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SUMMA User Group – 29 January 2018 

SUMMA Platform Advantages 

Completely self-contained 

No dependence on external (cloud) services 

All components developed within SUMMA  

by top Kaldi, WMT, SemEval contributors 

9 languages: EN, DE, AR, RU, SP, LV, PT, UR, IR 

 

Scalable for BigData 

All NLP modules are Docker containers 

Scalable to 400 live streams on 800 servers (e.g. AWS) 

No external licencing 
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Mazais Ansis 2017:  
KociņšBurgerī un Tekstrade 



digital Baby (dBaby) 
Towards super-human NLP quality :  

Visually Grounded Language Learning 

Guntis Barzdins 
guntis.barzdins@leta.lv 

LETA Innovation Labs  
leta.lv 

ICT Proposers’ Day 
ICT-26-2018-2020: Artificial Intelligence 
ICT-29-2018: A multilingual Next Generation Internet 
Budapest, 10/11/2017 

Presentation of Proposal idea 



Sub-human quality  
Natural Language Processing (NLP) 

Super-human quality 
Reinforcement Learning (RL) 

• AlphaGO Zero ~110%  

 

 

 

 

• 49 Atari games benchmark  

(majority above human) 
 

The State-of-Art in AI 

• Interannotator agreement 
for training corpora ~85% 

• Supervised learning from 
training corpora ~70% for 
the complete NLP pipeline* 
– ASR (WER ~15%) 

– MT (BLEU ~30%) 

– NER / NEL (F1 ~85%) 

– AMR (SMATCH ~65%) 

– KBP (TAC KBP ~30%) 

*Our experience in H2020 BigData-Research project SUMMA: summa-project.eu 
G.Barzdins, et. al. Character-Level Neural Translation for Multilingual Media 
Monitoring in the SUMMA Project. LREC 2016, pp. 1789--1793. 

Human 100% 

D. Silver, et al. Mastering the game of Go without human 
knowledge. Nature 550 (7676): 354--359 (October 2017) 
V.Mnih, et al. Human-Level Control through Deep Reinforcement 
Learning. Nature 518 (7540): 529--533 (February 2015) 

http://summa-project.eu/
http://summa-project.eu/
http://summa-project.eu/


Achieving super-human NLP: dBaby 

ATARI Reinforcement Learning framework AlphaGO Zero RL framework (DeepMind) 

ACTIONS 

OBSERVATIONS + 
REWARDS 

ACTIONS 

OBSERVATIONS + 
REWARDS 

Initially a Human Teacher  teaches dBaby to do what 
it is told to do as per: 
K.M.Herman et. Al. Grounded Language Learning in 
a Simulated 3D World. DeepMind Research note. 
https://arxiv.org/abs/1706.06551  
Through auxiliary task dBaby is trained to also 
verbalize actions, achieving human-level NLP skills. 
 
Afterwards two dBaby copies coordinate their 
actions verbally to solve tasks in ATARI RL 
framework, achieving super-human NLP skills. 

Agent1 Agent2 

Source: Demis Hasabis, www.youtube.com/watch?v=Psk5DLpqp3o 

dBaby: Visually Grounded Language Learning 

Environment dBaby 

Teacher 

ACTIONS 

OBSERVATIONS 

OBSERVATIONS 

3D World 

REWARDS 

Vairs nemarķēs korpusus... 

https://arxiv.org/abs/1706.06551
https://arxiv.org/abs/1706.06551
https://arxiv.org/abs/1706.06551




Neural Information Processing Systems 
(NIPS), LongBeach, CA, Dec 4, 2017 



Source :  
How can we give robots common sense? 
Josh Tenenbaum (MIT) 



Karl Moritz Hermann, Felix Hill, Simon Green, Fumin Wang, Ryan Faulkner, Hubert Soyer, David Szepesvari, Wojciech Marian Czarnecki, Max Jaderberg, Denis 
Teplyashin, Marcus Wainwright, Chris Apps, Demis Hassabis, Phil Blunsom. Grounded Language Learning in a Simulated 3D World. DeepMind Research 
note. https://arxiv.org/abs/1706.06551 

Devendra Singh Chaplot, Kanthashree Mysore Sathyendra, Rama Kumar Pasumarthi, Dheeraj Rajagopal, Ruslan Salakhutdinov (Apple & CMU) ,  
Gated-Attention Architectures for Task-Oriented Language Grounding, AAAI 2018. https://arxiv.org/abs/1706.07230  

G.Barzdins et.al. dBaby: Grounded Language Teaching through Games and Efficient Reinforcement Learning. In: https://nips2017vigil.github.io  

https://arxiv.org/abs/1706.06551
https://arxiv.org/abs/1706.06551
https://arxiv.org/abs/1706.07230
https://arxiv.org/abs/1706.07230
https://nips2017vigil.github.io/
https://nips2017vigil.github.io/
https://nips2017vigil.github.io/


tAE: predicting the future 
(modeling the world) 

PolicyGradient RL 
from raw pixels 

(8400 dim) 

PolicyGradient RL 
from tAE output 

(80 dim) 

  Random Initialization 
 
 
 
 
 
 

  Pre-training from EC 
 
 
 
 
 
 

Low-dimensional representation of high-dimensional input 

(c) (d) 

(b) (a) 

(e) 



tempral AutoEncoder (tAE) name: we made it up.  
It is kind of model-based approach, but drifts away 

Felix Hill (Google DeepMind) 

 

Low-dimensional dense representation (embedding) of sparse  high-dimensional (1-hot or RGB) input, 

obtained in unsupeervised manner (dense representation learns faster) 
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Connecting high-level semantics with low-level vision. Sanja Fidler 



Connecting high-level semantics with low-level vision. Sanja Fidler 

A correct Universal 
Depencies labeling of the 
Latvian sentence «Šajā 
mācību gadā Aizkraukles 
novada ģimnāzijas 8. klasē 
mācījās Marisa Butnere no 
Amerikas.» 

The UD 
taggingging 
is wrong, it 
should be 
Marisa 
DEPREL 
Butnere, 
because 
Gname 
always 
DEPREF 
Fname. 



Because of Visually grounded language learning! 
AutoEncoder, HD-computing /Embedding, EpisodicMemory, KNN 

Marisa Butnere 

Kā tu to zini?! 



Connecting high-level semantics with low-level vision. Sanja Fidler 

Latvian text «Meitenes 
vecvecāki līdz Otrajam 
pasaules karam dzīvojuši 
Latvijā, un arī viņa sevi 
uzskata par latvieti.» 

Right! 
Label this 
senetence 
with UD! 



Connecting high-level semantics with low-level vision. Sanja Fidler 

ID FORM DEPS 

1 Meitenes 2:nmod:gen 

2 vecvecāki 7:nsubj 

3 līdz 6:case 

4 Otrajam 6:amod 

5 pasaules 6:nmod:gen 

6 karam 7:obl:līdz 

7 dzīvojuši 0:root 

8 Latvijā 7:obl:loc 

9 , 14:punct 

10 un 14:cc 

11 arī 12:discourse 

12 viņa 14:nsubj 

13 sevi 14:obj 

14 uzskata 7:conj 

15 par 16:case 

16 latvieti 14:xcomp 

17 . 7:punct 

Great! 



http://www.laiks.us/jauno-laiks?mobile=ok&gads=2011&b=1&lbu=14050 



Potenciāls LZP granta pieteikums 

 Potenciāli NLP beyond gisting (accuracy) 

 Spiežam uz «Human in the Loop AI» 

 Spiežam uz «Visually Grounded Language» 

 Spiežam uz Sim2Real robotu 

 Ar LETA CV sistēmu mes tur jau gandrīz bijām 

– Interfeisā varēja labot AI kļūdas 

– Tikai nepratām tos labojumus ņemt vērā 

 



Profile Extractor (LETA) 

–10 mentions consolidated into the single fact 





Episodic Control 
• no forgetting (like DB) 
• single neuron per time step 
• in FPGA implementation 

discounted reward lookup 
time for kNN not dependent 
on EM size (like RAM) 

Observation 

Action 

Discounted Reward 

Episodic Memory 

time steps 1               5                 10               15            

Observation 
(raw pixels) 

in step i 
 
 

Action 

Observation 
(raw pixels) 

in step i+1 

temporal AutoEncoder (tAE) 

Policy Gradient RL 

Observation 
(raw pixels) 

Action 

tAE 

tAE 

Low-dimensional «Model-based» 
Visual embedding ≈ Word embedding 

Su
p

ervised
 

p
retrain

in
g 

R
eu

se 

Prediction 
(raw pixels) 

in step i+1 

https://github.com/LUMII-AILab/dBaby            (runs in docker pull alvitunk/datz6056 ) 



Top jauns H2020 pieteikums 

• Būtībā SUMMA-2: beyond gisting (accuracy) 

• Spiežam uz «Human in the Loop AI» 

• Ar LETA CV sistēmu mes tur jau gandrīz bijām 

– Interfeisā varēja labot AI kļūdas 

– Tikai nepratām tos labojumus ņemt vērā 

 



Grounding in visual environment 

Statistical language models learned from text-only corpuses form the dominant paradigm in modern 
natural language understanding. While effective for many applications, these text-only distributional 
approaches suffer from limited semantics as they miss the interactive environment in which 
communication often takes place, i.e., its symbols are not grounded. Statistical approach also ignores 
interactive feedback from the end-user (correcting the errors produced by the learned model) due to 
statistical insignificance of the single corrected error. 

    The alternative “Human in the loop AI” paradigm is guided by the Reinforcement Learning via 
grounded one-shot learning from the end-user feedback (often regarded as Teacher). 

    Grounded one-shot learning is akin to data input into database – each new or modified fact there 
needs to be entered only once thanks to unambiguous identification (grounding / linking) of the involved 
entities. The legacy approach in natural language understanding has been linking selected entities to 
Wikipedia articles, but recently visual grounding of language has demonstrated some success in the 
Visually-Grounded Interaction and Language (ViGIL) NIPS 2017 Workshop 
(https://nips2017vigil.github.io/). Language grounding into visual models enables Reinforcement 
Learning to be applied to the natural language understanding problems. 

    Deep learning approaches are promising for grounding because they are capable of learning high-
level semantics from low-level sensory data in both computer vision and language: embeddings learned 
from text modality are shown to enable zero-shot learning in visual modality and vice versa via 
descriptions, e.g. “zebra is like a horse only with stripes”. In addition, deep reinforcement learning 
provides an elegant framework for grounded language acquisition from interaction with an external 
environment or a Teacher.  


