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Abstract. Class-incremental learning (CIL) aims to continually acquire
new classes while preserving previously learned knowledge, posing the
well-known stability–plasticity dilemma. With the emergence of large
pre-trained models, parameter-efficient fine-tuning methods such as LoRA
have become a practical paradigm for rehearsal-free CIL by restricting
adaptation to low-rank weight updates. Recent LoRA-based approaches
often mitigate cross-task interference by enforcing orthogonality between
task updates. However, under strict rank budgets and long task se-
quences, uniformly protecting previously used directions can become
overly conservative, progressively shrinking the effective update space
and limiting plasticity. To address this limitation, we propose Varia-
tional Direction-aware LoRA (VD-LoRA), a Bayesian framework that
enables adaptive consolidation within the low-rank update space. VD-
LoRA maintains a recursive variational posterior over LoRA directions
to estimate direction-wise uncertainty, using posterior precision to adap-
tively control protection strength. Based on this uncertainty signal, we
further design a direction selection mechanism that favors updates that
are both task-relevant and safe to adapt. This enables selective reuse
of low-risk directions while preserving critical ones, maintaining a task-
aligned update subspace under fixed rank constraints. Extensive experi-
ments on multiple rehearsal-free CIL benchmarks demonstrate that VD-
LoRA consistently outperforms existing LoRA-based methods while im-
proving long-horizon stability and plasticity. Our code is available at
https://github.com/LuQiongD/VD-LoRA.
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1 Introduction

Class-incremental learning (CIL) [5, 20, 25, 29, 30, 33] learns new classes sequen-
tially while retaining knowledge acquired from previous tasks. A key challenge
in CIL is the stability-plasticity dilemma [7,14,16,32,40], where the model must
both preserve knowledge from previous tasks and maintain sufficient plastic-
ity for new ones. In the era of large-scale pre-trained models (PTMs) [1, 3],
parameter-efficient fine-tuning (PEFT) [8, 9, 21, 31, 38] updates only a small
number of task-related parameters, such as adapters [12], low-rank adaptation
(LoRA) [13], or prompt tuning [18], while keeping the pre-trained backbone
largely frozen, thereby reducing interference and storage overhead. Specifically,
LoRA parameterizes task adaptation as explicit low-rank updates in weight
space, providing a structured update space in which cross-task sharing and in-
terference control can be naturally imposed. Consequently, LoRA-based CIL has
rapidly emerged as an important research direction, and recent methods have
explored diverse ways to organize, protect, and reuse low-rank updates across
tasks in order to better balance stability and plasticity [9, 21,24,34,41,43].

Among these methods, orthogonality-based LoRA [21, 34, 35, 43] is designed
to mitigate cross-task interference by enforcing orthogonality, encouraging the
LoRA update for a new task to avoid directions already occupied by previ-
ous tasks. Under the common fixed-basis parameterization, the low-rank update
can be decomposed into column-wise components, and we refer to each basis
coordinate, equivalently each column-wise update component, as an update di-
rection [35, 43]. However, under strict rank budgets and long task sequences,
orthogonality alone can be overly conservative. Existing methods [21, 34, 35, 43]
typically treat previously allocated update directions as permanently protected,
without distinguishing truly sensitive directions from those that can be safely
reused. Consequently, once a direction is occupied, it is subject to persistent hard
protection, progressively shrinking the effective update space. As tasks accumu-
late, the rank-r subspace becomes increasingly misaligned with task-relevant
gradients, weakening plasticity.

As illustrated in Fig. 1, existing orthogonality-based methods implicitly as-
sume that all previously allocated directions are equally critical and should be
strictly preserved. However, this uniform consolidation strategy ignores the het-
erogeneity of direction-wise sensitivity, causing unnecessary restrictions on future
updates. We argue that orthogonality should be applied adaptively rather than
uniformly. While distinct tasks should be separated when alternative directions
exist, previously used directions should remain reusable when their interference
risk is low. The key challenge is therefore to estimate, at a direction-wise level,
which components require strong protection and which can be safely adapted, so
as to preserve stability without sacrificing plasticity under a fixed rank budget.
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Fig. 1: Under strict rank budgets, existing orthogonality-based methods protect pre-
viously allocated directions in a static and uniform manner, which reduces interfer-
ence but progressively shrinks the effective update space and weakens plasticity. Our
method instead uses recursive uncertainty to assign direction-wise protection strength,
preserving sensitive directions while allowing safe reuse of less critical ones, so that the
resulting update better aligns with the current task gradient.

To address this limitation, we propose Variational Direction-aware LoRA
(VD-LoRA), a rehearsal-free framework that enables adaptive, direction-wise
consolidation in low-rank space. Instead of uniformly protecting all previously
used directions, VD-LoRA estimates their sensitivity and adjusts protection
strength accordingly. Specifically, we introduce a recursive variational posterior
over LoRA directions to model their task-wise uncertainty. The posterior preci-
sion serves as a direction-wise consolidation strength: highly confident directions
are protected more strongly, while uncertain ones remain available for selective
reuse. Building on this uncertainty estimate, we further design an uncertainty-
aware direction selection mechanism that favors directions which are both in-
formative for the current task and sufficiently safe to update. In this way, VD-
LoRA jointly determines where to update and how strongly to protect, preserv-
ing orthogonal decoupling when beneficial while avoiding unnecessary exclusion
of reusable directions. As a result, the effective low-rank subspace remains bet-
ter aligned with task-relevant gradients under a fixed rank budget, improving
plasticity without sacrificing stability over long task sequences. In summary, we
enable the model to adaptively adjust the protection strength for old knowl-
edge as tasks progress, so that it can mitigate forgetting without progressively
shrinking the learning space for new tasks. Extensive experiments on multiple
rehearsal-free class-incremental benchmarks show that our method outperforms
existing LoRA-based approaches.

Our contributions are summarized as follows.

(1) We introduce a direction-wise adaptive consolidation framework for LoRA-
based class-incremental learning, replacing uniform hard orthogonality with
uncertainty-calibrated soft protection in the low-rank space.

(2) We formulate a recursive variational posterior over LoRA directions to quan-
tify consolidation strength and derive an uncertainty-aware selection crite-
rion; together, they determine which directions to update and how strongly
to protect them under strict rank constraints.
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(3) We further introduce stability regularization by applying uncertainty-scaled
perturbations to unselected directions, thereby improving the model’s ro-
bustness over long task sequences.

2 Related Work

2.1 LoRA-based CIL

PEFT has been widely used in CIL to adapt large PTMs while keeping most
backbone parameters frozen. Prompt-based approaches [18,31,37,38] learn task
prompts or a prompt pool, but they typically require maintaining prompts and
selecting them at inference, and sequential updates in a shared prompt space can
still induce cross-task interference, leading to storage growth or additional in-
ference overhead in rehearsal-free settings. In contrast, LoRA [13] adapts trans-
formers through low-rank updates in weight space and avoids maintaining a
prompt pool or prompt routing at inference. Recent LoRA-based CIL meth-
ods [9,21,22,24,35,39,41,43] mainly study how to organize and protect adapters
across tasks. CL-LoRA [9] and SD-LoRA [41] improve stability by freezing or
reweighting previous adapters with task-specific composition, while LaST-LoRA
[22] and LoRA Subtraction [24] address long-horizon drift by tracking adapter
changes or compensating drift via difference-based updates. Orthogonality-based
methods [21, 35, 43] further reduce interference by separating update directions
or allocating disjoint subspaces. However, under strict rank budgets and long
task sequences, deterministic orthogonality with persistent hard protection can
become overly conservative, progressively shrinking the effective update space.
Moreover, existing approaches lack direction-wise uncertainty estimation to dis-
tinguish truly sensitive directions from safely reusable ones. This limitation mo-
tivates our direction-wise Bayesian formulation for adaptive consolidation in low-
rank space.

2.2 Bayesian inference in CL

Bayesian continual learning [2, 4, 6, 19, 27] mitigates forgetting by modeling pa-
rameters as distributions and propagating posterior uncertainty across tasks. In
variational or Laplace-based formulations [2, 4, 6], the posterior from the pre-
vious task serves as a prior for the next, and uncertainty naturally determines
how strongly each parameter should be preserved. However, existing Bayesian
CL methods primarily operate on full model weights or coarse layer-wise scales,
with limited exploration in highly constrained low-rank adapter spaces. Although
recent works [26, 36] introduce uncertainty modeling for LoRA parameters, re-
cursive posterior estimation at the level of individual low-rank directions remains
underexplored. We address this gap by performing variational Bayesian inference
directly in the LoRA direction space, enabling direction-wise adaptive protection
and principled reuse under strict rank budgets.
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3 Preliminary: Orthogonality-Based LoRA in CIL

Task Formulation. In class-incremental learning (CIL), the model is trained
on a sequence of tasks {Tt}Nt=1, where each task introduces new classes and past
training data are not revisited under the rehearsal-free constraint. The goal is
to learn new tasks while mitigating catastrophic forgetting [23,28].

Orthogonality-Based LoRA in CIL. Following existing LoRA-based CIL
methods [21, 34, 35, 43], we adopt LoRA to adapt a frozen pretrained backbone
by adding a low-rank update to a weight matrix:

Wt = W0 +∆Wt, ∆Wt = BtAt, (1)

where only the low-rank factor Bt is trainable.
To reduce inter-task interference, orthogonality-based methods allocate task

updates into disjoint coordinate subspaces. Concretely, they introduce a fixed
dictionary of basis vectors E = {ei}din

i=1 and activate a size-r index set St per
task. Under this formulation, the update can be written as a column-wise de-
composition:

∆Wt =
∑
i∈St

bt,i e
⊤
i , (2)

where each ei represents a low-rank update direction (i.e., a column-basis
component in the update space) and bt,i is its coefficient vector. For any two
distinct tasks s ̸= t, let Ss and ∆Ws be defined analogously. Strict orthogonality
between tasks is enforced by requiring Ss∩St = ∅, which yields ⟨∆Ws, ∆Wt⟩F =
0 and isolates task-specific knowledge into non-overlapping subspaces [35,43].
Limitation of Strict Orthogonality. While effective at reducing interference,
strict disjoint allocation becomes overly conservative under tight rank budgets
and long task sequences. As tasks accumulate, the available update directions
are rapidly exhausted, forcing later tasks to adapt within an increasingly re-
stricted residual subspace. This often leads to gradient–subspace mismatch and
under-adaptation, weakening plasticity. Moreover, the binary “once-used, always-
frozen” rule ignores that different directions have heterogeneous sensitivity, un-
necessarily preventing safe reuse and accelerating capacity collapse. These limi-
tations motivate a direction-wise, adaptive protection mechanism that preserves
sensitive directions while allowing low-risk reuse.

4 Methodology

To overcome the plasticity limitation caused by gradient–subspace mismatch
under strict orthogonality, we propose Variational Direction-aware Low-
Rank Adaptation (VD-LoRA), which replaces rigid geometric exclusion with
an uncertainty-aware probabilistic framework for flexible direction reuse while
preserving the decoupling benefits of orthogonal directions. An overview of the
proposed framework is shown in Figure 2. Specifically, we first introduce Varia-
tional Modeling of Direction Uncertainty, where LoRA direction coefficients are
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Fig. 2: Overview of the proposed VD-LoRA. Our method performs rehearsal-free con-
tinual learning on a frozen backbone with a shared LoRA column bank. Before training
task t, we select r update directions via online probing to construct At. During train-
ing, we conduct variational updates on the selected columns under a recursive prior
and commit the updated statistics back to the bank for reuse in subsequent tasks. We
additionally regularize the model against uncertainty-scaled perturbations along unse-
lected directions to improve robustness to future updates.

modeled with recursive variational posteriors so that the posterior from the pre-
vious task serves as the prior for the next task, enabling the model to track the
historical uncertainty of each direction. Based on this uncertainty signal, we then
perform Uncertainty-Guided Direction Selection, a lightweight gradient probing
mechanism that ranks candidate directions by balancing their potential adapta-
tion gain against the risk of interfering with highly consolidated knowledge. To
further maintain structural stability, we apply Stability Regularization for Unse-
lected Directions, where unselected directions remain frozen in the shared dictio-
nary and their uncertainty is used to construct perturbations, while the selected
directions are optimized under these perturbations to improve robustness to po-
tential future updates. Finally, posterior predictive averaging is employed during
inference to improve predictive robustness and calibration. Together, these com-
ponents construct a task-aligned low-rank update space that enhances plasticity
while preserving previously acquired knowledge over long task sequences.

4.1 Variational Modeling of Direction Uncertainty

Strict orthogonality freezes a direction once it is used, implicitly assuming that
all previously activated directions are equally sensitive. In practice, however,
different directions contribute unequally to previously learned knowledge. Some
directions encode strongly consolidated information and should be protected
more carefully, while others remain relatively flexible and can still be reused. To
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capture this heterogeneity, we model LoRA direction coefficients probabilistically
and interpret the posterior variance as a direction-wise uncertainty signal.

Consider a LoRA-injected layer with pretrained weight W0. Using a fixed
direction dictionary {ei}, the LoRA update can be expressed as a direction-wise
decomposition

Wt = W0 +

din∑
i=1

bie
⊤
i , (3)

where bi denotes the coefficient vector associated with direction ei. Each direction
therefore represents an independent component of the low-rank update.

To estimate how sensitive each direction is to future updates, we place a
variational posterior on the coefficient of every direction:

qt(bi) = N (µt,i, diag(σ
2
t,i)), i ∈ St, (4)

where St denotes the set of active directions for task t (determined in Sec-
tion 4.2). Directions outside St retain their previously stored posterior statistics.
For the first task, since all directions share the same prior variance, the initial
selection S1 depends only on the gradient probing scores, diag(σ2

t,i) denotes a
diagonal covariance matrix constructed from the variance vector σ2

t,i, and µt,i

represents the expected contribution of direction i, while σ2
t,i quantifies the un-

certainty associated with that direction. Intuitively, directions with smaller vari-
ance are more strongly consolidated by previous tasks and should therefore be
protected from large updates, whereas directions with larger variance remain
more adaptable and can tolerate reuse.

To accumulate knowledge across tasks, each direction maintains a recursive
prior. Specifically, the posterior obtained at the most recent activation of a di-
rection is stored and reused as its prior in later tasks. Denote this prior as pt(bi)
and p1(bi) = N (0, I) . Under a fixed rank budget, only a subset of directions
will be updated for each task. The training objective is

Lv = Eqt [Ltask(Wt;Dt)] + β
∑
i∈St

KL(qt(bi) ∥ pt(bi)) , (5)

where Ltask denotes the task loss (Cross-Entropy) and β balances stability and
plasticity. Optimizing Eq. (5) updates the variational posterior qt(bi), which is
then stored and used as the prior for future tasks. Since both posterior and prior
are Gaussian, the KL term admits a closed-form expression:

KL(q ∥ p) = 1

2

∑
k

[
log

σ2
p,k

σ2
k

+
σ2
k + (µk − µp,k)

2

σ2
p,k

− 1

]
. (6)

This formulation provides a direction-wise uncertainty estimate. Directions with
small prior variance are strongly consolidated and thus penalized more heavily
by the KL term, while directions with larger uncertainty remain more flexible.
At the beginning of task t, the inherited posterior variances σ2

t−1,i provide the
uncertainty signals used to determine which directions should be activated. The
derivation of the Gaussian KL expression and complete details of the variational
formulation are provided in the supplementary material.
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4.2 Uncertainty-Guided Direction Selection

Given the direction-wise uncertainty estimated in Section 4.1, we now determine
which directions should be activated for the current task under the rank budget
r. An ideal direction should both help reduce the current task loss and pose
minimal risk to previously consolidated knowledge.

Combining Uncertainty with Gradient Signals. To measure the usefulness
of each direction, we estimate the gradient of the task loss with respect to its
coefficient. Let gt,i denote this gradient. The uncertainty σ2

t−1,i inherited from
previous tasks indicates how safely the direction can be reused. Combining these
two signals, we define a utility score:

ut,i = g⊤t,i diag
((

σ2
t−1,i + ε

)γ)
gt,i, (7)

where ε is a small constant for numerical stability and γ controls the contribu-
tion of posterior uncertainty to direction selection. This score is large when a
direction both aligns with the current gradient and retains sufficient uncertainty.
Conversely, directions with very small variance have been strongly consolidated
and thus receive lower utility.
Direction Selection. After computing the utility scores for all directions, we
select the top-r directions to form the active set:

St = Top-r
(
{ut,i}din

i=1

)
. (8)

In practice, the gradients gt,i are estimated using a small number of mini-
batches from the current task before training begins. Once St is determined,
only the variational parameters of these directions are updated according to the
objective in Eq. (5), while all other directions remain fixed. A detailed derivation
of the utility score, together with controlled experiments validating its design, is
provided in the supplementary material.

4.3 Stabilizing Unselected Directions

The uncertainty estimated in Section 4.1 indicates how sensitive each direction
is to future updates. While the recursive prior constrains the directions selected
for the current task in Section 4.2, the remaining directions (i /∈ St) may still
be activated by future tasks. If the current model is overly sensitive to these
inactive directions, subsequent updates may cause abrupt shifts of the decision
boundary. To improve robustness to such future updates, we introduce a stability
regularization based on uncertainty-scaled perturbations.

Specifically, we simulate potential future updates by injecting perturbations
associated with the unselected directions. For a layer input feature h, we con-
struct a perturbed feature:

h̃ = h+ ρ
∑
i/∈St

σt−1,i ⊙ ϵi, (9)
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where ϵi ∼ N (0, I), ⊙ denotes element-wise multiplication, and ρ controls the
perturbation magnitude. The perturbation scale is proportional to the uncer-
tainty σt−1,i obtained from the variational posterior in Section 4.1, so directions
with larger residual uncertainty induce stronger perturbations. This encourages
the model to remain robust to updates in directions that are more likely to be
reused.

Let p and p̃ denote the model predictions from the original and perturbed
features, respectively. We enforce prediction consistency using a KL divergence:

Lc = KL(sg(p) ∥ p̃) , (10)

where sg(·) denotes the stop-gradient operation. The overall objective becomes:

L = Lv + λLc, (11)

where Lv is the variational objective defined in Section 4.1, and λ controls the
strength of the stability regularization.
Summary of Workflow. For each task, VD-LoRA follows a three-stage pro-
cedure. First, a lightweight probing stage evaluates gradient demand and direc-
tional uncertainty to rank candidate directions and select an active subset under
the rank budget. Second, the model performs variational adaptation by updating
only the selected directions, while the remaining directions remain fixed and their
uncertainty is used to construct perturbations for consistency regularization. Fi-
nally, the shared bank stores the updated posterior statistics, and predictions
are obtained via Monte Carlo averaging to produce uncertainty-aware outputs
across the task sequence.

5 Experiments

5.1 Experimental Setup

Datasets. We evaluate our method on several widely used continual learning
benchmarks, including CIFAR-100 [17], ImageNet-R [10], ImageNet-A [11], and
VTAB [42]. CIFAR-100 contains 100 classes of natural images and serves as a
standard benchmark for class-incremental learning. ImageNet-R comprises 200
ImageNet classes rendered in diverse artistic styles such as cartoons, sketches,
and paintings, and is widely used to evaluate PEFT-based continual learning un-
der appearance shifts. ImageNet-A consists of 200 natural adversarial categories
that are intentionally difficult for standard classifiers, making it suitable for eval-
uating robustness under stronger distribution shifts. VTAB is a collection of 19
visual classification tasks spanning natural, specialized, and structured domains.
For class-incremental evaluation, we report results under multiple task granu-
larities, including 5, 10, and 20 tasks, while keeping the class set and training
protocol unchanged.
Architectural and Training Details. All methods are implemented in Py-
Torch and follow a protocol similar to previous LoRA-based continual learning
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Table 1: Comparison on ImageNet-R with varying numbers of tasks N .

ImageNet-R (N = 5) ImageNet-R (N = 10) ImageNet-R (N = 20)

Method Acc↑ AAA↑ Acc↑ AAA↑ Acc↑ AAA↑

L2P 64.13 (±0.78) 68.66 (±0.41) 62.54 (±0.24) 67.98 (±0.27) 57.92 (±0.28) 64.57 (±0.29)
DualPrompt 67.88 (±0.17) 71.16 (±0.31) 65.41 (±0.52) 69.39 (±0.43) 61.00 (±0.72) 65.80 (±0.67)
CODA-Prompt 73.09 (±0.83) 76.91 (±0.21) 71.47 (±0.35) 75.82 (±0.29) 67.28 (±0.30) 72.34 (±0.17)
CL-LoRA 79.88 (±0.52) 84.98 (±0.49) 78.94 (±0.54) 84.49 (±0.61) 76.11 (±0.24) 83.23 (±0.92)
SD-LoRA 78.65 (±0.23) 82.98 (±0.44) 77.01 (±0.43) 81.67 (±0.18) 75.26 (±0.36) 80.03 (±0.55)
PLAN 77.79 (±0.24) 81.93 (±0.63) 75.25 (±0.42) 80.41 (±0.56) 71.06 (±0.42) 77.93 (±0.56)
LoRA-DRS 76.72 (±0.42) 81.97 (±0.64) 74.84 (±0.72) 81.76 (±0.29) 74.64 (±0.73) 80.99 (±0.98)
BiLoRA 78.32 (±0.37) 83.31 (±0.52) 77.95 (±0.14) 81.52 (±0.26) 72.41 (±0.65) 79.28 (±0.76)
InfLoRA 76.88 (±0.25) 82.04 (±0.31) 74.78 (±0.42) 80.67 (±0.33) 70.09 (±0.82) 76.87 (±0.82)

VD-LoRA (Ours) 80.22 (±0.52) 85.77 (±0.38) 79.55 (±0.39) 84.97 (±1.23) 77.53 (±0.35) 83.90 (±0.77)

Table 2: Comparison on CIFAR-100, ImageNet-A and VTAB.

CIFAR-100 ImageNet-A VTAB

Method Acc↑ AAA↑ Acc↑ AAA↑ Acc↑ AAA↑

L2P 83.31 (±0.52) 88.20 (±0.45) 40.26 (±0.25) 49.83 (±0.78) 72.26 (±0.75) 77.83 (±0.68)
DualPrompt 84.51 (±0.21) 90.02 (±0.08) 41.26 (±0.34) 53.84 (±0.25) 80.26 (±0.15) 83.83 (±0.28)
CODA-Prompt 86.65 (±0.17) 91.29 (±0.34) 42.58 (±0.33) 53.68 (±0.44) 81.26 (±0.25) 84.23 (±0.57)
CL-LoRA 86.86 (±0.36) 91.65 (±0.63) 59.14 (±0.39) 69.03 (±1.45) 93.66 (±0.29) 94.13 (±0.48)
SD-LoRA 87.92 (±0.41) 90.62 (±1.17) 56.59 (±0.62) 66.34 (±1.80) 93.26 (±0.41) 93.83 (±0.57)
PLAN 87.54 (±0.31) 92.21 (±0.35) — — — —
LoRA-DRS 88.52 (±0.37) 92.01 (±0.16) 59.05 (±0.23) 69.49 (±1.73) 89.45 (±0.41) 92.65 (±0.62)
BiLoRA 86.02 (±0.46) 90.55 (±0.41) 52.22 (±0.73) 63.34 (±0.66) 88.53 (±0.53) 90.77 (±0.92)
InfLoRA 86.31 (±0.88) 91.22 (±0.56) 47.40 (±1.01) 61.47 (±0.74) 87.44 (±3.09) 88.75 (±1.26)

VD-LoRA (Ours) 89.69 (±0.31) 92.72 (±0.11) 60.27 (±0.88) 70.18 (±1.24) 94.11 (±0.22) 94.45 (±0.63)

works [21]. We adopt a ViT-B/16 backbone pre-trained on ImageNet-21K and
further fine-tuned on ImageNet-1K before the CIL phase. During training, we
use the Adam optimizer [15] with β1 = 0.9 and β2 = 0.999, and a batch size of
128. Each task is trained for 50 epochs on ImageNet-R, 50 epochs on ImageNet-
A, and 20 epochs on CIFAR-100. Following prior LoRA-based methods, LoRA
modules are inserted into the key and value projections of the ViT attention
blocks. Unless otherwise specified, we use rank r = 10 and report the mean and
standard deviation over five independent runs.
Baselines. We compare VD-LoRA with several representative continual learn-
ing methods, including L2P [38], DualPrompt [37], CODA-Prompt [31], In-
fLoRA [21], SD-LoRA [41], CL-LoRA [9], BiLoRA [43], LoRA-DRS [24], and
PLAN [35]. For all approaches, we reproduce the reported methods under our
experimental setup to ensure a fair and direct comparison.
Evaluation Metrics. We report the final accuracy (Acc) after the last task
and the average anytime accuracy (AAA), computed by averaging the accuracy
over all post-task evaluations. To assess predictive calibration and uncertainty
quality, we additionally report negative log-likelihood (NLL) and expected cali-
bration error (ECE). Specifically, given a test set {(xn, yn)}Nn=1 and the predicted
probability Pθ(yn | xn) assigned to the ground-truth label, we compute the neg-
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Fig. 3: Variation of the performance of different methods during the learning of
ImageNet-R and CIFAR-100.

ative log-likelihood (NLL) and expected calibration error (ECE) as follows:

NLL = − 1

N

N∑
n=1

logPθ(yn | xn), (12)

ECE =

M∑
m=1

|Bm|
N

|acc(Bm)− conf(Bm)| , (13)

where Bm denotes the m-th confidence bin, and acc(Bm) and conf(Bm) denote
the average accuracy and confidence within that bin, respectively.

5.2 Main Results on Benchmarks

Table 1 reports the main results on ImageNet-R under different task settings,
while Table 2 summarizes the results on CIFAR-100, ImageNet-A, and VTAB.
Across datasets and task granularities, VD-LoRA consistently outperforms prompt-
based baselines and deterministic LoRA baselines in terms of Acc and AAA. Un-
der a strict low-rank budget, these results indicate that direction-level Bayesian
tracking can allocate adaptation directions while regulating inter-task interfer-
ence through uncertainty-aware protection. The advantage of VD-LoRA becomes
more pronounced as the task sequence length increases. Figure 3 further shows
the accuracy evolution over the task sequence on ImageNet-R and CIFAR-100.
Compared with prior methods, VD-LoRA exhibits smaller performance drops
when encountering new tasks and maintains a higher accuracy trajectory in
later stages. Overall, the results support that selectively reusing empirically safe
directions, while prioritizing directions that are most beneficial to the current
task, improves plasticity under strict low-rank constraints without sacrificing
stability.

5.3 Detailed Analysis

To directly quantify how much task-relevant gradient energy remains expressible
in the effective update space, we define a gradient-alignment plasticity ratio. Let
gt denote the gradient of the current task loss with respect to the direction
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Table 3: Comparison under different adapter ranks r on ImageNet-R with T = 20.

r=1 r=5 r=10 r=16 r=30 r=50

Method Acc↑ AAA↑ Acc↑ AAA↑ Acc↑ AAA↑ Acc↑ AAA↑ Acc↑ AAA↑ Acc↑ AAA↑

CL-LoRA 75.02 80.55 75.53 81.09 76.28 82.03 76.83 82.38 76.62 82.27 75.13 81.33
SD-LoRA 73.33 80.42 75.13 80.75 75.88 82.28 75.55 82.01 75.63 81.60 76.12 81.71
LoRA-DRS 72.97 78.02 74.68 79.36 75.60 80.10 75.85 80.86 75.25 80.49 72.33 80.00
BiLoRA 71.83 77.01 72.07 78.03 72.32 78.84 72.43 76.85 71.92 75.86 71.93 75.88
InfLoRA 69.52 75.81 70.58 76.71 70.32 77.11 70.68 77.61 69.10 76.56 65.68 73.83

VD-LoRA (Ours) 75.92 81.01 76.12 81.52 77.53 83.90 77.01 82.74 76.88 82.56 76.34 81.96

coefficients. Let Pold be the projector onto the protected subspace induced by
previously consolidated knowledge, and let ΠSt

be the orthogonal projector onto
the set of update-allowed directions selected for task t. We then measure the
fraction of gradient energy that remains after applying both constraints as

η2(t) =

∥∥ΠSt

(
I − Pold

)
gt
∥∥2
2

∥gt∥22
. (14)

Here, η2(t) ∈ [0, 1] measures the fraction of current-task gradient energy that
can still be expressed within the effective update space after accounting for both
old-knowledge protection and the selected update directions.

2 4 6 8 10
Task

0.0

0.2

0.4

n2 (t
)

Method
InfLoRA
BiLoRA
VD-LoRA

Rank
r=1
r=10
r=20

Fig. 4: Directional plasticity ratio across
tasks and rank budgets on ImageNet-R with
T = 10.

Directional Plasticity and Ef-
fective Low-Rank Capacity. To
examine whether the effective low-
rank update space remains aligned
with current-task gradients over
long task sequences, we track the di-
rectional plasticity ratio η2(t) across
tasks. Figure 4 reports η2(t) on
ImageNet-R with T = 10 under
different rank budgets. Compared
with the orthogonality-based base-
lines InfLoRA and BiLoRA, whose
η2(t) decreases rapidly as tasks ac-
cumulate, VD-LoRA maintains a
substantially higher ratio throughout the sequence. This indicates that VD-
LoRA preserves a more task-aligned effective update space under fixed rank con-
straints by avoiding strongly consolidated directions while retaining directions
useful for the current task. To remove the influence of each method’s direction se-
lection, we further provide an oracle-controlled diagnostic in the supplementary
material.
Rank Budget Study. We vary the adapter rank r under the ImageNet-R set-
ting with 20 tasks, while keeping all other configurations unchanged. We report
the average new-task accuracy, defined as the mean of the post-task accuracies
measured immediately after finishing training on each task, evaluated on that
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Fig. 5: Average new-task accuracy under
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Fig. 6: Relationship between posterior
standard deviation and old-task sensitiv-
ity across all activated directions.

task. As shown in Fig. 5, increasing r within a certain range improves the average
new-task accuracy for all methods. Under small rank budgets, baselines based
on hard subspace separation are more prone to under-adaptation, whereas VD-
LoRA achieves higher average new-task accuracy across all r, indicating stronger
plasticity when capacity is scarce. As reported in Table 3, VD-LoRA also remains
competitive under different rank settings, with the most pronounced gains in the
low-rank regime.
Full-Population Direction Sensitivity. To examine whether posterior un-
certainty reflects direction sensitivity, we analyze all activated directions with
learned posterior statistics on CIFAR-100 after task 8. We freeze the model and
perturb only the posterior mean of direction i by a fixed symmetric offset ±δ,
while keeping all other directions unchanged. We define its sensitivity as

si =
1

2

[
Lold(µ

+
i )− Lold(µ)

]
+

1

2

[
Lold(µ

−
i )− Lold(µ)

]
. (15)

Here, µ±
i denotes the posterior means obtained by perturbing only direction i

by ±δ, while µ denotes the unperturbed posterior means. Lold denotes the av-
erage classification loss on the old-task validation set. Figure 6 shows a strong
negative correlation between posterior standard deviation and direction sensitiv-
ity. Directions with smaller posterior uncertainty are more sensitive to the same
perturbation and should therefore receive stronger protection.
Calibration and Uncertainty. We evaluate whether direction-level Bayesian
tracking improves probability calibration, as measured by ECE and NLL. Ta-
ble 4 reports ECE and NLL on ImageNet-R with T = 10 using the final model
evaluated over all seen classes. VD-LoRA achieves lower ECE and NLL than
deterministic LoRA baselines, indicating more reliable confidence estimates in
addition to higher accuracy.
Ablation Study of Components. We conduct a progressive ablation study on
ImageNet-R to examine the contributions of recursive KL regularization (RKL),
uncertainty-guided direction selection (SEL), and stability regularization (STR).
The first row excludes all three components. We then sequentially add RKL,
SEL, and STR. When SEL is disabled, basis directions are selected randomly.
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Table 4: Calibration on ImageNet-R.

Method ECE↓ NLL↓

CL-LoRA 0.0204 0.8457
LoRA-DRS 0.0196 1.1672
BiLoRA 0.0238 1.1347
InfLoRA 0.0256 1.1271

VD-LoRA 0.0120 0.7001

Table 5: Ablation on three components.

RKL SEL STR Tasks

5 10 20

✗ ✗ ✗ 80.22 76.54 68.95
✓ ✗ ✗ 83.30 80.20 73.80
✓ ✓ ✗ 85.10 83.60 82.60
✓ ✓ ✓ 85.77 84.97 83.90

As shown in Table 5, adding RKL consistently improves AAA by protect-
ing previously consolidated knowledge. Incorporating SEL yields further gains by
jointly considering current-task gradient demand and posterior uncertainty when
allocating the limited rank capacity. Finally, STR provides additional improve-
ments by encouraging robustness to uncertainty-scaled perturbations associated
with the unselected directions. The consistent gains obtained when progressively
introducing these components demonstrate their complementary contributions
to VD-LoRA.
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Fig. 7: Hyperparameter sensitivity of VD-LoRA on CIFAR-100.

Hyperparameter Sensitivity. We evaluate the robustness of VD-LoRA to
three key hyperparameters on CIFAR-100 under the standard class-incremental
setting, while fixing all other configurations. We vary the uncertainty-weighting
exponent in direction selection γ ∈ {0, 0.25, 0.5, 0.75, 1.0}, the maximum weight
of the recursive KL term βmax ∈ {10−4, 3×10−4, 10−3, 3×10−3}, and the stability
regularization weight λstab ∈ {0, 0.05, 0.1, 0.2, 0.5}, and report results in Figure 7.
Overall, the performance varies smoothly across these ranges, indicating that the
gains do not rely on delicate tuning.

Additional controlled comparisons are provided in the supplementary mate-
rial, including a BLoB-style variational-A design and a deterministic gradient-
only LoRA variant without recursive Bayesian protection. These comparisons
further isolate the effects of fixed direction identities, recursive posterior con-
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solidation, and uncertainty-weighted direction selection. A detailed efficiency
analysis, covering training time, inference latency, peak memory, and storage
overhead, is also provided in the supplementary material.

6 Conclusion

We presented VD-LoRA, a Bayesian framework for rehearsal-free class-incremental
learning with large pre-trained models under strict rank budgets. The key idea
is to enable direction-wise adaptive consolidation in the low-rank update space,
replacing uniform hard protection with uncertainty-calibrated soft protection.
By maintaining recursive uncertainty estimates over LoRA directions, our ap-
proach selectively reuses low-risk directions while preserving critical ones, allow-
ing the effective update subspace to remain aligned with task-relevant gradi-
ents throughout long task sequences. Extensive experiments on standard class-
incremental benchmarks demonstrate that VD-LoRA consistently improves both
accuracy and robustness over existing LoRA-based approaches, particularly in
long-horizon settings where the update space becomes increasingly constrained.
A promising direction for future work is to extend direction-wise Bayesian con-
solidation to online or task-free continual adaptation and combine it with adap-
tive rank allocation, enabling the model to determine both how many directions
are needed and which historical directions can be safely reused under tighter
computational and memory budgets.
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