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BHRMOLZEMGITIX, FE GO —HD
TAIRTH %, EFEFIMRECOTRNZ T RITH
ARRET I F — DEADES, 2 OEIEITHEN
LTWb, LHL. HAERRT LY —3FHiP
RIRICE D RERDPKRELS LT 2720, 2HhD
ATEEMZZANF %25 Z L 3RNETH
5, L7ehioT, KI3EEL I IFREED AT RER
BIFEVKARE L TREE 250, ZDi%IZI3E
MR R TS, ZOREEMIRT 272012
. AR ALY —FHEREEREIC TS
5 ZEDAAIRTHD, ZOEME U TIEMERK
RTHHBRD N5, LFE, IR THNIMERDOE
ETHETMIMZ., REEEPTEHENATED.,
FTTWRHBETHRET V2 L2 /EZ R R D
WEENhTWS, AT, HEYEZHWE
T—X P 7 YRGRKTHE TV OMEE BiE L
%,

REFE

AIFFETIE. HAFDZ R U7 8 #E T
WBWT, BT -2 e BUETRET LD T
HIfiE %= AJ1 & 3 % sequence-to-sequence % F W
7z Convolutional LSTM (ConvLSTM) 12 & %
THFEZRRT 2, M1 ICETVOMEZR
3, ConvLSTM X Shi et al. (2015) 12 & D 2%
SINFETHD ., LSTM OITHIEE % & HA
AHFICEEIA 5 2T, HET — X OALEH
WE R L7 RIRRIIE 21T 5 Z & DSA[RET
HB, AT, B 24 RE OB 7 — &
% Encoder IZAJI L, FHRTDH 24K 18 K
MO Tt > & — ORBETEHE 7L IFS

ok E1E

WHZE 2 RE

12E5 < ERAS W T# % Decoder IZ AT
5, ZOMBIZED., BT — X ZiEHLTH
EFRETNDOTFHEMTT LI LNTEL, X
oo BRETNVEESTHZRHALTED, IFS ©
THHEICAE T ADHME L 20 ZMAET 5 2 &
THRAH 72 R T 215 5,

1: BRET NV OME

RERA

FER M T o~ & — 3RS 2 F R
5 — &% ERAS 2 \7-, BT — & 13,
BT — & L BUETHREF A% 7 — 2 ELTFIEIC
DAL, BEORKDOREEHBE LT —X
TH>b, ERAS ZEIRZ MG L L, 1 REREERE -
0.25 ERRGE DR T 7 — X RT3, AKRifFET
X, ERAS I2&Fh 2 10m OHAEE (ul0)
BLUFEILE (v10) 2Z# L LTHY, HARZH
YT B 64x64 77V v PR MREHE Lk, %
FHARNZ 2022 4E 7 AH 5 2024 4 6 A, AL
fllZ 2024 £ 7 A» 5 8 A, 7 & MARIE 2024
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LT, IFS 2# o< ERAS OEHI T %
Wiz,



BREFLVEE

TAMT—=RIINT 2 FHE SRR E
(MSE) TaHi L 745K %2 £ 1 B LUK 2 1TR
I, MR (1-3 KR SE) T IFS DiEENARTF
BEED P BUIEFHRET VO THIKEED
WZ e DR E Nz, — 77, 4 DR TIEA
FHEDFRED IFS Z FE D, 18 KL & T
FNCIRWEZ R U e Lo T AR
7RI R r — Uiz 81T 2 THRIMERER _RICHF 53
52 DL EIRS T,

ZOWE X AFEDPEEDO BN T — X %
WHT 22T IFS oFHlZMRICHTL T
WBZEWERNT2eEZLND, —F. HHERH
(1-3 FfESE) CTEREUETRE 7L O FRIDEN
TH 270, BEFIEOMERIEE BN S
FTCRE—EDY — FRA LDBRETHZZ D
RN 5,

# 1: MSE
7N th  2n  3h  4h  5h 6h
IFS 0.0307 0.0611 0.0906 0.9129 0.9781 1.0415

IFS+ConvLSTM 0.0322 0.0630 0.0988 0.7402 0.8157 0.8824

ETIL 7h 8h 9h 10h 11h 12h

IFS 1.0902 1.1383 1.1834 1.2188 1.2439 1.2687
IFS+ConvLSTM 0.9355 0.9833 1.0254 1.0606 1.0899 1.1188

ETIN 13h 14h 15h 16h 17h 18h

IFS 1.2906 1.3139 1.3358 1.9586 1.9792 2.0035
IFS+ConvLSTM 1.1481 1.1860 1.2304 1.6506 1.6490 1.6731

2: MSE #£5%

SE XK

Shi, X., Chen, Z., Wang, H., Yeung, D.-Y.,
Wong, W.-K., and Woo, W.-c. (2015). Con-

volutional Istm network: A machine learning

approach for precipitation nowcasting. Ad-
vances in neural information processing sys-

tems, 28.



AEFBZRAVEBEBCHFEETILOHE

RERRERABERE TAWTFERE SnRRITE S ML RRIRRE 1 4 3K KRR

EADBERTH 5 7 — X 2N R & F 5 BT — X it & I 2 TIEDEERE A IS
SNTWVDE. ZOPRTHEL DT —ZHEE L U TElih S 5 KR 7 — & % BAEIR R 5]
R BBAR RN = A X — - NO#ET « SR - BRERETHRABRBHROETY 7
WIH S 5. filZ221F % £ Hormann, Kokoszka, and Nisol [6], Hyndman and Ullah [8],
Hyndman and Shang [7] FFHHIT 5N 5. ABIFETIE AR 7T NVDIFRTH % LU T ORI
HAERE TV (FAR) 2 EE0R e 5 5:

Xerr(u) = o (X,()) (u) + &(w), wel0,1)%, t€Zs, (0.1)

72720 Vo & H = L2([0,1]7 : R) 225 H ~NOIERBEHARTDH 2255, {&en 1FIH
VLR H EOMREZRTEHEBIZ 04 TEZALNS. B te NI LTEL &
X 1,.,Xo EHITH 5.

(0.1) IZBWT Uy BHIEAEHFZTDH 2 55 13RER S W DkA BRHAROET ) V7
WIS EN 5. BlZZ1F % & Shah, Khan, Javed, et al. [12], Chen, Kokoszka, et al. [3], H3%&
Fohs, Uy OHEETFEE LTI Bosq [1] 23425 L 7 Yule - Walker {£%° Cardot, Ferraty,
and Sarda [2] HEZ L7 B-Spline I X 2T EI RSN T VS, 206 OIFFETIEE
AEOBESLAHRKITZEBAN D OFTH Y] D 38210 U CEY)IRIERISGFEZMZ 723 & T
REHERDOIRL — P ZEH L TN 5.

ZD &SI FAR ETNVEHEEFENBA I N TE DR T — X EFTAO SIS &
BRETATHS. —JTREIATANIOVWTD T — X OEFNTOWTUIMIE LRI Lo
72720, ZTARME TR Uy ZRTEERZR D & IR R ERRAILR L2 E R E T L
WOWTHE R D, Uy IERE R E IOV TR 725 & LTI Zhu and Politis [13] Masry
[10], Kurisu [9] 23®HIF 54 5.

IS OHEREHEE | OWHRLZEEN 2B T 2 72 D WS RI { X, hez., KBRS
M MEN 2 EEEZMZT e 2L T05. FBEIEAMERX (0.1) D &S IZRFERYF— XD
MEZ /) X X+ » 21HEE S 2 BRICHEE B QWL ZE) 28 Hy 2 ETHEELWHHTS
%. ZDIDERIIT — X PHEBIRE N E S ORI OV TIIERARHRIN TV S, filx
281 % & Chen and Chen [4], Meyn and Tweedie [11], Hairer and Mattingly [5] 7% £ D#F5E
PRENTH 2. — 5 THEIGTZEE ORI RIZZ DR T < { X hen D & O 2 ffERER
DHERIESTEZE B ORI EATIER W, L L Zhu and Politis [13] Masry [10], Kurisu [9]
TIIBIETIRE R { X, Hen DIEBURE S 272 S 720 D BARN LR FMFITOWTE/REINT
W, Z ZTARIFETIE (0.1) 12 L7235 BBRRERAIDERIR G2 DD D705k
trr527-. £72 (0.1) DPHEEREEZHF O & T Uy OHEERELMRITHN L THiEHTZ 5
Z, ERO—Hle UTHEBEEE 2HWIBEotiaEr 5 2 7.
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Fn, ETEOMNBOLE (1) 2R/ME3 2B e HEER L 35, BoNMERE, /YT X M) v JRIHEER
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Johannes Schmidt-Hieber. Nonparametric regression using deep neural networks with ReLU activation function.
Annals of Statistics, 48:1875 — 1897, 2020.

Sara van de Geer. Empirical Processes in M-estimation, volume 6. Cambridge university press, 2000.
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1 Fi#
By b =2 22T LT 2RERIED —DIT preferential attachment (PA) 23% %, PA TIEXK
DZFDRT v &Y, T RX=Kpel0,1] 2FD2777 G(p) KT 5 :
o Vertex-step: H LW/ — Ko ZEMT 2, BEFED/ — k6 —2D /) —FuZ2FEAT, v Ty
TTHRERN, u DSEITN BRI u DXRBUTLLHIS 2,
e Edge-step: MFD 77 7056/ — R u & v 2FEF, ZOA5OMICT Y Y {u,v} ZBMNT %, u
o NBEINATERITZEN TN u & v DRBUTHBIT 5,
PATE, /=KD 1ETHOLV-T %2R0 57 Gy ZiEmR L LT, FRAITHER p T vertex-step.
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RDOEHHIK D 31D,

EE1.1[1] PAG(p) KBVWT, t—>00DEE my, IXMEER 1T
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LB, TIT M idktchHEzoh3 !

M, = 27]97 M, 2p T(k)L(1+2/(2—p))
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0
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Shrinkage estimators in multivariate normal
distributions with block compound symmetry
covariance structures

SU RBE (KRIRALAS)
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IZH DL EIT, IR MIVOHEERE Z FEHHIREHR DG 6F X 5. Y RE
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Survival Analysis in Astrophysics: from
Univariate to Multivariate
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Observational data in astronomy are invariably subject to truncation due to the detection
limits of observation instruments. When estimating distribution functions of astronomical
statistical quantities from such data, it is appropriate to apply survival analysis of truncated
data. However, survival analysis, which has been developed in the field of statistics, was prac-
tically unknown in the field of astronomy until the 1980s, and astronomers have developed
estimation methods independently of the framework in mathematical statistics. Although
many of the methods devised by astronomers finally converge with survival analysis, they
have been mathematically unorganized, and statistical discussions became systematic only
after the 21st century.

In this work, we introduced a method to estimate a luminosity function of galaxies from
astronomical surveys. This type of analysis is known to be a truncated data analysis. We
start from the discussion for the case on a univariate luminosity function. The estimator
of the univariate luminosity function from truncated data was introduced by Lynden-Bell
(1971) in the astronomical community. Woodroofe (1985) reformulated the Lynden-Bell’s
estimator. He introduced it to the statistical community, and provided a mathematically
rigorous proof on its convergence properties.

However, bivariate counterpart of this problem has been less studied in astronomy. Bi-
variate luminosity function in astronomy is constructed based on a univariate luminosity
function estimated form one primary selection wavelength band. Then, the conditional
luminosity function from the secondary selection band, estimated with the Kaplan—Meier
estimator, is combined. However, this method leads to a biased estimate for the bivariate
function, due to the single-band selection. van der Laan (1996) provided an estimator for
a bivariate distribution function of a doubly-truncated data. Though this is an appropriate
method for bivariate truncation, it drops the information from censored data, which are
inevitably introduced in a 2-band selection. Then, we propose a merged method that can
also incorporate the censored information. This can be achieved by setting the truncation
and censoring variables. Performance verification and application to actual data will be
presented with numerical examination in our future work.

We should note that, in all the related discussions, independence of X and Y is supposed.
However, this independence should be examined carefully. Particularly, in recent deep sur-
veys, the time evolution effect cannot be negligible in the sample. This problem has been
pointed out by some authors (e.g., Efron and Petrosian, 1992). Since this issue will become
more important in future projects, then more mathematically rigorous discussions will be
desired.
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Harnessing Kolmogorov—Arnold
Networks for Accurate and Efficient
Time Series Forecasting

Lingyu Jiang', Fangzhou Lin"2, Michael Zielewski', Kazunori D Yamada'
"Tohoku University ?Worcester Polytechnic Institute
Introduction

Long-term time series forecasting (LTSF) plays a critical role in many real-world applications
such as energy management, traffic planning, and weather prediction. Over the past decade,
deep learning has revolutionized this task. Early approaches relied on recurrent neural
networks (RNNs), particularly Long Short-Term Memory networks (LSTMs), which captured
temporal dependencies but suffered from training inefficiency and limited scalability. Later,
Transformer-based architectures, empowered by self-attention mechanisms, became
dominant by modeling long-range dependencies more effectively. Recently, however, simple
multilayer perceptrons (MLPs) have re-emerged as competitive alternatives, demonstrating
that lightweight architectures can sometimes outperform more complex Transformer-based
models.

Despite this progress, most state-of-the-art MLP-based methods rely on stacking additional
handcrafted modules, such as frequency decomposition or patch mixing layers, to compensate
for the flat structure of MLPs. While these extensions initially boosted performance, recent
benchmark studies highlight diminishing returns, indicating the marginal benefit of adding
complexity is limited. To address this challenge, we propose Kolmogorov—Arnold Networks
(KAN) as a next-generation modeling core. Unlike conventional MLPs, KAN leverages adaptive
spline-based basis functions, enabling fine-grained local modulation of nonlinearities. This
unique property suggests that KAN can serve as a more powerful and flexible foundation for
advancing LTSF models.

Proposed Method: KANMixer

To rigorously evaluate the capability of Kolmogorov—Arnold Networks (KAN) as a modeling
core for LTSF, we designed a concise, yet effective architecture named KANMixer. Unlike
existing approaches that rely on heavy modules and intricate designs, our goal was to keep
the model simple and isolate the contribution of ~ mouwr — [ /" 7!
KAN itself.

KANMixer

integrates two representative

Average

paradigms widely used in LSTF: an explicit
modeling component, which captures multi-scale
temporal dynamics through downsampling and
an implicit modeling component, which
hierarchically fuses temporal dependencies. The
overall ar chitecture is illustrated in Figure 1.

This design not only allows us to examine
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KAN's standalone effectiveness in LTSF but also implicit modeling strategies that dominate

reveals how KAN performs under explicit and current practice. Extensive experiments on
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seven benchmark datasets demonstrate that

KANMixer

achieves performance on par with state-of-the-art models, and even surpasses them on several
datasets, despite its minimalistic design.

Experimental Results

We conducted extensive experiments on seven widely used benchmark datasets, including
the ETT series, Exchange Rate, Weather, and Electricity. KANMixer was compared against
recent state-of-the-art models such as Transformer-based, MLP-based, and KAN-based
approaches. Our results show that KANMixer consistently achieves performance on par with
the best existing methods, and in several cases, surpasses them. Due to space limitations,
detailed numerical results and comparisons will be presented in the accompanying presentation
slides.

Discussion

To further understand the modeling capability of KAN, we conducted a series of controlled
experiments within the KANMixer framework. First, we compared depth-wise variants of KAN
and MLP. The results show that KAN consistently outperforms MLP across all depths, but
stacking beyond three layers fails to provide additional gains and often leads to gradient
explosion, suggesting that both KAN and MLP face optimization challenges at excessive depths.

We also performed component-wise ablation studies. Among the different modules, the
KANbased prediction head contributed the most significant improvements in performance. This
can be attributed to the fact that the final mapping from latent features to forecasts is highly
complex, and the adaptive basis functions of KAN offer superior flexibility in approximating such
mappings compared to conventional MLPs.

Furthermore, we evaluated different basis functions within KAN, including Chebyshev, Fourier,
and Wavelet. Only the B-spline basis function consistently provided superior performance and
stability, highlighting that KAN'’'s effectiveness fundamentally stems from the strong
approximation capacity of B-spline functions.

Finally, we investigated the impact of decomposition priors, a commonly used paradigm in
time series forecasting. Interestingly, while decomposition improved performance when MLP
served as the backbone, it degraded performance when combined with KAN. This suggests
that the adaptive representation power of KAN may be hindered by overly strong handcrafted
structural priors, which restrict its flexibility to learn directly from raw data.

Conclusion and Future Work

In this work, we presented KANMixer, a simple yet effective architecture that employs
Kolmogorov—Arnold Networks as the modeling core for LTSF. Experiments show that KANMixer
achieves accuracy comparable to, and in some cases surpassing, state-of-the-art models, while
remaining structurally concise.

KANMixer remains an efficient model. Compared to large Transformer-based approaches, it

requires far fewer parameters and computations, though its complexity is moderately higher
than the most minimal MLP designs. This balance allows KANMixer to retain practicality while
offering stronger modeling capacity.
The main limitation is computational overhead: training time and GPU memory increase due to
the lack of optimized CUDA kernels for spline operations. These are engineering, not
fundamental, challenges. Future work will focus on efficiency improvements such as kernel
optimization and model compression to broaden the applicability of KAN-based models.
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Modeling Structural Changes in Distributional Data

Jeng-Min Chiou and Yu-Ting Hsu
Institute of Statistics and Data Science, National Taiwan University

Statistical analysis of distributional data has become increasingly important in diverse fields
such as demography, economics, and the social sciences. Such data often evolve over time or
with respect to covariates and may undergo structural changes driven by demographic transi-
tions, economic crises, or policy reforms. Identifying these changes is essential for understanding
how distributions shift in both location and variability. Classical regression methods, designed
for Euclidean responses, are not well suited for this task, particularly when responses lie in

nonlinear metric spaces.

The Wasserstein space of probability distributions provides a natural setting for regres-
sion with distributional responses. It preserves the geometry of densities and offers meaningful
notions of distance and averages. Building on this framework, we develop Fréchet piecewise
regression (FPR), an extension of classical piecewise regression to the Wasserstein space. The
model partitions the predictor domain into intervals separated by unknown breakpoints and fits
regression functions defined via Fréchet means. This formulation allows the predictor-response
relationship to adapt flexibly across segments while retaining the intrinsic geometry of the space.
The framework is flexible enough to accommodate both continuous transitions, where regres-

sion functions remain smooth at breakpoints, and jump transitions, where abrupt changes occur.

Estimation proceeds by minimizing a piecewise Fréchet loss over the entire predictor domain.
The procedure begins with an initial set of candidate breakpoints, obtains regression function
fits, and then updates the breakpoints iteratively until the overall loss stabilizes. For discon-
tinuous breakpoints, additional predictors are incorporated to capture jump effects at segment
boundaries, extending the formulation used in the continuous case. This iterative procedure
yields stable estimates of both regression functions and breakpoint locations. Because the num-
ber of breakpoints is typically unknown, we supplement estimation with a bootstrap-based
selection strategy. Breakpoint significance is assessed through partial regression effect tests
adapted to the Wasserstein setting, and insignificant candidates are removed using a backward
elimination algorithm. To control false discoveries, we apply the Benjamini-Hochberg proce-
dure. These steps are complemented by evaluation metrics such as mean integrated squared
error and an adjusted Wasserstein coefficient of determination, which help determine the ap-

propriate number of breakpoints.

Theoretical analysis shows that the estimated breakpoints converge in probability to their

population counterparts and that the fitted regression functions converge to the true conditional
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Fréchet mean. These results provide a rigorous foundation for the method. The assumptions
underlying the consistency results are mild and allow for multiple breakpoints, ensuring that

the framework applies to a broad range of structural change problems.

Simulation studies further demonstrate the effectiveness of the method. We consider sce-
narios where response distributions are generated from Beta, Gamma, truncated normal, and
log-quantile models, with changes in both location and variability. Across these settings, the
proposed FPR approach yields accurate estimates of regression functions and breakpoints. Com-
pared with two functional principal component analysis (FPCA)—based competitors, one applied
directly to densities and another based on log-quantile density transformations, our method
demonstrates improved predictive performance under the Wasserstein metric and appears more
sensitive to variability changes. While FPCA-based approaches can sometimes miss variability
shifts or introduce estimation distortions, our simulations indicate that FPR more effectively

detects both the locations and characteristics of structural changes.

The methodology is further illustrated through applications in demography and economics.
In analyzing maternal age-at-childbearing distributions, the estimated breakpoints align with
well-documented demographic transitions and policy changes. In a second application to U.S.
housing value distributions, the estimated breakpoints correspond to periods of financial cri-
sis and subsequent recovery. In both cases, the fitted regression functions offer interpretable
descriptions of how societal events may be reflected in distributional changes. Compared with
existing methods, which tend to either oversmooth or miss abrupt variability shifts, FPR cap-
tures structural dynamics more faithfully.

This work relates to several strands of current research. Fréchet regression in metric spaces
has been developed in recent years, while Wasserstein geometry has emerged as a powerful
framework for analyzing distributional data. Structural change detection is well studied for
scalar and functional data, but methods tailored to distributional responses remain limited.
The proposed FPR method bridges these areas by providing a principled, geometry-preserving

approach to detecting structural changes in distributional regression.

In summary, we introduce a framework for regression with distributional responses that
accommodates both continuous and discontinuous structural changes. The proposed approach
combines theoretical guarantees with empirical validation, providing evidence of improved per-
formance relative to existing alternatives, particularly in settings with variability shifts. Future
directions include extending the methodology to high-dimensional predictors and developing
scalable algorithms for large datasets. These contributions suggest that Fréchet piecewise re-
gression offers a versatile and interpretable tool for analyzing distributional data subject to

structural dynamics.
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Nonlinear Trivariate Modal Interval Regression and Its Application to
Spatial Precipitation Data

Sai Yao and Yuko Araki

Graduate School of Information Sciences, Tohoku University

1 Introduction

In regression analysis, mean, median, and mode regression have been widely studied. These three
statistics represent central tendency. The mean is sensitive to outliers, while the median and mode are
more robust. Besides central tendency, the spread of data is also important. Typical measures include
the standard deviation, the interquartile range, and the modal interval (MI). MI is robust to skewness
and outliers, and provides a direct description of the central region of the data. Research on modal
interval regression is limited, since it requires direct estimation of intervals, which is more difficult
than point estimation. MI estimation methods based on distributional assumptions lose generality,
and nonparametric methods such as kernel density estimation (KDE) often give rough results.

In this study, we extend the nonlinear modal interval regression, originally proposed by Yao et
al. (2023) and further developed in Yao et al. (under review), from bivariate data to three variables,
and propose Trivariate Modal Interval Regression (TMIR). First, we estimate conditional MIs with
KDE and convert the bounds into quantile levels. Next, we use bivariate spline surfaces to estimate
the upper and lower bounds at the same time. We also propose a constraint to prevent the estimated
bounds from crossing. The problem is written as a convex optimization problem and solved by the
alternating direction method of multipliers (ADMM). Finally, we show heatmaps of the upper and
lower bounds and the interval width. These plots show how the central region and the degree of
concentration change in space.

2 Methodology: Trivariate Modal Interval Regression

2.1 Definition of the Modal Interval

For three variables, let X,Y be the explanatory variables and Z the response variable. Based on the
conditional probability density function fzxy (2 | z,y), the conditional 100a% MI (for a € (0,1)) is
defined as:

Zup
MI, 7 = [mlo?%,mg?z] = argmin (zup — Zlow), S.t. fzxy(z|z,y)dz =« (1)

(210w 2up] Zlow

2.2 Step 1: Pointwise Modal Interval Estimation

The conditional cumulative distribution function can be estimated by KDE:
n
- Ky (g —x) Ky (s —y) L(2 < 2
FZ|x,y(Z) _ Z’L 1 nl( ? ) 2( ? ) ( ? ) (2)
> izt Ky (i — @) Ky (i — v)
where K} (-) is the Gaussian kernel and hy, ho are bandwidths. At each observation point (z;,y;), the
conditional MI is obtained as

Ml z (i, yi) = mlc(f,%(xi,yi),mz?z(%yi)] '= argmin <2;1p - ﬁiow) ;
[glov 227 3)

St gy (B) = Fglp 4 (877) >
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The upper and lower bounds are then converted into quantile levels:
_ 7 5 A1
i = Frayi (8P, 1= P ().

2.3 Step 2: Simultaneous Regression of Modal Interval Bounds

The asymmetric absolute loss
t>0,

)t >
Joll) = {—(1 —p)t, t<0

yields quantiles by expectation minimization. Using the quantile levels p;, p. from Step 1, we simulta-
neously estimate the upper and lower bound functions §(x,y) and s(z,y) with bivariate splines:

minimize Zw,jpl s(wi,yi))+)\/ |V25(z, y)||*dzdy
s sES( ) (@) Q

Ty (zi — s(zi, y; 25(z,y)||?dx
+;wszi< ( y>>+A/Q||v () |dardy
st. Y(z,y) € Q, 5(z,y) > s(z,y)

Here, S (2 ) denotes the space of bivariate piecewise polynomial splines, w; are weights based on local
density, and A is a smoothing parameter. In this study, we propose the non-crossing constraint
5(z,y) > s(x,y) to ensure that the estimated upper bound is not smaller than the lower bound.

3 Application: Spatial Precipitation Analysis

In this study, we analyzed annual mean daily precipitation data from 2000 to 2011 and estimated
the conditional 80% MI in the Osaka and surrounding regions. The lower bound, upper bound, and
interval width are shown as heatmaps. From the bounds, we can identify where precipitation is
concentrated, and from the interval width, we can see how strongly it is concentrated.

Latitude (°N)
Latitude (°N)

133 1335 134 1345 135 1355 136 1365 133 1335 134 1345 135 1355 136 1365 133 1335 134 1345 135 1355 136 1365
Longitude (°E) Longitude (°E) Longitude (°E)
(a) Lower bound (b) Upper bound (c) Interval width

Figure 1: Estimated 80% MI for precipitation in the Osaka and surrounding region (2000-2011).
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Understanding Excess Return: An Investigation into
the Applicability of CAPM, Fama-French, and

Principal Component Analysis of Equity in Indonesia

Atina Husnaqilati
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Abstract

This study investigates the performance of the Capital Asset Pricing Model (CAPM),
Fama-French Three-Factor Model (FF3M), Fama-French Five-Factor Model (FFSM), and
a Principal Component Analysis-enhanced Fama-French Model (FFPCA) in explaining
stock returns in the Indonesian equity market. Using data from 100 stocks listed on
the Indonesia Stock Exchange (IDX) between 2013 and 2022, the models’ explanatory
power was assessed through cross-sectional regression analysis. The results demonstrate
that FF3M and FF5M consistently outperform the CAPM, with the size (SMB) and value
(HML) factors playing critical roles in explaining return patterns. By contrast, the prof-
itability (RMW) and investment (CMA) factors appear less significant in the Indonesian
context, suggesting market-specific anomalies.

While the PCA-based Fama-French model (FFPCA) yields lower R? values than FF3M
and FF5M, it exhibits higher expected returns, capturing broader market trends and ex-
treme variations in returns. This outcome highlights the complementary nature of PCA
as a data-driven technique. By aligning the number of principal components with tradi-
tional Fama-French factors through a clipping method, the analysis ensures consistency in
interpretation while revealing latent structures that conventional regression may overlook.

A key innovation of this study lies in integrating insights from Random Matrix Theory

(RMT) into the application of PCA. In financial econometrics, RMT provides a rigorous
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framework for distinguishing genuine information from noise in large correlation matrices
of asset returns. Eigenvalues that deviate significantly from the bounds predicted by RMT
are typically associated with meaningful factors, whereas eigenvalues within the RMT
bulk are regarded as statistical noise. By incorporating this perspective, the study enhances
the robustness of PCA factor extraction, ensuring that identified components reflect true
market dynamics rather than random fluctuations. This methodological addition reinforces
the credibility of PCA as a tool for constructing data-driven extensions of the Fama-French
model.

The findings underscore the adaptability of asset pricing models in emerging markets
such as Indonesia, where unique structural features—including higher volatility, liquidity
constraints, and concentrated sectoral exposures—shape return behavior. In particular, the
dominance of size and value effects demonstrates that investors in such markets demand
compensation for risks not fully captured by market beta alone. Furthermore, the integra-
tion of PCA and RMT offers a novel path for refining factor models in environments where
traditional theories may fail to capture complexity.

In summary, this study contributes to both theory and practice. It confirms the relevance
of multi-factor models in explaining stock returns in Indonesia, while also highlighting the
promise of hybrid approaches that merge econometric theory with data-driven techniques
such as PCA and Random Matrix Theory. The practical implication is clear: portfolio
managers and policymakers can improve risk assessment and investment strategies by re-
lying on models that emphasize size and value effects, complemented by RMT-based PCA

to filter noise and identify robust latent factors.

Keywords: CAPM, Fama-French Models, PCA, Random Matrix Theory, Indonesia,

Asset Pricing, Emerging Markets.
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Practical Monte Carlo Methods Using
Piecewise-Deterministic Markov Processes

Charly Andral (Université Paris Dauphine-PSL), Kengo Kamatani (ISM,
JST CREST)

In this presentation, we report a new method to automate and accelerate Monte Carlo
methods based on Piecewise-Deterministic Markov Processes (PDMPs). The focus is on
representative PDMP samplers such as Zig-Zag, Bouncy Particle, Boomerang, and For-
ward Event-Chain (FEC). Existing automation methods combine maximisation of the event
rate A(t) = M(¢¢(20)) (via numerical optimisation) with Poisson thinning, but performance
strongly depends on prior tuning of the optimisation horizon t,,,x. Our contributions are:
(i) automatic adjustment of ¢y, during runtime by a simple rule, (ii) thinning based on a
piecewise-constant upper bound A(¢) constructed on a grid without numerical optimisation
(e.g. Brent’s method), (iii) a unified implementation strategy applicable to general PDMPs
(given flow ¢, rate A, jump kernel @), and (iv) a JAX implementation (pdmp_jax).

Framework: The extended state Z; = (X, Vi) evolves deterministically between events
according to the ODE

d
= F(Zy), Zy = ¢e(Zo),

and events occur according to an inhomogeneous Poisson process with rate A\(Z;). At event

times, the state is updated via kernel ). The next event time 7 satisfies

/OT N¢s(Zo))ds = E, E ~ Exp(1),

but since this is not solvable in closed form, thinning with an upper bound A(t) > A(t) is

used.

Automatic adjustment of t,,,x: If no event occurs in [0, tmax], S€t tmax < @4 tmax; if t00
many proposed events are rejected, set tmax < tmax/@— (a4, a— > 1). As tyax i a numerical
parameter, not part of the dynamics, the invariant distribution is preserved. This balances

the tradeoff between the cost of constructing bounds and wasted thinning rejections.

Grid-based piecewise-constant bounds: Divide [0, tyax] into NV intervals 0 = tg < -+ - <
tn. On each interval, evaluate A(¢) and use monotonicity or derivative signs to assign a safe

constant bound A(¢;). Then 7 can be solved in closed form via

i—1 3
D A(t)AL; < E <Y A(t) At
j=1 j=1

This avoids optimisation at every step. Grid evaluation is vectorisable and robust to non-

convex or multimodal A.
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Application to general PDMPs: For Zig-Zag (\;(t) = [v; O;U(X})]+), Bouncy Particle
(Aps(t) = [VU(X:)Vi]4 + Aret), Boomerang, FEC, etc., different strategies (componentwise,

vectorized, signed) are combined to build safe bounds.

Correctness guarantee: If a rare violation A(7) < A(7) is detected, timax is reduced and

the bound rebuilt, ensuring exactness of the procedure.

Numerical behaviour (summary): Across anisotropic/multimodal distributions, locally
mixing targets, and high-dimensional nearly-convex potentials, combining grid-based bounds
with adaptive ¢.x consistently improved (a) thinning acceptance rate, (b) reduced optimi-

sation cost, and (c) overall runtime.

Installation and minimal example

JAX and pdmp-jax installation:

pip install -U jax
pip install pdmp-jax

Example (Zig-Zag, 3D standard normal):

import jax, jax.numpy as Jjnp

jax.config.update ("jax_enable_x64", True) # set BEFORE using pdmp_jax

import pdmp_jax as pdmp

U = lambda x: 0.5 * Jjnp.sum(x**x2)
grad_U = jax.grad(U)
x0 = Jjnp.zeros(3); v0 = jnp.array([l., -1., 1.1)

zz = pdmp.ZigZag(dim=3, grad_U=grad_U, grid_size=10)
samples = zz.sample (N_sk=20000, N_samples=5000,
xinit=x0, vinit=v0, seed=0, verbose=False)

print ("mean 7 0:", samples.mean(0))

Conclusion: By combining adaptive horizon tuning with grid-based piecewise-constant
bounds, PDMP samplers can be implemented robustly and efficiently without prior tun-
ing. The same framework applies to multiple PDMPs, and the pdmp_jax implementation
demonstrates practical benefits.

This talk is based on “Andral, C., & Kamatani, K. (2024). Automated Techniques
for Efficient Sampling of Piecewise-Deterministic Markov Processes. — arXiv preprint
arXiv:2408.03682.”
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