1-8B
backbone. We report the mean and standard deviation over three independent runs. 1: Higher is better; |: Lower is

better. Bold denotes the best performance.

two constraints on G;: (1) a Spatial Constraint
(Gspatiat = Gy © M), which enforces structural
sparsity to maximize plasticity for the present while
reserving capacity for the future; and (2) a Direc-
tional Constraint (G gy = GpatiaP1), which
projects gradients onto the null space of the histori-
cal uncentered covariance matrix to mathematically
guarantee the stability of the past. To implement
this efficiently without forward-pass overhead, we
utilize a gradient rectification strategy via backward
hooks (details in Appendix C).

Consequently, the final parameter update rule is
formalized as:

W W ) [(Vw, Lag © M)PY] (5)

where 7 is the learning rate. This formula encap-
sulates our core philosophy: evolve only where
necessary (via Mask), and move only where safe
(via Projector).

4.5 Efficiency and Scalability Analysis

While null-space projection typically entails cubic
complexity associated with SVD, PaRSP is engi-
neered to be highly tractable and scalable through
a hierarchical efficiency design. We address com-
putational and memory bottlenecks from two per-
spectives: foundational optimizations for general
applicability, and advanced strategies for massive
LLMs.

Foundational Efficiency: Sparsity and Recur-
sive Aggregation. Fundamentally, our method
mitigates computational overhead through sratic
attribution and induced sparsity. By restricting
expensive SVD operations strictly to a small, task-
specific parameter subset (~ 5% — 17%), the ma-
jority of the network is computationally skipped
during projector construction. Furthermore, we ad-
dress the linear memory growth issue (O(T - d?))

inherent in standard rehearsal or projection meth-
ods via a recursive uncentered covariance ag-
gregation strategy. By recursively accumulating
historical statistics into a single dense matrix, we
ensure a constant memory complexity of O(d?) re-
gardless of the task sequence length 7. We provide
a detailed theoretical analysis of these foundational
properties and memory scalability in Appendix A.

Advanced Scalability for Massive LLLMs: Dual
SVD & Implicit Projection. While the O(d?)
memory footprint and sparse O(d®) computation
are tractable for standard models, they become
prohibitive for massive LLMs. For instance, in
Llama-3.3-70B, intermediate dimensions reach
d ~ 28,672; explicitly constructing and decom-
posing a d X d covariance matrix incurs ~ 2.3 X
10'3 FLOPs and requires ~ 3.3 GB of memory
per layer, inevitably triggering Out-Of-Memory
(OOM) failures on standard GPUs. To render
PaRSP production-ready for industrial-scale mod-
els, we mathematically restructure the projection
mechanism by leveraging the extremely low-rank
nature of our calibration set ([N = 256 < d). We
introduce a three-stage optimization pipeline:

(1) Compute Optimization via Dual SVD. In-
stead of O(d®) decomposition of XX, we com-
pute the Gram matrix K = X”X ¢ RV*V in
O(dN?). Based on duality, we perform SVD on
the tiny matrix K = VX2V and recover the left
singular vectors spanning the feature subspace via:

U=XVvx! (6)

This shifts complexity to a linear scale O(dN? +
N3), accelerating pre-computation from minutes
to milliseconds.

(2) Storage Optimization via Incremental Ba-
sis. To avoid O(d?) persistent storage, we main-
tain a compact basis Up;s € R (r a~ 128).
New tasks update the global basis recursively
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via Dual SVD on the compressed matrix M =
(Uhnist Zhist: Xnew] € RPN ensuring con-
stant O(dr) memory complexity.

(3) Memory-Efficient Implicit Projection. We
bypass instantiating the dense projector P =1 —
UUT e R%? during backpropagation. Instead,
a PyTorch backward hook utilizes matrix associa-
tivity to perform Implicit Projection on the raw
gradient g € R

Proj(g) = gP = g — (8Unist) ULy (1)

This reduces peak memory from O(d?) to O(dr),
enabling PaRSP to scale indefinitely to industrial-
scale models.

S Experiments

5.1 Experimental Setup

To comprehensively evaluate the efficacy and ro-
bustness of PaRSP, we conduct experiments across
three distinct continual learning benchmarks char-
acterized by varying task types and sequence
lengths. To ensure a direct and fair comparison
with the current state-of-the-art, our experimental
setup, including the reported scores for all baseline
models, is meticulously aligned with the protocols
established in DATA (Liao et al., 2025).

Datasets. We conduct experiments on three
benchmarks: (1) Standard CL Benchmark (SC)
(Zhang et al., 2015): Following Wang et al. (2023a),
we select four datasets—AG News, Amazon Re-
views, DBpedia, and Yahoo Answers—and shuffle
them to construct three distinct task sequences (Or-
ders 1-3). (2) Long Sequence Benchmark (LS)
(Razdaibiedina et al., 2023): This extends the eval-
uation to 15 datasets, including classification tasks,
GLUE, SuperGLUE, and IMDB. Adhering to the
standard protocol, we generate three unique task
sequences (Orders 4-6). (3) TRACE (Wang et al.,
2023b): Designed for LLMs, it comprises 8 diverse
datasets covering multi-choice QA, multilingual ca-
pabilities, code generation, and mathematical rea-
soning. Comprehensive details regarding dataset
statistics, specific task sequences, and evaluation
metric definitions are provided in Appendix D.1.

Evaluation Metrics. We quantify plasticity and
stability using three standard metrics. Let a; ; de-
note the test performance on task ¢ after training
on task j. We report: (1) Average Performance
(AP), which measures plasticity by averaging im-
mediate task accuracies (AP = % Zj\f: 101;,5)s (2)

Methods MMLU BBH GSM8K AGIEval FP
Zero-Shot 65.65 62.12 5633 17.72
SeqLoRA 63.58 11.90 0.00 20.60 79.92
LoRAReplay 60.24 5.99 1.82 10.69 80.13
O-LoRA 62.79 6.31 1.56 13.87 71.83
DATA 64.47 1042 3.63 16.94 81.39
PaRSP (Ours)  66.72  56.74  56.03 20.03 86.30

Table 2: Task generalization comparisons on unseen
tasks using the Llama-3.1-8B backbone after training in
Order 1. Bold indicates the best performance.

Final Performance (FP), which evaluates global
retention after the sequence concludes (FP =
% Z;V: 1 ar;,N); and (3) Forget, which quantifies
stability loss as the divergence between peak and
final performance (Forget = AP — FP) (Wu et al.,
2022; Jiang et al., 2025). Higher AP/FP and lower
Forget indicate superior performance.

Baselines. To evaluate the effectiveness of
PaRSP, we benchmark it against five representative
methods: SeqLoRA sequentially trains standard
LoRA modules without explicit anti-forgetting
mechanisms; LoRAReplay augments SeqLoRA
with a 2% experience replay buffer to mitigate for-
getting; O-LoRA (Wang et al., 2023a) minimizes
inter-task interference by enforcing orthogonality
between task-specific subspaces; and DATA (Liao
et al., 2025) optimizes the stability-plasticity trade-
off by explicitly decoupling knowledge into high-
rank and low-rank adapters via a decomposed at-
tention mechanism.

Implementation. Experiments employ Llama-
3.1-8B (Dubey et al., 2024) and Qwen-2.5-7B
(Yang et al., 2025) on a single NVIDIA A100 GPU
(80GB). We report the average results over three
independent runs; detailed hyperparameters and
configurations are provided in Appendix D.3.

5.2 Main Results

We evaluated PaRSP on three CL benchmarks
using Llama-3.1-8B and Qwen-2.5-7B. Table 1
presents the aggregated results. Adhering to Wang
et al. (2023a), we report averages across three
independent runs with permuted task orders for
SC and LS (detailed breakdowns provided in Ap-
pendix E.1).

(1) Superior Stability: Preserving the Past.
PaRSP significantly bolsters the model’s capac-
ity to retain historical knowledge without external
augmentation. Traditional methods like SeqLoRA
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suffer from severe catastrophic forgetting across all
benchmarks. While baselines such as LoRAReplay
and DATA (+Replay) achieve competitive stability,
they rely on auxiliary replay mechanisms, which of-
ten incur additional computational or storage over-
head. In stark contrast, PaARSP achieves state-of-
the-art (SOTA) performance in a strictly rehearsal-
free manner. For instance, on the Standard CL
(SC) and Long Sequence (LS) benchmarks, PaRSP
achieves Final Performance (FP) scores of 86.3%
and 88.0%, respectively, surpassing the previous
SOTA method DATA by substantial margins of
5.5% and 5.8%. On the more challenging TRACE
benchmark, PaRSP maintains an impressive FP of
73.8% with a minimal Forget rate of 6.3%. No-
tably, these results—achieved by updating approxi-
mately 17% of neurons—outperform all rehearsal-
free baselines and rival complex replay-based meth-
ods, validating the efficacy of our brain-inspired
topological isolation in ensuring rigorous stability
for the past.

(2) Sustainable Plasticity: Present and Future.
Crucially, PaRSP resolves the stability-plasticity
dilemma while securing long-term sustainability.
While methods like DATA demonstrate reasonable
stability, their plasticity is often constrained; even
with replay, DATA’s Average Performance (AP)
on LS plateaus at 82.2%, indicating that its stabil-
ity comes at the cost of suppressed new learning.
Conversely, PaRSP maintains exceptional plastic-
ity. On the LS benchmark, it attains an AP of
88.2%, significantly outperforming DATA and Lo-
RAReplay. Similarly, on TRACE, PaRSP exhibits
plasticity comparable to DATA (+Replay). Most
importantly, these gains are realized via a non-
greedy resource allocation strategy. By activating
only a sparse functional core (~ 17% parameters)
for the present task, PaRSP strategically reserves
the vast majority of the parameter space. This pre-
vents premature saturation and ensures sufficient
capacity for the future, effectively harmonizing the
stability-plasticity-sustainability triad.

5.3 Task Generalization

Beyond mitigating catastrophic forgetting on
learned tasks, preserving the model’s intrinsic rea-
soning capabilities on unseen tasks is vital. Follow-
ing the evaluation protocol of Liao et al. (2025),
we assess cross-task generalization across four
representative benchmarks. While traditional CL
paradigms often compromise general capabilities

AP Fp Forget

%
)

87.0

86.0

%
=N

852 gs.1

%
=

83.6

Performance (%)

%
]

w/o Nuil-Space wlo Att‘ribution PaRSl; (Full)

Figure 3: Ablation study (Llama-3.1-8B, SC Order 1).
We compare PaRSP against variants lacking geometric
constraints (w/o Null-Space) or using random masking
(w/o Attribution).

due to parameter drift, PARSP achieves an effective
balance between continual adaptation and zero-
shot generalization.

As presented in Table 2, PaRSP consistently
achieves superior performance across all metrics.
Notably, while baseline methods exhibit significant
performance degradation on reasoning-intensive
tasks (specifically GSM8K and BBH), PaRSP suc-
cessfully circumvents this regression. We attribute
this success to our dual-constrained mechanism.
By strictly confining parameter updates to task-
specific subspaces, PaRSP preserves the synaptic
stability of generalist neurons (as defined in Sec-
tion 4.3). This confirms that our method acquires
new task-specific skills without compromising the
general intelligence of the backbone model.

5.4 Ablation Study

To rigorously quantify the individual contributions
of each component within PaRSP, we conducted
an ablation study on the Standard CL. Benchmark
(Order 1) using the Llama-3.1-8B backbone. We
systematically removed or replaced key modules
to verify the efficacy of Task-Specific Parameter
Region Activation and Orthogonal Update via Null
Space Projection. The comparative results are vi-
sualized in Figure 3.

Effect of Task-Specific Parameter Region Acti-
vation. To validate our neuron-level attribution,
we substituted the task-specific mask with a ran-
dom mask of equivalent sparsity (w/o Attribu-
tion). As shown in Figure 3, the decline in both
FP and AP confirms that random selection fails
to efficiently capture the “functional core.” Cru-
cially, while the drop in CL metrics appears moder-
ate, further investigation reveals that random mask-

27020



ing disproportionately impairs pre-trained general
knowledge (detailed in Appendix E.3). This un-
derscores that attribution-based localization is piv-
otal for both plasticity and stability: it targets the
subspace most amenable to adaptation, whereas
random allocation risks disrupting the generalist
neurons underpinning the model’s foundational ca-
pabilities.

Effect of Orthogonal Update via Null Space Pro-
jection. To assess the contribution of the geomet-
ric constraint, we removed the null-space projector
while retaining the task-specific topological mask
(denoted as w/o Null-Space). In this setting, active
parameters are updated via standard gradient de-
scent without orthogonality constraints. As shown
in Figure 3, removing the projection has a neg-
ligible impact on plasticity (AP), indicating that
the model can still learn current tasks effectively.
However, it causes a catastrophic degradation in
stability, evidenced by a sharp decline in FP. This
outcome corroborates that while spatial isolation
(masking) alone mitigates interference to a degree,
it is insufficient for strict knowledge preservation.
The Null-Space Projection serves as the decisive
factor, providing the mathematical guarantee that
new learning remains orthogonal to, and thus non-
interfering with, established representations.

Impact of Sparsity Ratio. We further investi-
gated the sensitivity of model performance to the
active parameter ratio using Llama-3.1-8B on the
Standard CL. Benchmark (Order 1) (refer to Ap-
pendix E.2 for the detailed analysis). Empirical re-
sults identify a clear functional saturation point at
approximately 5% sparsity. Beyond this threshold,
performance gains exhibit diminishing marginal
returns, confirming that dense updates are largely
redundant. By calibrating the activation to this op-
timal subset, PaRSP strategically leaves ~ 95%
of the parameter space untouched. This rigorous
structural sparsity serves a dual purpose: it secures
massive capacity for future sustainable evolution,
and crucially, acts as a safeguard for the model’s
intrinsic capabilities. By confining updates to a
minimal functional core, PaRSP avoids perturb-
ing the vast majority of shared generalist neurons,
thereby preserving the model’s General Intelli-
gence alongside task-specific adaptation.

5.5 Scalability Stress Test

To empirically validate the theoretical efficiency
gains of the Dual SVD and Implicit Projection

mechanisms detailed in Section 4.5, we conduct a
computational stress test on the pre-computation
overhead (SVD factorization and projector con-
struction). We benchmark PaRSP across a spec-
trum of foundation models, scaling from 14B up
to 70B parameters, on a single NVIDIA A100
(80GB) GPU. The calibration sample size is fixed at
N = 256, and the sparsity ratio is set to p ~ 17%
(corresponding to the LS benchmark setting).

Model Backbone dhidden  dinter Total SVD Time (s) |
Qwen-2.5-14B 5,120 13,824 0.25
Qwen-2.5-32B 5,120 27,648 0.48
Llama-3.3-70B 8,192 28,672 0.71

Table 3: Wall-clock runtime for the entire PaRSP pre-
computation phase across all active layers.

As shown in Table 3, runtime exhibits strictly
linear scaling. For Llama-3.3-70B, our optimized
pipeline completes the entire projection construc-
tion in merely 0.71s. This one-off overhead con-
stitutes less than 0.01% of a typical training ses-
sion. Furthermore, the Implicit Gradient Projection
bypasses the instantiation of dense O(d?) matri-
ces, effectively preventing OOM errors on large-
scale models. These results confirm that PaRSP
is a production-ready, highly scalable method for
industrial-scale LLMs.

6 Conclusion

In this work, we introduce the PaRSP, a bio-
inspired paradigm designed to harmonize the
stability-plasticity-sustainability triad in LLM con-
tinual learning. By synergizing Task-Specific Pa-
rameter Region Activation with Orthogonal Update
via Null Space Projection, PaRSP enforces topolog-
ical isolation to maximize plasticity for the Present
and reserve capacity for the Future, while simulta-
neously imposing algebraic orthogonality to rigor-
ously safeguard the Past. Crucially, to overcome
the O(d®) computational and O(d?) memory bot-
tlenecks inherent in massive LLMs, we introduce
a Dual SVD optimization paired with an implicit
projection mechanism. This mathematical restruc-
turing shifts the asymptotic overhead to a linear
scale, rendering the method highly tractable and
production-ready for industrial-scale models. Ex-
tensive experiments validate that PaRSP achieves
SOTA performance, offering a robust, scalable
foundation for the sustainable evolution of general
intelligence.
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Limitations

Despite the state-of-the-art performance achieved
by PaRSP, we acknowledge several limitations that
merit future investigation:

Dependence on Training Task Boundaries.
While our evaluation setting is strictly task-agnostic
during inference (no task IDs required), the train-
ing phase currently relies on explicit task bound-
aries to trigger the functional localization and null-
space computation steps. This makes the method
strictly applicable to Task-Incremental or Domain-
Incremental settings. Extending PaRSP to a fully
Online Continual Learning paradigm, where task
boundaries are blurred or unknown during training,
remains an open challenge.

Potential Gradient Subspace Saturation. Our
method relies on the intersection of null spaces
from historical tasks. Although the high dimen-
sionality of LLMs provides a vast parameter space,
theoretically, as the sequence of tasks grows in-
definitely (1" — o0), the available null space for
updating parameters may eventually vanish (i.e.,
NN (X;) — 0). This phenomenon, known as sub-
space saturation, could limit the model’s plasticity
for extremely long task sequences, necessitating
mechanisms for dynamic capacity expansion or
selective forgetting.

Sensitivity to Calibration Quality. The efficacy
of our functional localization hinges on the repre-
sentativeness of the calibration set used for neuron
attribution. While we demonstrate robustness with
a sparse, fixed-budget sample size, extreme distri-
bution shifts between this small calibration set and
the full task distribution could lead to suboptimal
mask generation, potentially freezing neurons that
are actually critical for the new task.

Ethical Considerations

This work leverages exclusively publicly available
datasets and models for technical advancements in
continual learning. We foresee no direct ethical
risks or privacy concerns beyond the inherent bi-
ases and limitations common to the foundational
LLMs utilized.
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A Complexity and Scalability Analysis

The rigorous deployment of a dual-constrained opti-
mization method faces three primary computational
hurdles: the potential overhead of the functional
localization process, the cubic complexity of Sin-
gular Value Decomposition (SVD), and the linear
growth of memory footprint for storing historical
statistics. In this section, we demonstrate how our
method systematically resolves these bottlenecks
in a logical sequence, rendering the method com-
putationally tractable.

A.1 Minimal Overhead via Static Attribution

A potential concern regarding functional localiza-
tion is the cost of identifying task-specific param-
eters. Unlike dynamic routing mechanisms (e.g.,
Mixture-of-Experts) that require gating computa-
tions for every token during both training and in-
ference, our method employs a Static Attribution
Strategy. The localization process is executed as a
one-shot pre-computation step. We utilize a small,
representative calibration set (typically a few hun-
dred samples) to compute attribution scores. This
data requirement is constant and does not scale
linearly with the training set size, rendering the cal-
ibration overhead negligible—especially for large-
scale datasets where this constitutes a minute frac-
tion (< 1%) of the data. This design effectively
decouples structure learning (finding the mask)
from parameter learning (updating weights). Con-
sequently, the computational cost of attribution is
amortized over thousands of training steps, render-
ing the per-step overhead negligible. Furthermore,
once the binary mask M(¥) is generated, it remains

frozen, allowing “non-active” regions to be compu-
tationally skipped, potentially accelerating training
throughput.

A.2 Computational Efficiency via Induced
Sparsity

The primary computational bottleneck in null-
space methods lies in the SVD operation, which
typically scales with O(d®) for dimension d.
Naively applying this to all layers would be pro-
hibitively expensive. However, we leverage the
structural sparsity induced by the static attribu-
tion (Appendix A.1) to mitigate this cost. Since
we only activate a sparse subset of parameters (the
top-k layers and specific neurons), the expensive
SVD computations are strictly confined to these
localized regions. The non-active layers require
neither covariance collection nor projection calcu-
lation. Moreover, the SVD is performed solely
during the initialization phase of each new task.
It does not burden the iterative training loop, nor
does it affect inference latency, as the projection
constraints are implicitly baked into the updated
weights.

A.3 Memory Scalability via Recursive
Aggregation

A critical challenge in continual learning is the
“memory explosion” problem: storing independent
covariance matrices for every previous task would
lead to linear memory growth (O(T)). To address
this, we introduce a memory-constant optimization
based on the algebraic properties of Positive Semi-
Definite (PSD) matrices. We utilize the theorem
that for any set of PSD matrices, the null space
of their sum is exactly equal to the intersection of
their individual null spaces:

T-1 T-1
N <Z 2t> = (N ®)

Based on this, we implemented a Stream Accumu-
lation Strategy. Instead of loading multiple matrix
files, we recursively add the uncentered covariance
matrix of each historical task to a single accumu-
lator buffer. This reduces the memory complexity
from O(T - d?) to a constant O(d?). Regardless
of the number of tasks, we only need to maintain
a single aggregated uncentered covariance matrix,
ensuring infinite scalability.
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Figure 4: Sensitivity analysis of the active parameter
ratio on the Standard CL Benchmark (Order 1) using
Llama-3.1-8B. The plot reveals a clear functional sat-
uration point at ~ 5% sparsity (marked by the ver-
tical line). Beyond this threshold, performance gains
(AP/FP) exhibit diminishing marginal returns, while the
Forgetting Rate stabilizes. This empirically validates
that activating only a sparse functional core is sufficient
for plasticity, effectively reserving ~ 95% of the param-
eter space for future sustainability.

B Details of Hierarchical Selection
Process

As discussed in Section 4.2, we execute functional
localization in two stages to optimize the trade-off
between computational overhead and identification
accuracy:

» Stage 1: Layer-wise Filtering (Coarse-
grained). We first aggregate the attribu-
tion scores (defined in Equation (3)) for the
Multi-Head Self-Attention (MHSA) and Feed-
Forward Network (FFN) blocks across all lay-
ers. The layer-level importance is defined as
the sum of attribution scores of all constituent
neurons or heads. Layers that exhibit neg-
ligible or negative contributions are deemed
task-irrelevant and excluded from the active
scope. We retain the top-Ls layers based on
these cumulative attribution scores.

» Stage 2: Neuron-wise Identification (Fine-
grained). Within the selected top-L; layers,
we further scrutinize individual components.
For FFNs, we compute scores for each inter-
mediate neuron; for MHSA, we evaluate each
attention head. By iterating through these di-
mensions, we isolate the specific neurons that
maximize the attribution score.

The resulting indices form the binary mask
M), where an entry Mgk) = 1 indicates an active

)

k -
parameter and ME = 0 indicates a frozen one.

C Gradient Rectification Implementation

As discussed in Section 4.4, implementing the dual
constraints directly during the forward pass would
be computationally expensive. Instead, we imple-
ment an efficient Gradient Rectification strategy
using PyTorch backward hooks.

Hook Registration Mechanism. For each identi-
fied task-relevant layer, we register two sequential
backward hooks that modify the gradient flow be-
fore the optimizer step:

* Mask Hook (Topological Gate): This hook
filters the gradient flow based on the neuron
indices derived from the attribution stage. It
performs an element-wise multiplication with
the binary mask M, effectively zeroing out
gradients for frozen neurons:

oL

8wij

+~ 0 if (Ml)ij =0

* Projector Hook (Geometric Filter): This
hook performs a right-multiplication of the
gradient matrix with the pre-computed null-
space projector P;. This operation rectifies
the gradient direction to ensure orthogonality
with the old task subspace:

AW L span(X,q)

Computational Efficiency. By decoupling con-
straint computation (a one-time cost per task) from
the iterative training loop, and applying correc-
tions only during the backward pass, our method
introduces negligible overhead to training through-
put while providing theoretical guarantees against
catastrophic forgetting.

D Detailed Experimental Setup

This appendix provides comprehensive specifica-
tions for the datasets, task configurations, and im-
plementation protocols to ensure full reproducibil-
ity of our results.

D.1 Datasets and Benchmarks

Training Tasks. We provide comprehensive
specifications for the datasets utilized in our con-
tinual learning experiments. The Standard CL
Benchmark (SC) (Zhang et al., 2015) consists of
four text classification datasets: AG News, Ama-
zon Reviews, DBpedia, and Yahoo Answers, as se-
lected by Wang et al. (2023a). The Long Sequence
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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 Natural Language Inference Various Accuracy
QQP GLUE Paragraph Detection Quora Accuracy
RTE GLUE Natural Language Inference News, Wikipedia Accuracy
SST-2 GLUE Sentiment Analysis Movie Reviews Accuracy
WiC SuperGLUE Word Sense Disambiguation Lexical Databases Accuracy
CB SuperGLUE Natural Language Inference Various Accuracy
COPA SuperGLUE Question and Answering Blogs, Encyclopedia  Accuracy
BoolQA SuperGLUE Boolean Question and Answering Wikipedia Accuracy
MultiRC SuperGLUE Question and Answering Various Accuracy
IMDB SuperGLUE Sentiment Analysis Movie Reviews Accuracy

Table 4: Detailed specifications of the 15 classification datasets comprising the Long Sequence (LS) benchmark
(Razdaibiedina et al., 2023). The initial five tasks originate from the standard CL benchmark protocol (Zhang et al.,

2015).

Benchmark (LS) (Razdaibiedina et al., 2023) ex-
tends this scope to comprise 15 diverse tasks, incor-
porating GLUE and SuperGLUE datasets. Detailed
statistics and metrics for all 15 datasets (encom-
passing both SC and LS) are enumerated in Table 4.
Regarding data partitioning, for both SC and LS
benchmarks, we randomly sample 1,000 instances
per task for training and reserve 500 instances per
task for validation and testing. The TRACE Bench-
mark (Wang et al., 2023b) includes 8 challenging
tasks designed to evaluate LLM-specific capabili-
ties such as code generation and reasoning (details
in Table 10). To ensure adequate adaptation for
these complex tasks, we utilize 5,000 training in-
stances per task.

Generalization Benchmarks. To evaluate the
model’s cross-task generalization capabilities on
unseen domains, we employ four widely recog-
nized benchmarks:

 MMLU (Hendrycks et al.,, 2021): The
Massive Multitask Language Understanding
benchmark covers 57 subjects across STEM,
the humanities, and social sciences, ranging
from elementary to professional levels. It
serves as a comprehensive test of world knowl-
edge and problem-solving ability.

¢ GSMS8K (Cobbe et al., 2021): A dataset of
8.5K high-quality, linguistically diverse grade
school math word problems. It requires the

model to perform multi-step elementary math-
ematical reasoning to derive the correct an-
SWer.

* BBH (Suzgun et al., 2023): BIG-Bench Hard
(BBH) is a subset of 23 challenging tasks from
the BIG-Bench suite, spanning diverse areas
such as arithmetic and symbolic reasoning.

* AGIEval (Zhong et al., 2024): A human-
centric benchmark derived from high-standard
official admission and qualification exams. It
assesses the model’s ability to tackle tasks
designed for human intelligence.

D.2 Task Sequence Configurations

The specific task execution sequences utilized in
our continual learning experiments are enumerated
in Table 11.

D.3 Implementation Details

We provide a comprehensive overview of the soft-
ware environment, hyperparameters, and configu-
ration protocols.

Software Framework. Our code implementa-
tion leverages the Hugging Face transformers
library (v4.46.2) (Wolf et al., 2020) and the Py-
Torch framework (v2.9.1+cul28) (Paszke et al.,
2019). For the evaluation of cross-task generaliza-
tion on unseen datasets, we utilize the OpenCom-
pass toolkit (Contributors, 2023), adhering strictly
to its default configuration protocols.
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Training and Hyperparameters. All models
were trained using the AdamW optimizer. To en-
sure stable convergence, we employed a linear
learning rate scheduler with warmup and linear
decay. A consistent early stopping mechanism was
applied across all tasks to prevent overfitting, with
the maximum training duration capped at specific
epochs depending on the benchmark complexity.
Benchmark-Specific Configurations. We tailored
the hyperparameters and the PaRSP activation ratio
(sparsity) according to the difficulty and scale of
each benchmark:

» Standard CL (SC) & Long Sequence (LS):
Since SC represents simpler classification
tasks, we set a stricter sparsity constraint
(~ 5% active parameters) to maximize sta-
bility. For the more diverse LS benchmark,
we increased the activation ratio to ~ 17% to
accommodate broader knowledge acquisition.
The maximum training duration was set to 3
epochs for both benchmarks.

* TRACE: Given the challenging nature of
reasoning and coding tasks in TRACE, we
maintained the ~ 17% activation ratio but in-
creased the maximum training duration to 5
epochs to ensure sufficient adaptation.

Specific learning rates (LR) for each model archi-
tecture (Llama-3.1-8B and Qwen-2.5-7B) varied
across benchmarks to ensure optimal performance.
The detailed hyperparameter settings are enumer-
ated in Table 5.

Benchmark Model LR Epochs Sparsity
SmiicLoe, | B XS 1
———— B
wee pmm e L

Table 5: Hyperparameter configurations for different
benchmarks and backbone models. LR: Learning Rate;
Epochs: Maximum training epochs per task.

PaRSP-Specific Protocols. The implementation
of PaRSP involves two critical data sampling
phases. We adopted a unified and efficient sam-
pling strategy to minimize computational overhead:

 Task-Specific Activation (Calibration): Dur-
ing the functional localization phase for a new
task T}, we randomly sampled 256 instances

from the training set of 7j. These samples
serve as the calibration data to calculate neu-
ron attribution scores (Equation (3)), deter-
mining the binary mask M),

* Null-Space Projection (Covariance): To
construct the projector P, we maintain histor-
ical statistics without storing the full dataset.
For each previous task 7;(j < k), we ran-
domly sampled 256 instances to compute its
uncentered covariance matrix 33;. These ma-
trices are recursively aggregated to derive the
orthogonal null space, ensuring strict protec-
tion of past knowledge.

Preservation of General Intelligence (Task 0
Initialization). Beyond mitigating forgetting for
learned tasks, ensuring the stability of the model’s
pre-trained general capabilities is paramount. We
treat the preservation of broad world knowledge
and reasoning skills as the zeroth task (1p). Prior
to the commencement of the continual learning
sequence, we construct a compact General Knowl-
edge Anchor Set by sampling 256 instances from
the MMLU benchmark (Hendrycks et al., 2021).
To ensure representativeness within a limited bud-
get, we select seven diverse subtasks covering two
cognitive dimensions:

* Knowledge-Intensive Domains (Global Facts,
High School World History, Psychology, So-
ciology) to anchor static declarative memory.

* Reasoning-Intensive Domains (Elementary
Mathematics, Biology, Conceptual Physics)
to preserve the model’s cognitive upper bound
for multi-step reasoning.

Using this anchor set, we compute an initial un-
centered covariance matrix Xg.,,. During the sub-
sequent training of all CL tasks, the null space of
X en 1s incorporated into the orthogonal projection
constraint. This effectively locks the parameter
subspace responsible for general intelligence, en-
suring that subsequent model updates AW remain
orthogonal to, and thus non-destructive towards,
the model’s intrinsic capabilities.

E Supplementary Experimental Results

E.1 Task-wise Performance across All
Permutations

We present a comprehensive breakdown of the ex-
perimental results for each individual task order
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Methods

Standard CL Benchmark (SC)

Long Sequence Benchmark (LS) TRACE

Order 1 Order2 Order3 Avg Order4 Order5 Order 6 Avg Order 7

# Llama-3.1-8B

SeqLoRA 79.9 79.0 80.0 79.6 742 73.7 76.5 748 65.1
LoRAReplay 80.1 80.6 80.1 80.3 832 80.7 822 82.0 78.7
O-LoRA (Wang et al., 2023a)  71.8 72.2 728 723 731 69.4 71.6 714 36.7
DATA (Liao et al., 2025) 81.4 80.7 80.5 809 80.7 71.7 81.5 80.0 72.7
+ Replay 80.6 81.0 80.7 80.8 83.1 81.7 81.8 822 776
PaRSP (Ours) 87.0 86.7 852 863 89.6 87.3 87.2 88.0 738
# Qwen-2.5-7B
SeqLoRA 80.0 77.9 784 788 795 79.1 81.1 799 65.1
LoRAReplay 80.7 80.6 80.1 80.5 833 83.2 827 831 75.7
DATA (Liao et al., 2025) 79.8 79.1 794 794 798 80.2 81.5 805 704
+ Replay 80.3 80.6 79.9 803 83.7 82.9 829 832 773
PaRSP (Ours) 86.0 87.1 864 865 89.3 87.5 88.1 883 732

Table 6: Summary of Final Performance (FP) on Standard CL, Long Sequence, and TRACE benchmarks using
Llama-3.1-8B and Qwen-2.5-7B backbones. We report the averaged accuracy after training on the final task. Bold

denotes the best performance.

across the three benchmarks in Table 6. Consis-
tently across all task permutations, our proposed
PaRSP demonstrates superior robustness, effec-
tively mitigating catastrophic forgetting (CF) while
preserving high plasticity for new task adaptation.

E.2 Sensitivity Analysis of Active Parameter
Ratio

To empirically determine the optimal equilibrium
between plasticity (learning the present) and sus-
tainability (reserving for the future), we conducted
a fine-grained sensitivity analysis on the activation
ratio of the PaRSP spatial mask. We employed
the Llama-3.1-8B backbone on the Standard CL
Benchmark (Order 1) and varied sparsity levels by
adjusting selection thresholds for both layers and
neurons. The results are visualized in Figure 4.

Regime 1: Robustness at Extreme Sparsity. As
illustrated in Figure 4, even in the regime of ex-
treme sparsity—activating merely ~ 0.1% of pa-
rameters—the model exhibits remarkable plasticity
rather than the expected collapse. The Average Per-
formance (AP) and Final Performance (FP) remain
robust at 85.2% and 84.9 %, respectively. We at-
tribute this surprising efficacy to the precision of
our attribution mechanism. It suggests that LLMs
inherently possess the latent knowledge required
for these tasks; the attribution mask successfully
isolates the critical “functional neurons” needed
to activate these capabilities with minimal parame-
ter perturbation. This implies that for pre-trained

LLMs, massive parameter updates are often unnec-
essary for task adaptation.

Regime 2: Performance Saturation. As we re-
lax the sparsity constraint, performance improves
marginally. When the activation ratio reaches ap-
proximately 5%, AP and FP rise to 86.2% and
87.0%, respectively. Crucially, as the activation
ratio exceeds this threshold, we observe a clear
phenomenon of diminishing marginal returns: fur-
ther increases in parameter usage yield negligible
performance gains. This plateau indicates a “func-
tional saturation point,” suggesting that mobilizing
just 5% of the network’s capacity is sufficient to
achieve near-optimal adaptation for tasks of this
complexity.

Implications for Efficiency and Sustainability.
These findings provide compelling empirical evi-
dence exposing the redundancy of current dense
training paradigms. Updating 100% of parameters
for every new task is computationally inefficient
and detrimental to stability, as it disturbs parame-
ters that contribute little to the current task but may
be vital for past knowledge. By identifying this sat-
uration point, PaRSP effectively circumvents these
pitfalls. It activates the necessary ~ 5% functional
core to maximize plasticity for the present, while
strategically preserving the remaining ~ 95% of
the network as an immutable resource. This rig-
orous preservation of parameter space is the core
mechanism that secures the model’s future sustain-
ability for long-term evolution.
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Method Mask Strategy MMLU (Avg. Acc)

PaRSP (Ours) Attribution-based 0.876

w/o Attribution  Random Selection 0.830
Relative Degradation -5.25%

Table 7: Impact of masking strategy on general knowl-
edge retention. Evaluated on Llama-3.1-8B after SC
Order 1 training (500 samples total). The random mask
causes implicit damage to general capabilities compared
to PaRSP’s targeted updates.

E.3 Impact of Task-Specific Activation on
General Knowledge Preservation

In our ablation study (Section 5.4), we observed a
counter-intuitive phenomenon: replacing the Task-
Specific Parameter Region Activation module with
a random mask (denoted as w/o Attribution) re-
sulted in only a moderate decline in CL metrics (FP
and AP) on the Standard CL Benchmark (Order 1).
This observation necessitates a deeper investigation
into the hidden costs of random parameter alloca-
tion.

Theoretical Analysis: Blind vs. Targeted Plastic-
ity. To understand this discrepancy, we revisit
the core philosophy of PaRSP. The essence of
our localization strategy is to pinpoint Special-
ized Neurons—those most sensitive to the current
task—and grant them plasticity. This targeted ap-
proach serves a dual purpose: it maximizes perfor-
mance for the present task while freezing Gener-
alist Neurons to preserve the model’s broad cog-
nitive capabilities (the past). In contrast, a random
mask, while maintaining the same sparsity ratio,
lacks this semantic awareness. It indiscriminately
updates parameters. Although the model can still
force these randomly selected neurons to overfit
the current task, this “blind” update trajectory risks
overwriting critical, task-agnostic knowledge struc-
tures encoded during pre-training. We hypothesize
that this leads to an implicit degradation of the
model’s general intelligence.

Experimental Setup: Quantifying Implicit Dam-
age. To validate this hypothesis, we evaluated
the models on the Massive Multitask Language
Understanding (MMLU) benchmark (Hendrycks
et al., 2021). We carefully selected seven repre-
sentative subtasks to form a robust evaluation set
specifically tailored to the capabilities of the Llama-
3.1-8B model. These subjects span the spectrum
from knowledge retrieval to complex reasoning:

* Knowledge-Intensive (Comfort Zone):
Global Facts, High School World History,
High School Psychology, and Sociology.
These subjects primarily test the retention of
static world knowledge.

* Reasoning-Intensive (Capability Bound-
ary): Elementary Mathematics, High School
Biology, and Conceptual Physics. These sub-
jects require multi-step reasoning and reflect
the model’s cognitive upper bound.

We conducted the evaluation on the Llama-3.1-8B
model after it had completed the training of Stan-
dard CL (Order 1). To ensure efficient yet represen-
tative evaluation, we constructed a test set contain-
ing a total of 500 samples, randomly aggregated
from the seven selected subjects.

Results and Discussion. The comparative results
are summarized in Table 7. The data reveals a dis-
tinct performance gap masked by standard CL met-
rics. The model utilizing the random mask suffered
a significant regression in general capabilities, with
the average accuracy across the test set dropping
from 0.876 (Standard PaRSP) to 0.830. This em-
pirical evidence confirms that while random sparse
updates can technically accommodate new tasks,
they do so at the expense of the model’s founda-
tional knowledge. By removing the task-specific
activation module, the updates impinge upon gener-
alist neurons, eroding the model’s pre-trained capa-
bilities. In conclusion, the Task-Specific Parameter
Region Activation component is indispensable not
only for optimizing plasticity but, more critically,
for ensuring the safety and stability of the model’s
general intelligence during continual evolution.

F Extension to Multimodal Embodied Al:
Preserving Foundational Perception

To demonstrate the architecture-agnostic universal-
ity of our method, we extend the application of
PaRSP to the domain of Multimodal Large Lan-
guage Models (MLLMs) for Embodied Al

Motivation and The “Cognitive Anchor” Proto-
col. Embodied agents deployed in physical envi-
ronments face a continuous stream of multimodal
tasks. An agent must sequentially acquire advanced
capabilities, such as visual grounding and affor-
dance grounding, without catastrophically forget-
ting its foundational visual-linguistic perception.
Traditional fine-tuning in such cross-modal settings
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often exacerbates parameter drift, leading to severe
capability degradation. To investigate this inter-
ference, we utilize the RoboBrain-2.5-4B (Tan
et al., 2026) foundation model within a targeted
Cognitive Anchor protocol. Specifically, we des-
ignate General VQA (Task 1) as a zero-shot anchor
to quantify the degradation of foundational visual
intelligence following the sequential acquisition
of Visual Grounding (Task 2) and Affordance
Grounding (Task 3). This untrained anchor serves
as a persistent probe to measure model stability
amidst a stream of specialized embodied tasks.

Curriculum and Method Adaptation. The con-

tinuous learning stream consists of:

¢ Task 1 (Anchor): General VQA evaluated on
the VQAV2 benchmark (Goyal et al., 2017).

* Task 2 (Learning): Visual Grounding utiliz-
ing the RefCOCO and RefCOCO+ datasets
(Yu et al., 2016).

* Task 3 (Learning): Affordance Grounding
across diverse scenes utilizing the AGD20K
dataset (Luo et al., 2022).

We compare standard Full Fine-Tuning against
PaRSP, utilizing 500 randomly sampled instances
for Task 1 and 1,000 per task for Task 2 and Task
3. Given the architectural complexity of interleav-
ing visual encoders and LLM backbones, we focus
entirely on the Task-Specific Parameter Region Ac-
tivation component. Prior to learning Tasks 2 and
3, we utilize 256 multimodal calibration samples
to compute attribution scores. We strictly enforce
topological isolation by activating only a sparse
~ 5% functional core for spatial adaptation, pre-
serving the remaining 95% of the network as an
immutable “visual cognition memory bank.”

Results and Mechanistic Insights. The impact
of acquiring embodied skills on the foundational
VQA capability is quantified in Table 8.

Method VQA Accuracy Relative Drop (])
Zero-Shot 74.6% -

Full Fine-Tuning 68.4% -6.2%
PaRSP (Ours) 72.2% -2.4%

Table 8: Degradation of foundational visual perception
(VQAV2) after sequentially learning Visual Grounding
and Affordance Grounding on RoboBrain-2.5-4B.

As evident in Table 8, standard Full Fine-Tuning
causes significant parameter drift, plunging the

foundational VQA accuracy from 74.6% to 68.4%.
This confirms that unconstrained adaptation to spa-
tial coordinates overwrites the generalist neurons
responsible for high-level visual reasoning. Con-
versely, PaRSP effectively circumvents this seman-
tic degradation, maintaining a VQA accuracy of
72.2%. This case study empirically validates our
core bio-inspired philosophy: by topologically dis-
entangling “action/spatial neurons” from “cogni-
tive neurons,” PaRSP enables the sustainable evolu-
tion of multimodal agents without sacrificing their
foundational intelligence.

G Mechanistic Probing of Functional
Partitioning

A core theoretical premise of PaRSP is that founda-
tion models intrinsically compartmentalize knowl-
edge into sparse, functionally disentangled sub-
networks. To empirically validate this hypothesis,
we conduct a mechanistic probing study on FLM-
Audio (Yao et al., 2025; Wang and Sun, 2025), a
speech-language large model that processes contin-
uous audio and text streams within a unified param-
eter space. This dense architectural fusion inher-
ently exacerbates the risk of cross-modal interfer-
ence, making it an exceptionally rigorous testbed.
Our primary objective is to uncover the innate rep-
resentational disentanglement between acoustic
perception and semantic reasoning. Demonstrating
that distinct modalities naturally occupy disjoint pa-
rameter subspaces provides the definitive physical
justification for PaARSP’s core mechanism: topolog-
ically isolating task-specific circuits while mathe-
matically protecting shared cognitive bridges.

Probing Setup and “Cognitive Anchor” Proto-
col. We aim to determine whether the neurons
responsible for Acoustic Perception and Semantic
Reasoning are physically entangled or topologi-
cally isolated. We establish two distinct task an-
chors:

* Semantic Anchor (Text): We randomly sam-
ple 256 textual instances from the GSM8K
benchmark (Cobbe et al., 2021) to activate
high-level logical reasoning circuits.

* Acoustic Target (Audio): We randomly sam-
ple 256 speech instances from the MINDS-14
dataset (Gerz et al., 2021) to activate auditory
processing circuits.

Using our static attribution method (Equation (3)),
we compute the attribution scores for both the Feed-
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Figure 5: Layer-wise Modality Disentanglement IoU (Text vs. Audio) for FFN and ATT components. The downward
trend illustrates the transition from shared routing to specialized storage.

Forward Network (FFN) modules and Attention
(ATT) modules across the mid-to-deep layers (Lay-
ers 14-27), which are critical for knowledge stor-
age and routing. We isolate the top-5% most salient
neurons for each modality and quantify their spa-
tial overlap using the Intersection over Union (IoU)
metric.

Global Disentanglement Analysis. The global
intersection statistics are summarized in Ta-
ble 9. The remarkably low IoU scores—8.00%
for FFN modules and 11.18% for ATT mod-
ules—demonstrate an extreme degree of modality
disentanglement. Crucially, the observation that
FFN modules exhibit a lower overlap than ATT
modules aligns with prevailing mechanistic inter-
pretability theories: ATT modules primarily act as
information routers aggregating context, necessitat-
ing a baseline level of shared processing pathways
across modalities; conversely, FFN modules func-
tion as localized key-value memories (Geva et al.,
2021), requiring extreme specialization to avoid
semantic collision between acoustic features and
logical rules. Consequently, unconstrained full-
parameter fine-tuning on speech tasks inevitably
overwrites these disjoint semantic memory banks,
validating the necessity of PaRSP’s topological iso-
lation to prevent catastrophic reasoning collapse.

Component Modality Disentanglement IoU (|)
FFN (Storage) 8.00%
ATT (Routing) 11.18%

Table 9: Global modality disentanglement statistics
(Layers 14-27, Top-5% activation) on FLM-Audio. A
lower IoU indicates higher physical isolation between
semantic and acoustic circuits.

Layer-wise Analysis: The ‘“Cognitive Funnel”
Phenomenon. To dissect the internal representa-
tion flow, we visualize the layer-wise IoU in Fig-
ure 5. We observe a distinct and monotonic “Cog-
nitive Funnel” trend:

 Shallow Layers (Shared Routing): The ATT
modules in earlier layers (e.g., Layer 14) ex-
hibit relatively higher structural overlap (IoU
= 0.20). This indicates their role as multi-
modal feature aggregators, where acoustic and
textual streams share foundational processing
hubs before divergence.

* Deep Layers (Specialized Storage): As
depth progresses, the parameters become pro-
foundly specialized. By Layer 26, the ATT
IoU plunges to 0.03, and the FFN IoU to
0.05, effectively functioning as strictly dis-
joint, modality-specific memory banks.

Mechanistic Implications for PaRSP. These
probing results provide profound physical ground-
ing for PaRSP’s dual-constrained design. Because
deep layers are highly independent, Spatial Mask-
ing alone is highly effective at isolating new task
learning. However, because shallow layers harbor
“Generalist Neurons” (the shared multimodal hubs),
relying solely on structural sparsity is dangerously
insufficient. Therefore, the Null-Space Orthogo-
nal Update becomes mathematically imperative to
shield these shared shallow circuits from gradient
interference. This empirical evidence confirms that
PaRSP is not an artificial algorithmic constraint,
but a natural alignment with the intrinsic circuit
organization of foundation models.
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Dataset Source Avglen Metric Language #Data
Domain-specific

ScienceQA Science 210  Accuracy English 5,000
FOMC Finance 51 Accuracy English 5,000
MeetingBank Meeting 2853 ROUGE-L English 5,000
Multi-lingual

C-STANCE Social media 127  Accuracy Chinese 5,000
20Minuten News 382 SARI German 5,000
Code Completion

Py150 Github 422  Edim Similarity Python 5,000

Mathematical Reasoning
NumGLUE-cm Math
NumGLUE-ds Math

32 Accuracy English 5,000
21  Accuracy English 5,000

Table 10: Statistical summary of the TRACE benchmark (Wang et al., 2023b). “Source” signifies context origin,
while “Avg len” denotes mean length in words (for English, German, and code) or characters (for Chinese). SARI is
a specialized metric employed for simplification tasks.

Benchmark Order Task Sequence
1 dbpedia — amazon — yahoo — ag
Standard CL Benchmark 2 dbpedia — amazon — ag — yahoo
3 yahoo — amazon — ag — dbpedia
4 mnli — cb — wic — copa — qqp — boolga — rte — imdb —
yelp — amazon — sst-2 — dbpedia — ag — multirc — yahoo
Long Sequence Benchmark 5 mu.ltirc — boolga — wic % mnli — cb — copa — qqp — rte
— imdb — sst-2 — dbpedia — ag — yelp — amazon — yahoo
6 yelp — amazon — mnli — cb — copa — qqp — rte — imdb
— sst-2 — dbpedia — ag — yahoo — multirc — boolqa — wic
TRACE 7 c-stance — fomc — meetingbank — py150 — scienceqa —

numglue-cm — numglue-ds — 20minuten

Table 11: The experiments utilize seven task orderings categorized into three groups: Orders 1-3 follow the Standard
CL Benchmark (Zhang et al., 2015); Orders 4-6 involve the Long Sequence Benchmark spanning 15 diverse tasks
(Razdaibiedina et al., 2023); and Order 7 represents the TRACE benchmark, which comprises eight datasets (Wang

et al., 2023b).
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