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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 spec-
tral disentanglement strategy substantially re-
duces inter-task interference and yields strong
zero-shot generalization on unseen tasks. Our
code will be available at https://github.
com/Xnhyacinth/SpaRTA.

*Corresponding authors.

Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 73607376

1 Introduction

As Large Language Models (LLMs) (Dubey et al.,
2024; Yang et al., 2024) are increasingly deployed
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
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., 7 = 8) across all tasks. This implicitly assum-
ing that all knowledge, whether a broad linguistic
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(b) Comparison of Stability (Forget) and Plasticity (AP)
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 LLaMA?2. 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).

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 up-
dates to capture fine-grained variations (Liao et al.,
2025b). Existing methods fail because they entan-
gle 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.
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Figure 2: Empirical Analysis of Rank Limitations and Subspace Interference.(A) Heterogeneity of Intrinsic
Dimensionality: The effective rank (rgq9;) 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.

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., 7 = 8).
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
updates across 15 diverse tasks (refer to Sec. B). By
performing Singular Value Decomposition (Zhang,
2015) on the update matrices, we calculated the
Effective Rank (rgy9;) 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
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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.

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 & =
{T1,...,Tn}, where the t-th task T; =
{(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-

. . T;
tify various performances: 1) FP = % Z;V:1 ay

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 =
% Zjvz 1 a? 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=Wox+ \N(Wix) + A\(Wp) (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; €
Reut X7t We enforce a tight rank constraint r; <
min(d;,, 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}, = By A, with rank 7. Crucially,
we set r;, > 1 (e.g., 7, = 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 =
{(Kim, Vi, Ayy) M|, 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.
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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 (Ay) coefficients. An orthogonality constraint
(Lortho) enforces separation between these subspaces, while the router dynamically fuses them via A; and \p.

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%inxM
via element-wise multiplication before similarity
computation:

o = Softmax (Slm(m@A,K)) 2)

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
A=Y anVa 3)
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
{Knew, Vinew; 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 (ayq > 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:

D

Pe{K,V,A}

Lortho = IPTP 12 4

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,
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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 - - -
%ﬁ SCqLORA 70-7i.39 76-7143 6.0 59‘9i.56 73~3i.28 134 lz.li,gg 44.5i‘g4 324
".] LoRAReplay 73~3i.42 76.6i_51 33 73-6i.156 75-41.5‘) 1.8 34-0i.62 46.8i_63 12.8
2 O-LoRA (Wang et al., 2023b) 720463 Tddysr 24 679150 703165 24 - - -
+ MIGU (Du et al., 2024) T1.6445 739167 2.3 653135 68.0+47 2.7 - - -
SPARTA (ours) 727158 T4.84 68 2.1 70.0444 71.84 36 1.8 167491 413458 24.6
+ Replay 75-9i.24 76-5i 75 0.6 74.31_35 74.71.91 04 36.5i_32 45~2i.()1 8.7
mMTL 800 - - 765 - T - 398 - -
@ SeqLoRA 7494 42 80.74 33 5.8 73.7+66 80.0+65 6.3 641149 779454 13.8
o LoRAReplay 79~2i.55 80.71_61 1.5 80.03;_4:, 81.33;57 1.3 71.91_51 78.6i_75 6.7
::. O-LoRA (\\v‘dllg et il|., 2()23|)) 76.41_74 78.7:&_59 2.3 67.91_74 71.9;&_49 4.0 35.0:&_34 47.01.42 12.0
E:v SPARTA (ours) 79.8454 80.31 49 0.5 769+ 35 79.7+36 2.8 66.0433 74.64 33 8.6
j + Replay 80.0i_21 80.4i_4r, 0.4 81.8i_61 80.6i_84 -1.2 73-1146 77~5i.98 4.4
mMTL 836 - - 85.1 - ST T 80.8 - -
m SeqLoRA 79461.62 80.8i449 5.8 74-8i.58 83.8iv02 9.0 65. li.ﬁg 8244i_04 17.3
ﬁ LORARCp]‘dy 80.3i,71 80.9i,5(; 0.6 82.01@) 85.0i_75 3.0 78.7i,3; 85-7i.68 7.0
::; O-LoRA (Wang et al., 2023b) 723186 7394168 1.6 7141610 748164 3.7 36.7+57 50.1437 13.4
= SPARTA (ours) 809, 40 80.64 35 -0.3 80.0+L53 823448 2.3 727194 804483 7.7
S +Replay  808.g5 804syr 04 822.4 826177 04 T76.4 810:7m 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.

we randomly revert a subset of trainable parameters
to their initial states:

0,11 < MO©Oi+(1—-—M)®60,41 (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
alongside the orthogonality penalty:

Etotal = ECE(,E) + 5 : £0rtho (6)

where 3 controls the subspace separation strength.

4 Experiments

4.1 Experimental Setup

We evaluate SPARTA on three rehearsal-free
continual-learning benchmarks with increasing in-
terference difficulty: the Standard CL. Benchmark
(SC) (Zhang et al., 2015; Wang et al., 2023b), the
Long Sequence Benchmark (LS) (Razdaibiedina
et al., 2023), and TRACE (Wang et al., 2023c). SC
contains four classification tasks, LS extends the
stream to 15 tasks, and TRACE stresses broad capa-
bility retention with QA, multilingual understand-
ing, code, and mathematical reasoning. We exper-

iment with T5-Large, LLaMA2-7B, LLaMA3.1-
8B, and Qwen2.5-7B. The baselines span the
main design families in the literature, including
prompt-based methods, regularization-based meth-
ods, rehearsal-free PEFT baselines, and replay-
enhanced variants: L2P, LFPTS, ProgPrompt, In-
cLoRA, SeqLoRA, LoRAReplay, MIGU, and O-
LoRA. We average our main results over three runs.
O-LoRA is the strongest rehearsal-free single-rank
baseline in our setting, while LoRAReplay serves
as a reference point when memory is allowed. This
distinction matters because our claim is not that
replay is unnecessary, but that rank-aware structure
strengthens the rehearsal-free frontier under a com-
parable budget. Additional dataset, task-order, and
hyperparameter details are deferred to Appendix B.

4.2 Main Results: Continual Learning
Performance

Table 1 reports the main continual-learning results.
The overall pattern is consistent across scales and
backbones: SPARTA improves the rehearsal-free
retention—plasticity trade-off, with the largest gains
appearing where single-rank methods are most brit-
tle. On T5-Large, the advantage is already visible
on the harder long-stream setting: compared with
O-LoRA, SPARTA improves LS final performance
from 67.9 to 70.0 and reduces forgetting from 2.4
to 1.8. The gains become much larger on decoder-
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forgetting (Forget, lines) throughout Order 4. SPARTA follows a more stable trajectory than prior rehearsal-free
baselines, consistent with the view that spectral disentanglement reduces forgetting without sacrificing downstream

performance.

only LLMs, where interference is stronger and ca-
pacity allocation matters more. On LLaMA2-7B,
SPARTA cuts forgetting from 2.3 to 0.5 on SC and
from 4.0 to 2.8 on LS, while raising TRACE final
performance from 35.0 to 66.0. On LLaMA3.1-8B,
it lifts SC final performance from 72.3 to 80.9, LS
final performance from 71.4 to 80.0, and TRACE fi-
nal performance from 36.7 to 72.7, while reducing
TRACE forgetting from 13.4 to 7.7.

Two observations matter most. First, the rela-
tive gain of SPARTA grows with stream difficulty.
The gap is modest on SC, larger on LS, and largest
on TRACE, which is consistent with the spectral-
interference hypothesis: as the stream becomes
longer and more heterogeneous, forcing all tasks
into one shared low-rank geometry becomes in-
creasingly harmful. Second, SPARTA improves re-
tention without simply turning conservative. Its AP
remains competitive with strong baselines, making
it less likely that the gains come from suppressing
adaptation. Taken together, the results support our
main interpretation that the key bottleneck lies in
the sharing scheme of the adapter space, not only
in the total parameter count.

We also observe supplementary evidence beyond
the main tables on a distinct multimodal backbone.
In the RoboBrain2.5-4B study (Appendix C.3),
SPARTA outperforms a single-rank LoRA base-
line across all three task orders, achieving final
performance of 80.6, 78.0, and 80.0 with forgetting
of only 0.2, 2.6, and 0.3. We treat this result as sup-
porting evidence rather than as a standalone claim,
but it is consistent with the view that the same rank-
aware split transfers beyond a single model family
without changing the core algorithm.

4.3 Unseen-Task Generalization

To test whether SPARTA preserves task-invariant
capabilities rather than merely fitting the observed
stream, we evaluate the final model on unseen
benchmarks spanning reasoning and classification.
Table 2 shows a clear pattern. Relative to O-LoRA,
SPARTA improves MMLU from 62.79 to 64.47
and GSMS8K from 1.56 to 3.63, while also rais-
ing final in-domain performance from 71.83 to
81.39. It also remains stronger than LoRAReplay
on MMLU and GSMS8K despite using no replay
storage. These results matter because they help dis-
tinguish two explanations for good continual per-
formance: a method can look stable either because
it preserves reusable structure or because it overfits
the observed stream in a way that merely delays
forgetting. The unseen-task gains favor the first
interpretation. More cautiously, they suggest that
the shared low-rank branch preserves capabilities
that remain useful beyond the training trajectory
itself.

4.4 Efficiency and Overhead

An effective continual-learning method must also
remain practical. Table 3 shows that SPARTA main-
tains a favorable efficiency—performance trade-
off. Relative to O-LoRA, SPARTA reduces train-
ing FLOPs from 8.8 to 4.6 (x 10'6), lowers the
trainable-parameter ratio from 0.46% to 0.38%,
and cuts prediction latency from 196 ms to 141 ms,
all while remaining strictly rehearsal-free. Se-
gLoRA is still slightly cheaper at inference time,
but it pays for that simplicity with markedly worse
forgetting on the harder benchmarks. This com-
parison matters because it narrows an alternative
explanation for the gains: they are not attributable
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Methods MMLU BBH GSMSK AGIEval | FP
Zero-Shot 65.65 62.12  56.33 17.72 -
“SeqLoRA 6358 1190  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
SPARTA 64.47 1042 3.63 16.94 81.39
“MTL 6648 2887 2259 2218 | 84.12

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

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

to substantially more optimization budget, replay
storage, or hidden parameter growth, but to a more
effective use of a similar budget.

4.5 Mechanistic Analysis

Learning Dynamics and Forward Transfer. Fig-
ure 4 visualizes the training trajectory on a repre-
sentative long-stream order. The main takeaway
is dynamical rather than only final-state: SPARTA
exhibits smaller performance drops at task bound-
aries and a flatter forgetting curve than O-LoRA.
This is the pattern we would expect if a new task
can recruit fresh task-specific directions without
rewriting the reusable subspace.

Table 9 provides a more fine-grained view of
retained knowledge after the full Order 1 stream.
After training on all four tasks, SPARTA retains
97.76 on DBPedia versus 93.77 for O-LoRA, 57.22
on Amazon versus 55.65, 71.41 on Yahoo versus
68.43, and 91.61 on AGNews versus 87.0. The
gains are not isolated to one task; they appear
across the full task trajectory. This broad reten-
tion pattern is consistent with the paper’s mecha-
nistic account: spectral disentanglement does not
merely protect one early task, but preserves a larger
fraction of the learned trajectory.

4.6 Ablation Study

Table 4 isolates the contribution of each component.
The pattern is highly structured. Starting from the
minimal baseline (F1, 73.0 FP), enabling only the
high-rank branch reaches 73.7, while enabling only
the low-rank branch reaches 75.4. This asymmetry
is informative: the shared low-rank branch already
captures more broadly useful structure than the

SPARTA;, SPARTA; Weight Attention Ortho. Rest. FP 7
E; - - - - - - 73.0
Eq v - 73.7
Es - v 75.4
E4 v v - 71.6
Es v v - v o8l
Eg v v v - v 78.6
E7 v v v v - v 79.2
Eg v v v v v v 79.5

Table 4: Ablation studies on different components.

high-rank branch in isolation. However, neither
branch alone is sufficient. Combining them in F,
raises final performance to 77.6, a gain of 2.2 points
over the best single-branch variant.

The remaining gains then align with the rest
of our design. Stochastic restoration improves
Ey — E5 from 77.6 to 78.1, showing that mild
parameter reset helps sustain plasticity. Learned
modulation weights improve E5 — Eg to 78.6, and
the full dynamic router improves Eg — F7 to 79.2,
indicating that input-dependent branch allocation
matters beyond static branch coexistence. Orthog-
onality further improves Fy — Eg from 79.2 to
79.5, confirming that explicit subspace separation
remains beneficial even after architectural disen-
tanglement. In short, the ablation study suggests
that SPARTA benefits from the interaction of its
components rather than from one isolated trick.

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
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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.
Structured Reasoning Transfer Beyond CL. Re-
cent efficient-reasoning work increasingly avoids
monolithic transfer and instead decomposes what
should be distilled, internalized, or generated.
Representative directions include rationale-based
reasoning distillation (Ho et al., 2023; Hsieh
et al., 2023; Magister et al., 2023), knowledge-
augmented or neural-symbolic transfer (Kang et al.,
2023; Liao et al., 2025b), progressive internaliza-
tion of external prompts or symbolic cues (Zou
et al., 2024; Liao et al., 2025a), and instruction-
conditioned generation of task-specific adapters
(Liao et al., 2024). Although these methods target
reasoning distillation, inference efficiency, or cross-
task generalization rather than rehearsal-free con-
tinual learning, they reinforce the same high-level
intuition behind SPARTA: heterogeneous knowl-
edge is better handled through structured factor-
ization than through a single uniform adaptation
channel.

6 Conclusion

We study rehearsal-free continual learning through
the lens of rank allocation and identify rank blind-
ness as the central failure mode revealed by our
analysis of long, heterogeneous task streams. A
single fixed-rank adapter forces reusable structure
and task-specific detail into the same update space,
which weakens plasticity on hard tasks and in-
tensifies forgetting as task interference accumu-
lates. SPARTA addresses this mismatch by sepa-
rating low-rank shared adaptation from high-rank
task-specific adaptation, modulating both with a
spectrum-aware router, and explicitly discourag-
ing cross-task subspace collision. The evidence is
coherent at three levels: spectral analysis exposes
heterogeneous rank demand and subspace colli-
sion, ablations show that the proposed components
contribute complementary gains, and benchmark
results show stronger retention, competitive plas-
ticity, and better unseen-task generalization across
multiple backbones. Taken together, these findings

suggest that continual adaptation benefits from or-
ganizing capacity by functional role rather than by
a single global rank budget. At the same time,
our evidence is limited to the task streams and
model scales studied here. Testing whether the
same principle extends to larger multimodal mod-
els and more open-ended lifelong settings remains
an important direction for future work.
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A Method Details

This appendix provides supporting material for
the main paper, including implementation details,
dataset and task descriptions, mechanistic evidence,
and fine-grained benchmark results.

‘We build on LoRA (Hu et al., 2022), which ex-
presses parameter updates as a low-rank matrix
factorization. In SPARTA, this idea is extended
into coordinated low-rank and high-rank branches
so that shared and task-specific adaptation need not
compete within one single subspace.

For completeness, the standard LoRA update for
a linear layer is

W =Wz + AWz = (Wo + AB)x

where W is frozen and only the low-rank factors
are trainable. SPARTA retains this efficiency while
allocating separate ranks to shared and specific
adaptation roles.

B Additional Experimental Details
B.1 Datasets

Train Tasks. Tables 5 and 6 summarize the
datasets used in our continual-learning experiments.
Table 5 lists the 15 datasets in the Long Sequence
Benchmark (Razdaibiedina et al., 2023), while Ta-
ble 6 lists the 8 datasets in TRACE (Wang et al.,
2023c). Both tables also report the evaluation met-
ric used for each dataset.

Generalization. For unseen-task evaluation, we
use Multitask Language Understanding (MMLU)
(Hendrycks et al., 2021), which covers multiple-
choice questions across 57 subjects; GSMSK
(Cobbe et al., 2021), a linguistically diverse multi-
step elementary math reasoning benchmark; BIG-
Bench Hard (BBH) (Suzgun et al., 2022), which
contains 27 challenging tasks spanning arithmetic,
symbolic reasoning, and related skills and is de-
rived from BIG-Bench (BB) (bench authors, 2023);
and AGIEval (Zhong et al., 2023), which collects
official entrance exams, qualifying exams, and ad-
vanced competitions designed for human test tak-
ers.

B.2 Task Sequence Orders

We report task orders used for our CL experiments
in Table 7.

B.3 Implementation Details

Our implementation is based on Hugging Face
Transformers v4.45.2 (Wolf et al., 2020), PyTorch
v2.3.1 (Paszke et al., 2019), and LLaMAFactory
(Zheng et al., 2024). All unseen-task generalization
experiments are conducted with the OpenCompass
toolkit (Contributors, 2023) under its default con-
figuration.
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Table 5: Long Sequence benchmark datasets. The 15 datasets used in the Long Sequence Benchmark (Razdai-
biedina et al., 2023) are listed here, and the first five tasks coincide with 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

For the Standard CL. Benchmark and the Long
Sequence Benchmark (Orders 1-6), we train each

model for 1 epoch with a constant learning rate of
le-4.

For TRACE Order 7 (C-STANCE, FOMC,
MeetingBank, Py150, ScienceQA, NumGLUE-cm,
NumGLUE-ds, and 20Minuten), we use 5000 sam-
ples per task with a constant learning rate of le-4
and train for 5, 3,7, 5, 3, 5, 5, and 7 epochs, re-
spectively.

In the main performance experiments, we set the
LoRA rank to 8, following the evidence in Figure
2(a), and use a replay ratio of 2% for LoRAReplay.
For SPARTA, the low-rank branch uses rank 2 and
the high-rank branch uses rank 8. Table 8 shows
that this configuration performs best. Compared
with vanilla LoRA, SPARTA adds only one extra
low-rank adapter with rank 2, yielding a favorable
balance between parameter cost and performance
on the studied benchmarks.

For the decomposed component weighting strat-
egy, we use a weight length (L,,) of 8. The number

of weight components allocated to each task is
NXN]ayer
4 9

layer

set to NT, which gives a total of M =
where Njayer is the number of model layers and N
is the number of tasks. We set the hyperparame-
ter 5 to 10. For stochastic recovery, we apply a
simple schedule that restores a small proportion of
parameters every 200 training steps.

B.4 Additional Baselines

IncLoRA: An incremental baseline that appends
new LoRA parameters as tasks arrive, without ad-
ditional regularization or replay.

LFPTS (Qin and Joty, 2021): A soft-prompt
method that jointly learns task solving and sam-
ple generation, with the generated samples used for
replay.

ProgPrompt (Razdaibiedina et al., 2023): A
prompt-based continual-learning method that con-
catenates previously learned prompts to the current
prompt during training and inference.

SAPT (Zhao et al., 2024): A routing-based PEFT
method that uses the Shared Attentive Learning and
Selection Module (SALS) to direct each instance
to the most suitable task-specific PET block.

C Additional Analysis and Results

C.1 Mechanistic Evidence for Spectral
Disentanglement

To examine whether SPARTA disentangles knowl-
edge representations as intended, we visualize fea-
ture distributions and quantify task divergences.

Feature Space Separation (t-SNE). We perform
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 over-
lapping clusters across tasks. This pattern is con-
sistent with the idea that the low-rank subspace
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Table 6: TRACE dataset statistics. We summarize the dataset sizes, context sources, average input lengths, and
evaluation metrics for TRACE (Wang et al., 2023c¢).

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 7: Task orders used in continual-learning experiments. Orders 1-3 follow the Standard CL. Benchmark
(Zhang et al., 2015), Orders 4-6 correspond to the 15-task Long Sequence Benchmark (Razdaibiedina et al., 2023),
and Order 7 denotes TRACE (Wang et al., 2023c).

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.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 — boolga — wic
TRACE 7 c-stance — fomc — meetingbank ﬁ py150 — scienceqa —
numglue-cm — numglue-ds — 20minuten
Orders 2,16 2,8 4,8 4,16 better stability. As shown in Figure 5 (b), the low-

1 79.4408 81.0921

80.8125 80.8387
2 78.5329 80.3684 80.4507 80.8585
3 78.9934 81.8882 80.2007 80.7500

rank branch yields lower inter-task divergence than
the high-rank branch and the baseline. This result
aligns with our spectral hypothesis: reusable capa-

bilities are more stable and transferable, whereas

Table 8: Sensitivity to branch ranks on the Stan-
dard CL Benchmark. We report the performance of
SPARTA with LLaMA3.1-8B under different low-rank
and high-rank branch configurations.

suppresses task-specific noise and captures more
task-invariant structure. In contrast, the high-rank
branch produces more distinct clusters, reflecting
its greater capacity to encode task-specific varia-
tion.

Quantifying Stability (H-divergence). We further
employ the H-divergence metric to measure distri-
bution shifts. Lower inter-task divergence implies

task-specific knowledge introduces larger distribu-
tional shifts.

Taken together, these analyses are consistent
with the intended functional split in SPARTA: sta-
bility is concentrated in the low-rank subspace,
while plasticity is concentrated in the high-rank
subspace.

C.2 Fine-grained Results for the Main
Experiments

We report order-level results for all three bench-
marks in Table 10. These results complement Ta-

7373



Ours:Low-Rank  Pretrained Weight ~ Ours:High-Rank

(a) t-SNE feature geometry. The low-rank branch forms
more task-invariant clusters than the high-rank branch.

***** High-rank —+—_ Low-rank
(b) Intra-task Divergence

o
3

e €
>

H-Divergence Value
=
[

e
[

S

=
=
>

=

Jensen-Shannon Divergence

0.0 .
Ti-T2 Ta-Ts T-Ts  TiTun TisTia Ti T 7 Tio Tis

(b) H-divergence across task transitions. The low-rank
branch yields lower inter-task divergence than the high-rank
branch.

Figure 5: Mechanistic evidence for spectral disentanglement. The low-rank branch preserves task-invariant
geometry and lower inter-task divergence, whereas the high-rank branch remains more task-specific, matching the

functional split proposed in SPARTA.

ble 1 in the main text and show that the gains of
SPARTA are not driven by a single task order.

Method Order1 dbpedia amazon yahoo agnews

SPARTA  dbpedia  99.04
amazon 99.01 59.62
yahoo 98.78 55.98 75.66
agnews 97.76 5722 7141  91.61

OLoRA  dbpedia  98.46
amazon 98.30 55.24
yahoo 96.94 5150  69.05
agnews 93.77 55.65 68.43 87.0

Table 9: Performance comparison across different
stages.

C.3 Supplementary Results from the Final
Evaluation Logs

We conduct additional experiments on
RoboBrain2.5-4B (Tan et al., 2026) to probe the
cross-backbone robustness of SPARTA. This
multimodal setting is also complementary to
recent efficiency-oriented reasoning work such
as ResAdapt (Liao et al., 2026), which improves
multimodal reasoning from the input-allocation
side rather than the continual-adaptation side.
Table 11 compares SPARTA against a single-rank
LoRA baseline across three task orders.

As shown in Table 11, SPARTA achieves con-
sistently strong AP and FP across all orders (both
around 80) with small forgetting (0.2-2.6 points).
Relative to LoORA, SPARTA yields higher final per-
formance and lower forgetting on Order 1 and Or-
der 3, and remains competitive on Order 2. We
therefore treat RoboBrain2.5-4B as supplementary
evidence that the proposed rank-aware split is not
tied to a single model family.

D Limitations

Method. SPARTA adds architectural structure be-
yond a standard single-rank adapter, including a
dual-branch decomposition, a dynamic router, and
stochastic restoration. Although the main exper-
iments show a favorable efficiency—performance
trade-off at the tested scales, this added structure
may become harder to optimize or deploy as the
model size and task horizon grow. In particular, the
current stochastic restoration schedule is heuristic
rather than adaptive, leaving room for more princi-
pled criteria for when and where recovery should
be applied.

Task. Our evaluation focuses on benchmark
streams with clear task boundaries and supervised
objectives. This setting is appropriate for con-
trolled comparison, but it does not cover task-free
continual learning, severe domain shift, or settings
where task-specific data is scarce or noisy. The
extent to which the same rank-allocation principle
transfers to such regimes remains open.

Model Scope. We wvalidate SPARTA on
T5, LLaMA, Qwen, and a supplementary
RoboBrain2.5-4B study, but we do not test substan-
tially larger models such as 13B or 72B systems.
As a result, our claims should be interpreted at
the level of the backbones and scales studied here
rather than as evidence of universal architecture-
agnostic behavior.

E Ethical Considerations and AI Writing
Statement

Our method is evaluated on public datasets and
does not require storing historical user data for
rehearsal. This property makes the approach ap-
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Table 10: Order-level final performance across all benchmarks. We report averaged final performance (FP) for
T5-Large, LLaMA2-7B, LLaMA3.1-8B, and Qwen2.5-7B after the full task stream; * marks numbers copied from
prior work.

Standard CL Benchmark (SC) Long Sequence Benchmark (LS) TRACE
Order1 Order2 Order3 Avg Order4 Order5 Order6 Avg Order?7

Methods

# 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 71.9 -
IncLoRA 66.5 64.6 66.1 65.7 59.1 60.7 59.4 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) - - - - 834 - 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 75.2 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 77.2 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) 71.8 722 72.8 72.3 73.1 69.4 71.6 71.4 36.7
SPARTA (ours) 814 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 71.3

pealing for privacy-sensitive continual-learning set-
tings, although broader deployment risks inherited
from the underlying LLMs still remain.

Al tools were used only for surface-level lan-
guage polishing, such as spelling correction and
phrasing refinement. The technical content, experi-
mental design, and scientific claims were authored
and verified by the human authors.
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Table 11: Continual-learning results on RoboBrain2.5-4B. We compare SPARTA with a single-rank LoRA
baseline across three task orders, reporting AP, FP, and Forget.

Order 1 Order 2 Order 3
Method
AP{ FP1 Forget] APt FPT Forget| AP{ FP{ Forget|

LoRA 80.0 794 0.7 80.3 77.5 2.8 80.2 79.8 0.4
SPARTA 80.8 80.6 0.2 80.6 78.0 2.6 80.3 80.0 0.3
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