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Abstract
Zero-shot object detection (ZSD) aims to localize and classify
unseen objects without access to their training annotations.
As a prevailing solution to ZSD, generation-based methods
synthesize unseen visual features by taking seen features as
reference and class semantic embeddings as guideline. Al-
though previous works continuously improve the synthesis
quality, they fail to consider the scale-varying nature of un-
seen objects. The generation process is preformed over a
single scale of object features and thus lacks scale-diversity
among synthesized features. In this paper, we reveal the scale-
varying challenge in ZSD and propose a Scale-Aware Unseen
Imagineer (SAUI) to lead the way of a novel scale-aware
ZSD paradigm. To obtain multi-scale features of seen-class
objects, we design a specialized coarse-to-fine extractor to
capture features through multiple scale-views. To generate
unseen features scale by scale, we innovate a Series-GAN
synthesizer along with three scale-aware contrastive com-
ponents to imagine separable, diverse and robust scale-wise
unseen features. Extensive experiments on PASCAL VOC,
COCO and DIOR datasets demonstrate SAUI’s better perfor-
mance in different scenarios, especially for scale-varying and
small objects. Notably, SAUI achieves the new state-of-the-
art performance on COCO and DIOR.

Introduction
Zero-Shot Object Detection (ZSD) (Bansal et al. 2018; Rah-
man, Khan, and Porikli 2018) is the task that aims to de-
tect novel objects without any access to their corresponding
annotations. Besides seen-class objects involved in the la-
beled training dataset, ZSD models can also detect unseen-
class objects beyond the dataset. Thus, it avoids the labori-
ous pre-task of annotating and simultaneously contributes to
the detection of rarely captured objects, such as endangered
animals and novelty items. Generally, the unseen-class ob-
ject scales in ZSD vary intensively due to different poses,
shapes or shooting angles. Since models are not allowed to
learn the real scale-diverse distribution of unseen features,
detecting scale-varying unseen-class objects still remains a
key challenge in ZSD.

In recent years, ZSD has achieved tremendous advance-
ments (Zhao et al. 2020; Hayat et al. 2020; Zheng et al.
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Figure 1: Comparison between previous framework and the
proposed SAUI framework, where different colored boxes
denote different scale-levels. Top: Previous generative meth-
ods for ZSD extract single-scale features and then imagine,
which neglects the diversity of different scale-levels; Bot-
tom: Our SAUI extracts coarse-to-fine features through mul-
tiple scale-views and imagine diverse scale-wise features to
improve scale-varying object detection.

2020; Yan et al. 2022; Huang et al. 2022), which is in-
deed dominated by mapping-based and generation-based ap-
proaches. Specifically, mapping-based methods (Zheng et al.
2020; Yan et al. 2022) manage to align the visual features to
class embeddings and perform the nearest neighbor search
to find their classes. However, lack of unseen visual features
causes severe bias towards seen objects and thus leads to
poor performance or even mode collapse when classifying
(Khan et al. 2019). For this issue, generation-based methods
(Zhao et al. 2020; Hayat et al. 2020; Huang et al. 2022) are
proposed to synthesize unseen visual features based on the
corresponding unseen class embeddings. Both real seen fea-
tures and synthesized unseen features can contribute to the
training of classifier and thereby significantly alleviate the
bias problem towards seen classes.

Existing generation-based ZSD methods have utilized
Feature Pyramid Network (FPN) (Lin et al. 2017) to pro-
cess seen objects of different scales and then leverage their
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features to train the classifier. Thus, they do well in the de-
tection of scale-varying seen objects. When it comes to the
unseen classes, we certainly hope the generator can imagine
scale-wise diverse features of unseen objects. But unfortu-
nately, the generators in current methods neglect the concept
of object scale. In previous works, the extractor processes
each region proposal and obtains each seen feature through
one specific scale-view, as shown in Fig. 1. Though two seen
features may come from two different scale-views, the gen-
erator treats them as the same and then imagines unseen fea-
tures regardless of the scale information. This leads to lack
of scale-diversity of the synthesized features, and thus fur-
ther diminishes the ZSD performance.

When human see things, we usually match the scale-
specific appearance of visual objects with our past memo-
ries. The scales won’t confuse us because our brain memo-
rizes what things look like in multiple scale-views. We focus
on the scale-invariant commonality and scale-wise individu-
ality (Han et al. 2017; Nercessian, Panetta, and Agaian 2013)
and thus can imagine things in other possible views. Inspired
by this, we propose Scale-Aware Unseen Imagineer (SAUI),
a novel scale-aware generation-based ZSD paradigm, which
sees and imagines visual objects guided by the concept of
scale. As shown in Fig. 1, our generator synthesizes scale-
diverse unseen features to fairly detect scale-varying un-
seen objects. To achieve this goal, we specifically design
a coarse-to-fine extractor and a scale-aware synthesizer for
SAUI. The extractor captures visual features through mul-
tiple scale-view channels, where each scale-view retains in-
formation of one scale-level. For the synthesizer, inspired by
the pyramid-like network, we pile up the generators and dis-
criminators to form a Series-GAN. Then, we formulate the
coarse-to-fine synthesis as a sequence-to-sequence problem
to generate features scale by scale. To stabilize and optimize
the synthesis process, we further develop three multi-scale
contrastive components to simultaneously diverge and sep-
arate intra-scale features as well as co-relate inter-scale fea-
tures. Extensive experiments demonstrate the superiority of
our scale-aware method in both ZSD and GZSD settings.

The main contributions of this paper are as follows:

• We reveal the scale-varying challenge in current ZSD ap-
proaches and first introduce the scale-awareness to facil-
itate generation-based ZSD methods.

• We build up a novel scale-aware generation paradigm for
ZSD, which is equipped with a coarse-to-fine extractor
to capture scale-aware details and a Series-GAN synthe-
sizer to generate scale-diverse imaginations.

• We formulate the training of the Series-GAN synthesizer
as a sequence-to-sequence problem, and propose three
contrastive components to make the synthesized multi-
scale features separable, diverse and robust.

• Extensive and comprehensive experiments on PASCAL
VOC, COCO and DIOR datasets demonstrate the supe-
rior detection performance of SAUI, especially for small
objects and scale-varying objects.

Related Work
Zero-Shot Object Detection. ZSD, first introduced in (Rah-
man, Khan, and Porikli 2018; Bansal et al. 2018), aims to
perform detection of unseen-class objects. Different from
Open World Detection(Joseph et al. 2021) and Open Vo-
cabulary Detection(Gu et al. 2021), ZSD classifies unseen
objects to their corresponding classes without any human
annotations or extra training data. To accomplish this task,
mapping-based methods optimize the alignment between the
visual space and the pre-defined semantic space (Li et al.
2019; Rahman et al. 2020; Yan et al. 2022). More recently,
generation-based methods are proposed to alleviate the se-
vere bias issue of mapping-based methods. GTNet (Zhao
et al. 2020) first presents a synthesizer-assisted paradigm to
balance the classifier training with synthesized unseen-class
features. SU (Hayat et al. 2020) improves the framework by
simplifying the synthesizer and instead use loss components
to manipulate the synthesis. RRFS (Huang et al. 2022) adds
more components to reinforce the intra-class diversity and
inter-class separability. However, to the best of our knowl-
edge, previous works hardly ever take object scale informa-
tion into account. This gives rise to our SAUI, a scale-aware
zero-shot object detection framework.
Scale-Aware Object Detection. Object detection has
achieved tremendous advancements (Girshick 2015; Ren
et al. 2017; Dosovitskiy et al. 2021; Carion et al. 2020) in
recent years and varying object scale remains a main chal-
lenge. Many efforts (Lin et al. 2017; Zhu et al. 2021; Liu
et al. 2021) have laid a solid foundation to address the scale
challenge. In general, they utilize multi-scale feature repre-
sentations to empower the detectors with scale-awareness.
FPN (Lin et al. 2017) constructs a top-down architecture
with lateral connections to capture features through multiple
scale-views. Deformable DETR (Zhu et al. 2021) proposes
the deformable attention module to aggregate multi-scale
features, especially improving the detection performance of
small objects. Swin Transformer (Liu et al. 2021) presents a
hierarchical representation which provides scale adaptabil-
ity for ViT (Dosovitskiy et al. 2021). Driven by their suc-
cess, we introduce scale-awareness into generation-based
ZSD methods to generate scale-diverse features.

The Proposed Method
Problem Definition
Let’s start with the definition of ZSD task. Given seen-class
set S of Cs different class names and unseen-class set U of
Cu class names, S∩U = ∅. During training, the training set
X s = {Is

i }
Ns
i=1 consists of Ns annotated images, where each

image contains several instances of seen-class objects. Each
object is annotated with bounding boxes b ∈ R4 and its la-
bel y ∈ S . Along with the image set, m-dimensional seman-
tic embeddings of each class are provided and denoted as
{ws

i }
Cs
i=1 for seen classes and {wu

i }
Cu
i=1 for unseen classes.

During inference, the test set is denoted as X u = {Iu
i }

Nu
i=1.

For typical ZSD task, we have to detect objects of the unseen
classes in the test set. While for the GZSD task, detection of
both seen and unseen classes is expected.
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Figure 2: The overall architecture of the proposed SAUI framework. The training includes train detector with seen annotations,
train synthesizer with seen features and train unseen classifier with synthesized unseen features. The core models of our method
are the coarse-to-fine extractor, the series-GAN synthesizer and multi-scale contrastive loss components. Tuning and freezing
weights are denoted by fire and snowflake marks. Discriminators are not shown for simplification.

Scale-Aware Unseen Imagineer

Overview. Fig. 2 illustrates the framework of SAUI. Our
method captures the coarse-to-fine visual features of seen
objects and then sketches unseen features by leveraging
multi-scale information from seen objects. We employ
Faster-RCNN (Girshick 2015) as the basic detection model
with ResNet-101 (He et al. 2016) backbone. The training
procedure can be summarized as 3 phases: 1) Train the de-
tector on seen image set. 2) Extract multi-scale region fea-
tures of seen-class objects using the trained coarse-to-fine
extractor; then train the Series-GAN synthesizer with multi-
scale contrastive components to learn the alignment between
the multi-scale seen features and their corresponding word
embeddings. 3) Synthesize multi-scale features of unseen-
class objects; then train a classifier specified for unseen ob-
jects. After training, we can update the classifier of the origin
detector to form a fresh ZSD detector for inference.

In general, our novelty lies in the design of coarse-to-fine
feature extractor, the structure of Series-GAN and the pro-
posal of three multi-scale contrastive components.
Coarse-to-fine Feature Extractor. To retain as many scale
features as possible, we design a new coarse-to-fine detec-
tor structure. Given a single input image Is

i , vanilla Faster-
RCNN extracts features with backbone and FPN neck, gen-
erates Np region proposals with RPN and obtains features
of proposals {fi}

Np

i=1 with RoI pooling for further recogni-
tion. Notably, although FPN extracts image features through
multiple scale-views like a pyramid, every fi comes from
one specific scale-view chosen by rules. In contrast, we add

a series of scale-view channels to form a coarse-to-fine fea-
ture extractor. Each channel corresponds to a RoI Pooling
model connected to one scale-level of the FPN pyramid that
extracts single-scale region features. All channels are aggre-
gated to jointly compose multi-scale features {fi,j}

Np,Nv

i=1,j=1,
where Nv refers to the number of scale-view channels. To
distinguish seen and unseen instances, we denote fsi,j and
fui,j as seen and unseen features, respectively. Moreover, fea-
tures with smaller j come from lower level of the pyramid
and tend to be finer.
Series-GAN Synthesizer. With coarse-to-fine seen features
{fsi,j}

Np,Nv

i=1,j=1, vanilla GAN synthesizer is not suitable any-
more. To leverage the inherent co-relations of different
scale-views, we construct a series structure of GAN. Since
the features no longer preserve spatial relations as the fea-
ture maps do, we cannot use the Laplacian Pyramid (Den-
ton et al. 2015) directly as our synthesizer. Thus, we rethink
its essence and apply the top-to-bottom generation idea to
our work. Specially, we construct a series of single-scale
generators {Gj}Nv

j=1 and discriminators {Dj}Nv
j=1 to form a

Series-GAN Synthesizer. The operating process of the syn-
thesizer contains two stages: sampling and training. During
sampling, the coarsest GNv

takes word embedding w and a
n-dimensional random noise vector zNv

as inputs and syn-
thesize coarsest feature f̃Nv . The following Gj takes in w,
zj and the former feature f̃j+1 to synthesize a finer feature
f̃j , and so on, until the finest f̃1 is synthesized. During train-
ing, we apply sequence-to-sequence strategy and the process
will be detailed below.

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

5447



Sequence-to-sequence Training. The Series-GAN sees the
coarse visual features, ponders the semantic embedding
of target classes, and then sketches finer details on the
vague imaginations. Naturally, if we regard the features
as sequences and the coarse-to-fine relation as the former-
to-latter order, this problem can be roughly transferred
to a sequence-to-sequence problem. Thus, we can apply
sequence-to-sequence learning strategy to optimize its train-
ing and inference.

During training, the generator Gj always takes in the real
seen feature fsj rather than the synthesized feature f̃sj , while
every discriminator Dj takes in zj and tries to separate the
corresponding f̃sj apart from real features fsj . For one pair of
a generator and a discriminator, the learning objective func-
tion is:

min
Gj

max
Dj

LWGAN + α1Lcls

+ α2Lmain + α3Ldiv + α4Lcon,
(1)

where α1, α2, α3 and α4 are hyper-parameters weight-
ing different components to cooperate. Specifically, we use
Wasserstein GAN loss LWGAN (Arjovsky, Chintala, and
Bottou 2017) to align the synthesized feature distributions
to the real real feature distributions. Given synthesized seen
features f̃sj = G(ws

j , zj), the Wasserstein loss can be for-
mulated as:

LWGAN =E[Dj(f
s
j ,w

s
j)]− E[Dj(f̃

s
j ,w

s
j)]

− λwE[(
∥∥∥∇f̂sj

Dj(f̂
s
j ,w

s
j)
∥∥∥
2
− 1)2],

(2)

where f̂sj = βfsj +(1−β)f̃sj is a momentum term for regulat-
ing the gradients with β ∼ N (0, 1). The classification loss
Lcls, which preserves the mapping relations between seen
visual space and seen semantic space, is described as:

Lcls = −E[log p(y|G(ws
j , zj);ϕcls)]. (3)

For a further explanation, the classifier from the trained
Faster-RCNN, i.e., ϕcls, is frozen throughout the training
process of the synthesizer.

Multi-scale Contrastive Imagination
In a well-trained visual feature space for seen objects, fea-
ture vectors of instances from the same class tend to cluster
while those from different classes tend to disperse, which
shows their separability. Besides, in one specific class, fea-
ture vectors from different instances show slight discrepancy
due to their diversity. We term the two observations above
as outline and detail. In this work, since the visual feature
space consists of a set of features from different scale-views,
we should also pay attention to the co-construction between
features of different scale-levels.

In order to precisely construct the cross-scale visual fea-
ture space generated by the synthesizer, as shown in Fig.
3, we introduce three multi-scale contrastive components,
including Intra-Scale Outline Maintaining, Intra-scale De-
tail Diverging and Inter-scale Mutual Constructing. They si-
multaneously repel and attract different synthesized features
from different classes and scale-views towards the positions

Figure 3: Illustration of the effect of (a) Ldiv, (b) Lmain and
(c) Lcon. In the feature space, Ldiv encourages synthesized
features from the same class and scale-view to preserve the
inner diversity. Lmain encourages synthesized features to
align to real ones and clusters features from the same class.
Lcon clusters features from the same scale-view.

they should naturally be. Notice that fj below represents fea-
tures of seen classes if not specified.
Intra-scale Outline Maintaining. To maintain the separa-
bility of different classes in each scale-view, we introduce
Intra-Scale Outline Maintaining loss over the synthesized
feature vectors, i.e.,

Lmain = −E[log
exp(f̃j · g+

j /τ)

exp(f̃j · g+
j /τ) +

N∑
n=1

exp(f̃j · g−
j,n/τ)

],

(4)
where g is sampled from a visual feature pool consisting of
synthesized features set {f̃j} and real region features set of
proposals {fj}; τ is the temperature coefficient. If we denote
y(·) as a function that indicates the class of one feature vec-
tor, then y(g+

j ) = y(f̃j) while y(g−
j ) ̸= y(f̃j). As a result,

Lmain forces features of different classes to repel and those
from the same class to attract.
Intra-scale Detail Diverging. To diverge the peculiarities of
synthesized feature vectors of the same class in each scale-
view, we introduce Intra-scale Detail Diverge loss:

Ldiv = −E[log
exp(f̃j · f̃+j /τ)

exp(f̃j · f̃+j /τ) +
N∑

n=1
exp(f̃j · f̃−j,n/τ)

],

(5)
which forces features from the same class to differ from
each other based on f̃j = G(wj , zj), together with the
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Method Split
ZSD GZSD

Recall@100 mAP Recall@100 mAP
IoU=0.4 IoU=0.5 IoU=0.6 IoU=0.5 S U HM S U HM

PL (Rahman et al. 2020) 48/17 - 43.5 - 10.1 38.2 26.3 31.2 35.9 4.1 7.4
BLC (Zheng et al. 2020) 48/17 51.3 48.8 45.0 10.6 57.6 46.4 51.4 42.1 4.5 8.2

ConZSD (Yan et al. 2022) 48/17 56.1 52.4 47.2 12.5 65.7 52.4 58.3 45.1 6.3 11.1
RRFS* (Huang et al. 2022) 48/17 58.1 53.5 47.9 13.4 59.7 58.8 59.2 42.3 13.4 20.4

TCB (Li et al. 2023) 48/17 55.5 52.4 48.1 11.4 72.0 52.4 60.7 47.3 4.9 8.9
SAUI (Ours) 48/17 66.5 66.0 63.9 13.7 64.7 59.3 61.9 43.3 13.6 20.7

PL (Rahman et al. 2020) 65/15 - 37.7 - 12.4 36.4 37.2 36.8 34.1 12.4 18.2
SU* (Hayat et al. 2020) 65/15 54.4 54.0 47.0 19.0 57.7 53.9 55.8 36.9 19.0 25.1
BLC (Zheng et al. 2020) 65/15 57.2 54.7 51.2 14.7 56.4 51.7 53.9 36.0 13.1 19.2
RSC* (Sarma et al. 2022) 65/15 - 65.1 - 20.1 58.6 64.0 61.2 37.4 20.1 26.2
TZSDC (Liu et al. 2022) 65/15 - 56.5 - 19.6 56.8 52.7 54.7 32.5 19.2 24.2

ConZSD (Yan et al. 2022) 65/15 62.3 59.5 55.1 18.6 62.9 58.6 60.7 40.2 16.5 23.4
RRFS* (Huang et al. 2022) 65/15 65.3 62.3 55.9 19.8 58.6 61.8 60.2 37.4 19.8 26.0

TCB (Li et al. 2023) 65/15 62.5 59.9 55.1 13.8 69.4 59.9 64.3 39.9 13.8 20.5
SAUI (Ours) 65/15 77.9 77.8 76.5 22.1 70.7 69.9 70.3 36.8 21.3 27.0

Table 1: Results of state-of-the-arts on COCO dataset in ZSD and GZSD settings, including mapping and generation-based
methods. The best and second-best results are marked bold and underlined. The symbol “*” denotes generation-based methods.

Method airp trai park cat bear suit fris snow fork sand hotd toil mous tost hair APs APm APl mAP
SU 10.1 48.7 1.2 64.0 64.1 12.2 0.7 28.0 16.4 19.4 0.1 18.7 1.2 0.5 0.2 3.5† 10.5† 24.3† 19.0

RRFS 20.8 53.0 1.3 64.3 55.5 11.6 0.4 31.3 18.0 20.3 0.1 15.2 4.2 0.5 0.6 3.6† 11.0† 25.2† 19.8
RSC 22.9 53.3 0.6 64.9 54.3 13.2 1.2 31.2 15.7 22.6 0.0 17.5 2.7 0.7 0.2 - - - 20.1
SAUI 27.8 42.4 6.5 53.8 53.2 15.4 31.3 28.9 8.3 24.3 12.4 14.3 10.2 1.2 1.1 9.9 14.9 28.3 22.1

Table 2: Class-wise AP, multi-scale AP comparison of generation-based methods on 65/15 split COCO dataset in ZSD setting
with IoU=0.5. The symbol “†” denotes the reproduced results. The best results here and in the following tables are marked bold.

positive samples f̃+j = G(wj , z
+
j ) and negative samples

f̃−j = G(wj , z
−
j ). A set of contrastive random variables

{zj , z+j , z
−
j } are chosen by z+j = zj + ρ, where ρ ∼

U [−r, r] and z−j ∈ {z−j |z
−
j ∼ N (0, 1), |z−j − zj | > r}.

Inter-scale Mutual Constructing. To co-relate features of
different scales, we further introduce Inter-scale Mutual
Constructing loss to maximize the mutual information be-
tween features of different scales, i.e.,

Lcon =

Nv∑
k=1
k ̸=j

Lj,k
con + Lk,j

con, (6)

which is an accumulation of co-effects between every pair
of scales. When we focus on two different scale-views j and
k, the co-effect can be described as:

Lj,k
con = −E[log

exp(f̃j · f̃+k /τ)

exp(f̃j · f̃+k /τ) +
N∑

n=1
exp(f̃j · f̃−k,n/τ)

],

(7)
where f̃k is sampled from feature vectors set of another
scale-view and y(f̃+k ) = y(f̃k), y(f̃−k ) ̸= y(f̃k).

Experiments
Experimental Settings
Datasets. We evaluate SAUI on two typical ZSD datasets,
i.e. PASCAL VOC 2007+2012 (Everingham et al. 2010),
MS COCO 2014 (Lin et al. 2014) and one remote
sensing detection dataset, i.e. DIOR (Li et al. 2020).
For seen/unseen split manners, we adopt 16/4 split
(Demirel, Cinbis, and Ikizler-Cinbis 2018) on PASCAL
VOC, 48/17&65/15 split (Bansal et al. 2018) on MS
COCO, and 16/4 split (Huang et al. 2022) on DIOR.
Evaluation Protocols. For PASCAL VOC and DIOR, we
report mean average precision (mAP) with IoU=0.5. For
MS COCO, we report both mAP with IoU=0.5 and re-
call@100 (RE) with IoU=0.4/0.5/0.6. Moreover, we report
seen-class score (S), unseen-class score (U) and Harmonic
Mean (HM) to evaluate the GZSD performance. Notably,
HM scores of mAP and recall will be denoted as mAP-HM
and recall-HM. To better substantiate our motivation, we
follow (Lin et al. 2014) to report APs/APm/APl for small,
medium and large objects.
Implementation Details. We set Nv to 4 so that features
from 4 scale-view channels are considered. Both the gen-
erator Gj and discriminator Dj are implemented as two-
layer fully-connected networks with 4096 hidden units per
layer. We use CLIP text encoder (Radford et al. 2021)
to obtain the semantic embeddings. Note that we never
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Figure 4: Comparison of detection results on COCO 65/15 and DIOR 16/4 between the reproduced SU and our SAUI. Seen-
class and unseen-class objects are denoted by green and red boxes, respectively. Small objects are zoomed for better illustration.

bring in any vision knowledge of CLIP image encoder
to ensure the strict compliance with zero-shot settings.
For MS COCO/DIOR/PASCAL VOC, we train Faster-
RCNN for 14/14/18 epochs respectively. We set α1 in
Eq. (1) to 10−1/10−1/10−2 and sampling radius r to
10−4/10−4/10−6, respectively. Besides, α2, α3, α4 in Eq.
(1) are set to 10−3, 10−3, 10−4, while the temperature coef-
ficient τ is set to 10−1. The number of negative samples N
is 10. For fair comparison, other settings are consistent with
previous works (Hayat et al. 2020; Huang et al. 2022).

Comparison with State-of-the-arts
Performance on MS COCO. In Table 1, we make com-
prehensive comparisons between SAUI and current state-of-
the-arts. For 48/17 split, SAUI scores the best 13.7% mAP,
66.0% recall in ZSD setting and 20.7% mAP-HM in GZSD
setting. For 65/15 split, SAUI achieves remarkable results
with 22.1% mAP, 77.8% recall in ZSD and 27.0% mAP-
HM, 70.3% recall-HM in GZSD. Our method surpasses the
state-of-the-art on 9 types of evaluation metrics (10 types in
total). Particularly, SAUI obtains significant gains over the
second-best RSC (Sarma et al. 2022) in ZSD mAP (from
20.1% to 22.1%) , in ZSD recall with IoU=0.5 (from 65.1%
to 77.8%) and in GZSD mAP-HM (from 26.2% to 27.0%).
Table 2 details the class-wise AP performance of a series
of generation-based methods, in which SAUI outperforms
other methods on 9 unseen classes (15 unseen classes in to-

tal). We also reproduce two previous works to obtain their
multi-scale AP scores. As shown in Table 2, SAUI stands out
from the crowd on detection of small objects with 9.9% APs,
which equals almost 3 times the second-best score. Mean-
while, SAUI achieves significant increase in APm (from
11.0% to 14.9%) and in APl (from 25.2% to 28.3%). Su-
perior multi-scale AP scores demonstrate SAUI’s strong ca-
pacity in detecting small and scale-varying objects.
Performance on PASCAL VOC. As shown in Table 3,
SAUI achieves 65.5% ZSD mAP and 48.0% GZSD mAP-
HM. In terms of the class-wise performance, SAUI scores
93.5% mAP on dog and 53.7% mAP on train. Thus, SAUI
achieves comparable results to the state-of-the-art. This is
reasonable because objects in PASCAL VOC are generally
prominent, central and large-scale. When dealing with this
kind of objects, SAUI will degrade to vanilla methods and
fail to exploit its advantages.
Performance on DIOR. Table 4 reveals the dominance of
SAUI on DIOR. More specifically, SAUI achieves an out-
standing performance with 16.1% mAP in ZSD setting and
11.7% unseen mAP, 17.0% mAP-HM in GZSD setting. In
comparison, SAUI obtains 42% growth percentage on ZSD
mAP score and surprising 178.7% growth percentage on
GZSD mAP-HM score over the second-best RRFS (Huang
et al. 2022), leading by a large margin. This is because ob-
jects in remote sensing images tend to be scale-varying,
which brings tremendous challenge to existing ZSD meth-
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Method ZSD GZSD
car dog sofa train mAP S U HM

SAN 56.2 85.3 62.6 26.4 57.6 48.0 37.0 41.8
HRE 55.0 82.0 55.0 26.0 54.5 62.4 25.5 36.2
PL 63.7 87.2 53.2 44.1 62.1 - - -

BLC 43.7 86.0 60.8 30.1 55.2 58.2 22.9 32.9
SU* 59.6 92.7 62.3 45.2 64.9 - - -

RRFS* 60.1 93.0 59.7 49.1 65.5 47.1 49.1 48.1
SAUI 45.7 93.5 62.1 53.7 65.5 47.2 48.9 48.0

Table 3: Comparison of mAP at IoU=0.5 on PASCAL VOC
dataset, including class-wise AP in ZSD setting in addition.

Method ZSD GZSD
S U HM

PL 0.4 4.3 0.0 0.0
BLC 1.1 6.1 0.4 0.8
SU* 10.5 30.9 2.9 5.3

RRFS* 11.3 30.9 3.4 6.1
SAUI 16.6 31.3 11.7 17.1

Table 4: Comparison of mAP at IoU=0.5 on DIOR dataset
in ZSD and GZSD settings.

ods. Our SAUI can generate scale-wise diverse features for
unseen classes and thus achieves a leap forward in zero-shot
remote sensing object detection.

Ablation Study
Effects of different modules in SAUI. To evaluate the ef-
fect of each module, we conduct ablation experiments on
DIOR dataset. We construct 5 ablation models which ex-
clude Series-GAN (SerGAN), clip-based word embeddings
(CWE), Intra-scale Outline Maintain loss (Lmain), Intra-
scale Detail Diverage loss (Ldiv), and Inter-scale Mutual
Construct loss (Lcon), respectively. As shown in Table 5,
Series-GAN offers a significant contribution with 4.4% and
3.2% absolute increase in ZSD mAP and GZSD mAP-
HM over vanilla GAN. Model without clip word embed-
dings drops 1.1% mAP and 0.5% mAP-HM. In addition,
Lmain/Ldiv/Lcon each accounts for 0.7%/0.9%/1.1% and
0.4%/0.7%/0.8% absolute increase in mAP and mAP-HM.

Qualitative Results
Detection Results. Fig. 4 illustrates some detection results
of the reproduced SU (Hayat et al. 2020) and our SAUI on
MS COCO and DIOR. We can observe from these examples
that SAUI checks for the missing objects and corrects the
mistakes compared to the baseline model. This is a typical
phenomenon throughout our experiments and is apparent for
small objects (e.g. frisbee) in particular, which further sub-
stantiates the multi-scale AP results in Table 2. Moreover,
SAUI also shows robustness when objects of the same class
vary intensively across images (e.g. ground track field).
Imagination Visualization. To visualize the performance
of the Series-GAN synthesizer with multi-scale contrastive
imagination, we apply t-SNE to real multi-scale features and

Method ZSD GZSD
S U HM

SAUI w/o SerGAN 12.2 29.5 9.1 13.9
SAUI w/o CWE 15.5 29.7 11.5 16.6
SAUI w/o Lmain 15.9 29.5 11.7 16.7
SAUI w/o Ldiv 15.7 29.4 11.4 16.4
SAUI w/o Lcon 15.5 29.4 11.3 16.3

SAUI (full) 16.6 31.3 11.7 17.1

Table 5: Ablation studies for different modules of SAUI
on DIOR dataset. “SerGAN” denotes Series-GAN structure,
“CWE” denotes clip word embedding.

Figure 5: The t-SNE visualization of (a) real and (b) syn-
thesized unseen-class features by SAUI. Our method suc-
cessfully imitates the inter-scale construction along with the
intra-scale separability and diversity.

synthesized multi-scale features of unseen-class objects in
Fig. 5. The real unseen features show the diversity of dif-
ferent scale-views as we can see a clear boundary between
every two scale-views. As shown, our SAUI imitates the
real distributions well, with clear inter-scale boundarys in
the whole visual space as well as intra-scale separability and
diversity in every local scale-view space.

Conclusion

In this paper, we propose a novel Scale-Aware Unseen Imag-
ineer (SAUI) that first leverages scale information to facil-
itate zero-shot object detection. Specifically, we utilize a
coarse-to-fine extractor to capture visual features through
multiple scale-views and construct a Series-GAN synthe-
sizer to imagine scale-diverse visual features of unseen-class
objects. Moreover, we apply sequence-to-sequence training
strategy to the Series-GAN synthesizer and propose intra-
scale and inter-scale components to stabilize, maintain and
diverge the multi-scale synthesis. Extensive and compre-
hensive experiments conducted on three different datasets
demonstrate the effectiveness of the scale-awareness moti-
vation and the superiority of SAUI to the current state-of-
the-arts, especially for scale-varying and small objects.
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