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Generalizable INRs via Instance Pattern Composers
• Our simple modulation method can leverage the powerful modulation capacity of weight 

modulation and the low computational cost of feature modulations. 

• The shared structures of representations across instances are the pattern composition rule of 
the shared weights, while a data instance is characterized by one modulation weight.
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Figure 2. Overview of our framework with Instance Pattern Composer for generalizable INRs. Instance pattern composer modulates the
weight matrix in the second lowest MLP layer, while the remaining weights learns an instance-agnostic pattern composition rule.

to implicitly represent an instance x(n), while minimizing
the mean-squared error over coordinates:

Ln(�(n);x(n)) :=
1

Mn

MnX

i=1

ky(n)
i � f�(n)(v

(n)
i )k2

2. (2)

Note that since a coordinate-based MLP model f�(n) is
trained to represent only one instance x(n), the model can-
not represent other instances in the dataset as well as unseen
instances after training. The straightforward approach to
obtain INRs for a dataset is to separately train an MLP per
instance from scratch, but it is computationally infeasible
for a large-scale dataset. Furthermore, this separate train-
ing cannot leverage common information across instances,
limiting efficiency and generalizability.

3.2. Generalizable Implicit Neural Representations
with Instance Pattern Composers

To overcome the limitation of conventional INRs, we
propose the framework for generalizable INRs with In-

stance Pattern Composers. Our framework can efficiently
modulate a small set of MLP weights, while learning com-
mon representations across instances. After we present the
formulation of generalizable INRs, we explain the details of
our framework with instance pattern composers.

3.2.1 Generalizable INRs.

We define the two types of parameters of a coordinate-based
MLP for generalizable INRs: i) instance-specific parameter
�

(n) for an instance x(n) and ii) instance-agnostic parame-
ter ✓. The instance-specific parameter �(n) characterizes a
data instance x(n), while the instance-agnostic parameter ✓
is shared across all instances to learn the underlying struc-
tural information in a dataset. Then, the coordinate-based

MLP for generalizable INRs is trained to minimize the av-
erage of mean-square errors over training dataset X :

L(✓, {�(n)}N
n=1;X ) :=

1

N

NX

n=1

Ln(✓,�(n);x(n)). (3)

Previous studies first train whole MLP weights as the
instance-agnostic parameter ✓, and then a modulation func-
tion g is used to convert the whole MLP weights to be
instance-specific as �

(n) = g(✓,x(n)), where g is execut-
ing the inner optimization steps in meta-learning [9, 27] or
directly predicting weights in hypernetwork [4, 10]. How-
ever, we remark that modulating whole MLP weights is lim-
ited in terms of efficiency and effectiveness due to unstable
training and expensive computational costs.

3.2.2 Generalizable INRs by Modulating One Weight
Matrix as Instance Pattern Composer

In this section, we propose a simple yet powerful weight
modulation of coordinate-based MLPs for generalizable
INRs. Inspired by the first usage of coordinate-based MLP,
which composes low-level patterns to synthesize complex
visual patterns [26], we postulate that our coordinate-based
MLP can represent complex data by composing simple pat-
terns of instance-specific contents. Thus, we first catego-
rize the weights of MLP into the following two types: i)
Instance Pattern Composer as instance-specific parameter
�

(n), and ii) Pattern Composition Rule as instance-agnostic
parameter ✓. Especially, we assign one weight matrix in
the early MLP layer for the instance pattern composer to
be modulated, while the remaining weights are instance-
agnostic pattern composition rule. For the brevity of no-
tation, we omit the subscript i and denote v(n)

i as v(n) in
this section.
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How the modulation weight, Instance Pattern Composers, 

can be predicted during training & inferences?

It’s compatible with both  
1) hypernetworks & 2) meta-learning
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Implicit Neural Representations (INRs)
• For an implicit representation of data instance, a parameterized neural network  

(e.g. coordinate-based MLP) is trained to map a coordinate into its corresponding features. 

• That is, a data instance is represented as a continuous function.

coordinate-based MLP

one data instance
one continuous function 
(and a set of parameters)
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Each MLP is   
separately trained to represent each data point.  

 
It cannot learn shared structures , representations, 

and knowledge across data instances.
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Generalizable INRs via Instance Pattern Composers
• We categorize the weights of MLP into the following two types:  

 

     i) Instance Pattern Composer as instance-specific parameter 
 

     ii) Pattern Composition Rule as instance-agnostic parameter.
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Figure 2. Overview of our framework with Instance Pattern Composer for generalizable INRs. Instance pattern composer modulates the
weight matrix in the second lowest MLP layer, while the remaining weights learns an instance-agnostic pattern composition rule.

to implicitly represent an instance x(n), while minimizing
the mean-squared error over coordinates:

Ln(�(n);x(n)) :=
1

Mn

MnX

i=1

ky(n)
i � f�(n)(v

(n)
i )k2

2. (2)

Note that since a coordinate-based MLP model f�(n) is
trained to represent only one instance x(n), the model can-
not represent other instances in the dataset as well as unseen
instances after training. The straightforward approach to
obtain INRs for a dataset is to separately train an MLP per
instance from scratch, but it is computationally infeasible
for a large-scale dataset. Furthermore, this separate train-
ing cannot leverage common information across instances,
limiting efficiency and generalizability.

3.2. Generalizable Implicit Neural Representations
with Instance Pattern Composers

To overcome the limitation of conventional INRs, we
propose the framework for generalizable INRs with In-

stance Pattern Composers. Our framework can efficiently
modulate a small set of MLP weights, while learning com-
mon representations across instances. After we present the
formulation of generalizable INRs, we explain the details of
our framework with instance pattern composers.

3.2.1 Generalizable INRs.

We define the two types of parameters of a coordinate-based
MLP for generalizable INRs: i) instance-specific parameter
�

(n) for an instance x(n) and ii) instance-agnostic parame-
ter ✓. The instance-specific parameter �(n) characterizes a
data instance x(n), while the instance-agnostic parameter ✓
is shared across all instances to learn the underlying struc-
tural information in a dataset. Then, the coordinate-based

MLP for generalizable INRs is trained to minimize the av-
erage of mean-square errors over training dataset X :

L(✓, {�(n)}N
n=1;X ) :=

1

N

NX

n=1

Ln(✓,�(n);x(n)). (3)

Previous studies first train whole MLP weights as the
instance-agnostic parameter ✓, and then a modulation func-
tion g is used to convert the whole MLP weights to be
instance-specific as �

(n) = g(✓,x(n)), where g is execut-
ing the inner optimization steps in meta-learning [9, 27] or
directly predicting weights in hypernetwork [4, 10]. How-
ever, we remark that modulating whole MLP weights is lim-
ited in terms of efficiency and effectiveness due to unstable
training and expensive computational costs.

3.2.2 Generalizable INRs by Modulating One Weight
Matrix as Instance Pattern Composer

In this section, we propose a simple yet powerful weight
modulation of coordinate-based MLPs for generalizable
INRs. Inspired by the first usage of coordinate-based MLP,
which composes low-level patterns to synthesize complex
visual patterns [26], we postulate that our coordinate-based
MLP can represent complex data by composing simple pat-
terns of instance-specific contents. Thus, we first catego-
rize the weights of MLP into the following two types: i)
Instance Pattern Composer as instance-specific parameter
�

(n), and ii) Pattern Composition Rule as instance-agnostic
parameter ✓. Especially, we assign one weight matrix in
the early MLP layer for the instance pattern composer to
be modulated, while the remaining weights are instance-
agnostic pattern composition rule. For the brevity of no-
tation, we omit the subscript i and denote v(n)

i as v(n) in
this section.

3
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Figure 2. Overview of our framework with Instance Pattern Composer for generalizable INRs. Instance pattern composer modulates the
weight matrix in the second lowest MLP layer, while the remaining weights learns an instance-agnostic pattern composition rule.

to implicitly represent an instance x(n), while minimizing
the mean-squared error over coordinates:

Ln(�(n);x(n)) :=
1

Mn

MnX

i=1

ky(n)
i � f�(n)(v

(n)
i )k2

2. (2)

Note that since a coordinate-based MLP model f�(n) is
trained to represent only one instance x(n), the model can-
not represent other instances in the dataset as well as unseen
instances after training. The straightforward approach to
obtain INRs for a dataset is to separately train an MLP per
instance from scratch, but it is computationally infeasible
for a large-scale dataset. Furthermore, this separate train-
ing cannot leverage common information across instances,
limiting efficiency and generalizability.

3.2. Generalizable Implicit Neural Representations
with Instance Pattern Composers

To overcome the limitation of conventional INRs, we
propose the framework for generalizable INRs with In-

stance Pattern Composers. Our framework can efficiently
modulate a small set of MLP weights, while learning com-
mon representations across instances. After we present the
formulation of generalizable INRs, we explain the details of
our framework with instance pattern composers.

3.2.1 Generalizable INRs.

We define the two types of parameters of a coordinate-based
MLP for generalizable INRs: i) instance-specific parameter
�

(n) for an instance x(n) and ii) instance-agnostic parame-
ter ✓. The instance-specific parameter �(n) characterizes a
data instance x(n), while the instance-agnostic parameter ✓
is shared across all instances to learn the underlying struc-
tural information in a dataset. Then, the coordinate-based

MLP for generalizable INRs is trained to minimize the av-
erage of mean-square errors over training dataset X :

L(✓, {�(n)}N
n=1;X ) :=

1

N

NX

n=1

Ln(✓,�(n);x(n)). (3)

Previous studies first train whole MLP weights as the
instance-agnostic parameter ✓, and then a modulation func-
tion g is used to convert the whole MLP weights to be
instance-specific as �

(n) = g(✓,x(n)), where g is execut-
ing the inner optimization steps in meta-learning [9, 27] or
directly predicting weights in hypernetwork [4, 10]. How-
ever, we remark that modulating whole MLP weights is lim-
ited in terms of efficiency and effectiveness due to unstable
training and expensive computational costs.

3.2.2 Generalizable INRs by Modulating One Weight
Matrix as Instance Pattern Composer

In this section, we propose a simple yet powerful weight
modulation of coordinate-based MLPs for generalizable
INRs. Inspired by the first usage of coordinate-based MLP,
which composes low-level patterns to synthesize complex
visual patterns [26], we postulate that our coordinate-based
MLP can represent complex data by composing simple pat-
terns of instance-specific contents. Thus, we first catego-
rize the weights of MLP into the following two types: i)
Instance Pattern Composer as instance-specific parameter
�

(n), and ii) Pattern Composition Rule as instance-agnostic
parameter ✓. Especially, we assign one weight matrix in
the early MLP layer for the instance pattern composer to
be modulated, while the remaining weights are instance-
agnostic pattern composition rule. For the brevity of no-
tation, we omit the subscript i and denote v(n)

i as v(n) in
this section.

3

9

• After the Fourier feature mapping, instance-agnostic low-level frequency patterns are extracted 
for irregular and non-periodic frequency patterns. 

low-level  
frequency patterns

Figure 11. Activation maps of two INRs predicted by our framework of generalizable INRs for each of the two images.
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Figure 2. Overview of our framework with Instance Pattern Composer for generalizable INRs. Instance pattern composer modulates the
weight matrix in the second lowest MLP layer, while the remaining weights learns an instance-agnostic pattern composition rule.

to implicitly represent an instance x(n), while minimizing
the mean-squared error over coordinates:

Ln(�(n);x(n)) :=
1

Mn

MnX

i=1

ky(n)
i � f�(n)(v

(n)
i )k2

2. (2)

Note that since a coordinate-based MLP model f�(n) is
trained to represent only one instance x(n), the model can-
not represent other instances in the dataset as well as unseen
instances after training. The straightforward approach to
obtain INRs for a dataset is to separately train an MLP per
instance from scratch, but it is computationally infeasible
for a large-scale dataset. Furthermore, this separate train-
ing cannot leverage common information across instances,
limiting efficiency and generalizability.

3.2. Generalizable Implicit Neural Representations
with Instance Pattern Composers

To overcome the limitation of conventional INRs, we
propose the framework for generalizable INRs with In-

stance Pattern Composers. Our framework can efficiently
modulate a small set of MLP weights, while learning com-
mon representations across instances. After we present the
formulation of generalizable INRs, we explain the details of
our framework with instance pattern composers.

3.2.1 Generalizable INRs.

We define the two types of parameters of a coordinate-based
MLP for generalizable INRs: i) instance-specific parameter
�

(n) for an instance x(n) and ii) instance-agnostic parame-
ter ✓. The instance-specific parameter �(n) characterizes a
data instance x(n), while the instance-agnostic parameter ✓
is shared across all instances to learn the underlying struc-
tural information in a dataset. Then, the coordinate-based

MLP for generalizable INRs is trained to minimize the av-
erage of mean-square errors over training dataset X :

L(✓, {�(n)}N
n=1;X ) :=

1

N

NX

n=1

Ln(✓,�(n);x(n)). (3)

Previous studies first train whole MLP weights as the
instance-agnostic parameter ✓, and then a modulation func-
tion g is used to convert the whole MLP weights to be
instance-specific as �

(n) = g(✓,x(n)), where g is execut-
ing the inner optimization steps in meta-learning [9, 27] or
directly predicting weights in hypernetwork [4, 10]. How-
ever, we remark that modulating whole MLP weights is lim-
ited in terms of efficiency and effectiveness due to unstable
training and expensive computational costs.

3.2.2 Generalizable INRs by Modulating One Weight
Matrix as Instance Pattern Composer

In this section, we propose a simple yet powerful weight
modulation of coordinate-based MLPs for generalizable
INRs. Inspired by the first usage of coordinate-based MLP,
which composes low-level patterns to synthesize complex
visual patterns [26], we postulate that our coordinate-based
MLP can represent complex data by composing simple pat-
terns of instance-specific contents. Thus, we first catego-
rize the weights of MLP into the following two types: i)
Instance Pattern Composer as instance-specific parameter
�

(n), and ii) Pattern Composition Rule as instance-agnostic
parameter ✓. Especially, we assign one weight matrix in
the early MLP layer for the instance pattern composer to
be modulated, while the remaining weights are instance-
agnostic pattern composition rule. For the brevity of no-
tation, we omit the subscript i and denote v(n)

i as v(n) in
this section.

3
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• We define instance pattern composers to characterize the INR of a data instance. 

• Instance pattern composers are the only instance-specific part of our coordinate-based MLP.
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Figure 2. Overview of our framework with Instance Pattern Composer for generalizable INRs. Instance pattern composer modulates the
weight matrix in the second lowest MLP layer, while the remaining weights learns an instance-agnostic pattern composition rule.

to implicitly represent an instance x(n), while minimizing
the mean-squared error over coordinates:

Ln(�(n);x(n)) :=
1

Mn

MnX

i=1

ky(n)
i � f�(n)(v

(n)
i )k2

2. (2)

Note that since a coordinate-based MLP model f�(n) is
trained to represent only one instance x(n), the model can-
not represent other instances in the dataset as well as unseen
instances after training. The straightforward approach to
obtain INRs for a dataset is to separately train an MLP per
instance from scratch, but it is computationally infeasible
for a large-scale dataset. Furthermore, this separate train-
ing cannot leverage common information across instances,
limiting efficiency and generalizability.

3.2. Generalizable Implicit Neural Representations
with Instance Pattern Composers

To overcome the limitation of conventional INRs, we
propose the framework for generalizable INRs with In-

stance Pattern Composers. Our framework can efficiently
modulate a small set of MLP weights, while learning com-
mon representations across instances. After we present the
formulation of generalizable INRs, we explain the details of
our framework with instance pattern composers.

3.2.1 Generalizable INRs.

We define the two types of parameters of a coordinate-based
MLP for generalizable INRs: i) instance-specific parameter
�

(n) for an instance x(n) and ii) instance-agnostic parame-
ter ✓. The instance-specific parameter �(n) characterizes a
data instance x(n), while the instance-agnostic parameter ✓
is shared across all instances to learn the underlying struc-
tural information in a dataset. Then, the coordinate-based

MLP for generalizable INRs is trained to minimize the av-
erage of mean-square errors over training dataset X :

L(✓, {�(n)}N
n=1;X ) :=

1

N

NX

n=1

Ln(✓,�(n);x(n)). (3)

Previous studies first train whole MLP weights as the
instance-agnostic parameter ✓, and then a modulation func-
tion g is used to convert the whole MLP weights to be
instance-specific as �

(n) = g(✓,x(n)), where g is execut-
ing the inner optimization steps in meta-learning [9, 27] or
directly predicting weights in hypernetwork [4, 10]. How-
ever, we remark that modulating whole MLP weights is lim-
ited in terms of efficiency and effectiveness due to unstable
training and expensive computational costs.

3.2.2 Generalizable INRs by Modulating One Weight
Matrix as Instance Pattern Composer

In this section, we propose a simple yet powerful weight
modulation of coordinate-based MLPs for generalizable
INRs. Inspired by the first usage of coordinate-based MLP,
which composes low-level patterns to synthesize complex
visual patterns [26], we postulate that our coordinate-based
MLP can represent complex data by composing simple pat-
terns of instance-specific contents. Thus, we first catego-
rize the weights of MLP into the following two types: i)
Instance Pattern Composer as instance-specific parameter
�

(n), and ii) Pattern Composition Rule as instance-agnostic
parameter ✓. Especially, we assign one weight matrix in
the early MLP layer for the instance pattern composer to
be modulated, while the remaining weights are instance-
agnostic pattern composition rule. For the brevity of no-
tation, we omit the subscript i and denote v(n)

i as v(n) in
this section.

3

Low-level frequency patterns. Given a coordinate v(n)

of an instance x(n), we convert the coordinate v(n) into
its Fourier features �(v(n)) 2 Rdf with a dimensionality
df [28]. Then, a fully-connected (FC) layer generates low-
level frequency patterns hf as

hf = �(Wf�(v(n)) + bf), (4)

where Wf 2 Rd⇥df and bf 2 Rd are a learnable weight ma-
trix and a bias vector, respectively, d is the dimensionality
of hidden layers, and �(·) is an element-wise nonlinearity
function e.g. ReLU. Since Wf and bf are instance-agnostic,
data instances have the same frequency patterns hf .

Instance Pattern Composer. An instance pattern com-

poser characterizes the INR of a data instance x(n) and ex-
tracts instance content patterns h(n) based on frequency
patterns hf . Given a modulated weight matrix W(n)

m 2
Rd⇥d, we define an instance pattern composer V(n) 2
Rr⇥d of an instance x(n) as a factorized matrix with rank r

W(n)
m = UV(n)

, (5)

where U 2 Rd⇥r is an instance-agnostic weight. Then, an
instance content pattern h(n) of x(n) is predicted as

h(n) = �(W(n)
m hf + bm), (6)

where bm 2 Rd is an instance-agnostic bias vector.
Note that the instance pattern composer V(n) extracts the
instance-specific representations of x(n) to characterize an
instance of modulated MLPs as a continuous representation
of x(n)

. Thus, our generalizable INRs only modulate the
one weight matrix V(n) to represent complex data, while
sharing other MLP weights across data instances.

Pattern composition rule. Based on the instance content
patterns h(n) at coordinate v(n), the subsequent FC layers
are trained to predict the output features y(n). We assume
that the subsequent MLP layers learn to compose the in-
stance content patterns h(n) to represent complex output
features y(n), while learning the underlying structural in-
formation across data instances. Specifically, when the total
number of MLP layers is L, the parameters of the remaining
L � 2 layers are shared across data instances to determine
the pattern composition rule of MLP. Given z(n)

2 := h(n),
the remaining hidden activations of MLP are computed as

z(n)
` = �(W`z

(n)
`�1 + b`), (7)

where W` 2 Rd⇥d and b` 2 Rd are weight and bias of l-th
layer, and l 2 {3, · · · , L � 1}. Finally, given the weight
WL 2 Rdout⇥d and bias bL 2 Rdout , the output layer pre-
dicts the output features y(n) as

f✓,�(n)(v(n)) := WLz(n)
L�1 + bL, (8)

Algorithm 1 Optimization-based meta-learning [32] for
generalizable INRs via instance pattern composer.
Require: Randomly initialized ✓, �, a dataset X , the num-

ber of inner steps Ninner, and learning rates ✏, ✏0.
1: while not done do
2: for n = 1, · · · , N do
3: Initialize instance-specific parameter �(n)  �

4: end for
/* inner-loop updates for ✓

(n) */
5: for all step 2 {1, · · · , Ninner} and x(n) 2 X do
6: �

(n)  �
(n)�✏k�(n)k2r�(n)Ln(✓,�(n);x(n))

7: end for
/* outer-loop updates for ✓, � */

8: Update � �� ✏
0r�L(✓, {�(n)}N

n=1;X )
9: Update ✓  ✓ � ✏

0r✓L(✓, {�(n)}N
n=1;X )

10: end while

where �
(n) = V(n) is the instance-specific parameter, and

✓ = {Wf ,bf ,U,bCP,W3,b3, · · · ,WL�1,bL�1} is the
instance-agnostic parameter. Since the pattern composi-
tion rule is the set of instance-agnostic parameters, our
coordinate-based MLP shares all trainable parameters ex-
cept for V(n). That is, our generalizable INRs use the same
rule to compose the content patterns h(n) of different in-
stances to represent complex data instances. In summary,
our generalizable INRs learn the common pattern composi-
tion rule of extracted instance content patterns to generalize
the learned representations for unseen data instances.

3.3. Predicting Modulation Weights
Thanks to the simple method of weight modulation, our

framework for generalizable INRs is compatible with exist-
ing methods to predict the modulated weight �(n) = V(n)

to characterize the INR of x(n). This section shows that
how optimization-based meta-learning [7–9,27,32] and hy-
pernetworks [4, 10] can be combined with our framework.

Optimization-based meta-learning. An optimization-
based meta-learning [7, 8, 27] can be used to learn the ini-
tialization of instance-specific parameter �

(n) = � to be
adapted to x(n) in few optimization steps of Eq. (2). Since
we do not require the adaptation of the whole weights in
the test time, we modify CAVIA [32] for our generalizable
INRs in Algorithm 1. Different from the original CAVIA,
we train the initialization of �(n) as � in the outer update
to encourage the training of U in Eq. (5). In addition, we
scale the learning rate ✏ in the inner loop by the square of the
norm of adapted parameter k�(n)k2 to improve the stability
of the inner-loop updates.

Transformer-based hypernetwork. Our framework can
adopt the transformer-based hypernetwork in Figure 2 to

4
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• We categorize the weights of MLP into the following two types:  
     i) Instance Pattern Composer as instance-specific parameter 
     ii) Pattern Composition Rule as instance-agnostic parameter.

Au
di

o
Im

ag
e

Vi
ew

Re
sh

ap
e

Tr
an

sf
or

m
er

-b
as

ed
 H

yp
er

ne
tw

or
k

Le
ar

na
bl

e 
W

ei
gh

t T
ok

en
s

In
st

an
ce

 P
at

te
rn

 C
om

po
se

r

…
…

…
…

…
…

C
oo

rd
in

at
e-

ba
se

d 
M

LP

R
G

B
In

st
an

ce
-S

pe
ci

fic
 W

ei
gh

t

In
st

an
ce

-A
gn

os
tic

  
Sh

ar
ed

 W
ei

gh
ts

<latexit sha1_base64="ZYmwOub18h62woDlGIr2lD9fhK0="></latexit>

U
V

(n
)
=

W
(n

)
m

Fi
gu

re
2.

O
ve

rv
ie

w
of

ou
rf

ra
m

ew
or

k
w

ith
In

st
an

ce
Pa

tte
rn

C
om

po
se

rf
or

ge
ne

ra
liz

ab
le

IN
R

s.
In

st
an

ce
pa

tte
rn

co
m

po
se

rm
od

ul
at

es
th

e
w

ei
gh

tm
at

rix
in

th
e

se
co

nd
lo

w
es

tM
LP

la
ye

r,
w

hi
le

th
e

re
m

ai
ni

ng
w

ei
gh

ts
le

ar
ns

an
in

st
an

ce
-a

gn
os

tic
pa

tte
rn

co
m

po
si

tio
n

ru
le

.

to
im

pl
ic

itl
y

re
pr

es
en

ta
n

in
st

an
ce

x
(n

) ,
w

hi
le

m
in

im
iz

in
g

th
e

m
ea

n-
sq

ua
re

d
er

ro
ro

ve
rc

oo
rd

in
at

es
:

L
n
(�

(n
) ;

x
(n

) )
:=

1

M
n

M
n

X i=
1

ky
(n

)
i

�
f

�
(
n
)
(v

(n
)

i
)k

2 2
.

(2
)

N
ot

e
th

at
si

nc
e

a
co

or
di

na
te

-b
as

ed
M

LP
m

od
el

f
�
(
n
)

is
tra

in
ed

to
re

pr
es

en
to

nl
y

o
n
e

in
st

an
ce

x
(n

) ,
th

e
m

od
el

ca
n-

no
tr

ep
re

se
nt

ot
he

ri
ns

ta
nc

es
in

th
e

da
ta

se
ta

sw
el

la
su

ns
ee

n
in

st
an

ce
s

af
te

r
tra

in
in

g.
Th

e
st

ra
ig

ht
fo

rw
ar

d
ap

pr
oa

ch
to

ob
ta

in
IN

R
s

fo
ra

da
ta

se
ti

s
to

se
pa

ra
te

ly
tra

in
an

M
LP

pe
r

in
st

an
ce

fr
om

sc
ra

tc
h,

bu
t

it
is

co
m

pu
ta

tio
na

lly
in

fe
as

ib
le

fo
r

a
la

rg
e-

sc
al

e
da

ta
se

t.
Fu

rth
er

m
or

e,
th

is
se

pa
ra

te
tra

in
-

in
g

ca
nn

ot
le

ve
ra

ge
co

m
m

on
in

fo
rm

at
io

n
ac

ro
ss

in
st

an
ce

s,
lim

iti
ng

ef
fic

ie
nc

y
an

d
ge

ne
ra

liz
ab

ili
ty

.

3.
2.

G
en

er
al

iz
ab

le
Im

pl
ic

it
N

eu
ra

lR
ep

re
se

nt
at

io
ns

w
ith

In
st

an
ce

Pa
tte

rn
C

om
po

se
rs

To
ov

er
co

m
e

th
e

lim
ita

tio
n

of
co

nv
en

tio
na

l
IN

R
s,

w
e

pr
op

os
e

th
e

fr
am

ew
or

k
fo

r
ge

ne
ra

liz
ab

le
IN

R
s

w
ith

In
-

s
ta

n
c
e

P
a
tt

e
r
n

C
o
m

p
o
s
e
r
s
.

O
ur

fr
am

ew
or

k
ca

n
ef

fic
ie

nt
ly

m
od

ul
at

e
a

sm
al

ls
et

of
M

LP
w

ei
gh

ts
,w

hi
le

le
ar

ni
ng

co
m

-
m

on
re

pr
es

en
ta

tio
ns

ac
ro

ss
in

st
an

ce
s.

A
fte

rw
e

pr
es

en
tt

he
fo

rm
ul

at
io

n
of

ge
ne

ra
liz

ab
le

IN
R

s,
w

e
ex

pl
ai

n
th

e
de

ta
ils

of
ou

rf
ra

m
ew

or
k

w
ith

in
st

an
ce

pa
tte

rn
co

m
po

se
rs

.

3.
2.

1
G

en
er

al
iz

ab
le

IN
R

s.

W
e

de
fin

e
th

e
tw

o
ty

pe
so

fp
ar

am
et

er
so

fa
co

or
di

na
te

-b
as

ed
M

LP
fo

rg
en

er
al

iz
ab

le
IN

R
s:

i)
in

st
an

ce
-s

pe
ci

fic
pa

ra
m

et
er

�
(n

)
fo

ra
n

in
st

an
ce

x
(n

)
an

d
ii)

in
st

an
ce

-a
gn

os
tic

pa
ra

m
e-

te
r
✓
.

Th
e

in
st

an
ce

-s
pe

ci
fic

pa
ra

m
et

er
�

(n
)

ch
ar

ac
te

riz
es

a
da

ta
in

st
an

ce
x

(n
) ,

w
hi

le
th

e
in

st
an

ce
-a

gn
os

tic
pa

ra
m

et
er

✓

is
sh

ar
ed

ac
ro

ss
al

li
ns

ta
nc

es
to

le
ar

n
th

e
un

de
rly

in
g

st
ru

c-
tu

ra
li

nf
or

m
at

io
n

in
a

da
ta

se
t.

Th
en

,t
he

co
or

di
na

te
-b

as
ed

M
LP

fo
rg

en
er

al
iz

ab
le

IN
R

s
is

tra
in

ed
to

m
in

im
iz

e
th

e
av

-
er

ag
e

of
m

ea
n-

sq
ua

re
er

ro
rs

ov
er

tra
in

in
g

da
ta

se
tX

:

L
(✓
,
{�

(n
) }

N n
=

1
;X

)
:=

1 N

N X n
=

1

L
n
(✓
,
�

(n
) ;

x
(n

) )
.

(3
)

Pr
ev

io
us

st
ud

ie
s

fir
st

tra
in

w
ho

le
M

LP
w

ei
gh

ts
as

th
e

in
st

an
ce

-a
gn

os
tic

pa
ra

m
et

er
✓
,a

nd
th

en
a

m
od

ul
at

io
n

fu
nc

-
tio

n
g

is
us

ed
to

co
nv

er
t

th
e

w
ho

le
M

LP
w

ei
gh

ts
to

be
in

st
an

ce
-s

pe
ci

fic
as

�
(n

)
=

g
(✓
,
x

(n
) )

,w
he

re
g

is
ex

ec
ut

-
in

g
th

e
in

ne
ro

pt
im

iz
at

io
n

st
ep

s
in

m
et

a-
le

ar
ni

ng
[9

,2
7]

or
di

re
ct

ly
pr

ed
ic

tin
g

w
ei

gh
ts

in
hy

pe
rn

et
w

or
k

[4
,1

0]
.

H
ow

-
ev

er
,w

e
re

m
ar

k
th

at
m

od
ul

at
in

g
w

ho
le

M
LP

w
ei

gh
ts

is
lim

-
ite

d
in

te
rm

s
of

ef
fic

ie
nc

y
an

d
ef

fe
ct

iv
en

es
s

du
e

to
un

st
ab

le
tra

in
in

g
an

d
ex

pe
ns

iv
e

co
m

pu
ta

tio
na

lc
os

ts
.

3.
2.

2
G

en
er

al
iz

ab
le

IN
R

s
by

M
od

ul
at

in
g

O
ne

W
ei

gh
t

M
at

ri
x

as
In

st
an

ce
Pa

tte
rn

C
om

po
se

r

In
th

is
se

ct
io

n,
w

e
pr

op
os

e
a

si
m

pl
e

ye
t

po
w

er
fu

l
w

ei
gh

t
m

od
ul

at
io

n
of

co
or

di
na

te
-b

as
ed

M
LP

s
fo

r
ge

ne
ra

liz
ab

le
IN

R
s.

In
sp

ire
d

by
th

e
fir

st
us

ag
e

of
co

or
di

na
te

-b
as

ed
M

LP
,

w
hi

ch
co

m
po

se
s

lo
w

-le
ve

lp
at

te
rn

s
to

sy
nt

he
si

ze
co

m
pl

ex
vi

su
al

pa
tte

rn
s

[2
6]

,w
e

po
st

ul
at

e
th

at
ou

rc
oo

rd
in

at
e-

ba
se

d
M

LP
ca

n
re

pr
es

en
tc

om
pl

ex
da

ta
by

co
m

po
si

ng
si

m
pl

e
pa

t-
te

rn
s

of
in

st
an

ce
-s

pe
ci

fic
co

nt
en

ts
.

Th
us

,w
e

fir
st

ca
te

go
-

riz
e

th
e

w
ei

gh
ts

of
M

LP
in

to
th

e
fo

llo
w

in
g

tw
o

ty
pe

s:
i)

In
s
ta

n
c
e

P
a
tt

e
r
n

C
o
m

p
o
s
e
r

as
in

st
an

ce
-s

pe
ci

fic
pa

ra
m

et
er

�
(n

) ,
an

d
ii)

P
a
tt

e
r
n

C
o
m

p
o
s
it

io
n

R
u
le

as
in

st
an

ce
-a

gn
os

tic
pa

ra
m

et
er

✓
.

Es
pe

ci
al

ly
,

w
e

as
si

gn
on

e
w

ei
gh

t
m

at
rix

in
th

e
ea

rly
M

LP
la

ye
r

fo
r

th
e

in
st

an
ce

pa
tte

rn
co

m
po

se
r

to
be

m
od

ul
at

ed
,

w
hi

le
th

e
re

m
ai

ni
ng

w
ei

gh
ts

ar
e

in
st

an
ce

-
ag

no
st

ic
pa

tte
rn

co
m

po
si

tio
n

ru
le

.
Fo

r
th

e
br

ev
ity

of
no

-
ta

tio
n,

w
e

om
it

th
e

su
bs

cr
ip

ti
an

d
de

no
te

v
(n

)
i

as
v

(n
)

in
th

is
se

ct
io

n.

3

Audio Image View

Reshape

Transformer-based Hypernetwork

Learnable Weight Tokens

Instance Pattern Composer

… …

… …

… …

Coordinate-based MLP

R G B
Instance-Specific Weight

Instance-Agnostic  
Shared Weights

<latexit sha1_base64="ZYmwOub18h62woDlGIr2lD9fhK0="></latexit>

UV(n) = W(n)
m

Figure 2. Overview of our framework with Instance Pattern Composer for generalizable INRs. Instance pattern composer modulates the
weight matrix in the second lowest MLP layer, while the remaining weights learns an instance-agnostic pattern composition rule.

to implicitly represent an instance x(n), while minimizing
the mean-squared error over coordinates:

Ln(�(n);x(n)) :=
1

Mn

MnX

i=1

ky(n)
i � f�(n)(v

(n)
i )k2

2. (2)

Note that since a coordinate-based MLP model f�(n) is
trained to represent only one instance x(n), the model can-
not represent other instances in the dataset as well as unseen
instances after training. The straightforward approach to
obtain INRs for a dataset is to separately train an MLP per
instance from scratch, but it is computationally infeasible
for a large-scale dataset. Furthermore, this separate train-
ing cannot leverage common information across instances,
limiting efficiency and generalizability.

3.2. Generalizable Implicit Neural Representations
with Instance Pattern Composers

To overcome the limitation of conventional INRs, we
propose the framework for generalizable INRs with In-

stance Pattern Composers. Our framework can efficiently
modulate a small set of MLP weights, while learning com-
mon representations across instances. After we present the
formulation of generalizable INRs, we explain the details of
our framework with instance pattern composers.

3.2.1 Generalizable INRs.

We define the two types of parameters of a coordinate-based
MLP for generalizable INRs: i) instance-specific parameter
�

(n) for an instance x(n) and ii) instance-agnostic parame-
ter ✓. The instance-specific parameter �(n) characterizes a
data instance x(n), while the instance-agnostic parameter ✓
is shared across all instances to learn the underlying struc-
tural information in a dataset. Then, the coordinate-based

MLP for generalizable INRs is trained to minimize the av-
erage of mean-square errors over training dataset X :

L(✓, {�(n)}N
n=1;X ) :=

1

N

NX

n=1

Ln(✓,�(n);x(n)). (3)

Previous studies first train whole MLP weights as the
instance-agnostic parameter ✓, and then a modulation func-
tion g is used to convert the whole MLP weights to be
instance-specific as �

(n) = g(✓,x(n)), where g is execut-
ing the inner optimization steps in meta-learning [9, 27] or
directly predicting weights in hypernetwork [4, 10]. How-
ever, we remark that modulating whole MLP weights is lim-
ited in terms of efficiency and effectiveness due to unstable
training and expensive computational costs.

3.2.2 Generalizable INRs by Modulating One Weight
Matrix as Instance Pattern Composer

In this section, we propose a simple yet powerful weight
modulation of coordinate-based MLPs for generalizable
INRs. Inspired by the first usage of coordinate-based MLP,
which composes low-level patterns to synthesize complex
visual patterns [26], we postulate that our coordinate-based
MLP can represent complex data by composing simple pat-
terns of instance-specific contents. Thus, we first catego-
rize the weights of MLP into the following two types: i)
Instance Pattern Composer as instance-specific parameter
�

(n), and ii) Pattern Composition Rule as instance-agnostic
parameter ✓. Especially, we assign one weight matrix in
the early MLP layer for the instance pattern composer to
be modulated, while the remaining weights are instance-
agnostic pattern composition rule. For the brevity of no-
tation, we omit the subscript i and denote v(n)

i as v(n) in
this section.

3

instance content patterns

Generalizable INRs via Instance Pattern Composers
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Figure 2. Overview of our framework with Instance Pattern Composer for generalizable INRs. Instance pattern composer modulates the
weight matrix in the second lowest MLP layer, while the remaining weights learns an instance-agnostic pattern composition rule.

to implicitly represent an instance x(n), while minimizing
the mean-squared error over coordinates:

Ln(�(n);x(n)) :=
1

Mn

MnX

i=1

ky(n)
i � f�(n)(v

(n)
i )k2

2. (2)

Note that since a coordinate-based MLP model f�(n) is
trained to represent only one instance x(n), the model can-
not represent other instances in the dataset as well as unseen
instances after training. The straightforward approach to
obtain INRs for a dataset is to separately train an MLP per
instance from scratch, but it is computationally infeasible
for a large-scale dataset. Furthermore, this separate train-
ing cannot leverage common information across instances,
limiting efficiency and generalizability.

3.2. Generalizable Implicit Neural Representations
with Instance Pattern Composers

To overcome the limitation of conventional INRs, we
propose the framework for generalizable INRs with In-

stance Pattern Composers. Our framework can efficiently
modulate a small set of MLP weights, while learning com-
mon representations across instances. After we present the
formulation of generalizable INRs, we explain the details of
our framework with instance pattern composers.

3.2.1 Generalizable INRs.

We define the two types of parameters of a coordinate-based
MLP for generalizable INRs: i) instance-specific parameter
�

(n) for an instance x(n) and ii) instance-agnostic parame-
ter ✓. The instance-specific parameter �(n) characterizes a
data instance x(n), while the instance-agnostic parameter ✓
is shared across all instances to learn the underlying struc-
tural information in a dataset. Then, the coordinate-based

MLP for generalizable INRs is trained to minimize the av-
erage of mean-square errors over training dataset X :

L(✓, {�(n)}N
n=1;X ) :=

1

N

NX

n=1

Ln(✓,�(n);x(n)). (3)

Previous studies first train whole MLP weights as the
instance-agnostic parameter ✓, and then a modulation func-
tion g is used to convert the whole MLP weights to be
instance-specific as �

(n) = g(✓,x(n)), where g is execut-
ing the inner optimization steps in meta-learning [9, 27] or
directly predicting weights in hypernetwork [4, 10]. How-
ever, we remark that modulating whole MLP weights is lim-
ited in terms of efficiency and effectiveness due to unstable
training and expensive computational costs.

3.2.2 Generalizable INRs by Modulating One Weight
Matrix as Instance Pattern Composer

In this section, we propose a simple yet powerful weight
modulation of coordinate-based MLPs for generalizable
INRs. Inspired by the first usage of coordinate-based MLP,
which composes low-level patterns to synthesize complex
visual patterns [26], we postulate that our coordinate-based
MLP can represent complex data by composing simple pat-
terns of instance-specific contents. Thus, we first catego-
rize the weights of MLP into the following two types: i)
Instance Pattern Composer as instance-specific parameter
�

(n), and ii) Pattern Composition Rule as instance-agnostic
parameter ✓. Especially, we assign one weight matrix in
the early MLP layer for the instance pattern composer to
be modulated, while the remaining weights are instance-
agnostic pattern composition rule. For the brevity of no-
tation, we omit the subscript i and denote v(n)

i as v(n) in
this section.

3

12

• We categorize the weights of MLP into the following two types:  
     i) Instance Pattern Composer as instance-specific parameter 
     ii) Pattern Composition Rule as instance-agnostic parameter.

Generalizable INRs via Instance Pattern Composers

instance-agnostic  
pattern composition rule * after the second layer, 

whole weights are shared across instances.
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Generalizable INRs via Instance Pattern Composers
• Our simple modulation method can leverage the powerful modulation capacity of weight 

modulation and the low computational cost of feature modulations. 

• The shared structures of representations across instances are the pattern composition rule of 
the shared weights, while a data instance is characterized by one modulation weight.
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Figure 2. Overview of our framework with Instance Pattern Composer for generalizable INRs. Instance pattern composer modulates the
weight matrix in the second lowest MLP layer, while the remaining weights learns an instance-agnostic pattern composition rule.

to implicitly represent an instance x(n), while minimizing
the mean-squared error over coordinates:

Ln(�(n);x(n)) :=
1

Mn

MnX

i=1

ky(n)
i � f�(n)(v

(n)
i )k2

2. (2)

Note that since a coordinate-based MLP model f�(n) is
trained to represent only one instance x(n), the model can-
not represent other instances in the dataset as well as unseen
instances after training. The straightforward approach to
obtain INRs for a dataset is to separately train an MLP per
instance from scratch, but it is computationally infeasible
for a large-scale dataset. Furthermore, this separate train-
ing cannot leverage common information across instances,
limiting efficiency and generalizability.

3.2. Generalizable Implicit Neural Representations
with Instance Pattern Composers

To overcome the limitation of conventional INRs, we
propose the framework for generalizable INRs with In-

stance Pattern Composers. Our framework can efficiently
modulate a small set of MLP weights, while learning com-
mon representations across instances. After we present the
formulation of generalizable INRs, we explain the details of
our framework with instance pattern composers.

3.2.1 Generalizable INRs.

We define the two types of parameters of a coordinate-based
MLP for generalizable INRs: i) instance-specific parameter
�

(n) for an instance x(n) and ii) instance-agnostic parame-
ter ✓. The instance-specific parameter �(n) characterizes a
data instance x(n), while the instance-agnostic parameter ✓
is shared across all instances to learn the underlying struc-
tural information in a dataset. Then, the coordinate-based

MLP for generalizable INRs is trained to minimize the av-
erage of mean-square errors over training dataset X :

L(✓, {�(n)}N
n=1;X ) :=

1

N

NX

n=1

Ln(✓,�(n);x(n)). (3)

Previous studies first train whole MLP weights as the
instance-agnostic parameter ✓, and then a modulation func-
tion g is used to convert the whole MLP weights to be
instance-specific as �

(n) = g(✓,x(n)), where g is execut-
ing the inner optimization steps in meta-learning [9, 27] or
directly predicting weights in hypernetwork [4, 10]. How-
ever, we remark that modulating whole MLP weights is lim-
ited in terms of efficiency and effectiveness due to unstable
training and expensive computational costs.

3.2.2 Generalizable INRs by Modulating One Weight
Matrix as Instance Pattern Composer

In this section, we propose a simple yet powerful weight
modulation of coordinate-based MLPs for generalizable
INRs. Inspired by the first usage of coordinate-based MLP,
which composes low-level patterns to synthesize complex
visual patterns [26], we postulate that our coordinate-based
MLP can represent complex data by composing simple pat-
terns of instance-specific contents. Thus, we first catego-
rize the weights of MLP into the following two types: i)
Instance Pattern Composer as instance-specific parameter
�

(n), and ii) Pattern Composition Rule as instance-agnostic
parameter ✓. Especially, we assign one weight matrix in
the early MLP layer for the instance pattern composer to
be modulated, while the remaining weights are instance-
agnostic pattern composition rule. For the brevity of no-
tation, we omit the subscript i and denote v(n)

i as v(n) in
this section.
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How the modulation weight, Instance Pattern Composers, 

can be predicted during training & inferences?

It’s compatible with both  
1) hypernetworks & 2) meta-learning
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Transformer-based Hypernetwork 
• Transformer-based hypernetwork predicts the row vectors of instance pattern composers. 

• Learnable weight tokens are used as the inputs of the transformer to predict modulation weights.

Audio Image View

Reshape

Transformer-based Hypernetwork

Learnable Weight Tokens

Instance Pattern Composer

… …

… …

… …

Coordinate-based MLP

R G B
Instance-Specific Weight

Instance-Agnostic  
Shared Weights

<latexit sha1_base64="ZYmwOub18h62woDlGIr2lD9fhK0="></latexit>

UV(n) = W(n)
m

Figure 2. Overview of our framework with Instance Pattern Composer for generalizable INRs. Instance pattern composer modulates the
weight matrix in the second lowest MLP layer, while the remaining weights learns an instance-agnostic pattern composition rule.

to implicitly represent an instance x(n), while minimizing
the mean-squared error over coordinates:

Ln(�(n);x(n)) :=
1

Mn

MnX

i=1

ky(n)
i � f�(n)(v

(n)
i )k2

2. (2)

Note that since a coordinate-based MLP model f�(n) is
trained to represent only one instance x(n), the model can-
not represent other instances in the dataset as well as unseen
instances after training. The straightforward approach to
obtain INRs for a dataset is to separately train an MLP per
instance from scratch, but it is computationally infeasible
for a large-scale dataset. Furthermore, this separate train-
ing cannot leverage common information across instances,
limiting efficiency and generalizability.

3.2. Generalizable Implicit Neural Representations
with Instance Pattern Composers

To overcome the limitation of conventional INRs, we
propose the framework for generalizable INRs with In-

stance Pattern Composers. Our framework can efficiently
modulate a small set of MLP weights, while learning com-
mon representations across instances. After we present the
formulation of generalizable INRs, we explain the details of
our framework with instance pattern composers.

3.2.1 Generalizable INRs.

We define the two types of parameters of a coordinate-based
MLP for generalizable INRs: i) instance-specific parameter
�

(n) for an instance x(n) and ii) instance-agnostic parame-
ter ✓. The instance-specific parameter �(n) characterizes a
data instance x(n), while the instance-agnostic parameter ✓
is shared across all instances to learn the underlying struc-
tural information in a dataset. Then, the coordinate-based

MLP for generalizable INRs is trained to minimize the av-
erage of mean-square errors over training dataset X :

L(✓, {�(n)}N
n=1;X ) :=

1

N

NX

n=1

Ln(✓,�(n);x(n)). (3)

Previous studies first train whole MLP weights as the
instance-agnostic parameter ✓, and then a modulation func-
tion g is used to convert the whole MLP weights to be
instance-specific as �

(n) = g(✓,x(n)), where g is execut-
ing the inner optimization steps in meta-learning [9, 27] or
directly predicting weights in hypernetwork [4, 10]. How-
ever, we remark that modulating whole MLP weights is lim-
ited in terms of efficiency and effectiveness due to unstable
training and expensive computational costs.

3.2.2 Generalizable INRs by Modulating One Weight
Matrix as Instance Pattern Composer

In this section, we propose a simple yet powerful weight
modulation of coordinate-based MLPs for generalizable
INRs. Inspired by the first usage of coordinate-based MLP,
which composes low-level patterns to synthesize complex
visual patterns [26], we postulate that our coordinate-based
MLP can represent complex data by composing simple pat-
terns of instance-specific contents. Thus, we first catego-
rize the weights of MLP into the following two types: i)
Instance Pattern Composer as instance-specific parameter
�

(n), and ii) Pattern Composition Rule as instance-agnostic
parameter ✓. Especially, we assign one weight matrix in
the early MLP layer for the instance pattern composer to
be modulated, while the remaining weights are instance-
agnostic pattern composition rule. For the brevity of no-
tation, we omit the subscript i and denote v(n)

i as v(n) in
this section.

3
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Meta-Learning for Instance Pattern Composers
• CAVIA can be modified to learn the initialization of instance pattern composers for rapid adaptation 

in few gradient steps, while the remaining weights are fixed.

Low-level frequency patterns. Given a coordinate v(n)

of an instance x(n), we convert the coordinate v(n) into
its Fourier features �(v(n)) 2 Rdf with a dimensionality
df [28]. Then, a fully-connected (FC) layer generates low-
level frequency patterns hf as

hf = �(Wf�(v(n)) + bf), (4)

where Wf 2 Rd⇥df and bf 2 Rd are a learnable weight ma-
trix and a bias vector, respectively, d is the dimensionality
of hidden layers, and �(·) is an element-wise nonlinearity
function e.g. ReLU. Since Wf and bf are instance-agnostic,
data instances have the same frequency patterns hf .

Instance Pattern Composer. An instance pattern com-

poser characterizes the INR of a data instance x(n) and ex-
tracts instance content patterns h(n) based on frequency
patterns hf . Given a modulated weight matrix W(n)

m 2
Rd⇥d, we define an instance pattern composer V(n) 2
Rr⇥d of an instance x(n) as a factorized matrix with rank r

W(n)
m = UV(n)

, (5)

where U 2 Rd⇥r is an instance-agnostic weight. Then, an
instance content pattern h(n) of x(n) is predicted as

h(n) = �(W(n)
m hf + bm), (6)

where bm 2 Rd is an instance-agnostic bias vector.
Note that the instance pattern composer V(n) extracts the
instance-specific representations of x(n) to characterize an
instance of modulated MLPs as a continuous representation
of x(n)

. Thus, our generalizable INRs only modulate the
one weight matrix V(n) to represent complex data, while
sharing other MLP weights across data instances.

Pattern composition rule. Based on the instance content
patterns h(n) at coordinate v(n), the subsequent FC layers
are trained to predict the output features y(n). We assume
that the subsequent MLP layers learn to compose the in-
stance content patterns h(n) to represent complex output
features y(n), while learning the underlying structural in-
formation across data instances. Specifically, when the total
number of MLP layers is L, the parameters of the remaining
L � 2 layers are shared across data instances to determine
the pattern composition rule of MLP. Given z(n)

2 := h(n),
the remaining hidden activations of MLP are computed as

z(n)
` = �(W`z

(n)
`�1 + b`), (7)

where W` 2 Rd⇥d and b` 2 Rd are weight and bias of l-th
layer, and l 2 {3, · · · , L � 1}. Finally, given the weight
WL 2 Rdout⇥d and bias bL 2 Rdout , the output layer pre-
dicts the output features y(n) as

f✓,�(n)(v(n)) := WLz(n)
L�1 + bL, (8)

Algorithm 1 Optimization-based meta-learning [32] for
generalizable INRs via instance pattern composer.
Require: Randomly initialized ✓, �, a dataset X , the num-

ber of inner steps Ninner, and learning rates ✏, ✏0.
1: while not done do
2: for n = 1, · · · , N do
3: Initialize instance-specific parameter �(n)  �

4: end for
/* inner-loop updates for ✓

(n) */
5: for all step 2 {1, · · · , Ninner} and x(n) 2 X do
6: �

(n)  �
(n)�✏k�(n)k2r�(n)Ln(✓,�(n);x(n))

7: end for
/* outer-loop updates for ✓, � */

8: Update � �� ✏
0r�L(✓, {�(n)}N

n=1;X )
9: Update ✓  ✓ � ✏

0r✓L(✓, {�(n)}N
n=1;X )

10: end while

where �
(n) = V(n) is the instance-specific parameter, and

✓ = {Wf ,bf ,U,bCP,W3,b3, · · · ,WL�1,bL�1} is the
instance-agnostic parameter. Since the pattern composi-
tion rule is the set of instance-agnostic parameters, our
coordinate-based MLP shares all trainable parameters ex-
cept for V(n). That is, our generalizable INRs use the same
rule to compose the content patterns h(n) of different in-
stances to represent complex data instances. In summary,
our generalizable INRs learn the common pattern composi-
tion rule of extracted instance content patterns to generalize
the learned representations for unseen data instances.

3.3. Predicting Modulation Weights
Thanks to the simple method of weight modulation, our

framework for generalizable INRs is compatible with exist-
ing methods to predict the modulated weight �(n) = V(n)

to characterize the INR of x(n). This section shows that
how optimization-based meta-learning [7–9,27,32] and hy-
pernetworks [4, 10] can be combined with our framework.

Optimization-based meta-learning. An optimization-
based meta-learning [7, 8, 27] can be used to learn the ini-
tialization of instance-specific parameter �

(n) = � to be
adapted to x(n) in few optimization steps of Eq. (2). Since
we do not require the adaptation of the whole weights in
the test time, we modify CAVIA [32] for our generalizable
INRs in Algorithm 1. Different from the original CAVIA,
we train the initialization of �(n) as � in the outer update
to encourage the training of U in Eq. (5). In addition, we
scale the learning rate ✏ in the inner loop by the square of the
norm of adapted parameter k�(n)k2 to improve the stability
of the inner-loop updates.

Transformer-based hypernetwork. Our framework can
adopt the transformer-based hypernetwork in Figure 2 to

4

update the initialization  
of instance pattern composers

update instance-agnostic 
pattern composition rule
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Audio Reconstruction
• Five layer MLP is trained to reconstruct 1D audio signal with 1 second and 3 seconds, respectively. 

• Our generalizable INRs via Instance Pattern Composers outperforms previous TransINR, validating 
the effectiveness of our simple weight modulation methods.

Table 1. PSNRs of the reconstruction of the LibriSpeech test-clean
dataset whose sample is trimmed into one and three seconds.

LibriSpeech (1s) LibriSpeech (3s)
TransINR 39.22 33.17
Ours 40.11 35.38

predict the r number of row vectors in Instance Pattern
Composer V(n) for each instance x(n). Specifically, we
first patchify a data instance x(n), such as an audio, image,
or multiple views, into non-overlapping patches and con-
vert them into a sequence of data tokens in the raster-scan
ordering. Then, we concatenate r learnable tokens into the
sequence of data tokens, and use the concatenated token se-
quence as the input of the bidirectional transformer. Finally,
r output tokens corresponding to learnable query tokens are
linearly mapped into Rd to form an r ⇥ d matrix to pre-
dict the instance-specific factorized matrix V(n) in Eq. (5).
Since the transformer predicts the instance-specific weights
✓
(n) = V(n), the parameters of the transformer are trained

in an end-to-end manner by the optimization process of
Eq. (3). Although the transformer-based hypernetwork has
been already proposed, our framework does not require a
heuristic method of weight grouping [4], but significantly
improve the performance of the hypernetwork.

4. Experiments
We evaluate our framework on a wide range of domains

such as audios, images, and 3D objects. We also conduct the
ablation study in Section 4.4 and visualize the activations
of INRs in Section 4.5. We mainly use the transformer-
based hypernetwork in Figure 2, since its training does not
requires exhaustive hyperparameter search. Nonetheless,
we validate that our framework is also compatible with
optimization-based meta-learning in Section 4.4. We use
the constant learning rate of 0.0001 to train transformers
with six self-attention blocks and 12 attention heads. The
implementation details are in the Appendix.

4.1. Audio Reconstruction
Our framework is trained on LibriSpeech-clean [18] for

audio reconstruction. The MLP has five layers with d =
256, din = 1, and dout = 1 for an audio. Our transformer-
based hypernetwork predicts r = 256 weight tokens for
V(n), while TransINR predicts 257 weight tokens to modu-
late whole MLP weights via weight grouping [4]. We train
our framework on randomly cropped audio during 1000
epochs, while test audio is trimmed for evaluation.

Table 1 shows the PSNRs of reconstructed audios. Al-
though the reconstructed audios with three seconds have
lower PSNRs than one second of audios, our framework
consistently outperforms TransINR. Since the main differ-

Table 2. PSNRs of reconstructed images for178⇥178 resolution
of images in the CelebA, FFHQ, and ImageNette test dataset.

CelebA FFHQ ImageNette
Learned Init [27] 30.37 - 27.07
TransINR 33.33 33.66 29.77
Ours 35.93 37.18 38.46

Figure 3. The reconstruction examples of TransINR [4] (middle)
and our framework (right), given 178⇥178 original images (left)
in CelebA, FFHQ, and ImageNette in each row, respectively.

Table 3. PSNRs on high-resolution FFHQ reconstruction accord-
ing to MLP dimensions d and the number of weight tokens r.

d r 256⇥256 512⇥512
TransINR 256 64⇥4+3 30.96 29.35
Ours 256 256 34.68 31.58
TransINR 1024 64⇥4+3 33.83 31.57
TransINR 1024 256⇥4+3 36.50 32.68
Ours 1024 256 38.43 35.22
Ours 1024 1024 40.37 36.27

ence from TransINR is the weight modulation method, the
results validate the effectiveness of our instance pattern
composers to modulate a small set of MLP weights.

4.2. Image Reconstruction
We evaluate our generalizable INRs on image recon-

struction of 178⇥178, 256⇥256, 512⇥512 resolution of
images usingfive layers of MLPs with dout = 3 and din = 2.

178⇥178 Image Reconstruction We evaluate our gener-
alizable INRs of MLP with d = 256 on 178⇥178 image

5
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x  Image Reconstruction
• Transformer predicts 256 number of weight modulation vectors as instance pattern composers. 

• The ImageNette dataset contains 10 classes of images in ImageNet.

Table 1. PSNRs of the reconstruction of the LibriSpeech test-clean
dataset whose sample is trimmed into one and three seconds.

LibriSpeech (1s) LibriSpeech (3s)
TransINR 39.22 33.17
Ours 40.11 35.38

predict the r number of row vectors in Instance Pattern
Composer V(n) for each instance x(n). Specifically, we
first patchify a data instance x(n), such as an audio, image,
or multiple views, into non-overlapping patches and con-
vert them into a sequence of data tokens in the raster-scan
ordering. Then, we concatenate r learnable tokens into the
sequence of data tokens, and use the concatenated token se-
quence as the input of the bidirectional transformer. Finally,
r output tokens corresponding to learnable query tokens are
linearly mapped into Rd to form an r ⇥ d matrix to pre-
dict the instance-specific factorized matrix V(n) in Eq. (5).
Since the transformer predicts the instance-specific weights
✓
(n) = V(n), the parameters of the transformer are trained

in an end-to-end manner by the optimization process of
Eq. (3). Although the transformer-based hypernetwork has
been already proposed, our framework does not require a
heuristic method of weight grouping [4], but significantly
improve the performance of the hypernetwork.

4. Experiments
We evaluate our framework on a wide range of domains

such as audios, images, and 3D objects. We also conduct the
ablation study in Section 4.4 and visualize the activations
of INRs in Section 4.5. We mainly use the transformer-
based hypernetwork in Figure 2, since its training does not
requires exhaustive hyperparameter search. Nonetheless,
we validate that our framework is also compatible with
optimization-based meta-learning in Section 4.4. We use
the constant learning rate of 0.0001 to train transformers
with six self-attention blocks and 12 attention heads. The
implementation details are in the Appendix.

4.1. Audio Reconstruction
Our framework is trained on LibriSpeech-clean [18] for

audio reconstruction. The MLP has five layers with d =
256, din = 1, and dout = 1 for an audio. Our transformer-
based hypernetwork predicts r = 256 weight tokens for
V(n), while TransINR predicts 257 weight tokens to modu-
late whole MLP weights via weight grouping [4]. We train
our framework on randomly cropped audio during 1000
epochs, while test audio is trimmed for evaluation.

Table 1 shows the PSNRs of reconstructed audios. Al-
though the reconstructed audios with three seconds have
lower PSNRs than one second of audios, our framework
consistently outperforms TransINR. Since the main differ-

Table 2. PSNRs of reconstructed images for178⇥178 resolution
of images in the CelebA, FFHQ, and ImageNette test dataset.

CelebA FFHQ ImageNette
Learned Init [27] 30.37 - 27.07
TransINR 33.33 33.66 29.77
Ours 35.93 37.18 38.46

Figure 3. The reconstruction examples of TransINR [4] (middle)
and our framework (right), given 178⇥178 original images (left)
in CelebA, FFHQ, and ImageNette in each row, respectively.

Table 3. PSNRs on high-resolution FFHQ reconstruction accord-
ing to MLP dimensions d and the number of weight tokens r.

d r 256⇥256 512⇥512
TransINR 256 64⇥4+3 30.96 29.35
Ours 256 256 34.68 31.58
TransINR 1024 64⇥4+3 33.83 31.57
TransINR 1024 256⇥4+3 36.50 32.68
Ours 1024 256 38.43 35.22
Ours 1024 1024 40.37 36.27

ence from TransINR is the weight modulation method, the
results validate the effectiveness of our instance pattern
composers to modulate a small set of MLP weights.

4.2. Image Reconstruction
We evaluate our generalizable INRs on image recon-

struction of 178⇥178, 256⇥256, 512⇥512 resolution of
images usingfive layers of MLPs with dout = 3 and din = 2.

178⇥178 Image Reconstruction We evaluate our gener-
alizable INRs of MLP with d = 256 on 178⇥178 image

5

Table 1. PSNRs of the reconstruction of the LibriSpeech test-clean
dataset whose sample is trimmed into one and three seconds.

LibriSpeech (1s) LibriSpeech (3s)
TransINR 39.22 33.17
Ours 40.11 35.38

predict the r number of row vectors in Instance Pattern
Composer V(n) for each instance x(n). Specifically, we
first patchify a data instance x(n), such as an audio, image,
or multiple views, into non-overlapping patches and con-
vert them into a sequence of data tokens in the raster-scan
ordering. Then, we concatenate r learnable tokens into the
sequence of data tokens, and use the concatenated token se-
quence as the input of the bidirectional transformer. Finally,
r output tokens corresponding to learnable query tokens are
linearly mapped into Rd to form an r ⇥ d matrix to pre-
dict the instance-specific factorized matrix V(n) in Eq. (5).
Since the transformer predicts the instance-specific weights
✓
(n) = V(n), the parameters of the transformer are trained

in an end-to-end manner by the optimization process of
Eq. (3). Although the transformer-based hypernetwork has
been already proposed, our framework does not require a
heuristic method of weight grouping [4], but significantly
improve the performance of the hypernetwork.

4. Experiments
We evaluate our framework on a wide range of domains

such as audios, images, and 3D objects. We also conduct the
ablation study in Section 4.4 and visualize the activations
of INRs in Section 4.5. We mainly use the transformer-
based hypernetwork in Figure 2, since its training does not
requires exhaustive hyperparameter search. Nonetheless,
we validate that our framework is also compatible with
optimization-based meta-learning in Section 4.4. We use
the constant learning rate of 0.0001 to train transformers
with six self-attention blocks and 12 attention heads. The
implementation details are in the Appendix.

4.1. Audio Reconstruction
Our framework is trained on LibriSpeech-clean [18] for

audio reconstruction. The MLP has five layers with d =
256, din = 1, and dout = 1 for an audio. Our transformer-
based hypernetwork predicts r = 256 weight tokens for
V(n), while TransINR predicts 257 weight tokens to modu-
late whole MLP weights via weight grouping [4]. We train
our framework on randomly cropped audio during 1000
epochs, while test audio is trimmed for evaluation.

Table 1 shows the PSNRs of reconstructed audios. Al-
though the reconstructed audios with three seconds have
lower PSNRs than one second of audios, our framework
consistently outperforms TransINR. Since the main differ-

Table 2. PSNRs of reconstructed images for178⇥178 resolution
of images in the CelebA, FFHQ, and ImageNette test dataset.

CelebA FFHQ ImageNette
Learned Init [27] 30.37 - 27.07
TransINR 33.33 33.66 29.77
Ours 35.93 37.18 38.46

Figure 3. The reconstruction examples of TransINR [4] (middle)
and our framework (right), given 178⇥178 original images (left)
in CelebA, FFHQ, and ImageNette in each row, respectively.

Table 3. PSNRs on high-resolution FFHQ reconstruction accord-
ing to MLP dimensions d and the number of weight tokens r.

d r 256⇥256 512⇥512
TransINR 256 64⇥4+3 30.96 29.35
Ours 256 256 34.68 31.58
TransINR 1024 64⇥4+3 33.83 31.57
TransINR 1024 256⇥4+3 36.50 32.68
Ours 1024 256 38.43 35.22
Ours 1024 1024 40.37 36.27

ence from TransINR is the weight modulation method, the
results validate the effectiveness of our instance pattern
composers to modulate a small set of MLP weights.

4.2. Image Reconstruction
We evaluate our generalizable INRs on image recon-

struction of 178⇥178, 256⇥256, 512⇥512 resolution of
images usingfive layers of MLPs with dout = 3 and din = 2.

178⇥178 Image Reconstruction We evaluate our gener-
alizable INRs of MLP with d = 256 on 178⇥178 image
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Abstract

Despite recent advances in implicit neural representa-

tions (INRs), it remains challenging for a coordinate-based

multi-layer perceptron (MLP) of INRs to learn a common

representation across data instances and generalize it for

unseen instances. In this work, we introduce a simple yet

effective framework for generalizable INRs that enables a

coordinate-based MLP to represent complex data instances

by modulating only a small set of weights in an early MLP

layer as an instance pattern composer; the remaining MLP

weights learn pattern composition rules for common repre-

sentations across instances. Our generalizable INR frame-

work is fully compatible with existing meta-learning and hy-

pernetworks in learning to predict the modulated weight for

unseen instances. Extensive experiments demonstrate that

our method achieves high performance on a wide range of

domains such as an audio, image, and 3D object, while the

ablation study validates our weight modulation.

1. Introduction
Implicit neural representations (INR) have shown the po-

tential to represent complex data as continuous functions.
Assuming that a data instance comprises the pairs of a co-
ordinate and its output features, INRs adopt a parameterized
neural network as a mapping function from an input coor-
dinate into its output features. For example, a coordinate-
based MLP [26] predicts RGB values at each 2D coordinate
as an INR of an image. Despite the popularity of INRs, a
trained MLP cannot be generalized to represent other in-
stances, since each MLP learns to memorize each data in-
stance. Thus, INRs necessitate separate training of MLPs to
represent a lot of data instances as continuous functions.

Generalizable INRs aim to learn common representa-

*Equal contribution

Figure 1. The reconstructed images of 178⇥178 ImageNette by
INRs of TransINR [4] (left) and our generalizable INRs via in-
stance pattern composers (right).

tions of a MLP across instances, while modulating fea-
tures or weights of the coordinate-based MLP to adapt
unseen data instances [4, 7, 27]. The feature-modulation
method exploits the latent vector of an instance to con-
dition the activations in MLP layers through concatena-
tion [19] or affine-transform [8, 20]. Despite the computa-
tional efficiency of feature-modulation, the modulated INRs
have unsatisfactory results to represent complex data due to
their limited modulation capacity. On the other hand, the
weight-modulation method learns to update the whole MLP
weights to increase the modulation capacity for high perfor-
mance. However, modulating whole MLP weights leads to
unstable and expensive training [4, 7, 9, 27].

In this study, we propose a simple yet effective frame-
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Novel View Synthesis
• For novel view synthesis, we use ShapeNet Chairs, Cars, and Lamps. 

• Six layer MLPs with 256 hidden dimensions are used to estimate neural field of 3D objects. 

• Transformer takes few views of an object to predict Instance Pattern Composers for neural field. 

• We use simple volumetric rendering, since we focus on validating the efficacy of our modulation.Figure 4. Examples of original 512⇥512 images (left), and reconstructed images by TransINR [4] with d = 256 and r = 259 (middle
left), our framework with d = 256 and r = 256 (middle right), and d = 1024 and r = 1024 (right).

reconstruction. Our transformer uses r = 256 number of
weight tokens, since TransINR uses 259 (64⇥4+3) weight
tokens to modulate all MLP layers [4]. Table 2 shows that
our framework significantly outperforms Learned Init [27]
and TransINR on the three datasets by a large margin.
TransINR cannot precisely reconstruct the images of Im-
ageNette, which contains complex patterns in images, but
our framework produces high quality of reconstructed im-
ages and demonstrates the effectiveness of our weight mod-
ulation method. Figure 3 shows that our framework recon-
structs various images with high precision.

High-Resolution Image Reconstruction We evaluate
our framework on high-resolution FFHQ images with
256⇥256 and 512⇥512 resolutions. As high-resolution im-
ages would require a larger capacity of INRs, MLP mod-
els with d = 256 and d = 1024 are modulated by in-
stance pattern composers with r = 256 and r = 1024.
In Table 3, our framework significantly outperforms previ-
ous TransINR on high-resolution image reconstruction in
various settings. When we increase the d to 1024, our
framework significantly improves PSNRs for 256⇥256 and
512⇥512 images. The results show that our coordinate-
based MLP can adapt to unseen data despite the minimal
changes in MLP weights. In Figure 4, TransINR cannot re-
construct high-frequency details of original images, but our
framework precisely reconstructs those details. Considering
that previous studies have not achieved high performance
on high-resolution images, our results demonstrate that the
weight modulation is the key to generalizable INRs.

4.3. Novel View Synthesis
We evaluate our framework on novel view synthesis of a

3D object based on the ShapeNet Chairs, Cars, and Lamps
datasets. Given a 3D object and a few view images with
known camera poses, we train the coordinate-based MLP,
which has six layers with d = 256, din = 3 for (x, y, z)
coordinates, and dout = 4 for outputs of RGB values and
its density, to estimate the view of a 3D object under un-

Table 4. Performace comparison of generalizable INRs on novel
view synthesis from a single support view.

Chairs Cars Lamps
Matched Init [27] 16.30 22.39 20.79
Shuffled Init [27] 10.76 11.30 13.88
Learned Init [27] 18.85 22.80 22.35
TransINR 19.05 24.18 22.89
Ours 19.30 24.18 23.41

Figure 5. PSNRs on novel view synthesis of Chairs, Cars, Lamps
according to the number of support views (1-5 views).

seen camera poses. For evaluation, we randomly sample a
camera pose. To synthesize a novel view image, we use the
simple volumetric rendering [17] to focus on the effective-
ness of our weight modulation method instead of achieving
state-of-the-art performance. We follow the experimental
settings of previous studies [4, 27] except for the manual
decay of learning rate in TransINR [4], but use a constant
learning rate until the training converges.

In Table 4, our generalizable INRs outperform previous
approaches on novel view synthesis under a single support
view. Note that the results of our framework and TransINR
are not benefited from the test-time optimization (TTO), but
the other approaches use TTO by the nature of optimization-
based meta-learning. Figure 5 also shows our framework
consistently outperforms TransINR as the number of sup-
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Novel View Synthesis (Cont’d)

w/ TTOw/o TTO
Query view 

(GT)Support view Synthesized view

(a) With one support view.

w/ TTOw/o TTO
Query view 

(GT)Support views Synthesized view

(b) With three support views.

w/ TTOw/o TTO
Query view 

(GT)Support views Synthesized view

(c) With four support views.

w/ TTOw/o TTO
Query view 

(GT)Support views Synthesized view

(d) With five support views.

Figure 9. The examples of Novel view synthesis on Chairs, Cars, and Lamps by our framework with one, three, four, and five support
views (a-d).
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E ects of the Weight Modulation Locations
• When the location of weigh matrix moves into the output layer,  

the performance of INRs deteriorates due to the limited power of pattern composition rule. 

• Modulating early layer is the key of high performance for generalizable INRs.

w/ TTOw/o TTO
Query view 

(GT)Support views
Synthesized view

Figure 6. Novel view synthesis examples by our framework with
two support views of Chairs, Cars, and Lamps, respectively.

Table 5. The improvements after test-time optimization (TTO) on
novel view synthesis of ShapeNet-Lamps with support views.

the number of views
1 2 3 4 5

TransINR 22.99 24.06 24.41 24.77 25.16
w/ TTO (all weights) 25.13 27.28 28.09 28.56 28.93
Ours 23.40 24.33 24.62 26.05 26.79
w/ TTO (V(n)) 25.47 27.53 28.34 29.52 30.19
w/ TTO (all weights) 25.40 27.57 28.40 29.43 30.07

port views increases, while our performance is continuously
improved. Although Figure 6 shows that our framework
provides blurry views due to the simple volumetric render-
ing, our framework can capture and synthesize the shapes
and colors of 3D objects based on given support views.

Table 5 shows the performance after 100 TTO steps on
ShapeNet-Lamps with 1-5 support views. We use the fol-
lowing two types of TTO. The first approach optimizes
the whole MLP weights, but the other only optimizes one
weight matrix of instance pattern composer V(n). Ta-
ble 5 shows that our framework consistently outperforms
TransINR after TTO. Moreover, despite updating only one
weight matrix, the improvement after TTO of V(n) is com-
petitive with or even better than TTO of all weights. In
other words, our model learns a generalizable and instance-
agnostic pattern composition rule to achieve high perfor-
mance if the instance pattern composers V(n) can be accu-
rately predicted. Figure 6 demonstrates that the synthesized
images also become sharp and precise after TTO.

4.4. Ablation Study
Methods for Weight Modulation We first validate the
design of our modulation method in Eq. (5), where the mod-
ulated weights W(n) consists of the matrix multiplication
of instance-agnostic weight U and instance-specific param-
eter V(n). We compare our method with three variants in

Table 6. PSNRs of our generalizable INRs on ImageNette and
Lamps (2 views) according to the types of modulation methods.

W(n)
CP ImageNette Lamps (2 views)

V(n) 11.44 16.87
U(n)V(n) 32.35 23.04
U�V(n) 30.64 24.18
UV(n) (ours) 35.93 24.44

Table 7. PSNRs of our generalizable INRs on image reconstruc-
tion according to the location of modulated weights in MLP.

the modulated layer of MLP
1 2 3 4 5

ImageNette 31.00 35.93 32.99 31.10 20.26
FFHQ 36.04 36.20 34.2 31.09 22.92

Figure 7. Reconstructions of FFHQ after inner-loop updates for
V(n) (left: initial, middle: first update, right: second update).

Table 6 to predict the modulated weights W(n): the direct
prediction W(n) = V(n), Hadamard product U � V(n),
and an instance-specific U(n). In the case of U(n)V(n),
our transformer predicts each column vector of U(n) and
row vector of V(n). Although the variants except for the
direct prediction provide reasonable results in Table 6, our
method outperforms the other variants on both image recon-
struction and novel view synthesis.

The Location of Modulated Weights We change the lo-
cation of weight modulation from the first layer to the fifth
layer and evaluate its effects. Table 7 shows that modulating
the second MLP weight achieves the best performance on
image reconstruction of both ImageNette and FFHQ. Inter-
estingly, the performance on ImageNette significantly de-
teriorates when we modulate the first layer, which takes
Fourier features as its input. Considering the high com-
plexity of ImageNette, a coordinate-based MLP necessi-
tates complex frequency patterns rather than simple and pe-
riodic Fourier features to generate instance content patterns
of an image. The PSNRs also deteriorate when we modu-

7
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Activation Visualization of INRs
• Our generalizable INRs learns more interpretable and common representations across instances.

Figure 8. Activation maps of FFNet [28] to be separately trained to memorize a data instance (top row) and our generalizable INRs (bottom
two rows). We select four neurons from each hidden layer to visualize and interpret the activation maps over input coordinates.

late the third or above layers, since the MLP cannot learn
the pattern composition rule enough. Thus, we modulate
the second layer for generalizable INRs in experiments.

Optimization-based Meta-Learning Our instance pat-
tern composer can improve the performance of general-
izable INRs with optimization-based meta-learning in Al-
gorithm 1. We train a coordinate-based MLP on FFHQ
256⇥256 for 100 epochs with ✏ = 0.01, ✏0 = 0.001, and
Ninner = 2. We also train another model using MAML [9] to
adapt the whole MLP weights for a data instance during 100
epochs with Ninner = 2 and ✏ = 0.001 and ✏

0 = 0.0003.
While the model trained with MAML achieves a PSNR of
32.84 after adaptations, our model achieves a higher PSNR
of 33.74. We remark that our model only adapts one weight
matrix V(n) in the adaptation steps, while MAML updates
whole MLP weights during adaptation. The results imply
that a coordinate-based MLP can effectively compose in-
stance content patterns to represent unseen data, while ex-
ploiting the shared representations across instances. Fig-
ure 7 also shows that our generalizable INRs can adapt to
unseen instances after two update steps V(n).

4.5. Visualization Analysis of MLP Activations
We visualize the activations of trained coordinate-based

MLP on FFHQ to understand how our generalizable INRs
work. First, we train a coordinate-based MLP on a data
instance seperately [28], and visualize the activations of se-
lected neurons in each MLP layer. However, a semantic
structure does not exist in the activation maps, since the
MLP is trained to memorize a data instance without learn-
ing the underlying structures across different instances.

Contrastively, our generalizable INRs have common
structures in activation maps of different images. After non-
periodic and instance-agnostic frequency patterns hf are
composed, instance-specific content patterns h(n) are gen-
erated. Interestingly, regardless of data instances, each neu-
ron in the second layer is activated at similar coordinates,
but shows different signals of patterns. That is, our instance
pattern composers learn to assign each neuron in the second
layer to different coordinate regions for generating instance-
specific patterns. Then, while subsequent layers use the
instance-agnostic rule to compose the instance content pat-
terns h(n), each neuron has a similar role across instances,
enlarges the activated regions, and synthesizes complex and
global patterns as the layer goes up. Figure 8 validate that
our generalizable INRs learn underlying structures across
instances to represent complex data as the composition of
instance-specific low-level patterns.

5. Conclusion

This study has proposed the framework for generaliz-
able INRs via instance pattern composers, which modu-
late one weight matrix of the early MLP layer to gener-
alize the learned INRs for unseen data instances. Thanks
to the simplicity, our framework is compatible with both
optimization-based meta-learning and hypernetworks to
significantly improve the performance of generalizable
INRs. Experimental results demonstrate the broad impacts
of the proposed method on various domains and tasks, since
our generalizable INRs effectively learn underlying repre-
sentations across instances. Our study remains a theoretical
analysis of our generalizable INRs as worth exploration.
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Conclusion
• We have proposed the framework for generalizable INRs via instance pattern composers. 

• Instance pattern composers modulate one weight matrix of the early MLP layer to generalize the 
learned INRs for unseen data instances. 

• Thanks to the simplicity, our framework is compatible with both optimization-based meta-learning 
and hypernetworks to significantly improve the performance of generalizable INRs. 

• Experimental results demonstrate the broad impacts of the proposed method on various domains and 
tasks, since our generalizable INRs effectively learn underlying representations across instances.



Kakao Brain Unthinkable Question

Ka
ka

o 
Br

ai
n 

©
 A

ll 
rig

ht
s 

Re
se

rv
ed

.
Ka

ka
o 

Br
ai

n

상기 문서는 영업비밀보호 및 관련 법률에 따라 보호의 대상이 되는 내용을 포함하고 있습니다. 본 문서에 포함된 정보의 전부 또는 일부를 무단으로 사용하거나 공개 및 배포가 금지됩니다.
This document, including any attachments, is the property of Kakao Brain., and may contain confidential information, privileged material or constitute non-public information. Any use, retention, dissemination, distribution or reproduction of this transmission by unintended recipients is strictly prohibited and may be unlawful.

Confidential

25

Thank You :)


