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Abstract

Though pre-trained language models achieve
notable success in many applications, it’s usu-
ally controversial for over-confident predic-
tions. Specifically, the in-distribution (ID) mis-
calibration and out-of-distribution (OOD) de-
tection are main concerns. Recently, some
works based on energy-based models (EBM)
have shown great improvements on both ID
calibration and OOD detection for images.
However, it’s rarely explored in natural lan-
guage understanding tasks due to the non-
differentiability of text data which makes it
more difficult for EBM training. In this pa-
per, we first propose a triple-hybrid EBM
which combines the benefits of classifier, con-
ditional generative model and marginal genera-
tive model altogether. Furthermore, we lever-
age contrastive learning to approximately train
the proposed model, which circumvents the
non-differentiability issue of text data. Exten-
sive experiments have been done on GLUE and
six other multiclass datasets in various domains.
Our model outperforms previous methods in
terms of ID calibration and OOD detection by
a large margin while maintaining competitive
accuracy.

1 Introduction

Since many industrial applications involve safety
-critical domains such as healthcare (Li et al.,
2019; Blinov et al., 2020; Li et al., 2020; Rasmy
et al., 2021; Sarabadani, 2019), anticipating credit
card defaults (Sun and Vasarhalyi, 2021) and self-
driving (Khaitan et al., 2021), it’s essential for ma-
chine learning systems to provide not only accurate
but also well-calibrated predictions (Li et al., 2019),
which can help to decide whether it can be trusted.

However, models achieving high accuracy usu-
ally lead to overconfidence and miscalibration (Guo
etal., 2017; Thulasidasan et al., 2019; Ovadia et al.,
2019). This motivates an interesting and important
area that attempts to achieve a better trade-off be-
tween accuracy and calibration. In addition to ID
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calibration, it’s more important for machine learn-
ing models to produce high uncertainty when OOD
data is observed, rather than to produce wrong yet
wildly confident predictions.

Related works. To overcome the problem of mis-
calibration, numerous methods have been proposed.
The natural way is post-hoc calibration that trans-
forms the output of the original network into cal-
ibrated confidence scores while maintaining the
network’s accuracy (Guo et al., 2017; Rahimi et al.,
2020; Jung et al., 2020). The second method to mit-
igate miscalibration is to add regularizations dur-
ing training such as label smoothing (Wang et al.,
2020), Mixup (Zhang et al., 2018). Desai and Dur-
rett (2020) and Kong et al. (2020) further conveys
that the aforementioned methods can be applied
to improve the calibration of pre-trained language
models on NLU tasks. The third way is to design a
specific loss function to minimize the discrepancy
between accuracy and confidence. For example,
Kong et al. (2020) lately propose the ID and OOD
regularizer to leverage the relationship between ac-
curacy and uncertainty, and it obtains a significant
improvement over previous methods in ID calibra-
tion and OOD detection.

Energy-based Models. In another line of work,
Joint EBM (JEM; Grathwohl et al., 2019) has been
shown great improvements on ID calibration and
OOD detection for images without explicit cali-
bration correction mechanism. The core idea is
to reinterpret a joint distribution py(x,y) from
a neural classifier py(y|z) in the perspective of
EBMs and jointly optimize the marginal distribu-
tion py(x) and a neural classifier pg(y|z). Elflein
et al. (2021) further investigate the OOD detection
performance with different training approaches for
pe(x) such as Stochastic Gradient Langevin Dy-
namics (SGLD; Welling and Teh, 2011), Sliced-
Score-Matching (SSM; Song et al., 2020) and Vari-
ational Entropy Regularized Approximate maxi-
mum likelihood (VERA; Duvenaud et al., 2021).
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Besides, Du and Mordatch (2019) propose an im-
plicit generative models based on EBMs (IGEBM)
and apply SGLD to optimize pg(z|y). It performs
significantly better OOD detection than other gen-
erative models. However, as shown by Grathwohl
et al. (2019), the accuracy of IGEBM has dropped
dramatically to 49.1% on CIFAR10 while standard
finetuning can achieve 95.8% accuracy. This result
indicates that different loglikelihood factorization
leads to great gaps in accuracy, ID calibration and
OOD detection. Moreover, these training methods
such as SGLD, SSM, VERA need to calculate the
gradients about inputs, the none differentiability of
text data limits the application of these methods on
both calibration and OOD detection for NLU tasks.

Recently, He et al. (2021) proposes a joint train-
ing of classifier pg(y|z) and marginal distribution
pe(x) based on Residual EBM (Deng et al., 2019)
for NLU tasks. Different from JEM, their model
is more flexible by designing various energy func-
tions for marginal distribution without any restric-
tion on joint distribution py(x, y). To estimate the
parameters of marginal distribution py(x), they pro-
pose to apply noise contrastive estimation (NCE;
Gutmann and Hyvirinen, 2010) to train the energy
model by discriminating the real data and the fake
data generated by a noise distribution. To make the
noise distribution as close as possible to the data
distribution, they finetune a task-specific GPT-2
(Radford et al.). Though it achieves improvements
on ID calibration, it’s often resource-intensive com-
pared to previous methods to finetune GPT-2 (Li
et al., 2022). Moreover, the quality and quantity of
fake samples generated by noise distribution has
great impacts for NCE training (He et al., 2021;
Gutmann and Hyvérinen, 2010).

Contribution. Methodologically, we propose a
novel model namely Triple-Hybrid Energy-based
Model (THEM) based on the JEM (Grathwohl
et al., 2019) through different decompositions of
logp(z,y) into a unified framework. Compared
to Grathwohl et al. (2019) and Du and Mordatch
(2019), our model combines the classifiers p(y|x),
class-conditional density p(x|y) and unconditional
data density p(x) into a hybrid model. Due to the
none differentiability of text data, we further pro-
pose to adopt InfoNCE (Oord et al., 2018) with
memory bank (He et al., 2020) to approximate
the normalized constant of EBM efficiently. This
method makes it possible for EBM training on
NLU tasks which is not well explored in previous

works regardless of input differentiability. We con-
duct comprehensive experiments with BERT (Ken-
ton and Toutanova, 2019) and RoBERTa (Liu et al.,
2019) as the backbone and demonstrate the effec-
tiveness of our framework on various datasets in-
cluding GLUE (Wang et al., 2018) and six multi-
class classification datasets (Kong et al., 2020) on
various domains. Not only the experimental results
show that our method achieves significant improve-
ments in ID calibration and OOD detection with
competitive accuracy over previous methods, but
also it is more robust with respect to the temper-
ature and size of memory bank compared to con-
trastive learning trained EBM including JEM(CL),
IGEBM(CL) and HDGE.

Overall, the contributions can be summarized as

follows:

* We propose a Triple-Hybrid Energy-based
model (THEM) and apply InfoNCE with
memory bank to optimize it efficiently and ef-
fectively for discrete data. It achieves signifi-
cantly better performance compared to strong
baselines including He et al. (2021) and Kong
et al. (2020) in terms of ID calibration and
OOD detection.

* We apply this training technique to JEM and
IGEBM to obtain JEM(CL) and IGEBM(CL)
respectively. THEM and JEM(CL) achieves
better ID calibration and OOD detection com-
pared to HDGE and IGEBM(CL) in average.

* We further study the effect of the tempera-
ture and size of memory bank for contrastive
learning on ID calibration and OOD detec-
tion. THEM is more robust to these hyper-
parameters than JEM(CL) and HDGE(CL).

2 Preliminaries: Joint Energy Model and
Contrastive Learning

Joint Energy Model (JEM). Energy-based mod-
els (EBMs; LeCun et al., 2006) measure the com-
patibility of the input variables x € X and tar-
get variables y € Y with an energy function
Ep(x,y) : X x )Y — R, which is the main building
block. Low energy corresponds to high compata-
bility. With Ejy, the probability for data in an EBM
can be written as

exp (=Ep(z,y))

Zy ’
where Zy is the normalizing constant. EBMs are
flexible to parameterize since they do not make
restrictions on the tractability of Zy.

po(w,y) = ey
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Joint Energy Model (JEM; Grathwohl et al.,
2019) reinterpret a classifier py(y|x) in super-
vised learning as an EBM for the joint distribu-
tion py(z, y). Specifically, pp(y|x) is a categorical
distribution:

~exp(fo(@)[y)
po(ylz) = >, exp(fo(x)[y])’

where fy(x) : RP? — RX maps each data point
x € RP to K real-valued numbers known as logits,
and fy(x)[y] indicates the logit of label y. JEM
defines an EBM of the joint distribution with the
same logits fy:

2

exp(fo(z)[y])

Zo ) 3)

po(@,y) =
where energy function Ey(x,y) = — fo(x)[y]. To
retain discriminative performance of py(y|z), JEM
factorizes the loglikelihood as

log po(x,y) = logpg(x) +logpy(ylz), (4)

and apply EBM training to benefit from genera-
tive models pg(z). Grathwohl et al. (2019) and
Elflein et al. (2021) have shown that EBM training
of the joint distribution improves calibration and
out-of-distribution detection with various training
methods.

Constrastive Learning. Our work is also re-
lated to contrastive learning, in that we approxi-
mate log pg(z) and log pg(z|y) by constrastive loss.
Contrastive learning achieves remarkable success
on downstream tasks, includes image classification,
video understanding, knowledge distillation, etc
(Khosla et al., 2020; Chen et al., 2020). In con-
strastive learning, a widely-used objective has the
following form (Oord et al., 2018):

log __CXP{to(@) Tty @)}
STy exp{to(x) Tty(z:)}

where ¢y(x) and ¢j(x) map each data point = to
two different representation spaces. This is usu-
ally called InfoNCE loss. Different from existing
methods for EBM training, we propose to leverage
constrastive learning approximation for effective
learning, without considering the generation ability
such as SGLD, SSM and so on.

E))

- ]Epdala ('7:)

3 Triple-Hybrid Energy-based Model

Motivation. Many works (Grathwohl et al., 2019;
Elflein et al., 2021; Du and Mordatch, 2019)

have shown that EBMs could significantly reduce
the expected calibration error and improve out-
of-distribution detection for image classification.
Specifically, the JEM proposed in Grathwohl et al.
(2019) factorizes the joint distribution log pg(z, y)
into log pg(z) + logpy(y|x), where logpy(ylz)
is to maintain the classification performance and
log pg(x) is the generative term which contributes
to better calibration and out-of-distribution detec-
tion. On the contrary, the IGEBM proposed in
Du and Mordatch (2019) factorizes the joint dis-
tribution log py(z, y) into log pg(y) + log pe(z|y)
for implicit generation and surprisingly find that it
achieves better OOD performance. However, lack
of pp(y|z) leads to terrible classification perfor-
mance. It’s shown in Grathwohl et al. (2019) that
the classification accuracy dropped dramatically to
49.1% on the CIFAR10 dataset, while the accuracy
is 92.9% by JEM.

On the other hand, Liu and Abbeel (2020) pro-
posed a hybrid discriminative-generative energy-
based model (HDGE) for both classification and
generation. The loss function consists of a discrim-
inative conditional log-likelihood log py(y|z) and
a generative conditional log-likelihood log pg(z|y).
Compared to IGEBM, it includes log py(y|z) and
thus achieves better classification performance.
Compared to JEM, it includes the conditional gen-
erative model, rather than the marginal generative
model. In other words, JEM targets to reduce the
energy for data from the population py(x), while
HDGE aims at reducing the energy for compatible
pair (z,y). This motivates us to combine the ben-
efits of both conditional and marginal generative
model for better calibration and OOD detection.
Triple-Hybrid Energy-based Model (THEM).
We propose to make a hybrid model of the triple
log po(y|x), logpe(zly) and logpy(x), called
Triple Hybrid Energy-based Model (THEM) and
the objective function is

E o (2,9) 108 Do (y]x) 4 log po(x]y) + log pe(z)],
6)

where pg(y|z) is the standard softmax neural clas-
sifer and the generative models py(z), pg(z|y)
serve as regularization, always accompanied with
better calibration and OOD detection.

From another perspective, we combine the two
factorizations of the joint distribution log pg(z, y)
from JEM and IGEBM. We remark that the joint
distribution can also be factorized as (log pg(z) +
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log py(x|y) +log pe(y) +log ps(zy))/2. Our pro-
posed THEM utilizes this factorization and treats

pe(y) known as the label frequencies in data, which
does not need to be optimized. Now we are ready
to resolve the computational issues for THEM in
the following.

Neural Classifier. The neural classifier term is
easy to cope with. Specifically,

_ (@)l
S ST M

where fp(x)[y] is the logit of label y. Thus we
can derive the first term in (6) as the traditional
cross-entropy loss:

E () (108 Po(y[7)] - ®)

Conditional Generative Likelihood. The condi-
tional generative likelihood can be derived from
the joint distribution:

po(z,9) ~ log po(T,y)
po(y) > Doz, y)
exp(fo(z)[y])
Zo(y)

log pg(z|y) = log

= log
©))

where Zy(y) = >_, exp(fo(z)[y]). By defini-
tion, this is also an EBM with energy function

Ey(x,y) = —fo(x)[y]. Energy-based models are
well-known to be difficult to train. The Fenchel
duality method used in Chen et al. (2021b) can es-
timate Zy(y). The stochastic gradient langevin dy-
namics (SGLD) adopted in Grathwohl et al. (2019)
can approximate the gradient of log py(x|y). How-
ever, these methods require to calculate the deriva-
tive with respect to the input x and thus can’t be
applied to discrete data such as text tasks.

Approximation with Contrastive Learning. The
above training methods are successful for gener-
ation purpose. Differently, we focus on classifi-
cation with better calibration and OOD detection.
As such, we propose to coarsely approximate the
normalization constant as

N
Zo(y) = > _exp(fol:i)[y]),  (10)
=1

where x; is sampled from the data no matter
whether y; is equal to y or not. The second term in

(6) is approximately
ex x
Epgua(y) 108 o (2]y)] ~ log— p{fo(@)ly)

;exp(fe(wi)[y])
) (11)

Since the samples for approximation are incorpo-
rated in the denominator using the same label y, the
logits fp(x)[y] can be treated as the score function
of input-label contrast (Rethmeier and Augenstein,
2021). As a result, this objective can be seen as
the InfoNCE (5) in contrastive learning. Liu and
Abbeel (2020) also proposed this approximation
for image classification, while it’s more suitable to
text classification due to the discreteness of data.

To be more distinguishable between positive and
negative samples but not concentrated on the near-
est few samples (Zhang et al., 2021), we employ
the temperature parameter 7 in InfoNCE and the
objective loss becomes

o 2o () [/ )

N

;exp(fe(iﬂi)[y]/ﬂ

For the effectiveness of contrastive learning, it
often requires a large number of negative sam-
ples (Chen et al., 2021a). Since directly increasing
N is limited to hardware memory, we instead pro-
pose to use a memory bank (He et al., 2020) to store
logits with negligible computational resources. In
detail, we store the logits fp(x)[y] of the past sam-
ples into the memory bank.

Marginal Generative Likelihood. The marginal
generative likelihood can be handled in the similar
way as conditional generative likelihood. Specifi-
cally,

logpy () = log {ZP@(% y)}
Y

2.y exp(fo(x)ly])
Zy ’
where Zg = 3, > exp(fy(z)[y]). We propose
to approximate the third term in (6) as
2y exp(fo(2)[y])

]Epdala(ﬂfvy) [logpe (CL')] ~ lOg N Y ’

Zl >y exp(fo(zi)[y])

1=

(14)

where z; is sampled from the data distribution. As
the conditional generative likelihood, techniques of

temperature parameter and memory bank are also
employed.

(12)

(13)

= log
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4 Experiments

In this section, we conduct thorough experiments
to investigate the empirical peformance of our pro-
posed methods. We first introduce the criteria for
ID calibration and OOD detection.

ID Calibration. For a well-calibrated model, the
confidence estimate p of the model is expected
to be comparable to true probability (accuracy):
P(y = y|p) = p (Desai and Durrett, 2020; Kong
et al., 2020). The calibration error for a given con-
fidence p € (0, 1) is defined as the followings:

B, = |P(§(x) = y(2)|P(z) =p) —pl, (15

where g(x) is the label predicted by the model,
y(z) is the true label for input z and P(z) is the
output probability associated with the predicted
label (). To evaluate the overall calibration error,
we partition (0, 1) into M bins of equal size and let
b, denote the set of prediction confidences which
lie in the m-th bin. The expected calibration error
(ECE) is calculated by weighting the difference
between accuracy and confidence of each bin:

1 N
acc(bm) = o] > 1@ =v).
M ichy,

1 R
conf(b,,) = ol Z Di-

i€bm

(16)

M
ECE = Z |b;\?'|acc(bm) — conf(by,)|.

m=1

OOD Detection. In general, OOD detection is
a binary classification problem, where the model
is required to produce a score sp(z) € R. Usu-
ally we can set a threshold § to detect OOD sam-
ples whose score functions are below the thresh-
old. A well-calibrated model is expected to output
higher scores for in-distribution examples than out-
of-distribution examples. A widely used score func-
tion is maximum prediction probability (Hendrycks
and Gimpel, 2016):

sp(x) = maxypg(y|z). a7

Following Kong et al. (2020), we employ the em-
pirical Normalized Bounded Area Under the Cali-
bration Curve (NBAUCC) as the evaluation metric
rather than the Area Under the Receiver-Operating
curve (AUROC; Hendrycks and Gimpel, 2016) and
the Area Under the Precision-Recall curve (AUPR;
Elflein et al., 2021). The main reason is that we

would like to use a threshold as low as possible to
detect ODD samples and more details are referred
to Kong et al. (2020).
Target. In our experiments, we are interested in
answering the following questions:
1. Does THEM achieve better calibration com-
pared to baselines?

2. Does THEM improve OOD detection?

3. The effect of temperature and the size of
memory bank on THEM, JEM(CL) and
HDGE(CL).

Datasets. We consider the eight datasets of GLUE
used in He et al. (2021) to evaluate the ID calibra-
tion, since there are no out-of-distribution samples
in GLUE. We use the official code' to acquire the
development and test dataset of GLUE. Further-
more, we consider six more datasets used in Kong
et al. (2020) to evaluate both ID calibration and
OOD detection. Details of the datasets are in Table
4 and 5 in Appendix.
Baselines. For GLUE datasets, we compare our
method against that of He et al. (2021), which
is state-of-the-art EBMs on natural language un-
derstanding models. Their method is based on
Residual-EBM which can work with more flexi-
ble energy functions, but the computational cost
is also huge compared to our method. We also
compare with other three strong baselines for cali-
bration: finetune, Scal-bin and T-scale used in He
et al. (2021). For fair comparisons, we follow the
experiment settings in their work. We use Roberta
as the backbone and the bins of ECE is set to 20.
For the additional six datasets, we compare
our methods with nine strong baselines in Kong
et al. (2020) including (1) BERT finetuning, (2)
Post-calibration method: Temperature Scaling
(TS; Guo et al., 2017), (3) Model ensemble:
Monte Carlo Dropout (MCDP; Gal and Ghahra-
mani, 2016), (4) Over-confident correction: La-
bel Smoothing (LS; Miiller et al., 2019), Entropy
Regularized Loss (ERL; Pereyra et al., 2017),
Virtual Adversarial Training (VAT; Miyato et al.,
2018), and (5) Data-augmentation: Mixup (Zhang
et al., 2018), Manifold-Mixup (M-Mixup; Verma
et al., 2019), and Manifold-regularization (M-
regularization; Kong et al., 2020). We use BERT as
the backbone and the bins of ECE is set 15 just as
Kong et al. (2020). Besides, we also use NBAUCC
as the misclassification evaluation to make fair and

'"We use the official code:
salesforce/ebm_calibration_nlu

https://github.com/

278


 https://github.com/ salesforce/ebm_calibration_nlu
 https://github.com/ salesforce/ebm_calibration_nlu

comprehensive comparisons. For these datasets,
we don’t compare our method with that of He et al.
(2021) since it is time-consuming and needs more
computational resources to finetune a noise dis-
tribution and generate negative samples for NCE
training. At last, we use NBAUCC 5 as the evalua-
tion metric for OOD detection. The OOD datasets
often need an ID dataset for training and an OOD
dataset for OOD detection evaluation. More details
of datasets can be found in Appendix A.
Implementation Details. We employ ADAM
(Kingma and Ba, 2014) as the optimizer for all
experiments with the following parameters: 51 =
0.9, B2 = 0.999, gradient clip of 1.0, and Lo
weight decay of 0.1. We search learning rate in
[1e75,2e 7%, 3¢, 5e~°] with the training epochs
in [2, 3,5, 10]. Our model is built with a classifier
on the top of the pretrained language models includ-
ing BERT (Devlin et al., 2019) and Roberta (Liu
et al., 2019) using the implementation of Hugging-
face (Wolf et al., 2020). For contrastive learning,
we set the size of memory bank N to 65536 and
the temperature 7 to 0.1. All experiments run 5-
times and we report the average performance on
test dataset. The test result is selected based on
loss and accuracy on the development dataset®. All
experiments are conducted on a single NVIDIA
RTX 2080TI 12G GPU. Our implementation is
based on the official codes of MoCo? and Manifold-
regularization*.

Results on ID Calibration. Table 1 and 2 show
the accuracy (acc) and ECE results for GLUE tasks
and the six additional datasets respectively, with
different baseline methods. Except our proposed
THEM, we also include (1) HDGE: log p(x|y) +
log p(y|x), (2) JEM: logp(y|z) + logp(z), (3)
IGEMB: log p(x|y) but trained with contrastive
learning (CL) proposed in this paper. These three
EBMs are trained by MCMC for images in previ-
ous literatures, while we are the first to train them
by contrastive learning for NLU tasks.

From Table 1, EBMs with contrastive learning
achieves significant improvements on ECE with
competitive accuracy, compared to He et al. (2021).
He et al. (2021) redefines energy function based
on Residual-EBM and estimates parameters us-
ing NCE with a finetuned GPT (Radford et al.)

2Following He et al. (2021), we don’t use ECE as the
metric to select the best model for evaluation

3https://gi’chub.com/facebookresearch/moco

*https://github.com/Lingkai-Kong/
Calibrated-BERT-Fine-Tuning

on dataset as noise distribution. Not only does
it need more computing resources to finetune a
GPT model for each dataset, but also the quan-
tity and quality of negative samples generated by
noise distribution have big impacts for accurate pa-
rameters estimation using NCE (He et al., 2021;
Gutmann and Hyvirinen, 2010). In contrast, our
model achieves better results with negligible com-
putational resource compared to standard finetun-
ing.

From Table 2, our method achieves the best
ECE on six multiclass datasets on various domains.
Compared to M-regularization (Kong et al., 2020)
which is specifically designed to prevent overconfi-
dent predictions for both in-distribution and out-of-
distribution, our framework without an explicit cal-
ibration mechanism achieves the best ECE, demon-
strating the effectiveness of EBMs trained with
contrastive learning paradigm. On average, the re-
sult of the proposed THEM is very close to the best
one in terms of ECE.

Results on OOD Detection. In general, OOD de-
tection is a binary classification problem, where
the model is required to produce a score for a
data point to detect whether it is an ID or OOD
sample. Here we use equation (17) as score func-
tion and NBAUCC, 5 as evaluation metric. Ta-
ble 3 summarizes the NBAUCC 5 for misclassi-
fication detection and OOD detection. It can be
seen that compared with all baselines, especially
the strong baseline M-regularization (Kong et al.,
2020), our method achieves the best misclassifica-
tion on all data sets with significant improvements.
In terms of OOD detection, our results averaged on
six datasets are comparable to the performance of
M-regularization and are superior to other baselines
on all datasets except M-regularization on Yahoo.
These results shows that THEM provides a simple
yet effective way to improve OOD detection.

Analysis of Generative Density. From Table 1 and
Table 2, the generative density including marginal
data density pg(z) and class conditional data den-
sity pp(x|y) are mainly contributed to the improve-
ments of ID calibration and OOD detection com-
pared to standard finetuning and previous calibra-
tion methods. However, different generative terms
may have different impacts on final performance.
In most NLU tasks, JEM(CL) achieves better ID
and OOD calibration performance compared to
HDGE(CL) which is different from the experimen-
tal results observed in Liu and Abbeel (2020) on
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Table 1: Test-set accuracy and ECE results for different methods on GLUE tasks. The leading zeros are omitted
to save space. Note that the hyperparameters of T-Scal and Scal-bin are searched on the development dataset and
applied to test dataset. The average value is compute on all nine test sets. For each task, the method that achieves

best calibration are shown in bold.

MNLI
acc ECE

SST-2

Method ace ECE

MNLI(mm)
acc ECE

QNLI
acc ECE

Q

ace

QP
ECE

MRPC
acc ECE

COLA
acc ECE

acc ECE

RTE WNLI

acc ECE

AVG
acc ECE

Baseline (He et al., 2021)

876
.876
.876

.067
.030
.024

942
.944
942

.050
019
.037

finetune
Scal-bin(dev)
T-Scale(dev)

872
.870
872

.068
.032
.026

929 .043
931 .021
929 .018

904
.905
.904

.034
021
.026

.862 .133
.862 .062
.862 .126

.539
557
.539

182
048
.109

124
731
724
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052
072

279
042
.235

571
542
571

.058
189
.046

.802
.802
.802

Residual-EBM-NCE (He et al., 2021)

942 .0331.871
.956 .032.869
947 .038 |.875

.038
.032
027

ebm-scalar
ebm-hidden
ebm-s-hidden

871
.868
872

.047
.044
.031

927
923
930

016
016
016

.899
.900
.900

.034
.033
.032

.862
.867
.862

.098|.
.099
.089

150
131
133

540
.545
.563

153
97
811

033
.036
.073

.801
.807
815

073
.063
.069

207
.148
182

542
542
571

Ours

HDGE(CL)
JEM(CL)
IGEBM(CL)
THEM

.870 .040
.872 .033
.868 .124
.867 .043

938
926
922
922 .

.036
.043
.054
035

.864
.868
.869
.866

.049
023
125
.043

927
927
931
928

.024
.021
.065
.028

.908
907
910
910

.023
009
.087
019

.862
877
.867
872

.056
.060
029
.062

.539
562
.549
551

.101
107
.060
.085

153
153
789
124

.048
047
071
049

.069
.073
.052
.082

571
571
571
571

.051
.057
.044
.050

.803
.806
.808
.801

Table 2: ECE and accuracy (in percentage) on test set for different methods on six multiclass datasets listed in
Table 5. We report the average performance of 5 random initializations. For each task, the method that achieves best

calibration are shown in bold.

Method 20NG 5 20NG WOS100 WOS Yahoos Yahoo AVG
acc ECE| acc ECE| acc ECE| acc ECE| acc ECE| acc ECE| acc ECE
baseline (Kong et al., 2020)
BERT 87.42 9.24|84.55 11.61|81.94 6.81 |79.40 6.74 |73.58 10.11|71.89 10.54|79.79 9.17
TS 87.42 4.42|84.55 8.17 |81.94 3.63 |79.40 4.43 |73.58 5.18 |71.89 4.24 {79.79 5.01
MCDP 87.45 6.8884.55 9.17 |82.09 4.00 |79.67 3.55|73.67 6.54 [71.99 6.72 |79.90 6.14
LS 87.54 4.35|85.02 6.15|81.95 4.35(79.47 4.67 |73.66 4.89 |71.54 3.61 |79.86 4.67
ERL 87.67 7.16|84.83 6.10 |81.96 3.74 |79.48 3.35 |73.63 3.42 |72.01 2.96 |79.92 4.45
VAT 87.61 9.07 [85.20 11.28|81.65 7.27 |79.71 6.76 |73.71 10.96|72.08 7.92 |79.99 8.87
Mixup 87.49 5.98|84.86 9.02 |81.97 4.72 |79.51 4.21 |73.88 4.60 |71.82 5.18 |79.92 5.61
M-Mixup 87.40 5.04|84.45 7.78 |81.77 6.48 |79.57 6.68 [72.03 7.01 [72.03 6.07 |79.54 6.51
M-regularization |87.44 3.69 |84.53 4.43 |81.59 3.24 |79.06 3.04 [73.71 3.03 |72.17 3.42 |79.75 3.47
Ours
HDGE(CL) |87.34 4.71|84.47 7.76 |81.14 4.00 [78.68 4.12 |73.53 4.02 |71.62 5.97 |79.46 5.09
JEM(CL) 87.98 3.10|84.81 2.17 |81.80 3.47 |78.74 3.27 |73.72 2.17 |72.60 1.64 |79.86 2.58
IGEBM(CL) |88.35 2.47 [84.06 3.87 [81.51 11.72]78.46 13.73|73.01 4.00 |70.82 2.01 |79.36 6.30
THEM 88.35 2.09(84.99 391 |81.05 3.01 |78.72 3.19 |73.80 1.55 [72.00 2.19 |79.81 2.65
computer vision tasks. The main reason may lie % al s a2
on the estimation methods that it is more stable %w -§75< SN :%E%I(éu
and effective to approximate the log-likelihood §70<7/§ §7°‘R
o o
] (]

with contrastive loss compared to MCMC or score-
matching for calibration, when the generation abil-
ity is not under consideration. While our model
achieves comparable ID calibration performance
across various datasets on average and better OOD
detection.

The hyper-parameters study of InfoNCE on ID
calibration and OOD detection. To study the
effect of the hyper-parameters including the sam-
ple size, and temperature of InfoNCE for training
THEM, JEM(CL) and HDGE(CL), we conduct nu-
merous experiments on 20NG, Yahoo and WOS
dataset. Due to the limited computational resources,
we set temperature to 0.1 and vary the size of mem-
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Figure 1: The effect of the memory bank size and tem-
perature for ECE and OOD on WOS dataset.

ory bank from 128 to 65536 to study the effect of
the memory bank size on ECE and OOD. Similarly,
we set the memory bank size to 65536 and vary the
temperature from 0.01 to 0.2 to study the effect of
the temperature on ECE and OOD.
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Table 3: NBAUCCj 5 on misclassification detection and OOD detection (in percentage) for different methods on six
multiclass datasets listed in Table 5. We report the average performance of 5 random initializations.

Misclassification(T) OOD Detection(T)

Data 20NGi5 20NG WOS100 WOS Yhaoos Yahoo

(OOD) 20NG15 20NG WOS 190 WOS Yahoog Yahoo AVG 20NGs SST-2 WOSs, AGnews Yhaooo Yelp AVG
baseline (Kong et al., 2020)
BERT 230 2.86 16.53 20.52 7.47 843 9.68| 2.66 21.65 23.12 49.84 8.35 13.88 19.91
TS 6.08 5.74 2120 23.76 1048 12.74 13.33| 6.62 32.64 28.12 5332 11.55 20.27 25.42
MCDP 437 528 2044 24.16 10.12 10.75 12.52| 3.99 25.10 27.28 5352 998 15.93 22.63
LS 472 6775 20.37 23.56 11.19 16.15 13.79| 5.70 41.08 27.12 5848 12.02 19.81 27.36
ERL 854 1035 20.49 25.13 12.89 15.47 15.47| 8.78 47.00 27.73 56.67 13.78 23.47 29.57
VAT 252 336 18.70 1996 6.54 10.37 10.24] 2.96 29.62 2341 54.60 7.42 17.6522.61
Mixup 499 451 20.65 24.80 10.75 11.29 12.83| 5.86 31.84 26.77 58.02 11.62 19.84 25.65
M-mixup 2.16 3.16 1694 19.39 9.09 11.79 10.42| 2.36 26.08 24.08 51.39 10.08 22.41 22.73
M-regularization| 9.10 10.76 26.93 30.80 14.34 17.88 18.30] 9.69 6392 35.60 71.13 14.94 29.40 37.44
Ours

HDGE(CL) 7.99  6.68 2525 27.82 1231 14.72 15.79| 7.42 57.09 34.81 6829 11.55 20.62 33.29
JEM(CL) 15.31 14.88 25.55 32.97 16.25 16.16 20.18| 12.23 61.99 3470 7231 16.17 19.80 36.20
IGEBM(CL) | 13.87 15.34 14.37 15.64 14.52 21.83 15.92| 14.47 64.75 23.67 5794 17.93 24.22 33.83
THEM 11.56 11.11 31.82 33.02 16.11 18.2520.31| 9.36 62.86 40.16 7194 17.28 19.73 36.88
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Figure 2: The effect of the memory bank size and tem-
perature for ECE and OOD on Yahoo dataset.
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Figure 3: The effect of the memory bank size and tem-
perature for ECE and OOD on 20NG dataset.

From the trends of memory bank size and tem-
perature on WOS(134-class) in Fig 1, HDGE per-
forms better than THEM and JEM(CL) in terms
of ECE. However, it performs significantly worse
than THEM and JEM(CL) in terms of OOD. On
the other hand, they are all stable in terms of ECE
and OOD from the trend of memory bank size.

However, for Yahoo(10-class) in Fig 2 and
20NG(20-class) in Fig 3, from the trend of mem-

JEM(CL) in terms of OOD. THEM and JEM(CL)
perform better than HDGE in terms of ECE. From
the trend of temperature, THEM performs better
than JEM(CL) and HDGE in all evaluation metrics.
In general, THEM is more stable in terms of ECE
from the trend of temperature and memory bank
size.

5 Conclusion

In our work, we propose a triple-hybrid EBM
with combination of classifier, conditional gen-
erative model and marginal generative model
into a unified framework called THEM. To train
EBMs effectively and efficiently, we leaverage con-
trastive learning to approximate the log-likelihood
of EBMs with negligible computational resources.
Extensive experiments demonstrates that our model
outperforms the state-of-art methods in terms of ID
calibration and OOD detection with competitive
accuracy. We further apply contrastive learning to
JEM and IGEBM without considering the genera-
tion ability to obtain JEM(CL) and IGEBM(CL) re-
spectively. Compared to JEM(CL) and HDGE(CL),
our model is more robust to the hyper-parameters
of contrastive learning including the temperature
and size of memory bank in terms of ID calibration
and OOD detection.

6 Limitations

In our work, our model is derived from the per-
spective of EBMs. However, it lacks of generation
ability due to the approximation of log-likelihoods
with contrastrive learning which may limit the
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power of generative modeling such as data aug-
mentation (Grathwohl et al., 2019). We will ex-
plore MCMC-based methods such as (Eikema et al.,
2021; Qin et al., 2022) to train THEM to take ad-
vantage of generative modeling. As for OOD detec-
tion, we only use Maximum Prediction Probability.
But many other OOD scoring functions are pro-
posed from the perpective of EBMs (Ouyang et al.,
2021; Zhou et al., 2021; Liu et al., 2020; Elflein
et al., 2021; Grathwohl et al., 2019). And it may
be explored in future works to study the OOD per-
formance with different scoring functions.
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A Dataset

The details of dataset for evaluation of in-
distribution ECE and out-of-distribution detection.

Table 4: The detail information about GLUE

dataset task labels | train/dev/test
RTE Similarity 2 |2.5k/0.14k/0.14k
CoLA Grammatical 2 18.5k/0.51k/0.51k
WNLI Entailment 2 13.1k/0.03k/0.03k
MRPC Paraphrase 2 |3.7k/0.20k/0.20k
QNLI Entailment 2 108k/2.5k/2.5k
MNLI-m | Entailment 3 393k/4.8k/4.8k
MNLI-mm | Entailment 3 393k/4.4k/4.4k
QQP Paraphrase 2 364k/20k/20k
SST-2 |Classification| 2 67k/0.43k/0.43k

Table 5: The detail information about six multiclass-
datasets

oultI} :}iztlrslzl:éﬁ?on labels | train/dev/test
20N G5 15 | 7k/1.7k/5.8k
20NGs 5 -/-11.7k
20NG 20 |9k /2.2k/7.5k
SST-2 2 -/-11.8k
WOS100 100 | 16k/4.1k/14k
WOS34 34 -/-1 4.8k
WOS 134 [22k/5.6k /18k
AGnews 4 - /-1 7.6k
Y ahoos 8 16k/4k/48k
Y ahooo 2 -/-112k
Yahoo 10 20k/5k/60k
Yelp 2 /138K

1. 20NG°. The 20 Newsgroups dataset (20NG)
contains news articles with 20 categories.
We use Stanford Sentiment Treebank (SST-
2) (Socher et al., 2012) as the OOD data.

2. 20NG5. We take the first 15 categories of
20NG as the in-distribution data and the other
5 categories (20NGs;) as the OOD data.

>We use the 20 Newsgroups dataset from: http://qwone.
com/~jason/2@Newsgroups/
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http://qwone.com/~jason/20Newsgroups/
http://qwone.com/~jason/20Newsgroups/

. WOS (Kowsari et al., 2017). Web of Science
(WOS) dataset contains 134 categories of sci-
entific articles. We use AGnews (Zhang et al.,
2015) as the OOD data.

. WOS¢g. We use the first 100 classes of WOS
as the in-distribution data and the other 34
classes (WOS34) as the OOD data.

. Yahoo (Chang et al., 2008). This dataset con-
tains 10 categories posted to ‘Yahoo!Answers’
of questions. We randomly draw 2000 from
140,000 samples for each category as the train-
ing set. We use Yelp (Zhang et al., 2015) as
the OOD data.

. Yahoog. We use the first 8 classes of Yahoo as
the in-distribution data and the other 2 classes
(Yahoos) as the OOD data.
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