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Abstract
Using large-scale models has proven to be an001
effective approach to enhancing model perfor-002
mance and enabling various applications. How-003
ever, such models come at a significant com-004
putation cost. To address this issue, condi-005
tional computation has been proposed to dy-006
namically adjust the model scale based on in-007
put via dynamic dropout and an additional gate008
network. The gate network partitions the orig-009
inal network (called backbone network) into010
multiple sub-networks and selects a specific011
sub-network for each input. In this paper, we012
present a novel classification not from model013
structure to discuss the sub-network granular-014
ity and the training methods of this framework015
from a new perspective, namely the definition016
and learning of decision sequence respectively,017
and summarize the latest approaches in condi-018
tional computation.019

1 Introduction020

In recent years, large-scale models have021

gained widespread success in a wide range of022

tasks (Krizhevsky et al., 2012; Vaswani et al.,023

2017). However, with the increasing capacity of024

these models, like constructing the pre-trained025

models or large language models (Devlin et al.,026

2019; Raffel et al., 2020), the computation027

cost associated with training and inference has028

become a significant bottleneck. As such, further029

increasing model capacity through expanding030

model parameters is prohibitively expensive and031

inefficient in terms of performance gains.032

An appropriate method to address the challenges033

associated with model efficiency and adaptability034

is conditional computation, in which the core idea035

is that instead of dropping out paths independently036

and at random, drop them in a learned and opti-037

mized way. We can mainly categorize the condi-038

tional computation methods into four types based039

on the structure: Early Exit (Teerapittayanon et al.,040

2016), Mixture of Expert (Shazeer et al., 2017),041
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Figure 1: Decision sequences in conditional computa-
tion. Taking early exit as an example, the length of ĝ
corresponds to the granularity of the network structure,
while its value determines the sparsity of the network
when computed for different samples, pi represents the
early exit prediction.

Skip (Wu et al., 2018), Cascade (Li et al., 2021a), 042

and Adaptive Computation Time (Graves, 2016). 043

Early conditional computation. Mixture of ex- 044

pert, also called the ME method in the early stage, 045

focuses on dividing the entire system and the train- 046

ing set(corresponding to tasks to multiple subtasks) 047

into several parts by the Divide-and-Conquer prin- 048

ciple from an implicit (learn by loss function) or 049

explicit (partition the training set directly) perspec- 050

tive (Jacobs et al., 1991; Masoudnia and Ebrahim- 051

pour, 2014). Each part is composed of an "ex- 052

pert" network, which is responsible for the Corre- 053

sponding part in the training set(subtasks). While 054

many works in this research line try to optimize the 055

MoE network, these structures are often very sim- 056

ple, like based on fully connected networks. Also, 057

this attempt based on simple structures occurs in 058

some structures Other than EM (Bengio et al., 2013, 059

2015). 060

Modern conditional computation. As deep 061

neural network gradually show its advantage, the 062

dynamic depth approach started to emerge, where 063

the early exit and skip methods attempt to dynam- 064

ically adjust the used layers during the inference 065

1



phase based on a fixed model structure, while cas-066

cade and act by adaptively selecting one of the067

sub-networks in a potentially infinitely deep net-068

work structure. Furthermore, the Mixture of Expert069

(MoE) has also been applied to transformer mod-070

els recently, which learn the activation of experts071

implicitly by the loss function, meanwhile utiliz-072

ing an additional loss term to reduce the competi-073

tion between experts (load imbalance). Although074

this approach is highly similar to the ME approach075

in structure and training, MoE is more concerned076

with obtaining a larger model capacity while main-077

taining a lower computational cost rather than de-078

composing the target task. The activation pattern079

between experts forms a distributed instead of mu-080

tually exclusive, making the moe approach more081

consistent with the definition of conditional com-082

putation.083

To achieve the above dynamic structure, condi-084

tional computation methods commonly add a cru-085

cial component gate network to a static network.086

For ease of understanding, we call the static net-087

work as backbone network.088

• Backbone network: Like the foundation089

model, the backbone network projects the090

input to the prediction, such as the Trans-091

former(Vaswani et al., 2017) model, and so092

on. The new structure added for conditional093

computation is not included.094

• Gate network: Partitions the backbone net-095

work into multiple sub-networks and selects096

sub-networks for each input (Kaya et al., 2019;097

Zhang et al., 2021), which may be completely098

independent (Wu et al., 2018; Roller et al.,099

2021) or shared part parameters with the back-100

bone network (Teerapittayanon et al., 2016;101

Elbayad et al., 2020; Shazeer et al., 2017).102

This results in a natural structural summary (Han103

et al., 2022; Xu and McAuley, 2022), discussing104

the problems faced by conditional computation105

models under specific structures.106

An important feature of conditional compu-107

tational methods is the sparsity of the condi-108

tional computational model, such as extending109

the model capacity by an extremely sparse MoE110

layer (Shazeer et al., 2017; Lepikhin et al., 2021;111

Fedus et al., 2021), or obtaining a denser model112

by early exit (Teerapittayanon et al., 2016). The113

different sparsity is not only determined by the114

model structure, but the output of the gate network115

also plays a crucial role. In addition, by a time- 116

step related gate function, the conditional compu- 117

tational model can also obtain a model beyond a 118

predefined structure similar to Neural Architecture 119

Search(NAS) (Zoph and Le, 2017). However, un- 120

like NAS, the structure of the conditional computa- 121

tional model is dynamic for different inputs. 122

This motivates us to propose a new taxonomy 123

that a novel taxonomy that encompasses both struc- 124

tural and sparsity considerations, defined as the 125

decision sequence, namely the definition and learn- 126

ing of decision sequence, which is more concerned 127

with the output of the gate network and the training 128

of the whole model respectively. This taxonomy 129

provides a more in-depth perspective on the design 130

and training of such methods and characterizes the 131

design of structure-specific gate networks as a par- 132

ticular instance of a more general gate network. We 133

hope this survey can provide insights into develop- 134

ing more versatile gate networks. 135

This survey is organized as follows: In Sec- 136

tion 2, we differentiate between conditional com- 137

putation and dynamic algorithms and propose a 138

novel taxonomy perspective based on the decision 139

sequence represented by the output of the gate net- 140

work. Then, the classical model structure of condi- 141

tional computation is introduced in Section 3. Sec- 142

tion 4 summarizes the current state-of-the-art work 143

in the field, including the definition and realization 144

of the decision sequence. Finally, Section 5 exam- 145

ines the existing challenges and outlines potential 146

avenues for future research. 147

2 Basic Framework of Conditional 148

Computation 149

2.1 Definition of Conditional Computation 150

Conditional computation can be categorized as a 151

subset of adaptive algorithms that design a learn- 152

able method for dynamic dropout (Bengio, 2013). 153

It is motivated by the hypothesis that most sam- 154

ples do not require a full high-capacity model but 155

can be fully inferred using a smaller sub-model 156

while ensuring inference accuracy (Panda et al., 157

2016; Bolukbasi et al., 2017; Shazeer et al., 2017). 158

Recent studies find that layers or branches decom- 159

pose the solution space of the original problem 160

in some interpretable way (Jawahar et al., 2019). 161

This makes it possible to specify a specialized sub- 162

network for different samples through an additional 163

gate network. 164

Introducing a gate network (function) to a back- 165
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Figure 2: Typology of conditional computation.

bone network provides an implementation path for166

conditional computation, resulting in a better dy-167

namic property and the ability to find the accu-168

racy speed balance automatically. Therefore, the169

core objective of achieving an efficient conditional170

computation model is learning an ideal decision171

sequence ĝ = {ĝ1, ĝ2, . . . , ĝn} with n elements172

shown in Figure 1. On the one hand, it can provide173

sufficient adaptability for the backbone network,174

both during training and inference procedures. On175

the other hand, it needs to have certain stability to176

ensure the performance of the backbone network.177

At this point, the backbone network F (·) predicts178

y based on the input vector x and the output ĝ of179

gate function G(·) can be formulated as:180

p(y|x, ĝ) = c(G(x, δ) · F (x, θ)) (1)181

where c is the classifier, δ and θ is the trainable182

parameters in the network. Based on Eq. 1, we183

expand our taxonomy based on these two key issues184

in conditional computation.185

• How to partition the network. The key issue186

decides the specific form of the network F (·)187

and G(·), and the correspondence of each part188

fi(·) in F (·) with each element ĝk in ĝ, which189

determines the minimum granularity of the190

conditional computation model when execut-191

ing the routing policy. We summarize this as192

the definition of decision sequence.193

• How to train the conditional computation194

model. The key issue decides the value of195

parameters δ and θ. More importantly, it de-196

termines the value of ideal decision sequence197

ĝ, which determines the sparsity of the net-198

work and the optimization problems that the199

network may face under different sparsity. We 200

summarize this as the realization of decision 201

sequence. 202

2.2 Definition of Decision Sequence 203

When the sample activates a certain sub-network in 204

a conditional computation model with a stable ĝ, its 205

discarded forever by the other sub-networks, this is 206

decided at the time of network partition. So it can 207

be found that the correspondence between fi(·) and 208

ĝi and their specific forms not only determines the 209

minimum granularity, but also assigns the training 210

set to different sub-network, which partitions the 211

solution space of the task and assigns different sub- 212

tasks to different sub-networks potentially. We 213

classify the learning of this correspondence into 214

the following two categories: 215

• Prior knowledge method. Directly define ĝ 216

with fixed length by hyper-parameters associ- 217

ated with the model structure or external con- 218

straints such as computational budgets (Panda 219

et al., 2016) and experience (Teerapittayanon 220

et al., 2016). 221

• Learnable method. Learn ĝ with variable- 222

length based on the model hidden layer 223

state (Graves, 2016; Zhang et al., 2021). 224

2.3 Realization of Decision Sequence 225

The difficulty in training a conditional computation 226

model stems from the lack of a tangible target in the 227

decision sequence, this makes ĝ unknowable, and 228

leading to instability during training and hinder- 229

ing the training process of the backbone network, 230

e.g., load imbalance (Eigen et al., 2014). Further- 231

more, when seeking a sparse network, the discrete 232
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nature of the decision sequence exacerbates the233

training problem by introducing a discrete decision234

sequence. To mitigate this issue, we suggest uti-235

lizing a fixed or learnable approximation of the236

decision sequence, denoted as g∗, to approximate237

the target ĝ.238

• Fixed routing policy. Based on prior239

knowledge (Liu et al., 2021), clustering240

method (Zhang et al., 2021) or hash241

method (Roller et al., 2021), training samples242

are assigned to different sub-networks. This243

results in a fixed pseudo-label for decision244

sequence on each sample.245

• Learnable routing policy. Approximate ĝ by246

maximum the task-relevant metrics, such as247

g∗ that allows the maximum correct rate of248

the model prediction or g∗ that maximizes the249

likelihood of the loss function (Elbayad et al.,250

2020). Although the correct rate is not avail-251

able at testing stage, g∗ based on maximum252

correct rate is often used to measure the upper253

bound of performance and provide a pseudo-254

label for optimization.255

During the test phase, for fixed routing policy,256

we can use the pseudo-label directly (Liu et al.,257

2021). While for the learnable routing policy, the258

computation of g∗ relies on true labels, so using g259

to learn the distribution of g∗ during training is a260

common choice (Elbayad et al., 2020).261

A relatively simple case is to take the learning of262

g as a regression task, which can produce a normal-263

ized probability gi ∈ [0, 1] or a real value gi ∈ R264

sequence (Collobert et al., 2003), but leading to a265

dense model and an ensemble model corresponding266

to a soft gate. In order to enlarge the sparsity, the267

learning of g is often modeled as a classification268

task, which can be classified as binary classification269

and multi-classification according to the number270

of gi can be taken (Shazeer et al., 2017; Bolukbasi271

et al., 2017). At this time, g is like the output of272

indicator function gi ∈ {0, 1}, which is a discrete273

sequence and leads a serious indifferentiable prob-274

lem. We classify the training methods for learnable275

routing policy under the classification task into the276

following four categories:277

• Reinforcement learning. Use g as an active278

function and computational cost as a reward,279

and find the optimal discrete sequence g by280

observing the effect of random perturbations281

on the reward (Wang et al., 2018; Wu et al., 282

2018). 283

• Threshold-based supervised learning. Since 284

g∗ is an indifferentiable value, the threshold- 285

based approach optimizes a continuous g 286

while maintaining a predetermined threshold 287

τ , generates a discrete sequence based on the 288

magnitude1 of g with respect to τ . Here τ is 289

used as a pseudo-label (Teerapittayanon et al., 290

2016; Elbayad et al., 2020). 291

• Top-k-based supervised learning. Like MoE 292

structure, when the output of the gate net- 293

work is very relevant to the hidden state, a 294

more reasonable choice is to optimize the 295

gate network using task-dependent supervi- 296

sory signals. Here the gate function also faces 297

the problem of discontinuity, but a straight- 298

through gradient (Bengio et al., 2013) is com- 299

monly used to optimize the selected top-k 300

expert (Shazeer et al., 2017; Lepikhin et al., 301

2021; Fedus et al., 2021). 302

• Other learning methods. Learning the gate 303

function from a regularization perspective or 304

using the EM algorithm (Zuo et al., 2022; 305

Shen et al., 2019). 306

Based on the above descriptions, we classify con- 307

ditional computation methods from the definition 308

of decision sequence and the realization of decision 309

sequence. The overall structure of our taxonomy is 310

as shown in Figure 2. 311

3 Main Structure of the Conditional 312

Computation 313

To facilitate understanding, we briefly introduce 314

several main structures of conditional computation 315

from the width and the depth, respectively. Here 316

we are based on a network composed of a stack of 317

layers. The final output of the backbone network 318

(omitting the gate network for simplification) is 319

p(y|x) = c(hfinal) 320

hk = fk(hk−1) (2) 321

where hk is the hidden state that is output by k-th 322

layer fk(·), c(·) is the final classifier of the back- 323

bone network, and we omit skip-connections for 324

brevity. 325

1Output 1 for g∗i if gi > τi, 0 otherwise.
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When constructing a conditional computation326

model with a gate network that outputs a decision327

sequence g with length N , we briefly summarize328

the main structures of the conditional computation329

model as shown in Figure 3, where gk = 1.330

3.1 Depth Adaptive331

Based on the conclusion that low-dimensional and332

high-dimensional features are extracted from the333

bottom and up layer of the model (Jawahar et al.,334

2019), the depth adaptive model regards a layer335

as the most fundamental unit. The depth adap-336

tive models can be classified into four categories,337

namely Early Exit, Cascade, Adaptive Computa-338

tion Time (ACT), and Skip according to the dy-339

namic activation of a subset of its layers.340

Early Exit The early exit involves utilizing the341

first k layers of a neural network model for the342

purpose of sample prediction. In order to achieve343

exit at the k-th layer, an intermediate classifier ck(·)344

needs to be added at the exit position (Panda et al.,345

2016), the output pk(y|x, g) can be described for-346

mally as347

p(y|x, g) = ck(gk · hk) when gk+1 ̸= 1 (3)348

Cascade Cascade do not require an intermediate349

classifier since they only exit at the final classifier350

ck(·) in the k-th model based on its final hidden351

state hk
final (Li et al., 2021a; Wang et al., 2021).352

p(y|x, g) = ck(gk · hk
final) when gk+1 ̸= 1 (4)353

ACT ACT selects a suitable model from the354

super-network based on a common unit with shared355

parameters, and obtain the final prediction by a356

linear weighting of all continuous representation357

based on hidden states (Graves, 2016; Dehghani358

et al., 2019).359

p(y|x, g) = c(
N∑
k=1

gk · hk) (5)360

Skip Skip is premised on the notion that each361

layer in a neural network operates to effect targeted362

transformations on the input features. This method-363

ology assumes that it is feasible to omit layers that364

are inconsequential to the input, thereby preserving365

computational efficiency, akin to a residual layer366

with learnable parameters (Wu et al., 2018; Wang367

et al., 2018).368

p(y|x, g) = c(hfinal) (6)369

hk =

{
fk(hk−1), when gk = 1
hk−1, when gk = 0

370

371

3.2 Width Adaptive 372

The most representative method of width-adaptive 373

method is the Mixture of experts (MoE) (Ja- 374

cobs et al., 1991), which is considered as a data- 375

dependent trainable combining method (Masoud- 376

nia and Ebrahimpour, 2014). 377

The motivation for this approach arises from 378

the challenge of processing complex tasks, such 379

as multi-task learning, where strong interference 380

effects can degrade the performance of a single net- 381

work. To mitigate these effects, if the training data 382

can be logically partitioned into distinct subsets 383

corresponding to each subtask, the system can be 384

decomposed into several components, each consist- 385

ing of an "expert" network. This expert network 386

is designed to fit a portion of the input, thereby 387

reducing the mutual interference between the com- 388

ponents. It can be formulated as: 389

hk =
N∑
i=1

gike
i
k(hk−1) (7) 390

where the eik(hk−1) denotes the i-th expert in layer 391

k, and gik is the gate function to control i-th expert 392

behavior depend on the input in layer k. 393

The advent of deep Mixture of Experts (MoE) 394

architecture as proposed in (Eigen et al., 2014) 395

has led to its widespread use as a mechanism for 396

augmenting the capacity of deep models (Shazeer 397

et al., 2017; Gross et al., 2017; Xue et al., 2022), 398

which replace feed-forward layer with the MoE ar- 399

chitecture. Moreover, The MoE approach has been 400

demonstrated to achieve superior computational ef- 401

ficiency compared to dense models (Lepikhin et al., 402

2021; Fedus et al., 2021), and has especially ad- 403

vantageous in multi-task learning scenarios, such 404

as multilingual translation (Lepikhin et al., 2021; 405

Fedus et al., 2021). 406

4 Taxonomy 407

4.1 Definition of Decision Sequence 408

Priori Knowledge Method Priori knowledge 409

method follows an assumption that there is some 410

kind of nature consistency between the network 411

structure and the ideal discrete sequence. Most 412

conditional computation methods consider this con- 413

sistency as a one-to-one relationship, and define the 414

length of the decision sequence N directly equal 415

5



layerk

layerk+1

· · ·

ck

ck+1

(a) Early exit

gk

gk+1

Activated Dropout

modelk

modelk+1

· · ·

ck

ck+1

(b) Cascade

gk

gk+1

unit

unit

· · ·

c(
∑

)

(c) ACT

gk

gk+1

layerk

layerk+1

· · ·

(d) Skip

gk

gk+1

layerk

e1k e2k · · · enk

layerk+2

(e) MoE

Figure 3: Main structures of the conditional computation. Where gk is the k-th element in g, and eik is the i-th
expert in k-th layer.

to a hyper-parameter related to the model structure,416

such as the layers in skip (Wang et al., 2018; Wu417

et al., 2018), early exit (Huang et al., 2018; El-418

bayad et al., 2020), the models in cascade (Li et al.,419

2021a), and the expert number in MoE (Lepikhin420

et al., 2021; Fedus et al., 2021).421

Since the early exit model requires adding N −1422

intermediate classifiers, a natural idea is to obtain423

N satisfying N < L according to the number of424

layers L. The consistency is then modeled as a425

many-to-one relationship, which multiple layers426

correspond to an intermediate classifier, and the427

position of the intermediate classifier can be de-428

termined by the computational cost (Kaya et al.,429

2019) or experience (Teerapittayanon et al., 2016).430

Learnable Method Learnable method can be di-431

vided into two types. One is learning the length of432

decision sequence based on the assumption of one-433

to-one correspondence between the model structure434

and the decision sequence. The other is learning435

the correspondence between the network structure436

and decision sequence based on a fixed sequence437

length.438

The first type of method learning sequence439

length does not use hyper-parameters to define440

the length N , but is dependent on the hidden441

state, which allows the model to go beyond a pre-442

defined structure and automatically select a suit-443

able structure from super-network based on the rnn444

unit (Graves, 2016) or block unit (Dehghani et al.,445

2019).446

The second type of method appears in the MoE,447

unlike the clear boundary between layers in depth448

adaptive model, since each expert in MoE is equiv-449

alent to some of the parameters in the original FFN450

layer, there is no explicit boundary between experts.451

Zhang et al. proposes to establish the correspon-452

dence by leveraging the co-activation graph and453

parameter clustering, and to construct the expert454

based on the inherent sparse structure in pre-trained 455

model. 456

4.2 Realization of Decision Sequence 457

Fixed Routing Policy As aforementioned men- 458

tioned, although the cost of the gate network tends 459

to be lightweight, the additional computational cost 460

imposed by the gate network increases with the 461

length of the decision sequence, which can offset 462

the computation gain from the conditional com- 463

putation. Thus, a fixed routing policy can be de- 464

cided during the pre-processing phase by the mu- 465

tual information (Liu et al., 2021) or a hash func- 466

tion (Roller et al., 2021) according to the training 467

set. The above methods do not require any addi- 468

tional parameters, thus alleviating the problem of 469

gate network scale and the training cost it intro- 470

duces. 471

Other work proposes to get the fixed routing 472

policy by the hidden state during training. One 473

way is selecting the routing by cosine similarity 474

between the input representation and the center of 475

the expert parameter (Zhang et al., 2021). Dai et al. 476

propose a two-stage training approach, in which a 477

learnable routing mechanism is trained in an initial 478

phase, followed by the fine-tuning of the remaining 479

components of the conditional computation model 480

utilizing a distilled, fixed routing strategy derived 481

from the learnable routing. Although the fixed 482

routing policy results in the model’s inability to 483

adapt to external constraints, it can mitigate insta- 484

bility during training caused by gate network not 485

fully trained, such as routing fluctuation (Dai et al., 486

2022). 487

Learnable Routing Policy Based on the previ- 488

ous description, we will summarize the learnable 489

routing policy from two perspectives: regression 490

task, and classification task. Since the classification 491

task is plagued by a discontinuity problem, which 492
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prompts the exploration of various learning meth-493

ods beyond conventional reinforcement learning,494

such as threshold-based supervised learning, regu-495

larization learning, and others, in order to expand496

the scope of the classification task.497

• Regression task. A representative work of498

defining the learning of gate function as a499

regression task was MoE in the early stage,500

mainly concerned with constructing a net-501

work from a divide-and-conquer perspective.502

Each expert fits a different sub-problem while503

choosing an efficient combination of experts,504

benefiting from the ensemble and sparse505

structure. The output of the gate network506

was often a probability distribution (Jacobs507

et al., 1991; Eigen et al., 2014) or real-valued508

weights (Wang et al., 2019), which brought509

the advantage of easy optimization. Since510

there is no constraint on the gate function, it511

is still relatively dense and could not achieve512

significant speedup. Another type of work is513

ACT, which is the only one that defines the514

learning of gate function as a regression task515

in the depth adaptive model, the gate network516

generates a probability distribution with sum517

of 1 for each layer, and the final model output518

is a dense connection of every layer (Graves,519

2016; Dehghani et al., 2019).520

• Classification task. The advantage of defin-521

ing the learning of the gate function as a522

classification task is that it allows the gate523

network to output a discrete sequence, lead524

gi ∈ {0, 1, · · · , C}, and C is the class number525

of the classification task. Under the classifi-526

cation task, the most straightforward way to527

learn the gate function is to build a pseudo-528

label based on the hidden state. Mullapudi529

et al. utilizes clustering of hidden states to530

allocate all classes in the task to each sub-531

network. While Zhang et al. assigns a label532

to each sub-network based on the activation533

ratio of the parameters in the sub-network, try-534

ing to maximize leverage the inherent sparsity535

in the pre-trained model.536

Moreover, although this discrete sequence in-537

creases the sparse degree of the network, some538

methods realize a very sparse structure under539

the constraints in loss function related to the540

norm of g and thus achieve remarkable com-541

putational speedup. However, this discrete542

sequence makes model optimization difficult. 543

Reinforcement Learning The application of Re- 544

inforcement Learning (RL) provides a solution for 545

the optimization of discrete sequences. The Block- 546

Drop approach (Wu et al., 2018) leverages a policy 547

network that behaves as a k-dimensional Bernoulli 548

distribution as the gate function, similar to the pol- 549

icy described by Bengio et al.. The reward func- 550

tion is about the percentage of parameters utilized, 551

wherein the expected gradient is approximated via 552

Monte-Carlo sampling. In contrast, the SkipNet 553

methodology implements a hybrid reinforcement 554

learning approach where the probabilistic gate func- 555

tion, which operates as the action function, is sep- 556

arated from the backbone network. The input to 557

the gate network is the original input and the out- 558

put is the optimal value of g∗. The reward func- 559

tion is the total computational savings of the skip 560

layer and the optimization process utilizes super- 561

vised learning for the backbone network and RL for 562

the optimization of the gate network (Wang et al., 563

2018). 564

Threshold-based Supervised Learning To ob- 565

tain the discrete sequence g∗, some work uses a 566

threshold that converts the non-differentiable prob- 567

lem into a pre-defined threshold τ . Here, we opti- 568

mize only a continuous value g, which represents 569

the output certainty of the model based on the sub- 570

network i. A straightforward idea to obtain g is to 571

leverage the information from the classifier, such as 572

the confidence of classifier (Kaya et al., 2019), or 573

the entropy of the distribution output by classifier 574

(Xin et al., 2020; Liao et al., 2021; Teerapittayanon 575

et al., 2016). Furthermore, it has also been sug- 576

gested that the hidden state contains the estimates 577

of how certain the model for its output, thus some 578

works have employed transformations based on the 579

hidden state as g (Xin et al., 2021; Li et al., 2021b; 580

Elbayad et al., 2020). 581

The threshold τ is typically established by a set 582

of pre-defined values (Teerapittayanon et al., 2016) 583

that can be manually adjusted subject to computa- 584

tional resource constraints. In particular, Huang 585

et al. determine τ by the relationship between the 586

computational cost of the model and the predefined 587

computational budget. Recently, adjusting τ by 588

conformal prediction can guarantee the intermedi- 589

ate classifier similar to the final classifier to some 590

extent (Schuster et al., 2021, 2022). 591
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Top-k-based Supervised Learning Transform592

the continuous output of the gate network into a dis-593

crete sequence by Top-k approach is often used in594

MoE architecture. Since MoE separates the model595

capacity and computational cost, Top-k-based su-596

pervised learning can obtain a higher degree of597

sparsity with a tendency towards smaller k (Shazeer598

et al., 2017; Fedus et al., 2021; Lepikhin et al.,599

2021). For the in-differentiable problem posed600

by the sampling methods in Top-k, a common ap-601

proach is to use a straight-through estimator (Ben-602

gio et al., 2013).603

Other Learning Methods A fixed routing pol-604

icy generates a stable routing but can not re-605

sponse to external constrains, while a learnable606

route has more adaptability but generates routing607

fluctuation and load imbalance problems in MoE,608

which interfere with training the backbone network.609

One approach that combines the advantages of610

both routing policy is use a consistency regular-611

izer (Zuo et al., 2022), which minimizes the Kull-612

back–Leibler divergence between the two feedfor-613

ward outputs based on a random gate function. In614

addition, Shen et al. propose to model the each615

expert in MoE as a latent variable, and optimized616

by the EM algorithm from the perspective of an617

latent variable model.618

5 Challenges619

In this section, we summarize the challenges in con-620

ditional computation methods from the perspective621

of its application.622

5.1 Granularity of the Input623

In sequence-to-sequence tasks, the token-level624

method is commonly discussed. It achieves higher625

speedup ratios by routing for the smallest input unit.626

However, it overlooks the information between in-627

put units and incurs a high computational cost for628

the gate network (Elbayad et al., 2020; Fedus et al.,629

2021). Exploring the sequence-level method in630

early exit, it is found that although it performs631

similarly to the token-level method on shorter se-632

quences, it yields worse results as the sequence633

length increases due to a coarser routing policy (Li634

et al., 2021b; Elbayad et al., 2020). Similar conclu-635

sions apply to the MoE model (Kudugunta et al.,636

2021). The task-level method is proposed, leading637

to significant results such as higher peak through-638

put and reduced communication cost across devices639

compared to the token-level method in the MoE640

model (Kudugunta et al., 2021). Furthermore, a 641

cascade model with varying input granularity is 642

realized by increasing the number of patches in 643

a vision Transformer model. While no dynamic 644

window method for determining input granular- 645

ity was found, the window confidence-based ap- 646

proach demonstrates potential in this regard (Li 647

et al., 2021b). 648

5.2 Modeling 649

Conditional computation models commonly em- 650

ploy a gate network and backbone network. How- 651

ever, recent research on MoE introduces new mod- 652

eling approaches. One idea is to replace the gate 653

function with random dropout or utilize the in- 654

herent sparsity in the model to construct the ex- 655

pert (Zuo et al., 2022; Zhang et al., 2021). Addi- 656

tionally, the MoE model based on the FFN layer 657

has attracted attention, prompting exploration of ex- 658

perts beyond the FFN layer, including the attention- 659

based MoE model (Peng et al., 2020; Zhang and 660

Feng, 2021). Furthermore, it has been demon- 661

strated that utilizing MoE for multi-task learning 662

outperforms parameter-dense single models (Gupta 663

et al., 2022; Kudugunta et al., 2021). 664

5.3 Training Paradigm 665

The main challenge in optimizing the conditional 666

computation model is the joint training of the back- 667

bone and gate network. Unlike the MoE model, 668

which utilizes ensemble learning, the depth adap- 669

tive model relies on a single sub-network for gen- 670

erating predictions. As a result, the gate function 671

training follows a layer-wise approach, progres- 672

sively augmenting and training intermediate classi- 673

fiers as the final classifier (Panda et al., 2016). 674

In comparison to a step-wise training proce- 675

dure, Joint Optimization is deemed to offer a reg- 676

ularization benefit to each classifier, as the losses 677

of all classifiers are integrated into the final loss 678

function (Teerapittayanon et al., 2016; Kaya et al., 679

2019). Based on the success of the joint optimiza- 680

tion approach and pre-trained model, many early 681

exit model use the pre-training and joint optimiza- 682

tion to train depth adaptive model, by inserting 683

intermediate classifiers on pre-train model and fine- 684

tuning intermediate classifiers has also become an 685

option (Zhou et al., 2020; Li et al., 2021b). 686

Joint Optimization, as opposed to a step-wise 687

training procedure, offers regularization benefits to 688

each classifier by integrating the losses of all clas- 689

sifiers into the final loss function. Building upon 690
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the success of joint optimization and pre-trained691

models, many early exit models incorporate pre-692

training and joint optimization to train depth adap-693

tive models. This involves inserting intermediate694

classifiers into pre-trained models and fine-tuning695

them accordingly.696

In addition, direct fine-tuning based on pre-697

trained model is considered too aggressive, which698

damages the features obtained during the pre-699

training period, further, the regularization brought700

by joint optimization may interfere with the learn-701

ing of different classifiers. Therefore, Liao et al.702

propose to fine-tuning with frozen part of parame-703

ters, fine-tuning backbone network and intermedi-704

ate classifier gradually (Xin et al., 2020), or fine-705

tuning backbone network and intermediate classi-706

fiers alternatively (Xin et al., 2021).707

5.4 Optimization Problem708

The behavior of the optimization problem differs709

between depth-adaptive and width-adaptive mod-710

els, as evidenced by the unreliable hidden state in711

depth-adaptive models and the load imbalance in712

MoE models.713

Unreliable Hidden State Although using differ-714

ent computational costs for samples with different715

difficulties is an acceptable assumption, the mea-716

sure of sample difficulty is always ambiguous, so717

it is uncertain which hidden state should be used to718

complete the inference, which leads to a discussion719

on how to provide a reliable hidden state for the720

classifier.721

Intermediate classifiers in depth adaptive model722

has been widely criticized due to the conflict-723

ing requirements for high-dimensional and low-724

dimensional features. This conflict can be ad-725

dressed through the implementation of the cas-726

cade (Li et al., 2021a; Wang et al., 2021). Alter-727

natively, the multi-scale early exit (Huang et al.,728

2018; McGill and Perona, 2017) can be utilized729

to provide the early layer with high-dimensional730

features. Additionally, the single hidden state has731

been questioned in its ability to provide sufficient732

features for intermediate classifiers, leading to the733

proposal of the patience-based early exit (Zhou734

et al., 2020), which outputs the final classification735

result only after it has been confirmed by multi-736

ple intermediate classifiers. Another approach is737

the fusion of both high-level and low-level features738

through the utilization of high-level and low-level739

feature estimators (Liao et al., 2021).740

Furthermore, the early exit model can be viewed 741

as a multi-branch network comprising a backbone 742

network and several sub-networks, each of which 743

utilizes an intermediate classifier as its final clas- 744

sifier and shares a portion of the parameters via 745

residual connections. Recent studies have adopted 746

an ensemble learning approach, leveraging either 747

the hidden state (Liao et al., 2021) or the intermedi- 748

ate classifier (Sun et al., 2021) to get a more reliable 749

prediction. 750

Load Imbalance and Training instability 751

When treating the training gate function as a classi- 752

fication task, while it improves the network sparsity, 753

it also amplifies the training instability caused by 754

fluctuating gate function. Sparse activation of train- 755

ing patterns reduces parameters that can be updated 756

every epoch. On the one hand, it enlarges the ran- 757

domness brought by initialization and leads to the 758

load imbalance problem that often occurs in MoE. 759

On the other hand, it increases the time required 760

for the network to converge and interferes with the 761

learning of the backbone network. 762

A straightforward way to avoid the load imbal- 763

ance problem is to renormalize the gate function 764

when it is greater than a threshold based on mean 765

value after multiple epochs (Eigen et al., 2014). An- 766

other widely adopted approach is to add a regular- 767

ization loss term with respect to the gate function to 768

the final loss to encourage a balanced load (Shazeer 769

et al., 2017; Xue et al., 2022). Recently, some meth- 770

ods set the expert capacity for each expert, which 771

provides an upper limit of training samples for each 772

expert and ensures that the frequently selected ex- 773

perts are not over-optimized (Lepikhin et al., 2021; 774

Fedus et al., 2021). In addition, modeling the gate 775

function as a linear assignment problem (Lewis 776

et al., 2021), or use a completely random gate 777

function can also avoid load imbalance (Zuo et al., 778

2022). 779

For the training instability problem, a common 780

approach is to adopt a fixed routing policy. Dai 781

et al. propose a two-stage training strategy, which 782

trains the gate network in the first stage while dis- 783

tilling the gate network, and then trains the back- 784

bone network using the distilled fixed gate network 785

in the second stage. In addition, using the hash 786

method based on input samples can also provide a 787

stable routing (Roller et al., 2021). 788
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6 Conclusion789

In this paper, we present a comprehensive overview790

of the conditional computation methods. The gate791

network, a critical aspect of the model, is shown to792

be contingent on both structural and sparsity con-793

siderations. To this end, we suggest a novel taxon-794

omy, derived from the decision sequence output of795

the gate network, which serves to categorize preva-796

lent issues encountered in varying structures, while797

simultaneously proffering insightful strategies for798

the development of more versatile methodologies.799
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