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Abstract Representations learned by self-supervised
approaches are generally considered to possess suf-
ficient generalizability and discriminability. However,
we disclose a nontrivial mutual-exclusion relation-
ship between such critical representation properties
by conducting the exploratory demonstration on self-
supervised learning. State-of-the-art self-supervised
methods are inclined to solely enhance one of the gen-
eralizability and discriminability. Thus, learning rep-
resentations jointly possessing strong generalizability
and discriminability is a specific challenge for self-
supervised learning. To this end, we revisit the learn-
ing paradigm of self-supervised learning from the evo-
lutionary game theory (EGT) perspective and elabo-
rate on the theoretical roadmap to achieve a desired
trade-off between the representation properties. EGT
performs well in analyzing the trade-off point in a two-
player game by utilizing dynamic system modeling.
However, the EGT analysis requires sufficient anno-
tated data, which is antithetical to the principle of self-
supervised learning, i.e., the EGT analysis cannot be
performed without the annotations of the specific tar-
get domain for self-supervised learning. Thus, to en-
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hance the methodological generalization, we propose a
novel self-supervised learning method, which leverages
the advances of reinforcement learning to jointly benefit
from the general guidance of EGT and sequentially op-
timize the model to chase the consistent improvement of
generalizability and discriminability for specific target
domain during pre-training. On top of this, we provide a
benchmark to evaluate the generalizability and discrim-
inability of learned representations integrally. Theoret-
ically, we establish that the proposed method tightens
the generalization error upper bound of self-supervised
learning. Empirically, our method achieves state-of-
the-art on various benchmarks. Our implementation is
available at https://github.com/ZangZehua/essl.

Keywords Self-supervised learning - Generalizability -
Discriminability - Evolutionary Game Theory -
Reinforcement learning

1 Introduction

As Moore’s Law is slowing down Shalf (2020), the
Connectionism-based data-driven learning paradigm
hits a developmental bottleneck since improving the
model performance by simply increasing the neural
network parameters is unachievable. Additionally, em-
powering the model’s capacity by feeding large-scale
annotated data to the model Deng et al. (2009) suf-
fers from the excessive annotating workloads. To this
end, self-supervised learning (SSL) emerges, which
builds a well-designed self-supervised task by leverag-
ing the guidance of a specific knowledge foundation,
e.g., contrastive learning is based on the knowledge of
multi-view learning assumption Sridharan and Kakade
(2008); Tsai et al. (2021); Wang et al. (2022), and
masked language/image modeling (M-M) is based on
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Fig. 1 Negative correlation between generalizability and dis-
criminability. Under the benchmark experimental settings
Zbontar et al. (2021), each model uses a particular loss func-
tion, e.g., InfoNCE. Each single point presents trade-off point
about model’s generalizability and discriminability. See Sec-
tion 4.1 for the proposed metric of calculating these trade-
off points, and the experiments are conducted on four image
benchmark datasets, STL-10, CIFAR-10, CIFAR-100, Tiny-
ImageNet-200. The dashed lines denote the potential corre-
lation linear regression results. As a conclusive observation,
ESSL achieves the best joint performance. Results are multi-
plied by 100 to facilitate observations and avoid ambiguous
decimals.

the knowledge of masking-and-reconstruction paradigm
Al-Mubaid (2007); Wang et al. (2022); Elkins (2008).
SSL further trains the model to achieve the self-
supervised task in a completely unsupervised manner.
Benefited from the knowledge-guided data-driven learn-
ing paradigm, SSL approaches achieve empirical suc-
cesses in various fields, such as computer vision Hjelm
et al. (2019); Bao et al. (2022); He et al. (2022a); Xie
et al. (2022) and natural language processing Brown
et al. (2020); Devlin et al. (2019).

In the field of SSL, the learned representations are
generally regarded as having sufficient generalizability
(or transferability) and discriminability, and thus recent
works draw limited attention to researching the intrin-
sic relationship between the designed self-supervised
task and the properties of the representations learned
by SSL methods. To this end, we investigate such rep-
resentation properties for various self-supervised tasks.
Specifically, we recap the preliminaries of the conven-
tional contrastive learning paradigm: bringing views of
the same image together and pushing views of the dif-

ferent images farther apart. Theoretical proofs Wang
et al. (2022) demonstrate that such a learning paradigm
encourages the model to learn the discriminative infor-
mation from the inputs, but the guarantees and ev-
idence provided by Wang et al. (2022); Tian et al.
(2020a) further demonstrate that the contrastive ob-
jective improves the domain-specific discriminability
while degenerates the cross-domain generalizability of
the learned representations. On the contrary, specific
SSL methods are inclined to boost the generalizabil-
ity yet undermine the discriminability of the repre-
sentations since such approaches only require repre-
sentations to contain information-decoupled dimensions
without the intuition to capture the discriminative in-
formation Zbontar et al. (2021); Nakamura (2000); Liu
et al. (2022). To profoundly understand the relation-
ship between generalizability and discriminability, we
conduct a motivating experiment in Figure 1, which
demonstrates the existence of a mutual-exclusion rela-
tionship between such properties in SSL.

Does the juste-milieu exist to learn a self-
supervised representation with strong general-
izability and discriminability?

To acquire this aspiration, we rethink the SSL
paradigm from EGT perspective. The intuition behind
our behavior is that EGT, which benefits from dynamic
system modeling, can predict the rational scenarios in
the game of two players or populations jointly cooper-
ating and competing. Indirect EGT is commonly ap-
plied to examine the interaction mechanism of com-
plex behaviors between populations Huck and Oechssler
(1999); feng Ji et al. (2019); Bester and Giith (1998).
On this basis, we hold an intuition that fusing an SSL
model with strong generalizability and another SSL
model with strong discriminability in an appropriate
manner can derive the desired SSL model with jointly
strong generalizability and discriminability. Thus, fol-
lowing EGT, we treat the generalizability and dis-
criminability models as separated populations and as-
sign the corresponding proportions Huck and Oechssler
(1999); feng Ji et al. (2019); Bester and Giith (1998),
i.e., the tuning hyper-parameters. Our objective is to
learn appropriate tuning hyper-parameters to boost the
joint performance of generalizability and discriminabil-
ity for SSL models from the perspective of EGT. Follow-
ing the empirical evolutionary game analysis method
Gatenby and Vincent (2003); Bester and Giith (1998);
Huck and Oechssler (1999); feng Ji et al. (2019), we
define the ideal event and analyze the impacts of tun-
ing hyper-parameters on the dynamic evolution process,
thereby deriving appropriate hyper-parameters.

However, performing the complete EGT analysis
on each target downstream dataset requires the over-
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multitudinous corresponding annotations on the target
downstream dataset, which is antithetical to the prin-
ciple of SSL. Thus, we propose the Evolutionary game-
guided Self-Supervised Learning approach, namely
ESSL. Specifically, we first select several annotated
datasets as the representative priori dataset, which
is treated as the available inputs for the EGT anal-
ysis to generate instructive tuning hyper-parameters
for the fusion of generalizability and discriminability
models. Note that the selected datasets do not in-
clude the target dataset for SSL. The intuition be-
hind such a behaviour is that the trade-off hyper-
parameters derived by the EGT analysis on the rep-
resentative priori datasets hold general effectiveness
on various datasets. Yet, directly adopting such firm
tuning hyper-parameters cannot consistently boost the
joint performance of the learned representations on spe-
cific datasets due to the distribution gaps between do-
mains.

To this end, to learn the tuning hyper-parameters
for the model fusion by jointly leveraging the guid-
ance of EGT and dynamically adapting the hyper-
parameters for the specific target dataset, the pro-
posed ESSL introduces the reinforcement learning (RL)
paradigm to enable the fitting of hyper-parameters to-
wards the target dataset. The reason behind the above
process is that tuning the hyper-parameters in SSL
is a sequential optimization process, which adheres to
the property of the Markov Decision Process, and the
guidance of EGT, i.e., the instructive tuning hyper-
parameters generated by the EGT analysis, can be in-
troduced in the reward function of RL with ease. Con-
cretely, to comprehensively evaluate the generalizability
and discriminability of learned representations, we fur-
ther provide a novel self-supervised benchmark. Then,
we conduct extensive comparisons on the proposed
benchmark and the conventional self-supervised bench-
mark to sufficiently demonstrate the performance supe-
riority of ESSL over candidate self-supervised methods.
The significant contributions of this work are four-fold:

— We disclose the mutual-exclusion relationship be-
tween the generalizability and discriminability of
the representations learned by SSL methods.

— By revisiting the SSL paradigm from the EGT, we
propose an innovative SSL method, namely ESSL,
which jointly leverages the guidance of the EGT-
based analyses and the sequential optimization of
the RL approach to empower representations to ac-
quire strong generalizability and discriminability in
a balanced manner.

— We provide theoretical analyses to demonstrate that
ESSL obtains the tighter generalization error upper

bound on downstream tasks compared with conven-
tional SSL methods.

— Under the self-supervised benchmarks and the pro-
posed benchmark comprehensively measuring gen-
eralizability and discriminability, the results prove
the effectiveness of ESSL.

2 Related Works

Self-supervised learning. In the unsupervised learn-
ing setting, self-supervised contrastive learning Chuang
et al. (2020); Robinson et al. (2021); Elkan and Noto
(2008); du Plessis et al. (2014); Sridharan and Kakade
(2008); Tsai et al. (2021); Grill et al. (2020); Ermolov
et al. (2021); Zbontar et al. (2021); Verma et al. (2021);
Xiao et al. (2021) has achieved great successes. Specif-
ically, CMC Tian et al. (2020a) and AMDIM Bach-
man et al. (2019) use contrastive learning on the multi-
view data. SInCLR Chen et al. (2020) and MoCo He
et al. (2020) employ large batches or memory banks to
enlarge the available negative features to learn better
representations. SWAV Caron et al. (2020) compares
the cluster assignments under different views instead
of directly comparing features by using more views.
BYOL Grill et al. (2020) and BarlowTwins Zbontar
et al. (2021) present a crucial issue: insufficient self-
supervision may lead to feature collapse. Benefiting
from the well-designed architectures, benchmark SSL
methods provide relatively sufficient self-supervision to
improve the discriminability performance. Orthogonal
to existing methods, we focus on jointly improving the
generalizability and discriminability of representations,
thereby boosting the SSL model performance.

Evolutionary game theory. Considering the
bounded rationality and learning mechanisms, EGT
Osborne and Rubinstein (1994); Easley and Kleinberg
(2010); Vincent (1985) focuses on the decision-making
process and solves multiple equilibriums well in biology
Gatenby and Vincent (2003) and economics Bester and
Guth (1998); Huck and Oechssler (1999); feng Ji et al.
(2019). Gatenby and Vincent (2003) uses EGT to frame
the tumor-host interface, which elucidates key biolog-
ical parameters controlling the advance of tumor tis-
sue into the surrounding host tissue. Bester and Giith
(1998); Huck and Oechssler (1999) elaborate whether
altruism and fair distribution are evolutionarily stable
in some instances. feng Ji et al. (2019) applies EGT
to examine the interaction mechanism of complex be-
haviors between local governments and auto manufac-
turers. Inspired by the practical successes of EGT, the
guidance of EGT is expected to be promising in our
case.
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Reinforcement learning. Recently, RL has
achieved great successes in many real-world domains,
such as Game AT Silver et al. (2017, 2018); Vinyals et al.
(2019), RoboticsKalashnikov et al. (2018); Hiittenrauch
et al. (2017), autonomous vehicles Kiran et al. (2021)
and so on. Considering the strong sequential decision
and policy optimization ability, RL can be regarded
as a promising solution for Artificial General Intelli-
gence (AGI). Furthermore, RL has been successfully
applied in many Computer Vision (CV) and Natural
Language Processing (NLP) tasks for hyper-parameters
tuning Li et al. (2019); Yu et al. (2018); Kumar et al.
(2023); Sun et al. (2023). Hence, we utilize Proximal
Policy Optimization (PPO) Schulman et al. (2017), a
well-studied policy gradient RL method, to search the
optimal hyper-parameters that balance ESSL’s gener-
alizability and discriminability.

3 Preliminaries

To elaborate on the detailed implementation of ESSL,
we recap necessary preliminaries in this section.

3.1 Preliminaries of Self-Supervised Learning

Contrastive learning. Given X =
{x{|ie {1,..., N5} andjez{l,”.,ﬂiv}}, as  a
multi-view dataset, self-supervised contrastive learning
(SS-CL) Tian et al. (2020a); Chen et al. (2020) learns
representations by maximizing agreements between the
views of the same samples {xz, xf/} g e{l,...,MV}
and j # j' (positive pairs), while minimizing agree-
ments between the views of different samples {xf , xf,/ }
4,7 € {1,..., MV} and i # i’ (negative pairs). The
input data 27 is fed into the encoder fy(-) to learn
a representation hf, and hf is mapped into a feature
zi by a projection head gy(-), where 6 and ¢ are
the network parameters, respectively. fp(-) and gy(-)
are trained by using a contrastive loss, i.e., InfoNCE
van den Oord et al. (2018):

d{="}) }
d({z+}) + X d({z 1))
(1)

where Xg is i.i.d. sampled from X, z* denotes a posi-
tive pair, 2~ denotes a negative pair, and d(-) is a sim-
ilarity measurement formula, e.g., cosine similarity.
Feature constraint learning. As another rep-
resentative SSL paradigm, feature constraint learning
achieves impressive performance superiority. Specifi-
cally, BarlowTwins Zbontar et al. (2021) proposes a

—Ex.[log

LinfoNCE =

novel self-supervised feature constraint learning loss,
which is formulated as follows:

LBarlowTwins = Z(l - 012)2 +e€ Z Z C2
p i i

szbl b,i 2)

o \/Zb sz \/Zb sz/

where € is a positive constant, trading off the impor-
tance of the first and second terms of the loss, b indexes
batch samples. C’“/ is the cross- correlation matrix com-

puted between sz and zb » with values in the range
between —1 and 1, and 4,4, j, j' are indexes.

3.2 Preliminaries of Evolutionary Game Theory

we recap the necessary introductions of EGT Weibull
(1997); Easley and Kleinberg (2010). The key insight of
EGT is that many behaviors involve the interaction of
multiple organisms in a population, and the success of
any one of these organisms depends on how its behavior
interacts with that of others. So we evaluate the fitness
of an individual organism in the context of the full pop-
ulation in which it lives. In EGT, fitness is like a payoff,
which depends on the strategies of the organisms with
which it interacts. Evolutionary Stable Strategy (ESS)
and Replicator Dynamics (RD) are two critical concepts
in EGT Weibull (1997); Easley and Kleinberg (2010),
which are introduced as follows.

Evolutionary stable strategy. ESS refers to a
strategy in a population that any other strategy cannot
replace with higher fitness once it has reached a certain
proportion. In other words, an ESS is a strategy that,
once it comes to a certain proportion of the popula-
tion, will remain stable and maintain that proportion
through the evolutionary process. This concept was pro-
posed by the biologist John Maynard Smith Maynard
Smith (1974) and is now widely used in various evo-
lutionary game models Gatenby and Vincent (2003);
Bester and Giith (1998); Huck and Oechssler (1999);
feng Ji et al. (2019).

Replicator dynamics. RD is a dynamic model
that describes changes in the proportion of strategies
in evolutionary games. It is based on the assumption
that individuals in each generation will “replicate” their
strategy to the next generation with a certain proba-
bility, and the payoff of each strategy determines this
probability. Using RD, we can predict how the propor-
tion of strategies in evolutionary games will change over
time under different initial conditions.

The basic form of the constructed RD equation is:

dl’z(t) - . _
dt - [f(sux)

[, @)]a, 3)
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Fig. 2 The framework of ESSL. The module in green denotes the training procedure of the SSL model. The module in
blue is the modeled Markov Decision Processes of RL to adjust weights for the generalizability loss, i.e., Locen, and the

discriminability loss, i.e., Lprs, in a self-paced manner.

where s; is one strategy in strategy sets, x; denotes
what proportion of individuals in the game group se-
lect the strategy s; at time ¢, f(s;,2) denotes the ex-
pected payoff of the individual s;, f(x,2) denotes the
expected payoff for the entire population, and dx(t)/dt
represents the change rate of individuals that select
the strategy s; per unit time. This equation can be
explained as follows: the rate of change in individual
strategy proportion is directly proportional to the dif-
ference between the current strategy’s payoff and the
average group payoff. When f(s;,z) — f(x,z) > 0, the
proportion of strategies will increase. On the contrary,
when f(s;,x) — f(x,x) <0, its strategy proportion will
decrease.

4 Methodology

In this section, we elaborate the proposed ESSL, and
the approach framework is illustrated in Figure 2. The
detailed nomenclature is provided in Appendix A. We
emphasize the roadmap of ESSL as follows: 1) we trans-
form the target objective of achieving a SSL represen-
tation with strong generalizability and discriminability
into the target objective of tuning the hyper-parameters
of two decoupled SSL methods and further combin-
ing the candidate methods to build the desired SSL
method in an ensemble manner; 2) we perform the
EGT analysis for the generalizability and discriminabil-
ity of SSL methods on certain representative priori
datasets to derive the average hyper-parameters, which

is treated as the guidance for the following RIL-based
hyper-parameter tuning process; 3) we impose the RL-
based approach to jointly leverage the guidance of the
EGT analysis and tackle the sequential optimization
of the hyper-parameter tuning. Therefore, the derived
ESSL can be well generalized into various SSL fields.

4.1 Revisiting the Learning Paradigm of the
Evolutionary Game Theory Perspective

As the motivating exploration in Figure 1, we demon-
strate the negative correlation between the generaliz-
ability and discriminability of a representation learned
by SSL. Concretely, to chase the trade-off between
the generalizability and discriminability, we intuitively
revisit the learning paradigm of self-supervised ap-
proaches from the EGT perspective and thus treat the
generalizability and discriminability models as two pop-
ulations working against and cooperate. Precisely, the
process of tuning the hyper-parameters, i.e., the im-
pacts of the generalizability and discriminability mod-
els to the fusion of such models exactly fits the case of
population evolution in EGT, and the dynamic prop-
erty of the hyper-parameter tuning process adheres the
requirement of EGT, such that we state that adopting
EGT to derive the desired trade-off between generaliz-
ability and discriminability is theoretically sound.
EGT model assumption. The current benchmark
cannot comprehensively evaluate the generalizability
and discriminability of a self-supervised model, which
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Table 1 Payoff matrix for both players, i.e., the generalizability and discriminability models, and the payoffs of players are

different. Refer to Section 4.1 for the denotations.

Discriminability model

A U

wi - (G1-Na )+ (D2-Ny); w1 - G1 + Du;

Generalizability model (G1-N2)4ws-(D2-Ny) G1 +ws - Dy
U w1~G2+D2;G2+WQ~D2 0;0

vary due to different pretext tasks or loss functions,
such that following the procedure of EGT, we propose
an integrated benchmark, and such a benchmark further
is the foundational assumption of EGT model. Specif-
ically, assuming that supervised learning (SL) achieves
lower classification errors than SSL on the downstream
tasks, we propose a benchmark to measure the general-
izability and discriminability of self-supervised models.
Given two datasets, D and D', and a self-supervised
model M, based on the pre-training on D, G denoted
the generalizability of M on D', and D denotes the dis-
criminability of M on D:

1

¢ =AcCsr (D) — ACCy(D = D)’ @
1

T ACCs. (D) — ACCy(D — D)’

D

where ACCgsp(D) and ACCsL(D') denote the clas-
sification accuracies on D and D’, respectively.
ACCp (D — D) and ACCp (D — D') denote the ac-
curacy on D and D’ pre-trained on D.

Given a generalizability model M, and a discrim-
inability model My, M., denotes the ensemble model
of My and My. We denote N; as the negative impact of
My on the discriminability of Mg, and N, denotes the
negative impact of M, on the generalizability of M,:

N1 = ACOSL(D/) — 146’6’]\42ns (D — D/),

N2 = ACCSSL(D — D/) — 146'6’]\4&"8 (D — 'D/), (5)
where ACCyy,,,,(D — D’) denotes the accuracy on D’
pre-trained by the ensemble model on D.

EGT model framework.We develop a group-
double population indirect evolutionary model Huck and
Oechssler (1999); feng Ji et al. (2019); Bester and
Guth (1998), where the generalizability and discrim-
inability models present the sufficient and finite popu-
lations, respectively, of the chosen pure strategies. The
strategy spaces of both players are Sg = {A,U} and
Sp = {A,U}, where A denotes “Adopted” and U de-
notes “Unadopted”. The indirect EGT can be expressed
as follows: the combined model selects models based

Fig. 3 Phase diagram for the dynamic system. x and y rep-
resent the proportion of discriminability and generalizability
models, respectively. Every line denotes the evolving strategy
of the candidate models under different initializations.

on individual utility maximization. Note that the util-
ity contains both generalizability and discriminability.
The system state changes along with the time, and the
model utility changes accordingly, resulting in sequen-
tial and dynamical adjustments in the strategies chosen
by generalizability and discriminability models.

Based on the earlier assumption, Table 1 illustrates
a payoff matrix for players across different strategies.
In this table, Gy and D; represent the generalizability
and discriminability metrics for My, and G2 and D,
correspond to M. Additionally, w; and wo indicate the
weights assigned to generalizability and discriminabil-
ity.

EGT model analysis. Let (0 <z < 1) repre-
sent the proportion of discriminability models, and y
(0 <y < 1) represents the proportion of generalizabil-
ity models which select the A strategy. On the contrary,
1—2x and 1—y represent the proportion of discriminabil-
ity and generalizability models selecting the U strategy,
respectively. H denotes the income matrix of the gen-
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eralizability model, which is defined by

H— wi - (G1 — Na)+ (Dy — Ny) wy - G + Dy (6)
o wl-G2+D2 0 ’

When the generalizability model selects the strategy
A, given e, x and y denoting the proportion metrics of
the chosen strategy, respectively, the expected utility is
defined by

Ugi =eHx' = (10)-
wl~(G1—N2)—|—(D2—N1)w1-G1—|—D1 x
w1 - Go + Dy 0 1—z)’
(7)

and the corresponding average expected utility of the
generalizability models is implemented by

Usg=yHx' =(yl-y)-

wl-(Gl—Ng)Jr(Dg—Nl)wl-G1+D1 x
w1 - Go + Dy 0 1—2z)°

(®)

According to the Malthusian equation Malthus (1872),
the growth of A action of the generalizability model is
equivalent to Ug1 — Ug. Therefore, the RD equation is
defined as follows:

_dy

Fy) = - = yleHx' — yHx"] = y(1 - y)-

[w1~G1+D1—(D1 +W1‘G2+(JJ1'NQ+N1)ZE],

(9)

The first derivative of Equation 9 is detailed by

dF(y) _
P (1—2y)-

[w1~G1+D17(D1 +W1'G2+W1'N2+N1)l‘].

(10)

It can be easily demonstrated that y = 0 or y = 1,
and x = z* are the numerical solutions of the equation
F(y) = dy/dt = 0, where

_ w1~G1+D1
D1+OJ1'G2+UJ1'N2+N1.

z*

(11)

Under the firm condition that 0 < x* < 1, based on
the stability theorem Friedman (1991), we can derive
that when F'(z) = 0 and F'(z) < 0, the proposition
that « is the ESS holds. For any y, if x = «*, F(y) =0,
and F'(y) = 0 are satisfied, axis y is in a stable state.
With the conditions that z < a*, F'(y)|y=0 > 0, and
F'(y)|y=1 < 0, we indicate that y = 1 is the only ESS.
Accordingly, if z > z*, F'(y)|y=0 < 0, and F'(y)|y=1 >
0 holds, we derive that y = 0 is the only ESS.
Adhering to the aforementioned principle, we can
obtain the income matrix K of the discriminability

Table 2 Local stability analyses of equilibrium points.

point det(J) tr(J) Result
(0,0) + + unstable point
(0,1) + - stable point
(1,0) + - stable point
(1,1) + + unstable point
(z*,y*) - 0 saddle point

model and the corresponding RD equation, which are
defined as follows:

K — (G1 = Na2) twa - (D2 — N1) G1 +wa - Dy
G2+ wa - Do 0 ’

and

F(z) = Z—‘f = x[eKTyT — xKTyT] =z(1—x)- (13)

[G2 + wa - Da — (wg - D1 + G2 + N3 + wy - N1)yl.
The first derivative of Equation 13 is detailed as follows:
dF(x)

dt
[GQ +LU2 'D2 — (WQ'D1+G2+N2 +CLJ2'N1)y],

= (1-22) (14)

where z = 0 or z = 1, and y = y* are the numerical

solutions of the equation F(x) = dz/dt = 0, and
x G2 —+ w2 .D2

Y wa D1 +Go+wy- Ny + Ny’

(15)

With the condition that 0 < y* < 1, we obtain that
for any x, if y = y*, F(z) = 0, and F’(x) = 0 holds,
axis x is in a stable state. If y < y*, F'(x)|z=0 > 0,
and F'(z)|z=1 < 0 are satisfied, z = 1 is the only ESS.
Accordingly, if y > y*, F'(x)|z=0 < 0, and F'(x)|,=1 >
0 are satisfied, x = 0 is the only ESS.

According to Equation 9 and Equation 13, we obtain
a 2-dim nonlinear dynamic system for the generalizabil-
ity and the discriminability models, which formulates as
follows:

dx
F(z) = T =z(1 — 2)[G2 4+ wa - Dy
— (CLJQ ~D1 +G2+NQ +LLJ2 Nl)y]
d )
F(y) = dit/ =y(1 —y)lwi - G1+ Dy
— (D1 4w -Ga+uwy ~N2—|-N1)I]

(16)

Local stability analyses of equilibrium points.
Based on Equation 16, the equilibrium points of
the dynamic system are (0,0), (0,1), (1,0), (1,1),
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(z*,y*). According to Friedman’s proposal, i.e., “de-
scribe (co)evolution of population(s) with dynamics de-
fined by differential equations” Friedman (1991), we ob-
tain the Jacobian matrix J of Equation 16 as follows:

[OF (x)/0x OF (z)/0y

= or(y) /02 9P (y) /0y
[(1—2x) - [G2 +ws- Dy —z(1 — x)- i
—(wz - D1+ Gs (w2 - D1 + Go
+N3 + wsa - N1)y] +Ny 4wy - Ny)

—y(1—-y) (1=2y)-[wi-G1+ Dy
(D1 +wy - Go _(Dl +wi -G
+wy - Na+ Ny) +wy - Na + Ny)z]

(17)

From Table 2, we can get results that the equilib-
rium points (0, 0), (1, 1) are unstable points; (0, 1), (1,0)
are stable points;(z*,y*) is a saddle point. Figure 3
demonstrates the dynamic system’s phase diagram. In-
tuitively, we reckon that (z*,y*) can be a compromised
point for the combined model to obtain the satisfac-
tory trade-off between the generalizability and discrim-
inability. Such a compromised point (z*,y*) can be de-
rived by adopting the approach, i.e., Equation 11 and
Equation 15. The experiments in Section 6.5 empiri-
cally prove the inference behind our behavior.

4.2 Chasing the Trade-off between Generalizability
and Discriminability

In practice, we notice that conducting the EGT-based
analyses on each downstream task incurs excessive
workloads, which require sizeable human annotation
and computational costs. Additionally, solely general-
izing the hyper-parameters derived by the EGT analy-
sis on several representative downstream tasks cannot
achieve desired model performance improvement. The
corresponding empirical proofs are provided in Sec-
tion 6. Therefore, we first perform the EGT analysis
on the representative prior datasets to derive the aver-
age hyper-parameters, serving as the guidance of EGT.
Then, we propose to leverage a practical RL approach
to adjust the hyper-parameters dynamically within the
guidance of EGT. Refer to Section 6 for the setting of
representative priori datasets in practice.

Performing the reinforcement learning. Given
a multi-view dataset X, we propose to learn a self-
supervised representation with the desired trade-off be-
tween the generalizability and discriminability. In prac-
tice, we intuitively leverage an ensemble manner, which

can be formally described as follows:

Lesst = algen + BLprs, (18)

where « and 3 are the hyper-parameters controlling the
balance between the Lprs and Lggy, i.e., the losses
present the generalizability and discriminability, respec-
tively. In the implementation, we adopt Lr,foncE as
Loen and LBariowTwins @8 Lprs. To chase the best
trade-off, we employ an effective RL method, PPO
Schulman et al. (2017). At each time step ¢, the RL
agent receives a state s;, which contains information
the agent can observe. In our formulation, the state is
formulated by

se = Fio(27), (19)

where F,(+) is the mean function, and z? is the features
of batch b. Under state s;, the agent takes an action
a; = (a?,a?). Then, the parameters o and 3 at the
time step t can be calculated as:

v =V+al, Bp=V +ad, (20)

where V is the hyper-parameters.

Employing the guidance of EGT. Given a set of
representative datasets Sq = {D!,D?,..., D"}, we pri-
marily derive the average result of the SL accuracies on
such datasets, and refer to Appendix C.2 for the de-
tailed results. Accordingly, G denotes the average SSL
accuracy measuring the generalizability, D denotes the
average SSL accuracy measuring the discriminability,
N, denotes the average effect on the discriminability
model by the generalizability model, and N denotes
the average effect on the generalizability model by the
discriminability model.

In our framework, the reward function is composed
of two key components:

1
|Lessp, — PLESSL, 1|

Ty = G(ataﬁtvm*ay*) +£ (2]—)
The first term is defined by G(-, -, -, ), which represents
the cosine similarity function. Here, (z*, y*) denotes the
a priori balanced point between generalizability and
discriminability, as determined by EGT. The hyper-
parameter £ is utilized to balance different reward sig-
nals, while ¢ is another hyperparameter designed to the
exploration term. Overall, the first term of the reward
function allows RL to dynamically pursue a balance
between generalizability and discriminability based on
prior knowledge acquired from general datasets. How-
ever, relying solely on this general prior knowledge often
falls short in uncovering the latent characteristics spe-
cific to a dataset. Hence, we have devised a second term
in the reward function, aimed at encouraging agents to
explore the most suitable balance point for the specific
dataset.
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5 Theoretical Analyses on Generalization Error
Bounds

Benchmarking models on classification tasks is a
standard evaluation approach for self-supervised ap-
proaches. Therefore, we present the generalization er-
ror bounds of the proposed ESSL on classification
tasks. The benchmarking is implemented by training a
softmax classifier for minimizing the traditional cross-
entropy loss Zhang and Sabuncu (2018) as follows:

Esoftmaz(f; T) = I‘I}Vf Lcross—entropy(W : f7 T), (22)

where f denotes the fixed encoder pre-trained by self-
supervised methods, W is the linear-probing classifier,
and T is the label on the downstream task. Holding
Equation 22, we present the generalization error for the
feature representation f(X) learned from X by

LéE = Ex [i‘%/f Leross—entropy (W f(X) ;T)] . (23)

For the encoder f, we can further bridge the gener-
alization error ﬁg p With the conventional contrastive
learning objective E{n foncp- defined in Equation 1, by
introducing the Rademacher complexity Saunshi et al.
(2019); Qiang et al. (2022) as follows:

Theorem 1 Suppose f* is a sufficiently trained neural
network by following the proposed ESSL objective and
following Equation 18, f* is acquired as follows:

fr :argminaﬁéEN-l—ﬁﬁfjls. (24)
f

Given the condition that « is frozen, with the proba-
bility at least 1 — &, we hold that the upper bound of
generalization error can be approximated by

/1+ 1/Nbatch RH (ﬂ)

‘CJCIJE_L{nfoNC’E’ SO( NS
log (1/3) - log? (N'5)
+ NS )

where N° denotes the number of training samples,
and N®¥h denotes the size of a mini-batch. Ry (B)
presents the Rademacher complexity, which establishes
a constant property that Ry (8) is monotonically de-
creasing w.r.t. 5.

(25)

We provide proof to attest to the correctness and in-
tegrity of the proposed theoretical analyses. To demon-
strate the validity of the corresponding Theorem, we
provide a Lemma as follows:

Lemma 1 Let f € H, where H is a restricted function
hypothesis space, and f* be a neural network sufficiently
trained by following Equation 24. When « s fized, with
the probability at least 1 — & over the training data X =
{X1,Xa,..., X s}, the following inequity holds:

f f~
Lep < LinponertO

log (1/6) - log? (N'$
+\/ £(0/0) g’ >>.

The Rademacher Complexity is defined as

<\/1 T1/NS - Ry (B)
NS

Ru (B) = E sup (o
ce{£1}3d NS | feH,

I

where d denotes the dimensionality of the representa-
tions learned by f, and the restricted function hypoth-
esis set Hg corresponding to the coefficient B of the
proposed ESSL is determined by

Hp={fIf €M, and R (f) <4/B}. (28)
Holding Lemma 1, we can thus derive

Corollary 1 Following the conventional contrastive
principle, for f*, with the probability at least 1 —
have that

0, we

£
“CGE InfoNCE

‘<O< v 1+1/N"P9 Rw (B

log (1/6) - log® (N'S
+\/ £0/0)-log >>’

(29)

where N is the total number of training samples, and
N™Y is the size of negative pairs, which is greatly close
to N° for the integrated dataset due to the instance-
level contrastive principle. Ry (8) is the Rademacher
complezity, and Ry (B) is monotonically decreasing
w.r.t. 3.
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Proof Holding Equation 22 and Equation 24, for the
generalization error LéE, we have that:

Lhp
= Ex |:11£1Vf »Ccrossfentropy (W . f, T)]

E 1 ef(X)T’ucpos
B it ef(X)TUCPOS + Z ef(X)T’ucneg
= Ex| —log (ef(X)T“C’“’S)

+log (ef(X)Tucpos Y ef(X)Tucneg)]

— By |log <€f(X)TExpos [F(xPo)]

Y >
~log (ef(XFEXpos [f(an)]

2 EX IOg <ef(X)TEXpOS [F(XP°)]

+ NSEXMQ [ef(X)TExm_q [f(Xney)]} )

—log (ef(X)TExpos [f(X”"S)])]

_prf
- ’CInfoNCE'

Then, we can intuitively obtain

*

; !
Lop =L, foNCE

I f
< ‘CInfoNCE - ‘CInfONCE

14+1/Nmeg - R
SO<\/ PN R () 51)

log (1/5) - log* (NS
+\/ £(1/0)- 1o ))

Therefore, Corollary 1 holds.

Concretely, we conduct Corollary 1 in the practical sce-
nario, where only a mini-batch of training samples is
available for the neural network encoder f in a gradi-
ent back-propagating step, such that a tractable surro-
gate variable is introduced in Equation 29, i.e., N™Y ig
converted into N®#¢" Therefore, we theoretically sub-
stantiate the correctness and integrity of Theorem 1.
Considering Equation 25, we observe that the up-
per bound of generalization error gradually decreases
with the increase of the training sample size N¥S.

Table 3 Top-1 accuracies (in %) with linear probing on
STL10, dubbed by S10, CIFAR10, dubbed by C10, CI-
FAR100, dubbed by C100, and Tiny-ImageNet, dubbed by
Tiny. The compared methods are pre-trained and then evalu-
ated on conventional benchmark datasets in an iterative man-
ner.

PT  Model Eval
S10 C10 C100 Tiny
SimCLR 76.4 56.0 28.0 24.6
MoCo-v2 80.1 67.3 37.0 27.8
% BarlowTwins 85.5 70.0 41.5 29.8
BYOL 83.7 58.7 32.2 29.2
ESSL(Ours) 86.1 73.4 45.4 33.7
SimCLR 62.2 73.4 42.1 23.8
- MoCo-v2 65.3 65.7 37.2 21.8
5 BarlowTwins 73.1 83.0 43.8 23.1
BYOL 74.8 50.6 24.0 21.3
ESSL(Ours) 72.0 83.6 44.1 228
SimCLR 62.2 73.4 42.0 25.6
o MoCo-v2 62.0 60.4 43.2 19.7
g BarlowTwins ~ 69.5 73.8 51.1 23.7
BYOL 66.5 50.7 26.2 23.5
ESSL(Ours) 70.0 75.1 51.1 232
SimCLR 69.8 60.4 35.6 31.1
o, MoCo-v2 67.3 57.6 27.6 21.3
5 BarlowTwins 76.0 70.0 39.9 32.7
BYOL 73.0 58.0 31.6 32.3
ESSL(Ours) 76.8 73.4 40.5 32.0

Such an observation is consistent with the conventional
SL methods. On top of this, for the relatively non-
trivial mini-batch size N@*¢"  the first term of gen-
\/1+1/Nbateh . Ry (B3) is effectively
reduced. Thus the generalization error upper bound is
tightened, consistent with the empirical induction in
SS-CL approaches. Connecting the proposed approach
with the generalization error, we attest that the en-
largement of the coefficient 8 of ESSL directly results
in the reduction of the Rademacher complexity Ry .
Concretely, due to the non-triviality of 3, we can theo-
retically substantiate that performing SSL in the ESSL
manner derives a relatively tighter generalization error
upper bound, such that ESSL holds stronger generaliz-
ability than the conventional methods.

eralization error

6 Experiments

In this section, we conduct a series of experiments to
evaluate the proposed ESSL from multiple perspectives
comprehensively. In this regard, we bootstrap the eval-
uation by answering the following research questions:
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1. Is ESSL consistently competitive with other base-
lines in conventional benchmark datasets (Section:
6.1) and large-scale benchmark datasets (Section:
6.2)?

2. How about the generalizability and discriminability
of self-supervised methods with different loss func-
tions on various datasets (Section: 6.3)7?

3. How can we combine the two loss functions as best
as possible from the network structure perspective
(Section: 6.4)?

4. How much performance improvement does the im-
posed EGT and RL bring (Section: 6.5)7

5. How does RL shift the balance achieved by the EGT
analysis (Section: 6.6)7

Experimental schemes. In practice, the general-
izability is measured by conducting the pre-training
and testing on heterogeneous datasets, which is de-
termined as the generalization task. In contrast, the
discriminability is measured by conducting the pre-
training and testing on the homogeneous dataset, which
is treated as the discrimination task.

Note that the representative priori datasets in-
clude STL10 Coates et al. (2011), CIFAR10 Krizhevsky
(2009), CIFARI100 Krizhevsky (2009), and Tiny-
ImageNet-200 Krizhevsky (2009) for the detailed im-
plementation of the EGT analysis.

Benchmark baselines. The compared baselines
include SimCLR Chen et al. (2020), MoCo He et al.
(2020), CMC Tian et al. (2020a), CPC Hénaff (2020),
InfoMin Aug Tian et al. (2020b), MoCo-v2 He et al.
(2020), BarlowTwins Zbontar et al. (2021), BYOL Grill
et al. (2020), SSL-HSIC Li et al. (2021b), MAE He et al.
(2022b), CAE Chen et al. (2023), and VICReg Bardes
et al. (2022). Note that, for conventional benchmark ex-
periments, the compared methods consistently leverage
ResNet-18 He et al. (2016) as the backbone networks;
for large-scale benchmark experiments, most candidate
methods, including the proposed ESSL, adopt standard
ResNet-50 He et al. (2016) as the backbone network,
while MAE and CAE adopt ViT-B-32 Dosovitskiy et al.
(2021) as the backbone network. In detail, ResNet-50
possesses 25M parameters, and ViT-B possesses 86M
parameters. On top of this, MAE and CAE impose 1600
epochs during training, while the rest of the methods
impose 1000 epochs.

6.1 Performance of Classification Task on
Conventional Benchmark Datasets

Experimental settings. Through an image classifi-
cation task, we evaluate the generalizability and dis-
criminability of ESSL on four conventional benchmark

datasets, i.e., STL10 Coates et al. (2011), CIFAR10
Krizhevsky (2009), CIFAR100 Krizhevsky (2009), and
Tiny-ImageNet-200 (or Tiny-ImageNet) Krizhevsky
(2009). Note that the computation of generalizability
and discriminability requires the detailed implementa-
tion of baselines, such that we compare the proposed
ESSL with the most representative benchmark methods
in the field of SSL to the joint evaluation of generaliz-
ability and discriminability. We pre-train ResNet-18 as
the backbone and three linear layers as the projection
head for 500 epochs on each dataset for each method
as the pre-training phase. Then, we use the fixed back-
bone pre-trained above to train a linear layer on every
dataset as the linear probing phase. More training de-
tails are in Appendix C.3. The top-1 classification ac-
curacy of each method on each dataset is reported in
Table 3. All the experimental results are achieved using
the code in Appendix C.1, and we collect the results of
10 trials and derive the average results for comparisons.

Generally, our proposed ESSL achieves state-of-the-
art performance to both generalizability and discrim-
inability. In this regard, ESSL can simultaneously learn
the representations with better generalizability and dis-
criminability. To better visualize the generalizability
and discriminability, we follow the proposed metric in
Section 4.1, and the results are shown in Figure 4. We
multiplied the experimental results’ numerical values by
100 to facilitate observations and avoid ambiguous dec-
imals. These results are consistent with the motivating
experiments, and ESSL can still obtain the best overall
performance.

6.2 Performance of Classification Task on Large-Scale
Benchmark Dataset

Discriminability evaluation on ImageNet. To fur-
ther show the method’s performance, we evaluate ESSL
on the large-scale benchmark dataset, ImageNet-1000
(or ImageNet) Deng et al. (2009), by imposing 1000
epochs pre-training and 100 epochs linear probing. The
backbone network consists of benchmark baselines, i.e.,
a ResNet-50 is treated as the backbone, and three lin-
ear layers are treated as the projection head. From the
discriminability perspective, we report our experimen-
tal results in Table 4. More implementation details can
be found in Appendix C. Note that all the experimen-
tal baseline results are directly referred from the pub-
lished papers. As shown in Table 4, our proposed ESSL
outperforms all the baselines on the image classifica-
tion task. That is to say, ESSL can learn the represen-
tations with strong discriminability on the large-scale
benchmark dataset.
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introducing two heterogeneous loss functions, i.e., in-

601 @ SimCLR + ® foNCE and Barlow Twins. Following the settings in

MoCo-v2 Appendix C, we denote CL-GEN as the model with
¢ BYOL loss function Lo gy and CL-DIS as the model with loss

531 v CL-GEN v function Lprs. Note that the only difference between

+ CL-DIS CL-GEN and CL-DIS is the loss function implemented.
>5.01 ESSL-Ensemble Then, we evaluate their generalizability and discrim-
% ® ESSL inability using the same training strategy as Section
£ 6.1 on the same datasets, STL-10, CIFAR-10, CIFAR-
g 4.5 100 and Tiny-ImageNet-200. The results are reported
A o in Figure 4.

401 From the generalizability perspective, CL-GEN can
achieve better results than CL-DIS on these non-pre-
trained datasets. In contrast, CL-DIS outperforms CL-

3.51 GEN on the pre-trained datasets. CL-GEN has better
generalizability than CL-DIS, but CL-DIS has better

M discriminability than CL-GEN. Without loss of gener-

30 32 34 36 3.8 4.0
Generalizability

Fig. 4 Evaluating generalizability and discriminability on
the proposed EGT-based benchmark.

Generalizability evaluation with imposing
the transfer learning tasks on ImagelNet. We eval-
uate the learned representation of ESSL on other classi-
fication datasets to determine whether the representa-
tions, learned on ImageNet, can be generalized into het-
erogeneous domains, which demonstrates the generaliz-
ability of ESSL. We perform the linear evaluation and
fine-tuning on the same sets of classification tasks used
in Chen et al. (2020); Kornblith et al. (2019) by care-
fully following their evaluation protocol. Performance
is reported in Table 5. ESSL outperforms SimCLR on
CIFAR10 and CIFAR100, and BYOL on CIFARI10.
We further report the results of transfer training on
STL10, while the benchmark methods do not provide
the corresponding results. The reason behind that we
select SImCLR and BYOL as the compared baselines is
that only SimCLR and BYOL report the correspond-
ing transfer learning results on the conducted bench-
mark datasets, including ImageNet, STL10, CIFAR10,
CIFAR100, and Tiny-ImageNet. The transfer learning
results comprehensively demonstrate the strong gener-
alizability achieved by ESSL on the large-scale bench-
mark dataset.

6.3 Generalizability and Discriminability of
Introducing Different Loss Functions on Different
Datasets

We conduct experiments to illustrate this phenomenon
to clarify the generalizability and discriminability of

alization, Lggn can improve the model in the general-
izability perspective, while £Lprg can improve the model
in the discriminability perspective.

6.4 Ablation: Influence of the Number of Projection
Head

When we combine the advantages of the two loss func-
tions, i.e., Logeny and Lprg, we intend to avoid the
performance degeneration incurred by the variance of
the number of projection heads. To this end, we con-
duct experiments to choose the best number of pro-
jection heads. We follow the settings in Section 6.1 and
compare the generalizability and discriminability of two
pre-trained models, where the model, with only one pro-
jection head, shares the projection head with two loss
functions. The model, with two projection heads, back-
propagates the gradients of the two loss functions to
the backbone network, respectively. The experimental
results are reported in Table 6, where we can observe
a significant performance gap between the model with
one projection head and the model with two projection
heads. Following the experimental results, we imple-
ment the one projection head structure as the network
structures of our proposed ESSL and the corresponding
ablation models.

6.5 Ablation: Influence of EGT Module

Does the conducted EGT module really improve ESSL’s
generalizability and discriminability? To answer this
question, we set up an ablation study to analyze the
influence of the proposed EGT analysis upon the gen-
eralizability and discriminability of ESSL model. Ex-
perimental settings are the same as in Section 6.1 on
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(a) GEN.

D] - [0 o

(b) DIS.
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0 1 2 3
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Fig. 5 Generalizability and discriminability evaluations with different self-supervised losses. (a) shows the results pre-trained
with Lo en for stronger generalizability. (b) shows the results pre-trained £prg for stronger discriminability. (¢) demonstrates
the residuals by subtracting (a) from (b). All the results are under the same training paradigm.

Table 4 Linear probing results on the large-scale benchmark.

Methods Architecture Param epoch Top-1 Top 5
SimCLR ResNet-50(1x) 25M 1000 69.3 89.0
MoCo ResNet-50(1x) 25M 1000 71.1 -
CMC ResNet-50(1x) 25M 1000 66.2 87.0
CPC ResNet-50(1x) 25M 1000 63.8 85.3
InfoMin Aug ResNet-50(1x) 25M 1000 73.0 91.1
BarlowTwins ResNet-50(1x) 25M 1000 73.5 91.0
BYOL ResNet-50(1x) 25M 1000 74.3 91.6
SSL-HSIC ResNet-50(1x) 25M 1000 72.2 90.7
VICReg ResNet-50(1x) 25M 1000 73.2 91.1
MAE ViT-B-32 86M 1600 68.6 -
CAE ViT-B-32 86M 1600 71.4 -
ESSL(Ours) ResNet-50(1x) 25M 1000 74.5 91.9

Table 5 Transfer learning results on large-scale benchmark
with the standard ResNet-50 architecture.

Methods STL10 CIFAR10 CIFAR100
Supervised - 93.6 78.3
SimCLR - 90.6 71.6
BYOL - 91.3 78.4
ESSL(Ours) 97.4 91.7 78.0

the same datasets, STL-10, CIFAR-~10, CIFAR-~100 and
Tiny-ImageNet-200. The experimental results are re-
ported in Table 7. In details, ESSL-Ensemble denotes
ESSL imposing the plain ensemble strategy to combine
the heterogeneous loss functions, e.g., « = 1 and g =
1. ESSL-EGT denotes ESSL imposing the EGT static
strategy (in our implementation is o = 0.85, 5 = 0.87)
to combine the heterogeneous loss functions. ESSL-
EGT+RL denotes ESSL imposing the RL-guided EGT
dynamic strategy to combine the heterogeneous loss
functions, as shown in Figure 6, which is the final ver-
sion of our proposed ESSL.

By observing the performance gap between ESSL-
Ensemble and the ablation models, e.g., CL-GEN and
CL-DIS, we find that arbitrarily combining heteroge-
neous loss functions may degenerates the performance
of ESSL to both the generalizability and discriminabil-
ity, such that introducing the EGT analysis-based guid-
ance is crucial in this regard.

By observing the performance gap between ESSL-
EGT and ESSL-Ensemble, we derive that when pre-
training ESSL with the guidance of the EGT analy-
sis, the generalizability and discriminability of ESSL
are widely improved. We argue that when chasing bet-
ter generalizability and discriminability, the position of
the trade-off point to the EGT analysis is pivotal, and
simply changing the position of the trade-off point or
changing the direction of the trade-off point from the
origin may incur undesired degeneration on the gener-
alizability and discriminability of ESSL.

We further study the significance of introducing the
RL-based optimization of ESSL. Table 7 shows the re-
sults of pre-training the model with the guidance of the
static EGT trade-off point, i.e., ESSL-EGT, and pre-
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Table 6 Results on conventional benchmark datasets with different projection head numbers.

Pre-training Head Evaluation .

Num STL10 CIFARI10 CIFAR100 Tiny-ImageNet
STL10 2 ms  ma a1 oy
GIFARIO 5 % ors_ ma 163
GIFARIO G @Y ae  my
e

Table 7 Results on conventional benchmark datasets with the proposed ESSL and various ablation models, where CL-GEN
denotes the model pre-trained only with Lggn. CL-DIS denotes the model pre-trained only with Lprs. ESSL-Ensemble
denotes a model pre-trained with the simple addition of Lggn and Lprs. ESSL-EGT denotes a model pre-trained with the
addition of Lgegnx and Lprs guided by the static EGT saddle point. ESSL-EGT+RL denotes a model pre-trained with the
addition of Loen and Lprs guided by RL-based dynamic trade-off points.

Pre-training Model Evaluation
STL10 CIFARI10 CIFAR100 Tiny-ImageNet
CL-GEN 84.1 75.2 44.7 33.1
CL-DIS 85.5 70.0 41.5 29.8
STL10 ESSL-Ensemble 84.0 74.8 44.3 27.5
ESSL-EGT 86.0 73.3 41.4 29.7
ESSL-EGT+RL 86.1 73.4 45.4 33.7
CL-GEN 72.8 79.4 45.8 26.1
CL-DIS 73.1 83.0 43.8 23.1
CIFARI10 ESSL-Ensemble 71.2 79.0 41.9 22.1
ESSL-EGT 71.1 82.0 44.0 22.4
ESSL-EGT+RL 72.0 83.6 44.1 22.8
CL-GEN 69.2 74.8 48.5 25.5
CL-DIS 69.5 73.8 51.1 23.7
CIFAR100 ESSL-Ensemble 63.5 71.4 47.1 25.2
ESSL-EGT 68.3 73.0 49.9 21.7
ESSL-EGT+RL 70.0 75.1 51.1 23.2
CL-GEN 75.2 70.6 40.5 32.6
CL-DIS 76.0 70.0 39.9 32.7
Tiny-ImageNet ESSL-Ensemble 74.1 70.0 40.2 30.1
ESSL-EGT 76.4 72.8 43.1 35.1
ESSL-EGT+RL 76.8 73.4 40.5 32.0

training the model with the guidance of the RL-based
dynamic trade-off points, i.e., ESSL-EGT+RL. We ob-
serve that ESSL-EGT+RL consistently outperforms
ESSL-EGT on the generalizability and discriminabil-
ity comparisons. We can conclude that the proposed
RL-based optimization further improves the generaliz-
ability and discriminability of the ESSL model. The
RL-based optimization primarily promotes the gener-
alizability of ESSL by a significant margin.

6.6 The Improvement Derived by Introducing
Reinforcement Learning upon the EGT Analysis

We conduct visualization experiments to understand
further the improvement derived by introducing the
RL-based optimization upon ESSL. In detail, the pro-
posed EGT analysis provides a significant initial trade-
off point of the generalizability and discriminability for
ESSL, and RL further empowers ESSL to dynamically
adapt the trade-off point to the training domain, i.e.,
the training dataset, which is achieved by leveraging
the Markov Decision Processes.



Title Suppressed Due to Excessive Length 15
For the ease of observation of the process and anal- 1.0

ysis towards the experimental results, we sample 2,000 1.05 1

points uniformly from all 194,560 points records of the 1,004 0.8

hyper-parameters, i.e., « and 3, derived by the RL mod- ’

ule of ESSL during the pre-training under the same 0.95 1

settings as Section 6.1 on STL10. The visualization is - 0.90 - 0.6 N

shown in Figure 6, where the horizontal axis is «, i.e., g 2

Alpha, and the vertical axis is 3, i.e., Beta, and the 0.851 0.4

points produced in the early pre-training stage are in- 0.80

clined to purple. The points produced in the late pre-

training stage are inclined to yellow. Specifically, the 0751 0.2

early pre-training stage denotes that the network has 0.70

just been initialized or pre-trained with a few epochs, . 0.0

such as 50 or 100. In contrast, the late pre-training stage 0.7 0.8 Alpha 0.9 1.0

denotes that the network has been pre-trained after sev-
eral epochs, such as 900 or 1000.

From the visualization results, we can observe that
the points in the early stage of pre-training are dis-
tributed in various parts of the area. However, as pre-
training is processed, the points come closer to the sad-
dle point derived by the EGT analysis. At the end of
pre-training, RL-based ESSL performs dynamic modi-
fications based on the fixed saddle point derived by the
EGT analysis, thereby achieving the ultimate trade-off
point. We argue that on the one hand, the EGT anal-
ysis can successfully guide ESSL to chase the trade-off
between generalizability and discriminability, and the
guidance of the fixed saddle point, derived by the EGT
analysis, is solid; on the other hand, introducing the
RL-based optimization can indeed dynamically update
the trade-off point within leveraging the guidance of
the EGT analysis in a self-paced manner. As shown in
Table 7, the empirical proofs demonstrate that the gen-
eralizability and discriminability of the ultimate ESSL
model, i.e., ESSL+EGT+RL, widely outperform that
of the ablation mode, i.e., ESSL+EGT.

7 Limitations and Broader Impacts

The optimization potential exists for ESSL’s training
process for complexity reduction. Accordingly, acquir-
ing the guidance of EGT requires specific representa-
tive downstream datasets with annotations, such that
performing EGT analysis in an unsupervised or semi-
supervised manner is promising scientific research for
the community.

8 Conclusion
We disclose a mutual-exclusion relationship between

the generalizability and discriminability of learned
representations by conducting empirical explorations,

Fig. 6 Trade-off points at different stages of pre-training.
As the pre-training processes, the points produced by ESSL
gradually change from purple to yellow. Note that Alpha and
Beta in the figure represent o and S in Equation 18, respec-
tively.

which undermines the development of state-of-the-art
self-supervised methods. To this end, we revisit the
SSL paradigm from the EGT perspective and explore
achieving a desired trade-off between generalizability
and discriminability. Imposing the guidance of the EGT
and the RL, we propose a novel SSL. method called
ESSL. To comprehensively evaluate the representation
quality, we provide a novel self-supervised benchmark.
The theoretical evidence demonstrates that ESSL tight-
ens the generalization error bound of SSL. The experi-
mental results prove that our method achieves state-of-
the-art on multiple benchmarks.
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A Nomenclature

For ease of understanding the detailed usage of abbreviations
and symbols, we provide the nomenclature in Table 8 and
Table 9.

B Datasets

We evaluate our method on five datasets, STL10 Coates et al.
(2011), CIFARI10 Krizhevsky (2009), CIFAR100 Krizhevsky
(2009), Tiny-ImageNet-200 Krizhevsky (2009) and ImageNet
Deng et al. (2009). The details of each dataset are shown in
Table 10.

C Implementation Details

C.1 Code Repositories Duplicated

To evaluate each model’s generalizability and discriminabil-
ity, we use open-source code repositories to train base-
lines and implement our method. For BarlowTwins Zbon-
tar et al. (2021), the repository is https://github.com/
facebookresearch/barlowtwins, SImnCLR Chen et al. (2020)
is https://github.com/sthalles/SimCLR, MoCo He et al.
(2020) is https://github.com/facebookresearch/moco and
BYOL Grill et al. (2020) is https://github.com/sthalles/
PyTorch-BYOL. We implement our method based on the set-
tings of BarlowTwins Zbontar et al. (2021). We implement
our work on 4 X NVIDIA Tesla A100 for 72 hours. Since the
GPUs are shared with other groups, the training time is just
an approximate time rather than an exact one.

C.2 The Supervised Learning Results Used for
Calculating EGT

For calculating EGT, we use the performance of existing su-
pervised learning on conventional benchmark datasets, which
are 99.60% Gesmundo (2022) on STL10, 99.37% Kolesnikov
et al. (2020) on CIFAR10, 93.51% Kolesnikov et al. (2020) on
CIFAR100 and 72.18% Li et al. (2021a) on Tiny-ImageNet-
200.

C.3 Hyper-Parameters

In our EGT model, we set the value of w; and w2 to 1, which
corresponds to our objective that we hope the model can
acquire strong generalizability and discriminability in a bal-
anced manner. The details of training hyper-parameters are
shown in Table 11.

D Pseudo-code and Time Complexity

The details of the training process are shown in Algorithm 1.
Related symbols can refer to Table 8.

Algorithm 1 ESSL: Evolutionary game-guided Self-
Supervised Learning

Input: Multi-view dataset X with NV views of each sam-
ple, minibatch size n, and hyper-parameters «, 3, 9.
Initialize The neural network parameters: 6 and 9 for
view-specific encoders fo(-) and projection heads gy (-),
AGENT for agent network. [ for learning rate of con-
trastive learning, [, for learning rate of RL, train agent
per k step.
repeat
for t-th training iteration (T epochs) do
Iteratively sample minibatch X = {Xi}ﬁiufl)n-
(time cost to)
zt = go(fo(X)) (time cost t1)
# reinforcement learning training step
st = Fs(z¢) (time cost t2)
at, Bt = ar = AGENT(s¢) (time cost t3)
re = G(ow, Be,x*,y*) + §m (time cost t4)
Store transition (s, at,r+) (time cost ¢5)
if t%k == 0 then
AGENT = AGENT + lodacenTLPPo (time
cost tg
end if
# contrastive learning training step (time cost t7)
LEsst = atLlinfoNncE + BtLBarlowTwins (time
cost tg)
0+ 0 —LAgLEssr (time cost tg)
end for
until 6, ¥ converge.

Following the pseudo-code above, we further calculate the
time complexity of ESSL.

T(epz'sode,t) =tog+ti1 +to+ts+ts+ts+ts+tgxT
=txT
=T
(32)

Note that ESSL does not change the order of time complexity,
which is still a linear complexity related to epoch numbers.
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Table 8 Nomenclature of preliminary and method

Nomenclature

Variables

D dataset

M model

M, generalizability model

Mg discriminability model

Mens the ensemble model of M, and Mg

G the gain of generalizability by M

G1 the gain of generalizability by M,

G2 the gain of generalizability by Mg

D the gain if discriminability by M

Dy the gain of discriminability by Mg

Do the gain of discriminability by My

N1 the negative impact of My on the discriminability of Mg
No the negative impact of My on the generalizability of M,
Sa the strategy spaces of generalizability model

Sp the strategy of discriminability model

A ” Adopted” strategy

U ”Unadopted” strategy

H the income matrix of the generalizabilty model

K the income matrix of the discriminability model

Ucg1 the expected utility when the generalizabilty model selects the strategy A
Ug the corresponding average expected utility of the generalizability models
F() replicator dynamic equation

ﬂjnfoNCE InfoNCE loss

l:BarlowTwins

BarlowTwins loss

LESSL ESSL loss

St state in step t of agent

a action in step t that agent select

T reward in step t that agent receives
Parameters

w1 the preference for generalizability

wa the preference for discriminability

T the proportion of discriminability models
y the proportion of generalizability models
3 hyper-parameter in the reward function
\%4 hyper-parameter of action

ag the hyper-parameter controlling generalizability at time step ¢
bf the hyper-parameter controlling discriminability at time step ¢
Acronyms

SSL self-supervised learning

M-M masked language/image modeling

EGT evolutionary game theory

ESSL evolutionary game-guided self-supervised learning
RL reinforcement learning

SS-CL self-supervised contrastive learning

AGI artificial general intelligence

Ccv computer vision

NLP natural language processing

PPO Proximal Policy Optimization

SL supervised learning

ESS evolutionary stable strategy

RD replicator dynamic

PT pre-trained dataset

S10 STL10

C10 CIFARI10

C100 CIFAR100

Tiny

Tiny-ImageNet-200
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Table 9 Nomenclature of theoretical analyses

Nomenclature

Variables

Lsoftman softmax loss

f the fixed encoder pre-trained by self-supervised methods

w linear-probing classifier

T the label on the downstream tasks

EéE the generalization error for encoder f

‘C{nfoNCE the conventional contrastive learning objective for encoder f
Eéarlomems the BarlowTwins loss for encoder f

NS the number of training samples

Nbateh the size of a mini-batch

Ru(B) the Radermacher complexity

J Jacobian matrix of the RD equations

H a restricted function hypothesis space

X training data

d the dimensionally of the representations learned by f

N™eg the size of negative pairs

Parameters

e the hyper-parameter to denote the weight of [,fnfONCE

B the hyper-parameter to denote the weight of ﬁf;mlomens
§ the probability hyper-parameter to hold the upper bound of generalization error

Table 10 Characteristics of image datasets used.

I For STL10, CIFAR10, CIFAR100, Tiny-ImageNet-

200
2 For ImageNet-1000

Dataset Classes OTE ! TE 2 VE 3 TE ¢ Accuracy Measure
STL10 10 113000 100000 5000 8000 Top-1 accuracy
CIFARI10 10 50000 45000 5000 10000 Top-1 accuracy
CIFARI100 100 50000 44933 5067 10000 Top-1 accuracy
Tiny-ImageNet-200 200 120000 100000 10000 10000 Top-1 accuracy
ImageNet 1000 1281167 1271158 10009 50000 Top-1 accuracy
1 Original train examples
2 Train Examples
3 Valid Examples
4 Test Examples
Table 11 Hyper-Parameters.
Hyper-Parameter Value
Epoch 500} 10002
Batch Size 256
Learning Rate Weights 0.2
Learning Rate Biases 0.0048
Weight Decay 0.0004
Projector Size 8192-8192-8192
lambda 0.0051
Temperature 0.07
N views 2
Z 1.5
\%4 0.5
k 200
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