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Abstract

Recent studies have demonstrated that incorporating train-
able prompts into pretrained models enables effective in-
cremental learning. However, the application of prompts
in incremental object detection (IOD) remains underex-
plored. Our study reveals that existing prompt-pool-based
approaches assume disjoint class sets across incremen-
tal tasks, which are unsuitable for IOD as they overlook
the inherent co-occurrence phenomenon in detection. In
co-occurring scenarios, unlabeled objects from previous
tasks may appear in current task images, leading to con-
fusion in prompts pool. In this paper, we hold that prompt
structures should exhibit adaptive consolidation properties
across tasks, with constrained updates to prevent confusion
and catastrophic forgetting. Motivated by this, we intro-
duce Parameterized Prompts for Incremental Object De-
tection (P2IOD). Leveraging neural networks global evo-
lution properties, P2IOD employs networks as the parame-
terized prompts to adaptively consolidate knowledge across
tasks. To constrain prompts structure updates, P2IOD fur-
ther engages a parameterized prompts fusion strategy. Ex-
tensive experiments on PASCAL VOC2007 and MS COCO
datasets demonstrate that P2IOD’s effectiveness in IOD and
achieves the state-of-the-art performance among existing
baselines. Code is available at https://github.com/
EMLS-ICTCAS/P2IOD.

1. Introduction
In response to external changes, humans possess strong
adaptability, allowing them to incrementally accumulate
knowledge [11, 12]. Similarly, we expect object detec-
tion algorithms to learn in an incremental manner. Ex-
isting detection methods suffer from catastrophic forget-
ting [26] during incremental learning. This issue arises be-
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Figure 1. Existing prompts-pool-based methods store task-specific
prompts learned from different tasks and match objects to their
most relevant prompts based on similarity weights during infer-
ence. However, preserving knowledge in a task-isolated manner
causes confusion in IOD. In contrast, our method redesigns the
prompts pool as parameterized prompts to holistically preserve
and update knowledge across tasks, thus mitigating confusion.

cause current detection frameworks rely on predefined la-
beled datasets [50], implicitly assuming static data distri-
butions. When learning from dynamic data distributions,
these frameworks tend to forget previously learned knowl-
edge [35], resulting in severe performance degradation.

To address this challenge, many incremental object de-
tection (IOD) methods [7, 17, 25, 27, 33] exploit the in-
herent co-occurrence phenomenon, where detection images
typically contain both labeled objects from the current task
and unlabeled objects from previous tasks. In such co-
occurring scenarios, object distribution remains relatively
static [1], providing latent knowledge to supplement pre-
vious tasks. A key problem in IOD thus lies in effec-
tively leveraging the static object distribution present in co-
occurring scenarios. Recently, with the rise of pre-trained
models [4], prompting has emerged as a promising direc-
tion for incremental learning [14, 19]. Yet, its suitability
for IOD’s co-occurring scenarios remains unexplored. Gau-
rav et al. [2] first introduce prompting into IOD, adopting
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a well-established prompts pool from incremental classifi-
cation. We observe that the prompts pool exhibits confu-
sion when incorporating the knowledge of the static object
distribution in co-occurring scenarios, leading to a negative
impact on performance.

An ideal prompts pool stores task-specific prompts
learned from different tasks and matches objects to its most
relevant prompts based on similarity weight during infer-
ence [38]. However, when leveraging the static distri-
bution of objects in co-occurring scenarios, the prompts
pool encounters severe confusion, specifically manifesting
as matching and task confusion. As shown in Fig. 1, the
former matching confusion refers to an object that cannot
match the most relevant prompt. We visualize the similar-
ity weight between an object and different prompts. It can
be observed that since the object appears across all tasks,
they exhibit high similarity with all task-specific prompts,
making it impractical to match the most relevant prompt.
On the other hand, the task confusion refers to task-specific
prompts learning knowledge outside of its tasks. The un-
labeled previous objects in co-occurring scenarios provide
latent knowledge, causing the prompts learned for the cur-
rent task to incorporate knowledge from all previous tasks,
which undermines the clarity of the prompt’s representa-
tion. We refer to the matching and task confusion intro-
duced by the prompts pool in IOD as prompts pool confu-
sion, which negatively affects IOD’s performance.

To tackle the above problems, this paper proposes
Parameterized Prompt for Incremental Object Detection
(P2IOD). We argue that preserving knowledge in a task-
isolated manner leads to confusion when handling co-
occurring scenarios in IOD. To overcome the confusion,
we advocate that the structure for preserving prompt knowl-
edge should exhibit an adaptive consolidation property, en-
suring that knowledge is preserved holistically across tasks,
while previous task knowledge can be dynamically updated
in co-occurring scenarios. Building upon this, we further
mitigate catastrophic forgetting by constraining updates to
critical parameters within the prompt structure. Based on
this insight, P2IOD redesigns the prompts pool as a pa-
rameterized multi-layer perceptron (MLP), so as to lever-
aging the adaptive consolidation property inherent in neural
networks, which naturally update learned knowledge in re-
sponse to losses from co-occurring objects. We interpret the
constraint on parameterized prompts as a form of model fu-
sion, where the parameters of previous and current prompts
are preserved or merged based on their importance and con-
sistency, ensuring that the knowledge from each task is re-
tained. In addition, we introduce pseudo-labeling to mine
latent knowledge from co-occurring objects.

Our contributions can be summarized as follows.
(i) This is the first work to investigate the prompts pool

confusion caused by the co-occurrence phenomenon. We

further advocate that prompt structures should exhibit an
adaptive consolidation property and adopt constrained up-
dates to prevent confusion and forgetting.

(ii) We propose P2IOD, which redesigns the prompts
pool as parameterized prompts and employs parameterized
prompt fusion to constrain parameter updates.

(iii) Extensive experiments on PASCAL VOC2007 and
MS COCO datasets demonstrate the effectiveness of the
proposed method in IOD, achieving state-of-the-art perfor-
mance in existing baselines.

2. Related Work

2.1. Incremental Learning
In recent years, the strong generalization ability of pre-
trained models (PTM) injects new vitality into incremen-
tal learning [46]. A promising approach is to freeze the
PTM’s parameters and add learnable lightweight prompts
to adjust the PTM [15, 32, 37, 38]. However, the learnable
prompts also face the challenging issue of catastrophic for-
getting. L2P [38] and DualPrompt [37] design a prompts
pool to store task-specific prompts trained under different
tasks. During inference, the top-K most relevant prompts
are selected through an instance-wise query mechanism,
thereby alleviating the catastrophic forgetting caused by up-
dating prompts. CodaPrompt [32] replaces the top-K se-
lection criterion with a more natural selection mechanism,
using a learnable linear combination to determine the con-
tribution of the prompts. DAP [15] uses an MLP to gen-
erate finer-grained prompts for each instance and utilizes
a prompts pool to store conditional input embeddings that
supplement task-specific information. The above prompt-
based methods are discussed in the context of incremental
image classification tasks and show remarkable results, but
their applicability in more complex incremental object de-
tection tasks is still not fully established.

2.2. Incremental Object Detection
The distinction between incremental object detection and
other incremental tasks lies in the co-occurrence phe-
nomenon inherent in detection scenarios. Co-occurring sce-
narios contain numerous unlabeled objects from previous
tasks that can supplement previous task knowledge. Knowl-
edge distillation [10, 13, 23, 39, 44] provides a flexible
way to mine previous task knowledge. Such approaches
[3, 7, 31, 41, 42] employ the original detector to regular-
ize the outputs and intermediate features of the incremen-
tal detector, thereby facilitating the transfer of knowledge
in training data from the original to the incremental de-
tector. As this knowledge inherently contains information
about unlabeled objects, it enables the implicit mining of
unlabeled objects within the co-occurring scenarios. Fur-
thermore, some methods [2, 17, 43] explicitly mine unla-
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Figure 2. The overall framework of P2IOD. To address the issue of prompts pool confusion, P2IOD redesigns the prompts pool as a
parameterized prompt structure consisting of multi-layer perceptron (MLP) bottlenecks. To further alleviate catastrophic forgetting, P2IOD
proposes a parameterized prompt fusion strategy, which adds an additional fusion process after each incremental training process.

beled objects through pseudo-labeling. These methods use
the original detector to label the objects in the training data
and subsequently filter out incorrect labels based on spe-
cific criteria. The static distribution labels obtained through
the pseudo-labeling method allow the detectors to be im-
mune to catastrophic forgetting. The above methods exhibit
strong performance in co-occurring scenarios.

With the rise of PTM, the prompting of the PTM has
become a promising direction for incremental learning.
Prompting of the PTM stores prompts as an additional
memory module, allowing the PTM to learn and retain rel-
evant information from each incremental task. Gaurav [2]
constructs a prompts pool to store the prompts learned from
different tasks and matches the most relevant prompt during
inference. However, we discover that introducing a prompts
pool faces severe prompts pool confusion in co-occurring
scenarios. Therefore, effectively incorporating prompts into
PTM still requires further research in IOD.

3. Preliminaries

3.1. Object Detection Baseline

We introduce parameterized prompts on the transformer-
based Deformable-DETR [47] and Co-DETR [49] to val-
idate our motivation. In transformer-based object detec-
tion frameworks, there exist two types of attention mecha-
nisms. The first is the multi-head attention mechanism [34]
in Transformers. Given a query element and a set of key
elements, the multi-head attention module obtains attention
weights based on the similarity between the query-key pairs
and adaptively aggregates important features according to
the attention weights. To enable the model to focus on con-
tent from different representational subspaces and different
positions, the multi-head attention mechanism combines the
outputs of multiple attention heads with different learnable

weights. Let q ∈ Ωq indexes a query element with represen-
tation feature zq ∈ RC , and k ∈ Ωk indexes a key element
with representation feature xk ∈ RC , where C is the feature
dimension, Ωq and Ωk specify the query and key elements,
respectively. The attention weights Amqk are calculated by

Amqk = softmax

(
zTq U

T
mVmxk√
Cv

)
, (1)

where Um ∈ RCv×C and Vm ∈ RCv×C are learnable
weights of q and k. The process of calculating the aggre-
gated features in the multi-head attention mechanism can
be represented by

MHA (zq, x) =

M∑
m=1

Wm

[∑
k∈Ωk

Amqk ·W ′
mxk

]
, (2)

where m indexes the attention heads, W ′
m ∈ RCv×C and

Wm ∈ RC×Cv are also learnable weights (Cv = C/M ).
Moreover, to disambiguate different spatial positions, the
representation features zq and xk are usually introduced
with positional embeddings.

The second attention mechanism is the deformable at-
tention mechanism [47]. It not only preserves the spatial
structure of the feature map but also helps the detector ac-
celerate convergence and reduce computational complexity.
Given an input feature map x ∈ RC×H×W , let q index a
query element with content feature zq and a 2-d reference
point pq , the deformable attention feature is calculated by

DA (zq, pq, x) =

M∑
m=1

Wm

[
K∑

k=1

Amqk ·W ′
mx (pq +∆pmqk)

]
,

(3)
where m indexes the attention head, k indexes the sampled
keys, and K is the total sampled key number (K ≪ HW ).
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∆pmqk and Amqk denote the sampling offset and attention
weight of kth sampling point in the mth attention head, re-
spectively. Both ∆pmqk and Amqk are obtained via linear
projection over the query feature zq .

To the best of our knowledge, there is currently no re-
search integrating prompts into deformable attention mech-
anisms. The difficulty lies in the fact that deformable at-
tention is a spatially local attention structure, while prompt
interaction requires a global attention structure, making
their integration challenging. Therefore, we only introduce
prompts in the multi-head attention mechanism, which is
used for object query interaction in the decoder.

3.2. Pseudo Labeling for Mining Potential Objects
In IOD, unlabeled previous task objects may appear in the
background of current task images. Properly mining these
previous task objects can significantly reduce forgetting,
while treating these objects as background can lead to more
severe forgetting. To make a fair comparison, we introduce
the same pseudo-labeling method as MD-DETR [2] to mine
the knowledge of unlabeled objects in the background.

In Tt, we employ the detector trained on Tt−1 to infer on
each training sample, obtaining predictions: ŷi =

{
ŝi, b̂i

}
.

Here, ŝi represents the score for the highest-scoring cat-
egory, and b̂i provides the bounding box coordinates for
this prediction. Pseudo-labeling mechanism [5, 9, 25] sets
a threshold τ to filter predictions with ŝi higher than this
threshold as pseudo label ỹi =

{
c̃i, b̃i

}
. The threshold

τ ensures that only the most reliable predictions are used
when generating pseudo labels. Here, c̃i represents the
pseudo label’s category name, b̃i is the bounding box coor-
dinates for this pseudo label. Pseudo labels incorporate the
knowledge from previous tasks {T1 . . . Tt−1}, effectively
alleviating the detector’s forgetting.

4. METHODS

4.1. Overview
We propose P2IOD to alleviate the confusion in prompt-
pool-based IOD methods when learning co-occurring ob-
ject knowledge. Fig. 2 illustrates the complete framework.
We hold that prompt structures should exhibit the ability to
adaptively consolidate knowledge across tasks while con-
straining updates to prevent catastrophic forgetting. There-
fore, P2IOD redesigns the prompts pool into parameter-
ized prompts, leveraging neural networks’ inherent adap-
tive consolidation to naturally update learned knowledge
in response to losses from co-occurring objects. The pa-
rameterized prompts are implemented as multi-layer per-
ceptron (MLP) bottlenecks composed of feedforward net-
works and are integrated into different decoder layers to en-
hance prompt diversity. Considering that IOD algorithms

are often deployed on resource-constrained scenarios such
as edge devices [21, 22], P2IOD proposes a parameterized
prompt fusion strategy to constrain updates to the prompt
structure with low computational overhead. During incre-
mental training, only the parameters of class embeddings,
bounding box embeddings, and the parametrized prompt
structure (θ) are trainable, while all other parameters (θ∗)
remain frozen to prevent knowledge forgetting. Fig. 2 illus-
trates the complete framework.

4.2. Parameterized Prompt Structure
We hold that the prompt structure should adaptively con-
solidate the potential knowledge that emerges in the co-
occurring scenarios. To achieve this, we design the prompt
structure as an MLP bottleneck composed of FNN layers
rather than the prompts pool. This parameterized prompt
structure encodes prompt-related knowledge into the neu-
ral network weight space and generates instance-specific
prompts.

We follow the method in [2] by employing the frozen
pre-trained detector as a query function to extract queries,
which are then utilized as inputs to the parameterized
prompt. Given an input instance x, a set of proposals P ∈
RN×D is generated through a single pass of P = θ∗ (x),
where N is the number of proposals and D is the embed-
ding dimension of each proposal. P contains both object
and background information related to the instance x, which
is preliminarily extracted by the frozen pre-trained detector.
However, the number of proposals in P is too large to be
directly used as query features, requiring compression. Un-
like the approach in [2], where only object-related proposals
are compressed, we find that jointly compressing both ob-
ject and background proposals in P2IOD is more effective.
We believe this is because including background knowl-
edge in the prompts helps the detector better distinguish be-
tween foreground and background. In contrast, [2] shows
that adding background query features degrades its perfor-
mance. This degradation stems from the knowledge reten-
tion and matching mechanism of the prompts pool, which
limits the acquisition of background knowledge, indicating
that the prompts pool structure is not suitable for IOD. De-
tailed analysis and experimental comparisons can be found
in Appendix B.4. The entire query function Q can be rep-
resented as follows:

Q (x, θ∗) =
1

N

N∑
n=1

{θ∗ (x)}n, (4)

where {θ∗ (x)}n is the nth proposal.
We take the Q (x, θ∗) as the input to the parameterized

prompt, which outputs the prompts p ∈ RLp×D. Lp rep-
resents the length of prompts. The parameterized prompt
is an MLP bottleneck composed of two FNN layers, which
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can effectively remove redundant information in the query
through linear dimensionality reduction. The entire process
can be represented as:

p = ReLU
(
Q (x, θ∗) ·W (1)

)
·W (2), (5)

where W (1) ∈ RD×d represents an FNN layer for dimen-
sionality reduction, in which d is the bottleneck dimension;
W (2) ∈ Rd×D̂ is an FNN layer with upper-projection pa-
rameters, where D̂ = D × Lp; RELU is non-linear activa-
tion in between.

The p ∈ RLp×D are integrated into the decoder’s multi-
head self-attention layers. The process can be expressed as
follows:

MHAp (qo, p) =

M∑
m=1

Wm

[∑
k

Amqk · [W ′
mqo : pv]

]
,

(6)

Amqk = softmax
(
qTo U

T
m[Vmqo : pk]√

Cv

)
, (7)

where qo is the objects queries [47], [x : y] represents the
concatenate operation. Following [37], we assign p ∈
RLp×D into pk ∈ R

Lp
2 ×D and pv ∈ R

Lp
2 ×D, and concate-

nate them to W ′
mqo and Vmqo respectively, while keeping

qTo U
T
m unchanged. This manner ensures that the input and

output sequence lengths remain the same before and after
integrating prompts. To increase prompt diversity, we intro-
duce independent parameterized prompts into each decoder
layer of the frozen pre-trained detector.

4.3. Parameterized Prompt Fusion for Incremental
Learning

The parameterized prompt also faces catastrophic forgetting
during incremental learning. To address the forgetting, we
introduce model fusion after each incremental training pro-
cess. During the fusion process, we aim to retain the im-
portant parameters of each task and average the consistent
parameters across tasks. We also introduce a sparse loss to
concentrate the knowledge of each task in different param-
eter subsets to facilitate the model fusion.
Model fusion. For a sequence of incremental tasks
{T1 . . . Tt}, we add a fusion process after the training pro-
cess in {T2 . . . Tt} to fuse the parameterized prompt of the
current task with those of the previous task. We denote
the parameterized prompt obtained from training as θt and
those obtained from fusion as θft . For Tt (t ⩾ 2), the pa-
rameterized prompt used for testing is θft , which is obtained
by fusing θt and θft−1 (when t = 2, we fuse θ2 and θ1).

We fuse θt and θft−1 based on the degree of parameter
variation. To describe the variation of parameterized prompt

between current and previous tasks (θt and θft−1), we com-
pute the task vector vt = θt − θft−1. The task vector vt si-
multaneously conveys the parameter variation’s magnitude
and direction. Inspired by [40], we decompose the task vec-
tor vt into a magnitude vector µt (µt = |vt|) and a sign vec-
tor γt (γt = sgn (vt), taking values in ±1) as vt = γt ⊙ µt,
where ⊙ is the element-wise product. We also describe the
overall variation of parameterized prompt in previous tasks
by computing the task vector vf

t−1 = θft−1 − θinit, where
θinit denotes the initialized parameterized prompt.

During the Tt fusion process, we preserve critical pa-
rameters guided by µt and µf

t−1, and average consistent
parameters based on γt and γf

t−1. To preserve critical pa-
rameters, we first sort the values in µf

t−1 and select the
top-k% indices, denoted as Ift−1. The corresponding pa-
rameter in θft−1 are preserved with priority at the indices
in Ift−1. Next, we sort µt and identify the top-l% indices,
denoted as It. The parameter in θt are preserved at the in-
dices in It, excluding any overlap with the indices in Ift−1.
To average consistent parameters, we locate positions where
γt = γf

t−1, indicating directional consistency. At these po-
sitions, excluding those already reserved for preservation
(i.e., Ift−1 ∪ It), we take the average of θt and θft−1. Fi-
nally, all remaining undecided parameters are assigned the
corresponding values from θft−1. The overall fusion process
can be formally expressed as follows:

θft [i] =


θft−1[i], i ∈ Ift−1

θt[i], i ∈ It \ Ift−1
1
2 (θt[i] + θft−1[i]), γt[i] = γf

t−1[i], i /∈ I
f
t−1 ∪ It

θft−1[i], otherwise
(8)

where i denotes the i-th parameter in the parameterized
prompts. The pseudo-code for parameterized prompt fusion
is outlined in Appendix C.1.

Sparse Loss. In model fusion, we retain the important pa-
rameters of both current and previous tasks to maintain the
learned knowledge. However, in practice, the learned pa-
rameters exhibit redundancy, making it difficult to identify
parameter importance. We expect the model to learn sparse
parameters to concentrate critical knowledge in a small sub-
set of parameters. Therefore, we introduce an additional L1

loss as a sparse loss Ls, defined as:

Ls = λ
∑
j

|θj |, (9)

where λ controlls the sparsity level, and θj refers to the pa-
rameterized prompts in the jth decoder layer.
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Table 1. Average precision (AP50, %) is compared on the PASCAL VOC2007 dataset under single-step settings of 19+1, 15+1, 10+10,
and 5+15. We add the superscript ∗ to the accuracy that may be overestimated. The reasons for the overestimation are detailed in 5.1.

Method 19+1 15+5 10+10
1-19 20 1-20 1-15 16-20 1-20 1-10 11-20 1-20

OW-DETR [9] 70.2 62.0 69.8 72.2 59.8 69.1 63.5 67.9 65.7
ABR [24] 71.0 69.7 70.9 73.0 65.1 71.0 71.2 72.8 72.0
Faster ILOD [28] 68.9 61.1 68.5 71.6 56.9 67.9 69.8 54.5 62.1
PROB [48] 73.9 48.5 72.6 73.5 60.8 70.1 66.0 67.2 66.5
PseudoRM [43] 72.9 67.3 72.6 73.4 60.9 70.3 69.1 68.6 68.9
BPF [27] 74.5 65.3 74.1 75.9 63.0 72.7 71.7 74.0 72.9
VLM-PL [17] 73.7∗ 89.3∗ 73.6 73.9∗ 82.4∗ 72.4 80.3∗ 76.3∗ 78.3
MD-DETR (MS COCO) [2] 76.8∗ 67.2∗ 76.1 77.4∗ 69.4∗ 76.7 73.1∗ 77.5∗ 73.2
P2IOD (MS COCO) 78.5 62.6 77.7 83.3 66.9 79.2 82.0 80.4 81.2
MD-DETR (Objects365) [2] 89.4 68.7 88.3 86.1 84.7 85.8 81.8 87.3 84.6
P2IOD (Objects365) 89.7 77.5 89.1 91.2 85.2 89.7 88.4 91.1 89.8

5. EXPERIMENTS

5.1. Experimental Settings

Datasets. We evaluate our proposed method on PAS-
CAL VOC2007 [6] and MS COCO [20]. The PASCAL
VOC2007 contains 20 diverse object classes, including
9,963 images, split into 5,011 for training and 4,952 for
testing. The MS COCO, with its 80 object classes spread
across 118,000 training images and 5,000 evaluation im-
ages, makes it a more challenging benchmark.

Eval metrics. Followed by [2], we use the mean aver-
age precision at an IOU threshold of 0.5 (AP50, %) as the
metric. For PASCAL VOC2007, following previous works
[17], we provide the AP50 of the current task classes and
the previous task classes to better reflect the method’s sta-
bility and plasticity. There are two evaluation methods for
obtaining task precision: validating on the entire test set
versus using task-specific test subsets. The second method
yields higher precision for the same detector. We adopt the
first method and add superscript ∗ to results from the second
method to ensure fair comparison. For MS COCO, follow-
ing previous works [16], we provide the AP50 of all learned
classes after learning at each task.

Implementation details. We implement our proposed
method based on Deformable-DETR [47] pre-trained on the
MS COCO dataset and Co-DETR [49] pre-trained on the
Objects365 dataset [30], both obtained from HuggingFace.
The large-scale Objects365 dataset contains 365 categories
and over 600,000 images, making it a suitable pre-training
source for incremental learning experiments on MS COCO
dataset. Furthermore, since the official MD-DETR imple-
mentation is only available on Deformable-DETR, we port
MD-DETR [2] on Co-DETR for a fair comparison.

5.2. Comparison
Single-step setting. We compare three single-step sce-
narios on the PASCAL VOC2007 dataset, where the co-
occurrence levels gradually increase in the 19+1, 15+5, and
10+10 settings. As shown in Tab. 1, P2IOD with MS COCO
and Objects365 pretrained detectors achieve excellent per-
formance across all experimental settings. Compared to the
prompt-pool-based MD-DETR, P2IOD achieves accuracy
improvements of 1.6% / 0.8%, 2.5% / 3.9%, and 8.0% /
5.2% in the respective scenarios, indicating that the per-
formance advantage of P2IOD becomes increasingly sig-
nificant as the co-occurrence level rises. This trend fur-
ther demonstrates that P2IOD mitigates the interference
caused by prompts pool confusion in co-occurring scenar-
ios. We also compare single-step scenarios on the MS
COCO dataset in the Appendix B.1, and the results further
demonstrate the effectiveness of P2IOD.
Multi-step setting. We compare the multi-step settings on
PASCAL VOC2007 and MS COCO datasets. Tab. 4 shows
that on PASCAL VOC2007, the performance degradation
of MD-DETR becomes increasingly severe as the number
of incremental steps grows. The degradation stems from
prompts pool confusion which intensifies as the number of
tasks increases. In contrast, our method effectively miti-
gates such confusion, consistently achieving superior per-
formance across all settings. For the MS COCO dataset,
as shown in Tab. 2, P2IOD also exhibits the aforemen-
tioned advantages. Moreover, P2IOD consistently outper-
forms other existing approaches across different settings on
both datasets, demonstrating its effectiveness and the strong
potential of prompt-based techniques in IOD.

5.3. Analysis
Ablation Study. In Tab. 3, categories 1-5 reflect the stabil-
ity, while categories 6-20 mainly reflect plasticity. After in-
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Table 2. Average precision (AP50, %) is compared on the MS COCO dataset under multi-step settings of 40+20+20 and 40+10+10+10+10.

Method T1 (1-40) 40+20+20 40+10+10+10+10
T2 T3 T2 T3 T4 T5

ERD [7] 63.7 54.5 48.6 53.9 46.7 39.9 31.8
CL-DETR [25] 63.7 58.3 54.1 54.4 50.2 45.6 38.2
DyQ-DETR [45] 63.7 57.0 55.7 55.9 53.8 50.8 49.8
SDDGR [16] 68.6 62.6 59.5 62.8 60.2 59.0 54.7
LEA [33] 75.3 62.0 57.5 66.3 61.7 59.7 56.5
GCD [36] - - 60.4 - - - 55.1
MD-DETR (Objects365) [2] 79.0 69.4 60.3 68.1 61.7 53.7 49.4
P2IOD (Objects365) 79.6 71.3 68.8 74.1 70.9 69.3 64.8

Table 3. Ablation study results (AP50, %) for component’s contribution evaluated on PASCAL VOC2007 in 5+5+5+5 setting.

Methods Pseudo Parameterized Model Sparse 5+5+5+5
Labeling Prompt Structure Fusion Loss 1-5 6-20 1-20

(a) 73.3 65.4 67.4
(b) ✓ 73.3 64.6 66.8
(c) ✓ ✓ 70.7 76.6 75.1
(d) ✓ ✓ ✓ 73.1 76.0 75.3
(e) ✓ ✓ ✓ 67.0 73.0 71.5
(f) ✓ ✓ ✓ ✓ 74.0 77.2 76.4

Table 4. Average precision (AP50, %) is compared on the PAS-
CAL VOC2007 dataset under multi-step settings of 10+5+5 and
5+5+5+5. We add the superscript ∗ to the accuracy may be over-
estimated. The reasons for the overestimation are detailed in 5.1.

Method 10+5+5 5+5+5+5
1-10 10-20 1-20 1-5 6-20 1-20

ABR [24] 68.7 67.1 67.9 64.7 56.4 58.4
Faster ILOD [28] 68.3 57.9 63.1 55.7 16.0 25.9
MMA [3] 67.4 60.5 64.0 62.3 31.2 38.9
BPF [27] 69.1 68.2 68.7 60.6 63.1 62.5
VLM-PL [17] 67.9∗ 67.9∗ 67.9 64.5∗ 68.4∗ 65.5
MD-DETR (MS COCO) [2] 68.5 60.3 60.7 55.2 63.6 61.5
P2IOD (MS COCO) 81.3 74.2 77.8 74.0 77.2 76.4
MD-DETR (Objects365) [2] 80.1 87.5 83.8 60.9 80.7 75.8
P2IOD (Objects365) 89.1 89.1 89.1 86.4 87.4 87.1

troducing the pseudo-labeling method (b), due to the lack of
learnable parameters, pseudo-labeling not only fails to en-
hance stability but also interferes with current task learning,
reducing plasticity. The parameterized prompt structure (c)
increases the accuracy of categories 6-20 by 9.5%, signif-
icantly enhancing plasticity, but the accuracy of categories
1-5 drops by 2.6%, indicating that forgetting still exists. The
model fusion (d) alleviates the forgetting problem and bal-
ances stability and plasticity to some extent. The sparse loss
(f) reduces parameter conflicts between tasks, improving
overall accuracy by 1.1%. When combined with all meth-
ods, it increases the overall accuracy by 9.0% compared to
the baseline. Furthermore, removing the pseudo-labeling
(e) results in a significant decrease in stability. The ob-
servation demonstrates that our method, by alleviating the
prompts pool confusion, allows the pseudo labeling mecha-

nism to effectively mine old-class objects in the background
without introducing adverse effects.

Impact of Hidden Layer Dimension. We analyze the
impact of the hidden layer dimension in the parameterized
prompt structure. The dimension of the hidden layer in-
fluences the degree of dimensionality reduction applied to
the proposals. We conduct experiments in the PASCAL
VOC2007 under the 5+5+5+5 setting. In Fig. 4, as the
hidden layer dimension increases, the model’s accuracy ini-
tially improves and then declines, suggesting that a mod-
erate increase in the hidden dimension helps retain critical
information, while an overly large dimension introduces re-
dundant information that interferes with prompt generation.
As the hidden dimension increases, the number of parame-
ters in the parameterized prompt increases accordingly. Our
method achieves a favorable trade-off between performance
and parameter efficiency (76.3%, 1.1M) when the hidden
dimension is set to 64. In contrast, MD-DETR [2] requires
more parameters, while simultaneously achieving lower ac-
curacy (61.5%, 1.8M).
Prompt Comparison. We compare the distribution similar-
ity of prompts across tasks between P2IOD and MD-DETR
[2]. We conduct this experiment on PASCAL VOC2007
and use Maximum Mean Discrepancy (MMD) [8] to evalu-
ate the distribution similarity of prompts, with the average
MMD (A-MMD) across all tasks as the evaluation metric.
A larger A-MMD value indicates a more significant prompt
diversity. As shown in Fig. 5, the diversity of prompts
in our P2IOD increases with the depth of decoder layers,
and the diversity at the final layer is significantly higher
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Figure 3. Visualized comparison between P2IOD and MD-DETR. MD-DETR exhibits more false positives and a faster decline in the
positive target’s confidence than P2IOD, indicating the impact of prompts pool confusion.
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Figure 4. Average Precision (AP50, %) and parameters (M) on dif-
ferent hidden layer dimensions in the parameterized prompt struc-
ture on PASCAL VOC2007 under the 5+5+5+5 setting.

than that of MD-DETR. Our method generates category-
independent prompts in shallow layers and category-related
prompts in deep layers, aligning well with the multi-layer
decoder architecture, while MD-DETR is constrained by
its pool structure and struggles to match this characteris-
tic. Furthermore, our method can generate more diverse
prompts at the final layer used for object prediction. The
variations in prompt distributions highlight the effectiveness
of our approach.

5.4. Visualized Comparison
We analyze the visualized comparison between P2IOD and
MD-DETR to illustrate that the confusion is being ad-
dressed. In Fig. 3, the visualizations of MD-DETR ex-
hibit numerous false positives, indicating that the confused
prompts pool introduces incorrect prompts into the detec-
tor, thereby increasing scores for irrelevant categories. In
contrast, P2IOD reduces such false positives, demonstrating
the effectiveness of our approach in mitigating confusion.
We also observe that although P2IOD and MD-DETR have
nearly identical confidence in detecting people in the first

1 2 3 4 5 6
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M
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D

MD-DETR
P2IOD

Figure 5. Distribution similarity of prompts across different de-
coder layers in MD-DETR and P2IOD. A larger A-MMD value
indicates a more significant prompt diversity.

task, MD-DETR’s confidence rapidly declines as the num-
ber of tasks increases, suggesting that confusion in MD-
DETR undermines confidence in positive objects. In con-
trast, the confidence in P2IOD remains almost unchanged,
proving that our method is unaffected by confusion.

6. Conclusion

In this study, we identify a confusion issue within the
prompt-pool-based IOD methods. To address this issue,
we argue that prompts in IOD should not be exclusively as-
signed to individual tasks but should instead exhibit adap-
tive consolidation properties across tasks, with constrained
updates. We propose a parameterized prompt structure and
parameterized prompt fusion to validate our hypothesis. Ex-
periments on multiple datasets demonstrate that our frame-
work exhibits superior performance. To our knowledge, this
is the first work addressing prompts pool confusion in IOD,
laying a foundation for broader prompt-based IOD applica-
tions.
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