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Abstract

Compositional Zero-Shot Learning (CZSL) aims to transfer
knowledge from seen state-object pairs to novel unseen pairs.
In this process, visual bias caused by the diverse interrela-
tionship of state-object combinations blurs their visual fea-
tures, hindering the learning of distinguishable class proto-
types. Prevailing methods concentrate on disentangling states
and objects directly from visual features, disregarding poten-
tial enhancements that could arise from a data viewpoint. Ex-
perimentally, we unveil the results caused by the above prob-
lem closely approximate the long-tailed distribution. As a so-
lution, we transform CZSL into a proximate class imbalance
problem. We mathematically deduce the role of class prior
within the long-tailed distribution in CZSL. Building upon
this insight, we incorporate visual bias caused by composi-
tions into the classifier’s training and inference by estimating
it as a proximate class prior. This enhancement encourages
the classifier to acquire more discernible class prototypes for
each composition, thereby achieving more balanced predic-
tions. Experimental results demonstrate that our approach el-
evates the model’s performance to the state-of-the-art level,
without introducing additional parameters.

Introduction

Objects in the world often exhibit diverse states of exis-
tence; an apple can be sliced or unripe, while a building can
be ancient or huge. Humans have the ability to recognize
the composition of the unseen based on their knowledge of
seen elements. Even if people have never seen a green ap-
ple before, they can infer the characteristics of a green apple
from a red apple and a green lemon. To empower the ma-
chine with this capability, previous work (Misra, Gupta, and
Hebert 2017; Purushwalkam et al. 2019) propose Composi-
tional Zero-Shot Learning (CZSL), a task aims to identify
unseen compositions from seen state-object compositions.
However, the combination of state-objects creates a visual
bias for a attribute (state or object) in it, hindering the learn-
ing of distinguishable class prototypes. In the face of above
challenge, early approaches in the domain of CZSL can be
categorized into two distinct methods. The first method uti-
lized two independent classifiers to categorize states and ob-
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jects (Misra, Gupta, and Hebert 2017; Li et al. 2020; Pu-
rushwalkam et al. 2019; Li et al. 2022). The second method
involved training a common embedding space where seman-
tic and visual features could be projected to reduce the dis-
tance between them (Naeem et al. 2021; Mancini et al. 2021,
2022). Commonly, these studies concentrate on improving
the structure of classifiers and investigating alternative ar-
chitectures. However, minimal research has been conducted
considering the problem in terms of data distribution.

We analyze the prior and posterior probabilities associ-
ated with attributes (states or objects) and compositions to
determine a more suitable solution. Fig. 1 illustrates that the
class prior follows a distinct trend differing from the pos-
terior probabilities. For instance, even though the model is
trained on a comparable number of samples, it demonstrates
a low probability of predicting the object labeled as O5. This
issue also extends to making inferences about compositions,
which reminds us of the long-tail distribution or class imbal-
ance (Menon et al. 2020; Tang et al. 2020; Kim et al. 2020).

We consider that certain samples are infected by the in-
tricate interplay between objects and states within composi-
tions (Atzmon et al. 2020), leading to significant bias from
the ideal class prototype. Consequently, these samples with
large visual bias make it difficult for the classifier to fit their
intrinsic patterns, results in the inability to form effective
classification boundaries. In contrast to class imbalance, we
refer to this phenomenon as ‘attribute imbalance’ below.
The recent methods for CZSL (Saini, Pham, and Shrivastava
2022; Wang et al. 2023) synchronize the prediction of visual
features to states and objects with the prediction of compo-
sitions in the common embedding space, which works as a
model ensemble approach. While this design addresses the
capability to categorize some classes, the non-interaction
among the independent classifiers may lead to incomplete
mutual compensation due to potential information gaps.

The identified shortcomings prompted a redesign of the
model using the model ensemble approach. Building on the
success of logit adjustment in addressing long-tail learning
(Menon et al. 2020), this study treats attribute imbalance in-
formation as special prior knowledge (In the following we
denote by ‘attribute prior’) that approximates the class prior.
This attribute prior is derived from the estimation of avail-
able samples by two independent classifiers for states and
objects. In other words, we construct this prior by modelling
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Figure 1: An example of prior and posterior probabilities (predicted by model) of same classes in MIT-States (Isola, Lim,
and Adelson 2015). N.S. represents the prior probability calculated from the number of samples in each class. P. denotes the
average value of posterior probabilities indicating the likelihood of the sample belonging to its class, which is predicted by a
MLP with ResNet-18 (He et al. 2016) as backbone (same settings as C,, C, and C, in Implementation Details and trained via
vanilla cross-entropy loss). The classes are selected on the basis of the closest sample size, and shows the results for the object
(left), state (middle), and composition (right) classes. All data is simply normalized for ease of presentation.

the visual bias of states and objects from samples. During
the training phase, we incorporate it through logit adjust-
ment into the common embedding space. This approach en-
ables the production of balanced posterior probabilities re-
garding the poorly-classified classes in Fig. 1, thereby pre-
venting each independent classifier from ineffectively rein-
forcing the ability to classify the well-classified classes.

Specifically, we reconstructed the CZSL problem from
the perspective of mutual information and adjusted the pos-
terior values predicted by the model from the perspective
of maximizing mutual information. In addition, we gener-
alize the above attribute prior to the unseen class in order
to optimize the lower bound of seen-unseen balanced accu-
racy (Xian, Schiele, and Akata 2017) obtained by Chen et al.
(2022). We refer to this method as the logit adjustment for
Proximate Long-Tail Distribution (ProLT) in CZSL. Unlike
previous methods, ProLT does not necessitate introducing
additional parameters, yet it significantly enhances the over-
all CZSL model performance. Our contributions are summa-
rized as follows:

* In our study, we conduct an analysis of the data distri-
bution in CZSL. We translate the visual bias in composi-
tions into an attribute imbalance and thereby generalize
CZSL to a proximate long-tail learning problem.

e Our analysis involves a mathematical examination of
both the training and inference phases of the model.
This enables us to adapt the model’s posterior probability
based on the attribute prior.

e Our model enhances the prediction of relationships in
compositions without the need for introducing additional
parameters. Experimental results on three benchmark
datasets demonstrate the effectiveness of our approach.

Related Work

Compositional Zero-Shot Learning (CZSL): Zero-Shot
Learning (ZSL) transfers knowledge from seen classes to
unseen ones by leveraging attributes (Akata et al. 2013;
Lampert, Nickisch, and Harmeling 2013; Parikh and Grau-
man 2011; Frome et al. 2013; Akata et al. 2015). CZSL
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(Atzmon et al. 2020; Yang et al. 2022; Nagarajan and Grau-
man 2018; Wang et al. 2019) builds upon this foundation by
incorporating the notion of composition learning (Hoffman
and Richards 1984), with its extension primarily relying on
the shared semantics of state and object within the composi-
tion of both seen and unseen classes.

Initial CZSL methodologies directly classify states and
objects, effectively converting the task into a conventional
supervised assignment (Misra, Gupta, and Hebert 2017;
Chen and Grauman 2014; Yang et al. 2020; Lu et al. 2016; Li
et al. 2022). However, the fusion of state-object pairs led to
visual bias in both elements, impeding the acquisition of dis-
cernible class prototypes. Numerous subsequent strategies
utilize visual-semantic alignment within a common embed-
ding space (Naeem et al. 2021; Mancini et al. 2022, 2021)
to grasp the entwined nature of objects and states within
compositions. However, this technique is susceptible to do-
main shift challenges. Recent methodologies typically amal-
gamate these two models, creating a framework of model en-
sembles. For instance, Saini, Pham, and Shrivastava (2022)
enhances the model’s adaptability to unseen classes by dis-
entangling visual features and subsequently reconstituting
them for novel classes. Meanwhile, Wang et al. (2023) in-
troduces conditional state generation to address visual alter-
ations arising from object-state combination. ProLT aligns
closely with this paradigm, although with a greater empha-
sis on direct inquiries into visual bias attributes.

Long-Tailed Classification: Numerous studies address
the issue of imbalanced class distributions, with one
prominent approach being posterior modification methods
(Bunkhumpornpat, Sinapiromsaran, and Lursinsap 2012;
Liu et al. 2019; Hou et al. 2021; Menon et al. 2020; Lin et al.
2017). Within ZSL, Chen et al. (2022) regards it as an imbal-
anced challenge involving seen and unseen classes, and then
applies regulatory techniques based on logit adjustment.
However, this approach does not readily extend to the issue
of attribute imbalance in our context. Jiang et al. (2022) con-
siders the presence of visual bias in samples re-weighting
within the optimization process, but its localization-based
weighting strategy ignores the differences between classes.
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In this study, we introduce advanced logit adjustment strate-
gies theoretically, aiming to enhance the equilibrium of pre-
dictions between various classes.

Methodology
Task Definition

Considering the two disjoint sets J* and VY, ie., Y° N

VY = @. CZSL aims to classify sample x € X into a com-
position y = (s,0) € Y, where Y = Y3 UYY, and samples
from YV are unseen during training. y is composed by state
s € S and object 0 € O, S and O are sets of states and
objects. Samples from }® and YV share the same objects
o and states s, but their compositions (s,0) are different.
Define the visual space X' C R and d, is the dimension
of the space, X can be divided into X S and XU based on
whether their samples belong to seen classes. We can define
the train set as Dyeer, = {(X,9)|x € X%,y € Y°} and an
unseen set for evaluation of methods which is Dy scen =
{(x,y)|x € XY,y € YYU}. We employ the Generalized
ZSL setup defined in Xian, Schiele, and Akata (2017), which
requires both seen and unseen classes involves in testing.

Empirical Analysis on Model Ensemble

Method M.E. Sta. Obj. S. U. HM

. F 270 31.8 253 24.6 164

MLP (Mancini etal. 2021) . 579 35 298 24.5 17.9
F 279 320 287 253 172

GCN (Naeem etal. 2021) 1 5¢'3 334 28'9 260 18.8
IC. ~ 253 248 193 190 12.0

Table 1: The results of methods that incorporate a composi-
tion classifier, along with the addition of two classifiers for
states and objects on top of them (i.e., model ensemble), are
presented. I.C. indicates only two independent classifiers are
used. ML.E. indicates the utilization of model ensemble in the
methods, where F denotes false and T denotes true. The met-
rics in the table are defined in Evaluation Protocol.

For the problem of approximate long-tailed distributions
caused by visual bias in CZSL, ensemble-based methods
have demonstrated exceptional performance in CZSL (Saini,
Pham, and Shrivastava 2022; Wang et al. 2023). Typically,
this approach combines the predictions of two models to
produce the final prediction. The first model consists of two
independent classifiers C, and C| for objects and states. The
second model is a composition classifier C'y. The process of
the model can be viewed as inputting the samples into three
classifiers to estimate the posterior probabilities:

p(s|x) = softmax[Cs(x)], p(o|x) = softmax[C,(x)],
p(y|x) = softmax|[Cy(x)], (1)
Pylx) = dp(ylx) + (1 = 6) [p(sx) + p(olx)]
where p(s|x),p(o|x) and p(y|x) are posterior probability
from classifiers, p(y|x) is the final posterior probabilities. J

is a weight factor. C,(x) denotes the logits for class y based
on sample x, and C;(x), C,(x) are similarly defined.
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As demonstrated in Tab. 1, augmenting two additional
posterior estimates p(o|x) and p(s|x) to p(y|x) can signifi-
cantly enhance CZSL results. However, only relying solely
on p(o|x) and p(s|x) does not enable accurate estimation,
this suggests the improvement in results is not due to the
introduction of superior classifiers. Consequently, we can
deduce the subsequent conjectures: The effectiveness of
ensemble-based methods emanates from incorporating Cg
and C,, aiding in the classification of compositions that en-
counter a relative disadvantage within C,. While attribute
imbalances vary across states, objects, and compositions, all
three elements might not simultaneously experience large
visual bias for a particular class. Based on these preliminary
studies, we can posit that effective classification of classes
with large visual bias within common embedding spaces re-
quires information compensation. In our study, we directly
estimate visual bias as compensation described above. Con-
sidering that the visual bias generated by state-object com-
bination is difficult to eliminate directly, we try to introduce
it as an attribute prior into the training process from the clas-
sifier. In the following, we detail this process.

From the Perspective of Mutual Information

Let us first consider the problem from a simple CZSL ap-
proach based on common embedding spaces like (Mancini
et al. 2021; Naeem et al. 2021). The optimization objective
of these methods can be viewed as the maximum likelihood:

argming Ex,)~p,..., [~logp(y[x)], 2)

where p(y|x) is defined in Eq. 1, which denotes the distribu-
tion of compositions predicted by the model. § denotes the
model parameters.

Given the characteristics of CZSL, where each sample is
associated with two labels, s and o, there is a conditionality
between the two in the setup of the dataset, i.e.,

p(y) = p(s, 0) = p(o)p(s|o), 3)
p(y) and p(o0) denotes class prior of class y and object o, and
p(slo) is conditional class prior of s and o.
Inspired by Su (2020), we look at the above issues through
the perspective of mutual information (Kraskov, Stégbauer,
and Grassberger 2004), we have:

I(Y; X) ~ Ey D [p(y[x)lp(y)]

o Pl
—gp( ,y)log oly)

plylx)
=2l o0 ooy

where X and Y are discrete random variables correspond-
ing to x and y, respectively, and S and O are similarly
defined. Dy, represents the Kullback-Leibler divergence,
while p(x, y) represents the joint probability of the class y
and the visual feature x. Due to the real posterior probabil-
ity between y and x is unknown, we use p(y|x) as an ap-
proximation. We can interpret the optimization of maximum
likelihood as follows, based on the posterior term in Eq. 4,

plylx)
20)p(s10) ©)

4)

C?] (X)a
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which can be transfer to:

Cy(x) + logp(o)p(s|o), (6)

here, C, (x) represents the logits for class y, defined in Eq. 1,
~ denotes approximately equal. The expression on the right-
hand side is re-normalized using the softmax function, i.e.,

logp(y|x) ~

— logp(ylx)
Nlog 1+Zzp07’ 8]‘071 C(x) Cy
0;7#0 5 #s
\ )"
~log |1+ Z Z ( SJ Oi ) eCi(x)—Cy (%)
0;7#0 5;#s
@)
where § = (s;,0;), and 7 is an adjustment factor. Eq. 7

demonstrates that by incorporating the class prior p(s|o) and
p(o) for state s and object o, we can optimize the model’s
mutual information. Consequently, we approach the CZSL
problem from the perspective of mutual information.

Estimating the Attribute Prior

The above idea comes from the logits adjustment (Menon
et al. 2020) introduced to address class imbalance (John-
son and Khoshgoftaar 2019; Japkowicz and Stephen 2002),
which demonstrate that the inclusion of a class prior en-
hances the maximization of mutual information, and we gen-
eralize it to CZSL task.

As stated in Introduction, we undertake the transforma-
tion of CZSL into an approximate long-tailed distribution
issue caused by visual bias from state-object combinations.
Our argument centers on the proposition that attribute im-
balance within CZSL contributes to an approximate form of
class imbalance, since visual bias hinders reduces the dis-
tinguishability of some of the samples. Therefore, exclusive
reliance on the class prior is inadequate. Building upon this
rationale, we propose to use the attribute prior to assume the
function of the class prior within the long-tailed distribution,
serving as an approximation.

We propose incorporating the model’s conditional poste-
rior probabilities as an approximation for this scenario. We
continue to denote it as the ‘prior’ due to its function as a
prior probability during the training process, despite being
computed using posterior probability. Since attribute imbal-
ance cannot be directly quantified from the dataset, we sim-
ulate it by utilizing the posterior probability of the additional
classifiers, for x and its corresponding s, o, we have:

13(5) = ]EXN[)(X) [p(s\x)],ﬁ(o) = IEx~p(x) [p(O|X)], 8)

where X € Dgeen, p(s|x) and p(o|x) are defined in Eq. 1,
which are posterior probabilities from Cs and C,, we use
their predicted expectations for all training samples as a spe-
cial attribute prior. From this we can replace the class prior
in Eq. 7 with following item:
k(s,0) = softmax [o(s,

0)p(s)p(0)], ©)
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where o(s,0) is a function used to model the conditional
nature of the composition, i.e.,

_ 1 (s,0) € YSUY,
a(s,0) = { 0 else.
From this we obtain the final objective function according to
Eq. 7:
n
( 8, 0i ) £C3 () —C, ()

(1)

(10)

‘Ccls

log 1+ZZ

0;#0 5;F#s

Logit Adjustment for Inference

Due to the introduction of unseen classes in the inference
phase we need to make additional adjustments. CZSL usu-
ally measures model performance in terms of A which de-
notes Harmonic Mean (HM) accuracy:

1
av)
where A%, AY denote seen and unseen accuracy. Chen et al.

(2022) provides a lower bound of HM, below we briefly de-
scribe its conclusions. For HM’s lower bound we have:
AT > 1By VIpV)plyly € V) 7
q(Cour = yx)p(ylx)
where ¢(C,yt = y|x) represents the probability of predict-
ing class y using our model. The set ) can be either VS or
VY, p(yly € V) represents the conditional class prior, and
|Y|p()) can be seen as a hyper-parameter that quantifies the
differences between seen and unseen classes. Considering
that the gap between the domains of seen and unseen classes
in CZSL is not significant, we can simply treat |Y|p(}) as
an ignorable constant in the following process.

Finding the Bayesian optimum for A is difficult. How-
ever, it is possible to maximize its lower bound, which is
equal to minimizing the upper bound of its inverse, i.e., the
denominator term of Eq. 13 is minimized if:

g = argmax, [Cy(x) + nlogp(yly € V)],  (14)
where 7 is from Eq. 11, g is the predicted label for sample
x. For conditional class prior p(y|ly € Y°), which repre-
sents the true class frequency when y belong to seen classes.

Following Eq. 11, we similarly replace the prior with the
attribute prior estimate in Eq. 9 here, which is:

p(y|(s,0) € Y°) := k(s,0), (s,0)€V°, (15)
and the attribute prior of unseen classes are not available
to the model, we model it here using a combination of the
estimation from Importance Sampling (Neal 2001) with the
attribute prior from seen samples, which can be denoted as:
kx(s,0)
Ak(s,0)’
where % is a hyper-parameter denotes the distribution of x.
The above results are re-transformed into probability distri-
butions in the actual calculation. And l%x(s, 0) is instance-
based conditional posterior probability:

kix (s, 0) = softmax [o(s, 0)p(s|x)p(o|x)] ,

= 2/(F + 12)

13)

p(yly € YY) :==k(s,0) + (s,0) € VY, (16)

a7)
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Figure 2: A brief demonstration of ProLT’s training stage
(detailed in Method Overview). X' is the set of seen visual
features, we obtain the attribute prior according to Eq. 8.

the aforementioned setup arises because during testing, we
are unable to provide posterior probabilities l%x(s, o) from
multiple samples simultaneously. Furthermore, Importance
Sampling results in significant variance when the number of
samples is insufficient. To address this, we attempt to aug-
ment it by leveraging seen attribute prior.

ProLT makes inferences during testing phase based on Eq.
14, our aim is to integrate local information during testing
with the prior derived from seen classes, to address the dis-
parities between seen and unseen classes. With Eq. 14 ProLT
theoretically achieves the best overall accuracy.

Method Overview

This section provides a concise summary of the aforemen-
tioned methods. Our approach, illustrated in Fig. 2, involves
training two independent classifiers denoted as C, and C,.
These classifiers are implemented using prototype learners,
namely P, and P,, and visual embedders V,, Vs, to deter-
mine the prototypes of states and objects, i.e.,
Co(x) = COS(VS(X)’PS(S)),CO(X) _ cos(Vo(x),Po(o))7
T T

(18)
where 7 is the temperature. These classifiers are trained with
vanilla cross-entropy loss:

Lic = lOg[l + Z ecs’(x)—cs(x)}[l + Z eCU/(X)—Co(x)].
s'#s o'#o

(19)
Once the classifiers reach a specific training stage, we cal-
culate the attribute prior using Eq. 8, and employ the loss
function L from Eq. 11 for training the classifier C, for
compositions:
Cy (X) = COS(V?/ (X)? P’U (y)) ,
° T
where P, is the prototype learner for compositions and V),
is a visual embedder. After training, the model uses Eq. 14
for inference.

(20)

Experiments
Datas

There are numerous recent approaches to compositionality
research, and three datasets have been primarily employed
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for evaluation: MIT-States (Isola, Lim, and Adelson 2015),
UT-Zappos (Yu and Grauman 2014), and C-GQA (Naeem
et al. 2021). We utilized a standardized evaluation dataset
for a reasonable comparison with previous methods.

MIT-States presents a considerable challenge, consists of
53,753 images. It comprises 115 state classes, 245 object
classes, and 1,962 compositions. In the total compositions,
there are 1,262 seen compositions, and 700 compositions re-
main unseen. UT-Zappos is a collection of 50,025 images
that focuses on various forms of footwear. It consists of 12
object classes and 16 state classes which is a fine-grained
dataset, yielding 116 compositions, of which 83 are seen.
C-GQA is introduced by Naeem et al. (2021), which encom-
passes a wide variety of real-world common objects. It com-
prises 413 states, 674 objects, and over 27,000 images, along
with more than 9,000 compositions, consisting of 5,592 seen
and 1,932 unseen compositions.

Evaluation Protocol

The setting of GZSL (Xian, Schiele, and Akata 2017) re-
quires both seen and unseen compositions during testing. We
report the best accuracy of seen classes (best seen), the un-
seen class (best unseen), and its harmonic accuracy (HM).
In order to measure the performance on attribute learning,
we report the best accuracy of states (best sta) and ob-
jects (best obj). Building upon the research of (Naeem et al.
2021) and (Wang et al. 2019), we calculate the Area Under
the Curve (AUC) by comparing the accuracy on seen and
unseen compositions with various bias terms.

Implementation Details

Below we present the details of the implementation of ProLT
on ResNet-18 (He et al. 2016).

Visual Representations and Semantic: In line with prior
methods, we employed ResNet-18 pre-trained on ImageNet
(Deng et al. 2009) to extract 512-dimensional visual fea-
tures from the images. For semantic information, we utilized
GloVe (Pennington, Socher, and Manning 2014) to extract
attribute names as 300-dimensional word vectors.

Implementations and Hyper-Parameters: For three pro-
totype learner Py, P, and P, are GloVe connects with two
Fully Connected (FC) layers with ReLU (Nair and Hinton
2010) following the first layer. And the three visual em-
bedders V,V,, and V), are also two FC layers with ReLU
and Dropout (Srivastava et al. 2014). All FCs embed the
input features in 512 dimensions and the hidden layer is
1024 dimensions. The overall model is trained using the
Adam optimizer (Kingma and Ba 2014) on NVIDIA GTX
2080Ti GPU, and it is implemented with PyTorch (Paszke
et al. 2019). We set the learning rate as 5 x 10~* and
the batchsize as 128. We train the C,,C, and C, with an
early-stopping strategy, it needs about 400 epochs on MIT-
States, 300 epochs on UT-Zappos and 400 epochs on C-
GQA. For hyper-parameters, we set 7 as 0.1,0.1,0.01, n
as 1.0,1.0,1.0 and A as 50,10,100 for MIT-States, UT-
Zappos, and C-GQA, respectively.
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Methods MIT-States UT-Zappos C-GQA

AUC HM S. U. Sta. Obj.|AUC HM S. U. Sta. Obj.|AUC HM S. U. Sta. Obj.
LE+ (2017) 2.0 10.7 150 20.1 23.5 26.3|257 41.0 53.0 619 412 692| 0.8 6.1 181 56 - -
AttOp (2018) 1.6 99 143 174 21.1 236|259 408 59.8 542 389 696| 0.7 59 170 56 - -
TMN (2019) 29 13.0 20.2 20.1 23.3 265|293 450 58.7 60.0 40.8 699| 1.1 7.5 23.1 6.5 - -
SymNet (2020) 3.0 16.1 244 252 263 283|239 392 533 579 40.5 71.2| 2.1 11.0 26.8 103 - -
CompCos (2021) | 4.5 164 253 24.6 279 31.8|28.7 43.1 59.8 62.5 447 73.5| 2.6 124 28.1 11.2 - -
CGE (2021) 5.1 172 287 253 279 320|264 412 568 63.6 450 739 23 114 28.1 10.1 - -
SCEN (2022) 53 184 299 252 282 322|320 478 63.5 63.1 473 756| 29 124 289 12.1 13.6 279
Co-CGE (2022) | 5.1 175 27.8 252 - - 1 29.1 44.1 582 633 - - 2.8 127 293 11.9
OADis (2022) 5.9 189 31.1 25.6 284 332|300 444 59.5 655 465 755| - - - - - -
DECA (2022) 53 182 29.8 255 - - | 316 463 62.7 63.1 - - - - - - - -
CANet (2023) 54 179 29.0 262 30.2 32.6|33.1 473 61.0 663 484 726| 3.3 14.5 30.0 13.2 175 223
ProLT (Ours) 6.0 19.3 309 26.5 29.5 342|334 493 627 640 46.1 742 | 32 144 32.1 13.7 17.8 32.5
CSP (2022) 194 363 46.6 499 - - 1330 466 662 642 - - 6.2 205 26.8 288 - -
DFSP (2023) 20.8 37.7 528 47.1 - - 1360 472 667 71.7 - - 10.5 27.1 382 32.0
ProLT (Ours) 21.1 38.2 49.1 51.0 49.8 59.0| 36.1 494 66.0 70.1 52.6 79.4|11.0 27.7 39.5 329 249 50.1

Table 2: The SoTA comparisons on three datasets. We compare ProLT with others on AUC, best HM, best sta (Sta.), best obj
(Obj.), best seen (S.) and best unseen (U.). 1 denotes ResNet-based methods and I denotes CLIP-based methods. The best AUC
and HM for ResNet-based methods and CLIP-based methods are shown in bold.

Compared with State-of-the-Arts

ProLT is mainly compared with recent methods using fixed
ResNet-18 as backbone with the same settings. We also
compared ProLT with the CLIP-based approaches (Lu et al.
2023; Nayak, Yu, and Bach 2022) after using CLIP (Rad-
ford et al. 2021) to learn visual and semantic embeddings.
The comparison results are shown in Tab. 2.

The results demonstrate that ProLT achieves a new state-
of-the-art performance when using ResNet-18 as backbone
on the MIT-States, UT-Zappos, and C-GQA. Specifically,
our method achieves the highest AUC of 6.0% on MIT-
States, surpassing CANet by 0.6%. On the UT-Zappos, we
achieve the highest HM of 49.3%, outperforming CANet by
2.0%. Although ProLT has a slight disadvantage on the C-
GQA dataset, it remains competitive with the state-of-the-art
methods, achieving an HM of 14.4%. As for the CLIP-based
approaches, ProLT has produced remarkable outcomes. Un-
like DFSP, our method avoids the incorporation of extra self-
attention or cross-attention mechanisms. Despite this, we ex-
cel across all three datasets, attaining an HM of 38.2% on
MIT-States and 49.4% on UT-Zappos. These results under-
score the compatibility of ProLT when combined with CLIP.

Ablation Study

In this section, we verify that each of these modules plays an
active role by ablating each of its parts on UT-Zappos with
ResNet-18. The results are shown in Tab. 3 and Tab. 4.

Attribute Prior versus Class Prior: As mentioned above,
we use the attribute prior in place of the class prior due to the
attribute imbalance. To further validate this, we replaced Eq.
11 and Eq. 14 using class prior, shown in Tab. 3. To make the
results more robust, we tested two different prototype learn-
ers, i.e., the GCN from the CGE (Naeem et al. 2021) and
the FC layers. The results in Tab. 3 indicate that incorporat-
ing a class prior yields improvements over the baseline. We
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Method Prior AUC HM S. U. Sta.  Ob;.
N. 284 450 589 60.0 434 700
GCN CP. 296 462 589 613 439 71.8
AP 323 484 617 624 459 732
N. 323 468 61.1 648 441 723
FC CP. 320 479 622 621 442 737
AP 334 493 627 64.0 46.1 742

Table 3: A comparison of different priors for Eq. 11 and
Eq. 14 on UT-Zappos. GCN: GCN is used as the proto-
type learner, FC: FC layers are used as the prototype learner.
N. represents no prior is introduced, using pure ensemble
method, C.P. represents class prior from datasets is utilized,
and A.P. denotes attribute prior is incorporated.

attribute this enhancement mainly to Menon et al. (2020),
the class sizes of datasets are not solely identical. However,
ProLT exhibits a substantial advantage over the other meth-
ods, which demonstrates the more dominant influence of po-
tential attribute imbalances in CZSL.

Effect of Components: We eliminate the effects of each
component by adjusting the hyper-parameters n in Eq. 11
and the attribute prior in Eq. 16 to verify the role played by
each component. In Tab. 4, we set 1 to 0 to convert Eq. 11 to
a vanilla cross entropy loss and the inference phase is con-
verted to same as CGE. For p = 0, we remove the attribute
prior in inference phase. We also tested on both prototype
learners. We can observe that each part of the ablation leads
to a decrease in outcome, with 7 = 0 being the most signifi-
cant. This reflects the effectiveness of our method.

Hyper-Parameter Analysis

Our method primarily comprises the subsequent hyper-
parameters: 1) logit-adjusting factor (1), and 2) factor about
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Figure 3: Qualitative results on MIT-States (first row), UT-Zappos (second row) and C-GQA (third row), where the left part
contains the top-3 results contains correct predicts, and the rights contains the top-3 predicts do not contain correct predicts.
The label is indicated in black above the image, with correctly predicted results indicated in blue and incorrect ones in red.

Method 7 =0 p=0 AUC HM S.

294 442 599
31.3 47.3 60.8
323 484 61.7

289 44.1 60.1
327 48.3 61.8
334 493 62.7

U.

63.0
60.5
62.4

62.9
64.6
64.0

Sta. Obj.

434 70.0
43.7 73.6
459 732
44.1 732

45.8 74.1
46.1 74.2

GCN.

FC.

X X N[ X X N
X NX | X NX

Table 4: Ablation results for each component on UT-Zappos.
p = 0 deontes we remove the prior in Eq. 14, v* indicates
setting p or 1) to 0, and X indicates the opposite.

the sample distribution (A\). We test on the UT-Zappos un-
der various hyper-parameters based on ResNet-18, shown in
Fig. 4. For n, the best AUC are observed when = 1.6,
and the gap between seen and unseen begins to decrease
as 7 increases. Concerning A, the outcomes are documented
within the interval A € [1.0, 50.0] with increments about 5.0.
The pinnacle value for the seen class is observed at 20.0,
and 35.0 for unseen class. Overall, these hyper-parameter
settings yield results characterized by minimal fluctuations,
thus underscoring the robustness of our methodology.

Qualitative Results

Qualitative results for unseen compositions, accompanied
by the top-3 predictions when we use ResNet-18 as back-
bone, are displayed in Fig. 3. Concerning MIT-States, we
argue that certain erroneous predictions as partially justifi-
able. For instance, the phrase tiny dog, for which the model’s
incorrect predictions involve small dog and tiny animal, ex-
hibits a high degree of semantic similarity. A similar phe-
nomenon can be observed for the brown chair in C-GQA.
For UT-Zappos, ProLT’s limitation in fine-grained classifi-
cation persists. An illustrative example is the outcomes for
leather boot.M, our approach encounters challenges in mak-
ing nuanced differentiations within the category of boots.
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Figure 4: Influence of hyper-parameters on UT-Zappos
about best seen (S.), best unseen (U.) and AUC.

Conclusion

This paper presents from an experimental analysis aimed at
revealing the concealed proximate long-tail distribution is-
sue within CZSL. In our work, CZSL is transformed into
an underlying proximate class imbalance problem, and the
logit adjustment technique is employed to refine the poste-
rior probability for individual classes. Diverging from con-
ventional methods for handling long-tailed distributions, the
introduced attribute prior is derived from the model’s sample
estimation of visual bias. Experimental results demonstrate
that our approach attains state-of-the-art outcomes without
necessitating the introduction of supplementary parameters.
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