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Abstract

Neural trees benefit from the high-level representa-
tion of neural networks and the interpretability of
decision trees. Therefore, the existing works on
neural trees perform outstandingly on various tasks
such as architecture search. However, these works
require every router to provide only one successor
for each sample, causing the predictions to be dom-
inated by the elite branch and its derivative archi-
tectures. To break this branch dominance, we pro-
pose the combinatorial routing neural tree method,
termed CombRo. Unlike the previous methods em-
ploying unicast routing, CombRo performs multi-
cast schema in each iteration, allowing the features
to be routed to any combination of successors at ev-
ery non-leaf. The weights of each architecture are
then evaluated accordingly. We update the weights
by training the routing subnetwork, and the archi-
tecture with the top weight is selected in the final
step. We compare CombRo with the existing algo-
rithms on 3 public image datasets, demonstrating
its superior performance in terms of accuracy. Vi-
sualization results further validate the effectiveness
of the multicast routing schema. Code is available
at https://github.com/JiahaoLi-gdut/CombRo.

1 Introduction

Neural Networks (NNs), as de facto standard frameworks,
have spread across various fields [Krizhevsky et al., 2012;
Graves et al., 2013; Vaswani et al., 2017]. However, while
these fields enjoy the convenience of minimal feature engi-
neering [Bengio, 2013; Zeiler and Fergus, 2014], they face a
dilemma of how to choose the appropriate network architec-
ture. Meanwhile, Decision Trees (DTs), have demonstrated
efficacy in diverse domains [Aboah, 2021; Phu et al., 2017,
Xue and Zhao, 2008], benefiting from transparent decision-
making architectures [Perner, 2011; Mahbooba e al., 2021]
but constrained by limited representation capabilities.

Neural Trees (NTs), as a category of models that integrate
NNs and DTs, are expected to achieve higher performance
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than NNs and DTs. Several pilot studies have made signifi-
cant efforts. For example, SDT [Irsoy et al., 20121, BT [Irsoy
et al., 2014], and RDT [Léon and Denoyer, 2016] use a soft
decision tree (SDT) to approximate a network, so that the tree
can capture the implicit decisions in the network. However,
the lack of representation learning along paths causes better
interpretability to be achieved at the expense of performance.
DNDF [Kontschieder et al., 2015] converts the scalar output
of each neuron in the fully connected layer, into a probability
for selecting successors at the neuron-related non-leaf node.
Unfortunately, its promising accuracy requires a costly sep-
arate optimization. Besides these works, many others also
focus on NTs. They, as well as those mentioned earlier, can
be categorized based on their hybrid level [Li et al., 2022].

Recently, some works on NTs attempted to mine tree-based
architecture. ANT [Tanno et al., 2019] constructs architecture
layer by layer according to router decisions. SeBow [Chen et
al., 2021] builds architecture by preserving high-contributing
nodes within a predefined mother network. Mother network,
constraining architecture space, is a significant hallmark that
differentiates SeBow from ANT. Both works adopt the same
three types of primitive modules: routers, transformers, and
solvers. Routers are used for path selection, transformers for
feature transformation, and solvers for yielding the class dis-
tribution. These modules, as shown on the left side of Figure
1, are embedded in the mother network and further assembled
into an architecture by a routing algorithm. However, the uti-
lization of unicast routing usually leads to NTs yielding an
architecture where the part close to the root degenerates into
a dominant single-branch network. Relevant experimental ev-
idence can be found in Figure 2 of ANT’s supplementary ma-
terials and Figure 1 of SeBow’s supplementary materials.

The aforementioned degeneration results from two factors.
(1) First, NTs allow all samples to walk along the same path
and reach the same node. If this node is a leaf, then NTs com-
pletely degenerate into single-branch NNs. If it is a non-leaf,
the deeper the node, the more severe the degeneration of NTs.
(2) Second, unicast routing causes competition among differ-
ent branches, which is reflected in the division of probability
measures by these branches. Since the total measure is con-
stant, an increased measure for one branch leads to a reduced
measure for some other branches. Thus, it is always ineffec-
tive to combine multiple branches in accordance with a fixed
measure threshold for multi-node selection. A low threshold
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Figure 1: Comparison of Existing Routings and Our Combinatorial Routing: Architectural Spaces and Capacity Measures

often yields heavyweight architectures, while a high one may
result in architectures lacking forks in their shallow sections.
This observation provides a plausible explanation for why Se-
Bow [Chen er al., 2021] employing a high threshold is prone
to adopting architectures lacking forks in their upstream sec-
tions, which wastes a large number of branches.

In this paper, we propose a novel approach, termed Com-
binatorial Routing (CombRo), to extract architecture from
DNNS5s using multicast routing (see Figure 1). That is to say,
the goal of this work is to mine integrally formed NTs from
DNNs. To achieve the goal, we first perform forward prop-
agation on the mother network to obtain all the decisions of
non-leaves and all the predictions of leaves. Furthermore, we
assemble all architectures according to the structure of the
mother network and obtain their probabilities according to
the decisions of their corresponding non-leaves. Using these
probabilities to weight their corresponding architectures, we
can train the importance of different architectures by maxi-
mizing the ensemble performance. Finally, the architecture
with the highest probability is selected and retrained. In this
way, we achieve an architecture with better performance, in
accordance with our comparative experiments.

2 Related Works

Our work primarily involves neural decision trees and neu-
ral architecture search. Neural decision trees, a super-class
of our model, are notable for their internal node-based rout-
ing of data features, as detailed in the latest survey [Li et al.,
2022]. Neural architecture search, the task executed by our
proposed model, seeks to automate network design, reducing
dependence on human expertise [Ren er al., 2021].

Neural Decision Trees (NDTs) blend the benefits of DTs
with NNs. Early versions of NDTs [Stromberg et al., 1991;
Jordan and Jacobs, 1994] learn the input-output patterns of
NNs for low-dimensional tabular data. Recent developments
[Kontschieder er al., 2015; Ji et al., 2020] employ Multi-
Layer Perceptrons (MLPs) or convolution layers to achieve
more sophisticated routing. A prime example is Yang’s
DNDT [Yang e al., 20181, which employs MLPs to discern
multiple boundaries in the scalar feature value range, moving
beyond the binary tree limitation. However, DNDT’s routing
efficacy is somewhat hindered as it directly uses transformer-
sourced data for routing. To address this, Tanno’s ANT
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[Tanno et al., 2019] and Chen’s SeBow [Chen et al., 2021]
adopt a bypass NN-based router. However, these models still
operate on a unicast routing mechanism, pointing towards a
need for more advanced combinatorial routing solutions to
address branch competition effectively. Note that we omit the
comparison with NBDT [Wan et al., 2020] and TAO [Zhar-
magambetov and Carreira-Perpindn, 2021] because they re-
quire a class hierarchy and a more complex backbone.
Neural Architecture Search (NAS) aims to automate net-
work architecture design with minimal human intervention
[Ren et al, 2021]. Most NAS works [Real et al., 2019;
Chen et al., 2019; Wu et al., 2019] adopt a cell or block-based
search strategy due to its compatibility with various tasks.
However, the discrete nature of early NAS methodologies
leads to a reliance on Evolutionary Algorithms (EA) [Real
et al., 2017], Reinforcement Learning (RL) [Zoph and Le,
20161, and Bayesian optimization [Kandasamy et al., 2018].
To overcome these limitations, Differentiable Architecture
Search (DAS) [Shin et al., 2018] was introduced, transform-
ing the neural architecture space into a continuously differ-
entiable domain. This advancement enables gradient-based
optimization methods to perform more efficient search. Our
combinatorial routing-based search also benefits from DAS.

3 Notations and Preliminaries

In this section, we first introduce foundational concepts re-
lated to neural trees, which serve as the basis for the advanced
topics discussed later. Additionally, in preparation for un-
derstanding combinatorial routing strategies, we elucidate the
principles of installing routers at non-leaf nodes in neural tree
structures. This groundwork is essential for comprehending
the intricate combinations and permutations that play a cru-
cial role in optimizing neural trees.

3.1 Notations

Let T = (v, C) represent the tree, where v denotes the par-
ent of m children C = {c1,...,¢n}. The k-th child ¢y is
denoted as either a leaf [ or a tree with the same definition
as T. According to this construction, T is such a layer-wise
and multi-branch structure, in which each leaf [ corresponds
to a unique path P(l) toward it from root . Given several
paths like P (1), another type of tree T/ can be constructed as
a sub-graph of T by merging the duplicated nodes depth-wise
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between paths. Because of the uniqueness of P(1), T” is de-
termined only by its leaves I/ C L, where L represents all
the leaves of T. Suppose that L contains n leaves, then T’
has 2" — 1 different potential architectures and further varies
with L’. Since L’ changes with the successors chosen by non-
leaves V. = {v}, we can introduce a sample x to intervene
these selections and then the form of L’. In detail, given «, let
a non-leaf v choose some children C’ C C with probability

> Pr(C | z(@) =1,

C’es(C)

Pr(C’ | z,(x)), s.t.

where S(C) could be any non-empty subset of the power set
of C. If S(C)={{c} | ¢ € C}, successor selections are based
on unicast schema. If S(C) = {C’' |C' C CA|C'| > 1},
selections are based on multicast schema. Both schemas are
also illustrated on the left side of Figure 1. As for the operator
Zy, it is defined as a sequence of transformations from 7 to v,
i.e. 2y =, 0 @y 0 --- 0 @,. The operators v, and ¢, are the
router and the transformer of v respectively, as shown in the
bottom left corner of Figure 1. Obviously, we can write

Pr(C'|v,z, ¥, ®) = Pr(C’ | z,(x)),

where W and @ contain all routers and all transformers, re-
spectively. Moreover, each subset C' C C can be identified
as astate p(C’) = Y_}" 28711 (¢y, € C’) of the event variable
o(v) at v. Therefore, we have

Pr(o(v) = p(C') | v,z, ¥, ®) = Pr(C' | v,z, ¥, ®). (1)

Similarly, given ® and all solvers ®, a terminal node [ pre-
dicts the sample x as the label y with probability

PI‘(y | l7m7®v q’) = PI‘(y | ZZ(SC)), (2)

where z; is a sequence of transformations from r to [, i.e.
z1=0,0¢;0---0¢,. The operator §; € O is the solver of [,
as shown in the bottom left corner of Figure 1.

3.2 Installing Routers

As mentioned above, non-leaves serve not only as computa-
tion nodes to transform features but also as routers to make
decisions. In line with existing methodologies, while retain-
ing the feature transformation capability of these nodes, we
also install a router for each non-leaf by embedding a bypass
network that outputs a probability vector. Different from uni-
cast routers, our routers are compatible with the number of
combinations of children instead of the number of children.
If non-leaf v has m children, then the router of v generates

zy(x) = [z,f,l)(m), cey szm*l)(sc)} ,
where zf,g)(w) is an affinity metric expressing the suitability
to handle @ on the successors C' € {C’' C C | p(C’) = o}
of v. In the light of these metrics, the router can exploit the
Gumbel-Max trick [Gumbel, 1948; Maddison et al., 2014] to

make a discrete decision drawn from a categorical distribu-
tion with probabilities z, (x):

hy(x) = one_hot <arg max (zf,g)(m) + eg)) ,

o

Here h,(-) is a one-hot vector with the same size as z,/(-).
€ = [e1,...,€am_1] is a vector in which all the elements are
i.i.d samples drawn from Gumbel distribution (0, 1). The in-
troduction of € aims at avoiding routers always selecting the
element with the highest probability. To be compatible with
the backward propagation, we approximate argmax through
the softmax function [Jang er al., 2016]:

ﬁv(m) _ exp ((zv(m) +¢) /T)
S e (2@ ) /1) )
= [Pr(o|v,z, ¥, (I’)]ge{l,...,?'”—l} )

where 7 is a temperature controlling the sharpness of target
distribution. On the right-hand side of the second equal sign,

h,(x) is designated as the basis for decision-making.

4 Combinatorial Routing

In this section, we introduce our proposed CombRo, which
breaks one-successor pattern of unicast routing by allocating
a non-zero probability to multi-successor events, to mitigate
the emergence and overfitting of dominant branch. To display
all the details of CombRo, we first answer how to acquire the
probability of an architectures after expanding the successor
selection space. Then, we describe how to optimize our ob-
jective function for extracting the architecture with the top
performance.

4.1 Acquiring the Probability of Architecture

Significance

Unlike existing approaches, CombRo searches for various ar-
chitectures instead of various paths. More exactly, CombRo
adopts multi-successor pattern to send data features through-
out the architecture with a single probability, while others
use one-successor pattern to route a sample through different
paths with different probabilities. Consequently, the former,
compared with the latter, can search for a well-defined archi-
tecture. However, such an architecture complicates the com-
putation of its probability. To explain this point, let us con-
sider such a tree-based architecture that contains some leaves
L’ C L. By practice, previous methods back-trace a specific
path P (1) for each leaf I € L to calculate its arrival probabil-
ity Pr ({{}|x, ¥, ®), and then weight the leaves L’ to evalu-
ate ensemble performance. However, it is meaningless to do
this for the architecture where all leaves are interdependent,
since this type of architecture forms a unified entity in accor-
dance with the bijection between architecture space and leaf
combination space. In other words, conventional practice can
not calculate the probability of an integrally-formed architec-
ture based on the probabilities of multiple paths. Thus, it is
necessary to design an algorithm to acquire the probability of
an architecture.

Implementation
Mathematically, we compute Pr(L’ | X, ¥, ®) as the prob-
ability of an architecture using its equivalent form derived
from Equation 1:

m(v)

H Pr Q(U):ZQk_lR(Ck(U)7L/) v, X, W ®|, 4)
veT/\L/ k=1
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where R(c,L’) = I(31 € L', ¢ — ) represents the reach-
ability between c and L. To eliminate reachability computa-
tion, we design our bottom-up algorithm to collect probabili-
ties during traversing architecture.

With the help of Formula 4, the algorithm we want should
receive a non-empty subset L'’ C L as the architecture T’
with the leaves L’ and then output a column vector in which
each element denotes the probability of a specific sample be-
ing passed throughout T’. In addition, this algorithm requires
all non-leaves to provide an exclusive probability for all rout-
ing events, not just one-successor events. Now, with the con-
ception laid before, we can design our algorithm as follows:

1. To begin with, all the predecessors of L’ are deduplicated
as V(L) = {v(l) # Null | I € L'}, in which v(l) is the
predecessor of [. To facilitate subsequent steps, for each
v € V(L/), the successor set A(v) = {l € L' | v(l) = v}
of v is created during the deduplication. In detail, V(L")
is an empty set at first, and then for each [ € L/, of which
v(l) # Null, if v(l) ¢ V(L'), V(L") = V(L) U {v() }
and A(v(1)) = {1}, otherwise A(v(l)) = A(v(1)) U{l}.

2. Then, for each predecessor v € V(L'), the successor in-
dex set K(v) = {k € {1,...,m(v)} | ex(v) € A(v)} of
v is yielded, where ¢ (v) is the k-th child of v, and m(v)
represents the number of children at v. According to the
definition of K(v), 0(v) = p(A(v)) = Yk 2"
stands for such an event that v selects A(v) as its succes-
sors. Moreover, v and g(v) are packed together as a pair
(v, o(v)) and stored in an external container .

3. After replacing L’ with V(L'), Step 1,2, and 3 are re-
peated sequentially until V(V (... V(V(L’))...)) is an
empty set. Here, all variables can be released before the
next iteration starts, except for L’ and g.

4. Finally, g is equal to (L") = {(v,0(v)) |v € T\ L'}
and denotes the probability expression of T”. Therefore,
Pr(L/ | x, ¥, ®) :H(v,g)EQ(L’) Pr(o| v, z, ¥, ®) is ac-
quired as the probability of T/ given x, ¥ and ®, where
Pr(o | v, x, ¥, ®) denotes the probability of g at v given
x, ¥ and ®. Moreover, if x is replaced with an input set
X, then Pr(g | v, X, ¥, &) = [Pr(o | v, @, ¥, ®)]]
and Pr(L/ | X, ¥, ®) = [Pr(L/ | =, ¥, ®)]. .

To boost the algorithm, for each non-empty L’ C L, the ex-
pression g(L') of L is stored for the future use. The reason
why doing so can accelerate the algorithm is that the tree-
based mother network T remains constant and o(L’) depends
only on T and L’. In other words, only those probability vari-
ables change. Thus, when calling the algorithm again, only
Step 4 needs to be executed.

4.2 Optimizing Objective Function

Probabilistic Model and Inference

The original input set X spreads throughout the entire archi-
tecture T' according to router decisions, and progressively
changes its own representations until it reaches all the termi-
nals L. At these terminals, a set of solvers operates jointly to
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predict different labels Y with a stochastic matrix:
Pr(Y |X,0,¥,®)=Pr(y | X,0,¥,®)],cr
= > Pr(lU/|X, ¥, ®)0[Pr(y | L/, X,0,®)], .y
L/eS(L) (5)
= Y Prl/|X,¥,®) 0 Pr(YT|L,X,0®),
L'eS(L)

where ¢ performs a Hadamard product of a vector with every
column of a matrix. S(L) = {L’ # () | L’ C L} is the space
of terminal combination, i.e. the space of architecture. The
definition of Pr(L’ | X, ¥, ®) has been introduced in Equa-
tion4. And Pr(y | L/, X,©,®) = [Pr(y | L', z, 0, ®)] .

zeX
is a vector where each element has the following definition:
PI‘(y | L/’ €, 67 (I’) =0y ({Zl(x)}lEL'> B (6)

where z; has been defined in Equation 2. The operator g,
outputs the probability of = being predicted as y based on
several results of leaves.

Minimizing Prediction Error

To predict as accurately as possible, CombRo optimizes the
ensemble performance on S(L) by maximizing a probability
vector:

Pr(Y[X,0,%,®) = [Pr(yi|x:.0,%.®).,  x

i€{l,...,

T
— Zpr(L’|x,'1:,<1>)o[Pr(yi|L'7:c,»,@,@)}ie{lwlxu
L’eS(L) @)

= > Pr(l/[X,®,®)o
L’eS(L)

Pr(Y |L,X,0,®),

where the target set Y = {y1,...,yx|} corresponds to the
input set X and Pr(y; | L', x;, ©, ®) is defined in Equation
6. By practice, the maximization of Equation 7 is converted
to the minimization of Negative Log-Likelihood (NLL) loss:

J1=—1logPr(Y|X,0,¥ &) (8)

Decreasing Architecture Uncertainty
To reduce the ambiguity of architecture selection, CombRo
considers the following stochastic matrix:

M = [M(2)],cx = PrL/ | X, ¥, ®)]p, cqr, »

where every column corresponds to a particular architecture
and every row M(z) = [Pr(L’ | =, ¥, ®)]r cg(1) denotes
the discrete distribution of architecture given the sample x.
The probability mass of M(x) should be concentrated onto
some architecture. Therefore, CombRo imitates the form of
unbiased variance to maximize the sharpness of M (x):

1 ew @) L)
SEps (prasiaw ) )

eS(L)

((x) =

The above equation reaches its maximum value 1/|S(L)]| iff
M(x) contains element 1. To eliminate the impact of S(L)
and maintain the same scale as probability, the range of ()
is adjusted to [0, 1] by multiplying |S(L)|. At last, CombRo
minimizes the smoothness of M:

T2 = —log (IS(L)|¢(X)) . ©)
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Objective Function and Architecture Selection

CombRo is conducted in three phases: search phase, selec-
tion phase and retraining phase. In the search phase, Com-
bRo optimizes the following objective function:

T =TJ1+7T2, (10)

where J1 and J 2 have been defined in Equation 8 and 9,
respectively. The hyper-parameter -y controls the fuzziness of
architecture selection. When the number of iterations reaches
the maximum number of iterations, the search phase ends and
then the selection phase begins. During the selection phase,
CombRo evaluates which architecture is most popular among
the samples. That is to say, CombRo selects the architecture
with the following leaves:
L* =argmax » Pr(l/ |z, ¥,&). (11
L'eS(L) sox
Once the most popular architecture is determined according
to Equation 11, CombRo proceeds to the retraining phase. In
detail, CombRo first fixes Pr(L’ | X, ¥, ®) = I(L' = L*)
for each L’ € S(L), and then optimizes Equation 8.

S Experiments

5.1 Experimental Settings

Datasets

To evaluate the effectiveness of CombRo, three classifica-
tion benchmarking datasets, including CIFAR10 [Krizhevsky
et al., 2009], CIFAR100 [Krizhevsky er al., 2009] and tiny-
ImageNet [Le and Yang, 2015], are adopted. These datasets
vary in size and distribution. CIFAR10 and CIFAR100 each
consists of 60k images in resolution 32 x 32, but the latter has
a more complex distribution than the former. Tiny-ImageNet
dataset comprises a collection of 110k images from 200 dif-
ferent classes with 64 x 64 resolution.

Mother Network

Unlike SeBow [Chen et al., 2021], we use the same architec-
ture space in different dataset experiments. This space is gen-
erated by a mother network with the shape of a perfect binary
tree. The mother network has 4 layers, each of which contains
{1, 2, 4, 8} nodes, respectively. The reason we set the depth
to 4 is that 4-layer mother network can generate sufficiently
low-dimensional features and a sufficiently large architecture
space. To comprehensively evaluate the proposed method, we
devise three variants of CombRo, symbolized by CombRo-A,
CombRo-B and CombRo-C, with varying capacities. Details
of these models are summarized in Table 1.

Training Settings

We train CombRo using SGD optimizer with the initial learn-
ing rate of 0.1. After 30 epochs, the learning rate is decayed
by half every 20 epochs until the training stops at the 100th
epoch. In addition, we set the batch size to 128, the weight
decay to 10~4, the Nesterov momentum to 0.9, and the Gum-
bel softmax temperature 7 to 0.5. The hyperparameter ~ for
regularization term is set to O for the first 80 iterations, and
then set to 0.1 for the subsequent 20 iterations. We retrain
the resulting architecture on the training sets using the same
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Table 1: Settings of the primitive modules. ”Conv3-48” denotes a
2D convolution with 48 filters of spatial size 3 x 3. "GAP”, "LC”,
”BN” and "MaxPool” stand for global-average-pooling, linear clas-
sifier, batch normalization and max-pooling operations, respectively.

training setting in the search phase but set the weight decay
to be 5 x 10~*. The operator gy calculates the average of the
class distributions of several branches.

Inference Schemes

Since CombRo evaluates architectures rather than branches,
CombRo supports multi-architecture and single-architecture
inferences. Multi-architecture inference applies Equation 5
to make an expected prediction in the sub-architecture space
yielded by the mother architecture obtained during the selec-
tion phase. Although this probabilistic inference is cumber-
some, we still test its performance. Single-architecture infer-
ence performs deterministic multi-path inference on the se-
lected architecture. Unlike probabilistic multi-path inference,
single-architecture inference does not require routing guid-
ance, as the derived architecture is elected by the majority of
samples in the dataset. As for the probabilistic single-path in-
ference performed by existing algorithms, it is not considered
in our model. For a fair comparison, CombRo still performs
probabilistic single-path inference, by distributing the proba-
bility of selecting a child combination back to each child in
the combination. Note that probabilistic inference requires
the optimization of routers during the retraining phase.

5.2 Benchmark Comparisons

We compare the performance of CombRo against a range
of models: (1) classic CNNs, representative works of hu-
man engineering, including MobileNet [Howard er al., 20171,
GoogleNet [Szegedy er al., 2015], VGG-13 [Simonyan and
Zisserman, 2014] and ResNet-18 [He et al., 2016]; (2) multi-
branch networks, a super set of neural trees widely applied in
multi-task learning, including Routing network [Rosenbaum
et al., 2017], Learning to Branch [Guo et al., 2020], Cross-
stitch [Misra et al., 2016] and MPPS [Shi et al., 2023]; (3)
neural decision trees, a technical path in which CombRo is
situated, including Adaptive Neural Trees (ANT) [Tanno et
al., 2019], Self-born Wiring (SeBow) [Chen et al., 2021],
Neual Decision Tree Towards Neural Graph (NDT) [Xiao,
20171, Deep Neural Decision Forests (DNDF) [Kontschieder
et al., 2015], Conditional CNN [Ioannou et al., 2016].

The results in accuracy and resulting architecture size (the
number of parameters) on three datasets are presented in Ta-
ble 2, 3 and 4, respectively. To reduce randomness, all ex-
perimental results are obtained from the average of three in-
dependent experiments with the same setting. Although we
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Method Params. Accuracy(%) Method Params. Accuracy(%)
MobileNet 2.2M 85.90+0.23 MobileNet 2.4M 53.91+0.32
VGG-13 28.3M 92.51+0.15 VGG-13 28.7M 72.70£0.42
ResNet-18 11.2M 93.01+0.19 ResNet-18 11.2M 72.19+0.23
LearnToBranch# 3.5M 91.98+0.57 Cross Stitch N/A 53.0
Max-Cut DT N/A 34.90 Routing network N/A 60.50£0.75
Compact BT N/A 48.56 MPPS N/A 71.06
gcForest N/A 61.78161.78 LearnToBranch# 6.7M 72.04+0.23
Conditional CNN > 0.5M < 90.00 Max-Cut DT N/A 12.40
ANT-C* 0.7M | 0.5M 90.69 / 90.66 NDT 14.1IM 15.48
ANT-B* 0.9M | 0.6M 90.85190.82 DNDF > 11.2M 67.18
ANT-A* 1.4M / 1.0M 91.69/91.68 ANT-C* 42M/42M  65.81+0.12/65.71
ANT-A*(ensemble) 8.7M | 7.4M 92.29/92.21 SeBow-B 1.9M [ 1.5M  71.79+0.23 ] 71.59
SeBow-A 1.OM 1 0.7M  93.45+0.12 ] 93.41 SeBow-C 4.2M 1 4.2M  74.59+0.33 1 74.59
SeBow-B 2.7M | 1.6M  94.00+0.18/ 93.93 CombRo-B 3.8M/1.6M  72.04+£0.21/71.77
SeBow-C 5.8M | 4.6M  94.33+0.14 | 94.24 CombRo-C 57M/4.6M  75.67+0.14/74.61
CombRo-A 1.IM/0.7M  93.45+0.11/93.42

CombRo-B 2.5M/1.6M  94.03£0.14/93.93 Table 3: Performance comparison on CIFAR-100.
CombRo-C 6.8M/4.6M 94.48+0.17 / 94.25

Table 2: Performance comparison on CIFAR-10. Italic fonts mean
that the results are provided by the original paper. Underlined num-
bers represent the inference results on a single path. The method
names with * omit the text related to the dataset, i.e. ANT-{A,B,C}*
corresponds to ANT-CIFAR10-{A,B,C} called in the original pa-
per, respectively. LearnToBranch# omits some texts and has the full
name LearnToBranch-Deep-Wide. N/A stands for not applicable.

primarily focus on the results of architectures containing sev-
eral paths, we also provide the results of some models under
the single-path schema, for comprehensive comparison.

Based on the experimental results, the following conclu-
sions can be drawn: (1) On three image datasets, CombRo,
with a more appropriate model size, achieves superior perfor-
mance compared to other methods. Due to multicast routing,
CombRo has a slightly increased number of parameters com-
pared to some methods, but this is to achieve better gener-
alization. Moreover, traditional architectures require a large
number of parameters to achieve competitive performance.
For example, ResNet-18 reaches 93.01% with 11.2M param-
eters on CIFAR10. (2) The accuracy comparison results can
be summarized as CombRo-A < CombRo-B < CombRo-C,
which indicates that the more parameters available for the
model to use, the stronger its performance. (3) In all experi-
ments, the performance of single-path inference is not signif-
icantly different from that of multi-path inference, suggesting
that the lower bound of an architecture’s performance is de-
pendent on the performance of its internal branches.

5.3 Ablation Study

Resulting Architecture versus Comparable Others

To validate the effectiveness of the architectures extracted by
CombRo, we randomly examine several architectures and se-
lect some competitive ones for comparison. From the results
shown in Table 5, we can make the following observations:
(1) Architectures derived by CombRo can achieve optimal
performance with a moderate number of parameters (see the
gray rows). (2) Architectures with a large number of parame-
ters do not necessarily exhibit superior performance (e.g. the
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Method Params. Accuracy(%)
MobileNet 2.5M 46.1240.73
GoogleNet 6.8M 48.85+0.52
VGG-13 28.7TM 56.10£0.57
ResNet-18 11.2M 55.334+0.75
DNDF > 11.2M 44.56
SeBow-C 84AM | 4.8M  58.77+0.39/ 58.43+0.45
CombRo-C  8.5M/4.8M  60.87+0.21 / 59.09+0.25

Table 4: Performance comparison on tiny-ImageNet.

cyan row). (3) The architectures obtained vary for different
datasets and experiment settings (see the gray rows).

Deterministic Retraining and Probabilistic Retraining

In this part, we evaluate the impacts of deterministic retrain-
ing and probabilistic retraining on the predictive capabilities
of the resulting architectures. In detail, we perform determin-
istic single-architecture inference after deterministic retrain-
ing and probabilistic multi-architecture inference after prob-
abilistic retraining. Both results are listed in Table 6 and con-
vey that probabilistic retraining reduces the predictive per-
formance of the architecture. This is because probabilistic
multi-architecture retraining and inference reintroduce archi-
tectures that are less favorable to the dataset.

Retraining versus Fine-tuning

After the search and selection phases, we obtain an architec-
ture containing trained parameters. Here, we make research
on whether the parameters within the architecture should be
retrained. Based on the results provided in Table 7, we find
that retrained models achieve higher accuracy than fine-tuned
models. This is because the parameters obtained during the
search phase cause the model to develop a dependency on the
pruned branches.

5.4 Interpretability

To effectively understand the dataset’s preference for differ-
ent architectures, we collect statistical data on the preferences
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l3 la

g

Figure 2: Visualization of preferences for successor combinations among different categories at each internal node. In the heat map, each
row and each column represent a single category and a specific successor combination, respectively. The blue solid lines and the gray dashed
lines point to the selected (black) nodes and unselected (gray) nodes, respectively.

Dataset Method Architecture Params.Acc.(%) Dataset Method Probabilistic Deterministic Params.
CombRo-B  {is,ls,17,l3} 25M  94.03 CIFAR10 CombRo-B 92.98+0.16 94.03+0.14 2.5M
Random  {ls,l3,05,07,1s} 3.5M  93.60 CombRo-C 93.15+0.21 94.48+0.17 6.8M
Random {ly,12,13,14,15,l6} 3.8M  93.28 CIFAR100 CombRo-B 70.22+0.28 72.04+0.21 3.8M
Random  {l4,l5,1l6,1l7,ls} 3.3M  92.84 CombRo-C 73.42+0.34 75.67+0.14 5.7M
Random {l3, 14,17} 2.0M  92.19
CIFARI10
CombRo-C  {l,la, 15,17} 6.8M  94.48 Table 6: Performance of CombRo with probabilistic retraining or
Random s, l7,1s} 6.5M  94.18 deterministic retraining in the third phase.
Random {li,13,15,07} 89M 94.13

Random 47TM  93.69

{ls,I7}

CombRo-B {l27 l4, l5, lG, lg} 3.8M 72.04

Random {14, l5, 167 l7, lg} 3.6M 71.77

Random {ll,l3,16,lg} 3.2M 71.65

Random {l47 l6, l7, lg} 2.5M 70.57

Random {l1,12,13,13} 3.0M  69.65

CIFARIO 0ombRo-C  {l1, 1o s} 57M 75.67
Random {lz, l5, l@, l7, lg} 10.9M 74.53

Random {l5,16,17} 6.6M  73.55

Random {ls,16,17,13} 83M  73.54

Random {l47 l5, l6, l7} 9.2M 73.38

Table 5: Ablation study on network architecture. “Architecture”
represents the combination of leaves.

of different categories for successor combinations at each in-
ternal node. The visualization of these data helps us gain a
clearer insight into the formation of the resulting architecture.
To facilitate visualization, we perform statistical analysis on
the preference behaviors of the CIFAR10 dataset, which has
fewer categories, under the settings of CombRo-C.

The results, shown in Figure 2, indicate that the preference
of different categories for node combinations is consistent,
except for the second node in the second layer and the fourth
node in the third layer. As for the second node in the second
layer, most categories tend to choose both successor nodes.
In the case of the fourth node in the third layer, categories be-

4413

Dataset Method Fine-tuning Retraining Params.
CombRo-B 92.81+0.13 94.03+0.14 2.5M
CIFARID. combRo-C 93.1740.21 94.48+0.17 6.8M
CombRo-B 70.56+0.29 72.04+0.21 3.8M
CIFAR100 CombRo-C 72.94+0.24 75.67+0.14 5.7M

Table 7: Performance of CombRo with retraining or fine-tuning in
the third phase.

longing to the transportation category show a preference for
the left child node, while other categories tend to choose both
successor nodes. However, this does not affect the overall
dataset’s tendency to favor the left child node.

6 Conclusion

In this paper, we introduce a novel method named CombRo,
aimed at extracting an effective architecture from a tree-based
mother network. Unlike previous approaches that use unicast
routing and thus face the risk of falling into the local optimum
caused by the dominant branch, CombRo uses multicast rout-
ing to alleviate the emergence of the dominant branch. Since
multicast routing provides a learnable weight individually for
each architecture, CombRo can weigh different architectures,
train them ensemble, and excavate the architecture with the
top weight. Experimental results demonstrate that the derived
architecture produces performances even on par with those of
DNNs on large-scale datasets. In the future, we will explore
the potential of CombRo in tasks beyond architecture search.
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