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Abstract

Currently, pre-trained models can be consid-001
ered the default choice for a wide range of NLP002
tasks. Despite their SoTA results, there is prac-003
tical evidence that these models may require a004
different number of computing layers for differ-005
ent input sequences, since evaluating all layers006
leads to overconfidence in wrong predictions007
(namely overthinking). This problem can po-008
tentially be solved by implementing adaptive009
computation time approaches, which were first010
designed to improve inference speed.011

Recently proposed PonderNet may be a promis-012
ing solution for performing an early exit by013
treating the exit layer’s index as a latent vari-014
able. However, the originally proposed exit015
criterion, relying on sampling from trained pos-016
terior distribution on the probability of exiting017
from the i-th layer, introduces major variance018
in exit layer indices, significantly reducing the019
resulting model’s performance.020

In this paper, we propose improving Ponder-021
Net with a novel deterministic Q-exit crite-022
rion and a revisited model architecture. We023
adapted the proposed mechanism to ALBERT024
and RoBERTa and compared it with recent025
methods for performing an early exit. We ob-026
served that the proposed changes can be consid-027
ered significant improvements on the original028
PonderNet architecture and outperform PABEE029
on a wide range of GLUE tasks. In addition,030
we also performed an in-depth ablation study of031
the proposed architecture to further understand032
Lambda layers and their performance.033

1 Introduction034

These days, fine-tuning pre-trained models on035

downstream tasks became a de facto standard tech-036

nique for training NLP models (Devlin et al., 2019;037

Liu et al., 2019; Lan et al., 2020; Radford et al.,038

2019). Although, as model sizes increase, it be-039

comes harder to use them for real world applica-040

tions due to computational footprint. Because of041

this fact, practitioners may desire to perform an042

early model exit (i.e., with adaptive computation 043

time (Graves, 2016)) to reduce the computation 044

needed for a specific model input. 045

One model that is widely used in real-world ap- 046

plications is ALBERT (Lan et al., 2020), which 047

is based on the Transformer architecture (Vaswani 048

et al., 2017) with shared layers (i.e., the same layer 049

is evaluated several times to provide an output). 050

Sharing layer weights allows us to think of AL- 051

BERT as of recurrent model that simplify develop- 052

ment of early exit methods. Most of them (Teer- 053

apittayanon et al., 2016; Liu et al., 2020; Xin et al., 054

2020) rely on performing an early exit based on 055

entropy of predictions during the model evalua- 056

tion. Although, Zhou et al. (2020) showed that 057

running the ALBERT-Base block for a fixed num- 058

ber of times (10) could increase the accuracy of the 059

fine-tuned model on specific tasks (e.g., MRPC) 060

despite the entropy of predictions monotonously 061

decreasing for all 12 layers. A recent PABEE solu- 062

tion (Zhou et al., 2020) was designed to overcome 063

this issue by performing an early exit based on the 064

consensus between different classifier heads from 065

different layers. The model stops evaluating when 066

several classifiers in a row produce the same result. 067

A possible orthogonal solution for this task is 068

PonderNet (Banino et al., 2021) – a variational ap- 069

proach that treats the exit layer’s index as a latent 070

variable. By maximizing the lower bound of the 071

likelihood of the training data, PonderNet trains a 072

model which can predict whether it is necessary to 073

exit from a specific layer during evaluation. How- 074

ever, Banino et al. (2021) proposed to sample from 075

the trained posterior distribution of exiting from 076

each layer during inference, which leads to major 077

variance in exit layer indices. 078

This paper proposes improving PonderNet 079

adapted for ALBERT (Lan et al., 2020) and 080

RoBERTa (Liu et al., 2019) fine-tuning (PALBERT 081

and PRoBERTa). Instead of performing an early 082

exit by sampling from the trained posterior distri- 083
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Figure 1: A comparison of the original sampling exit criterion of PonderNet (on the left) and the proposed Q-exit
criterion (on the right). PonderNet performs sampling from the Bernoulli distribution obtained from the Lambda
layer at each step, possibly exiting a model too early or too late. For Q-exit, we evaluate the Cumulative distribution
function (CDF) of the probability of exiting at layer i. Once CDF becomes greater than the threshold value (0.5 in
this example), we perform an early exit. With such a deterministic criterion, we can perform an early exit from a
model more robustly without introducing variance in the exit layer’s index during inference.

bution during evaluation, we used a novel zero-084

variance exit criterion, namely Q-exit, which eval-085

uates the CDF of the exit layer’s probability distri-086

bution and performs a deterministic early exit. We087

also revisited the architectural choices of Lambda088

layers used to predict the probability of exiting089

from the current layer to make them aware of dy-090

namics in hidden states across previous layers and091

the number of currently running layers.092

We experimented with PALBERT and093

PRoBERTa on the GLUE Benchmark datasets094

(Wang et al., 2018). The ablation study showed095

that PALBERT and PRoBERTa produced signifi-096

cantly better results than the original PonderNet097

architecture. Furthermore, the proposed methods098

outperformed PABEE and are comparable to plain099

ALBERT and RoBERTa fine-tuning, while also100

exceeding it in speeds. We also analyzed the101

trained model and provided insights on further102

improvement of the variational approach for early103

exiting.104

2 Related Work105

Most of the approaches used to perform an early106

exit from a model are based on the probability107

distribution of predictions: BranchyNet (Teerapit-108

tayanon et al., 2016), FastBERT (Liu et al., 2020),109

DeeBERT (Xin et al., 2020), which can be seen110

as an entropy criterion. Xin et al. (2021) proposed111

BERxiT with LTE layer used to estimate the cor-112

rectness of predictions during the inference based113

on the hidden state from the specific layer.114

However, there is strong practical evidence that115

classification models’ overthinking causes a reduc-116

tion in predictions’ entropy, making these methods117

difficult to use (Zhou et al., 2020). Furthermore, it118

is unclear how to adapt entropy methods for regres-119

sion tasks (Zhou et al., 2020). Zhou et al. (2020)120

proposed PABEE – a method to perform an early 121

exit based on several classifiers from the different 122

levels of a model. Once several classifiers in a row 123

(the number of these classifiers is determined by the 124

patience hyperparameter t) produce the same result, 125

we can perform an early exit. Several recent works 126

also utilized the idea of a consensus-based exiting 127

strategy (Zhu, 2021; Liao et al., 2021). Although, 128

most of them mainly augment the basic consensus 129

scheme with orthogonal heuristics. Because of this, 130

we did not include them in our experiments and 131

only used PABEE as a consensus-based method. 132

An alternative way to perform an early exit is the 133

Ponder architecture (Banino et al., 2021), which 134

uses auxiliary Lambda layers to predict whether a 135

model should exit from a specific layer during run- 136

time. Inputs to Lambda layers used in PonderNet 137

are hidden states from the current layer of a model. 138

PonderNet can be seen as a model with the latent 139

variable that corresponds to the exit layer index, 140

which is trained by maximizing the lower bound of 141

the marginalized likelihood of the data. 142

During inference, Banino et al. (2021) proposed 143

to sample from the trained posterior distribution of 144

exit layer probabilities. However, this exit criterion 145

can lead to uncertainty in exit layers for the same 146

input (see Section 4.5. Even if the Lambda layer 147

produced a probability equal to 0.1 of exiting from 148

the first layer, we could still exit a model too early 149

in one of ten cases, even though the probability was 150

small. We also hypothesize that predicting exiting 151

from a layer based entirely on a single hidden state 152

could be sub-optimal since performing early exit 153

could also depend on the dynamics in hidden states 154

across layers (i.e., the Lambda layer should know 155

how hidden states change during the evaluation). 156
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Method SST-2 RTE CoLA

ALBERT 92.7 ± 0.3 77.0 ± 1.9 57.0 ± 2.1

ALBERT + PonderNet 91.1 ± 0.6 73.5 ± 1.9 50.8 ± 2.2
ALBERT + PonderNet (Closed-Form Expectation) 92.3 ± 0.4 76.8 ± 3.0 55.9 ± 2.2

Q-exit Lambda LR 3-Layer Lambda h concat.

+ - - - 92.2 ± 0.3 77.3 ± 1.4 55.7 ± 0.9

+ + - - 92.7 ± 0.4 77.3 ± 1.4 56.5 ± 1.2

+ + + - 92.6 ± 0.3 77.0 ± 1.4 56.3 ± 2.4

+ + - + 93.0 ± 0.3 76.5 ± 1.6 56.9 ± 1.9

+ + + + 92.9 ± 0.2 77.8 ± 1.2 57.4 ± 1.7

Table 1: An ablation study of the proposed PALBERT architecture. "Lambda LR" corresponds to fine-tuning the
Lambda layer with its learning rate, "3-layer Lambda" refers to making the Lambda layer have three MLP layers
instead of one, and "h concat." stands for concatenation of two hidden states as input to the Lambda layer.

3 Improving PonderNet157

In this section, we describe the adaptation of Pon-158

derNet to the ALBERT model (PALBERT). Al-159

though, it could be easily extended to other pre-160

trained models such as RoBERTa (which we also161

used in our experiments).162

The usual ALBERT evaluation can be defined163

as a computation of n hidden states hi = S(hi−1)164

from the input embeddings h0 of an input sequence165

x, where i ∈ [1;n]. Once hn is obtained, it is166

passed to a classifier block C(hn) to get the param-167

eters of an output distribution p(y|x). A common168

way to fine-tune this architecture on downstream169

tasks is to initialize the embeddings and the S layer170

by using ALBERT (pre-trained on Masked Lan-171

guage Modelling) while initializing C randomly172

and then optimizing all parameters by maximizing173

the likelihood of the training data.174

While plain ALBERT performs a fixed number175

of computational steps, it is possible to perform176

an arbitrary number of evaluations of the layer S.177

Banino et al. (2021) proposed to extend each Trans-178

former layer with a so-called Lambda layer. More179

precisely, for each layer i, after S outputs a new hi,180

it is then passed to the classifier and Lambda lay-181

ers to get parameters C(hi) of output distributions182

p(y|x, i) and the probability of exiting from the i-th183

layer λi = Λ(hi), which induces a generalized ge-184

ometric distribution on probability of exiting from185

layer i equal to p(i|x) = λi
∏i−1

j=1(1− λj).186

Then, having the probability distribution from187

each layer p(y|x, i), the parameters of the model188

are optimized to maximize189

L(x, y) = Ei∼p(i|x)

[
log

(
p(y|x, i)

)]
−

−βKL
(
p(·|x)||p(·|λ)

)
≤ log

(
p(y|x))

(1) 190

Here, p(·|λ) is a prior geometric distribution 191

of exiting from each layer, parametrized by the 192

hyperparameter λ, and Ei∼p(i|x)

[
log

(
p(y|x, i)

)]
193

is evaluated analytically by averaging likelihoods 194

from different layers with posterior exit probabil- 195

ities. If we treat the exit layer index as a latent 196

variable, then optimizing L from the Equation 1 197

could be seen as maximizing the lower bound of 198

marginalized log likelihood log
(
p(y|x)

)
(Kingma 199

and Welling, 2014). 200

Note that following Banino et al. (2021) the 201

prior probability of exiting from the last layer n 202

is normalized as p(n|λ) = 1 −
∑n−1

i=1 p(i|λ) in 203

order to make p(i|λ) sum into 1 with a finite num- 204

ber of steps, while p(i|x) it truncated by the low- 205

est layer index j, s.t.
∑j

i=1 p(i|x) ≥ 1 − 0.05 206

(thus, KL(. . . ) is evaluated only with first j lay- 207

ers). Also note that weights of Lambda layers are 208

shared across layers of the model. 209

3.1 Exit Criterion 210

During inference, Banino et al. (2021) proposed 211

to sample the exit layer index from p(i|x) (i.e., 212

by sampling iteratively from a Bernoulli distribu- 213

tion with parameter λi). While a sampling-based 214

exit criterion correlates with the variational view 215

of PonderNet’s training objective, such estimation 216

introduces the randomness in the inference process 217

of PonderNet. 218
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Method SST-2 RTE QNLI CoLA MRPC MNLI QQP STS-B Macro

Dev set

ALBERT 92.7 76.5 91.5 56.6 90.5 84.8 88.9 90.6 84.0
ALBERT (9 L.) 91.1 74.2 91.2 56.9 89.7 84.3 89.7 90.1 83.4

ALBERT PABEE 92.7 76.9 91.5 55.6 88.3 84.5 88.9 89.9 83.5
ALBERT PonderNet 91.3 74.0 88.3 51.3 87.1 81.7 87.7 88.2 81.2

PALBERT (ours) 93.1 78.3 91.0 58.1 89.3 84.7 88.9 89.9 84.2

Test set

ALBERT 93.4 70.0 92.1 50.5 85.6 79.0 84.7 87.4 80.3

ALBERT PABEE 92.7 71.1 91.3 46.0 84.3 79.2 83.7 86.5 79.3
ALBERT PonderNet 90.2 68.6 88.5 43.7 84.3 81.1 77.4 83.6 77.2

PALBERT (ours) 93.0 73.5 91.7 48.6 87.1 79.8 84.4 86.5 80.6

Table 2: A comparison of PALBERT with recent approaches on the GLUE benchmark. In the Macro column, we
present the average results across tasks. We bolded the best results. Note that we did not bold the ALBERT rows
since there is no early exit applied and we reported it for reference.

To overcome the issue of randomness, we pro-219

pose Q-exit1: a novel deterministic criterion of220

performing an early exit, which we used for PAL-221

BERT. Instead of sampling from the distribution222

p(i|x) during inference, we evaluate its CDF by223

accumulating p(i|x) from each layer. Once the224

CDF is greater than the threshold hyperparameter225

q, we perform an early exit2. See Figure 1 for a226

schematic comparison of the sampling criterion227

with Q-exit. Threshold q can be seen as a trade-off228

between underthinking and overthinking. There-229

fore, q should be selected during the validation of230

the trained model to choose the best-performing231

value.232

Based on our experiments, we found that the233

proposed criterion produced significantly better ac-234

curacy on various tasks compared to the original235

sampling criterion (see Sections 4.1, 4.2), while236

also being more practical than the original sam-237

pling criterion.238

3.2 Lambda Layer Architecture239

While the original PonderNet used a single layer240

MLP to obtain logit of exiting probability, we hy-241

pothesize that making the Lambda layer understand242

the dynamics of changing ALBERT hidden states243

is crucial for achieving good performance. To do244

so, instead of passing a single hidden state hi from245

the i-th layer in Λ, we concatenate it with hi−1.246

1Q-exit stands for Quantile
2The proposed exit criterion is the simplest deterministic

criterion which we came to, since there is no ability to estimate
mean or argmax statistics during the inference without running
all layers of the model, which is impractical if we want to
perform an early exit.

I.e., for PALBERT, we evaluate the probability of 247

exiting from i-th layer as λi = Λ([hi, hi−1]). 248

We used a 3 layer MLP with tanh activation for 249

the Lambda layer to operate with more complex in- 250

put. Based on the ablation study, we observed that 251

increasing the capacity improves the accuracy of 252

the trained model (See section 4.1). We also found 253

it beneficial to fine-tune the Lambda layer with a 254

different learning rate than all other parameters. 255

4 Experiments 256

4.1 Ablation Study 257

We performed an ablation study of the proposed 258

changes in PonderNet architecture with PALBERT. 259

We experimented with adding the proposed Q- 260

exit criterion, Lambda layer architecture, and fine- 261

tuning strategies. These methods were bench- 262

marked on SST-2, RTE, and CoLA tasks from the 263

GLUE Benchmarking dataset (Wang et al., 2018). 264

We compared proposed changes with plain AL- 265

BERT and PonderNet adapted for ALBERT. Also, 266

in these experiments we compared with Ponder- 267

Net evaluated in expectation of predictions (e.g., 268

evaluated p(y|x) = Ei∼p(i|x)

[
p(y|x, i)

]
in closed- 269

form). While such a model is impractical for early 270

exiting setup (it does not perform any early exit but 271

evaluates all layers to estimate the expectation), it 272

could show a gap between closed-form expectation 273

of model predictions and its single sample Monte 274

Carlo estimation. 275

For evaluation, we performed a grid hyperparam- 276

eter search on an appropriate metric score on the 277

dev split for each dataset. Following the PABEE 278

training setup, we trained all models with a fixed 279
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Method SST-2 RTE QNLI CoLA MRPC MNLI QQP STS-B Macro

Dev set

RoBERTa 94.5 79.4 92.4 63.1 91.3 86.7 89.8 90.7 86.0

RoBERTa PABEE 93.8 76.9 91.9 60.7 89.6 86.4 91.1 89.9 85.0
PRoBERTa (ours) 93.7 79.1 91.6 62.2 90.2 86.7 91.1 89.9 85.6

Test set

RoBERTa 94.5 74.1 93.1 58.9 89.1 86.5 80.9 88.4 83.2

RoBERTa PABEE 95.4 71.7 92.0 51.2 87.6 86.2 80.4 86.2 81.3
PRoBERTa (ours) 94.5 72.1 91.8 58.6 88.3 86.1 79.6 85.7 82.1

Table 3: A comparison of PRoBERTa with recent approaches on the GLUE benchmark. In the Macro column, we
present the average results across tasks. We bolded the best results. Note that we did not bold the RoBERTa rows
since there is no early exit applied and we reported it for reference.

learning rate until validation metrics stopped in-280

creasing for 5 epochs. We used Adam optimizer281

(Kingma and Ba, 2015) for all experiments, a fixed282

q = 0.5 on models with the Q-exit criterion, as283

well as a fixed classifier dropout value equal to 0.1284

(Srivastava et al., 2014), and λ = 0.1.285

We trained each model 5 times with the best286

hyperparameters and reported the mean and std287

values. A full list of the methods’ hyperparameter288

ranges can be found in Appendix Table 4.289

See Table 1 for the full list of the results of our290

ablation study. Based on these experiments, Pon-291

derNet architecture is seen as performing worse292

than vanilla ALBERT fine-tuning. Also, PonderNet293

with closed-form evaluation of predictions expecta-294

tion performed better than the sampling criterion,295

indicating that randomness in exit layers leads to296

poor performance.297

At the same time, the deterministic Q-exit cri-298

terion improves PonderNet accuracy when com-299

pared to a random sampling of the exit layer and is300

comparable to the evaluation of PonderNet in ex-301

pectation. A more complex Lambda layer that can302

handle the dynamics of hidden state changes can303

further improve model accuracy when compared to304

the original PonderNet.305

4.2 GLUE Experiments306

We compared PALBERT with PonderNet architec-307

ture adapted for ALBERT fine-tuning, and PABEE308

with a fixed patience value t = 6 on all GLUE tasks.309

We also trained Ponder RoBERTa (PRoBERTa) and310

compared it with PABEE adapted for RoBERTa.311

Note that we re-implemented all baselines used in312

our experiment for consistency in comparison. See313

Ablation Section A for the details of reimplementa-314

tion. 315

Following the experimental setup from Section 316

4.1, we trained 5 models with the best hyperparam- 317

eters across the hyperparameter search and reported 318

the median task score on the dev set. We evaluated 319

the test scores on the best models, selected based 320

on their dev scores. We report the two metrics’ 321

mean for the MRPC, QQP, and STS-B tasks. For 322

the MNLI task, we report the mean accuracy across 323

matched and mismatched datasets. 324

See Tables 2,3 for the full list of results. We 325

observed that PALBERT outperformed PABEE on 326

a wide range of tasks. Vanilla PonderNet with 327

the sampling exit criterion performed the worst. 328

Vanilla ALBERT outperformed PABEE on most 329

tasks and is comparable to PALBERT, while the 330

latter has the highest score averaged across all tasks 331

(see Macro column in Tables 2, 3). 332

For experiments with RoBERTa, we observed 333

that PRoBERTa outperformed PABEE on Dev split, 334

while it either performed better or marginally worse 335

for the Test set. Thus, PRoBERTa showed a higher 336

macro score compared to PABEE. 337

Note that PABEE is performing poorly for tasks 338

with a small dataset (e.g., CoLA, RTE). We hypoth- 339

esize that this is caused by several independent clas- 340

sifiers at each layer Ci failing to train well enough, 341

whereas PALBERT was capable of utilizing knowl- 342

edge sharing between layers. 343

4.3 Understanding the Threshold of Q-exit 344

As noted previously in Section 3.1, we treat the 345

threshold value q of the Q-exit criterion as a trade- 346

off between underthinking and overthinking, where 347

increasing q forces a model to evaluate more layers, 348

and vice versa. 349
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Figure 2: PALBERT score dependency on the Q-exit
threshold. We report the mean and std values of task
metrics across 5 trained models. See section 4.3 for
more details

Figure 3: A comparison between PALBERT and
PABEE models on SST-2, RTE, CoLA, and MRPC
tasks. We varied the threshold value of Q-exit for PAL-
BERT and the patience hyperparameter for PABEE to
obtain the plots of task scores of inference increasing in
speed. 1x stands for plain ALBERT inference without
performing an early exit. The horizontal line corre-
sponds to plain ALBERT fine-tuning. See Section 4.4
for the analysis of these plots.

Therefore, it is necessary to find the best-350

performing threshold for each task where a model351

has the highest accuracy. To do so, we evaluated352

trained PALBERT models from the ablation study353

(see Section 4.1) on dev splits of tasks with differ-354

ent values of q. We then averaged obtained metrics355

and reported the mean and std values for various356

thresholds (See Figure 2 for the results).357

We observed that exiting models with q = 0.5358

shows the best overall performance for different359

tasks. Making q greater than 0.5 leads to a re-360

duction in accuracy and can often force models to361

evaluate all 12 layers of ALBERT-Base.362

It is also notable that PALBERT, having a large363

threshold value q that performs constant exit on364

the last layer, has better accuracy than vanilla AL- 365

BERT fine-tuned for the SST-2 task. This indicates 366

that adding auxiliary tasks for each layer of AL- 367

BERT improves performance compared to plain 368

fine-tuning with a single classifier on the last layer 369

of the model. 370

4.4 Speed Analysis 371

While making q < 0.5 improves inference speed, 372

it can also lead to underthinking and lower accu- 373

racy (see Figure 3). We compared PALBERT using 374

different threshold values q to PABEE with differ- 375

ent patience values t, which stands for the number 376

of layers necessary to output the same result in a 377

row to perform an early exit. We evaluated task 378

scores for the specified hyperparameters as well 379

as the increase in speed when compared to vanilla 380

ALBERT inference of a full model with 12 layers. 381

Overall, we observed that PALBERT mostly pro- 382

duced higher scores on different tasks while also 383

being slightly faster than PABEE. For the CoLA 384

and MRPC datasets, PALBERT performed better. 385

The proposed method outperformed PABEE while 386

achieving the same increase in speed. 387

We observed questionable results on the SST-2 388

dataset: the best score for the PABEE model is 389

slightly higher than that of PALBERT. However, it 390

was obtained with a negligible increase in speed 391

compared to ALBERT, as the best-performing pa- 392

tience for this setup is 11 layers while the whole 393

model has only 12 layers. 394

Furthermore, unlike PALBERT, PABEE per- 395

formed significantly worse than plain ALBERT 396

fine-tuned on the CoLA and RTE tasks. 397

4.5 On the Prior of PALBERT 398

While we used a fixed value of λ = 0.1 in our 399

main experiment following Banino et al. (2021) 400

(see Section 4.2), we also investigate the effect of 401

changing the parameter of the prior distribution on 402

exit layer indices. 403

We followed the experimental setup from the 404

previous sections and trained models with λ ∈ 405

[0.1, 0.15, 0.25, 0.5]. For each λ, we had its own 406

best hyperparameter set, which was then used to 407

train 5 models. 408

See Figure 4 for the results. We observed that 409

varying λ affects the performance of the trained 410

model since it has a huge impact on the distribution 411

of exit layer indices. Although the best metric for 412

the RTE task was reached with λ = 0.08, such a 413

model mostly performs an exit from the last layer. 414
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Figure 4: Histogram of exit layer indices with Q-exit criterion and different prior distribution parameters λ (top)
alongside with task metrics for trained models (bottom) for MRPC and RTE tasks. See Section 4.5 for more details.

Meanwhile, λ = 0.08 performs marginally worse415

than λ = 0.1 for MRPC.416

Note that while Figure 4 was obtained us-417

ing the Q-exit criterion, we could also estimate418

Ex∼D

[
p(i|x)

]
(see Figure 5), which is the distri-419

bution of exit layer indices with vanilla sampling420

criterion proposed by Banino et al. (2021). Even421

if λ is low enough so that the mode of distribution422

is the 12-th layer, in almost half of the cases, the423

sampling criterion forces the model to exit from424

one of the first 10 layers. We hypothesize that such425

randomness in the index of the exit layer leads to426

the poor performance observed during previous427

experiments (see Section 4.2).428

From such perspective, dependency on the ex-429

plicit prior distribution could be seen as the main430

limitation of the proposed method, since treating431

the exit layer index as a latent variable justified its 432

prior distribution. If proper prior distribution was 433

found, then the well-performing model could be 434

trained, and vice versa. 435

5 Future Work and Limitations 436

In this paper, we proposed improving the Ponder- 437

Net architecture to perform an early exit using fine- 438

tuned ALBERT and RoBERTa models with the 439

novel Q-exit criterion and a revisited Lambda layer 440

architecture. This approach is orthogonal to the 441

consensus-based approaches (Zhou et al., 2020; 442

Zhu, 2021) highly represented in the field. 443

While PALBERT and PRoBERTa outperformed 444

some recent State-of-The-Art methods used for an 445

early exit, there is a clear direction for further im- 446

provement of this method, as it was not capable of 447

outperforming plain ALBERT and RoBERTa on 448
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Figure 5: An estimation of Ex∼D

[
p(i|x)

]
, where p(i|x)

is a trained posterior probability of exiting from layer
i of PALBERT models across different tasks, λ = 0.1,
and D is the distribution of the training dataset. We took
5 models trained on these tasks and sampled exit layer
indices for the training dataset’s inputs. We smoothed
the obtained probabilities for visibility. Note that these
probabilities could be seen as the distribution of exit
layers across different tasks for plain PonderNet with
sampling criterion, which indicates on high variance in
indices of output layers.

some GLUE tasks.449

We believe that PALBERT could benefit from450

the development of a new parameterization of the451

prior distribution on exiting from each layer since it452

directly affects the resulting posterior distribution453

used to perform an early exit (see Section 4.5).454

However, the development of an appropriate prior455

distribution for early exiting models is orthogonal456

to the development of a proper exit criterion.457

Furthermore, there is no theoretical justification458

for the Q-exit threshold value. Although we ob-459

served that q = 0.5 performed best, it is without a460

clear explanation as to why that is so. We hypoth-461

esize that bringing more insights into developing462

deterministic exit criteria could further improve the463

proposed method.464

In addition, adding more auxiliary tasks could465

also make it possible to improve PALBERT further.466

This way, PALBERT training can be made more467

PABEE-like by making independent classifiers for468

each layer of the model or adding self-distillation469

across layers.470

While the variational view of the early exiting471

mechanism allows us to train models which could472

be exited early, we observed that the overall perfor-473

mance of the trained model highly depends on the474

prior distribution of exit layer indices (see Section475

4.5). Because of this, the proposed method requires476

more computation for hyperparameter search com-477

pared to PABEE (Zhou et al., 2020). We believe 478

that, in order to further develop training-level early 479

exiting, it may be beneficial to move away from 480

variational inference to some other form of train- 481

able mechanism without relying on exit layers’ ex- 482

plicit prior knowledge. 483
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A Re-implementation of Baselines 585

While PABEE (Zhou et al., 2020) provided offi- 586

cial implementation of the proposed method, we 587

have several concerns regarding its reproducibility 588

and experimental setup. The original implementa- 589

tion implies running evaluation iteration-wise (i.e., 590

the best performing model is selected once in n 591

iterations). 592

In this case, several iterations n between valida- 593

tion epochs could be seen as an additional hyperpa- 594

rameter, which has a large impact on the resulting 595

performance. Although, Zhou et al. (2020) did not 596

include the best performing value so that the results 597

could be easily reproduced. 598

Because of this, we decided to re-implement 599

PABEE strictly following the original paper and 600

training details, while evaluating the model after 601

every epoch, instead of evaluating after n training 602

steps, which we believe is a fairer way to compare 603

methods. 604

Parameter Values range

Learning rate [1e-5, 2e-5, 3e-5, 5e-5]

Batch size [16, 32, 128]

Lambda learning rate [1e-5, 2e-5, 3e-5]

β [0.5]

Table 4: Hyperparameter search ranges used in all of
our experiments.
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