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When One Adapter Speaks for Many: Discovering Low-Rank Redundancy in
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Abstract
Low-Rank Adaptation (LoRA) has become the
standard tool for parameter-efficient fine-tuning
of large pretrained models. When applied sequen-
tially across tasks in Continual Learning (CL), the
standard assumption is that each new task requires
a dedicated low-rank adapter. In this work, we
challenge this assumption empirically and struc-
turally. We show that task-specific LoRA adapters
in CL exhibit significant low-rank redundancy:
the subspaces spanned by adapters trained on dif-
ferent tasks substantially overlap, and in many
cases earlier adapters can faithfully represent later
tasks. Building on this observation, we propose
LITELORA, a plug-and-play gating mechanism
that learns at train time whether to recruit a new
adapter or reuse existing low-rank representations.
Our method reduces the number of active adapters
by 20–70% while matching or exceeding state-of-
the-art performance on standard CL benchmarks,
revealing that structural redundancy is pervasive
and that selective learning is sufficient to achieve
stability without sacrificing plasticity.

1. Introduction
In the era of foundation models, the need for effective and
efficient adaptation is ever growing. As pretraining costs
scale dramatically with model size, repeatedly retraining
models from scratch to incorporate new data is increasingly
impractical. This motivates a shift toward lifecycle-aware
adaptation, where models are incrementally updated over
time. Parameter Efficient Fine Tuning (PEFT) have emerged
as a key mechanism for enabling such updates at low cost.
Instead of updating all backbone weights, PEFT methods
introduce lightweight modules, such as low-rank adapters
(LoRA) (Hu et al., 2021), allowing foundation models to
acquire new capabilities while limiting computational and

1Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.

Preliminary work under review. Do not distribute.

memory overhead. Despite their reduction in costs, PEFT
methods still face a fundamental challenge in sequential
fine-tuning settings: simply acquiring new information may
overwrite existing knowledge and degrade overall model
performance, a phenomenon called Catastrophic Forgetting
(CF).

Continual Learning (CL) algorithms (Hadsell et al., 2020)
address CF by ensuring the stability of past knowledge
during adaptation. In the context of Low-Rank Adapta-
tion, the prevalent strategy is to impose active constraints
on adapters to minimize cross-task interference. For in-
stance, O-LoRA (Wang et al., 2023) orthogonalizes adapters
across tasks, while InfLoRA (Liang & Li, 2024) aligns the
adapter’s row space with the task input span. While effective
at preserving stability, these constraints inevitably reduce
the model’s plasticity—its ability to learn new tasks—as
the available optimization space becomes increasingly re-
stricted over time. Conversely, recently Wu et al. (2025)
showed that decoupling the magnitude and direction of up-
dates reduces forgetting without restricting the parameter
space, proposing a constraint-free method named SD-LoRA.
While this preserves plasticity, the lack of constraints can
lead to unbounded forgetting as the task sequence grows.
Consequently, existing methods force a binary choice be-
tween rigidity (high stability, low plasticity) and drift (high
plasticity, low stability).

Our work is motivated by a simple empirical question: do
different tasks in a CL stream require genuinely distinct
low-rank subspaces, or do they share latent structure? We
show empirically that the answer is strongly the latter. We
propose LITELORA, a method that learns a differentiable
binary gate to determine, for each new task, whether existing
adapters already span the relevant low-rank subspace or
whether a new one is needed. Built on top of SD-LoRA
(Wu et al., 2025), LITELORA uses 20–70% fewer adapters
while matching or exceeding state-of-the-art performance.

2. Problem Setup
PEFT and LoRA. Parameter-efficient fine-tuning via
low-rank adaptation (LoRA) is a widely adopted approach
for fine-tuning pretrained models to downstream tasks.

1
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Specifically, given a pretrained model with weight matrix
W0 ∈ Rm×n, LoRA (Hu et al., 2021) introduces the pa-
rameter update ∆W = AB ∈ Rm×n where A ∈ Rm×r

and B ∈ Rr×n are two low-rank learnable matrices with
rank r ≪ min{m,n}. The LoRA-updated output becomes
h = (W0 +AB)x.

Continual Learning. In CL, a sequence of tasks
{T1, · · · , TT } must be learned sequentially. The t-th task
Tt consists of a training dataset Dt = {x(i)

t , y
(i)
t }|Dt|

i=1 where
x
(i)
t denotes an input image and y

(i)
t its corresponding label.

When training on Dt, the model does not have access to pre-
vious data {Dk}t−1

k=1 but is required to mitigate catastrophic
forgetting of the t− 1 previously learned tasks. We follow
the class-incremental learning setting where the model must
classify all classes seen across all tasks, without being pro-
vided the task identity at inference. When applying LoRA
to CL, during learning on task Tt, we compute the output at
a given layer as

h = (W0 +A1B1 +A2B2 + · · ·+AtBt)x.

3. LITELORA
We propose a modular gating framework that can wrap any
adapter-based CL method.

3.1. Learnable Gating Mechanism

Given a sequence of tasks, each task t is associated with a
candidate adapter ∆Wt ∈ Rm×n. The cumulative weight
update when learning task t is:

∆Wt =

t∑
i=1

βi ·∆Wi, (1)

where ∆Wi is the adapter for task i and βi ∈ {0, 1} is a bi-
nary gate determining whether it contributes to the forward
pass. For previously learned tasks (i < t), βi is fixed after
training. For the current task, we initialize βt ≡ 1 to learn
candidate features, and subsequently optimize it to deter-
mine whether the newly introduced adapter is necessary.

We employ a global gating strategy, where a single scalar
logit li controls the activation of the adapter for task i across
all layers. This formulation encourages the model to make a
binary decision at the task level: either the new task requires
a dedicated adapter, or it can be solved by reusing existing
knowledge.

Differentiable Selection via Gumbel-Sigmoid. To make
the binary decision differentiable, we parameterize β us-
ing a continuous logit l. We employ the Gumbel-Sigmoid
relaxation (Jang et al., 2016) combined with the Straight-
Through Estimator (STE) (Bengio et al., 2013). During the

forward pass, we compute a “soft” gate βsoft and discretize
it:

βsoft = σ

(
l +G

τ

)
, β = I(βsoft > 0.5), (2)

where σ is the sigmoid function, τ is a temperature pa-
rameter (fixed to τ = 1), and G ∼ Gumbel(0, 1) is noise
sampled during training. To enable gradient flow, we use
the STE formulation:

βtrain = β − SG(βsoft) + βsoft, (3)

where SG(·) denotes the stop-gradient operator. This allows
the network to use discrete binary weights in the forward
pass while gradients propagate through the continuous βsoft
in the backward pass. At training time we add Gumbel
noise G to the new logit, as we found that this would lead
to increased levels of sparsity. Intuitively, the added noise
may randomly turn on and off the adapter during training,
acting like a dropout regularizer. Importantly, the Gumbel
noise is sampled only during training. At inference time,
we disable the noise and compute a deterministic selection
using the learned logit β = I(σ(li) > 0.5). This ensures
reproducible predictions while the training process benefits
from stochastic exploration. We find that Gumbel noise
acts as a dropout-like regularizer; see Appendix A.3 for an
ablation, but remark that it is not essential to the method.

Two-phase Training Simultaneously optimizing the
adapter parameters (A,B) and the structural gate (l) can
lead to instability. Therefore, we decouple the learning
process for each task t into two distinct phases:

• Phase 1: Feature Acquisition. We freeze all previous
adapters and the current gate logit lt (initializing βt =
1). We train the new adapter parameters {At,Bt, αt}
and the classification head. This phase focuses entirely
on learning the features necessary to solve the new task,
assuming the capacity is available.

• Phase 2: Structural Pruning. This phase is extremely
lightweight: one epoch over a single scalar versus thou-
sands of adapter parameters in Phase 1. We freeze the
newly learned adapter parameters and the classification
head, and train only the scalar logit lt under a global
sparsity penalty (the full training loss is given in Eq. 4,
Appendix A.4). Since all previously learned gating
logits {li}i<t are frozen, the sparsity penalty on their
corresponding gates is constant and does not contribute
to the gradients. As a result, only the current logit lt
is updated. This phase forces the model to verify if
the new adapter is strictly necessary. If the task can be
solved using the accumulated knowledge of previous
adapters, the sparsity penalty drives βt to 0.
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At the end of Phase 2, we evaluate the final gate βt. If
βt = 0, the parameters At,Bt are permanently discarded,
resulting in zero parameter growth for that task.

4. Empirical analysis
Benchmarks. We evaluate LITELORA on three bench-
mark datasets for class-incremental learning. CIFAR-
100 (Krizhevsky, 2009) contains 100 classes of 32×32 im-
ages, which we split into 10 disjoint tasks of 10 classes
each. ImageNet-A (Hendrycks et al., 2021b) consists of 200
classes of natural adversarial examples; we split it into 20
disjoint tasks of 10 classes each. ImageNet-R (Hendrycks
et al., 2021a) consists of 200 ImageNet classes (Deng et al.,
2009) rendered in artistic styles; we split it into 20 tasks of
10 classes each.

Implementation. We instantiate LITELORA on top of
SD-LoRA (Wu et al., 2025), using its magnitude–direction
decomposition ∆Wi = αi ·AiBi as the per-task adapter,
chosen for its strong plasticity properties, where AB =

AB
∥AB∥F

. The gating mechanism is otherwise backbone-
agnostic and could equally wrap O-LoRA or InfLoRA
adapters. We adopt the setup of SD-LoRA (Wu et al., 2025),
which has been shown to outperform prior LoRA-based CL
methods such as InfLoRA (Liang & Li, 2024). For all three
datasets we use a pre-trained ViT-B/16 backbone (Dosovit-
skiy et al., 2021) with a hidden dimension d = 768. LoRA
adapters of rank r = 10 are applied to the Query and Value
projections in all 12 Transformer blocks.

Metrics. We evaluate performance using two standard
metrics: Average Anytime Accuracy (A), defined as the
mean accuracy across all seen tasks evaluated after each
incremental step; and Forgetting (F), which measures the
average decline in performance for each task relative to its
peak value.

4.1. LITELORA reduces forgetting

As detailed in Table 1, our method consistently matches
or exceeds the accuracy of SD-LoRA while substantially
reducing parameter growth. In particular, our method has
two important characteristics:

• Efficiency: On CIFAR-100, we achieve comparable
accuracy using only 5–8 adapters, compared to the
fixed 10 used by SD-LoRA. This efficiency gain is
even more pronounced on the two 20-task ImageNet
benchmarks: on ImageNet-A (Order 1), our method
requires only 6 adapters versus 20 for the baseline,
and on ImageNet-R it uses just 6–7 adapters across all
three orderings, corresponding to a 65–70% reduction
in added parameters.

• Robustness: Despite the variation in active adapter
count across orderings and datasets, accuracy remains
stable. This demonstrates that the gating mechanism
successfully identifies the minimal capacity required
for each curriculum, maintaining a strong accuracy–
efficiency trade-off even under both adversarial-style
shift (ImageNet-A) and rendition/style shift (ImageNet-
R).

4.2. The ordering matters for efficiency

Whether a new adapter is recruited depends on the semantic
gap between the new task and those already learned: if exist-
ing representations suffice, phase 2 discards the new adapter.
The order in which tasks are visited therefore directly con-
trols total adapter count. Across three orderings on all three
benchmarks (Table 1), the number of active adapters varies
from 5 to 8 on CIFAR-100, from 6 to 14 on ImageNet-A,
and from 6 to 7 on ImageNet-R, while accuracy remains
stable throughout, confirming that the additional adapters
are redundant rather than necessary. On ImageNet-A Order
1, retaining just 6 adapters improves average accuracy by
0.9 points over SD-LoRA, suggesting this ordering presents
tasks in a sequence where prior representations transfer well.
ImageNet-R exhibits an even more stable pruning profile
across orderings, which is consistent with the idea that ren-
dition shifts preserve reusable structure that can be captured
by a small shared set of low-rank adapters. In all cases, the
gating mechanism adapts to the curriculum.

4.3. Low-Rank Redundancy is Structured
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Figure 1. Sparsity–accuracy frontier on ImageNet-A (order 1). We
report average accuracy and forgetting as a function of the number
of active adapters.

We now ask not just how many adapters are needed, but
whether the redundancy itself has stable structure. To an-
swer this, we sweep the sparsity regularization strength
λsparsity across a broad range, yielding configurations with
active adapter counts varying from 1 to the full sequence
length N .

Figure 1 illustrates the resulting sparsity–accuracy frontier
on ImageNet-A; the CIFAR-100 frontier is given in Ap-
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Table 1. Main Results. Comparison of SD-LoRA and our method (LITELORA) on CIFAR-100 (N = 10), ImageNet-A (N = 20), and
ImageNet-R (N = 20) across three different task orderings. We report Average Accuracy (A↑), Forgetting (F↓), and the number of active
adapters (#Ad↓).

Order 1 Order 2 Order 3

Method A↑ F↓ #Ad↓ A↑ F↓ #Ad↓ A↑ F↓ #Ad↓
CIFAR-100 (N = 10)

SD-LoRA 91.71 5.92 10 92.54 4.93 10 91.27 5.96 10
Ours 91.81 4.66 5 92.64 5.14 8 91.41 6.09 7

ImageNet-A (N = 20)

SD-LoRA 64.85 18.53 20 66.30 14.70 20 62.08 15.14 20
Ours 65.75 16.55 6 66.53 17.27 14 63.64 16.49 13

ImageNet-R (N = 20)

SD-LoRA 82.41 10.25 20 81.55 8.89 20 81.27 13.67 20
Ours 82.83 7.84 6 81.64 8.49 7 81.71 12.26 6

pendix A.2. We observe that average accuracy saturates
quickly, often peaking at intermediate values rather than at
the full budget. For instance, on CIFAR-100, configurations
with 5–7 active adapters outperform the SD-LoRA baseline
by 0.1% and our own dense (10-adapter) model by 0.3%.
Similarly, on ImageNet-A, the 6-adapter configuration sur-
passes SD-LoRA by 0.9% and remains within 0.13% of our
20-adapter model, despite a 70% reduction in parameters.
These results establish that the low-rank subspace needed to
represent a stream of N tasks is spanned by far fewer than
N adapters.

This trend confirms our driving hypothesis: excessive
adapter capacity increases the risk of forgetting without
improving plasticity. As sparsity increases, forgetting gen-
erally decreases while accuracy remains stable. However,
extreme sparsity (e.g., 1–2 adapters) eventually degrades
performance, highlighting the necessity of our data-driven
selection rule over a fixed, minimal budget.

Further evidence for this comes from sweeping λsparsity:
on CIFAR-100 (Table 2), the pruned set grows monotoni-
cally with λ, revealing a stable importance hierarchy. On
ImageNet-A (Appendix A.2) the ordering is noisier, but
Tasks 5 and 8 are pruned in 88% of configurations, confirm-
ing that the gating mechanism captures meaningful redun-
dancy structure even across 20 fine-grained tasks. Together,
these patterns validate the hypothesis that task-level gating
learns a meaningful redundancy structure, promoting the
selective reuse of previously learned low-rank components.

5. Conclusion
In this work, we presented LITELORA, a parameter-
efficient continual learning method that dynamically adjusts
model capacity to the complexity of the task stream. By
revisiting the rigid “one-adapter-per-task” paradigm, we

Table 2. CIFAR-100 Pruning Order. Evolution of the pruned task
set as the sparsity penalty λ increases. The strictly nested sets (each
row is a superset of the previous) indicate a stable hierarchy of task
importance. Minor deviations occur at λ=0.04 and λ=0.05 due
to the stochastic nature of the Gumbel gate. Task 6 is consistently
the first to be removed, suggesting its knowledge is already well-
captured by earlier adapters.

λsparsity Active Pruned Tasks (Cumulative)

≤ 0.01 10 ∅
0.015 9 {6}
0.02 8 {4, 6}
0.027 7 {2, 4, 6}
0.028 6 {2, 4, 6, 9}
0.04 5 {2, 4, 6, 7, 8}
0.05 4 {2, 3, 4, 6, 8, 9}
0.054 2 {2, 3, 4, 5, 6, 7, 8, 9}
0.1 1 {1, . . . , 9}

demonstrated that high performance does not require linear
parameter growth. Instead, we introduced a differentiable
gating mechanism that effectively acts as a structural switch,
allowing the model to learn new parameters only when the
semantic novelty of a task demands it.

Our empirical analysis on CIFAR-100, ImageNet-A, and
ImageNet-R yields two key insights. First, the stability–
plasticity dilemma can be mitigated by decoupling feature
learning from structural allocation; our method preserves the
plasticity of unconstrained LoRA while achieving stability
through selective reuse. Second, standard CL benchmarks
contain significant redundancy; we showed that up to 70%
of task-specific adapters can be pruned without degradation
in accuracy or forgetting.

We hope to motivate further theoretical study of when and
why low-rank subspaces are shared across tasks.
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Impact Statement
Our work improves the efficiency of continual adaptation
for foundation models by reducing unnecessary parameter
growth. This can lower the computational and energy costs
of maintaining large models over time, contributing to more
sustainable machine learning practices.

As with other advances in model efficiency, reduced costs
may enable wider deployment, which underscores the im-
portance of responsible use and appropriate safeguards in
downstream applications.
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A. Appendix
A.1. Limitations

First, the final keep/discard decision depends on hyperparameters such as the sparsity weight, gating temperature, and the
duration of Phase 2 optimization. These choices may require tuning across backbones or datasets.

Second, while our method enables task-level pruning, it implicitly assumes that redundant adapters are not uniquely required
for future tasks. In other words, when a task-specific adapter is removed, we assume its contribution is already subsumed by
earlier learned adapters. Although our empirical results suggest a strong redundancy structure and a stable pruning hierarchy
(Appendix A.2), this assumption may not hold in settings with highly compositional tasks, where later tasks could depend
on features that are not fully captured by earlier adapters.

Finally, our selection phase introduces additional optimization steps per task (albeit lightweight), and we have not yet studied
the strongest scaling regimes (e.g., longer streams or higher-resolution backbones).

A.2. Pruning Consistency Analysis

We report the full pruning frequency analysis for ImageNet-A, where individual decisions are noisier due to the larger
number of fine-grained tasks.

Nevertheless, a soft importance hierarchy emerges. Table 3 reports the fraction of runs (across 43 λ values in the active
pruning range) in which each task is pruned. Tasks 5 and 8 are pruned in 88% of configurations, and a clear gradient of
importance exists in between. This confirms that the gating mechanism captures meaningful task-level redundancy even
when individual pruning decisions are noisy.

Table 3. ImageNet-A Pruning Frequency. The percentage of runs (out of 43 configurations with λ ∈ [0.01, 0.04]) in which specific
tasks were pruned.

Tasks Prune Frequency

0 0%
2, 3 16–21%
9, 11, 18 33–40%
1, 4, 12, 13, 15 42–49%
10, 14, 16, 17, 19 54–66%
6, 7 65–72%
5, 8 88%
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Figure 2. Sparsity–accuracy frontier on CIFAR-100 (order 1). We report average accuracy and forgetting as a function of the number of
active adapters. Note that varying the regularization strength parameter λsparsity implicitly changes the number of adapters, therefore it was
not possible to test all points on the x axis.
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A.3. Ablation Studies

We study the impact of the stochastic Gumbel noise during training. As shown in Table 4, injecting noise into the gates (Eq.
2) during Phase 1 acts as a regularizer and encourages the learning of robust representations that can work in concert with
different subsets of adapters.

Table 4. Gumbel-noise ablation on ImageNet-A (20 tasks) across different sparsity regimes. Results reported for Order 1.

Regime Model variant Avg. Acc. (%)↑ Last Acc. (%)↑ Forgetting (%)↓ #Ad↓

Dense Noise in both phases 64.93 53.46 17.56 20
No phase 1 noise (Ours) 65.80 54.11 17.22 20
No noise 65.74 54.84 16.25 20

Balanced Noise in both phases 62.01 50.89 18.37 11
No phase 1 noise (Ours) 62.19 51.22 15.89 10
No noise 63.01 52.73 16.71 8

Sparse Noise in both phases 61.69 54.64 13.54 3
No phase 1 noise (Ours) 62.20 53.13 15.53 3
No noise 62.03 53.72 15.09 3

A.4. Experiment Details

We provide the detailed hyperparameters used for our experiments on CIFAR-100, ImageNet-A, and ImageNet-R in Table 5.
The sparsity penalty λsparsity was selected via grid search on the first seed/ordering.

Table 5. Hyperparameter settings for LITELORA.

Parameter CIFAR-100 ImageNet-A ImageNet-R

Backbone ViT-B/16 (IN-21k) ViT-B/16 (IN-21k) ViT-B/16 (IN-21k)
LoRA Rank (r) 10 10 10
# Tasks 10 20 20

Phase 1: Representation Learning

Optimizer SGD Adam Adam
LR Scheduler Cosine Constant Constant
Learning Rate 8× 10−3 1× 10−2 1× 10−2

Weight Decay 2× 10−4 2× 10−4 2× 10−4

Epochs 20 20 20
Batch Size 128 128 128
Init α 1.0 1.0 1.0
Init Logit (l0) 0.5 0.5 0.5

Phase 2: Selection Learning

Optimizer AdamW (Loshchilov & Hutter, 2019) AdamW AdamW
Learning Rate 0.05 0.05 0.05
Epochs 1 1 1
Batch Size 128 16 16
λsparsity (Range) [0.015, 0.1] [0.01, 0.04] [0.02, 0.05]
Gumbel τ 1.0 1.0 1.0

Combined Training Loss. For task Dt, we optimize the network by combining cross-entropy loss with an ℓ1 sparsity
regularization applied to the gates:

L = LCE + λsparsity ·
1

2L

L∑
ℓ=1

[
∥β(q)

ℓ ∥1 + ∥β(v)
ℓ ∥1

]
(4)
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