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Abstract—Large Language Models (LLMs) have achieved
remarkable performance across a wide range of tasks, but their
high computational and energy costs remain a critical challenge.
At the same time, Spiking Neural Networks (SNNs) offer ex-
ceptional energy efficiency through event-driven asynchronous
computation, yet scaling them towards LLMs remains an open
problem. We present an optimized ANN-to-SNN conversion
framework that successfully scales to 7B-parameter LLMs by
addressing the bottleneck of nonlinear operator conversion and
quantization error in Transformer architectures. Our method
introduces a piecewise optimization method for unary non-
linear operators, replacing gradient-based optimization with
interpretable analytical method that achieve superior stability
and 65% lower computational overhead compared to baseline
methods. Integrated with modern LLM quantization techniques,
our converted SNN maintains performance comparable to quan-
tized ANNs while reducing theoretical matrix multiplication
energy consumption to 22% of conventional ANNs. This work
demonstrates a successful application of ANN-SNN conversion
at billion-scale LLM parameters, providing a pathway toward
energy-efficient neuromorphic language models.

Index Terms—Spiking Neural Networks, ANN-SNN Conver-
sion, Large Language Models

I. INTRODUCTION

Recent breakthroughs in Large Language Models (LLMs)
have demonstrated remarkable capabilities across numerous
applications, yet the massive parameter scale and computa-
tion cost of LLMs present critical challenges, which makes
the computation and energy efficiency of LLMs important
research directions. Meanwhile, as a promising neuromorphic
computing paradigm [1], Spiking Neural Networks (SNNs)
offer exceptional energy efficiency through their event-driven
asynchronous computation mechanism. However, scaling SNN
over billions of parameters still remains challenging due to
difficulty of convergence on larger models.

To mitigate the convergence problem of direct training
methods, ANN-SNN conversion methods are proposed to ob-
tain large-scale SNNs efficiently [2]. These conversion meth-

ods are built upon equivalence between nonlinear operators in
ANNs and SNN, e.g. equivalence between ReLU activation
and the firing rate of Integrate-and-Fire (IF) neurons. In
Transformer-based architectures, more nonlinear operators like
LayerNorm and attention mechanism should be considered.
Some recent work have already discussed the mapping of these
operators and obtained vision Transformers by conversion
methods [3]-[5]. However, some of the operator mappings
remain suboptimal, which are uncapable of larger models.
To address these challenges, we propose an optimized ANN-
to-SNN conversion method based on existing research. We find
that existing approach for mapping unary operators is subopti-
mal, and replace it with a more precise approximation, achiev-
ing superior stability and a 65% reduction in computational
overhead compared to baseline methods. By integrating this
approach with state-of-the-art LLM quantization techniques
[6]-[8], we successfully scale our conversion framework to
a 7B-parameter LLM. Experimental results demonstrate that
our converted SNN maintains performance comparable to its
quantized ANN counterpart while reducing the theoretical
energy consumption of matrix multiplication operations to
merely 22% of conventional ANNs. This work represents
successful application of ANN-SNN conversion at billion-
scale LLM parameters, providing a practical and energy-
efficient pathway toward neuromorphic language models.

II. RELATED WORK

A. Spiking Transformers

The rapid advancement of Transformer architectures has
made the integration of self-attention mechanisms into Spiking
Neural Networks (SNNs) a promising direction for enhancing
both the performance and scalability of SNNs. Recently,
many variants of spiking-based attention mechanism have been
proposed [9], [10], enabling attention mechanism with both the
spike-driven property of SNNs and the global interaction of



tokens. Related experiments on vision tasks, including classi-
fication, object detection and segmentation, have shown that
attention-based SNNs may have superior performance over
traditional convolution-based SNNs. Some researches have
also explored languange modeling on attention-based SNNs
[11]-[13]. However, SNNs have not yet achieved competitive
performance on language tasks due to the difficulty of training.

B. ANN-SNN Conversion Methods

ANN-SNN conversion methods obtain SNNs by converting
pretrained ANNs to equivalent spiking models, thereby by-
passing the convergence difficulties in direct training of large-
scale SNNs [2]. Convolution-based SNNs utilize the equiv-
alence of ReLU activation and firing rate of IF neurons for
conversion, which mathematically use the spiking neuron as a
quantizer [14]. Recently, some methods for Transformer-based
ANN-SNN conversion have been proposed [3]-[5], which
typically concentrate on conversion of components specific
to Transformer architecture, like LayerNorm, SiLU/GELU
activations, softmax operators and attention mechanism. Some
researches have also proposed specially designed spiking neu-
ron models to reduce the conversion error [15].

C. LLM Quantization Techniques

Since ANN-SNN conversion methods are built on the basis
of quantization methods, a network should be effectively quan-
tized before applying conversion methods. However, quantiza-
tion of LLMs themselves is non-trivial due to the prevalence of
significant outliers in their weight and activation distributions
[7], which complicates straightforward quantization proce-
dures. This key challenge also potentially hinders the effective
scaling of conversion-based approaches to larger Transformer
models. Recently, several low-bit quantization methods have
been proposed [6], [8], which usually utilize Hadamard trans-
formation and sink tokens to depress the quantization error
while adding small amount of computation. In this paper,
we establish a quantization framework compatible with SNNs
based on PrefixQuant [8], and synergistically integrate it with
our ANN-SNN conversion methods, enabling scaling of ANN-
SNN conversion to 7B-parameter Llama-2 model [16].

III. METHODOLOGY
A. Nonlinear Operator in SNNs

Before delving into the specifics of our conversion method-
ology, we’d like to discuss a fundamental question: why
special handling of nonlinear operators, such as softmax in
Transformers, is necessary for SNNs? Even if they are illegal
in conversion-based methods, why can’t we preserve these
operations in directly trained SNNs? Almost all spiking-based
Transformer architecture choose to drop the softmax and
LayerNorm in the original Transformer for the sake of event-
driven property, without further discussion on the algorithmic
effect.

Obviously, preserving nonlinear operators in conversion-
based SNNs will cause mismatch between activation of

ANN and SNN, thus disabling the conversion method. Con-
sider a nonlinear operator F' and an input spike sequence
{s1,82,...,87}, si € {0,1}. In conversion methods, rate
coding is typically used, giving the encoding % Z¢T:1 s; in
the ANN counterpart. Passing it through the operator will
yield o = F (% Z¢T21 si). On the other hand, passing s;,7 =

1,2, ..., T separately in the SNN will yield 6 = L 3> F(s;)
as the rate encoding at the output end. Since F' is nonlinear,
we have (by Jensen’s Inequality):

1 <& 1 <&
FI=Y si)# = Fs) (1
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Similar arguments can also be found in [4].

Generalizing to directly trained SNN with the assumption of
rate coding, we partition the input spikes into two categories:
active, i.e. 1 = {i|s; = 1}, and inactive, i.e. &g = {i|s; =
0}. We can rewrite the output encoding of SNN as
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where A € 0,1/T,2/T,...,1 is the firing rate. In other words,
the output encoding is only a linear transformation of the input
encoding even if the nonlinear operator is applied. As a result,
inserting a nonlinear operator directly into a rate-coded SNN
is invalid, since it does not provide any nonlinear ability.

To generalize the conclusion beyond rate coding, we prove
that

Theorem 1: Let e(sq,$2,...,ST) RT +— R be the
spike encoding function. If e is a linear function, then
e(F(s1), F(s2),...,F(sr)) is always a linear transformation
of e(s1,s2,....,s7) (i.e. Ie,d € R which do not rely on
si,t = 1,2,..,T, so that e(F(s1),F(s2),...,F(sr)) =
ce(s1, 8o, ..., sT) + d), for any nonlinear operator F.

The proof of Theorem 1 can be found in Appendix A.
Note that a linear encoder function e includes a large set
of encoding functions, including timing-dependent encoding
methods like binary encoding. In conclusion, preserving a
nonlinear operator in SNNs is usually invalid, since it actually
performs a linear transformation on the spike representation.

For Transformers, the nonlinear operators can be classified
into two categories: unary operators, e.g. SiLU, softmax;
binary operators, e.g. attention mechanism. In the following
sections, we discuss the conversion of these two classes of
operators in turn.

B. Optimized Piecewise Approximation for Unary Operators

In the Transformer architecture, unary operators are always
scalar functions or composition of scalar functions. To convert
the nonlinear operator f(z) : R + R into its spiking
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Fig. 1. Comparison between behavior of ReLU-based neurons and Clip-based neurons when fitting a curve. The quantization curve for one neuron is indicated
using dashed lines. The unbounded ReLU curve keeps growing beyond effective range, leading to growth of quantization error.

counterpart, STA [3] proposed to approximate it with a two-
layer MLP (which we refer to as the surrogate network in the
following), i.e.

f(:L‘) =~ WQ(R@LU(xwl + b1)) + ba, 3)

where W, € R™4 W, € R¥™! b; € R% by € R. The MLP
is trained to approximate f(z) and then converted to SNN, so
that the equivalence is ensured. On the other hand, with this
approach, we must account for both the approximation error
and the additional error introduced during the conversion to
SNN. In STA, the network is directly optimized with gradient
descent and randomly sampled data. However, we find that
this implementation leads to a suboptimal SNN. In larger-
scale Transformer models with higher precision requirements,
this approach lead to significant performance degradation, or
requires to expand the surrogate network with larger d, adding
to computation cost.

Note that approximating a scalar function with ReLU-based
network is essentially piecewise linear approximation, and
both fitting and conversion loss should be jointly considered,
we propose a new approximation framework as follows:

1) Choice of Nonlinear Function: The conversion error,
mainly quantization error, is determined by the output range of
the neuron. Under fixed time steps, a larger output range will
lead to larger quantization error. For ReLU-based surrogate
networks, the output of a hidden neuron is an unbounded
and scaled ReLU curve (Fig. la), which will cause large
output range of neuron, especially when the fitting a wide
input range. Actually, a ReLU-based surrogate network is
mathematically equivalent to a Clip-based surrogate network,
with Clip(z) = max(min(z, 1), 0), which is strictly bounded
(Fig. 1b). Quantitative comparison can be found in Fig. 3.

2) Choice of Optimization Method: While gradient opti-
mization with respect to fitting loss is direct and simple,
it remains less competitive in performance. The two-layer
surrogate network is simple enough to have an analytic so-
lution, which allows for finer control over the optimization
process. With d hidden neurons, the network approximates
the nonlinear function f(z) with the superposition of d scaled
Clip curve gi(l‘) = (Wg)lChp((Wl)lx + (bl)z) + by. We

denote that effective range of g¢;(z) as [— ((é"}l))ii, 1(_‘,%1))1],

where 0 < (W7),z + (by); < 1. Assuming that the effective
range of the d neurons do not overlap', we can reformulate
this optimization problem as a piecewise linear approximation
with d segments. Under this formulation, we change the
optimization variables to the d 4- 1 endpoints of the segments
{(z0,y0), (x1,Y1)s ---s (d,yad)}. After that, we use gradient
descent to solve the variables. We decompose the total loss
into fitting loss and quantization loss:

L= szt + Lquant
d g,
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where g;(x) is the 4 th segment, Q;(x) is the T-step quantized
version of g;(x), formulated as
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k=0,1,...,T — 1.
The Lgyant is solved as
- (i — 2i-1)(yi — yi-1)*
Lguant = Z_; i : (6)

For Ly, as f(x) is arbitrary, it’s hard to find the ana-
Iytic solution. Therefore we use numerical integration as a
substitution. In this paper, we use the Simpson’s rule as an
approximation. Let h;(z) = (g;(x) — f(z))?:

!'The assumption is for theoretical analysis. Since all unary operators except
SiLU in this paper are monotonic and convex, but the superposition of two
scaled Clip functions which have overlapping effective range is either non-
monotonic or non-convex (which is provable by enumeration), the assumption
is usually effective. For non-convex functions like SiLU, the assumption leads
to a constrained solution which might not be mathematically optimal.
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where z; 1 = (2; +x;_1)/2. By integrating Eq. 6 and 7 into
Eq. 4, we use gradient descent to solve the variables. Notably,
the optimization process no longer needs sampling data, but
directly solved with respect to optimization variables.

After optimization, we convert the variables into weights of
the surrogate network as

1 Ti-1

;(bl)i =

(W) = Ti— Ti1 (8)

Tj — Ti—1

(Wa)i = yi — yi—1,b2 = yo.

Compared to directly applying gradient optimization meth-
ods on the surrogate network, the proposed optimization is
more intuitive and controllable, with significantly improved
fitting ability. However, activation distributions in LLMs are
typically highly dispersed [7], implying that nonlinear oper-
ators must accommodate an exceptionally wide input range.
Even with the proposed optimization strategy, directly fitting
such a broad range with a compact surrogate network remains
infeasible. In the following section, we’ll show how can we
compress the activation in LLMs for efficient approximation.

C. Range Compression of Activation in LLMs

A compact surrogate network can only achieve sufficient
approximation accuracy within a limited input range. To meet
this requirement, we adopt different strategies for different
nonlinear operators in LLMs:

1) Nonlinear Operator in MLPs: In the MLP of Transform-
ers, nonlinear function like SiLU, GELU are used. All these
functions converge to 0 when x — —oo, so we can safely
truncate the left endpoint of the fitting interval and set all
values below this threshold to 0. In the case of SiLU activation
in Llama-2 7B, we reset the value in [—o00, —5] to 0, which is
equivalent to fix (xg,yo) as (—5,0).

Moreover, the wide input range of these functions is actually
attributed to the presence of outliers. In practice, the vast
majority of activations are concentrated near x = 0, to
incorporate this observation into the optimization process, we
weight the integration intervals in Eq. (4)—(7) according to
the empirical activation distribution sampled from the LLM:

L= Lfit + Lquant

d .
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2) Softmax Operator: We use the numerically stabilized
version of softmax, i.e.

expx’

d P
> i1 CXP T

(10)

As the implementation in STA [3], we regard the softmax
operator as combination of exponential (exp) and inverse (inv)
operator. To compress the input range of exp operation, we
utilize the sparse nature of attention map. With x, < —5,
the impact of «; on the attention map is less than 0.67%
(exp (—5) ~ 0.0067), thus can be discarded and reset to O.
In practice, we truncate the range of «’ to [—5,1].

For the inv operator, we again scale the softmax operator
to control the input range:

softmax(x) = exp (@ — maxz) =

Z?Zl exp (z; — maxx)

expx’ dexpx’
softmax(x) = P = P

Z?Zl exp & ijl Aexp ) .

In practice, A is set to 0.1 with fitting range [0.1, 40].

3) RMSNorm Operator: The operator to be replaced in
RMSNorm is the sqgrt-inv operator f(x) = 1//z. Since
there is a significant shift on input to RMSNorm in different
layers of LLM, we utilize the scale invariance of RMSNorm
operation to normalize the input distribution across layers, i.e.
RMSNorm(xz) = RMSNorm(Ax). We use different scaling
factor v in different layers to ensure stable input range after
scaling. The original activation distributions are sampled from
the LLM using a small number of calibration samples.

(an

D. Conversion of Binary Operators

Binary nonlinear operators in Transformers include dynamic
matrix interaction in attention mechanism and normalization
in softmax and RMSNorm/LayerNorm operations. The con-
version of these operators has already been implemented in
STA [3] and ECMT [4], where a spike-based approximation
algorithm for matrix multiplication is used. In this work, we
directly adopt these existing algorithms. We implement the
algorithm in a parallelized way for efficiency on GPUs.

E. Integration with LLM Quantization Framework

After addressing the conversion of all nonlinear operators
in the LLM, we integrate our conversion methods with state-
of-the-art LLM quantization framework to enable efficient
ANN-SNN conversion under short time steps. We build the
quantization framework upon PrefixQuant [8], which includes:

1) Hadamard Transform: Some pairs of Hadamard trans-
form are inserted into the architecture to reduce the quanti-
zation difficulty of the model while maintaining equivalence
with the original model. Some of the transforms can be merged
into the weights, which we omit in Fig. 2. We consider the
method as compatible for the paradigm of SNNs since

e The randomized Hadamard transform used in the frame-

work is a linear operation whose weights consist only of
1 and —1, involving only addition operations, and is a
extensively validated hardware-friendly algorithm.

o The Hadamard transform is a lightweight operation and

admits fast algorithms with logarithmic time complexity,
i.e. can be computed in O(logd) time for 2 € R,
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Fig. 2. Architecture of the model obtained through ANN-SNN conversion. Based on the original Llama-2 architecture [16], the Hadamard transforms and
quantizers are introduced by quantization framework, and the spiking nonlinear operators (Spike Softmax, Spike Rinv, Spike SiLU and Spike Matmul) are

introduced by methods in Sec. III-B- III-D

2) Prefix Tokens: To alleviate the impact of sink tokens, a
set of prefix tokens is added before the input prompt as a prefix
KV cache in each layer. These prefix can be seen as fixed
weights in conversion as they will not change in inference.

On the basis of PrefixQuant [8], we quantize the () matrix
in attention to be compatible with SNN. A grid search over the
quantization parameters of () and K is performed with respect
to the quantization loss to determine quantization scales.

IV. EXPERIMENTS AND RESULTS
A. Results on General LLM Benchmarks

We evaluate our proposed SNN conversion approach on the
Llama-2 7B architecture with W4A4KV4 static quantization,
converted to SNN with T = 8. Detailed experimental setup
and hyperparameters are provided in the Appendix B.

Table I presents the language modeling performance and
comprehensive evaluation across standard LLM benchmark
tasks. While spiking model exhibits some performance degra-
dation compared to the quantized baseline (approximately 20%
increase in perplexity), the gap is less pronounced on practi-
cal benchmarks, where concrete performance on downstream
tasks, instead of perplexity, offers a more reliable metric.

B. Ablation of Unary Operator Approximation

To separately evaluation the effectiveness of the proposed
piecewise approximation algorithm, we compared different
methods by fitting f(x) = 1/z,z € [0.1,20] with 8 hidden
neurons and 7' = 8. For direct stochastic gradient based
optimization (referred to as SGD method), we replicated the
experimental setup from STA [3] for fair comparison.

The results are shown in Fig. 3. The fitting curve exhibits
sawtooth oscillations due to the unbounded nature of ReLU,
leading to suboptimal approximation when quantized. While
the curve based on Clip is much smoother, naive gradient-
based optimization method tends to converge to a suboptimal
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Fig. 3. Comparison of different algorithms when fitting f(z) = 1/z.

solution, compared to our proposed approximation method.
As quantitative measure, the MSE loss for ReLU-based SGD
method, Clip-based SGD method and our approximation
method are 0.0864, 0.0256 and 0.0006, respectively.

C. Computational Overhead and Energy Consumption Anal-
ySis

We divide the neurons into two categories: neurons obtained
from nonlinear operator approximation (i.e. fitting neurons)
and through ANN-SNN conversion (i.e. quantization neurons).
Fig. 4 shows that layerwise average firing rate of different neu-
ron types. Quantization neurons maintain a low average firing
rate (0.11), contributing to energy efficiency. In fitting neurons,
the average firing rates for rinv, exp, inv, silu operators are
0.374, 0.020, 0.315 and 0.138, respectively. The rinv and inv
operators show higher firing rates, while exp and silu operators
benefit from truncation mechanisms that promote sparsity.

For fitting neurons, our approach reduces the neuron count
to 25%-50% and time steps to 25% of the baseline while
maintaining comparable accuracy, achieving a 65% reduction
in computational cost. Notably, we point out that the energy es-



TABLE I
LANGUAGE MODELING PERFORMANCE AND LLM BENCHMARK EVALUATION

Model WikiText2| | C4) | PQT | WGT | HST | Arc-ef | Arc-ct | LA(ppl)] | LA(acc)T
Original 6.29 7.53 | 77.64 | 70.32 | 56.55 76.05 43.86 4.4255 67.03
Quantized 6.88 8.30 | 77.09 | 68.82 | 54.63 74.62 41.04 5.5365 62.95
Spiking (Ours) 8.27 9.60 | 74.65 | 63.54 | 51.41 72.05 39.51 8.4903 54.94
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Fig. 4. Average firing rate of neurons in each layer.

timation in baseline is not entirely appropriate, as the surrogate
networks cannot be fully fused into previous layers, which in-
troduces non-spiking operations. As a conservative estimation,
we compute the energy cost as £ = TNEyac + TNnE sc,
where T is the time step, N is number of hidden neurons, 7 is
the estimated firing rate and Fy;4c and E 4¢ are energy cost
per MAC and AC operation, respectively. The computational
cost of nonlinear operations in our spiking model amounts to
95% of that in the ANN counterpart. Notably, this does not
imply that the conversion is unnecessary; retaining the original
nonlinear operators [5] would result in computational costs T’
times higher than the ANN baseline. For matrix multiplication
operations dominated by quantization neurons, we adopt the
estimation method in [3]. Our spiking implementation achieves
22% of the energy consumption of equivalent ANN operations
at a firing rate of 0.11, demonstrating the potential for signif-
icant energy savings in large-scale deployment.

V. CONCLUSION

In this paper, we presented an optimized ANN-to-SNN con-
version framework that successfully scales to billion-parameter
large language models. Our contribution includes the piece-
wise optimization for unary nonlinear operators and integra-
tion with modern LLM quantization techniques. The proposed
optimization method use interpretable analytical solutions to
achieve superior stability and reducing computational over-
head by 65% compared to baseline methods. By integrating
with modern LLM quantization techniques, we demonstrated
a successful application of ANN-SNN conversion at 7B-
parameter scale. The converted SNN maintains performance
comparable to quantized ANNs while reducing theoretical
matrix multiplication energy consumption to merely 22% of
conventional ANNS, paving a pathway toward energy-efficient
neuromorphic language models.
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APPENDIX A
PROOF OF THEOREMS

Here we provide the proof of Theorem 1 in Section III-A.
For convenience, we restate Theorem 1 here:

Let e(sy, 82, ..., s7) : RT +— R be the spike encoding func-
tion. If e is a linear function, then e(F(s1), F(s2), ..., F(s1))
is always a linear transformation of e(sy,$a,...,s7) (i.e.
Je,d € R which do not rely on s;,i = 1,2,...,7T, so that
e(F(s1), F(s2),....,F(sr)) = ce(s1,sa, ..., sT) + d), for any
nonlinear operator F'.

Proof: We still classify the input spikes into two cat-
egories: active and inactive, i.e., ®y = {ils; = 0} and
®; = {j|s; = 1}. Denote the linear encoding function as
e(s1,82, ..., 87) = ZiT:1 w;s; + b. Note that this form of
encoding function already allows for coding related to spike
timing, since the weights w; can differ at different times.
Binary encoding is also included in this form (w; = 2777,

We have

e(81,82, ..., ST) = Zwi~0+ Zwi~1+b
i€dg = (12)
= Z w; + b.
i€dy

For the output of the nonlinear operator, denote @ = > ; Wi,

we have
e(F(s1), F(s2),..., F(s1))

> wiF(0)+ Y wiF(1)+b

i€dg iedq
=FO)(@— Y w)+F(1) > wi+b
icdy 1€Pq
13
= (F(1)— FO) Y wi+1) (1
1€Py

+ (F(0O)w + (1 + F(0) — F(1))b)
= (F(1) — F(0))e(s1, 2, -, ST)

+ (F(0O)w+ (14 F(0) — F(1))b).

Therefore, the output encoding e(F'(s1), F'(s2), ..., F'(st))
is still a linear mapping of the input encoding e(s1, sa, ..., ST).
|

APPENDIX B
DETAILS OF EXPERIMENT SETUP

The conversion is evaluated on Llama-2 7B. The quantiza-
tion level is selected to be static W4A4KV4 (4 bit weights, 4
bit activations and 4 bit KV cache) to allow short time steps
and compatibility with SNNs. The signed IF neuron [17] is
used to reduce conversion error. The time step 7" is 8, which
is decided by quantization level and neuron model. To reduce
error during asynchronous spike emission, we synchronize
the spikes every RMSNorm, Attn and MLP block (Fig. 2).
This approach inevitably introduces additional latency, but is
indispensable for preserving model accuracy.

For surrogate networks, we use 16 hidden neurons for SiLU
operator and 8 hidden neurons for other operators. To ensure
that the optimization variables (xq, 1, ..., x4) remain strictly
within the prescribed fitting interval, we reparameterize the
variables as (0,01, ...,04), and let

x; = s + Sigmoid(0;)(z. — x5),i = 0,1,...,d. (14)

where x; and z. are the lower bound and upper bound of the
fitting interval. We use the Adam optimizer with learning rate
of 1e—2, and run the optimization process for 8000 iterations.

In Fig. 3, we replicate the configuration in STA [3] for SGD
based optimization. We use the Huber loss and SGD optimizer
with learning rate of 1e — 2. The MultiStepLR scheduler with
milestones=[500, 800] and vy=0.1 is applied. We do random
sampling with a ratio of U(0.1,20) : U(0.1,1) =1 : 7 to
get points and train the network until convergence. In ReLU-
based networks, we add a penalty term for quantization loss
with ratio of 0.01, and no penalty in Clip-based networks. The
configurations above is the optimal settings obtained through
iterative refinement. It is worth noting that the SGD-based
optimization approach is very sensitive to both the weighting
of quantization penalty terms and the distribution of input
data during training. This sensitivity results in an imbalance
between fitting error and quantization error.



