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A Construction of Monomial Matrix Group Equivariant Layers

In this appendix, we present how we constructed Monomial Matrix Group Equivariant Layers. We
adopt the idea of notation in [71] to derive the formula of linear functional layers. For two weight
spaces U and U’ with the same number of layers L as well as the same number of channels at i-th
layer n;:

U =W x B where: (22)

_ WL XnpXnr_—1 wo XNg XNnq w1 XN Xno
W=R X...xR x R ,

b, Xnp X1 ba Xno X1 by Xni X1,
B =REXNMEXE L x R7%27X127%8 ¢ R X724
and
U =W’ x B where: (23)
!/ wh XnpXng_ whXnaxn W) XnixXn
W' = RYLXTLARL-1 o RW2XN2XM o R XN xno

/7 / !
B/ _ Rbeanl X ... X Rb2><n2><1 % Rblxnlxl;

our equivariant layer E: i — U’ will has the form as follows:

E :(Wb)=Uwr—U"=(W'V) where: (24)

L ng Ns—1 L ng

/(i ijk s 17 s ij

i = 3553 i+ 3 S+ o e

s=1p=1 g=1 s=1p=1

L ng Ns—1 L ng

/(i ij s ij (s ij

b= 30D D W+ D0 D s+t 26)

s=1p=1 g=1 s=1p=1

Here, the map E is parameterized by hyperparameter § = (p, q, s, v, t) with dimensions of each
component as follows:

« pisk € RWi*w: represents the contribution of Wi to W;,(j),
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qiZF € R™i*" represents the contribution of b5 to W;S),

o ti7k ¢ RWi is the bias of the layer for W;,(j);

. tqu € RY Xws represents the contribution of qu to b/(Z

. 52) € RV *bs represents the contribution of bz(,s) to b;-(i),
« i € RY is the bias of the layer for b;(i)

We want to see how an element of the group G, acts on input and output of layer F. Let

g= (g<L>,_..,g<°>) € Gn, X ... % Gng = Gus 27)
where
¢ =DV . P = diag (dgi), . dﬁj}) P, € G, (28)

Recall the definition of the group action gU = (gW, gb) where:

(W)@ = <g<i>) W (gufl))‘l and (gh)® = (gu‘)) b0, (29)

or in term of entries:

(i) ._ (4) (2) () 1)
(W) = d,(: 0 W Gy (k) and (gb);"” =d;” -b" )" (30)
gE(U) = gU’" = (gW’, gb') is computed as follows:
o_ 4
YRR ¢
(W) T D W 1)
&) (EEE e
T (ZZ > papy T W)+ (32)
d s=1p=1 g=1
Lns'il_ilk o
qu;;:z ()2 ( )b;s) + £ (])”1_1(]“)) (33)
s=1p=1
(90 = b0, (34)

O i () (s
=d- <ZZ sipy WS+ (35)
s=1p=1 g=1
L ng i‘n—.’l(j) .
Sodoe Vb)) (36)

s=1p=1
E(gU) = (gU)" = ((¢gW)', (gU)") is computed as follows:
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- (s)
i) _ ik dp (s) ik g(s) () ijk
(U5 =D Mo oy W J+ ZZq e, it @37)

s=1p=1 g=1 q p)ﬂ— s=1p=1
L ng Ms—1 d(s)( ) s (s)
_ ijk - Tms(p) ijk (s) 4 ik
= Pam@)mema@) " JG-1) '+ qu"s@) RIS
s=1p=1 ¢=1 ms—1(q) s=1p=l

(38)

(s) L
(@) _ ij dp (s) ij s) . p(s) ij
@) =3"%" = R AT IS A K (39)

s=1p=1 gq=1 q s=1p=1
L ng Ns—1 d(s)() L ng ®)
_ ij L _Tms(p (s) ij 4 pls) ogid
=20 Yt 1) WD+ DD sy iy U
s=1p=1 g=1 ms—1(q) s=1p=1

(40)

We need F is G-equivariant under the action of subgroups of G;; as in Theorem 4.4. From the above
computation, if gE(U) = E(gU), the hyperparameter 6 = (p, q, t, 5, t) have to satisfy the system of
constraints as follows:

(@) . (s)
dj" g @m0 i ) @
(i-1) FTsPa sma(p)mac1(q) = (s—1)
d, d
7T5_1(q)
A G o
Ty i1 o (s)
d(ij—l) “Asp = sma(p) " D () (42)
k
) . - d(s)
() 1Ty 1(]) g s (p)
dj " Tspg = Tsma(p)ma_1(q) d(s—l) (43)
7"5—1(‘])
(i) | gm0 _ i ()
d] * ssp — ssﬂ_s ([)) * dﬂ's (p) (44)
dg‘l) i Y (G)m Y (k) ijk
iy O < (45)
k
d) im0 = i (46)

for all possible tuples ((, j, k), (s,p,q)) and all g € G. Since the two subgroups G considered in
Theorem 4.4 satisfy that: G N P; is trivial (for ¢ = 0 or 4 = L) or the whole P; (for 0 < i < L),
so we can simplify the above system of constraints by moving all the permutation 7’s to LHS, then
replacing 7! by 7. The system, denoted as (*), now is written as follows:

d( (s)

imG)mia (k) ik dp
d(z 1) .pSWs(p)Trs—l(q) B pSJpq ' dgsfl) D
ds” (G)mia (k)
J i (J)mi—1 ijk s
J0-1 dsma () =qg -y 2)
k
(s)
(i) _imi(j) Y dp
43" Vo (pma1(a) = Copa” 46D (*3)
q
(i), imi) s
4y -5, = S5 4y *4)
d -
J__ L gm Dm(R) ik (*5)
d(lfl)
k
Dm0 = g (*6)

We treat each case of activation separately.
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Table 5: Hyperparameter of Equivariant Layers with ReL'U activation. Left presents all possible case
of tuple ((¢, 4, k), (s,p,q)), and Right presents the parameter at the corresponding position. Here, we
have three types of notations: 0 means the parameter equal to 0; equations with 7’s in LHS means
the equation holds for all possible 7; and a single term with no further information means the term
can be arbitrary.

Tuple ((i, 4, %), (s,p,q)) Hyperparameter (p, q,t,5)
iand s jandp kandgq pik qiak Py p%,
i=s=1 j#D 0 0 0 0
. 1n(j)k _ 15k 1n(j)k _ 15k 1n(3) _ 14 1n(3) _ 15
J=P Pin(iyg = Pije  Yix() =95 Cin(i)g = Yia  Six(j) = 51j
i=s=1L k+#q 0 0 0 sy)
Ljn(k Lijk Li
k=q P =Pl 0 0 5Ly
l<i=s<L j#p 0 0 0 0
j=p k#gq 0 0 0 5;8; =5/
_ im(j)m’ (k) _ gk in(§) _ ij
k=4 Pagmm = Pir 0 0 Sin(h) = %0
i#s 0 0 0 0

Table 6: Construction of equivariant functional layer with ReLLU activation. Note that all parameters
have to satisfy the conditions presented in Table 5.

Layer Equivariant layer E : (W,b) — (W', V')
/(i) /()
Wik bj
) n 15k 1 15k (1 n 15 1 15,(1
i=1 Zqil pl;qwj(q) + ql;’ b§' ) Z:qil t1;111/‘/;(1) +51§'b§' )
1<i<L prw ) s

. n Lik L n Lj; (L ;

i=L Sl PEa W Sy spaby 4+ tH
A.1 ReLU activation
Recall that, in this case:

G:={idg,, } x G0, x...xG;? x {idg,_}. (47)

So the system of constraints (*) holds for:
1. all possible tuples ((i, j, k), (s, p,q)),
2. allm € Py for0<i< Lyalld” >0for0<i<L1<j<n;,
3. m =idg,, andd\" =1fori=0ori= L.

By treat each case of tuples ((i, j, k), (s, p, q)), we solve Eq. *1, Eq. *2, Eq. *3, Eq. *4 in the system
(*) for hyperparameter (p, g, t,s) as in Table 5. For t/* and t/, by Eq. *5, Eq. *6, we have t"/% = (
for all (i, j, k), t = 0if i < L, and t*J is arbitrary for all 1 < j < nz. In conclusion, the formula
of equivariant layers E in case of activation ReLU is presented as in Table 6.

Example A.1. Let us consider a two-hidden-layers MLP with activation o0 = ReLU. Assume
that ng = n; = ny = n3 = 2, i.e., all layers have two neurons. This MLP defines a function
f: R? — R? given by

Jw) = WO (W (W 1+ p0) 52 14,
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v
Wy Wy
the weight space U consists of the tuples

U= (W(l)’ W(Q), W(3)’ b(l)7 (,(2)7 b(3))

) ) (2)
where W) = ( ) is a 2 x 2 matrix and b(") = [Zb)] for each i = 1,2, 3. In this case,
2

and it has dimension 18.
According to Eq. (27), an equivariant layer E over U has the form

E(U) = (W/u), W @) ) ) b/(3)> ,

where
1) k(1) ik (D) 15k (1) ) 1) A1), 151
Wig? =P Wi + 0, Wia + a5 b0 b0 = e/ Wig oWy 4550,
W) = p2ikyy () b = 527p(?)
J g ik j 3%
/(3 35kyr,(3 35k 1y, (3 /(3 3 ,(3 35 (3
Wi = pP W) + piiwy), b = 63 0 4530 b8V 4 o2,
These equations can be written in a friendly matrix form as follows.
w07 ma111 111 111 2 i
ol B 0 I ] e
W%(?l) P11l Pi12 1021 1021 q111 1021 W1(21)
Wor?f _ 1 0 0 Pia1 Pix 0 g1 Wy
Wé(zl) 0 0 pipi b2 0 airs W2(21) ’
N I I T R S T s
| L0000 g g o el | g
e 1(2)7 e (2)7
Wl/(l ) -p211 0 0 0 0 0 7 Wl(l)
Wiy 0 P32 0o 0 0 0| |V
wol | _ o 00 B0 0 o | Wy
w0 0 o w0 0| |wl)|
e 0 0 0 0 s 0 3
b/l(z) | 0 0 0 0 0 5222 b%g)
L _ L O " ]
ro/ (307 , , T 4N
Mag[ D0 el 0 07 Mo
12 3021 P312 3021 P35 0 0 2 0
Woi | _ | P12 3022 P321 3022 0 0 Wy + 0
Wzlgg) 0 ps1z 0 pyzy O 0 WQ(S) 03
b;(3) 0 0 0 0 s337 8333 b(23) o
A.2 Sin or Tanh activation
Recall that, in this case:
G:={idg, }xGr!  x...xGrlx{idg, }. (48)

So the system of constraints (*) holds for:
1. all possible tuples ((i, j, k), (s, p,q)),
2. allm € Pifor0<i< Loalld! € {£1} for0 <i < L, 1< j <n,
3. m =idg,, andd\” = 1fori=0ori= L.

We assume L > 3, the case L < 2 can be solved similarly. By treat each case of tuples
(2,7, k), (s,p,q)), we solve Eq. *1, Eq. *2, Eq. *3, Eq. *4 in the system (*) for hyperparame-
ter (p, q,t,s) as in Table 7. For t/* and t”, by Eq. *5, Eq. *6, we have t/* = 0 for all (i, j, k),
tiJ = 0ifi < L, and t" is arbitrary for all 1 < j < nr. In conclusion, the formula of equivariant
layers E in case of sin or Tanh activation is presented as in Table 8.
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Table 7: Hyperparameter of Equivariant Layers with sin or Tanh activation. Left presents all possible
case of tuple ((i,74, k), (s,p,q)), and Right presents the parameter at the corresponding position.
Here, we have three types of notations: 0 means the parameter equal to 0; equations with 7’s in LHS
means the equation holds for all possible 7; and a single term with no further information means the
term can be arbitrary.

Tuple ((4, 4, k), (s,p,9)) Hyperparameter (p, g, t, 5)
i and s jandp kandgq péé"(‘z qgk tgq ﬁljp
i=s=1 J#Fp 0 0 0 0
L Gk o 1jk Gk 1k in(j) _ _1j 1m(5) _ .15
J=P Pir(ie = P1ia ir() = 915 (g = i 10 = 51)
; —
TR 0 o
Lin(k) _ . Ljk L
k=a v =P, 0 0 sy
1<i=s<L Jj#Dp 0 0 0 0
j=p k#q 0 0 0 5::8; _ 523
_ in(j)m' (k) _ ijk inG) i
E=q  Pi(iymi) = Pijk 0 0 Sin(h) = 5i)
] i L-1)7(j L—1)j
(i,s) =(L—-1,L) ji=q 0 0 t(LPﬂ'(]?) @) _ t(ij )i 0
; Ljn(k Lijk
(o) =(LL 1) k=p 0 A2 = Ui 0 0
otherwise 0 0 0 0

Table 8: Construction of equivariant functional layer with sin or Tanh activation. Note that all
parameters have to satisfy the conditions presented in Table 5.

Layer Equivariant layer E : (W,b) — (W', V')
WJ{(z‘) b;(i)
i=1 Z:zlil PESWJ'(;) + qﬂkbg‘l) 22:1 tingj(;) + 53175'1)
l<i<L-1 prw ) s
ehon S
=L kW it Sontyspabs 4t

B Construction of Monomial Matrix Group Invariant Layers

In this appendix, we present how we constructed Monomial Matrix Group Invariant Layers. Let I{ be
a weight spaces with the number of layers L as well as the number of channels at ¢-th layer n;. We
want to construct G-invariant layers I : U/ — R¢ for some d > 0. We treat each case of activations
separately.

B.1 ReLU activation

Recall that, in this case:
G:={idg, } x Gyl  x...xGlx{idg, }. (49)

Since G20 is the semidirect product of AZ? and P, with AZ? is the normal subgroup, we will treat
these two actions consecutively, A7 first then P,. We denote these layers by Ix>o0 and Ip. Note
that, since Ix>o0 comes before Ip, In>o is required to be A Y-invariant and P,-equivariant, and Ip
is required to be P,-invariant.

AZC-invariance and P,-equivariance. To capture A -invariance, we recall the notion of pos-
itively homogeneous of degree zero maps. For n > 0, a map a from R" is called positively
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Table 9: Constraints of & component in invariant functional layer with ReL'U, sin, Tanh activations.

Layer Inso: (W,b) — (W', 0)

@ . (@) /(1) @ . 3@ /(@)
ajlk : Wj,i)»—ﬂ/ijz ozjz : bjz Hbjl

=1 e = oy =y’
L<i<lagyog =ag iy = o)
=1L Gy = O of
homogeneous of degree zero if
a(Az1, ..., A\xp) = a1, ..., Tp). (50)
forall A > 0 and (x1,...,2,) € R™ We construct x>0 : U — U by taking collections of positively

homogeneous of degree zero functions {a%c): R"i — R"i} and {ay): R% — R}, each one
corresponds to weight and bias of U. The maps [a>o0: U — U that (W, b) — (W' V') is defined by
simply applying these functions on each weight and bias entries as follows:

Wi =l (w)) and b0 = ol 060). (51)

In>o0 is A7 %-invariant by homogeneity of the o functions. To make it become P,-equivariant, some
o functions have to be shared arross any axis that have permutation symmetry, presented in Table 9.

Candidates of function a. We simply choose positively homogeneous of degree zero function
a : R™ — R” by taking «(0) = 0 and:

2 2
a(xl,...,xn):ﬂ< 5 | In ) (52)

) )
i S o 4 224+t a2

where 3: R™ — R" is an arbitrary function. The function £ can be fixed or parameterized to make «
to be fixed or learnable.

‘P.-invariance. To capture P,-invariance, we simply take summing or averaging the weight and
bias across any axis that have permutation symmetry as in [71]. In concrete, some d > 0, we have
Ip: U — R%is computed as follows:

Ip(©) = (W W, W, WED o o D), 53
Here, x denotes summation or averaging over the rows or columns of the weight and bias.

G—invariance. Now we simply compose Ip o Ix>o to get an G-invariant map. We use an MLP to
complete constructing an G-invariant layer with output dimension d as desired:

I =MLPo Ip o Ipn>o. (54)

B.2 Sin or Tanh activation

Recall that, in this case:

G :={idg, } x G,

+1 :
nn_a X - x G x {idg, }- (55)
Since GF! is the semidirect product of AF! and P, with AF! is the normal subgroup, we will treat
these two actions consecutively, A*! first then P,. We denote these layers by I5+: and I». Note
that, since Io+1 comes before Ip, Io+1 is required to be Afl-invariant and P,-equivariant, and I'p
is required to be P, -invariant.
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Afl-invariance and P,-equivariance. To capture Afl-invariance, we use even functions, i.e.
a(x) = a(—z) for all z. We construct Ia+1: U — U by taking collections of even functions

{agik) : R¥ — R":i} and {agi) : R% — Rbi}, each one corresponds to weight and bias of /. The
maps Ia+1: U — U that (W, b) — (W', 1) is defined by simply applying these functions on each
weight and bias entries as follows:

Wi =ad(w)) and b = a0, (56)
In+1 is AFl-invariant by design. To make it become P, -equivariant, some « functions have to be
shared arross any axis that have permutation symmetry, presented in Table 9.
Candidates of function a. We simply choose even function o : R™ — R™ by:

a(z, ..., xn) = B (1], .-y |znl) - (57)
where 5: R™ — R"™ is an arbitrary function. The function S can be fixed or parameterized to make «
to be fixed or learnable.

‘P.-invariance. To capture P,-invariance, we simply take summing or averaging the weight and
bias across any axis that have permutation symmetry as in [71]. In concrete, some d > 0, we have
Ip: U — R%is computed as follows:

Ip(U) = (W, W w2, w0 o0, Y, (58)
Here, x denotes summation or averaging over the rows or columns of the weight and bias.

G —invariance. Now we simply compose Ip o [a+1 to get an G-invariant map. We use an MLP to
complete constructing an G-invariant layer with output dimension d as desired:

I:MLPOI'])OIAil. (59)

C Proofs of Theoretical Results

C.1 Proof of Proposition 3.4

Proof. We simply denote the activation ReLU or sin or tanh by o. Let A € GL(n) that satisfies:
c(A-x)=A"0o(x),

for all x € R™. This means:

ail oo Q1np I a1l oo Q1p I
o = o ,
Gn1 -.. Opp Tn _anl <.. Opn Tn
forall zy,...,x, € R. We rewrite this equation as:
a1121 + a2 + ...+ a1nTn a1 ... Qin U(.%‘l)
g . = . )
ap1iT1 + aGpaXo + ... 4+ GpnTn anl ... Qun o(xn)
or equivalently:
0((1111[,’1 + a19x2 + ...+ alnxn) _a110($1) + alga'(l'g) + ...+ aan'(In)
0(an1%1 + an2Z2 + ... + Gpnln) |@n10(21) + an20(22) + ... + anno(n)

Thus,

n n
o | D aym; | =Y aijo(xy),
i=1 i=1

forall x1,...,2, € Rand¢ =1,...,n. We will consider the case : = 1, i.e.

n n
g Zaljxj = Zalja(xj), (60)
j=1 j=1

and treat the case 7 > 1 similarly. Now we consider the activation o case by case as follows.
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(i) Case 1. 0 = ReLLU. We have some observations:

(ii)

1. Letxy = 1,and z2 = ... = x,, = 0. Then from Eq. (60), we have:
g (011) = a1,

which implies that a;; > 0. Similarly, we also have a2, ...,a1, = 0.

2. Since A is an invertible matrix, the entries aq1, . .., a1, in the first row of A can not be
simultaneously equal to 0.

3. There is at most only one nonzero number among the entries ai1,...,a1,. Indeed,
assume by the contrary that a;1,a12 > 0. Letz3 = ... = z,, = 0, from Eq. (60), we
have:

J(allel + a12{L'2) = a110($1) + CL120’({E2).
Let x5 = —1, we have:

U(anzz:l — (112) = CL110'(£171).

Now, let z; > 0 be a sufficiently large number such that a11x1 — a2 > 0. (Note that
this number exists since a7 > 0). Then we have:

111 — a1z = 41121,
which implies a;2 = 0, a contradiction.

It follows from these three observations that there is exactly one non-zero element among
the entries ay1, - . . , a1,. In other words, matrix A has exactly one nonzero entry in the first
row. This applies for every row, so A has exactly one non-zero entry in each row. Since
A is invertible, each column of A has at least one non-zero entry. Thus A also has exactly
one non-zero entry in each column. Hence, A is in G,. Moreover, all entries of A are
non-negative, so A is in G 0,

It is straight forward to check that for all A in G° we have 0(A - x) = A - 0(x).

Case 2. 0 = Tanh or 0 = sin. We have some observations:

1. Letxy = ... =z, = 0. Then from Eq. (60), we have:
0'((11131‘1) = alla(ml),
which implies a1; € {—1,0,1}. Similarly, we have aja,...,a1, € {—1,0,1}.

2. Since A is an invertible matrix, the entries a11, ..., a1, in the first row of A can not be
simultaneously equal to 0.

3. There is at most only one nonzero number among the entries aj1, ..., a1,. Indeed,
assume by the contrary that a11,a12 # 0. Let z3 = ... = x,, = 0, from Eq. (60), we
have:

0(011131 + a12:172) = alla(xl) + a120'(£172).
Note that a;1,a12 € {—1,1}, so by consider all the cases, we will lead to a contradic-
tion.

It follows from the above three observations that there is exactly one non-zero element
among the entries ai1, .. ., a1,. In other words, matrix A has exactly one nonzero entry in
the first row. This applies for every row, so A has exactly one non-zero entry in each row.
Note that, since A is invertible, each column of A has at least one non-zero entry. Therefore,
A also has exactly one non-zero entry in each column. Hence, A is in G,,. Moreover, all
entries of A are in {—1,0,1}, so Aisin GF'.

It is straight forward to check that for all A in GF! we have o(A4-x) = A - o(x).

The proposition is then proved completely. O

C.2 Proof of Proposition 4.4

Proof. For both Fully Connected Neural Networks case and Convolutional Neural Networks case,
we consider a network f with three layers, with ng, n1, ns, n3 are number of channels at each layer,
and its weight space . We will show the proof for part (i) where activation o is ReLU, and part
(#i) can be proved similarly. For part (¢), we prove f to be G-invariant on its weight space U, for the
group G that is defined by:

G= {idgn:;} X g;;) x gil() X {idgno} < gns X gn2 x gn1 x gﬂo = gu;
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Case 1. f is a Fully Connected Neural Network with three layers, with ng, n1, ns, ns are number
of channels at each layer as in Eq. 5:

fx;Uo)=w® .4 (W@) o (Wu) x4+ b<1>) + b(2)) +b®),

Case 2. f is a Convolutional Neural Network with three layers, with ng, n1, n2, ng are number of
channels at each layer as in Eq. 8:

f(x; Uo)=W® sg (W<2> v o (W<1> I b<1>) 4 b<2>) 1 p®)

‘We have some observations:

For case 1. For W € R™*™ x € R™ and a > 0, we have:
a-c(W-x+0b)=0c((aW) - -x+ (ab)).

For case 2. For simplicity, we consider * as one-dimentional convolutional operator, and other
types of convolutions can be treated similarly. For W = (wy,...,w,) € R™,b € R and x =
(z1,...,2,) € R™, we have:

Wax+b=y=(U1, s Ynms1) € R,
where:

m
Y; = ijxﬂrj*l + b
j=1

So for a > 0, we have:
a-c(Wxx+b)=0c((aW)*x+ (ab)).

With these two observations, we can see the proofs for both cases are similar to each other. We will
show the proof for case 2, when f is a convolutional neural network since it is not trivial as case 1.
Now we have U = (W, b) with:

W= (W<3>,W<2>,W<1>),

b— (b<3>,b<2>,b<1>)_

Let g be an element of G

g = (idgn3 ’ g(2)’g(1)7 idgno )»

where:
g = D). Py, = diag (f”,...,d2) - Pr, € G2,
gV =DM Py, = diag (at,....dY) - Pr, € G,
We compute gU:
gU = (gW, gb),
W = ((gW)@, (gm) @, (gm) ),
gb = ((g0)@. (g0)®), (g0) V).
where:
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End of proof.

D Additional experimental details

D.1 Runtime and Memory Consumption

We provide the runtime and memory consumption of Monomial-NFNs and the previous NFNs in
Tables 10 and 11 to compare the computational and memory costs in the task of predicting CNN
generalization (see Section 6.1). It is observable that our model runs faster and consumes significantly
less memory than NP/HNP in [71] and GNN-based method in [35]. This highlights the benefits of

parameter savings in Monomial-NFN.

Table 10: Runtime of models.
NP [71] HNP|[71] GNN [35] Monomial-NFN (ours)

Tanh subset  35m34s  29m37s  4h25ml7s 18m23s
ReLU subset 36m40s 30m06s  4h27m29s 23md7s

Table 11: Memory consumption.
NP[71] HNP[71] GNN[35] Monomial-NFN (ours)

Tanh subset 838MB 856MB 6390MB 582MB
ReLU subset 838MB 856MB 6390MB 560MB

D.2 Comparison of Monomial-NFNs and GNN-based NFNs

We provide experimental result to compare the efficiency of our model and a permutation equivariant

GNN-based NEN [35] in two scenarios below.

1. Training the model on augmented train data and testing with the augmented test data (see
Tables 12 and 13).

Here, we present the experimental results on the original dataset and the results on the
augmented dataset. The augmentation levels for the ReLU subset are 1, 2, 3, and 4,
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corresponding to augmentation ranges of [1, 10], [1, 102], [1,103], [1, 10%]. The augmented
dataset for the Tanh subset corresponds to the augmentation range of [—1, 1]

Table 12: Predict CNN generalization on ReLU subset (augmented train data)
Original 1 2 3 4

GNN [35] 0.897 0.892 0.885 0.858 0.851
Monomial-NF (ours) 0922 0.920 0.919 0.920 0.920

Table 13: Predict CNN generalization on Tanh subset (augmented train data)

Original ~Augmented

GNN [35] 0.893 0.902
Monomial-NFEN (ours) 0.939 0.943

The results for GNN exhibit a similar trend as other baselines that do not incorporate the
scaling symmetry into their architectures. In contrast, our model has stable performance. A
notable observation is that the GNN model uses 5.5M parameters (4 times more than our
model), occupies 6000MB of memory, and takes 4 hours to train.

2. Training the model on original train data and testing with the augmented test data (see
Tables 14 and 15).

Table 14: Predict CNN generalization on ReLL.U subset (original train data)
Augment level 1 2 3 4

GNN [35] 0.794 0.679 0.586 0.562
Monomial-NF (ours) 0.920 0.919 0.920 0.920

Table 15: Predict CNN generalization on Tanh subset (original train data)

Augmented

GNN [35] 0.883
Monomial-NFN (ours) 0.940

In these more challenging scenario, GNN’s performance drops significantly, which highlights
the lack of scaling symmetry in the model. Our model maintains consistent performance,
matching the case in which we train with the augmented data.

D.3 Predicting generalization from weights

Dataset. The original ReL'U subset of the CNN Zoo dataset includes 6050 instances for training
and 1513 instances for testing. For the Tanh dataset, it includes 5949 training and 1488 testing
instances. For the augmented data, we set the augmentation factor to 2, which means that we augment
the original data once, resulting in a new dataset of double the size. The complete size of all datasets
is presented in Table 16

Implementation details. Our model follows the same architecture as in [71], comprising three
equivariant Monomial-NFN layers with 16, 16, and 5 channels, respectively, each followed by ReLU
activation (ReLU dataset) or Tanh activation (Tanh dataset). The resulting weight space features
are input into an invariant Monomial-NFN layer with Monomial-NFN pooling (Equation 19) with
learnable parameters (ReLLU case) or mean pooling (Tanh case). Specifically, the Monomial-NFN
pooling layer normalizes the weights across the hidden dimension and takes the average for rows
(first layer), columns (last layer), or both (other layers). The output of this invariant Monomial-NFN
layer is flattened and projected to R?%° (ReLU case) or R!%%0 (Tanh case). This resulting vector is
then passed through an MLP with two hidden layers with ReLLU activations. The output is linearly
projected to a scalar and then passed through a sigmoid function. We use the Binary Cross Entropy
(BCE) loss function and train the model for 50 epochs, with early stopping based on 7 on the
validation set, which takes 35 minutes to train on an A100 GPU. The hyperparameters for our model
are presented in Table 18.
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Table 16: Datasets information for predicting generalization task.

Dataset Train size  Val size
Original ReLU 6050 1513
Original Tanh 5949 1488

Augment ReLU 12100 3026
Augment Tanh 11898 2976

Table 17: Number of parameters of all models for prediciting generalization task.

Model ReLU dataset Tanh dataset
STATNN 1.06M 1.06M
NP 2.03M 2.03M
HNP 2.81M 2.81M
Monomial-NFN (ours) 0.25M 1.41M

Table 18: Hyperparameters for Monomial-NFN on prediciting generalization task.

ReLU Tanh
MLP hidden neurons 200 1000
Loss Binary cross-entropy ~ Binary cross-entropy
Optimizer Adam Adam
Learning rate 0.001 0.001
Batch size 8 8
Epoch 50 50

Table 19: Dataset size for Classifying INRs task.

Train  Validation  Test

CIFAR-10 45000 5000 10000
MNIST size 45000 5000 10000
Fashion-MNIST 45000 5000 20000

For the baseline models, we follow the original implementations described in [71], using the official
code (available at: https://github.com/AllanYangZhou/nfn). For the HNP and NP models, there are
3 equivariant layers with 16, 16, and 5 channels, respectively. The features go through an average
pooling layer and 3 MLP layers with 1000 hidden neurons. The hyperparameters of our model and
the number of parameters for all models in this task can be found in Table 17.

D.4 Classifying implicit neural representations of images

Dataset. We utilize the original INRs dataset provided by [71], with no augmentation. The data is
obtained by implementing a single SIREN model for each image in each dataset: CIFAR-10, MNIST,
and Fashion-MNIST. The size of training, validation, and test samples for each dataset is provided in
Table 19.

Implementation details. In these experiments, our general architecture includes 2 Monomial-
NFN layers with sine activation, followed by 1 Monomial-NFN layer with absolute activation. The
choice of hidden dimension in the Monomial-NFN layer depends on each dataset and is described in
Table 20. The architecture then follows the same design as the NP and HNP models in [71], where a
Gaussian Fourier Transformation is applied to encode the input with sine and cosine components,
mapping from 1 dimension to 256 dimensions. If the base layer is NP, the features will go through
I0SinusoidalEncoding, a positional encoding designed for the NP layer, with a maximum frequency
of 10 and 6 frequency bands. After that, the features go through 3 HNP or NP layers with ReLLU
activation functions. Then, an average pooling is applied, and the output is flattened, and the resulting
vector is passed through an MLP with two hidden layers, each containing 1000 units and ReLLU
activations. Finally, the output is linearly projected to a scalar. For the MNIST dataset, there is an
additional Channel Dropout layer after the ReL.U activation of each HNP layer and a Dropout layer
after the ReLU activation of each MLP layer, both with a dropout rate of 0.1. We use the Binary
Cross Entropy (BCE) loss function and train the model for 200,000 steps, which takes 1 hour and 35
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Table 20: Hyperparameters of Monomial-NFN for each dataset in Classify INRs task.

MNIST Fashion-MNIST CIFAR-10
Monomial-NFN hidden dimension 64 64 16
Base model HNP NP HNP
Base model hidden dimension 256 256 256
MLP hidden neurons 1000 500 1000
Dropout 0.1 0 0
Learning rate 0.000075 0.0001 0.0001
Batch size 32 32 32
Step 200000 200000 200000
Loss Binary cross-entropy  Binary cross-entropy  Binary cross-entropy

Table 21: Number of parameters of all models for classifying INRs task.

CIFAR-10 MNIST  Fashion-MNIST

MLP 2M 2M 2M
NP 16M 15M 15M

HNP 42M 22M 22M
Monomial-NFN (ours) 16M 22M 20M

Table 22: Number of parameters of all models for Weight space style editing task.

Model Number of parameters
MLP 4.5M
NP 4.1M
HNP 12.8M
Monomial-NFN (ours) 4.1M

Table 23: Hyperparameters for Monomial-NFN on weight space style editing task.

Name Value
Monomial-NFN hidden dimension 16
NP dimension 128

Optimizer Adam

Learning rate 0.001
Batch size 32

Steps 50000

minutes on an A100 GPU. For the baseline models, we follow the same architecture in [71], with
minor modifications to the model hidden dimension, reducing it from 512 to 256 to avoid overfitting.
We use a hidden dimension of 256 for all baseline models and our base model. The number of
parameters of all models can be found in Table 21

D.5 Weight space style editing

Dataset. We use the same INRs dataset as used for classification task, which has the size of train,
validation and test set described in Table 19.

Implementation details. In these experiments, our general architecture includes 2 Monomial-NFN
layers with 16 hidden dimensions. The architecture then follows the same design as the NP model
in [71], where a Gaussian Fourier Transformation with a mapping size of 256 is applied. After that,
the features go through IOSinusoidalEncoding and then through 3 NP layers, each with 128 hidden
dimensions and ReLU activation. Finally, the output goes through an NP layer to project into a scalar
and a LearnedScale layer described in the Appendix of [71]. We use the Binary Cross Entropy (BCE)
loss function and train the model for 50,000 steps, which takes 35 minutes on an A100 GPU. For
the baseline models, we keep the same settings as the official implementation. Specifically, the HNP
or NP model will have 3 layers, each with 128 hidden dimensions, followed by a ReLU activation.
An NFEN of the same type will be applied to map the output to 1 dimension and pass it through a
LearnedScale layer. The number of parameters of all models can be found in Table 22. The detailed
hyperparameters for our model can be found in Table 23.
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Figure 2: Random qualitative samples of INR editing behavior on the Dilate (MNIST) and Contrast
(CIFAR-10) editing tasks.
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D.6 Ablation Regarding Design Choices

We provide the ablation study on the choice of architecture for the task Predict CNN Generalization
on ReLLU subset in Table 24. We denote:

* Monomial Equivariant Functional Layer (Ours): MNF

* Activation: ReLU

* Scaling Invariant and Permutation Equivariant Layer (Ours): Norm
* Hidden Neuron Permutation Invariant Layer (in [71]): HNP

* Permutation Invariant Layer: Avg

* Multilayer Perceptron: MLP

Table 24: Ablation study on design choices for the task Predict CNN generalization on ReLU subset
Original 1 2 3 4

(MNF-ReLU)x1 — Norm — (HNP-ReLU)x1 — Avg — MLP 0.917 0916 0917 0917 0917
(MNF-ReLU)x2 — Norm — (HNP-ReLU)x1 — Avg — MLP 0918 0917 0917 0917 0918
(MNF-ReLU)x3 — Norm — (HNP-ReLU)x1 — Avg — MLP 0.920 0919 0918 0.920 0.920

(MNF-ReLU)x 1 — Norm — Avg — MLP 0915 0914 0917 0916 0914
(MNF-ReLU)x2 — Norm — Avg — MLP 0918 0919 0918 0917 0918
(MNF-ReLU)x3 — Norm — Avg — MLP 0.922 0.920 0.919 0.920 0.920

Among these designs, the architecture incorporating three layers of Monomial-NFN with ReLU
activation achieves the best performance.

31



	Introduction
	Related Work
	Monomial Matrices Perserved by a Nonlinear Activation
	Monomial Matrices and Monomial Matrix Group Actions
	Monomial Matrices Preserved by a Nonlinear Activation

	Weight Spaces and Monomial Matrix Group Actions on Weight Spaces
	Weight Spaces of FCNNs and CNNs
	Monomial Matrix Group Action on Weight Spaces

	Monomial Matrix Group Equivariant and Invariant NFNs
	Equivariant Layers
	Invariant Layers
	Monomial Matrix Group Equivariant Neural Functionals (Monomial-NFNs)

	Experimental Results
	Predicting CNN Generalization from Weights
	Classifying implicit neural representations of images
	Weight space style editing.

	Conclusion
	Construction of Monomial Matrix Group Equivariant Layers
	ReLU activation
	Sin or Tanh activation

	Construction of Monomial Matrix Group Invariant Layers
	ReLU activation
	Sin or Tanh activation

	Proofs of Theoretical Results
	Proof of Proposition 3.4
	Proof of Proposition 4.4

	Additional experimental details
	Runtime and Memory Consumption
	Comparison of Monomial-NFNs and GNN-based NFNs
	Predicting generalization from weights
	Classifying implicit neural representations of images
	Weight space style editing
	Ablation Regarding Design Choices


