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Abstract: Most explanation methods are designed in an empirical manner, so exploring whether there exists a
first-principles explanation of a deep neural network (DNN) becomes the next core scientific problem in explainable
artificial intelligence (XAI). Although it is still an open problem, in this paper, we discuss whether the interaction-
based explanation can serve as the first-principles explanation of a DNN. The strong explanatory power of interaction
theory comes from the following aspects: (1) it establishes a new axiomatic system to quantify the decision-
making logic of a DNN into a set of symbolic interaction concepts; (2) it simultaneously explains various deep
learning phenomena, such as generalization power, adversarial sensitivity, representation bottleneck, and learning
dynamics; (3) it provides mathematical tools that uniformly explain the mechanisms of various empirical attribution
methods and empirical adversarial-transferability-boosting methods; (4) it explains the extremely complex learning
dynamics of a DNN by analyzing the two-phase dynamics of interaction complexity, which further reveals the internal
mechanism of why and how the generalization power/adversarial sensitivity of a DNN changes during the learning

process.
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1 Introduction behaviors of a DNN. However, the explainable Al

community has not reached a consensus on the “first-
Although deep neural networks (DNNs) have

exhibited superior performance in various tasks,
their decision-making logic is not transparent. The
lack of interpretability is especially critical in high-
risk tasks, such as medical diagnosis and autonomous
driving. Many studies (Simonyan et al., 2014; Yosin-
ski et al., 2015; Bau et al., 2017; Selvaraju et al.,
2017; Kim et al., 2018) on explainable artificial in-
telligence (AI) aim to explain the complex learning

principles explanation” that can faithfully explain
both the knowledge and the generalization power of
neural networks. How to define the first-principles
explanation of a DNN remains an open problem.

As a result, many explanation methods are de-
signed mainly in an empirical manner. To this
end, the first-principles explanation is supposed to
be a unified theory system with a set of axioms
and theorems that can comprehensively explain the
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internal mathematical mechanisms of various deep
learning phenomena, including knowledge represen-
tation, generalization power, adversarial robustness,
and learning dynamics.

In this paper, we aim to discuss the potential
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of the theory system of interactions serving as the
first-principles explanation of a DNN, including the
theoretical achievements of interaction theory and
its limitations. Specifically, we will analyze the rep-
resentation power of interaction theory from various
perspectives, e.g., explaining the knowledge repre-
sentation of a DNN, explaining the mechanism be-
hind the performance, using interactions to unify
empirical deep learning methods, and, more impor-
tantly, explaining the extremely complex learning
dynamics of a DNN. All these perspectives are neces-
sary issues with respect to (w.r.t.) the first-principles
explanation of a DNN.

2 Interaction-based explanation
2.1 Background

Before the discussion of the first-principles ex-
planation, let us first revisit the long-lasting disap-
pointing view of the faithfulness of the post-hoc ex-
planations of a DNN. One of the most fundamental
and challenging issues for an interpretability theory
is whether the internal decision-making logic of neu-
ral networks can be accurately and rigorously ex-
plained. However, many well-known scholars have
considered that faithfully explaining the decision-
making logic of a DNN as symbolic inference patterns
is an impossible task. Specifically, Rudin (2019)
called to stop using inaccurate post-hoc explanation
methods to explain black-box machine learning mod-
els for high-stake applications, and use interpretable
models instead. Ghassemi et al. (2021) claimed that
using current explanation methods to aid medical
decisions is a false hope. Adebayo et al. (2018) found
that some existing saliency methods are misleading,
because they are independent of both the model and
the data generating process.

Therefore, faithfully explaining the output score
of a DNN has become one of the biggest challenges
in the explainable Al community. The faithfulness
of explaining the output score of a DNN is the first
challenge.

2.2 Preliminaries: definition of interactions

As a direct response to the above disappoint-
ment of post-hoc explanations, Ren J et al. (2023a)
proposed the use of interactions between different
input variables in the input sample to represent the
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knowledge (or concepts) encoded by the DNN. Given
a trained DNN v : R" — R, and a specific in-
put sample = = [z1,22,...,2,]T € R", indexed by
N = {1,2,..,n}. The DNN usually encodes only
a small set of salient interactions (2anq, {20 for in-
ference on the input ®. As Fig. 1 shows, a sur-
rogate logical model based on AND—OR interac-
tions h(®r) = Ygcn. L(akh miion ) - Lana(S) +
Y 5e., 1( g iieeers )+ Iop(S) can accurately mimic
network outputs v(a7) on all randomly masked in-
put samples &7, where 7 denotes the masked state
where all variables in N \ T in « are masked w.r.t.
TCN.

Lina(S) represents the numerical effect of an
AND interaction encoded by DNN wv.
ple, in Fig. 1a, given the input prompt of “Einstein’s
Theory of General Relativity proposes that gravity
is the warping of,” let DNN v predict the next token
“space” within the word “spacetime.” The interaction
I,,(S = {FEinstein’s,of}) is encoded by the DNN.
This is because the token “Einstein” is statistically
related to the predicted token “space,” and the prepo-

For exam-

sition “of” is typically followed by a noun (in this
case, “space”).
action like I,nq(S = {Einstein’s, the, warping, of })
is used by the DNN to generate “space.” When
all words in S = {Einstein’s, the, warping, of} ap-

Furthermore, more complex inter-

pear in the prompt, the function 1(,%5 He ) is
triggered and 1 is returned.
masked, the function ]l( AT trissers s) is salient and 0
is returned.

If any word in S is

The following three properties guarantee that
the interactions can be faithfully considered as prim-
itive inference patterns encoded by the DNN. (1)
Sparsity property: Li and Zhang (2023) discovered
and Ren QH et al. (2023b) proved that the DNNs
encode only a small number of salient interactions
for inference under three common conditions. (2)
Universal-matching property: Chen et al. (2024)
proved that we can use interactions S C N to ac-
curately mimic the network outputs on all randomly
masked samples . (3) Transferability property: Li
and Zhang (2023) observed that many salient inter-
actions extracted from one input sample can also be
extracted from other input samples in the same cat-
egory, and that many salient concepts encoded by a
DNN are usually encoded by other DNNs trained for
the same task. Chen et al. (2024) further proposed a
method to extract generalizable interactions shared
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Fig. 1 AND-OR logical model that explains the inference patterns used by a DNN. The inference of a DNN
on a certain input sample is equivalent to a surrogate logical model that uses a small number of AND-OR
interactions for inference. Each interaction corresponds to an AND relationship or an OR relationship between
a set of input variables. We visualize interactions between different tokens in inputs from the sentence dataset
used by an LLM (Shen et al., 2023) (a), interactions between different point cloud clusters in inputs from the
ShapeNet dataset (Yi et al., 2016) used by a PointNet model (Qi et al., 2017) to classify a “motorbike” (b),
and interactions between different RSSIs in inputs from the UCI wireless indoor localization dataset (Dua and
Graff, 2017) used by a five-layer MLP for indoor localization (c). DNN: deep neural networks; LLM: large
language model; RSSIs: received signal strength indicators; MLP: multi-layer perceptron

by different DNNs.

2.3 Explaining the representation capacity of
DNNSs using interactions

In this paper, how to define the first-principles
explanation of a DNN is the core issue. To this end,
we believe that if the theory system of interactions
can well explain various deep learning phenomena,

then the theory system of interactions is more likely
to be considered as the first-principles explanation of
the DNN.

Therefore, in this subsection, we briefly re-
view how interactions can be used to explain the
internal mechanisms that determine the adversar-
ial robustness, the generalization power, and the
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representation bottleneck of the DNN.

1. The complexity of interactions directly de-
termines the adversarial robustness of the DNNs.
Considering that Ren J et al. (2023a) demonstrated
that the decision-making logic of the DNN can be
explained as the sum of a small number of salient in-
teractions, the adversarial sensitivity of the entire Al
model can be represented as the sum of the adversar-
ial sensitivity of these interactions. To this end, Ren
J et al. (2021) discovered, and Liu et al. (2023) and
Ren QH et al. (2023a) further proved that the adver-
sarial sensitivity of an interaction has an exponential
relation with the order of the interaction. Here, the
complexity (order) of an interaction is defined as the
number of input variables in this interaction. Ren J
et al. (2021) discovered that adversarial training en-
hances the discrimination power of low-order interac-
tions, thereby boosting the adversarial robustness of
the model. Liu et al. (2023) mathematically proved
and empirically demonstrated that DNNs tend to
learn simple interactions more easily than complex
interactions. Ren QH et al. (2023a) proved that,
compared to a standard DNN, a Bayesian neural net-
work (BNN) is more likely to avoid encoding complex
interactions.

2. The complexity of interactions directly deter-
mines the generalization power of the DNNs. Zhou
et al. (2024) found that complex (high-order) inter-
actions are less generalizable than simple (low-order)
interactions. If an interaction is frequently triggered
by different training samples, and this interaction
is also triggered by testing samples at a similar fre-
quency, then this interaction is considered to be well-
generalized to testing samples; otherwise, it is not.
Zhang H et al. (2020) discovered that the dropout op-
eration improves the generalization power of a DNN
by decreasing the interaction strength. Cheng et al.
(2024) explained how DNNs gradually learn and for-
get inference patterns during forward propagation,
which provided new insights into how newly merged
interactions and forgotten old interactions were re-
lated to the generalization power of a DNN.

3. The complexity of interactions directly de-
termines the representation bottleneck of the DNNs.
Deng et al. (2021) discovered and proved the repre-
sentation bottleneck of the DNN; i.e., a DNN usually
tends to encode interactions of both extremely high
and extremely low orders, but is less likely to encode
interactions of medium orders. The cognition gap
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between the DNNs and humans is considered as the
representation bottleneck of the DNN.

2.4 Summarizing common mechanisms for
empirical deep learning methods

Another requirement for the first-principles ex-
planation of a DNN is the capacity to explain the
internal mechanisms of different deep learning meth-
ods. Currently, most deep learning methods are de-
veloped in an empirical manner without a solid the-
oretical foundation. To this end, we find that the
theory system of interactions well explains the deep
learning methods in the following two directions:

1. Unifying different attribution methods. Deng
et al. (2024) used interactions to unify the mech-
anisms of different attribution methods, which are
developed to estimate the importance/attribution of
a DNN’s input variables to the output score. They
proposed the Taylor interaction and proved that 14
attribution methods can all be reformulated as a re-
allocation of interaction effects encoded by the DNN.
For instance, the Shapley value (Shapley, 1953) can
be considered to be computed by evenly assigning
the interaction effect to each variable involved in the
interaction.

2. Unifying different adversarial-transferability-
boosting methods. Wang X et al. (2021) further
used interactions to explain a mathematical mecha-
nism shared by different adversarial-transferability-
boosting methods. These methods are developed
to generate adversarial examples with enhanced ad-
versarial transferability. Various methods are devel-
oped empirically without attempting to formulate
the essence of the transferability. To this end, Wang
X et al. (2021) found that adversarial transferability
and multi-order interactions are negatively corre-
lated, and that different adversarial-transferability-
boosting methods all decrease interactions between
adversarial perturbations.

3 Explaining the dynamics of the gen-
eralization power of a DNN

Although we have briefly revisited the achieve-
ments of the interaction theory in explaining DNNs
in the previous section, we still believe that the core
evidence for the first-principles explanation is the
capacity to explain the extremely complex learn-
ing dynamics of a DNN. It is well known that
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predicting the learning dynamics of a model is much
more challenging than explaining a static model.
Therefore, in this section, we introduce the latest
progress in explaining a DNN’s learning dynamics.

3.1 Discovering and proving two-phase dy-
namics of learning interactions

Zhang JP et al. (2024) discovered a two-phase
phenomenon in the training process of DNNs, as
shown in Fig. 2. Before the training process, a DNN
with initialized parameters tends to encode interac-
tions of moderate orders, while encoding very few
interactions of extremely high or extremely low or-
ders. In the first phase, almost all initial interactions
are quickly removed from the DNN. Only interac-
tions of very low orders (e.g., interactions of the first
and second orders) are gradually learned. In the
second phase, the DNN begins to learn interactions
of increasing orders. This can be explained as the
hypothesis that the DNN begins to learn over-fitted
features.

The above two-phase phenomenon has been
widely observed on various DNNs trained for dif-
ferent tasks. Specifically, Ren QH et al. (2024)
and Zhang JP et al. (2024) trained LeNet (LeCun
et al., 1998), AlexNet (Krizhevsky et al., 2012),
and VGG (Simonyan and Zisserman, 2014) on im-
age datasets, including the MNIST dataset (LeCun
et al., 1998), the CIFAR-10 dataset (Krizhevsky
and Hinton, 2009), the CUB-200-2011 dataset (Wah
et al., 2011), and the Tiny-ImageNet dataset (Le and
Yang, 2015). They also trained the BERT model
(Devlin et al., 2019) on the SST-2 dataset (Socher
et al., 2013) for sentiment classification, and trained
DGCNN (Wang Y et al., 2019) on the ShapeNet
dataset (Yi et al., 2016) for three-dimensional (3D)
point cloud classification.

Fig. 2 displays how the distribution of nor-
malized interaction strength across different orders
evolves during training. The normalized strength

of mt-order interactions is defined as I™ =
Ee (¥ s e 2gient:| S1=m (5]

Eicm/<nBalXsen iong:Isi=m’ TS’

{S C N : |I(S)] > 7} denotes all salient interac-
tions, the threshold is set to 7 = 0.03E[|v(x) — v(2)]]
(@ is an empty set), and v(z) = log(p(y*"°|x)/[1 —
p(y"™°|x)]) denotes the scalar confidence of the

where Qsalient =

true

ground-truth output y

Fig. 2 illustrates the widespread existence of

two-phase dynamics across various DNNs trained on
diverse datasets. Before training (at time point 1),
the DNN encodes mainly interactions of medium or-
ders. During the first phase (from time point 2 to
time point 3), the strength of medium- and high-
order interactions gradually diminishes to zero, while
low-order interactions grow stronger. This progress
can be considered as the removal of the initial in-
teractions for noise patterns. In the second phase
(from time point 3 to time point 6), the DNN begins
to learn interactions of increasing orders. This can
be explained as the over-fitting process, which learns
complex features.

Ren QH et al. (2024) followed the universal
matching property of interactions (Ren J et al.,
2023a) to reformulate the inference score of DNN
v(x = &g}) as the weighted sum of interaction-
triggering function:

VSQ N,’U(.’B = .’f)s) :g(:c = .’f)s)

(1)
st. g(x) = ZTCN WrJT(z)s

where Jr(xz) € {0,1} is a binary interaction-
triggering function that approximates the triggering
state of an interaction w.r.t. 7 on the given input
sample x. wp is a scalar weight. Thus, the learn-
ing of a DNN can be considered as the learning of
the scalar weight wp for each interaction-triggering
function Jr(x). Ren QH et al. (2024) considered the
learning problem as a regression to a set of poten-
tially true interactions.

Specifically, given a training sample x, the out-
put score of the finally converged DNN on all 2" ran-
domly masked samples {zs : S C N} can be written
asys = v(xz) + >, pcs W, according to the univer-
sal matching property of interactions. {w4 : T'C N}
can be taken as a set of true interactions that the
DNN needs to learn. Ren QH et al. (2024) assumed
that if the training of the DNN is subject to param-
eter noises, then the DNN’s training process can be
viewed as a process of gradually reducing the noise on
network parameters. Then, learning the converged
interactions on the training sample & can be repre-
sented as the following regression problem:

L(w) = EEscnlys —w' (J(zs) +€)],  (2)

where w = vec({wr : T C N}) € R*" denotes the
weight vector of 2™ different interactions. J(zs) =
vec({Jr(xs) : T C N}) € R*" denotes the binary
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Fig. 2 The two-phase phenomenon of the change of interaction’s complexity (Ren QH et al., 2024). Before
training: time point 1; first phase: time points 2—3; second phase: time points 3—6

triggering states of 2" interactions on the masked
sample xg. € = vec({er : T C N}) € R*" denotes the
vector of the noises. vec(-) vectorizes the input into
a 2"-dimensional vector.

The optimal solution to min, L(w) is @ =
(JTJ+2"diag(e)) *JTw* = Mw*. Here, J
[(J(xs,), J(€sy), .., J (®5,0 )] € RZ"*2" represents the
binary triggering states of 2" interactions on 2"
masked samples, and ¢ = vec({Varler] : T C N}) =
vec({2'Tl6? : T C N}) € R?" represents the vector
of variances of the triggering strength of 2" inter-
actions. The analytic solution to min,, L(w) shows
that under parameter noises, high-order interactions
are significantly suppressed.

Ren QH et al. (2024) have explained the dynam-
ics in the second phase. Specifically, they consider
the second phase as the change of the optimal solu-

tion to min., L(w) when parameter noises are grad-
ually removed during the training process. In this
way, if the parameter noises are weakened, then the
suppression of high-order interactions is also weak-
ened. This explains the learning of interactions of
increasing orders in the second phase.

Furthermore, Ren QH et al. (2024) conducted
experiments to examine the fitness between the the-
oretically predicted distribution of interactions over
different orders and the real distribution on these
DNNs. Ren QH et al. (2024) trained AlexNet and
VGG on the MNIST dataset, the CIFAR-10 dataset,
the CUB-200-2011 dataset, and the Tiny-ImageNet
dataset. They also trained the BERT-Tiny model
and the BERT-Medium model on the SST-2 dataset,
and the DGCNN model on the ShapeNet dataset.

Fig. 3 shows that the theoretically predicted distri-
bution matches the real distribution well.

Zhang JP et al. (2024) have explained the dy-
namics in the first phase. Specifically, they have
proved that the randomly initialized DNN usually
encodes interactions of medium and high orders. In
the first phase, the DNN removes the initial interac-
tions of medium and high orders, and learns mainly
low-order interactions. Thus, the first phase can be
viewed as the DNN gradually converging toward the
optimal solution under large parameter noises.

3.2 Using the knowledge/concept in a DNN
to explain its generalization power

When we discuss the first-principles explanation
of a DNN, the analysis of the generalization power
of a DNN is a key perspective. The first-principles
explanation of a DNN is supposed to reflect the in-
ternal mechanism of why and how the generalization
power of a DNN changes during the learning process.

To this end, we find that the two-phase dy-
namics of interaction complexity is also a key factor
determining the dynamics of a DNN’s generalization
power. In previous studies, the over-fitting level is
usually measured by the gap between the training
loss and the testing loss. However, there has not
been a mathematical connection between the loss
gap metric and the knowledge representation of a
DNN. In other words, the “knowledge” encoded by
the DNN cannot be used to explain its performance,
even though in human cognition the correctness of
knowledge must serve as the first explanation of the
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Fig. 3 Comparison between the theoretically predicted distribution of interactions across different orders and
the real distribution in the second phase (Ren QH et al., 2024)

performance.

Zhang JP et al. (2024) have experimentally ver-
ified the alignment between the two-phase dynam-
ics of the interaction complexity and the dynamics
of the loss gap. Zhang JP et al. (2024) and Zhou
et al. (2024) both indicated that high-order interac-
tions are the key reason for over-fitting of a DNN.
For example, Zhang JP et al. (2024) discovered that
the two-phase dynamics of the interaction complex-
ity is temporally aligned with the dynamics of the
loss gap (i.e., the over-fitting level). Specifically,
let the DNN’s over-fitting level be measured by the
gap between training and testing losses. Through-
out the first phase, the DNN gradually removes the
initial interactions of medium and high orders and
encodes mainly the generalizable low-order interac-
tions. Thus, the loss gap is relatively small.
comparison, in the second phase, the DNN learns

In

interactions of increasing orders, and the loss gap
begins to grow.

How to understand the over-fitting of a DNN
from interaction complexity. Since Ren J et al.
(2023a) proved that the output score of a DNN can
usually be decomposed into the effects of interac-
tions, the generalization power of the entire DNN
can be attributed to the generalization power of all
interactions that the DNN activates. To this end, al-
though the generalization power of a DNN is usually
defined by the testing accuracy, the generalization
power of each individual interaction can be defined
in a more straightforward manner. Specifically, let
us consider a valid interaction that is frequently trig-

gered across different training samples. If this in-
teraction is also triggered by testing samples at a
similar frequency, then this interaction is considered
well generalized to testing samples. Otherwise, if this
interaction is less frequently or not at all triggered on
testing samples, it is considered non-generalizable.

In this way, Zhou et al. (2024) defined the gen-
eralization power of m'™-order interactions as the
Jaccard similarity between the distribution of m'-
order interactions extracted from training samples
and the distribution of m™-order interactions ex-
tracted from testing samples. Zhang JP et al. (2024)
conducted experiments to compare the generaliza-
tion power of interactions of different orders. They
trained VGG-11 on the CIFAR-10 dataset, LeNet on
the MNIST dataset, AlexNet on the Tiny-ImageNet
dataset, and VGG-13 on the CUB200-2011 dataset.
Fig. 4 shows that the average Jaccard similarity
E.[Sim({, éﬁ)rain,féﬁ)cst)] between the interaction dis-
tribution on training samples and that on testing
samples decreases as m increases, indicating that
high-order interactions are the key reason for over-
fitting of a DNN.

In another experiment, Zhang JP et al. (2024)
compared the interaction complexity of interactions
extracted from the original samples with that from
incorrectly labeled samples. Fig. 5 visualizes the
distribution of interactions over different orders en-
coded by the DNN. Compared to the classification
of the original samples, these DNNs usually use in-
teractions of higher orders for the classification of
incorrectly labeled samples.



1024

VGG-11 on CIFAR-10 LeNet on MNIST

2 T )

T 04" 041"

£ 4 \h

2]

so02| N 02

g \‘-—.‘ B i

8 0.0 e eaoa 0.0 it S
2 4 6 8 10 2 4 6 8 10

Order of interactions |S]| Order of interactions |S]|

AlexNet on Tiny-ImageNet VGG-13 on CUB200-2011

2 B 0.4 %
8 5 kY
E041 " |
2] \
0.2 L
o 1Y
502{ & \
S b i
0.0 oo S 0.0 e T

2 4 6 8 10 2 4 6 8
Order of interactions |S| Order of interactions |S|

10

Fig. 4 The Jaccard similarity between interactions
extracted from training samples and interactions ex-
tracted from testing samples (Zhang JP et al., 2024)

The two-phase dynamics of interaction complex-
ity reflects the two-phase dynamics of a DNN’s gen-
eralization power. In the first phase, the DNN grad-
ually eliminates non-generalizable high-order inter-
actions. By the end of this phase, it primarily en-
codes generalizable low-order interactions. In the
second phase, the DNN begins to learn interactions
of gradually increasing orders, which are typically
non-generalizable, indicating that the DNN becomes

increasingly over-fitted.

High-order interactions are more adversarially
sensitive. The adversarial sensitivity of a DNN
can also be understood through interaction com-
plexity. Specifically, Liu et al. (2023) mathemat-
ically proved that when a Gaussian perturbation
e ~ N(0,6°I) is added to the input sample e,
the variance (instability) of the interaction effect
I(S|z + €) increases exponentially with the order
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of interactions |S|. In experimental verification, let
V) = Eq[Es. s)=s[Vare(I(S|z + €))]] measure the av-
erage variance of s*™P-order interactions w.r.t. the
Gaussian perturbation €, in which Var(-) computes
the variance. Fig. 6 shows that the variance of the
interactive effect V() increases exponentially with
the order.

MLP-7 on census
—— MLP-7 on TV news
~ ResNet-20 on CIFAR-10

ResNet-20 on MNIST
AlexNet on CIFAR-10
AlexNet on MNIST
VGG-11 on CIFAR-10

—— VGG-11 on MNIST

0.5n
Order of interactions |S|

0.9n

Fig. 6 The variance (adversarial sensitivity) of the
interactions increases exponentially with the order of
interactions (Zhou et al., 2024) (References to color
refer to the online version of this figure)

4 Conclusions and limitations of the in-
teraction theory

In this study, we have explored the potential of
the interaction theory serving as a first-principles ex-
planation for DNNs. Unlike empirical methods, the
interaction theory offers a new axiomatic system that
explains the decision-making logic of DNNs through
symbolic interaction concepts. These symbolic in-
teraction concepts simultaneously clarify the inter-
nal mathematical mechanisms underlying various
deep learning phenomena, including generalization
power, adversarial robustness, representation bot-
tleneck, and learning dynamics. Additionally, the
interaction theory unifies diverse empirical methods,
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Fig. 5 The distribution of interactions extracted from the original samples and incorrectly labeled samples

(Zhang JP et al., 2024). OOD: out-of-distribution
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revealing shared mechanisms across 14 attribution
methods and 12 transferability-boosting methods.

However, the interaction theory still has some
limitations:

First, the computation of interactions is highly
complex. As the number of input variables increases,
the computational burden grows exponentially.
Kang et al. (2024) mathematically proved that al-
though computing the Shapley value or Banzhaf
value of an input with n input variables involves 2"
coefficients, it becomes tractable when the Shapley
value is sparse and of low degree. However, most real
applications do not satisfy these assumed conditions,
indicating that the computational bottleneck cannot
be efficiently overcome.

Second, the explanatory power of interactions
partially relies on the setting of the appropriate base-
line value for masking input variables. The baseline
value is supposed to effectively remove all signals
of the input variable without introducing any out-
of-distribution (OOD) features.
cal perspective, this raises a deeper question; i.e.,

From a theoreti-

how can we define reliable baseline values that ef-
fectively represent a ‘no-information” state? Ren J
et al. (2023b) proposed a method to learn baseline
values, but this approach is fundamentally an engi-
neering approximation, rather than a theoretically
guaranteed optimal solution.

Third, the interaction theory has not been used
to explain some classical phenomena in deep learn-
ing, such as catastrophic forgetting in continual
learning.

Fourth, although Ren QH et al. (2023b) theo-
retically proved that based on the universal match-
ing property and the sparsity property, a small-size
AND—-OR logical model can approximate the out-
puts of a DNN under 2™ masked states of the input
sample, this does not mean that the DNN itself phys-
ically encodes such AND—OR logic in specific neu-
rons. The logical model provides merely an equiv-
alent explanation for the neural network’s inference
score on masked states. This equivalence does not
imply that the learning/optimization of a DNN is
conducted toward the exact AND—OR logic, but the
DNN encodes a much more complex function.

Fifth, while the interaction theory can explain
the learning dynamics of a DNN, how to use it to im-
prove a DNN’s performance remains an open prob-
lem. Directly penalizing high-order interactions is
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the most straightforward approach, but the opti-
mization of high-order interactions would suffer from
a serious gradient-oscillation problem in theory.
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