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Abstract

Machine learning techniques have gained consider-
able attention in the field of empirical asset pric-
ing. Conditioning on a broad set of firm char-
acteristics, one of the most popular no-arbitrage
workhorses is a nonlinear conditional asset pric-
ing model that consists of two modules within a
neural network structure, i.e., factor and beta es-
timates, for which we propose a novel contrastive
adversarial variational Bayes (CAVB) framework.
To exploit the factor structure, we employ adversar-
ial variational Bayes that transforms the maximum-
likelihood problem into a zero-sum game between
a variational autoencoder (VAE) and a generative
adversarial network (GAN), where an auxiliary dis-
criminative network brings in arbitrary expressive-
ness to the inference model. To tackle the prob-
lem of learning indistinguishable feature represen-
tations in the beta network, we introduce a con-
trastive loss to learn distinctive hidden features
of the factor loadings in correspondence to con-
ditional quantiles of return distributions. CAVB
establishes a robust relation between the cross-
section of asset returns and the common latent fac-
tors with nonlinear factor loadings. Extensive ex-
periments show that CAVB not only significantly
outperforms prominent models in the existing lit-
erature in terms of total and predictive RZs, but
also delivers superior Sharpe ratios after transaction
costs for both long-only and long-short portfolios.

1 Introduction

Factor models have become the workhorse for predicting as-
set returns using conditional information such as asset char-
acteristics. In particular, dynamic factor models (DFM) are
broadly employed. [Duan er al., 2022] incorporate a varia-
tional autoencoder (VAE) into a DFM and propose a prior-
posterior learning scheme for return prediction. [Wei et al.,
2023] design a hierarchical VAE-based DFM, which adap-
tively captures the regime-switching spatio-temporal rela-
tions in return prediction. [Xiang er al., 2024] also emphasize
the importance of regime switches in the DFM and rely on ad-
versarial posterior factors to correct mapping deviations from
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prior factors. [Jia et al., 2024] introduce adaptive graphs into
a VAE-based factor model to capture dynamic asset relations.
[Duan er al., 2025] propose a hypergraph-based DFM with
temporal contrastive learning that extracts additional hidden
factors from residual information beyond the prior factors.
[Shi et al., 2025] design a surrogate model to predict fit-
ness scores for factor mining and dynamically adjust factor
weights in factor combinations. However, these papers ig-
nore the well-known factor structure embedded in asset re-
turns, which is the focus of this study.

A general factor model for empirical asset pricing assumes
that the excess return r; ; of asset ¢ = 1,..., N at time ¢ =
1, ..., T exhibits a K -factor structure as follows:

Tir1 = Biofie1 + g, (D

where §;; € RE*1 is the factor loading vector that can
be interpreted as the exposures to K common latent factors
fty1 € REX1 and €;,t+1 1s the idiosyncratic error. The em-
pirical estimation of (1) is challenging, as the factors are un-
observable or unknown.

Most existing studies prespecify factors and estimate the
corresponding betas via regression. A key limitation of
this approach is its reliance on prior knowledge to identify
relevant factors, a challenge often addressed in the litera-
ture through portfolio sorting based on characteristics. This
results in the ‘factor zoo’ issue in empirical asset pricing
[Cochrane, 2011].

[Kozak et al., 2018] argue that given substantial common-
ality in the cross-section of returns, the absence of near-
arbitrage opportunities implies that the stochastic discount
factor (SDF) for explaining the return variations can be sum-
marized by a few dominating factors. To address the issues
of conventional principal component analysis applied to asset
pricing, [Kelly er al., 2019] propose the instrumented PCA
(IPCA) method to estimate f; 1 as follows:

Tit1 = B(zie) fre1 + €ipg1- )

Here z;; € RP*1 is the observable characteristics of asset
i with P strictly greater than K, and 3(z; ) is a linear beta
function of z; ;. The dynamic factor loadings are given by
B(zi1) = z L, where Ty € R”*K is a coefficient ma-
trix. This setup specifies that characteristics are proxies for
the sensitivities to common factors and thereby predict the
average returns. Accordingly, [Kelly ef al., 2019] consider
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characteristics as instruments in PCA and find that the IPCA
model with five factors significantly outperforms competing
models published previously.

Using adaptive group LASSO, [Freyberger et al., 2020]
show that many of the previously identified characteristics do
not offer incremental predictive information about expected
returns. [Bryzgalova et al., 2023a] employ Bayesian model
averaging to handle the model specification problem with
weakly identified factors. These studies still fall into the cate-
gory of linear models. However, [Freyberger er al., 2020] ar-
gue that the nonlinearities in characteristics are important for
providing incremental information about the cross-section of
expected returns. [Bryzgalova er al., 2023b] propose a split-
and-select model that spans the SDF based on decision trees,
and show that it outperforms random forest or conventional
deep learning methods.

[Gu et al., 2021] also criticize the linearity assumption of
the IPCA approach. They propose conditional autoencoder
(CAE) asset pricing models that allow for a flexible non-
linear function of the covariates by applying a neural net-
work method to learn 5(z; ;). They employ the autoencoder
method to compress the N-dimensional 7,41 return matrix
into a K-dimensional latent factor f;;1 using a neural net-
work g, i.e., fiy1 = g(rir1). Then (2) is re-written in a
nonlinear form as

Fiad1 = B(zit) 9(reg1) + €ie41- (3)

Without an intercept, this equality respects the no-arbitrage
condition. [Gu et al., 2021] apply a fully connected network
to estimate the model and find that characteristics predict av-
erage returns because they help to identify the risk exposures
to common latent factors rather than capture mispricings.'
They also show that IPCA is a special case of linear CAE
when the covariance matrix of the characteristics is constant.
Moreover, even if the covariance matrix varies over time, the
empirical results remain similar.

With the rapid development of deep learning methods, re-
cent studies have notably improved the performance of empir-
ical asset pricing models by enhancing the learning capability
of feature representation of the latent factors and factor load-
ings. Similarly to [Kozak et al., 2020], who shrink redundant
characteristics, [Chatigny et al., 2021] rely on the attention
mechanism [Vaswani er al., 2017] to learn sparse features of a
broad set of characteristics in an asset pricing model based on
the high-dimensional optimization of the SDF weights. The
resulting model significantly improves the performance of the
baseline model without the attention mechanism.

Other research focuses on alternative training strategies.
[Chen et al., 2024] suggest that, within the SDF-based asset
pricing framework, the loss function of weighted moments in
the sample can be interpreted as weighted mean pricing er-
rors. With this point of view, minimizing the objective loss is
equivalent to imposing the no-arbitrage restriction. They em-
ploy adversarial learning to train neural networks, i.e., gener-
alized adversarial networks (GANs), and achieve better per-
formance than other classical deep learning frameworks, such

'Accordingly, the alpha a; = E¢[ri 1] — E¢[B], fe+1] can be
tested against zero for mispricing.
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as feed-forward or recurrent neural networks, including long
short-term memory networks.

[Yang et al., 2024] propose the conditional quantile vari-
ational autoencoder (CQVAE) network, which links the fac-
tor structure to the conditional quantiles of returns. Specifi-
cally, CQVAE learns the J quantile-dependent beta functions
B;(#:) via a multi-head neural network, where j =1, ..., J is
the quantile index. Then it estimates f(r;4+1) via a VAE net-
work. Compared to the standard autoencoder network, VAE
alleviates the overfitting problem of deep learning methods.
As a result, the CQVAE model significantly outperforms the
CAE model.

Although the CQVAE model achieves impressive results,
two major challenges remain. First, while it is economically
meaningful for the CQVAE to learn quantile-dependent beta
functions based on conditional return distributions, there is
no empirical guarantee that the factor loadings learned by the
beta network differ meaningfully across quantiles. This is
because the preset quantile boundaries are not conditioned
on additional information, making them suboptimal from a
feature clustering perspective. If certain learned beta func-
tions are indistinguishable from each other, the model will in-
evitably fail to explain the cross-section of asset returns. Sec-
ond, as shown in the left panel of Figure 1, it is difficult for
the approximate distributions of latent factors f;y; learned
by the VAE-based inference model gy ( fi+1|r¢+1) in the CQ-
VAE to capture the true posterior distributions, which limits
the representational capability of latent factors. This is due to
the limited expressiveness of the inference model, which con-
strains the performance of the resulting asset pricing model.
Therefore, it is crucial to improve the feature extraction ca-
pacity of the factor network.

To address the above challenges, we propose a novel con-
trastive adversarial variational Bayes (CAVB) network to es-
timate (3). As shown in Figure 2, the proposed CAVB model
consists of two neural network modules. The first module
that improves the factor network aims to learn the common
latent factors f;;1 by applying the adversarial variational
Bayes (AVB) method. Especially, AVB improves the infer-
ence models g (fi41|ri+1, €4+1) by treating the noise €, as an
additional input to the inference model, instead of adding it
at the very end to construct the distributions in the VAE. This
approach enables the inference network to learn the complex
implicit probability distributions using adversarial training,
which is achieved by introducing an auxiliary discriminative
network as in the GAN that transforms the maximum likeli-
hood problem into a zero-sum game where two networks con-
test with each other. This allows us to train the VAE with arbi-
trarily expressive inference models, and therefore, the repre-
sentational capability of common latent factors is largely en-
hanced. The comparison of the conventional VAE and AVB
is shown in Figure 1.

The second module of CAVB improves the beta network by
introducing a contrastive learning method that focuses on ex-
tracting distinctive features for the return quantile-dependent
beta functions (3(z;). Given a set of characteristics z; as
inputs, each 5.(z;) is a neural network of three fully con-
nected layers (FCLs) with a ReLu activation function and
outputs the quantile-dependent factor loadings. To enhance
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Figure 1: Comparison of the standard VAE and AVB architectures. The inference model g ( f¢|r+) of the standard VAE is Gaussian, while

the inference model gy (ft|r¢, €;) of the AVB can be arbitrary.

the learning capacity of distinctive features between differ-
ent quantile-dependent functions, we incorporate contrastive
learning into the model training process. Contrastive learn-
ing was proposed by [He er al., 2020] and aims to learn the
feature representations of data by distinguishing similar data
from dissimilar data through the use of appropriate positive
and negative samples. To avoid learning indistinguishable
feature representations for the beta functions, a contrastive
loss is introduced by setting different quantile-dependent fea-
tures as negative samples and those within the same condi-
tional quantile distributions of returns as positive samples.

The remaining article is structured as follows. We present
the overall architecture of the proposed CAVB model in Sec-
tion 2. The architecture consists of a beta network and a factor
network. In this section, we also provide details on the CAVB
network training process, including contrastive and adversar-
ial learning methods. Section 3 presents empirical studies on
a comprehensive real-world dataset. Section 4 concludes.

2 Methodology

We next present the overall architecture of the proposed
framework, namely, the contrastive adversarial variational
Bayes (CAVB), as described in Figure 2. It consists of two
modules, namely a factor network using adversarial varia-
tional Bayes (AVB) and the beta network using conditional
quantile-based contrastive learning. We also provide details
of their training process.

2.1 Factor Network

In the factor network, we employ AVB, as proposed by
[Mescheder et al., 2017], wich unifies the VAE and GAN
methods for learning the common latent factors f;. The in-
ference model of the conventional VAE method does not pro-
duce a sufficiently rich expressiveness to capture the true pos-
terior distributions of the latent factors. To address this is-
sue, AVB introduces an additional auxiliary discriminative
network that allows the inference model to generate arbi-
trarily flexible and diverse probability distributions gg(f¢|r:).
The two competing networks, GAN and VAE, rephrase the
maximum-likelihood problem as a zero-sum game that allows
the model to closely approximate the true posterior distribu-
tion py(f¢|r¢). In comparison with conventional VAE (see left
panel of Figure 1), AVB (see right panel of Figure 1) treats
noise as an additional input to the inference model, rather

than adding it at the very end. This particular setup enables
the inference network to learn complex implicit probability
distributions via adversarial training.

The conventional VAE is trained by maximizing the evi-
dence lower bound (ELBO) that estimates the marginal log-
likelihood log pg(r¢) in

max B,vq, (i) 1086 (rel )] = KL(go (felro)llpo(f2)-

AVB shares the same objective function but is accompa-
nied by an implicit inference model. The objective function
of AVB is formally given by

rgi“bx E’Ft ~PD (”‘t)

|:Eft’\‘q¢(ft|7’t) [10gp9 (Tt|ft)] - KL(q¢(ft |rt) | ‘p@ (ft))] )

“)
where pp(r;) is the sample distribution of ;. Since VAE has
an explicit Gaussian inference model of ¢4 ( f;|r;) parameter-
ized by a neural network, it is easy to optimize its objective
function by an appropriate re-parameterization and stochastic
gradient descent (SGD). However, as shown in the right panel
of Figure 1, the inference model g, ( f¢|r:) of AVB is implicit.
Hence, we cannot apply the re-parameterization to calculate
the term KL(qq (fe|r+)|[po(f1)) in (4).

To solve this problem, we introduce a discriminative net-
work G (r¢, fi) that takes the asset returns 7, and common
latent factors f; as inputs and gives corresponding discrimina-
tive values. The discriminative network first concatenates 7;
and f;, then feeds them into several linear layer blocks with
residual connections, and finally outputs the discriminative
values hq,t, as follows:

hin - I/Vin (Tt©ft) + bin;
h = ELU(W (hin) + b+ hin),
hout = Wout (h) + boutv

where Wi, € RP*XWVHK) 117 ¢ RPXD and W, € R'*P
are the matrices of weight parameters, by, € R”, b € R,
and by, € R! are the bias parameters, D is the hidden di-
mension, and ELU() is the exponential linear unit activation
function.

The discriminative network in a standard GAN is used for
judging whether the generated data are real or fake. In the
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Figure 2: Architecture of the CAVB model. The CVAB consists of two modules, the beta network (on the left side) and the factor network
(on the right side). The factor network compresses 7 into a common latent factor f; by AVB. The beta network learns J different quantile-
dependent factor loadings by a contrastive learning method. The cross-sectional expected returns 7, are then given by the product of the

common latent factors and factor loadings.

proposed CAVB, we employ this type of discriminator to dif-
ferentiate the pairs (r;, f;) sampled from the posterior dis-
tributions g (f¢|7:)pp(r¢) and those sampled from the prior
distributions p(f;)pp(r+). To do so, we assign the following
task to the discriminator G (¢, fi):

ngX (ETtNPD(Tt) |:EftN‘M(ft|Tt) [log(o(Gw(Th ft)))]:|

+ Epypotrn) [Egompr log(1 = oGy, )] ).

)

where o is the sigmoid function. When the discrim-
inator maximizes the objective function in (4), in the
literature the optimal discriminator commonly replaces

KL(gg(ftre)||po(ft)), and we can use
G¢(Tt7ft)* = 10g%(ft|7“t) —log po(fi)-

As a result, we can replace KL (g4 (ft|r)||pe(fi)) by the op-
timal discriminator, and the objective function of AVB in (4)
changes to

IQ%X Eormpp(r) Eft,N%(ft\n) [lOgPG(Tt‘ft)_Gw(rtv ft)*]} .

(6)

As shown in the right panel of Figure 1, AVB incorporates

the noise e, ~ N (0, I) as an additional input to the inference

model. In this way, we can infer more flexible and diverse

distributions with the proposed encoder. Using an appropriate
re-parameterization, (6) can be rewritten as

m%X E,,

)

~pp ()

[EetNN(O,I) [logpg(rt|fznc(rt, Gt)) - Gw(rta f;nc(rm Gt))*]} )
7
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where f;nc(rt,et) = qg(fi|re,€) is the encoder of AVB.
Next, we apply Monte Carlo to estimate the first term of the
ELBO in (7) through sampling the data M times, similar to
M min-batch training:

Er,mpo(re) |Eeomnrion 108 po(ril £ (ru, 1)
1 M
~ = S Enonlogm(rlfi (i e))l. ®)

m=1

The objective function in (7) has two competing terms. To
optimize their difference, we resort to an alternate training
scheme, namely an adversarial learning method, see Subsec-
tion 2.3. We provide more details on the network structures
of the encoder and decoder in Online Appendix A.1.

2.2 Beta Network

The beta network is also an encoder-decoder neural network
architecture that aims to learn J different quantile-dependent
factor loadings for asset pricing. Specially, we construct .J
different beta functions 3 (z; ;) using a multi-head structure.
The encoder with a multi-head structure is used for extracting
the hidden features H} in different conditional quantile dis-
tributions of returns. With the hidden features H} as inputs,
the decoder constructs the quantile-dependent factor loadings
B¢ for each of the quantiles. We delegate the network struc-
tures of the encoder and decoder to Online Appendix A.2.
Contrastive learning is an ideal tool to enhance the dif-
ferentiations in extracted features between different quantile-
dependent beta functions. The first step of contrastive learn-
ing is to construct positive and negative pairs. In the cross-
sectional asset pricing exercise, it is economically intuitive to
treat the hidden features from the same quantile as the posi-
tive pairs and the hidden features from different quantiles as
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the negative pairs. Moreover, we construct two beta encoders
with the same architecture but different parameters, i.e., en-
coder P and encoder () to capture the hidden features. As
one of the most popular ways of data augmentation, given
the inputs z; at each point of time, we employ the encoder
( to extract the hidden features h? 2. Then we add random
Gaussian noise into the asset characteristics z; to obtain new
inputs z;, and feed z; into the encoder P yielding another set
of hidden features hf’Q. Finally, given these hidden features,
we compute the contrastive loss at time ¢ as

r 1 i log exp(h%2 * hf’f)
=77 J , P2y’
J j=1 Y=t exp(h%i * hmi)

€))

We update the beta network by SGD with contrastive loss.
Encoder @ is used for the entire empirical analysis while en-
coder P is only used in the training process.

2.3 Training in the CAVB Network

We train the factor network and the beta network in two steps.
First, we train the factor network using AVB with its objec-
tive function in (7). To this end, we use SGD to update the
parameter ¢ in the encoder and decoder in the factor network
by using the loss function

1 M
Efactor - M Z ((th gec(ft))2+G1/)(Tt7f¢e>nc(rt;Et)))a
m=1

(10
where fde¢(f;) is the decoder network, and M and
Gy (re, f357(re, €)) are as in Subsection 2.1.

As we rely on adversarial training in the factor network,
we also need to train the discriminator (i.e., the parameter ).
According to the corresponding objective function in (5), the
loss function is given by

Lg = —log(o(Gy(rs, fi))) —log(1—a(Gy(re, f1))), (11)

where o is the sigmoid function. Therefore, to optimize the
encoder, the decoder, and the discriminator altogether, we ar-
range an alternate training scheme based on adversarial learn-
ing for the factor network. The overall training process of the
factor network is introduced in Algorithm 1 of Online Ap-
pendix B. It yields the estimated parameters of the factor net-
work, i.e., é, gZ; and 7,21 Then the common latent factors ft+1
can be constructed by the estimated encoder.

Given the estimated latent factor ftﬂ and z;, we can train
the beta network in the second step using SGD with the loss

‘Cbeta -
1 X | NI
T Z (NJ Z Z pr; (Tit+1 — B (zi4) feg1) + £C1> ,
t=1 i=1 j=1
(12)
where pr; (u) = |u[(Tj1u>0 + (1 — 75)1u<o) denotes the

check function with 7; as the quantile [Koenker and Bas-
sett Jr, 1978] and L, is the contrastive loss of (9). Algo-
rithm 2 in Online Appendix C shows the min-batch train-
ing process of the beta network. Following Algorithm 1, we
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obtain the estimated parameters of the beta network 1&, and
accordingly the estimated quantile-dependent beta functions
BT(zt). Given (5, (z;) and the estimated latent factor f;1 1, we
can compute the quantiles of returns Qi’t(rj) = BT(zt)’ft+1.
Finally, we plug Qiﬁt(Tj) into the discrete conditional distri-
bution function of returns and calculate the cross-section of
expected returns 7; ; from the asset pricing model.

The above training process of the CAVB model is divided
into two steps. Alternatively, one might simultaneously opti-
mize the factor network and the beta network within one step.
The corresponding loss function is then given by

N J

T
L= ’;2 <J\}J Z Zij (rig+1 = Br (2i0)'
t=

i=1 j=1
5 (fer1)) + La1) +G1/;(rt7f;nc(rta€t)>~ (13)

This one-step approach aims to price and predict asset re-
turns by adaptively learning latent factors and factor loadings,
optimizing the parameters of the beta network 4, the encoder
6, and the decoder ¢, simultaneously. The algorithm is shown
in Algorithm 3 in Online Appendix D.

3 Experiment

3.1 Dataset

We evaluate the proposed CAVB model using the Open
Source Asset Pricing dataset consisting of a variety of
monthly firm characteristics. We focus on liquidly traded
stocks to ensure the scalability of portfolio strategies, and re-
move the binary characteristics. All in all, the dataset consists
of 96 different observable firm characteristics and individual
returns (obtained from the CRSP database) of stocks traded
on NYSE, AMEX, and NASDAQ from January 1980 to De-
cember 2022. Missing values in the dataset are replaced by
the corresponding cross-sectional medians as in [Gu et al.,
2021]. To capture the time-varying market states, we adopt a
moving window of 31 years, split by a 20-year training sam-
ple, 10-year validation sample, and 1-year test sample, start-
ing from January 1980. Therefore, the moving window rolls
13 times up to December 2022, yielding an out-of-sample pe-
riod of 13 years to test the empirical asset pricing models.

3.2 Baselines

In the empirical analysis, we compare CAVB with the latest
asset pricing models, including:

* Instrumented PCA (IPCA) [Kelly et al., 2019] use firm

characteristics as instruments for learning factor load-

ings in PCA to establish relations between average re-
turns and latent factors.

» Conditional Autoencoder (CAE) [Gu et al., 2021] em-
ploy the autoencoder method to learn the nonlinear rela-
tions between firm characteristics and average returns in
a neural network-based asset pricing model.

* Attention-Guided Deep Learning (AGDL) [Chatigny et
al., 2021] propose an attention-guided deep learning
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Total R? (%)

Predictive R? (%)

Model Test Assets
K=1 K=2 K=3 K=4 K=5 K=6|K=1 K=2 K=3 K=4 K=5 K=6
IPCA I 8.12 1326 1854 2076 2243 23.11 3.06 3.52 6.85 7.85 8.22 8.56
x 9.57 1549  21.85 2447 2635 2723 3.62 4.13 8.01 9.22 9.56 10.06
CAE I 1527 1762 1843 1987 2134 2275 2.13 245 2.62 271 2.74 2.85
@ 1806 2085 2178 2345 2521 2689 | 2.53 2.89 3.12 3.22 3.27 3.39
AGDL I 21.07 2382 2476 2633  28.13  29.56 1.84 1.95 2.11 2.09 2.14 221
@ 2484 2810 29.19 3120  33.18 3485 2.19 2.34 2.51 248 254 2.63
GAN I 2218 2432 2581 2573 2689  27.94 1.93 1.98 2.09 2.03 2.11 2.14
x 26.17 2872 3045 3034 3204 3297 | 227 2.33 2.45 2.39 248 252
CQVAE T 3838 4026  41.13 4160 41.63 4146 | 3.81 5.62 7.43 8.27 9.18 10.85
x 4331 4543 4638 4690 4698 4679 | 427 6.29 8.32 9.27 1028  12.16
CAVE I 40.98 4135 4177  42.03 4254  42.65 | 6.81 8.98 1046 1237 1517  16.09
x; 4753  48.03 4851 4871 4939 4954 | 8.07 1062 1252 1476 1807  19.15
CAVE I 39.94  40.85  41.94 4198 4212 4217 | 5.12 6.38 8.12 9.64 1077 11.14
wio A x 4673 4779  48.62  48.69 4927 4934 | 565 8.40 8.97 10.64  11.88 1251
CAVE 7 4028 4092 4136  41.84 4223 4202 | 5.83 7.61 8.27 1194 1337  14.06
wio € x; 4556 4628 4678 4732 4774 4753 6.47 8.41 9.17 13.17 1474 1551
CAVB 7 5190 5331 5268 5190 53.64 5376 | 7.2 1073 1064 13.16 1851  19.99
1-Step x 60.82 6098 61.84 60.94 6274 6377 | 858 1133 1246 1492 2030  20.96

Table 1: The out-of-sample total R? and predictive R* comparisons of all competing models with different numbers of latent factors & . The

figures in bold (underlined) indicate the best (second best) results.

method to learn the sparse features of firm characteris-
tics in a weighted SDF-based asset pricing model.

* Generative Adversarial Networks (GAN) [Chen et al.,
2024] apply adversarial learning method to train non-
linear neural networks with an objective function of
weighted sample moments, which also guarantee the ab-
sence of arbitrage.

e Conditional  Quantile  Variational = Autoencoder
(CQVAE) [Yang et al., 2024] employ the VAE
method to learn the conditional quantile-based relations
between average returns and firm characteristics in
terms of factor loadings.

The two main CAVB models are two-step CAVB and one-
step CAVB, .. To validate the effectiveness of contrastive
learning and AVB, we show two variants of CAVB in the ab-
lation study: CAVByy, A uses plain vanilla VAE instead of the
AVB method; CAVB,,, ¢ trains the quantile-dependent beta

network without the use of contrastive learning.

3.3 Performance Metrics

Following [Kelly et al., 2019], [Gu et al., 2021], and [Yang
et al., 2024], we evaluate the out-of-sample performance of
all competing asset pricing models by two metrics in the test
data. The first one is the total R? defined as

it (riee — 7198)?
Ry =1— =L . where
o Zi,t T?,t-s-l ’
J
~total __ * % A R
Tigr1 = Z(Tj 71)Br; (2it) frt1,
j=1

BT]. (#i,¢) is the estimated quantile-dependent beta function,

and ft_H the estimated latent factors. The total R? mea-
sures how well a model explains the cross-sectional varia-
tions of asset returns or the characteristic-managed portfolio.
The second evaluation metric is the predictive R? defined as

R, but with 7{5%2] replaced by

J
P = D (7 =718 (i) Ay
Jj=1

where \; = E, [f++1] measures the expected risk compen-

sation, computed as the sample average of f up to time
t. We use a standard 60-month rolling window to calculate

;\t.z In addition to testing on individual stock returns 7,41,
we also test on characteristic-managed portfolios ;1 =
(212¢) " 2)r¢ 41, where 2; is an N x P weighting matrix that
constructs P characteristic-based portfolios from N assets.

3.4 Statistical Evaluation

Table 1 reports the out-of-sample total R? and predictive R?
of the CAVB models and the baseline models with K =
1,2,...,6 latent factors as in [Kelly et al., 2019], [Gu et al.,
2021], and [Yang er al., 2024], for individual stock returns
r; + and characteristic-managed portfolios x;. Similar to these
three papers, both the total R? and predictive R? generally
increase with the number of the latent factors but the perfor-
mance seems to reach its peak around K = 5or K = 6. A
smaller K results in the loss of valuable information, while
a larger K leads to model overfitting; see also [Kelly er al.,
2019] for a justification to test up to 6 factors.

As we can see in Table 1, compared with the competing
models, the proposed (one-step or two-step) CAVB models
achieve the best performance in terms of both total and pre-
dictive R2. The two-step CAVB follows the standard setup of
[Gu et al., 2021] and [Yang et al., 2024] to estimate the factor
and beta networks separately, while the one-step CAVB, ¢,
focuses on the asset returns by adaptively learning and simul-
taneously optimizing the parameters of both networks. For
the two-step models, its variant CAVByy, o performs better in

“We find that the empirical results are not sensitive to the rolling
window size in the dataset.
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Long-Only Portfolios

Long-Short Portfolios

Model

K=1 K=2 K=3 K=4 K=5 K:6\K:1 K=2 K=3 K=4 K=5 K=6
IPCA 0.76 0.87 1.38 2.21 2.94 3.41 0.79 0.94 1.53 2.46 2.98 3.74
CAE 0.27 0.53 0.67 0.83 1.02 1.11 0.38 0.48 0.63 0.79 0.93 0.91
AGDL 0.47 0.68 1.21 1.67 1.92 2.20 0.52 0.78 1.37 1.93 2.39 2.56
GAN 0.59 0.87 1.41 1.89 2.28 2.39 0.67 0.92 1.74 2.10 2.34 2.64

CQVAE 0.68 0.92 1.48 1.83 2.17

224 0.71 0.98 1.52 1.71 1.78 1.86

CAVB 0.82 1.19 2.28 3.14 3.96
CAVBy/0 A 0.78 0.96 1.53 248 3.15
CAVB,, ¢ 0.84 1.04 1.98 2.53 2.81
CAVB.siep 1.25 1.41 2.04 2.85 2.54

4.42 0.94 1.36 247 3.23 4.32 4.62
3.63 0.91 0.89 1.64 2.57 3.42 3.38
3.46 0.87 1.22 1.87 2.48 3.02 3.86
3.17 0.88 1.27 1.80 3.32 247 3.53

Table 2: The out-of-sample Sharpe ratios of long-only and long-short portfolios with 30 bps transaction costs in comparison with different
numbers of latent factors K. The figures in bold (underlined) indicate the best (second best) results.

the total R? when K = 3. This result may be driven by the
fact that we did not fine-tune the hyperparameters in the two-
step optimization. Both CAVB variants outperform the com-
peting models. In particular, the CAVB,  and CAVB mod-
els considerably outperform the competing models by large
margins in the predictive R?, e.g., the CAVB, ;. (CAVB) im-
proves the predictive R? of CQVAE by 84.24% (48.29%) for
individual stocks and by 72.37% (57.48%) for characteristic-
managed portfolios when K = 6. These findings indicate that
the CAVB model possesses not only better explanation power
in the cross-sectional return variations but also far more ro-
bust predictive power for future returns.

Moreover, to evaluate the components of the proposed
CAVB model, we investigate its two variants, i.e., CAVByy, A
and CAVByy, ¢, to verify the importance of using AVB to
learn the latent factor and applying contrastive learning to
train the quantile-dependent beta network. As Table 1 il-
lustrates, both components contribute to the superior perfor-
mance of the CAVB model. Specifically, CAVBy, ¢ con-
sistently outperforms CQVAE across all cases in terms of
evaluation metrics, numbers of latent factors, and tested as-
sets. This indicates that AVB can capture common latent
factors with higher-quality features. Similarly, the perfor-
mance of CAVBy,, o also demonstrates the usefulness of
contrastive learning in learning distinctive features of the
quantile-dependent factor loadings across different condi-
tional quantile distributions of returns, although its contribu-
tion is not as significant as that of AVB.

3.5 Economic Evaluation

To evaluate the economic contribution of the CAVB models,
we conduct an out-of-sample portfolio trading experiment ac-
cording to the rank of the predicted returns of the individual
assets and run horse races for all competing models with dif-
ferent numbers of latent factors. Specifically, we sort the pre-
dictive returns f’fjfil by different models and select stocks
within the top 10% and bottom 10% of predicted returns. To
construct the long-only portfolios, we buy and hold the top
10% stocks and rebalance the portfolio monthly. To construct
the long-short zero-investment portfolios, we short-sell the
bottom 10% of stocks by short-selling, rebalancing them also
at a monthly frequency. We make sure that the funding leg
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has the same portfolio size as the investment leg. All selected
stocks are equally weighted in the portfolios, and the transac-
tion cost for portfolio rebalancing is assumed to be 30 basis
points (bps), which is reasonably high for U.S. stocks. We
evaluate the economic performance via Sharpe ratios of the
constructed portfolios on the test data.

Table 2 reports the out-of-sample Sharpe ratios of both
long-only and long-short portfolios for all competing models
with different numbers of latent factors K. We find that the
proposed CAVB models consistently and significantly outper-
form the competing models in terms of Sharpe ratio. As ex-
pected, the long-short portfolios overall perform better than
the long-only ones. This is due to the benefit of portfo-
lio hedging. Surprisingly, the linear conditional asset pric-
ing model IPCA is more effective in converting its statis-
tical predictive power into economic value than other non-
CAVB models in terms of Sharpe ratio. Yet, CAVB manages
to achieve higher Sharpe ratios than IPCA, namely 29.62%
higher for long-only portfolios and 23.53% higher for long-
short portfolios with K = 6. CAVB also consistently and sig-
nificantly outperforms its variants, especially when the num-
ber of latent factors gets larger, except for the case K = 1
for long-only portfolios but the difference in Sharpe ratios
is minimal. In terms of Sharpe ratio, it seems that the AVB
(contrastive learning) module is more effective in converting
its statistical predictive power into economic value when K
is smaller (bigger). These findings suggest that both CAVB
components, i.e., the AVB and contrastive learning methods,
are equally important in profit generation.

4 Conclusion

We have presented a novel contrastive adversarial variational
Bayes (CAVB) network for nonlinear conditional asset pric-
ing with a broad set of firm characteristics. It establishes a
robust connection between the conditional quantile distribu-
tions of returns and the latent factor structure with nonlinear
factor loadings. Extensive experiments show that proposed
CAVB model significantly outperforms established models in
terms of total and predictive R%s. When applied to portfolio
trading, it delivers superior transaction-cost adjusted Sharpe
ratios in comparison to the competing models.
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