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Why is connectionism a bad idea?
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Instructing RNN with natural language

Reidar Riveland



Training animals

e Operant conditioning: weeks to months of training

(Courtesy of Zach Mainen)



Humans: ultra-fast learning with verbal instructions

Respond in the direction
of the stimulus presented
with highest contrast




Respond in the direction of
the stimulus presented with
greatest strength

Trained on 45 tasks with Instructed Models
verbal instructions

[ Motor Output ]

Tested on 5 new tasks with
verbal instructions

Language
Module

[ Sensory input ]

Task Instructions
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Tasks

Anti go:
‘Respond in the direction opposite to the stimulus’




Tasks

15 different instructions per task

Anti RT Go:
‘Respond in the opposite direction of stimuli immediately’

‘respond in the opposite orientation of stimulus when directed’, ‘respond in the reverse direction of
stimulus when prompted’, ‘choose the opposite of the displayed direction when prompted’, ‘when cued
choose the converse direction’, ‘respond with the converse orientation when prompted’, ‘go in opposite
direction when prompted’, ‘choose converse orientation when prompted’, ‘select the reverse of the
displayed orientation when prompted’, ‘when directed respond opposite of the displayed stimulus’,
‘choose the inverse of the shown direction when directed’, ‘when prompted choose the opposite of
direction shown’, ‘when cued select the inverse of presented stimulus’, ‘pick the reverse of the stimulus
displayed when cued’, ‘select the opposite of the displayed direction when cued’, ‘when directed respond
in the opposite of the displayed direction’
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Tasks

Conditional Decision Making (CondDM):
‘respond to the strongest stimulus only if you are confident otherwise do not
respond’
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Tasks

Conditional Decision Making (CondDM):
‘respond to the strongest stimulus only if you are confident otherwise do not
respond’

No response
+
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Compositional task?
Two compositional aspects to this project:

e The mapping from instructions to semantic relies on the compositional nature
of natural language

e Several of the tasks can be thought as combination of other tasks (Yang et al,
2019):

Anti decision making = Decision making + anti go

17



50 Tasks

@) AntiGo AntiGo RTGo AntiRTGo RTGo AntiRTGo

o Go AntiGo RTGo AntiRTGo GoMod1 Mod1 GoMod2 Mod2 Mod1 T Mod?2 Mod2

c
S o

= . . AntiMulti AntiDM AntiDM .

8 ﬁ DM AntiDM MultiDM DM DMMod1 Mod1 DMMod2 Mod?2 ConDM AntiConDM
o=

c

2

= i i ; ; Anti Anti

[ Multi Multi Anti Anti . COMP1 COMP1 COMP2 COMP2
© COMP1 COMP2 Multi Multi

COMP1 COMP2 COMP1 Mod1 Mod2 Mod1 Mod2

cE;_ COMP2 COMP1 COMP2

[e]

(&)

5

= ; : 3 ] Anti Anti

- Multi Multi Anti Anti . Dur1 Dur1 Dur2 Dur2
© Dur1 Dur2 Multi Multi

Dur1 Dur2 Dur1

g ur ur. ur Dur2 Dur Dur2 Mod1 Mod2 Mod1 Mod2
(o))}

£

<

i) DMS DNMS DMC DNMC

(]

=




Train on 45, test on 5 held out tasks

Go

Decision

£
=
©
=

Matching Duration Comparison

. . AntiGo AntiGo RTGo AntiRTGo RTGo AntiRTGo
Go AntiGo AntiRTGo GoMod1 Mod1 GoMod2 Mod2 Mod1 Mod1 Mod2 Mod2
p) AntiDM MultiDM AntiMult DMMod1 AntiDM DMMod2 ConDM AntiConDM
f DM Mod1
Multi Anti Anti Anti A COMP1 COMP1 COMP2 COMP2
COMP1 COMP2 Multi Multi
COMP2 COMP1 COMP2 LV COMP2 Mod1 Mod2 Mod1 Mod2
Multi Multi Anti Anti Anti Dur1 Dur1 Dur2 Dur2
Dur1 Dur2 Dur1 Dur2 Dur1 Dur2 Multi Mod1 Mod2 Mod1 Mod2
Dur2
DMS DNMS DMC DNMC




Train on 45, test on 5 held out tasks
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O-shot performance (Riveland and Pouget, 2024)
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O-shot performance (Riveland and Pouget, 2024)
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O-shot performance

88% Upper limit generalization
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Task Neural Space
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Task Neural Space
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Language areas

Action

Wernicke’s area: _
Language Sensory inputs
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[ Spoken task description ]
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(Riveland and Pouget, 2024)
Talking networks
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Task:

Talking networks Known to agent 1
/ Held out for agent 2
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Performance of listening agent (agent 2)
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Performance of listening agent (agent 2)

e . 5%
« 0 shot performance
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Part lI: leveraging compositional structure

RNN Hidden State
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Insight learning
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Insight learning

Randy Gallistel
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Part lI: leveraging compositional structure

PHILOSOPHICAL TRANSACTIONS
OF THE ROYAL SOCIETY A

MATHEMATICAL, PHYSICAL AND ENGINEERING SCIENCES

DreamCoder: growing generalizable,
interpretable knowledge with wake—sleep

Bayesian program learning

Kevin Ellis=], Lionel Wong, Maxwell Nye, Mathias Sablé-Meyer, Luc Cary,
Lore Anaya Pozo, Luke Hewitt, Armando Solar-Lezama and Joshua B. Tenenbaum

Published: 05 June 2023 https://doi.org/10.1098/rsta.2022.0050
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Can we leverage compositional structure for learning?
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Leveraging compositional structure
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Leveraging compositional structure

Instruction Embedding/Context Embeddings
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Leveraging compositional structure

Instruction Embedding/Context Embeddings
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Leveraging compositional structure

Instruction Embedding/Context Embeddings
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Leveraging compositional structure

Instruction Embedding/Context Embeddings
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Leveraging compositional structure

Instruction Embedding/Context Embeddings
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Leveraging compositional structure

Instruction Embedding/Context Embeddings
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Leveraging compositional structure

Instruction Embedding/Context Embeddings

AntiDMMod1 RevGo
o DMMod| Go. @
’ #
RTGo RevRTGo
O s
AntiDMMod2 e
DMMod?2

AntiDMMod1

Sensory Input

Ty
Ny
"y
]
......
Ty
Ly ]
LY/

DMModl



Leveraging compositional structure

Instruction Embedding/Context Embeddings
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Leveraging compositional structure

Instruction Embedding/Context Embeddings
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AntiDMMod1 Heldout Learning
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Task Performance
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Task Performance
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Task Performance
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Leveraging compositional structure
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Task Performance
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Task Performance
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Task Performance
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Task Performance
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Leveraging compositional structure

Instruction Embedding/Context Embeddings
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Summary

—> Ultra Fast Learning with S-BERT
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Sentence-BERT (sbert)

Fine-tuned on Stanford Natural Language Inference Dataset:

premise: the man inspects his shirt for coffee stains
hypothesis: the man is eating pancakes

Vector space of sentence embeddings match human judgements of sentence similarity

Reimers & Gurevych, 2019



1.0 A

0.9 ~

>

0.8 A1

0.7 1

0.6 -

CCGP Score for Heldout Tasks

*Measure of Structured Geometry

0.5 A

Structured Representations Across Model Hierarchy

structureNet
shertNet (L)
shertNet
clipNet (S)
bertNet
gptNet (XL)
gptNet
bowNet
simpleNet

./

Models pre-trained to embed
sentence level semantics

I
Language Model Layers &



