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Experiment #1

Name the color of the following stimulus
and, at the same time, point to where it is...
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Name the color of the following stimulus
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Limits emerging from
Information encoding
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Multiple-Resource Theory
(Allport, 1972; Allport, 1980; Meyer & Kieras, 1997; Navon & Gopher, 1979;
Wickens, 1984; Salvucci & Taatgen, 2008)
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Graph-Theoretic Approach

Parallel Processing Capability
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extract based on
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00000100000 100000 /\ O
A

00000000000000 O
A

00000,00000;00000] [000 O \/

predict performance for all possible
multitasking combinations

%\ 0.04
-
g'-% 0.03 |
5 .
20§
< S 002
3 O
= U
= = 0.01 |
S O

2 1 -

Independent Dependent

(Musslick, Ozcimder, Dey, Patwary, Willke & Cohen, CogSci, 2016)



Application to Neural Systems
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Application to Neural Systems
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Max Set Packing in a nutshell

The solution comes out like this....
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MIS results
Dependency graph degree estimation
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Stat. mech. approach to MIS estimation

MIS results
MIS prediction as function of density and heterogeneity
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Stat. mech. approach to MIS estimation

MIS results
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expected capacity vs
maximum capacity
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Estimation of expected parallel capacity
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Estimation of expected parallel capacity

Number of representations
In task graph layers
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Estimation of expected parallel capacity

Number of representations
In task graph layers
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Results:
- we can extract dependency patterns from data
- severe limits to max. capacity under modest repr. sharing
- expected capacity is even worse

A little too rigid...

No weights, simple networks,
no control!!



Can we extend this?
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Theorem 3 (n-item tests). Under the same assumptions of Theorem 1, for the constant noise-free
(A = 0) similarity function g = g..o we have that

(7)

ps(e) = Epy

n "i: (L —bp(e))" " = (L = by(e))" ’

p7(e) =Epus o bp(g))nl ' (8)
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Emergence of resolution in
simple neural
networks
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Implementation

Consider the toy model of superposition architecture f(x) = o(W'Wx).

The data is composed of n items (encoded as one-hots) + a distance matrix D (circle)

i-th embedding z;, = We, = W. @ ©
o ® Q!
I train it using two losses: D
[ ° o
1. Reconstruction loss L,,. = — Z le; — fle)ll; ®
n
i=1

2. Similarity test loss = pick a triplet (i, j, k) and compute the probability

T
O (Zi Zk)

and then compute Cross Entropy loss L. against the true

T o) + (7T

index of the closest one w.r.t. D
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Reconstruction = Identification pushes for the embeddings to be “ReL.U-
orthogonal”

Similarity pushes for the embeddings to adapt to the metric space structure

Reconstruction drives the model to put many features in a quasi-orthogonal state
—> Similarity encourages a “metric” resolution = Miller’s law (7)

f

12
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ldentification

Total loss = A

We can look at the training profiles when we change the values of A

IecC
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IecC

+ /Isim Lsim
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It seems that, even for similarity-
dominated trainings, there is a force
leading the model to better I at the
expense of some G (opt. issue?).

This is an optimization issue but it
reveals the law’s curve

The max identification is due to the
fact that we're squeezing 30 features
in 10 dimensions.
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Train a single model only on similarity for 500 epochs with 0.001 Ir and 0 decay

Similarity function over time
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The shape of the similarity function suggests that the constant similarity of the

theory may not be a good fit.

If we assume linear “hat” similarities _/\___ we can still find the formulae, at

least for the circle

1
G(e) = — +2e —2(3 — 21og 2)e?

2
I(e) =1—-2(1 —log2)e

Linear decay gives us a great fit!

Notice that e =

2(3 — 2log2)

the radius maximizing G

~ (0.31 1

1S

Identification

1.0 A

0.9 -

O
0

o
~

0.6 -

0.5 A

— Linear sim.
Constant sim.

Exponential sim.
neural network

0.5

0.6

0.7

Similarity

0.8

0.9

1.0

100



Identification

Multi-item analysis

30 inputs, circle structure, 10 latents, 2000 samples, 1000 epochs, 128 batch size, init scale [0,2| uniform, 0.007 Ir, 0 wd, 4,;,, =0.1, 4,. =0
Note: higher number of items means that the model sees proportionally more data in the training process. Probably not the best idea
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Identification

Multi-item analysis

If I plot the multi-item curves for the linear decaying similarity function (by simulation + smoothing), I get the following

Not perfect but still quite good
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This means that the similarity function learned can be

approximated by linear for small n but changes when we

lncrease.
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|dentification test p,
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a CNN finetuning b LLM year similarity task C VLM spatial similarity task

o . A was born in x;. B was born in 3. Who was born closest to p?
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