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Abstract

Using large-scale models has proven to be an
effective approach to enhancing model perfor-
mance and enabling various applications. How-
ever, such models come at a significant com-
putation cost. To address this issue, condi-
tional computation has been proposed to dy-
namically adjust the model scale based on in-
put via dynamic dropout and an additional gate
network. The gate network partitions the orig-
inal network (called backbone network) into
multiple sub-networks and selects a specific
sub-network for each input. In this paper, we
present a novel classification not from model
structure to discuss the sub-network granular-
ity and the training methods of this framework
from a new perspective, namely the definition
and learning of decision sequence respectively,
and summarize the latest approaches in condi-
tional computation.

1 Introduction

In recent years, large-scale models have
gained widespread success in a wide range of
tasks (Krizhevsky et al., 2012; Vaswani et al.,
2017). However, with the increasing capacity of
these models, like constructing the pre-trained
models or large language models (Devlin et al.,
2019; Raffel et al., 2020), the computation
cost associated with training and inference has
become a significant bottleneck. As such, further
increasing model capacity through expanding
model parameters is prohibitively expensive and
inefficient in terms of performance gains.

An appropriate method to address the challenges
associated with model efficiency and adaptability
is conditional computation, in which the core idea
is that instead of dropping out paths independently
and at random, drop them in a learned and opti-
mized way. We can mainly categorize the condi-
tional computation methods into four types based
on the structure: Early Exit (Teerapittayanon et al.,
2016), Mixture of Expert (Shazeer et al., 2017),
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Figure 1: Decision sequences in conditional computa-
tion. Taking early exit as an example, the length of §
corresponds to the granularity of the network structure,
while its value determines the sparsity of the network
when computed for different samples, p; represents the
early exit prediction.

Skip (Wu et al., 2018), Cascade (Li et al., 2021a),
and Adaptive Computation Time (Graves, 2016).

Early conditional computation. Mixture of ex-
pert, also called the ME method in the early stage,
focuses on dividing the entire system and the train-
ing set(corresponding to tasks to multiple subtasks)
into several parts by the Divide-and-Conquer prin-
ciple from an implicit (learn by loss function) or
explicit (partition the training set directly) perspec-
tive (Jacobs et al., 1991; Masoudnia and Ebrahim-
pour, 2014). Each part is composed of an "ex-
pert" network, which is responsible for the Corre-
sponding part in the training set(subtasks). While
many works in this research line try to optimize the
MoE network, these structures are often very sim-
ple, like based on fully connected networks. Also,
this attempt based on simple structures occurs in
some structures Other than EM (Bengio et al., 2013,
2015).

Modern conditional computation. As deep
neural network gradually show its advantage, the
dynamic depth approach started to emerge, where
the early exit and skip methods attempt to dynam-
ically adjust the used layers during the inference



phase based on a fixed model structure, while cas-
cade and act by adaptively selecting one of the
sub-networks in a potentially infinitely deep net-
work structure. Furthermore, the Mixture of Expert
(MoE) has also been applied to transformer mod-
els recently, which learn the activation of experts
implicitly by the loss function, meanwhile utiliz-
ing an additional loss term to reduce the competi-
tion between experts (load imbalance). Although
this approach is highly similar to the ME approach
in structure and training, MoE is more concerned
with obtaining a larger model capacity while main-
taining a lower computational cost rather than de-
composing the target task. The activation pattern
between experts forms a distributed instead of mu-
tually exclusive, making the moe approach more
consistent with the definition of conditional com-
putation.

To achieve the above dynamic structure, condi-
tional computation methods commonly add a cru-
cial component gate network to a static network.
For ease of understanding, we call the static net-
work as backbone network.

¢ Backbone network: Like the foundation
model, the backbone network projects the
input to the prediction, such as the Trans-
former(Vaswani et al., 2017) model, and so
on. The new structure added for conditional
computation is not included.

* Gate network: Partitions the backbone net-
work into multiple sub-networks and selects
sub-networks for each input (Kaya et al., 2019;
Zhang et al., 2021), which may be completely
independent (Wu et al., 2018; Roller et al.,
2021) or shared part parameters with the back-
bone network (Teerapittayanon et al., 2016;
Elbayad et al., 2020; Shazeer et al., 2017).

This results in a natural structural summary (Han
et al., 2022; Xu and McAuley, 2022), discussing
the problems faced by conditional computation
models under specific structures.

An important feature of conditional compu-
tational methods is the sparsity of the condi-
tional computational model, such as extending
the model capacity by an extremely sparse MoE
layer (Shazeer et al., 2017; Lepikhin et al., 2021;
Fedus et al., 2021), or obtaining a denser model
by early exit (Teerapittayanon et al., 2016). The
different sparsity is not only determined by the
model structure, but the output of the gate network

also plays a crucial role. In addition, by a time-
step related gate function, the conditional compu-
tational model can also obtain a model beyond a
predefined structure similar to Neural Architecture
Search(NAS) (Zoph and Le, 2017). However, un-
like NAS, the structure of the conditional computa-
tional model is dynamic for different inputs.

This motivates us to propose a new taxonomy
that a novel taxonomy that encompasses both struc-
tural and sparsity considerations, defined as the
decision sequence, namely the definition and learn-
ing of decision sequence, which is more concerned
with the output of the gate network and the training
of the whole model respectively. This taxonomy
provides a more in-depth perspective on the design
and training of such methods and characterizes the
design of structure-specific gate networks as a par-
ticular instance of a more general gate network. We
hope this survey can provide insights into develop-
ing more versatile gate networks.

This survey is organized as follows: In Sec-
tion 2, we differentiate between conditional com-
putation and dynamic algorithms and propose a
novel taxonomy perspective based on the decision
sequence represented by the output of the gate net-
work. Then, the classical model structure of condi-
tional computation is introduced in Section 3. Sec-
tion 4 summarizes the current state-of-the-art work
in the field, including the definition and realization
of the decision sequence. Finally, Section 5 exam-
ines the existing challenges and outlines potential
avenues for future research.

2 Basic Framework of Conditional
Computation

2.1 Definition of Conditional Computation

Conditional computation can be categorized as a
subset of adaptive algorithms that design a learn-
able method for dynamic dropout (Bengio, 2013).
It is motivated by the hypothesis that most sam-
ples do not require a full high-capacity model but
can be fully inferred using a smaller sub-model
while ensuring inference accuracy (Panda et al.,
2016; Bolukbasi et al., 2017; Shazeer et al., 2017).
Recent studies find that layers or branches decom-
pose the solution space of the original problem
in some interpretable way (Jawahar et al., 2019).
This makes it possible to specify a specialized sub-
network for different samples through an additional
gate network.

Introducing a gate network (function) to a back-
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Figure 2: Typology of conditional computation.

bone network provides an implementation path for
conditional computation, resulting in a better dy-
namic property and the ability to find the accu-
racy speed balance automatically. Therefore, the
core objective of achieving an efficient conditional
computation model is learning an ideal decision
sequence ¢ = {g1,J2,---,gn} With n elements
shown in Figure 1. On the one hand, it can provide
sufficient adaptability for the backbone network,
both during training and inference procedures. On
the other hand, it needs to have certain stability to
ensure the performance of the backbone network.
At this point, the backbone network F'(-) predicts
y based on the input vector x and the output g of
gate function G(-) can be formulated as:

p(ylxué) = C(G(Xv 5) : F(Xv 0)) (D

where c is the classifier, ¢ and 0 is the trainable
parameters in the network. Based on Eq. 1, we
expand our taxonomy based on these two key issues
in conditional computation.

* How to partition the network. The key issue
decides the specific form of the network F'(-)
and G(+), and the correspondence of each part
fi(+) in F'(-) with each element g, in g, which
determines the minimum granularity of the
conditional computation model when execut-
ing the routing policy. We summarize this as
the definition of decision sequence.

* How to train the conditional computation
model. The key issue decides the value of
parameters ¢ and 6. More importantly, it de-
termines the value of ideal decision sequence
g, which determines the sparsity of the net-
work and the optimization problems that the

network may face under different sparsity. We
summarize this as the realization of decision
sequence.

2.2 Definition of Decision Sequence

When the sample activates a certain sub-network in
a conditional computation model with a stable g, its
discarded forever by the other sub-networks, this is
decided at the time of network partition. So it can
be found that the correspondence between f;(-) and
g; and their specific forms not only determines the
minimum granularity, but also assigns the training
set to different sub-network, which partitions the
solution space of the task and assigns different sub-
tasks to different sub-networks potentially. We
classify the learning of this correspondence into
the following two categories:

* Prior knowledge method. Directly define g
with fixed length by hyper-parameters associ-
ated with the model structure or external con-
straints such as computational budgets (Panda
et al., 2016) and experience (Teerapittayanon
et al., 2016).

* Learnable method. Learn g with variable-
length based on the model hidden layer
state (Graves, 2016; Zhang et al., 2021).

2.3 Realization of Decision Sequence

The difficulty in training a conditional computation
model stems from the lack of a tangible target in the
decision sequence, this makes g unknowable, and
leading to instability during training and hinder-
ing the training process of the backbone network,
e.g., load imbalance (Eigen et al., 2014). Further-
more, when seeking a sparse network, the discrete



nature of the decision sequence exacerbates the
training problem by introducing a discrete decision
sequence. To mitigate this issue, we suggest uti-
lizing a fixed or learnable approximation of the
decision sequence, denoted as g*, to approximate
the target g.

* Fixed routing policy. = Based on prior
knowledge (Liu et al., 2021), clustering
method (Zhang et al.,, 2021) or hash
method (Roller et al., 2021), training samples
are assigned to different sub-networks. This
results in a fixed pseudo-label for decision
sequence on each sample.

* Learnable routing policy. Approximate g by
maximum the task-relevant metrics, such as
g* that allows the maximum correct rate of
the model prediction or g* that maximizes the
likelihood of the loss function (Elbayad et al.,
2020). Although the correct rate is not avail-
able at testing stage, ¢* based on maximum
correct rate is often used to measure the upper
bound of performance and provide a pseudo-
label for optimization.

During the test phase, for fixed routing policy,
we can use the pseudo-label directly (Liu et al.,
2021). While for the learnable routing policy, the
computation of g* relies on true labels, so using g
to learn the distribution of ¢* during training is a
common choice (Elbayad et al., 2020).

A relatively simple case is to take the learning of
g as aregression task, which can produce a normal-
ized probability g; € [0, 1] or a real value g; € R
sequence (Collobert et al., 2003), but leading to a
dense model and an ensemble model corresponding
to a soft gate. In order to enlarge the sparsity, the
learning of g is often modeled as a classification
task, which can be classified as binary classification
and multi-classification according to the number
of g; can be taken (Shazeer et al., 2017; Bolukbasi
et al., 2017). At this time, g is like the output of
indicator function g; € {0, 1}, which is a discrete
sequence and leads a serious indifferentiable prob-
lem. We classify the training methods for learnable
routing policy under the classification task into the
following four categories:

* Reinforcement learning. Use g as an active
function and computational cost as a reward,
and find the optimal discrete sequence g by
observing the effect of random perturbations

on the reward (Wang et al., 2018; Wu et al.,
2018).

* Threshold-based supervised learning. Since
g* is an indifferentiable value, the threshold-
based approach optimizes a continuous g
while maintaining a predetermined threshold
T, generates a discrete sequence based on the
magnitude! of ¢ with respect to 7. Here 7 is
used as a pseudo-label (Teerapittayanon et al.,
2016; Elbayad et al., 2020).

* Top-k-based supervised learning. Like MoE
structure, when the output of the gate net-
work is very relevant to the hidden state, a
more reasonable choice is to optimize the
gate network using task-dependent supervi-
sory signals. Here the gate function also faces
the problem of discontinuity, but a straight-
through gradient (Bengio et al., 2013) is com-
monly used to optimize the selected top-k
expert (Shazeer et al., 2017; Lepikhin et al.,
2021; Fedus et al., 2021).

* Other learning methods. Learning the gate
function from a regularization perspective or
using the EM algorithm (Zuo et al., 2022;
Shen et al., 2019).

Based on the above descriptions, we classify con-
ditional computation methods from the definition
of decision sequence and the realization of decision
sequence. The overall structure of our taxonomy is
as shown in Figure 2.

3 Main Structure of the Conditional
Computation

To facilitate understanding, we briefly introduce
several main structures of conditional computation
from the width and the depth, respectively. Here
we are based on a network composed of a stack of
layers. The final output of the backbone network
(omitting the gate network for simplification) is

C<hfinal)
Je(hg_1) (2)

p(y[x)
hy =

where hy, is the hidden state that is output by k-th
layer fx(+), c(+) is the final classifier of the back-
bone network, and we omit skip-connections for
brevity.

'Output 1 for g} if g; > i, 0 otherwise.



When constructing a conditional computation
model with a gate network that outputs a decision
sequence g with length N, we briefly summarize
the main structures of the conditional computation
model as shown in Figure 3, where g, = 1.

3.1 Depth Adaptive

Based on the conclusion that low-dimensional and
high-dimensional features are extracted from the
bottom and up layer of the model (Jawahar et al.,
2019), the depth adaptive model regards a layer
as the most fundamental unit. The depth adap-
tive models can be classified into four categories,
namely Early Exit, Cascade, Adaptive Computa-
tion Time (ACT), and Skip according to the dy-
namic activation of a subset of its layers.

Early Exit The early exit involves utilizing the
first k£ layers of a neural network model for the
purpose of sample prediction. In order to achieve
exit at the k-th layer, an intermediate classifier ¢y (+)
needs to be added at the exit position (Panda et al.,
2016), the output pg(y|x, g) can be described for-
mally as

p(yx,9) = cr(gr -hy) when g1 #1  (3)

Cascade Cascade do not require an intermediate
classifier since they only exit at the final classifier
c*(-) in the k-th model based on its final hidden
state h';mal (Lietal., 2021a; Wang et al., 2021).

p(y|xvg) = Ck(gk : h];inal) when Jk+1 75 1 @

ACT ACT selects a suitable model from the
super-network based on a common unit with shared
parameters, and obtain the final prediction by a
linear weighting of all continuous representation
based on hidden states (Graves, 2016; Dehghani
et al., 2019).

N
(ylx,9) —ngk hy) (5)

Skip Skip is premised on the notion that each
layer in a neural network operates to effect targeted
transformations on the input features. This method-
ology assumes that it is feasible to omit layers that
are inconsequential to the input, thereby preserving
computational efficiency, akin to a residual layer
with learnable parameters (Wu et al., 2018; Wang
et al., 2018).

pylx,9) = c(hyina) (6)

when g =1
when g =0

=

3.2 Width Adaptive

The most representative method of width-adaptive
method is the Mixture of experts (MoE) (Ja-
cobs et al., 1991), which is considered as a data-
dependent trainable combining method (Masoud-
nia and Ebrahimpour, 2014).

The motivation for this approach arises from
the challenge of processing complex tasks, such
as multi-task learning, where strong interference
effects can degrade the performance of a single net-
work. To mitigate these effects, if the training data
can be logically partitioned into distinct subsets
corresponding to each subtask, the system can be
decomposed into several components, each consist-
ing of an "expert" network. This expert network
is designed to fit a portion of the input, thereby
reducing the mutual interference between the com-
ponents. It can be formulated as:

N
hy, =Y giep(hp_q) ©)
=1

where the e} (hy_1) denotes the i-th expert in layer
k, and g,i is the gate function to control ¢-th expert
behavior depend on the input in layer k.

The advent of deep Mixture of Experts (MoE)
architecture as proposed in (Eigen et al., 2014)
has led to its widespread use as a mechanism for
augmenting the capacity of deep models (Shazeer
et al., 2017; Gross et al., 2017; Xue et al., 2022),
which replace feed-forward layer with the MoE ar-
chitecture. Moreover, The MoE approach has been
demonstrated to achieve superior computational ef-
ficiency compared to dense models (Lepikhin et al.,
2021; Fedus et al., 2021), and has especially ad-
vantageous in multi-task learning scenarios, such
as multilingual translation (Lepikhin et al., 2021;
Fedus et al., 2021).

4 Taxonomy

4.1 Definition of Decision Sequence

Priori Knowledge Method Priori knowledge
method follows an assumption that there is some
kind of nature consistency between the network
structure and the ideal discrete sequence. Most
conditional computation methods consider this con-
sistency as a one-to-one relationship, and define the
length of the decision sequence N directly equal
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Figure 3: Main structures of the conditional computation. Where g, is the k-th element in g, and €}, is the i-th

expert in k-th layer.

to a hyper-parameter related to the model structure,
such as the layers in skip (Wang et al., 2018; Wu
et al., 2018), early exit (Huang et al., 2018; El-
bayad et al., 2020), the models in cascade (Li et al.,
2021a), and the expert number in MoE (Lepikhin
et al., 2021; Fedus et al., 2021).

Since the early exit model requires adding N — 1
intermediate classifiers, a natural idea is to obtain
N satisfying N < L according to the number of
layers L. The consistency is then modeled as a
many-to-one relationship, which multiple layers
correspond to an intermediate classifier, and the
position of the intermediate classifier can be de-
termined by the computational cost (Kaya et al.,
2019) or experience (Teerapittayanon et al., 2016).

Learnable Method Learnable method can be di-
vided into two types. One is learning the length of
decision sequence based on the assumption of one-
to-one correspondence between the model structure
and the decision sequence. The other is learning
the correspondence between the network structure
and decision sequence based on a fixed sequence
length.

The first type of method learning sequence
length does not use hyper-parameters to define
the length NV, but is dependent on the hidden
state, which allows the model to go beyond a pre-
defined structure and automatically select a suit-
able structure from super-network based on the rnn
unit (Graves, 2016) or block unit (Dehghani et al.,
2019).

The second type of method appears in the MoE,
unlike the clear boundary between layers in depth
adaptive model, since each expert in MoE is equiv-
alent to some of the parameters in the original FFN
layer, there is no explicit boundary between experts.
Zhang et al. proposes to establish the correspon-
dence by leveraging the co-activation graph and
parameter clustering, and to construct the expert

based on the inherent sparse structure in pre-trained
model.

4.2 Realization of Decision Sequence

Fixed Routing Policy As aforementioned men-
tioned, although the cost of the gate network tends
to be lightweight, the additional computational cost
imposed by the gate network increases with the
length of the decision sequence, which can offset
the computation gain from the conditional com-
putation. Thus, a fixed routing policy can be de-
cided during the pre-processing phase by the mu-
tual information (Liu et al., 2021) or a hash func-
tion (Roller et al., 2021) according to the training
set. The above methods do not require any addi-
tional parameters, thus alleviating the problem of
gate network scale and the training cost it intro-
duces.

Other work proposes to get the fixed routing
policy by the hidden state during training. One
way is selecting the routing by cosine similarity
between the input representation and the center of
the expert parameter (Zhang et al., 2021). Dai et al.
propose a two-stage training approach, in which a
learnable routing mechanism is trained in an initial
phase, followed by the fine-tuning of the remaining
components of the conditional computation model
utilizing a distilled, fixed routing strategy derived
from the learnable routing. Although the fixed
routing policy results in the model’s inability to
adapt to external constraints, it can mitigate insta-
bility during training caused by gate network not
fully trained, such as routing fluctuation (Dai et al.,
2022).

Learnable Routing Policy Based on the previ-
ous description, we will summarize the learnable
routing policy from two perspectives: regression
task, and classification task. Since the classification
task is plagued by a discontinuity problem, which



prompts the exploration of various learning meth-
ods beyond conventional reinforcement learning,
such as threshold-based supervised learning, regu-
larization learning, and others, in order to expand
the scope of the classification task.

* Regression task. A representative work of
defining the learning of gate function as a
regression task was MoE in the early stage,
mainly concerned with constructing a net-
work from a divide-and-conquer perspective.
Each expert fits a different sub-problem while
choosing an efficient combination of experts,
benefiting from the ensemble and sparse
structure. The output of the gate network
was often a probability distribution (Jacobs
etal., 1991; Eigen et al., 2014) or real-valued
weights (Wang et al., 2019), which brought
the advantage of easy optimization. Since
there is no constraint on the gate function, it
is still relatively dense and could not achieve
significant speedup. Another type of work is
ACT, which is the only one that defines the
learning of gate function as a regression task
in the depth adaptive model, the gate network
generates a probability distribution with sum
of 1 for each layer, and the final model output
is a dense connection of every layer (Graves,
2016; Dehghani et al., 2019).

* Classification task. The advantage of defin-
ing the learning of the gate function as a
classification task is that it allows the gate
network to output a discrete sequence, lead
gi € {0,1,---,C}, and C is the class number
of the classification task. Under the classifi-
cation task, the most straightforward way to
learn the gate function is to build a pseudo-
label based on the hidden state. Mullapudi
et al. utilizes clustering of hidden states to
allocate all classes in the task to each sub-
network. While Zhang et al. assigns a label
to each sub-network based on the activation
ratio of the parameters in the sub-network, try-
ing to maximize leverage the inherent sparsity
in the pre-trained model.

Moreover, although this discrete sequence in-
creases the sparse degree of the network, some
methods realize a very sparse structure under
the constraints in loss function related to the
norm of g and thus achieve remarkable com-
putational speedup. However, this discrete

sequence makes model optimization difficult.

Reinforcement Learning The application of Re-
inforcement Learning (RL) provides a solution for
the optimization of discrete sequences. The Block-
Drop approach (Wu et al., 2018) leverages a policy
network that behaves as a k-dimensional Bernoulli
distribution as the gate function, similar to the pol-
icy described by Bengio et al.. The reward func-
tion is about the percentage of parameters utilized,
wherein the expected gradient is approximated via
Monte-Carlo sampling. In contrast, the SkipNet
methodology implements a hybrid reinforcement
learning approach where the probabilistic gate func-
tion, which operates as the action function, is sep-
arated from the backbone network. The input to
the gate network is the original input and the out-
put is the optimal value of ¢g*. The reward func-
tion is the total computational savings of the skip
layer and the optimization process utilizes super-
vised learning for the backbone network and RL for
the optimization of the gate network (Wang et al.,
2018).

Threshold-based Supervised Learning To ob-
tain the discrete sequence g*, some work uses a
threshold that converts the non-differentiable prob-
lem into a pre-defined threshold 7. Here, we opti-
mize only a continuous value g, which represents
the output certainty of the model based on the sub-
network ¢. A straightforward idea to obtain g is to
leverage the information from the classifier, such as
the confidence of classifier (Kaya et al., 2019), or
the entropy of the distribution output by classifier
(Xin et al., 2020; Liao et al., 2021; Teerapittayanon
et al., 2016). Furthermore, it has also been sug-
gested that the hidden state contains the estimates
of how certain the model for its output, thus some
works have employed transformations based on the
hidden state as g (Xin et al., 2021; Li et al., 2021b;
Elbayad et al., 2020).

The threshold 7 is typically established by a set
of pre-defined values (Teerapittayanon et al., 2016)
that can be manually adjusted subject to computa-
tional resource constraints. In particular, Huang
et al. determine 7 by the relationship between the
computational cost of the model and the predefined
computational budget. Recently, adjusting 7 by
conformal prediction can guarantee the intermedi-
ate classifier similar to the final classifier to some
extent (Schuster et al., 2021, 2022).



Top-k-based Supervised Learning Transform
the continuous output of the gate network into a dis-
crete sequence by Top-k approach is often used in
MOoE architecture. Since MoE separates the model
capacity and computational cost, Top-k-based su-
pervised learning can obtain a higher degree of
sparsity with a tendency towards smaller k (Shazeer
et al., 2017; Fedus et al., 2021; Lepikhin et al.,
2021). For the in-differentiable problem posed
by the sampling methods in Top-k, a common ap-
proach is to use a straight-through estimator (Ben-
gio et al., 2013).

Other Learning Methods A fixed routing pol-
icy generates a stable routing but can not re-
sponse to external constrains, while a learnable
route has more adaptability but generates routing
fluctuation and load imbalance problems in MoE,
which interfere with training the backbone network.
One approach that combines the advantages of
both routing policy is use a consistency regular-
izer (Zuo et al., 2022), which minimizes the Kull-
back-Leibler divergence between the two feedfor-
ward outputs based on a random gate function. In
addition, Shen et al. propose to model the each
expert in MoE as a latent variable, and optimized
by the EM algorithm from the perspective of an
latent variable model.

5 Challenges

In this section, we summarize the challenges in con-
ditional computation methods from the perspective
of its application.

5.1 Granularity of the Input

In sequence-to-sequence tasks, the token-level
method is commonly discussed. It achieves higher
speedup ratios by routing for the smallest input unit.
However, it overlooks the information between in-
put units and incurs a high computational cost for
the gate network (Elbayad et al., 2020; Fedus et al.,
2021). Exploring the sequence-level method in
early exit, it is found that although it performs
similarly to the token-level method on shorter se-
quences, it yields worse results as the sequence
length increases due to a coarser routing policy (Li
et al., 2021b; Elbayad et al., 2020). Similar conclu-
sions apply to the MoE model (Kudugunta et al.,
2021). The task-level method is proposed, leading
to significant results such as higher peak through-
put and reduced communication cost across devices
compared to the token-level method in the MoE

model (Kudugunta et al., 2021). Furthermore, a
cascade model with varying input granularity is
realized by increasing the number of patches in
a vision Transformer model. While no dynamic
window method for determining input granular-
ity was found, the window confidence-based ap-
proach demonstrates potential in this regard (Li
et al., 2021b).

5.2 Modeling

Conditional computation models commonly em-
ploy a gate network and backbone network. How-
ever, recent research on MoE introduces new mod-
eling approaches. One idea is to replace the gate
function with random dropout or utilize the in-
herent sparsity in the model to construct the ex-
pert (Zuo et al., 2022; Zhang et al., 2021). Addi-
tionally, the MoE model based on the FFN layer
has attracted attention, prompting exploration of ex-
perts beyond the FFN layer, including the attention-
based MoE model (Peng et al., 2020; Zhang and
Feng, 2021). Furthermore, it has been demon-
strated that utilizing MoE for multi-task learning
outperforms parameter-dense single models (Gupta
et al., 2022; Kudugunta et al., 2021).

5.3 Training Paradigm

The main challenge in optimizing the conditional
computation model is the joint training of the back-
bone and gate network. Unlike the MoE model,
which utilizes ensemble learning, the depth adap-
tive model relies on a single sub-network for gen-
erating predictions. As a result, the gate function
training follows a layer-wise approach, progres-
sively augmenting and training intermediate classi-
fiers as the final classifier (Panda et al., 2016).

In comparison to a step-wise training proce-
dure, Joint Optimization is deemed to offer a reg-
ularization benefit to each classifier, as the losses
of all classifiers are integrated into the final loss
function (Teerapittayanon et al., 2016; Kaya et al.,
2019). Based on the success of the joint optimiza-
tion approach and pre-trained model, many early
exit model use the pre-training and joint optimiza-
tion to train depth adaptive model, by inserting
intermediate classifiers on pre-train model and fine-
tuning intermediate classifiers has also become an
option (Zhou et al., 2020; Li et al., 2021b).

Joint Optimization, as opposed to a step-wise
training procedure, offers regularization benefits to
each classifier by integrating the losses of all clas-
sifiers into the final loss function. Building upon



the success of joint optimization and pre-trained
models, many early exit models incorporate pre-
training and joint optimization to train depth adap-
tive models. This involves inserting intermediate
classifiers into pre-trained models and fine-tuning
them accordingly.

In addition, direct fine-tuning based on pre-
trained model is considered too aggressive, which
damages the features obtained during the pre-
training period, further, the regularization brought
by joint optimization may interfere with the learn-
ing of different classifiers. Therefore, Liao et al.
propose to fine-tuning with frozen part of parame-
ters, fine-tuning backbone network and intermedi-
ate classifier gradually (Xin et al., 2020), or fine-
tuning backbone network and intermediate classi-
fiers alternatively (Xin et al., 2021).

5.4 Optimization Problem

The behavior of the optimization problem differs
between depth-adaptive and width-adaptive mod-
els, as evidenced by the unreliable hidden state in
depth-adaptive models and the load imbalance in
MoE models.

Unreliable Hidden State Although using differ-
ent computational costs for samples with different
difficulties is an acceptable assumption, the mea-
sure of sample difficulty is always ambiguous, so
it is uncertain which hidden state should be used to
complete the inference, which leads to a discussion
on how to provide a reliable hidden state for the
classifier.

Intermediate classifiers in depth adaptive model
has been widely criticized due to the conflict-
ing requirements for high-dimensional and low-
dimensional features. This conflict can be ad-
dressed through the implementation of the cas-
cade (Li et al., 2021a; Wang et al., 2021). Alter-
natively, the multi-scale early exit (Huang et al.,
2018; McGill and Perona, 2017) can be utilized
to provide the early layer with high-dimensional
features. Additionally, the single hidden state has
been questioned in its ability to provide sufficient
features for intermediate classifiers, leading to the
proposal of the patience-based early exit (Zhou
et al., 2020), which outputs the final classification
result only after it has been confirmed by multi-
ple intermediate classifiers. Another approach is
the fusion of both high-level and low-level features
through the utilization of high-level and low-level
feature estimators (Liao et al., 2021).

Furthermore, the early exit model can be viewed
as a multi-branch network comprising a backbone
network and several sub-networks, each of which
utilizes an intermediate classifier as its final clas-
sifier and shares a portion of the parameters via
residual connections. Recent studies have adopted
an ensemble learning approach, leveraging either
the hidden state (Liao et al., 2021) or the intermedi-
ate classifier (Sun et al., 2021) to get a more reliable
prediction.

Load Imbalance and Training instability
When treating the training gate function as a classi-
fication task, while it improves the network sparsity,
it also amplifies the training instability caused by
fluctuating gate function. Sparse activation of train-
ing patterns reduces parameters that can be updated
every epoch. On the one hand, it enlarges the ran-
domness brought by initialization and leads to the
load imbalance problem that often occurs in MoE.
On the other hand, it increases the time required
for the network to converge and interferes with the
learning of the backbone network.

A straightforward way to avoid the load imbal-
ance problem is to renormalize the gate function
when it is greater than a threshold based on mean
value after multiple epochs (Eigen et al., 2014). An-
other widely adopted approach is to add a regular-
ization loss term with respect to the gate function to
the final loss to encourage a balanced load (Shazeer
etal., 2017; Xue et al., 2022). Recently, some meth-
ods set the expert capacity for each expert, which
provides an upper limit of training samples for each
expert and ensures that the frequently selected ex-
perts are not over-optimized (Lepikhin et al., 2021;
Fedus et al., 2021). In addition, modeling the gate
function as a linear assignment problem (Lewis
et al., 2021), or use a completely random gate
function can also avoid load imbalance (Zuo et al.,
2022).

For the training instability problem, a common
approach is to adopt a fixed routing policy. Dai
et al. propose a two-stage training strategy, which
trains the gate network in the first stage while dis-
tilling the gate network, and then trains the back-
bone network using the distilled fixed gate network
in the second stage. In addition, using the hash
method based on input samples can also provide a
stable routing (Roller et al., 2021).



6 Conclusion

In this paper, we present a comprehensive overview
of the conditional computation methods. The gate
network, a critical aspect of the model, is shown to
be contingent on both structural and sparsity con-
siderations. To this end, we suggest a novel taxon-
omy, derived from the decision sequence output of
the gate network, which serves to categorize preva-
lent issues encountered in varying structures, while
simultaneously proffering insightful strategies for
the development of more versatile methodologies.
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