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E.Edge

Lightweight Framework for Edge Al
Collection

If you like our project, please give us a star .. for the latest update.

User Training Pipeline EdgeRazor Framework
_forward
Student Model | | Teacher Model :_______________________________-___-_____ ___-_':
(nn.Module) (nn.Module) , |Initialization QAT Module KD Module v
n-bit 16-bit 1
A 0 compute_loss

0 : EdgeRazor RO L O] (data, student, teacher)

.init() [
4
I QuantSelect Logits Featur Attention
ini 1 REIAB R, Distillation | | Distilla t Distillation
TrainingData | _ _ _|_ _, A 4 (layer selection)
(Inputs + Labels)
EdgeRazorConfig
load() l Trainer
! apply_quantization ! Obtain
(model, q_config, q_selector) et Quaantized Model
(n-bit: mixed-precision available) 'l (Low-bit Weights)

! A

decR a2 conti > l ' 1 backward
(yaml/json/dict) QAT KD 1

(q_config)| |(d_config) Quantized Model .
with Quantized Modules 1 Total Loss P
(QEmbedding, QLinear, etc.) : (Task + Distill) |
| _ Model Quantization_ _ _|_ | _ oo cccoo-a-d

LAVIDA

Learning And Mining from DatA

- EHUERSREXEE, BFE350M-7BESHE
&, BREMXER. BSMAXEE. S/ESK
tRE.,

- IREUELLSEEET. RiESZHF1.58-bitE4-bitiE
SIRLLISEW, E4aS5MEREXURIFRT.

- thiatErk, =1 JHhE{EA. ﬂ J" REBEeR, Fiee
TCEERNEIIMEERBE Zrmie, KIEkE
{ Eiﬂ?%ﬁ%ﬁﬁﬂ%ﬁ%'—ﬁﬁﬁ%ﬁﬁzﬁo

. i5RR llama.cpp % “TEHEIE" RURIERE, S5
REAFRRN (MAC) . FHUETAREY

Microsoft

Huggingface
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Scaling Law

gEFFIg %Iﬂkﬂjlﬂjr-_yIJﬁ E% 200T Datapoints
ZEMIE ~ 200M/165 B O GPT 3 Scale
2T Datapoints

1B Parameters
GPT-2 Scale

*-—-*

Number of Datasets per Domain Distribution of Average Sequence Lengths (Timesteps / Series)

20.0 domain w
Industry 14 =ty 200B Datapoints T
175 C—
‘ = e M 300M Parameters (@)
Traffic 150 Environment o
) Traffic m
g ©
Environment g2 ©
S ()
°100
Finance % 3=+
=" ll H
Energy 50 II
][]
= wlp=py # Parameters
" 55 25 L BT || I
Others l ]
0 10 20 30 40 50 00

s g g Comprehensiveness

Long-term Forecasting
Total Datapoints per Domain
Distribution of Average Dimensionality (Datapoints / Timesteps)
Others - 8.67B domain
m Energy
= Finance
Finance - 9.30B 40 = Others
Industry
Environment
9 Traffi - a
Taffic _ 20.388 g, I = Imputation Short-term Forecasting
o
g2
E]
Industry 38.418 = — | LM-TS
10 I.= I = TimesNet
62.18B
Environment .III l. -. — GPT4TS
=
0.0 1.0 2.0 3.0 4.0 5.0 6.0 I ll "-l - - ——— PatchTST
Total Datapoints (in 10 Billions) 0 1 100 1K
Average Dimensionality (Log Scale) —  FEDformer
Classification ‘Anomaly Detection 7
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fa() 05 ; Confidence
\Q\?/ \‘\\ 2 GP regression . . : ":
. . 5 < g poins uantification

Uncertainty Analysis N SR vt | i

put/ \ ® & Optimization | i

- x f: v I !
ANRES : | ]

%v \ distribution / -5 | :

<\ -10 S5 1

24 Make Decision |

g / 1

S= B X ] / O 1

(towards KISAI—BIE ) et with Confidence :

9 10 -7

f(x)
Current Forecasting
Alternative hypotheses Probability of hypeotheses

Generalization bound with sequential Rademacher complexity
Eq [Me(x, H, o) >

, . L(h) < Ly(h) +%, | Ce||’7||2\/2 log -
Predictable PAC Learning Theory What are posibl answers % Whats the probablity : : :
to this question? of each hypothesis? Dlscrepancy’ chucntlal COInplCXlty:

ﬂ'iﬁ;ﬂ“%ﬁ_g Eie Qieston ) e estimated from Data related to non-stationarity

What evidence is available
for true hypothesis?

Question in search | [Hypotheses in search| [Evidentiary assessment
of answers of evidence of hypotheses Where -
Abduction  ®—"  Deduction *—" Induction 1
E———H H—=FE E——H Rp=sup | E_ g [E(h(e—(T—i-l))yeT-H)]_T D ViEeer [£(h(e—1), e)]+C
possibly necessarily probably heH —2

Stochastic firing E T AT bl g2 R
u 4 deterministic ﬁﬁi&i&%ﬂ‘ %wﬁiﬁ‘ ﬁw‘lﬂa

BiO-inspir ed Computing Theor y _f_lrln_g :e_glg E - Theorem 12 Let FW’ denote the function space of L-layer stochastic neurons. If Ureser = 0,
e . possible firing Wy < Cyforl € [L), and || X||z < Cx for X € X, we have
?sﬂl’.‘ll'l'%ﬁle region .
deterministic R (L 0 Fw) < Cp Rn(Fww) < nTX (H Cl) (Pmaz) V2, (42)
non-firing region le[L]

Ureset | t ’ where pmax = maX;e[n)1e(r){1 — max{p. pg}} € (0,1) and C,, is a universal constant. 8




3.1. LLM AiREHAE-FEE R Ghikd Ssanrsmnen

School of Intelligence Science and Technology
NANJING UNIVERSITY

BEXMLIR 5|45 TEREL®R Pk =2 A SEABOR
B/ AN/ EF/ migE RIEFR / #5125 RAGHER ERTARIRE / SHER / SA0ER ZHIHRAL. BKP . 1EFF S ARG ERPTERIER
(e6 7 ( O sm1: TEiTe o
XX ]
— ' RIE (BEZENE) . _ . . pxos
@ =R= ' $32%, ERETARE, ®_’ ";estm: { Su;ms’ bl © @ - | O EREISARME
ey - ata“: 1 ...
Kig ggfjﬁ;j] 5] i — 3KJ&: xx.gov.cn/doc/123 } HIE3: IHHMAE 730 BRI
Agent £] g I} g ¥199 X L — s
EE i) L O s®a: T (V)
O E#: 0 - RAGHER (#1231M) SRR start_date = 2024-13-01 O sus: #iEs ® HBSiTE: iTEID 10086
BUETF: B&ID 2001, FEfF -999
. o ARIBA: BT RIBANG
SRS SR R RS 1B AT FIFPID 30021
v
Agent BigLiE LLMERGSE = £ (T =P (2,6)) Agent 5438 SHEHR
O NFIE /Y TEER A v S amm @) mm
KIZBIIR B AY

RS

- ' - : e = ineEs
agentm g py (93 mmum g waatun | — (& Tmen | EEREE
: |

RESHITHR

® BZEA 1 ey e B syt y T, iclEE HEAgent
BEH A X BENLZ%L © BaEbLEG T BEH AL Faccoding
PTZPT(X79) PT:PT(iU,@) T:Pv(l',a) Y=Fdecodi.ng(T)
% KHE(X) = Ptokens)
® {REE
ARBHAE B : RRRDHER
Robices 3 . =
BEHL 1 K 5 SR )
Ty s :
tokens >
MATHEM SEAHEM TR AR EM RIEAHE M




3.2. E&AZAIBERERIICIn Ghikd &S senrsanen

NANJING UNIVERSITY

AERHFHERERARICIE 1TERF, collaboration with ZEEH)

2024.11 2025.11 FUTURE
L ] > > >
B F—CATES: — ST — FEMERRS .
KRS RIS IR LR RIS R IR .
WS
XS REBHE
CORTEEGOEY. RENE. - WTATESHEN SRR
THEEE, BRI ARBARIEE

- ERAEHLI, mMEEE—XAL « N "2 EHE EAR”
e &fﬁ%ﬁﬁﬁ%ﬂ*ﬁﬁ

A il

10




3.3. Bk E BRI R =iz IS Thikd & senrsenen

BB AEERN TS 3

B
pi

The following have been proved:

v

v

ScSNN is a universal approximator to dynamical systems. First

The parameter complexity of SCSNNs can be exponentially smaller than conventional artificial First
neural networks when approximating radial functions.

ScSNN has polynomial approximation efficiency for handling more difficult tasks. Few
ScSNN enables structural stability of the SNN system. First
StocSNN derives the generalization of SNNs. First

The gradient estimation led by StocSNNs 1s unbiased. First
11
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Theorem 1 Let K C R™ be a compact set. If the spike excitation function f,. is l-finite and w; € R

E where i € [n], then for all r € [l], there exists some time t such that the set of IFR functions
I f(-,t) : K — R of the form f(x,t) = Zie[n] w; fi(x,t) is dense in C" (K, R).
i: ScSNNs can Studies Universal Approximation
1u . . . weight activation | complexity
i universally approximate discrete | G. cybenko (1989) Real-valued sigmoidal | Finite depth, Exponential width
dynamical systems. Zhang & Zhou (2022) | Real-valued spiking Finite depth, Exponential width
F. Voigtlaender (2023) Complex-valued | -- Finite depth, Exponential width

Theorem 2 Given a compact set K™ C R™, a probability measure i, and a radial function
g : K™ — R. For some apposite spike excitation function f. and any € > 0, there exists some time t.
such that the radial function g can be well approximated by a one-hidden-layer scSNN of(f)(le‘r’/ 4
spiking neurons, that is, R

[f(x,t) —g(x)||L2u) <€ ===
’ ¥

Theorem 2 [Zhang, Gao, &Zhou. Neural Netw’2022]
ScSNN: O(Cm™) | polynomial

o N 32 WO

i}

there exists a constant 6 > 0 such that

Eann (fr(2) — f(2))” >4,

for any one-hidden-layer real-valued network jp, -
R2¢ 5 R with exponential parameter immber . .
O(Cr(2d+ 1)6C1CD) Harer € s can comstunt jhdeporn. The parameter complexity of SCSNNs can be exponentially

denttod. S _ P smaller than ANNs when approximating radial functions.

-

_ —=—> ANN: O(C;(2d + 1)e“* 9} exponential

0

-

12
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3.3.2. Bkrh#EERERYZCIEIE

(C)FCx
< < > t7
R, (L o Fiy) < Gy R (Fiy) < r
where Pmax = MaX;e[n) )il — max{p pg}} € (0,1) and C,, is a universal constant.

Theorem 1 (Generalization Bound for SNNs) Let H denote the function collection of L-layer
SNNs with the width of N,, on the time interval [0, T, the hypothesis space H is universally bounded
according 1o || f||co < Ny for f € H, D is the distribution of sample variables (X,y), Sy, indicates

the collection of n pairs of training samples (X;,y) where i € [n], and Lo(S,,) denotes the dat/z—
dependent L? metric space. Assume that the norm value of connection weights is finite, thay is,
||w| < My. Let h : [—Nys, N¢| x [Ny, Nf] — R denote the non-negative loss function, which
satisfies that /

i) h(-,-) is upper bounded by M, i.e., h(f, f') < My, for all f(-), f'(-) € [-Nyg, Ny|, II
i) for any fixed f € ([—Ny, Ny|, the mapping y v+ h(f,y) is Ly-Lipschitz for some L;, 0.

Then with probability at least 1 — & where § € (0, 1), we have the generalization bound asyollows

I
. . log(2/6
B(f) < B(f) + 2L 5, () + By [ B K
. /
where E(f) = E(z 4)~p[h(f(w,X),y)] denotes the expected error, E(f) = n~' 377" 4 h(f(w,Xi,yi))
denotes the empirical error, and the empirical Rademacher complexity S?in(’H) is})ﬁunded by

3
. 128 TN; N2 log 2 21og 2
Rn(H) < WO 39, /2298
3™ i”’
—-— - -

where Ny € O[(TM,,)E exp(—TL)|J= = ==~

DiRF S mwnzssnen
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IR ETF Rademacher Complexity RIBK/ARIZMILEZILTR

Theorem 12 Let F3)° denote the function space of L-layer stochastic neurons. If Upeser = 0, 2
W2 < C) forl € [L], and || X||2 < Cx for X € X, we have PRt > Bjﬁ*"lagg SNN Eg;imﬁ (JMLR 2024)

7/
1 € | @ua) &2 - =~ (42)
le[L]

Rademacher complexity of stochastic neurons can be upper bounded
by an exponential function that consists of the network depth and
excitation probability.

> 18 SNN iZ{tR (arXiv 2026)

-
e

Empirical Rademacher complexity is exponential to the network
depth and the maximum time duration of the received spike
sequences, superlinear and subquadratic to the network width,
polynomial to the parameter norm, and inverse linear to the number
of training samples.

Table 1. Progresses on generalization bounds of SNNs.

Studies | Configurations | Approaches | Generalization Bounds
. R Single neuron S o S . N
Maass & Schmitt (1997) with Temporal Coding VC Dimension VC € Q(nlogn) with regard to n samples
L . ) o VC € Q(LN,, log(LN,))
Schmitt (1999) Binary and Analog Coding VC Dimension where L is the network depth.
Neuman et al. (2025) Affine Network Covering Numbers | Noe €O ((:zzN;',’/ 2 48LN,,,M,‘;’,) nexp (3N2 )

Rademacher Complexity | 9t () € O (CE phiz! V/?) where puax € [0,1]

Zhang et al. (2024 Stochastic firin
- G050 s Dropout and C,,, universally relates to parameter w.
Common-used Expressions | Rademacher Complexil -
L) in Eq. (1) Covering Numll:ets Y Ru(H) €O ("'_‘M‘f"N':‘;’/2 T exP(_TL))

13
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