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Abstract

The core challenge of Compositional Zero-
Shot Learning (CZSL) lies in learning repre-
sentations of sub-concepts (attributes and ob-
jects) from seen compositions and recogniz-
ing unseen novel compositions. Most exist-
ing CZSL methods primarily focus on prompt
optimization on the textual side, while over-
looking insufficient visual attribute–object sub-
concepts disentanglement under a text-centric
paradigm. To this end, we propose DMSD, a
Dual-Modal Semantic Disentanglement frame-
work that jointly models visual and textual in-
formation to achieve effective sub-concept dis-
entanglement. Specifically, DMSD introduces
a Contextual Prompt Space, enabling both vi-
sual and textual modalities to be modeled un-
der unified contextual semantic representations,
thereby enhancing their alignment at the latent
semantic level. Moreover, we design Visual
Sub-concept Prototypes that explicitly extract
and model visual sub-concept features, improv-
ing the independence and discriminability of
visual sub-concept representations. Further-
more, to achieve fine-grained alignment be-
tween visual and textual sub-concepts, we pro-
pose a Class-Centroid Bridging Module that
guides class centroids toward the textual se-
mantic space, thereby ensuring cross-modal
semantic consistency. Extensive experiments
on three benchmark datasets (MIT-States, UT-
Zappos, and C-GQA) demonstrate that DMSD
achieves state-of-the-art performance in both
closed-world and open-world settings. Our
code is available at https://github.com/
ybyangjing/DMSD.

1 Introduction

Humans have a powerful compositional cognitive
ability: when encountering a novel combination
such as “blue banana”, we can decompose it into
known sub-concepts (“blue” and “banana”) and
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Figure 1: The overall pipeline of DMSD.

rapidly recognize the entirely new combination.
Inspired by this human capability, Compositional
Zero-Shot Learning (CZSL) (Misra et al., 2017;
Atzmon et al., 2020; Li et al., 2020) has emerged
as a research paradigm that learns sub-concepts
from seen attribute–object combinations and subse-
quently recognizes novel combinations that never
appear during training.

In recent years, large-scale Vision–Language
Models (VLMs) have demonstrated remarkable
capability in multimodal representation learning.
VLMs such as CLIP (Radford et al., 2021) are
trained on massive image–text pairs, where a text
encoder projects textual inputs into a text space
that is aligned with image representations obtained
from an image encoder. Recent CZSL approaches
built upon VLMs primarily focus on prompt tun-
ing on the text side. Although these methods have
achieved promising progress, they do not funda-
mentally resolve the inherent limitation of per-
forming attribute–object disentanglement in a
text-centric manner.

Specifically, prompt tuning methods improve the
downstream generalization ability of large multi-
modal models by optimizing textual prompts for at-
tributes and objects, as exemplified by approaches
such as CoOp (Zhou et al., 2022b). However, such
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text-centered disentanglement constructs new class
prototypes solely within the textual semantic space,
rather than effectively leveraging visual contextual
information or achieving robust disentanglement
of visual sub-concepts.

Most existing CLIP-based CZSL approaches fol-
low this paradigm. The CSP (Nayak et al., 2023)
framework first inserts learnable attribute and ob-
ject embeddings into prompt templates (e.g., “a
photo of [attribute] [object]”), requiring only minor
modifications to the CLIP architecture. Benefit-
ing from CLIP’s prior knowledge, this approach
achieves competitive performance. Subsequently,
Troika (Huang et al., 2024) points out that CSP
performs alignment only along a single path and
fails to sufficiently encourage the disentanglement
of sub-concepts, and therefore proposes multi-path
vision–language alignment. Several later works
(Wang et al., 2025; Jing et al., 2024) extend this
paradigm. However, these methods attempt to di-
rectly disentangle attributes and objects within a
global visual–semantic representation space. In
essence, they force semantic components to be sep-
arated from holistic features, lacking explicit dis-
entanglement of visual sub-concepts.

There is also a line of research (Bao et al., 2025a)
that leverages large language models to enhance se-
mantic representations. Such as, LOGICZSL (Wu
et al., 2025) formalizes the relational knowledge
embedded in large language models into logical
rules and introduces a logic-guided loss, thereby ex-
plicitly modeling the semantic relationships among
attributes, objects, and their compositions. How-
ever, such methods primarily rely on textual seman-
tic knowledge to decouple sub-concept representa-
tions, lacking a unified contextual prompt space
and making it difficult to effectively collaborate
with visual information. They fail to sufficiently
learn the class-centroids of sub-concepts.

Furthermore, since the sub-concept disentangle-
ment process is mainly driven by prompts on the
textual side, the model is easily influenced by the
prior semantic distribution and becomes biased.
For instance, if the co-occurrence probability of
“red apple” is relatively high in the training cor-
pus, the model may still predict “red apple” even
when the apple in a test sample appears blue, con-
tinuing to follow the prior semantic bias and thus
weakening its attention to real visual cues.

To address these challenges, we propose a
Dual-Modal Semantic Disentanglement frame-
work (DMSD). By introducing a shared contex-

tual prompt space together with visual sub-concept
prototype prompts, DMSD effectively overcomes
the limitations of text-centric disentanglement of
visual sub-concepts. The overall framework is il-
lustrated in Figure 1. For both the visual and tex-
tual branches, we construct a shared contextual
prompt space that allows the two modalities to ac-
cess consistent contextual information. In addition,
we design prototypes to capture the semantic char-
acteristics of visual sub-concepts, thereby enhanc-
ing their independent representations. Furthermore,
to achieve fine-grained alignment of sub-concepts
between the visual and textual modalities and re-
duce cross-modal discrepancy, we develop a class-
prototype bridging module for DMSD. Built upon
the backbone architecture of CLIP’s text encoder,
this module interacts with visual features layer-by-
layer, connecting the visual space to the textual
space and enabling effective representation of class
centers across both modalities. In summary, the
main contributions of our work are as follows:

• We propose DMSD, a multimodal prompt-
learning framework for Compositional Zero-
Shot Learning. By constructing a Contextual
Prompt Space, DMSD enhances the collabora-
tive modeling between the visual and textual
modalities.

• Within this Contextual Prompt Space, we fur-
ther design a set of Visual Sub-concept Pro-
totypes to capture the fine-grained semantic
characteristics of visual sub-concepts, thereby
improving their independent and generaliz-
able representations.

• We introduce a Class-Centroid Bridging Mod-
ule for DMSD, which effectively reduces the
representation gap between the visual and tex-
tual modalities and promotes cross-modal se-
mantic alignment.

• Extensive experiments conducted on three
benchmark CZSL datasets demonstrate that
DMSD achieves SOTA in both closed-world
and open-world settings, validating the effec-
tiveness and superiority of the proposed ap-
proach.

2 Related work

2.1 Compositional Zero-Shot Learning
The goal of CZSL is to recognize unseen com-
positions of attributes and objects by leveraging
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Figure 2: Overall framework of DMSD. “C” denotes the class token, “B” denotes the beginning-of-text token, and
“E” denotes the end-of-text token. The set {θ1, θ2, . . . , θr} represents the collection of prefix token embeddings.
During training, contextual representations are introduced simultaneously into both the visual encoder and the text
encoder, at the (N −M)-th layer and the first layer, respectively. In addition, a visual attribute prototype pa and an
object prototype po are incorporated.

prior knowledge about their seen attribute–object
combinations. Early research on CZSL can be
broadly grouped into two paradigms. The first
paradigm of work jointly maps compositional text
representations and image representations into a
unified embedding space (Misra et al., 2017; Ma
et al., 2024; Naeem et al., 2021; Ali Khan et al.,
2023; Mancini et al., 2024; Nagarajan and Grau-
man, 2018). The second paradigm of work ex-
plicitly models attributes and objects separately by
learning two independent classifiers (Yang et al.,
2025; Li et al., 2022; Zhang et al., 2024, 2022; Saini
et al., 2022; Li et al., 2023; Yang et al., 2020).

Currently, driven by the powerful multimodal
representation capabilities of vision–language foun-
dation models, a number of studies have adopted
them as the backbone architecture for CZSL, form-
ing a new research paradigm (Bao et al., 2025b; Xu
et al., 2024; Nayak et al., 2023; Lu et al., 2023;
Xu et al., 2022). For example, Troika (Huang
et al., 2024) builds upon CLIP to jointly model
attributes, objects, and their compositions, thereby
learning their visual–language alignment relation-
ships, and further refines the visual representa-
tions using Parameter-Efficient Transfer Learning

(PETL) techniques (Houlsby et al., 2019). CDS-
CZSL (Li et al., 2024) introduces a context-aware
and diversity-guided specificity learning mecha-
nism to place greater emphasis on attributes with
richer semantic information. PLID (Bao et al.,
2025b) leverages large language models to con-
struct diverse and semantically expressive class dis-
tributions, and dynamically fuses predictions from
the compositional space and the primitive space
through a visual–language primitive decomposi-
tion module.

Despite the progress brought by these ap-
proaches, most existing methods still mainly focus
on prompt engineering on the text side and the de-
sign of parameter-efficient adapters, while paying
insufficient attention to multimodal collaborative
modeling.

2.2 Prompt Learning in Vision Language
Models

Prompt learning was first applied in natural lan-
guage processing (Li and Liang, 2021) and has
recently been extended to vision–language models.
CoOp optimizes continuous text prompts for effi-
cient few-shot transfer in CLIP, while Co-CoOp
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(Zhou et al., 2022a) conditions prompts on images
to improve generalization to novel categories (Zhou
et al., 2022b).Recently, MaPLe (Khattak et al.,
2023) argues that restricting prompt optimization
to a single modality may limit adaptation capacity,
and introduces learnable prompts in both visual
and textual branches to enhance cross-modal align-
ment. MMRL (Guo and Gu, 2025a) and MMRL++
(Guo and Gu, 2025b) add a shared representation
space at higher encoder layers for joint optimiza-
tion of instance and class features. In CZSL task,
CSP (Nayak et al., 2023) is the first to incorporate
prompt learning into the vision–language model
CLIP by treating attribute–object word embeddings
as learnable parameters and optimizing their com-
positional prompt representations. Building on
this, DFSP (Lu et al., 2023) introduces a cross-
modal decomposition–fusion module that injects
decomposed linguistic features into the visual fea-
ture learning process.

However, in the CZSL task, most existing meth-
ods primarily rely on text-centric attribute–object
decoupling mechanisms, where such one-sided
modeling fails to sufficiently disentangle visual sub-
concepts. In contrast, our method explicitly decou-
ples sub-concepts in the visual modality and further
constructs a unified shared contextual prompt space
for both the visual and textual branches, thereby
enhancing cross-modal compositional modeling ca-
pability.

3 Fundamental Method

3.1 Task Formulation

In CZSL, each image x is assigned a label c =
(a, o) formed by combining one attribute a from
the attribute set A and one object o from the object
set O. The goal of CZSL is to leverage the visual
representations of attributes and objects learned
from the seen composition set Cs during training,
so that the model can recognize attribute–object
compositions c ∈ Cu that do not appear in the
training phase, where Cs ∩ Cu = ⊘. CZSL can be
divided into different settings. If the test compo-
sition set Ct is disjoint from the seen composition
set Cs, i.e., Ct ∩ Cs = ⊘ , this is referred to as
conventional CZSL. Ct ∩ Cs ̸= ⊘, the setting is
called Closed-World CZSL (CW-CZSL). Further-
more, in the Open-World CZSL (OW-CZSL) set-
ting, the test composition space covers all possible
attribute–object pairs, i.e., Ct ≡ A × O. Since
|Ct| ≫ |Cs|, the model must generalize from a

very limited number of seen compositions to a large
number of unseen ones, making this task particu-
larly challenging.

3.2 Representations Encoding

We adopt the pretrained CLIP model with a Vision
Transformer (Dosovitskiy et al., 2021) architecture
as the backbone for both the image encoder F and
the text encoder ϕ in DMSD.

Image Encoder The image encoder F consists
of N Transformer layers. Given an input image
x, it is divided into P patches, and each patch is
mapped into the feature space to obtain the patch
embedding E0 ∈ RP×dv . A class token c0 are
then added to form the final input sequence. This
sequence is subsequently updated layer by layer as
follows:

[ci, Ei] = Fi([ci−1, Ei−1]), i = 1, 2, ..., N. (1)

After all Transformer layers, the projection matrix
ρv maps the final class token output cN into the
shared vision–language space:

f = ρv(cN ). (2)

We regard f as the global semantic representation
of the image, denoted as fg ∈ Rd.

Text Encoder The text encoder ϕ consists of M
Transformer layers. Following existing prompt tun-
ing approaches for CZSL, we feed the attribute
label set A = {ai}ni=1 and the object label set
O = {oj}mj=1 into the pretrained CLIP word-
embedding module to obtain the attribute embed-
ding set EA and object embedding set EO:

EA = {zai }ni=1, EO = {zoj }mi=1, (3)

where za and zo denote the attribute and object em-
beddings, and n and m are the numbers of attribute
and object labels in the dataset. For each candi-
date attribute, object, and attribute–object composi-
tion, we construct the corresponding soft prompts:
T a
i = [θ1, θ2, ..., θr, z

a
i ], T

o
j = [θ1, θ2, ..., θr, z

o
j ],

and T c
i,j = [θ1, θ2, ..., θr, z

a
i , z

o
j ], where {θi}ri=1

are learnable prefix-token embeddings initialized
with “a photo of”. Let b0 and c0 denote the em-
beddings of the beginning-of-text and end-of-text
tokens. The text-token embeddings, together with
their positional encodings, are fed into the M
Transformer layers of the text encoder, with the
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encoding process defined as:

[bi, T
∗
i , ei] = ϕi([bi−1, T

∗
i−1, ei−1]) (4)

, i = 1, 2, ...,M,

where ∗ indicates the corresponding set (attribute,
object, or composition). After the final Transformer
layer, the end-of-text token output eM is projected
into the shared vision–language space:

t∗ = ρt(e
∗
M ), (5)

where ρt is the text-projection matrix and ∗ indi-
cates the corresponding set.

4 DMSD: Dual-Modal Disentanglement

Through a systematic analysis of existing CZSL
methods, we observe that most approaches are text-
centric: they focus on optimizing the embeddings
of attributes and objects in the text modality to
achieve decoupling between sub-concepts. How-
ever, such a decoupling strategy that relies solely
on the text modality has inherent limitations.

To address this issue, we propose a novel method
termed Dual-Modal Semantic Disentanglement for
Compositional Zero-Shot Learning (DMSD). As
illustrated in Figure 2, the overall framework of
DMSD consists of three main components: an
image encoder F , a text encoder ϕ and a Class-
Centroid Bridging Module. Specifically, on the im-
age side, the model introduces a Contextual Prompt
Space, Visual Sub-Concept Prototypes, and visual
features that jointly interact, thereby explicitly de-
coupling attribute and object semantics within the
visual modality and strengthening class-centroid
learning in the joint vision–language space. More-
over, the Class-centroid Bridging Module projects
the learned visual sub-concept prompt represen-
tations into the text space, reducing the semantic
gap between modalities and aligning the class cen-
ters towards the text space. On the text side, we
adopt soft prompt learning to optimize text embed-
dings, enabling effective decoupling at the level of
textual sub-concepts. Finally, the entire model is
optimized using a cross-entropy loss.

4.1 Contextual Prompt Space

Most existing CZSL methods mainly focus on op-
timizing prompts within a single modality, without
considering class-centroid learning across both the
visual and textual modalities. To address this lim-
itation, we introduce a Contextual Prompt Space,

in which the learnable prefix-token embedding set
θ = {θi}ri=1 serves as the contextual prompts that
bridge the two modalities. In addition, a learnable
linear mapping function f is adopted to facilitate
cross-modal interaction. For the visual modality,
the contextual prompts are defined as:

θv = {θvi }Mi=1, θvi = fv
i (θ), (6)

and for the text modality:

θt = {θti}Mi=1, θti = f t
i (θ

v
i ), (7)

where θvi denotes the contextual prompt token of
the visual modality at the (N −M + i)-th Trans-
former layer, and θti denotes the contextual prompt
token of the textual modality at the i-th Trans-
former layer.

In general, the dimensionality of visual features
is higher than that of textual features. Therefore,
we first project the contextual prompts into the vi-
sual semantic space for alignment and fusion, and
then compress them back into the textual represen-
tation space. This “expand-then-compress” design
uses the visual semantic space as an intermediary,
thereby enhancing the ability of textual representa-
tions to capture visual features.

4.2 Visual Sub-concept Prototypes

To encourage the model to learn independent rep-
resentations for visual Sub-concepts, we introduce
two learnable Visual Sub-Concept Prototypes: the
attribute visual concept prototype pa0 ∈ Rdv and the
object visual concept prototype po0 ∈ Rdv These
tokens are injected into the image encoder at the
(N −M + 1)-th layer and are processed together
with the image patch embeddings in the subsequent
layers. For the image encoder, the forward process
is given by

[ci, Ei] = Fi([ci−1, Ei−1]) (8)

,i = 1, . . . , N −M,

[ci, Ei, S
v
1 , p

a
i , p

o
i ] = Fi([ci−1, Ei−1, (9)

θv1 , p
a
0,p

o
0]), i = N −M + 1,

[ci, Ei, S
v
k , p

a
i , p

o
i ] = Fi([ci−1, Ei−1, (10)

λSv
k−1+(1− λ)θvk, p

a
k−1, p

o
k−1]),

k = i−N +M, i = N −M + 2, . . . , N,

where λ is the information-propagation coefficient,
Sv
k−1 denotes the output token from the previous
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layer. For the text encoder, the process is formu-
lated as:

[bi, S
v
i , z

a
i , z

o
i , ei] = ϕi([bi−1, θ

t
i , z

a
i−1 (11)

, zoi−1, ei−1]), i = 1

[bi, S
t
i , z

a
i , z

o
i , ei] = ϕi([bi−1, λS

t
i (12)

+(1− λ)θti , z
a
i−1,z

o
i−1, ei−1]), i = 2, ...,M.

For clarity, only the case of composition soft
prompts T c is presented here; in practice, attribute
and object soft prompts are processed simultane-
ously.

4.3 Class-Centroid Bridging Module
To enhance the fine-grained alignment between vi-
sual prompts (attributes and objects) and textual
sub-concepts, and to promote the learning of a
unified class center, we design a Class-Centroid
Bridging Module. The details are as follows.

We adopt the CLIP text encoder as the backbone
of the Class-Centroid Bridging Module. To pre-
serve the pretrained knowledge, its parameters are
frozen. Then, we introduce a learnable projection
matrix Wc to project the encoded image embed-
dings

[c, E, Sv, pa, po] = Wc([cN , EN , Sv
M , paM , poM ]).

(13)
For each Transformer layer in Class-Centroid
Bridging Module, we perform the following op-
erations:

H = Multi-HeadAttention([Sv, pa, po]), (14)

H ′ = H +Cross-Attention(H, [c, E, Sv, (15)

pa, po], [c, E, Sv, pa, po]),

H ′′ = H ′ + FNN(LayerNorm(H ′)), (16)

where Multi-HeadAttention denotes the multi-
head attention mechanism (Vaswani et al., 2017),
FNN is a feed-forward neural network composed
of multilayer perceptrons, and Cross-Attention
denotes the cross-attention mechanism (Vaswani
et al., 2017). The parameters of the Multi-Head At-
tention and FNN are frozen, while the parameters
of the CrossAttention are trainable. By retaining
the pretrained knowledge of the CLIP text encoder,
the model can explicitly model cross-modal inter-
actions layer by layer, which helps concentrate the
learning capacity on relational modeling and se-
mantic alignment. We use the features obtained
from the last layer as the compositional seman-
tic representations f c. Similarly, we can obtain

attribute semantic representations fa and object
semantic representations fo.

4.4 Training and Inference
By combining prompt representations and semantic
representations from each branch, the label prob-
abilities for the image’s attribute branch a, object
branch o, composition branch c, and global branch
g can be computed separately as

p(z∗ | x) =
exp(fz · tz∗/τ)∑|Z|
k=1 exp(f

z · tzk/τ)
,

z ∈ {a, o, c, g}, Z =





A, z = a

O, z = o

Cs, z = c

Cs, z = g

,

(17)

where ∗ denotes the label index, and τ denotes a
learnable temperature parameter.
Base Loss. The cross-entropy loss of each branch
encourages the model to explicitly recognize the
semantic role associated with that branch.

Lξ = − 1

|χ|
∑

x∈χ
log p(ξ|x), ξ ∈ {a, o, c, g}.

(18)
Decoupling Loss. Considering the strong entan-
glement between attribute and object concepts in
images, we design a visual concept embedding de-
coupling loss. Specifically, we reduce the cosine
similarity between the attribute semantics fa and
the object semantics fo in order to achieve seman-
tic decoupling in the embedding space. The loss is
defined as:

Lde = cos(fa, fo). (19)

The overall training objective is formulated as:

L = 0.2·Lde+
∑

αξLξ, ξ ∈ {a, o, c, g}, (20)

where αξ denotes the loss weighting coefficient.
During inference, the input image x is fed into

DMSD to obtain the attribute prediction score,
object prediction score, global prediction score,
and composition prediction score. These scores
are then combined through a linear weighting
scheme to produce the final prediction for each
attribute–object pair:

s = β · p(gi,j |x) + (1− β) · p(ci,j |x) (21)

+p(ai|x) · p(oj |x),
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where β is a weighting coefficient that controls the
relative contributions of the global and composi-
tional branches. The compositions with the highest
scores are taken as the model’s final predictions.

5 Experiments

5.1 Experimental Setup

Datasets. We evaluate DMSD on three CZSL
benchmark datasets, namely C-GQA (Mancini
et al., 2024), UT-Zappos (Yu and Grauman, 2014),
and MIT-States (Isola et al., 2015). Following
the generalized evaluation protocol proposed by
(Mancini et al., 2024), both seen and unseen at-
tribute–object compositions are evaluated during
testing. The training set contains only the seen
compositions of all attributes and objects, while
the validation and test sets consist of a mixture of
seen and unseen compositions.

Metrics. Consistent with the standard evaluation
protocol adopted in prior work (Nayak et al., 2023),
we report the following metrics under both closed-
world and open-world settings: the best accuracy
on seen classes (S), the best accuracy on unseen
classes (U), the best harmonic mean (HM), and
the area under the curve (AUC). Among these met-
rics, AUC is regarded as the primary indicator, as
it provides a more comprehensive evaluation of
model performance. In addition, since the test set
contains both seen and unseen compositions, the
seen compositions act as competing labels and may
significantly interfere with the recognition of un-
seen ones. To mitigate this inherent bias, a cali-
bration bias term — ranging from −∞ to +∞ is
introduced to balance the trade-off between seen
and unseen accuracies. A positive bias favors pre-
dictions toward unseen compositions, whereas a
negative bias encourages the model to lean toward
seen compositions.

Implementation Details. We adopt the pre-
trained CLIP ViT-L/14 model as the backbone for
both the image and text encoders in DMSD. The im-
age encoder is fine-tuned via AdapterFormer (Chen
et al., 2022), with all components implemented in
PyTorch. Training and evaluating are performed
on a single NVIDIA RTX 6000 GPU. Additional
details are provided in the supplementary material.

5.2 Main Results

We separately test closed-world and open-world
performance of DMSD and compare it with SOTA

methods using the same backbone (ViT-L/14) (Rad-
ford et al., 2021).

Closed-world results. Table 1 reports the results
of DMSD and other state-of-the-art CZSL methods
under the closed-world setting on three benchmark
datasets: MIT-States, UT-Zappos, and C-GQA. We
observe that DMSD achieves the best performance
across all metrics on all three datasets. In terms
of AUC, which serves as the primary metric for
overall model evaluation, DMSD yields relative
improvements of 3.4%, 0.9%, and 8.5% over the
second-best method on MIT-States, UT-Zappos,
and C-GQA, respectively. These results indicate
that the proposed dual-modal decoupling strategy
of DMSD exhibits advantages in the CZSL task.

Open-world results. Table 3 reports the results
of DMSD in the open-world setting. We observe
that, when transitioning from the closed world to
the more realistic open world, the performance
of various state-of-the-art methods degrades to
different extents, especially on unseen composi-
tions. Nevertheless, DMSD still achieves the best
or second-best performance across the three bench-
mark datasets (MIT-States, UT-Zappos, and C-
GQA) in the open-world scenario. Specifically,
DMSDobtains AUC scores of 8.8%, 35.8%, and
4.0% on the three datasets, respectively, ranking
first or second among all methods. Although our
AUC on UT-Zappos is lower than that of LOG-
ICZSL, our method attains higher unseen accuracy,
and it also surpasses LOGICZSL in terms of AUC
on the more challenging C-GQA dataset. These
results indicate that DMSD exhibits stronger com-
positional generalization ability in the open-world
setting.

5.3 Ablation Study

In the following section, we report experimental
results of the ablation study for our framework
under the closed-world setting. Additional ablation
studies are provided in the supplementary material.

Ablation on Contextual Prompt Space. To ver-
ify whether the Contextual Prompt Space truly fa-
cilitates latent alignment across different modali-
ties, we introduce contextual prompts only at the
beginning of the visual and textual streams specifi-
cally, at layers N−M+1 on the visual side and the
first layer on the textual side-while no additional
shared contextual representations are injected into
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Method
MIT-States UT-Zappos C-GQA

S U HM AUC S U HM AUC S U HM AUC

CSP (Nayak et al., 2023) 46.6 49.9 36.3 19.4 64.2 66.2 46.6 33.0 28.8 26.8 20.5 6.2
DFSP (Lu et al., 2023) 46.9 52.0 37.3 20.6 66.7 71.7 47.2 36.0 38.2 32.0 27.1 10.5
CAILA (Zheng et al., 2024) 51.0 53.9 39.9 23.4 67.8 74.0 57.0 44.1 43.9 38.5 32.7 14.8
CDS-CZSL (Li et al., 2024) 50.3 52.9 39.2 22.4 63.9 74.8 52.7 39.5 38.3 34.2 28.1 11.1
Troika (Huang et al., 2024) 49.0 53.0 39.3 22.1 66.8 73.8 54.6 41.7 41.0 35.7 29.4 12.4
PLID (Bao et al., 2025b) 49.7 52.4 39.0 22.1 67.3 68.8 52.4 38.7 38.8 33.0 27.9 11.0
RAPR (Jing et al., 2024) 50.0 53.3 39.2 22.5 69.4 72.8 56.5 44.5 45.6 36.0 32.0 14.4
MSCI (Wang et al., 2025) 50.2 53.4 39.9 22.8 67.4 75.5 59.2 45.8 42.4 38.2 31.7 14.2
LOGICZSL (Wu et al., 2025) 50.8 53.9 40.5 23.4 69.6 74.9 57.8 45.8 44.4 39.4 33.3 15.3
Ours 52.8 54.4 41.5 24.2 69.9 77.3 57.7 46.2 45.8 41.5 34.2 16.6

Table 1: Comparison results with SOTA methods in Closed-World setting on MIT-States, UT-Zappos, and C-GQA.
“S”, “U”, “HM”, and “AUC” stand for best Seen accuracy, best Unseen accuracy, best Harmonic Mean, and Area
Under the Curve, respectively. The best results are in bold, and the second-best results are marked with an underline.

Method
MIT-States UT-Zappos C-GQA

S U HM AUC S U HM AUC S U HM AUC

CSP (Nayak et al., 2023) 46.3 15.7 17.4 5.7 64.1 44.1 38.9 22.7 28.7 5.2 6.9 1.2
DFSP (Lu et al., 2023) 47.5 18.5 19.3 6.8 66.8 60.0 44.0 30.3 38.3 7.2 10.4 2.4
CAILA (Zheng et al., 2024) 51.0 20.2 21.6 8.2 67.8 59.7 49.4 32.8 43.9 8.0 11.5 3.1
CDS-CZSL (Li et al., 2024) 49.4 21.8 22.1 8.5 64.7 61.3 48.2 32.3 37.6 8.2 11.6 2.7
Troika (Huang et al., 2024) 48.8 18.7 20.1 7.2 66.4 61.2 47.8 33.0 40.8 7.9 10.9 2.7
PLID (Bao et al., 2025b) 49.1 18.7 20.0 7.3 67.6 55.5 46.6 30.8 39.1 7.5 10.6 2.5
RAPR (Jing et al., 2024) 49.9 20.1 21.8 8.2 69.4 59.4 47.9 33.3 45.5 11.2 14.6 4.4
MSCI (Wang et al., 2025) 49.2 20.6 21.2 7.9 67.4 63.0 53.2 37.3 42.0 10.6 13.7 3.8
LOGICZSL (Wu et al., 2025) 50.7 21.4 22.4 8.7 69.6 63.7 50.8 36.2 43.7 9.3 12.6 3.4
DMSD (Ours) 51.5 21.8 22.1 8.8 67.8 66.9 50.2 35.8 44.6 11.2 15.1 4.0

Table 2: Comparison results with SOTA methods in Open-World setting on MIT-States, UT-Zappos, and C-GQA.

Prompt Space MIT-States UT-Zappos

S U H AUC S U H AUC

× 49.7 54.0 39.8 22.8 68.4 74.2 57.3 44.5
✓ 52.8 54.4 41.5 24.2 69.9 77.3 57.7 46.2

Table 3: Ablation of Contextual Prompt Space.

subsequent layers of either modality. As shown
in Table 3, when the shared space is enabled, the
model performs significantly better than the vari-
ant without the shared space on both MIT-States
and UT-Zappos, achieving relative improvements
of 6.1% and 3.9% in AUC, respectively. This ad-
vantage mainly arises from the fact that the shared
contextual space effectively preserves the latent
alignment between modalities.

Visual Prototypes MIT-States UT-Zappos

S U H AUC S U H AUC

None 49.2 54.1 39.8 22.7 70.5 74.6 57.6 44.2
pa 50.4 54.4 40.0 23.3 70.2 75.6 57.4 45.8
po 50.2 54.2 39.8 23.2 69.8 74.8 57.9 45.5

pa + po 52.8 54.4 41.5 24.2 69.9 77.3 57.7 46.2

Table 4: Ablation on Visual Sub-Concept Prototypes.

Ablation on Visual Sub-concept Prototypes. To
verify the rationality of the proposed visual pro-
totypes learning design, we conduct an ablation
study by removing pa and po to observe the cor-
responding performance changes. As shown in
Table 4, when both pa and po are used (pa + po) ,
the model achieves the best performance on both
datasets. Compared with the setting where all vi-
sual prompts are removed (None), the AUC im-
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proves by 6.6% and 4.5% on MIT-States and UT-
Zappos, respectively. These results indicate that
our visual prompt design helps extract more dis-
criminative visual sub-concept features and mit-
igates the negative effects introduced by purely
text-centered disentanglement.

6 Conclusion

In this work, we investigate the inherent issues of
text-centric attribute-object sub-concept disentan-
glement methods, which stem from the reliance
solely on prompt tuning on the text side for sub-
concept disentanglement and propose Dual-Modal
Semantic Disentanglement (DMSD), which jointly
aligns and disentangles visual and textual sub-
concepts via a shared cross-modal prompt space,
visual sub-concept prototypes, and a class center
bridging module. Experiments show that DMSD
consistently outperforms prior methods on multiple
benchmarks in both closed- and open-world CZSL
settings.

Limitations

Although DMSD alleviates text-centric disentan-
glement insufficiency by introducing Contextual
Prompt Space and Visual Sub-Concept Prototypes,
it still suffers from two limitations: (1) Contex-
tual Prompt Space in the framework relies on a
large number of representation alignment parame-
ters, which may increase the risk of model overfit-
ting; (2) Although Class-Centroid Bridging Mod-
ule helps narrow gap between visual and textual
modalities, it has not yet fully leveraged the repre-
sentational potential of the visual modality itself.
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A Implementation Details

In DMSD, we employ the pre-trained and frozen
CLIP ViT-L/14 model as the backbone for both the
image and text encoders, while the image encoder
is fine-tuned using LoRA. Training and evaluation
are performed on a single NVIDIA RTX 6000 GPU
with 48 GB of memory. All components are im-
plemented in PyTorch. Table 5 summarizes the
hyperparameters used for the three datasets.

Hyper parameters MIT-States UT-Zappos C-GQA

BatchSize 64 64 64
Learning Rate 10−4 2.5× 10−4 10−4

Epochs 10 10 10
Scheduler StepLR StepLR StepLR
Weight Decay 10−5 10−5 10−5

Optimizer Adam Adam Adam
β 0.85 0.65 0.85
λ 0.8 0.8 0.8
αa,αo,αc,αg 0.5,0.5,1,1 0.5,0.5,1,1 0.5,0.5,1,1
Attribute Dropout 0.3 0.3 0.3

Table 5: Hyperparameters for MIT-States,UT-Zappos,C-
GQA.

B Dataset Details

We evaluated DMSDon three CZSL benchmark
datasets: MIT-States, UT-Zappos and C-GQA.

C-GQA Dataset (Mancini et al., 2024). With
39,298 images, this dataset offers extensive cover-
age of real-world concepts through a diverse range
of objects and attributes. It is annotated for 7,767
distinct attribute-object pairs, establishing it as the
largest benchmark in the field of Compositional
Zero-Shot Learning (CZSL).

UT-Zappos Dataset (Yu and Grauman, 2014).
This dataset contains 50,025 images of footwear,
designed for fine-grained recognition across 12
shoe categories and 16 material attributes. A pri-
mary challenge it presents is the subtle visual dis-
tinction between materials like "synthetic leather"
and "genuine leather," demanding models capable
of discerning fine texture and material details.

MIT-States Dataset (Isola et al., 2015). Compris-
ing 53,753 images of everyday scenes, this dataset
includes 245 objects and 115 attributes, resulting in
1,962 unique compositions. The data was largely
gathered automatically via early image search en-
gines, with limited manual curation. Significant
label noise in this dataset places a premium on
model robustness.

The detailed dataset splits for each benchmark
are reported in Table 6.
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Dataset A O
Training Validation Test

Cs I Cs Cu I Cs Cu I

C-GQA 413 674 5592 26k 1252 1040 7k 888 923 5k
UT-Zap50K 16 12 83 23k 15 15 3k 18 18 3k
MIT-States 115 245 1262 30k 300 300 10k 400 400 13k

Table 6: Statistics of datasets for Training / Validation /
Test.

C Additional Ablation Study

Ablation on Class-Centroid Bridging Module.
In Table 7, to investigate whether the class-centroid
bridging module truly promotes the learning of uni-
fied class centers, we conducted ablation studies
using three strategies: the first is the averaging strat-
egy (mean), which only computes the mean of the
features of [Ov, pa, po] to explore the alignment ef-
fect between the features extracted from the visual
modality itself and the text features; the second
is the text-encoder-only strategy (w/o CA), where
we remove the Cross-Attention module from the
class-centroid bridging module, relying solely on
CLIP’s pre-trained text encoder; the third is the
strategy using the class-centroid bridging module
(w/ CA). As shown in Table 4, when employing the
class-centroid bridging module (w/ CA), the model
achieves the best performance on both datasets.
Compared to the averaging strategy (mean), the
AUC on MIT-States and UT-Zappos shows relative
improvements of 5.2% and 2.9%, respectively, in-
dicating that our class-centroid bridging module
helps reduce the gap between modalities and effec-
tively projects visual semantics into the text space.
Additionally, we found that the text-encoder-only
strategy (w/o CA) underperforms compared to the
averaging strategy. We hypothesize that relying
solely on text encoding to bridge the text space
leads to the loss of information inherent in the vi-
sual features, resulting in decreased performance.

Strategies MIT-States UT-Zappos

S U H AUC S U H AUC

mean 51.4 52.9 40.0 23.0 68.3 76.9 56.2 44.9
w/o CA 50.3 53.1 39.3 22.7 68.9 76.1 56.8 45.1
w/ CA 52.8 54.4 41.5 24.2 69.9 77.3 57.7 46.2

Table 7: Ablation on class-centroid Bridging Module.

Ablation on Each Loss. In the closed-world set-
ting, we conducted ablation experiments on the
MIT-States and UT-Zappos datasets to validate

the effectiveness of each loss function design. As
shown in Table 8, the results indicate that the loss
functions in DMSD can work synergistically, mutu-
ally enhancing each other and improving the over-
all model performance.

The results show that when using only Lg, al-
though CLIP can leverage prior knowledge to
achieve relatively reasonable performance on MIT-
States, it performs poorly on fine-grained tasks
and shows limited effectiveness on the UT-Zappos
dataset.

By introducing the (La + Lo) loss functions,
the model is able to extract visual features with
more fine-grained semantics, leading to significant
performance improvement on UT-Zappos. Further-
more, combining La + Lo + Lc + Lde with Lg

results in substantial performance gains on both
MIT-States and UT-Zappos. Compared with using
only Lg, the proposed loss function design achieves
relative AUC improvements of 12.6% and 8.5% on
MIT-States and UT-Zappos, respectively.

Loss MIT-States UT-Zappos

S U HM AUC S U HM AUC
Lg 48.2 53.0 38.3 21.5 67.2 73.3 55.8 42.6
La,o 41.6 52.0 34.8 18.0 66.5 72.1 54.0 40.6
Lc,a,o 45.1 52.3 36.3 19.8 67.9 74.6 56.1 43.9
Lg,a,o 48.5 53.3 38.6 21.9 68.3 76.9 56.2 44.9
Lc,g,a,o 51.0 53.2 39.5 23.2 69.2 76.1 56.5 45.2

Lc,g,a,o,de 52.8 54.4 41.5 24.2 69.9 77.3 57.7 46.2

Table 8: Ablation on Each Loss.
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