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Abstract

A key challenge in Domain Incremental Learning (DIL) is
to continually learn under shifting distributions while pre-
serving knowledge from previous domains. Existing meth-
ods face a fundamental dilemma. On one hand, project-
ing all domains into a single unified visual space leads
to inter-domain interference and semantic distortion, as
large shifts may vary with not only visual appearance but
also underlying semantics. On the other hand, isolating
domain-specific parameters causes knowledge fragmenta-
tion, creating “knowledge islands” that hamper knowledge
reuse and exacerbate forgetting. To address this issue, we
propose LAVA (Language-Anchored Visual Alignment), a
novel DIL framework that replaces direct feature align-
ment with relative alignment driven by a text-based ref-
erence anchor. LAVA guides the visual representations of
each incoming domain to preserve a consistent relative ge-
ometry, which is defined by mirroring the pairwise seman-
tic similarities between the class names. This anchored
geometric structure acts as a bridge across domains, en-
abling the retrieval of class-aware prior knowledge and
facilitating robust feature aggregation. Extensive experi-
ments on standard DIL benchmarks demonstrate that LAVA
achieves significant performance improvements over state-
of-the-arts. Code is available at https://github.
com/ShuyiGeng/LAVA.

1. Introduction

The efficacy of the prevailing pre-training and fine-tuning
paradigm faces challenges from real-world distributional
shifts, which violate the independent and identically dis-
tributed (i.i.d.) assumption and cause severe performance
degradation. While traditional domain adaptation (DA)
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Figure 1. (a) Unified Space Paradigm: Projecting features from all
domains into a shared visual space risks interference and semantic
distortion. (b) Isolated Space Paradigm: Learning domain-specific
subspaces via prompts or adapters leads to fragmented knowledge.
(c) Our LAVA: A Relative Space Framework. LAVA aligns
each domain’s relative visual geometry (e.g., the learnable visual
angles 0%) with a stable semantic structure derived from a frozen
text-based reference anchor (e.g., the fixed semantic angles 6'*"),
preserving a consistent semantic map across domains.

methods [17, 36] can transfer knowledge to a new target
domain, it is often at the cost of catastrophically forgetting
prior ones. To address this limitation, Domain Incremen-
tal Learning (DIL) [28] aims to continuously learn from
new domains while preserving knowledge to maintain ro-
bust performance across all encountered domains.

Existing DIL approaches can generally be categorized
into two major paradigms. The Unified Space Paradigm,
shown in Fig. 1(a), attempts to project features from all do-
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mains into a single, shared visual embedding space [13, 26].
While promoting knowledge sharing, this strategy strug-
gles with large domain shifts. Visual features may differ
considerably—not only in appearance but even in their un-
derlying semantic variations. In such cases, forcing vi-
sually inconsistent features to align with each other can
cause semantic distortion, inter-class confusion, and indis-
tinct decision boundaries. On the other hand, the Isolated
Space Paradigm, depicted in Fig. 1(b), employs parameter-
isolation techniques like prompts or adapters [6, 30, 35] to
learn domain-specific parameters. Although this effectively
prevents inter-domain interference, it leads to knowledge
fragmentation, creating isolated knowledge islands that hin-
der leveraging shared class-aware semantics across domains
and exacerbate forgetting.

This raises a critical question: How can a model bridge
these disparate domains to share knowledge without
falling into the trap of direct feature unification? We
posit that the key lies in a more stable, invariant reference
structure. Language, as a high-density carrier of human
prior knowledge, provides a semantic space whose concep-
tual relations remain consistent across visual domains [2,
25]. Several DA studies [4] have shown that aligning the
relative structure between source and target visual spaces
through a shared semantic space is more effective than at-
tempting direct feature alignment. The domain-invariant
nature of the semantic space inspires our Language-as-an-
Anchor design, which serves as the foundation for con-
structing a consistent relative alignment space.

To resolve this trade-off between interference and frag-
mentation, we propose LAVA (Language-Anchored Visual
Alignment), a framework that employs language as a sta-
ble anchor to guide the alignment of visual representations
based on their relative geometry. LAVA actively aligns
each domain’s relative visual geometry to the underlying
semantic geometry while preserving domain-specific char-
acteristics. This design constructs a consistent relative vi-
sual space that not only mitigates inter-domain interfer-
ence but also facilitates cross-domain communication and
knowledge reuse. Specifically, we first introduce the (a)
Vision-Language Relative Structural Alignment (VL-
RSA) module. As conceptualized in Fig. 1(c), LAVA
adopts the relative geometry of class semantics as a text-
based reference anchor. This anchor is formed by comput-
ing the pairwise cosine similarity angles between all classes
of embeddings, thus capturing their intrinsic geometric re-
lationships. Similarly, for each new domain, we introduce a
learnable visual anchor and compute the relative similarity
relationships of each input feature in the same manner. A
structural alignment loss then enforces that the resulting re-
lational representation of incoming visual features mirrors
the fixed geometry of the text-based anchor. This module
forges a domain-invariant relational scaffold, acting as a se-

mantic bridge that maintains consistent geometry and links

knowledge across domains. Building on this foundation, to

further enhance feature discriminability, we propose the (b)

Class-Aware Cross-Domain Feature Aggregation (CA-

CDFA) module. By leveraging this shared relational struc-

ture, its attention mechanism bypasses the comparison of

incompatible raw features. Instead, it computes meaningful
cross-domain similarities, which directly facilitates robust
knowledge reuse and integration to combat forgetting. Dur-
ing inference, to ensure accurate parameter activation and
boost final performance, we propose a Multi-Level Feature

Integration (MLFI) module for Domain Identification. In

summary, our contributions are as follows:

* We explore the fundamental DIL dilemma of inter-
domain interference versus knowledge fragmentation by
introducing LAVA, a framework that preserves relative vi-
sual geometry across domains via a language-anchored
semantic bridge, enabling robust knowledge aggregation.

* We design the VL-RSA module to align textual and visual
relative structures via a structural alignment loss, and the
CA-CDFA module to retrieve prior domain features via
similarity-based attention, enabling cross-domain knowl-
edge reuse and class-aware feature aggregation.

» Extensive experiments on four benchmarks demonstrate
that LAVA achieves state-of-the-art performance, validat-
ing both its effectiveness and generalizability.

2. Related Work

2.1. Domain Incremental Learning

Domain Incremental Learning (DIL) tackles catastrophic
forgetting by enabling a model to learn from a sequence
of domains with varying data distributions while retain-
ing prior knowledge. Conventional DIL methods can
be broadly categorized into three classes: architecture-
based [12, 37], regularization-based [9, 16], and replay-
based methods [13, 26]. Recently, prompt-based learn-
ing [6, 18, 35] has shown promise by preserving domain-
specific knowledge via learnable prompts. However, these
methods often suffer from several limitations: they are
heavily dependent on the initial domain quality [29], highly
sensitive to prompt insertion design [6], and poorly adapt-
able to large domain shifts [35]. In contrast, our method
leverages domain-invariant language as an anchor to con-
struct a cross-domain relative alignment space, facilitating
flexible class-aware representation aggregation across do-
mains, effectively alleviating the limitations.

2.2. Language Guidance in Domain Adaptation

Vision-language models such as CLIP [25] demonstrate
strong zero-shot transferability. However, fine-tuning on
specific downstream tasks often degrades their generaliza-
tion to unseen domains [15, 34]. To mitigate this, recent Do-



main Adaptation (DA) studies has explored leveraging tex-
tual information to bridge the domain gap [5, 8, 11, 21, 33].
Among them, [4] proposes an adaptation strategy based
on the geometric structure of a language-invariant latent
space, encouraging structural consistency across domains
by aligning the classifier with the underlying semantic ge-
ometry. Inspired by this, we extend the language guidance
relative geometry alignment to the more challenging DIL
setting, where the model must incrementally adapt to new
domains while avoiding catastrophic forgetting.

2.3. Relative Encodings

Recent studies have demonstrated that latent spaces de-
rived from similarly trained networks, while typically mis-
aligned in absolute terms, retain consistent internal geo-
metric relationships [22]. Consequently, representing data
points using relative encodings—yvectors capturing cosine
similarities between each data point and a predefined set
of anchors—enables tasks such as zero-shot model stitch-
ing [22] and cross-model or cross-modal representation
translation [20, 23]. Moreover, predefined invariances can
be explicitly integrated into these representations to make
them more expressive [1]. Relative encodings have also
been successfully employed in downstream tasks, such as
action anticipation [3]. Building on this paradigm, LAVA
leverages relative encodings within a domain-agnostic, text-
based reference anchor to model semantic inter-class rela-
tionships and facilitate alignment across diverse domains.

3. Preliminary

3.1. Problem Formulation

Domain Incremental Learning (DIL) focuses on training a
unified model sequentially across a series of 7" domains, de-
noted by D = {D;}1_,, where each domain D; = (X}, Z;)
consists of a labeled training set &; and a corresponding
test set Z;. During the ¢-th training stage, the model has
access only to the current training data A} and is prohib-
ited from accessing any previous training sets X}..;—1 =
Uﬁ;l1 X,. After completion of training in domain ¢, the
model is evaluated in the union of all test sets seen so far:
2ot = Uj—:l Z,. Each training set X; contains N, la-
beled examples, i.e., X; = {(xt7i,yt7i)}fv:tl, where x; ; is
the ¢-th input image and v ; is its associated label. The test
set Z; follows the same structure. Let C; denote the label
set of domain ¢, where Vi € [1,N¢], y¢; € C;. All do-
mains share a common label space C with NV, classes, i.e.,
Ci=C=---=Cr=C.

3.2. Prompt-based Learning

Following the prompt design in S-Prompts [30], we keep
the visual encoder fy frozen and maintain a pool of prompts
P = {P}{,. Each prompt P,y € RN»*P serves as a

lightweight adaptor for domain ¢, where [V, is the prompt
length and D matches the hidden dimension of the visual
encoder. Given an image x; from domain ¢, its correspond-
ing prompt P ;) is inserted between the patch embeddings
Xemp and the class token x5, forming an extended sequence

Xp = [Xcs, P), Xemp], Which is then processed by the
frozen backbone to yield the visual representation:
8 = fo(xp). (M

This parameter-efficient and modular design allows the
model to capture domain-specific knowledge while mitigat-
ing catastrophic forgetting, enabling continual adaptation
without modifying the shared backbone.

3.3. Text-based Reference Anchor

Following [4], we use a pre-trained text encoder G to gener-
ate a set of semantic anchors, AT € RNe*Dt by encoding
the class names of all N, categories. To capture the fixed
geometric structure of the semantic space, we compute a
relative encoding for each class anchor. Let v be a specific
class anchor, corresponding to one of the rows in AT, Its
relative encoding v is computed by measuring its cosine
similarity to all anchors in ATe*:

r’ = rel(v, A™) = [cos(v, A™[1]),..., cos(v, A™X[N.])],
2)
where cos(-, -) denotes the cosine similarity. The resulting
vectors form a static reference structure of inter-class rela-
tionships. During training, the model is encouraged to align
its relative visual geometry with this reference, thereby pre-
serving consistent class relationships across domains.

4. Method

4.1. Overall Framework

Figure 2 illustrates the overall framework of our proposed
LAVA. Prior to training, we use a pre-trained text encoder
to embed all class names, thereby establishing a static se-
mantic reference space that captures their inter-class geo-
metric relationships. To effectively capture domain-specific
characteristics, we augment the frozen visual encoder with a
set of learnable prompts tailored to each domain. Based on
these prompt-adapted features, we first employ the Vision-
Language Relative Structural Alignment (VL-RSA) module
to align the relative structures of the visual and textual fea-
ture spaces. Subsequently, the Class-Aware Cross-Domain
Feature Aggregation (CA-CDFA) module aggregates rele-
vant features from previously encountered domains to facil-
itate effective knowledge reuse.

4.2. Vision-Language Relative Alignment

After obtaining the prompt-adapted visual representations
(Sec. 3.2), we aim to align their relational structure with a
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Figure 2. Overview of the proposed LAVA framework. LAVA consists of two branches: the text branch establishes a text-based
reference anchor from class names and computes relative encodings that capture their pairwise relationships; the visual branch employs
domain-specific prompts to extract features from a frozen encoder. These two branches feed into two core modules: (a) The VL-RSA
module aligns the visual representations with the text-based geometry via a structural alignment loss, creating a domain-invariant relational
space; (b) The CA-CDFA module aggregates class-aware features from previously seen domains using an attention mechanism, enabling

effective cross-domain knowledge reuse and aggregation.

fixed semantic geometry anchored by language. To achieve

this, we introduce a learnable Visual Anchor matrix AX;; S

RNexDv for each domain ¢, where N, is the number of
classes and D,, is the output dimension of the visual en-
coder fy. All domain-specific Visual Anchors collectively
form a Visual Anchor pool AV = {.AV“) . ,.Azgf)}, where
T is the total number of domains. Similar to the text-based
anchor ATt ¢ RNexD1 each A\?S maintains a class-wise
structure with one anchor per class. We enforce consistency
between their respective relative encodings: the input fea-
ture’s similarity to visual anchors is aligned with its cor-
responding class name embedding’s similarity to the text
anchors. Specifically, the textual relative encoding is com-
puted from the pre-defined Text-based Anchor AT (see
Eq. (2)). The semantic reference encoding corresponding
to the ground-truth label y; is defined as:

r¥i — rel(ATeXt[yi],ATeXt). (3)

Since the pre-trained text encoder G is frozen, r¥ remains
fixed during training. Then, the prompt-adapted feature g;
is also mapped into a relative encoding using cosine simi-
larity with respect to AYS:

r¥ = rel(g;, .Az/t')s) 4)

We encourage the alignment between r% and r¥: by min-
imizing the Kullback-Leibler divergence between their

softmax-normalized distributions:

Nc (¢)
010D
Lswua = KL(pg | py) =Y i log =05, (5)
c=1 Dy

where py = softmax(r¢") and p, = softmax(r¥).
4.3. Cross-Domain Feature Aggregation

Once the Visual Anchors are structurally aligned with the
Text-based Anchor, the resulting visual geometry space be-
comes comparable across domains. We exploit this relative
representation to facilitate effective class-wise aggregation
of cross-domain features.

For each domain, we also construct a domain-specific
learnable Prototype Anchor V(‘;r)m" € RNexDv_ where each
row represents the latent semantic center of a class in do-
main t. Collectively, these anchors form a Prototype An-
chor Pool VP = {V/}¥ © VG - © SV mto} which en-
capsulates class-level semantic representatlons across all
observed domains. Unlike the structure-aligned Visual An-
chors AE’ti)S, which emphasize geometry consistency across
domains, these Prototype Anchors are designed to cap-
ture domain-specific class semantics, thereby enhancing the
model’s discriminative capability. Each V(Iir)mo is trained
only on data from its corresponding domain.

We perform a key—value attention mechanism, using the
input feature as a query, the Visual Anchors as keys, and



the Prototype Anchors as values. This design enables at-
tention computation over structure-aligned representations
(keys), while retrieving domain-aware class semantics (val-
ues). Specifically, given an input feature g;, we first con-
catenate all Visual Anchors into a global key set: AglObal =

H AYS € R¥VexDv Then, we compute the relative en-

co&ing of g; with respect to this global key set:
d&; = softmax (rel(g;, AglObal)) € R¥e, (6)

yielding attention scores over class-level anchors across all
domains simultaneously. The corresponding global value
set is constructed by concatenating all domain-specific Pro-
totype Anchors: Vglobal ||T 1V(pTr;)t° € R¥VexDo Finally,
the aggregated feature f; is obtained via attention-weighted
aggregation followed by a residual connection:

fi=ai V™ + g @

Training Objective. The fused feature f; is passed to
the current domain classifier ;) to produce the predic-
tion §; = 1 (4)(f;). The overall tramlng objective combines
cross-entropy loss with structural alignment loss:

L = £CE(givyi) + )\EStrucl- (8)

where Lcg denotes the cross-entropy loss, and A is a hyper-
parameter that balance the contributions of each term.

During training, all domain-specific prompts, anchors,
and classifiers are randomly initialized for each domain and
frozen after completion, ensuring stable knowledge accu-
mulation without cross-domain interference.

4.4. Inference via Multi-Level Feature Integration

In the inference phase, the model first identifies the domain
of a test image. As shown in Fig. 3, we extract its feature
F(s) and compare it against the pre-computed domain
prototypes M. The domain whose prototype has the high-
est cosine similarity is selected, and the corresponding pa-
rameters are activated for final classification.

To facilitate accurate domain identification, we introduce
the Multi-Level Feature Integration (MLFI) module. The
key intuition is that different layers of a visual encoder cap-
ture complementary information (Fig. 6), ranging from low-
level textures to high-level semantics. MLFI aggregates this
information to form a more discriminative representation,
thereby producing more reliable domain prototypes. Specif-
ically, we extract intermediate features f()(z) from a fixed
set of layers L (detailed in Sec. 5.2), and concatenate them
into a unified multi-scale feature:

F(x) = Concat ([f(l)(x)LEL> . )
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Figure 3. Overview of the inference pipeline. The model first
identifies the domain of an input image via (c) Multi-Level Fea-
ture Integration (MLFI) module (bottom), and then employs the
domain-specific modules (top) for the final classification task.

For a given domain ¢, its prototype p ;) is computed by av-
eraging the multi-level features F'(x;) of all its N training
samples, irrespective of their class labels:

By = ZF (10)

Repeating this process for all 7" domains yields the final
prototype set M = {u(l), ceey u(T)}, with all prototypes
computed offline after finishing training on each domain.

5. Experiments

Datasets. Following [35], our experiments are conducted
on four DIL benchmarks: DomainNet [24], ImageNet-
R [10], ImageNet-C [9] and ImageNet-Mix [35]. Specif-
ically, DomainNet provides 6 domains with 345 classes.
ImageNet-R consists of 200 classes across 15 style do-
mains. For ImageNet-C, we use the setup of [35], using
200 classes (identical to ImageNet-R) across 15 corruption
types as domains. ImageNet-Mix is a fusion of ImageNet-R
and ImageNet-C, comprising 30 domains overall.
Evaluation Metrics. We evaluate our method using three
standard DIL metrics: (1) Average Accuracy (Aj), the
overall accuracy computed over all test samples from all do-
mains; (2) Average Task Accuracy (Ar), the mean of task
accuracies, measuring performance balance; (3) Forgetting
Degree (F7), a measure of catastrophic forgetting, follow-
ing Core50 [19], where lower values are better. We also
report average performance across four DIL benchmarks.
See Appendix Sec. 7.1 for metric definitions.
Implementation Details. We employ the AdamW opti-
mizer (81 = 0.9, B2 = 0.999) with an initial learning rate
of 0.01 and a cosine decay schedule. Additionally, we apply
a weight decay of 10~* for regularization to mitigate over-
fitting. The default training epochs are set to 50. The length



Methods Publication ‘ DomainNet ‘ ImageNet-R ‘ ImageNet-C ‘ ImageNet-Mix Average
|Ar 1 Aot Frl|Ar 1t Aot Frl|Apt Aot Frl|Apt Aat Frl|Art Aat Frl
EWC [14] NAS 2017 55.04 5131 27.52|47.05 4550 21.30|45.07 45.07 26.69|42.22 43.46 24.75|47.35 46.34 25.07
LwF [16] T-PAMI2017 | 59.01 55.02 16.84 | 54.47 52.89 14.23|42.87 42.87 27.72|50.06 51.54 19.13|51.60 50.58 19.48
L2P [32] CVPR2022 |58.94 5596 13.35|65.27 6527 14.93|55.62 55.62 17.35|50.34 4431 19.72|57.54 5529 16.34
DualPrompt [31] ECCV2022 |62.68 60.63 13.83|71.10 67.92 7.19 |77.25 77.25 2.51 [71.23 7332 7.17 |70.57 69.78 7.68
CODA-Prompt [27] CVPR2023 | 56.73 52.87 23.88|69.07 66.25 14.12|52.30 52.30 25.15|59.02 52.82 20.22|59.28 56.06 20.85
CPrompt [7] CVPR 2024 | 60.18 60.62 1.19 | 74.02 7527 -0.70 | 49.71 49.71 -0.82 | 56.86 55.04 -0.83 | 60.19 60.16 -0.29
S-Prompts [30] NeurIPS 2022 | 67.51 66.40 0.68 |41.23 41.00 2.83 | 4526 4526 047 |[43.84 43.57 047 | 4946 49.06 1.33
PINA [29] ECCV2024 | 7338 74.18 1.13 |63.80 6141 240 | 68.05 68.05 0.15 |65.19 6538 0.84 |67.61 6726 1.13
CP-Prompt [6] MM 2024 72.16 73.11 0.95 | 60.98 59.79 235 [ 6391 6391 030 |61.46 61.54 1.13 | 64.63 6459 1.18
C-Prompt* [18] 1JCV 2024 65.03 63.10 1.63 | 74.57 70.35 -9.56 | 69.89 69.89 2.49 |67.90 6643 -1.29 | 69.35 67.44 -1.68
KA-Prompt* [35]  ICML2025 | 67.06 6524 232 |75.12 71.85 -5.83|74.12 74.12 397 |71.27 71.65 0.17 |71.89 70.72 0.16
LAVA-share (Ours) This Paper 7340 74.64 0.68 | 80.27 75.10 -0.18 | 77.00 77.00 0.11 |77.73 75.72 0.24 | 77.00 75.62 0.21
LAVA (Ours) This Paper 73.84 75.13 0.58 | 80.89 75.58 -0.34|77.58 77.58 0.04 | 7845 76.56 0.26 | 77.69 76.21 0.14

Table 1. Comparison across four DIL benchmarks. We mark the best results in bold and second-best with underlines. (*) C-Prompt and
KA-Prompt employ specific mechanisms that can result in negative forgetting (i.e., knowledge gain). The proposed LAVA-share denotes a
lightweight variant of LAVA that reuses the anchor pool as both keys and values.
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Figure 4. Performance progression on the ImageNet-R and ImageNet-C benchmarks.

of prompt token N, is set to 16. The mini-batch size is set
to 128. The training images are resized to 224 x224. A tem-
perature parameter 7 = 0.07 is applied in the softmax nor-
malization to scale the cosine-similarity scores when con-
structing relational distributions. All experiments are con-
ducted on a single NVIDIA RTX 4090 GPU.

Baselines. We benchmark LAVA against state-of-the-art
methods from both Domain- and Class-Incremental Learn-
ing (DIL and CIL). DIL baselines include prompt-based
methods (S-Prompts [30], CP-Prompt [6], C-Prompt [18],
KA-Prompt [35]) and the adapter-based method PINA [29].
Among these, three methods rely on explicit domain iden-
tification at inference to select their domain-specific param-
eters: S-Prompts and CP-Prompt use a KNN-based strat-
egy, whereas PINA adopts its dedicated Patch Shuffle Selec-
tor (PSS) module. We follow the configurations described
in their respective papers (see Appendix Sec. 7.2). Abla-
tions on this module are further discussed in Sec. 5.2. For
CIL, we consider regularization-based methods (LwF [16],
EWC [14]) and prompt-based ones (L2P [32], Dual-
Prompt [31], CODA-Prompt [27], CPrompt [7]). All meth-
ods are implemented on a CLIP (ViT-B/16) backbone using
official or verified re-implementations, and evaluated under
the rehearsal-free setting without storing past samples.

5.1. Main Results

Comparison with State-of-the-Arts. Our LAVA model
demonstrates a significant leap over existing state-of-the-art
methods, as detailed in Tab. 1. It achieves a new benchmark
with an average Task Accuracy (Ar) of 77.69% and Av-
erage Accuracy (A 4) of 76.21%, outperforming the previ-
ous SOTA, KA-Prompt, by 5.80% and 5.49% respectively.
LAVA’s superiority is most pronounced on benchmarks with
severe domain shifts, such as DomainNet (+6.78%) and
ImageNet-Mix (+7.18 %), directly validating the robustness
of our relative alignment strategy. Beyond conventional ac-
curacy metrics, LAVA demonstrates strong knowledge re-
tention, achieving a relatively low forgetting degree (F7r) of
0.14. While specialized methods like KA-Prompt and C-
Prompt employ explicit reuse mechanisms to obtain numer-
ically lower forgetting, LAVA remains one of the more ef-
fective approaches among standard baselines in mitigating
knowledge degradation. We further introduce a lightweight
variant, LAVA-share, which eliminates the separate Pro-
totype Anchor Pool and instead reuses the Visual Anchor
Pool as both keys and values in the CA-CDFA module.
In this way, a single anchor pool simultaneously serves as
the key—value pair, achieving a 32% parameter reduction
without sacrificing performance (see Sec. 5.3). In addi-



Baseline VL-RSA CA-CDFA MLFI ‘ DomainNet

ImageNet-R ‘ ImageNet-C ‘ ImageNet-Mix

|Ar 1 Aot Frl|Ap 1t Aot Frl|Ar 1 Aat Frl|Art Aat Frl

v 6751 6640 0.68 |41.23 41.00 2.83 |4526 4526 047 |43.84 43.57 047
v v 7336 7438 1.13 | 7850 73.84 081 |7577 7577 0.7 |75.72 73.15 0.66
v v v 73.65 7486 101 |79.92 7490 0.08 |77.17 77.17 024 |77.74 7571 045
v v v v |7384 7513 0.58 | 80.89 75.58 -0.34 |77.58 77.58 0.04 | 78.45 76.56 0.26

Table 2. Component contributions. The baseline corresponds to S-Prompts with prompt tuning on a frozen backbone, a unified classifier
and a KNN-based domain identification strategy. Even without MLFI, LAVA achieves state-of-the-art performance under this setting.

DomainNet ImageNet-R
Art  Aat Frl Art Aat  Fr|
random 73.04 7395 159 77.06 7247 1.11
ST IDs 7298 7394 134 80.22 7534 -0.07
classnames 73.44 7445 132 8037 7554 0.30
CLIP IDs 73.19 7414 123 7932 7451 0.27

class names 73.84 75.13 0.58 80.89 75.58 -0.34

Table 3. Ablation on alignment reference structures. “ST” and
“CLIP” denote text encoders (Sentence Transformer and CLIP);
“IDs” and “class names” indicate the semantic input type.
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Figure 5. Impact of Domain Order on DomainNet. LAVA shows
robust stability and performance across domain orders, including
the challenging Quickdraw-first order.

tion, the learning process visualizations on ImageNet-R and
ImageNet-C (Fig. 4) further confirm LAVA’s consistent su-
periority, particularly in the more challenging domains en-
countered in the later stages of training.

5.2. Ablation Study

Component Ablations. Table 2 summarizes our compo-
nent ablation study. We use S-Prompts [30] combined with
a standard KNN-based domain identification strategy as our
baseline. On top of this baseline, we incrementally add
three core components of LAVA: (1) Vision-Language Rel-
ative Structural Alignment (VL-RSA), which yields a sub-
stantial performance gain by enforcing relative structural
alignment between vision and language, validating our rel-
ative alignment strategy; (2) Class-Aware Cross-Domain
Feature Aggregation (CA-CDFA), which significantly im-
proves cross-domain knowledge reuse and enhances feature
discriminability, effectively overcoming knowledge frag-
mentation; (3) Multi-Level Feature Integration (MLFI),
which provides a modest yet consistent improvement by

DomainNet ImageNet-Mix
Method Art  Aat Frl Art Aal Frl

w/0 Lgyyee  73.55 7456  1.03 77.10 7539 0.61

L1 7312 7412 0.62 76.80 7471 037
L2 7345 7454 068 7752 7535 0.32
KL 73.84 7513 0.58 7845 76.56 0.26

Table 4. Ablation of structure alignment loss formulations, includ-
ing 1, ¢2, KL divergence, and a variant without L.

facilitating more accurate domain identification at infer-
ence. Notably, even without this module, our method can
still achieve state-of-the-art performance using the standard
KNN-based domain identification approach.

Impact of Domain Order. We evaluate LAVA’s robust-
ness to domain order on DomainNet using various per-
mutations (see Appendix Sec. 7.3). As shown in Fig. 5,
LAVA maintains top performance with minimal fluctuation,
while PINA drops significantly on the Quickdraw-first se-
quence [29], where LAVA surpasses it by 4.93% in Ar.
Ablation on Alignment Reference and Objectives. We
jointly analyze the effects of different reference structures
and alignment objectives. As shown in Tab. 3, we compare
random initialization, numerical class IDs, and class names
encoded by a Sentence Transformer (ST) [4] or CLIP’s text
encoder. Using CLIP-encoded class names yields the best
results, confirming that its pre-trained semantic geometry is
naturally aligned with the visual space. We further evaluate
several formulations of the structure alignment 10oss Lggyct
(Tab. 4), including ¢4, ¢5, KL divergence, and a variant
without alignment. The KL objective achieves the best ac-
curacy, indicating that penalizing distributional discrepan-
cies enables more stable and discriminative alignment.
Ablation on Layer Selection in MLFI. We conduct a sys-
tematic ablation to validate the design of the Multi-Level
Feature Integration (MLFI) module. Figure 6(a) presents
the per-task accuracy using features from individual lay-
ers on ImageNet-C, while (b) shows the average accuracy
of each layer and different layer-integration combinations
across tasks. The results indicate that different layers en-
code complementary visual cues—some performing well
on certain tasks but less effectively on others. By integrat-
ing multiple layers, MLFI exploits these complementarities
to achieve more consistent and robust domain identification.
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Figure 6. Ablation on layer selection in the MLFI module on
ImageNet-C. (a) Per-layer accuracy across all tasks, illustrating
the contribution of each layer. (b) Mean per-layer accuracy (green
dashed) and results of different layer-integration combinations.
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DomainNet ImageNet-R ImageNet-C ImageNet-Mix

Method AclsT AAT AasT AAT AclsT AAT AclsT AAT

K-NN 84.03 74.66 56.12 7490 8272 77.17 7752 75.71
NMC 85.02 7476 5746 7547 8325 77.12 77.74 75.70
PSS 85.07 74.78 5343 7376 74.02 75.03 64.11 72.29

MLFI 86.45 75.13 57.88 7558 9590 77.58 88.00 76.56

Table 5. Comparison of domain identification strategies. A is the
domain identification accuracy, while A 4 is the final task Average
Accuracy achieved using that method.
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Figure 7. Hyperparameter sensitivity study on the DomainNet
dataset. (a) Prompt length V,,. (b) Loss weight \.

Notably, combining layers L* = {4,5,6} yields the high-
est accuracy on ImageNet-C, surpassing both single-layer
and other integration settings. Further details on the layer-
selection search space and the associated memory overhead
are provided in Appendix Sec. 7.4. Moreover, Table 5 com-
pares MLFI with representative approaches [29], includ-
ing K-Nearest Neighbors (K-NN), Nearest Mean Classi-
fier (NMC) and Patch Shuffle Selector (PSS) (see Appendix
Sec. 7.2). MLFI’s superior domain-identification accuracy
consistently translates into higher overall performance.

5.3. Further Analysis

Hyperparameter Sensitivity Analysis. As shown in
Fig. 7, we analyze LAVA’s sensitivity to two key hyper-
parameters on DomainNet: the prompt length IV, and the
alignment loss weight A. The model remains largely ro-
bust to the choice of IV,,, with performance improving only
marginally as the prompt length increases. For consistency
with prior methods, we set the prompt length to N,=16.
For ), the optimal value differs slightly across datasets but
lies within a similar range; for DomainNet we use A=0.2.
Full settings are listed in Appendix Sec. 7.5.
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Figure 8. Performance—Parameter comparison on ImageNet-R.

T Cumulative (M, +%) Active@Inf. (M, +%) GPU (GB)

1 047 (+0.31%)
2.35 (+1.57%)
10 470 (+3.14%)
7.05 (+4.71%)

150.092 (+0.31%) 2.49

Table 6. Scalability across domains. Percentages are measured
w.r.t. the backbone (149.62M).

Parameter-Performance Trade-off. Figure 8 compares
accuracy versus trainable parameters on ImageNet-R (de-
tailed in Appendix Sec. 7.6). LAVA achieves state-of-the-
art accuracy with high parameter efficiency, requiring only
7.05M trainable parameters—33% fewer than KA-Prompt
(the previous SOTA)—while attaining higher task accuracy.
The lightweight variant, LAVA-share, further reduces the
parameter count to 4.75M yet continues to outperform all
competing approaches by a substantial margin. These re-
sults indicate that LAVA’s advantage arises from its archi-
tectural efficiency rather than increased model capacity.
Model Scalability. As shown in Tab. 6, the trainable pa-
rameters grow linearly with the number of domains, reach-
ing 7.05M at T=15 only—4.7% of the 149.6M backbone.
At inference, however, LAVA activates only a fixed set of
parameters (150.09M in total), introducing merely ~0.3%
additional parameters beyond the backbone and keeping
the GPU memory footprint constant at 2.49 GB. This indi-
cates that domain expansion increases only the stored model
size, while the inference-time cost remains lightweight and
unchanged. A detailed analysis of LAVA’s computational
overhead and efficiency is provided in Appendix Sec. 7.6.

6. Conclusion and Future Works

In this work, we explore the fundamental dilemma in
DIL—the trade-off between inter-domain interference and
knowledge fragmentation. We propose LAVA, a novel
framework that preserves relative visual geometry across
domains via a language-anchored semantic bridge, enabling
effective retrieval of prior knowledge and robust feature ag-
gregation. Extensive experiments on multiple DIL bench-
marks demonstrate that LAVA consistently outperforms
state-of-the-art methods. Beyond empirical success, LAVA



introduces the idea of leveraging an external, stable, and
knowledge-rich structure—such as language—as a seman-
tic compass to navigate the drift of internal representations,
offering a promising path toward more stable and scalable
domain incremental systems. We believe that aligning rela-
tive geometry opens promising directions for broader appli-
cations, such as few-shot and multi-modal learning.
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Supplementary Material

7. Supplementary
7.1. Details of the Evaluation Metrics

To provide a comprehensive assessment, our evaluation
framework is built upon three core metrics, each cho-
sen to target a distinct pillar of continual learning perfor-
mance: overall effectiveness, balanced performance across
domains, and resistance to catastrophic forgetting.
Average Accuracy (A ) This metric measures the overall
classification performance across all test samples from all
domains after the model has been fully trained on all 7" do-
mains. It is defined as:

A _ Z?:l CT,i
AT ST 5
Zi:l |Zi|

where cr ; denotes the number of correctly classified sam-
ples in the test set Z; by the final model My, and | Z;| is the
total number of samples in that test set.

Average Task Accuracy (A7) This metric emphasizes bal-
anced performance across domains, computing the mean of
per-domain accuracies. It is calculated as:

L T
Ar = T Z ar,;
=1

where ar ; is the accuracy of the final model M on the test
set of the i-th domain, Z;.

Forgetting Degree (F71) This metric quantifies catastrophic
forgetting by measuring how performance on previously
learned domains changes as new domains are introduced. It
is calculated by averaging the per-domain backward trans-
fer (BW'T;) across all previously learned domains:

T

1
BWT, = 7— Z (aji — aiz)
j=t+1

The overall Forgetting Degree is then defined as:

=
Fr=—— BWT;
T-1 4 ‘
=1
Here, a;; denotes the accuracy on domain % after training
up to domain j, and a; ; is the accuracy on domain 7 imme-
diately after it was learned.
Since model performance on previous domains typically
decreases as new domains are learned (i.e., a;; < @;;),

the raw forgetting degree defined above is generally nega-
tive. For clearer interpretation, our tables report its negation
while still using the symbol Fr. Under this convention,
larger positive values indicate stronger forgetting, whereas
smaller values reflect better knowledge retention. Notably,
when Fr becomes negative, it implies positive backward
transfer, meaning that learning later domains unexpectedly
improves performance on earlier ones.

7.2. Details of Domain Identification Strategies

Several baselines in our comparison rely on explicit domain
identification during inference. For example, S-Prompts
[30] and CP-Prompts [6] employ a K-NN-based strategy,
whereas PINA [29] adopts its dedicated Patch Shuffle Se-
lector (PSS). For completeness, we summarize these strate-
gies below.

K-Nearest Neighbors (K-NN). These methods use the
frozen visual encoder to extract features for each training
domain and apply K-Means clustering to obtain a small set
of domain prototypes. During inference, a test sample is
encoded with the same frozen encoder and matched to the
nearest prototype (typically via L2 distance); the identified
domain determines which domain-specific parameters are
used for inference.

Patch Shuffle Selector (PSS). PSS [29] constructs do-
main prototypes by applying random patch shuffling to each
training image before feature extraction, suppressing class-
dependent structure while retaining domain-level appear-
ance statistics. The prototype for each domain is computed
as the mean feature of its shuffled samples. At inference,
the test sample is encoded without shuffling and assigned to
the nearest prototype using cosine similarity; the identified
domain determines the domain-specific parameters used for
inference.

Nearest Mean Classifier (NMC). Consistent with PINA
[29], we also include NMC as a comparison method. NMC
computes a single mean feature for each domain directly
from the frozen-encoder embeddings of all training sam-
ples, without clustering or patch shuffling. During infer-
ence, the test sample is assigned to the domain whose mean
prototype yields the highest cosine similarity.

As shown in Tab. 5, we compare these three
strategies—K-NN, PSS, and NMC—under a unified eval-
uation protocol. For all baselines, we follow the configura-
tions reported in their respective papers.



Order Ist 2nd 3rd 4th 5th 6th
1 real quickdraw  painting sketch infograph clipart
2 clipart infograph  painting quickdraw real sketch
3 quickdraw  infograph  clipart painting sketch real
4 painting sketch clipart real infograph  quickdraw
5 infograph clipart painting  quickdraw real sketch
6 sketch clipart painting  quickdraw real infograph

Table 7. The six domain order permutations for the DomainNet dataset used in our experiments.

Dataset Selected Layers
DomainNet {9,10,11}
ImageNet-R {10,11}
ImageNet-C {4,5,6}
ImageNet-Mix {6,11}

Table 8. Selected MLFI layers for each benchmark.

7.3. Domain Order Permutations on DomainNet

To rigorously evaluate the robustness of our model, LAVA,
against variations in domain order, we constructed six dis-
tinct domain permutations for the DomainNet dataset.

The first sequence follows the methodology of [35],
where domains are sorted by decreasing data size to simu-
late a challenging Domain Incremental Learning (DIL) sce-
nario. The second sequence adopts the default DomainNet
order, which is consistent with the experimental setups in
several baseline methods [6, 29, 30].

The design of the remaining four permutations is pri-
marily motivated by the evaluation strategy in PINA [29].
Acknowledging the significant domain gaps among the six
domains in DomainNet (Real, Quickdraw, Painting, Sketch,
Infograph, and Clipart), the initial domain can substantially
impact subsequent model adaptation. Therefore, mirroring
PINA’s setup, we ensure that each of the six domains serves
as the starting point in one of the permutations.

However, to create a more demanding continual learn-
ing testbed, we introduce an additional layer of complexity.
While PINA’s setting focuses on varying the initial domain,
we further randomize the sequence of the subsequent do-
mains. Specifically, after designating a unique starting do-
main for each permutation, we also randomly shuffle the or-
der of the remaining five domains. This approach not only
varies the initial domain exposure but also alters the entire
sequence of domain transitions, enabling a more compre-
hensive and challenging assessment of model robustness.

The six resulting domain order permutations are detailed
in Tab. 7, and their impact on model performance is illus-
trated in Fig. 5.

Dataset MLFI Storage  K-NN Storage
DomainNet 0.05 MB 0.09 MB
ImageNet-R 0.10 MB 0.22 MB
ImageNet-C 0.13 MB 0.22 MB
ImageNet-Mix 0.18 MB 0.44 MB

Table 9. Memory cost of MLFI and K-NN across different bench-
marks.

Dataset Optimal \
DomainNet 0.2
ImageNet-R 1.0
ImageNet-C 0.5
ImageNet-Mix 1.0

Table 10. Optimal alignment-loss weight A across benchmarks.

7.4. Best Layer Searching and Memory Analysis

To identify the most informative layers for MLFI, we first
evaluate the domain-prediction accuracy of each Trans-
former layer individually. Based on these scores, we per-
form an accuracy-guided greedy search: starting from the
top-performing layers, we enumerate compact combina-
tions and retain only those that further improve valida-
tion accuracy. This lightweight procedure effectively finds
layer subsets that provide strong complementary cues while
avoiding exhaustive search. The final selected layers are re-
ported in Tab. 8.

Comparison with K-NN Storage. For reference, we also
estimate the storage cost of the K-NN domain selector used
in prior work. In contrast to MLFI—which stores only a
few averaged multi-layer features—K-NN must maintain
several high-dimensional centroids in the full embedding
space, leading to noticeably higher memory usage. The
comparison is summarized in Tab. 9.

7.5. Alignment Loss Hyperparameters

Table 10 presents the optimal alignment-loss weight A for
each benchmark. The preferred values vary slightly across
datasets, suggesting that a moderate level of alignment
tends to work well in practice.



Method Params (Trainable/Total, M) GPU Mem (GB) Batch Time (s) AT (D)
L2P [32] 0.200/ 149.82 16.56 0.21 65.27 (+15.62)
Dual-Prompt [31] 1.098 / 150.72 18.39 0.61 71.10 (+9.79)
CODA-Prompt [27] 5.914/155.53 18.16 0.60 69.07 (+11.82)
CPrompt [7] 5.917/155.54 40.27 1.34 74.02 (+6.87)
S-Prompts [30] 0.307/149.93 14.10 0.38 41.23 (+39.66)
PINA [29] 4.757 1 154.38 13.99 0.29 63.80 (+17.09)
CP-Prompt [6] 5.887/155.51 12.60 0.26 60.98 (+19.91)
C-Prompts [18] 10.559/160.18 9.79 0.32 74.57 (+6.32)
KA-Prompts [35] 10.559/160.18 19.54 0.60 75.12 (+5.77)
LAVA-share (ours) 4.749 / 154.37 16.45 0.46 80.27 (+0.62)
LAVA (ours) 7.053/156.68 15.33 0.48 80.89 (Best)

Table 11. Comparison of the number of parameters, overhead, and performance with the state-of-the-art on ImageNet-R. “Params” reports
trainable/total parameters (in M) on top of a frozen backbone with 149.62M parameters; “GPU Mem” is the peak GPU memory in GB
(MB/1024); “Batch Time” is the per-batch running time in seconds; A is the final average task accuracy, and A denotes the accuracy gap

w.r.t. LAVA, computed as A = Ar(LAVA) — Ar(method).

Method Active Params @Inf. (Extra/Total, M, +%) GPU Mem (GB) Latency (s)
L2P [32] 0.200/ 149.82 (+0.13%) 2.00 0.04
Dual-Prompt [31] 1.098 / 150.72 (+0.73%) 4.04 0.36
CODA-Prompt [27] 5.914 / 155.53 (+3.95%) 4.07 0.32
CPrompt [7] 2.688/152.31 (+1.80%) 2.23 0.10
S-Prompts [30] 0.020/ 149.64 (+0.01%) 3.68 0.90
PINA [29] 0.317/149.94 (+0.21%) 2.95 1.23
CP-Prompt [6] 0.385/150.01 (+0.26%) 2.52 0.45
C-Prompts [18] 10.559/160.18 (+7.06%) 3.71 0.32
KA-Prompts [35] 10.559/ 160.18 (+7.06%) 5.25 0.32
LAVA-share (ours) 0.317/ 149.94 (+0.21%) 2.44 0.37
LAVA (ours) 0.470/150.09 (+0.31%) 2.49 0.38

Table 12. Inference efficiency comparison with the state-of-the-art on ImageNet-R. “Active Params@Inf.” reports, for each method, the
extra/total active parameters (in M) on top of a frozen backbone with 149.62M parameters, and the percentage denotes the relative increase
over the backbone; “GPU Mem” is the peak GPU memory usage in GB; “Latency” is the per-batch inference time in seconds.

7.6. Computational Overhead and Efficiency

To better understand the computational profile of LAVA,
we provide a detailed comparison of training and inference
overhead on ImageNet-R in Tab. 11 and Tab. 12. These re-
sults complement the main paper by quantifying how LAVA
trades parameter cost and runtime for accuracy.

Training-time parameter and memory cost. Table 11
reports the number of trainable parameters, peak GPU
memory, and per-batch training time for each method,
together with the final average task accuracy Ap. On
ImageNet-R, LAVA achieves the best performance with
Ar = 80.89%, while introducing only 7.05M trainable pa-
rameters on top of a frozen 149.62M backbone. This rep-
resents a substantial reduction in trainable parameters com-
pared to parameter-heavy methods such as C-Prompts and

KA-Prompts, both of which require 10.56M trainable pa-
rameters but still lag behind LAVA by +6.32% and +5.77 %
in Ar, respectively. Even the more compact LAVA-share
variant, with 4.75M trainable parameters, already outper-
forms all baselines, reaching 80.27% and remaining only
0.62% behind the full LAVA model. Overall, LAVA and
LAVA-share attain these accuracy gains while keeping peak
GPU memory and per-batch training time competitive with
or more efficient than existing prompt-based baselines.

Inference-time efficiency. Table 12 further evaluates the
runtime footprint at inference. Here, we report the number
of active parameters, including both the extra parameters
introduced by each method and the resulting total param-
eter count at test time, as well as the peak GPU memory
and per-batch latency. Despite using 7.05M trainable pa-
rameters during training, LAVA activates only 0.47M extra



Algorithm 1 LAVA Training and Inference Algorithm

Input: Training sets X7, --- , X7, test sets Zy, - - - , Zp, class names for label set C.

Output: The predicted labels of test images.
1: // Initialization Phase

2: Pre-compute static Text-based Anchors A™ using the frozen text encoder G.

(95}

Classifiers W.
: // Training Phase
: for tin [1,7] do

. Initialize learnable pools with random parameters: Prompts P, Visual Anchors AY", Prototype Anchors VP™°, and

Compute the prompt-adapted feature g; using prompt P ;), per Eq. (1).
Compute structural loss Lgyye; via the VL-RSA module, using Egs. (2) to (5).
Compute aggregated feature f; via the CA-CDFA module, per Egs. (6) and (7).
10: Optimize learnable parameters for domain ¢ (P ), .. ., 1)) by minimizing the combined loss £ from Eq. (8).

4
5
6:  for each (x;,y;) in A} do
7
8
9

11:  end for

12 Using the MLFI module, compute the domain prototype p ;) for domain ¢ on &; per Egs. (9) and (10).

13: end for

14: // Inference Phase

15: Get the test set 21,7 = Uzzl Z..
16: for z in Z;. 1 do

17:  Compute multi-level feature F'(z) using the MLFI extractor per Eq. (9).

18:  Identify domain label s = arg maxcos(F'(z), ;).
1<t<T

19:  Compute prompt-adapted feature g, using components from domain s, per Eq. (1).
20:  Compute aggregated feature f, using components up to domain s, per Egs. (6) and (7).
21:  Predict label §j = 1(*)(£.) using the classifier for domain s.

22: end for

parameters at inference, corresponding to a 0.31% increase
over the backbone. This overhead is an order of magnitude
smaller than that of C-Prompts and KA-Prompts, which
each require 10.56M extra active parameters (+7.06%).
The LAVA-share variant is even more lightweight, with just
0.32M extra active parameters (+0.21%) while preserv-
ing most of the performance. Consequently, both LAVA
and LAVA-share maintain a lightweight inference-time foot-
print, with GPU memory usage and latency that are on par
with or better than other strong baselines, while still deliv-
ering a clear accuracy advantage.

Overall parameter efficiency and accuracy—cost trade-
off. A key aspect of LAVA’s design is its per-stage ef-
ficiency: although the total number of trainable parame-
ters grows with the number of domains, the parameters up-
dated at each incremental stage remain modest compared
to other high-performing, parameter-expanding methods.
Practically, this leads to improved training efficiency, since
only a small subset of the overall parameters needs to be
updated when a new domain arrives. Overall, these results
demonstrate that LAVA’s state-of-the-art performance is not
achieved by merely increasing parameter counts or compu-
tation: LAVA uses a moderate training-time parameter bud-
get together with an extremely small inference-time over-

head, and converts these resources into substantial accu-
racy gains, achieving a superior balance between accuracy,
memory footprint, and runtime cost across both training and
inference.

7.7. Further Details of the Training and Inference

Algorithm | introduces how to train and test our Language-
Anchored Visual Alignment (LAVA) framework. The sym-
bols correspond to those used in the Problem Formulation
subsection and the Method section.

7.8. Visualization Results

In addition to the main paper, we also provide the perfor-
mance trends on seen domains for two additional bench-
marks, i.e., DomainNet and ImageNet-Mix, as illustrated in
Fig. 10 and Fig. 9.

As shown in Fig. 10, LAVA sets a new state-of-the-art on
the DomainNet benchmark, outperforming the prior SOTA
method, PINA. This result is particularly compelling as the
experiment utilizes the Real-first domain sequence, a setting
known to be most favorable for PINA due to its architectural
reliance on the base domain. Despite this, LAVA secures a
+0.46% advantage. The performance gap widens signifi-
cantly in other permutations; for instance, LAVA’s lead in-



o
S

D
(=

Average Accuracy (%)
5
f=]

3
S

S-prompts
PINA
~Prompts

C-Prompts
KA-Prompts
LAVA (ours)

o 1 2 3 4 5 6 7 8 9 10 11 12 13

14

15 16 17 18 19 20 21 22 23 24 25 26 27 28 29

Figure 9. ImageNet-Mix average accuracy on seen domains.
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Figure 10. DomainNet average accuracy on seen domains.

creases to a substantial +4.93% when Quickdraw is the ini-
tial domain.

LAVA’s robustness is further demonstrated on the more
demanding ImageNet-Mix benchmark (Fig. 9), which com-
prises 30 sequential domain shifts. Here, LAVA establishes
a decisive and consistent lead over all baseline methods
throughout the entire learning process. This significant per-
formance margin underscores LAVA’s superior generaliza-
tion and robustness in complex, long-sequence continual
learning scenarios.

7.9. Limitations and Future Directions

While LAVA performs strongly across diverse benchmarks,
several limitations remain. First, the method implicitly as-
sumes a certain degree of semantic structural consistency
across domains, as the relative alignment mechanism relies
on semantic relationships in the embedding space remain-
ing reasonably stable. In practice, this assumption generally
holds for natural-image benchmarks; however, if the model
is applied to domains with extreme discrepancies in visual
style, statistical properties, or semantic ontology—such as
highly stylized or artificially constructed domains with lit-
tle correspondence to natural-image semantics—the shared
language-anchored structure may become less reliable, po-
tentially reducing adaptation effectiveness and degrading
performance on those domains.

Second, although only a small number of parameters
are updated at each stage, the cumulative parameter count

still grows linearly with the number of domains. Reducing
redundancy by merging pools for semantically similar do-
mains or reusing pools when domain similarity is high rep-
resents a promising direction for improving long-horizon
scalability.

Looking ahead, future work could pursue more robust
domain-invariant structures and more scalable parameteri-
zation strategies that better leverage cross-domain common-
ality. Such developments may enhance the deployment of
incremental models in dynamic environments and deepen
our understanding of stability—plasticity trade-offs in large-
scale vision—language systems.
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