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Abstract

Modeling label correlations has always played a pivotal role
in multi-label image classification (MLC), attracting signif-
icant attention from researchers. However, recent studies
have overemphasized co-occurrence relationships among la-
bels, which can lead to overfitting risk on this overemphasis,
resulting in suboptimal models. To tackle this problem, we
advocate for balancing correlative and discriminative rela-
tionships among labels to mitigate the risk of overfitting and
enhance model performance. To this end, we propose the
Multi-Label Visual Prompt Tuning framework, a novel and
parameter-efficient method that groups classes into multiple
class subsets according to label co-occurrence and mutual
exclusivity relationships, and then models them respectively
to balance the two relationships. In this work, since each
group contains multiple classes, multiple prompt tokens are
adopted within Vision Transformer (ViT) to capture the cor-
relation or discriminative label relationship within each
group, and effectively learn correlation or discriminative
representations for class subsets. On the other hand, each
group contains multiple group-aware visual representations
that may correspond to multiple classes, and the mixture
of experts (MoE) model can cleverly assign them from the
group-aware to the label-aware, adaptively obtaining label-
aware representation, which is more conducive to classifi-
cation. Experiments on multiple benchmark datasets show
that our proposed approach achieves competitive results and
outperforms SOTA methods on multiple pre-trained models.

1. Introduction

Multi-label image classification (MLC) aims to assign mul-
tiple labels to a single instance [56]. As a fundamental
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Figure 1. This illustrates the negative impact of co-occurrence.
Due to the high co-occurrence probability p(dog|frisbee), e.g.,
0.23, the model incorrectly infers the presence of dog when the
label frisbee appears.

machine learning algorithm [31], MLC reflects real-world
scenarios and is an essential component in many applications,
e.g., face recognition [3], and scene understanding [57],
weakly-supervised semantic segmentation [2]. Compared
with single-label settings, the MLC presents significant chal-
lenges due to the exponential expansion of the output space,
which usually requires large-scale datasets [45].

In real-world scenarios, co-occurrence between labels
is prevalent, and numerous studies [47, 55] have leveraged
label relationships to address the challenges resulting from
complex label output spaces. In the context of deep learning,
pioneering works [4 1, 44] employ recurrent neural networks
(RNNs) to capture limited correlations between labels, while
later studies [7, 46] utilize graph convolutional networks
(GCNs) to capture global relationships in graphs or higher-
order relationships in hypergraphs. More recently, for better
representations, most researchers employ attention architec-
tures to decouple an image into multiple label-aware features,
as seen in methods like SSGRL [5], Q2L [30], etc.

Despite the great advantages these methods showcase,
two significant drawbacks require mitigation. @ The pre-
trained model in these methods needs to be fine-tuned,
leading to increased computational and resource demands.
Also, for large-scale pre-trained models (e.g., DINOv2 [35]),
full fine-tuning can negatively affect performance on down-
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stream tasks due to object tasks and data distributions [25].
® More importantly, while modeling correlations between
labels can enhance model performance, overemphasizing
these correlations will lead to the risks of overfitting and
may misguide the model to make erroneous inferences, re-
sulting in sub-optimal overall performance [28]. Figure |
verifies this in an empirical example. Recent attempts to
address this issue, such as BoostMLC [50] and PAT [49],
still involve considerable computational costs (e.g., multiple
teacher models and more augmented images).

Recently, visual prompt tuning (VPT) [21] has emerged as
a parameter-efficient fine-tuning (PEFT) [11, 14] method for
adapting large-scale pre-trained vision transformer models
to downstream tasks [17, 43, 53]. Naturally, the success of
VPT has inspired us to explore using PEFT to address the
first issue. However, existing VPT-like methods primarily
downstream tasks in single-label prediction [16, 36] or dense
prediction tasks [19, 22], which may not suit MLC where
the correlation between labels is not considered during the
learning representation phase.

Regarding the second drawback, the key is to mitigate the
adverse effects of overemphasizing co-occurrence relation-
ships while preserving their advantages. A Naive idea is to
model the correlative (CO) and discriminative (DC) relation-
ships between labels separately and then balance them. In
terms of CO, a reasonable strategy is to highlight class pairs
with high co-occurrence probabilities within a co-occurrence
graph [5, 7], thereby modeling the CO between these classes.
In contrast, DC tends to emphasize the characteristics of the
object class to highlight distinguishability. Therefore, class
pairs with low co-occurrence probability may have higher
DC relationships (discriminability). Existing studies [49, 50]
tend to be one of them or require more complex models and
computation. Therefore, to effectively balance these two
relationships, we can naturally group the classes into multi-
ple sets according to their co-occurrence probabilities. All
classes are placed together in the CO groups via high proba-
bilities. Conversely, for DC groups, it is advocated to divide
all classes using low co-occurrence probabilities.

Drawing on the above investigations and analysis, we pro-
pose a multi-label visual prompt tuning (ML-VPT) frame-
work that utilizes grouping classes to balance the two rela-
tionships simply and effectively. Firstly, we take advantage
of VPT and introduce an equal number of visual prompt
tokens to each group, which facilitates learning visual repre-
sentations for each class subset, referred to as group-aware
representations. Unlike mainstream methods [5, 30], our
approach offers two great advantages: It emphasizes directly
modeling label relationships based on multiple prompt to-
kens for each group within the visual encoder. Our method
maintains a balanced focus, not overemphasizing the CO re-
lationship between labels while considering DC. Secondly,
each class subset comprises multiple classes, and each group

incorporates multiple visual prompt tokens, resulting in each
group containing multiple group-aware representations. To
more effectively highlight the distinctions between classes,
we employ a MoE model to selectively identify suitable vi-
sual representations for each class within the relevant group-
aware representations. MoE can simplify the mapping from
group-aware to label-aware complexity and enable adaptive
mapping tailored to specific images.

Overall, our contribution is two-fold: 1) We propose
a novel framework for MLC that groups classes first and
subsequently models them within ViT. The proposed method
balances the CO and DC relationships to overcome the risk
of co-occurrence overfitting and improve model performance.
2) The group-aware MoEs are implemented to map group-
aware representations to label-aware ones. In a dynamic
way, multiple appropriate experts with gating networks are
chosen to construct label-aware representations.

2. Related Work

Multi-Label Image Classification. MLC aims to pre-
dict multiple labels associated with an instance simultane-
ously [48]. The mainstream MLC methods can be roughly
summarized into two types: modeling label correlations and
learning label-aware representations. The former typically
employs GCNs or RNNs to capture dependencies between
labels [5, 7, 41, 44], while the latter often utilizes atten-
tion mechanisms to learn category-specific representations,
which focus on effectively processing contextual information
in images [30, 33, 34, 38, 51]. Very recently, limited studies
have begun to investigate overfitting and causal interventions
in the context of MLC. For example, CDD [28] and IDA [29]
eliminate the contextual debiasing. BoostMLC [50] and
PAT [49] attempt to eliminate the risk of overfitting resulting
from overemphasizing co-occurrence, but involve complex
calculation processes and computational overhead.

Visual Prompt Tuning. To strike an optimal balance be-
tween computational cost and performance, Jia et al. pio-
neer VPT [21], which effectively adapts transformer models
pre-trained on large-scale datasets for various downstream
tasks. Subsequently, research initiatives analogous to VPT
emerged [17, 43, 53], with many researchers employing VPT
across various computer vision applications, such as classifi-
cation [36], test-time adaptation [16], segmentation [22], and
continual learning [15]. However, these studies are unsuit-
able for MLC, as they fail to account for label correlations,
whereas our approach explicitly considers them.

Mixture of Experts. The MoE [20] dynamically selects
specialized expert networks to process input data, enhancing
overall model performance. MoE has been successfully ap-
plied across various fields, e.g., reinforcement learning [58],
domain generalization [24], multimodal large language mod-
els [4], Re-identification [27]. Recently, HQS [52] treats
each label as task-specialized and employs the MoE model
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for learning in MLC tasks. However, unlike HQS, which
assigns experts based on label-aware representation, our ap-
proach assigns experts based on group-aware representation,
which can balance correlative (CO) and discriminative (DC)
relationships to eliminate the risk of overfitting.

3. Preliminaries

3.1. Notations

Let © € X denote the instance, and y € ) denote the cor-
responding label, where X = R? is the instance space, and
Y = {0,1}¥ is the label space containing the K classes.
For a given instance x, yk = 1 denotes k-th label is a rele-
vant label associated with the instance x, and vice versa.
In MLC tasks, given a labeled dataset with N samples
D = {(z;,y:)}L,. Our goal is to train a model, denoted as
f(x;0) : X — Y, using a training dataset D. The aim is to
accurately predict all potential labels y for unseen instances
x, with 0 representing the learnable model parameters. Ac-
cordingly, the MLC expected risk function:

R = E L(f(x), ,

(f) ) ) (f (®),y)] (1
where £ : X x )Y — R indicates a multi-label loss func-
tion that turns MLC task into multiple more straightforward
binary classification problems.

3.2. Visual Prompt Tuning Revisit

Visual Prompt Tuning is mainly implemented in ViTs [12],
which usually consists of a patch embedding layer and L
stacked transformer blocks (Block). Given an image « that
is divided into a set of non-overlapping patches, the patch
embedding layer embedded each patch with the position
information E into a D-dimensional space, as follows:

Eq = PatchEmbed(x) + Epos . 2)

Next, image patch embeddings E; = {ef cRP|jeN,1<
j < N} along with a class token cls; is input into the
(i+1)-th transformer block:

[cls,», Ei] = BlOij,([ClSi_h Ez‘—l]) 5 (3)

where [-, -] indicates stacking and concatenation on the se-
quence length dimension.

For VPT, Jia et al. [21] advocate introducing a set of N
learnable prompt tokens as input to i-th transformer block
(Block;), denoted as P,y = {p;—14x € RP|k € N1 <
k< Np}. The whole VPT is formulated as follows:

[ClSZ‘, - El} :BIOCkZ‘([CISi_l, Pi—h Ei—l]) . (4)

3.3. How to Group Labels?

To group the labels, we take an approach [50], which per-
forms spectral clustering on the co-occurrence graph G+

and dis-occurrence graph G~. Specifically, we define a co-
occurrence matrix S € RX*X and an affinity matrix,

:{M*=<%+<@T)/27 G=g"
M- =I-(JS+US')/2 G=G-

where T is a hyper-parameter. By applying spectral cluster-
ing to M, we divide the classes C into several subsets within
both CO and DC, designated as {C;" } ¢, and {C; }N,, re-
spectively, where N, is the number of subsets in each set.
Additionally, the number of classes |C;" |/|C; | within these
subsets is expected to vary. More can be found in Appendix.

(&)

4. Method

In this section, we describe our novel framework, named ML-
VPT, with group-aware visual prompt tuning (in §4.2) and
group-aware MoE (in §4.3) for MLC, depicting the overall
overview in Fig. 2. In the end, we describe in §4.4 how our
CO and DC jointly optimize and infer.

4.1. Overview

To address the co-occurrence overfitting problem as well as
high resource demands in training, we propose a novel multi-
label learning method with VPT, and the key is to balance
CO and DC, effectively reducing the overfitting risk resulting
from overemphasized co-occurrence. To this end, first, we
divide all classes into N, CO groups and N, DC groups as
class subsets, according to the co-occurrence graph.

Secondly, to model CO and DC between labels, we add
two sets of prompt tokens inside ViT, called CO and DC
tokens PT/P~, by leveraging the capabilities of advanced
VPT. In each subset, these tokens are evenly distributed
across several groups, with each group associated with a
class subset. Within the ViT, extended prompt tokens learn
CO and DC relationships among labels, aiming to mitigate
the adverse effects of CO relationships. Upon completing
those, the ViT generates multiple group-aware representa-
tions Z*/Z~ for class subsets in CO and DC groups:

ZTUZ = ViT4(PT,P],z). (6)

These representations are shared among various classes
within the same grouping strategy, which complicates the
representation from group-aware to label-aware.

Subsequently, to enhance the learning of label-aware rep-
resentations C*/C~ from group-aware representations for
each class, we use MoEs to adaptively map these representa-
tions from group-aware to label-aware:

CT=MoE [ Gate(Z"), C™=MoE |+ Gate(Z™) . (7)

where |4 indicates the weighted sum, MoE refers to the
mixture-of-experts model, and Gate is the gating network.
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Figure 2. The overview of our framework. We apply clustering strategies to the co-occurrence graph to group labels into co-occurrence
groups (CO) and discriminative groups (DC). Then, we introduce two types of prompt tokens into ViT, corresponding to CO and DC,
respectively. ViT subsequently generates two types of group-aware representations. To adaptively map these representations to label-aware
ones, we design Group-Aware MoEs. Finally, two distinct classifiers are employed to classify the label-aware representations.

Finally, we employ two sets of classifiers with non-shared
parameters, each making predictions in their respective, and
then combine the results using a weighted sum.

4.2. Group-Aware Visual Prompt Tuning

Learning the relationship between labels has long been a
key focus in MLC [7, 30]. However, overemphasizing these
correlations often results in inferring objects primarily from
co-occurring ones, which is unsuitable for all real-world
scenarios [50]. On the other hand, learning discriminative
representations for each object independently can lead to
incorrect inferences when context or co-occurring objects
are absent [46]. To address this issue, we decompose label
relationships into two aspects: @ In the CO, learning shared
information for each group is utilized to model the relation-
ships between co-occurring labels. ® Conversely, in the DC,
learning unique information for each group is employed to
define the relationships between labels that do not co-occur.

Specifically, we define two types of prompt tokens, re-
ferred to as CO group prompts {p; }2¢, and DC group
prompts {p; }.=,. On the one hand, from the perspective of
grouping class, each prompt token p; /p; uniquely maps to
a specific class subset C;"/C;”. On the other hand, in terms
of representation learning, the prompt token p; /p; is asso-
ciated with all classes, contained by Ct /C; ", thus forming a
one-to-many relationship. For example, if C;" includes the
classes {bicycle;car}, then p; is exclusively associ-
ated with these classes, which can indicate vision represen-
tations of these classes. Similarly, p, corresponds to C, . In
the context of prompt tuning, we introduce a set of CO group
prompts P, = {p,, e RP[teN,1 <t < N.}anda
set of DC group prompts P, = {p,_, ; € RP|t € N,1 <
t < N.} into each transformer block (Block;), which is

designed to facilitate the learning of visual representations
pertinent to specific class subsets C;” and C; . It is expressed
in the following mathematical form:

[CIS“ ) } BIOCk ([Clsi—laP;’__laPi__laEi—lD . (8)

Leveraging the powerful long-range modeling advantages
of the transformer, each pift/p;ft can aggregate semantic
information about the class subset C; from the image embed-

ding E;. In CO, p;ft focuses on learning shared information
within the class subset C;". Conversely, in DC, due to the
classes that do not co-occur in subsets C, , the DC group
prompts p, , seek to capture the distinct information unique
to each class within the subset. However, due to MSA,
prompt tokens p; ; may transfer information to each other.
To mitigate this effect, we introduce a predefined mask to
prevent information exchange between prompt tokens across
groups, making them more discriminative.

4.3. Group-Aware Mixture-of-Experts

Asin §4.2, each class subset was associated with one prompt
token. However, this simplification does not accurately
represent the real-world scenarios. For example, in the
CO, the classes {traffic light;stop sign;car}
exhibit a strong co-occurrence relationship and are clas-
sified into the same group. However, when only one
prompt token is used, it becomes challenging to cap-
ture the co-occurrence relationships between labels within
the same group. In contrast, for the DC, the classes
{skateboard; skis; refrigerator}, which are di-
vided into the same group due to their solid discrimination
relationships, tend to show significant visual differences [54]

IThe index ¢, in class subsets C:’ and C,, may not be the same. How-
ever, for simplicity, we will uniformly denote it as ¢ in our analysis.
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in the images. When only one prompt token is assigned to
each group, the model tends to share the group’s common
semantic information, which in turn impedes its ability to
capture the unique representations for each class.

To this end, we expand the number of prompt tokens for
each group. Since each class possesses unique character-
istics, it is essential to select a group-aware representation
that is appropriate for each class. To achieve this, we frame
the selection of group-aware representations as a multi-task
learning problem, using the MoEs to play its advantages
in multi-task learning [24]. And each subtask is associated
with multiple group-aware representations, which are then
mapped to label-aware representations via the MoE model.
More Prompt Tokens for Each Group. Specifically, we
extend each prompt token p;_;,; from 1 to IV, defined as
follows: p;—1,; = {p{_,, € RP|le € N1 < e < Np.}.
Moreover, pf’_u indicates the correlative group prompt to-

kens, while pf’:l)t is the opposite. To reduce additional
parameters, we advocate introducing MoE after the last trans-
former block. Then, the final transformer block’s output can
be expressed as: [cls,, ZT,Z~, E,], where Z™ corresponds
to the output of the CO and Z~ is the opposite. More specif-
ically, zf’+ is related to the e-th prompt token in the ¢-th
discriminative group. And, we refer to z; as the e-th repre-
sentation corresponding to the class subset C;.
Mixture-of-Experts. Subsequently, we introduce correl-
ative and discriminative group experts £, and each expert
E¢(-) is implemented as an FFN with a ReLU activation and
residual connection:

Er={EfFle,t eN,1<e< Ny, 1<t< N}, (9
E={E{ |e,;teN,1<e< Ny, 1<t< N}, (10)
Ete(zf) = Z§+U(zf f,dn—"_b;dn)wte,up—’—bf,up s (11)

where W¢ and by are the weights and biases of the experts,
and o(+) is a activation. To make lightweightness, the hidden
dimension is kept small, e.g., 5. The two groups of experts
don’t share parameters.
Gating Networks. We employ two distinct strategies for
expert selection: @ Each subset within the grouping class uti-
lizes a routing network to learn varying weights for multiple
group-aware representations z;, followed by weighted merg-
ing by multiple experts. ® The second strategy considers
each class independently; here, different classes within the
corresponding class subset group employ different dynamic
routing networks to determine diverse weights for multiple
visual representations z{, subsequently merging these using
multiple experts. We opt for the second strategy, as different
classes necessitate distinct information, rendering identical
shared visual representations insufficient.

For each class k, we define a gating network g,/ (-)/g;, (+)
in CO and DC groups, respectively, implemented as a simple

fully connected network:

w = softmax(z{ "W, + b)) e RV ke Cf, (12)
wj, = softmax(z{” W, +b,) e RV ke, (13)

where w; = {w T}, and w,; = {w{ "}, denote the
weights associated with class k in class subset C;” and C; .
Adaptive Label-Aware Representation. Adaptively aggre-
gate group-aware representations into label-aware represen-
tations. The group-aware MoE is formalized as follows:

Ne e, e, e,

¢t = Ze:l wy T EPT (207, (14)
N. _ _ _

cp = Ze:l wy BT (297 (15)

where CZ and c; indicate the label-aware representations
for class k, obtained from CO and DC groups, respectively.

4.4. Optimization and Inference

In this work, we adapt dual classification heads to mitigate
the negative impacts arising from the accumulated prediction
errors from a single classification head [49]. The logits for
both correlative and discriminative groups can be predicted
using two linear classifiers with a sigmoid as follows:

i = o(Wlk +17). i =a(Wiep +b7). (6
Here, g;j and ¢, represent the predictions for class £ in the
two types of , while f™(z) = g+ and f~(z) = ¢~ denote
the predictions for all classes about instance «x, respectively.

Referring to Eq. (1), the overall expected risk associated
with our proposed method can be reformulated as follows:

R(f)= E  [L(fY(x),y)+L(f (x),y)]. AD

_(cay)Np(m,y)

where L(-,-) is ASL loss function [1]. Given an instance @,
the model’s final predictionis f(x) =9 =0.5- (g7 +97).

5. Experiments

5.1. Experimental Settings

Dataset and Evaluation Metric. In this work, we evaluate
the effectiveness of the proposed method on four bench-
mark datasets, including Pascal VOC 2007 (VOCO07) [13],
MS-COCO 2014 (coco0) [26], NUS-WIDE (NUS) [8], and
Visual Genome (VG256) [23]. For a fair comparison, we
utilize widely adopted metrics: Mean Average Precision
(mAP) across all classes. Additionally, consistent with previ-
ous works [7, 33], we also showcase overall precision (OP),
recall (OR), F1-measure (OF1), as well as per-category pre-
cision (CP), recall (CR), and F1-measure (CF1) for detailed
comparisons. It is important to emphasize that mAP, OF]1,
and CF1 are the most important metrics among these.
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Table 1. Comparison of our method with SOTA models on COCO at 224 x 224 and 448 x 448 resolution. All metrics are in %. Since mAP,
CF1, and OF1 are among the most important evaluation metrics, they are highlighted in dark gray in our method.

Resolution: 224 x 224

: Resolution: 448 x 448
Method | Backbone | Pre-trained Data | map | cP | CR | CFI | OP | OR | OF1 | mAP__CP__CR CFl _OP _OR OFI
VPT 780 | 717 | 723 | 72.0 | 746 | 754 | 750 | 826 | 76.1 | 767 | 764 | 782 | 79.1 | 787
GateVPT | virp ImaceNet 1K | 756 | 697 | 703 | 700 | 729 | 73.7 | 733 | 804 | 742 | 747 | 744 | 7656 | 77.5 | 770
E2VPT = mageiNe 773 | 71.6 | 722 | 71.9 | 745 | 754 | 75.0 | 81.7 | 753 | 75.9 | 75.6 | 71.7 | 78.5 | 78.1
Ours 7956 73.1 | 736 [17337] 757 | 76,5 |76 83:6°| 769 | 775 ~772°| 79.1 | 799 795
VPT 71.0 | 66.0 | 66.6 | 663 | 711 | 72.0 | 71.6 | 722 | 669 | 616 | 613 | 723 | 73.1 | 721
GateVPT | \aE ImaceNet 1K | 603 | 62.4 | 629 | 626 | 6812 | 69.0 | 68:6 | 69.1 | 64.5 | 65.1 | 648 | 701 | 70.9 | 7055
E2VPT mageiNe 69.8 | 65.0 | 65.6 | 65.3 | 704 | 712 | 70.8 | 73.0 | 67.8 | 68.4 | 68.1 | 72.8 | 73.6 | 73.2
Ours 7527 693 | 699 [ 1696 | 740 | 740 | 744 | 788 | 728 | 73.4 131 | 768 | 776 712
T8 || 20 (7 B8 | 0 33 0 43 3
E2vpT | MoCov3 | ImageNet1K | 757 | 673 | 679 | 67.6 | 71.7 | 72,5 | 72.1 | 76,0 | 703 | 709 | 706 | 742 | 75.0 | 74.6
Ours 75:1°| 691 | 697 [ 1694 | 732 | 740 [73:6 | 773 | 714 | 720 717|752 | 760 756
NP AT HEE AT P
ate . . . . . A . e . . . . B . .
E2vpT | ViT-B-2lk | ImageNet2IK | g1 | 754 | 760 | 75.7 | 77.9 | 78.8 | 7833 | 852 | 78:6 | 792 | 789 | 807 | 81.6 | 81.1
Ours 83.0°| 762 | 767 | 16:4°| 78'6 | 795 [ 790 864 | 797 | 803 80.0°| 81.6 | 82.5 820
5] (B3 01 | B [0 €8] B4 8T [02 RY |6 (2 w1 87
ate . X K . . . . . . . . . . .
E2vpT | DINOVZ/B | LVD-142M [35] | g5'3 | 7078 | 804 | 80.1 | 82.2 | 83.1 | 82.6 | 896 | 83.1 | 83.7 | 83.4 | 852 | 86.1 | 85.6
Ours 875 | 80.8 | 81.4 | 81.1| 830 | 830 [ 834 | 90.6 | 842 | 848 845 | 86.0 | 869 864
AP HE PN
ate B . . . . . . . . . . A . B
E2vpT | DINOV2/S | LVD-142M 351 | g0 | 742 | 748 | 745 | 77.5 | 784 | 77.9 | 843 | 78.1 | 78.8 | 78'5 | 81.0 | 81.9 | 81.4
Ours 83.4 | 766 | 77.1 |176:8| 7956 | 80.5 | 80:0°| 87:4 | 80.8 | 81.4 ~81.1| 832 | 841 837

Implementation Details. Following previous MLC methods
[30, 33, 37], we adopt a similar experimental setup. The
AdamW [32] optimizer with the one-cycle policy Ir_schedule
[40] is applied to train the model with maximal learning rate
of 0.0005. All models are trained for 40 epochs with the early
stopping. The batch size is set to 64. For data augmentation,
we apply RandAugment [9] and Cutout [10]. To make the
model more robust, we apply an exponential moving average
to the model parameters 6, using a decay rate of 0.9997.
Pre-trained Models. To verify the robustness of our pro-
posed method, we utilized a series of pre-trained models as
backbone networks, including ViT [12], MAE [18], MoCo
v3 [6], and DINOv2 [35]. For ViT, we employ ViT-B and
ViT-B-21k, supervised training on ImageNet 1k [39], and
ImageNet 21k [39] respectively. MAE and MoCo v3 are
trained on ImageNet 1k for autoregressive and contrastive
self-supervised training, respectively. For DINO v2, we uti-
lize DINOv2/B and DINOvV2/S, the former is the base model
and the latter is the small variant, trained on a larger dataset
for self-supervised learning.

Comparing Methods. To evaluate the performance of our
model, we carried out a comprehensive set of experiments
involving the following methods: VPT [21], GateVPT [53],
and E2VPT [17]. These methods are primarily designed for
single-label tasks, and the cls token output of the model is
input into a linear classifier and optimized using the ASL [1]
to adapt it to multi-label tasks. In our proposed methods, by
default, the number of groups in the CO and DC groups is 5,
and the number of experts in each group is 3. In the work,
all comparing methods are setup and compared fairly.

5.2. Compared to State-of-the-Art (SOTA) Results

Performance on MS-COCO 2014. In Tab. 1, we report the
comparison results between our method and the state-of-the-

art method on the COCO. This table demonstrates that, under
the same setting (i.e., the same pre-trained backbone and
resolution), our method generally surpasses SOTA methods
in terms of mean mAP, CF1, and OF1 at both 224 x224 and
448x448 resolutions. Specifically, at the 224 x224 reso-
lution, our method achieves improvements over the SOTA
methods as follows: the mAP increases by 1.2%-8.7%, the
CF1 by 0.7%-7.0%, and the OF1 by 0.7%-5.8%. Similarly, at
the 448 x 448 resolution, improvements are noted in the mAP
from 0.4% to 6.6%, the CF1 from 0.8% to 5.8%, and the
OF1 score from 0.7% to 4.5%, also compared with the SOTA
method. These results demonstrate the effectiveness of our
method. Moreover, it should be noted that GateVPT and
E2VPT, which are modified from VPT, do not consistently
outperform VPT. For instance, at a 224 x224 resolution us-
ing ViT-B, MAE, and MoCo v3, VPT demonstrates superior
performance compared to these two modifications. A po-
tential explanation could be that GateVPT and E2VPT are
tailored for single-label tasks and do not account for label
correlations during the feature extraction phase. The best
mAP is 90.6% achieved by our method, using DINOv2/B
at a resolution of 448 x448, which can be attributed to the
superior capabilities of DINOv2/B and higher resolution.

Performance on Pascal VOC 2007. For vOCO0 7, we present
the results of both our method and the comparison method
in Tab. 2. For clarity and brevity, unlike previous methods
[7, 30, 42], we report the same evaluation metric as those
used in the COCO and do not provide the Average Precision
(AP) for each class. Table 2 illustrates that in the same set-
tings, our method generally outperforms other approaches in
mAP, OF1, and CF1 at both 224 x224 and 448 x 448 resolu-
tions. Specifically, at the 224 x 224 resolution, our method
shows improvements of 0.7%-8.9% in mAP, 0.7%-8.6% in
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Table 2. Comparison of our method with SOTA models on VOCO07
at 224 x 224 and 448 x 448 resolution. All metrics are in %.
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Figure 3. The analysis of different components. VPT stands for the
vanilla model, GVPT&GMOoE combines both GVPT and GMoE.

Note that each model uses 30 additional prompt tokens.

GVPT&GMoE

82

VPT
(b) evaluati

GVPT

GVPT&GMoE
on on VOCO7

3 mAP

3 Crl

T OF1 7774
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Resolution: 224 Resolution: 448
Method | Backbone | mAP | CFI | OF1 | mAP | CF1 | OFI
VPT 904 | 83.4 | 85.7 | 93.4 | 87.4 | 89.1
GateVPT | yomp 87.4 | 809 | 829 | 892 | 831 | 852
E2VPT 1T 85.8 | 79.4 | 837 | 924 | 86,5 | 883
Ours 92.9 | 864 | 881 | 94.3 | 886 | 901
VPT 803 | 74.1 | 792 | 82.8 | 759 | 81.6
GateVPT |\ 1\po 85.1 | 754 | 805 | 86.1 | 792 | 842
E2VPT 833 | 76,7 | 815 | 84:6 | 782 | 832
Ours 892 | 82.7 | 864 | 904 | 830 | 874
VPT 86.2 | 79.7 | 83.6 | 88.4 | 82.3 | 857
GateVPT | o~ | 835 | 771 | 812 | 877 | 811 | 847
E2VPT 0Cov3 | 859 | 792 | 83.1 | 88.8 | 82:4 | 85.6
Ours 91.1 | 842 | 868 | 92.7 | 86.3 | 886
VPT 942 | 88.0 | 89.6 | 94.4 | 88.7 | 90.4
GateVPT | \irpoyy | 943 | 885 | 897 | 952 | 896 | 911
E2vPT | ViT-B- 041 | 87.9 | 894 | 95.1 | 89.3 | 90.7
Ours 95.0 | 89.2 | 90.3 | 95.6 | 90.0 | 913
Be 83 0s| el 905
ate . . . . . -
E2vpT | DINOV2Z/B | 9571 | 899 | 914 | 96.1 | 91.1 | 924
Ours 96.4 | 91.0 | 923 | 97.0 | 921 | 931
VPT 928 | 86.4 | 88.5 | 93.8 | 88.1 | 90.1
GateVPT | piveuoys | 921 | 835 | 87.7 | 933 | 87.3 | 893
E2VPT \ 89.6 | 831 | 863 | 912 | 843 | 88.0
Ours 043 | 88.3 | 90.3 | 957 | 902 | 92.0

Table 3. Comparison of our method with SOTA models on NUS
and VG256 at 224 x 224 resolution. All metrics are in %.

NUS VG236

Method | Backbone | mAp | CFI | OF1 | mAP | CFi | OFI
VPT 652 | 62.8 | 73.8 | 42.2 | 44.0 | 575
GateVPT | yorp | 628 | 615 | 729 | 417 | 430 | 565
E2VPT iT- 639 | 622 | 7317 | 422 | 442 | 5756
Ours 657 | 633 | 741 | 442 | 453 | 588
VPT 603 | 59.3 | 73.0 | 37.9 | 403 | 552
GateVPT | \iap | 582 | 576 | 719 | 353 | 382 | 532
E2VPT 606 | 59:4 | 73.0 | 37.6 | 402 | 55.0
Ours 61.9 | 607 | 73.5 | 40.5 | 427 | 573
VPT 62.7 | 613 | 73.8 | 40.4 | 426 | 365
GateVPT | o~ | 618 | 605 | 729 | 396 | 418 | 553
E2VPT oCov3 | 6238 | 612 | 73.5 | 4014 | 4215 | 56.5
Ours 630 | 61.1 | 7356 | 41.0 | 431 | 571
VPT 675 | 64.8 | 747 | 46.0 | 474 | 60.2
GateVPT | \urp oy, | 060 | 644 | 743 | 454 | 4638 | 593
E2vPT | ViT-B- 677 | 649 | 747 | 46.0 | 474 | 601
Ours 682 | 650 | 750 | 47.6 | 4816 | 612
A AR
ate . 8 . N . .
E2vpT | DINOV2/B | 675 | 650 | 750 | 492 | 503 | 629
Ours 687 | 65.5 | 752 | 509 | 517 | 6411
VPT 653 | 632 | 743 | 452 | 467 | 60.2
GateVPT | [inouoss | 645 | 626 | 737 | 443 | 459 | 593
E2VPT v 654 | 6311 | 743 | 451 | 4677 | 601
Ours 66.9 | 643 | 748 | 477 | 4877 | 61.9

CF1, and 0.6%-7.2% in OF1 compared to SOTA methods.
Similarly, at the 448 x448 resolution, the enhancements are
0.4%-7.6% in mAP, 0.4%-8.0% in CF1, and 0.2%-5.8% in
OF1 compared to SOTA methods. These results robustly
confirm the effectiveness of the proposed method.
Performance on NUS-WIDE and Visual Genome. In
Tab. 3, we show the experimental results for NUS and
VG256. For the VG256 setup, we follow previous work
[49]. Our method achieves the best performance and out-
performs SOTA methods in mAP, CF1, and OF1, under the
same pre-training model and resolution setting.

5.3. Diagnostic Experiments

Impact of Different Components. To investigate the im-
pact of different components of our method, including
Group-Level Visual Prompt Tuning (GVPT) and Group-
Level Mixture-of-Experts (GMoE), we conducted experi-

s
: 87.02
4.6}
34
82

GVPT 2= NPT VPT.CO VPTDU  GVPT
(b) evaluation on VOCO07

(5 Ievaluation on COCO
Figure 4. The analysis of different grouping strategies. VPT is
vanilla mode; VPT-CO indicates the VPT uses the CO groups. VPT-
DC applies DC groups in VPT. GVPT incorporates both. Note that

each model uses 10 additional prompt tokens and excludes MoE.

VPT-CO VPT-DC

ments on two benchmark datasets: COCO and VOCO7. The
Fig. 3 illustrates the performance enhancements achieved by
GVPT on the COCO, with improvements of 1.41% in mAP,
1.22% in CF1, and 1.1% in OF]1, respectively. Moreover,
incorporating GMoE into GVPT further improves perfor-
mance by 0.99%, 0.72%, and 0.49%, respectively, compared
to GVPT alone. On the VOC07, GVPT led to improvements
of 1.77%, 1.97%, and 1.55% in mAP, CF1, and OF1, respec-
tively. However, GMoE has limited improvement in model
performance, e.g., 0.48% in mAP. These results reveal that
the grouping classes in VOCO 7 have a relatively weak ability
to learn label correlations within each group, as each group
contains relatively few classes, and the distinctions between
multiple tokens within each group may be minimal.
Grouping Strategies. To study the impact of the grouping
strategy, we use four settings: vanilla VPT, using only the CO
group, using only the DC group, and using both. As can be
seen from Fig. 4, on COCO and VOCO07, using the CO group
and the DC group, respectively, has a certain improvement.
When using both modes, the model is improved even more.
We analyze that emphasizing correlative and discriminative
relationships among labels has a certain gain on the MLC.
While emphasizing the co-occurrence relationship, cleverly
using the discriminative relationship will further compete
for the model’s performance.

Number of Groups. In this study, our main idea is to group
classes within the co-occurrence graph. We then aim to es-
tablish both a CO and DC relationship. Hence, additional
research is required to explore the impact of group quantity
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Figure 5. The performance curve varies with the increase in the
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Figure 6. The performance curve varies with the increase in the
number of experts, in the mAP, More can be found in Appendix.

on model performance. As illustrated in Fig. 5, we present
comprehensive ablation studies on the COCO and VOCO7.
For the COCO, model performance improves with the in-
creased number of groups when the same pre-trained model
is used. Notably, when pre-training with MoCo v3, optimal
performance is achieved with 5 groups. For vOCO07, opti-
mal results are achieved when the number of groups is set
to either 5 or 8. The potential reason is the dataset’s rela-
tively small number of 20 classes, which likely impedes the
effective learning of label correlations in the CO group. Ad-
ditionally, the average number of labels per image in VOCO07
is only 1.5, leading to weaker correlations between labels in
many images compared to those in COCO.

Number of Experts. The number of experts corresponds to
the number of group-level representatives within each class
group, which reflects the capacity to model label relation-
ships within each group. Accordingly, we study the influence
of the number of experts on model performance. As shown
in Fig. 6, on the COCO, model performance marginally im-
proves as the number of experts increases. However, the
performance on VOCO7 shows slight fluctuations. This phe-
nomenon may be attributed to the small number of classes
in each group, which does not require more prompt tokens
to learn the relationship between labels. Therefore, adding
more experts yields limited benefits and could potentially
detract from model performance.

Table 4. Computation cost and parameters number on COCO.

Method | # Total param. | # Learnable param. | FLOPs | mAP
Linear Probing 86.64 M 0.06 M 21.96G | 77.8%
Fine Tuning 86.64 M 86.04 M 21.96 G | 84.2%
VPT 86.91 M 033 M 2451G | 86.1%
E2VPT 87.01 M 043 M 24.55G | 86.3%
GateVPT 86.67 M 0.08 M 2451G | 85.6%
GVPT (Ours) 86.98 M 0.39M 2451G | 87.2%
ML-VPT (Ours) 87.60 M 1.02M 2451G | 87.5%

Computation Cost and Parameters. To verify the first

Image Predictions Predictions

p(car | traffic light) = 0.62 p(sink | toilet) = 0.51

traffic lightt toilet &

VPT VPT

car X sink X

ML-VPT |traffic lightt ML-VPT toilet &

p(car | stop sign) = 0.45 p(person | cow) = 0.32

cow &

stop sign ¢

VPT VPT

car X person X

ML-VPT | stop sign & ML-VPT cow &

Figure 7. Visualization of model predictions on COCO. Each exam-
ple includes an input image, the co-occurrence probability, and the
predictions of the two models.

issue mentioned in § 1, we use DINOv2/B as a pre-trained
model in several methods to compare the computational
overhead and parameters. As shown in Tab. 4, FineTuning
not only requires more learnable parameters but also reduces
model performance. Our method achieves the highest result
with limited computational resources and parameters.

5.4. Case Study

To verify that our method can alleviate the co-occurrence
overfitting problem, we select label pairs with high co-
occurrence probabilities to study. As shown in Fig. 7, ML-
VPT is compared with VPT on COCO. Under the influence
of high co-occurrence probabilities, VPT is prone to over-
inference, resulting in model misprediction. For example, in
the second example, when t oilet appears, VPT infers that
there is a s ink through co-occurrence classes and other con-
textual information (the sink has been removed). However,
our method can correctly predict all labels. Similarly, in out-
door scenes, traffic light and stop sign are both
misclassified as car, while in animal-related classes, the
presence of a cow leads to the false inference of a person.
These examples empirically demonstrate that ML-VPT can
mitigate co-occurrence overfitting.

6. Conclusion

In MLC, mainstream methods tend to learn co-occurrence
relationships between labels. However, an overemphasis
on these relationships can lead to model overfitting. To ad-
dress this issue, we introduce a novel Multi-Label Visual
Prompt Tuning method designed to balance both correlative
and discriminative relationships among labels. Our method
offers two advantages: i) We employ the concept of grouping
classes to independently model the correlative and discrim-
inative relationships between labels, thus reducing the risk
of overfitting. ii) While the grouping idea allows multi-
ple classes to share the same group information, we further
enhance our approach by integrating a group-aware MoE
model that dynamically maps optimal multiple group-aware
representations to a label-aware representation for each class.
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