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Base model of embedding-based approach

% DeViSE: A Deep Visual-Semantic Embedding Model
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DeViSE: A Deep Visual-Semantic Embedding Model

Andrea Frome*, Greg S. Corrado®, Jonathon Shlens*, Samy Bengio
Jeffrey Dean, Marc’ Aurelio Ranzato, Tomas Mikolov
* These authors contributed equally.

{afrome, gcorrado, shlens, bengio, jeff, ranzato[ tmi}tolov}@qooqle.com

Google, Inc.
Mountain View, CA, USA

Abstract

Modern visual recognition systems are often limited in their ability to scale to
large numbers of object categories. This limitation is in part due to the increasing
difficulty of acquiring sufficient training data in the form of labeled images as the
number of object categories grows. One remedy is to leverage data from other
sources — such as text data — both to train visual models and to constrain their pre-
dictions. In this paper we present a new deep visual-semantic embedding model
trained to identify visual objects using both labeled image data as well as seman-
tic information gleaned from unannotated text. We demonstrate that this model
matches state-of-the-art performance on the 1000-class ImageNet object recogni-
tion challenge while making more semantically reasonable errors, and also show
that the semantic information can be exploited to make predictions about tens
of thousands of image labels not observed during training. Semantic knowledge
improves such zero-shot predictions achieving hit rates of up to 18% across thou-
sands of novel labels never seen by the visual model.

Frome, A., Corrado, G., Shlens, J., Bengio, S., Dean, J., Ranzato, M. A., & Mikolov, T. (2013). Devise: A deep visual-semantic
embedding model.
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Base model of embedding-based approach
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% Similarity metric
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% Experiments

SUN CUB AWA aPY 7
Method SS PS | SS PS|SS PS | SS PS
DAP [22] 38.9 39.9(37.5 40.0|57.1 44.1|35.2 33.8
CONSE [26] 44.2 38.8|36.7 34.3|63.6 45.6|25.9 26.9
CMT [34] 419 399|37.3 34.6(589 395|269 28.0
SSE [42] 04.0 51.5[43.7 43.9|68.8 60.1|31.1 34.0 _ sl
LATEM [39] 56.9 55.3|49.4 49.3|74.8 55.1|34.5 35.2 _,F
ALE [3] 59.1 58.1|53.2 54.9|78.6 59.9(30.9 39.7
DEVISE [11] 57.5 56.5|53.2 52.0(72.9 54.2|35.4 39.8
SIE [4] 27.1 53.7(55.3 53.9|76.7 65.6|32.0 32.9
ESZSL [32] 57.3 54.5|55.1 53.9|74.7 58.2(34.4 38.3
SYNC [7] 59.1 56.3|54.1 55.6(72.2 54.0|39.7 23.9 _|

Table 3: Zero-shot on SS = Standard Split, PS = Proposed
Split using ResNet features (top-1 accuracy in %).
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3. Embedding-based approach for Zero-shot learning
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