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MLP: full-linear
MLP-Mixer: tensor of linear
Vision Transformer: attention
CNN: convolution

* [T &R. Karakida, ICML2024]Understanding MLP-Mixer as a wide and sparse MLP

* [R. Karakida+, ICML2023]Understanding Gradient Regularization in Deep Learning: Efficient
Finite-Difference Computation and Implicit Bias

* [G. Backman, NeurlPS2023]Scaling MLP: a talk of inductive bias
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MDP: Markov Decision Process
(S, A, R, P, \gamma)
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observation o,
(state s¢)

based on a policy

()

reward 1y

—(Environment>—

stochastic with P(s'|s, a)

action a;
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I In-Context RL

Meta-RL O—7&E .
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Let Ui, ..., Up ~ Unif(O(d)), iid., A : Fn — O(d); Mai) = Ui (i =
1,2,...,n). Then

3 ?

lim E[(/\(’U), )\(’lﬂ))o(d)] = <’U,’w>[ﬁ‘n for any v,w € Iy,

d— 00

where (U, V)o) = d "TrU'V, and (v, w)r, =1 if v = w and 0 otherwise.
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I Free Random Projection
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Free Random Projection

Random Projection FRP(f = 2)

Envl —— —  |nputl Envl —— —  Inputl
Env2 —— ——  Input2 Env2 ——| A(ab) |[—— Input2
Envd —— —> Input3 Envd ——| A(ba) |—— Input3
Envd —— —  Input4 Envd ——=| A(bb) |—— Inputd

sEmEmnicA—205 2 nFaEr>7u>y Uy, Us, ..., Up,.
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Word Distribution

Word Distribution. We define the following collection of words to investigate the impact of word
length for n, £ € N:

AL i={a;, ...0;, €EF, | 5150004 ig € [n]}. (3.3)

We define the word distribution as pg := Unif(A}, ), and sample words {w;.,..., w,,. } independently

from pz for the n. parallel environments. In our analysis, we fix the total number of possible words
n, > n. and compare various pairs of (n, {) that satisfy |A] | = n,, to ensure a fair comparison.
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Algorithm 1 Meta RL environment step with FRP

Require: Distribution of environments pg, Agent action a and Environment termination 19°"¢
Require: Distribution of words pr, Matrix representation A : F,, — O(d).
1: function STEPENVIRONMENT(a, 19°1¢)

2: if the environment terminated (19°"¢) then

1 Sample random environment E ~ pg

4: Sample random word w ~ pp_

B Initialize random observation projection matrix M, = UT,,'TQ/\(HJ)TIE

6: Initialize random action projection matrix M,

i Reset E to receive an initial observation &

8: Apply the random observation projection matrix to the observation §’ = M,&
9: Initialize » = 0 and 19°™¢ = (

10: return &', 7, 1901¢

11: else

12: Apply the projection matrix a’ = M,a
13 Step E using a’ to receive the next observation &, reward r, and done signal 19°¢
14: Apply the projection matrix £’ = M &
15: return ¢’, r, 1900¢
16: end if

17: end function
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Figure 2: Performance of FRP vs. standard RP on four environments — Stateless Cartpole, Repeat
Previous, Mine Sweeper, and Repeat First — shown in the top-left, top-right, bottom-left, and bottom-
right subplots, respectively. We use £* in Table 2 for FRP. Each subplot plots Train MMER and
ICL-Test MMER. Shaded regions indicate standard error across 10 random seeds.
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Table 1: Test performance comparison across POPGym environments; Stateless Cartpole, Higher
Lower, Mine Sweeper, Repeat First, and Repeat Previous. Each value indicates the mean and standard
error of ICL-Test MMER at the last step across 10 random seeds.

Method S. Cartpole H. L. M. Sweeper R. First R. Previsous

RP(gru) 290042 018+0.29 -—-1314+050 —4881+047 —7.66+0.28
RP(s5) 287+0.29 008+014 177065 —-6.641+052 —-7.87+0.03
FRP(gru) 408062 213+1.12 -069+056 —448+0.76 —-6.04L1.65
FRP(s5) 3.85%+055 104+£082 -1394+038 —-650+£040 —6.51+1.10
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The averaged kernel matriz K for FRP: Given samples X1, ..., X, € R?,

Kij= 3 A@)XoMw)X;)/n' (ij=12....p).

w,w’ €AY
=1, m=8 L=2.MmM=4 I=4. hi=2 =8 m=1
b= 0.847 20 u=0.754 b = 0.664 b =0.614
o =0.532 o = 0.654 0 =0.749 4 o =0.823
0.6 3
2 210 2 23
204 2 22 2
) 010 ) o2
a) a ) a
0.2 05 1 i
0.0 1 2 0 1 2 009 1 2 3 009 2 4
Singular Value

Singular Value Singular Value Singular Value
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Theorem 5.1. Fix n,{ € N. Consider A\ : F,, — O(d) with ~
(3.1), Assume that X X" has the compactly supported limit Q © - F "
spectral distribution v with [, tv(dt) # 0 as p,d — oo with ,\; S N
p/d — c € (0,00). Then, under the limit of p and d, we have < TN

9 3
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