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Abstract: The success of large-scale pre-training paradigm, exemplified by Large
Language Models (LLMs), has inspired the development of Time Series Foundation
Models (TSFMs). However, their application to financial candlestick (K-line) data remains
limited, often underperforming non-pre-trained architectures. Moreover, existing TSFMs
often overlook crucial downstream tasks such as volatility prediction and synthetic data
generation. To address these limitations, we propose Kronos, a unified, scalable
pre-training framework tailored to financial K-line modeling. Kronos introduces a
specialized tokenizer that discretizes continuous market information into token
sequences, preserving both price dynamics and trade activity patterns. We pre-train
Kronos using an autoregressive objective on a massive, multi-market corpus of over 12
billion K-line records from 45 global exchanges, enabling it to learn nuanced temporal
and cross-asset representations. Kronos excels in a zero-shot setting across a diverse
set of financial tasks. On benchmark datasets, Kronos boosts price series forecasting
RankIC by 93% over the leading TSFM and 87% over the best non-pre-trained baseline.
It also achieves a 9% lower MAE in volatility forecasting and a 22% improvement in
generative fidelity for synthetic K-line sequences. These results establish Kronos as a
robust, versatile foundation model for end-to-end financial time series analysis. Our
pre-trained model is publicly available at https://github.com/shiyu-coder/Kronos

Introduction

A. Application of TSFM into Financial: Within this expanding research landscape,
financial markets stand out as a critical and challenging application area for
TSFMs, given their inherent data richness, highfrequency observations, and
complex, non-stationary temporal dynamics. At the core of this domain are K-line
sequences, multivariate time series derived from candlestick charts that record
Open, High, Low, and Close
prices, along with trading Volume and Amount (Turnover)
over fixed intervals (OHLCVA).

B. Nhirng van dé cta viéc ap dung TSFMs vao financial K-line data:

o K-line sequences exhibit unique statistical properties—such as low
signal-to-noise ratios, strong non-stationarities, and intricate, high-order
dependencies among OHLCVA attributes (Zhang and Hua 2025; Baidya and
Lee 2024 )—that are often misaligned with the inductive biases of generic
TSFMs
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e Second, the financial domain has largely been underserved by mainstream
TSFM research; financial sequences constitute a minor fraction of
pre-training corpora for most existing TSFMs (Das et al. 2024; Gao et al.
2024; Xiaoming et al. 2025) , and the spectrum of downstream tasks critical to
quantitative finance—spanning volatility estimation, synthetic sequence
generation, and risk management—remains largely unaddressed

C. Solution
Kronos, a unified, scalable pre-training framework designed specifically for
financial K-line data:
- employs a specialized tokenizer to discretize K-line inputs into a
sequence of compact tokens
- undergoes autoregressive pre-training on over 12 billion K-line records
drawn from over 45 global markets and 7 temporal granularities.
Efficacy’s Validations:

- Price series forecasting: Kronos dat state-of-the-art, tang RankIC 93% so
vé&i TSFM tét nhat va 87% so véi baseline khdng pretrain toét nhat

- Volatility forecasting: MAE thap hon 9%

- Synthetic K-line generation: generative fidelity cai thién 22%

- Tdng quan: két qua cho thay hiéu qua rong va tinh da dung clia Kronos
trén nhiéu tac vu dinh lwong tai chinh
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Il. Preliminary

Mbi quan sat K-line tai thoi diém t dwoc biéu dién thanh vector xt € RD; trong
bai nay D=6 twong (rng OHLCVA.
Cho chuéi lich st x(1:T) = (x1, X2, . . ., xT ), muc tiéu |a dw bdo H buwéc tiép
theox'T+1:T+H = (XT +1, x'T +2, . . . , X’T +H) theo bai toan forecasting
chuan.
Thay vi dw bao truc tiép trén sé thuc, Kronos lvgng tir hda méi xt thanh token
r&i rac bt bang mot codebook hoc dwoc C, bién chubi lién tuc x1:T = (x1, . . .,
xT ) thanh chudi token b1:T = (b1, ..., bT).
Bai toan dy bao dwoc chuyén thanh mé hinh héa chudi token theo co' ché tw hoi
quy:
H
p(briirr4m | brr) = HP(bT—Hz | br.r+h—1).
h=1

Cach biéu dién roi rac nay giup mé réng tw nhién sang cac tac vu mang tinh
sinh: dw bao gia, suy ra volatility tr quj dao dy bao, va sinh chudi K-line téng
hop bang cach generate token rdi decode vé OHLCVA.

lll. Methodology

A. Kronos abstracts financial K-line sequences as a discrete language and

implements this via a two-phase framework:

(1) K-line Tokenization: A specialized Transformer tokenizer quantizes each
OHLCVA bar into a discrete token via a learnable codebook, structured as coarse
and fine subtokens enforced by hierarchical reconstruction to capture multi-scale
information.

(2) Autoregressive Pre-training: A decoder-only Transformer is trained on the
token sequences with next-token prediction, sequentially generating coarse then
fine subtokens conditioned on history to learn a high-fidelity hierarchical
representation of market dynamics.

K-line Tokenization Autoregressive Pre-training
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K-line Tokenization
Muc tiéu

Chuyén chubi K-line lién tuc x = (x1, . . ., xT ), xt € RD (OHLCVA) thanh chuéi
token roi rac b=(b1,...,bT) d& phuc vu mé hinh héa tw héi quy & Phase 2.

Xay dung token c6 cAu tric phan cap coarse-to-fine nham biéu dién dong lwc thi
trwdng da thang do.

Kién truc Tokenizer
Transformer-based autoencoder gém 3 khéi chinh:
o Encoder Eenc ma hoa mdi K-line item thanh latent lién tuc &t.

o Quantizer Q: lwgng t&r hoa &t thanh ma nhj phan theo BSQ.
o Decoder E__: giai m& token dé tai tao lai tin hiéu gbc va tao tin hiéu hoc

cho tokenizer.

Quantization bang Binary Spherical Quantization (BSQ)

BSQ anh xa latent lién tuc &t thanh ma nhj phan k-bit:

o bte{-1, 1}k thédng qua chiéu I&n cac hyperplane hoc dwoc.
Poéng co lwa chon:
o Biéu dién rai rac gitip bai toan downstream chuyén thanh du doan phan
loai/token thay vi hdi quy truc tiép.

o klén tang strc bidu dat nhwng kéo theo vocabulary kich thuwéc Zk, gay
nang cho mé hinh tw hdi quy.

Factorization token thanh subtokens (n = 2)

P& tranh vocabulary khdng 16 2°, tach k-bit code thanh 2 khdng gian con:

o Coarse subtoken b’ € {— 1, 1}

o Fine subtoken bfe {—1, 1}k/2

o Tokendaydib = [b],b]]

Hé qua tinh toan:



o Thay 1 dw doan trén 2" bang 2 dy doan tuan tw trén 22 giam manh chi
phi tham sb va tinh toan ctia embedding/projection trong Phase 2.

Ham mat mat phan cap dé ép cau truc coarse-to-fine

e Muc tiéu téng:
o Ltokenizer = Lcoarse + Lfine + ALquant

e Thanh phan:
2
_ C
o Lcoarse =Elx —E,_ (b))l

m Budc coarse subtoken hoc phan ciu trdc chinh, tai tao mirc thé.
. _ 2
o Lfine=Elx Edec(b)ll
m Budc token day du (coarse+fine) tai tao chat lwgng cao; fine
subtoken hoc phan residual dé tinh chinh.

o Lquant: loss cia BSQ, regularize khoang cach gitra latent & va binary
code b dé 6n dinh lwong ti hoa.

Y nghia thiét ké

e Token thu dwoc mang tinh phan cép:
o Coarse subtoken dai dién théng tin thd, dong vai tro scaffold.
o Fine subtoken bd sung chi tiét, ma héa phan bu dé& nang chét lwong biéu
dién.
e Tao diéu kién cho Phase 2 dw doan theo thi tw coarse roi fine, md hinh héa phu
thudc ndi bo token moét cach céd chi dich.
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. Hierarchical Autoregressive Modeling
Muc tiéu va phan ra xac suat
Dau vao la chubi token roi rac b={b1,...,bT} sau tokenization, v&i mbi token c6
cAu tric phan cap

o bt = [b:, bf] gdm coarse subtoken va fine subtoken
Dung decoder-only Transformer Ear v&i causal attention d& md hinh héa phan
phdi chung ctia chubi:

o p(b) = ]'[lep(bt | b<t), trong do b<tlé toan bo token trwdc thoi diém t
Ap dung chain rule dé hién thuc hoéa phu thudc coarse-to-fine ngay trong xac
suét diéu kién:

_ c f c

© p(bt | b<t) - p(bt | b<t) ’ p(bt | b<t' bt)
Y nghia thiét ké:

o Coarse dwoc sinh trwdc dé dong vai tro scaffold

o Fine dwoc sinh sau dé ma hoéa phan residual, hoan thién token & murc chi
tiét

Xay dwng vector dau vao theo tirng time step
V&i méi thoi diém i, hai subtokens dwoc embedding ddc lap bang hai bang
embedding khac nhau:
o e (b)) cho coarse, ef(b’;) cho fine
Ghép hai embedding va chiéu tuyén tinh dé tao vector dau vao hgp nhat:
o v =W, (e b)ie DD
o [;]la phép ndi vector; quse la ma tran hoc dwoc dé dua vé latent space

fuse

ctia mé hinh
Chudi dau vao {v1,...,vt-1} dwoc dwa qua Ear(causal) dé thu hidden state theo
nglr canh; hidden dai dién cho lich sir dén t-1dwoc ky hiéu:
o h=E (v_) (paper mo ta la final hidden state khi xtr ly b<t)

Dw doan coarse subtoken

T history vector ht, dung head tuyén tinh W tao logits va softmax dé ra phan
phdi coarse:
o p(b: |b_) = softmax(W h)



e Day la budc dy bao mirc thd & thdi diém t, doc lap véi fine.

Dw doan fine subtoken c6 diéu kién trén coarse

e D& mo hinh hoa dung diéu kién p(b’: |b_,, bZ), paper cap nhat ngir canh bang

coarse da dw doan:

~C

o Trong training, coarse khdng teacher-forcing; dung bt dwoc sample tw

p(b 1b_)
o Muc dich: gidm exposure bias, khé'p véi inference multi-step (khéng céd
ground-truth token twong lai)
e Co ché cap nhat dung cross-attention:
o Query: embedding cla coarse dy doan ec(/l;t)
o Key/Value: history vector h,

update

h
t
update
t

o p(b{ |b_,b) = softmax(W

= CrossAttn( q = ec(/I;t), k=v= ht)

o TUh , dung head W, dé dw doan phan phdi fine:

update
. )

Ham muc tiéu huan luyén (negative log-likelihood)
e Téi wu log-likelihood ctia ca hai bwéc dw doan tai moi thoi diém:
T
Lo = —Epp Z [log p(b¢|by) + log p(bf by, ()}fj}

t=1

e D la phan phéi di¥ liéu tokenized (tir corpus K-line sau Phase 1).

Quy trinh inference
Tai mbi time step t:

1. T lich st token da cé bt, Transformer cho ra ht

2. Sinh coarse: sample hoac argmax tw p(b: | b<t)

3. Cap nhat ngl¥ canh bang cross-attn v&i coarse vira sinh



. . N f c
Sinh fine tw p(b, 1b_.,b)

Ghép lai thanh bt = [bi,b{] , append vao chudi va lap sang t+1

Model Pre-training
Dataset

Xay dwng bd di¥ liéu K-line tai chinh quy mé I&n va chét lwong cao phuc vu tién
huén luyén.
B&i canh: di liéu tai chinh toan dién va dwoc lam sach ky lwdng con han ché so
v&i cac bd div liéu chudi thoi gian tbng quat.
Quy mo dir liéu:

o Hon 12 ty quan sat.

o 7 tan suét 1y mau.

o Nhiéu loai tai san.

o 45 san giao dich toan cau.
Thiét ké pipeline lam sach di¥ liéu chuyén biét cho K-line:

o Phat hién va loai bd cac doan gia bién ddng bét thuwong.

o Loc cac giai doan thanh khodn thap hoéac khoéng cé giao dich kéo dai.

o Dam béo tinh nhat quan va dé tin cay ctia chudi OHLCVA.

Model Training

Thiét ké dwa trén nguyén ly scaling laws quan sat trong huan luyén LLM.
Huan luyén ba bién thé Kronos vé&i s lwong tham sb tang dan.
Mb hinh I&n nhat gan 0.5 ty tham sé.
Muc tiéu: can bang gitra hiéu nang dw bao va chi phi suy luan.
Gi&i han do dai ngir canh tbi da & 512 token do rang budc tai nguyén va yéu cau
trién khai thuc té.
Hb tro linh hoat cac chan tréi dw bao théng qua di liéu da tAn suét:
o Dt lieu 1 phut cho dw bao ngén han.
o D liéu ngay cho dy bao trung va dai han nhw tuin hoéac thang.

Layers dmoder di Heads Vocab. (2%) Params

KronoSemay 8 512 1024 8 20 24.7M
Kronosy,.. 12 832 2048 16 20 102.3M
Kronosjg,ge 18 1664 3072 32 20 499.2M




Inference

e Sinh chudi token twong lai theo co ché tw héi quy, twong tw mé hinh sinh van
ban.
e Diéu khién tinh ngau nhién bang:
o Temperature scaling.
o Top-p sampling.
e Xac suét ldy mau token i tr logits z:
o p,xexp(z/T), v6i T la tham sb temperature.

e Débi v&i cac tac vu yéu cau do chinh xac cao:
o Sinh nhiéu quy dao dw bao twong lai bang Monte Carlo rollouts.
o Giai ma vé gia tri lién tuc va 4y trung binh cac quy dao.
o Tang do 6n dinh va cai thién chat lvong dw bao.
e Thuc nghiém cho thdy phwong phap nay cai thién nhat quan hiéu nang dw bao.

IV. Experimentals

Muc tiéu ctia phan thuc nghiém la danh gia toan dién Kronos nhw mét foundation
model cho di¥ liéu K-line tai chinh, théng qua mot bé thi nghiém bao phu ca bai
toan dy bao va sinh di liéu, ddng thei kiém chirng kha nang chuyén héa thanh
hiéu qua dau tw thuc té.

(a) Price Series Forecasting
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Figure 4: Main experimental results across five representative financial tasks. Subfigures (a-c) show forecasting performance
on price series, returns, and realized volatility. Subfigure (d) displays generative model performance in terms of fidelity and
usefulness. Subfigure (e) presents the investment simulation backtesting results.



A. Experimental Setup
Nhém tac vu danh gia
B thi nghiém gdm ndm tac vu dai dién, chia thanh ba nhém chinh:
Tac vu dw bao (Predictive tasks)

e Price series forecasting
e Return forecasting
e Realized volatility forecasting

Céc tac vu nay do lwvdng kha nang mé hinh hoa dong Iwc thi trwérng va chét
lwveng tin hiéu dy bao.

Tac vu sinh dir liéu (Generative task)

e Synthetic K-line generation
Danh gia kha nang hoc phan phéi di¥ liéu va tai tao dong luwc thi trudng.
Tac vu mé phéng dau tw (Investment simulation)

e Mb phéng chién luvoc long-only trén thj tredng thue té

Danh gia kha nang chuyén héa tin hiéu dw bao thanh loi nhuan dau tw do lwdng
duwoc.

B. Hé théng baseline

Kronos dwoc so sanh véi 25 mé hinh baseline dai dién cho bén hwéng tiép can
khac nhau:

Full-shot time series models
Céac mé hinh hién dai huén luyén truc tiép trén downstream task, khéng tién
huén luyén nén tang.

Zero-shot time series foundation models
Céac TSFM tién huén luyén da mién, danh gia theo thiét 1ap zero-shot trén di liéu
tai chinh.



Econometric volatility models
Cac md hinh kinh té lwong cb dién nhw ARCH va GARCH cho bai toan volatility
forecasting.

Generative time series models
Cac mé hinh sinh chudi nhw Diffusion-based, VAE-based va GAN-based.

Cach lwa chon baseline bao dam so sanh céng bang gitra cac paradigm: hoi quy
lién tuc, md hinh xac suét, mé hinh foundation tdng quat va mé hinh sinh chuyén
biét.

. Main Results

Prediction Tasks
Kronos dat state-of-the-art nhat quan trén ca ba tac vu forecasting.
Price series forecasting

e RankIC cai thién 93% so v&i TSFM manh nhét.
e Cai thién 87% so v&i md hinh khéng tién huén luyén tét nhét.

Return forecasting
e IC va RankIC déu vuwot trdi so véi toan bd baseline.
Realized volatility forecasting

e Giam MAE.
e Tang R?so v&i cac phwong phap canh tranh.

Mot két qua quan trong la khi tdng kich thwéc mé hinh tir small — base — large,
hiéu nang cai thién déu dan. biéu nay xac nhan tinh hop |é cta scaling laws
trong bdi canh foundation model cho chudi thoi gian tai chinh.

. Generative Tasks

Chét lwgng di¥ liéu sinh dwoc danh gia theo ba tiéu chi:

Diversity
DPanh gia mrc d6 bao pht phan phéi dir liéu that.

e S dung t-SNE dé chiéu di¥ liéu that va di liéu sinh vé khéng gian 2D.



e SU dung Kernel Density Estimation dé so sanh phan phbi.
Kronos cho mtrc chéng 14p phan phéi cao hon va bao phu tét hon khéng
gian di¥ liéu that.

Fidelity
Danh gia tinh chan thyc cta di liéu sinh.

e S dung discriminative score, do kha nang phan biét giira di¥ liéu that va
di liéu sinh.
Kronos dat fidelity cao nhat, tlrc di¥ liéu sinh kho bj phan biét.

Usefulness
Danh gia tinh hiru dung ctia di¥ liéu sinh cho downstream task.

Ap dung giao thirc Train-on-Synthetic, Test-on-Real.

Huén luyén mé hinh dw bao trén dir liéu sinh.

Danh gia IC va RanklIC trén tap test that.

Kronos dat két qua cao nhét, chirng minh di¥ liéu sinh khéng chi giéng
that ma con hiru ich cho dy bao.

Hiéu nang sinh di liéu ciing tang khi kich thwéc mé hinh tang.

Table 2: Ablation study dissecting the architectural choices of Kronos. We compare our model against variants targeting dif-
ferent Prediction Spaces (continuous vs. discrete) with corresponding Training Objectives. Direct-AR serves as a standard
regression baseline. Prob-AR evaluates the benefit of probabilistic modeling in the continuous space. Kronos-Parallel ablates
our sequential subtoken design by predicting subtokens concurrently. Best results are in bold.
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Figure 5: Visual comparison of generative models on the dataset of Shanghai Stock Exchange, 15-minute frequency. Top row:
t-SNE embeddings of original (red) versus synthetic (blue) data. Bottom row: Kernel Density Estimates (KDE) of original

versus synthetic data.

E. Investment Simulation



Dé kiém chirng tinh thyc tién, tac gia thwe hién mé phdng chién lwoc long-only
trén thj trwrong Chinese A-shares:

e Xé&p hang cb phiéu theo tin hiéu dw bao cta tirng md hinh.
e Chon top-k cb phiéu dé xay dwng danh muc.
e Tinh toan hiéu suét theo thoi gian.

Kronos dat:

e Annualized Excess Return cao nhét.
e Information Ratio cao nhat.

Diéu nay cho thay cai thién vé IC va RankIC thuc sw chuyén héa thanh lgi nhuan
dau tw.

Ablation Study
Ablation tap trung vao hai cau hdi cét I6i:

e Hiéu qua clia framework r&i rac va tw hdi quy so véi mé hinh héa lién tuc.
e Anh huéng cla kich thwéc vocabulary.

Analysis of Modeling Paradigms
So sanh bbn bién thé:
Direct-AR

e Khdng gian lién tuc.
e Hbi quy trwc tiép véi MSE.

Prob-AR

e Khdng gian lién tuc.
e M& hinh xac suat véi phan phdi Student-t mixture dé& xt ly heavy-tail.

Kronos-Parallel

e Khodng gian r&i rac.
e Duy doan coarse va fine subtokens déng thoi.

Kronos (Sequential)

e Khong gian roi rac.
e Du doan coarse trwéc, sau do fine cé diéu kién trén coarse.



Két qua:

e Cac mb6 hinh r&i rac vwot trdi so véi mo hinh lién tuc.
e Du doan tuan ty coarse — fine tét hon dy doan song song.

Két luan:

Viéc mé hinh héa phu thudc ndi bd gitra cac subtokens 1a yéu té quan trong, va
khéng gian r&i rac phu hop hon véi déc tinh phan phéi ndng dudi va phi tuyén
ctia di¥ liéu tai chinh.

Price Series Forecasting Return Forecasting Volatility Forecasting
Model Prediction Space  Training Objective -

IC (1) RankIC (1) IC(T) RankIC (1) MAE () RZ (1)
Direct-AR Continuous Mean Squared Error (MSE) 0.0212 0.0149 0.0416 0.0399 0.0565 0.1608
Prob-AR Continuous Negative Log-Likelihood (NLL)  0.0179 0.0102 0.0356 0.0329 0.0464 0.1383
Kronos-Parallel  Discrete Cross-Entropy 0.0345 0.0226 0.0529 0.0505 0.0461 0.1784
Kronos.,,..;; Discrete Cross-Entropy 0.0431 0.0254 0.0665 0.0622 0.0384 0.2490

Table 2: Ablation study dissecting the architectural choices of Kronos. We compare our model against variants targeting dif-
ferent Prediction Spaces (continuous vs. discrete) with corresponding Training Objectives. Direct-AR serves as a standard
regression baseline. Prob-AR evaluates the benefit of probabilistic modeling in the continuous space. Kronos-Parallel ablates
our sequential subtoken design by predicting subtokens concurrently. Best results are in bold.

Impact of Vocabulary Size
Tac gia phan tich anh hwéng ctia kich thwéc vocabulary 2”k:

Vocabulary Ién hon — biéu di&n min hon.

Giam quantization error.

Cai thién reconstruction quality.

Déng thai cai thién IC, RankIC va R? trong forecasting.

Két qua cho thay do chinh xac biéu di&n & phase tokenization cé anh hwéng truc
tiép dén hiéu n&ng downstream.



Reconstruction Performance Price Series Forecasting
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Figure 6: Impact of vocabulary size on model performance.
We plot reconstruction quality and downstream forecasting
performance as vocabulary size increases.

G. Test-Time Scaling

M6t wu diém ndi bat ciia framework sinh xac suét la kha nang cai thién dy bao
tai inference ma khéng can huén luyén lai.

Co ché:

e T cing mét context, md hinh sinh nhiéu quy dao twong lai khac nhau.
e Trung binh cac quy dao dé tao dw bao cudi cuing.

Quan sat thyrc nghiém:

e IC va RanklIC tang khi tang sé lwgng sample.
e Averaging giam phwong sai do stochastic sampling.
e Du bao 6n dinh va robust hon.

Ham y thuec tién:
e Co6 thé danh dbi gitra chi phi tinh toan tai inference va dé chinh xac mong

muén.
e Khong can thay déi tham sd mé hinh dé& nang cao hiéu néng.
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Figure 7: Impact of the number of inference samples (N) on
forecasting performance.The lines represent the mean per-
formance over 5 runs with different random seeds, while the
shaded areas indicate the standard deviation.

Két luan tir Section 4
Phan thwc nghiém chirng minh:

Kronos vwot troi trén ca dw bao va sinh di liéu.
Discrete hierarchical autoregressive modeling phu hgp v&i tai chinh hon
hdi quy lién tuc.

e Scaling law van gilr vai trd quan trong trong foundation model cho chuéi
th&i gian.
Biéu di&n ro&i rac chat lwong cao dan dén cai thién downstream ré rét.
M6 hinh c6 kha nang Chuyén hoa tin hiéu dw bao thanh hiéu qua dau tw
thuc té.

e Test-time ensembling cung cAp mét co ché mé rong hiéu nang linh hoat.

V. Conclusion

In this work, we introduce Kronos, a foundation model specifically designed for financial K-line
sequences. Kronos employs a novel two-stage framework, where an instancebased tokenizer
first discretizes continuous market data into hierarchical coarse-to-fine tokens, which are then
modeled by a large autoregressive Transformer. Comprehensive empirical evaluations
demonstrate that Kronos establishes new state-of-the-art benchmarks in price series
forecasting, as well as in other relevant applications such as synthetic Kline generation and
volatility forecasting, significantly outperforming existing TSFMs and other baselines. These
results position Kronos as a robust and versatile foundation for a range of applications in
quantitative finance.
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