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Designing Informative Models | Cognitive Plausibility

In order to understand the process of acquisition, we need to have models that are
cognitively plausible, which means that they have to be:

- Based on reasonable assumptions about human psychology, cognition, and the
process of acquisition

+ But how?

* Theoretical, Corpus, and experimental research could help



Outline

+ Designing Informative Models

- How and Why

T Statistical Learning Mechanisms



Designing Informative Models | Cognitive Plausibility

What each part of the research corpus does:

T.L Statistical Learning Mechanisms



Designing Informative Models | Cognitive Plausibility

What each part of the research corpus does:

+ Theoretical research tells us the initial state, language-specific inference
mechanisms, and proposals for what the target state (linguistic systems and
knowledge) should look like and should be encoded/represented



Designing Informative Models | Cognitive Plausibility

What each part of the research corpus does:

* Theoretical research tells us the initial state, language-specific inference
mechanisms, and proposals for what the target state (linguistic systems and
knowledge) should look like and should be encoded/represented

- Corpus analysis gives us a better understanding of what the input (child-directed
speech) and output (child-produced speech) looks like



Designing Informative Models | Cognitive Plausibility

What each part of the research corpus does:

 Theoretical research tells us the initial state, language-specific inference
mechanisms, and proposals for what the target state (linguistic systems and
knowledge) should look like and should be encoded/represented

- Corpus analysis gives us a better understanding of what the input (child-directed
speech) and output (child-produced speech) looks like

- Experimental results help us define part of the initial state (parsing and
extralinguistic capabilities, for example), which affects how input is received
(perceptual encoding) They also help us define the observed output, what
inference abilities a child of a certain possess, etc.



Designing Informative Models | Cognitive Plausibility

What each part of the research corpus does:

* Theoretical research tells us the initial state, language-specific inference
mechanisms, and proposals for what the target state (linguistic systems and
knowledge) should look like and should be encoded/represented

- Corpus analysis gives us a better understanding of what the input (child-directed
speech) and output (child-produced speech) looks like

- Experimental results help us define part of the initial state (parsing and
extralinguistic capabilities, for example), which affects how input is received
(perceptual encoding) They also help us define the observed output, what
inference abilities a child of a certain possess, etc.

+ But practically, making a cognitively plausible model for acquisition can still be
hard despite these
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What makes cognitively plausible modeling non-trivial:

* Input: We have to make reasonable guesses for dimensions that we don’t have
good estimates for. (another example: learning periods)

+ Output: If we have empirical evidence for what the output should look like, then
it's easier. Otherwise it's difficult to define what the output should look like.
(typically if we don’t have data that's good enough we would assume adult
linguistic knowledge to be the default target state that a child is supposed to

attain)
* At the end of the day, our models need to be interpretable and informative to us.
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- Computational (what input is there and what output we're supposed to get, and
whether this input to output mapping is possible).

- Algorithmic (how the computation is done step by step, and whether such step by
step implementation (on a higher level) is plausible and feasible for humans).

- Implementational (how the computation is actually physically implemented via
machineries/mechanisms that exist in the brain)
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Inference is the process by which a child updates their developing grammatical
representations.

A very common mechanism that is involved in inference is the ability to count things



Inference Modeling | Counting Things

Several things of note with regards to counting:

T.L Statistical Learning Mechanisms



Inference Modeling | Counting Things

Several things of note with regards to counting:

+ Even if there are things unobserved, it is unlikely that the brain will assign zero
probabilities to them



Inference Modeling | Counting Things

Several things of note with regards to counting:

+ Even if there are things unobserved, it is unlikely that the brain will assign zero
probabilities to them

+ A good/practical way to implement this is via smoothing



Inference Modeling | Counting Things

Several things of note with regards to counting:

+ Even if there are things unobserved, it is unlikely that the brain will assign zero
probabilities to them

+ A good/practical way to implement this is via smoothing

* Essentially, you don’t start with parameters that are absolutely zero



Inference Modeling | Counting Things

Several things of note with regards to counting:
+ Even if there are things unobserved, it is unlikely that the brain will assign zero
probabilities to them
+ A good/practical way to implement this is via smoothing
- Essentially, you don’t start with parameters that are absolutely zero

+ One way to realize this is through pseudocounts
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Inference Modeling | Counting Things

A good example looks like this:

county,p, + 0.5 - county,pn + 0.5 - 0+0.5 05 05
count 4, + 0.5 4+ count_,p, +0.5  count .y, + count_,, +2(0.5)  0+0+2(0.5)  2(0.5)

p(+wh) =

count_,p + 0.5 count_p + 0.5 0+0.5 0.5
count 5, + 0.5 4+ count_,p, + 0.5  county,, + count_,, +2(0.5) 0+ 0+2(0.5)  2(0.5)
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A good example looks like this:

count 5, + 0.5 county,p, + 0.5 0+0.5 0.5

_ _ - =05
count 4, + 0.5 4 count_p + 0.5 count y,p, + count_,p 4-2(0.5)  0+0+2(0.5)  2(0.5)

p(+wh) =

count_p, + 0.5 - count_,p, + 0.5 - 040.5 05
count ,p, + 0.5 + count_,p, + 0.5 count .y, + count_,, +2(0.5) 04+ 042(0.5)  2(0.5)

(4wh) = county,p, + 0.5 - count,, + 0.5 - 1+0.5 - L5 — 05
2 a county,p, + 0.5 + count_,,, + 0.5 a county,p + count_q,p +2 X 0.5 T 140+2x05 2

=0.5

p(—wh) =

count_p, + 0.5 count_,p + 0.5 0+0.5 E 095

—wh) = = = =
p(—wh) county,p, + 0.5 + count_y,;, +0.5  count .,y + count_,p, +2 x 0.5 1+0+2x0.5 2
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Inference Modeling | Counting Things

A good example looks like this:

count 5, + 0.5 county,p, + 0.5 0+0.5 0.5

_ _ - =05
count 4, + 0.5 4 count_p + 0.5 count y,p, + count_,p 4-2(0.5)  0+0+2(0.5)  2(0.5)

p(+wh) =

count_p, + 0.5 - count_,p, + 0.5 - 040.5 05
count ,p, + 0.5 + count_,p, + 0.5 count .y, + count_,, +2(0.5) 04+ 042(0.5)  2(0.5)

count . ,p, + 0.5 o count,p + 0.5 - 700 + 0.5 7005 0.6998
count 4 p + 0.5+ count_y,p, + 0.5 count y .y, + count_pp, +2 x 0.5 700430042 x 0.5 1001

=0.5

p(—wh) =

p(+wh) =

count_,p + 0.5 count_p + 0.5 300 + 0.5 ~ 3005

= - = = —— =0.3002
count y,p, + 0.5 4 count_ 5 + 0.5  countp + count _p, +2 x 0.5 700 + 300 + 2 x 0.5 1001

p(—wh)

i
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Inference Modeling | Reinforcement Learning

- A datapoint is processed and options/beliefs are updated (in terms of probability)

based on how well/badly this datapoint fits with the probability distribution of
the options available.

* The learning rate gamma decides how much updating is done per iteration during
training.

+ RL models usually have some interesting convergence behaviors
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Inference Modeling | Tolerance Principle

- Exceptions need to be tolerated (to a certain extent)

+ Involves an equation that could easily be approximated as N over the natural
logarithm of N
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Bayes Theorem
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+ Learner has a hypothesis space H

- Given D, the goal of a child is to determine the probability of a hypothesis h € H
given D, which is P(h | D)

Bayesian Inference

P(D|h)*xP(h) P(D | h)* P(h)
P(D) a Zh’eH P(D | W)+ P(h)

P(h|D) = x P(D | h)  P(h)
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Inference Modeling | Bayesian Inference

What's nice about Bayesian Inference is that it allows hierarchical
implementations/interpretations
One example being how it could be applied to the linguistic parameters in syntax
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Suppose a child is trying to learn the head-initial rule for VPs in English (see the
penguin rather than the penguin see)

VP

N

\' NP

see the penguin
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This could generalize to non-VPs too

NP

T

N PP

| SN

penguins P NP

on icebergs
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rather than

NP

T

PP N

N |

NP P icebergs

penguins on

T.L Statistical Learning Mechanisms

25/ 25



	Designing Informative Models
	Cognitive Plausibility
	How and Why

	Levels of Explanation
	Marr's Three Level of Explanation

	Inference Modeling
	Counting Things
	Reinforcement Learning
	Tolerance Principle
	Bayesian Inference
	Overhypothesis


