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ABSTRACT

Prompt-based methods have shown strong effectiveness in single-label class-
incremental learning, but their direct extension to multi-label class-incremental
learning (MLCIL) performs poorly due to two intrinsic challenges: semantic con-
fusion from co-occurring categories and true-negative–false-positive confusion
caused by partial labeling. We propose Dual-Decoupled Prompting (DDP), a
replay-free and parameter-efficient framework that explicitly addresses both is-
sues. DDP assigns class-specific positive–negative prompts to disentangle se-
mantics and introduces Progressive Confidence Decoupling (PCD), a curriculum-
inspired decoupling strategy that suppresses false positives. Past prompts are
frozen as knowledge anchors, and interlayer prompting enhances efficiency. On
MS-COCO and PASCAL VOC, DDP consistently outperforms prior methods and
is the first replay-free MLCIL approach to exceed 80% mAP and 70% F1 under
the standard MS-COCO B40-C10 benchmark. Our code will be open-sourced.

1 INTRODUCTION

Multi-label class-incremental learning (MLCIL) (Dong et al., 2023; Du et al., 2024b) is a challeng-
ing paradigm in which a model must learn to recognize multiple co-occurring classes while the
label space continuously expands over time. Unlike single-label class-incremental learning (SLCIL)
(Buzzega et al., 2020; Smith et al., 2023; Huang et al., 2025), each image in MLCIL may con-
tain multiple classes, better reflecting real-world complexity but also increasing the difficulty of the
learning task (Hu et al., 2023). MLCIL adopts a task-level partial labeling scheme (Du et al., 2025;
Zhang et al., 2025), where only the current task labels are provided, while annotations for previous
and future tasks are unavailable. This scheme stems from the nature of class-incremental learning
(CIL), where knowledge from the past and future is unavailable during training.

Over the past few years, prompt-based CIL has emerged as a replay-free and parameter-efficient
strategy for adapting powerful pre-trained encoders while mitigating catastrophic forgetting (Wang
et al., 2022b;a; Smith et al., 2023; De Min et al., 2024; Huang et al., 2025). In SLCIL, methods
such as L2P (Wang et al., 2022b) and DualPrompt (Wang et al., 2022a) deploy selected prompts
for feature encoding, resulting in a many-to-many association between prompts and classes, i.e., a
prompt may guide multiple classes, and a class may be guided by multiple prompts (see Figure 1
(a)). While prompting has gained traction in SLCIL, its application to MLCIL remains nascent. For
MLCIL, MULTI-LANE (De Min et al., 2024) (see Figure 1 (b)) constructs task-specific routes that
implement a one-to-many mapping in which a single prompt within a task is shared by all classes.
Such class-agnostic designs, whether many-to-many or one-to-many, inevitably blur class-specific
cues in multi-label settings, making them prone to confusion among co-occurring categories.

The weakness of class-agnostic prompting in MLCIL can be understood more concretely through
two inherent challenges. First, they cannot separate fine-grained semantics among co-occurring cat-
egories. For example, in Figure 1 (b), the same one-to-many prompt (De Min et al., 2024) is shared
by “person” and “dog”. When recognizing “person”, features related to “dog” are also activated,
blurring distinctions and inducing semantic confusion (Zhang et al., 2025). Second, under task-
level partial labeling, many negative classes remain unannotated, yet class-agnostic prompts lack
mechanisms to calibrate confidence (Du et al., 2024b; 2025). As shown in Figure 1 (a–b), the model
may assign high confidence to “car” even when it is absent, producing false positives (FP) and fail-
ing to preserve true negatives (TN). This TN–FP confusion inflates the false-positive rate (FPR)
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Figure 1: Comparison of prompt-based methods: two multi-label (ML) confusions and decoupling.

and severely degrades performance. Moreover, these class-agnostic approaches require selectors
or auxiliary training classifiers, which increase computational cost (Huang et al., 2024). Together,
these issues make class-agnostic prompting fundamentally ill-suited for MLCIL, underscoring the
need for a class-specific and confidence-aware prompting framework.

To decouple semantic confusion and TN–FP confusion, we propose a selector-free Dual-Decoupled
Prompting (DDP) framework for prompt-based MLCIL as shown in Figure 1 (c). First, DDP per-
forms semantic decoupling via one-to-one class-specific bimodal prompting. This suppresses se-
mantic confusion among co-occurring categories by isolating per-class semantics, yielding class-
dependent signals. Second, DDP performs confidence decoupling by applying a Progressive Con-
fidence Decoupling (PCD) strategy that dynamically adjusts confidence in a curriculum-inspired
(Bengio et al., 2009) manner, effectively mitigating TN–FP confusion. Specifically tailored for
prompt-based methods in MLCIL, PCD enhances both average and last performances. For effi-
ciency, we adopt interlayer prompting, optimizing both the position and manner of prompt attach-
ment within the visual encoder to achieve substantial spatio-temporal gains, without training selec-
tors and classification heads in (De Min et al., 2024). In addition, to address the general challenge
of catastrophic forgetting, DDP preserves the class-specific prompts learned from previous tasks as
knowledge-preserving prompts, which retain highly discriminative knowledge to mitigate forgetting
without replay. Our contributions are summarized in three-fold:
(1) We propose the Dual-Decoupled Prompting (DDP) framework for replay-free MLCIL, which

explicitly addresses the intrinsic dual-form confusion beyond forgetting by introducing semantic
and confidence decoupling within a unified prompting paradigm.

(2) DDP introduces class-specific prompting in both text and visual modalities for semantic decou-
pling and a PCD strategy for confidence decoupling that suppresses false positives at inference.
It adopts interlayer prompting to improve efficiency.

(3) Extensive experiments on MS-COCO and PASCAL VOC benchmarks demonstrate that DDP
consistently outperforms recent state-of-the-arts, and is the first replay-free MLCIL method to
surpass 80% mAP and 70% F1 scores in the widely adopted MS-COCO B40-C10 setting.

2 RELATED WORK

Single-label class-incremental learning (SLCIL). Recent years have witnessed substantial
progress in SLCIL. Regularization-based approaches (Kirkpatrick et al., 2017; Li & Hoiem, 2017;
Zhou et al., 2022; Zhao et al., 2023; Mohamed et al., 2023) alleviate forgetting by adding penalty
terms to the loss. EWC (Kirkpatrick et al., 2017) constrains important parameters identified by the
Fisher information matrix, while oEWC (Schwarz et al., 2018) refines the estimation of parameter
importance. Replay-based methods (Rebuffi et al., 2017; Cha et al., 2023; Rolnick et al., 2019) mit-
igate forgetting by maintaining a exemplar memory and mixing past samples with those from the
current task during training. ER (Rolnick et al., 2019) simply rehearses stored exemplars, whereas
iCaRL (Rebuffi et al., 2017) adopts a herding strategy to select representative exemplars. In ad-
dition, prompt-based methods leverage pre-trained models to enhance performance. L2P (Wang
et al., 2022b) and DualPrompt (Wang et al., 2022a) learn a prompt pool and select them for differ-
ent inputs through a many-to-many mechanism. CODA-P (Smith et al., 2023) further decomposes
prompts into smaller learnable units that are optimized in an end-to-end manner. MG-CLIP (Huang
et al., 2025) is the state-of-the-art SLCIL method, which mitigates the modality gap in CLIP-based
CIL by introducing a compensation mechanism.
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Figure 2: The overall pipeline of DDP. Training stage (bottom): prompts from past tasks are frozen
as knowledge-preserving prompts, while class-specific positive–negative prompts are optimized to
achieve semantic decoupling. Interlayer prompting attaches these prompts only to the last few layers
for efficiency. Inference stage (top): all learned prompts are employed with PCD. PCD (right): false
positives confused with true negatives are progressively suppressed and separated, reducing FPR.

Multi-label class-incremental learning (MLCIL). MLCIL has recently gained increasing atten-
tion. Replay-based approaches such as PRS (Kim et al., 2020) and OCDM (Liang & Li, 2022)
adopt tailored sampling strategies to alleviate the challenges of long-tailed label distributions, while
CUTER (Wang et al., 2025) introduces a cut-out and experience replay strategy. Regularization-
based methods, AGCN (Du et al., 2024a) exploits pseudo-labels to construct statistical label cor-
relations within a GCN, whereas KRT (Dong et al., 2023) proposes a knowledge restoration and
transfer framework using cross-attention. CSC (Du et al., 2024b) employs a learnable GCN to recal-
ibrate label dependencies and incorporates entropy regularization. HCP (Zhang et al., 2025) reduces
ambiguity between known and unknown knowledge. RebLL (Du et al., 2025) tackles the intrin-
sic positive–negative imbalance via asymmetric loss. Meanwhile, prompt-based methods have also
emerged as promising solutions. MULTI-LANE (De Min et al., 2024) introduces patch selectors
and one-to-many task-specific prompts, whereas DPA (Zhao et al., 2024) leverages visual–language
models with the experience replay to alleviate forgetting.

3 METHOD

3.1 PROBLEM FORMULATION AND OVERALL FRAMEWORK

Problem formulation. MLCIL is defined over a sequence of T tasks. Each task t ∈ {1, . . . , T} is
associated with a training set Dt

trn and a testing set Dt
tst, with its own label space Ct. The cumulative

label space up to task t is denoted as C1:t =
⋃t

i=1 Ci, where the label sets are disjoint, Ci ∩ Cj = ∅
for i ̸= j. Under the task-level partial labeling, only the current label set Yt

trn = Ct is available
during training. At inference step t, the model is required to predict over the expanded label space
Yt

tst = C1:t, ensuring that after completing task t it can recognize all categories encountered so far.

Overall framework. Building on recent CLIP-based CIL advances (Zhao et al., 2024; Huang et al.,
2025), we ground our method in a pre-trained CLIP model (Radford et al., 2021) with frozen visual
encoder EV and text encoder ET. Prior prompt-based methods typically realize many-to-many (Wang
et al., 2022b;a) or one-to-many (De Min et al., 2024) design, failing to address inherent semantic
confusion and TN–FP confusion. Figure 2 overviews our Dual-Decoupled Prompting (DDP). DDP
adopts a one-to-one correspondence between prompts and classes and addresses MLCIL through
two complementary components, semantic decoupling and confidence decoupling, implemented
end-to-end via prompting. The details are as follows.
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Figure 3: Evidence for Decoupling in DDP. (a) t-SNE of class-specific prompts, showing clearer
separation of fine-grained semantics. (b) Heatmap of similarities between positive-negative prompts.
(c) Confidence distributions with and without PCD.

3.2 DUAL-DECOUPLED PROMPTING

3.2.1 POSITIVE-NEGATIVE CLASS-SPECIFIC PROMPTING FOR SEMANTIC DECOUPLING

Task-specific prompts (De Min et al., 2024) adopt a one-to-many design, where the same param-
eters are shared across categories. This class-agnostic strategy fails to disentangle co-occurring
features and thus cannot resolve semantic confusion when multiple categories overlap within an
image (Zhang et al., 2025). To explicitly achieve semantic decoupling, we propose class-specific
positive–negative prompts for both the text and vision encoders (Figure 2). For each category c,
we construct a one-to-one prompt set Pc = {Pc

T,P
c
V}, where Pc

T = {Pc+
T ,Pc−

T } are text prompts
and Pc

V = {Pc+
V ,Pc−

V } are visual prompts. Here, the “+” prompt encodes the presence of class c
and boosts its similarity, whereas the “−” prompt encodes the absence of c. This dual design re-
formulates multi-label recognition as a set of binary classification tasks, ensuring that each category
is modeled with both inclusion and exclusion cues. The effectiveness of this design is illustrated
in Figure 3: (a) t-SNE visualization shows that positive prompts Pc+

V form well-separated clus-
ters across 20 categories, validating the one-to-one mapping; (b) the similarity heatmap confirms
that each positive prompt is clearly distinguished from its negative counterpart, as indicated by low
diagonal values. Together, these results demonstrate that class-specific positive–negative prompts
achieve effective semantic decoupling.

To align textual and visual features for binary classification, we compute two similarities as illus-
trated in Figure 2: a positive similarity sc+ that measures evidence for the presence of c, and a
negative similarity sc− that measures evidence for its absence. For each category c ∈ Ct and im-
age x, class-specific text features are obtained by combining the category name with the positive
and negative text prompts in ET, while class-specific visual features are obtained by injecting the
corresponding prompts into EV. The two modalities are then aligned through cosine similarity:

sc+ = cos(ET(P
c+
T , c),EV(P

c+
V , x)), sc− = cos(ET(P

c−
T , c),EV(P

c−
V , x)), c ∈ Ct. (1)

The pair of similarities (sc+, sc−) is normalized by a confidence-adjusted binary softmax:

ŷtc+ =
exp(sc+/τ(t))

exp(sc+/τ(t)) + exp(sc−/τ(t))
, c ∈ Ct. (2)

Here, ŷtc+ denotes the confidence that class c is present in image x, while the negative prediction is
defined as ŷtc− = 1− ŷtc+. The factor τ(t) acts as a task-dependent progressive scaler that increases
as tasks proceed. This scaling mechanism gradually adjusts prediction confidence and forms the
basis of confidence decoupling, which will be described in the following section.

3.2.2 PCD FOR CONFIDENCE DECOUPLING

While semantic decoupling clarifies what to attend to, it does not determine how certain the model
should be. In MLCIL, task-level partial labeling inevitably induces confusion between true nega-
tives (TN) and false positives (FP), which manifests as a high false-positive rate (FPR) (Du et al.,
2024b; 2025). This effect can be observed in the polarized confidence distribution of Figure 3
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(a) Mapping Function Curve (b) Quantitative Comparison (c) Effects of Prompt Position

Figure 4: (a) Illustration of the PCD mapping functions under different values of γ (with τmax set to
7), showing how prediction confidence is progressively modulated as the class number increases. (b)
Comparison between AL and PCD. (c) Effects of positions for attaching prompts in the MS-COCO
B0-C10 scenario, showing that deeper layers are more suitable for class-specific prompts.

(c), where DDP without confidence decoupling yields an FPR of 25.4%. Existing approaches for
FPR suppression, such as asymmetric loss (AL) (Du et al., 2025), adjusts learning objectives by
down-weighting positives. However, in prompt-based MLCIL where encoders are frozen and only
lightweight prompts are trainable, weakening positive learning risks undermining representation
quality and class-specific separability, limiting the suitability of loss-based solutions such as AL.

We therefore propose Progressive Confidence Decoupling (PCD), a strategy tailored for prompt-
based MLCIL. PCD leaves representation learning intact and instead decouples prediction confi-
dence at inference. Concretely, it applies the progressive scaling factor τ(t) in the binary softmax
of Eq. 2, gradually adjusting the balance between positive and negative confidence. The sched-
ule of τ(t) follows a curriculum design. As tasks accumulate, unobserved negatives become more
prevalent, and a stronger adjustment is required to suppress false positives. τ(t) is defined as:

τ(t) = 1 + (τmax − 1) ·
(
|C1:t| − |C1|
|C1:T | − |C1|

)γ

, s.t. τmax > 1, 0 < γ < 1, (3)

where |C1:t| is the cumulative number of observed classes up to task t and |C1:T | is the total number
of classes. Here, τmax sets the ceiling of confidence adjustment for the final-task model, while γ
controls the schedule of adjustment over tasks: smaller γ (closer to 0) accelerates early growth of
τ(t) and yields stronger early FPR suppression, whereas larger γ (closer to 1) produces a more
gradual adjustment across the sequence. Figure 4 (a) shows the mapping function curve of τ(t). As
tasks progress, τ(t) increases from 1 to τmax, implementing the curriculum-inspired progression of
confidence decoupling. The proof of PCD can be found in Appendix F. As shown in Figure 4 (b),
PCD outperforms AL in the VOC B4-C2 scenario. Figure 3 (c) DDP (w/ PCD) shows the confidence
distribution after confidence decoupling, where the FPR is reduced to 2.8%.

In summary, DDP assigns each class a pair of positive and negative prompts to align text–vision
similarities, ensuring that the model sees correctly. PCD further decouples prediction confidence as
tasks accumulate, enabling the model to decide correctly. Together, these two components close the
loop from semantic understanding to confidence judgment.

3.3 EFFICIENT OPTIMIZATION

Inspired by prior work (Smith et al., 2023; De Min et al., 2024) that improves efficiency by attaching
prompts to only a subset of layers, we investigate this strategy in class-specific DDP and introduce
interlayer prompting shown in Figure 2, specifically:

(1) Attachment position of prompts: we carefully investigate different insertion positions and
observe in Figure 4 (c) that deeper layers deliver stronger performance. In contrast to prior class-
agnostic methods (Smith et al., 2023; De Min et al., 2024) that place prompts in shallow layers for
efficiency, deeper layers provide richer semantic information and are therefore better suited to class-
specific DDP. Based on this exploration, we adopt the last five layers for prompt insertion, which
reduces the number of backpropagated layers and thereby improves training temporal efficiency.

(2) Attachment manner of prompts: for each category c ∈ Ct, we concatenate the class-specific
prompt embeddings Pc ∈ RLP×d (omitting positive/negative subscripts for brevity) with the hid-
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den states h ∈ RL×d, where LP is the sequence length of prompts and d denotes the embedding
dimension. In this way, the prompts are attached to the multi-head self-attention (MSA) layer:

f(Pc,h) = MSA
(
[Pc ; hQ], [P

c ; hK ], [Pc ; hV ]
)
. (4)

Here, hQ, hK and hV denote the query, key, and value for the MSA. We slice the output as
f(Pc,h)[LP :] ∈ RL×d to keep dimensional consistency, enabling subsequent layers to match
the backbone while still leveraging prompt interactions. Instead of assigning separate prompts to
each layer (Wang et al., 2022a; Smith et al., 2023), we use interlayer shared prompts, which im-
proves spatial efficiency. More details can be found in Appendix C. Moreover, prior many-to-many
or one-to-many methods depend on the selector, increasing computational cost (Huang et al., 2024),
in contrast, our DDP framework is selector-free.

Finally, we adopt a binary cross-entropy (BCE) objective to optimize DDP:

Lbce =
∑
c∈Ct

−ytc log(ŷ
t
c+)− (1− ytc) log(ŷ

t
c−), (5)

where ytc ∈ {0, 1} denotes the ground-truth of category c at task t. The terms ŷtc+ and ŷtc− represent
the predicted probabilities obtained from the positive and negative similarity scores. This objective
enables parameter-efficient and end-to-end training.

4 EXPERIMENT

4.1 EXPERIMENTAL SETTINGS

Dataset and Evaluation. Following the experimental settings in (Dong et al., 2023; Du et al.,
2024b), we evaluate our approach on MS-COCO 2014 (Lin et al., 2014) and PASCAL VOC 2007
(Everingham et al., 2010). MS-COCO 2014 is a standard benchmark for multi-label classification,
containing 82,081 training and 40,504 validation images spanning 80 categories. VOC provides 20
categories with 5,011 training and 4,952 test images. We report mean average precision (mAP),
class-wise F1 score (CF1), and overall F1 score (OF1). For each of these metrics, we provide the
last model performance (Last) and the average performance (Avg.) across all incremental tasks.

Experimental Setup. Following prior MLCIL studies (Dong et al., 2023; Du et al., 2025; Zhang
et al., 2025), we describe different MLCIL settings using the notation Bx-Cy, where “x” denotes the
number of classes in the base task and “y” the number of new classes introduced per incremental
task. On MS-COCO, we consider two standard scenarios (B0-C10, B40-C10) and two more chal-
lenging ones (B0-C5, B20-C4). For VOC 2007, we adopt B0-C4, B10-C2 as standard cases and
B5-C3, B4-C2 as more difficult settings.

Implementation Details. The pre-trained CLIP model with ViT-B/16 (Radford et al., 2021) is used
as our backbone. The size of input images is 224 × 224. We use Adam (Kingma & Ba, 2015) to
optimize the network with β1 = 0.9 and β2 = 0.999. The length of prompts is set to 16. We train the
prompts for 20 epochs. The incremental sequence follows the lexicographic order of class names,
with the same threshold as in (Dong et al., 2023; Du et al., 2024b).

4.2 OVERALL PERFORMANCE

We compare twenty-two representative CIL methods spanning replay-, regularization-, and prompt-
based families. For fairness, following KRT (Dong et al., 2023) and CSC (Du et al., 2024b), we use
Fine-Tuning and Joint as the lower and upper bounds. Notably, the pool includes the CLIP-based
state-of-the-art MG-CLIP (Huang et al., 2025) for SLCIL, the CLIP-based DPA (Zhao et al., 2024)
and MULTI-LANE (De Min et al., 2024) for MLCIL. As well as strong non-prompt methods CSC,
HCP (Zhang et al., 2025), RebLL (Du et al., 2025) and CUTER (Wang et al., 2025).

MS-COCO. Compared with replay-based and regularization-based approaches, the MS-COCO re-
sults under the B40-C10 and B0-C10 settings are summarized in Table 1. Our replay-free DDP is the
first MLCIL method to surpass 80% in both last and average mAP, and to exceed 70% in CF1 and
OF1 in the widely adopted B40-C10 scenario. In particular, relative to HCP, DDP achieves gains
of 6.0% in last mAP (75.3% → 81.3%), 6.6% in CF1 (64.9% → 71.5%), 3.0% in OF1 (68.6% →
71.6%), and 5.3% in average mAP (78.9% → 84.2%).
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Table 1: Multi-label class-incremental results on MS-COCO datasets (%). A memory size of 0
means replay-free. Type B, S, and M denote the method types: baseline, SLCIL, and MLCIL.

MS-COCO B40-C10 MS-COCO B0-C10
Method Memory Last Avg. Last Avg. Type

mAP CF1 OF1 mAP mAP CF1 OF1 mAP
Joint 0 81.8 76.4 79.4 - 81.8 76.4 79.4 - B
Fine-Tuning 17.0 6.0 13.6 35.1 16.9 6.1 13.4 38.3 B
TPCIL (Tao et al., 2020)

5/class

53.1 25.3 25.1 63.1 50.8 20.1 21.6 63.8 S
PODNet (Douillard et al., 2020) 57.8 24.2 23.4 65.4 53.4 13.6 17.3 65.7 S
DER++ (Buzzega et al., 2020) 59.0 41.9 43.7 69.6 54.6 33.3 36.7 68.1 S
KRT-R (Dong et al., 2023) 74.3 66.0 65.9 78.0 68.3 60.0 61.0 75.8 M
iCaRL (Rebuffi et al., 2017)

20/class

55.7 22.1 25.5 65.6 43.8 19.3 22.8 59.7 S
BiC (Wu et al., 2019) 55.9 38.1 40.7 65.5 51.1 31.0 38.1 65.0 S
ER (Rolnick et al., 2019) 61.6 58.6 61.1 68.9 47.2 40.6 43.6 60.3 S
PODNet (Douillard et al., 2020) 64.2 46.6 42.1 71.0 58.8 45.2 48.7 70.0 S
DER++ (Buzzega et al., 2020) 66.3 51.5 53.5 73.6 63.1 45.2 48.7 72.7 S
KRT-R (Dong et al., 2023) 75.2 67.9 68.9 78.3 70.2 63.9 64.7 76.5 M
PRS (Kim et al., 2020)

1000

33.2 9.3 15.1 50.8 27.9 8.5 14.7 48.8 M
OCDM (Liang & Li, 2022) 34.0 9.5 15.5 51.3 28.5 8.6 14.9 49.5 M
KRT-R (Dong et al., 2023) 75.1 67.5 68.5 78.3 69.3 61.6 63.6 75.7 M
CSC-R (Du et al., 2024b) 76.0 67.8 69.7 78.5 73.9 67.5 68.5 79.3 M
CUTER (Wang et al., 2025) - - - - 47.8 35.9 39.2 60.1 M
oEWC (Schwarz et al., 2018)

0

27.3 11.1 16.5 44.8 24.3 6.7 13.4 46.9 S
LwF (Li & Hoiem, 2017) 51.7 47.0 45.7 64.8 42.4 45.3 43.7 61.2 S
AGCN (Du et al., 2024a) 69.1 58.7 59.9 73.9 61.4 53.9 56.6 72.4 M
KRT (Dong et al., 2023) 74.0 64.4 63.4 77.8 65.9 55.6 56.5 74.6 M
CSC (Du et al., 2024b) 75.0 65.7 67.0 78.2 72.8 64.9 66.8 78.0 M
HCP (Zhang et al., 2025) 75.3 64.9 68.6 78.9 71.2 60.4 65.3 77.9 M
RebLL (Du et al., 2025) 72.5 60.7 64.9 76.4 70.4 60.9 63.8 77.2 M
DDP 0 81.3 71.5 71.6 84.2 78.5 69.0 70.3 84.1 M

a b

c d

Figure 5: Comparison of prompt-based CIL methods in terms of last and average performance.

Figure 5 compares our approach with prompt-based methods, including the SLCIL methods L2P
(Wang et al., 2022b), DualPrompt (Wang et al., 2022a), CODA-P (Smith et al., 2023), and MG-CLIP
(Huang et al., 2025), as well as the MLCIL methods DPA (Zhao et al., 2024) and MULTI-LANE
(De Min et al., 2024). Figure 5 (a) and (b) present the final performance, while (c) and (d) report the
average performance. It can be observed that DDP consistently surpasses prompt-based methods
across all metrics. For example, in Figure 5 (a), in the B40-C10 scenario, DDP improves the mAP
from 76.6% to 81.3%, CF1 from 66.0% to 71.5%, OF1 from 66.6% to 71.6%, clearly demonstrating
its advantage over MULTI-LANE.
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Table 2: Multi-label class-incremental results on PASCAL VOC dataset (%).

VOC B0-C4 VOC B10-C2
Method Memory Last Avg. Last Avg. Type

mAP CF1 OF1 mAP mAP CF1 OF1 mAP
Joint 0 93.6 86.0 88.8 - 93.6 86.0 88.8 - B
Fine-Tuning 54.0 37.6 44.2 80.9 49.4 30.9 36.9 74.4 B
ER (Rolnick et al., 2019)

2/class

67.7 47.2 47.2 82.6 64.3 40.8 37.6 78.8 S
PODNet (Douillard et al., 2020) 72.3 52.0 50.3 84.1 66.2 54.3 40.8 80.2 S
DER++ (Buzzega et al., 2020) 74.4 59.8 56.4 84.9 67.1 55.5 45.9 81.6 S
DPA (Zhao et al., 2024) 88.1 - - 93.8 84.1 - - 90.9 M
CUTER (Wang et al., 2025) 1000 67.9 51.4 60.0 82.1 - - - - M
OCDM (Liang & Li, 2022) 45.4 36.4 40.5 76.1 - - - - S
DualPrompt (Wang et al., 2022a)

0

83.4 60.6 58.9 89.9 83.0 57.5 52.2 88.5 S
CODA-P (Smith et al., 2023) 84.0 65.5 62.1 90.3 83.4 59.8 54.0 89.1 S
KRT (Dong et al., 2023) 84.2 60.1 59.8 91.8 72.0 25.8 38.7 84.9 M
MULTI-LANE (De Min et al., 2024) 88.8 74.8 69.9 93.5 88.0 63.8 49.4 93.0 M
MG-CLIP (Huang et al., 2025) 85.4 72.7 64.4 92.5 86.4 52.8 53.5 90.8 S
CSC (Du et al., 2024b) 85.1 67.7 62.2 90.4 83.8 62.0 47.2 89.0 M
HCP (Zhang et al., 2025) 87.9 - - 92.9 81.9 - - 90.1 M
RebLL (Du et al., 2025) 85.1 72.6 75.8 91.4 80.9 64.1 66.1 88.8 M
DDP 0 90.2 76.9 80.8 94.8 88.7 74.8 76.4 93.5 M

Table 3: Ablation of class-specific prompts under
Last and Avg. metrics (%).

Method Last Avg.

mAP CF1 OF1 mAP CF1 OF1

Prompt-free 12.0 11.8 17.7 14.3 14.4 18.0
Global Prompt 24.9 16.6 26.5 35.3 22.8 34.8
Task-specific Prompt 32.6 24.5 31.6 41.5 34.9 44.4
Class-specific Prompt 83.6 72.5 74.4 90.8 82.8 82.3

Table 4: Ablation of positive-negative
prompts under Last and Avg. metrics (%).

Method Last Avg.

mAP CF1 OF1 mAP CF1 OF1

Prompt-free 12.0 11.8 17.7 14.3 14.4 18.0
Neg. Prompts 76.2 59.3 58.9 86.0 70.6 70.1
Pos. Prompts 79.7 62.6 68.3 88.5 77.7 79.5
Neg. + Pos. 83.6 72.5 74.4 90.8 82.8 82.3

Table 5: Ablation of PCD under Last and
Avg. metrics (%).

Method Last Avg.

mAP CF1 OF1 mAP CF1 OF1

Prompt-free 12.0 11.8 17.7 14.3 14.4 18.0
+ Text Prompt 71.1 40.3 31.7 81.7 60.2 50.8
++ Visual Prompt 83.6 43.3 37.6 90.8 62.8 56.8
+++ PCD 83.6 72.5 74.4 90.8 82.8 82.3

PASCAL VOC. Table 2 reports the results on VOC by
comparing three types of methods. Our DDP consis-
tently outperforms all baselines in both last and average
performance. In the B10-C2 scenario, DDP achieves
improvements of 0.7% in last mAP, 11.0% in CF1 and
27.0% in OF1 over MULTI-LANE. Furthermore, com-
pared with the replay-based DPA with CLIP, DDP sub-
stantially outperforms it by a significant margin of 4.6%
in the final mAP and 2.6% in the average mAP.

4.3 ABLATION STUDY AND ANALYSIS

Semantic decoupling ablation. Table 3 summarizes the ablation on different levels of semantic de-
coupling in the VOC B4-C2. Compared with the prompt-free baseline, introducing a global prompt
(one-to-all) already improves the performance. Task-specific prompts (one-to-many) achieve higher
results. Most notably, class-specific prompts (one-to-one) deliver better performance, highlighting
the importance of fine-grained semantic decoupling in learning class discriminative representations.

Table 4 presents the ablation on positive-negative prompts. Using either positive or negative prompts
alone provides considerable benefits compared to the prompt-free baseline. Combining both leads
to better performance across all metrics.

Confidence decoupling ablation. Table 5 first presents the modality ablation in the VOC B4-
C2, where text prompts already yield clear improvements and visual prompts bring further gains
by enhancing representations. Then, we further examine confidence decoupling. With our PCD,
the model suppresses over-confident predictions and reduces the FPR from 25.4% to 2.8%, while
simultaneously improving both Last and Avg. performance. These results highlight the necessity of
confidence decoupling for addressing the high FPR issue in MLCIL.

Anti-forgetting performance in Multi-Task. As shown in Figure 6, we evaluate the anti-forgetting
performance of different methods in the long-sequence VOC B4-C2 and COCO B0-C5. The results
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Figure 6: The results of multi-task MLCIL on challenging VOC B4-C2 and COCO B0-C5, where a
larger number of tasks are involved.

person: 100.0%bicycle: 95.9%dog: 99.2%bicycle, dog, person

person: 100.0%bird: 85.9% boat: 91.6%bird, boat, person

Original Image DDP

Figure 7: Visualization of DDP using the last task model.

demonstrate that our approach consistently achieves lower forgetting across tasks, indicating its
stronger ability to preserve previously learned knowledge while adapting to new classes.

Class activation maps. As shown in Figure 7, the original images are shown in the first column,
followed by class activation maps corresponding to each predicted category with confidence scores.
These results are obtained by testing the final-task model on categories from different tasks, showing
accurate recognition with our one-to-one prompting (see details in Appendix D).

Additional experimental results, including comparisons under more MLCIL scenarios, ablation stud-
ies, and parameter analyses, visualizations, etc., are provided in Appendix A and D.

5 CONCLUSION

MLCIL prompt-based methods face two intrinsic confusions: semantic confusion and TN–FP con-
fusion. To address these issues, we propose Dual-Decoupled Prompting (DDP), a replay-free and
parameter-efficient framework. DDP integrates two decoupling strategies: positive–negative class-
specific prompting for semantic decoupling and PCD for confidence decoupling. In addition, inter-
layer prompting optimizes both the position and the manner of prompt attachment, with DDP requir-
ing no selector, thereby improving efficiency. Extensive experiments on MS-COCO and PASCAL
VOC show that DDP consistently outperforms prior methods, and it is the first replay-free approach
to exceed 80% mAP and 70% F1 scores in the widely adopted MS-COCO B40-C10 benchmark,
demonstrating its effectiveness.

Limitation. We adopt vanilla BCE to optimize DDP for simplicity, leaving open the potential of
tailored objectives to further enhance cross-modal alignment (see details in Appendix E).
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We affirm adherence to the ICLR Code of Ethics. This work uses only publicly available datasets,
MS-COCO 2014 and PASCAL VOC 2007 for multi-label image classification, without collecting
new data or involving interventions on human subjects. The experiments operate at the category level
and do not attempt to identify individuals. Dataset usage and evaluation protocols follow established
practice described in our experimental settings. Conflicts of interest and sponsorship: the authors
declare no competing interests, any funding sources did not influence the research design, analysis,
or reporting. To preserve double-blind review, specific acknowledgments will be provided.

REPRODUCIBILITY STATEMENT

We aim to facilitate reproducibility as follows. The problem setup, model components, and training
objective are described in the main text, including the binary softmax formulation for positive and
negative scores (Eq. 2), the curriculum schedule of PCD (Eq. 3), and the BCE training objective
(Eq. 5). The end-to-end training procedure for tasks t = 1, . . . , T is summarized in Algorithm 1.
The backbone, input resolution, optimizer, prompt length, epochs, thresholding protocol, and class-
incremental schedules are provided in implementation details. We report extensive ablations, PCD
proof and efficiency measurements in the Appendix. To further support reproducibility, we include
in the supplementary materials the full source code, configuration files, and a README, together
with processing instructions for MS-COCO and PASCAL VOC.
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Thomas De Min, Massimiliano Mancini, Stéphane Lathuilière, Subhankar Roy, and Elisa Ricci.
Less is more: Summarizing patch tokens for efficient multi-label class-incremental learning.
arXiv preprint arXiv:2405.15633, 2024.

Songlin Dong, Haoyu Luo, Yuhang He, Xing Wei, Jie Cheng, and Yihong Gong. Knowledge re-
store and transfer for multi-label class-incremental learning. In Proceedings of the IEEE/CVF
International Conference on Computer Vision, pp. 18711–18720, 2023.

Arthur Douillard, Matthieu Cord, Charles Ollion, Thomas Robert, and Eduardo Valle. Podnet:
Pooled outputs distillation for small-tasks incremental learning. In Proceedings of the European
Conference on Computer Vision, pp. 86–102, 2020.

Kaile Du, Fan Lyu, Linyan Li, Fuyuan Hu, Wei Feng, Fenglei Xu, Xuefeng Xi, and Hanjing Cheng.
Multi-label continual learning using augmented graph convolutional network. IEEE Transactions
on Multimedia, 26:2978–2992, 2024a.

Kaile Du, Yifan Zhou, Fan Lyu, Yuyang Li, Chen Lu, and Guangcan Liu. Confidence self-calibration
for multi-label class-incremental learning. In European Conference on Computer Vision, pp. 234–
252, 2024b.

10



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Kaile Du, Yifan Zhou, Fan Lyu, Yuyang Li, Junzhou Xie, Yixi Shen, Fuyuan Hu, and Guangcan
Liu. Rebalancing multi-label class-incremental learning. In Proceedings of the AAAI conference
on artificial intelligence, volume 39, pp. 16372–16380, 2025.

Mark Everingham, Luc Van Gool, Christopher KI Williams, John Winn, and Andrew Zisserman.
The pascal visual object classes (voc) challenge. International Journal of Computer Vision, 2010.

Ping Hu, Ximeng Sun, Stan Sclaroff, and Kate Saenko. Dualcoop++: Fast and effective adaptation
to multi-label recognition with limited annotations. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 46(5):3450–3462, 2023.

Linlan Huang, Xusheng Cao, Haori Lu, Yifan Meng, Fei Yang, and Xialei Liu. Mind the gap: Pre-
serving and compensating for the modality gap in clip-based continual learning. In Proceedings
of the IEEE/CVF International Conference on Computer Vision, 2025.

Wei-Cheng Huang, Chun-Fu Chen, and Hsiang Hsu. Ovor: Oneprompt with virtual outlier regular-
ization for rehearsal-free class-incremental learning. In Proceedings of the International Confer-
ence on Learning Representations, 2024.

Chris Dongjoo Kim, Jinseo Jeong, and Gunhee Kim. Imbalanced continual learning with parti-
tioning reservoir sampling. In Proceedings of the European Conference on Computer Vision, pp.
411–428, 2020.

Diederik P Kingma and Jimmy Ba. Adam: A method for stochastic optimization. In Proceedings of
the International Conference on Learning Representations, 2015.

James Kirkpatrick, Razvan Pascanu, Neil Rabinowitz, Joel Veness, Guillaume Desjardins, Andrei A
Rusu, Kieran Milan, John Quan, Tiago Ramalho, Agnieszka Grabska-Barwinska, et al. Over-
coming catastrophic forgetting in neural networks. National Academy of Sciences, 114(13):3521–
3526, 2017.

Z Li and D Hoiem. Learning without forgetting. IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence, 40(12):2935–2947, 2017.

Yan-Shuo Liang and Wu-Jun Li. Optimizing class distribution in memory for multi-label online
continual learning. arXiv preprint arXiv:2209.11469, 2022.

Tsung-Yi Lin, Michael Maire, Serge Belongie, James Hays, Pietro Perona, Deva Ramanan, Piotr
Dollár, and C Lawrence Zitnick. Microsoft coco: Common objects in context. In Proceedings of
the European Conference on Computer Vision, pp. 740–755, 2014.

Abdelrahman Mohamed, Rushali Grandhe, KJ Joseph, Salman Khan, and Fahad Khan. D3former:
Debiased dual distilled transformer for incremental learning. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, pp. 2420–2429, 2023.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal,
Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learning transferable visual
models from natural language supervision. In Proceedings of the International Conference on
Machine Learning, pp. 8748–8763, 2021.

Sylvestre-Alvise Rebuffi, Alexander Kolesnikov, Georg Sperl, and Christoph H Lampert. icarl:
Incremental classifier and representation learning. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pp. 2001–2010, 2017.

David Rolnick, Arun Ahuja, Jonathan Schwarz, Timothy Lillicrap, and Gregory Wayne. Experience
replay for continual learning. In Proceedings of the Advances in Neural Information Processing
Systems, pp. 350–360, 2019.

Jonathan Schwarz, Wojciech Czarnecki, Jelena Luketina, Agnieszka Grabska-Barwinska, Yee Whye
Teh, Razvan Pascanu, and Raia Hadsell. Progress & compress: A scalable framework for con-
tinual learning. In Proceedings of the International Conference on Machine Learning, pp. 4528–
4537, 2018.

11



594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

James Seale Smith, Leonid Karlinsky, Vyshnavi Gutta, Paola Cascante-Bonilla, Donghyun Kim,
Assaf Arbelle, Rameswar Panda, Rogerio Feris, and Zsolt Kira. Coda-prompt: Continual de-
composed attention-based prompting for rehearsal-free continual learning. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 11909–11919, 2023.

Xiaoyu Tao, Xinyuan Chang, Xiaopeng Hong, Xing Wei, and Yihong Gong. Topology-preserving
class-incremental learning. In Computer Vision–ECCV 2020: 16th European Conference, Glas-
gow, UK, August 23–28, 2020, Proceedings, Part XIX 16, pp. 254–270. Springer, 2020.

Xinrui Wang, Shao-yuan Li, Jiaqiang Zhang, and Songcan Chen. Cut out and replay: A simple yet
versatile strategy for multi-label online continual learning. In Proceedings of the International
Conference on Machine Learning, 2025.

Zifeng Wang, Zizhao Zhang, Sayna Ebrahimi, Ruoxi Sun, Han Zhang, Chen-Yu Lee, Xiaoqi Ren,
Guolong Su, Vincent Perot, Jennifer Dy, et al. Dualprompt: Complementary prompting for
rehearsal-free continual learning. In European Conference on Computer Vision, pp. 631–648.
Springer, 2022a.

Zifeng Wang, Zizhao Zhang, Chen-Yu Lee, Han Zhang, Ruoxi Sun, Xiaoqi Ren, Guolong Su, Vin-
cent Perot, Jennifer Dy, and Tomas Pfister. Learning to prompt for continual learning. In Pro-
ceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 139–149,
2022b.

Yue Wu, Yinpeng Chen, Lijuan Wang, Yuancheng Ye, Zicheng Liu, Yandong Guo, and Yun Fu.
Large scale incremental learning. In Proceedings of the IEEE/CVF conference on computer vision
and pattern recognition, pp. 374–382, 2019.

Aoting Zhang, Dongbao Yang, Chang Liu, Xiaopeng Hong, and Yu Zhou. Specifying what you
know or not for multi-label class-incremental learning. In Proceedings of the AAAI Conference
on Artificial Intelligence, volume 39, pp. 22345–22353, 2025.

Haifeng Zhao, Yuguang Jin, and Leilei Ma. Dynamic prompt adjustment for multi-label class-
incremental learning. arXiv preprint arXiv:2501.00340, 2024.

Linglan Zhao, Jing Lu, Yunlu Xu, Zhanzhan Cheng, Dashan Guo, Yi Niu, and Xiangzhong Fang.
Few-shot class-incremental learning via class-aware bilateral distillation. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 11838–11847, 2023.

Da-Wei Zhou, Han-Jia Ye, and De-Chuan Zhan. Few-shot class-incremental learning by sampling
multi-phase tasks. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2022.

12



648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Table A.1: Multi-label class-incremental results on MS-COCO dataset (%).

MS-COCO B20-C4 MS-COCO B0-C5
Method Memory Last Avg. Last Avg. Type

mAP CF1 OF1 mAP mAP CF1 OF1 mAP
Joint 0 81.8 76.4 79.4 - 81.8 76.4 79.4 - B
Fine-Tuning 19.4 10.9 13.4 36.5 22.5 15.0 23.6 48.1 B
ER (Rolnick et al., 2019)

5/class
41.9 32.9 29.8 53.0 40.1 32.9 32.3 54.6 S

PODNet (Douillard et al., 2020) 58.4 44.0 39.1 67.7 58.2 45.1 40.8 67.2 S
DER++ (Buzzega et al., 2020) 57.3 41.4 35.5 65.5 57.9 43.6 39.2 68.2 S
LwF (Li & Hoiem, 2017)

0

34.6 17.3 31.8 55.4 35.9 30.0 28.0 54.9 S
AGCN (Du et al., 2024a) 55.6 44.2 39.6 65.7 53.0 43.2 41.1 64.4 M
KRT (Dong et al., 2023) 45.2 17.6 33.0 64.0 44.5 22.6 37.5 63.1 M
RebLL (Du et al., 2025) 60.1 51.3 49.2 69.2 63.5 53.5 51.9 71.7 M
MULTI-LANE (De Min et al., 2024) 71.0 50.8 40.6 76.3 70.5 52.5 43.3 76.3 M
DDP 0 73.3 56.9 57.0 78.8 73.7 60.0 60.7 80.2 M

Table A.2: Multi-label class-incremental results on PASCAL VOC dataset (%).

VOC B4-C2 VOC B5-C3
Method Memory Last Avg. Last Avg. Type

mAP CF1 OF1 mAP mAP CF1 OF1 mAP
Joint 0 93.6 86.0 88.8 - 93.6 86.0 88.8 - B
Fine-Tuning 37.0 25.0 27.9 60.4 49.4 30.9 36.9 74.4 B
ER (Rolnick et al., 2019)

2/class
47.1 34.7 33.1 69.9 62.8 50.6 47.8 78.3 S

PODNet (Douillard et al., 2020) 60.4 45.3 38.5 71.1 70.3 47.7 43.3 81.4 S
DER++ (Buzzega et al., 2020) 61.6 33.4 29.9 77.0 68.1 53.3 51.4 78.0 S
LwF (Li & Hoiem, 2017)

0

50.4 32.8 30.9 73.4 74.1 50.5 45.6 84.8 S
AGCN (Du et al., 2024a) 50.2 35.5 33.5 71.2 71.6 55.2 51.1 83.1 M
KRT (Dong et al., 2023) 43.6 13.7 31.0 71.0 74.6 39.3 46.6 86.2 M
RebLL (Du et al., 2025) 73.1 57.2 60.0 84.6 79.4 64.6 66.9 87.7 M
MULTI-LANE (De Min et al., 2024) 82.1 43.2 36.1 89.8 87.1 66.9 56.8 92.1 M
DDP 0 83.6 72.5 74.4 90.8 88.2 77.1 80.5 93.0 M

A ADDITIONAL EXPERIMENTAL DETAILS AND RESULTS

The method of comparison. We compare twenty-two CIL methods, including the replay-based
methods such as iCaRL (Rebuffi et al., 2017), TPCIL (Tao et al., 2020), BiC (Wu et al., 2019), ER
(Rolnick et al., 2019), PODNet (Douillard et al., 2020), DER++ (Buzzega et al., 2020), PRS (Kim
et al., 2020), OCDM (Liang & Li, 2022), CUTER (Wang et al., 2025), the regularization-based
methods oEWC (Schwarz et al., 2018), LwF (Li & Hoiem, 2017), AGCN (Du et al., 2024a), KRT
(Dong et al., 2023), CSC (Du et al., 2024b), HCP (Zhang et al., 2025), RebLL (Du et al., 2025), and
the prompt-based methods L2P (Wang et al., 2022b), DualPrompt (Wang et al., 2022a), CODA-P
(Smith et al., 2023), MG-CLIP (Huang et al., 2025), MULTI-LANE (De Min et al., 2024), DPA
(Zhao et al., 2024).

Note that the SLCIL state-of-the-art method MG-CLIP (Huang et al., 2025) is LoRA-CLIP–based.
Its visual classifier trains on a single shared feature across classes, which causes the severe semantic
confusion analyzed in our work. Even with careful learning-rate tuning, its performance remains
far below our DDP shown in Figure 5 and Table 2. Therefore, these results underscore that the
decoupling introduced in this paper is necessary for MLCIL.

Main Results. Table A.1 and Table A.2 report results under more challenging scenarios: long-
sequence settings on MS-COCO (B20-C4, B0-C5) and high-frequency increments on VOC (B4-C2,
B5-C3). While existing methods suffer from severe forgetting or FPR, DDP consistently achieves
better last and average performance, demonstrating robust knowledge preservation and effective
suppression of FPR across both datasets.

Hyperparameter Analysis. Our way of hyperparameter discussion and dataset usage follows the
practice in the multi-label learning method (Cheng & Vasconcelos, 2024). Figure A.1 and Figure A.2
illustrate the influence of τmax and γ on PCD. On VOC B4-C2, we choose τmax=7 and γ=0.2,
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(b) COCO, B0-C5
�max

(a) VOC, B4-C2
�max

Figure A.1: Effect of τmax in PCD.

(a) VOC, B4-C2 (b) COCO, B0-C5

Figure A.2: Effect of γ in PCD.

which lead to clear improvements in both Last and Avg. CF1/OF1. On COCO B0-C5, we choose
τmax=3 and γ=0.7, which also enhance both Last and Avg. metrics. These results indicate that PCD
consistently improves performance across datasets.

Semantic decoupling ablation. Table A.3 reports the ablation results across different levels of
semantic decoupling in the COCO B0-C5 scenario. Relative to the prompt-free baseline, the incor-
poration of a global prompt (one-to-all) yields a clear performance gain. Further improvements are
observed with task-specific prompts (one-to-many). Better results are achieved with class-specific
prompts (one-to-one), which emphasize the critical role of fine-grained semantic decoupling in en-
hancing discriminative representation learning. Table A.4 compares different prompt attributions
under both Last and Avg. metrics in the COCO B0-C5. Employing either type individually yields
substantial gains over the prompt-free baseline, with positive prompts demonstrating a more pro-
nounced effect. Notably, the joint utilization of both results in consistently superior performance
across all evaluation metrics, underscoring their complementary roles in decoupling class-level se-
mantics and enhancing the quality of learned representations.

8 12 16 20 24 28 32
75

76

77

78

79

80

81

82

Prompts Length

m
A

P
(%

)

Figure A.3: Effect of prompts
length.

Confidence decoupling ablation. We provide results in the
COCO B0-C5 in Table A.5. It shows that progressively adding
text prompts, visual prompts and PCD yields consistent im-
provements in Last and Avg. metrics, with PCD effectively
boosting performance by suppressing false positives.

Prompt Length. As shown in Figure A.3, we present the ef-
fect of different prompt lengths in the MS-COCO B40-C10
scenario. In this work, the text and visual prompts are assigned
the same length. When LP = 16, it strikes a balance between
efficiency and effectiveness.

Forgetting Measure. Table A.6 reports the forgetting mea-
sure in the VOC B4-C2. Our DDP shows much lower forget-
ting and FPR, highlighting its effectiveness in preserving past
knowledge and suppressing false positives.

B ALGORITHM

Algorithm 1 shows the training procedure that iterates over tasks t = 1 to T . For each task, DDP
initializes class-specific text and vision prompt pairs Pc

T, Pc
V (one pair per class). For every training

14
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Table A.3: Ablation of class-specific prompts
under Last and Avg. metrics (%).

Method Last Avg.

mAP CF1 OF1 mAP CF1 OF1

Prompt-free 4.5 4.0 6.1 7.4 5.2 9.1
Global prompt 21.8 11.8 21.9 31.7 14.2 22.5
Task-specific prompt 36.7 23.7 39.7 42.1 26.0 39.7
Class-specific prompts 73.7 60.0 60.7 80.2 67.4 64.1

Table A.4: Ablation of positive-negative
prompts under Last and Avg. metrics (%).

Method Last Avg.

mAP CF1 OF1 mAP CF1 OF1

Prompt-free 4.5 4.0 6.1 7.4 5.2 9.1
Neg. Prompts 70.9 54.2 47.0 77.0 64.6 58.5
Pos. Prompts 71.3 56.2 51.6 78.5 66.0 60.2
Neg. + Pos. 73.7 60.0 60.7 80.2 67.4 64.1

Table A.5: Ablation of PCD under Last and Avg.
metrics (%).

Method Last Avg.

mAP CF1 OF1 mAP CF1 OF1

Prompt-free 4.5 4.0 6.1 7.4 5.2 9.1
+ Text Prompt 65.3 49.8 43.1 72.4 60.4 52.7
++ Visual Prompt 73.7 55.3 48.3 80.2 62.6 62.0
+++ PCD (ours) 73.7 60.0 60.7 80.2 67.4 64.1

Table A.6: The comparison of forgetting
measure in the VOC B4-C2 (%).

Method mAP ↑ Forgetting ↓ Avg.mAP ↑ FPR ↓
LwF 50.4 10.8 73.4 32.5
ER 47.1 11.3 69.9 33.4
DDP 83.6 5.4 90.8 2.8

sample xt and class c ∈ Ct, it encodes text and image with the frozen CLIP encoders, computes
cosine similarities sc+ and sc−, and converts them via a binary softmax to produce ŷtc+ and ŷtc−.
We fix τ(t) = 1 to ensure stability during training. A BCE objective trains only the prompts,
leaving the backbone unchanged, and no prompt selector or extra classifier head is required. After
optimization, the task-t prompts are frozen to serve subsequent tasks.

C COMPARISON OF DIFFERENT ATTACHMENT POSITIONS AND
ATTACHMENT MANNERS

Comparison of different attachment positions. We observe a clear layer position effect in Table
C.1: attaching our class-specific prompts into deeper transformer layers yields a better trade-off
between accuracy and compute. Since our prompts are class-specific rather than generic, they align
better with the high-level semantic features emerging in deeper layers. Shallow-layer attachment
(1–5) underperforms due to low-level, non-discriminative features. The 8–12 range achieves the
highest mAP (78.5%) with moderate overhead, indicating that interlayer prompting benefits most
from semantically rich stages. The same setting is used across other datasets and scenarios.

Efficiency comparison: Table C.2 reports the training cost under different backward layer settings
on COCO B0-C10. Updating all layers requires noticeably higher time and memory, while our
last-5 (8–12) backward strategy substantially reduces both training time and GPU consumption,
highlighting the spatio-temporal efficiency of our prompt-based method.

Comparison of different attachment methods. Table C.3 compares the parameter efficiency, com-
putational overhead, and performance of different prompting strategies on VOC. As shown, Prompt
tuning (Wang et al., 2022b) requires back-propagation through all 12 layers, which increases the

Table C.1: Comparison of different attachment positions on COCO B0-C10. ∆ FLOPs is the for-
ward overhead vs. Prompt-free. # Params indicates the number of learnable parameters, and Back-
ward layers refer to the transformer layers involved in back-propagation.

Backward layer range Backward layers # Params (M) ∆ FLOPs (%) mAP (%)

1–5 5 1.96 + 4.7 71.2
8–11 4 1.96 + 3.7 76.7
9–11 3 1.96 + 2.8 78.3
8–12 5 1.96 + 4.7 78.5
10–12 3 1.96 + 2.8 77.4
10–11 2 1.96 + 1.9 77.4
1–12 (all) 12 1.96 + 11.2 78.0
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Algorithm 1 The training of DDP framework

Require: Training data Dt
trn, Pre-trained CLIP backbone θ = {EV,ET}

1: for all t in 1 to T , c ∈ Ct do
2: Initialize Pc

T = {Pc+
T ,Pc−

T }, Pc
V = {Pc+

V ,Pc−
V }

3: for all (xt, yt) ∈ Dt
trn do,

4: sc+ = cos(ET(P
c+
T , c),EV(P

c+
V , xt))

5: sc− = cos(ET(P
c−
T , c),EV(P

c−
V , xt))

6: ŷtc+ = exp(sc+/τ(t))/(exp(sc+/τ(t)) + exp(sc−/τ(t)))
7: ŷtc− = exp(sc−/τ(t))/(exp(sc+/τ(t)) + exp(sc−/τ(t)))
8: Lbce =

∑
−ytc log(ŷ

t
c+)− (1− ytc) log(ŷ

t
c−)

9: Optimize Pc
T and Pc

V by Lbce
10: end for
11: Preserve PT, PV in task t
12: end for

Table C.2: Comparison of the cost of different backward layers on COCO B0-C10. Time denotes
the training time per batch, Memory indicates the GPU memory consumption.

Backward layers Time (s/batch) Memory (GB)

full-12 (1-12) 0.23 12.32
last-5 (8-12, ours) 0.16 6.95

training cost, while Prefix tuning (Wang et al., 2022a; Smith et al., 2023) reduces the number of
back-propagated layers to 5 at the expense of introducing more parameters. In contrast, our In-
terlayer prompting achieves a better trade-off: it maintains the same lightweight parameter size
as Prompt tuning and the reduced back-propagation depth of Prefix tuning, yet delivers the high-
est mAP (83.6%). These results highlight that our strategy is not only accurate but also spatio-
temporally efficient, simultaneously reducing both spatial parameter cost and temporal training
overhead. Table C.4 compares MULTI-LANE and our DDP in the VOC B4-C2. DDP uses fewer
learnable parameters (0.49M vs. 0.80M; about 39% less) while achieving higher performance.

D VISUALIZATION

Class activation maps. As shown in Figure 7, the original images are shown in the first column,
followed by class activation maps (CAM) corresponding to each predicted category with confidence
scores. For example, in the second row, the model correctly identifies “bicycle”, “dog” and “per-
son”, and the highlighted regions precisely align with the respective objects. Notably, the body of
“person”, including fine-grained parts such as the legs, can be clearly delineated, demonstrating
the model’s ability to capture detailed semantics. In the first row, the categories “bird”, “boat” and
“person” are accurately detected with high confidence, and the CAM highlights the relevant regions
consistently. These results are obtained by testing the final-task model on categories from different
tasks, showing not only accurate recognition but also strong anti-forgetting performance.

Table C.3: Comparison of different attachment methods based on our DDP in the VOC B4-C2.
∆ FLOPs is the forward overhead vs. Prompt-free. # Params indicates the number of learnable
parameters, and Backward layers refer to the transformer layers involved in back-propagation.

Method Backward layers # Params (M) ∆ FLOPs (%) mAP (%)

Prompt-free 0 0 0 12.0

Prompt tuning full-12 (1-12) 0.49 + 11.2 82.9
Prefix tuning last-5 (8-12) 2.45 + 4.7 80.4
Interlayer prompting last-5 (8-12) 0.49 + 4.7 83.6
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Table C.4: Comparison of methods in the VOC B4-C2. # Params indicates learnable parameters.

Method # Params (M) mAP (%) CF1 (%) OF1 (%)

MULTI-LANE 0.80 82.1 43.2 36.1
DDP (ours) 0.49 83.6 72.5 74.4

(a) t-SNE of Positive Text Prompts (b) t-SNE of Negative Text Prompts 

(c) t-SNE of Positive Visual Prompts (d) t-SNE of Negative Visual Prompts 

Figure D.1: t-SNE visualization of one-to-one class-specific prompts learned on VOC. Subplots (a)
and (b) show the distributions of positive and negative text prompts, while (c) and (d) depict the
corresponding visual prompts.

t-SNE visualizations. In Figure D.1, we present t-SNE visualizations of the learned one-to-one
class-specific prompts across text and visual modalities. Positive prompts (Figures D.1 (a) and
(c)) exhibit compact clusters that align well with semantic categories, suggesting their effectiveness
in capturing class-presence cues. By contrast, negative prompts (Figures D.1 (b) and (d)) show a
dispersed distribution, reflecting their complementary role in modeling class-absence signals. These
patterns confirm that our one-to-one positive–negative prompting strategy successfully disentangles
semantic information across modalities, thereby enhancing class discriminability in MLCIL.

E LIMITATION AND FUTURE WORK

Limitation. We adopt vanilla BCE to isolate the effect of our design and keep the training pipeline
minimal. This choice leaves open the potential benefits of tailored objectives for catastrophic for-
getting and cross-modal alignment.

Future work. Two future extensions are: learned confidence scheduling and loss design. For the
former, replace τ(t) with a learnable scheduler τc(x, t) that adapts by classes or samples, and is
trained under curriculum constraints to reduce false positives. For the latter, we move beyond plain
BCE to systematically study objectives that improve retention and alignment.
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F PROOF OF PCD FOR CONFIDENCE DECOUPLING

Proposition 1 (Confidence decoupling effect of PCD). For a class c ∈ Ct at task t, let the positive
and negative similarity scores be sc+ and sc− and define the margin ∆c = sc+ − sc−. Progressive
Confidence Decoupling (PCD) computes the positive score by a binary softmax with task-dependent
scaling τ(t) > 1:

ŷtc+(τ) =
exp(sc+/τ)

exp(sc+/τ) + exp(sc−/τ)
= σ

(∆c

τ

)
,

where σ(z) = 1
1+e−z . Then:

For every ∆c > 0, ŷtc+(τ) is strictly decreasing in τ :

∂ ŷtc+(τ)

∂τ
= − ∆c

τ2
σ
(∆c

τ

)(
1− σ

(∆c

τ

))
< 0.

For a decision threshold η, when ŷtc+ ≥ η, the model predicts the presence of class c. ŷtc+(τ) ≥ η
is equivalent to a margin condition

ŷtc+(τ) ≥ η ⇐⇒ ∆c

τ
≥ σ−1(η) ⇐⇒ ∆c ≥ τ · sη,

where sη := σ−1(η) = log
(

η
1−η

)
. Thus, increasing τ raises the required margin linearly.

In the case of a negative class (ytc = 0), a high ŷtc+ ≥ η leads to a false positive (FP). Consider a
negative sample with margin ∆c > 0 that is a false positive at τ = 1, σ(∆c) ≥ η ⇐⇒ ∆c ≥ sη .

Then, for any τ ′>1 such that
∆c < τ ′ sη,

the prediction under PCD with τ ≥ τ ′ satisfies ŷtc+(τ) = σ(∆c/τ) < η, so the sample is corrected
from a false positive (FP) to a true negative (TN), thereby reducing the overall FPR.

As shown in Figure 3 (b), before PCD the confidence distribution on negative classes is highly
polarized, with many scores near 1, causing TN–FP confusion, which means confidence entangle-
ment. PCD introduces scaling τ(t) > 1 so that ŷtc+(τ) = σ(∆c/τ) is softened. Near the decision
boundary, this softening lowers over-confident negatives below η, thereby separating TN from FP,
achieving confidence decoupling.

Curriculum schedule. At inference, we apply Progressive Confidence Decoupling (PCD) by us-
ing τ(t) >1 as a curriculum-inspired post-hoc adjustment:

τ(t) = 1 + (τmax − 1)

(
|C1:t| − |C1|
|C1:T | − |C1|

)γ

, s.t. τmax > 1, 0 < γ < 1.

Here, τmax controls the final-task decoupling level, while smaller γ accelerates early growth of
τ(t), larger γ yields a smoother progression. This curriculum-inspired design aligns the growth
of confidence smoothing with the accumulation of missing negatives across tasks (Du et al., 2025)
, producing lower FPR and improved average and final performance (see Figure 4 (b)). This re-
scales confidence, suppressing over-confident false positives and improving performance without
re-training the model. Both scaling and threshold tuning are post-hoc strategies. The latter modifies
the decision boundary directly, the former reshapes the probability distribution itself. Our PCD
extends this idea with a curriculum design that adapts naturally across all class-incremental tasks,
yielding more stable improvements and making it particularly well-suited for MLCIL.

Others. mAP is a ranking-based metric. Our PCD is a monotonic transform of the confidence.
It compresses over-confident predictions, reduces FPR and improves the precision-recall trade-off,
yielding better CF1 and OF1.

G THE USE OF LLMS

We only use lightweight LLMs to check grammatical errors.
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