
CMPT 983
Grounded Natural Language Understanding

February 16th, 2022
Compositionality and Structure



Today
• Compositionality

• Structured representations 

• Structured reasoning



Compositionality
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• Systematic study

• Easier to study in smaller, synthetic generated datasets

Studying compositionality
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Controlled settings to study specific aspects of language learning:

Seen Test
Compositional
Generalization

Image credit: Stefan Lee
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ShapeWorld
● Framework to generate ``worlds’’ and matching captions

● Language generated from semantic graph

● Task: Does the Image-Caption match?

● Training: Simple color + shape combination

● Evaluation: unseen color shape combination

SHAPEWORLD: A new test methodology for multimodal language understanding, Kuhnle and Copestake, arXiv 2017

ONESHAPE
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ShapeWorld – 4 datasets

SHAPEWORLD: A new test methodology for multimodal language understanding, Kuhnle and Copestake, arXiv 2017

SPATIAL

Can the model pick out shape 
from many, and generalize to 
unseen number of objects?

Can the model generalize to 
unseen relation + color + 
shape combinations?
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ShapeWorld Results

SHAPEWORLD: A new test methodology for multimodal language understanding, Kuhnle and Copestake, arXiv 2017
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● Size understanding

● Programmatically determine big / small using thresholds

MaleVic

Superlative
The yellow triangle is the biggest triangle.

Same shape
The white square is a small square.

Any shape
The red circle is a big object.

Pick shape from different shapes
The white rectangle is a big rectangle.

Is the Red Square Big? MALeViC: Modeling Adjectives Leveraging Visual Contexts, Pezzelle and Fernandez, EMNLP-IJCNLP 2019
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CLEVR: Compositionality and reasoning

● VQA - Answering 
questions is a good way 
to assess understanding

● Diagnostic dataset for 
probing visual 
understanding and 
reasoning

CLEVR: A Diagnostic Dataset for Compositional Language and Elementary Visual Reasoning, Johnson et al, CVPR 2017
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Compositionality with actions

A Benchmark for Systematic Generalization in Grounded Language Understanding, Ruis et al, NeurIPS 2020

Generate worlds and language
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How to achieve compositionality?

Baseline networks
● Language: RNN
● Vision: CNN
● Fusion
● Classifier

The     triangle    is      below     a     blue      cross

CNN

RNN

Fusion

Classifier

● One way to achieve compositionality is by considering 
structured representations and reasoning over structures
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CLEVR baseline performance



Structured 
representations



15

Structured representation of sentences

Constituency Parse Tree
Hierarchical

Dependency Parse
Relational
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Structured representation of images

Scene Parse Tree
Hierarchical

Scene Graph
Relational

Socher, Lin, Ng, and Manning, “Parsing Natural Scenes and Natural 
Language with Recursive Neural Networks”, ICML 2011

Yang, Liao, Ackermann, and Rosenhahn, “On support relations and 
semantic scene graphs”, ISPRS Journal of Photogrammetry and 
Remote Sensing, 2017
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Objects + Relationships = Scene Graphs

Krishna, Ranjay, Yuke Zhu, Oliver Groth, Justin Johnson, Kenji Hata, Joshua Kravitz, Stephanie 
Chen et al. "Visual genome: Connecting language and vision using crowdsourced dense image 
annotations." International Journal of Computer Vision 123, no. 1 (2017): 32-73.

Slide from Stanford CS231n [Johnson, Yeung, and Fei-Fei]



18

Objects + Relationships = Scene Graphs

Krishna, Ranjay, Yuke Zhu, Oliver Groth, Justin Johnson, Kenji Hata, Joshua Kravitz, Stephanie 
Chen et al. "Visual genome: Connecting language and vision using crowdsourced dense image 
annotations." International Journal of Computer Vision 123, no. 1 (2017): 32-73.

Slide from Stanford CS231n [Johnson, Yeung, and Fei-Fei]
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Scene Graph Prediction

Xu, Zhu, Choy, and Fei-Fei, “Scene Graph Generation by Iterative Message Passing”, CVPR 2017
Figure copyright IEEE, 2018. Reproduced for educational purposes.



Neural networks for 
structured representations

and for structured reasoning



Structured predictions

• Can use neural networks for structured prediction 

• Treat as sequence to sequence problem 

• Predict actions to take to build the structure incrementally

• Use neural models to score local compatibility and then perform 

search to find the structure with the highest overall score 



Structured neural models

• Models for working with structured representations

• Tree structure models

• Graph neural networks



Tree-structured models



Recursive NNs
• Recursive model for building up compositional representations

Parsing Natural Scenes and Natural Language with Recursive Neural Networks, Socher et al, ICML 2011



Compositional phrase embeddings

“house” “teapot”

“house teapot”
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sp = uT vp

Tied weights

Train to increase scores of segment pairs with good  



Compositional phrase embeddings
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sp = uT vp

Tied weights

• Train: structured max-margin 
• Structure prediction (inference)
• Given current set of segments to 

merge, compute scores for all pairs 
of neighboring segments

• Greedily merge the highest scoring 
segment

• Iterate until only one segment left



Recursive NNs
• Recursive model for building up compositional representations
• Can be applied to sentences and images

Parsing Natural Scenes and Natural Language with Recursive Neural Networks, Socher et al, ICML 2011



RvNNs vs RNNs

Recursive Recurrent

Image credit: Chris Manning



Recursive NNs
• Use dependency trees instead of constituency trees
• Apply to multi-modal search

Grounded Compositional Semantics for Finding and Describing Images with Sentences, Socher et al, TACL 2014



TreeRNNs

Improved Semantic Representations From Tree-Structured Long Short-Term Memory Networks, Tai et al, ACL 2015

• Extend to a n-ary trees



Inductive biases

• Assumptions to favor one set of solutions over another

• Structure priors

• CNNs – translational equivariance

• Attention

• Gating

• These architecture constraints can help your network learn faster
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f(T (x)) = T (f(x))

Table from Relational inductive biases, deep learning, and graph networks, Battaglia et al, arXiv 2018



Graph neural networks
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GraphNNs

● Need to decide what will be nodes, edges

● Embeddings (attributes) for 
nodes vi, edges ek, entire graph u

Relational inductive biases, deep learning, and graph networks, Battaglia et al, arXiv 2018
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GraphNNs

● Embeddings (attributes) for 
nodes vi, edges ek, entire graph u

● Embeddings are iteratively updated
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v̄0 = ⇢v!u(V 0)

Update each edge ek Update global graph uUpdate each node vi

• Different architecture differ on what 
functions are used 

• Use neural network for ϕ (shared weights)
(MLP, CNN, RNN)

• Use sum / weighted average for  ρ

• In some architectures, some components 
or inputs may be ignored

Relational inductive biases, deep learning, and graph networks, Battaglia et al, arXiv 2018
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GraphNNs
● GN blocks can be composed

Relational inductive biases, deep learning, and graph networks, Battaglia et al, arXiv 2018

Code for working with GraphNNs
● https://github.com/deepmind/graph_nets
● https://pytorch-geometric.readthedocs.io

https://github.com/deepmind/graph_nets
https://pytorch-geometric.readthedocs.io/en/latest/notes/create_gnn.html


Structured reasoning
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MAC (Memory, Attention, Control)

● Recurrent network with cell with read/write/control

Compositional Attention Networks for Machine Reasoning, Hudson and Manning, ICLR 2018
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MAC (Memory, Attention, Control)
● Recurrent network with cell with 

read/write/control

● Control – extract ``instruction’’ from attention 
over query words

● Read – retrieves information from a 
knowledge base (image) given current 
control and previous memory

● Write – updates memory (combines old + 
new information)

● Fully differentiable  

Compositional Attention Networks for Machine Reasoning, Hudson and Manning, ICLR 2018
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Compositionality and reasoning
(CLEVR dataset, Johnson et al, 2017)

● Constructed by building 
functional program 
converted to natural 
language

● Small space of objects 
and attributes
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MAC can learn with smaller amount of data

FiLM (Perez et al, 2017)
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Neural Event Semantics

Neural Event Semantics for Grounded Language Understanding, Buch et al, TACL 2021



Next time (after the break)

• Paper presentations
• Grounded Compositional Semantics For Finding and Describing

Images with sentences (Yanshu)
• Neural Event Semantics for Grounded Language Understanding (Sihui)

• Project proposal (2 groups)

• Wednesday (3/2): Semantic Parsing (language to programs)


