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Abstract

Enhancing the generalization performance of neural networks
given limited data availability remains a formidable challenge,
due to the model selection trade-off between training error
and generalization gap. To handle this challenge, we present a
posterior optimization issue, specifically designed to reduce
the generalization error of trained neural networks. To opera-
tionalize this concept, we propose a Doubly-Robust Boosting
machine (DRBoost) which consists of a statistical learner and a
zero-order optimizer. The statistical learner reduces the model
capacity and thus the generalization gap; the zero-order opti-
mizer minimizes the training error in a gradient-free manner.
The two components cooperate to reduce the generalization
error of a fully trained neural network in a doubly robust
manner. Furthermore, the statistical learner alleviates the mul-
ticollinearity in the discriminative layer and enhances the gen-
eralization performance. The zero-order optimizer eliminates
the reliance on gradient calculation and offers more flexibility
in learning objective selection. Experiments demonstrate that
DRBoost improves the generalization performance of various
prevalent neural network backbones effectively.

1 Introduction
Since the development of backward propagation and stochas-
tic gradient descent (SGD) methods (Schneider, Balles, and
Hennig 2019; Kingma and Ba 2015), neural network training
has greatly benefited from the efficiency due to the implicit
dynamic programming mechanism. Despite its widespread
success in various fundamental domains, recent work investi-
gates the limitations and bottlenecks of SGD-based algorithm
for neural network training (Hinton 2022; Ren et al. 2022).

Building upon these recent advances, the limitations of
SGD manifest as three aspects. Firstly, multicollinearity be-
comes prominent when the parameter count surpasses the
sample size. This issue is pertinent in neural networks trained
with SGD, where the mini-batch size is often smaller than the
parameter count. Such multicollinearity leads to less reliable
parameter estimates and increases the network’s sensitivity to
data noise, ultimately hampering generalization (Alin 2010).
Secondly, there is a notable disparity between ground-truth
metrics and their surrogate counterparts. Metrics of primary
interest in downstream tasks, such as the AUC in ranking

Copyright © 2024, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

tasks and the DCG in retrieval tasks (Li et al. 2023a; Zhou
et al. 2022; Wang et al. 2022), are often non-differentiable
and thus incompatible with SGD. This necessitates the use
of surrogate losses like cross-entropy, which, despite advan-
tages like strong convexity (Rosasco et al. 2004), introduces
a surrogate gap and thereby an approximation error to the
learning process (van der Hoeven 2020; Marcotte and Savard
1992). Lastly, the model selection trade-off poses a significant
challenge, as elucidated by Vapnik (1999). This trade-off is
characterized by a seesaw effect: simpler models have smaller
generalization gaps but higher training errors, whereas larger
models could achieve lower training errors at the cost of
larger generalization gaps. This counterbalance complicates
model selection and limits model generalization performance,
especially in scenarios with low data availability (Wang et al.
2023a; Chu, Rathbun, and Li 2020; Chu et al. 2023b).

In response to the challenges presented above, in this work,
we investigate an innovative post-optimization issue: opti-
mizing networks that have been trained with SGD to boost
generalization performance. To operationalize this concept,
we construct Doubly Robust Boosting machine (DRBoost),
harmonizing statistical learning and zero-order optimization
techniques to enhance generalization. The statistical learner
is employed to mitigate multicollinearity and reduce the gen-
eralization gap by limiting model capacity. However, it in-
herently precludes gradient computation. Therefore, the zero-
order optimizer is utilized as an alternative to SGD, to reduce
training error without reliance on gradient calculations. The
integration of the two components could mitigate the com-
plexities associated with multicollinearity and surrogate gaps
and improve the generalization performance of neural net-
works. To summarize our contributions:

• We introduce the concept of post-optimization for fully
trained networks, a novel paradigm aimed at calibrating
SGD-trained neural networks to enhance their capabilities.

• We develop DRBoost, a pioneering approach unifying zero-
order optimization and statistical learning techniques to im-
prove neural network generalization. The statistical learner
also mitigates multicollinearity issues in neural networks.
The zero-order optimizer bypasses the surrogate gap, offer-
ing more flexibility in the choice of metrics to optimize.

• We conduct extensive experiments on real-world datasets
to verify the efficacy of DRBoost in diverse settings.
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2 Preliminary
2.1 Multicollinearity
Multicollinearity, a pervasive issue in statistical modeling,
refers to the problem that high correlations among input
variables inflate the estimation variance of model parame-
ters (Faraw 2015; Alin 2010). This phenomenon is partic-
ularly pronounced in linear models, as elaborated in Theo-
rem 2.1. When the number of parameters exceeds that of
input samples, leading to R2

k = 1 for 1 ≤ k ≤ K, the estima-
tion of parameters is unstable, manifested as V(ŵk)→∞.
Theorem 2.1. (Taboga 2021) Consider a linear model y =
x⊤w + ϵ, where x ∈ RK represents input features, and ϵ ∼
N (0, σ). For training data X ∈ RM×K, if the k-th feature
column xk has a zero mean, the variance of the ordinary
least squares (OLS) estimator for the coefficient is given by

V [ŵk | X] = σ2
(
x⊤
k xk

)−1 1

1− R2
k

, (1)

where R2
k is the R-squared that measures the linear corre-

lation between xk and other features. Notably, if M < K,
R2

k = 1 holds since all feature columns can be well repre-
sented with linear combination of other feature columns.
Definition 2.1. (Neural Network) Let G be a neural network
with L layers, nl be the number of units in the l-th layer, nL

be the number of outputs, W(L) be the discriminant weights
from the L layer to the outputs, G⋆ be a pre-trained G with
SGD. A visualization is provided in Figure 2.

In neural networks, particularly those with a linear discrim-
inant layer, multicollinearity could pose similar challenges.
Considering a L-layer network as defined in Definition 2.1,
multicollinearity can exist in the discriminant weights W(L)

when the number of input units in the discriminant layer nL−1

exceeds batch size. At each training step of SGD, such mul-
ticollinearity produces infinitely optimum solutions, which
leads to insignificant estimation of W(L) and therefore im-
peding convergence and reliability of the derived model.

2.2 Model Selection Trade-Off
The model selection trade-off is a pivotal concept in machine
learning, which have been examined from various theoretical
aspects. In this section, we conceptualize it from the Vap-
nik–Chervonenkis (VC) perspective, as formulated by Vapnik
(1999). We begin by establishing fundamental notations in
Definition 2.2.
Definition 2.2. Consider g as the model selected by a
learning algorithm for a statistically large dataset D. Let
Ein(g) represent the training error within D, Eout(g) de-
note the generalization error outside of D, and δτ (g) :=
|Eout(g)− Ein(g)| signify the generalization gap that holds
with probability 1− τ .

The generalization error can be dissected into two com-
ponents: the training error (Ein) and the generalization gap
(δ). Complex models, characterized by a high VC dimension
(dvc), typically exhibit lower training error due to their capac-
ity to fit the data. However, this advantage could be offset by
an increased generalization gap due to high dvc. Conversely,

simpler models often show larger Ein and smaller δ. Conse-
quently, the model selection trade-off can be described as a
seesaw effect, where reductions in one aspect (either Ein or
δ) are counterbalanced by the other, illustrating the delicate
trade-off in determining model complexity.

Lemma 2.1. (Abu-Mostafa et al. 2012) The generalization
error of g is bounded as:

PD[|Eout(g)− Ein(g)|︸ ︷︷ ︸
δ(g)

> ϵ] ≤ 4(2M)dvc exp

(
−1

8
ϵ2M

)
,

(2)
where M is the sample size of the dataset D, dvc is the VC-
dimension that measures the complexity of the model, and δ
is the generalization gap in Definition 2.2. If δ is significantly
large, overfitting happens and learning fails.

The seesaw effect challenges existing regularization tech-
niques such as dropout and weight decay. These techniques
are designed to mitigate overfitting by reducing the gener-
alization gap δ, but they struggle to simultaneously address
the enlarging of the training error Ein. Consequently, the
reduction of Eout cannot be reliably achieved using these
regularization methods alone (Zhang et al. 2021).

2.3 Post-Optimization
In this section, we introduce a post-optimization problem,
uniquely crafted to explicitly minimize the generalization
error of a pretrained neural network. Drawing upon the foun-
dations laid out in Definition 2.1 and Definition 2.2, let us
consider G⋆ as a pretrained neural network comprising L lay-
ers, where Ein represents its training error. The objective of
the post-optimization problem is to concurrently reduce both
the training error Ein and the generalization gap |Eout − Ein|
of G⋆, ultimately achieving a reduction of the generalization
error Eout with high probability.

In handling overfitting and the model selection trade-off,
contemporary strategies mainly involve lightweight neural
architectures and effective regularizers (Zhang et al. 2021).
While these strategies effectively reduce model complex-
ity and the generalization gap (δ), they often inadvertently
elevate Ein. In contrast, the post-optimization issue aims
for a simultaneous reduction of both δ and Ein, facilitating
a doubly robust reduction of Eout. Moreover, unlike tradi-
tional methods that are integrated with the model training
process, post-optimization operates in parallel to model train-
ing, which makes it a versatile and flexible practice.

3 Proposed Method
In this section, we develop DRBoost to operationalize the
post-optimization issue. Figure 1 illustrates the architecture
of DRBoost, which comprises three key components: a pre-
trained neural network G⋆, a statistical learner As, and a
zero-order optimizer Az. The statistical learner and zero-
order optimizer collaboratively minimize the Eout of neural
networks, as depicted by the internal arrows in Figure 1. Fur-
thermore, they cooperate to mitigate critical challenges in
neural networks such as multicollinearity, the surrogate gap,
and local minima, as shown by the external arrows.
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Figure 1: Composition of DRBoost.

3.1 Statistical Learner
Lemma 2.1 conceptualizes the dilemma of model selection

and implicitly gives an upper bound of Eout. Moving forward,
such dilemma also exists in deep neural networks. It mani-
fests itself as a probably approximately correct bound of Eout

in Theorem 3.1, including the training error Ein and the gen-
eralization gap δτ . In a nutshell, Theorem 3.1 can be proved
given Lemma 2.1 by setting τ = 4(2M)dvc exp

(
−ϵ2M/8

)
and then eliminating τ with ϵ.

Theorem 3.1. Given G as a neural network selected by learn-
ing the algorithm with the statistical large dataset D, for any
tolerance τ > 0, the generalization error of G is bounded
with probability ≥ 1− τ as

Eout (G) ≤ Ein (G) +

√
8

M
ln

(
4

τ
(2M)

dvc

)
: = Ein (G) + δτ (G),

(3)

where the existence of neural network’s VC-dimension has
been proved by Baum and Haussler (1988), with dvc =
O(N logN) being the VC-dimension of G; M is the num-
ber of samples, N is the number of parameters, δτ is the
maximum generalization gap in Definition 2.2.

Theorem 3.1 provides a crucial insight into the relationship
between the number of parameters N and the VC dimension
(dvc). It posits that a reduction in the number of parameters
correlates with a lower VC dimension, which in turn leads to
a diminished generalization gap. This understanding serves
as a foundational principle for leveraging statistical learners
with built-in regularization to decrease the model complexity,
thereby reducing the generalization gap. Specifically, within
a L-layer neural network G, a strategic approach is utilizing a
statistical learner to replace the discriminant weights W(L).
It not only leads to a reduction in model complexity, owing
to the inherent regularization of the statistical learner, but
also effectively tackles the issue of multicollinearity, which is
often prevalent in the discriminant layer of neural networks.

One representative statistical learner in regression tasks
is the partial least square regression (PLSR) (Rosipal and
Krämer 2005), which operates by projecting inputs and la-

bels onto a lower-dimensional subspace where their covari-
ance is maximized. These projections are computed using
the NIPALS algorithm (Del Zotto 2013) with complexity of
O(M × nL). In the context of DRBoost, PLSR is applied
to replace the weight W(L), projecting the nL-dimensional
input to the discriminant layer and the labels onto a subspace
with ds < nL latent bases. This process reduces the dvc of G,
and thus the generalization gap δτ (G). Moreover, since the
projections of PLSR are computed with the full training set,
it receives more samples and bypasses multicollinearity.

As posited in Theorem 3.1, if both Ein (G) and δτ (G) are
reduced, the upper bound of the generalization error Eout

will consequently decrease. With the incorporation of PLSR,
we have effectively reduced δτ (G). The remaining challenge
is to minimize Ein (G). However, such statistical learners im-
pedes gradient propagation to shallower layers of the neural
network, thus obstructing the gradient-based optimization
of Ein (G). Therefore, the implementation of gradient-free
optimization techniques becomes imperative.

3.2 Zero-Order Optimizer
Zero-order optimization, recognized for its gradient-free na-
ture, has exhibited impressive results across various practical
applications (Zhang et al. 2017; Zhu and Jin 2020). Among
diverse zero-order optimization techniques, we select meta-
heuristic optimizers due to their simplicity and paralleliza-
tion (Yang and Deb 2009). The meta-heuristic optimization
can be viewed as an adaptive search for the optimum. It
maintains a population Z of P individuals. In each step, it
determines the search direction and step size based on the
dynamically evaluated goodness value Ip of each individual.

Optimizing the entire network from scratch using meta-
heuristic optimizers is computationally prohibitive, given the
exponentially growing computational cost with increasing
parameters (Gong et al. 2021). Nevertheless, we notice that
a wide-enough neural layer has infinite capacity (Yarotsky
2017), and optimizing neural networks layer-by-layer has
been a well-established practice (Hinton 2022). These ob-
servations motivate our strategy in DRBoost to concentrate
on optimizing the weights W(L−1) before the discriminant
layer, as depicted in Figure 2, which suffices to reduce the
training error while keeping computational costs manageable.

Apart from reducing the training error devoid of gradients,
metaheuristic optimizers offer two additional benefits for
neural network generalization. (1) Their randomness helps
in escape from local minima and facilitates a more thorough
exploration of the solution space. (2) They provide increased
flexibility in the design of optimization metrics. Given inde-
pendence from gradient calculations, they can directly ad-
dress non-differentiable and even black-box metrics without
introducing surrogate gap.

3.3 Implementation of DRBoost
In this section, we elaborate on the implementation of

DRBoost, which is structured around three principal com-
ponents: (1) Neural network G⋆, pretrained by SGD using a
surrogate metric L̂; (2) Metaheuristic optimizer Az, tasked
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Figure 2: An overview of DRBoost workflow. The intermediate representation of the pretrained network is exported and saved as
H. The population Z in metaheuristic optimizer Az is initialized with the parameters W(L−1) in the pretrained network. For the
p-th individual with state zp, the statistical learner with ds bases takes Rp := σ (H ∗ zp) as inputs to forecast the label Y. The
forecast quality Ip acts as the individual’s goodness value, determining the subsequent update of the population’s states Z and
the best individual’s state zbest.

Algorithm 1: The workflow of DRBoost.
1 Input: X: input features; Y: labels; G∗: pretrained

neural network with activation function σ.
2 Parameter: L: metric of interest; ds: number of latent

bases for the statistical learner As; Z = [z1, ..., zP]:
initialized population with P individuals for the
heuristic optimizer Az; T: number of iterations.

3 Output: boosted model G†.

1: H← generate (G⋆,X).
2: Z← initialize(W(L−1))
3: for t ∈ [0,T] do
4: for p ∈ [0,P] do
5: Rp ← σ (H ∗ zp).
6: sp ← As.fit (Rp,Y, ds).
7: Ip ← L (As.predict (Rp, sp) ,Y).
8: end for
9: Z← Az.update

(
{Ip}Pp=1,Z

)
10: zbest ← Az.updateBest

(
{Ip}Pp=1,Z, zbest

)
11: end for
12: s← As.fit (σ(H ∗ zbest),Y, ds).
13: G† ← derive (G⋆, zbest, s).

with directly optimizing the target metric L; (3) Statistical
learner As, equipped with ds latent bases for regularization.

The optimization procedure of DRBoost is outlined in
Algorithm 1. Initially, the intermediate representation of G⋆,
as shown in Figure 2, is denoted as H (steps 1). A population
Z comprising P individuals is then randomly initialized, with
one individual set as the pretrained weights to facilitate fast
convergence, i.e., z1 = W(L−1) (step 2). Subsequently, the
metaheuristic optimizer Az optimizes this population with

respect to the metricL directly on the training set (steps 3-10).
For each individual zp, the weight sp calculated by As maps
Rp to Y (step 5-6), and its mapping quality is assessed using
L on the training data, yielding a goodness value Ip (step
7). The population zp and the best-performing individual
zbest are updated byAz based on calculated goodness values
{Ip}Pp=1 (steps 9-10). Finally, the weights W(L) and W(L−1)

in G⋆ are replaced with s and zbest, respectively, resulting in
the boosted neural network G† (steps 12-13).

A crucial hyperparameter in this process is the capacity of
the statistical learner (As), e.g., the number of latent bases
ds in PLSR. A large ds may leave the generalization gap δ
inadequately controlled, whereas a small ds might result in a
huge training error Ein. thereby making it challenging forAz

to identify a model that surpasses G⋆ in training performance.
DRBoost is a model-agnostic framework that supports

most neural backbones. The primary requirement for integrat-
ing DRBoost is the ability to substitute the discriminant layer
of these architectures with appropriate statistical learners. For
instance, an affine layer in the network can be replaced with
a linear regressor, and a softmax layer can be substituted
with a support vector machine. Such flexible compatibility
facilitates its seamless integration into various applications.

3.4 Connections to Current Methods
Fine-tuning. Fine-tuning, a pivotal technique in transfer
learning (Yosinski et al. 2014), is employed to adapt models
trained on a source domain for effective application in a tar-
get domain (Liu et al. 2021, 2022). One significant challenge
with conventional fine-tuning is the propensity for overfitting,
especially when the target domain has a limited number of
samples (Mou et al. 2016). DRBoost introduces an innovative
approach to fine-tuning uniquely designed to address these
issues. Moreover, it does not rely on gradient calculation
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Dataset # variables # samples

METR-LA 207 34,272
PEMSBAY 325 52,116
PEMS04 304 16,992
TRAFFIC 862 17,544
ELECTRICITY 321 26,304

Table 1: Dataset description.

for optimization, which allows it to finetune models directly
towards the specific metrics that are crucial in downstream
tasks, such as AUC in ranking tasks and DCG in retrieval
tasks (Li, Zheng, and Wu 2023; Zhou et al. 2022). Conse-
quently, it eliminates the need for differentiable surrogate
objectives, effectively avoiding the surrogate gap issue.

Ensemble Learning. According to Section 3.3, massive
experiments are required to find the best ds. The candidate
models in this process are wasted, and we cannot theoreti-
cally guarantee that the final selected candidate has the best
generalization than the other candidates. Nevertheless, en-
semble learning can unify these candidates to further improve
generalization with limited computational effort.

4 Experiments
To demonstrate the efficacy of DRBoost, a plugin for im-
proving the generalization performance of pretrained neural
networks, the aspects below deserve empirical investigation.

• Performance: Does DRBoost work? We report the perfor-
mance gain brought by DRBoost to MLP in Section 4.2.

• Gains: Why does it work? We deconstruct various aspects
of DRBoost to identify the gain sources in Section 4.3.

• Sensitivity: Is it sensitive to hyperparameters and speci-
fication of zero-order optimizers? We report performance
given different number of latent features in Section 4.4 and
various metaheuristic optimizers in Section 4.2.

• Generality: Does it support other backbones? We verify
the efficacy of DRBoost for mainstream backbones, such
as GNNs, RNNs, and CNNs in Section 4.5.

4.1 Setup
Datasets. In this study, we validate the efficacy of DR-
Boost in regression tasks. Time series forecasting, distinct
from other regression tasks, presents a suitable setting for
this validation, due to its moderate sample scale, diverse de-
veloped neural architectures (Wu et al. 2019; Bai, Kolter,
and Koltun 2018), and wide applications (Wang et al. 2023b;
Chen et al. 2023). We utilize well-known public benchmarks
in this domain (Chen et al. 2001; Li et al. 2018; Lai et al.
2018), with relevant dataset statistics provided in Table 1.
The datasets are partitioned into training, validation, and test-
ing sets in a 0.7:0.15:0.15 ratio. Prior to model training, we
employ a min-max scaling technique to normalize the data,
ensuring consistent data range across different datasets.

Pretraining protocol. We train all neural models for 200
epochs with Adam optimizer, using mean squared error
(MSE) as a surrogate loss functions. All models are trained
with the same set of hyper parameters to make the results
comparable. Specifically, we set learning rate to 0.001 and
other hyperparameters consistent with Kingma and Ba (2015).
We checkpoint the performance on validation data every 5
epochs and save the best model G⋆ for post-optimization.

Post-optimization protocol. The statistical learner is im-
plemented with PLSR (Del Zotto 2013) to reduce the model
complexity and thus the generalization gap δτ . Ein is mea-
sured with the R-squared (R2), which is the metric that we
really care about. To avoid overclaiming, we perform Algo-
rithm 1 with fixed ds = 48 and disable the ensemble trick
in Section 3.4. For zero-order optimization, we implement it
using metaheuristic optimizers, with hyperparameters tuned
to optimize the performance on the validation set.

4.2 Overall Performance
To evaluate the efficacy in standard regression task, we select
a multilayer perceptron (MLP) with 64-64-64-1 neurons as
the backbone model and report the results in Table 2. We
implement the statistical learner with PLSR, the zero-order
optimization with particle swarm optimization (PSO) (Esmin,
Coelho, and Matwin 2015). We also explore the efficacy of
other zero-order optimizers: cuckoo search (CS) (Yang and
Deb 2009) and modified beetle antennae search (BAS) (Jiang
and Li 2017). To summarize the main observations:
• DRBoost offers notable performance enhancement, espe-

cially in datasets that are considered "difficult", as exem-
plified by the TRAFFIC dataset (with the most variables
but limited samples). This indicates DRBoost’s efficacy
in complex, data-scarce regression scenarios. Conversely,
for "easy" datasets where baseline models like the MLP al-
ready show strong performance, DRBoost’s improvements
are comparatively modest. An exemplar "easy" dataset is
PEMSBAY (with the largest sample size).

• DRBoost’s efficacy transcends dependence on specific zero-
order optimizers due to its "doubly robustness". As delin-
eated in Theorem 3.1, a reduction in either the training error
(Ein) or the generalization gap (δτ ), without increasing the
other, leads to a probable reduction in the generalization er-
ror (Eout). Consequently, given that statistical learners are
adept at narrowing the generalization gap, the role of the
zero-order optimizer is simplified to ensuring the training
error remains at or below that of the pre-trained network
(G⋆), a target attainable without the necessity for intricate
implementation or tuning of zero-order optimizers.

4.3 Ablation Study
In this section, we ablate individual components of DRBoost:
the statistical learner As and the zero-order optimizer Az, to
discern their contributions to overall performance. The results
are detailed in Table 4. To summarize the main observations:
• The exclusion of As leads to obvious performance drop.

This decline is attributed to the inability to reduce the gener-
alization gap δτ in its absence, resulting in an uncontrolled
upper bound of Eout, as discussed in Section 3.1.
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Methods Base PSO BAS CS

Datasets R2 MAE RMSE R2 MAE RMSE R2 MAE RMSE R2 MAE RMSE

METR-LA 0.945 0.048 0.079 0.955 0.041 0.071 0.951 0.044 0.075 0.956 0.041 0.071
PEMSBAY 0.949 0.016 0.032 0.951 0.016 0.031 0.951 0.016 0.031 0.950 0.016 0.032
PEMS04 0.889 0.043 0.057 0.897 0.040 0.054 0.893 0.041 0.056 0.893 0.041 0.056
TRAFFIC 0.835 0.040 0.062 0.849 0.037 0.059 0.845 0.038 0.060 0.853 0.037 0.059
ELECTRICITY 0.828 0.032 0.041 0.845 0.030 0.038 0.840 0.031 0.039 0.852 0.029 0.038

Table 2: Performance of DRBoost based on pretrained MLPs (Base). PSO, CS and BAS refer to metaheuristic optimizers.

Backbone FC-LSTM GRU LSTNET TCN WaveNet GraphWaveNet
Datasets DRBoost MAE R2 MAE R2 MAE R2 MAE R2 MAE R2 MAE R2

METR-LA % 0.041 0.958 0.040 0.958 0.041 0.957 0.030 0.975 0.043 0.949 0.030 0.966
! 0.037 0.961 0.035 0.961 0.037 0.960 0.030 0.964↓ 0.039 0.952 0.030 0.966

PEMSBAY % 0.019 0.938 0.019 0.933 0.021 0.906 0.013 0.962 0.020 0.921 0.013 0.957
! 0.018 0.943 0.017 0.944 0.021 0.907 0.014↓ 0.962 0.021↓ 0.901 0.013 0.958

PEMS04 % 0.042 0.876 0.041 0.887 0.043 0.875 0.060 0.786 0.039 0.892 0.202 -1.241
! 0.042 0.879 0.041 0.889 0.041 0.886 0.040 0.897 0.039 0.895 0.045 0.868

Table 3: Performance improvements of DRBoost for other network architectures. "↓" highlights performance drop.

• OmittingAz also hampers model generalization, underscor-
ing the role of zero-order optimizers to minimize Ein, as
elaborated in Section 3.2. Notably, ablatingAz removes the
randomness brought by metaheuristic optimization, which
makes the results identical in different runs.

4.4 Additional Discussion on Statistical Learner

The statistical learner plays a critical role in DRBoost to
control generalzation gap. To further verify its efficacy, we
select PLSR as statistical learner, performing DRBoost on a
pretrained MLP with different regularization strengths (i.e.,
number of latent bases ds). The results are summarized in
Figure 3. To summarize the main observations:

• DRBoost significantly improves the performance of the
original model G⋆ in a wide range of ds. Models with
best performance have similar ds. For example, on the
TRAFFIC dataset, the numbers of latent bases where R2 >
0.85 holds are concentrated in the interval 30 ≤ ds ≤ 46.

• Small ds makes poor performance, evidenced by the per-
formance drop when ds ≤ 4. This is because strong regu-
larization hinders the fitness on the training data. Although
the generalization gap is narrowed, Ein(G†) is increased,
and the generalization error Eout(G†) is thus uncontrolled.
Similarly, large ds also leads to suboptimal performance.
For example, the median values of R2 is less than 0.85
for most models with ds ≥ 48. This is because ds is posi-
tively monotone with the VC-dimension dvc of G† in The-
orem 3.1. Therefore, large ds enlarges the generalization
gap δτ (G) and thus Eout(G†). Experiments on the ELEC-
TRICITY dataset show similar patterns.

4.5 Efficacy on Neural Backbones
In contrast to canonical regression tasks considering indepen-
dent and identically distributed (i.i.d.) samples, real-world
tasks further consider inter-sample dependencies. In partic-
ular, time series illusrates high inter-sample dependencies,
which motivates diverse neural backbones to encode such de-
pendencies: RNNs (Sutskever, Vinyals, and Le 2014; Lai et al.
2018; Cho et al. 2014), CNNs (Bai, Kolter, and Koltun 2018;
van den Oord et al. 2016), and GNNs (Wu et al. 2019). In this
section, we evaluate the efficacy of DRBoost for supporting
them. Following Lai et al. (2018), we employ a 168-length
input sequence for one-step single variable prediction.

According to Table 3, DRBoost improves performance of
diverse neural backbones. Notably, it effectively calibrates
the networks that initially exhibit poor performance due to
overfitting (e.g., GraphWaveNet on PEMS04). However, it
is important to acknowledge the presence of some instances
without performance improvements, as seen in the case of
WaveNet’s underperformance on PEMSBAY. These excep-
tions are consistent with the theoretical underpinnings of
DRBoost in Theorem 3.1. The theorem posits that DRBoost
reduces the upper bound of the generalization error which
is probably approximately correct, i.e., while DRBoost is
generally effective, it does not guarantee that the boosted
models always outperform their original counterparts.

5 Related Works
While the specific problem of post-optimization in neural
networks remains relatively unexplored, the broader concept
of integrating zero-order optimizers and statistical learners
into deep learning has garnered considerable interest in the
AI community. We offer an overview and discern with them.
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Figure 3: Performance (R2) of DRBoost with different numbers of latent bases on TRAFFIC (a) and ELECTRICITY (b). Blue
lines indicate the R2 of the model without DRBoost. Models with relatively high performance are marked in red.

ELECTRICITY METR-LA PEMS04 PEMSBAY
As Az MAE R2 MAE R2 MAE R2 MAE R2

% ! 0.031±0.001 0.836±0.009 0.043±0.003 0.953±0.004 0.041±0.000 0.893±0.001 0.016±0.000 0.947±0.002

! % 0.031±0.000 0.838±0.000 0.050±0.000 0.944±0.000 0.041±0.000 0.893±0.000 0.016±0.000 0.949±0.000

! ! 0.030±0.000 0.844±0.007 0.040±0.001 0.955±0.001 0.040±0.001 0.897±0.000 0.016±0.001 0.950±0.001

Table 4: Ablation study of DRBoost based on the MLP neural backbone. The best results are bolded.

Statistical Learner and Neural Network Methods inte-
grating statistical learners with neural networks can be cat-
egorized based on the positioning of the statistical learners.
The first approach applies statistical learners prior to neural
network processing to reduce noise and redundancy of data.
In this approach, raw features are transformed into latent
variables by statistical learners such as principal component
analysis (Varkeshi et al. 2020), partial least squares regres-
sion (Putro, Saputro, and Imawan 2018), and independent
component analysis (Alzoubi et al. 2018), before being input
into the neural network. The second approach utilizes sta-
tistical learning after neural network processing, employing
neural networks for feature extraction and statistical models
for discrimination (Chen et al. 2018; Sun et al. 2017). While
these methods have shown promise in practice, they over-
look the role of statistical learners in handling challenges of
multicollinearity and generalization in neural networks.

Zero-order Optimizer and Neural Network Zero-order
optimizers, known for their gradient-free approach, offer an
alternative optimization strategy. This approach bypasses sev-
eral drawbacks associated with SGD, such as susceptibility
to local minima and issues related to the surrogate gap. De-
spite their potential, the application of zero-order optimizers
remains mainly in the context of simple and shallow neural
network structures (Sun, Yen, and Yi 2019). A notable imple-
mentation in this domain is the evolutionary extreme learning
machine (Zhu et al. 2005), essentially a two-layer neural net-
work. In this model, the first layer undergoes optimization via
a zero-order method, while the second layer is conventionally
trained. This approach has demonstrated promising results in
specific benchmarks (Wong et al. 2018; Deng, Han, and Zhao
2020). However, its efficacy on larger datasets is questioned
due to limited model capacity (Delgado et al. 2014).

Applying zero-order optimization to deep neural networks

presents a significant challenge, primarily due to the vast pa-
rameter space inherent in these networks (Gong et al. 2021).
Blocked to this limitation, it is more prevalent to use zero-
order optimizers for hyperparameter search (Zhu and Jin
2020; Zhang et al. 2017; Sun, Yen, and Yi 2019) and neural
architecture design (Real et al. 2019; Liu et al. 2018a,b; Real
et al. 2017; Xie and Yuille 2017). Nevertheless, employing
zero-order optimization for network training could provide
additional benefits, e.g., flexibility in metric design and han-
dling of local minima, which shows considerable promise.

6 Conclusion
This paper introduces an innovative post-optimization prob-
lem, aimed at explicitly enhancing the generalization of neu-
ral networks while addressing the limitations inherent in
standard SGDs. To operationalize this concept, we develop
DRBoost, a framework that integrates statistical learners and
metaheuristic optimizers to increase deep neural network per-
formance. DRBoost effectively mitigates limitations of pure
SGD such as multicollinearity, surrogate gap and local mini-
mum, and improves generalization of neural networks. The
efficacy is verified in time-series forecasting applications.

Limitation & Future works. One significant limitation is
the complexity of the statistical learner with respect to the size
of the dataset, which poses challenges in deploying DRBoost
in large-scale data. However, this limitation can be alleviated
by involving parallel computation technologies, a prospect
that we aim to explore in future research. Meanwhile, it
is essential to extend the application of DRBoost to more
real-world scenarios characterized by low data availability,
such as policy evaluation (Li et al. 2023b), treatment effect
estimation (Chu et al. 2023a) and drug discovery, where the
model selection trade-off is quite critical yet delicate.
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