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Abstract

Single-domain generalization aims to learn a model from
single source domain data to achieve generalized perfor-
mance on other unseen target domains. Existing works
primarily focus on improving the generalization ability of
static networks. However, static networks are unable to dy-
namically adapt to the diverse variations in different image
scenes, leading to limited generalization capability. Dif-
ferent scenes exhibit varying levels of complexity, and the
complexity of images further varies significantly in cross-
domain scenarios. In this paper, we propose a dynamic
object-centric perception network based on prompt learn-
ing, aiming to adapt to the variations in image complex-
ity. Specifically, we propose an object-centric gating mod-
ule based on prompt learning to focus attention on the
object-centric features guided by the various scene prompts.
Then, with the object-centric gating masks, the dynamic se-
lective module dynamically selects highly correlated fea-
ture regions in both spatial and channel dimensions en-
abling the model to adaptively perceive object-centric rele-
vant features, thereby enhancing the generalization capa-
bility. Extensive experiments were conducted on single-
domain generalization tasks in image classification and ob-
ject detection. The experimental results demonstrate that
our approach outperforms state-of-the-art methods, which
validates the effectiveness and generally of our proposed
method.

1. Introduction

Recently, deep learning visual models have achieved rapid
development [3, 14, 34, 57]. These methods are based on
the assumption that the training and testing data share a
similar distribution. However, in practical applications, the
training and testing data are often not drawn from the same
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Figure 1. Illustration of dynamic object-centric learning via
prompts for single domain generalization. Object-centric features
capture the essential information related to individual objects. In-
corporating the given scene prompts to dynamically optimize the
extraction of object-centric features is beneficial for improving the
generalization performance of models.

distribution. Deep learning models often exhibit poor gen-
eralization performance when tested on unseen or out-of-
distribution datasets. The main reason behind this is domain
shift [38], where the distribution of the testing data signifi-
cantly differs from that of the training data. To mitigate the
impact of domain shift, several approaches have been pro-
posed, such as domain adaptation [28, 37] and domain gen-
eralization [4, 12, 27] methods. Domain adaptation meth-
ods typically require the inclusion of unlabeled target do-
main images during the model training phase. Multiple
domain generalization methods aim to mitigate the domain
shift by combining data from multiple training domains to
some extent. However, both of these approaches have lim-
itations due to the expensive data acquisition and data pri-
vacy. As a result, these methods may not be applicable in
all scenarios.



Single-domain generalization aims to train a model on a
single domain and generalize its performance to diverse un-
seen target domains [44]. This learning paradigm poses sig-
nificant challenges due to the fact that the model is trained
only on a single source domain and the target domains
are inaccessible during training. Existing approaches for
single-domain generalization primarily focus on two main
methods: data augmentation [32, 43, 44, 53] and feature
disentanglement [49]. While the methods above have made
positive contributions to alleviate domain shift in single-
domain generalization tasks, they mainly focus on static
networks. Static networks are unable to dynamically adapt
to the diverse variations in different image scenes, which
limits the representation power of the models. Dynamic net-
works [ 13] dynamically adjust the structure or parameters to
adapt the characteristics of the input data, expanding the pa-
rameter space, and leading to more effective learning. This
adaptability enables the model to capture complex patterns
and variations in the data and improve the generalization
performance.

In the visual tasks, each image may have its own unique
characteristics, such as variations in lighting conditions, ob-
ject appearances, or scene structures, which can result in
variations in data complexity. The complexity of data varies
across different domains, and consequently, the required
network complexity between different images may differ.
Object-centric representations are robust to variations in ap-
pearance, context, or scene complexity, which enables the
model to generalize well to unseen or novel samples. Con-
sidering the above factors, we propose a dynamic object-
centric learning approach for single-domain generalization
as shown in Figure 1. Specifically, a prompt-based object-
centric gating module is designed to perceive object-centric
features of objects, leveraging the multi-modal feature rep-
resentation capabilities of the visual-language pre-trained
CLIP [33] model, and the prompts that describe different
domain scenes guide the learning of the dynamic gating de-
cision for different domains. Furthermore, we proposed a
Slot-Attention multimodal fusion module to fuse the lin-
guistic features and visual features and then extract effective
object-centric representations. With learned object-centric
gating decisions, we selectively connect the features of the
network in both spatial and channel dimensions. We vali-
dated the effectiveness of our proposed method on different
visual tasks of varying complexity, including image classi-
fication and object detection.

The main contributions of this work can be summarized
as follows:

(1) To address the issue of insufficient generalization
ability of single-domain generalization tasks, we propose a
dynamic object-centric learning framework to enhance the
generalization capability.

(2) We propose an object-centric gating module based

on prompt learning which leverages the textual descriptions
of various scenes to guide the learning of the gating deci-
sion for different domains. Additionally, we introduce a
Slot Attention multi-modal fusion module to extract effec-
tive object-centric representations.

(3) Extensive experiments conducted on image classifi-
cation and object detection tasks of varying complexities
validate the effectiveness and generality of the proposed
method.

2. Related Works
2.1. Single Domain Generalization

Single-domain generalization tasks aim to train on a sin-
gle source domain and generalize to unseen target domains.
Existing methods can be divided into two categories: data
or feature augmentation and learning domain-invariant fea-
tures. The data augmentation method aims to generate
some out-of-distribution samples at the data level or feature
level. In particular, some works [32, 43, 44, 53] show that
the method of adversarial domain augmentation can effec-
tively improve the generalization ability and robustness of
the model by synthesizing virtual images during the train-
ing process. CLIP-Gap [42] utilizes the joint representation
space of visual and textual features in the pre-trained mul-
timodal CLIP model to learn the feature shift between the
visual and textual descriptions of the target domain. [48] ex-
plores improving generalization capabilities by alternating
diverse sample generation and discriminative style-invariant
representation learning. Domain-invariant feature learning
methods aim to learn feature representations that are invari-
ant to domain variations from the source domain data. Wu
etal. [49] proposed a method that disentanglements features
into domain-specific and domain-invariant components, and
then uses the domain-invariant features as teacher feature
representations to enhance the generalization capability of
the detection model through self-distillation.

Due to the limitations imposed by the diversity of train-
ing data from a single source domain, static networks are
prone to overfitting during training. Different from the
above methods, considering that the dynamic network dy-
namically adjusts the network structure according to the
input data, expanding the parameter space of the model
and improving the representation power. We propose a
prompt-based dynamic network single-domain generaliza-
tion method, which guides the learning of the dynamic gat-
ing decision with various domain descriptive text.

2.2. Dynamic Networks

Dynamic networks adaptively adjust their network struc-
ture based on input data to perform inference on different
input data. These methods can make decisions based on
different criteria to select different sub-networks for com-
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Figure 2. Illustration of our proposed prompt-based dynamic object-centric learning network for single domain generalization. This
method mainly includes a prompt-based object-centric gating module and a dynamic selective module. First, the Slot Attention multimodal
fusion module extracts object-centric features and leverages the various scene prompts to guide the object-centric gating mask learning
for the input from different scenes. Next, the gating mask is used to dynamically select the relevant object-centric features to improve the

generalization ability.

putational execution. The existing main dynamic network
methods can be divided into two categories: early exit and
gating function-based methods. BranchyNet [39] and MS-
DNet [16] employ confidence-based criteria to explore early
exit methods, which divide the model into multiple stages
and handle simpler inputs that require fewer complex stages
in the network. Some methods, such as BlockDrop [50],
GaterNet [7], and SBNet [35], utilize strategy networks or
learn dynamic decisions based on gate functions. Skipp-
Net [47]and ConvNet-AIG [40] dynamically skip the block
module in the residual network [ 14] based on input features,
while this coarse-grained approach results in considerable
accuracy loss. CGNet [15] and PGNet [52] take advantage
of the sparsity of spatial features to achieve different output
activations for the input feature maps.

The gating function-based method has significant versa-
tility and applicability and can be applied to different as-
pects of the network. We build an object-centric gating
module based on Slot Attention mechanism and dynami-
cally activate features in the model.

2.3. Prompt Learning

Prompt learning was first studied in the NLP field as a
method for fine-tuning pre-trained language models (PLMs)
to downstream tasks. This method adds some textual
prompts to the input and helps PLM directly generate some

required output text. The effectiveness of prompt learning
and its advantage of only updating a small portion of param-
eters have recently attracted widespread attention. CoOp
[10] fine-tuning CLIP [33] by optimizing a set of continuous
prompt vectors in its language branch for few-shot image
recognition. CoCoOp [56] addresses the overfitting prob-
lem in CoOp and proposes a dynamic prompt based on vi-
sual features to improve the performance of generalization
tasks. MaPLE [19] proposed a multimodal prompt learning
method that combines the visual and linguistic branches of
CLIP to learn hierarchical prompts.

To incorporate the prompt description information from
different scenes and dynamically adjust network structures
for images of varying complexities in different scene do-
mains. We construct a gating module based on prompt
learning, which enhances the representation power of the
features and guides the learning of the gating module for
different scenarios input.

3. Methodology
3.1. Framework
Given a source domain D* = {(zf,y7)}~*, containing

N samples. Single-domain generalization aims to learn
a model that can generalize to many unseen target domains
Dt = {(2%)}Y*, using only the source domain data with-
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Figure 3. Illustration of our proposed prompt-based object-centric
gating module.

out prior knowledge about the target domains D!. To im-
prove the generalization ability of the model, we propose
a prompt-based dynamic object-centric learning network
for single-domain generalization as shown in Figure 2.
It contains two key components, the prompt-based object-
centric gating module and the dynamic selective module.
The prompt-based object-centric gating module fuses the
text prompt embeddings with the visual features to learn
enhanced scene information and extract object-centric rep-
resentation from the fusion feature via Slot Attention. The
dynamic selective module is used to dynamically activate
the components of the network. With the gating masks
output by the prompt-based object-centric gating module,
we dynamically select feature maps from the blocks of the
model backbone in both spatial and channel dimensions. In
the spatial dimension, it identifies the spatial regions that
contain significant object-centric information by the gat-
ing masks. Similarly, in the channel dimension, the gating
masks help us select the most relevant channels that capture
object-centric features.

The prompt learning module is based on the CLIP [33]
which combines an image encoder and a text encoder and
bridges the representation of visual and textual in joint
space. We designed text description prompts in different
image scenes and got the prompt embedding with the frozen
text encoder of CLIP [33]. Guided by the prompts, the dy-
namic object-centric network can learn and extract more
valuable information from the scene, and improve the per-
formance in various scene-related tasks.

3.2. Prompt-based Object-Centric Gating Module

The dynamic network method based on gate function shows
remarkable versatility and applicability and can be applied
to different networks. Most works only utilize visual fea-
tures for learning gating modules. These methods may in-
volve biases in scene information and lead to overfitting
problems to scenes, thereby hindering generalization ca-
pabilities to new scenes. To alleviate this issue, we uti-
lize specifically designed scene prompts as compensation

to obtain diverse information from various scenes. Object-
centric representations can improve generalization capabil-
ities by capturing essential visual attributes. By explicitly
modeling objects, the learned representations can capture
meaningful and transferable object-centric features that are
robust to variations in appearance, context, or scene com-
plexity. In order to fully leverage both textual prompt in-
formation and visual features and then extract meaningful
object-centric representation, we have developed a multi-
modal fusion module based on Slot Attention, as shown in
Figure 3. Slot Attention is an attention mechanism that
focuses attention on different slots, where each slot corre-
sponds to a specific object or concept. We use the visual
features as the initial slot and set the linearly transformed
features as the Query Q in the Slot Attention mechanism.
The linear transformations are applied to the prompt em-
bedding to obtain the Key &, and Value V. The attention
score A is obtained by calculating the dot product between
Query Q and Key K and followed it with softmax function:

KT
A = Softmax L , (D
Vg
where, 4/dg is the dimension of Query Q. Then, the atten-
tion features F,; are obtained by the cross-product opera-
tion of attention score A and Value V:

For =AYV (@)

In addition, the slots are updated with loop iteration. During
eachiterationt = 1,--- , T, we use the GRU function to up-
date the features of each iteration. Based on Slot Attention,
each prompt embedding is gradually refined according to
relevant visual features. This approach allows us to explic-
itly model and extract object-level feature representation.
With the prompt embeddings and visual features, the Slot
Attention aggregates the multi-modal features by weighting
them based on the importance and relevance of the objects.
The fused features are converted into gate functions:

slots = GRU(state = slots,inputs = Fa)  (3)

Guided by the prompt embeddings, the Slot Attention fu-
sion module can obtain the features that are relevant to the
objects or concepts specified in the prompt. The gating
function takes the fused features as input and generates gat-
ing masks. The gating masks act as a gate or filter that con-
trols the flow of information within the model. Since the
gating function is a binary function that is not differentiable,
during the training process, the Gumbel-Softmax technique
is employed to transform the discrete binary function into a
continuous variable.

3.3. Dynamic Selective Module

Based on the designed object-centric gating module, we
embed the gating unit into the model to achieve dynamic



activation of the model. Here, we take ResNet [14] as an
example and selectively activate connections from both spa-
tial and channel levels to improve the generalization of the
model. For channel-wise selective modules, we insert the
selective module between the two convolutions of the block
and dynamically select the feature information that should
be input to the next layer. The binary mask output by the
gate module is multiplied by the activation results of the
convolutional layer to filter out the unimportant features.
The binary mask can be expressed as follows:

o= {;

where, Slot.(7) is the feature of the i-th output by the slot
attention multi-modal fusion module.

For the dynamic selective module, in each block of
ResNet [14], the binary masks are obtained with the visual
features and the prompt embedding through the above gate
module. For the feature pyramid and the problem of differ-
ent feature scales, we use the upsampling method to gener-
ate new gated features to adapt to the feature size of each
layer. The masks are multiplied by the normalized features
after convolution, thus filtering irrelevant spatial area fea-
tures. By dynamically activating features in the network at
both spatial and channel levels, different levels of sparsity
can be achieved in blocks. The dynamic object-centric per-
ception approach prevents the model from overfitting and
enhances the generalization ability on single-domain gener-
alization tasks.

Slot(i) > threshold
Otherwise

; “)

3.4. Overall Training Objective

To ensure stable training of the dynamic model, we adopt
the approach proposed by Verelst et al. [41] and intro-
duce a bound loss to guide the model optimization. This
bound loss constrains the sparsity of features in both spa-
tial and channel dimensions, limiting it within the range of
[PVT4,1—p (1 —/T4)]. Here T, denotes the target rate.
The lower and upper bounds of the regularization term can
be expressed as:

L 2
Lo =3 3 max (0,pv/Ta — | M{],)

I=1 ke{s,c}

L

L =3 3 max (0.0 (1= VE) — 1+ [rf])’

=1 ke{s,c}
®)
where | - |4 is the density of the binary masks, and the ex-
ponential annealing function p = exp(—a- epoch ) is used
to gradually loose the bound. We set the « to be 0.05 in our
experiments.
By combining the loss function of the task and the bound

loss function, the joint training loss function for our pro-
posed method can be expressed as:

»Ctotal - Etask + Ab(Lb, low T Lb, up )a (6)

where )\, are the weight of the bound loss.

4. Experiments

To evaluate the effectiveness of our method, we conducted
experiments on various visual task scenarios, such as image
classification and object detection.

4.1. Datasets

PACS [21] is a generalization benchmark data set in the
image classification domain, which contains four fields,
namely art paintings, cartoons, photos, and sketches. Each
domain contains 7 categories of images, a total of 9,991 im-
ages, and the image size is 224 x 224 pixels. This dataset
has large stylistic differences between domains and is more
challenging. For a fair comparison, we use the official split
strategy to obtain the training set, validation set, and test set.

Diverse-Weather Dataset. We also evaluated our
method on the urban-scene detection domain generaliza-
tion benchmark diverse weather dataset built by [49]. It
contains five domains with different weather conditions,
namely Daytime Clear, Night Clear, Dusk Rainy, Night
Rainy, and Daytime Foggy. Here we use Daytime Clear
data as the source domain and other domains as the tar-
get domain. The Daytime Clear domain consists of 19,395
training images, and 8,313 images are used as the validation
set for model selection. The four other domains are set as
target domains, including 26,158 images in the Night Clear
scene, 3,501 images in the Dusk Rainy scene, 2,494 images
in the Night Rainy scene, and 3,775 images in the Daytime
Foggy scene.

4.2. Image Classification
4.2.1 Implementation Details

For the domain generalization task of image classification,
we conducted evaluation experiments on single-source do-
main generalization and multiple-domain generalization on
the PACS dataset. For single-source domain generalization
experiments, four sets of experiments were conducted with
one domain as the source domain and the others as the target
domain. For multiple-domain generalization experiments,
four sets of experiments were conducted with one of the
four domains as the target domain and the other domains
as the source domain. We have designed various prompts
based on the template an image taken in {scene name} for
different scenarios. ResNet-18 [14] pre-trained on Imagenet
is used as the backbone network of the model and fine-tuned
on the source domain. The four-layer block of ResNet-18



Table 1. Single domain generalization image classification results
(%) on PACS with backbone of ResNet-18 [14].

Table 2. Multiple domain generalization image classification re-
sults (%) on PACS with backbone of ResNet-18 [14]. The domain
name in the column is set as the target domain.

Method A C S P Avg
ERM [20] 7090 76.50 53.10 42.20 | 60.70 Method A C P S Avg
RSC[18] 73.40 7590 56.20 41.60 | 61.80 MetaReg [1] 83.70 77.20 9550 70.30 | 81.70
RSC+ASR [11] | 76.70 7930 61.60 54.60 | 68.10 GUD [44] 7832 77.65 95.61 7421 | 81.44
Meta-Casual [6] | 77.13 80.14 62.55 59.60 | 69.86 Epi-FCR [22] 82.10 77.00 9390 73.00 | 81.50
Ours 78.77 82.69 6294 60.09 | 71.12 MASEF [9] 80.29 77.17 9499 71.68 | 81.03
DMG [5] 7690 80.38 93.55 75.21 | 81.46
DDAIG [54] 8420 78.10 9530 74.70 | 83.10
CSD [31] 7890 75.80 94.10 76.70 | 81.40
integrates a prompt-based dynamic selective module to con- L2A-OT [55] 83.30 7820 9620 73.60 | 82.80
nect the features in the block at the spatial level and channel EISNet [46] 81.890 7644 9593 7433 | 82.15
level. During the training process, we train the model in 70 RSC[18] 83.43 80.31 9599 80.85 | 85.15
epochs, the batch size is set to 256. We also set the learning ME-ADA [53] 78.61  78.65 9557 7559 | 82.10
optimizer as SGD with a weight decay of 0.0001, and the MMLD [26] 81.28 77.16 96.09 7229 | 81.83
learning rate is 0.001. L2D [48] 81.44 7956 9551 80.58 | 84.27
FACT [51] 85.37 7838 95.15 79.15 | 84.51
MatchDG [24] 81.32  80.70 96.53 79.72 | 84.57
4.2.2 Experimental Results and Analysis CIRL [23] 86.08 80.59 9593 82.67 | 86.32
Single Domain Geneljalization."l".able 1 shc?ws.the experi- 1(\)45;: Casual [0] gzgg 2(2)2(3) gggg ggg: z;gg
mental results of our single-domain generalization method
on the PACS dataset. We compared our method with state-
of-the-art methods such as ERM [20], RSC [18], ASR [11],

and Meta-Casual [6]. Our method outperforms the state-
of-the-art method with 1.2% on average classification accu-
racy. Specifically, our method can boost the performance by
2.5% than other methods in the cartoon domain with relative
margins. The results verify the advantages of our proposed
prompt-based dynamic object-centric learning method on
single-domain generalization tasks.

Multiple Domain Generalization. We also extended
our method to multiple-domain generalization and con-
ducted evaluation experiments on the PACS data set. The
experimental results are shown in Table 2. The split strat-
egy of the training set, Existing multi-domain generaliza-
tion methods can be categorized into two classes. The first
type of methods requires domain recognition in the train-
ing stage, including DSN [2], Fusion [25], MetaReg [1],
EpiFCR [22], MASF [9] and DMG [5]. The second cate-
gory of methods does not utilize domain identity informa-
tion in the training phase, consistent with a more realistic
hybrid latent domain setting [26]. These methods include
AGG [22], HEX [45], PAR [45], ADA [44], ME-ADA [53],
MMLD [26] and Meta-Casual [6]. From Table 2 we can see
that our method boosts the average classification accuracy
with 1.0% compared to the baseline methods. This result
demonstrates the effectiveness of our proposed method on
multi-domain generalization.

Visualization Analysis. We conducted a visualization
analysis on the learned representations of image classifi-
cation in Figure 4. From the visualization results, it can
be seen that our method can effectively distinguish samples
from the target domain in classification tasks.

Art Painting

Figure 4. The t-SNE of our method on the target domain of PACS.
The upper left domain name is the source domain.

4.3. Object Detection

4.3.1 Implementation Details

In order to further verify the effectiveness of our method,
we also evaluate it on more complex target detection tasks.
Compared with image classification tasks, target detection
tasks not only require the correct classification of objects
but also the accurate positioning of objects. Similar to other
single-domain generalization methods for object detection,
the Faster-RCNN [36] used in the experiment has the back-
bone of ResNet-101 [14]. Here we conduct experiments on
a dataset of traffic scenes. Following other object detec-
tion domain generalization methods, here we use the data
of the Daytime Clear domain as the training set, and other
domains are set as four target domains in the experiments.
We train the model in 1000 iterators with a batch size of 4
images. The learning optimizer is SGD with a weight decay



Table 3. Single domain generalization object detection results (%).

Day Night  Dusk Night Day

Method Clear | Clear  Rainy Rainy  Foggy
Faster-RCNN [36] 48.1 34.4 26.0 12.4 32.0
IterNorm [17] 439 29.6 228 12.6 28.4
SW [30] 50.6 334 26.3 13.7 30.8
IBN-Net [29] 49.7 32.1 26.1 14.3 29.6
ISW [8] 51.3 332 259 14.1 31.8
S-DGOD [49] 56.1 36.6 28.2 16.6 335
CLIP-Gap [42] 51.3 36.9 323 18.7 38.5
Ours 53.6 38.5 33.7 19.2 39.1

of 0.0005, and the learning rate is 0.001.

4.3.2 Experimental Results and Analysis

Comparison with the State of the Art. We compared
with the state-of-the-art single-domain generalization ob-
ject detection method Single-DGOD [49] and Clip-Gap
[42] and the feature normalization domain generalization
methods SW [30], IBN-Net [29], IterNorm [17], and ISW
[8]. FasterRCNN [36]is a simple baseline method that ini-
tializes the parameters of the model through ImageNet pre-
trained weights. We set the Daytime Clear domain as the
source domain and test the generalization performance on
Daytime Foggy, Night Rainy, Dusk Rainy, and Night Clear
four unseen target domains with more complex scenes. Ta-
ble 3 shows the results of single-domain generalization for
object detection. It can be seen that, due to the domain off-
set, the test performance of all the methods on the target
domain drops sharply. This phenomenon reflects the im-
portance of model generalization performance. Compared
with the other methods, the performance of our method
on the target domain is higher than that of the baseline
method. Among them, there is a significant improvement
in the Night Clear and Dusk Rainy domains, which are im-
proved by 1.6% and 1.4% respectively. Our method im-
proved by 0.6% in the Daytime Foggy scene, and by 0.5%
in the challenging composite domain Night Rainy (contains
two style changes at night and rainy). The experimental
results demonstrate the effectiveness of our object-centric
learning method in single-domain generalization for object
detection.

Daytime Clear to Night Clear. Table 7 shows the de-
tection results on the Night Clear scene. Compared to the
daytime scenes in the source domain, nighttime scenes pose
challenges for object recognition and detection due to low
visibility conditions. From the experimental results, it can
be observed that our method outperforms other methods in
various object categories. Specifically, the performance on
bus, motor, and person categories has been improved by
3.2%, 2.1%, and 2.8% respectively. These results demon-
strate the effective generalization ability of our dynamic
network method to Daytime Clear to Night Clear scenarios.

Daytime Clear to Dusk Rainy. Table 5 shows the de-

Table 4. Per-class results(%) on Day-Clear to Night-Clear.

Method bus bike car motor person rider truck | mAP
Faster-RCNN [36] [ 34.7 32.0 56.6 13.6 374 276 38.6 | 344
TterNorm [17] 385 235 389 158 266 259 381|296
SW [30] 387 292 498 166 31.5 280 402|334
IBN-Net [29] 37.8 273 49.6 151 292 27.1 389|321
ISW [8] 385 285 496 154 319 275 413332
S-DGOD [49] 40.6 351 50.7 197 347 321 434 36.6
CLIP-Gap [42] 3777 343 580 192 37.6 285 429 | 369
Ours 40.9 350 59.0 21.3 404 29.9 42.9 | 385

Table 5. Per-class results(%) on Day-Clear to Dusk-Rainy.

Method bus bike car motor person rider truck | mAP
Faster-RCNN [36] [ 28.5 20.3 582 6.5 234 113 339|260
TterNorm [17] 329 141 389 11.0 155 11.6 357|228
SW [30] 352 167 50.1 104 20.1 13.0 38.8 263
IBN-Net [29] 37.0 148 503 114 173 133 384 26.1
ISW [8] 347 16.0 50.0 11.1 17.8 12.6 38.8 | 259
S-DGOD [49] 37.1 19.6 509 134 197 163 40.7 | 282
CLIP-Gap [42] 37.8 228 60.7 168 268 18.7 424|323
Ours 394 252 609 204 299 165 439|337

Table 6. Per-class results(%) on Day-Clear to Night-Rainy.

Method bus bike car motor person rider truck | mAP
Faster-RCNN [36] | 16.8 6.9 263 0.6 116 94 154|124
IterNorm [17] 214 6.7 220 09 9.1 10.6 17.6 | 12.6
SW [30] 223 78 276 02 103 100 17.7 | 13.7
IBN-Net [29] 246 100 284 09 83 9.8 18.1 | 143
ISW [8] 225 114 269 04 9.9 98 175 | 14.1
S-DGOD [49] 244 11.6 295 98 105 114 192 | 16.6
CLIP-Gap [42] 28.6 12.1 36.1 9.2 123 9.6 229|187
Ours 25.6 12.1 358 101 142 129 229 | 19.2

tection results on the Dusk Rainy scene. This scene is af-
fected by low light conditions and rain and has a large do-
main shift from the source daytime image. Compared with
other methods, our method has comparable performance on
various categories of objects. Particularly, our method im-
proves about 2.3%, 3.6%, and 3.1% on the bus, motor, and
person categories, respectively. This shows that our dy-
namic network method can effectively improve the gener-
alization performance of the model from Daytime Clear to
Dusk Rainy.

Daytime Clear to Night Rainy. Table 4 shows the re-
sults on the Dusk Rainy scene. The nighttime rainy scene
contains the effects of both low-light and rainy weather
environments, and there is a large domain shift from the
source daytime image. The influence of this composite do-
main shift brings huge challenges to object detection, which
leads the model to suffer serious performance degradation.
Compared with other methods, our method improves the
average mAP by 0.5% and improves in the person and rider
categories by 1.9% and 3.3%, respectively. The effective-
ness of our method for challenging target domain scenarios
is further verified.

Daytime Clear to Day Foggy. Table 6 shows the de-
tection results on the Day Foggy scene. Objects in foggy
scene images are blurred, which brings challenges to object



Figure 5. Qualitative results of object detection on the urban scene Diverse-Weather Dataset. We visualized the detection results in the
target domain, where the top row represents the detection results of CLIP-Gap [42], and the bottom row corresponds to our proposed
method. It can be observed that in the ”Night-Clear” scene, our method achieves more accurate car detection compared to CLIP-Gap [42].
In the complex “Night-Rainy” scene, CLIP-Gap [42] fails to detect the person, whereas our method successfully detects the person. In
the "Day-Foggy” scene, our method accurately detects small-sized buses. Furthermore, in the ”"Dusk-Rainy” scene, our method exhibits
improved accuracy in identifying and localizing trucks.

Table 7. Per-class results(%) on Day-Clear to Day-Foggy.

Method bus bike car motor person rider truck | mAP
Faster-RCNN [36] [ 28.1 29.7 49.7 263 332 355 215320
IterNorm [17] 29.7 21.8 424 244 260 333 216|284
SW [30] 30.6 262 446 251 307 346 236|308
IBN-Net [29] 299 26.1 445 244 262 335 224296
ISW [8] 29.5 264 492 279 307 348 240|318
S-DGOD [49] 329 28.0 488 29.8 325 382 241|335
CLIP-Gap [42] 36.1 343 58.0 331 39.0 439 251 | 385
Ours 36.1 345 584 333 40.5 442 26.2 | 39.1

detection. Our method shows comparable performance on
various categories of objects in this scene. This shows that
our dynamic network method can effectively improve the
generalization performance of the model.

Visualization Analysis. We also conducted a visualiza-
tion analysis on object detection as shown in Figure 5. From
the visualization results, it can be seen that our method can
effectively extract object-centric features to accurately clas-
sify and locate objects in complex urban scenes.

4.4. Ablation Study

To analyze the impact of different components in our pro-
posed method, we conducted some ablation studies. First,
we performed an ablation study by removing the prompt-
based adaptation mechanism from our dynamic network ap-
proach. This analysis aimed to assess the significance of
prompts in guiding the network dynamic adjustments. Sec-
ond, we also conducted an additional ablation analysis to as-
sess the contribution of the slot attention mechanism by re-
placing it with a traditional attention method. Table 8 shows
the results of the ablation experiment. It can be seen that
when using dynamic networks for training, the performance
is significantly improved, with an average accuracy increase

Table 8. Ablation study (%) on PACS dataset with backbone of
ResNet-18 [14]. The domain name in the column is used as the
source domain, and the other domains are used as the target do-
mains.

Method | Dynamic Attention | Artpaint Cartoon Sketch Photo | Avg

Base X X 71.26 67.64 4397 36.99 | 54.97
Ours v X 74.29 78.54  56.54 47.74 16427
Ours v Normal | 75.78 81.94 59.94 58.09 | 68.94
Ours v Slot 78.77 82.69 6294 60.09 | 71.12

of 9.3%. When using the visual-language pre-trained CLIP
[33] model and feature fusion based on slot attention, the
generalization performance of our method is further im-
proved, with an average accuracy increase of 6.8%.

5. Conclusion

Due to the domain shift, models trained on a single do-
main often suffer from significant performance degradation
when tested on unseen target domains. Furthermore, dif-
ferent image scenes in real-world scenarios require vary-
ing model complexities, and static networks are prone to
overfitting. In this paper, we propose a dynamic object-
centric learning approach via prompts to dynamically ad-
just the network to perceive object-centric features, thereby
enhancing the generalization performance. First, we pro-
pose a multimodal fusion module based on Slot Attention
to extract object-centric features from objects. In addition,
a prompt-based object-centric gating module is introduced
to leverage the various scene prompts to guide the learning
of the gating masks for various scenes. Finally, the object-
centric gating masks are used to dynamically select the rel-
evant object-centric feature within a model leading to more
accurate and robust predictions. Extensive experimental re-



sults conducted on image classification and object detection
tasks validate the effectiveness and generalizability of our
proposed method.
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