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Abstract

Quantization is a promising approach for reduc-
ing memory overhead and accelerating infer-
ence, especially in large pre-trained language
model (PLM) scenarios. While having no ac-
cess to original training data due to security
and privacy concerns has emerged the demand
for zero-shot quantization. Most of the cutting-
edge zero-shot quantization methods primar-
ily @ apply to computer vision tasks, and @
neglect of overfitting problem in the genera-
tive adversarial learning process, leading to
sub-optimal performance. Motivated by this,
we propose a novel zero-shot sharpness-aware
quantization (ZSAQ) framework for the zero-
shot quantization of various PLMs. The key
algorithm in solving ZSAQ is the SAM-SGA
optimization, which aims to improve the quan-
tization accuracy and model generalization via
optimizing a minimax problem. We theoreti-
cally prove the convergence rate for the mini-
max optimization problem and this result can
be applied to other nonconvex-PL minimax op-
timization frameworks. Extensive experiments
on 11 tasks demonstrate that our method brings
consistent and significant performance gains
on both discriminative and generative PLMs,
i.e., up to +6.98 average score. Furthermore,
we empirically validate that our method can
effectively improve the model generalization.

1 Introduction

Pre-trained language models (PLMs), such as
BERT (Devlin et al., 2018) and GPT-3 (Brown
et al., 2020), have achieved great success in a vari-
ety of NLP tasks (Raffel et al., 2020; Zhong et al.,
2022b, 2023a; Liu et al., 2023b). However, with the
scaling of model size, the inference of larger PLMs,
e.g., OPT (Zhang et al., 2022) and LLaMA (Tou-
vron et al., 2023), becomes more computation-
ally expensive and memory-intensive (Shen et al.,
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2023). Hence, it is crucial and green to lighten the
PLMs and reduce the memory footprint (Schwartz
et al., 2020).

To achieve this goal, various model compression
methods have been developed, including knowl-
edge distillation (Liu et al., 2019), pruning (Liu
et al., 2018) and efc. Among these methods, quan-
tization has attracted great attention (especially in
the large language model scenarios) (Yao et al.,
2022; Frantar et al., 2022), owing to its impressive
ability to reduce memory footprint and accelerate
inference while maintaining the network structure
(Bai et al., 2021a). However, quantization-aware
training (QAT) usually requires retraining using
the original training data to mitigate performance
degradation. While in some application scenarios,
access to the original training data is oftentimes
not available due to the protection of privacy and
consideration of data security.

In response to this problem, post-training quan-
tization (PTQ) (Bai et al., 2021a) is proposed
to address the training-data access, as it gener-
ally requires no retraining. But most of those
methods would lead to an accuracy drop in low-
precision quantization since they are training-free
and primarily rely on the analysis of weight dis-
tributions. More recently, zero-shot quantization
(ZSQ) (Nagel et al., 2019; Zhuang et al., 2022;
Zhang et al., 2021) shows promising results in the
computer vision community. Specifically, ZSQ per-
forms the quantization process with the synthetic
data generated from a generator. To alleviate the
side effect of inaccurate synthetic data, Choi et al.
(2020) further improve the ZSQ by adaptively tun-
ing the generator with the supervision of adversar-
ial learning. However, it is non-trivial to adopt such
an adversarial-based ZSQ in the NLP field, as @
backpropagation on discrete words is not reason-
able, i.e., it seems “unlikely” to pass the gradient
through the text to the generator; ® minimizing the
difference between the teacher and (quantized) stu-
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dent models would be prone to over-fitting problem,
leading to poor model generalization.

To address the above issues, we propose a novel
Zero-shot Sharpness-Aware Quantization (namely
ZSAQ) framework to improve the performance and
generalization of the quantized model. Firstly, re-
garding the problem @, we design a simple feature
adaptation module to convert the output token rep-
resentations of the generator into the target quan-
tized model’s representation space, thus avoiding
the gradient propagation on the discrete words. Sec-
ondly, for the problem @, we are inspired by the
sharpness-aware minimization (SAM) (Foret et al.,
2020) and propose an alternating SAM-SGA algo-
rithm to boost the ZSAQ and improve model gener-
alization. Specifically, on the one hand, SAM-SGA
uses SAM to robustly minimize the divergence of
output distributions between teacher and quantized
student models. On the other hand, it uses stochas-
tic gradient ascent (SGA) to encourage the gen-
erator model to maximize the divergence at each
iteration. By optimizing such a minimax problem,
we can not only train the well-performed with gen-
erative adversarial learning but also improve the
generalization of quantized models.

Theoretically, we provide rigorous analysis for
the SAM-SGA algorithm solving the minimax
optimization (ZSAQ). We show that SAM-SGA
achieves O(1/+/T) convergence rate. Furthermore,
our theoretical results are not limited to the single
case but are applicable to a wide range of min-
imax optimization problems in both nonconvex-
strongly-concave and nonconvex-PL conditions.
Empirically, we adopt our ZSAQ framework to
quantize both the discriminative and generative
PLMs, and evaluate 8 language understanding tasks
and 3 language modeling tasks. Extensive experi-
ments demonstrate the effectiveness and versatility
of our approach. More encouragingly, our ZSAQ
brings +6.98 average performance gains in the low-
precision quantization, compared to the baselines.
Extensive analyses show that our framework has
the potential to expand to more large language mod-
els and prove that SAM-SGA indeed brings better
model generalization.

In summary, our contributions are three-fold: (1)
We propose a novel method, zero-shot sharpness-
aware quantization (ZSAQ), which realizes zero-
shot quantization without much accuracy loss. (2)
We provide a theoretical convergence guarantee for
the SAM-SGA algorithm which aims to solve the

minimax optimization problem (ZSAQ). (3) Ex-
tensive experiments show that our SAM-SGA can
bring consistent and significant performance gains,
up to +6.98 average score, on both discriminative
and generative PLMs.

2 Related Works

Compression method for language models. Com-
pression is efficient in reducing computation cost,
memory overhead, and energy consumption as well
as shortens inference time for large neural net-
work models, which is in great need for pre-trained
language models to be deployed in the mobile or
resource-constrained device. Quantization works
by transmitting the models with lower-bit parame-
ters. QAT works by minimizing the rounding error
on the training dataset. FullyQT (Prato et al., 2020)
shows the fully quantized Transformer can avoid
any accuracy loss in translation quality. I-BERT
(Kim et al., 2021) eliminates floating point calcu-
lation in BERT inference and achieves similar ac-
curacy to the full-precision baseline. BinaryBERT
(Bai et al., 2021b) achieves good performance by
ternary weight splitting which avoids the complex
and irregular loss landscape. There are some other
techniques, low-rank factorization (Tahaei et al.,
2021; Edalati et al., 2021; CHen et al., 2020; Reid
et al., 2021), factorizing the weight matrices which
are usually low-rank into several smaller matrices
by means of singular value decomposition. Parame-
ter sharing (Rothe et al., 2020; Takase and Kiyono,
2021; Reid et al., 2021), reduces memory over-
head by reusing the same parameters in multiple
computations. Pruning (Mishra et al., 2021; Guo
et al., 2020; Chen et al., 2020; Xia et al., 2022;
He et al., 2022; Liu et al., 2023a), deletes some
parameters which are "useless" in network under
the same model performance.

Zero-shot quantization. In contrast to QAT, PTQ
relies less on the training data and does not require
end-to-end training (Nagel et al., 2019; Nahshan
et al., 2021; Nagel et al., 2020; Li et al., 2020;
Zhao et al., 2019; Hubara et al., 2020), which can
be zero-shot. Bai et al. (2021a) propose module-
wise quantization error minimization and perform
close to QAT. SmoothQuant (Xiao et al., 2022)
transmits the activation quantization to weights
to smooth the outliers in activation and makes
a large language model implemented efficiently.
Tao et al. (2022) proposes an adaptive quantiza-
tion for different modules and performs compara-
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bly with the full-precision generative pre-trained
language models. GPTQ (Frantar et al., 2022), a
one-shot weight quantization method with approx-
imate second-order information, can efficiently
quantize generative pre-trained transformers with
large amounts of parameters to 3 or 4 bits with neg-
ligible accuracy degradation. Nahshan et al. (2021)
figures out that aggressive quantization can lead
to the steep curvature of the loss landscape, while
they propose a method combining layer-by-layer
quantization and multivariate quadratic optimiza-
tion that can improve accuracy over current PTQ.
NuQmm (Park et al., 2022) uses a non-uniform
quantization method which allows for a trade-off
between accuracy and compression ratio. Another
way to achieve zero-shot is by means of the gener-
ative adversarial technique. (Cai et al., 2020; Liu
et al., 2021b; Choi et al., 2022) has shown promis-
ing performance on small-scale computer vision
tasks, while it has not been applicable to the NLP
realm. To the best of our knowledge, we are the
first to adopt the adversarial learning approach for
quantizing both the discriminative and generative
PLMs in a zero-shot manner and provide its rigor-
ous convergence analysis.

3 Methodology

In this section, we will present our zero-shot
sharpness-aware quantization method.

Network quantization. For a real-valued vector x
which represents the parameter in the pre-trained
full-precision model, we quantize it into x by the
signed symmetric quantization:

where s € RT denotes scale factor and b € Z rep-
resents the bit-width of the quantized version. So
the parameters can be projected to the integer grid:
{—20-1 —2b=1 1 1 ..0,...,2°"1 — 1}. And the
default experimental setting is presented in Sec. 5.
Generative adversarial learning. In our paper we
achieve zero-shot by generative adversarial learn-
ing. Specifically, the generator G takes i.i.d. token
samples z as input to produce synthetic data. Then
the generated sentence segments will be fed into
the pre-trained model P and the quantized model
Q. Intuitively we can get the output distributions,
denoted as P(G(z)) and Q(G(z)) respectively.
During the training process of the quantized
model, it aims to simulate the output distribution

- Pre-trained Model D Quantized Model

—> Forward Pass <«—— Minimize Back d  — N\ Bacl d

Tokens Generator

00 ¢

©00 ————p]

Figure 1: An overview of our ZSAQ framework.

of the pre-trained model. So the objective for Q
is to minimize the discrepancy between P(G(z))
and Q(G(z)), denoted as D(P(G(z)), Q(G(z))).
While for the generator G, it tries to maximize the
divergence, so that the quantized model Q can be
trained to confuse even the most strict generator.
We try to balance the trade-off between the genera-
tor G and the quantized model Q so that we can get
a well-performed quantized model without access
to the original training data. The structure of our
method is demonstrated in the Figure 1. And the
objective function of our method is shown below:

min max E..7D(P(G(2)), Q(G(2))), (2)

where D represents the divergence MSE.

ZSAQ: Zero-shot sharpness-aware quantization.
As shown in Liu et al. (2021a), there is a sharper
loss landscape in the low-precision model than in
the full-precision model. To avoid overfitting prob-
lems caused by the training process, we should
consider the generalization ability of our quantized
models. Inspired by Foret et al. (2020), we pursue
a flatter landscape during the training process of
the quantized model which can guarantee a better
generalization performance. So we can adjust our
objective function as:

min{max{E..7D(P(G(2)), Qw; G(2)))}
+8(P; Q(w))}, 3)

where we denote the sharpness function as:

S(P; Q(w)) )
£ ||£r||12a%(ﬁ E..tD(P(G(z)), Q(w +€,G(z)))

—E,u7D(P(G(2)), Q(@;G(2)))}-
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The sharpness function searches for the sharpest
point among a neighbor centered at w with a ra-
dius of 3, which will represent the worst-case data.
Then our optimization process not only minimizes
the divergence but also the sharpness of the diver-
gence, i.e., getting a quantized model with both
lower divergence and a flatter landscape.

Solving the inner maximization problem to ob-
tain the optimal:

VoE-~7D(P(G(2) Qwid(2) s

(w)=p IVo B D(P(G(2)),0(w;G(2))|l2

Remark. Here we use w + € as the parameter in
the sharpness function (4) instead of w e, for the
reason that ¢ may be so small that there will be no
difference adding the perturbation. And this issue
is also illustrated in Liu et al. (2021a).
Algorithm. For the objective function, we train the
generator to maximize the discrepancy between the
pre-trained model and the quantized model:

E.~7D(P(G(2)), Qw; G(2))) (6)

Then we train the quantized model to minimize
both the discrepancy value and the sharpness of
the discrepancy, i.e., the addition of D(P, Q) and
S(P, Q), on the synthetic data produced by the
generator G. While the addition comes out to be:

E.~7D(P(G(2)), Qw + €"(«); G(2)))}, (D)

where the optimal €*(w) is obtained from Eq. (5).

We obtain our final algorithm by applying
stochastic gradient descent on the minimization
objective (7), which turns out to be SAM, and ap-
plying stochastic gradient ascent on the maximiza-
tion objective (6). Generator G is parameterized by
0, quantized model Q initially quantized from the
pre-trained model P and the quantized parameter
is denoted as w, while the parameters before quan-
tization is denoted as w. We alternatively update
the parameters w and 0 respectively. The pseudo
code is shown in the Algorithm 1.

4 Optimization

In this part, we will analyse the convergence of
our algorithm to solve this minimax optimization
problem, which can provide a theoretical guarantee
for our method.

First in order to make our theoretical conver-
gence result applicable to a broader variety of such
problems, we replace the detailed loss function

Algorithm 1 SAM-SGA for ZSAQ

Input: generator Gy, quantized model Q(w), pre-
trained model P, learning rate ng and 7,,, and
the neighborhood size (3 for the perturbation

1: Initialize: Q(w) is quantized from P by

Eq.(1)

2: for t=0,1,....,T do

3:  /ltraining quantized model by SAM

4:  Compute the optimal perturbation ¢*(w) by
Eq.(5);

5. Calculate the gradient and update w41 via
Eq.(7);

6:  Quantize w1 to w1 by Eq .(1);

7. [ltraining generator by SGA

8:  Update 6,1 by Eq.(6);

9: end for

Output: @ uniformly drawn from {@;, ...

7‘J)T}-

E,~7D(P(Ge(z)), Q(w; Gg(z))) with a general
representation f(w, 0) = E¢[f(w, 0;§)], where &
follows i.i.d. Then our detailed objective function
(3) can be turned into:

min{max f(@,0) + ["7(@,0)}, (8)

where f*heP(Q, ) & f5AM (&, 0) — f(w,0) and
fSAM((.:), 0) = max||¢||,<p f((.:) + ¢, 0) We can
solve the maximization problem that €*(w

)
Val(@8) SAM (-
Bie e gV INZSICXOIER So that we can write f (@,

as f(w+ € (w), 0).
Next, we restate the update rule of our Algorithm
1 in our new denotation that:

%

)

N w 6.
Wil = Wt — Nl (@ + 5% 6:)
w1 = Quantization(wi41) )
0111 = 01 + nege(wi, )

where g, and gg are the approximated gradients
calculated by g, (w,0) = ﬁ Zf\il Gu(w,0;&)
and gg(w,0) = ﬁ Zf\il Go(w, 0;¢&;) respec-
tively. And G £ (G, Gg) is the unbiasd gradient
of the function f, i.e., E[G(w,8;¢)] € Vf(w,0).
Remark. Actually function f maps R? x R” to R.
The first parameter can be either a floating point
or an integer. It is well-defined for us to represent
f(w,-)or Vo, f(w,-).

Before illustrating the theoretical results, we first
introduce some necessary assumptions and defini-
tions that are used in the analysis.
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Assumption 4.1. f(w, ) is differential and -
Lipschitz smooth:

Vo f (w1, 0) —
Ve f(w,61) —

Vo f (w2, 0)[| < 1f|wy
Vo f(w,82)| < 1|61

_wz”v

— 02 H? Yw
Assumption 4.2. f(w,-) satisfies PL condition on
every given w, i.e. there exists p > 0 such that

Hvef(wv 0)H2 > 2ﬂ[maX9 f(wa 0) - f(w7 0)}

Assumption 4.3. Parameter 0 is restricted in a
convex and bounded set with a diameter of D.

Assumption 4.4. The approximated gradient is
unbiased and has a bounded variance, i.e.,

E[G(w,0,8)] € Vf(w,0);
E|G(w,8,¢) = Vf(w,0)|? < o

Remark. These assumptions are common in the
context of minimax optimization problems and can
be realized in empirical practice.

Lemma 4.1. (Zhu et al., 2020) The quantization
error is bounded by the grain, where d denotes the
dimension of parameter w:

& — w|| < VdA.

Remark. The quantization error can be naturally
derived from Eq. (1) and the grain A is decided
by default quantization setting, which will not be
discussed in our paper.

Definition 4.1. ®(w) = maxy f(w,0); ®* =
min,, ®(w). And we define an e-stationary point
when E|V®(w)|? < e

Remark. By defining the function ®, we can sim-
plify our minimax optimization with two opposite
variables into a minimization optimization problem
with a single variable. When the gradient of ®(w)
diminishes to zero, we consider our algorithm con-
verges.

Theorem 4.1. Under Assumption 4.1,4.2,4.3,4.4

and restrictions 3 < g?, ne = 64k, Nw <

M(E[®(do)]_E[®*])
mm{ug,#p oA ), we have the

convergence bound for our problem:

= Z E[Vo(w)|?

(@ (@) — D)t
e

©))

+ O(dA?).

Vo

Remark. Due to the space limitation, the proofs
and strongly-concave case are placed in Appendix
A. Observing the above results, we evaluate the
averaged gradients at the quantized parameter w
and we can draw the conclusion that our averaged
output of the quantized models can converge to an
e-stationary point during O(1/€?) iterations under
the neglect of quantization error dA2.

S Experiment

5.1 Setup

Tasks and Models. In this section, we evaluate
our SAM-SGA method on both discriminative (i.e.,
BERT-style) and generative (i.e., GPT-style) lan-
guage models. For discriminative models, we fol-
lowed many prior works (Zhong et al., 2023c,d) and
tested both BERT},5e and BERT151ge (Devlin et al.,
2018) on GLUE benchmark (Wang et al., 2018);
and for generative models, we tested the OPT-
family (Zhang et al., 2022) (mainly OPT-350m)
on the GLUE benchmark and several language
modeling tasks, i.e., WikiText2 (Merity et al.) and
Penn Treebank (PTB) (Mikolov and Zweig, 2012)
and WikiText103 (Merity et al.). For evaluation,
we report the performance with Accuracy (“Acc.”)
metric for most tasks, except the Pearson correla-
tion (“Pear.”) for STS-B, the Matthew correlation
(“Mcc.”) for CoLA, the perplexity (PPL) score for
language modeling tasks. We report the averaged
results over 5 random seeds to avoid stochasticity.
The details of all tasks are shown in Appendix A.1.

Implementation Details. Following many previ-
ous studies (Tao et al., 2022; Bai et al., 2021b), we
first fine-tune a full-precision model using the pre-
trained checkpoint from huggingface' for each task,
and use the fine-tuned model as the full-precision
teacher model. Then, we apply the cutting-edge
PTQ methods, i.e., ZeroQuant (Yao et al., 2022) for
BERT models and GPTQ (Frantar et al., 2022) for
OPT models, to quantize the fine-tuned model and
use the quantized network to initialize the student
model. For the generator model, we directly use
the OPT-350m (Zhang et al., 2022) (without any
further tuning) model, i.e., the generators are not
trained on any end-task data. All experiments are
conducted on a single NVIDIA A100 (40G) GPU

"https://huggingface.co/models

“Notably, we can use any generative LLMs as the generator
models. In this work, we use the OPT models as they are open-
sourced and cover multiple model scales.
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#Bits CoLA MNLI MRPC QNLI QQP RTE SST2 STSB GLUE
Method (W-A) Mcc Acc Acc Acc Pear.  Acc Acc Acc Avg. A
Full-precision W32A32 60.82 83.12 85.05 90.52 8991 6534 9243 88.84 82.00 -
Baseline W8AS8 60.07 83.16 8431 9041 89.86 6498 9266 88.82 81.78 *
QAT-GT WS8AS8 62.26 83.58 85.29 90.57 89.87 66.79 92.66 88.85 82.48 +0.70
_QAT-Rand = W8A8  60.06_ 8337 8481 90.52 8992 65.14 93.00 8898 8198 +0.20
SAM-SGA WS8AS8 63.70 8293 85.05 90.52 8993 6534 9208 8896 8231 +0.81
Baseline W4A8 52.13 7724 82.60 85.10 86.34 5090 89.11 84.41 7598 *
QAT-GT W4A8 5730 7822 83.09 8695 86.41 5586 90.71 87.34 7824 +2.26
_QAT-Rand = W4A8 5337 7698 7794 86.61 8623 4838 9048 8648 7581 -0.17
SAM-SGA W4A8 53.01 76.64 83,58 86.12 86.16 6426 89.68 8694 78.30 +2.32
Baseline W2A8 0.00 3547 6838 49.13 67.29 4729 77.52 5843 5044 *
QAT-GT W2A8 0.00 3986 69.61 50.59 67.55 4729 77.64 69.41 5274 +2.30
_QAT-Rand = W2A8 000 3926 3162 49.52 6793 4729 7683 63.11 4695 -349
SAM-SGA W2A8 10.16 36.84 68.38 5341 89.95 57.76 76.26 66.61 5742 +6.98

Table 1: Results of BERTp,se on the development set of GLUE (Wang et al., 2018) benchmark. “#Bits (W-A)”
denotes the bit-width for weights of Transformer layers and activations.

#Bits CoLA MRPC  RTE
Method (W-A)  Mce. (1) Ace. (1) Ace. ()
Full-precision W32A32 6447 8603  65.71
Baseline WSAS 6480 8676  62.45
QAT-GT WSA8 6661 8775 6534

_QAT-Rand ~ WBA8 0086 8652  65.15
SAM-SGA WSAS 6608 8725  66.06
Baseline W4A8  49.11 7426 4729
QAT-GT W4A8 5085 7573 56.68

_QAT-Rand  W4A8 4563 7034 4729
SAM-SGA W3AS 5297 7770 5271

Table 2: Results of BERT,r4 on parts of tasks of
GLUE (Wang et al., 2018) benchmark.

and the detailed hyper-parameters can be found in
Appendix A.2.

Compared Methods. For reference, we compare
our SAM-SGA method with the following cutting-
edge counterparts:

* Full-precision: we report the results of full-
precision fine-tuned model, i.e., teacher model
in our framework.

* Baseline: we adopt the powerful PTQ meth-
ods i.e., ZeroQuant (Yao et al., 2022) for
BERT models and GPTQ (Frantar et al., 2022)
for OPT models, to quantize the fine-tuned
model, and report the results as the baseline.

* QAT-GT: after obtaining the teacher and stu-
dent models, we use the original training data
to guide the quantization-aware training pro-
cess of student model.

#Bits PTB WikiText103 WikiText2
Method (W.A) PPL()) PPL())  PPL()
Full-precision W32A32 28.58 13.38 19.21
Baseline WRASR 56.02 48.16 55.4
QAT-GT WSASR 50.68 42.15 46.29
_QAT-Rand ~ W8A8 = 5459 = 4869 6046
SAM-SGA WRAS8 46.59 46.56 54.08
Baseline W4A4 60.25 56.16 62.89
QAT-GT W4A4 55.59 42.01 51.72
_QAT-Rand  W4A4 5940 5532 63.63
SAM-SGA W4A4 51.19 54.32 61.22

Table 3: Results of OPT-350m on the dev set of four
language modeling benchmarks.

¢ QAT-Rand: we follow Yao et al. (2022) and
use the random data (using the random integer
number to generate token ids) to perform the
QAT process.

Notably, for each method, we carefully grid-search
the best learning rates from {5e-6, le-5, 2e-5, Se-
5}, and report the best results that are chosen from
the best single run among those learning rates.

5.2 Main Results

We report the results of BERTase, BERT 5rge
and OPT-350m in Table 1, 2 and 3, respectively.
Notably, we use WxAy to represent the x-bit
weight quantization and y-bit activation quantiza-
tion. From the results, we can observe that:

SAM-SGA outperforms the other counterparts
in most settings. As shown in Table 1, our SAM-
SGA outperforms the baseline methods among
all quantization settings by a large margin, i.e.,
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CoLA MNLI MRPC QNLI QQP RTE SST2 STSB GLUE
Method Mece. Acc. Acc. Acc.  Pear.  Acc Acc Acc Avg. A
Baseline 5213 7724 82.60 85.10 86.34 50.90 89.11 8441 7598 *
_SAM-S5GA (Ours) 5301 7664 8358 86.12 86.16 6426 89.68 8694 78.30 +232
-w/o SGA 4530 78.06 84.31 85.53 86.05 5523 89.36 86.59 7630 -2.00
-w/o SAM 50.74 7629 82.60 85.74 8593 63.53 89.44 86.46 77.59 -0.71
-w/o SGA&SAM 4370 76.02 82.80 8533 85.56 56.04 89.48 86.11 75.63 -2.67

Table 4: Ablation study of important components of SAM-SGA. Here, we use the BERT-base models quantified

into W4AS8 bit-width.

up to +6.98 average score. Specifically, QAT-GT
also achieves remarkable performance gains, ow-
ing to the supervised information from the orig-
inal training data. When using the random data
(“QAT-Rand”), the performance gains brought by
the vanilla QAT process will be much slighter. En-
couragingly, it can be found that ZSAQ performs
better in the lower precision settings, indicating the
potential of validation methods in extreme com-
pression scenarios. These results prove the effec-
tiveness and significance of our data-free method.

SAM-SGA brings the consistent performance
gains among both model sizes. We further adopt
our SAM-SGA to the larger BERT model. Due to
the space limitation, we only report the results of
parts of GLUE benchmarks in Table 2, and provide
the full results in Table 7 of Appendix A.3. It can
be found the similar phenomenon in the BERT-
base experiments. That is, our SAM-SGA brings
the consistent performance gains on both models.

SAM-SGA works well in both BERT-style and
GPT-style models. In addition to the discrimi-
native PLMs, we also verify the effectiveness of
our SAM-SGA on the generative models. The re-
sults of language modeling tasks are in Table 3,
and we can seen that, with the help of SAM-SGA,
OPT-350m achieves much better quantization per-
formance against the baselines. Moreover, we also
evaluate the OPT-350m on the GLUE benchmark.
The contrastive results are listed in Table 8 of Ap-
pendix A.3, illustrating that our method outper-
forms the other methods, which further validates
the effectiveness of our methods for generative
style models.

5.3 Ablation Study

In this part, we 1) first evaluate the impact of im-
portant components of our SAM-SGA, and 2) then
investigate the effect of different generator models.

(a) BERT-base, W4A8 (b) BERT-base, W8A8
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Figure 2: Ablation study of different generator models.
We use OPT-family models with different sizes as the
generators.

Impact of important components of SAM-SGA.
There are several important components in our
SAM-SGA framework, i.e., “SGA”: tuning the gen-
erator model with the stochastic gradient ascent,
“SAM”: training the quantized model with SAM
optimizer. Here, we conduct the ablation study
to verify whether these components are necessary.
Specifically, taking the BERT-base model as an
example, we compare our full SAM-SGA method
with the following methods: i) “-w/o SGA”: we
remove the SGA process, i.e., keeping the gener-
ator model fixed; ii) “-w/o SAM”: we replace the
SAM optimizer with the vanilla AdamW optimizer;
3) “-w/o SGA&SAM”: fixed generator model and
base optimizer are used.

As shown in Table 4, we can find that removing
any component will cause the performance degra-
dation, indicating the necessarily of these compo-
nents. More specifically, without the SGA, our
SAM-SGA would perform much worse. One possi-
ble reason is that the quantized model might over-fit
the synthetic data, without the constraint of adver-
sarial training.

Effect of different generator models. Here, we
examine whether our SAM-SGA can still work
well using different generator models. We con-
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#Bits GLUE
Method DTN
(W-A)  Avg. A(D
Full-precision W32A32  82.00 *
PTQ-vanilla WBA8  79.81 -2.19
PTQ-PEG W8A8  81.06 -0.94
_PTQ-Adaround ~ W8A8  82.02  +0.02
SAM-SGA (Ours) WS8A8  82.59 +0.59
PTQ-vanilla W4A8  35.07 -46.93
PTQ-PEG W4A8 3946 -42.54
PTQ-Adaround — W4A8  77.49 451
SAM-SGA (Ours) W4A8  78.30 -3.70

Table 5: Comparisons with other zero-shot quantization
methods on the development set of GLUE (Wang et al.,
2018) benchmark. Full results are shown in Table 9.

#Bits PTB WikiText2
Method (W-A) PPL(l) PPL()
Full-precison W32A32  24.88 15.52
Baseline W8AS8 36.75 24.05
SAM-SGA WS8AS8 32.66 20.96
A - 1409 3.9
Baseline W4A4 44.46 27.54
SAM-SGA W4A4 36.62 22.88
Al - 17.84 1 4.66

Table 6: Results of OPT-1.3b on two language modeling
benchmarks. We can find that our SAM-SGA can still
work well in the billion-level model scenarios.

duct the contrastive experiments by varying the
generator model size from 120M to 1.3B, and il-
lustrate the results in Figure 2. As seen, compared
to the baseline, our SAM-SGA consistently brings
improvements across all model sizes, basically in-
dicating that the performance of SAM-SGA is not
very sensitive to the generator model size. More
specifically, the case of OPT-350m performs best,
and we thereby use this setting in our experiment.

5.4 Analysis and Discussion

Here, we conduct extensive analyses to discuss:
1) whether our SAM-SGA outperforms the other
zero-shot quantization counterparts; 2) whether our
SAM-SGA can expand to more larger language
model scenarios, and 3) whether it gains better
model generalization.

Comparisons with other zero-shot quantiza-
tion methods. To better assess the strengths
of our method, we further compare it with
more zero-shot quantization methods, i.e., PTQ-
vanilla (vanilla post-training quantization), PTQ-
PEG (Bondarenko et al.,, 2021) and PTQ-
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Figure 3: Analysis of task generalization. The model
is fine-tuned on the QNLI task and transferred to four
different tasks. We can see that our method consistently
brings better generalization compared to the baseline.

Adaround (Nagel et al., 2020). Specifically, taking
the BERT-base as an example, we show the con-
trastive results in the W8AS8 and W4AS settings in
Table 5. As seen, our method SAM-SGA outper-
forms the other zero-shot quantization methods by
a clear margin, especially in the low-bit setting.

Scaling to Billion-level large models. Some
readers may concern that whether our method can
be used to quantify the larger language models.
Here, we attempt to expand our method to the
quantization of billion-level models. Specifically,
due to the limited amount of computing resources,
we have tried our best to extend SAM-SGA to a
larger model setting, and lastly choose the OPT-
1.3b for experiments. For reference, we compared
our method with the baseline GPTQ method?.

As shown in Table 6, compared to the baseline,
our SAM-SGA brings the significant and consis-
tent performance improvements among all settings,
i.e., up to +7.84 gains. These results prove that
our method also works well in the larger language
model scenarios.

Does SAM-SGA Bring Better Generalization?
One of our main contributions is that we introduce
the SAM optimizer to improve the generalization
of quantized model. Here, we verify it from two
perspectives: i) measuring the cross-task zero-shot

*Notably, we empirically found that the performance of
GPTQ is very sensitive to the number of input samples (default
is 1), especially in the large model scenarios. Here, we set this
number to 10 to ensure the effectiveness of GPTQ.
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performance, and ii) visualizing the loss landscapes
of quantization models.

Task Generalization. As stated in many previ-
ous studies (Zhong et al., 2023b; Ding et al., 2022),
the performance of out-of-domain (OOD) data is
widely used to verify the model generalization.
Hence, we follow Xu et al. (2021); Zhong et al.
(2022a) and evaluate the performance of quantized
model on several OOD data. In practice, we first
quantize BERT-base models (fine-tuned on QNLI
task) with different methods, including “Baseline”,
“Ours” and its variant “~-w/o SAM” (without using
SAM). Then, we inference the quantifized models
on other tasks, i.e., MRPC and RTE. The results are
illustrated in Figure 3. We observe that “Ours” con-
sistently outperforms the other counterparts. To be
more specific, compared with baseline, our SAM-
SGA brings a +2.0 average improvement score on
all tasks, indicating that our SAM-SGA boosts the
performance of PLMs on OOD data.

Visualization of Landscape. To have a close
look, we visualize the loss landscapes of differ-
ent quantized OPT-350m models fine-tuned on the
PTB task. In practice, we follow He et al. (2021);
Zhong et al. (2022a) to plot the 1D loss curve by lin-
ear interpolation between the model weights before
(denoted as 6y) and after (denoted as #1) tuning, i.e.,
“f1 + a - (61 — 6p)”, where « is a scalar parameter
that is ranged from -1 to 1. The 1D visualization re-
sults are illustrated in Figure 4, and we find that our
optimal setting “Ours” shows a flatter and optimal
property. These results prove that our SAM-SGA
can smooth the loss landscape and improve the
generalization of PLMs effectively.

1= A Note on More Analyses and Discussions

Notably, in addition to the above results and stud-
ies, we further conduct more in-depth and system-
atic analyses and discussions in Appendix, due
to space limitations. Specifically, we provide 1)
parameter analysis of 7, and 2) visualization of
the loss curve of adversarial training stages in Ap-
pendix A.3. Please refer to the Appendix for more
details.

6 Conclusion

In this paper, we propose a novel zero-shot quanti-
zation framework ZSAQ, which effectively realizes
zero-shot quantization without much accuracy drop
and shows promising generalization ability. We

PTB, W4A4 PTB, W8A8

= = Baseline
= -w/0 SAM
= Ours

110{ == Baseline
= -w/0 SAM
=== Ours

90
100

90
80

eval ppl.

70

60

50

-1.0 -0.5 0.0 0.5 1.0 -1.0 -0.5 0.0 0.5 1.0

Figure 4: 1D visualization of loss landscapes of OPT-
350m quantized by different methods. PTB (Mikolov
and Zweig, 2012) is used for evaluation.

provide theoretical analysis for the minimax opti-
mization algorithm under both nonconvex-strongly-
concave and nonconvex-PL conditions, which guar-
antees a convergence rate of O(1/+/T) for our
ZSAQ method. Our experiments show outperform-
ing quantization results, up to +6.98 average score,
and validate improved generalization ability.

Limitations

Our work has several potential limitations. First,
given the limited computational budget, we only
validate our SAM-SGA method on the Large and
Base model sizes. It will make our work more con-
vincing if scaling the experiments up to the much
larger model sizes, e.g., LLaMA-65b (Touvron
et al., 2023) and OPT-66b. On the other hand, al-
though our method brings much performance gains
compared to the other PTQ method, it would lead
to more computation overheads. How to accelerate
the process has not been explored in this work.

Ethics Statement

We take ethical considerations very seriously, and
strictly adhere to the EMNLP Ethics Policy. This
paper focuses on zero-shot quantization for current
open-sourced pretrained language models, but not
capturing the privacy knowledge. Both the mod-
els and evaluation datasets used in this paper are
publicly available and have been widely adopted
by researchers. Therefore, we believe that this re-
search will not pose ethical issues.
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A Appendix
A.1 Details of Tasks and Datasets

In this work, we conduct extensive experiments on
GLUE benchmark and some widely-used language
modeling tasks. Here, we introduce the descrip-
tions of the used tasks and datasets in detail:

CoLA Corpus of Linguistic Acceptabil-
ity (Warstadt et al., 2019) is a binary single-
sentence classification task to determine whether a
given sentence is linguistically “acceptable”.

MRPC Microsoft Research Paraphrase Cor-
pus (Dolan and Brockett, 2005) is a task to predict
whether two sentences are semantically equivalent.

STS-B Semantic Textual Similarity (Cer et al.,
2017) is a task to predict how similar two sentences
are on a 1-5 scale in terms of semantic meaning.

RTE Recognizing Textual Entailment (Giampic-
colo et al., 2007), given a premise and a hypothesis,
is a task to predict whether the premise entails the
hypothesis.

MNLI The Multi-Genre Natural Language In-
ference Corpus (Williams et al., 2018) is a task to
predict whether the premise entails the hypothe-
sis, contradicts the hypothesis, or neither, given a
premise sentence and a hypothesis sentence.

SST-2 The Stanford Sentiment Treebank (Socher
etal., 2013) is a binary classification task to predict
the sentiment of a given sentence.

QNLI Question Natural Language Inference
is a binary classification task constructed from
SQuAD (Rajpurkar et al., 2016), which aims to
predict whether a context sentence contains the
answer to a question sentence.

QQP The Quora Question Pairs2 dataset is a
collection of question pairs. The task is to deter-
mine whether a pair of questions are semantically
equivalent.

PTB The English Penn  Treebank
(PTB) (Mikolov and Zweig, 2012) corpus is
one of the most known and used corpus for the
evaluation of models for sequence labelling, and
is also commonly used for character-level and
word-level Language Modelling.

WikiText2 and WikiText103 Compared to the
preprocessed version of Penn Treebank (PTB),
WikiText-2 (Merity et al.) is over 2 times larger
and WikiText-103 (Merity et al.) is over 110 times
larger. The WikiText datasets are also widely-used
for language modeling. As they are composed of
full articles, the datasets are well suited for models
that can take advantage of long term dependencies.

A.2 Details of Hyper-parameters

BERT and OPT models are obtained from Hug-
gingface*, and we follow the instruction (e.g.,
fine-tuneing hyper-parameters) from Huggingface
Transformer Library? to fine-tune these models.

For initial post-training quantization of BERT-
based models, we use the ZeroQuant (Yao et al.,
2022) and set 48 groups for group-wise weight
quantization in W8AS settings, 32 groups for
W4AS and 16 groups for W2AS8. While for OPT-
based models, we use 128 groups in all settings for
GPTQ (Frantar et al., 2022) method.

For our SAM-SGA method, we use 50 iterations
with batch size 32 and sequence length 128 for
BERT models, and we use 100 iterations with batch
size 4 and sequence length 2048 for OPT models.
We grid search the learning rate in range of {1e-6,
5r-6, le-5, 2e-5}. All the quantized models are
trained using a single NVIDIA A100 (40G) GPU.

A.3 More Results and Analyses

In this part, we provide more results and analyses to
further investigate the effectiveness of our method.
Specifically, we first perform the parameter analy-
ses on 7y and 7, and then visualize the loss curve
of adversarial training stages.

Parameter Analyses of 79 and 7,,. The factors
ng and 7, are two important hyper-parameters in
our Algorithm. In this study, we analyze its in-
fluence by evaluating the performance of BERT-
base (W4AS8) with different 1 spanning {5e-6,1e-
5,2e-5,5e-5} on MNLI and QNLI tasks. Figure 5
illustrates the grid-search results. We find that
the results do not exhibit significant fluctuations
while demonstrating stability within a narrow range.
These prove the effectiveness of our method.

Visualization of loss curve of adversarial train-
ing stages. Since adversarial training usually suf-
fers from instability, some readers may concern
about the training stability of our method. To inves-
tigate it, we visualize the loss curve of adversarial
training stages in Figure 6. We can see the stu-
dent_loss decreasing and generator_loss increasing
as time varies and eventually reaching a relatively
stable plateau during the final stage. These results
indicate that the adversarial training is relatively
stable in our SAM-SGA framework.

4https: //huggingface.co/models
Shttps://github.com/huggingface/transformers/
tree/main/examples/pytorch
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Figure 5: Parameter analyses of 1y and 7,,. We report the performance of BERT-base (W4AS8) on MNLI and QNLI.

#Bits CoLA MNLI MRPC QNLI QQP RTE SST2 STSB GLUE
Method (W-A) Mece. Acc. Acc. Acc.  Pear.  Acc Acc.  Acc.  Avg. A
Full-precision W32A32 6447 83.12 86.03 92.37 90.85 65.71 93.35 89.22 83.14 -
Baseline W8A8  64.80 83.33 86.76 92.27 90.79 62.45 9346 89.12 82.87 -
QAT-GT WS8A8  66.61 8329 87.75 9254 90.81 65.34 9323 89.26 83.60 +0.73
_QATRand = W8A8 6686 830l 8652 9242 9076 6515 9300 89.18 83.36 +0.49
SAM-SGA WBA8  66.08 83.50 87.25 92.55 90.87 66.06 94.04 89.37 83.72 +0.85
Baseline W4A8  49.11 78.86 7426 86.86 86.68 47.29 87.73 87.63 74.80 -
QAT-GT W4A8  50.85 79.17 7573 90.44 87.35 56.68 92.32 88.05 77.57 +2.77
_QATRand = W4A8 4563 7902 7034 8726 87.17 4729 7884 8808 7295 -1.85
SAM-SGA W4A8 5297 79.19 7770 90.69 87.20 52.71 90.48 87.72 77.33 +2.53

Table 7: Full comparison results of BERT} ¢ 0n the development set of GLUE (Wang et al., 2018) benchmark.

A.4 Convergence Analysis

Before our proof, we give some notations for brief.
Wit/ 2 Ot + Bgw (@, ;) like in (Foret et al.,
2020). So the update rule for w can be rewritten as:
Wil = Wi — Nww (W12, Or).

Lemma A.1. Under Assumption 4.4, we can fur-
ther get the evaluation about the approximate func-
tion:

Elg(w,0)] € Vf(w,0)
2

Ellg(w,0) — Vf(w,0)|? < T

Proof. According to the definition that g(w, ) =
= Zf\il G(w,0,&;), and & is i.i.d. So the expec-
tation of the approximate function g is the same as
G that: E[g(w,0)] € V f(w,0) and

Bllg(w,6) — Vf(w,0)|”
1 M
= MZ (,8,&) = Vf(w,0)]
M 2
MZ |Gw.0,6) = VF(w,0)|* < -

Lemma A.2. We give an estimation that

E\|9w(‘7’t+1/27 9t)||2
2

< (482124281 42)E|| Vuf (@1, 6) ||2+(55212+2)“M

Proof. We have the following decomposition:
E|| gl @t41/2,00) ||
:E||9w(‘*~’t+1/279t) -

— B[V f(@r, 6,
+ 2E(guw (Wi 4172, 01),

. P
Vof (@, 61| (10)

Vo f(@r,0:))
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#Bits CoLA MNLI MRPC QNLI QQP RTE SST2 STSB GLUE
(W-A) Mce. Acc. Acc. Acc.  Pear  Acc. Acc.  Acc.  Avg. A (M)
Full-precision W32A32 57.51 84.54 8333 90.30 90.72 69.68 93.23 88.13 82.18 -

Method

Baseline W4A8  55.69 84.03 82.60 89.73 90.25 67.15 92777 8793 81.27 *
QAT-GT W4A8 5594 8385 83.58 89.85 90.32 68.23 93.12 88.03 81.62 +0.35
QAT-Rand W4A8  55.71 8375 82.60 89.77 90.17 67.51 9278 88.03 81.29 +0.02

SAM-SGA W4A8 5647 8394 8333 8996 9027 67.87 93.23 88.03 81.64 +0.37

Table 8: Results of OPT-350m on the development set of GLUE (Wang et al., 2018) benchmark. Here, we only
report the results in W4AS settings, and note that the results in the other low-bit settings are similar.

#Bits CoLA MNLI MRPC QNLI QQP RTE SST2 STSB GLUE
(W-A) Mcc. Acc. Acc. Acc.  Pear. Acc. Acc. Acc. Avg.
Full-precision =~ W32A32 60.82 83.12 85.05 9052 8991 6534 9243 88.84 82.00

Method

PTQ-vanilla WBA8 5829 8208 80.64 8872 8747 6282 90.37 88.10 79.81
PTQ-PEG WBA8  57.04 8315 8529 8995 8936 64.62 90.71 88.34 81.06
PTQ-Adaround  WB8A8  61.32 83.68 84.07 9043 89.84 66.06 9232 8845 82.02
"SAM-SGA ~ WBA8 6370 8293 8505 90.52 89.93 67.51 92.08 88.96 8259
PTQ-vanilla W4A8  1.88 3391 31.62 5006 6297 5271 4862 -123 3507
PTQ-PEG W4A8 000 3791 3162 5023 63.18 4729 73.62 11.83 39.46
PTQ-Adaround  W4A8 5567 7259 79.90 87.13 8649 64.62 91.28 8221 7749
"SAM-SGA  W4A8  53.01 76.64 8358 86.12 86.16 64.26 89.68 86.94 7830

Table 9: Results of comparisons with other zero-shot quantization methods on the development set of GLUE (Wang
et al., 2018) benchmark.

For the cross-product term, we evaluate it as And for the first term, we have:
follows:

EHQw(‘-‘NJtH/Qa 0:) — Vo f(wr, gt)”2
< 2B || g (D11 /2, 01) — Vo f (@111/2, 00) ||
+ 2E(| Ve f(Wig1/2,0) — Vo f (@, 0,

E(ge, (@ ,0:), Vo f(w,0 202 -
= E<9w(wt+1/270t) 5
— Gu (@t + BV f (@1, 0t),04), Ve f (@1,0:)) < 2%(25%2 +1) + 4B%1PE|| Ve f (@1, 6;) ||
+ E(guw (@1 + BV f (@1, 6),0t), Vo f (1, 6:)) (12)

=E(Vuf (f-’t—i-ﬁvwf (@, ?t), 0,), Vuif (@, 0y)) Combining the above inequalities and we can
FE(Veof (@4 412,00)— Vo (@rt8Veof (@1,04),64), get:
Vo f(@4,0y))

1 - . .
<E|Neuof @p112,00)—Veof @1+BVeof @1,67).0) ||
2 E||geo (@112, 0)||>

1 . .
+ SEIVef (@1,0)| + El| Ve f (@1, 01)] < (45717 + 281+ 2| Ve f (@1, 007 (43
+ (Vi (@ BV (@1:00).00) = Vo (@1,61) LD
Vo [ (@1, 0:)) M
3 . 5 62l20.2
< (Bl + Q)E\vaf(wt, 01" + i
(11 ]
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Adversarial training of BERT-base (W4A8) on MNLI
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Figure 6: Visualization of loss curve of adversarial train-
ing stages.

A.5 Strongly Concave Case

Lemma A.3. For the descending relationship of
the function ®, we have:

E[®(wi41)]
< E[®(wy)]
—%(1—2—5&—%1%(45%% 261+2))E|V® @)
Nw

2 <1+%ﬂz)+2ﬁzni(4ﬁ212+261+2)]EHIV<1>@t)—

+

R kInZ o2
Ve £ (@1, 007 + (58%2 + 2) e

5l0'277w
M

+ (2xl + E)alA2
Tw

_l’_

Proof. We get the conclusion that ®(w) is 2kl-

smooth according to Lemma 4.3 in (Lin et al.,
2020):

(wti1)
<D(&p)+(VO(Wy), Wpyr — )l || @ppr — ||
<B(@) +(VO(Wy), Wiyt — Wi )2kl wipy — ¢ )
H(VO@)), @ep1 — w1 ) + 261dA?
= O (@0) 1w (VO@1) g @141/2,00 2RI A
+ 26005 || 9o (@y 412, 02) I
+ RV B(an) [+
(14)

Taking expectation conditioned on (wy, 6;) and
we get:
E[®(w41)|wr, 0¢]
< O(wr) = 1w (VO(@1), Vo f(Wi11/2,01))
+ 2RI Ell| g (@412, 1) |||t 6]

w - 8
+ S2E[VP(@) | + (2x + laa?

(15)
We again take expectations on both sides of the
above inequality so we have:

E[®(wt1)]
< E[®(w)] — nwE(VO(@r), Voo [ (Wr11/2, 01))
2RI E] g @112, 00) [+ B V 0@
+ (2kl + i)czA2
n"’ (16)
For the second term, we decompose it as follows:
E(V®(@1), Voo f(@i41/2,01))
= E(Ve(wy),
Ve f (@1, 00) +Vof (W1 41/2,0t) — Veof (@1,61))
> E(VO(wy), Vo f(wr, 61))
—E[[V® @) ||| Ve f (@ 41/2,01) — Viuf @1,04) |
(VW) Voo fwr,09))—BIE VP ()| | gulior, 0,
> E(VO(w;), VO(@i)+Vo f(@r, 0:)-VP(wr))
—BUEN@W)|([Veof @1, 09)| | geolwr, 0)—Viof @1, 09))

. 1 .
> B[ V(@) - SEIVe@)|?
1 . N
— BVt Gt 61) — V(@)
. . 1 .
— BUEIND (@) || Viaf 0,09 |5 BIE |V (@)

1 . .
- iﬁlEng(wt’ 0:) — Ve f(@r, 0:)°

L Lol

. 1 . .
5 IEIIV‘I’(%)IIQ—5113HVw.f(cult,é’t)—V@(wt)H2

2
~ BIE| V(@) ||V (@r, 00)] — 27

(17)
We continue estimating the last term in above
inequality (17):
E[[V® (@) [[|Ve f(wr, 04)]]
=E[V @ @) ||| Vi @1,0) -V (1) +V P (@) |
<E|[V (@) |4 E [V @] || Vo f @1,8) — V@ @)

(4)
SV 4 BV 2 BV 8- V0
(18)
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where the last inequality (7) is due to Young’s in-
equality.
Combining inequality (17) with (18), we can
get:
E(V® (&), Voo [ (@112, 61))
1 Bl 1 . -
5 EIVO@)|*—5E Ve f @1,00)-V @) |

BB BN 00 -

=5(1—551>EHV<I>@9H?—§<1+§BZ>E[HV<I><@>—

Blo?

Vo f (@, 0|7 — i

19)
Finally, we combine inequality (16) with Lemma
A.2 and inequality (19):

E[®(wis1)]

< E[®(@)] — (1= 5B)E| V(@)

w 1 . .
T(L+ SBDE(VD(Gr) — Vo f (G, 60
+ 2&1772,((4/3212 + 281 + 2>E|rvwf<wt, 6:)|*
M M

w N 8
+ %E]\V@(wt)HQ + (261 + —)dA?

w

+ (5822 +2)

< Ea (@)

1
—@(Tz—wz —AkIn46%174-2814-2))E|VO @) ||*

(1+ m)+2mnw(4/321+251+2)] [V —

KinZ o?

Tw
2

Ve f (@, 0%

+H5

+ (58%1% 4 2)

Blo?ne, 8 9
+ —— + 2kl + —)dA
i ( nw)
(20)

where the last inequality (¢) uses the Cauchy—

Schwarz inequality that ||V f(@y,0:)]? <

2|VO(@i)[I* +2[| Ve (&, 0;) = V(@) I, T

Lemma A.4. When we require the learning rate

satisfy: n,(201+1) < ﬁ andng = 2%, we have
the evaluation about the error term:

E[6"(wet1) —

< \F1p2

611

t
HAa—Drn2 (48%1%428142)Y NYEVR @)
j=0

+ (4r—1 /{2772 552l2—|—2

Z”

t
+2(4k — 1)R2A* Y N

j=0
where A = 1 — 1 + 4(4k — 1)R21Pn% (48%1% +
281 + 2).
Proof.
E[|6*(&41) = 41
= E[|0*(@r41) — 0% (1) + 41 — 0% (@)
< (4k — DE[6"(@rr1) — 0% (@) |
+ (L4 B0t — 0" (@) |?
21

where the inequality is due to Young’s inequality.

We then continue to decompose the second term
as follows according to the update rule and take
expectaion:

E||641 — 0% (@y)]?
= E||Pe(6: + noge(w:, 6:)) — 9*(‘-7%)”2

< E|6; — 6*(wy)[|* + npEl go (@, 6,
+ 2ngE(0; — 07 (1), go (Wi, 0y))
< E||6; — 0" (@) + ngE[ Vo f(@r, 0;) |7

n202
+ 2 E(60; — 07 (&), Vg f (&, 0;)) + 2

(22)
Using the property of u-strong concavity of func-
tion f on variable 8, we can get:

f(@1,0)—f (@1, 0°(@y))—(0: —07@1), Vo f (w1,01))
> 216" (@) - 6
(23)
So the original inequality (22) above can be
turned into:

E[|0:1 — 6" (wy)]?

<(1— pne)E||0:— 0% (&) | * +ng El [ Ve f (w1,0:) |°
A A A n2o?
+ 200E[f (@1, 0;) — f(@r, 0% (@1))] + 42—
(24)
Since f(w,-) is [-smooth and p-strongly con-
cave, we have:

F@n8)-Fr 8" @ of8-Safln "G

< (Vof(wr, 07 (wr)), 0; — 67 ()
(25)
On the other hand, we can get the following
inequality according to optimal condition:

(Vof(w:, 0%(w)),0 — 0% () <0; VOO

(26)
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Combining above two inequalities (25)(26), we
have:

f(wi,0;) — f(w, 0% (@)

51 Vor (@06 — Vo (@, 6 @)
27)
Putting pieces (24) and (27) together and on the
occasion that ng = % we can get:

E[|0:1 — 0" (@)

4 o Y

1
<(1-— —0*(a

Then we return to the inequality (21), we can
get:

E||0*(@i1) — Ori1]

< (4K — DE||0*(@r11) — 6* (@) |2

1 1 * [ A 2
+ 1+ P 2)(1 - %)EHet — 0% (wt)||

1 77302
U+ )
(i) )
<(1- ﬂEHe (@) — 64

. . (4k — 1)7]202

+ (45 — DRZE||@r1 — @r))* + m
(id) 1
< (1= )E(67(wy) — 0:?

2tk R (LB 2B DE|Niaf 0.0
(45 — Dngo?

272 o’
+ (BB +2)— (dr = 2)M

M
— 1)K%dA?

)+

+ 2(4k

(423) 1

< [1—R—|—4(4K}—1)I€2l2
-E[0% (@) — 6:?

+4(4k—1)R202 (4842 + 281 + 2)E|| V()|

4r—1 o o?

A Q”O)M

02 (46217 +261 + 2)]

+H@r—1)>*n2 (56%1%42)+
+ 2(4k — 1)K2dA?

(29)

where inequality () is due to the x-Lipschitz of
0*(-) according to the Lemma 4.3 in (Lin et al.,
2020); inequality (i) follows from the decomposi-
tion that Wy 1 — Wy = Wey1 — Wit] + W1 — Wy
and the update rule of parameter w, together with
Lemma 4.1,A.2; finally inequality (i77) is decom-
posed by ||V (@, 0:)]* < 2(|Ve f(r, 0;) —
VD (@) |2+ 2] V(@) |2 < 202]6% (@) — 6,1+
2||V®(wy)||*(the second inequality here uses the

property that V&(-) = V,,f(-,0(-)) which we
refer to Lemma 4.3 in (Lin et al., 2020)).
We then simplify the recurrence relation of

10* (Wi11) — O;11]|%. We denote the coefficient of
E|0* (@) — 6] as X, i.g. A =1 — & +4(drk —
D)R2202, (48212 + 281 + 2)

Then we repeat the recurrence relation and we
can get:

E[|6*(&41) — 141
< AE[|0* (1) — 6|
+4(4k—1)K202 (48212 +2B1+2)E|| VO (0|

2

Hn )R (5542 g h) o
+ 2(4k — 1)k2dA2
< NE[|0*(@r-1) — 01|
+ 4(4k — V) r® 02 (46°%12 + 281 + 2)

- PEVE(@r1)|? +E\|V<I>(®t)|!2]

+ (Ar—1) %2 552l+2+—n3)

+ 2(4k — 1)R2dA2 (A + 1)
< ...
< XHE|6* (@)

1)

— 6|°

t .
212, (48°1%28142)) N TEIVE @)
j=0

+4{@r—1

+ (=D R 652142+

Z A\

2(4k — 1)k2dA2 Z)\j
=0
< A\HD?

t
D02 (454%200142)Y NTE|VO@)|?
=0

+ (A=) K226+

Z A
2(4k — 1)K2dA> Z/\j
=0

(30)

where the last inequality is due to Assumption
4.3.

O

Theorem A.1. Under Assumption 4.1,4.2,4.3,4.4

and restrictions 1, (20l + 1) <

1
= 16k2] Cll’ld 770 =
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21,/@ >2,8l < 140, when f is p-strongly-concave
the parameter 0, we have:

- ZEHW 2

E[‘I’(wo)] — E[®(@r11)]
- (T+1)%

57612 D?
7(T +1)
12+ 210kin,) 2~ o’ + (965 + 1) i
M 2’ M
192&1 768

w w

+ (720K 72,

+ (480K%1% + ——— + —-)dA”®

€2y

Proof. We then back to Lemma A.3 and try to make
use of Lemma A .4:

E[®(wit1)]
< E[®(wy)]

—%(E—5ﬁl—4nlm(45212+ 261+2))E|NV® (@) ||

+ [”;(H BUH2kln2 (482122 8142)|E[|| 6@

Klig,o”
M
8 2
+ (26l + —)dA

Tw

0,1 + (58%17 + 2)

_l’_

ﬁlaznw
M

where we use the property that V&(.) =

Vo f(,07().

Then we use Lemma A.4, we can get:

E[®(wt11)]
< E[®(w)]

15

f(f—5ﬁl —ArIn 4B 142142) B[ VO @) |

—I—%’lz[1+§Bl+4f<alnw(462l2+26l—|—2)])\tD2

1w 1
+ %12[1 + 5B+ dklna (46%12 + 261 + 2)]
t—1

AAR—D) % AB2 128142 N E| VB,
=0

1w 1
+ %12[1 + 580+ 4nin, (462 + 261 + 2)
Qt 1

ZV
T 121¢ 1 2;2
P B+ Al (48° + 281 + 2)]

t
+2(4k — )2 A% Y "N
=0

wlndo? | Blo*n.
+ 2kl
M + M +@rl+

-((4ﬁ—1)n2nw(55212+2)

)dA2
(32)

+ 6B%1%2+2)

We then repeat the inequality (32) above from
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t =T tot =0, we have:

E[®(wri1)]
< E[®(wo)]

o 15 SN
-5 Bl Arin 52212y E[Va)|

t=0
. . T
w2, L 272 D? t
+ 5 [l Bk (46°1°+251+2)] ;A

» 1
+ %F[l + 580+ Arin, (48%2 + 261 +2)]
A(4k — D)R2nE (4822 + 281 + 2)

T—1t—1 4
D ONTIIE|Ve(@))|)?
t=0 j=0
» 1
+ %12[1 + 580+ drin, (48%1% + 261+ 2)]
4k —1
(4 212 4 9 2
((4k — 1)r*nZ (58°1% + 2) + 1 5'e)
g2 Tol=t
TIPS
t=0 j=0
1
+ %“’12[1 + 58U+ Arlna(48%12 + 261 + 2)]
T—1t-1 A
2(4k — R%AA? Y "N "N
t=0 j=0
Khgo? | Blone

+HBAA2) VY .(2nz=ni)dA2)(T+1)
(33)

Since the parameters satisfy: 7, (260 + )
16/{2[, we can evaluate that A\ = 1 — R +
2(4n—1) 2z2 na(Ag2 1 + 281 +2) < 1— L +
167 = 1 — —=—. Therefore the summation can be

bounded.Z’f:O A< Zt:(](l — Syt < 10,

So the above inequality can be turned to:

E[®(wri1)]
< E[®(wo)]

15

T
—2(—56[—4/<alnw(45212+2,Bl+2));1€4 V)|

1 1

—i—%‘)lz[1—|—§Bl+4/<;l77w(4B2l2+2ﬁl+2)]D2%
1

+ %“’z?u 5B+ Al (457 + 281 +2)]

-4(4/@—1)52%(4521%255% ZEHVCI)(wt

1
+ %"z?u 5B+ Al (457 + 281 +2)]

4k—1 01611
T+1
4t 22>M3\+)

1
+ %“’12[1 + 5 B+ ki (45212 + 261 + 2)

. ((4,%71)/-@217“, (5B2l 2

- 2(4k — 1)52dA2167’£(T+ 1)

no® , Blo*
32 gy le0” Bl o
R e aar™

YA T+1)
< E[®(wo)]
15 212 d ~ 12
—f(f—wz —Akln AB%1426142)) "E|NVO@,)
t=0
Nw 1214, 1 272 216K
o [ BRI (48%1742812)| D ==

1
+ %“’[ + 5B+ Al (482 + 281+ 2)]

ZEHW’ )2

- 7“’12[1 + 551 + 4kln, (46%12 + 281 + 2)]
216k

-2(4k — 1)K%dA 3 —(T+1)
22 “lnw Bldzm
HEBTHY)— ek Hnw YA T+1)
< E[®(wo)]

w13
- %(7—1 6B1-20kn452124+28142))

ZEHW’ )lI”

8/-@77w 9
—1
+ 3

8
4 KMw

3
((4r—1)K2 02 (58212 +2) +
16Km,,

1
D2[1+§/3l+4nz% (48%12+2B1+2)]

1

1+ 3B+ 4kl (46212 + 281 + 2)]

4k—1 4 o2

1 o'8) M(
1

1?1 + 551 + 4k, (48%1% + 281 + 2)]

T+1)

+

3
(4K — 1Dk 2dA2(T+ 1)
22 Hlm, 5 o 2"7w
HEBT+)— ek Hm VAL T+1)

T
. g 6
< E[@(wo)]—g—‘gE E||V(@0)|* 2 hul*D?
t=0

360 o? 240

4773 l —Hﬂ’]w) M(T—I_l)—i_E 1%2770; { QdAQ(T—Fl)
15 klnZo? ne o 8 9

e L OkIH—)dA2) (T
& +140M+( n+%) )+

on the condition that: x > 2,8l < 4 So we
can get the average sum of E||V®(w;)||* bounded
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by:

A ZEHW’ )2

<E[<I>< )]~ E[@(r)
- (T+1)%

576k12D?
7(T +1)
2 1 0.2
12 4 210kin,) >~ + (96
+ kln, )M (96K + 2)M
192/<;l 768

w w

+ (720K 72,

+ (480K%1% + ——— + —-)dA”®

(34)

So the bound for the algorithm to get an e-
stationary point is

2 2 2
k“Age + kD KO
0(672 max{l, 672})

A.6 PL Condition

First we construct a potential function in the same
way as (Yang et al., 2022):

Vi = V(@ 0) = ®(wr) + a[@(wr) — f(wr, 6)]

where o > ( is a preset parameter. Then we come
to evaluate the descending relationship of the po-
tential function V;.

Theorem A.2. Under Assumption 4.1,4.2,4.3,4.4
and restrictions o = %, Bl < %6, Nw (260 +
12kl < é, K2l < ﬁ and ng = 6421,
when [ satisfies u-PL condition on parameter 0,
we have:

ZEIIW I
< O%HO 2 O i)
(35)

Proof. We get the conclusion that ®(w) is L-
smooth according to Lemma A.5 in (Nouieched
et al., 2019), where L = [ + %“ And we can
get the descending relationship of E[®(w;)] in the

same way as Lemma A.3:

E[®(wi41)]
< E[®(w)]
Mo 15

—?(——551 —2Ln 432124 28142))E|Vd @) ||*

0 By L (45712425142 B[V

L 2 2
+ (5642 + 2) 717

Ve f(@1,61)]7] 21

2
Blotne (4 8 yga2

_.I_ -
M New

(36)
And then using the smoothness of the variables
w and 6 respectively, we can get:

f(@r41,0) — f(wr, 0r)
> (Voo f (@1, 00, G2~ 1)~ g [~
(@41, 0141) — f(@r41,61)
> (Vo f(@it1,6:),0141—01) — %Hat+1—0t”2

Taking expectations respectively we can get:

E[f(@i41,01)]
> E[f @¢,0)]10E(Vwf (01,00), Vof @i 1/,01)
— N2 E| gus (Dps1/2, 01) |*—20dA>

w . 8
— S ElVaf @ 0 — . —aa?

SR [, O0) -1 BN, 00) =" BN o 00)
— B Vo @ri1/2:00) = Vo (G0,60)
— I2El| g @141/2. 0))|* - 207
w . 8
~ Gyl @ 0P — - an?

. 49
> E[f(é,0)] — 53 “E|[ Vo (G, 6,) |
l2 2 » A _
- 62” E || gul@s,09)[|P~12 El| g @141 2,0 |
— (20 + i)dA2
Nw
49 w [ 1w
Skl o 0o+ L a2 0040)
- 9 1 5 Nw 2,2 o?
|| Vo (@1,09) | —(——5=2+1n2, (5871 +2))M
— (20 + ;)dAZ
N (37)
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Elf (@41, 0p41)]
ZE[f (01,0 +16E(Vof @i+1,0:), Vo f (@1,6:))
— Yo (@, 80
> E[f (@041, 00)] + T E|[VoS (@00

_ @Envef(wm, 0,) — Vo f(wr 60,)|

l
”"Eugem,enn

> Elf(@1,00)] + 75 B[ Vo f (@1, 0,

_ Ing .
—12773;779E|’9w<wt+1/279t)"2—7915”90(%790”2
— PngdA?

2
> Bl (G, 001+ (")) Vo 11, 0

— (PnZne(48°1% + 281 + 2))E|| Vo f (@4, 61) ||
lﬁ(% 2 2 22 o’ 2 2

— (- H 5 e (5871 + 2)) —— I“nedA
2 M (38)

Combining the above inequalities we can get the
descending relationship of the potential function:

E[Vit1] — E[V4]
= (1 + o) (E[®(wi41)] — E[®(@y)])
— (E[f(Wi11,0041)] — E[f (@1, 01)])

<(1+0) —”—“(3—555—2%(45212+25z+2))

B[V @ +[ ) 50+an(45212+26l+2)]

Lnko?

E[[| V@)V f (1,00)|IPH(558%1%42) =2
510271,, 8 9
+ =+ (L -)dn)

~af- (g ﬂ;n N (467 14+26142))

2
BN 6.0 2 (1 (5620242))

— (20 + E)dA2

Nw

Ing
+ (5 = SDE|Vos (G, 6]

- (52773,?70(4/3212 + 281+ 2))E|| Vo f (@1, 0:) ||
l 2 2

- (% + 22 ne(58212 + 2))%—52779%2}

—%"(1—1—a)(1—2—56l—2L77w(46212+26l+2))

Vo)) 2 (1) ”‘“<1+ SHIHLIAB%25142)

B[ VO@y) — Vo f(@r, 6]
49, 1221
+al(— ﬁQ” U (48°12 4281 +2))

+ P02 ne (48212 +2B1+2)|E|| Ve, f (@, 64)] 2
l
- <@—E>Euvef<wt,et>n

2
l/an

o) (5/32l2+2)%+a( Hn2 (587%42))

g _ ngne o?
ta(5f + R (E81 + 2) 5

+ ((1+a)(L+§)+a(2l + i)+0412779)01A2

Nw Nw
< {77; 1+ )(LZ_5/3l_2L77w(452l2+2ﬁl+2))
5 l ’822"“’ + 02 (4212 + 281 + 2))
+ PnZne(48%1% + 281 + 2)]VE|| V(@) ||
H+a) (a1 B0+ Lo (4% 4261 +2))

2
19, 128,
Zg ’82" + U (4622 + 261 + 2))

+ 2a( +
22 neld B2 P+28142)] VE V@ (@) — Ve f@1,09) ||

2
a0y i 0 55 2)

26 Nw
2

+ a2 12 (58%1% + 2))

2

l >n?, o
n a(% n —”2 0 (5522 4 25

+ ((1+a)(L+§)+a(2l + i)+o<l217@)dA2

Nw w

Since we have the following property according
to Lemma:

IV® (@) = Voo f (@r, 0[] < 1|67 (wr) — 64|

< k|| Vo f(ws, 6

So we can further the above inequality as fol-
lows:

E[Vi1] — [Vt]
< { 1+ )(——551 2Lm,, (45%124+251+2))
-2 [(422‘“ + B0 2 (4522 4261+ 2)

+ Pitng (48%1% + 281 + 2)]}E”V¢(@)H2
2
ol - ln?e) — /(1 +a) (1 + BZ)
2 2
+ Lni(4,32l2 + 260 + 2))+2a[(4ggw l 6277@1

+ 102 (45212 +2B1+2))

+
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+2n2me (28124 Bl+1)]]}
B[ Vo f(@r, 0)]* + [(1 + ) (58%1% + 2)
l2/3277w
2
1770 l 773;779 272 o?
+a(f + = (587 + 2)) 5
+ ((1—1—04)(L+£)—|—a(21 - i)+oleng)dA2

Nw TNw

Ln?
2

+ af + 12, (55%1% + 2))

Then we require the parameters satisfy: o = %6,
Bl < =, w281+ 1)kl < g4, 2wl < 135 and
Ne = 6452774»

So the inequality can be further simplified as:

E[Vit1] — E[Vi]

Nw 7
**EHV‘I’( )||2 - @Uu 2E”v0f(wt79t)”
4 2
Nwk™ o 12 779 17 9
dA
o1 3 g6 Ty

+
(39)
Telescoping the above inequality we can get:

= Z E[ V()|

< O% www 779+HdA2>
™ 40)
O
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