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Abstract

Vision Transformers (ViTs) demonstrate remarkable performance in image classifi-
cation through visual-token interaction learning, particularly when equipped with
local information via region attention or convolutions. Although such architectures
improve the feature aggregation from different granularities, they often fail to con-
tribute to the robustness of the networks. Neural Cellular Automata (NCA) enables
the modeling of global visual-token representations through local interactions, as its
training strategies and architecture design confer strong generalization ability and
robustness against noisy input. In this paper, we propose Adaptor Neural Cellular
Automata (AdaNCA) for Vision Transformers that uses NCA as plug-and-play
adaptors between ViT layers, thus enhancing ViT’s performance and robustness
against adversarial samples as well as out-of-distribution inputs. To overcome the
large computational overhead of standard NCAs, we propose Dynamic Interaction
for more efficient interaction learning. Using our analysis of AdaNCA placement
and robustness improvement, we also develop an algorithm for identifying the most
effective insertion points for AdaNCA. With less than a 3% increase in parameters,
AdaNCA contributes to more than 10% of absolute improvement in accuracy under
adversarial attacks on the ImageNet1K benchmark. Moreover, we demonstrate
with extensive evaluations across eight robustness benchmarks and four ViT ar-
chitectures that AdaNCA, as a plug-and-play module, consistently improves the
robustness of ViTs.

1 Introduction

Vision Transformers (ViTs) exhibit impressive performance in image classification, through globally
modeling token interactions via self-attention mechanisms [11} [14} [77]. Recent works show that
integrating local information into ViTs, e.g., using region attention [26, 38,139} 154} 165, 70l 73] or
convolution [8} 10} 16l 122} [23]137,142} 152,168, (71} 75], further enhances the ViT’s capabilities in image
classification. Although advanced local structures contribute to better captures of local information,
the robustness of ViTs has not increased. They remain vulnerable to noisy input such as adversarial
samples [S} 19,113} 141} 42]] and out-of-distribution (OOD) inputs [17} |18 28} 30} 67].

Recently, Neural Cellular Automata (NCA) was proposed as a lightweight architecture for modeling
local cell interactions [44], where cells are represented by 1D vectors. To perform downstream tasks,
similarly to the idea of token interactions in ViTs, cells in NCA interact with each other by alternating
between a convolution-based Interaction stage and an MLP-based Update stage [46} 49]. The critical
difference, however, is that cell interactions in NCA evolve over time by recurrent application of the
two stages, whereas ViT computes the token interaction in a single step per layer. During this process,
cells dynamically modulate their representations, based on the interactions with their neighbors, and
they gradually enlarge their receptive fields. Unlike commonly used convolutional neural networks,
NCA maintains resolution during neighborhood expansion. The recurrent update scheme enables the
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cells to explore various states, thus preventing NCA from overfitting and enhancing its generalization
ability [44,146]. NCA training involves various kinds of stochasticity [45]], which enables the models to
generalize to input variability and adapt to unpredictable perturbations. It is the modulation of local in-
formation and stochasticity during training that make NCA robust against noisy input [49, 48,155, 162].

However, the original NCA has substantial com- Model Group o
putational overhead when operating in high- 3 RVT-AdaNCA (Ours)
dimensional space, which is a common scenario e ConviT
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the model robustness. Our modified Adaptor

NCA (AdaNCA), as a plug-and-play module,

improves ViTs performances, as illustrated in Figure 1: The accuracy under adversarial attacks
Figure [T Adding AdaNCA to different ViT (APGD-DLR [9]) versus corruption error on out-
architectures consistently improves their robust- of-distribution input (ImageNet-C [28]) of various
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Motivated by empirical observations of the pos-
itive relationship between network redundancy
and model robustness [28]], we develop a dy-
namic programming algorithm for computing the most effective insert position for AdaNCA within a
ViT, based on our proposed quantification of network redundancy. Our method results in consistent
improvements across eight robustness benchmarks and four different baseline ViT architectures.
Critically, we demonstrate that the improvements do not originate from the increase in parameters
and FLOPS but are attributed to AdaNCA. Our contributions are as follows:

* We propose AdaNCA: It integrates Neural Cellular Automata into ViTs’ middle layers as
lightweight Adaptors for the robustness enhancement of ViTs against adversarial attacks and
OOD inputs in image classification. With less than 3% more parameters, AdaNCA-extended ViTs
can, under certain adversarial attacks, achieve 10% higher accuracy.

* We introduce Dynamic Interaction to replace the Interaction stage in standard NCA, thus enhancing
model robustness and efficiency in terms of parameters and computation.

* We propose a method for determining the most effective insert positions of AdaNCA, for maximum
robustness improvement.

2 Related Works

2.1 Local structure in Vision Transformers

Since the proposal of Vision Transformer (ViT) [[14], a series of works have introduced local structures
into ViTs to enhance their performance [8, [10} [16} 22| [23) 137} 142} 1521 162}, 168, [70L [71}, [73\ [75L [76]].
Here, we mention one of the earliest local structure modifications and those relevant to our work.
Stand-Alone Self-Attention (SASA), as introduced by Ramachandran et al. [54], utilizes sliding
window self-attention in ViTs. Following this, Liu et al. [38] develop a non-sliding window attention
mechanism that partitions feature maps and computes self-attention, both within and between these
partitions; it is termed Shifted Window (Swin) attention. Another method for modeling local
information is convolution. D’ Ascoli et al. [[16] introduce a soft local-inductive bias by using gated
positional self-attention, thus fusing self-attention and convolution. Despite these advancements in
better modeling of local information, few methods lead to a more robust ViT architecture [42]. This
leaves the models to behave subpar when encountering slightly noisy inputs or distribution shifts.
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Figure 2: Method overview. (a) To improve model performance and robustness, Neural Cellular
Automata (NCA) can be inserted into Vision Transformers (ViTs) as Adaptors, hence termed
AdaNCA. The details of AdaNCA are presented in Section[3.2] The improvement is maximized when
AdaNCA is inserted between two layer sets that each consists of similar layers. (b) The robustness
improvement brought by AdaNCA is highly correlated with the corresponding network redundancy
quantification of the insert position introduced in Section[3.3] This supports the idea that AdaNCA
should be placed between two sets of redundant layers.

2.2 Robust architecture in Vision Transformers

Researchers have developed various architectural changes for building more robust ViTs against
adversarial attacks, such as FGSM [61]] or PGD [41]], as well as out-of-distribution (OOD) inputs, such
as image corruption [28]]. Zhou et al. [78]] propose Full Attention Networks to boost the robustness
of ViTs against OOD images. Mao et al. [42] first systematically analyze the relationship between
different components in a ViT, drawing a positive relationship between convolutional components
and the robustness of ViTs against adversarial samples and OOD data. By extending [42] and
[78], Guo et al. [23] propose input-dependent average pooling in order to adaptively select different
aggregation neighborhoods for different tokens, thus achieving the state-of-the-art robust ViTs in OOD
generalization. Different interpretations of the self-attention operation can also lead to more robust
architectures [24), 158]]. However, the methods that introduce additional architectures [23l, 124, |58l 78]
are either implemented on ViTs with limited size or focus on non-adversarial robustness. On the
contrary, our method introduces NCA as lightweight plug-and-play adaptors into base-level ViTs,
thus enhancing their clean accuracy and robustness against both adversarial samples and OOD inputs.

2.3 Neural Cellular Automata

Gilpin [20]] demonstrates that CA can be represented by convolutional neural networks. By extending
[20]], Mordvintsev et al. [44] propose NCA in order to mimic the biological cell interactions and
model morphogenesis. Following this idea, several works apply NCA in computer vision, including
texture synthesis [43, 46, 49| 48l |50]], image generation [33} 147, 51, 162], and image segmentation
[32)57]. Randazzo et al. [55] propose applying NCA for modeling collective intelligence on image
classification tasks, but the limitation to binary images restricts its practical application. Tesfaldet
et al. [62] first establish the connection between ViT and NCA via recurrent local attention. It
leads to a more robust model for handling image corruptions in image inpainting tasks. However,
their application is limited to image impainting on small datasets such as MNIST [1]] and CIFAR10
[36]. The NCA in [62] attempts to emulate a ViT whereas our approach distinguishes itself by not
doing so. We first applies NCA in image classification on ImageNet1K with base-level ViT models.
Moreover, we propose the new Dynamic Interaction for efficient cell interaction modeling, reducing
the computational overhead, and for enhancing the model performance.

3 Method

The overview of our method is shown in Figure E} In this section, we first review the NCA model and
ViT architecture. In Section|3.1] we establish the connection between NCA and ViT, in terms of token
interaction modeling. We then present the design of our AdaNCA in Section[3.2] We insert AdaNCA
into the middle layers of ViT to improve its robustness. We introduce the relationship between the



insert position of AdaNCA and the relative improvements of model robustness in Section [3.3] This
relationship leads to the algorithm for deciding the most effective placement for AdaNCA.

3.1 Preliminaries

Vision Transformers Vision Transformers (ViTs) operate on token maps X € RV*¢  where the
number of tokens is IV and each token is represented by a C'-dimensional vector. ViTs learn the
interaction between these tokens via self-attention [64] and compute the interaction result X ,4,,, as

described in Equation|[I}
KT
Xoem =0 (V) V. M)

Q, K,V stand for query, key, and value, respectively. They are deduced from different linear
projections of the input, i.e., Q = XWq,K = XWgk,V = XWy, where Wq, Wk, Wy €
RE*P D is the hidden dimensionality in self-attention. ¢ is Softmax. After self-attention, tokens
are fed into a Multilayer Perceptron (MLP) to obtain the updated representations X ,+:

Xout = f0 (Xattn)~ (2)

f is the MLP and 6 stands for its parameters. The self-attention and MLP form a single ViT block,
and a ViT model can be built via stacking ViT blocks.

Neural Cellular Automata NCA aims at modeling cell interactions. In the 2D domain, cells live
on a 2D grid with size H x W. Each cell is represented by a vector with dimensionality C. All cells
collectively define the cell states S € R”*W*C n a single step of NCA, to generate the interaction
output Sz, cells first interact with their neighborhoods for an information exchange in the Interaction
stage [49]; the interaction is typically instantiated via depth-wise convolutions [44] 46, 48]]:

Sz=(8®[C1,C2,...,CMm))a- (3)

C; is the ith convolutional kernel, and M denotes the total number of kernels. ‘®’ denotes depth-wise
convolution. The kernels can either be fixed [49, 48] or learnable [44, |46]|. The results of all kernels
are concatenated channel-wise in the & operation. Sz is then passed to an MLP in the Update stage
[49]:

Sout = fo(Sz) © M. “4)

Sout is then used to update the cell states in a residual scheme. f is the MLP, and 6 stands for its
parameters. Typically, NCA uses the simplest MLP, with two linear layers and one activation between
them. M € RE*xWxC/ sampled from Bernoulli(p), is a random binary mask to introduce stochas-
ticity in NCA; it ensures asynchronicity during the cell updates [45]. ® is point-wise multiplication.
NCA learns an underlying dynamic that governs the cell behaviors [S0], as depicted by the stochastic
differential equation (SDE) in Equation E}

oS
n =Fo(S) oM = fy[(S® [C1,Ca,...,CMm])e] © M. (5)
F represents operations in Interaction as well as Update stages. © is the set containing trainable
parameters in the two stages. Discretizing the SDE with At = 1 naturally results in a recurrent
residual update scheme:
St = 8! + Fo(S') © M. 6)

After t = T steps, the cell states ST is extracted to accomplish certain downstream tasks. The
traditional NCA involves several other specific designs though, in our case, it is impractical to adapt
them. We provide a discussion on this topic in Appendix [E]

3.1.1 Connecting NCA and ViT

Both NCA and ViT learn interactions between a set of elements, i.e., tokens in ViT and cells in
NCA. Hereafter, we refer to a cell in NCA as a token, aligning it with the concept in ViTs. The
asynchronicity [45] introduced by the random mask M can be regarded as a cell-wise stochastic
depth [31], a more fine-grained version of the sample-wise stochastic depth. In previous NCA works,
stochasticity is maintained during testing [46]. Such a scheme is problematic in our case because (1)
test-time stochasticity produces obfuscated gradients [3], leading to the circumvention of adversarial
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Figure 3: Overview of AdaNCA architecture. Instead of concatenating the interaction results
generated by the depth-wise convolutions, our Dynamic Interaction conducts a point-wise weighted
sum on them to improve the efficiency and enhance the performance. The weights are obtained based
on the token states so that each token can dynamically adjust, according to the inputs, the interaction
strategy. The aggregates the results from Dynamic Interaction ,
where the convolutions have different dilation rates. Then, to finish one step of evolution, the output
is fed into the stage .

attacks, and (2) the model can output different results given the same inputs. To this end, we adopt
the strategy in dropout-like techniques [31 159]], which compensates activation values during training.
Given M ~ Bernoulli(p), the evolution of NCA in AdaNCA is defined as:
t
Train : S = S' + f@;S) ®M; Test: S = 8"+ Fg(SH). 7
We discuss the necessity of such a scheme in Section in the Appendix. Furthermore, NCA
typically outputs the cell states at a random time step 7, resulting in random update steps for all cells.
Such randomness ensures the stability of NCA across various time steps [44]. Finally, the recurrent
steps of NCA during a single training epoch enable the exploration of a wide range of cell states. In
the early stage of training, the model is not adequately trained hence serves as a source of noise to
itself through the recurrence. With all these components, the trained model can effectively handle the
variability and unpredictability of the input thus be robust against noisy input. Our ablation studies in
Section[4.3|demonstrate the effectiveness of these strategies in enhancing the model performance.

3.2 AdaNCA architecture

The architecture of AdaNCA is shown in Figure[3] It shares a similar update scheme with the standard
NCA, as described in Equation [/} but, it is more computationally efficient due to the proposed
Dynamic Interaction stage. All convolutional kernels for token interaction are trainable. In the
following paragraphs, we first present the design of the Dynamic Interaction stage and then introduce
a way for more efficient token interaction by using multi-scale Dynamic Interaction.

3.2.1 Dynamic Interaction

The Interaction stage in the original NCA performs a channel-wise concatenation of the M output
tensors from different depth-wise convolutions. Whereas, our Dynamic Interaction computes a
weighted sum of those results. Specifically, a weight computation network Wz takes the token map
S € REXWXC a5 input and outputs per-token scalar weights Wr,,, € R7*W X1 for each of the M
kernels. We modify Equation [3|to Equation 8}

M C
Spz =Y (S*Wr)(S®[C1,Ca,-,Cra]) =D (S Wr)Sp = ) (Zwm © S) , ®)

m=1 \c=1



where S, € REXWX1 g0 § e RHXWXC < denotes the convolution. Recall that ‘®’ is the
depth-wise convolution. We instantiate the weight computation module V7 by using a two-layer
convolutional network. The first layer transforms the dimensionality from C' to M, and the second
layer computes the actual weights, thus producing M scalars for each token. Both layers use 3 x 3
convolutions to factor in information from both the token and its neighbors. To stabilize training,
we add a batch normalization between the two convolutions. Our design of the weight computation
network coincides with the one in [23]]. Although, our focus is on extracting various information
from the same neighborhoods rather than on aggregating data from different neighborhoods.

3.2.2 Multi-scale Dynamic Interaction

Inspired by [48]], which uses multi-scale token Interaction to facilitate long-range token communica-
tion, we propose multi-scale Dynamic Interaction. Concretely, all convolutions in Equation [§| now
have one more degree of freedom in dilation. Dilation s represents the current operating scale being
s,and s € {1,2,...,S}. Hence, the original Dynamic Interaction is a special case where S = 1. To
increase the feature expressivity, we perform a weighted sum on the outputs of all scales, where the
per-token weights W/ are generated by a network Wy as described in Equation [0}

s /c
Sypr =Y (S*Wy)Spr =Y (S*Wn)Spzr =) <Z Wis © SDIsc> N C))

s=1 \c=1

where Wis,, Sprse € REXWXL S, b7 Sprs € REXWXC The Wy in Equation [8]is shared
across all scales. The weight computation network Wy, mirrors that of Wz.

3.3 Insert positions of AdaNCA

Given a ViT and an AdaNCA, to maximize the robustness improvements, we need to determine
where to insert AdaNCA. To this end, we first establish the correlation between the placement of
AdaNCA and the robustness enhancement it brings. Motivated by the fact that the network redundancy
contributes to the model robustness [28]], we hypothesize that the effect of AdaNCA should correlate to
the layer redundancy corresponding to the insert position. To quantify the redundancy, we propose the
Set Cohesion Index . Given a trained model with L layers and two layer indices ¢, j € {1,2, ..., L}
where i < j, x(1, j) is defined in Equationm

]lA
K(i, ) = 5 Y Sim(m,n) - - el > Sim(my,n)

(Z —D@-i+1) m1€[1,i—1],n€[i,4]

Lj<r ‘
— — Sim(m,ny)
0D ,
E=D0 =1+ ey

(]—ZJF mnG[,J]

(10)
1 stands for the indicator function. Sim(m,n) is the function for quantifying the output similarity
between layer m and n. We choose Centered Kernel Alignment (CKA) [35], a common metric for
measuring layer similarities inside or between neural networks [25]. A higher « stands for a more
cohesive layer set defined by layers from 7 to j. Inserting AdaNCA after layer ¢+ would partition
the network into two layer sets, and we can compute the sum of « of the layers before and after ¢,
i.e., K(i) = k(1,4) + k(i + 1, L). This serves as a quantification of the network redundancy that
corresponds to position ¢. We assume that AdaNCA will not change the layer similarity structure
because it is too small compared to a single layer in all ViTs.

In addition to the quantification of the network redundancy, the robustness improvement, brought by
AdaNCA, is quantified using the relative increase in the attack failure rate of the AdaNCA-inserted
models and the corresponding baseline. Specifically, if a model can achieve « clean test accuracy
as well as o’ accuracy under adversarial attacks, the attack failure rate is 8 = (’—'/ The robustness
improvement -y is then defined as v = w In our experiments, we find that v is
significantly correlated with the network redundancy K (Pearson correlation » = 0.6938, p < 0.001).
We refer readers to Appendix [A]for details of the experiments. The results validate our hypothesis and
indicate that AdaNCA should be inserted into the position that can maximize network redundancy. We
develop a dynamic programming algorithm to find these positions and refer readers to Appendix [A.]
for the details.



Table 1: The performance of AdaNCA-enhanced ViTs and their corresponding baselines. We report
the mCE for IM-C (lower is better) and accuracy for other benchmarks. AdaNCA consistently
improves the clean accuracy as well as the robustness to adversarial and out-of-distribution inputs of
the baseline models. Note that our models also outperform the larger baselines (* sign), indicating
that the performance improvement does not merely originate from the increase in the number of
parameters or FLOPS. The TAPADL method [23]] can lead to more vulnerable models compared to
the baselines (green numbers). Bold indicates the best model. t: the test is conducted on models
pre-trained on ImageNet22K [42], see Appendix [C.9]

Model Params FLOPS | ImageNet Adversarial Inputs OOD inputs
™M) G) Clean Acc. | PGD [41] CW [S] APGD-DLR [9] APGD-CE [9] IM-A [13] | IM-C ({) [28] IM-R[30] IM-SK [67

RVT-B [42 88.5 17.7 82.7 299 21.5% 21.9 31.4% 285 46.8 48.7 36.0
TAPADL-RVT |23 89.4 17.9 83.1 27.6 19.3 17.7 26.8 32.7 44.7 50.2 38.6
RVT-B-AdaNCA 91.0 19.0 833 36.7 30.2 332 36.2 31.9 432 51.7 39.0
FAN-B [78 50.4 11.7 83.9 15.0 7.6 10.4 13.1 39.6 46.1 52.7 40.8
TAPADL-FAN (23 50.7 11.8 84.3 18.6 92 13.5 16.9 423 43.7 54.6 40.7
FAN-B-AdaNCA 51.7 12.4 84.1 20.3 10.6 14.1 19.1 42.9 44.7 534 41.0
Swin-B [38 87.8 154 834 21.3 13.4 15.6 23.1 35.8 54.3 46.6 324
Swin-B* [38 94.1 16.7 83.3 22.8 14.6 15.9 23.8 35.2 532 46.9 33.7
Swin-B-AdaNCA 90.7 16.3 83.7 24.1 20.5 25.1 24.8 36.0 515 48.2 355
ConViT-B [16 86.5 17.7 824 21.2 8.9 16.9 20.3 29.0 46.9 484 35.7
ConViT-B* [16: 93.6 19.2 82.7 24.1 10.0 20.5 23.9 30.1 452 49.9 37.8
ConViT-B-AdaNCA 89.0 19.0 83.2 29.2 20.1 26.3 284 33.0 443 51.1 39.1

Table 2: Comparisons of corruption error on each corruption type of ImageNet-C. AdaNCA
consistently improves the performance of the baseline model in all categories (Swin-B), and can
achieve better results in most categories compared to the SOTA method (TAPADL-RVT). Bold
indicates the best model. Lower is better.

Model mCE Noise Blur Weather Digital
Gauss  Shot Impulse | Defocus Glass Motion Zoom | Snow Frost Fog Bright | Contrast Elastic Pixelate JPEG
Swin-B [38 543 | 438 457 43.8 61.6 732 555 66.5 | 50.0 474 479 421 38.7 68.8 66.4 62.6
Swin-B-AdaNCA 515 | 395 409 39.8 59.5 69.5 55.0 65.6 | 494 471 408 40.6 37.0 66.3 59.9 61.1
TAPADL-RVT [23] | 44.7 | 346 36.1 34.0 539 62.3 522 60.1 419 449 358 374 319 57.1 41.1 472
RVT-B-AdaNCA 432 | 339 361 339 52.7 59.1 47.8 60.5 | 426 390 339 368 31.7 53.4 40.0 46.2

4 Experiments

We use four ViT models as the baseline: Swin-base (Swin-B) [38]], FAN-Base-Hybrid (FAN-B) [78]],
RVT-Base-Plus (RVT-B) [42], and ConViT-Base (ConViT-B) [16]. They include a hierarchical model
(Swin), a convolution-attention hybrid model (FAN), and two regular models in which all layers
share the same structure (RVT and ConViT). RVT is specifically built to be a robust model, whereas
ConViT is not. All four models are equipped with different kinds of local structures. We use two
SOTA models in terms of robustness against out-of-distribution (OOD) data, TAPADL-RVT and
TAPADL-FAN [23]] for comparison. Note that the SOTA method involves training with an additional
loss (ADL) and that, for completeness, we keep the results from the TAPADL models trained with
such a loss. However, as our focus is on the effect of architectural changes, we do not incorporate the
ADL loss in training the AdaNCA-enhanced ViTs. We follow the training scheme for each model,
respectively, to train the AdaNCA-equipped model from scratch on ImageNet1 K. We conduct the
analysis presented in Section [3.3|to decide the optimal position to insert multiple AdaNCA modules,
in which the ImageNet1K pre-trained weights for analysis are obtained from the PyTorch Image
Models library [69]. To balance between the computational cost and robustness improvement, we
limit the number of AdaNCA to two or three, depending on the model architecture. The recurrent
time step of all AdaNCA is chosen from {[2, 2], [2,4], [3, 5]}, and we follow the design principle
of ViT; it is to put more computation in the middle or high layers [38]. We fix the random steps
during testing to a single integer chosen from the range to achieve precise results and ensure
non-stochasticity during adversarial attacks. All the activation functions used in the MLP in AdaNCA
are GELU [29], and the input, hidden, and output dimensionalities of the MLP are all the same. We
refer readers to Appendix [C.6|for the details of the training and insert scheme of AdaNCA. All of our
experiments are performed on four Nvidia A100 GPUs.

4.1 Results on Image Classification

We test all models on the ImageNet1K validation set for clean accuracy. For the adversarial robustness
evaluation, we choose common adversarial attack methods PGD [41]], CW [5], APGD-DLR [9]],
and APGD-CE [9]. Moreover, we also include the natural adversarial examples in ImageNet-A
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between different layer sets. between the clean accuracy and

(IM-A) [13]]. For the PGD attack, we align with the settings used in [42]]: max magnitude ¢ = 1,
step size v = 0.5, steps ¢ = 5. We refer readers to the Appendix [C.7]for details of the other attacks.
For testing the OOD generalization, we use ImageNet-C (IM-C) [28], ImageNet-R (IM-R) [30]],
and ImageNet-Sketch (IM-SK) [67]]. We report the mean corruption error (mCE) on ImageNet-C
and accuracy on all other kinds of robustness benchmarks in Table [T} Our results highlight that
AdaNCA-enhanced ViTs consistently outperform corresponding baselines in various robustness
tests as well as in terms of clean accuracy. Importantly, the enlarged baseline models (% sign) do
not bring comparable improvements to AdaNCA, suggesting that the enhancements do not merely
stem from the increase in computational budgets. However, the existing method that introduces
local structure into ViTs can potentially undermine the adversarial robustness of the baselines. In
Table[2] we conduct an in-depth study on the corruption errors of the different categories of common
corruptions in ImageNet-C. The results show that AdaNCA enhances robustness without the trade-off
seen in methods that ignore texture information [53]]. While these methods may improve mCE
for non-Blur noise, they often worsen mCE for Blur noise [53]. In contrast, AdaNCA consistently
improves robustness across most categories. We refer readers to Appendix [C|for more results.

4.2 Layer similarity structure

Our key assumption in Section[3.3]is that AdaNCA will not change the layer similarity structure due
to its small size, and that is why we use pre-trained networks to conduct this analysis. Here, we
examine the pair-wise layer similarities in Swin-B [38] and Swin-B-AdaNCA in Figure E[ Kmean 18
the mean of « from all layer sets. We refer readers to Appendix [C.14] for more results. AdaNCA not
only preserves the original layer similarity structure but also contributes to a clearer stage partition,
validating our assumption in Section [3.3] The results might be attributed to the fact that AdaNCA
transmits information between different layer sets and thus layers inside each set do not bother
adapting to the layers outside the set.

4.3 Ablation studies

We conduct ablation studies on ImageNet100, a 100-class subset of ImageNet1K. Previous studies
7 [74]] have shown that ImageNet100 serves as a representative subset of ImageNet1K. Hence,
we can obtain representative results for the self-evaluation of the model while efficiently using the
computational resources. All the ablation experiments are based on a Swin-tiny [38]] model. We
insert it after the fourth layer to obtain the best robustness improvement, according to our analysis in
Section [3.3]and Appendix [A] First, we ablate on two hyperparameters, the number of convolutional
kernels used in the Dynamic Interaction stage (M) and the maximum scale (S) used in the multi-scale
Dynamic Interaction stage. The Clean Accuracy and are shown in Figure[5] The
attack failure rate is quantified using the same method as in Section [3.3]and Appendix [A] Multi-scale
interaction can contribute to the performance while overly large scale can lose local information
and complicate the process of selecting the interaction neighbors. This issue is also observed in
a previous work [62]]. Increasing the number of kernels benefits the performance while too many



Table 3: Ablation studies on design choices. Each of the AdaNCA design choices contributes to
improved performance and robustness. Baseline is a Swin-tiny [38]] model trained on ImageNet-100.
Bold indicates the best model.

Exp. Type | Recur StocU RandS Dynln | Params (M) FLOPS (G) | Accuracy (1) | Attack Failure Rate (])

Baseline | X X x X | 27159 45 | 8656 | 12.29
x v X v 28.97 47 87.36 19.04

Ablation | ¥ x v v 27.94 47 86.92 19.56
v v X v 27.94 47 87.12 19.34

v v v x 27.93 47 86.72 21.98

Oous | / v v /o 2794 47 | 8718 | 2235

kernels undermine the robustness. According to the results, we choose S = 2, M = 4. We then
perform ablations on several design choices:

* Recurrent update (Recur). Ablation on unrolling the recurrence with average time step 7" in
AdaNCA into T" independent AdaNCA with time step being 1.

* Stochastic update (StocU). Ablate the stochastic update during training, leading to globally
synchronized update of all tokens [45]].

Random step (RandS). Change the recurrence time step from a randomly chosen integer in range
[T1, T3] to [(T1 + T»)/2]. It cannot be turned on without recurrence.

* Dynamic interaction (DynlIn). Ablate the Dynamic Interaction so that the interaction results are
simply summed together. The number of kernels remains the same.

As shown in Table [3] the highest robustness improvement is achieved with all components. Among
them, turning off the recurrence leads to the largest drop in the robustness, as recurrence allows
the model to explore more cell states than finishing the update in a single step. While it achieves
the highest clean accuracy, it uses ~4x more parameters than our method, and the improvement
of the clean performance is likely due to more parameters. Without any of the two sources of
randomness, stochastic update and random steps, the model cannot adapt to the variability of the
inputs and thus exhibits vulnerabilities against adversarial attacks. Finally, turning off our Dynamic
Interaction will cause drops in both clean accuracy and robustness, as tokens cannot decide their
unique interaction weights and thus cannot generalize to noisy inputs. We provide extended ablation
studies in Section[D.2]in the Appendix.

4.4 Noise sensitivity examination

A drawback of adversarially robust models is their increased sensitivity to noise in specific frequency
bands [60]. For instance, while adversarially trained models are robust against adversarial attacks,
they can be sensitive to noise from a larger frequency-band range compared to standard models [60].
Here, we use the method and data from [60] to examine the noise sensitivity of AdaNCA-enhanced
ViTs. Specifically, we evaluate the classification performance on a set of images that are mixed with
noise of varying magnitudes and frequencies. The noise is sampled from Gaussian distribution with
zero mean and the standard deviation indicates its magnitude. Then, it is filtered within various
spatial-frequency bands, resulting in different frequencies of noise. Higher classification accuracy on
a specific noise type indicates that the model is less sensitive to that noise. Figure[f]presents the results,
including human data sourced from [60]]. Our findings demonstrate that AdaNCA enhances ViTs
by reducing the sensitivity to noise with certain frequency components, equipping ViTs with more
human-like noise-resilient abilities. Crucially, AdaNCA improves the model robustness differently
than adversarial training since the AdaNCA-enhanced ViTs do not exhibit increased sensitivity to the
noise. We quantitatively validate the conclusion and refer readers to Appendix [C.16]for the details.

5 Limitation

AdaNCA has certain limitations. First, the AdaNCA-equipped ViTs cannot adapt to unseen recurrent
steps of AdaNCA, which limits the generalization ability. For example, if the training step range
of AdaNCA is [3,5], it cannot produce meaningful results with the test step being 6. AdaNCA
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Figure 6: Classification accuracy of humans and ViTs on noisy images. The images are perturbed
by Gaussian noise with different standard deviations (Magnitude of Noise) and are filtered with
different spatial-frequency bands (Frequency of Noise). AdaNCA improves the accuracy on images
with certain types of noise (dotted black boxes), indicating that it makes ViTs less sensitive to them.
Quantitative results are presented in Appendix [C.16]

introduces a non-negligible computation into the original architecture. Our experiments are conducted
on ImageNet1K with the image size of 224 x 224. Whether AdaNCA can lead to impressive
improvements on larger-scale problems, e.g., ImageNet22K, remains a question. The size of the
images can also affect the efficiency of token interaction.

6 Broader Impact

AdaNCA contributes to more robust ViTs, facilitating their usage in real-world scenarios. We bridge
two powerful models, NCA and ViT, on large-scale image classification, potentially encouraging
research dedicated to their synergistic combination in more practical settings. Our findings on
AdaNCA improving network redundancy can stimulate more works on architectural robustness in
deep learning that involves increasing the redundancy to enhance robustness. In the context of this
paper, we believe that AdaNCA does not introduce any significant negative implications.

7 Conclusion

We have proposed AdaNCA, an efficient Neural Cellular Automata (NCA) that, when inserted
between their middle layers, improves ViT performances and robustness against adversarial attacks as
well as out-of-distribution inputs. We design our model by connecting NCA and ViT, in terms of token
interaction modeling, and we propose Dynamic Interaction to improve the computational efficiency
of standard NCA. Exploiting the training strategies and design choices in NCA, i.e., stochastic update,
random steps, and multi-scale interaction, we further improve the AdaNCA-enhanced ViTs’ clean
accuracy and robustness. To decide the placement of AdaNCA, we propose the Set Cohesion Index
that quantifies the network redundancy via layer similarity and conclude that AdaNCA should be
inserted between two layer sets that consist of redundant layers. Our results demonstrate that AdaNCA
consistently improves ViTs performances and robustness. Evidence suggests that the mechanism by
which we obtain improvement reduces the sensitivity of ViTs to certain types of noise and makes the
noise-resilient ability of ViTs similar to that of humans.
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| RVT-S-AdaNCA

FAN-S-AdaNCA

Swin-T-AdaNCA

Learning rate 2.5e-4 2.5e-4 2.5e-4
Batch size 256 256 256
Model EMA decay 0.99992 0.9999 /
Stochastic depth 0.1 0.25 0.1
Random erase prob 0.25 0.3 0.25
Gradient clip None None 5.0
MixUp 0.8 0.8 0.8
Label smoothing 0.1 0.1 0.1
Min learning rate le-5 le-6 le-5
Weight decay 0.05 0.05 0.05

Table 4: Hyperparameters used in AdaNCA-equipped ViT training for analysis in Section [3.3]on
ImageNet100.

| PGD [41] CW [3] APGD-DLR [9] APGD-CE [9]

Max magnitude 0.5 / 0.5 0.5
Steps 5 20 5 5
Step size 0.25 / / /
K / 0.0 / /
c / 0.25 / /

p / / 0.75 0.75
EoT / / 1 1

Table 5: Hyperparameters in different adversarial attacks used in the analysis in Section [3.3] on
ImageNet100 as well as our ablation studies.

A Establish the correlation between AdaNCA placement and robustness
improvement

Our motivation for investigating the relationship between AdaNCA and robustness stems from an
empirical observation, namely that making neural networks more monolithic contributes to their
robustness [28]. One of these monolithic ideas is redundancy in networks. It has been observed
that several consecutive layers output similar results [4], hence building what we call “a layer set."”
We hypothesize that AdaNCA, as adaptors inside ViTs, should connect the different sets inside a
ViT and transmit information between them. In this way, layers inside a set will no longer bother
adapting to other layers outside the set, improving the redundancy and thus robustness. To this end,
we propose the layer redundancy quantification « and network redundancy quantification /C, as well
as the robustness improvement measurement +y in Section 3.3

For the robustness improvement, we insert AdaNCA into all possible positions of 3 ViT models, Swin-
tiny [38]], FAN-small-hybrid [78]], and RVT-small-plus [42], and train them along with the baseline
models on the ImageNet100 dataset [15] [72],[74], a representative 100-class subset of ImageNet1K.
The total amount of models is 34, including 3 baselines and 31 AdaNCA models. All AdaNCA-
models have a 1%-2% parameter increase and 5% more FLOPS. The training hyperparameters
are given in Table |4} All models are trained for 300 epochs with the Cosine scheduler. Here, we
only consider adversarial robustness for simplification, as it is shown that adversarial robustness
is correlated with image corruption robustness within one backbone architecture [42]]. We use a
white-box version of AutoAttack [9]] in the AdaNCA placement analysis in Section [3.3] which
comprises PGD [41], CW [3]], APGD-DLR [9], and APGD-CE [9]. The hyperparameters of the four
attacks are in Table 3

We show the qualitative results of our experiments on the Set Cohesion Index and robustness
improvement in Figure[/|and the quantitative results in Figure 8| Qualitatively, v generally follows
the trend of IC except for the top 3 layers and the last layer. Specifically, v for the top three layers
consistently exhibits a pattern where it decreases in the second layer and increases in the third layer,
regardless of the trend in /C, which always increases. We hypothesize that the proximity of the top 3
layers to the input image causes AdaNCA to similarly impact the model’s robustness by adapting the
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input to the subsequent layers. Furthermore, the position immediately before the final layer likely
serves as a transitional stage for output, adapting to different output strategies (e.g., FAN has an
additional class attention head while Swin and RVT use average pooling on all tokens to generate
features for classification). The distinct behavior of the last layer compared to other layers has also
been noted in previous research [21]]. Hence, we exclude the models (AdaNCA applied in the top
three layers and before the final layer) from our analysis. The resulting number of models is 19. To
conduct a cross-model quantitative comparison, we normalize all v as well as all IC in a single type
of model. Each of the 3 models thus has a set of Ypor-m € [0, 1] as well as KCporm € [0, 1]. We plot
all sets of Yy0rm and KCpyorm, from 3 models in Figure Note that the coordinate (1.0,1.0) has two
overlapping points (Swin-tiny and FAN-small-hybrid), hence only 18 points are visible in the figure.
Ynorm 18 significantly correlated with /C,, 0y, (1 = 0.6938, p = 9.8e — 4), as we report in Section

A.1 Dynamic programming for AdaNCA placement

Given U AdaNCAs, the ViT is expected to be partitioned into I/ + 1 sets. The dynamic program-
ming involves filling an array D, where D[i][u] represent the maximum value of K achievable by
partitioning the first ¢ layers into u sets. The D can be obtained via Equation[TT]

Dlil[u] = maz(D[j][u — 1] + (j,7 — 1)) (11)
j<i
The boundary conditions are: 1) D[i][1] = (1, ), which is partitioning the first ¢ layers into 1 set;

2) D[0][u] = 0. By recording the partition position, we can find ¢/ partition points for inserting the
AdaNCA. The pseudo-code is presented in Algorithm [I]

Algorithm 1 find_optimal_partition(Similarity Matrix .S, Number of Stages /)
I: n < length of S
2: Initialize dp with dimensions (n + 1, + 1), filled with —oo
3: Initialize partition with dimensions (n + 1,4 + 1), filled with zeros
4: dp[0][0] + O {Base case}
5: for each 7 from 1 to n do
6.
7
8

for each u from 1 to min(i, /) do
for each j fromOto: — 1 do
current_value < dp[j][u — 1] + k(j,i — 1)

9: if current_value > dpli][u] then
10: dpli][u] < current_value

11: partition[i][u] «+ j

12: end if

13: end for

14:  end for

15: end for

16: Initialize stages as an empty list

17: current_layer <— n

18: current_stage < U

19: while current_stage > 0 do

20:  start_layer < partition|current_layer][current_stage] + 1
21:  Append (start_layer, current_layer) to stages

22:  current_layer < partition|[current_layer|[current_stage]
23: current_stage <— current_stage — 1

24: end while

25: stages = stages|[::-1]

26: return stages

Note that here the layer index starts from 0, and so does the input requirement of «.

B Notes on statistical significance

We do not report the error bar for training models with different seeds on ImageNet1K, as it would be
very expensive (Table [I0). However, we follow the seed used in the released code for each model.
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Figure 7: Top: Visualization of layer redundancy (K(7) = x(1,i+1)+r(i+2, L)) and corresponding
robustness improvement . Bottom: Visualization of pair-wise layer similarity of the 3 ViTs.
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Figure 8: The relationship between the layer redundancy K and robustness improvement y by
inserting AdaNCA in the corresponding position. 7, and Xy, are obtained by normalizing -y
and /C within the results of each model. Note that the coordinate (1.0,1.0) has two overlapping points
(Swin-tiny and FAN-small-hybrid). Quantitatively, ¥,,orm is significantly correlated with /C,,071m,
(r = 0.6938, p < 0.001). The linear fit is shown in orange.
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Table 6: AdaNCA settings for each ViT.

AdaNCA positions .. .
# Layers (after the index) Training steps  Test steps  Stochastic update
RVT-B-AdaNCA 12 4,8 [2,41,[3,5] 33 0.1
FAN-B-AdaNCA 16 0,6,9 [2,21,[3,51.[2,4] 2,43 0.1
Swin-B-AdaNCA 24 2,8,22 [2,21,[3,51,[2,4] 2,43 0.1
ConViT-B-AdaNCA 12 5,9 [3,51,[2,4] 33 0.1

Table 7: Increasing the number of recurrent steps of AdaNCA during testing can contribute to the
model performance.

\ # Params M) FLOPS (G) Clean Acc. (1) Attack Failure Rate (1)

Step=4 27.94 4.7 87.18 22.35
Step=5 27.94 4.8 87.22 23.46

We test the adversarial attack using 5 seeds and find the difference between different seeds negligible
(standard deviation: PGD 0.08, CW 0.01, APGD-DLR 0.01, APGD-CE 0.02). As all our results on
adversarial attacks have differences larger than 0.1, they are statistically significant.

For ImageNet100 experiments in the ablation study, we train the model 3 times and find the clean
accuracy changes within a small range (standard deviation 0.08), and the robustness test results barely
change (standard deviation 0.02). We also test the robustness improvement within one model using 5
seeds and the standard deviation is 0.008.

For the AdaNCA placement analysis, our correlation result is statistically significant (p < 0.001).

C ImageNetlK experiments

C.1 AdaNCA settings for each model

Based on Algorithm[I} we insert AdaNCA into the four chosen baseline models. The specific settings
for each AdaNCA are shown in Table @ Note that insert position 0 means before the network, since
FAN-B model uses a complex patch embedding layer, we can treat it as a unique layer that encodes
semantic information rather than the simple convolution patch embedding used in other models. In
practice, we find inserting AdaNCA after it can contribute to the model performance. Moreover, we
add the drop path operation after each AdaNCA, and the drop path rate follows the one of the layer
that AdaNCA follows. Hence, the regularization is pretty strong even without the stochastic update.
However, as shown in our ablation studies in Section[4.3] the stochastic update indeed contributes to
the model performance. Our FLOPS computation for AdaNCA models are based on Test steps.

C.1.1 Discussion on the choice of AdaNCA steps

Our choice of AdaNCA steps differs from all previous NCA models, which typically iterate for
hundreds of steps. We make this compromise as the computational costs increase linearly as the step
grows. We aim to minimize the increase in the number of parameters and FLOPS for scalability
and we do not want the source of improvement to merely stem from the increase in the size and
computation of the models. We show that more NCA steps will indeed contribute to the model’s
performance in Table[7] while it introduces extra FLOPS. The model is the same as in Section 4.3
which is trained using a range of steps being [3, 5]. We want to underscore that it is the architecture
and evolution scheme that defines an NCA as introduced in Section 3.1} instead of the number of
its recurrent steps. Admittedly, fewer steps will lead to a coarser path to the target state, and can
potentially undermine the model’s performance. Notably, with our scheme, AdaNCA has achieved
generally strong robustness improvements compared to the baselines. It indicates that our choice of
the recurrent steps of AdaNCA is a good balance between computational costs and performance.
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C.2 Discussion on the model choices

In our experiments, we choose RVT [42], FAN [78]], Swin [38]], and ConViT [16]]. Our choice not
only includes different types of ViTs (Regular, Hybrid, Hierarchical) and robust as well as non-robust
architectures (RVT, FAN and Swin, ConViT), but also covers other aspects of ViT characteristics.
First, RVT and Swin use average pooling on the final token maps to obtain the 1D feature for
classification, while FAN and ConViT adopt a separate class token. It has been proved that those
two strategies of classification can have a significant influence on the model robustness [42]]. Despite
this, AdaNCA are effective in both ways for classification. Moreover, all the architectures already
contain certain kinds of local structures. RVT contains depth-wise convolution within MLP and a
convolutional patch embedding layer. FAN has a ConvNeXt [40] head for patch embedding. Swin has
shifted window attention. ConViT has convolution-attention coupled gated positional self-attention
layers. Local structures have been proven effective in improving model robustness [42]. Therefore,
we partially eliminate the possibility that AdaNCA is effective simply because of introducing local
information in ViTs without any local inductive bias, such as the original ViT [14] or DeiT [63].
As shown in our ablation studies in Section[#.3] AdaNCA not only contributes to more parameter-
efficient models but also improves the model robustness compared to not using the training strategies
or design from NCA. Furthermore, in our choices, Swin does not conduct weight exponential moving
average (EMA), while the other 3 models perform. It indicates that AdaNCA can be effective with or
without model EMA.

C.3 Discussion on the hyperparameters of MLP inside AdaNCA

In AdaNCA, we set the hidden dimensionality of the MLP to the same one as the input dimension. It
is different from the common design choice of MLP in ViT that uses a 4-time larger hidden layer
than the input layer. Moreover, it also deviates from the design of the previous NCA that uses more
than 8 times larger hidden layer size than the input one. Instead, we set the hidden dimensionality
to be the same as the input one. The reason is that AdaNCA introduces additional parameters and
computation in ViTs and we want the extra computational overhead to be as low as possible. The
lowest dimensionality that will not cause inevitable information loss is the same one as the input
dimension. Therefore, we design the MLP in AdaNCA as a non-compression-non-expand structure.

C.4 The effect of AdaNCA placement on robustness on ImageNet1K

Our algorithm for deciding the placement of AdaNCA is based on the correlation between the
robustness improvement and the Set Cohesion Index in Section[3.3] All the experiments are conducted
on ImageNet100 to efficiently use the computational resources. Here, we compare two schemes for
deciding the placement of AdaNCA on ImageNet1K on Swin-B [38] and FAN-B [78] to demonstrate
our result validity. The first scheme is No-Prior, which does not involve the knowledge of the layer
similarity and performs the most reasonable placement choice. For Swin-B, the choice for placing
3 AdaNCA is to insert them between each stage pair defined by the transition between different
embedding dimensionalities, namely after layer 2, layer 4, and layer 22. Coincidentally, this choice
aligns with what we obtain from the dynamic programming algorithm, which is to place AdaNCA
after layer 2, layer 8, and layer 22. For FAN-B, although it is a hybrid ViT, we only consider inserting
AdaNCA into its main network where all layers share the same structure. In this case, the No-Prior
chooses to uniformly insert AdaNCA between the 16 layers, that is after layers 5 and 10. Our
algorithm decides the placement should instead be after layers 6 and 9. Table|8|shows the results of
two Swin-B-AdaNCA models. Inserting AdaNCA with the No-Prior scheme can still contribute to
the model performance and robustness, but not as effective as using our proposed method.

C.5 Details of architecture change in Swin-Base* and ConViT-Base*

For Swin-Base*, we add two extra layers in stage 3 with embedding dimensionality being 512, since
in the original design most of the computational budgets are dedicated to stage 3, and two layers
form a complete Swin operation. For ConViT-Base*, we add an extra Gated Positional Self-Attention
(GPSA) layer.
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Table 8: Comparison between different schemes of AdaNCA placement. No-Prior: insert AdaNCA
without knowledge of layer similarity structure but making the most reasonable choice, that is to
insert them between the architectural stage transition where the embedding dimensionality changes
for Hierarchical ViT like Swin [38], or insert them uniformly between layers that have the same
structure like the main network in FAN [78]. AdaNCA consistently improves the model performance
and robustness compared to the baseline models, while the improvement can be maximized by using
our AdaNCA placement scheme based on Algorithm [I]

Robustness Benchmarks

Model Insert Scheme

Params FLOPS ‘ ImageNet

™ (©) Top-l |PGD CW APGD-DLR APGD-CE IM-C() IM-A IMR IM-SK
Swin-B [38 / ‘ 878 154 ‘ 834 | 213 134 15.6 23.1 542 358 466 324
Swin-B-AdaNCA |  No-Prior 907 163 836 | 23.1 194 24.8 245 520 360 477 3438
Swin-B-AdaNCA Ours 907 163 837 | 241 205 25.1 24.8 515 360 482 355
FAN-B 78] / ‘ 504 117 ‘ 839 | 150 7.6 10.4 13.1 461 396 527 408
FAN-B-AdaNCA | No-Prior 517 124 841 | 173 102 135 16.3 47 428 535 410
FAN-B-AdaNCA Ours 517 124 841 | 203 10.6 141 19.1 447 429 534 410
Table 9: Hyperparameters used in AdaNCA-equipped ViT training.
‘ RVT-B-AdaNCA FAN-B-AdaNCA Swin-B-AdaNCA ConViT-B-AdaNCA
Learning rate le-3 2e-3 le-3 le-3
Batch size 1024 2048 1024 1024
Model EMA decay 0.99996 0.99992 / 0.99996
Stochastic depth 0.1 0.35 0.5 0.1
Random erase prob 0.25 0.3 0.25 0.25
Gradient clip None None 5.0 None
MixUp 0.8 0.8 0.8 0.8
Label smoothing 0.1 0.1 0.1 0.1
Min learning rate le-5 le-6 le-5 le-5
Weight decay 0.05 0.05 0.05 0.05

C.6 Training details

We use different training schemes for the four selected baseline models, closely following the
parameter settings for each of them (link to reference configuration files: RVT-BIFAN-B/Swin-
BlConViT-B,). Most training settings are in line with DeiT [63] since all models used build the
training upon the scheme of training a DeiT but with minor changes. Some specific training settings
are listed in Table Ol

All models are trained for 300 epochs. Our ablation studies on the size of the model (Swin-B-abl,
ConViT-B-abl) also follow the same training settings. The detailed time consumption for training
each model using 4 Nvidia-A100 80G GPUs is in Table[T0] The excessive time of RVT is because of
the patch-wise augmentation [42].

C.7 Adversarial attacks

We test all AdaNCA-equipped ViTs using four adversarial attacks based on the code [34]. The detailed
setting of each attack is given in Table[TT] We try setting the Expectation Over Transformation (EOT)
to 3 and the results do not change significantly (For Swin-B, APGD-DLR, EOT=1: 25.124, EOT=3:
25.121). Hence, we fix the EOT to 1.

C.7.1 Choice of adversarial attacks

We choose PGD [41]] since it is the most popular method for examining model adversarial robustness
after architectural changes [58}, 142]]. However, it is relatively easy to overcome the PGD attack

Table 10: Training time of each AdaNCA-equipped ViT.

‘ RVT-B-AdaNCA FAN-B-AdaNCA Swin-B-AdaNCA ConViT-B-AdaNCA
Training time (hours) | 400 180 120 100
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https://github.com/microsoft/Swin-Transformer/blob/main/configs/swin/swin_base_patch4_window7_224.yaml
https://github.com/microsoft/Swin-Transformer/blob/main/configs/swin/swin_base_patch4_window7_224.yaml
https://github.com/facebookresearch/convit?tab=readme-ov-file#training

Table 11: Hyperparameters in different adversarial attacks.

| PGD [4]] CW [5] APGD-DLR [9] APGD-CE [9]

Max magnitude 1.0 / 1.0 1.0
Steps 5 20 5 5
Step size 0.5 / / /
K / 0.0 / /
c / 0.5 / /
p / / 0.75 0.75
EOT / / 1 1

Table 12: Results of ViTs and AdaNCA models under Square [2] attack on ImageNet100.

\ Placement (after) Clean Acc. Square Attack Failure Rate

Swin-T [3§]] / 86.56 16.18 18.69
Swin-T-AdaNCA 4 87.18 31.74 36.41
FAN-S [78] / 87.30 29.44 33.72
FAN-S-AdaNCA 5 88.22 42.24 47.88
RVT-S [42] / 87.18 33.14 38.01
RVT-S-AdaNCA 9 87.50 39.12 44.71

using obfuscated gradients through methods such as random inference, noisy architecture, or non-
differentiable components [3]]. Our AdaNCA does not fulfill the requirement for producing obfuscated
gradients since it is fully differentiable and we turn off all randomness during test. However, we
still want to examine whether recurrence would result in corrupted gradient information due to the
drawback of cross entropy loss [9]. Moreover, the step size in PGD can largely affect the result.
Hence, we choose Auto-PGD family [9] to automatically decide the step size and incorporate the
new Difference of Logits Ratio (DLR) loss, resulting in APGD-CE and APGD-DLR, respectively.
We also want to include an optimization-based adversarial attack and thus select the CW [3] attack.

C.7.2 Black-box attack

We also consider the black-box attack, specifically Square [2]. However, due to the extreme com-
putational cost of performing Square on ImageNet1K, we instead conduct Square attack to three
models, Swin-tiny (Swin-T) [38], FAN-small-hybrid (FAN-S) [78]], and RVT-small-plus (RVT-S), on
ImageNet100. The three models are used in our AdaNCA analysis in Section[3.3] The maximum
magnitude e = 6/255 and the number of queries is 1000. Results are shown in Table The
AdaNCA placements are in line with the highest robustness improvement placements demonstrated
in Figure[7]

C.8 The effect of the range of the steps in random step training

Our random stap training strategy contributes to the model robustness as shown in Table 3| In all
of our experiments, we adopt a range of 2 in the random step setting. Here, we examine the effect
of increasing the range. We use the same setting as described in Section[4.3] Results are given in
Table[I3] We can observe that more choices of the recurrent steps worsen the model performance.
This might stem from too much noise introduced into the training process which leads to underfitting.
Therefore, we only adopt a range of 2 in our experiments.

C.9 Reason for using ImageNet22K model for RVT

We use the ImageNet22K-pretrained model for RVT-Base-plus in our main results. This is because we
do not find an official release of the ImageNet1K-trained weights. Moreover, our trainable parameter
count on the model in the released code differs from the one reported in the original paper (ours:
88.5M, in-paper: 91.8M) [42,1660]. Hence, self-training might deviate from the results in the official
paper. We tried to contact the author for an ImageNet1K version of the model but did not succeed.
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Table 13: Results of Swin-Tiny and the AdaNCA-enhanced models with different ranges of random
steps on ImageNet100.

| Range Clean Acc. AutoAttack  Attack Failure Rate

Swin-T[38] | / 86.56 10.64 12.29
[3,5] 87.18 19.52 22.35

Swin-T-AdaNCA | [2,6] 87.02 19.02 21.85
[1,7] 86.84 16.20 18.65

Table 14: Integrating AdaNCA with a pre-trained ViT on ImageNet1K. All integration schemes
perform worse than training Swin-B-AdaNCA from scratch.

| Clean Acc. (1) IM-A (1) APGD-DLR (1) IM-R (1) IM-SK(})

Swin-B 83.4 35.8 15.6 46.6 324
Swin-B-AdaNCA 83.7 36.0 25.1 48.2 35.5
Freeze All 83.1 30.9 11.5 46.2 325
Boundary Training 83.1 32.8 19.5 47.1 33.9
Finetune All 83.3 349 19.9 46.9 33.7

We test the result of the released model (ImageNet22K version) on PGD attack and get an accuracy of
30.47. In the paper, the authors report this number to be 29.9 on the ImageNet1K model. Hence, we
assume that the results of adversarial attacks can be used as a representative, though might be slightly
optimistic. Importantly, this does not falsify our claim that TAPADL modification undermines
the adversarial robustness of RVT, since TAPADL-RVT already falls short in PGD attack when
compared to the ImageNet1K version of RVT-Base-plus. However, for the O.0.D test, ImageNet22K
model can differ a lot from the ImageNet1K models, as most data would be counted as in-distribution
w.r.t ImageNet22K. Therefore, we use the official values reported in the original paper [42] on those
benchmarks. Moreover, for the comparison other than adversarial attacks, we use TAPADL-RVT
[23]] as a proxy of the RVT model.

C.10 Visualization of attention maps

We aim to qualitatively show that AdaNCA helps ViTs perform correct classification when facing
noise. Here, we use GradCAM++ [6] to visualize the attention map of Swin-Base [38] and Swin-B-
AdaNCA on the clean images as well as images containing adversarial noise. We use APGD-DLR
to generate the adversarial images. Results are shown in Figure[0] We can observe that AdaNCA-
enhanced Swin model focuses more on the objects, while the baseline model attends to areas unrelated
to the object on the images when facing adversarial noise.

C.11 Integrating AdaNCA into pre-trained ViT models

In our experiments, we train all models from scratch. Implementing AdaNCA as a plug-and-play
module for pre-trained ViT models would certainly improve the training speed. To explore this, we
experiment by inserting AdaNCA into a pre-trained Swin-base model on ImageNet1K by 1) freezing
all ViT layers; 2) training only the boundary layers, where boundary layers are the layers before
and after the insert position of AdaNCA; 3) Finetuning all layers. Results are given in Table [14]
None of the schemes perform as well as training from scratch. The results indicate that the current
NCA is able to adapt to such a scheme. However, it may struggle to effectively transmit information
between two pre-trained ViT layers, as these layers have already established strong connections. In
contrast, training the model from scratch allows NCA and ViT to synergistically adapt to feature
variability, resulting in better overall performance. However, it is worth exploring in the future since
the fine-tuning scheme can contribute to the performance.
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Figure 9: Visualization of attention maps of Swin-Base [38] and Swin-B-AdaNCA using GradCAM++
[6] on clean images and images with adversarial noise. AdaNCA helps ViTs focus more on the object
when facing noise.

Table 15: Comparison with VITCA. ViTCA performs worse in clean accuracy and is on-par with
AdaNCA in robustness. Note that VITCA has more parameters than our scheme Dynamic Interaction.
The training setting is the same as in Section4.3|in the main paper.

\ #Params M) FLOPS (G) Clean Acc.(T) Attack Failure Rate (1)

Dynamic Interaction 27.94 4.7 87.18 22.35
ViTCA, scale=1 28.48 4.8 86.78 19.47
ViTCA, scale=2 29.08 4.9 86.72 22.28

C.12 Additional results on comparison with current methods

We have presented the comparison between our AdaNCA and the current SOTA method, TAPADL
models [23]], in Section@ Here, we provide an additional comparison with the ViTCA model
[62]]. In ViTCA, tokens interact with each other through local self-attention. We aim to compare our
proposed Dynamic Interaction module with the interaction learning scheme in ViTCA. Results are
given in Table[T3] Despite having more parameters, the VITCA-like scheme performs worse in clean
accuracy and is on-par with AdaNCA in robustness. This indicates that it is promising to explore the
possibility of incorporating ViTCA into our framework.

C.13 Additional results on same model architecture but with more layers (x models)

Due to the computational cost of RVT [42] and FAN [[78]] (Table , we do not train them with more
layers and thus do not have a x version of these two models. Instead, we train the smaller version
of models on ImageNet100. We choose RVT-small-plus (RVT-S) and FAN-small-hybrid (FAN-S)
as two baselines, which is in line with our other experiments on ImageNet100. We add one extra
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Table 16: Results of different ViTs on ImageNet100. x means the same model design but with more
layers. The improvement AdaNCA brings does not merely stem from the increase in the number of
parameters or FLOPS.

| Params (M) FLOPS (G) | Placement (after) | Clean Acc. Acc. AutoAttack  Attack Failure Rate

FAN-S [78] 25.8 6.7 / 87.30 18.70 21.42
FAN-S* [78] 27.7 7.1 / 87.46 19.40 22.88
FAN-S-AdaNCA 26.1 6.9 5 88.22 27.76 31.47
RVT-S [42] 23.0 4.7 / 87.18 29.80 34.18
RVT-S* [42] 24.8 5.1 / 87.52 32.14 36.72
RVT-S-AdaNCA 23.3 49 9 87.50 36.90 42.17

Table 17: Comparisons of corruption error on each corruption type of ImageNet-C. AdaNCA
consistently improves the performance of different ViT models.

Model mCE Noise Blur Weather Digital
Gauss  Shot Impulse | Defocus Glass Motion Zoom | Snow Frost Fog Bright | Contrast Elastic Pixelate JPEG
Swin-B [38 | 543 | 43.8 457 43.8 61.6 73.2 55.5 665 | 50.0 474 479 421 | 387 68.8 66.4 62.6
Swin-B-AdaNCA 51.5 395 409 398 595 69.5 55.0 65.6 494 471 408 40.6 37.0 66.3 59.9 61.1
RVT-B-AdaNCA 432 | 339 361 339 52.7 59.1 478 60.5 | 426 39.0 339 368 31.7 534 40.0 46.2

ConViT-B [16 | 469 | 36.0 376 355
ConViT-B-AdaNCA 443 | 34.7 359 342

56.5 64.4 51.5 650 | 426 405 393 391 | 380 61.7 43.6 51.8
53.1 61.0 48.6 604 | 405 401 372 372 335 57.1 424 494

52.8 65.9 47.7 569 | 40.6 444 379 374 | 343 62.8 52.8 50.6
51.9 65.7 453 556 | 397 433 373 370 331 62.0 46.8 479

TAPADL-RVT [23] | 447 | 346 36.1 34.0 ‘ 539 623 522 60.1 ‘ 419 449 358 374 | 319 57.1 41.1 472

FAN-B [78 | 46.1 ‘ 36.5 36.8 34.7

FAN-B-AdaNCA 44.7 | 355 360 33.7

layer to RVT-small-plus and one extra layer to the FAN network in FAN-small-hybrid, resulting in
RVT-S* and FAN-S*. We compare it with our AdaNCA-equipped model where AdaNCA is after
layer 9 in RVT-S and after layer 5 in the FAN-S, aligning with Table[T2] We use the same AutoAttack
as described in Section[A]to measure the robustness improvement and attack failure rate. Results are
shown in Table[T6] We can observe that the increase in the number of parameters and FLOPS does
not account for the improvement in robustness.

C.14 Additional results on layer similarity structure

Here, we show the layer similarity structure for FAN-B-Hybrid [78] and ConViT-B [[16] with the
ImageNet1K weights and the weights after training with AdaNCA. For RVT-Base-plus, we train it
with the released code [[66] but with a different number of parameters, as discussed in Section[C.9]
This training is only for obtaining the layer similarity structure, and we find it stable after 30 epochs.
The results are shown in Figure In practice, we ignore the stage partition found by the dynamic
programming algorithm in Section [A.T|that is after the first layer or before the last layer since we
want a stage to contain more than 1 layer. The results further validate our assumption that AdaNCA
is used as an adaptor between stages and transmits information between them, making them more
and more different from each other. Interestingly, not all AdaNCA contributes to drastic clearer stage
partitions. For example, the first AdaNCA in FAN-B is not effective in making the stage as clear as
the second one. However, the overall Set Cohesion Index increases, and the layer similarity structures
in all 4 networks do not change. We believe the deep learning architecture research can benefit from
our results, in that developing more architectural changes which contribute to stage partition in the
network and examine the effect on network robustness and generalization. More importantly, we use
a single non-parametric metric for quantifying the layer similarities. Introducing advanced output
similarity quantification methods might lead to new findings and other fascinating results.

C.15 Additional results on category-wise mCE on ImageNet-C

We provide additional results on category-wise mCE on ImageNet-C in Table Our test follows
the data transformation used in [42].

C.16 Additional results on noise sensitivity examination

We use the data from [60]]. In the experiment, human subjects are asked to classify the noise-
contaminated images, and the classification accuracy is recorded. Then, the images are fed into the
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Figure 10: Layer similarity structures of different ViTs. Layer set marked in red boxes. AdaNCA is
inserted between each pair of stages. K.eqn 1S the mean of x of all stages marked out.
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Figure 11: Noise sensitivity examination on humans and ViTs. AdaNCA contributes to more human-
like noise-resilient ability and reduces the sensitivity of ViTs on certain types of noise (yellow boxes).

models trained on ImageNet1K, whose outputs are then transformed into a 16-way ImageNet label
[56] and compared against the ground truth labels. Their classification accuracy is also recorded and
used for comparison with human results. We present the additional results on FAN-B-Hybrid [78]]
and the SOTA model TAPADL-RVT [23]] compared to the AdaNCA-equipped model in Figure [T}

Moreover, we adopt a quantitative metric on the test. In the original experiment [60], a Gaussian
curve is fit based on the discretized accuracy map. However, such a method ignores the continuous
change in the classification pattern. Hence, we propose a simple metric that examines the similarity
between the accuracy map of humans and of models. Specifically, given the ground truth accuracy
map (human performance) Ag;, and model accuracy map A, the similarity I" is defined as:

1
I'=100- + Zf [Am(e, f) — Age(e, )] (12)

€, f represent the magnitude and frequency of the noise, respectively. A higher I indicates that the
model can achieve more similar accuracy maps with humans averaged across all noisy images. N is
the total number of types of noise added. Since all models as well as humans perform similarly on
low-magnitude noise, we ignore the first two noise levels (e = 0, 0.02). Hence, in our experiments,
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Table 18: Quantitative results on the frequency preference examination experiments. We report the
similarity of accuracy maps between model results and humans.

| Accuracy map similarity to ground truth I'

ResNet50 [27]] 72.23
ResNet50-Adv [60] 52.12
TAPADL-RVT [23] 81.91

RVT-B-AdaNCA 82.17
FAN-B-Hybrid [[78]] 83.52
FAN-B-AdaNCA 84.75
Swin-B [38]] 77.07
Swin-B-AdaNCA 81.34

ConViT-B [16] 79.69
ConViT-B-AdaNCA 81.56

N = 21. We report I in Table @ We also include the results of ResNet50 [27] as well as the
L2-adversarially-trained version [60] (ResNet50-Adyv, trained with L2-bounded adversarial noise
where the maximum magnitude of noise is 0.25), and present the visualizations of the accuracy maps
of those two models in Figure. Critically, our results indicate that the adversarially trained model
cannot lead to improved accuracy similarities, resulting in a less human-like noise-resilient ability.
This is in line with the conclusion of the original work [60]], validating our proposed metric. Contrary
to adversarial training, we obtain more human-like decision patterns than the compared models,
validating our claim in Section§.4]

C.17 Datasets information and license

* ImageNet1K [12]. This dataset contains 1.28M training images and 50000 images for validation.
We report the topl accuracy on the 50000 validation images. License: |Custom (research, non-+
commercial).

» ImageNet-C [28]. This dataset contains 15 types of 2D image corruption types that are generated
by different algorithms. The metric on this dataset is mean corruption error, whose lower value
represents a more robust model against those corrupted images. License: CC BY 4.0.

» ImageNet-A [13]]. This dataset contains naturally existing adversarial examples that can drastically
decrease the accuracy of ImageNet1K-trained CNNs. It is a 200-class subset of the ImageNet1K
dataset. License: MIT license.

» ImageNet-R [30]. This dataset contains different artistic renditions of 200 classes from the original
ImageNet object classes. The original ImageNet dataset discourages non-real-world images, and
thus the artistic renditions render the images to be O.0.D. License: MIT license.

» ImageNet-SK [67]. This dataset contains 50000 images with 1000 classes that match the validation
set of the original ImageNet dataset. All the images are black-and-white sketches instead of
real-world photographs of the object class. License: MIT license.

C.18 Model and code license

e Swin-B [38]]: MIT License.

¢ FAN-B [[78]]: Nvidia Source Code License-NC.

* ConViT-B [16]: Apache 2.0 License.

* RVT [42]: Apache 2.0 License.

* TAPADL [23]]: MIT License.

¢ Code for adversarial attacks [34]: MIT License.
» PyTorch Image Model [69]: Apache 2.0 License.
* Code for GradCAM++ [[19]]: MIT License.
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Table 19: Stochasticity during testing will give a false sense of adversarial robustness. We conduct
the same experiments twice, which result in Trials 1 and 2. The training setting is the same as in
Section[4.3]in the main paper.
| Clean Acc. (1) CW Acc. (1)
Test-time Synchronous ‘ 87.18 9.48

Test-time Stochasticity, Trial 1 87.10 10.72
Test-time Stochasticity, Trial 2 87.06 10.60

Table 20: Removing % in Equationduring training and directly testing with synchronized update.
Our dropout-like compensation scheme improves AdaNCA'’s performance.
\ Clean Acc. (1) Attack Failure Rate (1)

Original 87.18 22.35
No % 86.84 21.94

D Extended ablation studies

In this section, we discuss the design of our AdaNCA and provide additional ablation studies on the
designs of AdaNCA.

D.1 The dropout-like strategy

In Section[3.1.1} we introduce our approach of using the dropout-like strategy to perform the stochastic
update during training and testing. While previous NCA works claim that the stochasticity can be
preserved [441/46] or can be simply switched off [62]] during testing, the proposed dropout-like scheme
is necessary in our case. First, We highlight that stochasticity during testing can hinder the evaluation
of adversarial robustness by producing obfuscated gradients [3]], leading to the circumvention of
adversarial attacks. Table @] illustrates this issue, where we test the classification accuracy under
CW attack. Stochasticity also results in inconsistent outputs. This is problematic for practical image
classification tasks where reliable output is critical, unlike applications focusing on visual effects
[461162]] or collective behaviors [S5]. The change in clean accuracy in Tableindicates that given the
same image, the stochasticity can lead to different decisions, hindering the deployment of the trained
models in real-world scenarios. To further demonstrate the necessity of our scheme, we remove the
compensation of the output magnitude during training, i.e., we remove the % in Equationduring

training and directly test the model with a synchronized update. The results are given in Table 20]
The drop in clean accuracy and robustness suggests that downstream ViT layers struggle with varying
NCA output magnitudes, indicating the usefulness of our proposed dropout-like method.

D.2 Dynamic Interaction

Our motivation for developing the Dynamic Interaction module is the high dimensionality of feature
vectors in modern ViT models. We underscore that any operations involving linear transformations
of the concatenated interaction results will lead to drastic increases in computational costs, as shown
in Table 21] Note that the concatenation scheme nearly doubles the FLOPS for RVT compared
to the baseline, leading to difficulties in training. Such an increase renders scalability a challenge.
Admittedly, more parameters can contribute to better performance, as shown in Table 22| Note,
however, that our Dynamic Interaction achieves 70% of the improvements of the original NCA
concatenation scheme (10.06/14.62) in robustness improvement and 60% improvement in the clean
accuracy (0.62/1.06), with merely 10% of the parameters and FLOPS (0.35/2.99 for # Params and
0.2/2.3 for FLOPS). Therefore, our Dynamic Interaction scheme provides a good trade-off between
the performance and computational costs. It is capable of scaling up, allowing us to insert AdaNCA
into even larger models, such as current vision-language models where the token dimensionality
is even higher. Moreover, we qualitatively showcase in Figure [I2] that Dynamic Interaction helps
robustify AdaNCA when facing noisy inputs.
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Table 21: The concatenation scheme of the original NCA results in a large increase in the computa-
tional costs when the token dimensionality is high, leaving scaling up to large datasets and model

sizes a challenge.
| #Params (M) FLOPS (G)

Swin-B 87.8 154
Swin-B-AdaNCA 90.7 16.3
Swin-B-AdaNCA, Concat 115.5 24.7
RVT-B \ 88.5 17.7
RVT-B-AdaNCA 91.0 19.0
RVT-B-AdaNCA, Concat 112.3 34.0

Table 22: Performance of using our Dynamic Interaction and the concatenation scheme of original
NCA on ImageNet100. Numbers in parentheses indicate performance improvement compared to the
Baseline. Our method achieves a large portion of the performance improvement (60% 70%) brought
by the concatenation scheme with much fewer computational costs ( 10%).

[ # Params M) FLOPS (G) Clean Acc.(T) Attack Failure Rate (1)

Baseline 27.59 4.5 86.56 12.29
Dynamic Interaction | 27.94 (+0.35) 4.7 (+0.2) 87.18 (+0.62) 22.35 (+10.06)
Concat 30.58 (+2.99) 6.8 (+2.3)  87.62 (+1.06) 26.91 (+14.62)

Without Dynamic Interaction
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Figure 12: Visualization of the developing token maps of AdaNCA using PCA. Without Dynamic
Interaction, AdaNCA cannot recover from the noisy adversarial inputs. Equipped with it, the model
can stick to the evolution path similar to the clean inputs.

30



Table 23: Overly large neighborhood size during token interaction will undermine the model per-
formance as it complicates the process of figuring out which neighbors to interact with and adds
too much noise during the process. While increasing the model capacity can alleviate such an issue,
AdaNCA still struggles to handle too-noisy information when the scale is too high. Note that the
larger filter scheme achieves on-par results with our method when the scale is 2, indicating that it
does not provide additional useful information for token interaction at this scale.

\ # Params (M) FLOPS (G) Clean Acc.(f) Attack Failure Rate (1)

Original, scale=3 27.94 4.7 86.60 20.44

Larger filter,scale=3 28.04 4.7 86.74 21.13
Larger W) receptive field,scale=3 27.98 4.7 86.66 20.32
Original, scale=2 27.94 4.7 87.18 22.35

Larger filter,scale=2 27.96 4.7 87.14 22.31

D.3 Multi-scale Dynamic Interaction

Our motivation for developing multi-scale interaction is to perform more efficient token interaction
learning over local scales since ViT already contains global information. Enlarging the neighborhood
size will: 1) Complicate the process of selecting the neighbors to interact with; 2) Introduce excessive
noise, making it difficult for tokens to accurately acquire neighbor information. 3) Repeatedly
acquire the global information provided by ViT. The recurrence further amplifies the noise. In our
ablation study in Section[4.3] we notice that increasing the number of scales to 3 will undermine the
performance. Such an issue is also observed in previous work [[62]] where local self-attention is used
for interaction learning. While in theory both Dynamic Interaction and self-attention can discount
far-away information as the tokens can decide their own interaction neighborhood, overly large
neighborhood size can lead to the problems mentioned above. Note that our model gains performance
when § = 2 (5 x 5 neighborhood), indicating the usefulness of our multi-scale module. We further
explore whether the multi-scale issue can be solved by increasing the model capacity. Specifically, we
develop two additional schemes. The first is to replace the dilation in Dynamic Interaction by simply
using larger filters. The other one enlarges the receptive field of the weight computation network W,
in Equation[9} Instead of using two 3 x 3 convolution layers, we change the first layer tobe a5 x 5
convolution. As a result, the receptive field of Wy, becomes 7 x 7, matching the one when & = 3.
We use the same training setting as in Section[4.3] Results are given in Table[23] Although increasing
model capacity might alleviate the noise issues, AdaNCA struggles with overly large neighborhoods.

E Differences between traditional NCA and AdaNCA

While AdaNCA is inspired by NCA, it does not fully exploit the designs of traditional NCA. We
discuss three key differences between AdaNCA and NCA below:

1. Different initial states. NCA in image generation starts from either constant or randomly
initialized cell states, typically referred to as the seed states, while AdaNCA receives the
outputs from previous ViT layers. Hence, AdaNCA handles structured inputs at the very
beginning.

2. Different usage of cell states. Traditional NCA does not use all cell states for accomplishing
the downstream tasks. After certain steps of evolution, a subset of the cell states is extracted
to perform the given task. The unused cell states, termed hidden states, facilitate cell commu-
nications as they can be used to store additional information [44]. The dimensionality of the
hidden states is typically several times that of the input. When the cell dimensionality is high,
as is the case in ViT, adding too many hidden states will bring too much computational costs.
Moreover, cells can store effective enough information when they have high dimensionality.
Therefore, we do not adopt the hidden states design in AdaNCA.

3. No pooling strategy. A critical component of traditional NCA is the pooling strategy. Instead
of starting from the seed states in every epoch, NCA fetches the starting states from a pool,
where the output states from previous epochs are stored. Through this strategy, NCA can
explore much longer time steps without suffering from gradients or memory issues. While it
is tempting to incorporate the pooling trick into our method, two major concerns hinder its
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practical implementation: 1) The previous NCA models start from their own outputs in the
pooling strategy. In other words, the cell states in the pool are generated by the model itself.
However, AdaNCA starts from the outputs of a ViT layer. Such a difference renders the
pool trick hard to implement. 2) Taking a step back, even if there is a well-designed pooling
strategy for AdaNCA, it will bring too much computational costs during testing. A single
step of AdaNCA introduces non-trivial FLOPS during testing, as shown in Table[I] The
ultimate goal of the pooling strategy is to ensure the stability of NCA in large time steps,
while large time steps will slow down the inference.
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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: Our claim on AdaNCA improving ViT’s robustness is validated in Section {4
Guidelines:

e 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: The limitation of our work is discussed in Section [3
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?

Answer: [NA]
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Justification: We do not have theory assumptions and proofs in the paper.

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: We disclose all architecture and training details in Section [3.2] 4} [C.T]and [C.6]

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

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?
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Answer:
Justification: We are preparing the code release and will publish the code soon.
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: We disclose all training details in Section 4} and
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: Please see Section[B|in the Appendix.
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.)

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

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.
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8.

10.

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% CIL, 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: We provide the hardware and time consumption for our experiments in Sec-
tion[C.6)in the Appendix.

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: We have read the NeurIPS Code of Ethics and strictly follow it during the
research.

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: Please see Section[6]
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: The paper does not pose 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: Please see Section[C.17and [C.18]in the Appendix.
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:

Justification: We do not include code or model release in the paper, but we are preparing it
for a full publication.

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 have crowdsourcing and we do not conduct research with
human subjects.

* 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 have crowdsourcing and we do not conduct 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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