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Abstract

Compositional zero-shot learning (CZSL) aims to recognize
unseen attribute-object compositions by learning from seen
compositions. Composing the learned knowledge of seen
primitives, i.e., attributes or objects, into novel compositions
is critical for CZSL. In this work, we propose to explic-
itly retrieve knowledge of seen primitives for compositional
zero-shot learning. We present a retrieval-augmented method,
which augments standard multi-path classification methods
with two retrieval modules. Specifically, we construct two
databases storing the attribute and object representations of
training images, respectively. For an input training/testing im-
age, we use two retrieval modules to retrieve representations
of training images with the same attribute and object, respec-
tively. The primitive representations of the input image are
augmented by using the retrieved representations, for com-
position recognition. By referencing semantically similar im-
ages, the proposed method is capable of recalling knowledge
of seen primitives for compositional generalization. Experi-
ments on three widely-used datasets show the effectiveness
of the proposed method.

Introduction
Compositional generalization, understanding unseen com-
binations composed of seen primitives, is one of the
fundamental properties of human intelligence (Fodor and
Pylyshyn 1988). Aiming to evaluate such ability of vision
models, compositional zero-shot learning (CZSL) (Misra,
Gupta, and Hebert 2017; Purushwalkam et al. 2019) requires
recognizing unseen attribute-object compositions by learn-
ing from seen compositions. Specifically, the training set in
CZSL contains images with compositional concepts, such
as wet-sand and young-cat. Given a testing image, the goal
is to assign a novel compositional concept, e.g. wet-cat, to
the image by composing the primitives, wet and cat, learned
from the training data, as shown in Figure 1 (a).

To compose the seen primitives into unseen compositions,
two challenges must be considered. Firstly, there are seman-
tic entanglements between objects and attributes (Atzmon
et al. 2021; Anwaar, Pan, and Kleinsteuber 2022). For an im-
age labeled as ancient-building, it is hard to tell which visual
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Figure 1: Illustration of primitive retrieval for compositional
zero-shot learning. (a) shows two seen compositions in the
training set of the MIT-States (Isola, Lim, and Adelson
2015) dataset on the left and an unseen composition in the
testing set on the right. (b) shows explicitly retrieving rele-
vant images to identify novel compositions.

features can be captured as a building, and which, as ancient.
Disentangling and composing primitives of training samples
is thus non-trivial. Secondly, visual concepts usually fol-
low a long-tailed distribution (Salakhutdinov, Torralba, and
Tenenbaum 2011; Purushwalkam et al. 2019). Many classes
are rare and may not be well-learned for compositional gen-
eralization.

Inspired by the ability of humans to perform associative
learning to recall relevant concepts in deep memories (Chen
et al. 2022), in this work, we propose to improve composi-
tional generalization with retrieval and association. The intu-
ition is that the aforementioned challenges can be alleviated
if we construct a knowledge base from the training data. Ref-
erencing related knowledge in the test time could provide a
strong enhancement signal to help the model recall learned
primitives for generalization, as shown in Figure 1 (b).

We introduce a retrieval-augmented method, which en-
ables explicit knowledge retrieval of seen primitives, for
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compositional zero-shot learning. The proposed method
augments standard multi-path classification pipelines (Yang
et al. 2022; Wang et al. 2023) with retrieval modules. Specif-
ically, we extract attribute representations and object repre-
sentations of training images, and construct two databases
to store the attribute and object representations, respectively.
For an input training/testing image, the retrieval modules re-
trieve representations of training images with the same at-
tribute/object, and use the retrieved representations to aug-
ment the attribute/object representations, respectively.

The databases of the proposed method serve as ex-
ternal memories along with the composition recognition
pipeline. After each training epoch, the representations of
the databases will be updated. Intuitively, throughout the
learning process, the model refines the current represen-
tations continuously with the retrieved relevant represen-
tations. And with the refined representations, the retrieval
modules can find more relevant images. Thus the proposed
method is supposed to learn more separable primitive rep-
resentations, benefiting from the retrieval. In addition, the
databases explicitly store the knowledge for primitive rep-
resentation learning, specifically for the tail primitives. We
conduct extensive experiments on three widely-used CZSL
datasets under two settings. The experimental results show
the effectiveness of the proposed method.

The contributions of this paper are summarized as fol-
lows:

1. We propose to explicitly retrieve knowledge of seen
primitives to recognize unseen compositions for compo-
sitional generalization.

2. We present a retrieval-augmented method, which aug-
ments multi-path classification methods with two re-
trieval modules, for compositional zero-shot learning.

Related Work
Compositional Zero-Shot Learning
The task of CZSL aims to recognize unseen attribute-object
compositions by learning from seen compositions. Existing
methods mainly cast the task of CZSL into a supervised
classification task by training one classifier for composition
(Misra, Gupta, and Hebert 2017; Naeem et al. 2021), or two
classifiers for attribute and object (Li et al. 2020; Purush-
walkam et al. 2019), or three classifiers for composition, at-
tribute, and object (Yang et al. 2022; Wang et al. 2023).

To learn disentangled representations for CZSL, Atzmon
et al. (Atzmon et al. 2021) propose to ensure conditional in-
dependence between attribute and object representations via
causal inference. Saini et al. (Saini, Pham, and Shrivastava
2022) use visually decomposed features to hallucinate rep-
resentative embeddings of the seen and novel compositions
to regularize the model learning. Zhang et al. (Zhang et al.
2022) treated CZSL as a domain generalization task to learn
attribute-invariant and object-invariant representations. The
aforementioned methods enforce constraints on the model
learning, but may not be well-compatible for unseen com-
positions in testing. By contrast, our method enables to per-
form retrieval in both the training and testing phase.

With the recent advance in pre-trained vision-language
models, CLIP-based CZSL methods (Nayak, Yu, and Bach
2023; Lu et al. 2023a; Huang et al. 2023; Bao et al. 2023)
achieved state-of-the-art performance, benefiting from the
vision-language alignments learned from large-scale data.
CSP (Nayak, Yu, and Bach 2023) first uses the CLIP (Rad-
ford et al. 2021) in CZSL. They replace the classes in textual
prompts with trainable attributes and object tokens. DFSP
(Lu et al. 2023a) uses a cross-modal decomposed fusion
module to exploit decomposed language features in image
feature learning. Troika (Huang et al. 2023) jointly mod-
els the vision-language alignments for the attribute, object,
and composition using the CLIP. PLID (Bao et al. 2023)
leverages pre-trained large language models to formulate the
language-informed class distribution, and enhance the com-
positionality of the softly prompted class embedding. The
aforementioned work mainly focuses on parameter-efficient
fine-tuning of the CLIP. By contrast, the proposed method
focuses on primitive retrieval and uses the CLIP as the back-
bone.

Retrieval-Augmented Models
Augmenting traditional models with external memories have
recently drawn attention in computer vision (Long et al.
2022; Blattmann et al. 2022; Chen et al. 2022; Rong et al.
2023). RAC (Long et al. 2022) retrieves relevant images and
uses textual representations of corresponding labels for the
long-tailed image classification task. RePrompt (Rong et al.
2023) retrieves images to learn visual prompts for few-shot
image classification. RAC and RePrompt focus on object
category classification. In both methods, the retrieved im-
ages for an image are determined in an offline manner and
remain unchanged across model learning. By contrast, the
proposed method aims to recognize both the object cate-
gory and the attribute category. The associated images and
the corresponding representations are constantly changing
across different training epochs for the separability of the
learned primitive representations.

Method
The proposed method explicitly retrieves seen primitives for
CZSL, by building databases containing representations of
training images and using retrieve modules to augment the
representations of an input image, as shown in Figure 2. In
the following, we first formulate the task of CZSL and then
introduce the proposed method in detail.

Formulation
Compositional zero-shot learning aims at learning a model
from limited compositions of attributes (e.g., yellow, wet)
and objects (e.g., flower, ground) to recognize an image
from novel compositions. Given an attribute set A =
{a1, a2, . . . , a|A|} and an object set O = {o1, o2, . . . , o|O|},
the compositional class set C = A × O is defined as their
Cartesian product. The class set C can be divided into two
disjoint sets, the seen set Cs and the unseen set Cu, where
Cs ∩ Cu = ∅ and Cs ∪ Cu ⊂ C. The training images only
contain classes from the Cs, while the testing set contains
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Figure 2: Overview of the proposed method. For an input image, the method uses a visual encoder and three adapters to obtain
the image representation, object representation, and attribute representation. For compositions, we use a language encoder
to obtain the textual representations of all candidate compositions, attributes, and objects. We build two databases to store
attribute representations and object representations of training images, and use two retrieval modules to retrieve representations
of images with the same object/attribute to augment the object/attribute representation, respectively. The obtained visual and
textual representations are used to compute the compatibility scores for composition recognition.

both seen classes and unseen classes, as the standard gener-
alized zero-shot learning (Pourpanah et al. 2022; Liu et al.
2021).

Given a test image I ∈ I, the task of CZSL is to predict a
class label c = (a, o) from the testing class set. In the closed-
world setting, only the known compositions (compositions
of the whole dataset) are considered, i.e., Ctest = Cs ∪ Cu.
That is, the test class set contains all seen classes for the
training images and unseen classes of the test set. By con-
trast, in the challenging open-world setting, the test class set
is all possible compositions, i.e., Ctest = C.

Formally, CZSL models are required to model a com-
patibility score function S : I × S × O → R between
an image I and a candidate composition. To fully charac-
terize the contextuallity of attributes and objects, existing
three-path methods (Wang et al. 2023; Huang et al. 2023)
usually jointly consider three kinds of compatibility, that is,
the attribute compatibility Sa(I, a), the object compatibility
So(I, o), and the composition compatibility Sc(I, a, o).

Feature Encoding
We use the image encoder and text encoder of the CLIP
(Radford et al. 2021) as the visual backbone and textual
backbone, respectively. Given an input image I , we use the
visual backbone, a vision transformer (ViT) (Dosovitskiy
et al. 2021), to obtain the visual representations. The im-
age is split into patches and inputted to the ViT to obtain the
representation of the [CLS] token v ∈ Rd, where d is the
dimension of feature embedding of the CLIP. Three multi-
layer perceptions (MLPs) are used to transform the repre-
sentation to the image representation vI , the attribute repre-
sentation va, and the object representation vo, respectively.

For the textual inputs, we use the soft prompt (Nayak, Yu,
and Bach 2023) to obtain the textual representations for all

candidate compositions, attributes, and objects. We create a
prompt template like“a photo of [class]” for each compat-
ibility scoring sub-task. For the composition compatibility,
we feed the text encoder with “a photo of [attribute] [ob-
ject]”, as shown in the Figure 2. The “a photo of [attribute]
object” and “a photo of [object]” are used for candidate at-
tributes and candidate objects, respectively. The [attribute]
and [object] tokens are trainable and initiated with the cor-
responding word embeddings extracted by the CLIP. These
prompts are fed into the textual backbone to obtain textual
representations T c ∈ RNc×d, T a ∈ RNa×d, T o ∈ RNo×d.
The Nc, Na, and No are the numbers of candidate composi-
tions, attributes, and objects, respectively.

Database Construction
We construct two databases, Da and Do with training im-
ages, for retrieving images with the same object and the
same attribute, respectively. For each database Dp, p ∈
{a, o}, we first select a subset of training images, and ex-
tract corresponding visual representations.

Taking the attribute database as an example, we choose
ND images for each attribute to avoid attribute-level biases.
Considering there are usually multiple compositions associ-
ated with the attribute, we sample images from these compo-
sitions as evenly as possible by using the Greedy algorithm.
For example, suppose that we need to choose 16 images for
an attribute wet, the training set contains three relevant com-
positions, wet ground, wet sand, wet basement, wet well, and
there are 15, 7, 5, 3 images belong to these compositions,
respectively. Then we will sample 5, 4, 4, and 3 images for
these compositions, respectively.

After the image sampling, we extract corresponding vi-
sual representations with the visual backbone to construct
the databases. The obtained databases can be represented
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Figure 3: The architecture of the attribute retrieval module.
For an attribute representation, the module retrieval relevant
representations from the attribute database and aggregate the
retrieved representations to obtain retrieval-augmented rep-
resentation.

as Da = [fa
1 ,f

a
2 , · · · ,fa

Na
I
] and Do = [fo

1 ,f
o
2 , · · · ,fo

No
I
].

Note that we extract visual representations of these images
after each epoch to update the databases.

Retrieval Module
In model training/testing, the retrieval modules retrieve im-
ages from the databases and use the representations of im-
ages to augment the primitive representations of an input
image. Specifically, two retrieval modules are introduced to
augment the attribute representation and object representa-
tion, respectively. Figure 3 shows the architecture of the at-
tribute retrieval module. In the following, we illustrate the
retrieval and augmentation process by taking the attribute
retrieval module as an example.

For the attribute representation va of an input image, the
attribute retrieval module computes the similarities between
the representation and all representations of the attribute
database as

sai = cos(va,fa
i ), (1)

where cos(·, ·) denotes the cosine similarity function of two
vectors.

The representations in the database are sorted with sim-
ilarities in a descending manner. We select top-K repre-
sentations with the highest similarity to augment the at-
tribute representation. These representations are aggregated
via weighted average to obtain the aggregated representation
ua as

ua =
K∑
i=1

αa
i f

a
idx(i), αa

i =
exp(sai )∑K
j=1 exp(s

a
j )
, (2)

where idx(i) is a function that returns the index of the i-th
seclted representation in the attribute database Da and αa

i is
the weight of the i-th representation.

Then we fuse the aggregated representation with the origi-
nal attribute representation to obtain the retrieval-augmented

attribute representation as

va
r = βua + (1− β)va, (3)

where β ∈ [0, 1] is a hyper-parameter to balance the two rep-
resentations. Similarly, the object retrieval module searched
relevant representations in Da with the representation vo, to
obtain the retrieval-augmented object representation vo

r .

Optimization

To encourage the retrieval modules to retrieve representa-
tions of relevant images, two losses are introduced in model
learning. Firstly, considering the entanglement of the at-
tribute and the object in an image, we devise a de-bias loss.
We penalize the object representations for predicting the
ground truth attribute labels, and attribute representations
for predicting the ground truth object labels, and compute
the loss as

Lde = cos(va
r ,T

o
gt) + cos(vo

r ,T
a
gt), (4)

where T o
gt and T a

gt are the textual representations for the
ground-truth object label and ground-truth attribute label, re-
spectively. By reducing the entanglement between the object
representations and attribute representations, the retrieval
modules can more accurately find representations of images
with the same object/attribute. Thus the entanglement will
be further reduced. In other words, the de-bias loss and the
retrieval module can promote each other.

Secondly, we introduce a retrieval loss to directly enforce
the retrieval module to obtain representations of images with
the same attribute/object. Specifically, for each representa-
tion, we sample the top-M representations with the highest
similarities.

Lre =
M∑
i

(σ (sai ))
1−lai (1− σ (sai ))

lai

+
M∑
i

(σ (soi ))
1−loi (1− σ (soi ))

loi ,

(5)

where σ(·) is the sigmoid function, lai indicates whether the
i-representation has the same attribute/object label with an
input image. Note that, the representations in the database
are not trainable and the retrieve module is non-parametric.
Thus the retrieval loss only optimizes the primitive represen-
tations for retrieval.

Apart from the aforementioned two losses, we use the
standard cross-entropy loss to encourage the model to ex-
plicitly recognize the composition, attribute, and object. The
compatibility scores between an image I with the ground-
truth composition cgt = (agt, ogt) with the aforementioned
representations can be computed as

Sa(I, agt) = cos(va
r ,T

a
gt),

So(I, ogt) = cos(vo
r ,T

o
gt),

Sc(I, agt, ogt) = cos(vI ,T c
gt),

(6)
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Closed-world MIT-States C-GQA UT-Zappos
Model AUC HM Seen Unseen AUC HM Seen Unseen AUC HM Seen Unseen

Without
CLIP

CompCos (Mancini et al. 2021) 4.5 16.4 25.3 24.6 2.6 12.4 28.1 11.2 28.7 43.1 59.8 62.5
OADis (Saini, Pham, and Shrivastava 2022) 5.9 18.9 31.1 25.6 - - - - 30.0 44.4 59.5 65.5

CGE (Naeem et al. 2021) 6.5 21.4 32.8 28.0 4.2 15.5 33.5 16.0 33.5 60.5 64.5 71.5
Co-CGE (Mancini et al. 2022) 6.6 20.0 32.1 28.3 4.1 14.4 33.3 14.9 33.9 48.1 62.3 66.3

CANet (Wang et al. 2023) 5.4 17.9 29.0 26.2 3.4 14.5 30.0 13.2 33.1 47.3 61.0 66.3
CAPE (Khan et al. 2023) 6.7 20.4 32.1 28.0 4.6 16.3 33.0 16.4 35.2 49.5 62.3 68.5

With
CLIP

CSP (Nayak, Yu, and Bach 2023) 19.4 36.3 46.6 49.9 6.2 20.5 28.8 26.8 33.0 46.6 64.2 66.2
DFSP (Lu et al. 2023a) 20.6 37.3 46.9 52.0 10.5 27.1 38.2 32.9 36.9 47.2 66.7 71.7
DRPT (Lu et al. 2023b) - - - - 6.5 20.5 29.2 28.7 38.5 52.3 64.5 69.4

Troika (Huang et al. 2023) 22.1 39.3 49.0 53.0 12.4 29.4 41.0 35.7 41.7 54.6 66.8 73.8
PLID (Bao et al. 2023) 22.1 39.0 49.7 52.4 11.0 27.9 41.0 38.8 38.7 52.4 67.3 68.8

Ours 22.5 39.2 50.0 53.3 14.4 32.0 45.6 36.0 44.5 56.5 69.4 72.8

Table 1: The results of the proposed methods and the state-of-the-art on CZSL datasets in the closed-world setting.

where va
r and vo

r are retrieval-augmented primitive repre-
sentations. Thus classification losses are calculated as

La = −log
exp(Sa(I, agt)/τ)∑|A|
k=1 exp(Sa(I, ak)/τ)

,

Lo = −log
exp(So(I, ogt)/τ)∑|O|
k=1 exp(So(I, ok)/τ)

,

Lc = −log
exp(Sc(I, agt, ogt)/τ)∑|Cs|
k=1 exp(Sc(I, ak, ok)/τ)

,

(7)

where τ ∈ R is the pre-defined temperature parameter of
CLIP. The overall loss in the model learning is given by

L = λ1Ls + (1− λ1)(Lo + Lc) + λ2Lde + λ3Lre, (8)

where λ1, λ2, and λ3 are hyper-parameters to balance the
losses.

Inference

During inference, the primitive-level scores and the
composition-level scores are combined to complement the
composition recognition. The overall compatibility score
S(I, a, o) is calculated as

S(I, a, o) = λ1Sc(I, a, o) + (1− λ1)(Sa(I, a) + So(I, o)).
(9)

The composition with the highest score is predicted. Note
that we use the same hyper-parameter λ1 to balance the
scores as in model learning.

Dataset Attr Obj Train Val Test
Seen Seen Unseen Seen Unseen

MIT-States 115 245 1262 300 300 400 400
UT-Zappos 16 12 83 15 15 18 18

C-GQA 453 870 6963 1173 1368 1022 1047

Table 2: The statistics of the MIT-States, the UT-Zappos, and
the C-GQA.

Experiment
Datasets
We evaluate the proposed method on three CZSL datasets,
i.e., MIT-States (Isola, Lim, and Adelson 2015), UT-Zappos
(Yu and Grauman 2014), and C-GQA (Naeem et al. 2021).
The MIT-States consists of 53, 753 crawled web images la-
beled with 1962 attribute-object (e.g., wet-dog). The dataset
contains 1, 262 seen and 300/400 unseen compositions for
training and validation/testing, respectively. The UT-Zappos
is a fine-grained dataset consisting of 116 kinds of shoe
classes composed of 16 attributes (e.g., rubber) and 12 ob-
jects (e.g. sandal. The dataset is split into 83 seen and 15/18
unseen compositions for training and validation/testing. The
C-GQA is built based on the GQA dataset (Hudson and
Manning 2019) for the visual question answering task (Wu
et al. 2017; Jing et al. 2020). The C-GQA dataset contains
453 common attribute classes (e.g., wet and old) and 870
common object classes (e.g., dog and cat), and over 9, 000
composition classes. The dataset is split into 5, 592 seen
and 1, 040/923 unseen compositions for training and valida-
tion/testing, respectively. The detailed dataset statistics are
shown in Table 2.

Metrics
We report the standard metrics of CZSL evaluation proto-
col in both closed-world and open-world settings, includ-
ing the best seen accuracy (Seen), the best unseen accuracy
(Unseen), the best harmonic mean (HM) between the seen
and unseen accuracy, and the area under the curve (AUC) of
unseen versus seen accuracy. Specifically, the AUC is com-
puted by varying the value of the calibration bias added to
unseen compositions, and is thus able to describe the over-
all performance of a model (Purushwalkam et al. 2019). In
the open-world setting, the GloVe (Pennington, Socher, and
Manning 2014) is used to obtain the feasibility calibration to
filter out infeasible compositions.

Implementation Details
We implement our method based on PyTorch. For the back-
bone, the CLIP architecture ViT-L/14 is used as previs work
(Lu et al. 2023a). A single NVIDIA RTX 3090 GPU is
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Open-world MIT-States C-GQA UT-Zappos
Model AUC HM Seen Unseen AUC HM Seen Unseen AUC HM Seen Unseen

Without
CLIP

CompCos (Mancini et al. 2021) 0.8 5.8 21.4 7.0 0.43 3.3 26.7 2.2 18.5 34.5 53.3 44.6
CGE (Naeem et al. 2021) 1.0 6.0 32.4 5.1 0.47 2.9 32.7 1.8 23.1 39.0 61.7 47.7

KG-SP (Karthik, Mancini, and Akata 2022) 1.3 7.4 28.4 7.5 0.78 4.7 31.5 2.9 26.5 42.3 61.8 52.1
Co-CGECW (Mancini et al. 2022) 1.1 6.4 31.1 5.8 0.53 3.4 32.1 2.0 23.1 40.3 62.0 44.3
Co-CGEopen (Mancini et al. 2022) 2.3 10.7 30.3 11.2 0.78 4.8 32.1 3.0 23.3 40.8 61.2 45.8

With
CLIP

CSP (Nayak, Yu, and Bach 2023) 5.7 17.4 46.3 15.7 1.20 6.9 28.7 5.2 22.7 38.9 64.1 44.1
DFSP (Lu et al. 2023a) 6.8 19.3 47.5 18.5 2.40 10.4 38.3 7.2 30.3 44.0 66.8 60.0

Troika (Huang et al. 2023) 7.2 20.1 48.8 18.7 2.7 10.9 40.8 7.9 33.0 47.8 66.4 61.2
PILD (Bao et al. 2023) 7.3 20.4 49.1 18.7 2.5 10.6 39.1 7.5 30.8 46.6 67.6 55.5

Ours 8.18 21.8 49.9 20.1 4.4 14.6 45.5 11.2 33.3 47.9 69.4 59.4

Table 3: The results of the proposed methods and the state-of-the-art on CZSL datasets in the open-world setting.

used for training and testing. For the UT-Zappos, the hyper-
parameters λ1, λ2, and λ3 in the losses are set as 0.8, 5.0,
and 1.0. For the MIT-States, the three hyper-parameters are
set as 0.2, 1.0, and 0.1. For the C-GQA, the three hyper-
parameters are set as 0.2, 5.0, and 0.1. The number of re-
trieved images K is set as 32 for UT-Zappos and 16 for both
MIT-States and C-GQA. The number of images ND of each
primitive in database construction is set as 128 for the UT-
Zappos and 16 for both the MIT-States and the C-GQA, con-
sidering the classes in the MIT-States and the C-GQA are
much more than classes of the UT-Zappos. The number of
selected images M for the retrieval loss is is set as 256 for
the UT-Zappos and 512 for both the MIT-States and the C-
GQA. The weight of aggregated features β is set as 0.8 for
UT-Zappos and 0.5 for both MIT-States and C-GQA. We set
the training epochs of each dataset as 20. After each epoch,
all the representations of the databases are updated. For the
C-GQA, we tune the top 12 layers of the image encoder of
CLIP with LoRA (Hu et al. 2021), a lightweight parameter
efficient fine-tuning (PEFT) strategy.

Quantitative Results
Main results. We compare our method with various state-
of-the-art methods, including both methods without CLIP
and CLIP-based methods. The results of all the methods on
the test split of MIT-States, UT-Zappos, and C-GQA under
the standard closed-world setting are listed in Table 1. We
observe that our method outperforms all other methods. The
main reason is that benefiting from the primitive retrieval,
our method can use representations with relevant images to
refine the current primitive representations, and thus learn
more disentangled representations progressively for compo-
sitional generalization. Besides, the databases serve as ex-
ternal memories explicitly storing the knowledge of the tail
primitives, thus our method is able to learn more informative
representations for these primitives.

We also evaluate the proposed method in the challeng-
ing open-world setting. Table 3 shows the results of all the
methods on the three datasets in the open-world setting. The
proposed method also outperforms all other methods, which
demonstrates the effectiveness of our method for open-world
compositional zero-shot learning. We obverse that the per-
formance gap between the troika (Huang et al. 2023) and

RM Lde Lre AUC HM Seen Unseen
1 39.4 52.2 64.7 72.6
2 ✓ 40.6 54.2 66.5 71.5
3 ✓ 40.4 54.1 68.2 69.2
4 ✓ ✓ 44.0 56.1 69.3 72.6
5 ✓ ✓ 41.0 55.0 66.3 69.7
6 ✓ ✓ ✓ 44.5 56.5 69.4 72.8

Table 4: Results of different variants of our model on the the
Ut-Zappos dataset. RM denotes the retrieval module. Lde

and Lre are the losses.

the proposed method in the open-world setting is larger than
that in the closed-world setting. A possible reason is that
in the challenging open-world setting, all possible compo-
sitions should be considered, which requires disentangled
and composable primitive representations. Note that we use
identical model weights for the two settings.
Ablation studies. To study the effectiveness of several im-
portant components of our method, we evaluate different
variants of our model by ablating certain components. The
results of those models on the test split of the UT-Zappos
dataset in the closed-world setting are shown in Table 4.

We firstly ablate the retrieval modules and the de-bias loss
and the retrieval loss, and obtain a baseline model. The AUC
of this model is much lower than our full model, which
demonstrates that these components bring substantial im-
provements. Then, we add the retrieval module and the de-
bias loss on top of the baseline model and obtain the second
and the third model, respectively. The comparisons between
the two models with the baseline model show that the two
components are both beneficial. We further add the retrieval
loss for the second model and the fourth model to obtain the
fifth model and our full model, respectively. These compar-
isons demonstrate that the effectiveness of the retrieval loss.

Qualitative Results
Feature distributions. We visualize the feature distribu-
tions in Figure 5 to demonstrate the effectiveness of retrieval
for primitive representation learning. We select three typical
attributes and three typical objects and choose 16 images for
each attribute/object of the C-GQA dataset. The object rep-
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Figure 4: Qualitative results of the proposed method on the UT-Zappos, the MIT-States and the C-GQA. For each sample, we
show an image with the ground-truth composition and the prediction of our method on the left. The retrieved images of our
method are shown on the right, where the retrieved images of the attribute retrieval module are shown on the top and these of
the object retrieval module are shown on the bottom. The concepts in red/blue denote the ground-truth attribute/object classes.

(a) (b) 

Figure 5: Feature distributions on the C-GQA dataset of our
full model (a) and a model without retrieval modules (b).

resentations and the attribute representations of these images
of our full model and a model without retrieval modules are
shown by using the t-SNE tool (Van der Maaten and Hin-
ton 2008). The circles of different colors denote attribute
representations of images with different attributes, and the
triangles of different colors denote object representations of
images with different objects. It is clearly shown that the
primitive representations of our model are more separable
than these of the model without retrieval modules.
Qualitative examples. We provide qualitative examples
from the UT-Zappos, the MIT-States and the C-GQA in
Figure 4. The examples from the three datasets are shown
on the upper-left/upper-right/bottom-left, respectively. For
each sample, we show the input image with the ground-truth
composition and the prediction of our method on the left.
The retrieved images of our method are shown on the right,

where the images retrieved by the object retrieval module are
shown on the top and these of the attribute retrieval module
are shown on the bottom. We observe that the retrieve mod-
ule can relatively accurately find images with the same at-
tribute/object. Benefiting from referencing semantically rel-
evant images, our method can recognize the compositions.
We also provide a failure case of the proposed method on
the bottom-right. In the example, the “computer” is regarded
as an attribute. Thus the model can not find relevant images
with the same attribute and fail to figure out the correct at-
tribute label. In this case, performing attribute retrieval by
using the object information as condition may be helpful.
We leave it as future work.

Conclusion
In this work, we have presented a retrieval-augmented
method for compositional zero-shot learning. The proposed
method enables explicitly knowledge retrieval of seen prim-
itives for compositional generalization using two retrieval
modules. Our method explicitly store attribute and ob-
ject representations of training images by constructing two
databases. By using the retrieval modules, our method ob-
tains representations of relevant images from the databases
to enhance the primitive representations of input images.
The introduction of the de-bias loss and the retrieval loss
further encourage the retrieval modules to retrieve represen-
tations of relevant images. Extensive experiments show that
our method can learn separable attribute representations and
object representations and achieves state-of-the-art perfor-
mance for compositional zero-shot learning.
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