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Abstract. Language-guided prompt-based continual learning emerges
as a promising approach to tackle catastrophic forgetting in a dynamic
environment under rehearsal-free constraint. However, existing state-of-
the-art (SOTA) requires additional resources, such as LLM-generated
descriptors and an LLM decoder that may not be available in a real ap-
plication. Meanwhile, the more straightforward method experiences sub-
optimality due to the high similarity between language text embeddings.
To address this problem, we propose a resource-efficient novel language-
guided approach and algorithm that incorporates two novel ideas: (1)
mixed vision and language modality for prompt generation, and (2) Dif-
ferential prefix tuning for the model training process. Our experimental
analysis shows that our method outperforms existing language-guided
prompt-based methods, i.e., up to 30%, 26%, and 10% for final aver-
age accuracy, cumulative average accuracy, and final forgetting mea-
sure, respectively. The historical analysis confirms our method’s stability-
plasticity balance in every task. Our extended analysis shows that our
method consistently achieves better performance in various prompt lengths
and ViT layers. For further study and reproducibility, we also provide
rigorous analysis, details, and source code of our method in the sup-
plementary document. The implementation of the proposed method is
available at https://github.com/anwarmaxsum/D-VLAM.

Keywords: continual learning · catastrophic forgetting · vision and lan-
guage mixing · differential · rehearsal-free

1 Introduction
Continual learning (CL) has become a new focus in the field of artificial intelli-
gence (AI) to address catastrophic forgetting in a dynamic environment [49,60].
CL has proven its impact and promising benefits in various studies, such as
NLP, computer vision, graph [2,27,46] and applications such as medicine, energy,
and smart city [4, 38, 55]. However, previous state-of-the-art (SOTA) CL meth-
ods [3,36,53] require previous task exemplars for a rehearsal process to minimize
forgetting of previously learned knowledge [1, 3, 3, 5, 7, 15, 36, 53]. This approach
is not practical, as the old exemplars could be unavailable forever due to the
privacy policy. In addition, the rehearsal process incurs additional memory and
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computational expense. Along with the advancement of foundation models [56],
a prompt-based approach emerges as the new effective, yet efficient solution for
rehearsal-free CL. Leveraging a frozen pre-trained backbone, the approach de-
mands only small-sized learnable parameters (prompt) to adapt to a new task.
More specifically, the language-guided prompt methods offers new innovation for
a better stability-plasticity guided by text embedding discrimination.

Despite its promising performance on rehearsal-free CL, language-guided
prompt methods face critical issues related to resources: First, the latest SOTAs,
e.g., LAEPGen [30] and ConvPrompt [37], require LLM-generated class descrip-
tors as language text modality rather than class names. The need for LLM access
is arguably considered unfair and an overkill resource for language-guided CL
methods. In another study, the utilization of the LLM decoder by GMM [6] is
considered similarly. On the other hand, a more straightforward approach, as in
LGCL [18] that utilizes encoded text embedding as loss anchors, falls short of
its full potential due to the high similarities between class embeddings. Second,
the need for LLM access to generate class descriptors incurs additional com-
putational expenses, especially in the training phase. Third, the latest SOTAs
require larger trainable parameters compared to the existing methods. Specif-
ically, ConvPrompt that utilizes growing prompt generators accumulates more
trainable parameters (prompt generators) than task-wise prompt methods such
as DualPrompt [51] and CPrompt [12] or pool-based prompting such as L2P [52].
Similarly, LEAPGen, which utilizes a larger generator, requires higher trainable
parameters even though it manages its structure as a task-wise generator.

Reflecting on the mentioned drawbacks, we propose a novel resource-efficient
language-guided prompt-based method for rehearsal-free CL. Our method in-
corporates two novel ideas: (1) mixed vision and language modality for prompt
generation and (2) differential prefix tuning for the model training process. Our
vision and language (VL) mixing is a novel approach that is unique to exist-
ing language-guided mechanisms [6, 18, 30, 37] that process both modalities in a
more detachable way. Our VL mixing is conducted through our proposed dif-
ferential prefix tuning (DPT) for better cohesion between VL modalities. Un-
like [57] which performs differential attention to tune the Visual Transformer
(ViT) weight, our DPT tunes prompt generators that accommodate dual modal-
ities. In addition, the trainable lambda coefficients are structured in a task-wise
manner, which adds to the uniqueness of our method. To satisfy efficient re-
source and parameters, our method incorporates lightweight prompt generators
and class names as a text modality. Thus, our method does not utilize LLM-
generated class descriptors or an LLM decoder. Our contributions are as follows:
– We highlight resource fairness on language-guided continual learning and

propose a novel prompt-based method named differential vision and language
mixing (D-VLAM) for the rehearsal-free CL problem that carries out the
three main principles mentioned above.

– We demonstrate 3 strategies of VL mixing mechanisms, i.e., complementary-
VL, complementary-LV and aggregate-VL that outperform existing SOTAs.

– Our rigorous experiment and analysis prove the superiority of our method
over existing SOTAs in final, cumulative, and historical perspectives in terms
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of accuracy and forgetting measure. Our extended analysis proves the robust-
ness of the proposed method in various settings, i.e., the number of layers
and prompt lengths. We analyze the tradeoff between performance and run-
ning time as well as the number of parameters of our method in comparison
with the existing state-of-the-art methods.

– We provide complete numerical results, technical details of our method, and
the code of our proposed method for future study and reproducibility. Please
see our supplementary.

2 Related Work
a). Parameter Efficient Fine Tuning (PEFT)-based CL: The PEFT-based
CL approach emerges along with the advancement of foundation models that
carry generalization capability. The prompt-based approach is one of the PEFT
types that is well known for its scalability and performance on rehearsal-free CL.
The prompt approach prepends a small-sized parameter (prompt) into the ViT
multi-head self-attention (MSA) [10, 22, 24]. The prompt could be latent train-
able parameters or a vector generated by trainable generator networks. Prompts
are organized in several types of structures, i.e., pool-based manner, such as in
L2P [52], task-wise structure as in DualPrompt [51], PGP [34], S-Prompt [50],
HiDePrompt [48] and CPrompt [12], evolving component as in CODA-P [41],
evolving generator as in ConvPrompt [37] and EvoPrompt [20] or task-wise gen-
erator as in LEAPGen [30]. The other approach utilizes Low-Rank Adaptation
(LoRA) that extends frozen ViT weight W with pair of learnable matrices (A,B)
as in LAE [11], CLoRA [40], InfLoRA [26], and CL-LoRA [13]. The LoRA-based
method is popular for its intuitive expression and explainability. The newest
PEFT approach i.e., adapter approach extends ViT backbone with a set of
adapters such as in EASE [59] and MOS [42]. Rather than extending the in-
ner level, such as ViT weight, adapters work on the feature level by projecting
the ViT feature into a more discriminative form. The other strategy are adding a
trainable projection layer after the ViT layers to improve the feature separability
as performed by RanPAC [31], RanDumb [33], and FOAL [61].
b). Language guided CL: Language-guided becomes a new innovative solution
to catastrophic forgetting by improving class discriminant via text embedding
discrimination. One of the approaches utilizes encoded text embeddings as loss
anchors, as in [18]. The other approach utilizes inter-task embedding similarity
to compute the number of required new prompt generators [37], while the re-
cent study utilizes the text embeddings as input of prompt generators [30]. The
generative language-guided approach utilizes an LLM decoder to generate a text
embedding combined with a vision embedding [6]. The use of an LLM encoder
or LLM-generated descriptors, as in the aforementioned studies, is considered an
overdose of resources that may be unaffordable in the real world. Another ap-
proach utilizes a pre-trained vision-language model (VLS), such as CLIP, as the
backbone rather than just a text encoder [16,17,45]. This approach is arguably
considered an overdose of resources for continual learning in a simple task such
as image classification. Recent studies show that the language-guided approach
is also applied for continual learning under data scarcity [8,23,28,29,32,35,43,58]
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and advanced vision task [9, 25, 39, 44, 54]. This development demonstrates the
extended prospect of the language-guided approach.

3 Preliminary
3.1 Problem Formulation

Class incremental learning (CIL) problem is defined as the problem of learn-
ing a sequence of fully supervised tasks T 1,T 2,...T T−1,T T where after finishing
learning a task T T , a model must recognize all learned tasks, i.e., {T t}Tt=1.
Symbol T represents the number of consecutive tasks. Each task carries pairs
of training samples T t = {(xti, yti)}N

t

i=1 where xi ∈ X t and yi ∈ Yt denotes
the input image and its label respectively, N t = |T t| denotes cardinality of T t.
Ct represents unique class labels in Yt i.e. Ct = unique(Yt), and |Ct| denotes
the number of classes in T t. Each task t is disjoint from another task t′ i.e
∀t, t′ ̸= t, (T t ∩ T t′ = ∅). In this study, we focus on CIL as the most challenging
problem in CL. In a CIL setting, the task ID is available only in the train-
ing phase, different from task-incremental learning (TIL), where the task ID is
visible both in the training and in the inference phase.
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Fig. 1: Visualization of existing language-guided prompt-based CL methods (a) Lan-
guage embedding as loss anchors (b) Language embedding similarity for comput-
ing number of new prompt generators (c) LLM decoder as embedding generator
(d)Language embedding as input for prompt generation.

3.2 Language-Guided Approaches and Drawbacks

Figure 1 shows the existing language-guided approach for the CL problem. Fig-
ure 1(a) shows the most straightforward approach, which utilizes language em-
bedding as loss anchors [18]. The method utilizes a class-level embedding Ltci
encoded from string "a photo of "class name" and task-level embedding Lt that
is similarly encoded from the unification of class names within a task t. As shown
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in Figure 1(b), the second approach measures the similarity between the text em-
bedding of the currently learned task and the text embedding of previous tasks to
compute the number of required new prompt generators; i.e., Gi(.),...,Gj(.) [37].
Note that the method has generators from previous tasks; i.e., G1(.),...,Gi−1(.),
and the final prompt is computed by all generators; i.e., P = Σj

i=1SiGi(x). Un-
like the first approach, this approach utilizes LLM-generated class descriptors
instead of class name as its language modality; e.g., the descriptor for class "ap-
ple" is ["round shape", "red or green color", "sweet"]. Figure 1(c) shows the
generative approach that deploys the LLM decoder to generate the prediction
embedding [6]. In the training phase, this approach concatenates image embed-
ding and a pair of question-and-response text embeddings, then feeds it into the
LLM decoder. In the inference phase, only the image and question embeddings
are given to the decoder. The last approach, as visualized by figure 1(d) utilizes
language embedding as input for prompt generators [30]. The method selects top-
k descriptor embeddings as input to k prompt generators (Gt

1(.), G
t
2(.), ..., G

t
k(.)).

The final prompt is computed as the weighted sum of its output with respective
similarity (Si); i.e., P = Σk

i=1SiPCi(x) = Σk
i=1SiGi(x).

All the mentioned language-guided approaches suffer from particular draw-
backs. The first approach suffers from high similarity between class embeddings;
i.e., ∀Ltci ̸= Lncj , 0.73 ≤ cos(Ltci, L

n
cj) ≤ 0.96 [30]. With the high similarities

between the anchors, the class-wise loss L(x, Ltci, Lncj) confronts a challenging
path to discriminate the classes. The second and fourth approaches send queries
to LLM to generate class descriptors. The LLM access is arguably an overkill
resource for a simple task such as CL in image classification. In addition, gen-
erating descriptors incurs additional training time, even though the LLM access
is conducted in an online mode. In a real-world application, the LLM access is
not always affordable. From the perspective of executed parameters, the grow-
ing generator approach increases both its training and inference time for every
upcoming task. The fourth approach may experience lower increase on its train-
ing and testing time for each new task, but a greater increase in its storage
utilization. The third approach explicitly utilizes the LLM decoder as a com-
pulsory component in its pipeline. Aside from the overuse of the LLM decoder,
this approach relies too much on the language modality. Figure 1(c) shows that
the join embedding has far bigger portion of text embedding than vision em-
bedding. In summary, there is no approach that effectively blends vision and
language modality with reasonable resources for CL problem. These intriguing
drawbacks motivate us to develop a resource-efficient CL method with a more
cohesive vision and language mixing.

4 Proposed Method
Overview: We propose Differential Vision and LAnguage Mixing (D-VLAM)
that incorporates two novel ideas: (1) mixed vision and language modality for
prompt generation, and (2) Differential prefix tuning for the model training.
From the perspective of language-guided prompt-based CL, our novel method is
different from existing methods that generate prompts based-on vision modality
only [18, 37] or language modality only [30]. In addition, our mixing process is
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conducted in the prefix tuning mechanism, which is the center of the training
and inference phases. Our proposed differential prefix tuning tunes prompt gen-
erators and learnable parameters that are different from the existing Differential
Transformer [57] that tunes the ViT weights. Our method is resource-efficient
since it does not require any resources or access to an LLM. The following sub-
sections explain the details of our method.
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Fig. 2: Visualization of the proposed Differential Vision and LAnguage Mixing (D-
VLAM) (a) Structure and learnable parameters. (b) Prompt generation and VL mixing
through differential prefix tuning.

4.1 Structure and Learnable Parameters
Figure 2 shows the structure and learning process of our methods. As shown in
sub-figure (a), our method is structured into task-wise prompt generators, where
each task carries a set of prompt generators Gt(, ), a task-level learnable key
Kt, class-level learnable keys Ltc, and a learnable coefficient λt for differential
prefix tuning. These task-associated parameters are trainable (red color) only
within the training phase of task t, and frozen afterward (blue color). During
the inference phase, the generators and parameters are selected based on the
predicted task ID.
a). Prompt Generator: We design a task-associated prompt generator Gt(.) as
tuple of three elements (Gt

K1(.), G
t
K2(.), G

t
V (.)) that generate 3-elements prompt

P = (PK1, PK2, PV ). The prompt and generator are designed following our dif-
ferential prefix tuning mechanism that takes 3-elements, different from stan-
dard prefix tuning that takes 2-elements prompt P = (PK , PV ) [24]. PK1 and
PK2 are generated from the vision embedding while PV is generated from the
text embedding. The prompt P = (PK1, PK2, PV ) is prepended to K = WKX
and V = W vX of ViT layer’s MSA, as shown in sub-figure (b). Following pre-
vious generator methods [30, 37], the generator Gt is distributed for all MSA
heads of ViT layers. Therefore, each task-associated generator Gt is expressed
as Gt(.) = (Gt

K1(.), G
t
K1(.), G

t
V (.)) = {(Gt

K1,l,h(.), G
t
K2,l,h(.), G

t
V,l,h(.))}, ∀l ∈

[1..L], ∀h ∈ [1..H], where L and H are the depth of ViT layers and number of
MSA heads per layer, respectively. To achieve our efficient-resource principle,
Gt
K1,l,h(.), G

t
K2,l,h(.) or Gt

V,l,h(.) is a Conv1D network with kernel size of 3, thus



D-VLAM 7

only saving 4 parameters (3 kernel weights + 1 bias). Therefore, the total pa-
rameters of each task generator are H × L× 3× 4, which is generally less than
2.5K if we prefix-tune all the ViT/B layers with 16 MSA heads.
b). Learnable Keys and Coefficient: Along with the prompt generator, each
task t carries learnable keys and a coefficient. The task-level key Kt ∈ RD and the
class-level key Ltc ∈ RD, ∀c ∈ Ct, where D is the embedding size, are important
elements for predicting the task ID in the inference phase. As mentioned above,
the predicted task ID is utilized to select the prompt generator Gt(.). Each class-
level Ltc is associated with a text embedding Ec that is encoded from the string
"class name" of c. In the inference phase, Ltc is utilized to match Et

c, i.e., based
on the highest similarity between input x and Ltc for ∀t ∈ [1..T ], where T is the
predicted task ID. The coefficient λt ∈ R1 is a steering coefficient for differential
prefix tuning. The coefficient λ is organized in a task-wise manner, so that each
task flexibly adjusts its optimum value independent to other tasks.

4.2 Prompt Generation

We propose a novel prompt generation that takes both vision and language
modalities as input. Given an input image x, closest class-level key Ltc, text em-
bedding Et

c associated to Ltc, and selected prompt generator Gt(.), then prompt
P = (PK1, PK2, PV ) is generated by executing equation 1.

(PK1, PK2, PV ) = {(PK1,l,h, PK2,l,h, PV,l,h)},
∀l ∈ [1..L], ∀h ∈ [1..H],where

PK1,l,h = GtK1,l,h(x), PK2,l,h = GtK2,l,h(x)

PV,l,h = S.GtV,l,h(E
t
c) = cos(x, Ltc).G

t
V,l,h(E

t
c)

(1)

where L and H are ViT layers and MSA heads respectively, S = cos(x, Ltc)
is the cosine similarity between input and closest class-level key. Following the
best practice in previous studies [37,51], the input x can be an average patched
embedding, class feature, or class token. Equation 1 shows that prompt P already
contains mixed VL modalities. The following sub-section presents more details
on how we mix 2 modalities in a prefix tuning mechanism.

4.3 Differential Prefix Tuning (DPT) for VL Mixing

a). Idea and Formulation: The idea of prefix tuning enables flexible adapta-
tion across the network while preserving the output length, keeping it identical
to the input length [21, 24]. Originally, it tunes learnable PK and PV to K and
V , respectively, so that the attention function is performed to Q,[PK ⊕K] and
[PV ⊕ V ] instead of Q,K and V , where Q = WQX,K = WKX and V = WVX
are produced by multiplication of frozen MSA weights (WQ,WK ,WV ) and
MSA input X. The adaptation is achieved by tuning PK and PV that produce
the minimal loss during the tuning process. On the other hand, the softmax
value in the attention function is noisy, so it produces sub-optimality for the
class recognition [57]. One of the solutions to the noise is refining the softmax
value by subtracting some of its portion (λ). In previous study, the minuend
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(Softmax((Q1K
T
1 )/

√
D)) and subtrahend (Softmax((Q2K

T
2 )/

√
D)) come from

different vectors, i.e., WQX = [Q1;Q2], WKX = [K1;K2]. In language-guided
CL that deals with dual modalities, vision embedding is considered to have more
noise than language embedding. Specifically, different samples from the same
class label produce different vision embeddings but have the same language em-
bedding. Thus, bringing the insights from the original prefix tuning and the
differential transformer [57], we design a differential prefix tuning (DPT) that
prepends PK1, PK2, and PV to the MSA weights. PK2 = Gt

K2(x) is considered
an alternate (noisy) form of PK1 = Gt

K1(x) that is generated from the vision
modality, while PV = Gt

V (E
t
c) is generated from the language modality associ-

ated with x. Our differential prefix tuning is formulated in equation 2.
DiffAttn(Q,K, V, PK1, PK2, PV ) = (S1 − λt.S2)[V ⊕ PV ]

S1 = Softmax(
Q[PK1 ⊕K]T√

D
), S2 = Softmax(

Q[PK2 ⊕K]T√
D

)
(2)

where D and ⊕ denote the dimension of the embedding and concatenation op-
eration, respectively. Symbol λt denotes the task-wise trainable coefficient, as our
proposed DPT tunes the task-wise prompt generator Gt(.) = (Gt

K1(.), G
t
K2(.), G

t
V (.)).

Our DPT is focused on flexibility on mixing V-L portions during the prefix tun-
ing process, that is notably different from differential attention in [57] that is
focused on tunes Transformer weights (WQ,WK ,WV ). Thus, our DPT utilize a
single learnable coefficient λt rather than several learnable coefficients as in [57].

b). 3-Types of Mixing: Figure 3 shows 3-types of proposed mixing strate-
gies. All of the types require the same number of trainable generators, i.e.,
Gt
K1(.), G

t
K2(.), and Gt

V (.). The Complementary-VL generates PK1, and PK2

from the input image and generates PV from the closest text embedding, while
The Complementary-LV does the opposite, i.e., generates PK1, and PK2 from
the closest text embedding and generates PV from the input image x. The Ag-
gregate type generate PK1, PK2, PK1 from both input image and closest text
embedding. Each of the prompt element is formed by concatenating Gt(x) and
Gt(E) on the respective prompt elements K1, K2, and V .
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Fig. 3: Variations of the proposed Differential Vision and LAnguage Mixing (D-VLAM)
(a) Complementary-VL (b) Complementary-LV and (c) Aggregate-VL.

4.4 Learning, Losses, and Final Objectives

This subsection explains the loss formulation and learning objective of our
method. Given a pre-trained ViT fθ(.) with a frozen weight θ, the trainable
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parameters ϕ = {Gt, λt,Kt, Ltc}Tt=1, and MLP classifier gψ(.) Then, the leoss
and learning objective of our method is formulated as in the following explana-
tion.
a). Tuning generators Gt(, ) and coefficient λt: The generator Gt(, ) gen-
erate 3-elements prompt and prepends it into ViT MSA weight, then the model
perform DPT with λt, and the output is classified by the MLP classifier. There-
fore, along with the MLP classifier, generator Gt and coefficient λt are tuned
by using the cross entropy loss. The loss is derived into two components named
intra-task loss (Lintra) and inter-task loss Linter. Intra-task improves class recog-
nition within the currently learned task, while the inter-task loss improves model
discrimination for currently learned classes to preciously learned classes. The two
components of cross entropy losses are formulated by equations 3 and 4.

Lintra = −
∑
c∈Ct

log
exp(gψ(fθ;P (x))[c])∑

c′∈Ct exp(gψ(fθ;P (x))[c′])
(3)

Linter = −
t=T∑
t=1

∑
c∈Ct

log
exp(gϕ(fθ;P (x))[c])∑t=T

t=1

∑
c′∈Ct exp(gϕ(fθ;P (x))[c′])

(4)

Note that fθ;P is the output of the ViT layer that performs DPT by the generated
prompt P = (PK1, PK2, PV ) on top of the frozen ViT weight θ.
b). Tuning Task-Level and class-level learnable key: Task-level key Kt

and class-level Ltc have a crucial role in predicting task ID in the inference phase,
where the predicted task ID that later on selects generator Gt(.), DPT coefficient
λt, and text embedding Et

c. The task-level key Kt is tuned closer to the input
sample within task t, i.e., xi ∈ T t, while the class-level key Ltc is tuned closer to
the input sample of class c only. Both of the keys are tuned by a similarity loss
as expressed in equation 5 and 6, respectively.

LK = −(x.Kt)/(max(||x||2.||Kt||2, ϵ)) (5)

LL = −(x.Lcc)/(max(||x||2.||Ltc||2, ϵ)) (6)

c). Joint Loss and Final Objective: Finally, accommodating the training
losses for all components, i.e., generators Gt(.), DPT coefficient λt, task-level
keys Kt, class-level keys Ltc, for ∀t ∈ [1..T ] and MLP head gψ(.), we define a
new joint loss function as shown in equation 7. To enhance the flexibility of our
model, we add the coefficient losses of λ1, λ2, λ3, and, λ4.

Ltotal =λ1Lintra + λ2Linter + λ3LK + λ4LL (7)

d). Ensuring PK1 and PK2 Dissimilarity: As an alternate representation of
PK1, PK2 should be ensured to be different. Thus, after an update iteration, our
method ensures the dissimilarity of ϕK1 and ϕtK2 as the parameters of Gt

K1(.)
and Gt

K2(.), respectively, by executing equation 8. The symbol ϵ is a random
noise drawn from a Gaussian distribution.

ϕtK2 = ϕtK1 + ϵ, if(||ϕtK2 − ϕtK1|| = 0) (8)

The procedures for D-VLAM training and inference are presented in algo-
rithms 1 and 2 respectively.
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Algorithm 1 D-VLAM Training

Input: A sequence of tasks T 1, T 2,...,T T , a frozen L-layered (with H MSA
heads/layer) pre-trained ViT fθ(.) , trainable MLP head gψ(.) training epochs E,
and batch size B.
for t = 1 : T do

Initiate trainable parameters for task t i.e. (Gt(.),Kt, {Ltc}
|Ct|
c=1 )

B ← Split T t into B sized batches
for e = 1 : E do

for b = 1 : B do
Find top-1 Ljc where j ∈ [1..t], c ∈ [1..|Cj |]
Generate VL prompt P = {(PK1,l,h, PK2,l,h, PV,l,h)}l∈[1..L],h∈[1..H] Eq. 1
Compute logits by forwarding the input i.e. gψ(fθ,P (x))
Compute Lintra as in equation 3
Compute Linter as in equation 4
Compute LK as in equation 5
Compute LL as in equation 6
Compute Ltotal as in equation 7
Update parameters (Gt(.),Kt, {Ltc}

|Ct|
c=1 ) based on Ltotal

end for
end for

end for
Output: Optimum parameters {(Gt(.),Kt, {Ltc}

|Ct|
c=1 )}

|Ct|
c=1 }Tt=1

5 Experiment Results and Analysis

5.1 Experiment Setup

a). Datasets: We evaluate our method in three CIL benchmarks, i.e., CIFAR100
(100 classes) [14], ImageNet-R (200 classes) [19], and CUB (200 classes) dataset
[47]. We follow 5, 10, and 20 task splits as in the SOTAs [30,37].
b). Baselines and Metrics: We compare D-VLAM to both language-guided
and non-language-guided prompt-based SOTAs, i.e., L2P [52], DualPrompt [51],
CODA-P [41], LGCL [18], EvoPrompt [20], CPrompt [12], ConvPrompt [37],
MOS [42], and LEAPGen [30]. We also compare D-VLAM to the low-Rank
Adaptation (LoRA)-based methods [11, 13, 26, 40], generative approach [6], and
CLIP-based methods [16,17,45]. Following [37], we measure the final average ac-
curacy (FAA), cumulative average accuracy (CAA), and final forgetting measure
(FFM) (supplementary).
c). Implementation Details: Our method is implemented in Pytorch, utilizing
the pre-trained ViT-B/16 backbone, Adam optimizer, set 128 batch-size, and a
cosine learning scheduler. The initial learning rate is set to 0.01, 0.05, and 0.005
for CIFAR100, ImageNet-R, and CUB, respectively, with 20 maximum epochs.
To ensure fairness, all the methods are run in a rehearsal-free setting, with 3
different seed numbers, under the same resources and environment, i.e., a single
NVIDIA A100 GPU with 40 GB RAM, and class name as language modality.
The hyper-parameter settings follow their official settings, see supplementary.
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Algorithm 2 D-VLAM Inference
Input: An input x, a frozen L-layered (with H MSA heads/layer) pre-trained
ViT fθ(.) , and optimized parameters {(Gt(.),Kt, {Ltc}

|Ct|
c=1 )}

|Ct|
c=1 }Tt=1, and optimized

MLP head gψ(.)
//Predict task-id t using soft task-id prediction
t = argmaxt∈[1..T ],c∈Ct{(x.Kt)(x.Ltc)/((max(||x||2.||Kt||2, ϵ))(max(||x||2.||Kt||2, ϵ))
Find top-1 Ljc where j ∈ [1..t], c ∈ [1..|Cj |]
Generate prompt P = {(PK1,l,h, PK2,l,h, PV,l,h)}l∈[1..L],h∈[1..H] as in equation 1
Compute logits by forwarding the input i.e. logits = gψ(fθ,P (x))
Compute Pedicted label ŷ = argmax(logits)
Output: Predicted label ŷ

Table 1: Summarized numerical result on CIFAR100 and ImageNet-R datasets with
5-task, 10-task, and 20-task settings, ± 0.00 indicates the method is run 1 time due to
crash or poor performance

Method ImageNet-R 5-Task CIFAR100 5-Task
FAA CAA FFM FAA CAA FFM

L2P 64.62 ± 0.32 68.01 ± 0.42 3.94 ± 0.16 84.77 ± 0.48 88.67 ± 0.3 6.18 ± 0.57
DualPrompt 69.71 ± 0.11 72.78 ± 0.14 3.32 ± 0.16 86.41 ± 0.21 89.95 ± 0.1 5.37 ± 0.21
CODA-P 74.89 ± 0.36 79.71 ± 1.27 8.89 ± 0.65 88.22 ± 1.06 92.25 ± 1.28 7.05 ± 2.18
LGCL 69.93 ± 0.21 72.91 ± 0.19 3.04 ± 0.36 86.90 ± 0.40 90.45 ± 0.18 5.01 ± 0.35
EvoPrompt 77.27 ± 0.40 81.67 ± 0.18 1.79 ± 0.31 89.07 ± 0.38 92.32 ± 0.26 5.25 ± 0.65
CPrompt 78.65 ± 0.00 82.44 ± 0.00 6.00 ± 0.00 89.22 ± 0.05 93.09 ± 0.06 5.02 ± 0.17
ConvPrompt 78.94 ± 0.15 82.95 ± 0.24 4.05 ± 0.75 90.17 ± 0.16 93.54 ± 0.05 3.68 ± 0.31
MOS 29.33 ± 0.00 52.16 ± 0.00 72.09 ± 0.00 76.99 ± 0.00 86.08 ± 0.00 25.66 ± 0.00
LEAPGen 82.24 ± 1.22 84.10 ± 1.07 0.68 ± 1.07 96.98 ± 0.05 97.09 ± 0.12 0.05 ± 0.02
D-VLAM 83.81 ± 0.18 85.41 ± 0.43 0.18 ± 0.09 97.09 ± 0.06 97.24 ± 0.12 0.03 ± 0.01

ImageNet-R 10-Task CIFAR100 10-Task
FAA CAA FFM FAA CAA FFM

L2P 62.50 ± 0.51 67.05 ± 0.47 5.01 ± 0.40 83.84 ± 0.32 88.67 ± 0.16 6.55 ± 0.34
DualPrompt 68.59 ± 0.24 72.18 ± 0.20 4.61 ± 0.07 85.36 ± 0.2 89.77 ± 0.20 5.41 ± 0.33
CODA-P 73.77 ± 0.50 79.38 ± 1.48 7.94 ± 0.08 86.44 ± 0.16 91.27 ± 0.56 6.38 ± 1.46
LGCL 68.65 ± 0.25 72.57 ± 0.19 4.75 ± 0.33 85.68 ± 0.43 90.16 ± 0.29 5.46 ± 0.22
EvoPrompt 76.00 ± 0.26 80.97 ± 0.30 4.22 ± 0.42 88.17 ± 0.51 92.18 ± 0.49 5.39 ± 0.45
CPrompt 76.32 ± 0.53 81.50 ± 0.30 6.10 ± 0.75 86.92 ± 1.04 91.73 ± 0.66 5.43 ± 0.74
ConvPrompt 77.48 ± 0.31 81.41 ± 0.34 4.33 ± 0.45 88.51 ± 0.26 92.71 ± 0.04 3.79 ± 0.06
MOS 27.07 ± 0.00 46.21 ± 0.00 63.31 ± 0.00 67.70 ± 0.00 80.26 ± 0.00 33.66 ± 0.00
LEAPGen 83.18 ± 1.11 85.06 ± 0.43 2.21 ± 1.42 98.00 ± 0.57 97.38 ± 1.52 0.16 ± 0.13
D-VLAM 86.54 ± 0.13 87.97 ± 0.15 0.35 ± 0.14 98.48 ± 0.06 98.63 ± 0.08 0.11 ± 0.03

ImageNet-R 20-Task CIFAR100 20-Task
FAA CAA FFM FAA CAA FFM

L2P 57.40 ± 0.31 63.33 ± 0.21 10.76 ± 0.45 81.89 ± 0.38 87.16 ± 0.33 8.81 ± 0.1
DualPrompt 65.19 ± 0.17 70.31 ± 0.29 7.30 ± 0.18 82.32 ± 0.22 87.47 ± 0.24 6.88 ± 0.35
CODA-P 70.55 ± 0.71 77.08 ± 1.02 8.23 ± 0.86 81.29 ± 0.16 87.72 ± 0.44 6.82 ± 1.6
LGCL 64.96 ± 0.67 70.18 ± 0.37 7.35 ± 0.65 83.18 ± 0.4 88.63 ± 0.18 7.22 ± 0.47
EvoPrompt 74.93 ± 0.64 79.92 ± 0.13 6.72 ± 0.90 84.63 ± 0.21 89.47 ± 0.21 9.19 ± 0.41
CPrompt 74.23 ± 0.17 79.82 ± 0.51 5.98 ± 0.24 83.60 ± 0.00 90.10 ± 0.00 6.47 ± 0.00
ConvPrompt 74.37 ± 0.37 79.32 ± 0.12 5.34 ± 0.49 86.51 ± 0.59 91.29 ± 0.38 5.81 ± 0.35
MOS 41.23 ± 0.00 45.53 ± 0.00 45.52 ± 0.00 19.41 ± 0.00 36.61 ± 0.00 82.93 ± 0.00
LEAPGen 85.48 ± 1.02 85.15 ± 0.48 2.43 ± 0.28 87.81 ± 1.21 97.52 ± 0.84 0.29 ± 0.01
D-VLAM 87.78 ± 0.30 89.19 ± 0.27 0.95 ± 0.48 98.93 ± 0.06 99.17 ± 0.06 0.29 ± 0.09

5.2 Result and Analysis

a). Overall Performance: Table 1 shows the summarized numerical results
of consolidated algorithms in the split ImageNet-R and CIFAR100 datasets.
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Table 2: Comparison of D-VLAM to LoRA, Generative, and CLIP-based methods on
CIFAR100 and ImageNet-R.

Method CIFAR100 10-Task ImageNet-R 10-Task
FAA CAA FAA CAA

C-LoRA 82.97 87.06 71.89 75.33
LAE 88.81 91.59 71.70 76.71
InfLoRA 89.84 91.70 75.65 80.82
CL-LoRA - 91.85 - -
GMM 87.59 - 80.72 -
Cont-CLIP 66.68 75.15 71.35 78.65
CLAP4CLIP 63.45 74..19 75.80 81.22
MG-CLIP 79.00 85.63 80.85 87.13
D-VLAM 98.48 98.63 86.54 87.97
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Fig. 4: Plot of historical performance on ImageNet-R dataset with 5-task, 10-task, and
20-task settings.

The detailed numerical results are presented in the supplementary. In the split
ImageNet-R dataset, D-VLAM achieves the highest performance in all settings.
Compared to LEAPGen as the closest competitor, D-VLAM achieves a higher
performance with 1.5-3.5% FAA and 1.3-4% CAA margin. The gap is even higher
in comparison to the other SOTAs, i.e., 5-30% for FAA and 3-26% for CAA. The
table shows that a higher gap is found in the higher number of tasks. For the for-
getting measure, D-VLAM consistently achieves the lowest FFM in all settings
of ImageNet-R. In addition, the magnitude of its FFM and CFM is lower than
0.5%, while the LEAPGen suffers from 1-2.4%, FFM and the other SOTAs gen-
erally suffer from more than 3% FFM. In CIFAR100 dataset, D-VLAM achieves
a higher performance than LEAPGen with 1-10% margin, while in comparison
to the rest of the SOTAs, D-VLAM achieves higher margins, i.e., 7-15% for FAA
and 4-12% for CAA. Our method also attains the lowest forgetting than all the
competitors. Similarly, the higher gap of accuracy and forgetting occurs in a
higher number of tasks. Note that MOS can not perform well in a rehearsal-
free setting, as shown by Table 1, thus, we exclude it from the margin above.
Table 2 shows that the proposed method outperforms LoRA-based, generative-
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based and CLIP-based methods in both datasets with 10 task settings. Please
see comparison or the methods in CUB dataset in our supplementary.
b). Historical Performance: Figure 4 shows the historical performance, i.e.,
average accuracy and average forgetting of all learned classes, after finishing
learning on each task t on ImageNet-R dataset.The D-VLAM’s gentle slope
shows that our proposed method loses the least performance drop compared to
the existing SOTAs. In the CIFAR100 dataset, our method even manages to
increase its performance in the later tasks. The existing methods suffer from
a significant performance drop i.e up 15%. For the average forgetting measure,
our method once again demonstrates a stable forgetting rate on every task. The
figure shows that the D-VLAM suffers from the lowest average forgetting in all
tasks and all settings. D-VLAM experiences less than 1% forgetting measure
from the first until the last task. On the contrary, the competitor methods suffer
from an increasing average forgetting during incremental learning, as shown by
the rising curves. The methods suffer from a high average forgetting, i.e., for up
to 8%. This analysis confirms how our method handles catastrophic forgetting
better than the existing methods. Please see the supplementary for historical
analysis on CIFAR100 and CUB datasets.
c). Ablation Study: We evaluate the impact of each component of our method
in an ablation study that is presented in Table 3. The table shows that fine-
tuning (FT) alone achieves poor performance, showing it can not handle the
catastrophic forgetting problem. Adding inter-task loss Linter into intra-task
loss Lintra improves the accuracy by approximately 2% but also increases the
forgetting. The prompt generation with vision modality G(x) boosts the model
accuracy tremendously i.e. 12%, and reduces the forgetting by 2% magnitude.
The learnable task-level key Kt and its loss LK that restructure the model into
task-wise prompt generator improve the FAA by 5% and CAA by 1% margin.
The FFM also decreases by 1% with the new configuration. Adding class-level
key Ltc, its loss LL, and including Ltc into the task prediction mechanism im-
proves the accuracy significantly and reduces forgetting by 2%. Adding a new
prompt component from language modality GT (E) improves the model perfor-
mance by at least 2% in both accuracy and forgetting. At this configuration, our
method already achieves better performance than existing SOTAs. Finally, mix-
ing the vision and language modality through differential prefix tuning (DPT)
with trainable coefficient λt improves the accuracy by 1% margin, and reduces
a slight forgetting rate.

Table 3: Ablation study on ImageNet-R dataset

Component Loss FAA CAA FFM

FT Lintra 58.5 63.3 5.9
FT Lintra,Linter 59.5 65.3 7.1
FT+G(x) Lintra,Linter 71.9 78.5 5.7
FT+Gt(x)+Kt Lintra,Linter,LK 76.8 79.5 4.8
FT+Gt(x)+Kt+Ltc Lintra,Linter,LK ,LL 82.2 85.9 2.2
FT+Gt(x)+Gt(E)+Kt+Ltc Lintra,Linter,LK ,LL 85.5 87.1 0.7
FT+Gt(x)+Gt(E)+Kt+Ltc
+λt+DPT Lintra,Linter,LK ,LL 86.5 87.9 0.2
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d). Variation on VL Mixing: Table 4 shows the performance of various mixing
mechanisms on ImageNet-R. Complement types generate PK and PV from dif-
ferent modalities, while the aggregate type concatenates (⊕) generated prompts
from both modalities, see "Prompt structure" column. Table 4 shows all 3 types
of mixing configuration gain a comparable performance with ≤ 0.5% difference
both in accuracy and forgetting. In addition, the table confirms DPT improves
all configurations’ performance.

Table 4: The Performance of various types of VL mixing on ImageNet-R dataset,
"Comp-" and ⊕ denote complementary and concatenation, respectively.

Conf. DPT Prompt structure FAA CAA FFM

Comp-VL x PK = GtK(x), PV = GtV (E) 85.5 87.1 0.7
Comp-LV x PK = GtK(E), PV = GtV (x) 85.4 86.7 0.3

Aggregate x PK = GtK(x)⊕GtK(E),
PV = GtV (x)⊕GtV (E)

85.5 87.0 0.3

Comp-VL v PK1 = GtK1(x), PK2 = GtK2(x),
PV = GtV (E)

86.5 87.9 0.2

Comp-LV v PK1 = GtK1(E), PK2 = GtK2(E),
PV = GtV (x)

86.1 87.7 0.4

Aggregate v
PK1 = GtK1(x)⊕GtK1(E),
PK2 = GtK2(x)⊕GtK2(E),
PV = GtV (x)⊕GtV (E)

86.4 87.8 0.7

e). Sensitivity Analysis: Figure 5 shows the sensitivity of D-VLAM com-
pared to existing SOTAs, at different prompt lengths and layer depths. The
figure shows that D-VLAM successfully maintains its performance in different
prompt lengths and layer depths that perform prefix tuning. D-VLAM achieves
better performance than the existing SOTAs even in the smallest number of
prompt length and ViT layers. In addition, it maintains the performance gap to
LEAPGen as the closest competitor with a compelling margin, i.e., more than
2% in both settings.
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Fig. 5: Sensitivity on prompt lengths and layer depths.

f).Trade-off Between Running Time and Performance Table 5 shows
the trade-off between running time and performance on ImageNet-R dataset for
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the most performing methods, i.e., D-VLAM, LEAPGen, and ConvPrompt. Ta-
ble 5 shows that D-VLAM required the least number of learnable parameters
compared to LEAPGen and ConvPrompt. In terms of running time, D-VLAM
requires slightly longer training time than LEAPGen, but shorter than Con-
vPrompt. This is the logical impact caused by the differential prefix tuning
executed by D-VLAM. In differential prefix tuning, the method computes the
softmax value in the attention function 2 times, while in standard prefix tun-
ing, which is performed by LEAPGen, the method computes the softmax value
once. However, D-VLAM requires a comparable inference time to LEAPGen,
and is shorter than ConvPrompt’s inference time. In spite of the small running
time drawbacks, D-VLAM achieves the highest performance compared to the
competitors.

Table 5: Tradeoff between performance and running time on ImageNet-R dataset with
10 tasks setting.

Method #Params Running Time (h) Acc. IM-R 10T
Inference Training Total FAA CAA

ConvPrompt 1.28 M 0.033 1.007 1.040 77.48 81.43
LEAPGen 6.35 M 0.025 0.655 0.680 83.18 85.06
D-VLAM 0.16 M 0.025 0.725 0.750 86.54 87.97

6 Concluding Remark

We highlight resource fairness of language-guided methods for rehearsal-free con-
tinual learning and propose a resource-efficient novel language-guided approach
and algorithm that incorporates two novel ideas: (1) mixed vision and language
modality for prompt generation, and (2) Differential prefix tuning for the model
training process. Our experimental analysis shows that our method outperforms
existing language-guided prompt-based methods, i.e., up to 30%, 26%, and 10%
final average accuracy, cumulative average accuracy, and forgetting measure,
respectively. The historical analysis confirms our method’s stability-plasticity
balance in every task. Our extended analysis shows that our method consis-
tently achieves better performance in various prompt lengths and ViT layers.
We demonstrate several options for VL mixing that perform effectively. Our
method requires a comparable training and inference time compared to the ex-
isting state-of-the-art methods.
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