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Zero-shot Object Detection Based on Dynamic Semantic Vectors
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Abstract— Zero-shot object detection has shown its ability
to overcome the problems of data scarcity and novel classes.
Existing methods generally utilize static semantic vectors to
classify objects and guide the network to map visual features
to semantic vectors. However, the distribution of semantic
vectors cannot adequately represent visual features, which
makes migration from seen to unseen classes difficult. This
work explores the dynamic semantic vector method to align
the distributions of semantic vectors and visual features. The
main challenge is to get a more reasonable distribution of
semantic vectors. To address this issue, we proposed a two-way
classification branch network and introduce N-pair loss into
the dynamic semantic vector optimization process. Experiments
on the MS-COCO dataset and SiTi (a real-world autonomous
driving dataset collected by us) demonstrate the effectiveness
and generalization of our method. Our code is available at
https://github.com/HaoyuLizju/ZSD_tcb

[. INTRODUCTION

Object detection methods based on deep learning have
practical applications in autonomous driving [1]. In spite
of their surprising performance, these methods require a
large amount of data for training. Thus, data scarcity and
novel classes (i.e., those not seen in the training phase)
still hinder their application in real-world scenarios [2]. In
order to overcome the problems listed above, zero-shot object
detection has been proposed and has attracted extensive
research attention [3], [4], [5].

In zero-shot object detection, a model is trained using
only seen classes, then it needs to locate and classify unseen
classes during inference. Unseen classes are not included
in model training but appear during model inference [4].
Currently, most zero-shot object detection methods are based
on Faster-RCNN [4], [6], [7], [8], [9], [10], [11], [12].
In these methods, Faster-RCNN’s bounding box regression
network is assumed to be independent of category, which
means it can be applied directly to unseen classes without
requiring parameter adjustment. Thus, the primary issue with
these methods is how to make Faster-RCNN’s classification
network capable of identifying unseen classes.

In previous methods [4], [6], [7], [8], [9], semantic in-
formation is used to construct semantic embedding space
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for all categories and complete the detection of unseen
classes by mapping visual features to the semantic space.
Semantic vectors are used as constant cluster centers in the
classification network.

From the perspective of information sources, there are
differences between semantic vectors and visual features.
Semantic vectors are usually learned from a large amount
of corpus through natural language processing models such
as FastText [13], word2vec [14], Glove [15], etc., while
visual features are directly extracted from object images
using convolutional neural networks. Therefore, semantic
vectors cannot adequately represent visual features. Due to
the inconsistent distribution between semantic and visual
spaces, directly using semantic vectors for classification will
decrease the accuracy of both seen and unseen classes.

In order to solve this problem, we propose a two-way
classification branch network (TCB). In our method, se-
mantic vectors are used as model parameters and adjusted
according to the visual features in the training process,
so that the distributions of semantic vectors and visual
features in their respective space tend to be consistent. The
original semantic vectors contain more semantic knowledge,
whereas the optimized semantic vectors contain more visual
knowledge, so we adopt the idea of model ensemble and
design the TCB.

The two branches generate classification results respec-
tively, then a max function is used to integrate the classifi-
cation results to obtain the final one. More details are shown
in Fig. 1. The main contributions of our work are: 1) we
consider semantic vectors as parameters and introduce N-pair
loss for semantic vector training and improve classification
accuracy; 2) experiments on MS-COCO dataset demonstrate
the effectiveness of our method; and 3) experiments on our
in-house autonomous driving dataset SiTi demonstrate the
generalization of our method.

II. RELATED WORK

According to the different model architectures, zero-shot
object detection methods can be divided into generative
methods and projection methods.

A. Generative methods

Generative methods [16], [17], [18], [19], [20], [21] syn-
thesize visual features of unseen classes using generative
adversarial neural networks (GANs) [22], [23], and the
classifier in the object detection network is trained using
the simulated visual features. These methods are trained in
four steps: 1) train a detection model with the seen classes
data, then extract the visual features and the corresponding
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Fig. 1.

categories of the candidate boxes; 2) utilize the visual fea-
tures and the corresponding category semantics to train the
adversarial neural network; 3) generate unseen classes visual
features using the generator of GAN; 4) train the classifier
of detection model using the simulated unseen classes visual
features. After these steps, the detection model has the ability
to detect unseen class objects. The quality of generated visual
features can be improved by adding additional loss items.
Hayat et al. [17] added model seeking losses to diversify the
generated visual features to avoid model collapse. Huang
et al. [20] propose intra-class semantic diverging loss and
inter-class structure preserving loss to make visual features
diverse and easy to distinguish between different categories.
Generative methods require additional GANs, which improve
accuracy but make the training process cumbersome and
unstable [24], [25].

B. Projection methods

The projection methods [4], [6], [7], [8], [9], [10], [11],
[12], [26] map the visual features and semantic vectors of
objects into the same space for classification. Based on object
detection models such as YOLO [27] and Faster-RCNN [28],
these methods map the extracted visual features of objects
to the semantic space through a neural network and classify
objects according to the similarity between the mapped visual
features and the semantic vectors. As a result of the above
process, it is possible to make the model more capable
of recognizing unseen classes by designing additional loss
items or network structures. Zheng et al. [6] propose the
BA-RPN structure, which generates the background class
semantic vector according to the background visual features
and replaces the static background class vector in the original
semantic vector. Li et al. [9] replaces the entropy loss with
SoftPlus Margin focal loss in the classification branch of
the Faster RCNN, and incorporates semantic information
into the object bounding box regression branch. Yan et al.
[12] introduce the contrast learning method, which uses seen
class data to optimize parameters related to unseen classes.

bl

An overview of our proposed approach. The decoder used to enhance the network mapping capability is omitted from the figure.

Linear layer
m: input dimension
n: output dimension

@ matrix multiplication

Projection methods are easy to implement since they simply
add semantic structure to object detection models to handle
semantic information. Our method is also in this branch, and
it focuses on how to enhance the semantic vectors.

The above two branches of zero-shot object detection
take the semantic vectors of categories as constants, which
are not changing during training. These methods ignore
the discrepancy of information between semantic vectors
and visual features. We propose a method that updates the
semantic vectors of seen classes according to the visual
features of seen classes during training. As a result, it is able
to obtain more reasonable semantic vector distributions, thus
improving its accuracy in classifying unseen classes.

III. METHODOLOGY
A. Problem Definition

Let X denote the whole dataset and Y = Y;UY,, denote the
label of object in X. The label of seen class is represented
by Y, with ¥, = {1,2...,S}, S is the number of visible
classes; Unseen class labels are denoted by Y,, with ¥, =
{§+1,542,...,84+ U}, U is the number of unseen classes.
The train set X, is a subset of X that contains only Yy category
objects, and the test set X, is a subset of X that contains Y,
category objects. In the train process, the train set X, the
label Y; and the corresponding ground truth bounding box
B € R* are provided to the model. In addition, the semantic
vectors W about Y are also provided to the model, where
W = {W,,W,}, W, are the word vectors corresponding to
the seen classes, W, are the word vectors corresponding
to the unseen classes. W, € RS W, € RV and d is the
semantic vectors’ dimension. In the inference process, we
have different problem settings. In the Zero-Shot Object
Detection (ZSD), the model only needs to identify the unseen
class objects in the X,, while in Generalized Zero-Shot
Object Detection (GZSD), the model needs to identify not
only the unseen class class objects in the X, but also the
seen class objects in the X;.
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blocks for constants. The decoder is the logical inverse function of the mapping network 7" and M, and it projects the feature from semantic space back

to visual space to improve the mapping ability of 7" and M.

B. Model Architecture

We propose a two-way classification branch network based
on the object detection part of [11]. The structure of the
model and the detection process is shown in Fig. 1. The
model is based on Faster-RCNN architecture. The backbone
of the model is a Resnet101 [29] pre-trained on Imagenet.
For RPN, we use Background Aware Region Proposal Net-
work (BA-RPN) [11] to generate the semantic vector of
the background while generating the candidate box. For the
image input I € X; in the training process, the feature is
extracted by ResNet while the candidate box B; € R* and
the semantic vector W, € R? of the background category
are generated by BA-RPN. The candidate box features fs
with fixed size is obtained by the Rol layer. The candidate
box feature f5 is fed into the regression network and the
classification network respectively to get the coordinates and
classification results of the candidate box. In the inference
process, the model uses the parameters learned on the seen
class data to detect the unseen class objects.

C. Two-way Classification Branch Network

Our proposed two-way classification branch network
(TCB) consists of a static semantic vector branch and a
dynamic semantic vector branch. The semantic vectors in
static branch are constants and don’t change during training,
while the semantic vectors in dynamic branch are variables
and changed during training on the seen classes. The final
classification result for the seen object is obtained by filtering
the prediction results of the two classification branches using
a max function. The structure of TCB is shown in Fig. 2.

The basic structure of each branch network comes from [11],
and the specific structure will be elaborated below.

1) Static Semantic Vector Branch: The static semantic
vector branch consists of five parts: candidate bounding
box feature compression network FFN, feature semantic
alignment linear layer (we use T to represent the parameters
in this layer) which projects visual features into semantic
space, additional semantic word vocabulary D, an attention
linear layer (we use M to represent the parameters in this
layer) which constructs the connection between seen classes
and their related words in D, seen class category semantic
vector matrix W; (including the background class semantic
vector generated by BA-RPN). The FFN consists of two
linear layers, using RELU as the activation function. D and
W, are constants, and FFN, T and M are modified during
training. All word vectors in W, are normalized to unit
vectors.

In the static semantic vector branch, FFN compress the
feature featyy,, in proposals into X?°*. Xb°* is mapped to
the semantic space through a linear layer with parameters
T, and the cosine similarity S; of the mapped feature with
each semantic vector in D is calculated in the semantic space
by matrix multiplication. S, is again mapped to the semantic
space through the linear layer M, and the category probability
Sy in static semantic vector branch is calculated through W;.
The static semantic vector branch can be expressed as the
formula:

XPX — FEN(featypox) (1)
Sy = W,MDT X"~ )
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2) Dynamic Semantic Vector Branch: The structure of
dynamic semantic vector branch is similar to that of static
semantic vector branch, which also includes five parts:
candidate bounding box feature compression network FF N,
feature semantic alignment layer (we use T' to represents
the parameters in this layer), additional semantic word
vocabulary D, an attention layer (we use M to represent
the parameters in this layer) that construct the connection
between seen classes and their related words in D, seen class
category semantic vector matrix WSI. FFN', T and M have
the same structure as FFN, T and M, but they don’t share
parameters. In /the /dyna;mic/ semantic vector branch, only D is
constant, FFN , T , M , W, (except the background semantic
vector) are modified during training. Here WSI is initialized
identically to W, and will be updated during training. All
word vectors in Ws/ are normalized to unit vectors.

In the dynamic semantic vector branch, F FN' com-
press the feature featyy,, in proposals into X%, Xt ig
mapped to the semantic space through layer T, and the
cosinesimilarity S;, of the mapped feature with each semantic
vector in D is calculated in the semantic space by matrix
multiplication. S; is mapped to the semantic space again
through the linear layer M, and the category probability Sd,y
in dynamic semantic vector branch is calculated through W, .
The dynamic semantic vector branch can be expressed as the
formula:

X" = FFN'(featppoy) 3)
Sqy = W, M DT X% 4)

Finally, the seen class classification result of TCB can be
expressed as:

Scoresseen = 0 (max(Ss, Say)) (5)

Where o represents the softmax function, and the max
function compares the similarity of two branches class-by-
class.

Following the methods of previous studies [30], [6], the
unseen class classification result of TCB can be expressed
as:

T
Scoresynseen = W,W, Scoresgeen (6)

Where W, stands for the unseen class semantic vector, and
WI stands for the transpose of the static semantic branch
seen class semantic vector matrix. Here we use static but
not dynamic semantic vectors for the knowledge from NLP
models are included in original semantic distribution.

3) N-pair loss for WS/ : In the cosine similarity classifier
for each branch’s determination of object categories, the
semantic vectors, as the category centers, need to be as far
away as possible to achieve better results. Those categories
which are too close to other categories are easy to be
confused. Inspired by N-pair loss [31], we use a similar loss
term:

S
l; =1log (Z e(COS<W[~,Wk)_1)> (7)
k=1

where w;, wy stands for any seen class semantic vector,
cos (w;, wi) means compute the cosine similarity of w; and
Wg.

S
anair = Z li (8)
i=1

The overall N-pair loss term for Ws' is shown in Equation(8),

which is the cumulative result of calculating Equation(7) for
each seen class category. The loss term makes the semantic
vectors separate from each other while improving the ability
to represent visual features, which improves the classification
effect.

D. Loss Function

As shown in the following formula, the loss function of
our proposed method contains four parts.

Lrce = Lcg + Lreg + M Lupair + A2Leq )

Where Lcg is the cross-entropy loss for the classification.
L,eg is the bounding box regression loss of the regression
network, and the loss function is SmoothL1. A, is the weight
hyperparameter corresponding to the N-pair loss term; A is
the weight hyperparameter corresponding to the Encoder-
Decoder loss term [11], which regards the mapping network
T and M as encoders, and adds additional network layers
as the logical inverse function of the mapping network, that
is, the decoder. L,; uses the mean square error to measure
the difference between the features before encoding and the
features after decoding, which can improve the mapping
ability of 7 and M.

IV. EXPERIMENTS
A. Datasets

We conduct experiments on the MS-COCO [32] dataset
and an autonomous driving dataset SiTi consisting of the
Sichuan-Tibet Highway (a part of the G318 National High-
way) scenes.

MS-COCO (2014) dataset includes 80 classes, 82783
images in the training set, and 40504 images in the validation
set. According to previous works [3], [30], we conduct
experiments on 65/15 split and 48/17 split, where 65/15
means we split MS-COCO dataset into 65 seen classes with
15 unseen classes and 48/17 means 48 seen classes with 17
unseen classes. The train set includes only seen class objects,
and the test set includes both seen and unseen class objects.

SiTi, an autonomous driving dataset collected by us,
includes 5370 images and 10 categories for now. For ZSD
setting, we select 8 seen classes and 2 unseen classes.

B. Evaluation Protocol

We report the experimental results of our proposed method
on ZSD and GZSD problem settings. For ZSD setting, only
seen class objects need to be detected during inference.
For GZSD setting, both seen class and unseen class objects
need to be detected. mAP and Recall metrics are used to
compare methods. For ZSD setting, we refer to previous
works [3], [30], [11], using mAP with IoU threshold 0.5
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TABLE I
AVERAGE PRECISION (%) OF EACH UNSEEN CLASS ON MS-COCO
DATASET WITH 65/15 DATA SPLIT.
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TABLE II
COMPARISON OF DYNAMIC SEMANTIC VECTORS AND STATIC SEMANTIC
VECTORS METHOD WITH GZSD SETTING ON MS-COCO 65/15 SPLIT.

Seen Unseen HM
GZSD | Seen/Unseen mAP | Recall | mAP | Recall | mAP | Recall
ZSI [11] 65/15 38.68 | 67.11 | 13.60 | 58.93 | 20.13 | 62.76
dyné&npair 65/15 38.81 | 68.97 | 15.12 | 51.80 | 21.77 | 59.16

and Recall@100 with IoU thresholds (0.4, 0.5, 0.6) for fair
comparisons. For GZSD setting, we use mAP with IoU
threshold 0.5 and Recall@100 with IoU threshold 0.5 for
both seen and unseen classes.

C. Implementation Details

The semantic vectors are generated by Word2vec [14], and
extra vocabulary word vectors D are consistent with [30]. The
dimensions of word vectors are all 300 (100 for autonomous
driving scenario data). We maintain the mask head in [11] for
model training because it can increase the model’s detection
ability. As for weight hyperparameters A, is set to 0.01 for
65/15, 0.075 for 48/17 and 0.025 for SiTi. A, is set to 0.5
for all settings. We adopt Resnet101 pre-trained on ImageNet
[33] as the backbone.

D. Dynamic Semantic Vectors

At first, we just implement our idea of dynamic semantic
vector on a single-path classification branch. Specifically,
we set seen class semantic vectors as model parameters
on the basis of ZSI [11]. The AP of each unseen class
is shown in Table I. “dyn&npair” means we use dynamic
semantic vectors with N-pair loss on ZSI. The results show
an improvement in AP in some unseen classes. However, the
results in Table II show that the Recall@100 corresponding
to dynamic semantic vector method decreases by 7.1%. Such
a huge recall drop is unacceptable for safety-demanding
automated systems such as autonomous driving. The above
results indicate that the change of semantic distribution is
positive for some unseen classes, while negative for others.
How to make dynamic semantic vector method take advan-
tage of its strengths and avoid its weaknesses? A simple idea
is to use dynamic semantic vectors for positively optimized
classes and original semantic vectors for negatively opti-
mized classes. Therefore, we design a two-way classification
branch network, one branch using dynamic semantic vector,
the other using static semantic vector. We choose the Max
function to screen the classification results in two ways.

E. Comparisons on MS-COCO ZSD/GZSD

We compare our method with PL [30], BLC [6], ZSI [11].
TCB is similar to the above three methods in the process of
feature extraction and projection. Comparison with them can
reflect the advantages of TCB’s dynamic semantic vector and
ensemble model design.

For ZSD setting, the result on two split benchmarks is
shown in Table III. On 65/15 split, our method surpasses
all of them. Compared with ZSI [11], our method brings
1.0% gain of Recall@100. On 48/17 split, our method is
not as well as ZSI [11]. The result of ZSD shows that our
method can increase the detection effect on ZSD setting
by updating the distribution of semantic word vectors. The
detection on 48/17 split is not as good as that on 65/15
split. We believe that this is because there are fewer seen
class vectors available for optimization on 48/17 split, so it
is more difficult to find a more reasonable semantic vector
distribution.

For GZSD setting, the result on two split benchmarks is
shown in Table IV. On 65/15 split, our method surpasses all
of them. Compared with ZSI [11], our method brings 2.27%
and 1.24% gain in terms of Recall@100 and mAP for seen
class and 0.92% and 0.21% gain in terms of Recall@ 100 and
mAP for unseen class. On 48/17 split, compared with ZSI
[11], our method brings 1.21% and 0.86% gain in terms of
Recall@100 and mAP for seen class and 0.07% gain in mAP
for unseen class. The result on GZSD setting indicates that
the updated seen class semantic vectors are more consistent
with visual features and the prediction of seen class can be
better transferred to the prediction of unseen class.

TABLE III
COMPARISON OF OUR METHOD WITH THE PREVIOUS STATE-OF-THE-ART
ZSD WORKS ON MS-COCO. OUR METHOD SIGNIFICANTLY SURPASSES
ALL OTHER WORKS ON 65/15 SPLIT.

Recall@100 mAP

ZSD Seen/Unseen 07 05 06 03

PL [30] 48/17 - 43.6 - 10.1
BLC [6] 48/17 49.6 46.4 41.9 9.9
ZSI [11] 48/17 57.4 53.9 48.3 114
TCB (ours) 48/17 55.5 52.4 48.1 114
PL [30] 65/15 - 37.7 - 12.4
BLC [6] 65/15 54.2 51.7 479 13.1
ZSI [11] 65/15 61.9 58.9 54.4 13.6
TCB (ours) 65/15 62.5 59.9 55.1 13.8

TABLE IV

COMPARISON OF OUR METHOD WITH THE PREVIOUS STATE-OF-THE-ART
GZSD WORKS ON MS-COCO.

Seen Unseen HM
GZSD | Seen/Unseen a5 rRecall [ mAP | Recall | mAP | Recall
PL [30] 48717 | 3592 38.24 | 4.12 | 2632 | 7.39 | 31.18
BLC [6] 48/17  |42.10|57.56 | 4.50 | 46.39 | 8.20 | 51.37
7SI [11] 48/17 | 46.51|70.76 | 4.83 | 53.85 | 8.75 | 61.16
TCB (ours)| 48/17  |47.37|71.97 | 4.90 | 52.41 | 8.89 | 60.65
PL [30] 65/15 | 34.07| 36.38 | 12.40 | 37.16 | 18.18] 36.76
BLC [6] 65/15  |36.00| 56.39 [ 13.10 | 51.65 | 19.20 53.92
ZSI [11] 65/15  |38.68| 67.11 | 13.60 | 58.93 |20.13| 62.76
TCB (ours)| 65/15 |39.92| 69.38 | 13.81 | 59.85 | 20.53 | 64.26
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TABLE V
AVERAGE PRECISION (%) OF EACH UNSEEN CLASS ON MS-COCO
DATASET WITH 65/15 DATA SPLIT
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TABLE VI
COMPARISON OF OUR METHOD WITH ZSI ON AUTONOMOUS DRIVING
SCENARIO DATA. OUR METHOD SIGNIFICANTLY SURPASSES ZSI.

. Recall@100 mAP

ZSD Seen/Unseen 07 03 06 03
ZSI [11] 8/2 69.4 61.7 49.8 15.7
TCB (ours) 8/2 66.2 61.2 50.9 18.1

For MS-COCO dataset, we report the results on 65/15 split
with mAP metric in Table V. From the experimental results,
we find that our method achieves AP improvements on 9/15

unseen classes. From the experiment result, we can say that
our method outperforms ZSI [11] on MS-COCO 65/15 split.

FE. Comparisons on autonomous driving scenario data ZSD

We compare our method with baseline ZSI [11]. The result
on autonomous driving scenario data is shown in Table VI.
Compared with ZSI [11], our method brings 2.4% gain in
mAP for unseen class. The result indicates the generalization
of our method.

G. Ablation Studies

The idea of our method is that better classification of seen
classes can be better migrating to unseen classes, so we per-
form ablation experiments on GZSD settings and MS-COCO
65/15 split. We build a baseline network with only one
classification branch and dynamic seen class word vectors.
The results are shown in Table VII. “Two-way” means we
implement a two-way classification branch on the baseline
network. “N-pair” means N-pair loss for WSI is implemented
during training. “Summary Function” means the function we
use to summarize the results of two classification branch,
where “Linear” means a linear layer and “Max” means the
max function. From these results, we can learn that: 1)
for networks using dynamic semantic vectors, both N-pair
loss and two-way classification branch can improve mAP
and Recall@100 for both seen and unseen classes. So these
two parts that we proposed are effective; 2) compared with
one way classification branch with N-pair loss, adding two-
way structure can reduce the unseen class mAP by 1.26%,
but improve the unseen class Recall@100 by 8.05%. We
believe that this tradeoff between mAP and Recall@100 is
worthwhile. And it is in line with our original intention of
designing the two-way structure—to improve the recall of
unseen classes; 3) as for the summary function, the Max
function is better than linear layer. Compared with the linear

TABLE VII
EFFECTIVENESS FOR TWO-WAY CLASSIFICATION BRANCH AND N-PAIR
LOSS FOR W; THE MAP (I0U=0.5) AND RECALL@ 100 (IoU=0.5)
RESULTS FOR GZSD ARE REPORTED ON 65/15 SPLIT OF MS-COCO
RESPECTIVELY.

Seen Unseen HM
mAP [Recall| mAP |[Recall mAP|Recall
33.98/60.20|11.15]30.98 |16.80(40.90
38.81/68.97 (15.12|51.80 (21.77|59.16
v 39.63/69.01(13.60]58.24 |120.25|63.17
39.48/68.81(13.73]59.14 20.37|63.60
v 39.12{68.50 ({13.86|59.10 [20.46|63.45
v 39.92(69.38 (13.81|59.85 [20.53| 64.26

Summary Function
Two-way N-pair|Linear ~ Max

NN NN RS
NX NX[NX
\

Fig. 3.
ZSD (second column) and GZSD (third and fourth columns). Seen classes
are shown with green and unseen with red.

Qualitative results on SiTi for ZSD (first column), MS-COCO for

layer, the Max function can guarantee the independence be-
tween the two branch’s semantic vector spaces to the greatest
extent, and only one branch’s parameters are optimized in
each backpropagation.

H. Qualitative Results

We give some object detection results of unseen objects in
Fig. 3 as the qualitative results for our method. We find that
our method can detect different unseen class objects and is
able to detect even in the presence of multiple unseen objects
while retaining the ability to detect seen classes.

V. CONCLUSION

This paper propose a zero-shot object detection method
using dynamic semantic vectors as parameters for the first
time. In this paper, we take semantic vectors as model param-
eters, propose a two-way classification branch network based
on dynamic semantic vectors, and introduce N-pair loss into
the optimization process of dynamic semantic vectors. Our
method make the distribution of semantic vectors and visual
features tend to be consistent, which is helpful in classifica-
tion. Experiments on the MS-COCO dataset demonstrate the
effectiveness of our method, and on the 65/15 data split, our
method outperforms other previous state-of-the-art methods.
We also demonstrate the generalization of our method on an
in-house autonomous driving dataset SiTi.
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