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Abstract

The past neural network design has largely focused on feature representation space
dimension and its capacity scaling (e.g., width, depth), but overlooked the feature
interaction space scaling. Recent advancements have shown shifted focus towards
element-wise multiplication to facilitate higher-dimensional feature interaction
space for better information transformation. Despite this progress, multiplications
predominantly capture low-order interactions, thus remaining confined to a finite-
dimensional interaction space. To transcend this limitation, classic kernel methods
emerge as a promising solution to engage features in an infinite-dimensional space.
We introduce InfiNet, a model architecture that enables feature interaction within
an infinite-dimensional space created by RBF kernel. Our experiments reveal that
InfiNet achieves new state-of-the-art, owing to its capability to leverage infinite-
dimensional interactions, significantly enhancing model performance.

1 Introduction

In the past decade, deep neural network architecture design has experienced several major paradigm
shifts regarding the feature representation learning. As shown in Fig.[I(a), the early stage of neural
network design is dominant by flat stream architectures in the form of weight-feature interaction (e.g.,
Wx), like multi-layer perceptron (MLP), convolution neural networks (CNN), ResNet, etc. These
models usually adopt linear superposition (e.g., W;x @ ijﬂ in the feature representation space.
Therefore, the feature representation space scaling is limited to increase model channel width and
depth [14} [19]. Nevertheless, this scaling approach has witnessed model development from the very
small-scale MLPs or LeNet[20] to the recent huge ConvNext V2 [41]. With the ultra-scaled parameter
amounts, computing complexity, and model size, the return of investment on model performance by
further scaling feature dimensions has largely plateaued [[LO].

Despite the plateau in feature representation space, recent sporadic architecture design works [29]]
shed light on another potential dimension of scaling: feature interaction space. Specifically, as shown
in Fig. [T[b), these neural network designs generally demonstrate feature-feature interaction (e.g.,
W;x ® W;x). As a mathematical example, the self-attention mechanism in Transformers [38]] can
be formulated as x! ! = fi(x) @ f,(xF) @ f,(xL), which is also element-wise multiplication
between processed input feature themselves. Characterized by element-wise interaction, these designs
offer complementary feature correlation capabilities in addition to simple linear superposition. Such
feature interactions have become the essential mechanisms of mainstream state-of-the-art neural
architectures. For example, it’s implemented in SENet with squeeze and excitation [[17], non-local
network with transposed multiplication [39], vision transformers with self-attention [4} [11}38], gated
aggregation [22}135/146], and quadratic neurons [12} 44} 435].

*Corresponding Author.
!'The symbol @& denotes the Direct Sum of vector spaces. This corresponds to structures such as channel
expansion/bottleneck in commonly used neural networks. While the ® is elementwise multiplication.
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Figure 1: (a) Traditional feature representation without interaction [14} 41]. (b) Recent work with
finite feature interaction [35, 145]]. (¢) Our method: Kernel-enabled infinite feature interaction.

Although these models greatly improve the performance of state-of-the-arts, as mentioned above,
these works provide diversified explanations that neglect the underlying shared design of element-
wise feature multiplication operation [29], and thus may fail to reveal the fundamental source
of improvement. To provide both explainability and quantifiability, in this paper, we propose a
unified theoretical perspective to rethink the feature interaction scaling, i.e., the dimensionality
of feature interaction space. For example, as shown in Fig[I[b), by employing the ®, element-
wise multiplication, an implicit interactive quadratic space Q = span (m%, T1T2, " , Tp—1Tn, xfl)
with degrees of freedom n(n + 1)/2 is constructed from the original representative vector space
V = span (z1, Za, - - - , T, ) With degrees of freedom n [29]]. Such space dimensionality scaling is the
key to improving feature representation quality and end-task, as we will show later.

From the unified feature dimensionality perspective, a new opportunity emerges in neural architecture
design, that is to scale to infinite-dimensional feature interactions than former methodologies (e.g.,

from n(n 4+ 1)/2 to limy_, o0 %) However, scaling feature interaction space dimensionality
from architectural enhancements (e.g., quadratic, self-attention, and recursive gates) comes with linear
scaling cost w.r.t. interaction order k, which hinders the infinite dimensionality increase [[11} 22].

Thus, there is an open question:
How can we efficiently extend interactions to an infinite-dimensional space?

Inspired by traditional machine learning, we propose an approach that introduces kernel methods
for feature interaction in neural networks. We define a set of feature interactions between features
W,x and Wyx with a kernel function K (W, x, W;x) instead of the element-wise multiplication. As
shown in Fig[T[c), the kernel method transforms the feature to an ultra-high dimensional space by an
implicit mapping ¢(-). From there, the feature interaction space is defined by the inner product on
the Reproducing Kernel Hilbert Space (RKHS) [[1]] H constituent with the kernel function K (-, -).
The RKHS can greatly expand the interaction space at very little cost, enabling infinite dimensions.

We then propose InfiNet, a novel family of neural networks that generate high-quality feature represen-
tations. Specifically, we introduce the Radial Basis Function (RBF) kernel [32] as a replacement of the
common & or ® operations. With the infinite series expansion in RBF kernel, it enables a theoretical
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interaction space scaling upon a finite set of branches in the model architecture, thus achieving better
complexity performance tradeoffs than prior state-of-the-art.

Contributions. We make the following contributions:

* We unify the perspectives of recent feature interactive works and identify a novel direction
of neural network performance scaling: the feature interaction space dimensionality.

* We propose a method to expand the feature interaction space to an infinite dimension with
RBF kernel, that can effectively model the complex implicit correlations of features.

* We propose InfiNet, a novel series of neural networks that explore the neural interaction
from infinite-dimensional space, and achieve state-of-the-art performance.



Extensive ablation studies verify that the shift from finite feature interaction space to infinite one is a
key factor to learn better representations and therefore improving model performance. Meanwhile,
large-scale experiments on ImageNet classification, MS COCO detection and ADE20K segmentation
also demonstrate InfiNet design’s effectiveness, which consistently outperforms the state-of-the-art
flat stream networks [14}126] and finite-order interaction networks [25}[35]].

2 Related Work

Interactions in Neural Networks. Interaction in neural networks has undergone a long period of
change. During the evolution from AlexNet [[19] to ResNet [14], the model has for long followed
the principle of summing the weighted pixels at each position in the layer-by-layer feature iteration.
And then, as the potential of the attention mechanism was realized, model development is towards
an element-wise multiplication way. This trend is punctuated by the emergence of models such
as Non-Local [39], Transformer [38]], and ViT [[L1]. Recent insights suggest that the crux of the
attention mechanism lies in high-order information interactions, rather than the mechanism of
"Attention" itself [4, 35 43]]. This revelation has spurred the development of innovative neural
network architectures. For example, HorNet [35], QuadraNet [44] and MogaNet [22] examines
high-order models from the perspective of spatial interactions through multiplication-integrated
architecture design. However, limited by the support of existing deep learning platforms such as
Pytorch [33]], few attempts have been made to extend the model’s feature interaction to an ultra-high
dimensional situation through the kernel method for more potential.

Kernel Methods in Neural Networks. The fundamentals of kernel methods are well-studied in
traditional ML domains like support vector machines [36]] but they are less used in neural architec-
tures. Early extensions to deep learning through the kernelized perceptron [7] have improved the
performance but mainly in shallow neural networks. Recent advancements include the development
of Convolutional Kernel Networks (CKN) [30], which merge CNNs’ robust feature learning with
kernel stability. This approach offers a theoretical foundation for deep learning’s application in struc-
tured data. Additionally, the introduction of Kervolutional Neural Networks [6] replaces traditional
convolution in CNNs with kernel-based operations to enhance feature extraction without excessive
computational costs. The combination of Gaussian processes with neural networks to create Deep
Kernel Learning [40] adjusts model complexity based on data while maintaining Bayesian inference.
The neural tangent kernel (NTK) [[18]] framework establishes a direct connection between infinitely
wide neural networks at initialization and kernel methods. Specifically, NTK shows that as the width
grows, the network’s training dynamics can be described by a kernel function, linking the neural net-
work’s behavior to that of kernel methods. Random features [34] provide an efficient approximation
to the feature mappings used in kernel methods. By random projections, one can approximate the
inner product defined by a kernel function, making it feasible to apply kernel methods [3} [13].

Despite these innovations, a significant limitation remains: Although these methods expand the
feature representation space, they fail to scale up the feature interaction space, limiting the network to
aggregate information in a superposition manner. As a result, these methods also fall short of potential
feature interactions and thus are incapable of handling complex data correlations and functionalities.

3 From Feature Representation Space to Interaction Space

We start with considering the transformation of feature representation of a normal shape-preserving
2-layer perceptron block. Given an input x = (z1, 22, - - , Z,,) with n-dimension. We denote the first
layer transformation as z = g(x) = o(W;x) (we omit the bias term for simplicity), and the second
layer transformation as h(z) = Waz. Therefore the whole block is a mapping hog : R™ — R™ — R"
from feature space R” to a middle feature representation space R™ and eventually to a output space
R™. Expanding the width of the neural networks, for example with a coefficient 2, is going to
expand the feature representation space to R?". The core idea of this dimensional expansion is that
implicit associations in features in low dimensions will be expressed explicitly when projected into
a high-dimensional space. Model architecture (i.e. convolution, multi-branch [37]) is an additive
superposition of pixels, essentially no different from the perceptron in terms of representation space.



3.1 Feature Interaction Space

Although flat stream neural networks are defined by linear transformations and activations, modern
network design also introduces multiplications in the network structure or neurons. They are called
attentions from an interpretable point of view, that is the degree of interest of one position in relation
to another; from a more abstract point of view, they are called interactions in spatial contexts. But
invariably, these are realized with element-wise multiplication. We conduct the following definition.

Definition 1 (Feature Interaction) A Feature interaction refers to transformations between features
with the same or different positions defined by element-wise multiplication.

For example, Star Operation [29] is a basic 2-order feature interaction, defined as (W, x) * (W;x),
where W,,, W, € R". This is a simple element-wise multiplication fusion of two linear transforma-
tions of the ordinary input x. We write the expansion of such multiplication operation:

Yy = (WQX) * (be) = (Z wale)(z wbja:j) = Z Q; LT 5 (1)
i=1 j=1 1<j

where o j = WaiWy; + Wa; Wi, if 7 # 7, and o; ; = Waiwp;. Then we vectorize v and 5z :

1)/2
A = [061’1, 041’2, 042’2, e 7an71,na an,n] S Rn(’l’b"r )/ (2)
X = [3121, 2122, T2T2, ++ , Tn—1 Ty, Tn Ty 3)
x can therefore define a basis of a space. Thus the output of the current layer can be rewritten as:
Y= Z o T = AX. ()
i<j

From the independence of the pixel level, we know that each term in y is linearly independent, this
indicates every dimension in Y is an individual dimension. Given a set of basis vectors X, we define
span(y) as the feature interaction space. In this way, the generation of the next layer of features y is
constituted by a linear superposition Ax on the feature interaction space span(x) like in Eq..

3.2 Dimension of Feature Interaction Space

Now, we consider the number of dimensions of a feature interaction space. Given k-1 multiplication
operations, we first define the k-order feature interaction space as follows:

Definition 2 (Feature Interaction Space) A k-order Feature Interaction Space S* refers to the span of

monomial basis {29292 ... 2| 5" d; = k,d € N} defined by a k-order Feature Interaction.

An element-wise multiplication generates a feature interaction space of n(n + 1) /2 dimension, which
is the number of elements of an upper triangular matrix. In general, considering the symmetry of the
interactions and elements, for a k-order interaction on the n-dimensional feature, the dimension of
the corresponding feature interaction space is:

(n+k—1)!
(n —1)k!
The next layer of feature generation based on the feature interaction space greatly expands the spatial
dimensions to which the features are mapped compared to the original model based only on the feature
representation space, i.e., it is possible to explore the feature’s non-linearity in high-dimensional

space. It is worth noting that this process introduces terms like 122, an interaction that cannot be
captured by traditional plane networks in feature representation space.

dim(S*) = (%)

For example, we consider the Self-Attention in the Transformers [38]. The Self-Attention con-
tains two element-wise multiplications, so it explores a 3-order feature interaction space. This
is due to the fact that: (1) in the first stage, in the query-key dot-product attention map com-
putation Att(x) = Q - KT = Wgx - xI'W] explores the feature interaction space A =
span (xf, T1X2,* , Tp_1Tp, x%) (2) In the second stage, the multiplication between the atten-
tion map and the value y = o(Att(x)) - V = o(Att(x)) - W,x explores the feature interaction
space S = A ® R" = span (23, 23z9, x120w3, -, xp_122,23), which has (n + 2)(n + 1)n/6
dimensions in line with Eq.(3)). Thereby we explain, from the perspective of feature interaction space,
why the transformer family of models has, so far, generally outperformed recurrent neural networks
and convolutional neural networks in various domains.



4 Expanding Interaction Space to Infinite Dimension

This element-wise multiplication-based interaction, since the construction of each order of the
feature interaction space is based on a multiplication operator, leads to a problem in that feature
interaction space expansion is still difficult. This is due to the fact that these interaction operators is
explicit mapping, which tends to have quadratic or higher complexity w.r.t the input length (e.g. self-
attention [38]]) or lengthy recursive designs (e.g. HorNet [35]) and linear complexity w.r.t interaction
order. But the problem with building this mapping explicitly is: (1) The complexity of mapping
itself. The computational overhead associated with defining a set of explicit nonlinear mappings is
non-negligible. A mapping from C channels to C’ channels means a computation complexity of
O(CC"). (2) The complexity of interaction. The complexity of the inner product used to interact with
the two sets of features increases dramatically to O(C”) when the dimension is raised. Considering
C’ >> C, these two complexities will largely increase the computational overhead of the networks.

We would like to obtain a method that can expand the dimension of feature interaction space as much
as possible in O(1) time. Fortunately, the machine learning community has already given a method
for increasing the dimension of a feature defined on the inner product: kernel methods.

4.1 Expanding Interaction Space with Reproducing Kernel

The nature of kernel methods is that they are substitutions for inner product operations. This requires
combining element-wise multiplication and summation to define a set of inner products within the
network. For this purpose, we rewrite the form of element-wise multiplication in Eq.(T) on two groups
of features, which is a common design in literature architecture (e.g. multi-head self-attention [38]]).
It will therefore be a superposition of multiple interaction in the format:

c
y = Waix s Wyx = (Wax, WpX) ©)
i=1
where Wox = [Wy1x, Weax, - -+, Weex], C € Nis the number of branches. Thereby we generalize

the form of the feature interaction from element-wise multiplication to inner product which is a
multi-branch paradigm. At this point, we have W,x € R, while it is generated from a feature
representation space R™. In order to extend the interaction space, we need to further project W ox
and Wy x to a high-dimensional space. An obvious way to do this is to construct an implicit mapping
®(-) to a high-dimensional space, so we can compute (®(W,x), ®(W;x)) for interaction.

By Mercer’s Theorm [31]], taking a continuous symmetric positive semi-definite function K (s, ),
there is an orthonormal basis {¢;(-)}, 4 = 0,1,--- , 0o, consisting of eigenfunctions of function
K (-, ) such that the corresponding sequence of eigenvalues {)\;} is non-negative. These means:

K(s,t) = ZN@(S)%@)» )
i=1

where Vi # j,Vs and ¢, (¢i(s), ¢;(t)) = 0 since. Then we construct a Hilbert space #H with the
orthonarmal basis {1/X;¢;(-)}. Consider a vector f = (f1, f2,- -+ )3, on the space H, then we have:

f= i fiXidi(-). (8)
Thus for a vector K (s, -) in space H: o
K(s,-) = im@)m(-) = fj VAidi(s)VNidi() = (VA11(s), vV Aada(s), - V3. (9)
Therefore, for t;; Hilbert space H,l jvle can define the reprodcuing kernel by:
(K(s,), K(t,-)) = i Vidi(s)V/ Nigi(t) = fj Nidi()i(t). (10)
Implicit Mapping to High-Dimensio;:;l RKHS. Let ®(s) = K(Zl-), then we have (®(s), ®(t)) =

K (s,t). The Hilbert Space H is known as the Reproducing Kernel Hilbert Space (RKHS) corre-
sponding to kernel function K (-, -). Note that the ®(-) is therefore defined on the RKHS H, which
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Figure 2: Comparison of simple representation, finite interaction, and infinite-dimensional interaction.
The ? circle in DemoBlock is chosen from element-wise Add, element-wise Mul. or RBF kernel.

can be infinite-dimensional given specific kernel K (-, -). The mapping ®(-) does not have to have an
explicit expression since we can get the result of (®(s), ®(t)) by computing K (s, t). This means that
we can achieve an extension of the dimensions for the feature interaction space by simply replacing
the inner product (W ,x, Wp,x) used in the interaction with a kernel K (W ax, WpX).

4.2 Infinite-Dimensional Feature Interaction with RBF Kernel

To maximize the dimension of the feature interaction space, we consider Radial Basis Function (RBF)
Kernel Kpe(s,t) = exp (—% s — t||§) with an infinite-dimensional RKHS, given the fact that:

1 2 - (STt)j L2 2
exp(‘Qns—tnz)= 7o (g lslz el (an

|
=0 7

DS Djsg?) S Ligpz) bl (g
= exp | —=|s|I* | —==exp|—= ——k
; . P 2 vnpl--ong! P 2 Vngleeong!

J=0ni+no+-+nr=j
=(Prpe(s), Proi(t)), (13)

where @ro(x) = 3720 35~y exp (—3 3 112 ) \/n? € Spaljcn s~ ny, J{m}
Infinite- dimensional Feature Interaction Space Observing the RKHS of such a RBF kernel,

SPAN ;e S~y =j o{ W} We note that each of its dimensions is a j-order interaction within the
feature x, given the fact one of the bases of this RKHS is:

2 2 Jj g1 j
{L-Tla"'7377177:1’""'7713771’"'7@' "'7x1a'r1 l‘2,"'7$%,"'}, (14)

no

which contains an all-order monomial among all elements of the feature x. This means that we get an
infinite-dimensional Hilbert space for the superposition of interaction information through such an
RBF kernel, and most importantly, each dimension of this space is defined by a feature interaction.
Therefore, we get an infinite-dimensional feature interaction space.

4.3 Demo Case Performance of Models on Different Feature Space

In order to compare networks that utilize the summing superposition of information mappings on
the feature representation space, finite feature interaction space, and infinite-dimensional interaction
space, we design a demo network with 8 DemoBlock, as shown in Fig.[2] DemoBlock has a two-group
design, the only difference among models in different spaces is the interaction method at the end of
the block (add for simple representation, multiplication for finite interaction, and RBF kernel for
infinite dimensional interaction), the demo models are trained on CIFAR10 and Tiny-ImageNet.

As shown in Fig. 2] with the procedure of transferring from the simple feature representation space
to a finite feature interaction and eventually to an infinite-dimensional interaction, the performance
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on CIFAR10 of the networks is growing. This is done throughout the training process, implying the
superiority of feature iteration in a high-dimensional interaction space. The right side of Fig. [2{shows
the Class Activation Mapping [47] of three different demo nets on Tiny-ImageNet. From this, we can
see that the network of feature interaction better reflects the pixel-level correlation within the image.

5 Method

5.1 InfiBlock: Infinite-Dimensional Spatial Feature Interaction

InfiBlock. In this section, we present InfiBlock, the basic block to build the high-performant InfiNet
architecture to achieve infinite-dimensional spatial feature interaction. As presented in Fig. [3(b),
InfiBlock starts with a LayerNorm layer and subsequently transforms the feature into separate
representations of the two groups through two different linear layers. Then InfiBlock utilizes a
depth-width convolution with an expansion coefficient of  and a ReL U activation to obtain a feature
branch vector of length 7 on each group. The feature branch vectors on both groups are then fed into
an RBF kernel for feature interaction. At the same time, we retain a pathway containing only one
depth-wise convolution for summing superposition over the feature representation space to ensure
that the linear connections between features are not neglected and overfitted. This is followed by a
residual connection with the original input values after passing through a two-layer MLP. Starting
with a input X L' e REWC Tnfi-Block can be formulated as:

X! = LayerNorm(X), (15)
24, 24, L] = [o(Conv,e (X' W,)), o(Convy (X' W), Conve (X1)], (16)
X = MLP(LayerNorm (K (Z%, Z}) + Z1)) + X!, (17)

— — 71 7112
where K, (2%, Z}) = emp(—%) € RHEWC i an RBF kernel with out any hyper-parameter,

and | - [|3 is squared L-2 norm. Conv, (X' W, ;) € R¥WE*" expands the number of channels of
feature to r times, where W, ; preserve the shape of the feature. The discretization of the feature
is performed in a depth-width convolution. LayerNorm(+) is layer normalization [2]] and MLP(+) is
activated by GELU [15].

Specifically, following the ConvNeXt [26]], we select a 7 x 7 depth-wise convolution to obtain a
larger receptive field. We set the expansion coefficient r as 7 in practice. This means:

[Z(lza le)] = [[Zl z} o 7Z(ll7]T7 [leyla le)2’ T 7Z1i7]T]a (13)

alr a2y’

where Z!, = o(DW-Conv,;(X'W,)) € RHWC  Therefore, the RBF kernel performs feature
interaction on multiple (7) branches of convolution filter and outputs a result still in R7W ¢,

5.2 Model Architectures

As shown in Fig. [3(a), InfiNet uses the widely adopted 4-stage hierarchical architecture as in
ResNet [[14], ConvNeXt [26] and Swin Transformer [25]. We stack InfiBlocks into each stage.



Table 1: ImageNet classification results. We compare our models with state-of-the-art models with
comparable parameters, the Top-1 accuracy is reported on the ImageNet-1K validation set.

Interact. Params FLOPs Topl Interact. Params FLOPs  Topl
Model Orders (M) (G) Acc.(%) Model Orders (M) (G) Acc.(%)
ConvNeXt-T[26]  no 29 45 821 ConvNeXt-B[26]  no 89 154 838
SLaK-T[24] no 30 50 825 SLaK-B|24] _no 85 17.1 - 840
Conv2Former-T[16] 2 27 44 831 Conv2Former-B[16] 2 9% 159 844
UniFormer-S[21] 2 22 36 829 CoAtNet-2[8] 3 75 157 841
CoANet-0[8] 3 25 42 827  FocalNetBi6l 3 89 154 839
FocalNet-T[46] 3 28 44 821 Swin-B[o] 3 89 154 85
; . HorNet-B[35] 2-5 87 156 843
Swin-T[23] 3 28 45 813 :
. MogaNet-L[22] 4 83 159 83.5
HorNet-T|[35] 2-5 22 4 82.8 T
: nfiNet-B 00 82 128 845
MogaNet-S[22] 4 25 50 835 TfiNeEL - Tan o L
InfiNet-T 00 23 32 834 : —
- ImageNet-21K Pretrained Models Fine-tuned @ 384>
ConvNeXt-S[26]  no 50 87  83.1
SLaK-S[24] no 55 98 83.8 ConvNeXt-L![26] no 198 101 87.5
Conv2Former-S[16] 2 50 87  84.1 CoAtNet-3*(8] 3 168 107 87.6
UniFormer-B[21] 2 50 83 839 FocalNet-L'[46] 3 197 101 87.3
CoAtNet-1[8] 3 42 84 833 Swin-L}[23] 3 197 104 87.3
FocalNet-S[46] 3 50 8.7 835 HorNet-L[35] 2-5 202 102 87.7
Swin-S[25] 3 50 8.7 83.0 MogaNet-XL{[22] 4 181 102 87.8
HorNet-S[33] 2-5 50 8.8  84.0 InfiNet-L? 00 1168 60 87.8
MogaNet-B[22] 4 44 99 843 ConvNeXt-XL#[26] no 350 179 87.8
InfiNet-S 00 48 72 840 InfiNet-XL? 00 2558 126 88.2

We set the number of channels in each stage as [C,2C,4C,8C] following common practice. We
build a family of InfiNets that InfiNet-T/S/B/L/XL with model variants hyper-parameters: C' =
{64, 96,128,128, 192}, number of blocks in each stages = {2,2,18,2} for InfiNet-T/S/B and
{3, 3,27,3} for InfiNet-L/XL. A down-sampling with 2 x 2 convolution with stride = 2 is used to
connect each stage. STEM [26]] is used to connect the input of InfiNet to Stage 1.

6 Experiments

We perform a series of experiments to validate the efficacy of InfiNets. The primary results on
ImageNet [9] are showcased and contrasted with several architectures. Furthermore, our models were
evaluated on downstream ADE20K[48]] semantic segmentation and COCO [_23] object detection.
ImageNet-1K experiments are conducted on 4 xNvidia A100 GPUs and ImageNet-21K on 16x.

6.1 ImageNet Classification

Setups. We conduct image classification experiments on ImageNet-1K [9]], which contains 1.28
million training samples belonging to 1000 classes and 50K samples for validation. We train the
InfiNet-T/S/B/L models for 300 epochs with AdamW [28]] optimizer. We use the cosine learning rate
scheduler [27] with 20 warmup epochs and the basic learning rate is set as 4 x 10~3. The training
resolution is set as 224 x 224. To further evaluate the InfiNet’s scalability, we train the InfiNet-L/XL
models on 14M-sample ImageNet-22K dataset for 90 epochs and then fine-tune on ImageNet-1K at
384 x 384 resolution for 30 epochs following [26]. More details can be found in Appendix [A.T]

Results. We present our ImageNet experiment results and comparison with baselines in Table[I] Our
models achieve competitive performance with state-of-the-art. It is worth noting that InfiNet has
about 20% fewer FLOPsE] than the baseline models with similar parameter scales, but still achieves
great performance. It demonstrates the effectiveness of our proposed generation of features in
infinite-dimensional interaction spaces. Experiments on isotropic models can be found in Table [3|a).

*Difference between FLOPs and FLOPS: FLOPs (floating point of operations), the number of floating point
operations, is used to measure the complexity of an algorithm/model. This number gets smaller the better.
The FLOPs is different from FLOPS (floating point per second), which is a measure of hardware performance.
Following other deep-learning architecture works, we use FLOPs to measure the computing demands. Since our
model gets a smaller FLOPs, our method is more efficient.



Table 2: Object detection and semantic segmentation results on MS COCO and ADE20K.
Object Detection with Cascade Mask R-CNN 3x  Semantic Segmentation with UperNet 160K

Model APY™*  AP™ak  Paramg FLOPs mloU*® mloU™  Params FLOPs
ConvNeXt-T[26] 50.4 43.7 86M 741G 46.0 46.7 60M 939G
Swin-T[25] 50.4 43.7 86M 745G 44.5 45.8 60M 945G
HorNet-T[35] 51.7 44.8 80M 730G 48.1 48.9 52M 926G
InfiNet-T 51.9 46.2 7™M 724G 46.7 474 50M 924G
ConvNeXt-S[26] 51.9 45.0 108M 827G 48.7 49.6 82M 1027G
Swin-S[25] 51.8 44.7 107M 838G 47.6 49.5 81M 1038G
HorNet-S[35] 52.7 45.6 107M 830G 49.2 49.8 81M 1030G
InfiNet-S 52.8 46.4 98M 802G 494 49.9 78M 1002G
ConvNeXt-B[26] 52.7 45.6 146M 964G 49.1 49.9 122M 1170G
Swin-B[25] 51.9 45.0 145M 982G 48.1 49.7 121M 1188G
HorNet-B[35] 53.3 46.1 144M 969G 50.0 50.5 121M 1174G
InfiNet-B 53.7 47.3 126M 906G 50.2 50.9 105M 1111G
ConvNeXt-LI[26] 54.8 47.6 255M 1354G 53.2 53.7 235M 2458G
Swin-L#[25] 53.9 46.7 253M 1382G 52.1 53.5 234M 2468G
HorNet-L![35] 55.4 48.0 251M 1363G 54.1 54.5 232M 2473G
InfiNet-XL* 56.3 48.9 273M 1454G 54.6 55.2 253M 2544G

Table 3: More Results on isotropic models and different kind of Reproducing Kernel

(a) Isotropic Models (b) Ablation Study

Interact. Params FLOPs Topl Interact. Params FLOPs Topl
Model Orders (M) G) Acc.(%) Model Orders (M) (G) Acc.(%)
ConvNeXt-S(iso.) no 22 4.3 79.7 InfiNet-® no 23 3.2 81.6
Conv2Former(iso.) 2 23 4.3 81.2 InfiNet-® 2 23 3.2 82.1
DeiT-S[26] 3 22 4.6 79.8 InfiNet-2-polyno. 4 23 32 82.3
HorNet-S(iso.) 2-5 22 4.5 80.6 InfiNet-3-polyno. 6 23 32 82.5
InfiNet-S(iso.) 22 43 81.4 InfiNet-T 00 23 32 83.4

6.2 MS COCO Detection

Setups. We evaluate our models for object detection tasks on widely used MS COCO [23]] benchmark.
In the experiments, InfiNet-T/S/b/XL serves as the backbone network within Cascade Mask RCNN [3].
We use AdamW as the optimizer and a batch size of 16 and adhere to the 3 x schedule, following
ConvNeXt [26] and Swin [25]. We resize the input so that the longer side is at most 1333 and the
short side is at most 800. We initialize the backbone model with ImageNet-1K pre-trained weights
for T/S/B models and ImageNet-22K pre-trained weights for XL model.

Results. As shown in Table 2] InfiNets comprehensively beat the non-interactive model Con-
vNeXt [26], and space-limited interactive Swin [25] and HorNet [35] under the same cascade Mask
RCNN framework in box AP and mask AP. This means that for such dense prediction tasks, spatial
interaction of features in a high-dimension space is crucial. The InfiNet series model obtain0.9 ~ 1.5
box AP and 1.3 ~ 2.5 mask AP gain compared with non-interactive ConNeXt.

6.3 ADE20 Segmentation

Setups. We evaluate our models for the semantic segmentation task on widely used ADE20K [48]
benchmark covering 150 semantic categories on 25K images, in which 20K are used for training. We
use UperNet [42] for as the basic framework and adopt InfiNets as the backbone model. Training
details follow the Swin [23]], we use AdamW optimizer with learning rate 1 x 10~% and batch size 16.

Results. The right half of Table [2| lists the mIoU and corresponding model size and FLOPs for
different configurations. Our models beat most of the baseline in the segmentation task. The results
show that as the model size increases, the performance gap between InfiNet and other baselines is
getting larger, illustrating the scalability of InfiNet on segmentation.



6.4 Ablation Study

We use the additive operator, Hadamard product, quadratic polynomial kernel and cubic polynomial
kernel, and RBF kernel in the kernel methods section of InfiNet, respectively, on a tiny size model, to
verify the effect of the gradual expansion of the order of the interaction space up to infinite dimensions
on the performance of the model. As in Table b), we can see that the performance of the model is
gradually improving as the order of the model interaction space increases up to infinite dimensions.

7 Conclusion

As a conclusion, in this paper, we propose that one of the key points of success of today’s element-
wise multiplication-based models is that they explore a high-dimensional feature interaction space
through feature interactions. And the RBF kernel can greatly expand this interaction space into
an infinite dimensional feature interaction space. Based on this observation, we propose InfiNet, a
high-performance neural network that explores infinite-dimensional feature interactions while using
a modern model structure, which has achieved state-of-the-art results on several visual tasks.

Limitations

Although we propose the use of kernel methods for infinite-dimensional feature interaction, the only
kernel methods we have tried so far are the RBF kernel function and some polynomial kernels of
finite dimension. Substitutions utilizing a variety of kernel, including Laplace kernels, exponential
kernels, a learnable kernel, etc., can be considered in subsequent studies. Our model has only been
performed in some basic computer vision tasks, and validation in language and other modalities
still requires some effort. The training of our model is only performed in the supervised learning
paradigm, and more training and validation on self-supervised tasks still require effort. In addition,
to avoid additional hyperparameter tuning, we fixed the ¢ parameter in the RBF kernel to 1. This
may have deprived us of the possibility of exploring the optimal InfiNet, but due to the high cost of
training the model, we will leave the impact of this hyperparameter on the InfiNet as a follow-up
work.

Broader Social Impact

InfiNet is a state-of-the-art vision neural network architecture. The advancements in computer vision
neural network architectures hold significant potential for positive societal impact, particularly in
enhancing healthcare diagnostics, improving security systems, and advancing autonomous trans-
portation. However, it is crucial to address potential negative implications such as privacy concerns,
algorithmic biases, and job displacement. Ensuring ethical development and deployment involves
implementing strict data protection measures, promoting fairness and inclusivity in algorithm design,
and supporting workforce retraining programs. By proactively managing these challenges, we can
maximize the benefits of computer vision technologies while minimizing their risks. Engaging with
diverse stakeholders will be essential to ensure these technologies are used responsibly and equitably.
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A Appendix

A.1 Training Details

The training details for ImageNet experiments are shown in Table @ and Table 5]

Table 4: Training details for ImageNet-1K experiments

Configuration InifNet-T/S/B/L
Input resolution 2247
Epochs 300
Batch size 192/128/64/64
Optimizer AdamW
AdamW (81, B2) 0.9, 0.999
Learning rate 0.004
Learning rate decay Cosine
Weight decay 0.05
Warmup epochs 20
Label smoothing e 0.1
Stochastic Depth Y

Rand Augment 9/0.5
Repeated Augment Y
Erasing prob. 0.25
ColorJitter N
Gradient Clipping Y

EMA decay Y

Table 5: Training details for ImageNet-21K experiments

Configuration IN-21K PT IN-1K FT
L XL L XL
Input resolution 2242 3842
Epochs 90 30
Batch size 256 64
Optimizer AdamW AdamW
AdamW (54, f2) 0.9,0.999 0.9,0.999
Learning rate 4 %1073 5x107°
Learning rate decay Cosine Cosine
Weight decay 0.1 0.00001
Warmup epochs 5 0
Label smoothing € 0.2 0.1 0.2
Rand Augment 9/0.5 9/0.5
Repeated Augment N N
Erasing prob. 0.25 0.25
Gradient Clipping 5 5
EMA decay N Y
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Figure 4: Visualization Comparison of (1) Feature Representation Space model, (2) Finite Feature
Interaction Space model, (3) Infinite-Dimensional Feature Interaction model

A.2 More Visualization Comparison
In Fig.[d] we provide more Class Activation Mapping to illustrate the interpretability of interaction

models. Infinite-dimensional Interaction models capture more totality of objects within a category,
illustrates the importance of this infinite-dimensional interaction.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We attribute the success of modern models to an feature interaction and claim
the kernel methods can expand this feature interaction space. And propose the InfiNet. They
are included in the abstract and introduction.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: After the Conclusion
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [Yes]
Justification: In Section[3]and [4
Guidelines:

» The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: In Section[6]and Appendix [A.T]
Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]
Justification: All datasets we use in this paper are third-party open source.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: In Section[6]and Appendix [A.T]
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:
Justification: Training for multiple times is too expensive.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)
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8.

10.

* The assumptions made should be given (e.g., Normally distributed errors).

e It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

e It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: In Section
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]
Justification: This paper is with the NeurIPS Code of Ethics.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: After the Conclusion
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: No such risks.
Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: All datasets and baselines are cited.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: No new assets.
Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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