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Abstract

Continual Learning (CL) for Large Language
Models (LLMs) faces a fundamental Stability-
Plasticity Dilemma: balancing the plastic-
ity to acquire new capabilities with the sta-
bility to preserve prior knowledge. While
Parameter-Efficient Fine-Tuning methods, such
as LoRA, enable efficient adaptation, we iden-
tify a critical flaw in current approaches termed
Rank-Blindness: the enforcement of a sin-
gle rank constraint across diverse tasks, which
entangles task-shared and task-specific knowl-
edge, leading to catastrophic forgetting of ear-
lier tasks and underfitting on complex new
ones. To address this, we propose SPARTA,
a novel rehearsal-free framework guided by a
rank-spectrum perspective that explicitly dis-
entangles knowledge into two orthogonal sub-
spaces. Specifically, SPARTA employs a low-
rank branch to capture task-shared representa-
tions and a high-rank branch to model task-
specific features. To integrate these com-
plementary representations, we introduce a
context-aware dynamic router that adaptively
fuses the two branches based on input seman-
tics, while an explicit orthogonality constraint
minimizes interference between shared and
specific parameter subspaces. This design ef-
fectively isolates task-specific updates from
shared knowledge, preventing the overwriting
of prior capabilities while preserving strong
adaptation capacity. Extensive experiments
demonstrate that SPARTA achieves a superior
stability-plasticity balance compared to single-
rank baselines. Notably, the proposed spectral
disentanglement strategy substantially reduces
inter-task interference and yields strong zero-
shot generalization on unseen tasks. Our code
will be available at https://anonymous.
4open.science/r/SpaRTA-CL.

1 Introduction

As Large Language Models (LLMs) (Dubey et al.,
2024; Yang et al., 2024) are increasingly deployed
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Figure 1: Paradigms of Continual Learning and the
Spectral Sweet Spot. (a) Evolution of CL paradigms:
Unlike Rehearsal (memory-heavy) or Architecture-
based expansion (inference-inefficient), our proposed
SPARTA employs a Rank-Aware Disentanglement strat-
egy. It utilizes dual-rank components to physically sep-
arate shared (low-rank) and specific (high-rank) knowl-
edge without replaying data. (b) Performance trade-off
on T5 and LLaMA2. While baselines struggle to bal-
ance Stability (Low Forget) and Plasticity (High AP),
SPARTA breaks this dilemma, achieving the optimal
balance in the top-right corner (Sec. 3 for metrics).

in dynamic, open-world environments, the ca-
pacity for Continual Learning (CL)—acquiring
new capabilities continuously without erasing prior
ones—has become paramount (Wang et al., 2023a;
Liu et al., 2025). Unlike traditional supervised
learning (Roziere et al., 2023), CL necessitates
that models sequentially adapt to evolving tasks
while maintaining proficiency on historical ones
(Zhai et al., 2023; Wu et al., 2024). This require-
ment engenders a fundamental conflict known as
the Stability-Plasticity Dilemma: the model must
be sufficiently plastic to assimilate new, specific
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knowledge (Dohare et al., 2021), yet stable enough
to preserve generalized linguistic structures.

As illustrated in Figure 1 (b), CL faces an inher-
ent dilemma: rigid prioritization of stability con-
strains new learning (plasticity), while aggressive
plasticity compromises memory retention (stabil-
ity). While Rehearsal-based methods (Wang et al.,
2024b; Sun et al., 2019) mitigate forgetting by re-
playing history, they fundamentally violate privacy
protocols and incur prohibitive storage costs, ren-
dering Rehearsal-Free approaches imperative for
LLMs. Recent advances in Parameter-Efficient
Fine-Tuning (PEFT), particularly LoRA (Hu et al.,
2022), have shown promising by freezing the back-
bone (Wang et al., 2023b). However, current solu-
tions remain limited. As summarized in Figure 1
(a), beyond the privacy risks of rehearsal and the
inference inefficiency of architecture-based expan-
sions (Wang et al., 2024a), existing PEFT methods
predominantly suffer from Rank-Blindness. They
typically enforce a static, uniform rank constraint
(e.g., r = 8) across all tasks. This implicitly assum-
ing that all knowledge, whether a broad linguistic
rule or a specific domain fact, is uniformly com-
pressible into the same low-rank subspace. Conse-
quently, constraining task-specific adaptation to a
low rank often leads to underfitting (plasticity loss),
while globally increasing the rank disrupts shared
parameters, will accelerate catastrophic forgetting
(stability loss) (Wang et al., 2022).

To address this, we advance a rank-spectrum
perspective on knowledge representation in LLMs.
Drawing from the properties of Singular Value De-
composition (Zhang, 2015), we hypothesize that
neural network updates are spectrally stratified:
Generalizable, task-invariant knowledge (e.g., syn-
tax, reasoning patterns) typically resides in the
dominant, low-rank principal components, whereas
task-specific, idiosyncratic knowledge (e.g., do-
main entities, rote facts) requires high-rank updates
to capture fine-grained variations (Liao et al., 2025).
Existing methods fail because they entangle these
distinct knowledge types into a single subspace. As
a result, spectral interference will be caused where
new specific facts overwrite old general structures.

Motivated by this, we introduce SPARTA
(Spectrum-aware Rank Task Adaptation), a novel
framework designed to structurally disentangle
shared and specific knowledge in parameters. Un-
like previous mixtures of adapters (Zhao et al.,
2024), SPARTA explicitly constructs dual orthogo-
nal subspaces: 1) A Low-Rank Subspace (Shared

Branch) dedicated to consolidating universal repre-
sentations that are robust to forgetting. 2) A High-
Rank Subspace (Specific Branch) dedicated to
high-fidelity adaptation for distinct task distribu-
tions. Crucially, we introduce a Spectrum-Aware
Dynamic Router (formerly decomposed weight-
ing) that learns to direct input tokens to the appro-
priate subspace based on their semantic context.
Specifically, to ensure true disentanglement, we
enforce an orthogonality constraint that minimizes
the projection overlap between these subspaces,
effectively routing common patterns to the stable
low-rank component and specific details to the plas-
tic high-rank component. Furthermore, we employ
stochastic restoration to protect source knowledge
(Dohare et al., 2024; Liu et al., 2023).

We conduct extensive experiments to evaluate
SPARTA on the Standard CL. Benchmark (Zhang
etal., 2015), Long Sequence Benchmark (Razdai-
biedina et al., 2023), and TRACE (Wang et al.,
2023c) using TS5 (Raffel et al., 2019), LLaMA2
(Touvron et al., 2023), LLaMA3.1 (Dubey et al.,
2024), and Qwen2.5 (Yang et al., 2024). SPARTA
achieves better performance on both public bench-
marks and in zero-shot generalization to unseen
tasks, validating the effectiveness of spectral dis-
entanglement in mitigating catastrophic forgetting.
In summary, our contributions are as follows:

* We formulate the CL challenge through a spectral
lens, identifying the rank-blindness of existing
adapters and proposing rank-based knowledge
disentanglement as a fundamental solution.

* We propose SPARTA, a rehearsal-free framework
that combines dual-rank adapters with context-
aware routing and orthogonal regularization to
balance stability and plasticity dynamically.

» Extensive experiments on public benchmarks
across diverse LLMs demonstrate that SPARTA
consistently outperforms baselines. Notably,
SPARTA yields superior zero-shot generaliza-
tion on unseen tasks, confirming the effective
preservation of general capabilities.

2 Motivation: Rank-Blindness and
Subspace Interference

Current Parameter-Efficient Fine-Tuning (PEFT)
methods (Houlsby et al., 2019) predominantly
impose a static and uniform low-rank constraint
across tasks, as exemplified by LoRA (Hu et al.,
2022), which fixes the adaptation rank (e.g., r = 8).
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Figure 2: Empirical Analysis of Rank Limitations and Subspace Interference.(A) Heterogeneity of Intrinsic
Dimensionality: The effective rank (rgqy,) varies significantly across 15 tasks. The standard setting (r = 8, red line)
creates a severe bottleneck for knowledge-intensive tasks.(B) Subspace Collapse (r = 8): High cosine similarity
(red diagonal) between ScienceQA and MeetingBank updates reveals that constrained ranks force distinct tasks
to compete for identical optimization directions.(C) Orthogonal Separation (r = 32): With relaxed constraints,
update subspaces naturally decouple (blue), demonstrating that interference stems from aggressive rank compression.

This design implicitly assumes that the intrinsic di-
mensionality of adaptation is universally low and
task-invariant. In this work, we revisit this assump-
tion through a systematic empirical analysis of task-
specific weight updates (AW), revealing substan-
tial variability in their effective rank across tasks.

The Heterogeneity of Effective Rank. We first
examined the spectral properties of task-specific up-
dates across 15 diverse tasks (refer to Sec. 4.1). By
performing Singular Value Decomposition (Zhang,
2015) on the update matrices, we calculated the
Effective Rank (rqy9,) needed to capture 90% of
the spectral energy. As shown in Figure 2 (A),
the results reveal a significant disparity: Task-
Dependent Complexity: The required rank spans
a wide spectrum, from r ~ 2 for simple style align-
ment to r > 60 for complex reasoning tasks. The
Information Bottleneck: The widely used setting
of r = 8 (red dashed line) falls well below the
requirement for the majority of tasks. This sug-
gests that static low-rank adapters impose a severe
compression loss, preventing the model from fully
encoding the necessary knowledge for complex
tasks (limiting Plasticity) (Zhao et al., 2024).

Rank-Induced Subspace Interference. Does
this aggressive compression come at a cost to sta-
bility? We hypothesize that constraining the rank
artificially forces the optimization trajectories of
distinct tasks to collide in a crowded subspace.To
verify this, we analyzed two semantically distinct
tasks: ScienceQA (reasoning) (Lu et al., 2022) and
MeetingBank (summarization) (Hu et al., 2023).
We extracted the principal directions (top singular

vectors) of their respective AW and computed the
pairwise cosine similarity. Forced Collision at
Low Rank (r = 8): As visualized in Figure 2 (B),
the heatmap exhibits a strong diagonal alignment.
This indicates that due to the scarcity of available
dimensions, the update vector for MeetingBank
is forced to align with the primary directions of
ScienceQA. Mathematically, this high cosine simi-
larity implies that new learning directly overwrites
the parameters critical for the old task, mechanis-
tically explaining catastrophic forgetting. Emer-
gent Orthogonality at Higher Rank (r = 32):
Conversely, when the rank capacity is relaxed to
r = 32 (Figure 2 (C)), the subspace overlap van-
ishes (predominantly blue). This demonstrates that
interference is not inherent to the tasks themselves,
but is an artifact of rank-blind compression. With
sufficient degrees of freedom, the model naturally
finds orthogonal paths to accommodate new skills
without disrupting historical knowledge.

These findings expose a structural dilemma: low-
rank adaptation induces underfitting and subspace
interference, whereas increasing rank conflicts with
PEFT efficiency. SPARTA addresses this by a
dual-branch design that disentangles shared low-
rank representations from task-specific high-rank
orthogonality. Further analysis in Appendix C.1
shows that the low-rank branch consolidates shared
feature representations, while the high-rank branch
captures task-specific variations. t-SNE visualiza-
tions and H-divergence measurements further con-
firm that SPARTA effectively disentangles task-
invariant stability from task-specific plasticity.
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Figure 3: The SPARTA Framework. (a) Spectrum-Aware Dynamic Router: An expandable memory bank
serves as a hyper-network to generate context-aware modulation signals. It takes the input query and acts as a prism,
decomposing the adaptation requirement into shared (A;) and specific (Ap) coefficients. An orthogonality constraint
(Lortho) enforces separation between these subspaces, while the router dynamically fuses them via A; and Ap.

3 Methodology

Guided by the Spectral Hypothesis (Sec. 2), which
posits that knowledge is stratified into low-rank
general patterns and high-rank specific nuances,
we introduce SPARTA. This rehearsal-free frame-
work structurally disentangles knowledge acquisi-
tion into spectrally distinct subspaces. As shown
in Figure 3, SPARTA is built upon three pillars:
(1) A Dual-Branch Spectral Architecture (§3.2)
that physically isolates shared structures from spe-
cific mappings; (2) A Spectrum-Aware Dynamic
Router (§3.3) that acts as a hyper-network to
contextually orchestrate information flow; (3) A
Progressive Isolation & Regularization strategy
(§3.4, §3.5) that ensures geometric separation and
prevents catastrophic interference over time.

3.1 Preliminary

Formulation. We focus on the Rehearsal-Free
Continual Learning (CL) setting for LLMs. Con-
sider a stream of N sequential tasks & =
{Ti,..., Ty}, where the t-th task 7, =
{(2i,y:)} Y, becomes available only at step t. Let
6 denote the frozen pre-trained backbone weights.
Our objective is to learn a set of adaptive parame-
ters A@ such that the model Fg,+ A9 minimizes the
empirical risk on the current task 7; while maintain-
ing performance on all previous tasks 7, without
accessing any historical data or replay buffers.

Metrics. We adopt the following metrics to quan-
tify various performances: 1) FP = % Z;V: 1 a]TVj
is the average zero-shot performance across all N
tasks after tuning on the final N-th task. Here,
at, denotes the zero-shot performance on task ¢
after sequentially tuning the m-th task, and Tj

refers to the j-th task in the sequence. 2) AP =
% Z;V: 1 a?j is the average zero-shot performance
when learning each j-th task, which measures the
plasticity of the model. 3) Forget = AP —FP is
calculated as the difference between AP and FP,
as commonly used in previous studies (Wu et al.,
2022; Jiang et al., 2025) to quantify forgetting.

3.2 Dual-Branch Spectral Architecture

To resolve the Rank-Blindness of standard adapters,
we structurally decouple the adaptation process
into two orthogonal subspaces. We integrate a
tri-branch structure into the linear layers (e.g.,
Query/Value projections) of the Transformer. For
a given input € R%» the output representation
h € R%ut is computed as:

h=Woz+ N(Wix) + A\(Wpz) (1)

Original  Shared Subspace  Specific Subspace

where Wy represents the frozen backbone linear
weights. The modulation vectors A\;, Ay, € Rdout
(generated by the router) perform channel-wise
scaling to dynamically fuse features.

The Low-Rank (Shared) Branch: Designed to
capture task-invariant capabilities (e.g., logical rea-
soning, syntax), this branch is constrained to a
low intrinsic dimension. It is parameterized by
W; = B;A;, where A; € R"*%n and B; €
R%ut X7t We enforce a tight rank constraint r; <
min(d;y, doyt) to encourage the learning of com-
pact, transferable structures.

The High-Rank (Specific) Branch: Designed to
accommodate task-idiosyncratic mappings (e.g.,
domain facts, rote memorization), this branch oper-
ates in a higher-dimensional subspace. It is param-
eterized by W, = B, Ay, with rank 7. Crucially,



we set 1, > 1 (e.g., 7p, = 4r;) to provide suffi-
cient geometric capacity for high-entropy updates,
preventing the information bottleneck.

3.3 Spectrum-Aware Dynamic Router

Ideally, the model should dynamically decide
whether to invoke shared skills or specific mem-
ories for each input token. To achieve this, we
propose a Spectrum-Aware Dynamic Router that
predicts the modulation vectors A;, Ay, in Eq. (1).

Instead of using static scalars, we employ a
hyper-network approach to generate context-
aware weights (Liao et al., 2024). We maintain
a pool of learnable routing components M =
{(Km, Vi, Ay) YM_,, where M is a hyperparam-
eter that controls the capacity of the hyper-network
(i.e., the number of routing components). Each
component consists of: (i) a key vector K, for con-
text matching, (ii) a value vector V,,, that encodes
the routing signature and maps to the modulation
vector A, and (iii) an attention vector A, that acts
as a spectral filter over the input representation.

For an input query x, we first compute a rel-
evance score vector « € RM. To enhance
feature selection, each query is modulated by
component-specific attention vectors A € R%n*M
via element-wise multiplication before similarity
computation:

a = Softmax <S1m(ac®A,K)> )

T

where K € R%n*M gtacks the routing keys, © de-
notes the Hadamard product, and 7 is a temperature
parameter. This design enables the router to attend
to different spectral bands of the input embedding
for different routing components, effectively sup-
pressing task-irrelevant features prior to similarity
computation. As a result, routing decisions become
more stable under domain shifts and better aligned
with task semantics.

The final routing weights A are synthesized as a
weighted combination of the value components:

M
m=1

where V,,, € R%u«, This hyper-network formula-
tion allows SPARTA to dynamically route each in-
put to an appropriate combination of low-rank and
high-rank adaptation subspaces, thereby balancing
task-shared generalization and domain-specific spe-
cialization in a unified and input-adaptive manner.

3.4 Progressive Subspace Isolation

To enable lifelong learning without catastrophic
forgetting, we implement a Progressive Subspace
Isolation strategy. Given a sequence of tasks, we
partition the component pool M into task-specific
subsets. When learning a new task 7;, we un-
lock only a fraction (M /N') of new components
{Knews Vnews Anew }» while strictly freezing all
previously learned components.

This strategy serves two purposes: (1) Forward
Transfer: The router can still attend to frozen
old components (o, > 0) if the current input
shares similarity with past tasks, enabling knowl-
edge reuse. (2) Backward Stability: By phys-
ically isolating the parameters for different tem-
poral stages, we structurally eliminate the risk of
overwriting prior knowledge.

3.5 Orthogonal Subspace Regularization

Structural separation alone does not guarantee se-
mantic disentanglement. To prevent the new com-
ponents from redundantly learning old patterns
(which leads to subspace collision), we impose an
Orthogonality Constraint. We enforce the projec-
tion matrices of different components to be orthog-
onal, thereby promoting more effective knowledge
partitioning and improving long-term retention:

['ortho = Z

Pe{K,V,A}

IPP-I3 @

where || - || 7 is the Frobenius norm. This regulariza-
tion pushes the routing components to span diverse
directions in the optimization landscape, ensuring
that new tasks occupy unoccupied subspaces (as
visualized in Figure 2(C)).

Stochastic Plasticity Restoration. Finally, to
balance stability with plasticity, we adopt a
Stochastic Restoration strategy. During training,
we randomly revert a subset of trainable parameters
to their initial states:

0,11 < MO©bOipir +(1—M)®0:1 (5

where M ~ Bernoulli(p) and p is a small proba-
bility. This acts as a regularization akin to Dropout,
preventing the model from becoming overly rigid
to the current task’s specific distribution.

Total Objective. The final optimization objective
for task 7; minimizes the Cross-Entropy loss Lo g
alongside the orthogonality penalty:

£total = £CE(7;) + B ' ﬁortho (6)



Methods Standard CL Benchmark (SC) Long Sequence Benchmark (LS) TRACE
FP 1 AP 1 Forget | FP 1 AP 1 Forget | FP 1 AP1  Forget|
L2P* (Wang et al., 2021) 60.7 - 56.1 - -
LFPTS5* (Qin and Joty, 2021) 72.7 - 69.2 - -
ProgPrompt* (Razdaibiedina et al., 2023) 75.1 - - 719 - - - -
o IncLoRA 65.7 68.1 24 59.7 66.3 6.6 - - -
%‘) SeqLoRA 70-71.39 76.7i,43 6.0 59~9i.56 73~3i,28 134 lz.li,gg 44~5i.94 324
".] LoRAReplay 73.31_42 76.6i_01 33 73.6136 75-4i.51) 1.8 34-0i.(12 46.8i_(,3 12.8
2 O-LoRA (Wang et al., 2023b) 720463 Tddysr 24 679150 703465 24 - - -
+ MIGU (Du et al., 2024) 71.6445 739167 2.3 653135 68.0+47 2.7 - - -
SPARTA (ours) 72‘7i.58 74811,8 2.1 70‘0i./1/1 71.8i.3(; 1.8 ]6.7i,21 41 ~3i. 58 24.6
+ Replay 75'9i.24 76-5i 75 0.6 74.33:_35 74.71.91 04 36.53:_32 45~2i.61 8.7
mMTL 800 - - 765 - T - 398 - -
m SeqLoRA 74~9i.42 80-71.38 5.8 73~7i.66 8001.65 6.3 64.1i,4g 77.9i,94 13.8
o LoRAReplay 79~2i.55 80-7i.61 1.5 80.014:, 81.3i_57 1.3 71-9i.(12 78.6i_7) 6.7
@ O-LoRA (Wang et al., 2023b) 764474 787150 2.3 679474 719449 4.0 350134 47014 120
% SPARTA (ours) 798454 80.3+ 49 0.5 769+ 35 79.7+36 2.8 66.0433 74.6438 8.6
j + Replay 80.0i,24 804145 0.4 81.8i,c,1 80.6i.g4 -1.2 73-1i.46 77~5i.98 4.4
MTL 83.6 - - 85.1 - 80.8 - -
m SeqLoRA 79461_62 80.81_49 5.8 74.81_55 83.81_02 9.0 65.11_69 82.41_04 17.3
'o_?‘ LoRAReplay 80.3i‘71 80-91.56 0.6 82.0169 SS.Oi,75 3.0 78~7i.83 85-7i.08 7.0
;’:" O-LoRA (Wang et al., 2023b) 723186 739168 1.6 T141 64 T4.84 64 3.7 36. 7157 50.1+37 13.4
= SPARTA (ours) 809, 40 80.641 35 -0.3 80.0453 823448 2.3 727194 80448 7.7
S +Replay  808.g5 804sar 04 822.4 826177 04 T76.4r 810:7m 34
MTL 84.2 - - 86.6 - - 81.4 - -

Table 1: Performance of baselines and ours SPARTA on standard CL benchmark (Order 1,2,3) and long sequence
benchmark (Order 4,5,6) and TRACE (Order 7). Bold indicates the best in each setting and * means that those
results are from their papers. We report the mean and standard deviation of results with 3 different runs.

where 3 controls the subspace separation strength.

4 Experiment

4.1 Datasets

We evaluate SPARTA on three diverse benchmarks
spanning text classification and complex reason-
ing: Standard CL Benchmark (SC) (Zhang et al.,
2015; Wang et al., 2023b): Comprises four clas-
sification datasets (AG News, Amazon, DBpedia,
Yahoo). Following Wang et al. (2023b), we con-
struct three random task permutations (Orders 1-3).
Long Sequence Benchmark (LS) (Razdaibiedina
et al., 2023): Extends SC to 15 tasks by including
GLUE, SuperGLUE, and IMDB. We strictly follow
the setup in Razdaibiedina et al. (2023) (1,000 train-
ing/500 test samples per class) with three sequences
(Orders 4-6). TRACE (Wang et al., 2023¢c): A
challenging LL.M-centric benchmark containing 8
heterogeneous tasks, including multi-choice QA,
multilingual understanding, code generation, and
mathematical reasoning.

4.2 Baselines

We compare SPARTA against a comprehensive set
of baselines categorized by their CL strategy: Up-
per Bound: MTL trains on all tasks jointly to
estimate the performance ceiling. Naive & Re-
play: SeqLoRA sequentially fine-tunes a fixed

LoRA adapter; IncLoRA learns new parameters in-
crementally without regularization; LoRAReplay
augments SeqLoRA with a 2% data replay buffer.
Prompt-based: L2P (Wang et al., 2021) utilizes
a dynamic prompt pool; LFPTS (Qin and Joty,
2021) employs generative replay with soft prompts;
ProgPrompt (Razdaibiedina et al., 2023) progres-
sively concatenates learned prompts. Regulariza-
tion & Subspace: MIGU (Du et al., 2024) restricts
updates to large-magnitude parameters; O-LoRA
(Wang et al., 2023b) learns tasks in orthogonal sub-
spaces to minimize interference.

4.3 Implementation Details

We implement SPARTA across multiple scales and
architectures, including LLaMA-2-7B (Touvron
et al., 2023), LLaMA-3.1-8B (Dubey et al., 2024),
Qwen2.5-7B (Yang et al., 2024), and T5-Large
(Raffel et al., 2019). All experiments are conducted
on 2 x NVIDIA A100 (80GB) GPUs using the
LLaMA-Factory framework (Zheng et al., 2024).
To ensure robustness, we report the average perfor-
mance over 3 independent runs. More details are
provided in Appendix B.

4.4 Main Results

To demonstrate the effectiveness of SPARTA in
resolving the stability-plasticity dilemma, we con-
duct extensive experiments across three CL bench-
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Figure 4: The shifts in CL methods with FP (bar 1) and Forget (line |) on LS Order 4. SPARTA prevents the shift

(blue bar) and thus mitigates forgetting (orange line).

marks, as summarized in Table 1. Detailed break-
downs are provided in Appendix C.

Breaking the Stability-Plasticity Trade-off. A
core challenge in CL is mitigating Catastrophic
Forgetting (CF) without stifling the learning of
new tasks. 1) Superior Stability (Low Forget):
As shown in Table 1, traditional methods suffer
from severe forgetting. While O-LoRA improves
upon baselines, it still incurs over 12% forgetting
on the TRACE benchmark. In contrast, SPARTA
consistently minimizes forgetting across all set-
tings. For instance, on LLaMA2, SPARTA reduces
Forget by an average of 2.1% compared to O-
LoRA. Notably, even when compared to Replay-
based methods, SPARTA achieves a 1.1% lower
forgetting rate, demonstrating that our spectral dis-
entanglement strategy is more effective than raw
data replay. 2) High Plasticity (High AP): Cru-
cially, this stability does not come at the cost of
plasticity. SPARTA maintains high AP, trailing Se-
gqLoRA (the theoretical upper bound for plasticity)
by less than 1%. This confirms that the High-Rank
Branch in our architecture successfully captures
task-specific nuances, ensuring the model remains
highly responsive to new instruction distributions.

Robustness to Task Complexity and Sequence
Length. Longer sequences (LS, 15 tasks) and di-
verse instructions (TRACE) typically accelerate
forgetting. Our results reveal a clear trend: forget-
ting escalates from 5.8% (SC) to 17.3% (TRACE)
in LLaMA3.1-8B. However, SPARTA exhibits re-
markable robustness in these challenging scenarios.
By allocating specific subspaces for high-entropy
tasks, SPARTA prevents the spectral collision com-
mon in single-rank adapters, effectively handling
the increased interference in long-horizon learning.

Scalability Across Foundation Models. We ob-
serve that stronger foundation models inherently

Methods MMLU BBH GSMSK AGIEval | FP
Zero-Shot 65.65 6212 5633 17.72 -

SeqgLoRA 6358 1190  0.00  20.60 | 79.92
LoRAReplay 6024 599  1.82 10.69 | 80.13
O-LoRA 6279 631 156 13.87 | 71.83
SPARTA 6447 1042 3.63 1694 | 81.39

MIL 6648 28.87 2259 2218 | 8412

Table 2: Task generalization comparisons on unseen
tasks based the LLaMA3.1-8B after training in Order 1.

possess better resistance to forgetting. For example,
LLaMA3.1-8B exhibits consistently lower forget-
ting than LLaMA2-7B across benchmarks. No-
tably, SPARTA yields consistent gains across TS5,
LLaMA, and Qwen, verifying that our rank-aware
disentanglement is a model-agnostic solution that
scales effectively with stronger backbones.

4.5 Analysis

Learning Dynamics and Forward Transfer. Fig-
ure 4 visualizes the trajectory of performance (FP)
and forgetting (Forget) throughout the training pro-
cess. SPARTA maintains a smoother performance
curve with minimal dips during task transitions
compared to O-LoRA. Further analysis of the con-
fusion matrices (Table 9) reveals SPARTA’s dual
advantage: 1) Backward Stability: After the final
task, SPARTA retains 97.8% accuracy on the first
task (DBPedia), surpassing O-LoRA by 4.0%. 2)
Forward Transfer: The model exhibits improved
zero-shot performance on future tasks (e.g., Ag-
News) before training on them. This strongly sug-
gests that the Low-Rank Branch effectively consol-
idates shared knowledge, acting as a transferable
skill base for unseen tasks.

Zero-Shot Generalization. To verify whether
SPARTA captures task-invariant capabilities, we
evaluate it on four unseen benchmarks covering rea-
soning (GSM8K, BBH) and classification (MMLU,



SPARTA;, SPARTA; Weight Attention Ortho. Rest. FP1

E, . - - . . - 730
E, v - - 737
E; - v - 754
E4 v v - T6
Es v v v 781
Eg v v v - v 786
E; v v v v - v 792
Es v v v v v v 795

Table 3: Ablation studies on different components.

AGIEval). As shown in Table 2, SPARTA consis-
tently outperforms baselines. This validates our
Spectral Hypothesis: by explicitly separating task-
invariant structures into the low-rank subspace,
SPARTA prevents them from being corrupted by
task-specific overfitting. Consequently, the model
retains its general reasoning and world knowledge
better than methods that entangle all updates in a
single subspace. Notably, we observe a general
decline in reasoning tasks (GSM8K) across all CL
methods compared to pre-trained models. This
suggests a potential alignment tax where tuning on
narrow classification tasks may suppress generative
reasoning, an avenue for future exploration.

Additionally, we provide a detailed efficiency
analysis in Appendix C.3 to demonstrate the practi-
cal viability of SPARTA.

4.6 Ablation Study

Table 3 validates the distinct contributions of each
SPARTA component on Order-1 tasks. Dual-
Branch Synergy (F>-FE4): While high-rank (£5)
or low-rank (F3) adapters alone provide marginal
gains, their combination (£y) yields a substantial
non-linear improvement (+4.6). This confirms
our spectral hypothesis: the two branches are com-
plementary, with the low-rank branch consolidat-
ing shared structures and the high-rank branch cap-
turing specific nuances. Spectrum-Aware Rout-
ing (Es-FEg): The decomposed weighting and at-
tention keys contribute an additional ~2.0 gain.
This proves that static adaptation is insufficient;
dynamic, context-aware routing is essential to
correctly dispatch tokens to their corresponding
spectral subspaces. Regularization Safeguards
(E5, E7): Stochastic Restoration (Ej5) effectively
preserves plasticity against rigidity. Crucially, Or-
thogonality (£/7) minimizes subspace collision, pre-
venting the high-rank branch from redundantly en-
coding shared knowledge (interference).

5 Related Work

Continual Learning paradigms. Existing CL
methods generally fall into three -categories.
Rehearsal-based approaches (Tiwari et al., 2021;
Wang et al., 2024b; He et al., 2024) retain his-
torical samples, fundamentally compromising pri-
vacy and storage efficiency (Sun et al., 2019).
Regularization-based methods (Zhu et al., 2024;
Du et al., 2024) constrain parameter updates but fre-
quently struggle with the stability-plasticity trade-
off. While architecture-based strategies (Wang
et al., 2023b; Zhao et al., 2024) expand parame-
ters to reduce interference, they typically rely on
discrete, expert-based routing that fails to guar-
antee semantic separation. In contrast, SPARTA
introduces a spectral perspective, leveraging or-
thogonal subspaces to physically disentangle task-
invariant structures from idiosyncratic mappings
without data replay.

PEFT in Continual Learning. While PEFT tech-
niques like LoRA (Hu et al., 2022) have been
adapted for CL (Wang et al., 2023b; Zhao et al.,
2024), current methods predominantly suffer from
Rank-Blindness. By enforcing a uniform rank
across all tasks, they ignore the varying intrinsic
dimensionality of knowledge, causing information
bottlenecks for complex tasks or subspace inter-
ference for simple ones. SPARTA resolves this
by dynamically orchestrating a spectrum-aware in-
terplay between low-rank (shared) and high-rank
(specific) adapters (Liu et al., 2023), ensuring ro-
bust adaptation across diverse task complexities.

6 Conclusion

In this paper, we reconceptualize Continual Learn-
ing (CL) for LLMs through the lens of spectral
efficiency, establishing three desiderata: rehearsal-
free adaptation, inference efficiency, and plas-
ticity preservation. To satisfy these, we in-
troduce SPARTA, a framework designed to re-
solve the rank-blindness of existing PEFT meth-
ods. By structurally disentangling task-invariant
structures (low-rank) from idiosyncratic mappings
(high-rank) via a spectrum-aware dynamic router,
SPARTA effectively breaks the stability-plasticity
trade-off. Extensive experiments across diverse
benchmarks and foundation models demonstrate
that SPARTA achieves superior anti-forgetting
performance and generalization without data re-
play, offering a scalable and privacy-preserving
paradigm for lifelong learning.
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A Overall Framework

Drawing from the insight that LoRA (Hu et al,,
2022) has exhibited superior performance, we uti-
lize a high- and low-rank framework to ensure sta-
bility during continual task adaptation. The overall
framework and the details of our method SPARTA
are shown in Figure 3.

LoRA (Low-Rank Adaptation), as proposed by
(Hu et al., 2022), postulates that parameter changes
(AW) during fine-tuning occur within a low-rank
subspace. This is particularly applied to the layer
weights Wy € R™*™ of a model fy for a down-
stream task. The parameter update is formulated as
AW = A x B, where A € R™*" and B € R™*"
are two learnable matrices, and the rank r is signif-
icantly smaller than min{m, n}.

For a specific layer in the model fy, the LoORA
update is expressed as:

B =Wyx+ AWz = (Wo + AB)x

Here, I’ represents the updated output, and
is the input to the layer. Importantly, the original
weights Wy are kept frozen during the fine-tuning
process, and only the matrices A and B are train-
able.

B Experimantal Settings

B.1 Datasets

Train Tasks. Tables 4 and 5 provide detailed in-
formation on the datasets utilized in our continual
learning (CL) experiments. Table 4 presents the 15
datasets included in the Long Sequence Benchmark
(Razdaibiedina et al., 2023), while Table 5 outlines
the 8 datasets from TRACE (Wang et al., 2023c).
Both tables include the corresponding evaluation
metrics for each dataset.

Generalization. We select the 1) Multitask Lan-
guage Understanding (MMLU) (Hendrycks et al.,
2021), which includes multiple-choice questions
across 57 subjects. 2) GSMS8K (Cobbe et al.,
2021), which is a high-quality linguistically di-
verse multi-step elementary math reasoning dataset.
3) BIG-Bench Hard (BBH) (Suzgun et al., 2022),
which includes 27 challenging tasks spanning arith-
metic, symbolic reasoning, and more, derived from
BIG-Bench (BB) (bench authors, 2023). Most of
the data consists of multiple-choice questions. 4)
AGIEval (Zhong et al., 2023), which includes a
wide range of high-quality official entrance exams,
qualifying exams, and advanced competitions tai-
lored to human participants.
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Table 4: The details of 15 classification datasets in the Long Sequence Benchmark (Razdaibiedina et al., 2023).
First five tasks correspond to the standard CL benchmark (Zhang et al., 2015).

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

B.2 Task Sequence Orders

We report task orders used for our CL experiments
in Table 6.

B.3 Implementations

Our implementations are based on huggingface
transformers v4.45.2 (Wolf et al., 2020) using Py-
Torch v2.3.1 (Paszke et al., 2019) and LLaMAFac-
tory (Zheng et al., 2024). All unseen tasks gen-
eralization evaluation conducted using the Open-
Compass toolkit (Contributors, 2023), adopting its
default configuration.

For Standard CL Benchmark and Long Sequence
Benchmark (Order 1 - Order 6), We trained the
models with 1 epoch, a constant learning rate of
le-4.

For TRACE Order 7 (C-STANCE, FOMC,
MeetingBank, Py150, ScienceQA, NumGLUE-cm,
NumGLUE-ds, 20Minuten), we trained with 5000
samples with a constant learning rate of 1e-4 for 5,
3,7,5,3,5,5, 7 epochs respectively.

In a series of performance experiments, we con-
figured various parameters as follows: the LoRA
rank was set to 8 refer to Figure 2 (a), and the pro-
portion of past task data mixed in LoRAReplay was
set to 2%. For the SPARTA model, the low-rank
configuration was set to 2 and the high-rank config-
uration to 8. From Figure 7, it can be observed that
the performance of 2 and 8 is optimal. Additionally,
compared to LoRA, the increase in parameters is
limited, with only an additional set of LoRA with
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arank of 2, achieving a balance between resources
and performance.

In terms of the decomposed component weight-
ing strategy, we used a weight length (L,,) of

8. The weight component for each task was set
to N‘j;y”
M , where Njyer is the number of
model layers and N represents the number of tasks.
The hyperparameter S was assigned a value of 10.
For stochastic recovery, a simple strategy was ap-
plied where a small proportion of parameters was

recovered every 200 training steps.

, leading to a total weight calculation of
NXN layer
2

B.4 More Baselines

IncLoRA: Incremental learning of new LoRA pa-
rameters for a sequential series of tasks (without
adding any regularization or replaying samples
from previous tasks).

LFPTS (Qin and Joty, 2021): Continuously train
a soft prompt that simultaneously learns to solve
tasks and generate training samples, which are sub-
sequently used in experience replay.

ProgPrompt (Razdaibiedina et al., 2023): Sequen-
tially concatenates previously learned prompts to
the current one during training and testing.

SAPT (Zhao et al., 2024): In the SAPT method, a
Shared Attentive Learning and Selection Module
(SALS) is used to guide training samples through
optimal PET blocks for task-specific learning, us-
ing a unique instance-level attention mechanism.
This process ensures efficient continual learning



Table 5: The overview of dataset statistics in TRACE (Wang et al., 2023c). The ’Source’ indicates the origin of the
context. "Avg len’ denotes the average length, measured in word count for English, German, and code datasets, and
in character count for Chinese datasets. "'SART’ is a score that is specific to evaluating simplification tasks.

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 32 Accuracy English 5,000
NumGLUE-ds Math 21  Accuracy English 5,000

Table 6: Seven distinct orders of task sequences were employed for the experiments in continual learning. Orders
1-3 align with the Standard CL Benchmarks, as adopted in previous studies (Zhang et al., 2015). Orders 4-6 pertain
to the Long Sequence Benchmarks, which encompass a total of 15 tasks (Razdaibiedina et al., 2023). Order 7 refers
to the TRACE benchmark, specifically designed for LLMs, and comprises eight datasets (Wang et al., 2023c¢).

Benchmark Order Task Sequence
1 dbpedia — amazon — yahoo — ag
Standard CL Becnhmark 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 Becnhmark 5 mu'ltlrc — 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 - c-stance — fomc — meetingbank —> py150 — scienceqa —
numglue-cm — numglue-ds — 20minuten
Orders 2,16 2,8 4,8 4,16  sualize the feature distributions and quantify task
1 79.4408 81.0921 80.8125 80.8387 divergences.
2 78.5329  80.3684  80.4507  80.8585 Feature Space Separation (t-SNE). We perform
3 78.9934 81.8882 80.2007 80.7500

Table 7: The performance of SPARTA using LLaMA3.1-
8B with different high and low ranks on the standard
CL benchmark.

for large language models.

C Extended Results

C.1 Visualization of Spectral Disentanglement

To verify that SPARTA successfully disentangles
knowledge representations as hypothesized, we vi-
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t-SNE analysis (van der Maaten and Hinton, 2008)
on the hidden states of LLaMA2-7B across four
tasks. As shown in Figure 5 (a), the features pro-
cessed by the Low-Rank Branch exhibit highly
overlapping clusters across different tasks. This
confirms that the low-rank subspace effectively fil-
ters out task-specific noise, capturing task-invariant
structures (shared knowledge). In contrast, the
High-Rank Branch produces distinct, separated
clusters, reflecting its capacity to encode task-
idiosyncratic nuances.

Quantifying Stability (H-divergence). We fur-
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Figure 5: (a) We perform a t-SNE distribution analysis of different adapter representations on Order 1(4 tasks). The
low-rank branch shows a consistent distribution across the target tasks and the high-rank branch exhibits substantial
distribution differences across target tasks. (b) We calculate the divergence of different branches in Order 4 (15
tasks). Compared to the source model, low-rank adapters effectively alleviate inter-task divergence across all 14
task transitions, while high-rank adapters significantly enhance intra-task feature aggregation.

Method FLOPs Trainable Stored Predict
(10'6) | Parameters (%) | Features (%) | Time (ms) |
SeqLoRA 2.6 0.30 0 89
LoRARepaly 4.8 0.30 2% 90
O-LoRA 8.8 0.46 0 196
SPARTA 4.6 0.38 0 141

Table 8: Comparison of the number of trainable param-
eters and FLOPs for Order 4 with LLaMA2-7B.

ther employ the H-divergence metric to measure
distribution shifts. Lower inter-task divergence im-
plies better stability. As shown in Figure 5 (b),
the Low-Rank branch significantly minimizes inter-
task divergence compared to the High-Rank branch
and the baseline. This aligns with our Spectral
Hypothesis: general capabilities are spectrally sta-
ble and transferable, whereas specific knowledge
introduces distributional shifts.

These analyses empirically validate that
SPARTA structurally realizes the intended dis-
entanglement: routing stability to the low-rank
subspace and plasticity to the high-rank subspace.

C.2 Fine-grained Results for the Main
Experiments

We report the results of each task order on the 3
benchmarks in Table 10. Overall, our proposed
SPARTA demonstrates excellent capabilities in ad-
dressing CF and Loss of plasticity.

C.3 Efficiency and Overhead

Table 8 presents the trade-off between computa-
tional cost and performance. 1) Training Ef-
ficiency: SPARTA requires 4.6 x 10'® FLOPs,
which is comparable to LoRA-Replay but signifi-
cantly lower than O-LoRA (8.8 x 10'6). 2) Mem-
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ory Footprint: Unlike Replay methods that re-
quire external memory banks (violating privacy),
SPARTA is strictly privacy-preserving with zero
data storage. 3) Inference Latency: While the
dynamic routing introduces a marginal latency in-
crease (141ms vs. 89ms for SeqLoRA), it remains
well within practical limits. Crucially, this slight
cost buys a significant gain in non-forgetting, mak-
ing SPARTA a highly efficient solution for real-
world deployment where privacy and stability are
paramount.

Method Order1 dbpedia amazon yahoo agnews
SPARTA  dbpedia  99.04

amazon 99.01 59.62

yahoo 98.78 5598  75.66

agnews 97.76 5722 7141 91.61
OLoRA  dbpedia  98.46

amazon 98.30 55.24

yahoo 96.94 51.50  69.05

agnews 93.77 55.65 68.43 87.0

Table 9: Performance comparison across different
stages.

D Limitations

Method. The SPARTA method introduces a de-
composed component weighting strategy and em-
ploys both high-rank and low-rank adapters, which
increases the complexity of the model architecture.
This complexity may lead to higher computational
costs during training and inference, particularly
when scaling to larger models or more tasks. Addi-
tionally, the need for dynamic weight adjustments
based on task relevance and distinction may re-
quire more sophisticated optimization techniques,
potentially limiting their applicability in resource-



Table 10: Detailed results on 3 standard CL benchmarks with T5-Large, LLaMA2-7B, LLaMA3.1-8B and Qwen2.5-
7B. Averaged accuracy after training on the last task (FP, Sec. 4.1) is reported. * means that those results are from

their papers.
Methods Standard CL Benchmark (SC) Long Sequence Benchmark (LS) TRACE
Order1 Order2 Order3 Avg Order4 Order5 Order6 Avg Order?7
# T5-Large based
SeqLoRA 72.1 66.8 73.3 70.7 66.4 63.9 19.5 59.9 12.1
LoRAReplay 74.0 73.1 73.0 73.3 74.2 72.7 73.9 73.6 34.0
L2P* (Wang et al., 2021) 60.3 61.7 61.1 60.7 57.5 53.8 56.9 56.1 -
LFPT5* (Qin and Joty, 2021) 67.6 72.6 77.9 72.7 70.4 68.2 69.1 69.2 -
ProgPrompt* (Razdaibiedina et al., 2023) 75.2 75.0 75.1 75.1 78.0 71.7 719 77.9 -
IncLoRA 66.5 64.6 66.1 65.7 59.1 60.7 594 59.7 -
O-LoRA (Wang et al., 2023b) 73.2 72.4 70.4 72.0 69.9 68.5 65.3 67.9 -
+ MIGU (Du et al., 2024) 73.5 71.4 70.0 71.6 65.4 65.2 65.2 65.3 -
SAPT-LoRA* (Zhao et al., 2024) - - - - 83.4 - 80.6 - -
SPARTA (ours) 73.7 70.5 73.8 72.7 71.5 70.5 68.0 70.0 16.7
+ Replay 77.0 75.6 752 75.9 75.6 73.2 74.1 74.3 36.5
# LLaMA2-7B based
SeqLoRA 73.0 73.2 78.4 74.9 74.7 73.7 72.5 73.7 64.1
LoRAReplay 80.3 80.4 76.7 79.2 80.3 79.5 80.5 80.0 71.9
O-LoRA (Wang et al., 2023b) 76.2 76.3 76.8 76.4 68.5 67.8 67.5 67.9 35.0
SPARTA (ours) 79.5 79.9 80.0 79.8 76.6 77.0 772 76.9 66.0
+ Replay 80.4 81.3 78.4 80.0 83.2 82.5 81.8 81.8 73.1
# LLaMA3.1-8B based
SeqLoRA 79.9 79.0 80.0 79.6 74.2 73.7 76.5 74.8 65.1
LoRAReplay 80.1 80.6 80.1 80.3 83.2 80.7 82.2 82.0 78.7
O-LoRA (Wang et al., 2023b) 71.8 72.2 72.8 72.3 73.1 69.4 71.6 71.4 36.7
SPARTA (ours) 81.4 80.7 80.5 80.9 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 82.2 80.1
# Qwen2.5-7B based
SeqLoRA 80.0 77.9 78.4 78.8 79.5 79.1 81.1 79.9 65.1
LoRAReplay 80.7 80.6 80.1 80.5 83.3 83.2 82.7 83.1 75.7
SPARTA (ours) 79.8 79.1 79.4 79.4 79.8 80.2 81.5 80.5 70.4
+ Replay 80.3 80.6 79.9 80.3 83.7 82.9 82.9 83.2 773

constrained environments. Furthermore, our cur-
rent approach to stochastic recovery involves a step-
level method, where a small proportion of parame-
ters is recovered every 200 steps. There is signifi-
cant potential to enhance this process by exploring
dynamically adaptive methods that can more effec-
tively select saturated or less important parameters
for recovery. Additionally, establishing criteria to
determine when recovery is necessary could op-
timize the process further, potentially improving
model performance and efficiency.

Task. Although SPARTA is designed to be
rehearsal-free, it still relies on the availability of
diverse and high-quality task-specific data for ef-
fective adaptation. In scenarios where task-specific
data is scarce or of low quality, the method’s ability
to adapt and generalize may be compromised. Ad-
ditionally, the method’s performance on tasks with
significant domain shifts or out-of-distribution data
remains to be fully explored.

Large Language Models. The effectiveness
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of SPARTA is highly dependent on the under-
lying LLM architecture. =~ While the method
shows promising results on models like LLaMA?2,
LLaMA3.1, and Qwen2.5, its performance may
vary across different LLMs, especially those with
significantly different architectures or pre-training
objectives. Furthermore, we do not experiment
with larger models like 13B and 72B due to com-
putational or financial constraints.

E Ethical Considerations and Al writing
statement

Our approach does not introduce ethical concerns.
The datasets we used are public, and there are no
privacy issues.

This paper utilized Al assistance for language
polishing of the manuscript, including vocabulary
correction and spell checking.
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