The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

Super-Class Guided Transformer for Zero-Shot Attribute Classification

Sehyung Kim*, Chanhyeong Yang*, Jihwan Park, Tachoon Song, Hyunwoo J. Kim'

Department of Computer Science and Engineering, Korea University
{shkim129, 0814gerrardso, jseven7071, tachoons, hyunwoojkim } @korea.ac.kr

Abstract

Attribute classification is crucial for identifying specific char-
acteristics within image regions. Vision-Language Models
(VLMs) have been effective in zero-shot tasks by leverag-
ing their general knowledge from large-scale datasets. Re-
cent studies demonstrate that transformer-based models with
class-wise queries can effectively address zero-shot multi-
label classification. However, poor utilization of the re-
lationship between seen and unseen attributes makes the
model lack generalizability. Additionally, attribute classifi-
cation generally involves many attributes, making maintain-
ing the model’s scalability difficult. To address these issues,
we propose Super-class guided transFormer (SugaFormer),
a novel framework that leverages super-classes to enhance
scalability and generalizability for zero-shot attribute classi-
fication. SugaFormer employs Super-class Query Initializa-
tion (SQI) to reduce the number of queries, utilizing com-
mon semantic information from super-classes, and incorpo-
rates Multi-context Decoding (MD) to handle diverse vi-
sual cues. To strengthen generalizability, we introduce two
knowledge transfer strategies that utilize VLMs. During train-
ing, Super-class guided Consistency Regularization (SCR)
aligns model’s features with VLMs using super-class guided
prompts, and during inference, Zero-shot Retrieval-based
Score Enhancement (ZRSE) refines predictions for unseen at-
tributes. Extensive experiments demonstrate that SugaFormer
achieves state-of-the-art performance across three widely-
used attribute classification benchmarks under zero-shot, and
cross-dataset transfer settings.

1 Introduction

Understanding an image at the region level is crucial for ad-
vancing computer vision. Building on the progress of image-
level multi-label classification, region-level attribute classi-
fication takes this further by recognizing specific attributes
within image regions. For example, it can describe a ‘bus’
as red, large, and parking, or the ‘road’ as wet and crowded.
This task is vital for applications such as self-driving cars
and image recommender systems, where the precise recog-
nition of regional attributes directly impacts performance.
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Figure 1: Hierarchical structure of attributes and effective-
ness of super-class guided prompt. (A) Attributes belonging
to the same super-class share common semantic informa-
tion. (B) By leveraging super-class guided prompts, VLMs
make more accurate predictions by distinguishing attributes
within each super-class.

In recent years, the extension of visual recognition to
zero-shot learning (Xian et al. 2018; Chen et al. 2023b),
where models are required to predict novel classes not
encountered during training, has achieved notable suc-
cess (Zhou et al. 2023; Guo et al. 2024). A promising
strategy is to leverage pre-trained Vision-Language Mod-
els (VLMs) (Radford et al. 2021; Li et al. 2023). This can
be achieved through techniques such as fine-tuning VLMs
on specific datasets, applying knowledge distillation (Yang
et al. 2023; Liao et al. 2022), or directly integrating these
models into the architecture (Gu et al. 2021; Ning et al.



2023). Given these insights, we leverage VLMs for zero-
shot attribute classification, focusing on developing a effec-
tive and scalable approach to handle unseen classes.

One practical approach for zero-shot multi-label classifi-
cation is a transformer-based classifier equipped with class-
wise queries (Ridnik et al. 2023). This technique demon-
strates strong performance in fine-grained classification and
offers the flexibility to predict unseen labels. However, this
line of work has two notable disadvantages. First, it lacks
scalability for handling many classes, such as in attribute
classification, since class-wise queries require substantial
memory and computational cost as the number of classes in-
creases. Second, the generalization of unseen classes is sub-
optimal, mainly due to the poor utilization of the relationship
between seen and unseen classes.

To this end, we propose Super-class guided transFormer
(SugaFormer), a framework that leverages super-classes to
effectively utilize VLMs to address the challenges of zero-
shot attribute classification. SugaFormer improves scalabil-
ity and generalizability through Super-class Query Initial-
ization (SQI), as shown in Fig. 1-(A), which illustrates the
hierarchical relationship between super-classes and attribute
classes. By leveraging this hierarchy, SQI reduces the num-
ber of queries and utilizes common semantic information by
aligning attributes with their relevant super-classes. It also
enhances performance with Multi-context Decoding (MD),
which handles diverse visual cues. To strengthen generaliz-
ability, SugaFormer incorporates Super-class guided Consis-
tency Regularization (SCR) during training, as illustrated in
Fig. 1-(B), aligning its features with those of VLMs through
the use of super-class guided prompt. During inference,
it employs Zero-shot Retrieval-based Score Enhancement
(ZRSE) to refine predictions for unseen attributes by inte-
grating similarity scores from image and text embeddings.

The effectiveness of our SugaFormer framework is
validated using three attribute classification datasets:
VAW (Pham et al. 2021), LSA (Pham et al. 2022), and
OVAD (Bravo et al. 2023). Our experiments and analyses
demonstrate that SugaFormer achieves state-of-the-art per-
formance in these benchmarks under zero-shot, and cross-
dataset transfer settings by leveraging super-classes to accu-
rately identify attributes and effectively VLMs.

In summary, our contributions are as follows:

e We present a Super-class guided Transformer (Sug-
aFormer), a novel framework that improves scalability
and generalizability for zero-shot attribute classification.
Super-class Query Initialization (SQI) reduces the num-
ber of queries by utilizing super-classes and leveraging
their common semantic information while Multi-context
Decoding (MD) enhances performance by handling di-
verse visual cues.

We propose two knowledge transfer strategies that
leverage VLMs to enhance generalizability. Super-class
guided Consistency Regularization (SCR) aligns its fea-
tures with VLMs using super-class guided prompts dur-
ing training. During inference, Zero-shot Retrieval-based
Score Enhancement (ZRSE) refines predictions for un-
seen attributes by integrating similarity scores between
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image and text embeddings.

* Extensive experiments demonstrate that SugaFormer
significantly improves scalability and generalizability,
achieving state-of-the-art performance across three at-
tribute classification benchmarks in zero-shot, and cross-
dataset transfer settings.

2 Related Work

Attribute classification. Attribute classification aims to rec-
ognize attributes such as color, shape, etc., which belong to
an object. Unlike other vision classification tasks like multi-
label classification (Chua et al. 2009; Everingham et al.
2010; Irvin et al. 2019; Kuznetsova et al. 2018; Xu et al.
2022; Prokofiev and Sovrasov 2023; Liu et al. 2023b), at-
tribute classification needs to consider multi-context visual
cues. Depending on the attribute type, the model needs to
determine which visual contexts to prioritize. Consequently,
despite great success in previous studies (Liu et al. 2021;
Ridnik et al. 2023) on multi-label classification, the ne-
cessity of a proper model for this task has arisen. Several
works (Metwaly et al. 2022; Chen et al. 2023a) in this field
have made much progress by leveraging various context in-
formation. For instance, GlideNet (Metwaly et al. 2022) em-
ploys different feature extractors for global, local, and in-
trinsic features and leverages the attention mechanism us-
ing a category estimator in a two-stage manner. Also, Ovar-
Net (Chen et al. 2023a) exploits region proposals obtained
from an RPN and utilizes extra caption data to fine-tune
CLIP (Radford et al. 2021) model to exploit more context
information for attribute classification.

VLMs and Zero-Shot Learning. Recently, VLMs (Rad-
ford et al. 2021; Li et al. 2023; Alayrac et al. 2022; Liu
et al. 2023a; Yuan et al. 2021; Xiao et al. 2024; Zeng et al.
2023), pre-trained with large-scale image-text pairs have
accomplished great advancements. Hence, a line of work
(Cao et al. 2023; He et al. 2023) incorporates VLMs by
transferring their general knowledge to downstream tasks
and improves their performances. Therefore, in zero-shot
attribute classification, OvarNet (Chen et al. 2023a) fine-
tunes CLIP (Radford et al. 2021) for attributes with extra
datasets and leverages its embeddings via prompt tuning.
However, despite the improvements, the fine-tuning method
in OvarNet may adversely affect the well-learned represen-
tations of the VLMs (Kumar et al. 2022). This could prevent
the model from taking full advantage of the generalizabil-
ity of the VLMs acquired during pretraining. Instead of the
fine-tuning approach, we focus on the fact that a range of
work (Kuo et al. 2023; Huang et al. 2024; Lin et al. 2022;
Kuo et al. 2022; Kim et al. 2024) has shown that utilizing
embeddings from frozen VLMs can achieve substantial per-
formance on open-vocabulary settings across a variety of
downstream tasks. Therefore, our work explores a method
that leverages embeddings from frozen pre-trained VLMs.

3 Method

In this section, we introduce SugaFormer, a framework that
leverages super-classes to enhance scalability and generaliz-
ability for zero-shot attribute classification. Before delving



into SugaFormer, we briefly introduce the attribute classifi-
cation task and base architecture in Sec. 3.1. We delineate
the super-class query initialization and multi-context decod-
ing of SugaFormer in Sec. 3.2. We then present knowledge
transfer strategies to leverage the VLMs for improving gen-
eralization during training and inference in Sec. 3.3. The
overall architecture of SugaFormer is illustrated in Fig. 2.

3.1 Preliminary

Problem setting. Attribute classification is the task of rec-
ognizing the positive attributes of an object in an image.
Specifically, for each target object with bounding box b €
R*, segmentation mask m € R¥*WV and object category o
in an image I € RH*Wx3an attribute classification model
predicts label vectors Y € {1,0, —1}V=. Here, H and W
represent the height and width of the image, N, is the num-
ber of attribute classes, and the values 1, 0, and —1 indicate
positive, negative, and unknown attributes, respectively. In
short, an attribute classifier maps a target object (I, b, m, o)
to label vectors Y.

In this work, we explore the zero-shot setting in attribute

classification, where only a subset of attribute classes, i.e.,
base classes Apase, are used for training. During inference,
all attribute classes A = Apue U Ajovel are used to test the
model’s generalizability to unseen attribute classes.
Base architecture. We choose a transformer-based multi-
label classifier ML-Decoder (Ridnik et al. 2023) as a base
model due to its performance and simple architecture. Al-
though this model has not been adopted for attribute classi-
fication, since this task can be seen as a multi-label classifi-
cation for a target object, the model can be applied to attri-
bution classification with minor modifications. For zero-shot
learning, ML-Decoder uses word embeddings of attribute
classes obtained from a language model (Devlin et al. 2019).
Given i-th attribute class a; € A and text encoder T, the
corresponding query q; is initialized by its text embedding
t; as follows:

qi = ti = Teen(ai)- (1
Then, the query q; is fed into the decoder:

where f is the visual feature map, CA(:,-,-) is a cross-
attention operation and FFN(+) is a feed-forward operation.
Finally, leveraging a output query ¢, the prediction score p
is obtained as follows:

3

where ¢é; is logit score for the i-th attribute class, and o (+) is
the sigmoid function. p; is the prediction score for the ¢-th
attribute class.

éi = ti . (Ali and ]51 = U(éi),

3.2 Super-class guided Transformer

We here delineate our Super-class guided transFormer
(SugaFormer) designed to enhance scalability and gener-
alizability in zero-shot attribute classification. SugaFormer
incorporates two key components: 1) super-class query ini-
tialization, a strategy that initializes decoder queries based
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on super-classes to utilize their common semantic informa-
tion, and 2) multi-context decoding, a scheme that decodes
queries with contextual feature maps to handle diverse visual
cues.

Super-class Query Initialization. We propose super-class
query initialization to enhance generalization capability and
reduce the number of queries by leveraging the common
semantic information within super-classes. Typically, pre-
vious methods for zero-shot multi-label classification (Rid-
nik et al. 2023) create one query per class. However, the
class-wise query becomes inefficient with a high number
of attribute classes (Pham et al. 2022). More importantly,
class-wise queries are not effective for zero-shot attribute
classification training, as a single class-wise query lacks
semantic information between attributes and only receives
supervised signals from its corresponding class. On the
other hand, super-class queries capture the common seman-
tic information shared by attributes within the corresponding
super-class. Hence, for more effective training, we introduce
super-class queries that are shared by a group of attribute
classes. We initialize the super-class queries with the text
embeddings of super-class names and visual representation
of the target object for better query initialization. We adopt
Q-Former in BLIP2 (Li et al. 2023) to extract the object-
conditioned visual feature v € R%. The image I with the
target object box b serves as the input of the visual back-

bone Ving, which is connected to Q-Former. Then Q-Former
extracts the output features z € RV=*% from the fixed set
of learned queries z € RN=xdq by operating cross-attention
with the feature maps from Vin,,. We pool the Z to obtain the

visual features. The above process is formulated as follows:

z = Q-Former(z, Vimg(®crop(I, b))),
_ N “)
v = Pool(2),
where ®,, represents the cropping function, and Pool(-)
denotes a pooling function, such as mean or max. Finally,
we concatenate the j-th super-class query q; with the object-
conditioned visual features v to form a combined query q;,
which is then projected onto a d,-dimensional feature space:
q; = Proj([q;;v]), (5)
where Proj € R%*2da and [;] are a linear projection and
concatenation, respectively.
Multi-context Decoding. We propose a decoding strategy
to utilize diverse contextual information to enhance perfor-
mance. Our model first extracts three types of feature maps:
cropped feature f,p, masked feature fi,,5, and image fea-
ture fip,.

The cropped feature fi;o, is extracted from the image
cropped by bounding box b to capture the local informa-
tion. We used a large-scale pretrained visual backbone Viy,,
such as CLIP (Radford et al. 2021), as an encoder. To focus
only on the target object (i.e., foreground), the masked fea-
ture fi,,5k 1S extracted after removing the background context
by ground-truth segmentation mask m. Additionally, for in-
corporating the global context, the entire image is fed into
the visual encoder to obtain fi;,s. The detailed formulations
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Figure 2: Model architecture. The overall pipeline of SugaFormer includes extracting multi-context visual features fx using an
image, cropped image, and masked image. The super-class query q; and pooled visual feature v are concatenated. The concate-
nated query passed through different projection layers Proj*(-), generating super-class queries q;. Each Decodery(-) processes
its respective g with corresponding visual feature maps fy, producing output queries 7. Logit scores ¢ are computed via the
inner product between t; and §*. The averaged logit score ¢; is used to calculate the prediction score p’ for the i-th attribute. To
enhance generalizability, super-class guided consistency regularization is applied during training, and zero-shot retrieval-based

score enhancement is used during inference. Best viewed in

for extracting each feature map are provided below.
fimg € Rhwxdo _ Vimg(I)7
fcrop € Rhw Xdv — Vimg ((I)crop (L b) )7

hwxd
fask € R ¥ = Icrop O] ‘I’resize(m)z

(6)

where ®.,, and P, are image cropping and resizing
functions, respectively, and © denotes element-wise multi-
plication. Similar to the query initialization in Eq. (1), a set
of super-class queries QQ = {qj} =, are initialized by q; =
t; = Text(sj) , where s; € S represents the j-th super-class
in the super-class set S = {s; }N,1 Then, multi-context de-
coding is performed using super-class queries () and feature
maps ferop, fnask, and fimg. Here, each feature map is pro-
cessed independently via cross-attention with queries @) for
separate decoders Decodery(-, -, -) to handle diverse visual
cues, where x € { img, crop, mask }. Also, for each decoder,
the super-class queries () are separately initialized using dif-
ferent linear projection Proj* as follows:

@; = Proj*([qy; v]), ™

where @] represents the combined query for context x. The
output features of j-th super-class query for each decoder

color.
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can be formulated as:

~img ~img 7 s

q; DeCOderimg (qj 5 fimg, fimg)a

ACIOp ~Crop ¢ I

qj - DeCOdercrop (qj 5 fcropa fcrop) ) (8)
~mask ~mask ¢ I
qj DCCOdermask (q] ) fmaska fmask) )

where f, € Rwxd represents the projected features for each
X.

Attribute prediction. Our framework outputs the final at-
tribute predictions by integrating all predictions from three
decoders’ outputs: qlmg, ;" and @}**. For context x and
i-th attribute class, the logit score ¢ is computed by the the
inner product between text embedding t; and its correspond-
ing super-class output query feature g. Then, the final pre-
diction score p; for i-th attribute class 1s calculated as:

& =ti &), and p; = o (&), ©)

0(4) denotes the super-class index of the i-th
(e 4 &P 4 gmasky /3 denotes

where j

attribute class and ¢;
averaged logit score.

C;
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Figure 3: Illustration of knowledge transfer strategies. (A) During training, the Q-Former extracts a [MASK] token feature f)é-
using a super-class guided prompt p;. This process leverages learned queries z and a tokenized prompt which is obtained by
using a the prompt p; that integrates the j-th super-class and the object class name. We compute Lgcr which is obtained by
measuring L1 distance between the mean of output features q; from multi-context decoding and the [MASK] token feature
f)é-. (B) During inference, we employ ZRSE in which maximum similarity #; obtained from Q-Former to compensate for novel

classes. Note that we use the same frozen Q-Former.

3.3 Knowledge transfer strategies

In this section, we introduce knowledge transfer strategies
by leveraging VLMs to improve generalizability for zero-
shot attribute classification with 1) super-class guided con-
sistency regularization and 2) zero-shot retrieval-based score
enhancement.

Super-class guided Consistency Regularization. We here
propose Super-class guided Consistency Regularization
scheme using a Image-grounded Text Generation (ITG) with
a super-class guided prompt as described in Fig. 3-(A).
Given the cropped image of the target object as input, our ap-
proach uses Q-Former to generate texts by employing mul-
timodal causal masked attention (Li et al. 2023) with the
learned queries z. The output feature corresponding to the
prompt p, which is tokenized into [ tokens, is computed as:

p = Q-Former([z; p|, Vimg(®erop(I, b))),  (10)

where p € R denotes the features extracted
from the prompt p including [MASK] token. Here,
we construct a super-class guided prompt p; for the
j-th super-class as ‘The [super-class] of the
[object] is [MASK]'. For instance, in Fig. 3-(A),
we can use ‘The [color] of the [donut] is
[MASK]’ for super-class [color]. The super-class
guided prompt p; constructed with j-th super-class name
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encourages Q-Former to generate text tokens more relevant
to attribute classification. Instead of the generated text, we
use the output feature p! € R, where the I-th token cor-
responds to the [MASK] token from the prompt p;. We
compute the L1 loss between the output feature f)é- and the
averaged output features §; = (q;° + &; © + 47**)/3
obtained from multiple decoders Decodery. The loss func-
tion for super-class guided consistency regularization Lscr
is formulated as follows:

p; = Q-Former ([z; Pj]a Vimg(q)cmp(la b))), (11)
N
Lsce = Y _ [P} — ayl. (12)
j=1
The total loss function of ours can be written as:
(13)

Liow = Y Liym + Moscr,
X

where Lgsym is an asymmetric loss function for multi-label
classification (Ridnik et al. 2021), and A denotes the weight
for ESCR~

Zero-shot Retrieval-based Score Enhancement. We pro-
pose a new plug-and-play module to enhance the final pre-
dictions on unseen attribute classes by leveraging the pre-
diction scores from Q-Former, as described in Fig. 3-(B).



Method | VLM |  Attribute-related data for training | APpae  APpova  APay

CLIP (Radford et al. 2021) CLIP — 50.04 46.54  49.60
BLIP2 (Li et al. 2023) BLIP2 — 47.50 46.02 4731
CLIP-Attr (Chen et al. 2023a) CLIP VAW jase 67.90 5739  66.92
CLIP-Attr (Chen et al. 2023a) CLIP VAW + CC-3M-sub 69.79 59.16  68.87
CLIP-Attr (Chen et al. 2023a) CLIP | VAW, + CC-3M-sub 4+ COCO-Cap-sub | 70.24 5773  69.03
OvarNet (Chen et al. 2023a) CLIP VAW pase 68.27 53.75 66.85
OvarNet (Chen et al. 2023a) CLIP VAW j,se + CC-3M-sub 69.30 5544  67.96
OvarNet (Chen et al. 2023a) CLIP | VAWy,s + CC-3M-sub + COCO-Cap-sub | 69.80 56.4 68.52
ML-Decoder’ (Ridnik et al. 2023) | BLIP2 VAW 50 73.12 53.38 70.61
SugaFormer BLIP2 VAWase 75.18 60.59 73.32

Table 1: Results on the VAW in zero-shot setting. T denotes the results obtained from our implementation. CC-3M-sub (Chang-
pinyo et al. 2021) and COCO-Cap-sub (Lin et al. 2014) represent additional caption datasets filtered to extract attribute-related

information for training.

In addition to the classification score for the i-th attribute
class ¢;, obtained by averaging the logit scores from the
multi-context decoder, we compute the attribute classifica-
tion score using Q-Former, following a process similar to
Image-Text Contrastive (ITC). In Q-Former, each output
embedding Z generated from the learned queries z is indi-
vidually compared to the text embedding, and the maximum
similarity score is selected as the overall similarity score be-
tween the given image and text. Similar to the above pro-
cess, we first calculate the text embedding of i-th attribute
class t;, and each k-th output embedding of Q-Former Zj,
and use maximum similarity #; as a prediction score of i-th
attribute class from Q-Former. This process can be formu-
lated as:

t; -2, .

7; =  max

k=1,2,....Ny, (14)

Finally, we choose Top-K scores from R = {ﬂ}fél and add

it to the corresponding predictions of attribute classes from
our model. Then the Eq. (9) can be re-written as:

|

where Top-K(R)) refers to the list of attribute class indexes
with the Top-K similarity scores from Q-Former.

O'(Ei —+ 721),
O'(Ei)7

if i € Top-K(R)

15
otherwise (15)

4 Experiments

Here, we evaluate SugaFormer using three attribute clas-
sification benchmark datasets: VAW (Pham et al. 2021),
LSA (Pham et al. 2022) in the zero-shot setting, and
OVAD (Bravo et al. 2023) in the cross-dataset setting. We
demonstrate that SugaFormer effectively learns the semantic
information shared by attributes within the same super-class,
enhancing scalability and generalizability.

4.1 Datasets

VAW. VAW (Pham et al. 2021) consists of 620 attribute
classes with object instances, including segmentation masks,
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box coordinates, and class names. The dataset combines im-
ages from VGPhraseCut (Wu et al. 2020) and GQA (Hud-
son and Manning 2019). For zero-shot attribute classifica-
tion, following prior work (Chen et al. 2023a), we use half
of the ‘tail’ attributes and 15% of ‘medium’ attributes as
novel classes, resulting in 79 novel classes and 541 base
classes. We adopt eight predefined super-classes: color, ma-
terial, shape, size, texture, state, action, other.

LSA. LSA (Pham et al. 2022) aggregates images and at-
tributes from various datasets, including Visual Genome,
GQA, COCO-Attributes, Flickr30K-Entities, and MS-
COCO. We evaluate under zero-shot setting (common-to-
rare), with 5526 base attributes and 4012 novel attributes.
OVAD. OVAD (Bravo et al. 2023) introduces a test-only
cross-dataset benchmark featuring 117 attributes and ob-
ject instances for open-vocabulary attribute detection. The
dataset organizes attributes into three subsets: ‘head’ (15
frequently occurring attributes), ‘medium’ (53 moderately
frequent attributes), and ‘tail’ (49 rare attributes) based on
thresholds defined by attribute annotation frequency. Exper-
iments assume ground-truth boxes are given during testing.

4.2 Evaluation metric

Our evaluation metric is average precision (AP), assessed
across three categories: base classes (AP, ), novel classes
(APyove1), and all attribute classes (AP,j;). APpae indicates
the precision for “seen” labels present during training, re-
flecting its ability to recognize learned attributes. AP,y in-
dicates the precision for “unseen” labels, which were not en-
countered during training. AP, provides an precision of the
model’s performance across both seen and unseen labels.

4.3 Implementation details

Our model employs ViT-g/14 as its visual backbone. We
keep all parameters within the visual backbone during train-
ing and Q-Former frozen. We establish a baseline using ML-
Decoder (Ridnik et al. 2023) with the same visual backbone
to ensure a fair comparison. All training and evaluations are
conducted on NVIDIA RTX 3090. Further implementation



Method | Num. Query | AP oval
CLIP (Radford et al. 2021) - 2.63
BLIP2 (Li et al. 2023) - 2.58
TAP (Pham et al. 2022) - 5.37
OvarNet (Chen et al. 2023a) - 5.48
ML-Decoder (Ridnik et al. 2023) 9538 out of memory
SugaFormer 9 5.80

Table 2: Results on the LSA in the zero-shot setting.

Method ‘ APall ‘ APhead APmedium APlail
ALBEEF (Li et al. 2021) 21.0 | 442 239 9.4
BLIP (Li et al. 2022) 243 | 51.0 28.5 9.7
BLIP2 (Li et al. 2023) 255 | 49.7 30.4 10.8
X-VLM (Zeng, Zhang, and Li 2022) | 28.1 | 49.7 342 12.9
OVAD (Bravo et al. 2023) 214 | 48.0 26.9 5.2
CLIP-Attr (Chen et al. 2023a) 26.1 55.0 31.9 8.5
OvarNet (Chen et al. 2023a) 28.6 | 58.6 355 9.5
SugaFormer | 29.7 | 58.8 36.6 10.8

Table 3: Results on the OVAD in the cross-dataset transfer
setting.

details, including hyperparameters, can be found in the sup-
plementary materials.

4.4 State-of-the-art comparison

Zero-shot attribute classfication. To validate the effective-
ness of SugaFormer, we compare it with state-of-the-art
methods and our baseline. In Tab.1, SugaFormer achieves
an APy of 60.59 in the VAW zero-shot setting, demon-
strating the benefits of leveraging super-classes to enhance
generalizability for novel attributes. In Tab.2, SugaFormer
achieves an AP,y of 5.80 in the LSA zero-shot setting, out-
performing other methods. We could not train the baseline
due to out-of-memory issues caused by the many queries.
These results highlight SugaFormer’s superior performance
in zero-shot attribute classification.

Cross-dataset transfer. In Tab. 3, we compare SugaFormer
with previous methods on the OVAD in the cross-dataset
transfer setting. Our model is trained on the VAW dataset. It
is worth mentioning that training on VAW performs poorly
compared to image-caption pair datasets in cross-dataset
transfer, as discussed in OVAD (Bravo et al. 2023). Nev-
ertheless, SugaFormer achieves an AP, of 29.7, surpassing
the previous best method by approximately across all cate-
gories.

4.5 Ablation study and analysis

Ablation on key components. In Tab. 4, we conducted abla-
tion studies on the VAW in the zero-shot setting by gradually
incorporating suggested methods into our baseline model.
When incorporating techniques, such as super-class query
initialization (SQI), super-class guided consistency regular-
ization (SCR), and zero-shot retrieval-based score enhance-
ment (ZRSE), We observed improvements in AP,qy by ap-
proximately 2.52, 2.13, and 2.21, respectively. Moreover,
multi-context decoding (MD) boosts APy, with an improve-
ment of 1.40. When all components were combined, the
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SQI MD SCR ZRSE | AP AP AP,
ML-Decoder (baseline) 73.12 53.38 70.61
v 72.86 55.90 70.67
VS 74.38 56.25 72.07
v vV 74.49 58.38 72.44
v vV v 7518 (+2.06) 60.59 (+7.21) 73.32 (+2.71)
Table 4: Ablations on key components.
Prompt type | APpase  APnove APy
no prompt 75.06  58.85 73.00
general prompt 73.84 55.64 71.52
super-class guided prompt | 75.18  60.59  73.32

Table 5: Analysis on regularization strategies.

model achieved its highest performance, outperforming the
baseline by 2.06 for APpyge, 7.21 for APy ovel, and 2.71 APy;.
These results demonstrate that leveraging super-classes en-
hances the generalizability of attribute classification while
utilizing diverse visual cues improves overall performance.
Analysis on regularization strategies. In this experiment,
we explore three regularization strategies using differ-
ent prompts on the VAW in the zero-shot setting. First,
the no prompt approach used only image features with-
out any textual prompt. A caption was generated through
the ITG process in Q-Former, and the resulting embed-
ding was equally compared to all super-class queries. Sec-
ond, the general prompt without a super-class followed
the format ‘The attribute of the [object] is
[MASK]. using the [MASK] token for consistency. Fi-
nally, the super-class guided prompt employed the for-
mat ‘The [super-class] of the [object] is
[MASK] .’ ensuring consistency through the use of the
[MASK] token. As shown in Tab. 5, the best performance
was achieved when prompts were tailored to each super-
class, demonstrating that utilizing super-classes in prompts
effectively extracts features particularly useful for attribute
prediction.

5 Conclusion

We propose SugaFormer, a Super-class guided Transformer
framework designed to address scalability and generalizabil-
ity in zero-shot attribute classification. SugaFormer employs
Super-class Query Initialization (SQI) to reduce queries
by utilizing shared semantic information and Multi-context
Decoding (MD) to enhance performance using diverse vi-
sual cues. Additionally, we introduce two knowledge trans-
fer strategies leveraging VLMs: Super-class guided Consis-
tency Regularization (SCR) aligns features during training,
and Zero-shot Retrieval-based Score Enhancement (ZRSE)
refines predictions during inference. Experiments on three
benchmarks show that SugaFormer outperforms existing
methods across zero-shot, and cross-dataset transfer set-
tings.
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