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Abstract

Food-related applications and services are essential for
the health and well-being of people. With the rapid devel-
opment of social networks and mobile devices, food images
captured by people can offer rich knowledge about the food
and also necessary dietary assistance for people that re-
quire special care. Known food recognition frameworks
and approaches in computer vision have heavy reliance on
many-shot training of a deep network on existing large-
scale food datasets. However, it is common for many food
categories that it is difficult to collect enough images for
training. Traditional few-shot learning is unable to properly
address the problem due to the complex characteristics and
large variations of food images, and most few-shot frame-
works cannot perform classification for many-shot and few-
shot categories at the same time. In this paper, we propose a
new fusion learning framework for food recognition. It uni-
fies many-shot and few-shot under a single framework, by
leveraging on extracted image representations and context
sensitive semantic embeddings. Further, considering food
categories are often correlated to each other for many com-
monalities such as same ingredients, cooking methods, the
fusion learning framework utilizes a Graph Convolutional
Network (GCN) to capture the inter-class relations between
both image representations and semantic embeddings of dif-
ferent food categories. The final output fusion classifier will
be more robust and discriminative. Comprehensive experi-
mental results on two popular food benchmarks have shown
the proposed framework achieves the state-of-the-art fusion
performance.

1. Introduction

Food-related study gains increasing popularity for its im-
portance in people’s life. Understandings of daily food in-
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Figure 1. Some food image examples with class labels.

takes can greatly benefit the health of people and also help
in personal dietary management. Over the past few years,
great progress has been made in food recognition using just
food images, thanks to the rapid advances in the develop-
ment of powerful deep learning networks.

Traditional food recognition approaches capture hand-
crafted global and local image features, such as SIFTs, Lo-
cal Binary Patterns (LBP) [27]. K-Nearest Neighbor (k-
NN) [12], Support Vector Machine (SVM) and ran-
dom forest techniques [2] are amongst the commonly used
classifiers. In contrast to the traditional approaches, simple
and automatic food recognition approaches using deep net-
works give better performance in general [30), 140]. It
can be applied for various food applications, such as mobile
visual food recognition, food logging and nutrition analysis
services.

Visual food recognition using images, just like other
types of fine-grained recognition tasks, often suffers from
the difficulty to get discriminative image representations
with good generalization ability for each class. Food recog-
nition tasks are especially difficult to be addressed since
many categories of food do not have distinctive appearance
or obvious layout structure. A common strategy to alleviate
the problem is by introducing additional information during
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training and testing. For example, ingredient information
associated with the food images, cooking recipes from In-
ternet, and geographical locations of restaurants [44, 46].
Although it is proven the food recognition performance can
be improved by incorporating such information, these ap-
proaches are often considered as less cost-effective given
the extra human labors and other costs required to collect
the additional information, and also sometimes, the sources
may not be available.

To make the issue worse, it is common that many food
categories cannot be collected with enough image data to
train the deep networks. Few-shot learning is designed to
address the issue of limited training data by either fully ex-
ploiting the features can obtained from the few sample im-
ages or introducing additional side information [[18l, 45} {17,
33]]. Unfortunately, existing few-shot learning frameworks
often under-utilize the possible inter-class relations between
different fine-grained categories such as in food recognition.
As a result, they struggle to properly classify food images.

In order to address the abovementioned issues, in this
work, we propose a fusion learning framework that uni-
fies both many-shot and few-shot classification for visual
food recognition, by leveraging on image representations
and context sensitive semantic embeddings. It conducts a
two-stage fusion learning which fuses many-shot and few-
shot learning under a single framework, where the final clas-
sifier can perform food recognition on both many-shot and
few-shot categories. The first stage of fusion learning lever-
ages on extracted image representations from a state-of-the-
art deep network and semantic embeddings based on class
labels. The motivation to incorporate class label semantic
embeddings is that the labels of food names are the easi-
est accessible information which contain important charac-
teristics of the food, such as dedicated food terminologies,
common ingredients and cooking methods,etc.

Figure[I]shows some commonly seen food categories but
that are not easy to distinguish each pair using only image
features. For example, “"Hot Dog” is a dedicated food name,
with the dominant component of “Sausage”. In order to
correctly classify it without confusing with other food with
”Sausage”, we can generate such context sensitive embed-
ding based on the class label "Hot Dog”, so that it provides
additional semantic meaningful information. Here the con-
text sensitive refers that the embedding is generated based
on context, in this example, it is in the context of food, not
the animal. Other examples in the figure also show that the
additional information given by the class label can be used
in food recognition together with image representations. As
a result, we propose to generate context sensitive semantic
embeddings for each food category using the class labels.
Therefore, the performance of the trained network can be
improved by injecting such side information.

Furthermore, in order to capture possible inter-class re-

lations and correlations of different food categories, the sec-
ond stage of fusion learning of the proposed framework in-
corporates Graph Convolutional Network (GCN) as a mean
to map the relations in terms of the similarity of the im-
age representations and semantic embeddings for different
food categories. The final resulting GCN representations
are more robust and discriminative, which further boost the
performance of food recognition. The contributions of this
paper can be summarized as follows:

e We propose a fusion learning framework for visual
food recognition, which is a two-stage fusion unifies
both many-shot and few-shot learning. Its perfor-
mance is enhanced by incorporating image representa-
tions from a state-of-the-art deep network and context
sensitive semantic embeddings of class labels during
training. A final robust classifier can be produced by
further capturing the inter-class relations using GCN.

e We conduct comprehensive experiments on two pop-
ular food benchmark datasets, with different configu-
rations and ablation study. The experimental results
show that our approach can achieve state-of-the-art
performance on both datasets.

e We design the fusion learning framework to be com-
patible with different types of backbone Convolu-
tional Neural Networks (CNNs), we have demon-
strated the effectiveness of the proposed framework
using ResNet [11] and EfficientNet [39]. It could be
further expanded to real-life food applications

2. Related Work
2.1. Visual food recognition

Visual food recognition using deep learning framework
emerges as one of the most popular food-related studies. In
recent years, automatic food recognition by simply scan-
ning or capturing food images allows many health applica-
tions to be developed. For example, nutrition analysis [28]],
diet management [3, 21], food recommendation [6]. A
comprehensive survey on food computing is provided by
Min et al. [24]. Most existing methods deploy popular
CNN architectures such as AlexNet [16], GoogLeNet [38]],
ResNet [[11]], and perform food classification by using the
image features obtained from the networks. Aguilar et
al. [1]] evaluated fusion of different networks/classifiers for
food recognition. Martinel et al. [19] proposed to use wide-
slice ResNet for food recognition by leveraging on the ver-
tical traits in some food.

Combinations of deep visual features and other useful
information have also been explored. Some recent works
have formulated food recognition as a multi-task classifi-
cation problem where the recognition of food is attempted
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along with other attribute recognition, such as GPS loca-
tion, ingredients, types of cuisine, cooking recipes [41, [25]].
Jiang et al. [13] designed a Multi-Scale Multi-View Fea-
ture Aggregation (MSMVFA) for food recognition, which
combines features and semantics at different detail levels.
Incorporation of such contextual information is proven to
improve the food recognition accuracy. However, these ad-
ditional attributes require huge extra human labors to collect
and construct, and they may not always be available.

Different from existing works, we propose to generate
context sensitive semantic embeddings based on food class
labels, where the labels are easily accessed information dur-
ing training. In the proposed method, both image represen-
tations obtained from state-of-the-art deep networks and the
context sensitive semantic embeddings are used to train the
framework together.

2.2. Few-shot learning

Few-shot learning, the ability to recognize few-
shot/novel categories given only a few sample images, is
a hot deep learning research topic for its wide applications.
Few-shot learning can be the potential solution for many
visual recognition tasks such as food recognition, where
scarcity of data is usually a problem.

Few-shot learning is developed from the early-stage
of learning good model initialization, typical works like
Model-Agnostic Meta-Learning (MAML) [7] and Latent
Embedding Optimization (LEO) [33], so that the classifiers
for novel classes can be learned with a limited number of
labeled examples and a small number of gradient update
steps. Metric learning based few-shot frameworks become
more popular for its easier implementation and superior per-
formance. Typical works such as Prototypical Networks by
Snell et al. [36] and RelationNet by Sung et al. [37] utilize
the distance or similarity between trained images, so it can
classify an unseen input image with the labeled instances
based on distance metric learning. Few-shot learning with
additional semantics has also been explored. Schwartz et
al. [35]] proposed a few-shot learning approach using mul-
tiple rich semantics, such as labels, attributes, and natu-
ral language descriptions. TAFE-NET proposed by Wang
et al. [42] addressed the image representation adaptation
to other tasks by learning task-aware feature embeddings.
However, most existing few-shot learning approaches fail
to capture inter-class correlations that are important for rec-
ognizing novel categories.

In our works, we utilize the labels of food categories to
generate context sensitive semantic embeddings, that does
not require any rich semantics like attributes and language
descriptions. We also manage to create a fusion system that
fuses both many-shot and few-shot learning under a single
framework, which leverages on both robust image represen-
tations and class label embeddings. We capture the inter-

class relations in term of the similarity of the image repre-
sentations and semantic embeddings between different food
categories, by constructing and training a GCN.

3. Proposed Methodology
3.1. Overview of framework

As shown in Figure[2] our proposed framework has three
major components: (i) generation of class label embedding:
given a set of image-label pairs that contains both many-
shot categories and few-shot categories, class label of each
food category is used to generate context sensitive semantic
embeddings () by Bidirectional Encoder Representations
from Transformers (BERT) [5]; (ii) fusion of many-shot and
few-shot learning: images of many-shot categories are used
to train a CNN, which can be divided into a feature extrac-
tor and a classifier. In addition to the normal classification
loss, a new semantic loss based on the generated class label
embeddings of many-shot categories is introduced during
training. The parameters of the classifier can be extracted
as classification weights (w™), which are used to classify
many-shot categories. After the training, the feature extrac-
tor will be used to generate the prototypical vector (v) for
each few-shot category based on image feature aggregation;
(iii) inter-class relation learning using GCN : after obtaining
the overall classification weights (w) and semantic embed-
dings, both representations will be used as input to construct
a GCN in order to capture the inter-class relations. New
class representation (c) can be obtained after training the
GCN. Finally, the classifier is finetuned with classification
loss and a new matching loss between w and c.

3.2. Generation of class label embedding

Semantic embedding usually refers to the text/word em-
bedding generated by various nerual networks. It is a pop-
ular strategy to solve Natural Language Processing (NLP)
tasks by learning good text embedding using Pre-Trained
Models (PTMs). Based on definitions in the survey [31],
the first generation of such PTMs which includes Skip-
Gram [23]], word2vec [22] and GloVe [29], are usually shal-
low in network architecture. They are also not context sen-
sitive, which often fail to capture higher-level concepts and
correlations between words in context. The second gen-
eration PTMs has deeper architectures and better training
techniques, which improve their ability to learn contextual
word embeddings, such as CoVe [20], OpenAl GPT [32]
and BERT [5]].

Although some recent works explored the possibility of
enhancing image classification and retrieval using word em-
beddings, they either are based on traditional many-shot
training using large-scale datasets [[14] or simply applying
word embeddings from pre-trained model without consider-
ing the rich dependency between semantic embeddings with
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Figure 2. Overview of our proposed fusion learning framework. It consists of three branches, one for generation of context sensitive
semantic embeddings, one for many-shot & few-shot fusion learning and the last is inter-class relation learning using Graph Convolutional

Network (GCN).

image features [26].

Given a labeled dataset of K categories that contains
K™ many-shot categories and K/ few-shot categories,
each image-label pair in the dataset can be denoted as
(™, y™) for many-shot categories and (x/,y/) for few-
shot categories, where z is the image and y is the corre-
sponding label with different word length u. In this work,
we aim to encode label information to semantic embed-
dings to better measure the semantic relations of different
food category. The obtained semantic embeddings are used
to train the fusion learning framework. We use the archi-
tecture of BERT, which is designed to pre-train deep bi-
directional representations from text by jointly conditioning
on both left and right context in all layers. BERT is trained
with two unsupervised text tasks: Masked Language Model
(MLM) and Next Sentence Prediction (NSP) on plain cor-
pus of BooksCorpus and English Wikipedia, where MLM is
used to enhance its efficiency at predicting masked tokens
and NSP is used to generate a sequence prediction rather
than a token prediction. As compared with other embed-
ding methods, BERT based embedding is context sensitive,
where the representations of the phrase or word are closely
related to the context.

Let t denote the resulting embedding of projecting the
label ¥ to the embedding space (t € R'*?). We can ob-
tain a sequence of tokens {y1,y2,...,y,} as input to the
Transformer encoder, where a denotes number of word in
y. Class label embedding is given by the sequence embed-
ding of y from pre-trained BERT model:

a

1
= ey (1)

%

where e denotes the token value in the second last hidden

layer in the pre-trained model.

3.3. Fusion of many-shot and few-shot learning

A standard CNN architecture can be split into two main
components: a feature extractor and a classifier. Given
an input image x that belongs to a dataset of K classes,
the feature extractor will generate a d-dimensional feature
z (z € R'™%) which then the classifier will compute the
raw classification scores before softmax {s1, sa, ..., Sx } =
{zTwy, 2T w,, ..., 27wy}, where the parameters w =
{w; }[ | are the classification weights that are used for clas-
sifying different categories. Common approaches in many-
shot learning use dot-product based classifier and SGD
to update the weights in the layers progressively. How-
ever, few-shot learning cannot use conventional classifica-
tion weights due to lacking of data. Instead, we generate
the prototypical vectors using the trained feature extractor
for each few-shot category by utilizing the feature vectors
of the few training images. Similar classification score is
obtained by measuring the similarity between the query im-
age and the prototypical vector of each category.

Let vy, denote the prototypical vector for k-th few-shot
category by averaging input image feature vectors, where
Ny, is the number of images available for the few-shot cate-

gory:
1
o= 3 Z 2 )

The magnitude of the prototypical vectors depend on the in-
put image feature vectors, and the raw classification scores
of many-shot and few-shot are different in magnitude. To
create a unified fusion framework of many-shot and few-
shot, we adopt cosine similarity based feature classifier

1714



which is inspired by [8]. The raw classification score for
k-th many-shot category sy, is calculated as:

Sp=c % wy A3)

where Z; and wy, are [;-normalized image feature vector
and classification weight for the k-th many-shot category,
respectively. € is a learnable scalar value that is introduced
to adjust the range of cosine similarity to fit softmax func-
tion. The prototypical vector v can also take both posi-
tive and negative values by removing the ReLU layer. As
a result, the prototypical vectors of few-shot categories are
no longer affected by the magnitude of image features. To
summarize, the final classification weights w; for any cate-
gory in the dataset can be unified and represented as:
1 m
wk{wk’ ifk € K @
vy, ifke K’

In addition, it is necessary to well train a feature extractor
since the classification performance is based on the derived
classification weights and the obtained image features. We
propose to adopt classification training with softmax loss
and a new semantic loss on K" many-shot categories:

Ltrain = aLcls + BLsemantic (5)

The probability of k-th many shot category given image-
label pair (z™,y™) can be obtained from:

) = exp(sk)
St eap(si)

where sy, is the raw classification score for k-th many-shot
category. The softmax cross-entropy loss is given by:

p(klz™ (6)

i=1 k=1

where O(k) is true if k = y™ and N is the total number
of many-shot training images. To fully utilize the semantic
information during the training, we design a new semantic
loss which measures the similarity between the image fea-
ture and its respective class label semantic embedding. The
motivation is that the distance of image features that be-
long to different categories should be close to the distance
of their corresponding class label semantic embeddings. No
semantic loss is calculated for images that belong to the
same class. For two image-label pairs (x;, y;) and (x;,v;),
we can obtain their image feature z; and z; after passing
the feature extractor. Their class label embeddings can be
calculated using Eq. as t;and t;.

N N
1
Lsemantic = N2 Z Z(alist(zi7 zj)—dist(t;, t;))? (8)

i=1 j=1

After training the network using Ly.q;n, the classification
weights for both many-shot and few-shot categories can be
calculated using Eq.

3.4. Learning of inter-class relations using GCN

Classification weights and class label embeddings con-
tain rich information that defines inter-class relationships
between food categories. However, such information can-
not be captured or leveraged using conventional approaches
of CNNs. The concept of Graph Neural Network (GNN)
was first introduced in [[34]], which is based on CNNs and
graph embeddings. GNNS are good at aggregating informa-
tion from locally connected structure. Each node in GNNs
is defined by its own features and features from its related
nodes. In the survey paper [47], GNNs are classified into
different types, such as by propagation step. Graph Con-
volutional Networks (GCNs) are one of the most popular
variants of GNNs. GCNs are designed with convolution
and readout function that can be trained to perform node
classification or graph classification with task-specific loss.

Let G = (V, E) represent a standard GCN with multi-
ple layers (L), where the nodes V' = {wy, ws, ..., wi } is
the set of classification weights that each node corresponds
to the food class in the dataset (Eq. ), and E is the edge
connectivity between neighboring classes. In this work, we
design the edges based on cosine similarity between each
node in terms of w; and ¢; and the edge connection of
each node is based on its pre-defined first-order neighbor-
ing nodes j € N(7). For example, E;; is the edge between
class/node ¢ and class/node j with edge strength ¢;; € [0, 1]
after applying softmax operation over the cosine similarity
of both w and ¢. Please note the edges are independent of
direction.

¢ij = Softmax(0(w;, w;) + 0(t;,t;)) 9)

where 6 denotes the cosine similarity function.

Neighborhood aggregation using Jumping Knowl-

edge. Denote hgl)
l. Tt is updated as:

as the representation for node ¢ at layer

hily) = p(01- AGGREGATE({h",Vj € N(i)}))
(10)
h*Y = COMBINE(R{", h{ ) (11)
where p is a point-wise non-linearity which in our case is

LeakyReLU, and O is the trainable filter parameters at layer
l. AGGREGATE is defined as follows:

l+1) Z ¢, F h(l h(l) (12)

JEN(3)
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where F' is a fully-connected network that is used to per-
form non-linear combination of node features from different
nodes. COMBINE is based on node feature concatenation.
For final representation for node ¢, we adopt the concatena-
tion solution in Jumping Knowledge Networks [43] to con-
nect all layers’ representations to the final output. In this
way, the model can learn to selectively exploit information
from all intermediate layers:

{7 = (", h, . ")) (13)

where ¢ is a linear transformation to obtain the final GCN
output c;.

4. Experiments and Results
4.1. Datasets

To evaluate the performance of the proposed fu-
sion learning framework, we conduct comprehensive ex-
periments on two popular datasets: Food-101 [4] and
UECFoo0d-256 [15]. In order to train the GCN, we apply
similar technique of training episodes used in [9].

Food-101. The dataset consists of 101,000 images with
101 categories and each category has 1,000 images, most
of which are Western cuisines. We partition each category
into 70% for training 10% for validation and 20% for test-
ing. For many-shot and few-shot partition, the 101 classes
are divided into 60 many-shot categories and 41 few-shot
categories.

UDCFood-256. The dataset consists of 31, 397 images
with 256 categories. These categories are collected from
different cuisines, such as Japanese, Chinese, Western, etc.
Although small in size, the large inter-class variation can
be used to test the robustness of the framework. We parti-
tion each category into 70% for training 10% for validation
and 20% for testing. For many-shot and few-shot partition,
the 256 classes are divided into 156 many-shot categories
and 100 few-shot categories. Images from both datasets are
resized to 256 x 256.

4.2. Implementation details

Semantic embedding To obtain context sensitive class la-
bel embedding, we use a pretrained BERT model to gener-
ate the embeddings. The BERT model was trained using un-
cased English vocabulary with WordPiece masking, which
has 12 hidden layers and outputs d = 512 dimensional fea-
tures.

Architectures of feature extractor Feature extractor is
trained using many-shot categories, which later is used to
generate the prototypical vectors for few-shot categories
based on aggregation of image features. For the following
experiments, we use an EfficientNet-b0 [39]] as the feature
extractor. The output feature dimension is d = 512. We
have also tried ResNet-10 [9] as the feature extractor for

comparison.

Architecture of GCN We choose a standard GCN with
skip connections as the base structure for our GCN archi-
tecture. We adopt the concatenation strategy that used in
JK-Net [43] as the aggregation function on the final layer.
The final output class representation c is used to train a new
classifier using classification loss and matching loss based
on episodic training.

For network training, we use SGD optimizer with mo-
mentum of 0.9 and weight decay of 1le — 5. We evaluate
our model by performing 5-way-1-shot and 5-way-5-shot
experiments on both datasets, 5-way-1-shot means we sam-
ple 5 random novel classes from the dataset, from each class
we sample 1 random sample. For fusion evaluation, equal
number of random classes and random images are selected
for both many-shot and few-shot categories.

4.3. Comparisons with related work

Due to the reason that most food recognition work can-
not handle few-shot recognition and there is no existing
food dataset based fusion results for comparison, we have
selected the few-shot performance from popular few-shot
frameworks as the comparison metrics. The results of these
few-shot frameworks are based on our implementations.

In Table [T] and Table 2] we compare the 5-way few-shot
performance of our proposed method against related prior
work on both Food-101 and UECFood-256. ”Conv-4-64~
stands for a simple network with 4 convolutional layers fol-
lowed by a fully-connected layer resulting in a 64 output
feature size. For Few-shot with DAE [9], we also change
the feature extractor to EfficientNet-b0 for better compar-
ison. We can observe our proposed fusion learning frame-
work achieves superior performance on both datasets. To be
more specific, our proposed method gives an improvement
of 8.27% regarding 5-way- 1-shot performance against Few-
shot with DAE on Food-101, which is one of the state-of-
the-art prior work. Our proposed method also achieves con-
sistent improvement on UECFood-256 of 9.63% and 6.96%
in terms of 1-shot and 5-shot performance. The results show
that the few-shot recognition performance can be signifi-
cantly enhanced by incorporating necessary inter-class cor-
relations based on both image and semantic/text representa-
tions.

4.4. Ablation study of the proposed framework

In this section, we provide extra experiments with 4 dif-
ferent settings to validate the contributions of different com-
ponents of our proposed framework. The 4 different settings
are shown in Table 3]

Here, we examine different experimental configurations
based on two major aspects: Implementation of “Fusion
learning with Semantic Loss” and ”GCN training”, which
are basically the first and second half of fusion learning in
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Table 1. Few-shot performance comparisons of average accuracy on Food-101 (%)

5-Way
1-shot 5-shot

Model Feature Extractor ~ Top-1  Top-5 Top-1  Top-5

MAML [7]] Conv-4-64 47.31 - 64.19 -

Prototypical Networks [36] Conv-4-64 48.03 - 64.40 -

RelationNet [37] Conv-4-64 50.11 - 65.78 -
Dynamic few-shot [8]] ResNet-10 53.21 86.45 68.82  90.79
Few-shot with DAE [9] ResNet-10 53.70 86.67  70.29  91.13
Few-shot with DAE [9] EfficientNet-b0 58.60 88.99 75.06  92.14
Ours EfficientNet-b0 61.97 9225 77.72 94.09

Table 2. Few-shot performance comparisons of average accuracy on UECFood-256 (%)

5-Way
1-shot 5-shot
Model Feature Extractor  Top-1  Top-5  Top-1  Top-5
MAML [7] Conv-4-64 42.10 - 57.43

Prototypical Networks [36] Conv-4-64 42.63 - 58.25 -

RelationNet [37] Conv-4-64 43.03 - 59.43 -
Dynamic few-shot [§]] ResNet-10 44.68 75.84 60.49  86.67
Few-shot with DAE [9] ResNet-10 45.22  76.19 62.12 87.80
Few-shot with DAE [9] EfficientNet-b0 48.82 80.36  65.00 90.25
Ours EfficientNet-b0 54.85 86.08 69.08 92.36

Table 3. Different settings in ablation study

Table 5. Top-1 few-shot/fusion accuracy on UECFood-256 (%)

Config Fusion learning with Lsemantic  GCN
Baseline X X
A v X
B X 4
Ours (A+B) v v

Baseline A B Ours

|hoy Fewshot 4882 5383 5019 54.85
SIOU T Busion 53.25  55.63 54.31 56.73
sahor Few-shot 6500 6849 66.22 69.08
Fusion  57.63  59.94 58.02 60.13

our framework. For simplification, we denote them as A
and B. Baseline refers to the case of using the classification
weights and prototypical vectors to perform the classifica-
tion, without implementations of semantics and GCN. Con-
fig A means the class label embedding is used during the fu-
sion training but without the second stage of training GCN,
Config B means GCN is used to capture inter-class rela-
tions between food categories based on both classification
weights and class label embeddings but without involving
semantic information during the first stage of fusion train-
ing. A+B is our complete proposed method.

Table 4. Top-1 few-shot/fusion accuracy on Food-101 (%)

Baseline A B Ours
I-shot Few-shot 58.60 61.19 59.04 61.97
Fusion 66.93 68.08 66.75 68.76
5-shot Few-shot 75.06 76.94 75.95 T7.72
Fusion 78.66 79.96 79.38 80.11

From Table [] and Table [5] show the performance com-
parison of few-shot and fusion results testing on Food-101
and UECFood-256 for 4 different experimental settings.

Few-shot result is the average accuracy of 5-way-1-shot or
5-way-5-shot training, and fusion accuracy is obtained by
randomly sampling equal number of testing images from
both few-shot and many-shot categories.

Impact of semantic loss. Use of semantic information in
this work consists of two parts, which are the semantic
loss introduced during fusion learning of many-shot and
few-shot that based on BERT class label embeddings, and
the same class label embeddings are used during inter-class
relations learning using GCN. Refer to Table ] and Table 5]
we can observe that by incorporating the class label em-
bedding along during the fusion learning of many-shot and
few-shot (Config A), an improvement of 2.59% and 5.01%
is achieved for Top-1 1-shot recognition on Food-101
and UECFood-256 as compared to baseline, respectively.
Since the introduction of the semantic loss enhances the
feature extractor, hence improves the recognition accuracy
of many-shot categories, the Top-1 fusion results are also
improved by 1.15% and 2.38% on both datasets.
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Impact of GCN. We use GCN to find inter-class re-
lations based on both image representation (classification
weights) as well as class label embedding. We believe both
image and text based representations can be used to im-
prove the discriminative ability of the final classifier. From
Table [ and Table 5] we can see consistent improvement of
performance by introducing GCN (Config B) for few-shot
accuracy on both datasets. For example, by using only
GCN, it achieves 0.44% and 1.37% of improvements for
1-shot few-shot accuracy on Food-101, UECFood-256. The
improvement is more significant on UECFood-256, which
has more classes with less images per class, indicating the
effectiveness of training GCN with both the classification
weights and context sensitive class label embeddings.
Finally, by combining both A and B, which is our com-
plete proposed method, the performance on both datasets
is improved significantly, which surpasses both standalone
A or B setting. Our proposed method achieve 3.37% and
6.03% of improvement for 1-shot few-shot accuracy on
Food-101 and UECFood-256, respectively. Consistent im-
provement can be also observed for the fusion performance.

Table 6. Top-1 few-shot/fusion accuracy on Food-101 using
ResNet-10 as feature extractor (%)

Baseline A B Ours

1-shot Few-shot 53.70 56.44 54.12 56.89
Fusion 62.66 63.93 6291 64.06

5-shot Few-shot 70.29 72.60 71.06 73.51
) Fusion 72.33 73.49 7262 73.82

Table 7. Top-1 few-shot/fusion accuracy on UECFood-256 using
ResNet-10 as feature extractor (%)

Baseline A B Ours

I-shot Few-shot 45.22 49.58 46.69 51.02
Fusion 52.57 53.78 52.84 54.29
5_shot Few-shot 62.12 64.66 62.83 65.15
Fusion 56.02 57.29 56.30 57.46

4.5. Ablation study of the architecture of feature
extractor

To test the general robustness of our proposed method,
we also include the experimental results of our proposed
method with same settings as in Table[d]and Table[5|with the
exception of using ResNet-10 as the feature extractor. From
Table [6] and Table [7] show the performance comparison of
few-shot and fusion results on Food-101 and UECFood-
256.

Experimental results in the tables show consistent
improvement of recognition performance on both food
datasets using ResNet-10. Our proposed method using
ResNet-10 achieves 3.19% and 5.8% of improvement for 5-
way-1-shot few-shot accuracy on Food-101 and UECFood-

256, respectively. As compared to the baseline implementa-
tion, an improvement of 0.42% and 1.47% is obtained for 1-
shot accuracy on Food-101 and UECFood-256 using Config
B, which is the implementation of GCN only. An improve-
ment of 2.74% and 4.36% is obtained for the 1-shot accu-
racy on both datasets using Config A, which implements the
semantic loss during the first stage of fusion learning. Fur-
ther, the accuracy of fusion results are also enhanced con-
sistently, which shows the robust improvements contributed
by each component in our proposed fusion framework using
different feature extractors.

5. Conclusion

In this work, we proposed a two-stage fusion learning
framework for visual food recognition which unifies both
many-shot and few-shot learning, so it can classify images
from both many-shot categories and few-shot categories to-
gether. Our framework is based on extracted classification
weights as well as context sensitive embeddings of class la-
bel.

We have also introduced a second stage training using
GCN, which captures the inter-class relations between dif-
ferent food categories based on image and text representa-
tions. The final performance of the framework is evaluated
on two popular food datasets extensively. The results show
a consistent improvement for both few-shot and fusion ac-
curacy as compared with prior work. The experiments
demonstrate the effectiveness of our proposed method of
fusion learning with semantics and GCN on food recogni-
tion.
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