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Deep learning success and challenges
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ImageNet, Russakovsky et al, 2014 

Deep Learning and challenges

Deep Learning approaches work well with large number of labeled data and good 
computational power.




Data annotation challenges-  
Video understanding

Learning Spatiotemporal Features with 3D 

Convolutional Networks, Tran et al.

Two-Stream Convolutional Networks in Videos, Simonyan and Zisserman 

AVA: A Video Dataset, Gu et al.
Kinetic dataset, Key et al.



Research question: How can we minimize the labeling effort and still have a good 
performance?



•  
 

“The Cityscapes Dataset” M. 
Cordts et al. CVPR, 2016

In average 1.5 hour to 
annotate each image 

Data annotation challenges-  
 semantic and instance segmentation

Top picture source: https://towardsdatascience.com/review-deepmask-instance-segmentation-30327a072339
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Long tail of data 

Type of classes and data
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We have access to multiple sources of data 

Challenges with scarcity of data

Videos (Visual/Audio) and text Visual/Text



• Q1: Can we have cheaper and easier annotations and still have a 
competitive performance? 
 1. Where are the blobs: Counting by localization with point supervision, Laradji et all, ECCV 2018 
 2. Instance Segmentation with Point Supervision, Laradji et al, arXiv:1906.06392  


Research question: How can we reduce the labeling effort 
while, maintaining a good performance?
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 Domain-Adaptive single-view 3D reconstruction, Pinheiro et al, ICCV 2019
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• Q1: Can we have cheaper and easier annotations and still have a 
competitive performance? 
 1. Where are the blobs: Counting by localization with point supervision, Laradji et all, ECCV 2018 
 2. Instance Segmentation with Point Supervision, Laradji et al, arXiv:1906.06392  


• Q2: How to exploit the data from a cheaper to annotate domain? 
 Domain-Adaptive single-view 3D reconstruction, Pinheiro et al, ICCV 2019


• Q3: How to exploit multiple source of data to solve a problem? 
 1. Adaptive cross-modal few-shot learning, Xing et al, NeurIPS 2019  
  2. Neural Multisensory Scene Inference, Lim et al, NeurIPS 2019

Research question: How can we reduce the labeling effort 
while, maintaining a good performance?



Can we have cheaper and easier annotations?



Point-level annotation

  
Where are the blobs: Counting by localization with point supervision,  
Issam Laradji, Negar Rostamzadeh, Pedro Pinheiro, David Vazquez, Mark Schmidth, ECCV 2018

Point-level annotation

Input image Point-level annotated image

5 ships 
1 dog 
1 person 

Output: object instance count

Images source: Microsoft COCO: Common Objects in Context, Lin et al.



Point-level annotation

  
Where are the blobs: Counting by localization with point supervision,  
Issam Laradji, Negar Rostamzadeh, Pedro Pinheiro, David Vazquez, Mark Schmidth, ECCV 2018

 
Instance Segmentation with Point Supervision,  
Issam Laradji, Negar Rostamzadeh, Pedro Pinheiro, David Vazquez, Mark Schmidth, arXiv:
1906.0639

Point-level annotation

Input image Point-level annotated image Output: instance segmentation

Input image Point-level annotated image

5 ships 
1 dog 
1 person 

Output: object instance count

Images source: Microsoft COCO: Common Objects in Context, Lin et al.
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Point-level object counting: LC-FCN

Where are the blobs: Counting by localization with point supervision,  
Issam Laradji, Negar Rostamzadeh, Pedro Pinheiro, David Vazquez, Mark Schmidth, ECCV 2018

Input Image Backbone (ResNet) Upsampling path

Blob predictions

Segmentation network- FCN

Localization-based Counting FCN 
(LC-FCN)

[1] What’s the Point: Semantic Segmentation with Point Supervision, Bearman et al, ECCV 2016

• Semantic segmentation network [1] 

• The count is the number of predicted blobs 

• Trained to output exactly one blob per each object instance 



Localization-based Counting FCN loss (LC-
FCN)
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Localization-based Counting FCN (LC-FCN)

 

   : Output mask the model

   : Ground-truth

S
T

Image-level Loss

Discourage predicting 
classes not present in 

the annotations

L(S, T ) =

Where are the blobs: Counting by localization with point supervision,  
Issam Laradji, Negar Rostamzadeh, Pedro Pinheiro, David Vazquez, Mark Schmidth, ECCV 2018



Localization-based Counting FCN loss (LC-
FCN)
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Localization-based Counting FCN (LC-FCN)

 

   : Output mask the model

   : Ground-truth

S
T

Image-level Loss

Discourage predicting 
classes not present in 

the annotations

L(S, T ) =

Point-level Loss

Encourage predicting 
the classes of the 
annotated pixels

Where are the blobs: Counting by localization with point supervision,  
Issam Laradji, Negar Rostamzadeh, Pedro Pinheiro, David Vazquez, Mark Schmidth, ECCV 2018



Localization-based Counting FCN loss (LC-
FCN)

�16
Where are the blobs: Counting by localization with point supervision,  
Issam Laradji, Negar Rostamzadeh, Pedro Pinheiro, David Vazquez, Mark Schmidth, ECCV 2018

Localization-based Counting FCN (LC-FCN)

 

   : Output mask the model

   : Ground-truth

S
T

Image-level Loss

Discourage predicting 
classes not present in 

the annotations

L(S, T ) =

Point-level Loss

Encourage predicting 
the classes of the 
annotated pixels

Point-level segmentation loss [1]

[1] What’s the Point: Semantic Segmentation with Point Supervision, Bearman et al, ECCV 2016



Localization-based Counting FCN loss (LC-
FCN)
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Where are the blobs: Counting by localization with point supervision,  
Issam Laradji, Negar Rostamzadeh, Pedro Pinheiro, David Vazquez, Mark Schmidth, ECCV 2018

Localization-based Counting FCN (LC-FCN)

 

   : Output mask the model

   : Ground-truth

S
T

Image-level Loss

Discourage predicting 
classes not present in 

the annotations

L(S, T ) =

Discourage predicting 
blobs without point-

annotations

False positive LossPoint-level Loss

Encourage predicting 
the classes of the 
annotated pixels

Split-level Loss
discourages the 

prediction of blobs that 
have two or more 
point-annotations

: Number of point-annotations in 
the blob in which pixel i lies

αi

Point-level segmentation loss [1]

[1] What’s the Point: Semantic Segmentation with Point Supervision, Bearman et al, ECCV 2016



Localization-based Counting FCN loss (LC-
FCN)
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Where are the blobs: Counting by localization with point supervision,  
Issam Laradji, Negar Rostamzadeh, Pedro Pinheiro, David Vazquez, Mark Schmidth, ECCV 2018

LCFCN: Analyzing loss terms 
- Qualitative results



Localization-based Counting FCN loss (LC-
FCN)
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Where are the blobs: Counting by localization with point supervision,  
Issam Laradji, Negar Rostamzadeh, Pedro Pinheiro, David Vazquez, Mark Schmidth, ECCV 2018

LCFCN: Analyzing loss terms 



Localization-based Counting FCN loss (LC-
FCN)
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WISE: Instance Segmentation with Point Supervision,  
Issam Laradji, Negar Rostamzadeh, Pedro Pinheiro, David Vazquez, Mark Schmidth, ECCV 2018

Instance segmentation labeling 
challenge

Traditional annotation: 1.5 hours per image 

WISE: A few seconds per image



Instance Segmentation: Related work
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Metric-based Instance Segmentation

Semantic Instance Segmentation via Deep Metric Learning, Fathi et al, CVPR 2018. 

Related work on Instance 
Segmentation



Point-level instance segmentation- Loss

�22

LC-FCN loss

Instance Segmentation with Point Supervision,  
Issam Laradji, Negar Rostamzadeh, Pedro Pinheiro, David Vazquez, Mark Schmidth, arXiv:1906.0639

Embedding loss

Employing object proposal

WISE: Weakly-supervised Instance 
Segmentation

Counting branch

Embedding branch



Point-level instance segmentation- Inference
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Instance Segmentation with Point Supervision,  
Issam Laradji, Negar Rostamzadeh, Pedro Pinheiro, David Vazquez, Mark Schmidth, arXiv:1906.0639

Comparison against the SOTA with 
fixed annotation budget

[1] SPN: Soft proposal networks for weakly supervised object localization, Zhou et al, CVPR 2017 

PASCAL VOC- 2012- for 8.13 hours annotation budget

[2] ILC: Object Counting and Instance Segmentation with Image-level Supervision, Cholakkal 2019

[3] PRM: Weakly supervised instance segmentation using class peak response, Zhou et al, CVPR 2018

Annotation time per each image, Bearman et al [4]): 
Per-pixel:  239.7

Point-level: 20.0

Image-level: 22.1

[4] Semantic segmentation with point level annotation, Bearman et al, ECCV 2016



Point-level instance segmentation- Inference
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Instance Segmentation with Point Supervision,  
Issam Laradji, Negar Rostamzadeh, Pedro Pinheiro, David Vazquez, Mark Schmidth, arXiv:1906.0639

Conclusion on point-level annotation



Can we use labeled data from another domain?



Single-View 3D reconstruction  

Single view 3D shape reconstruction 

Domain-Adaptive single-view 3D reconstruction,  
Pedro Pinheiro, Negar Rostamzadeh, Sungjin Ahn, ICCV 2019

Natural image
3D voxel occupancy grid

Challenges:

• Acquiring large number of views from natural images is impractical


• 3D annotation of natural images is a very label heavy task. 


• This is an ill-posed problem.



Recent work on 3D reconstruction

Domain-Adaptive single-view 3D reconstruction,  
Pedro Pinheiro, Negar Rostamzadeh, Sungjin Ahn, ICCV 2019

• Use easy to access 3D CAD repositories as synthetic source of data (pairs of rendered images and 
voxels)


 

Challenges:

• Domain shift between rendered images and natural images.


• Unrealistic reconstructed shape. 



Domain-Adaptive single-view 3D reconstruction,  
Pedro Pinheiro, Negar Rostamzadeh, Sungjin Ahn, ICCV 2019

DAREC: Domain-Adaptive RE-
Construction



DAREC: Domain-Adaptive RE-
Construction

Domain-Adaptive single-view 3D reconstruction,  
Pedro Pinheiro, Negar Rostamzadeh, Sungjin Ahn, ICCV 2019

1. Shape autoencoder

2 steps training:



DAREC: Domain-Adaptive RE-
Construction

Domain-Adaptive single-view 3D reconstruction,  
Pedro Pinheiro, Negar Rostamzadeh, Sungjin Ahn, ICCV 2019

1. Shape autoencoder

2 steps training:

2.  3D reconstruction network



Domain-Adaptive single-view 3D reconstruction,  
Pedro Pinheiro, Negar Rostamzadeh, Sungjin Ahn, ICCV 2019

Natural image

Rendered image

Voxel grid

DANN: Domain-adversarial training of neural networks. Ganin et al, JMLR, 2016



Domain-Adaptive single-view 3D reconstruction,  
Pedro Pinheiro, Negar Rostamzadeh, Sungjin Ahn, ICCV 2019

Natural image

Rendered image

Voxel grid

DANN: Domain-adversarial training of neural networks. Ganin et al, JMLR, 2016



Domain-Adaptive single-view 3D reconstruction,  
Pedro Pinheiro, Negar Rostamzadeh, Sungjin Ahn, ICCV 2019

Natural image

Rendered image

Voxel grid

DANN: Domain-adversarial training of neural networks. Ganin et al, JMLR, 2016

min
θf

max
θimg,θshape

Lrec(θf ) − λiLimg(θf , θimg) − λsLshape(θf , θshape)



Domain-Adaptive single-view 3D reconstruction,  
Pedro Pinheiro, Negar Rostamzadeh, Sungjin Ahn, ICCV 2019

DAREC—Analyzing loss terms

Results measured by Chamfer Distance- CD (lower is better)

CD(P1,P2) =
1

P1
∑
x∈P1

miny∈P2
x − y +

1

P2
∑
x∈P2

miny∈P1
x − y



Domain-Adaptive single-view 3D reconstruction,  
Pedro Pinheiro, Negar Rostamzadeh, Sungjin Ahn, ICCV 2019

DAREC—Comparison against the 
SOTA

IoU (higher is better), CD (lower is better)



Domain-Adaptive single-view 3D reconstruction,  
Pedro Pinheiro, Negar Rostamzadeh, Sungjin Ahn, ICCV 2019

DAREC—Feature visualization

t-SNE visualization of Rendered and Natural images, before and 
domain confusion

Before After



Domain-Adaptive single-view 3D reconstruction,  
Pedro Pinheiro, Negar Rostamzadeh, Sungjin Ahn, ICCV 2019

DAREC—Feature visualization

t-SNE visualization of 2D rendered embedding and points from shape 
manifold before and after training

Before After



Point-level instance segmentation- Inference
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Conclusion on single-view 3D 
reconstruction

Domain-Adaptive single-view 3D reconstruction,  
Pedro Pinheiro, Negar Rostamzadeh, Sungjin Ahn, ICCV 2019



Multimodal learning



Motivation: human Neuro-
psychological studies

• Degeneracy in neural structure: Any single function can be 
carried out by more than one configuration of neural signals and different 
neural clusters participate in a number of different functions. 

• Edelman's idea of re-entrance: Even in explicitly unimodal 
tasks, multiple modalities contribute. 

The Development of Embodied Cognition: Six Lessons from Babies, Smith et al



Motivation: available large scale 
multimodal data

Sounds of the Pixels, Zhao et al

Fashion-Gen dataset and challenge, Rostamzadeh 
et al.

Zero-Shot Learning - A Comprehensive 
Evaluation of the Good, the Bad and the Ugly, 
Xian et al



Chen Xing, Negar Rostamzdeh, Boris N. Oreshkin, Pedro O. Pinheiro, 
NeurIPS 2019

AM3:  
Adaptive Cross-Modal Few-Shot Learning 



Introduction to Natural Language Processing and Deep Learning, Goyal et al. 

Deep learning and dataset size

• Deep learning models are data hungry • Overfitting risk in small data size

Image source: https://hackernoon.com/memorizing-is-not-learning-6-tricks-to-prevent-overfitting-in-machine-learning-820b091dc42

https://hackernoon.com/memorizing-is-not-learning-6-tricks-to-prevent-overfitting-in-machine-learning-820b091dc42


Dogs

Prior

A seen dog?

Yorkie  
(an unseen breed)

Adaptive Cross-Modal Few-Shot Learning, 

LearningSupporting shots

Cat?

Humans are faster learners!

Adaptive Cross-Modal Few-Shot Learning, 
Chen Xing, Negar Rostamzadeh, Boris N. Oreshkin, Pedro O. Pinheiro, NeurIPS 2019
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• During test, K supporting shots are given for every new class to 
help classification.

• Episodic training

Ctrain \ Ctest = ;
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• Learning new classes with the help of few samples (shots) per class.

Few-shot classification definition

• Train and Test sets are disjoint.

Adaptive Cross-Modal Few-Shot Learning, 
Chen Xing, Negar Rostamzadeh, Boris N. Oreshkin, Pedro O. Pinheiro, NeurIPS 2019
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Metric-based Meta-learning 
• Prototypical network (Snell et al) 
• TADAM (Oreshkin et al) 
• …

Related work on few shot learning

Adaptive Cross-Modal Few-Shot Learning, 
Chen Xing, Negar Rostamzadeh, Boris N. Oreshkin, Pedro O. Pinheiro, NeurIPS 2019
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Metric-based Meta-learning 
• Prototypical network (Snell et al) 
• TADAM (Oreshkin et al) 
• …

Related work on few shot learning

Adaptive Cross-Modal Few-Shot Learning, 
Chen Xing, Negar Rostamzadeh, Boris N. Oreshkin, Pedro O. Pinheiro, NeurIPS 2019

Gradient-based Meta-learning 
• MAML (Finn et al) 
• CAML (Zintgraf et al) 
• SNAIL (Mishra et al) 
• LEO (Rusu et al) 
• ….
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Metric-based Meta-learning 
• Prototypical network (Snell et al) 
• TADAM (Oreshkin et al) 
• …

Exploiting language semantic structure in few-shot 
image classification is not explored. 

Related work on few shot learning

Adaptive Cross-Modal Few-Shot Learning, 
Chen Xing, Negar Rostamzadeh, Boris N. Oreshkin, Pedro O. Pinheiro, NeurIPS 2019

Gradient-based Meta-learning 
• MAML (Finn et al) 
• CAML (Zintgraf et al) 
• SNAIL (Mishra et al) 
• LEO (Rusu et al) 
• ….



Language Semantics information can be 
complimentary to visual information
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Language semantics information can 
be orthogonal to visual information

Visually close, semantically 
different

Visually different, semantically close

Adaptive Cross-Modal Few-Shot Learning, 
Chen Xing, Negar Rostamzadeh, Boris N. Oreshkin, Pedro O. Pinheiro, NeurIPS 2019



AM3—Preliminaries: Episodic Training
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• Models are trained on K-shot, N-way episodes.

• For a random sampled episode e:

- Support Set                                 contains K samples of N categories.                       Se = {(si, yi)}N⇥K
i=1

<latexit sha1_base64="zDIKaMSSkgqIkn0IFP6bBulkDIY=">AAACGXicbVDLSgMxFM3UV62vqks3wSJUkDIjgm4KRTeCIBXtAzrjkEnTNjTzIMkIQ5jfcOOvuHGhiEtd+Tdm2llo64HA4Zx7uTnHixgV0jS/jcLC4tLySnG1tLa+sblV3t5pizDmmLRwyELe9ZAgjAakJalkpBtxgnyPkY43vsj8zgPhgobBnUwi4vhoGNABxUhqyS2bJWX7SI4wYuo2dUndVlXh0qPEpYd26ipat9J7dW1L6hMBr9LULVfMmjkBnCdWTiogR9Mtf9r9EMc+CSRmSIieZUbSUYhLihlJS3YsSITwGA1JT9MA6UOOmiRL4YFW+nAQcv0CCSfq7w2FfCES39OTWQox62Xif14vloMzR9EgiiUJ8PTQIGZQhjCrCfYpJ1iyRBOEOdV/hXiEOMJSl1nSJVizkedJ+7hmmTXr5qTSOM/rKII9sA+qwAKnoAEuQRO0AAaP4Bm8gjfjyXgx3o2P6WjByHd2wR8YXz9Bn6Bz</latexit><latexit sha1_base64="zDIKaMSSkgqIkn0IFP6bBulkDIY=">AAACGXicbVDLSgMxFM3UV62vqks3wSJUkDIjgm4KRTeCIBXtAzrjkEnTNjTzIMkIQ5jfcOOvuHGhiEtd+Tdm2llo64HA4Zx7uTnHixgV0jS/jcLC4tLySnG1tLa+sblV3t5pizDmmLRwyELe9ZAgjAakJalkpBtxgnyPkY43vsj8zgPhgobBnUwi4vhoGNABxUhqyS2bJWX7SI4wYuo2dUndVlXh0qPEpYd26ipat9J7dW1L6hMBr9LULVfMmjkBnCdWTiogR9Mtf9r9EMc+CSRmSIieZUbSUYhLihlJS3YsSITwGA1JT9MA6UOOmiRL4YFW+nAQcv0CCSfq7w2FfCES39OTWQox62Xif14vloMzR9EgiiUJ8PTQIGZQhjCrCfYpJ1iyRBOEOdV/hXiEOMJSl1nSJVizkedJ+7hmmTXr5qTSOM/rKII9sA+qwAKnoAEuQRO0AAaP4Bm8gjfjyXgx3o2P6WjByHd2wR8YXz9Bn6Bz</latexit><latexit sha1_base64="zDIKaMSSkgqIkn0IFP6bBulkDIY=">AAACGXicbVDLSgMxFM3UV62vqks3wSJUkDIjgm4KRTeCIBXtAzrjkEnTNjTzIMkIQ5jfcOOvuHGhiEtd+Tdm2llo64HA4Zx7uTnHixgV0jS/jcLC4tLySnG1tLa+sblV3t5pizDmmLRwyELe9ZAgjAakJalkpBtxgnyPkY43vsj8zgPhgobBnUwi4vhoGNABxUhqyS2bJWX7SI4wYuo2dUndVlXh0qPEpYd26ipat9J7dW1L6hMBr9LULVfMmjkBnCdWTiogR9Mtf9r9EMc+CSRmSIieZUbSUYhLihlJS3YsSITwGA1JT9MA6UOOmiRL4YFW+nAQcv0CCSfq7w2FfCES39OTWQox62Xif14vloMzR9EgiiUJ8PTQIGZQhjCrCfYpJ1iyRBOEOdV/hXiEOMJSl1nSJVizkedJ+7hmmTXr5qTSOM/rKII9sA+qwAKnoAEuQRO0AAaP4Bm8gjfjyXgx3o2P6WjByHd2wR8YXz9Bn6Bz</latexit><latexit sha1_base64="zDIKaMSSkgqIkn0IFP6bBulkDIY=">AAACGXicbVDLSgMxFM3UV62vqks3wSJUkDIjgm4KRTeCIBXtAzrjkEnTNjTzIMkIQ5jfcOOvuHGhiEtd+Tdm2llo64HA4Zx7uTnHixgV0jS/jcLC4tLySnG1tLa+sblV3t5pizDmmLRwyELe9ZAgjAakJalkpBtxgnyPkY43vsj8zgPhgobBnUwi4vhoGNABxUhqyS2bJWX7SI4wYuo2dUndVlXh0qPEpYd26ipat9J7dW1L6hMBr9LULVfMmjkBnCdWTiogR9Mtf9r9EMc+CSRmSIieZUbSUYhLihlJS3YsSITwGA1JT9MA6UOOmiRL4YFW+nAQcv0CCSfq7w2FfCES39OTWQox62Xif14vloMzR9EgiiUJ8PTQIGZQhjCrCfYpJ1iyRBOEOdV/hXiEOMJSl1nSJVizkedJ+7hmmTXr5qTSOM/rKII9sA+qwAKnoAEuQRO0AAaP4Bm8gjfjyXgx3o2P6WjByHd2wR8YXz9Bn6Bz</latexit>

- Query Set                                    contains samples from N categories.  Qe = {(qj , yj)}Qj=1
<latexit sha1_base64="YAAvkWFGbBrgbEb8jQoY+rZMddk=">AAACEXicbVDLSsNAFJ34rPEVdekmWIQKUhIRdFMounHZgn1AE8NkOmmnnTycmQhhyC+48VfcuFDErTt3/o2TtgttPXDhcM693HuPn1DChWV9a0vLK6tr66UNfXNre2fX2Ntv8zhlCLdQTGPW9SHHlES4JYiguJswDEOf4o4/vi78zgNmnMTRrcgS7IZwEJGAICiU5BkVXTohFEMEqWzmHq45snLvjU4zb3Ti5J4c1ez8Tjm5Z5StqjWBuUjsGSmDGRqe8eX0Y5SGOBKIQs57tpUIV0ImCKI4152U4wSiMRzgnqIRDDF35eSj3DxWSt8MYqYqEuZE/T0hYch5Fvqqs7iez3uF+J/XS0Vw6UoSJanAEZouClJqitgs4jH7hGEkaKYIRIyoW000hAwioULUVQj2/MuLpH1Wta2q3Twv169mcZTAITgCFWCDC1AHN6ABWgCBR/AMXsGb9qS9aO/ax7R1SZvNHIA/0D5/AC8LnTw=</latexit><latexit sha1_base64="YAAvkWFGbBrgbEb8jQoY+rZMddk=">AAACEXicbVDLSsNAFJ34rPEVdekmWIQKUhIRdFMounHZgn1AE8NkOmmnnTycmQhhyC+48VfcuFDErTt3/o2TtgttPXDhcM693HuPn1DChWV9a0vLK6tr66UNfXNre2fX2Ntv8zhlCLdQTGPW9SHHlES4JYiguJswDEOf4o4/vi78zgNmnMTRrcgS7IZwEJGAICiU5BkVXTohFEMEqWzmHq45snLvjU4zb3Ti5J4c1ez8Tjm5Z5StqjWBuUjsGSmDGRqe8eX0Y5SGOBKIQs57tpUIV0ImCKI4152U4wSiMRzgnqIRDDF35eSj3DxWSt8MYqYqEuZE/T0hYch5Fvqqs7iez3uF+J/XS0Vw6UoSJanAEZouClJqitgs4jH7hGEkaKYIRIyoW000hAwioULUVQj2/MuLpH1Wta2q3Twv169mcZTAITgCFWCDC1AHN6ABWgCBR/AMXsGb9qS9aO/ax7R1SZvNHIA/0D5/AC8LnTw=</latexit><latexit sha1_base64="YAAvkWFGbBrgbEb8jQoY+rZMddk=">AAACEXicbVDLSsNAFJ34rPEVdekmWIQKUhIRdFMounHZgn1AE8NkOmmnnTycmQhhyC+48VfcuFDErTt3/o2TtgttPXDhcM693HuPn1DChWV9a0vLK6tr66UNfXNre2fX2Ntv8zhlCLdQTGPW9SHHlES4JYiguJswDEOf4o4/vi78zgNmnMTRrcgS7IZwEJGAICiU5BkVXTohFEMEqWzmHq45snLvjU4zb3Ti5J4c1ez8Tjm5Z5StqjWBuUjsGSmDGRqe8eX0Y5SGOBKIQs57tpUIV0ImCKI4152U4wSiMRzgnqIRDDF35eSj3DxWSt8MYqYqEuZE/T0hYch5Fvqqs7iez3uF+J/XS0Vw6UoSJanAEZouClJqitgs4jH7hGEkaKYIRIyoW000hAwioULUVQj2/MuLpH1Wta2q3Twv169mcZTAITgCFWCDC1AHN6ABWgCBR/AMXsGb9qS9aO/ax7R1SZvNHIA/0D5/AC8LnTw=</latexit><latexit sha1_base64="YAAvkWFGbBrgbEb8jQoY+rZMddk=">AAACEXicbVDLSsNAFJ34rPEVdekmWIQKUhIRdFMounHZgn1AE8NkOmmnnTycmQhhyC+48VfcuFDErTt3/o2TtgttPXDhcM693HuPn1DChWV9a0vLK6tr66UNfXNre2fX2Ntv8zhlCLdQTGPW9SHHlES4JYiguJswDEOf4o4/vi78zgNmnMTRrcgS7IZwEJGAICiU5BkVXTohFEMEqWzmHq45snLvjU4zb3Ti5J4c1ez8Tjm5Z5StqjWBuUjsGSmDGRqe8eX0Y5SGOBKIQs57tpUIV0ImCKI4152U4wSiMRzgnqIRDDF35eSj3DxWSt8MYqYqEuZE/T0hYch5Fvqqs7iez3uF+J/XS0Vw6UoSJanAEZouClJqitgs4jH7hGEkaKYIRIyoW000hAwioULUVQj2/MuLpH1Wta2q3Twv169mcZTAITgCFWCDC1AHN6ABWgCBR/AMXsGb9qS9aO/ax7R1SZvNHIA/0D5/AC8LnTw=</latexit>

• Episode Loss:

L(✓) = E
(Se,Qe)

�
QX

t=1

log p✓(yt|qt,Se)
<latexit sha1_base64="uv19mlBFT7pgThXSKowmLv4qO2U="></latexit><latexit sha1_base64="uv19mlBFT7pgThXSKowmLv4qO2U="></latexit><latexit sha1_base64="uv19mlBFT7pgThXSKowmLv4qO2U="></latexit><latexit sha1_base64="uv19mlBFT7pgThXSKowmLv4qO2U="></latexit>

AM3—Preliminaries: Episodic 
Training

Adaptive Cross-Modal Few-Shot Learning, 
Chen Xing, Negar Rostamzadeh, Boris N. Oreshkin, Pedro O. Pinheiro, NeurIPS 2019

• Episodic training mimics the test scenario.
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pc =
1

|Sc
e |

X

(si,yi)2Sc
e

f(si)

<latexit sha1_base64="nq7AtzDXH4Lj/LD8qVtYmOm27vs="></latexit><latexit sha1_base64="nq7AtzDXH4Lj/LD8qVtYmOm27vs="></latexit><latexit sha1_base64="nq7AtzDXH4Lj/LD8qVtYmOm27vs="></latexit><latexit sha1_base64="nq7AtzDXH4Lj/LD8qVtYmOm27vs="></latexit>

p(y = c|qt, Se, ✓) =
exp(�d(f(qt),pc))P
k exp(�d(f(qt),pk))

<latexit sha1_base64="rlVRfOoUlFOXv/RB/9CWUDAuTNw="></latexit><latexit sha1_base64="rlVRfOoUlFOXv/RB/9CWUDAuTNw="></latexit><latexit sha1_base64="rlVRfOoUlFOXv/RB/9CWUDAuTNw="></latexit><latexit sha1_base64="rlVRfOoUlFOXv/RB/9CWUDAuTNw="></latexit>

• For each category c in episode 
e, support set -> centroid 
(prototype) 

• Embedded query points are classified 
via a softmax over negative distances 
to class prototypes

AM3—Preliminaries: Prototypical 
Nets

Adaptive Cross-Modal Few-Shot Learning, 
Chen Xing, Negar Rostamzadeh, Boris N. Oreshkin, Pedro O. Pinheiro, NeurIPS 2019



Visual info only

Mop

Komodor

  AM3

�52

AM3: komodor or a mop?

Adaptive Cross-Modal Few-Shot Learning, 
Chen Xing, Negar Rostamzadeh, Boris N. Oreshkin, Pedro O. Pinheiro, NeurIPS 2019
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This should be a 
mop!

AM3: komodor or a mop?

Adaptive Cross-Modal Few-Shot Learning, 
Chen Xing, Negar Rostamzadeh, Boris N. Oreshkin, Pedro O. Pinheiro, NeurIPS 2019
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p0
c = �c · pc + (1� �c) ·wc

<latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="hP+6LrUf2d3tZaldqaQQvEKMXyw=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odBu3wMYA6nMMFXEEIN3AHD9CBLghI4BXevYn35n2suqp569LO4I+8zx84xIo4</latexit><latexit sha1_base64="cFNn8LDse1lRIc8JTIJW6cJbSd8="></latexit><latexit sha1_base64="cFNn8LDse1lRIc8JTIJW6cJbSd8="></latexit><latexit sha1_base64="koHA4TrT4qfHdjYwy1nx3mRK3V8="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit>

This should be a 
mop!

AM3: komodor or a mop?

Adaptive Cross-Modal Few-Shot Learning, 
Chen Xing, Negar Rostamzadeh, Boris N. Oreshkin, Pedro O. Pinheiro, NeurIPS 2019
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p0
c = �c · pc + (1� �c) ·wc

<latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="hP+6LrUf2d3tZaldqaQQvEKMXyw=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odBu3wMYA6nMMFXEEIN3AHD9CBLghI4BXevYn35n2suqp569LO4I+8zx84xIo4</latexit><latexit sha1_base64="cFNn8LDse1lRIc8JTIJW6cJbSd8="></latexit><latexit sha1_base64="cFNn8LDse1lRIc8JTIJW6cJbSd8="></latexit><latexit sha1_base64="koHA4TrT4qfHdjYwy1nx3mRK3V8="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit>

This should be a 
mop!

AM3: komodor or a mop?

Adaptive Cross-Modal Few-Shot Learning, 
Chen Xing, Negar Rostamzadeh, Boris N. Oreshkin, Pedro O. Pinheiro, NeurIPS 2019



Visual info only

Mop

Komodor

  AM3

�56

p0
c = �c · pc + (1� �c) ·wc

<latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="hP+6LrUf2d3tZaldqaQQvEKMXyw=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odBu3wMYA6nMMFXEEIN3AHD9CBLghI4BXevYn35n2suqp569LO4I+8zx84xIo4</latexit><latexit sha1_base64="cFNn8LDse1lRIc8JTIJW6cJbSd8="></latexit><latexit sha1_base64="cFNn8LDse1lRIc8JTIJW6cJbSd8="></latexit><latexit sha1_base64="koHA4TrT4qfHdjYwy1nx3mRK3V8="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit>

This should be a 
mop!

AM3: komodor or a mop?

Visual + Semantic

Komodor

Mop

It is a Komondor!

Adaptive Cross-Modal Few-Shot Learning, 
Chen Xing, Negar Rostamzadeh, Boris N. Oreshkin, Pedro O. Pinheiro, NeurIPS 2019
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AM3: Adaptive Modality Mixture Model

Adaptive Cross-Modal Few-Shot Learning, 
Chen Xing, Negar Rostamzadeh, Boris N. Oreshkin, Pedro O. Pinheiro, NeurIPS 2019
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•                  is a transformed version of the 
label embedding for category c             
wc = g(ec)

•      is the label embedding for category c 
pre-trained on unsupervised large text 
corpora               

ec

AM3: Adaptive Modality Mixture Model

Adaptive Cross-Modal Few-Shot Learning, 
Chen Xing, Negar Rostamzadeh, Boris N. Oreshkin, Pedro O. Pinheiro, NeurIPS 2019
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p0
c = �c · pc + (1� �c) ·wc

<latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="hP+6LrUf2d3tZaldqaQQvEKMXyw=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odBu3wMYA6nMMFXEEIN3AHD9CBLghI4BXevYn35n2suqp569LO4I+8zx84xIo4</latexit><latexit sha1_base64="cFNn8LDse1lRIc8JTIJW6cJbSd8="></latexit><latexit sha1_base64="cFNn8LDse1lRIc8JTIJW6cJbSd8="></latexit><latexit sha1_base64="koHA4TrT4qfHdjYwy1nx3mRK3V8="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit><latexit sha1_base64="TmV60UChqxh9vs9YlxcAjxDUBcs="></latexit>

•     is the adaptive mixing network with 
parameters               ✓h

<latexit sha1_base64="mXqykSnx7peXiuweF39f03v+was=">AAAB8XicbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRi8cK9gPbUDbbSbN0swm7E6GE/gsvHhTx6r/x5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3A2ZACgUtFCihm2pgcSChE4xvZ37nCbQRiXrASQp+zEZKhIIztNJj3scIkA2i6aBac+vuHHSVeAWpkQLNQfWrP0x4FoNCLpkxPc9N0c+ZRsElTCv9zEDK+JiNoGepYjEYP59fPKVnVhnSMNG2FNK5+nsiZ7ExkziwnTHDyCx7M/E/r5dheO3nQqUZguKLRWEmKSZ09j4dCg0c5cQSxrWwt1IeMc042pAqNgRv+eVV0r6oe27du7+sNW6KOMrkhJySc+KRK9Igd6RJWoQTRZ7JK3lzjPPivDsfi9aSU8wckz9wPn8A6jORDw==</latexit><latexit sha1_base64="mXqykSnx7peXiuweF39f03v+was=">AAAB8XicbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRi8cK9gPbUDbbSbN0swm7E6GE/gsvHhTx6r/x5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3A2ZACgUtFCihm2pgcSChE4xvZ37nCbQRiXrASQp+zEZKhIIztNJj3scIkA2i6aBac+vuHHSVeAWpkQLNQfWrP0x4FoNCLpkxPc9N0c+ZRsElTCv9zEDK+JiNoGepYjEYP59fPKVnVhnSMNG2FNK5+nsiZ7ExkziwnTHDyCx7M/E/r5dheO3nQqUZguKLRWEmKSZ09j4dCg0c5cQSxrWwt1IeMc042pAqNgRv+eVV0r6oe27du7+sNW6KOMrkhJySc+KRK9Igd6RJWoQTRZ7JK3lzjPPivDsfi9aSU8wckz9wPn8A6jORDw==</latexit><latexit sha1_base64="mXqykSnx7peXiuweF39f03v+was=">AAAB8XicbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRi8cK9gPbUDbbSbN0swm7E6GE/gsvHhTx6r/x5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3A2ZACgUtFCihm2pgcSChE4xvZ37nCbQRiXrASQp+zEZKhIIztNJj3scIkA2i6aBac+vuHHSVeAWpkQLNQfWrP0x4FoNCLpkxPc9N0c+ZRsElTCv9zEDK+JiNoGepYjEYP59fPKVnVhnSMNG2FNK5+nsiZ7ExkziwnTHDyCx7M/E/r5dheO3nQqUZguKLRWEmKSZ09j4dCg0c5cQSxrWwt1IeMc042pAqNgRv+eVV0r6oe27du7+sNW6KOMrkhJySc+KRK9Igd6RJWoQTRZ7JK3lzjPPivDsfi9aSU8wckz9wPn8A6jORDw==</latexit><latexit sha1_base64="mXqykSnx7peXiuweF39f03v+was=">AAAB8XicbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRi8cK9gPbUDbbSbN0swm7E6GE/gsvHhTx6r/x5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3A2ZACgUtFCihm2pgcSChE4xvZ37nCbQRiXrASQp+zEZKhIIztNJj3scIkA2i6aBac+vuHHSVeAWpkQLNQfWrP0x4FoNCLpkxPc9N0c+ZRsElTCv9zEDK+JiNoGepYjEYP59fPKVnVhnSMNG2FNK5+nsiZ7ExkziwnTHDyCx7M/E/r5dheO3nQqUZguKLRWEmKSZ09j4dCg0c5cQSxrWwt1IeMc042pAqNgRv+eVV0r6oe27du7+sNW6KOMrkhJySc+KRK9Igd6RJWoQTRZ7JK3lzjPPivDsfi9aSU8wckz9wPn8A6jORDw==</latexit>

h

•      is calculated w.r.t. the transformed label 
embedding 
�c
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�c =
1

1 + exp(�h(wc))
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•                  is a transformed version of the 
label embedding for category c             
wc = g(ec)

•      is the label embedding for category c 
pre-trained on unsupervised large text 
corpora               

ec

AM3: Adaptive Modality Mixture Model

Adaptive Cross-Modal Few-Shot Learning, 
Chen Xing, Negar Rostamzadeh, Boris N. Oreshkin, Pedro O. Pinheiro, NeurIPS 2019
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AM3: Comparison to the SOTA



  Conclusion
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Conclusion on AM3

Adaptive Cross-Modal Few-Shot Learning, 
Chen Xing, Negar Rostamzadeh, Boris N. Oreshkin, Pedro O. Pinheiro, NeurIPS 2019
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