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Multimodal Text and Image Classification

= |mage and Text fusion for UPMC Food-101 using BERT and CNNs - Dataset Specification

= Number of images: 90,704
(train: 67,988 test: 22,716)

= Number of text: 93,409

= annotation: 101

Gallo, Ignazio, et al. "Image and Text fusion for UPMC Food-101 using BERT and CNNs."
2020 35th International Conference on Image and Vision Computing New Zealand (IVCNZ). IEEE, 2020.

Text
10 Apple Pie and Cake Recipes

Holiday baking doesn’t have to be bad for your waistline.
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Dreamy desserts

Holiday baking doesn’t have to be
bad for your waistline.

Sweet or tart, apples are
satisfying, thanks to the 4 grams
of fiber in each serving. They're
also packed with disease-fighting
antioxidants.

These 10 apple desserts have
lower fat, more fiber, and fewer
calories than many traditional
recipes, without sacrificing the
flavors of the season.

CaNNOLI CAPRESE SALAD CarrOT CAKE CevicHE CHEESECAKE CHEESE PLATE

/ \ N \ Next: Classic Apple Pie

Text(recipe) data sample: Apple Pie
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Multimodal Text and Image Classification

Proposed Methods

* /mage Classification Model (Inception v3)
= Text Classification Model (BERT + LSTM)
= |mage + Text Classification Model: late fusion method

= |mage + Text Classification Model: early fusion method
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Multimodal Text and Image Classification

Image Classification Model

TABLE I. Custom model defined for the classification of
UPMC Food-101 [4] images

Model for UPMC Food-101 Images Classification
Input Image - shape (299 x 299 x 3)

INCEPTION

VISUAL —»  FINAL Inception V3 (without the last two layers)
> BASED —p CLASSIFIER
e MODEL FEATURES PREDICTION Average Pooling 2D (8 x 8)
Dropout - probability 40%
Flatten
Dense Softmax - 101 units
Ince ption_v3 Architectu re Input: 299!299x3,fulput:8x3x2048

_________________________________________________________________________________________________________________________________

Convolution Input: gl.latplzjzmﬁ
AvgPool 299x299x3 ®8x
M;?:P?:ZI Final part:8x8x2048 -> 1001
Concat
Dropout

Fully connected
Softmax
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Multimodal Text and Image Classification

Text Classification Model

TABLE II: Custom model defined for the classification of
UPMC Food-101 [4] texts

Model for for UPMC Food-101 Texts Classification
Inputs (word ids, masks, segment ids)

TEXT BERT Model
LETM FEATLRES PREDICTION Dropout - probability 50%

Dense - 256 units
Dropout - probability 50%
Dense Softmax - 101 units

BERT Architecture

r—»[ Fully Connected]—) s

Pretrained BERT

B
y

Transformer Block

Transformer Block
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Transformer Block
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Multimodal Text and Image Classification

Image + Text Classification Model: late fusion method

TABLE III: Late fusion model architecture.

late fusion
INGEPTION Input Image Input Text
MAGES |—>  BASED L5 PHg;AAgISL%s'IES lnceptllon V3 BERT Model.

MODEL Average Pooling 2D (8 x 8) LSTM - 128 units
A FINAL Dropout - probability 40% Dropout - probability 50%

¥ CLASSIFIER _>PREDICTION Flatten Dense - 256 units
TEXT BERT CLASSES ) Dropout - probability 50%

> LST™M —>|PROBABILITIES |_Dense Softmax - 101 u1_1its Dense Softmax - 101 units |
Concatenate
Fig. 1: Scheme of the implemented late fusion model with Dense - 256 units

Dropout - probability 20%
Dense - 128 units
Dropout - probability 20%
Dense Softmax - 101 units

with a stacking approach.
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Multimodal Text and Image Classification

Image + Text Classification Model: early fusion method

early fusion .
yf TABLE IV: Proposed model architecture.
INCEPTION Input Image Input Text
VISUAL pu g P
IMAGES _J ag%i? P FEATURES Inception V3
A Average Pooling 2D (8 x 8)
CLASSIFIER *paé"é'.‘é‘%.on Dropout - probability 40%
TEXT & & Flatten BERT Model
TEXT > ESE.?J T FEATURES I Dense - 128 units LSTM - 128 units |
Concatenate

Dense - 256 units
Dense Softmax - 101 units

Fig. 2: Scheme of the implemented early fusion model with a
stacking approach.
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Multimodal Text and Image Classification

Experimental Results

Table V. Comparison of classification results available in literature on UPMC Food-101 e Metric: Accuracy
Image Text Fusion
Wang et al. [1] 40.2 82.0 85.1
Kiela et al. [2] 56.7 88.0 90.8
Narayana et al. [3] 73.8 87.3 92.3
Proposed 71.7 84.6 92.5

Table VI. Comparison of the models for the classification of UPMC Food-101.

Test Accuracy on UPMC Food-101

Images Text . Early Fusion Model Early Fusion Model
Model Model Late Fusion Model (Paper) (Our)
71.67 84.41 84.59 92.50 74.91
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Multimodal Text and Image Classification

References

[1] X.Wang, D. Kumar, N. Thome, M. Cord, and F. Precioso, “Recipe recognition with large
multimodal food dataset,” in 2015 IEEE International Conference on Multimedia & Expo
Workshops (ICMEW), pp. 1-6, IEEE, 2015.

[2] D.Kiela, E. Grave, A. Joulin, and T. Mikolov, “Efficient large-scale multi-modal classification,”
arXiv preprint arXiv:1802.02892, 2018.

[3] P.Narayana, A. Pednekar, A. Krishnamoorthy, K. Sone, and S. Basu,
“Huse: Hierarchical universal semantic embeddings,” arXiv preprint arXiv:1911.05978, 2019.

CAU AutoML LAB




71E MESCH OB 2 MIT

> H|O|E{ /g

[7|= M=CH H0[H]

« 177H2| 2bX} O|O| & (M| | O] E])
 Neoplastic: 100H
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Activation Map Sample

Example: snuh_0097 (8)

Activation Map: Non-neoplastic * All: outline x 0.25, inline x 0.25, polyp x 0.25, 554/ + polyp: 0.25

original outline inline

EHH +polyp

CAU AutoML LAB



Activation Map Sample [ All ]

|neoplastic: 0.996 neoplastic: 0.988 Inon—neoplastic: 0.977

[non—neoplastic: 0.832 [non—neoplastic: 0.637 [neoplastic: 0.521
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